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Abstract
Reinforcement Learning is a field of Machine Learning and
Artificial Intelligence which seeks to use past experiences
to predict future success in autonomous domains. Reinforce-
ment Learning carries the advantages of generality, in that it
makes few assumptions, and limits itself only to what can be
learned from the data. This same generality, however, often
makes it a poor approach for generating autonomy in specific
applications, where prior domain knowledge can be leveraged
to ease computation and improve accuracy. In this paper, we
describe a new, more realistic application of Reinforcement
Learning to scenarios of supervised autonomy, in which the
vast prior research in this field can be leveraged to provide
useful and succinct information to a human supervisor tasked
with command and control, as well as automatically identify
negative anomalies of both the sudden and “low-and-slow”
varieties. Additionally, we identify an exciting new field of
research in which the error observed in Reinforcement Learn-
ing predictions may be used to identify inefficiencies and
evaluate autonomous systems and human decision making.

1 Introduction
The military and commercial communities increasingly rely
on autonomous systems to augment their capabilities. For
example, power plants feature automatic monitoring and
safety features, and the military increasingly employs un-
manned systems in denied or politically sensitive theaters.
However, it is rare for these systems to be truly autonomous;
generally, fine-grained decisions are made by computer
(such as an autopilot), while coarse-grained decisions (such
as mission tasking or flight plans) are made by human op-
erator. Thus, autonomy is not a binary on-off switch, but in-
stead lies on a continuum. As technology progresses, it is
expected that daily operations will shift along this contin-
uum such that more and more decisions will be made by
autonomous machine. The current point in the continuum
is referred to as supervised autonomy, in which human su-
pervisors are tasked with maintaining awareness and iden-
tifying and responding to negative surprises, potentially for
multiple systems simultaneously. In this scenario, it is im-
portant that accurate measures of mission progress be com-
municated quickly and succinctly, so that supervisors can
direct their attention properly, particularly when overtasked.

In this paper we make several points. First, we believe the
field of Reinforcement Learning can provide the tools nec-

essary to communicate this type of information. This is ad-
dressed in more detail in Section 3. Second, we believe au-
tomated feature selection for Reinforcement Learning pro-
vides an intuitive way to identify features of interest in au-
tonomous systems, as is discussed in Section 4. Finally, we
believe Reinforcement Learning may provide several addi-
tional benefits for negative anomaly detection and human
decision-making analysis. These benefits are discussed in
Section 5.

2 Reinforcement Learning
The purpose of this section is to describe the field of Re-
inforcement Learning so that the new applications can be
better understood. We begin by describing the problem in-
tuitively, before introducing the mathematical definition.
Imagine, for some new unknown system, a human is pre-
sented with telemetry data entirely describing every aspect
of the system (position, orientation, velocity, sensor read-
ings, control surface position, etc.) for every second of a
large number of missions. Given this data, it is possible to
imagine the human learning what the system is capable of
doing (for example, when learning about an unmanned air-
craft, the human may learn that altitude gain can be achieved
by setting particular control surfaces to certain settings, but
there is a maximum climb rate which cannot be exceeded).
Now imagine an expert assigns a “reward” to each observa-
tion; a state in which the mission is completed would receive
a high reward, while a state in which the system is damaged
would receive a negative reward. A logical question, then, is
given some new state, what rewards can we expect to receive
in the future? Are there certain actions we can take to maxi-
mize this expected future rewards? These questions are very
important in a context with human supervision; if we ex-
pect to receive many high rewards, no intervention may be
required. However, if we are in a state with low expected re-
wards, retasking may be necessary. Reinforcement Learning
provides algorithms for performing this predictive analysis.

Mathematically, the problem is described as a Markov
Decision Process (MDP). An MDP is a tuple M =
(S ,A,P , R, γ), where S is the set of possible states the
agent could inhabit, A is the set of actions the agent can
take, P is a transition kernel describing the probability of
transitioning between two states given the performance of an
action (p(s′|s, a), where s, s′ ∈ S and a ∈ A), R : S 7→ <



is the reward function, and γ ∈ (0, 1) is the discount factor,
which is used to describe how much we prefer rewards in the
short term to rewards in the long term. The expected future
rewards from a given state when optimal actions are taken is
defined as the optimal value of that state, where the optimal
value function is defined by the Bellman equation

V∗(s) = R(s) + γ max
a

∫
S

p(s′|s, a)V∗(s′)ds′. (1)

This function defines the optimal value of a state as the ex-
pected, discounted sum of rewards from this state forward.
In large or complex domains, it is impossible to calculate V∗
exactly, forcing instead the construction of an approxima-
tion. A large number of approaches to perform this approxi-
mation exist, each with their own benefits and drawbacks.

Classically, an accurate value function is thought of as
useful for creating autonomy; if choosing between two
states, the decision-making agent should choose the one with
higher value. This turns long-term planning into a series
of greedy, short-term decisions. Because value function ap-
proximation techniques are usually general, and can often be
applied to any MDP, advancements in theoretical Reinforce-
ment Learning lead to better RL-based autonomy in any do-
main.

This same generality is a drawback in practical applica-
tion, however. While it is theoretically pleasing to begin with
no assumptions or prior knowledge about the agent being
observed, this is not usually the case. For example, in the
case of a new UAV, the known dynamics of the UAV can
usually be used to generate a better autopilot than would
be generated by Reinforcement Learning, which ignores this
tremendously useful prior information.

In addition, physical systems carry an additional difficulty
in that no matter what action is taken, the rate of change
between states is gradual, particularly when states are ob-
served with high frequency. Therefore, any mistake made
on a given state can be quickly fixed in the next timestep.
This means the difference in optimal value between differ-
ent actions is likely minimal, and correctly choosing actions
possibly requires more precision than an approximation ar-
chitecture can reasonably supply.

In light of these challenges, it is worthwhile to consider
other scenarios which may make more sense for Reinforce-
ment Learning than policy generation for physical systems.
Therefore, the remainder of this paper focuses not on the tra-
ditional applications of a value function for autonomy gen-
eration, but instead on new applications of this function in a
supervised autonomy context.

3 Supervised Autonomy
In a supervised autonomy context, we assume the agent un-
der most circumstances is capable of performing its task
unassisted; the problem then becomes one of helping a
possibly-overtasked human supervisor identify cases which
do require human intervention. For example, consider the
case of a human tasking multiple UAVs at a time to accom-
plish a variety of missions. Perhaps one of the systems be-
ing watched is making slower-than-expected progress, and

so another system will have to be tasked to complete its mis-
sion before the opportunity expires. Or, more dramatically,
perhaps a malfunction occurs and human intervention is re-
quired to land the UAV away from the runway with as little
damage as possible, in a location easy for recovery. In these
cases, the identification of states from which we expect to re-
ceive low rewards is an appropriate way to identify moments
which are unlikely to result in mission success.

Intuitively, the value of a state can be thought of as a
one-dimensional measure of predicted success. In scenarios
where supervisors must keep situational awareness on sev-
eral independent agents, the distillation of this information
into something quickly digestible and understandable is es-
sential. Because the value function is built based on what is
expected to occur, given past behavior and an optimal au-
topilot, a small or negative value function may be an ex-
tremely useful indicator of possible mission failure.

We note that the level of accuracy necessary for providing
this feedback to a supervisor or performing this analysis is
far less than the level of accuracy an agent requires to actu-
ally choose actions based entirely on the value function.

4 Feature Identification and Selection
This viewpoint also may provide ancillary benefits. Mathe-
matically, many approximation schemes take the form of a
linear approximation, where V(s) ≈ Φ(s)w, for all s ∈ S .
In this approximation, Φ(s) is a set of feature values for state
s, and w is a vector which linearly weights these features.
The quality of the approximation depends in large part on
the usefulness of these features. Therefore, techniques which
can select the few features from a large dictionary which re-
sult in the highest quality approximation can provide a great
benefit, and are an active area of study (Kolter and Ng 2009;
Johns, Painter-Wakefield, and Parr 2010; Mahadevan and
Liu 2012; Liu, Mahadevan, and Liu 2012). Interestingly for
this domain, the identification of features which are highly
correlated with future success and failure may provide an
intuitive means of understanding the domain and in the con-
struction of early-warning alarms.

One such technique for performing automated feature
selection while calculating an approximate value func-
tion is L1-Regularized Approximate Linear Programming
(RALP) (Petrik et al. 2010). RALP is unique among other
feature-selection approaches in that it has tightly bounded
value function approximation error, even when using off-
policy samples, and when the domain features a great deal
of noise (Taylor and Parr 2012).

RALP works by solving the following convex optimiza-
tion problem:

min
w

ρTΦw

s.t. σr + γΦ(σs′)w ≤ Φ(σs)w ∀σ ∈ Σ
‖w‖−1 ≤ ψ.

(2)

Φ is the feature matrix, Σ is the set of all samples, where
σ is one such sample, in which the agent started at state σs,
received reward σr, and transitioned to state σs′ . ρ is a distri-
bution, which we call the state-relevance weights, in keeping
with the (unregularized) Approximate Linear Programming



(ALP) terminology of (de Farias and Van Roy 2003). ‖w‖−1
is the L1 norm of the vector consisting of all weights except-
ing the one corresponding to the constant feature.

This final constraint, which contributes L1 regulariza-
tion, provides several benefits. First, regularization in gen-
eral ensures the linear program is bounded, and produces a
smoother value function. Second, L1 regularization in partic-
ular produces a sparse solution, producing automated feature
selection from an overcomplete feature set. Finally, the spar-
sity results in few of the constraints being active, speeding
the search for a solution by a linear program solver, particu-
larly if constraint generation is used.

Most relevantly to this problem, the selected features are
those most useful in predicting the future receipt of rewards.
Practically, these can be interpreted as the few features, from
a potentially large candidate set, which carry the strongest
signal predicting success or failure; while this definitely im-
proves prediction accuracy, it may also be useful in related
tasks in which an intuitive prediction of future autonomous
performance will be useful, such as in scenarios of transfer
learning.

5 Approximation Error for Alarming and
Analysis

We also propose an exciting direction of research in us-
ing the error in approximation as a useful signal in flight
analysis and alarming. Consider again the Bellman equa-
tion of Equation 1, and a single observation, consisting of
a state, a received reward, and the next state (an observation
can be denoted (s, r, s′), where s, s′ ∈ S , and r = R(s)).
Also assume the existence of some approximation V̂, such
that V̂(s) ≈ V∗(s) for all s ∈ S . If the approximation
is exactly correct, and everything goes as expected, then
V̂(s) = r + γV̂(s′) for all such observations. If this equal-
ity does not hold, then we have non-zero empirical Bellman
error

BE(s) = r + γV̂(s′)− V̂(s). (3)
When the Bellman error is non-zero, there are several possi-
ble explanations.

The first explanation is that the approximation to the value
function was incorrect. This explanation has classically re-
ceived the most attention, as researchers tried to tune their
predictions to be as accurate as possible. However, even if
the value function V̂ = V∗ were calculated exactly, in a
non-deterministic environment there would still be non-zero
Bellman error.

A second explanation is that the prediction would have
been accurate, but the controller (autopilot or human) chose
an action which was not optimal. We can expect this to hap-
pen consistently to some degree. This is because optimality
is defined as choosing the action that maximizes the sum
of rewards; however, existing autopilot and human decision
making is performed using an approach independent of Re-
inforcement Learning, and ignorant of the designed reward
function. Realistically, all approaches are targeting some ap-
proximation of optimal performance, and it is unreasonable
to expect them to precisely agree on optimal decision mak-
ing. However, we argue that decision making resulting from

these differing approaches should not differ too much, par-
ticularly if the reward function is carefully tuned. Under this
circumstance, unexpected large drops in the value function
would be interesting in performing objective performance
assessment, such as in human training and flight analysis.

A third explanation is that the approximation was accu-
rate, but something unexpected happened during the state
transition. A positive example would be if a tailwind pushed
the aircraft closer to a target location than would normally
be expected; in this case, the value of the next state would be
larger than expected. More interestingly for supervised au-
tonomy, however, would be in identifying unexpected drops
in value, or negative anomalies. It is perhaps obvious this
would be useful in identifying sudden, dramatic drops, as
might result from an event such as mechanical failure. More
interesting, however, is the potential for identifying pro-
longed periods of underperformance which might indicate
a “low-and-slow” anomaly which might otherwise be diffi-
cult to detect. These types of anomalies occur when a small
error impacts an output over a long period of time. These er-
rors are difficult to detect as they typically do not cross any
predefined error boundaries.

To our knowledge, the Bellman error has never been used
to perform this type of analysis.

6 Illustration
To illustrate the insights of Sections 3 and 5, we use data
from two different domains. First, we use a simulated do-
main often used for benchmarking value function approxi-
mation algorithms. This domain provides a fairly simple en-
vironment to demonstrate the application of Reinforcement
Learning in an easily-visualized way. Second, we use real
world data collected by the in-flight computers of landing
TigerShark UAVs to demonstrate the technique’s efficacy
even in less-predictable, real-world scenarios.

Synthetic Domain
We use a common Reinforcement Learning benchmark do-
main, in which an autonomous agent learns to ride a bicy-
cle (Randløv and Alstrøm 1998; Lagoudakis and Parr 2003).
In this domain, the bicycle begins facing north, and must
reach a goal state one kilometer to the east. To be precise,
a state in the space consists of the bicycle’s angle from per-
fectly upright, the angular velocity and angular acceleration
with respect to the bicycle and the ground, the handlebar an-
gle and angular velocity of the handlebar, and the angle of
the goal state from the current direction of travel. Actions
include leaning left or right, turning the handlebars left or
right, or doing nothing at all. The reward function is a shap-
ing function based on progress made towards the goal.

Samples to learn from are drawn by beginning in an up-
right position, and taking random actions until failure. Given
a large enough set of such samples, the agent can learn a
value function, which it then uses to balance and success-
fully navigate through the space on a high percentage of
trials. To do this, the approximate value function was con-
structed using RALP, using features composed of a large
number of monomials defined on dimensions of the state
space.



(a) Value as a function of time (b) Empirical Bellman error as a function of time

Figure 1: Bicycle Domain

As our illustration, we consider one run, in which the
bicyclist fails to remain upright despite access to a good
previously-calculated value function. As the agent moves
through the state space, the value function of its current state
changes as a function of time. Figure 1a graphs this value un-
til failure. Notice that as the bicycle begins to oscillate and
eventually collapse, the expectation begins to drop, as it be-
comes less and less likely the agent will be able to recover
and receive the rewards associated with achieving the task.
It is easy to imagine an alarm system set off in the beginning
stages of this process, alerting a supervisor of the coming
failure.

Given the same run, we also plot the absolute value of
the empirical Bellman error of Equation 3 as a function of
time in Figure 1b. Notice the predictions were extremely ac-
curate, and Bellman error very low, until shortly before the
bicycle began to fall. In analyzing the performance of the
agent, this information provides insight into when the ini-
tial mistakes were made which would, several time steps in
the future, result in a failed mission; in the analysis of the
agent’s performance, this is crucial information.

If, however, the interest is not in analyzing past perfor-
mance, but is in identifying anomalies which may require
human intervention in real time, the Bellman error illustrated
in Figure 1b would again be extremely useful. It is plainly
visually obvious when unexpected behavior began, and it is
equally clear it correlates with the beginnings of the task fail-
ure. In particular, we would like to emphasize the anomalies
begin to appear well before the bicycle collapses, allowing
it to serve as an early warning system.

Real-World Domain
The TigerShark Unmanned Aerial Vehicle is a remotely-
operated surveillance aircraft with a 22-foot wingspan and
weighing 260 pounds, currently in use in theater operations.
It can perform autonomous waypoint navigation, or be con-

trolled manually. For this domain, we focus on autonomous
alarming for TigerShark landings.

Telemetry data from 1,267 landing attempts were col-
lected, for a total of approximately 6.2 million individual
samples, which were collected every 1000 milliseconds.
Landings were performed both by human pilots and the au-
topilot. The samples themselves are made up of 192 different
sensor readings from the UAV control and sensor surfaces,
as well as sensor data taken on the ground. Aside from flight
status information like altitude, latitude, longitude, ground
speed, etc., the data includes information about the controls
coming from the pilot or autopilot, and the connection be-
tween the ground station and the UAV.

During landing, pilots have instructions to not allow their
roll to extend past a certain angle, to follow a prescribed
glide slope, and to keep their aircraft as close to the extended
center line of the runway as possible. Therefore, in addition
to the sensor readings, features also included the glide slope,
the distance from the desired glide slope squared, the dis-
tance from the center line squared, the roll squared, and the
reward awarded to the state.

The reward function was a shaping function based around
the error from the desired glide slope, the distance from the
center line of the runway, and the absolute value of the roll.
In addition, the reward function contained additional penal-
ties if the aircraft left the extended center third of the runway,
or performed too large of a roll. By rule, either of the latter
two cases should result in a decision to abort the landing.

This reward function differs from the one in the bicycle
domain in a very significant way. In the synthetic domain,
the actions taken by the autonomous agent were taken with
the purpose of maximizing the rewards received. In the real-
world domain, the actions taken are simply those of a pi-
lot attempting to land an aircraft. As such, we can expect a
much larger Bellman error in most states, as the value func-
tion is making a prediction on the erroneous assumption the
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(e) Empirical Bellman error as a function
of time on successful flight

Figure 2: TigerShark Domain

pilot is aware of, and is trying to maximize, the reward func-
tion. Nevertheless, we will see the Bellman error is nonethe-
less helpful.

From the set of all landing samples, 2000 were randomly
selected, and a value function computed using RALP. We
then applied this value function to two separate flights. In the
first flight, though the pilot eventually succeeded in landing
the plane, the path was erratic and the landing should have
been aborted due to an inability to stay within the allowed
center third of the runway, and inability to maintain the roll
within allowed parameters.

In Figure 2a we see the value function of this landing.
The shaded area is an area of special interest, as it is quite
low, and produces the lowest value of the landing. We zoom
on this area for both the value function (Figure 2b) and the
Bellman error (Figure 2c). First, we note that both the value
function and the Bellman error are much less smooth than
in the bicycle domain. As discussed in Section 5, this is ex-
pected to some degree, as the pilot is not making decisions
based on the reward function. Nevertheless, there is still a
great deal of information in these two graphs. In particular,
we note that the Bellman error spikes greatly in the timestep
before the value function begins to drop. This drop results
from the aircraft swinging so wide as to cross the bound-
ary for allowed flight, outside the center third of the runway,
and trying to recover by banking steeply. At this point, the
landing should have been aborted. The spike in Bellman er-
ror preceding this drop illustrates the potential for a Bellman

error-based alarm.
In contrast, Figures 2d and 2e are the result of a flight

without any such negative occurrences (Figure 2e is zoomed
to provide the same scale as Figure 2c). Note that the two
value functions 2a and 2d are scaled identically on the y axis,
though the bad value function is much, much lower, as you
would expect from a flight struggling to stay on course. Sec-
ond, we note the value function for the good flight is much
less erratic. The Bellman error, meanwhile, remains gener-
ally low, with no significant spikes to set off an alarm.

In a scenario of human performance analysis, it is clear
from the magnitude of the value function that the pilot for
this flight avoided the problems of the first flight; the small
magnitude implies the second pilot performed much closer
to the way an optimal pilot would be expected to. Addition-
ally, the small oscillations imply a steadier flight.

These illustrations also demonstrate the usefulness of the
Bellman error in alarming an autonomous mission; when
things went wrong, the Bellman error spiked, providing a
concise channel of communication of the error to the opera-
tor.

7 Conclusion
This document demonstrates exciting directions of research
for both those interested in furthering capabilities in scenar-
ios of supervised autonomy and theoreticians interested in
Reinforcement Learning. First, we believe value function
approximation will prove to be a useful tool in communi-



cating mission health to human supervisors of autonomous
systems. Second, we describe feature selection techniques
which are of use in any task which is benefited from a
performance prediction. Finally, we propose the use of the
Bellman error for anomaly detection and analysis of human
decision-making.

Significant future work is required. First, it is important
that single-channel anomaly detection techniques be devel-
oped and applied to the Bellman error in order to discover
how best to alarm a system with this information. In this doc-
ument, we have merely demonstrated the strong correlation
between large Bellman error and poor mission performance,
but have yet to construct an alarm for a system. This step
will require an automated understanding of “normal” versus
“abnormal” Bellman error variations.

Second, the illustrated approach did not use recent ad-
vances in parameter tuning or sampling for RALP (Taylor,
Geer, and Piekut 2014). These advances demonstrated that
heavier sampling or stronger weighting of the parameter ρ
in equation 2 on states which have low value from a Lya-
punov function defined on the state space result in a more
accurate value function; a better value function would re-
sult in a more helpful picture. This could be leveraged in the
TigerShark landing scenario.

Finally, our reward function in the real-world domain was
created independently from the data, and somewhat haphaz-
ardly; the pilots in the collected data were not aware of, or
trying to optimize, our value function. It may be extremely
useful to apply inverse Reinforcement Learning on the data
collected for training in order to create a reward function
which better represents the goals of the pilots. We believe
this would result in a much more informative Bellman Error
than is illustrated in Figure 2.
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