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Motivations

Why pHRI:

i) Humans and robots have complementary skills

ii) Some tasks require necessarily two agents (e.g., large/deformable objects co-
manipulation)
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Motivations and Objectives

Why pHRI:

i) Humans and robots have complementary skills

ii) Some tasks require necessarily two agents (e.g., large/deformable objects co-
manipulation)

Objective:

i) analyze behaviors of the human—robot dyad in a peer and leader-follower
fashon

i) towards Role Arbitration!
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Method

i) Modeling interaction i.e. we want to model how a human and a robot can
possibly interact with a system, in the specific case, a Cartesian Impedance
Controller

ii) Game Theory (Differential): perfect for modeling behaviors of players interacting
with a system in a rational way — differential because it models a system that
evolves in time

iii) Two GT models are analyzed cooperative and non—cooperative
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The system: Cartesian Impedance
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The low-level Cartesian Impedance
Control intrinsecally safe and compliant

(measured and virtual, respectively) to
move the system towards a target

The human and the robot apply a force /

A
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Non—Cooperative GT

Human and robot may have different
targets Zyer p/r

Each agent pursue its own objective s Jj ) w
—>
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0
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Cooperative GT

Human and robot may have different
targets Zyer p/r

The agents agree on a shared objective to
improve their own return (wrt Non-
Cooperative)
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Objectives at comparison

LQR:

NCGT:

CGT:
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Objectives at comparison

LQR- ]h,lqr = f (Z - ZT'ef,h)TQh(Z - Z‘ref,h) + u]?;Rh’huh
) T
]T,lC[r = f (Z — Zref,r) Qr(z - Zref,r) + u;leT,huh

NCGT:

CGT:
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LQR- ]h,lqr = f (Z - ZT'ef,h)TQh(Z - Z‘ref,h) + u]?;Rh’huh
) T
]T,lC[r = f (Z — Zref,r) Qr(z - Zref,r) + u;leT,huh

T
]h,nc — f (Z - Zref,h) Qh(Z - Zref,h) + uiT;Rh,huh + u;I:Rh,rur

T
]r,nc = f (Z - Zref,r) Qr(z - Zref,r) + u;;Rr,huh + uz:Rr,rur

NCGT:

CGT:
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LQR- ]h,lCIT' = f (Z - ZT'ef,h)TQh(Z - Z‘ref,h) + uZLRh,huh
) T
]T,lC[r = f (Z — Zref,r) Qr(z - Zref,r) + u;leT,huh

T
]h,nc — f (Z - Zref,h) Qh(Z - Zref,h) + uiT;Rh,huh + u;I:Rh,rur

T
]r,nc = f (Z - Zref,r) Qr(z - Zref,r) + u;;Rr,huh + uz:Rr,rur

NCGT:

]h,c = f (Z - Zref,h)TQh,h(Z - Zref,h) + (Z - Zref,r)TQh,r(Z - Zref,r) + uZth,huh

CGT:
]r,c = f (Z _ Zref,h)TQr,h(Z — Zref,h) + (Z - Zref,r)TQr,r(Z - Zref,r) + u;I:Rr,rur
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LQR- ]h,lqr = f (Z - ZT'ef,h)TQh(Z - Z‘ref,h) + u]?;Rh’huh
) T
]T,lC[r = f (Z — Zref,r) Qr(z - Zref,r) + u;leT,huh

T
]h,nc — f (Z - Zref,h) Qh(Z - Zref,h) + uiT;Rh,huh + u;I:Rh,rur

NCGT: ]r,nc = f (Z - Zref,r)TQr(Z - Zref,r) + u;;Rr,huh + uz:Rr,rur
]h,c = f (Z - Zref,h)TQh,h(Z - Zref,h) + (Z - Zref,r)TQh,r(Z - Zref,r) + uZth,huh
CGT: T T T
]r,c = f (Z _ Zref,h) Qr,h(z — Zref,h) + (Z - Zref,r) Qr,r(z - Zref,r) + uy Rr,rur
By agreeing

T
]cgt = afpc + (1- a)]r,c = f (Z - Zref) cht(z - Zref) + uTchtu
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Objectives at comparison
cht - a(Qh,h + Qh,r) + (1 - a)(Qr,h + Qr,r)

LQR: R o aRh 0
ot [ 0 (1- a)Rr]
NCGT: Zrer = Qegt(ZrefnQn + ZreprQr)
CGT ]h,c = f (Z - Zref,h)TQh,h(Z - Zref,h) + (Z - Zref,r)TQh,r(Z - Zref,r) + uIT{Rh,huh

]r,c = f (Z _ Zref,h)TQr,h(Z — Zref,h) + (Z - Zref,r)TQr,r(Z - Zref,r) + uz:Rr,rur

By agreeing .
]cgt = a]h,c + (1 - a)]r,c = f (Z - Zref) cht(z - Zref) + uTchtu




Abwlluaibi 2023 J'EEE

m Eotbotlcg& ’ IE E E d_dilnd _aoln
l C A R 4 Society Khalifa University

Simulations®

Case i): variations of & = {0.2,0.5, 0.9}

Case ii): small Q- = (0'1 0

0 0 001),a = {0.01,0.05,0.1,0.2,0.5,0.9}

{(5e7>,1e7% 173}

Case ii): small R, ;-

*only the robot’s cost function parameters can be arbitrarily selected, the human’s arerecovered via
Inverse Optimal Control*

1P. Franceschi, N. Pedrocchi and M. Beschi, "Inverse Optimal Control for the identification of human objective: a preparatory study for physical Human-Robot Interaction,” 2022
IEEE 27th International Conference on Emerging Technologies and Factory Automation (ETFA), Stuttgart, Germany, 2022, pp. 1-6, doi: 10.1109/ETFA52439.2022.9921553.
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Simulations - @ = {0.2, 0.5, 0.9}

§ prmm e 1 1 -
0.8 0.8 o 0.8 ‘
E06 A E06 Eosf
5 5 5
= —X = X = —X
= cgt = cgt = cgt
504 ] . 704 - @04 _x
o negt o ncgt o negt
X
lar lgr lgr
0.2 0.2 0.2
X ref,h X ref,h X ref,h
X ref,r L —x ref,r s —X ref,r
0 . . 0 . : - ol : . z
0 1 2 3 0 1 2 3 0 1 2 3
Time [s] Time [s] Time [s]
(a) shared position with ¢t = 0.2. (b) shared position with o = 0.5. (c) shared position with o = 0.9.
60 40 ¢ 140
—u U
h,cgt h,cgt
50 } | u _u 120 I
\ rcgt 30 r,cgt ‘.
_. 40 "‘. _uhncgt . 3 _uhmogt _100 _uhg::gt
=) \ _umcgl Z 201 _unncgl Z 80 "‘. —u r.egt
5 30 F~~Up iy 5 N ~Yhiar S 60 \ Y ncgt
° ,u © : © | u
= r,Igr S 10l = r,negt
E = . E --u
£ £ £ h.lgr
8 8 8 "’ur\qr
0 [ : .
-10 S ‘ -10 ‘
0 1 2 3 0 1 2 3 2 3
Time [s] Time [s] Time [s]
(d) control effort with & = 0.2. Blue lines (e) control effort with o = 0.5. Blue lines (f) control effort with a = 0.9. Blue lines
human control actions, red lines robot. human control actions, red lines robot. human control actions, red lines robot.



JAbeDheabi 2023

[ | éEoEbitlcs& éi_c':.'n.J_‘\ &_Q.ol;\
@ Automation . . .
l . Society Khalifa University
Simulations - Q,.,- = diag(0.1,0.001)
)
1.2 ¢ 120 120 |
—LUp, &= 0.01 —IJr, a =001
1 fommmm e e —— e ———— - 100 | __u, =005 100 | LU =005
L Llh,crzﬂ.1 Ur,azcl.'l
ED 8 - Z 80 —u,, =02 Z 80 | —u,. o= gz
— 1 - + I'.I _u,, a=05 U, o=
0.6 L 60 u:,rx:n_g é 60 U, a=09
= _ ~*mih @ I ©
@ — A —
o i X i o 40 o 40
a 04 =001 1= I= s
ey & 20} 8 20|
— X, a = 0.2 =, —
—x, a=05 0t \\H__:E_':::_-__—_—_; e —— -
| X, = 0.9 | | | { ! |
2 3 0 1 2 3 0 1 2 3

Time [s]

(a) position state history with increasing o

Time [s]

(b) human control action with increasing .

Time [s]

(c) robot control action with increasing o.



JAbeDheabi 2023

IEEE AP NLY.
i c A R @25%;5%& IEEE )ﬂ‘ Khali?a Universitb).r

Simulations - R, = {5e7>,1e™*, 1e~>
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Simulations — cost
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Fig. 4: Human (blue lines) and robot (red lines) costs for the three

controllers for various & in the simulated cases.
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(a) measured position for CG with & =0.5.

(b) measured position for LQR with & =().5.
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(c) measured position for NCG with o =0.5.
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(d) CG measured human and robot control
efforts and nominal human control effort.

Time [sl

(e) LQR measured human and robot control
efforts and nominal human control effort.

Time [s]

(f) NCG measured human and robot control
efforts and nominal human control effort.
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Experimental results
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Fig. 6: Computed Human cost varying «.
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Fig. 7: human’s control errors for the three controllers varying o.
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Conclusions

Cooperative GT:

i) high values of a: the robot tends to assist the human in pursuing his/her goal. This
situation is seek when the human is leading the task and wants the robot’s assistance as
follower

ii) low values of a: the robot expects the human assistance, this situation does not apply to
real-world applications

Non-Cooperative GT/LQR:

i) Low values of a: the robot tends to pursue its own goal. This situation is desirable for
some specific sub-tasks (e.g., precise positioning of a large co-manipulated object)
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Target — Role Arbitration?

Role Arbitration: dynamically switch the leader-follower role during a task

Implementation: dynamically switch the Cooperative Non-Cooperative formulation
of the problem

1P. Franceschi, N. Pedrocchi and M. Beschi, "Human—Robot Role Arbitration via Differential Game Theory," in IEEE Transactions on Automation
Science and Engineering, doi: 10.1109/TASE.2023.3320708
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Role Arbitration-application
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Thank you for your attention!
paolo.franceschi@supsi.ch
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