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Abstract

In autonomous driving, accurately predicting occupancy
and motion is crucial for safe navigation within dynamic
environments. However, existing methods often suffer from
difficulties in handling complex scenes and uncertainty aris-
ing from sensor data. To address these issues, we propose
a new Gaussian-based World Model (GWM), seamlessly
integrating raw multi-modal sensor inputs. In Ist stage,
Gaussian representation learner utilizes self-supervised pre-
training to learn robust Gaussian representation. Gaussian
representation integrates semantic and geometric informa-
tion and establishes a robust probabilistic understanding
of the environment. In 2nd stage, GWM seamlessly inte-
grates learning, simulation, and planning into a unified
framework, empowering the uncertainty-aware simulator
& planner to jointly forecast future scene evolutions and
vehicle trajectories. Simulator generates future scene predic-
tions by modeling both static and dynamic elements, while
planner calculates optimal paths to minimize collision risks,
thus enhancing navigation safety. Overall, GWM employs
a sensor-to-planning world model that directly processes
raw sensor data, setting it apart from previous methods.
Experiments show that GWM outperforms state-of-the-art
approaches by 1.46% in semantic comprehension and 0.07m
in motion prediction. Moreover, we provide an in-depth anal-
ysis of Gaussian representations under complex scenarios.

1. Introduction

The safety of autonomous driving (AD) systems critically
relies on accurately perceiving and predicting dynamic en-
vironments [3, 43, 64]. This involves not only reconstruct-
ing the driving scene but also forecasting the motion of
objects, enabling vehicles to anticipate potential hazards and
make informed trajectory decisions [12, 39, 51]. However,
despite advancements in sensor technologies and compu-
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Figure 1. Illustration of comparisons (§ 1). (a) Sequential per-
ception-prediction-planning pipeline in end-to-end methods like
ST-P3 [23]. (b) World-model-based methods like OccWorld [87],
which predict both occupancy and vehicle trajectories. (c) GWM
directly utilizes raw multi-modal sensor data through a unified
learning, simulation, and planning pipeline.

tational methods, current approaches still face significant
challenges [13, 36, 68]. Earlier end-to-end AD frameworks
(e.g., ST-P3 [23]) rely on Bird’s-Eye View (BEV) for scene
prediction and planning. They lack the ability to capture
the vertical dimension of the 3D scene and fail to achieve
fine-grained 3D scene reconstruction (see Fig. 1(a,c)). More-
over, former scene reconstruction struggles to capture suf-
ficient detail, especially in complex and rapidly changing
settings [4, 13, 54]. Additionally, sensor uncertainties (e.g.,
LiDAR noise and image occlusions) further complicate ac-
curate 3D occupancy estimation, ultimately reducing the
precision of motion predictions, a key factor for effective
driving decisions [4, 16, 29].

Occupancy-based approaches [12, 38, 41, 47, 57, 58, 64,
65, 68, 79, 85, 89] offer more granular 3D representations
of the environment than BEV-based methods [25, 36, 40,
43, 84], capturing spatial structures at higher resolutions.
For instance, OccNeRF [81] derives 3D occupancy grids
from multi-view images, and significantly improves occu-
pancy prediction accuracy. While these methods enhance
static scene understanding, they often fall short with dynamic
objects (e.g., moving vehicles or pedestrians) due to insuf-
ficient temporal modeling. Without the ability to predict
future states, it remains challenging to handle environmental
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changes that are critical for reliable path planning. Recent
world-model-based frameworks (e.g., OccWorld [87] and
OccLLaMA [67]), as shown in Fig. 1(b), use temporal mod-
eling and integrate both the vehicle’s motion planning and
future environment forecasting simultaneously.

Our Gaussian-based World Model (GWM) directly uti-
lizes raw multi-modal sensor data (i.e., camera and Li-
DAR) as inputs and has two stages. In Ist stage, we in-
troduce a Gaussian representation learner, and leverage
self-supervised pre-training [9, 10] to map multi-modal vi-
sual features into a physically interpretable 3D Gaussian
representation space, achieving the integrated encoding of
semantic and 3D geometric information. Subsequently, by
differentiably rendering these Gaussian representations back
into multi-view images, the model learns cross-modal per-
ceptual priors and physically constrained embeddings from
the visual data. This process ultimately provides a high-
quality, robust Gaussian representation for the 2nd stage.

By combining LiDAR prior with Gaussian [29], Gaus-
sian representation learner effectively combines geomet-
ric depth information with semantic visual understanding.
Gaussian representation achieves a more detailed comprehen-
sion of static and dynamic components within the environ-
ment [71, 88, 90]. The learner provides a probabilistic foun-
dation for the system to effectively model uncertainties and
variabilities within the scene. This approach offers advan-
tages over former voxel-based methods, especially in rapidly
changing and complex environments [18, 41, 64]. Moreover,
the probabilistic nature of Gaussian representations enables
GWM to model sensor uncertainties and enhance robustness
in real-world applications.

In 2nd stage, GWM has a unified learning, simulation,
and planning pipeline. Based on learned Gaussian repre-
sentation, GWM employs an uncertainty-aware simulator
and an uncertainty-aware planner to model the temporal
evolution of the scene and objects. The simulator propagates
uncertainties and generates future scene predictions by mod-
eling both static and dynamic elements, while the planner
with uncertainty loss calculates optimal vehicle trajectories
to minimize collision risks, thus enhancing navigation safety
(see Fig. 1(c)). By accounting for both spatial and tem-
poral factors, GWM can anticipate future changes in the
environment, enabling more informed decision-making and
improving the safety of AD systems.

Our method is validated on Occ3D [57] and nuScenes [2]
datasets against state-of-the-art approaches like OccLLa-
MA [67] and OccWorld [87]. Specifically, GWM achieves
better performance than the baselines in both 4D occupancy
forecasting (10.12% vs 8.66% Avg. mloU) and motion plan-
ning (1.13m vs 1.20m Avg. L2 Error and 0.59% vs 0.70%
Avg. Collision Rate). Moreover, we provide a comprehen-
sive analysis of Gaussian representations under complex
scenarios. These findings underscore the effectiveness of

our GWM designs, providing a more reliable and predictive
framework for AD systems.

2. Related Work

End-to-end AD. AD algorithms have evolved significantly
in recent decades, transitioning from modular pipelines [19,
34] to end-to-end models [24, 28] that predict planning
trajectories directly from raw sensor data. End-to-end
methods unify perception, prediction, and planning within
a single system, simplifying the traditional multi-stage
pipeline [23, 26, 84]. One prominent direction in end-to-
end AD is leveraging BEV representations [24, 28]. Detec-
tion [25, 37, 40, 62, 78] and segmentation [48] tasks in BEV
have laid the groundwork for trajectory planning by extract-
ing spatially structured information. Another line focuses on
improving representation [8, 56, 82] and connectivity [70].
Despite the advancements, traditional methods often em-
phasize object motion and overlook intricate environmental
details and contextual understanding [17, 21, 28, 84]. Re-
cent works aim to bridge this gap by incorporating richer
contextual data. For instance, P3 [53] and ST-P3 [23] learn
differentiable occupancy representations as cost factors for
safe maneuvering. Fusion-based approaches [77, 78] inte-
grate multi-modal data to provide more comprehensive input
for the planner, achieving remarkable improvements.

Unlike previous methods that focus on dynamic elements,
our approach introduces a world model that predicts the
progression of both dynamic and static components in the
environment. By modeling the joint evolution of surrounding
agents and static structures, our method captures fine-grained
spatial and semantic information, enabling more accurate
planning and safer AD. This holistic perspective addresses
the limitations of prior works.
World Models in AD. World models in AD are designed to
understand and predict dynamic environments, enabling au-
tonomous systems to navigate safely and efficiently [1 1, 60].
They aim to predict future scenes based on actions and ob-
servations [20, 67, 72]. Different models represent the scene
in various representations spaces, which can be divided into
2D image representations [15, 22, 35, 63, 66, 73, 86], 3D
point clouds representations [30, 31, 46, 69, 83], and 3D
occupancy representations [1, 61, 67, 87]. Visual world
models using 2D image representations leverage StableDif-
fusion [52] to generate diverse driving sequences [15, 22, 35,
63, 73, 74], lacking a deeper understanding of the 3D driving
environment. 3D point cloud representations miss critical
semantic information and are not suitable for vision-based
or fusion-based systems. Thus, combining 3D scene repre-
sentation with semantic understanding offers a promising
approach to modeling scene evolution [1, 86].

Several concurrent studies (e.g., OccWorld [87] and Oc-
cLLaMA [67]) attempt to integrate world models into AD
systems. However, they exhibit several limitations: (1) re-
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liance on precomputed occupancy inputs, (2) degraded accu-
racy in long-term predictions, and (3) inadequate evaluation
under complex driving scenarios. Specifically, OccWorld
fails to effectively utilize multimodal sensor data, while Oc-
cLLaMA demonstrates information degradation in its action
representation space. In contrast, our GWM uniquely in-
tegrates raw multi-modal sensor inputs through a unified
learning, simulation, and planning framework. Although
GaussianWorld [90] recently introduced 3D Gaussian splat-
ting [6, 14, 29], it has differences from GWM: insufficient
analysis of Gaussian representations in complex scenarios,
and incomplete design and experiment for motion planning.

3. Methodology

We propose GWM, a two-stage framework that directly pro-
cesses raw multi-modal sensor inputs, as illustrated in Fig. 2.
In §3.1, we present Ist stage and Gaussian representation
learner, which harness self-supervised pre-training to learn
robust Gaussian representations. Subsequently, §3.2 details
2nd stage and uncertainty-aware simulator & planner, which
leverage occupancy uncertainty to jointly forecast scene evo-
lution and optimize trajectories.

3.1. 1st Stage: Gaussian Representation Learner

In Ist stage, GWM fuses multi-modal sensor data (i.e., Li-
DAR points P, multi-view images and semantic maps
I7) to construct a robust 3D Gaussian representation that
captures both semantic and geometric cues while modeling
inherent sensor uncertainties. As shown in the Fig. 2, the 3D
and 2D encoders extract complementary features, which are
then aggregated by the Gaussian representation learner ¢.
To refine this representation, GWM differentiably renders
the 3D Gaussians back into 2D space [29] and compares
them against the original RGB and semantic maps. Through
this self-supervised cross-modal alignment, the model ac-
quires physically constrained embeddings and perceptual
priors, leading to a more reliable understanding of scene
structure and object dynamics.

Gaussian Representation Learner. GWM adopts 3D Gaus-
sian splatting (3DGS) [29], incorporating a Gaussian-based
3D representation into the world model. By representing
scenes as sparse 3D semantic Gaussians (each defining a
flexible region of interest along with semantic features) our
approach surpasses the limitations of fixed-grid represen-
tations. Specifically, a scene is modeled as a set of 3D
Gaussians, each defined by parameters such as mean, covari-
ance, RGB, and semantics. We aggregate information from
images and point clouds, progressively optimizing these
parameters through the Gaussian representation learner ¢.
While structure-from-motion (SfM) priors [29, 55] yield
only partial reconstructions from sparse viewpoints [88],
aligning LiDAR priors with multi-camera images provides
more accurate geometric constraints [88]. Accordingly, our

Gaussian representation integrates multimodal sensor data
by incorporating the LiDAR prior into the 3D Gaussians,
ensuring robust and high-fidelity reconstructions.

LiDAR prior P is colorized via calibrated camera projec-
tion and used to initialize the Gaussians. We describe each
scene as a collection of 3D Gaussians G = {G; € R? | i =
1,..., M}, where G contains M Gaussians. Each 3D Gaus-
sian G is expressed as a d-dimensional vector in the form
(m e R3, s € R3 r € R* c € RY), where d = 16, and m,
s, r denote the mean, scale, rotation vectors, respectively.
c is a tensor that contains a 3-channel RGB image and a 3-
channel semantic map (predicted by SAM [32]). The value
of a semantic Gaussian distribution g evaluated at point p is

g(p;m,s,r,c) = exp(—l(p -m)' =7 (p—m))e,

2
S=RSS'R", S= diag(s), R = q2r(r),

1

where p is the position of the LiDAR prior; X represents
the covariance matrix; diag(-) constructs a diagonal matrix
from a vector; and q2r(-) transforms a quaternion into a rota-
tion matrix. GWM enhances the world model by integrating
Gaussian representation into voxel-based scene representa-
tions, and further enriches by high-resolution LiDAR points
and multi-view images. Gaussian representations play a
pivotal role in modeling uncertainties inherent in data. By
assigning the Gaussian distribution to each point in space,
GWM encapsulates not only the mean position but also the
variance, effectively modeling the confidence in measure-
ments. Gaussian representations establish a probabilistic
foundation, enhancing the model’s capacity to navigate the
uncertainties and variabilities of dynamic environments.

3.2. 2nd Stage: Learner-Simulator-Planner Pipeline

In 2nd stage, GWM adopts a unified learner, simulator, and
planner pipeline. Specifically, We introduce a simulator, ),
to model environment evolution and a planner, 6, to generate
trajectories for the ego vehicle.

Learner. Gaussian representation learner ¢ first learns
the Gaussian representation, then occupancy uncertainty
for a 3D voxel is computed by aggregating the Gaussian
distribution values evaluated at that location. The occupancy
uncertainty for voxel v can be expressed as:

20:G) =3, 9 (vime, s, ), ©)

where N (v) is the set of neighboring Gaussians for the voxel
at v, and N (v) is obtained by considering the voxel posi-
ton v and Gaussian’s means m and scale property s [27].
In GWM, each voxel is augmented with probabilistic in-
formation derived from the Gaussian representations, creat-
ing a rich representation that encapsulates both occupancy
and uncertainty. This is particularly beneficial in scenarios
with noisy sensor data or when dealing with partial occlu-
sions. Our GWM forms the foundation for further processing
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Figure 2. Overview of our GWM w for 4D occupancy forecasting and motion planning in AD (§3). Our framework includes three
key components: 1) a Gaussian representation learner that encodes 3D scenes using Gaussian-based representations to capture spatial and
semantic information; 2) a simulator that generates future scene predictions based on dynamic inputs; and 3) a planner, which produces safe
and efficient driving trajectories. The semantic map is predicted by SAM [32].

and is essential for handling dynamic environments. Occlu-
sions pose significant challenges in 3D occupancy prediction.
GMW addresses this by maintaining visibility probabilities
for each Gaussian. When a Gaussian is observed from mul-
tiple views, the system refines its occupancy probability,
improving the accuracy of occlusion handling.
Uncertainty-Aware Simulator. Building upon occupancy
uncertainty z, GWM enhances its capabilities for dynamic
4D scene modeling by integrating temporal dimensions.
The simulator, v, forms a 4D occupancy uncertainty Z =
{z:}L_,_,, where each z; corresponds to the occupancy un-
certainty at timestamp 7—t¢. T indicates the current time step,
and ¢ denotes the number of historical frames. This integra-
tion aims to capture the evolution of the environment. 4D
occupancy uncertainty contains spatial information (position
and occupancy probability) and reflects temporal dynamics.
The simulator 1) takes as input the past 4D occupancy uncer-
tainty Z and predicts future scene evolutions after a certain
time interval. The simulator 1) then operates on Z:

vzt 2T =0, 3)
where 0?1 is the predicted occupancy at timestamp 7" + 1.
To comprehensively model scene evolution, it is essential
to consider both the spatial relationships within each past
scene and the temporal relationships of scenes across differ-
ent timestamps. Hence, we adopt a spatial-temporal trans-
former [87] to instantiate ). 1 produces scene tokens by
applying a scene tokenizer. The scene tokens are then down-
sampled with a factor of 4. We repeat this procedure K
times to obtain high-level scene tokens H. Next, we apply
masked temporal attention TA to the set of high-level scene

tokens {hl ...  hI='} at each position v to predict the
corresponding token hI*1 of the next scene:

hy ™t =TA(Ry, - hy 7). “)
TA blocks the influence of future tokens on past tokens. Here,
h! represents the v-th scene token at timestamp ¢.

The simulator 1) integrates multiple 3D occupancy un-
certainty to construct a 4D representation and 2) employs a
spatiotemporal Transformer with temporal attention mecha-
nisms to enhance the accuracy of future scene predictions.
Its advantages include effectively combining spatial and
temporal information, enabling more precise modeling of
scene evolution and allowing it to capture complex dynamic
changes (see §C.1 in supplementary).

Uncertainty-Aware Planner. Building upon h7*! and
o1, the planner 6 forecasts the ego vehicle’s trajectory.
We design the uncertainty-aware planner by exploring a
range of candidate trajectories and selecting the one that
minimizes the learned cost function [5, 23, 53, 80]. We
formulate the cost function to fully leverage the learned oc-
cupancy o”*! and rich prior knowledge, ensuring both the
safety and smoothness of 771, The cost function includes:
1) Cost Volume: Inspired by ST-P3 [23], we employ a learn-
able module based on the BEV representation k.1 ! derived

bev
from h7+1. bl T represents the occupancy uncertainty (i.e.,
occupancy probability field) in the BEV view. This module
produces a cost volume that encapsulates detailed occupancy
uncertainty of the environment, allowing for a thorough eval-
uation to support safe planning. 2) Safety Cost: Planned
trajectories should avoid overlapping with regions used by

other agents or road elements. This cost penalizes trajectory
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options that intersect with regions occupied by other agents.
Occupancy information from o” T is used to assess collision
risks with dynamic obstacles. A sampler [5, 23, 49] gener-
ates a set of trajectory candidates 7 T! based on high-level
commands'. Then, 6 selects the candidate trajectory 77 1
by minimizing the total cost. Additionally, the candidate
trajectory 77 1 is encoded as an ego query. This query per-
forms cross-attention with the future occupancy probability
hg;jl, drawing detailed environmental information pertinent
to the trajectory [23, 75]. The enhanced ego query is then
used to predict the final trajectory.

Uncertainty Loss. To enhance the planner’s reliability, the
uncertainty loss is constructed by computing reconstruction
inconsistency score rT+1 = ||7T+1 — 7T+1||2 between pre-
dicted and expert trajectories. These scores are aggregated
via conformal prediction [59] to derive an uncertainty met-
ric C. This quantile-based metric C directly serves as the

uncertainty loss Ly We can form the uncertainty loss:
Lunct= Quantile({r] "} ;[(k+1) (1 —a)|/k), (5)

where k is the number of training samples, and « is the
allowed failure probability. We use the differentiable ranking
and sorting techniques [7] for the soft quantile function.

3.3. Gaussian-based World Model

For AD systems, a critical aspect is accurately predicting the
future states of both the ego vehicle and its surrounding envi-
ronment. This section outlines how our model predicts future
scenes and details the training losses employed. GWM w
takes sensor inputs (including a set of multi-view images and
semantic maps I and a set of LiDAR points P) collected
from previous frames and infers the scene and trajectory
for the next frames. Specifically, the ego trajectory at time
T + 1, denoted as 7711, is predicted alongside the surround-
ing scene o7 1. GWM captures the joint distribution of the
ego vehicle’s movement and the surrounding scene’s evolu-
tion, enabling the prediction of future states. Formally, the
function w is given by:

OT+1,7_T+1 :’U)((IT,- . ,ITit),(PT,- . ,PTﬁt)). (6)
After obtaining the predicted scene o’ ™' and ego trajectory
7T+1 these are fed back into the model to recursively pre-
dict subsequent frames in an auto-regressive manner. During
training, ground-truth data is used as input for future predic-
tions, while inferred results are used during inference. This
world model effectively captures high-order interactions be-
tween the ego vehicle and its environment, leading to more
accurate predictions of dynamic changes in the scene.
Training Losses. Our GWM is trained in two stages. In the
first stage, we train the 2D/3D encoder and the Gaussian

IThe commands include go forward, turn left, and turn right, represent-
ing the vehicle’s highest-level intentions.

representation learner ¢ to learn the Gaussian representation
using the following loss function:

j(b = /\1£sem + /\2£recona @)

where L, is the semantic loss, ensuring accurate semantic
classification; Lyecon is the reconstruction loss, enforcing con-
sistency between projected images and raw images; A\; and
Ao are coefficients. Lg, measures the discrepancy between
projected semantic images and raw images; L;econ enforces
consistency between projected images from the Gaussian
representation and raw input images (see §4.4 for details).

In the second stage, we train the Simulator ¢ and the Plan-
ner 6 to predict future occupancy states and plan trajectories.
The total loss function is:

jw,@ = Efcst + Eplana (8)

where Ly is the forecasting loss, guiding v in learning how
the world evolves; L,y is the planning loss, encouraging the
planner to generate safe and efficient trajectories. It includes
an uncertainty loss, a max-margin loss that penalizes low-
cost trajectories that deviate from expert demonstrations, an
imitation learning loss that ensures the predicted trajectory
closely follows the expert trajectory, and a collision loss that
penalizes trajectories that collide with obstacles. By com-
bining these losses, GWM effectively learns to represent the
environment using Gaussian-based semantic and geometric
features, anticipate future dynamics and plan trajectories for
safe and precise decision-making.

4. Experiment

In this section, we evaluate our GWM on two tasks: fore-
casting on the Occ3D [57] dataset (in §4.1) and planning on
the nuScenes [2] dataset (in §4.2). Furthermore, we conduct
occlusions and noise analysis, and ablation experiments in
§4.3 and §4.4 to verify GWM’s effectiveness.
Implementation Details. Following [24, 28, 87], we use
a 2-second historical context to predict the next 3 seconds.
During training, we apply masking to temporal attention
to prevent information leakage from future frames, ensur-
ing the model learns to forecast based only on past data.
Ground-truth data serves as input for future predictions dur-
ing training, while an autoregressive prediction strategy is
employed for inference, using inferred results as input. The
model is trained with the AdamW optimizer [44] alongside
a cosine annealing scheduler [45], starting with an initial
learning rate of 1 x 103 and a weight decay of 0.01.

4.1. 4D Occupancy Forecasting

Task Description. We delve into 4D occupancy forecast-
ing, which predicts future 3D occupancy scenes given a
few historical scene inputs. Specifically, we follow exist-
ing works [67, 87] and use a 2-second historical frames to
forecast the subsequent 3 seconds. We evaluate performance
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Figure 3. Qualitative results of 4D occupancy forecasting on the Occ3D [57] dataset (§4.1). The differences are highlighted with red and

yellow boxes. (Best viewed with zoom-in.)

Table 1. Quantitative results of 4D occupancy forecasting on the Occ3D [57] dataset (§4.1). Aux. Sup. denotes auxiliary supervision
apart from the ego trajectory. Recon. refers to reconstruction performance in 0s. Avg. denotes the average performance of that in 1s, 2s, and
3s. The best result is bolded. OccWorld-D uses TPVFormer predictions trained with dense ground-truth 3D occupancy; OccWorld-T uses

TPVFormer predictions trained with LiDAR [87].

mloU(%)1 IoU(%)1
Method Tnput Aux. Sup. Recon. 1s 28 3s  Avg. |Recon. 1s 28 3s  Avg.
RenderWorld [72] Camera Occupancy 283 255 237 258 - 14.61 13.61 12.98 13.73
OccWorld-T [87] Camera LiDAR 721 468 336 263 356 | 1066 932 823 747 834
OccWorld-D [87] Camera Occupancy | 18.63 11.55 8.10 6.22 8.62 | 22.88 18.90 16.26 14.43 16.53
OccWorld-F [67] Camera Occupancy | 20.09 8.03 691 354 6.16 | 3561 23.62 18.13 15.22 18.99
OccLLaMA-F [67] | Camera & Action & Language Occupancy | 37.38 1034 8.66 6.98 8.66 | 38.92 25.81 23.19 19.97 22.99
GWM Camera & LiDAR Occupancy | 39.44 11.63 10.07 8.17 10.12| 40.22 26.22 24.97 22.13 24.60
OccWorld-O [67] Occupancy None 66.38 2578 15.14 10.51 17.14| 62.29 34.63 25.07 20.18 26.63
OccLLaMA-O [67] | Occ & Action & Language None 7520 25.05 19.49 1526 1993| 63.76 34.56 28.53 2441 29.17
RenderWorld [72] Occupancy None 28.69 18.89 14.83 20.80 - 37.74 28.41 24.08 30.08

with Mean Intersection over Union (mloU) and Intersection
over Union (IoU) across 3-second frames.

Quantitative Results. In the 4D occupancy forecasting task,
we compare GWM with two SOTA methods: OccWorld
and OccLLaMA. These two methods were evaluated under
two different settings [67]: using ground-truth 3D occu-
pancy maps (-O) and predicted 3D occupancy maps based
on camera data (-F, using the FBOCC method [42]). The
quantitative results in Tab. 1 highlight that GWM outper-
forms OccWorld-F [67] and OccLLaMA-F [67] across most
future time steps, demonstrating a clear advantage in both
mloU and IoU metrics. Gaussian representations effectively
manage uncertainties in sensor data, leading to more reliable
predictions of dynamic object movements and environmen-
tal changes, particularly in complex scenarios where sensor
noise and occlusions are common. Compared to OccWorld-
F, GWM attains better gains over OccLLaMA-F (+3.96% vs
+2.5% mloU, +5.61% vs +4.0% IoU). OccWorld neglects
multimodal information; OccLLaMA-F and GWM both at-
tempt to extend to multimodal inputs. However, language
priors can directly guide decision-making. Our improved

gains demonstrate the effectiveness of our design, even with-
out language input. Moreover, GWM demonstrates better
long-term prediction capabilities in comparison to OccWorld
and OccLLaMA. Our performance is better at the 2-second
and 3-second time steps, underscoring the model’s ability
to better forecast over longer horizons. Our method is a
sensor-to-forecasting pipeline that directly takes camera data
as input. By integrating Gaussian representations into the
model, GWM is able to handle the uncertainties inherent in
sensor measurements, particularly in complex and dynamic
environments. This allows our model to make more accurate
and robust long-term predictions.

Qualitative Results. Fig. 3 compares the predicted 3D oc-
cupancy across future time steps for GWM and OccWorld.
GWM not only excels at future occupancy prediction but also
delivers more accurate and complete scene reconstructions,
even under challenging conditions with occlusions and sen-
sor noise. Furthermore, GWM more effectively forecasts the
trajectories of moving objects (e.g., cars) and reconstructs
previously unseen drivable areas with greater fidelity (see
supplementary for more results).
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Table 2. Quantitative results of motion planning on the nuScenes [2] dataset (§4.2). Avg. denotes the average performance of that in 1s,
2s, and 3s. We use bold and underlined numbers to denote the highest-ranking and succeeding best results, respectively.

e .. L2(m)) Collision(%).
Method Input Auxiliary Supervision Is 2 3 e Is 2% 3s A
OccWorld-D [87] Camera Occupancy 052 127 241 140 | 0.12 040 2.08 0.87
RenderWorld [72] Camera Occupancy 048 130 2.67 148 | 0.14 055 223 097
OccWorld-F [67] Camera Occupancy 045 133 225 134 | 008 042 171 0.73
OccLLaMA-F [67] | Camera & Action & Language Occupancy 0.38 1.07 2.15 120 | 0.06 039 165 0.70
GWM Camera & LiDAR Occupancy 034 101 205 113 | 007 026 145 0.59
OccWorld-O [87] Occupancy None 043 1.08 199 1.17 | 0.07 038 135 0.60
RenderWorld [72] Occupancy None 0.35 091 1.84 1.03 | 0.05 040 139 0.6l
OccLLaMA-O [67] Occ & Action & Language None 037 1.02 203 1.14 | 0.04 024 120 049

Discussion. OccWorld and OccLLLaMA suffer from: input
dependence on provided occupancy (*-F), limited long-term
prediction accuracy, and insufficient analysis under complex
scenarios. In contrast, 1) we concentrate on world mod-
els within the 3D occupancy space with semantics. GWM
seamlessly integrates raw multi-modal sensor inputs with the
sensor-to-forecasting pipeline; 2) we achieve robust long-
term predictions via Gaussian representations and uncer-
tainty modeling; 3) we conduct a detailed analysis of com-
plex scenarios to validate the effectiveness of GWM.

4.2. Motion Planning

Task Description. In motion planning, the goal is to gen-
erate safe and reliable trajectories for autonomous vehicles.
We use the following key evaluation metrics: 1) L2 Error
— this metric quantifies how closely the predicted trajectory
aligns with the ground-truth trajectory by calculating their
L2 distance; 2) Collision Rate — this evaluates the safety of
the planned path by calculating the rate of collisions between
the ego vehicle and surrounding obstacles.
Quantitative Results. In Tab. 2, GWM outperforms Oc-
cWorld and OccLLaMA in both trajectory accuracy and
safety during motion planning. By leveraging the Gaussian
Representation, GWM more effectively anticipates future
environmental states, leading to precise and collision-free
trajectories. Similar to the discussion under 4D occupancy
forecasting task, when compared with OccWorld-F, GWM
attains better gains over OccLLaMA-F (Avg. L2 errorl: -
0.21m vs -0.14m, Avg. Collision Rate|: -0.14% vs -0.03%).
Furthermore, GWM maintains superior performance across
all time frames. In terms of safety, GWM delivers a lower
collision rate and better long-term planning capabilities than
both OccWorld and OccLLaMA. At 1 second, it outperforms
OccWorld and matches OccLLaMA’s performance. Over
extended periods, GWM’s advantage becomes more pro-
nounced, maintaining a better average collision rate (0.59%
vs 0.73% and 0.70%). Notably, GWM achieves performance
comparable to OccWorld-O, RenderWorld, and OccLLaMA-
o (which require ground-truth 3D occupancy inputs) on both
Avg. L2 errors and Avg. collision rates.

These results highlight GWM’s robustness and effec-

Table 3. Quantitative results on challenging urban environments
with sensor errors and occlusions (§4.3).

Method Forecasting Planning
mloU(%)1 IoU(%)1 |L2 (m)] Collision (%)]
OccWorld-F [67] 5.72 15.23 1.42 0.85
GWM (Ours) 9.14 21.37 1.18 0.66

tiveness, solidifying its superiority over OccWorld and Oc-
cLLaMA. The superiority of GWM can be attributed to its
effective use of the Gaussian representation, which strength-
ens the model’s capability to interpret intricate spatiotem-
poral dynamics inherent in dynamic driving environments.
Unlike prior voxel-based methods (e.g., OccWorld and Oc-
cLLaMA), the Gaussian representation provides a proba-
bilistic foundation that more accurately models uncertain-
ties and variabilities within the scene. This allows GWM
to achieve sensor-to-planning pipeline and generate more
precise and collision-free trajectories, even in complex and
rapidly changing scenarios. Moreover, although OccLLaMA
employs multimodal inputs (including Action), it suffers
from information loss regarding action vocabulary, one of
the reasons that it is not outperforming GWM.

4.3. Occlusions and Noise

To evaluate GWM in a challenging environment, we curate
a challenging subset of the nuScenes [2] dataset.

Dataset Preparation. Noise from sensor errors and regis-
tration inaccuracies affects geometric consistency and recon-
struction, while occlusion leads to missing data, depth esti-
mation errors, and artifacts in reconstruction. Factors such
as data distribution bias and dynamic interactions further am-
plify these uncertainties, making scene reconstruction and
motion prediction more challenging. We select sequences
from nuScenes [2] that exhibit significant occlusions and
sensor noise. Additionally, to simulate sensor errors and
additional occlusions, we inject LiDAR jitter as displace-
ment noise into the LiDAR data [50] and apply random
occlusions to the camera images. We then evaluate these pro-
cessed scenes using uncertainty-aware 3DGS [33] and assess
uncertainty quality via AUSE and NLL. Scenes with high un-
certainty — resulting from sensor noise degrading structural
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Table 4. Comparison of models on /st stage pre-training (§4.4).

Gaussian Quality Task Performance
Liecond PSNRT SSIMT | mIoU(%)1 L2(m)J
GWM (w/o st stage)| 0.213 24.58 0.723 8.25 1.28
GWM (w/ Ist stage)| 0.146 27.62 0.791 10.12 1.13

Method

Table 5. Ablation study on Gaussian representation, semantic map
and LiDAR data (§4.4).

Method Forecasting Planning
mIoU(%)1IoU(%)TIL2 (m){ Collision (%)J
OccWorld-F [67]]  6.16 18.99 | 1.34 0.73
GWM (w/ FBOCC)| 8.97 17.84 | 1.27 0.69
GWM (w/ SfM priors),  8.61 22.56 | 1.21 0.70
GWM (w/o semantic map), 9.84 2337 | 1.14 0.61
GWM (Full Model), 10.12  24.60 | 1.13 0.59

modeling and occlusions causing data loss — are defined as
challenging environments. This curated subset provides a
comprehensive benchmark for evaluating the model’s perfor-
mance under complex urban driving conditions.
Quantitative Results. As shown in Tab. 3, GWM outper-
forms OccWorld-F in both forecasting and planning on this
challenging subset. GWM achieves a higher mIoU of 9.14%,
and reduces the average L2 error to 1.18m. These improve-
ments highlight GWM’s robustness in handling sensor errors
and occlusions. Specifically, GWM’s use of Gaussian rep-
resentations allows it to better handle uncertainties due to
sensor noise, and the spatiotemporal Transformer effectively
captures temporal dependencies, improving occupancy pre-
dictions in occluded regions. These findings underscore
the practical applicability of GWM in real-world scenarios,
where sensor errors and occlusions are commonplace.

4.4. Ablation Study

To evaluate our key designs, we perform comprehensive ab-
lation studies on the Occ3D [57] and nuScenes [2] datasets.
1st Stage. We investigate the role of the /st stage pre-training
in learning a robust Gaussian Representation. We compare
two variants: GWM (w/ Ist stage) and GWM (w/o Ist stage),
and report: Gaussian quality (Lrecon, PSNR and SSIM) and
task performance (Avg. mloU and Avg. L2 error). Gaus-
sian quality is operated on learner ¢ of 2nd stage. Tab. 4
summarizes the performance comparison. GWM (w/ st
stage) shows a lower reconstruction loss and better recon-
struction quality, indicating that the pre-training helps ex-
tract more robust Gaussian Representations. Consequently,
the downstream forecasting and planning benefit from this
improved representation. The results indicate that the /st
stage, acting as a self-supervised pre-training step (similar
to ViDAR [76]), significantly improves the quality of the
Gaussian Representation. With a better Gaussian quality,
GWM can better capture both spatial details and semantic
context. The superior performance on the downstream tasks
also confirms the effectiveness of the /st stage.

Gaussian Representation. As shown in Tab. 5, full GWM
model outperforms the baseline (GWM w/ FBOCC, which
uses a voxel-based representation), in both forecasting and
planning (10.12% vs 8.97%, 1.13m vs 1.27m). These gains
underscore how a probabilistic Gaussian framework more ef-
fectively captures uncertainties and variabilities in the scene,
thereby enhancing both occupancy prediction and motion
planning. Moreover, Gaussian representation endows GWM
with a robust ability to generate collision-free trajectories,
even in rapidly changing scenarios, reaffirming the merit of
modeling uncertainty through a Gaussian prior.

LiDAR Data. When replacing LiDAR inputs with SfM pri-
ors (Tab. 5), performance degrades across all metrics: the
mloU metric drops by 1.51% (10.12%—8.61%) while L2
error increases by 0.08m (1.13m—1.21m). This gap stems
from LiDAR’s unique capability to preserve structural fi-
delity — its millimeter-level depth precision and dense spatial
sampling enable robust 3D scene understanding that camera-
derived priors fundamentally cannot match. SfM initializa-
tion proves constrained by its sparser points and cumulative
structural errors from sequential image matching.
Semantic Map. In Tab. 5, the majority of performance
gains stem from the introduction and design of the Gaus-
sian representation. Semantic Map contributes only minor
improvements, serving as an auxiliary component.
Additional Analyses. For ablation analyses of simulator and
planner, please refer to §C.1 and §C.2 in the supplementary.

5. Conclusion

In conclusion, our study introduces GWM, a new method
that integrates Gaussian priors with voxel-based world mod-
els to advance 3D reconstruction and motion prediction in
autonomous driving. Utilizing LiDAR data and Gaussian
splatting techniques, GWM enhances scene fidelity, dynam-
ically modeling uncertainty and capturing elements. By
incorporating a spatiotemporal model and an uncertainty-
aware planner, our GWM accurately predicts future scene
evolutions and vehicle trajectories. Tested extensively on
the nuScenes dataset, GWM outperforms the baselines in
both semantic understanding and trajectory forecasting. This
method not only improves the precision and reliability of au-
tonomous systems but also sets a new benchmark for world
models in autonomous driving by providing more robust and
accurate modeling of dynamic environments.
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