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Abstract We consider the problem of devising a unified
control policy capable of regulating both the robot motion
and its physical interaction with the environment. We formu
late this control policy by a non-parametric potential func
tion and a dissipative field, which both can be learned fro
human demonstrations. We show that the robot motion al
its stiffness behaviors can be encapsulated by the pote
tial function’s gradient and curvature, respectively. Te
sipative field can also be used to model desired dampi
behavior throughout the motion, hence generating motio
that follows the same velocity profile as the demonstration
The proposed controller can be realized as a unification a
proach between “realtime motion generation” and “variabl

R

impedance control”, with the advantages that it has guararfjg. 1: Motion generation determines a path to reach the final state,

teed stability as well as does not rely on following a ref-

whereas interaction control is concerned with the probléctescrib-
ing the robot behavior when perturbed. Both of these skileasential

erence trajectory. Our approach, called Unified Motion andor safe and successful execution of many robotic tasksitngraph,

variable Impedance Control (UMIC), is completely time-
invariant and can be learned from a few demonstrations vi
solving two (convex) constrained quadratic optimizatiootp

lems. We validate UMIC on a library of 30 human handwrit-

the belted-ellipsoid illustrates the robot stiffness &t tbntact point in
gartesian space between the end-effector and the glass.

Compared to strictly controlled environments, this new-gen

ing motions and on a set of experiments on 7-DoF KUKAeration of robots should share a workspace with humans and

Light Weight Robot.

Keywords Potential field- variable impedance contrel
compliant control robot learning physical interaction
control - motion control- imitation learning- motion
primitives

1 Introduction

cope with various sources of uncertainties while being able
to perform a considerably wider set of motions. The classi-
cal way of controlling robots through a pure position con-
troller falls short in addressing these challenges, and thu
new techniques should be sought. Robots that are consid-
ered to work outside laboratories and factories should be
able to safely and reliably interact with and explore the en-
vironment. Instead of precisely following a predefined path
they should adapt their motion in realtime to changes in dy-
namic environments and be inherently safe to operate if they

There is an increasing interest to move robots out of faccollide with an unobserved object. They should also be en-
tory settings and introduce them into home environmentglowed with some learning capability to increase their appli
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cability beyond a repertoire of hard-coded motions.
For example, consider a task such as inserting a plug
into a socket. In this task the robot first needs to know how
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Fig. 2: Our approach unifies motion generation and variable impesl:
control by devising a potential functio(¢), ¢ € R< that captures
this information. The energy levels and energy gradienégssaown in
solid red and solid black lines, respectively. The potérgigergy @ is
learned from demonstrations (shown in red circles), andoeapictured

as a valley with two significant parameters: a slepend a curvature.
The slopep captures the motion behavior. If we drop a virtual ball W
any of the demonstration points, this virtual ball follovietrest of the gy
demonstration with an acceleration governedvtand stops at the targe
point (illustrated in black star). The arrows highlightg tmotion due to
the slopeo. The curvatures is perpendicular to the desired direction
motion and encodes the stiffness behavior. The green suviaoalizes

~ at a demonstration data point. The higher thtae more resistance th
virtual ball shows to perturbations, hence returning faki¢he nominal
motion. Though not illustrated in this figure, our methodoadsmcodes
the damping parameter throughout the state space to avoikhbsn.
Note that botho and < are state dependent parameters and could
throughout the motion.

to move its links to reach the power strip not only from onethrough tunable impedance parameters. It allows customiz-
particular position, but from any point in the space. Motioning of the robot interaction property while the task is being
generators such as potential fiel#&hétib, 1986, dynami-  executed, for instance making the robot compliant in uncer-
cal systemsKhansari-Zadeh and Billar@011), or sample- tain regions, but stiff when necessary. The successfuldmpl
based planner&@vraki and LaValle2008 could efficiently  mentation of variable impedance control has been shown in
provide this path when the environmentis completely knowrseveral works Ferraguti et al.2013 Ganesh et al.2012

Due to uncertainties in estimating the socket position ds weKronander and Billard2013, where a time-indexed trajec-
as the robot model, it is very unlikely that the plug perfgctl tory is tracked, with the robot’s impedance properties ghan
aligns with the socket holes and thus will not be insertedng along the trajectory.

properly. Typical situations that may be encountered &e:t 1o provide realtime adaptation to changing environments
plug does not touch the power strip, it collides with the sur-e g. if the target point or other objects close to the robot
face of the power strip earlier than expected, only one ofre displaced), a variable impedance controller should als
the rods is inside its corresponding hole, and so on. Even e endowed with a realtime motion generation capability.
aligned, inserting the plug into the hole with a pure motionHowever, there are two challenges in achieving this goal:
generator is challenging because slight uncertainty c@dld 1) ensuring stability of variable impedance control even fo
sult in a large force and eventually lead to instability andfo|lowing a time-indexed trajectory is difficult, and thedid
breakage. This is one of many examples in which a pure majon of realtime motion generator significantly aggravites
tion generation is prone to failure. This task as well as mangng 2) the realtime motion generator operates disjointedly
other tasks that a robot may face in human environments emom the variable impedance controller and is thus unaware
phasizes the necessity of controlling both the robot motioy ts limitations. Hence it may generate trajectories trat
and its physical interaction with the environment, 562 1 infeasible or non-optimal for the variable impedance con-
(Hogan 1985 Khatib, 1987). troller.

The term “interaction control” refers to regulation of the  To summarize, robots that are considered to work in hu-
robot's dynamic behavior at its contact points/surfaces, anan environments should be endowed with three key skills:
which energy may be exchanged with the environmidotian 1) the ability to adapt their motion in realtime to chang-
and Buerger2009. Interaction control is a fundamental re- ing environments, 2) the skill to smoothly shift from com-
quirement for successful execution of a task when itincd;udep“am to stiff (and vice-versa) when necessary, and 3) the
contact with an environment (e.g consider tasks such as pkarning capability to extend the robot applicability beglo
ishing, assembly, deburring, transferring, machining,sm 3 set of hard-coded motions. In this paper, we propose a
on). It also plays an important role in unstructured environ novel approach that can provide these three skills in per-
ments, where exact localization of objects is not possibleforming episodic tasks. We achieve this goal by proposing a
and the robot should safely and compliantly touch the ennon-parametric potential function that can capture both mo
vironment in order to perform the tasKlgatib et al, 2008  tjon and impedance properties (Séig. 2). Our proposed
Villani and Schutter2008. controller, called Unified Motion and variable Impedance

Variable impedance control is one promising solution toControl (UMIC), allows the robot to safely and accurately
control the robot physical interaction with the environmen operate in a human environments. An estimate of UMIC
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can be learned from one or more demonstrations by solv- Note that if the state variablg is defined as the gen-
ing two convex constrained optimization problems. UMIC iseralized joint anglesr. directly corresponds to the actual
time-invariant and is guaranteed to be stable when it comesorque command that should be sent to the actuators. In con-
into contact with passive environments. We validate the pettrast, if € is defined in task space, we use operational space
formance of our controller in simulation and on the 7-DoFformulation Khatib, 1987 to compute the actuators torque
KUKA Light Weight Robot (LWR). command fromr,.

The remainder of this paper is structured as foll0Bex- The main advantage of defining as described above
tion 2describes our proposed non-parametric potential funds that once a potential function is determined for the task
tion. Section 3ntroduces the UMIC control policy arBec-  at hand, stability of the controller unfolds naturally thgh
tion 4 describes how it can be learned from demonstrationghe use of Lyapunov’s direct method. If we determine a rich
by solving two quadratic optimization problenBection 5  representation fo®(¢) and¥ (¢, £) that can convey infor-
focuses on stability analysis of the proposed contrdiec-  mation about both motion and impedance properties of the
tion 6 reports on experimental evaluation on simulated andask, then we reduce the complex problem of ‘ensuring sta-
real robotsSection 7discusses different aspects of the pro-pility of a variable impedance controller with feedback mo-
posed method and compares it with two state-of-the-art vartion planning’ to a much simpler problem of learning a po-
able impedance control techniquggction &eviews the re-  tential functiond(¢) and a dissipative field (&, x;‘).
lated work, and finallysection 9summarizes and concludes
the paper. )

Note that to enhance the readability of equations we usé-1 Data Collection
the following convention throughout the paper: typeface td_et us assume we are provided with a sef\okinesthetic

refer to scalars (e.g.), lowercase bold font for vectors (e.g. demonstration§¢® ™, £t 7’“"};[:6,]2:1 and their correspond-

a), and uppercase bold font for matrices (e4). Unless  ing stiffness propert){St*"}gld_jylzl, where St € R4xd
otherwise specified, we consider the following notatiortawi are positive definite matrices. Without loss of generatity,
their unit specified in parenthesis: assume the task is defined in the target frame of reference,
— Potential energy terms andg (Joule). i.e.&T" " = €* = 0,Vn € 1..N. This can be achieved by a
— When referred to linear motions: state variaglen),  simple translation of demonstrations. Furthermore, tacavo
stiffness S(N/m), dampingD(N.s/m), force f(IN),  presence of several indices, we simplify the notation by con
and dissipative fiel@ (N). catenating all the demonstrations for each variable in® on
— When referred to angular motions: state varigfle:d),  single vector. Thus, instead of referring to the demonstra-
stiffnessS(N.m /rad), dampingD(N.m.s/rad), torque  tions as{(.)""};_4_,, we use the notatiof(.)’}7_,, where
J(N.m), and dissipative fiel@ (N.m). T = 2. T is the total number of datapoints. The in-
Note that our state variables can be composed of botélex i can be easily computed for ea¢hn) with a sim-
linear and angular motions, which in this case we have a@le algorithm. To avoid addressing the correspondence prob
combination of these units. When describing our methodem, demonstration trajectories are shown from the robot’s
through examples, without loss of generality, we considepoint of view, by the user guiding the robot’s arm passively
a state variable that is defined in Cartesian space with thié@airough the task (i.e. kinesthetic demonstration). No& th
following structure = [¢&1 & &)T =[x y 2]7. throughout this paper we use the tecentersto refer to¢’,
while we useadatapointgo refer to the whole collected data
set, i.e. including?, £, 7%, andS".
2 Formalism Stiffness property can also be collected from different
Consider a state variabfec R? that can be used to unam- Strategies such as: direct mapping from pressure sensartatbu
biguously define the state of a robotic system. The state varP" the wrist of the robot{ronander and Billard2013, be-
able¢, for instance, could represent the robot's generalizedd inversely proportional to the variance of the demonstra
joint angles, the position and orientation of the end-effec  tions (Calinon et al. 2010b, being extracted from human
or solely position or orientation of the end-effector. We de demonstrations{oward et al. 2013, or manually defined
fine our control policyr. € R? as the negative gradient of as a (task-dependent) function of other variables (thiepap
a scalar time-invariant potential functidr(¢) : R¢ s R+ seeSection 6for more detail). Note that extracting stiffness

minus a dissipative field (¢, £) : R4x? s RY: and damping property from human demonstrations is not the
. main focus of this paper. In this paper we assume this infor-
T =—Vo(&) - ¥(£ € (1) mation is available using one of the state of the art tech-

1 Atime-invariant system is a system whose output does ndtoexp hiques. We refer interested readersitméard et al, 2013

itly depend on time. Note that such system could have depeycden ~ Kronander and Billard2013 for more information on col-
time derivatives of the state variabll¢tine and Lj 1997). lection of impedance properties from human.
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2.2 Potential Energy [ N .G

We associate an energy elemeit: R? — RT to each of
the demonstration data poirgs

FE) =yt €S E-¢)  WielT ()

wheregy € R* is a constant scalar, arid’ denotes the ¢ (m) t

transpose. For each energy elemgiit), the force by which ol--- ¢ [ & & ¢

a particlet is attracted to the centéf is given by—S*(¢ — AT ¢z | I R J-

&'). Thus the higher thes’, the more the attraction force — (_~~ ¢ } ¥ }

is. Although the constanti, seems unnecessary when we s °f @ e ! i

solely look at one energy element, as we will illustrate in 2 2f . <" i P

Section 3it is of significant importance when we consider © 4| RS . | 1 . 17 ]

the accumulating effect of all energy elements. ol ‘ ) ‘l\ R e e ; } |
We choose the kernel regression method to buildthetc 2> 15 -1 -os 0 05 1 15 2

tal energy (potential) function based on the energy elesnen: € (m)

¢¢ (¢). At a query poing € R<, we determine the contribu- Fig. 3: lllustration of the potential energy for a 1 dimensionajeca

. f h | ina G ian k I tory defined by three data points. The total potential enésbpwn in
tion of each energy element using Gaussian kernel: black line) is determined from the nonlinear weighted surpaténtial

1 iT i B . . .
i ke (6—€NT(e-¢Y) . energy elements (shown in colored dashed lines). Nonlinegghts
w (5) =e 209 Viel.T (3) associated to each energy element is illustrated on thdrtapgions

h i ¢ RY thi t trollina th close to a data point, its associated weight increases,hauscthe to-
whereés™ are smoothing parameters controlling the energy smoothly switch to the potential energy elemétitat data

region of influence of each energy element. The total poterpoint. The following values are usegl! = —1, €2 = 0, £3 = 1.5,

tial energy at is given by: ¢ = 2,02 = 0,08 = 4,8 =3,82 =1,8 = 15, and
ol =02=0%=0.5.
Zjll wi (&) centered at the desired final pogit In the example shown

in Fig. 3 ®(&) has its global minimum a = 0.136. To
Let us simplify the notation by denotinﬁjf:1 with }°.  force the minima to occur &" = 0, one solution could be
and defining the normalized weighi$(¢) by: to changep] from 4 to 16.2. We will elaborate on how we
learn the values o), in Section 4

i w'(§) :
@'(€) = =—— Viel.T 5
© 2w (&) ©) 2.3 Dissipative Field
ThenEg. (4)can be simplified (notation-wise) to: We associate a simple linear dissipative figl¢) : R? —
R? to each data point, which is given by
P(6) =Y @& (&) () ¥'(&)=Dr¢ @

where D* ¢ R%*? are positive definite matrices. The to-
Note that the nonlinear weights (¢) have the follow- tal dissipative energy can be computedv through nonlinear
ing two propertiesd < @'(¢) < 1 andy ), @'(¢) = 1, weighted sum of each dissipative elemént¢):
vé € RY. Considering these properties and the fact that . , .
¢'(¢&) are positive scalars (ségqg. (2) yields the relation (€)= 201(5)’/’1(5) (8)
() >0, V&€ € R™ :
Figure 3shows poteptial energy elements for aone di'3 Unified Motion and Impedance Controller
mensional trajectory defined by three points. In regionselo - ) ]
to a data point, its associated weight increases, and teus tfPur Unified Motion and Impedance Control policy can be
total energy smoothly switches to the potential energy ele2Ptainéd by taking the gradient &g. (6)and substituting it
ment of that data point (which takes a quadratic form). De@S Well as£q. (8)into Eq. (1) After doing a few rearrange-
pending on the values @, S°, ¢}, ando’, the potential MeNts, we obtain:

energy function may have one or more minima. Since the. — Z 1 LDi(E)(gbi(E) _ @(E)) (€ — &)

centerst? and their associated stiffnesé are given by the (c7)?
user, we need to determine the valuepgfando’ so as to
force (&) to have one single minimum, which should be

~@'@©)(s'e-€)+D%E) O
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There are three main termskiy. (9) Let us define:
Tfiominal ( )2 (s) (¢Z(£) - 45(5)) (5 - 51) (103)

Tcﬁttract (S)Sl (5 - sz) (1Ob)
1@U5 (10c)

1
Tdamp

then we have:

Z Tnominal + Z Tattract + Z Téamp (113)

= Tnominal + Tattract + Tdamp (11b) xr

Fig. 4: lllustration of UMIC as perEgs. (9)and (11). In this graph
Let us introduce the following two definitions before fur- we consider¢ = [z 4]7. For clarity, only three center-points are

ther discussion: considered (indicated by a cross). The query pgiig indicated by a
Direction of nominal motion: At a center poin€?, the di-  hollow circle. The nonlinear weights® (¢), &***(€), and&™™(€)

. . L . . are respectively shown in red, green, and blue through an B&i@B
rection ,Of qomlnal mOtlon 'S.the direction tha_t connects %ap For instance, the more red the color is at a region, tifeehithe
center¢’ to its next cente¢’ ! in the demonstration. Infact, value*(¢) has at that region. The UMIC control policy, i.e. in
if the robot starts the motion frog = &' (i.e. top-center of  Eq. (9) is illustrated by a double-headed arrows. The labels nainin

the graph inFig. 2), we ideally want it to go through all attract, and damp are defined accordindgetp (11) The dashed line
grap 9. 9 y i 9 g shows the resulting path by integrating the motion from therg point

the centers and stop &T The termsr;, ;. I EQ. (11) &. For further details refer t8ection 3

are mainly responsible to generate the nominal motion. In

Fig. 2 the nominal direction of motion is indicated by ar-

rows. termSTjamp, J = i..1+2, which act as dissipating elements;

Direction of attraction: At a point¢ € R?, the direction pumping the energy out of the system.

of attraction is a vector that connedtso the closest center The UMIC control policyr., i.e. the net effect of all

point £% in the demonstrations. For exampleFig. 2, the  these forces, is shown by a double-headed arrow. This value

direction of attraction lies on the green vertical surfame f is mostly influenced by the centét™* at the current query

any point¢ on the surface. The terms,;,.... in Eq. (11)are  point. This term pushes the motion towagds$! and slightly

mainly responsible to generate the attraction force tosvardto its right. If we continue the motion for a few iterationiset

the nominal motion. query point will pass nea§’*2 and eventually converges to
Figure 4provides an illustration oEq. (9) For clarity, the nominal motion (see the dashed line). Note that all the

only three center-points are shown. The query p@ging  vectors inFig. 4 are essentially acting at the query point;

indicated by a hollow circle. The nonlinear weight§¢),  however for the clarity of the graph, we draw each of them

OiL(¢), and@i*t2(¢) are respectively shown in red, green, at its corresponding center point.

and blue through an RGB color map. For instance, the more As stated before, each term Eqg. (9)is dominant in

red the color is at a region, the higher the vaiiié¢) has  providing a certain behavior. The ternj,,, ;..., defines the

at that region. At the query point, we could observe thahominal motion. Although it does not explicitly appear in

the center poing’*! is more dominant than the other two Eq. (9) through a few rearrangements we could observe

terms. The terms=/ . = j = i.i + 2 are illustrated that ¢} in Eq. (2)play a major role in changing the value

as a triangular-headed arrows for each center. These terror,,ominai:

determines how the motion should evolve to create a be-

havior similar to the nominal motion. For example, if the Thominat = Z

robot is currently ag = &7, these terms derives the robot

();%@@H@—¢@0@—e>

towards the next data point in the demonstration, which is _ Z wi(g) (- 51 ( ) )<l5j

&1, The length of the vector indicates its magnitude. As it : )2

is expected, it is larger fog?*! due to the higher value of ' ‘

SH(E). V(&S -3 W69€DM)
The sharp-headed arrowsiillustrate the ters.,..., j = J

i..i + 2, which define the attraction force towards the nomi-wherev?(¢; S¢, &%) = (¢ — ¢°)7'S'(¢ — ¢') is a quadratic
nal motion. These terms can be perceived as a set of sprinfisction. As can be seen iBq. (12) Thomina 1S @ linear
that connect the query point to each center points. Due to thfeinction of¢} . Furthermore, by inspectiriégs. (10bjand(10c)
nonlinear weights, the effect of these springs varies based we could observe that none of the terms;,qc: andrgamp
the query poing. The diamond-headed arrows indicate thedepends ony). We will use these two properties later on
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‘Z% = (%)default qbé = 2(¢6)default §' = 1001 S' = 2001

10

0.4

0 02 y 0 02 Y

000 ° y 0 0s ° y Fig. 6: Effect of stiffness on the potential energy gradient. Tiftnsss
values on the right graph are twice the ones on the left. Aeopa-
rameters are identical between the two graphs. The mototsstom
top-right of each graph and terminates at the bottom. Detratitns
are shown by red circles. By increasing stiffness, the yaiighe po-
tential function becomes steeper, hence points are atréoivards the
centers more rapidly. In contrast the slope along the ndmioéon is
identical between the two graphs. This is due to the factttiigislope
is mainly governed by the parametg}. Note that to enhance clarity,
the potential energy is only illustrated on a portionwefy domain.

Fig. 5: Effect of ¢ on the potential energy gradient. The valuespf
in the right figure are twice the value of, in the left graph. All other
parameters are identical between the two graphs. Demtossare
shown by red circles. Increasing the valueggf results in increasing
the value of V& along the direction of motion, while the attraction
force towards the nominal motion remains unchanged (coenpava-
ture of corresponding green surfaces). Note that to enheadéy, the
potential energy is only illustrated on a portionaefy domain.

to learng), from demonstrations by solving a convex con-  Note that all the computations to determine the control
strained optimization problem. Also note thabmina: lin-  commandr, are performed online. The computational com-
early depends on the stiffness matrices plexity of our controller grows linearly with the number of
Figure Sillustrates the effect of changing on7,.ominai-  data point§” and quadratically with the dimensionalify!f
In this graph, the motion starts from the top-right and termi diagonal stiffness and damping are used, then computationa
nates at the bottom of the graph. The green parabolic-shapedmplexity grows linearly in both™ andd. As a result, in
surface illustrates the cu'rvature of the potential funced  ejther case, the required number of operations to compute
one of the center point§'. The values of; on the right s tractable and as we showcase through several robot exper-
graph are twice the value g, in the left graph. All the other  iments, online computation of the control command can sat-
parameters are identical between the two graphs. As can by the strict realtime requirement enforced by robotshsuc
seen the curvature of the potential function, highlightgd b as KUKA Light Weight Robot.
green surfaces, is (nearly) identical in both graphs. Tis i
dicates that the attracting force towards the nominal nmotio
is the same in both cases. However, each center point at tﬁe
model on the right achieves a higher potential energy tisan it Section 3 we presented the UMIC control policy. It re-
corresponding center on the left. As a result, the model ofains now to determine a procedure to build an estimate of
the right generates a greater force along the nominal motioifie UMIC from a set of user demonstrations. The cergérs
than the one on the left. and their associated stiffne§$ are known and given by the
The termsr?,,. ... mostly determine the impedance prop-collected demonstrations. It now remains to determine the
erty, i.e. how much the robot should resist when perturbedialue ofa*, ¢, and D* such that the target point becomes
along the direction orthogonal to the nominal motion. Fromthe attractor of the potential functi@h(§) and the robot fol-
a different perspective, if the robot stagés within the re-  lows the same velocity-profile as shown by the demonstra-
gion of influence of a centeg’, the higherS®, the faster tions.
the robot moves towards. Figure 6illustrates the effect of To simplify the learning algorithm, we could preset the
changing stiffness on the control policy. As highlighted be value of smoothing parametes$. Essentially, as we will
fore, first observe that the value of stiffness can be viguall show later on, by presetting the value «f, we transform
perceived as the curvature of the potential field. The highes non-convex optimization problem into a quadratic opti-
the stiffnessS?, the more curvature the potential field has mization problem, which is convex and has a unique global
at¢’. As can be seen, the change in stiffness mainly affectsiinimum. Additionally, it makes the optimization compu-
the component of. along the direction of attraction. The tationally fast and tractable especially in higher dimenai
centers on both models have nearly identical potential erproblems. There is a trade-off in selecting valuesofA too
ergy, therefore generating similar forces along the nomindarge or too small value fas’ are not desirable as it makes
motion. the potential function over or under smoothed, respegtivel

Learning the UMIC Control Policy
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As arule of thumb, we choosé so as at least% of the data  of ~* with their value being selected based on the desired

points remains within thé-o? distance from each centét.  acceleration for the robot at zero velocity starting fror di
There is a redundancy inherent in selecting the valueterent regions in the task space.

of ¢}, and D*. For example, consider we want the robotto  Asthe value oV ®(£) only depends on, (seeEq. (12),

move with a constant speed in some region in the task. Givetihe optimization learning parametegsis a vector created

the current robot stai¢ andé, this can be achieved by set- from concatenation of albj, i.e. @ = [¢} --- ¢]. An

ting Eq. (11)to zero. SinceS’ are given, the contribution estimate of® can be obtained by solving the following con-

of the attracting term3_, 7%,,,.... is fixed. However, there strained quadratic optimization problém:

are infinite ways to select the nominal and damping terms to

makeEq. (11)to zero. We could exploit this redundancy to . 1 & i i

better customize our control policy. e J(0) = T Z IVE(E':8) +'I* (133)
Essentially, we want our control policy. to apply a . =

non-zero generalized fore& € R?\ &*, € = 0. In other SngECt tq

words, we want the robot to be able to start the motion from#g "+ < &) Vi=1.T,i¢ 2, i+1¢0 (13b)

static at any point except at the target, otherwise it may gej < ¢ Vi=1.T,i€ (13c)

stuck in a local minima. By inspectirteg. (9), we could ob- Vo(£) = 0 E=¢ (13d)

serve that at zero velocity, this force is solely given by the

negative of the potential gradient, i-eV®(€).
Y P 9 ©) where (2 is the set of indices that corresponds to the last

Since there is usually inaccuracy in modeling the physi-"" ) : )
cal properties of the robot, e.g. joints friction, it is evear- point of each demonstration trajectory, which by construc-
tion is placed at the target poigt:

ticularly important to impose a lower bound on the magni-

tude of the potential gradient. For example we notice that ny .

even on a high-performance robot such as KUKA LWR-1V, 2 =1ig" =€} (14)

when controlling it in the operational space, a generalized

force less thareV barely moves the robots. Thus, when  The constraints given biggs. (13bgnd(13c)are essen-

working on this robot, we need to at least have a lower boun#ial to ensure thapy are positive and energy consistent, i.e.

of 2V on the potential gradient. for each demonstration trajectory the energy decreases by
Putting together the above factors, we want to have &0ving along the demonstration and always remains posi-

non-zero potential gradient across the demonstratiors. THive. Note that we use inequality instead of strict inegyali

value of the potential gradient solely depends on the paranio avoid unnecessary constraint to decreggef the two

etersg. Hence, it allows us to split our learning algorithm neighbor pointst® and ¢+ are identical Equation (13d)

into two phases: 1) |earnin@6 to achieve the desired po- also verifies that the gradient at the target point will bezer

tential gradient at each training data point, and 2) legrnin ~ The optimization problem given biq. (13)has7 pa-

D' based on the estimated valueggfso as to generate the rameters with7” inequality constraints and equality con-

same velocity profile as the demonstrations. straints. Although it may not be explicitly cleaEg. (13)
can be transformed into a constrained quadratic optimiza-
4.1 Learning Parametets tion problem after a few rearrangements (8e@endix A).

Therefore, despite the high-dimensionality of this optiai
tion problem, it can be efficiently solved within a few sec-
onds using the state-of-the-art solvers such as cvxiget-(
tingley and Boyd2012).

Figure 7shows an example of learning a 2D motion from

Let us assume’ ¢ R are the desired negative potential
gradient at each poirgt, i.e.~! = —V&(¢%; @). Note that
depending on hov¢ is defined (i.e. position, orientation,
joint angle, or their combination), the unit gf may beN,
N.m, or a combination of them. The direction of eagh , . . )
is given by (¢! — ¢7)/||¢i+! — ¢1]. Its magnitude is de- asingle demonstratlon_trajectorycomposed of 500 datdgoin
termined based on the characteristics of the robot and the/e ChOOS@T'l =0.02, 5" = 1OQN_/m’ and||y‘|| = 5N. We
desired safety standard, e.g. high enough to overcome getart the optllmlzat!on with an initial guess on the pgrgmwte
joints friction, and low enough not to cause any injury if the &) by .dlrawmg uniformly from[0 10]. (?bwously this IS a
robot suddenly collides with a human. The valuey6fdi- bad |_n|t|§1I guess and as can be §9eﬁ|g1 _7athe potent.|a|
rectly determines the end-effector acceleration whetistar fupctlpn mclud_es several local minima. nght_after ong-opt
from zero velocity. Without loss of generality, we considerm'z’?mon 't‘?rat,'o“' all thesg .Iocal minima vanish e}nd the po
constant magnitude for alf’ for each experiment. This al- tential attains its global minimum at the target (5ég: 7).
lows tq have a ”_‘F’re _prEdICtable robot motion throthOUtthe 2 Note thaty® point at the negative direction of potential field gra-
task without limiting its performance. However, wheneveri gient, i.e.va(¢i; @) = —~*. This is why~* appears with positive

is necessary for the task, one can apt for variable magrstudsign inEq. (13a)
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Iteration: 0 Iteration: 1

05 Objective: 406.897 Objective: 31.866

{.--‘ Direction
03 of Motion

|, e .
01 “:)
of P
o R 03 02
(@) (b) (c)
Iteration: 5 Iteration: 10 Iteration: 50

Objective: 13.382 Objective: 4.142 Objective: 0.869 =

(d) (e) ®
Fig. 7: An example of learning a 2D motion from a single demonstratiajectory composed of 500 data points (for clarity of tlyaife only
every fifth points is shown). The initial guess on the paramsatf is obtained by drawing uniformly frorfd 10]. The potential from the initial
guess includes several local minima (§ég. 79. Right after one optimization iteration, all these locahima vanish and the potential attains its
global minimum at the target (s€&g. 7b. The optimization terminates within 50 steps and achibeedesired potential gradient and stiffness.

The optimization iterates 50 steps to obtain the desired po?j = 1..7° (16)
tential gradient and stiffness for this pattern. Due to the-c T+ — ¢ §TH = §T §TH = _§T)
vexity of the optimization problem, the obtained solutien i s e ’ T et ’ _ I,_,’
globally optimal. o'V =0y, ST=8, D' =D,

: : . . . T+j Zj j v
Existence of a solution:A concern that might be risen is 0 T=gy’, AT =~

that whether there is any feasible solution to the optimiza- i i ,
tion problem above. In other words, is it possible to deter- Equations (155nd(16) simply create a new data point

mine a combination off}, that satisfies all the constraints? for each center that is active at the origin. This results in

By integrating backward the traveled distance for each demQaVing_T +7° centers. For alj - 1,"Tv_’ the index_of the
stration (i.e. from the target to the initial point), we coul NeW (virtual) data pointig” + j, which is virtually link to

obtain a good initial guess faf, that satisfieEgs. (13b) its count.grpartwith.indeZ;-J in the original demo'nstrations.
and (13c) However, ensuring existence of a solution thatThe position, velocity, and acceleration of the virtualtees
satisfiesEq. (13d)is non-trivial are negative of their corresponding counterparts in thesdct

To address this concern, we introduce the notiomief ~ deémonstrations, while their remaining properties (séiffs,

tual demonstrationLet us define a set of indicd®, which ~ damPping, etc.) are exactly similar.
includes all the center§’ that are active at the origin (i.e. \_N'th the adqun of _th's new (virtual) data set to the
target point): original demonstrations, it can be shown that for eatttere

is a small positive scaldr < 6(¢), where|| VO(£€*)|| < d(e).
T ={i e 1.T | &'(0) > ¢} (15) Note thaté(e) goes to zero as goes tq zero. This relgtion
holds for any demonstrations, ensuring that a feasible so-
where0 < e < 1 is a very small threshold number. The lution always exists within @(¢) tolerance. By tuning the
setZ” containsT " elements. We use the notati@fi, j €  parameter we could define a tolerance on satisfying the
1..7" to refer to thej-th element of the set. We now define a optimization constraint given biq. (13d) which is a com-
set of virtual demonstration and append them to the originahon requirement when doing numerical optimization.
demonstration as follows: Note that we train the control policy based on the orig-
inal and virtual demonstrations. The use of virtual demon-
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strations provides us witeoretical proofon availability of Potential Energy Landscape
an optimal solution for any set of demonstrations. The addi-
tion of virtual demonstrations does not increase the number
of optimization parameters because they are simply set to
the values of their corresponding counterparts in the iogigi
demonstrations. Despite this, the user is not obliged to use
virtual demonstrations as practically the optimization-us
ally converges with only using the original demonstrations -1
Figure 8shows an example of learning a potential func-
tion from a 2D demonstration. For illustrative purpose, we
consider a straight line motion composed 66 data points.
We setr’ = 0.025 ande = 10~°, which resultin creating 12
virtual points. The original and virtual points are shown by
red and blue circles, respectively. The desired potental g
dients are defined as follows! = [5;0]N, Vi = 1..99 and
~190 = [0; 0] N. We consider the desired stiffness to follow
asine curve, i.eS’ = s'I, wheres’ = 200(sin 27|€°|))? + Virtual data
100N/m. The potential function is learned so as to reflect -0.2 y (m)
the desired behavior: its Iandscape becomes steep in $gicm Change in stiffness along y-axis Attracting force towards y = Om
with desired high stiffness and shallow in regions with low 300 -1
stiffness. The potential gradient at the center pointsps (a = s
proximately) constant with the norm equal to 5. This can beé 20
observed by looking at the distance between the energy levZ
els. Note that in a small region around the target the patenti @ 0
gradient smoothly decreases to force the motion to stop at **° e
the target, which is necessary to ensure stability. The norm x (m)
of the potential gradient at the target poin{{8%(£*)|| = Fig. 8: Illustration of encoding variable stiffness with UMIC. Fdar-
2.47 x 10~'°N, indicating that the optimization constraint ity of the figure, we consider a straight line nominal motitong the
Eq. (13d)is satisfied with a very small tolerance. Hence--axis. The original and virtual points are shown by red ancldir-
forth, we use virtual demonstrations in all the experimentﬁ';f’o :‘eai?él‘ft'i‘g% 'en this example, the desired stiffiaasg the direc-
- . . .ey-axis) follows a sine curve (see bottom-left). As
we reportin this paper; however for clarity of graphs, we doj result, the potential energy landscape becomes steegiamsawith
not illustrate them. desired high stiffness and shallow in regions with low s&ffs (see
top). The figure on the bottom-right shows the attractingé¢dowards
) ) the nominal motion at lineg = 0.01 andy = 0.02. As expected, this
4.2 Learning Damping Parameters force increases proportionally to the stiffness and to theadce to the
The velocityé’ and generalized foree’ at each center point  "°minal motion.
&' are provided through the demonstrations. The value of the
potential gradient ag" can be directly computed based on 7 qemonstrations. As can be seen both the pattern and the
o as describgd iBection 4.1Letv us assume the damping velocity profiles are learned successfully.
matrices are in the fornD* = d'I, then we could com- Note that based on our experimental evaluation, the as-
pute an optimal value fof = [d" - d’] by solving the sumptionD‘ = d‘I is not limiting and allows to perform a
following convex optimization problem: wide variety of tasks. However, in case it is necessary, the
1 T optimization problem given b¥q. (17)can be easily ex-
min J(5) = — Sl + va(e) + w(g', €5 5)|* (17a)  tended to the case whef@' is a diagonal matrix that has

Compliant

0

i=1 different eigenvalues along each dimension. The extension
subject to to have a full matrixD? can also be achieved, though at
c<d Vi—=1.T (17b) the cost of solving a more complex optimization problem. A

summary of the learning algorithm to train a UMIC model

. . from demonstrations is provided &Algorithm 1.
wheree > 0 is a lower bound on the value of the desired P 9

damping. Similarly to the previous section, this optimiza- - .

tion problem is also quadratic and thus has a unique globéla Stability Analysis

solution, which can be obtained quickRigure 9shows an The UMIC control policy given byeq. (9)is by construc-
example of learning, and D' for a.J-shaped pattern from tion globally stable because it is modeled by a potential
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‘ ©  demonstrations === reproduction * larget‘
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Fig. 9: An example of learning} and D? for a J-shaped pattern from
7 demonstrations. The thick blue line shows the reprodootibthe
task from an initial point on the top of the graph. As can bendsath
the pattern and the velocity profiles are replicated sufaéssThough
not shown in the graph, this motion can also be generatetihgtiom
other points in the state space.

Algorithm 1 Learning UMIC from demonstrations

. Collect a set of demonstrations as describe8dntion 2.1

Set the parametets’ based on the task requirements.

. Define desired magnitude §f based on the task requirements.

: Create virtual demonstrations as describe8ention 4.1

. Estimate the parametess, by solving the convex optimization
problem given byEq. (13)

. Estimate the damping parametdd$ by solving the convex opti-

mization problem given b¥q. (17)

aAWNER

(o]

function and a dissipative fielKpatib, 1986. It also im-
plies a passive mapping from external forgg; to €, hence

overcome the problem by providing an additional demon-
stration that starts from the spurious attractor. In féuis, fits
well within the context of active learning, where the robot
could ask the user for help (providing more information)
when it faces any issue during execution of a task.

6 Experimental Evaluations

We evaluate the performance of the proposed control policy
via three sets of experiments. The first experiment is per-
formed on the LASA human handwriting librariitansari-
Zadeh 2017). This dataset contains thirty handwriting mo-
tions recorded from Tablet-PC, and has been used as a bench-
mark dataset to evaluate the performance of different move-
ment generator algorithm&fiansari-Zadeh et al2013.

With this experiment we illustrate the capability of our imed

in modeling complex motions. The second experiment in-
cludes a reach and place task on the 7-DoF LWR robot.
Through this experiment we demonstrate how our controller
allows to safely execute a task while being able to precisely
place an object on the desired location. In addition, we show
case the suitability of our method for realtime execution on
robots. The third experiments reports on performance quan-
tification of the UMIC controller in encoding different dtif
ness profiles while following a same nominal motion. With
this experiment we highlight that despite unifying motion
generation and variable impedance control, our controller
still allows the user to modify each part separately. This ex

ensuring that the robot remains stable in contact with anyeriment is also performed on the LWR robot.

passive environment. The proof of stability is provided in

Appendix B This is a key feature as @nsures global sta-

Note that in all our experiments the origin of the refer-
ence coordinates system is attached to the target.

bility (safety) of the task regardless of the situation of the

robot and its surrounding environment. Note that by unify-

ing motion generation and impedance control, the notion 0?'1 Experiments on Human Handwriting Motions

tracking a reference trajectory is entirely removed from ou The recorded motions in the LASA human handwriting li-

approach. Hence, it is only sufficient to show the UMIC sta-brary are two dimensional, i.€. = [z;y] € R2. For each

bility for the regulator case. pattern, 7 demonstrations are provided by starting the mo-
Furthermore, the learning algorithms propose@&ac- tion from different initial positions (but fairly close taaeh

tion 4 determine the parameteg§ such that the target be- other) and ending at the same final point. All the demon-

comes the attractor of the potential functid(¢). Thus, we  strations have the same number of datapoints, and may in-

could ensure local asymptotic stability of the system in dersect each other. Among the 30 handwriting motions in

region close to the demonstrations. Although it is not possithe library, 26 of them include one single pattern, thredwit

ble to theoretically prove global asymptotic stability bkt two patterns, and one with three patterns, Bep 10 We

controller, as we will showcase through various experimentstart by averaging all the demonstrations for each pattern,

in Section 6 our controller is practically globally asymp- hence obtaining a single demonstration for each one. Dis-

totically stable (note the difference between stabilityd an cussion on the advantage of performing this step is provided

asymptotic stability). This is due to the fact that the termsn Section 7.4

Si(¢—¢) attracts a poing € R that is far from demonstra- In this experiment we manually set stiffness to linearly

tions towards the nominal motion (i.e. the centgi)ls Once increase fron" = 1001 at the initial point of each demon-

¢ is sufficiently close to the demonstrations (i.e. withindbc  stration to3001 at the target point, where € R?*2 denotes

asymptotic stability region), then it will converge to tlea-t  the identity matrix. We choosg = 5, and||v*|| = 500 for

get; hence the controller becomes globally asymptoticallyll the demonstrations.

stable. Although we have not practically faced a spurious The collected demonstrations are shown with red thick

attractor in our experiments, if it happened, the user couldine in Fig. 10 The gradient of the potential energy of the
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Fig. 10: Learning 30 human handwriting patterns using the proposattaller. In this graph, the potential energy is illustGby color gradient.
The white color indicates zero energy and it gradually iases towards blue. The target point is shown by a star. Thestid lines indicates
the potential energy gradient. Demonstrations are iiistt by a thick solid red line. The thick black line shows thation when it is started at
the initial point of the demonstration(s). We could see thatlearned model precisely captures the motion from theodstration(s) because the
black line follows the red line throughout motion. For manéormation refer tdSection 6.1

trained models are superimposed on the demonstration. Thiee training. However, due to its time-invariancy, its gene
thick black line shows the motion if it gets started from thealization is also based on spatial situation. Thus, if wet sta
initial point of the demonstration. As can be seen, the mothe motion somewhere close to the middle of the demonstra-
tions generated from the learned model matches the demotien (e.g. poinf—20; 40] in the first model), only half of the
strations, indicating that the nominal motion is being sucpattern will be reproduced. This kind of generalizationldou
cessfully captured by the trained model. The thin lines shovbe a feature or a drawback depending on the application. If it
the trajectories generated from the learned model startinig important to exactly reproduce the desired patternistart
from other initial conditions. We could see that all the mod-from any point in the space, then it is necessary to place the
els are asymptotically stable at the target. Furthermbee, t origin of the frame of reference at the initial point (indea

main pattern is properly captured in each model and can bef the target, the way we consider it throughout this paper).
reproduced when the motion starts close to initial points of

demonstrations. For multi-patterns models, UMIC is able to 2 E i he KUKA LWR Rob
successfully capture the desired patterns as long as they a@' xperimenton the obot

spatially separable (see the last four modeBim 10). In this experiment the robot is required to place a hammer
Note that our controller is time-invariant, and thus it de-into a toolbox in front of it. To better illustrate the safety
rives the motion only based on the spatial information. Thideature of our controller, we significantly limit the robst’
time-invariancy makes our controller inherently robust toperception of the environment. In our experiment, the robot
temporal perturbations, hence increasing the contreléafety. only knows the toolbox’s position, and thus is not aware
In addition it frees us from all the problems associated withof any object that may come into its path. This experiment
time-warping of trajectories to properly align them beforecould be representative of situations where human and robot
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Table 1: Functions used to determii® = s’I ando’ in the position  |earned model. The stiffness property (for the position-con

and orientation controllers. The variablesand o refer to the robot . . . .
position and orientation, respectively. troller) is also shown by superimposed belted-ellipsbids

: : : : Note we show the stiffness only along the direction of at-

stiffness values* variance o* traction. It indicates how much the robot should resist if

pos. | 100e~30l="15 4 goe—20l="15 420 | L 4 0.01 perturbed along the orthogonal directions to its motiore Th
orient. 3e— 10011012 4 9200713 4 9 01 4 0.01 robot interaction property along the direction of motion is

better described by the gradient of the potential, which are
indicated by green arrows. As expected the gradient remains
constant in most parts of the motion and vanishes at the tar-
share the workspace. As estimation and prediction of humaget,
movements may not be possible in all situations, it is essen- Figures 11@nd11dshow the execution of the task from
tial to have a safe controller such that even when the robaig gitferent initial conditions and their corresponding ve
collides with the human, it does not harm her (similarly to|qcity profiles. As can be seen the robot can reach the target
the situation when two co-workers may occasionally bumpp 4| cases with precision in order of millimeters (mean:
into each other). 5.4mm, standard deviation: 1.2mm). This precision is more
We use operational space control to model the task. Wehan necessary for the task at hand; however, if required, be
consider two controllerst? to control the end-effector po- ter accuracy can be achieved by increassfigt points close
sition z and 77 to control its orientatioro. We use axis  to the target. The way the trajectories converge to each othe
angle representation to model the orientation. For this, tas right before the target is also noteworthy, which is due & th
we give a higher priority to the position controller and de-increase in the local stiffness (sEig. 11bfor visualisation
fine 7. = 77 + NP72, whereN is the null-space matrix of stiffness). If we increase the stiffness further awayrfro
of the position controller. We start by first collecting somethe target, its effect will also be reflected on the trajéetor
examples of the task. In total, we collect four demonstraby converging to each other earlier.
tion trajectories. The collected trajectories are illagtd in

Fig. 11a Note that each demonstration captures informatior?afety in human-robot interaction: Flgurg 12illustrates
the safety feature of our controller, in which the robot col-

about both position and orientation. For clarity of the figur , . . ]
lides with the user during the task execution. The robot is

we only show the orientation at the initial and final points.
! . . completely unaware of the user’s presence. Furthermage, th
We define the stiffness property to be low in most parts
] .—controller does not rely on force/torque measurements dur-
of the demonstrations to have a safe controller. We only in- . . : .
o . . ing the task execution. We run 10 trials of this experiment
crease it in a small region close to the target to improve the @ . L .
. . . . starting the robot from different initial conditions andvha
accuracy in reaching the target. To achieve this goal, we de- ) . . . s
: : . . . ing the user (intentionally) collide with the robot in difént
fine the stiffness values using the exponential family func- . . :
. o courses of the task. The impact force in all the trials are low
tions (as stated before, one could also collect this inferma

tion through human demonstrations). We choose the paran’fl““’iI :t 4t.r§8tiin0t.;i3N.x Hment w nsidered a worst
eterso’ to be inversely proportional to the desired stiffness ote tha S experiment we considered a worst-case
at that point. Thus, points that have high stifiness have écenarlo and showed that the robot is still safe to operate

smaller region of influence, hence they could not generat espite inevitable collisions with the human. In fact the-pr
high force values (which c,ould violate human safetd- posed controller brings robots one step closer towards shar

ble 1 summarizes the functions used to define stiffness anti ® Wolrkspace with hqmans. Nevertheless’ whgnevgr there
. - . . Is additional sensory information about the objects in the
smoothing parameter for the position and orientation con-"_ " . .
- environment, our controller can be equipped with the state-
trollers. Based on the characteristics of the robot, we conc-)f the-art techniaues to avoid collision. We encourage the
sider||v*|| = 5N and||~v*|| = 1.5N.m for the position and g ' g

orientation controllers, respectively. These values dgé h reader to check the accompanying video for an illustration

enough to overcome the joints friction, and low enough nof)f the result, the safety feature of our controller, and more

to cause injury if the robot suddenly collides with a humanexperlments (which for brevity were not reported here).

or other objects in the environment. . . )
6.3 Evaluation of Stiffness and Motion Control

Generalization to unseen situations:We use the trained ) .
In Section 3we stated that the UMIC control policy allows

models to execute the task starting from different init@i¢ ) , X )
ditions. The robot is controlled at 500Hz, which indicates!® SeParately modify the impedance properties with no or
little change in the nominal motion. In this section we quan-

that our controller is computationally fast (the whole camp . i )

tation is done in order of 10 on an Intel Core i7 83.5GHz U1y this property via a robot experiment on the LWR robot.
processor with 16GB of RAM)igure 11bshows the robot 3 Ag we consider diagonal stiffness matrices of the fa¥m= s°1,
motion starting from an arbitrary configuration using thebelted -ellipsoids are in fact circles.
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(a) Collection of four demonstrations through kinesthetic (b) Execution of the task from an arbitrary initial configu-
teaching. ration.

e initial points —trajectories ¥ target‘ ‘—velocity profiles ¥ origin‘

0.1 02

y (m) . 05 06 05 y (m/s) €T (m/s)
(c) Generalization of the task to unseen situations. (d) Velocity profile of motions for the motions in (c).
Fig. 11: In this experiment, the LWR robot places a hammer onto a toolim (b), circles indicate the robot stiffness on the perpendiaditaction

to the motion, and green vectors show the gradient of thenfiatenergy. As can be seen(c), the robot could reach the box from various initial
configurations (accuracy in order of millimiters). Pleaster toSection 6.Zor more information.

troller can still be accurate (ség€g. 139, and 2) to allow

us to evaluate the effect of stiffness on the controller per-
formance through perturbing the robot in the middle of the
motion (we will elaborate this experiment later on in this

section).

We execute the motion with the same initigdmm er-
ror) and target points for each of the trained modEilg-
ure 13cshows the robot trajectory and velocity profiles in
these 6 runs. We could observe that the nominal motion be-
tween these 6 models matches well, though each of them
encodes a different stiffness profile.

Fig. 12: In this experiment, the robot is unaware of any object in the We further compare these 6 trained models in collision
workspace except the toolbox. It collides with the usermythe ex-

ecution of the task: however, due to its compliancy, the mmapaict ~ With @n unperceived object (sé&g. 143. We rigidly fixed
force in all the trials is I0Wf,y, o = 4.88 4 0.73N. the object aty = —0.4m. We quantify two types of im-
pact force: 1) tha maximum impact forge, ..., and 2) the
In this experiment the robot is taught to perform a reachingteady-state impact forct. Generallyf,,,.. > fss due
motion as depicted ifrig. 13a We train this motion with to the momentum of the robot at the time of impact. The
6 different stiffness profiles that are shownFig. 13h We  importance of evaluating,,... is that it includes the accu-
also set||y(¢)|| = 10N ando® = 0.01 for all the centers mulated effect of the robot dynamics from the initial to the
(note thatt = [z y 2]7). impact time. We run each trained model 10 times with the
Note that as discussed Bection 6.2in reaching tasks Same initial =1mm error) and target points, obtaining 60
it is considered optimal to increase the stiffness towaed thtrials in total.
end of movement to cope with model uncertainty and thusto The statistics of the impact forces across all these tri-
increase accuracy in reaching the target point. In thisexpeals is shown inFig. 14c Despite great changes in stiffness
iment, we consider a bell-shaped profile for stiffness far tw between the trained models, there is a small difference in
reasons: 1) to illustrate that even at low stiffness our conthe impact forces (i.e< %5). Note that in this experiment
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a = e = ™

(a) Placing a rigidly fixed object on the robot path to evaluate fibr-
formance of the trained models at collision.

[—o 50 — 100

150 —— 200 250]

(b) We consider 6 different stiffness profiles along the denranst ) : : :

tion. Each stiffness profileS(¢) = s(&)I is defined by:s(¢) = 0 0.05 01 015
50 + ae— 40w +0-9* 4 € {0, 50,100, 150, 200, 250} N/m. g (m/s)
0.15F (b) Trajectory and velocity profile of the robot in the experirhaiith
= ol collision to an unperceived object. Each model is executedirtes,
S running 60 trials in total.
w 0.05f
ok 15
I ]
‘:;’ x
0.1f o 131 X - . n
Q 12l . . . . .
S oF 10 0 50 100 150 200 250
" loaf R : = %
— Z 95} % 1
0 0.05 0.1 0.15 02 0.25 = E E3 }
, « ¥
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(c) Execution of the motion with the same initiak{mm error) and ° 50 100 150 200 250
target points six times, each of which with one of the trainsstiels. a(N/m)

For clarity, only the projected motion on thez plane illustrated as the
motion alongz-axis is negligible.

Fig. 13: Performance evaluation of UMIC in encoding six different
stiffness profiles, while following the same nominal motiblote that

¢ = [z y 2]T. Please refer t&ection 6.3or further information.

(c) Maximum f;, .. and steady-statgs s impact force for each trained
model. The parameterin the stiffness profile is defined IFig. 13b

Fig. 14: Performance evaluation of the 6 trained UMIC model in
Fig. 13at collision with an unperceived object.

the object is posed so as the collision occurs only along the The results ory,,,,.. may also seem counterintuitive be-
direction of the motion. Therefore idealistically we shibul cause one may expegi,.. should increases as stiffness
have| fssl| = [ Thominalll = [IVP(E°)] = ||¥|| = 10N, increases. First note that idealisticalfy,., should remain
whereg© refers to the contact point. However in this exper-fixed across all the models. However, the difference in val-
iment the steady-state contact force is less than the ttainaies of f,, also directly affectsf,,.... Furthermore f,,q.
value 10N due to the fact that a small part of the appliedalso depends on the velocity profile during the motion. In
force is used to overcome the (unmodelled) joints frictionmodels with low stiffness, the robot slightly deviates from
of the robot. In addition, as shown Eq. (12) ||Thominat|l| ~ the nominal motion due to uncertainties in the robot model.
depends on botk and stiffness values§®. Therefore, a Therefore, in these models both,,mina aNd Tortract are
change in desired stiffness would affect the optimizatioraffecting the motion and thus the robot achieves slightly
problem given byEg. (13)and thus yields a different so- higher velocity. By inspectindrig. 14h we could observe
lution. This is why inFig. 14cwe observe different values that the impact velocity is slightly higher for models with
for || fss|| for each model. lower stiffness, describing why the the max impact force is
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higher in these models. As stiffness increases, these-deviand D(¢) = 2./s(€)I N.s/m. Figure 15bleft illustrates
tions are more suppressed, and thereby the robot more prie s(£) in the range betweenl < &; < 0. Since TVIC
cisely follows the nominal motion. This can also be verifieddefines the impedance properties as a function of time, we
by noticing that the slope of thg,,... plot converges to zero compute the equivalent of(£) in the time domain based
as the stiffness increases. on the desired trajector§” (t) (seeFig. 15bright). Unless
otherwise specified, throughout this section we use the term
‘desired behavior’ to refer to ‘desired tracking perforroah

for TVIC and SVIC, and to ‘following the nominal motion’
7.1 UMIC vs. other Varying Impedance Control Schemes for UMIC.

7 Discussion

UMIC provides us with a time-invariant variable impedanceSafety to presence of unperceived objectsie first eval-
controller to control the robot. There are however two othetate the difference between TVIC, SVIC, and UMIC in the
types of variable impedance controls that are commonly usgfesence of an unperceived obstacle. When robots work in
in literature for tracking aeference trajectoryl) Time-varying Unstructured environment, tracking all the objects in toekw
Variable Impedance Control (TVIC)B(chli et al, 2011,  SPaceis non-trivial. Moreover, installation of tactiledeforce
Ferraguti et al.2013 Kronander and Billard2013, and ~ Sensors throughout the robot body is currently costly and
2) State-varyingvariable Impedance Control (SvICpgt, ~ difficult. Hence, it is essential to have a control law that is
2008. There are a number of structural differences betweefPbust and safe when colliding with an unperceived object.
UMIC, TVIC, and SVIC, which make each of them more  Figure 15cshows a scenario where an object is placed at
suitable in certain applications. In this section, we aims av = —0.5m. Since both TVIC and SVIC relies on tracking
providing an objective comparison between these three ajttime-indexed trajectory, they start applying a contirsipu
proaches. increasing force after the collision with the obstacle.sThi

TVIC and SVIC can be used in two modes, regulator andorce reaches a peak that is more than 10 times larger than
tracking modes. The latter is a more generic form, where ywhat the robot experience in the absence of obstacle. This
time-indexed trajectorg?(t) can be tracked. In our com- force could potentially result in the robot breakage or dam-
parison we consider this model as it is closer to the UfIC agding the collided object.

When tracking a time-indexed trajectory, TVIC and SvIC ~ Note that since in SVIC the stiffness property is state-
control laws are as follows: varying, the increase in force linearly increases withlthée—

z||, whereas in TVIC the desired stiffness also increases with
e = M(ﬁ)éd(t) _ D(t)(é _ éd(t)) —S(t)(& - 5d(t)) time (in this example). This is the reason why the applied
(18) force in TVIC is even larger than SVIC. In contrast, UMIC
- Sdo : 4d _ ed is a time-invariant system and thus when gets stuck behind
Towe = M(E)E"(1) = DE)(€ — £7(1) — S(E)(€ ¢ ((33)) the obstacle, it applies a constant low force based on the de-

signed parameters. In this example, we gse 20N, and
Note that, as mentioned before, we consider animpedanggs the applied force BON.

control law that does not reshape the inherent inertia of the Tv|c and SVIC-based methods could adopt a heuristic
robot. However, the results herein extend also to the casg avoid inducing a large force. An example of such heuris-
where a desired apparent inertia is implemented via forcecs js to threshold the control command at a desired (low)
feedback. To better illustrate the difference betweenethes 4 e. Although this heuristic could alleviate the problein
approaches, we consider a toy example, where a point-maggge contact force, it may not be suitable for tasks that re-
robot is required to move on a straight line to reach a gogjyire continuous contact with the environment. To perform
position. The robot mass iskg. Without loss of generality, these tasks properly, one should apt for a variable thresh-
let us assume the initial and final points ar€at= [~1;0]  o|ding strategy. An example of such heuristic is to change
and¢” = [0; 0]. We designed a smooth traject@¥(t) com-  the value of the threshold based on the end-effector posi-
posed of501 points between these two points. This trajec-tion. Such heuristics could be hand-tuned to work in prac-
tory and its velocity profile are illustrated iig. 15a We  tjce; however, providing a theoretical proof for such cdses
use this trajectory as the reference trajectory in TVIC anjifficylt (if not impossible).
SVIC, and as the training demonstration in UMIC. We also  another behavior that can be observed in time-varying
consider the following stiffness and damping profiles in theapproaches is that there is an instant jump in the robot mo-
domain—1 < & < 0, wheret, refers to the first component tjon right after the obstacle clears the path. This jump is du
of the vecto’g: S(€) = s(€)I, s(§) = —400€7 +500N/m,  tg the fact that the robot tries to catch-up with the refeeenc
4 Regulator case simply results in a motion that directly goethe trajectory, and as a result it induces a large acceleratidn a

target point. Thus, it does not have the capability to followmplex ~ SKiPs & portion of the trajectory. In contrast, when using a
patterns such as the ones illustrateig. 1Q time-invariant approach, the robot follows the desirechpat
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nominal motion UMIC —4— TVIC SvIC

Obstacle
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(a) The desired trajectory and its velocity profile along the 0 0.2 0.4 0.6 0.8 1 1.2
axis used for tracking in TVIC and SVIC. Note that we define _ [ = e ‘ ‘ : ]
¢4 = [z y? andy? = y¢ = 0. This trajectory is also used &, lision with the obst\
as the training data for UMIC. E osp collision with the obstale .
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(b) The desired state-varying stiffness (left) and its eqentl
time-varying stiffness computed based on the desiredctraje t (sec)

tory. (c) Behavior of the system in the presence of an unperceivedadbst

Fig. 15: Comparison between TVIC, SVIC, and UMIC in the presence afrgrerceived obstacle. Since both TVIC and SVIC relies arking a
time-indexed trajectory, they start applying a continlpirscreasing force after the collision with the obstaclethis example, this force reaches
a peak that is more than 10 times larger than what the robailysexerts in the absence of obstacle. In contrast, UMICtisya-invariant system
and thus when gets stuck behind the obstacle, it appliesstartdriow force based on the designed parameters. In thisgigawe usey = 20N,
and thus the applied force 2 N.

when the obstacle is cleared without imposing any large adurn, etc.), each of which can be modeled as a UMIC primi-
celeration. We would like to point out that depending on thetive.

task, the aforementioned behavior can be seen as a feattﬁ%
or shortcoming and thus it is up to the user to choose th
proper strategy based on the requirement of the task.

sponse to perturbationsFigure 16shows the behavior
6t all the three control policies when perturbed alongighe
axis. The perturbation imposes the velocitylet/s along
Motion Complexity: Both SVIC and TVIC are capable of the negativej-axis att = 0.2s. All the 3 controllers suc-
tracking a complex-shaped pattern as long as its stabdity ¢ cessfully recover from this perturbation and return to tee d
be ensured. Since UMIC tries to build a generic model ofired behavior. Thus, in this regard they all behave sityilar
the task as a time-invariant system, it imposes some corif the perturbation happens along the direction perpendicu
straints on the type of motion that can be modeled: the madar to the desired direction of motion. Note that the lower
tion should be clearly definable in the state-space. Moreispevalue ofr, in UMIC is due to its lower damping value com-
ically, UMIC cannot model any pattern that has self-intetise pared to TVIC and SVIC (recall that the damping values are
due to the ambiguity that arises at the intersection pointearned in UMIC).

Similarly, it cannot model cyclic patterns or those thatéav giapility analysis: Stability of both TVIC and SVIC need to
overlapping segments. One heuristic to model these typgg, ey ajuated based on the given desired trajectory. In gener
of motions is to decompose them into two or more segmentgis eyaluation is hard and requires thorough consideratio
and model each part with a separate UMIC model. Howeveghermore, it is a time-consuming process as one needs to
special consideration should be taken at switching betweefy,y the evaluation if the desired trajectory needs to be sig
the segments. Note that since UMIC is based on second Ofisicantly modified. Hence, this imposes a major limitation
der differential equa.mor.]s, the. continuity in velocity da@  ,, the applicability of TVIC and SVIC in dynamic tasks,
preserved at the switching points. where objects in the workspace may move and thus the robot
We would like to point out that UMIC is a primitive- needs to adapt accordingly. UMIC is by construction de-
based approach and should not be confused with path plasigned to be globally stable (i.e. bounded-input-bounded-
ning techniques. Primitives should be considered as Imgjldi output) as long as the continuity assumption is not violated
blocks from which more advanced robot tasks can be formeth all our experiments, with a control frequency equal or
(Schaal1999. For example, consider the task of lawn mow- greater thars00Hz, this assumption remained valid. This is
ing. Instead of modelling the lawn mower pattern as a singlen important feature as it ensures the task safety in the robo
primitive, this pattern should be decomposed into a set ofvorkspace instead of around a reference trajectory. To ob-
meaningful segments (e.g. straight line motion, 90 degredsin asymptotic stability at the target, we need to learn the
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UMIC parameters by solving two constrained convex opti- [ —— nominal motion —6— UMIC — % TVIC —%— SVIC
mization problems. Compared to TVIC and SVIC, thisisan  °®
additional step that needs to be taken.

: :
perturbation along y—axis

S S S
Adaptation to changing environments:The ability to adapt :’7 . w ‘ ‘ ‘
to changes in the environment is an important feature fo ~ © 02 o4 o6 08 ! 1.2
robots that are going to operate in uncontrolled workspace= AN &

In this regard, following a time-indexed trajectory impsse £ s "e”“'ba“"i / : : |
a great limitation on the robot, as this reference trajgctor = _;|

may not be adapted in realtime. In addition, even if the robo 0 02 o4 o6 08 ! 12
is equipped with a fast planning technique that could cre = zg
ate a new reference-trajectory on-the-fly, there are stiles 10}
concerns about stability of the variable impedance caletrol * o
around this reference trajectory (which is hard to veriBy). 0 02 04 . (‘;ZC) 08 ! 12
integrating motion generation and variable impedance cor-

. . . Fig. 16: Comparison between TVIC, SVIC, and UMIC when perturbed
trol, UMIC can adapt instantly to changes in the enVlron'along the direction perpendicular to the desired directibmotion.

ment by taking a new path to the target. In this example the desired direction of motion is alangxis and a
velocity perturbation ofim/s is applied along negatiyeaxis. All the
3 controllers successfully recover from this perturbatmal return to
7.2 UMIC vs. Trajectory Tracking the desired behavior.

The UMIC controller should not be confused with a track-
ing controller. Considering our toy example fitg. 156 if  yja-point approach, especially in the presence of multiple
the motion starts at = —0.6m, a tracking controller first gemonstrations.
pushes the robot towards the beginning of the reference tra-
jectory atx = —1m, trying to reproduce the whole desired
motion. In contrast, the UMIC controller just pushes the
robot towards the target point = 0 following the nom-  In all our experiments the origin of the reference coordinat
inal motion, ignoring a part of motion from = —1 to System.is attached to the target, Sé: 0. All the center
z = —0.6m. If it is important to exactly reproduce the de- points¢® as well as the robot motion are defined with respect
sired pattern, then we could place the origin of the framdO this frame. Such representation makes the parameters of
of reference at the initial point (instead of placing it oe th the control policy invariant to changes in the target positi
target). (Khansari-Zadeh and Billay@011). Furthermore, it simpli-
Furthermore, although a time-indexed trajectory can bd€S the notation and reduces the number of operations when
used as a reference trajectory to train UMIC, the centers ifOMputing the torque command withoutimposing any limi-
UMIC should not be misunderstood with points in a time-tation.
indexed trajectory. A point in a reference trajectory only
appears at a certain time in a time-space coordinates syé-4 Multiple Demonstrations
tem, and disappears after that, whereas the centers in UMICet us consider an example where the robot should follow a
are always present in a time-space coordinates though thejeshaped pattern (ségg. 179. The user could provide one
effect might be negligible due to the distance to the quenpr several demonstrations of this pattern; both can be used
point. to train the UMIC control policy. When providing several
Moreover, the centei in the UMIC are not via-points. demonstrations of the same pattern, the learning algorithm
By definition, a via-point imposes constraints on the robofinds a compromise across all the demonstrations, hence can
to pass through it. The time order of via points is also im-better handle the inevitable noise in each demonstratiow-H
portant and they cannot be skipped. Therefore, a via-poirgver, in this case none of the demonstrations is represent-
approach can be pictured as a set of overlapping funnelg)g the nominal motion, which could make it difficult for
in which the motion starts from one funnel and is guidedthe user to debug. Alternatively, one can generate a single
to the next funnel at the via-poinKbansari-Zadeh2012.  main demonstration out of the provided demonstrations, and
Hence, it is represented in the time-space coordinates syselely use that to train the UMIC controller. By doing so, we
tem. In UMIC, the motion is not forced to pass through thecould take the advantage of using several demonstrations to
centers even when high-stiffness is used. There is no éxplichandle the noise, while having a simple model that can be
time order for them and thus some of them may be skippedasily debugged. This procedure can be used when there
depending on the state of the robot. ConsideRitg 9, one  are several demonstrations of a single pattern that are suf-
can clearly distinguish the difference between UMIC and diciently close to each other.

7.3 Choice of Reference Frame
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with hard surfacesWolf and Hirzinger 2008. We would

like to point out that solely using a low-stiffness conteoll
does not guarantee human safety when the robot is operat-
ing at high speed. The peak impact force is a function of the
impact velocity and is larger than the steady-state contact
force (see for instancig. 149. Therefore, special consid-
eration should be taken if the robot is moving at high speeds,
and thus one should adopt a collision detection strategy and
appropriate reaction methods to ensure human salfttgl
dadin et al.2008.

(a) One or several demonstrations can be provided to train éespad-

tern.Right: When there are several demonstrations, it is easier to@and|

the noise-inherent in each demonstration. However, it iserddficult to

determine the nominal motion (in contrast to the single destration). 8 Related Work

demonaration ot of the provided several demonsiratins e tnat TS Paper ies at the intersection of four research cives

to train the UMIC controller. namely: potential fields, movement primitives, impedance

I control, and robot learning. IBections 8.10 8.3 we pro-

2 vide an overall account of research in the first three topics.

20 In Section 8.4we review in detail the most relevant work

1 to this paper, which in fact address the problem of learn-
1 ing potential fields, primitives, and/or (variable) impeda

controllers.

-10 / 8.1 Potential Fields
- 20 10 o 10 2 " The Potential field approach is one of the earliest works on
x (mm) feedback motion plannind<fatib, 1986). In this approach,

(b) When there are several demonstrations of multiple paitéraswe the robot is considered as a particle, and its workspace is de
generate a reference_ demonstration for each pattern (swatvblack  gcriped by a global potential function that its gradientigsi
cross), and then train the UMIC controller based on thesereete the robot to the target point. Mor ifically. the globm
demonstrations. In this example, theand the trapezoid patterns are € ,O 0 0_ € _a ge_ point. lviore speciiically, _eg o p_
provided with four and three demonstrations, respectively tential function is defined as a sum of an attractive poténtia
Fig. 17: Learning single and multiple patterns from demonstratitms funCt!on located at t_he target, and a set 9f rePUIS'Ve piatent
this example, the target point is shown by a black star, anwbdstra-  functions representing obstacles. The direction of theenov
tions are illustrated by red circles. ment (i.e. the gradient direction) is thus governed by ttie ne
force induced due to the presence of all these fields. Poten-

tial functions are subject to local minima, i.e. they cannot
When there are more than one patterns, we could crealg o re the target is always reachable.

a reference demonstration out of the corresponding demon- A potential function that is free from local minima is
strations of each pattern, and then use these referencmdem(ga”ed navigation functionRimon and Koditschek1992)

strations to train the controller. For examfg. 17bs_hov_vs Harmonic potential functionskgm and Khosla 1992 and
a controller composed of two patterns, each of whlch IS repg,st Marching SquaréSomez et al.2012 are two known
resented by a single refer.ence demonstratlop. In th!s eXarﬁ'avigation functions. Harmonic Potential functions are in
ple, theJ and the trapgzmd patterr!s are provided with fourSpired by the description of the dynamics of some physical
and three demonstrations, respectively. processes such as heat transfer or fluid flow. Despite ensur-
ing global convergence to the target, construction of actexa
7.5 On the Topic of Safety navigation function is limited to simple environments with
This paper approaches the topic of ‘safety’ through employebstacles of specific shapes. Approximate methods based on
ing a variable impedance strategy. In essence, the robet cordiscretized space overcome this limitation but at the cbst o
pliance plays an important role in enhancing safety to théeing computationally more expensigréck et al, 2008).
human userKishi et al, 2012 Wolf and Hirzingey 2008  Potential fields is a well studied research topic, and review
Zinn et al, 2004). Using low stiffness is especially helpful of all existing approaches is beyond the scope of this paper.
in regions where there is a large uncertainty in perceivindgn Section 8.4ve review the works that are related to this pa-
the environment and thus a high chance of collision withper, i.e. those that address the problem of learning patenti
unperceived objects. Compliance is also an adequate coufunctions. We refer interested readers khénsari-Zadeh
termeasure to protect the robot during rigid and fast ingpact2012 Koditschek 1989 for a more general overview of po-
tential fields approaches.
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8.2 Movement Primitives tracking impedance controller is present&hnesh et al.

To perform a wide variety of tasks in unstructured envi-(2019 describe an adaptive approach to guarantee stability
ronments, the idea of movement primitives has been inve&f their variable impedance controller. All these apprazch
tigated in robotics in the past two decad@llard et al, analyze stability for cases where the reference trajedsory
2008 Schaal 1999. Movement primitives in essence can fixed throughout the motion.
be seen as a basis from which more advanced robot tasks
can be formed by sequencing or superimposing them. Each4 Robot Learning
movement primitive codes a behavior (such as reaching for lanual programming of robot motions often requires a large
cup, swinging a golf club, etc.) with a set of autonomous olamount of engineering knowledge about both the task and
non-autonomous differential equatiori&llard et al, 2008 the robot and, above that, it can become particularly non-
ljspeert etal.2002 Khansari-Zadeh and Billar@011). These intuitive when dealing with high degrees of freedom robotic
techniques are often referred to as Dynamical System-basegstems or fulfilling requirements of complex tasks. Leagni
approaches since they directly define a robot motion witlhased approaches appear as a promising route to automate
a differential equation (as opposed to the potential fiekd apthis phase by having the robot actually learn how to perform
proaches that first define an energy function and then take desired task. Imitation learning and reinforcement learn
its gradient to generate the motion). ing are two well-known techniques to learn robot motions.
Among dynamical system approaches Dynamic MoveRobot learning has been used in various applications. $n thi
ment Primitives (DMP)lfspeert et al.2002 Muelling etal,  paper we solely review the works that are related to either
2013 Ude et al, 2010, Stable Estimator of Dynamical Sys- learning potential fields, primitives, or (variable) impede
tems Khansari-Zadeh and Billaycd2011) and its variants controllers.
(Khansari-Zadeh and Billay@012 2014, and Gaussian Mix-  Several approaches consider the problem of learning inmpeda
ture MethodsCalinon etal,2010a2011 Gribovskayaetal. parametersCohen and FlastL991) propose an impedance
2010 are noteworthy. The movement primitives approachesgearning strategy based on associative search network for
operate in ‘closed-loop’ and thus provide realtime adaptatasks in contact. They applied this approach on the task of
tion to changes in dynamic environments. The major bodyyiping a surface with unknown geometKim et al. (2010
of work in movement primitives has been focused on freeconsider an impedance control strategy based on a human
space motions and thus do not consider robot interactiomotor control theory, the equilibrium point control model,
with the environment. More recently, a few works aim to in- and use reinforcement learning to optimize the performance
troduce interaction control into movement primitives. $&e  of the task in contact.i et al. (2014 investigate impedance

works will be reviewed irSection 8.4 control for object manipulation at two levels of impedance
_ for stable grasping and impedance for object manipulation.
8.3 Variable Impedance Control They propose an imitation learning algorithm to learning th

Impedance controlHogan 1985 is one of the prominent desired object’s manipulation stiffness from human demon-
interaction control approaches, where the relationship bestration.Howard et al.(2013 present an inverse optimal
tween the manipulator position and contact force is relatedontrol to extract the objective of a demonstrated behavior
through tunable impedance parameters. Impedance contrimr a given task, and then use a reinforcement learning tech-
can be achieved from two directions: passively through-hardique to transfer the user impedance strategy to a variable
ware design or actively through the controller. In this pape impedance robot.
we focus on the problem of active impedance control. In To provide realtime adaptation to changes in dynamic
classical impedance control, the impedance properties (i.environments, a new body of research is directed at using
stiffness, damping, and mass matrices) are considered fixelde combination of variable impedance control with move-
throughout the task. Recent approaches employ a variabieent primitives. These works are also closest to this paper a
impedance control law with the aim to provide higher per-they deal with both motion generation and impedance con-
formance, efficiency, and human safeBapnesh etal2012  trol. Calinon et al(2010H propose an imitation learning ap-
Kronander and Billard2013 Mitrovic et al., 2011). proach to model robot motions with dynamical systems and
Stability analysis of variable impedance control is non-formulate the stiffness matrix to be inversely proportiona
trivial and is only evaluated in a few works. Iirgrraguti  to the observed covariance in the demonstrations. A similar
et al, 2013, a passivity-based approach is proposed to enformulation is used inkormushev et a.2010 with the dif-
sure stability of a time-varying impedance controller.§hi ference thatthe impedance parameters are estimated throug
method evaluates the power balance of the robot and ensuraseinforcement learning approach (as opposed to learning
that the amount of energy pumped into the system is alwaysom demonstrations)Stulp et al.(2012 andBuchli et al.
less than the dissipated energy, and thus the system remai211) also take a reinforcement learning approach to esti-
passive. Inllee and Bus2008), stability analysis of aforce mate the variable impedance control law for a given task.
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Despite the importance of ensuring stability of the systentroller without sacrificing accuracy in reaching the finaigo
(especially when robots must perform tasks in dynamicallyin addition, we proposed a learning algorithm based on solv-
changing environments or in the vicinity of humans), ex-ing two convex-quadratic optimizations to build an estienat
isting works either do not perform such stability analysisof UMIC from human demonstrations. UMIC is non-parametric
(Calinon et al.2010h Kronander and Billardl2013 oronly  and is capable of encoding complex behaviors. Furthermore,
evaluate it numerically along a particular desired trajgct it has guaranteed stability in contact with passive environ
using reinforcement learning techniques (i.e. considgdon  ments, and is computationally fast for implementation on
cal stability) Buchli et al, 2011 Kormushev et a.201Q  robots.
Stulp et al, 2012. We evaluated the performance of our learning algorithm
The research in learning potential fields has been mostlgn a library of human handwriting motions and on the 7-
focused on mobile navigatioomez et al(2012 propose DOF KUKA LWR arm. We showed that our controller is
an imitation learning algorithm to build a potential furmeti  capable of encoding complex patterns as long as they can
represented by Fast Marching Square, from a set of humare disambiguately defined in the state space. In the robot
demonstrations. They evaluate their approach on a set ekperiment we considered a worst-case scenario in which
2D examples, with special focus on mobile navigati®ipe  the robot can only sense the target position, hence no obsta-
(2000 considers the problem of autonomously acquiring acle avoidance or evasive strategy can be performed to avoid
2D potential field with the goal to represent a cognitive mapcollision with human and other objects in the environment.
They use radial basis function neural networks to store th&hrough this experiment we highlighted the capability of
explored mapHoward et al.(2010 present an approach to our controller to safely execute the task and preciselytreac
learn a potential function from a set of constrained motionghe target point if it is feasible. Furthermore, we showeat th
with the aim to generalize across different constraint® Thdespite unifying motion generation and variable impedance
main difference between the proposed approach and thesentrol, our controller still allows customizing each beha
works is that UMIC can additionally encapsulate explicitin ior (i.e. motion or interaction) separately.
formation on the robot’s interaction properties, i.e.fess We also provided a comparison between UMIC and two
and damping matrices, in the potential function. In othercommonly used active variable impedance control techisique
words, our approach presents a potential field that could advghlighting the pros and cons of our approaches compared
count for both the robot motion and its interaction with theto these methods. Our approach outperforms these teclsnique
environment. Apart from this major difference, UMIC could with the ability to adapt to changing environments as well
encode the task dynamics (i.e. following a specific velocas providing a better safety margin in collision with unper-
ity profile) by learning damping parameters; an importaniceived objects. Future works are directed at extending our
feature which allows to generate more-natural looking mocontroller to perform tooling and assembly tasks, where ad-
tions that truly replicates the desired motion (as showhént ditional constraints need to be considered to successily
demonstration). Furthermore, the proposed controllenall  ecute the task.
to represent complex-shaped potential functions without a
need to discretize the state space. The computational com-
plexity of UMIC scales linearly with dimension, hence can Acknowledgments
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where H € R7*7 is a symmetric positive semi-definite mattjx B Stability Proof

C e RTXT andG € R4XT are full rank matricesh € R7 , g € R,
andhy is a scalar independent &f.

In this appendix, we provide the formulation to compute the c
efficients of this quadratic optimization function as givanEq. (20)
The first step to reach our goal is to transform the terRi®(¢7; ©)

For a manipulator withl generalized degrees of freedgve R?, the
robot dynamics (whether in operational or joint space) camdpre-
sented byKhatib, 1995 Ott, 2008 Siciliano et al, 2009:

into the form A¢@ + bi, where A’ € R4XT andb € R Letus M (§E+ C(£,€)E+g(€) =T + Tear (26)
define: .
where M (¢) € R4*4 is the inertia matrixC (¢, €) € R?*4 s the
o O EYH & Coriolis/centrifugal matrixg (&) is the gravitational forcer represents
no= (ok)2 (€ —¢%) (218)  the actuators generalized force, and,: is the external generalized
- force applied to the robot by the environment.
i Z (21b) Similarly to an impedance controller, the actuators gedize
p= —= n' force in our control setting is composed of two terms: thevigaéional

1* termg(&) to compensate for the weight of the robot and the controller

vtk = 5( — T gk(g —¢F) (21c) term. to perform the task:

then we have: =7+ g(€) (27)

At = [ ool o T -7 (€Y)p] (22a) To verify stability of UMIC, we use the following definitionfo
passivity, taken from§lotine and Lj 1991):

Zv““ gk (vl 4 ShE - €h)  @2d) . .
Definition 1 A system with input efforty and output flowy is passive
if it satisfies:

The desired gradient for thieth data point is also given by’ (see
Section 4. To account for all the points in the data set, we concagnat V=oTy—n 28)
the matricesA?, vectorsb® and~? into a bigger matrixdA € R74x7T =vy
and vectord € R7 andy € R7*: for some lower bounded scalar functiovisandn > 0.
A=[AHT . (AT (23a) In our setting, the effort is.. and the flow is¢. To ensure pas-
b= [bl o bT] T (23b) sivity/stability of our controller, we define the followirgandidate Lya-

. punov function:

y=MN - A7 (23¢)

. 1. .
Then we could obtain the equivalent®f|. (13a)in the quadratic V (£,€) = ®(&) + —£T M (¢)€ (29)
form 20T HO + hT O + ho: 2

Taking the time-derivative o (¢, é) yields:

H=24"A (24a)
h=2AT(b—~) (24b) o - - R .
ho = (b— )" (b—~) (2ae) V(€ =ETVR(E) +ETM©E+ ETM(E E)é (30)
The matrixC in Eqg. (20b)can be computed by: The termM (£)£ can be obtained by rearrangifg;. (26)
-1 i=j - »
cij =<1 i=4—1,1 $ 0 (25) M(ﬁ)&*‘r—"T&It _C(gvﬁ)g_g(g) (31)
0 otherwise Furthermore fronEgs. (1)and(27), we haver = 7. + g(§) =

—Vo(E)— u'/(s 5) +g(&). ConS|der|ng this and the skew-symmetric

whereC?% refers to the component in theth row andj-th column of propertyM(£ 5) —2C(¢, 5) Eq. (31)can be simplified to:
C, and{? is the set of indices that corresponds to the last point df eac

demonstration trajectory. V(&) =—ETw(E,€) — T rem
The matrixG and vectow in Eq. (20c)are in fact equal ttd 7 and - . N
—b7T, respectively. This is due to the fact that the last pointaxhe -£ <Zwl(€)Dl)€ +€ Teat

demonstration trajectory is in fact the target point, hefiée = £*.
Note that as we hav trajectories, we could use any of theé avail-
able A® andb?, i € (2 to obtainG and vectorg. Here for simplicity . .
we use the last point of the last trajectory which by consibachas =—n(&8) + € Tewr (32)
the indexT7 .

n(¢,6)>0

Note thatn (&, é) > 0 becauseD? are positive definite matrices
5 Note that depending on the value of, the matrix I may have ~ and by construction*(§) > 0. Hence, followingDefinition 1, UMIC

one or more small eigenvalues: (10~ 19). Their associated eigen- Yields a passive map from the external generalized fordestoelocity

vectors correspond to indifference to shift@ hence there could be  ©f the manipulator.

infinite equally optimal solutions. Among these solutiows, choose

the one with minimum norm.
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