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Abstract— This paper introduces UniGen, a novel approach
to generating new traffic scenarios for evaluating and im-
proving autonomous driving software through simulation. Our
approach models all driving scenario elements in a unified
model: the position of new agents, their initial state, and their
future motion trajectories. By predicting the distributions of
all these variables from a shared global scenario embedding,
we ensure that the final generated scenario is fully conditioned
on all available context in the existing scene. Our unified mod-
eling approach, combined with autoregressive agent injection,
conditions the placement and motion trajectory of every new
agent on all existing agents and their trajectories, leading to
realistic scenarios with low collision rates. Our experimental
results show that UniGen outperforms prior state of the art on
the Waymo Open Motion Dataset.

I. INTRODUCTION
Autonomous Vehicles (AVs) have the potential to revolu-

tionize transportation by providing convenient, reliable, and
safe mobility for humans and goods. However, ensuring their
reliability and safety in diverse and complex traffic scenarios
is a significant challenge. To evaluate the performance of AV
systems in safety-critical situations, it is necessary to capture
rare or long-tail events [1]. However, collecting a large and
diverse real-world dataset of such events is difficult and
expensive, due to the extensive mileage required to encounter
them in the real world. Therefore, there is a critical need
for automated techniques that can generate realistic safety-
critical traffic scenarios at scale.

Simulation environments [2], [3], [4] offer a solution to
this problem by allowing for controlled and reproducible
evaluation of AV safety and reliability. Simulated traffic
scenarios are often created with manually-designed heuris-
tics [2], [3]. However, such approaches do not capture the
complexity and diversity of real-world traffic scenarios. To
address these limitations, more recent approaches train deep
learning models to generate traffic scenarios. Existing ap-
proaches include generating a static snapshot of the scene [5],
[6] or generating trajectories separately based on initial
conditions [7], [8], [9].

These methods factor the scenario generation problem as

p(S|R) = pφ(S0|R)pψ(S1..T |S0, R), (1)

where R is the scene context including the road layout and
traffic light states, S0 is initial agent states, S1..T is agent

∗Equal contribution.

Fig. 1. UniGen’s autoregressive process for iteratively injecting new agents
into a scenario. In each iteration, the model fully instantiates the initial state
(top) and future trajectory (bottom) for a new agent (highlighted in pink).
All properties of the new agent are conditioned on the scene context and
the entire trajectories for existing agents (shown in white).

trajectories over T future timesteps, and pφ and pψ are
probability distributions parameterized by φ, ψ. In most prior
methods, φ and ψ are disjoint and trained separately via two
different training procedures.

However, this decomposition of the scenario generation
problem is unnatural and mostly a result of incremental
research advances. Using two separate models and processes
leads not only to parameter redundancy, but also an inflexible
model with limited capacity for sharing the scenario context
in all stages of scenario generation.

In this paper, we introduce UniGen, a multi-agent scenario
generation method with state-of-the-art performance. UniGen
uses a unified model to generate the initial position, initial
state attributes, and future trajectories of new agents. Using
an autoregressive setup (Fig. 1), UniGen can iteratively
inject fully-instantiated new agents into a blank scene or a
partially-populated scenario. In particular, UniGen’s model
conditions all properties of the next agent on all properties
of the existing agents, including agents injected in previous
iterations. By ensuring consistency between initial positions
and future trajectories, this approach generates more realistic
traffic scenarios with lower collision rates.

We evaluate UniGen on the Waymo Open Motion Dataset
(WOMD) [10], and show that it achieves state-of-the-art
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performance on both scene distribution and collision metrics.
We also report ablation experiment results to quantify the
impact of each key component in UniGen’s design.

II. RELATED WORK
a) Traffic scenario generation: The earliest approaches

to scenario generation are procedural. They insert traffic
agents into the scene based on predefined rules and heuris-
tics [2], [3], [11]. While these methods allow for manual
parameter tuning to achieve reasonable agent placements and
behaviors, their scalability is limited, particularly in complex
urban environments with many edge cases.

Building on recent advances in deep learning, several
approaches model distributions over traffic scenarios based
on real-world data and then draw from them. Most learning-
based scene generation methods mainly generate the initial
states for the agents [5], [6]. To fully generate a scenario,
these methods rely on a separate motion forecasting model
that generates trajectories given the initial agent states.
SimNet [7] initializes entire scenes using a Graph Neu-
ral Network (GNN), and then uses a separate trajectory
generation model to add agent motion. Similarly, Traffic-
Gen [8] models the initial agent states using a vectorized
representation [12] and subsequently augments the agent
data with trajectories generated by a separate model. The
recently-proposed LCTGen [9] model uses a shared encoder
and separate transformer decoder heads to predict initial
agent states and trajectories. However, LCTGen produces the
output scene all at once and, unlike our method, does not
condition its predictions on the location and trajectories of
previous agents, leading to less consistency between initial
positions and future trajectories and higher collision rates.

b) Motion forecasting: The problem of motion fore-
casting involves modeling the future motion of agents based
on their current state and their recent motion tracks. Ad-
vances have been made through improvements in modeling
inputs [12], [13], outputs [14], agent interactions [15], [16],
and multimodality [17], [18] . However, these methods are
not directly applicable to scenario generation, since they as-
sume availability of current and past state information for all
agents in the scene. By contrast, our approach requires only
the scene context (road layout) to create realistic proposals
for injecting agents at any given (x, y) location on the map
and can produce future motion trajectories for agents without
access to their recent motion tracks.

c) Autoregressive generative models: Neural autore-
gressive models have found success in different domains,
including text [19], [20], 2D [21], and 3D indoor scene gener-
ation [22], [23]. For traffic scenario generation, SceneGen [5]
employs an autoregressive approach to insert agents into a
scene one at a time. Building on this setup, we condition
new agents on both the initial states and future trajectories
of existing agents—thereby increasing scenario realism and
consistency while reducing collision rates.

III. PROBLEM FORMULATION
We represent a traffic scenario as (R,S), where R rep-

resents the scene context, including road layout, and the

position and state of the traffic lights, and S = {si}, i ∈
{1, . . . , N} represents N agents present in the scenario. Each
agent’s state si is characterized by its initial state si0 and its
future trajectory sit over T future timesteps t ∈ {1, . . . , T}.
The initial agent state si0 captures position (xit, y

i
0), and other

attributes including width wi, length li, heading angle θi0,
and velocity vi0. Each agent’s future trajectory is captured
by {si1, . . . , siT }.

The task is to generate a complete driving scenario (R,S),
given the scene context R and an initial set of agents Sc ⊂
S, which might be empty. In other words, we would like
to generate the conditional distribution of all agent states
p(S|R,Sc).

IV. METHOD

Fig. 2 illustrates the overall design of UniGen. The model
consists of a shared scenario encoder and three separate
decoder heads: an occupancy predictor for generating the
location of new agents, an attribute predictor for initializing
agent states, and a trajectory predictor for generating future
motion. In addition to the shared whole-scene encoder which
produces an embedding from all inputs, there is also a per-
new-agent transformer encoder which encodes the polylines
representing the road layout from the vantage point of each
new agent location. The road layout encoding produced by
this encoder is passed to the agent attribute decoder and the
agent trajectory decoder, in addition to the global scenario
embedding.

A. Masking Ground Truth Scenarios

To construct the ground-truth data for training the model,
we convert every ground-truth scenario in the dataset into
multiple training examples by randomly splitting the real
agents into two sets of input and hidden agents, as illustrated
in Fig. 3. The model is trained to predict the location,
attributes, and trajectories of the hidden agents, given only
the input agents as inputs. When generating each ground-
truth example, a random probability pkeep is first sampled to
control the fraction of agents to keep in inputs. Using a wide
range of fractions allows the model to see both empty and
crowded scenarios during training.

This approach is conceptually similar to BERT [24] and
masked autoencoders [25]. The random masking encourages
the model to learn the scenario dynamics in order to be
able to predict the hidden agent information. Additionally,
since every ground-truth scenario can be split in many
different ways, this strategy effectively increases the amount
of training data available.

B. Input Representation

Following StopNet [13], we use sparse inputs which can
adequately capture both the static scene context, and the
dynamic elements of the scenario captured by the location
and extents of agent bounding boxes. More specifically,
the road layout is represented by polylines that map the
positions of lane centers, lane boundaries, road boundaries,
crosswalks, speed bumps, and stop signs. The state of traffic
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Fig. 2. The overall design of UniGen. (a) The sparse inputs to the model consist of the polylines from the road layout, the points representing traffic lights,
and the points uniformly sampled from BEV bounding boxes of existing scenario agents, if any. (b) The points are encoded into a dense scenario embedding.
Three separate decoders predict occupancy distribution of new agents to inject, their initial states, and their future trajectories. (c) The occupancy decoder
predicts the distribution of initial locations separately for C classes of agents. In each iteration, one location is sampled from the occupancy heatmap to inject
a new agent. (d) The location of the new agent is linearly mapped to a location in the dense scenario embedding and a feature patch is extracted surrounding
that location. (e) In addition, a agent-centric road layout transformer encoder extracts and encodes the road polylines normalized to the coordinate frame
of the injection location. (f) This agent-centric road layout encoding is fused with the flattened feature patch extracted from the shared scenario embedding
using a 1-layer MLP. (g) The product is fed to the attribute decoder to predict the initial agent states as a 5D multivariate mixture distribution with M
modes. (h) Five scalar attribute values are sampled, which together with the sampled agent location constitute the complete initial agent state. (i) The
trajectory decoder receives this initial agent state in addition to the fused feature encoding from (f), and predicts a set of K trajectories with associated
probabilities spanning over T timesteps. Each trajectory waypoint is represented by a 2D Gaussian. (j) Finally, a single trajectory is sampled from the K
choices. At this point, the new agent is fully instantiated. The new agent is added to the scenario inputs in component (a) and the next iteration starts.
Note: At training time, N equals the number of hidden ground-truth agents. At inference time, N equals 1 for injecting a single agent in each iteration.

lights is also fed to the model as points placed at the
end of the traffic-controlled lanes. In addition, the model
receives, as input, points uniformly sampled from the interior
of Bird’s-Eye View (BEV) bounding boxes for any existing
or previously injected scenario agents. To encode agent
trajectories, separate bounding boxes are laid out for each
timestep and a separate grid of points is sampled for each
timestep. These points carry feature vectors that encode all
their relevant attributes, including position, heading, velocity,
and one-hot vectors that represent the timestep. Despite being
sparse, this input representation makes it easy for the model
to see the regions occupied by agent bounding boxes.

C. Shared Scenario Encoder

All sparse inputs are encoded at once using a PointPillars
encoder [26], where each pillar encodes the points residing
in it using a Multi-Layer Perceptron (MLP) and produces
a single feature vector from them using max-pooling. The
dense feature map is further encoded using a CoAtNet
backbone [27] to encode the global interactions between the

different pillar features. The output of the shared encoder is
a dense feature map with dimensions Hd ×Wd ×Dd.

D. Occupancy Prediction

The dense occupancy decoder outputs the distribution of
initial positions for new agents to insert into the scenario.
It receives the output of the shared encoder as input and
uses a convolutional neural network to decode it into C
disjoint occupancy grids of size H × W corresponding
to C different agent classes, e. g., vehicles, pedestrians,
cyclists. The ground-truth occupancy grids are constructed
by rendering the center points for the hidden (masked) agents
as shown in Fig. 3. Each ground-truth cell contains a binary
value Ox,y ∈ {0, 1}. The predicted occupancy values Ôx,y
are in the range [0, 1] representing the probability that a cell
contains the center of some hidden agent belonging to the
corresponding class. The occupancy decoder is trained using
a cross-entropy loss. At inference time, the initial position
(xi0, y

i
0) of the new agent is determined by sampling a cell

from the predicted occupancy grid. At training time, we
simply use the ground-truth positions of the hidden agents.
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Fig. 3. Masking ground-truth agents for constructing labels for training the
occupancy decoder (shown), as well as the attribute and trajectory decoders
(not shown). In the ground-truth occupancy grids, only cells containing
agent center points are turned on.

E. Agent-Centric Road Layout Encoder

While the shared scenario embedding is useful for captur-
ing the global interactions between agents and road elements,
its low spatial resolution is not ideal for regressing location-
sensitive attributes like heading, which can be radically
different for two nearby agents in opposing lanes. To this end,
when predicting agent attributes and trajectories, we augment
the shared scenario embedding with an agent-centric road
layout embedding, which is obtained as follows. Given the
sampled position (xi0, y

i
0) for the new agent, we extract and

normalize a set of road layout polylines around that position
and encode them using a transformer encoder similar to
Wayformer [28]. The encoder produces a 1 × Dr feature
vector per agent.

F. Per-Agent Feature Fusion

For each new agent, we bilinearly sample a k × k × Dd

feature patch from the shared encoder’s output, where k is
a fixed hyperparameter. The location of the patch in the
shared embedding is determined by linearly mapping the
initial agent position (xi0, y

i
0) in the scene to a location in the

dense feature map Hd×Wd. For each agent, we also obtain
a 1 × Dr feature vector from the agent-centric road layout
encoder. These two feature maps are flattened and passed
through a 1-layer MLP to obtain a 1×D feature vector.

G. Agent Attribute Prediction

While the position (xi0, y
i
0) of the new agent is sampled

from the occupancy grid, its other initial state attributes
are predicted by the attribute decoder. For each agent,
the additional state attributes are captured by five values:
width wi, length li, a two-dimensional unit heading vector
(cos(θi0), sin(θ

i
0)), and a scalar speed, which combined with

the predicted heading can produce the velocity vector vi0.

The attribute decoder predicts M distinct modes and
associated probabilities for each initial state attribute a.
Inspired by trajectory prediction methods [28], we use a loss
function consisting of classification and regression terms to
train the distribution of attributes. For each attribute a, let
m̂∗ denote the index of the predicted mode closest to the
ground truth, and let max(m̂) denote the index of the most
likely mode according to the model. The classification term
uses cross-entropy to maximize the probability of selecting
m̂∗. The regression term minimizes the L1 distance between
the ground-truth value a and the value of the most likely
mode âmax(m̂). We found this choice to be more effective
than minimizing the distance to the closest mode âm̂∗ as
done in trajectory prediction losses [28]. We also scale all
attribute values to have comparable loss magnitudes.

La = −log Pr(m̂∗)︸ ︷︷ ︸
classification loss

+
∣∣a− âmax(m̂)

∣∣︸ ︷︷ ︸
regression loss

. (2)

H. Trajectory Prediction

We adapt the transformer-based trajectory decoder and
losses from MultiPath++ [29] and Wayformer [28]. However,
these trajectory prediction methods require the current and
recent positions of agents, while our approach can predict
trajectories given only features sampled at arbitrary locations
on the map. Our trajectory decoder takes the same inputs
as the attribute decoder, namely a patch from the shared
scenario embedding and the per-agent encoding of road
layout polylines around the agent. The trajectory decoder
also receives, as initial state, the initial position and heading
of the agent. The initial position is already determined at this
point. At evaluation and inference time, the initial heading
is determined by the attributes sampled from the outputs of
the attribute decoder. At training time, we simply use the
ground-truth state of the hidden agents.

I. Autoregressive Scenario Generation

We use an autoregressive approach to generate new
scenarios at inference time by injecting new agents into
the scenario one at a time. In other words, we factor the
conditional distribution for generating agent i as:

P (si|R, s1, s2, . . . , si−1). (3)

For each new agent, an initial position (xi0, y
i
0) is first

sampled from the distribution of agent positions predicted in
the occupancy grid. This sampled position is used to extract a
fused feature vector needed to predict a distribution of initial
state attributes wi, li, θi0, v

i
0. Sampling a set of attributes from

this distribution instantiates the initial state of the agent.
This initial agent state together with the fused feature vector
is used to predict a distribution of future trajectories for
the agent. A specific trajectory is then sampled from this
distribution to fully instantiate and inject the agent, and com-
plete one iteration of autoregressive generation. In the next
iteration, the newly-generated agent is included as part of
the model inputs, influencing all properties of the subsequent
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agents generated by the model. This autoregressive approach,
coupled with the unified model, yields realistic scenarios
where agent initial states and future trajectories are consistent
with each other.

V. EXPERIMENTAL SETUP

a) Dataset: We train our model on real traffic scenarios
from the Waymo Open Motion Dataset [10]. The training set
contains about 69,500 scenarios and we evaluate on a subset
of 1000 examples from the validation set. Each scenario
contains 8s agent future trajectories recorded at 10 Hz.

When masking agents in the ground-truth training set, we
sample the per-scenario probability pkeep for keeping agents
in inputs uniformly from [−0.3, 0.9] while clipping negative
values to zero. This ensures adequate exposure to blank
scenes during training. For the evaluation set, we remove
all agents from the scenario and then use our method to
inject the same number of agents into the blank scene. The
resulting scenario is then compared with the ground truth
using scene and trajectory distribution metrics.

b) Hyperparameters: We model the scenes as a 120m×
120m region centered on the AV. We filter out agents which
are outside this BEV FOV and agents which do not have
valid 8s future trajectories. Ground-truth occupancy grids are
created and predicted at a resolution of H×W = 384×384
for C = 3 classes of vehicles, pedestrians, and cyclists. Each
grid cell corresponds to a 31.2cm × 31.2cm region of the
world.

The scenario encoder has 128× 128 pillars and produces
a 128 × 128 × 64 output. The CoATNet backbone outputs
a Hd ×Wd ×Dd = 32× 32× 64 dense feature map, from
which we extract feature patches of size k × k = 5× 5.

The agent-centric road layout encoder is a 4-layer trans-
former with 256 KV hidden size, and outputs a 1 × 256
feature vector. A 1-layer MLP fuses this vector with the
flattened dense feature map into a 1×D = 1× 512 feature
vector per agent.

The attribute decoder is an MLP with 4 hidden layers, each
containing 1024 hidden units with ReLU [30] activations.
The attribute decoder predicts a distribution with M = 8
modes. The trajectory decoder is an 8-layer transformer with
512 KV hidden size, predicting K = 64 different trajectories
with associated probabilities. At inference time we sample
the most likely trajectory for each agent.

c) Baselines: We compare our method with Traffic-
Gen [8] and the non-conditioned variant of LCTGen [9] on
scene generation and motion prediction metrics. Unlike our
method, TrafficGen is limited to vehicles only. We use the
pretrained model and scenario generation code provided by
the authors. For a fair assessment of the underlying model’s
performance, we use TrafficGen’s scenario generation code
without its collision check and resampling logic.

d) Ablations: To investigate the effect of different com-
ponents in our approach, we train five variants of UniGen.
UniGen Joint uses a unified model to generate all outputs but
does not use the agent-centric road layout encoder or condi-
tion its predictions on future trajectories. UniGen Separate is

similar but uses two separate models to predict initial agent
states and agent trajectories, as in all prior methods. UniGen
w/ Agent-Centric R improves upon UniGen Joint by adding
the agent-centric road layout encoder. UniGen w/ Traj. Inputs
improves upon UniGen Joint by processing future agent
trajectories in the shared scenario encoder. Finally, UniGen
Combined adds all these improvements.

e) Initial State Metrics: We employ the Maxi-
mum Mean Discrepancy (MMD) [31] metric, denoted as
MMD2(X,Y ), to quantify the similarity between the origi-
nal and model-generated distributions for initial agent states.
Given sets of samples X = {x1, ..., xm} and Y =
{y1, ..., yn}, and a Gaussian kernel function k, an empirical
estimate of MMD2(X,Y ) is given by

1

m2

∑
i,j

k(xi, xj)−
2

mn

∑
i,j

k(xi, yj) +
1

n2

∑
i,j

k(yi, yj),

(4)
where k(xi, xj) denotes the kernel function evaluated at
samples xi and xj , and similarly for k(xi, yj) and k(yi, yj).
We compute MMD separately for each initial state attribute,
including position, bounding box size, heading, and velocity
vector. The MMD metric is computed for each scenario
separately using a Gaussian kernel and then averaged over
the validation set into a single number. We also report the
Static Collision Rate (SCR), i. e., the percentage of agents
with overlapping initial state bounding boxes per scenario.

f) Motion Metrics: Evaluating motion predictions for
scenario generation is not straightforward since the model
generally injects agents in positions that differ from the
ground truth. Some methods [8], [9] use matching algorithms
to pair up and reorient predicted agents with ground-truth
agents and then compute standard trajectory metrics such
as ADE and FDE [16]. This may be suboptimal since the
trajectory alignment quality is mostly affected by the initial
position of the agents. For example, consider cases where
the closest ground-truth agent may be in the opposing lane.

Inspired by the Waymo Sim Agents Challenge [32],
our motion evaluation incorporates Dynamic Collision Rate
(DCR), the average percentage of agents with overlapping
trajectory bounding boxes per scenario. We also report MMD
metrics on motion attributes including velocity, acceleration,
distance to the nearest agent, and distance to the road edge.
Velocity and acceleration for each timestep are ascertained
utilizing finite difference method.

VI. RESULTS

Table I shows MMD and static collision metrics over the
initial agent states. UniGen significantly outperforms prior
methods on static MMD metrics. Ablation experiments show
that including the agent-centric road layout encoder has the
most impact on improving initial state metrics. Conditioning
the predictions on future trajectories for existing agents
greatly improves the metrics as well. The multitask UniGen
Joint performs similarly to UniGen Separate with a dedicated
trajectory model, while also allowing for encoding agent
trajectories, which is not possible in UniGen Separate.
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Ground Truth Sample 1 Sample 2 Sample 3

Fig. 4. Example scenarios generated by UniGen. The left column shows two sample ground-truth scenarios. For each scenario, we remove all agents and
generate new agents with trajectories given just the road layout. We apply the method three separate times resulting in three different generated scenarios.

TABLE I
INITIAL STATE MMD METRICS AND STATIC COLLISION RATES

Method SCR (%) Position Heading Size Velocity

Ground Truth 0.14 - - - -
TrafficGen [8] 12.71 0.1451 0.1325 0.0926 0.1733
LCTGen [9] N/A 0.1319 0.1418 0.1092 0.1948
UniGen Separate 1.82 0.1357 0.2203 0.0835 0.1910
UniGen Joint 1.87 0.1323 0.2251 0.0831 0.1915
UniGen w/ Agent-Centric R 1.16 0.1217 0.1095 0.0817 0.1679
UniGen w/ Traj. Inputs 1.35 0.1197 0.1897 0.0826 0.1657
UniGen Combined 1.13 0.1208 0.1104 0.0815 0.1591

Table II shows the MMD metrics over motion attributes
and the dynamic collision metrics. UniGen outperforms prior
methods on all available metrics. The ablation experiments
show that the collision metrics improve the most when we
include the future agent trajectories in the scenario encoder.
On the other hand, location- and heading-sensitive attributes
like speed and acceleration improve the most by adding the
agent-centric road layout encoder, which allows the model
to react to the road layout around the injection position with
high precision.

Despite significantly improving SCR and DCR metrics
compared to prior works, still some generated scenarios
contain collisions. While static collisions might be influenced
by noisy bounding boxes and presence of box overlaps
in ground-truth data, dynamic collisions are mainly an in-
dication of limited capacity in the model to incorporate
future trajectories of existing scenario agents, which can be
addressed in future work.

Fig. 4 shows sample scenarios generated by UniGen. The

TABLE II
MOTION MMD METRICS AND 8S TRAJECTORY COLLISION RATES

Method DCR (%) Speed Acceleration Dist. to Dist. to
Nearest Road Edge

Ground Truth 1.20 - - - -
TrafficGen [8] 19.05 0.207 0.133 0.205 0.258
LCTGen 5s Traj [9] 8.38 N/A N/A N/A N/A
UniGen Separate 7.71 0.220 0.144 0.155 0.190
UniGen Joint 7.69 0.223 0.145 0.153 0.193
UniGen w/ Agent-Centric R 6.72 0.199 0.105 0.171 0.194
UniGen w/ Traj. Inputs 5.21 0.225 0.142 0.153 0.181
UniGen Combined 4.63 0.186 0.101 0.136 0.175

positions, initial states, and trajectories mimic the behavior of
ground-truth scenario agents. By conditioning the predictions
on the entire state attributes of existing agents, UniGen
increases the distributional realism of agent interactions and
the consistency of the generated scenarios.

VII. CONCLUSIONS

This paper introduces UniGen, a novel scenario generation
method with state of the art performance. UniGen generates
multimodal distributions for agent positions, initial state at-
tributes, and future trajectories. Using a unified model allows
UniGen to fully condition all properties of every new agent
on all properties of existing agents. In particular, conditioning
the predictions on trajectories of existing scenario agents
greatly improves the consistency of the generated scenarios
as reflected by the improved distributional metrics and lower
collision rates. Furthermore, employing an agent-centric road
layout encoder greatly improves the precision of the model
and its control over location- and heading-sensitive attributes.
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