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Figure 1: Considering the ellipsoidal shape prior of Gaussians, we propose leveraging expressive
superquadrics to build an efficient and powerful object-centric representation. Our QuadricFormer
achieves state-of-the-art performance with superior efficiency for 3D occupancy prediction.

Abstract

3D occupancy prediction is crucial for robust autonomous driving systems as it
enables comprehensive perception of environmental structures and semantics. Most
existing methods employ dense voxel-based scene representations, ignoring the
sparsity of driving scenes and resulting in inefficiency. Recent works explore
object-centric representations based on sparse Gaussians, but their ellipsoidal shape
prior limits the modeling of diverse structures. In real-world driving scenes, objects
exhibit rich geometries (e.g., cuboids, cylinders, and irregular shapes), necessitating
excessive ellipsoidal Gaussians densely packed for accurate modeling, which leads
to inefficient representations. To address this, we propose to use geometrically
expressive superquadrics as scene primitives, enabling efficient representation of
complex structures with fewer primitives through their inherent shape diversity.
We develop a probabilistic superquadric mixture model, which interprets each su-
perquadric as an occupancy probability distribution with a corresponding geometry
prior, and calculates semantics through probabilistic mixture. Building on this, we
present QuadricFormer, a superquadric-based model for efficient 3D occupancy
prediction, and introduce a pruning-and-splitting module to further enhance mod-
eling efficiency by concentrating superquadrics in occupied regions. Extensive
experiments on the nuScenes and KITTI-360 datasets demonstrate that Quadric-
Former achieves state-of-the-art performance while maintaining superior efficiency.
Code is available at https://github.com/zuosc19/QuadricFormer.

∗Equal contribution. †Corresponding author.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).

https://zuosc19.github.io/QuadricFormer/
https://github.com/zuosc19/QuadricFormer


1 Introduction

Vision-centric autonomous driving systems have gained much attention for their cost-effectiveness
over LiDAR-based solutions [4, 17, 50, 26, 23]. However, they struggle to perceive irregularly
shaped obstacles due to visual ambiguity, which compromises driving safety. Recent advances in 3D
semantic occupancy prediction address this by estimating voxel-level occupancy status and semantic
labels in 3D scenes [43, 44, 38, 39]. This provides a full understanding of scene structures and
semantics, which enables applications including self-supervised 3D scene understanding [6, 16], 4D
occupancy forecasting [51, 31, 41, 46], and end-to-end autonomous driving [14, 52].

Despite promising applications, 3D semantic occupancy prediction faces ef�ciency challenges due to
its dense 3D predictions [4, 38]. An ef�cient and expressive 3D representation is therefore essential.
While voxel-based methods [23, 44] use dense 3D grids to capture �ne details, they ignore the
sparsity of driving scenes and suffer from high computational costs. Recent advances introduce
object-centric representations using 3D Gaussians [18, 55] to describe scenes sparsely. Each Gaussian
models the occupancy probability distribution of its local region via learnable attributes including
position, covariance, opacity, and semantics. However, Gaussian representations are fundamentally
limited. By their mathematical formulation, Gaussians describe the spatial occupancy probability
with an ellipsoidal decay pattern. This imposes a strong ellipsoidal shape prior to Gaussians and
severely constrains their capacity to model diverse geometries. Real-world driving scenarios contain
objects with rich structural variations, which cannot be accurately represented by a few ellipsoidal
Gaussian. Consequently, Gaussian-based models must aggregate numerous densely packed Gaussians
to approximate target shapes, causing signi�cant ef�ciency degradation.

In this paper, we propose an ef�cient and expressive object-centric 3D representation using su-
perquadrics [1] as scene primitives. Superquadrics are a family of parameterized shapes with high
geometric expressiveness and compact shape parameters, offering great �exibility in modeling diverse
geometries. This allows superquadrics to model complex structures with sparse packing, enabling an
ef�cient and powerful representation [12]. We represent scenes with a set of learnable superquadrics,
each characterized by attributes including position, scale, rotation, opacity, semantics, and shape
exponents. For occupancy prediction, we adopt a probabilistic superquadric mixture model that
interprets each superquadric as a local occupancy probability distribution, and calculates seman-
tics through probabilistic mixture. Building on this representation, we introduce QuadricFormer,
a superquadric-based framework for ef�cient 3D semantic occupancy prediction. Moreover, we
design a pruning-and-splitting module that concentrates superquadrics on occupied regions to fur-
ther enhance modeling ef�ciency. Extensive experiments on the nuScenes and KITTI-360 dataset
demonstrate that our QuadricFormer achieves state-of-the-art performance with superior ef�ciency.

2 Related Work

3D Semantic Occupancy Prediction.3D semantic occupancy prediction reconstructs �ne-grained
3D scenes by labeling each voxel with geometric and semantic information, which is critical for
autonomous driving [4, 17, 38, 50, 51]. LiDAR and cameras are the two most commonly used sensors.
While LiDAR-based methods excel in depth accuracy [8, 7, 10, 20, 21, 28, 33, 36, 45, 47, 48, 53, 54],
their limitations in adverse weather and long-range detection motivate the vision-centric approaches,
which reconstruct scenes from multi-view visual input [26, 44, 49, 4, 17]. Early approaches lifted
image features directly into dense voxel grids for 3D occupancy prediction [9, 23, 44, 30]. However,
given the sparsity of occupied voxels in driving scenes, subsequent works prioritized ef�ciency
through alternative representations. Planar representations like BEV [25] and TPV [17] compress
3D data into 2D feature maps for ef�cient processing, but sacri�ce geometric �delity. Object-centric
modeling preserves geometric �delity by focusing computation on salient regions [18, 15, 29, 37,
55], alleviating both the redundancy of uniform voxel grids and the information loss from planar
compression. However, these methods still struggle to balance ef�ciency and modeling capacity due
to the complexity of real-world structures. To address this, we propose a superquadric-based model
that achieves ef�cient and accurate representation of complex geometries.

Object-centric Scene Representation.Existing 3D scene representations primarily use voxel-based
frameworks for �ne-grained volumetric modeling [44, 23], excelling in semantic prediction tasks.
However, their uniform processing of all voxels introduces spatial redundancy, particularly in sparse
environments. To address this, recent works explore object-centric representations [37, 29, 18, 15, 55].
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(a) Scene Representations. (b) Performance Comparison.

Figure 2:Comparisons between different representations.(a) Quadric-based method represents the
same object with a smaller number of primitives and greater shape expressiveness. (b) Quadric-based
representation outperforms existing methods in both accuracy and speed with far fewer primitives.

One line of methods partitions dense grids into localized regions, preserving only detected object
areas [37, 29]. While ef�cient, non-empty regions may be falsely pruned, leading to irreversible loss
of critical geometry. Alternatively, point-based methods use sparse points as queries for iterative
re�nement [34, 40]. However, points inherently lack spatial extent, limiting their ability to capture
contextual geometry. Recent advances adopt 3D semantic Gaussians [18, 15, 55], where probability
densities radiate from Gaussian centers to enable adaptive spatial coverage. While Gaussians
mitigate point rigidity through probability spread, complex geometries often require multiple densely
packed primitives, particularly for �ne structures, leading to inef�cient representations. In this
paper, we propose geometrically expressive superquadrics as compact scene primitives. Unlike
conventional object-centric methods, superquadrics natively parameterize diverse geometries (e.g.,
cuboids, cylinders) without dense packing, achieving superior reconstruction �delity using fewer
primitives.

Superquarics.Superquadrics are parametric geometric primitives introduced by Barr et al. [1] to
model diverse shapes with compact parameterizations. A canonical superquadric is de�ned by �ve
parameters: three scale parameters along each of its semi-axes and two exponents that determine its
shape [19]. The scale and shape parameters of superquadrics allow for smooth interpolation between
different geometric shapes, such as cuboids, cylinders, and spheres. When combined with six pose
parameters for translation and rotation, a superquadric can represent a complete 3D object using only
11 parameters. Recent works employed superquadrics to decompose complex environments into
compact geometric primitives [12]. These methods demonstrate compelling reconstruction capability
and editing �exibility, while maintaining model ef�ciency. However, existing approaches operate
exclusively on point clouds and are limited to object-level reconstructions. Differently, we present
the �rst superquadric-based framework for holistic scene reconstruction directly from multi-view
images, delivering state-of-the-art performance with superior ef�ciency.

3 Proposed Approach

In this section, we present our method based on the superquadric representation for ef�cient 3D
semantic occupancy prediction. We �rst review the Gaussian-based object-centric representation and
analyze its limitations (Sec 3.1). We then introduce our superquadric representation and probabilistic
modeling approach for ef�cient occupancy prediction (Sec 3.2). Finally, we describe the overall
architecture of QuadricFormer for vision-centric 3D occupancy prediction.(Sec 3.3).

3.1 Object-Centric Representation

Vision-centric 3D semantic occupancy prediction aims to estimate the occupancy status and semantic
label of each voxel in 3D space based on visual inputs. Formally, given input imagesI = f I i gN

i =1
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from N views, the model aims to predict voxel-level semantic labelsO 2 CX � Y � Z of the 3D scene,
whereCdenotes the semantic classes andX � Y � Z represents the spatial shape of occupancy.

To achieve this, voxel-based methods [44, 50] adopt dense voxel features to model 3D scenes,
resulting in extremely high computational complexity ofO(XY Z ). This inef�ciency stems from
their uniform processing of all voxels in space, which ignores the inherent sparsity of real-world
scenes. Considering this, recent works [18, 15] explore object-centric representations based on 3D
Gaussians to focus computational resources on salient regions for ef�cient scene modeling. Gaussian-
based method [15] typically employs a set ofP semantic 3D Gaussian primitivesG = f G i gP

i =1
to represent 3D scenes sparsely. Each GaussianG i models a �exible local region with its explicit
meanm i , scalesi , rotationr i , opacityai , and semantic probabilityci . For a pointx in 3D space, its
geometric occupancy probability associated with the GaussianG is:

� (x ; G) = exp
�

�
1
2

(x � m)T � � 1(x � m)
�
; (1)

� = RSST R T ; S = diag( s); R = q2r( r ); (2)

wherex denotes the point position, and� , R , S represent the covariance matrix, the rotation matrix
constructed from the quaternionr , and the diagonal scale matrix from the scales. Furthermore,
a probabilistic Gaussian mixture model is used to aggregate multiple Gaussians for predicting the
structure and semantics of the scene. As each Gaussian represents a �exible region of the scene, the
Gaussian-based representation enables adaptive allocation of resources and ef�cient modeling.

Although 3D Gaussian representation is more ef�cient than dense voxels (e.g.,6400Gaussians vs.
200� 200� 16 voxels per scene), it still exhibits limitations that prevent an optimal ef�ciency-
performance balance.Our key insight is that Gaussians inherently impose an ellipsoidal shape prior,
which limits their ability to model diverse structures. As shown in Eq. 1, the occupancy probability
distribution of the GaussianG can be viewed as a set of iso-probability surfaces de�ned by:

g(x) = �
1
2

�
(

x
sx

)2 + (
y
sy

)2 + (
z
sz

)2�
= k; (3)

wherex = ( x; y; z)T denotes the point position,k denotes the hyperparameter of the surface family,
ands = ( sx ; sy ; sz )T represents the Gaussian's scales along three axes. The rotation and mean of the
Gaussian are omitted for simplicity in Eq. 3, which describes a standard ellipsoid. Each Gaussian then
models occupancy probability with an ellipsoidal decay in 3D space. But real-world objects often
have diverse shapes, such as cuboids, cylinders, and irregular shapes, which cannot be accurately
represented by a few ellipsoidal Gaussians. This forces the model to use numerous densely packed
Gaussians to approximate complex structures, leading to inef�cient scene representations. In contrast,
our method employs expressive superquadrics as scene primitives, enabling ef�cient and compact
modeling of complex structures with only a few sparsely packed superquadrics.

3.2 Scene as Superquadrics

We introduce an object-centric scene representation leveraging superquadric primitives for their
ef�ciency and expressive power. Superquadrics are a parametric shape family with strong geometric
expressiveness, de�ned as follows:

f (x) =

 �
x
sx

� 2
� 2

+
�

y
sy

� 2
� 2

! � 2
� 1

+
�

z
sz

� 2
� 2

= k; (4)

wherex = ( x; y; z)T denotes the point position, andk denotes the hyperparameter of the surface
family. Compared to the ellipsoids in Eq. 3, superquadrics introduce only two additional shape-
de�ning exponents� 1; � 2 yet can represent a much wider variety of shapes. As shown in Fig. 2a,
superquadrics allow for continuous and diverse shape variations as the shape parameters change. This
inherent parameter ef�ciency and geometric expressiveness enable superquadrics to model diverse
shapes without being densely packed. Consequently, only a small number of superquadrics are needed
to represent complex scene structures, achieving an ef�cient yet powerful scene representation.

We thus utilize a set ofP parameterized superquadricsQ = f Q i gP
i =1 to represent the 3D scene.

Each superquadric is characterized by its scales and shape exponents� 1; � 2 to de�ne its geometry.
To extend the representation to the global coordinate system, each primitive is also assigned a
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Figure 3:Overall Framework of QuadricFormer. We use several quadric-encoder blocks to update
superquadrics, and employ a pruning-and-splitting module to further enhance modeling ef�ciency.

positionx and rotationr . Beyond geometric attributes, each superquadric is further equipped with
an opacitya and a semantic probabilityc to incorporate semantic information. In summary, our
superquadric-based representation can be formulated as:

Q = f Q i gP
i =1 = f (x i ; si ; r i ; ai ; � 1;i ; � 2;i ; ci ; )gP

i =1 : (5)

We now explore obtaining 3D occupancy prediction from the superquadric representation. Existing
methods [12] typically treat superquadrics as deterministic surfaces, �tting them to object parts for
point cloud reconstruction. However, these surface-based approaches face key limitations in vision-
centric occupancy prediction. A primary challenge is supervision. While point cloud reconstruction
directly optimizes the distance between points and the superquadric surfaces, occupancy prediction
requires �ne-grained scene understanding, which lacks clear surface-based constraints. Furthermore,
surface-based methods rely on the explicit structure from point cloud inputs, whereas visual inputs
introduce structural uncertainty, making deterministic modeling unstable. Lastly, surface-based
methods focus on object-level reconstruction with simple spatial relationships. But real-world driving
scenes involve far more complex surface interactions, posing signi�cant modeling dif�culties.

To achieve robust 3D semantic occupancy prediction, we design a probabilistic modeling mechanism
that converts superquadrics into occupancy probabilities. Inspired by GaussianFormer-2 [15], we
adopt a probabilistic superquadric mixture model, where each superquadric de�nes the occupancy
probability distribution in its local neighborhood. To compute the probability of a 3D pointx being
occupied by the superquadricQ, we �rst transformx into Q's local coordinate system, de�ned by its
positionm and rotationr : xQ = R (x � m); (6)

wherexQ denotes the local coordinate ofx, andR denotes the rotation matrix constructed from the
rotationr . The occupancy probability ofx associated withQ is then computed as:

po (x ; G) = exp
�

� f(xQ )
�

= exp

0

@

 �
xQ

sx

� 2
� 2

+
�

yQ

sy

� 2
� 2

! � 2
� 1

+
�

zQ

sz

� 2
� 2

1

A ; (7)

wherexQ = ( xQ ; yQ ; zQ )T ands = ( sx ; yx ; zs)T are the position and scale parameters, respectively,
and� 1; � 2 are the shape exponents of the superquadricQ. Assuming conditional independence of
occupancy among different superquadrics, the �nal occupancy probability atx is computed as:

po (x) = 1 �
PY

i =1

�
1 � po (x ; Q i )

�
: (8)
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