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Supplementary Material

1. Implementation Details of Tri-Plane VAE

In our tri-plane VAE, we first apply a 3D convolution fil-
ter g, to downsample the occupancy O € R#*WxD into a
feature volume S € RM*wxdxC where £ = W — D — 4
and C' = 64. We then decompose S into three latent planes
Z;Ey c thwxc’ V4 e c RdeXC, and Z c thdxc.
For the occupancy resolution in Occ3D—NuScenes [7], we
have H = 200, W = 200, and D = 16, resulting in
S e R50x50x4><64’ Z:Ey c R50X50X64, Zyz c R50X4X64,
and Z,, € R59%4x64 To ensure that the tri-plane latent
representation can be easily processed by the subsequent at-
tention module, we concatenate the three latent planes into
a unified feature Z € R50%58x64 a5 shown in Figure 1. In
contrast, previous works such as OccWorld [9], DOME [5],
and I2-World [6] typically compress the occupancy into a
BEV feature of shape R%0*59%128 = Thus, our latent tri-
plane representation occupies only
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of the size used in previous methods, while still achiev-
ing superior occupancy reconstruction performance (86.15
mloU and 75.53 IoU). The superior performance and effi-
ciency of our method primarily stem from the fact that our
latent representation is more 3D-aware, rather than com-
pressing the full 3D occupancy into a 2D BEV feature as
in previous BEV-based approaches. Our compact latent
representation also greatly reduces the parameter count of
the subsequent occupancy prediction module, enabling our
occupancy world model to achieve state-of-the-art perfor-
mance while using only 3.4M parameters. We train our tri-
plane VAE for 210 epochs with a dropout rate of 0.5. By
epoch 140, the model already reaches 83.34 mloU, and ad-
ditional training further improves performance. The VAE
can be trained very efficiently, requiring only 6 hours on 8
x 48GB GPUs.

2. Details of 4D Occupancy Forecasting

We adopt an encoder—decoder design similar to that of I2-
World [6] for occupancy forecasting. In our encoder, we
propose the Mutual Control Attention (MCA), which iter-
atively injects information between the occupancy latent (a
tri-plane) and the control latent. We then apply a shallow
MLP, referred to as the transformation head, to transform
the control latent into a representation used for interme-
diate supervision, as described in Eq. 8 of the main sub-
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Figure 1. Concatenated Tri-Plane Feature. To make tri-plane
representation more suitable for the following processing, we con-
catenate three planes to get a unified feature representation.

mission. We also fuse the latent tri-plane with this trans-
formed latent using cross-attention. This fusion design al-
lows different regions of the tri-plane latent to be influenced
by the transformed control latent to varying degrees. The
fused latent tri-plane is then fed into the subsequent spatial—
temporal blocks. More precisely, the “spatial” component
corresponds to self-attention applied within the latent tri-
plane itself, while the “temporal” component concatenates
the previous k latent tri-planes with the current one along
the channel dimension, followed by an MLP that projects
the concatenated channels from (k + 1)C back to C. The
output latent tri-plane is passed to the tri-plane VAE decoder
to obtain the predicted occupancy for the next timestep.

3. Qualitative Comparison on Forecasting

We also provide a qualitative comparison with previous
methods, including OccWorld [9], DOME [5], and I 2.
World [6], in Figure 4. We use bounding boxes to highlight
the main differences between each method and the ground
truth. Two scene examples are shown in Figure 4. For the
first scene, OccWorld produces an unreasonable road sur-
face, DOME diminishes vehicles in its forecasting results,
and I2-World predicts inaccurate occupancy compared to
the ground truth. In contrast, our method provides physi-
cally reasonable forecasts, particularly in capturing the dy-
namics of driving vehicles (blue and occupancy).
We further highlight that only our method consistently pre-
dicts pedestrians (red occupancy) across different timesteps,
whereas the comparative methods tend to lose this detail as
the timestep increases. In the second scene, the methods
need to forecast the driving behavior of the truck (purple
occupancy). OccWorld gradually deforms the truck, result-
ing in an unnatural shape in later predictions. In DOME’s



Table 1. Reconstruction and Forecasting Performance Change
in End-to-End Training. ‘R’ denotes reconstruction and ‘F’ de-
notes forecasting. As the number of training epochs increases,
forecasting performance gradually improves, whereas reconstruc-
tion performance decreases.

Epoch | R.mloU R.IoU ‘ F. mloU F. IoU
0 86.15 75.53 39.79 50.46
4 73.89 66.39 41.64 50.71
8 73.05 65.06 42.36 51.47
12 71.31 63.65 42.53 51.71
16 70.07 63.13 42.59 51.80
20 68.31 62.32 42.49 51.76
24 67.89 62.33 42.43 51.80

prediction, the truck eventually vanishes. I2-World fails to
model a reasonable driving trajectory and ultimately pro-
duces an unrealistically elongated truck. In contrast, our
method predicts the correct driving behavior and maintains
consistent truck geometry across timesteps. It is also im-
portant to note that, in our prediction results, the right-turn
behavior of the following truck is reasonable, as the pre-
vious observations do not provide sufficient guidance for
predicting a straight trajectory.

4. End-to-End Training of Occupancy World
Model

At first, we freeze the tri-plane VAE and train the predic-
tion module for 48 epochs. We then unfreeze all param-
eters of both the VAE and the prediction module and per-
form end-to-end training for an additional 24 epochs. Dur-
ing end-to-end (E2E) training, we observe that the forecast-
ing performance increases while the reconstruction perfor-
mance decreases. The detailed performance changes during
end-to-end training are reported in Table 1. As shown in
the table, forecasting accuracy reaches its peak at epoch 16
and then begins to degrade, mainly due to overfitting. To
further illustrate the effect of E2E training, we provide a
qualitative comparison in Figure 5. As shown in the fig-
ure, after E2E training, our method can accurately forecast
pedestrians, whereas the variant without E2E training often
removes pedestrians in its predictions. Moreover, with E2E
training, our occupancy world model better preserves the
consistency of roadway features during forecasting. Addi-
tionally, E2E training helps the model predict vehicle dy-
namics more precisely, while the variant without E2E tends
to cause vehicles to vanish in the prediction results. These
results demonstrate that E2E training contributes to better
detail preservation and more accurate forecasting. To il-
lustrate the effect of end-to-end training on the comparison
methods DOME [5] and I2-World, we present their fore-
casting results before and after E2E training in Figure 6. As
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Figure 2. Comparison of Video Generation Efficiency. We
compare our method with previous approaches in terms of train-
ing time, number of GPUs used for training, inference time, and
VRAM consumption during inference.

Table 2. Comparison of Generation Resolutions. Vista and
Epona can generate only single-view driving videos, whereas
MagicDrive-V2 and our method can generate multi-view videos.

Method Vista [4] Epona [8] MagicDrive-V2 [3] Ours
Resolution 576 x 1024 512 x 1024 6 x 848 x 1600 6 x 256 x 512

shown, E2E training significantly degrades the forecasting
performance of DOME, while I2-World shows no improve-
ment and also experiences a decline in prediction accuracy.

5. Efficiency of Video Generation

Previous video-based driving world models or driving video
generation models are typically trained from scratch, which
is computationally expensive. We summarize the training
and inference efficiency of different methods in Figure 2.
As shown in the figure, previous works such as Vista [4],
Epona [8], and MagicDrive-V2 [3] require a large number
of GPUs (32-128) and long training periods (192-1080 h).
In contrast, we leverage pretrained video generation mod-
els to reduce training cost. With our two-stage genera-
tion framework and fine-tuning strategy, the total training
time is reduced to one week (3 days for training the first-
stage occupancy world model and 4 days for fine-tuning the
video model) using only 8 GPUs. Moreover, our method
also achieves superior inference efficiency: the average gen-
eration speed reaches 4.36s per frame, and the VRAM
consumption is only 11.72 GB. MagicDrive-V2 requires
39.76 GB of VRAM by performing sequence parallelism
across 8 GPUs, whereas other methods, including ours, can
perform inference on a single GPU. We also list the genera-



tion resolution of each method in Table 2. Vista and Epona
generate only single-view videos, while MagicDrive-V2
and our method support six-view video generation.

6. Generality of the Same-Height-Across-
Views MVA Design

To efficiently model multi-view consistency, we perform at-
tention across different views at the same height. However,
our method is not limited to yaw changes, as multi-view
consistency does not rely solely on MVA. Instead, the gen-
erated occupancy provides strong guidance for consistent
scene appearance across views and for temporal evolution.
Therefore, when the vehicle experiences changes in roll or
pitch, the occupancy captures these variations and further
reflects them in the generated videos. As shown in Fig. 3,
our method generalizes well to scenarios with varying roll
and pitch angles.

7. More Video Generation Results

7.1. Long Video Generation

Our GenieDrive-L produces 81-frame multi-view driving
videos, and by applying the rollout operation, it can further
generate 241-frame (~20s) sequences—the longest video
length in the NuScenes [1] dataset. We provide two rep-
resentative samples in Figure 7. As shown, even after two
rollouts, our method consistently maintains high generation
quality and strong multi-view coherence in both daytime
and nighttime scenarios.

7.2. Driving Scenario Editing

By editing the occupancy and then generating driving
videos guided by the edited occupancy, our method can eas-
ily remove or insert objects within driving scenes. To illus-
trate how our method performs scene editing, we compare
the original video with the corresponding edited version in
Figure 8. As shown, our method gradually removes the car
in the first scene and naturally inserts a truck onto the road-
way in the second scene. The edited results appear natu-
ral and reasonable, maintaining both spatial and temporal
consistency in the generated driving videos. These results
further demonstrate that our method enables effective and
realistic editing of driving scenarios. This convenient and
controllable scene editing capability can greatly enhance
out-of-distribution driving data generation.

7.3. Sim-to-Real Driving Scenario Generation

The sim-to-real gap is largely caused by the unrealistic ren-
dering quality of the simulator. However, there is no ob-
vious discrepancy between synthetic occupancy and real-
world occupancy. Therefore, we leverage occupancy from
the CARLA simulator [2] and use our method to transfer
the synthetic occupancy into realistic multi-view driving
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Figure 3. Generality on varying roll and pitch angles.

videos. As shown in Figure 9, we visualize the original
simulated driving scenes alongside the corresponding sim-
to-real results produced by our method. The results show
that GenieDrive can accurately capture the driving behavior
in simulation and generate corresponding realistic outcomes
in real-world scenarios. Moreover, our method preserves
fine details from the synthetic scenes, such as surrounding
vegetation and vehicles. This capability can substantially
enhance the realism of synthetic data, thereby further miti-
gating the sim-to-real gap.
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Figure 4. Qualitative Comparison of 4D Occupancy Forecasting. We highlight the differences using bounding boxes. Previous methods
tend to produce unreasonable predictions or miss important details such as pedestrians. In contrast, our method generates physically
reasonable results while preserving the detailed structures of the driving scene.
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Figure 5. Qualitative Comparison Before and After End-to-End Training. We highlight the differences using bounding boxes. The
visualization results show that end-to-end training helps our occupancy world model forecast pedestrians, cars, trucks, trailers, and roadway
features more accurately. In contrast, the variant without end-to-end training tends to lose these details in its predictions.
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Figure 6. Effect of End-to-End Training on the Comparison Methods. We visualize the impact of end-to-end (E2E) training on
the comparison methods DOME [5] and I?-World [6] by presenting the ground truth along with their predictions before and after E2E
training. For DOME, the forecasting capability completely breaks down after E2E training. For I?-World, E2E training fails to produce
more accurate forecasts and further leads to noticeable loss of scene details.



Figure 7. Long Video Generation Examples. We provide two examples of our generated 20-second multi-view driving videos: one
captured under daytime conditions and the other at night. Our method maintains both generation quality and multi-view consistency even
over such long 20-second sequences.
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Figure 8. Driving Scenes Editing. We visualize the editing process applied to driving videos. Both Removal and Insertion operations take
effect progressively over time. Compared with the original video, the edited results demonstrate that our method can effectively remove
and insert objects within driving scenes.



Simulation Sim-to-Real Multi-View Generation Results

Figure 9. Sim-to-Real Generation. The left side shows the BEV map of simulated driving scenes in the CARLA simulator. Our method
possesses the ability to transform these simulated scenarios into realistic multi-view driving videos. The visualization results demonstrate
that our method not only generates accurate ego-vehicle behaviors, such as left turns and overtaking, but also preserves important scene
details, including surrounding vehicles highlighted with red boxes.
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