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Abstract

We introduce Scenario Dreamer, a fully data-driven gen-
erative simulator for autonomous vehicle planning that
generates both the initial traffic scene—comprising a lane
graph and agent bounding boxes—and closed-loop agent
behaviours. Existing methods for generating driving simu-
lation environments encode the initial traffic scene as a ras-
terized image and, as such, require parameter-heavy net-
works that perform unnecessary computation due to many
empty pixels in the rasterized scene. Moreover, we find that
existing methods that employ rule-based agent behaviours
lack diversity and realism. Scenario Dreamer instead em-
ploys a novel vectorized latent diffusion model for ini-
tial scene generation that directly operates on the vector-
ized scene elements and an autoregressive Transformer for
data-driven agent behaviour simulation. Scenario Dreamer
additionally supports scene extrapolation via diffusion in-
painting, enabling the generation of unbounded simulation
environments. Extensive experiments show that Scenario
Dreamer outperforms existing generative simulators in re-
alism and efficiency: the vectorized scene-generation base
model achieves superior generation quality with around 2×
fewer parameters, 6× lower generation latency, and 10×
fewer GPU training hours compared to the strongest base-
line. We confirm its practical utility by showing that re-
inforcement learning planning agents are more challenged
in Scenario Dreamer environments than traditional non-
generative simulation environments, especially on long and
adversarial driving environments.

1. Introduction

Simulators are invaluable tools for the safe and scalable de-
velopment of autonomous vehicles (AVs) [6, 38, 54, 75].
They reduce costs and accelerate development, while offer-
ing a safe way to evaluate the performance of autonomous

vehicle systems under diverse, rare, and potentially dan-
gerous real-world conditions. Despite significant advance-
ments in enhancing the speed and realism of autononous
driving simulators [19, 30, 31], current simulators remain
constrained by their reliance on prerecorded driving logs.
Specifically, current data-driven simulators either replay or
modify existing driving logs, limiting scalability due to the
finite size and diversity of the available data. For instance,
public driving simulators like GPUDrive [31] and Waymax
[19], which are based on the Waymo Open Motion Dataset
[13], cover only 1,750 km of unique roadway—a fraction
of the nearly 22,000 km of roadway that an average human
drives annually [15]. Simulations are also bounded by the
length of the driving logs, which are typically less than 30
seconds. Given the billions of miles of diverse driving ex-
perience needed to validate the safety of autonomous vehi-
cles in simulation, existing simulation environments derived
from traffic logs have struggled to enable scalable training
and evaluation of autonomous vehicles.

To address the limitations of current driving simula-
tors, recent work has shown that diffusion generative mod-
els can be used to synthesize driving environments in an
abstract representation comprising bird’s eye view (BEV)
agent bounding boxes and a lane graph [10, 56]. However,
these methods are either not fully data-driven as the agent
behaviours are governed by unrealistic rule-based models
[10], or can only generate short driving scenarios with non-
reactive agents [56]. Prior methods also encode driving
scenes as rasterized BEV images, which require costly and
unnecessary computation due to many empty pixels in the
rasterized scenes [10, 56]. While existing generative sim-
ulators from sensor data have been proposed [74], these
methods fail to meet the strict latency demands of simu-
lators due to their reliance on large video diffusion models.

We propose Scenario Dreamer, a fully data-driven gen-
erative simulator for autonomous driving planning. Sce-
nario Dreamer decomposes environment generation into
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initial scene generation, which generates the initial scene in
an abstract representation comprising BEV agent bounding
boxes and a lane graph, and behaviour simulation, which
controls agent behaviours over time. A core component of
Scenario Dreamer is our proposed vectorized latent diffu-
sion model for initial scene generation that operates directly
on the vectorized scene elements. Compared to a rasterized
encoding, the proposed model offers several practical ad-
vantages, including higher fidelity generations with reduced
generation latency and higher quality scene extrapolations
even at dense and complicated road geometries. It addi-
tionally enables learning the lane graph connectivity explic-
itly by modeling pairwise relationships between road ele-
ments, thus eliminating the need for post-processing heuris-
tics used by Chitta et al. [10]. For closed-loop behaviour
simulation, we utilize a return-conditioned autoregressive
Transformer [53] for controllable agent behaviours that is
adapted to support longer simulation rollouts. Both models
are trained from real-world driving data.

Unlike prior work, Scenario Dreamer supports flexible
test-time control over the generation of challenging and
safety-critical scenarios. Specifically, we can explicitly
control scene density with Scenario Dreamer by specify-
ing the number of lanes and agents within a given field of
view (FOV). Moreover, we can simulate adversarial agent
behaviours with Scenario Dreamer via exponential tilting
of the behaviour model [35, 53]. We integrate Scenario
Dreamer with GPUDrive [31] to enable training Scenario
Dreamer compatible reinforcement learning (RL) agents
and evaluate RL agents in Scenario Dreamer environments.
We show that Scenario Dreamer provides more challeng-
ing environments for RL planning agents than existing
non-generative environments. Scenario Dreamer unlocks
the ability to synthesize a limitless quantity of unbounded
and interactive safety-critical environments, which we hope
stimulates future autonomous driving planning research.

Contributions: (1) We introduce Scenario Dreamer, a
fully data-driven generative simulator for autonomous driv-
ing planning. At the core of Scenario Dreamer is a novel
vectorized latent diffusion model for initial scene genera-
tion that offers practical advantages over prior methods that
utilize a rasterized scene encoding. (2) We show that Sce-
nario Dreamer environments challenge RL planners, espe-
cially on long and adversarial driving environments.

2. Related Work
Simulators for Autonomous Driving Traditional hand-
crafted driving simulators require costly manual effort to
create environments [5, 12, 36]. Consequently, they are
difficult to scale to larger environments and suffer from a
significant sim-to-real gap. To address these issues, re-
cent works have proposed data-driven driving simulators
that are based on real driving data [6]. These simula-

tors either reconstruct driving environments from sensor
inputs using neural rendering techniques [9, 42, 47, 61,
68, 71, 72, 75, 80, 81, 83], or they utilize post-perception
outputs to represent driving scenes in an abstract repre-
sentation comprising agent bounding boxes and HD maps
[19, 30, 31, 34, 37, 65, 82]. Scenario Dreamer adopts the
abstract environment representation due to its lower com-
putational demands and memory footprint, while offering
sufficient complexity to evaluate AV planners.

Generative Simulation Environments While open-
source data-driven simulators reduce the sim-to-real gap
compared to handcrafted simulators, they are fundamen-
tally limited by the scarcity of public driving data and the
short durations of prerecorded driving logs. To overcome
these constraints, recent works have proposed using diffu-
sion generative models to generate driving simulation envi-
ronments from sensor inputs [17, 23, 74] or post-perception
data [10, 56]. A similar line of work uses diffusion mod-
els as generative interactive environments in other contexts,
such as for video games [2, 4, 63] and robotics [66, 73, 76].
SLEDGE employs a customized latent diffusion model to
generate bounding boxes and lane graphs but relies on
rule-based agent behaviours [32, 62], limiting realism [10].
DriveSceneGen uses a diffusion model for initial scene gen-
eration and a motion prediction model for agent behaviours
but produces only short, non-reactive scenarios of up to 20
seconds [56]. Scenario Dreamer addresses these shortcom-
ings by introducing a latent diffusion model for initial scene
generation and a Transformer-based driving policy [53] for
closed-loop behaviour simulation, making it a fully data-
driven, closed-loop, generative driving simulator capable of
generating arbitrarily long simulations.

Initial Scene Generation and Behaviour Simulation
A large body of work focuses specifically on the task of
initial scene generation, targeting either the generation of
initial agent bounding boxes [43, 59], lane graphs [45], or
both [10, 56]. SceneControl [43] utilizes a vectorized dif-
fusion model for initial agent generation but does so in data
space. Both SLEDGE and DriveSceneGen employ diffu-
sion models to generate the initial scene by processing it as
a rasterized image, leading to unnecessary computation. In
contrast, Scenario Dreamer generates the initial scene with
vectorized processing [7, 8, 16, 18, 22, 27, 28, 40, 41, 46,
52, 70, 84], which enhances the speed and performance of
the scene generations and extrapolations.

Recent works have proposed various methods for simu-
lating closed-loop agent behaviours conditioned on initial
agent states and HD maps [11, 26, 57, 58, 69, 77, 85].
These approaches rely on large Transformer-based mod-
els [24, 49, 67] or diffusion models [20, 25, 29, 78, 79],
which are computationally expensive, especially consider-
ing that behaviour models run autoregressively in the loop
during simulation. Scenario Dreamer utilizes a lightweight
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(a) Model Overview (b) Inference Time Sampling

Figure 1. Scenario Dreamer vectorized latent diffusion model for initial scene generation. Left: We embed each vectorized scene
element into a latent representation with an autoencoder parameterized with factorized attention blocks, which additionally fuses the lane
connectivity A. The latent Transformer diffusion model ϵθ is trained to sample from the autoencoder’s latent distribution. Right: Scenario
Dreamer samples novel driving scenes by initializing No+Nl noise tokens which are iteratively denoised with ϵθ over T steps and decoded
into vectorized scene elements. The ego vehicle is denoted in red, with other agents colored in blue and pedestrians in purple.

return-conditioned behaviour model [53] for closed-loop
behaviour simulation. The return conditioning allows for
flexible test-time control over agent behaviours, which can
be used to generate adversarial driving behaviours. Re-
searchers have also explored methods that attempt to gen-
erate both initial agent states and behaviours conditioned
on the map and ego state, either by using separate modules
for each task [3, 14] or by coupling them in an end-to-end
trainable system [29, 44, 50, 60]. Scenario Dreamer keeps
initial scene generation and behaviour simulation decoupled
by design, allowing for these components to be invoked at
different frequencies as needed.

3. Scenario Dreamer
We approach the task of generative driving simulation by
decomposing it into initial scene generation and behaviour
simulation. Below, we detail our proposed initial scene gen-
erator and agent behaviour model, both trained from real-
world driving data. We then describe our generative sim-
ulation framework that supports closed-loop evaluation of
AV planning agents.

3.1. Problem Setting

Initial Scene Generation Initial scene generation involves
generating the initial BEV object bounding box states and
the underlying map structure within a fixed field of view
(FOV). Following [10], we generate a 64m×64m FOV cen-
tered and rotated to the ego agent. We denote by F the
64m×64m region being generated and denote by FP and
FN the 32m × 64m regions that are ahead of and behind
the ego agent, respectively. The initial scene generator is
tasked with sampling from the distribution p(IF ) of ini-
tial scenes, where an initial scene IF = {O,M} com-

prises a set of objects O and the map structure M within
the FOV F . We define O = {oi}No

i=1 as a set of No ob-
jects that includes the traffic participants (e.g., ego agent,
vehicles, pedestrians, cyclists) and static objects (e.g., traf-
fic cones), where oi is an 8-dimensional vector containing
the 2-dimensional position, speed, cosine and sine of the
heading, length, width, and object class of bounding box
i. We generate a map representation M similar to [10],
where M = {L,A} contains a set L = {li}Nl

i=1 of Nl cen-
terlines where each li is a 20 × 2 sequence of centerline
positions, and A ∈ {0, 1}Nl×Nl×4 defines the associated
centerline connectivity as a stack of four adjacency matrices
describing the successor, predecessor, left, and right neigh-
bor connections. The initial scene generator must also sup-
port sampling from the conditional distribution p(IFP

|IFN
)

as this enables sampling arbitrarily long scenes by stitching
together new generated regions FP conditioned on existing
regions FN (see Figure 3).

Behaviour Simulation Given an initial scene configura-
tion prescribed by the initial scene generator, the task of be-
haviour simulation involves modeling the behaviour of the
dynamic objects in the scene over time. Concretely, given
the set of initial object bounding box states S0 := O and
the lane structure M, the behaviour model employs a multi-
agent driving policy π(At|St,M) and a forward transition
model P(St+1|St,At), where At is set of the actions of all
dynamic objects at timestep t.

3.2. Vectorized Latent Diffusion Model

The initial scene generator aims to sample from p(IF ).
To achieve this, we propose learning an approximation,
p̃(IF ) ≈ p(IF ), based on real driving data with a diffu-
sion model, given the strong capability of diffusion models
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Figure 2. Vectorized environments generated by Scenario Dreamer with the proposed vectorized latent diffusion model trained on the
Waymo dataset (top row) and nuPlan dataset (bottom row).

to capture highly complex distributions [1, 51]. We employ
a two-stage training process: first, we learn a compact la-
tent representation of the No objects, {hO

i }
No
i=1, and the Nl

centerlines, {hL
i }

Nl
i=1, through a low-β variational autoen-

coder [21]; next, we train a diffusion model to sample from
the latent distribution p(H) := p({hO

i }
No
i=1, {hL

i }
Nl
i=1). The

architecture is illustrated in Figure 1, and detailed below.
3.2.1 Autoencoder
The autoencoder consists of a Transformer-based [64] en-
coder Eϕ and decoder Dγ that operate directly on the vector-
ized scene elements – in contrast, prior work [10] encodes
the driving scene as a rasterized image.

Encoder The encoder first embeds the No + Nl vec-
tor elements with a per-vector MLP and additionally em-
beds the one-hot representation of the lane connectivity
type cij with an MLP for all centerline segment pairs i
and j. Eϕ then applies a sequence of NE factorized atten-
tion blocks over the No + Nl embedded scene elements,
where each factorized attention block comprises a lane-to-
lane, lane-to-object, and object-to-object multi-head atten-
tion layer [18, 39, 46]. Lane-to-lane attention captures spa-
tial relations between centerline segments, where the em-
bedded lane connectivities are additionally fused into the
attention keys and values. Lane-to-object attention incor-
porates map context into object embeddings, while object-
to-object attention captures spatial relationships among ob-
jects. Following the NE factorized attention blocks, the en-
coder maps each object and lane embedding to latent dimen-
sions Ko and Kl respectively, with both mean and variance
parameterized as in a VAE [33]. Importantly, we design Eϕ
such that lane latents do not depend on the object features
(i.e., no object-to-lane attention), to allow lane-conditioned
object generation at inference.

Decoder The decoder Dγ samples from the
latent distribution parameterized by the encoder

{{hO
i }

No
i=1, {hL

i }
Nl
i=1} ∼ Eϕ and processes the em-

bedded lane and object latents through a sequence of ND

factorized attention blocks. Following these blocks, the
decoder reconstructs the continuous lane and object vector
inputs, supervised by an ℓ2 loss. For lane connectivity pre-
diction, each pair of lane embeddings is concatenated and
passed through an MLP to predict a categorical distribution
over the connectivity type, trained with a cross-entropy
loss. The Scenario Dreamer autoencoder is trained with the
standard Evidence Lower Bound (ELBO) objective with
low-β regularization, as detailed in the Appendix.

3.2.2 Latent Diffusion Sampling

We train a latent diffusion model to sample from the autoen-
coder’s latent distribution p(H) factorized as

p(H) =
∑

No,Nl

p({hO
i }

No
i=1, {h

L
i }

Nl
i=1|No, Nl)p(No, Nl).

p(No, Nl) is approximated with training set statistics,
and thus we approximate p(H) as p(H) ≈ pθ(H) =∑

No,Nl
pθ({{hO

i }
No
i=1, {hL

i }
Nl
i=1}|No, Nl)p(No, Nl).

Here, the conditional distribution pθ(·|No, Nl) is param-
eterized with a diffusion model with weights θ, which
samples No object latents and Nl lane latents. Unlike
image-based models, pθ must accommodate variable latent
sizes, so we design a customized transformer architecture
with AdaLN-Zero conditioning [48]. This architecture,
similar to the autoencoder, is composed of a sequence
of NDM factorized attention blocks (illustrated in Figure
1) that include sequential object-to-lane, lane-to-lane,
lane-to-object, and object-to-object attention layers. This
factorized processing approach allows each layer to model
the layer-specific interactions while allowing for different
hidden dimensions for object and lane tokens. Notably,

17210



lane tokens require a larger hidden dimension due to the
high level of spatial reasoning and detail required for
realistic lane generation, while object tokens are effectively
represented with a smaller dimension, making the diffusion
model more efficient overall. We employ the standard
DDPM objective to train pθ, where pθ is parameterized as a
noise-prediction network ϵθ that learns to predict the noise
of noised lane and object latents at varying noise levels:

Ldm = EHt,ϵt∼N (0,1),t

[
∥ ϵt − ϵθ(Ht, t) ∥22

]
,

where Ht denotes a stacked tensor of No object latents and
Nl lane latents that is noised over t forward diffusion steps
with noise vector ϵt := (ϵL, ϵO) containing both the object
and lane noise vectors. We refer readers to the Appendix
for more details.

Permutation Ambiguity Unlike images, which have a
natural grid-like structure, set-structured data in Scenario
Dreamer poses unique challenges for diffusion models.
Specifically, a phenomenon called permutation ambiguity
[7] arises: the vector elements that are sufficiently noised
during training lose enough underlying structure that the
model cannot reliably infer the permutation of the ground-
truth signal toward which it should regress. In image-based
transformer diffusion methods, such as DiT, this issue is re-
solved by applying a positional encoding to each grid patch.
To similarly address permutation ambiguity in our model,
we introduce sinusoidal positional encodings to the latent
tokens prior to the factorized attention blocks.

Our positional encoding scheme involves defining an or-
dering of the tokens (per token type) during training, allow-
ing the model to better infer a noised token’s likely rela-
tive spatial position and thus the ground-truth signal toward
which it should regress. To achieve this, we propose a recur-
sive ordering procedure (see Appendix): tokens are ordered
by minimum x-value, and if x-values differ by less than ϵ
meters, they are subsequently ordered by minimum y-value,
then maximum x-value, and finally maximum y-value. No-
tably, the initial ordering by x-value facilitates inpainting,
as tokens in IFN

form a contiguous subsequence of ordered
tokens that precede those in IFP

.

3.2.3 Scene Generation

The Scenario Dreamer latent diffusion model supports mul-
tiple modes of scene generation within a single trained
model: initial scene generation to sample 64m×64m scenes
from p(IF ); lane-conditioned object generation to sample
object bounding boxes O conditioned on a known map M;
and scene inpainting to sample from p(IFP

|IFN
). We de-

scribe each generation mode in detail in the following.
Initial Scene Generation. Scenario Dreamer generates

novel initial driving scenes IF by first sampling (No, Nl) ∼

Figure 3. Illustrative example of Scenario Dreamer’s inpainting
capabilities, where the initial tile is outlined in solid lines and the
inpainted tile in dashed. The model generates consistent lane ge-
ometries at the scene boundaries, even at complex intersections.

p(No, Nl) from the joint distribution found in the train-
ing data, with dataset-dependent limits on No and Nl to
ensure realistic scene density. Alternatively, users may
directly specify (No, Nl), which enables control over the
scene density. After setting (No, Nl), we sample latents
{hO

i }
No
i=1, {hL

i }
Nl
i=1 from the diffusion model over T = 100

diffusion steps and decode the latents into vectorized scene
elements using the autoencoder decoder.

Lane-conditioned Object Generation involves encod-
ing the vectorized elements of a given map M using Eϕ,
then sampling No ∼ p(No|Nl) object latents from the dif-
fusion model, which are diffused while conditioning on the
encoded map latents at each denoising timestep. The result-
ing object latents can be decoded into object bounding box
configurations with Dγ .

Scene Inpainting. Following [10], we frame conditional
sampling from P (IFP

|IFN
) as an inpainting task. Unlike

grid-structured images, where boundaries between regions
such as IFP

and IFN
are naturally defined (e.g., along

x = 0), lane vectors in our setting can cross this bound-
ary without restriction. To address this, we preprocess our
dataset into two scene types: partitioned scenes, which are
artificially split at x = 0, and non-partitioned scenes, where
lane vectors may span across x = 0. The autoencoder is
trained to reconstruct both scene types, while the diffusion
model generates both by using a conditioning label to distin-
guish between them. To further enhance inpainting quality,
during training the diffusion model conditions on the en-
coded latents of IFN

for partitioned scenes, thus training it
explicitly to inpaint. This significantly improves inpainting
performance, as the model can learn to utilize the relevant
scene context from IFN

to ensure that the lane geometries
remain spatially consistent across the x = 0 boundary.

Scenario Dreamer requires specifying the num-
ber of new lane and object vectors to occupy the
new 32x64 region IFP

, effectively sampling from
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p(NFP
o , NFP

l |IFN
). Although approximate sampling from

p(NFP
o , NFP

l |NFN
o , NFN

l ) is possible through training
statistics, p(NFP

l |IFN ) is highly geometry-dependent. To
account for this, we train a classifier, fϕ(N

FP

l |MFN
),

alongside Eϕ to predict the number of lanes in IFP
based

on the context IFN
, trained only on partitioned scenes.

Specifically, a learnable query vector cross-attends with
the lane tokens in IFN

within each factorized attention
block of Eϕ, outputting a categorical distribution over
NFP

o trained with a cross-entropy loss. At inference,
we first sample NFP

l ∼ fϕ, followed by sampling
NFP

o ∼ p(NFP
o |NFN

o , NFN

l + NFP

l ). With (NFP
o , NFP

l )
sampled, we encode the latents for IFN

, and we generate
NFP

o and NFP

l new tokens initialized to Gaussian noise.
Standard diffusion inpainting [10] is then applied, where
noised tokens in IFN

are set to their encoded latents at
each denoising step. The resulting latents are decoded to
produce the new scene elements in IFP

.

3.3. Behaviour Simulation

Starting with an initial scene I generated by the latent
diffusion model, we extend CtRL-Sim [53], an autore-
gressive Transformer-based behaviour model, to control
multiple agent types (e.g., vehicles, pedestrians, and cy-
clists). To support multiple agents types, we use the k-
disks tokenization scheme Philion et al. [49]. CtRL-Sim
is a return-conditioned multi-agent policy designed for be-
haviour simulation. We adapt the CtRL-Sim architecture,
which parameterizes the joint distribution over future re-
turns Gt and actions At, decomposed as pθ(At,Gt|St) =
πθ(At|St,Gt)pθ(Gt|St). A key advantage of this decompo-
sition is its return-conditioning, which enables exponential
tilting [35] of the learned return model at inference to gener-
ate good or adversarial driving behaviours. In the Scenario
Dreamer framework, we aim to create adversarial scenar-
ios that specifically challenge the autonomous vehicle (AV)
planner. To this end, we design a reward function that pe-
nalizes collisions with the ego vehicle, and model the dis-
counted return Gt =

∑t+H
t=t rt based on the cumulative re-

wards over a horizon H = 2s, which we found offers im-
proved controllability over modeling the full return.

3.4. Simulation Framework

With Scenario Dreamer in hand, we describe our proposed
simulation framework’s unique properties. First, Scenario
Dreamer supports the evaluation of AV planners within its
generative simulation environments over arbitrarily long
simulation lengths. We define a route for the AV plan-
ner to follow, and simulate the other agents using CtRL-
Sim. We follow the Waymo dataset filtering scheme em-
ployed in Nocturne [65] and GPUDrive [31] to ensure that
the scenarios are valid for simulation (i.e, absence of traf-
fic lights, which lack annotated traffic light states). To en-

sure that Scenario Dreamer-generated scenarios are valid
for simulation, Scenario Dreamer conditions on a binary in-
dicator during training that indicates whether the training
scene passes the Nocturne filtering scheme. At inference,
we utilize classifier guidance to sample from simulation-
compatible scenes. The simulation framework is described
in more detail in the Appendix.

4. Experiments
Datasets The Scenario Dreamer latent diffusion model is
separately trained on both the Waymo Open Motion Dataset
[13] and the nuPlan dataset [30]. For Waymo, our model
captures vehicles, pedestrians, and cyclists, and we process
the lane centerlines and their connectivity, excluding other
map elements. For nuPlan, we model vehicles, pedestri-
ans and static objects, and we process the lane centerlines,
lane connectivity, and traffic light states. For both datasets,
we use a 64m ×64m FOV centered on the ego vehicle and
centerlines are processed using the compression algorithm
from Chitta et al. [10], detailed in the Appendix.

Metrics To evaluate the quality of initial scene gener-
ations, we assess our methods on both lane graph genera-
tion and initial agent bounding box generation tasks. For
lane graph generation, we report Urban Planning metrics,
following prior works [10, 45, 56]. These metrics mea-
sure the distributional realism of the generated lane graph
connectivity by computing Frechet distances on node fea-
tures for nodes with degree ̸= 2, referred to as key points.
The following features are computed: Connectivity com-
putes the degrees of all key points across the lane graphs;
Density computes the number of key points in each lane
graph; Reach computes the number of available paths from
each keypoint to others; and Convenience computes the Di-
jsktra path lengths for all valid paths between key points.
As in Chitta et al. [10], the Urban Planning metrics are
scaled by suitable powers of 10 for readability. Frechet
Distance (FD) measures the perceptual quality of the gen-
erated spatial lane positions by computing Frechet distances
between the penultimate layer lane embeddings of a sepa-
rately trained Scenario Dreamer autoencoder model. We
additionally measure the longest Route Length by travers-
ing the generated lane graph from the origin, and Endpoint
Distance, which measures the average distance between the
endpoint of lane i and starting point of lane j for all pre-
dicted successor edges (i, j) in the generated lane graphs.
All lane graph generation metrics are computed on 50k real
lane graphs and 50k ground-truth test lane graphs.

For initial agent generation, we focus on the distribu-
tional realism of vehicles, reporting Jensen-Shannon Diver-
gence (JSD) metrics as in Lu et al. [43], including: Nearest
Dist. between each vehicle and its neighbours, Lateral Dev.
from the closest centerlines, Angular Dev. from the closest
centerline, Length and Width of the vehicles, and Speed of
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Per-Scene Num. Perceptual Quality ↓ Urban Planning ↓ Route Length ↑ Endpoint Dist. ↓
Dataset Method Gen. Time (s) ↓ Parameters GPUh FD Conn. Dens. Reach Conve. (m) (m)

nuPlan SLEDGE (DiT-L) [10] 0.48 539M 96 1.89 2.34 2.43 0.70 2.44 35.34±8.63 0.47±0.32

SLEDGE (DiT-XL) [10] 0.67 769M 960 1.44 1.67 1.74 0.51 1.68 35.83±8.35 0.42±0.29

Scenario Dreamer (B) 0.09 377M 96 1.05 0.28 0.45 0.07 0.14 37.04±10.21 0.32±0.80

Scenario Dreamer (L) 0.16 679M 256 0.67 0.18 0.43 0.03 0.33 36.87±10.37 0.25±0.71

Waymo DriveSceneGen (GT Raster)∗ [56] - - - 40.59 4.53 1.18 0.64 5.58 41.61±18.61 0.01±0.00

Scenario Dreamer (B) 0.08 376M 96 1.61 0.17 1.05 0.56 3.81 38.23±12.78 0.32±0.90

Scenario Dreamer (L) 0.16 678M 256 1.38 0.03 0.95 0.28 2.05 38.92±13.56 0.21±0.75

Table 1. Assessment of lane graph generation evaluated on the Waymo Open Motion and nuPlan test datasets. For each metric and dataset,
the best method is bolded. ∗ denotes privileged version of the method.

Distributional JSD ↓ Collision Rate ↓
Dataset Method Near. Dist. Lat. Dev. Ang. Dev. Len. Wid. Speed (%)

nuPlan SLEDGE (DiT-L) [10] 0.53 0.63 3.60 11.84 10.16 0.46 22.3
SLEDGE (DiT-XL) [10] 0.49 0.49 3.26 11.16 10.29 0.47 21.2

Scenario Dreamer (B) 0.12 0.15 0.17 0.22 0.14 0.07 11.9
Scenario Dreamer (L) 0.09 0.11 0.18 0.25 0.17 0.06 9.3

Waymo DriveSceneGen (GT Raster)∗ [56] 0.63 1.01 2.43 58.86 54.51 18.70 0.2

Scenario Dreamer (B) 0.07 0.07 0.07 0.40 0.25 0.36 5.4
Scenario Dreamer (L) 0.06 0.05 0.07 0.42 0.25 0.38 4.8

Table 2. Assessment of initial agent bounding box generation evaluated on the Waymo Open Motion and nuPlan test datasets. ∗ denotes
privileged version of the method.

the vehicles. The JSD metrics are computed over 50k real
and generated scenes and scaled by suitable powers of 10.
We also report the Collision Rate of the agent bounding
boxes. Behaviour simulation metrics are similar to that of
the agent generation, with details in the Appendix.

Methods under Comparison We evaluate Scenario
Dreamer against competitive diffusion-based methods for
initial scene generation on both the nuPlan and Waymo
datasets. For nuPlan, we compare with the SLEDGE DiT-
L and DiT-XL models [10], retraining them following their
open-source code. SLEDGE encodes driving scenes into
a latent space using an image rasterization scheme, which
is then modeled by a latent diffusion process and decoded
in a vectorized format. On the Waymo dataset, we bench-
mark against DriveSceneGen [56]. However, in our exper-
iments, the DriveSceneGen diffusion model did not con-
verge, so we instead use a privileged version that provides
an upper bound on DriveSceneGen’s performance by ras-
terizing 50k ground-truth training scenes following their
rasterization pipeline and decoding them with DriveSce-
neGen’s vectorization post-processing. Notably, Scenario
Dreamer is the only model that fully processes scene ele-
ments in a vectorized manner. For behaviour simulation, we
compare CtRL-Sim against the rule-based IDM [62] and a
data-driven baseline Trajeglish [49], with quantitative and
qualitative results reported in the Appendix. The Scenario
Dreamer latent diffusion model is available in two sizes:
the base model (B) with 377M parameters, trained over 24
hours on 4 A100 GPUs, and the large model (L) with 679M
parameters, trained over 32 hours on 8 A100 GPUs. Addi-

tional model details are provided in the Appendix.

Results Table 1 reports the lane graph generation re-
sults on the nuPlan and Waymo datasets, along with per-
scene generation times, parameter counts, and diffusion
model GPU training hours (GPUh) for each method. On the
nuPlan dataset, Scenario Dreamer outperforms SLEDGE
across all lane graph generation metrics. Notably, the
smaller Scenario Dreamer base model surpasses SLEDGE’s
largest DiT-XL model on every metric, with approximately
2× fewer parameters, 7× lower inference latency, and 10×
fewer GPU training hours. We note that our reproduction of
the SLEDGE DiT-XL model underperformed the results re-
ported in Chitta et al. [10]. Nevertheless, Scenario Dreamer
(L) still outperforms the published results in Chitta et al.
[10] across all metrics. These results highlight the effec-
tiveness of the vectorized design for lane graph generation.

The vectorized processing enhances efficiency by focus-
ing parameters directly on the relevant vectorized scene ele-
ments rather than processing empty pixels and is not sensi-
tive to the specific rasterization scheme that is employed.
With vectorized processing, each latent corresponds to a
scene element, allowing the model to effectively capture
and learn the interactions between scene elements. Prac-
tically, this results in Scenario Dreamer’s latent diffusion
model being substantially more efficient than SLEDGE,
as the vectorized latent representation requires far fewer
Transformer layers to model effectively. Concretely, the
largest SLEDGE diffusion model requires 28 Transformer
layers for processing, whereas Scenario Dreamer’s largest
latent diffusion model requires only 6 lane to lane attention
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Per-Scene Perceptual Quality ↓ Urban Planning ↓ Route Length ↑ Endpoint Dist. ↓
Method Gen. Time (s) FD Conn. Dens. Reach Conve. (m) (m)

Scenario Dreamer (Non-factorized) 0.20 1.21 0.51 0.67 0.16 0.55 36.71±9.95 0.37±0.76

Scenario Dreamer (No lane ordering) 0.09 1.36 0.60 0.07 0.21 0.71 36.70±9.94 0.35±0.74

Scenario Dreamer (Heuristic topology) 0.09 1.05 0.28 0.44 0.12 0.60 37.13±9.85 0.30±0.23

Scenario Dreamer 0.09 1.05 0.28 0.45 0.07 0.14 37.04±10.21 0.32±0.80

Table 3. Ablation experiments validating the design choices of Scenario Dreamer (B) for lane graph generation on the nuPlan dataset.

Other Agent Beh. Test Env. Avg. Route Len. (m) Coll. (%) Offroad (%) Succ. (%)

Log Replay Waymo Test 55 29.3±0.6 6.9±0.8 63.8±0.8

CtRL-Sim (Pos. Tilt) Waymo Test 55 35.7±0.7 4.9±0.9 59.4±0.4

CtRL-Sim (Pos. Tilt) SD (55m) 55 33.8±1.2 6.4±0.7 59.8±1.7

CtRL-Sim (Pos. Tilt) SD (100m) 100 52.8±1.4 9.1±1.6 38.2±1.9

CtRL-Sim (Neg. Tilt) SD (100m) 100 59.0±1.3 9.0±0.8 32.1±1.3

Table 4. RL Planner Results. PPO agents are trained in GPU-
Drive on 100 Waymo scenes and evaluated on 250 scenes (Waymo
test scenes or 55m/100m-route Scenario Dreamer (SD) scenes).
mean±std reported over 5 seeds.

layers. On the Waymo dataset, Scenario Dreamer outper-
forms the privileged version of the DriveSceneGen model
on the Urban Planning and perceptual metrics. This advan-
tage is attributed to substantial errors introduced by vector-
izing a rasterized scene as a postprocessing step as done
by DriveSceneGen, underscoring the importance of directly
processing vectorized elements within the model itself.

Table 2 presents the results on agent generation on the
nuPlan and Waymo datasets. Consistent with the lane graph
generation results, the Scenario Dreamer model achieves
more realistic agent configurations, as reflected by lower
JSD metrics and fewer collisions compared to related meth-
ods. In the Appendix, we visualize a random sample of Sce-
nario Dreamer, SLEDGE, and privileged DriveSceneGen
generated scenes, where Scenario Dreamer scenes exhibit
visually more realistic lane graph and agent configurations.
We attribute these improvements to the model’s vectorized
scene processing approach.

Table 3 reports ablation experiments examining the im-
pact of key architectural design choices. First, when we
replace the learned lane connectivity prediction task with
heuristic labels based on lane endpoint distances and rel-
ative orientations (Heuristic topology), Scenario Dreamer
shows degraded performance on the Reach and Connectiv-
ity Urban Planning metrics, which best reflect the realism
of lane graph connectivity. This result indicates that learn-
ing lane connectivity directly outperforms post-processing
heuristics. Additionally, removing the proposed lane order-
ing (No lane ordering) introduces permutation ambiguity,
which reduces the generation quality. Finally, we trained
a non-factorized Scenario Dreamer diffusion model (Non-
factorized) with a comparable parameter count and ob-
served that factorized processing not only enhances perfor-
mance but also reduces inference latency by approximately
2×, underscoring the effectiveness of the factorized design.

Table 4 summarizes the performance of a PPO [55]
planner trained in GPUDrive [31] on 100 Waymo train-
ing scenes, reformatted to be compatible with Scenario
Dreamer simulation environments. We evaluate this plan-
ner in both generative Scenario Dreamer environments with
55m (SD (55m)) and 100m (SD (100m)) routes and in non-
generative Waymo test environments (Waymo Test). For
consistency, the Waymo maps are processed to retain only
centerlines, ignoring other map elements. We measure col-
lision rate (Coll.) with other agents, offroad rate (Offroad)
based on a lateral deviation of more than 2.5m from the
route, and success rate (Succ.) determined by whether the
planner completes the route. The results indicate that re-
placing non-reactive log replay agent behaviors with reac-
tive CtRL-Sim behaviors has only a marginal impact on the
RL policy’s performance (Row 1 vs. Row 2), underscor-
ing the realism of CtRL-Sim. Moreover, evaluating the
RL agents on Scenario Dreamer-generated environments
with 55m routes—matching the average route length of
the Waymo test scenes—yields comparable planner perfor-
mance (Row 2 vs. Row 3), further affirming the fidelity of
Scenario Dreamer. We show that increasing the route length
to 100m notably degrades policy performance (Row 3 vs.
Row 4), and negative tilting of CtRL-Sim further exacer-
bates this effect (Row 4 vs. Row 5), highlighting how longer
and more adversarial scenarios challenge the RL planner.

5. Conclusion
We present Scenario Dreamer, a fully data-driven genera-
tive simulator for autonomous driving planners. At its core,
Scenario Dreamer is comprised of an initial scene gener-
ator and a return-conditioned multi-agent Transformer be-
haviour model. A key novelty of this work is the vector-
ized latent diffusion model, enabling efficient and effective
scene generation compared to rasterized scene encoding ap-
proaches. We hope that the Scenario Dreamer framework
can be the foundation of future research on fully data-driven
generative simulators for autonomous driving research and
development.

Limitations We observed qualitatively that the traffic
light signaling of lanes did not always provide valid traffic
logic. Furthermore, Scenario Dreamer currently only gen-
erates centerline maps. In the future, we plan to generate
other road element types (e.g., road edges, crosswalks).
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nio M. López, and Vladlen Koltun. CARLA: an open urban
driving simulator. In CoRL, 2017. 2

[13] Scott Ettinger, Shuyang Cheng, Benjamin Caine, Chenxi
Liu, Hang Zhao, Sabeek Pradhan, Yuning Chai, Ben Sapp,
Charles R. Qi, Yin Zhou, Zoey Yang, Aurelien Chouard, Pei
Sun, Jiquan Ngiam, Vijay Vasudevan, Alexander McCauley,
Jonathon Shlens, and Dragomir Anguelov. Large scale in-
teractive motion forecasting for autonomous driving : The
waymo open motion dataset. In ICCV, 2021. 1, 6

[14] Lan Feng, Quanyi Li, Zhenghao Peng, Shuhan Tan, and
Bolei Zhou. Trafficgen: Learning to generate diverse and
realistic traffic scenarios. In ICRA, 2023. 3

[15] FHWA. Average annual miles per driver by age group.
https://www.fhwa.dot.gov/ohim/onh00/
bar8.htm, 2022. Accessed: 2024-09-17. 1

[16] Jiyang Gao, Chen Sun, Hang Zhao, Yi Shen, Dragomir
Anguelov, Congcong Li, and Cordelia Schmid. Vectornet:
Encoding HD maps and agent dynamics from vectorized rep-
resentation. In CVPR, 2020. 2

[17] Shenyuan Gao, Jiazhi Yang, Li Chen, Kashyap Chitta, Yi-
hang Qiu, Andreas Geiger, Jun Zhang, and Hongyang Li.
Vista: A generalizable driving world model with high fidelity
and versatile controllability. In NeurIPS, 2024. 2

[18] Roger Girgis, Florian Golemo, Felipe Codevilla, Martin
Weiss, Jim Aldon D’Souza, Samira Ebrahimi Kahou, Felix
Heide, and Christopher Joseph Pal. Latent variable sequen-
tial set transformers for joint multi-agent motion prediction.
In ICLR, 2022. 2, 4

[19] Cole Gulino, Justin Fu, Wenjie Luo, George Tucker, Eli
Bronstein, Yiren Lu, Jean Harb, Xinlei Pan, Yan Wang,
Xiangyu Chen, John D. Co-Reyes, Rishabh Agarwal, Re-
becca Roelofs, Yao Lu, Nico Montali, Paul Mougin, Zoey
Yang, Brandyn White, Aleksandra Faust, Rowan McAllister,
Dragomir Anguelov, and Benjamin Sapp. Waymax: An ac-
celerated, data-driven simulator for large-scale autonomous
driving research. In NeurIPS, 2023. 1, 2

[20] Zhiming Guo, Xing Gao, Jianlan Zhou, Xinyu Cai, and Bo-
tian Shi. Scenedm: Scene-level multi-agent trajectory gen-
eration with consistent diffusion models. arXiv, 2023. 2

[21] Irina Higgins, Loic Matthey, Arka Pal, Christopher Burgess,
Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and
Alexander Lerchner. beta-VAE: Learning basic visual con-
cepts with a constrained variational framework. In ICLR,
2017. 4

17215



[22] Emiel Hoogeboom, Victor Garcia Satorras, Clément Vignac,
and Max Welling. Equivariant diffusion for molecule gener-
ation in 3d. In ICML, 2022. 2

[23] Anthony Hu, Lloyd Russell, Hudson Yeo, Zak Murez,
George Fedoseev, Alex Kendall, Jamie Shotton, and Gian-
luca Corrado. GAIA-1: A generative world model for au-
tonomous driving. arXiv, 2023. 2

[24] Yihan Hu, Siqi Chai, Zhening Yang, Jingyu Qian, Kun Li,
Wenxin Shao, Haichao Zhang, Wei Xu, and Qiang Liu. Solv-
ing motion planning tasks with a scalable generative model.
In ECCV, 2024. 2

[25] Zhiyu Huang, Zixu Zhang, Ameya Vaidya, Yuxiao Chen,
Chen Lv, and Jaime Fernández Fisac. Versatile behavior dif-
fusion for generalized traffic agent simulation. arXiv, 2024.
2

[26] Maximilian Igl, Daewoo Kim, Alex Kuefler, Paul Mougin,
Punit Shah, Kyriacos Shiarlis, Dragomir Anguelov, Mark
Palatucci, Brandyn White, and Shimon Whiteson. Sym-
phony: Learning realistic and diverse agents for autonomous
driving simulation. In ICRA, 2022. 2

[27] Bo Jiang, Shaoyu Chen, Qing Xu, Bencheng Liao, Jiajie
Chen, Helong Zhou, Qian Zhang, Wenyu Liu, Chang Huang,
and Xinggang Wang. VAD: vectorized scene representation
for efficient autonomous driving. In ICCV, 2023. 2

[28] Chiyu “Max” Jiang, Andre Cornman, Cheolho Park, Ben-
jamin Sapp, Yin Zhou, and Dragomir Anguelov. Motion-
diffuser: Controllable multi-agent motion prediction using
diffusion. In CVPR, 2023. 2

[29] Chiyu Max Jiang, Yijing Bai, Andre Cornman, Christopher
Davis, Xiukun Huang, Hong Jeon, Sakshum Kulshrestha,
John Wheatley Lambert, Shuangyu Li, Xuanyu Zhou, Car-
los Fuertes, Chang Yuan, Mingxing Tan, Yin Zhou, and
Dragomir Anguelov. Scenediffuser: Efficient and con-
trollable driving simulation initialization and rollout. In
NeurIPS, 2024. 2, 3

[30] Napat Karnchanachari, Dimitris Geromichalos, Kok Seang
Tan, Nanxiang Li, Christopher Eriksen, Shakiba Yaghoubi,
Noushin Mehdipour, Gianmarco Bernasconi, Whye Kit
Fong, Yiluan Guo, and Holger Caesar. Towards learning-
based planning: The nuplan benchmark for real-world au-
tonomous driving. In ICRA, 2024. 1, 2, 6

[31] Saman Kazemkhani, Aarav Pandya, Daphne Cornelisse,
Brennan Shacklett, and Eugene Vinitsky. GPUDrive: Data-
driven, multi-agent driving simulation at 1 million FPS. In
ICLR, 2025. 1, 2, 6, 8

[32] Arne Kesting, Martin Treiber, and Dirk Helbing. General
lane-changing model mobil for car-following models. Trans-
portation Research Record, 1999(1):86–94, 2007. 2

[33] Diederik P. Kingma and Max Welling. Auto-encoding vari-
ational bayes. In ICLR, 2014. 4

[34] Jonathan Wilder Lavington, Ke Zhang, Vasileios Li-
outas, Matthew Niedoba, Yunpeng Liu, Dylan Green,
Saeid Naderiparizi, Xiaoxuan Liang, Setareh Dabiri, Adam
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