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Abstract

World models have demonstrated superiority in autonomous
driving, particularly in the generation of multi-view driving
videos. However, significant challenges still exist in gen-
erating customized driving videos. In this paper, we pro-
pose DriveDreamer-2, which incorporates a Large Language
Model (LLM) to facilitate the creation of user-defined driv-
ing videos. Specifically, a trajectory generation function li-
brary is developed to produce trajectories that conform to
user descriptions. Subsequently, an HDMap generator is de-
signed to learn the mapping from trajectories to road struc-
tures. Ultimately, we propose the Unified Multi-View Model
(UniMVM) to enhance temporal and spatial coherence in
the generated multi-view driving videos. To the best of our
knowledge, DriveDreamer-2 is the first world model to gen-
erate customized driving videos, and it can generate uncom-
mon driving videos (e.g., vehicles abruptly cut in) in a user-
friendly manner. Besides, experimental results demonstrate
that the generated videos enhance the training of driving
perception methods (e.g., 3D detection and tracking). Fur-
thermore, video generation quality of DriveDreamer-2 sur-
passes other state-of-the-art methods, showcasing FID and
FVD scores of 11.2 and 55.7, representing relative improve-
ments of ~30% and ~50%.

Project Page — https://drivedreamer2.github.io

Introduction

World models have seen widespread success across vari-
ous applications (Hafner et al. 2019, 2020, 2023; Kim et al.
2020; Ha and Schmidhuber 2018; Seo et al. 2023; Hafner
et al. 2023, 2022; Wu et al. 2023; Lin et al. 2023; Pan et al.
2022; Chen et al. 2023). In particular, world models for au-
tonomous driving (Hu et al. 2023; Jia et al. 2023; Wang et al.
2023c,e; Yang et al. 2024; Gao et al. 2024) have recently at-
tracted substantial interest from both industry and academia.
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(b) Generated video quality comparison and improvement in the
downstream task.

Figure 1: DriveDreamer-2 excels in generating multi-view
driving videos from user descriptions, enhancing synthetic
data diversity. Its generation quality surpasses state-of-the-
art methods, significantly improving downstream tasks.

Benefiting from their excellent predictive capabilities, au-
tonomous driving world models facilitate the generation of
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Figure 2: The overall framework of DriveDreamer-2 involves initially generating agent trajectories according to the user query,
followed by producing a realistic HDMap, and finally generating multi-view driving videos.

diverse driving videos, encompassing even long-tail scenar-
ios. Generated videos can significantly enhance the training
of driving perception systems, offering substantial benefits
for practical autonomous driving applications.

World modeling in autonomous driving is challenging due
to its complexity and vast sampling space. Early approaches
(Hu et al. 2022; Gao et al. 2022) mitigate these problems by
incorporating world modeling within the Bird’s Eye View
(BEV) semantic segmentation space. However, these meth-
ods are mainly focused on simulated environments. In the
recent evolution of autonomous driving technologies, there
has been a substantial leap forward in the development of
world models, driven by significant advances in the field
of video generation (Ranzato et al. 2014; Srivastava, Man-
simov, and Salakhudinov 2015; Kalchbrenner et al. 2017;
Weissenborn, Téackstrom, and Uszkoreit 2019; Wang et al.
2024b; Hong et al. 2022; Villegas et al. 2023; Kondratyuk
et al. 2023; Mathieu, Couprie, and LeCun 2015; Vondrick,
Pirsiavash, and Torralba 2016; Denton and Fergus 2018;
Hsieh et al. 2018; Kumar et al. 2019). This progress has
been propelled by the utilization of cutting-edge diffusion
models (Dhariwal and Nichol 2021; Ho, Jain, and Abbeel
2020; Ho et al. 2022b; Nichol et al. 2021; Nichol and Dhari-
wal 2021; Rombach et al. 2022; Harvey et al. 2022; Ho
et al. 2022a; Yang, Srivastava, and Mandt 2022; Singer et al.
2022; Khachatryan et al. 2023; Wang et al. 2023b), exempli-
fied by notable contributions such as DriveDreamer (Wang
et al. 2023c), Drive-WM (Wang et al. 2023e), MagicDrive
(Gao et al. 2023), Panacea (Wen et al. 2023), GAIA-1 (Hu
et al. 2023), and the integration of Large Language Models
(LLM) like ADriver-1I (Jia et al. 2023). These sophisticated
models have played a pivotal role in pushing the boundaries
of world modeling capabilities, allowing researchers and en-
gineers to explore more complex and realistic driving sce-
narios. However, it is important to note that a majority of
these methods rely heavily on structured information (e.g.
3D boxes, HDMaps, and optical flow) or real-world image
frames. This dependence not only constrains interactivity,
but also limits the diversity of generated videos.

To address these challenges, we introduce DriveDreamer-
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2, the first world model to generate diverse driving videos
in a user-friendly manner. Specifically, the traffic simulation
task has been disentangled into the generation of foreground
conditions (trajectories of the ego-car and other agents) and
background conditions (HDMaps of lane boundary, lane di-
vider, and pedestrian crossing). For foreground generation,
a functional library is constructed to generate agent trajec-
tories based on user text input, employing an LLM (Cho
et al. 2024; Wang et al. 2024a; Ma et al. 2023; Mao et al.
2023Db) as the interface. For background conditions, we pro-
pose the HDMap generator that employs a diffusion model
to simulate road structures. In this process, the previously
generated agent trajectories are involved as conditional in-
puts, which allows the HDMap generator to learn the as-
sociations between foreground and background conditions
in driving scenes. Building upon generated traffic condi-
tions, the Unified Multi-view Video Model (UniMVM) is
proposed to generate multi-view driving videos, which is
designed to unify both intra- and cross-view spatial consis-
tency, enhancing the overall temporal and spatial coherence.
Extensive experiment results show that DriveDreamer-2
is capable of producing diverse user-customized videos, in-
cluding uncommon scenarios where vehicles abruptly cut in
(depicted in Fig. 1). Besides, DriveDreamer-2 can generate
high-quality driving videos with an FID of 11.2 and FVD of
55.7, relatively improving previous best-performing meth-
ods by ~30% and ~50%. Furthermore, experiments verify
that DriveDreamer-2-generated driving videos can enhance
the training of autonomous driving perception methods, im-
proving detection by 4% and tracking by 8%. The main
contributions of this paper are summarized as follows:

* We present DriveDreamer-2, the first world model to
generate diverse driving videos user-friendly.

* We propose a traffic simulation pipeline employing only
text prompts as input, which can be utilized to generate
diverse traffic conditions for driving video generation.

* UniMVM is presented to seamlessly integrate intra- and
cross-view spatial consistency, elevating the overall tem-
poral and spatial coherence in generated driving videos.



Function Library
agent
#Generate a trajectory of cutting in.
def cut_in(obj_trajs, obj_vels, safe _dis, is_ego)
#Generate a forward trajectory.
def forward(obj_trajs, obj_vels, safe_dis, is_ego)

pedestrian

#Generate a trajectory of crossing road.
def pedestrian_crossing()

utils

#Set a random seed to generate trajectories.
def set_random_seed(seed):

#Save the trajectoies of agents.

def save_trajectories(ego_trajs, obj_trajs)

User Query: a vehicle cuts in.
Python Script

#import specific libraries
import libs

#set a random seed

#save the generated trajectories
utils.save_trajectories(ego_trajs=ego_tra
js, obj_trajs=obj_trajs)

Text-to-Python-Script Pairs Inference

User Query
a vehicle cuts in.

|

utils.set_random_seed(seed = 3577) Prompt
#generate a trajectory of cutting in Template
obj_trajs, obj_vels = agent.cut_in(is_ego
= False) l
#generate the ego car trajectory

. CL LLM
ego_trajs = agent.forward(obj_trajs =
obj_trajs, obj_vels=obj_vels, safe_dis=8, l
is_ego=True) —

Trajectory Array

Figure 3: The overview of customized trajectory generation, which involves using a function library to create Text-to-Python-
Script pairs, fine-tuning an LLM with the resulting dataset, and generating trajectories in response to user queries.

» Extensive experiments show that DriveDreamer-2 crafts
diverse, customized driving videos, and improves FID by
~30% and FVD by ~50% over SOTA methods and en-
hances the training of various driving perception models.

DriveDreamer-2

Fig. 2 illustrates the overall framework of DriveDreamer-
2. It starts with a customized traffic simulation to generate
foreground agent trajectories and background HDMaps. A
finetuned LLM translates user prompts into agent trajecto-
ries, which condition the HDMap generator to simulate road
structures. Building on these traffic conditions, UniMVM
unifies intra- and cross-view spatial consistency, enhancing
the temporal and spatial coherence of the generated videos.
In the subsequent sections, we delve into the details of the
customized traffic simulation and the UniMVM framework.

Customized Traffic Simulation

Driving simulators stand as a cornerstone in self-driving
development, aiming to offer a controlled environment to
mimic real-world conditions. Previous traffic simulation
methods (Tan et al. 2023; Feng et al. 2023; Zhong et al.
2023b,a) have focused on how vehicles move within a given
HDMap. Unlike these methods, we propose a customized
traffic simulation pipeline that generates corresponding tra-
jectories and HDMaps based on user input. Specifically a
trajectory-generation function library is designed to finetune
the LLM, which facilitates transferring user prompts into di-
verse agent trajectories, encompassing maneuvers such as
cut-in and U-turn. Additionally, the pipeline incorporates the
HDMap generator to simulate the background road struc-
tures. During this phase, the previously generated agent tra-
jectories serve as conditional inputs, ensuring that the result-
ing HDMap adheres to traffic constraints. In the following,
we elaborate on the finetuning process of the LLM and the
framework of the HDMap generator.
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Figure 4: The proposed HDMap generator can generate di-
verse BEV HDMaps based on the same BEV trajectory in-
put. The and colors represent the motion tra-
jectories of the ego car and other vehicles, respectively. Road
boundaries are indicated in red, lane dividers are shown in
blue, and pedestrian crossings are highlighted in

Finetuning LLM for Trajectory Generation Previous traf-
fic simulation methods (Mao et al. 2023a; Zhong et al.
2023a,b) necessitate the intricate specification of parame-
ters, involving details such as the agent’s speed, position,
acceleration, and mission goal. To simplify this intricate pro-
cess, we design a function library and incorporate an LLM
to enable the efficient transformation of user-friendly lan-
guage inputs into comprehensive traffic simulation scenar-
i0s. As depicted in Fig. 3, the constructed function library
encompasses 18 functions, including agent functions (steer-
ing, constant speed, acceleration, and braking), pedestrian
functions (walking direction and speed), and other utility
functions such as saving trajectories. Building upon these
functions, Text-to-Python-Scripts pairs are manually curated
for finetuning LLM (GPT-3.5). The scripts include a range
of fundamental scenarios such as lane-changing, overtaking,
following other vehicles, and executing U-turns. Addition-
ally, we encompass more uncommon scenarios like pedes-
trians abruptly crossing, and vehicles cutting into the lane.
Taking the user input a vehicle cuts in as an example, the
corresponding script involves the following steps: initially
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Figure 5: The comparison of multi-view video generation paradigms. All structural conditions and text prompts are omitted
here to emphasize the distinctions between our UniMVM and previous methods. By adjusting the mask, UniMVM can generate
videos conditioned on the initial frame, front view video, and without image input.

generating a trajectory of cutting in (agent.cut_in()),
followed by generating the corresponding ego car trajectory
(agent . forward () ), and ultimately utilizing the saving
function from utilities to directly output the trajectory of the
ego-car and other agents in array format. In the inference
phase, we follow (Mao et al. 2023a) to expand prompt in-
puts to a pre-defined template, and the finetuned LLM can
directly output the trajectory array.

HDMap Generation A comprehensive traffic simulation
not only entails the trajectories of foreground agents but
also necessitates the generation of background HDMap el-
ements such as lanes and pedestrian crosswalks. Therefore,
the HDMap generator is proposed to ensure the background
elements do not conflict with the foreground trajectories. In
the HDMap generator, we formulate the background ele-
ments generation as a conditional image generation prob-
lem, where the conditional input is the BEV trajectory map
Ty, € R3>HoxWo and the target is the BEV HDMap
Hy € R3>¥HexWs  Different from previous conditional
image generation approaches (Zhang, Rao, and Agrawala
2023; Li et al. 2023) that predominantly rely on outline con-
ditions (edges, depths, boxes, segmentation maps), the pro-
posed HDMap generator explores the correlations between
the foreground and background traffic elements. Specifi-
cally, the HDMap generator is constructed upon an image-
generation diffusion model. To train the generator, we curate
a trajectory-to-HDMap dataset D = {7}, H; }. In the trajec-
tory map, distinct colors are assigned to represent different
agent categories. Meanwhile, the target HDMap comprises
three channels, representing lane boundaries, lane dividers,
and pedestrian crossings, respectively. Within the HDMap
generator, we employ stacks of 2D convolution layers to in-
corporate the trajectory map condition. The resulting feature
maps C'7 are then seamlessly integrated into the diffusion
model using (Zhang, Rao, and Agrawala 2023). In the train-
ing stage, the diffusion forward process gradually adds noise
€ to the latent feature 2, resulting in the noisy latent feature
Z,. Then we train €4 to predict the noise we added, and the
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HDMap generator ¢ is optimized via

m(;nﬁ =Ez, conon e [ll€—€o(Ze,t, 03], (D
where time step t is uniformly sampled from [1,73]. As
shown in Fig. 4, leveraging the proposed HDMap gener-
ator allows us to generate diverse HDMaps based on the
same trajectory conditions. It is noteworthy that the gen-
erated HDMaps not only adhere to traffic constraints (lane
boundaries positioned on either side of lane dividers, and
pedestrian crossings at intersections) but also seamlessly in-
tegrate with trajectories.

UniMVM

Utilizing structured information generated by the cus-
tomized traffic simulation, multi-view driving videos can be
generated via the framework of DriveDreamer (Wang et al.
2023c). However, the view-wise attention introduced in pre-
vious methods (Wang et al. 2023c; Yang et al. 2023) can not
guarantee multi-view consistency. To address this, (Wang
et al. 2023e; Wen et al. 2023; Li, Zhang, and Ye 2023)
employ image or video conditions to improve consistency
across different views, but at the cost of reduced generation
efficiency and diversity. In DriveDreamer-2, we introduce
UniMVM, a novel framework that unifies multi-view video
generation both with and without adjacent view conditions.
This ensures temporal and spatial coherence while maintain-
ing generation speed and diversity.

Formulation In multi-view video dataset pguiq, X €
REXTX3XHXW g a sequence of T images with K views,
with height 4 and width W. Let x; denote the sample
of i-th view, then the multi-view video joint distribution
p(x1, ..., XK ) can be obtained by (Wang et al. 2023e):

p(x1, .., xK) = p(x1)p(x2|x1).-.0 (XK | X100y XK —1) . (2)

Eq. 2 indicates that adjacent view videos can be expanded
with multiple generation steps, which is inefficient. In the
proposed UniMVM, we draw inspiration from the Eq. 2
to expand the view. However, unlike Drive-WM (Wang
et al. 2023e) which requires the independent generation of



Method Conditions FID| FVDJ]

DriveDreamer (Wang et al. 2023c) - 26.8 353.2
DriveDreamer-2 - 25.0 105.1

Drive-WM (Wang et al. 2023e) 3-view videosT 15.8 122.7
DriveDreamer-2 1-view video 18.4 74.9
DriveDreamer (Wang et al. 2023c) Ist-frame multi-view image 14.9 340.8
DrivingDiffusion (Li, Zhang, and Ye 2023) Ist-frame multi-view imaget 15.8 332.0
Panacea (Wen et al. 2023) Ist-frame multi-view imageT 16.9 139.0
DriveDreamer-2 Ist-frame multi-view image 11.2 55.7

Table 1: Comparison of the generation quality on nuScenes validation set. ¥ denotes that the conditions are generated.

views, UniM VM unifies multiple views as a complete patch.
Specifically, we concatenate the multi-view video in the or-
der of {FL, F, FR, BR, B, BL}! to obtain the spatially unified
image x' € RT*3*HXEW ‘Then we can obtain the multi-
view driving video distribution p(x’):

p(x') = p(x - (1 = m),x' - m)
/ !/ /! (3)
=p(x -m)p(x' - (1 =m)[x" - m),
where m represents the mask of one of the all views. As
shown in Fig. 5, we compare the paradigm of UniMVM with
that of DriveDreamer and Drive-WM. In contrast to these
counterparts, UniMVM unifies multiple views into a com-
plete patch for video generation without introducing cross-
view parameters. Furthermore, various driving video gener-
ation tasks can be accomplished via adjusting the mask m.
Specifically, when m is set to mask future 7" — 1 frames,
UniMVM enables future video prediction based on the in-
put of the first frame. Configuring m to mask {FL, FR, BR,
B, BL} views empowers UniMVM to achieve multi-view
video outpainting, leveraging a front-view video input. Fur-
thermore, UniMVM can generate multi-view videos when
m is set to mask all video frames, and experiments con-
firm its ability to produce temporally and spatially coherent
videos with enhanced efficiency and diversity.
Video Generation Based on the UniMVM formulation, our
approach first unifies the traffic conditions, which results in
sequences of HDMaps {H; }1*,} € RN *3*HXEW and 3D

boxes {B; }N ;1 € RNXCXHXEW (N is the frame number
of video clip, and C is the category number). Note that se-
quences of 3D boxes can be derived from agent trajectories,
and the sizes of 3D boxes are determined based on the re-
spective agent category. Unlike the original DriveDreamer,
DriveDreamer-2 projects 3D boxes directly onto the image
plane as control conditions, eliminating the need for position
and category embeddings. We adopt three encoders to em-
bed HDMaps, 3D boxes, and image frames into latent space
features vy, yn, and yr. Then we concatenate the spatially
aligned conditions y3, yg with Z; to obtain the input Z;,,
where Z; is the noisy latent feature generated from yz by
the diffusion process. For video generator training, all pa-
rameters are optimized via denoising score matching (Kar-
ras et al. 2022).

'F: Front, L: Left, R: Right, B: Back.
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Figure 6: User-customized driving videos generated by
DriveDreamer-2. The top row depicts a scene where the ego
car changes lanes, while the bottom row shows an unex-
pected pedestrian crossing the road at night.

g;ﬁf‘el Real Generated mAPT mAOE| mAVE| NDSt
- v - 31.7 679 33.0 435
v v v 326 617 29.7 452
- v v 329 615 304 454

Table 2: Comparison involving data augmentation using
synthetic data on 3D object detection.

Experiment
Experiment Details

Dataset. The training dataset is derived from the nuScenes
dataset (Caesar et al. 2019), comprising 700 training videos
and 150 validation videos. Each video contains approxi-
mately 20 seconds of footage captured by six surround-view
cameras at a frame rate of 12Hz, resulting in around 1 mil-
lion frames for training. Following (Wang et al. 2023c,d),
we preprocess the nuScenes dataset to calculate 12Hz anno-
tations. HDMaps and 3D boxes are transformed to BEV per-
spective to train HDMap generation, and these annotations
are projected to pixel coordinate to train video generation.

Training. For agent trajectory generation, we employ GPT-
3.5 as the LLM and finetune it utilizing a text-to-script
dataset to specialize in trajectory generation knowledge. The
proposed HDMap generator is built upon SD2.1 (Rombach
et al. 2022) with the ControlNet parameters (Zhang, Rao,
and Agrawala 2023) being trainable. It is trained for 55K it-
erations with a batch size of 24 at a resolution of 512 x 512.
The video generator leverages SVD (Blattmann et al. 2023)
for its robust video generation capabilities, with all parame-
ters finetuned. During UniMVM training, the model under-



Initial frame Real Generated AMOTAT AMOTP] IDS|

- v - 28.9 1.419 687
v v v 312 1.396 542
- v v 31.3 1.387 593

Table 3: Comparison involving data augmentation using
synthetic data on multi-object tracking.

Method Cross-view 1 iMivM FID| FVDJ
module
DriveDreamer
(Wang etal. 2023¢) ¥ - 149 340.8
. v - 172 94.6
DriveDreamer-2 ) v 112 557

Table 4: The ablation study on the backbone and UniMVM.
Cross-view module denotes the cross-view attention used in
previous methods.

went 200K iterations with a batch size of 1, an N = &8 frame
length, K = 6 views, and a spatial size of 256 x 448. All
the experiments are conducted on NVIDIA A800 (80GB)
GPUs, and we use the AdamW optimizer (Kingma and Ba
2014) with a learning rate 5 x 1075,

Evaluation. Extensive experiments are conducted to as-
sess DriveDreamer-2. For qualitative experiments, we visu-
alize customized driving video generation to validate that
DriveDreamer-2 can produce diverse driving videos in a
user-friendly manner. Additionally, visualization compar-
isons are conducted between UniMVM and other genera-
tive paradigms to demonstrate that DriveDreamer-2 excels
in generating temporally and spatially coherent videos. For
quantitative experiments, the frame-wise Fréchet Inception
Distance (FID) (Parmar, Zhang, and Zhu 2022) and Fréchet
Video Distance (FVD) (Unterthiner et al. 2018) are utilized
as metrics. Besides, StreamPETR (Wang et al. 2023a), build-
ing upon a ResNet-50 (He et al. 2016) backbone, is trained
at the same resolution of 256 x 448 to evaluate the im-
provements of 3D object detection and multi-object tracking
achieved by our generated results.

User-Customized Driving Video Generation

DriveDreamer-2 offers a user-friendly interface for gener-
ating driving videos. As depicted in Fig. 1a, users are only
required to input a text prompt (e.g., on a rainy day, there
is a car cut in). Then DriveDreamer-2 produces multi-view
driving videos aligned with the text input. Fig. 6 illustrates
another two customized driving videos. The upper one de-
picts the process of the ego car changing lanes to the left
during the daytime. The lower one showcases an unexpected
pedestrian crossing the road at night, prompting the ego car
to brake to avoid the collision. Notably, the generated videos
demonstrate an exceptional level of realism, where we can
even observe the reflection of high beams on the pedestrian.
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Figure 7: Visualization comparison between DriveDreamer-
2 generation with and without UniMVM. The upper part de-
picts generation without UniMVM, while the lower part il-
lustrates generation with UniMVM.

Quality Evaluation of Generated Videos

To verify the video generation quality, we compared
DriveDreamer-2 with various driving video generation ap-
proaches on the nuScenes validation set. Evaluations are
conducted under three settings: no image condition, video
condition, and first-frame multi-view image condition. Ad-
ditionally, Drive-WM, DrivingDiffusion and Panacea adopt
a two-stage pipeline, first generating visual conditions
and then generating videos. Results in Tab. 1 show that
DriveDreamer-2 achieves high-quality outcomes across all
settings. Without an image condition, it achieves an FID
of 25.0 and an FVD of 105.1, significantly improving
over its predecessor. Under a single-view video condition,
DriveDreamer-2 shows a 39% relative improvement in FVD
compared to Drive-WM. With the first-frame multi-view im-
age condition, DriveDreamer-2 achieves an FID of 11.2 and
an FVD of 55.7, surpassing previous methods by a consid-
erable margin.

To validate the quality of the generated data, we aug-
mented the training of StreamPETR for 3D object detec-
tion and multi-object tracking using both real and generated
videos from the nuScenes training set. The results, summa-
rized in Tab. 2 and Tab. 3, show significant performance
gains. Using the initial frame as a condition, the generated
videos improve 3D detection metrics (mAP and NDS) by
2.8% and 3.9%, respectively, and tracking metrics (AMOTA
and AMOTP) by 8.0% and 1.6%. Notably, DriveDreamer-
2 can generate high-quality videos without image condi-
tions, further enhancing content diversity and performance.
Without image conditions, improvements are 3.8% for mAP,
4.4% for NDS, 8.3% for AMOTA, and 2.3% for AMOTP,
compared to the baseline.

Ablation Study

We conduct an ablation study to investigate the effect of dif-
fusion backbone and the proposed UniM VM, and the results
are in Tab. 4. Compared to SD1.4 (Rombach et al. 2022)
used in DriveDreamer, SVD (Blattmann et al. 2023) pro-
vides richer prior knowledge of videos, resulting in 17.2
FID and 94.6 FVD. The introduction of SVD results in an
almost 70% improvement in FVD. Additionally, we also
note that a slight decrease in FID, which we hypothesize
is attributed to the introduction of the cross-view module,
disrupting the SVD’s ability to learn spatial features. To
fully unleash the potential of SVD in multi-view video gen-
eration, we propose UniMVM, which unifies constraints
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Figure 8: Visualization comparison with different conditions. Under different conditions, DriveDreamer-2 aintains high multi-
view consistency. When conditioned on the 1st frame (row 1), the generated second frame (row 3) closely matches the ground
truth (row 2). Using front-view video increases diversity in generation (row 4), with only front views aligning well with the
ground truth. Notably, without any conditioning image, DriveDreamer-2 generates the highest diversity (row 5), showing sig-
nificant color variations in cars and backgrounds compared to the ground truth.

Method Conditions FID| FVD]
DriveDreamer - 26.8 353.2
(Wang et al. 2023c¢) l.st-.frarr.le 149 3408
multi-view image
- 25.0 105.1
DriveDreamer-2 1-view video 184 749
Istirame 45 557

multi-view image

Table 5: The ablation study on different conditions.

on intra- and cross-view, achieving remarkable FID and
FVD scores of 11.2 and 55.7, respectively. These repre-
sent relative improvements of ~30% and ~80% compared
to DriveDreamer. As depicted in Fig. 7, the introduction of
UniMVM leads to significant improvements in generating
multi-view videos, both in foreground and background as-
pects. These qualitative results highlight UniMVM’s signif-
icant capability to ensure multi-view consistency.
Moreover, we explore the influence of various conditions
on driving video generation, as shown in Tab. 5 and Fig. 8.
The first row in Fig. 8 illustrates the ground truth (GT) of
the first frame, representing the style of the GT video. Mean-
while, the second row displays the GT of the second frame,
representing the GT of the generated multi-view frame.
DriveDreamer-2 with the initial frame can generate results
that are highly similar to the GT video, achieving optimal re-

10418

sults in terms of FID and FVD, with scores of 11.2 and 55.7,
respectively. The video generated by DriveDreamer-2 with
the front-view video retains some aspects of the GT scene
while also introducing some diversity, resulting in 17.2 FID
and 94.6 FVD. DriveDreamer-2 can also generate extremely
competitive results even without any image conditioning,
achieving FID and FVD scores of 25.0 and 105.1, respec-
tively. Notably, DriveDreamer-2 exhibits the highest diver-
sity in this setting, where the generated appearance of cars
and the street backgrounds differ significantly from GT.

Discussion and Conclusion

This paper introduces DriveDreamer-2, which pioneers
the generation of user-customized driving videos. Leverag-
ing an LLM, DriveDreamer-2 translates user queries into
foreground agent trajectories. It then uses the proposed
HDMap generator to create background traffic conditions
based on these trajectories. The structured conditions facil-
itate video generation, enhanced by UniMVM for tempo-
ral and spatial coherence. Extensive experiments verify that
DriveDreamer-2 can generate uncommon driving scenarios,
such as abrupt vehicle maneuvers. The generated videos sig-
nificantly enhance the training of driving perception meth-
ods. Importantly, DriveDreamer-2 achieves FID and FVD
scores of 11.2 and 55.7, respectively, representing relative
improvements of approximately 30% and 50% over state-
of-the-art methods. These results affirm its efficacy in multi-
view driving video generation.
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