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Abstract

We introduce WonderVerse, a simple but effective
framework for generating extendable 3D scenes. Unlike
existing methods that rely on iterative depth estimation
and image inpainting, often leading to geometric distor-
tions and inconsistencies, WonderVerse leverages video
generative foundation models to create highly immer-
sive, geometrically coherent, extendable, and large-scale
3D environments. For enhanced scene completeness and
user-driven expansion, an LLM-driven extension mod-
ule enables semantic expansion and personalization of
3D scenes based on user intent. To bridge the video-
3D domain gap and enhance video geometric fidelity,
WonderVerse incorporates two key modules: a video ge-
ometric correction module, which filters geometrically
inconsistent abnormal videos by analyzing camera tra-
jectory smoothness, and a 3D geometric enhancement
module, which enforces depth and normal consistency
between the generated video and the reconstructed 3D
scene. Extensive experiments on 3D scene generation
demonstrate that our WonderVerse, with an elegant and
simple pipeline, delivers extendable and highly realistic
3D scenes, markedly outperforming existing works that
rely on more complex architectures. The code is avail-
able at https://github.com/FH2070/WonderVerse

Keywords: 3D Scene Generation, 3D Gaussian Splat-
ting, Extendable Scene, Abnormal sequence detection.

1. Introduction

3D scene generation is a fundamental task in the vision
community due to its wide-ranging applications in Virtual
Reality, Mixed Reality (VR/MR), robotics, self-driving ve-
hicles, and more. However, creating extendable and large-
scale 3D scenes poses significant challenges. First, there
is a lack of large-scale, high-quality datasets of 3D scenes.
Second, generating realistic and geometrically accurate 3D
scenes is inherently complex due to the unstructured nature
of 3D space and the need to capture intricate object rela-
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tionships and environmental context. Third, seamlessly ex-
tending 3D scenes while maintaining coherence remains a
significant challenge.

To generate extendable 3D scenes, recent studies [19,
11, 59, 58] leverage 2D image generative models for 3D
scene generation. These methods typically iteratively ex-
tend a given image to synthesize views from new camera
poses. Typically, they first estimate a depth map from the
input image, project it into 3D, and then use an image in-
painting model to extend the scene from novel viewpoints.
This iterative process builds and extends the 3D environ-
ment. However, the quality of scenes generated by these ap-
proaches remains limited. As shown in Figure 4, a primary
issue is geometric distortion, arising from the scale ambi-
guity of single-view depth estimation and the lack of con-
sistent camera parameters across iterations. Additionally,
error accumulation is a concern due to the iterative applica-
tion of depth estimation and inpainting during scene expan-
sion. Furthermore, seams and discontinuities can appear be-
tween regions generated in different iterations. Overall, the
iterative discrete-view-based generation pipeline inherently
results in unsatisfactory scene quality.

Going beyond existing works that rely on image gen-
eration techniques, we propose a simple yet effective ap-
proach to leverage the recent advancements of LLM and
video generative models [24, 8, 40, 60, 62, 53] to pro-
duce highly immersive and superior-quality 3D scenes with-
out dedicated 3D datasets. Importantly, our contribution
lies not in proposing new foundation models or reconstruc-
tion algorithms, but in demonstrating how recent video
generative priors can be reliably harnessed for extendable
3D scene generation. Compared to image-based iterative
pipelines, this design mitigates geometric distortion, error
accumulation, and seam artifacts during iterative expan-
sion.To achieve this, a natural initial thought is to combine
video generative models with 3DGS (3D Gaussian Splat-
ting) [23] for 3D scene generation. Nevertheless, this sim-
ple combination does not yield satisfactory results since the
video generative model cannot faithfully capture the 3D ge-
ometric rules of the real world. First, current video gener-
ative models often lack the precise controllability required
for directional extension in 3D space. Second, as indicated
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Figure 1: WonderVerse can create large-scale, coherent, extendable, and high-quality 3D scenes from a text. It also allows
users to interactively extend the 3D scene with text and can output the generated 3D scene with different representations,
including a point cloud and a mesh.

by existing works [32, 7], AI-generated videos can be ge-
ometrically inconsistent across frames; thus, the contradic-
tions among the frames can lead to the distortion of the cre-
ated 3D scenes. Moreover, the inherent dimensionality re-
duction of projecting a 3D scene onto a 2D video inevitably
leads to a loss of crucial 3D surface detail. This is because
subtle geometric variations, which are essential for accu-
rate 3D surface reconstruction, are often compressed or ob-
scured during the video capture process, ultimately result-
ing in surface degradation in generated videos and inferior
3D surface quality.

To address these issues, we present WonderVerse, a sim-
ple but effective extendable 3D scene generative model by
enhancing the geometric fidelity of video generative mod-
els. First, to make the generated scenes more complete,
vivid, and adaptable to diverse user needs, we introduce an
LLM-driven extension module. This component leverages
large language models to semantically interpret and expand
the generated 3D scenes, enabling the generation of richer
contextual elements beyond the originally captured con-
tent, empowers users to flexibly customize or extend scenes
based on high-level descriptions or creative intent, signifi-
cantly enhancing interactivity and scalability of the genera-
tion pipeline. Second, we present an abnormal sequence de-
tection module to filter out geometrically inconsistent gen-
erated videos. This design stems from our observation that
COLMAP camera pose estimation effectively flags the ge-
ometric issue: inconsistent videos produce erratic camera
poses and discontinuous trajectories. The module evaluates
the continuity of the estimated camera trajectory to enhance

video geometric coherence. Third, we introduce a 3D ge-
ometric enhancement module to provide explicit depth and
surface normal supervision during training. By enriching
the generated videos with depth and normal maps, we en-
courage the resulting 3D scenes to align with the videos, en-
forcing consistency in both RGB values and depth/normal
constraints. With consistent and geometrically enriched
video sequences, we reconstruct the 3D scene. Note that our
approach is compatible with various 3D reconstruction ap-
proaches for both efficient (DUSt3R [41]) and high-quality
(3DGS [23]) 3D scene generation.

As illustrated in Figure 1, our WonderVerse can create
an extendable and highly immersive 3D scene from a piece
of text. Furthermore, both qualitative and quantitative ex-
perimental results demonstrate that WonderVerse’s neat and
simple pipeline leads to state-of-the-art, extendable, and
highly realistic 3D scene generation. Our approach demon-
strates that sophisticated results can be attained through our
highly elegant design. Codes will be released upon publi-
cation.

In summary, the key contributions of WonderVerse are:

• We propose a simple yet effective approach to lever-
age video generative models for the extendable 3D
scene generation task, surpassing image-based itera-
tive pipelines.

• We design a LLM-driven extension module to extend
scenes based on high-level descriptions, significantly
enhancing interactivity and scalability of the genera-
tion pipeline.



• We present two novel modules to enhance the geomet-
ric fidelity of AI-generated videos: a geometric cor-
rection module with an abnormal sequence detection
module to ensure geometric consistency and a 3D geo-
metric enhancement module to improve the 3D surface
quality.

• WonderVerse achieves state-of-the-art extendable and
highly-realistic 3D scene generation through a highly
neat and simple pipeline, significantly outperforming
existing methods with far more complex architectures.

2. Related Works

In this section, we will briefly introduce the development
of video generation for 3D reconstruction, extendable 3D
scene generation, and normal-depth estimation. And we
also introduce novel view synthesis (NVS) in supplemen-
tary material.

2.1. Image and Video Generative Models for MVS and 3D
Reconstruction

Recent progress in foundation models for image [36] and
video [5] generation has driven the exploration of their use
in 3D reconstruction. Image generative models can be fine-
tuned with multi-view data for novel-view synthesis and 3D
reconstruction of objects [28, 30] and scenes [16, 46]. This
strategy has been extended to video foundation models, en-
abling video generation with controlled camera motion for
3D reconstruction [4, 40, 26, 39, 50, 17, 42]. Nevertheless,
these methods primarily target object-level or limited-scale
reconstruction and cannot directly adapt to our extendable
3D scene generation task. Our objective is to generate ex-
tendable 3D scenes, requiring models with the imaginative
ability to extend 3D scenes beyond the initial input.
2.2. Extendable 3D Scene Generation

Another branch of works explore extendable 3D scene
generation. Existing works like [48, 49, 61, 12, 27]
only focus on urban environments and cannot be gener-
alized to other scenes, restricting their semantic scope.
For unbounded nature scenes, methods like [10, 6] re-
quire multi-view data, while others [47, 29, 43] rely on
3D scene datasets. To avoid such data dependencies,
Text2Room [19], SceneScape [14], VividDream [25] Lu-
cidDreamer [11], WonderJourney [59], WonderWorld [58]
generate scenes iteratively with depth estimation and in-
painting. Among existing approaches, these methods are
the most relevant ones to our work. However, their iter-
ative pipelines inherently suffer from geometric distortion,
discontinuity, and error accumulation during scene expan-
sion, ultimately hampering scene quality and motivating our
WonderVerse framework. In this work, we seek to over-
come the above challenges and leverage video generative
models to generate more immersive and expandable scenes.

2.3. Normal and Depth Priors for 3D Generation

Recent work in monocular depth estimation [51, 52, 57,
20, 22, 9, 21] has shown that pre-trained models can reliably
predict depth priors from images or videos. Recently, the
integration of geometric priors, i.e., normal and depth, for
3D generation has emerged as an important strategy to alle-
viate the inherent ambiguities in reconstructing 3D struc-
tures. Existing methods [55, 2] focus on extracting sur-
face normals directly from images, providing complemen-
tary geometric details that improve downstream tasks such
as 3D reconstruction and scene understanding. In particu-
lar, [33, 15] aim to unify these approaches by jointly pre-
dicting depth and surface normals. Moreover, recent meth-
ods [30, 56] explicitly leverage depth and normal maps as
supervision signals during training, improving the fidelity
of generated 3D assets. While methods like [30, 56] achieve
impressive results in object-level 3D generation, they rely
on ground truth depth and normal maps, which are expen-
sive to obtain for 3D scenes. This problem hinders their
direct extension to scene generation. To address this limita-
tion, our approach leverages pre-trained models [52, 55] to
extract robust depth and normal priors, which serve as foun-
dational guidance for 3D scene generation while bypassing
the need for ground-truth annotations.

3. Methods

In this section, we will introduce our WonderVerse which
is illustrated in Figure 2. Given a text description as in-
put, WonderVerse first generates a video through the text-
guided video generation and extension module (Figure 2
(a)), which continuously presents the scene and extends it
to the left and right sides. To ensure the geometric con-
sistency of the video sequence, the Geometric Correction
module (Figure 2 (b)) estimates the camera pose sequence,
detects abnormal sequences by identifying pose discontinu-
ities, and regenerates them. Simultaneously, the Geomet-
ric Enhancement module (Figure 2 (c)) predicts depth maps
and normal maps for the video frames to provide important
geometric prior information. Finally, the 3D Scene Recon-
struction module (Figure 2 (d)) utilizes the geometrically
corrected and enhanced video sequences for 3D scene re-
construction, thereby building the complete scene.
3.1. Video Generation and LLM Driven Extension

Most existing works on extendable 3D scene generation
rely on iterative image generation. Such a design can hin-
der the quality of the generated results due to the significant
domain gap between images and 3D representations. In-
spired by the rapid development of video generative models
like [24], we reconsider the problem by leveraging the su-
perior generative capability of such models. Therefore, we
propose to address the extendable 3D scene generation task
through the lens of video generation.



Figure 2: Illustration of our WonderVerse. This framework includes: (a) a text-guided video generation and LLM driven
extension module that produces a video of a scene circularly in a continuous shot, followed by extensions in any direction;
(b) geometry correction module with abnormal detection, designed to maintain cross-frame 3D geometric coherence in
video sequences; (c) a geometric enhancement module that integrates pre-trained depth/normal prediction models to generate
depth/normal maps, establishing robust geometric priors and improving the subsequent 3D scene reconstruction; and (d) a
3D scene reconstruction module that processes generated video sequences alongside predicted depth/normal maps as input,
simultaneously producing both photorealistic renderings and geometrically consistent 3D reconstructions.

Given a text prompt P , we use text-guided video gen-
eration model [24] to obtain an initial video Vinit ∈
RT×H×W×3, where H and W denote the height and width
of each frame, respectively. T denotes the length of the
video and 3 denotes RGB channels. To extend the scene,
we further perform video-based scene extensions by extend-
ing the initial video. To maintain style consistency, we use
the first frame V t=1

init and the last frame V t=T
init of the initial

video as references and generate new videos to extend the
scene in any direction. Here we use the left and right exten-
sions as an example. We generate two new videos V left

extend ∈
RT ′×H×W×3 and V right

extend ∈ RT ′×H×W×3. Then, we
combine them into an extended video {V left

extend, Vinit, V
right

extend}
with length T + 2T ′. The video extension can be ap-
plied repeatedly n times, taking Vinput as the initial video
for the next iteration, further enriching the scene and
yielding Vinput = {V leftn

extend, ..., Vinit, ..., V
rightn−1

extend , V
rightn

extend } =
{V1, V2, ..., V2n+1}. Figure 2 (a) illustrates two iterations
of video extension. To achieve reasonable and natural scene
expansion, we propose an LLM-driven extension module
that generates relative camera trajectories based on user-
provided prompts. Specifically, given a textual scene de-
scription, the module predicts plausible camera motions to
explore newly imagined or extended areas of the scene. Fur-
thermore, our system supports iterative language-based in-

teraction, allowing users to progressively expand the scene
by issuing high-level natural language commands. In each
iteration, the LLM generates a new camera trajectory seg-
ment conditioned on both the current scene context and the
user’s intent, enabling flexible and controllable scene ex-
pansion. More details can be found in Experiments Sec-
tion 4.

Despite the high quality of AI-generated videos, geomet-
ric inconsistencies across frames can still occur, which sig-
nificantly degrades downstream 3D reconstruction.We em-
pirically observe a strong correlation between visually evi-
dent geometric failures and discontinuous camera trajecto-
ries estimated by Structure-from-Motion (SfM). Motivated
by this observation, we introduce an abnormal sequence de-
tection module that acts as a lightweight sampling/filtration
mechanism (rather than a theoretical guarantee of geometric
correctness) to discard clearly degenerate video segments
before reconstruction.

First, we perform camera pose estimation for each
frame in the generated videos {V1, V2, ..., V2n+1} using
COLMAP (SfM), producing an estimated camera trajectory
per video segment.Second, we detect abnormal sequences
by checking trajectory discontinuities: a frame is marked as
discontinuous if its translation jump exceeds T1 or its rota-
tion change exceeds T2 (relative to the previous frame). If



any discontinuity is detected, the corresponding video seg-
ment is treated as abnormal. Finally, we perform geometric
correction via full-segment regeneration: once an abnormal
segment is detected, we regenerate the entire video segment
(instead of locally repairing a few frames or partially patch-
ing trajectories). Each regeneration is sampled indepen-
dently with a new random seed, which avoids local patching
artifacts and prevents error accumulation across retries.

In practice, this simple strategy is effective and does not
lead to excessive retry loops: as reported in Sec. 3.2, the av-
erage number of additional trials is only 0.25. We also note
a limitation: SfM-based pose estimation can miss subtle
geometric warping or occasionally produce false positives;
therefore, our module is not intended to “fix” the video gen-
erator, but to reliably filter out failure cases that would in-
evitably break the 3D reconstruction stage. An algorithm
outlining the process is provided in the supplemental mate-
rial.
3.2. Geometric Enhancement with Depth and Normal Pri-

ors

While reducing the 2D-to-3D domain gap compared to
static images, videos still lack essential 3D geometric in-
formation like depth and surface normals. To address this
issue, we introduce a video geometric enrichment mod-
ule that predicts depth and normals from video frames to
guide 3D reconstruction training. We utilize Depth Any-
thing V2 [52] for accurate monocular depth estimation,
since it is effective even in challenging scenes and offers
strong geometric cues. Besides, to improve 3D detail and
surface refinement, we apply the Dense Prediction Trans-
former (DPT) [34] with a hybrid backbone to predict per-
frame surface normals, yielding smooth and consistent nor-
mals. These predicted depths and normals serve as explicit
geometric supervision, encouraging geometrically consis-
tent 3D scene reconstruction and enhancing surface quality
and detail.
3.3. Geometric-Aware 3D Scene Reconstruction

With the geometrically validated and enhanced video
sequences and their camera poses, we then optimize a
3DGS [23] representation of the scene. Please refer to the
supplementary material for preliminaries of 3DGS.

Depth from 3DGS To incorporate the geometric-aware
optimization, we estimate per-pixel depth rendered using
the discrete volume rendering approximation, similar to
color rendering of 3DGS:

D̂ =
∑
i∈N

diαi

i−1∏
j=1

(1− αj), (1)

where di is the ith Gaussian depth coordinate in view space
and α is opacity. To resolve scale ambiguity in monocu-
lar depth estimation, we align its scale with that of the 3D

Gaussian Splatting (3DGS) depth, as computed by Equa-
tion 1. This alignment is achieved by solving for a per-
image scale a and shift b using linear regression:

â, b̂ = argmina,b

∑
ij

∥(aD̂ij + b)−Dij∥22, (2)

where D̂ij and Dij denote corresponding per-pixel depth
values from 3DGS and monocular depth estimation.

Surface Normal from 3DGS For surface normal estima-
tion, the minimal axis of each Gaussian serves as an approx-
imation of the normal direction, which can be formulated
as:

n̂i = normalize(argmin(si1, si2, si3)), (3)

where sij indicates the scale in the j direction of Gaussian
i.

Normals are then transformed into camera space using
the current camera transform and alpha composited accord-
ing to the rendering equation to provide a per-pixel normal
estimate:

N̂ =
∑
i∈N

n̂iαi

i−1∏
j=1

(1− αj). (4)

Optimization The optimization process is guided by a
composite loss function that combines photometric and ge-
ometric cues. We adopt the original photometric loss [23],
which minimizes the difference between the rendered color
and the ground truth color of training images. In addition,
we regularize the optimization process using the depth maps
and surface normals obtained from the geometry enhance-
ment module. The overall loss function is:

L = LĈ + λdLD̂ + λnLN̂ , (5)

where λd and λn are weighting factors to balance the con-
tribution of each term.

To leverage the estimated depth, we minimize a depth
loss term:

LD̂ =
1

|D̂|

∑
log(1 + ||D̂ −D||1), (6)

where D̂ represents the rendered depth from the 3D Gaus-
sians, and |D̂| indicates the total number of pixels in D̂. We
found the logarithmic variant of the depth loss yields better
results than linear or quadratic penalties, following [38].

We further incorporate a normal consistency term, mini-
mizing the following loss function:

LN̂ =
1

|N̂ |

∑
||N̂ −N ||1 +λs

∑
i,j

(|∇iN̂i,j |+ |∇jN̂i,j |),

(7)



where N̂ represents the rendered surface normal and λs is a
loss weight. The first term promotes alignment between the
rendered and estimated normals, while the second enforces
smoothness within the rendered normal field.

Compatibility on different 3D reconstruction methods
By optimizing the 3D Gaussians with both RGB, depth, and
normal cues, WonderVerse achieves high-fidelity 3D scene
reconstruction that is both photorealistic and geometrically
accurate.

In contrast to prior works that rely on point clouds [59,
19, 11] or less common data formats such as layered im-
ages [58] as intermediate representations, WonderVerse di-
rectly generates images and corresponding camera poses.
This design significantly enhances compatibility, allowing
us to leverage well-established 3D reconstruction methods
that natively accept image and pose inputs, such as the re-
cent DUSt3R [41]. This streamlined approach enables ef-
ficient 3D scene generation, with the potential for further
improvements as reconstruction techniques advance.

4. Experiments

4.1. Experimental Settings

Implementation Details Starting with a text prompt,
WonderVerse generates an initial video and then extension
videos. Taking the left and right extension as an example,
the first and the last frames, along with a text prompt for
each, are fed into the video generative model to create two
extended videos, repeating this process twice. We set hyper-
parameters T1 and T2 as 5 and 0.5 through cross validation.
Each text prompt starts with the template: “aerial shot, soft
lighting, around left [or right], realistic, high-quality, dis-
playing [scene description].” For initial scene generation,
we used the Hunyuan video model [24], and for extensions,
we adopted Gen-3 Alpha [37] due to its superior camera
control capability. For the LLM-driven extension module,
we employed GPT-4o mini [1] to generate camera trajec-
tories conditioned on user-defined scene descriptions. The
prompt used is as follows:“Provide the direction and angle
of camera pose changes based on the given scene descrip-
tion given by the user. The answer only includes the cor-
responding angles of up, down, left, right, and the distance
of forward and backward movement of four times extend,
and it is required that the perspective expansion cannot be
repeated. Just give the four answers, format of each answer
is: up or down X , left or right X , forward or back X . (X is
the angle or distance). If the extension prompt is given, just
give one answer. ”
Evaluation metrics Following recent work [58], we eval-
uate our scenes using CLIP-Score (CLIP-S) [18], Q-
Align [45], and NIQE [31]. CLIP-S measures text-image
alignment by comparing CLIP feature embeddings. Q-

Align, trained with human scoring patterns and instruc-
tion tuning, assesses the human-aligned generation qual-
ity. NIQE, a reference-free image quality metric, evaluates
quality degradation by comparing spatial features to a pris-
tine natural image model.

4.2. Our Results of Extendable 3D Scenes

In Figure 3, we present compelling examples of extend-
able indoor and outdoor 3D scenes generated by Wonder-
Verse. Figure 3 (a, b) illustrate the remarkable realism and
rich detail achieved in our created scenes, with flawless ge-
ometric integrity. Also, the scenes faithfully reflect the text
description. This shows the strength of WonderVerse in
making highly immersive and extendable 3D scenes. Be-
sides, we also demonstrate that users can generate extend-
able 3D scenes iteratively using customized prompts in sup-
plementary material, highlighting the user-controllability of
WonderVerse.

Please also refer to the supplementary material for addi-
tional generative results across diverse scenes and styles of
WonderVerse.

4.3. Comparison with Existing Works

Baseline Approaches We compare our Wonder-
Verse with recent works WonderWorld [58] and Lucid-
Dreamer [11] both qualitatively and quantitatively. Since
these two baselines need an image as input while our
method only needs a text prompt as input, for a fair com-
parison, we take a random frame of our generated video
and feed it into their models for 3D scene generation. Note
that WonderWorld [58]’s layered image representation, in-
cluding a sky layer, makes it less suited for indoor scene
generation. Consequently, our primary comparative analy-
sis focuses on outdoor scenes.

Our comparison focuses on extendable 3D scene gen-
eration pipelines that share the same task setting of iter-
ative scene expansion (e.g., LucidDreamer [11] and Won-
derWorld [58]). Existing methods in this category are pre-
dominantly image-driven and rely on iterative image in-
painting, making them the most relevant baselines under
the same problem formulation. In contrast, video-based ap-
proaches (e.g., CameraCtrl [17], SV4D [50], GEN3C [35],
GeoVideo [3]) mainly target controlled camera motion or
bounded video-to-3D reconstruction along a fixed trajec-
tory. WonderVerse addresses a different setting: text-driven
and extendable scene generation beyond the original video
span; therefore these methods are largely orthogonal to our
objective and do not directly support extendable/interactive
scene generation.

Qualitative Comparison Figure 4 visually demon-
strates WonderVerse’s clear superiority over existing meth-
ods. As shown in Fig 4 (a), LucidDreamer’s generated
scene is obscured by odd frame-like artifacts, and lacks de-



(a) A quiet workshop filled with tools neatly hung on the walls, a sturdy workbench 
ready for projects, and shelves stocked with materials, 

all waiting for creative inspiration.

(b) A charming town square surrounded by quaint, colorful buildings with wrought-iron 
balconies; a cobblestone path leads to a central fountain, its water still and reflecting 

the blue sky, while flower boxes add bursts of color to the scene.

Figure 3: WonderVerse generates large-scale, extendable, coherent, and high-fidelity 3D scenes, both indoors and outdoors.
Dashed lines show the camera’s direction during scene extension.

(d) WonderVerse (ours)(a) LucidDreamer (b) Text2Room (c) WonderWorld

(d) WonderVerse (ours)

(a) LucidDreamer (b) Text2Room

(c) WonderWorld(a) LucidDreamer (b) Text2Room

Figure 4: Qualitative comparison with existing works. Text prompt: A small house decorated for Christmas. We can see
that LucidDreamer cannot generate a natural scene. Text2Room and WonderWorld suffer from geometric discontinuities,
which lead to fragmented scenes and visually inconsistent outputs. In contrast, our WonderVerse can generate high-quality,
geometric continuities and natural scenes.

Reconstructed mesh Normal map Reconstructed mesh Normal map

(a)  W/o normal & depth (b) W normal & depth (c) W/o normal & depth (d) W normal & depth
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Figure 5: Ablation studies on our geometry enhancement module.

tail. WonderWorld (Figure 4 (b, c)) suffers from geomet-
ric discontinuities, as indicated by the visibly stitched and
unnatural scene. In contrast, WonderVerse (Figure 4 (d))
produces a satisfactory and geometrically sound 3D scene.
The geometric integrity is maintained seamlessly across the
scene, addressing the limitations apparent in both Lucid-
Dreamer’s quality and WonderWorld’s geometric consis-
tency. Please refer to the supplementary material for ad-
ditional comparison results with existing works.

Quantitative Comparison. We quantitatively compare
WonderVerse to prior works LucidDreamer [11] and Won-
derWorld [58], with results shown in Table 1 for both out-
door and indoor scenes. Our method demonstrates state-of-
the-art scene generation, outperforming existing methods in
semantic alignment, structural consistency, and perceptual
quality. Notably, for outdoor scenes, WonderVerse achieves
the best CLIP-S score (0.9219), indicating superior seman-
tic alignment, along with SOTA Q-align and NIQE scores,



demonstrating high generation quality. Similarly, for indoor
scenes, WonderVerse significantly surpasses LucidDreamer
across all metrics, achieving a new SOTA CLIP-S score of
0.9639, again affirming excellent text-scene semantic align-
ment and high-quality 3D indoor scene generation. Note
that WonderWorld cannot generate indoor scenes due to its
sky layer, so we do not compare with it in the indoor setting.

Table 1: Evaluation on novel view renderings.

Scene Type Method Reference CLIP-S (↑) Q-align (↑) NIQE (↑)

Outdoor
LucidDreamer arXiv24 0.4200 2.6704 0.7786
WonderWorld CVPR25 0.7817 2.8302 0.7127
WonderVerse (ours) - 0.9219 3.2229 0.7806

Indoor
LucidDreamer arXiv24 0.4633 3.9870 0.6655
WonderVerse (ours) - 0.9639 4.2680 0.7119

(a) (b)

Figure 6: Ablation study on our abnormal sequence detec-
tion module. (a) W/o abnormal sequence detection; (b) W
abnormal sequence detection

4.4. Ablation Studies

In this section, we examine our key modules, including
abnormal sequence detection and geometric enhancement.
In the supplementary material, we also examine scene ex-
tension module and compare different 3D representation
methods 3DGS [23] and DUSt3R [41] to demonstrate the
compatibility of our approach.

4.4.1 Abnormal Sequence Detection

In this section, we study the effectiveness of our abnormal
sequence detection. As illustrated in Figure 6, without our
detection algorithm, noticeable artifacts degrade the gener-
ated 3D scene due to the geometric inconsistency of the gen-
erated video. In contrast, when abnormal sequences are de-
tected and addressed, the generative quality is much higher.
The improvement is further demonstrated by quantitative
evaluations, please refer to the supplementary material for
more details.

4.4.2 Geometric Enhancement

As illustrated in Figure 5, we present 3D mesh reconstruc-
tions with and without the geometry enhancement module.

Without depth and normal regularization, the tower exhibits
considerable surface distortion, and the bowl displays no-
ticeable artifacts. Conversely, incorporating geometric pri-
ors significantly improves surface quality; for instance, the
tower’s intricate details are faithfully generated, and the
glass bowl’s surface is much smoother. The normal maps
further demonstrate that the geometry enhancement module
enables a cleaner 3D surface and creates complex geometric
details.

5. Limitations and Future Work

Our WonderVerse framework, while effective, has cer-
tain limitations. First, The quality of our simulated 3D en-
vironments is inherently limited by existing video genera-
tion models. Second, our abnormal sequence detection is
a heuristic filtering mechanism based on SfM (COLMAP)
pose smoothness. It can miss subtle geometric warping or
trigger false positives under challenging conditions (e.g.,
repetitive textures or weak features). Finally, our model
mainly focuses on static 3D scene generation due to the
use of 3DGS and DUSt3R for reconstruction. To overcome
this, an exciting avenue for future research is to combine
with recent advancements in dynamic scene representation
[13, 54, 44] to pave the way for generating dynamic and
animated 3D environments. We also provide representative
failure cases and analysis in the supplementary material.

6. Conclusion

In this paper, we introduce WonderVerse, a simple yet
effective framework for 3D scene generation. Unlike previ-
ous methods that rely on image-based generation schemes,
we leverage the world-level priors embedded within video
generative models to improve the generation quality. Our
contribution lies in demonstrating how recent video gen-
erative priors can be reliably harnessed for extendable 3D
scene generation, a setting where existing methods strug-
gle. Our work bridges video generation and usable 3D
scene reconstruction, enabling extenable scene generation.
In particular, prior extendable scene generation pipelines
are predominantly image-based and often suffer from ge-
ometric distortion, error accumulation, and seam artifacts
during iterative expansion. Equipped with a video geo-
metric correction module that detects abnormal videos due
to extreme camera pose changes and a 3D geometric en-
hancement module that ensures depth and normal consis-
tency, WonderVerse can generate extendable and highly re-
alistic 3D scenes, markedly outperforming existing works
with more complex architectures. Please refer to the sup-
plementary material for discussions of limitations.
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