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Abstract

Simulation has the potential to massively scale evalua-
tion of self-driving systems, enabling rapid development as
well as safe deployment. Bridging the gap between simu-
lation and the real world requires realistic multi-agent be-
haviors. Existing simulation environments rely on heuristic-
based models that directly encode traffic rules, which cannot
capture irregular maneuvers (e.g., nudging, U-turns) and
complex interactions (e.g., yielding, merging). In contrast,
we leverage real-world data to learn directly from human
demonstration, and thus capture more naturalistic driving
behaviors. To this end, we propose TRAFFICSIM, a multi-
agent behavior model for realistic traffic simulation. In
particular, we parameterize the policy with an implicit la-
tent variable model that generates socially-consistent plans
for all actors in the scene jointly. To learn a robust policy
amenable for long horizon simulation, we unroll the policy
in training and optimize through the fully differentiable simu-
lation across time. Our learning objective incorporates both
human demonstrations as well as common sense. We show
TRAFFICSIM generates significantly more realistic traffic
scenarios as compared to a diverse set of baselines. Notably,
we can exploit trajectories generated by TRAFFICSIM as ef-
fective data augmentation for training better motion planner.

1. Introduction

Self-driving has the potential to make drastic impact on
our society. One of the key remaining challenges is how
to measure progress. There are three main approaches for
measuring the performance of a self-driving vehicle (SDV):
1) structured testing in the real world, 2) virtual replay of
pre-recorded scenarios, and 3) simulation. These approaches
are complementary, and each has its key advantages and
shortcomings. The use of a test track enables structured
and repeatable evaluation in the physical world. While this
approach is perceptually realistic, testing is often limited to
a few scenarios due to the long setup time and high cost for
each test. Moreover it is hard and often impossible to test
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Figure 1. Generating realistic multi-agent behaviors is a key com-
ponent in self-driving simulation

safety critical situations, such as unavoidable accidents. Vir-
tual replay allows us to leverage diverse scenarios collected
from the real world, but it is still limited to what we observe.
Furthermore, since the replay is immutable, actors in the
environment do not react when the SDV plan diverges from
what happened and the sensor data does not reflect the new
viewpoint. These challenges make simulation a particularly
attractive alternative: in a virtual environment we can evalu-
ate against a large number of diverse and dynamic scenarios
in a safe, controllable, and cost-efficient manner.

Simulation systems typically consist of three steps: 1)
specifying the scene layout which includes the road topology
and actor placement, 2) simulating the motion of dynamic
agents forward, and 3) rendering the generated scenario with
realistic geometry and appearance, as shown in Figure 1. In
this paper, we focus on the second step: generating realistic
multi-agent behaviors automatically. This can aid simulation
design in several important ways: it can expedite scenario
creation by automating background actors, increase scenario
coverage by generating variants with emergent behaviors,
and facilitate interactive scenario design by generating pre-
view of potential interactions.

However, bridging the behavior gap between the sim-
ulated world and the real world remains an open chal-
lenge. Manually specifying each actor’s trajectory is not
scalable and results in unrealistic simulations since the ac-
tors do not react to the SDV actions. Heuristic-based models
[39, 20, 25] capture basic reactive behavior, but rely on di-
rectly encoding traffic rules such as "vehicles follow the road
and do not collide”. While this approach generates plausible
traffic flow, the generated behaviors lack the diversity and
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Figure 2. Diversity and nuance of human driving behaviors observed in the real world: red is actor of interest,

nuance of human behaviors and interactions present in real-
world urban traffic scenes. For instance, they cannot capture
irregular maneuvers that do not follow the lane graph such as
U-turns, or complex multi-agent interplays such as nudging
past a vehicle stopped in a driving lane, or negotiations at an
unprotected left turn. In contrast, learning-based approaches
[11, 38, 35] are flexible and can capture a diverse set of be-
haviors. However, they often lack common sense and are
generally brittle to distributional shift. Furthermore, they
can also be computationally expensive if not optimized for
simulating large numbers of actors over long horizon.

To tackle these challenges, we present TRAFFICSIM, a
multi-agent behavior model for traffic simulation. We lever-
age recent advances in motion forecasting, and formulate
the joint actor policy with an implicit latent variable model
[11], which can generate multiple scene-consistent samples
of actor trajectories in parallel. Importantly, we present a
novel learning framework to train robust policy amenable
for traffic simulation over long time horizon. In particular,
we leverage:

1. closed-loop training with back-propagation through the
fully differentiable simulation, and

2. time-adaptive multi-task loss to balance between learn-
ing from demonstration and common sense.

Our experiments show that TRAFFICSIM is able to sim-
ulate traffic scenarios that remain realistic over long time
horizon, with minimal collisions and traffic rule violations.
In particular, it achieves the lowest scenario reconstruction
error in comparison to a diverse set of baselines including
heuristic, motion forecasting, and imitation learning models.
We also show that we can train better motion planners by
exploiting trajectories generated by TRAFFICSIM. Lastly,
we show experiments in trading off simulation quality and
computation. In particular, we can achieve up to 4x speedup
with multi-step updates, or further reduce collisions with
additional optimization at simulation-time.

2. Related Work

Simulation Environments: Simulating traffic actors is a
ubiquitous task with wide ranging applications in transporta-
tion research, video games, and now training and evaluating
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self-driving vehicles [15]. Microscopic traffic simulators
[30] employ heuristic-based models [39, 20, 25] to simu-
late traffic flow. These models capture accurate high-level
traffic characteristic by directly encoding traffic rules (e.g.,
staying in lane, avoiding collision). However due to rigid as-
sumptions, they are not realistic at the street level even after
calibrating with real world data [24, 26]. In particular, they
can not capture irregular maneuvers (e.g., nudging, U-turns)
and complex multi-agent interaction (e.g., yielding, merging)
that occur in the real world, shown in Figure 2. Progress in
game engines greatly advanced the realism of physical simu-
lations. Researchers have leveraged racing games [4 1, 33]
and developed higher fidelity simulators [19, 4] to train and
evaluate self-driving systems. Real world data is leveraged
by [32] for realistic sensor simulation. However, actor be-
haviors are still very simplistic: simulated actors in [19] are
governed by a basic heuristic-based controller that can only
follow the lane while respecting traffic rules and avoiding
head-on collisions. This is insufficient to evaluate SDVs,
since one of the main challenge in self-driving is accurately
anticipating and safely planning around diverse and often
irregular human maneuvers, Thus, this motivates us to learn
from real world data to bridge this gap.

Motion Forecasting: Motion forecasting is the task of
predicting actor’s future motion based on past context, which
also requires accurate actor behavior modelling. Traditional
approaches track an object and propagate its state to predict
its future motion (e.g., Unscented Kalman filter [40] with
kinematic bicycle model [28]). More recently, deep-learning
based models have been developed to capture increasingly
more complex behaviors. [ 18] rasterizes an high-definition
(HD) map and a history of actor bounding boxes to leverage a
CNN to forecast actor behavior. Since the future is inherently
uncertain, [17, 14] output multiple trajectories per actor.
[12] shows that explicitly incorporating prior knowledge
help learn better predictive distributions. Several works
[1, 35, 38, 11, 29] go beyond actor-independent modeling
and explicitly reason about interaction among actors as the
future unfolds. To characterize the behavior of multiple
actors jointly, [1, 35, 38] leverage auto-regressive generation
with social mechanisms. In contrast, [| 1] employs spatially-
aware graph neural networks to model interaction in the
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Figure 3. TRAFFICSIM architecture: (a) global map module is run once per map for repeated simulation runs. At each timestep, (b) local
observation module extracts motion and map features, then (c) joint behavior module produces a multi-agent plan.

latent space, thereby capturing longer range interactions
and avoiding slow sequence sampling. Importantly, these
models can generate multiple socially-consistent samples,
where each sample constitute a realistic traffic scenario. This
enables modelling of complex multi-agent dynamics beyond
simple pairwise interaction, and thus they are particularly
amenable for simulating actor behaviors in virtual traffic.
However, they cannot be directly used for simulation over
long time horizon, since they are brittle to distributional shift
and cannot recover from compounding error.

Imitation Learning: Imitation learning (IL) aims to learn
control policies from demonstration. Behavior cloning [34]
treats state-action pairs as i.i.d examples to leverage super-
vised learning, but suffers from distributional shift due to
compounding error [36]. Intuitively, during offline open-
loop training, the policy only observes ground truth past
states, but when unrolled in closed-loop at test time, it en-
counters novel states induced by its sequence of suboptimal
past decisions and fails to recover. Many approaches have
been proposed to mitigate the inevitable deviation from the
observed distribution, but each has its drawbacks. Online
supervision [36] require access to an interactive expert that
captures the full distribution over human driving behaviors.
Data augmentation [2, 8] depends on manually designed
out-of-distribution states and corresponding desired actions,
which is often brittle and adds bias. Uncertainty-based reg-
ularization [9, 2 1] leverages predictive uncertainty to avoid
deviating from the observed distribution, but can be challeng-
ing and computationally expensive to estimate accurately.
Adversarial IL approaches [23, 7] jointly learn the policy
with a discriminator. However, they are empirically diffi-
cult to train (requiring careful reward augmentation [5] and
curriculum design [3]), and are generally limited to simulat-
ing a small number of actors [6] in a specific map topology
(e.g., NGSIM). In contrast, we aim to learn a joint actor
policy that generalizes to diverse set of urban streets and

simulates the behavior for large number of actors in paral-
lel. Furthermore, while IL methods typically assume non-
differentiable environment, we directly model differentiable
state transitions instead. This allow us to directly optimize
with back-propagation through the simulation.

3. Learning Multi-Agent Traffic Behaviors

In this section, we describe our approach for learning
realistic multi-agent behaviors for traffic simulation. Given
a HD map M, traffic control C, and initial dynamic states of
N traffic actors, our goal is to simulate their motion forward.
We use Y = {y!, 44, ...,y } to denote a collection of N
actor states at time t. More precisely, each actor state is pa-
rameterized as a bounding box y! = (bz, by, by, bp, be) with
2D position, width, height, and heading. In the following, we
first describe how to extract rich context from the simulation
environment. Then, we explain our joint actor policy that
explicitly reasons about interaction and generates socially
consistent plans. Lastly, we present a learning framework
that leverages back-propagation through the differentiable
simulation, and balances imitation and common sense. We
illustrate the full architecture in Figure 3.

3.1. Extracting Rich Context from the Environment

Accurately modelling actor behaviors requires rich scene
context from past motion and map topology. Towards this
goal, we propose a differentiable observation module that
takes as input the past actor states Y*?, traffic control C, and
HD map M, and processes them in two stages. First, we
rasterize the HD map M and use a CNN-based perception
backbone network inspired by [42, 13] to extract rich geo-
metrical features M, shown in Figure 3 (a). Since we are
only interested in the region of interest defined by M and
these spatial features are static across time, we can process
each map once, and cached them for repeated simulation
runs.
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Then we leverage a local observation module with two
components: a map feature extractor and a past trajectory
encoder shown in Figure 3 (b). Unlike the global map mod-
ule, these feature extractors are run once per simulation step,
and are thus designed to be lightweight. To extract local
context X!, around each actor, we apply Rotated Region of
Interest Align [3 1] to the pre-processed map features M. To
encode the past trajectories of each actor in the scene, we
employ a 4-layer GRU with 128 hidden states, yielding X?.
Finally, we concatenate the map and past trajectory features
to form the scene context X* = [X! | X'], which we use as
input to the joint actor policy.

3.2. Implicit Latent Variable Model for Multi-Agent
Reasoning

We use a joint actor policy to explicitly reasons about
multi-agent interactions, shown in Figure 3 (c). This al-
lows us to sample multiple socially consistent plans for
all actors in the scene in parallel. Concretely, we aim to
characterize the joint distribution over actors’ future states
Y= [yttt yt+2 | yt+Tael | This formulation allows
us to leverage supervision over the full planning horizon Tjjan
to learn better long-term interaction. To simplify notation,
we use V! in subsequent discussions.

It is difficult to represent this joint distribution over ac-
tors in an explicit form due to uncertainty over each actor’s
goal and complex interactions between actors as the future
unfolds. A natural solution is to implicitly characterize this
distribution via a latent variable model [37, 11]:

POX") = / POIIXT, ZYP(ZIXY (1)
A

where Z; is a latent variable that encodes future scene dynam-
ics. To sample from the joint distribution, we first draw scene
latent samples Z;, ~ P(Z'|X"), then decode actor plans
y(tk) = f(Xt, Z (tk)) with a deterministic decoder [11]. Thus,
we can generate K scene-consistent samples of actor plans
efficiently in one stage of parallel sampling. Furthermore,
to learn this latent variable model, we introduce a posterior
latent distribution g(Z¢,| X, J*) to leverage variational in-
ference [27, 37]. Intuitively, it learns to map ground truth
future ygT to the scene latent space for best reconstruction.

We leverage the graph neural network (GNN) based
scene interaction module introduced by [10] to param-
eterize the prior network p,(Z*|X"), posterior network
qs(Z*,| X", V"), and the deterministic decoder }! =
fo(X1t, Z1), for encoding to and decoding from the scene-
level latent variable Z*. By propagating messages across a
fully connected interaction graph with actors as nodes, the
latent space learns to capture not only individual actor goals
and style, but also multi-agent interactions. More concretely,
we partition the latent space to learn a distributed representa-
tion Zt = {21, 22, ..., 2 } of the scene, where z,, is spatially
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Figure 4. TRAFFICSIM models all actors jointly to simulate realistic
traffic scenarios through time. We can sample at each timestep to
obtain parallel simulations.
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anchored to actor n and captures unobserved dynamics most
relevant to that actor. This choice enables effective relational
reasoning across a large and variable number of actors and
diverse map topologies (i.e., to deal with the complexity
of urban traffic). Additional implementation details can be
found in the supplementary.

3.3. Simulating Traffic Scenarios

We model each traffic scenario as a sequential process
where traffic actors interact and plan their behaviors at each
timestep. Leveraging the differentiable observation mod-
ule and joint actor policy, we can generate traffic scenarios
by starting with an initial history of the actors Y ~#:0 and
simulating their motion forward for T steps. Concretely,
at each timestep t, we first extract scene context X t then
sample actor plans V! ~ Py ., (V*|X*) from our joint actor
policy, shown in Figure 4. Since our policy produces a Tpjaq-
timestep plan of the future Y* = {Yi+! [ YiH+Tu] we
can either use the first timestep of the joint plan Y*+! to
update the simulation environment at the highest frequency,
or take multiple steps {YT1, ..., Y***} for faster simulation
with minimal loss in simulation quality:

P(Y1:T‘Y7H:O,M,C) _ H P(yt+1:t+n|Xt) 2)
teT

We provide further discussion on trading off simulation qual-
ity and computation in Section 4.

3.4. Learning from Examples and Common Sense

In this section, we describe our approach for learning
multi-agent behaviors by leveraging large-scale datasets of
human driving behaviors. We train by unrolling our policy
(i.e., in closed-loop) and exploiting our fully differentiable
formulation to directly optimize with back-propagation
through the simulation across time. Furthermore, we pro-
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Figure 5. We optimize our policy with back-propagation through the differentiable simulation (left), and apply imitation and common sense

loss at each simulated state (right).

pose a multi-task loss that balances between learning from
demonstration and injecting common sense.

Back-Propagation through Differentiable Simulation:
Learning from demonstration via behavior cloning yields
good open-loop behaviors (i.e., accurate P(V?|X?) when
X' comes from the observation distribution), but can suffer
from compounding error in closed-loop execution [36] (i.e.,
when X is induced by the policy). To bridge this gap, we
propose to unroll the policy for closed-loop training and
compute the loss £ at each timestep ¢, as shown in Figure 5
(left). Since we model state transitions in a fully differen-
tiable manner, we can directly optimize the total loss with
back-propagation through the simulation across time. In
particular, the gradient is back-propagated through action
sampled from the policy at each timestep via reparameteri-
zation. This gives a direct signal for how current decision
influences future states.

Augmenting Imitation with Common Sense: Pure imi-
tation suffers from poor supervision when a stochastic policy
inevitably deviates from the observed realization of the sce-
nario. Furthermore, inherent bias in the collected data (e.g.,
lack of safety critical scenarios) means pure imitation can
not reason about the danger of collision. Thus, we augment
imitation with an auxiliary common sense objective, and use
a time-adaptive multi-task loss to balance the supervision:

L= Z /\(t)ﬁfmitation + (1 - )‘(t))‘czollision (3)
t

Through the simulation horizon, we anneal A(t) to favor
supervision from common sense over imitation. In this work,
we focus on using collision avoidance as the common sense
objective. Other forms (e.g., map-based losses [ 2]) are left
to future work. We now describe both objectives in details,
also shown in Figure 5 (right).

Imitation Objective: To learn from demonstrations, we
adapt the variational learning objective of the CVAE frame-

work [37] and optimize the evidence-based lower bound
(ELBO) of the log likelihood log P()*| X*) at each timestep
t. Concretely, the imitation loss consists of a reconstruction
component and a KL divergence component:

‘Citmilalion( ;ost’ y(t_“;T) = ‘Cfecon +5- £§(L “)
N t+P

Lf‘econ = Z Z Lé(yg - y;,GT) (5)
a T=t+1

Licr, =KL (g5 (2'1X", Y6r) llpy (2°1X7))  (6)

We apply reconstruction loss to the posterior samples ygost =
fo(X*, Zlo), where Z is conditioned on ground truth
future Y. We use Huber loss L; for reconstruction and

reweight the KL term with /3 as proposed by [22].

Collision Avoidance Objective: We apply a pair-wise col-
lision loss to prior samples V! ;. to directly regularize

P(YHX?Y):

t+P

1 T T
Leonision(Vprior) = Nz Z max(1, Z Loaie(yi > y5)) (D
it r=t+1

Importantly, we design an efficient differentiable relaxation

to ease optimization. In particular, we approximate each
vehicle with 5 circles, and compute L2 distance between
centroids of the closest circles of each pair of actors:

d .
1- mdj_isjf;a if dclosest S T+ Tj (8)

Epair(yz—7 yJT) = {0 otherwise

4. Experimental Evaluation

In this section, we first describe the simulation setup and
propose a suite of metrics for measuring simulation quality.
We show our approach generates more realistic traffic sce-
narios as compared to a diverse set of baselines. Notably,
training an imitation-based motion planner on synthetic data
generated by TRAFFICSIM outperforms in planning L2 as
compared to using same amount of real data. This shows
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Model SCR125 TRV 2, minSFDE  minSADE meanSFDE meanSADE MASD;5,
(%) (%) (m) (m) (m) (m) (m)
Heuristic IDM [39] ‘ 1.19 0.25 4.97 3.03 5.39 3.48 4.01
Motion MTP [17] 11.00 9.67 2.19 1.47 2.77 2.19 7.15
Forecastin ESP [35] 4.08 4.79 3.42 1.56 3.52 1.60 0.29
& ILVM [11] 2.90 4.37 2.56 1.33 2.92 1.50 1.17
Imitation AdversariallLL 10.05 8.34 2.89 1.19 3.87 1.51 4.89
Learning DataAug 3.78 8.23 2.04 1.22 2.62 1.56 2.29
Ours TRAFFICSIM \ 0.50 2.77 1.13 0.57 1.75 0.85 2.50

Table 1. [ATG4D] Comparison against existing approaches (S = 15 samples, 1" = 12 seconds, Tiael = 8 seconds)

there’s minimal behavior gap between TRAFFICSIM and
the real world. Lastly, we study how to tradeoff between
simulation quality and computation.

Dataset: We benchmark our approach on a large-scale
self-driving dataset ATG4D, which contains more than one
million frames collected over several cities in North America
with a 64-beam, roof-mounted LiDAR. Our labels are very
precise 3D bounding box tracks. There are 6500 snippets in
total, each 25 seconds long. In each city, we have access to
high definition maps capturing the geometry and the topol-
ogy of each road network. We consider a rectangular region
of interest centered around the self-driving vehicle that spans
140 meters along the direction of its heading and 80 meters
across. The region is fixed across time for each simulation.

Simulation Setup: In this work, we use real traffic states
from ATG4D as initialization for the simulations. This give
us realistic actor placement and dynamic state, thus control-
ling for domain gap that might arise from initialization. We
subdivide full snippets into 11s chunks, using the first 3s
as the initial states Y =9 and the subsequent Tjzpe; = 85
as expert demonstration for training. We run the simulation
forward for T' = 12s for both training and evaluation, and
use the full training episode for back-propagation learning.
We use d; = 0.5s as the duration for a simulation tick (i.e.,
simulation frequency of 2H z). We use observed traffic light
states from the log snippets for simulation.

Baselines: We use a wide variety of baselines. The Intelli-
gent Driver Model (IDM) [39] is a heuristic car-following
model that explicitly encode traffic rules. We adapt three
state-of-the-art motion forecasting models for traffic simu-
lation. MTP [17] models multi-modal futures, but assume
independence across actors. ESP [35] models interaction
at the output level, via social auto-regressive formulation.
ILVM [11] models interaction using a scene-level latent
variable model. Finally, we consider imitation learning tech-
niques that have been applied to driving behavior modelling.

Following [8, 16, 2], DataAug adds perturbed trajectories to
help the policy learn to recover from mistakes. Inspired by
[23, 6, 3], AdversariallL learns a discriminator as supervi-
sion for the policy. We defer implementation details to the
supplementary.

4.1. Metrics

Evaluating traffic simulation is challenging since there is
no singular metric that can fully capture the quality of the
generated traffic scenarios. Thus we propose a suite of met-
rics for measuring the diversity and realism, with a particular
focus on coverage of real world scenarios. For all evalua-
tions, we sample K = 15 scenarios from the model given
each initial condition. More concretely, we create batches
of K scenarios with the same initialization. Then at each
timestep, we sample a single y(tk) from P(y(tk) | X &)) for
each scenario (k), all in parallel. After unrolling for 6% steps,
we obtain the full scenarios. We provide implementation
details in the supplementary.

Interaction Reasoning: To evaluate the consistency of the
actors’ behaviors, we propose to measure the scenario colli-
sion rate (SCR): the average percentage of actors in collision
in each sampled scenario (thus lower being better). Two ac-
tors are considered in collision if the overlap between their
bounding boxes at any time step is higher than a small IOU
threshold.

Traffic Rule Compliance: Traffic actors should comply
with traffic rules. Thus, we propose to measure traffic rule
violation (TRV) rate, and focus on two specific traffic rules:
1) staying within drivable areas, and 2) obey traffic light
signals.

Scenario Reconstruction: We use distance-based scenario
reconstruction metric to evaluate the model’s ability to sam-
ple a scenario close to the ground truth. (i.e., recovering
irregular maneuvers and complex interactions collected from
the real world). For each scenario sample, we calculate av-
erage distance error (ADE) across time, and final distance
error (FDE) at the last labeled timestep. We calculate min-
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Model Thtan Unrollin  Common SCR12s TRV12s minSFDE  minSADE meanSFDE meanSADE MASD12,
(timesteps) Training Sense (%) (%) (m) (m) (m) (m) (m)
Mo 1 5.92 10.19 2.04 0.88 2.50 1.04 0.80
My 10 2.32 3.43 1.72 0.99 2.09 1.29 2.40
Mo 1 v 1.28 3.30 1.02 0.54 1.70 0.88 3.57
M3 10 v 0.60 3.02 1.21 0.58 1.70 0.84 2.16
M| 10 v v | 050 2.77 113 0.57 1.75 0.85 2.50

Table 2. [ATG4D] Ablation study (S = 15 samples, T = 12 seconds, Tispel = 8 seconds)

SADE/minSFDE by selecting the best matching scenario
sample, and meanSADE/meanSFDE by averaging over all
scenario samples.

Diversity: Following [43], we propose a map-aware aver-
age self-distance (MASD) metric to measure how different
sampled simulations are, when conditioned on a specific
scenario initialization. Concretely, we measure the average
distance between the two most distinct samples that do not
violate traffic rules. Higher MASD is desired, but it is only
meaningful when the diverse samples have similar level of
realism (e.g., SCR, TRV).

4.2. Experimental Results

Comparison Against Existing Approaches: Table 1
shows quantitative results. Car following models generate
collision free behavior that strictly follows traffic rules. But
they do not recover naturalistic driving, and thus score poorly
on scenario reconstruction metrics. Motion forecasting mod-
els recover accurate traffic behavior, but exhibit unrealistic
interactions and traffic rule violations when unrolled for a
long simulation horizon. Imitation learning techniques at-
tempt to bridge the gap between train and test, and thus
results in marginally better scenario reconstruction as com-
pared to motion forecasting baselines. However, they inject
additional bias that results in worse collision rate and traffic
rule violation. Our TRAFFICSIM achieves the best of both
worlds: best results on scenario reconstruction and interac-
tion, and similar to IDM in traffic rule violation, without

directly encoding the rules. We note that the ground truth
TRYV rate is 1.26%, since human exhibit non-compliant be-
haviors. Figure 6 shows qualitative visualization of traffic
scenarios generated from TrafficSim. Figure 7 shows that
TRAFFICSIM can generate samples with irregular maneu-
vers and complex interactions, which cannot be captured by
heuristic models like IDM.

TRAFFICSIM for Data Augmentation: TRAFFICSIM
can be used to generate synthetic training data for learn-
ing better motion planners. More concretely, we generate
5s scenario snippets and train a planner to imitate behaviors
of all actors in the scenario. As shown in Table 3, the plan-
ner trained with synthetic data generated from TRAFFICSIM
significantly outperforms baselines in open-loop planning
metrics when evaluated against real scenarios. Most notably,
we achieve lower planning L2 error, while matching col-
lision rate and progress of planner trained with the same
amount of real data. This shows that the scenarios generated
from TRAFFICSIM are realistic and have minimal gap from
behaviors observed in the real world, and can be used as
effective data augmentation. We show more details on this
experiment in the supplementary.

Ablation Study: We show the importance of each com-
ponent of our model and training methodology in Ta-
ble 2. Open-loop training (M, & M) performs poorly
due to compounding error at test-time. Closed-loop train-
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Real ‘ 10.56 4.85 31.05 2Hz 0.83 0.50 2.77 1.13 1.75

I T A O

MTP [17] 19.54 9.89 26.46 T - : : : .

ESP [35] 19.38 8.76 24.73 Table 4. Multi-step update achieves up to 4x speedup with minimal

ILVM [11] 14.82 716 26.39 degradation in simulation quality.

AdversariallLL 13.83 5.19 29.02

DataAug 15.75 6.88 26.88 Post-Pr i SCRi2s TRVizs min mean

TRAFFICSIM 10.73 4.52 29.44 ost-rrocessing (%) (%) SFDE (m)SFDE (m)
Table 3. Imitation planner trained with synthetic data from TRAF- None 0.50 277 1.13 175

FICSIM outperforms real data in planning L2 error.

ing with back-propagation through simulation (Ms) is
the most important component in learning a robust pol-
icy. Explicitly modelling longer horizon plan (i.e., V! =
{yt+i [ Yt+Thm} instead of Y1) (M3) improves inter-
action reasoning. Augmenting imitation with common sense
(M*) further reduces collision and traffic rule violation rates.

Multi-Step Update for Fast Simulation: We can achieve
faster simulation by running model inference once per  ticks
of the simulation. This is possible since TRAFFICSIM explic-
itly models the actor plans V! = {Y!+1 yi+2 |y i+Thm}
and accurately captures future interactions in the planning
horizon T}, even without extracting scene context at the
highest simulation frequency. In particular, we can choose
the desired tradeoff between simulation quality and speed
by modulating ~ at simulation-time without retraining, as
long as x < Tpjan. Table 4 shows we can effectively achieve
4x speedup with minimal degradation in simulation quality.
Runtime is profiled on a single Nvidia GTX 1080 Ti.

Incorporating Constraints at Simulation-Time: Explic-
itly modelling actor plans V' at each timestep also makes
it easy to incorporate additional constraints at simulation
time. In particular, we can define constraints such as avoid-
ing collision and obeying traffic rules over the actor plans
V?, to anticipate and prevent undesired behaviors in the fu-
ture. Concretely, we evaluate two optimization methods for
avoiding collision: 1) rejection sampling which discard actor
plans that collide and re-sample, and 2) gradient-based opti-
mization of the scene latent Z* to minimize the differentiable

Rejection Sampling 0.33 3.01 1.13 1.75

Gradient Optimization | 0.12 3.00 1.13 1.75
Table 5. Additional optimization at simulation-time further reduces
collision rate.

relaxation of collision. Table 5 shows that both methods are
effective in reducing collision while keeping the simulation
realistic. More details in supplementary.

TRAFFICSIM for interactive Simulation: We create an
interactive simulation tool to showcase how simulation de-
signers can leverage TRAFFICSIM to construct and preview
interesting traffic scenarios. In particular, they can alter traf-
fic light states and add, modify, or remove actors during
simulation. In response, TRAFFICSIM generates realistic
variants of the traffic scenario. Demo in supplementary
video.

5. Conclusion

In this work, we have proposed a novel method for gen-
erating diverse and realistic traffic simulation. TRAFFIC-
SIM is a multi-agent behavior model that generates socially-
consistent plans for all actors in the scene jointly. It is learned
using back-propagation through the fully differentiable simu-
lation, by imitating trajectory observations from a real-world
self-driving dataset and incorporating common sense. TRAF-
FICSIM enables exciting new possibilities in data augmenta-
tion, interactive scenario design, and safety evaluation. For
future work, we aim to extend this work to learn controllable
actors where we can specify attributes such as goal, route,
and style.
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