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Abstract In general, avatar-based communication has a merit that it can represent non-verbal information. The simplest way of representing the non-verbal
information is to capture the human action/motion by a motion capture system
and to visualize the received motion data through the avatar. However, transferring raw motion data often makes the avatar motion unnatural or unrealistic
because the body structure of the avatar is usually a bit different from that of the
human beings. We think this can be solved by transferring the meaning of motion, instead of the raw motion data, and by properly visualizing the meaning
depending on characteristics of the avatar’s function and body structure. Here,
the key issue is how to symbolize the motion meanings. Particularly, the problem is what kind of motions we should symbolize. In this paper, we introduce
an algorithm to decide the symbols to be recognized referring to accumulated
communication data, i.e., motion data.

1 Introduction
Non-verbal information is very important in human communication, and video-based
communication seems to be the simplest way. However, it has several problems, such
as use of large network bandwidth, lack of spatioperceptual inconsistency, restriction
of the number of participants, etc. As a possible solution to these problems, we are
developing an avatar-based communication system[1]. It has an important merit that
a virtual scene can be constructed as a communication environment, which can make
the communication richer and efficient. Recently, this idea is extended to robot-based
communication[2], where a robot is used instead of avatar and where a virtual communication environment is established in a physical 3D space.
In general, the avatar-based communication consists of acquisition of the contents
of human communication, its transmission, and presentation of the transmitted contents.
To present the non-verbal information, it seems that the simplest way is to capture the
human action/motion by a motion capture system and to visualize the received motion data through the avatar. However, transferring the raw motion data causes several
problems:
– The difference of body structure between a human and an avatar makes the reconstructed avatar motion unrealistic or physically impossible.

– The disturbance in communication network makes the avatar motion unnatural,
because raw motion data is time synchronous data.
We think this can be solved by transferring the meaning of motion, instead of the
raw data of motion, and by properly visualizing the meaning depending on characteristics of the avatar’s function and its body structure. In this framework, the key issue is
how to represent the meaning of motion referring to observed motion data, or how to
symbolize the motion meaning. Particularly, the problem is what kind of motions we
should symbolized. Of course, one method is to decide the symbols according to observation by ourselves, but it requires much time when we examine a large amount of
accumulated communication data. Here, instead, we introduce an algorithm to decide
the symbols to be recognized referring to accumulated communication data, i.e., motion data. Our basic idea is that frequent occurring motion patterns, i.e., motion motifs
(or motifs for short), usually convey meaningful information, and that we automatically
extract such motifs from the accumulated motion data.

2 Motif Extraction
To extract motifs[3], we propose a three-step procedure: the first step is compressing
multi-dimensional motion information into lower-dimensional one by Principal Feature Analysis (PFA)[4]; the second is labeling time slices of each dimensional motion
information according to its value and generating label sequences; the third step is recursive extraction of frequently occurring label patterns from multi-dimensional label
sequences as motifs based on Minimum Description Length (MDL) principle[5]. Although motion motif extraction based on the MDL was used in [6], here, we deal with
extraction of multiple motifs and explicit integration of multiple features.
2.1 Reduction of redundant dimension by PFA
Feature space reduction of high dimensional feature data such as human motion information is a common preprocessing step used for pattern recognition, clustering, compression, etc. Principal component analysis (PCA) and independent component analysis
(ICA) have been extensively used for the space reduction. These methods find a mapping function from the original feature space to a lower space. However, they mix the
original feature components and the original feature components are not handled directly. It is not easy to directly extract and describe motion patterns of subsets of body
parts, such as a motion pattern of arms, or a motion pattern of legs.
Therefore, Principal Feature Analysis (PFA), which automatically determine a subset of feature components representing the original feature space, is used instead. Human motion information is described as a set of measured positions of body parts1 . We
represent each feature as a single vector f i = [fi,1 fi,2 · · · fi,n ]T ∈ <n and all motion
information as a matrix M = [f1 f2 · · · fs ] ∈ <n×s , where s is the number of features
and n is the length of motion information. Here, we suppose each feature is normalized
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Fig. 1. Selection of principal features by PFA, where q = 3, p = 4. Each wi written in red is
closest to the mean of the cluster and corresponding fi circled in red is a principal feature.
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Fig. 2. Transforming a time-series data into a label sequence with SAX algorithm.

so that the average of the feature values is zero. Then, principle features are selected by
three steps as follows.
First, the eigenvectors vi ∈ <s of M and their matrix V = [v1 v2 · · · vs ] are
calculated. Second, principal components Mpc ∈ <n×q of M is calculated by the
following equations:
Mpc = MWT
(1)
where W = [w1 w2 · · · ws ] ∈ <q×s is the first q columns of VT . q is decided
according to the variability of all the features. Then, vectors {wi } are clustered into
p(≥ q) clusters by K-Means algorithm using Euclidean distance. Here each vector wi
represents the projection of fi to the principal component space.
Finally, in each cluster, the representing vector wj , which is the closest to the mean
of the cluster, is selected. Thus, each fj corresponding to wj is selected a dominant
feature. Figure 1 illustrates the concept of PFA.
2.2 Transformation of time-series data into label sequences
To reduce the computational complexity, time-series data {fj }2 selected by PFA is
transformed into a label sequence by Symbolic Aggregate approXimation (SAX)[7].
A label sequence is acquired by reducing the length of fj and re-quantization. First, a
time series data fj of length n, i.e., n-dimensional vector fj is regularly re-sampled into
2

Subscript j indicates the label of the selected feature.

(a)

AB CD E DB CD F E DB CD E GB CDH E D F
722255231646123131211541

(b)

A M1 E D M1 F E D M1 E G M1 H E D F
7 6 55 6 646 6 13 4 1541

(c)

A M1 M2 M1 F M2 M1 E G M1 H M2 F
7 6 10 6 6 10 6 1 3 4 1 9 1

(d)

AB CD E DB CD F E DB CD E GB CDH E D F
722255231646123131211541

Fig. 3. Recursive motif extraction: (a)an original label sequence, (b)extracting the first motif,
(c)extracting the second motif, (d)final segments.

a w-dimensional vector f̄j = [f¯j,1 , . . . , f¯j,w ]T . The ith element of f̄j is the average of
its corresponding interval of fj .
f¯j,k is re-quantified to a label-based form, SAX symbol, by thresholding. Each f¯j,k
is symbolized to fˆj,k as follows:
fˆj,k = syml , iff bl−1 ≤ f¯jk ≤ bl (l = 1, . . . , N )

(2)

where bl is a threshold and syml is a SAX symbol. The thresholds are decided so that
generation probability of each SAX symbol is equal to others, assuming that distribution of f¯j is Gaussian. Then, each series of c SAX symbols, “fˆj,k · · · fˆj,k+c−1 ” is
assigned to a single unique label lj,k , and a label sequence Lj = [lj,1 · · · lj,w−c+1 ] is
constructed.
Finally, in order to reduce the influence of the variation in motion speed, Lj is
compressed into L̂j by the run-length coding.
2.3 Recursive motif extraction based on MDL principle
For example, when a label sequence L̂ shown in Figure 3(a) is given, intuitively “BCD”
can be a frequently occurring symbol pattern. Here, we need clear definition of what a
frequently occurring pattern, or a motif, is, and we define the motif based on the MDL
principle.
MDL is to find the best model which most efficiently compresses a label sequence
by means that label patterns are replaced by unique meta-labels. We can consider that
label patterns replaced by unique meta-labels in the best model are the motifs, because
those label patterns are frequently occurred. In other words, the frequency of label patterns is evaluated based on the MDL.
To use the MDL principle, the description length of a label sequence should be
defined, and it is defined based on a description model h and a label sequence L̂ as
follows[6]:
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Fig. 4. Integration of L̂i and L̂j .
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Where the model h is a segmentation of the label sequence L̂, m is the number of
segments, wij is the frequency of the j-th label in the i-th segment, ti is the length of
the i-th segment.
Suppose tL is the length of the label sequence L̂, the number of possible segmentations is O(2tL ), which is too much computation to find the best segmentation in a naive
manner. Therefore, we propose a sub-optimal method to solve this problem approximately by a recursive scheme as follows.
First, the most frequent label pattern, or a motif candidate, is searched by traversing a label sequence with a fixed size search window. By changing the size of search
window, we can find the best pattern, or a motif, from all the selected candidates based
on equation (3). The this process is show in Figure 3(a), and the total computation of
finding a motif is O(t3L ).
Second, the selected frequent pattern, or the selected motif, is replaced by a unique
meta-label, and the next motif is searched in the same way as the first step. Iterate
the second step until no frequent pattern whose length is more than or equal to 2 is
found. All the computation cost of finding possible motifs is O(tM t3L ), where tM is
the number of the iterations. This process is illustrated in Figure 3(b), (c). When the
process finishes, the all the motifs are detected as shown in Figure 3(d).
2.4 Integration of features
In the previous sections, we mentioned a method to extract motifs from one feature of
human motion information. To analyze full-body motion information, it is necessary
to integrate all the features. In this paper, simply, the integrated label sequences are

generated from the all combinations of each L̂i and the motifs are extracted from each
integrated label sequence based on MDL. Each L̂i is integrated using corresponding Li .
For example of integrating L̂i and L̂j , each pair (lit , ljt ) is re-labeled to the new label
to be unique of the other pairs’ shown in Figure 4. Where lit correspond to tth element
of Li .
Thus, when we have N features, we have 2N − 1 label sequences, and we extract
motifs from each of the label sequence. After extracting motifs, we check similarity of
the motifs and select proper motifs. However, there still remain improper motifs and we
have to check them manually. Improvement of motif extraction accuracy is the future
work.

3 Experimental results
We demonstrate the motif extraction method using motion data from Carnegie Mellon
University’s Graphics Lab motion-capture database 3 . The motion data used in this
experiment is composed of 25 measured markers and 2486 frames. Each marker is
composed of data of (x, y, z)-axis, i.e. the number of features is 75. The input motion
data includes three basketball signals (A) waving hands up and down, (B) putting hands
on the shoulders, and (C) thrusting hands forward shown in Figure 5(a), (b) and (c),
each of which is repeated three times and connected by standing posture shown in
Figure 5(d). In this experiment, the origin and the orientation of the coordinate system
of motion information is fixed on a marker called ”root” shown in Figure 6.
Five features shown in Figure 6 are selected by PFA: the left hand’s x-axis, the
left clavicle’s y-axis, the right humerus’ z-axis, the right elbow’s y-axis and the right
elbow’s z-axis. In this experiment, the number of recursions of motif extraction is decided to eight empirically since it is enough for extracting all essential motions from
the input motion information. For example, three motifs extracted from the integrated
feature of (4) and (5) are shown in Figure 7. These motifs are extracted as the third,
fifth and seventh motifs and correspond to motion (B), (A) and (C) respectively. The
other motifs correspond to the standing posture. The third and seventh motifs are corresponding to the whole motion (B) and (C) shown in Figure 7(b),(c),(e),(f). However,
the fifth motif is corresponding to a part of the motion (A) shown in Figure 7(a),(d). It is
because motion (A), shaking hands up and down, is an iterative motion in comparison
with motion (B) and (C) which are non-iterative. It is difficult to extract an iterative
motion as a motif since an iterative motion includes sub-motifs, which are extracted as
frequent patterns.

4 Discussion
We have proposed a motion motif extraction method from human motion information.
The method automatically extracts all frequent motions as motifs from the whole body
motion information. Our idea is that meaningful motion patterns, which are symbolized
for avatar-based communcation, are frequently appeared, and that they can be extracted
3
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Fig. 5. The human motion scene: (a)waving hands up and down, (b) putting hands on the shoulders, (c)thrusting hands forward, (d)standing.
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Fig. 6. Selected features: (1)left hand’s x-axis, (2)left clavicle’s y-axis, (3)right humerus z-axis,
(4)right elbow’s y-axis, (5)right elbow’s z-axis.

by the proposed method. Of course, it is just preliminary study and we have to investigate the effectiveness of the idea, i.e., the following issues:
– The meaning of motion pattern sometimes differs depending on the context where
the motion pattern appears. We should incorporate a context depending interpretation mechanism.
– Criteria for meaningful motion pattern other than the frequency of motion pattern
should be investigated. Relationship between human posture and other persons (or
objects) in the environment should be considered.
The preliminary experimental result of the motif extraction shows that the our
method is effective to extract all motifs. However, there remain two problems. One is
that our algorithm can not extract an iterative motion but just one cycle of the iterative
motion. Another is that the computation cost is not small especially when we handle
large motion databases including a variety of motion patterns, which are essentially
high dimensional data.
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(a),(b),(c) illustrate y-position of the right elbow, (d),(e),(f) illustrate z-position of the right elbow.
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