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1 MOTIVATION
Autonomous Vehicles (AVs) have shown great potential
as a game-changer for the transportation system. The
penetration rate of AVs in the US, however, still remains
below 0.01% [1]. It is well believed that Human Vehicles
(HVs) will keep dominating the road network for decades
before AVs fully take over. Along the transformation
process from HVs to AVs, AV-HV hybrid transportation
mode will be more popular and of practical use. Recent
research has shown that the stop-and-go wave in the HV
platoon can be largely alleviated by introducing one AV
into the system [5]. While AVs bring positive impacts
on the HV system, instability, randomness, and unpre-
dictability of HVs prevent the system from extensively
embracing AVs. Thus, rigorous tests are required before
AVs can actually hit the road. Compared with costly
and liability related field tests, simulation tests are more
economic and feasible, especially during the early stage
of the AV development and deployment.

Figure 1: Schematic of Virtual Lab

Guided by the knowledge of traffic flow theory, ma-
chine learning, and game theory, the goal of this work is
thus to develop a virtual lab, i.e., an AV test platform,
where various autonomous driving algorithms are tested
and validated in a hybrid traffic environment. The pro-
posed virtual lab offers a low-cost and low-risk modeling
and experimental platform, enabling an accelerated per-
formance evaluation of AVs on traffic system dynamics
and facilitating the adoption of the autonomous driving
technology (see Figure 1).

Innovations. (1) We cast the driving modeling problem
as a causal model represented by a multigraph to reveal
the causal effects of mind and motor function in manip-
ulation of machines. This causal model offers a basic
behavioral foundation for answering research questions
involved with AVs. (2) Mean Field Game (MFG) is first
applied to provide a theoretical guidance in designing
the structure of the causal multigraph. (3) We develop
a deep reinforcement learning (DRL) based self-play
game to autonomously learn the complex hybrid traffic
dynamics with little data.
Relevance to KDD. (1) Cutting-edge machine learning
algorithms, including Monte Carlo Tree Search (MCTS)
and DRL, are leveraged to design an autonomous and
efficient AV test platform, which can pave the way for
future AV adoption in the real society. (2) The designed
platform will be open-source. Thus, both the research
community and the industry can take advantage and
push forward the research frontier in this field.

2 RELATED WORK
A majority of existing traffic models oversimplify drivers’
perception and cognition in driving processes, assuming
a car moves with predefined dynamics like an automaton
whose dynamic location and velocity is computed from an
underlying coupled ordinary differential equations (ODE)
or a continuum of cars flow like fluid whose velocity field
and density evolution is calculated by partial differential
equations (PDE) [2]. In the robotics community, HVs are
modeled as a multi-agent system encoded with certain
driving “intent”. This framework is not scalable when
the number of HVs grows. Alternatively, HVs can be
modeled as a stochastic environment defined by Markov
decision processes with predefined transition matrices.
Researchers from the dynamics and control community
argued that human’s unpredictability, randomness, and
non-Markovian property make it infeasible to learn true
dynamics [3].

In this work, we need a behavioral based driving model
with driving goals explicitly incorporated to reflect hu-
man drivers’ “mind”, which also embeds a large number
of HVs in one system for calibration and prediction. Thus
a micro-macro model is required that can capture both
microscopic car-following behavior (e.g., nexus of mind,
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motor, machine) and macroscopic traffic flow character-
istics (e.g., traffic oscillations).

3 METHODOLOGY

Figure 2: Multigraph Architecture for MFG

Multigraph is a labeled directed causal graph whose
nodes are (un)observable physical quantities represent-
ing driving target objectives, motor actions, and machine
dynamics. The directed edges connecting physical quanti-
ties represent the dependency (i.e., causality) of a target
variable on source variables, carrying a mathematical or
machine learning mapping from a source objective to a
target quantity. A path from a source of the multigraph
(i.e., objective functions) to the observable output quan-
tities (i.e., driving actions) represents one configuration
of a driving model.
Mean Field Game is a game-theoretic framework to
model complex multi-agent dynamics arising from the
interactions of a large population of rational utility-
optimizing agents whose dynamical behaviors are char-
acterized by optimal control problems[4].

Figure 3: Framework of a two-player game
We recast the process of calibrating driving models as

a Two-Player Game involving a modeling agent and a

data agent, both guided by self-play DRL. The modeling
agent writes a driving model, while the data agent de-
cides a partition of training and testing datasets among
the existing datasets or what additional experiments to
run. The resulting cooperative game requires the two
agents to work together and reaches an equilibrium when
the modeling agent cannot decrease AV’s test score by
switching model hypotheses and the data agent cannot
help decrease AV’s test score by generating new data.
A deep neural network is developed to represent a com-
plicated mapping from one instance of meta-models to
a value function, where a MCTS is used to estimate
a reward for each selection of the meta-model. Rein-
forcement learning with self-play enables both agents
to collectively find an optimal model with limited data
availability in an accelerated fashion.
Inverse Reinforcement Learning (IRL) is used as a val-
idation of our method. IRL is an advanced machine
learning technique used to estimate behavioral parame-
ters in a sequential decision-making process. The reward
function underlying driving intent is specified as a linear
combination of features or a deep neural network and
can be estimated using deep IRL techniques.

4 EXPECTED OUTPUT
The two-player game will output revealing information
about AVs’ performance under different combinations of
model and data according to some predefined metrics,
i.e., cost functions defined in the MFG. Thus, the trained
model and data agents are capable of intelligently evalu-
ating an autonomous driving algorithm even under some
computational constraints. In addition, leveraging deep
neural networks and MCTS, the learning speed can be
largely improved.
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