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Abstract—We introduce a new framework, Model Transition
Control (MTC), that models robot control problems as sets of
linear control regimes linked by nonlinear transitions, and a
new learning algorithm, Dynamic Threshold Learning (DTL),
that learns the boundaries of these control regimes in real-time.
We demonstrate that DTL can learn to prevent understeer and
oversteer while controlling a simulated high-speed vehicle. We
also show that DTL can enable an iRobot PackBot to avoid
rollover in rough terrain and to actively shift its center-of-
gravity to maintain balance when climbing obstacles. In all
cases, DTL is able to learn control regime boundaries in a few
minutes, often with single-digit numbers of learning trials.

I. INTRODUCTION

OR the Dynamo Project, we have developed techniques

to allow robots to rapidly adapt their mobility behaviors
to different environments. We have formulated Model
Transition Control (MTC) as a framework for modeling
nonlinear control problems as sets of linear control regimes
linked by nonlinear transitions. We have developed
Dynamic Threshold Learning (DTL), a real-time, online
learning algorithm that enables robots to quickly learn the
transitions between control regimes.

We have applied MTC and DTL to control problems in
both simulation and the real world. In simulation, we have
demonstrated that DTL can be used to enable a high-speed
wheeled vehicle to learn to prevent understeer and oversteer
during aggressive cornering maneuvers. In the real world,
we have used DTL to enable an iRobot PackBot to learn
how to avoid rolling over in rough terrain. We have also
used to DTL to enable a PackBot to learn how to actively
shift its center-of-gravity to climb over tall obstacles.

Il. DYNAMIC THRESHOLD LEARNING

MTC represents control regimes using a state-action map
(SAM) that represents possible robot states and actions and
the corresponding control regimes. Fig. 1 shows a simple
SAM for braking for a wheeled vehicle. This SAM has one
state axis (velocity), one action axis (braking effort), and two
control regimes. In the GRIP regime (green) all tires
maintain their grip on the road. In the SKID regime (red)
one or more tires skid. The task of this control system is to
keep the vehicle within the GRIP regime.

The SAM for an MTC controller can be designed by hand,
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but that approach is time-consuming and requires
experimentation to determine the regime boundaries. DTL
provides a means to automate this experimentation and learn
the regime boundaries online as the robot interacts with the
world.
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Fig. 1. A simple SAM for braking, with a GRIP control regime
(green) and a SKID control regime (red). The anchor point for the
GRIP regime is at zero velocity and braking. The anchor point for the
SKID regime is at maximum velocity and braking. The black circles
represent individual observations of the SKID regime, and the blue
lines delineate the corresponding region that is inferred to be part of
the SKID regime.

DTL makes use of a priori domain knowledge to
accelerate the learning process. Rather than attempting to
learn the entire control problem from scratch, DTL is
initialized with qualitative knowledge about the problem
domain. DTL then rapidly learns the quantitative control
parameters to achieve the desired behavior.

DTL represents qualitative knowledge about the control
problem in terms of anchor points. Each control regime has
a single anchor point Agegive, Which represents the point in
state-action space that is most likely to produce the
corresponding control regime. The anchor point for the
GRIP regime (Acrip) is at zero velocity and zero braking
effort. The anchor point for the SKID regime (Askip) is at
maximum velocity (V) and maximum braking (brakezy).

Given an observation that the robot is in state S; and takes
action A;, resulting in control regime R, we infer that all
points (S;, A;) that are closer to the anchor point Ag along
every axis are also part of regime R. For example, if DTL
observes that the vehicle skids when it is driving 100 kph
and applies 50% braking effort, DTL would then assume
that skidding would also occur at 120 kph and 70% braking
effort (or any other combination of a higher speed and a
greater braking effort).

DTL assumes that control regimes are contiguous and that
a line can be drawn from the anchor point of any regime to
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any other point within the regime without crossing into
another regime. We believe that this will not be a major
limitation in most real world problems. For example, it
seems unlikely (though not impossible) that skidding would
occur from braking with 60% effort and 70% effort, but not
from 65% effort.

Fig. 2 shows a block diagram for an MTC controller using
DTL. An exploratory controller provides raw commands
based on sensor inputs, which are used to explore the state-
action space. For example, this could be a PID controller or
a simple set of reactive rules. Alternately, a human operator
can provide teleoperation inputs that serve the role of the
exploratory controller. The exploratory controller provides
aggressive responses that are likely to result in both
desirable and undesirable control regimes.
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Fig. 2. Block diagram for an MTC controller using DTL.

If the DTL module predicts that a command from the
exploratory controller will result in an undesirable control
regime, then the DTL will modify the output in one of two
ways. First, it can modify the parameters in the exploratory
controller so that it will only generate outputs that remain
within the desired control regime. Second, it can apply
explicit limits to the command outputs via the arbiter.

The result is that an MTC-controlled robot will initially
behave very aggressively, and this will result in the robot
experiencing undesirable control regimes. DTL will quickly
learn which state-action combinations lead to undesirable
control regimes and will modify the control system so that it
no longer directs the robot into these regimes.

I1l.  SIMULATED HIGH-SPEED VEHICLE CONTROL

For our first experiments with DTL, we used The Open
Race Car Simulator (TORCS), an open-source, high-speed
race vehicle simulator. TORCS is available online at
http://torcs.sourceforge.net. We chose TORCS because it
provides physical modeling of high-speed wheeled vehicles,
including tire-surface interaction for different surface
materials and geometries, aerodynamic drag, and handling
parameters for different vehicles. TORCS also provides an
easy-to-use interface for implementing autonomous driving
behaviors and linking these behaviors with the simulator.

We developed an MTC-based dynamic stability control
(DSC) system for simulated TORCS vehicles to prevent
understeer and oversteer. Conventional DSC systems are
only capable of reacting to understeer and oversteer once
they occur. These systems detect the difference between the
actual and commanded yaw rates and then apply brakes at

individual wheels and/or reduce the throttle to reduce
understeer/oversteer. Our MTC-based DSC system predicts
which state-action combinations will result in understeer or
oversteer. It then modifies the steering and throttle
commands to prevent understeer and oversteer from
occurring in the first place.

A. Exploratory Controller

The exploratory controller attempts to steer the car toward
the center of the current track segment while maintaining a
desired speed. The steering control rule is:

Osteer = (Otrack — Ocar) — ear_ 1)

Wtrack

where Ogeer is the steering command, 6Oya IS the track
orientation in world coordinates, 6., is the vehicle heading
in world coordinates, Y is the lateral position of the car
relative to the current track segment, and Wy is the width
of the current track segment.

The speed control rule is:

a= kv (Vdesired - vcurrent) (2)

where a is the acceleration command, k, is the proportional
control gain, Vgesired IS the desired velocity, and Vgyrrent iS the
current velocity. Initially, Vgesireq IS Set to the maximum speed
of the vehicle.

B. Preventing Understeer

We define an understeer threshold that is a function of
speed, turn radius, and the friction coefficient of the track
surface. This threshold specifies the maximum speed that the
vehicle can drive for a given turn radius without risking
understeer.

The maximum traction available is given by:

F=ma=pgm-a=ug ®3)

where F is the force applied by the tires, m is the mass of the
vehicle, p is the coefficient of friction, and g is the
acceleration due to gravity. The lateral acceleration during a
turn is:

a== (4)

where a is the lateral acceleration, v is the vehicle velocity,
and r is the turn radius. We predict understeer when the
lateral acceleration exceeds the maximum traction:

2
UT > ug = Tyndersteer 5)

where Tynderseer 1S the understeer threshold, which is
initialized to its maximum value.

The task of learning the SAM for the understeer
prevention behavior is equivalent to learning Tundersteers



assuming the regime boundary is linear in the space defined
by the state variable for the track radius and the action
variable for velocity. In this SAM, the anchor point for the
GRIP regime is at maximum r and zero v. The anchor point
for the UNDERSTEER regime is at minimum r and
maximum v.

Understeer is detected by the regime classifier when the
absolute yaw rate 6.yrene IS less the absolute steering
command Oy, Multiplied by a constant Kyngersieer that is less
than 1:

|9current | < kundersteer |05t867‘ | (6)

If understeer is detected, but understeer is not predicted by

(5), then Tyngerseer 1S reduced to the current lateral
acceleration:

1]2
Tundersteer = T (7)

If DTL predicts that the current desired velocity will
exceed the understeer threshold for the turn radius of the
current track segment,

2
v s
% > Tundersteer (8)
then DTL reduces the desired velocity to a value that is not
predicted to cause understeer:

Vdesired = / TTundersteer )

C. Preventing Oversteer

We define an oversteer threshold as a function of steering
and acceleration inputs. This threshold represents the
maximum combination of steering and throttle inputs that
can be commanded without triggering oversteer.

We predict oversteer when
ksteerlesteerl + kaccela > Toversteer (10)
where Kgeer and Kaecer are fixed coefficients for weighting the
steering and acceleration inputs and Tgyersteer IS the oversteer
threshold, which is initialized to its maximum value.

The regime classifier detects oversteer when the absolute
yaw rate @.,,ren; IS Qreater than the absolute steering
command Ogeer Multiplied by a constant Koyerseer that is
greater than 1:
|écurrent| > koversteerlesteerl (11)

If oversteer is detected, but not predicted, then we reduce
the oversteer threshold based on the current steering and
acceleration commands:

(12)

Toversteer = ksteerlesteerl + kaccela

If the steering and acceleration commands proposed by
the exploratory controller are predicted to exceed the
oversteer threshold:
ksteerlesteerl + kaccela + kmargin > Toversteer (13)
where Kmargin 1S @ fixed safety margin, then we reduce the

acceleration command (if possible) to a value that is not
predicted to cause oversteer:

(14)

Toversteer_ksteerlasteer|_kmargin 0)
)

a = min
mod ( kaccel
where anq IS the modified acceleration command. We do
not reduce the steering command, because doing so would
be the equivalent of inducing understeer and would reduce
the maneuverability of the vehicle.

D. Experimental Results

Fig. 3. MTC DSC controller driving simulated Ferrari 360 Modena in
TORCS on a twisting alpine road course. The inset at the top right
corner of the screen shows the track layout, and the red dot on the
track represents the vehicle’s current position.

We tested the MTC DSC controller on a wide range of
track types including speedways with long straights and
sweeping turns that allow high speeds; complex road courses
with tight corners that allow moderate speeds (Fig. 3); and
small dirt tracks with tight corners that require slow speeds.

The MTC DSC controller quickly learned appropriate
values for both Tyngersteer AN Toversteer- The controller typically
learned the parameters for a particular track in one or two
laps and under three minutes. After these parameters were
learned, the controller was able to completely avoid
situations that would cause understeer and oversteer.

We experimented with tracks containing both asphalt
(high friction) and dirt (low friction) surfaces. For these
tracks, DTL maintained separate Tynderseer aNd  Toversteer
parameters for asphalt and dirt learned the correct
parameters for the current terrain type. On a real vehicle, this
would require a terrain classification system using sensors
such as vision.

We also experimented with different vehicle types with
widely varying performance and handling characteristics —
from the Ferrari 360 Modena to a NASCAR stock car to a




Subaru WRX STI rally car to a dune buggy. The MTC DSC
controller was able to learn the appropriate parameters to
prevent understeer and oversteer for each of these vehicles.

1V. PACKBOT ROLLOVER PREVENTION

For our second task, we developed an MTC-based
controller to prevent rollover using a real iRobot PackBot.
The SAM for this task has a state variable for the robot’s
pitch angle and an action variable for the robot’s speed. The
anchor point for the NORMAL regime is at zero pitch and
speed. The anchor point for the ROLLOVER regime is at
maximum pitch and speed.

These experiments were performed using stock PackBot
hardware. The PackBot’s pitch and roll angles were
determined using the robot’s standard onboard fluid pitch-
roll sensor. The PackBot’s speed was determined using its
wheel encoders.

The role of the exploratory controller is performed by a
human operator. Initially, translation and rotation commands
are sent unchanged to the robot. As the operator explores the
space of robot actions, DTL observes which combinations of
pitch and speed result in rollover and learns the boundaries
between the NORMAL and ROLLOVER control regimes.

The regime classifier identifies the current regime based
on the output of the roll sensor:

NORMAL
ROLLOVER

if @ <90°

if @ >90° (15)

REGIME (¢) = {

where ¢ is the robot’s roll angle. This classifier would work
equally well using the pitch angle.

DTL learns to predict rollover when the pitch angle
exceeds a threshold function of velocity:
0= Trollover (vcurrent) (16)
where 6 is the robot’s pitch angle (0° = level, 90° = vertical),
Toversieer 1S the rollover threshold function, and v is the robot’s
velocity.

DTL maintains a history of recent robot state-action pairs.
H = {(69,v0), (61,11) ... (6n, 1)} a7
where H is the state-action history, 6; is the robot’s pitch
angle at i timesteps prior to the present and v; is the robot’s
velocity at i timesteps prior to the present and n is the
number of entries in the history. In our experiments, the
timesteps were 0.1 seconds long and the history contained
the most recent 5 state-action values.

If the robot rolls over and rollover was not predicted, then

for each state-action pair in the history, DTL reduces the
pitch threshold for the velocity and all greater velocities:

V(0;,v;) € H:VV = v;: Tropover (V) =

min(ei: Trollover (Ui)) (18)

If the current pitch angle exceeds the pitch threshold for
the speed commanded by the operator
Hpitch = Trollover (vdesired) (19)
where Vgesireq 1S the desired velocity sent by the operator, then
the DTL module will reduce the speed command sent to the
robot to the maximum speed that is not predicted to cause
rollover:

Vcommand = max(v) | Hpitch < Trollover (V) (20)

where Veommand 1S the velocity command that is sent to the
robot.

Fig. 4. PackBot attempts to climb obstacle and starts to roll over
backwards.
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Fig. 5. SAM learned by DTL for the rollover prevention task. The

NORMAL regime anchor point is at zero pitch and speed. The

ROLLOVER reaime anchor point is at maximum pitch and speed.

In each trial, we drove the PackBot forward at a fixed
speed onto a tall obstacle (Fig. 4). As the robot drove
forward, it reached a point where it rolled over backward.
DTL then learned each state-action pair in the history that
led up to the rollover event and lowered the pitch thresholds
for the corresponding robot velocities. We repeated this
procedure at three different speeds (0.25 m/s, 0.5 m/s, and
1.0 m/s). DTL was able to learn how to prevent rollover at
0.25 m/s after just 2 trials. The thresholds learned for 0.25
m/s were also sufficient to prevent rollover at 0.5 m/s but not
1.0 m/s. After 5 more trials, DTL learned thresholds for
preventing rollover at all speeds up to 1.0 m/s.

Fig. 5 shows the SAM learned by DTL during a typical




rollover prevention learning experiment. This SAM indicates
that if the robot ever exceeds a pitch angle of 47°, it should
stop moving forward. However, if the pitch angle is between
39° and 47°, it can move forward safely at a slower speed.

V. PACKBOT ACTIVE WEIGHT SHIFTING

For our third task, we developed an MTC-based controller
that used DTL to learn how to move the PackBot’s
manipulator arm to actively shift its center of gravity. The
SAM for this task includes a state variable for the robot’s
pitch angle and an action variable for the rotation angle of
the arm’s shoulder joint. The anchor point for the NORMAL
regime is at a pitch angle of zero and a shoulder angle of
zero (arm horizontal). The anchor point for the ROLLOVER
regime is at a pitch angle of 90° and a shoulder angle of 90°
(arm vertical).

The role of the exploratory controller is performed by a
human operator. For each trial, the arm is initially positioned
with the shoulder joint in the vertical orientation (Fig. 6).
The operator drives the robot forward at a fixed speed. As
the robot climbs the obstacle, it reaches a point at which it
tips backward and rolls over. By rotating the shoulder joint,
the robot can shift its center-of-gravity forward and avoid
rolling over backwards. The learning task is to determine the
necessary arm angle to prevent rollover as a function of the
robot’s pitch angle.

. < _ﬁp

Fig. 6. PackBot attempts to climb obstacle with shoulder joint in

vertical orientation (90°).

For this task, the SAM is represented as an array of values
where SAM(6, a) represents the control regime for the robot
when its pitch angle is ¢ and its shoulder angle is a. Initially,
all of the array values are set to NORMAL. When the
regime classifier identifies that the robot has entered the
ROLLOVER regime, DTL updates the SAM for all entries
in the history.

V(Qi, a’,:) € H:vO + emargin = Hl-,ot = a;. SAM(Q, a’) =
ROLLOVER (1)

where 6, is the robot’s pitch angle at i timesteps prior to the
present, a; is the robot’s shoulder angle at i timesteps prior to
the present, and Onargin is @ safety margin. Whenever DTL
detects a rollover event, it predicts that rollover will occur
again at the same or greater pitch and the same or greater

shoulder angle.

As in the rollover prevention task, the DTL acts as a
driver-assist behavior for weight shifting. DTL predicts that
the robot will rollover when
SAM(6, @) = ROLLOVER (22)
where 6 is the current pitch angle and « is the current
shoulder angle. When DTL predicts rollover, it overrides the
current operator command, stops the robot, and rotates the
shoulder joint forward to the maximum angle for which it
does not predict ROLLOVER.

Acommana = MAX(a) | SAM(0,a) = NORMAL (23)

where agmmang 1S the joint position command that is sent to
the robot. Using this MTC-based controller, the operator can
simply command the robot to move forward, and the
controller will automatically rotate the arm forward to shift
the center-of-gravity and prevent rollover (Fig. 7).
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Fig. 7. MTC-based weight shifting controller moves arm forward to
allow PackBot to climb over obstacle without rolling over backwards.
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Fig. 8. SAM learned by DTL for the weight shifting task. The anchor
point for the NORMAL regime is at zero pitch and shoulder angle.
The anchor point for the ROLLOVER regime is at the maximum
pitch and shoulder angle.

Fig 8. shows a SAM learned by DTL for weight shifting.
In this SAM, the pitch and shoulder axes are quantized at
10° intervals, where each grid cell corresponds to a single
SAM array value. In our experiments, DTL was able to learn
each SAM in 4 trials. A tradeoff exists between the
resolution of the SAM grid and the number of trials required.



Finer resolutions allow for more precise identification of the
regime boundary, but require more trials to learn an effective
SAM.

VI. RELATED WORK

Reinforcement learning techniques [1], such as temporal
difference learning [2] and Q learning [3], have been applied
to a wide range of robot control problems, including robot
juggling [4], obstacle avoidance and corridor following [5],
quadruped obstacle negotiation [6] and gap jumping [7],
helicopter control [8], and many others. Most previous
research has been done offline or using discrete, rather than
continuous state-spaces, but [4] and [8] are examples of real-
time control learning in continuous state and action spaces.

DTL is similar to reinforcement learning in that it uses
reinforcement in the form of undesirable regime detection to
learn an appropriate control policy. Like most successful
applications of reinforcement learning to robotics, DTL
makes use of domain knowledge about the problem to
reduce the search space so that learning can occur in a
tractable amount of time [1].

DTL differs from previous reinforcement learning
algorithms in modeling the state-action space as a set of
linear control problems linked by nonlinear transitions. DTL
requires additional a priori domain knowledge in terms of
the control regimes that may occur and the state-action pairs
(anchor points) that are most likely to generate these control
regimes. DTL also requires the ability to identify the current
control regime based on sensor inputs.

The payoff for these additional requirements is greatly
accelerated learning. While many reinforcement learning
algorithms require hundreds or thousands of trials and hours
of real time to learn robotics tasks, DTL is able to learn
highly dynamic control tasks in minutes, often with the
number of required trials in the single digits.

However, our initial experiments have been conducted
using low-dimensional state-action spaces. As with all
learning techniques, DTL will need to address the curse of
dimensionality. We believe the DTL will scale well due to
the large amount of information that can be gleaned from a
single observation and the use of domain knowledge in the
form of anchor points.

DTL is also similar to adaptive fuzzy control [9] in terms
of using heuristic a priori knowledge about the control
problem and then modifying the initial control rules based
on feedback from the environment. DTL differs both in the
specific learning algorithm provided and in the focus on
learning behaviors that must deal with abrupt discontinuities
in control regimes, such as the transition that occurs from
normal driving to snap oversteer.

One limitation of our approach is that the robot must be
able to survive the undesirable control regimes experienced
during learning or be cheap enough to be easily replaced. In
the case of the PackBot learning rollover prevention and
weight shifting, it was very useful that we had a rugged
platform that could survive multiple falls. In the case of

high-speed vehicle control learning with full-sized vehicles,
learning may need to occur in simulation first and then be
transferred to the actual vehicle for testing.

VII. CONCLUSIONS AND FUTURE WORK

We have introduced MTC, a new framework for
developing robot controllers, and DTL, a new algorithm for
fast online learning of control regime thresholds. We have
demonstrated that DTL can rapidly learn these thresholds in
three different task domains: preventing understeer and
oversteer for simulated high-speed vehicles, preventing
rollover for the PackBot, and enabling the PackBot to use
active weight shifting to climb obstacles that it would not be
otherwise able to climb.

In future work, we plan to study how DTL scales to
higher-dimensional state-action spaces. For example, we
plan to develop rollover prevention for lateral as well as
longitudinal rollover, and to develop weight shifting
behaviors in three dimensions to maintain balance over
rough terrain. We also plan to study how to implement
“unlearning” to correct for noisy data or incorrect regime
classifications.

We plan to apply MTC-based understeer and oversteer
prevention to a real high-speed UGV based on a radio-
controlled car platform that is capable of driving at speeds
up to 27 m/s (60 mph). We also plan to learn additional
driver assist behaviors to make it easier for operators to
control UGVs at high speeds.
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