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Abstract—While operational space control is of essential im- as all these terms are not observable and are therefore not

portance for robotics and well-understood from an analyti@l  suitable for formulating supervised learning as tradibyn
point of view, it can be prohibitively hard to achieve accurae used in learning control approaches [5].

control in face of modeling errors, which are inevitable in In this paper. we will suaaest a novel approach to learnin
complex robots, e.g., humanoid robots. In such cases, ledng paper, 99 PP 9

control methods can offer an interesting alternative to aniytical ©Operational space control that avoids extracting suciettred
control algorithms. However, the resulting learning problem is knowledge, and rather aims at learning the operationalespac
ill-defined as it requires to learn an inverse mapping of a control law directly. To develop our approach, we will prede
usually redundant system, which is well known to suffer from ;¢ foliows: rstly, we will review operational space contro

the property of non-convexity of the solution space, i.e., e and discuss where learning can be bene cial. Secondly, we
learning system could generate motor commands that try to 9 ) Y

steer the robot into physically impossible configurationsA first ~ Will pose operational space control as a learning problech an
important insight for this paper is that, nevertheless, a plysically discuss why standard learning techniques cannot be applied
correct solution to the inverse problem does exit when leating  straightforwardly. Using the alternative understandifigop-

of the inverse map is performed in a suitable piecewise linga grational space control as an optimal control technique, we

way. The second crucial component for our work is based on reformulate it as an immediate reward reinforcement leayrni
a recent insight that many operational space controllers ca be ey

understood in terms of a constraint optimal control problem.  Of pQ“Cy search problem and suggest novel a|90rithm§ for
The cost function associated with this optimal control protlem learning some of the most standard types of operational
allows us to formulate a learning algorithm that automaticdly  space control laws. These new techniques are evaluated on

synthesizes a globally consistent desired resolution ofdendancy 5 gimulated three degree-of-freedom robot arm.
while learning the operational space controller. From the vew

of machine learning, the learning problem corresponds to a A. Notation and Remarks

reinforcement learning problem that maximizes an immediae . .
reward and that employs an expectation-maximization polig Throughout this paper, we assume the standard rigid body

search algorithm. Evaluations on a three degrees of freedom Model for the description of the robot, i.e.,
robot arm illustrate the feasibility of the suggested apprach. M (q)a + C(q: 9+ G(q)+ £(q; 9 = u; 1)

. INTRODUCTION whereq, g@ [CR" denote the joint coordinates, veloci-

Operational space control is one of the most elegant r{jtgs)e_s and accelerations of the robot, respectively. Theuesq

proaches to task control due to its potential for dyna enerated by the motors of the robot, also referred to as

. . . i [ RI".
ically consistent control, compliant control, force catr motor commands, are given oy LRF". FurthermoreM (q)

hierarchical control, and many other favorable propartie%enOtes the inertia tensor or mass maidxd; g the Coriolis

with applications from end-effector control of manipuliato and centripetal forces (q) is gravity ande (q; g denotes

. : . .unmodeled nonlinearities.
[1], [2] up to balancing and gait execution for humanoi . : .
: In operational space control, we intend to execute trajecto
robots [3]. If the robot model is accurately known, oper-

. : T _ries or forces! given in the coordinate system of the actual
ational space control is well-understood yielding a varie . . )
. . ) . : : ask. A well-studied example is a manipulator robot arm wher
of different solution alternatives, including resolveainn o . .
! position and orientation of the end-effector are contrbltH],
rate control, resolved-acceleration control, and foraseul ) . L .
[2]; however, a variety of further applications exist, sashthe

control [.4]' Hoyvever, pgrtlcularly i compha_nt (i.e., logain) control of the center of gravity for balancing legged robots
control is desired, as in many new robotic systems that ar

) . AVhich can also be thought of as operational space control [3]
supposed to operate safely in human environments, OpIE'mmoPosition and orientation [RIM of the controlled element of

space control becomes increasingly dif cult in the PreEeNG. - oot in task-space, e.g., the end-effector, is givethby
of unmodeled nonlinearities, leading to reduced accuracy 9 P '

) -~ .77 forward kinematicsx = f; i . The derivatives yield
even unpredictable and unstable null-space behavior in %16 . inematics( ) . y
. : . . oth velocity and acceleration in task space, i.e.,

robot system. As a potential solution to this problem, leagn

control methods seem to be promising. But learning methods x=J(q)gx =J(q)a +1(q) g (2)
.do noctj_e_asn); prowdg thelhlghly Strucwrle(lj knovyledg;e_r ! 1in the more general case, the hybrid creation of forces ik ¢pace while
!n tr"f‘ |t|0na_ operationa spgce cor_1tro aws, 1.e., . a@of), following a desired trajectory needs to be included. Forpiicity, we will
inertia matrices, and Coriolis/centripetal and gravityc&s, omit such kind of tasks in this paper.



whereJ (q) = dfinematics(q) =dq denotes the Jacobian. We ! /\/“v\ T
assume that the robot is in general redundant, i.e., it has mo < 051 J \’\ - = -Nem?
degrees of freedom than required for the task or, equivglent 5 0 \\.\ J
n=>m. ® o5 \ /
\ A~
B A2V
B. Operational Space Control as an Optimal Control Problem | o 02 o2 o5 o8 1

Time t

(a) Prismatic 2-dof robot (b) End-effector position (all trajecto-

Using the framework of trajectory tracking as an ex- ries coincide almost perfectly with the

ample, the general problem in operational space cdntrol refrence trajectoryx

can be described as follows: generate a control law= 1 — 1 . _

fcontrol (0 G Xd; X1¢ ) Which controls the robot along a joint I PN Nt el ¢ ol — Nt

space trajectorg (t) ; g(t) (t) such that the controlled element & | _/ N N P2 el =

(e.g., the end-effector) follows a desired trajectory iskta § °[ =~~~ "\ 7~ - g ° \\ i

spacexq (t) ; xg (t) ¢ 4 (t). This problem has been thoroughly “ s S ® s RSl

discussed since the late 1980s (e.g., [1], [2]) and, among | . ST

others, has resulted in a class of well-known control laws [4 0o 02 o4 06 08 1 0 02 04 06 08 1

As an important new insight into operational space control (c) Joint positiona (d) Joint positiona

it was recently discovered [6], that many of the suggested

controllgrs in t_hg Iltgrature can be_ derived as the soluiba Fig. 1. When applied to the prismatic robot from Example Lvshon

constraint optimization problem given by (a), the three control laws for the metrité = | (dashed-dot red lines),
) N = M 1 (solid green)N = M 2 (dashed blue) result in (b) the same

min Co (u) = u"™Nu s.t. B =% — 1g; (3) task-space tracking but (c,d) very different joint-spacbadvior. See Example

u 1 for more information.

whereN denotes a positive de nite metric that weights the

contribution of the motor commands to the cost funCtior(]:’ases additional controls which do not affect the tasks per
anche rer = a () + K (3 (1) — X(D)+ K p(xa (t) —x (1) ’ g

. . i formance but ensure a favorable joint-space behavior need
denotes a reference attractor in task space with gain raatrl? . : . o
. ; . to be included. From the point of view of the optimiza-
Kg and K. The resulting control laws or solution of thlstion framework. we would select a nominal control |
optimization problem obey the general form [6] T any
(e.g., a force which pulls the robot towards a rest posture
u=N Y2(OM N Y2)*6e i —Jdg+ IM F); (4) Uo= —Kpd—Kp(q—dres)), and then solve the constraint

. ~ optimization problem
with F(q, 9)=C (q; 9+ G (q9)+ €(q; 9, and the notation

D* de ning the pseudo inverse of a matrix such thatD =~ MiNC1(u) =(u—uo) N (U —Uo) S.t. It =% rer —1G
I, DD™* = I, and with the matrix rootD'/2 de ned as (6)
DY¥?D12=D. whereu; = U —ug as the task-space control component. The

For example, the resolved-acceleration controller of Hsu general solution is given by
al. [2] (without null space optimization) is the result ofingg _ 1/2 1N 1/2y+ _ 1
the metricN = M 2, which yieldsu = MJ T ¢e &s—J1q)+ F, usN TEOMN T TR e — g+ M TF) ()
and corresponds to a cascade of an inverse dynamics and ant N 2(1 = (N ¥?M 12)(IM N Y2)")N2uq;
inverse klnematlcs antrol law. Another example is I_(hatlb‘where the second summand ful Il the nominal control lay
formulanlon of operatlonal_space control [1], determingd b, the null-space of the rst term. When having more than
the metricN = M * and given by two tasks, these can be nested in a similar fashion leading to

U= JTAM 1T Lgerer— g+ IM 1F): 5) @ general framewo_rk of hi_erarchical task control _[3], [6].
Example 1: An illustrative example of operational space

Khatib's solution is special as the meti¢ = M ! is the control is tracking the end-effector position= g1 + g, of a
only metric which generated torques that correspond to thasmatic robot with two parallel links with joint positiem;,
ones created by a physical contraint pulling the robot atbeg ¢,, see Figure 1. The mass matrix will B = diag (mj; 0)+
trajectory [6], [7], i.e., it is the metric used by natureaating m,1 with massean; = m,; = 1 and 1 denoting a matrix
to Gauss' principle [7], [8] and it is invariant under changfe with all coef cients equal to one. The internal forces are
joint coordinates [9]. Other metrics suchlds= const can be F =0, the Jacobian is) = [1;1]" and its derivativel = 0.
used to distribute the required forces differently, e.gchsthat If no joint-space control law is selected, i.eip = 0, the
stronger motors get a higher portion of the generated foragsntrol law in the form of Equation (4) for executing the
[6]. task Xret = ®g + Kg(Xg —X) + Ky (Xg —x) would result

Even when achieving the task perfectly, the joint-spadeto unstable behavior for most metrid¢é. When adding a
trajectories can result into unfavorable postures or esant-j ug = —K p g— K pq pulling the robot towardrest = O,
space instability (see Example 1 below). For handling suele obtain stable tracking with very different propertiescas



be observed in Figure 1: (i) metritdl = | will result into 2 TR RN N il
the second link tracking the end-effector and the null-spac ~ |« & R
component stabilizing the rst link, (i) metrisl = M * will 3 ! e ) f,jj'f’ z !
distribute the task on both links evenly and have the null-& ol @ L YR 5 .
space component decouple the two links, while (iii) metric§ | ® 7 AN o® §
N = M 2 simply minimizes the squared acceleration. g7 S@ N g
We will use this simple robot example (Example 1) to = et N =
illustrate various other issues below as it allows easyyical B $oo N
understanding and graphical visualizations. 2 comomand u 11 2 - Motor command u
C. Why should we learn Operational Space Control? (a) Unweighted datasets (b) Reward weighted datasets

When an accurate analytical model of the robot is available

and its parameters can be well-estimated operationalespﬁ' . 2. This gure illustrates how (a) different data setsutt in different
! solutions if each data point is treated with equal imporattbe blue dash-

control laws can be highly successful [1], [3], [4]. HoweVelgot jine corresponds to the blue diamonds and the red dashedd the

in many new complex robotic systems, e.g., humanoid robotsy circles). If these data points are (b) weighted qowngJﬂ_iTe Gaussian
space robots, etc., accurate analytical models of the rolﬁ%”‘tt function (here indicated with the metiic = M = as solid thin black
. . . ines) the solutions of different data sets will considieapproximate optimal
dynamics are not available due to signi cant depatures frogiutions shown in the solid cyan line. While for the lineaismatic robot
idealized theoretical models such as rigid body dynamios. Fone could live with any solution in (a), different local sténs have to create
instance, in our experience with anthropomorphic robats, U2 consistent global _solgtlon for nonlln_ear robots. TheZwnial faintly d_otted
. I|nes in (a) and (b) indicate contour lines of equal taskespacceleration.

modeled nonlinear effects were caused by complex hydraulic

actuator dynamics, hydraulic hoses and cable bundlesdoute

along the light weight structure of the robot as well as c@rpl yrajectories in joint-space, which were to be executed by a
friction effects. Trying to model such nonlinearities islitfie  given joint-space control law. The combination of a learned
use due to the lack of generality of such an approach, apgerse kinematics and a learned inverse dynamics coeiroll
the daunting task of deriving useful models for the unknown o), [13], [14] can only be found occasionally in the litasee.
effects. To the best of our knowledge, full operational space control

Example 2: In the prismatic robot from Example 1, alreadpaws with redundancy have not been addressed by general
small unmodeled nonlinearities can have a drastic efféthd learning approaches to date.

estimated mass matrix of the robét = diag (m3;0) + my1
just differs from the truéM by M1, — Nl15 = Myy — N1y = A. Can Operational Space Control be learned?
0:5sin (g1 + ¢2), e.g., through unmodeled properties of cables, Learning operational space control is equivalent to olrigin
then the resulting control law will result in unstable anda mappingq; g ref) - U from sampled data using a function
unpredictable null-space behavior despite that accuratkt approximator. However, as the dimensionality of the task-
space tracking is theoretically still possible. On a reaypital space reference trajectoeyes is lower than the one of motor
system, excessive null space behavior saturates the maftorsommandu, there are in nitely many solutions far for most
the robot, such that also task space tracking degrades, lamd joint positionsq, and joint velocitiesg For the illustrative
entire control system goes unstable. linear case in Example 2 without a null-space componery, thi
Example 2 demonstrates how a small modeling error derapping corresponds to a line in the plane of possible cbntro
creases the performance of the operational control law alagvs as shown by the two lines in Figure 2(a).
can result in joint-space instability even for simple rabdior A major problem arises in the case of a robot with rotary
light-weight robot arms or full-body humanoid robots, sucfoints as the motor commandsachieving the same reference
problems become even more frequent and dif cult to copecceleratior s are no longer form a convex set, a problem
with. Traditionally, this problem is be xed by the engineerrst described in the context of learning inverse kinemat-
improving the approximation the plant by hand; however, facs [11], [14]. Thus, when learning the inverse mapping
operational space control of low-gain controlled lightigle (g; g f) — U, the learning algorithm will average over
robots which are hard to model, learning is a promising novehconnected sets of the solutions which can result in idvali
alternative and will be discussed in Section II. solutions to the learning problem. Therefore, the learning
problem is ill-conditioned such that directly learning rimo
samples with supervised learning techniques is not seitabl
Nevertheless, the convexity issues can be resolved by
Learning operational space control with redundant manipemploying a spatially localized supervised learning syste
lators is largely an unexplored problem and the literatuas hwhich, in our case, needs to spatially localized based oh bot
only few related examples. Among those, learning appraacheint space position and velocity — such an approach was rst
to task level control focussed mostly on an inverse kinemaittroduced in the context of inverse kinematics learning][1
ics end-effector control [10]-[14], i.e., learning an inse [14]. The feasibility of this idea can be demonstrated simpl
kinematics mapping, in order to create appropriate refexerby averaging over the combination of Equations (2) and (1)

II. LEARNING METHODS FOROPERATIONAL SPACE
CONTROL



which yields that by averaging over the exact same spatBl Combining the Local Controllers and Ensuring Consistent

positionq, and velocity g we have Resolution of Redundancy
— D 1 E In order to control a robot with these local control laws,
* = BF M “(u+ F)+ g (8) they need to be combined into a consistent global contral law
=JM 'm+FE@F dg=IM 1@+ F)+ lq The combination is given by a weighted average [15]:
P n i . T. AT, i
i.e., in the vicinity of samay, g a particulase will always = _i=Yh (4 9B rert 975 1B (12)

icularr? mawi(ag
correspond to exactly one particular <. Therefore, locally i=1 '

linear controllers i . e
where each control Iawb(q; ¢ ref) IS just valid in its local

region computed bw' (q; g, andB' are the parameters of
each local operational space control law.
However, while the mapping$|; g»* ref) — U can properly

u' = cl(a; o rer) = Dt e 07 11BY; 9)

can be used if they are only active in a region arognd (note : :
that we added constant input in Equation (9) to account f F Iea(;netél Iocall_y mh the Seghborhood (r)]f SO due to
the intercept of a linear function). From a control engiiegr the redundancy in the robotic system, there IS no guarantee

point of view, this argument corresponds to the insight tthat {;\cross Fhe local m_applngs the same type of squ.tlon IS
when we can linearize the plant in a certain region, we can qu_|red. This prot_)lgm is due t_o the d_epe_ndence of the iavers
a local control law in that region by treating the plant agéin solution on the training data distribution in each local mlod
and, in general, linear system do not have the problem —fi.e., different distributions will pick different solutns for

non-convexity of the solution space when learning an irever 1€ INVErs€ mapping from the in nity of posslble INVETSes. I
function. Figure 2 (a), we demonstrate this effect. While this probiem

Next we need to address how to nd an appropriate piecgpt devastating for the prismatic robot from Example 1, it is

o N . . results in severe problems for any nonlinear robot reqgirin
wise linearization for the locally linear controllers. Ftris : : ) :

; . multiple, consistent linear models. There are two différen

purpose, we learn a locally linear forward or predictor mode . ) L

approaches to tackling such problems: (1) by biasing the

system towards using a pre-processed data set such that it ca

only produce one particular inverse solution [14], and () b

incorporating a cost/reward function in order to favor aaier

Learning this forward model is a standard supervised legrni . - . ) .
problem, as the mapping is guaranteed to be a proper functigwd of solution (an example which will be discussed lated an

A method of learning such a forward model that automatically Shg_‘”” t';'glljre 2 _(b))' Trle rst a%p:ﬁaf?hla?kskg_ener?l|t§l an |
also learns a local linearization is Locally Weighted Pceje an bias the learning system such that the 1askis not psoper

tion Regression (LWPR) [15], a fast online learning metho%ccompllshed anymore. The major shortcoming of the second

which scales into high-dimensions, has been used for ieVef';\spproach is that the choice of the cost/reward function is in

dynamics control of humanoid robots, and can automatica rllleraltﬂonl-tnwaldano: (tj_etermmes the learning algorithsn
determine the number of local models that are needed t§ has € .elarne sotion. di incinled h
represent the function. The membership to a local model jsThe crucial component to nding a principled approac

determined by a weight generated from a Gaussian kernelt© this inconsistency problem is based on the discussion in
Section I-B and previous work [6]. Operational space cdntro

) 1 T ' can be seen as a constrained optimization problem with a cost
w'(gq, g)=exp = a _ ci D' a _ Ci function given in Equation (3). Thus, the cost function lshse
2 = = approach for the creation of a consistent set of local ctlatso
(11) for operational space control can be based on this insidtg. T

cent(_ered atc; in (g, g)-spacg, .and shgped .by. a d'Star.]CSost function can be turned into a immediate rewa(d) by
metric Dj. For a closer description of this statistical Iearnlngunning it through an exponential function:

algorithm see [15].
For each local forward model created by LWPR, we au-r(u)= exp —0:5 ?C;(u) = exp — ZUINU 1]
tomatically create a local controller. This approach ofrpai
wise combining predictors and controllers is related by thehere is a scaling factor and the task space commane
MOSAIC architecture [16] where the quality of predicting a1 — ug can be computed using a desired null-space behavior
task is used for selecting which local controller should beds ug (e.g., pulling towards a rest posture as discussed in $ectio
for the task. I-B). The scaling factor does not affect the optimality of a
solutionu as it acts as a monotonic transformation in this cost
2Note, that the localization in velocityy can be dropped for a pure rigid function. However, it can increase the ef ciency of the ldag
body formulation as it is linear in thejg; for all degrees of freedorlj ;  algorithm signi cantly when only sparse data is available
this, however, is not necessarily desirable as it will add mguts to the local . . . . .
for learning (i.e., as for most interesting robots as thehhig

regression problem which grows quadratically with the neamif degrees of '~ : ' _
freedom. dimensional action spaces of complex robots will hardlyreve

#'=pgla; gu)=[ d;uT; 1B (10)



be lled densely with data) These local rewards allow us the Algorithm:_Learning for Operat'onal Skpace Control
. ’ . . 1 for each new data pointje K rep d oK;uK]
ref_ormulatlon of our.Iearnlng problem as .&nmed.late rewa(d 2 Add (q; gu) —» to the forward model regression.
reinforcement learning problefi8], as will be discussed in| 3 Determine the current number of modelsand
Section 1I-C. localizations of the forward models’ (q; g) ~
. .. .4 Compute desired null- space behayuﬁ =f gk gk
We are now in the position to formulate a supervisgd K _ K KZ kK
. . . 5 Compute costE 1 N q u with uf = u* —ug.
learning algorlthm_for_the Iocal_operauonal space cont&rsl_ 6 For each modeli =1:2:::::n
The task constraint in Equation (3) as well as the rigid Update mean cost: . . . .
body dynamics in Equation (1) are automatically fullled 7 2= " K wk ghydh ck TR wk g o
by all data sampled from the real robot similar to a self- Compute reward: - 2 -
supervised learning problem. Therefore, for learning twal | & r(u= jexp —05 {C;f
. . . Add data point to Welghted regressmn so that:
operational space controllers, we have obtained a loceatin| o =L gl
. . . L T ored
regression problem where we attempt to learn primarily fropuo Ui=u' ~ ~ - -
the observed motor command& which also have a high| 11 W =diag r ut whiir (um)wn
rewardr(u¥) within each active local modef, (g¥; d<pe K.). Perform policy update by regression
N L B ref 12 Ber = TW TWU ;

An intuitive solution is to use reward-weighted regressian, | ;3 end
nd the solution which minimizes 14 end

XN ) TABLE |

ruw g% d¢ uk- ref ,d<T 1][3' - min; THIS TABLE SHOWS THE COMPLETE LEARNING ALGORITHM FOR
k=1 (13) OPERATIONAL SPACE CONTROL. SEE TEXT OF DETAILED EXPLANATIONS.

for each controllei. The solution to this problem is the well-

known weighted regression formula: o
the parameters of the local controllers such that we mirémiz

Twu ; (14) the expected return
z

with rows in the matrices andU : ¢ = [x cdoT ), _ _ ) _
Uk = ukT andW; = r ut w(q'; d). Wherﬁf employing Ji()= ()T (u)du =
this reward-weighted regression solution, we will coneer
to a globally consistent solution across all local conél

The learning algorithm is shown in Table | together with an
additional component derived in Section 1I-C. Note thas thi
step was only possible due to the essential cost function'in

= Tw

Kor uk (15)

i u
k=1
gof the immediate reward (hence the state variaiplepe ref
are dropped from the equation while implicitly present)isTh
maximization is not directly possible, however, we can maxi

|ze the lower bound of thiegJ ( ) transformation, i.e.,

Equation (6) from our previous work. X i uk k

auation © P ogd()=log g uk it (16)
C. Rephrased as a Reinforcement Learning Problem k=1

Originally, we derived this algorithm from a weighted 2)(\‘ q uX log— u rouk (17)
regression point of view. However, this point of view is not K1 q(uk) '
completely satisfying as it still has the open parametér N
which determines the speed of convergence of the learning = q uk log ; uk +logr uk +; (18)
controllers. An alternative view point, i.e., in the franeak of —1
reinforcement learning, allows deriving the previous aildpon r {7 }
together with a computation rule for> by employing an @ (B.07)

approach similar to the one suggest in Dayan & Hinton [18vhere" denotes the terms which do not depend on the local
For this purpose, we assume that we have a sampling processtrollers' parameter' or the open parameter?; we set

or sampling policy~(u), e.g., the robot moving along 5-thq uk = ~(u)r(u)w'(q; 9 as in [18] as xed sampling.
order polynomial trajectories in joint space towards ranjo This yields the two steps of an expectation-maximization
chosen joint-space targets by employing a simple PD cdetrolalgorithm, i.e., computin®@ B'; ? and the maximizing the

in joint space. Additionally, we have local stochastic ¢oht lower bound by maximizingQ B'; ? . The maximization
policies given by, e.g.,i(u) = N u pel d ;1B ', step[Bi, 7 = argmaxp s Q(B; "2) can be obtained by
where N denotes a normal distribution. For simplicity, Wesettmg@Q(B n2)= @Q 0 and@Q(B A2)=@ ~2 =0, which
assume that the varianceof the normal distribution is xed yields both Equation (14) and a rule for esUmatm,%; ie.,

in this paper, but it could be included in the algorithm below N _— Kook

the exact same way . Under this setup, we want to adjust 2_ _k=0W 9% g uf TN q U1, (19)

1 N
k=1 W' (g% )
3The reward has to be seen in the light of the relationship &atwthe Thi le i isinglv i L. d h . .
Gaussian distribution and Gauss' principle for constrdin®tion as suggested IS rule Is surprisingly intuitive an as signi cant Impo

already by Carl-Friedrich Gauss in his original work [17]. tance as it decreases the sensitivity of the learning psoces




towards regions with too sparse data. Note, that this digiva
can also be understood as minimizing the Kullback-Leibler
distanceD(rGiz (u)gq(u); i(u)) with respect toB; and 2,
which is similar to the weighted regression point of vieweTh
complete algorithm is shown in Table I.

Position X,

-0.1
D. An Outlook on Future Work: Using Intertia-based Metrics

without having the Mass Matrix 02
In order to learn several important control laws known 03
from analytical robotics, e.g., Khatib-Gauss [1] and HBMI ¢
Control Laws [2], our learning algorithm needs to be modi ed o \\% o tons,
in order to be able to compute the appropriate rewards. In \ ’
Section II-C, we have assumed that the rewafd;q) = \

exp —uTN (q)u can be computed without dif culty which
is the case, e.g., faX (q) = const. However, this is not the Fig. 3. We consider a three degrees of freedom, rotary rafmotrécking

case for metrics in the forid (q) = M " (q) as these require control for the experiments. The units are meters and, feltended, the
. . ! robot arm extends td m length
the exact determination of the expensive and error-prone

inertia tensor. Therefore, when trying to learn an operatio 3DoF: Task Space
space controller with this kind of a metric, we would run /N N\
into the same kind of dif culties as analytical approaches 016 / \ / \
with modeling errors, or, at least, learn a different cohtro 0.14(/ \ /,/ \
law, which does not fully realize the interesting propestie | N/ \
of the desired control law, e.g., the Khatib-Gauss control o \ / \
law. Nevertheless, through a reformulation of the learning § 01 )( ‘
problem, we can compute the reward without explicitly using & 008 / \ r
the inertia tensor when employing a forward-inverse madgli '\ / \ |
approach similar to [16]. For this reformulation, we realiz 0.061| / \\ /
from Equation (1) that ool \ // \ /
N/ N/
M 1u1 =¢—M 1(F+ Uo) =@ —0p (d; guo) =& ; (20) 0.;14 046 048 05 052 0.5; 056
0S| IE)I‘I)(1

where@ = gg(qg; gu) denotes a learned forward model

(or predictor) which predicts acceleration for a given nnoto ) ] o
Fig. 4 This gure shows both the analytical controller (@lsolid in

Cqmmandu at the jOII’.It positionsy and \./eloc[tlesg Using backgr.ound) and the learned controller (green dashed)taBkespace tracking
this motor command induced acceleration differef®e we of the learned controller is perfect and can barely be diffefrom the

can determine the rewards for Khatib-Gauss and Hsu-IDafalytically obtained optimal solution.
control laws by

rk (u) =exp(—uiM 'uy) =exp(—ujd); (21)  The goal of the experiment is to learn how to track oper-
ry(u) =exp(—uiM 2uj) =exp(—& '&); (22) ational space trajectories in a limited part of the workspac
i.e., when the end-effector is in the rectangle of horizbsitie
respectively. This approach has been tested successfullyeo |ength of30cm a vertical side length 020 cmand a center
prismatic robot. atx =50cm andy = 10cm. It can be easily veri ed that in
this region the robot dynamics is highly nonlinear, patacky

I11. EVALUATIONS !
- . at higher speeds of the robot.
In order to demonstrate the feasibility of our learning ap- +1,o metric of the cost function is constant and given by
proach, we evaluated our learning operational space dtartro

on a three degrees of freedom, planar robot arm similar as N = diag (4:44;1:01; 0:07); (23)
in [19]. Evaluations on an anthropomorphic seven degrees of

freedom SARCOS master arm robot arm are in progress and results from the reasoning that in the worst case paositio
" g = 0, it will be close to the square of the diagonal of the

A. Simulated Experiment linearized mass matrix. Furthermore, we assume the presenc
We assume the three degrees of freedom planar robot sh(ﬁ/f/rf{l null-space control lawo = —K_ BQ— KB(a — Gres)

in Figure 3. The links have the length = I, = 35cm and pulling the robot towards a rest position

I3 = 3cm. The mass of the links is given am; = m; = Qrest = [—1:2366 1:64; 0195485T: (24)

m3 = 3kg. The dynamic equations of the robot used in the
simulator have been automatically derived using the Newtowhich corresponds to a joint-space position which brings th
Euler methodology. end-effector roughly to the center of the considered waakep



The gains of the null-space component are giverkiy =
diag(20; 6;2), andK § = diag(0:5;0:3; 0:1). Note, that this
null-space term corresponds to a spring in joint-space hwhic
is most of the time extended due to the task constraints,ehenc
the lowerK § gains.

B. Results

The experiment consists out of two phases. In the rst phase,
the control law is trained using data generated by another
policy while in the second phase the learned control law
is used to generate more data. During the rst phase, we
generated a sequence P00 arbitrary joint space positions
for which the end-effector was still in the desired workspac
rectangle, and connected these positions in joint-spaicg us
fth order polynomials in order to create desired trajedtsr
in joint space of duratiorls A purposely badly tuned PD
control law, which could not track the trajectories accelgat
was used to generate the data. This data was added to the
learning system and a rst operational space control law was
learned. Subsequently, the learned control law was tested o
gure eight reference trajectory of duraticghs and exhibited
relatively good performance in task space. After two to ¢hre
iterations on the gure eight reference trajectory, th&tssace
tracking performance could not be distinguished from prtrfe
task space tracking as can be observed in Figure 4; diffesenc
to the optimal control law computed from the perfect anabiti
model were negligible, i.e., we obtained nearly perfeck tas
ful llment. However, as the null-space control law only fsil
the robot towards a rest posture but does not prescribe a
desired trajectory, small differences in the motor comnsand
of the learned and the analytical operational space control
laws will result into different joint-space trajectories aan
be observed Figure 5 which shows the all three joint-space
position over time in the Figures 5 (a-c) and all three joint-
space velocities over time in the Figures 5 (d-f). As a resilt
differing joint-space trajectories the motor commands db n
of both control laws cannot be compared and are different at
the same time step, see Figures 6(a-c) which shows all three
motor commands over time. In order to verify that we did in
fact learn the optimal control law, we compared the outputs
of both the learned control law and the analytical optimal
control law when using the exact same trajectory as inputs.
The outputs of both control laws match nearly perfectly as
shown in Figure 6 (d).

IV. CONCLUSION

In this paper, a general learning framework for operational
space for redundant robots has been presented, which is
probably the rst successful attempt of learning such oantr
laws to date. We overcome the dif culties of having a non-

convex data distribution by only learning in the vincinitya Fig- 5.

Velocity dq2 Velocity dq1 Position a, Position d, Position a;

Velocity dq3
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Figures(a-c) show the joint positions and Figured) (the joint

LT . L .. velocities which result from the task space tracking forhbtite analytical
local model anchored both in joint VeIOC|ty and joint pasm control law (blue solid) and the learned control law (greeasteed). The

The local regions are obtained by learning forward modelsfference between the two controllers in joint-space ltegtom accumulated,
which predict the movement of the end-effector. The glob ry small differences between the analytical and the &zhigontrol laws as

consistency of the redundancy resolution of the local mo
controllers is ensured through minimizing the cost funcid

qp servable in 6(d).
e



1
1

S 60
g ~
e 40
0l N
© 20
g
(=}

0 ‘ ‘ ‘ ‘
= 05 1 15 2

Time t
(a) Motor commandi g

5™ 40

arm as example. As application, we have shown a task-space
trajectory following on a three degrees of freedom rotary
robot arm, where we could exhibit near-perfect operational
space tracking control. As robotics increasingly movesyawa
from the structured domains of industrial robotics towards
complex robotic systems, which both are increasingly high-
dimensional and increasingly hard to model, such as hurdanoi
robots, the techniques and theory developed in this pager wi
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El

[10]

.10 . . . ,
0

Time t (11]

(d) Comparison with ideal output on the same trajec-
tory.

[12]

Fig. 6. Figures (a-c) show the motor commands for trackingmgde for (23]

the joint-space trajectories shown in Figure 5. In Figurg ek compare the
outputs of both analytical and learned control laws on timeestrajectory and

observe only small differences. [14]

[15]

operational space control. This cost function, derived um o
previous work, is crucial to the success of this framewoiKkél
and its absence has most likely been the reason for the
absence of learning operational space controllers to date.
The resulting learning algorithm for the local models can H&7]
understood from two perspective, i.e., as a weighted regnes [18
problem where we intend to match the reward weighted motor
commands (after transforming the cost into a reward) or as a
reinforcement learning problem where we attempt to maémi
an immediate reward criterion. Throughout this paper, weha
illustrated the problems and advantages of learning ojpaigt
space control using a prismatic two degrees of freedom robot

be bene cial in developing truly autonomous and self-tyunin
robotic systems.
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