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Abstract— Currently, robot learning of human activities is
mainly studied in two largely disconnected domains: high level
semantics understanding in human activity recognition, and low
level motion trajectory reproduction in robot imitation learning.
The critical problem of human activity unified learning (HAUL)
was not well studied in previous work. One important challenge
is the lack of a representation that can be learned from both
levels. We introduce a novel approach to address this HAUL
problem at the representation level, by simultaneously learning
action labels and motion trajectories from publicly available 3D
human skeletal datasets, thus avoiding additional human labor
for data collection. Our approach builds a subject and body
position independent shared skeleton, and extracts features
of skeletal activities based on this model. Then the extracted
features are encoded by the parameter set of Gaussian Mixture
Models to construct the unified representations. The proposed
compact representation can be directly applied to identify
activity labels when combined with Support Vector Machines,
and can be also employed to generate trajectories of the learned
activities when combined with Gaussian Mixture Regression on
a robot. Finally, an inverse kinematic mapping is developed to
transfer human skeletal trajectories to joint angle sequences in
the robot’s embodiment. Empirical studies using simulation and
real humanoid robots demonstrate that our approach achieves
promising performance on robot unified learning of human
action labels and motion trajectories, effectively addressing the
HAUL problem.

I. INTRODUCTION

The ability to automatically understand and imitate hu-
man actions is essential for intelligent robots to learn from
people and to effectively assist and interact with humans
in many human-centered robotics domains, including home
assistance, service robotics, and search and rescue. Although
human action recognition [1], [2] and robot imitation learn-
ing [3] have been widely studied for many years in robotics
research, these two problems were addressed independently
using separate representations of the human. The critical
problem of simultaneous learning of human action labels and
motion trajectories has not been previously well studied. We
name this research problem as human action unified learning
(HAUL), as illustrated in Fig. 1.

Previous methods of activity recognition allow robots to
understand the semantics of human behaviors by representing
the spatial information of global human activities using local
features, silhouettes or even a point [4], [5], and by encoding
the temporal information using histograms [5]; however,
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Fig. 1. Motivations of this work: traditional robot learning methodologies
treat human behavior understanding and imitation learning as two separate
problems, using different datasets and representations. In addition, previous
research on imitation learning generally requires significant human efforts
to collect demonstration data. In this paper, we introduce a novel unified
learning approach based on compact human representation that can enable
a humanoid robot to simultaneously learn both action labels and motion
trajectories. To reduce human effort, we propose the use of existing whole-
body 3D human skeletal data publicly available on the Internet to construct
our representation and realize unified robot learning.

all these representations are inapplicable for reproducing
their motion trajectories. Methods of imitation learning [6],
[7] address the trajectory learning problem by providing a
robot with human demonstrations, which are regarded as an
initial guideline for performing human-like tasks. However,
such approaches usually learn low level trajectories for a
single activity, without the capability of understanding the
semantic meanings of a large variety of human activities.
Therefore, a unified learning is desired for intelligent robots
to simultaneously recognize human activities and reproduce
the activities.

Traditional imitation learning approaches collect data by
manually moving the robot’s body to perform activities and
record data from the robot’s sensors [3]. Such a dataset
gathering method is often time-consuming and requires much
human labor. Typically, only few activities (usually less
than 5) are demonstrated by the human [6], [7], making
them inapplicable for teaching robots a large number of
activities. In addition, since the size of the demonstration
data is usually small (e.g., human teaches an activity with 4-
7 demonstrations [6]), fault tolerance cannot be guaranteed.
As a result, the performance of robot imitation learning
is inherently limited by the availability and quality of the
demonstration data.

In recent decades, 3D sensors, including color-depth cam-
eras, allow a cheap acquirement of whole-body human

25th IEEE International Symposium on
Robot and Human Interactive Communication (RO-MAN)
August 26-31, 2016. Columbia University, NY, USA

978-1-5090-3929-6/16/$31.00 ©2016 IEEE 91



3D	Human	
Skeletal	Data 

Feature	Extrac+on 

SVM	classifiers 

… 

GMR 
… 

feature	N	

feature	N	

ac
+o

n	
1 

… 

feature	1	

50 100 150 200 250 300 350 400

−1

0

1

ξ 1

50 100 150 200 250 300 350 400
−1.5

−1

−0.5

ξ 2

50 100 150 200 250 300 350 400
−0.5

0

0.5

1

ξ 3

50 100 150 200 250 300 350 400

1.5

1.55

1.6

ξ 4

50 100 150 200 250 300 350 400

−1

0

1

ξ 5

50 100 150 200 250 300 350 400
−1

0

1

ξ 6

50 100 150 200 250 300 350 400

−0.5
0

0.5

ξ 7

50 100 150 200 250 300 350 400

−1.6

−1.55

−1.5

ξ 8

50 100 150 200 250 300 350 400
−0.02

0
0.02
0.04

ξ 9

50 100 150 200 250 300 350 400
0

0.1

0.2

ξ 10

50 100 150 200 250 300 350 400

−0.2

0

0.2

ξ 11

50 100 150 200 250 300 350 400

0
0.02
0.04
0.06
0.08

ξ 12

50 100 150 200 250 300 350 400

−0.1
0

0.1

ξ 13

50 100 150 200 250 300 350 400

−0.3
−0.2
−0.1

0

ξ 14

feature	1	

50 100 150 200 250 300 350 400

−1

0

1

ξ 1

50 100 150 200 250 300 350 400
−1.5

−1

−0.5

ξ 2

50 100 150 200 250 300 350 400
−0.5

0

0.5

1

ξ 3

50 100 150 200 250 300 350 400

1.5

1.55

1.6

ξ 4

50 100 150 200 250 300 350 400

−1

0

1

ξ 5

50 100 150 200 250 300 350 400
−1

0

1

ξ 6

50 100 150 200 250 300 350 400

−0.5
0

0.5

ξ 7

50 100 150 200 250 300 350 400

−1.6

−1.55

−1.5

ξ 8

50 100 150 200 250 300 350 400
−0.02

0
0.02
0.04

ξ 9

50 100 150 200 250 300 350 400
0

0.1

0.2

ξ 10

50 100 150 200 250 300 350 400

−0.2

0

0.2

ξ 11

50 100 150 200 250 300 350 400

0
0.02
0.04
0.06
0.08

ξ 12

50 100 150 200 250 300 350 400

−0.1
0

0.1

ξ 13

50 100 150 200 250 300 350 400

−0.3
−0.2
−0.1

0

ξ 14

ac
+o

n	
M
 

50 100 150 200 250 300 350 400

0.8
1

1.2
1.4

ξ 1

50 100 150 200 250 300 350 400

−0.6
−0.4
−0.2

0

ξ 2

50 100 150 200 250 300 350 400

0.5

1

1.5

ξ 3

50 100 150 200 250 300 350 400
1.56
1.58
1.6

1.62
1.64
1.66

ξ 4

50 100 150 200 250 300 350 400

1.2

1.4

ξ 5

50 100 150 200 250 300 350 400

−0.4

−0.2

ξ 6

50 100 150 200 250 300 350 400

−1.4

−1.2

−1

ξ 7

50 100 150 200 250 300 350 400

−1.6

−1.55

ξ 8

50 100 150 200 250 300 350 400

−0.01

0

0.01

ξ 9

50 100 150 200 250 300 350 400

0.2

0.22

ξ 10

50 100 150 200 250 300 350 400

0.4

0.5

ξ 11

50 100 150 200 250 300 350 400

−0.01
0

0.01
0.02

ξ 12

50 100 150 200 250 300 350 400
−0.14

−0.12

−0.1

−0.08

ξ 13

50 100 150 200 250 300 350 400
0

0.02

0.04

ξ 14

50 100 150 200 250 300 350 400

0.8
1

1.2
1.4

ξ 1

50 100 150 200 250 300 350 400

−0.6
−0.4
−0.2

0

ξ 2

50 100 150 200 250 300 350 400

0.5

1

1.5

ξ 3

50 100 150 200 250 300 350 400
1.56
1.58
1.6

1.62
1.64
1.66

ξ 4

50 100 150 200 250 300 350 400

1.2

1.4

ξ 5

50 100 150 200 250 300 350 400

−0.4

−0.2

ξ 6

50 100 150 200 250 300 350 400

−1.4

−1.2

−1

ξ 7

50 100 150 200 250 300 350 400

−1.6

−1.55

ξ 8

50 100 150 200 250 300 350 400

−0.01

0

0.01

ξ 9

50 100 150 200 250 300 350 400

0.2

0.22

ξ 10

50 100 150 200 250 300 350 400

0.4

0.5

ξ 11

50 100 150 200 250 300 350 400

−0.01
0

0.01
0.02

ξ 12

50 100 150 200 250 300 350 400
−0.14

−0.12

−0.1

−0.08

ξ 13

50 100 150 200 250 300 350 400
0

0.02

0.04

ξ 14… 

…
 

…
 

…
 

1	 

Trajectory	Encoding 

2	 3	 

4	 Low	Level	Mo+on	Trajectory	Learning	

High	Level	Ac+on	Label	Learning	
Unified	Representa.on	Construc.on Robot	Learning 

Ac+on	
Label	1 

Ac+on	
Label	2 

Ac+on	
Label	N 

Inverse	
Kinema+c	
Mapping 

Jo
in

t  a
ng

le
 

t t 

Jo
in

t  a
ng

le
 

t 

Jo
in

t  a
ng

le
 

t 

Jo
in

t  a
ng

le
 

Fig. 2. Framework of unified robot learning of action labels and motion trajectories, based on the proposed representation, from existing 3D human skeletal
data. After accessing the datasets, a robot learns by 1) extracting features from the skeletal data that are irrelevant to human body scales and positions
based on a shared skeleton model, 2) encoding activity trajectories of each feature using probabilistic models to compactly represent human activities, 3)
recognizing action labels by feeding the representation to a classifier, and 4) reproducing generalized motion trajectories of each activity using regression
and mapping them to robot’s joint space. Finally, the robot associates the learned action labels with motion trajectories to accomplish the united learning.

motion data. The datasets cover a wide range of human
daily activities; a large amount of demonstrations of a
certain activity can be collected due to the easy way of
performing demonstrations (e.g., tens to hundreds activi-
ties, and hundreds to thousands of instances in total [8]).
Accordingly, the gathered data are considerably larger than
the traditional imitation learning methods can provide. Such
datasets naturally become good resources for robot imitation
learning. However, using the existing large-scale 3D human
activity datasets to teach robots human activities has sev-
eral challenges. First, substantial variations are inherently
contained within an activity, especially when performed by
different humans. Even the demonstrations performed by the
same subject vary in speeds and poses. These variations
make it difficult to generalize motion trajectories from large-
scale human activity data. Moreover, the recorded activity
data can be defective and ambiguous (e.g., self-occlusion
can occur in human performances, reducing the quality of
the recorded data). Third, to effectively assist and interact
with people, a robot must perform activity recognition and
trajectory reproduction in real time, which makes most of the
state-of-the-art activity recognition methods less applicable
in robotics applications.

To address the HAUL problem and the aforementioned
challenges, we propose a novel unified learning approach
based on the representation of humans that bridges the gap
between human action understanding and robot imitation
learning, as Fig. 2 shows. We first build a shared skeleton
model to extract subject and body position independent
features in the 3D human skeletal data. Then, the spatial-
temporal patterns of extracted features are encoded using
the compact set of Gaussian Mixture Models (GMMs) to
construct unified representations of human activities. The
proposed representation can be directly used by a robot to
identify human activities and reproduce motion trajectories
of the activities in real time. To reason about the meanings
of human activities, the proposed representation can be
combined with a classification method such as the Support
Vector Machine (SVM). To reproduce the activities, the same
representation can be directly used with Gaussian Mixture
Regression (GMR) to generate the human motion trajecto-
ries, and finally project them onto the robot’s embodiment
using an inverse kinematics mapping. Note that given the

human skeletal data, our approach learns motion trajectories
(i.e., imitates the poses sequence) without interacting with
real objects to accomplish the tasks.

The key contributions of this paper are twofold:
1) We identify the important HAUL problem and propose

a novel unified learning approach based on human
representation that enables a robot to simultaneously
interpret human actions and reproduce the motions to
address the HAUL problem in real time. The approach
bridges the gap between human activity recognition
and robot imitation learning.

2) We propose to adopt the publicly available 3D human
skeletal data to address the demonstration data avail-
ability issue in the imitation learning methodology.
An efficient incremental learning approach is also
implemented to enable a robot to learn from the chal-
lenging, highly variable data. Together, this innovation
has the potential to significantly reduce human efforts
on collecting large-scale demonstration data for robot
training.

The rest of the paper is structured as follows. In Section II,
we overview related work on human activity recognition and
imitation learning. Section III discusses our new approach in
detail. Results of empirical studies are presented in Section
IV. After discussing the characteristics of our approach in
Section V, we conclude the paper in Section VI.

II. RELATED WORK

Several methods for 3D human activity representation have
been proposed in the past few years. Previous works that 1)
use a 3D centroid trajectory to describe the human activity
with a point [9], 2) represent global human activities with
local features [10], or 3) extract human silhouettes [11]
are not applicable to robot imitation learning because these
representations cannot be used in robot motor learning.
Due to the similarity between the human skeleton and the
humanoid robot’s embodiment, the approaches based on a
3D human model, (e.g., a 3D human skeleton model [12],
[13], [14]), naturally fit the scope of robot imitation learning.
Sequence of the Most Informative Joints (SMIJ) [4] is such
an approach that represents human actions with the most
informative joints in human skeleton, which interprets the
physical meaning of different activities. The trajectories of

92



3D human skeleton are also described by a Histogram of
Oriented Displacements (HOD) of three 2D projections in
each joint for the action recognition purpose [5]. Even though
these skeleton-based approaches yield good performance in
activity classification, the discretization of the entire trajec-
tory with a histogram loses certain details (e.g., order of
motions) in the trajectories, and is thus unable to reproduce
motion trajectories. In this paper, we tackle human activity
recognition in the HAUL problem by proposing a new
representation to describe the human activities, which can
also be applied to learn the motion trajectories.

In robot imitation learning, how the demonstrations are
recorded and what platform is used to acquire the data vary
greatly across approaches. Examples range from a human
holding and moving the robot’s body parts, to the human
teleoperating the robot. Since teleoperation (by either using
a controller or by wearing motion detection sensors [15] on
the human body), requires great human expertise, and the
robot execution is often slow, building a dataset becomes
tedious and expensive. Directly holding and moving a robot
to perform activities [6], [16] is also difficult if the motion
is high speed [16], or even impossible if many degrees of
freedom (DoF) are involved (e.g., a whole body motion like
walking). Recently, the development of perception systems
such as cameras and depth sensors makes human activity
datasets cheap and publicly available [12], [17]. In this paper,
we leverage the existing massive 3D human activity data as
the implicit demonstrations from which the robot learns.

A large number of works address robot imitation learning
as a regression problem and solve it with probabilistic
models. GMM [6] generalizes a smooth trajectory from
human demonstrations and adapts to small variances as
well. Hidden Markov Model (HMM) approach [7] encodes
temporal-spatial information in trajectories and then multiple
HMMs are employed to retrieve new generalized motions.
Due to the efficiency of GMM in capturing characteris-
tics embedded in demonstrated trajectories, it is adopted
in this paper to encode the human activity data. While
some prior approaches recognized explicitly demonstrated
human activities and transferred the activities to robots [18],
they did not use the existing large-scale 3D human activity
data as implicit demonstration from which the robot can
learn. Thus, we believe our proposed work is the first to
develop a robot learning mechanism that utilizes the existing
human activity data there are relatively in a large-scale,
as implicit demonstrations for robot imitation learning. By
considering constraints, a large body of in imitation learning
works propose methods for object robot interactions, such as
grasp planning [19], Dynamic Systems [20], and human-like
motion generation [21], which can be easily combined with
our approach to improve the motion trajectory learning.

III. UNIFIED ROBOT LEARNING

To address the HAUL problem, we develop a novel
unified robot learning framework, with an ultimate goal
of allowing robots to efficiently learn from human activity
datasets, which also tackles the problem of expensive human
demonstrations in robot imitation learning. We begin the
discussion by developing a shared skeleton model to extract
the subject and body position independent features of human

(a) Kinect SDK (b) MoCap (c) NAO
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(d) Shared skeleton

Fig. 3. Examples of skeletal kinematic human body models obtained from
different 3D perception technologies. Skeleton data acquired from Microsoft
Kinect contains 20 joints as shown in (a), and 31 joints from a MoCap
system in (b). NAO robot has fewer joints than a human, as (c) shows. By
using the joints in common (red dots), a shared model is built in (d).

activities. Then, we present our representation approach to
efficiently encode the extracted features of human activities.
The constructed representation is then fed into classifiers
to learn the semantic meaning of human activities. Finally,
by learning the representation with an incremental train-
ing model, the generalized motion trajectories of human
activities are mapped by an inverse kinematic model and
reproduced by robots.

A. Feature Extraction

Acquisition of the 3D human skeletal data can be achieved
by various techniques, such as the MoCap systems and
Kinect sensors. However, these 3D perception systems yield
different human skeleton models, as Fig. 3(a) and 3(b)
present. In addition, humanoid robots usually have differ-
ent embodiments in terms of joints, DoFs, etc., than the
human skeleton, as the NAO robot in Fig. 3(c) shows. To
consistently process the 3D human skeletal data acquired by
different perception systems and smoothly transfer them to
the robot’s embodiment, we extract the common joints in
the human skeletons and robot skeleton to build a shared
skeleton model, as showed in Fig. 3(d).

A commonly used feature to describe human skeletal
actions is a time series collection of 3D positions, i.e., 3D
trajectories of joints. However, this feature does not scale
with various body position and orientation. To address these
issues, we use the difference of each two adjacent limb
vectors to depict human skeletal activities. The limb vectors
are defined by each two adjacent joints. For example, given
joint positions p1, p2, p3 of the left shoulder, left elbow, and
left wrist, the bone vector of the upper left arm can be
represented as −−→p2p1, and the bone vector of the lower arm
is −−→p3p2. Specifically, given these two vectors, our approach
competes the subtraction:

ξ = −−→p2p1 −−−→p3p2 (1)

where vector ξ starts from point p2, and indicates the change
of direction and scale of two adjacent limbs, as showed
in Fig. 4. Consequently, the sequences of ξ are features
describing the human skeletal activities, which are invariant
to the absolute body position, the initial body orientations,
and camera view. Formally, the 3D trajectory performed by
the shared model is {ξni }, i = 1, ..., L, n = 1, ..., N , where
L is the length of the sequence, and N is the total number
of subtraction vectors.
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Fig. 4. An example of the extracted features in the golf-swing activity. The
upper left arm vectors and lower left arm vectors are respectively denoted
by red and blue arrows. The green arrows represent subtractions between
the two limbs. Note that at t6 and t7, the computed vectors are zeros
(singularities). Since the actual situation is that a subsequent limb and its
preceding limb are in the same direction, we replace them by a vector having
the same direction as the preceding vector(red), and the same length as the
subsequent vector (blue).

B. Unified Representation Construction
In existing human activity datasets, spatial and tempo-

ral variations are common when multiple subjects perform
activities for multiple times in different environments. In
this paper, Dynamic Time Warping (DTW) with Euclidean
distance metric is adopted to align the temporal difference,
which has has been shown to be a robust and computationally
efficient method [6]. By integrating the aligned temporal
information with the spatial information, a data point in
an activity sequence can be rewritten as ξni = {ξnt,i, ξns,i},
where ξnt,i corresponds to the temporal information, i.e.,
time stamps, ξns,i represents the spatial information, i.e.,
joint positions. The superscript n is omitted for the sake
of simplicity in the rest of this section.

To extract the key characteristics of a human activity, we
apply mixture modeling to encode the sequence of {ξi} by
a mixture of K Gaussians, and with the probability density
function:

p(ξi) =

K∑
k=1

p(k)p(ξi|k) (2)

where p(k) = πk is the prior, and p(ξi|k) = N (ξi;µk, σk)
is a Gaussian component denoted by:

p(ξi|k) =
1√

(2π)D|Σk|
exp{−1

2
(ξi − µk)TΣ−1

k (ξi − µk)}

(3)
The Expectation Maximization (EM) method [22] is used

to obtain the maximum likelihood estimation of parameters
in the GMM.

Then we use the temporal information as queries for each
GMM to derive the spatial information (joint positions) from
the mean and covariance matrix of the Gaussians:

µk = {µt,k, µs,k} (4)

Σk =

(
Σt,k Σts,k
Σst,k Σs,k

)
(5)

Consequently, the representation of one feature in one
training sample can be constructed as λ = {µk,Σk, πk}, k =
{1, ...,K}. For the n-th feature of the i-th training sample
labeled with m, we rewrite the representation as λimn, as
the blue block in Fig. 5 shows. Then we concatenate models
of all features as a compact representation to describe one
training sample, as the highlighted red block in Fig. 5
presents. Usually the optimal number of Gaussian compo-
nents K is decided by the Bayesian Information Criterion

(BIC) [23] method to balance the fitness of the model and the
complexity of training. In this paper, since the same length
of input vectors are needed the SVM, a fixed number of K
components for each GMM is experimentally selected.
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Fig. 5. The matrix of the proposed representations of human activities.
Each feature of one human activity sample is encoded by a GMM (λ in
the blue block). The encoded features are then combined to construct the
representation of one human activity sample (red block).

C. Action Semantics Learning
After the dynamics of human activities are captured by the

unified representation, the input vectors for an SVM classifier
are built accordingly. Given a sample of one human activity,
e.g., one row in Fig. 5, we use the µk, k = {1, ...,K} of
each feature, i.e., spatial dimension ξn, n = {1, 2, ..., N}
and the temporal dimension t as the input vector to SVM, as
showed in Eq. 6. Consequently, the length of an input vector
is 2×K×N+1 (label), where K is the number of Gaussian
components and N is the number of features.

v = {lab., tξ11 , µ
ξ1
1 , ...t

ξ1
K , µ

ξ1
K , ...., t

ξN
1 , µξN1 , ...tξNK , µξNK } (6)

Given a large amount of training instances in the datasets,
e.g., p instances performed by s subjects and labeled with
M classes of activities, there are multiple ways to create
the input vectors from the encoded GMMs for the SVM
classification. In this paper, we design two modes to generate
the vectors: 1) The individual mode takes each instance
individually as one learning sample to build p compact
representations, and associating each representation with the
corresponding action label to generate a vector. Therefore,
p vectors are created for training in the individual mode. 2)
The batch mode combines instances from the same subject
to obtain s samples and corresponding s representations for
one class of action, leading to s×M vectors.

D. Motion Trajectory Learning
To learn the motion of human activities, we apply GMR to

generalize a single trajectory from the learned GMM. Given
the temporal information ξt, the conditional expectation ξ̂s,k
and estimated conditional covariance Σ̂s,k are:

ξ̂s,k =µs,k + Σst,k(Σt,k)−1(ξt − µt,k)

Σ̂s,k = Σs,k − Σst,k(Σt,k)−1Σts,k
(7)

For each Gaussian component, the responsibility for ξt is:

βk =
p(ξt|k)

ΣKi=1p(ξt|i)
(8)
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Fig. 6. Mapping joint positions to robot’s joint angles.

Combining Eqs. (7) and (8), the conditional expectation
of ξs and the conditional covariance Σs can be computed:

ξs =

K∑
k=1

βkξs,k, Σs =

K∑
k=1

β2Σs,k (9)

Consequently, the spatial information ξs and the associated
covariance matrix are derived by the time information ξt .
Note that the generalized result is not the average or part of
the dataset, but rather the inherent characteristics implied in
the observed activities.

To achieve the good generalization in motion trajectory
learning and real time performance, an incremental approach
[25] is adopted to gradually add each instance to existing
models without re-computing preceding data. Note that for
each activity, all instances are used in the incremental
learning, to obtain motion trajectories generalized through
different subjects.

Given the generated ξ vectors in the shared skeleton, we
can calculate the position of each joint in the shared model,
and then use the developed inverse kinematic models of
each limb to map joint positions to the robot’s joint angles.
The mapped joint angles are then used to control the robot
directly, which addresses the correspondence problem [26].
Example of the left arm and left leg inverse kinematic models
are shown in Eq. 10 and 11.

ShouderP itch = f(p(nk, shd, elb), P lanehoriz.)

ShoulderRoll = f(p(nk, shd, elb), P lanevert.)

ElbowRoll = f(v(shd, elb), v(elb, wrist))

ElbowY aw = f(p(nk, shd, elb), p(shd, elb, wst))

(10)


HipRoll = f(v(hip, knee), P lanevertical)

HipPitch = f(v(knee, ankle), P lanetorso)

KneePitch = f(v(hip, knee), v(knee, ankle))

AnkleP itch = f(v(knee, ankle), v(ankle, foot))

(11)

where p(·) and v(·) are the fitting plane and vector defined
by given points, and f(·) is the function of calculating angles
between vectors and planes. Planetorso is a plane defined
by the torso joints RShoulder, LShoulder, Neck, Root, RHip,
LHip. Planevertical is a plane perpendicular to Planetorso
and intersects in vneck,root, as showed in Fig. 6 shows.
Accordingly, Planehorizontal is perpendicular to Planetorso
and Planevertical, and intersects them in the root joint.

IV. EXPERIMENTS

To demonstrate the effectiveness of our approach, we
conducted experiments using a physical humanoid robot. In
this section, we first discuss the setups of our experiments.
Then, we evaluate the action label learning as well as the
motion trajectory learning performance of our approach on
two challenging human activity datasets. Finally, generaliza-
tion of learning results are quantitatively evaluated.

A. Experimental Setup

Our approach is implemented using a mixture of Matlab
and Python programming languages on a Mac OS X ma-
chine with an i5 2.5G CPU and 6GB memory. The learner
employed in this paper is the non-linear SVM [24] with RBF
kernels, and the standard one against-one methodology is
applied to address the multi-class classification problem.

The MSR Daily Activity 3D dataset [12] is a most widely
used benchmark dataset in human activity recognition tasks.
This dataset contains color-depth and skeleton information
of 16 activity categories: (1) drink, (2) eat, (3) read book,
(4) call cellphone, (5) write on a paper, (6) use laptop, (7)
use vacuum cleaner, (8) cheer up, (9) sit still, (10) toss
paper, (11) play game, (12) lie down on sofa, (13) walk,
(14) play guitar, (15) stand up, (16) sit down. Each activity
is performed by 10 subjects for 2 to 3 times in various office
environments, leading to 320 data instances. In this paper, we
use 192 instances for training and 128 instances for testing.

The second dataset we use to evaluate our approach is
the HDM05 dataset [17] captured by the MoCap system. It
has more than 70 activities in 10-50 realizations executed
by five subjects amounting to roughly 1500 instances. In
this paper we use 11 activities similar to settings in [4]:
(1) deposit floor, (2) elbow to knee, (3) grab high, (4) hop
both legs, (5) jog, (6) kick forward, (7) lie down floor, (8)
rotate both arms backward, (9) sneak, (10) squat, and (11)
throw basketball performed by 5 subjects. In this paper, 189
instances performed by 3 subjects are used for training and
99 instances from 2 subjects are used for testing. Since the
GMM is capable of capturing the temporal information in
sequences, it is unnecessary to align the testing instances.
During the encoding of testing data, we only assign the same
number of Gaussians as in the training data.

B. Action Label Learning

We investigate our unified representation’s performance
in the action label learning tasks. Experimental results in
Table I and II indicate a classification accuracy of 72.8% for
MSR Daily Activity 3D dataset and 93.44% for HDM05
dataset. The higher performance on HDM05 implies that
the way of recording human activities has a considerable
effect on the classification performance. Because the MoCap
perception system (HDM05 dataset) uses the inertial and/or
optical sensors attached to the human bodies, it can estimate
the human skeletons more accurately than the Kinect system
(MSR Daily Activity 3D dataset) using the RGB camera and
the infrared depth sensor. Therefore, our proposed approach
achieves better performance for the HDM05 dataset, and is
yet robust for more challenging datasets like MSR Daily
Activity 3D. We also tested a greater number of GMMs,
and found that when the number is too large, e.g., K > 20,
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TABLE I
LEARNING ACCURACY OF ACTION LABEL IN MSR ACTIVITY DAILY 3D

DATASET.

# of Gaussian Components 5 10 15 20
Individual mode 68.13% 66.56% 65.78% 65.00%
Batch mode 70.94% 72.81% 67.19% 69.69%

TABLE II
LEARNING ACCURACY OF ACTION LABEL IN HDM05 DATASET.

# of Gaussian Components 5 10 15 20
Individual mode 92.93 % 91.92 % 93.44 % 90.91%
Batch mode 86.36 % 84.09 % 80.68 % 84.09%
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Fig. 7. Confusion Matrices. Each column represents the instances in a
predicted class, while each row is the instances in the ground truth category.
Warmer colors denote better accuracy.

the performance decreases, since a large input vector may
contain trivial details that are distracting for the SVM, and
more GMMs also leads to a longer learning time. For the
datasets used in this paper, K ≤ 20 generally achieves a
good performance, as shown in Table I and II.

To show the unified representation’s action label learning
performance, we also compare our approach with state-
of-the-art skeleton-based representations in human activity
recognition tasks, as presented in Table III and Table IV.
These results show that our approach outperforms most
works except our previous work of Bio-inspired Predictive
Orientation Decomposition (BIPOD) [27]. Compared with
the prior works directly using joint positions [12], [13], [14],
[28], [29] to describe human activities, our proposed method
employs preprocessed joint positions based on a shared
skeleton model that are human scale and body position
independent, so that the effect of configurations of perception
system and subjects are eliminated. Compared with the
histogram approach [4] that ignores the order of actions,
mixture modeling adopted by our approach is capable of
capturing the temporal information in human activity, leading
to a better performance for reversal activity separation, such
as stand up and sit down in Fig. 7(a). Moreover, we only use
the discriminative joints in the shared model and abandon the
other joints (e.g., fingers and feet in Fig. 3(d)) to describe
the human activities, since the motions of these joints are
either redundant or cannot be accurately estimated by the
perception systems, which leads to a more compact and
accurate representation. Generally, these advantages of our
approach are desired to outperform most of the skeleton-
based representations. The BIPOD approach deploying an-
gles between temporally adjacent motion vectors has a higher
classification accuracy, but it can only be used for human

TABLE III
COMPARISON OF RECOGNITION ACCURACY WITH PREVIOUS

SKELETON-BASED REPRESENTATIONS ON MSR DAILY ACTIVITY 3D.

Skeleton-based representations Accuracy
Dynamic Temporal Warping [12] 54.0%
Distinctive Canonical Poses [13] 65.7%
Actionlet Ensemble (3D pose only) [12] 68.0%
Relative Position of Joints [14] 70.0%
Bio-inspired Predictive Orientation Decomposition [27] 79.7%
Our representation 72.8%

TABLE IV
COMPARISON OF RECOGNITION ACCURACY WITH PREVIOUS

SKELETON-BASED REPRESENTATIONS ON HDM05.

Skeleton-based representations Accuracy
Trifocal tensor of joint positions [28] 80.86%
Sequence of Most Informative Joints [4] 84.40%
Subtensor of joint positions [28] 85.71%
Relevant Joint Positions [29] 92.20%
Bio-inspired Predictive Orientation Decomposition [27] 96.70%
Our representation 93.44%

activity recognition (and not for robot imitation learning);
our proposed approach is capable of learning action labels
and motion trajectories simultaneously.

It is observed that activities involving lower body move-
ments have a better recognition accuracy (e.g., lie down,
walk, stand up, sit down, hop both legs, lie down floor,
squat), while activities involving upper body movements
(e.g., read book, write on paper, use laptop) are difficult
to be distinguished, as Fig. 7(a) and Fig. 7(b) demonstrate.
A possible explanation is that the upper body activities not
only have similar motion trajectories, e.g., horizontal hand
movements, but also a relatively small range of motion,
which makes them difficult to be separated. On the other
hand, the lower body activities have opposite characteristics
in terms of motion trajectory and range of motion, which
usually results in higher recognition accuracy.

(a) Simulated robot (b) Real robot

Fig. 8. Robot reproduces four activities (top to bottom: cheer up, lie to
sofa, walking, writing) learned from MSR Daily Activity 3D dataset. An ac-
companying video is in http://web.eecs.utk.edu/˜czhang24/
videos/uni.mp4

C. Motion Trajectory Learning
To evaluate the effectiveness of learning motion trajec-

tories, we use a 3D NAO robot simulator in Choreogra-
phy software. The learned robot joint angle sequences are
plugged into the simulator to enable the robot to perform
all 27 activities. Fig. 8(a) shows two upper body activities
and two lower body activities from the MSR Daily Activity
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Fig. 9. Evolution of the inverse log-likelihood averaged on all features,
incrementally training with the MSR Daily Activity 3D dataset.
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Fig. 10. Average inverse log-likelihoods.

3D dataset learned by our approach. For the write on paper
activity containing trivial movements of the right or left hand,
the robot can still reproduce the motion trajectory correctly.
Experimental results with a real robot are shown in Fig. 8(b).

D. Evaluation

Besides evaluating our approach’s classification accuracy
on benchmark datasets and the effectiveness of reproducing
motion trajectories on physical robots, we also study two
important metrics that measure how well it performs.

1) Generalization: To quantitatively evaluate the motion
trajectory learning performance of our united representation,
we introduce the metric of generalization, which indicates
the capability to generalize well on unseen data. We mea-
sure the likelihood of learned models as the indication of
generalization level. For visualization purposes, inverse log-
likelihood is used as shown in Fig. 9, where lower values
indicate better performance.

Each activity in Fig. 9 is composed of 12 samples. The
index of the model represents the corresponding size of
training data, e.g., model m is trained by data composed by
sample {1, 2, ...,m}. It is observed that the generalization
performance can be improved by learning more training
data, i.e., inverse log-likelihood value decreases as data size
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Fig. 11. Average running time for action label classification (milliseconds).
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Fig. 12. Average running time for incremental motion trajectory learning.

increases. When the data size is extremely limited, e.g., only
sample 1 is used for training (data = 1), the generalization is
poor (high inverse log-likelihood of model = 1 for unseen
data = 2, 3, ..., 12). By incrementally learning more data,
the inverse log-likelihood decreases and finally converges
to a low value, which indicates that the data are well
represented by our unified representation. It is also observed
that the inverse log-likelihood decreases quickly. For all four
activities in Fig. 9, model = 3 achieves a low inverse log-
likelihood value not only for the training set data = 1, 2, 3,
but also for the unseen data = 4, 5, ..., 12, which further
validates that the proposed representation has a superior
generalization capability in motion trajectory learning.

The overall generalization performance is presented in
Fig. 10. Both datasets have a low inverse log-likelihood
value. We see that the variations ofMSR Daily Activity 3D
are smaller than HDM05, due to the fact that Kinect sensors
are less accurate in estimating human skeletons.

2) Computational Cost: The real-time performance of our
proposed method is evaluated by classifying action labels
and regressing generalized trajectories on unseen data. Note
that the representation building process is off-line, while
the action label testing and incremental motion trajectory
learning are online. Results in Fig. 11 indicate that for all
model configurations, our proposed method can recognize an
activity within 150 milliseconds, making it applicable to real-
time onboard robotics applications. It is also observed that
the time cost increases as the number of Gaussians increases,
because a larger number of Gaussians leads to more complex
representations, and accordingly a longer running time.

The real-time performance of the motion trajectory learn-
ing is presented in Fig. 12. For most activities, our method
achieves less than 1 second running time. We see that cheer
up in MSR Daily Activity 3D and squat in HDM05 have the
best real-time performance. A plausible explanation is that
when subjects are performing these activities, they follow
more strict constraints, making instances of these two classes
more consistent, and resulting in a lower convergence time
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for the EM algorithm. The computation time of activities
in both datasets has highly variable results as presented by
the error bars (black lines). Indeed, the GMM encoding
procedure depends on the random initialization of k−means,
so that it may have a very different number of training
iterations, resulting in the large variations of running time.

V. DISCUSSION

This paper addresses the HAUL problem in robot imita-
tion learning at the representational level and illustrates the
learning results using data with highly varied human activity
datasets. Our approach possesses several desirable charac-
teristics. By constructing a shared model and extracting sub-
traction vectors between limbs as features, our representation
is invariant to the variations of human body shape, scale,
and position. By employing DTW and GMM modeling, our
approach can generalize the spatial-temporal characteristics
from the highly varied data, which is applicable to the large-
scale datasets.

On the other hand, the learning performance is inherently
limited by the modeling method we adopted in this paper.
Because GMM explicitly encodes time in the model, it is less
efficient in periodic activity learning. This limitation can be
leveraged by using approaches like Hidden Markov Model or
Dynamic Motion Primitives. The proposed approach learns
motion trajectories of activities, but does not aim to ac-
complish the tasks by interacting with objects (e.g., learn
the lie on sofa trajectory, without lying on a real sofa). In
the future, we plan to introduce task constraints into our
unified learning framework to enable the robot to interact
with objects to accomplish tasks. Besides of the quantitative
metric, i.e., log-likelihood, introducing human factors into
the loop to qualitatively evaluate the robot’s performance is
another interesting direction we plan to explore, as in [21].

VI. CONCLUSION

We introduce a novel unified learning approach based on
compact human representations to solve the critical HAUL
problem, which allows a robot to simultaneously learn se-
mantic meanings and motion trajectories of human actions.
Our representation encodes the spatio-temporal information
of human activities based on the compact parameter sets of
GMMs. A SVM model is employed with our representation
to recognize human actions, while the same representation is
also used to reproduce the action motions based on GMR. To
reduce human efforts on demonstration data collection, we
propose to utilize the existing 3D human skeletal datasets
that are publicly available, and relatively large-scale for
robot imitation learning. The variations in the datasets are
robustly addressed using a new incremental learning method.
Experiments on human action recognition are performed
using publicly available datasets. Recognition methods using
our representation obtain an average accuracy of 72.8%
and 93.44% over the MSR Daily Activity 3D and HDM05
datasets, respectively. The recognized activities are also imi-
tated and reproduced using both simulated and real humanoid
robots, through combining GMR with our representation.
Empirical studies show our approach obtains promising
generalization results and achieves real-time performance to
reproduce the learned human activities.
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[29] A. López-Mendez, J. Gall, J. R. Casas, and L. J. V. Gool, “Metric
learning from poses for temporal clustering of human motion,” in
BMVC, 2012.

98


