SUBMITTED VERSION

Difan Tang, Lei Chen, Zhao Feng Tian and Eric Hu

Modified value-function-approximation for synchronous policy iteration with single-critic
configuration for nonlinear optimal control

International Journal of Control, 2019; OnlinePubl:1-13

© 2019 Informa UK Limited, trading as Taylor & Francis Group

This is an original manuscript / preprint of an article published by Taylor & Francis in International
Journal of Control, on 11 Aug 2019. available online:
http://dx.doi.org/10.1080/00207179.2019.1648874

PERMISSIONS

http://authorservices.taylorandfrancis.com/sharing-your-work/

Author’s Original Manuscript (AOM)/Preprint

“Any version of a journal article that is considered by the author to be of suffi-
cient quality to be submitted for formal peer review.”

The AOM is your original manuscript (sometimes called a “preprint”’) before you submitted it to a
journal for peer review.

You can share this version as much as you like, including via social media, on a scholarly collaboration
network, your own personal website, or on a preprint server intended for non-commercial use (for
example arXiv, bioRxiv, SocArXiv, etc.). Posting on a preprint server is not considered to be duplicate
publication and this will not jeopardize consideration for publication in a Taylor & Francis or
Routledge journal.

If you do decide to post your AOM anywhere, we ask that, upon acceptance, you acknowledge that the
article has been accepted for publication as follows:

“This article has been accepted for publication in [JOURNAL TITLE], published by Taylor &
Francis.”

After publication please update your AOM / preprint, adding the following text to encourage others to
read and cite the final published version of your article (the “Version of Record”):

“This is an original manuscript / preprint of an article published by Taylor & Francis in [JOURNAL
TITLE] on [date of publication], available online: http://www.tandfonline.com//Article DOI].”

20 May 2020

http://hdl.handle.net/2440/124816



http://dx.doi.org/10.1080/00207179.2019.1648874
http://hdl.handle.net/2440/124816
http://authorservices.taylorandfrancis.com/sharing-your-work/
https://authorservices.taylorandfrancis.com/peer-review/
https://authorservices.taylorandfrancis.com/peer-review/
http://www.tandfonline.com/

Modified value-function-approximation for synchronous policy
iteration with single-critic configuration for nonlinear optimal control
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ABSTRACT

This study proposes a modified value-function-approximation (MVFA) and investi-
gates its use under a single-critic configuration based on neural networks (NNs) for
synchronous policy iteration (SPI) to deliver compact implementation of optimal
control online synthesis for control-affine continuous-time nonlinear systems. Exist-
ing single-critic algorithms require stabilising critic tuning laws while eliminating
actor tuning. This paper thus studies alternative single-critic realisation aiming to
relax the needs for stabilising mechanisms in the critic tuning law. Optimal control
laws are determined from the Hamilton-Jacobi-Bellman equality by solving for the
associated value function via SPI in a single-critic configuration. Different from other
existing single-critic methods, an MVFA is proposed to deal with closed-loop stabil-
ity during online learning. Gradient-descent tuning is employed to adjust the critic
NN parameters in the interests of not complicating the problem. Parameters conver-
gence and closed-loop stability are examined. The proposed MVFA-based approach
yields an alternative single-critic SPI method with uniformly ultimately bounded
closed-loop stability during online learning without the need for stabilising mecha-
nisms in the critic tuning law. The proposed approach is verified via simulations.

KEYWORDS
Adaptive dynamic programming; approximate dynamic programming; neural
networks; nonlinear control; optimal control; policy iteration

1. Introduction

Nonlinear optimal control generally involves the determination of control laws that
minimise the associated performance cost, where the Hamilton-Jacobi-Bellman (HJB)
equality (Bellman, 1957) or its nonlinear variations are to be solved, or where an
inverse approach without solving the HJB equation (Lopez, Sanchez, Alanis, & Rios,
2017) may apply. In our study, the discussion is focused on the former, where the HJB
equality and its variants, being partial differential equations that are nonlinear, are
difficult to be solved analytically. Practical methods to solve the HJB equation and its
variants are provided through approximation methods, one class of which is the widely
studied adaptive/approximate dynamic programming (ADP) (Werbos, 1974). ADP
techniques are basically iterative approaches built upon the concept of reinforcement
learning (Sutton & Barto, 1998), which approximates optimal control laws as well
as corresponding value functions through policy evaluation and improvement, where
a ‘policy’ is referred to as a control law. Some good reviews are provided by F.-
Y. Wang, Zhang, and Liu (2009), Z.-P. Jiang and Jiang (2013), and D. Wang, He, and
Liu (2017a). To implement the ADP, the value function in the HJB equation needs
to be properly structured, and neural networks (NNs) are ideal candidates given their
universal approximation properties (Hornik, Stinchcombe, & White, 1989).



Offline ADP has been an effective and useful tool for handling optimal control in
various challenging problems, including nonaffine systems (Luo, Liu, Huang, & Wang,
2016; Mu, Wang, & He, 2017; D. Wang, Liu, Wei, Zhao, & Jin, 2012), actuator satura-
tion (Abu-Khalaf & Lewis, 2005; Heydari & Balakrishnan, 2013; Luo, Wu, Huang, &
Liu, 2015), unknown system dynamics (Li, Modares, Chai, Lewis, & Xie, 2017; Luo et
al., 2016, 2015; Mu et al., 2017; Mu, Wang, & He, 2018; D. Wang & Liu, 2013; D. Wang
et al., 2012; Wei, Lewis, Sun, Yan, & Song, 2017; Zhao, Xia, & Wang, 2015), fixed fi-
nal time (Heydari & Balakrishnan, 2013), finite approximation error (Wei, Wang, Liu,
& Yang, 2014), finite horizon (Mu et al., 2018), algorithm simplification (Heydari,
2014; Heydari & Balakrishnan, 2013; D. Wang & Liu, 2013), optimal tracking (Luo et
al., 2016), non-zero initial condition for value iteration (Wei, Liu, & Lin, 2016), and
extension to multi-agent system applications (Li et al., 2017).

With increasing demands on synthesising optimal controllers in real time, online
ADP has been receiving intensive research attention. Online ADP, in contrast to of-
fline methods, features real-time synthesis of optimal control policies for dynamic sys-
tems. The iteration procedures performed on a regular- or irregular-time-interval basis,
where the cost function corresponding to an admissible control being approximated un-
dergoes evaluation before the next iteration commences, can be characterised as being
sequential. These algorithms collect real-time data prior to batch processing for policy
evaluation and policy update at each discrete iteration under either continuous-time
setting (Feng, Zhang, Luo, & Zhang, 2015; Y. Jiang & Jiang, 2014, 2015; Liu, Yang, &
Li, 2013; Vrabie & Lewis, 2009) or in discrete-time domain (Al-Tamimi, Lewis, & Abu-
Khalaf, 2008; Feng et al., 2015; Kiumarsi, Lewis, & Levine, 2015; Skach, Kiumarsi,
Lewis, & Straka, 2018; Wei & Liu, 2014). The study by Vamvoudakis and Lewis (2010)
proposes an attractive ADP algorithm, termed as synchronous policy iteration (SPI),
where policy evaluation and policy update are implemented continuously in time and
simultaneously. The SPI theory framework initiated by Vamvoudakis and Lewis (2010)
has been enormously enriched by latest advances in dealing with faster convergence
(Bhasin et al., 2013), actuator saturation (Huang, Wang, & Liu, 2017; Kiumarsi &
Lewis, 2015; Modares & Lewis, 2014; Modares, Lewis, & Naghibi-Sistani, 2013, 2014;
Modares, Naghibi Sistani, & Lewis, 2013; Yang, Liu, & Wang, 2014), completely un-
known dynamics with unknown nonlinear structures (Liu, Huang, Wang, & Wei, 2013;
Yang et al., 2014), unknown affine nonlinear systems (Lv, Na, & Ren, 2017; Lv, Na,
Yang, Wu, & Guo, 2016; Modares, Lewis, & Naghibi-Sistani, 2013; Na & Herrmann,
2014; Song, Lewis, Wei, & Zhang, 2016; D. Wang, Liu, Zhang, & Zhao, 2016; Zhong,
He, Wang, & Ni, 2018), partially unknown dynamics (Bhasin et al., 2013; Kiumarsi
& Lewis, 2015; Modares & Lewis, 2014; Modares et al., 2014; Vamvoudakis, Vrabie,
& Lewis, 2014), multi-agent systems (Heydari & Balakrishnan, 2014; H. Jiang & He,
2018; Luy, 2018), optimal tracking (Kiumarsi & Lewis, 2015; Modares & Lewis, 2014;
Na & Herrmann, 2014), relaxation of persistent-excitation condition (Modares et al.,
2014), exponential convergence driven directly by estimation error assuming known
ideal parameters rather than being driven by the HJB error (Lv et al., 2017, 2016;
Na & Herrmann, 2014), algorithm simplification (Huang et al., 2017; Liu, Huang, et
al., 2013; Liu, Wang, Wang, Li, & Yang, 2014; Luy, 2018; Lv et al., 2017, 2016; Na &
Herrmann, 2014; D. Wang, He, & Liu, 2017b; D. Wang, Liu, Li, & Ma, 2014; D. Wang,
Mu, Yang, & Liu, 2017; Zhang, Cui, & Luo, 2013), and disturbances and uncertainties
(Huang et al., 2017; Liu et al., 2014; Lv et al., 2017; Song et al., 2016; Vamvoudakis
& Lewis, 2012; D. Wang et al., 2014, 2016).

For stabilisation purpose, most SPI schemes implement separate NNs for the critic
and actor, respectively, each dynamically tuned with a different learning law. Specif-
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ically, actor tuning laws generally contain stabilising terms derived from Lyapunov
stability analysis. To simplify SPI implementation and reduce computational load,
there have been efforts on single-critic approaches where the same NN is used for both
components with the critic NN weights directly passed on to the actor NN (Huang et
al., 2017; Liu, Huang, et al., 2013; Liu et al., 2014; Luy, 2018; Lv et al., 2017, 2016; Na
& Herrmann, 2014; D. Wang, He, & Liu, 2017b; D. Wang et al., 2014; D. Wang, Mu, et
al., 2017; Zhang et al., 2013). Further improvements are seen in event-based methods
based on the single-critic configuration (D. Wang, He, & Liu, 2017b; D. Wang, Mu, et
al., 2017), where the data needed for online learning are reduced. The instability re-
sulted from direct simplification of the actor-critic configuration is recognised in Liu,
Huang, et al. (2013), and critic-NN initial weights need to be determined carefully
by trial-and-error. Guaranteed stability can be achieved by introducing a stabilising
mechanism to the critic tuning law (Huang et al., 2017; Liu et al., 2014; Luy, 2018;
Lv et al., 2017, 2016; Na & Herrmann, 2014; D. Wang, He, & Liu, 2017b; D. Wang
et al., 2014; Zhang et al., 2013). The stabilising mechanism is generally a stabilising
term derived on the basis of Lyapunov stability, either conditionally activated upon
instability being detected (Huang et al., 2017; Liu et al., 2014; Luy, 2018; D. Wang et
al., 2014; Zhang et al., 2013), or continuously in effect throughout online learning (Lv
et al., 2017, 2016; Na & Herrmann, 2014; D. Wang, He, & Liu, 2017b). It is interesting
to note that the SPI schemes in the aforementioned studies share a common form of
value function approximation (VFA) with an NN of standard structure directly em-
ployed. The question is: Can a different form of VFA deliver alternative realisation
of the single-critic configuration for SPI without introducing additional stabilising
mechanisms in the NN tuning law?

Therefore, as our major contributions, this study proposes a modified value-
function-approximation (MVFA) and study its feasibility and efficacy as an alternative
approach under the single-critic configuration. Specifically, closed-loop stability are in-
vestigated.

In the remainder of the paper: Section 2 introduces the problem under discussion
together with some preliminaries; Section 3 proposes an MVFA for alternative reali-
sation of the single-critic configuration for SPI; Section 4 analyses overall closed-loop
stability during online learning; Section 5 gives two simulation examples. Section 6
draws conclusions.

2. Problem and preliminaries

2.1. Problem

The following control-affine nonlinear systems in continuous-time domain is consid-
ered:

& = f(2) + g(@)u, (1)

where & € R™ contains system states of dimension n,, £(0) = xg, with xy being
a vector containing the initial states; u € R™ collects control inputs of dimension
ny; f(x) € R™ refers to internal dynamics of the system; g(x) € R"*"™ denotes
distribution dynamics of control inputs.

Assumption 1. For the system as in (1), there is f(0) = 0. Given a set & C R
including zero, equation (1) is Lipschitz continuous with respect to Q, and there exist
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admissible control u € Z(SQ) that can stabilise (1). f(x) as well as g(x) are assumed
known.

Assumption 2. There exzist || f(z)| < by ||| with constant by € RY and ||g(z)| < by
with constant by € RY (Modares et al., 2014; Modares, Naghibi Sistani, €& Lewis, 20153;
Vamvoudakis € Lewis, 2010).

A proper control law u is desired to minimise
S —
Ve = [ [Qa(®) + uRa] d. @)
0
which is also known as a cost function with a positive-definite function Q(x) and

symmetric positive-definite weighting R € R"«*"u,

Definition 1 (Admissible control). Given continuously differentiable control
u(x) € ¥(Q) with initial condition w(0) = 0, if on € it stabilises system (1) and
if the cost V(xg), Vay € Q, as given in (2) is finite, then the control is considered as
being admissible (Beard, Saridis, & Wen, 1997).

2.2. Continous-time HJB equation
If V € O, differentiating (2) yields
Q(z) + u" Ru+ (f +gu)'VV =0, (3)
with V(0) = 0 and VV £ 2@ ¢ Rne,
The control that minimises (2) for the same initial conditions is deemed optimal

and denoted as u*. The associated cost is V* = min(V) for u € E(Q) and generally
known as the ‘value function’. Specifically,

1
ut = —inlgTvv*, (4)
with which there is
Q+u"Ru* + (f + gu*)"VV* =0, (5)

with V*(0) = 0, which then gives the following Hamilton-Jacobi-Bellman (HJB) equa-
tion:

1 _
—ZVV*TgR_lgTVV* +VvVTF+Q =0, (6)

with V*(0) = 0.

Remark 1. Note that w in (3) can be any admissible control, and there exists a
corresponding cost V' as in (2) that makes (3) hold. However, (5) is a special case
of (3) where u is associated with V' through (4). A residual error arises to the right
of (5) and (6) if the condition of V* = min(V) for u € E(Q) is unsatisfied.



2.3. Policy iteration

To analytically determine V*(x) from the nonlinear HJB equation has been known
difficult. Instead, V*(x) can be obtained through an iterative procedure termed as
‘policy iteration’ (Sutton & Barto, 1998), which requires V*(x) being appropriately
structured and successively approximated (Saridis & Lee, 1979), basically involving
two steps in a ‘actor-critic’ configuration:

e The ‘critic’ for policy evaluation: using (3) to evaluate Vi) resulted from w;).
This is to solve for V(;) from

Q(z) + uly Rug) + (f + gu) Vi) =0, (7)

with V(;(0) = 0.
e The ‘actor’ for policy improvement: implementing updated control, which is

1.
U(ir1) = —§R 'tV V). (8)

The iteration procedure begins with w ) which is an initial admissible control, and
proceeds with the above two iterative steps until reaching convergence at V* and u* or
proximity to V* and w*. It is worth emphasising that for synchronous policy iteration
(SPI), the procedure performs continuously in time, and the above two steps take
place simultaneously (Vamvoudakis & Lewis, 2010). The subscript ‘(i)’ in V{; and
u(;) are unnecessary in the SPI case. However, for ease of explanation of SPI at an
infinitesimal time step, these subscripts are used, only to indicate a general time step
being considered rather than iteration number.

Remark 2. In terms of the single-critic configuration, an actor component is still nec-
essary for a complete policy iteration procedure including SPI. The term ‘single-critic’
refers to the case where the separate tuning for the actor component is eliminated in
comparison to the general actor-critic structure in which both of the actor and critic
components require individual tuning.

3. Modified single-critic configuration

3.1. Modified value function approximation

Analytically obtaining V{;)() from (7) is difficult, and hence implementing policy it-
eration requires proper approximation of the solution. Neural networks (NNs), with
universal approximation properties (Hornik et al., 1989), can be used for this purpose.
Different from other existing studies that use a common form of NN-based represen-
tation for approximating the value function, in this paper a modified value-function-
approximation (MVFA) is proposed, being:

1
V= 5a:TPac + W e 4, (9)

where hidden-layer neurons are contained in ® € R"*  with ideal NN weights being
W* € R*™; P € R"*" jg an additional parameter matrix that is diagonal and
positive-definite; the error of approximation is denoted by ¢ € R.



Accordingly, there is
VV* =Ve®'W* + Px + Ve, (10)

T
|" € R™X" and Ve = 2 € R™.

with V& = VT = [42 i

ox

Remark 3. The discussion in Section 1 has revealed that VFA in existing methods
takes a common NN-based representation, the convergence of which in online learning
necessitates separate actor tuning or stabilising mechanisms in critic tuning laws for
stabilisation. Differently in this study, the proposed MVFA features an auxiliary term
in addition to the standard structure of an NN. The advantages of introducing the
auxiliary term is to be discussed in the remainder of this paper.

Remark 4. The hidden-layer neurons in ® are nonlinear activation functions, which
can be obtained by applying Weierstrass approximation using high-order polynomials
(Finlayson, 1972). The resulting activation functions are the individual terms of a
polynomial of specified order with the NN inputs as variables.

Assumption 3. There exist inequalities H?@H < by |lx|| for by € RY and
Vel < be ||| for be € RY, where by and b. are constants.

3.2. Single-critic structure and tuning

On considering the ‘Policy Evaluation’ step only (i.e., a control law remains fixed for
evaluation), the associated cost function V{;) takes

1
T T
Vi) = W(i)q) + 5 Pz + ), (11)
with its gradient being
YV = V@TW ;) + Pz + Ve, (12)

with W ;) being NN ideal weights that approximate V(;) with the least error £;).

Remark 5. Technically speaking, V{;) in (11) and V' in (2) are equal only in terms of
value, given the same initial conditions and the same control policy, but different in
structure. V' in (2) is structured to give physical interpretation of cost while V(;) in (11)
is specially constructed for mathematical approximation. The term WEE)‘? in (11) is
not equal to uT Ru in (2) but includes the information of uT Ru, since the set ®
contains activation functions in polynomial forms consisting of both  and u.

Remark 6. The discussion at this stage only considers the case of approximating
the cost function for a known control policy w(;. That is, u(; is known and not
approximated by NN. The NN used at this stage only approximates the cost function
associated with the known control wu ;.

Using an estimate W(i) to replace W ;) in (11) and (12) gives

o 1
Vip = W@ + ;o' Pa, (13)
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VWi = VeIW ;) + Pz, (14)
and
Q+ u?;)Ru(i) +(f+ gu(i))TV\A/(i) =eq, (15)

where V(,-) (0) = 0, and e; is the error arises as a result (as commented in Remark 1
and to be discussed in Section 4).

To minimise e; so that W(i) — W ;), gradient-descent tuning is adopted, by con-
sidering the quadratic error function

1
This yields
2 E
Wy = —rk1Dy aﬂ = a Do e, (17)
(4) 9 (@)
W ORCORE

a

where k1 = JeheoTl is added for normalisation, with a € R being a scalar learning
(1)@ (%)

rate and o ;) = Ve(f + gu(i)); D is an auxiliary term added to adjust contribution
of individual state to tuning, and D; = diag(D2D3), with Da € R"™*" being a
constant matrix related to V®(z) with its element Doy €B, (j=1,2,-- ,np;k =
1,2,--- ,ng), and D3 € R"%*! being a weighting vector.

Specifically, the constant matrix Ds, in connection with the expression of every
single element of V®(x), namely, v@(jk)(m), is given in the following form:

D 0 if V®jp)(x) =0, Va # 0,
OO TN i V(@) £ 0, Va £ 0.

Similarly, for the complete synchronous policy iteration (SPI), the ideal weights
W* are unknown and should be determined so that (9) approximates a target value
function. With W being the estimated weights, the approximated value function and
its gradient become

V=W &+ %mTPm (18)
and
VV =V®TW 4 Pz, (19)
respectively, and the associated control is given by
N Lot Top
= _iR g VV. (20)

Note the absence of the subscript ‘(¢)’ in (18) and (19) for complete SPI, which
are different from (13) and (14) corresponding to a fixed control law at a general



infinitesimal time step for ‘Policy Evaluation’ only.
In the SPI case involving the single-critic structure with (18) and direct implemen-
tation of (20), there is

Q+uTRu+ (f +g)TVV = ey, (21)
where V(O) = 0, and es is the resulting approximation error as commented in Remark 1

(details to be given in Section 4).
To minimise ey so that W — W, equation (17) is modified as

a

W = 7\/ﬁD10’62 == *I€2D10'62, (22)
where kg = —%— and o = V®(f + gu), with Dy, Dy, and D3 defined the same

VvoTo+1’
as in (17).

It now gives a single-critic structure consisting of critic tuning only, without addi-
tional stabilising mechanisms in the tuning law (22).

Remark 7. For conventional VFA as in the SPI pioneer work of Vamvoudakis and
Lewis (2010) (also commonly used in other studies discussed in Section 1), it has been
known that closing the loop by directly passing W on to the actor NN can lead to
instability issues during online learning without any stabilising mechanism. This is
because in these cases some intermediate values along the evolution path of W may

not necessarily yield admissible intermediate control policies that satisfy % < 0.

Remark 8. Compared with the existing single-critic approaches with conventional
VFA and stabilising critic tuning laws, the proposed method with MVFA also differs
in that the critic tuning law does not need to be stabilising, allowing the use of simpler
tuning laws. Accordingly, in this paper the critic tuning based on traditional yet simple
gradient descent is used without additional stabilising mechanisms in the tuning law.
Closed-loop stability is to be investigated next in Section 4.

4. Convergence and stability analysis

4.1. Policy evaluation

Similar to most adaptive control problems that require online tuning of parame-
ters (Ioannou & Sun, 1996), proper convergence of NN parameters in this paper also
relies on the persistence of excitation (PE) condition to ensure sufficiently rich training
set being obtained.

Definition 2 (Persistence of Excitation). A bounded vector signal z(t) is considered
to be persistently excited (PE) if
tot+ta T
I < / z(T)z(7) dr 2 uol; Vitg >0,
to
where p1 € RT, pug € RT, t5 € RT, and I is an identity matrix (Ioannou & Sun, 1996).

In addition, the stability of a linear time-varying system as given by the lemma
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below, is to be used in the stability analysis that follows.

Lemma 1. For a given system being linear and time-varying in the form of
& = —h(t)hT(t)x, (23)

where vector x contains system states, its origin is exponentially stable if vector h(t)
satisfies the condition of PE (Ioannou € Sun, 1996).

Assumption 4. During online tuning, states x(t) of the system (1) satisfy the PE
condition.

The following theorem presents the convergence property of Policy Fvaluation with
the MVFA under the tuning given by (17).

Theorem 1. Let (11) approzimate the cost function (2) corresponding to a given
admissible control u(;y. Under Assumptions 1, 3, and 4, and the tuning algorithm (17),
the error VV(Z-) =W — W(i) from NN weights estimation converges to a residual
set ¢, exponentially, and ||cy, | < by, for a finite scalar by, € RY with by, — 0 as
Ny — 00.

Proof. Comparing (7) and (15), with (12) substituted for VV(;), and with (14) sub-
stituted for Vf/(z-), yields

i~ T
e = _W(i) o) t+ €1, (24)

where o;) = VO(f + gu(;)), and € = —Vsa)(f + gug)).

As can be seen from (24), if ;) (x) = 0 for any & # 0, then e¢; = 0. For the
case of £(;)(x) # 0, it is easy to see that e; < b, for b, € RT, given Assumption 3
and (f + gu(;)) as well as @ being bounded under Assumption 1. Since ;) — 0
and Ve(;) — 0 given proper activation functions with sufficiently large n,, (Finlayson,
1972), it is straightforward to show that €; — 0 when n, — oo.

By using (17) and (24), we have the time derivative of W,

W) = _aDlo'na(i)o'Ea(i)W(i) + aD10 €1, (25)
" — d0) o — o3)
where 0,4 @howr)l and o ,p(;) Tt

Let ue = aD1o ;) €e1- If €1 = 0, then u. = 0, and (25) reduces to

W (i) = =aD10a(i)0 by W (i) (26)

Denote the equilibrium of system (25) by ¢;3,. Under Assumption 4, o, is PE.
Under Lemma 1, the origin (i.e. ¢35, = 0) of the system (26) is exponentially stable.
That is, W(i) converges to zero exponentially.

In the case of ue # 0, it is straightforward to show that (25) has non-zero equilibrium
(i-e. ¢y # 0), and that W ;) converges to c¢;3, exponentially. Since [0, || < 1 and
€1 < be,, we have ||uc|| < by, for b,, € RT that can be arbitrarily small given sufficient
number of suitable activation functions being provided. Therefore, there exists a bound
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by, € RT such that ||e} || < by, and by, — 0 with the number of activation functions
Ny — 00. ]

Remark 9. As can be seen from the proof of Theorem 1, the MVFA has no direct
influence on critic NN weights convergence when considering the ‘Policy Evaluation’
step only. Exponential stability is primarily due to the admissible control being evalu-
ated. However, the overall system stability in the case of complete synchronous policy
iteration (SPI) needs to be further analysed, where the control policy is replaced by a
dynamically varying approximation.

4.2. Synchronous policy iteration

As discussed in Remark 7, instability may result when directly implementing the ap-
proximated control policy (20) for complete SPI. In this subsection, closed-loop stabil-
ity under the proposed alternative single-critic scheme with the MVFA is investigated.

Definition 3 (Uniformly Ultimately Bounded). The states x(t) of a dynamic system
with initial states g = x(tg) is regarded as uniformly ultimately bounded (UUB)
about equilibrium x. € R™ if there exist a compact set 2 € R™=, a finite constant
be € RT and a time tg4(be, g) € RT such that ||z(t) — || < b for any o € © and
t >ty +ty (Lewis, Jagannathan, & Yesildirek, 1999).

Theorem 2. Consider a system as in (1). Let (9) approximate its value function,
with the control policy given by (20). Under Assumptions 1 to 4 and the online tuning
law (22), the states © of the system as well as the the critic NN weights estimation
error W = W* — W remain UUB during online tuning, if the parameter matriz P
in (9) is selected to satisfy | P|| > mp, for a finite scalar mp € RT.

Proof. Consider

N 1 ~ ~
L=V+ §WT(/<;2D1)‘1W
— Ly + Lo, (27)

where L, = V and L, = %WT(nng)_lw.
With (1), (19) and (20), there is

L,=(f+ga)'vVv

_ . 1 _ "
= (Pz+Vve™W)' |f - S9R'gT (P + VETW)
T pT 2 T | —1 TeaTii
=z'PIf+W Vof— W VegR 'g'V&'W
U |
—2"PT'gR '¢g"V®'W — 5acTPTgJ.!z—lgTPac. (28)

Let G = gR 'g". With W = W* — W, equation (28) becomes

Ly=a"PTf + WTVRf - W VoS
— %wTPTGPa: —2"PTGVeTW*

10
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_ _ - 1.7 _ -
+WIVeGVETW — W VeGVe W
_ -1 _ _
+2"PTGVe™W — 5W*TV<I>GV<I>TW*. (29)
In regard to the second term in (27), considering (22), we have

Lw = WT(Hng)fleV = —VNVT(EQDl)flV;V
= W' VS(f + gi)es. (30)

By comparing (4) and (20), there is
1 _ -
a=u"+ 5R—lgT(v«Iﬁw + Ve). (31)

Let z = V®TW. Rewriting (30) using (31) gives

—_
l
—

V®gR 'gTVee, + V~VT6<I>(f + gu*)es
WT?i)nglgT?beWeg

1 1
= zT<f + gu*)eQ + §zTGv<€€2 + §ZTG262. (32)

Subtracting (21) from (5) yields
es = (Pz + VO "W) (f + g&) + 4" Ra — v Ru*
— (Pz+ V®TW* + Ve) (f + gu”). (33)
By using (4), (10), (19) and (20), the individual terms in (33) have expressions of
(Pz+ VOTW) (f + ga)
= (f + gu")T(Pz + V®TW* - V&TW)
1 — _ -
+5(Pz+ veTw*) gR1gT(V®TW + Ve)

1 — ~ _ -
- 5(v<1>TW)Tg1LrlgT(va1>TW + Ve), (34)

@' Ra

= i(P:c +VaTW*) gR g"(Pz + VOTW™)
- %(Pa: + Ve W) gRg"VETW

+ (VW) gRgTVSTW, (35)

11



u*T Ru*
= i(Pa: +ve™W) gR 1gT(Px + VETW*)
+ %(Pw + ?@TW*)TQR_lgTVE
+ iVeTgR_lgTVe. (36)
Substituting (34), (35), and (36) back into (33) gives
)T

er = — (V®TW) (f + gu*) — VET (f + gu)

)T

—_

. 1
—5(V@'W) gR™'g'Ve — - VelgR™'g"Ve

[l NV

- Z(v<I>Tva)Tg}rlgTquW. (37)

It can be seen from (37) that for a given set of NN hidden-layer neurons of a finite
number n,,, the minimum of ey, denoted by €, is reached when W = 0:

1
€2 = Vel (f + gu*) — ZV»sTgR_lgTVe. (38)
Under Assumptions 1 and 3, Ve and (f + gu*) are bounded. Thus, there exist
a finite constant b, € R such that e; < b,,. Since ¢ — 0 and Ve — 0 as the
number of suitable activation functions n,, increases infinitely (Finlayson, 1972), it is
straightforward to show that es — 0, Va # 0, if n,, — 00. As a special case, eo = 0 if

Ve =0, Ve # 0.
Substituting (33) for ez in (32) yields

Ly =—2"(f +gu*)(f +gu*)'z - ngGZZTGVE

— 2T(f + gu*)(f + gu*)"'Ve - ézTGzzTGz

- 22T+ gu)e G - 32T GEVET(f + gu)
—2T(f+ gu*)zTGVe — éZTGVaSVETGVa?
_ %T( f+gu)VeTGVe - %zTGzV€TGV€

_ %zTGVSVST(f +gut) - izTGV&V&TGz- (39)
Note that the first term in (39) can be expanded as
— 2" (f +gu’)(f +gu’)' =
=—2TrfT2— %TG?QTW*W*T?QGz

1 1
- ZzTGPa:acTPTGz - ZZTGVEVETGZ

12



+2TGPxfTz - %ZTGv@TW*VeTGz
+2TGveTw Tz — %zTGP:cVETGz
+2TGVefTz — %zTGPa:W*TWbGz.
Combining (29) and (39) gives:
L=T+Ty+T3+Ty+Ts,
where

1 _
T =— 5m:TPTGch +2"PTf+ W iVef

—2"PTGVe®TW*,

Ty =— izTGPachPTGz - %ZTGP:BW*T?@Gz
— %ZTGP:EVETGZ — %zTG?QTW*VeTGz
+2'GPxf 2+ TGV ™ W  fT2 + 2TGVef'2
—2Y(f + gu*)2GVe — %ZTGZVET(]C + gu™)

— 2T+ 2P Gz + WTVeG2,

T3 =— %zTGstVsTGz - iZT(f +gu*)Ve GVe
1 1
— gZTGZVETGVé‘ — §ZTGVEVET(f + gu’®)
— 2 T2 = 2T (f + gu)(f + gu”) ' Ve
_ %zTG?QTW*W*T?QGz

— ézTGstVsTGVs,

1 3
Ty =— ngGzzTGz - zzT(f +gu*)2"Gz

— ngGzzTGVE,

1 o 1
Ty = —§W*Tvq>qu>TW* - 5zTGz.

Now introduce bounds to (42).
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As G = gR g7, the rank of G is
rank(G) = rank(g) < ng. (47)
It follows that there exist kernel
ker(GPr) = {r e R" | GPr =0}. (48)

For nonlinear systems as in (1), since « and z are explicitly governed by (1) instead
of being random, the existence of x = ker(GPr) and corresponding effects to the
system is rendered negligible. Accordingly, we focus on @ # ker(GPr) in this paper.
In this case, G is positive-definite and symmetric, and under Assumptions 2 and 3,
there is

2T PTGPz > mlHPHszHz, (49)

where constant m; € RT. Also, there is |G| < bg for constant bg € RT.
Together with Assumption 3, the following inequality holds:

1 * *
13 < (= gmlPI + by [P+ bata [ 1P+ baty W] ) el

1
=~ ymllel (IPIP ~ 1|1 P - c2) (50)

where

20+ b [W)

1 my )
_ 2bgby [WT|

g = —F——.

my

Under Assumption 4, if | P||* — ¢; | P|| — ¢ > 0, then T; < 0. This requires

c1 4+ /e + dey
1P| = —21 = p1. (51)
In Ty, similarly to the case of T}, we consider the circumstances of « # ker(GPr)
and z # ker(Gr). Then there is a finite constant mg € RT such that
2TGPxx" PTGz > my|| P|?|x|?| |- (52)

Given Assumption 3, we have || f+gu*|| < b;| x|, for a finite constant b; € RT. Hence,
1 2 1 2 1 2 *
Ty < (~gmall P> + 3630 [P + baby 1P| + S6%ba [W¥ [P

1 N . 3
+b@%mmvn+wmw+w%wmvn+gwwﬁwwﬂﬁ2

+ (b 1P| + by + babe [ W) 2] |12]
__1 2 - 2 2
—— gma (IPI? = i | P - da ) ||’

14



+ (ba [|1P|| + by + babe [W)) [l ||]] ,

where
d 2b%bq> |TW*| + Qb%be + 4bgbf
1 — Mo )
gy — (2b2qu>bE + 4bc;bq>bf) HW*H +4bgb:by + 6b;:0qb.
2 Mo .
Let

c3 = ||P|*> — di || P|| — do,
cs = b || Pl + by + bgbe [|[WF.

Then (53) can be rewritten as

1 404
72 <~ raea (2] 21 - 2ot el 1.

It is clear that 75 < 0 if ¢3 (||a:H |zl — ﬂ) > 0. That is, if

macs

Py > BEVE AL o
2

25

then c3 > 0, and in this case, T5 < 0 whenever

dey

][ [|2]] = :
mac3

(53)

(54)

(56)

Regarding T3, for cases of z # ker(Gr) and Ve # ker(Gr), there exist constants

ms, my4, ms, mg € RT such that the following inequalities hold:

2TGVeveTGz >

2TG2zVe

szfT

_ _ ~ |12
LTGVBTWW TV SG > m6|ym||4HWH .

Therefore, we have from (44) that

1
T3 < (—2m3

QTS T
|- *m4HWH =W = o] W

+5 L bbb + b b2bbe + b2b.be + b3b ) HWHH:BH‘*

= — ds||z|* HWH (HWH B ) ’

15
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where

ds = Sm + S+ ms + —
3 = 2m3 8m4 ms 4m6,

1
dy = %bibgbgb(p + b2bobg + gbgbébq).

As a result, under Assumption 4, T3 < 0 when

dy

Wi > . 62
‘ ~ds ( )
With regard to T4, for z # ker(Gr), there is
-4
1G22"Gz > m7||ac||4HWH (63)
for a constant m; € RT. Then from (45),
1
Ty < — cmalle| HWH + b sbab |z HWH
3
+ SbbEbh =] HWH
1 = 6b;bcby + 3b-b%b3 -3
—— s (va‘ _ Didaby 1 500G <I>) Hm||4HWH . (64)
8 mr
Therefore, under Assumption 4, T4 < 0 requires
L 213
mr

It is easy to see from (46) that 75 < 0. Thus, it can be concluded from (51), (55),
(56), (62), and (65) that (41) is negative if

|P|| > max(p1, p2) £ mp, (66)
464
67
ozl > L (67)
bibab3, + 3b:b%,b3
)>max(d4 0bzbGbe + 3 ) (68)
3 mr

Since z = V®T W, and « is PE under Assumption 4, equation (67) also establishes
a bound for |[W||. Thus, equations (67) and (68) together, show that W is UUB.
Finally, upon satisfaction of (66), (67), and (68), the UUB stability holds for the
system states and NN weights estimation errors. O

The following theorem further reveals the link between the UUB boundedness of
NN weight estimation errors and the system states stability.

Theorem 3. Given Assumptions 1 to 4 and the tuning law provided by (22), the
nonlinear system as in (1) remains asymptotically stable in the online learning process
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under the control given by (20), if matriz P in (18) satisfies ||P|| > byp for a scalar
bmp € RT.

Proof. The Lyapunov function candidate is selected to be Ly = V, the time derivative
of which is:

by = (f +g3)" (gg)

= (f+ga)'(Px+V®TW)
= (f+gu’ —ga)"(Pz+V®TW* - V®TW)

= (f +gu’)" (%‘:) —(f +gu*)'Ve

- lePTG(?chv"V + Ve)

2
%W*Tv@G(v@Tﬁf L Ve) - W VS
1 ~

5W V®G(Px + V®TW* + Ve)

e

S W'VeG(VETW + V)

[\S)

— Q- uw"Ru* —VTf - W' Vef + VTGP
1 _ ~ T
+ 5VeTGVe + VETGVETW" + W VeGP
- _ Pe D _ -
& WTVQGVQTW* - W VeGve'w
=—Q- TPTGPac ;xTPTGv@TW* —Vels
1 1 s 1
+ 5acTPTGVs - ZW*Tvq»quﬂW* + 4 Ve GVe
1 * T = e ~ T=
= §W VeGVe - W VOf+W VOGPx
- T _ 1 ~T- _ -
LW VeGVeTW - §WTV<I>GV<I>TW. (69)
Since Q(x) > 0, there exists constant by € RT such that bg|z|* < Q(z). Given
that « is explicitly governed by system (1), the case of x # ker(G) is considered. It is
straightforward to see that there exist constants bgr, € RT and b,,4 € RT such that
bar < |Gl
and

bma ]2 < HW*W@G?@TW*

Following the results of Theorem 2, it is known that 0 < |[W]| < by, Then (69)
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can be upper bounded as:
. 1 9 1
Ly < (=bq — ZbGL“PH + QbGUbs 1Pl
1 " 1
+ bGubgl[ W 1Pl = b + beby
1 - 1
S §b¢bGUbEHW || I ZbgbGU—i- b¢bbe
+bebauby, || Pl + bibGUbWHW*H) B3R
1
= —lal®  gbeullPIP = m Pl = ). (70)
where
1 . 1
m = ibGUb¢”W Il + ibGUba + bgbaubyy
and
1 . 1.4
2 = §b¢bGUbEHW H aF ZlbgbGU‘F b&‘bf aF b¢bbe
- 1
+ B3bauby |W*|| — b — bma: (71)

Equation (70) shows that Ly is negative, and thus ||«|| is bounded, as long as

2 2/n? +b
HP” Z m = 771 + GLT2 é b
bar

e (72)

It follows that Ly = ‘%—t" is a function of & and W, and Ly is also bounded as x|

and ||W|| are bounded. As a result, asymptotic stability applies to the system states
x. [

Remark 10. As can be seen from Theorems 2 and 3, the proposed MVFA establishes
a direct link to closed-loop stability. With the MVFA | no special stabilising tuning laws
are required for the NNs in critic and actor, and during online learning the SPI under
the resulted single-critic configuration remains stable with simple gradient descent
tuning.

5. Numerical studies

This section presents two simulation examples. Finding the optimal control law for a
nonlinear model with a known value function is first introduced to verify the proposed
method. The second example then demonstrates the use of the proposed controller in
a practical engineering application where a nonlinear system with higher dimension is
involved.
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5.1. Nonlinear example
The following nonlinear system is considered (Vamvoudakis & Lewis, 2010), with

—x1 + X2
flz) = —0.5z1 — 0.529 {1 — [cos(2z1) + 2}2}

9

and

9(@) = [cos(2g?1) + 2} '

For Q = I5x5 and R = 1, the corresponding V* and u* are known to be

1
Qe ] (73)
and
u* = —[cos(2z1) + 2] 2, (74)

respectively, as given in Vamvoudakis and Lewis (2010).
The critic NN has activation functions of

T
® = [27, zy29, 23],

with NN weights being
< - . A T
W = [Wla WQ; WS}
In simulation, P = 10I2x2, a = 10, and D3 = [5, 1]*. System states  and NN
weights W are initialised to zeros. An exogenous signal

e (t) = 2[cos(0.8t) + sin(t)? cos(t) + sin(2t)? cos(0.1¢)
+ sin(—1.2t)% cos(0.5t) + sin(t)°]

is used to perturb the system for exploration. Note that the total control that enters the 2.2
process during exploration is the sum of @ and ue, which also perturbs the system states

x in the meantime. For efficient and effective training with (21) and (22) involved,
exploration is implemented in the following manner: The excitation of ue(t) lasts 0.05 s

for every 0.1 s time interval, while the HJB error ey in (21) is periodically fed back for
calculation during the intervals when w.(t) is temporarily off (i.e., e = 0 if u.(t) # 0).

ue(t) is completely turned off at 40 s.

The trajectories of system states x, approximated optimal control @ and the ex-
citation signal u. during online learning are plotted in Figures 1 and 2, respectively.
Close-up of the excitation signal wu. for the first 2 seconds is shown in Figure 3 for
clearer illustration of the special excitation implemented. Weights convergence history
of the critic NN is given in Figure 4.
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System States

Time (s)

Figure 1. Trajectories of system states during online tuning.

Control

Time (s)

Figure 2. Trajectories of control signals during online tuning.

[=))

A~

(3]

Exploration Control

(=]

(=)
o
W
—
—
W
(8]

Time (s)

Figure 3. Close-up of excitation signal ue for the first 2 seconds.

Critic NN Weights

0 10 20 30 40 50
Time (s)

Figure 4. NN parameters convergence during online tuning.

Figure 4 shows that all NN weights settle within 10 s. At the end of training,
W = [—4.4999, —0.0003, —3.9996]T.
This yields

V(x) = 0.5001z;% — 0.0003z 122 + 1.000425>
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z1 (Online Tuning)
29 (Online Tuning)
------ z1 (Optimal Reference)
----- zo (Optimal Reference) ||

System States

Time (s)

Figure 5. State trajectories of the closed-loop response to the non-zero initial condition under the proposed
online tuning scheme (PE unsatisfied in this case) and the known ideal optimal control.

1
~~ ix% + x%,

and

(x) = — [cos(2x1) + 2] (—0.0002z1 + 1.0004x2)
~ — [cos(2x1) + 2] 2,

which are close approximation to (73) and (74), showing that the convergence of NN
weights is reached with good accuracy.

Also note that the approximated optimal control @ generally mirrors the contour
of the excitation signal u. with slight difference in amplitude. It shows @ effectively
counteracts u, and maintains closed-loop system states stability during online training.

In situations when the PE condition may not be satisfied (for example, the closed-
loop response is subject to none-zero initial conditions only), 1% may not reach its ideal
set W* as a result. In the following simulations, the convergence of NN parameters and
the closed-loop stability is investigated under unsatisfied PE condition. Accordingly,
x(0) = [0.5 0]" is applied as an initial condition, no probing noise is added, and con-
troller parameters remain the same. The corresponding closed-loop states responses
are plotted in Figure 5, and the corresponding control action is given in Figure 6,
together with responses under the ideal optimal control supplied for comparison. As
can be seen from the figures, states trajectories and control signal under the proposed
control scheme are similar to those of the ideal optimal control. The difference in
response is due to the approximation error resulted from lack of PE. The NN param-
eters convergence history is plotted in Figure 7, where the settling value of Wy and
Wi is still far from the ideal one. However, stable closed-loop responses are observed
under the proposed algorithm regardless of the differences, as shown by Figures 5 and
6. The cost of the closed-loop response to the none-zero initial condition under the
proposed algorithm (i.e., V((0))) together with that under the known ideal optimal
control (i.e., V*(x(0))) are evaluated in Figure 8. By recalculating the cost using the
continuously updated NN weights, the approximated value function V is shown to be
converging to the optimal one, in the presence of some approximation error.

5.2. Nonlinear application example

In the following, the proposed controller is used for actively suppressing airfoil flut-
ter. This example demonstrates the capability of the proposed controller in dealing
with real-world applications with higher model dimension. A two-degrees-of-freedom
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Figure 6. Control input in response to the non-zero initial condition under the proposed online tuning scheme
(PE unsatisfied in this case) and the known ideal optimal control.
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Figure 7. NN parameters convergence history during the closed-loop response to the non-zero initial condition
(PE unsatisfied case).

0.4

0.3

0.2

Cost
—

0.1 - - - :
0 2 4 6 8 10
Time (s)

Figure 8. The minimal cost V*(2(0)) of the closed-loop response to the non-zero initial condition and the
evolution of the approximated V (x(0)) (PE unsatisfied case).

(2DOF') nonlinear aeroelastic model in state space with 4 states and 2 control inputs
is used (Z. Wang, Behal, & Marzocca, 2011). The aeroelastic model is nonlinear in
pitch stiffness, and all parameters are taken from Z. Wang et al. (2011). The critical
wind speed is around 11.42m/s, at and above which, the airfoil becomes unstable and
starts fluttering when given some excitation or none-zero initial condition.

At the critical wind speed and with the initial condition of (0) =[0 0.1 0 0],
the open-loop responses of the airfoil in terms of plunge and pitch motions are plotted
in Figure 9.

Given the nonlinear pitch stiffness in polynomial form up to the 37¢ order, a total
of 65 activation functions up to 4" order are selected for ®(x). Other parameters are
P = 101454, Q = I4x4, R = I3x2, a =10, and D3 =1, 1, 1, 1]T. W is initialised
to zeros. The corresponding control law for each control channel is not listed herein
due to space concern.

With the proposed controller turned on, the flutter triggered by the same initial
condition can be effectively suppressed, as shown in Figure 10, regardless of whether
the controller has been trained or not. However, manifest differences are observed
before and after training the proposed controller (using the same techniques as in the
previous example), and the post-learning controller shows better performance than
the pre-learning one.

To verify that the post-learning controller offers near-optimal control, an offline
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Figure 9. Open-loop response of a 2DOF aeroelastic system at critical wind speed.
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Figure 10. Closed-loop responses of a 2DOF aeroelastic system at critical wind speed with the proposed
controller.

method (Abu-Khalaf & Lewis, 2005) is used to synthesise the nonlinear control law
for the same conditions as a benchmark. The cost of suppressing flutter triggered
by initial conditions is then plotted in Figure 11 for the pre-learning, post-learning,
and offline-learning controllers. In the figure, all system states except the pitch angle
are set to 0 for the initial condition. The cost is obtained for the initial conditions
with a range of pitch angle (z2). The figure confirms that the trained controller has
superior performance over the un-trained one with much smaller cost for the same
initial condition, and that the proposed controller after learning provides generally
identical control to the one trained offline.

6. Conclusions

It is shown in stability analysis that using the proposed MVFA to provide alternative
realisation of the single-critic configuration for SPI is feasible and effective. The pro-
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Figure 11. Cost comparison for suppressing flutter triggered by initial conditions.

posed method eliminates the need for stabilising mechanisms in either the critic or
actor NN tuning, without jeopardising closed-loop stability, and without complicating
the problem, as confirmed in theoretical proof and demonstrated in numerical studies.
In general, the proposed MVFA used in a single-critic configuration for SPI, together
with the study on parameters convergence and closed-loop stability, serve as a new
development to the online SPI theory framework.

It is worth noting that the proposed MVFA scheme is model-based. Many successful
model-free applications (Abouheaf, Gueaieb, & Sharaf, 2018; Luo, Wu, & Huang, 2018;
Radac, Precup, & Roman, 2018) have shed a light in future works on advanced model-
free MVFA based schemes that: (1) features better adaptability and robustness in
circumstances with unknown, uncertain or time-varying system dynamics; (2) delivers
simplified online implementation enabled by the MVFA approach.
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