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Abstract

We tackle the challenge of generating the infinitely extend-
able 3D world — large, continuous environments with coher-
ent geometry and realistic appearance. Existing methods face
key challenges: 2D-lifting approaches suffer from geomet-
ric and appearance inconsistencies across views, 3D implicit
representations are hard to scale up, and current 3D founda-
tion models are mostly object-centric, limiting their appli-
cability to scene-level generation. Our key insight is lever-
aging strong generation priors from pre-trained 3D models
for structured scene block generation. To this end, we pro-
pose WorldGrow, a hierarchical framework for unbounded
3D scene synthesis. Our method features three core compo-
nents: (1) a data curation pipeline that extracts high-quality
scene blocks for training, making the 3D structured latent rep-
resentations suitable for scene generation; (2) a 3D block in-
painting mechanism that enables context-aware scene exten-
sion; and (3) a coarse-to-fine generation strategy that ensures
both global layout plausibility and local geometric/textural
fidelity. Evaluated on the large-scale 3D-FRONT dataset,
WorldGrow achieves SOTA performance in geometry recon-
struction, while uniquely supporting infinite scene genera-
tion with photorealistic and structurally consistent outputs.
These results highlight its capability for constructing large-
scale virtual environments and potential for building future
world models.

Code — https://github.com/world- grow/WorldGrow
Project Page — https://world-grow.github.io/
Extended Version — https://arxiv.org/abs/2510.21682

1 Introduction

This paper addresses the critical challenge of generating the
infinitely extendable 3D world, aiming to automatically cre-
ate vast, continuous, and content-rich virtual environments.
Such technology holds significant potential for industries in-
cluding video games, virtual/augmented reality (VR/AR),
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computer-aided design, and film production. More impor-
tantly, infinite 3D world generation is foundational for de-
veloping World Models and embodied Al systems (Xie et al.
2024; Li et al. 2024a), as it provides continuously expand-
able environments essential for open-ended learning, where
agents can navigate, plan, and interact without the con-
straints of fixed-size worlds.

To achieve infinite 3D world generation, existing efforts
have primarily explored two main approaches. One line of
works (Yu et al. 2024; Chung et al. 2023; Engstler et al.
2025; World Labs 2025) relies on pre-trained 2D diffu-
sion models (Rombach et al. 2022; Black Forest Labs 2024,
Google DeepMind 2025) to generate images, which are then
“lifted” to 3D scenes using camera poses, depth maps (Ran-
ftl et al. 2022; Birkl, Wofk, and Miiller 2023), or image-
to-3D models (Xiang et al. 2025). These methods optimize
based on local viewpoints and lack a holistic understanding
of the full 3D structure. As a result, they often suffer from
geometric inaccuracies and appearance inconsistencies (e.g.,
aliasing or distortion) across different views or extended re-
gions, which further limits their ability to generate large-
scale scenes. Another line of works (Wu et al. 2024; Meng
et al. 2025; Lee, Han, and Chang 2025) attempts to directly
predict 3D representations (e.g., triplanes (Chan et al. 2022;
Wu et al. 2024), UDFs (Chibane, Mir, and Pons-Moll 2020;
Yang, Chen, and Kumari 2023; Meng et al. 2025), global la-
tents (Chou, Bahat, and Heide 2023)) by learning from 3D
data for scene generation. However, their performance and
generalization are often constrained by the limited scale and
diversity of available scene-level datasets (Fu et al. 2021a;
Lin et al. 2022). Recent powerful 3D generation models (Xi-
ang et al. 2025; Zhang et al. 2024; Li et al. 2024b; Zeng et al.
2022), empowered by large-scale training data (Deitke et al.
2023), have demonstrated impressive capabilities in produc-
ing high-quality 3D assets. Though powerful, they are pre-
dominantly designed for single object generation, not appli-
cable for infinite scene generation.

We propose to leverage the powerful generative capabili-
ties of 3D generation models for block-based infinite scene
generation — a promising yet challenging direction. The key
challenges are threefold: 1) transferring rich geometric and
textural priors from object-level models to generate scene
blocks that are contextually coherent, rather than isolated
assets; 2) ensuring seamless geometric, stylistic, and textu-



Figure 1: We introduce WorldGrow, a novel framework for infinite 3D scene generation via block-wise synthesis and growth,
with coarse-to-fine refinement. Starting from a single seed block, WorldGrow progressively generates large-scale 3D scenes
with coherent geometry and photorealistic appearance. The example showcases an indoor scene covering 1800 m2. From left
to right: coarse voxel representation, fine voxel refinement, mesh reconstruction, and textured mesh rendering.

ral coherence between adjacent 3D blocks during iterative
scene growth; 3) achieving global structural plausibility and
semantic diversity in large-scale compositions, avoiding in-
coherent arrangements.

To address these challenges, we introduce WorldGrow, a
novel framework that, for the first time, enables the gener-
ation of infinite continuous 3D Worlds with plausible lay-
outs and high-fidelity appearances in a region-growing man-
ner. First, we design a data preparation pipeline to extract
sufficient high-quality ground-truth scene blocks from ex-
isting datasets. In addition, we adapt object-level 3D rep-
resentation to be scene-friendly, enabling the migration of
learned object priors for generating scene blocks with fine-
grained geometry and appearance. Second, we develop a 3D
block inpainting pipeline to ensure robust and context-aware
completion of missing blocks during iterative extension. Fi-
nally, to ensure both global coherence and local detail, we
curate coarse and fine datasets focused on layouts and ap-
pearances, respectively. During generation, a coarse-trained
model builds the scene structure first, then a fine-trained
model refines detailed geometry and textures. As shown in
Fig. 1, WorldGrow generates detail-rich, photorealistic, and
infinitely extendable 3D scenes, highlighting its strong po-
tential for large-scale virtual world construction.

In summary, our main contributions are as follows:

1) A systematic data construction pipeline and the created
scene block datasets, enabling scalable training and evalua-
tion for block-based infinite scene generation.

2) An infinite 3D scene generation framework, World-
Grow, which synthesizes continuous and unbounded 3D
worlds with coherent layouts and photorealistic appear-
ances.

3) A set of novel techniques enabling high-quality world
generation, including scene-friendly SLATs for adapting
object-level priors, a 3D inpainting method for seamless
block completion, and a coarse-to-fine generation strategy
that balances the global structure and local details.
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2 Related Work
2.1 3D Generation Pretrained Models

Recent advances in 3D pretraining have shown great
promise in single-image 3D object generation. Leveraging
representations such as triplanes (Chan et al. 2022) and 3D
Gaussian Splatting (3DGS)(Kerbl et al. 2023), a number of
feed-forward models(Hong et al. 2024b; Wei et al. 2024;
Lan et al. 2024; Hong et al. 2024a; Zou et al. 2024; Tang
et al. 2024; Xiang et al. 2025; Wu et al. 2025) have been
developed to directly synthesize 3D content from a single
image.

2.2 3D Unbounded Scene Generation

More recent efforts toward scene generation and even un-
bounded scene generation aim to produce 3D content that
can be extended infinitely in all directions. BlockFusion (Wu
et al. 2024) partitions 3D scenes into local blocks, encodes
them as triplanes, and employs triplane extrapolation to syn-
thesize neighboring blocks. Other methods utilize Truncated
Unsigned Distance Field (TUDF) (Chibane, Mir, and Pons-
Moll 2020; Yang, Chen, and Kumari 2023; Meng et al. 2025)
or vector-set latents (Lee, Han, and Chang 2025) to recon-
struct the 3D scene blocks.

While these methods achieve compelling unbounded ge-
ometry generation, they typically lack explicit texture mod-
eling. Instead, they rely on external texture synthesis and
mapping pipelines (Chen et al. 2024; Yang et al. 2024)
to produce realistic surface appearances. SynCity (Engstler
et al. 2025) proposes a training-free pipeline that divides
a scene into grids, generates descriptive captions for each
grid using Large Language Models (LLMs) (OpenAl et al.
2024), synthesizes images via text-to-image diffusion mod-
els (Black Forest Labs 2024), and finally reconstructs tex-
tured 3D scenes using pretrained 3D generation models. De-
spite its scalability, this method suffers from limited view
consistency: high-quality rendering is restricted to camera
poses seen during diffusion generation, with fidelity degrad-
ing as the viewpoint diverges.
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Figure 2: Overview of WorldGrow. Our goal is to generate infinite 3D scenes through modular, block-by-block synthesis. We
begin by curating high-quality scene blocks and adapting SLAT to better model structured 3D context. A 3D block inpainting
module enables spatially coherent extension, while a coarse-to-fine generation strategy ensures global layout plausibility and
local detail fidelity. Together, these components allow WorldGrow to progressively construct photorealistic and structurally
consistent 3D worlds with theoretically unbounded spatial extent.

3 Preliminary: TRELLIS

TRELLIS (Xiang et al. 2025), foundational to our work,
is a text/image-conditioned 3D generation model, denois-
ing features in a sparse 3D latent space. We follow the
mathematical symbol defination from TRELLIS. TRELLIS
represents 3D objects via structured latents (SLATS): z =
{(zi, pi)}£_,, where z; € R is a latent feature at position
p; in a 3D grid, with L surface voxels. A Transformer-based
VAE encodes sparse voxel features f into z and decodes
z into 3D representations (e.g., 3D Gaussians or meshes).
SLAT generation is a two-stage process: Stage 1 predicts
active voxel positions {p;}X; using structure generation
Gs. Stage 2 recovers their latent features {z;}% , using la-
tent generation G;. Each stage employs a flow Transformer
trained to reverse a noise addition process. Refer to our ex-
tended version and TRELLIS for more details.

4 Method

4.1 Task Definition and Overall Framework

We define the task of synthesizing an infinite 3D world W
exhibiting plausible layouts and high-fidelity appearances as
follows. The world W is conceptualized as an unbounded
composition of interconnected 3D blocks. Each block B
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within this world is generated iteratively, conditioned on pre-
viously synthesized blocks. For simplicity, we define B as
a rectangular block aligned with the horizontal axes (i.e.,
XY), with equal widths in the X and Y directions.

To enable infinite scene generation, WorldGrow first cu-
rates high-quality scene blocks for training (Sec. 4.2). We
adapt the SLAT representation for structured 3D block mod-
eling (Sec. 4.3), implement a 3D block inpainting module
for context-aware completion (Sec. 4.4), and describe our
coarse-to-fine generation strategy that achieves global layout
plausibility with local detail fidelity (Sec. 4.5). The pipeline
is shown in Fig. 2.

4.2 Data Curation

To enable infinite scene generation, we begin by construct-
ing a dataset of structured, extendable 3D blocks. Existing
3D datasets, such as Objaverse-XL (Deitke et al. 2023), are
predominantly object-centric, consisting of isolated assets
without spatial continuity. TRELLIS (Xiang et al. 2025) per-
forms well on such object-level data, but is not applicable to
scene-level generation, which requires modular units that are
spatially aligned and context-aware.

Scene Slicing. To bridge this gap, we propose a scene slicing
strategy that partitions full 3D scenes (e.g., a house or city)
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Figure 3: Scene-friendly SLAT better models 3D scene
blocks, particularly in areas with occlusions and near block
boundaries.

into coherent and reusable blocks. Given a full scene mesh,
we extract training-ready blocks through the following pro-
cess: we import the mesh into Blender, place a cuboid within
its bounding box, and extract content via Boolean Intersec-
tion with the scene geometry. To ensure spatial density and
avoid sparse regions, we render a top-down view and com-
pute the occupancy of each extracted cuboid—if less than
95% of the surface contains visible content, the cuboid is
repositioned and re-evaluated. This iterative sampling pro-
cess yields multiple valid placements per scene, construct-
ing a diverse set of spatially dense scene blocks, and sig-
nificantly reduces unrealistic geometry compared to naive
partitioning approaches.

Coarse-to-Fine Data Strategy. Our method aims to syn-
thesize unbounded, high-fidelity virtual worlds composed
of 3D scene blocks with plausible global layouts. However,
each block must be encoded into a SLAT, whose limited
representational capacity constrains the amount of geome-
try and appearance detail it can effectively preserve. This in-
troduces a fundamental trade-off in block design: larger 3D
blocks capture broader scene context, benefiting global lay-
out learning, but may suffer in rendering fidelity; conversely,
smaller blocks support finer visual quality but lack sufficient
spatial context to learn coherent scene structures.

To address this, we adopt a coarse-to-fine data strategy
that balances context and detail. We prepare two distinct
datasets: coarse and fine blocks'. Coarse blocks are defined
with four times the area in the XY plane while maintain-
ing the same height, thereby capturing larger spatial volumes
and richer contextual information. Both types of blocks are
extracted using the random spatial partitioning method de-
scribed previously. These dual-resolution datasets form the
foundation for training our generative pipeline across global
layout generation and local detail refinement.

4.3 Scene-friendly SLAT

While SLAT has demonstrated strong performance in
object-level generation, its direct application to 3D scene
block synthesis faces critical limitations. We identify two
primary challenges: 1) Direct feature aggregation. SLAT’s
VAE training projects multiview DINOv?2 features onto each
voxel p; and aggregates them to form its visual feature f;.

"Throughout this paper, superscripts ¢ and f on symbols de-
note their association (typically via training or definition) with the
coarse and fine datasets, respectively.
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While effective for objects with minimal self-occlusion, this
projection-based aggregation degrades in cluttered scenes
where self-occlusions are prevalent. As a result, vanilla
SLAT often fails to capture accurate spatial relationships,
leading to artifacts such as color bleeding between adjacent
surfaces. 2) Inadequate decoder for scene blocks. SLAT’s
decoder D is pre-trained on object-level data, which typi-
cally lacks detailed 3D content near object boundaries. As
a result, when applied to scene blocks, D often produces
floaters and artifacts near the block edges. These decoding
failures lead to visual discontinuities, such as floating geom-
etry or broken transitions, when multiple blocks are com-
posed into large-scale scenes.

To address these limitations, we introduce two key mod-
ifications to make SLAT more scene-friendly. First, we in-
corporate an occlusion-aware strategy during feature aggre-
gation. While conceptually simple, this adjustment signifi-
cantly improves the representation of occluded regions and
yields more consistent voxel features in cluttered scenes.
Second, we retrain the decoder D on scene block data, shift-
ing its focus from isolated objects to structured scene con-
tent. This adaptation enables the decoder to better handle
boundary regions, resulting in cleaner geometry and more
coherent textures, especially at block edges. Together, these
adaptations substantially reduce structural artifacts and en-
able more reliable scene block synthesis, as shown in Fig. 3.

4.4 3D Block Inpainting

While scene-friendly SLAT improves the quality and consis-
tency of individual block synthesis, extending a scene block-
by-block requires reasoning over partial context and ensur-
ing continuity with surrounding geometry and appearance.
To address this challenge, we formulate scene expansion as
a 3D block inpainting task, where a missing target block is
synthesized based on its surrounding spatial neighbors.

Inherent from TRELLIS, we use a two-stage inpainting
framework that operates on structure and latent space. Given
a partially observed block with missing regions, our model
first predicts the 3D structure (p;) and then reconstructs the
corresponding latent features (z;) for high-fidelity appear-
ance synthesis. To enable the model to better localize and in-
fer missing regions, we modify the input layer of the models.
Specifically, instead of using noisy latents as input, we con-
catenate three components along the channel dimension: the
noisy latents, a binary mask indicating the inpainting region,
and the masked known region itself. This design allows the
model to condition its prediction on both the known context
and explicit spatial cues of the missing area. By learning to
denoise this composite input, the network is able to infer the
structure and appearance of missing regions while preserv-
ing the observed content, improving the spatial continuity
and stability of 3D block inpainting.

To train the inpainting model, we randomly select two
splitting positions along the X and Y axes to divide each
scene block into four quadrants, keeping one as context
and masking the remaining three. For structure inpainting,
we define a voxel-level binary mask ms € {0, 1}VXNV*N,
where m¢ = 1 denotes voxels to be inpainted. The structure
generator G takes this mask as input to complete the miss-
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Figure 4: 1D illustration of our block-by-block expansion.
Existing block’s [1/2w, 7/8w) area is used as context for
inpainting the next block. Thus, the final region [7/8w, w)
is discarded and then re-generated during expansion.

ing geometry. For latent inpainting, we define a sparse mask
my = {(mi,p;)} =, where p; is the spatial coordinate and
m; € {0,1} indicates whether to inpaint. This guides the
latent generator G; to reconstruct corresponding features.
Both generators are optimized using a flow-matching loss:

H%in E(l(o),m,x),t,eHg(e(t)vmﬂegg)a €, t) - (6 - E(O))Hg’

where £9 = ¢ @ (1 — m) is the latent code masked, ®
denotes the Hadamard product, and (G, £, m) corresponds to
either (Gs, pp, ms) or (G, zy, my ), depending on the task.
To support coarse-to-fine generation, we train separate
models: G¢ on coarse blocks for structure inpainting, and

Gl, glf on fine blocks for structure and latent inpainting, re-
spectively — balancing global coherence and local detail.

4.5 Infinite Scene Generation

With all components available, we now describe how World-
Grow constructs an infinite 3D world W via a block-
based, coarse-to-fine generation strategy. Starting from a
seed block, the world is progressively extended in the XY
plane through iterative 3D block inpainting. A coarse model
first lays out the global structure across blocks, which is then
refined by fine-level models to recover detailed geometry
and generate the corresponding SLATSs for each region.
Block-by-Block Expansion. We initiate scene generation
from a seed block, which can either be synthesized by our
inpainting model with a full 3D mask or initialized using a
sample from vanilla TRELLIS. The scene is then expanded
block by block, typically along the +X and +Y directions.

For each new block, the inpainting model takes as con-
text the previously generated blocks to its left, top, and
top-left (if available). See Fig. 4 for a 1D illustration of
the expansion. To ensure continuity, we reuse a portion of
these existing blocks: Specifically, we reuse a 3/8w-wide
margin from each neighboring block along X and Y axes.
This overlapping region corresponds to [1/2w, 7/8w) on
each axis. Based on this context, we inpaint the central
5/8w x 5/8w region to complete a new 12/8w x 12/8w
block. This overlapping design ensures smooth transitions
across block boundaries and provides a consistent context
window for each expansion step.
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Coarse Structure Generation. To establish the large-scale
layout of the scene, we first apply the block-by-block gener-
ation process using the coarse structure model G¢. This pro-
duces a low-resolution but spatially coherent structure p,
that defines the overall geometry of the world.
Fine Structure Refinement. To enrich local geometry, we
refine pS, using the fine structure generator G/. We begin
by upsampling p¢, via trilinear interpolation to match the
voxel resolution of the fine stage, producing p<!/. This high-
resolution structure is then partitioned into standard fine
blocks.

Rather than generating each fine block from scratch, we
adopt a structure-guided denoising approach inspired by
SDEdit (Meng et al. 2022). For each upsampled fine block

pfﬁf:ck, we encode it into an initial latent ét(l?lz)ck. We then per-
turb this latent with controlled Gaussian noise:

e(tl) _

folock = where 0 < t' < t.

(1- t/)gé?lz;ck +t'e,

The fine generator G f denoises €§,§13Ck to reconstruct the re-

fined structure pffblock. This strategy enables preserving space
distribution priors while enhancing details, bridging global
layout and fine-scale realism in a structure-aware manner.

SLAT-Based Appearance Generation. Once the fine-level
structure of the world W, denoted as p/, is complete, we
generate the corresponding SLATs z,,. This stage follows
the same block-by-block generation strategy as used for
structure, but operates in the latent space. For each block,

the latent generator glf synthesizes latents based on previ-
ously generated SLAT and current structure mask. Unlike
structure inpainting, which uses dense voxel masks, latent
inpainting is guided by sparse latent masks. After all latent
blocks are generated, the full SLAT z,, is decoded by our
retrained D into a renderable 3D world W.

S Experiments
5.1 Experiment Settings

Datasets. To align with previous infinite generation meth-
ods, We train WorldGrow on the dataset processed from
3D-FRONT (Fu et al. 2021a,b). From the original 6,811
houses, we retain 3,072 after filtering, and include 353 addi-
tional houses that were manually corrected for higher qual-
ity. Consequently, our final dataset comprises 3,425 curated
houses with reasonable layouts and detailed furnishings.
From these, we generate 120k fine blocks and 38k coarse
blocks. We also verify WorldGrow with city dataset Urban-
Scene3D (Lin et al. 2022) in Fig. 6. Please refer to the ex-
tended version for details.

Implementation Details. We utilize a text-conditioned
TRELLIS-XL model (Xiang et al. 2025) for 3D block in-
painting, where the conditioning text consists of a fixed
generic scene description generated by a large language
model (OpenAl et al. 2024). During inference on a single
A100 GPU, each block generation takes 20 seconds (6 times
faster than SynCity’s 2 minutes), and a complete 10x 10 in-
door scene (around 272 m?) can be generated in 30 minutes
using only 13GB of peak memory. Detailed training settings
can be found in our extended version.
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Figure 5: Qualitative comparison of indoor scene generation. We compare our method with state-of-the-art infinite scene gen-
eration approaches, indoor house generation methods and our baseline TRELLIS. WorldGrow produces high-resolution, con-

tinuous indoor scenes with realistic and coherent textures.

Metrics. We evaluate our method across two aspects: scene
block generation and full scene synthesis. For block gen-
eration, we report three standard distribution-based metrics
MMD, COV, and 1-NNA computed using both CD and
EMD. We additionally adopt the perceptual FID (Heusel
et al. 2017) with PointNet++ (Qi et al. 2017; Nichol et al.
2022). We provide extra visual quality metrics in the ex-
tended version. For full-scene synthesis, we conduct a hu-
man preference study with 91 participants who compare 5
methods across 10 scenes (4 house-level, 6 unbounded) pre-
sented in random order, evaluating structural plausibility, ge-
ometric detail, appearance fidelity, and scene continuity.
Compared Methods. We compare WorldGrow with SOTA
infinite generation methods, including BlockFusion (Wu
et al. 2024) and SynCity (Engstler et al. 2025). Addition-
ally, we evaluate against scene-scale generation baselines:
Text2Room (Hoéllein et al. 2023) and DiffInDScene (Ju et al.
2024). The original and fine-tuned TRELLIS (Xiang et al.
2025) is included as a foundational baseline.

5.2 3D Scene Generation

Scene Block Generation. To evaluate scene block connec-
tivity, we modify the evaluation protocol from BlockFusion
and LT3SD. Instead of generating individual blocks in iso-
lation, we task each method with synthesizing larger 3 x 3
scenes and randomly sample 1 x 1 blocks for evaluation
against the 3D-FRONT dataset distribution.

As shown in Fig. 5, SynCity exhibits poor continuity with
visible discontinuities between segments, while other meth-
ods like fine-tuned TRELLIS produce locally valid blocks
but lack outpainting capabilities. Quantitative results in Ta-
ble 1 confirm the observations. WorldGrow achieves SOTA
performance across all geometry metrics, demonstrating su-
perior connectivity and structural coherence.

Full Scene Generation. We conduct a human preference
study following BlockFusion (Wu et al. 2024). We ask
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IMMD(x10%)] COV(%)T 1-NNA(%).|

Method /cob BMD cD EMD cp Emp|FP+
DifflnDScene [6.57 27.70  2.83 5.26 99.30 97.69|84.41
BlockFusion [2.90 28.79 16.60 13.16 97.89 98.19(25.09
SynCity 137 19.54 19.03 11.94 90.04 93.56|34.69
TRELLIS  [3.15 23.75 13.97 11.74 99.20 98.79|53.49
TRELLIS|  [147 1503 46.56 45.95 81.59 74.55|24.61
Ours 0.97 1333 51.82 46.56 66.30 69.01| 7.52
Ours wlo DC |1.00 13.84 4676 40.49 69.01 74.65| 9.09
Ours wlo CSG|1.08  13.62  43.93 40.28 73.24 72.33|17.04

Table 1: Quantitative results on scene block geometry eval-
uation. We report comparisons with state-of-the-art scene
generation methods, along with results from our ablation
study. TRELLIS' denotes TRELLIS fine-tuned on 3D-
FRONT. “DC” refers to Data Curation, and “CSG” denotes
Coarse Scene Generation.

participants to evaluate structure plausibility (SP), geom-
etry detail (GD), and appearance fidelity (AF) for indoor
scenes, with an additional criterion of continuity (CO)
for unbounded scenes. As shown in Table 2, our method
outperforms baseline methods across all criteria, partic-
ularly excelling in scene structure layout and continu-
ity—demonstrating the effectiveness of our block-by-block
expansion and coarse-to-fine generation strategy.

5.3 Ablation Study

We perform a series of experiments to validate the effective-
ness of each component.

Data Curation. We first validate our data curation by com-
paring models trained on filtered and unfiltered 3D-FRONT
data. As shown in Fig. 7, the unfiltered data results in ob-
ject interpenetration and implausible arrangements, while
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Figure 6: Infinite outdoor 3D scene generation by World-
Grow. Our method synthesizes diverse scenes such as ur-
ban streetscapes with plausible layouts, coherent subur-
ban neighborhoods with consistent styles, showing World-
Grow’s ability to be adapted to various domains.

| Textured Scenes | Unbounded Scenes

Method ' "sp” GD AF | SP GD AF CO
Tex2Room | 207 156 207 | / [ 1 [
Blockfusion / / / 348 330 1.20 3.36
TRELLIS |282 226 289|215 296 333 238
SynCity | 248 311 359|248 307 408 274
Ours 448 444 433 | 446 437 433 4.69

Table 2: Average of human preference scores (1-5).

our curated dataset produces spatially coherent scenes.
Scene-Friendly SLAT. Our scene-friendly adaptation mod-
ifies TRELLIS’s VAE to better support scene-level genera-
tion, introducing two key components: an occlusion-aware
feature aggregation mechanism and a decoder retrained on
scene blocks. To assess their impact on SLAT’s ability to
reconstruct realistic scene blocks, we conduct an ablation
study against three variants: (i) the original object-centric
VAE, (ii) a version with only occlusion-aware aggregation,
and (iii) a version with only the retrained decoder.

As shown in Table 3, applying occlusion-aware aggrega-
tion alone, without retraining the decoder, results in perfor-
mance degradation due to encoder-decoder mismatch. How-
ever, combining two components yields significant improve-
ments, demonstrating their synergy in adapting SLAT for co-
herent scene-level reconstruction.

Occ. Aware Retrain D | LPIPS | PSNR T SSIM 1
X X 0.0741 23.17 0.9273
v X 0.0850 22.23 0.9046
X v 0.0491 25.84 0.9531
v v 0.0311 31.32 0.9705

Table 3: Ablation study about components of scene-friendly
SLAT. Occ. Aware means occlusion aware feature aggrega-
tion and Retrain D is retraining VAE’s decoder.

Coarse-to-Fine Generation. Here, we validate our coarse-
to-fine generation strategy by comparing against direct fine-
scale generation. As shown in Fig. 7, direct fine generation
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Figure 7: Ablation study on key components of WorldGrow.
Left: Without Data Curation, the generated wardrobe inter-
sects with multiple walls, indicating poor spatial alignment.
Right: Without Coarse-to-Fine generation, the global furni-
ture layout becomes cluttered and less coherent.

struggles with global layout consistency, producing implau-
sible furniture arrangements. Our coarse-to-fine approach
establishes coherent structure via G¢, then enriches details
through gg‘ , achieving superior balance between global co-
herence and local realism.

6 Discussion and Future Work

While WorldGrow demonstrates strong results, several lim-
itations remain. Currently, our method extends scenes only
in the XY plane, leaving vertical expansion along the Z-
axis—essential for multi-story buildings—as an important
direction for future work. Generation quality and diver-
sity are also bounded by current 3D dataset limitations in
scale, variety, and semantic annotations. Our block-wise de-
sign trades off fine geometric details for computational fea-
sibility, prioritizing infinite generation capability over lo-
cal detail resolution. Additionally, while WorldGrow natu-
rally supports conditional control, the current implementa-
tion focuses on unconditional generation without semantic
conditioning. These limitations can be solved in future via
multi-level generation strategies, larger-scale datasets, and
enhanced LLM-generated captions .

7 Conclusion

We presented WorldGrow, a novel framework for infi-
nite 3D world generation that constructs unbounded envi-
ronments with coherent layout and photorealistic appear-
ance. Through our block-based context-aware inpainting
mechanism and coarse-to-fine refinement strategy, we lever-
age pre-trained 3D priors to overcome the fundamental
scalability and coherence limitations that have constrained
prior methods. Our comprehensive evaluation demonstrates
SOTA performance in geometry reconstruction and visual fi-
delity, while uniquely enabling the generation of large-scale
scenes that maintain both local detail and global consistency.
As virtual worlds become increasingly important for embod-
ied Al training and simulation, WorldGrow provides a prac-
tical path toward scalable, high-quality 3D content genera-
tion for future world models.
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