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Abstract

The generation of LiDAR scans is a growing topic with diverse applications to au-
tonomous driving. However, scan generation remains challenging, especially when com-
pared to the rapid advancement of image and 3D object generation. We consider the
task of LiDAR object generation, requiring models to produce 3D objects as viewed by
a LiDAR scan. It focuses LiDAR scan generation on a key aspect of scenes, the ob-
jects, while also benefiting from advancements in 3D object generative methods. We
introduce a novel diffusion-based model to produce LiDAR point clouds of dataset ob-
jects, including intensity, and with an extensive control of the generation via conditioning
information. Our experiments on nuScenes and KITTI-360 show the quality of our gen-
erations measured with new 3D metrics developed to suit LIDAR objects. The code is
available at https://github.com/valeoai/LOGen.

1 Introduction

As 2D generative methods have exploded in their capacity to generate diverse and high qual-
ity images [30], one area of focus for 3D object generation has been understudied: objects
in the context of LiDAR sensors. LiDAR is an essential modality for autonomous agents
in driving scenarios. It provides accurate 3D information about the environment, making it
crucial for safe navigation. The utility and corresponding shortcomings of LiDAR datasets
[20, 26] makes the generation of LiDAR objects interesting from a variety of perspectives:
sensor level generation for simulation [24], rare class augmentation [49], out-of-distribution
generation [21], corner case generation [17], object disentanglement [28], etc.

Objects perceived by LiDAR sensors are distinct from classically rendered 3D objects
in the impact that the relative angle and distance of objects to the sensor has on the final
appearance of an object [51]. Further, LIDAR objects contain an additional channel of infor-
mation when compared to classic 3D objects: the intensity of the laser beam reflected back
to the sensor. Models which generate LiDAR objects must be capable of using this relative
positioning and creating the intensity channel in order to generate realistic objects [41].
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GT Object Generation Novel View Novel View Novel Distance  Novel Distance
rot. 0, d rot. 0, d rot. 2/5, d rot. 4/5, d rot. 0,d x 2 rot.0,d/2

Figure 1: Novel LiDAR objects generated by LOGen trained on the nuScenes train set,
produced using the conditioning information of real objects from the nuScenes validation
set. Relative to the sensor, rot is the object’s rotation while d is the distance. Point color is
according to LiDAR intensity. More examples are in the supplementary material.

The generation of LiDAR data has been explored most extensively at the scene level,
where many works have attempted to generate entire novel scans of autonomous vehicles in
new surroundings [45, 51, 52]. However LiDAR scene generation remains a difficult task,
with many works turning towards simplifying assumptions to focus the generative task onto
more tractable footing [27, 29, 32, 42, 48]. We propose to bring recent advancements in
generative methods [7, 25] to the domain of LiDAR data, focusing on the generation of high
quality and realistic LIDAR objects.

We introduce a transformer-based diffusion model, dubbed LOGen (for LiDAR Object
Generator), which is designed to generate LiDAR scans of new objects. The generation
is parameterized by the object class, angle, and distance from which objects are seen by the
LiDAR. This conditioning allows fine grained control of the appearance of generated objects.

We compare LOGen against suitable alternatives that we design, inspired from other
tasks: a sparse 3D CNN (MinkUNet [8]); a 2D transformer-based generator (PixArt-o [7])
adapted to 3D; and a 3D transformer-based generator (DiT-3D [25]), originally designed for
traditional 3D objects, which we adapt to LiDAR objects. We also compare to concurrent
work [46]. We show the quality of our generated objects compared to these baselines. We
also evaluate at scene level on the semantic segmentation task to assess the realism of objects
we generate. Examples of generation are shown in Fig. 1. Our contributions are as follows:

* We propose a diffusion-based method specifically designed to produce LiDAR point clouds
of objects, including intensity and with an extensive control of generation (conditioning).

* We propose a new transformer-based LiDAR object diffusion model, operating on 3D
points, as well as three other diffusion-based baselines.

* Our experiments show that despite the compact size of our model (7.5M parameters), we
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achieve superior quality, which we also measure with new metrics suited to LIDAR objects.

We believe that the LiDAR object generation task is ripe for future exploration, and that the
promising results we present here will serve as a basis for this task.

2 Related Work

3D object generation. Various techniques have been proposed for 3D object generation:
GAN:S [1, 35], VAEs [18, 40], normalizing flows [47], diffusion at point level [23, 38], and
diffusion on features at voxel level with a transformer architecture [25]. However, these
methods are only typically evaluated on datasets such as ShapeNet [6], ModelNet [43], or
CO3D [33] after sampling points uniformly on shape surfaces, rather than following LiDAR
sampling patterns. Their behavior with uneven point distributions of (sensor-specific) Li-
DAR scans is unexplored. Besides, these methods do not use geometric conditioning related
to viewpoint and do not generate point intensities. Further, most of these methods are trained
and evaluated with a high and fixed number of points: typically 2048. It is not clear how
they would behave with varying and sparse point clouds, as is the case of LIDAR objects.

LiDAR data generation. Methods have been proposed to generate full LiDAR scans, by
LiDAR simulation [9, 10, 11] in synthetic environments [48], or by learning to generate
LiDAR data using energy-based models [51], VQ-VAEs [45], diffusion in range images
[4, 15,27, 32] or diffusion on 3D points [29], possibly with images [50]. Further, simulation
and learning can be combined to improve realism [24, 52]. Some scan generation methods
incorporate objects via: conditioning on a semantic map [32]; placing learned codes of object
classes into a canvas representing the scene before decoding [45]; in-painting objects into
range images [4]; and using text-based conditioning [42]. However these methods do not
focus on the visual fidelity of generated objects, do not directly learn object appearance and
intensity from the data at an object level, and do not evaluate the object perceptive quality.

OLiDM [46] is a concurrent work on LiDAR object generation that highlights the impor-
tance of distinguishing between foreground and background objects, employing a diffusion
transformer model to generate LiDAR objects. They allow conditioning on object viewpoint
parameters to produce localized objects, and perform scene level generation using the gen-
erated objects as conditions. LOGen in contrast focuses on architecture level decisions and
uses novel methods of incorporating conditioning information and encoding points. LOGen
features more robust evaluation of generated objects, with classwise metrics and perceptual
evaluations including generated intensities.

3 Method

The goal of the LiDAR object generation task is to learn, for known classes in a labeled
LiDAR dataset, to generate 3D point clouds of novel objects, as they would be captured by
the same LiDAR sensor from arbitrary viewpoints. As opposed to simulation, the training
distribution is given by real-world objects extracted from 3D scans.

We train a diffusion model to generate point clouds of novel objects. The diffusion pro-
cess is applied directly on points given as input, and is conditioned by geometric information
concerning the object to generate.
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3.1 Object parameterization

An object in a LiDAR dataset is given by its class ¢, a set of 3D points with intensities,
as well as information on the object bounding box, namely, the box center (x,y,z), the box
length, width and height (I, w, k) and the box yaw v, i.e., the orientation around the vertical
z axis (azimuth) of the heading of the object.

Parameters. To reduce the number and variability of input and conditioning parameters
when training a model, we normalize the representation of objects with respect to the sensor
location. For this, the Cartesian coordinates of object points are made relative to the oriented
box center, i.e., relative to the box center and rotated around the z axis to align with the
object box heading. The intensities are scaled according to the log-max.

We also decrease the number of parameters regarding the box center location and orien-
tation as the object appearance, seen from the sensor, only depends on the distance d to the
object and on the observation angle ¢, i.e., the angle between the object heading y and the
ray from the object bounding box center to the sensor. (As an illustration, ¢ =0 means the
object is facing the sensor, regardless of the object location around the ego vehicle.) In this
conversion from Cartesian to cylindrical coordinates, the altitude z of the box center is kept.

In the end, the data distribution to learn consists of objects represented by a set of points
s={P }f\’: 1 in RN*4 with (centered) Cartesian coordinates and intensities. We do not normal-
ize the point coordinates to preserve the absolute dimensions of objects and the specificity
of the LiDAR scanning patterns, depending in particular on the distance to the sensor.

Last, we condition the generation on the following box information: x = (¢,d,z,l,w,h).
While our generation is classwise, class c is not directly included here as we train one model
per class. This choice was made for compute and efficiency reasons: the per sample com-
pute of single vs multi-class models is equivalent, thus allowing us to parallelize training.
We nevertheless also experimented with a multi-class model, which was lagging behind the
single-model-per-class approach in realism metrics (see supplementary material).

Point embedding. The way to embed points for diffusion has strong implications on the
memory consumption and realism of generated outputs.

DiT-3D [25] introduces voxel embeddings that efficiently structure and aggregate points
into patches. This technique, alongside window attention, allows the model to compute
attention across shapes of thousands of points. The de-voxelization procedure places points
in a final position inside their voxel, based on a weighted average of their activations. It has
the effect of creating uniform and smooth point clouds across the underlying surface. Such
uniform distributions are ideal for the goal of producing a continuous 3D mesh, but do not
match the banded pattern observed when a LiDAR captures objects in the real world.

To address this issue, we introduce a simple embeddings based on PointNet [31]. These
features are just the output of a single 1D convolution, with which we project from our input
dimension (3+1) into the embedding dimension. Because the point clouds are in general
magnitudes smaller (e.g., averaging from 40 points for bikes to 463 for bus in nuScenes)
than the point clouds generated in the original DiT-3D paper (thousands of points), we can
use standard memory-efficient attention layers and avoid the need for voxelization. In the
experiment section, we examine the impact of both types of embeddings.

Conditioning encoding. A key stage when using diffusion is the encoding of the condi-
tioning and time step. Classically, we rely on Fourier features [36], which involves a higher
dimensional projection followed by a sine/cosine encoding of the corresponding features.
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This applies to all scalar values of the condition but angle ¢. To account for the periodic dis-
continuity of representation for an angle, we encode ¢ using the cyclical embeddings from
[16], which preserves the cyclical nature of angular data. In our experiments, we train one
network per class; we thus do not need to encode the class.

LiDAR object diffusion. Given a dataset with a number of object point clouds S={s J}}/W: |

alongside conditions K = { ; }1]‘”: |- the objective is to learn the conditional distribution p(S|K).

This is done via a Denoising Diffusion process: we learn to denoise input 4D Gaussian noise
(N noisy points) into a target shape (N points representing a scanned object, with intensities).

We rely on the time-discrete formulation of the diffusion process known as Denoising
Diffusion Probabilistic Models (DDPM) [14], which is also used in DIT-3D [25] and in
LiDAR scene generation methods [29]. During training, we sample a random time step ¢
and produce, via a forward noising process, a noisy sample s; of an input object point cloud
so = s. Starting from a real LiDAR object sg, the forward noising procedure produces a series
of increasingly noisy 4D point clouds s, ...,s;, finally arriving at s7 ~A(0,I) €R*. The
training objective is to learn a distribution of the form pg(s;—1|s;) = N (s,—1|fg (s1,1), 6T),
parameterized by a denoising neural network.

The training loss optimizes the evidence variational lower bound, minimizing the Kullback-
Leibler divergence between the forward and reverse processes. After simplification, it boils
down to minimizing a mean-squared loss: argming ||€y — & (x¢,7)||5 between the model out-
put &g(ss,7) and the ground-truth Gaussian noise &. Given &g (s;,7), we can then compute
Mo (s:,t) and get a denoising step recurrence equation defining s, from .

To exploit conditioning, the above formulation is extended with the extra input of a con-
dition k., leading to a denoising network &g (s;,#, k). To apply the conditional guidance, we
follow the Classifer Free Guidance formulation from [13]. This implies the dropout of con-
ditioning information during the training procedure, where all conditions are replaced by a
pre-defined null embedding, which results in an unconditioned pass of the model.

3.2 Architecture

We now describe the architecture of LOGen and of our baselines, that we illustrate on Fig. 2.
DiT-3D [25] is straightforwardly derived from DiT [30], and thus shares a similar architec-
ture. PixArt- [7] adds cross attention to DiT to inject conditions. Our baselines DiT-3DL
and PixArt-L are directly adapted from their original counterparts to handle: (i) LiDAR data,
i.e., point embedding, and (ii) LIDAR object conditioning. LOGen is then a further modifi-
cation of PixArt-L, as described below. The conditioning x = (¢,d, z,1, w, h) is applied in the
denoising network to direct the generative process. Given the importance of the conditioning
in our task, we explore three variants in the architecture design space.

* AdaLN-Zero is the best-performing guidance method proposed in DiT [30], and reused in
DiT-3D. In our case, for DiT-3DL, the six conditioning values are concatenated to the time
step and used to learn the adaptive layer-norm shift and scale parameters.

* AdaLN-single is the guidance proposed and used in PixArt-& [7]. While in the adaptive
layer norm the condition is used to learn global shift and scale parameters, cross-attention
layers allow the model to learn the guidance on a local scale. We do the same in PixArt-L.

* We observe that the separation of the self-attention layers from the cross-attention layers by
a scale operation in the PixArt-L architecture degrades the generation results (cf. Tab. 1).
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Figure 2: Architecture of LOGen and baselines PixArt-L. and DiT-3DL.

Thus we introduce a third form of conditioning in LOGen blocks, where we apply the
cross attention immediately after the self-attention layer, and scale after these operations.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our approach on nuScenes [5], which was acquired with a 32-beam
LiDAR, thus creating notably sparse sweep patterns. To construct object samples to learn
from, we use the semantic point labels and the 3D box annotations of objects. We take as
object instance all points falling into a box, filtering out possible points of a different class.
We also discard objects with less than 20 points. Point intensity, which ranges in 0-255, has
a highly irregular distribution, with most examples clustered from 0-30, and with outliers.
To create a more uniform intensity distribution, we use log max scaling.

In total, we extract 268,684 objects with at least 20 points, which covers more than 95%
of all object points. (Similarly, the official instance segmentation evaluation of nuScenes only
considers instances with at least 15 points [5].) In order to unify the number of points per
cloud in a batch, we pad each point cloud to the max length in the batch.

We further evaluate on objects extracted from KITTI-360 [19]. We use semantic and
instance labels from accumulated scans to extract roughly 40k objects in 3 classes as in [46]:
car, person, bicycle. We also perform cross-dataset evaluation on SemanticKITTI [2].

For all experiments, we use the conditioning information from objects in the validation
set, generating similar views of new objects of the same category.

Object-level metrics. To evaluate the ability to generate a sensible variant of a real object
given only the conditioning information corresponding to the real object, we use two pointset
metrics: Chamfer Distance (CD) and Earth Mover’s Distance (EMD).
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To evaluate perceptual realism, we use the Fréchet PointNet Distance (FPD) [35], an
adaptation of the classic Fréchet Inception Distance (FID) [12], by replacing 2D Inception
features with 3D PointNet features [31]. However, the original FPD used as reference re-
lies on the original PointNet classifier, trained on ModelNet40 [31], which is not suited for
LiDAR objects. We thus use instead a new PointNet classifier trained on the real LIDAR ob-
jects of nuScenes. We additionally consider the Kernel Inception Distance (KID), which has
advantages over FID, in particular for small datasets [3]. Like for FID, we adapt KID into a
Kernel PointNet Distance (KPD), replacing the Inception network by our trained PointNet.

We also consider distribution comparisons at a pointset level. We use coverage (COV)
[1], which measures the proportion of real pointsets matched to at least one generated pointset,
and 1-nearest neighbor accuracy (1-NNA) [47], derived from [22], which merges real and
synthetic objects and counts the proportion of closest neighbors of each sample that are of the
same source. 1-NNA ranges from 100% when distributions are separate, to 50% when they
are indistinguishable. COV and 1-NNA are measured with CD and EMD. We extend COV
and 1-NNA to measure the quality of the generated intensities. We extract 256-dimensional
normalized intensity histograms from generated objects to use as features for COV and 1-
NNA computations. Last, in [46], generated objects are extracted from generated scenes
after being found by a 3D detector. On KITTI-360, we compare our generations to such
detected objects, using object level metrics given in [46]. The Appendix details all metrics.

Scene-level metrics. A second set of evaluations is conducted on the perception of gener-
ated objects in a scene context by a typical 3D segmentation model with the contention that
more realistic objects should be segmented at a similar rate to real objects. We consider
the replacement of ground-truth objects by objects generated with the same conditioning,
then measure the change in classwise IoU segmentation performance of the model on this
modified data. We use a variant of nuScenes where each object with at least 20 points is
replaced by a generated object of the same class and box size, seen under the same view-
ing angle, and with the same number of points. We highlight the correspondence between
this metric and the #Box metric from [46], where both evaluate the expected performance at
identifying generated objects of a model trained to identify real objects.

As segmenter, we use the popular SPVCNN [37], which has been widely used in eval-
uation settings [34, 39, 44]. We consider two different versions: SPVCNN 3, trained on
points coordinates only, while SPVCNN 4, is also trained using point intensities.

Baselines. Due to task novelty, we build baselines: MinkUNet is the sparse convolutional
architecture used in LiDiff [29], which ignores intensities. PixArt-L is our adaptation of
PixArt-a to LiDAR points and conditioning, using our PointNet embeddings (PE) to allow
intensity generation. DiT-3DL VE 3, is our adaptation of DiT-3D to LiDAR conditioning,
i.e., with its original voxel embeddings (VE) and no intensity handling. (The voxelization
library used in DiT-3D [25] does not handle a 4th input channel; handling intensities would
require adapting the voxelization layer like in MinkUNet [8], as separate input features.)
DiT-3DL PE 4, replaces VE by our PE in DiT-3DL VE 3, thus also handling intensities.

4.2 Object-level evaluation
Qualitative generation examples are shown in Figs. 1, 3, 4 and the supplementary material.

Point embeddings. Table 1 shows that the voxel embeddings of DiT-3D do not perform as
well as our PointNet embeddings, which supports our proposal (Sect. 3.2). MinkUNet suc-


Citation
Citation
{Shu, Park, and Kwon} 2019

Citation
Citation
{Heusel, Ramsauer, Unterthiner, Nessler, and Hochreiter} 2017

Citation
Citation
{Qi, Su, Mo, and Guibas} 2017

Citation
Citation
{Qi, Su, Mo, and Guibas} 2017

Citation
Citation
{Binkowski, Sutherland, Arbel, and Gretton} 2018

Citation
Citation
{Achlioptas, Diamanti, Mitliagkas, and Guibas} 2018

Citation
Citation
{Yang, Huang, Hao, Liu, Belongie, and Hariharan} 2019

Citation
Citation
{Lopez-Paz and Oquab} 2018

Citation
Citation
{Yan, Yin, Lang, Yang, Xu, and Shen} 2025

Citation
Citation
{Yan, Yin, Lang, Yang, Xu, and Shen} 2025

Citation
Citation
{Yan, Yin, Lang, Yang, Xu, and Shen} 2025

Citation
Citation
{Tang, Liu, Zhao, Lin, Lin, Wang, and Han} 2020

Citation
Citation
{Samet, SimÃ©oni, Puy, Ponimatkin, Marlet, and Lepetit} 2023

Citation
Citation
{Unal, Dai, Unal, and Gool} 2023

Citation
Citation
{Xie, Li, Guo, Liu, and Cheng} 2023

Citation
Citation
{Nunes, Marcuzzi, Mersch, Behley, and Stachniss} 2024

Citation
Citation
{Mo, Xie, Chu, Hong, Niessner, and Li} 2023

Citation
Citation
{Choy, Gwak, and Savarese} 2019


8 KIRBY ET AL.: TOWARD LIDAR OBJECT GENERATION BY POINT DIFFUSION

Point Metrics | 1-NNA (%) | COV (%) t FPD | KPD
Model Emb. | CD EMD | CD EMD Int. | CD EMD Int. |3ch. 4ch.|3ch 4ch.
MinkUNet - [0.208 0212 |79.5 74.4 337 417 25.4 3.18
DiT-3DL  VEsq |0.136  0.121 |75.8 70.9 343 420 2.80 0.25

DiT-3DL  PE4¢, | 0.142 0.125 | 734 707 744|355 421 314|262 699 0.25 0.75
PixArt-L.  PE4¢, |0.196 0204 |76.5 725 71.6|335 41.8 329|295 5.16/|0.24 041
LOGen PE4q, [0.130 0.111 | 741 70.6 68.2|36.0 423 37.0|1.34 2.18 | 0.10 0.12

Table 1: Combined point-space and feature-space evaluation. CD and EMD are geo-
metric fidelity metrics. 1-NNA and COV (in CD/EMD/intensity space) assess realism and
coverage. FPD and KPD evaluate feature distribution alignment under 3- and 4-channel set-
tings. Point embedding (Emb.) is: none (-), voxel-based (VE 3 ,) or PointNet-based (PE 4 ¢p).

Truck
Bus

Motorbike

Traffic cone

Figure 3: Generations with intensities. For each pair, the left object is from the nuScenes
val set, the right object is generated using the same conditioning and number of points.

ceeds in generating local structure (LiDAR pattern), but fails to generate objects meeting size
conditions. The lack of point embeddings in MinkUNet creates global size inconsistencies.

Architecture. Table | also shows that LOGen transformer blocks perform slightly better
than the blocks proposed in PixArt-o and DiT-3D. The superiority of LOGen blocks is more
pronounced as measured by the feature-based metrics of FPD and KPD.

Comparison on KITTI-360. The table in Fig. 4 shows the superior visual fidelity of ob-
jects generated by LOGen when compared to other scene and object generative methods.

4.3 Scene-level evaluation

Semantic quality of generated data. Table 2 shows that the LOGen generations are more
semantically identifiable from the point of view of an SPVCNN segmenter. Though trained
on real objects, the segmenter is able to recognize the semantics of LOGen objects at a much
higher mlIoU than other models, +19.6 pts vs the second best model. This is particularly
pronounced for rare classes such as bicycle, bus, trailer, and construction vehicle. Besides,
intensities generated by LOGen are realistic enough to provide +5.4 mIloU% at scene level.

4.4 Downstream evaluation

Object-level augmentation for semantic segmentation on nuScenes. To further motivate
the focus on object level generation, we design a simple experiment highlighting one use case
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Method | cD} ISD]

LiDARGen [51] | 33.10 041
UltraLiDAR [45] | 18.30  0.70
R2DM [27] 17.60  0.86
OLiDM [46] 1.88 091

LOGen (ours) | 024  0.19

Figure 4: Quantitative & qualitative comparison of LiDAR objects on KITTI-360 [19].
(Left) Evaluation on 1000 sampled objects (for LOGen) or detected objects (for others) using
Chamfer Distance (CD) and Jensen-Shannon Divergence (JSD). (Right) Examples of gen-
erated objects from KITTI-360 for car and person. For classwise results of LOGen, along
with additional metrics EMD, FPD, and KPD, please refer to the supplementary material.

Model Emb. \barrier bicycle bus  car con.veh. moto. pedes. tra.con. trailer truck \ mean

MinkUNet - 76.1 314 187 844 147 63.6 69.8 593 124 49.7 | 480
% DiT-3DL VE3q, | 484 425 03 341 02 638 756 69.6 7.7 34 | 346
£ DiT-3DL PE4q, | 61.6 392 11.1 842 1.7 688 775 513 159 266 | 439
£ PixArt-L. PE4q, | 589 321 39 757 09 766 79.0 56.7 13.6 513 | 449
@ LOGen PE4q | 782 509 60.1 79.1 281 822 842 735 375 632 | 63.7

GT | 80.3 488 907 942 40.6 860 855 734 607 852 | 745
% DIiT-3DL PE4q | 625 290 183 859 63 626 684 472 159 377 | 434
£ PixArt-L PE4c, | 56.6 337 145 824 81 785 793 628 267 526 | 49.5
j;;’ LOGen PE4c, | 780 489 717 913 371 820 848 791 451 729 | 69.1
e

GT | 81.6 504 909 946 445 881 856 774 646 856 | 763

Table 2: Scene-level evaluation. SPVCNN is trained with 3 or 4 channels (coordinates
+ intensity) on nuScenes (train set) with real objects. It is tested on nuScenes (val set) where
each object (with > 20 points) is replaced with a generated object of the same class, box size
and sensor viewing angle, and with the same number of points, and where objects with less
than 20 points are removed from the dataset.

of the generated objects, enhancing diversity of objects in the training dataset. We train the
SPVCNN [37] model for semantic segmentation on the nuScenes dataset. During training,
with a 50% probability, we replace real objects with versions generated by LOGen. Results
are in Tab. 3. We highlight the improvements for specific rare classes such as traffic cones,
trailers, and trucks, and further improvements for cars. Note that, in this downstream task,
using a single-class model is consistent with the selection of specific rare classes to augment.

Cross-dataset object augmentation. We use LOGen trained on nuScenes to enhance the
semantic segmentation performance on SemanticKITTI for classes pedestrian and motorcy-
cle, which are commonly targeted for augmentation due to the relatively low performance
of their segmentation. We randomly insert 10 such generated objects for each class into Se-
manticKITTI scenes during SPVCNN training. This simple augmentation strategy improves
classwise IoU% from 64.8 to 67.3 for motorcycle and from 65.0 to 66.9 for pedestrian.

We provide a comprehensive supplementary material that includes detailed information
on the diffusion background, implementation specifics, official metric definitions, dataset
statistics, evaluation of conditioning parameters, all classwise performance results, com-
parisons between LOGen’s single-model-per-class and multi-class approaches, qualitative
comparisons between LOGen and baselines, examples of novel LOGen objects and videos
showcasing our object generation results.
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Mean ‘ barrier bicycle  bus car  constr.veh. motorcycle pedestrian traf.cone trailer truck

+0.3 ‘ —0.5 -08 —-12 +0.7 —-1.7 +0.5 0 +4.3 +0.3  +1.1

Table 3: Impact of inplace data augmentation with LOGen samples for semantic seg-
mentation on nuScenes validation set. During training, each sample is selected with a 50%
probability to be either a real sample or a generated one. Results are classwise IoU%.

I-NNA| COV1t FPD| KPD | APC 1
LOGen PE 4, CDJEMD /|| CD EMD CD EMD|3ch. 4ch. 3ch. 4ch.{3ch. 4ch.

0.130 0.111 ‘ 74.1 70.6 36.0 42.3 ‘1.34 2.18 0.10 0.12‘40.9 48.1

Single-model-per-class

Multi-class model 0.149 0.134 | 72.8 68.9 37.1 43.3 |12.35 4.28 0.21 0.45|36.2 42.5

Table 4: Single-model-per-class vs. multi-class model. Comparison of a same size single-
model-per-class and multi-class models on object generation metrics. The multi-class model
lags behind the single-model-per-class approach in realism metrics.

4.5 A discussion on scalability

Following other works in the object generation literature [25], we mainly chose to train and
evaluate a single model per class. This allowed us to use a compact network, and avoid
inconsistent batch sizes. Due to the use of zero-padding, mixing objects with high variation
in size results in certain objects being padded with many zero elements. We note that training
single model per class introduces no drawbacks in terms of runtime or model efficiency when
evaluated in iterations per instance.

We train and evaluate a multi-class model of the same size trained with the same itera-
tions as shown in Table 4, where the multi-class model does not perform as well as the single
class versions under most perceptual metrics. However the multi-class model does have the
best overall 1-NNA and Coverage, indicating avenues for future work.

Further, while the point embeddings outperform the voxelization approaches in terms of
generated quality, the lack of any point compression creates memory consumption issues for
larger objects.

5 Conclusion

This work demonstrates that a well-designed diffusion model is capable of generating re-
alistic LIDAR objects. Novel metrics, baselines and LOGen (best performing architecture)
establish the first standard in LiDAR object generation. Interesting perspectives include fur-
ther development of downstream applications. Future work can increase generation speed
and memory efficiency of the models, and develop novel methods to use generated objects.
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