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

1 Introduction

Large-scale datasets have been indispensable for the progress of autonomous
driving [22], providing multi-modal labeled data across regions and conditions
[2,13,23,43, 44]. 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 reliable systems, yet relying solely on collected data is
highly sample-inefficient [42].

Simulators bridge this gap by enabling safe, repeatable, and scalable experi-
mentation. Traditional rule-based simulators such as CARLA [9], SMARTS [60],
and MetaDrive [25] provide controllable virtual worlds for perception and plan-
ning research, yet their handcrafted world design limits realism and diversity,
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particularly for rare events [5,27]. Recent generative approaches, such as Driv-
ing Diffusion [26] and Panacea [52], introduce controllability by conditioning
on structured “control layouts” derived from existing scenarios which steer gen-
eration by projecting logged scenes into intermediate control representations
[11,21,26,29,37,41,51,52]. 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 [10,15,39,62]. Even for a given initial
scenario description, these methods often struggle 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 sub-
stantial progress on generating realistic and diverse driving scenes from data.
These methods treat scenario synthesis as a generative modeling problem over
vectorized [40] or rasterized representations [5,7,30, 36|, either placing actors on
an existing road graph [30,36] or generating both the road graph and actor posi-
tions jointly [7,40]. Generative models have been shown to produce high-fidelity
structured outputs — road topology and traffic participants that are directly
consumable by downstream components such as motion planning, sensor simu-
lation, end-to-end driving, and multimodal future generation [14,15,28,48,53,62].
However, a crucial gap remains: while realism and diversity are consistently im-
proving, 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 taken from existing scenarios, and extrapolation
does not expose interpretable control knobs [7,40]. We propose ScenarioControl
to bridge this gap. ScenarioControl enables vision-language control of diffusion-
based generation, unlocking controllable synthesis of structured driving scenarios
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 condi-
tions sparse vectorized scene tokens on dense features, from either a text prompt
or a dashcam ego image, via two complementary branches: a cross-attention
branch for fine-grained control and a lightweight global-context branch for cap-
turing 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 im-
age, generation moves beyond unconstrained sampling while preserving realistic
structure and dynamics, crucial for synthesizing safety-critical cases and building
targeted evaluation/training sets. In addition to enabling prompt- and image-
conditioned scene generation, ScenarioControl also supports scene outpainting
and long-horizon video continuation, maintaining temporal and visual consis-
tency. We confirm ScenarioControl’s fidelity and controllability with quantita-
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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.

tive experiments, while qualitative results demonstrate adherence to conditioning
and diverse long-horizon rollouts. Our contributions are summarized as follows:

— We propose a vision—language conditioned vectorized latent diffusion model
that generates full vectorized driving scenes, including lane topology, agent
placement, and traffic 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, confirming that the proposed method per-
forms favorably compared to existing methods while providing fine-grained
vision-language control.

2 Related Work

The field of synthetic data generation for autonomous driving tasks can be clus-
tered into tra CC_SImulation, scenario generation methods and sensor data gen-
eration 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.

Tra CcSimulation. Traditional autonomous driving simulators such as CARLA
[9] and others [3,38] provide reproducible testbeds but rely on hand-crafted rules
and scripted behaviors, limiting their ability to capture real-world driving diver-
sity. Procedural generation approaches, including MetaDrive and SMARTS [25,
60], 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 [15, 24| 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.
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This limitation motivates generative simulators that synthesize new diverse
and realistic scenarios, with several works addressing the behavior gap of log
replay [10, 39]. Tra cGen [10] generates both initial agent states and agent be-
havior, CtRL-Sim [39] specializes in the latter. They use a transformer-based
driving policy to enable controllable and adversarial agent behaviors but assume
pre-existing scene layouts. Challenger [54] generates adversarial rollouts from
xed logged scenes for safety-critical evaluation, but does not generate editable
vectorized scene structure.

Scenario Generation. Most tra ¢ simulators require an initialized scene from
which to roll out agent behaviors. A signi cant body of work focuses on pro-
ducing suitable initial representations for agents [30, 32], lane graphs [33] or
both [7,40,45], providing explicit structural control. When combined with tra c
simulators, such initial scenes enable complete scenario generation with agent
behaviors [7,40]. SLEDGE [7] uses a raster-to-vector autoencoder with di usion
models to generate lane graphs and initial agent placements, but relies on rule-
based tra c models for agent behaviors, limiting behavioral realism, while [40]
builds on a vectorized scene representation to both accelerate the generation and
increase quality. However, these methods do not allow for visual/textual ground-
ing and focus on vectorized layouts for planners under at-ground assumptions,
rather than generating realistic sensor data.

Sensor Data Generation. A line of work focuses on reconstructing photorealis-

tic sensor observations. Neural rendering methods based on NeRF and 3D Gaus-
sian Splatting, including UniSim, NeuRAD, and Street Gaussians [46, 55, 57],
achieve high visual delity but require explicit scene reconstruction and remain
tethered to captured layouts, limiting their ability to generate counterfactual sce-
narios. Di usion-based world models o er a more exible alternative by directly
synthesizing sensor videos. GAIA-1 [21] demonstrates controllable multi-camera
generation, while subsequent work scales to longer horizons (LongDWM) and
improves multi-view consistency (GAIA-2) [41,50]. Cosmos-Drive-Dreams [37]
extends these capabilities by post-training the Cosmos world foundation model
on large-scale driving data, enabling precise HDMap and 3D bounding box con-
trol, multi-view expansion from single views, and LiDAR point cloud generation
alongside RGB synthesis. DriveArena [56] explores closed-loop evaluation with
di usion models. Methods such as SimGen, GeoDrive and UMGen [4,53,61] im-
prove controllability by conditioning 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 [58] and ProphetDWM [49], or safety-critical scenario synthe-
sis like AdvDi user [6], still operate either purely in abstract action control
modes [12] or purely in pixel space.

ScenarioControl bridges this gap and exposes explicit control handles that al-
low for a controllable scenario generation with descriptive, interpretable scene
prompts, subsequent behavioral roll-outs, and nal sensor data generation. Un-
like existing vectorized methods that generate scenes unconditionally, we enable
the conditional generation of initial scenes. This produces complete vectorized
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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 sim-
ulator, 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 rst frame.

scene graphs with explicit topology and agent placement that re ect real-world
observations, or can support the generation of large-scale new datasets for spe-
ci ¢ scenarios using prompting. These structured representations can then drive
tra ¢ simulators for behavioral rollouts and serve as conditioning for photo-
realistic video generation, enabling full multi-modal scenario generation that
maintains both structural consistency and visual realism. Where di usion video
models provide visual diversity without structured guarantees and vectorized
simulators provide structural control without visual grounding, we o er both:
controllable structured synthesis realized as photorealistic generation.

3 ScenarioControl

In the following, we rst describe our scene representation and vectorized scene
generation method (Sec. 3.1). Next, we describe the proposed conditioning mech-
anisms for camera observations or natural language text prompts (Sec. 3.2), also
illustrated by Fig. 1. In Sec. 3.3 and Fig. 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 underlying map structure
and the actors' initial states in a bird's-eye-view (BEV) representation with
elevation information. Speci cally, we generate each scene within a 64m 64m
eld of view. A scene is then de ned as a graph | = fO; Mg, comprising a set

of objects O and a map structure M = fL; Ag. The map structure consists lane
centerlines L and their connectivity graph A. Our objective is to sample a scene

I p( jC) from some distribution 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 di usion approaches that abstract the envi-
ronment in a purely two-dimensional BEV representation [7,40], we augment the
object parametrization with vertical structure by incorporating elevation z and
object height h. This provides essential elevation cues for downstream camera
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