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Figure 1: SimGen is a controllable scene generation paradigm conditioned on a simulator. It
learns from real-world and simulated data and then can generate diverse driving scenes based on the
simulator’s control conditions and text prompt.

Abstract

Controllable synthetic data generation can substantially lower the annotation cost
of training data. Prior works use diffusion models to generate driving images
conditioned on the 3D object layout. However, those models are trained on small-
scale datasets like nuScenes, which lack appearance and layout diversity. Moreover,
overfitting often happens, where the trained models can only generate images based
on the layout data from the validation set of the same dataset. In this work, we
introduce a simulator-conditioned scene generation framework called SimGen that
can learn to generate diverse driving scenes by mixing data from the simulator and
the real world. It uses a novel cascade diffusion pipeline to address challenging
sim-to-real gaps and multi-condition conflicts. A driving video dataset DIVA is
collected to enhance the generative diversity of SimGen, which contains over 147.5
hours of real-world driving videos from 73 locations worldwide and simulated
driving data from the MetaDrive simulator. SimGen achieves superior generation
quality and diversity while preserving controllability based on the text prompt
and the layout pulled from a simulator. We further demonstrate the improvements
brought by SimGen for synthetic data augmentation on the BEV detection and
segmentation task and showcase its capability in safety-critical data generation.
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1 Introduction

A high-quality and diverse training data corpus is crucial for autonomous driving research and
development. However, it is costly and laborious to annotate the data. Synthetic data generation is a
promising alternative to harvest annotated training data, which brings realistic images and notable
performance improvements across tasks like object detectidmafid semantic segmentatiord].

Besides theealismof the generated images, there are two necessary conditions to consider for a
practical synthetic data generator for autonomous driving: 1) Appearance diversity, which ensures
the synthetic data can cover a spectrum of weather, environmental, and geographical conditions. 2)
Layout diversity, namely the distribution of objects, should cover different traf ¢ scenarios, including
safety-critical situations that are rare to collect in the real world.

Recent diffusion-based generative models show promising results to generate realistic driving images
from text prompts [8], BEV road maps§7], and object boxes?), 70, 72, 79]. Despite generating
coherent images, these attempts lack the generalizability of generating new and diverse real-world
appearances and traf c scenarios due to data limitations. They are con ned to learning on small-scale
datasetsi9, 32, 44, 71] with limited scenarios such as only urban streé}of restricted weather
conditions pZ]. In addition, the driving behaviors in the available driving datasets like nuScenes are
tedious and lack complex or safety-critical situations. Another option for collecting synthetic data is
from driving simulators, which can effortlessly generate scenes encompassing various behaviors with
its physics and graphics engin€s] 36, 58, 61, 66]. Simulators also provide accurate control over

all objects and their spatial locations, thus can easily generate a huge amount of traf ¢ layout maps.
However, open-source simulators usually only contain a limited amount of 3D assets, and they lack a
realistic visual appearance. Thus, the models trained on simulator-generated data can easily over t,
also known as the Simulation to Reality (Sim2Real) gap.

We take the best of two worlds by integrating the data-driven generative models with a simulator to
obtain both the appearance diversity of real-world data and the layout controllability of simulated
data. To this end, we introdu&mGen, a simulator-conditioned diffusion model, which follows the
layout guidance from the simulator and rich text prompts to generate diverse driving scene images.
One naive approach is to guide an image generation model with the depth and semantic images from
the simulator via training a control branch through ControlNe€].[ Yet, as the simulator has limited
assets and cannot fully capture the variations in the real world, the simulated conditions and the
underlying real-world conditions that guide a diffusion model to generate real-world images might
have con icts. To tackle this, SimGen adopts a cascade design. The model rst injects noise-added
simulated conditions such as depth and semantic images into the intermediate sampling process of a
pre-trained text-to-real-condition diffusion network. The network then converts simulated conditions
into more realistic conditions via continuous denoising, free of additional training on simulated
conditions beyond this diffusion network. After that, a second diffusion module utilizes an adapter
to integrate multimodal conditions and uses masks to Iter con icting data. SimGen thus achieves
outstanding generation quality and diversity while preserving layout controllability by connecting
with the simulator.

We construct a dataset callBdVA to obtain the appearance and layout diversity of the training data.
DIVA comprises two parts: the web data and the synthesized data from the simulator. On the one hand,
web data covers a worldwide range of geography, weather, scenes, and traf c elements, preserving
the appearance diversity of a wide range of traf ¢ participants. We design a data curation pipeline to
collect and label YouTube driving videos. On the other hand, virtual driving videos with the traf c
ow replayed from trajectory datasets or generated by a safety-critical scenario genéthtme[
collected from a driving simulato3f]. In short,DIVA dataset blends real-world appearances and
virtual layouts consisting of 147.5 hours @iversel n-the-wild andVirtual driving daf.

We summarize our contributions as follows: 1) a novel controllable image generation model SimGen
incorporating a driving simulator to generate realistic driving scenarios with appearance and layout
diversity; 2) a new dataset DIVA containing massive web and simulated driving videos that ensures
diverse scene generation and advances simulation-to-reality research; 3) SimGen improves over
counterparts like BEVGerbt[/], MagicDrive [20], PanaceaZ], DrivingDiffusion [3€], i.e,, in terms

of image quality, diversity, and controllability of scene generation.
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2 Appearance Diversity and Layout Diversity from DIVA Dataset

We introduce a large-scale DIVA dataset containing diverse driving scenes in the real world and
the simulation. It facilitates the training of generative models and tackles the simulation-to-reality
(Sim2Real) challenge. Tab. 1 displays the statistics, composition, and annotation of the data, which
comprises about 147.5 hours of driving videos. The data is collected from a vast corpus of high-
quality YouTube driving videos and simulation environments in the MetaDrive simulathr\|ve

use DIVA-Real and DIVA-Sim to denote the web data downloaded from YouTube and the data
from the MetaDrive simulator, respectively. Comparisons with other datasets, license, and privacy
considerations are detailed in Appendix B.

2.1 DIVA-Real: Appearance Diversity in Web Data

Collecting web videos.As shown in Fig. 2 (left), to streamline the process and minimize manual
effort, we begin by searching for relevant keywords on YouTube to identify a batch of driving
video channels. The videos are downloaded from these identi ed YouTube channels. We lIter out
unsuitable videos based on their length and resolution and proceed to download the appropriate ones.
This yields hundreds of rst-person driving videos, each with an average duration of one hour. Next,
we sample the videos into frames at 10Hz, excluding the initial and nal 30 seconds to eliminate user
channel information. This process yields over 4.3 million frames, awaiting further data cleaning.

Data cleaning and autolabeling. Table 1:Comparing DIVA with relevant datasets on scale,
Data cleaning is vital for ensuringgiversity, and annotations. : perception subset.: includ-
data quality, but manual inspectionng procedural generatiors§] and safety-critical §(] data.

of each image is impractical. InCts: countries;Seg segmentationyirt : virtual image.
spired by [ 8], we implement an auto-

mated data-cleaning work ow to ex- Time iy Annotations

. . Dataset Frames Cts. Cities
pedite the process. With the remark- (hours) Text Depth Seg. Virt.
able image understanding capabilities T2 i 1 1 1 P
pf the vision-language model (VLM), CityScapes [13] 05 28k 3 50 3
i.e. LLaMA-Adapter V2 [L9], we are  waymo [65] 11 390k 1 3 3
able to conduct the quality checks via Argpfivers[e]Z [74] fé% f%?\lz 2l 2

H H H H H nuPlan .

VLM with a checklist mchdmg Cri-  londaHAD[1] 32 12M 1 - 3
teria .s.uch as non-front view, video nuscenes[6] 55 241k 2 2 3
transition, black screeneig to iden- 5, o] 120 43M 19 71 3 3 3
t|fy nonconforming images. Driving  pna-sim 275 998k 3 5 3 3 3 3
videos are chunked into ve-frame DIVA (Al) 1475 53M 22 76 3 3 3 3

batches. For each batch, the VLM
chooses and assesses a random image;

if this single image fails to pass checks, the entire batch of ve frames will be discarded. In the
autolabeling process, pre-trained models for various tasks, including BLIP2- aff>JoeDepth B,

and Segformerif] , are used to generate annotations of text, depth, and semantic segmentation,
respectively. Eventually, over 120 hours of driving videos with rich annotations are collected.

2.2 DIVA-Sim: Layout Diversity from the Simulator

Simulators are capable of faithfully reconstructing real-world scenes and hence obtaining training data
with layout diversity. Also, after loading the driving scenarios such as map topology from the dataset,
the simulator allows changing the motions and states of the traf ¢ participants with pre-de ned rules
or interactive policies that differ from the original ones. This inspires us to I8iitt2Real datafrom

the simulator. The Sim2Real data is induced from the same real-world scenarios, in which we can
obtain real-world map topology, layout, and raw sensor data. At the same time, we can reconstruct
the paired data from those scenarios but with reconstructed sensor data and even with altered layout
and traf ¢ ows. DIVA-Sim utilizes the MetaDrive simulatord6] and ScenarioNet]/] to gather 5.5

hours of virtual driving videos from nuScenes layotifsgnd another 22 hours from procedurally
generated behaviors. It includes a set of safety-critical driving data through interactions introduced
by an adversarial traf ¢ generation method [80], further improving the diversity of our dataset.

Scene layout construction We utilize ScenarioNety/] to transform scenes into a uni ed description
format suitable for simulators, known asene recorddogging map elements and objects. As illus-
trated by the example scene in Fig. 2 (right), loadingne recorddMetaDrive [36] can reconstruct



Figure 2:Constructing DIVA dataset. DIVA-Real (left) comprises driving videos collected from
YouTube. We apply a Vision Language Model to Iter out noisy images via a checklist and utilize
off-the-shelf models to annotate text, depth, and semantic labels. Meanwhile, DIVA-Sim (right)
employs scene records and control policies in a simulator to create map elements and objects. It can
generate digital twins of real-world data and safety-critical scenes. Then various kinds of sensors
placed in the simulation produce multimodal imageen.:rendered.D. : top-down view. Numbers

and letters indicate the sequence of processes.

roads, blocks, and intersections, and place corresponding 3D models like vehicles, cyclists, and
pedestrians, based on the recorded positions and orientations. We will reasonably select representative
3D models based on the category and dimensions of the objects. And the model's shape is scaled
based on the real dimensions to replicate the objects in the nuScenes dataset accurately. By doing so,
the digital twin scenario can be faithfully reconstructed in the simulator.

Obtaining images via trajectory replay and rendering pipeline. The control policydetermines

the motion dynamics, while the sensors generate multimodal image data at any desired location. To
create nuScenes digital twins, ReplayPolicy is applied to replay logged trajectories of all objects. Our
cameras are placed in the exact pose of the nuScenes front camera, with the camera's eld of view
adjusted to match that of nuScenes closely. The camera attribute can be set to multiple types to obtain
a variety of sensor data. In summary, we can obtain the following conditions through the simulator:
rendered RGB, depth, semantic segmentation, instance segmentation, and top-down views.

Creation of safety-critical data. Besides building digital twins of the real-world data, we can harness
the simulator to continue growing the safety-critical data and enhance layout diversity. We apply the
CAT method B0] to generate safety-critical data based on real-world scenarios. Speci cally, we rst
randomly sample one scenario from the Waymo Open datasSet4 traf ¢ vehicle is perturbed to
attempt colliding with the ego-vehicle via adversarial interaction learriinfy [Thus, we harvest
many safety-critical scenarios with adversarial driving behaviors, which might be challenging to
collect in the real world. This scalable creation of the safety-critical data from the simulator is also
one of the strengths of our method.

3 SimGen Framework

SimGen aims to generate realistic driving images based on the text prompt and the spatial conditions
including semantic and depth maps from real-world datasets and the driving simulator. We incorporate
a driving simulator into the data generation pipeline to achieve controllable and diverse image
generation. Incorporating the simulator provides access to diverse layouts and behaviors of traf ¢
participants, thus better closing the Sim2Real gap. However, if just conditioning the diffusion model
on synthesized data from a simulator, the diffusion model will result in bad image quality due to the
limited assets and the arti cial rendering. We propose a cascade generative model that rst transforms
the simulated spatial conditions to realistic conditions as those in the dataset, then uses those realistic
conditions to guide the rst-view image diffusion model.

lllustrated in Fig. 3, SimGen rst samples a driving scenario and a text prompt from the dataset
and invokes the driving simulator MetaDrived] to rendersimulated conditions (SimCondhe
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