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Abstract

Recent advancements in generative models have enabled
3D urban scene generation from satellite imagery, unlock-
ing promising applications in gaming, digital twins, and
beyond. However, most existing methods rely heavily on
neural rendering techniques, which hinder their ability to
produce detailed 3D structures on a broader scale, largely
due to the inherent structural ambiguity derived from rela-
tively limited 2D observations. To address this challenge,
we propose Sat2City, a novel framework that synergizes
the representational capacity of sparse voxel grids with la-
tent diffusion models, tailored specifically for our novel 3D
city dataset. Our approach is enabled by three key com-
ponents: (1) A cascaded latent diffusion framework that
progressively recovers 3D city structures from satellite im-
agery, (2) a Re-Hash operation at its Variational Autoen-
coder (VAE) bottleneck to compute multi-scale feature grids
for stable appearance optimization, and (3) an inverse sam-
pling strategy enabling implicit supervision for smooth ap-
pearance transitioning. To overcome the challenge of col-
lecting real-world city-scale 3D models with high-quality
geometry and appearance, we introduce a dataset of synthe-
sized large-scale 3D cities paired with satellite-view height
maps. Validated on this dataset, our framework generates
detailed 3D structures from a single satellite image, achiev-
ing superior fidelity compared to existing city generation
models.

1. Introduction
Generating realistic 3D urban scenes [30, 31, 55, 56] has
gained significant attention in recent years, driven by ap-
plications in gaming, urban planning, and digital twin sys-
tems. With advancements in neural rendering techniques,
most prior works have focused on generating novel street-
view images or videos [10, 27–29, 33, 34, 38, 44, 59, 64]
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Figure 1. We present Sat2City, a novel framework for generating
high-fidelity 3D city models with detailed geometry and appear-
ance from a single satellite observation, in → 1 minute, using cas-
caded latent diffusion. This process is achieved even without the
need for auxiliary inputs like a segmentation map.

within urban environments. These methods are restricted to
rendering cities from a highly limited set of viewpoints and
trajectories, and the generated images or videos often lead
to poor results when explicitly reconstructing a 3D scene.

Recent methods have evolved to integrate more reliable
priors, such as segmentation and height maps from satellite
imagery, enabling a more salient abstraction of urban en-
vironments and extending novel view synthesis to broader
scales. Early on, InfiniCity [31] directly uses lifted voxels
from satellite imagery as feature volumes of neural radiance
fields (NeRFs), training a generative adversarial network
(GAN) to transform ray-sampled features into rendered
pixels. Building upon this framework, CityDreamer [55]
and its Gaussian variants [56] achieve more realistic ren-
dering effects by implementing feature-voxel partitioning
through per-pixel semantic annotation. However, these 2D
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rendering-based generation approaches still suffer from sig-
nificant 3D ambiguity due to the absence of direct supervi-
sion from 3D textured coordinates, leading to limited ca-
pability for reconstructing detailed 3D structures. Recently,
Sat2Scene [30] pioneered the use of diffusion models for di-
rect color generation on 3D point clouds. While this consti-
tutes a conceptual advance, the method faces practical lim-
itations: The color generation process relies on a densely
allocated point cloud constructed around predefined geom-
etry derived from satellite height maps. Despite achieving
photorealistic appearance rendering, this process lacks the
capability to refine the geometry and, more importantly, is
computationally expensive to scale. Furthermore, its appli-
cability is constrained by the scarcity of high-quality, tex-
tured point cloud data at urban scales, limiting its usage to
single street-level scenarios.

To address these challenges, we introduce Sat2City, a
novel generative framework that jointly synthesizes geom-
etry and appearance. Our model learns directly from our
high-quality 3D city dataset represented as colorized point
clouds, ensuring a unified representation for structured 3D
city generation. Recent advances in 3D generative mod-
eling have demonstrated significant progress in scalability
with XCube [39], an efficient framework that combines
sparse voxel grids and latent diffusion models for large-
scale outdoor scene synthesis. At its core, XCube lever-
ages a compact VDB data structure, enabling fast query-
ing and logarithmic memory scaling while preserving ex-
pressive power. Building on this foundation, we adopt
XCube’s sparse voxel grid as a unified neural representa-
tion for joint geometry and appearance encoding. In con-
trast to its closed-form successor, SCube [40], which em-
ploys Gaussian Splatting [24] with image-space texture pri-
ors, our framework directly encodes appearance as voxel
color attributes. Rather than introducing excessive com-
plexity, we leverage native sparse voxels to streamline the
pipeline while ensuring consistent 3D geometry and appear-
ance, free from multi-view reprojection artifacts.

We identify two crucial findings for capacitating the
sparse latent grids to coherently encode the appearance.
First, performing multi-level coarsening, dubbed Re-Hash,
at the VAE bottleneck plays an important role not only in
facilitating stable optimization, but also in providing global
context for smooth appearance encoding. Second, super-
vising vertex color attribute learning implicitly through in-
verse sampling at the input point cloud level could enhance
smooth visual transitions. In order to recover the geomet-
ric distribution of the original 3D data—onto which our
appearance is assigned—from height maps that are heav-
ily perturbed by noise, we additionally train a VAE with
a densified bottleneck to encode geometry. By condition-
ing the sampling of this dense latent volume on elevated
height maps, our cascaded latent diffusion model can pro-

City-Scale Appearance Explicit 3D

XCube [39] ✁ ✁ ✂
SCube [40] ✁ ✂ ✂

CityDreamer [55] ✂ ✂ ✁
Sat2Scene [30] ✁ ✂ ✂

Ours ✂ ✂ ✂

Table 1. Comparison of 3D urban scene generation methods.

gressively correct, refine, and colorize the geometry derived
from noisy height maps through triple-level latent space
conditioning, where each level is conditioned on the pre-
vious one.

In summary, our primary contributions are as follows:
• We present the first 3D city generation framework to

achieve city-scale appearance modeling with explicit ge-
ometry, producing high-fidelity and controllable urban
environments from a single satellite image (Table 1).

• We propose three key innovations enabling joint appear-
ance and geometry generation with sparse voxel grids and
latent diffusion: (1) Re-Hash, (2) Inverse Sampling, and
(3) a triplet cascaded latent diffusion framework.

• We introduce a new dataset of orthorectified satellite im-
ages paired with 3D colorized point clouds, facilitating
training of our framework.

2. Related Works
3D Generation in Object-level. The recent 3D genera-
tion methods can be divided into two paradigms: per-scene
optimization and direct generation. Per-scene optimization
methods [1, 8, 9, 14, 22, 37, 66, 73] typically require several
hours of training and are limited to specific scenes, making
them less flexible. In contrast, we opt to follow the direct
generation paradigm, which offers greater efficiency. The
direct generation can be further categorized into three types,
including feed-forward [18, 58], diffusion [39, 40, 68, 69],
and auto-regressive [4–6, 46, 49, 52, 53]. Given that
feed-forward methods are constrained by limited diver-
sity and auto-regressive methods are not well-suited for
large-scale scene generation, we focus on diffusion-based
methods due to their merits of large-scale, diversity, and
speed. In diffusion-based methods, two main representa-
tions are commonly used: latent sets [67–69] and sparse
voxels [39, 40]. We choose the latter one as our scene
representation for its inherent computational efficiency and
proven superiority in handling large-scale scenes.
3D Generation in Scene-level. Two prominent strategies
have emerged to specialize scene generation [16, 60, 65, 70]
for city generation: asset retrieval and volumetric neural
rendering. The first strategy focuses on agent-based pro-
cedural retrieval of pre-built 3D assets, such as those avail-
able in Blender, to enable the automated planning of 3D
cities [11, 43, 63, 71] or more generalized scenes [32, 72].
However, this approach is inherently limited by the ex-
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Figure 2. Sat2City Training Pipeline.

isting asset library, which makes it challenging to gener-
ate novel content. In contrast, neural rendering techniques
focus on generating novel street-view images or videos
[2, 7, 10, 16, 17, 27, 33, 60, 64, 65, 70]. Recent advance-
ments have significantly improved cross-view consistency
over long trajectories, particularly when leveraging large
datasets [10]. More recent work has explored the use of
salient urban scene representations, such as semantic vol-
umes [27, 33, 64], as controllable priors for stable city-scale
navigation. Yet, the inherent ambiguity of 3D structures
inferred from 2D generative priors continues to constrain
the robustness of these approaches when handling diverse
viewpoints. Multi-view consistency has been significantly
improved by separately modeling elements in urban envi-
ronments with fine-grained categories [31, 55, 56], though
3D consistency remains suboptimal. Training directly on
3D data presents a promising opportunity; however, exist-
ing methods are still constrained to street-level generation
and have not scaled to entire cities [30, 35, 40]. In con-
trast, our approach enables city-level generation by directly
learning from large-scale 3D urban data, ensuring both ge-
ometric and appearance consistency.

3. Method
Our method is trained on 3D city data, represented as a col-
orized point cloud PC → RN→6, along with corresponding
height maps, which are also elevated to a point cloud Ph

(see Figure 3). For geometry encoding, the point clouds
are voxelized into sparse voxel grids G, with each vertex
assigned trilinearly splatted normal attributes AN from the
point cloud. For appearance encoding, the per-vertex color
attribute ÃC is implicitly derived from the colorized point
cloud during training via trilinear interpolation at PC .

As depicted in Figure 2, our architecture integrates mul-
tiple VAEs with encoder-decoder pairs (E ,D) and latent
diffusion U-Nets ! through a two-stage training paradigm.
The VAEs initially encode sparse voxel grids into com-

Condition 
Point Cloud
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Visualization
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Figure 3. Raw Input Data. The colorized point cloud PC and
height map-derived conditional point cloud Ph are normalized for
visualization, with Ph upsampled to enhance distribution clarity.

pact latent representations X0 = {XD, XS , {XCk}nk=0},
where XD and XS respectively capture dense and sparse
geometric features while {XCk}nk=0 encodes hierarchical
appearance details through n progressively coarsen levels
(Section 3.1). Following this encoding phase, the latent
diffusion model undergoes optimization to iteratively de-
noise Gaussian-distributed features XT across T timesteps,
progressively recovering the target distribution X0 (Sec-
tion 3.2). The framework is ultimately validated on our pro-
posed dataset detailed in Section 3.3.

3.1. Triplet Bottleneck VAE
Our VAEs utilize sparse convolutional neural networks as
encoders to downsample the input sparse voxel grid. It then
employs a structure prediction backbone [20] as a decoder,
which iteratively subdivides existing voxels and prunes ex-
cessive ones, ultimately upsampling back to the same reso-
lution as the input [39]. As illustrated in Figure 4, instead of
maintaining identical sparse latent grids for all VAE bottle-
necks, we introduce two additional structures, namely the
dense neck and the re-hash neck, to represent the overall
occupancy and appearance field for downstream diffusion
sampling, respectively. The primary motivation behind den-
sification is to enable diffusion models to explicitly distin-
guish between occupied and unoccupied volumes, thereby
eliminating falsely allocated volumes introduced by con-
ditional inputs, which are highly perturbed by noise (Fig-
ure 3). Additionally, implementing densification in the bot-
tleneck rather than in the input structure sustains an afford-
able computational cost for large-scale scene encoding.
Re-Hash Neck. Although dense volumetric representations
are recommended for preserving detailed structures when
modeling 3D shapes in various tasks [19, 21], multi-level
encoding, which is essential for smooth appearance transi-
tions [23, 51], imposes a substantial computational burden
when applied to scene-level data encoding [74]. Therefore,
we introduce Re-Hash, a hierarchical coarsening mecha-
nism that progressively restructures the voxel representa-
tion through iterative resampling. Given an initial voxel grid
XC0, derived from sparse geometric feature grids via direct
“copy” (Figure 2), we construct a multi-depth hierarchy in
which each subsequent level is coarsened by a factor of two
in voxel size (Figure 4). Formally, for each depth n, the
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Figure 4. Triplet Bottleneck Architecture for VAE. All VAEs
first downsample the input sparse voxel grid into an Encoded
Sparse Neck, directly decoded by Ds, while undergoing densifi-
cation into a Dense Neck for Dd and re-hashing into a multi-level
Re-Hash Neck for Dc.

voxel resolution is updated as: vn = 2nv0, on = vn
2 ,

where vn and on denote the voxel size and origin at depth
n, respectively. At each level, the new sparse feature grid
XCn is assigned with the features from XCn↑1 using trilin-
ear interpolation, ensuring smooth transitions between reso-
lutions. Specifically, given a set of 3D query positions from
the restructured grid GCn, we sample latent features from
the previous depth using trilinear interpolation (Tri):

XCn = Tri(GCn, XCn↑1), (1)
where XCn represents the encoded features at depth n. The
final Re-Hash hierarchy preserves critical appearance de-
tails at multiple scales while facilitating a progressively re-
fined latent space for downstream processing.
Dual-Stage Appearance Training. We train two indepen-
dent VAEs for dense and sparse scenarios, respectively. For
dense geometry, we employ a conventional VAE, consist-
ing of an encoder and a decoder. Whereas in the sparse
scenario, our architecture employs a unified encoder Es to
approximate the posterior distributions of the sparse geo-
metric latent variable XS and the multi-level appearance
latent variable XCn. The model then utilizes two dis-
tinct decoders: the sparse decoder Ds reconstructs geom-
etry and normal attributes via the conditional likelihood
pDs(G,AN |XS), while the appearance decoder Dc pro-
cesses each level of the re-hashed feature grids, concate-
nates them, and feeds the result into a small multilayer per-
ceptron (MLP) to synthesize appearance, as demonstrated
in Figure 2 and detailed in the following paragraph. No-
tably, the sparse latent XS serves dual purposes: it provides
structural guidance for progressive grid pruning in XCn

during training, while also eliminating unnecessary voxel
grids that were not suppressed during dense neck pruning.
The training of the sparse VAE begins by exclusively opti-
mizing qEs(XS |G,AN ) and pDs(G,AN |XS) for geometric
fidelity until epoch E. After this stage, XS initializes the
finest-level appearance latent volume XC0, which is sub-
sequently integrated with re-hashed coarser grids and pro-
cessed through Dc to constrain the appearance latent XCn.
Inverse Sampling. Learning on 3D datasets provides gen-
erative models with significant advantages in terms of speed

~ Explicit Loss

Direct Splatting
~ Implicit Loss

Inverse Sampling

Direct Splat

Direct Point Cloud Voxelization

Voxel Voxel Point Cloud

Nearby AssignRaw Color

Figure 5. Direct Point Cloud Voxelization and Inverse Sam-
pling Process. Examples of challenging scenarios in per-vertex
color attribute learning, illustrated using a dense point cloud gen-
erated from the ShapeNet dataset [3] for the ease of demonstration.

and spatial consistency. Moreover, for appearance learning,
it offers direct supervision, reducing ambiguity. However,
directly performing per-vertex color attribute learning is
challenging. As illustrated in Figure 5, voxelizing colorized
point clouds presents challenges with both naive strategies.
(1) Direct assignment from the nearest point results in a lack
of smoothness. (2) Trilinear splatting causes color blend-
ing conflicts due to overlapping contributions from multiple
points. To address these issues, this work constrains AN

only at the vertex level while implicitly guiding the learning
of per-vertex color attributes AC through inverse sampling,
a strategy inspired by the sampling process in NeRF’s voxel
grid variants [36, 48, 74]. During the training stage, for
each level of the appearance latent hierarchy XCn, it is sep-
arately decoded through Dc into per-vertex color features,
which are then trilinearly sampled on the colorized point
cloud PC . The interpolated features from all levels are con-
catenated and processed by an MLP, resulting in estimated
point cloud color P̃C :

P̃C = MLP{↑n
k=0Tri (PC ,Dc(XCn))}, (2)

where ↑ denotes the concatenation operation applied to the
decoder outputs. At inference time, given the predicted city
geometry in the form of grid vertices G̃, we can infer its
color in the same manner:

ÃC = MLP{↑n
k=0Tri

(
G̃,Dc(XCn)

)
}. (3)

3.2. Conditional Cascaded 3D Latent Diffusion
Diffusion models are probabilistic frameworks designed to
model target data distributions, such as the latent space
X0 ↓ q(X0) in VAEs (i.e. latent diffusion model), by pro-
gressively denoising a randomly sampled variable XT ↓
N (0, I), initially drawn from a Gaussian distribution [41].
The process is based on learning the reverse denoising pro-
cedure of a fixed Markov Chain with T steps. Training
starts with the diffusion process, which progressively adds
noise to X0 over T steps to form XT . The model then
iteratively denoises XT using U-Nets, gradually recover-
ing the original latent representation X0 (Figure 2). How-
ever, single-stage latent diffusion is proven to be inade-
quate when addressing expansive 3D landscapes [39], es-
pecially when the appearance is also required [35, 40]. Our
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Figure 6. Inference pipeline of Sat2City.

model therefore adopts a sequentially conditioned diffusion
pipeline, where later stages incorporate contents from ear-
lier stages, as illustrated in Figure 6. Our generation pro-
cess comprises three consecutive sampling stages for dense
geometry latent XD, sparse geometry latent XS , and multi-
level sparse appearance latent XCn, using DDIM [47]. The
process begins by formulating the joint distribution factor-
ization with respect to the dense grid and its corresponding
latent representations as follows:

p(XD, G,AN ) = pDd(G,AN |XD)p!D (XD|c(Ph)).
(4)

Here, the initial dense geometry latent XD encodes the
overall spatial layout based on the encoded conditional
height field inputs Ph. During inference, the denoised dense
latent is decoded by Dd to generate the sparse grid output
{G,AN}, which facilitates sparse latent diffusion. This in-
termediate representation serves as a bridge between geom-
etry and appearance, leveraging {G,AN} to fit a sparse la-
tent volume for finer surface reconstruction. Crucially, the
sparse latent grid decoder records voxel pruning decisions,
struct, at each upsampling step, guiding structured pruning
during appearance decoding, since its re-hashed latent grid
does not explicitly encode geometric distributions.

p(XS , struct) = pDs(G,AN |XS)p!S (XS |G,AN ).
(5)

struct are subsequently leveraged to guide the appearance
upsampling process, ensuring that the finest-level appear-
ance feature grid maintains a consistent geometric structure
with sparse latents at each upsampling step of the appear-
ance decoder:

p(G,AN , AC) = pDc(G,AN , AC |XC)·∏N
n=0 p!Cn(XCn|struct).

(6)

Specifically, the finest-level appearance feature grid XC0

undergoes a re-hashing process, generating multiple coarser
levels. During each upsampling step, these coarser levels
(e.g., XC1 in Figure 6) are iteratively re-fitted by adapting
to the pruned voxel structure defined by XC0. Refer to Sup-
plementary Material for more details.

3.3. Sat2City Dataset
The 3D city dataset is created by artists in Blender [15] as
mesh-based models. To generate the point cloud, we ran-
domly sample 100 million points from the mesh surfaces us-

Mesh
Model

Sampled
Points

(a) Dataset Overview (b) Dataset Statistics
Height Distribution (m)

Points Num. Distribution

Height
Field

Figure 7. Overview of the Sat2City dataset.

ing CloudCompare [50]. The height field is then simulated
in Blender by mapping the texture coordinates of the eleva-
tion axis (in this case, the y-axis) into grayscale, with the
lowest and highest elevations being linearly assigned to 0
and 255, respectively. We then position a vertically aligned
orthographic camera to render a high-resolution synthetic
height map of the entire city in a single shot. The output im-
age, at a resolution of 2268↔3423 pixels, covers a land area
of 2090↔3449.4m2, achieving a ground sampling distance
of 0.93 m2 per pixel. To enhance realism and align our sim-
ulation with real-world height maps—commonly referred
to as digital surface models (DSMs) in remote sensing and
photogrammetry—the height field rendering incorporates
ambient lighting variations. Additionally, noise is intro-
duced by applying contrast scaling to the rendered height
map (Figure 3).

Figure 7 presents a layered visualization of the raw
dataset alongside its statistical insights. In Figure 7 (a),
the mesh model represents the original 3D city design in
a mesh form, with the corresponding height field displayed
in the bottom layer and the sampled point cloud in the top
layer. The raw sampled point cloud is first spatially aligned
with the height field images, ensuring a one-to-one corre-
spondence. The aligned data is then uniformly cropped into
300↔ 300 pixel segments, preserving the structural consis-
tency between the point cloud and height field throughout
the dataset. The entire dataset is randomly partitioned into
3110 instances, with 10% reserved for testing and valida-
tion, ensuring no data leakage during training. An example
of a cropped height map and its corresponding point cloud
is shown in Figure 3. These cropped point cloud instances
contain between 174,000 and 5.9 million points, as visual-
ized in Figure 7 (b). Please refer to Supplementary Material
for more details.

4. Experiments
4.1. Evaluation Protocols
Geometric Metrics. To assess the quality of the gen-
erated 3D city models, we extract their mesh representa-
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Figure 8. Qualitative Comparison with CityDreamer [55]. CityDreamer requires both segmentation and height maps, while Sat2City
relies solely on height maps. CityDreamer generates 2D city renderings, reconstructed into meshes via MASt3R [26].

tions and compute three widely used metrics for 3D gener-
ation [21, 39, 46, 54, 61]: Coverage score (COV) and Min-
imum Matching Distance (MMD). COV quantifies the pro-
portion of points in the reference point cloud that have at
least one corresponding match in the generated point cloud,
while MMD computes the average distance by identifying
the nearest neighbor in the generated set for each point in
the reference point cloud. These metrics are evaluated us-
ing Chamfer Distance (CD) and Earth Mover’s Distance
(EMD), which serve as metrics to quantify the geometric
similarity between the generated and reference point clouds.
10,000 points are randomly sampled from both the gener-
ated mesh surface and the reference point cloud for metric
computation. Please refer to [61] for more details.

Appearance Metric. A user study was conducted with
60 participants who evaluated the scene generation results
based on two criteria: Perceptual Quality (PQ) and Struc-
tural Completeness (SC), using a 10-point scale. Evalua-
tions were performed in both appearance-based mode (TPQ
and TSC) and geometry-only mode (GPQ and GSC). In
the appearance-based mode, participants assessed a textured
mesh, while in the geometry-only mode, the appearance
was replaced with a monochromatic material to emphasize
the geometric structure [54]. Please refer to the Supplemen-
tary Material for the survey design.

MMD↗ COV(%,↘)

CD EMD CD EMD
NFD (unconditional) [45] 0.0445 0.2363 22.66 29.66
BlockFusion (unconditional) [54] 0.0326 0.1865 50.49 55.66
Ours (conditional) 0.0165 0.1157 100.00 60.00

Table 2. Geometric Quality Comparison. Results for NFD and
BlockFusion are obtained through unconditional generation meth-
ods [54], while our Sat2City framework operates as a conditional
generation pipeline.

4.2. Comparison
Baselines. To the best of our knowledge, this work presents
the first 3D city generation framework trained directly with
3D supervision for both geometry and appearance encod-
ing. In the absence of directly comparable methods, we
adopt a two-fold evaluation strategy. For geometry gener-
ation quality assessment, we compare against established
3D scene generation pipelines, including BlockFusion [54]
and its reproduction of NFD [45]. For visual quality evalu-
ation, we benchmark against rendering-based urban gener-
ation baselines, CityDreamer [55] and Sat2Scene [30]. No-
tably, Sat2Scene serves as the most relevant baseline, as it
is the only architecture compatible with our dataset configu-
ration. Retraining all baselines is challenging, as BlockFu-
sion (watertight meshes) and CityDreamer (aerial images)
require inputs incompatible with Sat2City (point clouds).
Therefore, to ensure a fair comparison, we faithfully re-
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Figure 9. Qualitative Comparison with Sat2Scene [30] Trained
on Our Dataset. Since Sat2Scene lacks geometry generation, we
provide ground truth point clouds as input, whereas Sat2City gen-
erates geometry from noised height maps.

implement Sat2Scene on our dataset using its official code.
Qualitative Comparison. Figure 8 presents qualitative re-
sults comparing our method to CityDreamer [55], a state-
of-the-art (SOTA) 3D city generation pipeline. To ensure
a fair comparison, we reproduce CityDreamer by rendering
24 images per scene (its default setting in the official imple-
mentation) and applying a SOTA reconstruction model [26]
to extract comparable meshes. CityDreamer exhibits geo-
metric inconsistencies due to its reliance on image-based
rendering, whereas our Sat2City framework achieves sig-
nificantly improved spatial coherence without compromis-
ing appearance quality. Additionally, CityDreamer strug-
gles with prompt adherence, often failing to generate cities
that align with the conditional height field and segmenta-
tion map. Although CityDreamer can cover a larger area
than our method, it remains restricted to limited viewpoints,
constraining explicit 3D reconstruction. Our framework
addresses these limitations by directly integrating control
conditions into 3D generative priors, enabling precise reg-
ulation of building quantities and spatial arrangements that
strictly adhere to textual specifications, even without requir-
ing auxiliary inputs such as segmentation maps. Please refer
to Supplementary Material for more visual results.

Initial efforts to adapt diffusion models for urban mod-

TPQ↘ TSC↘ GPQ↘ GSC↘
Sat2Scene (2D) [30] 6.17 5.90 - -
Sat2Scene (3D) [30] 5.57 5.47 3.83 4.05
Sat2Scene* 3.18 3.30 3.03 3.02
CityDreamer (2D) [55] 6.40 6.63 - -
CityDreamer (3D)* 4.48 4.48 3.60 3.38
Ours 7.35 8.03 6.27 7.02

Table 3. Appearance Quality Comparison. Asterisk (*) de-
notes methods adapted for fair comparison: Sat2Scene* is re-
trained on our proposed dataset, and CityDreamer (3D)* leverages
MASt3R [26] for 3D mesh reconstruction of rendered video se-
quences. Noted that the Render Quality is directly retrieved from
the original records.

eling with 3D sparse representations were pioneered by
Sat2Scene. While effective at encoding street-level appear-
ance, its representation fails to scale to entire cities. As
shown in Figure 9, even when provided with ground truth
point clouds, Sat2Scene struggles to reconstruct meaningful
appearances when trained on our dataset. In contrast, our
framework generates high-fidelity urban structures using
only noised height-field prompts. We attribute the scalabil-
ity limitations of Sat2Scene to its dependence on high point
cloud densities: While successful generation of Sat2Scene
typically requires approximately 400 points per square me-
ter, our dataset provides only around 14 points per square
meter. This fundamental constraint underscores the advan-
tage of our 3D latent sparse representation.

Quantitative Comparison. Table 2 demonstrates that our
method consistently outperforms well-established scene-
level baselines across all geometric metrics. Sat2City
achieves a 98.1% and 7.8% improvement in COV (CD) and
COV (EMD) over previous SOTA, indicating more stable
generation quality with a lower probability of mode col-
lapse. Additionally, our method reduces MMD (CD) by
49.4% and MMD (EMD) by 37.9% compared to Block-
Fusion, suggesting superior geometric fidelity and a closer
alignment with the reference distribution. It should be noted
that the comparison here is between the complete BlockFu-
sion solution and the full Sat2City pipeline, each encom-
passing both model architecture and associated dataset.

For user perception, Table 3 shows that Sat2City con-
sistently achieves the highest scores in both textured and
geometry-only evaluations. Notably, in metrics evaluat-
ing perceived textural quality (TPQ and TSC), our direct
3D generation (7.35 TPQ, 8.03 TSC) surpasses the 2D im-
age rendering-based results of Sat2Scene(2D) (6.17 TPQ,
5.90 TSC) and CityDreamer(2D) (6.40 TPQ, 6.63 TSC).
These findings highlight that in large-scale city generation,
learning appearance directly from 3D data can also achieve
higher user approval than 2D rendering-based methods.
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Figure 10. Ablation on Re-Hash operation. Note that the Single-
dense and Dual-sparse variants produce zero values consistently
throughout the training process.

4.3. Ablations
Bottleneck Design. The primary objective of our Re-Hash
neck and its dual-stage training is to ensure stable appear-
ance optimization. To validate its effectiveness, we present
the color training loss patterns for various bottleneck and
training designs in Figure 10 as evidence of our design’s
superiority. Our ablation reveals three key findings: First,
encoding both appearance and geometric features into a
unified continuous latent representation results in signifi-
cant gradient direction conflicts, especially for sparse struc-
tural configurations. Second, when employing separate la-
tent spaces for color representation through dual-stage train-
ing, these gradient conflicts are substantially alleviated for
both sparse and dense structures, with the latter beginning
to exhibit meaningful gradient descent patterns. Notably,
the Re-Hash structure demonstrates faster and more sta-
ble convergence compared to the dual-dense design, which
shows greater loss fluctuation and requires more iterations
to stabilize. Furthermore, the color rendering results indi-
cate that the dual-dense configuration is prone to generat-
ing artifacts in appearance. This deficiency stems from its
lack of coarse-grained contextual information, which our
Re-Hash structure explicitly incorporates to enable smooth
spatial transitions in color representation.
Inverse-Sampling. Figure 12 presents qualitative ablation
study results that underscore the importance of our inverse-
sampling mechanism. In conventional direct color splatting
approaches, where vertex color attributes lack implicit su-

w/o dense 

w/o sparse 
w re-hash 

full

Figure 11. Ablation on cascaded latent diffusion.

w/o Inverse Sampling

Ours

Figure 12. Ablation on inverse sampling.

pervision from enclosed voxel points, we observe signif-
icant rendering artifacts. Our proposed inverse-sampling
enables the color attributes assigned to mesh vertices to
be continuously constrained by the spatial distribution of
points within their associated voxels, which is crucial for
maintaining appearance consistency.
Diffusion Model Hierarchy. We ablate each level of our
cascaded latent diffusion framework in Figure 11. Re-
sults indicate that relying solely on sparse structures fails to
capture unoccupied regions, leading to chaotic generations
(w/o dense scenario) under direct sparse latent diffusion.
Nevertheless, the sparse latent grid encoder is indispensable
for conveying structured pruning decisions essential for ap-
pearance decoding (w/o sparse & w/ re-hash scenario).

5. Conclusion
We present Sat2City, a novel framework that integrates
sparse voxel grids with latent diffusion models for large-
scale 3D city generation. By introducing a cascaded la-
tent diffusion framework with a VAE-based Re-Hash op-
eration and inverse sampling for effectively and efficiently
representing appearance. Sat2City, trained on our novel
dataset of satellite-view simulations and hand-crafted 3D
cities, generates detailed 3D urban structures from a single
satellite image, surpassing existing models in fidelity. For
further discussion of limitations and the potential applica-
bility to real-world satellite–3D Tiles pairs, please refer to
the Supplementary Material.
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