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Abstract

Machine learning and simulation are im-
portant tools for creating intelligent robotic
systems for autonomous space applications.
However, there are potential pitfalls to using
these two tools in conjunction. This paper
presents three case studies that expose some
of these pitfalls and suggests an approach to
avoiding them.

1. Introduction

In recent years, machine learning has become increas-
ingly important as a method by which autonomous
robots can increase their capabilities, often signifi-
cantly outperforming the best hand-coded approaches
to the same task (e.g., Stone, 2000). The use of simula-
tion is necessary if we are to apply machine learning to
robot control for autonomous space applications. This
is because the environments in which our robots will
ultimately be deployed are (quite obviously) remote.

This brings to the fore a false dichotomy often made
by roboticists: You are either working in simulation
or on a “real robot.” However, while the use of phys-
ical robot hardware may allow us to advance our re-
search in ways that would be difficult or impossible
to achieve using computer simulations alone, moving
a physical robot around in a test environment that
differs in some way from the final deployment envi-
ronment is a simulation. It is just not a computer
simulation. This means that all machine learning for
autonomous space applications that takes place before
deployment involves learning in simulation.

Unfortunately, there are several pitfalls present in the
combination of machine learning and simulation that
are not there in either of these components alone.
Section 2 presents three case studies in which these

pitfalls have manifested themselves. Each case study
includes discussion of learned vs. hand-coded control
policies with an emphasis on why a hand-coded ap-
proach would likely have avoided these pitfalls. The
case studies are followed, in Section 3 with both dis-
cussion of non-solutions to these problems and a sug-
gestion for a possible meliorating strategy.

2. Problems with Simulation:
Three Case Studies

Beyond the well-known problems of simulation in
robotics research in general, there are several addi-
tional pitfalls possible when simulation is combined
with machine learning for robot control, as the follow-
ing three case studies make clear. In each case, there
was a “hole” in the simulation environment. That is,
there was a problem with the simulation environment
provided to the learning system that allowed the learn-
ing system to learn an inappropriate control policy.
Moreover, in each case it is likely that a hand-coded
control policy tested in this simulation environment
would have avoided this pitfall.

2.1. Case One: A Hole in the Code

The cart-and-pole task is a classic one in both dy-
namics (e.g., Cannon, Jr., 1967) and machine learning
(e.g., Widrow & Smith, 1964). A pole is hinged to a
cart that moves on a track of finite length. The ob-
jective is to keep the pole upright by moving the cart
while simultaneously preventing it from reaching ei-
ther end of the track. The dynamics task is solved
by hand-crafting a set of equations that specify the
impulse that should be given to the cart based on its
current position and velocity and the pole’s angle and
angular velocity. The machine learning task is solved
by creating a system that can learn this relationship.

Nearly all machine-learning researchers who have pub-



lished on this topic have used computer simulations of
carts and poles and, when I first studied this task, so
did I (Hougen, 1993). I chose to implement my simula-
tion using the physical parameters given by Barto, Sut-
ton, and Anderson (1983). Unfortunately, unknown to
me at the time, I introduced an error into the physics
equations for the pole as it fell. Moreover, I had re-
search using this simulation accepted for publication
and was in the process of writing the full paper before
I discovered the error.

That I did discover the error is, of course, why I am
able to include this case study in the present paper. If
I had not found this error, then my 1993 paper would
simply have been published with flawed results, joining
an unknown number of other machine learning papers
also published with flawed results because of errors
that were never caught in simulations of various sys-
tems. The instructive question here is: How did I catch
this error?

The equally instructive answer is: By happenstance.
While I was writing the full paper, I made screen cap-
tures of the GUI that I had built to help visualize the
system as it learned. As I did so I noticed something
peculiar – lasting only a fraction of a second – about
the movement of the simulated cart and pole on the
screen. I ran it several more times until I saw another
momentary peculiarity. I pulled up my code for the
physics of the cart and pole and went through it care-
fully, reviewing every character – comparing it with
what I thought it should be. That is when I found the
error.

The reason I think this answer is instructive is that
it contrasts so nicely with how we might catch the
same error in simulation code for testing a hand-coded
controller. If both the controller and the plant (the
system to be controlled) are hand-coded, then an er-
ror in one may cause a significant mismatch between
the two, leading to the controller failing to control the
plant. With a learned controller, however, if the learn-
ing system can learn to control the given plant, it will,
regardless of whether that plant is the one we intended
to provide. It will only fail to control the plant if it is
inherently more difficult for the system to learn control
for the plant provided.

Further, even if the mismatch between controller and
plant is not significant enough to cause a dramatic con-
trol failure, the discrepancy is still likely to be readily
detectable. This is because we can predict how the
controller and plant should interact; we have detailed
equations describing both and can use these to make
calculations regarding system behavior. With the cart
and pole system, for example, we can predict the min-

imum and maximum value that will be seen for any
of the state variables (e.g., cart position), their mini-
mum and maximum rates of change, their periodicity,
etc. If the observed values do not match the predicted
values, we know there is a problem. With a learned
controller, however, we cannot predict beforehand how
it will behave because we don’t know ahead of time
what control policy it will learn. After all, if there
were only one policy that will be most effective, and
we know what that policy is, then we would be foolish
not to hand code it. However, if we don’t know what
this policy is (or even if there is only one such policy),
then we cannot predict how the controller and plant
will interact once that policy is discovered.

2.2. Case Two: A Hole in the Model

Many researchers studying machine learning for robots
are today using robotic soccer as a testbed (e.g., Stone,
2000) and I am no exception. In particular, I have be-
gun to apply my machine learning ideas within the
popular RoboCup Soccer Server simulation environ-
ment (Chen et al., 2002). Case two revolves around the
collision model provided by the system (Chen et al.,
2002, p. 35):

If at the end of the simulation cycle two ob-
jects overlap then the objects are moved back
until they do not overlap. Then the velocities
are multiplied by -0.1. Note that it is possible
for the ball to go through a player as long as
the ball and the player never overlap at the
end of the cycle.

The fact that the objects only collide if they overlap
at the end of a simulation cycle, resulting in the pos-
sibility that a ball may move through a player, is quite
difficult to justify.

To give a concrete example of this problem, imagine
two opposing players standing a short distance apart,
facing one another, with the ball directly in front of
one of the players. Given the collision model in place,
the player with the ball can use a policy of kicking the
ball directly at the opponent and allowing the ball to
pass though.

There is a problem with creating a player that fol-
lows this policy if you are planning to implement your
policies on physical robots at some point: The policy
will fail. In the physical world, the ball will not pass
through the opponent but will, instead, bounce off or
be intercepted. This will lead to an unexpected next
state, at least from the perspective of the simulated
experience.

If we want to avoid this policy with our hand-coded
agents, we can simply tell them not to follow it. Fur-



ther, it is unlikely that someone hand-coding robot
soccer agents would even need to know of this hole in
the simulation in order to avoid accidentally exploiting
it. Instead, he or she would know that solid objects
don’t just pass through one another and develop a pol-
icy appropriate to that.

If we want to avoid this policy with our learning sys-
tems, however, we will have a more difficult time. Our
learning systems do not know to design policies that
work in the “real world” – the only world they know is
the simulation environment in which they are placed.
What our systems know, from experience, is what
works. They will try out possibilities that never oc-
curred to their inventors. In many cases, that is their
strength (e.g., Thompson & Layzell, 1999). When
learning in a simulation with holes, it is their weak-
ness.

2.3. Case Three: A Hole in the Distribution

While the first two cases involve simulation environ-
ments that didn’t match up with the worlds they were
intended to model, the third case involves a simula-
tion environment that adequately matched the world
but a use of that environment that did not. Specifi-
cally, the problem was that the distribution of training
samples differed between those provided to the imple-
mentation that learned using the computer simulation
and the one using the physical robot.

In this case, the learning system was to learn a policy
for the trailer-backing task. In this task, the objective
is to back a truck and trailer rig to a goal by steering
the front wheels of the truck. We implemented two
copies of a learning system for this task and tested
one using a computer simulation and the other using
a “mini-robot” truck and trailer rig roughly two feet in
length. Each system learned independently but their
learning rates and overall success rates – the standard
measures for reinforcement learning systems – were
quite similar, leading us to initially believe that they
had learned similar quality solutions to the task, de-
spite the different media in which they had been em-
bedded. We were interested in knowing if the solutions
were of similar quality, rather than knowing if the solu-
tions were identical, because there were a great many
possible solutions of approximately equal quality and
we did not care which one was learned.

Observations of the physical robot led us to question
whether the solutions learned were, in fact, of similar
quality, despite what our numeric data told us. Addi-
tional details have been published previously (Hougen
et al., 1999), however, suffice it to say that the data
were misleading and that the system that learned us-

ing the physical robot learned a quantitatively poorer
solution to the task than the one that learned using
the computer simulation. This was due to the fact
that the system using the physical robot used a set of
initial hitch and goal angle states that failed to sample
as thoroughly from larger (and more difficult) angles
as did the one using the computer simulation.

This problematic fact was obscured by the way
in which learning was done: As is standard in
reinforcement-learning research, we did not have sep-
arate learning and testing sets. Instead, we let the
system perform the task and recorded its success rate
while it did so. This makes sense in the context of this
type of learning because reinforcement-learning sys-
tems are supposed to improve their performance while
carrying out the very task that they are learning. Un-
fortunately, because the distribution of initial states
that was being tested over was the same as that being
used for learning (they were, in fact, the very same
states) the systems were able to produce similar nu-
meric data while learning dissimilar solutions. This
was only discovered because I watched the physical
robot as it moved around and saw it failing on initial
states at which I “knew” (strongly suspected) it should
be able to succeed. It wasn’t the number of times it
succeeded or failed (which is what our numeric data
reflected), it was the situations in which it failed.

Again it is instructive to compare this to the situation
faced when designing a hand-coded controller for this
system, rather than using machine learning. In the
hand-coded instance, we would typically specify the
boundaries of the control regions within which the so-
lution should work. We can then test the system with
initial states that fall both within and without those
boundaries, paying particular care to sample exten-
sively along them. If the system fails within the con-
trol boundaries that we have deduced, we know that
there is a problem. This is a much more rigorous and
trustworthy method than relying on the suspicions of
an observer to whom things just look wrong.

3. Patching the Holes

Before I attempt to offer a suggestion as to how to
address these difficult problems in using simulation for
machine learning for autonomous space applications,
let me discount several possible alternatives to the one
I will put forward.

3.1. Non-Solutions

The solution to these problems is not to abandon the
idea of using machine learning to determine robot poli-



cies. As mentioned in the introduction, learned so-
lutions may significantly outperform the best hand-
coded solutions on the same task. Giving up on ma-
chine learning means giving up the possibility of us-
ing these better solutions. Moreover, abandoning ma-
chine learning is not necessarily a path to more reliable
systems – besides creating faster, smaller, or cheaper
solutions, it is very possible to use machine learning
methods to develop systems that are more robust, re-
liable, or fault-tolerant than systems designed using
conventional methods (e.g., Thompson, 1997).

Nor is constraining what the system is allowed to learn
the solution. While some people might be reassured
by limiting a learning system to merely “tweaking” pa-
rameters in a conventional approach to a task, rather
than letting the system learn its own (perhaps radi-
cal) approach, this, like abandoning machine learning
altogether, is to give up many of the potentially best
solutions (Thompson & Layzell, 1999).

Switching from simulation to learning “in the real
world” is also not an option. While the use of physical
robots in research has allowed us to learn much about
robot control that would not have been learned using
computer simulations alone, we should not fall into the
trap of believing that experiments with physical robots
are necessarily more accurate than computer simula-
tions. For example, because of significant differences
between the Earth and Mars (e.g., lower gravity and
thinner atmosphere on Mars), a physical rover moving
around at the Mars Yard at JPL or here in Oklahoma
at the Mars Analog Field Site should be considered a
simulation just as much as a computer simulation of a
rover on Mars (where many of these differences can be
included). Again, for space applications, we’ll need to
learn in simulations of one sort or another.

Of course, ignoring these problems is not the solution,
either. Better performance, in terms of the speed or
efficiency with which a task is accomplished, means
little for expensive propositions such as autonomous
space applications if confidence in the system must be
sacrificed to achieve it.

3.2. Approach

I wish I could say that I have solutions to these prob-
lems. However, the best I can offer is an approach.
This approach has three parts: analysis, prediction,
and testing.

While the problems highlighted in these three case
studies came from three different kinds of holes, I be-
lieve that all of them could have been systematically
detected through this approach. If, for example, a

final, learned controller for the cart-and-pole system
had been analyzed mathematically to understand its
functioning, we could have predicted how it would be-
have given a set of initial conditions, then compared its
actual behavior to those predictions, just as we could
do with a hand-coded controller.

Of course, this is easier said than done. The anal-
ysis of learned solutions is in its infancy but is be-
ginning (e.g., Thompson & Layzell, 1999). In our
case, this involves directly analyzing control policies
learned by the robot. This analysis could use methods
normally applied to the construction and analysis of
hand-coded solutions, such as hybrid dynamic control
(Fierro & Lewis, 1997). Alternately or in conjunc-
tion, this could involve the use of learning frameworks
that are more transparent, such as learning Bayesian
networks (Heckerman et al., 1995) as opposed to noto-
riously opaque methods, such as standard feedforward
artificial neural networks (such as backprop, quick-
prop, or rprop nets).

Finally, for testing, the use of multiple test environ-
ments is desirable. A physical rover at the Mars Ana-
log Field Site may be a simulation but it is a very
different simulation than the computer simulation and
each may reveal problems in the other.

3.3. Approach in Practice

To implement this approach, we must first determine
the failure modes that may result from the pairing
of machine learning with simulation. Three different
failure modes were presented in the three case studies:

Simulation Code Failure A mismatch between the
code and the mathematical model of the environ-
ment that the code was meant to capture.

Environment Model Failure A mismatch between
the environment model and the ultimate destina-
tion environment.

Sample Distribution Failure A mismatch between
the frequencies of certain events encountered un-
der different training regimens.

This is not meant to be an exhaustive list of possi-
ble failure modes, merely likely failure modes in many
pairings of machine learning with simulation. Note
that only simulation code failure is particular to com-
puter simulations. Environment model failure could
be caused by a mismatch between the mathematical
model underlying a computer simulation (as shown in
case two) or a mismatch between a physical analog
test site and the physical environment that test site is
meant to model. Finally, sample distribution failure
has more to do with how a simulation environment is



used, rather than anything inherent to the environ-
ment itself, including whether it is a computer simu-
lation or a physical environment.

Therefore, while methods for software verification from
computer science might be appropriate in helping to
address the simulation code failure mode, they may
not help with environment model failure and will not
help in sample distribution failure. Moreover, because
of difficulties in applying these methods to simula-
tions of the physical world (e.g., the mismatch between
the assumption made in most model checking methods
that there are a finite number of states to the system,
whereas our simulations will generally be of continu-
ous phenomena), alternatives to these methods should
be found for all failure modes identified.

Analysis, then, refers not to analysis of the simulation
code or even the environment model. It refers to anal-
ysis of the policy learned by the system. This requires
that the policy be expressed in a format amenable to
such analysis, which is often not the case. For exam-
ple, many of the control policies cited previously (e.g.,
Barto et al., 1983; Hougen, 1993) divide the state space
into discrete regions within which a different system re-
sponse is specified, then cobble together a control pol-
icy by combining these independent responses. Such
an overall policy is not amenable to representation us-
ing continuous equations. Moreover, some methods
(e.g., Barto et al., 1983) make analysis more difficult
by specifying a probabilistic control policy, rather than
a deterministic one. An approach that learns a contin-
uous control equation instead (e.g., Koza, 1992) would
simplify this analysis.

Once the analysis has been performed, we can pre-
dict how the resulting system will behave. Ideally
this would allow for behavioral guarantees to be made.
However, in many cases such guarantees are unlikely
to be possible. Nonetheless, we should be able to pre-
dict system performance under specific expected con-
ditions. Such predictions can then be tested using all
available simulation environments.

It should be noted that this approach will cannot en-
sure that these failure modes are not encountered.
However, this approach will verify that the policy is
appropriate to the same extent that a hand-coded pol-
icy could be verified, allowing us to place the same level
of confidence in the policy arrived at through machine
learning as any hand-coded policy.
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