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Abstract— During robot imitation learning, a key problem
when observing the motions of a demonstrator is the modeling
and recognition of movement prototypes. This paper proposes
using Affinity Propagation (AP) to cluster motions modeled
using either Dynamic Movement Primitives (DMPs) or Hidden
Markov Models (HMMs). The proposed AP clustering algorithm is simple and efficient, provides robust results and automatically identifies representative exemplars for each motion
group, leading to a minimal representation of the observations
that can also be used to generate motions. In experiments using
videos and motion capture data of human demonstrations, it
is shown that the weight parameters of the DMP model can
be used as features for motion recognition and the proposed
method can distinguish between different (coarse distinction)
or similar (fine distinction) motion groups.

I. INTRODUCTION
In order for robots to become useful in human environments, they will need the ability to learn by observing
human teachers. This requires the ability to learn motions
and motion prototypes, which involves recognizing whether
a motion belongs to the same group as a previously learned
motion and finding a minimal representation for each group
of motions.
This paper focuses on automatically abstracting and representing motions via motion primitives [1] without the
need for manual labeling. This is achieved by extracting
motion trajectories from continuous time series observation
data, segmenting the motion trajectories, modeling the motion segments and clustering them into groups. The motion
models are an abstract representation of the observed motions, as they can be used to generate motion trajectories
of similar shape to different goal positions. Motions are
further abstracted through clustering via Affinity Propagation
(AP), a message passing algorithm that identifies the most
representative exemplar to serve as each cluster center. The
clustering algorithm is simple and efficient, and can robustly
identify meaningful motion clusters that match the expected
true classes.
A. Related Work
Motion primitive learning is an active area of research,
and a number of modeling techniques have been applied
for representing and learning motion segments, including
neural networks [2], stochastic models [3], [4] and dynamical
systems [1], [5]. A common approach is to use stochastic
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models such as Hidden Markov Models (HMMs) [3] or
Gaussian Mixture Models (GMMs) [4]. Variations of HMMs
such as Parametric Hidden Markov Models (PHMMs) [6]
and Factorial Hidden Markov Models (FHMMs) [7] have
also been proposed. The advantage of stochastic models such
as HMMs or GMMs is that the models are generative, i.e.
can be used to generate motions similar to those that have
been learned. However, due to the lack of a mechanism to
parameterize the initial and final positions, standard HMMs
are unable to generate motions where the shape of the motion
trajectory is the same but the initial and final positions vary,
and extensions such as PHMMs become necessary at an
additional computational cost.
Another approach for modeling motions based on nonlinear dynamical systems is Dynamic Movement Primitives
(DMPs) [1], [5]. DMPs can generate generalized motions
as the initial and final positions are explicitly parameterized
in the DMP formulation [8], [9]. The correlations between
weight parameters of the DMP have been shown to reflect
similarities between motions [1], [10]. It has also been shown
that simultaneous motion recognition and segmentation can
be performed using DMPs [11]. However, the approach in
[11] requires a pre-existing library of movement primitives
to be created.
Similar to [11], many algorithms for learning motions
assume that labeling of motion exemplars is provided a priori
[12]. Fewer algorithms have used clustering for automatically
recognizing and grouping motions. Of these, [3] models
motion primitives with HMMs and uses the Kullback-Leibler
(KL) distance and Multi-Dimensional Scaling (MDS) to
reduce the dimensionality of the data. On the other hand, [7]
models motions as FHMMs and uses hierarchical agglomerative clustering (HAC) for grouping and storing motions.
However, the resulting dendrogram tree structures are presentation order dependent [7] and online tree correction may
be necessary [13] at an additional computational expense.
Furthermore, additional computational expense is incurred in
training FHMMs to represent a group of motions for motion
generation and there is no guarantee that the resulting motion
will remain kinematically consistent.
In this paper, we use an exemplar-based clustering method
called Affinity Propagation (AP) [14] that leads to stable
results with simple iterative computations that is not affected
by the order in which motions are presented. Prior knowledge
of the number of clusters is not necessary, but if present,
can be used to fine-tune the results. We consider motion
representation using both DMPs and HMMs. The exemplar
based nature of AP is desirable, as the exemplar for each
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Fig. 1. Framework of the overall learning system. This paper focuses
on motion learning for the motion recognition component of the learning
system.

cluster is guaranteed to be kinematically achievable.
II. P ROPOSED A PPROACH
The long term goal of this research is to develop a robot
learning system shown in Figure 1. The main focus of this
paper is on motion learning for the motion recognition component. Motion learning consists of motion segmentation,
motion modeling and motion clustering.
A. Motion Segmentation
A simple segmentation technique is used that places a
segment point whenever the displacement in one of the
observed degrees of freedom switches from non-moving
(zero displacement) to moving (non-zero displacement) or
vice versa. This motion segmentation strategy is capable of
breaking a motion trajectory into meaningful segments when
one type of motion switches to another with a transition
between stopping and moving or moving and stopping. Only
the segments of the motion trajectory that are of interest, i.e.
the segments when the demonstrator is actually moving, are
used for the subsequent motion modeling and clustering. This
simple segmentation technique is appropriate for the low
degree of freedom (DoF) motions considered here. For more
complex motions, a more sophisticated motion segmentation
strategy such as [15] may be adapted.
B. Motion Modeling
Two motion models are considered, Dynamic Movement
Primitives (DMPs) and Hidden Markov Models (HMMs).
DMPs [1], [5] model motions using non-linear dynamics:
τ ż = αz (βz (g − y) − z), z = τ ẏ − f

(1)

where y is a scalar representing the current position value
of a one dimensional trajectory, z is the velocity which
includes a non-linear component f plus the rate of change
of y, g is the goal position, αz and βz are time constants
and τ is a temporal scaling factor equal to the time duration
of the motion segment.
If f = 0, the system in (1) reduces to a linear dynamical
system where g acts as a unique point attractor and the
system is guaranteed to be stable [5]. To model complex
978-1-4799-0509-6/13/$31.00 ©2013 IEEE

where v is a gating term, wi are weights to be trained, N is
the total number of basis functions used, Ψi is a Gaussian
with center ci and spread hi . In order to reduce the effects
of f as the position y approaches the goal g, the gating
term v must tend towards zero as y approaches g. This is
accomplished by modeling v as a linear dynamical system:
τ v̇ = αv (βv (gv − x) − v), v = τ ẋ

(3)

where x is a phase variable, gv is a point attractor set to
zero so that x = 0 and v = 0 as y approaches g. This is
accomplished by setting the time constants αv and βv and
the temporal scaling factor τ to the same values as αz , βz
and τ from (1).
For each motion segment, a separate DMP is trained
for each DoF of the motion. The weights wi of each
separate DMP are stacked together in one column vector that
represents the feature vector for clustering. Feature vectors
of different motions are stacked into a matrix used for AP
clustering. Once the weights wi are obtained, a starting
position y0 and a goal position g can be used to compute
the corresponding y values of the trajectory using (1). The
DMP code used was adapted from existing MATLAB code
[1].
The second model, an HMM [16], abstracts the modeled
data as stochastic dynamic processes. The dynamics of the
motion primitive are modeled by a hidden discrete state
variable, which varies according to a stochastic state transition model A[Nh , Nh ], where Nh is the number of states
in the model. Each state is associated with an output model
B[Nh , K], where K is the number of outputs. For continuous
motion data, a Gaussian output observation model is used.
Given a set of exemplar motions, the Baum-Welch algorithm
is used to find the model parameters A, B which produce
the exemplar motions with the highest likelihood. A pair
of trained models can be compared by using the KullbackLeibler (KL) distance - a probabilistic distance measure [16]:
D(λ1 , λ2 ) =

1
[logP (O(2) |λ1 ) − logP (O(2) |λ2 )]
T

(4)

where λ1 , λ2 are two HMM models, O(2) is an observation
sequence generated by λ2 and T is the length of the
observation sequence. Since this measure is not symmetric,
the average of the two distances is used to form a symmetric
measure.
C. Motion Clustering
The last step of motion recognition is to cluster the
motions using Affinity Propagation (AP). AP is a clustering
algorithm that simultaneously considers all data points as
possible candidates for being an exemplar for a cluster [14].
Real-valued messages are passed between data points to
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indicate the suitability of each data point to serve as a cluster
exemplar. As these messages are updated iteratively, good
cluster exemplars emerge along with data points belonging
to each cluster.
The advantage of AP is that it does not require manually
labeled data or the number of expected clusters for training.
The exemplar clustering nature of AP is very well suited for
directly finding the trained motion model that best represents
a group of similar motions. Instead of having to store all of
the motion models in a motion group, only the exemplar
motion model needs to be stored to generate kinematically
achievable motions for the entire motion group.
The input to AP is a matrix of similarities between data
points, where the element s(j, k) of this matrix indicates how
well the candidate exemplar data point k represents the data
point j, i.e. the similarity of data point k to data point j. Any
distance metric could be used to calculate this similarity,
though the negative Euclidean distance is recommended
[14]. For the diagonal elements of the matrix of similarities
s(k, k), rather than calculating the distance of data point
k to itself, a “preference” value is set. The “preference”
value incorporates any prior knowledge of the suitability of
a particular data point k being a cluster exemplar, where
a higher “preference” value indicates a greater suitability.
If no prior knowledge is available, all “preference” values
are set to the same value such as the median of the input
similarities (for a moderate number of resulting clusters) or
the minimum of the input similarities (for a small number
of resulting clusters) [14].
Two kinds of messages are passed between the data
points: “responsibilities” and “availabilities”. The responsibility r(j, k) is sent from data point j to candidate exemplar
data point k to indicate how confident data point j is in
data point k being its exemplar. The availability a(j, k) is
sent from candidate exemplar data point k to data point j to
indicate how confident k is in being a good exemplar for j.
The steps of the AP algorithm are as follows:
1) Initialize all availabilities to zero.
2) Compute and update the responsibility values:

RLt

LR

(b)
RL

LRt

(c)

(a)

Fig. 2. The experimental setup (a). Two blocks are being stacked by
moving (b) the left block first or (c) the right block first. The resulting
types of motions are LR (moving a block from left to right), LRt (moving a
block from left to right on top of another block), RL (moving a block from
right to left), and RLt (moving a block from right to left on top of another
block)

columns of the DMP weight matrix is used as the similarity
matrix, while the KL distance is used for HMMs.
III. EXPERIMENTS
The motion learning approach was first tested on a smaller
data set of captured video stream data with motions modeled
in Cartesian space using DMPs. Next, a larger motion
capture data set was also tested using the proposed approach,
with motions modeled in joint space using both DMPs
and HMMs. A performance evaluation of the AP algorithm
compared to commonly used clustering algorithms is also
carried out for both data sets.
A. Video Stream Data

Video stream data was captured using the camera of the
NAO humanoid robot, which remains stationary during video
capture, as shown in Figure 2a. The video always depicts two
blocks being moved to the middle of the video frame and
stacked. As the video is played, the locations of the blocks
are extracted using basic computer vision algorithms. The
x and y coordinates of the center of mass of each object
(in pixels) are extracted, scaled from pixels to meters and
0
0
r(j, k) ← s(j, k) − max
{a(j, k ) + s(j, k )} (5) transformed from the camera coordinate frame (x, y) into
k0 :k0 6=k
the frame (z, y) used for motion generation for the NAO.
The goal is for the motion recognition process to extract
3) Compute and update the availability values:
the
four groups of motions shown in Figures 2b and 2c
X
a(j, k) ← min{0, r(k, k) +
max(0, r(j 0 , k))} from the captured videos. There are a total of 24 motion
j 0 :j 0 ∈{j,k}
/
exemplars: six instances of each of the four groups of motion
X
0
a(k, k) ←
max(0, r(j , k))
(6) were used. Each motion exemplar has a dimensionality of 20,
consisting of 10 DMP weights for the y-direction motion
j 0 :j 0 6=k
segment and 10 DMP weights for the z-direction motion
4) Repeat 2) and 3) until the exemplar decisions no longer segment. The negative Euclidean distances between the sets
change for a number of iterations, e.g. for 10 iterations. of 20 DMP weights per motion exemplar were used as inputs
Exemplar decisions are made for each data point j, by to the AP clustering algorithm.
finding the value of k that maximizes a(j, k) + r(j, k).
First, the AP clustering algorithm was run with different
If j = k, data point j is an exemplar, otherwise k will preference input values to determine the resulting number
indicate the exemplar for data point j.
of clusters. Using -12.95, the recommended median of all
Existing MATLAB code [14] which runs AP offline was similarities, as the preference value, only two clusters are
adapted. For DMPs, the negative Euclidean distance between obtained. These two clusters cleanly divide the motions into
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those that move from left to right (LR and LRt) and those
that move from right to left (RL and RLt). The result of
two clusters can be obtained for a wide range of preference
values (-170 to -4.2 sampled at step size 0.1).
In order to obtain the more fine-grained division of four
motion groups, the preference value must be increased to the
range of -3.2 to -0.8 sampled at step size 0.1. Any preference
value in this range will work for obtaining the four desired
motion groups, which indicates the AP clustering results are
stable for this range of preference values. Additionally, all
motions continue to be clustered correctly if AP is first run
on a smaller set of only four randomly selected instances of
each of the four groups of motion and then again on the full
data set. This illustrates that AP is able to robustly cluster
motions even when new motions are added to the data set.
The confusion matrix of the resulting clustering of the
full data set is shown in Table I, where the column headings
indicate the true class labels and the first set of rows indicate
the clusters found by AP. All values are probabilities. As can
be seen from Table I, the LR, LRt, RL and RLt motions were
all clustered correctly by AP.
Additional clustering results using hierarchical agglomerative clustering (HAC), K-means clustering and K-medoids
clustering are provided in Table I. The HAC algorithm places
each data point into its own cluster and then recursively
merges them, resulting in a hierarchy of clusters [17] from
which the desired number of clusters must be selected. The
single-link and complete-link variations of HAC are most
commonly used [17], however, the more computationally
expensive average-link and minimum-variance may provide
more robust results. The K-means and related K-medoids
algorithms follow a divisive approach and recursively recompute cluster centers and memberships, where K-means uses
the mathematical mean and K-medoids a data point most
representative of the cluster as the center. Both the K-means
and K-medoids algorithms require the number of clusters
to be known beforehand and, as they are not guaranteed
to converge to a global optimum, multiple runs must be
made to obtain good results. In order to obtain comparative
results with the AP algorithm, the Euclidean distance was
used as the distance metric for all the comparison clustering
algorithms.
All the comparison clustering algorithms, like AP, had no
trouble dividing motions into those that move from left to
right (LR and LRt) and those that move from right to left
(RL and RLt). However, the HAC single-link approach was
unable to divide the left to right motions into the respective
LR and LRt clusters (i.e. at no point in the cluster hierarchy
were LR and LRt cleanly placed into two clusters), instead
the RLt motion was divided into two clusters, RLt1 and
RLt2, as shown in Table I. The RLt2 cluster only contains
one outlier motion exemplar with a slightly different y-axis
trajectory that started slower and sped up faster than those
of the other RLt exemplars. This difference was enough to
cause the minimum distance (the criteria used by single-link
HAC) between the outlier RLt and the other RLt exemplars
to be larger than that of the LR and LRt exemplars, thus,
978-1-4799-0509-6/13/$31.00 ©2013 IEEE

TABLE I
C LUSTERING CONFUSION MATRIX .
Algorithm

Clusters

AP
(p = -2)

LR
LRt
RL
RLt
LR
RL
RLt1
RLt2
LR
LRt
RL
RLt
LR
LRt
RL
RLt
LR
LRt
RL
RLt

HAC
(single)

HAC
(complete, average,
minimum-variance)
K-means
(random, uniform)

K-medoids

True
LR
1
0
0
0
1
0
0
0
1
0
0
0
1
0
0
0
1
0
0
0

Class Labels
LRt
RL
0
0
1
0
0
1
0
0
1
0
0
1
0
0
0
0
0
0
1
0
0
1
0
0
0.167
0
0.833
0
0
1
0
0
0
0
1
0
0
1
0
0

RLt
0
0
0
1
0
0
0.833
0.167
0
0
0
1
0
0
0
1
0
0
0
1

leading to the incorrect clustering result. As none of the other
clustering algorithms use the minimum distance, they were
not affected by this outlier.
Similarly, K-means was unable to cleanly divide the left
to right motions, resulting in one LRt exemplar being placed
into the LR cluster. This mistake persisted even when the
best result from 1000 runs of K-means was picked. The
misclassified LRt exemplar had a slightly different z-axis
trajectory, where the highest point in the trajectory was more
pronounced than in the other LRt z-axis trajectories. This
difference was enough to cause the outlier LRt to be closer
to the mean found for the LR motion cluster than the mean
of the LRt motion cluster for the K-means algorithm. The
remaining HAC algorithms and K-medoids were able to
cluster all the motions correctly.
The representative exemplars selected by K-medoids for
both the two and four cluster case are the same as those
selected by AP. The motion generation capabilities of the
representative exemplars for the four different clusters found
are shown in the attached video.
B. Motion Capture Data
The motion recognition system was further validated on
a larger, existing motion capture data set provided in [7].
This data set consists of 9 motion groups performed by
a single demonstrator (a total of 137 exemplars): walking
(WA, 28 exemplars), cheering (CH, 15 exemplars), dancing
(DA, 7 exemplars), kicking (KI, 19 exemplars), punching
(PU, 14 exemplars), sumo leg raising (SU, 13 exemplars),
squatting (SQ, 13 exemplars), throwing (TH, 13 exemplars)
and bowing (BO, 15 exemplars). The motion exemplars
consist of time series joint angle data that are segmented
at the time of recording, i.e. each motion exemplar was
recorded separately. Thus, segmentation is not required for
this data set. Each motion exemplar in the motion capture
data set consists of the joint angle data of a 20 DoF humanoid
665

8 clusters
(-8500)

WA

SU

CH

KI

9 clusters
(-3000)

WA

SU

CH

KI

PU, TH

PU

TH

SQ

BO

DA

SQ

BO

DA

Fig. 3. Clustering results of the motion capture data using DMPs of 5
weights and two preference values for AP. The total number of clusters
found is indicated at the beginning of each row (including the preference
value used in parentheses). The types of motions contained in each cluster
are indicated through their respective labels. If one cluster contains more
than one type of motion, the type of motion of the representative exemplar
for the cluster is italicized.

model captured at 33 frames per second. A separate DMP
with 5 weights was used to model each of the 20 DoF for
each motion exemplar, resulting in a dimensionality of 100
for each motion exemplar. The negative Euclidean distances
between DMP weight vectors were used as inputs to the AP
clustering algorithm.
First, the AP clustering algorithm was run with different
preference input values to determine the resulting number
of clusters. When the preference value is set to the recommended median of all similarities, exactly 9 clusters are
obtained. When the minimum of all similarities is used
as the preference value, 8 clusters are obtained. A range
of preference values around the recommended median and
minimum will lead to the 9 and 8 cluster cases, respectively,
indicating that the AP clustering results are stable. AP again
clustered all motions correctly when run with only about
70% of the motion exemplars randomly selected from each
motion group followed by the full data set.
The results of the AP algorithm clustering the full data
set are shown in Figure 3. At 8 clusters, the punching
(PU) and throwing (TH) motions were placed into the same
cluster with a punching (PU) motion as the representative
exemplar. At 9 clusters, punching (PU) and throwing (TH)
were correctly placed into their own respective clusters,
thereby resulting in the 9 motion groups expected from the
data set. All the data points were correctly clustered, i.e.
assigned to clusters matching their true classes. The grouping
of throwing (TH) and punching (PU) is reasonable due to the
similarity between those motions.
Next, a separate 5 state HMM model was trained on
each motion exemplar of the motion capture data set. The
KL distance between each trained HMM motion model is
used as the distance metric for the similarity matrix of the
AP algorithm. Similarly to the DMP case, by using the
recommended median of all similarities as the preference
value, exactly 9 clusters are obtained. When the minimum
of all similarities is used as the preference value, 8 clusters
are obtained. Again, a range of preference values around
the recommended median and minimum will lead to the
9 and 8 cluster cases, respectively, indicating that the AP
clustering results are stable. At 8 clusters, punching (PU)
and throwing (TH) are placed into the same cluster, with
a punching (PU) motion as the representative exemplar.
At 9 clusters all motions are clustered correctly into their
respective clusters. The DMP and HMM model clustering
978-1-4799-0509-6/13/$31.00 ©2013 IEEE

results are very similar, however, except for the bowing (BO)
and dancing (DA) case, AP selected different representative
exemplars for the HMM and DMP models. This is likely due
to the differences between the distance metrics used.
The comparison clustering algorithms were also applied to
the larger dataset. None of the variations of HAC were able
to find the 9 desired clusters using the DMP weights as the
features. The minimum-variance method fared best, as the 8
cluster case of the HAC minimum-variance method is very
similar to the AP results. However, at 9 clusters, the bowing
(BO) motion was split into two clusters, while the punching
(PU) and throwing (TH) motions were still in one cluster
and only at 10 clusters are punching (PU) and throwing
(TH) placed into separate clusters. Thus, HAC minimumvariance never fully attains the 9 expected clusters for the
large data set. The HAC single-, complete- and averagelink performed even more poorly, with bowing (BO), kicking
(KI) and cheering (CH) splitting before punching (PU) and
throwing (TH) are separated.
Similar behavior is observed when clustering HMM KL
distances using HAC single-, complete- and average-link.
At 8 clusters, all HAC variations group punching (PU) and
throwing (TH) into the same cluster. At 9 clusters, the
kicking (KI) motion is separated into two clusters, while
punching (PU) and throwing (TH) are still in one cluster.
HAC minimum-variance cannot be used with HMM models,
as it requires the use of the Euclidean distance.
K-means and K-medoids, on the other hand, were both
successful in finding the same 8 and 9 clusters as AP using
the DMP weights. However, K-means required a minimum
of 50 runs and K-medoids required a minimum of 100
runs in order to consistently determine those clusters. Kmeans performed better for the motion capture data than
the video stream data as the motion capture data contains a
much higher number of DoF, which leads to larger Euclidean
distances between motion exemplars. K-medoids again found
the exact same representative cluster exemplars as AP. For
the HMM model, K-means and K-medoids cannot be used,
as they need to compute the distances between features and
cannot directly take the KL distances as inputs.
The motion generation capability of the representative
exemplars was verified using a MATLAB visualization tool
of a full-body humanoid model adapted from [18]. Three
examples of both the captured data trajectories and DMP
generated trajectories are shown in the attached video.
IV. DISCUSSION
The clustering results for both the video stream data and
motion capture data indicate that the weights of the DMP
can be used as features for motion recognition with just a
simple distance metric, e.g. the negative Euclidean distance.
The DMP weights can be used to successfully distinguish
between different types of motion as well as indicate the
amount of similarity between different types of motion, e.g.
the punching (PU) and throwing (TH) motions of the large
data set were recognized as being more similar to each other
than other motions.
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TABLE II
C OMPUTATION C OMPLEXITIES . n IS THE NUMBER OF DATA POINTS , m
IS THE NUMBER OF ITERATIONS , K IS THE NUMBER OF CLUSTERS AND l
IS THE NUMBER OF RUNS .

Algorithm
AP
HAC
K-means
K-medoids

Computational Complexity
O(n2 m)
O(n2 logn)
O(nKl)
O(K(n − K)2 l)

Source
[14]
[17]
[17]
[19]

The experimental results also show that AP can be used
for motion recognition. The algorithm can be used without
any prior knowledge of the number of clusters. AP is simple
to use since its only parameter, the preference value, can
be computed by simply taking the median of the all the
input similarity values. Other clustering methods, such as
K-means and K-medoids, require the number of classes to
be known beforehand, while HAC requires selecting the level
of hierarchy matching the desired number of clusters.
If additional knowledge is available, the preference value
of the AP algorithm may be tuned to obtain a coarse or
fine division of motions. For the video stream data, both
the two and four cluster cases found using AP contain no
clustering errors, while the HAC single-link variation and Kmeans fail to identify the finer distinction between motions
in the four cluster case. Additionally, AP works for different
motion models and distance metrics, i.e. DMP with negative
Euclidean distance and HMM with KL distance. The HAC
minimum-variance, K-means and K-medoids cannot directly
be used with the KL distance metric for HMMs.
The theoretical computational complexities of the clustering algorithms are shown in Table II. HAC has the
highest computational complexity. K-means, on the other
hand, appears to be the most efficient, but only if the number
of runs l needed to obtain good clustering results is low.
Similarly, AP and K-medoids look comparable in terms of
computational complexity, but again this may not hold if
the number of runs l that K-medoids requires is high. The
number of iterations m for AP was found to be more or less
constant for the small and large data sets as the large data
set required only one more iteration than the small data set
to obtain all the clusters. Actual runtimes of the clustering
algorithms are not reported, because the algorithms were
implemented with different levels of optimization.
AP finds representative exemplars for the motion cluster
that can directly be used for motion generation. K-medoids is
the only other clustering algorithm amongst those tested that
will also find representative exemplars. The representative
exemplars found by both AP and K-medoids are the same
for the DMP motion models for both the video stream and
motion capture data.
V. CONCLUSIONS AND FUTURE WORK
This paper presented an approach for unsupervised motion
recognition via clustering. Motions were modeled using
DMPs and HMMs, and motion clustering was performed
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using the AP clustering algorithm. For DMP models, the
negative Euclidean distance between the DMP weights was
used as a distance metric, while for HMM models, the
KL distance was used. The results confirm that the DMP
weights can be used as features for motion recognition.
Further, comparison with other clustering algorithms shows
that the proposed clustering approach is simple to use and
efficient, making it an attractive choice for potential real-time
applications. Lastly, AP finds exemplars for each cluster,
thus, directly selecting the representative motion for the
entire cluster which can be stored and used to generate
motions for the entire cluster. Future work may involve
extending the AP algorithm to run incrementally.
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