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Abstract

We introduce ScenarioControl, the first vision-language
control mechanism for learned driving scenario genera-
tion. Given a text prompt or an input image, Scenario-
Control synthesizes diverse, realistic 3D scenario rollouts
– including map, 3D boxes of reactive actors over time,
pedestrians, driving infrastructure, and ego camera obser-
vations. The method generates scenes in a vectorized latent
space that represents road structure and dynamic agents
jointly. To connect multimodal control with sparse vec-
torized scene elements, we propose a cross-global control
mechanism that integrates cross-attention with a lightweight
global-context branch, enabling fine-grained control over
road layout and traffic conditions while preserving real-
ism. The method produces temporally consistent scenario
rollouts from the perspectives different actors in the scene,
supporting long-horizon continuation of driving scenarios.
To facilitate training and evaluation, we release a dataset
with text annotations aligned to vectorized map structures.
Extensive experiments validate that the control adherence
and fidelity of ScenarioControl compare favorable to all
tested methods across all experiments. Project webpage:
https://light.princeton.edu/ScenarioControl

1. Introduction

Large-scale datasets have been indispensable for the
progress of autonomous driving [24], providing multi-modal
labeled data across regions and conditions [4, 15, 25, 46, 47].
However, real-world logs alone are insufficient to capture
rare but safety-critical events, such as wrong-way drivers.
Evaluating these edge cases is essential for safe and reli-
able systems, yet relying solely on collected data is highly
sample-inefficient [44].

∗Indicates equal contribution.

Simulators bridge this gap by enabling safe, repeat-
able, and scalable experimentation. Traditional rule-based
simulators such as CARLA [11], SMARTS [64], and
MetaDrive [27] provide controllable virtual worlds for per-
ception and planning research, yet their handcrafted world
design limits realism and diversity, particularly for rare
events [7, 29]. Recent generative approaches, such as Driv-
ing Diffusion [28] and Panacea [56], introduce controllabil-
ity by conditioning on structured “control layouts” derived
from existing scenarios which steer generation by project-
ing logged scenes into intermediate control representations
[13, 23, 28, 31, 39, 43, 55, 56]. Behavior- and interaction-
level methods control agent dynamics to create challenging
closed-loop interactions, but commonly assume a given road
graph and initial scene context [12, 17, 41, 66]. Even for a
given initial scenario description, these methods often strug-
gle to generate long-tail events as the datasets used to train
them contain few of such examples. To the best of our
knowledge, no existing method allows for vision-language-
controlled scenario generation.

In parallel, diffusion-based and data-driven simulation
work has made substantial progress on generating realistic
and diverse driving scenes from data. These methods treat
scenario synthesis as a generative modeling problem over
vectorized [42] or rasterized representations [7, 9, 32, 38],
either placing actors on an existing road graph [32, 38]
or generating both the road graph and actor positions
jointly [9, 42]. Generative models have been shown to pro-
duce high-fidelity structured outputs – road topology and
traffic participants that are directly consumable by down-
stream components such as motion planning, sensor simula-
tion, end-to-end driving, and multimodal future generation
[16, 17, 30, 52, 57, 66]. However, a crucial gap remains:
while realism and diversity are consistently improving, the
controllability at the scenario-level of the layouts themselves
is still limited. Generation is either entirely uncontrolled -
by sampling from the latent space - or with control signals
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taken from existing scenarios, and extrapolation does not
expose interpretable control knobs [9, 42]. We propose Sce-
narioControl to bridge this gap. ScenarioControl enables
vision-language control of diffusion-based generation, un-
locking controllable synthesis of structured driving scenar-
ios and camera sensor simulation for the ego, and any other
actor in the scene. Unlike other methods, it does so without
relying on given logged scene configurations or auto-labeled
control layouts. The resulting scenarios are plug-and-play
with established simulators and autonomy stacks.

To this end, we introduce a novel cross-global control
mechanism that conditions sparse vectorized scene tokens
on dense features, from either a text prompt or a dash-
cam ego image, via two complementary branches: a cross-
attention branch for fine-grained control and a lightweight
global-context branch for capturing high-level scene intent.
Conditioning on natural language and visual cues enables
goal-directed scenario synthesis that both reflects real-world
context and targets specific long-tail regimes. By steering
road geometry, agent placement, and traffic conditions with
a text prompt or a single ego dashcam-style image, gen-
eration moves beyond unconstrained sampling while pre-
serving realistic structure and dynamics, crucial for syn-
thesizing safety-critical cases and building targeted evalu-
ation/training sets. In addition to enabling prompt- and
image-conditioned scene generation, ScenarioControl also
supports scene outpainting and long-horizon video contin-
uation, maintaining temporal and visual consistency. We
confirm ScenarioControl’s fidelity and controllability with
quantitative experiments, while qualitative results demon-
strate adherence to conditioning and diverse long-horizon
rollouts.
Our contributions are summarized as follows:
• We propose a vision–language conditioned vectorized la-

tent diffusion model that generates full vectorized driving
scenes, including lane topology, agent placement, and traf-
fic signals conditioned on text prompts or dash-cam-style
ego images.

• We introduce a new conditioning mechanism that fuses
sparse, vectorized road layouts with dense prompt and
image representations, enabling fine-grained control over
generation.

• We evaluate controllability, diversity, and fidelity of the
generated scenarios for arbitrary actors in the scene, con-
firming that the proposed method performs favorably com-
pared to existing methods while providing fine-grained
vision-language control.

2. Related Work
The field of synthetic data generation for autonomous driv-
ing tasks can be clustered into traffic simulation, scenario
generation methods and sensor data generation methods.
The former focuses on behavioral simulation of traffic par-

ticipants, whereas the latter encompasses the generation of
maps, agent start locations, and static road obstacles. The
last one builds on established behavior rollouts and scenario
layouts to generate corresponding multi-modal sensor data.

Traffic Simulation. Traditional autonomous driving simu-
lators such as CARLA[11] and others [5, 40] provide repro-
ducible testbeds but rely on hand-crafted rules and scripted
behaviors, limiting their ability to capture real-world driv-
ing diversity. Procedural generation approaches, including
MetaDrive and SMARTS [27, 64], improve scalability but
struggle with behavioral realism and rare event coverage.
Data-driven simulators address these limitations by learning
directly from real-world logs. Systems such as Waymax and
GPUDrive [17, 26] enable hardware-accelerated training on
logged scenarios, improving behavioral fidelity. However,
replay-based approaches remain fundamentally constrained
to observed patterns and cannot synthesize novel situations
or explore counterfactual futures.

This limitation motivates generative simulators that syn-
thesize new diverse and realistic scenarios, with several
works addressing the behavior gap of log replay [12, 41].
TrafficGen [12] generates both initial agent states and agent
behavior, CtRL-Sim [41] specializes in the latter. They use a
transformer-based driving policy to enable controllable and
adversarial agent behaviors but assume pre-existing scene
layouts.

Scenario Generation. Most traffic simulators require an
initialized scene from which to roll out agent behaviors. A
significant body of work focuses on producing suitable ini-
tial representations for agents [32, 34], lane graphs [35] or
both [9, 42, 48], providing explicit structural control. When
combined with traffic simulators, such initial scenes enable
complete scenario generation with agent behaviors [9, 42].
SLEDGE [9] uses a raster-to-vector autoencoder with diffu-
sion models to generate lane graphs and initial agent place-
ments, but relies on rule-based traffic models for agent be-
haviors, limiting behavioral realism, while [42] builds on a
vectorized scene representation to both accelerate the gen-
eration and increase quality. However, these methods do not
allow for visual/textual grounding and focus on vectorized
layouts for planners under flat-ground assumptions, rather
than generating realistic sensor data.

Sensor Data Generation. A line of work focuses on
reconstructing photorealistic sensor observations. Neu-
ral rendering methods based on NeRF and 3D Gaussian
Splatting, including UniSim, NeuRAD, and Street Gaus-
sians [49, 59, 61], achieve high visual fidelity but require
explicit scene reconstruction and remain tethered to cap-
tured layouts, limiting their ability to generate counterfac-
tual scenarios. Diffusion-based world models offer a more
flexible alternative by directly synthesizing sensor videos.
GAIA-1 [23] demonstrates controllable multi-camera gen-
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Figure 1. ScenarioControl Conditioning and Initial Scene Generation. Our method generates controllable, vectorized driving scenarios
from visual (option 1) or prompt (option 2) conditioning. Text prompt or image embeddings guide the latent diffusion model (LDM) via
cross-global control mechanism to ensure structurally valid scene generation (right). Red, blue, and grey tinting in both the latent and
decoded spaces indicate ego vehicle, other vehicles, and lanes, respectively.

eration, while subsequent work scales to longer horizons
(LongDWM) and improves multi-view consistency (GAIA-
2) [43, 54]. Cosmos-Drive-Dreams [39] extends these capa-
bilities by post-training the Cosmos world foundation model
on large-scale driving data, enabling precise HDMap and
3D bounding box control, multi-view expansion from single
views, and LiDAR point cloud generation alongside RGB
synthesis. DriveArena [60] explores closed-loop evaluation
with diffusion models. Methods such as SimGen, GeoDrive
and UMGen [6, 57, 65] improve controllability by condition-
ing image generation on structural layouts and 3D geometry
though these methods typically focus on rasterized map or
non-structured scene representations.

Methods that enable trajectory-level control, such as
Epona [62] and ProphetDWM [53], or safety-critical sce-
nario synthesis like AdvDiffuser [8], still operate either
purely in abstract action control modes [14] or purely in
pixel space.

ScenarioControl bridges this gap and exposes explicit con-
trol handles that allow for a controllable scenario generation
with descriptive, interpretable scene prompts, subsequent
behavioral roll-outs, and final sensor data generation. Un-
like existing vectorized methods that generate scenes un-
conditionally, we enable the conditional generation of initial
scenes. This produces complete vectorized scene graphs
with explicit topology and agent placement that reflect real-
world observations, or can support the generation of large-
scale new datasets for specific scenarios using prompting.
These structured representations can then drive traffic sim-
ulators for behavioral rollouts and serve as conditioning for
photorealistic video generation, enabling full multi-modal
scenario generation that maintains both structural consis-
tency and visual realism. Where diffusion video models
provide visual diversity without structured guarantees and
vectorized simulators provide structural control without vi-
sual grounding, we offer both: controllable structured syn-
thesis realized as photorealistic generation.

3. ScenarioControl
In the following, we first describe our scene representation
and vectorized scene generation method (Sec. 3.1). Next, we
describe the proposed conditioning mechanisms for camera
observations or natural language text prompts (Sec. 3.2), also
illustrated by Figure 1. In Sec. 3.3 and Figure 2, we describe
scenario-guided video generation through vision-language
control.

3.1. Scene Representation and Generation
We generate the initial scene by jointly modeling the un-
derlying map structure and the actors’ initial states in a
bird’s-eye-view (BEV) representation with elevation infor-
mation. Specifically, we generate each scene within a
64m × 64m field of view. A scene is then defined as a
graph I = {O,M}, comprising a set of objects O and a
map structure M = {L,A}. The map structure consists
lane centerlines L and their connectivity graph A. Our
objective is to sample a scene I ∼ 𝑝( · |C) from some dis-
tribution 𝑝, conditioned on inputs C, which can be either an
image captured from the perspective of an agent in the scene
or a text prompt describing the scene.

In contrast to existing scenario diffusion approaches that
abstract the environment in a purely two-dimensional BEV
representation [9, 42], we augment the object parametriza-
tion with vertical structure by incorporating elevation 𝑧 and
object height ℎ. This provides essential elevation cues for
downstream camera and sensor-data synthesis, facilitating
faithful reprojection of generated scenarios into the image
domain as shown in Fig. 5.

3.2. ScenarioControl for Vectorized Latent Diffu-
sion.

We propose a controllable vectorized latent diffusion model,
as illustrated in Fig. 1, where we introduce the cross-global
control mechanism that fuses sparse vector tokens with dense
attention-based conditioning from prompts and images.
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Figure 2. Scenario-Controlled Video Generation. Our method produces driving scene representations (𝑡 = 0) that we can simulate into
scenario rollouts with a simulator, and use for downstream tasks such as video generation. The vectorized BEV scenario is projected into
conditional camera-space layouts (BEV2Cam), and then fed into a LoRA-adapted Wan 2.2 (5B) model as a control signal for conditional
video generation, together with the first frame.

First, we train a transformer-based vectorized autoen-
coder that encodes scene elements into a compact latent rep-
resentation. We then train a diffusion model with 𝜖-predictor
𝜖\ over the latents of the autoencoder Z = [ZO ,ZL] with
variable cardinalities (𝑁>, 𝑁;). With condition C, we mini-
mize the DDPM 𝜖-prediction objective [20] with

LLDM = Eg� &∼N(0�I) � C


& − 𝜖\ (Zg , 𝜏; C)



2
2, (1)

where Zg are noisy latents at step 𝜏, composed of 𝑁> object
latents and 𝑁; lane latents, and the noise vector decom-
poses as & = (&O , &L). The conditioning inputs C comprise
dense control signals C� (image) and C% (prompt) used in
cross-attention, and the default control tokens 𝑐 that en-
code the number of agents and lanes 𝑁 = (𝑁>, 𝑁;) and the
scene/domain label ∫ (e.g., Singapore, Las Vegas, Boston,
Pittsburgh in nuPlan), injected via AdaLN-Zero condition-
ing [37].

We next describe the proposed multi-modal control mecha-
nism in more detail, which supports conditioning from both
scene prompts and agent-perspective images.

Prompt Conditioning. Given a prompt describing the
present scene and actors, we employ a text encoder E% that
extracts token embeddings as

E% = E% (C%) ∈ R"%×3% , (2)

where 𝑀% is the number of prompt tokens and 𝑑% is the em-
bedding dimension of the text encoder. The embeddings E%
are then projected through an MLP layer with the linear pro-
jection weights W% to obtain control tokens F% ∈ R"%×3 ,
where 𝑑 denotes the latent dimension used for agent or lane
representations

F% = E%W% . (3)
These prompt control tokens enter the control mecha-
nism/attention by providing keys/values and are combined
with the self-attention outputs.

Agent-Perspective Image Conditioning. Given a forward-
facing agent-perspective image C� , e.g., a dashcam style
image, we extract dense features with a vision backbone E�
and depth estimator E� as

Efeat = E� (C� ) ∈ R"�×3feat ,

Edepth = E� (C� ) ∈ R"�×3depth ,
(4)

where 𝑀� denotes the number of image tokens, 𝑑feat the
feature dimension of the vision backbone, and 𝑑depth the
dimension of the estimated depth map. We use pretrained
models for both the vision backbone and the depth estimator,
and both are frozen during training. Both image features and
depth maps are projected to the model’s hidden dimension
𝑑 via learned linear mappings. Further, we add a non-
trainable sine-cosine positional embedding P to the image
features [37] and depth maps, enforcing a shared spatial
encoding across modalities

F< = E<W< + P, 𝑚 ∈ {feat, depth}. (5)
where Wfeat and Wdepth are learned linear projection
weights mapping modality-specific features to the shared
hidden dimension 𝑑, and P ensures alignment within the
same image coordinate frame across both image features
and depth maps. Finally, we concatenate these position-
aware tokens to form the control feature representation
F� = [Ffeat,Fdepth].

Cross-Global Control Mechanism. Given the conditioning
features, F� and F% , we introduce a control mechanism to
steer scenario generation. We employ 𝑁DM factorized atten-
tion blocks, each applying (in order) object-to-lane, lane-to-
lane, lane-to-object, and object-to-object self-attention (SA)
over the stacked object and lane tokens. The conditioning in-
puts are injected into each (CA) component, which we detail
in the following section. An overview of the full mechanism
is illustrated in Fig. 1.
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