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Abstract

Humans are capable of accomplishing a variety of
complex tasks in environments which have continu�
ously changing characteristics� Robots� however� gen�
erally require highly structured environments which al�
low the programmer to make a large number of as�
sumptions� making the robot�s task easier to encode�
We propose a framework for programming robotic
tasks using human�to�robot skill transfer� We assume
that there exists a human expert who can accomplish a
task in an unstructured environment by using various
sensor displays and controls� The human expert per�
forms the desired task a number of times while her�his
input�output pairs are being recorded by the robot� The
robot then uses this recorded data to construct a map�
ping between these sensor inputs and actuator outputs�
This mapping must be general enough to allow the
robot to accomplish the same task� in similar but not
identical� dynamic� unstructured� environments� This
paper presents a testbed for human�to�robot skill trans�
fer which is based on the teleoperated control of a small
mobile robot working in an unstructured environment�
The skill which is transferred from human�to�robot is
loosely based on the tree tending task� a task which
was chosen for its inherently unstructured nature� The
SPORE approximation is proposed as a means for cre�
ating the robot�s mapping from sensor inputs to actu�
ator outputs�

� Introduction

We approach the problem of programming robots
that can work in unstructured environments from the

point of view of human�to�robot skill transfer� In this
paradigm� the human transfers his or her skills to a
robot by giving the robot a �nite number of examples
of how the desired manipulation task is done� The
key to the success of this type of robot programming
is that the robot be able to generalize the desired task�
given only the human experts examples� even when the
unstructured environments change after learning has
occurred�

Other researchers have had success with similar ap�
proaches to the robot programmingproblem� Wemen�
tion only a few examples here� Perhaps the most re�
lated work is that of Pomerleau ��� �	� where he suc�
cessfully uses a 
 layer perceptron network to control
the CMU ALVINN autonomous driving system as it
drives along a road� Pomerleau�s approach di�ers from
that presented here in that 
� we use a nonparamet�
ric approximation approach and �� the human expert
supplying the training data uses only the sensor inputs
being fed to the approximation �Pomerleau does not
use this restriction�� However� as with the approach
presented here� Pomerleau uses a large number of sen�
sor inputs ����� to e�ectively generalize the desired
task�

Other related work includes that of Kosuge et al
�
� where a priori knowledge of the task is incorpo�
rated with human generated examples to transfer a
skill� Other researchers use neural networks to encode
the human�s skills� for the deburring task Shimokura
and Liu ���� and for compliance control Asada �
�� Lui
and Asada ��� use process dynamics for transferring
manipulative skills� Yang et al ��� use a multidimen�
sional Hidden Markov Model to represent the trans�
ferred skill� Rouse et al ��� also consider symbol pro�
cessing models as useful tools for capturing human



skills and knowledge�
The approach to human�to�robot skill transfer pro�

posed in this paper assumes the following�

The human operator can accomplish the
desired manipulation task by using only the
robot�s sensors to obtain information about
the world� and using only the robot�s actua�
tors to manipulate world objects� Thus� the
human has only the robot�s perspective on
gathering world information and manipulat�
ing world objects� and no other� This implies
that if the human can accomplish the task�
then the robot should also be able to accom�
plish it�

This assumption has at least one important implica�
tion for the choice of a learning system� or approxima�
tion framework� for generating the sensor to actuator
mappings� Humans are usually only experts at ma�
nipulation tasks which they can anthropomorphize to
their natural frame of reference� In other words� we
are accustomed to particular human sensory and ac�
tion modalities� and as the information for the task
becomes more sparse� the task becomes more di�cult�
As a result� when a human expert is demonstrating a
task which is su�ciently complex� it is likely that he or
she is using a large number of sensor inputs of various
types� including both visual and tactile� Thus� the
type of human�to�robot skill transfer proposed here
requires an approximation framework which is highly
�exible with respect to the number and variety of sen�
sor inputs� and yet is practical to implement�

In this paper� we brie�y describe a nonparametric
approximation framework �SPORE� which we propose
to use in human�to�robot skill transfer� We then de�
scribe a human�to�robot skill transfer testbed which
we have implemented� Finally� we report the results
of our �rst skill transfer experiment done in an un�
structured environment using the proposed approxi�
mation� The skill which we have chosen to demon�
strate is loosely based on the tree tending task� and
was chosen due to its inherently unstructured charac�
teristics� However� the framework we are in the pro�
cess of formulating should be generalizable to a large
variety of human skills�

With respect to the proposed approximation frame�
work� the main goal of this paper is to answer the
following questions�


� Our intention is to feed the sensor inputs used by
the human operator directly to the SPORE ap�
proximation� with no intermediate signal�image
processes� The question then becomes� given only

a small number of examples of the skill being
transferred� how well does the SPORE approxi�
mation generalize this skill beyond the conditions
of the training set�

�� The SPORE approximation is constructed using
training data which takes a speci�c amount of
memory to store� Due to the nonparametric na�
ture of the SPORE approximation� the size �in
terms of bytes� of the learned approximation is
directly dependent on the training data �i�e� it�s
nonlinearity or complexity�� Thus the question
then becomes� what is the compression ratio of
the approximation� For our purposes the com�
pression is de�ned as follows�

compression ratio �
size of approximation �bytes�

size of training data �bytes�
�
�

In answering the above questions we hope to gain
some insight into the e�cacy of the SPORE approxi�
mation for human�to�robot skill transfer�

� The Spore Approximation Frame�

work

The sensor to actuator mappings are represented
using a new function approximation framework which
is here referred to as the Space Partitioning� self�
Organizing and dimensionalityREducing� or SPORE
approximation ���� The SPORE approximation rep�
resents functions by summing cascades of � dimen�
sional functions� The approximation takes the fol�
lowing form� let f�x�� ���� xN��� be an N dimensional
function� then the SPORE approximation of f is given
by �see Figure 
 for a � dimensional example of this
structure��

�f �x�� ���� xN��� � g���� �h���� �x�� x��� x���
g�������� �h�������� �h���� � x��� x����mod�N����Plmax

l�� g��������l�l �h��������l�l �
h���� ����l���l�� � x��l�mod�N���� x��l���mod�N����

���
where�


� A mod N is the integer remainder �modulus� of
�A�N �� and is used as an index to cycle through
the independent variables of f�x�� ���� xN����

�� the subscript notation ��������l�l indexes con�
straints combined to form disjoint regions �re�
ferred to as branches� of the input space� It



serves to identify the two dimensional functions
g��������l�l and h��������l�l which approximate the
target function� f � on the speci�c sub�domain of
the input space referred to by ��������l�l�


� lmax is an integer de�ning the maximum num�
ber of terms required in order to achieve some
bounded approximation error maxx�D j �f�x� �
f�x�j � � where � is an arbitrary� small� positive�
real number� and D is the domain of the function
f �
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Figure 
� � Dimensional Example of the SPORE
Structure Along a Single Branch

The SPORE approximation is constructed one term
at a time until the approximation error has been re�
duced to the desired level� The number of terms con�
structed by the learning algorithm is not chosen a pri�
ori � but is determined as learning progresses� making
the SPORE approximation nonparametric� Note that
each term requires the approximation of only a pair of
� dimensional functions �g��������l�l and h��������l�l ��
which is one reason why SPORE is tractable� even for
large N �

Beginning with the entire input domain� the se�
quences of ��s and ��s represent constraints which

branch in a tree�like structure de�ning disjoint sub�
domains� Hence each level of the tree represents a par�
titioning of the input space D� These constraints are
constructed such that in each sub�domain or branch
�referred to by the subscript notation ��������l�l��
equation ��� gives an adequate approximation of the
target function� This domain subdivision is not chosen
a priori � but is controlled by the learning algorithm
as learning progresses�

The SPORE approximation framework has a num�
ber of characteristics which make it a potentially good
candidate for representing the high dimensional func�
tions required in human�to�robot skill transfer� These
characteristics include the following ����


� The complexity of evaluating the SPORE approx�
imation for any one input vector �x�� ���� xN��� is
given by �lmax �C�D� where C�D is the complex�
ity of evaluating a � dimensional function� For
the example given in Section �� we chose to use
third order polynomials to represent the � dimen�
sional functions� and hence C�D is the complexity
of evaluating a third order� � dimensional poly�
nomial� This choice of a � dimensional function
representation is arbitrary and does not a�ect the
theoretical convergence properties of the SPORE
learning algorithm� However� it does a�ect the
number of terms required to obtain a su�cient
approximation� as well as the extent of domain
subdivision generated by the learning algorithm�

�� The SPORE approximation is able to represent
any bounded continuous N dimensional function
�N � 
�� to any arbitrary accuracy� The learning
algorithm associated with the SPORE approxi�
mation has the following characteristics�

�a� An algorithm exists which is theoretically
guaranteed to construct a uniformly con�
vergent minimax SPORE approximation for
any bounded continuous N dimensional
function �N � 
�� The approximation
formed by the algorithm is nonparametric�

�b� If f�x� is bounded� continuous� and at
least once di�erentiable� then the rate of
convergence of the learning algorithm �de�
�ned as the number of sample points re�
quired to achieve a given level of approxima�
tion� for the construction of each branch of
equation ���� is independent of dimension�

ality� and is given by kf�x� � �fn�x�k� �
O��cn��� log cn�r � where k � k� is the L�

norm� f is the function being approximated



and �fn is the SPORE approximation based
on n random samples of f � c � � is some
constant independent of dimension N � and�
r � p	��p � 
�� where p is the number of
times that f can be di�erentiated�

�c� The complexity of learning along one branch
of the SPORE approximation to level lmax

is given by lmax � �Cg � Ch�� where Cg is
the complexity of learning a g��������l�l func�
tion and Ch is the complexity of learning an
h��������l�l function� For the example given
in Section �� we chose to use third order
polynomials to represent the � dimensional
functions� and hence Cg and Ch are de�ned
by the complexity of learning a third order�
� dimensional polynomial�

� The Experimental Testbed

A small scale proof�of�concept testbed for human�
to�robot skill transfer has been implemented �see Fig�
ure ��� consisting of a tracked mobile robot which
is approximately 
	 centimeters long and �
 cen�
timeters wide� The robot is equipped with 
� left
and right tracks� each with independent proportional
forward�backward motion similar to that found in
forestry excavators� �� a gripper �not shown in Fig�
ure �� to allow it to grasp objects� and 
� an NTSC
color camera� The leftmost image in Figure � shows
the robot�s workspace and the rightmost image shows
a closeup of the mobile robot� Initially this robot is
intended to operate in a �at ��	 meter by 
�� meter
workspace which has randomly placed obstacles and
grippable objects� The intended task of the robot is
to manipulate the target objects �while avoiding the
obstacles� in a manner de�ned by a human operator
who �rst accomplishes the desired task a number of
times via teleoperation� The human operator observes
images received from the camera located on the robot
�at a frame rate of approximately �� to 
� frames per
second�� and operates two joysticks which control the
robot�s left�right forward�backward motion� as well as
the open�close gripper motion� A SPARCstation ���
equipped with a frame grabber� is used to display the
on�board camera image to the human operator as he
or she demonstrates the desired task� The learning
and subsequent autonomous control of the robot are
also performed by the SPARCstation ���

As shown in Figure �� the testbed currently uses
model �trees as objects which can be both manipu�
lated and avoided� The �trees are currently of three

di�erent types �tall spruce� short spruce� and short
birch�� and our goal is to teach the robot to di�erenti�
ate between them� This testbed is considered unstruc�
tured because 
� although there are only 
 di�erent
types of trees� no two trees of the same type are iden�
tical either in height� shading of green� or in texture�
making manual encoding of a model di�cult� and�
�� the image background of the trees is a robotics lab
which is continually changing as equipment is moved
around and people move throughout the lab�

Figure �� The Human to Robot Skill Transfer Testbed

� Experimental Results and Discus�

sion

Figure 
�  Tree Tending Skill ! select a tree of a
certain size and species for inspection�

The �rst skill which has been successfully trans�
ferred from human to robot is described in Figure 
�
This skill is loosely related to the �tree tending skill� 
which requires the selection of a certain size and
species of tree for inspection� The skill involves turn�
ing the robot counterclockwise in place until at least
one tall spruce is within the camera�s �eld of view�
and then maneuvering the robot into a position where
the tree can be inspected� Figure 
 shows several typ�
ical camera views which the operator sees� as the task
of locating and moving towards a tall spruce is per�
formed� Starting at the leftmost image of Figure 
� the
robot is turning counterclockwise searching for a tree�
in the third image a tall spruce has been found and
the robot begins to move towards it� in the sixth image
the spruce is within inspecting distance and the robot
turns o� to the left in search of another tall spruce�



Note that this �rst task does not involve avoiding ob�
stacles or actually stopping to inspect the tree� it sim�
ply requires the robot to �nd and move towards a tall
spruce tree in the visually cluttered environment of
the robotics lab�

The image which the human operator� as well as
the robot� observes while executing the desired task�
consists of 
��� pixels derived by sampling a 
� pixel
by 
� pixel region in the center of the original NTSC
image �see Figure 
 for gray�scale examples�� The
sampled pixel resolution is � bits� 
 bits for red� 

bits for green� and � bits for blue� There is no image
processing done prior to feeding these pixel values to
the SPORE approximation� what the human sees is
exactly what is passed to the approximator� In order
to generalize the desired task the robot must approx�
imate � mappings� one to control the robot�s forward
and backward motion� and one to control the robot�s
left and right motion� Both of these mappings have

��� inputs and 
 output�

The training data generated by the human operator
consisted of demonstrating the above skill a total of �
times� from � random starting positions of the robot�
and � random positions of the spruce� Due to im�
age resolution limits� the distance between the robot
and the �tree was always 
�	 meters or less� It took
approximately � minutes �equivalent to �
�� camera
frames or input�output examples� for the human oper�
ator to do these � demonstrations� In the SPORE ap�
proximation constructed based on this training data�
the � dimensional functions g��������l�l and h��������l�l
were modeled using third order polynomials� The
SPORE approximation consisted of 


� terms �see
equation ���� for each of the � mappings generated�
and no domain subdivision occurred� The length of
time to evaluate the resulting approximation for one
instance of sensor inputs is 
�
 milliseconds�

Next consider the two questions posed at the end of
Section 
� The �rst concerns the ability of the SPORE
approximation to generalize given only a few exam�
ples of the desired skill� and raw sensor inputs used
by the human� In the case of the above experiment�
the human operator generated only � examples of the
desired task� and the SPORE approximation was fed
raw pixel data with no intensity compensation or any
other type of signal preprocessing� In addition� one
can see from Figure 
 that the image generated by
the frame grabber inside the SPARCstation �� is ex�
tremely noisy� Nonetheless� when we ran 
� experi�
ments where the robot used the SPORE approxima�
tion to autonomously accomplish the transferred skill�
the robot never failed to locate and move towards the

tree� These 
� experiments were done with random
placements of tree and robot �as with the training set�
the spruce was always within 
�	 meters of the robot��
It is interesting to note that the robot does not ap�
proach� for instance� upside�down spruce trees� and
does not seem to be solely color sensitive� the shape of
the tree and its texture are signi�cant as well� We may
therefore conclude that to the extent that the robot ac�
quired the desired skill� it was able to execute it within
an unstructured environment� From the experimental
results we note that the success of the SPORE ap�
proximation in generalizing the task� given relatively
few examples and raw pixel inputs� indicates that this
approximation framework may indeed be a useful tool
in human�to�robot skill transfer�

The second question posed at the end of Sec�
tion 
 is concerned with the compression ratio of
the SPORE approximation� The amount of memory
needed to store the learned approximation is 
������
bytes ������� double precision parameters�� The origi�
nal training set consisted of �
�� images each requiring

��� bytes to store� In addition� the human experts
actuator control outputs were recorded for each im�
age� with each output consisting of � double precision
voltage values� Thus� the training samples required
��������� bytes� giving an approximation compression
ratio �see equation �
�� of ����� while generating sig�
ni�cant generalization� This means that the SPORE
approximation compressed the training data by an or�
der of magnitude� Compression in nonparametric ap�
proximation is an important consideration because if
the approximation is as large or larger than the orig�
inal set of training data� then the approximation is
probably not generalizing noisy training data appro�
priately�

� Conclusion

We have demonstrated human�to�robot skill trans�
fer for the task of locating and approaching a model
tree in a visually cluttered environment� We hypoth�
esize that the SPORE approximation is a good tool
for human�to�robot skill transfer because 
� it gives
good generalization of a task done in an unstructured
environment given only a small number of examples
of the task �four examples in the case of the task de�
scribed here�� and� �� the constructed approximation
potentially takes up much less storage space than the
original training set �in the case of the task presented
here� the reduction was an order of a magnitude�� We
are currently in the process of running additional ex�
periments in human�to�robot skill transfer� Speci��



cally� we are interested in studying the e�cacy of the
SPORE approximation as the the number of sensor
inputs is increased� thus giving the human operator
the capacity to do more complicated tasks� and� as
the number of training examples fed to the learning
algorithm is increased� making the transfer of more
complex tasks feasible�
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