GaussianFormer: Scene as Gaussians for
Vision-Based 3D Semantic Occupancy Prediction

Yuanhui Huang!, Wenzhao Zheng!2*, Yunpeng Zhang?,
Jie Zhou!, and Jiwen Lu'f

!Tsinghua University — 2University of California, Berkeley —PhiGent Robotics
https://wzzheng.net/GaussianFormer
huangyh22@mails.tsinghua.edu.cn; wenzhao.zheng@outlook.com;
yunpengzhang970gmail.com; {jzhou,lujiwen}@tsinghua.edu.cn

2D Image 3D Gaussian
Representation 3

Image Input 3D Semantic Gaussians 3D Occupancy Predictions

M driveable surface M car motoreycle I terrain [l vegetation Ml sidewalk WM other flat Bl pedestrian  bicycle ~ manmade

Fig.1: Considering the universal approximating ability of Gaussian mixture El,,
we propose an object-centric 3D semantic Gaussian representation to describe the fine-
grained structure of 3D scenes without the use of dense grids. We propose a Gaussian-
Former model consisting of sparse convolution and cross-attention to efficiently trans-
form 2D images into 3D Gaussian representations. To generate dense 3D occupancy, we
design a Gaussian-to-voxel splatting module that can be efficiently implemented with
CUDA. With comparable performance, our GaussianFormer reduces memory consump-
tion of existing 3D occupancy prediction methods by 75.2% - 82.2%.

Abstract. 3D semantic occupancy prediction aims to obtain 3D fine-
grained geometry and semantics of the surrounding scene and is an im-
portant task for the robustness of vision-centric autonomous driving.
Most existing methods employ dense grids such as voxels as scene repre-
sentations, which ignore the sparsity of occupancy and the diversity of ob-
ject scales and thus lead to unbalanced allocation of resources. To address
this, we propose an object-centric representation to describe 3D scenes
with sparse 3D semantic Gaussians where each Gaussian represents a
flexible region of interest and its semantic features. We aggregate infor-
mation from images through the attention mechanism and iteratively
refine the properties of 3D Gaussians including position, covariance,
and semantics. We then propose an efficient Gaussian-to-voxel splatting
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method to generate 3D occupancy predictions, which only aggregates
the neighboring Gaussians for a certain position. We conduct extensive
experiments on the widely adopted nuScenes and KITTI-360 datasets.
Experimental results demonstrate that GaussianFormer achieves compa-
rable performance with state-of-the-art methods with only 17.8% - 24.8%
of their memory consumption. Code is available at: https://github.
com/huang-yh/GaussianFormer,

Keywords: 3D Occupancy Prediction - 3D Gaussian splatting - Au-
tonomous Driving

1 Introduction

Whether to use LiDAR for 3D perception has long been the core debate among
autonomous driving companies. While vision-centric systems share an econom-
ical advantage, their inability to capture obstacles of arbitrary shapes hinders
driving safety and robustness [14}[18]/26}27]. The emergence of 3D semantic occu-
pancy prediction methods [4,171{19//36,/51.(58]/64] remedies this issue by predicting
the occupancy status of each voxel in the 3D space, which facilitates a variety of
newly rising tasks such as end-to-end autonomous driving [47}/60], 4D occupancy
forecasting [59], and self-supervised 3D scene understanding |16].

Despite the promising applications, the dense output space of 3D occupancy
prediction poses a great challenge in how to efficiently and effectively represent
the 3D scene. Voxel-based methods [24l51] assign each voxel with a feature vector
to obtain dense representations to describe the fine-grained structure of a 3D
scene. They employ coarse-to-fine upsampling [47,51] or voxel filtering [24134] to
improve efficiency considering the sparse nature of the 3D space. As most of the
voxel space is unoccupied |3|, BEV-based methods [28}|57] compress the height
dimension and employ the bird’s eye view (BEV) as scene representations, yet
they usually require post-processing such as multi-scale fusion [57] to capture
finer details. TPVFormer [17] generalizes BEV with two additional planes and
achieves a better performance-complexity trade-off with the tri-perspective view
(TPV). However, they are all grid-based methods and inevitably suffer from
the redundancy of empty grids, resulting in more complexity for downstream
tasks [47]. It is also more difficult to capture scene dynamics with grid-based
representations since it is objects instead of grids that move in the 3D space [59].

In this paper, we propose the first object-centric representation for 3D se-
mantic occupancy prediction. We employ a set of 3D semantic Gaussians to
sparsely describe a 3D scene. Each Gaussian represents a flexible region of inter-
est and consists of the mean, covariance, and its semantic category. We propose a
GaussianFormer model to effectively obtain 3D semantic Gaussians from image
inputs. We randomly initialize a set of queries to instantiate the 3D Gaussians
and adopt the cross-attention mechanism to aggregate information from multi-
scale image features. We iteratively refine the properties of the 3D Gaussians
for smoother optimizations. To efficiently incorporate interactions among 3D
Gaussians, we treat them as point clouds located at the Gaussian means and
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leverage 3D sparse convolutions to process them. We then decode the properties
of 3D semantic Gaussians from the updated queries as the scene representation.
Motivated by the 3D Gaussian splatting method in image rendering [21], we de-
sign an efficient Gaussian-to-voxel splatting module that aggregates neighboring
Gaussians to generate the semantic occupancy for a certain 3D position. The
proposed 3D Gaussian representation uses a sparse and adaptive set of features
to describe a 3D scene but can still model the fine-grained structure due to
the universal approximating ability of Gaussian mixtures [9,/12|. Based on the
3D Gaussian representation, GaussianFormer further employs sparse convolu-
tion and local-aggregation-based Gaussian-to-voxel splatting to achieve efficient
3D semantic occupancy prediction, as shown in Fig. [Il We conduct extensive ex-
periments on the nuScenes and KITTI-360 datasets for 3D semantic occupancy
prediction from surrounding and monocular cameras, respectively. Gaussian-
Former achieves comparable performance with existing state-of-the-art methods
with only 17.8% - 24.8% of their memory consumption. Our qualitative visualiza-
tions show that GaussianFormer is able to generate a both holistic and realistic
perception of the scene.

2 Related Work

2.1 3D Semantic Occupancy Prediction

3D semantic occupancy prediction has garnered increasing attention in recent
years due to its comprehensive description of the driving scenes, which involves
predicting the occupancy and semantic states of all voxels within a certain range.
Learning an effective representation constitutes the fundamental step for this
challenging task. A straightforward approach discretizes the 3D space into reg-
ular voxels, with each voxel being assigned a feature vector |61]. The capacity
to represent intricate 3D structures renders voxel-based representations advanta-
geous for 3D semantic occupancy prediction [4,7,1922/3644,51//52/58]. However,
due to the sparsity of driving scenes and the high resolution of vanilla voxel rep-
resentation, these approaches suffer from considerable computation and storage
overhead. To improve efficiency, several methods propose to reduce the number of
voxel queries by the coarse-to-fine upsampling strategy [50], or the depth-guided
voxel filtering [24]. Nonetheless, the upsampling process might not adequately
compensate for the information loss in the coarse stage. And the filtering strategy
ignores the occluded area and depends on the quality of depth estimation. Al-
though OctreeOcc [34] introduces voxel queries of multi-granularity to enhance
the efficiency, it still conforms to a predefined regular partition pattern. Our
3D Gaussian representation resembles the voxel counterpart, but can flexibly
adapt to varying object scales and region complexities in a deformable way, thus
achieving better resource allocation and efficiency.

Another line of work utilizes the bird’s-eye-view (BEV) representation for
3D perception in autonomous driving, which can be categorized into two types
according to the view transformation paradigm. Approaches based on lift-splat-
shoot (LSS) actively project image features into 3D space with depth guid-
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ance |15025,/26,32,|40L[41], while query-based methods typically use BEV queries
and deformable attention to aggregate information from image features [20}27,
54]. Although BEV-based perception has achieved great success in 3D object
detection, it is less employed for 3D occupancy prediction due to information
loss from height compression. FB-OCC [28| uses dense BEV features from back-
ward projection to optimize the sparse voxel features from forward projection.
FlashOcc [57] applies a complex multi-scale feature fusion module on BEV fea-
tures for finer details. However, existing 3D occupancy prediction methods are
based on grid representations, which inevitably suffer from the computation
redundancy of empty grids. Differently, our GaussianFormer is based on object-
centric representation and can efficiently tend to flexible regions of interest.

2.2 3D Gaussian Splatting

The recent 3D Gaussian splatting (3D-GS) [21] uses multiple 3D Gaussians
for radiance field rendering, demonstrating superior performance in rendering
quality and speed [6]. In contrast to prior explicit scene representations, such
as meshes [42,43}[53] and voxels [11,138], 3D-GS is capable of modeling intri-
cate shapes with fewer parameters. Compared with implicit neural radiance
field [1,37], 3D-GS facilitates fast rendering through splat-based rasterization,
which projects 3D Gaussians to the target 2D view and renders image patches
with local 2D Gaussians. Recent advances in 3D-GS include adaptation to dy-
namic scenarios [35}/55], online 3D-GS generalizable to novel scenes [5]/63], and
generative 3D-GS [8},29,/46(56].

Although our 3D Gaussian representation also adopts the physical form of 3D
Gaussians (i.e. mean and covariance) and the multi-variant Gaussian distribu-
tion, it differs from 3D-GS in significant ways, which imposes unique challenges in
3D semantic occupancy prediction: 1) Our 3D Gaussian representation is learned
in an online manner as opposed to offline optimization in 3D-GS. 2) We gener-
ate 3D semantic occupancy predictions from the 3D Gaussian representation in
contrast to rendering 2D RGB images in 3D-GS.

3 Proposed Approach

3.1 Object-Centric 3D Scene Representation

Vision-based 3D semantic occupancy prediction aims to predict dense occupancy
states and semantics for each voxel grid with multi-view camera images as input.
Formally, given a set of multi-view images Z = {I; € R3>*>W|i =1 ... N}, and
corresponding intrinsics K = {K; € R**3|i = 1,...,N} and extrinsics 7 =
{T; € R**4|i = 1,..., N}, the objective is to predict 3D semantic occupancy
O € CX*XY*XZ where N, {H,W}, C and {X,Y, Z} denote the number of views,
the image resolution, the set of semantic classes and the target volume resolution.

The autonomous driving scenes contain foreground objects of various scales
(such as buses and pedestrians), and background regions of different complexities
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Fig. 2: Comparisions of the proposed 3D Gaussian representation with ex-
iting grid-based scene representations (figures from TPVFormer ) The
voxel representation assigns each voxel in the 3D space with a feature and is
redundant due to the sparsity nature of the 3D space. BEV and TPV employ
2D planes to describe 3D space but can only alleviate the redundancy issue. Differently,
the proposed object-centric 3D Gaussian representation can adapt to flexible regions
of interest yet can still describe the fine-grained structure of the 3D scene due to the
strong approximating ability of mixing Gaussians EI,

(such as road and vegetation). Dense voxel representation neglects this
diversity and processes every 3D location with equal storage and computation
resources, which often leads to intractable overhead because of unreasonable
resource allocation. Planar representations, such as BEV and TPV ,
achieve 3D perception by first encoding 3D information into 2D feature maps for
efficiency and then recovering 3D structures from 2D features. Although planar
representations are resource-friendly, they could cause a loss of details. The grid-
based methods can hardly adapt to regions of interest for different scenes and
thus lead to representation and computation redundancy.

To address this, we propose an object-centric 3D representation for 3D seman-
tic occupancy prediction where each unit describes a region of interest instead of
fixed grids, as shown in Fig. [2] We represent an autonomous driving scene with
a number of 3D semantic Gaussians, and each of them instantiates a semantic
Gaussian distribution characterized by mean, covariance, and semantic logits.
The occupancy prediction for a 3D location can be computed by summing up
the values of semantic Gaussian distributions evaluated at that location. Specif-
ically, we use a set of P 3D Gaussians G = {G; € R%|i = 1, ..., P} for each scene,
and each 3D Gaussian is represented by a d-dimensional vector in the form of
(m € R3,s € R®,r € R ¢ € RI°), where d = 10+ |C|, and m, s, r, ¢ denote the
mean, scale, rotation vectors and semantic logits, respectively. Therefore, the
value of a semantic Gaussian distribution g evaluated at point p = (z,y, 2) is

g(p;m,s,r,c) = eXp( — %(p —-m)"Z " (p - m))c7 (1)

¥ =RSSTRY, S =diag(s), R =q2r(r), (2)
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Fig. 3: Framework of our GaussianFormer for 3D semantic occupancy pre-
diction. We first extract multi-scale (M.S.) features from image inputs using an image
backbone. We then randomly initialized a set of queries and properties (mean, covari-
ance, and semantics) to represent 3D Gaussians and update them with interleaved
self-encoding, image cross-attention, and property refinement. Having obtained the
updated 3D Gaussians, we employ an efficient Gaussian-to-voxel splatting module to
generate dense 3D occupancy via local aggregation of Gaussians.

where 3, diag(:) and q2r(-) represent the covariance matrix, the function that
constructs a diagonal matrix from a vector, and the function that transforms a
quaternion into a rotation matrix, respectively. Then the occupancy prediction
result at point p can be formulated as the summation of the contribution of
individual Gaussians on the location p:

op:6) = 3 milpimesiri ) = Y exp( 3 (p - mo) 'S (p - my))er (3)

i=1 i=1

Compared with voxel representation, the mean and covariance properties
allow the 3D Gaussian representation to adaptively allocate computation and
storage resources according to object scales and region complexities. Therefore,
we need fewer 3D Gaussians to model a scene for better efficiency while still
maintain expressiveness. Meanwhile, the 3D Gaussian representation take 3D
Gaussians as its basic unit, and thus avoids potential loss of details from di-
mension reduction in planar representations. Moreover, every 3D Gaussian has
explicit semantic meaning, making the transformation from the scene represen-
tation to occupancy predictions much easier than those in other representations
which often involve decoding per-voxel semantics from high dimensional features.
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3.2 GaussianFormer: Image to Gaussians

Based on the 3D semantic Gaussian representation of the scene, we further pro-
pose a GaussianFormer model to learn meaningful 3D Gaussians from multi-view
images. The overall pipeline is shown in Fig. [8] We first initialize the properties
of 3D Gaussians and their corresponding high-dimensional queries as learnable
vectors. Then we iteratively refine the Gaussian properties within the B blocks of
GaussianFormer. Each block consists of a self-encoding module to enable interac-
tions among 3D Gaussians, an image cross-attention module to aggregate visual
information, and a refinement module to rectify the properties of 3D Gaussians.

Gaussian Properties and Queries. We introduce two groups of features
in GaussianFormer. The Gaussian properties G = {G; € R%|i = 1,..., P} are
the physical attributes as discussed in Section and they are de facto the
learning target of the model. On the other hand, the Gaussian queries Q =
{Q; € R™|i = 1,..., P} are the high-dimensional feature vectors that implicitly
encode 3D information in the self-encoding and image cross-attention modules,
and provide guidance for rectification in the refinement module. We initialize the
Gaussian properties as learnable vectors denoted by Initial Properties in Fig.

Self-encoding Module. Methods with voxel or planar representations usu-
ally implement self-encoding modules with deformable attention for efficiency
considerations, which is not well supported for unstructured 3D Gaussian rep-
resentation. Instead, we leverage 3D sparse convolution to allow interactions
among 3D Gaussians, sharing the same linear computational complexity as de-
formable attention. Specifically, we treat each Gaussian as a point located at its
mean m, voxelize the generated point cloud (denoted by Voxelization in Fig. [3)),
and apply sparse convolution on the voxel grid. Since the number of 3D Gaus-
sians P is much fewer than X x Y x Z, sparse convolution could effectively take
advantage of the sparsity of Gaussians.

Image Cross-attention Module. The image cross-attention module (ICA)
is designed to extract visual information from images for our vision-based ap-
proach. To elaborate, for a 3D Gaussian G, we first generate a set of 3D reference
points R = {m+ Am,|i = 1,..., R} by permuting the mean m with offsets Am.
We calculate the offsets according to the covariance of the Gaussian to reflect
the shape of its distribution. Then we project the 3D reference points onto image
feature maps with extrinsics 7 and intrinsics K. Finally, we update the Gaussian
query Q with the weighted sum of retrieved image features:

N R
ICA(R,Q,F;T,K) = % > ) DA(Q,7(R;:T,K),Fy), (4)
n=111=1

where F, DA(+), 7(-) denote the image feature maps, the deformable attention
function and the transformation from world to pixel coordinates, respectively.
Refinement Module. We use the refinement module to rectify the Gaus-
sian properties with guidance from corresponding Gaussian queries which have
aggregated sufficient 3D information in the prior self-encoding and image cross-
attention modules. Specifically, we take inspiration from DETR [62] in object
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Fig. 4: Illustration of the Gaussian-to-voxel splatting method in 2D. We
first voxelize the 3D Gaussians and record the affected voxels of each 3D Gaussian
by appending their paired indices to a list. Then we sort the list according to the
voxel indices to identify the neighboring Gaussians of each voxel, followed by a local
aggregation to generate the occupancy prediction.

detection. For a 3D Gaussian G = (m, s, r, c), we first decode the intermediate
properties G = (1, §,F, ¢) from the Gaussian query Q with a multi-layer per-
ceptron (MLP). When refining the old properties with the intermediate ones,
we treat the intermediate mean m as a residual and add it with the old mean
m, while we directly substitute the other intermediate properties (§, ¥, &) for the
corresponding old properties:

G = (m,5,#,&) = MLP(Q), Gpew = (m + 10,8, #,¢&). (5)

We refine the mean of Gaussian with residual connections in order to keep their
coherence throughout the B blocks of GaussianFormer. The direct replacement
of the other properties is due to the concern about vanishing gradient from the
sigmoid and softmax activations we apply on covariance and semantic logits.

3.3 Gaussian-to-Voxel Splatting

Due to the universal approximating ability of Gaussian mixtures [9L{12], the 3D
semantic Gaussians can efficiently represent the 3D scene and thus can be di-
rectly processed to perform downstream tasks like motion planning and control.
Specifically, to achieve 3D semantic occupancy prediction, we design an efficient
Gaussian-to-voxel splatting module to efficiently transform 3D Gaussian rep-
resentation to 3D semantic occupancy predictions using only local aggregation
operation.

Although demonstrates the main idea of the transformation as a summa-
tion over the contributions of 3D Gaussians, it is infeasible to query all Gaus-
sians for every voxel position due to the intractable computation and storage



GaussianFormer 9

complexity (O(XY Z x P)). Since the weight exp(— 3(p—m)? 27! (p—m)) in
decays exponentially with respect to the square of the mahalanobis distance,
it should be negligible when the distance is large enough. Based on the locality
of the semantic Gaussian distribution, we only consider 3D Gaussians within a
neighborhood of each voxel position to improve efficiency.

As illustrated by Fig. [d] we first embed the 3D Gaussians into the target
voxel grid of size X x Y x Z according to their means m. For each 3D Gaussian,
we then calculate the radius of its neighborhood according to its scale property
s. We append both the index of the Gaussian and the index of each voxel inside
the neighborhood as a tuple (g,v) to a list. Then we sort the list according to
the indices of voxels to derive the indices of 3D Gaussians that each voxel should
attend to:

50Ttu0z ([(9, Vg1 ) +-os (95 Vi)l g=1) = (90150, -oos (o, 0)]0217, (6)
where k, [ denote the number of neighboring voxels of a certain Gaussian, and
the number of Gaussians that contribute to a certain voxel, respectively. Finally,
we can approximate efficiently with only neighboring Gaussians:

o(p;G) = Z gi(p;my,s;, T;, ¢;), (7)
ieN(p)

where AN (p) represents the set of neighboring Gaussians of the point at p. Con-
sidering the dynamic neighborhood sizes of 3D Gaussians, the implementation
of Gaussian-to-voxel splatting is nontrivial. To fully exploit the parallel compu-
tation ability of GPU, we realize it with the CUDA programming language to
achieve better acceleration.

The overall GaussianFormer model can be trained efficiently in an end-to-end
manner. For training, we use the cross entropy loss L., and the lovasz-softmax |2]
loss Ly, following TPVFormer [17]. To refine the Gaussian properties in an
iterative manner, we apply supervision on the output of each refinement module.
The overall loss function is L = 2?:1 Li, + L}, , where i denote the i-th block.

4 Experiments

In this paper, we propose a 3D semantic Gaussian representation to effectively
and efficiently describe the 3D scene and devise a GaussianFormer model to
perform 3D occupancy prediction. We conducted experiments on the nuScenes |3|
dataset and the KITTI-360 [30] dataset for 3D semantic occupancy prediction
with surrounding and monocular cameras, respectively.

4.1 Datasets

NuScenes [3] consists of 1000 sequences of various driving scenes collected in
Boston and Singapore, which are officially split into 700/150/150 sequences for
training, validation and testing, respectively. Each sequence lasts 20 seconds
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with RGB images collected by 6 surrounding cameras, and the keyframes are
annotated at 2Hz. We leverage the dense semantic occupancy annotations from
SurroundOcc [51] for supervision and evaluation. The annotated voxel grid spans
[-50m, 50m] along the X and Y axes, and [-5m, 3m| along the Z axis with a
resolution of 200 x 200 x 16. Each voxel is labeled with one of the 18 classes (16
semantic, 1 empty and 1 unknown classes).

KITTI-360 |30] is a large-scale dataset covering a driving distance of 73.7km
corresponding to over 320k images and 100k laser scans. We use the dense se-
mantic occupancy annotations from SSCBench-KITTI-360 [23] for supervision
and evaluation. It provides ground truth labels for 9 long sequences with a
total of 12865 key frames, which are officially split into 7/1/1 sequences with
8487/1812/2566 key frames for training, validation and testing, respectively. The
voxel grid spans 51.2 x 51.2 x 6.4m? in front of the ego car with a resolution of
256 x 256 x 32, and each voxel is labeled with one of 19 classes (18 semantic and
1 empty). We use the RGB images from the left camera as input to our model.

4.2 Implementation Details

We set the resolutions of input images as 900 x 1600 for nuScenes [3] and
376 x 1408 for KITTI-360 |30]. We employ ResNet101-DCN |[13] initialized from
FCOS3D [48] checkpoint as the image backbone for nuScenes and ResNet50 [13]
pretrained with ImageNet [10] for KITTI-360. We use the feature pyramid net-
work [31] (FPN) to generate multi-scale image features with downsample rates
of 4, 8, 16 and 32. We set the number of Gaussians to 144000 and 38400 for
nuScenes and KITTI-360, respectively, and use 4 transformer blocks in Gaus-
sianFormer to refine the properties of Gaussians. For optimization, we utilize the
AdamW [33] optimizer with a weight decay of 0.01. The learning rate warms up
in the first 500 iterations to a maximum value of 2e-4 and decreases according
to a cosine schedule. We train our models for 20 epochs with a batch size of 8,
and employ random flip and photometric distortion augmentations.

4.3 Results and Analysis

Surrounding-Camera 3D semantic occupancy prediction. In Table [I]
we present a comprehensive quantitative comparison of various methods for
multi-view 3D semantic occupancy prediction on nuScenes validation set, with
dense annotations from SurroundOcc [51]. Our GaussianFormer achieves no-
table improvements over methods based on planar representations, such as BEV-
Former [27] and TPVFormer [17]. Even compared with dense grid representa-
tions, GaussianFormer performs on par with OccFormer 58] and SurroundOcc [51].
These observations prove the valuable application of the 3D Gaussians for se-
mantic occupancy prediction. This is because the 3D Gaussian representation
better exploits the sparse nature of the driving scenes and the diversity of object
scales with flexible properties of position and covariance.
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Table 1: 3D semantic occupancy prediction results on nuScenes validation
set. While the original TPVFormer is trained with LiDAR segmentation labels,
TPVFormer* is supervised by dense occupancy annotations. Our method achieves com-
parable performance with state-of-the-art methods.
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Table 2: 3D semantic occupancy prediction results on SSCBench-KITTI-
360 validation set. Our method achieves performance on par with state-of-the-art
methods, excelling at some smaller and general categories (i.e. motorcycle, other-veh.).
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Monocular 3D semantic occupancy prediction. Table [2] compares the
performance of GaussianFormer with other methods for monocular 3D seman-
tic occupancy prediciton on SSCBench-KITTI-360. Notably, GaussianFormer
achieves comparable performance with state-of-the-art models, excelling at some
smaller categories such as motorcycle and general categories such as other-
vehicle. This is due to 3D Gaussians can adaptively change their positions and
covariance to match the boundaries of small objects in images in contrast to
rigid grid projections on images which might be misleading. Furthermore, the
flexibility of 3D Gaussians also benefits the predictions for general objects (i.e.
categories with other- prefix) which often have distinct shapes and appearances
with normal categories.

Efficiency comparisons with existing methods. We provide the effi-
ciency comparisons of different scene representations in Table [3] Notably, Gaus-
sianFormer surpasses all existing competitors with significantly reduced mem-
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Table 3: Efficiency comparison of different representations on nuScenes. The
latency and memory consumption for GaussianFormer are tested on one NVIDIA 4090
GPU with batch size one, while the results for other methods are reported in Oc-
treeOcc [34] tested on one NVIDIA A100 GPU. Our method demonstrates significantly
reduced memory usage compared to other representations.

Methods ‘ Query Form ‘ Query Resolution ‘ Latency | Memory |
BEVFormer |27] 2D BEV 200x200 302 ms 25100 M
TPVFormer |17] 2D tri-plane 200 (200+16-+16) 341 ms 29000 M
PanoOcc |50] 3D voxel 100x100 x16 502 ms 35000 M
FBOCC |28 3D voxel & 2D BEV | 200x200x16 & 200x200 | 463 ms 31000 M
OctreeOcc |34] Octree Query 91200 386 ms 26500 M
GaussianFormer ‘ 3D Gaussian ‘ 144000 ‘ 372 ms 6229 M

Table 4: Ablation on the components of GaussianFormer. Deep Supervision
represents supervising the output of each refinement module. Residual Refine means on
which properties of Gaussian to apply residual refinement as opposed to substitution.

Deep Supervision  Sparse Conv. Residual Refine ‘ mloU ToU
v mean 16.36 29.32
v mean 15.93 28.99
v v none - -
v v all except semantics 16.24 29.30
v v mean 16.41 29.37

ory consumption. The memory efficiency of GaussianFormer originates from its
object-centric nature which assigns explicit semantic meaning to each 3D Gaus-
sian, and thus greatly simplifies the transformation from the scene representa-
tion to occupancy predictions, getting rid of the expensive decoding process from
high dimensional features. While being slightly slower (~ 70 ms) than methods
based on planar representations [17,/27]|, GaussianFormer achieves the lowest
latency among dense grid representations. Notably, our method is faster than
OctreeOcc [34] even with more queries.

Analysis of components of GaussianFormer. In Table [d] we provide
comprehensive analysis on the components of GaussianFormer to validate their
effectiveness. We conduct these experiments on nuScenes and set the number of
3D Gaussians to 51200. The strategy for refinement of Gaussian properties has
a notable influence on the performance. The experiment for the all substitution
strategy (denoted by none) collapses where we directly replace the old properties
with new ones. This is because the positions of Gaussians are sensitive to noise
which quickly converge to a trivial solution without regularization for coherence
during refinement. Rectifying all properties except semantics in a residual style
(denoted by all except semantics) is also harmful because the sigmoid activation
used for covariance is prone to vanishing gradient. Moreover, the 3D sparse
convolution in the self-encoding module is crucial for the performance because it
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Table 5: Ablation on the number of Gaussians. The latency and memory are
tested on an NVIDIA 4090 GPU with batch size one during inference. The performance
improves consistently with more Gaussians while taking up more time and memory.

Number of Gaussians ‘ Latency Memory ‘ mloU IoU
25600 227 ms 4850 M 16.00 28.72
38400 249 ms 4856 M 16.04 28.72
51200 259 ms 4866 M 16.41 29.37
91200 293 ms 5380 M 18.31 27.48
144000 372 ms 6229 M 19.10 29.83

is responsible for the interactions among 3D Gaussians. On the other hand, the
deep supervision strategy also contributes to the overall performance by ensuring
that every intermediate refinement step benefits the 3D perception.

Effect of the number of Gaussians. Table [5] presents the ablation study
on the number of Gaussians, where we analyze its influence on efficiency and
performance. The mloU increases linearly when the number of 3D Gaussians is
greater than 38400, which is due to the enhanced ability to represent finer de-
tails with more Gaussians. The latency and memory consumption also correlate
linearly with the number of Gaussians, offering flexibility for deployment.

Visualization results. We provide qualitative visualization results in Fig.
Our GaussianFormer can generate a holistic and realistic perception of the scene.
Specifically, the 3D Gaussians adjust their covariance matrices to capture the
fine details of object shapes such as the flat-shaped Gaussians at the surface of
the road and walls (e.g. in the third row). Additionally, the density is higher in
regions with vehicles and pedestrians compared with the road surface (e.g. in the
first row), which proves that the 3D Gaussians cluster around foreground objects
with iterative refinement for a reasonable allocation of resources. Furthermore,
our GaussianFormer even successfully predicts objects that are not in the ground
truth and barely visible in the images, such as the truck in the front right input
image and the upper right corner of the 3D visualizations in the fourth row.

5 Conclusion and Discussions

In this paper, we have proposed an efficient object-centric 3D Gaussian repre-
sentation for 3D semantic occupancy prediction to better exploit the sparsity
of occupancy and the diversity of object scales. We describe the driving scenes
with sparse 3D Gaussians each of which is characterized by its position, co-
variance and semantics and represents a flexible region of interest. Based on
the 3D Gaussian representation, we have designed the GaussianFormer to ef-
fectively learn 3D Gaussians from input images through attention mechanism
and iterative refinement. To efficiently generate voxelized occupancy predictions
from 3D Gaussians, we have proposed an efficient Gaussian-to-voxel splatting
method, which only aggregates the neighboring Gaussians for each voxel. Gaus-
sianFormer has achieved comparable performance with state-of-the-art methods
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Fig.5: Visualization results for 3D semantic occupancy prediction on
nuScenes. We visualize the 3D Gaussians by treating them as ellipsoids centered
at the Gaussian means with semi-axes determined by the Gaussian covariance matri-
ces. Our GussianFormer not only achieves reasonable allocation of resources, but also
captures the fine details of object shapes.

on the nuScenes and KITTI-360 datasets, and significantly reduced the memory
consumption by more than 75%. Our ablation study has shown that the perfor-
mance of GaussianFormer scales well to the number of Gaussians. Additionally,
the visualization has proved the abilities of 3D Gaussians to capture the details
of object shapes and to reasonably allocate computation and storage resources.

Limitations. The performance of GaussianFormer is still inferior to state-of-
the-art methods despite the much lower memory consumption. This might result
from the inaccuracy of 3D semantic Gaussian representation or simply the wrong
choice of hyperparameter since we did not perform much hyperparameter tuning.
GaussianFormer also requires a large number of Gaussians to achieve satisfactory
performance. This is perhaps because the current 3D semantic Gaussians include
empty as one category and thus still can be redundant. It is interesting to only
model solid objects to further improve performance and speed.
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