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Abstract

Humanlike robot skills, like cleaning a table or handing over a plate, can often be generalized to different task variations.
Usually, these are start-/goal position, and trained environment changes. We investigate how to modify motion primitives
to context changes, which are not included in the training data. Specifically, we focus on maintaining humanlike motion
characteristics and generalizability. Therefore, we present an optimization technique, which allows to maximize the
expected return while minimizing the Kullback-Leibler Divergence to the demonstrations. Simultaneously, our algorithm
learns how to linearly combine the adapted primitive with the demonstrations, such that only relevant parts of the
primitive are adapted. We evaluate our approach in obstacle avoidance and broken joint scenarios in simulation, as well
as on a real robot.

Zusammenfassung

Menschendhnliche Fertigkeiten von Robotern, wie beispielsweise einen Tisch abzuwischen oder einen Teller zu iiberrei-
chen sind meistens generalisierbar zu leichten Verdnderungen einer Aufgabe. Typischerweise sind diese Verdnderungen
unterschiedliche Anfangs- und Endpositionen, sowie zuvor gelernte Umgebungsdnderungen.

Wir untersuchen, wie sich Bewegungsprimitive an Verdnderungen des Kontexts, welche nicht durch Trainingsdaten abge-
deckt werden, anpassen lassen. Dabei konzentrieren wir uns auf die Beibehaltung der menschlichen Charakteristiken und
Anpassbarkeit der Primitive. Wir eine Optimierungsmethode vor, welche sowohl die erwartete Belohnung maximiert, als
auch die Kullback-Leibler Divergenz zu den Demonstrationen minimiert. Gleichzeitig ist unser Algorithmus in der Lage
eine lineare Kombination des angepassten Primitives mit den Demonstrationen zu lernen, sodass nur relevante Abschnit-
te verdndert werden.

Wir evaluieren unseren Ansatz in Hindernissumgehungs- und defekten-Gelenk Szenarien, sowohl in der Simulation, als
auch auf einem echten Roboter.
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Ala) policy of activations, a can also be parameterized
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1 Introduction and Related Work

Humanlike motions of humanoid robots are desirable in many different areas. In human-robot collaboration settings it is important
that the robots intentions are clear to the human. The legibility of robot motions is a requirement for a seamless integration of the
robot as a helpful assistant [8]. In settings, where a robot arm is attached to a human as an exoskeleton [11] it is mandatory that
the robots movements are humanlike. In this paper, we investigate how to maintain humanlike characteristics in motion primitives,
which are learned from demonstrations of a human teacher.

Learning from demonstrations (also known as imitation learning) is a well-established approach for programming robots. While
optical motion capturing techniques are very popular, they also suffer from the correspondence problem [10]. The humans and
robot body may significantly vary, which makes it hard to match the movements of a teacher to the joints of a robot. To leverage
the problematic, kinesthetic teaching has been successfully applied in various scenarios to learn an initial policy [5, 9, 16]. Instead
of passively observing movements, a human teacher guides the robot arm by moving it by hand. The recorded demonstrations can
then be used to extract movement characteristics and learn a policy, which represents the robot skill. We assume, that the reenacted
robot trajectories produced by the learned skill from demonstrations naturally inherit humanlike characteristics.

In general, using expert demonstrations limits the search space and therefore can significantly bootstrap the policy search. However,
directly using demonstrations of a specific task to successfully teach a robot might not be sufficient. Further policy improvement can
be necessary for successfully solving a task, e.g. to compensate for the teachers actuation [16].

In comparison to common Motion Planning techniques like STOMP [14], CHOMP [26], and RRTs [21] we do not focus on generating
completely new motion plans, but rather on adjusting existing ones. In our case we also do not try to generate single trajectories
for a specific task instance, but optimize a distribution over trajectories. We use these trajectory distributions to represent a motion
primitive, which is a solution to variations of a demonstrated task. Our primitive representation relates to the Probabilistic Movement
Primitives [23] framework, but our approach should be applicable to other primitive frameworks as well, e.g. Dynamic Movement
Primitives [13].

A key issue of robot skill teaching is the ability of primitives to generalize to different situations. For example a primitive which
moves a chess figure forward should be applicable to all tiles on a chess board [5]. Often, the generalization ability corresponds to
the adaptation to new start and/or goal positions, while preserving the trajectories shape [27, 15, 24]. Particularly, this means that
the primitives can only be adapted to specific pre-trained changes.

Here, we distinguish between two forms of generalizability. The ones described so far are specifically engineered or trained, whereas
in this paper we focus on modifying skills to completely new contexts, e.g. new obstacles or broken joints. Various reinforcement
learning approaches have been successfully applied to handle different contexts. Work by Pastor et.al. [24] encodes goal-parameters
in the primitive representation itself [24], whereas different approaches learn a distribution over meta-parameters [15, 20]. In the
latter, variations of the context must be present in the demonstration, so that they can be learned. An advantage of these approaches
is, that the adaptation itself is fast to compute, once learned. No further task-relearning is necessary as long as the context changes
are covered in the demonstrations.

At the same time, a primitive must be relearned if an adaptation is not possible. In this case, any policy improvement method could
be applied, depending on the requirements.

In this paper, we aim to adapt a primitive to an unseen situation in such a way, that it is still applicable to the context which it was
already generalized to. An example is adapting a primitive to avoid an obstacle while maintaining possible start and goal positions.
In relation to our work, Lim et al. [22] propose a framework, in which motion primitives are learned from demonstrations with
PCA and combined to produce humanlike motions, which are assessed qualitatively. More recently, Huang et. al. [12] introduced a
graph- and sample-based motion planner, which can combine two different motions. In their case, multiple upper and lower body
motion primitives are coordinated and sequenced to produce a motion graph. The humanlike characteristics arise only from blending
between demonstrated motions. Instead of sequencing multiple primitives in order to adapt to a new situation, we investigate how
to partially change a single primitive. Closely related to our work Ye and Alterovitz combine motion planning with imitation learning
to find task solutions [28]. These can be outside the demonstrations if the demonstrations are blocked. This approach focus on
automatically extracting time-dependent task constraints, which are satisfied even after optimization. In our approach we assume
the task-constraints are already captured in the given primitives. We punish violations of the task-constraints inside a corresponding
reward function.

Being able to re-learn skills through primitive-combination and/or primitive-optimization, such that they can adapt to completely
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Figure 1.1.: lllustration of the Table-Cleaning task. The robot should avoid the obstacle with the sponge staying on the
table. The dashed black arrow denotes a demonstrated trajectory. The solid red arrow illustrates the context-
adapted primitive, which the robot will follow to avoid the flowers on the table.

new situations is essential for building and extending skill databases. Our contribution is that we optimize primitives to unseen
situations, while binding the solution to stay close to the demonstrations. We also learn how to linearly combine two primitives in
order to exactly match the demonstrated primitive whenever possible in the new context.




2 Primitive Optimization for Context-Adaptation

We develop a reinforcement learning strategy, based on the Relative Entropy Policy Search [25] algorithm. The two main differences
are the simultaneous optimization of two sub-policies and the explicit minimization of the KL-Divergence [19] to a target distribution
of one sub-policy.

2.1 Notation

Throughout this paper a primitive is defined as a policy mw(w). The policy represents a gaussian distribution over parameters
w~ A (u,, 2, ). Realizations of w can be used to generate a trajectory 7(w), so that by placing a distribution over w we hierarchically
define a distribution over trajectories. In our case we use S radial basis functions to approximate trajectories 7(w) = {y1,..., ¥} as

s
. (w) =Zwi exp (—k(t —¢;)?), (2.1

where c; defines the basis center and k modulates the basis width. In order to adapt a trajectory, we learn how to adjust the weights
w. Hence, any optimization of a trajectory distribution is equal to adjusting the distribution over w.

In relation to the REPS formalism, we assume that our policy is a joint distribution, which can be split into w(w) and A(a). We refer
to these as sub-policies of a gaussian joint-policy

0
N R = n(w)A(a). (2.2)

By doing so, we can improve two different parameter sets, while both jointly determine a reward function R(w, a). Specifically, we
use 7(w) to represent a trajectory distribution and A(a) = A (u,, X,) as distribution over activation parameters (see Section 2.4).
The distribution 74(w) is a target distribution, to which we want to stay close. In general, the target distribution could be arbitrary.
In our case it is the policy learned from demonstrations. We denote the context to which we want to adapt the primitive with «. In
the obstacle avoidance scenario k represents the obstacles position and shape parameters.

2.2 Problem Statement

Given a target policy ms(w) and an unseen context x find an optimized joint policy (m(w)A(a))*, which maximizes the expected
reward of R(w, a, k) while minimizing the KL-divergence 2(7t(w)||74(w)). The full optimization problem is given as

max J =J JR(W, a, k)n(w)A(a)dadw

—r2(n(w)l|mg(w))
s.t. J n(w)log(m)dw <eg,

qw(w)
2.3
f A(a)log(;((c;)))da <e,, @3)
J n(w)dw=1,

J Ala)da =1.




The distributions q,, and g, represent the current estimates of the sub-policies, from which we can sample. The first two constraints
€, and €, limit the exploration of the policy update by limiting the KL-Divergence between the current estimate and the new policy.
These constraints prevent that the policy is destroyed by an too excessive update step [25]. The last two constraints make sure
that each sub-policy is a probability distribution and sum up to one. Solving the optimization problem (see Appendix A.5) with the
method of lagrangian multipliers yields the sub-policy update rules

n
G (W) T 7y () 777 exp (22)

* _ Y+tm
= J, (W) 791 724 () T ex (R(W))dw’
w qw Rd p Y+n1 (2.4)
qo(a)exp (22)
(@)= o
Joau@exp (%) da
with the terms R(a) and R(w) representing the expected reward for specific parameters w and a given the other sub-policy
R(w) = f R(w,a,x)A(a)da,
N (2.5)

R(a) = J R(w, a, k)m(w)dw.

Due to the recursive dependencies respectively on the other sub-policy we can only approximate R(a) and R(w). Both terms
measure how good the parameters w and a perform locally. Given that we iteratively update our policies and restrict the KL-
Divergence between update steps we can locally test our parameters against the policies from the previous iteration.

The update of the unrestricted sub-policy A*(a) is equal to the standard REPS formulation [25]. It is an exponential re-weighting
of the old sampling distribution. The restricted sub-policy 7*(w) is a geometric average of the sampling distribution, the target
distribution, and the exponential returns. By setting y = O we obtain the standard REPS formulation and both updates have the
same form. The parameters n; and 7, are lagrangian multipliers and can be viewed as temperature. The dual formulation leads to
the optima 7);, n, respectively and is given as

gny,mp) =
—E[R(W,a,x)] s + 1161 + 1265

+(y +m)log U 4 (W) [R) 7, () g, (w) 7 770 dw) (2.6)

%)
+n,ylog q.(a)e\ ™2 /da |.

Solving Equation 2.3 reduces to minimizing the dual function

minimize  g(n;, ;)
n1,M2 (2'7)
s.t. n; = 0,i=1,2,

which is much easier to optimize.




2.3 Approximation with Samples

In the following we explain how to approximate the integrals and the expectation term in the dual with samples. We estimate the
expectation E[R(w, a, k)] «,«, which is part of the original formulation Equation 2.3, with importance sampling, using q,,(a) and
q,(a) as the sampling distribution. The resulting approximation with importance weights 1(w;, a;) and N samples is

%ZiR(Wi’si:K)w(Wi:ai)
%Zi"‘/)(wi,si) ’ (28)
WOw @) = [Mrey(ow, gy ) ] o)

E[R(W,a,K)]ppx ~

We can further replace the integrals inside both logarithms of Equation 2.6 using samples based on f y p(Y)f (y)dy ~ % Zil F.
Given these approximations the dual is purely sample-based and can be solved with any constraint optimizer. For numerical stability
we suggest to rewrite the sample-based dual according to the log-sum-exp! and exp-normalize? identities. In our case we exclusively
use gaussians for all policies, so that the new means and variances can be computed with closed-form reward-weighted maximum
likelihood updates of the samples s; [7] as

ooy = Zi\]:l Pisi
new — >
Z:VZI ¢i

Znew — Zi:l ¢1(sl ZM)(SI .u) ) (29)

(3%, 6.) -3 (00
ZIiV:1 ¢i '

with Z=

The term Z is used to calculate an unbiased covariance-estimate. Algorithm-Box 1 gives an overview of the iterative procedure.

Algorithm 1: Primitive Optimization

Input: Context Situation k, Target Policy 7 (w)

Output: Optimal sub-policies *(w) and A*(a)

while not converged do

begin Policy Evaluation

Sampling:

Generate N sample pairs

w; ~ t(w), a; ~ Ala)

Evaluation:

Compute rewards R(w;, a;, k) for each sampled pair i

Approximate R(w;, k) and R(q;, k)

Optimize: Minimize dual:

(n7,m3) = argmin  g(n1,m,)

end

begin Policy Improvement

Sub-policy updates 7*(w) and A*(a): Compute weights ¢ for weighted ML
1

$(w;) = [exp (R(w;)) mq(w;) q,, (w;) 7 ]7Fm

Bola;) = exp (22}

For gaussian distributions:

Compute improved u,,,%,, and u,,X, (see Equation 2.9)

end

end

1 log (> exp(x;)) = k +log >, exp(x; — k) with k = maxx;
2 va:l a; exp(z;) _ 2?’:1 a; exp(z;+k)
S exp(z;) DL exp(zi+k)

with k = —max(z;)




In our case we use 7(w) and 7,4(w) for representing trajectory distributions and A(a) for activation parameters, these distributions
could be arbitrary gaussian distributions for a completely different setting.

2.4 Combination of Primitives

Combining primitives to generate more complex behavior, which can solve new tasks is a requirement for building motion libraries.
In the following, we describe how we combine primitives in a way, such that we maintain humanlike characteristics. Staying close
to demonstrations and maintaining humanlike characteristics can be seen from two different perspectives. We can either maintain
the shape of a trajectory distribution or exactly match the trajectory distribution from demonstrations whenever possible. To achieve
the latter we suggest to linearly combine different policies. An illustration of both approaches is given in Figure 2.1. We make use of
some gaussian properties to combine skills. First, the sum of two gaussian random variables x ~ A'(u,,%,) and y ~ A (u,, %, ) is
a gaussian distribution z ~ A'(u, + u,, 2, + X, ). Second, the affine transformation y = ¢ + Bx of a gaussian x is again a gaussian
distribution y ~ A/ (c +Bu, BLBT). For the combined policy 7+ (w) we get

‘/V(“ﬂ+’2ﬂ+) = M(.u'n*’zn*) + (1 _A)t/v(‘und’znd)
with g+ =Aug, +(1—A)ug (2.10)
T = AT, A+ (1-A)T,.(1-AY.

The combination itself is performed in the weight space of the trajectories. In comparison to the blending approach from [23] we
are still able to generate smooth trajectory samples after the combination since we maintain a complete distribution in the weight
space. The elements of the diagonal matrix a = diag(A) represent the activation factors for each basis weight of the policy. We
obtain a combined trajectory distribution 7t (w). Typically, we place a probability distribution over the activations directly, so that
dim(a) = dim(w) or parametrize the activations. For example, if we temporarily want to switch the active robot skill, a useful
parametrization would be the difference of two sigmoid functions (e.g. in Figure 2.1). By doing so we can significantly reduce the
number of dimensions. On the other side we must take prior knowledge into account which may also limit the performance. In
relation to our algorithm we can optimize the activations represented as the sub-policy A(a).
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Figure 2.1.: The demonstrated policy 7t (w) is represented as the blue shaded area with mean and two times standard
deviation. In green, the optimized policy 7*(w) avoids the obstacle, while maintaining the shape of the dis-
tribution. In red, the combination of both policies *(w) avoids the obstacle, but also exactly matches 7 ;(w)
in the beginning and end. The corresponding activation function, shown in the second plot, is parametrized
with a difference of sigmoid functions and learned accordingly as the sub-policy A(a).




3 Analysis: Different Aspects of our Approach

In the following section we individually discuss and demonstrate various aspects of our algorithm.

3.1 Primitive Combination

With our linear combination approach, we can achieve a different behavior, based on how we choose the activations. We neglect
optimizing a trajectory distribution here and only focus on the combination itself. Assume we are given two primitives which
we want to combine to achieve new behavior. In Figure 3.1 we show such two planar primitives, which can move up and right
respectively. None of them can reach the upper right corner by itself, whereas it is possible with the combination. Simply taking the
average as in the a = 0.5 case is not enough to fully exploit the combination. The blending approach from [23] fails in this case
because it follows the regions with smallest variance. Blending can be useful for fulfilling task-constraints, but not for exploring
completely new behavior. The examples in Figure 3.1c to Figure 3.1le show further combinations, yielding completely different
results.

— Samples Up
— Samples Right
—— Samples Combined
L == Uyps Mdowns Mcombined
0.5 0.5¢ == blended trajectory
E E
> >
0.25 0.25
0 0r

activation
activation a
activation

Figure 3.1.: Linear combination of two primitives, which move up and right respectively, to achieve new behavior.
a) - b): Simultaneous constant activation a over time results in a diagonal movement. Depending on the
magnitude of the activation q, the resulting primitives reach further into the upper right.
c) - e): Examples for the effect of different activation functions, which are changing over time. Depending
on the characteristics of the activation function the combined primitive can represent completely different
behavior.




3.2 Staying close to Demonstrations

To emphasize the effects of minimizing the KL-Divergence to a target distribution we give a simplified example with a highly
multimodal reward function, where all optima are equally good. In Figure 3.2 the bright yellow areas represent a high reward,
whereas blue areas are much worse. We now assume that a demonstrated distribution in the upper left area is not available
anymore. In order to show the effects of our approach sub-policy A(a) does not influence the reward. As we can see, limiting the
KL-Divergence yields solutions which are closer to the black target distribution in the upper left. If we compare the solutions on the
right side (Figure 3.2c and Figure 3.2f) we see that with enough iterations we can also match the targets variance and hence find a
single option.

L BCRCoR NRolk R N
POPO0Q0QRQOD O
o0 O RO RO RORON
OJONON JORORONRO
L BCRCR BRolk R R
OBONON N NBOR N
AL A A R A B
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OB ONO. e » K\ R R BR BoR B _ e »
O, ) a e » A A BB O a e »
OB O RO . e » £ A R BB A A R . e »
OR R _ a e » = A R BR A B B e »
. BCR _ : e » » A R BR A B B e »
e » a e » » R R BR A B B a e »
. e » e » » A A BR A B B a e »
e » : e » » A R BR A B B e »

(d) y =0.001 (e) y =0.001 (f) y =0.001

N, =10 N; = 1000 N; = 1000

=100 =20 =20

Figure 3.2.: Comparison between REPS (y = 0 case) and our algorithm. Each image contains 50 red ellipses which denote
gaussian distributions after optimization. N; denotes the number of samples per iteration. I is the number of
iterations. The black ellipse denotes the target distribution.

a) - ¢): REPS randomly is biased to one option or maintains a wide distribution over all options.
d) - f): Our algorithm stays close to the target distribution. With a small sample set N; = 10 the solutions are
biased towards one option. With enough samples a single option is found near the target distribution.

3.3 Tuning y

To emphasize the effects of our algorithm we demonstrate how the solutions with our algorithm are changing when we modify the
y-parameter (Equation 2.3). Basically, v influences how close to the target distribution we want to be. Setting y to zero cancels the
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Figure 3.3.: a) - f): Solutions of the sub-policy (w) in parameter space for six y variations. All red ellipses contain 90%
of the probability mass. The black ellipses denote the target distribution 7 ;(w). The red ellipses are the
found solutions 7t (w) after 20 iterations. All experiments are initialized with a much larger variance than the
solutions. g): KL-Divergence 2 (t(w)||t4(w)) during the iterative optimization for different y.

effect of the KL-Divergence in the optimization. A characteristic of our approach is that we are comparing reward and KL-divergence
against each other, which must not necessarily be of the same magnitude. Depending on the reward function tuning y in an adjusted
parameter range is necessary. In Figure 3.3 we give a simplified example based on a two-dimensional reward function. The toy
function is quadratic with an additional circular discontinuity. In order to show the effects of limiting the KL-Divergence sub-policy
A(a) has no effect on the reward. The higher the y-value the more the solutions get pulled towards the target distribution. In the
y = 0 case the result reduces to REPS and reaches the global optimum of the reward-function. We see the effect in Figure 3.3g:
The higher y the lower the KL-Divergence. Notably, the reward is lower the higher y is. When optimizing we need to cope with this
trade-off. As shown in Section 3.2 if many local optima are available the reward can still be equally good.

In relation to trajectory distributions Figure 3.4 shows a simplified example based on a one-dimensional trajectory distribution 7(w)

to directly show the effects on the solution.
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Figure 3.4.: Comparison of the effects of y on the optimal sub-policies 7*(w). The blue distribution is the target policy
mtg(w). Sub-Policy A(a) is independent of the reward function and neglected here. The gray rectangle is a
restricted area with undesirable parameters.
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4 Evaluation in Simulation and on a Real Robot

We demonstrate different aspects of our algorithm and apply it to various problems. Therefore we evaluate settings in task space,
as well as in joint space. In addition to simulations, we also illustrate the execution on a 7-DOF real robot arm.

4.1 Hole-Reaching Task

We apply our algorithm on a planar 5-DOF robot. Each link is one meter long and has no joint limits. The robots end-effector
must reach the bottom of a hole, which is two meters away, one meter deep, and 30-60cm wide. With ten basis functions for each
degree of freedom we have a 50-dimensional parameter vector for sub-policy t(w). Additionally, we learn the activations a without
parameterizing them, but assume all dimensions have the same activation. In total, we optimize 60 parameters. The reward depends
on a collision cost, acceleration punishment, and a reward for reaching the goal position. We initialize our optimization with the
policy learned from the demonstrations. In the demonstrations the robot always starts from a roughly upright position and reaches
the bottom of the hole.

Obtaining a suitable covariance matrix is especially challenging in this task. Due to the high dimensional parameter space and
limited number of available samples per iteration, the weighted-ML updates during the optimization are most likely biased. Because
this task is operating in joint space it is crucial that we obtain a proper estimate of the covariances between joints. The joints at the
beginning of the joint chain highly influence the suitable angles of the following joints. Due to this high correlation a precise estimate
of the covariance matrix is necessary for finding successful solutions. Inspired by the CECER approach [1], which in practice is hard
to tune, we modify the covariance matrix estimate ¥, after the weighted-ML update. We use a convex combination of the current
estimate T; with the covariance matrix &;_; from the last iteration to limit the covariance shrinkage " = §="! + (1—§)Z. . No
further adjustments were needed for ¥.,. We apply this setting in two different context scenarios.

4.1.1 Obstacle Avoidance

In the first scenario an obstacle is added to the scene. The robot is supposed to reach the 60 cm wide hole without colliding with
the obstacle. As it can be seen in Figure 4.1 we can successfully learn such a behavior. The optimization is performed in joint space.
Thus, we use forward kinematics to calculate collisions with the obstacle, which is given in task space. The obstacle is one-by-one
meter square block. We compare the y = 0 case with the best working y > 0 case (y = 1077). Furthermore, the activation function
was only allowed to be either one or zero and was clipped at the first and last value to stay close to the demonstrations. By doing
so, we ensure that we specifically learn where to switch between the adapted skill and the one from demonstrations. We don’t
need to encode a start or goal position inside the reward function, as its maintained through the combination with demonstrations.
Both cases were executed with identical parameters except y. We repeated the experiment five times with each 40 iterations and
250 samples per iteration. Following the ideas of [14], the covariance matrix %, was initialized with a scaled version of the one
learned from demonstrations. Therefore only the variances belonging to the middle of the trajectory were scaled up. Additionally,
for this task 6 = 0.9 was found practical. After we adapted the skill, we tested our results by sampling from the learned trajec-
tory distributions. Sampling 500 trajectories from the original distribution resulted in only 0.008% collision free ones. In the y =0
case 0.45% were collision free, whereas our approach succeeded in average 68% of the time, which is close to one standard deviation.

4.1.2 Broken Joint Scenario

In the second scenario we assume that the last link of the robot is broken and cannot move anymore. Therefore the skill must be
adapted, so that the robot can still reach the hole. We enforce parameters of the broken joint dimension to be zero. The reward
function is equal to the setting above, but without any additional obstacle. The target distribution is the same distribution, which
was learned from demonstrations with all joints working. Figure 4.2b shows our results after 30 iterations with each 2500 samples.
In comparison to the REPS case 7*(w) with y = 0 and without activation, our solution still maintains the start position (see Figure
4.3) and still is able to move the arm into the hole. Figure 4.4 shows the KL-Divergences of both cases.

13



5 .

4 I
_ 3 — _ —
g g i
@ 27 @ 2
5 X 5
® ¢ ®
> 11 N =N

0 L e ____

1L ‘ ‘ ‘ ‘ ‘
-1 0 1 2 3 4
x-axis [m] x-axis [m] x-axis [m]
(a) Original Skill (b)y=0 (c)y=10"

Figure 4.1.: Obstacle Avoidance in the Hole-Reaching task. The robot must reach the bottom of the hole without touching
the obstacle or ground. b) and c): Mean trajectories of *(w).

4.2 Table-Cleaning Task

We also tested our approach on a 7-DOF real robot arm. The robot is supposed to pick up a sponge and wipe multiple times over a
table. We demonstrate the task three times via kinesthetic teaching with an empty table. We extract the contact points with the table
from the learned trajectory distribution to specify the task constraints. During optimization these points should still be in contact
with the table. Our goal is to reenact the skill even if items are still present on the table as illustrated in Figure 1.1. We optimize in
joint space, but currently only check for collisions of the end-effector in task space. With 50 basis functions per degree of freedom
and additional 50-activation parameters we optimize a 400 dimensional parameter vector in total. The activation parameters are
clipped to either zero or one. As shown in Figure 4.5 the activations are learned and the obstacles are avoided accordingly. The
solution was found after 30 iterations with each 500 samples. Unlike the necessary adjustments of the covariance matrix %, in the
Hole-Reaching Task, it was not required for the Table-Cleaning even if the number of parameters is much higher. In the obstacle
avoidance case of the Hole-Reaching task a wide range of the trajectory distribution needs to be changed to successfully avoid the
obstacle. In comparison to that, in this specific instance of the Table-Cleaning task only a limited region of the trajectory distribution
needs to be changed in order to avoid the obstacle. During the optimization this is learned by the sub-policy A(a), such that the
optimization can locally concentrate on adapting the important regions. Hence, for the solution 7w+ (w) most of the parts of difficult
to estimate covariance matrix 3, are not considered. Due to that valid solution can still be found even if 3}, is biased.
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Figure 4.2.: Broken joint scenario in the Hole-Reaching task.
b): Optimized Mean Trajectory 7w+ (w) with learned activations, so that the solution is close to the demonstra-
tions in the beginning. c): Standard REPS solution 7w*(w) with a different start position since no activations
are learned.
The corresponding solutions in joint space are given in Figure 4.3.
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Figure 4.3.: The five joint dimensions in the broken joint case of the Hole-Reaching task. The working joints are forced to
change in order to compensate for the broken 5th joint. The corresponding solutions in task space are given
in Figure 4.2.
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Figure 4.5.: Obstacle Avoidance in the Table-Cleaning task.
a): The adapted policy ¥ (w) locally avoids the obstacle and exactly matches the demonstrated policy 7 ;(w)
when possible.
b): Policy w*(w) is only activated in regions where obstacle avoidance is necessary.
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5 Conclusion

In this paper, we presented an approach for adapting robot skills to new situations. Our algorithms makes use of three different
aspects. The first one is, that we simultaneously optimize the expected reward over two sub-policies, instead of one single policy.
Second, we explicitly bind the KL-Divergence of one of them to maintain humanlike motion characteristics. And third, we learn a
linear combination with the demonstrations to exactly match the demonstrated policy where possible.

As our results show, we are able to produce trajectories, which are adapted to a context and still stay close to the demonstrated
trajectories.

In the future, we aim to extend our approach to work as well with mixture models, which in our case is related to the HIREPS
approach [6]. Furthermore, it seems promising to integrate entropy constraints similar to [2], which can alleviate premature
convergence. Additionally, to improve the approximations made in this paper we will investigate learning a reward model during
optimization. We will further examine the possibility of sampling the covariance matrix ¥, with a Wishart distribution. Related to
which it might be beneficial to apply an Inverse-Wishart distribution as a conjugate prior to %,,,.
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A Appendix

A.1 Gaussian Distribution

We make extensive use of the gaussian distribution. For some of our derivations it can be advisable to make use of the form (e.g.
shown in [17, 7.1.1])

_ 1 Ir re Ts—1 Ts—1
JV(XLLL,Z)—WCXP( E[x TTx—2x' X u+u X u] )

1
o< exp (—ExTE’lx + xTZ’luJ) .

We can use the linearity of expectation property E[X + Y] =E[X]+ E[Y] together with Var[X + Y] = Var[X ]+ Var[Y] [17, p.32] to
show that the sum of two independent gaussians is

X ~ N (ux, Zx),
Y N‘/V(ALLY’ Z]Y): (Az)
Z=X4+Y = Z ~N(ux +uy,Zx +2y).

Another useful property is that a linear transformation Y = MX + ¢ of a gaussian X ~ A4 (uy, Xx) with independent gaussian noise
A (., %) is again distributed as a gaussian [3, p.178] resulting in

p(Y)= AN (Muy +u, MZMT +3,). (A.3)

We made use of these properties for the linear combination of two primitives (Section 2.4).

A.2 Kullback-Leibler Divergence

The Kullback-Leibler Divergence [19] is a measure for the difference between two probability distributions p(x) and q(x). For
continuous distributions it is defined as
p(x)

—=dx. A4
a0 (A4

2(p(X)llq(x)) = J p(x)log
Although it is non-symmetric 2(p||q) # 2(q||p) it has very useful properties. It equals zero if, and only if, p(x) = q(x) and always
satisfies 2(p||q) = 0[4].

Typically p(x) is referred to as the true distribution and is approximated by q(x), which is called the model distribution. If p(x) =
N (uq,27) and q(x) = A5 (uy, T,) are gaussian distributions the KL-Divergence can be expressed as

1 2
2 MllA) = 5 (log —:22: + (25 50) + (ug — )" (25 ) (g — py) — n) , (A.5)
1

with (n = dimension(x)) [18, 9.1]. In cases, where its infeasible to compute the determinant of 3; and/or %, it is useful to compute
the symmetric KL-Divergence %;,,,(p,q) = 2(pllq) + 2(ql|p) for gaussians as

Dym( Ml A) = = (r(Z51 ) + tr(B]80) + (pg — )T (B + 25wy — py) —21). (A.6)

N
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A.3 Derivation of Blending

For reasons of completeness we show how the blending of primitives used in [23] can be derived. The distribution over trajectories
is represented as

p(@) o< [ [ [, (A7)

with (we omit subscript t in the following and use x = y,)

11 . ~ 1,
pi(X) = N (x|us, T) = EeXP(ExTZi Y+ xS+ EMTE Tuo)

1 1
= exp(ExTZi’lx +x" 57 u; + const) (A.8)

1
= Z’exp(ExTZi’lx +xT= ).
Inserting Equation A.8 in Equation A.7 gives us

1 i
p(v) oc [ [ 12 exp(x" s e 4 2757 )]
¢
i 1 _ _ i
= l_“_[[Z’]“ [exp(ExTZIi 1y +xTZi tu)]®
e
= L Ts—1,, \o!
:l_[l_[Zexp(Ex X+ XN )
e
5 L — - i
=l_“_[Zexp([§x Iox +xT I ]at)
e
~ 1 . ~ i
=[1d D] Jexp(5x"7x + x5 i Ja))
e i i
~ 1 . B .
= l_[(l_[Z)exp(Z[ExTZi x4+ x"2 p]ah)
e i i
~ 1 . .
= l_[Zexp(Z EXTZi_lxa‘ +ZXTZi_1‘l,Lial))
¢ i i

- erxp(ngZ(%)-lx+xTZi(%)—1m)),

i

(A.9)

which equals the form of the resulting distribution A (y|uf, &¥) = Z exp(3x” (=) x + xT (=) ). The covariance is now given
as

= /a) ™, (A.10)
and for the mean u; it must hold

=)y =D (/e
i o . (A.11)
W =T o) ).
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A.4 Derivation of our Algorithm without Sub-Policies

In relation to our full optimization algorithm we neglect the separate joint policies here and only optimize a single one. In the
following we show how to derive a REPS version, which stays close to the demonstrations 7z(w). In general, this target distri-
bution could be arbitrary. How strongly this distribution in incorporated into the final solution can be modified by tuning y. The
optimization problem is formulated as

max J = j R(w)m(w) —ym(w)log( 7_2((‘/1/“})) )dw
s.t. f m(w)log( (( ))) <e, (A.12)
J n(w)dw = 1.

Formulating this with the method of lagrangian multipliers ) and a and rearranging terms gives us

L= J R(w)m(w) —ym(w)log( m(w) )dw—n [J m(w)log( (( ))) e] —a [J m(w)dw — 1]

g(w)
= J [R(w)n(w) —ym(w)log( ;((WW))) nm(w)log( (( ))) an(w)] dw+ne+a (A.13)

n(w)
q(w)

=J n(w)[R(w)—ylog( )—mnlog( (( ))) ]dw+'r)e+a.
w
For the optimal policy we set the derivative of L to zero

db _ _ nw) mw)y ot
dn(w) R(w) —ylog( ()) nlog(qw) n—a—y=0, (A.14)

Y
— <

and solve for 7*(w)

(W) = exp [R(W) +vlogmy(w) + nlogqw)—n—a—y ]
Y+n
= [exp [R(w) + log(7t4(w)") + nlog(q(w)") —n — a — y 1177 s

= [ (W) q(w)" exp(R(w) —n — a — 1)] 77

= [ 74 (w)"q(w)" exp(R(w))] 77 exp(—n —a— )77,

To get rid of a we use the fact that 7 is a probability distribution and sums up to one

1= J m(w)dw = J [ (W) q(w)" exp(R(w))] 77 exp(—n —a—y) 77 dw

= J [mg(w) q(w)" exp(R(w))] & dwexp(—n —a— Y)Y%n (A16)
) 1
f w LTa(w)rq(w)n eXp(R(w))]ﬁ dw

exp(—n—a— V)ﬁ =

The exponential term can be plugged into Equation A.15 and gives us the policy update rule

[ (W) q(w)" exp(R(w))] 7

(W) =
[, [ma(w)rq(wy exp(R(w))] ™

(A.17)

O E

=
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To compute 1) we plug the optimal policy (Equation A.15) into the lagrangian (Equation A.13)! and derive the dual function g(n)

gn) = JW n(w) [R(w)—ylog( ;[:EV‘:;) - nlog(%) — a] dw+ne+a

_ f RW)R(w) — ylog | e a0 expRO =0 —a = 7)]
" mq(w)
—nlog L7 (W) g(w)" exp(Rw) —n — @ —7)] o —aldw+ne+a
q(w)

= f 1(w) [Rw) + (= — 1) log ([ 714 () q(w)" exp(R(w) — 0 — & — )] ) +log(ry(w)") + 1 log(q(w)) — a ] dw + ne +a

= f m(w) [R(w) —log(mq(w)"q(w)" exp(R(w) — 1 — a—7)) +log(my(w)") + nlog(q(w)) —aldw + ne + a

= f a(w)(n+y)dw+ne+a
=(n+ y)f n(w)dw + ne + a.
N (A.18)
With the fact, that f L, Tw)dw =1 we get
gm)=ne+n+a+y. (A.19)
We rewrite equation Equation A.16 to get rid of a as
n+a+y=(y+n)log (f [ (W) q(w)" exp(R(w))] 77 dW) . (A.20)
Plugging the result into Equation A.19 we get a representation for the dual, which does not depend on a anymore
1
g(n)=mne+(y +n)log ( J [ra(w)"q(w)" exp(R(w))] 77 dW) : (A21)

We can not analytically solve the integral in close form. Hence, we approximate it with importance sampling. We reuse the samples
from the old distribution q(w) and therefore first rewrite the integral as

[74 (W) q(w)" exp(R(w))] 77

J [74 () q(w)" exp(R(w))]77 dw = f q(w)

aw) (A.22)
= f qw) [rq(w) q(w) ™" exp(R(w)) ] dw.
Using importance sampling with N samples we get
1w 1
g(n) =ne+(y +n)log| = [7a(w) q(w,) 7 exp(R(w;) |7 |. (A.23)
i=1

1 Only plug in inside the log since the rest cancels out later.
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To improve numerical stability we first rearrange terms and then apply a log-sum-exp identity? as

N
&(n) = ne +(y +mlog (Z exp(ﬁ(R(wl-)+y[log(nd(wi))—1og(q(wl-))])—1og(zv)))

i=1

N
=ne+(y+n) [log (Z exp (s; — k)) + k]

= (A.24)
with
_ R(w;) + v [log(m4(w;)) —log(q(w;))]
i = —log(N)
Y+n
k = max(s;).
The remaining optimization problem, which can be solved using any constrained optimizer, is given as
argmin  g(n) st. n>0. (A.25)
n
The derivative of g(n), which is useful for optimization is
d 1Y 1 2L [RWw,) + y(log(ma(w)) —log(q(wi)))]z;
—&m)=e+log —Zzi - N
dn N £ (r+mn) izi %
with (A.26)
_ (R(Wi)+Y[log(ﬂd(wi))—10g(Q(Wi))])
2; = €Xp .
Y+n

To make the gradient numerically stable, we can apply the exp-normalize trick®.

2 The identity

log (Z exp(xi)) =k+ logz exp(x; —k)

i

holds. In our case k = maxx; is reasonable.
3
Sihaexp(s) _ ep(k) T aiexp(z) 3L, aiexp(si +k)

Zﬁil exp(z;) exp(k) Zil exp(z;) Ziil exp(z; + k)

with k = —max(z;).
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A.5 Detailed Derivation of our full Algorithm

For our full optimization problem we now assume that our policy is a joint distribution m(w)A(a). We maximize the expected
reward, while the KL-divergence of m(w) to the demonstrated policy 7 (w) is minimized. The reward R(w,a) depends on both
sub-policies. The full optimization problem is given as

;o f f R(w, a)n(w)A(a)dadw —y J n(w)log(;((""w)))dw
w a v ‘

S.t. J n(w)log(Lw)))dw <€

q(w
J Ala)log ( (i((z)) ) da<e, (A.27)
J n(w)dw=1

J Ala)da =1.

Using the method of lagrangian multipliers we can rewrite the problem as

L=J—m [J n(w)log(;((‘:/v)))dw—el] — 1Ny [J A(a)log(;:((i)))da—ez] —a [J m(w)dw — 1] —a, |:f Ala)da — 1].

(A.28)
We solve for the optimal policy by deriving %(LW) and % and setting both to zero
dL
= | R(w,a)A(a)da —ylog(m) —y—1 log( m(w) ) —n—a; =0,
drnw)  J, mq(w) q:(w)
dL ) (A.29)
a 1
= | R(w,a)n(w)dw—n,lo ( ) —1Ny—a, =0.
a(a) fw 12108 @ M2 2
Solving for the optimal policies *(w) and A*(a) results in
*(w) = [exp (ROw)) 714 (W) qu (W)™ 17575 exp(—y — 17y — o) 771,
R 1
A*(a) = qy(a) exp (%) exp(—my—ay)2, (A.30)
2

where we have replaced the integral terms in the exponential functions with functions R(a) and R(w) respectively. Both represent
the expected reward for a fixed parameter a or w and are given as

R(w) = J R(w,a)A(a)da,
N (A.31)
R(a)= | R(w,a)n(w)dw.
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With the optimal policies we can solve for the policy update rule, which no longer depends on the lagrangian parameters (except
temperatures 1), and 1,).
We use the fact that t(w) and A(a) are probability distributions ans insert

1= f 7 (w)dw = f Lexp (R(w)) 714 (w)' g, (W)™ 775 dw exp(—y — 1, — a,) 771,

(A.32)
x R(a) 1
= | A(a)da= | gy(a)exp 0 daexp(—my—ay)72 .
a a 2
Rewriting the terms yields
1 1
exp(—y — 1, — @)™ = I

[, [exp (R(w)) mg(w)rqy (w)m 1711 dw (A33)

A.33

1
exp(—ny —ay)"2 z n
f ga(@)exp (%) da.
Plugging Equation A.33 into the optimal policy Equation A.30 gives us the policy update rules
1
. [exp (R(W)) mrq(w)'qy (W)™ J7Fm T
T(w) = — 2 COT AN T o gy (w) [exp (RW)) ma(w) g, (w) 7 )71,
[, [exp (R(w)) 7rq(w)rqy (w)m 177 dw
(A.34)
g5(a)exp (22) R(a)
v SO e (22),
@ eon(22)da "

The optimal policies are weighted updates of their old policy, allowing us to develop an iterative optimization algorithm.

A.5.1 Derivation of the Dual

To solve for the unknown lagrangian parameters 1); and 1, we plug in the optimal policy Equation A.30 into the lagrangian approach
Equation A.28 yielding

g(n1,m2) :f f R(w, a)m*(w)A*(a)dadw

- _J;, n*(w)log ( Zl ((MM:)) ) dw— 61]
—n, f A*(a)log( *Ea;)da_ez] (A.35)
-y J n(w)*dw — 1]
—a, f Ala)*da— 1] .
Simplifying the expression results in
g :J J R(w, a)*(w)A*(a)dadw (A.36a)
. m(w) m*(w)
— JW m*(w) [ylog ( nd(w)) + 1 log( 7.0 ) + al] dw (A.36b)
A’*
- L A (a) [le log ( qZEZ;) + az] da (A.360)
+ M€ M€y T Q1+ Ay (A.36d)
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Further simplification give us

=J j R(w, a)n*(w)l*(a)dadw—J *(WR(w)dw + v +n; —f A(@)R(a)da + 1y +n1€1 + M€y +aq +ay
w a w

a

Equation A.36b Equation A.36¢
(A.37)

—J J R(w,a)m*(W)A*(a)dadw + ny€, + nyeq +a; +ay+ 17+ My + 7
w a

=—E[R(W,a)] s+ MmeEr + M€+ ar +ag+my+mp+7.
We now solve Equation A.33 for y + 7, + a; and 71, + a and plug the results into the dual Equation A.37 resulting in

g(N1,M2) =—E[R(W,a)]pas +M1€1 + 126

+(y +n1)log (fw 0, (w) [exp (RW)) mg(w)' g, (w) "] o dw) (A.38)

+ 1, log (f q,(a)exp (1%) da) .

A.5.2 Expectation Approximation

To be able to solve the dual function Equation A.38 we approximate the expectation E [R(w, a)] .+« with samples using importance

sampling, which gives us

*( )A*(a) ~ Il\IZiR(Wi:si)w(Wi’si)
E[R(W,a)] s = f J ‘h( e )]ql(w)qz(w)dadw,w %Ziil)(wi,si) . (A.39)

The importance weights 1(w;,s;) are calculated using the unnormalized distributions from the policy update rules Equation A.34 as

#(w)i(a)

q1(w)gz(a)

_ 2100 [exp(RO9)) g (w) 1 (w)” 117 gy(a)exp(42) (A40)
Q1(W)Q2(a)

— [exp (Rw)) 724 (w) s (w) 7 ] exp( (a))

w(wiasi) =

For completeness, the log transformation of the importance weights log (Qp(wj,s j)) is given as

R(w) +y (log my(w) —logq,(w))  R(a)
T+m ny

(A.41)

log (y(wj,s,)) =
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