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Fig. 1: WorldMesh tackles environment-scale 3D scene synthesis by decoupling this
complex problem into structure and appearance. From an input text prompt, we first
construct a mesh scaffold that establishes the output scene’s layout and geometric struc-
ture. This mesh is then used as scaffold for conditioned image synthesis to encourage
multi-view consistency across both local (e.g., around objects) and global (e.g., across
rooms) scales. Synthesized views are optimized into 3D gaussian splats representing a
navigable 3D world through view synthesis.

Abstract. Recent progress in image and video synthesis has inspired
their use in advancing 3D scene generation. However, we observe that
text-to-image and -video approaches struggle to maintain scene- and
object-level consistency beyond a limited environment scale without a
persistent, explicit geometric representation. We thus present a geometry-
first approach that decouples this complex problem of large-scale 3D
scene synthesis into its structural composition, represented as a mesh
scaffold, and realistic appearance synthesis, which leverages powerful im-
age synthesis models conditioned on the mesh scaffold. From an input
text description, we first construct a mesh capturing the environment’s
geometry (walls, floors, etc.), and then use image synthesis, segmentation
and object reconstruction to populate the mesh structure with objects in
realistic layouts. This mesh scaffold is then rendered to condition image
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synthesis, providing a structural backbone for consistent appearance gen-
eration. This enables scalable, arbitrarily-sized 3D scenes of high object
richness and diversity, combining robust 3D consistency with photoreal-
istic detail. We believe this marks a significant step toward generating
truly environment-scale, immersive 3D worlds.

Keywords: 3D scene generation - multi-room 3D synthesis - mesh con-
ditioned 3D Gaussian splatting

1 Introduction

Photorealistic 3D environments are central to computer vision and graphics, with
applications spanning virtual reality, video games, architecture visualization, and
interior design. Creating such environments manually requires significant artistic
effort: modeling, texturing, and lighting a single room can take days to weeks
for a skilled 3D artist, and scaling to multi-room apartments or larger buildings
multiplies this effort dramatically.

Recent advances in generative modeling, in particular in text-to-image and
-video generation models [6l{13]/24}29], have inspired new approaches to 3D scene
synthesis. Several recent approaches have leveraged the flexible, photorealistic
synthesis capabilities of these image and video generative models to outpaint
or synthesize various images of a scene, which can then be used to reconstruct
an output 3D scene representation [20}[30L/32]. While these methods can pro-
duce impressive single-room synthesis, the very lack of explicit 3D structure in
these 2D-based synthesis models, which enables their flexible, powerful synthe-
sis, fundamentally hinders their applicability to world-level, environment-scale
scenes. In particular, the absence of 3D structure makes it difficult for such meth-
ods to maintain coherent appearance across diverse viewpoints around objects,
especially close-up or tightly rotating views. Additionally, in large, multi-room
environments these limitations often manifest as inconsistencies across views and
rooms, making it largely intractable to scale such methods to arbitrarily large,
complex environments.

We thus propose WorldMesh (Fig. , a geometry-first approach that de-
couples the complex task of large-scale 3D scene synthesis into its fundamental
challenges: global spatial consistency and local photorealistic appearance. From
an input text prompt, we construct our mesh scaffold representing the output
environment’s layout. The mesh scaffold is then populated with objects based on
image synthesis to suggest object placement and appearance. This enables our
scaffolding of image diffusion onto this explicit 3D mesh that maintains inher-
ent spatial coherence across arbitrary camera poses (e.g., close up views, views
transitioning across rooms), while preserving the image diffusion model’s gener-
ative flexibility for local appearance. The generated images can be reconstructed
into a navigable 3D scene using 3DGS [22| optimization anchored to the mesh
scaffold geometry, maintaining geometric fidelity, multi-room connectivity, and
visually diverse, realistic content. This principled separation enables multi-room
generation at a scale that remains intractable for purely pixel-space models.
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We make the following contributions:

— We present the first approach for scalable, multi-room 3D synthesis from text
prompts, supporting diverse visual themes, by constructing a mesh scaffold
to represent scene geometry and using it to anchor mesh-conditioned appear-
ance generation. Our approach scales linearly with the number of rooms.

— We introduce mesh-guided appearance synthesis, where the rendered scaffold
provides a structural backbone signaling depth, object geometry, and tex-
tures, to be used as condition for consistent image synthesis. We reconstruct
objects as part of the mesh scaffold based on synthesized images, in order to
preserve realistic layouts and high object richness, demonstrating that mesh-
conditioning can scale photorealistic 3D scene generation to arbitrarily large,
multi-room environments with robust 3D consistency.

2 Related Work

Text-to-Image/Video through Score-based Modeling. Score-based generative mod-
els have become the dominant paradigm for high-fidelity image and video syn-
thesis. Early diffusion models [19}33] generate images by iteratively denois-
ing a stochastic process in raw image pixel space, while latent diffusion mod-
els (LDMs) [29] perform this process in a compressed latent space, enabling
high-quality generation at practical inference-time computational costs. More re-
cently, transformer-based approaches such as Diffusion Transformers (DiT) [27],
along with flow matching [24] training, have improved quality and sampling
speed, as adopted by the Flux model family [4]. Additionally, controllable gen-
eration has been advanced through ControlNet [44], which injects spatial condi-
tions (e.g., depth maps) into frozen diffusion models, and IP-Adapter [39], which
enables image-prompt conditioning. In addition to images, video generation has
also seen remarkable progress through score-based generative modeling [6,[8] as
well as camera-conditioned control [2}|3]/17], though they typically require sub-
stantially more compute than image models. Our approach leverages the gener-
ative power and relative efficiency of modern image synthesis models, but rather
than relying on unconstrained image generation, we introduce explicit geometric
conditioning with a mesh scaffold, enabling image synthesis to produce photo-
realistic appearance that remains 3D consistent across large-scale 3D scenes.

8D Scene Generation with Image and Video Generative Priors. Inspired by the
success of image and video generative models, a growing body of work has ex-
plored leveraging these models for text-driven 3D generation. DreamFusion [28|
pioneered a text-to-3D approach from 2D image generative models via score
distillation into a NeRF [26], showing powerful object-based synthesis but strug-
gling with the complexity of room-scale scenes. Subsequent methods have also
proposed to generate many images of a scene in order to reconstruct the 3D scene
geometry. Inpainting-based methods like Text2Room [20], WonderJourney [41],
and WonderWorld [40] iteratively synthesize and fuse images to expand a camera



4 M.-A. Schneider, A. Dai

trajectory. This can achieve impressive single-room results, but tends to accu-
mulate geometric drift over long trajectories. Multi-view generative approaches,
such as MVDiffusion [35] and CAT3D |[15|, improve view consistency through
joint multi-view reasoning, and DreamScene [23| uses panoramic diffusion with
3DGS, but these methods target single objects or bounded scenes.

Video-based approaches including ReconX [25], DimensionX [34], and Flex-
World [10] leverage video diffusion models as strong 3D priors for scene genera-
tion. While these methods can improve coherence, they require substantial GPU
resources and remain difficult to scale beyond single-room environments. While
recent video models increasingly incorporate explicit geometric priors such as
camera poses or point-cloud renderings, maintaining consistency over very long,
multi-room trajectories remains challenging and computationally demanding.
WorldExplorer [30] relies on a camera-conditioned generative model prior [46]
to synthesize new views in a scene, thereby constructing navigable 3D scenes.
However, because these approaches operate largely in pixel space without an
explicit geometric scaffold, maintaining spatial consistency across diverse view-
points remains challenging. In particular, they often struggle with viewpoints
that move close to objects or traverse larger spatial extents (e.g., across multiple
rooms), where the limited context of the generative model and the absence of
explicit 3D structure can lead to inconsistent geometry and appearance.

Recently, several works have introduced layout guidance to help control the
generative process. Methods such as ControlRoom3D [32], SceneCraft [21], and
SpatialGen [14] rely on user-provided coarse 3D layouts (e.g., object bounding
boxes) to help improve consistency. Our approach also observes that structural
priors can help ground consistency; however, we generate the layout from the
text prompt and instantiate it as an explicit mesh scaffold that enables more
precise geometric anchoring for appearance synthesis.

8D Object Generative Models 3D object generation has also seen remarkable ad-
vances, in particular through score-based generative modeling paradigms. Early
diffusion-based methods explored diffusion modeling across various 3D latent
shape representations [12,/42,/43}/45]. Recently, TRELLIS [37] introduced a struc-
tured 3D latent representation for objects, which coupled with flow matching
training, produces extremely compelling, high-fidelity 3D shapes from text or
image inputs. SAM-3D-Objects |11] employs a similar 3D shape representation
to reconstruct objects along with their poses to match an input image. Such
methods have shown powerful generative capabilities, but target single objects,
which avoids challenges with arbitrary sizes, lack of canonicalization, and large
resolutions required for scene-level modeling. We also employ the generative
capacity of such object generative models to help instantiate estimated object
geometry into our constructed mesh scaffold, which is then used as a geometric
anchor for photorealistic appearance synthesis.
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Fig. 2: Overview of WorldMesh. To generate a complex, multi-room 3D scene from
a text prompt, we decompose this problem into first constructing the global scene
structure as a mesh scaffold (top), and then using the scaffold mesh as anchor for
realistic local appearance (bottom). The text prompt is used to generate a text-based
floor plan, which we construct in 3D to use as depth conditioning for an image synthesis
model @, in order to reconstruct estimated 3D objects in each room. The structural
elements and 3D objects constitute the scaffold mesh M; its wall textures are not
pre-generated but accumulated on-the-fly, by projecting each synthesized view back
onto M during the synthesis loop below. M then serves as a geometric anchor for
iterative image synthesis using @ to generate images {I;}. Finally, the output scene S
is optimized with geometry-regularized 3DGS, against both images {I;} and rendered
depth from M.

3 Method

3.1 Overview

Our aim is to generate large, environment-scale, multi-room 3D scenes from a
natural language text prompt input 7 (e.g., “a cozy Scandinavian apartment”),
with an output scene S represented as 3D gaussian splats . Large-scale multi-
room scene generation is challenging: purely 2D or video-based diffusion produces
photorealistic local detail but struggles to maintain long-range multi-view and
multi-room consistency, particularly around objects and in complex layouts. To
address this, we decouple the problem into a geometry-first approach: (i), first,
we construct a mesh scaffold M that encodes the 3D geometric structure of
the scene, and (ii) then, we generate photorealistic appearance anchored to this
scaffold, enabling both local and global coherence (Fig. [2)).

3.2 Mesh Scaffold Construction

To build the mesh scaffold, we first generate from the input text prompt 7 a
floor plan layout L, represented in JSON text format, to characterize the out-
put 3D scene. The layout L is generated with Claude Opus 4.6 and specifies
structural scene metadata such as wall thickness, ceiling height, and room defini-
tions, including floor polygons and openings (doors or passageways). Candidate
layouts are sampled and validated against a set of spatial validity rules (e.g., no
windows between rooms), and sampling continues until a layout is found that
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satisfies these coarse spatial validity constraints. This forms the blueprint for the
structural mesh scaffold M.

Based on L, we first instantiate the 3D structure of the scene as M uct. Each
room is defined by a 2D floor polygon, openings, as well as ceiling height. To
construct Mgiruct, €ach floor polygon is first inset by the wall thickness to define
wall cross-sections, which are then extruded vertically to the ceiling height, with
shared walls between adjacent rooms represented at half thickness. Matching
edges between rooms are detected within a 0.01 m tolerance to ensure continuous
walls, and door and window openings are carved using boolean subtraction, with
automatic propagation to adjacent rooms sharing the wall. Finally, thin planar
extrusions are added to form floors and ceilings, completing the structural mesh
Mitruct- Mstruet then provides a geometrically consistent layout for the scene
and can be exported as a GLB file.

Camera Viewpoint Generation. A set of cameras {c/} is generated for each
room r and reused across all method stages (i.e., object instantiation and final
appearance synthesis). Two bootstrap cameras, ¢ and ¢, are placed at eye-
level at opposite wall midpoints, on the shorter walls of the rectangular rooms,
together spanning all four walls. Approximately 16 perimeter cameras at eye-
level are uniformly distributed along the room walls with a small wall offset
(spaced by arc length, with any perimeter camera within 10° of a bootstrap
view pruned to avoid redundancy), each looking toward the room center. Eight
overhead cameras follow the same perimeter layout but are positioned higher
up and look downward for wider spatial coverage. All cameras are nudged away
from placed objects to avoid collisions. During initial object placement (Sec. ,
only the first coverage camera cjj is rendered. During final image generation for
3DGS optimization the full camera set is used.

Object Instantiation While LLM-generated layouts provide reliable struc-
tural organization, their textual nature can lead to stale or underspecified object
arrangements, lacking the richness and diversity characteristic of real indoor en-
vironments. In contrast, modern image synthesis models naturally produce com-
plex and visually coherent object configurations, capturing implicit priors about
furniture placement, clutter, and stylistic composition. We therefore leverage
image synthesis to populate each room with objects, using the previously con-
structed floor plan scaffold Mgt uet as geometric guidance.

For each room, we render Mgg,et from an initial coverage camera pose cq
located at the wall midpoint of the smallest side of the rectangular room for
maximal coverage. This produces a depth map Dy which is used to condition a
photorealistic image generation model (Flux2-Klein [5]). More concretely, gen-
eration is guided jointly by Dy, a text prompt combining the room type, global
text theme 7, and visible architectural context information from L (e.g., door or
window location). The architectural context is used to inform the model about
the nature of depth maps since it might otherwise interpret the provided open-
ings visible through the depth map as something different (e.g., a TV). The
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resulting image ISP then establishes the visual style and an initial object layout
consistent with the scene scaffold.

We then extract individual 3D object instances from the generated images
using SAM3 (9. In our pipeline these masks are obtained interactively, via a
few point prompts per object in SAM3; the segmentation could alternatively be
run automatically from a list of text prompts (see appendix). Each segmented
object is reconstructed into a 3D representation using SAM-3D-Objects [11],
which generates both object meshes in a canonical coordinate system along with
their object transforms to the camera coordinate system of the image. As SAM-
3D-Objects makes independent predictions per object, we encourage physical
plausibility of the outputs by aligning their oriented bounding boxes with the
gravity direction of the scene and projecting objects onto the closest support
surface below them (or above them in the case of lamps, etc.). The output mesh
with composed objects instantiated from the image model prior for all rooms
is denoted Mygeo, Which contains object textures and geometry from SAM-3D-
Objects as well as structural floor plan geometry from the layout L.

Mesh Scaffold Texturing We also texture the structural elements of the scaf-
fold (e.g., walls). This wall texturing is not a separate stage that pre-textures the
mesh before image generation; it is performed jointly with appearance synthesis,
projecting each generated view back onto M, as it is produced. As multi-view
consistency of wall appearance between different camera views can be a strong
challenge, instead of relying on a 2D image generative model to implicitly pre-
serve color consistency, we explicitly propagate appearance information across
views by initializing structural textures through projective texture accumula-
tion. Because the two bootstrap views of each room observe opposite walls and
together span all four walls, these first two generations already texture a large
portion of the structural surfaces, while the remaining views progressively fill in
the rest.

Once an image is generated from a given camera pose ¢;, its pixel colors are
projected back onto visible wall surfaces of Mg, using projective texturing [18].
Given the known camera intrinsics (fz, fy, ¢z, ¢y) and camera-to-world transform
¢;, each mesh vertex vyorlq is projected to its pixel coordinates via the world-
to-camera transform c; ! The UV coordinates for texture mapping are then

— Pz Py

(u="%, v=1-"%) where W and H are image dimensions and the v-flip

follows the glTF convention.

Note that this accumulated mesh texturing provides a strong conditioning
signal, but does remain incomplete in various regions due to many object occlu-
sions. The accumulated projections can also introduce seams, and object textures
inherited from SAM-3D-Objects are often relatively coarse. Our final appearance
synthesis addresses this by enriching the full scene with fine-scale photorealistic
detail.
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3.3 Mesh Anchored Photorealistic Appearance Synthesis

The constructed mesh scaffold M now represents the underlying geometric struc-
ture of the scene (walls, floors, ceilings, openings, objects). This then serves as
a guide for synthesizing photorealistic appearance anchored to M to enable co-
herent appearance across views and rooms. Specifically, we employ an image
synthesis model @ conditioned on depth and color renderings of M, using the
scaffold to enforce structural fidelity while allowing the model to generate real-
istic materials, lighting, and fine-grained visual detail. In this way, appearance
is not generated freely in 2D, but is instead anchored to the underlying 3D
geometry.

Viewpoint Generation for Appearance Synthesis. To synthesize the appearance,
we use the set of generated camera viewpoints {¢;} to create an output set of
multi-view images from a 2D image synthesis model . Note that generating all
views independently, even when conditioned on the mesh M, would introduce in-
consistencies in color, lighting, and materials due to the 2D-only nature of ®. We
thus design a viewpoint generation strategy that expands coverage progressively
while propagating style through the output scene.

For each room r, we begin with the two previously defined bootstrap cameras,
¢y and cf, to establish the room’s global appearance. As ¢j and c¢] have been
placed at eye-level at opposite wall midpoints, they cover all four walls. These
two views enable broad coverage over the room r, which stabilizes appearance
conditioning for later view synthesis, reducing the risk of stylistic drift.

After bootstrapping with ¢j and ¢, the remaining camera poses {c[} are
sampled iteratively. The next camera is selected by greedy nearest-neighbor ro-
tational similarity from the current camera set. At each step, the candidate with
the highest quaternion similarity to any previously generated camera is selected:

sim(q1, ¢2) = |q1 - G2l (1)
where ¢ denotes a unit quaternion. This creates a gradual outward spiral where
each camera has a maximally similar style reference to encourage consistent
appearance synthesis. Following generation, the image is projected back to the
texture map of M, to obtain the updated M;. This enables the conditioning
signal for the future camera viewpoints to reflect the current appearance infor-
mation.

Mesh-Conditioned Image Synthesis. To guide image synthesis, we employ a con-
ditioning signal that explicitly separates structural geometry from object appear-
ance while incorporating the estimated wall textures. Note that in the following,
we discard the room index r for simplicity.

To construct this, for each camera pose ¢; in the generated viewpoints, an
image X; is rendered where objects are rendered with their texture, structural el-
ements are rendered with the alpha-blended wall textures where available, and all
other pixels are assigned to their grayscale depth. For the first image conditions
Xo and X7, corresponding to the bootstrap cameras ¢y and c; in the first room
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synthesized (no previously generated conditions), the object and wall textures
originate from SAM-3D-Objects |11] and our wall texturing, respectively. Each
following view (including for additional rooms) then uses the updated texture
information from previously synthesized views.

For each camera c;, we select as style reference the previously generated image
I,y whose camera pose is rotationally closest, k(i) = argmax;; sim(q;, ¢;)
(Eq. ), providing appearance guidance to the synthesis model. Each output
image is then synthesized as I; = @(X;, I, T)-

Image Verification Even with strong geometric conditioning, image synthesis
models may occasionally violate structural constraints. To ensure that a gen-
erated image I; from @ maintains consistency with the geometry of the mesh
scaffold M, we validate I; by comparing its implied geometry to that of M.

As I; has been created by an image synthesis model, its underlying geometry
is unknown. We thus instead estimate a depth map D] with a state-of-the-art
depth estimation model |7]. Rather than relying on raw depth estimates, which
may contain noise and some depth-scale ambiguity errors, we extract depth
edges FE! through Canny edge detection, which captures the major geometric
structures in the scene. These edges are then compared against edges E/M ex-
tracted from the depth maps rendered from M to evaluate the structural fidelity
of I;. Specifically, the validation is measured as depth edge recall:

|EM N dilate(E!, )|

Recall = Tl , (2)

where EZM and E! are the Canny-detected edge pixel sets and § = 10 px is the
dilation tolerance. Canny edges are extracted with hysteresis thresholds (0.1,0.3)
of the normalized depth range and a 3x3 Sobel aperture. Edge recall measures
only missing structural edges (false negatives), not extra edges from furniture
(false positives), as we allow the image model @ to imagine plausible objects not
present in M. A generated image passes if its recall exceeds the threshold, and
is otherwise regenerated with a new seed.

Geometry-Regularized 3DGS Scene Reconstruction. For all successfully validated
views {I;}, we optimize a 3DGS representation of the output scene S using the
synthesized images I;, their camera poses ¢;, and depth maps D; rendered from
the mesh scaffold M. The Gaussian splats are initialized from a point cloud ob-
tained by back-projecting the mesh depth maps D;, providing a strong geometric
prior for optimization. The training loss combines photometric reconstruction
with depth regularization:

L=01-X)Li(Ii, L) + M Lpssa(Li, I;) + MallDi — D5 |1, (3)

where I; and D;S are the image and depth rendered from S at camera c;,
Lpssty = 1 — SSIM, and we set Ay = 0.2, A\q = 0.7. The depth term pre-
vents geometric drift, a common failure mode in 3DGS under sparse views, and
ensures that S preserves the architectural structure of M.
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Fig. 3: Qualitative comparison with baselines. We compare with state-of-the-art meth-
ods for 3D scene generation leveraging image, panorama, and video generative model
priors . Since these methods focus on a single-room setting, we show
our results focusing on one of our generated rooms within our multi-room generation.
Most baselines lack explicit 3D structure, leading to view inconsistencies, particularly
for challenging viewpoints close to objects (as views are typically synthesized with
wider range for easier scene coverage and consistency). SpatialGen mitigates this
with 3D box-based layout conditioning, but struggles to maintain realistic local detail.
In contrast, our mesh scaffold anchors synthesis geometrically, enabling much stronger
multi-view consistency and more realistic appearance across diverse views.

4 Results

Implementation Details We generate various large-scale scenes with different
number of rooms, room dimensions and structural layout, each with diverse
visual themes. All of our outputs were generated on a single NVIDIA RTX
A5000 GPU (24 GB VRAM).
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For the images synthesized for object placement we use the Flux2-Klein
model locally as the image synthesis model @, as we found it the most capable
of producing diverse, complex visual results. The images synthesized for object
placement use a field of view of 90° for wider coverage; all other images are
synthesized with 60° field of view.

Once objects have been placed in the mesh, we generate =24 images per room,
each of resolution 1376 x 768. For the first image conditioned on the untextured
mesh with textured objects, we use Flux2-Klein locally. For subsequent image
generations we use the Nano Banana Pro (NB Pro) |16] model through their
API, finding that it is most faithful to the provided mesh priors. Our pipeline
is nonetheless backbone-agnostic: it also runs fully locally and open-source with
Flux2-klein (9B) on a single RTX A5000, and the layout LLM can likewise be
swapped (see the supplementary material).

Baselines. We compare against multiple types of text-to-3D scene, as well as
layout guided 3D scene generation methods.

— Layout-guided 8D Indoor Scene Generation: most related to our approach,
we compare against SpatialGen [14], which takes as input a 3D layout and
a reference image to synthesize appearance and geometry from arbitrary
viewpoints. Since our method takes only a text prompt as input, we provide
SpatialGen our generated room layout and object locations as layout input,
along with our initial object placement image as a reference image.

— Autoregressive Video Diffusion for Navigable 3D Scenes: we compare against
WorldExplorer [30] as the current open-source state-of-the-art for text-driven
world generation along pre-defined camera trajectories. We also compare
with FlexWorld [10], which generates 360° scenes with video diffusion. Both
are evaluated using the same text prompts as our method.

— Iterative T2I Lifting: we compare with WonderWorld [40|, which constructs
3D scenes via render-refine-repeat using T2I models and monocular depth
estimation. We provide one image generated with our text prompt as input
to the model for comparison.

— Panorama-To-3D: we compare with DreamScene360 [47] and LayerPano3D [38],

both of which first generate a 360° panorama from text, which is used to
reconstruct a 3DGS [22] scene.

Metrics. For subjective scene quality, we compute CLIP-IQA-+ [36] and CLIP
Aesthetic |31] scores on frames rendered along trajectories of the final 3DGS
scenes. To assess 3D consistency at both environment and object levels, we con-
duct a perceptual study with 31 participants, who rate object consistency, scene-
structure consistency, and overall quality on a 1-5 scale, and give binary prefer-
ences between each baseline and our method in randomized order. We evaluate
challenging trajectories containing close-up views and rotations across objects.

4.1 Qualitative Results

Fig.[3|shows a qualitative comparison for views rotating around a bed, highlight-
ing the advantages of our mesh-anchored approach. Both WorldExplorer [30]
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Fig.4: WorldMesh generates a diverse range of complex 3D scenes, varying both
in spatial layouts and visual themes. We show rendered views from different rooms
within each multi-room generated environment, including transitional viewpoints be-
tween rooms, demonstrating that stylistic coherence and 3D consistency are maintained
throughout.

and FlexWorld produce good results along predefined camera trajectories,
but struggle with object consistency in close up views. Panorama-based methods
like DreamScene360 and LayerPano3D generate high-fidelity 360° views,
but struggle to generate 3D-consistent output beyond their central perspective,
causing occlusions and distortions. The iterative WonderWorld builds up ac-
cumulated error from inaccurate depth estimates, while SpatialGen partially
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Fig. 5: Ablation of mesh scaffold conditioning. Using only the structural mesh with-
out wall textures (depth only) produces large inconsistencies at the local and object
level. Using our scaffold mesh with objects but without wall textures (depth+objects)
preserves object coherency, but still exhibits inconsistencies on structural elements.
Structural conditioning with wall texture, but with objects represented as bounding
boxes (depth+walls+bbozes), does not sufficiently constrain 3D consistency. Our full
mesh scaffold with wall texture achieves strong local and global 3D consistency.

mitigates inconsistencies with box-based layout conditioning, but produces less
realistic local detail. In contrast, our mesh scaffold provides global spatial con-
sistency, enabling reliable 3D-consistent synthesis even in close-up object views.
We show additional results of our method across a range of realistic and
surreal scene types and environments in Fig. 4] as well as in the appendix.

4.2 Quantitative Results

We report automatic image quality metrics and a perceptual study in Tab. [I]
CLIP-IQA+ measures technical image quality (sharpness, noise, artifacts),
while CLIP Aesthetic [31] evaluates subjective visual appeal (composition, color
harmony). Our method leads on both metrics; however, these only assess 2D
quality and do not capture 3D consistency.

The perceptual study highlights 3D consistency, with WorldMesh outper-
forming all baselines across all three dimensions: object consistency across view-
points (3D Objects), spatial coherence of room geometry (3D Structure), and
overall visual fidelity and 3D coherence (Quality). Pairwise comparisons further
confirm this, with users preferring our results in 96.2% of cases. This demon-
strates that our mesh scaffold provides a superior level of 3D consistency.

We further report per-scene scaling and cost, a navigability analysis, and a
3D-consistency comparison across baselines and image backbones in the supple-
mentary material.

4.3 Ablation Studies

We ablate both the image-conditioning modalities and the 3DGS optimiza-
tion and validation components in Table [2| Panel (a) reports automatic 3D-
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Table 1: Quantitative comparison with state of the art. Perceptual study ratings
(1-5 scale, higher is better) across 31 participants. Pairwise preferences (right) from
perceptual study show % of participants preferring WorldMesh over each baseline.

Automatic Metrics 1 User Study 1 Ours vs. Preference (%)
Method IQA+ Aesth. Quality 3D Objects 3D Structure SpatialGen 100.0
WonderWorld ~ 0.4872  4.7795 1.94 2.19 1.84 WonderWorld 100.0
FlexWorld 0.4097 4.9453 2.05 2.00 2.34 WorldExplorer 96.8
LayerPano3D 0.3949 4.7312 2.27 2.21 2.44 LayerPano3D 93.5
WorldExplorer 0.4053 5.5476 2.58 2.47 2.76 DreamScene360 93.5
SpatialGen 0.4648 5.0633 2.61 3.00 3.00 P
DreamScenc360 03565 47270 3.19 3.10 3.37 FlexWorld 93.5
Ours 0.5114  5.5799 4.48 4.40 4.35 Average 96.2

Table 2: Ablation study. (a) Automatic metrics over five multi-room scenes: cross-
view depth reprojection (MAE-norm, AbsRel), mesh-depth/normal alignment of the
final 3DGS to our scaffold (M-/N-, Ours only), and CLIP-IQA+/Aesthetic (separate
eval set, so IQA+/Aesth. differ slightly from Tab. . (b) Perceptual study (1-5, 31 par-
ticipants) on the gothic-revival scene, for the modality variants (depth+objects =w/o
wall texture, depth+walls+bboxes=w/o object recon., depth only =w/o objects or
wall texture). Bold = best.

(a) 3D consistency and image quality (automatic, 5 scenes)

3D cons. (Reproj.) Mesh alignment (Ours only) Quality
Variant MAE-norm| AbsRel] M-MAE| M-RMSE| N-Cost N-Ang| IQA+1 Aesth.t
Full (Ours, NB Pro) 0.1615 0.0761 0.0383 0.1285 0.6893 39.26 0.5529 5.5925
depth+objects 0.2229 0.0997 0.1167 0.2485 0.4033 62.01 0.3870  5.1057
depth+walls+bboxes 0.2722 0.1988 0.3335 0.6387 0.3452 66.17 0.3735  5.2041
depth only 0.1970 0.0888 0.2777 0.5857 0.3780 63.86  0.3818 5.0515
w/o edge recall validation 0.1660 0.0784 0.0478 0.1437 0.6489 42.65 0.5237  5.5482
w/0 mesh 3DGS pcd init 0.1706 0.0803 0.0479 0.1406 0.6433  42.93  0.5204 5.5831
w/o mesh 3DGS depth loss 0.3009 0.1641 0.1904 0.3969 0.4574 57.72 0.5312  5.5573
w/o mesh 3DGS init / depth 1.8804 0.6730 2.2549 4.6730 0.2205 74.65  0.4393  5.4270

(b) Perceptual study (1-5 scale, 31 participants, single scene)

Variant Quality T 3D Objectst 3D Structure

Full (Ours) 4.48 4.40 4.35
depth+objects 3.35 3.29 3.52
depth+walls+bboxes 2.19 1.94 2.26
depth only 2.10 1.97 2.26

consistency metrics over five multi-room scenes, while panel (b) reports the per-
ceptual study on the same six-room “gothic revival mansion with ornate detail
and dark wood” scene, whose conditioning inputs and output frames are shown
in Figure

Conditioning modalities. Using only grayscale depth (depth only) yields photo-
realistic images but inconsistent, ghosted furniture across views. Adding tex-
tured walls with objects as gray bounding boxes (depth+walls+bbozes) im-
proves surface-color consistency but leaves objects unconstrained, whereas recon-
structed objects with untextured walls (depth+objects) anchor furniture geome-
try yet force per-frame hallucination of wall appearance. Combining all signals
(depth, textured walls, and reconstructed objects) gives comprehensive guidance
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for consistent generation, also reflected in the lowest reprojection and mesh-
alignment errors in panel (a).

8DGS optimization and validation. The mesh-conditioned 3DGS initialization
and depth loss dominate 3D consistency: removing both collapses reprojection
accuracy (MAE-norm 1.88 vs. 0.16) while image quality stays largely intact,
isolating the consistency gain of mesh conditioning from raw appearance. The
edge-recall validation and the point-cloud initialization each add smaller but
consistent gains.

Limitations. Our method is currently limited to single-story layouts and does
not directly handle multi-level environments, though these could be generated
floor by floor with more cohesive layout conditioning. It also relies on SAM-3D-
Objects |11] for object reconstruction, which can leave incomplete back faces or
missing detail in occluded regions.

5 Conclusion

We presented WorldMesh, an approach for generating navigable multi-room 3D
scenes from text by decoupling global spatial consistency from local photorealis-
tic appearance. We first construct an explicit 3D mesh scaffold that captures the
scene’s geometric layout and maintains spatial coherence across rooms. Image
diffusion is then conditioned on this scaffold (through its depth, object geom-
etry, and progressively accumulated wall textures) to synthesize realistic ap-
pearance, with a depth-based validation loop ensuring structural fidelity. Our
mesh-anchored generation supports consistent appearance across diverse view-
points, from close-up object views to long-range views spanning multiple rooms,
opening a promising path towards truly environment-scale 3D world synthesis.
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