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Abstract

Gaussian splatting and semantic occupancy prediction for autonomous perception share the common goal of achieving accurate
3D scene understanding. Emerging within a similar time frame, the use of 3D Gaussians in occupancy models has gained
considerable attention. These models have demonstrated benefits such as reduced latency and a more memory-efficient scene
representation compared to dense voxels, with results comparable to previous state-of-the-art approaches. This holds despite the
differences between continuous and discrete scene representations when compared with voxelbased methods. This growing area
of research builds upon work in Bird’s Eye View perception and voxel-driven semantic occupancy prediction, both of which have
been the subject of major surveys that outline their development to the present day. In this survey, Gaussian-driven semantic
occupancy prediction models are analysed in detail, with particular emphasis on their contributions to the field, design choices,
multi-modal research directions, and supervision strategies. In addition, a detailed results table for these models across three
notable datasets is compiled to better understand the influence of specific design decisions. We also investigate the distribution
of Gaussian parameters at run time to determine whether redundancy exists within these models. Finally, the limitations and
future directions of this line of research are explored, providing a clearer view of the strengths and weaknesses of 3D Gaussians
in occupancy prediction. In particular, we conclude that the use of Gaussians in occupancy prediction models is positioned
to complement voxel-driven methods, namely through Gaussianbased rendering loss for the enforcement of temporal and view

consistency across the surround-view cameras.
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Abstract— Gaussian splatting and semantic occupancy pre-
diction for autonomous perception share the common goal of
achieving accurate 3D scene understanding. Emerging within
a similar time frame, the use of 3D Gaussians in occupancy
models has gained considerable attention. These models have
demonstrated benefits such as reduced latency and a more
memory-efficient scene representation compared to dense vox-
els, with results comparable to previous state-of-the-art ap-
proaches. This holds despite the differences between continuous
and discrete scene representations when compared with voxel-
based methods. This growing area of research builds upon
work in Bird’s Eye View perception and voxel-driven semantic
occupancy prediction, both of which have been the subject of
major surveys that outline their development to the present day.
In this survey, Gaussian-driven semantic occupancy prediction
models are analysed in detail, with particular emphasis on their
contributions to the field, design choices, multi-modal research
directions, and supervision strategies. In addition, a detailed
results table for these models across three notable datasets is
compiled to better understand the influence of specific design
decisions. We also investigate the distribution of Gaussian
parameters at run time to determine whether redundancy
exists within these models. Finally, the limitations and future
directions of this line of research are explored, providing a
clearer view of the strengths and weaknesses of 3D Gaussians
in occupancy prediction. In particular, we conclude that the use
of Gaussians in occupancy prediction models is positioned to
complement voxel-driven methods, namely through Gaussian-
based rendering loss for the enforcement of temporal and view
consistency across the surround-view cameras.

I. INTRODUCTION

Perception for automated vehicles has advanced signifi-
cantly over the past decade in both academia and industry.
The overarching objective remains the efficient and accurate
detection of entities within the scene to ensure safer road
usage for all, with the potential to remove the human
driver from behind the steering wheel. Achieving this vision
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requires establishing trust in the system’s ability to make
safety-critical decisions. To that end, the system must not
only detect and track relevant entities but also interpret
the broader context of the environment to make informed
decisions. This understanding is embodied in what is known
as scene representation: a structured and comprehensive ab-
straction of the surrounding environment that includes static
and dynamic elements, their relationships, and predicted
behaviours [1]. Scene representation serves as the foundation
for downstream tasks such as motion planning and decision-
making, and it must be both machine-interpretable and, when
necessary, human-interpretable for validation and debugging
[2], [3]. In addition, the testing of robustness of sensor
modality inputs is critical, as downstream planning and
control rely on the accuracy of these modalities; uncertainty
in raw sensor pipelines directly undermines driving perfor-
mance [4]. Concerning the input modalities, cameras provide
high-quality semantic information, while LiDAR and radar
offer accurate depth measurements, and Doppler radar further
contributes velocity information [5]. In academic research,
camera—LiDAR fusion remains the dominant choice for peak
performance [6], [7], [8], as LiDAR’s dense point clouds
effectively complement the semantic richness of camera
data, surpassing the sparser returns of radar [5]. However,
camera-radar fusion has also attracted research attention,
particularly with the integration of 4D radar [9], [7], [10].
Referring back to scene representation, three methods have
dominated recent research: 3D object detection, Bird’s Eye
View (BEV) perception, and semantic occupancy prediction.

3D object detection emerged as a method for precise
bounding box localisation of objects in 3D space, where
even millimetre-level deviations can affect evaluation metrics
such as APsp and APggy [11], [12]. This approach excels
in detecting large, rigid objects such as vehicles due to
their well-defined geometry and size. However, it often
struggles with vulnerable road users, such as pedestrians
and cyclists, whose smaller and more deformable footprints
make accurate bounding box regression more challenging
[11]. Furthermore, the discrete, object-centric nature of 3D
bounding boxes limits the system’s ability to reason about
the scene holistically.

To address these limitations, researchers turned toward
BEV representations. While early BEV methods lacked the
fine-grained spatial precision of 3D bounding boxes, they
offered a unified, dense, top-down view of the environ-
ment. BEV presents several advantages, including reduced
computational cost, easier real-time deployment [13], [14],
and greater compatibility with downstream tasks such as



(") GaussianFormer family

) self ised [ GaussianFormer-2 ]
ell-superviset

[ Supplementary method GaussianWorld

(") Others

[ GaussianOcc ] [ RenderWorld ] [ GaussianPretrain ][ GSRender ]
May June July August September October November December

2024

VoxelSplat

e

Cawoore | [[1roee |

[GaussianFlochc] [ TGP ] [ GaussianFormer-MM ] [TACOcc ] { GraphGSOcc } [GaussianFusionOcc}

January February March April May June July |

2025
Fig. 1: Timeline of 3D Gaussian-driven semantic occupancy models publications: For months with multiple releases,
models are ordered top-to-bottom by earliest release date. The release date is defined by the first paper publication in a

conference proceedings or on arXiv. Model details are listed in full in Table II.

trajectory prediction [15], [16]. A notable drawback, how-
ever, is the absence of height information, which can be
crucial for interpreting overpasses, traffic lights, and other
elevated elements. As such, BEV alone cannot provide a
complete representation of the inherently 3D physical world.
Following closely after the rise of BEV, semantic occupancy
prediction began to gain momentum.

Semantic occupancy prediction can be considered an ex-
tension of BEV into the height dimension, and often incor-
porates a broader range of scene elements. This approach
addresses BEV’s primary limitation, the absence of a z
axis [17]. It enables dense and detailed scene modelling
through three degrees of freedom and supports diverse class
predictions owing to the large number of voxels typically
involved, with many datasets using approximately 640,000
voxels for prediction [18], [19]. Despite its advantages over
BEV, two main challenges remain. The first is limited
fine-grained object reconstruction, as conventional datasets
often use voxel resolutions of 0.4m or 0.2m per axis. This
limitation has been partially addressed by the introduction
of the nuCraft dataset, which provides a finer voxel resolu-
tion of 0.1m per axis [20]. However, increasing resolution
significantly raises memory requirements. For instance, in a
typical driving scene, a 0.4m resolution may require 640k
voxels, whereas a 0.1m resolution would require over 83
million voxels in the nuCraft dataset [20]. To mitigate these
issues, sparse scene representations, such as those based
on 3D Gaussians, have been proposed as a more memory-
efficient alternative, enabling compact and continuous scene
modelling. In particular, they avoid the need to model empty
space and can represent large objects more compactly using

a single primitive.

A continuous 3D Gaussian scene representation offers an
efficient modelling approach that extends beyond automated
perception. This concept was first popularised in novel view
synthesis, where 3D Gaussian splatting [21] surpassed Neu-
ral Radiance Fields (NeRF) [22] for rendering photorealistic
scenes. 3D Gaussians enabled real-time rendering while
providing more accurate scene representation. Although au-
tomated driving applications do not require photorealistic
output and instead rely on discrete modelling, continuous 3D
Gaussian representations have proven advantageous for re-
ducing both memory consumption and latency. Furthermore,
Gaussian splatting for 2D view rendering has been extended
to 3D, enabling conversion of the continuous 3D Gaussian
scene representation into a voxel representation [23], which
allows direct comparison with voxel-driven methods. Beyond
scene representation, 3D Gaussians can also be integrated
into voxel-driven models by incorporating the 2D view
rasterisation, improving perspective and temporal consis-
tency [24], [25]. This demonstrates that 3D Gaussian-driven
semantic occupancy prediction models are not an isolated
category, like BEV, but rather form part of the broader
research landscape in occupancy prediction. Moreover, multi-
modal deployment has been widely explored for all scene
representation methods; however, due to the point-based
nature of 3D Gaussians, LiDAR and radar integration may
be particularly beneficial in this context.

Existing surveys in autonomous perception focus on ear-
lier scene representation approaches, including 3D object
detection [11] and BEV perception [13], [14], as well as
related topics such as 3D Gaussian splatting [26], [27],



[28] and semantic occupancy prediction [17]. None of these
surveys addresses the specific developments in 3D Gaussian-
driven semantic occupancy prediction, with Xu et al. [17]
predating the introduction of GaussianFormer [23]. Gaus-
sianFormer laid the groundwork for a succession of models
that have significantly advanced this field, warranting a
detailed examination.

In this survey, we examine the development of 3D
Gaussian-driven semantic occupancy prediction models. Fig-
ure | presents a timeline of publications in this field since
the release of the first such model in May 2024. A method
is considered Gaussian-driven if it uses 3D Gaussians for
scene representation or retains a voxel scene representation
but computes loss functions using Gaussians. Models that use
voxels for both scene representation and loss computation
are referred to as voxel-driven. The GaussianFormer family
of models refers to methods sharing the same underlying
architecture as GaussianFormer [23], with only minor mod-
ifications. In summary, the contributions of this survey are
as follows:

e A detailed review of 3D Gaussian-driven semantic oc-
cupancy prediction methods, including an analysis of
each model’s architectural components.

o Evaluation of these methods on three notable datasets,
considering aspects such as sensor modalities, supervi-
sion type, and scene representation method.

o Investigation of Gaussian parameter distributions to
assess redundancy of specific parameters.

« Discussion of the limitations of Gaussian-driven models
and exploration of potential future research directions.

This paper is organised as follows. Section II presents the
problem statement and reviews related work to provide a
comprehensive foundation for the discussion that follows.
Section III discusses the datasets and evaluation metrics used.
Section IV describes the methodologies of the examined
models. Section V compares these models across evaluation
metrics, inference time, and qualitative analysis. Section VI
analyses Gaussian parameter distributions to identify poten-
tial redundancy. Section VII addresses current limitations and
outlines future directions for this line of research. Finally,
Section VIII provides concluding remarks.

II. BACKGROUND

Subsection II-A presents the problem statement for
Gaussian-driven semantic occupancy prediction. This is fol-
lowed in Subsection II-B by a review of works related to
Gaussian-driven semantic occupancy prediction, beginning
with the preceding BEV perception, then the closely related
semantic occupancy prediction, and concluding with 3D
Gaussian splatting.

A. Problem Statement

The use of a Gaussian scene representation is particularly
advantageous for occupancy modelling. Unlike voxels, which
require explicit modelling of empty space and often represent
a single object with many voxels, Gaussians avoid this
overhead and can represent objects more compactly. The

task of 3D Gaussian-driven semantic occupancy prediction
can be formulated as a special case of occupancy prediction.
The task of occupancy prediction is formulated as follows,
as presented in Xu et al: Let the continuous 3D world
be represented by W C R3. This space is discretised into
a regular voxel grid indexed by Z2, where each voxel is
assigned a semantic label from a fixed set of classes C =
{co,c1,---yen}:

V.73 > C. (1)

The input at time ¢ consists of N calibrated multi-view
camera images I; = {I}, I2,... I)N} and point cloud data
P, obtained from LiDAR and/or radar sensors. We denote
the fused multimodal observation at time t as

D, = {I}, P;}. 2

Given a temporal sequence of k£ + 1 observations
(D¢, Dy—1,...,D;_y), the occupancy model F' produces a
semantic voxel map:

‘/t:F(-DtaDt717"'7Dt7k)7 kZO (3)

An occupancy model F' is classified as 3D Gaussian-driven
if it incorporates 3D Gaussian primitives in at least one of
the following capacities:

1) Scene representation: The 3D environment is parame-
terised using continuous Gaussian distributions in place
of, or in conjunction with, voxel grids.

2) Loss computation: Gaussian rasterisation is employed
to compute supervision signals, even if the underlying
representation remains voxel-based.

B. Related Works

1) Birds Eye View Perception: BEV perception can be
divided into three main categories: BEV Camera, BEV
LiDAR, and BEV Fusion, as described by Li et al. [13].
BEV Camera focuses on camera-only perception, where the
most significant challenge is the depth ambiguity inherent to
2D images, an issue that is particularly pronounced in self-
supervised occupancy models [29], [30], [31]. Orthographic
Feature Transform addresses this issue by orthographically
projecting image features into 3D space [32]. Subsequent
developments include depth-based splatting [15], attention-
based projection [33], [34], and bilinear sampling, which
strikes a balance between performance and computational ef-
ficiency [7]. In the context of Gaussian scene representations,
attention-based projection of features into 3D is analogous to
deformable attention between image features and Gaussian
queries. Additionally, the application of Gaussians in BEV
perception has been explored with GaussianBeV [35], which
employs a Gaussian scene representation, demonstrating su-
perior performance compared to voxel-driven methods.

BEV LiDAR methods typically outperform camera-only
approaches due to the dense and accurate nature of point
cloud data [13]. However, widespread deployment has been
limited by the high cost of LiDAR compared to camera
sensors [36]. LiDAR-only models can be categorised into
pre-BEV and post-BEV feature extraction methods, with



pre-BEV approaches [37] shown to outperform post-BEV
methods [38], though at the expense of higher inference time.
LiDAR-only methods are rare in Gaussian-driven semantic
occupancy prediction, with GaussianFusionOcc [39] being
the only paper to investigate a LiDAR-only model.

BEV Fusion methods aim to combine the complemen-
tary strengths of camera and LiDAR/radar data, integrating
rich semantic cues with precise depth information. Fusion
strategies are generally divided into early and late fusion.
Early fusion combines BEV features from both modalities
[71, [6], [40], while late fusion merges the predictions from
each modality. Early fusion is typically preferred for its per-
formance advantages [13] and is also favoured in Gaussian-
driven occupancy methods [41], [39], [42].

BEV perception laid the groundwork for semantic oc-
cupancy prediction, sharing core techniques such as image
feature extraction, 2D-to-3D lifting, and multi-modal fusion.
However, BEV’s lack of vertical structure motivated the
development of semantic occupancy prediction, which ex-
tends into the height dimension for full 3D scene modelling.
Many of these concepts also translate to Gaussian-driven
approaches.

2) Semantic Occupancy Prediction: First introduced for
automated perception by MonoScene [43], semantic occu-
pancy prediction has grown into a significant research area
in 3D perception [17]. It has also influenced the industry,
as demonstrated by the large-scale deployment of Tesla’s
occupancy networks for camera-only systems. Semantic oc-
cupancy prediction follows many of the same paradigms as
BEV perception, with sensor modality being the primary
factor distinguishing models. According to Xu et al. [17],
these can be classified into vision-centric networks, LiDAR-
centric networks, and multi-modal networks.

Vision-centric networks generally perform feature extrac-
tion followed by 2D-to-3D lifting and, in some cases, tem-
poral feature fusion, mirroring the pipeline of BEV methods.
These networks again face the inherent challenge of depth
ambiguity, resulting in lower performance than LiDAR-only
approaches, though still achieving competitive results [44],
[45], [46]. Comparable performance trends are observed for
camera-only Gaussian-driven methods [23], [47], [48].

LiDAR-based networks typically extract features in BEV
space, full 3D space, or both, followed by optional fusion
prior to further encoding. Methods that avoid 3D feature
extraction [49], [50] benefit from lower computational cost
but generally underperform compared to those using 3D
features [51], [52] or a combination of both approaches
[53]. The Gaussian-driven GaussianFusionOcc’s LiDAR-
only model [39] adopts BEV feature extraction for LiDAR
data, prioritising computational efficiency.

Multi-modal networks combine features from cameras and
LiDAR/radar, often with additional refinement stages, before
producing the final occupancy prediction. These approaches
[54], [55], [56] generally outperform single-modal methods.
Similar to Gaussian-driven research, limited attention has
been given to camera—radar fusion despite its potential to
provide both depth perception and velocity information for

flow prediction.

A key limitation of occupancy scene representations is
their high memory consumption due to dense voxel storage,
a problem partially alleviated by decoding from BEV fea-
tures. Sparse scene representations based on 3D Gaussians
offer a potential solution, enabling more memory-efficient
modelling without sacrificing scene coverage, which shall
be explored in the later results Subsection V-C.

3) 3D Gaussian Splatting: 3D Gaussian splatting is a
novel view synthesis method that enables more efficient ren-
dering compared to earlier approaches. Novel view synthesis
refers to the task of generating a scene from a viewing
angle not present in the training images. Early approaches
achieved this without requiring explicit 3D geometry, instead
relying on dense image sampling or geometric constraints
[57], [58]. Later methods incorporated geometric information
to improve rendering accuracy [59], [60], and, following the
deep learning revolution, neural-based approaches emerged
[61], with continuous volumetric scene representation meth-
ods dominating the field [22], [62], [63].

Building on these advancements, 3D Gaussian splatting
was introduced as an explicit scene representation technique,
where the scene is modelled using anisotropic 3D Gaussians
defined by a mean m, covariance matrix >, RGB colour,
and opacity a [21]. The mean defines the Gaussian center
in 3D space, while opacity regulates transparency during
alpha blending in rendering. The covariance is parameterized
by scale, which determines axis lengths, and a quaternion,
which specifies rotation. Finally, color is typically modeled
with RGB values represented through spherical harmonics
coefficients, allowing the appearance to vary with viewing
direction [21]. A Gaussian evaluated at a point z is given by
the following Equation (4):

G(l‘) _ e—%(m—m)TE’l(m—m) (4)

The term inside the exponential is the negative half of
the squared Mahalanobis distance [64], which generalises
Euclidean distance to account for anisotropic scaling and
correlation through the covariance matrix Y. The covariance
is parameterised as ¥ = RSSTRT, where S is a diagonal
scaling matrix and R is a rotation matrix [65]. During
both training and inference, scale is represented as a 3D
vector and rotation as a normalized 4D quaternion. This
parametrization guarantees the positive definiteness of X,
which would otherwise be challenging to enforce if predicted
directly.

For 2D view rendering, the 3D Gaussian must be projected
into image space, resulting in a 2D elliptical Gaussian, and
so the covariance ¥ must be transformed into a screen-
space covariance X', This is computed by applying a linear
transformation W (e.g., scaling, rotation) followed by the
local Jacobian J, which captures the effects of the non-linear
projection. The screen-space covariance is formulated by (5),
following the formulation of [65]:

Y = Jgwzwt g’ (5)



TABLE I: Semantic occupancy dataset summary

Dataset Venue Basis Dataset Datset Details GitHub
9]
= =
] 2
2 < E| 8
3 5 2
o =3 3] =
g @ ~ O
SemanticKITTI [71] ICCV2019 KITTI [12] 22 [Om, -25.6m, -2m, 51.2m, 25.6m, 4.4m] 0.2m? 28 Link
KITTI-360 [72], [73] TPAMI2022 - 11 [Om, -25.6m, -2m, 51.2m, 25.6m, 4.4m] 0.2m? 19 Link
OpenOccupancy [51] 1CCV2023 nuScenes [5] 850 [-51.2m, -51.2m, -5m, 51.2m, 51.2m, 3m] 0.2m? 16 Link
SurroundOcc [19] ICCV2023 nuScenes [5] 850 [-50m, -50m, -5m, 50m, 50m, 3m] 0.5m> 16 Link
Occ3D-nuScenes [18] | NeurIPS2023 nuScenes [5] 900 [-40m, -40m, -1m, 40m, 40m, 5.4m] 0.4m?> 16 Link
Occ3D-Waymo [18] NeurIPS2023 Waymo [74] 1000 [-40m, -40m, -1m, 40m, 40m, 5.4m] 0.4m> 16 Link
WildOcc [75] arXiv2024 RELLIS-3D [76] 5 [Om, -10m, -2m, 20m, 10m, 6m] 0.2m3 7 Link
nuCraft [20] ECCV2024 nuScenes [5] 850  [-51.2m, -51.2m, -5m, 51.2m, 51.2m, 3m]  0.2m?%, 0.1m® 16 Link

Bounds: [x min, y min, z min, X max, y max, z max|
Classes: ‘empty’ and ‘others’ classes are not included in total

After projection into image space, the pixel intensity is
obtained by aggregating the contributions of all Gaussians
splatted onto it, as defined in Equation (6).

N
C = Z Ti «; C; (6)
i=1

1—1
Ti=]]0-e), a@=1-e" (7)

j=1
Here, T' denotes the transmittance of all previously sampled
Gaussians, which models occlusion effects; «; is the alpha
blending weight, defined by the density o of the Gaussian
and distance § from the camera; and c represents the colour.
This formulation enables smooth blending of all contributing
Gaussians, with opacity and colour weighted accordingly.
The resulting render is then used to optimise Gaussian
parameters via gradient descent with a rendering loss [21].
The same formulation is incorporated into several Gaussian-
driven occupancy models that utilise Gaussian rasterisation
for loss computation.

Since its introduction, 3D Gaussian splatting has been
extended to dynamic scene reconstruction [66], [67], [68]
and semantic Gaussian splatting [69], [70]. Both of these di-
rections have influenced the development of Gaussian-driven
semantic occupancy prediction models, with dynamic scene
reconstruction in particular sharing conceptual similarities
with occupancy world models.

III. DATASETS AND EVALUATION METRICS

In Subsections III-A and III-B, the datasets and evaluation
metrics used by the occupancy models discussed in the
following sections are described.

A. Datasets

1) Basis Datasets: We define a basis dataset as the
underlying dataset upon which an occupancy dataset is
constructed. The primary basis dataset used is the automo-
tive perception dataset, nuScenes, which is described first,
followed by other datasets that have been used as the basis
for other dense occupancy annotation datasets.

nuScenes [S]: The nuScenes dataset is a widely used
large-scale benchmark covering two cities, Boston and Sin-
gapore, providing diversity in traffic orientation (left- and

right-hand driving) and weather conditions. The ego-vehicle
is equipped with six RGB cameras, one LiDAR sensor, and
five radar sensors, enabling multi-modal fusion. It contains
850 annotated driving scenes, 700 for training and 150 for
validation, along with 150 unannotated scenes for testing. In
total, the dataset includes 40k frames, each representing 20
seconds of urban driving.

Others: Other widely used datasets for autonomous per-
ception include KITTI, Waymo, and RELLIS-3D. KITTI
features two RGB and two grayscale stereo cameras, along
with a roof-mounted LiDAR sensor [12]. It contains 22
scenes with a total of 15k frames. The Waymo dataset
includes five RGB cameras, one mid-range LiDAR, and
four short-range LiDARSs [74], with 798 training scenes, 202
validation scenes, and 80 test scenes, totalling 230k frames
[74], [13]. RELLIS-3D is an off-road dataset featuring one
RGB camera, two stereo depth cameras, and two LiDAR
systems [76], comprising five driving scenes and 6.2k frames.

2) Occupancy Datasets: Three main occupancy datasets
used for evaluating models are outlined below, followed
by other datasets of relevance. A summary of their key
characteristics is provided in Table I.

KITTI-360 [72], [73]: This dataset is a successor to
the KITTTI [12] and SemanticKITTI [71] datasets, providing
labels for both camera and LiDAR data. Occupancy labels
are not provided directly and instead are sourced from
SSCBench [73]. The voxel grid origin is defined at the ego-
vehicle’s LiDAR sensor and follows the LiDAR coordinate
frame.

SurroundQOcc [19]: Based on the nuScenes dataset [5],
SurroundOcc provides an evaluation range larger than the
commonly used Occ3D dataset by 20m along both the x
and y axes, though at a slightly coarser resolution of 0.5m3.
The dataset defines its origin at the LiDAR sensor, expressed
in the LiDAR coordinate system.

Occ3D-nuScenes [18]: Among the most widely adopted
datasets for semantic occupancy prediction, Occ3D augments
semantic labels with a camera mask. This mask is generated
via ray-casting from the camera to each voxel to determine
occlusion. Since self-supervised models cannot infer content
beyond the visible region, this mask is particularly advan-
tageous. The dataset defines its origin at the rear axle of
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the ego-vehicle, expressed in the ego-vehicle’s coordinate
system. Occ3D-nuScenes contains 600 training scenes com-
pared to 750 in nuScenes; the reason for this reduction is
not documented.

Others: Additional datasets include SemanticKITTI,
OpenOccupancy, Occ3D-Waymo, WildOcc, and nuCraft. Se-
manticKITTI was the first large-scale dataset to provide
semantic occupancy labels, focusing primarily on LiDAR
data, though camera inputs can also be used via KITTI
[71], [12]. OpenOccupancy introduced the first occupancy
dataset for nuScenes, at a resolution of 0.2m3 [51]. Occ3D-
Waymo follows the same design as its nuScenes counterpart
but is based on the Waymo dataset [18]. WildOcc provides
dense occupancy labels for the off-road RELLIS-3D dataset,
which differs substantially from urban driving [76], [75].
Finally, nuCraft offers high-resolution annotations of 0.1m3,
incorporating improvements such as KISS-ICP LiDAR scan
alignment for enhanced label accuracy [20], [77].

3) Comparison: Occupancy prediction datasets have sig-
nificantly improved in annotation quality and resolution,
with nuCraft offering a 125x higher resolution compared
to SurroundOcc. Other advances include the introduction
of camera masks for more effective evaluation of self-
supervised models [18], [20], and more complete scene cov-
erage [20]. Despite this progress, challenges remain: LiDAR
scan misalignment can still produce faulty occupancy labels
[20], and incomplete geometries persist in several datasets
[51], [18], [19]. In academic research, Occ3D [18] is widely
favored for its inclusion of a camera mask, enabling fairer
evaluation restricted to regions visible from the camera view.

B. Metrics

Three primary metrics are commonly used in the seman-
tic occupancy prediction literature: Intersection over Union
(IoU), mean Intersection over Union (mloU), and Ray Inter-
section over Union (RayloU).

1) IoU: ToU measures the overlap between binary ground
truth occupancy and predicted occupancy. Originally intro-
duced for image segmentation [90], it can be computed
either directly from binary occupancy predictions or inferred
from semantic occupancy predictions by masking non-empty
labels as occupied. The formula for IoU is given in (8):

TP

ToU =
T TPIFPYFN

(®)

where TP, FP, and FN represent true positives, false
positives, and false negatives, respectively. IoU evaluates a
model’s ability to capture occupancy irrespective of semantic
class. It is typically reported on datasets evaluated over the
full voxel grid [19], [51], [72]. For datasets such as Occ3D
[18] that provide a camera mask, supervised models do not
report IoU, while self-supervised models do. This metric is
included in our evaluation in Section V.

2) mloU: Beyond binary occupancy, IoU can be com-
puted per semantic class and averaged to obtain the mloU.
This metric is preferred for semantic occupancy prediction as

it penalises misclassification of occupied voxels. The formula
is shown in (9):

< TP,

1
ToU = — 9
e CC;TPC+FPC+FNC ®

where C' is the total number of semantic classes, excluding
the empty class (assumed to be class index zero), all models
reviewed in this survey report mloU, and it is therefore
included in our evaluation in Section V.

3) RayloU: RayloU, introduced in SparseOcc [91], ad-
dresses occlusion by considering only voxels visible from
the LiDAR sensor. It improves fairness in evaluating small
objects and addresses uncertainty in unoccupied voxels that
may be unseen by LiDAR. Rays are cast through the ground-
truth voxel grid, and only those intersecting occupied voxels
are evaluated. The same ray is then cast in the predicted voxel
grid. A true positive is counted if the predicted intersection
is within a depth threshold (e.g., 2 m) and the semantic class
matches. The score follows the same formulation as mloU,
per (10).

¢ TP,

1
RayloU = —
e Cz_:lTPC—i—FPC—&-FNC

(10)

As only 8 of 21 surveyed models report RayloU [30], [81],
[24], [83], [85], [25], [88], [89], it is excluded from the
evaluation in Section V.

IV. METHODOLOGIES

In this section, we present the methodologies employed
in Gaussian-driven semantic occupancy prediction models.
A comprehensive list of these models is provided in Table
II, which includes details such as supervision type, sensor
modalities, and key contributions. Subsection IV-A briefly
describes methods that use a voxel-based scene representa-
tion. Subsections IV-B to I'V-E discuss the methodologies of
models employing a Gaussian scene representation. Finally,
Subsection IV-F outlines the loss functions and supervision
strategies used by both voxel-based and Gaussian-based
scene representation methods.

A. Voxel Scene Representation Methods

In this subsection, we briefly discuss methods that do not
employ a Gaussian scene representation and instead use a
voxel-based representation. Supplementary methods, those
designed to enhance existing models rather than operate
independently, are excluded [80], [25], [24]. The traditional
voxel-based pipeline, including optional Gaussianization and
rendering, is illustrated in Figure 2.

GaussianOcc extracts image features using a ResNet-
101 backbone, followed by bilinear sampling for 2D-to-3D
projection. To improve photometric consistency, the model
employs a pre-training strategy for pose estimation between
adjacent frames, which outperforms the use of nuScenes GPS
and IMU data [30].

RenderWorld [79] introduces an Air Mask Variational
AutoEncoder (AM-VAE) that encodes empty and non-empty



TABLE II: Summary of Gaussian-driven semantic occupancy prediction models.

Method Venue Model Design Gaussian Evaluation Datasets Contribution Open Source
o
— =
D =
] g _3E
8 . £ 2 298
£ 75 aid . s 2
e § Fi3EE £ 22
@ = & &2 O @ X 3 S O B
GaussianFormer [23] ECCV2024 | Strong C v v v Models scene using gaussian primitives Link v v
GaussianOcc [30] ICCV2025 Self C v |V DDAD [78] Gaussian rasterisation for self-supervision Link v v
RenderWorld [79] arXiv2024 | Weak C v |V Gaussian rasterisation for weak supervision
GaussianPretrain [80] arXiv2024 | Strong* C v |V Gaussian rasterisation for pretraining models Link v v
GaussianFormer-2 [47] | CVPR2025 | Strong C v v Gaussian superposition for occupancy modelling Link v Vv
GaussianWorld [48] CVPR2025 | Strong C v v Previous gaussian primitives as basis for world model |Link v* v
GaussTR [31] CVPR2025 |  Self C v |V Open-vocabulary semantic labels Link v v
GSRender [81] arXiv2024 | Weak C v v Ray compensation to overcome object duplication
GaussRender [24] ICCV2025 | Strong* C v |V v Supplementary loss using gaussian rasterization Link v v'*
AutoOcc [82] arXiv2025 Self C,C+L |v VvV |V SemanticKITTI [71] Test-time method which uses foundation models
GaussianFlowOcc [83] | ICCV2025 | Self C v vV Rendering of adjacent frames for temporal consistency | Link v~
TT-Occ [84] arXiv2025 Self C,C+L |v Vv |V nuCraft [20] Test-time method Link v
TGP [85] arXiv2025 | Strong C v v Combines voxel and Gaussian anchor predictions
GaussianFormer-MM [86] | OJVT2025 | Strong C+L, C+R | v/ v Implements radar data
GaussianFormer3D [42] | arXiv2025 | Strong C+L v v v WildOcc [75] 3D deformable attention with gaussians Link
TACOcc [41] arXiv2025 | Strong C+L v v SemanticKITTI [71] | RGB Gaussian rendering for fine detail reconstruction
S2GO [87] arXiv2025 | Strong C v v v v Anchored Gaussians with multi-offset representation
VoxelSplat [25] CVPR2025 | Strong* C v |V OpenOccupancy [51] Supplementary loss using scene flow of gaussians Link v
ODG [88] arXiv2025 | Strong C v v |V Occ3D Waymo [18] | Dual-Gaussian modeling of dynamic and static elements
GraphGSOcc [89] arXiv2025 | Strong C v v' v/ v OpenOccupancy [51] Graph-based dual-attention on gaussians
GaussianFusionOcc [39] | arXiv2025 | Strong All v v Multi-modal Gaussian fusion

Supervision: Strongly supervised models use dense voxel labels obtained through manual annotation. Weakly supervised models utilise LIDAR segmentation data projected to
the camera view for loss. Self-supervised models are trained without any manually annotated nuScenes data.
Modality: C - Camera; L - LiDAR; R - Radar
Gaussian: Representation means the method opts for a 3D Gaussian scene representation. Rendering denotes that the model incorporates Gaussian rasterisation for loss
computation.
Notes
Strong* denotes the fact that these are not independent models and hence they could be supplemented into weakly supervised models
The absence of a checkmark indicates that it is not implemented or supplied
v'*: For GaussRender weights for TPVFormer for the Occ3D and SurroundOcc datasets are the only supplied.
All denotes using the following modalities in their method: C, L, C+R, C+L, C+L+R.
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Fig. 2: Example flow of a model with a voxel scene representation: The model extracts image features, which are
projected into 3D with optional fusion of LiDAR features. The voxel grid is then refined and optionally Gaussianized to

enable Gaussian rasterisation.

regions separately to address class imbalance often en-
countered in standard VAEs [92]. The two categories are
encoded with separate codebooks for richer representation
and then decoded into a combined occupancy prediction.
Temporal information is also incorporated to enhance scene
understanding and enable occupancy forecasting.

GSRender [81] adopts a pipeline similar to the volume-

based rendering method RenderOcc [93], extracting image
features using a Swin Transformer [94] followed by 2D-to-

3D projection.

TACOcc combines LiDAR and image data through an
adaptive fusion module [41]. The model incorporates the
Gumbel-Softmax [95] and Straight-Through Estimator [96]
to enable bidirectional feature retrieval between LiDAR and
image feature voxels, improving spatial understanding for
both small and large objects.

As stated previously, the major disadvantage of these
methods compared to Gaussian-driven models is their dense
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https://github.com/zuosc19/GaussianWorld
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Fig. 3: Example flow of a model with Gaussian scene representation: Image features, Gaussian anchors, and queries are
passed to the Gaussian transformer, which refines the Gaussians. The specifics of the Gaussian transformer are described in

Subsection IV-C. B denotes the number of transformer blocks.

voxel representation, which dramatically increases memory
consumption. Moreover, when employing a Gaussian-based
loss, each voxel must first be Gaussianized (Figure 2),
leading to tens of thousands of Gaussians for rendering su-
pervision. In contrast, Gaussian scene representation methods
natively model the scene with far fewer Gaussians, yielding
both a lower memory footprint and a reduced rendering cost
during training.

These methods, detailed in this section, rely on a discrete
voxel representation and will be revisited in the supervision
Subsection ['V-F. The following subsections explore methods
that adopt continuous Gaussian scene representations, offer-
ing potential advantages in memory efficiency and rendering
flexibility.

B. Gaussian Initialization

The technical details of models employing a 3D Gaus-
sian scene representation are presented next, with a general
pipeline shown in Figure 3.

Gaussian-based scene modelling can be broadly cate-
gorised into two approaches: anchor-based and query-based.
Anchor-based methods instantiate a learnable Gaussian an-
chor, G 4, along with a Gaussian query vector, G¢. Query-
based methods instantiate G and a Gaussian mean, G,
which is used for spatial encoding. The specifics of each
approach are described below.

The Gaussian anchor G4 is typically a set of learn-
able (11 + D)-dimensional vectors representing Gaussian
properties: mean, scale, rotation, opacity, and semantics.
Opacity can be optional [23], and D denotes the number of
semantic classes that are modelled. This formulation was first
introduced in GaussianFormer [23] and later used in other
models [86], [42], [48], [39], [89]. All Gaussian properties
of G4 are randomly initialised at the start of training.

GaussianFormer-2 [47] introduces a slightly different
initialisation strategy. The model first predicts occupancy
distributions along points sampled from camera-view rays,
supervised using binary occupancy labels from ground truth
annotations. This allows the network to identify likely occu-

pied regions and initialise Gaussian means at those locations,
while other Gaussian properties of G4 remain randomly
initialised. This approach increases performance metrics rel-
ative to random mean initialisation, with the tradeoff being
higher latency [47].

In anchor-based models, the final Gaussian properties are
obtained by embedding G 4 through an Multi-Layer Percep-
tron (MLP) and combining the result with G, which is then
used to predict the final properties. The architectures in [82],
[84] explicitly refine G 4 without embedding it, removing the
need for a query vector Gg. In certain multi-modal setups,
the mean of GG 4 is fixed and initialised from LiDAR or radar
point cloud data [47], [86], [39]. GaussianFormer-MM [86]
initialises a subset of the Gaussians with LiDAR data while
the rest are to be learned from camera data, resulting in a
more balanced scene representation.

The Gaussian query G is a learnable vector designed
to capture features for each Gaussian, refined by subsequent
network components such as deformable attention and self-
encoding. Anchor-based methods refine the embedded G 4
and G jointly. Query-based methods refine G,, and Gg
through similar processes, encoding only G into the final
Gaussian properties using an MLP [31], [83], [87], [88], [85].
Modelling G, is essential for operations such as deformable
attention, spatial encoding, and temporal Gaussian propaga-
tion [83].

Some models extend this framework with additional func-
tionality. Two-modal Occupancy Prediction (TGP) [85] ini-
tialises (G,,, in the first decoder block as both the Gaussian
mean and a sparse point P. As training progresses, G,
and P diverge into separate entities, with P serving specifi-
cally for image feature sampling. Occupancy Dual Gaussian
(ODG) [88] models dynamic and static Gaussians separately,
adding bounding box attributes for dynamic objects. Further-
more, GaussTR [31] does not initialise G,,, directly, instead
learning it from deformable attention reference points and
sampling pseudo-depth maps provided by Metric3Dv2 [97].

During training, the learnable parameters G4, G, and
G,, evolve to represent the average scene structure in



the dataset, and are subsequently refined to capture scene-
specific details through a transformer-based architecture. Re-
cent methods adopt query-based modelling due to its greater
flexibility during training, with the only models adopting
the anchor-based scene modelling being the GaussianFormer
family of models. This is likely because these models only
modify a specific aspect of the architecture, for example,
GaussianWorld adding a world element [48], so any dif-
ferences observed relative to the original model can be
attributed to that aspect rather than altering the anchor-based
scene modelling element.

The following subsections describe how these representa-
tions are further processed and supervised across different
model architectures.

C. Gaussian Transformer

Following Gaussian initialisation, the relevant learnable
Gaussian components (e.g., G4, Gg, Gy,) are refined, with
each model using a subset of these learnable components
depending on its design, to accurately model the scene. This
is typically achieved through query refinement blocks, as
seen in DETR [98], where the learnable components are
iteratively processed by repeated architectural blocks for
progressively richer scene understanding. An example of
such a block is shown in Figure 4.
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Fig. 4: Gaussian Transformer block in GaussianFormer
[23]: Includes sparse convolution for self-encoding, de-
formable attention, a feed-forward network, and Gaussian
refinement.

This block-based refinement approach was first introduced
in GaussianFormer [23], where Gaussian queries Gg are

processed via sparse convolution to enable efficient inter-
action among Gaussians. Deformable cross-attention is then
performed against image features extracted from a ResNet-
101-DCN backbone [99], [100], enriching Gg with high-
quality features. Finally, G is passed through a feed-
forward network before G, and the embedded G 4 are used
for predicting the final Gaussian properties in the Gaussian
refinement module. Subsequent models adopt this general
structure [47], [48], [86], [42], [89], [39], with certain vari-
ations. GaussianFormer3D [42] replaces 2D cross-attention
with 3D deformable attention on LiDAR data enhanced by
image features. GraphGSOcc [89] introduces Dual Gaussian
Graph Attention (DGGA) and Dynamic—Static Decoupled
Gaussian Attention (DSDGA). DGGA builds geometric and
semantic graphs to aggregate local and global context for
each Gaussian, while DSDGA applies cross-attention to
static and dynamic Gaussians to improve predictions for both
object types. GaussianFusionOcc [39] concatenates multi-
modal G vectors, and downsamples the feature dimension
for efficiency. Additionally, the model and extracts BEV fea-
tures using VoxelNet [101] and a Feature Pyramid Network
(FPN) [102] for LiDAR, with PointPillars being used [103]
for radar.

GaussianWorld [48] extends GaussianFormer with a
world model framework. Historical Gaussians from previous
timesteps are first transformed into the current frame via ego-
motion, with dynamic ones further adjusted using encoded
features and an MLP. New Gaussians are then initialised
and combined with the updated old Gaussians as input
to the transformer. The model performs three evolution
layers to update historical Gaussian means, followed by two
refinement layers to update the new Gaussians.

TGP [85] refines Gaussians using a six-layer transformer
decoder, following a paradigm similar to Occupancy Pre-
diction Using a Sparse Set (OPUS) [104]. The model first
performs consistent point sampling to sample image features
from a ResNet-50 backbone, which are adaptively fused
with G . The resulting queries are further processed through
self-attention, residual connections, and feed-forward layers.
Finally, G¢ is passed to an MLP to update point positions
via an offset Ap and to predict a semantic class ¢; for each
point P.

Streaming Sparse Gaussian Occupancy Prediction (S2GO)
[87] models the scene using G to implicitly represent
multiple Gaussians via offsets. Queries are first pretrained
by rendering depth and RGB from Gaussians, supervised
with LiDAR segmentation and camera images, providing
a strong scene prior despite Gaussian sparsity. Occupancy
prediction is then trained with deformable attention using a
ResNet-50 backbone, Flash Attention [105] for efficient self-
attention, and temporal attention via a Temporal Transformer
operating on a queue of past queries. Unlike block-based
models, S2GO performs refinement in a single pass.

ODG [88] employs a coarse-to-fine refinement strategy,
increasing the number of Gaussians in subsequent blocks.
It also models motion using historical Gaussians for denser
predictions and applies cross-attention between dynamic and



static Gaussians, similar to GraphGSOcc.

Among self-supervised models, GaussTR [31] follows a
GaussianFormer-like pipeline but replaces sparse convolution
with self-attention between Gaussians, and uses DINOv2
[106], [107] for image feature extraction. GaussianFlowOcc
[83] builds on this by incorporating temporal attention
through induced attention [108] and using a ResNet-50
backbone.

AutoOcc [82] and Test-Time-Occ (TT-Occ) [84] employ
test-time optimisation without conventional training, leverag-
ing Vision—-Language Model (VLM) and Visual Foundation
Model (VFM) for Gaussian refinement. AutoOcc queries
object categories and attention maps [109], [110], [111] to
generate semantic and depth maps [112], [113], [114], [115],
which are used for flow estimation and Gaussian Splat-
ting—based smoothing. TT-Occ initialises Gaussian semantics
with the VLM OpenSeed [116], estimates Gaussian depth
using the VFM VGGT [117], and integrates optical flow via
RAFT [118]. It further optimises Gaussians using a Trilateral
Radial Basis Function (TRBF) for semantic smoothing and
point cloud denoising.

Certain design choices in the Gaussian transformer appear
clearly advantageous, such as the use of historic data via a
world model [48], the avoidance of modelling empty space
using Gaussians [47], iterative Gaussian refinement, and
separate treatment of static and dynamic elements [88], [89],
as evidenced by direct comparisons with models that omit
these features. Other choices, such as whether to employ
sparse convolution or self-attention for self-encoding, remain
open questions due to the absence of independent tests.

D. Final Gaussian Prediction

Following refinement, the final Gaussian properties are
predicted for loss computation or model evaluation.

In anchor-based methods, such as the GaussianFormer
family of models [23], [86], [42], [89], [39], the embed-
ded anchors G4 are summed with the refined queries G
and passed through a single MLP to predict all Gaussian
properties. The predicted means are treated as deltas, which
are added to the original means rather than directly replacing
them. In contrast, GaussianWorld [48] concatenates G 4 with
Gq, and the MLP outputs deltas that update all anchor
properties, including the mean.

In query-based methods, including GaussTR [31], S2GO
[87], GaussianFlowOcc [83], and ODG [88], the refined
queries G are input to separate MLPs to predict Gaussian
properties and Gaussian mean offsets, which are then added
to G,,. Notably, ODG uses distinct MLPs for dynamic
and static objects, allowing the model to better capture
differences in their behaviour [88]. TGP employs a single
MLP to predict all Gaussian properties and mean offsets [85].

AutoOcc [82] and TT-Occ [84] differ in that they do not
employ a dedicated Gaussian property prediction module; in-
stead, properties are explicitly produced during the Gaussian
refinement stage.

For Gaussian property prediction, two main strategies
exist: using a single MLP to jointly predict all properties,

or assigning separate MLPs for each property. A joint MLP
can exploit correlations between properties; for instance,
semantics and Gaussian size are often related, providing
greater modelling flexibility. However, this flexibility can
also be a drawback, since it entangles different factors and
may hinder specialisation. In contrast, separate MLPs enforce
disentanglement, allowing each network to specialise in
predicting its assigned property. Finally, one may argue that
the benefit of shared correlations in a joint MLP is limited,
as much of this information is already encoded implicitly
within Gg and G 4.

E. Gaussian Voxelization

For models that use a 3D Gaussian scene representation,
voxelization is required for evaluation and, in some cases,
during training when voxel-based loss functions are used. A
key consideration is ensuring that the Gaussians surrounding
a voxel contribute proportionally to its value. All but one
model, ODG [88], explicitly describes this process.

1) GaussianFormer-Style Methods: GaussianFormer [23]
computes each Gaussian’s influence on a voxel based on
the Mahalanobis distance from the voxel centre to the
Gaussian mean. To limit computation, a radius of influence
is applied so only nearby Gaussians are considered for this.
The Gaussian value at voxel centre x is:

alxz,G) = exp (—;(ac—m)TE_l(a?—m)) 11
The semantic occupancy is then the weighted sum over all
Gaussians in the neighbourhood N (x) of the voxel for their
semantic logits ¢, opacity a, and Gaussian value «:

Oc¢r(z,c) = Z alx,G;) - a; - ¢

1€N (z)

(12)

A visualisation of the Gaussians and the resulting seman-
tic occupancy is shown in Figure 5. GaussianFormer-MM
[86] and GaussianFormer3D [42] utilise this exact approach
also. This equation reflects this version of the Gaussian-
Former model, where the empty class was removed from
the Gaussian logits and a single large Gaussian spanning
the entire scene is used to represent empty space, reducing
the representation size by more than fivefold. The origi-
nal version, by contrast, included empty logits, allowing
individual Gaussians to represent empty space, and opacity
was not represented in the Gaussians or in the occupancy
Equation (12). However, both approaches share the same
limitation: modelling emptiness with Gaussians undermines
the intended sparsity advantage of Gaussian scene represen-
tations.

TGP [85] extends this framework by cross-gating the
voxel-wise predictions from (12) with the point-wise seman-
tic logits ¢; of P, using a fully connected layer (FCN) to
align feature dimensions.

GaussianFlowOcc [83] derives the semantic voxel from
class logits and the occupancy voxel from opacity, both
computed using (12). A voxel is classified as empty if its
occupancy falls below a threshold 7; otherwise, it is assigned



the most likely semantic label. GaussTR [31] adopts a similar
strategy; however, prior to applying a threshold, it weights
the semantic voxel by the occupancy voxel.
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Fig. 5: GaussianFormer [23] voxelization module visual-
ization: Example for the 25,600 Gaussian model. Gaussians
attend to voxels in a neighbourhood, and some Gaussians
do not contribute to the final prediction due to insufficient
opacity. Gaussians below 0.75 opacity are filtered out for
visualisation purposes.
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2) Probabilistic Methods: GaussianFormer-2 [47] and re-
lated work [48], [89], [39], [87] avoid empty Gaussians
by jointly modelling occupancy and semantics. Occupancy
probability is computed as:

o@)=1- [] (1-a(x,G))

1€EN (x)

13)

Semantic probability is derived via a Bayesian weighting of
Gaussian semantics by opacity:

_2upx|Gi)a g

1G) = 14
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The final prediction is:

Ocr2(z;G) = [1 — o(x); o(z) - e(x; G)] (15)

S2GO [87] further improves this with opacity-weighted oc-
cupancy, forced locality, and CUDA optimisations for faster
training.

3) Distance-Weighted Methods: AutoOcc [82] weights
Gaussian semantics by the distance from the voxel centre
to the Gaussian ellipsoid surface, Gaussian influence «, and
opacity a. First, the distance from the voxel centre x to the
ellipsoid surface along the ray from z to the Gaussian mean
m is computed as:

1" Sg2(ma

—Tz) + n_lzié(my — Ty)

d=m; — ; (16)

where subscripts on m and x denote coordinates, n = m—z,
and X, is the (a,b) element of ¥~1. The final occupancy
prediction is:

Oa0(x) = Z d; - a(z,G;) - a; - softmax(c;).  (17)

iEN (x)

4) Kernel-Based Methods: TT-Occ [84] uses a spatial

kernel: 9
K(z,G) = exp <_||x—m|)

552 (18)

This treats Gaussians as isotropic spheres, ignoring scale
and rotation, which may reduce fidelity. Semantic logits are
weighted by K and normalised over the grid:

OTT(LL') = % Z C; K(!JS7 gz) (19)
i€EN(z)

5) Discussion: For voxelization, it is difficult to determine
which strategy is superior, as no paper has systematically
compared different approaches. However, one critical factor
is the alignment between the voxelization and the chosen
loss function. Models using voxel-based loss functions are
less affected, since the supervision is consistent with the
voxel grid. In contrast, methods relying solely on 2D su-
pervision must ensure that voxelization faithfully reflects the
underlying Gaussian representation. For example, TT-Occ
[84] models Gaussians as anisotropic ellipsoids but voxelizes
them as isotropic spheres, introducing misalignment that may
limit performance. The loss computation of these methods is
explored in the next section.

FE Gaussian Supervision

A discussion of the supervision strategies employed in
Gaussian-driven models is provided, with emphasis on their
associated loss functions. Models are first grouped into
those that adopt a voxel-based loss, and then into those
that rely on Gaussian rasterisation for supervision. Within
the latter, methods are further categorised as supervised,
self-supervised, or employing Gaussian rendering as a sup-
plementary method for additional loss or pretraining. As
a preliminary, we begin with the Gaussian rendering loss
formulation.

1) Gaussian Rendering: For a given sample, semantics
and depth can be rendered using Gaussian splatting, with
a formulation analogous to Equation (6), with the new
formulation given in (20):

N N
C:ZTiaicia D:ZTiaié’ia
=1 =1

Here, C' and D denote the rendered colour and depth,
respectively. The depth formulation replaces the colour term
c; with §;, the distance from the Gaussian to the camera. As
in the original Gaussian Splatting work [21], these rendered
outputs are compared against ground-truth or pseudo ground-
truth labels to compute the supervision loss and guide
model training. Now we begin our exploration of the losses
employed in Gaussian-driven models.

2) Voxel Loss: The primary models employing voxel-
based supervision are the GaussianFormer family [23], [47],
[48], [86], [89], [42], [39]. After voxelizing the 3D Gaus-
sians, they apply Lovdsz-softmax loss [119] and cross-
entropy (CE) loss against ground-truth occupancy labels,
enabling the network to model the complete scene; important

(20)



for benchmarks such as SurroundOcc, which evaluate the full
voxel grid. TGP [85] similarly applies a 3D loss using Focal
loss, but also supervises Gaussian means with the Chamfer
Distance to ensure they align with occupied regions in the
ground truth.

3) Supervised: RenderWorld and GSRender [79], [81]
decompose the semantic voxel grid into 3D Gaussians by
setting the mean to the voxel centre, semantics from voxel
labels, and learning scale (see Fig. 6). RenderWorld opts
to learn rotation, whereas GSRender leaves it static for all
voxels. These are splatted into the camera view for depth and
semantic supervision against LIDAR segmentation labels in a
weakly supervised manner. RenderWorld additionally super-
vises its AM-VAE codebook, while GSRender incorporates
a ray compensation module to enforce temporal consistency
and prevent object duplication.

Gaussianization
_

Fig. 6: Gaussianization of a semantic voxel grid: Illustra-
tion case for non learned parameters.
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(TACOcc) [41] predicts Gaussian parameters from a
semantic voxel grid using a 3D CNN, and supplements
them with LiDAR data to address blind spots. The Gaussians
are rendered and compared to RGB images using L1 and
D-SSIM losses. Parameter refinement is performed via a
progressive diffusion mechanism, with additional losses
applied to both the original and refined parameters. A 3D
semantic voxel loss is also incorporated to supervise the final
voxel predictions. S2GO [87] performs two-stage training:
Stage 1 renders depth and RGB for supervision, while Stage
2 switches to voxel-based semantic occupancy loss. ODG
[88] supervises each refinement block by rendering depth
and semantics from Gaussians, and also predicts bounding
boxes and semantic voxels.

4) Self-Supervised: GaussianOcc [30] employs an ap-
proach similar to the previously described GSRender; how-
ever, it adds multi-frame photometric consistency loss
for depth supervision and pseudo-semantic labels from
Grounded-SAM [113], [120], [121], as in OccNerf [122].
GaussTR [31] supervises depth with Metric3Dv2 [97]
pseudo-labels and semantics via Talk2DINO text embeddings
[123], [124]. GaussianFlowOcc [83] also uses Metric3Dv2
and Grounded-SAM labels, and adds temporal Gaussian
propagation for view consistency, which greatly increases
performance [83]. TT-Occ [84] enforces RGB consistency
with camera images, while AutoOcc [82] employs Chamfer
Distance for dynamic Gaussian consistency and optional
geometric consistency with LiDAR.

5) Supplementary Methods: Supplementary methods are
defined as those that do not operate independently but are
designed to enhance existing models, typically through pre-
training strategies or additional loss functions. GaussianPre-
train [80] serves as a pretraining stage for RGB, depth, and
occupancy, masking image patches in an MAE-like fashion
[125] and initialising Gaussian anchors from ray-projected
2D features. Predictions are rendered, with opacity used to
infer occupancy. GaussRender [24] converts predicted and
ground-truth voxels into Gaussians and renders them from
various viewpoints (camera, elevated, BEV) to enforce multi-
view consistency. VoxelSplat [25] samples occupied regions
and associated features, semantics, and scene flow to form
4D Gaussians, which are rendered for both current and next
frames. Static Gaussians are handled separately to improve
temporal consistency.

6) Discussion: For supervised models, combining a 2D
rendering loss with a voxel-based loss has shown clear
benefits [41], [87], [88], [25], [80], [24], as it enforces both
view consistency and, when coupled with flow modelling,
temporal consistency [25] (see Subsection V-B). For self-
supervised models, using pseudo-depth labels [31], [83] has
proven more effective for learning depth than relying on
multi-frame photometric consistency [30], a trend further
confirmed in the results section.

V. MODEL PERFORMANCE

Following the discussion of model architectures, this sec-
tion evaluates the surveyed methods across multiple dimen-
sions. Section V-A compares quantitative results on bench-
mark datasets. Section V-B analyses the benefits of aug-
menting voxel-based methods with supplementary Gaussian
loss or pretraining, and Section V-C examines inference time
and memory consumption. Finally, Section V-D performs a
qualitative analysis on select models.

A. Model Comparison

Tables III, IV, and V summarize performance on the
Occ3D [18], SurroundOcc [19], and KITTI-360 [72], [73]
benchmarks. Results are analysed along four axes: (1) the
effect of multi-modal fusion, (2) differences in supervision
strategies, (3) the impact of Gaussian versus voxel scene
representations, and (4) loss computation techniques.

1) Modality Comparison: Across all benchmarks, cam-
era+LiDAR (C+L) models consistently outperform camera-
only counterparts. On Occ3D (Table III), the gap is par-
ticularly pronounced for self-supervised methods: TT-Occ
[84] improves by over 75%, and AutoOcc [82] by more
than 21% with LiDAR input. This reflects the reliance of
self-supervised models on pseudo-labels from VFMs (e.g.,
Metric3Dv2), which LiDAR complements with accurate
geometric priors. Among supervised approaches, Gaussian-
Former3D [42] is the only multi-modal entry, surpassing
the next best model by 8.5%, a smaller margin due to the
already strong depth and semantic priors provided by dense
occupancy labels.



TABLE III: Comparison of models trained on the Occ3D-nuScenes [18] dataset: Gauss. denotes if a model employs a
Gaussian scene representation. Sup. denotes the supervision method for training the model. Mod. denotes the modalities used
in the inference of the model. Notation of modality: C - Camera; L - LiDAR. IoU denotes the evaluation metric Intersection
over Union, and mloU denotes mean Intersection over Union. Supervised methods do not report IoU. GP denotes models
trained with the GaussianPretrain pertaining strategy. GSR denotes models that deploy GaussRender’s supplementary loss
function. VS denotes models that deploy VoxelSplat’s supplementary loss function. The best-performing models for each
supervision type for each evaluation metric are highlighted in bold.
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Model Gauss. Sup. Mod. IoU mloU L} u ] L ] ] ] | | |
GaussianOcc [30] Self C 4291 994 0.00 179 582 1458 1355 130 2.82 795 976 056 961 4459 000 2010 1758 861  10.29
TT-Occ [84] v Self C - 11.84 | 000 000 590 89 1258 275 967 471 404 000 877 5565 000 2649 3020 1513 16.57
GaussTR [31] v Self C 44.54 12.27 0.00 6.50 8.54 21.77 2427 6.26 15.48 7.94 1.86 6.10 17.16  36.98 0.00 17.21 7.16 21.18 9.99
GaussianFlowOcc [83] v Self C 46.91 15.07 0.00 7.23 9.33 17.55  17.94 4.50 9.32 8.51 10.66 2.00 11.80  63.89  0.00 3111 3512 1464 1259
AutoOcc [82] v Self C 83.01 17.87 | 000 270 1045 7.81 2042 579 1758 1850 2425 423 1288 5554 000 2423 27.14 3562 3661
TT-Occ [84] v Self C+L - 20.83 | 000 000 1599 23.01 2542 561 2050 2068 736  0.00 2432 5189 000 31.06 37.15 4387 47.20
AutoOcc [82] v Self C+L | 88.62 21.66 | 0.00 1.19 1608 1842 2590 432 1458 2562 27.18 351 2093 5838 0.00 32.03 2980 46.15 43.59
GSRender [81] Weak C - 21.36 244 20.13 1356 19.54 18.38 8.35 18.77 10.67 14.81 1663 1492 61.74 2977 3595 4056 19.83 17.06
RenderWorld [79] Weak C - 27.87 | 6.83 3254 744 2115 2992 1668 1143 1745 1648 24.02 27.86 7505 3682 50.12 53.04 2275 24.23
BEVFormer (w/ GP) [34], [80] Strong C © 24.21 5.53 34.88 6.95 36,55 39.18 11.88 1662 1693 17.10 13.83 27.03 54.09 3236 33.02 27.05 2039 18.16
SurroundOcc (w/ GSR) [19], [24] Strong C - 30.38 8.87 4098 2325 4376 4637 1949 2520 2396 19.08 2556 33.65 5837 3328 3641 3321 2276 22.19
TPVFormer (w/ GSR) [126], [24] Strong C 3048 | 9.84 4230 24.09 4179 4649 1822 2585 2506 2253 2290 3334 5886 33.19 3657 31.84 2355 21.80
S2GO [87] v Strong C - 31.20

TGP [85] v Strong C - 34.50

ODG [88] v Strong C = 38.18 1411 46.62 27.09 4877 5209 2679 2805 2321 2792 30.86 3817 77.13 4035 4694 4737 4001 33.52
FB-Occ (w/ VS) [127], [25] Strong C - 4230

PanoOcc (w/ GP) [128], [80] Strong C - 4242 | 11.58 4930 2881 49.88 5521 2227 31.30 2942 3037 3429 4205 84.06 4776 5590 58.13 4820 42.54
GraphGSOcc [89] v Strong C - 4246

GaussianFormer3D [42] v Strong C+L = 46.40 9.80 50.00 31.30 5400 5940 28.10 36.20 46.20 2670 40.20 49.70 79.10 3730 49.00 5500 69.10 67.60

TABLE IV: Comparison of models trained on the SurroundOcc [19] dataset: Gauss. denotes if a model employs a
Gaussian scene representation. Mod. denotes the modalities used in the inference of the model. Notation of modality: C -
Camera; L - LIDAR; R - Radar. mIoU denotes the evaluation metric, mean Intersection over Union. GSR denotes models that
deploy GaussRender’s supplementary loss function. The best-performing models for C and C+L models for each evaluation
metric are highlighted in bold (L, C+R, C+L+R are omitted as they each have one model).
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GaussianFusionOcc [39] v L 4532 2975 | 3002 1646 3502 3893 2225 24.65 29.64 1841 24.64 3093 4331 2630 2895 2929 3433 4292
GaussianFormer [23] v C 2993  19.10 | 1952 1126 26.11 2978 1047 1383 1258 8.67 1274 21.57 39.63 2328 2446 2299 959  19.12
GaussianFormer-2 [47] v C 31.74 20.82 | 2139 1344 2849 3082 1092 1584 1355 1053 1404 2292 4061 2436 2608 2427 13.83 21.98
SurroundOcc (w/ GSR) [19], [24] C 32.61 20.82 | 2032 1322 2832 31.05 1092 1565 12.84 8.91 1329 2276 4122 2448 2638 2520 1531 2325
TPVFormer (w/ GSR) [126], [24] C 32.05 2085 | 2020 13.06 2895 3096 1126 16.69 13.64 1057 1277 2258 40.69 2349 2641 2497 1441 2294
GaussianWorld [48] v C 3340 2213 | 2138 1412 2771 3184 13.66 1743 13.66 1146 1509 2394 4298 2486 28.84 2674 15.69 24.74
S2GO [87] v C 3546 2272 | 2193 1336 2747 3208 1486 1531 1291 1L79 1342 2398 4685 29.14 30.30 29.05 1469 26.40
GraphGSOcc [89] v C 36.11 2520
GaussianFormer3D [42] v C+L 4330 27.10 | 2690 1580 3270 36.10 18.60 21.70 24.10 13.00 21.30 29.00 40.60 2370 2730 2820 32.60 4230
TACOcc [41] C+L 41.80 2840 | 30.10 1850 31.20 38.60 18.60 23.10 2090 23.80 25.60 39.30 4030 2670 29.80 26.60 24.10 37.60
GaussianFormer-MM [86] v C+L 4354 2871 29.12 1945 3392 3821 19.84 2557 2760 1891 2199 3086 40.92 2410 2749 2748 3250 4141
GaussianFusionOcc [39] v C+L 45.16 3021 | 3022 1870 3591 39.57 22.67 27.36 30.10 1859 2445 3125 43.06 2576 29.12 2933 34.65 4270
GaussianFormer-MM [86] v C+R 3235 21.00 | 2002 1438 27.60 3127 1192 1808 1499 10.18 1407 2379 39.54 2279 2511 2275 1590 23.58
GaussianFusionOcc [39] v C+L+R | 4520 3037 | 3043 1854 3623 39.66 2257 2735 3030 19.14 2456 3195 4260 2582 2948 2970 3478 4295

TABLE V: Comparison of models trained on the KITTI-360 [72], [73] dataset: Gauss. denotes if a model employs a
Gaussian scene representation. Mod. denotes the modalities used in the inference of the model. Notation of modality: C -
Camera. IoU denotes the evaluation metric Intersection over Union, and mloU denotes mean Intersection over Union. GSR
denotes models that deploy GaussRender’s supplementary loss function. The best-performing models for each evaluation
metric are highlighted in bold.
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GaussianFormer [23] v C 35.38 12.92 1893 1.02 462 18.07 7.9 3.35 4547 10.89 2503 532 2844 568 29.54 8.62 2.99 2.32 951 5.14
SurroundOcc (w/ GSR) [19], [24] C 38.62 13.34 | 21.61 0.00 0.00 6.75 4.50 0.00 53.64 1193 3024 267 3501 455 29381 17.32 6.19 8.49 4.80 259
GaussianFormer-2 [47] v C 3837 1390 | 21.08 255 421 1241 573 1.59 5412 11.04 3231 334 3201 498 2894 1733 3.57 548 588 3.54
S2GO [87] v C 40.80 1505 | 2272 128 1.66 1587 5.3 2.07 53.77 1331 3340 3.83 3530 7.7 3120 2111 6.36 6.54 6.03 422
GraphGSOcc [89] v C 40.92 15.58
Symphonies (w/ GSR) [129], [24] C 44.08 1811 | 27.37 324 512 1469 876 1670 58.05 13.87 3570 476 40.09 7.88 3476 1920 822 1649 864 6.50

On SurroundOcc (Table V), more multi-modal Gaussian-  the highest mloU (30.21), outperforming GaussianFormer-
driven models are present, and C+L methods also out- MM [86] by 5.2%, despite the latter using only a simple
perform camera-only methods. GaussianFusionOcc achieves  LiDAR-based initialisation of Gaussian means. Radar re-



mains largely underexplored, primarily due to the limited
vertical resolution of nuScenes radar [5]. Nevertheless, the
radar-enabled rendition of GaussianFormer-MM outperforms
their camera-only baseline [23], suggesting radar can still
contribute useful depth cues. Note, GaussianFusionOcc [39]
details a camera+radar (C+R) model; however, this particular
model uses LiDAR initialisation and is hence not considered
a C+R model in this survey.

GaussianFusionOcc is the only Gaussian-driven model to
incorporate a LiDAR-only model and camera+LiDAR+radar
(C+L+R) fusion. The LiDAR variant outperforms all camera-
only models and even some C+L models through efficient
encoding, while the C+L+4R variant achieves the highest
mloU overall, highlighting the benefits of fusing all available
sensor modalities.

2) Supervision Comparison: Supervision type is com-
pared using Occ3D (Table III), the only benchmark con-
taining self- and weakly-supervised models. The dataset’s
camera mask favours such comparisons; on other datasets,
RayloU [91] offers a partial alternative.

Results reveal clear performance stratification. The best
self-supervised model, AutoOcc [82], matches only the
weakly-supervised GSRender [81], despite leveraging Li-
DAR, underscoring that even sparse ground-truth labels
outperform dense pseudo-labels. However, the paper does
not address the feasibility of real-time deployment, as its
approach relies on computationally heavy foundation models.
A similar gap appears between weak and strongly supervised
methods: RenderWorld [79] surpasses the lowest-ranked
strong model, BEVFormer+GP [34], [80], despite the latter’s
Gaussian pretraining. GraphGSOcc [89], the top camera-only
strong model, outperforms BEVFormer+GP by over 75%,
reflecting advances in temporal modelling and graph-based
Gaussian reasoning.

Within the weakly-supervised category, RenderWorld
leads by over 6 mloU, likely due to its separate encoding
of empty and non-empty voxels, yielding finer scene un-
derstanding. Overall, strong supervision remains dominant
by directly supervising in the same space as the evaluation
space. Hybrid strategies can still provide gains: supplement-
ing GSRender with strong 3D supervision boosts perfor-
mance by more than 38%.

3) Voxel versus Gaussian Representation: In Table 111, for
the Occ3D dataset, all but one self-supervised model uses
Gaussians; the sole voxel-based method, GaussianOcc [30],
ranks last. Many top Gaussian-driven models benefit from
design choices tailored to a Gaussian scene representation,
such as adjacent-frame rendering with flow [83] and se-
mantic smoothing [84]. Among strongly-supervised models,
the three lowest performers [34], [19], [126] are voxel-
based, suggesting a potential disadvantage, yet two of the
top three camera-only models [128], [127] also use voxels.
This points to a nuanced trade-off: with dense occupancy
labels, voxel grids can remain competitive; without them,
Gaussians appear more effective.

For SurroundOcc (Table IV), Gaussian-based models
dominate across camera-only, C+L, and C+R setups, with

GraphGSOcc [89] leading as it did for the Occ3D dataset.
Voxel-based methods [19], [126], [41] perform consistently
Wworse.

KITTI-360 (Table V) shows the reverse trend. Here, the
voxel-based Symphonies+GSR [129], [24] surpasses the best
Gaussian model by over 16%, aided by sophisticated inter-
actions between image features, instance queries, and voxel
queries, indicating that scene representation choice may be
dataset-specific.

4) Loss Computation: In Table III, all self- and weakly-
supervised models adopt Gaussian losses, reflecting their
reliance on 2D supervision. Strongly-supervised methods
employ both voxel and Gaussian losses, with the top four
performing camera-only models [42], [89], [128], [127],
including three models that utilise a Gaussian-based loss.

On SurroundOcc (Table V), nearly all camera-only mod-
els use Gaussian losses, except S2GO [87], which still
remains competitive with the best Gaussian-loss method,
GraphGSOcc. In the multi-modal setting, TACOcc is the
only voxel-loss model and underperforms compared to the
Gaussian-based counterparts.

KITTI-360 (Table V) presents a mixed outcome: S2GO
is the only Gaussian-loss-only method, while the top-
performing Symphonies+GSR [129], [24] again uses a hy-
brid approach.

Across datasets, voxel losses tend to offer stronger 3D
spatial grounding, while Gaussian losses provide flexibility
for 2D-projected supervision. The most competitive results
often come from hybrid schemes that leverage the strengths
of both, a direction explored further in Section V-B.

B. Supplementary Methods

Table VI summarises the performance gains from aug-
menting voxel-based models with an additional Gaussian
loss. All methods benefit, though the magnitude varies.
The largest improvement is seen in FB-Occ [127], which
gains +7.91% mloU when combined with VoxelSplat [25].
This method enforces both multi-view consistency, through
Gaussian rendering, and temporal consistency via flow mod-
elling, the latter proving particularly important for boosting
performance.

GaussRender [24] yields consistent but more modest gains,
with the largest relative increase for TPVFormer [126],
though the base performance of this model is not state-of-the-
art. For PanoOcc [128] and BEVFormer [34], GaussianPre-
train [80] provides only marginal improvements, suggesting
that Gaussian losses may be most impactful during the main
training phase, where they can enforce view consistency
absent from traditional voxel losses.

Overall, the evidence supports coupling voxel and Gaus-
sian losses to leverage their complementary strengths in 3D
spatial grounding and multi-view consistency.

C. Inference Time and Memory Consumption

Inference speed shows no strict divide between voxel and
Gaussian representations. The fastest model, S2GO [87], uses
a Gaussian representation with anchor-offset modelling to



TABLE VI: Comparison of voxel-based semantic occu-
pancy methods with and without Gaussian-based ren-
dering losses: Evaluated on Occ3D [18], SurroundOcc [19],
and KITTI-360 [72], [73]. % denotes the percentage increase
from the original mloU to mloU with Gaussian loss intro-
duced. Methods are grouped by dataset and sorted by relative
improvement. GP = GaussianPretrain, GSR = GaussRender
loss, VS = VoxelSplat loss, * = value from GaussRender

[24].
mloU mloU
Model (Original)  (Gaussian) %

PanoOcc (w/ GP) [128], [80] 41.60 42.42 1.97
BEVFormer (w/ GP) [34], [80] 23.67 24.21 2.28
SurroundOcc (w/ GSR) [19], [24] 29.21 30.38 4.00
FB-Occ (w/ VS) [127], [25] 39.20 42.30 791
TPVFormer (w/ GSR) [126], [24] 27.83 30.48 9.52
SurroundOcc (w/ GSR) [19], [24] 20.30 20.82 2.56
TPVFormer (w/ GSR) [126], [24] 17.10 20.85 21.93
Symphonies (w/ GSR) [129], [24] 17.82%* 18.11 1.63
SurroundOcc (w/ GSR) [19], [24] 13.08 13.34 1.99

reduce redundant computation, achieving 48ms in its smaller
variant. The next fastest, PanoOcc [128], is voxel-driven but
employs a coarse-to-fine scheme, processing an eight-times
sparser grid to cut both memory and runtime, while also
improving accuracy.

TABLE VII: Comparison of inference time and memory
consumption of voxel and Gaussian-based supervised
methods: * means Occ3D, others are SurroundOcc. **
means the model is C+L. *** means the model is LiDAR
only. Figures are sourced from their papers. Models are
sorted by increasing latency, irrespective of dataset and GPU
used.

Gauss. Latency Memory

Model Rep. (ms) (GB) GPU
RenderWorld [79] * - 14.4 A30
PanoOcc [128] * 109 5.7 A100
SurroundOcc [19] 340 5.9 3090
TACOCC [41] * 640 11.8 A6000
S2GO [87] * v 69 - A100
GaussianFusionOcc [39] *** v 179 0.5 A6000
ODG [88] * v 204 - A100
GaussianFormer [23] v 227 4.9 4090
GaussianWorld [48] v 228 7.0 4090
GaussianFormer-2 [23] v 357 3.1 4090
GraphGSOcc [89] v 368 6.1 4090
GaussianFusionOcc [39] ** v 460 2.6 A6000
GaussianFormer3D [42] ** v 555 5.5 A40

Other Gaussian models typically report 200+ms latency,
still faster than most dense voxel approaches. Adding LiDAR
to Gaussian models [39], [42] significantly increases runtime
due to complex fusion steps, limiting real-time applicability.
This can be mitigated by simple initialisation of Gaussian
means with LiDAR point cloud data [86].

Memory consumption trends are clearer: Gaussian meth-
ods consistently require less memory, avoiding explicit mod-

elling of empty space. GaussianFusionOcc [39] C+L runs at
just 2.6GB, with most others around 5GB. Even the most
efficient voxel model, PanoOcc, consumes 5.7GB, under-
scoring the high storage cost of voxel grids. For memory
consumption, the LiDAR only GaussianFusionOcc achieves
a tiny 0.5GB due to its efficient BEV encoded LiDAR
data in conjunction with 3D Gaussians to model the scene,
displaying that representation of input data is paramount in
addition to scene representation.

D. Qualitative Analysis

In this section, we analyse the predicted Gaussians and
semantic occupancy outputs of models that adopt a Gaus-
sian scene representation. Only open-source models with
publicly available weights are considered, with the addition
of GaussianFormer-MM [86]. Table VIII lists the analysed
models along with relevant implementation details.

TABLE VIII: Configuration of models that will be inves-
tigated: Gaussian parameters shall be analysed for a random
scene. In GaussTR, scale is restricted to [1,16]; however, it is
then augmented with depth and camera intrinsic parameters,
hence leading to potential unboundedness.

Total Scale

Model Sup. Gaussians Range
GaussianFormer [23] Strong 25600 [0.08 0.64]
GaussianFormer-2 [47] Strong 6400 [0.01, 3.2]
GaussianWorld [48] Strong 25600 [0.08, 0.64]
GaussTR [31] Self 1800 [1e-6, oo]
GaussianFormer-MM [86] Strong 102400 [0.08, 0.64]

As shown in Figure 7, the models on the left, Gaus-
sianFormer [23], GaussianWorld [48], and GaussianFormer-
MM [86], contain significantly more Gaussians than the
others. This results from their larger initialisation count and
smaller scale range, which prevents individual Gaussians
from covering wide areas. While this increases the number of
Gaussians, the smaller scale range enables finer predictions,
producing less “blobby” outputs. Despite the high number
of Gaussians, many are not reflected in the voxelization, as
they are effectively suppressed due to insufficient opacity.

GaussianWorld demonstrates more accurate drivable-
surface prediction by leveraging temporal data, allowing it to
correctly recover regions it had previously observed in past
frames that other models fail to capture. GaussianFormer-
MM provides a richer representation of the scene through the
inclusion of high-quality LiDAR input, though it aggregates
only three LiDAR sweeps and therefore incorporates less
temporal context than GaussianWorld.

In contrast, GaussTR [31] initialises only 1600 Gaussians,
far fewer than the 102,400 Gaussians of GaussianFormer-
MM, resulting in much sparser scene representations. While
the larger scale range helps compensate, the model still
struggles to capture fine details, such as tree tops.

Finally, the visualisations also reveal insights into Gaus-
sian property distributions. For instance, Gaussians from
GaussianFormer and related models appear nearly spherical,
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Fig. 7: Qualitative analysis of several models: Gaussians and predicted semantic occupancy are visualised alongside
ground truth occupancy and RGB images evaluated on the SurroundOcc [19] dataset, with the exception of GaussTR,
which uses the Occ3D [18] dataset. All Gaussians, regardless of their opacity, are rendered. We evaluate for sample token
edde57e6dfeb416e936d9056824b8253, which occurs later in the scene sequence to allow for historical data to

aggregate for GaussianWorld.

without adopting anisotropic ellipsoid shapes. Moreover, the
Gaussians in GaussianFormer-2 [47] appear to share nearly
identical rotations. These observations motivate a deeper
exploration of Gaussian parameter distributions, which is
presented in Section VI.

VI. GAUSSIAN PARAMETER ANALYSIS

As discussed in Subsection V-C, methods with Gaussian
scene representations generally achieve lower memory usage
and reduced latency. Nonetheless, many models still employ
more Gaussians than necessary, with some parameters con-
tributing little to the final prediction. To assess efficiency,
we analyse the Gaussian parameters of several models on
the validation set, with full parameter distributions shown in
Figure 8, following a methodology similar to Bagdasarian et
al. [130].

A. Mean

For the x and y components, Gaussian distribu-
tions are generally well spread, with the exceptions of
GaussianFormer-MM [86] and GaussTR [31]. In GaussTR,
this concentration arises from its 2D pseudo-ground-truth
labels, which provide less reliable supervision for distant
objects. To avoid heavy penalisation, the model tends not
to allocate Gaussians far from the vehicle. Moreover, since
initialisation occurs in the 2D camera view where near-field
objects dominate, many Gaussians are placed close to the
ego-vehicle. As also seen in Figure V-D, some Gaussians are
redundantly initialised at the origin with very small scales,
further contributing to this near-field density.

In GaussianFormer-MM, the clustering near the origin
reflects the higher LiDAR point density close to the ego-
vehicle, from which the Gaussians are initialised. Note that
along the y axis, the distribution shifts toward negative
values, corresponding to regions behind the ego-vehicle. This
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arises from aggregating historical LiDAR sweeps, which
place past observations behind the current vehicle position.
This shift in values is also seen for the x axis, although the
reason is unknown.

For the z component, GaussianFormer-MM’s Gaussians
are concentrated on the road surface, again a consequence of
LiDAR initialisation. GaussianFormer-2 [47] exhibits distinct
peaks, likely originating from its initialisation strategy, which
correctly identifies high-probability occupied regions such as
roads, and tall structures such as trees.

Overall, these observations suggest that learnable 3D po-
sitions coupled with 3D supervision lead to a more evenly
distributed set of Gaussians in space, producing better-
balanced 3D predictions.

B. Scale

In these models, scale is fixed to a given range, with
specifics given in Table VIII. In GaussianFormer [23], Gaus-
sianWorld [120], and GaussianFormer-MM, Gaussians are
approximately isotropic spheres with a fixed scale of 0.64
along all axes. Thus, scale (and by extension rotation) is
redundant for learning in these models. GaussTR learns
scale more flexibly, showing a log-like distribution across
axes; however, many scales collapse toward zero, effectively
representing empty space, which is redundant. This could
be mitigated with pruning strategies, as demonstrated in the
superquadric-based model, QuadricFormer [131]. Addition-
ally, a dynamic initialisation strategy could be beneficial to
reducing redundant Gaussians, allowing the model to adapt
the number of Gaussians to the scene, with denser scenes
requiring more Gaussians and sparser scenes fewer.

GaussianFormer-2 also learns scale more robustly. The y
and z axes trend toward larger values around 3.2, though
a subset still collapses toward zero. In contrast, the = axis
scale exhibits extreme flatness, with nearly all Gaussians
below 0.25. While this suggests compression along z, the
qualitative analysis does not show such extreme thinness,
highlighting the role of rotation in shaping final geometry.

It is evident that most models struggle to capture diverse
scales, often resorting to fixed values to simplify learning.
This limits their capacity to represent object size adaptively,
for example, assigning a large, flat Gaussian to model a
road surface or a small Gaussian to represent fine structures
such as traffic cones. These issues highlight the need for
more principled scale-learning strategies or adaptive pruning
mechanisms to ensure Gaussians are allocated meaningfully
across objects of varying sizes.

C. Rotation

GaussianFormer and GaussianFormer-2 both exhibit
nearly constant rotations. GaussianFormer converges to a
quaternion of (0,—1,0,0), corresponding to a 180° rotation
about the y-axis, which is redundant given its isotropic
spheres. GaussianFormer-2 stabilizes around (0,0.7,0,0.7),
mapping +X — —Z and ¥ — —Y. This explains the
appearance of flattened Gaussians along the z-axis observed
in the qualitative analysis.

GaussianWorld and GaussianFormer-MM produce more
varied quaternion values; however, this remains inconsequen-
tial since their Gaussians are still constrained to isotropic
spheres. GaussTR is excluded from quaternion analysis, as
it does not learn rotation. Instead, its Gaussians are assigned
rotations orthogonal to the originating camera view.

Similar to scale, rotation parameters also exhibit redun-
dancy, as many models converge to learning a fixed rotation
value. In dynamic scenes, incorporating an explicit rotation
prediction module could be beneficial, for instance, to cap-
ture the orientation of vehicles and assign Gaussians aligned
with their heading. Such a mechanism could further comple-
ment adaptive scale prediction, as discussed previously.

D. Opacity

GaussianFormer shows a well-distributed opacity range,
while GaussianFormer-MM and GaussianWorld exhibit val-
ues skewed toward zero. This is unexpected given that all
three employ the same voxelization module. One possible
explanation lies in the large empty Gaussian, which carries a
learnable empty logit. In GaussianFormer, this logit stabilises
at a higher value, forcing other Gaussians to adopt higher
opacities to be voxelized. In contrast, GaussianWorld’s empty
logit remains lower, reducing the need for high opacity in in-
dividual Gaussians. For GaussianFormer-MM, the effect may
stem from its very high count of Gaussians (102,400), where
the cumulative sum of logits allows individual Gaussians to
maintain lower opacity.

GaussianFormer-2’s opacity distribution resembles that of
GaussianFormer-MM but for different reasons: opacity here
is normalised and treated as relative, used only for semantic
weighting, while occupancy itself is computed independent
of opacity, per (13).

GaussTR displays the most extreme behaviour, with opac-
ity values concentrated near one. This is a direct consequence
of its 2D view-based supervision: the model cannot account
for occluded objects without 3D loss or temporal rendering.
As a result, it drives most Gaussians to full opacity, ensuring
foreground objects dominate the loss. While effective during
training, this strategy can harm evaluation, since hidden or
misinitialized Gaussians remain unseen in the render but later
emerge during voxelization.

Opacity appears to be strongly influenced by the chosen
loss function. For supervised methods that opt for a voxel-
based loss, opacity effectively suppresses redundant Gaus-
sians, fulfilling its intended role, though the heavy reliance
on this mechanism suggests that pruning strategies could pro-
vide a more principled solution, as discussed previously. For
self-supervised models, opacity largely governs foreground
prioritisation during rasterisation; however, as previously
discussed, this behaviour can be detrimental at evaluation.

E. Semantics

Most models display broadly similar class distributions,
with GaussianFormer-MM standing out as an exception.
This model allocates noticeably more Gaussians to class
3 (bus) and class 7 (pedestrian). While this may partially



reflect its much higher total Gaussian count (102,400), the
effect appears significant and merits further investigation.
Conversely, GaussianFormer-MM assigns fewer Gaussians to
class 15 (manmade). This reduction is consistent with its use
of LiDAR initialisation. As seen in the qualitative analysis
(Figure 7), LIDAR improves accuracy for this class, reducing
the need for redundant Gaussian assignments.

Semantic distributions generally mirror those of the
ground-truth voxel grid. While this alignment is expected, it
is not necessarily optimal for Gaussian scene representations.
Large classes, such as the drivable surface (class ID 11),
could be efficiently captured with only a few large Gaussians
rather than many small ones, enabling a sparser and more
memory-efficient representation.

VII. SHORTCOMINGS AND FUTURE DIRECTIONS

This section discusses the current limitations of Gaussian-
driven semantic occupancy prediction models, both in iso-
lation and in comparison to voxel-only approaches. It also
outlines promising research directions that could address
these limitations and advance the field. To avoid redundancy,
we do not revisit the Gaussian parameter analysis already
covered in Section VI.

A. Multi-Modal Deployment

Multi-modal fusion has been extensively studied in voxel-
driven semantic occupancy prediction, particularly for C+L
[132], [133], [55], [51] and C+R [8], [134], [135], [136],
[137] settings. In contrast, Gaussian-driven models are still
in the early stages of multi-modal integration. For C+L,
only three released models directly fuse LiDAR point cloud
data with 3D Gaussians [86], [42], [39], while TACOcc
[41] performs voxel-level fusion of multi-modal features.
Given the inherently point-based nature of 3D Gaussians, this
limited exploration is surprising. Even simple point-based
initialisation techniques can yield substantial performance
gains [86], [47], making LiDAR-Gaussian fusion a clear
opportunity for further research.

Radar integration is even less explored, with only two
Gaussian-driven models incorporating it [39], [86]. Beyond
depth cues, radar offers rich velocity information that could
enhance tasks such as Gaussian flow for scene forecasting.
Additionally, it appears there is a trend towards reducing
the number of Gaussians, e.g., S2GO-Small [87] uses just
900 multi-offset Gaussians, suggesting that radar-informed
initialisation could provide strong priors for compact yet
expressive scene representations.

B. Fine Detail Modelling

Capturing fine-grained scene detail generally requires
more Gaussians, which becomes a challenge at high voxel
resolutions (e.g., 0.1m in nuCraft [20]) due to increased
memory and inference costs. Although Gaussians remain
more compact than voxels in such settings, alternative
primitive-based scene representations, such as superquadrics,
may offer better efficiency. Superquadrics can flexibly rep-
resent cuboid or cylindrical shapes, and have been explored

in QuadricFormer [131], which achieves performance com-
parable to a 6400-Gaussian model while using only 1600
superquadrics. Such representations may be better suited
for structured objects such as buses or trucks, suggesting
a potential hybrid Gaussian—superquadric approach.

C. Scene Flow

Scene flow estimation has been actively explored in both
voxel-driven methods [138], [139], [140] and Gaussian-
driven approaches, particularly in self-supervised settings.
Existing Gaussian models enforce temporal consistency [82],
[84] and propagate Gaussians across adjacent timesteps [83],
[81], [88] to improve stability. The VoxelSplat loss [25]
further demonstrates how temporal consistency can benefit
voxel methods through Gaussianization. Dedicated methods
such as GaussianAD [141] show the promise of Gaussians
for scene forecasting. Given their continuous, explicit nature,
Gaussian representations are well-positioned for advanced
scene flow modelling, including direct evaluation of multi-
step forecasts for safety-critical tasks like collision avoidance
[81].

D. 2D Supervision

A key advantage of Gaussian-driven methods is that they
can be trained without dense 3D occupancy labels, instead
relying on 2D supervision from VFMs [30], [31], [83] or
sparse LiDAR labels [79], [81], [88], [87]. However, for
models with access to manually annotated 3D data, 2D-
only supervision is a bottleneck, as peak performance on
voxel grids typically requires full 3D labels. For example,
GSRender [81], a weakly supervised voxel-based method,
improves by 38.39% mloU when 3D labels are added to
its 2D supervision. Notably, there is currently no weakly su-
pervised Gaussian-driven model in the literature. Developing
such models could reduce annotation costs while preserving
the efficiency advantages of Gaussian representations. It is
important to note that relying solely on 2D supervision can
introduce issues such as reduced confidence in predictions for
distant objects and an imbalance in loss across 3D space, as
discussed in Subsection VI-D.

VIII. CONCLUSION

This survey has provided an in-depth examination of
Gaussian-driven semantic occupancy prediction models, cov-
ering their architectural design choices, supervision strate-
gies, and multi-modal fusion techniques, with a particu-
lar focus on the motivations and implications of adopting
Gaussian-driven representations. Through comparative anal-
ysis, we evaluated these models against voxel-based counter-
parts, highlighting the respective strengths, limitations, and
trade-offs of each approach. We observed that Gaussian scene
representations inherently yield a reduced memory footprint,
while incorporating Gaussian rendering into voxel-based
methods consistently improves performance. This highlights
the value of Gaussians as a complementary mechanism
within semantic occupancy prediction. Nonetheless, certain
shortcomings remain, such as the performance limitations



of models trained with only 2D supervision. In addition,
our analysis of Gaussian parameter distributions revealed the
redundancy of scale and rotation in many models, along
with the effect of 2D supervision on the variability of
Gaussian mean, providing further insight into how these
models allocate representational capacity across the scene.

The empirical results and discussions presented here aim
to equip researchers with a clearer understanding of the
current state of Gaussian-driven methods, their practical
considerations, and the contexts in which they excel. We
hope this work serves as both a comprehensive reference and
a catalyst for further advancements in semantic occupancy
prediction leveraging 3D Gaussians.
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