
SceneGenesis: 3D Scene Synthesis via Semantic Structural Priors and
Mesh-Guided Video-Geometry Fusion
Yueming Zhao1, Hongyu Yang2,3,4,* , Di Huang1

1School of Computer Science and Engineering, Beihang University, Beijing, China
2School of Artificial Intelligence, Beihang University, Beijing, China

3State Key Laboratory of Virtual Reality Technology and Systems, Beihang University, Beijing, China
4Shanghai Artificial Intelligence Laboratory, Shanghai, China

{zhaoyueming, hongyuyang, dhuang}@buaa.edu.cn

Abstract

Generating high-quality, controllable, and structurally con-
sistent 3D scenes in complex multi-object environments re-
mains a fundamental challenge. We present SceneGenesis, a
unified framework that synthesizes 3D scenes by combining
semantic structural priors with mesh-guided video–geometry
fusion. SceneGenesis first employs large language models
to convert textual descriptions into category-aware object
specifications, which are transformed into structured meshes
using procedural approximations and pretrained asset gen-
erators, enabling precise layout control and scalable scene
construction. To obtain rich and style-controllable appear-
ances, SceneGenesis generates multi-view video representa-
tions conditioned on the initialized structure. A mesh-guided
video–geometry fusion module then consolidates video ev-
idence with mesh priors through mesh-conditioned frag-
ment initialization, progressive geometric refinement, and
structure-aware optimization, substantially improving global
geometric fidelity and visual realism. Experiments demon-
strate that SceneGenesis supports flexible style variation and
object-level editing while achieving strong controllability,
scalability, and structural quality.

Introduction
Large-scale 3D scene generation is a fundamental capabil-
ity for virtual environments, simulation, robotics, and au-
tonomous driving. Real-world applications demand diverse
and semantically structured scenes with controllable lay-
outs, scalable content generation, and consistent 3D geome-
try. However, achieving these goals simultaneously remains
a long-standing challenge.

Current methods can be broadly categorized into three
paradigms. Rule-based approaches (Feng et al. 2023; Hu
et al. 2024; Li et al. 2024) leverage procedural modeling
to generate structured layouts efficiently. These methods ex-
cel at ensuring geometric regularity and semantic plausibil-
ity but suffer from limited realism and diversity due to re-
liance on rigid templates and fixed asset libraries (Bucher
and Armeni 2025). Neural 3D generation methods (Zhang
et al. 2024; Yang et al. 2024b) synthesize objects or scenes
directly from data, enabling high visual fidelity. However,
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their reliance on complex training pipelines (Zhou et al.
2024b) and dense supervision hampers scalability and in-
terpretability in large-scale, multi-object scenes (Lu et al.
2024). Image- and video-driven methods (Yang et al. 2024a;
Engstler et al. 2025; Yan et al. 2025) enhance scalability and
reduce 3D annotation costs by generating scenes from 2D
views, but the absence of strong geometric priors leads to in-
consistent structures and weak semantic control (Gao et al.
2024; Yu et al. 2024; Chung et al. 2023).

To address these limitations, we propose SceneGene-
sis, a unified framework that systematically incorporates se-
mantic structural priors into every stage of the generation
pipeline, from initialization to synthesis to reconstruction.
Our key insight is to maintain explicit object-level structure
via mesh representations throughout the process, enabling
fine-grained controllability, scalable content generation, and
faithful 3D geometry.

We begin with a semantic structural initialization mod-
ule that converts a 3D layout and style prompt into struc-
tured meshes. A large language model parses the layout
into object-level descriptions, which are instantiated using
a category-aware strategy: fine-grained objects e.g., vehi-
cles, furniture) are generated via pretrained mesh models ,
while large-scale elements (e.g., buildings, terrain) are ap-
proximated procedurally. This produces semantically coher-
ent and spatially organized scenes.

Next, the geometry-conditioned video synthesis mod-
ule renders multi-view semantic and depth maps from the
mesh, which are used to guide a pretrained video diffusion
model. A consistency-guided latent fusion strategy further
enhances temporal coherence in long sequences by adap-
tively blending overlapping content across views. The core
contribution of our method lies in the mesh-guided video-
geometry fusion module, which reconstructs a coherent 3D
scene by aligning mesh anchors with multi-view video out-
puts. This is achieved through three complementary steps:
fragment initialization aligns noisy depth clouds derived
from videos to mesh structure; progressive refinement up-
dates 3D Gaussians using mesh-conditioned features via
cross-attention and residual MLPs to jointly refine geome-
try and texture; and structure-aware optimization enforces
global geometric and photometric consistency.

Beyond high-quality reconstruction, our framework sup-
ports prompt-driven style variation and object-level editing
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Figure 1: Scene-level results of SceneGenesis. From a 3D layout and a style prompt, our framework synthesizes structured
mesh-based scenes and reconstructs coherent 3D representations via mesh-guided video-geometry fusion. Shown are multi-
view renderings (center), global style variations (left), and object-level editing (right), highlighting controllability, scalability,
and 3D structural consistency.

such as insertion and replacement (see Fig. 1). These capa-
bilities highlight the controllability and structural awareness
of our approach. Our contributions include:

• We propose SceneGenesis, a unified 3D scene genera-
tion framework that integrates semantic structural pri-
ors throughout the pipeline, achieving controllable lay-
outs, consistent synthesis, and high-quality reconstruc-
tion with object-level editing and style variation.

• We develop a geometry-conditioned video synthesis
module that combines fine-grained mesh priors and a
consistency-guided latent fusion strategy for scalable,
temporally consistent video generation.

• We introduce a mesh-guided video-geometry fusion
module that fuses mesh constraints and multi-view video
cues through fragment initialization, progressive refine-
ment, and structure-aware optimization, enabling accu-
rate, high-fidelity 3D scene reconstruction.

Related work
3D Representations
Scene representation is fundamental for 3D understand-
ing and content generation. Explicit formats such as point
clouds (Aliev et al. 2020) and meshes (Gkioxari, Malik,
and Johnson 2019) are widely used for their interpretabil-
ity and semantic compatibility; meshes in particular support
category-aware modeling and direct spatial editing. How-
ever, their discrete nature limits fine-grained detail recovery
in large, complex scenes and reduces sensitivity to 2D super-
vision. Implicit neural representations, such as Neural Radi-
ance Fields (NeRF) (Mildenhall et al. 2020), enable high-
fidelity rendering from sparse views but incur high compu-
tational cost and are unsuitable for real-time applications.
More recently, 3D Gaussian Splatting (3DGS) (Kerbl et al.
2023) provides an efficient alternative with a good trade-off
between visual quality and rendering speed (Huang et al.
2024). Yet, most existing representations lack strong struc-
tural controllability and are hard to integrate into multi-stage
generation pipelines. In contrast, our framework leverages a
structured mesh representation to enforce semantic consis-
tency and spatially aligned editing, while remaining com-
patible with fast 3DGS rendering.

3D Scene Generation
Early 3D scene generation methods (Merrell, Schkufza, and
Koltun 2010; Zhang et al. 2021) rely on procedural model-
ing with manually defined rules and parametric templates.
While efficient and structurally regular, these approaches
lack realism and adaptability due to rigid templates and lim-
ited asset diversity. Recent efforts incorporate large language
models (Zhou et al. 2024a; Zhang et al. 2025) to improve
semantic controllability, yet still depend on fixed rule en-
gines and constrained object libraries, limiting their appli-
cability to complex, open-world scenarios. Neural genera-
tive methods synthesize 3D scenes directly from data using
representations such as voxels (Li et al. 2025), NeRF (Lu
et al. 2024), and 3DGS (Zhou et al. 2024b). These ap-
proaches offer high visual fidelity and realism when trained
on structured inputs like scene graphs or multi-view images.
However, their heavy computation, poor scalability to multi-
object environments, and weak controllability remain chal-
lenges (Lu et al. 2024; Zhou et al. 2024b). To enhance scala-
bility and reduce annotation costs, image- and video-driven
methods have emerged. Image-based approaches (Yu et al.
2024; Shriram et al. 2024) enable multi-view synthesis via
iterative generation, but lack explicit geometric priors, lead-
ing to limited structural coherence and semantic alignment.
Video-driven methods (Gao et al. 2024; Yan et al. 2025; Wen
et al. 2024) leverage temporal continuity and generative dif-
fusion models to produce stylistically diverse sequences, yet
often suffer from geometric inconsistency, weak object-level
control, and reliance on extensive pretraining or fine-tuning.

To address these limitations, our method introduces a uni-
fied mesh-guided framework that integrates semantic struc-
ture across multiple stages, enabling controllable, scalable,
and structurally consistent 3D scene generation.

Method
We introduce SceneGenesis, a unified framework for large-
scale 3D scene generation that systematically integrates
mesh-based structural priors across all stages of the pipeline
(Figure 2). Unlike prior work that treats structure and ap-
pearance as separate stages or lacks geometric control, our
framework tightly couples their modeling. The pipeline
comprises three key modules: (1) a Semantic Structural
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Figure 2: Overview of the SceneGenesis framework. Our method comprises three stages: (1) Semantic Structural Initial-
ization, which parses a semantic layout and style prompt into object-level descriptions, then generates structured meshes via a
category-aware strategy; (2) Geometry-Conditioned Video Synthesis, where rendered depth and semantic maps guide a pre-
trained video diffusion model to synthesize multi-view, style-controllable sequences; and (3) Mesh-Guided Video-Geometry
Fusion, which aligns video-derived geometry with mesh priors through fragment initialization, cross-attentive refinement, and
structure-aware optimization, enabling high-fidelity 3D reconstruction with both geometric accuracy and appearance realism.

Initialization module that transforms a 3D semantic layout
and style prompt into a structured mesh scene, leveraging a
category-aware modeling strategy to instantiate fine-grained
assets and procedural structures based on object semantics;
(2) a Geometry-Conditioned Video Synthesis module that
renders semantic and depth maps from the mesh and condi-
tions a pretrained video diffusion model to synthesize multi-
view, style-consistent sequences without additional train-
ing; (3) a Mesh-Guided Video-Geometry Fusion module
that reconstructs a coherent 3D Gaussian scene by aligning
video-derived geometry with mesh priors via fragment ini-
tialization, progressive refinement, and structure-aware op-
timization.

Semantic Structural Initialization
We begin with a controllable semantic–structural initializa-
tion module that constructs semantically organized and spa-
tially coherent 3D scenes, forming the foundation of our
pipeline. Given a 3D semantic layout and a global style
prompt, the module generates a mesh-based scene with
object-level controllability and consistent stylistic structure.
By adopting a category-aware modeling strategy, it yields
high-quality object meshes and coherent overall layouts,
providing strong structural priors for downstream video syn-
thesis and 3D reconstruction.

Semantic Layout and Style Conditioning. The input to
the initialization module consists of a semantic layout and
a style prompt. The semantic layout is defined as a set of
object-level parameters:

L = {(ci,pi, si)}Ni=1, (1)

where ci, pi, and si denote the object category, 3D position,
and scale, respectively. A global style prompt S (e.g., ur-
ban, pastoral, snowy) defines the overall visual theme of the
scene.

To enrich object semantics, we leverage a pretrained large
language model (LLM) (Achiam et al. 2023) to generate
fine-grained natural language descriptions for each object:

di = LLM(ci,pi, si, S), (2)

where a natural language description di captures shape,
material, color, function, and contextual cues. These de-
scriptions serve as object-specific prompts for downstream
3D mesh modeling, enabling both semantic alignment and
stylistic consistency at the object level.

Category-Aware Mesh Generation Strategy. To gener-
ate a scene that is both detailed and scalable, we introduce
a category-aware modeling strategy that differentiates be-
tween fine-scale and structural elements.

For small and detail-rich objects (e.g., vehicles, street
lamps, furniture), we adopt a conditional feedforward gen-
erator to produce high-fidelity meshes. Specifically, we use
TRELLIS (Xiang et al. 2025) as the mesh generator, which
employs a structured latent representation combining sparse
3D grids and multiview visual features to decode into high-
quality meshes with fine structural and appearance fidelity:

Mi = GFF(di), (3)

where GFF indicates the generator, which directly maps each
semantic description di to a high-resolution 3D mesh Mi.

For large-scale structural elements (e.g., buildings, ter-
rain, vegetation), we apply procedural modeling to ensure
regularity and spatial efficiency:

Bi = Ggeo(ci,pi, si), (4)

where Ggeo derives basic geometric primitives from KITTI-
360 bounding boxes, using object categories to parameterize
coarse shapes via representative points and surfaces, yield-
ing structurally plausible and semantically aligned approxi-
mations Bi.
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Finally, all generated components are spatially assembled
to form the initial scene:

Sinit =

N⋃
i=1

T (Mi ∪ Bi;pi, si), (5)

where T (·) applies spatial transformations based on object
position pi and scale si.

This structured mesh-based initialization ensures layout-
level controllability, stylistic coherence, and scalability, lay-
ing a geometry-aware foundation for subsequent video syn-
thesis and 3D reconstruction.

Geometry-Conditioned Video Synthesis
We develop a geometry-conditioned video synthesis module
that generates photorealistic and spatially consistent scene
videos under explicit mesh guidance. By conditioning a pre-
trained video diffusion model on rendered depth and se-
mantic maps from the initialized mesh, this module en-
ables geometry-aware, scalable video generation without ad-
ditional training.

Structure-Aware Video Generation. To synthesize spa-
tially aligned and stylistically coherent videos, we build
upon Cosmos-Transfer (Alhaija et al. 2025), a pretrained
diffusion model designed for generic video generation.
Cosmos-Transfer adopts a Transformer-based denoising ar-
chitecture and supports flexible conditioning at inference.

Given the initialized mesh scene Sinit, we render depth
and semantic maps under specified camera views t (intrin-
sics and extrinsics) for each frame:

Dt, St = R(Sinit, t), (6)

where R(·) denotes the rendering operation. These maps
encode explicit structural and semantic information of the
scene. The rendered maps are encoded into a conditioning
token ct:

ct = Encode(Dt, St), (7)
which is injected into the latent denoising process of
Cosmos-Transfer via:

z′t = T (zt, ct), (8)

where zt denotes the noisy latent and T (·) represents the
conditional fusion operator. This structure-aware condition-
ing ensures that the generated video respects the geometric
layout and semantic attributes specified by the mesh while
maintaining the style prompt.

Consistency-Guided Latent Fusion. Despite structural
conditioning, frame-wise video generation with sliding win-
dows may still introduce local flickering or style drift, espe-
cially at overlapping segments. To address this, we propose
a consistency-guided latent fusion strategy that adaptively
merges latent features based on temporal coherence, thereby
ensuring smooth transitions and globally consistent appear-
ance across long sequences.

Given n overlapping frames between the k-th and k+1-th
sliding window, with latent codes z(k)i , i = 1, ..., n and ztarget
denotes the latent code of the target frame in overlapping
region, we compute similarity-based attention weights:

αi =
exp(−λ∥z(k)i − ztarget∥)∑n
j=1 exp(−λ∥z(k)j − ztarget∥)

, (9)
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Figure 3: Mesh-Guided Progressive Refinement. Given
initial 3D Gaussians and mesh priors, we extract mesh fea-
tures using a VQ-encoder and fuse them with Gaussian point
positions via a cross-attention mechanism. The fused fea-
tures are processed by multi-branch MLPs to predict residu-
als for color, scale, and opacity.

and obtain the fused latent representation:

zfused =

n∑
i=1

αi · z(k)i , (10)

where λ controls the sharpness of the similarity weighting.
Higher weights are assigned to latents that are more tempo-
rally consistent with the reference, while inconsistent latents
are downweighted. This inference-time mechanism requires
no retraining or architectural modification of the pretrained
video diffusion model. By integrating this fusion step, we
significantly reduce visual artifacts at segment boundaries
and enhance both the spatial coherence and stylistic conti-
nuity of long-range video generation.

Mesh-Guided Video-Geometry Fusion
We introduce a mesh-guided video-geometry fusion mod-
ule that extends VideoLifter (Cong et al. 2025) by explicitly
incorporating mesh priors into reconstruction. Unlike Vide-
oLifter, which relies primarily on photometric cues from
video frames, our approach integrates mesh information at
three levels: (1) mesh-conditioned fragment initialization
that anchors depth fragments to semantic surfaces; (2) re-
finement with VQ-encoded mesh features fused into Gaus-
sian attributes via cross-attention; and (3) a structure-aware
optimization that regularizes Gaussians toward mesh geom-
etry. This enhances geometric guidance and yields more sta-
ble and consistent 3D reconstructions.

Mesh-Conditioned Fragment Initialization. We first
generate an initial 3D Gaussian representation by aligning
depth-derived point clouds with the coarse mesh structure.
For each frame i, a camera-space point cloud Xcam

i ∈ RNi×3

is derived from its depth map and transformed into the global
coordinate system Xworld

i using camera extrinsics. To en-
force spatial alignment, we uniformly sample semantic an-
chor points Xsemantic ∈ RNs×3 from the surface of the ini-
tialized mesh. We then filter Xworld

i by retaining only points
within a fixed distance ϵ from the mesh surface:

Xclip
i =

{
xk ∈ Xworld

i

∣∣∣∣ min
y∈Xsemantic

∥xk − y∥2 < ϵ

}
. (11)
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This produces mesh-aligned 3D fragments Xclip
i that serve

as robust initialization for the subsequent Gaussian represen-
tation. Unlike prior methods that rely on learned filtering or
heuristics, our initialization directly anchors reconstruction
to structured geometry.

Mesh-Conditioned Progressive Refinement. To en-
hance fidelity and coherence, we propose a progressive re-
finement that injects mesh-derived spatial priors into the
optimization of 3D Gaussian parameters via multi-branch
residual MLPs as Figure 3. Specifically, given the mesh Mi
of a video fragment, we extract structured spatial features
using the VQ-encoder fmesh, capturing rich spatial context:

Φi = fmesh(Mi) ∈ RH×W×D. (12)

At the n-th refinement step, the current state of a Gaussian
point is:

g(n)
m = (pm, cm, sm, αm), (13)

where pm, cm, sm, and αm denote the position, color, scale,
and opacity, respectively. We use pm to construct a Gaussian
query vector q

(n)
m , which is fused with mesh features via

cross-attention:

z(n)
m = CrossAttn(q(n)

m ,Φi). (14)

To improve specialization and representation power, we de-
sign three independent MLP branches to predict residuals
for color, scale, and opacity:

∆cm,∆sm,∆αm = MLP(z(n)
m ) (15)

The Gaussian point attributes are updated as follows:

c(n+1)
m = c(n)

m +∆cm,

s(n+1)
m = s(n)

m · exp(∆sm),

α(n+1)
m = α(n)

m +∆αm.

(16)

This multi-stage refinement progressively enhances geo-
metric detail and appearance realism while preserving the
mesh-constrained structural layout. Detailed hyperparame-
ter settings for the refinement module are provided in the
appendix.

Structure-Aware Optimization. To further enforce geo-
metric alignment and appearance consistency, we design a
joint optimization objective that includes both structural and
photometric terms.

Global Shape Consistency. We encourage the learned
Gaussian distribution G to adhere to the mesh geometry
by minimizing the distance to sampled mesh surface points
Xmesh, where gk denotes the 3D position of the k-th Gaus-
sian center:

Lshape =
1

|G|

|G|∑
k=1

min
xj∈Xmesh

∥gk − xj∥22. (17)

Photometric Consistency. To fully leverage image super-
vision from the synthesized video, we optimize the learnable
parameters of Gaussians and MLPs using a combination of
L1 loss and SSIM loss (Wang et al. 2004). For each cam-
era view v, the rendered image Îv is supervised against the
ground-truth Iv as:

Lphoto =

V∑
v=1

(
∥Îv − Iv∥1 + λssim · LSSIM(Îv, Iv)

)
, (18)

where λssim balances the perceptual similarity constraint.
Final Objective. The total loss function is defined as:

Ltotal = λ1Lshape + λ2Lphoto, (19)

where λ1 and λ2 balance structural alignment and appear-
ance fidelity.

This fusion module tightly integrates symbolic structure
(from mesh priors) and visual realism (from video diffu-
sion) in a joint optimization loop. Following the video fu-
sion strategy of VideoLifter (Cong et al. 2025), all fragments
are reconstructed and optimized independently, then merged
using global registration. Spatial consistency and clustering
in attribute space (e.g., color, normals) are applied to align
overlapping regions, yielding a coherent and redundancy-
free scene.

Experiments
Experimental Setup
We conduct experiments on the KITTI-360 dataset (Liao,
Xie, and Geiger 2022) for quantitative comparisons. KITTI-
360 provides 3D bounding box annotations for multiple
classes (e.g., building, car, road, vegetation), forming exten-
sive 3D scene layouts. Each layout is represented as a tri-
angle mesh, enabling fast rendering of semantic and depth
maps. For comprehensive evaluation, we use diverse scene
layouts from KITTI-360 paired with various text prompts
describing style and conditions. While most prompts depict
urban scenes, we also include rural and natural settings as
well as time-specific cues (e.g., “sunny morning”, “night
city”), covering a broad range of appearances and scales
to validate controllability, scalability, and generality. Our
pipeline incorporates several pretrained modules: TREL-
LIS (Xiang et al. 2025) for category-aware 3D object mesh
generation, ChatGPT-4 (Achiam et al. 2023) for fine-grained
style prompt construction, and Cosmos-Transfer (Alhaija
et al. 2025) as the base video diffusion model. All experi-
ments are conducted on a single NVIDIA A800 GPU.

We compare SceneGenesis with three representative base-
lines: (1) Urban Architect (Lu et al. 2024), a NeRF-
based generator trained with SDS (Poole et al. 2022); (2)
GALA3D (Zhou et al. 2024b), which combines procedural
layout generation with neural rendering; (3) Vista (Gao et al.
2024), a diffusion-based video synthesis model conditioned
on layout and style.

Quantitative metrics include CLIP similarity (Radford
et al. 2021) for text–image alignment. We further conduct a
user study with 94 participants, who rated randomized multi-
view results on a 5-point Likert scale for perceptual quality
and prompt alignment.

Quantitative Results
Table 1 reports CLIP similarity and FID scores, averaged
over 20 rendered views per scene. Our method achieves
the highest CLIP score of 67.02, demonstrating strong se-
mantic alignment with input prompts, and the lowest FID
of 50.19, indicating superior visual fidelity. In comparison,
Vista achieves a CLIP score of 65.23 and FID of 52.47, ben-
efiting from pretrained diffusion priors but lacking explicit
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Figure 4: Controllable and Scalable 3D Scene Generation. We visualize our model’s results on complex urban scenes.
Left: Generated 3D layouts representing object-level controllable structures with semantic guidance. Right: Corresponding
synthesized 3DGS scenes rendered from long video trajectories.
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Figure 5: Qualitative Comparison. Visual results across two scenes comparing our method with Urban Architect, GALA3D,
and Vista. Our approach achieves superior 3D consistency, semantic fidelity, and object-level controllability.

Method CLIP Score ↑ FID (Kitti-360) ↓
Ours 67.02 50.19
Vista 65.23 52.47

Urban Architect 55.76 86.12
GALA3D 42.16 143.74

Table 1: Quantitative Comparison. CLIP measures text-
image alignment; FID evaluates visual realism.

3D structure modeling, leading to view inconsistency. Urban
Architect yields a CLIP score of 55.76 and FID of 86.12,
with oversaturated textures and blurred geometry due to
weak structural priors. GALA3D performs the worst (CLIP
42.16, FID 143.74) as its rule-based modeling lacks flexibil-
ity and struggles with complex layouts.

The user study results in Table 2 show that our method
attains the highest scores in both visual quality (4.12) and
prompt consistency (4.61), confirming its ability to gen-
erate photorealistic and semantically faithful scenes. Vista
achieves moderately strong ratings but lacks 3D alignment
and fine-grained object-level control, while Urban Architect

Method Quality Consistency
Vista 4.01 4.27

Urban Architect 3.26 3.76
GALA3D 2.67 3.05

Ours 4.12 4.61

Table 2: User Study Results. Mean scores from 94 partici-
pants on visual quality and prompt alignment.

and GALA3D exhibit visual artifacts and slower synthesis
performance.

Efficiency. For a typical scene with ∼1,000 objects
and a 200-frame trajectory, semantic–structural initializa-
tion and mesh generation take about 20 minutes, geometry-
conditioned video synthesis about 80 minutes, and 3D re-
construction about 50 minutes. The full pipeline completes
in roughly 2.5 hours with peak memory usage below 30 GB,
offering a favorable balance between quality and scalability
relative to existing approaches.
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Figure 6: Qualitative Results of Ablation Study. We vi-
sualize the effects of ablating four key modules: Seman-
tic Structural Initialization, Structure-Aware Video Genera-
tion, Consistency-Guided Latent Fusion, and Mesh-Guided
Video-Geometry Fusion.

Configuration CLIP Score

w/o Semantic Structural Initialization 25.73
w/o Structure-Aware Video Generation 25.81
w/o Consistency-Guided Latent Fusion 29.98
w/o Mesh-Guided Video-Geometry Fusion 29.52
Full model (Ours) 30.23

Table 3: Quantitative Results of Ablation Study. CLIP
score comparison across ablated variants.

Qualitative Results
Figure 1 illustrates results on complex scenes, highlight-
ing our framework’s geometric consistency, semantic rich-
ness, and scalability. Figure 5 compares methods on two
sequences (50 and 120 frames). Urban Architect pro-
duces blurry, unstable reconstructions; Vista offers consis-
tent styles but shows spatial inconsistency and weak ob-
ject control; GALA3D fails on complex layouts with frag-
mented geometry. In contrast, our method leverages mesh
priors and multi-view video conditioning to preserve object
count, structural integrity, and style coherence across views
and time, enabling faithful, dynamic 3D scene synthesis.

Ablation Study
We conduct ablation studies to evaluate the contribution of
each core module by systematically replacing them with
corresponding base models. Results are shown in Figure 6,
where the top row shows our full model and the bottom row
displays the ablated variants. Replacing the Semantic Struc-
tural Initialization and Geometry-Conditioned Video Syn-
thesis with raw KITTI-360 bounding boxes degrades object
fidelity and layout control, e.g., cars are incorrectly gener-
ated as cubes. Removing the Consistency-Guided Latent Fu-
sion reverts to unmodified Cosmos-Transfer (Alhaija et al.
2025), introducing flickering and style drift across frames.

(a) Global style transfer

(b) Object-level editing

Figure 7: Editing capabilities of SceneGenesis. (a) Global
style transfer (e.g., urban to pastoral) and (b) object-level
editing (e.g., vehicle removal). These examples demonstrate
fine-grained semantic control and structural consistency.

Without the Mesh-Guided Video-Geometry Fusion, the sys-
tem reduces to VideoLifter (Cong et al. 2025), causing ge-
ometry misalignments and surface artifacts, e.g., uneven
road regions lacking coherence.

Quantitative results in Table 3 further support these find-
ings: removing any single module leads to a clear perfor-
mance drop, confirming that each component is essential for
the controllability, consistency, and fidelity of our unified
mesh-guided framework.

Scene and Object Editing
To demonstrate the controllability of our pipeline, we con-
duct editing experiments in two scenarios: global style ma-
nipulation and object-level replacement. For global editing,
we modify the style token (e.g., “urban” → “pastoral”) dur-
ing initialization. The entire scene adjusts accordingly, in-
cluding vegetation, buildings, and lighting, while maintain-
ing structural layout. For object-level editing, we selectively
modify or replace the semantic description of individual ob-
jects (e.g., delete “car” ). The generated scene reflects the
updated object attributes accurately, without affecting sur-
rounding elements. These results validate our system’s ca-
pacity for flexible and targeted control over both global and
local aspects of the 3D scene, enabling scalable content au-
thoring and scenario customization.

Conclusion
We present SceneGenesis, a unified framework for control-
lable, scalable 3D scene generation that combines semantic-
driven initialization, geometry-conditioned video synthe-
sis, and structure-aware reconstruction. Guided by a mesh-
centric prior, SceneGenesis balances efficiency, 3D consis-
tency, and fine-grained control. Experiments on diverse lay-
outs show clear gains over baselines and support coherent
scene generation with flexible editing. Despite improved 3D
consistency, the reconstruction quality still depends on the
reliability of synthesized videos and rendered depth, espe-
cially in dense scenes with heavy occlusions. Future work
will explore tighter coupling between video generation and
geometric regularization.
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