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Abstract. Generating realistic 3D city environments from remote sens-
ing data is important for simulation, urban planning, and mixed reality,
yet existing point cloud generation methods are limited to single ob-
jects or bounded indoor scenes and cannot handle the scale, seamless
tiling, and partial observability challenges of city-scale generation. We
present GridFlow, a multi-stage framework that generates dense, col-
ored point clouds (105 points per 150mx150m tile) at city scale, con-
ditioned on satellite imagery, semantic segmentation maps, and digital
surface models (DSM). A Grid-Aligned VAE encodes each tile into a
topology-preserving latent grid where tokens correspond to fixed spatial
regions, enabling spatially coherent multi-modal conditioning and com-
pact latent-space edge consistency that implicitly aligns thousands of
boundary points for seamless cross-tile generation. A conditional rectified
flow model synthesizes geometry latents from the fused multi-modal con-
ditions, and an orientation-aware diffusion colorizer separately handles
satellite-visible horizontal surfaces and occluded vertical fagades. To sup-
port standardized evaluation, we build on public 3D data sources to in-
troduce City3D-MultiGen, a benchmark of 163K densely annotated tiles
from Melbourne and London with aligned point clouds, satellite images,
semantic maps, and elevation data. Experiments show that GridFlow
outperforms adapted point cloud generation baselines across all geometry
metrics and produces visually coherent colored point clouds with seam-
less boundaries over arbitrarily large urban extents. Our benchmark de-
tails are available at https://huggingface.co/datasets/e32/City3D-
MultiGen.
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1 Introduction

Realistic 3D city environments are central to autonomous driving simulation,
urban planning, and virtual content creation. While photogrammetric recon-
struction yields accurate geometry from dense multi-view images, its dependence
on extensive aerial capture limits scalability and prevents content creation for
hypothetical or data-scarce regions. Generative models offer a compelling alter-
native: synthesizing plausible 3D city geometry directly from widely available
remote sensing data such as satellite images (see Fig. 1).
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Fig. 1: Overview of GridFlow visualized in Potree [37]. Given a satellite image and
optional semantic/DSM conditions, our three-stage pipeline generates dense, colored
city-scale point clouds with seamless cross-tile boundaries.

Generating 3D environments has seen growing interest across multiple rep-
resentation paradigms. Point cloud generation methods, including normalizing
flows [47], denoising diffusion [28,53], score-based models [3], latent diffusion [50],
diffusion transformers [30], and text-conditioned systems [32], have demonstrated
impressive fidelity on object benchmarks such as ShapeNet [4, 8] and have been
extended to indoor scene synthesis [14,40, 41, 51]. However, these approaches
typically operate on bounded scenes and do not address city-scale tiling, multi-
modal remote sensing conditioning, or seamless boundary consistency.

Scaling to outdoor scenes, recent works have explored semantic voxel diffu-
sion for driving scenarios [20,26], sparse voxel hierarchies for 100m-scale genera-
tion [36], LiDAR point cloud diffusion for scene completion [33,35], and semantic-
aware range-view generation [55]. In the city-generation domain, neural-field-
based approaches [6, 44, 45] and Gaussian splatting methods [19, 46] produce
visually compelling renderings but lack explicit geometry. Despite this progress,
generating dense, colored point clouds at city scale from remote sensing data re-
mains open, with three core challenges: (i) Scale—a single 150mx 150m tile con-
tains ~105 points, making direct generation intractable; voxel methods [20, 36]
sacrifice detail, and range-view approaches [35,55] couple density to sensor res-
olution. (ii) Seamless tiling—independently generated tiles must join without
seams, yet matching millions of boundary points is prohibitively expensive; ex-
isting methods either lack tiling [20, 26] or resort to post-hoc blending [23].
(iil) Partial observability—satellite sensors see horizontal surfaces but not verti-
cal facades, requiring complex and separate colorization strategies.

We address these challenges with GridFlow, a multi-stage framework built
around a structured latent representation (Fig. 3). A Grid-Aligned VAE (GA-
VAE) maps each city tile to a structured latent grid z € R64%25%25 where each
token corresponds to a fixed 6mx6m physical region. This spatial grounding
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serves two purposes: it aligns the latent space with the condition modalities for
spatially coherent conditioning, and reduces generation from a 10°-point output
space to a compact 625-token latent space. Since the latent grid is topology-
preserving, a simple MSE loss on the boundary columns of adjacent tile latents
implicitly aligns thousands of decoded boundary points, achieving seamless city-
scale tiling at negligible additional cost. A conditional rectified flow model then
synthesizes latent codes from fused satellite, semantic, and elevation features
injected at spatially matching grid positions, while an orientation-aware diffu-
sion colorizer handles the observability asymmetry by applying satellite-guided
attention to horizontal surfaces and synthesizing vertical textures from a learned
fagade pattern bank. To support standardized evaluation, we construct City3D-
MultiGen, a benchmark of 163K densely annotated tiles built on top of two pub-
licly available 3D data sources, the City of Melbourne 3D Point Cloud [7] and
HoliCity [54], covering Melbourne (Australia) and London (UK) respectively,
with aligned multi-modal data. Our contributions include:

1. A Grid-Aligned VAE that maps city scenes to a spatially grounded 2D la-
tent grid with explicit token-to-region correspondence, enabling cross-modal
conditioning and seamless boundary-aware generation.

2. A latent-space edge consistency mechanism that constrains adjacent tile la-
tents rather than decoded point clouds, reducing the matching problem by
two orders of magnitude in dimensionality and enabling seamless infinite-
extent city-scale generation.

3. An orientation-aware diffusion colorization model that addresses the partial
observability of satellite imagery through dual-path conditioning, separately
handling directly visible horizontal surfaces and occluded vertical facades.

4. A large-scale benchmark of 163K tiles from two cities with aligned point
clouds, satellite images, semantic segmentation, and DSM, together with
a fully automated processing pipeline for reproducible evaluation of condi-
tional city-scale 3D generation.

2 Related Work

Object-Level Point Cloud Generation. Early deep generative models for
point clouds operate on single objects from benchmarks like ShapeNet [4]. Achliop-
tas et al. [1] introduced auto-encoder-based latent-space GANSs, followed by
PointFlow [47] which models continuous normalizing flows, DPM [28] which
applies denoising diffusion directly in point space, and LION [50] which per-
forms latent diffusion with a hierarchical VAE. These methods produce high-
quality shapes of 2-4K points but assume centered, single-object inputs and
offer no mechanism for spatial conditioning, cross-tile consistency, or scaling
beyond ~10% points.

Indoor Scene Generation. Beyond single objects, several methods tackle
room-scale 3D scene synthesis. Text2Room [14] generates textured room meshes
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from text prompts by iteratively inpainting and fusing depth maps. Common-
Scenes [51] produces layout-conditioned 3D indoor scenes guided by scene graphs,
while DiffuScene [40] formulates indoor layout generation as a denoising diffu-
sion process over object arrangements. Wu et al. [43] introduce sketch-and-text
guided diffusion for colored point cloud generation, later extended to leverage
external knowledge for richer 3D scene synthesis from sketches [42]. While these
methods advance scene-level generation, they target bounded indoor environ-
ments and do not address the tiling, scale, or remote sensing conditioning re-
quirements of city-scale generation.

Outdoor Scene-Level Generation. Recent work extends diffusion models
to outdoor scenes at larger scales. XCube [36] generates sparse voxel hierar-
chies up to 10242 resolution for 100mx 100m outdoor scenes, while SemCity [20]
and PDD [26] produce semantic occupancy grids via triplane and coarse-to-fine
discrete diffusion, respectively. LiDiff [33] and LiDM [35] further apply point-
and range-image-level diffusion for scene completion and generation, Spiral [55]
jointly produces depth, reflectance, and semantic labels via a unified range-view
diffusion model, Skip Mamba Diffusion [21] combines state-space models with dif-
fusion for monocular 3D semantic scene completion, UrbanDiff [52] and Dynam-
icCity [2] generate semantic occupancy from driving data, and LT3SD [29] en-
ables patch-by-patch infinite 3D scene generation via latent tree diffusion. These
methods operate primarily on driving-centric data (SemanticKITTI, nuScenes)
and are either unconditional or conditioned on LiDAR scans rather than satellite
imagery.

City-Scale 3D Generation. SceneDreamer [6], CityDreamer [44], and CityDream-
erdD [45] produce unbounded city scenes via neural hash-grid fields but store
geometry only implicitly. InfiniCity [23] tiles octree voxels with neural rendering.
GaussianCity [46], Skyfall-GS [19], and Horizon-GS [16] adopt Gaussian splat-
ting for city scenes but produce Gaussian primitives rather than geometric point
clouds. ImpliCity [39] learns implicit occupancy fields from satellite images for
city-scale surface reconstruction, but targets reconstruction rather than genera-
tion. Closer to our setting, Sat2City [15], MagicCity [48], and Sat2RealCity [17]
generate 3D city content from satellite imagery via diffusion or multi-view syn-
thesis, and CymbaDiff [22| generates semantic city scenes from sketches.

A parallel line of work targets unbounded scene generation by tiling object-
or chunk-level generators. NuiScene [18] trains an explicit outpainting model,
while SynCity [9], TRELLISWorld [5], and Extend3D [49] compose overlapping
tiles via 2D inpainting, cosine-weighted latent blending, or coupled denoising,
respectively. These methods, along with the block-wise extrapolation of Block-
Fusion [41], achieve cross-tile coherence at inference time through overlapping
regions, blending, or joint denoising, which couples generation cost to the overlap
and can leave residual seams that require post-hoc registration. In contrast, our
latent-space edge consistency is a learned constraint imposed during training,
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allowing tiles to be generated fully independently at inference without overlap
or blending.

Our work differs in three respects: (i) we condition on widely available satel-
lite images and semantic maps rather than requiring 3D sensor inputs, (ii) we
generate explicit colored point clouds instead of voxel occupancy, and (iii) we
enforce latent-space edge consistency for seamless tiling, a requirement absent
in prior city-scale or driving-scenario methods.

3 City3D-MultiGen Benchmark

Existing city-scale 3D generation methods typically evaluate on small-scale or
synthetic scenes, lacking large-scale benchmarking with aligned multi-modal con-
ditions. To address this gap, we construct City3D-MultiGen, a benchmark com-
prising 163K densely annotated tiles from two cities on different continents, each
with accurately aligned point cloud geometry, satellite images, semantic seg-
mentation, and elevation data. We release the full processing pipeline code, tile
metadata, and ready-to-run data retrieval scripts that allow users to reproduce
the complete dataset at https://huggingface.co/datasets/e32/City3D-
MultiGen. The point clouds are obtained from their original public providers,
and the satellite imagery and semantic maps through these scripts, rather than
redistributed directly, as the source-data licenses and the map provider’s terms of
service do not permit redistribution. An overview of the data processing pipeline
is shown in Fig. 2.

Source Data. We draw on two complementary 3D sources: (i) The City of
Melbourne 3D Point Cloud [7] covers ~37.7km? of metropolitan Melbourne,
Australia, captured via aerial photogrammetry at 7.5 cm ground sample distance
with 25cm spatial accuracy. The dense, colorized point cloud is distributed as
georeferenced LAS tiles with RGB information. (ii) HoliCity [54] provides high-
fidelity publicly accessible FBX models covering 2 km? of central London, United
Kingdom. Point clouds were extracted by uniformly sampling the mesh surfaces
of the FBX model files. The two city datasets differ substantially: Melbourne is
largely suburban with low-rise buildings, while London is dense and structurally
complex, enabling cross-domain evaluation.

Automated Multi-Modal Alignment Pipeline. Both datasets are pro-
cessed through an identical, fully automated pipeline with no manual annotation.
The geographic extent is partitioned into 150mx150m tiles on a regular UTM
grid with 20 m center spacing. Fach tile is paired with three spatially aligned con-
dition modalities at 256 x 256 resolution: (i) satellite imagery (RGB) retrieved
via the Google Maps Static API, (ii) semantic segmentation (6 binary class
masks: Building, RoadSurface, Railway, VegetationLand, UrbanLand, WaterSur-
face) obtained by parsing custom-styled Google Maps renders, and (iii) a DSM
rasterized from point cloud elevations and normalized to [0, 1]. Point coordinates
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Fig. 2: Overview of the City3D-MultiGen data processing pipeline. Geo-registered
point clouds are partitioned into 150mx150m tiles on a regular grid. Geographic co-
ordinates extracted from each tile are used to query the Google Maps API, which
retrieves spatially aligned satellite imagery, styled semantic segmentation maps (via
custom map styling), and DSM rasterized from the point cloud elevation. The result-
ing multi-modal tile set provides paired 3D geometry and multi-modal condition data
for training and evaluation.

are centered per tile and normalized to [—1,1]?, with the vertical axis scaled in-
dependently because building heights (typically 10-50 m) are much smaller than
the 150m horizontal tile extent; uniform scaling would compress height variations
into a narrow range, losing fine vertical detail. Each raw tile contains approx-
imately 150,000 points. The dataset is split 80/10/10 into training, validation,
and test sets based on contiguous spatial regions along the grid coordinate axes,
with a minimum separation of >150m between splits, ensuring no geographic
overlap between training and test data.

4 Method

The primary input to our method is a single satellite image of a 150m x 150m city
tile at 256 x 256 resolution. Semantic segmentation maps (six land-cover classes),
which can be extracted automatically from the satellite image, and DSM, when
available, serve as auxiliary conditions that further refine spatial layout and
elevation. Structured condition dropout during training (Sec. 4.2) ensures that
the model remains effective under any subset of available modalities. The output
of our method is a colored point cloud of N=100,000 points. To the best of our
knowledge, this is the first method capable of generating a seamless city-scale
point cloud of this magnitude.

Our method comprises three stages as shown in Fig. 3: (1) a Grid-Aligned
Variational Autoencoder (GA-VAE) that learns a topology-preserving latent rep-
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Fig. 3: Overview of the proposed GridFlow framework. Stage I: A Grid-Aligned VAE
compresses 100K-point city clouds into a topology-preserving 64x25x25 latent grid.
Stage II: A conditional latent generator synthesizes geometry latents with boundary
consistency constraints from fused satellite/semantic/DSM features. Stage III: An
orientation-aware colorization model produces realistic appearance via dual-path sur-
face conditioning.

resentation of city-scale point clouds (Sec. 4.1), (2) a conditional latent generator
that synthesizes geometry in the learned latent space from the fused input modal-
ities (Sec. 4.2), and (3) an orientation-aware colorization model that produces
realistic appearance for the generated geometry (Sec. 4.3). Our design avoids the
training instability of joint geometry-color optimization and allows each stage to
employ the most suitable generative framework.

4.1 Grid-Aligned Variational Autoencoder

City environments exhibit natural spatial regularity. Buildings, roads, and vege-
tation form locally coherent clusters throughout the horizontal plane. The GA-
VAE uses this regularity by dividing the horizontal plane into a 25x25 grid of
6mx6m cells. Each cell is encoded separately, and the model then combines in-
formation across cells in a hierarchical way. The latent z € R%4%25%25 keeps a
one-to-one link between tokens and physical regions to facilitate spatially aligned
conditioning (Sec. 4.2) and latent-space edge consistency (Sec. 4.2).

Encoding. Each cell contains ~160 points on average. Points are sorted along a
Morton curve [31] and encoded by stacked selective state-space blocks (SSM) [11]
in O(N) time into a fixed-dimensional cell descriptor. The 625 cell features are
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then arranged on the 25x25 grid and refined by Swin [27] windowed self-attention
layers for local communication, augmented with a bottleneck cross-attention
module at the mid-layer: a small set of learnable global tokens (4 tokens) ag-
gregates scene-level information from all cells and broadcasts it back, enabling
global context without full attention. The same module is applied symmetrically
in the decoder.

Decoding. A symmetric windowed-attention decoder maps the latent z back to
per-cell features. For each cell, learnable point templates (160 points initialized
from N (0,0.09)) are refined via cross-attention to the decoded cell feature, fol-
lowed by self-attention among the template points. Separate MLP heads predict
horizontal and vertical offsets with asymmetric scaling: horizontal offsets are
scaled by 0.5 (matching the 6m cell extent), while vertical offsets are scaled by
4.0 (accommodating the much larger range of building heights), with a learned
per-cell height bias anchoring the generated points to the appropriate elevation.
The final coordinates are obtained by adding offsets to cell centers, yielding
252 x 160 = 100,000 points.

Training Objective. The training objective is defined as
Lyvag = Lcp + A Lueight + A Lond + AKLLKL, (1)

where L¢p is the bidirectional Chamfer distance, Lycight is & KL divergence be-
tween soft height histograms that regularizes vertical structure, Ly,q is Cham-
fer distance on tile-boundary points to preserve reconstruction fidelity near tile
edges, and Lkp, is the standard VAE regularization with a very low weight
(AkL=107°) to prioritize reconstruction.

4.2 Conditional Latent Generation

Multi-Modal Condition Fusion. Three ResNet-style encoders extract fea-
tures from satellite images, semantic segmentation maps, and DSM respectively,
with capacity proportional to each modality’s information density. The features
are projected to a common dimensionality and fused via bidirectional cross-
modal attention, where each modality queries the other two. The fused rep-
resentation Zeonqg € R2?°6%25%25 ig gpatially aligned with the VAE latent grid.
Structured condition dropout randomly zeros subsets of modalities during train-
ing, so the model learns to generate both conditionally and unconditionally; at
inference, classifier-free guidance [13] extrapolates beyond the conditional pre-
diction by contrasting it with the unconditional one, sharpening output fidelity.
This also ensures robustness when some modalities are unavailable.

Rectified Flow. Geometry latents are generated via rectified flow match-
ing [24,25], which learns a velocity field transporting Gaussian noise to data along
straight paths. Before flow training, VAE latents are normalized to zero mean
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and unit variance per channel, stabilizing the velocity targets. Given noise z; ~
N(0,I) and a normalized VAE latent zg, the interpolant is z; = (1—t)zo + tz1
with target velocity v = z; — zg. A Transformer-based velocity network [34]
operating on the flattened 25x25 latent tokens is trained with:

Liow = Egg 21t [[[Vo(2e, T, Zeona) — (21 — 20) ] - (2)

Conditions enter via two paths: a global path that modulates each transformer
layer through AdaLN scale/shift parameters derived from the pooled condition
and timestep, and a local path where 25x25 condition tokens serve as cross-
attention keys/values every two blocks, gated by a learned sigmoid. At inference,
sampling uses 50-step Heun integration with classifier-free guidance [13].

Latent-Space Edge Consistency. City-scale generation requires seamless
tiling across independently processed 150m tiles. Rather than matching 10°
boundary points in the output space, consistency is enforced directly in the
compact latent space. For adjacent tiles T}, T}, the boundary columns (or rows)
of their latents are constrained to agree:

W,
1 S (a 2
ﬁedge = 2CW5 Z Z (ZE:J)L,W—w - zg?z,qu—l) ) (3)

c,h w=1

where W.=2 is the boundary margin width (~12m), with an analogous formula-
tion for vertical neighbors. During training, each sample draws an adjacent tile
with probability 0.5. Because the latent grid is topology-preserving, matching
two columns of 64-dimensional tokens implicitly aligns the geometry of ~6,400
boundary points, making this constraint both efficient and effective.

4.3 Orientation-Aware Colorization

The observability asymmetry between horizontal and vertical surfaces demands
fundamentally different colorization strategies. Rooftops and roads are directly
visible in satellite images and can be colored via learned 3D-to-2D attention;
building facades, however, are invisible to top-down sensors and must instead
be synthesized from learned texture priors. Prior point cloud colorization meth-
ods [10, 38] assume full visibility; our satellite setting requires handling partial
observability, motivating a dual-path DDPM [12] architecture.

Dual-Path Conditioning. A point is labeled horizontal when the vertical com-
ponent of its normal is greater than 0.7, and vertical otherwise. The horizontal
path uses cross-attention between 3D point coordinates and satellite /semantic/DSM
features, learning an implicit 3D-to-2D correspondence that accommodates vary-
ing viewing angles without requiring orthorectification. The vertical path employs
a learned bank of canonical fagade texture patterns, selected and modulated by
multi-scale Fourier positional features, relative height within each building, and
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semantic class embeddings. An orientation-aware blending network produces per-
point weights that smoothly combine both paths, mixing learned and geometric
priors.

Diffusion and Training. The fused conditioning features and noisy RGB to-
kens are processed by local k-NN attention blocks with relative positional encod-
ing. Training proceeds in three phases that progressively introduce loss objec-
tives: basic noise prediction and L; reconstruction (with 2x weight on vertical
surfaces), then k-NN smoothness regularization for local color coherence, and fi-
nally a vertical texture gradient loss that enforces floor-level repetition patterns
characteristic of building fagades. This curriculum prevents the model from col-
lapsing to averaged appearances before learning fine-grained structures.

4.4 Implementation Details

The three stages are trained sequentially on the City of Melbourne 3D Point
Cloud [7], each freezing all upstream models: the VAE for 150 epochs, the flow
model for 200 epochs, and the colorization model for 50 epochs. AdamW with
cosine learning rate decay is used throughout. The color model trains on VAE-
reconstructed (rather than ground-truth) geometry with latent noise augmen-
tation to improve robustness to imperfect flow-generated latents at inference.
Training the full pipeline takes approximately 55 days on a single NVIDIA RTX
5090 GPU (29/14/12 days for the GA-VAE, flow, and colorization stages, re-
spectively). At inference, GridFlow generates one 150mx 150m tile in ~4.9s and
a 1km? area (~49 tiles) in ~4 minutes.

5 Experiments

Setup. We train GridFlow on the Melbourne split of City3D-MultiGen and
evaluate on a held-out test set of 13,363 tiles. Following the evaluation protocol
of Achlioptas et al. [1], we report Chamfer Distance (CD), F-Score (7=0.05),
Jensen—Shannon Divergence (JSD) on a 283 voxel grid, Coverage (COV-CD),
and 1-Nearest-Neighbor Accuracy (1-NNA-CD). All metrics are computed on 500
randomly sampled test tiles. Given the lack of city-scale point cloud generation
methods, we adapt four baselines to our setting for comparison. These include:
PointFlow [47], DPM [28], PVD [53], and SemCity [20]. For visual rendering
evaluation, we additionally compare with CityDreamer [44] and Skyfall-GS [19],
using PSNR, SSIM, LPIPS, FID, and histogram correlation against Google Earth

reference views.

Geometry Comparison. Table 1 and Fig. 4 present the quantitative and
qualitative geometry results on the Melbourne test set. GridFlow achieves the
best performance across all five metrics, reducing Chamfer Distance by 29%
relative to the next-best method (PVD) and reaching an F-Score of 0.884. The
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(a) GT (b) Ours (Full cond.) (c) Ours (Sat. only) (d) PVD (e) SemCity

Fig. 4: Qualitative geometry comparison on Melbourne test tiles. GridFlow produces
detailed building structures and sharp boundaries compared with other methods.

distributional metrics further highlight the gap: our JSD (0.010) is nearly 4x
lower than PVD (0.037), and our COV-CD of 51.8% indicates that our generated
tiles cover more than half of the test distribution, compared to 24.4% for PVD.
The 1-NNA-CD of 46.5%, close to the ideal 50%, confirms that GridFlow samples
are nearly indistinguishable from real tiles in the metric space. PointFlow and
DPM fail to capture the structural complexity of city tiles, producing amorphous
geometry. SemCity generates recognizable urban layouts via triplane diffusion
but introduces coarse voxelization artifacts and lacks fine-grained building detail.

Visual Comparison. To evaluate the full pipeline including colorization, we
render top-down views of generated point clouds and compare against satellite
imagery from the same locations (Table 2, Fig. 5). GridFlow achieves an SSIM
of 0.70 and FID of 58.52. That GridFlow slightly exceeds Google Earth on SSIM
and FID is expected: our method is conditioned on the evaluation satellite image,
whereas Google Earth renders come from independent multi-view capture under
different lighting. We therefore include Google Earth as a reference point, not
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Table 1: Quantitative geometry comparison on the Melbourne test set. Best results
are shown in bold.

Method CD | F-Scoret JSDJ| COV-CD 1 1-NNA-CD (—50%)
Ours 0.00272 0.8840 0.009752 51.8% 46.5%
PVD 0.00382  0.7939 0.036975 24.4% 69.8%
SemCity 0.00451 0.7800 0.144380 4.1% 96.8%
DPM 0.01936 0.5692  0.279454 5.2% 98.7%
PointFlow 0.12071 0.2513  0.786199 0.2% 100.0%

Table 2: Rendered image quality compared against the conditioning satellite image.
Results reflect conditioning fidelity; the satellite-conditioned method has a structural
advantage over methods using independent inputs.

Method PSNR 1+ SSIM 1+ LPIPS | FID | Hist-Corr 1
Ours 22.82 0.70 0.30 58.52 0.88
Google Earth 26.11 0.67 0.28 62.83 0.90
CityDreamer  13.21 0.26 0.62 155.27 0.38
Skyfall-GS 16.50 0.38 0.52 115.68 0.58

a baseline to surpass. CityDreamer produces plausible but location-agnostic im-
agery (PSNR 13.21, SSIM 0.26), and Skyfall-GS yields blurred outputs (PSNR
16.50, LPIPS 0.52) due to the limited satellite baseline.

Large-Tile Visualization. Fig. 6 shows multiple independently generated tiles
assembled from the Melbourne test set. The latent-space edge consistency mech-
anism (Sec. 4.2) enables seamless tiling: buildings, roads, and vegetation continue
naturally across tile boundaries without visible seams, demonstrating practical
viability for city-scale deployment.

Cross-Dataset Generalization. To assess generalization beyond the training
city, we evaluate the GridFlow trained on Melbourne data (as is without retrain-
ing) on the HoliCity [54] London test split. As shown in Table 3 and Fig. 7, the
model achieves a CD of 0.00394 and F-Score of 0.783, degrading only moderately
from the Melbourne results despite the substantial domain shift: London features
denser, taller buildings with more complex structural layouts compared to Mel-
bourne’s largely suburban environment. The COV-CD of 41.8% and 1-NNA-CD
of 63.7% show that, while not fully capturing London’s structural diversity, the
model produces plausible outputs that reflect the conditioning inputs, confirming
cross-city generalization of the structured latent representation.

Ablation: Conditioning Modalities. We ablate the contribution of each in-
put modality and classifier-free guidance (CFG) in Table 4. All variants use the
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(a) GT (b) Ours (c) Google Earth (d) CityDreamer

Fig. 5: Visual comparison of rendered outputs against Google Earth ground truth.
GridFlow produces scene-specific geometry and appearance closest to the reference,
while CityDreamer generates city-like but location-agnostic content, and Skyfall-GS
produces blurred reconstructions.

same checkpoint; structured condition dropout (p=0.1) during training makes
inference-time removal methodologically consistent. Every modality contributes:
removing any single condition degrades CD by 25-43%, with DSM being espe-
cially critical for distributional coverage (COV-CD drops to 23.0% without it).
Disabling CFG degrades both fidelity and diversity, confirming its role in sharp-
ening conditional generation. The VAE Recon upper bound shows that the latent
space preserves substantial geometric detail, with the remaining gap attributable
to the flow-based generation process.

6 Conclusion

We presented GridFlow, a multi-stage framework for generating dense, col-
ored city-scale point clouds from satellite imagery and auxiliary remote sensing
modalities. The key insight is a Grid-Aligned VAE that compresses 10°-point city
tiles into a topology-preserving latent grid, enabling spatially coherent multi-
modal conditioning and an efficient latent-space edge consistency mechanism
for seamless cross-tile generation. A conditional rectified flow model synthesizes
geometry latents, and an orientation-aware diffusion colorizer handles the observ-
ability asymmetry between horizontal and vertical surfaces. We also introduced
City3D-MultiGen, a benchmark of 163K tiles from Melbourne and London with
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Fig. 6: Large-scale visualization of seamlessly tiled Melbourne point clouds generated
by GridFlow. Adjacent tiles are independently generated with latent-space edge con-
sistency, producing continuous geometry across tile boundaries.
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Fig. 7: Qualitative visualization on the HoliCity (London) dataset. The model, trained
on Melbourne, generalizes to the structurally distinct London cityscape.

aligned point clouds, satellite images, semantic maps, and elevation data. Exper-
iments demonstrate that GridFlow outperforms existing point cloud generation
baselines across all geometry metrics and produces visually coherent colored
outputs with seamless boundaries over arbitrarily large urban extents.

Limitations and Future Work. The sequential three-stage training may
accumulate errors across stages; joint fine-tuning could mitigate this. Fagade
colorization relies on learned priors since satellite imagery provides no vertical
supervision; incorporating street-level images could improve quality. Cross-city
generalization degrades moderately (CD from 0.00272 to 0.00394 on London),
and the fixed tile size and cell resolution may not optimally serve all urban
morphologies. Future directions include temporal generation for urban change
simulation, multi-resolution latent grids, and scaling the benchmark to additional
cities.
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Table 3: Evaluating GridFlow with other methods, trained on the Melbourne dataset,
on the HoliCity (London) test split without retraining or finetuning.

Method CD | F-Score t JSD | COV-CD 1 1-NNA-CD (—50%)

Ours 0.00394 0.7826 0.0149 41.8% 63.7%
PVD 0.00542 0.7113 0.0526  23.5% 78.9%
SemCity 0.00613 0.6942 0.1681 6.8% 94.5%
DPM 0.02174 0.5221 0.3017 5.4% 97.8%
PointFlow 0.11261 0.2394 0.8125 0.3% 100.0%

Table 4: Ablation on conditioning modalities. VAE Recon encodes and decodes
ground-truth tiles without the flow model, serving as an upper bound. Best gener-
ative results in bold.

Variant CD | F-Scoret JSD | COV-CD 71 1-NNA-CD (—50%)
VAE Recon (upper-bnd) 0.00131  0.9861 0.0033  85.8% 47.2%

Full model 0.00272 0.8840 0.0098 51.8% 46.5%

w/0 Semantic 0.00350  0.8477 0.0340 59.2% 75.1%

w/o DSM 0.00340  0.8490 0.0206  23.0% 82.2%
Satellite only 0.00389 0.8244 0.0185  23.0% 83.9%

w/o CFG 0.00362  0.8300 0.0108  41.0% 76.0%
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