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Abstract

World models are critical for autonomous driving to simulate environmental dy-
namics and generate synthetic data. Existing methods struggle to disentangle
ego-vehicle motion (perspective shifts) from scene evolvement (agent interactions),
leading to suboptimal predictions. Instead, we propose to separate environmen-
tal changes from ego-motion by leveraging the scene-centric coordinate systems.
In this paper, we introduce COME: a framework that integrates scene-centric
forecasting Control into the Occupancy world ModEl. Specifically, COME first
generates ego-irrelevant, spatially consistent future features through a scene-centric
prediction branch, which are then converted into scene condition using a tailored
ControlNet. These condition features are subsequently injected into the occupancy
world model, enabling more accurate and controllable future occupancy predic-
tions. Experimental results on the nuScenes-Occ3D dataset show that COME
achieves consistent and significant improvements over state-of-the-art (SOTA)
methods across diverse configurations, including different input sources (ground-
truth, camera-based, fusion-based occupancy) and prediction horizons (3s and
8s). For example, under the same settings, COME achieves 26.3% better mIoU
metric than DOME [4] and 23.7% better mIoU metric than UniScene [11]. These
results highlight the efficacy of disentangled representation learning in enhanc-
ing spatio-temporal prediction fidelity for world models. Code is available at
https://github.com/synsin0/COME.

1 Introduction

World models are designed to discern the current state of the environment and predict subsequent
states based on executed actions. This predictive ability of world models not only enables the
assessment of decision-making consequences but also facilitates the generation of synthetic data,
which serves as a crucial resource for training, testing, and simulation in autonomous systems.
Consequently, world models have emerged as a focal point of research in the field of autonomous
driving, garnering substantial attention from both academia and industry.

The synthetic data generated by world models can take various forms to represent future scenes.
These include 2D videos [6, 11, 24, 25], 3D lidar point clouds [1, 9, 11, 31, 37], and 3D occupancy
grids [35, 8, 4, 33, 27, 11, 29, 26]. Irrespective of the representation format, the changes in the
appearance of future scenes predicted by world models are predominantly governed by two key factors:
1) Ego-vehicle motion: The movement of the autonomous vehicle alters its viewing perspective,
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Figure 1: COME with both scene-centric and ego-centric representation. Compared to ego-centric
evolution, scene-centric prediction shows smaller gap in the context of temporal evolution. COME
uses scene-centric prediction results as an important guidance to enhance occupancy world model.
leading to dynamic changes in perceived spatial features (e.g., perspective shifts, occlusions). 2)
Scene evolvement: Natural changes in the environment, such as agent interactions (e.g., pedestrian
movements, vehicle collisions) and background updates (e.g., traf�c light changes, weather variations).
Notably, these two sources of change exhibit distinct characteristics. In a wide range of real-world
scenarios, the background environment may remain relatively stable, with minimal changes over
time (see Fig. 1). Instead, it is the motion of the ego-vehicle and the resulting shifts in the viewing
perspective that contribute signi�cantly to the dynamic changes in the world model's representation.

State-of-the-art (SOTA) world models, however, rely on neural networks to implicitly learn the
intertwined effects of these factors, often resulting in suboptimal spatial consistency. As a case study,
the SOTA model DOME [4] achieves an average 27.10 mIoU for 3-second occupancy prediction using
ground-truth trajectories. In contrast, when predictions are formulated in a scene-centric coordinate
system (where static backgrounds are decoupled from ego motion), a vanilla U-Net achieves 39.12
mIoU—a 44% improvement. This disparity underscores the critical lack of explicit control over
spatial consistency in existing methods, motivating the need for disentangled representation learning.

To address this, we propose COME, a three-stage framework that leverages scene-centric coordinates
to separate ego motion from scene dynamics (see Fig. 2): 1) Pose-conditioned generative diffusion
stage: A diffusion-based model with spatiotemporal Diffusion Transformer generates future occu-
pancy maps by iteratively denoising future occupancy latents, using historical occupancy latents and
pose or BEV layouts as conditional inputs. 2) Fixed-view forecasting stage: By transforming past
and future frames into a common coordinate system, this stage mitigates ego-motion effects, enabling
non-interactive occupancy prediction without explicit scene �ow estimation. 3) Forecasting guided
diffusion stage: The COME ControlNet design acts as the core mechanism, transferring knowledge
from �xed-view forecasts to variable-view generation. Structured as a trainable copy of the generative
model's �rst half, the ControlNet injects scene-centric condition features into the latter half via skip
connections, enhancing generative realism and temporal consistency.

We test under multiple con�gurations on nuScenes dataset and Waymo open dataset, and COME
outperforms SOTA baselines by signi�cant margins, with scene-centric settings demonstrating the
largest gains. Key contributions include: 1) A divide-and-conquer strategy for occupancy world
models, decomposing complex spatio-temporal prediction into ego-motion-agnostic and scene-
dynamic components; 2) COME ControlNet, which leverages scene-centric forecasts as guidance
to improve generative �delity and spatial consistency; 3) Empirical validation of disentangled
representation learning, establishing new state-of-the-art performance on a challenging autonomous
driving benchmark.

2 Related Works

2.1 World Model in Autonomous Driving

Visual world models [6, 24, 25] leverage 2D video representations, offering great scalability due
to the easy accessibility of camera data. However, the lack of 3D geometry understanding limits
their �delity in autonomous driving applications. In contrast, LiDAR-based representation [1, 9,
11, 31, 37] provides rich geometric comprehension but falls short in semantic-aware generation.
Recently, occupancy representation [35, 8, 4, 33, 27, 11, 29, 26] have emerged as a compelling
alternative for world modeling, due to their ability to encode both geometric and semantic information
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simultaneously. Occupancy as intermediate representation also serves as strong geometric prior
condition for downstream generation of driving videos[28] and LiDAR point clouds[11].

Some occupancy-based approaches [30, 33] leverage occupancy �ow to forecast future scenarios.
While achieving promising results, they often depend on additional annotations and struggle to
produce imaginative predictions. Recent works have shifted toward generative frameworks [35, 4, 27,
26]: for example, OccWorld [35] employs a two-stage pipeline, �rst tokenizing occupancy with a
VQ-VAE [23] and then predicting ego motion and scene evolution autoregressively. Inspired by the
success of large language models, some works [27, 26] further enhance the model interpretability
during generation. Recent methods [4, 11] employ diffusion transformers (DiTs), demonstrating
strong generative capabilities for world modeling. In this work, we similarly adopt the DiT paradigm
while introducing control features inspired by ControlNet [34] — a pioneering framework for
conditional generation in 2D images using multi-modal inputs (e.g., depth maps, edges, or sketches).
By incorporating explicit control signals, our method achieves superior spatial consistency and
prediction accuracy, establishing new state-of-the-art performance for occupancy world models.

2.2 4D Occupancy Forecasting

Occupancy world models and 4D occupancy forecasting methods share a common paradigm of
predicting future occupancy states. The key distinction is that occupancy forecasting typically targets
short-term scene evolution and does not involve predicting future ego trajectories. Occ4Cast [15] and
Cam4DOcc [17] establish LiDAR-based and camera-based benchmarks, respectively, and propose
baseline models using temporal recurrent networks such as ConvLSTM [19]. To address the high cost
of 4D occupancy annotation, 4D-Occ-Forecasting [10] leverages future point clouds as proxies for
future occupancy and employs differentiable depth rendering for self-supervised learning. Building
upon this, Vidar [32] and UnO [2] introduce latent rendering and continuous 4D �elds, respectively,
to further enhance self-supervised learning for 4D occupancy prediction and related downstream
tasks. In our work, the scene-centric prediction module adopts a similar paradigm to 4D occupancy
forecasting - predicting future occupancy while explicitly factoring out the in�uence of ego trajectory.
This design establishes a spatially consistent control prior that effectively guides the learning process.

3 Methodology

This section presents our COME, a framework that integrates scene-centric forecastingControl into
theOccupancy worldModEl. We detail the three main components of COME (illustrated in Fig. 2)
in Secs. 3.1 to 3.3. Finally, Sec. 3.4 describes the training objectives and the overall training pipeline.

3.1 Occupancy World Model

We �rst describe our modi�ed baseline world model, which is capable of performing the generation
task independently. Following DOME [4], our model leverages diffusion Transformers (DiTs) for the
superior �ne-grained and imaginative generation compared to auto-regressive counterparts [35, 4, 27,
26]. Given historical observationsx1:t , ego-vehicle statesp1:t and other possible inputs (e.g., BEV
layouts), the occupancy world model predicts future occupancyx̂ t +1: t + � while optionally forecasting
future trajectorieŝpt +1: t + � . We treat future trajectories — whether ground-truth or predicted by a
planning module — as available inputs for the generative model for two key reasons: (1) It ensures
comparability with existing methods, since some directly generate with ground-truth trajectories
while others predict by themselves. (2) It enables trajectory-conditioned generation, which is essential
for world models to produce diverse and controllable outputs.

Our model architecture comprises two principal components. The �rst is a collection of input
encoders that transform historical observations into compact representations for ef�cient processing
during the diffusion stage. We adopt the trajectory encoder from DOME [4] to encode trajectories,
and apply a max-pool layer for BEV layouts when available. For the occupancy data, we utilize
a Occupancy Variational Auto-Encoder (Occ-VAE) consisting of an encoder networkq� (zjx) and
a decoder networkp� (x jz). Given input occupancyx 2 R H � W � D , q� (zjx) encodes it into a
continuous latent variablez � q� (zjx). Conversely,p� (x jz) is able to reconstruct the occupancy
from the latent variable. This design enables the Occ-VAE to compress high-dimensional occupancy
data into a compact latent space, facilitating more ef�cient processing in the generative model.
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Figure 2: The proposed COME framework comprises three main modules: (1) anOccupancy World
Model that predicts future occupancy using historical observations and other inputs (e.g., poses, time
steps, BEV layouts); (2) aScene-centric Forecasting Modulethat produces spatially consistent
scene predictions by eliminating the in�uence of ego motion; and (3) theCOME ControlNet which
converts the scene conditions from the forecasting module into control features that are subsequently
injected into the world model for controllable and geometrically coherent occupancy generation.

The second component is the spatial-temporal Diffusion Transformer modi�ed from the DOME [4],
which consists of alternating stacked spatial and temporal layers. To reserve interface for later feature
conditioning, we introduce skip connections between every early and late layer pair, similar to the
architectural designs in UNet [18] and HunyuanDiT [13]. For example, the last spatial block takes
the �rst spatial block as a skip input. For each block in the second half, the input and the skip are
concatenated in channel dimension and undergo a simple MLP for feature fusion.

The model processes latent features encoded from occupancy data, along with optional inputs, e.g.
BEV layouts if available. Trajectories are converted into trajectory condition and injected into each
spatial-temporal block, enabling trajectory-aware generation. In the end, the outputs are decoded
throughq� (zjx) into occupancy predictions conditional to various future time steps and ego poses.

3.2 Scene-centric Forecasting Module

Future occupancy prediction represents a complex spatial-temporal modeling challenge that re-
quires reasoning about two key factors: (1) the natural evolution of the scene (e.g., moving objects,
infrastructure changes), and (2) the planned trajectory of the ego-vehicle. Our foundation world
model described in Sec. 3.1 treats the future trajectory as a condition but has limited understanding
of the inherent nature of scene evolution, leading to spatially inconsistent scene evolution in the
generated occupancy — a limitation also con�rmed in later experiments. To address this, we pro-
pose a scene-centric forecasting module that produces more coherent scene evolution and generates
scene-conditioned inputs for the world model.

In practice, the scene exhibits relatively smaller changes when represented in a uni�ed coordinate
frame compared to an ego-centric occupancy representation. In Occ3D-nuScenes, static voxels
account for over 92.7% of all occupied voxels, suggesting that forecasting the scene in a shared
coordinate system simpli�es the task without requiring complex designs. In our implementation, we
�nd that a simple UNet [18] suf�ces for high-quality future predictions, where the skip connections
effectively preserve static voxels, while the multi-scale structure captures dynamic elements.

To generate module inputs, we transform the historical occupancy sequencex1:t into a uni�ed
coordinate frame at timestampt. Each framex i is transformed using ego-vehicle states:x0

i =
T(x i ; pi ; pt ) for i = 1 ; 2; � � � ; t. This transformation is implemented by initializing an empty
grid x0

i 2 RD � H � W and populating each voxel via nearest-neighbor sampling fromx i , using
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the coordinate transformation frompt to pi . The resulting aligned sequencex0
1:t is stacked into a

Dt � H � W tensor, which serves as the module input.

Subsequently, our UNet produces an output tensor of dimensionsD� � H � W, which is decoded
to obtain the future occupancy sequenceŷ 0

t +1: t + � . These predictions, formulated in the coordinate
frame of ego-posept , are then transformed to the vehicle's future poses viaŷ i = T(ŷ 0

i ; pt ; pi ). Each
resulting occupancŷy i is encoded by the Occ-VAE encoder, producing the �nal scene conditions
zi = q� (zjŷ i ), for i = t + 1 ; t + 2 ; � � � ; t + � .

3.3 COME ControlNet

The COME ControlNet, which encodes scene conditionsf zi g�
i =1 2 RC � H 1 � W 1 into implicit control

features, consists ofN blocks inspired by HunyuanDiT[13]. As shown in Fig. 2, the �rstN=2 blocks
are trainable copies of the corresponding spatial-temporal blocks from the occupancy world model,
while the remaining blocks are the zero convolution layers. Each of these layers outputs control
featuref cn

i g�
i =1 2 RC � H 1 � W 1 for n = N=2 + 1; � � � ; N , where� denotes the number of future

frames, andC; H1; W1 represent the channel depth, height, and width dimensions, respectively.

However, we observe thatf cn
i g�

i =1 is not directly suitable as a control prior for world model. This
limitation arises because the forecasting module, due to its simple structure, lacks suf�cient capacity
for imagining future states. Consequently, its predictions in historically unobserved regions may
bring noise, degrading the world model's generative performance — a �nding corroborated by late
experiments. Thus, �ltering unreliable features from control features is crucial for robust generation.

To address this, we propose a visibility-aware masking strategy based on 3D spatial relationships.
For each future timestampi 2 f t + 1 ; t + 2 ; � � � ; t + � g, we �rst trace the root source of the control
featurecn

i , namely thêy i predicted by the scene-centric forecasting module. We then construct
a binary voxel maskm i 2 RD � H � W , where a value of 1 indicates that the corresponding voxel
center inŷ i is observable in historical occupancy data, and 0 otherwise. This allows us to derive an
invisibility maskM i 2 RH 1 � W 1 that quanti�es the reliability of each spatial feature incn

i :

M i (h; w) = I

0

@ 1
D � � h � � w

DX

d=1

( h +1) � � hX

u = h � � h

( w +1) � � wX

v = w � � w

m i (d; u; v) < "

1

A ; (1)

where� h = H=H 1; � w = W=W1 and" is a pre-de�ned threshold. In practice we set" = 0 :5. The
I is an indicator function to check whether proportion of historically observed voxels within each
pillar (corresponding to feature location (h, w) incn

i ) is large enough. Then, we suppress unreliable
features via element-wise multiplication:cn

i  cn
i � M i . Finally, these re�ned control features are

injected into the world model through residual addition at corresponding layers, ensuring robust and
controllable generation. The control features are added to skip features and concatenated together to
the input features for each blocks in the second half of the world model.

3.4 Training Pipelines

Inspired by ControlNet [34], we employ a multi-stage training pipeline as (1) Instage 1, the occupancy
world model is trained with con�gurations introduced in DOME [4]. This stage establishes a strong
foundational occupancy generation ability. (2) Instage 2, we train the UNet-based forecasting module
using a simple cross-entropy loss. (3) Instage 3, we freeze all other modules and exclusively train
the parameters of ControlNet. Our multi-stage training strategy not only optimizes training ef�ciency
but also ensures controllable generation, as demonstrated in our ablation studies.

4 Experiments

We elaborate our experimental settings in Sec. 4.1, the quantitative and qualitative results of the
proposed COME framework in Secs. 4.2 and 4.3, and extensive ablation studies in Sec. 4.4.

4.1 Experimental Setup

Dataset and metricsMost experiments are conducted on the widely used Occ3D-nuScenes[22]
benchmark, which offers 3D occupancy labels for 18 categories based on the large-scale nuScenes[3]
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Table 1:4D occupancy generation performance under various settings.Each setting varies in
terms of input modality and whether the ego trajectory (ego traj.) is predicted (Pred.) by a planning
module or provided as ground truth (GT). “Avg." indicates the average performance across 1s, 2s,
and 3s horizons. The best performance in each setting is highlighted in bold.

Method Input Ego traj. mIoU (%) " IoU (%) "
1s 2s 3s Avg. 1s 2s 3s Avg.

OccWorld-D [35] Camera Pred. 11.55 8.10 6.22 8.62 18.90 16.26 14.4316.53
OccWorld-T [35] Camera Pred. 4.68 3.36 2.63 3.56 9.32 8.23 7.47 8.34
OccWorld-S [35] Camera Pred. 0.28 0.26 0.24 0.26 5.05 5.01 4.95 5.00
OccWorld-F [35] Camera Pred. 8.03 6.91 3.54 6.16 23.62 18.13 15.2218.99
OccLLaMA [26] Camera Pred. 10.34 8.66 6.98 8.66 25.81 23.19 19.9722.99
OccVAR [8] Camera Pred. 17.17 10.38 7.8211.79 27.60 25.14 20.3324.35
DFIT-OccWorld [33] Camera Pred. 13.38 10.16 7.9610.50 19.18 16.85 15.0217.02
Occ-LLM-S [27] Camera Pred. 11.28 10.21 9.1310.21 27.11 24.07 20.1923.79
RenderWorld-S [29] Camera Pred. 2.83 2.55 2.37 2.58 14.61 13.61 12.9813.73
COME (Ours) Camera Pred. 25.57 18.35 13.4119.11 45.36 37.06 30.4637.63

DOME [4] Camera GT 24.12 17.41 13.2418.25 35.18 27.90 23.4428.84
COME (Ours) Camera GT 26.56 21.73 18.4922.26 48.08 43.84 40.2844.07

Copy&Paste [35] 3D-Occ Pred. 14.91 10.54 8.5211.33 24.47 19.77 17.3120.52
OccWorld [35] 3D-Occ Pred. 25.78 15.14 10.5117.14 34.63 25.07 20.1826.63
OccLLaMA [26] 3D-Occ Pred. 25.05 19.49 15.2619.93 34.56 28.53 24.4129.17
OccVAR [8] 3D-Occ Pred. 27.96 21.75 16.47 22.06 38.73 29.50 24.8631.03
RenderWorld [29] 3D-Occ Pred. 28.69 18.89 14.8320.80 37.74 28.41 24.0830.08
Occ-LLM [27] 3D-Occ Pred. 24.02 21.6517.29 20.99 36.65 32.14 28.7732.52
DFIT-OccWorld [33] 3D-Occ Pred. 31.68 21.29 15.1822.71 40.28 31.24 25.2932.27
COME (Ours) 3D-Occ Pred. 30.57 19.91 13.3821.29 36.96 28.26 21.8629.03

DOME [4] 3D-Occ GT 35.11 25.89 20.2927.10 43.99 35.36 29.7436.36
COME (Ours) 3D-Occ GT 42.75 32.97 26.9834.23 50.57 43.47 38.3644.13

UniScene-Fore [11] 3D-Occ(2f),Box,Map GT 35.37 29.59 25.0831.76 38.34 32.70 29.0934.84
COME (Ours) 3D-Occ(2f),Box,Map GT 45.98 38.57 33.2839.28 52.11 46.73 42.6547.16

dataset. The annotations cover a spatial range of [-40m, -40m, -3.2m, 40m, 40m, 3.2m] with a voxel
resolution of [0.4m, 0.4m, 0.4m], resulting in a200� 200� 16voxel grid per frame. The dataset is
split into 700 training, 150 validation, and 150 test driving sequences, each lasting 20 seconds.

We also use Occ3D-Waymo[22] benchmark based on the Waymo Open Dataset[21] (WOD), which
has 3D occupancy labels for 16 categories. The spatial range and voxel resolution are the same as
on nuScenes dataset. The dataset is split into 798 training and 202 validation driving sequences. To
align with the task settings on nuScenes, we down-sample to select one frame every 0.5 seconds.

We adopt geometric Intersection over Union (IoU) and semantic mean Intersection over Union
(mIoU) as evaluation metrics. Results are reported at each future timestamp, along with the average
performance over all timestamps on the validation set, in line with previous works.

Implementation details. Unless otherwise speci�ed, our world model predicts future occupancy
over a 3-second horizon at 2 frames per second, conditioned on 4 frames of historical occupancy
data, following the protocol established in OccWorld [35]. As outlined earlier, the COME framework
is trained in multiple stages: (1)Diffusion-based World Model.We adopt the pre-trained Occ-VAE
from DOME [4] and train the diffusion-based world model for 2000 epochs with a total batch size
of 128 and a learning rate of 2e-4. (2)Scene-centric Forecasting Module.This module is trained
for 12 epochs using a total batch size of 32 and the CBGS resampling strategy [36]. (3) COME
ControlNet.This component is trained for 1000 epochs with a total batch size of 64. All models are
trained on 4 H20 GPUs and use a learning rate of 1e-4 is not stated speci�cally. Please refer to the
supplementary materials for additional implementation details, including network architectures and
statistics, training hyperparameters, and planning trajectory con�gurations.

4.2 Quantitative Evaluation

Main results on Occ3D-nuScenes.In the occupancy world modeling domain, existing methods
differ signi�cantly in their experimental setups. To enable a fair and comprehensive comparison, we
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Table 2: Comparisons of 4D occupancy forecasting performance between DOME and different stages
of COME on Occ3D-Waymo dataset.

Method
mIoU (%) " IoU (%) "

1s 2s 3s Avg 1s 2s 3s Avg

DOME 31.62 24.82 19.6525.36 51.24 43.17 37.4743.96
COME Stage 1: World Model 34.45 26.28 22.5027.74 51.16 43.24 38.4444.28
COME Stage 2: Scene-Centric Forecasting47.37 40.8536.31 41.51 59.69 52.27 45.6052.52
COME Stage 3: ControlNet 39.85 34.65 30.5835.03 55.53 50.09 45.5350.38
COME+ Stage 3: ControlNet 47.29 40.8036.44 41.51 60.63 53.98 48.6254.41

adapt our proposed COME framework to match these various settings and report the main results in
Tab. 1.

The �rst setting uses camera images as input and predicted ego trajectories from a planning module.
In this case, we employ a modi�ed BEVDet [7] to convert camera inputs into occupancy predictions.
Among prior works, OccVAR previously achieved the best performance with an average mIoU of
11.79 and an average IoU of 24.35. In contrast, our COME achieve 19.11 mIoU and 37.63 IoU,
signi�cantly surpassing the previous best results by 62.1% and 54.5%, respectively.

When ground-truth ego trajectories are used with the same camera input, our method further improves
performance to 22.26 mIoU and 44.07 IoU, with gains of 3.15 and 6.44, respectively. In this setting,
our method also outperforms the state-of-the-art DOME by a signi�cant margin 22.0% in mIoU and
34.6% in IoU, highlighting the robustness of COME.

In the third setting, we adopt ground-truth occupancy inputs but use predicted ego trajectories.
Here, the best prior mIoU (22.71) is achieved by DFIT-OccWorld, while the highest IoU (32.52)
is obtained by Occ-LLM. It is noteworthy that both methods incorporate additional cues such as
occupancy �ow or language information into their frameworks. In comparison, our COME, despite
relying solely on trajectory conditioning without such external information, still achieves competitive
results of 21.29 mIoU and 29.03 IoU. We hypothesize that the slightly lower performance is due to
COME's strong dependency on trajectory input: since it generates occupancy strictly conditioned on
predicted trajectories, it may be more sensitive to planning errors. We further validate the hypothesis
in the ablation study. Nevertheless, our method remains among the top-performing approaches,
demonstrating its effectiveness even in this challenging setup.

Under the con�guration with both ground-truth occupancy and ground-truth trajectories, COME
achieves 34.23 mIoU and 44.13 IoU, showing strong performance when free from upstream prediction
errors. COME outperforms the state-of-the-art DOME by 26.3% in mIoU and 21.3% in IoU.
Furthermore, with BEV layouts, COME's performance increases further to 39.28 mIoU and 47.16
IoU. COME outperforms the state-of-the-art UniScene-Fore by 23.7% in mIoU and 35.4% in IoU.

Results on Occ3D-Waymo. On Occ3D-Waymo, we retrain OCC-VAE, UNet[18], DOME[4],
COME world model, and COME ControlNet on Occ3d-Waymo, initializing from nuScenes-trained
components to save cost and time, with unchanged model sizes and training schedules.

We report the default COME model and a COME variant (COME+) with the same structure and
with stronger geometric controls from the scene-centric forecasting module, differing by additionally
replacing noisy BEV latents with UNet-encoded latents in future visible areas during denoising.

The Occ-VAE reconstruction quality on Occ3D-Waymo ismIoU = 74:88andIoU = 82:57.

The results of Occ3D-Waymo are shown in Table 2. our reproduced DOME achieves similar
performance as in nuScenes dataset. COME world model has marginally better performance with
DOME by 2.38 mIoU and 0.32 IoU. Scene-centric forecasting module outperforms the generative
world model by a large margin (63% mIoU and 19.5% IoU). COME achieves 38.1% better mIoU and
14.6% better IoU compared to DOME[4]. COME+, which relies more heavily on condition features,
maintains the same 3-s average mIoU with Scene-centric Forecasting module and further improves
3-s average IoU to 23.7% improvement.
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Table 3:Long-term 4D occupancy generation performance.Ground-truth 3D occupancy and
trajectories are used as inputs. The best results are highlighted in bold. “Avg." denotes the average
performance over the 1 second to 8 second horizon.

Method mIoU (%) "
1s 2s 3s 4s 5s 6s 7s 8s Avg.

DOME [4] 30.10 21.35 17.36 14.86 12.61 11.03 10.00 9.3415.83
COME (Ours) 33.78 24.57 21.35 18.25 15.84 13.85 12.99 11.9619.07

Method IoU (%) "
1s 2s 3s 4s 5s 6s 7s 8s Avg.

DOME [4] 39.04 31.20 27.14 24.73 22.32 20.28 19.05 17.9725.21
COME (Ours) 44.20 36.25 32.86 30.03 26.93 24.70 23.30 21.4429.96

Table 4:Model performance in various stages.Here, “Visible”, “Invisible” and “All” refer to voxels
that are observed, unobserved, and the total set of voxels based on historical occupancy, respectively.

Model Input mIoU (%) " IoU (%) "
Visible Invisible All Visible Invisible All

Stage1: World Model 3D-Occ (4f) 25.68 5.81 23.58 35.96 13.60 32.61
Stage2: Scene-Centric Forecasting 3D-Occ (4f) 42.74 0.09 39.12 55.08 0.31 48.00
Stage3: ControlNet 3D-Occ (4f) 40.06 5.56 34.23 51.12 14.95 44.13

Stage1: World-Model 3D-Occ(2f),Box,Map 32.92 11.74 30.0439.52 16.20 35.43
Stage2: Scene-Centric Forecasting 3D-Occ(2f) 41.65 0.08 37.93 54.50 0.27 47.18
Stage3: ControlNet 3D-Occ(2f),Box,Map 42.75 14.85 39.2852.78 20.48 47.16

Long-term Occupancy GenerationThe ability to generate long-term predictions is crucial for world
models, particularly in the context of autonomous driving. To evaluate this capability, we extend the
prediction horizon from 3 seconds to 8 seconds and present the results in Tab. 3. Our method, COME,
consistently outperforms baselines across all timestamps and on average, for both mIoU and IoU
metrics. Speci�cally, COME achieves average mIoU and IoU scores of 19.07 and 29.96, surpassing
DOME by 20.5% and 18.8% respectively.

We further discuss in the supplementary material that the best practice of masking strategy for
balancing quantitative and qualitative results is to pose the invisibility mask on control features.

4.3 Qualitative Results

Fig. 3 presents visualizations comparing ground-truth occupancy with predictions from DOME and
our method. We observe that DOME suffers from object category inconsistency (top example) and
sudden object disappearance (bottom example). In contrast, COME produces results with improved
spatial consistency, highlighting the ef�cacy of the scene condition injection. Additional qualitative
results, including analyses of input variants, model architectures, and component contributions, are
provided in the supplementary material for comprehensive evaluation.

4.4 Ablation Study

Model performances across various stages.In Tab. 4, we analyze the predicted occupancy across
our three stages, evaluating visible, invisible, and all voxels. Consistently, the world model performs
better in previously invisible areas, while scene-centric forecasting excels in observed regions. This
validates our motivation: the generative world model exhibits strong imaginative capabilities but
under-utilizes the 3D spatial consistency of the driving scene. In contrast, scene-centric forecasting
achieves high accuracy in observed areas but lacks generative �exibility, limiting its imagination
applicability to novel-view synthesis under diverse trajectories.

In the third stage, we leverage the ControlNet to combine the strengths of the two modules. Stage
three model signi�cantly improves performance in invisible regions compared to the forecasting
module. Although the overall mIoU experiences a slight decline, the model gains imaginative
capabilities and broader adaptability. With extra BEV layout inputs, COME demonstrates further

8



Figure 3: Qualitative results of 3-s 4D occupancy generation.

enhanced generation of invisible scenes and achieves the best overall performance. These results
showcase the effectiveness of our proposed framework.

Effects of training setups. Tab. 5 presents an ablation study on different training con�gurations
within the proposed COME framework. We �rst train ControlNet with and without freezing the world
model in the �nal stage, and present the results in Tab. 5a. It can be observed that training ControlNet
while keeping the world model frozen yields signi�cantly better results, con�rming the importance of
aligning with the �ne-tuning strategy validated in the original ControlNet [34] paper.

In Tab. 5b, we explore two model sizes for both the generative model and its corresponding Control-
Net. Across both settings, the introduction of ControlNet consistently improves performance by a
substantial margin. These gains are particularly pronounced under limited computational budgets,
where mIoU increases from 7.78 to 32.00 and IoU from 18.14 to 42.03 — surpassing even the
standalone world model with 1375.4 GFLOPS. These results demonstrate that integrating ControlNet
signi�cantly enhances the generative capability of the model even if the generation model is small.

Effects of inference setups.In Tab. 6, we investigate how different inference con�gurations affect
model performance. We begin by analyzing the impact of the number of denoising steps during
the diffusion process, as shown in Tab. 6a. Increasing the number of steps consistently improves
generative performance. The results indicate a clear positive correlation between performance and
the number of denoising steps, with satisfactory results achieved when performing at least 10 steps.

Next, we examine model performance using different sources of predicted occupancy and trajectories.
In Tab. 6b, we replace ground-truth occupancy with predictions from a vision-only model, BEVStereo
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