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Abstract
3D semantic occupancy prediction offers a nuanced repre-
sentation of the surrounding environment, which is crucial
for ensuring the safety of autonomous driving. However,
fine-grained scene representations inevitably result in cubic
growth in data scale, which imposes substantial demands
on model architecture and computational complexity, espe-
cially in high-resolution scenarios. Existing approaches for
handling high-resolution scenes typically obtain fine-grained
features by grid sampling on low-resolution feature map, re-
sulting in limited sparsity and insufficient feature interaction.
This paper presents a framework leveraging SParse represen-
tation and SCalable feature interaction to address the afore-
mentioned challenges, called SPSC. Specifically, we main-
tain sparsity by progressively pruning unoccupied queries
during the coarse-to-fine process, thereby reducing the scale
of data that the model needs to handle. Subsequently, we
introduce query serialization, which transforms queries into
an ordered sequence while preserving their spatial structure.
This enables fine-grained feature interaction while maintain-
ing linear computational complexity and a larger receptive
field. Without complex architectural designs, SPSC signifi-
cantly outperforms SOTA approaches, enhances the mIoU by
12.0%, 11.0% and 4.8% on nuScenes-Occupancy dataset un-
der the muli-modal, LiDAR and camera settings, respectively.

Introduction
Accurate perception of fine-grained 3D environmental in-
formation plays a pivotal role in autonomous driving sys-
tems, especially in scenarios when High Definition maps (Li
et al. 2022; Qiao et al. 2023; Liu et al. 2024b) are unavail-
able. Traditional tasks such as 3D object detection (Pan et al.
2021; Yin, Zhou, and Krahenbuhl 2021; Liu et al. 2022;
Wang et al. 2022) and Bird’s Eye View (BEV)-based per-
ception (Li et al. 2024b; Liu et al. 2023) employ coarse-
grained representations of objects, which limits their capac-
ity to comprehensively understand complex surrounding en-
vironments. Unlike conventional approaches, 3D semantic
occupancy prediction assigns semantic categories to each
voxel within the 3D space, enabling precise representation
of irregularly-shaped objects, and has emerged as a major
research direction in autonomous driving.

*Corresponding Authors are Shuang Li and Jing Geng.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: (a) Existing frameworks typically leverage coarse-
grained predictions as guidance for grid sampling to directly
acquire fine-grained features, resulting in limited sparsity
and insufficient interaction between fine-grained features.
(b) SPSC preserves query sparsity while enabling feature
interactions across all granularities.

However, while fine-grained scene representations en-
hances perceptual capabilities, it simultaneously leads to a
substantial increase in computational overhead. To achieve
high-resolution occupancy prediction, we need to perform
category predictions for roughly 107 voxels per frame,
which is computationally infeasible given current hardware
limitations. A practical approach is to utilize sparse scene
representation. Due to the inherent sparsity of real-world en-
vironments, more than 90% voxels in the 3D space remain
unoccupied. Inspired by this observation, existing methods
have significantly reduced computational costs by progres-
sively filtering out non-occupied voxels (Liu et al. 2024a)
or modeling occupied voxels through a fixed number of
queries (Wang et al. 2024b). However, due to their reliance
on global self-attention mechanisms, these methods still in-
cur substantial computational overhead in high-resolution
scenarios (∼ 5 × 105 non-empty voxels). Therefore, sparse
scene representation is only a necessary approach for han-
dling high-resolution scenarios. Under sparse scene repre-
sentation, we still need to explore an efficient method for
processing non-empty voxels.
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As illustrated in Fig. 1 (a), to reduce computational costs,
existing mainstream frameworks (Wang et al. 2023; Pan,
Wang, and Wang 2024; Wang et al. 2024a; Zhang, Ding,
and Liu 2024b,a) first perform feature interaction at low
resolution to produce coarse-grained occupancy predictions.
They then upsample the predicted sparse, non-empty voxels
and directly sample high-resolution features from the low-
resolution feature maps using grid sampling. These meth-
ods primarily focus on detailed design of network structures
at low resolution, while lacking feature interactions at high
resolution. Although complex designs can improve perfor-
mance, we believe that over-optimizing network structures
may compromise generalization performance. Therefore, as
illustrated in Fig. 1 (b), we focus more on sparse scene repre-
sentation and high-resolution feature interactions rather than
specific improvements to network structures.

To address the aforementioned issues, a framework with
simple structure, based on sparse scene representation, and
capable of efficiently handling large-scale feature interac-
tions is desired. In this paper, we employ coarse-to-fine
occupancy queries for 3D scene representation (sparse)
and serialized query attention for large-scale feature in-
teraction (scalable). For LiDAR, camera, and multimodal
data, our approach consistently achieves state-of-the-art per-
formance. More precisely, the proposed technique, SParse
and SCalable multi-modal framework, named SPSC, be-
gins with sampling extracted LiDAR and image features into
low-resolution dense grids according to used modalities to
form initial occupancy queries. Next, a coarse-to-fine de-
coder is applied to process the initial occupancy queries.
Within each decoder layer, multi-modal features are sam-
pled via query-guided sampling and fused with query fea-
tures. The queries are then serialized into an ordered se-
quence using space-filling curves, enabling efficient large-
scale feature interactions while preserving geometric infor-
mation. Finally, the query resolution is upsampled by a fac-
tor of 2×, and unoccupied queries are pruned to maintain
sparsity. Due to the efficiency of SPSC in handling large-
scale data, we conducted experiments using multi-frame in-
puts, which further enhances model performance. The con-
tribution of this paper can be summarized as follows:

• We propose a sparse and scalable multi-modal frame-
work, which focuses on sparse scene representation and
high-resolution feature interactions.

• We propose query serialization, which enables effi-
cient large-scale query interactions while preserving the
query’s geometric information.

• SPSC demonstrates superior performance on the high-
resolution nuScenes-Occupancy benchmark and the use
of multi-frame inputs further boosts model performance.
Thoughtful ablation studies further confirm the effective-
ness of each component.

Related Work
Efficient 3D Occupancy Prediction
The massive scale of data has driven research into efficient
3D occupancy prediction. Existing approaches to achieving

efficiency primarily focus on two strategies: one is reducing
the scale of data to be processed, and the other is minimizing
the computational complexity of the model.
Reducing the scale of data. There are two main approaches
to reducing the scale of data: projection-based methods and
sparse representation-based methods. For projection-based
methods, either BEV (Yu et al. 2023; Lu et al. 2024; Yu
et al. 2024; Shi et al. 2024) or TPV representations (Cui
et al. 2024; Liang et al. 2024; Huang et al. 2023) are used
to reduce the area processed by the model. These methods
inevitably lose geometric information of objects due to the
projection operations. For sparse representation-based meth-
ods, (Liu et al. 2024a) progressively filters out non-occupied
voxels to maintain sparsity. (Wang et al. 2024b) only mod-
els occupied voxels through a fixed number of queries. How-
ever, even sparse representations involve a large number of
voxels to be processed in high-resolution scenarios, which
constrains the computational complexity of the model.
Minimizing the computational complexity. Existing main-
stream frameworks (Wang et al. 2023; Pan, Wang, and Wang
2024; Wang et al. 2024a; Zhang, Ding, and Liu 2024b,a) di-
rectly obtain high-resolution features by grid sampling on
low-resolution feature map, which lacks feature interaction.
(Wang et al. 2024c) employs RWKV to achieve linear com-
plexity, but it fails to fully leverage the intrinsic geometric
information of the scene. (Lu et al. 2025) based on oc-
tree queries but still constrained by the octree structure it-
self. (Tang et al. 2024) utilizes sparse convolution to pro-
cess fine-grained features, but its limited receptive field pre-
vents it from achieving optimal performance. In this work,
we address the aforementioned issues through sparse serial-
ized queries. Our approach ensures linear complexity while
achieving a larger receptive field and effectively leveraging
the intrinsic geometric information of the scene.

Method
In this section, we present SPSC, a sparse and scalable
framework that utilizes serialized occupancy queries to en-
able feature interaction at high resolutions. As show in
Fig. 2, SPSC first extract multi-level LiDAR and image
features and the transformed 3D image features are fused
with LiDAR features to obtain the initial occupancy queries.
Then, we transform the unordered set of queries into an or-
dered sequence through query serialization, enabling the use
of attention-based blocks with linear complexity to achieve
interactions between queries. Finally, a coarse-to-fine de-
coder is used to reconstruct the sparse geometry of the scene.

Query Initialization
Our 3D sparse representation is based on occupancy queries
Q, where each query qi consists of 3D spatial coordinates
pi = [xi, yi, zi] and a feature fi, aiming to represent a non-
empty voxel in the scene. We adopt a low-resolution dense
grid (e.g. 64 × 64 × 5) as initial occupancy queries and ob-
tain query features by sampling the lowest-level LiDAR and
image features into this dense 3D grid.
LiDAR branch. Since the 3D encoder we use is voxel-
based, sparse LiDAR features can be directly mapped to the
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Figure 2: The overall architecture of the proposed SPSC framework.
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Figure 3: Comparison of different image feature sampling
methods for query initialization.

dense 3D grid with the same resolution. Thus we derive Li-
DAR branch initial query features FQL

0
as:

f iQL
0
=

{
f iL0

if piQ0
∈ L0,

{0}1×D0 otherwise ,
(1)

where L0 and D0 represent the lowest-level LiDAR voxels
and feature dimensions respectively.
Image branch. There are two mainstream image feature
sampling methods. One approach (Huang et al. 2021; Li

et al. 2023b,a) follows the lifting paradigm proposed in
LSS (Philion and Fidler 2020), while the other (Liu et al.
2023, 2024a; Wang et al. 2024b) adopts the sampling point
paradigm introduced in BEVFormer (Li et al. 2024b). As
show in Fig. 3 (a), BEVFormer sampling maps all voxels
along the same camera ray to the same location on the im-
age, which results in non-occupied voxels along the ray also
being sampled to image features. To reduce mis-sampling,
we simply derive image branch initial query features FQC

0

by LSS (Philion and Fidler 2020).
Multi-modal branch. As show in Fig. 3 (b), LSS (Philion
and Fidler 2020) introduces additional parameters and com-
putational overhead, and can introduce noise when depth es-
timation is inaccurate. Thus, for multi-modal branch, we use
the LiDAR position information to guide image sampling
(Fig. 3 (c)). We derive multi-modal branch initial query fea-
tures FQM

0
as:

f iQC
0
=

{
G(FC0

, TV→I(p
i
Q0

)) if piQ0
∈ L0,

{0}1×D0 otherwise ,
(2)

FQM
0

= Linear([FQL
0
, FQC

0
]), (3)

where TV→I transforms the voxel coordinates to the im-
age coordinates, G is the grid sample function and [·, ·] is
the channel-wise concatenation operation. In the follow-
ing sparse decoder, since the queries provide denser posi-
tional information than LiDAR, we use the coordinates of
the queries to guide image feature sampling (Fig. 3 (d)).
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Figure 4: Visualization of query serialization. We show two
types of space-filling curves (left), different number of se-
rialized neighbouring queries represented by different color
blocks (middle), and the semantic ground truth of the queries
(right). Please zoom in for details.

Query Serialization
Although we use queries to achieve a sparse scene repre-
sentation, the number of queries at high resolution remains
too large to handle efficiently. Sparse convolution can han-
dle such large-scale queries. However, the limited receptive
field, combined with the scale of the queries restricting the
number of layers that can be stacked, prevents sparse convo-
lution from achieving optimal performance. Attention nat-
urally has a larger receptive field, and many efficient atten-
tion mechanisms (Parmar et al. 2018; Beltagy, Peters, and
Cohan 2020; Liu et al. 2021) have been proposed. However,
these attention mechanisms typically reduce computational
complexity by limiting the attention range. Therefore, an ef-
ficient way for determining the attention range based on the
geometric information of the queries is desired.

Space-filling curves (Morton 1966; Hilbert 1935), widely
used in database (Balkić, Šoštarić, and Horvat 2012), im-
age compression (Liang et al. 2008) and point cloud pro-
cessing (Wu et al. 2024), provide a possible solution. As
show in Fig. 4 (left), space-filling curves can traverse the
3D grid space while maintaining a certain degree of spa-
tial proximity. Typically, a space-filling curve is a bijective
function ψ : Zn ↔ Z that maps a high-dimensional discrete
space Zn to a one-dimensional discrete space Z. Here, we
use three-dimensional spatial filling curves ψ3 : Z3 ↔ Z
to serialize the queries, which maps the coordinates of the
queries to an integer that represents the position of the query
on the one-dimensional curve. We obtain the query order by
simply sorting these integers. The query serialization pro-
cess can be formulated as follows:

Serialize(Q) = Q[argsort(ψ3(PQ))], (4)

where [·] denotes the indexing operations.
Query serialization transforms unordered queries into an

ordered sequence, so we can simply use a sliding window on

the sequence to determine the attention range for each query.
As show in Fig. 4 (middle), queries within the same window
are also likely to be close in 3D space. Moreover, the entire
serialization process only requires sorting the queries, which
can be efficiently implemented on GPUs. Therefore, even
though reduction from high to low dimensions unavoidably
incurs some geometric information loss, we deem this trade-
off necessary in pursuit of a larger receptive field and en-
hanced model scalability.

Sparse Decoder
Overall architecture. As show in Fig. 2, the sparse decoder
employs a coarse-to-fine pipeline to decode the initial occu-
pancy queries. In each layer, we first fuse the LiDAR and
image features at the corresponding resolution with the cur-
rent occupancy query features. The queries are then serial-
ized and passed through several attention blocks for inter-
action. Next, each coarse-grained query is upsampled into 8
fine-grained queries. After additional attention interaction, a
semantic head is used to predict the category of each query.
The top-K queries with the highest occupancy probabilities
are selected as the input for the next layer.
Attention block. We employ sliding window atten-
tion (Beltagy, Peters, and Cohan 2020) to process the serial-
ized queries. By restricting the attention range to a fix-sized
window, this approach achieves a computational complexity
of N ×W , where N is the number of queries and W is the
window size. Similar to (Chu et al. 2021; Wang 2023), we
use a sparse convolution layer as the positional encoding:

PE(Q) = SPConv([FQ, PQ]), (5)

where [·, ·] is channel-wise concatenation. The remaining
design is identical to the original attention blocks.
Sampling & Mixing. For mixing LiDAR features, due to the
potential erroneous removal of occupied queries earlier, Li-
DAR coordinates are not entirely contained within the query
coordinates. To recover the erroneously filtered queries, we
derive the mixed query feature FQl

as:

f iQl
=


f iLl

+ f iQl−1
if piQl

∈ Ll ∩ PQl−1
,

f iLl
if piQl

∈ Ll − PQl−1
,

f iQl−1
otherwise ,

(6)

where PQl
= Ll ∪ PQl−1

. For mixing image features, we
first derive sampled image features FQC

l
by query guided

sampling G(FCl
, TV→I(p

i
Ql
)) as described in §. Then, we

mix FQC
l

with query features FQl
as:

W = (A([A(FQl
),A(FQC

l
)])), (7)

FQl
= σ(W )⊙ FQl

+ (1− σ(W ))⊙ FQC
l
, (8)

where A is the attention block, σ is the Sigmoid function
and ⊙ denotes element-wise product.
Other details. We use a linear layer to upscale the query
channels to 8×Dl and distribute the enhanced features along
the channel dimension to the upsampled queries. We always
have Kl−1 < Kl < 8 × Kl−1 to maintain sparsity and a
single linear layer is used as the semantic head to predict
categories for the 8×Kl−1 queries.
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C-CONet (Wang et al. 2023)

C

20.1 12.8 13.2 8.1 15.4 17.2 6.3 11.2 10.0 8.3 4.7 12.1 31.4 18.8 18.7 16.3 4.8 8.2
C-OccMamba (Li et al. 2024a) 21.7 13.2 13.2 7.4 15.3 17.6 6.1 10.3 10.3 6.5 6.2 13.3 32.9 20.5 19.8 17.4 4.8 8.7
C-OccGen (Wang et al. 2024a) 23.4 14.5 15.5 9.1 15.3 19.2 7.3 11.3 11.8 8.9 5.9 13.7 34.8 22.0 21.8 19.5 6.0 9.9

C-SPSC 24.3 15.2 18.9 9.6 19.4 21.3 8.5 11.0 13.9 9.4 6.6 14.0 34.8 19.2 22.4 18.8 5.3 9.6
C-SPSC† 25.5 16.2 19.9 10.1 14.3 19.1 10.8 10.6 7.1 11.3 8.2 14.8 40.5 23.4 25.9 21.6 8.0 13.3

L-CONet (Wang et al. 2023)

L

30.9 15.8 17.5 5.2 13.3 18.1 7.8 5.4 9.6 5.6 13.2 13.6 34.9 21.5 22.4 21.7 19.2 23.5
L-OccGen (Wang et al. 2024a) 31.6 16.8 18.8 5.1 14.8 19.6 7.0 7.7 11.5 6.7 13.9 14.6 36.4 22.1 22.8 22.3 20.6 24.5
L-OccMamba (Li et al. 2024a) 36.4 22.7 26.8 11.3 20.8 26.1 14.6 16.3 20.3 14.0 17.5 20.3 39.5 24.9 25.9 25.3 28.3 30.6

L-SPSC 36.6 25.2 30.9 17.3 23.5 30.0 12.1 24.9 34.3 17.9 18.1 22.8 38.8 26.5 26.8 24.3 27.2 27.7
L-SPSC† 40.9 28.2 32.6 18.1 24.1 30.6 14.4 24.3 33.5 19.2 20.3 25.4 44.8 32.1 32.5 29.7 35.1 34.5

M-CONet (Wang et al. 2023)

M

29.5 20.1 23.3 13.3 21.2 24.3 15.3 15.9 18.0 13.3 15.3 20.7 33.2 21.0 22.5 21.5 19.6 23.2
CO-Occ (Pan, Wang, and Wang 2024) 30.6 21.9 26.5 16.8 22.3 27.0 10.1 20.9 20.7 14.5 16.4 21.6 36.9 23.5 25.5 23.7 20.5 23.5

OccGen (Wang et al. 2024a) 30.3 22.0 24.9 16.4 22.5 26.1 14.0 20.1 21.6 14.6 17.4 21.9 35.8 24.5 24.7 24.0 20.5 23.5
OccLoff (Zhang, Ding, and Liu 2024b) 31.4 22.9 26.7 17.2 22.6 26.9 16.4 22.6 24.7 16.4 16.3 22.0 37.5 22.3 25.3 23.9 21.4 24.2

OccMamba (Li et al. 2024a) 33.7 25.1 29.6 20.2 25.7 28.5 16.7 25.0 23.2 19.9 20.3 24.5 36.1 25.3 25.1 24.8 27.7 28.9
SPSC 35.5 28.1 32.8 26.0 27.8 32.1 16.6 30.9 36.7 23.4 20.5 26.8 39.2 25.7 27.9 25.8 28.1 29.1
SPSC† 40.9 30.1 34.0 24.0 26.7 32.1 18.3 29.3 35.4 24.7 20.5 28.1 43.5 30.4 32.3 30.5 36.1 35.7

Table 1: 3D semantic occupancy prediction results on nuScenes-Occupancy validation set. The C,L,M denotes Camera-only,
LiDAR-only and Multi-modal methods, respectively. † denotes the model are trained using multiple historical frames as inputs.
All mIoU scores are given in percentage (%). The best results are highlighted in bold.

Supervision. We compute losses for the output queries
of each layer. Following CONet (Wang et al. 2023), we
use cross-entropy loss Lce, lovasz-softmax loss (Berman,
Triki, and Blaschko 2018) Lls, affinity losses (Cao and
De Charette 2022) Lgeo

scal and Lsem
scal . Moreover, depth super-

vision (Li et al. 2023b) Ld is used to train a depth-aware
LSS (Philion and Fidler 2020) in image branch. The overall
training objective can be formulated as:

Ltotal = Lce + Lls + Lgeo
scal + Lsem

scal + Ld, (9)

We exclusively compute losses for top-K selected queries
and the remaining queries are ignored.

Experiment
Experiment Setup
Dataset and metrics. We evaluate our proposed method us-
ing the nuScenes-Occupancy (Wang et al. 2023) dataset. The
dataset consists of 28,130 training frames and 6,019 valida-
tion frames, each with dense semantic occupancy annota-
tions. Voxel grids span a range of [-51.2m, 51.2m] along the
X and Y axes and [-5m, 3m] along the Z axis, with a voxel
resolution of [0.2m, 0.2m, 0.2m]. This results in an output
volume of size 512 × 512 × 40. Each voxel is assigned one
of 17 labels, including 16 semantic categories and 1 empty
category. Following OpenOccupancy (Wang et al. 2023), we
adopt Intersection over Union (IoU) as the geometric metric
and mean IoU (mIoU) as the semantic metric.
Implementation details. Unless otherwise specified, we
adopt the same experimental setup as in (Wang et al. 2023;
Pan, Wang, and Wang 2024; Zhang, Ding, and Liu 2024b),
to ensure a fair comparison. For single-frame experiments, a

frame containing 6 images with a resolution of 1600 × 900
and 10 adjacent LiDAR sweeps are used as input. For muti-
frame experiments, 4 image frames with a resolution of
704 × 256 (sampling interval of 2) and 10 LiDAR sweeps
(sampling interval of 10) are used as input. We use Ima-
geNet (Deng et al. 2009) pretrained ResNet50 (He et al.
2016) with FPN (Lin et al. 2017) as the imange encoder and
Voxelnet (Zhou and Tuzel 2018) with Second (Yan, Mao,
and Li 2018) FPN as the LiDAR encoder. The resolution of
initial dense query grid is set to 64× 64× 5 and the number
of decoder layers is set to 3. The number of attention blocks
is set to [8, 4, 2], top-K is set to [30,000, 80,000, 480,000]
and the feature channel is configured as [256, 128, 64]. We
employ two space-filling curves: Hilbert (Hilbert 1935) and
Z-order (Morton 1966) and randomly select one during each
serialization operation. The sliding window size in the at-
tention block is fixed at 1024. The models are trained using
PYTorch (Paszke et al. 2019) for 15 epochs on 8 NVIDIA
4090 GPUs, with a batch size of 8.

Main Results

As show in Tab. 1, we conduct a quantitative comparison
with existing camera-based, LiDAR-based, and multi-modal
3D occupancy prediction methods on nuScenes-Occupancy
val set. It is evident that SPSC achieves significant improve-
ments compared to all the existing approaches. Compared
with the current SOTA method, SPSC achieves a remark-
able boost of 0.7%, 2.5%, and 3.0% mIoU for camera-only,
LiDAR-only, and multi-modal benchmarks. This substanti-
ates the efficacy of SPSC in high-resolution 3D occupancy
prediction. Notably, SPSC demonstrates more pronounced
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Method Params Latency Modality IoU mIoU

BEVFormer 0M 2.2ms C 22.7 13.9
M 33.8 26.8

LSS 29.7M 79.2ms C 24.3 15.2
M 34.8 27.6

LiDAR Guided 0M 1.5ms M 35.5 28.1
Optimized 0M 1.7ms M 36.9 28.4

Table 2: Comparison of different treatments on query initial-
ization. ”Optimized” indicates that occupancy ground truth
are utilized to guide the sampling of the initial features.

improvements in small-volume objects (e.g. bicycle, mo-
torcycle, pedestrian, traffic cone ), which validates that the
interaction of high-resolution features can provide a more
nuanced understanding of the scene. Moreover, by leverag-
ing the capability of SPSC to efficiently process large-scale
data, we further enhance the model’s performance by incor-
porating information from multiple historical frames.

Ablations and Analysis
Query initialization. Experimentally, we find that differ-
ent query initialization methods significantly impact the re-
sults. As show in Tab. 2, we present a detailed comparison
of different image feature sampling methods used for query
initialization. We employ occupancy ground truth to guide
the sampling of image features, sampling only at the loca-
tions of occupied voxels, which serves as the upper bound
for these sampling methods. BEVFormer sampling (Li et al.
2024b) suffers from performance degradation due to mis-
sampling, while LSS sampling (Philion and Fidler 2020) in-
troduces additional parameters and inference latency. In con-
trast, LiDAR-guided sampling achieves near-optimal perfor-
mance without introducing additional overhead.
The scale of feature interaction. We progressively re-
duce the scale of feature interaction by gradually decreas-
ing the number of decoder layers, and use the same occu-
pancy head as (Wang et al. 2023; Pan, Wang, and Wang
2024) to upsample low-resolution features to high resolution
(512×512×40) through grid sampling. As shown in Tab. 3,
the model performance improves significantly as the scale
of feature interaction increases, which demonstrates the im-
portance of fine-grained feature interaction. We also pro-
vide results for some small-volume categories. Compared
to the overall results, the improvement for small-volume ob-
jects is more pronounced, indicating that fine-grained fea-
ture interaction enables the model to achieve a more de-
tailed understanding of the scene. Notably, compared to M-
CONet (Wang et al. 2023) with the same scale of feature
interaction (128 × 128 × 10), our method significantly im-
proves the mIoU from 20.1 to 24.3. This improvement is
primarily attributed to the larger receptive field of attention
mechanisms compared to sparse convolutions.
Serialization patterns. In Tab. 4, we compare the inference
latency and 3D occupancy prediction results across differ-
ent serialization patterns. Each decoder layer needs to seri-
alize the initial Kl queries as well as the upsampled 8×Kl

queries. Therefore, the serialization query scales for L0, L1,

Interaction scale bic. motor. ped. tra. IoU mIoU
64× 64× 5 15.3 20.1 25.3 13.9 27.5 20.4

128× 128× 10 21.8 25.4 30.8 19.2 31.4 24.3
256× 256× 20 24.3 28.4 35.2 21.1 33.7 26.5
512× 512× 40 26.0 30.9 36.7 23.4 35.5 28.1

Table 3: Comparison of different feature interaction scales.
Bic., motor., ped. and tra. denote bicycle, motorcycle, pedes-
trian and traffic cone, respectively

Patterns Latency(ms) IoU mIoU
L0 L1 L2

Z 0.9 1.1 1.2 34.5 27.4
H 4.9 6.2 24.5 34.7 27.5
Z +H(fix) 2.9 3.6 12.9 35.1 27.8
Z +H(random) 5.3 6.9 24.9 35.5 28.1

Table 4: Analysis of serialization patterns. “fix” denotes ran-
domly selecting one pattern per frame. “random” indicates
randomly selecting one pattern for each layer. L denotes all
serialization operations within a single decoder layer.

and L2 are 184,320, 270,000, and 720,000, respectively.
Z-order curve (Morton 1966) is computationally efficient,
while Hilbert curve (Hilbert 1935) better preserves spatial
locality. As a result, Z-order curve achieves lower inference
latency, whereas Hilbert curve delivers higher performance.
Our experiments also demonstrate that combining multiple
serialization patterns can yield stronger performance.
Top-K queries. In Tab. 5, we investigate the impact of query
sparsity on the final results. The number of queries per layer
varies proportionally, and we only provide the number of
queries for the final layer. We found that the optimal num-
ber of queries is around 480k, which accounts for only about
4.6% of the dense voxels. It is worth noting that while further
increasing the number of queries can improve scene com-
pletion performance, the introduction of more non-occupied
queries leads to a decline in the final results. Remarkably,
increasing the query scale by 80k only incurs an additional
computational overhead of approximately 10 milliseconds,
which demonstrates the efficiency and scalability of our
serialization-based feature interaction.
Window size. We explore the impact of receptive field on
the final results by adjusting the size of the sliding window
in Tab. 6. During the process of gradually increasing the slid-
ing window size, the model’s performance significantly im-
proves and reaches its optimal value at 1024. Surprisingly,
when the receptive field is expanded to 2048, the model’s
performance actually declines. As show in Fig. 4 (middle), a
window size of 1024 is already sufficient to encompass most
objects, while a larger window size may cause the model to
overlook some smaller objects, thereby leading to a decline
in model performance. We also conduct experiments using
sparse convolutions with a kernel size of 3 to replace the
attention blocks. Compared to the attention mechanism, its
performance is suboptimal due to the limited receptive field.
Model efficiency. In Tab. 7, we present the model’s param-
eter count, GPU memory usage during training and infer-
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Figure 5: Qualitative Results of SPSC and M-CONet (Wang et al. 2023) on nuScenes-Occupancy. SPSC achieves promising
scene completion results using LiDAR data alone, and further enhances model performance by leveraging multimodal data.

Top-K queries 160k 240k 320k 400k 480k 560k
Latency(ms) 298 306 316 327 340 355
Memory(G) 2.9 3.1 3.1 3.2 3.3 3.4

IoU 28.3 31.4 33.8 34.8 35.5 35.8
mIoU 25.2 26.4 27.2 27.6 28.1 27.8

Table 5: Analysis of Top-K queries. Memory and latency
represent GPU memory usage and model inference time, re-
spectively. All tests are conducted on a single 4090 GPU.

Window size sp-conv 32 128 512 1024 2048
IoU 30.3 31.6 32.8 34.3 35.5 35.4

mIoU 24.3 26.8 27.1 27.8 28.1 28.0

Table 6: Analysis of window size. Sp-conv denotes the use
of sparse convolution-implemented basic residual blocks to
replace the attention blocks (He et al. 2016), while keeping
the remaining structure unchanged.

ence, inference latency, and final occupancy prediction re-
sults. SPSC achieves significant performance improvements
with fewer parameters, highlighting the importance of fine-
grained feature interaction. The efficiency of query serializa-
tion enables SPSC to maintain low inference latency while
performing feature interactions at a larger scale.
Qualitative Results. Fig. 5 provides a visual comparison of
3D semantic occupancy predictions between SPSC and the
baseline method M-CONet (Wang et al. 2023) on nuScenes-
Occupancy val set. Our LiDAR-based approach demon-
strates superior scene completion capabilities, while the
introduction of the camera modality further enhances the
model’s semantic understanding of the scene, particularly
for foreground objects. These results highlight the effective-

Method Param. Mem.T Mem.I Latency IoU mIoU
C-CONet 114.4M 22.0G 4.5G 353ms 20.1 12.8
C-SPSC 81.3M 23.9G 3.9G 319ms 24.3 15.2
L-CONet 65.6M 8.5G 3.7G 244ms 30.9 15.8
L-SPSC 39.3M 19.3G 2.9G 266ms 36.6 25.2

M-CONet 125.4M 24.0G 4.8G 387ms 29.5 20.1
SPSC 65.1M 21.9G 3.3G 340ms 35.5 28.1

Table 7: Model efficiency. Param. denote the trainable pa-
rameters of the model. Mem.T, and Mem.I denote the GPU
memory usage during training and inference, respectively.

ness of SPSC in delivering more accurate and refined 3D
occupancy predictions.

Conclusion

In this work, we present SPSC, a SParse and SCalable multi-
modal framework, to address the challenges arising from the
inherent sparsity of real-world scenes and the massive scale
of high-resolution data in 3D semantic occupancy predic-
tion. SPSC achieves solid performance with adequate infer-
ence latency, demonstrating its effectiveness.
Limitations & future work. The coarse-to-fine architecture
implies that queries erroneously discarded at the coarse level
cannot be recovered in subsequent processing stages. In the
future, we will focus on introducing compensation mech-
anisms to prevent the accumulation of errors. Moreover, a
fixed receptive field is not optimal for real-world scenes
where object volumes vary significantly, and adaptive recep-
tive fields remain to be explored in future work.
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