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Figure 1. World snapshots generated by WorldGen. Each scene consists of individually editable objects represented as fully textured 
3D meshes. As explicit geometry, these worlds naturally support collision and navigation, allowing characters to climb, jump, and interact. 
The resulting assets are immediately deployable in game engines. We encourage readers to view the videos for a clearer sense of the scale, 
structure, and immersiveness of the generated worlds. 

Abstract 
We introduce WorldGen, a method for generating large, 
fully formed, navigable 3D worlds from a single text 
prompt. Existing approaches to 3D scene generation of- 
ten trade off scene diversity, completeness, and correct- 
ness in different ways. We push this envelope by producing 
large scenes explicitly decomposed into individual, high- 
quality 3D meshes, making them compatible with standard 
game engines. Our approach first uses a language-driven 
procedural generator to lay out the scene’s basic volumes 
and navigable regions.  An image generator then estab- 

lishes the scene’s theme, style, and details. Next, we ob- 
tain a high-quality, compositional 3D reconstruction of the 
planned scene. This step first uses an image-to-3D model 
to perform a holistic reconstruction that implicitly deter- 
mines the shape and location of all scene objects, account- 
ing for context and navigability. The reconstruction is then 
decomposed into individual entities, which are regenerated 
at higher resolution, synthesizing additional details with 
guidance from the image generator. We ablate key design 
choices and compare qualitatively against existing scene 
generators, showing that our design addresses their gaps. 
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1. Introduction 
Creating 3D content for games and other interactive ex- 
periences requires significant effort and skill, particularly 
for 3D modeling of entire game worlds. 3D generative AI 
promises to dramatically simplify the creation of such con- 
tent, allowing even laypeople to type a text prompt and ob- 
tain high-quality, textured 3D meshes in response [36, 38, 
86, 88, 92]. However, these models are usually limited to 
creating individual 3D objects. Designing complete game 
levels that are also functional (e.g., traversable end-to-end 
by a character without getting stuck) remains challenging 
and largely an open problem. 

In this work, we present WorldGen, an end-to-end 
pipeline that generates complete 3D worlds from a single 
text prompt (Fig. 1). We address several open challenges 
that have, so far, limited the quality, extent, and functional- 
ity of automatically generated 3D worlds. 

A major challenge is the lack of large-scale datasets of 
3D scenes for training world generators. Inspired by image- 
to-3D models, we use a powerful image generator to imag- 
ine the scene structure and content, and then reconstruct the 
3D scene using this image as guidance. However, these 
models are not designed to ensure that the resulting scenes 
are fully functional—for example, traversable. We there- 
fore guide image generation with a layout produced by a 
procedural generator (PG), which can easily enforce such 
structural constraints. We further condition these PGs on 
the user prompt via large language models (LLMs). 

While PGs are narrow, in our case they define the main 
volumes of the scene and its navigable surfaces, captured 
by a so-called navmesh. This rough layout is provided to 
the image generator to establish the scene’s details, theme, 
and aesthetics, ensuring diversity. This image and the PG 
output thus form a scene plan. 

Our second contribution is extracting a compositional, 
high-resolution 3D reconstruction from the scene plan. One 
approach is to segment and reconstruct objects, but the lack 
of contextual reasoning tends to produce poor results; for 
instance, objects may not fit together, particularly in oc- 
cluded regions. Instead, we employ a holistic 3D latent 
diffusion model [38, 86, 88]. By conditioning this model 
on the navmesh, we ensure structural coherence and navi- 
gability, even in regions not visible in the guidance image. 

Holistic reconstruction is a simple yet effective way of 
reconstructing objects in context. However, on its own it 
does not yield a production-quality 3D world, as the reso- 
lution of the resulting geometry is insufficient. Moreover, 
representing the scene as a single mesh is inconvenient for 
editing, animation, and efficiency in applications. To im- 
prove quality and modularity, we build on recent advances 
in compositional 3D generation [9] to decompose the re- 
constructed scene into its constituent objects. We propose a 
variant of this model to efficiently handle the large number 

of components typically present in complete scenes. Then, 
we enhance the individual components to achieve higher 
visual fidelity while preserving the overall structure of the 
world. First, an image generator produces a high-resolution 
view of each object, enriching it with fine-grained visual de- 
tails. Second, we use a mesh enhancer [57], fine-tuned from 
our image-to-3D model, to regenerate each object’s geome- 
try and texture from the low-quality geometry and the visual 
cues in the generated images. 

Because prior methods for 3D world generation differ 
substantially in their assumptions, representations, and out- 
puts, we evaluate WorldGen through both ablations and tar- 
geted comparisons. We analyze key design choices qual- 
itatively and quantitatively, and we compare against state- 
of-the-art image-to-3D methods to motivate our design. 
We also include qualitative comparisons with prior scene- 
generation systems, including Marble [76]. Our main con- 
tributions are as follows: 
• We present WorldGen, an end-to-end pipeline that gener- 

ates functional, traversable 3D worlds from text by syn- 
ergizing LLM-driven procedural layouts with powerful 
image-to-3D priors. 

• We introduce a navmesh-guided holistic reconstruction 
strategy that conditions 3D latent diffusion on structural 
constraints, ensuring global coherence and navigability 
even in occluded regions. 

• We propose a compositional refinement framework that 
decomposes the holistic mesh into constituent objects for 
individual geometry and texture enhancement, yielding 
high-fidelity, editable, and game-ready assets. 

2. Related Work 
Many works have considered the problem of generating 3D 
worlds, often under very different assumptions and goals, 
making the resulting classes of approaches comparable only 
qualitatively. A popular line of work is view-based gener- 
ation. Broadly speaking, the idea is to use 2D image or 
video generators to create views of the scene incremen- 
tally while also reconstructing its 3D structure. An early 
example with implicit geometry is SynSin [75]. Explicit 
geometry is recovered in works such as PixelSynth [65], 
CompNVS [39], Text2NeRF [87], and Text2Room [23]. 
Many follow-ups have extended these ideas in various 
ways [1, 7, 8, 11, 12, 15, 16, 19, 20, 22, 24, 28, 29, 33– 
35, 37, 43, 44, 46, 49, 50, 54–56, 61, 66–68, 70, 71, 73, 74, 
78, 80, 82, 83, 85, 89–91, 94, 96]. However, the incremen- 
tal and monolithic nature of the resulting 3D scenes limits 
their quality and applicability. 

Others focus instead on compositional scene genera- 
tion, arranging objects that are either retrieved from a 
database [41, 84] or generated ad hoc [42, 52, 95] under lay- 
out constraints derived from physics simulation or guided 
by LLMs.  Some arrange objects to match a given im- 
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Figure 2. WorldGen overview. The pipeline has four stages: (1) Scene Planning, (2) Scene Reconstruction, (3) Scene Decomposition, 
and (4) Scene Enhancement. The final scene is traversable and highly detailed. 

age [13, 18, 21, 26, 31, 52], which makes them closer to 
our approach. Usually, these methods do not scale beyond 
small arrangements of a handful of objects. 

Procedural generators build worlds from hand-crafted 
procedures or rule systems. The computer graphics commu- 
nity has developed many such generators. Some, like Infini- 
Gen and InfiniGen Indoors [43, 63], have used them to cre- 
ate computer vision datasets. Others, like SceneCraft [25] 
and SceneX [93], translate text or graphs into executable 
programs that build scenes using LLM agents. A limitation 
of procedural generation is that, because it is based on for- 
mal systems such as code and rules, it is narrow in practice. 
Our method leverages procedural generation to create the 
initial layout structure of the scene, and then relies on 2D 
and 3D generators to add diversity and detail. 

Recent progress in 3D generation largely stems from 3D 
latent-space models extended to scene generation. Scene- 
Factor [6] generates multi-room indoor scenes. Block- 
Fusion [77] and LT3SD [51] grow worlds tile-by-tile. 
NuiScene [32] scales VecSet models [86] from objects to 
scenes for unbounded outdoor generation, but without ob- 
ject structure or textures. By using latent spaces, these mod- 
els generate complete scene meshes but, due to the limited 
availability of 3D scene data for training, lack diversity. 
Our approach compensates for this lack of training data by 
building on text-to-image generators. 

SynCity [14] builds worlds using pre-trained text-to- 
image and image-to-3D models, tile-by-tile. Like us, they 
leverage an image generator to promote diversity; however, 
their results lack semantic compositionality, exhibit tile-like 
artifacts, and are comparatively low resolution. Some works 
have attempted to bridge view-based and 3D latent-space 
methods [2, 3, 30, 40, 64, 72, 81], but struggle to generate 
large, complete scenes. Finally, interactive video generators 
like Genie [58] promise to replace the entire gaming stack 
with real-time interactive video generators, subsuming also 
world generation. While compelling, this solution remains 
a distant future. Our approach generates 3D assets that are 

Figure 3. 3D Layout Generation. An LLM parses the input 
prompt into structured parameters (JSON) to drive a procedural 
generator, producing a coarse 3D blockout. This blockout is then 
rendered to depth, which conditions the generation of the final 
scene reference image. 

 
compatible with today’s hardware, tools, and workflows. 

3. WorldGen 
We describe the stages of WorldGen: scene planning, re- 
construction, decomposition, and enhancement. 

3.1. Stage I: Scene Planning 
The goal of the scene planning stage is to transform a user 
prompt y into a rough but functionally correct scene plan 
L = (B, R, S), consisting of a blockout layout B, a refer- 
ence image R, and a navigational mesh (navmesh) S [69]. 
An overview is illustrated in Fig. 3. This stage ensures the 
scene layout remains functional and traversable. 

3.1.1. Procedural Blockout Generation 
We generate the blockout using a text-conditioned procedu- 
ral generation (PG) pipeline inspired by [48, 62]. Our PG 
system includes a language interface: an LLM converts the 
text prompt y into a JSON specification of terrain and lay- 
out parameters, which directly configure the PG pipeline to 
produce a blockout B aligned with the user’s intent. 

In more detail, our PG pipeline constructs the blockout 
in three steps: terrain generation, spatial partitioning, and 
hierarchical asset placement. First, terrain generation con- 
structs a base landscape that defines the large-scale geom- 
etry of the scene—such as elevation, slopes, and flat re- 
gions—providing a base for where structures and traversal 
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paths can exist. Next, spatial partitioning divides the ter- 
rain into distinct regions that serve different scene purposes 
(open areas, clusters of structures, or transition zones). This 
step provides a high-level organizational layout, ensuring 
that the scene has variation in density and structure while 
maintaining navigability. Finally, asset placement popu- 
lates each region with 3D assets in multiple passes: large 
landmark assets are placed first to establish structure and 
focal points, followed by smaller objects and decorative el- 
ements that add realism and detail. This multi-level place- 
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taining both functional organization and visual diversity. 

3.1.2. Navmesh and Reference Image 
The resulting blockout B above is a 3D mesh composed 
of simple primitives (ground plane and boxes) that encode 
the essential geometry of the scene. It serves as an editable 
structural scaffold from which we subsequently derive the 
navmesh S and reference image R. 

The navmesh S is extracted directly from the solid block- 
out geometry B using a standard algorithm such as Re- 
cast [53]. To generate the reference image R, we render 
the blockout geometry B into an isometrically projected 
depth map, which is then used as a condition to our depth- 
conditioned image generator. We adopt a camera elevation 
of approximately 45→ to maximize visible coverage of the 
scene within the frame. Additionally, to reduce the appear- 
ance of overly rectilinear shapes, we apply a small Gaussian 
perturbation to the non-terrain depth values, scaled propor- 
tionally to depth, which encourages more natural, visually 
varied structural outlines in the resulting image. 

3.2. Stage II: Scene Reconstruction 
Given the scene plan L = (B, R, S) obtained in Stage I, 
Stage II generates a 3D scene mesh M that faithfully aligns 
with the plan. In particular, the mesh should respect the nav- 
igable regions encoded in the navmesh S while also match- 
ing the overall composition and appearance suggested by 
the reference image R. 

3.2.1. Navmesh-conditioned scene generation 
Navmesh-conditioned image-to-3D must be learned from 
triplets (M, R, S) comprising the ground-truth scene mesh 
and the corresponding reference image and navmesh. Un- 
fortunately, there are no available datasets of 3D scenes that 
can be used for this purpose. We address this problem with 
a two-stage training strategy. First, we pre-train an image- 
to-3D model on a broad set of generic object categories, al- 
lowing the model to learn a robust 3D reconstruction prior. 
We then fine-tune the model on a dataset of scene triplets 
that we have collected. Our image-to-3D model follows the 
VecSet design [10, 86] that uses a latent 3D diffusion trans- 
former (see supp. mat.). Below, we explain how this base 
architecture is extended with navmesh conditioning. 

Figure 4. Navmesh-conditioned scene generation. The procedu- 
ral layout with extracted navmesh, the reference image, the final 
scene from our finetuned model and from the baseline image-to- 
3D model, and the final scene with the navmesh overlay. 

 
 
Navmesh Encoder and Conditioning. We condition the 
3D diffusion transformer with the navmesh using cross- 
attention. To tokenize the navmesh S, we use an encoder 
similar to the VecSet [86] architecture. First, we uniformly 
sample points from the surface of S to form a dense point 
cloud P ↑ RM↑3 and then downsample it to a smaller set 
Pˆ = FPS(P | K) ↑ RK↑3 using farthest point sampling. 
Both point sets are independently embedded using a co- 
ordinate positional encoder that maps 3D coordinates into 
D-dimensional feature vectors. Next, the encoded sparse 
points attend to the dense points through a cross-attention 
layer, allowing the sparse tokens to capture fine-grained 
geometric details of the navmesh. The resulting sparse 
navmesh embeddings are then injected into the image-to- 
3D denoising diffusion transformer backbone through addi- 
tional cross-attention layers. 

Training Strategy. We start from the pretrained weights 
and fine-tune them using our data. We compare updating 
only the weights of the newly added cross-attention layers 
against fine-tuning the entire transformer model end-to-end. 
Empirically, the former approach results in a 25% degrada- 
tion in navmesh alignment, as measured by Chamfer dis- 
tance. This suggests that producing a mesh that aligns faith- 
fully with the navmesh requires joint adaptation across the 
entire generator network, as the task involves non-trivial ge- 
ometric alignment and scene-level completion beyond the 
capacity of the newly introduced conditioning layers alone. 

Data Normalization. Our VecSet-based image-to-3D 
model operates in a normalized space, where all meshes are 
rescaled within a [↓1, 1]3 cube. During training, we rescale 
each navmesh using the scale factor computed from its cor- 
responding scene mesh to ensure spatial alignment. We also 
jointly translate the navmesh and the scene mesh so that the 
navmesh ground plane is centered at (0, 0, 0). This trick 
provides a stable spatial reference, leading to better align- 
ment between the conditioned navmesh and the generated 
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Object 

 
“/ungle outpost” 
Operation: Resize 

Object 

 
Before Editing 

 
After Editing Table 1. Quantitative evaluation of navmesh alignment, mea- 

sured via Chamfer distance (CD) between the input navmesh and 
the navmesh extracted from the generated scene (lower is better). 
Baseline* denotes baseline shape generator trained on our curated 
dataset of scene triplets. 

 

 
“Taiga camp” 

Operation: Lower 
the Terrain 

 
 
 

 

Figure 5. Navmesh editing capabilities. Each row shows results 
after manually editing the procedurally generated layout and its 
navigable path. Left to right: original layout with navmesh over- 
lay, reference image, generated 3D scene with input navmesh over- 
lay, manually edited navmesh, and the final 3D scene conditioned 
on the edited navmesh. 

 
scene meshes. At inference time, where ground-truth scene 
meshes are unavailable, we normalize the navmesh using 
the scale derived from the procedurally generated blockout 
B and apply the translation to the navmesh. 

3.2.2. Scene Reconstruction Results 
As shown in Fig. 4, our navmesh-conditioned model pro- 
duces smoother and cleaner terrain surfaces that adhere 
closely to the input navigation constraints—key for en- 
suring smooth traversability in the final scene. Although 
some fine terrain details may be visually approximated 
through texturing, accurate geometric grounding is criti- 
cal for gameplay functionality. Moreover, the navmesh- 
conditioned model achieves better alignment with the ref- 
erence image in structural regions such as buildings, partic- 
ularly in more complex scenes. 

To quantify this improvement, we compare our fine- 
tuned model with a baseline image-to-3D model and other 
state-of-the-art image-to-3D models, denoted as Models A, 
B, and C, on a curated scene benchmark, as detailed in 
Tab. 1. This benchmark comprises 50 procedurally gener- 
ated scenes, each featuring terrain with moderate verticality 
and 10–30 densely sampled objects. We extract navmesh 
from our generated scenes and those produced by the base- 
line models. After normalizing all geometries to a [↓1, 1]3 
cube, we extract the navmesh and align it to the ground- 
truth navmesh using ICP. We then compute the Cham- 
fer distance between these aligned meshes. Our navmesh- 
conditioned model achieves Chamfer distances that are 40– 
50% lower compared to the baselines. The quantitative 
comparisons clearly demonstrate stronger spatial alignment 
with the input navigation conditions. More detailed evalua- 
tions are provided in the supplementary material. 

In Fig. 5, we further evaluate the model’s generalization 
under slight misalignments between the navmesh and the 
reference image. This scenario is particularly important, as 
editing a 2D reference image to accurately reflect spatial 

 
NavMesh CD 0.038 0.049 0.048 0.042 0.038 0.022 

 
 

 
 
 

intent is often cumbersome—or even infeasible—due to in- 
herent ambiguities in projecting 3D structure onto a single 
view. In contrast, navmesh edits can be easily and precisely 
specified in 3D by modifying the layout directly. For ex- 
ample, in the “Jungle outpost” scene, we remove a struc- 
ture to create additional walkable space; in “Vampire city 
block”, we reduce the height of a building; and in “Taiga 
camp”, we slightly lower the terrain to form a shallow con- 
cave dip, adding subtle variation to the landscape. These ex- 
amples illustrate that our navmesh-conditioned model does 
not merely replicate the reference image but instead learns 
to reason about spatial organization and navigability, main- 
taining structural and stylistic coherence even when the lay- 
out and image conditions diverge. 

3.3. Stage III: Scene Decomposition 
The coarse, monolithic textured mesh M produced by 
Stage II represents the entire scene and fuses all objects into 
a single geometry. This makes it difficult to edit or refine in- 
dividual assets. To address this limitation, we first decom- 
pose M into semantically meaningful objects and parts, and 
then enhance them individually in the subsequent stage. 

Our approach builds upon the AutoPartGen [9] model, 
which decomposes a mesh into parts sequentially in an au- 
toregressive manner, where each part is generated condi- 
tioned on the holistic scene mesh and all previously gen- 
erated parts. However, two key limitations make the orig- 
inal AutoPartGen unsuitable for large-scale scene decom- 
position. First, its autoregressive nature leads to slow in- 
ference, making it computationally expensive for complex 
scenes with many objects and parts. Second, the model was 
trained primarily on generic object-level datasets and there- 
fore fails to generalize effectively to full scenes containing 
diverse, spatially interacting assets. 

3.3.1. Accelerating AutoPartGen for Scenes 
While AutoPartGen generates parts in a fixed lexicograph- 
ical order (z-x-y), we instead generate parts according to 
their connectivity degree, defined as the number of other 
parts each collides with. By generating parts in decreasing 
order of connectivity, we prioritize pivot parts that serve 
as structural anchors connecting many other components. 
Once pivots are generated, the remaining parts can be ef- 
ficiently recovered through spatial connectivity analysis of 
the residual geometry. For example, in outdoor scenes with 

Generated Layout + 
NavMesh Overlaid 

Reference Image 
 Edited NavMesh Edited NavMesh 

Generated Layout +  3D Scene Output + 

Model Model A Model B Model C Baseline Baseline* Ours 
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Figure 6. Scene decomposition comparison. Our method pro- 
duces cleaner decompositions with less noise than prior methods 
while retaining fast inference. 

 
many buildings and trees, the ground often exhibits the 
highest connectivity degree. Once the ground is extracted, 
the decomposition of other objects becomes easier through 
connected-component analysis. 

To support this strategy, we extend AutoPartGen to ex- 
plicitly generate the remainder geometry as a special part. 
We introduce a binary flag token that, when activated, in- 
structs the model to produce all remaining geometry in a 
single forward pass. In practice, we use a five-step schedule: 
the model first generates four pivot parts, followed by the re- 
mainder part, which is further decomposed via connected- 
component analysis. This design accelerates decomposition 
significantly, even for complex scenes, and reduces overall 
generation time from ten to about one minute. 

3.3.2. Scene Decomposition Data 
We find it important to fine-tune AutoPartGen on scene- 
level data. However, there is no readily available dataset 
of 3D scenes with part annotations. We address this gap by 
creating a dataset of compositional 3D scenes. 

First, we mine 3D scenes from a large internal 3D as- 
set repository. To do this, we use a vision-language model 
(VLM) and identify assets that represent whole scenes. 
Specifically, we prompt the VLM to assess rendered im- 
ages and determine whether they exhibit the characteristics 
of multi-object environments (e.g., sufficient object diver- 
sity, plausible spatial layout, and visible ground context). 

Once initial scene-like assets are selected, we apply 
heuristics to convert the raw geometry into assets with 
meaningful object and part decompositions. Our process- 
ing pipeline combines connectivity-based part splitting with 
ground-aware reasoning. The pipeline includes four major 
steps: (1) we detect topologically connected components 
after vertex welding as minimal parts, (2) we detect the 
ground and merge thin overlays (e.g., traffic lines) onto the 
ground as a standalone part, (3) we de-duplicate and itera- 
tively merge small parts into their nearest spatial neighbors 
while ensuring the ground remains separate, and (4) we fil- 

Table 2. Quantitative evaluation of scene decomposition meth- 
ods. Our model achieves significantly better results than previous 
state-of-the-art methods across all metrics. 

 

 Model Chamfer F-score@0.01 F-score@0.05  Time  
 

Top PartGen Model A 0.171 0.090 0.443 1 min 
Top PartGen Model B 0.136 0.155 0.633 3 min 
AutoPartGen 0.144 0.281 0.683 10 min 
Ours 0.061 0.322 0.853 1 min 

 
 
ter decomposed assets with several quality constraints, in- 
cluding part count, part imbalance, and ground confidence. 

 
3.3.3. Decomposition Results 

To evaluate the decomposition capability of our model, 
we perform qualitative and quantitative comparisons with 
other state-of-the-art 3D part generation methods, denoted 
as Top PartGen Model A and Model B. Existing part gen- 
eration models often fail to generalize to complex scenes 
(see Fig. 6). For instance, Top PartGen Model A strug- 
gles to produce stable decompositions for large outdoor 
scenes. Top PartGen Model B erroneously segments terrain 
regions, sometimes fragmenting buildings into excessively 
small components or merging ground and object geometry 
into a single part. AutoPartGen [9] also occasionally fails 
to decompose major objects, and its high latency makes it 
impractical for handling large scenes. 

We further curate a diverse synthetic evaluation dataset 
by placing objects on various terrains. The holistic mesh is 
obtained by water-tightening all objects and terrains jointly. 
This provides us with pairs of holistic meshes and ground- 
truth part annotations. We follow an evaluation protocol of 
prior work [9, 45]: for each ground-truth part, we find its 
nearest neighbor in predictions and compute their Chamfer 
distance and F-score at various thresholds. We show re- 
sults in Tab. 2, where our model outperforms other methods 
while maintaining the top inference speed. 

 
3.4. Stage IV: Scene Enhancement 

This final stage enhances the geometry quality of each ob- 
ject produced in the previous stage and generates its fi- 
nal texture. This process involves three steps. First, we 
generate a high-resolution image for each object to re- 
cover missing visual details, as the scene-level reference 
image provides limited resolution and coverage for each ob- 
ject. Second, we refine the object geometry using a mesh- 
enhancement model [57] that improves shape fidelity while 
remaining aligned with the original geometry so that en- 
hanced objects still fit correctly in the scene. Finally, we 
generate a high-quality texture for each object, guided by 
both the refined geometry and the high-resolution per-object 
image. 
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Figure 7. Per-object image enhancement. The reference image, 
the top-down view with target object highlighted with orange and 
the coarse textured rendering are sent to an LLM-VLM that out- 
puts the final per-object enhanced image. 

 
 
3.4.1. Per-Object Image Enhancement 

We first apply TRELLIS [79] to texture the entire coarse 
mesh, giving each decomposed object an initial coarse 
texture. Although TRELLIS typically produces lower- 
resolution texture than multi-view generation methods, it 
operates directly in 3D and is therefore more robust to self- 
occlusion. At this stage, the texture does not need to be 
high-quality; it only needs to capture broad material and 
style cues for subsequent enhancement. Because TREL- 
LIS is trained mainly on object-level assets and generalizes 
less effectively to full scenes, we retrain it on our in-house 
dataset containing both object- and scene-scale data. 

Our main idea is to leverage a large language-vision 
model (LLM-VLM) to enhance each object’s appearance 
by conditioning on its coarse textured rendering. The pri- 
mary challenge is maintaining style consistency across all 
objects, since independently enhanced textures can easily 
drift in color, material, or artistic style. To provide the im- 
age generator with global scene context, for each object, we 
further render a top-down view of the textured scene and 
highlight the target object in orange, explicitly indicating 
its location within the overall scene. We also supply the 
global reference image to the LLM-VLM. 

In Fig. 7, the left three columns show the inputs to the 
LLM-VLM model, and the rightmost column shows the en- 
hanced object image. Because generative enhancement can 
occasionally hallucinate unwanted changes, we apply a ver- 
ification step: the enhanced image is compared against the 
coarse rendering, and results that deviate too far in silhou- 
ette are rejected. We repeat the enhancement process until a 
valid, well-aligned result is obtained. See Fig. 8 for exam- 
ples of the initial input, rejected cases, and final results after 
verification and iterative refinement. 

Figure 8. Object image verification. The verification step rejects 
enhanced images that do not align with the coarse input. 

 
 
3.4.2. Per-Object Mesh Enhancement 
We employ a mesh refinement model [57] to enhance ge- 
ometric detail using the high-fidelity object image as guid- 
ance. The refinement model extends our baseline image-to- 
3D architecture by additionally conditioning on the latents 
of the coarse mesh obtained from its VAE encoder. Addi- 
tional details can be found in the supplementary material 
and the original paper [57]. 

3.4.3. Per-Object Texture Enhancement 
We finally generate a high-resolution texture for each ob- 
ject based on its enhanced image and geometry. Follow- 
ing an established recipe for texture generation [4, 27], we 
fine-tune a pretrained text-to-image latent diffusion model 
to produce 3D-consistent multi-view renderings of the ob- 
ject conditioned on normal and position maps for the target 
views. We backproject the generated multi-view images to 
UV map to get the final texture image. We provide more 
technical details in the supplementary materials. 

4. Results 
WorldGen Result Overview. In Figs. 1 and 9 and the sup- 
plementary material, we provide a gallery of several scenes 
generated by WorldGen end-to-end from user prompts. 
Overall, our method is capable of generating interesting, di- 
verse, and high-fidelity scenes that can be navigated freely 
by characters, and are thus suitable for use in game en- 
gines. Each scene contains multiple semantically consis- 
tent objects, coherent textures, and a valid navmesh that en- 
ables real-time exploration. Despite the multi-stage nature 
of our approach, the entire pipeline from a text prompt to 
a fully textured, navigable 3D scene completes in ↓5 min- 
utes with many submodules (e.g., object enhancement and 
texture generation) running in parallel across GPUs. This 
enables rapid prototyping of interactive worlds with mini- 
mal user intervention. 

Qualitative Comparison. Prior scene-generation systems 
vary substantially in their assumptions, scene representa- 
tions, and target outputs. We therefore focus on qualita- 
tive comparisons that highlight differences in the resulting 
worlds and their intended use cases. 
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Figure 9. WorldGen results. We use first-person views with a camera randomly sampled from the scene and neutral skyboxes. 

 

 
Figure 10. Comparison with two state-of-the-art commercial 
image-to-3D systems. WorldGen generates scenes that are signif- 
icantly more detailed than single-shot solutions. 

 
We first compare against image-to-3D generators, in- 

cluding several commercially available systems that serve 
as strong baselines for single-image 3D generation. Al- 
though these methods produce impressive results for indi- 
vidual objects and small-scale scenes, they are primarily 
designed for single-shot reconstruction rather than compo- 
sitional, large-scale, navigable environments. Their gener- 
ated geometry and texture resolution remain insufficient for 
direct use in game engines. As shown in Fig. 10, these 
single-shot models produce outputs that lack the geome- 
try and texture details required to support immersive, ex- 
plorable 3D experiences. 

We also compare with Marble [76], a recent system for 
3D world generation from World Labs. Because the two 
methods differ in both inputs and scene representation, we 
use a qualitative setup that aligns their starting points as 
closely as possible. WorldGen takes a global layout and ref- 
erence image as input and outputs explicit textured meshes, 
whereas Marble expands a scene outward from a single 
specified viewpoint using Gaussian splats. 

For this comparison, we render a central view of our 
“medieval village” scene and use it as input to Marble. Mar- 
ble achieves high visual fidelity near the conditioned view- 
point, particularly in appearance. As the camera moves far- 
ther from the initial view, however, the fidelity of the gen- 
erated environment decreases noticeably (Fig. 11). In con- 
trast, WorldGen is designed for broader traversable extent 

 
 
 
Figure 11. Marble examples. Example Marble generations 
viewed from different viewpoints. 

 
 
and explicit geometry: our generated scenes span roughly 
50 ↔ 50 m, remain geometrically and stylistically consistent 
across the traversable area, and support free navigation and 
interaction. 

Limitations. Our reliance on a single reference view cur- 
rently restricts generation to bounded, single-story environ- 
ments, excluding unbounded or multi-layered scenes. Ad- 
ditionally, the lack of asset instancing (i.e., reuse) may im- 
pact rendering efficiency in dense areas. Future work should 
address these gaps, for example via incremental genera- 
tion [14] and material and geometry reuse. Further discus- 
sion is provided in the supplementary material. 

5. Conclusions 
We presented WorldGen, an end-to-end framework gener- 
ating traversable, game-ready 3D worlds from text by uni- 
fying procedural planning with navmesh-guided synthesis. 
We believe that WorldGen demonstrates the potential of 
combining procedural reasoning with generative priors to 
democratize interactive 3D content creation. 
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