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Human preferences’ optimization in pHRI collaborative tasks
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Abstract— Humans and robots working together have mutual
benefits. The first is great at adaptation to new situations and
has very high intellectual capabilities, while robots are very
effective in assisting humans with heavy/repetitive tasks. In
physical Human-Robot Interaction (pHRI), one challenge is
to tune the robot’s controller to make the interaction with
the human as comfortable and natural as possible. Indeed,
robots’ perception is different from human to human. Moreover,
depending on the target task, different robot tuning may be
preferred. In this work, an assistive Game-Theoretic based
controller is presented, and its parameters are tuned according
to different subjects’ preferences. Preference Based Optimiza-
tion (PBO) allows optimization based on human preferences
and feelings. The aim of this study is twofold: present a
methodology for fast tuning of a pHRI controller according
to the subjective preferences in different situations, and study
general human preferences according to two different tasks.
The two tasks investigated are a precise path-following task and
a fast-reaching task. Experimental evaluations are conducted,
and subjective and objective performances are evaluated and
discussed. Finally, a questionnaire is proposed to the subjects
to evaluate the applicability of the proposed method.

I. INTRODUCTION

Physical Human-Robot Interaction (pHRI) is the study
of the interaction between humans and robots with explicit
physical contact [1]. Applications span from teleoperation
[2], co-transportation [3], rehabilitation [4], and more [5].

Impedance control [6] represents the basis for safe and
smooth pHRI, with the adaptive evolution of IC in the adap-
tation of the impedance set-point ( [7], [8]), and adaptation
of the mass-spring-damper parameters ( [9]-[13]), leading to
hybrid controllers that combine both as in [14]-[16].

In the literature, to describe pHRI, Game Theory (GT)
was proven as a valuable tool to analyze complex interactive
behaviors involving multiple agents, as discussed in [17]. The
use of a game-theoretical framework, mainly dealing with
the non-cooperative situation, is in [18], and similarly, [19].
These works use the so-called Nash Equilibrium solution as
a tool to update online the robot cost function, measuring the
interaction force applied by a human. The result is a vari-
able impedance control with damping and stiffness updated
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online, according to the non-cooperative game. The same
differential non-cooperative game-theoretic problem is also
solved in [20] and [21] by a policy iteration. A general game-
theoretic framework involving an observer for the opponents’
control laws identification allows addressing different game-
theoretical behaviors (Cooperative and Non-Cooperative) for
pHRI in [22], for the two agents game and in [23], with
extension to multiple agents. Such modeling is extended in
[24] for trajectory tracking in the non-cooperative scenario.
Cooperative Game Theory for pHRI is studied in [25], where
is proposed a control framework capable of deforming the
robot’s trajectory during interaction with the human. Given
that GT provides suitable models to address pHRI, this work
wants to investigate the use of the Cooperative formulation in
order to develop an assistive controller for a human operator.

Given the control framework, different parameters have
to be tuned. In particular, the control algorithm typically
has parameters that depend on the user, which can only be
estimated and parameters that can be set according to the
required task, performances, and level of experience of the
user. For example, according to previous research, [26]-[28],
operators prefer low values of the impedance parameters for
large movements at high velocities, while high values when
performing fine movements at low velocities. In [8], these
insights are used to make a variable admittance control. The
damping parameter is made variable according to the velocity
of the robot within a stable region.

Moreover, human subjective preferences may influence
the tuning of the controllers. Different works analyze this
crucial aspect of the HRI, even in domains not directly
related to pHRI. The works in [29], [30] proposes the
tuning of robotic prosthesis control parameters to meet the
user’s preference while ensuring their safety. [31] evaluates
the participants’ perception of the collaboration, and [32]
evaluates the fluency of human-robot collaboration based
on both subjective and objective evaluations. [33] defines
a questionnaire to try to remove the subjective part from
evaluations. Finally, [34] defines subjective metrics to assess
an HRI motion planner. Therefore, it is clear that a method
for control parameter tuning should be defined according to
the various requirements, not least human preferences.

A novel method to optimize parameters based on human
preferences is the so-called Preference Based Optimization
(PBO). PBO aims at optimizing a set of parameters where a
cost function cannot be directly evaluated but only recovered
from preferences expressed by a user. By iteratively propos-
ing to the user a new comparison to make, the algorithm
learns a surrogate of the cost function preferences expressed
by the user. Among the various, in this work, We selected the
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GLISp algorithm [35] to tune the robot controller’s parame-
ters. Such an algorithm has proven great results in tuning
control algorithms based on human preferences as MPC
controller calibration for line keeping, obstacle avoidance,
continuous stirring tank reactor [36], [37], and path-based
velocity planner for tuning material deposition in [38], [39].

Therefore, the main contribution of this work is present-
ing a method for tuning a pHRI controller based on the
preferences of different subjects. Because different tasks
may require different tuning, it is important that such a
procedure is fast and easy. Moreover, interesting results can
be observed as general human preferences. We tested our
methodology on two different tasks, one requiring precise
path following and the other requiring a fast and large motion
toward a target position. The data are analyzed to see general
human behavior and preferences. Finally, a questionnaire is
proposed to the users to check this method’s applicability
in real environments, involving time required for tuning and
satisfaction.

II. METHOD

This section describes the system modeled as a Cartesian
Impedance Control, then formulates the problem of pHRI
with an IC as a Cooperative Game. These first two sections
briefly recall the modeling presented in [25], [40], [41].
Please refer to these works for a more detailed explanation.
Finally, presents the PBO method for tuning the relevant
parameters of the control framework.

A. System modeling

As typically happens in manual guidance (MG) appli-
cations, the robot end-effector motion is described as a
Cartesian Impedance system, as Cartesian space is more
natural for the human operator:

M;i(t) + Dii(t) = up(t) + up (t) (1)

where M; and D; € R®*® are the desired inertia and damping
matrices (note that typically in MG there is no stiffness
matrix). u, € R® and u, € R® represent the measured human
and computed robot effort applied to the system. x is defined
as in [42], with the vector x = [pT ¢7]T where p! are
the position coordinates and ¢’ the set of Euler angles
that defines the rotation matrix describing the end-effector
orientation. Considering Q = [p” ®]” the twist with p the
linear velocity, ® angular velocity, it is possible to write
X = JoQ where J, is the transformation matrix between
X and Q. Finally, (1) can be linearized in the state-space
formulation around the working point! :

V4 :AZ+Bhuh + B, u, (2)

where z = [Ax” #7]T € R'? is the state space vector, A =
|:06><6 J(o :| 12%6 %6 06><6 656
X X s X
6%6 —1p.|° Bh = Br = |: l:|’ Wlth 0
0 ) -M i D; . M ;
denoting a 6 X 6 zero matrix.
lthe non-linearity is due to rotations, this work considers small rotations,

as pHRI applications (e.g., transportation of large/heavy objects) typically
involve large translations and small rotations

A kinematic inversion allows converting reference veloc-
ities from Cartesian to joint space:

Qref(t) = J(Q)+x(t)7

where n is the number of joints and J(g)"* is the pseudo-
inverse of the geometric Jacobian. Simple integration allows
commanding joint positions instead of velocities to the robot.

with  gr(t) € R" 3)

B. Differential Cooperative Game Theoretic modeling

(1) can be rewritten as (2) to include it in a Differential
Cooperative Game Theory (DCGT) framework, leading to

¢=Az+Bu €]

with B € R12X12 = [B), B,] and u = [ u,]T € R1>*1,
The two agents’ objectives can be modeled as the mini-
mization of a quadratic cost function

Ji = /0 ([Z—ngf]T Qi [Z—ngf] —&-uiTR,-ui) dl‘, i= {h, r}

3)
with subscripts i = {h, r} indicating the human and the robot
respectively. z.. is the reference pose, J; is the cost that the
human and the robot incur, Q; € R6*® are the matrices that
weight the state and references and R; € R6*6 weight the
control inputs. Note that in (5) Q; and R; are parameters
that, in the robot case, can be chosen according to desired
performances, while in the human case, can only be recov-
ered by IOC techniques [43]. In this work, performances
are measured and evaluated directly by the human user.
Therefore, tuning of R, is an optimization parameter in the
PBO”.

The CDGT problem consists in the minimization of (5)
subject to (4). Its solution can be found by defining a
weighted cost of the different player’s cost function, which
turns it into a Differential Linear Quadratic problem. The
cost that the two players minimize together becomes:

Jo =0+ (1 —a)J, :/0 (ZTQthJruTRglu) dt  (6)
with u = [ul , ul]" and 7 = 7 — z,p. Where Qg = a0 +
(1—a)Q, and Ry = diag([aR;,, (1 —a)R,]), and o € (0,1)
represents the weight of each player’s cost in the overall cost.
The minimization of (6) has infinite solutions depending on
the choice of a, all lying on the Pareto frontier. This opens
a new problem called the Bargaining theory. In this work,
the choice of o represents a parameter to be optimized. The
LQ-CGT can be seen now as a classical LQR problem:

min Jgt = A ZT Qth"' uT Rgt I/l) d[

st. i=AZ+Bu

; (7N

Z(to) = 2o

’Note that keeping Q, fixed and tuning only R, is sufficient. Indeed it
is only the ratio between parameters in Q and in R that matters, as in
optimization problems min(J) = min(AJ) with A scalar.
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The Linear Quadratic CGT finds the input u as linear
feedback on the state that minimizes (6) subject to dynamical
constraints. Given (4), the control action u is finally com-
puted as:

U= —Bgt = *th Z+ th Zref (8)

with Ko = jolBTP, and P is the solutions of the Algebraic
Riccati Equation (ARE)

0=A"P+PA" —PBR,' —B"P+Qy ©)

Finally, note that the control vector from (8) is composed as
u = [uy, u,)". Because the human exerted force is measured,
the value of u, computed in (8) is substituted by iy, where
the (;) defines a measured signal. Summarizing, this control
scheme models the interaction as a cooperative game and the
human as a rational player in order to provide the robot with
the corresponding control input.

C. Human reference estimation

In hand-guiding applications, the reference trajectory is
typically not known a priori, and the robot must follow as
well as possible human desired reference. So the problem
of estimating the human reference arises. In this work, We
decided to implement an easy yet powerful method based on
the interaction force. The human reference pose is updated
at each cycle by the following:

x;:f:xr_eerKp,h up (10)

with superscripts ™ and ~ referring to the updated and
previous poses, respectively, and K, defines a coefficient
proportional to the human exerted force. K, ;, is an arbitrary
parameter that can be tuned based on human preference.

D. Preference-based optimization

The PBO algorithm employed in this paper is based on
the methodology developed in [35] by some of the authors,
where the GLISp algorithm is introduced. In the following,
the algorithm is briefly recalled. Please refer to the original
paper for full treatment.

E. Building a surrogate function from preferences

The objective of the GLISp algorithm is to learn and
minimize a surrogate function J: R — R of an (unknown)
underlying performance index J based on the observed
preferences. Given a set of parameters ® = {01,...,0y} The
surrogate function J is parametrized as a linear combination
of Radial Basis Functions (RBFs):

N
J(8) =Y Bro(vd(8.6y)), (1D
k=1
where d : R™ x R™ — R is the squared Euclidean distance
d(0,8;) =|/0—6;|3, y> 0 is a scalar parameter, ¢ : R — R is
an RBF, and B = [B; ... By|” are the unknown coefficients
to be computed based on the available user’s preferences.
In this work, the Gaussian RBF ¢(yd) = e~ s used, for
more examples and explanations of RBFs please refer to [44].

Given two sets of parameters 0; and 0; with i # j, the
preference function T:R" x R"™ — {—1,0,1} is defined as:
—1 if ©; “better” than 0;

n(6;,0;) =< 0 if @; “as good as” @

1 if @; “worst” than ;.

(12)

Therefore, the surrogate function J has to satisfy the
following constraints:

J:(ei(h)) < J:(ej(h)) —o+g, if n(6;),0;4) =1

Jgei(h)) > JA(ej(h)) +o—¢, if TI:(Gl-(h),ej(h)) =1

|/ (8i(ny) —J(0;n)| <o +&) if T(8;4),0;4)) =0 03
for all h=1,...,M with M number of expressed preferences,

where ¢ > 0 is a tolerance, and €, is a positive slack variable
which is used to relax the preference constraints.
Defining with Al = J(0ip) — J(O;) =

N
07) (d(8;(4),8x) — (d(8(1),84) . the coefficient vector B
=1

describing the surrogate J is the solution of the Quadratic
Programming (QP) problem, constrained by (13):

M A N
minge Y & += Y, B?
h=] 23
st. A, < —c+eyVYh: by=—1
Ay >c—¢,,Yh: by=1
}Afh| <c+¢,,Vh: by=0
h=1,....M.
with by = 70(6;(;),0;()). The scalar A > 0 in the cost
function (14) is a regularization parameter that guarantees
uniqueness in the solution of the QP problem.

(14)

F. Acquisition function
To guarantee a tradeoff between exploration and exploita-
tion, to generate a new set of parameters, an acquisition

fmlCliOll a(e) can be deﬁned SuCh that
e == alglllilla e . 15

Let’s define an exploration function as the Inverse Distance
Weighting (IDW)

®) { 0 if@c{0;,...,05}
z(9) = -1 1 - (16)
tan (Zfi. w,-(e)) otherwise,
where w;(0) = m
The acquisition function a:R" — R is constructed as:
J(®)

0) = — —5z(9), 17
(0) === —5:(0) a7

where 8 > 1 is an arbitrary exploration parameter and AJ =
max;{J(8;)} —min;{J(;)} is the range of the surrogate func-
tion on the samples in ® and used in (17) as a normalization
factor to simplify the choice of the exploration parameter d.

After an initialization phase, the following steps are iter-
ated for the optimization:

i ) generate a new sample by (15),

ii ) ask the user to express a preference T(0y. 1,0y );

iii ) update the estimate of J through (14);

iv ) iterate over N.
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G. Parameter for optimization

To conclude, in this work We are seeking the optimization
of the robot’s weight on the control action (i.e. R,), the
weighting factor of the cost functions (i.e. @), the propor-
tional gain K, ;, of eq. (10).

The R, is chosen because it affects the cost the robot has
on the control it can provide. As a consequence, the robot’s
behavior is more reactive and can put more effort into the
task to track x,.r. This is the only parameter of the robot’s
cost function because it is assumed that the Q, is always 1
on the positions and about O on the velocities, null all the
rest. In this way, there is a strict relation between Q, and
R,, in the sense that R, is always a fraction of the Q). Note
that this does not change the outcome of the optimization as
min(J) = min(AMJ) VA > 0.

The parameter o represents the solution to the Bargaining
problem. It directly modifies the contribution of the robot
into the global cost function (6) and consequently the global
optimization (7). In general, high values of o represents more
robot contribution and in this work, more robot assistance.

Finally, the parameter K, , modifies the set-point. At each
control step, the set-point is updated according to (10). It is
clear that high values of K}, , make the updated set-point far
from the current one, while low values make it close. This
means that at each control cycle, the farther the set point is,
the higher the control input required to reach it is.

III. EXPERIMENTAL VALIDATION

To evaluate the proposed method, We asked 5 healthy sub-
jects, aged between 27 and 36 years old, to perform two sets
of experiments. The subjects have different knowledge and
experience in the pHRI field, from zero experience to some.
We defined some numerical indices and a questionnaire to
evaluate objective and subjective performances.

A. Design of Experiment

Two sets of experiments are proposed to evaluate the
procedure in two different scenarios. The first experiment
wants to evaluate the preferences of humans in performing
a precise task, as a precise path following in the x—y plane.
Subjects are asked to track the path visible in Fig. 1. This task
is selected to mimic some typical industrial applications such
as painting, cutting, material deposition, or even teaching-
by-demonstration in hand-guiding applications, where the
human drives the robot towards a path. In these cases, the
robot can possibly hold a heavy tool relieving the operator
from the weight, and the human just has to focus on the
guidance asppect. The second task is a reaching task to
evaluate the preferences of humans in performing relatively
fast motions without the necessity to be extremely precise.
Subjects are asked to reach a set point at 650 mm, in the x—y
plane. This task is selected to mimic the approach phase to
a target position. In general, these two tasks are selected to
mimic a scenario where the human moves the robot close to
a target position, then performs a precise task. It is expected
that different preferences are assigned to different tasks with
different goals.

Fig. 1: A subject performing the path following task. The complete
setup is visible.

For both cases, the human’s cost function is com-
posed of Q, = diag([1,1,0.0001,0.0001]) and R, =
diag([0.0005,0.0005]), recovered via Inverse Optimal Con-
trol experimentally in a previous work [45]. The impedance
parameters are M; = 10 and D; = 50. The only parameters
related to the robot which are not optimized during the
procedure are the components of the O, in the robot’s
cost function, which are set Q, = diag([1,1,0.0001,0.0001]).
The robot used for the experiments is a Universal Robot 5
controlled in velocity at 125 Hz. The human interactive force
is measured by a Robotiq FT300 force sensor mounted at the
robot’s end-effector.

The subjects are asked to perform the two tasks as well
as possible and are asked to give a preference based on the
satisfaction of performing the overall task. In the first case,
the subjects are asked to evaluate their performance in the
path following, along with the stress (physical and mental)
required to perform it. In the second case, subjects are asked
to evaluate the support that the robot is able to provide to
reach the target pose quickly and with low effort.

The preferences are expressed, for both experiments, in
two steps. An initial step is necessary to initialize the
GLISp. Four experiments with different parameter sets are
performed, and the user is asked to rank these experiments.
After that, the best candidate solution found is compared with
a new set, and the user is asked to express a preference.
Based on the preference, the candidate solution is either
updated or kept, and the process is iterated until convergence.
We consider convergence when (i) three times in a row the
preferences expressed are “as good as”, (ii) three times in
a row the new set of parameters is very similar to the ones
suggested previously and discarded, (iii) a maximum number
of iteration is reached.

B. Evaluation criteria

We used some performance indexes to evaluate the final
results and to analyze relevant trends.
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For the first case only, the Dynamic Time Warping (DTW)
method [46] is used to compare the trajectories with the
nominal one, to evaluate how well the preference expressed
by the human is able to track it. This is not applicable to
the reaching case because no predefined trajectory is used,
and the subjects are asked to reach approximately a final
position.

For both cases, it is possible to measure the force required
to complete the task, which is computed as the Root Mean
Square (RMS) of the measured force as follows:

18
0 (18)

1 Tend
SrRms = \/ f()2de
Lend

We measure the frys to evaluate how much effort humans
like to put into a task. Indirectly, We want to analyze
humans’ preference for hard or soft haptic feedback in
manual guidance applications.

Finally, a quick questionnaire is proposed to the users
to evaluate their feelings on (i) how long was the tuning
procedure, (ii) how tiring it was, and (iii) how much satisfied
they are with the optimized parameters set. Users are asked
to rate on an interval [0,4], with 0 meaning “no long at all”,
“no tiring at all”, and "not satisfied at all”, respectively. The
questionnaire is asked after each optimization (path following
and reaching) to check if there are differences.

IV. RESULTS

Figure 2 shows the nominal trajectory (red-dashed), the
trajectory with the best DTW (solid blue), and all the other
trajectories performed by a subject with different parameters
during optimization.

measured
: = =reference traj
046 |- [ 3 ‘ ——measured opt

I I I
015 02 025 03 035 04 04

0.64 L

Fig. 2: Trajectories comparison relative to subject 3. Dashed red is
the reference trajectory, solid blue is the measured trajectory with
optimized parameters, and dotted black are all the other trajectories.

We evaluate the DTW to check if the perception of the
human on the best task is also confirmed numerically. In

figure 3, it is visible for the five subjects the range of DTW
measured with different parameters (for subjects 2 and 4,
the range is cut because a trial was close to instability and
too much high DTW is scored). In red is highlighted the
execution corresponding to the preferred by the human, and
in three subjects coincide with the best measured. This study
is useful to check that the preferences expressed by the users
can also be measured and verified so that the subjective PBO,
in this case, corresponds to objective better results.

subj 1
subj 2
ol subj 3
subj 4
subj 5
8 V-
7L
A
o A
Eer 2 |
o A
a
A A A
4 a A N
4
A Py A
TR H :
A 4 §
i : i
o Lal Lal Lal 2
s
o | | I I

Subjects

Fig. 3: The DTW relative to various repetitions of the task with
different parameters. In red is highlighted the preference expressed
by the user. In three cases, the preference expressed coincides with
the best result, while in the other two, the preference expressed is
anyway very close.

A parameter typically used to show the goodness of
a proposed pHRI controller, a measurement of the force
exchanged is given, assuming that the lower is the best. So,
based on the preferences expressed, We want to see if this
sentence is true. The frys is visible in figure 4, for both
tasks. It is, in general, true that low forces correspond to more
pleasant interaction. Despite this, in a couple of cases, this
is not true. This happens in particular for the reaching task.
It seems that humans prefer to reach the set point quickly
rather than save effort. A similar result was also recovered
in [45]

Finally, the preferred parameters set are presented in figure
5 for both tasks for the three subjects. In general, high values
of R are preferred for the path-following task, while low/very
low values are preferred for the reaching task. Recalling that
the parameter R is responsible for weighting the robot’s effort
in the cost function, high values of R mean low effort put into
the task by the robot. So it makes sense that humans prefer
high assistance for large, fast movements and very little
assistance for small and precise motions. High assistance
indeed means faster and easier reaching of the set point
while can introduce oscillation in the case of small, precise
motions.
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subj 1
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Fig. 4: Forces measured. Comparison between the range tested and
the preferred one. Not in all cases, the minimum force means the
human preference (indicated in red).

An opposite behavior is observed for the parameter «,
which is, in general, preferred low for precise path following
and high for fast motions. The reason is the same as for the
R. High values of alpha mean, in the end, higher assistance.

Finally, for the K}, , parameter, low values are preferred
for both tasks. This is due to the fact that too high values
lead to jerky and unstable behavior since the set point is put
too far and always overshoots the real desired target pose.

0.01

o

subj 1
subj 2
09 L © subj3
subj 4
subj 5

0.009 |-

o

0.008

0.8 -

0.007 |-

0.006

0.6

0.005

05 |- 5

0.004

0.003

0.002 |-

0.001 |-

traj reach traj reach traj reach

Fig. 5: Mean optimal values found for the three parameters. On
the left are the parameters related to the path-following task, on the
right to the reaching task

In conclusion, the questionnaire results are presented in
table I for the two tasks. On average, users are pretty satisfied
with the results obtained with the PBO procedure for both

cases. Users also found the procedure not so long and not so
tiring for both tasks. The only slight variation observed is in
the length of the procedure, which was found to be a little
shorter for the reaching case. This can be explained easily
because the time required to perform a single reaching task
was way shorter than a complete path-following task.

Long | Tiring | Satisfied
Path following | 1.25 | 1.00 | 2.75
Reaching 0.75 | 1.00 | 2.75

TABLE I: Questionnaire evaluation results.

V. CONCLUSION

This work presents a method for tuning an assistive
game-theoretical cooperative controller for pHRI. The GLISp
algorithm is used to perform PBO for two different sets of
tasks. Results show that the procedure is appreciated by the
users and is not tiring. Moreover, it is shown that subjective
human preferences are, in general, coherent with numerical
performance indexes. It was also shown that for each subject,
different sets of parameters are preferred for the different
tasks, while similar results are shared between the same task.
This suggests that it is possible to extract general preferences
for tuning such controllers based on the task. To make this
approach more general, online variations of such parameters
will be considered in future works for different tasks. For
instance, a complete task may require fast motion to a target
pose and then precise path following, so parameters can be
changed smoothly on-the-fly. In that case, optimization of
the transition function will be investigated.
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