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coordination control of the multi-robots system under study. The validity of the proposed method is
verified through simulation studies.
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1. Introduction

Coordinated manipulation of multi-robots has attracted
researchers' attention as it provides better rigidity and feasibility
compared to manipulation of a single robot, yet it brings along
challenging control problems [1]. Different from control of a single
robot manipulator, a coordination scheme is needed to avoid
possible disagreement between multi-robots, which will lead to
undesired results, e.g., large internal forces [2]. Typical coordina-
tion control schemes include hybrid position/force control and
leader-follower control [3]. Hybrid position/force control consid-
ers the position of the manipulated object to be in a certain
workspace, and the internal force to be within a small range
around the origin. In comparison, the leader-follower method
introduces a leader individual, which is followed by other manip-
ulators. Regrading these two coordination control schemes, while
the former requires the separation of directions for position and
force controls [4], the latter needs multi-robots to communicate
with each other through different interfaces. Enlightened by the
idea of optimal control, i.e., to achieve the trajectory tracking and
simultaneously to penalize the control effort, we propose a
coordination scheme in this paper to avoid limitations in existing
methods. In particular, when manipulating a common object by
multi-robots, each individual aims to track a prescribed trajectory
while it complies to others by penalizing its own control effort.
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This will lead to an optimization-like problem which cannot be
handled by conventional optimal control, e.g., linear quadratic
regulator (LQR) [5], due to uncertain and nonlinear system
dynamics. In the literature, reinforcement learning, also known
as adaptive dynamic programming, has been extensively studied
in the control community to address this issue [6,7].

The idea of reinforcement learning is inspired by the phenom-
ena that human beings and other animals always learn from
experience through reward and punishment results for survival
and growth [8-11]. In particular, biological experiments show that
the dopamine neurotransmitter acts as a reinforcement signal
which favors learning at the neuron level [12]. Based on reinforce-
ment learning, a control signal can be generated for an agent to
interact with unknown environments. Typically, a cost function or
a reward function is defined to describe the control objective, and
a control scheme is developed to minimize/maximize the defined
cost/reward function [13]. Therefore, a reinforcement learning
control can be developed in the form of a composition of two
parts: a critic network and an actor network. A critic network is
developed to approximate the cost function, while an actor net-
work plays a role to minimize the cost function. Reinforcement
learning control has been developed in both continuous-time and
discrete-time domains. In [14], a reinforcement learning control
has been proposed for systems in continuous time and space. In
[15], a state observer is introduced to estimate the future state for
the design of adaptive dynamic programming for unknown non-
linear continuous-time systems. In [16], a discrete-time reinforce-
ment learning control is proposed with Lyapunov stability
analysis. In [17], optimal control is proposed for unknown
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nonaffine discrete-time systems by employing adaptive dynamic
programming. Reinforcement learning control has also been
investigated in control of robots. In [18], a natural actor-critic
algorithm is adopted for the learning of proper impedance for
robots in interacting with unknown environments. In [19], the
algorithm of policy improvement with path integrals is integrated
with reinforcement learning to achieve variable impedance con-
trol. In [20], impedance adaptation for robot control is developed
based on adaptive dynamic programming proposed in [21].
Literature reviews of reinforcement learning can be found in
[22,23], which introduce the use of reinforcement learning in
feedback control and state open challenges of developing a
reinforcement learning control.

Based on the above discussions, in this paper, we will introduce
a reinforcement learning control for coordinated manipulation of
multi-robots. First, a cost function is defined to describe the
tracking objective of each individual robot manipulator and its
compliance to others. Then, the coordination problem of multi-
robots will be transformed to an optimization-like problem. A
reinforcement learning control will be designed to minimize the
defined cost function, in the presence of unknown system
dynamics. Eventually, through Lyapunov stability analysis, the
performance of the proposed method will be discussed in detail.

The contributions of this paper are highlighted as follows:

(i) the problem of multi-robots coordination is formulated such
that both the tracking objective of each individual robot
manipulator and its compliance to others are described, with
neither the separation of task spaces nor extra communica-
tion interfaces;

(ii) system dynamics are transformed to a general model similar
to that of a single robot manipulator for the feasibility of
control design; and

(iii) a reinforcement learning control is developed subject to
unknown dynamics of robot manipulators and object, which
guarantee the coordination control of multi-robots.

The rest of the paper is organized as follows. In Section 2, the
problem of coordination control under study is formulated. In
Section 3, the transformation of system dynamics and design of a
reinforcement learning control are detailed, followed by the
rigorous performance analysis. In Section 4, the validity of the
proposed method is verified through simulation studies. Section 5
concludes this paper.

2. Problem formulation
2.1. System description

The system under study includes n individual robot manipula-
tors and a rigid object, where the object is tightly grasped by the
end-effector of each robot manipulator. It is assumed that there is
no relative motion between the robot manipulators and object.

The dynamics of the object in the task space are described as

Mep —Mog =f,
Lo+ x low=1, (1)

where m, and I, are the mass and inertia matrix of the manipu-
lated object, p and @ are the position and angular velocity of the
object, respectively, f, and 7, are the force and torque applied to
the mass center of the object, respectively, and g is the gravita-
tional acceleration.

Define x, = [p”,0"]" where § = @, and we have %, =[p", @]’
Then, the dynamics of the object can be rewritten in the following

form [24]:
Mojéo +Co(ko)).‘o +Go = Fo (2)

ERM, G,= [~

0

where M, = [”100’ ,0] e R™M, Co(Xo)Xo = [wx(}uw]

e R™, and Fo(t) = [ﬁﬂ cRM.

Property 1. The matrix
0"Co(%0)0 =0, for Yo e R™,

Co(xo) is skew-symmetric, i.e.,

The forward kinematics of the i-th robot manipulator is
described by x; = @;(q;), where x;(t)e R™ and gq; e R™ are posi-
tions/orientations in the Cartesian space and joint coordinates in
the joint space, respectively. Differentiating x; = ¢b(q;) with respect
to time results in x; =], ;(q;)q;, where J, ;(q;) € R™>™ is the Jacobian
matrix for the i-th robot manipulator. Besides, J;(x,) is the Jacobian
matrix which describes the kinematic relationship between the
mass center of the object and the end-effector of the i-th robot
manipulator.

Assumption 1. The Jacobian matrices J,;(q;) and J;(X,) are non-
singular in a finite workspace.

The dynamics of the i-th robot manipulator in the joint space
are

M, i(q9)d; + Cr.i(qs 4G+ Gr (@) +JF(@)Fi = upy,  i=1,2,3,...,n
3)

where M, ;(q;) e R™*™ is the inertia matrix, C,;(q;,q;)q; € R™
denotes the Coriolis and Centrifugal force, G,;(q;) e R™ is the
gravitational force, F; denotes the force exerted on the object by
the end-effector of the i-th robot manipulator at the interaction
point, and u,; € R™ is the control input.

By considering the Jacobian matrix J,;(q;), the dynamics of the
i-th robot manipulator can be described in the Cartesian space as
below:

Mi(qpk;i+Ci(qi, X+ Gi(q) +Fi=u;, i=1,2,3,....n 4

where

Mi(q) =] @M@ (@)

Ci(q;,q7) :]&T(Qi)(cr,i(q,', qy)—M;i(q;, Qi).]rjil (Qi)jr,i(Qi)).]rTi] @)

Gi(a) =J,"@)Gri(@), ui=J " (@)ur; (5)

Property 2 (Ge et al. [25]). The matrix M;(q;) is symmetric and
positive definite.

Property 3 (Ge et al. [25]). The matrix M;(q;)—2Ci(q;.q;) is skew-
symmetric if Ci(q.q;) is in Christoffel form, ie. @"(M;(q;)
—2Ci(q;. )@ =0, for Vo e R™.

The control objective of this work is to let the object move
along a desired trajectory x4 while minimizing the control efforts
of all robot manipulators. In particular, we define the following
cost function:

I'it)= /Ooo c(s) ds (6)

where ¢(t) is an instant cost function defined as

n
c(t) = (%o —Xq) Q1 (Xo —Xg) +Xg Qako+ > Ul Ritty @)
i=1

where Q; >0, Q, >0, and R; > 0.

Remark 1. The rule of thumb to choose Q; and R; is as follows: a
larger value for Q; indicates that a more accurate tracking
performance is expected, a larger value for Q- indicates that a
smoother motion is desirable, and a larger value for R; indicates
that the load of the i-th robot manipulator is expected to be
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smaller. For example, it is usual to allocate a larger load to a
“stronger” robot manipulator (with larger mass and inertia of
moment), so R; should be given a smaller value for this robot
manipulator.

2.2. Preliminary

For approximation of a continuous function h(Z) : R"— R, the
following Radial Function Basis (RBF) Neural Networks (NN) are
used [26]:

h@Z)=wW*sz)+e 8

where Z € R" is the NN input vector, W* is the ideal NN weight, and
€ is the approximation error under the ideal NN weight.
S@Z)=1[51(2),...,51(Z)] is a vector where si{(Z) is chosen as the
Gaussian function for i=1,2,...,1, which is expressed as

—a—mfa—mﬂ

5i(2) =exp{ v ©

where y; is the designed center for the i-th input element of the
NN, and 7; the width of the Gaussian function.

Lemma 1 (Ge and Wang [27]). Consider a positive function given by
vty =Lel(OAet)+1 W or-'owe (10)

where e(t) = () — E¥(t) and W (t) = W(t)—W*, and At)=AT(t) >0
and I'(t)=I""(t)> 0 are dimensionally compatible matrices. If the
following inequality holds:

V(t) < pV(t)+x 1

where p and k are positive constants, then, given any initial compact
set defined by

Q20 = {£(0).£(0). W(0) | £(0), W(0) finite, £*(0) € 2*} (12)

we can conclude that the states and weights will eventually converge
to the compact sets defined by

Q= {é(t), W)l Jim el =g, im W1 =;4;jv} (13)

where constants

W= 2K
¢ pﬂAmin
[ 2K
®
Iuw R pﬂfmin (14)

with Aamin = MiNy < 0.1 Amin(AV)), and
/1Fmin = minv € [O,I]Amin(r7 (V))

3. Control design
3.1. System transformation

By applying the virtual work principle, we can obtain the
relationship between the end-effector forces F; with the force
applied to the mass center of the object F,. In particular, we have

(=F) %1 +(—=F2) 6%y 4 -4 (—Fn) 6xn+F1 6%, =0 (15)
Since 6x; = J;(x0)0X,, we obtain
n
Fo=">"JI(Xo)F; (16)
i=1

Since %; =J;(Xo)Xo+Ji(Xo)X,, the dynamics of the i-th robot can be

redescribed as
Mi(@)]i(o)%o + (Mi@)] (%) + Cildi, 4i)i%o) )Xo+ Gi(gy) + Fi =
7)
Multiplying both sides of the above equation by ]iT (Xo), we have
JT0Mi@)i(%)Ro +J] (%) (M@0 (%0 + Ci(di, 41)i(X0) ) %o
I (%0)Gilay) +J] (Xo)Fi = Ji (xo)U; (18)

By adding the above dynamics of all the robot manipulators
together, we obtain the following combined dynamics:

> xoMi@ixo)%o+ > JT (o) (Mitp) i) + i, 4 i(X0) ) %o

i=1 i=1

+ > N X)Gi@)+ YT xo)Fi= > J o)

i=1 i=1 i=1

(19)

Considering Eq. (16) and substituting the dynamics of the object,
i.e,, Eq. (2), into Eq. (19), we obtain the model of the overall system
as below:

(Z]f(xo)Mf(q,-)Ji(onMo>>'éa+ <Z],T(xo)(M,-(qi)]i(xo)

i=1 i=1

+Cil@5, 4)i(%0)) + ColXo0)) Xo + (Zﬂ(xo)cf(q,-)mo) = > Jixou
i=1 i=1
(20)
By defining
M(g;,X0) = > J (Xo)Mi(q;)]i(Xo) + Mo

i=1

€ GisXor ko) = > JT (%) (Mil@p) (o) +Ci(@1, 41)i(X0) ) +Coltko)

i=1

G(@X0) = Y _J %6)Gi(q)+Go

i=1

u= Xn:jf(xo)u,- (21

i=1
the above system model can be rewritten as
M(q;, X0)Xo +C(qy, G, X0, X0)Xo + G(G;, X0, Xo) = U (22)

According to Properties 1-3, we immediately obtain the
following properties for the combined system (22).

Property 4. The matrix M(q;,X,) is symmetric and positive definite.

Property 5. The ) matrix M(qi,xo)—2C(qi,qi,xo,Xo) is skew-
symmetric, i.e. 0T (M(q;, Xo) —2C(G;, 4;, X0, X0))0 = 0, for Vo € R™.

Proof. ) )
M(G;, %0) — 2C(q;, G X0, Xo)

= > oM@ i(X0) +]{ (X0)Mi(q))]i(X0)) + M,

i=1

= > 2 Xo)(Mi(q:)] i(%0) + Ci(G. 4:)i(X0)) — 2Co(Xo)

i=1
n
= > J ) (Mi(q5) — 2Ci(q;, GV (o) — 2Co(Xo) 23)
i=1
Recalling Properties 3 and 1 of robot manipulators and object
dynamics, we can obtain
Xo (M (g3, X0) —2C(G;, Gi> X0 Xo))Xo

=Y (iXo)%o) (Mi(q;) —2Ci(Gs, G i(X0)Xo +X5 (Mo — 2Co(X0))Xo

i=1



Y. Li et al. / Neurocomputing 170 (2015) 168-175 171

n
= X[ (Mi(q) — 2Ci(Gy. 4i))x;i — 2X3 Co(X0)Xo = 0 24)
i=1

for vx, e R™. Replacing x, by ¢ completes the proof.c

Similarly as in [20], we consider the desired trajectory generated
by the following system:

z=Uz
Xq=Yz
where zeR™ is an auxiliary variable, U e R™™ and Y e R™™ are

known matrices, and (U,Y) is observable. Then, the instant cost
function defined in (7) becomes

c(t) = [xI x1] {_Qél Q%} { o} +x7Qo%, + Z ulRity
i=1

Q -QY
- [xg ZT} {—YTQl YOy { }er Q2x0+;u,,R Uy
(25)
Denote  £=[xI,Z7, T] w=l,ul, . ullT, R =diag[(,(q))
RJT(g)) for i=1,2,...,n, and
Q, -QiY 0
Q=|-Y'Q YQYy o (26)
0 0 Q>
Then, we obtain
oty =ETQE+UTRY (27)

Denote J' =[J1,J3. ....J11". From the definition of u in (21), we know
that u=JTw'. Therefore, the above instant cost function is finally
written as

ct)=E"QE+u"Ru (28)

where R =J TR with JT being the pseudoinverse of J'.

Following the transformation in this subsection, the coupled
dynamics of multi-robot manipulators and object are described in
a unified form, i.e., Eq. (22). Then, it becomes straightforward to
design a control for such a general system to minimize the cost
function (6). Since M(q;,X,), C(q;,q;»X0,X0), and G(q;,x,) are
unknown and typically nonlinear due to the involvement of robot
and object dynamics, we develop reinforcement learning for the
control design of system (22), as detailed in the following
subsection.

3.2. Reinforcement learning
First, a critic network is used to approximate the cost function
at current state, i.e.,
Y= W?TSC(ZC)JFGC
- AT
Y(t) = Wc SC(ZC) (29)

where Z.=¢, and other denotations follow NN denotations in
Section 2.2. An ideal approximation is achieved if the following
error is eliminated:

~T .
21 c-W.Sey (30)

Therefore, the updating law for the critic network is designed
using the gradient descent method, as below:

< oF,
W = - A~
c CdWC
AT. .
=0c(c—W_S5:)Sc 31

where o, > 0 is the learning rate for the critic network.

Second, we introduce an action network to achieve the control
objective discussed in Section 2.1. Define e = x, — X, as the tracking
error, and the corresponding Lyapunov function candidate is
Vi =1eTe. Its time derivative is
V] = eTé

:eT(Xo—xd—I<1e+K1e) (32)
where K is a positive definite matrix. By defining X, = x, — K;e and
e, =X, —Xr, we have

Vi=—e'Kie+eTe, (33)

Considering the system dynamics (22) and another Lyapunov
function candidate V, = lelMe,, we have
V,=1elMe, +elMe,
=lelMe,+el(—Cxo—G+u—Mz,)
=el(—Mx; —Cx, —G+u) (34)
where Property 5 is applied. It is trivial to design an ideal control
= MXx,;+Cx.+G—e—K,e,, where K; is a positive definite matrix.
However, since M, C and G are unknown, an action network is

introduced to approximate the unknown parts of control input, as
follows:

M3, +Ckr +G = WiTSy(Za) + €q (35)
where Z; =[q;,q;,Xo0,X0,Xr,X;]. Then, the ideal control input
becomes

w* = WiTSy(Zy)+eqa—e—Kaey (36)

and the actual control is designed as
U=W,Sa(Za)—e—Kzey 37)

Considering a Lyapunov function candidate for both e and e,, i.e.
V =V +V>,, we have

V=Vi+Vy= —eKie—elKye,+el (W Sa(Za)— €q) (38)

where Wy =W, — W2 is the approximation error of NN weights.
Since the objective of updating law of W, is to minimize the
approximation error W, itself and the estlmated cost function Y,
we define an error variable e = > Wa,Sa+kyY where W ; is
the i-th column of W, and ky is a positive scalar. Again, using the
gradient descent method, we obtain the updating law of action
network as below:

A T -
Wi= _(7u(Wa,iSﬂ+kYY)sa (39

where o, is a designed learning rate for the action network.

3.3. Stability analysis

Consider a Lyapunov function candidate as below:
V=Vi+Vy,+V.+V, (40)
where V. :%WCTWC and V, = Jele,. Its time derivative is
V=Vi+Vy+V.+V,

= —eKie—elKqe, +el (W, Sy —€ea)+ W W +eléq

— —e"Kie—elKqe,+el (W) Sq—eq)

W el (SO W %
i=1 Wa 1
= —eTKle—eszeereI(WuSa —€q)
~ T % UL Y
+W Weteq| > W, S (41)

i=1
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Considering the updating law for the action network, i.e., Eq. (39),
we have

V=—e'Kie—elKye, +e§(W§Sa —€a)+ W:WG
m
~T N
—04S;Saea Y_(WoSa+ky 1)
=
= —eTI<1e—e§I(zev+e5WZSa—e§€a+WZWC

m
—064S¢Sa€a Y _(WiiSa+eq)
i=1
~T ~ T A
= —e'Kie—elKye,+el W, Sq—eleq+ W W — 645! Sqe?
m
—04S;Saea Y WiiSa
i=1

(42)

Considering the updating law for the critic network, i.e., Eq. (31),
we have

V=—e'Kie—elKye, +e{WZSa —eleg +GCWZ(C7 WZSC)SC

m
T 2 T T
—6S}Sa€2 ~ GaShSata > WiLS,
i=1

= —eTI<1e—e§K2ev+e5WZSa —eaea+JCW:(WfTSC+éC—W:SC)S'C

m
T 2 T T
—045;54€; — 64S;S4€q E WgiSa
i=1

~ T ~T ~ T -
= —e'Kie—elKre,+efW Sq—eleq — oW (W Sc+€é0)Sc
m
—0aS4Sa€s —GaSySaea Y WiiSa
i=1
2

ST OcEy

< —eTKie—elKqe, +el W S, —eleq —%UCSZSCWCWC+

m
— 045,542 — 6aSgSaea Y WiiSa (43)
i=1
Substituting inequalities
2 2
763€a§\|e£\\ %
UL T 2
. n s [ ;1 WiiSall 02 .
7sasaeai§:1w;isag T <5+IWgI
~ T
ST ey I1W S, 112
eTW ,Sq < E +"T"
2 P
< He;“ +e2 kY
e KAIWI2 k2 I1W 2
35+e§ 725+Y26 (44)
to the above inequality leads to
. ey lI? KAIWHI2 k3 I1W 2
V< —elKie—elKye,+ 5 24 5 r 2“
leyl? € 1 .Te. +T.- o2
oS S W W+ T
2
— 64STSqe? +"“2€” ol WEI2
68 S — K2 T
< —e{K]e—eﬁ(KZ—I)eV—CTYWCWC
Ga+2 AR
,(aasgsﬂf “2 >e§+ Y 5
€2 ocel 12
+og gt oW (45)

In accordance with the deﬁnitTion of V=V +V,+V .4V, with
Vi =1leTe, V, =1eTMe,, V. =W W, and V, = lele,, we have

V< —pVix (46)

where

p= min{ 2K 1,220 min(K2 = 1), 6cfs, — k3. 2 <aa/)’5a _"”2+ 2) }

2
K e o.e?
_ Yﬂc+7a+ ccc

2 272 “7)

K +0af;
where ¢, €, 3, and 3, denote the upper bounds of €, €., W}, and
W%, respectively. In addition, fs < S.Sc and fs, < S| Sa.

According to Lemma 1, if the following conditions are satisfied:
Ky,—1>0
ocfs,— ky >0

Oq+2

cafs, ——5 > 0 (48)

then, all the closed-loop signals, including e, e,, W, and e,, will
remain semi-globally uniformly ultimately bounded. For comple-

teness, multiplying V = —pV +k by e”!, we can obtain
%(eﬂtV) <keft (49)
By integrating it, we can obtain
K K K
V< <VO —f)Ke*”t+f§V0 += (50
0 2 2 0 P )

Therefore, signals e, e,, W, and e, remain in the compact set
Qq:={y| llyll <u,} and finally they will converge to the conver-
gence compact set £2,:={y| Iy Il <pu.}, where

K 2K
=1/2(VO)+=), p.=/=—
e ,/(<>+p> pe= />

From definitions of p and « in Eq. (47), we find that sizes of £2; and
£2, can be adjusted by choosing different values of design para-
meters, e.g., Ky, K, 64, and o.. They can be made very small but
other effects of improper selection of design parameters should
also be considered.

(5D

4. Simulation study

In this section, simulation study is conducted to verify the
validity of the proposed method. In particular, two 2-degrees-of-
freedom (2-DoF) planar manipulators coordinate to move an
object together along a desired trajectory. These two manipulators
have same parameters, which are given in Table 1, where m;, I;, and
I;, i=1, 2, represent mass, length, and moment of inertia about the
axis that comes out of the page passing through the center of
mass, respectively. The object under consideration is a square with
length [=0.1m, mass m,=0.1kg, and moment of inertia
I, =0.1 kg m2 The desired trajectory of the mass center of the
object is x; =[0.1 cos (£)0.1 sin (£)0]", which indicates that no rota-
tion is expected while the translation motion is a circle. It is

Table 1
Parameters of each robot manipulator.

Parameter Description Value

my Mass of link 1 2.00 kg
my Mass of link 2 0.85kg

L Length of link 1 0.30m

I Length of link 2 0.30m

I Moment of inertia of link 1 0.05 kg m?
L Moment of inertia of link 2 0.02 kg m?
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position (m)

0.2 L L L L
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position (rad)

-0.01L I I | |
0

Fig. 1. Trajectories of the mass center of the object (top and middle: translation; bottom: rotation).
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Fig. 2. Three components of control input.

generated by Eq. (25) with

0 -1 0
U=|1 0 0|, Y=01I (52)
0 0 0

The initial position and velocity of the object are x,(0)=[0 0 0]"
and x,(0) =[0 0 0], respectively.

Denote joint angles of the first and second robot manipulators
as q; and ¢o, and g3 and qq, respectively. Correspondingly, posi-
tions of end-effectors of the first and second robot manipulators
are x; and x,, and x3 and x4, respectively. Then, we have the
kinematic relationship from the joint space of each robot manip-
ulator to its corresponding Cartesian space, as below:

x1 =dy+11 cos gy +15 cos (q; +43)
Xy =1y sing, + 1 sin(q; +q5)

X3 =dy+1; cosqs+1, cos (g3 +qy)
X4 =l sing; +1b sin(q;+qy) (53)
where [d;,0]" and [d,,0]" are positions of bases of two robot
manipulators. For the kinematic relationship from the end-effector
of each robot manipulator to the mass center of the object, we
have

Xo1 =4 cosO+xq

Xo2 =14 sin@+x;

Xo1 = —% cosO+x;

Xo2 = —4 sin@+x4 (54)
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Fig. 4. Instant cost function.

Therefore, the Jacobian matrices from the joint space of each robot
manipulator to its corresponding Cartesian space are

@ —lysing; -l sin(q+¢q,) —Lsin(q;+q,)
@)= licosqy +hcos(qy+¢q,) L cos(q;+qa)
—lisings -l sin(q3+q4) —Lsin(qs+qq)
Jr2@= { licosqs+lcos(qz+q4) 2 coS(q3+qs) 69

The Jacobian matrices from the end-effector of each robot
manipulator to the mass center of the object are

1 0 Iisin®
Jixo) = {O 1 —%cos@]
1 0 —Isin@
J2(0) = {O 1 icos6@ } (56)

For detailed dynamic models of robot manipulators, readers
may refer to [25]. For the critic network, centers are evenly
distributed in [—1, 1], the variance is 50, and the corresponding
number of NN nodes is 2'°. For the actor network, centers are also
evenly distributed in [—1, 1], the variance is 100, and the number
of NN nodes is 2'6. The initial NN weights are all set as zeros. Other

parameters are set as 6, = 0. = 0.1, K1 = 101, K, = 5], and ky =0.2.
A white Gaussian noise of power 0dBW is added into the
control input.

Simulation results are shown in Figs. 1-4. Fig. 1 demonstrates
that the trajectory of the mass center of the object tracks the
desired trajectory. Fig. 2 illustrates that the control input is
guaranteed to be bounded and it becomes very small when the
trajectory tracking in Fig. 1 is achieved. As discussed in the
Introduction, since the control input is penalized in the proposed
method, it leads to compliance of each robot manipulator with
others when there exists disagreement. Besides, norms of esti-
mates of NN weights for critic and actor networks are shown in
Fig. 3, which are found to be bounded and eventually converge to
certain constants. Correspondingly, from Fig. 4, it is found that the
instant cost function defined in Eq. (7) reduces significantly with
respect to time. These results well demonstrate that the proposed
control achieves the tracking performance of the object manipu-
lated by multi-robots, while the compliance of each individual
robot manipulator is also guaranteed.

5. Conclusion

In this paper, we have investigated the control problem for
multi-robots coordinated manipulation. By considering both the
dynamics of the object and robot manipulators, we have obtained
a combined system model which is feasible for the control design.
To address the issue of unknown dynamics, we have employed
reinforcement learning and developed two neural networks for
the control design. Lyapunov's direct method has been used for
the performance analysis of the closed-loop system under the
proposed control. Two-robots co-manipulation has been consid-
ered in simulation to verify the effectiveness of the proposed
control in that trajectory tracking of the object is achieved and the
control effort of each manipulator is minimized.
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