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Abstract. Synthesizing high-fidelity and controllable 4D LiDAR data
is crucial for creating scalable simulation environments for autonomous
driving. This task is inherently challenging due to the sensor’s unique
spherical geometry, the temporal sparsity of point clouds, and the com-
plexity of dynamic scenes. To address these challenges, we present LiS-
TAR, a novel generative world model that operates directly on the sen-
sor’s native geometry. LiSTAR introduces a Hybrid-Cylindrical-Spherical
(HCS) representation to preserve data fidelity by mitigating quanti-
zation artifacts common in Cartesian grids. To capture complex dy-
namics from sparse temporal data, it utilizes a Spatio-Temporal At-
tention with Ray-Centric Transformer (START) that explicitly models
feature evolution along individual sensor rays for robust temporal co-
herence. Furthermore, for controllable synthesis, we propose a novel 4D
point cloud-aligned voxel layout for conditioning and a corresponding
discrete Masked Generative START (MaskSTART) framework, which
learns a compact, tokenized representation of the scene, enabling effi-
cient, high-resolution, and layout-guided compositional generation. Com-
prehensive experiments validate LiSTAR’s state-of-the-art performance
across 4D LiDAR reconstruction, prediction, and conditional genera-
tion. Our method achieves substantial quantitative gains: improving re-
construction IoU by up to 85%, lowering prediction L1 Med by up to
64%, and reducing generation MMD by 61%. This level of performance
provides a powerful new foundation for creating realistic and control-
lable simulations for autonomous driving systems. Project Page: https:
//ocean-luna.github.io/LiSTAR.github.io/.
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Fig. 1: Cartesian vs. HCS coordinate for LiDAR scene representation. Cartesian co-
ordinate partitions space into uniform, axis-aligned cubes, ignoring the native ray ge-
ometry of LiDAR. HCS coordinates divides space into angular–radial cells centered at
the sensor origin, aligning with LiDAR’s ray-based sampling pattern and preserving
range-dependent resolution.

1 Introduction

World models, which aim to internalize environmental dynamics by learning gen-
erative predictors, have demonstrated strong capabilities across a wide range of
visual and interactive tasks and are now increasingly explored for autonomous
driving [17, 35]. Recent progress has largely focused on structured modalities
like videos and occupancy grids, whose dense organization fits well with estab-
lished processing pipelines [11, 52]. By contrast, LiDAR remains understudied
despite its importance for accurate 3D geometry and all-weather perception.
The sparse, unordered, and irregular nature of LiDAR point clouds [22, 31, 58]
poses fundamental challenges for generative modeling, limiting the direct adop-
tion of techniques designed for regularly structured data.

Despite recent progress in LiDAR scene synthesis [26,62,70], significant hur-
dles remain. A primary challenge stems from conventional voxelization, which
converts LiDAR returns into dense Cartesian grids. As illustrated in Fig. 1, this
approach overlooks the native ray-based sampling geometry of spinning sensors,
leading to quantization artifacts and distorted structural patterns that impair
fidelity [24,27,64]. Furthermore, the inherent sparsity and non-uniform sampling
of point clouds complicate the preservation of temporal coherence, often result-
ing in flickering surfaces or inconsistent dynamic object alignment [19]. Finally,
for controllable synthesis, the prevalent reliance on temporal Bird’s-Eye-View
(BEV) layouts [40, 41] as conditional inputs imposes a critical bottleneck. This
2D projection inherently flattens the rich 3D world, constraining the ability to
precisely guide generation or manipulate objects in full 3D space, a capability
crucial for targeted scenario design and safety evaluation.
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To address these challenges, we introduce LiSTAR, a novel world model
built upon a pioneering Hybrid-Cylindrical-Spherical (HCS)-based 4D Vector
Quantised-Variational AutoEncoder (VQ-VAE) [3, 51] to learn a discrete rep-
resentation of LiDAR scenes. LiSTAR begins with a novel Hybrid-Cylindrical-
Spherical (HCS) volumetric representation. Unlike conventional range images
[38, 40], which project 3D points onto a 2.5D plane, inevitably causing infor-
mation loss due to occlusion and quantization errors in complex scenes, our
HCS scheme discretizes the native sensor space into a dense 3D grid. This vol-
umetric approach preserves the complete geometric topology of LiDAR scans,
including multiple returns along a single ray, thereby offering a richer and more
faithful substrate for generative modeling than flattened projections. Building on
this, we introduce the Spatio-Temporal Attention with Ray-Centric Transformer
(START). While standard transformers treat voxels as unordered tokens or apply
generic window attention, START incorporates a strong inductive bias aligned
with LiDAR physics. It explicitly models feature correlations along the sensor’s
ray direction through Ray-Centric Attention, capturing the unique radial de-
pendencies of spinning LiDARs, while simultaneously enforcing causal temporal
consistency. Finally, to enable controllable synthesis, we propose MaskSTART.
Distinct from the standard MaskGIT [5], which typically operates on 2D im-
ages, MaskSTART is tailored for 4D sequence modeling. It introduces a dual-
conditioning mechanism that integrates historical context with a novel 4D point
cloud-aligned voxel layout. This allows for precise, geometry-aware control over
the generation process, enabling the synthesis of complex, temporally coherent
driving scenarios that strictly adhere to user-defined structural constraints.

We conduct extensive experiments on the large-scale nuScenes benchmark,
evaluating LiSTAR on a suite of tasks including point cloud reconstruction, pre-
diction, and generation. In both unconditional and layout-conditioned settings,
LiSTAR consistently outperforms state-of-the-art baselines. Beyond quantitative
metrics, we demonstrate that the framework’s ability to produce controllable,
temporally consistent LiDAR sequences unlocks novel downstream applications.
The main contributions of this work are:

– We present LiSTAR, a 4D LiDAR world model that unifies HCS representa-
tion, START, and MaskSTART into a single end-to-end framework, explic-
itly tailored to LiDAR’s acquisition geometry and temporal dynamics for
world models of autonomous driving.

– We propose an HCS coordinate voxelization scheme that preserves the native
ray structure and range resolution, effectively mitigating geometric distortion
caused by conventional Cartesian discretization.

– We design the START module, which models feature correlations along Li-
DAR rays to capture spatial structure and temporal dependencies jointly,
ensuring geometric fidelity and frame-to-frame consistency.

– We introduce a MaskSTART pipeline for 4D LiDAR sequences that supports
fine-grained semantic conditioning on 4D point cloud-aligned voxel layout.
This approach enables controllable and diverse scenario synthesis, allowing
for precise manipulation and generation of complex scene structures.
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– We achieve state-of-the-art performance on large-scale autonomous driving
benchmarks for both point cloud reconstruction, prediction, and generation,
and demonstrate LiSTAR’s utility in realistic, controllable simulation sce-
narios.

2 Related Work

2.1 3D Representation for Point Clouds

Choosing an effective 3D representation is critical for point cloud generation.
Point-based approaches, such as PointNet and PointNet++ [29,43, 45], directly
operate on raw points, aggregating local and global features to encode spatial
context. Voxelization [33, 44, 59] discretizes the space into dense grids but is
memory-intensive, leading to sparse convolution designs [7, 14] that skip empty
cells. Projection-based representations are also popular: BEV [23, 59] vertically
projects points onto a planar map, while range images [18, 38, 40, 46, 70] map
points to polar coordinates to form 2.5D grids. Recent works leverage VAE-family
models [10, 21, 51] for latent compression, e.g., VQ-VAE [3, 51] learns discrete
codebooks for compact feature tokens. For simulation, ray-casting pipelines [2,
9,34,39] reproduce ray-drop patterns from virtual assets. Finally, implicit neural
representations, such as NeRF [37], allow differentiable rendering of point clouds
from learned occupancy or semantic fields [24,63].

2.2 World Models for Point Clouds

World models predict future observations from historical states and agent ac-
tions, enabling agents to model temporal dynamics. While early work focused on
image/video prediction [17,48,56,65,66], recent studies extend to structured 3D
data. In 3D occupancy world models [15,25,53,67,68], discrete volumetric tokens
are predicted to maintain spatial consistency. Point cloud world models [60,64,69]
predict temporal LiDAR sequences by combining latent tokenization and gener-
ative backbones. For instance, Copilot4D [64] encodes LiDAR frames with VQ-
VAE and applies discrete diffusion for forecasting, while LiDAR-DM [69] adapts
diffusion transformers for long-horizon predictions. These approaches highlight
the promise and current limitations of scalable, geometry-aware token-based
generative modeling for 4D LiDAR.

2.3 Diffusion Models

Diffusion models learn a forward process that progressively corrupts data with
noise, and a reverse process to recover the original signal. For continuous data,
Gaussian perturbations [16, 47, 49, 50] are widely used due to favorable statisti-
cal properties enabling stable training objectives. MaskGIT [5] replaces Gaussian
noise with aggressive token masking and BERT-style training [8], outperforming
Gaussian diffusion in several domains, including video [61] and point clouds [57].
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Beyond diffusion, flow matching [30] learns continuous-time flows between base
and target distributions, allowing ODE-based sampling with convergence guar-
antees, and has been applied to sequences [13] and spatial modalities. Recent
works adapt these generative paradigms to 3D point clouds, using token-based
pipelines, view-consistent constraints, and geometry-aware noise schedules to im-
prove spatial fidelity and temporal stability, making them promising backbones
for LiDAR world modeling.

3 Methodology

We introduce LiSTAR, a novel generative world model for 4D LiDAR synthe-
sis, composed of two synergistic components: an HCS-based 4D VQ-VAE for
representation learning and a MaskSTART model for prediction and generation.

The HCS-based 4D VQ-VAE, shown in Fig. 2 (left), first transforms the
input LiDAR sequence into a compact, discrete latent space. The encoder em-
ploys stacked START blocks, featuring Spatial Ray-Centric Attention (SRA) and
Cyclic-Shifted Temporal Causal Attention (CSTA), to capture spatio-temporal
dynamics and produce a quantized codebook representation effectively. This dis-
crete representation then serves as the foundation for the MaskSTART model
(Fig. 2, right), a unified framework that performs masked generative modeling for
both prediction and conditional generation. In the generation task, it conditions
on 4D point cloud-aligned voxel layouts, which are fused via a zero-initialized
adapter to guide the synthesis of realistic and semantically consistent sequences.
Further details on the algorithmic procedures for reconstruction, prediction, and
generation are provided in the Supplementary Material.

3.1 HCS Coordinate Voxelization

Conventional Cartesian voxelization forces a trade-off between fidelity and effi-
ciency: high-resolution grids needed for detail are massively sparse and compu-
tationally expensive. We overcome this by proposing a voxelization scheme in an
HCS Coordinate System that mirrors the native spherical projection of LiDAR
sensors, as shown in Fig. 1. Our method partitions space into bins of constant
angular resolution, preserving geometric details at all ranges while yielding a
compact and efficient representation.

Formally, a point cloud is defined as:

P = {p(n) ∈ R3 | 1 ≤ n ≤ N},

where each point p(n) = (x(n), y(n), z(n)) is expressed in Cartesian coordinate.
We map these points into the HCS coordinate system (ρ(n), θ(n), ϕ(n)) using:

ρ(n) =
√
(x(n))2 + (y(n))2,

θ(n) = arctan 2(y(n), x(n)),

ϕ(n) = arctan 2(z(n), ρ(n)).

(1)
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Fig. 2: Illustration of the LiSTAR framework for 4D LiDAR sequence reconstruction
and generation. The framework begins by voxelizing LiDAR point clouds into a spheri-
cal coordinate representation, which is downsampled and processed by multiple START
modules in the encoder to extract semantic-rich latent tokens. The decoder reconstructs
detailed 4D sequences by up-sampling tokens with additional START modules. The
MaskSTART component facilitates controllable and diverse generation by predicting
masked tokens using a bidirectional transformer, conditioned on 4D point cloud-aligned
voxel layouts. This design captures spatiotemporal dependencies while preserving fine-
grained geometric details.

The voxelization is performed by a function V : (ρ, θ, ϕ) → (i, j, k). Crucially,
distinct from 2.5D range maps that store only the nearest depth value per
pixel (j, k), our HCS representation maintains a full 3D occupancy grid G ∈
{0, 1}R×H×W . This allows LiSTAR to explicitly model the sparsity and dis-
tribution of points along the ray dimension R, effectively capturing complex
structures that are otherwise compressed in projection-based methods.

3.2 START Module

We introduce the START module, a novel 4D attention mechanism specifically
designed for sequential LiDAR data. START operates in a causal temporal man-
ner to capture motion patterns while leveraging spatial ray-centric attention, ex-
plicitly aligned with the intrinsic geometry of LiDAR sensors. This formulation
enables the model to capture both spatiotemporal dependencies and fine-grained
structural relationships effectively, as illustrated in Fig. 3.

Spatial Ray-Centric Attention To explicitly encode the intrinsic ray-like
structure of LiDAR scans, we introduce the Ray-Centric Attention (RA) layer.
It operates on a dense tensor Vρθϕ ∈ Rl×h×w, where l, h, and w correspond to
the ray, vertical, and horizontal angular dimensions, respectively. To efficiently
process this representation, we first unfold (F) the tensor V along its ray di-
mension l, transforming it into a 2D matrix of size d × l, where d = h × w. A
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Fig. 3: An illustration of our START module. It processes a 4D feature map of shape
[B,D,H,W,C], where D is the temporal dimension. It is composed of two key com-
ponents: (1) a CSTA block that operates on windowed features to efficiently model
temporal dependencies, and (2) an SRA block that processes features reshaped to
[B ∗D,H,W,C] to capture spatial correlations along the ray dimension.

standard self-attention mechanism is then applied to a normalized version of this
flattened representation, denoted Vn. The output is computed as:

Vn = Norm(F(V )), (2)

V ′ = softmax

(
VnWQ(VnWK)T√

dk

)
VnWv, (3)

where WQ, WK , and WV are linear projection matrices that map the input
features into query, key, and value spaces. This mechanism enables each ray to
aggregate information from all other rays based on their learned similarities,
effectively capturing the global context of the 3D scene.

Spatial RA (SRA) block embeds the proposed RA layer within a pre-norm
Transformer architecture. The process involves a residual connection after the
RA-layer, followed by Layer Normalization (LN) and a Feed-Forward Network
(FFN) with a second residual connection. Formally, this is expressed as:

VSRA = F−1 ((V ′ + f(V ′)) + g(LN(V ′ + f(V ′)))) , (4)

where f(·) and g(·) represent the RA layer and the FFN, respectively. F−1 in-
dicates the inverse function of F. This residual-in-residual design ensures stable
training while enhancing feature expressiveness.

Applying standard self-attention to the full 4D voxel grid is not only com-
putationally prohibitive but also structurally agnostic to the underlying LiDAR
geometry. It fails to exploit the inherent radial dependencies captured by sen-
sor rays. Our SRA addresses this by restricting attention computations to the
radial dimension. This targeted approach allows the model to efficiently reason
about occlusions and spatial relationships along each line of sight. Consequently,
SRA captures fine-grained local structures while maintaining global context, all
within a feasible computational budget.
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Cyclic-Shifted Temporal Causal Attention To effectively model 4D LiDAR
sequences, our model must address two fundamental challenges: the spatial dis-
continuity arising from spherical coordinate projection, and the need for causal
temporal modeling. To this end, we propose the CSTA module, which is com-
posed of two specialized mechanisms. First, Cyclic-Shifted Window Attention
(CSWA) restores spatial continuity across the azimuthal seam by leveraging a
shifted-windowing scheme inspired by the Swin Transformer [32]. Second, Tem-
poral Causal Attention (TCA) enforces a strict chronological order to learn valid
motion patterns without information leakage from the future.

Cyclic-Shifted Window Attention. The projection of LiDAR’s HCS co-
ordinates onto a discrete grid introduces a critical spatial discontinuity. Points
that are physically adjacent across the azimuthal seam (0◦/360◦) are placed at
opposite ends of the tensor’s width dimension, artificially severing their geomet-
ric relationship.

This issue can be conceptualized by considering the mapping of a local neigh-
borhood. Let N (p) denote a connected 3D neighborhood of a point p located
on the azimuthal boundary. The projection onto a tensor of width W splits this
single neighborhood into two disjoint sets of indices at the extremes of the tensor
dimension:

N (p)
Projection−−−−−−→ · · · , wW−2, wW−1 ∪ w0, w1, · · ·. (5)

Consequently, standard network operators with fixed receptive fields (e.g., con-
volutions, window attention) fail to process this neighborhood cohesively. They
perceive the two parts as maximally distant, leading to feature artifacts and an
incomplete understanding of the global scene structure.

To address the boundary discontinuity induced by spherical coordinate un-
wrapping, we propose CSWA. CSWA explicitly models the periodic nature of the
azimuthal dimension, enabling information flow across the artificial seam. The
mechanism operates in two alternating stages. A standard Window MSA (W-
MSA) first computes self-attention within local, non-overlapping windows for
efficient feature extraction. Subsequently, a Shifted Window MSA (SW-MSA)
block introduces a cyclic shift along the azimuthal dimension. This realigns the
window grid, enabling cross-window connections, particularly across the 0◦/360◦

seam. A carefully designed attention mask ensures that interactions are confined
to valid local regions in the shifted configuration before the shift is reversed.

By alternating these standard and shifted window configurations, CSWA
achieves a global receptive field with linear complexity, efficiently restoring the
topological continuity of the spherical space.

Temporal Causal Attention. Beyond static spatial features, modeling
temporal dynamics is crucial for interpreting motion and ensuring coherence
across LiDAR frames. Standard attention mechanisms are permutation-invariant
and thus non-causal, allowing information to leak from future frames, which is
invalid for predictive tasks.

To address this, we introduce TCA, a mechanism designed to model scene
evolution while strictly adhering to the arrow of time. TCA extends the causal
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constraint to a history of L preceding frames, {Xt−L, Xt−L+1, · · · , Xt−1}, al-
lowing the model to capture long-range temporal dependencies. Queries Qt are
generated from the current frame Xt, while a unified set of keys Khist and val-
ues Vhist is created by concatenating the respective projections from all L past
frames. The attention mechanism then aggregates information from the entire
history as follows:

TCA(Xt) = softmax
(
QtK

T
hist√
dk

)
Vhist. (6)

This formulation ensures that the model’s output for time t depends on past and
present information, enabling it to learn robust and complex motion patterns
from a rich temporal context.

We integrate TCA by interleaving it with CSWA layers. This layered struc-
ture allows the model to jointly refine spatial details and update temporal states,
creating a comprehensive 4D representation. This unified approach is essential
for tasks requiring both spatial integrity and temporal coherence, such as dy-
namic scene reconstruction and motion forecasting.

3.3 Training Objectives

The encoder-decoder framework is trained by minimizing a loss function with
three components: vector quantization loss, voxel reconstruction loss, and point
cloud reconstruction loss:

L = LV Q(z, ẑ) + Lv(Vpred, Vtarget) + Lp(Upred, Vtarget), (7)

where z and ẑ are encoder outputs and quantized features, respectively; Vpred

denotes the predicted voxels, Upred represents voxelized rendered point cloud;
and Vtarget denotes target voxels. This loss formulation ensures fidelity across
both voxel representation and rendered point clouds, enhancing reconstruction
quality.

4 Experiments

4.1 Datasets and Implementation Details

Datasets. Our experiments are conducted on three widely adopted autonomous
driving datasets: the large-scale nuScenes dataset [4], KITTI Odometry [12], and
KITTI-360 [28]. While nuScenes provides dense, 360-degree point clouds from a
32-beam LiDAR, KITTI and KITTI-360 capture high-resolution scenes using 64-
beam LiDAR sensors. Data Representation. We voxelize point clouds into a
high-resolution HCS grid to preserve fine-grained geometric details. Specifically,
we set the resolution to (640× 1088× 32) for nuScenes and (640× 1088× 64) for
KITTI and KITTI-360. The model processes temporal sequences with a total
duration of 4 s, allowing for long-term dependency modeling. For the prediction
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task, we define the operational range as [-70, 70]m in x/y and [-4.5, 4.5]m in
z, while for the generation task, the range is [-50, 50]m in x/y and [-3, 5]m in
z. Network Architecture. The VQ-VAE encoder is composed of 12 stacked
START blocks with a hidden dimension of 512. The codebook size is set to
2048 with a dimension of 1024. The MaskSTART is deepened to 24 layers with
8 attention heads and a hidden dimension of 1280 to capture complex spatio-
temporal dynamics. Training & Inference. We train the VQ-VAE for 100
epochs and MaskSTART for 200 epochs using the AdamW optimizer with a
learning rate of 5e− 5 with a batch size of 2. During inference, we set the CFG
to 1.0.

Table 1: Point cloud reconstruction results on nuScenes and KITTI-360.
LiSTAR significantly outperforms the baseline across all metrics. Notably, it achieves
up to an 85% relative increase in IoU and a 79% reduction in MMD, demonstrating
superior geometric accuracy and distribution similarity. Best results are in bold. (↑:
Higher is better, ↓: Lower is better).

Dataset Method IoU↑ Chamfer↓ MMD (10−4)↓ JSD↓

nuScenes OpenDWM [1,6, 42] 0.441 0.029 0.152 0.076
LiSTAR 0.583 0.017 0.061 0.056
Improvement 32% 41% 60% 26%

KITTI-360 OpenDWM [1,6, 42] 0.259 0.030 0.605 0.085
LiSTAR 0.480 0.015 0.130 0.063
Improvement 85% 50% 79% 26%

4.2 Metrics

Evaluation Metrics. We rigorously evaluate LISTAR across three distinct tasks:
point cloud reconstruction, prediction, and generation. For point cloud recon-
struction, we assess both geometric accuracy and distributional fidelity. Geo-
metric accuracy is measured by Intersection over Union (IoU) and Chamfer
distance, while distributional quality is evaluated using Maximum Mean Dis-
crepancy (MMD) and Jensen-Shannon Divergence (JSD). For point cloud pre-
diction, our evaluation focuses on the geometric accuracy of future point clouds.
We report point-wise discrepancies using Chamfer distance and a suite of L1
depth for raycasting and relative L1 error ratio, including their Mean and Me-
dian variants (L1 Med, AbsRel Med, L1 Mean, AbsRel). For LiDAR generation,
we again evaluate both geometric fidelity and distributional realism. We mea-
sure Chamfer distance across multiple evaluation ranges (30 m, 40 m, and 70 m)
to assess performance at varying distances. MMD and JSD quantify the overall
realism and diversity of the generated sequences.
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Table 2: Point cloud prediction results on nuScenes and KITTI. LiSTAR
establishes a new state-of-the-art across both 1 s and 3 s prediction horizons. Compared
to the baselines, our method achieves up to a 49% reduction in Chamfer distance and
a 64% reduction in L1 Med.

Dataset Method Chamfer↓ L1 Med↓ AbsRel Med↓ L1 Mean↓ AbsRel↓

nuScenes 1 s

SPFNet [55] 2.24 - - 4.58 34.87
S2Net [54] 1.70 - - 3.49 28.38
4D-Occ [20] 1.41 0.26 4.02 1.40 10.37
Copilot4D [64] 0.36 0.10 1.30 1.30 8.58

LiSTAR 0.30 0.05 0.96 0.76 4.92
Improvement 17% 50% 26% 42% 43%

nuScenes 3 s

SPFNet [55] 2.50 - - 5.11 32.74
S2Net [54] 2.06 - - 4.78 30.15
4D-Occ [20] 1.40 0.43 6.88 1.71 13.48
Copilot4D [64] 0.58 0.14 1.86 1.51 10.38

LiSTAR 0.48 0.12 1.83 0.83 7.52
Improvement 17% 14% 1.6% 45% 28%

KITTI 1 s

ST3DCNN [36] 4.11 - - 3.13 26.94
4D-Occ [20] 0.51 0.20 2.52 1.12 9.09
Copilot4D [64] 0.18 0.11 1.32 0.95 8.59

LiSTAR 0.11 0.04 0.77 0.62 3.55
Improvement 39% 64% 42% 35% 59%

KITTI 3 s

ST3DCNN [36] 4.19 - - 3.25 28.58
4D-Occ [20] 0.96 0.32 3.99 1.45 12.23
Copilot4D [64] 0.45 0.17 2.18 1.27 11.50

LiSTAR 0.23 0.12 0.86 0.77 4.45
Improvement 49% 29% 61% 39% 61%

4.3 Reconstruction Results

As shown in Table 1, LiSTAR significantly outperforms the previous state-
of-the-art method, OpenDWM, in point cloud reconstruction across both the
nuScenes and KITTI-360 datasets. Our method achieves substantial gains across
the board. Notably, on nuScenes, LiSTAR yields a 32% relative increase in IoU
and a 60% reduction in MMD. The improvements are even more pronounced
on KITTI-360, reaching an 85% increase in IoU and a 79% reduction in MMD.
These results demonstrate that LiSTAR not only reconstructs scene geometry
more accurately, evidenced by higher IoU and lower Chamfer Distance, but also
captures the underlying data distribution with much higher fidelity, as reflected
in the lower MMD and JSD scores. This comprehensive improvement validates
the effectiveness of our proposed architecture for high-quality LiDAR reconstruc-
tion.
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Table 3: Generation results on nuScenes and KITTI-360. LiSTAR significantly
outperforms the OpenDWM baseline in both geometric accuracy and distributional
fidelity. Notably, our method reduces the Chamfer distance by up to 63% and MMD
by 61%. The Chamfer distance is evaluated across three spatial ranges: 30 m (magenta),
40m (green), and 50m (blue).

Dataset Method Chamfer↓ Chamfer↓ Chamfer↓ MMD (10−4)↓ JSD↓

nuScenes OpenDWM [1,6, 42] 1.59 2.51 3.49 - -
LiSTAR 0.72 1.21 1.53 9.94 0.30
Improvement 55% 52% 56% - -

KITTI-360 OpenDWM [1,6, 42] 1.88 2.57 3.35 41.1 0.31
LiSTAR 1.43 0.97 1.25 16.1 0.31
Improvement 24% 62% 63% 61% 0.0%

4.4 Prediction Results

The results for future point cloud prediction are presented in Table 2. Our
method, LiSTAR, significantly outperforms all baselines across both the nuScenes
and KITTI datasets, establishing a new state-of-the-art for both 1,s and 3,s
prediction horizons. On the nuScenes dataset, LiSTAR reduces the Chamfer
distance by 17% and the L1 Med by up to 50% compared to the baseline, Copi-
lot4D. The performance gains are even more substantial on the KITTI dataset,
where our method achieves up to a 49% reduction in Chamfer distance at the 3 s
horizon and a 64% reduction in L1 Med at the 1 s horizon. This comprehensive
improvement validates the effectiveness of our architecture in capturing complex
spatio-temporal dynamics for highly accurate future predictions.

4.5 Generation Results

Table 3 presents the quantitative results for LiDAR generation on the nuScenes
and KITTI-360 datasets. LiSTAR demonstrates a substantial advantage over
the OpenDWM baseline across all metrics. Notably, our method achieves a 61%
reduction in MMD, indicating significantly higher distributional fidelity. Further-
more, LiSTAR improves geometric accuracy by reducing the Chamfer distance
by up to 63% across the evaluated spatial ranges of 30 m (magenta), 40m (green),
and 50 m (blue). These results validate the superior capability of our model in
generating highly realistic LiDAR sequences.

4.6 Ablation Study

Analysis of Coordinate Representation Table 4 presents our ablation study
on coordinate systems, demonstrating the clear superiority of our proposed HCS
representation. HCS substantially outperforms both Cartesian and the stronger
Polar coordinate baselines across all metrics. Specifically, it achieves an IoU of
0.554, marking a significant 16% relative improvement over Polar coordinates.
This result strongly validates the advantage of HCS in providing a more powerful
representation for LiDAR data.
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Fig. 4: Qualitative comparison of point cloud reconstruction over a 4 s horizon on the
nuScenes dataset. The visualization overlays predictions with the ground truth: ma-
genta (correct intersection), green (missed ground truth), and blue (artifacts). Our
method consistently yields more complete reconstructions (denser magenta) with sig-
nificantly fewer artifacts (less blue), demonstrating superior accuracy.

Table 4: Our proposed HCS coordinate achieves superior performance. The
table presents a direct comparison against standard Cartesian and Polar coordinates,
where our method demonstrates significant gains across all metrics. For example, it
boosts IoU by 16% over the next-best polar representation. Bold denotes the best
performance.

Cartesian Polar HCS IoU↑ Chamfer↓ MMD (10−4)↓ JSD↓

✓ 0.414 0.039 0.475 0.086
✓ 0.476 0.023 0.072 0.067

✓ 0.554 (16%↑) 0.020 (13%↓) 0.065 (10%↓) 0.060 (10%↓)

Effectiveness of the START Module Table 5 validates the synergistic design
of our START module, demonstrating that both SRA and CSTA are critical for
performance. The introduction of SRA alone provides the most significant leap,
dramatically improving IoU from 0.503 to 0.554 and slashing the MMD from
0.116 to 0.065. The subsequent addition of CSTA further enhances performance
across all metrics, leading to the best overall scores, including a final IoU of
0.583. This clearly shows that while SRA captures the core geometric structure,
CSTA is essential for achieving the highest level of temporal and distributional
fidelity.

4.7 Qualitative Results

Our qualitative results in Fig. 4 and Fig. 5 demonstrate LiSTAR’s clear superi-
ority across all tasks. In reconstruction, the baseline accumulates significant arti-
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Fig. 5: Qualitative results for prediction and generation on the nuScenes dataset. We
compare our method with OpenDWM against the ground truth for future horizons up
to 3 s. Our method consistently produces sharper and more accurate results for both
static background and dynamic objects (highlighted) compared to the baseline.

facts (blue points) over time, while our method maintains high fidelity with more
true positives (magenta). Similarly, for prediction and generation, the baseline’s
outputs become progressively blurry and lose structural detail, whereas our re-
sults remain sharp and temporally consistent, closely matching the ground truth.
This visual evidence confirms our model’s advanced capability in modeling com-
plex 4D dynamics with high fidelity. Further experimental details are provided
in the Supplementary Material.

Table 5: Combining attention mechanisms in START yields superior perfor-
mance. The table ablates our two attention mechanisms, showing that each provides
a substantial gain over the baseline. Their combination in the START module is most
effective, for instance, improving IoU from 0.503 to 0.583. Bold denotes the best per-
formance.

SRA CSTA IoU↑ Chamfer↓ MMD (10−4)↓ JSD↓

0.503 0.021 0.116 0.061
✓ 0.554 0.020 0.065 0.060
✓ ✓ 0.583 0.017 0.061 0.056
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5 Conclusion

In this paper, we introduced LiSTAR, a novel generative world model for high-
fidelity, controllable 4D LiDAR synthesis. By unifying a novel HCS representa-
tion with a START, LiSTAR effectively preserves geometric fidelity and ensures
temporal coherence. Its discrete MaskSTART framework further enables effi-
cient, high-resolution generation conditioned on scene layouts. We have demon-
strated that LiSTAR establishes a new state-of-the-art across reconstruction,
prediction, and generation tasks, providing a powerful tool for creating realis-
tic simulation environments for autonomous driving. Future work could explore
multi-modal conditioning for even richer scene synthesis.
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