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Abstract— This paper investigates synchronized optimization
with prescribed performance for the strict-feedback system with
time-synchronized convergence property, which is the highly es-
sential performance desired in various real-world high-precision
control applications. The prescribed performance is considered
to keep the state-variables within a predefined region during
the control period to meet the required system performance.
To consider optimization performance while also concurrently
attaining the time-synchronized properties simultaneously of
each backstepping subsystem, optimized backstepping is uti-
lized to establish the learning framework; wherein the norm-
normalized sign function is appropriately incorporated in each
backstepping subsystem, which generates the decomposition
of the optimal system control and gradient term of the cost
function with appropriate time-synchronized control items and
unknown independently learning parts to be approximated
with neural networks. With this decomposition design, the
learning objective is transformed to adaptively explore the
optimal control parameter in the admissible policy region.
By additionally employing the adaptive dynamic program-
ming technique, actor-critic method, and gradient-constrained
method, the solution of the Hamilton-Jacobi-Bellman equation
is iteratively approximated while the learnable parameter stays
within the predefined region. The work here has the outcome
of time-synchronized convergence which surpasses the usual
typical developments in this class of problems considered. The
proposed method is verified with the vehicle platoon problem
to show its effectiveness in that the system preserves special
properties of time-synchronized stability and control while
optimizing the overall system control.

I. INTRODUCTION

High-precision performance optimization and control have
raised great attention and are being applied to various areas,
which further require the specific performance in the finite-
or fixed-time convergence, (fixed) time-synchronized con-
vergence, constrained performance, prescribed performance,
optimized performance, and so on [1]. Generally speaking,
the standalone performance is not adequate for the demand
of accomplishing multiple complex specific tasks, the con-
strained and synchronized optimization is studied in this
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work, which essentially considers the prescribed performance
and time-synchronized convergence.

The practical systems are usually safety-critical systems,
which require system performance to satisfy certain limits,
and are denoted as the safe zone/region. To satisfy the
safety requirement of the system, the constraints on the
system state-variables are usually considered. Regarding the
constrained control methods, the Barrier Lyapunov function
(BLF) can effectively keep the system state-variables stayed
within the desired zone by keeping the BLF bounded in
the close-loop [2], [3]. The prescribed performance con-
trol (PPC) is a more direct way to constrain the state-
variables and realize prescribed tracking performance [4].
Model Predictive Control (MPC) is another effective method
to consider system constraints explicitly by solving the open-
loop optimization problem in the predictive horizon with the
consideration of system tracking performance and control in-
puts, which usually require substantial online calculation [5].

The important concepts of time-synchronized stability
(TSS) and fixed time-synchronized stability (FTSS), also
termed as a simultaneous-arrival-to-origin (SATO) conver-
gence, specifically require all state-variables of the system
converge to the origin at the same time [6], which have
been well-investigated and recognized as the critical demand
in the control design of various practical systems, e.g.
synchronously motion and cooperatively work in the multi-
agent cooperative missions, the synchronization control for
shift control of inverse automated manual transmission to
rejects jerk [7], adaptive reference-free trajectory planning of
autonomous vehicles under multi-scenario driving [8], syn-
chronized control governor for autonomous vehicle motion
control to reduce the chattering [9], etc.

The time-synchronized property is innovated by the
core analytical methodology of the formally defined norm-
normalized sign function when compared with the classical
sign function [10]. The characteristic of the norm-normalized
sign function is that each output element contains informa-
tion on the whole input vector, which enables the overall
system control to guide all system state-variables converge
time-synchronously [11]. This ultimate time-synchronized
convergence property is also additionally notable for at-
taining superior system performance with an outcome of a
shorter and smoother output trajectory; less chattering on the
output trajectory; and also lower energy consumption; which
can be obtained after the optimization of control inputs. To
consider optimization performance on system control while
also concurrently attaining the important time-synchronized
properties simultaneously, reinforcement learning (RL) and
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adaptive dynamic programming (ADP) that are always re-
garded as effective learning-based sequential control methods
can be employed by satisfying Bellman optimality and solv-
ing the Hamilton-Jacobi-Bellman (HJB) equations [12]. Due
to the inherent nonlinearity of the HIB equation, the unique
solution is usually impossible and rather complicated to be
directly obtained, which requires neural networks (NNs) as
an approximation for iteratively solving [13].

From a deeper perspective, synchronized optimization
with prescribed performance and time-synchronized con-
vergence property for high-order system control is an im-
portant requirement, which is not yet well established in
current research. In this work, for the high-order strict
feedback system, the prescribed performance is considered
to keep the state-variables within a predefined region dur-
ing the control period to meet the required system per-
formance. To consider optimization performance on system
control while also concurrently attaining the important time-
synchronized properties simultaneously of each backstepping
subsystem, optimized backstepping is utilized that considers
the learning-based method with ADP and NNs approxi-
mation to solve the HIB equation with iterations. In each
backstepping subsystem, control is decomposed into the
nonlinear control law and NN-based unknown part to be
optimized via iterative learning. With this decomposition,
the learning part of reinforcement learning is transformed
to adaptively explore the optimal control parameter in the
admissible policy region. By designing the specific form
of the control law with the norm-normalized sign function
into the learning framework, the system preserves special
properties of time-synchronized stability and control while
optimizing the overall system control. The proposed method
is applied to the vehicle platoon problem, which has verified
the effectiveness of the optimization and constrained control
with the time-synchronized property.

Notation: R and R™ are the set of real numbers and the n
dimensional Euclidean space, respectively. || - || denotes the
vector norm or matrix norm in R". diag(xy, za,...,2,) is a
diagonal matrix with diagonal elements x1, zs,..., Tp. T < Y
denotes that vector y is element-wisely greater and no less
than the vector z, respectively.

II. SYNCHRONIZED OPTIMIZATION WITH PRESCRIBED
PERFORMANCE

Consider the strict-feedback system with the following

form as
{i‘i = fi(Z) + 9i(Ts)xip1,

1

where z; = (z1,22,...,2;), ©; € R™ denotes the system
state-variable, u € R™ is the control input.

Assumption 1: [14] The system dynamics f;(Z;) € R™
and g;(z;) € R™*™ are second-order differentiable. g;(Z;)
satisfy det(gi(z;)) # 0.

Let the reference signal y4(¢t) be a sufficiently smooth
function. Define the tracking error for the first backstep-
ping step as z; = x1 — yq. The control objective is to

State-variable z;

Prescribed Performance
State Transformation

l State-variable s

i : - Critic for virtual
First Virtual control with

backstepping norm-normalized sign control &
step function and actor NN HJB
) . function

State-variable x; State-variable z,
%, Virtual control with Critic for virtual
backstepping norm-normalized sign control ¢,
step function and actor NN
State-variable X, 41 State-variable z,

- Critic for actual
z, ) Actual control with control
backstepping norm-normalized sign
ste i

p function and actor NN HIB
function

Fig. 1. The diagram of the proposed algorithm

design the synchronized optimization for the strict-feedback
system with prescribed performance, such that the control
law in each backstepping subsystem is optimized under
the reinforcement learning framework with the preserved
time-synchronized property. The diagram of the proposed
algorithm is shown in Fig.1.

A. Prescribed performance state transformation

With consideration of the prescribed performance, system
control is designed to ensure the constraints on state-variable
z1(t) as

np(t) < z1(t) <7p(t) (2)

where 7, 7] are positive constants, p(t) is a time-varying
strictly decreasing and positive function.

In order to achieve the prescribed performance, the con-
straint in (2) is then transformed as unconstrained control,
in which 5(¢) is the transformed error

5(t) = 7' (21(t)/p(t)) 3)

where ®~!(-) is the inverse function of ®(-), and ®(-)
is smooth, strictly increasing, denoted as ¢ for clarifica-
tion. Design the transformation function with the following
form [15]

ﬁeg(t) — nefg(t)

P(5(t) = OO )

Then, (3) is changed into

_ _ t) 1. n+@
s5(t)y=2o 1(21( ):ln &)

) o) 2" s

Further, reformat the error signal as
- 1 _ .

s(t) = 5(t) — 5 In(n/7) — o(3(t)) (6)
where $1In(n/7) is used to keep that s(t) €
[—1In(n/7m), 3 In(n/m]. o(5(t) is used to relax the
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limitation of nonzero initial of $(0) and $(0), which can be
expressed as [16]

50Vt + 25(0)2)e"" 7

ofs(0)) = )

B. Time-synchronized Optimization Design

Synchronized optimization is formulated with the prelim-
inaries of the well-defined FTSS/TSS with norm-normalized
sign function from the earlier work in [6], [11]. The learn-
ing mechanism of synchronized optimization is constructed
with the optimized backstepping and the time-synchronized
control methods, which will be stated in the following.

Step 1: The time derivative of error dynamics of s(t)

E L

T1)T — Ja — pf)@?) —0(3)

(1) +g1(z
=fs(Z1) + gs(T1)z2

where fs(21) = @(fi(Z1) — Ja — (p(t)z1)/p(t)) —
95(71) = wg1(21), w = %(t) %ﬂ - %_ﬁ .

To formulate the optimization problem in subsystem s with
the optimized virtual control o, design optimal cost function

as

0(8),

J*(s) :/ (sT K5+ ajT K, of)dr, )
t

where K, = diag(ks,,ks,, - ks,,) and K, =
diag(kay, s kaygs -5 Kay,, ) are positive definite matrices.

The optimal gradient term of cost function J*(s) and the
optimal virtual control o] can be obtained by solving the
HIJB function [17], which can be expressed as

oJ*
H (s,oﬂ{, (S)> = STKSS—FOéITKalOéI

s o )T (10)
S - - *
+ 757 (f@) +a@ai)
For simplification, denote J: = 08J*(s)/ds € R™,

H(s,a’{,Jg‘) £ H,. The unique solution of H, = 0 can

be obtained by calculating 0H/0a; = 0, which means the

optimal gradient term of cost function J; and the optimal
virtual control o] satisfies

* 1 *

aq 777Ka1 gs( 1)‘]8' (11

Following the time-synchronized control methodology, the

estimation of the optimized fixed time-synchronized control
(TSC) virtual control law can be expressed as

& = g3 1 (@) (~ fo(@1) — 05 — hay)

where o5 € R™ is a switching variable that contains M and
is triggered by s to avoid the singularity problem. h,, is the

12)

unknown learning part to be iterated. M,, o, and iLal are
designed as

M, = K11sigh? (s) + k12sigh? (s) , (13)
M, if ||s|| > ¢

= ° . . ’ 14

o {w+w%®,ﬂwéa 14

ha, = ba, sigl*(s) (15)

where k11, k12 are positive constants, pj, po are defined as
p1=Dpi1/Pie > 1,0 < pa = p3,/p3e < 1, with positive odd
integers piq, Pia» Pa1»> Paas € 1s a small positive constant, ﬁal
is designed specifically to preserve the time-synchronized
property, which contains the learnable control parameter Z)al
that is defined as the output of Actor NNs. The forms of ~;
and -y, are designed to ensure the continuity of the switching
algorithm on o4 and ¢,. The detailed forms can be found
in [6], [11], which are omitted here.

Remark 1: The decomposed form with the nonlinear
design method for the design of the optimized control &)
in (12) can naturally provide the required admissible appro-
priate initial policy as well as suitable learning region [14],
[17], [18], which enables the policy is TSC during the whole
learning period [6], [11].

Correspondingly, with (11), the estimation of optimal
gradient term of value function J; yields

J: =267 (fo(@1) + 00+ hey) (16)

where G, = gs(il)Kgllgg(f1), iLcl = l;cl sigh' (s) € R™
is the independent of the learning part fzal in (12). Bcl is
the learnable control parameter that is output by Critic NNs.
Substituting (12) and (16) into (10), the estimation of H
can be represented as

Hy =s"Kys + & T Ko, a5 + I (= 05 — hay)

The learning objective for subsystem s is to optimize the
learning parts ﬁal and izcl and constrained the parameters
Eal and l;cl in a specific range enabling to iteratively find
the approximated solution of the optimal system control. The
constraints on the learnable region of parameters lA)al and l;cl
will be analyzed with the Lyapunov synthesis.

Remark 2: For the reason there is no explicit control law
regarding the unique solution of the nonlinear HJB function
with the nonlinear model, the iteration-based method is
required to approximate the numerical solution with NNs.
The decomposed design enables the ultimate control to
satisfy some predefined characteristic, e.g. safe and time-
synchronized, which does not influence the relationship be-
tween the optimal control policy and the optimal gradient
term of the cost function. The approximation he and h.
represent the residual unknown parts between the expected
optimized system control and the classic fixed TSC law. The
learning part ha and h. with the specific form preserve the
time-synchronized property during the learning process.

Step 7 (1 = 2,3,...,n — 1): Define the tracking error for
subsystem z; as z; = x; — ;1. The time derivative of error
dynamics of z; is

a7

Zi = fi(Zi) + gi(ZTi)Tig1 — i1 (18)
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Formulate the optimization problem in subsystem z; with the
optimized virtual control o, define optimal cost function as
o0
J*(z) = / (2 K22+ 0T Ko a)dr,  (19)
t

where K., = diag(k.,,, ks, kz,,) and K, =

diag(ka,y» Kains -5 Koy, ) are positive definite matrices.
Following the same way in subsystem z1, the estimation of
the optimized fixed TSC virtual control & and the optimal

gradient term of cost function j; in subsystem z; can be
expressed as

& =g, (@) (= fi(@) — 02 = hay, — G+ 1)
j;i = 2G;1 (fz(i'l) + Oz; + iLci + Ci - Ozéifl)

(20)
2h

where the switching variable o,,, M., (that is included in
0, and includes control parameters x;; and x;2), and ﬁai
can be designed following the forms defined in (13)-(15) in
the first backstepping step by replacing s with z;. (; can be
expressed as

sS
Q{gz 1%i—1

Using (20) and (21) to estimate the corresponding HIB
function H (zi,a;?‘,J;i) as

1 =2

i=3.,n—1 (22)

H (zi,d;‘,j:i) =2I'K, 2+ & TK,,a; +JT
X ( hab _Ci)

Step n: Define the tracking error for subsystem z,, as z,, =
x, — u. The time derivative of error dynamics of z,, is

(23)

— 0, —

To formulate the optimization problem in subsystem z,, with
the optimized system control u*, design optimal cost function
as

T () = / (I'K. 2z + w T Ku)dr,  (25)
t

where K, = diag(k.,,, k2., kz2,,) and K, =
diag(ky, , kuy, -+, ku,, ) are positive definite matrices.

Following the same way in the previous subsystems, the
estimation of the optimized fixed TSC system control «*
and the optimal gradient term of cost function jz*n in the
subsystem z,, can be expressed as

fo(@n)

A~k

u :grtl('in)( - — 0z, — }Alan —9gn—-1%2n—1 *+ &n—l)

(26)

(fn(xn) + 0., + h(,n + Gn—-12n—-1 — an 1)
(27)

*
Jz n

=2G;

where the switching variable o, , M, (that is included in
0, and includes control parameters k,; and x,2), and fzan
can be designed following the forms defined in (13)-(15) in
the first backstepping step by replacing s with z,,.

Using (26) and (27) to estimate the corresponding HIB
function H (2, u*, J; ) as
T

Zn

T ~ kT
=z, K, 2 + 07 Kyt

x(
The learning objective for subsystem 2 to z,, is similar to
subsystem s, the learning parts hq, and h., (i = 2,..,n) are
optimized and the parameters lA)ai and l;ci are constrained
in a specific range to find the approximated solution of
the optimal system control. The constraints on the learnable
region of parameters bal and b will be analyzed with the
Lyapunov synthesis.

H (zn, u*, j:ﬂ) 28)

- ha'n

— Oz, - gn—lzn—l)

C. Reinforcement Learning Algorithm Design

In this section, the iterative algorithm that contains policy
evaluation and policy improvement procedures is designed
to realize the learning objective, which optimizes the overall
system control with attained FTSS property. The procedure
of the iterative algorithm is established under the actor-
critic framework as shown in Fig.1. To realize this process
that solves the rather complicated HJB equation in each
backstepping step, the evaluation signals are defined with
RL methodology and utilized for policy improvement. The
residual signals are defined as follows for policy evaluation,
and we take the subsystem s for example

=H, — Hb, (29)

61:15

édf ::dl + Kozl 9s ( )J:a (30)

The updating step can be described as updating the esti-
mation of the optimal gradient term j;* towards the HJB
equation, then updating the estimation of the optimized
policy &) towards the extremum point of HIB equation.
Rewrite the residual error € in vector form as ép, =
[eH - €, ]T to consider possible different calcula-
tion ranges of each element, in which the i-th element

by, = = kyis2 4 ka,, 012 + J%(—0s — ha,,), and oy =
[031, Os2, ...,O'SZ,L]T, halA = [hayys Payys s ha,, ]T. The con-
straints on the by, and b, satisfy
o, £ {ba, €R | 5(ba,) <0, j=1,2}, (3D
e, £ {be, €R | x;(bey) <0, 5 =12}, (32

where 1;(b,,) is the j-th element in v (b,,) and x;(be, )
is the j-th element in X(i)cl)- Denote Mi min =
Kl,minSTSigfll (S) + ﬁQ,minsTSiggQ (S) and Ml,max
K1 maxS . Sigh' (8) + K2.maxs” sigh? (s) with appropriate con-
stants K1, min > 0, K2,min > 0, K1,max > 0, K2,max - 0.

7 _Ms - iLa + Ml min

ba,) = s ’ , 33
w( 1) |: Ms + ha1 - Ml,rnax :| ( )

7 _Ms - ]Alc + Ml min

be,) = e ) , 34
X( 1) [ Ms + hc1 - Ml,max :| ( )

The error signals for the updating of l;al in the estimation
of optimal system control input &7 and b, in estimation of
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optimal gradient term js* are designed as

6561 = Proj(—’yclfcléﬁs) 35)
oy — Proj(_@aiEai) (36)
where
8éﬁ 8éH
T, = = Sla oy — | € Rlxm7®a = [Yers Var ]y
. [ .. 9., = [er Y|
Vier,a1} € R+,Eal = [Fgéﬁsvebi] S RQXl €y, = ?)al - l;clv

The updating equation with the consideration of constraints
is designed with the gradient projection method [14], which
is used to confine all elements of the learning part vector to
be inside the constraint sets ®., and ®,,. If some updating
direction of the learning part vectors are going to be outside
the constraint sets ®., and ®,,, these elements are bounded
by the projection operator after updating. If the elements of
the updating direction of the learning part vectors are inside
the constraint sets ®., and ®,,, these elements will maintain
their value.

The property of the iterative algorithm can be stated in the
following main result.

Theorem 1: Consider the strict-feedback system gov-
erned by (1), the prescribed performance is satisfied with
state transformation, then design and approximate the op-
timal system control inputs with the TSC law form as (12)
in the first backstepping step, as (20) in z;(i =2,...,n — 1)
backstpping step and as (26) in z, backstepping step, and
approximate the optimal value of the term J} as (16) in
21 subsystem, J7, as (21) in z; subsystem, J; as (27) in
zp, subsystem. With the same design method of updating the
equation on the unknown part shown in (35)-(36), the error
signals for each backstepping step can be designed as

(37)
(38)

¢, = Proh](ffyclfcleﬁ(.))
ey, = Proj(—0©,, Eq;)

with 7ve,, Tc,, O, E~ai that follows the design method in the
first backstepping step, éH(,) is égy_or éﬁzi' The estimation
of the optimal system control input and the associated
gradient term of the cost function in each subsystem can
eventually satisfy Bellman optimality via learning iteratively.
The closed-loop system is FTSS, and the time-synchronized
optimized control performance can be guaranteed.

Proof: The main parts of proofing will be stated as
follows Firstly, consider the Lyapunov function candidate
V, = 75 Tsg4 1 ZZ g 2lzi = Vo + Y1, V.,. We prove
that the state- variables s and z; converge in fixed time and
synchronously. Calculating the time derivative of V, and
substituting the control laws in all the subsystems

iLal +9522) + Z;( - JZ2 — ha2 — gsS

n—1
+ g273) + Z 2 (= oz - ha
i=3

T
+ Z’VL ( - O-Zn - han

Ve sT(— o -
—gi—1%i-1+ 9i2i+1)

- gn—lzn—l)

= ST(—US_i:Lal)‘i_

1=2
14+py N 1+py 1+p 1+P2
=272 (ki1 +ba)Vs 2 =272 KiaV 2
n
1+py ~ 14pg 1+P2 14py
+ E (=272 (ki +ba,) Ve, 2 —2 KioVz 2 )

i=2

With this development, the convergence of state-variables
and the finite setting time are therefore guaranteed.

The (37) and (38) are derived with the subsequent learning
procedures of policy evaluation and policy improvement
under the generalized policy iteration frame. The overall
system control is optimized by obtaining the solution of the
HIJB function at each subsystem, which means the defined
policy evaluation signals are expected to €y ,ég  — 0
and ésr,€q» — 0. The policy improvement upda{tes the
estimation of the optimal gradient term J j 7. that pushes
the estimation H — H, =0, H — H,, = 0; and the
updating step on the estimation of the optimized control &},
u* towards/holds as the extremum point of current residual
error €5 =0 and ey = 0, subsequently. Take subsystem
s for example, €ar can be calculated as

ha1 - h01 Bal - Ac

Gay = L e Ju = Dergomyg (39)
TG e o)

Design Lyapunov function candidates V. and V, that are

equivalent to eH =0, eH = 0 and é3: = 0, €z~ = 0,

which can be expressed as the following form

Vo=Vet+ Vo, (40)
where
1 o n 1 o
Vc = §€Hs H, + Z ieHz .’ (41)
i=2
n 1 /. ) 9
Vo= ; 5 (ba = c,) 42)
The time derivative of V. and V, with (37) and (38) is
‘./c _eH Fcleb + Z éTI:Izi Fcie{, < ’Ycl H, Fcl c €
i=2 '
—Y veéf Tellég <0 (43)
i=2
av, aV, av,
Vo = —e; = = — (e —e )
; <8ba,; bai, 8b(’ bc,) ; 8bai ba7 b(’,
" N2
< a2 (b, =) <0 (44)
i=1

With this, and with the gradient projection method, the
closed-loop system is FTSS, and the time-synchronized opti-
mized control performance can be guaranteed. The required
proof is thus completed. [ ]
Following is a pertinent remark related to the proof above:

Remark 3: The settings of Kiimin» RKi2,min» Kil,maxs
K2 max 0 M min M; max decide the range of the learning
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parts IA)al. and Bci, which finally influence the property of op-
timization and convergence with the designed system control.
The constraint sets on I;ai, i)c? ensure that the control stays
in the admissible policy region that satisfies

~Dyz1 <V, <Dgs

where Dy 1 and Dz 5 are designed boundaries when r;1 and
Kio are set as the min and max values, respectively. Thus the
work here has the outcome of time-synchronized convergence
which surpasses the usual typical developments in this class
of problems considered.

III. SIMULATION

In this section, the autonomous vehicle control problem
is considered to verify the effectiveness of the proposed
synchronized optimization algorithm. The dynamics of each
vehicle i-th in the platoon as the following form [19]

Pi = Vi, Uy = ag, a4 = —1/7i0; + g, (45)
where p;, v; and a; denote the position, velocity and ac-
celeration of ¢-th vehicle, respectively; 7; denotes the time
constant parameter; u; is the control input of the vehicle i.

Design yq; = pi—1 — ds,i. ds; is the expected spacing
of the vehicles. The initial positions are set as -lm, -
13m, -25m, -36m, -46m, and -56m, respectively. The initial
velocities are 10 m/s, and the initial accelerations are zero. In
the time-synchronized control (TSC) and time-synchronized
optimization control (TSOC), control parameters are set as
the same: k11=10, Ko1=5, K31=5, K12=2, K92=2, K32=2,
p1 = 1.1, po = 0.65. In TSOC, the ki, kos, k3s increase
with 0.01 from 1 to 10 at each 0.01s time-step. k1., koc, k3
decrease with 0.01 from 3 to 0.1 at each 0.01s time-step.
The parameters 7. = 0.018 and 7, = 0.01. The control
performance of the TSC and TSOC are compared as shown
in Fig. 2. The trajectories of state-variables zi, zo and zj3
are shown in Figs. 2 (a)-(e), (f)-(g) and (h)-(i), respectively.
As shown in Figs. 2 (a)-(e), the state-variables s; to ss
are constrained within the prescribed region. The control
performance is better with the proposed time-synchronized
optimization control with less fluctuation and control inputs.
Time-synchronized optimization control can optimize the
system control in a manner that each state-variable element
converges and arrives at the origin synchronously in each
backstepping step, which satisfies the requirement of high-
precision control problems.

IV. CONCLUSION

Based on the methodology of time-synchronized opti-
mized control, this paper has proposed and investigated
synchronized optimization with prescribed performance for
the strict-feedback system. To effectively achieve such high-
performance control, prescribed performance control and
optimized backstepping, and adaptive dynamic programming
are utilized to establish the learning framework thein the
norm-normalized sign function is appropriately incorporated
in each backstepping subsystem. With the decomposition

(1) ~=-=-
2y m

0 10 20 0 il 2 3
Time[s] Time[s]

Fig. 2. Comparison of the trajectories of the state-variables z1, z2, and
z3 with TSC and TSOC.

design, the learning objective can be transformed to adap-
tively explore the optimal control parameter in the admissible
policy region, which is analyzed via Lyapunov synthesis. The
effectiveness of the proposed method has been verified with
the vehicle platoon problem. The results show that the overall
system control is optimized and prescribed performance is
ensured while attaining special time-synchronized properties
during the learning process. In the future, we will apply
this method to more complex and abundant synchronized
optimization problems among various types of unmanned
vehicle systems.
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