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Abstract— This paper describes a novel algorithm for autonomous and incremental learning of motion pattern primitives
by observation of human motion. Human motion patterns are
abstracted into a Hidden Markov Model representation, which
can be used for both subsequent motion recognition and generation, analogous to the mirror neuron hypothesis in primates.
As new motion patterns are observed, they are incrementally
grouped together using hierarchical agglomerative clustering
based on their relative distance in the HMM space. The clustering
algorithm forms a tree structure, with specialized motions at
the tree leaves, and generalized motions closer to the root. The
generated tree structure will depend on the type of training data
provided, so that the most specialized motions will be those for
which the most training has been received. Tests with motion
capture data for a variety of motion primitives demonstrate the
efficacy of the algorithm.

I. I NTRODUCTION
In order for robots to operate successfully in human environments, they will need to be able to perform a wide variety
of both precise and gross full body motions. In particular, in
the case of humanoid robots, the ability to learn primitive and
complex motion patterns by observing and imitating humans
would be advantageous. Many algorithms in the literature
have been developed for learning human motions through
demonstration and imitation [3], [13]. However, most of these
approaches consider the case where the number of actions
to be learned are specified by the designer, the demonstrated
actions are observed and clustered a priori, and the learning
is a one shot, off-line process. In this case, a global clustering
method can be applied once all the data has been acquired,
to determine the optimum number of motion primitives, and
the allocation of the data to each primitive. In our research,
the goal is to implement continuous learning over the entire
lifespan of the robot, where demonstrated actions are observed
and classified autonomously, and learned on-line during colocation and interaction with the (human) teacher. During this
type of learning, the number of motion primitives is not known
in advance, and must be determined autonomously by the
robot, as it is observing the motions. Due to the fact that
motions are being segmented incrementally, before all the
motions are known, the resulting segmentation will be analogous to a local optimization, and may be susceptible to local
minima. However, if the robot is able to extract appropriate
motion primitives quickly, and after only a few examples are

shown, the learned motion primitives can immediately be used
for motion generation. Once the robot can generate a learned
motion, the learned motion can be further refined through other
learning modalities, such as practice [1] and feedback from
the teacher [9], which may be more effective than repeated
observation alone.
In order to extract motion primitives during on-line observation, several key issues must be addressed by the learning
system: automated motion segmentation, recognition of previously learned motions, automatic clustering and learning of
new motions, and the organization of the learned data into a
storage system which allows for easy data retrieval.
Our motion model is inspired by the mirror neuron system,
found in humans and other primates [12]. The mirror neuron system is believed to be a direct-matching mechanism,
whereby observed actions are understood when the visual
representation of the observed action is mapped onto the
observer’s motor representation of the same action. A motion
is understood by causing the motor system of the observer to
”resonate”. This hypothesis is supported by both experiments
with monkeys and humans, where observation of a motor
action generates a neural response in the motor areas of the
brain corresponding to the observed action. The neurons which
respond in this manner have been named mirror neurons. In
previous research [5], [14], humanoid motion primitives have
been encoded using Hidden Markov Models, and subsequently
used for motion generation. However, the initial training of
the models was carried out off-line, where all the training
examples for each model were grouped manually. In this paper,
we develop an algorithm for incremental and autonomous
behavior acquisition and learning of motion primitives, and
the automated organization of the acquired behaviors.
A. Related Work
Breazeal and Scasellati [3] and Schaal et al. [13] provide
reviews on motion learning by imitation. As noted by Breazeal
and Scasellati, the majority of algorithms discussed in the
literature assume that the motions to be learned are segmented
a-priori, and that the model training takes place off-line.
For example, Billard et al. [2] use HMM models for
motion recognition and generation. The Bayesian Information
Criterion (BIC) is used to select the optimal number of states
for the HMM. However, all the exemplar motion patterns

are acquired and grouped before the training begins, and the
number of motions to be learned is specified a priori.
Ogata et al. [10] develop a connectionist architecture suitable for long term, incremental learning. However, in their
implementation, the robot learns only one task, and no hierarchical organization of knowledge takes place.
Kadone and Nakamura [7], [8] describe a system for
automated segmentation, memorization, recognition and abstraction of human motions based on associative neural networks with non-monotonic sigmoid functions. Their approach
achieves on-line, incremental learning of human motion primitives, and self organization of the acquired knowledge into
a hierarchical tree structure. However, the abstracted motion
representation can only be used for subsequent motion recognition, and cannot be used for motion generation.
Takano and Nakamura [15] develop a system for automated
segmentation, recognition and generation of human motions
based on Hidden Markov Models. In their approach, a set
of HMMs is trained incrementally, based on automatically
segmented data. Each new motion sequence is added to the
HMM which has the highest likelihood of generating the
motion. The selected HMM is then trained for competitive
learning with the new data. The number of HMMs is fixed
and determines the level of abstraction. A choice of smaller
number results in a higher level of abstraction. However, no
mechanism is proposed for the emergence of a hierarchy
among different levels of abstraction.
In this paper, an HMM representation is used to abstract
motion patterns as they are perceived. Individual motion
patterns are then clustered in an incremental fashion, based
on intra HMM distances. The formed clusters are then used to
form group HMMs, which can be used for motion generation.
Section II describes the Hidden Markov Model encoding of
each motion primitive. The incremental behavior learning and
hierarchy formation algorithm is described in Section III.
Section IV describes the motion generation algorithm used to
generate motion commands based on the stored HMM motion
primitives. Experimental results on a motion capture data set
are described in Section V; concluding remarks are presented
in Section VI.
II. M OTION P RIMITIVE E NCODING
Each motion primitive p is encoded as a stochastic Hidden
Markov Model (HMM) λp (π, A, B), where π is the initial
state probability, AN ×N is the N × N state transition matrix,
and B is the output observation model. N represents the
number of states in the model. For representing non-periodic
human motion primitives, a left-to-right HMM is used. In
addition, the state transition matrix is constrained such that
no backwards state transitions are allowed, and state transitions can occur only between consecutive nodes. The output
observation vector is composed of continuous observations.
Either joint angles, or cartesian positions of key body locations
(such as the wrist, elbow, head, knee, etc.) can be used as the
observation vector. The output observation model B is a finite
mixture of Gaussians. The number of Gaussians mixtures is

denoted by M . To reduce the number of training parameters,
the covariance matrix Σjm is constrained to be diagonal.
When a motion is encoded into an HMM, it is important to
select the best model representation, by selecting the appropriate number of states N and number of Gaussian mixtures
M for the motion. The selection of model is performed
autonomously based on the observed motion sequence, as will
be described in the following section.
Once the model is selected, the model parameters
aij , cjm , µjm , Σjm must be trained, based on the observation
data. The training procedure used is the Baum-Welch algorithm, which is a type of Expectation-Minimization algorithm
[11].
Once the model is trained, we can use the forward procedure
[11] to determine the likelihood P (Onew |λ) that a new
observation sequence Onew was generated by the model λ.
III. I NCREMENTAL B EHAVIOR L EARNING AND
H IERARCHY F ORMATION
Each time a new motion sequence is observed, the robot
must decide if the observed motion is a known motion, or
a new motion to be learned. In addition, over the lifetime
of the robot, as the number of observed motions becomes
large, the robot must have an effective way of storing the
acquired knowledge for easy retrieval and organization. In
our approach, a hierarchical tree structure is incrementally
formed representing the motions learned by the robot. Each
node in the tree represents a motion primitive, which can be
used to recognize a similar motion, and also to generate the
corresponding motion for the robot.
The algorithm initially begins with one behavior group
(the root node). Each time a motion is observed from the
teacher, it is encoded into an HMM, using all available sensor information. Behaviors are encoded using the continuous
Bakis model (left to right) HMMs [14]. The HMM-encoded
motion is then compared to existing behavior groups via a tree
search algorithm, using the symmetric HMM distance measure
[11], and placed into the closest group. Each time a group is
modified, a hierarchical agglomerative clustering algorithm [6]
is performed within the exemplars of the group. If a sub cluster
starts to form, a child group is formed with the sub cluster data.
The raw data of the HMMs forming the sub cluster is then
used to generate a single group HMM, which is subsequently
used for both behavior recognition and generation. Therefore
the algorithm incrementally learns and organizes the motion
primitive space, based on the robot’s lifetime observations. A
schematic representation of the algorithm is shown in Figure
1. The algorithm pseudocode is shown in Figure 2.
This algorithm allows the robot to incrementally learn and
classify behaviors observed during continuous observation
of a human demonstrator. The generation of a hierarchical
structure of the learned behaviors allows for easier retrieval,
and the automatic generation of the relationships between
behaviors based on their similarity and inheritance. In addition,
the robot’s knowledge is organized based on the type of
training received, so that the robot’s knowledge will be most
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Fig. 1. Schematic Illustration of the Segmenting Algorithm. (a) initial state, when only one group is present; (b) clusters form when enough similar examples
are observed; (c) new observations are located into the closest group based on the distance between the new observation and the group model

Step1 Encode observation sequence Oi into an HMM λi
Step2 Calculate the distance between λi and each existing
behavior group HMM λGj
Step3 Place λi into the closest group Gc
Step4 Cluster all HMMs within Gc
Step5 If a cluster forms, form a new group Gn , containing
the HMMs of the cluster
Step6 Using the observations sequences from the HMMs
in Gn , form the group HMM λGn
Fig. 2.

Segmenting Algorithm Pseudocode

A. Step1 - Observation Sequence Encoding
In the first step, the newly acquired observation sequence
is encoded into an HMM. Once the observation vector is
generated, the HMM parameters, such as the number of states
and the number of gaussian mixtures must be selected. The
Akaike Information Criterion (AIC) is used to select the best
fitting model [4]. The AIC is given by Equation 1:
2np (np + 1)
N − np − 1

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

(2)

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 intra HMM distances is used to form
a symmetric measure:
D(λ1 , λ2 ) + D(λ2 , λ1 )
(3)
2
Note that Equation 3 is the pseudo-distance and not the distance in the strict sense since it does not satisfy the triangular
equation. The repository of known groups is organized in a
tree structure, so that the new observation sequence does not
need to be compared to all known behaviors. The comparison
procedure is implemented as a tree search. At each node of the
tree, the new observation sequence is compared to the leaves
of that node. If the distance between the new observation
sequence and one of the child nodes is sufficiently small, the
search recurses to the most similar child node, otherwise, the
new observation sequence is added to the current node.
Ds =

specialized in those areas of the behavior space where the most
data has been observed.

AIC = −2L + 2np +

D(λ1 , λ2 ) =

(1)

L denotes the log likelihood that the given model produced
the data, and np denotes the total number of independent
parameters of the model. The AIC is based on KullbackLiebler information, and can be thought of as an entropy
measure [4]. For small data sets, a correction factor must be
applied to the AIC to account for second order effects [4].
The last term in Equation 1 is the correction factor, where N
indicates the total number of data points. The AIC formulates
a tradeoff between the ”goodness of fit” of the candidate model
and the number of model parameters.
The model selection phase can be quite time consuming, as
each model candidate must be trained in order to be evaluated
by the AIC. To narrow the model search space, in the initial
encoding, the output is initially modeled as a single Gaussian
probability density function, and the maximum number of
HMM states is limited to 10% of the number of observations.
B. Step 2 - HMM Distance calculation
Once the newly observed behavior is encoded as an HMM,
it is compared to existing groups (if any). Here, the distance
between two HMMs can be calculated [11] by Equation 2.

G
Dthresh = KmaxGD Dmax

(4)

Dthresh is the distance threshold at which a new observation
sequence is considered for inclusion to a node, KmaxGD is
G
the multiplication factor applied and Dmax
is the maximum
intra observation distance for the given node. If the distance
between the new observation and the cluster is larger than
Dthresh , this cluster will not be considered as a possible
match for the new observation sequence. If there are multiple
candidate clusters, the new sequence is placed in the closest
cluster. If there are no candidates, the new sequence is placed
in the parent cluster. In the case of a new motion pattern which
is completely dissimilar to any existing motion patterns, the
motion pattern will be placed into the root node.
Once the best matching cluster is selected for the newly
observed sequence, the distance between the new observation
and all the other observations in the cluster is calculated and
added to the distance matrix stored for that node. This matrix
is used for new cluster formation, as described in the next
section.
C. Steps 4 and 5 - Clustering and New Group Formation
When a new observation sequence is added to a cluster, a
clustering procedure is invoked on that cluster, to determine

if a subcluster may be formed. The complete link hierarchical
clustering algorithm is used to generate the data clusters
within a group [6]. This is an agglomerative algorithm, where
the data is initially placed in single element clusters, which
are then successively joined based on the maximum intraelement distance, so that the resulting output is a hierarchical
tree describing the relationship between all the data points.
Clusters can then be formed based on two criteria: number
of leaves in the cluster, and the maximum proximity measure
of the potential cluster. Currently, both a minimum number
of elements and a maximum distance measure are used. To
calculate the maximum distance measure, the average and
standard deviation of the inter motion distances in the cluster is
calculated. The distance cutoff is then calculated as a function
of the distribution function, as shown in Equation 5.
Dcutof f = µ − Kcutof f σ

(5)

where Dcutof f is the distance cutoff value (i.e., only clusters
where the maximum distance is less than this value will be
formed), µ is the average distance between observations, and
σ is the standard deviation of the distance values.
D. Step 6 - New Behavior Instantiation
If a new cluster is generated in Step 5, a new group
is instantiated, containing the inter-cluster elements. A new
group HMM is trained using the raw observation sequences
from all the group elements. This HMM is subsequently used
by the robot to generate behaviors. The group HMM replaces
the individual observations in the parent node.
If one of the group elements allocated to the new cluster is
already a group HMM, the generated motion sequence based
on that HMM will be used for the training. The generation
algorithm is described in Section V. In this case, a modified
form of the re-estimation formulas for multiple observation
sequences [11] is used. The algorithm is modified by overweighting the group HMMs, in order to account for the fact
that there are multiple observation sequences stored in the
generated HMM, and therefore more weight should be given
to the group HMM, as compared to the individual observation
sequence HMM. The modified re-estimation formula for the
state transition matrix elements is given by Equation 6.
PK
a¯ij =

E. Computational Efficiency and Memory Usage
The developed algorithm is suitable for on-line behavior
acquisition, as the computational requirements are significantly
lower as compared to a global clustering approach. Each new
sequence is compared to known sequences via tree search,
reducing the number of comparisons required. Once the closest
node is found, the computation time for node clustering is
constant (only the HMMs in the closest node are clustered).
Each cluster is limited to a maximum number of observation
sequences, Nmax . If a new observation sequence is being
added to a cluster which already contains Nmax , an old
observation sequence is selected for removal from the cluster,
before adding the new observation. Currently, the observation
sequence to be removed is selected based on FIFO (first in,
first out).
In addition, to conserve memory resources, it is also possible to amalgamate leaf clusters into a single observation (i.e.,
do not store any of the constituent observation sequences for
a leaf cluster, but only the resulting group HMM). However,
following amalgamation, it would no longer be possible to
subdivide that cluster, i.e., it would be considered as a single
observation in the parent cluster. Therefore, amalgamation
could be performed once the tree hierarchy had reached a
certain depth level, or once the distance between cluster
elements has become sufficiently small.
IV. M OTION G ENERATION

PTk −1

(k)
k
k
t=1 αt (i)aij bj (Ot+1 )βt+1 (j)
PK Wk PTk −1 k
k
k=1 Pk
t=1 αt (i)βt (i)

Wk
k=1 Pk

made to the re-estimation formulas for the output observation
model parameters. Weighting is also used to account for group
HMMs during the new group formation threshold calculation.
1) Superseding: A special case that may occur during new
cluster formation is that group HMMs in a parent cluster may
become targeted for inclusion in a newly formed cluster. Once
a new subcluster is formed, the behaviors forming the subcluster are removed, and replaced with a single, group HMM.
Thereafter, this group HMM is treated exactly the same as a
single behavior HMM, except that it is overweighted during
cluster group HMM training. Therefore, as more behaviors
get added to the cluster, occasionally the group HMM may be
included in a new subcluster. In this case, the tree structure
is also updated to insert the newly formed subcluster as the
parent of the group HMM which has been placed in the cluster.

(6)

where a¯ij is the new estimate of the i, j element of the
state transition matrix, K is the number of group elements
being used to train the HMM, Wk is the number of examples
contained in each element, and Pk is the probability that
the generated (or, in the case of an individual observation,
observed) data sequence was generated by the current HMM
model. Tk is the number of observations in the sequence O(k) ,
and αk and β k are the forward and backward variables for the
sequence k. The weighting factor Wk accounts for the multiple
sequences stored in the group HMM. A similar modification is

Once a cluster node has been formed, the group HMM for
the node constitutes the abstraction of the motion primitive.
To generate a motion trajectory for the robot from the group
HMM, the Monte-Carlo like averaging method of Takano [14]
is used. In this approach, a representative state sequence if first
generated by sampling from the state distribution. The output
sequence is then generated by sampling from each output
observation distribution. This two-stage sampling process is
then averaged over many trials, to average out the noise due
to potentially large variances in the output observation vector.
The resulting reference trajectory is then passed to a low level
controller, to ensure that dynamic and stability constraints are
satisfied.

V. S IMULATIONS
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The motion sequences are presented to the algorithm in
random order. Motion sequences are presented one at a time,
simulating on-line, sequential acquisition. After each motion is
presented, the algorithm is executed, performing incremental
clustering. In each simulation performed, the algorithm correctly segments the behaviors such that the resulting leaf nodes
represent the grouping that would be obtained with an off-line
method. Out of 100 simulation runs performed at each of the
parameter settings, there was no cases of misclassification at
the leaf nodes, showing that the final segmentation is robust
to presentation order. Sample segmentation results are shown
in Figs. 4, 5 and 6. An example of a motion generated by
the walk cluster is shown in Figure 7. Note that the actual
order of node formation will vary depending on the motion
presentation order.
The algorithm parameter Kcutof f (the parameter which
controls when a new cluster is formed from an existing
cluster) determines the resultant tree structure. A high value
for Kcutof f (i.e., only clusters composed of a tight data
set are formed) tends to result in a flat tree structure (as

RunId = 16

(correct placement)

The algorithm has been tested on a data containing a
series of 9 different human movement observation sequences
obtained through a motion capture system [7]. The data set
contains joint angle data for a 20 degree of freedom humanoid
model from multiple observations of walking (WA - 28
observations), cheering (CH - 15 observations), dancing (DA
- 7 observations), kicking (KI - 19 observations), punching
(PU - 14 observations), sumo leg raise motion (SL - 13
observations), squatting (SQ - 13 observations), throwing (TH
- 13 observations) and bowing (BO - 15 observations). Figure
3 shows an example of a walking motion from the dataset.

(incorrect placement)
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shown in Figure 4, while low values of Kcutof f result in
a deep tree structure, as shown in Figure 5. As the cluster
formation parameter is relaxed, deeper trees tend to be formed.
However, the resulting tree structure tends to be dependant
on the presentation order. In the case of a high cutoff value
(see Figure 4), the resulting tree structure is flat, and fairly
insensitive to presentation order. The resulting structure is
consistent with off-line clustering result. In about 9% of cases,
the ’dance’ group fails to form (indicated by -1 in Figure
4), since this group contains the least examples. At the high
cutoff value, the punch and throw motions are too similar
to subcluster, resulting in a single hybrid generated motion
(indicated as GPT in Figure 4). The generated motion resulting
from that subcluster is shown in Figure 8. As can be seen in
the figure, the motion is an averaging of the two motions.
When low values of Kcutof f are used, nodes are quicker to
form, and the resulting tree structure becomes more dependant
on presentation order. The similarity level at which nodes will
form is highly dependent on presentation order. Figures 5 and
6 show two examples of different tree structures formed, from
two simulation runs. Note that the identified leaf nodes remain
the same. In addition, using the lower cutoff value makes it
easier to subdivide the similar throw and punch motions. Even
though the cutoff level was the same for both experiments,
the similarity level of the nodes formed differed, based on the
presentation order. The result in Figure 5 is consistent with
global clustering, while in the result shown in 6, one node is
incorrectly assigned. The CH node is incorrectly assigned to
the PU/TH/KI/SQ branch of the tree, whereas global clustering
would have assigned the CH node to the WA/SL branch. This
type of error is due to the local nature of the algorithm, i.e.
clustering is being performed when only a part of the data set
is available. Therefore, there is a tradeoff when selecting the
Kcutof f value between facilitating quick node formation and
differentiation and introducing misclassifications in the hierarchy tree. However, since the leaf nodes are identified correctly
regardless of the Kcutof f value, a slower rate tree correction
algorithm may be periodically applied, to reposition leaf nodes
to the correct branch as more data becomes available.
VI. C ONCLUSIONS
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This paper develops a novel algorithm for the incremental
learning and hierarchical organization of whole body motion
primitives encoded into Hidden Markov Models. The learned

Fig. 3.

Fig. 7.

Fig. 8.

Sample Walking Motion

Generated Walking Motion

Generated Hybrid Punch/Throw Motion

motion is an aggregate of the clustered motions, represented
by the group HMM. A weighted training procedure is developed for handling group HMMs, such that the training and
behavior generation is weighted by the number of observations
represented by the group HMM. The clustered motions are
organized in a hierarchical tree structure, where nodes closer
to the root represent broad motion descriptors, and leaf nodes
represent more specific motion patterns. The tree structure and
level of specialization will be based on the history of motions
observed by the robot. The developed algorithm was tested on
a motion pattern database consisting of human motion patterns.
The experiments showed that leaf nodes of the resulting tree
structure represent the correct segmentation, regardless of the
presentation order.
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