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Figure 1. PrITTI generates (1) high-quality, controllable 3D semantic urban scenes in a compact primitive-based representation using a
latent diffusion model. Starting from a generated scene (e.g. middle sample), we demonstrate downstream applications including (2) scene
editing, (3) inpainting, (4) outpainting, and (5) photo-realistic street view synthesis.

Abstract

Existing approaches to 3D semantic urban scene gener-
ation predominantly rely on voxel-based representations,
which are bound by fixed resolution, challenging to edit,
and memory-intensive in their dense form. In contrast,
we advocate for a primitive-based paradigm where urban
scenes are represented using compact, semantically mean-
ingful 3D elements that are easy to manipulate and compose.
To this end, we introduce PrITTI, a latent diffusion model
that leverages vectorized object primitives and rasterized
ground surfaces for generating diverse, controllable, and
editable 3D semantic urban scenes. This hybrid representa-
tion yields a structured latent space that facilitates object-
and ground-level manipulation. Experiments on KITTI-360
show that primitive-based representations unlock the full

capabilities of diffusion transformers, achieving state-of-
the-art 3D scene generation quality with lower memory re-
quirements, faster inference, and greater editability than
voxel-based methods. Beyond generation, PrITTI supports
a range of downstream applications, including scene edit-
ing, inpainting, outpainting, and photo-realistic street-view
synthesis. The source code and more results can be found at
https:// raniatze.github.io/pritti/ .

1. Introduction
Generating large-scale, semantically structured 3D urban
scenes is essential for digital world modeling and au-
tonomous driving simulation. Such virtual worlds enable
safety validation, rare-scenario testing, and sensor data syn-
thesis for perception and planning. However, constructing
them typically requires expert knowledge and extensive man-
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ual effort, making the process costly and time-consuming.
Although some structured 3D datasets exist, their scarcity,
particularly for outdoor settings, restricts diversity and yields
repetitive scene patterns. These limitations motivate genera-
tive approaches capable of automatically producing diverse
and realistic urban environments. To be practically useful,
such methods should additionally support controllability and
flexible editing. The extent to which these capabilities can be
achieved largely depends on the chosen underlying represen-
tation. An ideal representation should be memory-efficient,
compositional, and support localized, intuitive edits. Most
existing approaches model 3D urban environments using
voxel grids [38, 105] or hierarchical voxel structures [44, 64],
which suffer from three fundamental limitations. First, due
to cubic scaling with resolution, they are memory-inefficient
and prohibitively expensive for large environments. Second,
their fixed spatial resolution leads to limited scene detail.
For instance, tall elements of a scene (e.g. buildings or trees)
often appear truncated or distorted. Third, voxel grids are
difficult to manipulate. Even simple edits, like translating a
vehicle, require identifying and updating all related voxels
and then filling the vacated space, a process which is compli-
cated by ambiguous object-background boundaries (e.g. car
vs. road). These challenges highlight the need for a more
compact, flexible, and object-centric scene representation.

In this work, we advocate for primitives as a compelling
alternative for scalable 3D semantic scene synthesis, owing
to their compositional and parsimonious nature. Despite
their extensive use in shape abstraction [39, 52, 78, 107]
and scene parsing [22], their potential in generative settings,
especially for synthesizing 3D semantic urban scenes, re-
mains largely underexplored. Motivated by this gap, we
present PrITTI, the first framework to use coarse 3D bound-
ing primitives for generating controllable and editable 3D
semantic scenes in urban environments. While recent ap-
proaches [3, 13, 45, 62, 93, 95, 96] employ abstract semantic
layouts, these are typically hand-crafted or pre-defined in-
puts rather than generated. Our method adopts the common
primitive-based scene representations [10, 11, 41, 86], mod-
eling objects as 3D cuboids (e.g. buildings, vehicles) or
ellipsoids (e.g. trees) and ground surfaces as extruded 2D
polygons of varying shapes (e.g. road, sidewalk). Although
cuboids and ellipsoids allow consistent parameterization, the
arbitrary geometry of polygons makes uniform encoding
impractical. We address this via a hybrid representation:
ground elements are rasterized, while objects are modeled as
parameterized primitives (cuboids and ellipsoids). Training
proceeds in two stages: a variational autoencoder (VAE) [34]
first encodes 3D layouts into compact 2D latents, followed
by a latent diffusion model (LDM) [68] trained on discrete
primitive density labels for controllable scene generation.
Our LDM supports downstream tasks such as scene inpaint-
ing and outpainting without fine-tuning (see Fig. 1). This

is achieved via a latent manipulation mechanism [47] that
allows localized edits while preserving global structure. A
key component of our approach is its disentangled latent
structure, where ground and object elements are encoded
in two separate channel groups. This design enables fur-
ther applications (e.g. ground-conditioned object generation)
without extra supervision. Additionally, our instance-level
primitive representation supports intuitive editing operations
(e.g. translation, scaling, rotation). Finally, we introduce
a Cholesky-based [15] parameterization of 3D object ori-
entation and size, offering greater numerical stability over
quaternion encodings, as evidenced by our experiments.

To summarize, our method introduces: (i) the first
primitive-based framework for large-scale urban 3D scene
generation at an abstract, semantic level, (ii) a disentangled
latent representation enabling controllable manipulation, and
(iii) a stable encoding of 3D object orientation and size based
on Cholesky decomposition. Experiments demonstrate that
PrITTI achieves competitive reconstruction with lower mem-
ory requirements and delivers superior generation quality,
diversity, and editability compared to voxel-based baselines.

2. Related Work
Primitive-based Representation. Primitives have been ex-
plored since the early days of computer vision [5, 6, 9, 60,
67] as compact, compositional building blocks for objects
and scenes. With deep learning, these ideas re-emerged
for decomposing 3D shapes into semantically meaningful
parts or recovering object structure from RGB or RGB-D in-
puts. Most works represent objects using simple cuboids [39,
52, 53, 78, 107], while others adopt more expressive prim-
itive types such as superquadrics [55, 56], convexes [16],
axis-aligned Gaussians [21], and spheres [24]. Recent part-
aware generative approaches like SPAGHETTI [25] and
SALAD [35] decompose objects into primitive-based sub-
parts (e.g. legs, seat of a chair) for part-level manipulation.
Beyond individual objects, few recent methods decompose
indoor [80–82] or outdoor scenes [22] into simple geomet-
ric shapes. While [25, 35, 40, 51, 107] demonstrate primi-
tive generation at the object level, the majority of prior ap-
proaches instead use primitives for shape abstraction or scene
parsing. In contrast, we leverage parameterized primitives,
each corresponding to a distinct object instance, for abstract
3D semantic layout generation, enabling direct scene-level
operations (e.g. object arrangement), which remain beyond
the scope of prior object-centric methods.
3D Scene Generation. Recent works tackle 3D scene gen-
eration from different perspectives, aiming to synthesize
either detailed geometry or realistic appearances. Geometry-
focused methods [7, 49, 88] produce high-fidelity meshes but
lack semantic and compositional structure. Early appearance-
oriented approaches [20, 29, 73] update explicit meshes
to generate immersive 3D scenes from text. Other meth-



ods adopt volumetric scene representations, optimizing
NeRFs [103] or 3D Gaussians [54, 72, 97] for global consis-
tency and photorealism. More recent frameworks [65, 98–
100] introduce 3D-aware caches that guide view genera-
tion toward spatio-temporal coherence. Finally, two-stage
panoramic methods [30, 71, 92, 94] generate 3D scenes from
text or single images by first synthesizing a 2D panorama
and then lifting it to 3D to optimize Gaussian splats. Despite
impressive realism, these appearance-driven approaches rep-
resent scenes holistically, without explicit, object-level struc-
ture. In contrast, we emphasize a controllable semantic
layout over appearance or geometric fidelity, enabling direct
instance-level control and high-level manipulation.
Semantic Layout Generation. Prior work in this area can
be divided into indoor and outdoor approaches. Early indoor
methods generate objects sequentially using autoregressive
models [57, 66, 84], whereas recent approaches [77, 85]
predict all elements jointly using transformers or diffusion
models. Conditioning signals include floor plans [57], partial
layouts [57, 66, 84], text [84], and scene graphs [18, 42, 48,
101, 102]. While effective at room scale, these techniques
have not been demonstrated in outdoor settings, which in-
volve higher object counts and greater geometric diversity.
Early methods in this direction [17, 43, 89–91] produce 2.5D
layouts by generating pairs of top-down semantic and height
maps, then lifting objects into 3D via vertical extrusions of
2D footprints. However, they are limited by the generated
maps’ resolution and cannot capture complex scene geome-
try. Recently, voxel grids have been applied for 3D semantic
scene generation. [38] and [105] compress voxels into la-
tent triplanes to improve efficiency and train unconditional
or mask-conditional latent diffusion models, respectively.
Hierarchical voxel models [44, 64] further aim to improve
scalability by iteratively refining scenes across multiple res-
olutions. However, this design requires training multiple
VAEs and diffusion models per hierarchy level. Moreover, al-
though sparse voxel representations can significantly reduce
memory requirements, e.g. as implemented in XCube [64]
via custom CUDA operations, voxel-based approaches still
inherit the fundamental limitations of voxel grids, including
limited editability and fixed spatial resolution. Semantic
scene generation has also been applied in generative driving
simulators to synthesize traffic layouts, using agent bounding
boxes [31, 46, 76, 106], lane graphs [50], or both [14, 69, 75],
with the closest to ours being SLEDGE [14]. Unlike these
2D abstraction-based methods, our approach models 3D
scenes with richer primitive types, semantic classes, and
flexible ground geometry beyond 2D polylines.

3. Method
We introduce PrITTI, a latent diffusion model for control-
lable and editable generation of 3D primitive-based semantic
scene layouts. Fig. 2 shows an overview of our approach.

3.1. 3D Semantic Scene Layout Representation
An input 3D semantic layout S contains 3D cuboids and el-
lipsoids for object instances and upwards-extruded polygons
for ground surfaces. Given their structural differences, we
employ distinct representations for each element type:
Ground Raster Maps. Ground annotations include five
semantic classes (road, sidewalk, parking, terrain, ground)
and are defined as 2D polygons extruded into 3D (see Fig. 2).
Their varying shapes and vertex counts make consistent
parameterization difficult. We therefore perform ray casting
along the gravity direction to generate bird’s eye view (BEV)
ground raster maps that are well-suited for convolutional
networks. These consist of height maps H ∈ RH×W×5 and
binary occupancy masks B ∈ {0, 1}H×W×5.
Object primitives. We represent objects using 11 primi-
tive categories: vegetation cuboid (VC), vegetation ellipsoid
(VE), vehicle big (VB), vehicle small (VS), two-wheelers
(T W), human (H), construction big (CB), construction
small (CS), pole (P), traffic control (T C), and object (O).
All are annotated with 3D cuboids except VE , which uses
3D ellipsoids. Each primitive is parameterized by a 9D fea-
ture vector fi ∈ [0, 1]9, comprising a normalized 3D center
location ti ∈ R3 and 6D Cholesky parameters ci ∈ R6. The
latter jointly encode orientation and size via the Cholesky
decomposition [15] of a positive-definite scatter matrix repre-
senting the object’s 3D extent. Unlike eigen- or quaternion-
based encodings, this unique parameterization eliminates
orientation ambiguities caused by rotational symmetries and
improves training stability. Further details, including seman-
tic class-to-primitive mappings and Cholesky derivations,
are provided in the supplementary material.
Overall, we represent S as L = {H,B,F}, where F ∈
RM×9 stores the feature vectors of all M object primitives.

3.2. Layout Variational Autoencoder
To enable LDM-based generation, we design a layout VAE
(LVAE) with jointly trained raster and vector branches that
encode 3D scene layouts into a compact 2D latent space.
Encoding. Our architecture employs two encoders for
distinct input modalities. The convolutional ground en-
coder [68] EG encodes normalized ground raster maps to a
latent code zG ∈ Rh×w×c, where h = H/2d, w = W/2d,
and c is the latent channel dimension. The object encoder
EO processes object primitives represented by feature vec-
tors fi. To support batching during training and fixed-size
set prediction at decoding, we pad each layout to a constant
number of primitives per category, determined as a conser-
vative upper bound based on dataset statistics (see supple-
mentary material). Each primitive is thus augmented with
a 10D learnable category embedding and a binary padding
flag pi ∈ {0, 1}, yielding features F ∈ RN×20 for a fixed
number N of objects across all categories. These features
are projected to a higher-dimensional space and processed
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Figure 2. Training Overview. An input 3D semantic layout S comprises object primitives, encoded as feature vectors F, and extruded
ground polygons, rasterized into height maps H and binary occupancy masks B (Sec. 3.1). A layout VAE with separate encoder-decoder
pairs for objects (EO/DO) and ground (EG /DG) first compresses S into a structured latent representation zL (Sec. 3.2). In the second stage,
a diffusion model is trained over this latent space for controllable scene generation (Sec. 3.3). At inference, the diffusion model generates
latent codes either unconditionally or conditioned on the scene label y, which are then decoded by the VAE into novel 3D layouts.

by a Transformer encoder [79] to model inter-primitive rela-
tions. The resulting embeddings are mapped onto a learnable
2D latent grid matching the ground latent resolution via a
scatter-mean operation. Specifically, each feature is assigned
to a grid cell based on the normalized 2D center location
of its corresponding primitive, and overlapping entries are
averaged. This design preserves permutation invariance,
maintains spatial structure in the latent space, and empiri-
cally worked best in our initial experiments. The final grid
serves as the object latent zO ∈ Rh×w×c, which is channel-
wise concatenated with zG to form the joint layout latent
zL = [zG ; zO] ∈ Rh×w×2c for diffusion modeling.

Decoding. During decoding, a latent code is sampled from
the joint distribution and split along the channel dimension
into ground and object components. The ground decoder
DG reconstructs raster maps from zG using a convolutional
architecture [68]. For object primitives, the object decoder
DO is based on the DETR [12] Transformer. The latent zO
is patchified into h′×w′ tokens, which are linearly projected
and augmented with positional embeddings. These serve as
keys and values in the decoder’s cross-attention layers. For
each category, DO uses a fixed number of learnable object
queries, yielding Q ∈ RN×dL , which are transformed into
output embeddings. These are grouped by category and
passed through category-specific Feed Forward Networks
(FFNs) to predict 3D center locations t̂i, Cholesky parame-
ters ĉi, and existence probabilities p̂i for all primitives.

Training. Our first-stage training objective combines raster
and vector losses with a KL divergence term over the joint
latent (see supplementary material for a detailed formula-
tion). For ground raster maps, we apply an L1 loss on
height maps, averaged over occupied pixels, and a binary
cross-entropy (BCE) loss on occupancy masks. For ob-
ject primitives, predicted and ground-truth instances are
first matched within each category via the Hungarian al-
gorithm [36], minimizing a pairwise cost consisting of (i)
BCE loss on existence probabilities, (ii) L1 loss on center
locations, and (iii) L1 loss on Cholesky parameters. Af-
ter matching, the corresponding losses are computed per
category, normalized by the number of real ground-truth
instances in the batch, and then averaged across the batch.
Layout Reconstruction. We recover the 3D layout by fus-
ing per-class height maps into a single height field, which
is extruded into a triangle mesh. Object primitives with ex-
istence probability above a threshold are placed using their
predicted centers and Cholesky parameters. This enables
handling both sparse and dense scenes while maintaining a
fixed-size prediction set. As with the ground layout, object
primitives are meshed for visualization. Additional imple-
mentation details are provided in the supplementary material.

3.3. Diffusion Transformer and Applications

The second stage trains a LDM [68] on the joint LVAE latent
space. A RePaint-inspired [47] latent manipulation strategy



enables further downstream applications without fine-tuning.
Training. Joint layout latent codes are extracted from the
frozen LVAE and used to train a diffusion model ϵθ(ztL, t, y),
where y is a scene label controlling vegetation density (low,
medium, or high). Although we focus on vegetation, this
conditioning generalizes to other object categories and their
combinations (see supplementary material). Following [59],
we adopt a Transformer backbone and incorporate y via
adaLN-Zero blocks [61]. The model is trained to predict
Gaussian noise using a mean squared error (MSE) loss.
Scene Inpainting. RePaint [47] introduces a modified dif-
fusion sampling scheme for inpainting that synchronizes
the denoising of unknown pixels with the noised version of
known pixels. We apply this strategy in the 2D latent space
of our pre-trained DiT to enable 3D layout editing. A binary
latent mask specifies editable regions, allowing diverse ed-
its such as inpainting the left half of a scene while keeping
the right side intact (see Fig. 1 (3a)). Our disentangled la-
tent structure naturally supports ground-conditioned object
generation, where only object channels are inpainted while
ground channels remain fixed (see Fig. 1 (3b)).
Scene Outpainting. We extend a 3D layout block beyond
its original spatial extent using a sliding-window approach
that leverages the same manipulation strategy as inpainting.
To preserve spatial consistency, each newly generated block
is designed to partially overlap by 50% with its adjacent
block. The scene is first expanded in parallel along the four
cardinal directions, followed by a second pass to fill the
corner regions. This process can be iteratively applied to
produce arbitrarily large 3D scenes.
Additional details on the diffusion objective and its applica-
tions are provided in the supplementary material.

4. Experiments
Dataset. Although our method can be trained on any dataset
with 3D primitive annotations for arbitrary semantic cate-
gories, we focus on the underexplored urban setting and
conduct our main experiments on KITTI-360 [41]. KITTI-
360 annotations cover entire urban environments rather than
only selected object classes, resulting in many primitives
per scene and a demanding evaluation setting. We remove
rare labels and group the remaining ones by semantic and
scale similarity into 16 categories. Each layout covers a
64m× 64m area centered on the ego vehicle. To minimize
spatial overlap between training and test data, we thoroughly
split the dataset and discard frames with incomplete anno-
tations, yielding 61,913 training and 1,233 test poses. Split
details and additional results on Argoverse 2 [86] are pro-
vided in the supplementary material.
Baselines. As the first primitive-based method for urban 3D
semantic scene generation, we compare against recent voxel-
based baselines: SemCity [38], PDD [44], and XCube [64].
SemCity employs a two-stage pipeline, training a triplane

Method Resolution Size (MB) ↓ IoU↑ mIoU↑

SemCity [38]
642 × 8 0.12 82.19 50.52

1282 × 16 1.00 90.38 68.98
2562 × 32 8.00 81.75 70.52

SemCity-1M 2562 × 32 8.00 97.69 93.81

XCube [64] 642 × 8 0.051 82.76 35.52
2562 × 32 3.05 99.97 79.47

PrITTI (voxelized) 2562 × 32 2.52 90.58 70.27

Table 1. Stage 1: Voxel reconstruction results comparing IoU,
mIoU, and mean per-sample memory for voxel-based baselines
and voxelized PrITTI. Despite being natively primitive-based (and
hence at a disadvantage), PrITTI remains competitive on these met-
rics. Best , second-best , and third-best results refer to the same
(finest) resolution, where native size comparisons are meaningful.

SemCity XCubeGT (Prim./Voxel) Ours

Figure 3. Stage 1: Qualitative reconstruction results on the
same test scenes shown in each method’s native representation:
primitives for PrITTI and voxel grids for SemCity and XCube.
Voxel-based methods sometimes yield incomplete geometry and
grid-induced distortions, such as vertical clipping at tall primitives.

autoencoder (AE) followed by a triplane diffusion model.
We adopt its setup and voxelize our primitive scenes into a
2562 × 32 grid. PDD [44] and XCube [64] are hierarchical
voxel methods that refine scenes across scales. PDD applies
discrete diffusion over a three-level pyramid (322×4, 642×8,
2562 × 16), while XCube uses a VAE-diffusion paradigm
across two hierarchy levels (642 × 8, 2562 × 32).
Implementation Details. We implement the raster AE and
LDM using standard VAE [68] and DiT [59] backbones
from Diffusers [83]. Ground raster maps have resolution
H = W = 256, and during encoding, we use a down-
sampling factor d = 8 and latent channel dimension c = 32.
Both the object encoder and decoder use six Transformer lay-
ers, the latter processing N = 514 object queries. The diffu-
sion model is based on the DiT-B backbone with DDPM [28]
noise scheduling. Additional details are provided in the sup-
plementary material. Next, we evaluate scene reconstruction
(Sec. 4.1), followed by the full generative model (Sec. 4.2).

4.1. Stage 1: 3D Semantic Scene Reconstruction
Metrics. To evaluate 3D scene reconstruction, we compute
standard voxel-based metrics [38], including Intersection-
over-Union (IoU) and mean IoU (mIoU). IoU is evaluated



Method Raster (×10−2) Primitive
MSE ↓ IoU ↑ AP3D ↑ AP3D@50 ↑

Default 0.75 99.96 62.12 46.96
w/o latent split 3.55 99.70 53.78 39.09
w/o objects 0.59 99.96 — —
w/o ground — — 60.28 46.37

Table 2. LVAE ablations for latent split and joint training.
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Figure 4. Cholesky vs. quaternion encodings across training sizes.

on a binary occupancy grid (foreground vs. background),
while mIoU is averaged over all classes excluding the empty
one. As PDD lacks a VAE component, we report results for
SemCity, XCube, and our voxelized primitive reconstruc-
tions. Note that PrITTI is inherently primitive-based and
hence at a disadvantage in this evaluation. However, it also
supports standard 3D object detection metrics [8]. Specifi-
cally, we report the mean AP3D across all object categories
(excluding VE) and over a range of IoU3D [63] thresholds
τ ∈ {0.05, . . . , 0.50}, along with AP 50

3D at τ = 0.50. For
ground raster maps, we measure IoU for occupancy masks
and MSE for height maps reconstruction.
Primitives vs. Voxels. Our method combines ground raster
maps with primitives, yielding an edit-friendly but also more
compact and memory-efficient representation than voxel-
based baselines. As shown in Tab. 1, it requires only 2.52
MB per scene (2.50 MB for rasters, 0.02 MB for primitives)
versus 8.00 MB for SemCity and 3.05 MB for XCube at their
finest resolution. By default, during AE training, SemCity’s
decoder is evaluated on 400K sampled query points. We
found that this limits performance on our voxelized dataset
that preserves full volumetric geometry (e.g. entire build-
ing volumes instead of outlines). We hence also evaluated
an improved version with 1M query points, which greatly
improved reconstruction (mIoU 70.52 → 93.81). We refer
to this configuration as SemCity-1M. To reduce memory
usage, we also train our baselines at lower resolutions and
upsample the outputs to 2562 × 32. This reduces per-scene
memory requirements but causes a sharp drop in reconstruc-
tion quality (see Tab. 1). While upsampled models are more
memory-efficient and sometimes comparable to ours (e.g.
SemCity at 1282 × 16), they cannot scale to higher reso-
lutions, where finer grids demand prohibitive memory or
incur severe upsampling artifacts. This highlights a clear
trade-off between memory requirements and reconstruction

quality in voxel-based approaches. In contrast, our repre-
sentation is resolution-independent and achieves comparable
reconstruction quality with constant, low memory, despite
voxelization of our scenes introducing additional errors not
present in voxel-native baselines. Importantly, as will be
demonstrated in Sec. 4.2, our primitive-based model exhibits
superior generation capabilities, benefiting from its compact
and semantically-structured 3D scene representation.
Ablations. We analyze autoencoder design and object pa-
rameterization variants in Tab. 2 and Fig. 4: (i) Cholesky vs.
quaternions: We compare our Cholesky-based encoding to
a quaternion-based alternative on synthetic samples, each
containing one zero-centered vehicle primitive with random
scale and yaw. We vary the training set size while keeping
the test set fixed across all settings (see supplementary ma-
terial for details). As shown in Fig. 4, our parameterization
consistently achieves higher mean IoU3D and greater stabil-
ity, while the quaternion baseline plateaus and even degrades
with more data, likely due to sign ambiguity causing loss
discontinuities. (ii) Latent split: In this ablation (see Tab. 2
“w/o latent split”), both decoders operate on the joint latent
zL instead of their respective components zG and zO. This
modification degrades performance across all metrics (e.g.
AP3D: 62.12 → 53.78; MSE: 0.0075 → 0.0355), suggesting
each decoder benefits from domain-specific features. (iii)
Joint vs. separate training: We compare joint training of
ground and object branches in a shared latent space against
training them independently. In the default setup, a single
latent is sampled from the joint distribution and split dur-
ing decoding, whereas the ablated models (see Tab. 2 “w/o
objects” and “w/o ground”) use no shared latent or joint
optimization. Although separate training slightly improves
height map MSE (0.0059 vs. 0.0075), joint training achieves
higher AP3D (62.12 vs. 60.28) by promoting better semantic
alignment between branches, which enables context-aware
object placement (e.g. cars on road).

4.2. Stage 2: 3D Semantic Scene Generation

Metrics. We evaluate 3D scene generation using Precision
(Prec.) [37], Recall (Rec.) [37], Fréchet Inception Distance
(FID) [26], and Inception Score (IS) [70], measuring fidelity
and diversity. Following [57, 77], both the reference and
generated 3D scenes are rendered into 2562 top-down se-
mantic maps. As standard practice [19, 28, 32, 33], we use
the training set for reference and generate an equal number
of outputs using 250 DDPM sampling steps. For PrITTI,
we balance the conditioning labels by sampling an equal
number of scenes per class (low, medium, and high) with-
out classifier-free guidance, while all baseline methods are
unconditional. We found Prec. and Rec. to be sensitive to
factors such as the evaluation sample size, the diversity of
reference scenes, and the neighborhood size used for mani-
fold estimation. In practice, we select 1K reference samples
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Figure 5. 3D Semantic Scene Generation. Comparison of 3D semantic layouts generated by PrITTI (Ours, left) and voxel-based baselines
(SemCity, PDD, XCube, right). PrITTI enables controllable generation, here conditioned on vegetation density (low, medium, or high), and
produces more realistic, well-shaped scenes with clearer object boundaries. All baseline samples are generated unconditionally.

Method Variant Prec. ↑ Rec. ↑ FID ↓ IS ↑ Time (s) ↓
SemCity [38] 1M 0.133 0.063 177.623 3.454 2.35

PDD [44]
Level 1 0.000 0.000 302.256 1.558 0.94
Level 2 0.182 0.000 166.086 1.896 1.89
Level 3 0.156 0.021 159.878 2.711 12.84

XCube [64] Level 1 0.243 0.008 140.455 2.397 1.41
Level 2 0.482 0.230 94.822 3.480 3.50

PrITTI (Ours)
DiT-B 0.712 0.491 73.952 3.856 0.58
DiT-L 0.807 0.545 71.028 4.210 1.78
DiT-XL 0.812 0.616 71.735 3.964 2.11

Table 3. Generation Results. Comparison of PrITTI and baselines
across generative metrics and mean generation time per scene.

that are maximally spaced apart and use a neighborhood
size of k = 3. Additional evaluation settings and results are
provided in the supplementary material.
Results. For fair comparison, we compute all generative met-
rics using the same reference samples across methods. For
hierarchical baselines, each level is evaluated on the same set
of generated scenes, where outputs from coarser levels are
upsampled to match the finest resolution. As shown in Tab. 3,
PrITTI significantly outperforms all baselines. We further
evaluate larger diffusion model variants, DiT-L and DiT-XL,
trained with the same configuration and total compute as
DiT-B. Scaling to DiT-L yields notable improvements, while
DiT-XL offers marginal gains. Regarding SemCity, we ob-
serve a large gap between reconstruction and generation qual-
ity, partly due to class-biased query point sampling during
training and reconstruction versus uniform sampling during
generation. This leads to overprediction of frequent classes
seen in training, thereby reducing precision and recall. More-
over, its triplane-based diffusion design poses challenges in
maintaining semantic consistency across planes, whereas

our unified 2D latent space effectively mitigates these issues.
Similarly, PDD shows low generative metrics across hierar-
chy levels. Coarser stages produce overly simplified outputs
lacking fine structural detail, while the final level introduces
additional noise and semantic inconsistencies, even after two
weeks of training the corresponding diffusion model, as in
the original setup. Furthermore, the split-scene generation
strategy used at this level, where four 1282 × 16 blocks are
synthesized to form a 2562 × 16 scene, may further com-
plicate learning global consistency. Among the baselines,
XCube attains the best generative performance. Qualitative
results further highlight PrITTI’s superior generation qual-
ity over baselines. As shown in Fig. 5, PrITTI produces
diverse and coherent scenes with well-shaped, clearly sepa-
rated objects, while also supporting controllable generation.
In contrast, baseline methods often yield irregular shapes,
indistinct object boundaries, and semantically inconsistent
regions. Their scenes generally lack fine structural detail
and occasionally appear fragmented, with disjoint areas or
missing surface regions. Additional 3D and BEV-rendered
results for all methods are included in the supplementary
material, along with representative examples of low-quality
generations that help contextualize the quantitative metrics.

Tab. 3 also reports the mean generation time per scene,
averaged over 100 samples for all methods using the same
number of diffusion timesteps. For hierarchical approaches,
the reported time is cumulative across levels. Consequently,
PDD and XCube exhibit longer generation times (12.84 sec-
onds and 3.5 seconds, respectively) due to their multi-stage
processing. Overall, PrITTI achieves the fastest genera-
tion (0.58), outperforming all baselines, including SemCity
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Figure 6. Scene-level Editing. (Left) Inpainting and outpainting results. Red outlines indicate the inpainted region (second column) or the
original scene area (third column). (Right) An iterative outpainting example where the scene is progressively extended to the right. The red
outline highlights the original scene boundary, while the orange denotes the current sliding-window region being generated at each step.

(2.35), which may be attributed to its more compact latent
representation compared to SemCity’s triplane-based design.

4.3. Downstream Applications
Scene-level Editing. As illustrated in Fig. 6, our method sup-
ports both inpainting and outpainting of 3D layouts. Inpaint-
ing results show that localized edits are achieved while pre-
serving global structure, whereas outpainting results demon-
strate that scenes are extended with diverse road layouts and
coherently placed primitives. Our sliding-window mecha-
nism (Fig. 6, right) progressively expands the scene by over-
lapping with the previously generated block, maintaining
overlapping regions while synthesizing new content in the
non-overlapping space. By iteratively applying this process,
our model can generate large-scale, diverse, and semantically
coherent urban layouts without additional training.
Object-level Editing. Our instance-level primitive repre-
sentation enables intuitive object-wise editing of 3D scenes
through direct geometric operations. As shown in Fig. 1,
primitives can be easily modified, such as being rotated or
removed. Unlike voxel grids, which lack explicit object in-
stances and require costly re-generation for simple edits, our
approach supports direct manipulation by updating the cor-
responding primitive parameters (e.g. center for translation).
Photo-realistic Street-view Generation. Given a generated
3D scene, we extract the road centerline from the binary
road mask, sample camera viewpoints along it, and render
2D semantic maps. These maps are then used to condition a

ControlNet [104] fine-tuned on KITTI-360 [45]. As shown
in Fig. 1, this enables realistic view synthesis consistent with
the input semantics. Despite the coarse primitive geometry,
our layouts effectively guide image generation, producing
diverse object shapes beyond simple cuboids and ellipsoids.
Additional results for all applications, including large-scale
scene extrapolation, are provided in the supplementary.

5. Conclusion
We introduced PrITTI, the first framework for large-scale
3D semantic urban scene generation using vectorized ob-
ject primitives and rasterized ground surfaces. Our latent
diffusion model generates high-quality, diverse, and con-
trollable layouts while further supporting downstream tasks
without fine-tuning. Compared to voxel-based baselines,
PrITTI achieves similar reconstruction quality with lower
memory requirements and stronger generative performance.
In addition, unlike voxel grids, its instance-level primitive
representation enables intuitive object-level edits.
Limitations. In future work, we plan to address appearance
synthesis with task-specific rendering pipelines tailored to
our layouts [45]. Learning more expressive primitives or
deformable shapes promises to enhance geometric and visual
fidelity [2, 58]. Finally, extending our approach to dynamic
environments will pave the way toward autonomous driving
simulations and diverse adversarial scenario generation [23].
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PrITTI: Primitive-based Generation of
Controllable and Editable 3D Semantic Urban Scenes

Supplementary Material

In this supplementary material, we provide additional
details on dataset preprocessing, implementation, and exper-
imental setup. We also present further quantitative results
evaluating generative performance and additional qualita-
tive examples for all applications discussed in the main pa-
per. Our supplementary video offers a brief motivation and
overview of our method as well as extended visual results.

A. Dataset Details
In this section, we describe our dataset construction and the
key procedures used to analyze it.
Dataset Construction. KITTI-360 [41] defines 37 labels,
which we merge into 16 semantic categories, covering all ma-
jor urban scene components. As an initial step, we analyze
the dataset statistics and remove a few extremely rare labels
including tunnel, bridge, train, stop, and caravan. Among the
remaining ones, five correspond to ground-related classes
(road, terrain, sidewalk, parking, and ground), which we
treat as distinct ground categories. The rest are grouped
into 11 object categories based on both semantic and phys-
ical scale similarity, the latter being important for accurate
primitive reconstruction. A complete mapping of semantic
classes to object categories is provided in Tab. 4. For detailed
definitions of individual classes, we refer readers to [41].

For each ego-vehicle pose, we adopt its IMU coordinate
system as the local reference frame and define a 64m×64m
3D layout centered on the vehicle. The field of view (FOV)
extends 64m in the forward direction and 32m laterally
on each side. To avoid including distant or marginally visi-
ble objects, we retain only primitives whose 3D centers lie
within this FOV and ground polygons with at least one vertex
contained in it. Poses without any primitive annotations (typ-
ically at sequence boundaries) are excluded. The provided
KITTI-360 test poses are sequentially distributed over lim-
ited areas of each sequence, covering only a narrow spatial
extent. In short sequences, they typically span one continu-
ous region, while in longer sequences, they may occupy two
disjoint areas. Consequently, the original split insufficiently
represents the full spatial diversity of the scenes.

To address this, we construct a custom train-test split.
We first compute the total driving distance across all KITTI-
360 sequences and divide the full trajectory into 100 equal-
distance segments. Within each segment, the majority of
poses are assigned to the training set, while a 15m region
near the end is reserved for testing. To minimize spatial
overlap with training poses, we exclude 5m margins on
either side of the test regions. Furthermore, we remove any

test pose located within 5m in the Bird’s Eye View (BEV) of
a training pose, and vice versa. This prevents overlap caused
by the ego-vehicle revisiting the same location from opposite
directions. The final split comprises 61,913 training poses
and 1,233 test poses, ensuring broad and non-overlapping
spatial coverage across the entire dataset.
Primitive Count Selection. We adopt a fixed-size set pre-
diction strategy for object primitives rather than an autore-
gressive decoding scheme, as this offers clear advantages for
large-scale 3D scenes. Predicting all primitives in parallel
enables the model to handle hundreds of objects in a single
forward pass, whereas an autoregressive decoder would re-
quire sequential sampling, leading to higher inference time
and cumulative prediction errors. In addition, generating
the entire scene concurrently avoids imposing an arbitrary
ordering on objects, which is inconsistent with the inherently
unordered nature of scene layouts. Accordingly, we design
the object decoder DO (see Sec. B.2) to infer a fixed-size set
of N c primitives for each category c. We determine N c by
analyzing the distribution of ground-truth primitive counts
and selecting the 95th percentile as the cutoff. The resulting
values for each category are listed in Tab. 4. During prepro-
cessing, if the count of instances in a category exceeds its
predefined threshold in a given scene, we retain only the N c

closest objects to the ego-vehicle and discard the farthest
ones. This ensures that all scenes, regardless of their density,
are processed. Importantly, not all decoded objects are nec-
essarily retained in the final scene. Each predicted primitive
is associated with an existence probability, and only those
exceeding a predefined threshold are kept. This probabilistic
filtering allows the model to naturally handle both sparse
and dense scenes while maintaining a fixed-size set.
Scene Labeling. To train our class-conditional latent diffu-
sion model (see Sec. B.3), each scene is assigned a discrete
label reflecting its vegetation density. Since such annotations
are not provided in the KITTI-360 dataset, we derive them
automatically from dataset statistics. Specifically, for each
scene, we compute the total number and volume of vegeta-
tion primitives, considering both cuboids and ellipsoids. A
scene is then labeled as low if both quantities fall below their
respective 25th percentile thresholds, high if both exceed the
75th percentile, and medium otherwise.

B. Methodological Details

This section describes the representations, architectural com-
ponents, and implementation details of our method.

https://youtu.be/mk6wO3U5aB8


Object Category Semantic Classes Primitive Type Predicted Count

vegetation cuboid (VC) vegetation 3D cuboid 178
vegetation ellipsoid (VE) vegetation 3D ellipsoid 159
vehicle big (VB) truck, bus 3D cuboid 2
vehicle small (VS) car, trailer, unknown vehicle 3D cuboid 18
two-wheelers (T W) motorcycle, bicycle 3D cuboid 6
human (H) rider, pedestrian 3D cuboid 5
construction big (CB) building, garage, unknown construction 3D cuboid 16
construction small (CS) wall, fence, guardrail, gate 3D cuboid 77
pole (P) small pole, big pole 3D cuboid 19
traffic control (T C) traffic light, traffic sign, lamp 3D cuboid 17
object (O) trashbin, box, unknown object 3D cuboid 17

Table 4. List of object categories defined in our method along with their corresponding semantic classes and annotated primitive types. The
last column indicates the fixed number of primitives predicted per category, determined based on dataset statistics.

B.1. Cholesky Parameters
Standard quaternion-based encodings of 3D orientation suf-
fer from sign ambiguity: both q and −q represent the same
rotation but differ numerically. This causes discontinuities in
the loss landscape when optimized with standard regression
objectives. Similarly, eigendecomposition-based encodings
are ambiguous because eigenvectors are only defined up to
sign (i.e. both v and −v are valid but numerically distinct),
leading to comparable instability during gradient-based train-
ing. To overcome these issues, we propose a Cholesky-based
parameterization that jointly encodes orientation and size in
a continuous 6D representation.
Scatter Matrix Construction. To derive this representation,
we first define a scatter matrix S ∈ R3×3 that describes the
spatial extent of an object in 3D space. Let λ1, λ2, λ3 > 0
denote the object’s scaling factors along its principal axes,
and let v1,v2,v3 ∈ R3 be the orthonormal column vec-
tors of its rotation matrix. Defining the orthonormal ba-
sis matrix V = [v1 v2 v3] and the diagonal scale matrix
Λ = diag(λ1, λ2, λ3), the scatter matrix is given by:

S = VΛV⊤ =

3∑
j=1

λjvjv
⊤
j (1)

Cholesky Decomposition. We apply the Cholesky decom-
position [15] to the scatter matrix S, yielding

S = LL⊤ (2)

where L ∈ R3×3 is a lower-triangular matrix. The Cholesky
parameters c ∈ R6 are defined as the six non-zero entries of
L. This representation removes orientation ambiguities by
operating on the sign-invariant scatter matrix S: since each
outer product vjv

⊤
j is unchanged under sign flips vj 7→

−vj , S remains invariant.

Scatter Matrix Properties. Additionally, we can show that
S is symmetric and positive-definite:
Symmetric:

S⊤ = (VΛV⊤)⊤ = (V⊤)⊤Λ⊤V⊤ = VΛV⊤ = S (3)

since Λ is diagonal and therefore symmetric.
Positive-definite: Because V is orthonormal (i.e. V⊤ =
V−1), S is similar to Λ:

S = VΛV−1 (4)

and thus shares the same eigenvalues λ1, λ2, λ3 > 0.
These properties guarantee a unique Cholesky decomposi-
tion [15] with a lower-triangular matrix L having strictly
positive diagonal entries. This in turn defines a unique
6D representation c ∈ R6, well-suited for regression-based
learning.
Reconstruction. Given predicted Cholesky parameters ĉ,
we reshape them into a lower-triangular matrix L̂ ∈ R3×3

and recover the scatter matrix as Ŝ = L̂L̂⊤. Performing
eigendecomposition of Ŝ yields its eigenvalues λ̂1, λ̂2, λ̂3

and eigenvectors v̂1, v̂2, v̂3. These define the object’s
scale matrix Λ̂ = diag(λ̂1, λ̂2, λ̂3) and rotation matrix
R̂ = [v̂1 v̂2 v̂3].

B.2. Layout Variational Autoencoder
In the first training stage, a Layout Variational Autoencoder
(LVAE) learns to compress 3D semantic scene layouts into
compact 2D latent representations suitable for subsequent
latent diffusion modeling.

B.2.1. Architecture
The LVAE comprises separate encoder-decoder pairs for the
ground and object modalities.
Ground Encoder. Our ground encoder EG consists of
stacked downsampling blocks that progressively reduce spa-
tial resolution while increasing channel dimensionality. Each



block contains a residual unit followed by a strided convolu-
tion. Residual units include two convolutional layers with
group normalization and SiLU activation. At the bottleneck,
a self-attention layer captures global context, while addi-
tional residual blocks refine local features. The encoder takes
as input the ground raster maps, [H;B] ∈ R256×256×10, and
outputs a latent grid of shape 32× 32× 64. This grid is split
along the channel dimension into two chunks representing
the mean µG ∈ R32×32×32 and variance σG ∈ R32×32×32

of the ground latent representation.
Object Encoder. The object encoder EO operates on a fixed-
size set of object primitives, each represented by a 20D
feature vector. These vectors are first projected to a 512D
embedding space and then processed by a 6-layer Trans-
former encoder with 8 attention heads and a feedforward
dimension of 1024. A subsequent linear projection layer
reduces the output dimensionality to 64. The resulting per-
object features are spatially arranged into a latent grid of
shape 32 × 32 × 64 using a scatter-mean operation. Simi-
lar to the ground branch, the grid is split along the channel
dimension into the mean µO ∈ R32×32×32 and variance
σO ∈ R32×32×32 of the object latent representation.
Joint Layout Latent. We construct joint mean and variance
tensors, µL,σL ∈ R32×32×64, by concatenating the corre-
sponding ground and object components along the channel
axis. A joint layout latent representation zL ∈ R32×32×64

is then sampled via the reparameterization trick. This for-
mulation maintains a disentangled latent structure, enabling
straightforward separation into ground and object latents,
zG , zO ∈ R32×32×32. We found this design beneficial for
improving reconstruction fidelity and enabling further appli-
cations such as ground-conditioned primitive generation.
Ground Decoder. The ground decoder DG processes the
ground latent representation zG through a self-attention layer
followed by two residual units. The resulting features are
progressively upsampled to the original spatial resolution of
256× 256 using a cascade of upsampling blocks, each com-
prising two residual units and a transposed convolution. As
the spatial resolution increases, the channel dimensionality
is gradually reduced. A final convolutional layer maps the
output to 10 channels, matching the dimensionality of the
input ground raster maps, [Ĥ; B̂] ∈ R256×256×10.
Object Decoder. The object decoder DO adopts a
DETR [12] Transformer architecture with N learnable
queries representing the total number of predicted primitives
across all object categories. It consists of 6 Transformer
decoder layers with 8 attention heads, a feedforward dimen-
sion of 1024, and no dropout. The queries interact with
the object latent zO through cross-attention. Specifically,
zO is first patchified with a patch size of 1, producing a
sequence of 32× 32 tokens augmented with sine positional
embeddings. The resulting embeddings, each of dimension
512, are grouped by category and passed to category-specific

prediction heads.
Prediction Heads. Each object category employs a ded-
icated 3-layer feedforward network with a hidden size of
1024. For every query, the head outputs a 9D vector en-
coding the normalized 3D center location and 6D Cholesky
parameters of its corresponding primitive. An additional
linear layer predicts its probability of existence.

B.2.2. Training
The first-stage training loss consists of three components,
described below.
Ground Loss. We supervise the reconstruction of input
raster maps using: (i) a binary cross-entropy (BCE) loss
for occupancy masks and (ii) an L1 loss for height maps,
averaged over occupied pixels. Let H ∈ RH×W×5 and
B ∈ {0, 1}H×W×5 denote the ground-truth height maps and
occupancy masks, and Ĥ and B̂ their predicted counterparts.
The ground loss is defined as:

Lground = λocc
G · LBCE(B̂,B) + λheight

G · 1∑
B

∥∥(Ĥ−H)⊙B
∥∥
1

(5)

where ⊙ denotes element-wise multiplication. We set the
loss weights λocc.

G = 1 and λheight
G = 9 to balance the relative

contributions of the two terms.
Object Loss. The object decoder DO predicts a fixed num-
ber of N c primitives per object category c (see Tab. 4), lead-
ing to N =

∑11
c=1 N

c total predictions per scene. Because
the outputs are unordered, we establish one-to-one corre-
spondences between predicted and ground-truth primitives
using bipartite matching for each category independently.
Specifically, let Oc = {oi}N

c

i=1 and Ôc = {ôj}N
c

j=1 denote
the sets of ground-truth and predicted primitives for cat-
egory c, respectively. Each primitive is parameterized as
oi = (ti, ci, pi), where ti ∈ R3 is its 3D center location,
ci ∈ R6 are the Cholesky parameters, and pi ∈ {0, 1} distin-
guishes valid primitives (pi = 1) from padded placeholders
(pi = 0). We apply the Hungarian algorithm [36] to find the
optimal assignment σ̂c minimizing the total matching cost:

σ̂c = arg min
σc∈PNc

Nc∑
i=1

Lmatch(oi, ôσ(i)) (6)

where PNc is the set of all permutations of N c elements.
The pairwise matching cost is defined as:

Lmatch(oi, ôσ(i)) = λprob
O LBCE(pi, p̂σ(i))

+ 1[pi>0] λ
center
O ∥ti − t̂σ(i)∥1

+ 1[pi>0] λ
Chol
O ∥ci − ĉσ(i)∥1

(7)

After obtaining the optimal assignments, we compute the
object loss over all categories as:



Lobject =
∑
c∈C

(
Nc∑
i=1

Lmatch(oi, ôσ̂c(i))

)
(8)

where C denotes the set of object categories. Each term
in Eq. (8) is normalized by the number of real (i.e. non-
padded) ground-truth primitives in the corresponding sample,
and the normalized losses are averaged across the batch. The
weights λprob.

O , λcenter
O , and λChol.

O are configured differently
for bipartite matching and for the final loss computation. For
matching, we use category-agnostic constants: λprob.

O = 6,
λcenter
O = 3, and λChol.

O = 3. This weighting emphasizes
the BCE term to discourage pairing low-confidence predic-
tions with true instances, while assigning equal importance
to the center and Cholesky components for accurate geo-
metric alignment. During loss computation, the weights
vary across object categories according to their fixed num-
ber of predicted primitives. In particular, categories are
grouped into low-, medium-, and high-count ranges, with
higher weights assigned to higher-count groups. This ad-
justment compensates for normalization by the number of
real primitives. Without it, high-count categories, typically
containing more real instances per sample, would contribute
less to the overall loss, leading to underfitting. Within each
group, the center and Cholesky weights are balanced so that
their corresponding losses have comparable magnitudes, en-
suring that both geometric components contribute equally.
The BCE term receives a smaller weight than the geometric
terms, as existence confidence is already reinforced by the
previous matching stage. Increasing its weight would dis-
proportionately emphasize classification over geometry. The
final group-specific weights are summarized in Tab. 5.

Group Object Categories λprob.
O λcenter

O λChol.
O

Low VB, T W,H 1 3 2
Medium VS, CB,P, T C,O 3 9 7
High VC,VE , CS 5 15 12

Table 5. Category-specific loss weights grouped by object count.

KL Loss. Following a standard VAE formulation [34], we
apply a Kullback-Leibler (KL) divergence regularization on
the joint layout latent. The loss is defined as:

LKL = λKL ·
(
− 1

2

∑64
d=1

(
1 + log(σ2

L,d)− µ2
L,d − σ2

L,d

))
(9)

where µL,d and σL,d denote the mean and standard deviation
of the d-th latent dimension. We set λKL = 1e−6.
Total Loss. The overall training objective for the first stage
combines the three components as:

LLVAE = Lground + Lobject + LKL (10)
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Figure 7. Extrusion Process. An illustrative extrusion example
showing the composite color map (bottom), height field (middle),
and lifted triangle mesh (top).

B.2.3. Layout Reconstruction
To reconstruct a 3D scene layout, we follow separate proce-
dures for ground surfaces and objects, reflecting their distinct
representations. For ground surfaces, we first fuse the per-
class height maps into a composite height field by selecting,
at each pixel, the highest elevation and recording the class
that contributed it. Using a fixed label-to-color mapping,
this process simultaneously yields a composite color map
aligned with this height field. The resulting raster represen-
tation is then converted into a triangle mesh (see Fig. 7).
Each occupied pixel (u, v) is lifted to a 3D vertex (x, y, z)
using its height value and the vertex color is assigned from
the composite color map at the same location. To obtain a
continuous surface, we triangulate each 2× 2 pixel block at
indices (i, j), (i, j+1), (i+1, j), and (i+1, j+1) using a
consistent diagonal, forming two adjacent triangles per quad.
For objects, we first derive the rotation matrix R̂ and scale
matrix Λ̂ from the predicted Cholesky parameters ĉ ∈ R6,
as described in Sec. B.1. We then construct the full trans-
formation matrix T̂ ∈ R4×4 by combining these with the
predicted 3D center location t̂ ∈ R3:

T̂ =

[
R̂Λ̂ t̂
0⊤ 1

]
(11)

This transformation is applied to a unit-sized, zero-centered
3D cuboid or ellipsoid (depending on the object category) to
position the primitive within the reconstructed scene layout.

B.2.4. Implementation Details
The LVAE comprises 93.1M parameters and is trained us-
ing PyTorch Lightning1 for 3 days on a single A100 GPU
with a batch size of 32. Optimization is performed using
AdamW with a weight decay of 5e−4, combined with a
OneCycleLR scheduler. The learning rate follows a cosine
annealing schedule, starting at 1e−4 and decaying to 1e−5,

1https://lightning.ai/docs/pytorch/stable/

https://lightning.ai/docs/pytorch/stable/


without a warm-up phase. During inference, we discard ob-
ject primitives whose predicted existence probability falls
below a threshold of p̂ = 0.3. We use a single global thresh-
old across all semantic categories. This value controls the
trade-off between retaining more primitives and suppressing
low-confident ones: lower values lead to denser but poten-
tially noisier layouts, while higher values yield cleaner but
sparser reconstructions. In practice, we found that recon-
struction quality is not highly sensitive to this parameter, and
values within [0.25, 0.75] produce visually similar results.

B.3. Diffusion Transformer

In the second stage of our method, we train a latent diffusion
model (LDM) [68] on the joint layout latent space of our
pre-trained LVAE.

B.3.1. Architecture
We adopt the standard DiT architectures from [59] with
a patch size of 2, yielding 16 × 16 tokens from the joint
layout latent representation zL ∈ R32×32×64. Tab. 6 sum-
marizes the configurations of the DiT Base (B), Large (L),
and XLarge (XL) variants used in our experiments.

Model Layers Hidden Size Heads Batch Size Params (M)

DiT-B 12 768 12 256 130
DiT-L 24 1024 16 256 458
DiT-XL 28 1152 16 256 675

Table 6. Details of DiT-B, -L, and -XL model variants.

B.3.2. Training
Given an initial latent z0L, we define a forward diffusion
process that gradually corrupts it by adding Gaussian noise
over time, yielding a sequence of increasingly noisy latents
z1L, . . . , z

T
L . The noise magnitude at each step is controlled

by a variance schedule {βt ∈ (0, 1)}Tt=1. The joint distribu-
tion over all timesteps is expressed as:

q(z1:TL | z0L) =
T∏

t=1

q(ztL | zt−1
L ) (12)

q(ztL | zt−1
L ) = N (ztL;

√
1− βtz

t−1
L , βtI) (13)

A convenient property of the above process is that the noisy
latent ztL at any timestep t can be sampled in a single step
from the following distribution:

q(ztL | z0L) = N (ztL;
√
ᾱtz

0
L, (1− ᾱt)I) (14)

where αt = 1− βt, and ᾱt =
∏t

s=1 αs.
To synthesize new latents, we learn a reverse process that

denoises from pure Gaussian noise zTL ∼ N (0, I) back to a

clean latent z0L. The joint distribution of this process is:

pθ(z
0:T
L ) = p(zTL)

T∏
t=1

pθ(z
t−1
L | ztL) (15)

pθ(z
t−1
L | ztL) = N (zt−1

L ;µθ(z
t
L, t),Σθ(z

t
L, t)) (16)

where each transition is modeled as a Gaussian with learn-
able mean µθ and covariance Σθ, estimated by a denoising
network parameterized by θ. In practice, we follow [28]
and set Σθ(z

t
L, t) = σ2

t I = 1−ᾱt−1

1−ᾱt
βtI, treating it as an

untrained, time-dependent constant. Moreover, we represent
the mean µθ(z

t
L, t) as:

µθ(z
t
L, t) =

1
√
αt

(
ztL − βt√

1− ᾱt
ϵθ(z

t
L, t)

)
(17)

where ϵθ predicts the noise term ϵ in the reparameterization
ztL =

√
ᾱt z

0
L +

√
1− ᾱt ϵ.

For training, we adopt the simplified denoising objective
of [28]:

Lsimple = Ez0
L,ϵ,t

[∥∥ϵ− ϵθ
(√

ᾱt z
0
L +

√
1− ᾱt ϵ, t

)∥∥2] (18)

In our method, we further condition the denoising network
on a scene label y, controlling the density of specific scene
primitives (e.g. vegetation). The resulting conditional net-
work ϵθ(z

t
L, t, y) is trained with the modified objective:

LLDM = Ez0
L,ϵ,t,y

[∥∥ϵ− ϵθ
(√

ᾱt z
0
L +

√
1− ᾱt ϵ, t, y

)∥∥2] (19)

B.3.3. Applications
Leveraging a latent manipulation strategy inspired by Re-
Paint [47], our diffusion model enables practical downstream
tasks without the need for additional fine-tuning.
Scene Inpainting. RePaint introduced a modified diffusion-
based sampling strategy for image inpainting that employs
a binary mask to distinguish known and unknown regions.
The key idea is to leverage a pre-trained denoising diffusion
model as a generative prior and to synchronize the denoising
of unknown pixels with the noised version of known pixels.
We adapt this approach to operate in the 2D latent space
of a pre-trained LDM, enabling localized edits of 3D scene
layouts. For simplicity, we omit the subscript L and denote
the noisy layout latent at timestep t as zt. Given an initial
latent z0, the modified denoising update is formulated as:

zknown
t−1 ∼ N (

√
ᾱtz0, (1− ᾱt)I) (20)

zunknown
t−1 ∼ N (µθ(zt, t, y), σ

2
t I) (21)

zt−1 = (1−m)⊙ zknown
t−1 +m⊙ zunknown

t−1 (22)



Figure 8. Latent-space Scene Outpainting. Given a known layout block P (green) with latent zP , the diffusion model predicts the latent
zQ for an adjacent block Q (outlined in red) that partially overlaps with P . During each sampling step, the overlapping area (yellow) is
re-noised to match the current diffusion timestep, while denoising is applied to zt. The resulting latents are then combined through the mask
m, yielding a coherent representation zt−1 for the next iteration that preserves the known content and refines the unknown region (blue).

where m is a binary latent mask identifying the regions
to be edited, ⊙ denotes element-wise multiplication, and
N (µθ(zt, t, y), σ

2
t I) represents the learned reverse process

of our pre-trained diffusion model. By properly setting the
mask m, we can edit an original scene in diverse ways.
Scene Outpainting. Scene outpainting extends a 3D lay-
out beyond its original spatial extent by predicting plausi-
ble continuations of existing structures. We perform this
extrapolation directly in the latent space of our diffusion
model, using the same manipulation strategy employed for
inpainting. As illustrated in Fig. 8, the procedure adopts
a sliding-window scheme: given a known layout block P
(green) with latent representation zP , we synthesize the la-
tent zQ of an adjacent block Q (outlined in red) that overlaps
with P . The goal is to generate zQ such that the overlapping
part is faithfully preserved while the extended area remains
semantically and structurally aligned with P . In all exper-
iments, we use an overlap of 50%. This choice balances
structural coherence with generative freedom. A large value
strengthens conditioning on the known region, promoting
continuity of geometry and semantics across block bound-
aries, but it also restricts the model’s ability to produce novel
content. Conversely, overly reducing the overlap weakens
the conditioning signal, often resulting in boundary arti-
facts and semantic misalignment. To initialize the diffusion
process, we construct an input latent z0 by copying the over-
lapping region (yellow) from zP and zeroing out the rest.
A binary mask m marks the unknown area to be generated
with ones and the known region with zeros. The process
begins by sampling zT ∼ N (0, I), following the standard
reverse diffusion formulation. During each step t, the la-
tent zt is jointly denoised across both regions, yielding an

intermediate prediction zunknown
t−1 (see Eq. (21)). To maintain

statistical compatibility between the two parts, the forward
noising process is applied to the input latent z0, yielding
zknown
t−1 (see Eq. (20)). The two components are then merged

through the mask m to form a unified latent representation
zt−1 for the next denoising iteration (see Eq. (22)).

To expand a scene spatially, we apply this mechanism
in a two-stage approach. In the first pass, we generate the
four cardinal neighbors (top, bottom, left, and right), each
conditioned on its corresponding overlapping region with
the original layout. In the second pass, we synthesize the re-
maining four corner regions (top-left, top-right, bottom-left,
and bottom-right), which depend on the previously gener-
ated neighbors. We note that within each pass, all blocks
are generated in parallel. This two-stage process effectively
doubles the spatial extent of the original layout. Iteratively
applying this expansion enables the synthesis of large-scale
3D scenes, a task we refer to as large-scale scene extrapola-
tion. For simplicity, and consistent with prior work [44], we
restrict iterative extrapolation to a single spatial axis.

B.3.4. Implementation Details
All DiT variants are trained using the Diffusers library2.
Training is performed for 3 days on 4 A100 GPUs with a
batch size of 256. Optimization uses AdamW with a con-
stant learning rate of 1e−4 and a weight decay of 1e−6. An
Exponential Moving Average (EMA) with a decay rate of
0.9999 is applied to stabilize training. We employ the DDPM
scheduler with 1000 timesteps and a linear variance schedule
ranging from βstart = 0.0015 to βend = 0.015. Classifier-free

2https://github.com/huggingface/diffusers

https://github.com/huggingface/diffusers


guidance [27] is applied with a guidance scale of 4.0. Dur-
ing inference, we use 250 denoising steps, while inpainting
and outpainting employ a roll-back of J = 10 and R = 10
resampling iterations.

C. Experimental Details

In this section, we describe the synthetic dataset and evalua-
tion protocol used to compare our Cholesky-based encoding
with a quaternion-based alternative. For this ablation study,
we generate synthetic datasets of increasing size, where each
sample contains a single zero-centered vehicle primitive with
randomly sampled scales and yaw rotations. The training
sets consist of 1.2K, 2.5K, 5K, and 10K samples, with each
larger set including all samples from the smaller ones. A
shared test set of 2K samples is used for evaluation. To
reduce variance from random sampling, dataset generation
is repeated with five different random seeds. For each seed
and training size, both encoding variants are trained for 20
epochs, and the mean IoU3D is computed on the shared test
set. Final results are reported as the average IoU3D over all
seeds for each dataset size.

D. Baseline Methods

To the best of our knowledge, no prior work tackles 3D
semantic urban layout generation using primitives. We there-
fore compare against three recent and well-established voxel-
based methods, all trained from scratch on our voxelized
dataset: SemCity [38], PDD [44], and XCube [64]. This
comparison allows us to empirically demonstrate the bene-
fits of primitives over voxels, the prevailing representation
in this field, which is central to our contribution. SemC-
ity adopts a continuous triplane diffusion model trained
on the SemanticKITTI [4] and CarlaSC [87] datasets. It
first trains a triplane autoencoder and then applies diffu-
sion within the learned latent triplane space. The model
follows a non-hierarchical design and supports downstream
tasks such as semantic scene inpainting, outpainting, and
completion refinement. PDD employs a discrete, hierar-
chical diffusion paradigm trained on the synthetic CarlaSC
dataset. It generates scenes in a coarse-to-fine manner across
three pyramid levels. The first level synthesizes scenes un-
conditionally from noise, while subsequent levels condi-
tion on the preceding outputs to progressively refine scene
details. PDD supports large-scale scene outpainting and
conditioned scene generation, the latter refining a ground-
truth coarse layout into a more detailed semantic scene.
XCube generates large-scale 3D scenes using a hierarchi-
cal sparse-voxel representation trained across the Karton
City [1] and Waymo [74] datasets. Each level in the hierar-
chy is trained independently and consists of a VAE-diffusion
pair trained sequentially (VAE first, then diffusion). Both
the VAE and diffusion components use 3D UNet backbones.

For urban scenes, XCube supports both unconditional and
single-LiDAR-scan–conditioned generation, though the con-
ditional implementation is not yet publicly available. Tab. 7
summarizes the model and training configurations for all
baseline methods and PrITTI. Following the original imple-
mentations, PDD and XCube are trained using 4 and 8 A100
GPUs, respectively. In addition to training configurations,
we also compare the peak GPU memory usage of all meth-
ods under the same inference setup. As shown in Tab. 8, our
method is more memory-efficient than voxel-based baselines,
consistent with the use of a primitive-based representation.

E. Additional Qualitative Results
In this section, we present additional qualitative results for
all tasks described in the main paper.
3D Semantic Scene Generation. Fig. 14 presents 3D se-
mantic scenes generated by our method. By conditioning
the LDM on discrete scene labels controlling vegetation den-
sity, we can produce scenes with (a) high, (b) medium, and
(c) low vegetation. Additional BEV semantic renderings
of synthesized scenes, used for computing the generative
metrics reported in the main paper, are shown in Fig. 15.
Notably, conditioning on vegetation density serves only as
a minimal illustration of controllability through our class-
conditional DiT. This conditioning scheme is general and
can be naturally extended to other primitive categories (e.g.,
vehicles) or their combinations. To demonstrate this, we
additionally trained models conditioned on vehicle density
and joint vegetation–vehicle densities. Qualitative results are
shown in Fig. 16 and Fig. 17, respectively. For comparison,
we provide 3D and BEV rendering results for all baselines,
generated unconditionally: SemCity (Fig. 18, Fig. 19), PDD
(Fig. 20, Fig. 21), and XCube (Fig. 22, Fig. 23). As seen in
their BEV renderings and Fig. 9, these methods often pro-
duce scenes with limited semantic consistency and structural
coherence, exhibiting blended geometries, irregular object
shapes, and noisy semantic predictions. These artifacts re-
duce the perceived realism of the results, aligning with the
lower quantitative generative performance in the main paper.
Scene Inpainting and Outpainting. Fig. 24 and Fig. 27
present additional scene inpainting and outpainting results
produced by our method, respectively. As illustrated in
Fig. 24, by appropriately setting the binary latent mask m
(see Eq. (22)), we can achieve flexible, localized scene edits
in arbitrary directions (e.g. top, bottom, left, right). Among
the baselines, only SemCity reports both inpainting and out-
painting results. Fig. 26 compares our method with SemCity,
demonstrating that PrITTI produces coherent and semanti-
cally consistent edits and extensions, whereas SemCity often
yields fragmented or contextually inconsistent structures,
particularly in the outpainting setting. XCube does not ad-
dress these scene-level editing tasks, and PDD provides only
qualitative results for large-scale scene extrapolation, which



Method Hierarchical Level Voxel Size (m) Voxel Resolution VAE Train (days) Diff. Train (days)

SemCity [38] ✗ Single 0.25 2562 × 32 3 3

PDD [44] ✓
Coarse 2.0 322 × 4 — 1

Medium 1.0 642 × 8 — 2
Fine 0.25 2562 × 16 — 14

XCube [64] ✓
Coarse 1.0 642 × 8 1 2
Fine 0.25 2562 × 32 6 7

PrITTI (Ours) ✗ Single — — 3 3

Table 7. Comparison of Architectures and Training Configurations. For each method, we report the model hierarchy, resolution settings,
and the corresponding VAE and diffusion training times (where applicable).

Figure 9. Low-quality scene generation examples from baseline methods exhibiting fragmented geometry and semantic inconsistencies.

Metric SemCity PDD XCube Ours (DiT-B)

Peak GPU Memory (GB) 8.30 1.33 4.84 0.89

Table 8. Peak GPU memory usage (GB) under identical inference
settings (100 scenes, batch size 1, single GPU).

we compare against in a later section.
Ground-conditioned 3D Primitives Generation. Fig. 25
illustrates a special case of inpainting enabled by our disen-
tangled latent representation. By keeping the ground chan-
nels fixed and inpainting only the object channels, our model
generates novel object primitives conditioned on a consistent
ground layout. This is achieved using a pre-trained LDM
without any additional training.
Large-scale Scene Extrapolation. Fig. 28 shows large-
scale scene extrapolation results of our method, starting
from an initially generated layout block (outlined in red) and
progressively extending it upward. The extrapolated layouts
exhibit strong global coherence, preserving smooth road
connectivity and semantically consistent transitions between

synthesized regions. All examples use the medium vegeta-
tion density condition. Changing the label to low or high can
enable extrapolation of the same initial block under different
vegetation settings, highlighting our model’s controllability
(see supplementary video for an example). For compari-
son, we also include results from PDD, the only baseline
supporting large-scale scene extrapolation. SemCity pro-
vides code only for outpainting a generated block twice (see
Fig. 26), and therefore cannot be evaluated here. As shown
in Fig. 29, PDD often fails to maintain global structure:
roads are disconnected between adjacent blocks, buildings
are frequently misplaced, and abrupt semantic transitions
occur across generated areas, resulting in overall fragmented
and visually implausible large-scale layouts. In contrast, our
method produces continuous, well-aligned extrapolations
with consistent semantics and geometry across large regions.

Object-level Editing. Our framework maintains an instance-
level vector representation for each primitive, parameterized
by its 3D center location and 6D Cholesky parameters. This
formulation allows intuitive manipulation of individual ob-



jects by directly updating their corresponding parameters
(e.g. center for translation, Cholesky parameters for rotation
and scaling). Fig. 30 illustrates additional editing results,
where simple transformations are applied to randomly se-
lected vehicle primitives from the original scene (column
a). Columns (b-e) visualize examples of dropout, rotation,
scaling, and translation, respectively. In contrast, object-
level manipulation in voxel-based scene representations re-
mains highly challenging. First, identifying which voxels
correspond to a particular object typically requires explicit
segmentation, which is often complicated by ambiguous
object-background boundaries. Furthermore, even after seg-
mentation, applying a transformation such as translation
requires moving the corresponding voxel subset and then fill-
ing in the vacated space. Consequently, existing voxel-based
approaches for 3D semantic urban scene generation provide
little or no support for object-level editing. For instance,
PDD and SemCity do not enable any form of direct instance-
level manipulation, while XCube only supports manual voxel
addition or removal for a single object at the coarsest level
of its hierarchy through a dedicated user interface.
Photo-realistic Street View Synthesis. Fig. 31 presents
additional examples demonstrating how 2D semantic maps
rendered from our generated 3D scenes can be translated
into photo-realistic street-view images. For this task, we em-
ploy the ControlNet [104] model from Urban Architect [45],
which is fine-tuned on KITTI-360 3D semantic layouts. Al-
though some visual artifacts exist, the rendered maps serve
as effective conditioning signals and reliably guide the image
generation process. Notably, despite the coarse geometry of
our primitives, the synthesized images reflect object shapes
beyond cuboids or ellipsoids. We emphasize that photo-
realistic appearance synthesis is not the primary objective of
our work but rather an additional downstream application.

F. Precision and Recall Metrics
To evaluate our generative models, among others, we use
the improved precision and recall metrics introduced by
Kynkäänniemi et al. [37]. Let Φr and Φg denote the feature
sets extracted from real and generated samples, respectively.
A binary function f(ϕ,Φ) determines whether a feature
vector ϕ lies within the estimated manifold of a reference
set Φ ∈ {Φr,Φg}:

f(ϕ,Φ) =


1, if ∥ϕ− ϕ′∥2 ≤ ∥ϕ′ − NNk(ϕ

′,Φ)∥2,
for at least one ϕ′ ∈ Φ,

0, otherwise.
(23)

Here, NNk(ϕ
′,Φ) denotes the kth nearest neighbor of ϕ′

within Φ. Using this function, precision and recall are com-
puted as:

precision(Φr,Φg) =
1

|Φg|
∑

ϕg∈Φg

f(ϕg,Φr) (24)

recall(Φr,Φg) =
1

|Φr|
∑

ϕr∈Φr

f(ϕr,Φg) (25)

Intuitively, precision measures the proportion of generated
samples that appear realistic (i.e. fall within the manifold
of real data), whereas recall quantifies how well the gener-
ated samples cover the diversity of real samples. Follow-
ing [37], we use an equal number of real and generated
samples (|Φr| = |Φg|). However, we found out that these
metrics are highly sensitive to several factors including: (i)
implementation details, (ii) the diversity of real samples, (iii)
the number of evaluation samples, and (iv) the neighborhood
size k used for manifold estimation (see Eq. (23)). For (i),
we follow [59], which forms the basis of our DiT models,
and use the evaluation suite from [19] for consistency. To ad-
dress (ii), we implement two separate strategies for sampling
real poses. The first enforces a minimum spatial distance (in
meters) between neighboring poses. The second, inspired by
farthest point sampling (FPS), selects poses sequentially to
maximize their distance from previously chosen ones. The
number of evaluation samples (iii) depends on the applied
sampling strategy. In the distance-based approach, the sam-
ple size is implicitly determined by the distance constraint,
whereas in FPS we explicitly control it, evaluating with 1K,
5K, and 10K real samples. Finally, to study (iv), we vary
the neighborhood size k ∈ {3, 5}, examining its effect on
the generative performance. Comprehensive evaluations of
precision and recall under these configurations are presented
in Fig. 10, comparing our approach against SemCity, XCube,
and PDD. For PDD and XCube, results are reported at their
finest resolution, and for SemCity we use the 1M variant.

For both sampling strategies, we observe a consistent
decrease in precision as the number of evaluation samples
increases. In the distance-based strategy, this effect corre-
sponds to smaller distance thresholds (e.g. 1m yields 32,203
samples, whereas 10m yields 3,855). This behavior fol-
lows Eq. (23): as more real samples are included, the hy-
perspheres defined by their kth nearest neighbors become
smaller and more densely packed. Consequently, even visu-
ally realistic generated samples are less likely to fall within
any real sample’s hypersphere. In contrast, recall remains
relatively stable across varying sample counts, likely because
denser sampling refines the real manifold without altering
its overall extent. Finally, both precision and recall increase
with larger neighborhood sizes k. This trend follows di-
rectly from Eq. (23): increasing k expands each sample’s
hypersphere, thereby loosening the inclusion criterion.
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(b) Farthest Pose Sampling

Figure 10. Precision and recall comparison between our method (using DiT-B), SemCity, XCube, and PDD under two evaluation protocols:
(a) distance-threshold reference-pose sampling and (b) farthest-pose sampling, each tested across varying neighborhood sizes.

G. Overfitting Analysis
To assess potential memorization of dataset-specific patterns,
we perform a nearest-neighbor (NN) analysis in feature
space. We extract features using a pretrained VGG16 net-
work and compute Euclidean NN distances between 50K
generated BEV samples and a fixed subset of 50K training
samples. To contextualize these values, we additionally com-
pute real-to-real distances on the same subset by matching
each training sample to its nearest neighbor excluding self-
matches. We observe that generated samples are consistently
farther from the training set (mean NN distance ≈ 52.2,
median ≈ 51.7, minimum ≈ 27.2, max ≈ 115.7) than real
samples are from each other (mean NN distance ≈ 22.5, me-
dian ≈ 22.0, minimum ≈ 4.9, max ≈ 58.7). This suggests
that the model does not simply memorize or reproduce train-
ing examples. This is further supported by the qualitative
examples in Fig. 11, where generated samples differ from
their three nearest neighbors in the training set in layout and
object arrangement.

H. Applicability beyond KITTI-360
We conduct our main experiments on KITTI-360, which,
to the best of our knowledge, is the only real-world dataset
providing primitive-level annotations for entire urban scenes
(e.g. buildings, vegetation) rather than focusing on selected
object classes (e.g. vehicles). This yields scenes with many
primitives and thus a demanding setting for training and eval-
uation. Importantly, PrITTI does not require dense primitive
annotations, but only parametric 3D cuboids or ellipsoids

Figure 11. Nearest-neighbor Analysis. For each generated sample
(left), we show its closest training samples (right). Generated scenes
differ in layout and object placement, suggesting the model does
not memorize training data.

for arbitrary semantic categories. When fewer categories
are annotated, the model simply predicts fewer primitives
overall, which makes the task easier. Many autonomous
driving datasets [10, 11, 86] already provide such cuboid
annotations. Training PrITTI on any of them involves group-
ing their labels into dataset-specific primitive categories and
converting the cuboid parameters into our vectorized repre-
sentation. For ground geometry, 3D HD maps (e.g. in [86])
enable BEV height fields rendering, while 2D maps (e.g.



Figure 12. PrITTI Failure Cases. (a) Fine-grained attachments (e.g. pole-mounted lamps) are often not accurately reconstructed, yielding
floating objects. (b) Large empty conditioning regions in outpainting can lead to weak or inconsistent completions.

Raster (×10−2) Primitive

MSE ↓ IoU ↑ AP3D ↑ AP3D@50 ↑

0.015 99.98 56.495 39.490

(a) Reconstruction

Precision ↑ Recall ↑ FID ↓ IS ↑

0.572 0.410 144.330 2.878

(b) Generation (DiT-B)

Table 9. PrITTI evaluation results on AV2 [86], showing (a) recon-
struction and (b) generation metrics.

in [10]) can be handled via a flat-ground assumption.
To demonstrate applicability beyond KITTI-360, we ad-

ditionally train our method on Argoverse 2 (AV2) [86]. We
group the original AV2 labels into seven primitive categories:
vehicle big, vehicle small, two-wheelers, human, pole, traffic
control, and object. We emphasize that PrITTI does not re-
quire a fixed category set across datasets, and for AV2 these
groups happen to align well with a subset of those used in
KITTI-360 (see Tab. 4). Notably, we find from dataset statis-
tics that only 84 total queries are required, compared to 514
for [41], highlighting the reduced task complexity. We re-
port qualitative generation results in Fig. 13 and quantitative
results for both reconstruction and generation in Tab. 9.

I. Limitations and Failure Cases

Despite its promising results, our approach comes with cer-
tain limitations. First, as discussed in the main paper, the
current framework is limited to static scenes and represents
objects using coarse 3D primitives, which reduces geometric
fidelity. Second, the model operates on a fixed set of se-
mantic categories. Although this aligns with prior semantic

layout methods [38, 44, 64, 105], it limits the generation
of unseen object types. Extending the framework toward
open-vocabulary scene generation is an exciting future di-
rection. In addition, ground elements are modeled as raster-
ized 2D representations that are subsequently extruded into
3D. Compared to voxel-based approaches that maintain a
3D grid over all scene elements, using a 2D representation
yields better memory and computational scalability. How-
ever, the extrusion process is still inherently constrained by
the resolution of the input raster maps, potentially resulting
in less detailed ground surfaces. Furthermore, accurately
reconstructing fine-grained attachments (e.g. lamps or traf-
fic lights mounted on poles) and small, densely arranged
structures (e.g. fences) remains quite challenging. Such geo-
metric inaccuracies can be learned by the autoencoder and
propagated to the diffusion model, occasionally producing
scenes with floating or disconnected objects (see Fig. 12 (a)).
Moreover, our framework does not explicitly enforce hard
geometric constraints and instead relies on training data to
capture such relationships. While the generated scenes are
generally plausible, occasional geometric inconsistencies
arise, especially in crowded scenes. In particular, primitives
may intersect, which can sometimes be valid (e.g. vehicles
with attached trailers) but not always appropriate (e.g. two
vehicles placed unrealistically close to each other). Similarly,
ground-primitive misalignment can produce semantically in-
consistent configurations, such as buildings intersecting the
drivable road surface ( Fig. 15, right). Incorporating soft con-
straints or geometry-aware guidance during diffusion [46]
could mitigate these issues and improve physical validity.
Finally, in the outpainting setting, failures may occur when
the conditioning block contains large empty regions along
certain extrapolation directions. In such cases, the diffusion
model is afforded greater generative freedom, which can
lead to weakly connected or semantically inconsistent com-



pletions (see Fig. 12 (b)). Additionally, some visible seams
can appear across block transitions in the ground surfaces.

J. Potential Societal Impacts
Our work addresses 3D semantic scene generation for urban
environments using primitive-based representations. Tra-
ditional approaches to constructing such 3D environments
require expert knowledge and significant manual effort, mak-
ing them costly and time-consuming. Moreover, reliance on
pre-existing layout data, which remains scarce, particularly
for outdoor scenes, limits diversity and leads to repetitive
scene compositions. In contrast, our method enables the
automatic generation of diverse and realistic 3D semantic
scenes. This has the potential to benefit a range of applica-
tions in simulation, robotics, and autonomous driving. By
providing interpretable and controllable 3D content, it can
contribute to safer and more scalable environments for test-
ing autonomous systems and improved scene understanding
for embodied agents. Nevertheless, as with all generative
models, there is potential for misuse. Synthetic scenes could,
for instance, be employed to misrepresent real urban layouts,
simulate favorable outcomes in planning proposals, or test
vision-based monitoring systems (e.g. for traffic detection)
under unrealistic conditions. Furthermore, our primitive-
based representation simplifies real-world geometry, which,
if over-relied upon, may lead to misleading conclusions in
downstream tasks. These risks, however, do not diminish the
framework’s practical value. As with existing modeling and
simulation tools, effective use relies on a clear understanding
of the method’s assumptions and limitations.



Figure 13. PrITTI Scene Generation Results on Argoverse 2 (AV2) Dataset. Generated 3D semantic scenes grouped under three
vehicle-density conditions: (a) high, (b) medium, and (c) low. Vehicles appearing outside the drivable surface correspond to parked cars, as
AV2 [86] HD maps do not provide explicit parking area annotations, unlike KITTI-360.



(a) High Vegetation

(b) Medium  Vegetation

(c) Low Vegetation

Figure 14. PrITTI Scene Generation Results. Generated 3D semantic scenes grouped under three vegetation-density conditions: (a)
high, (b) medium, and (c) low. Across all settings, PrITTI produces diverse and realistic urban layouts with coherent ground surfaces and
well-shaped primitives placed in semantically appropriate locations.



Figure 15. BEV Renderings of PrITTI-generated Scenes. Examples on the left illustrate well-structured and realistic scene generations,
while those on the right show poorly synthesized samples with geometric or semantic inconsistencies.



HIgh Vehicles

Figure 16. PrITTI Vehicle Density-Conditioned Scene Generation. Generated 3D semantic scenes grouped under three vehicle-density
conditions: (a) high, (b) medium, and (c) low, demonstrating controllability over primitive categories beyond vegetation.



Figure 17. PrITTI Joint Vegetation–Vehicle Density-Conditioned Scene Generation. Generated scenes conditioned on combinations of
vegetation and vehicle densities. From the nine possible settings, we show three examples: (a) high vegetation, low vehicles, (b) medium
vegetation, medium vehicles, and (c) low vegetation, high vehicles, illustrating controllability over combinations of primitive categories.



Figure 18. SemCity Scene Generation Results. Unconditional 3D semantic scene samples generated by SemCity [38], occasionally
exhibiting irregular object shapes, blurred boundaries, and inconsistent semantic structures.



Figure 19. BEV Renderings of SemCity-generated Scenes. The examples on the left show relatively well-structured and semantically
coherent layouts, while those on the right exhibit fragmented, irregular geometry and inconsistent semantics.



Figure 20. PDD Hierarchical Scene Generation Results. Unconditional 3D semantic scenes generated by PDD [44] at successive pyramid
levels. While scene details increase across levels, the final stage also introduces noticeable noise and semantic inconsistencies.



Figure 21. Hierarchical BEV Renderings of PDD-generated Scenes. Each column triplet shows results across successive hierarchy
levels. Examples on the left exhibit relatively coherent scene structure, whereas those on the right clearly show that the last refinement stage
introduces noticeable noise and semantic inconsistencies, thereby reducing the perceived realism of the final outputs.



Figure 22. XCube Hierarchical Scene Generation Results. Unconditional 3D semantic scenes generated by XCube [64] across successive
hierarchy levels. Scene details improve across levels, and the overall structure appears realistic, but irregular object shapes (e.g. vehicles)
and occasional road-geometry discontinuities remain visible.



Figure 23. Hierarchical BEV Renderings of XCube-generated Scenes. Each column pair shows results across successive hierarchy
levels. Examples on the left demonstrate high-quality generations, while those on the right exhibit geometric distortions and semantic
inconsistencies.



Figure 24. PrITTI Inpainting Results. Inpainting applied to (a) top, (b) bottom, (c) right, and (d) left regions of an input scene. PrITTI
produces localized edits that blend seamlessly with the surrounding geometry and semantics, yielding consistent and plausible completions.



Figure 25. PrITTI Ground-to-Object Inpainting Results. Leveraging our disentangled joint latent structure, we can inpaint object
primitives while keeping the ground layout fixed. The results show that the ground geometry is faithfully preserved from the original scene,
while newly generated objects are placed in semantically appropriate locations.



Figure 26. Comparison of scene inpainting and outpainting results on identical test scenes using our method and SemCity [38].
PrITTI (Ours) yields coherent and semantically consistent edits and extensions, while SemCity often produces fragmented or contextually
inconsistent structures, particularly during outpainting.



Figure 27. PrITTI Outpainting Results. Outpainting examples produced by our method showing that it can expand a scene beyond its
spatial extent while preserving ground layout continuity and generating new objects that integrate naturally with the surrounding context.



Figure 28. PrITTI Large-scale Scene Extrapolation Results. Starting from an initially generated block (outlined in red), our method
produces extended layouts that remain globally coherent and semantically consistent, with smooth structural transitions across blocks.



Figure 29. PDD Large-scale Scene Extrapolation Results. Starting from an initially generated block (outlined in red), PDD progressively
extends the scene upward. The extrapolated regions exhibit broken road connectivity, misplaced structures, and inconsistent semantic
transitions, leading to fragmented large-scale layouts.



Figure 30. PrITTI Object Editing Results. Enabled by our instance-level primitive representation, PrITTI naturally supports a wide range
of individual-object manipulations. Columns (b-e) show dropout, rotation, scaling, and translation applied to the same randomly selected
vehicle primitives from (a), highlighted in white.



Figure 31. PrITTI Photo-realistic Street View Synthesis Results. Each pair shows a 2D semantic rendering (left) and the corresponding
photo-realistic image (right), generated with ControlNet [104]. Despite the coarse geometry of our primitives, the synthesized scenes exhibit
diverse object appearances that go beyond cuboids or ellipsoids while remaining consistent with the input semantics.
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