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1 Summary

The long-term objectives of this project involve increasing the level of au-
tonomy of robots by giving them an introspective capability. Introspection
involves modeling the robot’s own behavior and using that model to reflect
on how to change its behavior in response to unanticipated events. As a
part of this project, we have developed predictive models of a number of
robot models for testing these algorithms, including an autonomous car, an
autonomous airship, a pedestrian robot navigating among people, and a ma-
nipulation scenario involving cloth folding. We made use of these models to
demonstrate three primary goals.

First, we seek to develop intelligent failure handling techniques that can
diagnose and correct diverse types of failures using introspection. Second,
we want to perform intelligent, long-term mission planning that plans ahead
to make best use of data collected during future mapping and surveillance
activities. Third, we aspire to achieve intelligent execution adaptation to
prior specifications given novel environments encountered by a quadcopter.
Four conference papers and two workshop papers have so far been published
from the work on this grant, with one final conference paper currently under
review and another in preparation. Thirteen researchers were funded to work
on this project.

This project represents a very preliminary investigation into the problem
of persistent autonomy. We therefore offer recommendations in Section 5 for
future directions to pursue for persistent autonomy research, including an
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extensive debrief of broader lessons learned on the current project.

2 Introduction

As practiced today, robotics is the process of making increasingly greater
simplifying assumptions about the world until we are able to specify and
solve a problem in hardware and software. We note how often research
robots appear brittle in their behavior and observe that this results in part
from inaccurate assumptions baked into engineered solutions.

The persistent autonomy problem asks us to build robots and AI systems
that continue to function robustly for prolonged periods of time without hu-
man intervention to correct faults. Persistent autonomy requires higher-level
problem-solving and decision-making skills than robots and AI today possess.
In fact, the needs of the persistent autonomy problem remain poorly mapped
out. This report seeks to examine more broadly some of the technological
solutions that are needed before we will see a robust persistent autonomy
take shape in the world.

Very little work has been done on the problem of persistent autonomy.
The biggest achievement to date in experimental persistent autonomy is the
three-year EU project PANDORA, which culminated in a demonstration of
an autonomous underwater vehicle manipulating valves for three hours with-
out human help [10]. The current project seeks to build technologies that
enable longer-term autonomy over more diverse tasks compared to PAN-
DORA. It does not attempt a prolonged empirical demonstration but rather
examines the fundamentals of persistent autonomy.

Project Goals. In this project, we pursue three goals pertinent to au-
tonomous vehicle navigation.

First, we examine the use of introspective models in failure handling. The
challenge is that most failure handling in robotics requires an exhaustive set
of fairly hand-coded routines to handle each modality of failure. In the nav-
igation problem, we have developed a capability to detect failures that does
not require knowledge of all possible failure modalities. We have also showed
that a robot can react in response to its prediction to generate desirable
behavior.

Second, we examine the problem of long-term mission planning for mo-
bile surveillance robots like the autonomous airship. Given a partial map of
some interesting property like vegetation health, we formulate information

2
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gain during exploration as a submodular function and show that bounded-
suboptimal exploration is efficiently achievable.We then use matrix comple-
tion techniques to fill in the gaps not explored so that the robot can make
intelligent decisions about where to go next to collect data. Maps might for
example be sourced from satellite data with occlusions due to cloud cover or
be limited to observations of traces of the robot’s path. After filling in the
blanks in a manner that maximizes extrapolation from the available data, we
plan to use the estimates to pick routes for future data gathering in order to
supplement the available information and maximize information gain in the
map.

Third, we investigate the problem of writing flexible behavior specifica-
tions that adapt to uncertain future environments. Taking inspiration from
human’s ability to perform abstract specifications, we examined a natural
language specification interface. We showed a quadcopter responding with
flexibility to novel environments and unfamiliar landmarks while attaining
navigational objectives on the fly. We consider the strengths and weaknesses
of a statistical learning approach to this problem.

Technical Objectives. Work in this project proceeding along three
parallel tracks, united by the use of predictive vehicle models.

In failure handling, the objective is to use techniques from model-predictive
control (MPC) to introspect on the behavior of a vehicle motion model for
detection, diagnosis, and remedy of failures. We focus here on failures that
affect the (perceived) motion of the vehicle, including motor speed and posi-
tion, sensor calibration, and slip. By comparing its trajectory to previous pre-
dicted trajectories, the robot can measure the magnitude of deviations. De-
viations from the predicted trajectory arise due to unmodeled disturbances,
including failures. By simulating hypothetical state changes, the robot can
then explore counterfactuals and by so doing attempt to diagnose and repair
the failure.

In mission planning, we are building maps with holes in the data, such as
cloud-cover in satellite data, normalized difference vegetation index (NDVI)
data over time for estimating drought, or vegetation classification algorithms
based on transects from aerial vehicle flyovers. We use low-rank matrix-
completion techniques [15] to fill in the gaps. We will then plan routes
through the map to maximize information gain according to the confidence
with which various regions can be predicted.

In adaptable specification, we explore the merits of natural language as a
specification tool. When exploring a novel environment, the robot must be

3
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able to ground the specifications in the context of that environment in order
to correctly interpret the specified behavior. We experiment with a statistical
method designed to recapitulate the traditional robot planning pipeline. We
consider the costs and benefits of both approaches and conclude that both
are insufficient.

3 Methods, Assumptions, and Procedures

In this work we assume there exists a dynamics model of the form

ẍ = fy(x, u, t).

Suppose xt designates some measured state at time t. Given some ini-
tial condition (xt) and parametrized control input (u), we can integrate this
model (f) through some short period of time (t) in order to predict future
robot behavior (ẍ). The model f is parametrized by a set of latent variables
y that describe physical and environmental operating properties and state
(for example, the coefficient of friction between the wheels and ground). Of
course the prediction resulting from integrating this model is only as good
as its inputs. Whether it is implemented from a statistical summarization of
measured behavior or via a physics simulator built on top of Newton’s laws
of motion, we can expect that the prediction gets less reliable further into the
future due to the accumulation of error. All of the work described here starts
from this assumption and explores various approaches to improve the robot’s
performance without reliance on human help to tune or adjust the model or
the physical system. Since we presume that the prediction has a balance of
information and noise, the objective is to leverage the predictions without
overcommitting to any one prediction during the course of execution. By
making repeated predictions with varying initial conditions, control inputs,
or latent variables, the robot can gain information to increase the robustness
of its behaviors.

3.1 Failure Handling

We use prediction at a small time-scale to study responses to failure. We
define failure as an unexpected and deleterious event that affects the robot
in performance of its task. Failures may concern the current task or the robot
itself.

4
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The reality of operating a complex engineered system such as a robot
is that the probability distribution of possible robot failures has a long tail
of extremely rare events. The integral of these rare events constitutes a
significant fraction of the overall probability mass. Thus, approaches that
explicitly rely on past experience are inadequate.

Our approach employs the dynamics model to evaluate counterfactuals in
several phases. We generate these counterfactuals by integrating the model
from different start times, assuming different latent variables, and using dif-
ferent control inputs.

• Phase 1: Detection. Suppose that state was measured at times t− ε
and t. Our model can be used to predict the latter time from the former
using the model. Substantial deviation from nominal behavior suggests
that the model is making bad predictions.∣∣∣∣xt − ∫ t

t−ε

∫ t

t−ε
fy(x, u, t) dt dt+ xt−ε

∣∣∣∣ > vthresh,

where vthresh is a threshold value. This triggers a detection event.

• Phase 2: Diagnosis. Within the context of the dynamics model,
there are a few causes that could trigger a detection. One possibility
is that the state measurements xt−ε and/or xt are inaccurate due to
sensing errors. Another possibility is that the latent variables y in the
model are not accurately describing the current situation. This phase
involves varying the control inputs u in a principled manner to gain
information that helps narrow down the list of possible explanations.
Our present aproach involves sampling from a low-dispersion sequence
that covers the entire control space. The result of this phase is a list
of experimental results enumerated from i = 1 . . . n and expressed as
tuples (tis, x

i
s, u

i, tif , x
i
f ) – the start time and state, the control input,

and the final time and state. Note that the latent variables and possible
sensing errors that generated these results are unknown.

• Phase 3: Explanation. In this phase, we explore counterfactuals in
an effort to discover what causes generate the observed behavior. This
process involves a search over the hypothesis space of sensing errors
and latent variables. Note that sensing errors can also be explained
by a change in the latent variables. For simplicity here, we collapse
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the hypothesis search space to only latent variables. Given the set of
empirical results, we find the latent variables that minimize the sum of
squared errors.

argmin
y′

n∑
i=1

(∫ tif

tis

∫ tif

tis

fy′(x, u
i, t) dt dt+ xis − xif

)2

The best y′ becomes our new hypothesis.

• Phase 4: Repair. Given the hypothesis y′, we repair the failure by
solving the optimization problem

argmin
u′

∣∣∣∣∫ t

t−ε

∫ t

t−ε
fy(x, u, t) dt dt−

∫ t

t−ε

∫ t

t−ε
fy′(x, u

′, t) dt dt

∣∣∣∣ .
That is, if u was expected to produce optimal behavior given that y
holds, then u′ optimizes behavior under hypothesized conditions y′.

3.2 Long-Term Mission-Planning to Maximize Information Gain

Here we look at the long-term effects of predicting a dynamics model of
information. We consider an aerial vehicle flying over a terrain performing
some observation activity. Observations of two regions of the terrain are
correllated according to some complex function. Examples include weather-
related properties such as foliage and vegetation health, and human activity
such as transportation via ground vehicles.

The problem is two-fold. First, given a set of past observations, develop
a statistical model to predict the unseen regions of the map. Second, se-
lect a route through the terrain to maximize information gain and reduce
uncertainty about future predictions. In essence then, we are modeling the
information dynamics of exploration.

3.2.1 Problem Formulation

Let R be a grid-discretized two-dimensional region composed of L cells, or
sampling locations. Let p be a continuous-valued environmental attribute
that can be observed at every cell in R. We assume the value of p at every
cell in R is time-varying, but changes relatively slowly with respect to the

6
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Greedy Path 
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Figure 1: Prior observations are used to generate a generalized low rank model (arrow
[a]). Fisher information computed from the GLRM (arrow [b]), is used by the path
planner to form a sampling path (arrow [d]). The robot takes observations along the path
(arrow [e]). The observations are used (arrow [f ]), in conjunction with the GLRM (arrow
[c]) to predict the states of the unobserved cells.

sampling frequency. For instance, the hue of foliage over the northeast region
of the Americas in the fall can be considered static over the span of a few
hours, but is dynamic over the span of a few days. Therefore, for this domain,
observations taken within a few hours of each other are considered to be
sampled at the same time.

We have a dataset containing a set of snapshots of p in R for T different
times. Each snapshot contains observations of the value of p in a subset of
R. Let C(P ) : P(R) → R, where P ⊆ R, be a cost function from a subset
of cells in R to a real value. This function computes the cost of traveling
between a set of cells. Let b ∈ R be a budget corresponding with C.

We consider the problem of choosing a set of sampling locations, P ⊆ R
such that: (1) C(P ) ≤ b, the cost of P is within the budget, and (2) the
uncertainty about the state of p over R is minimized after observations are
taken for all cells in P . We maximize Fisher information as a proxy for
minimizing uncertainty. Additionally, we want to predict the current state
of the unobserved cells in R, given, ω, a recently-sampled set of observations
of p in R.
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3.2.2 Approach

The prior observations are represented as a data matrix and used to fit a
generalized low rank model (GLRM) [15] composed of matrices X and Y , as
shown in Figure 1, arrow [a]. The GLRM captures the structure of p both
spatially and temporally and is used to compute Fisher information for sets
of cells in R.

The greedy path planner uses Fisher information (Figure 1, arrow [b]),
a cost function, and a cost budget to choose a set of sampling points in
R, starting an initial cell (Figure 1, arrow [d]). The Fisher information of
the sampling points is within 1

2
(1 − e−1) of optimal, given the constraints,

and that the cost of visiting each point, per the cost function, is within the
provided budget. The robot makes observations along this path (Figure 1,
arrow [e]) to get ω, a set of observations.

Finally, ω and the GLRM (Figure 1, arrows [f ] and [c]) are used to predict
the states of the unobserved cells in R.

Generalized Low Rank Model We represent the state of the attribute
p over R using a generalized low rank model (GLRM). A GLRM is a vector
model that represents large datasets with missing and noisy data as a pair
of comparatively small, low rank matrices [15]. The low rank nature of this
model means that it can predict unobserved values given a small number
of accurate observations. In addition, Fisher information, representing the
information of sets of cells as represented by the GLRM, can be computed
using a generalized low rank model [16].

Assume the environmental variable p can be observed at L locations
within R and observations are taken at T different times. Prior observa-
tions of p over R are given as a dataset. We collect these prior observations
in a data matrix, D ∈ RT×L, where the value of Di,j is the value of p observed
at cell i ∈ R at the jth time. Unobserved values over the T times and L cells
are set to arbitrary values in D; their values do not affect the results. A
projection function PΩ is used to ignore the entries of D corresponding to
missing or unobserved data. Let Ω ⊆ {1, . . . , T} × {1, . . . , L} be the set of
(time, location) tuples representing entries in D that contain observations.
Let PΩ be the projection operator that ignores the unobserved values in D.

We compute X and Y by

argmin
X∈Rk×T ,Y ∈Rk×L

‖PΩ(XTY −D)‖2
F ,

8
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where k ∈ Z is the rank of the model. Intuitively, the columns of Y are
basis vectors for a latent space that encodes the spatial structure of p; each
column corresponds to one location in R. Similarly, the columns of X are
basis vectors for a latent space that encodes the temporal structure of p. The
product XTY is a minimal-error representation of the original data matrix,
including predictions for unobserved points.

Path Planner We use a greedy path planner to choose the set of sampling
locations, given an information measure, and cost function with a correspond-
ing cost budget. The specific planning algorithm is introduced by Zhang and
Vorobeychik and maximizes a submodular quantity while respecting a cost
budget [17]. This planner requires a submodular function I : P(R) → R to
maximize and an α-submodular approximate cost function C : P(R) → R
with a corresponding budget value. Each of these functions take a set of
cells and returns a real number. The specific cost and submodular functions
chosen for the monitor application are discussed below.

The planner selects a set of cells P ⊆ R from a given initial cell, s. The
set P is initialized to contain the initial position, s, and the k−1 closest cells
to s, where k is the rank of the GLRM. The extra cells are added because
Fisher information is a meaningful quantity only if the number cells is be
greater than or equal to the GLRM’s rank.

At each iteration of the algorithm, the cell that maximizes the ratio of
change in information to the change in cost is added to the set of sampling
locations. Specifically, for each cell x ∈ R , a set P ′ = P ∪ {x} is formed. If
C(P ′) is less than or equal to the budget, we compute:

∆x =
I(P ′)− I(P )

C(P ′)− C(P )
.

Otherwise, if C(P ′) is greater than the budget, x is not a valid option
and ∆x is set to zero. After iterating through each cell in the environment,
a cell with the maximum value of ∆x is added to the path P . This process
is repeated until the maximum value of ∆x is zero, that is, there is no cell to
add to P that would respect the cost budget.

The path planner returns P , the set of cells in R where the robot must
take observations of p. The cells in P are treated as waypoints, that is, the
actual trajectory of the robot should pass through each cell in P , but the
robot’s trajectory is left to a lower level controller.

9

DISTRIBUTION A: Distribution approved for public release



We use a greedy planning approach because Fisher information is sub-
modular. Greedy approaches are computationally fast, simple to implement,
and are known to approximately maximize submodular quantities. Zhang
and Vorobeychik [17] prove that the value of the submodular function of
the cells selected is within 1

2
(1 − e−1) times of the maximum value of the

submodular function possible subject to the the cost constraints.

Cost Function The cost function represents the limit on how far the robot
can travel. We use a shortest path cost function and the nearest neighbor
algorithm as the α-submodular approximate cost function, required by the
planner. The nearest neighbor algorithm is a greedy-approximation for short-
est path problems [5].

Starting with a given point, the algorithm adds points to the path based
on proximity to the current point. That is, at each time-step, the next point
to be traveled to is the one that is closest to the current point. Given a
set of points P = {v1, . . . , vn}, the nearest neighbor algorithm returns a
travel ordering of these points, starting at v1, the ordering is notated P ′ =
{v′1, . . . , v′n}. The cost of the path is:

C(V ′) =
n−1∑
i=1

d(v′i, v
′
i+1),

where d(a, b) is the Euclidean distance between the points a and b.
For the planner’s optimality guarantee to hold, the approximate cost

function must be a ψ(n)-approximation, where n is the number of points in
the set and ψ(n) is some constant real number. A cost function is a ψ(n)-
approximation when it is at most ψ(n) times greater than the true cost. In
addition, the cost function should be α-submodular. That is, when x,A,B
are minimized and A ⊂ B the quotient

cost(A ∪ x)− cost(A)

cost(B ∪ x)− cost(B)

is equal to α [17]. The nearest neighbor cost function is a ψ(x)-approximation
and α-submodular [5].

Submodular Function Fisher information is used to quantify informa-
tion for the planning algorithm. Fisher information is a measure of relative

10

DISTRIBUTION A: Distribution approved for public release



information in a set of variables that can be computed directly from models,
including the GLRM [4, 16]. By observing the value of p at the set of cell in
R that maximizes Fisher information, the robot will maximize information
gain in expectation.

Formally, the Fisher information of a set of points, V, is:

I(V ) = log det

(∑
p∈P

YpY
T
p

)
,

where Y is the matrix from the generalized low rank model and Yp is the
column of Y corresponding to the cell p ∈ R. For the Fisher information to
be a meaningful quantity, the number of points in the set must be greater
than or equal to the number of rows in Y . Therefore we initialize the set of
sampling points to include the k−1 nearest cells to the initial cell, where k is
the rank of the GLRM. Fisher information is submodular because

∑
p∈P YpY

T
p

is a positive definite matrix and therefore Fisher information compatible with
the greedy planning algorithm [6].

Region Completion After the robot collects observations, the GLRM is
used to predict the unobserved cells of the region. Region completion allows
the robot to predict the full state of the region, without fully observing it.

Let D,X, Y be as described in Section 3.2.2, then the values of the unob-
served cells are a linear combination of the columns of Y , let x be the latent
factor needed to determine the linear weights.

We view the set of observations made as a new row d ∈ RL of D and a
new column x ∈ Rk of X. Since the set of new observations do not cover
the region, d has missing entries. We define the subset of R that was ob-
served as S ⊆ {1, . . . , L}. Define YS ∈ Rk×|S| to collect those columns of Y
corresponding to indices in S. This allows the unobserved cells to be ignored
in the reconstruction process. In order to estimate x, we minimize x in the
following:

‖PS(Y Tx− d)‖2 = ‖Y T
S x− dS‖2.

This can be reduced to:

(Y T
S YS)†Y T

S dS,

where A† represents the pseudoinverse of A. Note that the unobserved values
are not included in the objective and therefore do not affect the solution.

11
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Figure 2: Model architecture illustration. The inputs are a camera view, natural language
navigation specification, and pose (localization). Stage 1 discovers desirable locations in
the map to visit (visitation distribution prediction), and Stage 2 utilizes the result of Stage
1 to compute actions for the quadcopter to execute in order to achieve the desired result.
Note that only “Image Features” is computed in the camera frame; the remaining stages
are in the global map frame. The system tracks which parts of the map it has seen so that
it can reason about the possibility that referenced objects have not yet been seen. The
red and yellow arrows indicate the rock and banana locations throughout the pipeline. An
animated version of this figure is available at https://youtu.be/UuZtSl6ckTk.

Once x is computed, the values of p for the unobserved cells are predicted
by Y Tx.

3.3 Adaptible Specification

One attribute of natural language that makes it both difficult to use and
powerful is the varying levels of detail with which specifications may be
given.Although natural language may not seem like an obvious candidate for
writing specifications for persistent autonomy, it provides one vital attribute:
avoidance of overspecification.

Robots gain information from three sources: sensors, specifications, and
implementation. Quite often, information about the robot’s environment
that in the most general implementation should originate from sensors orig-
inates instead from the implementation. In other words, the solution hard-
codes too many assumptions. To study adaptabiity, we should therefore
make the specifications and/or the sensor inputs more general. In this work,
we do both by using natural language to instruct a quadcopter to navigate
through novel environments via landmarks.

We use statistical learning to model this process not because it is any
more general than traditional engineering approaches1, but rather as a pro-

1Compared to engineered approaches, learning approaches trade off predictability re-
garding inputs unseen in training for generality across the breadth of possible inputs. Thus,
they are not reliable as fielded systems but can be useful tools for exploring architectures.
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totyping tool to investigate an architecture that could later be implemented
in a traditional engineered approach. Such learning models can be quicker to
build and explore before we commit to a set of engineered software modules.
As such, this architecture (see Figure 2) is a proof of concept.

This implementation was built on a quadcopter with an architecture con-
sisting of logical modules that have transparent meanings and could be con-
structed as engineered modules in order to avoid the drawbacks of statistical
learning. The key architectural features three inputs (camera video, a natural
language specification, and pose/localization) and two outputs (commanded
linear and angular velocity of the quadcopter). Internally, it is organized into
two stages. Stage 1 generates an approximate path that appears desireable
based on the inputs over time. Stage 2 generates outputs in the form of
actions for the quadcopter to execute, which optimize for both following the
path and exploring unseen terrain.

The architectural modules of Stage 1 shown in Figure 2 are as follows.
The first module computes Image Features in a first-person view based on
familiarity with previously seen objects. Next, the current image features
are projected onto a global map using the pose and a pinhole camera model.
The results of that projection over time are integrated to generate a Seman-
tic Map, which tracks locations of potential interest within the terrain. The
integral causes it to remember locations that have gone out of view. Next,
a natural language processing module filters the semantic map to produce a
Grounding Map, in which only locations mentioned in the specification are
included. At the end of Stage 1, a Trajectory Distribution and Goal Distri-
bution are output. Combined, these predict a path which, when followed,
produces behavior similar to the specification. The approximate nature of
this path (a distribution) is a feature because it prevents the vehicle from
over-constraining the path plan too soon. That is, the path plan gets con-
tinuously refined as the vehicle navigates.

Stage 2 includes two modules as shown in Figure 2. The first module
tracks Observability and Boundary Masks. The second generates control
signals that weigh exploration more highly when the path plan and goal are
less certain because this indicates that the correct landmarks may not have
been observed yet. When those distributions are more certain, exploitation
is prioritized.
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4 Results and Discussion

This project has so far generated seven publications [1–3, 8, 9, 11, 12]. Dur-
ing the period of performance, this award supported one faculty member
(Ross Knepper: 3.385 person-months), three Ph.D. students (Valts Blukis:
5.625 person-months, Claire Liang: 4.5 person-months, Elizabeth Ricci: 4.5
person-months), and nine undergraduate students.

4.1 Failure Handling

We studied failure handling in several domains. One was the problem of
mobile robot navigation among people in social environments. In this work,
we implemented prediction and avoidance behaviors to prevent collisions and
other socially incompetent outcomes. We used a dynamics model based on
the Social Force model [7]. We showed that we can make accurate predictions
and use those predictions to read humans’ intent. We also showed that the
robot can react appropriately to those intentions. We presented this work at
RSS 2017 [8] and IROS 2017 [9].

A Masters of Engineering student studied failure handling both in sim-
ulation and on a real robot platform. First, she developed a high-fidelity
physical car simulator. Using the ideas we have developed on this project,
she implemented recovery from a number of failure conditions, including loss
of traction and loss of steering. The system was able to recognize the fail-
ure based on the sequence of irregular sensor inputs, and then it simulated
many possible recovery strategies. In almost all cases, the car was able to
avoid crashes. In some failure cases, it was even able to continue driving. In
parallel, another team of undergraduates modified a remote-control car by
adding computing and sensors. We then implemented this failure recovery
method on the real robot. Although it was more difficult to produce failure
conditions in the lab (such as loss of traction), we were able to show that it
could drive stably even in low friction on steep slopes without losing control.
This work has not yet been published.

4.2 Long-Term Mission-Planning to Maximize Information Gain

The project fully achieved its goals in the area of mission planning. We
demonstrated a capability for a robot to perform route planning online for
the purpose of maximizing information gain. Furthermore, we showed that
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from even a small set of observations (under 1% of the total terrain), it is
possible to reconstruct an entire map with low reconstruction error. These re-
sults were reported at RSS 2019 [11] and are currently in submission to IROS
2020 [12]. These results provide a bound on suboptimality. We demonstrated
the algorithm’s effectiveness on real-world data sets, including NDVI (vege-
tation health) data and fall foliage colors. These are representative of many
other globally observable patterns, such as ocean temperature and salinity.

4.3 Adaptible Specification

In RSS 2018 [1], we demonstrated a quadcopter flying in simulation using
landmark-based visual navigation from natural language instructions. In
CoRL 2018 [2], we extended the technique to perform planning in addition
to control by predicting the probability of passing over each point in the
map. At CoRL 2019 [3], we demonstrated transfer of this learned model
from simulation to the real quadcopter robot while using very few new train-
ing examples in the real environment. We have since extended the method
to navigate using unfamiliar landmarks as well by inferring their semantic
grounding. That work will be submitted to RSS 2020.

5 Recommendations

Persistent autonomy is a broad challenge. Before we can solve it, we will
need to make advances in almost every aspect of the robotics problem. In
addition, many approaches will need to be completely rethought.

As a consequence of three years spent working on the topic of persistent
autonomy, I have been able to lay out the persistent autonomy problem space
in more detail than has been articulated previously. What follows is not a
formal roadmap but rather the product of these past three years of active
research. The project scratched the surface of a few of these problems. How-
ever, solving persistent autonomy is beyond the scope of any one researcher.
It will take a movement, and so my objective in recording these ideas is to
highlight promising directions in which to move the community. It could
make sense to convert what follows into a position paper to be circulated
within the robotics and AI communities.
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5.1 History of Persistent Autonomy

Before we explore these insights, let us consider first the paradigm under
which long-term autonomy has been developed to date. The major success
story here is the manufacturing sector, in which robots are programmed in
excruciating detail to operate continuously for months at high precision in a
totally controlled environment. Most factory robots operate within a cage,
whose purpose is to keep people out — not only for safety but also to protect
the robot’s environment from being disturbed by people. Although people
are not physically copresent in the cage, expert engineers monitor the robot’s
operation and can intervene if needed to repair faults.

When a product design is updated, it can take a week for an expert
programmer to reprogram a factory robot. One cause of this inefficiency
is that the robot itself provides no assistance. It typically knows nothing
about the task it is performing nor the significance of its motions in the task
context. Instead, the robot knows only the motions it must perform, and the
process engineer is responsible for ensuring that the parts and materials are
correctly positioned. For this reason, factory robots are sometimes referred
to as “time-shifted teleoperation” rather than true autonomy.

In contrast to robots themselves, some other factory automation mecha-
nisms that control the environment are works of art as much as engineering.
For example, vibratory bowl feeders are used in factories to orient fasten-
ers from a bin uniformly so that a robot can blindly grab and install them.
The feeder mechanism relies on the randomness produced by vibration; it
contains a track with a series of gates that knock out parts that are in the
wrong orientation, so that they can recirculate in a new random orientation.
Vibratory bowl feeders are a classic and widely-used device, yet no general
method for designing a vibratory bowl-feeder exists for an arbitrary part. It
is a product of human creativity that defies precise algorithmic description or
constructive specification. Intuitionistic approaches to robotics like this are
favored for applications that reduce uncertainty. The very unpredictability
of this problem makes it hard to explicity specify or design an engineered
solution.

We distinguish the open-world persistent autonomy problem from the
factory automation problem in two ways. First, the increased passage of
time since the “launch” of the system (termination of human monitoring
and intervention) increases the opportunity for circumstances or conditions to
change. Second, by placing the robot in an uncontrolled environment, there

16

DISTRIBUTION A: Distribution approved for public release



are more potential sources of change (disturbances) at any one time. Both
of these increases in task complexity also require an attendant increase in
specification complexity if we are to fully instruct the robot on how to behave
in all circumstances. Thus, it is incumbent on the engineer to anticipate many
more eventualities when designing and building a persistently autonomous
system.

To make matters worse, the aspects of autonomy that are not handled by
factory automation but are needed in the open world – that is, the control of
uncertainty, like the vibratory bowl feeder – is the part of the process that is
hardest to specify a design for. This has been one of the core stumbling blocks
of robotics research over the last several decades. Uncertainty is very hard
to handle algorithmically. With the state of modern perception, autonomy
must distinguish between uncertainty that is intrinsic to the sensors and
naturally-occurring uncertainty in the open world.

It would seem that the fundamental problem with the modern approach
to building autonomous robots is that it still bears a substantial resemblance
to the old time-shifted teleoperation. Engineers try to anticipate every even-
tuality and specify precisely how the robot should respond. I believe that we
have reached the limits of this offline problem-solving approach, in which hu-
mans anticipate and specify how a robot should respond. It is natural for an
engineer to want to specify how a robot can address every possible scenario.
Instead, we should consider moving robotics to an online decision-making
approach, recognizing that much more information is available to make a
decision in the moment by the robot than in advance by the engineer. That
is, the autonomy problem becomes simpler if we can shift more authority to
the autonomy.

5.2 Specifications

Much robotics research amounts to an extension the factory automation
paradigm. The hallmark of factory automation is precise, engineered behav-
ior. Factory robots follow a design and fabrication process similar to most
of the engineered products they assemble. When we design a product, the
best engineering practice is to write down a complete, detailed specification
for how the product should perform. A specification is a set of requirements
that can detail myriad aspects of system performance. There are many types
of requirements. Constructive requirements state how the robot should work
(e.g. an algorithm). Descriptive requirements give properties of the imple-
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mentation, or of the running system, without stating how it is achieved.
There are of course many others types of specification as well.

Both the formal product engineering approach and the intuitionistic ap-
proach to building automation tacitly assume that you can test it and val-
idate that it works, either empirically or with formal verification methods.
Unfortunately, the time required for either approach is exponential in the
size/complexity of the specification of the system. Thus, these validation
methods do not scale well to the length and scope of general persistent au-
tonomy applications. Solutions to the persistent autonomy problem simply
cannot be exhaustively tested. At the same time, the state of formal methods
research for program synthesis and verification is not yet mature enough to
use on whole systems.

Research Questions. We are left with several major open challenges re-
garding specifications:

1. How can we write specifications more abstractly for robots to make
decisions themselves rather than telling them what decisions to make?

2. How can we validate that such a specification is correct for the innu-
merable possible situations such a robot may face?

3. How can we engineer systems that will make trustworthy decisions
themselves, given these new specifications?

4. How can we build robots that have the situational awareness needed
to make decisions competently?

5. How can we validate that an implementation meets such a specification?

5.3 Unanticipated Events

Sometimes unusual events occur that require an appropriate response. Con-
sider a deer that walks in front of a moving car, a sensor that malfunctions,
an aircraft that strikes a bird, etc. These events are characterized by their
infrequency, discrete nature, enumerability, and the necessity of a response.

Under long-term deployment, unusual events play a different role than
they do in laboratory experiments. In a typical laboratory experiment, most
failures that arise are of a common enough variety to be reproducible. For
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example, a walking robot mispredicts the ground plane where it steps and
topples over. Given the limitations of modern autonomous perception, it
should not be too hard to reproduce such a failure. Thus, the process of
engineering robot systems today tends to mirror the develop-and-test practice
of software engineering, in which extensive testing is used to shake out bugs
in the system.

Let us consider the set of unusual events that are not seen in testing, which
we can call unanticipated events. These events still require an appropriate
response by the robot, but one of the following applies: they were not written
as a constructive specification, they were not implemented on the robot due
to an assumption that they would not happen, or they were not validated in
testing. When a robot operates in the open world beyond the laboratory, the
number and probability of unanticipated events dramatically increases. As
operation in the open world without human intervention becomes prolonged,
the occurrence of some unanticipated event becomes inevitable. This includes
unanticipated events that could be classed as “failures”. In this discussion,
we stick to the broader term “unanticipated event”.

The process of handling an unanticipated event has four steps. Each one
is illustrated with an analogous example showing a human pilot responding
to an unanticipated event.

1. detection: The robot must detect that an unanticipated event is hap-
pening, has happened, or is about to happen.
Ex: The pilot sees a warning light in the cockpit light up.

2. diagnosis: The robot must understand what event is happening.
Ex: The pilot notes that the warning light indicates an engine has
stalled.

3. explanation: The robot must to explain why the unanticipated event
is happening.
Ex: The pilot notes which warning light is on (engine stall), accounts
for the context in which it came on (low altitude), and forms a theory
about what the unanticipated event is (foreign object debris, perhaps
a bird strike).

4. response: The robot must determine, based on the above information,
what action to take in response.
Ex: The pilot makes a plan to circle around and land on the same
runway using the one remaining engine.
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This template is general enough to respond to any unusual event, although
some steps may be no-ops in some situations. The four steps require the
robot to possess considerable knowledge about itself, its circumstances, and
the actions it is capable of performing. We address the larger implications of
this in the following sections. One observation of note here is that unlike the
event itself, the response may be either short term (instantaneous) or long
term (durable). The difference is whether the response affects future actions
that the robot takes.

Durable responses to unanticipated events are a mechanism for adapta-
tion. As circumstances change during long-term autonomy in ways that may
be hard to predict, adaptation becomes an essential component of robustness.

We may wish to deprioritize a popular practice within the robotics re-
search community, which is the focus on optimality. This property can be
appealing because it tends to cater to theoretical proofs. However, under
high-uncertainty conditions, an optimal expected outcome may have an ar-
bitrarily bad worst case outcome, given that the distribution assigns a small
probability to that outcome. We would be better off building robots that em-
phasize avoidance of worst case outcomes while maintaining a “good enough”
expected case. In general, strictly optimal performance is not as crucial as
bounded suboptimal performance with good average case performance. That
is, we would like our robots to perform well on average and live to fight an-
other day.

Case study. One of the best examples to date of attempted persistent
autonomy is the various Mars rovers and orbiters. Since the process of land-
ing or entering orbit proceeds in real time, the half-hour latency prevents
people on Earth from having situational awareness or intervening to help
guide the spacecraft as it appraoches the Martian atmosphere. The Mars
Climate Orbiter burned up on approach in 1999 due to a units conversion er-
ror between software modules, causing it to approach Mars too rapidly. Had
a human pilot been aboard, he or she might have realized that the space-
craft was not slowing down enough to enter orbit and intervened and made a
correction. The engineers who built the MCO did not sufficiently anticipate
or test for units conformance errors. It would not have been a difficult test
to write or run, but this particular failure was hard to anticipate in the tra-
ditional develop-and-test mindset since it required the engineers to assume
that the specification and/or implementation were wrong despite extensive
testing. This failure illustrates the value of automated tools capable of per-
forming formal verification of code. In addition though, some higher-level
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judgment must exist on persistently autonomous robots to replace the role
that humans play in handling unanticipated situations.

Promising approaches. How can we handle unanticipated events that
we cannot plan and test for explicitly, while also specifying nominal behavior
precisely? One notion is to adopt a hierarchy of specifications. I will return
to this notion shortly. One way to approach the design of a hierarchy for gen-
eralizing over a broad class of behaviors is to take inspiration from Maslow’s
hierarchy of needs. Using this approach, I propose the following priorities,
ordered from highest to lowest: homeostasis (steady internal conditions),
energy, security, mission. This hierarchy places the robot’s priority on self-
preservation, with the consequence that some of those more basic needs may
interfere with accomplishing the mission. There may be circumstances for
certain robots and/or missions where the order could differ. One advantage
of the hierarchical needs approach is that it raises the possibility of creating
isolation or independence among the layers. This notion bears some relation
to Arkin’s behavior-based architecture and Brooks’s subsumption architec-
ture that were popular in the 1980s and 1990s. It is worth revisiting those
as a starting point for a persistently autonomous system.

Another issue deserving more study is abductive inference, which is an
under-studied problem, particularly in robotics. Abduction, sometimes called
“inference to the best explanation”, has been used to solve very complicated
problems like crime solving and medical diagnosis. Many of the problems
a robot faces that are caused by unanticipated events are actually much
simpler than these mentally taxing problems. Such simple inference could
possibly have saved the Mars Climate Orbiter when it started to descend too
rapidly. Perhaps counterintuitively, easy abductive inference has received
far less research attention than the hard cases. It is these simple, “every-
day abduction” cases that robots most frequently need in order to adapt to
changing conditions. Research on this topic needs to emphasize rapid over
precise evaluation. This capability would enable robots to rapidly develop
and evaluate multiple hypotheses involving unanticipated events in a short
enough time-frame to respond successfully to the event.

Research Questions. Here are several research questions that need to be
answered regarding unanticipated events:

1. What capabilities does a robot need to have in order to handle unan-
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ticipated events?

2. How can a hierarchical specification be designed to cover what a robot
should usefully do in all possible unanticipated events?

3. How can we write specifications that permit needed but unanticipated
adaptations?

4. How can we design and validate the interactions between levels in the
hierarchy without causing unpredictable emergent behavior?

5.4 Knowledge Representation

Persistent autonomy requires advances in knowledge representation. Al-
though this field is comparatively mature within AI, there are directions
particularly relevant for robotics that have been less explored. Robots are
concerned about using knowledge to make decisions. Every decision commits
to a single action and rejects all other choices. This in turn requires commit-
ting to an interpretation of current knowledge under uncertainty. It is not
uncommon in certain branches of AI these days to see researchers counting as
correct any answer in the top 5 ranked answers. In contrast, in robotics any
choice lower-ranked than the first counts for nothing because it is the road
not taken. This fact has consequences for both knowledge representation and
tasking.

In classic AI research, knowledge is isolated in an abstraction, whereas
in robotics we care about knowledge contextualized in the robot’s physical
world. This has a few implications. First is the open-world problem: how
can a reasoning system incorporate new symbols and new knowledge over the
lifetime of the system? Second, all knowledge originates as data in the form
of sensor signals and control inputs. Thus, before doing any inference, we
must first ask: how does knowledge become knowledge? Concepts the robot
learns must be grounded in signals (this is the symbol grounding problem).
The inverse of this problem is to construct new symbolic knowledge from
these signals. Both of these problems must be solved constructively without
human supervision and with resilience to noisy data. Thus, knowledge must
be tagged with some kind of confidence level in order to perform revision of
beliefs. We should explicitly eschew forcing robots to use symbols, labels,
or classes that are intuitive to humans, noting that these are not necessarily
useful or distinguishable for a robot.
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This, in turn, gives rise to the bootstrapping problem. Where does initial
knowledge come from? When every observation is novel, then noise and
signal appear equally important. There are two traditional approaches to
bootstrapping. First, systems may possess a pre-curated ontology. Data
within is considered gospel, or is somehow assigned a confidence. Second,
robots may be “born” with no knowledge and must learn everything. In
both instances, any new information added to the system must be inferred
via noisy sensing. Consequently, all information learned by the system is
uncertain to some degree and subject to revision. Thus, a robot needs a
means to revise previously-learned information. In the first case, this creates
two classes of knowledge (one revisable, and one not). In the second case, it
can take a very long time to learn basic skills from a blank slate. Previous
studies in evolutionary robotics, developmental robotics, and reinforcement
learning often produce goofy, undesirable behaviors unless people spend a lot
of time tuning reward functions.

Another issue that the system must competently handle is counterfactu-
als. The system must be able to posit knowledge that it does not know to
be true, in order to evaluate what the consequences of this knowledge would
be. Planning is an example of counterfactual reasoning that robots routinely
face. This problem also arises when evaluating unanticipated events. Abduc-
tive inference can be used as a form of counterfactual reasoning to explain
mundane or surprising observations that the robot makes.

Beyond all of these requirements, another is the need to organize infor-
mation for efficient search. Operating in the world creates real-time decision-
making deadlines. This in turn places deadlines on knowledge retrieval and
inference. Work on cognitive architectures has studied models with different
levels of memory differing in recall speed, akin to models of human memory.

Promising approaches. The problem of establishing an ontology and
grounding of symbols in parallel has rarely been approached from this di-
rection. The “everyday abduction” technique may be valuable for extracting
knowledge from signals. Suppose that many signals over time are projected
into a high-dimensional embedding space constructed in a manner that is sig-
nificant to the physical process being sensed. Then signals whose projections
into the embedding space are in proximity would naturally be clustered into a
common symbol. For example, a robot manipulator could learn to associate
textures by tactile and visual perception of objects, where the clusters might
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correspond to smooth, rough, mottled, etc. Extracting these clusters would
solve the symbol grounding problem. Advantages to this approach are that
all symbols have inherent meaning and that beliefs can be assigned a confi-
dence score based on the nature of the embedding space projection and the
clustering that was discovered. It provides a tool to evaluate counterfactuals
(since they would have an inherent mapping into sensable properties of the
world). Finally, if evidence is later collected that contradicts an earlier belief,
then they both can be weighted based on the evidence, and hypotheses can
be readily revised or reconstructed from the original data.

A much more basic related question involves the nature of knowledge it-
self as represented by a robot. Consider a typical predicate, The door is open.
This phrase evokes a clear meaning to a human reader, even though a robot
may struggle to ground concepts like “door” and “open”. The expression
seems potent to a human engineer not because of the semantic content of the
statement itself but rather what it entails. For example, if the door is open,
then we can conclude: there exists a place in the room from which I can
observe the hallway, there exists a continuous path from the room into the
hallway, while I am in the room, my presence can be known by a hypothet-
ical observer in the hallway, and so on. However, each entailment requires
quite a bit of additional semantic knowledge beyond what is contained in
the statement. This forces us to ask whether it is even useful for a robot to
represent knowledge like The door is open. It seems imperative if the robot’s
goal specification is written in terms of that predicate being true, or if the
robot must otherwise communicate with humans. In a persistent autonomy
context though, it is not obvious that such high level human abstractions are
even particularly useful for a robot, given that lower-level abstractions are
also available.

Research Questions

1. What is the right level of abstraction at which to represent symbolic
knowledge for persistent autonomy?

2. How can the choice of abstraction be guided by the needs of the robot
instead of the intuition of the programmer?

3. What representation of confidence most effectively meets the needs of
robot inference?
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4. When new and old beliefs contradict, how can a robot decide which
one overrides the other?

5. How can counterfactual reasoning be kept tractable, given the un-
bounded possible counterfactuals and explanations?

6. For efficiency, can probable counterfactuals be precomputed, for exam-
ple from experience?

7. Is there a way to anticipate what knowledge or inference is most likely
to be needed rapidly and unexpectedly?

8. When performing abduction on signal clusters, how should the param-
eters for the embedding space be selected? Are there physical processes
that give natural preferred options?

5.5 Tasking

An autonomous robot must task itself by constructing plans to achieve tasks
such as communication, delivery, or reconnaissance. Such plans represent de-
cisions that commit the robot to act within the world. The planning problem
statement, as conventionally expressed, is to find a sequence of actions that
transform the current state in order to make some predicate true. Thus, plan-
ning is fundamentally an exercise in counterfactual reasoning. This category
includes two types of planning, called task planning and motion planning in
robotics. The two are differentiated by the level of granularity and abstrac-
tion at which actions and constraints are represented.

In long-term autonomy, a core question is how can a robot know what to
do with itself? This is a question of how to write a specification to task the
robot. Since a plan is itself a specification, this is really a question of writing
meta-specifications.

Let us consider the two traditional robotics planning problems: task plan-
ning and motion planning. Motion planning is continuous and geometric
in the style of RRT (rapidly-exploring random tree) or PRM (probabilistic
roadmap). Traditionally, it requires a precise geometric map of a space in-
habited by the robot and uses a kinematic abstraction of robot motion. A
solution is expressed in terms of a trajectory in the robot’s configuration
space. A robot can automatically generate obstacle maps suitable for doing
motion planning using geometric sensing, although the goal is typically in
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service of some higher objective that is abstracted away. Task planning is
symbolic and abstract, in the style of STRIPS (Stanford Research Institute
Problem Solver) or PDDL (problem domain definition language). This type
of planning operates in a Boolean predicate space requiring human intu-
ition to devise a coherent abstraction of a problem. Such planning problems
generally cannot be automatically posed without human help because the
abstraction incorporates substantial non-geometric information. For exam-
ple, a pair of blocks on the table are stackable, but the stackable affordance
is hard to detect geometrically. This affordance requires many assumptions:
that the blocks are not attached to the table, that they are rigid enough to
grasp, that they are light enough to pick up, that their coefficient of friction
is suitable for grasping, and so on.

The two planning problems are quite distinct. They are effectively pro-
jections of the total planning problem onto orthogonal subspaces. Solutions
to the two problems are typically complementary, but in practice it is quite
hard to combine them. My group has made recent progress towards solving
the two problems jointly [14]. The challenge inherent in solving these two
problems suggests that we may gain some leverage from reposing the problem
in a manner that is more suitable for autonomous specification and solution.

All knowledge on which the robot acts has uncertainty. Therefore, it fol-
lows that plans must be generated in a manner that mitigates uncertainty.
However, this notion contrasts with the conventional expression of the motion
planning problem as the search for a deterministic plan. Under uncertainty,
a new expression of the planning problem is needed. Types of uncertainty
that affect planning include: current state, goal, constraints, and effects of
actions on state. When making decisions under uncertainty, it is easy to
overcommit to a particular course of future action. Overcommitment here
means that at the future time when the robot must implement the decision
by taking the planned action, better information is available that would lead
to better choice being made at that moment. Thus, an important aspect of
dealing with uncertainty involves trading off decisions now versus deferred de-
cisions. The robot cannot simply defer all future decisions, however, because
the reason for doing planning is to choose an action now that leads to the
best eventual outcome, and the robot cannot know which action leads to the
goal without considering the entire sequence of future actions. Techniques
like interleaved planning and execution have been developed to address this
problem. The idea is that a robot computes an entire action sequence, exe-
cutes the first step of it, and then replans from the new state from scratch.
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I believe more efficient approaches are possible by planning abstract actions
and then gradually refining them.

Abstraction is really a key issue that must be further explored. As I
mentioned previously a few notions of levels of abstraction are baked into the
specification of planning problems (symbolic task planning, and geometric
motion planning). For persistent autonomy, we are acquiring knowledge
autonomously and building the specification of the problem autonomously. I
think it is a mistake to insist that the interpretations of the problem that the
robot solved must be what is intuitive to a human. We need to revisit at what
levels of abstraction planning is most appropriately performed. These choices
should reflect both the nature of uncertainty and the forms of knowledge
that a robot readily learns. In particular, the symbolic task specification
may be too abstract – at least until a robot can itself derive symbols at the
appropriate level of abstraction.

As previously discussed, there may be multiple levels of mission goals.
This fact may result in multiple levels of plan executing simultaneously at
varying priority. For example, bringing a drone back home may be higher
priority than getting certain photos, or it may be lower. This feeds into risk
management, which is a more natural place for human specifications to be
made than particular geographic coordinates or abstract symbolic properties.

Promising approaches. The task and motion planning problem is cur-
rently defined in a way that is intuitive for people to specify, but difficult for
a robot to solve. The core motivation for the use of task planning is that the
robot may discover plans to achieve goals requiring many sequential actions,
provided that the actions themselves may be abstracted and then readily
generated on demand via a motion planner. This approach to planning is
but one on a spectrum of approaches that vary in abstraction. We need to
redefine the spectrum of graduated levels of abstraction that will enable a
robot to slide along the spectrum efficiently, from accurate, physics-based
simulation of contact with the world to geometric motion and higher levels
of abstraction.

If we consider multiple abstractions at the levels of physics/dynamic,
geometry/kinematic, and pure symbolic, then we must also consider types
of uncertainty applied to each of these. Present approaches to uncertainty
are clustered into a few categories. Deterministic approaches assume one
possible outcome of all random processes and proceed to generate a single,
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precise solution accordingly. If for any reason the precise solution becomes
infeasible later, the entire plan must be thrown out and computed from
scratch. Stochastic approaches attempt to find the plan that will succeed
with maximum probability given current knowledge. This solution may itself
be expressed probabilistically, or it may be a single, precise solution as in
the deterministic approach. One popular framework for modeling planning
under uncertainty is POMDP (partially-observable Markov decision process),
which considers the robot as playing a game against nature and trying to
act optimally at each step. These approaches are all expensive to compute
because they share a common flaw of needlessly overcommitting to a solution.

I believe an alternative approach can perform the same computation at a
lower computational budget by finding a least-commitment plan. Such a plan
provides at each execution stage a set of actions that would result in progress
if executed. The planner then leaves to the controller the choice of which spe-
cific action to execute. The virtue of this approach is that it defers as many
decisions as possible to the time when the most information is available. A
side benefit is that if the controller never needs to make a particular decision,
then no time is spent precisely computing it. Another benefit is that the ap-
proach is more robust to disturbances. After a disturbance, the robot may
find itself in a new state from which an approximate plan has already been
computed, so handling the disturbance may require no special effort. For ex-
ample, in the realm of geometric motion planning, a least-commitment plan
specification could be expressed topologically via a deformation equivalence
relation similar to homotopy. Such a notion, grounded in the perceptions
of an autonomous robot, may provide the basis for a spectrum of levels of
abstraction for planning.

Research Questions.

1. How can least-commitment plans be most generally represented?

2. How can we let robots automatically select appropriate levels of ab-
straction for a given task?

3. How can uncertainty be represented without the overhead of probability
(e.g. performing endless integrals of minuscule probabilities)?

4. Given a language grounded in a robot’s percepts, how can we specify
tasks at an appropriate level of abstraction?
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5. Given a language grounded in a robot’s percepts, how can unobserved
attributes, such as a future goal, be understood?

5.6 Systems Engineering Issues

The robotics field has paid surprisingly little attention to many systems prob-
lems [13]. Robots are fundamentally different from any other engineered
product, for the reasons discussed in Section 5.2.

One characteristic of robots is that they are complex systems with many
interacting components. Aircraft and spacecraft share this property, and
both are giant enterprises that take years to design, build, and test. Valida-
tion is a very substantial component, including both testing and verification.
At the end of this process, these systems are considered highly reliable. Al-
though major incidents like the recent 737 MAX crashes are sensational, they
are extremely rare. This test process can be as reliable as it is because it
assumes there is a human making decisions at the time when a rare event
occurs. A consequence of this assumption is that systems can get away with
having limited situational awareness. In addition to evaluating the system as
a whole, individual components are validated in isolation. Such component
tests are meaningful because the overall system design prevents emergent be-
haviors due to interactions among components. In contrast, the possibility
of multiple rare events interacting is harder to test. Some independence be-
tween rare events can be assumed since a trained human will be able handle
such interactions. For persistent autonomy, the costs of validation increase
dramatically since the high-level decision maker is part of the system under
test.

Robot systems are often built with a laboratory demonstration in mind,
which can lead to certain decisions that limit later scalability. Many forms
of scalability matter, including run time, number of robots coordinating,
number of tasks performed, size of the environment, and so on. System de-
velopment needs to emphasize not limiting scalability needlessly, and testing
each form of scalability as much as possible.

Robot engineering could be characterized as the process of making as-
sumptions, abstractions, approximations, and generalizations about the world
that simplify the problem enough to be tractable to solve. The trouble is
that each of these choices is a simplification that will be wrong some frac-
tion of the time. A good architecture should isolate the system against the
risks inherent in the simplifications being wrong because the alternative is
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failure. Unfortunately, current robot architectures have many interdepen-
dencies among components.

Decisions made by engineers at design time have a profound effect on how
a robot is capable of generalizing. Robot architectures are typically modu-
lar, consisting of components whose interconnections form information flow
graphs. In a simple example, a sensing module connects to a mapping and
localization module, which connects to a planning module and finally a con-
trol module. This sequence describes a “planning pipeline”. The design-time
choices about which modules to include and how they connect create tacit
restrictions on what conditions can be handled by the robot at runtime. Such
communication flow graphs allow us to analyze risk at the component level
by noting critical points through which all information must flow. Such crit-
ical points are single points of failure if a component misbehaves either due
to a bug or an unmet latent assumption. Since engineers design systems for
components to work correctly, single points of failure are not guarded against
in robotics, and so they are everywhere. Redundancy is one possible answer,
although we must consider what benefit redundancy adds to a system. Sim-
ply replicating an existing component (such as was done on the space shuttle)
guards against hardware failure but not bugs or latent assumptions, which
are arguably the bigger problem. An alternative approach, then, might be
to diversify the methodological approach among the redundant components.

Perhaps redundant modules can incorporate alternative implementations.
For example, we can imagine generating competing estimates using both a
particle filter and a Kalman filter, or complementary forms of map. This
approach gives rise to multiple different solutions to every problem. Tradi-
tional architectures avoid needing to choose between contradictory estimates
or actions by including only one of each component in the pipeline. This
serial architecture does not truly avoid making these decisions but rather
locks in certain choices at design time with zero situational awareness, thus
limiting the robot’s situational awareness and flexibility at runtime.

Fundamentally, robots are decision systems, so no matter how many
sources of input there are, the robot must commit to a single control (out-
put) at one time. If we are to parallelize an architecture by adding compet-
ing modules, then there are also decision problems concerning how much to
trust the various information sources. Thus, there are many combinations
by which modules can provide input to a decision problem. These combina-
torics make testing a nightmare, which is one reason why this practice is not
generally followed. The validation problem will need to be addressed in order
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to leverage novel architectures that exploit parallelism and redundancy.

Promising approaches. It would be worthwhile to investigate wholly new
architectures for building robot systems that maximize runtime flexibility.
Even within the current serial pipeline, modules tend to overcommit to deci-
sions too early. For example, robot motion planners tend to output a single
geometric trajectory for the controller to follow. This choice is somewhat
arbitrary (there are many similar paths that would have been equivalently
good choices) and sets up the controller to fail in the sense that all controllers
have some degree of path-following error. In the case of motion planners, a
preferred strategy would be to emit as a solution a continuous set of paths,
such as a homotopy class or neighborhood of paths. A controller could then
follow the class of paths, like driving in a tunnel, with the knowledge that
any path is allowable provided it stays inside the boundary. By deferring
the choice to the controller, we allow for the most current information to be
factored into robot’s decision making. Similar principles apply throughout
the planning pipeline, where there are opportunities to defer decisions by
representing partial computations or satisficing sets rather than arbitrarily
picking one solution among many.

Research Questions. Here are some research questions regarding system
engineering:

1. What fundamental assumptions about the way that robots are archi-
tected can be reexamined?

2. How can architecture be modified to mitigate the effects of assumptions
that don’t hold true?

3. How can architecture be modified to maximize runtime decision-making
flexibility?

4. How can new architectures with greater redundancy be validated?

6 Conclusions

This project touched on a few small aspects of persistent autonomy. Work-
ing in these few areas highlighted a number of major research problems that
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must be solved on the way to persistently autonomous robots. Like the QW-
ERTY keyboard, which long outlasted its purpose in preventing mechani-
cal jams, many vestiges of the past survive as unchallenged assumptions in
robotics. The biggest obstacle may then be the body of assumptions gov-
erning how robots are architected, designed, built, and programmed. Con-
sequently, many of these problems are going to require substantial invest-
ments in time and resources to build sustainable progress that could lead the
robotics community in new directions. Although going back to basics may
not seem like progress, it is necessary in order to get the community focused
on solving the right problems that will lead to reliable persistent autonomy.
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