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Abstract

This paper describes a new approach on how to teach a robot
everyday manipulation tasks under the “Learning from Obser-
vation” framework. Most of the approaches so far assume that
a demonstration can be well understood from a single demon-
stration. But a single demonstration contains ambiguity, in
that interactions which are essential to complete a task can’t
be discerned without prior task dependent knowledge, which
should be obtained from observation. To address these issues,
we propose a technique to integrate multiple observations of
demonstrations. The demonstrations differ, but are virtually a
same task. The shared interactions among all the demonstra-
tions are considered to be essential and we form a task model
from their symbolic representations. Then the relative trajec-
tories corresponding to each essential interaction are general-
ized by calculating their mean and variance and are also stored
in the task model, which is used to reproduce a skilled behav-
ior. We examine this approach by using a human-form robot,
which successfully imitates human demonstraions of everyday
tasks.

1 Introduction

At the present time, applicable fields of robots are extended
to the environment where human beings co-exist and those
robots are expected to closely support, substitute for and help
us. They must tackle everyday tasks and the demanded tasks
are dependent on the purpose of the user; thus we can’t de-
sign the behavior of the robot in detail in advance as in the
case of industrial robots, but the end user must have a way of
expanding its ability.

That means ordinary people, not professionals, teach the robot
a behavior and, because of that, a user-friendly instruction
method is required. The easiest and desirable way of teach-
ing is to just demonstrate the behavior so that the robot au-
tomatically learns it from observation and builds an abstract
representation of the task, i.e. a Task Model, as we usually do.
This framework is called ”Learning from Observation” and
has been actively studied. These studies can be classified into
two approaches: one is the task level approach which designs
a set of task-dependent primitives and tries to recognize the
subject task as a sequence of symbolic primitives[1, 2, 3, 4, 5];
the other is the trajectory level approach in which the demon-
strated trajectory, and the applied force if necessary, is directly
transformed to the robot motion[6, 7, 8].

Typical everyday manipulation tasks can be represented as se-
quential interactions between a hand and an object and/or be-

tween a grasped object and an environmental object. However,
because the arrangement and the types of the objects vary ac-
cording to the situations, a trajectory level approach is not suit-
able to build a reusable task model. On the other hand, because
those interactions themselves need to be precisely reproduced,
a symbolic representation is not appropriate. So we propose
an approach to represent the entire task in a symbolic manner
and also incorporate trajectory level representation partly to
reproduce skillful interactions.

Task level approaches proposed so far[1, 2] could indeed an-
alyze the task into a series of primitives. However there’s no
guarantee that all the detected primitives are essential, non in-
cidental motions to complete the task. The problems are, (1)
we can’t be sure when and which objects are being interacted
with, especially in non-contact motion[3], and (2) we can’t be
sure which detected interactions are essential to the task, with-
out prior task-dependent knowledge which should be obtained
from observation.

The primal cause of this ambiguity is the fact that most of the
approaches assume they can obtain enough information from
a single observation. So we propose a method to integrate dif-
ferent demonstrations which represent virtually the same task
and extract shared interactions among all the demonstrations
as essential interactions. Dufay and Latombe also proposed a
method to integrate multiple observations to generalize a task
model[4]. But their approach tries to add any possible motions
into a task model as a multi-path graph representation, while
our approach is intended to remove unnecessary or noise in-
teractions from a task model.

At this point, a task model is represented as a sequence of es-
sential interactions, but to reproduce skilled interactions, tra-
jectory level information[6, 7] must be preserved. Delson and
West proposed a method to generalize multiple end-point tra-
jectories by calculating their mean and variance[8]. High vari-
ance means arbitrary motion is allowed, while low variance
means strictly precise motion is required. We take a similar
approach and generalize the trajectory of the manipulated ob-
ject in the target object’s coordinate frame by calculating the
mean and variance of the different trajectories corresponding
to the same essential interaction.

In the following sections, we first describe the representation
of a task model. Then we present a method to extract essential
interactions and a method to generalize essential trajectories.
Finally, we show an experimental result and conclude.
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Figure 1: Task model.

2 Representation of a task model

In this paper, we handle only static grasps and take account of
interactions only between a grasped object and a target object.
Also, during such interactions, we assume that the grasping
hand keeps relatively still. This is because the target object is
usually stationary so that the range of relative motion around
the target object is limited within local space. And because this
is teaching, a demonstration is expected to get slower during
essential interactions so that the observer can understand the
task easily. From these assumptions, a task model is described
as shown in Figure 1.

After N demonstrations are performed by a human, the sys-
tem analyzes each demonstration and extracts interaction can-
didates. It also estimates the relative trajectory of the manip-
ulated object corresponding to each candidate (the upper half
of Figure 1). Each candidate has 3 properties, made up of the
grasping hand, the grasped object and the target object.

Grasping segments are determined where average pressrure
distribution on the grasping hand is higher than a certain
threshold. The grasped object is the nearest object to the
grasping hand at the time of grasping. To identify the ob-
ject in the environment, we apply a 3D Template Matching
(3DTM)[9] based identification technique[10] to the output of
a stereo vision system.

Interaction candidates are determined where the deviation of
successive positions of the grasped object is lower than a cer-
tain threshold. The position of the grasped object is estimated
from the position and orientation of the grasping hand, which
are obtained from data-gloves.

We then find a candidate which is included in all the demon-
strations with the same properties in the same order. This can-
didate is considered to be essential to complete the task be-
cause it is shared among all the demonstrations. So we define
this type of candidate as an essential interaction and try to find
all the essential interactions (the lower half of Figure 1).

Each essential interaction has N corresponding trajectories.
To generalize these trajectories, we normalize each trajectory
and calculate their mean and variance (the lower half of Figure
1). The mean trajectory is transformed to robot motion.

3 Extraction of essential interactions

First, the system observes and records multiple demonstra-
tions which represent virtually the same task. The phrase “vir-
tually the same task” means that essential interactions between
a grasped object and an environmental object appear with the
same properties and in the same order. At this time, non-
essential interactions which appear in any order are allowed.
So each demonstration can be represented as a sequence of
interactions including essential interactions.

From the reason previously described, there is ambiguity in
interpreting a single demonstration and it is hard to spot only
essential interactions. Therefore at the time of demonstration,
a demonstrator varies the environment and/or demonstrated
behavior itself a little for each demonstration while keeping
essential interactions unchanged, so that the system gets mul-
tiple observations in which essential interactions appear in the
same way while non-essential interactions don’t.

Next, the system relates all the observations to each other
and detects interactions shared by all of them. These interac-
tions are the estimated essential interactions. We apply multi-
dimensional Dynamic Programming (DP) matching to align
multiple observations.

Multiple sequence alignment based on DP matching is exten-
sively studied in the field of biological computing[11]. For
a small scale problem, a natural extension of pair-wise DP
matching to higher dimensions can be adopted, but its com-
puting cost is O(2kNk) so it is impractical to apply it to long
or a large number of sequences. For a medium scale problem,
minimization of the search area in a multi-dimensional lattice
by using constraints from possible combinations of pair-wise
DP matching has an effect. For a large scale problem, a pro-
gressive pair-wise alignment algorithm using a likelihood tree
has a great advantage. But the latter two methods are not guar-
anteed to find the optimal solution.

In this study, the number of sequences (demonstrations) is rel-
atively small (5-10 sequences) and, because alignment is pro-
cessed on each grasping period, the length of each sequence
is also relatively short. So we adopted the simplest method
described first.
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3.1 Extraction of essential interactions by DP matching
Each demonstration can be described as an array of elements
(interactions candidates) Seqi(1 ≤ i ≤ N) as shown in Fig-
ure 3. To apply DP matching, we must prepare a function
E(index1, · · · , indexN ) which evaluates the sameness of the
set of elements (Seq1[index1], · · · , SeqN [indexN ]).

Let G(index1, · · · , indexN ) be an accumulated weighted eval-
uation from the origin to the current set of elements. The opti-
mal path, i.e. the optimal alignment, can be obtained from the
following recursive formula. The sets of elements which the
optimal path traverses are the estimated essential interactions.

G( index1, · · · , indexN ) =
E(index1, · · · , indexN ) · path(ii, index)/2 +
min{∪[G(ii1, · · · , iiN ) + E(ii1, · · · , iiN ) · path(ii, index)/2]|
index1 − S ≤ ii1 < index1, · · · ,
indexN − S ≤ iiN < indexN

where path(ii, index) means the distance√∑N
k=1(indexk − iik)2 between the current node index and

the target node ii. Without the weight path, all the essential
interactions in each demonstration within the search area
degenerate to one interaction. E is an evaluation function
described next. We also add two restraint conditions: (1)
an element is not allowed to be matched more than once,
and (2) the search area of DP matching is limited within a
NS lattice. The former condition is for avoiding overlapped
essential ones. The number S is determined so that S − 2 is

equal to or bigger than the maximum number of consecutive
non-essential interactions. The large value of S causes high
computation cost.

3.2 Evaluation function for DP matching
When a relationship between the grasped object and one of the
environmental objects is maintained throughout all the demon-
strations, this relationship is considered to be an essential in-
teraction and the evaluation function E(index1, · · · , indexN )
must return a smaller value at this time.

As shown in Figure 2, we define a relationship as the
distance disti(GObj, Objj) and the normalized vector
veci(GObj,Objj) from the grasped object GObj to the tar-
get object Objj . The evaluation function is designed to return
the smallest weighted sum of the standard deviation of the dis-
tance (Eq.(1)) and that of the normalized vector (Eq.(2)).

dist meanj =
∑N

i=1 disti(GObj,Objj)
N

dist devj =

√∑N
i=1[disti(GObj,Objj) − dist meanj ]2

N

(1)

vec meanj = normalize

(
N∑

i=1

veci(GObj,Objj)

)

vec devj =
N∑

i=1

[1.0 − veci(GObj,Objj) · vec meanj ]

(2)

The algorithm is described as follows.

function evaluationFunction: real;
var dev1, dev2, · · · , devnum of objects: real;
var i,k: integer;
begin

k := 1;
repeat

devk := dist devj + w · vec devj ;
until k ≤ num of objects;
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i := argmink{devk|1 ≤ k ≤ num of objects}};
evaluationFunction := devi;

end;

where w is a weight constant.

In the case of Figure 2, the relationship between the grasped
object and Obj 3 is almost the same through all the demonstra-
tions. So the evaluation function returns the value correspond-
ing to this relationship, which is the smallest, and the possibil-
ity of the relationship being essential gets higher, though the
final decision will ultimately be determined by the result of
DP matching. If none of the relationships results in a small
value, we can say that the set of elements includes no essential
interaction.

4 Generalization of essential interactions

4.1 Relative trajectory
To describe skilled interaction in a task model, we incorpo-
rate the trajectory of the manipulated object into a task model.
The trajectory is represented as a relative trajectory in the tar-
get object’s coordinate frame (denoted by T ) so that it can
be applied to a different environment and the trajectory in-
formation is composed of sequential position and orientation
pairs (T pG(t),T qG(t)) along the time axis. T pG(t) indicates
a 1× 3 position vector, while T qG(t) indicates a 1× 4 quater-
nion vector.

T qG(t) =
(

sin
(

θ(t)
2

)
T n(t), cos

(
θ(t)
2

))t

(3)

A quaternion is represented as in eq.(3) which means rotation
by θ(t) about a unit axis vector T n(t). This overcomes a sin-
gularity problem which other 3-dimensional representations
have.

4.2 Estimation of the trajectory by 3D tracking
We know the rough position and orientation of the grasping
hand (pH(t), qH(t)) in the world coordinate frame from the
data-gloves. From this information, we can estimate the rough
position and orientation of the grasped object (pG(t), qG(t))
by adding a constant offset vector in the hand coordinate
frame. At the same time, we have recorded color and dis-
parity images of the demonstration by using a stereo vision
system, which are synchronized to the data from the data-
gloves. For each frame during an essential interaction, we
set (pG(t), qG(t)) as an initial pose and apply the Combined
Template Matching (CTM) technique[10] to the correspond-
ing color and disparity images to estimate the true pose of the
manipulated object. Then, we convert each pose in the world
coordinate frame to the target object’s coordinate frame and
store them in the task model as relative trajectories.

For each frame during an essential interaction, we get
(pG′(t), qG′(t)) as the estimated object’s pose. We already
know the target object in that essential interaction and its pose
(pT , qT ). Relative trajectory is calculated as eq.(4).

T pG′(t) = q−1
T · (pG′(t) − pT ) (4)

T qG′(t) = q−1
T · qG′(t)

4.3 Generalization of trajectories
As a result of 3D tracking, we get N trajectories for each es-
sential interaction as <T pG′n(t),T qG′n(t) > (1 ≤ n ≤ N).

To generalize these trajectories, we calculate the mean and
variance of all the trajectories for each essential interaction.
Because the length of each trajectory is different, we first nor-
malize the length to 100 units and re-sample each trajectory.

Then the mean <T pG′m(t),T qG′m(t) > and variance <T

pG′v(t),T qG′v(t) > of these re-sampled trajectories are cal-
culated.

The variance of the trajectories is calculated as eq.(5).

T pG′v(t) =

(
N∑

n=1

‖T pG′n(t) −T pG′m(t) ‖2

)
/N (5)

T qG′v(t) =

(
N∑

n=1

get angle(T qG′n(t) ·T qG′m(t)−1)2
)

/N

where get angle returns the rotation angle of the specified
quaternion.

At the time of reproduction, the generated mean trajectory is
re-sampled so that the total length is equal to the average of
the lengths of the original trajectories.

5 Reproduction by the robot

5.1 Experimental platform
We developed a human-form robot as a test-bed to verify our
approach, to test the validity of a constructed task model and
to realize human-robot cooperative behavior[3].

Table 1: Specification of input devices.
Device Specification

Stereo Vision Multi-baseline: 9-cameras
Processing time: 30fps at maximum
Resolution: 280 x 200 x 8bit(disparity)
Resolution: 280 x 200 x 24bit(RGB)

Data glove Joint angles: 18 values
Pose & orientation: Polhemus 6 values
Tactile sensors: 11 values

This robot has capabilities similar to those of a human up-
per torso. It has two robot-arms with multiple fingers and is
equipped with two input modalities, a stereo vision system and
a pair of data-gloves (Table 1).

1548



B

B

pause

A C
pour

A

C

B pour

pause AC

pour

Demonstration 1 Demonstration 2

Demonstration 5 A B

C
... containers

... human

... robot

arrangement

Demonstration 3 Demonstration 4

pourpause

1

2 3

pour

1

2

B

pause

A Cpour

pour1

2
3

pour

1

2

3

B

pause

AC

pour
pour

1

2
3

top view

Figure 4: Multiple demonstrations.

5.2 Integration of multiple observations
In this experiment, a human demonstrated the same task five
times with minor deviations, i.e., the arrangement of the ob-
jects and the hand motion path in each demonstration was
different. The nature of this task was to pour the content of
container A into container B and then pour the content of con-
tainer A into container C as shown in Figure 4.

Figure 5: Trajectory of the motion from demonstration 4. The small
spheres indicate non-grasping segment, the white spheres
indicate stationary states (interaction candidates) and the
gray spheres indicate the rest.

Figure 5 shows an example of the segmented hand trajectory
from demonstration 4. From the initial segmentation, we ob-
tained the interaction candidates (the thin line boxes in Figure
6). To remove non-essential candidates, we applied the tech-
nique described in Section 3 and got the essential candidates
(the thick line boxes in Figure 6). The search area N5, N6, N7

were tested and all the experiment returned the same result: 4
essential interactions were found in total. But the first and the
last one correspond to a change in grasping state, so the real es-
sential interactions are the 2nd and 3rd one which correspond
to two pouring motions respectively. These 4 interactions with

Seq 1

Seq 2

Seq 3

Interaction candidates Essential interaction

Seq 4

Seq 5

Pour Pour

1 2 3 4

Figure 6: Result of integration by multi-dimensional DP matching.

Frame 10 Frame 45 Frame 116

Figure 7: 3D tracking of the manipulated object.

appropriate parameters are stored into the task model.

5.3 Generalization of trajectories
Figure 7 shows the result of the 3D tracking of an essential
interaction in which a human demonstrator poured the content
of container A into container B. Tracking was performed off-
line. All the disparity and color images from the stereo vision
system were recorded with about 30fps during each demon-
stration. The wire frame model is a 3D mesh model of the ma-
nipulated object which is projected on the color images. The
number below each image represents the number of elapsed
frames from the beginning of the essential interaction.
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Figure 8 shows the result of the generalization of 5 trajectories
of pouring motion from A to B. Figure 9 shows the variance
of the generalized trajectory. We can see that the variance in
both ends is relatively high compared to the middle part. This
means the middle part (45 to 75 in normalized units) is main-
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tained to be the same through demonstrations, i.e. precise mo-
tion may be required during this interaction. The mean and
variance trajectory with the scaling parameter are stored into
the task model.
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5.4 Reproduction by the robot

Figure 10: Reproduction from the task model.

After the task model was constructed, the robot reproduced
the same task. The arrangement of the objects differed from
the situation at the time of the demonstration, but the robot
successfully reproduced the task by maintaining the essential
interactions. The intermediate motion between essential inter-
actions is automatically generated to directly connect the end
pose of the previous interaction with the start pose of the next
one. Figure 10 shows the reproduced sequence.

6 Conclusion

In this paper, we proposed a technique to teach a robot ev-
eryday manipulation tasks under “Learning from Observation”
framework. These tasks can be represented as a sequence of
interactions between a grasped object and an environmental
object. To build a reusable task representation, we proposed a
task model which describes the entire task in a symbolic man-
ner and also incorporates trajectory level information partly to
keep skilled interactions.

To detect interactions which are essential to complete the task
without prior knowledge, we proposed a method to integrate
multiple observations of demonstrations of virtually the same
task by multi-dimensional DP matching. The shared interac-
tions among all the demonstrations are considered to be essen-
tial interactions.

For each essential interaction, the trajectory of the manipu-
lated object in the target object’s coordinate frame is estimated

by tracking the manipulated object in the images produced by
a stereo vision system. The multiple trajectories correspond-
ing to an essential interaction are integrated so that the task
model stores the mean and variance of the trajectories.

Finally, an experimental result was presented, in which a
human-form robot successfully built a task model from multi-
ple demonstrations of a pouring task and reproduced the same
task in a different situation.
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