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Abstract

Humans are, and for the foreseeable future remain our best
and only example of true intelligence. In comparison, even ad-
vanced robots are still embarrassingly stupid. Consequently, one
popular approach for imparting intelligent behaviors to robots
and other machines abstracts models of human control strategy
(HCS), learned directly from human control data. This type of ap-
proach can be broadly classified as learning through observa-
tion. A competing approach, which builds up complex behaviors
through exploration and optimization over time, is reinforcement
learning. We seek to unite these two approaches and show that
each approach, in fact, complements the other. Specifically, we
propose a new algorithm, rooted in reinforcement learning, for
stabilizing learned models of human control strategy. In this pa-
per, we first describe the real-time driving simulator which we
have developed for investigating human control strategies. Next,
we motivate and describe our framework for modeling human
control strategies. We then illustrate how the resulting HCS mod-
els can be stabilized through reinforcement learning and finally
report some positive experimental results.

1. Introduction

Models of human skill, which accurately emulate dynamic hu-
man behavior, have far reaching potential in areas ranging from
robotics to virtual reality to the intelligent vehicle highway sys-
tem. Thus, a number of different researchers have endeavored in
recent years to abstract models of human skill directly from ob-
served human input-output data (see [1] for an overview of the lit-
erature). Unfortunately, capturing intelligent behaviors through
human modeling suffers from some potential weaknesses. Be-
cause human control strategies are dynamic, nonlinear, stochastic
processes, analytic models of human actions tends to be quite dif-
ficult, if not impossible, to abstract. Therefore, HCS models are
usually derived empirically, rather than analytically from real-
time human input-output data. As such, traditional performance
or stability guarantees, like those in linear control for example, are
typically not available.

In previous work, we have sought to address this issue through
task-specific performance measures and post-training perfor-
mance optimization [2]. Here, however, we propose a new algo-
rithm for improving the performance of learned HCS models
through reinforcement learning. Reinforcement learning denotes
aclass of adaptive techniques that seek to learn to predict and con-
trol the behavior of an autonomous agent through that agent s in-
teraction with his/her environment. Modern reinforcement
learning borrows heavily from the fields of operations research
and optimal control; in particular, the agent s environment is ap-

proximated as a Markov Decision Process (MDP) [3], so that the
agent is asked to maximize rewards emitted by the MDP.

Reinforcement learning too, however, suffers from some sig-
nificant weaknesses. First, reinforcement learning techniques of-
ten do not scale well to problems with high-dimensional input
spaces. Furthermore, much of the literature in reinforcement
learning deals only with problems where the agent has perfect
knowledge about the state of his/her environment. This condition
is rarely met in real life (e.g. noisy sensors, finite precision, etc.)
and techniques tailored for a perfect-knowledge environment can
degenerate to give arbitrarily poor results when uncertainty about
the agent s state exists [4].

In this paper, we propose to combine reinforcement learning
with the modeling of human control strategies in order to address
the weaknesses inherent in each approach by itself. The HCS
model aids reinforcement learning by intelligently partitioning a
high-dimensional input space into regions that are meaningfully
different to the reinforcement learner. Even more significantly,
the HCS model can serve to jump-start the policy of the rein-
forcement learner. At the same time, reinforcement learning can
take an initially imperfect HCS model and  as we will show
improve its performance substantially.

2. Real-time driving simulator

Driving is a prototypical example of human control strategy
that offers a rich environment for studying HCS modeling. The
task is inherently multi-input, multi-output (MIMO), and includes
control outputs which vary both continuously and discontinuous-
ly with sensor inputs. Below we describe a driving simulator that
we have developed for investigating human control strategies. We
choose virtual driving over real driving for a number of reasons:
(2) itis safer for the human operator, (2) it allows us better control
of our experimental environment, and (3) it allows us to vary the
control difficulty of the task without fear of accident or injury.

Figure 1 shows the real-time graphic driving simulator which
we have developed as an experimental platform. In the simulator,
the human operator has independent control over the steering of
the car, the brake and the accelerator, although the simulator does
not allow bhoth the gas and brake pedals to be pushed at the same
time. The state of the car is described by {v,, v;,, w} [1], where
v, isthe lateral velocity of the car, n,, is the longitudinal velocity
of the car and w is the angular velocity of the car; the controls are
given by {a, d}, where a is the user-applied longitudinal force
on the front tires and d is the user-applied steering angle.

Because of input device constraints, the force (or acceleration)
control a is limited during each 1/50 second time step, based on
its present value. If the gas pedal is currently being applied
(a>0), then the operator can either increase or decrease the



amount of applied force by a constdw, or switch to braking.
Similarly, if the brake pedal is currentlygbeing appliadq0) the
operator can either increase or decrease the applied force by a sec-
ond constanDa,, or switch to applying positive force. Thus, the
Dag andDa,, constants define the responsiveness of each pedal.

For the experiments in this paper, we collect human driving
data across randomly generated roads like the 20km one shown in
the map oFigure 1 The roads are described by a sequence of (1)
straight-line segments and (2) circular arcs. The length of each
straight-line segment, as well as the radius of curvature of each
arc, lies between 100 and 200 meters. Finally, the visible horizon
is set at 100m.

map

3. Human control strategy modeling

. . car
In modeling human control strategies, we want to map sensory

inputs to control action outputs. For our case, the sensory inputs odometer  steering wheel ~ compass

to the model are a vectar of (1) current and time-delayed states

{Vy Vi, W}, (2) previous control outputgd, a} , and (3) a de-

scription of the road visible from the current car position. The

control action outputs of the model are the steering and accelerarig. 1: The experimental driving simulator.

tion commands at the next time step (46 for details). Viewed

as a mapping from inputs to outputs, note that the two controls N jystrated inFigure 2 Note that the continuous steering control is
steering and acceleration N are fundamentally quite different. modeled by acascade neural networka powerful continuous
For given human driving data, steering will tend to \agtinu- nonlinear function approximator, which makes favpriori as-

ouslywith sensory inputs, while acceleration will tend to \disy sumptions about the underlying structure of the human controller
continuouslywith sensory inputs. This it merely an artifact of [1, 6]. The discontinuous part of the overall model, which is the

the input device constraints, but is caused primarily by the neces- rimary focus of this paper, is described in somewhat greater de-
sary switching between the brake and gas pedals, as is also t &il below.

case for real driving.

As was demonstrated jB], continuous learning architectures 3.1 Discontinuous contol
N whether they be fuzzy logic-based, neural network-based, or
memory-based N cannot faithfully reproduce control strategies ~ We view the discontinuous acceleration control not as a deter-
where discrete events or decisions introduce discontinuities in theninistic functional mapping (as we did the continuous steering
input-output mapping. Therefore, we have developed a hybridcontrol), but rather as a probabilistic relationship between sensory
continuous/discontinuous modeling framework for handling the inputs and discontinuous outputs. For each possible control action
two different control typesl[S]. The resulting architecture is il-  A;, we train a corresponding statistical mobglto maximize,
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Fig. 2: Overall control structure. Steering is controlled by a cascade neural network, while the discontinuous acceleration
command is controlled by the HMM-based controller (shaded box).



