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Abstract— With mobile robots, most current methods of con- is not clear how the robot manages lower-level control, such
trolling the speed and direction of the robot require complexlogic  as staying parallel to walls, turning corners, etc.
and a great deal of parameter tuning. Instead, we are working Atkeson and Schaal focus on the task of swinging up and

on a system in which a human demonstrates how and where . . . .
to drive, by driving the robot with a remote control, and the balancing an inverted pendulum, with observation of a human

robot learns from demonstration how to navigate to its goal. At~ performing the task [2]. The robot learns a physical model
this point in this study, we have implemented such a system, by watching itself perform the task, and learns a reward

which is currently capable of avoiding obstacles and followg a  function from the human demonstration. Both a parametric
path. Qualitative testing has shown that acceptable perfanance (based on a dynamic pendulum model) and a non-parametric

in such behaviors is attainable after training for one hour.At this hysical del tried. For th tri thod
point, issues are present with what appears to be dynamics dn physical model were tred. For the non-parametric method,

latency effects not being completely learned, and also wittontrol ~ the authors cite Atkeson et. al, 1997 [3]. To learn how to
commands oscillating between two modes in ambiguous situa- swing the pendulum up, the learner used a reward function
tions. To counter these issues, we will investigate incorpating  that penalized deviation from the trajectory demonstrémgd
hysteresis into a sum-of-Gaussians model for voting on comand  1ha hman, Atkeson and Schaal [2] demonstrate that the robot
direction. Later in this study, we will also incorporate learning . . . .
of behavior changes, automatic dimensionality reduction,and can learn a better- control_ schema by trymg to achieve the
automatic tuning of obstacle detection parameters. same pendulum trajectory, instead of executing the same han
motions. Similar techniques could be used to learn longer
. INTRODUCTION trajectories with mobile robots, instead of learning sintie-
With mobile robots, most current methods of controlling thetep motor commands.
speed and direction of the robot require complex logic and a ) ) )
great deal of parameter tuning, especially when they irvolp- Behavior-based reinforcement learning
obstacle avoidance. Georgia Tech’s LAGR motion control In Mataric, 1997, Mataié cites many examples of robot
software is comprised of several low-level behaviors, sudystems utilizing behaviour-based, as opposed to detibera
as obstacle hugging for moving around large obstacles agwhtrol [4]. In particular, he cites Matdxi 1994 [5], which
a potential-field behavior for traversing mostly-cleara@r. describes the design of reward functions for reinforcement
A state machine switches between behaviors, accordingléarning of control based on behaviors. Another paper by
triggers that are also constructed by hand. Behaviors aghé same author discusses learning behaviors and learning
triggers take into account, among other factors, the mosti behavior selection, using reinforcement learning, andqarts
of the obstacles around the robot and the heading to the'sobat set of experiments with this method [6].
goal. Constructing and tuning these behaviors and trigiggrs )
hand has turned out to be error-prone and time-consumiftg. Nearest-neighbor methods
Instead, we would like a human to demonstrate how andK-nearest-neighbors is very easy to implement, and is very
where to drive, by driving the robot with a remote controldanefficient when implemented with a spacial index, such as a
the robot to learn from demonstration how to navigate to itéD-tree. KD-trees were first proposed by Bently, and later
goal. Implementing these “learned behaviors” would repla@pplied and studied with the nearest-neighbor problem by
unintuitive hand-tuning with driving. Friedman, Bentley, and Finkel [7, 8]. While lookups take
place in logarithmic time with respect to the number of data
) o points, they increase exponentially with feature dimemaiity.
A. Learning by imitation Several methods exist, however, for computing approximate
Hayes and Demiris used learning by imitation to allow oneearest-neighbors, and these operate much more efficiently
robot to learn how to traverse a maze by following anothénan exact nearest-neighbor in high dimensions. Amongethes
robot [1]. The input to their learner was the wall configurati approximate nearest-neighbor methods are one first prdpose
for example, “wall to the right and in front: turn left”. Walls by Arya and Mount [9], Locality-Sensitive Hashing [10], aad
were detected by IR sensors, and the other robot was deteateliection of methods demonstrated by Liu, Mocgeal. [11].
by a set of LEDs on top of it. The learner builds a list ofMe are currently using the method developed by Arya and
rules, where actions are associated with wall configuratiin Mount [12], which is available in a free library.

Il. RELATED WORKS



D. Dimensionality Reduction

The raw sensor input for mobile robots, whether images,
cost maps, stereo hits, etc, are very high-dimensional. By
intelligently mapping this high-dimensional input to lowe
dimensionality, we can reduce complexity of nearest-r@igh
lookups, and reduce the amount of training data needed. The
ray parametrization described in Section Ill is one way of
reducing dimensionality, but a multitude of methods exist f
creating parametrization automatically. It will be benific
to investigate principal component analysis, which regmés
low-dimensional vectors as linear combinations of the com-
ponents of high-dimensional vectors. Restricted Boltaman
machines have also been shown to be capable of learning ) ) ]
feature extraction from high-dimensional data [13, 14]- Ar{%, X The eature vecor used for leaming the state of hranment
other concept that may be useful in this project is mixturfes 6f the robot, as depicted by the green rays. Red areas inditstacles. The
local experts, which can be used to train learners when dé&ggs always extend from the same point on the robot, whichdated at the
comprises several “cases”, which in my case could be saparg™ of convergence of the rays.
behaviors. Jacobs and Jordan [15, 16] describe systems that
can learn these cases and learner decompositions.

that closest feature vector matches are only found whoske goa
[1l. SYSTEM DESCRIPTION heading matches very closely. To implement this high weight

The currently implemented system learns control behavidt§@dings are discretized into seven “bins”, and a separate
using a nearest-neighbor method. A switch on the remd¥¥@mple database is maintained for each bin.
control signals the robot to either learn from a human driv- When stored and queried, feature vectors undergo both a
ing, or drive autonomously. When learning from the humateight transformation, to alter the relative importanceath
training pairs are recorded that associate the currerg sfat Component of a vector, and a distance transformation, éo alt
the world with the motion performed by the human. Théhe importance of obstacle range measurements depending on
“feature vectors” representing the state of the world aredfix their distance from the robot.
length vectors of distances from the robot to the nearestSpecifically, the weight transformation makes the range
obstacle along rays extending out from the robot, as seenmeasurements to obstacles in front of the robot more impbrta
Figure 1, plus the robot's heading to the goal. The motidhan the range measurements to obstacles at the sides of the
performed by the human is represented as a vector describiagot. Qualitatively, this weight transformation imprevthe
the commanded linear velocity and angular velocity. Wheesponsiveness of the robot to curvature in the path ahead of
running autonomously, the robot builds a feature vectomfroit, and to obstacles in its path.
it's sensor readings, finds the closest-matching exampla fr The distance transformation exaggerates small changes in
the recorded training pairs, and commands the same motdistance for obstacles that are close to the robot, whilerdim
taken by the human in that example. Currently, separate sisting changes in distance for obstacles that are far fran th
of examples are recorded for each low-level behavior, anobot. Qualitatively, this distance transformation imyes the
behavior changes are still commanded by the hand-consttudbility of the robot to smoothly navigate around obstacles a
triggers. In the future, we will implement learning to caitr the robot approaches them, and to smoothly maintain canstan
behavior changes. distance from a wall when hugging it.

A. Feature vectors

- B. Motion commands
The rays of the feature vector indicate the closest obstacle

the robot in a “wedge” subtending the angle between adjacenfThe recorded motion commands are the actual forward and
rays. Experimentation has shown tR2&trays provides a good turning velocities sent to the low-level motor controllé.
balance between resolution and dimensionality. In thie casoftware remote-control mode has been implemented in the
each wedge subtends and angle7d®, which means that same process as the behavior learner, which reads the remote
this ray representation allows the robot to perceive gaps aintrol joystick positions, and maps them to forward and
1.25 m at a range of m. This minimum gap size is sufficient,turning velocities. These velocities are then sent to the lo
given that the robot is approximatety cm in width, and that level motor controller and also recorded with the training
the minimum perceivable gap size decreases as the robot ga@mples. The purpose of recording the motion commands
closer to the gap. this way is to attempt to capture all properties of the robot
In addition to these rays, one additional component of tlmotor system, including latency and dynamics, and to have
feature vector is the heading to the goal from the robot. the same control schema learned by the human be usable by
practice, we desire this heading to have a very high weight, the robot as it replays the same motor control inputs.



C. Nearest-neighbor learning more distant true obstacle, if the obstacle detection tiules

Learning is accomplished by finding the neighbor witR'e to0 sensitive. This behavior-learning system can be use
approximately the smallest sum-of-squares differenceache {0 address the issue of selecting obstacle detection thicesh
feature vector component. This is simply the Euclidean di§-the training examples are either stored with feature ot
tance between feature vectors. We are currently using ﬂp,@lt at various thresholds, or if the state_of the world retl
ANN library by Arya and Mount [12]. Currently, only the in such a way that feature vec_tors Qt various thresholds ean b
closest match is being used to control the robot, instead Bfconstructed later. Able to build training example dasaisaat
for example, a mixture of several of the closest matches. THarHous thresholds, the threshold can be selected thatsatie
reason for only using one match is that there are certdff"ning system to best predict the correct motion commands
situations in which motion commands are ambiguous, aR§ evaluated with test feature-motion pairs picked from the
averaging them would result in a worse motor command th8atabase.
any individual example. For example, if the robot is trawngl
directly towards an obstacle, a human trainer may sometimes
go around the left side of the obstacle, and sometimeségﬁlp

around the right side. Naivly averaging these commands, ) s
viously, would result in the robot continuing to travel fads. 2MPI€, which currently can avoid obstacles and follow a path

Instead of naivly averaging, for example, each closest hnat@ualitative testing has shown that acceptable performance
could contribute a Gaussian distribution of votes, weigfig such behaviors is attainable after training for one hour. At
the closeness of the match to the query, to asum-of-Gals;ssigHS point, issues are present with what appears to be dy-

model, with the command receiving the largest vote ultimyatenam'cs_ and latency effects not bglng_ completely learned, an
being used. also with control commands oscillating between two modes

Later in this study, we will investigate combining severd! am@guogs 5|tuat|9ns. To counte.r these ISSues, we will
close matches. In addition, there is currently an issue avhdpvestigate |r!corporat|ng hyste.reS|s. into a sgm-gf-Glanss
if a bimodal distribution of commands matching the currerW_Odel for_votlng on commgnd d|rect|on._ Later in this StUd_?' W
distribution exists, the chosen commands will oscillate bl also incorporate learning of behavior changes, autirna

tween modes while the low-level motor controller and thgimensionality reduction, and automatic tuning of obstacl

robot dynamics effectively average the oscillating comdsan detection parameters.
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