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Preface
For autonomous agents to coexist and cooperate with humans, it is important for them
to anticipate human behavior. Models of human behavior can be used by autonomous
agents to plan in response to human actions and proactively coordinate with humans.
Such models can also be used to build simulators for testing autonomous agents by
replicating the environment of operation.
Modeling human behavior is challenging because of multiple reasons such as
stochasticity, multi-modality, unobservable intents, high dimensional state action
spaces, and nonlinear dynamics. In the literature, both ontological and phenomenological approaches have been used to model human behavior. While ontological approaches use rules, phenomenological approaches are data-driven. This thesis presents
techniques to model human behavior from demonstrations. The techniques proposed
in this thesis are evaluated on their ability to model human driving behavior which
is important in autonomous driving for both planning and safety validation.
First, this thesis adapts the technique of Generative Adversarial Imitation Learning to the problem of driver modeling. It extends the GAIL formulation to work in
the multi-agent setting where observations gathered from multiple agents are used to
inform the training process of a learning agent. The proposed method is shown to
better imitate demonstrated driving as opposed to single agent learning method.
Since driving has associated rules, the second part of this thesis introduces a
method to provide domain knowledge to the imitation learning agent through reward
augmentation. The proposed method, which relies on reward augmentation, is shown
to provide better emergent driving performance and overall traffic flow in the recreated
traffic simulations.
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Many of the applications of autonomous agents are safety-critical including that
of autonomous driving. This makes it important for models to be interpretable.
This thesis proposes a hybrid rule-based and data-driven method that relies on the
technique of particle filtering to learn parameters of underlying rule-based models
from human driving demonstrations. The proposed method is demonstrated on the
problem of highway merging and shown to generate realistic driving behavior as
assessed by a driving Turing test.
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Chapter 1
Introduction
For autonomous agents to coexist and cooperate with human agents, it is important
for them to understand human motion. Anticipation is a key ability for advanced
autonomous systems, especially if they operate in densely crowded environments and
alongside humans. Prediction plays an important part in human motion analysis:
foreseeing how a scene involving multiple agents will unfold over time allows incorporation of this knowledge in a proactive manner, i.e. allowing for enhanced ways
of predictive planning, model predictive control, active perception or human-robot
interaction. Humans are naturally able to navigate through many social interaction
scenarios (e.g. traversing through a dense crowd or negotiating traffic on a highway
onramp) because of an inherent ability to reason about other people’s actions in terms
of their mental states (Gweon and Saxe, 2013). Currently, most autonomous systems
do not have such reasoning capabilities which forces them to operate in low-risk roles
with minimal human interaction. However, this will need to change with the rising
growth of automation in transportation, warehouses, and manufacturing. This thesis
presents techniques to model human behavior from demonstrations.

1.1

Human Motion Modeling

Modeling human behavior is challenging because of multiple reasons. First, human
behavior is stochastic, i.e., it is inconsistent across settings and different instants
1
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even with all other factors equal. Addressing this inherent stochasticity of human
behavior is one of the fundamental challenges in human-robot interaction (HRI).
Second, human behavior is multi-modal. Even when the broader intent is known,
there are often multiple courses of action that a person may pursue to accomplish
their goals. Third, human behavior is influenced by latent factors such as intent and
trait that are not directly observable and need to be inferred. Fourth, human behavior
is governed by high-dimensional states and nonlinearities in the dynamics. Fifth, the
presence and actions of surrounding agents, social relations between agents, social
rules and norms influence motion behavior. Sixth, the environment with its geometry
and semantics influences motion behavior. Finally, to be effective in practice, motion
prediction should be robust and operate in real-time.
Modeling approaches to human motion prediction have been categorized into a
taxonomy based on how the models represent human motion: physics-based, patternbased and planning-based (Rudenko et al., 2018). Physics-based models generate
future human motion considering a hand-crafted, explicit dynamical model. They
follow a reactive sense-predict scheme. Among the simplest ones are kinematic models
that ignore the forces that govern the motion. Popular examples include the constant
velocity and constant acceleration models. Dynamic models account for forces that
are the key descriptor of motion. However, forces that govern the motion of other
agents are not directly observable from sensory data. This makes dynamic models
more challenging for motion prediction. Both kinematic and dynamical models ignore
the motion of other agents and only make one step ahead predictions.
There are several ways to incorporate local agent interaction models into physicsbased approaches for prediction, one popular example being the social force (SF)
model (Helbing and Molnar, 1995). Due to the simplicity of these models, they are
very useful in simulating large-scale interactions, such as crowd dynamics in panic
situations (Helbing et al., 2000) or traffic flow (Treiber et al., 2000). However, these
models are sometimes brittle and do not generalize well to novel scenarios because of
their reliance on a few parameters.
Pattern-based methods learn human motion behaviors by fitting different function
approximators (e.g., hidden Markov models, neural networks, Gaussian processes) to
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training data of observed agent trajectories, and follow a sense-learn-predict scheme.
Recurrent Neural Networks (RNN) for sequence learning have recently become a
widely popular modeling approach for predicting human (Alahi et al., 2016; Vemula
et al., 2018) and vehicle (Altché and La Fortelle, 2017; Ding et al., 2019; Park et al.,
2018) motion. Other approaches use RNN as models of spatio-temporal graphs for
problems that require both spatial and temporal reasoning (Ivanovic et al., 2020; Jain
et al., 2016; Vemula et al., 2018). These methods have been used to jointly predict
transitions in human crowds (Vemula et al., 2018).
Planning-based approaches solve a sequential decision making problem by explicitly reasoning about the agent’s motion goals and follow a sense-reason-predict
scheme. By placing an assumption of rationality on the human, the models used to
represent human motion must take into account the impact of current actions on the
future. Common approaches here are hand-craft cost functions and cost-to-go value
estimates. To account for presence of other agents, several authors propose to modify
individual optimal policies locally with physics-based methods (Van Den Berg et al.,
2008; Wu et al., 2018). Game theoretic approaches model the interaction dynamics
by making assumptions on whether the other agent is cooperative (Nikolaidis et al.,
2017) or adversarial (M. Wang et al., 2019) and leverage this information for robot
planning.
Inverse planning methods assume that the reward or cost function, which depends
on social and contextual features and defines the rational behavior, can be learned
from observations. Instead of first learning a reward function and then applying
planning techniques to generate motion predictions, imitation learning approaches
directly extract a policy from the data. This method has been successfully applied
to learning human highway driving behavior (Kuefler et al., 2017) and training joint
pedestrian motion models (A. Gupta et al., 2018).

1.2

Vehicle Motion Modeling

Autonomous vehicles have the potential to increase the safety and efficiency of the
transportation system, improve the quality and productivity of the time spent in
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cars, and transform transportation into a utility available to anyone, anytime. This
requires advances in many aspects of vehicle autonomy, ranging from vehicle design
to control, perception, planning, coordination, and human interaction. Achieving the
vision of fully capable automated vehicles will require overcoming many technical,
legal, and social challenges (Maurer et al., 2016). One of these challenges is safety
validation, which requires reliable models of human driving behavior. The techniques
proposed in this thesis are evaluated on their ability to model human driving behavior.
Existing approaches to human driving behavior modeling can be categorized according to multiple considerations (Brown et al., 2020) such as vehicle dynamics and
motion prediction paradigm. Vehicle dynamics models describe the input-output behavior of the vehicle. Dynamics models propagate the state of the vehicle forward
in response to control inputs. Examples include four-wheel dynamic models, bicycle
dynamic models, bicyle kinematic models and unicycle dynamic models. The control
inputs are usually acceleration and yaw rate (turn rate).
In applications where low-level vehicle dynamics can be abstracted away, statetransition models are used. Both discrete and probabilistic state-transition models can be used depending on the need to capture the uncertainty in the future
state. Some state-transition models are learned, in the sense that the observed correlation between consecutive predicted states results entirely from training on large
datasets (Altché and La Fortelle, 2017; M. Bansal et al., 2018; Diehl et al., 2019;
Driggs-Campbell et al., 2015; Luo et al., 2018). Such data-driven models come in
many forms. Some incorporate an explicit transition model where the parameters are
learned, whereas others simply output a full trajectory.
While vehicle dynamics models govern how the vehicle state is propagated in response to control inputs, motion hypothesis generation considers how these control
inputs are generated. The motion hypothesis is an estimate of the states of all the
agents from the next timestep onward to a prediction horizon. Existing approaches
can be grouped according to three paradigms: open-loop independent trajectory prediction, game theoretic prediction, and closed-loop forward simulation. Under the
open-loop independent trajectory prediction paradigm, models predict the trajectory
independently for each agent in the scene. These approaches are interaction-unaware
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because they are open-loop. The simplest motion prediction models in this paradigm
are based on various combinations of constant velocity, acceleration, yaw rate or
steering angle. More advanced models rely on deep neural networks (Altché and
La Fortelle, 2017; Deo et al., 2018; Kim et al., 2017; Krajewski et al., 2019; Yoon
and Kum, 2016), Gaussian processes (Armand et al., 2013) and Gaussian mixture
models (Wiest et al., 2012). Since these models ignore interaction between agents,
their predictive power diminishes with increasing prediction horizon.
Under the game-theoretic paradigm, the predicted motion of some agents is explicitly conditioned on the predicted motion of other agents in the scene (Fisac et
al., 2019; González et al., 2019; Isele, 2019; Okuda et al., 2017; Pruekprasert et al.,
2019). Thus, agents are modeled as looking ahead to consider the ramifications of
their actions. This notion of looking ahead makes game theoretic models more deeply
interaction aware than forward simulation models. However, game theoretic models
suffer from tractability issues making them unsuitable for building traffic simulators.
In the closed-loop forward simulation paradigm, the model computes a control
action for each agent at each time step based on the observations received up to and
including that time step, then propagates the entire scene forward in time (Abbeel
and Ng, 2004; Bhattacharyya et al., 2020b; Gipps, 1981; Kuefler et al., 2017; Levine
and Koltun, 2012; Morton et al., 2016). This process is repeated until the prediction
horizon is reached. The closed loop action policy used in forward simulation can be
either deterministic, commonly used in motion prediction, or stochastic, commonly
used in traffic simulation. Simple examples include heuristic control laws like the
Intelligent Driver Model. More complex models include closed loop policies based
on neural networks (Kuefler et al., 2017; Morton et al., 2016), dynamic Bayesian
networks (Wheeler et al., 2015) and random forests. Since forward simulation uses
closed-loop policies, models are nominally interaction-aware. The control action can
depend on the actions of other agents via the observation received by the ego vehicle.

1.3

Contributions

This thesis makes the following contributions:
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Driver modeling using Generative Adversarial Imitation Learning
In this thesis, we view driving as a sequential decision making problem under uncertainty. Markov Decision Processes (MDPs) are commonly used to model sequential
decision making problems under uncertainty. Driving presents two challenges from
the perspective of MDP solution techniques. First, the cost function is unknown.
Second, the state and action spaces are continuous making tabular solution methods
unsuitable. To deal with the first problem, we rely on learning from demonstrations
(also known as imitation learning). This approach relies on using demonstration data
from expert agents, i.e., human drivers to solve the driving MDP. To tackle the second
problem, we use deep neural network driving policies that can work with continuous
state action spaces without requiring tabular enumeration.
Prior work to learning driving from demonstrations has used multiple approaches.
Behavior cloning treats the problem as supervised learning where a regressor is learned
to map states to actions (Pomerleau, 1989). However, since there can never be enough
data from all possible states, the approach fails by running into cascading errors. Inverse reinforcement learning approaches have also been tried that try to recover the
cost function from the expert demonstrations and then use it to solve the underlying
MDP (Abbeel et al., 2008; Abbeel and Ng, 2004; Ng and Russell, 2000). However,
these approaches are computationally expensive since they involve a cost recovery step
and an MDP solution step. Further, they impose restrictive assumptions on possible
cost functions and require hand designed features. In this thesis, we use Generative
Adversarial Imitation Learning (GAIL) that bypasses learning the cost function and
directly tries to learn a policy from demonstrations. Further, GAIL leverages deep
neural networks thereby removing the need for hand designing features. We demonstrate two extensions to GAIL that specifically help modeling vehicle motion from
demonstrations. GAIL was originally proposed to work in situations where there is a
singe learning agent for instance continuous control tasks in Mujoco (Todorov et al.,
2012). However, it does not work well for multiple interacting agents as seen by experiments on driver modeling. This is because the training and test distributions are

CHAPTER 1. INTRODUCTION

7

different thereby causing a covariate shift problem. To alleviate this problem, this
thesis proposes a method based on parameter sharing to learn from demonstrations
provided by multiple interacting agents.
The learning agent in GAIL does not explicitly understand the domain of learning. The learning problem is posed in general terms where an underlying MDP is
assumed. For structured domains such as driving which have governing rules, we propose Reward Augmented Imitation Learning (RAIL) that provides domain knowledge
to inform the learning agent about specific rules of the road.

Hybrid rule-based and data-driven driver modeling
To be able to use our driver models for safety validation of autonomous driving
algorithms, we need them to be interpretable. Since neural driving policies do not
provide interpretability, we explore the use of rule-based driving policies in the second
part of this thesis. Previous approaches to rule-based driving relied on heuristics to set
the parameters (Kesting et al., 2007; Treiber et al., 2000). However, these heuristics
were brittle and could not explain actual driving behavior well. In this thesis, we
propose a methodology for data-driven online parameter estimation of rule-based
models. We cast the parameter estimation problem as Bayesian inference over the
parameters given the driving demonstration trajectory. We use particle filtering to
find distributions over model parameters from driving demonstration data.
For safety validation of autonomous driving in simulation, the learned driver models have to generate realistic traffic simulations. We sample parameters from the
learned distributions to obtain driver models, and use them to generate novel scenarios via rollouts. We evaluate their realism using a driving Turing test in highway
merging scenarios, where we showed human participants videos of ground truth, and
synthetic driving trajectories.
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Overview

This thesis studies the problem of human motion modeling from demonstrations. The
problem of human driver behavior modeling has been used as a case study throughout
this thesis to demonstrate the techniques. The contributions made by this thesis have
been published in various conference proceedings (Bhattacharyya et al., 2019, 2018,
2020a).
Chapter 2 introduces the technique of Generative Adversarial Imitation Learning
(GAIL). Building on previous work in imitation learning, GAIL removes the restriction on possible cost function classes which enables attacking real-world problems
involving continuous state and action spaces. Further, GAIL allows the use of deep
driving policies that do not require hand-crafted feature designing.
Chapter 3 presents an approach that enables GAIL to be scaled up to multi-agent
settings and incorporate domain knowledge in the form of reward augmentation.
These ideas are demonstrated on the problem of modeling highway driving behavior
from real world demonstration data.
Many of the applications of autonomous agents are safety-critical including that
of autonomous driving. This makes it important for models to be interpretable.
Chapter 4 proposes a hybrid rule-based and data-driven method that relies on the
technique of particle filtering to learn parameters of underlying rule-based models
from human driving demonstrations. The method is shown to generate more realistic
driving behavior as compared to the black-box imitation learning methods. The
proposed method is also demonstrated on the problem of highway merging and shown
to generate realistic driving behavior as assessed by a driving Turing test.
Chapter 5 concludes the thesis by providing a summary and identifying directions
of future work.

Chapter 2
Generative Adversarial Imitation
Learning
Sequential decision making problems, such as driving, are generally formulated using
Markov decision processes (MDPs). In order to solve an MDP, a cost function must
be specified; however, the cost function may be unknown and difficult to articulate
for many real-world problems including driving. In such circumstances, imitation
learning, also known as learning from demonstration, is a promising approach (Argall
et al., 2009; Schaal, 1999). Imitation learning uses expert demonstrations to learn
a policy that behaves similarly to the expert with respect to performance on the
unknown cost function.
The supervised learning approach to imitation learning, behavioral cloning (BC),
learns a policy by minimizing a loss function over the set of demonstrations with
respect to the policy (Pomerleau, 1989). Behavioral cloning trains the policy on the
distribution of states encountered by the expert. During testing, however, the policy
acts within the environment for long time horizons, and small errors in the learned
policy or stochasticity in the environment can cause the agent to encounter a different
distribution of states from what it observed during training. This problem, referred
to as covariate shift, generally results in the policy making increasingly large errors
from which it cannot recover (Ross and Bagnell, 2010; Ross et al., 2011). Behavioral
cloning can be effective when a large number of demonstrations are available, but in
9

CHAPTER 2. GENERATIVE ADVERSARIAL IMITATION LEARNING

10

many environments it is not possible to obtain sufficient quantities of data.
There are two primary approaches for addressing the covariate shift problem.
First, if an expert and environment are available at training time, we can use Dataset
Aggregation (DAgger) (Ross et al., 2011). In this work, we do not assume access to
an expert. A second class of methods learn a replacement for the cost function that
generalizes to unobserved states, allowing the policy to learn from interaction with the
environment, and thereby encountering the same distribution of states observed at
test time. Inverse reinforcement learning (Ng and Russell, 2000) and apprenticeship
learning (Abbeel and Ng, 2004; Ho et al., 2016; Syed and Schapire, 2008) are examples
of this second approach. In this work, we adopt a specific definition for apprenticeship
learning following that of Ho et al. (2016).
The goal in apprenticeship learning is for an agent to perform no worse than the
expert on the true, unknown cost function. Traditional approaches to apprenticeship
learning have three primary disadvantages. First, they often fail at imitating the
expert as a consequence of restricting the class of cost functions. Second, the class
of cost functions is often defined as the span of a set of basis functions that must
be defined manually (as opposed to learned from the observations). Third, these
methods generally involve running reinforcement learning repeatedly, and have a large
computational cost as a result.
Generative Adversarial Imitation Learning (GAIL) (Ho and Ermon, 2016) is a
method that tries to address these drawbacks. Using ideas from Generative Adversarial Networks (GANs) (Goodfellow et al., 2014), GAIL removes the restriction that
the cost belong to a highly limited class of functions, instead allowing it to be learned
using expressive function approximators such as neural networks. Furthermore, using
Trust Region Policy Optimization (TRPO) (Schulman et al., 2015), GAIL works with
direct policy search as opposed to finding intermediate value functions (Abbeel and
Ng, 2004; Ng and Russell, 2000).
In this chapter, we review GAIL, describing its connection to, and advantages
over, previous apprenticeship learning approaches. In the following chapter, we apply
GAIL to real-world driving data in order to learn models of human driving behavior.
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Preliminaries

An infinite horizon, discounted MDP is defined by the tuple (S, A, P, c, ρ0 , γ), where
S is the state space, A is the action space, P : S × A × S → R is the transition
probability distribution, c : S × A → R is the cost function, ρ0 : S → R is the
distribution of the initial state s0 , and γ ∈ (0, 1) is the discount factor.
A stochastic policy, π : S × A → [0, 1], defines the probability of taking each
action from each state. The set Π contains all stationary stochastic policies that take
actions in A given states in S. We use πE to refer to the expert policy. In practice,
πE will only be provided as a set of trajectory samples obtained by executing πE in
the environment.
The expectation with respect to a policy π ∈ Π is used to denote an expectation
 P∞ t

with respect to the trajectory it generates: Eπ [c(s, a)] = E
t=0 γ c(st , at ) where
s0 ∼ p0 , at ∼ π(· | st ), and st+1 ∼ P (· | st , at ) for t ≥ 0. The γ-discounted causal
entropy of the policy π is H(π) = Eπ [− log π(a | s)].
The state-occupancy distribution:
ρπ (s) = (1 − γ)

∞
X

γ t p(st = s | π),

(2.1)

t=0

gives the average discounted probability of the agent being in state s. The state-action
occupancy distribution of a policy π is then defined as ρπ (s, a) = π(a | s)ρπ (s). This
can be interpreted as the distribution of state and actions that an agent encounters
when following policy π starting from state s0 ∼ ρ0 . The state-action occupancy
distribution allows us to write the expected trajectory cost of a policy as
Eπ [c(s, a)] = E

X
s,a

for any cost function c.


ρπ (s, a)c(s, a) ,

(2.2)
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Imitation Learning

The goal of imitation learning (IL) is to learn a policy π that imitates an expert
policy πE given demonstrations from that expert (Ross et al., 2011; Schaal, 1999). A
demonstration is defined as a sequence of state-action pairs that result from a policy
interacting with the environment: τ = {s1 , a1 , s2 , a2 , . . .}.
Behavioral cloning learns a policy by minimizing some loss function ` over the set
of demonstrations with respect to the policy (Ross et al., 2011):
πsup = argmin Es∼ρπE [`(π, s)],

(2.3)

π

where ` is typically the cross-entropy loss when using discrete actions and the negative
log likelihood of a multivariate Gaussian distribution when using continuous actions.
During training, behavioral cloning samples states from the state-occupancy distribution of the expert, ρπE . However, when interacting with the environment, the
policy samples states from the state-occupancy distribution of the learned policy,
ρπsup . This change in distribution between training and test time is referred to as
covariate shift (Shimodaira, 2000), and results in the agent making increasingly large
errors from which it cannot recover.
Allowing the agent to interact with the environment at training time addresses
the underlying cause of covariate shift, but this interaction requires an explicit or
implicit reward function since the agent may encounter states not contained in the
training data. There are various approaches to addressing this problem, which we
detail next.

2.3

Apprenticeship Learning

The goal of apprenticeship learning (Abbeel and Ng, 2004) is to find a policy that
performs no worse than the expert under the true cost function:
Eπ [ctrue (s, a)] ≤ EπE [ctrue (s, a)].

(2.4)
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The problem is that the true cost function ctrue is unknown. Hence, the desired
goal is recast as:
Eπ [c(s, a)] ≤ EπE [c(s, a)], ∀c ∈ C

(2.5)

where C is a restricted class of cost functions. Under the assumption that ctrue ∈ C, if
the goal in eq. (2.5) is met, the policy also satisfies the goal established in eq. (2.4).
If we can satisfy eq. (2.5) for the worst possible cost function, i.e., find a policy
that performs no worse than the expert on the worst possible cost function in C,
we can guarantee that it will perform no worse than the expert on the (unknown)
true cost function. Thus, for a given policy π that is yet to be determined, we are
interested in finding the worst possible cost function. This is made possible by posing
the following optimization problem:
cworst (s, a) = max Eπ [c(s, a)] − EπE [c(s, a)].
c∈C

(2.6)

Once the worst-case cost function cworst is known, finding a policy can be posed
as the following optimization problem:
π = arg min Eπ [cworst (s, a)].

(2.7)

π∈Π

The policy found from eq. (2.7) is guaranteed to perform no worse than the expert
with respect to the worst-case cost function, and hence guaranteed to perform no
worse than the expert on the true cost function ctrue if ctrue ∈ C.
We can add the expert incurred cost into the objective function without changing
the resulting optimum, as follows:
π = arg min Eπ [cworst (s, a)] − EπE [cworst (s, a)].

(2.8)

π∈Π

Since the worst-case cost function is found by solving a maximization problem in
eq. (2.6), the overall objective function can be rewritten as:
π = arg min max Eπ [c(s, a)] − EπE [c(s, a)].
π∈Π

c∈C

(2.9)
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Equation (2.9) establishes a general framework for defining apprenticeship learning
algorithms. To use this framework, we must provide: a cost function class C, and an
optimization algorithm.
The unknown, true cost function is typically assumed to be a linear combination of
known functions that are called basis cost functions. Classic apprenticeship learning
algorithms (Abbeel and Ng, 2004; Syed and Schapire, 2008) restrict C to convex sets
given by linear combinations of basis cost functions. However, when the true cost
function does not lie within the cost function classes, we lose the guarantee that the
learning agent will perform no worse than the expert.

2.4

Generative Adversarial Imitation Learning

Generative Adversarial Imitation Learning is derived from an alternative approach
to imitation learning called Maximum Causal Entropy IRL (MaxEntIRL) (Bloem
and Bambos, 2014; Ziebart et al., 2008). While apprenticeship learning attempts
to find a policy that performs at least as well as the expert across cost functions,
MaxEntIRL seeks a cost function for which the expert is uniquely optimal. This
latter objective turns out to be equivalent, under certain assumptions, to finding
a policy with an occupancy distribution matching that of the expert. This section
describes the derivation of this connection, the resulting imitation learning algorithm,
and its connection with Generative Adversarial Networks.

2.4.1

Derivation of GAIL

GAIL is derived from a cost-regularized MaxEntIRL objective (Ziebart et al., 2010):



IRLψ (πE ) = arg max −ψ(c) + min −H(π) + Eπ [c(s, a)] − EπE [c(s, a)].
c∈C

π∈Π

(2.10)

where H(π) ≡ Eπ [− log π(a | s)] is the discounted causal entropy of the policy taken
with respect to the state-action distribution of the policy, and ψ : C → R∗ is a function
assigning a value in the extended reals to each cost function c. The regularization
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function, ψ, plays an important role in the derivation of GAIL and in its connection
with the apprenticeship learning methods of section 2.3. Specifically, Ho and Ermon
(2016) characterize the result of running reinforcement learning on a cost output from
MaxEntIRL:
RL ◦ IRLψ (πE ) = arg min −H(π) + ψ ∗ (ρπ − ρπE ).

(2.11)

π∈Π

Here, ψ ∗ (ρπ − ρπE ) ≡ supc∈C (ρπ − ρπE )T c − ψ(c) denotes the convex conjugate of ψ,
which attempts to find a cost function that places high cost on state-action pairs
more frequently visited by π than by πE . As a result, minimizing with respect to π
attempts to match the occupancy distributions of the two policies.
Ho and Ermon (2016) show that different cost function regularizers result in different imitation learning algorithms. For example, they show (under assumptions) that
when ψ is constant across cost functions, this results in exact occupancy distribution
matching. This is accomplished by showing that MaxEntIRL is dual to the following
optimization problem:
min −H̄(ρ) subject to ρ(s, a) = ρE (s, a), ∀s ∈ S, a ∈ A
ρ∈D

(2.12)

where H̄ denotes the entropy of the occupancy distribution. Solving this optimization
problem is intractable for large or continuous MDPs because it involves satisfying a
constraint for each point in S × A, many of which will require ρπ to be zero due to
the limited size of the dataset of expert demonstrations.
An alternative setting of the cost function regularizer results in the apprenticeship
learning algorithms from section 2.3. Let ψ(c) = δC (c) where δC (c) = 0 if c ∈ C and ∞
otherwise, for a restricted class of cost functions C. This results in eq. (2.11) reducing
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to (entropy-regularized) apprenticeship learning as follows:
π apprenticeship = arg min −H(π) + ψ ∗ (ρπ − ρπE )

(2.13)

= arg min −H(π) + δC∗ (ρπ − ρπE )

(2.14)

π∈Π

π∈Π

= arg min −H(π) + max −δC (c) +
π∈Π

c∈C

X


c(s, a) ρπ (s, a) − ρπE (s, a)

s,a

(2.15)
= arg min −H(π) + max Eπ [c(s, a)] − EπE [c(s, a)]
π∈Π

c∈C

(2.16)
(2.17)

This regularizer restricts the cost function to C, which is traditionally taken to be
a small subspace spanned by finitely many basis cost functions. From eq. (2.11) we see
that the information contained in the expert policy (or demonstrations sampled using
that policy) must be encoded in the cost function. When the “true” cost function
is not in this space, information about the expert policy can be lost, which partially
explains why traditional apprenticeship learning algorithms can fail to imitate the
expert well.
Given that the desire is for an imitation learning algorithm that can: 1) scale
to large state action spaces to work for practical problems, and 2) can allow for
imitation without restricting cost functions to lie in a small subspace of finitely many
linear basis cost functions, GAIL proposes a new cost function regularizer ψGA . This
regularizer allows scaling to large state action spaces and removes the requirement
to specify basis cost functions. While existing apprenticeship learning formalisms
used the cost function as the descriptor of desirable behavior, GAIL relies instead on
the divergence between the demonstration occupancy distribution and the learning
agent’s occupancy distribution. The subsequent discussion will derive the form of
ψGA and establish its connection to GANs.
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Connection to Generative Adversarial Networks

Equation (2.11) establishes an optimization problem formulation for the imitation
learning problem via the convex conjugate of the cost function regularizer. A cost
function regularizer ψ(c) needs to be instantiated to reach an imitation learning algorithm. Consider the binary classification problem of classifying state-action pairs
(s, a) that have been drawn from the expert occupancy distribution ρπE or the learning agent’s occupancy distribution ρπ . For this binary classification task, assuming a
loss function φ to score the training examples, the minimum expected risk is defined
as:
Rφ (π, πE ) =

X
s,a

min ρπ (s, a)φ(γ) + ρπE (s, a)φ(−γ).
γ∈R

(2.18)

Proposition A.1 of Ho and Ermon, 2016 shows that this minimum expected risk is
connected to the convex conjugate of the cost function regularizer as
ψφ∗ (ρπ − ρπE ) = −Rφ (ρπ , ρπE ).

(2.19)

This allows us to build a bridge from binary classification to imitation learning. The
logistic loss function φ(x) = log(1 + e−x ) is chosen. In this case, using the logistic
loss, the connection is (as shown by corollary A.1.1 from Ho and Ermon, 2016):

∗
ψGA
(ρπ − ρπE ) = −Rφ (ρπ , ρπE )
X


=
max ρπ (s, a) − φ(γ) + ρπE (s, a) − φ(−γ)
γ∈R

s,a






1
1
=
max ρπ (s, a) log
+ ρπE (s, a) log
γ∈R
1 + e−γ
1 + eγ
s,a
X


=
max ρπ (s, a) log σ(γ) + ρπE (s, a) log 1 − σ(γ)
X

γ∈R

s,a

=

X
s,a

D

(2.21)
(2.22)
(2.23)

max ρπ (s, a) log d + ρπE (s, a) log(1 − d)

(2.24)

X

(2.25)

d∈(0,1)

= max

(2.20)

s,a

ρπ (s, a) log(D(s, a)) + ρπE (s, a) log(1 − D(s, a)).
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If we use the result from eq. (2.20) to substitute the expression for the convex
conjugate of the cost regularizer into our central optimization objective eq. (2.11), we
obtain the GAIL objective function:
min max
π

D

X

ρπ (s, a) log(D(s, a)) + ρπE (s, a) log(1 − D(s, a)).

(2.26)

s,a

This optimization objective established in eq. (2.26) provides a connection to
GANs (Goodfellow et al., 2014). In GANs, the goal is to model the distribution
pdata (x). The generative modeling objective is formulated as
min max Ex∼pdata (x) [log D(x)] + Ez∼pz (z) [log(1 − D(G(z)))].
G

D

(2.27)

Here, G is the generator that maps input noise variables z to the data space as
G(z) and D is the discriminator which outputs a single scalar D(x) that represents
the probability that x came from the data rather than pg , a binary classification task.
This objective is solved using simultaneous gradient descent wherein the parameters
of G and D are updated. This is accomplished by sampling two sets of data, one
from the training samples and the other from the noise prior.
Unlike GANs, GAIL considers the environment as a black box, and thus the objective is not differentiable with respect to the parameters of the policy. Therefore,
simultaneous gradient descent is not suitable for solving the GAIL optimization objective. Instead, optimization over the GAIL objective is performed by alternating
between a gradient step to increase eq. (2.26) with respect to the discriminator parameters D, and a Trust Region Policy Optimization (TRPO) step (Schulman et al.,
2015) to decrease eq. (2.26) with respect to the parameters θ of the policy πθ .
TRPO is a model-free reinforcement learning algorithm. It does not have explicit
access to a model of the environment, i.e, a function which predicts the state transitions or rewards. Model-free RL algorithms can be broadly categorized into those
that learn Q-values and those that directly learn policies. TRPO belongs to the latter
family, known as policy optimization.
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Policy Optimization

Policy optimization directly search in the policy space by optimizing the policy parameters by either gradient ascent on the performance objective, or indirectly by
maximizing local approximations to the performance objective. This optimization
is almost always performed on-policy, meaning each update only uses data collected
according to the most recent version of the policy.
Since the goal is to model human behavior which is stochastic, we have a stochastic
policy that provides a probability distribution given a state and is denoted by π(a | s).
We write the policy as πθ (a | s) when it is parametrized by parameter vector θ.
Here, we are in the premise of learning from obervations where trajectories of expert
demonstrations are provided. Let τ = (s0 , a0 , s1 , a1 , ..., sT ) denote a trajectory, which
is a sequence of states and actions generated by a policy πθ interacting with the
environment. Let p(τ | θ) be the probability of the trajectory τ , and let R(τ ) denote
the total reward of the trajectory.
In an MDP, the goal is to maximize the expected return using a stochastic,
parametrized policy yielding the objective:
max J(πθ ) = Eτ ∼πθ [R(τ )].
θ

(2.28)

The policy gradient approach approaches this objective by performing a gradient
ascent on the policy parameters as follows:
θk+1 = θk + α∇θ J(πθ )

θk

,

(2.29)

where k denotes the current iterate of the policy parameters and k + 1 denotes
the new parameters after taking a gradient step.
The expression for the gradient is given by
∇θ J(πθ ) = ∇θ Eτ ∼πθ [R(τ )].

(2.30)
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Expressing the expectation in the integral form we have:
Z
∇θ J(πθ ) = ∇θ p(τ | θ)R(τ )
Z τ
= ∇θ p(τ | θ)R(τ ).

(2.31)
(2.32)

τ

The derivative of the probability of a trajectory can be expressed as follows (known
as the log derivative trick):
∇θ p(τ | θ) = p(τ | θ)∇θ log p(τ | θ).

(2.33)

The probability of a trajectory τ is
p(τ | θ) = ρ0 (s0 )ΠTt=0 p(st+1 | st , at )πθ (at | st ).

(2.34)

The log probability of the trajectory is therefore,
log p(τ | θ) = log ρ0 (s0 ) +

T
X


log p(st+1 | st , at ) + log πθ (at | st ) .

(2.35)

t=0

Taking the gradient of this expression, and observing that some of the terms do
not depend on the parameter θ, we obtain the gradient of the log probability of the
trajectory to be:

∇θ log p(τ | θ)

T
X
(
(
((
(|(s(
(
(
(
(
(
=(
∇(
∇
log
p(s
,
a
(
θ log ρ0 (s0 ) +
θ
t+1
t
t ) + ∇θ log πθ (at
(
((


| st )

t=0

(2.36)
=

T
X

∇θ log πθ (at | st ).

(2.37)

t=0

Putting all of the above together, we can derive an expression for the gradient of
the policy with respect to the parameter θ as follows:
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(2.38)
(2.39)

τ

= p(τ | θ)∇θ log p(τ | θ)R(τ ) Log derivative trick

(2.40)

= Eτ ∼πθ [∇θ log p(τ | θ)R(τ )] Return to expectation form

(2.41)

= Eτ ∼πθ [

T
X

∇θ log πθ (at | st )R(τ )] Gradient of log probability

(2.42)

t=0

GAIL can also be derived more directly from a f -divergence minimization perspective (Ghasemipour et al., 2020), which is less general than cost-regularized MaxEntIRL. The f -divergence framework does not allow for minimizing certain distances
between occupancy distributions, for example the Wasserstein distance, which has
been shown to result in more reliable training of GANs (Arjovsky et al., 2017). However, the Wasserstein distance can be used within the cost-regularized MaxEntIRL
framework (Xiao et al., 2019), and we use this version of GAIL in the multi-agent
setting.

2.5

Extension to Multiple Agents

For safety validation in simulation, it is crucial to simulate the behavior of not just a
single vehicle, but entire traffic scenes to be able to recreate driving behavior arising
out of interaction between agents.
The task of simultaneously controlling multiple vehicles operating on a single
roadway can be viewed as a multiagent control problem. However, when evaluated in
a multi-agent setting, the policies learned through single-agent imitation learning fail
to exhibit realistic behavior, rendering them inadequate for use in simulation. During
test time, the policy learned from a single agent’s experience observes nearby vehicles
acting differently than during training, and again makes small errors that compound
over time.
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This motivated the development of Parameter-Sharing GAIL (PS-GAIL) (Bhattacharyya et al., 2018), which enables scaling of the imitation learning approach to
multiple agents. In line with recent work in multi-agent imitation learning (Gruver
et al., 2020; Song et al., 2018; Yu et al., 2019), we formulate multi-agent driving
as a Markov game (Littman, 1994) consisting of M agents and an unknown reward
function. We make three simplifying assumptions:
1. Homogeneous agents: agents have the same observation and action spaces:
Oi = Oj and Ai = Aj ∀ agents i, j.
2. Identical cost function: the (unknown) cost function is the same for all agents:
Ri = Rj ∀ agents i, j.
3. Cooperative agents: agents have common behavior such as actions, domain
knowledge, and goals (an example is avoiding collision). In particular, drivers
are not adversarial (as in the case of racing).
These assumptions are idealizations and do not hold for real-world driving scenes.
For example, different vehicles may permit different accelerations, a driver may only
want to change lanes if other drivers are not doing so, and individuals may value
different driving qualities such as smoothness or proximity to other vehicles differently.
Nevertheless, these assumptions often do apply approximately, and, as we later show,
allow for learning of realistic driving policies.
A naive approach to learning human driver policies would be to train a policy
in an environment where it controls a single vehicle on the roadway and all remaining vehicles follow a predetermined trajectory. Unfortunately, this approach is often
incapable of producing policies that can reliably control many vehicles on the same
roadway. By introducing such a controller to other vehicles after training, we reintroduce covariate shift. As a result, small errors in the behavior of a single vehicle
can destabilize neighboring vehicles, ultimately leading to the failure of many agents
in the scene.
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Existing training schemes for reinforcement learning that are applicable to multiagent domains are centralized learning (Foerster et al., 2016; Sukhbaatar et al., 2016)
and concurrent learning (Diallo et al., 2017; Palmer et al., 2018). Centralized training
learns a single policy that controls every agent by mapping a joint observation to a
joint action over all the agents. However, this quickly runs into scalability issues with
increasing number of agents due to exponential growth in the observation and action
spaces. In the concurrent training approach, every agent learns its own policy. This
addresses the growth of the state and action spaces, but still scales poorly because
the number of parameters to be learned grows with the number of agents.
Centralized learning and decentralized execution is an approach that finds the
middle ground between centralized and concurrent approaches to learning in multiagent domains. Parameter sharing is an example of this approach that has shown
recent promise due to more centralization during the learning process (Terry et al.,
2020). Further, direct policy search based methods have shown to perform better than
value based methods in deep reinforcement learning problems involving continuous
action spaces (Nguyen et al., 2020), such as driving.
Combining the benefits of parameter sharing with direct policy search, J. Gupta
et al. (2017) introduced an algorithm called Parameter Sharing Trust Region Policy
Optimization (PS-TRPO), which is a policy gradient approach that combines parameter sharing and TRPO. PS-TRPO was shown to produce decentralized parametersharing neural network policies that exhibit emergent cooperative behavior without
explicit communication between agents. PS-TRPO is highly sample-efficient because
it reduces the number of parameters by a factor of M , and shares experience across
all agents. Furthermore, it mitigates issues resulting from non-stationary learning
dynamics by collecting a new batch of data for each round of policy optimization.
Notably, PS-TRPO still allows agents to exhibit different behavior because each agent
receives unique observations.
For a policy πθ with parameters θ, PS-TRPO performs an update to the policy
parameters by approximately solving the constrained optimization problem:
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θ

24

(2.43)
(2.44)

where πθk is a rollout-sampling policy, and Aθk (o, a) is an advantage function quantifying how much the value of an action a taken in response to an observation o differs
from the baseline value estimated for o. DKL is the KL-divergence between the two
policy distributions, and ∆KL is a step size parameter that controls the maximum
change in policy per optimization step.
Our proposed approach, PS-GAIL, combines GAIL with PS-TRPO to generate
policies capable of controlling multiple vehicles, enabling more stable simulation of
entire road scenes. The approach is described in algorithm 1. We begin by initializing
the shared policy parameters and select a step size parameter. At each iteration,
the shared policy is used by each agent to generate trajectories. Rewards are then
assigned to each state-action pair in these trajectories by the critic. Subsequently,
observed trajectories are used to perform a TRPO (Schulman et al., 2015) update for
the policy, and an Adam (Kingma and Ba, 2014) update for the critic. PS-GAIL can
be viewed as a special case of the algorithms presented by Song et al. (Song et al.,
2018) since all agents share the same policy and receive rewards from the same critic.
Algorithm 1 PS-GAIL
Input: Expert trajectories τE ∼ πE , Shared policy parameters Θ0 , Discriminator
parameters ψ0 , Trust region size ∆KL , Curriculum distribution C
for k ← 0, 1, . . .
Sample number of agents from curriculum m ∼ C(k)
Rollout trajectories for all m agents ~τ ∼ πθk
Score ~τ with critic, generating reward r̃(st , at ; ψk )
Batch trajectories obtained from all m agents
Take a TRPO step to find πθk+1 maximizing eq. (2.43)
Update the critic parameters ψ by maximizing eq. (2.26)
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Discussion

This chapter presented the idea of imitation learning, a method that uses expert
demonstrations to obtain policies for MDPs which lack associated cost functions.
First, this chapter reviewed existing approaches to imitation learning such as behavior cloning and apprenticeship learning. Next, this chapter examined Generative
Adversarial Imitation Learning, a approach that enables imitation learning for real
world problems. Specifically, this chapter highlighted the connection between GAIL
and GANs, and illustrated how the GAIL framework is a more general framework
that subsumes existing apprenticeship learning approaches. However, while GAIL
was originally proposed for a single learning agent, many real world problems including driving involve multiple interacting agents. This chapter proposed a multi-agent
extension to GAIL called PS-GAIL that shall be demonstrated in the next chapter
for modeling multiple drivers in highway driving.

Chapter 3
Generative Modeling of Driver
Behavior
This chapter demonstrates the GAIL methodology to model the behavior of human
drivers from driving demonstration data. Reliable models of human driving behavior are important for building simulation platforms for validating the safety of autonomous driving algorithms. The autonomous driving literature has established that
it is infeasible to build a statistically significant case for the safety of a system solely
through real-world testing (Koopman and Wagner, 2016). Validation through simulation is an alternative to real-world testing, with the ability to evaluate vehicle
performance in large numbers of scenes quickly, safely, and economically (Morton
et al., 2018). In such safety critical settings, representative models of human driving
behavior are essential in the validation of autonomous driving systems.
Driver modeling falls within the paradigm of learning from demonstrations. There
is no reason to assume that the cost function of the human drivers lies within a small
function class. Instead, the cost function could be quite complex, which makes GAIL
a suitable choice for driver modeling. Human driving situations are inherently multiagent in nature. Typical human driving scenes are composed of several vehicles that
interact to exhibit emergent patterns of traffic behavior that cannot be easily predicted from the properties of the individual vehicles alone. For example, given two
very similar initial scenes, the vehicles can reach very different configurations after
26
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just a few seconds because small changes in states can quickly compound into large
differences in the resulting vehicle behaviors and motion pattern. Reliable human
driver models must be capable of imitating these emergent properties of traffic behavior.
We frame highway driving as a sequential decision-making task in which the driver
obeys a stochastic policy π(a | s), mapping observed road conditions s to a distribution over driving actions a. The state space represents the driving scene, the actions
are driving actions, and the transition model is governed by the vehicle dynamics and
the actions taken by surrounding vehicles. However, the cost function of the MDP
is unspecified because it is often difficult for humans to articulate, let alone mathematically formulate, the cost function that they are following while driving. Given a
class of policies πθ parameterized by θ, we seek to find the policy that best recreates
human driving behavior. The goal is to infer this policy from a dataset consisting of
a sequence of state-action tuples (st , at ).

3.1

Dataset

We use the public Next-Generation Simulation (NGSIM) dataset for US Highway
101 (Colyar and Halkias, 2007). NGSIM provides 45 minutes of driving at 10 Hz.
The US Highway 101 dataset covers an area in Los Angeles approximately 640 m in
length with five mainline lanes and a sixth auxiliary lane for highway entrance and
exit.
Traffic density in the dataset transitions from uncongested to full congestion and
exhibits a high degree of vehicle interaction as vehicles merge on and off the highway
and must navigate in congested flow. The diversity of driving conditions and the
forced interaction of traffic participants makes these sources particularly useful for
behavioral studies. The trajectories were smoothed using an extended Kalman filter
on a bicycle model and projected to lanes using centerlines extracted from the NGSIM
roadway geometry files. Cars, trucks, buses, and motorcycles are in the dataset, but
only car trajectories were used for model training.
This dataset is split into three consecutive 15 min sections of driving data that
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represent different vehicle densities and traffic conditions. We use the first section as
the training dataset, from which we learn our policies. The remaining two sections
are used for testing and evaluating the quality of the resulting policies. This allows
us to assess the generalization capability of the learned driving policies.

3.2

Simulator

In order to learn the policy in an environment with human drivers, we use a simulator that allows for playing back real trajectories and simulating the movement of
controlled vehicles given actions selected by a policy. The process proceeds as follows:
1. The initial scene is sampled from a dataset of real driver trajectories. This state
includes the position, orientation, and velocity of all vehicles in the scene.
2. A subset of the vehicles in the scene are randomly selected to be controlled by
the policy. For single-agent training only one vehicle is selected, whereas for
multi-agent training M vehicles are controlled by the policy.
3. For each vehicle, a set of features are extracted and passed to the policy as
the observation. Table 3.1 describes the features provided to the policy. These
features represent the scene information, and thus act as observations of the
state of the driving MDP.
4. At every timestep, the policy outputs longitudinal acceleration and turn-rate
values as the vehicle action in response to the observed features. These values are used to propagate the vehicle forward in time according to the vehicle
dynamics.
5. The simulation is carried out, and associated metrics of both imitation performance and driving performance are extracted.
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Table 3.1: Observation features
Feature

Description

Ego Vehicle

Lane-relative velocity, heading, offset.
Vehicle length and width.
Longitudinal and lateral acceleration.
local and global turn and angular rate.
Lane curvature, distance to left and
right lane makers and road edges.

Leading Vehicle

Relative distance, velocity, and
absolute acceleration of vehicle
of fore vehicle, if it exists.

LIDAR Range
20 artificial LIDAR beams
and Range Rate output in regular polar intervals,
providing the relative position
and velocity of intercepted objects.

3.3

Temporal

Timegap and time-to-collision.

Indicators

Collision occurring, ego vehicle
out-of-lane, and negative velocity.

Policy Representation

Our learned policy must be able to simulate human driving behavior, which involves:
• Non-linearity in the desired mapping from states to actions (e.g., large corrections in steering to avoid collisions caused by small changes in the current
state).
• High-dimensionality of the state representation, which must describe properties
of the ego-vehicle, in addition to surrounding cars and road conditions.
• Stochasticity because humans may take different actions each time they encounter a given traffic scene.
To address the first and second points, we represent all learned policies πθ using
neural networks. Neural networks have gained widespread popularity due to their
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ability to learn robust hierarchical features from complicated inputs (Krizhevsky et
al., 2012; H. Lee et al., 2009), and have been used in automotive behavioral modeling
for action prediction in car-following contexts (Hongfei et al., 2003; Khodayari et al.,
2012; Lefèvre et al., 2014; Morton et al., 2016; Panwai and Dia, 2007), lateral position
prediction (Q. Liu et al., 2014), and maneuver classification (Boyraz et al., 2007).
To addresss the third point, we interpret the network’s real-valued outputs given
input st as the mean µt and logarithm of the diagonal covariance log νt of a Gaussian
distribution. This enables stochasticity in the driving action provided by the neural
network policy in response to a particular driving scene. Actions are chosen by
sampling at ∼ πθ (at | st ).
We evaluate both feedforward and recurrent network architectures. Feedforward
neural networks directly map inputs to outputs. The most common architecture,
multilayer perceptrons (MLPs), consist of alternating layers of tunable weights and
element-wise nonlinearities. However, the feedforward MLP is limited in its ability to
adequately address partially observable environments. In real world driving, sensor
error and occlusions may prevent the driver from seeing all relevant parts of the
driving state. By maintaining sufficient statistics of past observations in memory,
recurrent policies (Wierstra et al., 2010) disambiguate perceptually similar states by
acting with respect to histories of, rather than individual, observations. In this work,
we represent recurrent policies using Gated Recurrent Unit (GRU) networks (Cho
et al., 2014) due to their comparable performance with fewer parameters than other
architectures.
We use similar architectures for the feedforward and recurrent policies. The recurrent policies consist of five feedforward layers that decrease in size from 256 to
32 neurons, with an additional GRU layer consisting of 32 neurons. Exponential
linear units (ELU) were used throughout the network, which have been shown to
combat the vanishing gradient problem while supporting a zero-centered distribution
of activation vectors. The MLP policies have the same architecture, except the GRU
layer is replaced with an additional feedforward layer. For each network architecture,
one policy is trained through BC and one policy is trained through GAIL. In all, we
trained four neural network policies: GAIL GRU, GAIL MLP, BC GRU, and BC
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MLP.

Expert Data

Select
vehicles

Initialize
policy
parametrized
by θ

Critic

Tuples:
(state,
action)

Rollout
policy

Add reward
augmentation

Reward
signal sent
to PS-TRPO

Update
policy

Figure 3.1: The imitation learning pipeline: the driving demonstration trajectories
(left panel) are fed into our imitation learning module (middle panel) to create driving
policies that can be used for validation of autonomous vehicles in simulation (right
panel).

3.4

Metrics

Section 3.3 shows the imitation learning pipeline starting from driving demonstration
data to driving policies. We assess the imitation performance of our driving policies
via different metrics. First, to measure imitation of local vehicle behaviors, we use a
set of Root Mean Square Error (RMSE) metrics that quantify the distance between
the real trajectories in the dataset and the trajectories generated by our learned
driving policies. We calculate the RMSE between the original human driven vehicle
and its replacement policy driven vehicle in terms of the position, speed, and lane
offset.
Second, to assess the undesirable traffic phenomena that arise out of vehicular
interactions as compared to local, single vehicle imitation, we extract metrics that
quantify collisions, hard-braking, and offroad driving. We also extract these metrics
of undesirable traffic phenomena for the NGSIM driving data and compare them
against the metrics obtained from rollouts generated by our driving policies.
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Single Agent Imitation

First, we report results obtained from experiments conducted on learning driving from
a single agent (Kuefler et al., 2017). Here, one vehicle is randomly sampled from
the NGSIM demonstration data and its trajectory is used to train the critic. The
effectiveness of the resulting driving policy trained using GAIL in imitating human
driving behavior is assessed by validation in rollouts conducted on the simulator
described in section 3.2. The resulting driving behavior was compared against various
driver modeling baselines using the metrics discussed in section 3.4.
The first baseline is a static Gaussian (SG) model, which is an unchanging Gaussian distribution π(a | s) = N (a | µ, Σ) fit using maximum likelihood estimation on
the demonstration data. The second baseline model is a Behavioral Cloning (BC)
approach using mixture regression (MR) (Lefèvre et al., 2014). The model has been
used for model-predictive control and has been shown to work well in simulation and
in real-world drive tests. Our MR model is a Gaussian mixture over the joint space
of the actions and features, trained using Expectation Maximization. The stochastic
policy is formed from the weighted combination of the Gaussian components conditioned on the features. Greedy feature selection is used during training to select a
subset of predictors up to a maximum feature count threshold while minimizing the
Bayesian information criterion (Schwarz, 1978).
The final baseline model uses a rule-based controller to govern the lateral and
longitudinal motion of the ego vehicle. The longitudinal motion is controlled by the
Intelligent Driver Model (Treiber et al., 2000). The inputs to the model are the
vehicle’s current speed v(t) at time t, relative speed r(t) with respect to the leading
vehicle, and distance headway d(t). The model then outputs an acceleration according
to

aIDM = amax 1 −

v(t)
vdes

4


−

ddes
d(t)

2 !
,

(3.1)

where the desired distance is
v(t) · r(t)
ddes = dmin + τ.v(t) − p
.
2 amax · bpref

(3.2)
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The model has several parameters that determine the acceleration output based
on the scene information. Here, vdes refers to the free speed velocity, dmin refers to
the minimum allowable separation between the ego and leader vehicle, τ refers to the
minimum time separation allowable between ego and leader vehicle, amax and bpref
refer to the limits on the acceleration and deceleration, respectively.
For the lateral motion, MOBIL (Kesting et al., 2007) is used to select the desired lane, with a proportional controller used to track the lane centerline. A small
amount of noise is added to both the lateral and longitudinal accelerations to make
the controller nondeterministic.
To extract the metrics of driving performance, the ego vehicle is driven using
a bicycle model with acceleration and turn rate sampled from the policy network.
Figure 3.2 shows the discrepancy between rollouts and the ground truth demonstration through root mean square error metrics. The RMSE results show that the BC
models have competitive short-horizon performance, but accumulate error over longer
time horizons. GAIL produces more stable trajectories and its short term predictions
perform well.
Figure 3.3 shows the undesirable driving metrics obtained from simulation. The
GAIL policies outperform the BC policies. Compared to BC, the GAIL GRU policy
has the closest match to the data everywhere except for hard brakes, as it rarely takes
extreme actions. Mixture regression largely performs better than SG and is on par
with the BC policies, but is still susceptible to cascading errors. Offroad duration is
perhaps the most striking statistic; only GAIL (and of course IDM + MOBIL) stay
on the road for extended stretches. SG never brakes hard as it only drives straight,
causing many collisions as a consequence. It is interesting that the collision rate for
IDM + MOBIL is roughly the same as the collision rate for GAIL GRU, despite the
fact that IDM + MOBIL should not collide. The inability of other vehicles within the
simulation environment to fully react to the ego-vehicle may explain this phenomenon.
The results demonstrate that GAIL-based models capture many desirable properties of both rule-based and machine learning methods, while avoiding common pitfalls.
With the exception of the rule-based controller, GAIL policies achieve the lowest collision and off-road driving rates, considerably outperforming baseline and similarly
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structured BC models. Furthermore, extending GAIL to recurrent policies leads to
improved performance. This result is an interesting contrast with the BC policies,
where the addition of recurrence tends not to yield better results. Thus, we find that
recurrence by itself is insufficient for addressing the detrimental effects that cascading
errors can have on BC policies.

3.6

Multi Agent Imitation

In this subsection, we describe experiments and results conducted for multiple learning
agents using the parameter sharing approach (PS-GAIL) described in Section 2.5.
In the multi-agent setting, multiple vehicles are sampled from the demonstration
NGSIM data, and a policy with shared parameters is learned by batching together
the observations and actions from all the vehicles. Importantly, the dynamics of
the environment change along with the agent policies. Our training procedure must
therefore account for non-stationary environment dynamics.
We mitigate this problem by introducing a curriculum that scales the difficulty
of the multi-agent learning problem during training. J. Gupta et al. (2017) define a
multi-agent curriculum, C, as a multinomial distribution over the number of agents
controlled by the policy each episode. The curriculum gradually shifts probability
mass to larger numbers of agents. In practice, we use a simplified curriculum that
increments the number of controlled agents by a fixed number every K iterations
during training, in which case C(k) is a deterministic function of the iteration k.
We use recurrent neural network (RNN) policies, in all cases consisting of 64 Gated
Recurrent Units (GRUs). The observation is passed directly into the RNN without
any initial reduction in dimensionality. We use recurrent policies in order to address
the partial observability of the state caused by occluded vehicles. In the multi-agent
setting, a single shared policy selects actions for all vehicles, following the parameter
sharing approach previously described. Policy optimization is performed using an
implementation of TRPO from rllab (Duan et al., 2016) with a step size of 0.1.
We use two training phases for all of the models. The first phase consists of 1000
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iterations with a low discount of 0.95 and a small batch size of 10 000 observationaction pairs. The second phase fine-tunes the models, running for 200 iterations with
a higher discount of 0.99 and larger batch size of 40 000. For the multi-agent model,
we add 10 agents to the environment every 200 iterations of the first training phase.
We use 100 agents in the fine-tune phase for the multi-agent GAIL models.
The critic acts as the surrogate reward function in the environment. The observationaction pairs for each vehicle at each timestep are passed to the critic, which outputs
a scalar value that is then used as the reward for that vehicle. The critic is implemented as a feed-forward neural network consisting of (128,128,64) ReLU units. We
implemented the critic as a Wasserstein GAN with a gradient penalty (WGAN-GP)
of 2 (Gulrajani et al., 2017). Similar to Li et al. (2017), we used a replay memory
for the critic in order to stabilize training, which contains samples from the three
most recent epochs. For each training epoch of the policy, the critic is trained for
40 epochs using the Adam optimizer (Kingma and Ba, 2014) with a learning rate of
0.0004, dropout probability of 0.2, and batch size of 2000. Half of each batch consists of NGSIM data, with the remaining half comprised of data from policy rollouts.
Finally, the reward values output from the critic are adaptively normalized to have
zero mean and unit variance prior to being passed to TRPO.
The difficulty of the multi-agent task scales with the number of agents controlled
in the environment. Figure 3.4 shows the performance of the two models as a function
of the number of agents driven by our learned driving policy. The indicated number
of agents are randomly sampled and replaced in the environment with the policy,
while the remaining agents are left as originally recorded in NGSIM. Here, the singleagent policy refers to the policy trained using data obtained from one vehicle, and
then deployed on multiple vehicles during validation. The results indicate that while
the single-agent policy deteriorates rapidly with increasing number of agents, the
multi-agent policy declines in performance much more gradually.
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Reward Augmentation

Both single-agent GAIL and PS-GAIL are methodologies that are domain agnostic.
However, for the specific task of driver modeling, providing the learning agent with
domain knowledge proves useful. Reward Augmented Imitation Learning (RAIL) provides external penalties during training (Bhattacharyya et al., 2019) that specifically
encapsulate rules of the road. These include penalties for going off the road, braking
hard, and colliding with other vehicles. All of these are undesirable driving behaviors
and therefore should be discouraged in the learning agent. These penalties help to
improve the state space exploration of the learning agent by discouraging bad states
such as those that could potentially lead to collisions. In RAIL, part of the reinforcement learning cost signal comes from the critic based on imitating the expert, and
another cost signal comes from the externally provided penalties specifying the prior
knowledge of the expert (Li et al., 2017).
For reward augmentation, we require that π belongs to a certain set such that
undesired actions are discouraged. For example, the vehicle should not drive off road,
collide with others, or brake too hard. Such undesired state-action pairs are denoted
as belonging to the set U . The constraint on the policy is denoted by Π:
Π = {π̄ : π = πi , ∀ i, and Pπ̄ [a | s] = 0, ∀ (s, a) ∈ U }

(3.3)

Considering Wasserstein distance (Arjovsky et al., 2017), the following constrained
minimax problem for imitation learning is formulated:
min max {Eπ̄E [D(s, a)] − Eπ̄ [D(s, a)]}
π̄∈Π

D

(3.4)

where the critic, D, learns to output a high score when encountering pairs from π̄E ,
and a low score when encountering generated pairs from π̄. D should be optimized
for all functions.
The constrained minimax is solved by transforming the problem to an unconstrained form. The constraint for parameter sharing is naturally encoded by sharing
the same policy for all agents. The constraint for reward augmentation is enforced by
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adding a reward augmentation regularizer in the function. Thus, the unconstrained
problem becomes:
min max Eπ̄E [D(s, a)] − Eπ [D(s, a)] + rEπ [1U ]
π

D

(3.5)

where r is the penalty, and 1U is an indicator function that is non-zero if and only if
(s, a) ∈ U . The penalty r can either be a constant value or a barrier function. We have
binary penalty when r is constant, and smooth penalty when r is a continuous function
that reaches zero on the boundary of the set U . Note that the term Eπ [D(s, a)] is
different from Eπ̄ [D(s, a)], where the former notation requires that all agents use the
same policy π with shared parameters.
We explore a binary penalty and a smoothed penalty as the two forms of reward
augmentation provided to the imitation learning agent. The first method of reward
augmentation that we employ is to penalize states in a binary manner, where the
penalty is applied when a particular event is triggered. To calculate the augmented
reward, we take the maximum of the individual penalty values. For example, if a
vehicle is driving off the road and colliding with another vehicle, we only penalize the
collision. This will also be important when we discuss smoothed penalties.
We explore penalizing three different behaviors. First, we give a large penalty R
to each vehicle involved in a collision. Next, we impose the same large penalty R for a
vehicle that drives off the road. Finally, performing a hard brake (acceleration of less
than −3 m/s2 ) is penalized by only R/2. The penalty formula is shown in eq. (3.6).
We denote the smallest distance from the ego vehicle to any other vehicle on the
road as dc (meters), where dc ≥ 0. We also define the closest distance from the ego
vehicle to the edge of the road (meters): droad = min{dleft , dright }. We allow droad
to be negative if the vehicle is off the road. Finally, let a be the acceleration of the
vehicle in m/s2 . A negative value of a indicates that the vehicle is braking. Now, we
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can formally define the binary penalty function:


R





R
Penalty =

R


2




0

if dc = 0
if droad ≤ −0.1

(3.6)

if a ≤ −3
otherwise

The relative values of the penalties indicate the preferences of the designer of the
imitation learning agent. For example, in this case study, we penalize hard braking
less than the other undesirable traffic phenomena.
We hypothesize that providing advanced warning to the imitation learning agent
in the form of smaller, increasing penalties as the agent approaches an event threshold
will address the credit assignment problem in reinforcement learning. In this case, we
provide a smooth penalty for off-road driving and hard braking, where the penalty is
linearly increased from a minimum threshold to the previously defined event threshold
for the binary penalty.
For off-road driving, we linearly increase the penalty from 0 to R when the vehicle
is within 0.5 m of the edge of the road. For hard braking, we linearly increase the
penalty from 0 to R/2 when the acceleration is between −2 m/s2 and −3 m/s2 .
The driving performance of driving policies trained using PS-GAIL and RAIL
was assessed by performing experiments in the simulator. Figure 3.5 shows root
mean square error results for prediction horizons up to 20 s. These plots indicate that
the multi-agent learning approaches PS-GAIL and RAIL capture expert behavior
more faithfully than single-agent GAIL. This performance discrepancy is especially
pronounced for longer prediction horizons, where the errors for single-agent policies
begin to accumulate rapidly. Further, reward augmentation results in better local
imitation performance, as seen by the lowest RMSE values.
The superior performance of PS-GAIL and RAIL is further illustrated by Figure 3.6. These validation results empirically demonstrate that PS-GAIL and RAIL
policies are less likely to lead vehicles into collisions, extreme decelerations, and offroad driving. This serves as further illustration that the PS-GAIL training procedure
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encourages stabler interactions between agents, thereby making them less likely to
encounter extreme or unlikely driving situations. The inclusion of domain knowledge
is especially significant here as seen by the reduction in the values of the undesirable
metrics of driving.

3.7

Discussion

This chapter applied GAIL to the problem of driver modeling using driving demonstration data from the NGSIM dataset. This chapter first investigated the performance of GAIL as compared to behavior cloning and rule-based approaches for modeling single agent driving. In addition to establishing superior performance of GAIL,
this investigation also showed that recurrent driving policies perform better than
multi layer perceptron policies. Subsequently, this chapter showed that while GAIL
fails to model the behavior of multiple driving agents, PS-GAIL is able to do so by
learning a policy with shared parameters across driving agents. Both GAIL and PSGAIL were agnostic to the driving problem and treated the demonstrations simply as
trajectories of state-action pairs. This chapter proposed RAIL that enables providing
domain knowledge to the learning agent, in this case in the form of penalty functions
for violating driving rules. RAIL was shown to achieve more realistic driving behavior
than PS-GAIL.
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Figure 3.2: The root mean square error in position, velocity and lane offset for each
candidate model versus prediction horizon. Policies trained using GAIL outperform
the other methods.
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Figure 3.3: Metrics of undesirable traffic phenomena such as collisions, off the road
driving, and hard decelerations. The GAIL based driving policies perform better than
BC.

Single GAIL
PS-GAIL

RMSE Position (m)

35
30
25
20
15
10
1

25

50
Number of Agents

75

100

Figure 3.4: Average RMSE position value across all timesteps of an episode as a
function of the number of controlled agents. As the policy controls more vehicles,
single-agent GAIL performance deteriorates rapidly, while PS-GAIL performance decays more slowly.

RMSE Position (m)

CHAPTER 3. GENERATIVE MODELING OF DRIVER BEHAVIOR

42

100

50

RMSE Lane Offset (m)

0

2

1

RMSE Speed (m/s)

10
8
6
4
2
2

4

GAIL

6

PS-GAIL

8

10
12
Horizon (s)

RAIL (smooth)

14

16

18

20

RAIL (binary)

Figure 3.5: A comparison of root mean square error in position, lane offset and speed
for single-agent, multi-agent and reward augmented GAIL versus prediction horizon.
Policies trained using reward augmented GAIL show better prediction performance.
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Figure 3.6: Metrics of undesirable traffic phenomena. These are explicitly penalized
in the reward augmentation formulation. RAIL results in policies with much lower
values of collisions, offroad driving and hard braking as compared to the PS-GAIL
baseline.

Chapter 4
Driver Modeling using Particle
Filtering
The previous two chapters discussed the use of Generative Adversarial Imitation
Learning (GAIL) to model human motion from demonstration trajectories. Deep
neural driving policies were learnt to drive multiple vehicles on straight highways.
The appeal of this methodology was the ability to learn driving without knowing
the underlying rules of driving and mapping relatively low level features to driving
actions.
However, many of the intended domains of human behavior modeling are safetycritical such as indoor robotics, robot navigation in crowds, and driving, where faulty
behavior by the autonomous agent can lead to loss of life and property. Therefore,
interpretability of human models is key to understanding the decisions made by autonomous agents. For example, in the driving experiments reported in the previous
chapter, vehicles showed collisions. However, it was difficult to determine the cause
of these collisions as deep neural driving policies are not easily interpretable.
Rule-based models tend to be more interpretable to human designers compared to
black-box artefacts such as neural networks. However, rule-based models are generally
deterministic and do not take advantage of the variability we see in large datasets,
instead relying on heuristics to assign the parameters of the model (Helbing and
Molnar, 1995; Treiber et al., 2000).
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In this chapter, we propose a methodology that combines rule-based modeling
with data-driven learning. The parameters of an underlying rule-based model are
learned online from human demonstration data using particle filtering. The proposed
methodology is especially suited to human modeling because human behavior is inherently stochastic, i.e., given the same situation, humans may not necessarily take
the same action every time (G. Bansal et al., 2019; Pentland and A. Liu, 1999). In
our method, we incorporate this stochasticity as part of model parametrization. Further, our method results in a distribution over model parameters that can be sampled
from to generate novel scenarios. In the next chapter, we demonstrate the proposed
methodology to model real world driving behavior from demonstration trajectories.

4.1

Background

Rule-based modeling is an approach that uses a set of rules that indirectly specifies
a mathematical model. For instance, if an autonomous vehicle equipped with a rulebased driving model observes an orange traffic light while driving, its rule enforces the
model to set its acceleration to zero. Although rule-based models are interpretable,
they are brittle and struggle to generalize to diverse scenarios since they only rely
on predefined rules. For instance, in autonomous driving, different drivers inherently
have different driving patterns (Brown et al., 2020). Therefore, we need a model that
generalizes human behavior while accounting for individual variations.
In contrast to rule-based models, we can also develop a model to learn purely
from data. Such black-box models do not have a prescribed set of rules. The advantage of data-driven models is that they can learn arbitrarily complex patterns from
large amounts of data. However, they have two main disadvantages. First, it can be
challenging to explicitly incorporate physical knowledge or structure in such models.
For instance, as humans, we know that vehicles should not collide with each other.
However, as found by (Bhattacharyya et al., 2020b), it is challenging for completely
data-driven techniques to learn such rules. Second, because the data-driven models
are not interpretable, it is difficult to verify and validate them, making them less
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attractive for safety-critical applications such as autonomous driving. In such applications, engineers should be able to stress test the system before deployment by
taking into account various possible failure modes (R. Lee et al., 2018). In case of
failure, they should be able to understand the underlying reason for the failure. In the
field of system identification, attempts to combine black-box models with white-box
models are known as gray-box modeling. A common approach is to combine a partial
theoretical structure with data to complete the model. Such models have been used
for modeling nonlinear system dynamics (J. Gupta et al., 2020; Menda et al., 2020;
Pearson and Pottmann, 2000).
With the aim of operating robots around humans, both rule-based and data-driven
techniques have been used to model human behavior. These studies have focused on
various aspects of human behavior. Z. Wang et al. (2013) and Völz et al. (2016)
attempt to infer the intentions of humans in a collaborative robot manipulation task
using Bayesian estimation and pedestrian crossing using convolutional neural networks, respectively. Such signals about how humans would behave in the future can
help robot decision-making (Bai et al., 2015; Z. Wang et al., 2013). In a similar problem, Chandra et al. (2020) attempt to model future actions given the observations in
previous time steps using recurrent neural networks. Some of these models are purely
rule-based (Helbing and Molnar, 1995) while some are purely data-driven (Chandra
et al., 2020).
Another aspect of modeling human behavior is modeling its intrinsic decisions.
There have been attempts to model the rationality (Reddy et al., 2018) and legibility
(Dragan et al., 2013) in human-robot interaction. In imitation learning, the objective
is to learn a policy to imitate a set of human demonstrations. Behavioral cloning
(Ross et al., 2011) is one way to learn such demonstrations from data. However,
such supervised learning techniques have proven to be less successful in applications
such as modeling multi-agent traffic due to compounding errors and not taking into
account multi-agent interactions (Bhattacharyya et al., 2020b). Techniques such as
inverse reinforcement learning (Abbeel and Ng, 2004; Gombolay et al., 2018) and
inverse reward design (Hadfield-Menell et al., 2017) attempt to directly model the
underlying reward function of humans. However, it is not clear how to incorporate

CHAPTER 4. DRIVER MODELING USING PARTICLE FILTERING

47

traffic rules and road geometry into these models.
The intelligent driver model (IDM) is a widely used rule-based dynamics model
used for human driving behavior (Treiber et al., 2000). It can be used to drive a
vehicle at a desired speed in a specific lane while maintaining a minimum spacing with
the leading vehicle. Augmenting IDM with MOBIL (Kesting et al., 2007), another
rule-based model, can be used to switch lanes. Even though, by construction, these
models are guaranteed to avoid collisions, they do not, 1) consider interactions with
other vehicles beside the leading vehicle, 2) reflect natural human driving styles as
parameters are arbitrarily set by the model user, and 3) account for individual driving
behavior because these deterministic models can only have a single set of scalar-valued
parameters.

4.2

Motion Modeling using Particle Filtering

This section introduces the problem of learning human behavior models from demonstrations and outlines our methodology for interpretable human behavior modeling.

4.2.1

Problem Definition

We are given a batch of trajectories y1:T ∈ RD×T of human demonstrations over
a time horizon T . We assume that the human demonstration follows a dynamical
system with state x ∈ RD that evolves according to the following equations:
xt+1 = fθt (xt , wt )

(4.1)

yt = gθt (xt , vt ),
where wt is the process noise and vt is the observation noise at time t. We assume that
we are provided a class of parametrized models fθ (x, t) and gθ (x, t) that approximate
the dynamical system’s evolution and observation processes, respectively.
Our goal is to learn distributions over the parameters of the functions f and g.
These distributions represent the variation in the possible human behaviors.
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Algorithm 2 Human behavior model parameter estimation using particle filtering
Input: Demonstration trajectories of length T , Starting scene with K humans,
Initial set of particle sets {Θ1 , Θ2 , . . . , ΘK }
for k ← 1, 2, . . . , K {humans}
for t ← 0, 1, . . . , T {time-steps}
k
yt+1
← ground truth observation of the kth human at t + 1
for i ← 1, 2, . . . , Ik {particles}
θi ← random particle in Θk
k,i
yt+1
∼ Observation evolution {Sampled next observation for kth human
using the ith particle}

k,i
k
wi ← O yt+1
| yt+1
{Probability density of true next observation given
sampled next observation}
Θk ← Obtain Ik samples from Θk according to [w1 , w2 , . . . , wIk ] {Resampling}
Step trajectory forward by one time-step
Combine particles obtained from all humans and use as prior for next epoch

4.2.2

Method

We view the problem of finding parameter distributions from the lens of state estimation. The parameters of the model evolve according to a hidden Markov model where
the transition distribution is governed by p(θt+1 | θt ) and the observation distribution
is governed by p(yt | θt ) as shown in Figure 4.1. Now, we can view the problem as a
state estimation problem where we want to find the posterior distribution p(θT | y1:T ).
The distribution over parameters can be written as
p(θT | y1 , y2 , . . . , yT ),

(4.2)

where (y1 , y2 , . . . , yT ) denotes a sequence of observations from demonstration data.
This inference problem can be solved using recursive Bayesian estimation, where the
recursive update equation is given by
p(θT | y1:t ) = R
θT

p(yt | θT )p(θT | y1:t−1 )
.
p(yt | θT )p(θT | y1:t−1 )dθT

(4.3)

The partition function (the denominator) in equation 4.3 cannot be evaluated
analytically for general nonlinear distributions. Rather than imposing restrictive

CHAPTER 4. DRIVER MODELING USING PARTICLE FILTERING

···

θt−1

θt

θt+1

yt−1

yt

yt+1

49

···

Figure 4.1: Hidden Markov model showing the human behavior modeling problem
in the state estimation framework. θt and yt are the parameters and observations at
time t, respectively. The objective is to learn a distribution over the latent parameters
using data from multiple human demonstrations.
assumptions on the form of the distribution, we use particle filtering (J. S. Liu and
Chen, 1998; Thrun, 2002) to approximately solve the inference problem. A particle
filter approximates a continuous probability distribution with a collection of sampled
particles. The parameters also include the inherent stochasticity in human behavior,
and the particles represent our uncertainty over this stochasticity. It is important to
note that this method uses particle filtering in a novel way. While particle filtering
is typically used to do state estimation, in this method it is used to estimate the
parameters of an underlying model.
We perform particle filtering over the trajectory provided by one human demonstrator to reach a distribution over the parameters for that particular demonstrator.
We then mix the distributions obtained from multiple human demonstrators. To
maintain the simplicity of our approach, in this work, we combine the sample-based
representation of the distributions obtained from different demonstration trajectories.
This constitutes one epoch of our approach. For the subsequent epoch, the distribution learned from the previous epoch is used as a prior from which the initial particle
set is sampled. Our algorithm is shown in Algorithm 3.
Figure 4.2 illustrates the particle filtering procedure in our driver modeling case
study. For the purposes of illustration, we assume that the parameter space of the
driver model is 2 dimensional. First, a set of particles is sampled from a uniform
distribution. Each particle is then used to hallucinate the vehicle one step forward.
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a) Belief state represented by particles

b) Circled particle selected for hallucination. Blue dot shows
predicted position and circle shows execution noise in the prediction

c) Weight the selected particle according to true position
likelihood under hallucination (shown by green dot)

Add dithering to
perturb some
particles

Repeat for all
particles and
assign weights

d) Repeat procedure for all particles and assign weights based
on likelihood of true position under hallucinated uncertainty
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e) Add dithering noise to perturb particles to avoid
particle deprivation

f) Resample particles and proceed for next step of ﬁltering

Figure 4.2: The particle filtering process to learn a distribution over the parameters
of the underlying rule based driver model from ground truth demonstration data.
The vehicle of interest (green) interacts with the surrounding vehicles (red). The
blue trajectories show hallucinations carried out by different particles and the green
trajectory shows the ground truth. The ground truth position likelihood under the
distribution over hallucinated position is used to weight and resample the particles.
The hallucinated position is used as the mean of a bivariate Gaussian distribution
whose covariance is governed by the stochasticity parameters. The mean position
and the uncertainty are shown by the blue dot and circle respectively in panel b).
Subsequently, the particle is weighted according the likelihood of the ground truth
position under the bivariate Gaussian distribution. A similar procedure is carried out
to assign weights to all the particles in the particle set resulting in a weighted particle
set as shown in panel d). To counter the particle deprivation problem, a small amount
of noise is added to the particle set. Finally, the vehicles are moved one step forward
according to the ground truth trajectory, and the particle set is resampled according
to the weighted set obtained in panel e).
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At the end of the particle filtering process, every vehicle has an associated collection of particles that should best explain the observed driving behavior given in the
demonstration trajectory. These particles represent possible setting of the parameters of the underlying rule-based models, i.e., the functions f and g, which provide
interpretability to the models.

4.3

Intelligent Driver Model and Extensions

The Intelligent Driver Model (IDM) (Treiber et al., 2000) is a parametric rule-based
car-following model that balances two forces, the desire to achieve free speed if there
were no vehicle in front, and the need to maintain safe separation with the vehicle
in front. The IDM is guaranteed to be collision free. The inputs to the model are
the vehicle’s current speed v(t) at time t, relative speed r(t) with respect to the
leading vehicle, and distance headway d(t). The model then outputs an acceleration
according to

aIDM = amax 1 −

v(t)
vdes

4


−

ddes
d(t)

2 !
,

(4.4)

where the desired distance is
v(t).r(t)
ddes = dmin + τ.v(t) − p
.
2 amax .bpref

(4.5)

The model has several parameters that determine the acceleration output based
on the scene information. Here, vdes refers to the free speed velocity, dmin refers to
the minimum allowable separation between the ego and leader vehicle, τ refers to
the minimum time separation allowable between ego and leader vehicle, amax and
bpref refer to the limits on the acceleration and deceleration, respectively. Though
the collision-free motion of a vehicle can be simulated by arbitrarily setting some
parameter values, the driving behavior is not necessarily realistic. Therefore, in this
work, we learn the parameters from real human driver demonstrations.
The literature contains various extensions of the original IDM. The Enhanced
IDM incorporates a slight modification that prevents the model from “over-reacting”
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when another vehicle cuts in front of it (Kesting et al., 2010). The Foresighted Driver
Model modifies the output of the IDM based on factors like upcoming curvature in
the road (Eggert et al., 2015). Liebner et al. (2012) incorporate a spatially varying
velocity profile within the IDM to account for variation in different types of maneuvers
through intersections. Hoermann et al. (2017) use a stochastic IDM model with fixedvariance additive Gaussian white noise. Schulz et al. (2018a) use a similar model that
also incorporates context-dependent upper and lower bounds on acceleration (Schulz
et al., 2018a,b).
Many approaches in the literature estimate IDM model parameters offline. Lefèvre
et al. (2014) use constrained nonlinear optimization. Morton et al. (2016) use the
Levenberg-Marquardt algorithm. Some approaches select the parameters heuristically (Schulz et al., 2018a,b). In fact, “recommended” parameter values have been
published for the IDM (Treiber and Kesting, 2017).
Offline estimation is also used for selecting parameter values in black-box driver
models. Lefèvre et al. (2014) use Expectation Maximization (EM) to train a Gaussian
mixture model (GMM), and the Levenberg-Marquardt algorithm to train a neural
network (NN). Morton et al. (2016) use gradient-based optimization to train various
feedforward and recurrent neural network models. Kuefler et al. (2017) use Generative
Adversarial Imitation Learning (GAIL) to train a recurrent neural network.
Some approaches estimate driver model parameters online. In Multi-Policy DecisionMaking, the parameters of several hand-crafted control policies are estimated online
with Bayesian Changepoint Estimation and Maximum-likelihood estimation (Galceran et al., 2017). Sadigh et al. (2018) use online active information gathering to
estimate the parameters of a human driver’s reward function.
Several online estimation approaches are used for IDM in particular. Monteil et
al. (2015) use an Extended Kalman filter. Examples of particle filters used with IDM
parameters include approximate online POMDP solvers (Sunberg et al., 2017) and
fully probabilistic scene prediction algorithms (Hoermann et al., 2017). The online
parameter estimation approach of Buyer et al. (2019) is similar to ours, although
they use a different IDM extension and do not use their model for forward simulation
of traffic scenes (Buyer et al., 2019). None of the above models explicitly estimate
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“stochasticity” parameters for individual drivers.

4.4

Particle Filtering

We wish to maintain a distribution over model parameters for each driver in a given
traffic scene. We assume that the parameters θi of driver i are stationary, i.e., human
drivers do not change their latent driving behavior over the time horizons being
considered in this work. While this assumption may not be entirely realistic (humans
may have to change driving style given extreme situations), the relaxation to nonstationary parameters has been left to future work. fig. 4.3 shows a Bayesian network
where the hidden state contains the parameters of the IDM and the observations are
the position trace obtained from demonstration data.
Given a starting scene, each vehicle has an associated initial set of I particles
contained in the set Θ = {θ1 , θ2 , . . . , θI } For all these vehicles, demonstration trajectories of length T are given. At every time-step, a random particle θi is selected
from the set Θ and a new position xit+1 for the vehicle is sampled from the generative
model defined by the IDM with parameters represented by the particle. We explicitly
capture the interaction between vehicles by sampling the new position in the presence of other vehicles driven by a deterministic IDM. The particle is then weighted
according to the likelihood of the true position xt+1 under the distribution given by
the sampled position xit+1 . This likelihood is computed by querying the Gaussian

θ

xt

xt+1

Figure 4.3: Bayesian network showing the driver modeling problem in the state estimation frame-

work. θ represents the IDM parameters, xt and xt+1 are the positions at timestep t and t + 1,
respectively. The objective is to learn the latent IDM parameters θ from data collected from a
human driver.
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probability density function with mean given by xit+1 and variance given by σIDM ∆t2
per eq. (4.8). Finally, particles are resampled according to the weights to yield a new
set of particles. The particle filtering algorithm is given in algorithm 3.
Algorithm 3 IDM parameter estimation using particle filtering
Input: Expert trajectories of length T , Starting scene with K vehicles, Initial set
of particle sets {Θ1 , Θ2 , . . . , ΘK }
for t ← 0, 1, . . . , T {time-steps}
for k ← 1, 2, . . . , K {vehicles}
xkt+1 ← true position of the kth vehicle at t + 1
for i ← 1, 2, . . . , Ik {particles}
θi ← random particle in Θk
1
k
2
2
xk,i
t+1 ∼ N (xt + 2 aIDMθi ∆t , σIDMθi ∆t ) {Sampled next position of the kth
vehicle using the ith particle
 - eq. (4.8)}
k,i
k
wi ← O xt+1 | xt+1 {Probability density of true next position given sampled next position}
Θk ← Obtain Ik samples from Θk according to [w1 , w2 , . . . , wIk ] {Resampling}
Particle filtering is susceptible to the particle deprivation problem wherein particles converge to one region of the state space and there is no exploration of other
regions. Dithering (Schön et al., 2011) helps to mitigate the particle deprivation
problem wherein external noise is added to aid exploration of state space regions.
We implement dithering by adding random noise to the top 20% particles ranked
according to the corresponding likelihood.
Rather than estimating all model parameters, we estimate only the desired velocity (vdes ) and the driver-dependent stochasticity (σIDM ) as the parameters to be
estimated. Therefore, the parameter space is two-dimensional, with θ = [vdes , σIDM ].
At the end of the particle filtering process, every vehicle has an associated collection of particles that should best explain the observed driving behavior given in the
demonstration trajectory. IDM parameters are then extracted from this collection of
particles to drive the vehicles in simulation and collect metrics to assess the driving
behavior.

CHAPTER 4. DRIVER MODELING USING PARTICLE FILTERING

4.5

55

Experiments on Highway Driving

We evaluate the performance of our model on demonstration data from two real
world datasets, namely the Next-Generation Simulation (NGSIM) for US Highway
101 (Colyar and Halkias, 2007) which provides driving data collected at 10 Hz and
the Highway Drone Dataset (HighD) (Krajewski et al., 2018) which provides driving
data from German highways recorded at 25 Hz using a drone. We benchmark our
approach against representative rule-based and black-box models as well as constant
velocity and constant acceleration baselines.
Experiments are conducted on a set of thirty scenarios (fifteen scenarios randomly
sampled from each dataset). Twenty vehicles in each scenario are randomly selected as
target vehicles. For each scenario and each model, predicted trajectories are generated
by forward simulation of this set of target vehicles over a 5 s time horizon, where the
target vehicles are controlled by the driver model defined by the parameters estimated
using particle filtering.
We use Root Mean Squared Error (RMSE) of the position and velocity to measure
“closeness” of a predicted trajectory to the corresponding ground-truth trajectory.
Figure 4.6 shows the RMSE over time for an example scenario with 20 vehicles over
a 5 s duration from the NGSIM dataset.
While RMSE measures prediction accuracy at the level of individual vehicles by
comparing the obtained trajectories against ground truth from the demonstration
trajectories, we also wish to quantify how “safely” each model drives. To this end,
we count the number of “undesirable events” (collision, going off the road, and hard
braking) that occur in each scene prediction.

4.5.1

IDM with Stochasticty

To model human driving behavior, which is inherently stochastic (given the exact
same scene, a human driver may not always take the same resulting action), we use
the IDM with stochasticity (Treiber and Kesting, 2017). We assume that the output
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acceleration is distributed according to
a ∼ N (a | aIDM , σIDM ),

(4.6)

where aIDM and σIDM represent the mean and variance, respectively, of a Gaussian
distribution. The mean aIDM is computed with eq. (4.4), and σIDM is a new model
parameter. Assuming the vehicle dynamics
1
xt+1 = xt + a∆t2 ,
2

(4.7)

where x is the position and ∆t is the unit-time, we obtain the new position distributed
according to

4.5.2

1
xt+1 ∼ N (xt+1 | xt + aIDM ∆t2 , σIDM ∆t2 ).
2

(4.8)

Filtering

To estimate the parameters of the IDM using our filtering approach as per algorithm 3,
the particles are initially sampled from a uniform distribution discretized into a grid
with resolution of 0.5 m/s for the desired velocity parameter (vdes ) and 0.1 for the
stochasticity parameter (σidm ). At the dithering stage (to avoid particle deprivation),
we add noise sampled from a discrete uniform distribution with vdes ∈ {−0.5, 0, 0.5}
and σIDM ∈ {−0.1, 0, 0.1}. These values are chosen to preserve the discretization
present in the initial sampling of particles. The time taken for filtering to converge in
a 20 vehicle scenario over a 5 s duration was 30 s on an Intel Core i9-9900K eight-core
processor.
To assess the convergence of the particle filtering approach, fig. 4.4 shows the root
mean squared distance from the mean of the final particle distribution over the set
of particles at every iteration. The particles converge as more demonstration data is
shown to the filtering algorithm.
Figure 4.5 shows the mean particle after the filtering process for a subset of vehicles
from both the NGSIM and the HighD datasets. The HighD vehicles have a higher
desired velocity (vdes ) parameter on average, reflecting the fact that vehicles drive
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Figure 4.4: RMSE distance from final particle over particle set at every iteration
averaged over all the vehicles. The particle set converges to the final particle with
the progress of filtering.
faster on German highways.

4.5.3

Baseline Models

To benchmark the performance of our approach, we compare the driving behavior
obtained by our model against that obtained by five other models. The first benchmark model is IDM with the “default” parameter values recommended in (Treiber
and Kesting, 2017): vdes = 30 m/s, τ = 1.0 s, dmin = 2 m, amax = 3 m/s2 , and
bpref = 2 m/s2 . Our second (also rule-based) benchmark model is the IDM with
parameters obtained by offline estimation using non-linear least squares (Morton
and Kochenderfer, 2017). The associated parameter values are vdes = 17.837 m/s,
τ = 0.918 s, dmin = 5.249 m, amax = 0.758 m/s2 , and bpref = 3.811 m/s2 . Our third
benchmark model is a recurrent network trained with Generative Adversarial Imitation Learning (GAIL) (Bhattacharyya et al., 2018). We also baseline our method
against constant velocity (vehicles continue driving at the same speed that they start
with at the beginning of the simulation) and constant acceleration (vehicles accelerating at 1 m/s2 ) models.

CHAPTER 4. DRIVER MODELING USING PARTICLE FILTERING

58

NGSIM
HighD

8

σIDM

6
4
2
0
5

10

15

20
vdes

25
(m/s)

30

35

Figure 4.5: Mean particles from final distributions achieved after particle filtering for
a set of 10 NGSIM and HighD vehicles observed over trajectories of 50 timesteps.
HighD vehicles are faster on average.

4.5.4

Results

RMSE results for an example scenario with 20 vehicles over a 5 s duration from the
NGSIM dataset are shown in fig. 4.6. We observe that our method provides driving
trajectories that are closer to the ground truth as compared to those generated by
IDM with default parameter values, and those generated by GAIL driven policies.
We see that the RMSE in both position and velocity averaged over the set of vehicles
is lowest for all timesteps using our driving model.
Further experiments on both NGSIM and HighD datasets are reported in table 4.1.
These results are generated using 15 randomly sampled scenarios from both the HighD
and NGSIM datasets. Every scenario is such that there is a set of 20 vehicles driving
over a 5 s horizon which translates to 50 timesteps for NGSIM and 125 timesteps
for HighD. We see that while our method outperforms other methods, it performs
worse than the constant velocity baseline for the HighD dataset. One possible reason
may be the default values for the parameters that govern the interaction between
vehicles, i.e. minimum allowed separation dmin and minimum timegap τ . Including
these parameters within the filtering process will allow finer grained driver modeling
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Figure 4.6: Root mean square error in position and velocity averaged over all cars
to benchmark our model (IDMθ ) against other driver models. Default refers to an
IDM with parameters as set to default for motorways (Treiber and Kesting, 2017).
Non-linear fit refers to an IDM with parameters estimated offline from data using nonlinear least-squares fit (Morton and Kochenderfer, 2017). GAIL refers to a black box
driver model trained using Generative Adversarial Imitation Learning (Bhattacharyya
et al., 2018). Baseline models are constant acceleration and constant velocity driving
models.
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Table 4.1: Experiments over 15 randomly selected scenarios for both NGSIM and
HighD each with 20 vehicles driving for a 5 s duration. The metrics column shows
the RMSE values for position (Pos) and velocity (Vel) at the end of 5 s. Cumulative
number of collisions (Colls) at the end of the horizon are also reported. Our model
(IDMθ ) is compared against other models: non-linear least squares fit (LM Fit) (Morton and Kochenderfer, 2017), constant speed (Speed), constant acceleratino (Acc.),
black-box baseline (GAIL) (Bhattacharyya et al., 2018) and heuristic parameters
(default) (Treiber and Kesting, 2017).
Models
Metrics

Dataset IDMθ

Pos

NGSIM
HighD

Vel
Colls

Default

GAIL

Speed

Acc.

LM Fit

5.90
8.02

27.78
18.30

10.42
13.63

6.24
2.42

12.64
11.01

7.34
35.13

NGSIM
HighD

2.12
2.14

10.72
4.59

3.52
2.94

2.22
0.94

5.03
4.39

2.69
10.05

NGSIM
HighD

0
0

0
0

53
15

113
0

119
27

0
0

and is an interesting direction for future work.
The cumulative number of undesirable driving instances for 20 vehicles over a 5 s
duration in a congested traffic scenario from the NGSIM dataset is shown in fig. 4.7.
The cumulative number of undesirable driving instances keep growing with time for
the data-driven benchmark in fig. 4.7. This reflects the fact that GAIL does not
provide guarantees on safety. As expected, the IDM based models including ours,
and the two rule-based benchmarks do not show any collisions because the IDM is
collision-free by default. The constant velocity and constant acceleration baselines
also do not provide collision-free trajectories because they are not reacting to the
vehicle in front of them but merely driving with constant velocity and acceleration,
respectively.
Cumulative number of collisions for all vehicles over the duration of the trajectory
are also reported in table 4.1. We observe that the constant velocity baseline suffers
from no collisions in the HighD dataset. This is because the dataset is not as congested
as the NGSIM dataset and hence vehicles start with sufficient distance headway and

Cumulative Undesirable Instances
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Figure 4.7: Cumulative number of undesirable instances summed over all vehicles
over a 5 s time horizon using different driving models in a congested scenario from
the NGSIM dataset. IDM based models, including ours, result in no collisions, offthe-road driving, or hard decelerations.
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relative velocity to avoid collisions. However, the constant acceleration does result in
some collisions whenever a faster vehicle starts out behind a slower vehicle. The datadriven benchmark also results in some collisions (fewer than NGSIM due to larger
separation between vehicles). As expected, congested scenarios present a challenge
for the benchmark models.

4.6

Experiments on Highway Merging

We demonstrate our proposed methodology in the case of modeling highway merging behavior. Merging is a complex problem involving negotiation between multiple
drivers, and implicitly inferring the intent of these drivers. Prior approaches to modeling merging behavior have been in the context of planning. Bouton et al. (2019)
demonstrate the use of hierarchical reinforcement learning to enable an ego vehicle
to safely merge in dense traffic. Other approaches to merging include online planning (Hubmann et al., 2018; Schmerling et al., 2018; Ward et al., 2017), and game
theoretic methods (Fisac et al., 2019; Sadigh et al., 2018), both of which suffer from
the lack of ability to scale.
The Interaction Dataset (Zhan et al., 2019) contains interactive driving scenarios
from different countries. For this work, we focus on a merging scenario. Figure 4.8
shows the map and the vehicles at one time snapshot in our driving simulation platform. There are two merge lanes from both directions. Further, the merge lanes allow
lane changes into the main lanes. Our goal is to obtain a driver model that performs
merging like humans do based on the demonstrations provided in the merging scenario. Further, we want to use these driver models to generate novel scenarios of
interest.

4.6.1

Cooperative IDM and Baseline Models

We extend the Cooperative Intelligent Driver Model (CIDM) as originally proposed
by Bouton et al. (2019). In addition to the IDM parameters, CIDM includes a
cooperation parameter c ∈ [0, 1] which controls the level of cooperation to the merging
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Figure 4.8: The Interaction dataset (Zhan et al., 2019) contains real-world driving
demonstrations. In this case study, we model highway merging from demonstrations.
This figure shows one time snapshot from an example scenario from the dataset.
Here, vehicles 19, 34, 43 and 50 are attempting to merge into the main lane. Using
particle filtering, we learn a distribution over the parameters governing the rulebased cooperative Intelligent Driver Model (Bouton et al., 2019) to best capture the
demonstrated driving behavior.
vehicle. With c = 1, the driver slows down to yield to the merging vehicle and with
c = 0, the driver completely ignores the merging vehicle until it traverses the merge
point, after which it follows IDM. While CIDM was originally proposed to work with
only one vehicle merging into a main lane, we extend it to work with multiple merging
vehicles.
We baseline our models against three driver models. First, vanilla IDM that uses
parameter values as obtained by heuristics (Treiber et al., 2000), representing a purely
rule-based model. The second baseline model is CIDM, which has a cooperation
parameter of 1 in addition to the parameter values for IDM. This represents the most
cautious setting of the cooperative IDM (Bouton et al., 2019). The final baseline is
LMIDM, which represents the addition of data processing to underlying rules. In
LMIDM, we use non-linear least squares to estimate the parameters from data using
the Levenberg-Marquardt (LM) algorithm (Moré, 1978).

4.6.2

Results

Figure 4.9 shows the imitation performance in terms of how closely the generated
trajectories match the ground truth demonstration trajectories. The particle filtering
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Figure 4.9: Root mean square error (RMSE) between ground truth trajectory and
those generated using our driver models. Particle filtering based cooperative IDM
shows the lowest RMSE values indicating the best imitation performance.
based approach to learn parameters of the cooperative-IDM shows the lowest RMSE
value highlighting its ability to replicate ground truth trajectories.
Table 4.2 shows the number of collisions between vehicles arising out of the driver
model simulations. Since IDM is a lane follower, and not designed to perform merges,
it shows a high number of collisions. CIDM is extremely cautious and as expected,
Model
IDM
CIDM
LMIDM
PF (ours)

Collision Fraction
7.66
0.00
1.28
0.00

Table 4.2: Collision fraction observed in simulations carried out using different driver
models. The vanilla IDM based models show collisions since they are unaware of
merging. The particle filtering based and the most cooperative CIDM do not show
any collisions.
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Figure 4.10: Speed distribution over all vehicles obtained from different driver models
compared against ground truth demonstration. The particle filtering based models
show the closest speed distribution to the ground truth. IDM results in a speed
distribution that is not close to the demonstations due to parameters being selected
using heurisitics. The maximum cooperation based CIDM shows very low speeds
due to extreme caution. The LMIDM model is closer to the ground truth since it
leverages the data.
therefore it does not cause vehicle collisions however suffers from poor RMSE performance as seen in Figure 4.9. The LMIDM based models result in some collisions and
the particle filtering based models do not show any collisions. These results show the
benefit of interpretable models. Had we seen collisions while using black-box models,
we would not have been able to interpret the behavior leading to those collisions.
Figure 4.10 shows the speed distribution obtained using driving behavior generated by the different driver models, along with the speed distribution in the ground
truth demonstrations. As expected, the speeds obtained by the CIDM tend toward
0 because of extreme caution. The particle filtering based driver model shows the
closest speed distribution to ground truth, which shows the ability of these models
generate good emergent driving behavior in addition to performing individual trajectory imitation as shown in figure 4.9.
To assess the scenario generation capability of our driver models, we conducted a
‘driving Turing test’. We showed 21 human participants 10 different videos of both
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Figure 4.11: The confusion matrix obtained from the ‘driving Turing test‘ results.
Participants were shown videos of real and synthetic driving videos. Real is considered as positive and synthetic as negative for the purposes of the confusion matrix.
The numbers in the specific squares represent the number of responses under the categories: true positive (TP), false negative (FN), false positive (FP), and true negative
(TN).
replays from the dataset and synthetic trajectories generated using our driver models.
They were asked to judge whether the video being shown was real or synthetic.
Figure 4.11 shows the confusion matrix obtained from this classification exercise.
The accuracy was 55.71%, indicating that our driver models perform reasonably well
in terms of generating realistic driving behavior. Figure 4.12 shows the responses in
the form of a table with the columns being the scenario number, and the rows being
the different human subjects. The black squares indicate misclassification. Almost
half the squares are black, which confirms the ability of our driver models to generate
realistic human behavior.

4.7

Discussion

This chapter demonstrated the hybrid rule-based and data-driven approach discussed
in the previous chapter on the problem of driver modeling. A distribution over the

CHAPTER 4. DRIVER MODELING USING PARTICLE FILTERING

67

9
8
7

Scenario number

6
5
4
3
2
1
0
−2

0

2

4

6

8
10
12
Response ID

14

16

18

20

22

Figure 4.12: ‘Driving Turing test’ results based on survey responses gathered from 21
human respondents who were shown 10 videos that included both real and synthetic
human driving trajectories. They were asked to identify whether they were seeing real
driving or driving synthesized using our driver models. The black squares indicate
misclassification.
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parameters of the stochastic intelligent driver model was learnt in the case of highway driving. A distribution over the parameters of the stochastic cooperative intelligent driver model was learnt in the case of highway merging. Experiments were
performed on three real world datasets namely, NGSIM, HighD, and Interaction to
model driving behavior. The results showed that driver models were able to imitate
the demonstrated driving trajectories as well as generate novel driving trajectories.

Chapter 5
Conclusions
This chapter summarizes the content and contributions of this thesis, and concludes
with an outline for future research directions.

5.1

Summary

Autonomous agents need to understand human behavior to work with and around
humans. Currently, most autonomous systems do not have such reasoning capabilities
which forces them to operate in low-risk roles with minimal human interaction. However, this will need to change with the rising growth of automation in transportation,
warehouses, and manufacturing.
Modeling human behavior is challenging because of stochasticity, multimodality,
non-linearity, high dimensional state action spaces, latent intents, and interaction
with other agents. This thesis presented data-driven techniques to model human
behavior from demonstrated trajectories. The methods proposed in this thesis were
demonstrated on the problem of driver modeling. Here, the goal was to learn driving
policies by observing trajectories obtained from human drivers. The performance
of the resulting driving policies was assessed by the closeness of generated rollout
trajectories to the ground truth, and how realistic the resulting driving behavior was.
Driving can be viewed as a sequential decision making task under uncertainty.
Hence it can be modeled using an MDP. However, the cost function of the driving
69
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MDP is unknown making it challenging to solve using established methods. Imitation
learning is a promising approach to solve MDPs where the cost function is unknown.
Imitation learning uses demonstration trajectories gathered from experts solving the
task to recover policies that perform at least as well as the experts.
Generative Adversarial Imitation Learning is a recent technique that enables scaling up imitation learning to real world problems with continuous state-action spaces.
However, GAIL was proposed to learn policies for single agent tasks such as the cartpole or mujoco problems. Using techniques from multi-agent reinforcement learning,
this thesis presented parameter-sharing GAIL which enables GAIL to learn multiagent policies. This thesis showed that PS-GAIL is better able to scale with increasing
number of agents on the problem of highway driving. Further, PS-GAIL was shown
to generate more realistic driving behavior as assessed by the emergent metrics of
driving.
GAIL (and PS-GAIL) are general techniques that do not capture specific domain
knowledge of the task being performed. To enable the designers of the learning agents
to provide this domain knowledge, this thesis presented Reward Augmented Imitation
Learning (RAIL). Using penalty functions, RAIL augments the learning signal to the
learning agents by penalizing undesirable states. This helps guide the exploration
into beneficial states. RAIL was shown to outperform PS-GAIL on experiments on
highway driving.
For safety critical domains such as driving, interpretability of the resulting driving
behavior is important. Black box models such as the imitation learning based models are not interpretable since they represent the driving policies using deep neural
networks. Towards the goal of achieving interpretable policies, this thesis presented
a hybrid rule-based and data-driven approach to modeling human behavior from
demonstrations. The underlying rule-based models of human behavior were assumed
to evolve the state of the system according to interpretable hidden parameters. The
well established technique of particle filtering was used to infer distributions over these
parameters online from demonstration data. The hybrid rule-based and data-driven
technique was compared against heuristic rule-based models and black-box imitation
learning based models. Rollout trajectories were generated by sampling parameters
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from the obtained distribution and their closeness was assessed to the demonstration
trajectories. In addition to better imitation performance, the hybrid rule-based and
data-driven method demonstrated safe behavior without any collisions or off the road
driving.
Models of human behavior can be used for building simulation platforms to replicate the intended environment of operation for autonomous agents. This can be used
for safety validation in simulation. Towards this goal, the models developed in this
thesis were used to generate trajectories for highway merging scenarios. Videos of the
generated trajectories were then shown to human participants to assess their realism
as compared to the ground truth trajectories. The results from this driving Turing
test showed that the models developed in this thesis are able to generate reasonably
realistic behavior on the scenario of merging.

5.2

Contributions

This thesis makes the following contributions:
• Multi-agent Generative Adversarial Imitation Learning: GAIL was
originally proposed to work in situations where there is a singe learning agent for
instance continuous control tasks in Mujoco (Todorov et al., 2012). However,
it does not work well for multiple interacting agents as seen by experiments on
driver modeling. This is because the training and test distributions are different
thereby causing a covariate shift problem. To alleviate this problem, this thesis
proposed a method based on parameter sharing to learn from demonstrations
provided by multiple interacting agents (section 2.5). Experience gathered from
multiple demonstration trajectories was batched together to inform the learning
agent. Experiments on highway driving showed that this method scales better
with increasing number of agents as compared to single agent GAIL, and this
results in better imitation performance (section 3.6).
• Reward augmented imitation learning: The learning agent in GAIL does
not explicitly understand the domain of learning. The learning problem is posed
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in general terms where an underlying MDP is assumed. For structured domains
such as driving which have governing rules, this thesis proposed a method to
provide that domain knowledge to the learning agent via reward augmentation
(section 3.6.1). Using experiments on highway driving, it was demonstrated
that more accurate driving models were obtained through the use of shaping
rewards that provided the learning agent with rules.
• Hybrid rule-based and data-driven modeling: Black-box model learning
based models do not provide interpretability which hinders their deployment on
safety-critical domains such as driving. This thesis proposed a method to learn
a distribution over the parameters of underlying rule-based models (section 4.2).
Using the well established technique of particle filtering, we showed that driver
models can be learned that are inherently collision free due to baked in safety
constraints, and also show greater fidelity to data as compared to previous
rule-based model (section 4.5).
• Scenario generation: We used the models obtained from particle filtering to
generate new scenarios in a merging case study (section 4.6). Using a driving
Turing test where we showed human participants different videos of ground
truth, and synthetic behavior, our scenario generation method was demonstrated to generate realistic driving trajectories.

5.3

Future Work

This thesis has drawn upon concepts from imitation learning, multi-agent systems,
and system identification. Each of these fields contains a rich set of existing and
emerging methods. Many opportunities exist for extending the ideas presented in
this work. Some areas of further study are highlighted below.
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Safety Validation in Simulation

This thesis focused on developing models of human behavior and demonstrated them
on the problem of driver modeling. The models can be incorporated into any simulation platform as a collection of parameters for the driver models. This simulator can
then be used to test autonomous driving planners by placing the autonomous vehicle
in test scenarios (Corso et al., 2020).

5.3.2

Incorporating Learning into Planning

This thesis was focused on the problem of learning models of human motion from
demonstrations. Models of human behavior can be used to inform decision making
of autonomous agents. The learned human models can be incorporated into planning algorithms such as Monte Carlo Tree Search (Sunberg and Kochenderfer, 2020)
where the hallucinated future states evolve according to the learned models of traffic
participants.

5.3.3

Relaxing the Assumption of Cooperation

This thesis made the assumption of cooperative agents in the multi-agent learning
process. This allowed the use of a policy with shared parameters across all the
agents (Terry et al., 2020). However, in real world human motion scenarios, participants are not always cooperative and their behavior lies somewhere in the spectrum
from cooperative to adversarial. This raises the question of learning multi-agent
motion from demonstrations without the assumption of cooperation (Etesami and
Straehle, 2020).

5.3.4

Accounting for Partial Observability

Partial observability in the inputs to the models developed in this thesis can arise
out of two sources: sensor noise, and latent driver states. In this thesis, we assumed
that there was no sensor noise. Future work could investigate the impact of imperfect
sensor information on driver models. Further, the inherent intent and traits of the
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drivers which were unmodeled in this work. Future work could incorporate modeling
the intent of human agents (Brown et al., 2020).
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