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Abstract

Motion planning for complex systems such as legged robots and mobile manipulators has
proven to be a difficult task for a variety of reasons: not only must planning software con-
sider a high-dimensional configuration space, but it must reason dynamically about how to
apply forces to the real world. Accomplishing such planning in real-time is harder still. One
promising strategy is to take a high-level approach to planning by reasoning about sequences of
discrete behavior primitives. For many plaforms this has proven far more tractable than global
search from start to goal in the full configuration space of the robot. A successful example
from the field of legged robots is footstep planning, which reasons over sequences of footsteps.

High-level planning, however, introduces significant tradeoffs. Although the space of dis-
crete behavior primitives is frequently more efficient to search, the planner depends on an
underlying controller or policy to faithfully and effectively execute the primitives the planner
has selected. Hence, the planner must have some model of the capabilities of the controller.
Encoding such capability models can be a tedious and error-prone task: if the capability model
is too conservative, the high-level planner may fail to find solutions for difficult problems; if
the model is too liberal, the robot may fail to execute the selected behavior. The situation is
compounded if the planner must reason about heterogeneous behaviors—imagine adding hop-
ping and sliding behavior primitives to an existing footstep planner. It may not be clear how to
translate estimates of the risk and cost of diverse actions into a common currency.

This thesis aims to develop a general system for quickly and effectively selecting among
heterogeneous behaviors for high-dimensional robotic navigation and manipulation. The cen-
tral idea of the system is to store pre-planned and/or previously executed actions in a behavior
library, which is then analyzed and queried via machine learning techniques. This data-driven
approach can aid high-level planning in a number of ways. First and foremost, planning is
accelerated by re-using the results of previous computation. In addition, the high-level planner
can adapt its capability model as well as heuristic cost-to-go estimates over time in order to
better reflect the capabilities of the system.

The proposed high-level planning system will be demonstrated and evaluated on the Boston
Dynamics Inc. LittleDog quadruped robot, as well as on another high-dimensional robotic
platform.



CONTENTS CONTENTS
Contents
Introduction
1.1 HighLevel Planning . . . .. .. ... ... .. .. ... ... .. .....
1.2 Thesis Statement . . . . . . . . . ..o e e e e
Related Work
2.1 HighLevel Planning . . . .. ... ... ... .. .. .. ...
2.2 Behavior and Trajectory Libraries . . . . . . ... .. .. ... .. ......
2.3 Learned Heuristics . . . . . . . . . . . . . e
2.4 Trajectory Optimization . . . . . . . . .« . v v v v vt e e e e
2.5 Locomotion Over Rough Terran . . . . . .. ... ... ... . ........
Technical Approach
3.1 HighLevelPlanner . . . . .. ... ... ... .. .. ..
3.2 Behavior Library . . . . . . . ...
3.3 Capability Model . . .. ... .. ... ..
3.4 Heuristic Cost-1o-Z0 . . . . . . . . ..
3.5 Behavior Recall and Optimization . . . . .. ... .. .. ... ........
Work to Date
4.1 LittleDog Quadruped Robot . . . . . .. ... ... .
4.2 Covariant Gradient Trajectory Optimization . . . . . . . ... ... ... ...
43 Learned Heuristics . . . . . . . . . . . . . . .. . e
Proposed Work
5.1 Behavior Library and Behavior Recall . . . . . ... ... ... ........
5.2 Capability Model . . . .. ... ... .. e
5.3 Heuristic Cost-t0-20 . . . . . . . . ...
5.4 Heterogeneous Behaviors . . . . . . . . ... ... ... o
5.5 Additional Robotic Platform . . . . . ... .. ... ... .. .........
5.6 Evaluation . . . . . . . ...
Conclusion



1 INTRODUCTION

Figure 1: Very capable robots for locomotion and manipulation. Left to right: Stanford University PR1, Boston
Dynamics Inc. BigDog, and AIST HRP-2.

1 Introduction

Robotic systems are becoming far more capable than they once were. Complex tasks such
as locomotion over rough terrain and dextrous manipulation in human environments are fi-
nally coming within reach of today’s robots. However, as robotic capability increases, motion
planning can become a daunting task.

Motion planning can be broadly defined as the task of finding a collision-free path or tra-
jectory through the configuration space, or set of all possible poses, of a robotic system in order
to reach a particular goal. Typically, some effort is made to ensure that the path returned by the
planner is of acceptably low cost, expressed in terms of quantities such as smoothness, energy
consumption and distance to obstacles.

For relatively simple robotic systems, resolution complete algorithms such as Dijkstra’s
algorithm, A*, and its dynamic real-time variant D*, can be used to find collision-free paths
and trajectories for robots [19, 49]. As the number of degrees of freedom of a robot increases
(generally above three or four DOF), these algorithms may become unusable due to the so-
called curse of dimensionality: an exponential increase in the time required for search. Today’s
predominant workhorses in motion planning for high-DOF robots are sampling-based planners
such as PRM and RRT [31, 34]. which use randomness to more rapidly discover the connec-
tivity of high-dimensional configuration spaces. Although sampling-based planners can solve
some complex search problems far more quickly than their resolution-complete predecessors,
for many problem domains their success is dependent upon the use of ad-hoc heuristic sampling
strategies. Furthermore, such planners produce suboptimal output which must be optimized to
remove jerky or unnecessary motion; such optimization is itself an active field of research.

Some high-DOF robots such as TU Delft’s Flame robot [23], or the Boston Dynamics Inc.
BigDog quadruped [11], use carefully tuned controllers and policies to coordinate their motion
without an explicit “motion planning” module. While these controllers and policies may be
robust enough to overcome significant deviations in terrain, they fall short of exploiting the
full capabilities of their respective platforms. In particular, if careful reasoning about footstep
locations is required, these policies fail because they only treat terrain features as a disturbance
to the robots’ walking motion.
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Figure 2: Left: Footstep plan over tilted rocky terrain. Right: Execution on Boston Dynamics Inc. LittleDog
robot.

1.1 High Level Planning

Rather than solving the seemingly intractable task of global planning from start to goal in the
full configuration space of the robot, my aim is to create a general high level planner which
reasons in the space of discrete behavior primitives, such as “step to location S” or “jump from
point A to point B”. A successful example of high level planning from the domain of legged
robots is footstep planning, which attempts to find low-cost sequences of footsteps [13].

I have already begun exploring footstep planning through Carnegie Mellon University’s
participation in the DARPA Learning Locomotion project. The project’s goal is to design
planning and control algorithms to guide the LittleDog quadruped robot, designed and manu-
factured by Boston Dynamics Inc., over rough terrain.

In my current implementation of the LittleDog control software, a footstep planner is used
to find a good sequence of footsteps from from start to goal. Once a sequence of footsteps is
chosen, a trajectory generation module outputs a naive initial guess of the full-body trajectory
to execute each footstep. The estimated footstep trajectory is refined in a trajectory optimiza-
tion module before execution. The optimizer balances criteria such as smoothness, obstacle
avoidance, and dynamic stability in order to produce good output trajectories.

Although the current combination of footstep planning and optimization is quite effective, it
is too slow to use in a real-time setting, and it only handles a single type of behavior primitive.
Fast performance is important in order to effectively re-plan in case of execution errors. As
the difficulty of the LittleDog terrains increases, adding additional behavior modalities such as
hopping and sliding will become increasingly important.

High level planning holds much promise because reasoning at the level of discrete behav-
iors decomposes the overall motion planning problem into more easily digestible chunks. A
particularly thorny issue surrounding high level planning, though, is the degree of coupling be-
tween the planner, which selects behavior primitives, and the underlying controllers or policies
which execute the behaviors. Managing this coupling can be a difficult task for a programmer
because the planner must maintain a good model of the robot’s capabilities. If the capability
model is too conservative, the planner may fail to find solutions to difficult problems; too lib-
eral, and the robot may fail to execute the selected behaviors. Another aspect of this coupling
is that the planner should have a good estimate of the heuristic cost-to-go for a problem in-
stance in order to speed up search, which may also be difficult for a programmer to encode.
Introducing heterogeneous behaviors complicates matters further for the programmer, because
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the capability model and heuristic estimates must reflect capabilities of diverse modalities of
actions.

1.2 Thesis Statement

This thesis aims to develop a general system for quickly and effectively selecting among het-
erogeneous behaviors for high-dimensional robotic navigation and manipulation. The central
idea of the system is to store pre-planned and/or previously executed actions in a behavior
library, which is then analyzed and queried via machine learning techniques.

Work on the thesis will demonstrate three main benefits of this data-driven approach to high
level planing. First, the behavior library should accelerate planning by re-using previous com-
putation. Second, the system should adapt its capability model over time so that the planner
gradually improves its ability to estimate what behaviors can be executed, as well as the behav-
iors’ relative costs. Finally, it will also adaptively improve its heuristic cost-to-go estimates in
order to reflect the costs and capabilities that it learns.

In order to evaluate whether the system in fact confers these benefits, learned functional-
ity will be compared to a baseline implementation that represents a best effort towards hand-
designed functionality. The system can be evaluated both in terms of success rate (how often
did the robot slip or fall) as well as in terms of computation effort. Some effects may come
in terms of tradeoffs; for example, taking a small decrease in overall optimality in order to
achieve increased generality.

The generality of the proposed work will be demonstrated by using the system to coordinate
heterogeneous behaviors on the LittleDog quadruped robot, as well as on another high-DOF
robotic system.
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2 Related Work

2.1 High Level Planning

As previously stated, footstep planning is a notable and relevant example of high level planning
for legged robots [13]. Earlier work on quadrupeds phrased the problem more in terms of
trajectory optimization [52].

In the computer graphics community, high level planning is used to select sequences of
behaviors for animated characters. In the so-called “motion graphs” approach, a library of
recorded behaviors can be connected into sequences based on an automated stitching tech-
nique [33]. Motion graphs have been used more recently in a real-time approach with pre-
computed search trees [36], and work has been done to ensure optimal search on interpolated
graphs [47].

2.2 Behavior and Trajectory Libraries

The concept of using a trajectory library to store previously executed behaviors was used in [4]
to solve a marble maze. The trajectory library stores both trajectories observed by watching a
skilled human, as well as additional trajectories created during learning by the robotic system.
A similar approach is taken again on the marble maze, and also for controlling a LittleDog
robot in [50].

2.3 Learned Heuristics

Recent work at Carnegie Mellon University has investigated Maximum Margin Planning (MMP),
which learns heuristics for optimal planners in by phrasing the problem as maximum-margin
structured prediction [44, 46]. The goal of MMP is to learn a weighting of features to create
a costmap that yields optimal paths similar to those specified by a human expert. First used
to compute cost maps for an autonomous ground vehicle, the research was later extended to
grasping and also to footstep selection for the LittleDog robot [42].

Also related is the concept of Inverse Reinforcement Learning (IRL), developed at Stan-
ford [39, 1]. The motivation is similar to MMP: learn a policy that matches the behavior of a
human expert. IRL has been used for autonomous helicopter maneuvers, as well as on simu-
lated driving platforms.

2.4 Trajectory Optimization

The field of trajectory optimization is closely tied to sampling-based planning because such
planners produce output that often contains jerky or redundant motion which must be elimi-
nated before execution on a robot. Perhaps the most prevalent method of path optimization is
the so-called “shortcut” heuristic, which picks pairs of configurations along the path and in-
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vokes a local planner to attempt to replace the intervening sub-path with a shorter one [30, 12].
“Partial shortcuts” as well as medial axis retraction have also proven effective [16].

Another approach used in elastic bands or elastic strips planning involves modeling paths as
mass-spring systems: a path is assigned an internal energy related to its length or smoothness,
along with an external energy generated by obstacles or task-based potentials. Gradient based
methods are used to find a minimum-energy path [40, 9].

2.5 Locomotion Over Rough Terran

A wide variety of work examines the task of locomotion over rough terrain. Work at Stanford
has investigated rock climbing robots [8]. Other research at that institution has investigated us-
ing sampling-based planners to produce walking motion for humanoid robots without a regular
gait [20]. Similar work explores grasp-based motion planning for animated characters [29].

Perhaps the most prominent example of robust robot locomotion is Boston Dynamics’ Big-
Dog quadruped [11], which recently autonomously traversed 12.8 miles without human inter-
vention [6].
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3 Technical Approach

As stated, the core idea of the system proposed here is to store pre-planned and/or previously
executed behaviors in a behavior library, which is then analyzed and queried via machine
learning techniques.

Robot and world state

Capability == High-level —, Heuristic

Model Planner

Cost-to-go
Execution

Behavior Behavior Behavior
Library Recall Optimization

What follows is a brief outline of the functionality of the various modules of the system:
Let x € X denote the state of the robot. The task of the high-level planner is to select the best
behavior u € U(z) to advance the robot towards its goal. To do so, it consults a capability
model which provides not only the set U(z) of available behaviors given the robot state, but
also state transition functions ' = f(x, u) and one step cost functions ¢(x, u) for the actions
in U(z). The high-level planner is also able to consult a heuristic cost-to-go module which
estimates a lower bound h(z) on the total cost to get to the goal.

Once a behavior is selected by the high-level planner, the task of the behavior recall module
1s to select a trajectory or control sequence from the behavior library which closely matches the
selected behavior. Since the behavior recalled from the library is not necessarily optimal for
the current robot and world state, it is passed through a behavior optimization module prior to
execution (similar to the existing trajectory optimization module used in the LittleDog software
described in section 4.2.1).

The following sections describe the modules in more detail. Particular techniques for im-
plementing the modules are discussed in section 5.

3.1 High Level Planner

The task of the high level planner is to pick the best next behavior for the robot to execute given
the current state and some specification of the robot’s goals. Ideally, this could be implemented
via a number of deterministic heuristic search algorithms. One obvious candidate is to use A*
search.

In the case of A* search, the planner needs to be able to enumerate the behaviors available
for a particular state as well as their relative costs. This information is provided by the capa-
bility model. The planner must also have access to a heuristic cost-to-go function, which will
be provided by a dedicated module. Finally, in order to implement A*, the high level planner

9
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must be able to determine if a state has been visited before. A simple hashing scheme based
on binning the various robotic degrees of freedom should suffice here.

The appeal of the system as described here is that it is amenable variety of other search
algorithms, including /V-step-lookahead search or anytime variants such as ARA* [38].

3.2 Behavior Library

The behavior library is intended to store pre-planned and/or previously executed actions of the
robot. At its core it is simply a collection of records. At minimum, each record in the behavior
library should store the initial state of the robot, the type of behavior primitive used, and the
parameters used to instantiate the behavior.

For behaviors that require a non-trivial trajectory generation and optimization such as the
current LittleDog footsteps (see section 4.2.1), the records should also store the full-body tra-
jectory used to control the robot throughout the behavior. If optimization is used to generate
trajectories, objective function values for the optimizer at the start and end of optimization may
also be useful to store.

Actions that have actually been executed on the robot (as opposed to merely pre-planned)
should also store the measured state of the robot from execution, along with sensor values (such
as force sensor values) which may be helpful for diagnostic purposes.

Major questions that will have to be answered are how frequently to insert records into the
library, and whether all actions, good or bad, should be candidates for insertion. Since the
consumers of the behavior library will be attempting to evaluate the risk and cost of various
actions, it may in fact be useful to have both positive and negative examples of behaviors in the
library.

3.3 Capability Model

The task of the capability model is to provide the set U(x) of behaviors available for a given
robot state x, as well as the relative cost ¢(z, u) of various behaviors. Here u includes not only
the type of the behavior (if heterogeneous behaviors are supported) but also the parameters
needed to instantiate the behavior.

The task of assigning cost to actions can be phrased in machine learning terms as regression
or function approximation. The input to the learning system is training data consisting of the
state = and the behavior parameters u. In a supervised setting, the output of the module would
be trained to match particular labels of the (x, ) pairs. In an unsupervised setting, the robot
could use reinforcement learning techniques to learn the cost based on success or failure of its
own actions. Note that failure in this setting need not be anything as drastic as the robot falling
over; it could also include data such as increased error in trajectory following or unexpected
force sensor readings.

Although the behaviors themselves may be heterogeneous, there is no reason that a single
regressor needs to compute costs for more than one modality of behavior. As long as their

10
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relative estimates are consistent overall, separate regressors may compute the cost-to-go for
diverse behaviors.

For many types of actions in certain environments (footsteps on level ground, for example),
there may be a large number of near-equally valid parameter values for the behavior. In such
situations, it would be ideal if the capability model could cluster the behavior into a succinct
number of representative alternatives. A similar problem of picking a “representative set” of
trajectory snippets for a wheeled vehicle is studied in [7], and the greedy algorithm proposed
in the work may be applicable towards this goal.

3.4 Heuristic Cost-to-go

Search-based planners such as A* require a heuristic estimate h(z) of the cost-to-go for a state
x in order to evaluate the relative merit of states in the search tree. The heuristic cost-to-go
module is responsible for providing this information. Like the capability model, this can be
formalized in terms of regression or function approximation.

This may well be the most complicated component of the system because it needs to esti-
mate the cost-to-go considering all modalities of behaviors (unlike the capability model which
can have a one-to-one mapping from regressors to behavior types). On the other hand, learn-
ing for the cost-to-go module can always be conducted in a supervised manner: for a given
trajectory, its job is simply to try to match the sum of costs returned by the capability model.

The difficulty of the task is also mitigated by the fact that the estimate i (z) need not be per-
fectly accurate—if it were so, the heuristic would make redundant the entire planner! Instead,
the estimated cost-to-go should be a useful lower bound.

3.5 Behavior Recall and Optimization

Although many behaviors can be efficiently implemented as real-time policies or controllers,
some behaviors (such as LittleDog footsteps in the current framework) require extensive tra-
jectory generation and optimization before they can be executed on the robot. In this sense,
trajectory optimization can be viewed as a “local planner” of the type commonly referred to in
the PRM literature.

Given a state action pair (x,u) from the high-level planner, the aim of the behavior recall
module is to search for the best matching stored behavior in the library to the requested pair. If
the stored behavior sufficiently resembles the one selected by the high level planner it may be
possible to greatly speed convergence of optimization by starting near a local optimum.

Behavior recall may not be necessary for behaviors that are implemented via simple con-
trollers or policies.

11
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Figure 3: Multiple-exposure photos of LittleDog traversing various terrains from Phase II of the DARPA Learning
Locomotion project. Left to right: steps, Jersey Barrier, and rocks.

4 Work to Date

4.1 LittleDog Quadruped Robot

CMU is one of five institutions participating in the DARPA Learning Locomotion project. The
goal of the project is to produce robust and fast walking behavior for the Boston Dynamics
LittleDog robot across rough terrain. Testing is performed by having the robot walk across
a variety of predetermined “terrain boards” which simulate rocks, barriers, slopes, and other
obstacles. In the current phase of the project, the robot is required to be capable of traversing
obstacles over 10 cm (0.65 leg lengths) in height, at speeds of over 7.2 cm/s (roughly 0.5 leg
lengths per second). The Learning Locomotion project has provided a rich backdrop for de-
veloping robot functionality. Since I have joined the project, I have developed a framework
consisting of over 28,000 lines of C/C++ code for robot planning, control, visualization, and
analysis. I have also logged hundreds of hours of runtime on the LittleDog robot.

The LittleDog robot has 4 legs with three degrees of freedom each (two at the hip and
one at the knee) for a total of 12 actuators. All of LittleDog’s joints are controlled via geared
motors. The hip degrees of freedom are jointly controlled through a differential, and the knee
is independently driven. LittleDog’s feet are attached to the lower legs via a spring which is
constrained to move along the axis of the leg. This introduces an extra, passive, degree of
freedom for each leg which we generally have not modeled.

The LittleDog robot is equipped with encoders for each of the 12 joints, as well as three-
axis force sensors on each spherical foot. Forces parallel to the leg are measured via a linear
potentiometer in series with the spring; perpendicular (lateral/shear) forces are measured using
strain gauges in the shin. The position and orientation of the dog, as well of all the terrain
boards, are measured by a Vicon motion capture system, which gives sub-millimeter position
sensing at very low latency.

4.1.1 Conventions and coordinate frames

In the rest of the LittleDog section, the following notations will be adopted:

12
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Figure 4: Kinematic coordinate systems for LittleDog, reproduced from Boston Dynamics documentation.
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Subscripts W and B are used to denote either world or body frame for vectors, i.e. py,. If
subscripts are omitted, the point is assumed to be in the world frame. Transforming from body
to world frame is accomplished via the transformation

Pw = Rpp +x

And inversely,

ps = R' (P — %)
Finally, I use [u] to denote the skew-symmetric matrix such that [u]y v is equal to the cross
product of u and v.

4.1.2 LittleDog Kinematics

Each LittleDog leg uses three separate motors to control the position of a spherical rubber foot.
Since the motors cannot independently control the position and orientation of the foot, the legs
are underactuated; hence, LittleDog cannot generate arbitrary forces and torques where the
foot touches the ground.

The default forward and inverse kinematics routines supplied by Boston Dynamics consider
the end effector for the leg to be located on the surface of the sphere at negative leg Z. I find a
more natural description of the foot position refers to the center of the foot, which allows the
software to quickly compute the height of the foot above flat ground independently of rotation.

13
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The most frequent use of inverse kinematics is to solve for the set of joint angles which
place the trunk at a given position and orientation, given a set of desired foot positions. Al-
though there are as many as four distinct solutions to place the foot at a given body-relative
position (knee forward/back, hip up/down), there is generally only one preferred solution in
the parts of the workspace that are typically used.

The LittleDog robot has roughly 3 kg of mass, 2.25 kg of which is in the trunk. Most of the
leg mass is concentrated in the upper legs. The kinematic origin of the robot lies at the centroid
of all four hip joints. Although the actual center of mass of the body is about a centimeter
above the kinematic origin, due to leg mass, the actual CoM of the robot is close enough to the
kinematic origin to use as a CoM for stability computation.

4.1.3 Full-body IK for Arbitrary Reference Points

Assume there is a reference point p associated with a particular frame for some link on the
robot, as shown in figure 5. The stance leg is controlled so that for any position and orientation
(x,R) of the trunk, the foot remains at position f. If the reference point p is in collision
with the environment, we want to know how to change the trunk pose to bring the leg out of
collision. This requires solving for the two Jacobian matrices

w

o 2], i gy - [

To accomplish this, we first need to solve a simpler problem. How does the reference point pp
change in body coordinates as we move the foot f 3? The answer is the matrix

The differential kinematics for the current joint angles q yield straightforward solutions for the
matrices Jp  (q) and J¢ (q). Then the chain rule tells us that

Jp,(fs) = [%}

- [ e
= Jp,(a)J¢, (@)

Since this step requires matrix inversion, we must be careful to make sure that the Jacobian
for the foot is invertible. Also, note that the matrix Jp _ (q) may be rank-deficient: it will have
zeros in one or more right-hand columns when the reference point is not attached to the frame
of the shin. In the case of a reference point on the trunk, Jp _(q) is simply the zero matrix.

Now we can tackle the original problem of finding out how p moves as we change the position

14
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Figure 5: Left: a collision is detected at point p along the shin. How should we change the pose of the trunk
(x, R) to move point p along the gradient g of the terrain? Righz: full-body IK translates and rotates the trunk to
correct the shin collision.

and orientation of the trunk. It turns out that

dp
w0 =[]
= I-RJp,(fz) R"
where I is the 3-by-3 identity matrix, and

Jp(R) = ld—p}

= R (Jp,(fp) [fs]x — [Pslx)

By inspection, it is easy to verify that these solutions are correct when the reference point is
at the foot, in which case J Ps (fg) = I, and also when the reference point is attached to the
trunk frame, in which case Jp_(fp) = [0].

To find out a differential body translation Ax and rotation w, we use Jacobian transpose control.
If we want to move point p in the direction of g, we set

Ax x Jp(x)'g
w x JpR)" g

4.1.4 Footstep Planning for LittleDog

The goal of footstep planning is to find low-cost sequences of footsteps to move LittleDog from
its start position to a predefined goal region. The cost of each footstep is expressed as the sum
of a location cost which specifies the relative difficulty of stepping on various terrain patches,
and a pose cost which considers kinematic reachability, support polygon size, and proximity to
obstacles.

15
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Figure 6: A* search trees from footstep planning. Left: the footstep planner finds a near-optimal path over flat
ground with just over 200 expansions. Right: over a more difficult slanted rocks terrain, the planner must expand
more than 700 nodes to find a reasonable solution.

In the current LittleDog software, the location cost depends only on the location of the
current swing foot. Hence, it can be precomputed into a cost map for a terrain before execution.
Pose cost depends on the joint location of all four feet before the step is taken as well as the
new location for the swing foot. It must be computed online during footstep planning.

Footstep planning for LittleDog is accomplished via the A* algorithm or an anytime variant,
the ARA* algorithm [38]. In order to use these algorithms, not only must the cost of a footstep
be defined, but the planner must have access to a heuristic cost-to-go estimate. The heuristic
estimate used in the LittleDog planning is to model the robot as a so-called “Dubins car” that
can only move forward, with a minimum turning radius. Given starting and goal configurations,
it is possible to solve for the minimum distance for such a car to travel [48]. To convert
the distance estimate to a cost estimate, I compute an estimated number of footsteps per unit
distance and assume flat ground (unit cost per step).

The robot may begin a footstep sequence by moving either of the hind feet. Thereafter, an
ordered crawl gait is enforced: the front leg on the same side of the robot is moved, followed by
the opposite hind leg, and so on. Computation of location cost and pose cost are summarized
in the following sections.

4.1.5 Location Cost

To build a cost map for the terrain, a feature vector is extracted for each (z,y) location. The
features are based on characteristics of a locally weighted quadratic regression of the heights
z(z,y) around each sample of terrain:

) = Lovl [ g o] thm [ 2 ]

For each local regressor, the mean x and y values are subtracted off, as is the weighted mean
of z so that all data is zero-centered. The coefficients £ are chosen to minimize the weighted
residual

k = argmin |[|[W (Ak — 2)|]> + \||k|]?
= (ATWA+ ) PATW 2

16
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where ) is a small regularization constant and [ is the identity matrix. The coefficient vector
k, data matrix A and observations z are given by:

ko= [k by ke ke ky K

x% ?J% Ty 1 Y1 1

]T

A =

)

T, yr% Tnln Tn Yo 1

Z = [21 Zn}T

The weights are simply Gaussian in x and y:
o — o [ YD)
7 - p 20_2

w = |:U}1 wn}T

W = diag(w)
From the coefficients k, five features are extracted for use as input to the cost map computation:

f:[€1€288d]T

_ . k:m: kxy
N

s = \/kI+ k2

e — \/E@ w; (2(3,Ys) — Zi)2
> Wi

Here e; and e, are the eigenvalues of the matrix of second-order coefficients (always real
because the second-order matrix is a symmetric real matrix). Two positive eigenvalues cor-
respond to a bowl-like indentation of terrain; negative eigenvalues correspond to a dome-like
feature. Both positive and negative eigenvalues indicate a saddle point. The magnitude of the
terrain slope is given by s, with higher values indicating steeper slope. The weighted error
of the regression is also used as a feature. Finally, another feature d related to the distance of
each terrain sample to the edge of terrain boards is extracted.

This set of features has a number of advantages. First, it is rotationally invariant, so that
the same terrain board will yield the same features independent of its yaw. Second it allows for
easy identification of hazards for LittleDog — the robot should avoid edges, steep slopes, and
peaked areas of the terrain. Finally, the zero vector corresponds to flat ground far from terrain
board edges, which is a known good support for LittleDog.

To convert from feature vectors to location cost, a utility function U(f) is created which
has a multiplicative relationship to cost:
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Figure 7: Left: interface for learning cost maps via support vector ranking. An expert chooses expresses prefer-
ences over pairs of randomly sampled terrain patches. Right: learned costmap for a rocky terrain. Low costs in
blue, high costs in red.

Here, the cost C'(f) associated with a feature vector f is computed by exponentiating the
negative utility of the features U(f). As mentioned, flat ground far from terrain board edges
corresponds to the zero feature vector. Hence, the cost function is normalized so that flat
ground has unit cost (adding U (5) in the equation above). As utility decreases linearly, cost
increases multiplicatively: if C'(f;) is greater than C'(f2) by a factor of m, then U( f1) must be
less than U( f2) by a difference of log m.

The utility function U( f) is learned from preferences input by a human expert (see figure 7).
The learning algorithm is based on the notion of support vector ranking [22], which enforces
the expert’s preferences as constraints on the utility function in a maximum-margin fashion.
The utility function is expressed as a sum of radial basis functions centered on the training data
elements f;:

2
Za, exp< Hf20“2ﬂ” )

When the human expert expresses a preference over two features f* and f~ (better and worse,
respectively), the constraint

U(ft) = U(f7)+m

is enforced. Instead of solving the quadratic programming problem that corresponds to finding
the weights a; of the training data points, a subgradient-based method similar to the NORMA
family of algorithms is used [32].

4.1.6 Pose Cost

The first step of assigning a pose cost to a footstep is to examine the size of the support polygon
for the next footstep. Say the front left leg is being moved. Then the next leg to move is the hind
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Figure 8: Signed distance field representation of a closed 2D polygon. Cells with negative values lie inside the
polygon; positive values lie outside.

right leg (as dictated by the order of the crawl gait). If the incircle radius of the support triangle
formed by the hind left, front left, and front right foot locations is lower than a predefined
threshold, then the footstep is discarded. Very small triangles that are just bigger than the
threshold are penalized slightly as well. Self-collisions of the robot are also discouraged by
penalizing poses where the swing foot moves very close to a stance foot.

The next step to assigning the pose cost is to associate the footstep with a pose of the robot’s
trunk. The trunk position and rotation are initialized to heuristic values based on the positions
of the three stance feet and the position of the new swing foot, and IK is used to find solutions
for the leg joint angles to place the feet. At this point a stance optimization module refines the
trunk position and orientation in order to ensure reachability, guarantee stability, and maximize
distance from obstacles.

Each terrain board used in LittleDog trials is supplied as a 3D triangle mesh. The Vicon
motion capture system gives the pose of each terrain board in terms of position and orientation.
To support fast collision detection and obstacle distance queries, the terrain is converted into
a Signed Distance Field (SDF), d(x), which stores the distance from a point x € R3 to the
boundary of the nearest obstacle. Values of d(x) are negative inside obstacles, positive outside,
and zero at the boundary.

To construct the SDF representation of the terrain, we begin by scan-converting triangle
mesh models of the terrain into a voxelized grid. Then we compute the Euclidean Distance
Transform (EDT) of the voxel grid and its logical complement. The signed distance field is
then simply given by the difference of the two EDT values. Computing the EDT is surprisingly
efficient: for a lattice of K samples, computation takes time O(K) [15].
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We set the grid resolution for the SDF to 5 mm. The resulting SDFs usually require about
10-20 megabytes of RAM to store. The scan-conversion and computation of the SDF is created
as a preprocessing step before optimization, and usually takes under 5 seconds on commodity
hardware.

Collision checking and distance queries approximate the geometry of the robot robot as a
“skeleton” of spheres and capsules, or line-segment swept spheres. For a sphere of radius r
with center x, the distance from any point in the sphere to the nearest obstacle is no less than
d(x) — r. An analogous lower bound holds for capsules. There are a few key advantages of
using the SDF to perform collision checking and distance queries. Queries are very fast, taking
time proportional to the number of voxels occupied by the robot’s “skeleton”. Since the SDF
is stored over the entire workspace, computing its gradient via finite differencing is a trivial
operation.

The stance optimization module computes for each link of the robot (aside from the sup-
porting feet) the point of closest distance to the terrain. If the distance is smaller than a preset
threshold, the full-body inverse kinematics (as defined in section 4.1.3) are used to generate a
differential translation Ax and rotation w to move the robot away from the terrain. Additional
translation and rotation components are generated in order to ensure that footholds are reach-
able given the robot’s kinematics, and to make sure the robot’s center of mass lies above the
support polygon for the footstep.

Stance optimization iterates in this manner until convergence, or a preset number of it-
erations. Components are added to the pose cost based on final distance to obstacles, kine-
matic reachability, and distance from the center of mass to the support polygon. The trunk
poses found during stance optimization are passed along to the walking trajectory generator as
“hints” of where to place the robot during execution. In practice, using this optimization dur-
ing footstep planning allows high performance because it carefully reasons about what poses
LittleDog should or should not be able to attain.

4.2 Covariant Gradient Trajectory Optimization

Along with Nathan Ratliff and others, I have developed CHOMP, a novel method for continu-
ous path refinement that uses covariant gradient techniques to improve the quality of sampled
trajectories [43]. Like previous approaches [41, 9], CHOMP formalizes trajectory optimiza-
tion as energy minimization via functional gradient descent. However, it offers two significant
advantages over previous approaches. First, because we use SDF representations of workspace
obstacles, the initial trajectory input to our method need not be strictly collision free. Second,
convergence is accelerated through the use of a Covariant gradient approach.

The goal of CHOMP is to find a smooth, collision-free, trajectory through the configuration
space R™ between two prespecified end points ginit, ¢eoat € R™. Let ¢() : [0, 1] — R™ be the
trajectory in configuration space that we seek to optimize, with ¢(0) = ginix and ¢(1) = ggoar-

Let B denote the set of points comprising the robot body. When the robot is in configuration
q, the workspace location of the element u € B is given by the function

z(q,u) : R™ x B R?
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A trajectory for the robot is then collision-free if for every configuration ¢ along the trajectory
and for all u € B, the distance from z(q, u) to the nearest obstacle is greater than ¢ > 0. If we
use a signed distance field to store d(z), the distance from a point z € R? to the boundary of
the nearest obstacle, then we can create an obstacle potential function

¢(z) = max (¢ — d(z),0)

that repels the robot when it is closer than ¢ to an obstacle. Now, the functional that we seek to
optimize is

u[q] = fprior [q] + fobs [Q]

D 1
1
. . (d) 2
frldl = 52w PRI

uld = [ [ e(stattrn)) [t

Here, the prior term is simply a weighted sum of squared derivatives of the trajectory that en-
courages smoothness. The obstacle term is an arclength integration of the obstacle potential
function ¢(z) over every point of the robot as it sweeps through space. The reason for the ar-
clength parameterization of this integral will become clear once we take the functional gradient

of fops:

‘ dudt
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u
where k is the curvature vector [14] defined as
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and J is the kinematic Jacobian a%x(q, u). To simplify the notation we have suppressed the
dependence of J, z, and c on integration variables ¢ and u. We additionally denote time deriva-
tives of x(q(t), w) using the traditional prime notation, and we denote normalized vectors by
z.

As written above, because the f,;,s functional is written as an arclength parameterization,
its functional gradient has the effect of taking the gradient of the obstacle potential, V¢, and
projecting away the components tangent to the motion of the robot before transforming it by the
robot Jacobian. In practice, this has the effect that the obstacle potential function only induces
motion perpendicular to the current trajectory, and never tries to alter the velocity profile along
the trajectory.

To run the optimization, we represent the curve ¢(t) as the trajectory as a discrete set of n
waypoints representing samples spaced at even time intervals:

=o'
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In this form, we can map the functional gradient VU{[q] to the normal gradient V(). Con-
tinuous derivatives are simply replaced by finite differencing operators. When we do so, we
notice that given suitable finite differencing matrices K, for d = 1,..., D, we can represent
the prior term f,,,;,(£) as a sum of terms

D
1
forior(§) = 5 E wa || Ka& + eall”,
d=1

where e, are constant vectors that encapsulate the contributions from the fixed end points. For
instance, the first term (d = 1) represents the total squared velocity along the trajectory. In this
case, we can write /&; and e; as

1 0 0 0 0
-1 1 0 . 0 0
0O -1 1 ... 0 0
Klz . .. : ®[m><m
o o0 0 ... -1 1
o 0 0 ... 0 -1

€1 = [_qg’07"'707qg+1]T'

where ® denotes the Kronecker (tensor) product. We note that f,;, is a simple quadratic
form:

forion (€) = 3ETAE+ETb 4 ¢

for suitable matrix, vector, and scalar constants A, b, c. We note that A is symmetric positive
definite for all d.

The gradient update rule to optimize £ is then

Ei1 =& — aA g,

where « is a step size parameter and g, = VU (). This update rule is a special case of a more
general rule known as Covariant gradient descent [2, 58], in which the matrix A need not be
constant. In our case, it is useful to interpret the action of the inverse operator A~! as spreading
the gradient across the entire trajectory. As an example, we take d = 1 and note that A is a
finite differencing operator for approximating accelerations. Since AA™' = I, we see that
the ith column/row of A~! has zero acceleration everywhere, except at the ith entry. A~1gy
can, therefore, be viewed as a vector of projections of g, onto the set of smooth basis vectors
forming A~L.

We gain additional insight into the computational benefits of the covariant gradient based
update by considering the analysis tools developed in the online learning/optimization literature
and especially [57, 21]. Near a local optimum, f is convex. Therefore under these conditions,
the overall CHOMP objective function is strongly convex [45]- that is, it can be lower-bounded
over the entire region by a quadratic with curvature A. [21] shows how gradient-style updates
can be understood as sequentially minimizing a local quadratic approximation to the objective
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Figure 9: Optimizing a footstep over a barrier. Left: Initial trajectory estimate has severe knee collisions. Center:
After optimization, collisions have been resolved by lifting the leg higher and tilting the body. Right: Execution
on robot.

function. Gradient descent minimizes an uninformed, isotropic quadratic approximation while
more sophisticated methods, like Newton steps, compute tighter lower bounds using a Hessian.
In the case of CHOMP, the Hessian need not exist as our objective function may not even be
differentiable, however we may still form a quadratic lower bound using A. This is much tighter
than an isotropic bound and leads to a correspondingly faster minimization of our objective— in
particular, in accordance with the intuition of adjusting large parts of the trajectory due to the
impact at a single point we would generally expect it to be O(n) times faster to converge than
a standard, Euclidean gradient based method that adjusts a single point due an obstacle.

4.2.1 CHOMP for LittleDog

Footstep trajectories for LittleDog consist of a stance phase, where all four feet have ground
contact, and a swing phase, where the swing leg is moved to the next support location. During
both phases, the robot can independently control all six degrees of trunk position and orienta-
tion via the supporting feet. Additionally, during the swing phase, the three degrees of freedom
for the swing leg may be controlled. For a given footstep, we run CHOMP as coordinate de-
scent, alternating between first optimizing the trunk trajectory &1 given the current swing leg
trajectory g, and subsequently optimizing £g given the current {7 on each iteration. The initial
trunk trajectory is given by a Zero Moment Point (ZMP) preview controller [28], and the initial
swing leg trajectory is generated by interpolation through a collection of knot points intended
to guide the swing foot a specified distance above the convex hull of the terrain.

When running CHOMP with LittleDog, we exploit domain knowledge by adding a prior
to the workspace potential function ¢(x). The prior is defined as penalizing the distance below
some known obstacle-free height when the swing leg is in collision with the terrain. Its effect
in practice is to add a small gradient term that sends colliding points of the robot upwards
regardless of the gradient of the SDF.

For the trunk trajectory, in addition to the workspace obstacle potential, the objective func-
tion includes terms which penalize kinematic reachability errors (which occur when the desired
stance foot locations are not reachable given desired trunk pose) and which penalize instabil-
ity resulting from the computed ZMP straying towards the edges of the supporting polygon.
Penalties from the additional objective function terms are also multiplied through A~! when
applying the gradient, just as the workspace potential is.
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Figure 10: Workspace-biased sampling distribution used to plan paths for a planar rotating and translating L-
beam. Left: automatically learned probability distribution. Right: samples drawn from distribution (red) shown
along with robot path (gray). Although the scene pictured above has three doorways, the distribution was learned
from examples containing only a single doorway, demonstrating ability to generalize across environments.

Although we typically represent the orientation of the trunk as a unit quaternion, we rep-
resent it to CHOMP as an exponential map vector corresponding to a differential rotation with
respect to the “mean orientation” of the trajectory. The exponential map encodes an (axis,
angle) rotation as a single vector in the direction of the rotation axis whose magnitude is the
rotation angle. The mean orientation is computed as the orientation halfway between the initial
and final orientation of the trunk for the footstep. Because the amount of rotation over a foot-
step is generally quite small (under 30°), the error between the inner product on exponential
map vectors and the true quaternion distance metric is negligible.

Timing for the footstep is decided by a heuristic which is evaluated before the CHOMP
algorithm is run. Typical footstep durations run between 0.6 s and 1.2 s. We discretize the
trajectories at the LittleDog host computer control cycle frequency, which is 100 Hz. Currently,
trajectories are pre-generated before execution because in the worst-case, optimization can take
slightly longer (by a factor of about 1.5) than execution. We have made no attempt to parallelize
CHOMP in the current implementation, but we expect performance to scale nearly linearly with
the number of CPUs.

As shown in figure 9, the initial trajectory for the footstep is not always feasible; however,
the CHOMP algorithm is almost always able to find a collision-free final trajectory, even when
the initial trajectory contains many collisions.

4.3 Learned Heuristics

During earlier work with LittleDog, I became interested in using RRTs to generate trajectories
for difficult footsteps. Although the current software no longer uses RRTs, that line of inves-
tigation produced some interesting results on learning sampling distributions for randomized
planners [59]. For a probabilistic motion planner, the sampling distribution can be viewed as
comparable to heuristic functions used by deterministic planners; the correct one can make a
crucial difference in performance.

Although probabilistically complete, in practice, sampling-based planners commonly suf-
fer from the so-called “narrow passage problem”: the relatively low probability of sampling
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states that extend the graph through small gaps in free configuration space [26]. Much effort
has been dedicated to developing sampling strategies for improved planning, based on either
configuration space or workspace features.

Configuration space samplers include the bridge test sampler to identify samples within
narrow passages [25], approximate medial axis sampling [55], and rejection of samples within
the Voronoi region of near-colliding states [56]. Characteristics of specific robotic platforms
such as manipulability can be used as well [37]. For dynamic re-planning applications, the
sampling distribution can be biased towards previously useful states [10], prompting the use of
nearest-neighbor classifiers to search among many past queries for relevant information [27].
Since many sampling strategies themselves take as input samples from an underlying distribu-
tion, their strengths can be combined by setting up chains of dependent samplers [51].

Workspace biasing methods include the Gaussian sampler for sampling near workspace
obstacles [5], as well as the workspace medial axis approach [24]. More recent methods have
focused on geometric analysis to identify workspace narrow passages [35, 53].

Despite all the effort invested in developing sampling strategies, experiments have shown
that there is no “one-size-fits-all” sampler that gives optimal performance across all classes of
planning problems [17, 18]. The sampling strategy here plays a role reminiscent of the learned
heuristic functions in [46, 54]: an informed one can be crucial for effective planning. A key
idea in our work is that the sampling strategy adopted by a probabilistic sample-based planner
can be understood as a stochastic policy in the sense common in the field of Reinforcement
Learning[3].

Our framework produces a workspace-biased distribution that yields good performance on
a given class of planning problems based on a weighting of workspace features. Aside from a
sampling-based planner, our approach requires: a discretization of the workspace into a set X
of finite elements; a feature vector f(z) : X — RX evaluated at each z € X’; a distribution
p(y|z) over robot configurations given a particular x € X’; and finally a reward function 7 (§)
which assigns rewards based on planning performance given the samples & = {z(!) ... (T},
Since the general problem formulation is not specifically targeted at a particular feature set or
randomized planner, we note that the methods presented here should generalize across a variety
of probabilistic planning algorithms and features beyond those used here.

The overall course of the approach is as follows: Invoke sampling-based planner on an
instance of the problem class. To generate samples, the planner should first sample an element
x ~ q(0, r) based on a weighting 6 of the workspace features f(x), and then sample a configu-
ration y from p(y|z). At the end of a planning episode, assign a reward r(£). Finally, estimate
the gradient of the expected reward with respect to the weights 6, take a gradient step, and start
again.

We create a workspace-biased probability distribution ¢(f, x) that samples in a discretiza-
tion X' of the workspace into finite elements. The distribution ¢(6, z), a member of the ex-
ponential family of distributions, uses the weight vector ¢ to bias the salience of various fea-
tures in the workspace. Our current implementation uses a uniform voxel discretization of the
workspace, but non-uniform representations of the workspace (i.e. quadtrees, octrees, KD-
trees) are in practice equally viable. For each workspace element x € X', we compute a feature
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vector f(z) € RE.
Now we define the distribution ¢(0, x) as

1

q0,x) = meXp (QTf(x))
Z0) = > exp (07 f(x:))

Note that Z () serves as a normalizing term so that the probabilities sum to one. The distri-
bution ¢(#, z) is a Gibbs distribution, and has several useful properties: When ¢ = 0, ¢(, x)
becomes the uniform distribution. As 6; approaches oo, the distribution holds nonzero prob-
abilities only where f;(x) reaches its maximum value. Given a uniform discretization over
the workspace, as the cell size approaches zero, ¢(6, z) approaches a continuous probability
density function.

The distribution for a sampling-based planner can be viewed as a stochastic policy. We are
interested in the expected reward for a given planning episode:

n(0) = Eglr()]

Given that the reward is assigned at the end of the episode, and given that all samples are drawn
from ¢, we can approximate the policy gradient with respect to 6 by multiplying the reward for
the planning episode by the average score ratio over all samples:

In the case of the distribution ¢(6, x) described above, the score ratio is the difference between
the feature vector at a particular element and the expectation of the feature vector under the
distribution:

Vq(0,z) N
0 fz) = Eyf]
— f@) - S fw)alb,w)

The update rule for 6 is then
enew - eold + 677(0)

where « is a small positive constant.

By writing the reward function to maximize number of problems solved per unit time, we
observed a 7x speedup over an unbiased planner when planning a 3D translation and rotation
“piano mover” type problem (example shown in figure 11).
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Figure 11: Comparing search trees for the 3D (6DOF) L-beam planning problem. Left: start and goal configura-
tions for beam. Center: tree built with uniform sampling (2924 nodes). Right: tree built with adaptive workspace
biasing (404 nodes).
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Figure 12: Illustration of labeling scheme for training MDA. Library elements x; are shown in blue. The corre-
sponding query elements y; are shown in red. MDA will correctly separate the data, but PCA will not.

S Proposed Work

5.1 Behavior Library and Behavior Recall

The current LittleDog footstep planner is not quite capable of running in real-time, mostly due
to the amount of time spent in trajectory generation and optimization. I believe that efficient
behavior recall will help move the current footstep planner towards a real-time implementation
by finding initial trajectories that are much closer to optimal than our current heuristic guesses
(pictured at left of figure 9).

Behavior recall can be formalized as efficient nearest neighbor classification. For a given
state-action pair (x, u), provided by the planner, the behavior recall module should select the
nearest behavior in the library.

As discussed in [50, 4], behavior matching of this type can be either global or local. Global
matching would compare states by reference to absolute coordinates on a particular terrain
board, whereas local matching extracts features f(z) from the vicinity of the robot and tries
to compare them to novel environments. Although local matching is more complicated to
implement due to the need to encode context, it promises to be more general than a global
matching approach.

If the dimension of the state-action pair is high (for instance, storing a representation of
the terrain around the robot), dimensionality reduction techniques may be utilized. Multiple
Discriminant Analysis (MDA) could be very useful in this context. MDA is a supervised classi-
fication algorithm that identifies a low-dimensional basis that maximizes the ratio of between-
class variance to among-class variance. MDA can significantly outperform other dimension
reduction algorithms such as principal component analysis (PCA) in classification tasks. In the
behavior recall system, the “class” of a query state-action pair (x, u) indicates the action that
we wish the behavior recall module would have selected for a the pair.

A possible algorithm for labeling data for input to MDA in the footstep trajectory domain
might go as follows: We are given a library that consists of the extracted features f(x;) and
footstep trajectories ; for every element i € {1,...,n} of the library. We also generate a set
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of query states 1, . . ., ¥n, to match against the library. For each state y; we find in the library
the state 2*(y;) that corresponds to the trajectory £* which minimizes the objective function of
the trajectory optimizer when given as input. Then the class of an element z; is the set of states
{y;lz; = *(y;)}. See figure 12 for an illustration.

Obviously, since global matching is much easier than local matching, it would be good to
verify that global behavior recall works before commencing work on local matching.

5.2 Capability Model

We want high level planners to be able to adapt their estimates of action costs to reflect the
true capabilities of the robot. A reasonable first step in this direction would be to come up
with a quantitative metric of robot performance that can be computed to discriminate between
successful and poor actions. Quantities to consider might include catastrophic failures (slips
and falls) as well as subtler metrics—quality of trajectory tracking, proximity to obstacles,
extreme accelerations or impacts, etc. If these measures of execution quality are combined into
a single scalar value, various function approximation or regression schemes could be used to
map state-action pairs.

Say the scalar quality metric represents probability of failure; then logistic regression may
well be sufficient to produce reasonable cost values. Like behavior recall, the local vs. global
issue becomes salient here as well. Again, some effort needs to be devoted to finding a suitable
representation of features to use as input for the regressor.

Since the planner will tend to execute low-cost actions in preference of high-cost actions,
developing this module recalls the “exploration vs. exploitation” dilemma familiar to those in
the field of reinforcement learning. The robot risks missing out on very good actions if they
are mistakenly labeled as high-cost during the learning process.

One possibility is to enforce some exploration by selecting actions stochastically, weighted
by their cost:
plulz) oc e e
This stochastic action selection would be enabled for learning purposes only (not for high-
performance execution), and it would have the benefit of occasionally selecting what seem like
poor actions in order to confirm their high cost. A natural learning scheme in this framework
is a REINFORCE-style algorithm similar to that used in [59].

5.3 Heuristic Cost-to-go

In order to make the system adaptive from top to bottom, the last step is to learn a heuristic
cost-to-go estimate. Maximum margin planning (MMP) is a promising starting candidate. To
implement MMP for footstep planning, I would probably start by using a 3D (x,y,0) grid-
based planner along with terrain features similar to those discussed in section 4.1.5. Using A*
to train the MMP should be very fast in this reduced-dimension space.
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5.4 Heterogeneous Behaviors

In order to overcome the more difficult terrain boards in the current phase of the DARPA
Learning Locomotion project, it is likely that additional behavior modalities beyond a simple
crawl gait will be required. Possibilities include trotting, hopping, or sliding. Perhaps the
most major impact of introducing heterogeneous behaviors is to change the dedicated footstep
planner into a general, high level planner.

This would also require updating the behavior recall, capability model and heuristic mod-
ules.

5.5 Additional Robotic Platform

In order to demonstrate generality beyond a single robotic platform, I intend to use the system
to plan for another high-DOF robot in the domain of legged locomotion and/or mobile manip-
ulation. My research group has access to Sarcos and HRP-2 humanoid robots, as well as the
Intel personal robotics research platform, which consists of a WAM arm with a Barrett hand,
mounted on a Segway base.

However the second platform ends up being selected, the important aspect of the research is
to demonstrate that the proposed system can be adapted to another robot without undue effort.

5.6 Evaluation

Before delving too deeply into developing functionality, I will formalize the criteria for evalu-
ating the success of the proposed system beyond those outlined in section 1.2. In particular, I
will identify the aspects of the system likely to provide the best value in terms of improvement
over the current state of the art.

The final system will be compared against a best-effort, hard-coded implementation which
implements comparable functionality without the adaptive components. Quantitative measure-
ments will likely include computation effort (including storage overhead) and measurements
of robot performance: slips and falls, tracking errors, execution time and quality.

Beyond quantitative measurement, a more subtle evaluation criterion is ease of use—how
general is the system? Is it prohibitively difficult to add new behaviors or modify existing ones?
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6 Conclusion

The proposed work should contribute a novel approach to high level planning which selects
among heterogeneous behaviors for complex robotic tasks. The work will overcome limitations
of existing high level planning approaches by using machine learning techniques to adapt to
the capabilities of the robot over time.

The generality of the data-driven high level planning system will be demonstrated through
implementation on the LittleDog quadruped robot as well as on another high-DOF robotic
platform.

Schedule of Work

A rough schedule of work follows:

Jan 2009 — Proposal.

Feb 2009 — Formalize evaluation criteria (section 5.6).

Mar 2009 — Behavior recall with global matching (section 5.1).

Apr 2009 — Behavior recall with local feature-based matching using MDA (section 5.1).

May 2009 — End of DARPA Learning Locomotion project. Identify an additional robot
platform to demonstrate generality (section 5.5). Demonstrate capability model based on
logistic regression (section 5.2).

Jun 2009 — Implement MMP to provide heuristic estimates to high-level planner (sec-
tion 5.3).

Jul-Sep 2009 — Begin porting functionality to second robotic platform (section 5.5).

Sep 2009 — Investigate REINFORCE-style algorithm for adaptively learning action costs
(section 5.2). Finish developing LittleDog functionality.

Oct-Nov 2009 Finish developing functionality for second robotic platform section 5.5).
Dec 2009-Mar 2010 Evaluation (section 5.6) and dissertation writeup.

Mar 2010 — Thesis defense.
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