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Supplementary Material

1. Supplementary Visualization Results
As introduced in the main text, our method is the first
to achieve high-resolution, controllable multi-view driving
video generation, capable of handling sparse conditions and
dynamic frame rates. Due to space limitations in the main
text and the challenge of visually presenting high-fidelity
videos in print, we provide a web page in the supplemen-
tary materials for additional results.

2. Discussions
To provide a clearer understanding of our work, we address
some potential issues in this section.
Q1. Potential applications in autonomous driving.
• Our method can edit real videos and, with the support

of additional training data, simulate corner cases such as
traffic accidents, overtaking, lane changes, and animals
obstructing the road. On the project page, we provide
several videos in which the bounding boxes of the original
videos have been edited to simulate collisions between
other vehicles and the ego vehicle.

• Our method can be integrated with traffic flow simula-
tion methods [13, 24], where the traffic simulation gen-
erates layout sequences for various driving scenarios, and
DriveScape transforms these layout sequences into highly
realistic videos.

• Based on DriveScape and HD maps, we can construct a
closed-loop simulation environment for autonomous driv-
ing algorithms, such as UniAD [12]. Using our model,
the environment can dynamically respond to the decisions
made by the driving algorithm and generate a realistic
environment for the next moment. This enables auto-
mated testing of driving algorithms, significantly reduc-
ing the testing costs associated with autonomous driving
systems.

Q2. Limitation and future works.
• The current generation efficiency remains relatively slow;

DDIM inference with 25 steps takes approximately 20
minutes, which restricts the model’s applicability. In fu-
ture work, we aim to improve efficiency by incorporating
methods such as LCM [15] and Rectified Flow [6].

• Similar to other video generation algorithms [14, 22], the
generation quality for non-rigid objects, such as humans,
remains suboptimal. The primary reason for this limi-
tation is the relatively small size of the training dataset,
Nuscenes. To address this issue, we plan to collect addi-
tional data to enhance performance.

• Our model successfully achieves multi-task training for
image-to-video (I2V) and text-to-video (T2V) generation.
However, due to the limited scale of the dataset, the low
quality of text data, and the fact that the pre-trained model
was not originally designed for T2V tasks, the perfor-
mance of I2V is significantly superior to T2V. In future
work, we aim to further improve the T2V capabilities of
the model.

3. Related Works

3.1. Controllable generation
With the advent of diffusion models, significant progress
has been made in the field of text-to-video generation
[1, 2, 5, 8, 10, 11, 16, 21, 27]. Video LDM [4] utilizes a
latent diffusion pipeline, where the diffusion denoising pro-
cess operates on image latents, significantly accelerating the
denoising process. However, text alone cannot provide pre-
cise control over video generation. To address this limita-
tion, subsequent methods incorporated image inputs along-
side text as prompts for the denoising network to achieve
better control [26]. Our goal is to generate highly realis-
tic street videos, which represent a particularly challenging
scenario due to their complexity. These scenes involve nu-
merous elements and interactions (e.g., intricate street lay-
outs, moving vehicles, etc.), necessitating additional infor-
mation for fine-grained control. In our approach, we inte-
grate road maps, 3D bounding boxes, and BEV keyframes
to achieve precise control over video generation.

3.2. Multi-view video generation
Multi-view consistency and temporal consistency are two
critical challenges in multi-view video generation. To main-
tain multi-view consistency, MVDiffusion [18] proposed a
correspondence-aware attention module to align informa-
tion across multiple views. Additionally, [19] employed
epipolar geometry to regularize the consistency between
different views. MagicDrive [7] utilized camera pose,
bounding boxes, and road maps as priors, integrating an ad-
ditional cross-view attention block to enhance consistency.
However, these methods are limited to generating multi-
view images rather than videos.

3.3. Street view generation
Most street view generation models rely on 2D layouts as
input conditions, such as BEV maps, 2D bounding boxes,
and semantic segmentation. BEVGen [17] encapsulates all
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