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Figure 1. Cartesian vs. HCS coordinate for LiDAR scene representation. Cartesian coordinate partitions space into uniform, axis-aligned
cubes, ignoring the native ray geometry 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.

Abstract

Synthesizing high-fidelity and controllable 4D LiDAR
data is crucial for creating scalable simulation environ-
ments for autonomous driving. This task is inherently
challenging due to the sensor’s unique spherical geome-
try, the temporal sparsity of point clouds, and the com-
plexity of dynamic scenes. To address these challenges, we
present LiSTAR, a novel generative world model that oper-
ates directly on the sensor’s native geometry. LiSTAR in-
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troduces a Hybrid-Cylindrical-Spherical (HCS) represen-
tation to preserve data fidelity by mitigating quantization
artifacts common in Cartesian grids. To capture complex
dynamics from sparse temporal data, it utilizes a Spatio-
Temporal Attention with Ray-Centric Transformer (START)
that explicitly models feature evolution along individual
sensor rays for robust temporal coherence. Furthermore,
for controllable synthesis, we propose a novel 4D point
cloud-aligned voxel layout for conditioning and a corre-
sponding discrete Masked Generative START (MaskSTART)
framework, which learns a compact, tokenized representa-
tion of the scene, enabling efficient, high-resolution, and
layout-guided compositional generation. Comprehensive
experiments validate LiSTAR’s state-of-the-art performance



across 4D LiDAR reconstruction, prediction, and condi-
tional generation, with substantial quantitative gains: re-
ducing generation MMD by a massive 76%, improving re-
construction IoU by 32%, and lowering prediction L1 Med
by 50%. This level of performance provides a powerful
new foundation for creating realistic and controllable au-
tonomous systems simulations. Project link: LiSTAR.

1. Introduction
World models, which aim to internalize environmental dy-
namics by learning generative predictors, have demon-
strated strong capabilities across a wide range of visual and
interactive tasks and are now increasingly explored for au-
tonomous driving [16, 33]. Recent progress has largely fo-
cused on structured modalities like videos and occupancy
grids, whose dense organization fits well with established
processing pipelines [11, 49]. By contrast, LiDAR remains
understudied despite its importance for accurate 3D geom-
etry and all-weather perception. The sparse, unordered,
and irregular nature of LiDAR point clouds [21, 29, 55]
poses fundamental challenges for generative modeling, lim-
iting the direct adoption of techniques designed for regu-
larly structured data.

Despite recent progress in LiDAR scene synthesis [25,
59, 66], significant hurdles remain. A primary challenge
stems from conventional voxelization, which converts Li-
DAR returns into dense Cartesian grids. As illustrated in
Fig. 1, this approach overlooks the native ray-based sam-
pling geometry of spinning sensors, leading to quantization
artifacts and distorted structural patterns that impair fidelity
[23, 26, 61]. Furthermore, the inherent sparsity and non-
uniform sampling of point clouds complicate the preser-
vation of temporal coherence, often resulting in flickering
surfaces or inconsistent dynamic object alignment [18]. Fi-
nally, for controllable synthesis, the prevalent reliance on
temporal Bird’s-Eye-View (BEV) layouts [37, 38] as condi-
tional inputs imposes a critical bottleneck. This 2D projec-
tion 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.

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, 48] to learn a dis-
crete representation of LiDAR scenes. LiSTAR begins with
a novel HCS representation, the first of its kind for LiDAR
world models, which aligns with the sensor’s native scan-
ning geometry to preserve ray structure and mitigate distor-
tions. Building on this representation, our Spatio-Temporal
Attention with Ray-Centric Transformer (START) mod-
ule explicitly models feature correlations along sensor rays

across time, enforcing robust spatial and temporal consis-
tency. Finally, to enable controllable synthesis, we in-
troduce a novel 4D point cloud-aligned voxel layout as a
conditioning mechanism. A discrete Masked Generative
START (MaskSTART) pipeline then operates on the learned
VQ tokens, conditioned on these layouts, to achieve effi-
cient, high-fidelity generation. Collectively, these synergis-
tic innovations enable the creation of 4D LiDAR scenes that
are not only physically faithful but also precisely control-
lable, paving the way for more realistic and targeted au-
tonomous driving simulation.

We conduct extensive experiments on the large-scale
nuScenes benchmark, evaluating LiSTAR on a suite of
tasks including point cloud reconstruction, prediction, 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 ap-
plications. The main contributions of this work are:

• We present LiSTAR, a 4D LiDAR world model that uni-
fies HCS representation, START, and MaskSTART into
a single end-to-end framework, explicitly tailored to Li-
DAR’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 con-
ventional Cartesian discretization.

• We design the START module, which models feature cor-
relations along LiDAR rays to capture spatial structure
and temporal dependencies jointly, ensuring geometric fi-
delity and frame-to-frame consistency.

• We introduce a MaskSTART pipeline for 4D LiDAR se-
quences that supports fine-grained semantic conditioning
on 4D point cloud-aligned voxel layout. This approach
enables controllable and diverse scenario synthesis, al-
lowing for precise manipulation and generation of com-
plex scene structures.

• We achieve state-of-the-art performance on a large-scale
autonomous driving benchmark for both point cloud re-
construction, 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++ [27, 41, 42], directly operate on raw points,
aggregating local and global features to encode spatial con-
text. Voxelization [31, 40, 56] discretizes the space into
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dense grids but is memory-intensive, leading to sparse con-
volution designs [7, 13] that skip empty cells. Projection-
based representations are also popular: BEV [22, 56] ver-
tically projects points onto a planar map, while range im-
ages [17, 35, 37, 43, 66] map points to polar coordinates to
form 2.5D grids. Recent works leverage VAE-family mod-
els [10, 20, 48] for latent compression, e.g., VQ-VAE [3, 48]
learns discrete codebooks for compact feature tokens. For
simulation, ray-casting pipelines [2, 9, 32, 36] reproduce
ray-drop patterns from virtual assets. Finally, implicit neu-
ral representations, such as NeRF [34], allow differentiable
rendering of point clouds from learned occupancy or se-
mantic fields [23, 60].

2.2. World Models for Point Clouds

World models predict future observations from historical
states and agent actions, enabling agents to model tempo-
ral dynamics. While early work focused on image/video
prediction [16, 45, 53, 62, 63], recent studies extend to
structured 3D data. In 3D occupancy world models [14,
24, 50, 64, 65], discrete volumetric tokens are predicted
to maintain spatial consistency. Point cloud world mod-
els [57, 61, 67] predict temporal LiDAR sequences by
combining latent tokenization and generative backbones.
For instance, Copilot4D [61] encodes LiDAR frames with
VQ-VAE and applies discrete diffusion for forecasting,
while LiDAR-DM [67] 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 progres-
sively corrupts data with noise, and a reverse process to
recover the original signal. For continuous data, Gaus-
sian perturbations [15, 44, 46, 47] are widely used due to
favorable statistical properties enabling stable training ob-
jectives. MaskGIT [5] replaces Gaussian noise with ag-
gressive token masking and BERT-style training [8], out-
performing Gaussian diffusion in several domains, includ-
ing video [58] and point clouds [54]. Beyond diffusion,
flow matching [28] learns continuous-time flows between
base and target distributions, allowing ODE-based sampling
with convergence guarantees, and has been applied to se-
quences [12] 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 improve spatial fidelity and tempo-
ral stability, making them promising backbones for LiDAR
world modeling.

3. Methodology
We introduce LiSTAR, a novel generative world model for
4D LiDAR synthesis, composed of two synergistic compo-
nents: an HCS-based 4D VQ-VAE for representation learn-
ing 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, dis-
crete latent space. The encoder employs stacked START
blocks, featuring Spatial Ray-Centric Attention (SRA) and
Cyclic-Shifted Temporal Causal Attention (CSTA), to cap-
ture spatio-temporal dynamics and produce a quantized
codebook representation effectively. This discrete repre-
sentation then serves as the foundation for the MaskSTART
model (Fig. 2, right), a unified framework that performs
masked generative modeling for both prediction and condi-
tional 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 Appendix.

3.1. HCS Coordinate Voxelization
Conventional Cartesian voxelization forces a trade-off be-
tween fidelity and efficiency: high-resolution grids needed
for detail are massively sparse and computationally expen-
sive. We overcome this by proposing a voxelization scheme
in an HCS Coordinate System that mirrors the native spher-
ical projection of LiDAR sensors, as shown in Fig. 1. Our
method partitions space into bins of constant angular resolu-
tion, preserving geometric details at all ranges while yield-
ing 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)

The voxelization is performed by a function V : (ρ, θ, ϕ)→
(i, j, k), which quantizes a point’s continuous HCS coordi-
nates into a discrete integer tuple. This tuple (i, j, k) in-
dexes a specific bin within a 3D grid along the radial, an-
gular, and axial dimensions. The final output is a binary
occupancy grid G, where an element Gi,j,k = 1 if the cor-
responding voxel is non-empty, and 0 otherwise. This for-
mulation provides a structured and compact encoding of the
raw point cloud, ideal for consumption by subsequent net-
work layers.



Figure 2. Illustration of the LiSTAR framework for 4D LiDAR sequence reconstruction and generation. The framework begins by vox-
elizing LiDAR point clouds into a spherical 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 addi-
tional 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.

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 manner to cap-
ture motion patterns while leveraging spatial ray-centric at-
tention, explicitly 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.

3.2.1. Spatial Ray-Centric Attention
To explicitly encode the intrinsic ray-like structure of Li-
DAR 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
dimension l, transforming it into a 2D matrix of size d × l,
where d = h × w. A standard self-attention mechanism is
then applied to a normalized version of this flattened repre-
sentation, 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, effec-
tively 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 indicates the inverse function of F. This
residual-in-residual design ensures stable training while en-
hancing feature expressiveness.

Applying standard self-attention to the full 4D voxel grid
is not only computationally prohibitive but also structurally
agnostic to the underlying LiDAR geometry. It fails to ex-
ploit the inherent radial dependencies captured by sensor
rays. Our SRA addresses this by restricting attention com-
putations 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 maintain-
ing global context, all within a feasible computational bud-
get.



Figure 3. An illustration of our START module. It processes a
4D feature map of shape [B,D,H,W,C], where D is the tempo-
ral dimension. It is composed of two key components: (1) a CSTA
block that operates on windowed features to efficiently model tem-
poral dependencies, and (2) an SRA block that processes features
reshaped to [B ∗D,H,W,C] to capture spatial correlations along
the ray dimension.

3.2.2. Cyclic-Shifted Temporal Causal Attention
To effectively model 4D LiDAR sequences, our model must
address two fundamental challenges: the spatial disconti-
nuity arising from spherical coordinate projection, and the
need for causal temporal modeling. To this end, we pro-
pose the CSTA module, which is composed of two spe-
cialized mechanisms. First, Cyclic-Shifted Window At-
tention (CSWA) restores spatial continuity across the az-
imuthal seam by leveraging a shifted-windowing scheme
inspired by the Swin Transformer [30]. Second, Temporal
Causal Attention (TCA) enforces a strict chronological or-
der to learn valid motion patterns without information leak-
age from the future.

Cyclic-Shifted Window Attention. The projection of
LiDAR’s HCS coordinates 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 geometric relationship.

This issue can be conceptualized by considering the
mapping of a local neighborhood. Let N (p) denote a con-
nected 3D neighborhood of a point p located on the az-
imuthal 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 recep-

tive fields (e.g., convolutions, window attention) fail to pro-
cess this neighborhood cohesively. They perceive the two
parts as maximally distant, leading to feature artifacts and
an incomplete understanding of the global scene structure.

Algorithm 1 Cyclic-Shifted Window Attention (CSWA)

Input: Input feature map Xl ∈ RB×D×H×W×C from
layer l, window size (MD,MH ,MW ).

Output: Output feature map Xl+1 from the subsequent
layer.

1: ▷ Stage 1: Standard Window MSA (W-MSA)
2: X ′ ← LayerNorm(Xl)
3: Xwindows ←WindowPartition(X ′, (MD,MH ,MW )) ▷

Partition into non-overlapping windows
4: Awindows ← MSA(Xwindows) ▷ Apply Multi-Head

Self-Attention within each window
5: A←WindowReverse(Awindows, (D,H,W )) ▷ Merge

windows back
6: Xl ← Xl +A ▷ First residual connection
7: Xl ← Xl + MLP(LayerNorm(Xl)) ▷ Second residual

connection with MLP

8: ▷ Stage 2: Shifted Window MSA (SW-MSA)
9: X ′′ ← LayerNorm(Xl)

10: Xshifted ← CyclicShift(X ′′, (MD/2,MH/2,MW /2))
▷ Cyclic shift along the azimuthal (W) dimension

11: ▷ Generate mask to prevent attention between
non-adjacent regions

12: M ← GenerateMask(D,H,W, (MD,MH ,MW ))
13: X ′

windows ←WindowPartition(Xshifted, (MD,MH ,MW ))
14: A′

windows ← MSA(X ′
windows,mask = M) ▷ Apply

MSA with the generated mask
15: A′

shifted ←WindowReverse(A′
windows, (D,H,W ))

16: A′ ← CyclicShift(A′
shifted, (0, 0,MW /2)) ▷ Reverse

the cyclic shift
17: Xl+1 ← Xl +A′ ▷ Third residual connection
18: Xl+1 ← Xl+1 + MLP(LayerNorm(Xl+1)) ▷ Fourth

residual connection with MLP
19: return Xl+1

To address the boundary discontinuity induced by spher-
ical coordinate unwrapping, we propose CSWA. CSWA ex-
plicitly models the periodic nature of the azimuthal dimen-
sion, enabling information flow across the artificial seam.
The mechanism operates in two alternating stages. The pro-
cedure, detailed in Alg. 1, alternates between two configu-
rations. A standard Window MSA (W-MSA) first computes
self-attention within local, non-overlapping windows for ef-
ficient feature extraction. Subsequently, a Shifted Window
MSA (SW-MSA) block introduces a cyclic shift along the
azimuthal dimension. This realigns the window grid, en-
abling cross-window connections, particularly across the



Table 1. LiSTAR significantly outperforms the previous state-of-the-art method in point cloud reconstruction. Our method demon-
strates significant improvements across all metrics, achieving a 32% relative increase in IoU and a 60% reduction in MMD, indicating
superior geometric accuracy and distribution similarity. Best results are in bold. (↑: Higher is better, ↓: Lower is better).

Method IoU↑ Chamfer↓ MMD (10−4)↓ JSD↓
OpenDWM [1, 6, 39] 0.441 0.029 0.152 0.076
Ours 0.583 (32%↑) 0.017 (41%↓) 0.061 (60%↓) 0.056 (26%↓)

Table 2. LiSTAR sets a new state-of-the-art in point cloud prediction. The table compares our method with previous state-of-the-art
approaches on the nuScenes dataset. LiSTAR achieves a 17% reduction in Chamfer distance and a 50% reduction in L1 Med. Metrics
shown in blue are evaluated within a ±70m ROI. Best results are in bold. ↓ indicates lower is better.

Method Chamfer↓ L1 Med↓ AbsRel Med↓ L1 Mean↓ AbsRel↓
SPFNet [51] 2.24 - - 4.58 34.87
S2Net [52] 1.70 - - 3.49 28.38
4D-Occ [19] 1.41 0.26 4.02 1.40 10.37
Copilot4D [61] 0.36 0.10 1.30 1.30 8.58

Ours 0.30 (17%↓) 0.05 (50%↓) 0.96 (26%↓) 0.76 (42%↓) 4.92 (43%↓)

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 config-
urations, CSWA achieves a global receptive field with linear
complexity, efficiently restoring the topological continuity
of the spherical space.

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

To address this, we introduce TCA, a mechanism
designed to model scene evolution while strictly ad-
hering to the arrow of time. TCA extends the
causal constraint to a history of L preceding frames,
{Xt−L, Xt−L+1, · · · , Xt−1}, allowing the model to cap-
ture long-range temporal dependencies. Queries Qt are
generated from the current frame Xt, while a unified set
of keys Khist and values Vhist is created by concatenating
the respective projections from all L past frames. The atten-
tion 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 structure allows the model to jointly refine spa-
tial details and update temporal states, creating a compre-
hensive 4D representation. This unified approach is essen-
tial for tasks requiring both spatial integrity and temporal
coherence, such as dynamic scene reconstruction and mo-
tion forecasting.

4. Experiments

In this section, we aim to conduct experiments to investigate
the following questions: (1) Does LiSTAR achieve state-of-
the-art performance on the autonomous driving benchmark
across point cloud reconstruction, forecasting, and genera-
tion tasks? (2) How crucial are the respective contributions
of the HCS representation and the START module? (3)
Qualitatively, how effective is LiSTAR at generating tem-
porally coherent and high-fidelity reconstructions?

4.1. Datasets and Experiment Setting

Our experiments are conducted on the large-scale nuScenes
dataset [4], which provides dense, 360-degree point clouds
from a 128-beam LiDAR. We utilize the official train/val
split, focusing on keyframes from diverse urban scenarios.
To create a fixed-size input, each raw point cloud is down-
sampled to 2048 points via Farthest Point Sampling (FPS).
For the prediction task, we define the operational range as
[-70, 70]m in x/y and [-4.5, 4.5]m in z, while for the gener-
ation task, the range is [-50, 50]m in x/y and [-3, 5]m in z.
All models are trained for 60k steps on 64 H20 GPUs using
the AdamW optimizer with a learning rate of 5e-5. We use
a per-GPU batch size of 2 and train with bf16 precision for
computational efficiency.



Table 3. LiSTAR demonstrates superior performance in LiDAR generation. Our method significantly outperforms the OpenDWM
baseline in both geometric accuracy and distributional fidelity. As shown, LiSTAR reduces the MMD by 76% and cuts the Chamfer
distance by over 50% across different evaluation ranges: 30m (magenta), 40m (green), and 70m (blue). This highlights our model’s ability
to generate significantly more realistic and accurate point cloud sequences. Best results are in bold.

Method Chamfer↓ Chamfer↓ Chamfer↓ MMD (10−4)↓ JSD↓
OpenDWM 1.88 2.57 3.35 41.14 0.31
Ours 0.72 (62%↓) 1.21 (53%↓) 1.53 (54%↓) 9.94 (76%↓) 0.30

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%↓)

4.2. Metrics
To comprehensively evaluate our method, LiSTAR, across
point cloud reconstruction, prediction, and generation, we
assess both per-sample geometric fidelity and overall distri-
butional similarity. For geometric fidelity, we measure vol-
umetric accuracy using Intersection over Union (IoU) and
quantify point-wise discrepancies using Chamfer distance,
L1 distance (both Mean and Median), and Absolute Rel-
ative error (AbsRel). Notably, for the LiDAR generation
task, Chamfer distance is evaluated across multiple ranges
(30m, 40m, and 70m) to assess fidelity at varying dis-
tances. To evaluate the distributional quality of the gener-
ated set, we employ Maximum Mean Discrepancy (MMD)
and Jensen-Shannon Divergence (JSD), which are critical
for judging the realism and diversity of the generated point
cloud sequences.

4.3. Reconstruction Results
As shown in Table 1, LiSTAR significantly outperforms the
previous state-of-the-art method, OpenDWM, in the task of
point cloud reconstruction. Our method achieves substan-
tial gains across the board, with a 26% relative increase in
IoU and a 57% reduction in MMD. These results demon-
strate that LiSTAR not only reconstructs scene geometry
more accurately by achieving a higher IoU and lower Cham-
fer Distance, but also captures the data distribution with
much higher fidelity, reflected in lower MMD and JSD. This
comprehensive improvement validates the effectiveness of
our proposed architecture for high-quality reconstruction.

4.4. Prediction Results
The results for 1 s future prediction are presented in Table
2. Our method, LiSTAR, significantly outperforms all base-

Figure 4. Qualitative comparison of point cloud reconstruction.
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 recon-
structions (denser magenta) with significantly fewer artifacts (less
blue), demonstrating superior accuracy.

lines, establishing a new state-of-the-art. Notably, for the
1s future horizon, LiSTAR reduces the Chamfer distance
by 17% and the L1 Med by a remarkable 50% compared
to Copilot4D. This comprehensive improvement at the 1 s
horizon validates the effectiveness of our architecture in
producing highly accurate and reliable future predictions.

4.5. Generation Results

For the LiDAR generation task, we compare LiSTAR with
the OpenDWM baseline, presenting quantitative results in
Table 3. Our method demonstrates a substantial advan-
tage across all metrics. Most notably, LiSTAR achieves
a remarkable 76% reduction in Maximum Mean Discrep-
ancy (MMD), indicating that the distribution of our gener-
ated point clouds is significantly closer to the ground truth.
In terms of geometric accuracy, our model consistently re-
duces the Chamfer distance by over 50% across all evalu-



Figure 5. Qualitative results for prediction and generation. We compare our method with OpenDWM against the ground truth for future
horizons up to 2s. Our method consistently produces sharper and more accurate results for both static background and dynamic objects
(highlighted) compared to the baseline. The baseline’s predictions and generations degrade significantly over time, losing structural detail.

ated ranges: 30m (magenta), 40m (green), and 70m (blue).
These results collectively validate the superior capability of
our model in generating high-fidelity and physically realis-
tic LiDAR sequences.

4.6. Ablation Study
4.6.1. 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 Carte-
sian and the stronger Polar coordinate baselines across all
metrics. Specifically, it achieves an IoU of 0.554, mark-
ing a significant 16% relative improvement over Polar co-
ordinates. This result strongly validates the advantage of
HCS in providing a more powerful representation for Li-
DAR data.

4.6.2. Effectiveness of the START Module
Table 5 validates the synergistic design of our START mod-
ule, demonstrating that both SRA and CSTA are critical
for performance. The introduction of SRA alone provides

Table 5. Combining attention mechanisms in START yields su-
perior performance. The table ablates our two attention mecha-
nisms, showing that each provides a substantial gain over the base-
line. Their combination in the START module is most effective,
for instance, improving IoU from 0.503 to 0.583. Bold denotes the
best performance.

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

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 perfor-
mance 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 essen-
tial for achieving the highest level of temporal and distribu-
tional fidelity.



4.7. Qualitative Results
Our qualitative results in Fig. 4 and 5 demonstrate LiS-
TAR’s clear superiority across all tasks. In reconstruction,
the baseline accumulates significant artifacts (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 results re-
main sharp and temporally consistent, closely matching the
ground truth. This visual evidence confirms our model’s ad-
vanced capability in modeling complex 4D dynamics with
high fidelity. Further experimental details are provided in
the Appendix.

5. Conclusion
In this paper, we introduced LiSTAR, a novel generative
world model for high-fidelity, controllable 4D LiDAR syn-
thesis. By unifying a novel HCS representation with a
START, LiSTAR effectively preserves geometric fidelity
and ensures temporal coherence. Its discrete MaskSTART
framework further enables efficient, high-resolution gener-
ation conditioned on scene layouts. We have demonstrated
that LiSTAR establishes a new state-of-the-art across re-
construction, prediction, and generation tasks, providing a
powerful tool for creating realistic simulation environments
for autonomous driving. Future work could explore multi-
modal conditioning for even richer scene synthesis.
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6. Methodology
6.1. HCS-based 4D VQ-VAE
To capture both geometric structures and temporal dynam-
ics inherent in sequential LiDAR scans, we design a VQ-
VAE tailored to the 4D HCS voxel representation. This
framework effectively abstracts redundant measurements
while preserving crucial spatiotemporal information, en-
abling reconstruction, future sequence prediction and gen-
eration. The framework consists of a hierarchical encoder
that maps the input sequence to a discrete latent space and
a generative decoder that reconstructs the 4D volume from
this representation.

6.1.1. Hierarchical Encoder
The encoder E, detailed in Alg. 2, transforms the input
sequence x ∈ Rρ×θ×ϕ×T into a compact latent represen-
tation z = E(x) ∈ Rx×x×x×D. This process begins
with spherical coordinate voxelization to obtain voxel fea-
tures {v1, v2, . . . , vN}, which addresses the non-uniform
distribution problem inherent to point clouds across vary-
ing viewing angles and distances. The voxel feature encod-
ing employs our CSTA module for comprehensive cross-
dimensional interaction, allowing features to be processed
across both spatial and temporal domains. Subsequently,
the SRA module enhances feature correlations among vox-
els along shared laser-ray directions, fostering coherent rep-
resentation.

Inspired by video generation advances, our 4D-VAE
model enables unified spatiotemporal processing, avoiding
frame-by-frame limitations that often compromise tempo-
ral consistency. Encoding involves patch merging of vox-
els, followed by the application of four stacked START
blocks to extract spatiotemporal features. A 2 × 2 × 1
downsampling operation is applied, reducing feature rep-
resentation by a factor of 8 × 8 × 2 in polar BEV space.
Further encoding proceeds through START blocks without
ray-specific attention, ultimately generating a robust latent
space z ∈ RX×X×X×D, which undergoes vector quanti-
zation yielding ẑ ∈ C, where C is the codebook of latent
vectors.

6.1.2. Generative Decoder
The decoder D reconstructs the LiDAR volume from the
quantized latent representation ẑ ∈ C, as outlined in Alg. 3.
producing x̃ = D(ẑ) ∈ Rρ×θ×ϕ×T , ensuring both geo-
metric fidelity and temporal coherence. Initial processing
leverages eight STA blocks without Ray Attention for fea-

Algorithm 2 Encoder of HCS-based 4D VQ-VAE

Input: Input voxelized LiDAR sequence V ∈ Rρ×θ×ϕ×T .
Output: Latent representation z ∈ RH′×W ′×D′×C′

.
1: h← PatchMerge(V ) ▷ Initial patch merging of voxels
2: for i = 1→ 4 do ▷ Apply four stacked START blocks

for spatiotemporal feature extraction
3: h← START Blocki(h)
4: end for
5: h← Downsample2×2×1(h) ▷ Reduce spatial

resolution
6: for i = 1→ K do ▷ Further encoding with CSTA

blocks
7: h← CSTA Blocki(h)
8: end for
9: z ← h ▷ Final latent representation

10: return z

ture restoration, followed by a 2 × 2 × 1 upsampling op-
eration. Next, two START blocks refine spatiotemporal in-
formation and depth cues along ray directions, reinforcing
structural integrity and continuity within the reconstructed
output. The features are then upsampled back to the original
voxel size, with the final point cloud P̃ = {p̃1, p̃2, . . . , p̃M}
rendered by a dedicated module, ensuring consistent geom-
etry and smooth motion trajectories.

6.1.3. Loss Function
The encoder-decoder framework is trained by minimizing
a loss function with three components: vector quantization
loss, voxel reconstruction loss, and point cloud reconstruc-
tion 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 rep-
resents voxelized rendered point cloud; and Vtarget denotes
target voxels. This loss formulation ensures fidelity across
both voxel representation and rendered point clouds, en-
hancing reconstruction quality.

6.2. MaskSTART Module
We present the MaskSTART Module, a comprehensive
framework designed for both point cloud prediction and
generation tasks. Illustrated in Fig. 6, this module excels
in generating future LiDAR sequences {P̃t+1, . . . , P̃t+τ}



Algorithm 3 Decoder of HCS-based 4D VQ-VAE

Input: Quantized latent representation ẑ ∈
RH′×W ′×D′×C′

.
Output: Reconstructed voxel volume Vout and point cloud
P̃ .

1: h′ ← ẑ ▷ Start decoding from quantized latent
2: for i = 1→ 8 do ▷ Initial feature restoration with STA

blocks
3: h′ ← STA Blocki(h

′)
4: end for
5: h′ ← Upsample2×2×1(h

′) ▷ Increase spatial resolution
6: for i = 1→ 2 do ▷ Refine with START blocks to

reinforce ray structure
7: h′ ← START Blocki(h′)
8: end for
9: Vout ← Upsample(h′) ▷ Upsample to original voxel

resolution
10: P̃ ← RenderModule(Vout) ▷ Render final point cloud

from voxels
11: return Vout, P̃

from past observations {Pt−τ+1, . . . ,Pt}while incorporat-
ing various conditional inputs for generation, such as scene
layouts, textual descriptions, or visual cues.

Initially, the method aligns raw point cloud coordinates
Pt = {pi}Mi=1 with the LiDAR’s inherent geometric distri-
bution through conversion to spherical coordinates(ρ, θ, ϕ),
followed by voxelization into a grid xt ∈ Rρ×θ×ϕ. A to-
kenizer T (·) then maps the voxel grid into a discrete token
sequence st = T (xt), which is processed by a MaskSTART
module for masked generative tasks under differing condi-
tional settings.

6.2.1. Regional Spatiotemporal Attention
The MaskSTART module integrates N stacked Transformer
blocks designed to address spatiotemporal inconsistencies
arising from the motion of the ego-vehicle and dynamic ob-
jects. These inconsistencies can compromise the temporal
coherence of generated point clouds in long sequences.

To effectively capture long-range dependencies and re-
solve these issues, we introduce Regional Spatio-Temporal
Attention (RSTA). Unlike conventional attention mecha-
nisms that compute attention scores across all tokens st =
{st,1, . . . , st,M}, RSTA predicts offsets ∆t,i for each token
st,i to locate regions of interest (RoIs)Rt,i ⊆ s≤t, facilitat-
ing attention computation exclusively within these targeted
areas. This selective approach efficiently models spatiotem-
poral variations while minimizing computational overhead.

RSTA maintains strict causality by preserving the
chronological progression of events, ensuring predictions
rely solely on past and present information. This causal
framework, paired with the 3D Swin Transformer’s Tempo-

ral Attention, provides enhanced temporal consistency and
spatial fidelity in point cloud sequences, making RSTA par-
ticularly suited for handling dynamic environments.

6.2.2. Prediction Task
In prediction tasks, the model takes as input a sequence
of historical observations {h1, ..., ht}, where each observa-
tion ht = {ot, ct} consists of LiDAR point cloud data ot
and associated conditional information ct (e.g., ego-vehicle
pose). The goal of the model is to learn a probabilistic world
model pθ capable of predicting future point clouds condi-
tioned on the historical context. During training, as detailed
in Alg. 4,the model encodes the input point cloud sequence
using an hierarchical encoder to extract latent features. His-
torical frames are encoded and serve as the conditional in-
put, while future frame tokens are processed with a mask-
ing strategy to improve robustness and generation accuracy.
Specifically, tokens in future frames are either randomly re-
placed with other tokens from the codebook, assigned learn-
able mask tokens, or left unaltered. The MaskSTART mod-
ule learns to infer the masked tokens based on the given
historical sequence, optimizing the following loss function:

LCE = −
∑
i∈M

log p(zq,i|z′q) (8)

LCE is the total Cross-Entropy loss. M is the set of in-
dices corresponding to all masked token positions in the fu-
ture sequence. The loss is computed exclusively over these
positions. zq,i is the ground-truth token (i.e., the correct
codebook index) at position i. z′q is the masked input se-
quence provided to the MaskSTART module, which con-
sists of the historical context and the corrupted future se-
quence. p(zq,i|z′q) is the predicted probability.

Alg. 5 outlines the inference procedure. The encoded
features of the historical frames serve as conditional in-
put, while future frames are initialized with mask tokens.
The MaskSTART module synthesizes future frames iter-
atively. In each iteration, the model predicts the proba-
bility distribution over the codebook for all masked posi-
tions, samples tokens for high-confidence positions, and re-
masks low-confidence tokens to refine subsequent genera-
tion steps. This iterative refinement process continues until
the entire token sequence is generated. To enhance the qual-
ity of the output, a mask scheduling strategy is employed.
During the early stages of inference, the generation of the
most frequent tokens (often corresponding to background
classes, such as ground or sky) is suppressed, encouraging
the model to prioritize the generation of key scene elements
like vehicles and pedestrians. Additionally, classifier-free
guidance (CFG) is employed to balance diversity and con-
ditional accuracy during generation. This is formulated as:

z′ = zc + γ × (zc − zu) (9)



Algorithm 4 Training for Prediction with MaskSTART

Input: Historical observation sequence Ohist =
{o1, ..., ot}.

Input: Future observation sequence Ofuture =
{ot+1, ..., oT }.

Input: Encoder E, Codebook C, MaskSTART module
MSTART.

Output: Trained parameters for MSTART.
1: ▷ 1. Encode full sequence and get ground-truth tokens
2: Ofull ← Concat(Ohist, Ofuture)
3: z ← E(Ofull) ▷ Encode to get latent features
4: zq ← VectorQuantize(z, C) ▷ Get discrete

ground-truth tokens
5: zq,hist, zq,future ← Split(zq) ▷ Split into history and

future tokens
6: ▷ 2. Apply masking strategy to future tokens
7: M ← GenerateRandomMask(zq,future) ▷ Create a

boolean mask for future tokens
8: z′q,future ← ApplyMaskingStrategy(zq,future,M) ▷

Replace, mask, or keep tokens
9: ▷ 3. Predict masked tokens

10: z′q,input ← Concat(zq,hist, z
′
q,future) ▷ Combine history

and masked future
11: logits←MSTART(z

′
q,input) ▷ Predict logits for the entire

sequence
12: ▷ 4. Calculate loss on masked positions
13: Lce ← CrossEntropyLoss(logits[M ], zq,future[M ]) ▷

Loss only on masked future tokens
14: return Lce

where zc is the conditionally generated output, zu is the
unconditionally generated output (with historical conditions
removed), and γ is the guidance coefficient controlling the
trade-off between consistency and diversity.

6.2.3. Generation Task
For generation tasks, which is summarized in Alg. 6, the
model generates new point cloud sequences conditioned on
scene layouts {P 1, ..., PT }, without relying on historical
point clouds. Each layout encodes the structural composi-
tion of the scene, providing a semantic blueprint for syn-
thesis. To maximize the utility of layout information, the
scene layout is represented explicitly in a 3D voxel space,
as opposed to common top-down 2D representations. This
3D representation preserves height information, improving
the model’s ability to control the vertical positioning of ob-
jects, such as road signs and traffic lights, capabilities that
are inherently limited in 2D layouts. After the layout is con-
verted to spherical coordinates, its features are extracted us-
ing an N-layer adapter network. These layout features are
then fused with voxelized point cloud features via element-
wise addition using a zero convolution layer, ensuring that

Algorithm 5 Iterative Inference for Prediction with
MaskSTART
Input: Historical observation sequence Ohist, number of

generation steps Niter, guidance scale γ.
Output: Predicted future token sequence ẑq,future.

1: ▷ 1. Initialize with historical context and masked
future

2: zq,hist ← VectorQuantize(E(Ohist))
3: ẑq,future ← InitializeWithMasks(length = T − t) ▷

Create a sequence of [MASK] tokens
4: for k = 1→ Niter do
5: ▷ 2. Predict logits with Classifier-Free Guidance
6: c← zq,hist ▷ Conditional context
7: u← null context ▷ Unconditional context (e.g.,

empty sequence)
8: logitsc ←MSTART(Concat(c, ẑq,future))
9: logitsu ←MSTART(Concat(u, ẑq,future))

10: logits← logitsu + γ × (logitsc − logitsu) ▷ Apply
CFG

11: ▷ 3. Apply mask scheduling
12: logits← ApplyMaskScheduling(logits, k) ▷

Suppress background tokens in early steps
13: probs← Softmax(logits)
14: ▷ 4. Sample high-confidence tokens and re-mask

others
15: confidences← max(probs, dim = −1)
16: mask to keep ←

GetHighConfidenceMask(confidences, k)
17: new tokens← Sample(probs)
18: ẑq,future[mask to keep] ←

new tokens[mask to keep] ▷ Update confident tokens
19: end for
20: return ẑq,future

the layout information is seamlessly integrated without dis-
rupting the backbone network during early training stages.

The fused features are passed to the MaskSTART mod-
ule for conditional generation. Similar to the prediction
task, masked tokens in the sequence are iteratively refined
through scheduled decoding until the final point cloud se-
quence is produced. By leveraging the explicit 3D layout
structure, the model generates highly realistic point cloud
sequences that preserve geometric fidelity, temporal coher-
ence, and semantic consistency.

The MaskSTART Module offers a unified framework for
prediction and generation tasks, leveraging the discrete la-
tent space and masked generative modeling to produce ac-
curate and diverse LiDAR sequence outputs. Its ability
to condition on historical observations or external layout
information enables it to adapt to various real-world sce-
narios, including long-sequence prediction and controlled
scene generation.



Figure 6. Generation training and inference

7. More Experiments
7.1. Qualitative Results
Fig. 7 presents a qualitative comparison of our method
against the OpenDWM baseline for point cloud reconstruc-
tion across two distinct sequences. The visualization over-
lays reconstructions with the ground truth, where magenta
indicates the correct intersection (true positives), green de-
notes missed ground truth (false negatives), and blue high-
lights reconstruction artifacts (false positives). The results
visually underscore the superior performance of our ap-
proach. The outputs from OpenDWM become progres-
sively noisy and incomplete over time, accumulating sig-
nificant false positives (blue artifacts) while failing to cap-
ture the full geometry. In stark contrast, our method consis-
tently produces more complete reconstructions, evidenced
by a denser volume of true positives (magenta), and main-
tains this high fidelity across all time steps from 0s to 3s.
This demonstrates our model’s enhanced ability to robustly
integrate temporal information without the significant error
accumulation that plagues the baseline, validating its supe-
rior accuracy and robustness.

Fig. 8 provides a qualitative comparison of our method
against the OpenDWM baseline for future LiDAR predic-
tion and generation. The results visually underscore the su-
perior fidelity and noise handling of our approach. The out-
puts from OpenDWM suffer from significant noise, partic-
ularly in the far-field, where it hallucinates numerous scat-
tered points. Furthermore, its representation of near-field
objects becomes progressively blurry and loses structural
integrity over time. In stark contrast, our method generates
much cleaner sequences, effectively suppressing far-field
noise while maintaining a dense and geometrically accurate
representation of near-field objects. As highlighted in the
figure, our model consistently produces sharp, well-defined

Algorithm 6 Conditional Generation from 4D Layouts

Input: 4D scene layout sequence L4D = {L1, ..., LT }.
Input: Number of iterative generation steps Niter.
Input: Models: Adapter, MaskSTART, Decoder D, Ren-

derModule.
Output: Generated point cloud sequence P̃ .

1: ▷ 1. Process 4D Conditional Layout
2: Vlayouts ← Voxelize3D(L4D) ▷ Voxelize the sequence

of 3D layouts
3: Vlayouts hcs ← ConvertToHCS(Vlayouts) ▷ Convert the

4D volume to HCS
4: Flayouts ← AdapterNetwork(Vlayouts hcs) ▷ Extract 4D

layout features

5: ▷ 2. Initialize Generation
6: ẑq ← InitializeWithMasks(length = T ) ▷ Create a 4D

canvas of [MASK] tokens

7: ▷ 3. Iterative Refinement using MaskSTART
8: for k = 1→ Niter do
9: ▷ Fuse 4D layout features with current token

embeddings
10: Etokens ← GetEmbeddings(ẑq) ▷ Get embeddings

for the current token sequence
11: Efused ← Etokens + ZeroConv(Flayouts) ▷

Element-wise fusion across the 4D volume
12: ▷ Predict logits for masked positions
13: logits←MSTART(Efused)
14: ▷ Apply scheduled decoding
15: probs← Softmax(ApplyMaskScheduling(logits, k))
16: ▷ Sample high-confidence tokens and re-mask

others
17: confidences← max(probs, dim = −1)
18: mask to keep ←

GetHighConfidenceMask(confidences, k)
19: new tokens← Sample(probs)
20: ẑq[mask to keep]← new tokens[mask to keep] ▷

Update confident tokens
21: end for

22: ▷ 4. Decode Final Token Sequence
23: Vgen ← D(ẑq) ▷ Decode the completed 4D token

sequence
24: P̃ ← RenderModule(Vgen) ▷ Render the final point

cloud sequence
25: return P̃

structures that closely match the ground truth, demonstrat-
ing a superior ability to model complex 4D dynamics with
both high fidelity and robustness to noise.



Figure 7. Qualitative comparison of point cloud reconstruction. We compare our method against the OpenDWM baseline on two distinct
sequences (top and bottom sections) for time horizons of 0s, 1s, 2s, and 3s. The visualization overlays reconstructions with the ground
truth: magenta indicates the correct intersection (true positives), green denotes missed ground truth (false negatives), and blue highlights
reconstruction artifacts (false positives). Our method consistently produces more complete reconstructions (denser magenta) and signifi-
cantly fewer artifacts (less blue) across all time steps, demonstrating superior reconstruction accuracy and robustness.

7.2. Limitations
Despite the strong performance of LiSTAR, we acknowl-
edge several limitations that present opportunities for future
work. First, our HCS representation is specifically tailored
to the geometry of spinning LiDARs. This specialization,
while effective, may limit its direct applicability to other
3D sensor modalities, such as solid-state LiDARs or depth
cameras, which feature different sampling patterns. Second,
as a VQ-VAE-based model, LiSTAR is subject to inherent
quantization error, where fine-grained details can be lost
during the discretization of the latent space. Furthermore,
the iterative refinement process of the MaskSTART module,
while crucial for high-quality synthesis, incurs higher com-
putational latency during inference compared to single-pass
generative models, which could be a consideration for real-
time applications. Finally, our controllable generation relies
on the availability of detailed 4D point cloud-aligned voxel
layouts, which may not always be accessible in all scenar-
ios. Future research could focus on developing more univer-
sal representations, exploring faster generative paradigms,
and enabling more abstract forms of conditioning, such as
natural language commands.



Figure 8. Qualitative results for prediction and generation. We compare our method with OpenDWM against the ground truth for future
horizons up to 2s. Our method consistently produces sharper and more accurate results for both static background and dynamic objects
(highlighted) compared to the baseline. The baseline’s predictions and generations degrade significantly over time, losing structural detail.
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