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Abstract—We present an end-to-end framework which equips
robots with the capability to perform reaching motions in a
natural human-like fashion. A markerless, high-accuracy, modelbased human motion tracker is used to observe how humans
perform everyday activities in real-world scenarios. The obtained
trajectories are clustered to represent different types of manipulation and reaching motions occurring in a kitchen environment.
Using bilevel optimization methods a combination of physically
inspired optimization principles is determined that describes
the human motions best. For humanoid robots like the iCub
these principles are used to compute reaching motion trajectories
which are similar to human behavior and respect the individual
requirements of the robotic hardware.

The presented framework is the combination of several
procedures. The starting point are video sequences of humans
performing everyday manipulation tasks. A markerless human
motion tracker is used to extract the posture of the human in
each frame and then this data set is sorted into the characteristic human sub-movements by a clustering approach based
on the algorithms of Dynamic Time Warping and k-mean.
Given a characteristic movement, a novel bilevel optimization
approach yields the one out of a given family of cost functions
which reproduces the data best. For the specific dynamics of
the humanoid robot’s arm an optimal trajectory for this cost
function is computed (see Figure I).

I. I NTRODUCTION
In daily life a huge potential exists to assist and disencumber
humans in fulfilling their tasks, by providing service or care
robots. A difficult task in building adaptive and autonomous
robots is generating task-specific robot motions which fit
naturally in a human everyday environment. The desired
requirements of such a system would be to generate motions
based on the current task, the object type and state, while
additionally considering information given through context
and environment.
Our contribution is a framework which is able to represent
and generate motions based on an optimal combination of
physically inspired principles obtained by analyzing human
motions recorded in an unconstrained observation setup. In the
experiments discussed here, subjects are observed while performing the everyday activity of setting the table without prior
instructions. The underlying principles of the human motions
are determined by a bilevel optimization approach, i.e. we
identify parameters in an optimal control problem describing
the motion planning, and a human-like control is generated for
a humanoid robot based on these identified parameters. This
approach has the important property to generate motions that
fit different kinematic/dynamic chains while also considering
variations in the task space goal. The generated motions are
similar to human behavior as they are based on the same
optimization principles. This is an important requirement in
human-robot interaction scenarios where humans are expecting
a certain behavior from the robot.
As an example of everyday movements we focus on reaching motions, which consist in moving one hand from an initial
position in the workspace to the desired goal position.

Fig. 1.

Framework overview

The field of describing human characteristics has various
facets and is growing fast. Disciplines dealing with analyzing
and describing these movements range from psychology and
biology over computer and engineering sciences to mathematics. Consequently, the relations and differences between all
these approaches cannot be discussed within the limits of this
paper; e.g. refer to reviews [12], [25], [29].
The advantages of learning from demonstration were shown
for example in [3], where pole-balancing was accomplished
after one trial. Two types of learning strategies in the context
of robot control have to be distinguished: Motion imitation,

where the observed human state is directly mapped onto the
imitating robot, as in [4], [10], [11], [14], [19], and imitation
learning, where characteristics found in the demonstrated
motions are used to control the robot. Two central techniques
in imitation learning are motor primitives, e.g. [21], [24],
and Markov decision problems, e.g. [8], [20], [26]. The basic
assumption of such Markov decision problems is that the set of
states is finite and that state transition probabilities are known.
Under these assumptions the techniques of inverse reinforcement learning can solve the inverse problem of finding the
cost function applied in the demonstrations [1], [37].
Another approach based on the dynamics of the human body
and using optimization of a new cost function was presented
in [18]. Their goal is to describe the human motion based on
muscle dynamics rather than to generate a robot control.
If the focus is shifted from finding the underlying optimality
principle of demonstrated human motions to mapping a given
demonstrated posture to a system with a different kinematic
and dynamic structure, a task is obtained which is similar to
animating characters, e.g. [36]. The task of mapping human
postures to a robot considering the dynamics and kinematic
bounds was presented in [28].
The paper is organized as follows: In section II the tracking
procedure is discussed and the proposed clustering strategy is
presented in section III. The bilevel approach is summarized
in section IV, followed by the description of the transfer to
the iCub robot in section V. Note that the results of the
discussed examples are distributed to the respective sections
of this paper.
II. H UMAN M OTION T RACKING

model which can be adapted to the specific subject performing
the kitchen activities [5].
To be able to accurately track in the high-dimensional joint
state space of the human model, the tracker uses a mixture
of annealed and partitioned particle filtering [6]. The human
motion data used in this paper was recorded and published as
part of the TUM Kitchen Data Set [30]. The database contains
data for several different subjects which executed everyday
kitchen tasks like setting the table without specific instructions
(see Figure 3).

Fig. 3.

Scenes from the TUM kitchen data set

III. C LUSTERING H UMAN M OVEMENTS
The reaching trajectories available in the TUM Kitchen Data
Set show a high variance due to different object types and
relative object positions.
In order to correctly identify motion principles we first
cluster all available reaching motions into subtypes using a
clustering technique based on Dynamic Time Warping (DTW)
and k-means (compare Figure 4).

In order to build detailed and reliable models of human
behavior in everyday scenarios a high-accuracy and versatile
human motion tracker is required. Industry-leading trackers
based on markers attached to the human limbs or requiring
special suits are not an option when recording in an real-world
environment like the assistive kitchen [7].
For our recordings we choose a markerless high-accuracy
and model-based tracker which uses the industry-leading
RAMSIS model. It provides 63 degrees of freedom in the joint
space (see Figure 2) and has a highly parameterizable skin

Fig. 4.

Fig. 2.

The full joint space of the RAMSIS human model

Overview of the steps to cluster the trajectories

The DTW [17] algorithm has earned its popularity by being
extremely efficient as a similarity measure of time series which
minimizes the effects of shifting and distortion in time by
allowing ‘elastic’ transformation of time series in order to
detect similar shapes with different phases.
To align two time series X = (xi )1≤i≤N and Y =
(yj )1≤j≤M , xi , yj ∈ R3 , N, M ∈ N, the algorithm starts

by building the distance matrix C = (ci,j ) ∈ RN ×M , where
ci,j := d(xi , yj ) = kxi − yj k is the Euclidean distance.
Once the local cost matrix C is built, DTW finds the
alignment path that runs through the low-cost areas of the cost
matrix. This path can be found using dynamic programming
by evaluating the following recurrence for γ(i, j):
γ(i, j) = ci,j+min {γ(i−1, j −1), γ(i−1, j), γ(i, j −1)} (1)
Using the metric on the trajectory space obtained through
DTW, the k-means algorithm can now be used to cluster the
reaching trajectories. By varying the cluster count, we can
identify different types of reaching motions.
The results obtained from the above procedure are shown
in Figure 5. The trajectories where obtained by taking the
Cartesian positions of the hand of the right arm (see HAR
in Figure 2). We found several main clusters which are
differentiated by object type and relative object position. It
can be observed that these sequences show stereotypical and
pre-planned motion patterns [35].

Fig. 5.

Trajectory clusters for wrist motions in the TUM Kitchen Data Set

For the optimization step we used arm movements of three
clusters of totally different motion types: Reaching for a cup
in an upper kitchen unit (cluster 1), for a placemat on top of
the oven (cluster 2) and for a spoon inside a drawer (cluster
7). This choice was made to show that our approach can be
used for different kinds of human arm motions.
IV. O PTIMIZATION - BASED A NALYSIS
A common assumption of many approaches analyzing human motion is that humans try to minimize an unknown
cost function while doing everyday manipulation tasks. This
assumption also forms the basis for the strategy discussed here.
It has to be noticed that the main purpose of this approach is to
describe human behavior based on physical models rather than
to explain it from a biological or psychological perspective
[12].
Various cost functions have been proposed in literature and
most of them are used within an open-loop approach. Closedloop control [15], [32] allows for correction of deviations due

to external disturbance or noise in the human muscles, but
the computation of such a control law is complicated for reallife robotic systems [31]. No learning or adaption processes
are analyzed here, consequently the human motion planning
is described as an open-loop approach.
In [13] the minimum jerk hypothesis is introduced. Being
based purely on kinematics, this criterion postulates that the
trajectory of the human hand can be determined by minimizing
jerk, the third time-derivative of the hand position. Some
characteristics of planar arm motions can be explained by this
criterion [12], while other observations cannot [33]. Consequently, several other cost functions were proposed since then,
e.g. the minimum torque change criterion [33] accounting for
the dynamics of the human arm. The step from planar motions
to full three-dimensional arm movements further complicates
the task of describing human motions [16]. To the best of our
knowledge all basic cost function presented in literature so far
can only describe a limited range of movements.
Thus, we will consider a convex combination of cost
functions and adapt the weighting factors of the considered
costs for diverse tasks. The question arises which choice of
weights can describe an observed human motion, leading to
the problem of finding the cost function out of a given family
which approximates the given data best.
From a mathematical point of view this is a bilevel optimization problem, i.e. a combination of two optimization problems
[9]. In the lower level problem (llp) a specified cost function
f is minimized with respect to the given arm dynamics and
the boundary conditions describing the analyzed motion task,
i.e. minimization of f (x) subject to h(x) = 0. The vector
x is a concatenation of the values of the joint angles and
their derivatives and the values of the muscle forces and their
derivatives. Denote the considered basic cost functions by fi ,
then the llp cost function being the weighted combination of
these is given by
X
f (x|w) :=
wi fi (x).
(2)
i

Hence, the llp is a standard problem of optimal control with
the optimal solution x∗ (w) for a fixed weight vector w:
min f (x|w) subject to h(x) = 0.
x

(3)

The dynamics of the human arm are modeled by connecting
rigid body dynamics of the links with a simple dynamical
model of the muscle characteristics. The arm model possesses
two joints (shoulder and elbow) having five degrees of freedom and seven lumped muscle pairs altogether. The resulting
ordinary differential equation is discretized by using a singlestep method to obtain the constraints of the type h(x) = 0.
The goal of our approach is now to find the weight vector
w minimizing the deviations between recorded human data
and the quantities corresponding to the solution of the llp.
We choose to compare the two by their hand positions in
Cartesian space. Consequently, a function pcomp is introduced
which returns the hand positions belonging to the llp solution
x∗ (w) and pdata are the recorded human hand positions. The

(a) cup motion
Fig. 6.

(b) placemat motion

(c) spoon motion

Comparison of tracked wrist and elbow positions (black/grey) and trajectories computed from the optimal combination of cost functions (blue)
(units in meter) [projection to the x-z-plane]

applied distance measure dist uses points of equal paths length.
Summing up, the following optimization problem is obtained,
the so-called upper level problem (ulp):
min dist(pdata , pcomp (x∗ (w)))2
w

(4)

subject to
X

wi = 1 and x∗ (w) solves llp for w.

(5)

i

The combination of the lower and the upper level problem
is a bilevel optimal control problem. A solution strategy
handling the llp and the ulp separately was presented in
[23] for macroscopic lower level dynamics. The llp dynamics
of the problem solved here are more complex due to the
nonlinearities in arm and muscle dynamics.
The strategy presented here is based on a reformulation of
the bilevel problem using the first order necessary conditions
(KKT-conditions) for an optimum of the llp:
0 = ∇f (x|w) + ∇h(x)λ,

(6)

where λ are the adjoint variables. This equation together with
h(x) = 0 can be used to transform the bilevel problem into a
standard nonlinear optimization problem:
min dist(pdata , pcomp (x))2

w,x,λ

(7)

subject to
0

=

∇f (x, w) + ∇h(x)λ,

(8)

0

=

(9)

1

=

h(x),
X
wi ,

(10)

i

0

≤

wi .

(11)

Note that each solution of the bilevel problem solves this
reformulation, but the reverse implication does not always
hold, because the KKT-conditions are only necessary.
The reformulated problem is solved by using the optimization software IPOPT [34], an interior-point algorithm for
large-scale nonlinear programming. The mathematical details
are out of the scope of this paper, but can be found in [2].
Therein we discuss among other things the details of the
problem structure and the suitability of our approach for the
given task. Furthermore, we show that a wide range of values
can be used to initialize the weights wi .
In the bilevel optimization of the three stereotypic arm
movements recorded in the kitchen (compare section III) we
use the generalizations to three dimensions of some common
cost functions: Minimization of hand jerk [13], joint jerk [27]
and torque change [33] and additionally, we consider variants
like planar hand jerk based only on the jerk of the x- and
y-component.
Here the optimization results for three motions (reaching
for a cup in an upper kitchen unit, reaching for a placemat on
top of the oven and picking up a spoon inside a drawer) are
presented. The recorded trajectories of human wrist and elbow
positions and the corresponding optimal results of the bilevel
optimization are displayed in Figure 6. It can be observed that
it is possible to find weight vectors w such that the computed
hand paths get close to the recorded ones.
The optimization results show that no single criterion alone
can correctly reproduce the trajectories. Figure 7 shows the
root of the values of the upper level cost function, which is
the root mean squared deviation (RMSD) between the recorded
data and the computed trajectory, for some of the used basic
cost functions and the optimal combination.

(a) cup motion
Fig. 7.

(b) placemat motion

(c) spoon motion

RMSD between observed and optimal trajectories for some basic llp cost functions and the optimal combination

V. T RANSFER TO THE ROBOT
We use the iCub [22], a 53 degrees of freedom humanoid
robot, to transfer and execute the human motions. The strong
humanoid design of the iCub gives us an appropriate testing
platform to show similarities between the original human
motions and the human-based optimized robot motions. Strong
anatomical human-robot similarities can be appreciated on the
shoulder and elbow joints, which are precisely the joints we
are concentrating on.
Using the cost function found by the bilevel optimization for a characteristic movement in the kitchen scenario,
the kinematics, dynamics, and joint limits of the iCub, and
selectable initial and final Cartesian positions, an optimal
control problem similar to the llp mentioned above is solved
to generate the controls for the iCub. The obtained motion
is therefore human-like with respect to the optimization principles used by the human for that specific action (human to
robot optimization transfer). Additionally it is also adjustable
to any desired initial state and final goal within the workspace
of the robot. Therefore the robot is able to execute the same
type of intentional action but with the flexibility of choosing
an initial state and final goal to fit the current situation.

For evaluation purposes in our experiments we chose final
and initial states for the robot similar to the ones from the
human but scaled down in order to fit inside the workspace of
the robot. Execution time was also scaled to fulfill the velocity
restrictions of the robot.
It is important to note that our approach does not copy
human movements directly but generates trajectories for the
robot’s arm based on a combination of dynamic principles used
by the human. Additionally, in our case the more restrictive
hardware constraints in the kinematic chain of the robot are
met (Figure 8). The generated optimal motions are angle
trajectories that are fed to the robot at regular intervals and
executed using an independent P controller q̇ = kp (qref − q)
for each joint. This controller introduces a delay and the robot
itself has a motor velocity controller that introduces other types
of transformations to the signals.

Fig. 9.

Human and iCub executing a reaching motion for a placemat

Figure 9 shows the human and the iCub robot executing the
reaching motion for the placemat from a similar viewpoint.
The elbow of the robot has to guarantee a certain distance
to the torso in order to avoid self-collision. This limits the
maximal similarity between robot and human motion, but on
the other hand it shows that the difficulties arising in the
context of transferring control strategies can be handled by
our approach.
VI. C ONCLUSION AND F UTURE W ORK

Fig. 8. Comparison of robot wrist trajectory (red) and human wrist trajectory
(black) in robot working coordinates relative to the starting position for three
different motions (left: spoon, middle: cup, right: placemat)

This paper discusses a framework to record and analyze
human arm motions in an environment of everyday-life, in
our case a kitchen scenario, and then to use this knowledge
to control a humanoid in a human-like way. Various steps
are needed within this framework: Starting with tracking

the human motions and then clustering into the relevant
sub-movements, data is assembled which clearly shows the
stereotypical human motions. A bilevel optimization approach
is then used to analyze this data and obtain a cost function
describing the human arm movement best, considering the
nonlinear dynamics of the human arm. In the last step, this
cost function is used to generate optimal trajectories for a
humanoid robot doing the same task as the human did before.
The main contribution of our approach is to use physically
inspired cost functions, which optimally describe observed
human arm motions, to control a robot not by copying the
observed trajectories of the human, but by minimizing the
same cost function for the robot while maintaining the ability
to change the initial position and the final goal.
Because the robot control is based on optimizing a cost
function that is likely to be meaningful and important for the
execution of the current activity from the intention perspective,
this system has the potential to be connected in a convenient
way to high level reasoning and planning. This high level
system could select the appropriate cost function parameters
to fit the current desired intention of the action.
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