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Abstract

A novel adaptive intelligent control system (AICS) with learning-while-controlling capa-
bility is developed for a highly nonlinear single-input single-output plant by redesigning
the conventional model reference adaptive control (MRAC) framework, originally based
on first-order Lyapunov stability, and employing customized neural networks. The AICS
is designed with a simple structure, consisting of two main subsystems: a meta-learning-
triggered mechanism-based physics-informed neural network (MLTM-PINN) for plant
identification and a self-tuning neural network controller (STNNC). This structure, fea-
turing the triggered mechanism, facilitates a balance between high controllability and
control efficiency. The MLTM-PINN incorporates the following: (I) a single self-supervised
physics-informed neural network (PINN) without the need for labelled data, enabling
online learning in control; (II) a meta-learning-triggered mechanism to ensure consistent
control performance; (III) transfer learning combined with meta-learning for finely tai-
lored initialization and quick adaptation to input changes. To resolve the conflict between
streamlining the AICS’s structure and enhancing its controllability, the STNNC functionally
integrates the nonlinear controller and adaptation laws from the MRAC system. Three
STNNC design scenarios are tested with transfer learning and/or hyperparameter op-
timization (HPO) using a Gaussian process tailored for Bayesian optimization (GP-BO):
(scenario 1) applying transfer learning in the absence of the HPO; (scenario 2) optimizing
a learning rate in combination with transfer learning; and (scenario 3) optimizing both
a learning rate and the number of neurons in hidden layers without applying transfer
learning. Unlike scenario 1, no quick adaptation effect in the MLTM-PINN is observed in
the other scenarios, as these struggle with the issue of dynamic input evolution due to the
HPO-based STNNC design. Scenario 2 demonstrates the best synergy in controllability
(best control response) and efficiency (minimal activation frequency of meta-learning and
fewer trials for the HPO) in control.

Keywords: adaptive intelligent control; online learning and control; meta-learning-triggered
mechanism; transfer learning; PINN; self-supervised learning without labelled data;
self-tuning neural network controller; Bayesian optimization

1. Introduction

Traditional control algorithms often struggle to efficiently manage intricate nonlinear
systems. This study proposes a novel adaptive intelligent control system (AICS) as an
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alternative to the conventional model reference adaptive control (MRAC) system [1], which
is restricted in effectively controlling highly nonlinear systems. A higher-order Lyapunov
function may serve as a viable solution for enhancing the MRAC system’s performance by
offering greater adaptive flexibility. Additionally, combining the MRAC with traditional
control systems such as PID control, Heo control, sliding mode control, and others can be
considered as alternative approaches. However, it is important to note that not only the
analytical discovery of the Lyapunov function but also the design of the hybrid control
systems require extensive expertise in mathematics and control theory. This highlights the
necessity of advanced intelligent control frameworks to address these challenges.

The key advantages, including a highly parallel architecture, adaptability, nonlinear
mapping capability, and robustness, strongly encourage the use of neural networks for
nonlinear system identification and/or control. According to a paper [2], the term “intel-
ligent control” was first introduced in the 1970s. Since then, diverse intelligent control
systems have gained considerable attention in modern engineering applications for their
potential to address challenges posed by highly nonlinear and intricate dynamic processes.
Branches in intelligent control include neural network (NN)-based control, fuzzy control,
genetic algorithm-based control, planning system-based control, expert system-based con-
trol, and hybrid system-based control, all of which are active research areas. This paper
offers the literature review of NN-based control strategies that incorporate either a neural
network-based plant identifier [1,3], a neural network controller [4-9], or both [10-17].
Most studies [1,3-7,9,13,16] permitted online learning, but some [8,11,17] did not. Stud-
ies [1,7,11,15-17] explored single-input single-output (SISO) plants, while another [3]
focused on multiple-input multiple-output plants. One study [13] handled both. Their
applications primarily targeted the diverse branches of robotics [4-6,9]. A study [9] tested
an inverted pendulum, a cartpole, a vehicle, a pendubot, and a power system with recurrent
NN-based controllers. From the perspective of algorithmic principles, NN-based intelli-
gent control can be categorized into the following: (I) adaptive control [1,4-8,12,13,15-17];
(II) adaptive inverse control [10]; (III) internal model control [11,12]; (IV) predictive con-
trol [12]; (V) adaptive critic control [14]; (VI) reinforcement learning-based control [12].
Secondary considerations, which can be challenging and may require extensive simula-
tions, could be viewed as potential weaknesses, complicating control system design and
impacting control performance. The following are some examples: adaptation laws [1];
a fictitious controller [4]; subsystems for generating an auxiliary term to adjust a control
signal [7]; a robustness filter for plant-model mismatch [11,12] and control law [11] in
(II); a numerical optimization routine [12] in (IV); and control and feedback laws [15].
Ultimately, the aforementioned studies [1,4,7,11,12,15] required one or more additional sub-
systems to implement their control strategies, which are redundant for the proposed AICS.
Studies [18,19] using reinforcement learning based on rewards and penalties inherently
exhibit a trial-and-error nature. This can lead to risky behaviours during exploration with
potentially harmful consequences, particularly in critical real-world applications based
on online learning-while-controlling. Despite significant progress in safety from recent
studies [20-23], reinforcement learning-based approaches may not provide a fundamental
solution. Q-learning [24-26] can help mitigate the risk, but it is not expected to fully elim-
inate the issue either. This study develops the AICS, categorized under (I), through the
redesign of the MRAC system based on first-order Lyapunov stability, as it incorporates
customized neural networks to integrate and replace subsystems in the MRAC system.

In intelligent control system design, domain knowledge [2] is essential for the follow-
ing: (a) plant modelling; (b) design of a controller with adaptive parameters; (c) adaptation
of a control system to a changing environment; (d) acquisition of new design objectives and
constraints; (e) stability verification of a proposed control system. The AICS consists of two
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main subsystems: a meta-learning-triggered mechanism-based physics-informed neural
network (MLTM-PINN) for online plant identification and a self-tuning neural network
controller (STNNC). To address (a), this study designs the MLTM-PINN based on the find-
ings from an earlier study [1], integrating several innovative techniques: each PINN trained
online through self-supervised learning without the need for labelled data; a meta-learning
process activated by a triggered mechanism for consistent fine adaptation; transfer learning
combined with meta-learning for finely customized initialization and quick adaptation to
input changes. Raissi et al. [27] made significant advancements in PINNs. Their success has
motivated many researchers to explore similar approaches [28-35] across various branches
of applied mathematics, science, and engineering. Robinson et al. [35] attempted a new
method for integrating domain knowledge during training. However, they were unable to
generalize their integration method due to the different modelling nature of benchmark
problems. This study instead uses regularization, which streamlines the structure of PINNs.
When it comes to meta-learning, Hochreiter et al. [36] and Younger et al. [37] signified a
pivotal moment. A gradient-based model-agnostic meta-learning (MAML) model [38] used
in this study marked a notable advancement in learning algorithms with multiple inner
learners and a single outer learner for further adjustment. Since then, various ideas [39-41]
based on the MAML, aimed at enhancing meta-learning algorithms, have emerged. The
MAMLs offer key advantages over metric- and model-based approaches. It is model-
agnostic and applicable to any differentiable model for tasks in supervised, self-supervised,
and reinforcement learning. Unlike metric- and model-based methods, they support di-
rect parameter adaptation via gradient updates without relying on task-specific model
structures and prior knowledge of system dynamics, enhancing generalization, especially
in few-shot or domain-shift settings. It integrates efficiently with standard optimization
workflows and scales, making it both flexible and effective. To avoid a decline in control
performance, some studies [42,43] opted to use labelled data for a PINN, even if it was
minimal, and another study [44] addressed boundary value problems, inherently reducing
the usage of labelled data. In designing control systems, meta-learning was tested for
quick adaptation and/or finely tailored initialization [45-48]. Transfer learning facilitated
computational speed-ups by initializing subnetworks [1,49]. The study [1] by Duanyai was
the first attempt to integrate the MAML, PINNSs, and transfer learning in control.

This study highlights (b) by designing the STNNC with online adaptive parameters. It
functionally integrates the nonlinear controller and adaptation laws in the MRAC system.
This integration streamlines the AICS structure while retaining high controllability and con-
trol efficiency. To evaluate and compare control performances, three distinct scenarios are
explored, each employing a different STNNC design approach with either transfer learning,
hyperparameter optimization (HPO), or a combination of both. Bayesian optimization (BO)
is a type of black-box optimization [50] that operates without explicit knowledge of an
objective function’s internal structure. This study employs a Gaussian process tailored for
BO (GP-BO), which is particularly efficient in low-dimensional hyperparameter spaces.
Traditional optimization methods, such as grid search and random search, often struggle
with highly nonlinear system dynamics. In contrast, GP-BO learns complex patterns and
relationships in data, enabling more efficient navigation of a hyperparameter search space.
It offers several advantages, including sample efficiency, adaptive search, uncertainty
quantification, the intelligent balance between exploration and exploitation, applicability
across continuous, discrete, and categorical hyperparameter spaces, and effectiveness in
global optimization. The core idea of BO is to model an unknown objective function using
a surrogate model or a response surface model, each of which is used to determine the
next evaluation point. This strategy can be traced back to the work of Kushner [51]. The
work by Zhilinskas [52] and Mo¢kus [53] built upon the research, but the efficient global
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optimization algorithm by Jones et al. [54] received greater attention. HPO in machine
learning, contributed by Snoek et al. [55], has gained incredible popularity. Salemi et al. [56]
and Mehdad and Kleijnen [57] advanced insight into GP-BO for system optimization,
making it a practical tool for a wide range of applications. Booker et al. [58] and Regis and
Shoemaker [59-61] explored surrogate methods. A study [59] noted that in gradient-based
optimization (GDO), a well-known form of non-black-box optimization, derivatives are
not always available, and finite-difference approximations can be too costly to perform.
These shortcomings explain why GDO is not as popular as BO in HPO. GPs are commonly
regarded as one of the representative surrogate models in BO [62-64]. A GP-BO process
follows three steps: (1) definition of GP prior distribution; (2) acquisition of new sets of hy-
perparameters and the update of observed data relative to an underlying objective function;
(3) update of GP posterior distribution. GP is fully characterized by a mean function and a
covariance function. The choice of a kernel family was made manually in advance [65-67]
or automatically [68]. Roman et al. [69] proposed adaptive kernel selection strategies for
BO. In this study, a Matérn kernel with pre-tuned parameters [65] (see Equation (33)) is
used. Acquisition functions include expected improvement (EI) [54,55,70], probability
of improvement [70], upper confidence bound [55], Thompson sampling [71], and oth-
ers. Mockus [53] introduced the fundamental concept of EI. This study employs EI (see
Equation (34)) without requiring parameter tuning [55], effectively balancing exploration
and exploitation.

In this study, one aspect of (d) involves the decision-making of the AICS in control,
with a particular focus on the trade-off between high controllability and control efficiency.
Scenario 2 identifies the best solution to the conflict. It enhances the predictive capability
and the computational efficiency of the MLTM-PINN, providing qualitative feedback to the
STNNC and receiving a high-quality input in return, as both subsystems seamlessly operate
within the cohesive AICS. This exemplifies the best synergy achieved by the data-driven
model in predicting the behaviour of the highly nonlinear plant and optimizing control
actions. The series of our forthcoming studies (see Section 6) will address (c) adaptation to
environmental changes using a denoising autoencoder and (e), which focuses on estimating
the stability of a designed control system.

2. AICS Design Strategy and Motivation

This section introduces the design strategy of the AICS, which is derived from the
traditional MRAC framework. Initially, we design the MRAC system based on first-
order Lyapunov stability and then modify it to develop the AICS with two subsystems.
This section tests the MRAC system to highlight its shortcomings and the motivation for
proposing the AICS design.

2.1. First-Order Lyapunov Stability Analysis of the MRAC System for a Single SISO Plant

This section presents a rigorous mathematical model that underpins the theoretical
framework for MRAC system design, followed by AICS design derived from the recon-
struction of the MRAC system. We first examine the first-order Lyapunov-based nonlinear
MRAC stability [1] for the adaptive control of a first-order plant with the initial condition
ug = 0, described by the equation:

-t
ity = —Ap-uy, — Cp-f + Byttt 1)

here, A, = —1.0, B, = 3.0,C, = —1.0, and f; = (u;)z are used for all examples throughout

this study. ( ) implies the first derivative of ( ) with respect to t, and ()’ indicates
the function of ¢. u' is a control input. Online plant identification is implemented by a
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differential equation (DE) solver (see Figure 1) when a governing differential equation is
given by Equation (1). u;, represents an output from the plant. Let the desired output u!,
of the reference model also be specified by the first-order differential equation as follows:

it = —Ap-ut, — Cpy- b + Byt )
where A, =4.0 > 0,B,, =4.0 > 0,C,, = 0.0, and f,ﬁi = 0.0 indicate constants.

' = 4 sin(3t) 3)
is a reference signal. A control law in the form of

[ N I I
U = ayuy +apr +agfy 4)
is established to achieve adaptive control, incorporating the adaptive feedback gains, af, a,
and aj[. This results in closed-loop dynamics that allow for systematic feedback adjustments.
Let the tracking error be
t t_ ot

€ =u,— iy (5)

and the error of parameter estimation be

~t ¢

ay = ay — a;kt (6a)
4y =l —af (6b)

Et =a\ —at 6
f=4r—ay )

here, a},a;, and aj’i are constants. According to Barbalat’s lemma, the following set of
adaptation laws is identified as

ui = —’y-et~u;, (7a)
i, = —y-er! (7b)
il = —yel-ft (70)

where y implies an arbitrary positive constant, representing adaptation gain. To iden-
tify adaptive parameters for the nonlinear controller, these adaptive feedback gains are

updated by
altdt = gt 4 A (8a)
altM = gl 4 il At (8b)
-t
a}tﬁr” = a} +ag-At (8¢)

which ensures the convergence of ¢!. Therefore, the dynamics of the tracking error,
-t t ~E oy b ey
e = —Ape +Bp(au~up+a,«r +ﬂf'fp) 9)

can be found by subtracting Equation (2) from Equation (1). The first-order Lyapunov
function for the plant is proposed by

~t b ot 1, .2 1 ~2 2 2
V(e ay a,a5) = E((gt) +E|BP|(% +a, +ap)>0 (10)
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of which the first derivative becomes
. b ot ot
V(et,au,a,,af> = —Am(et)2 < 0. (11)

~t ot ~t
Equation (10) supports the boundness of the signals ¢!, a,,, a,, and a f, thereby ensuring

~t ~t At

the boundness of ét, and therefore, the uniform continuity of 1% (et, a,,a,,a f> . As a result,

the MRAC system is globally stable, and the globally asymptotic convergence of e’ is
achieved by Barbalat’s lemma.

ut
Reference m ut
m

Model

. Nonlinear u DE P +( )
r Controller Solver t x | ut up, ny
| STNNC MLTM-PINN
ffffff
'
'

|
Adaptation e It = ,1(6')2 '
Laws 2 '

(A) (B)

Figure 1. Structure modification from the MRAC system to the AICS. (A) MRAC system. (B) AICS.

2.2. AICS Design Strategy Derived from the MRAC Framework

We could pursue three directions to enhance the performance of the MRAC system:
(i) analytically discovering a higher-order Lyapunov function to ensure tracking dynamics
within the MRAC framework; (ii) developing a hybrid control algorithm by combining the
MRAC system with other methods; (iii) modifying the MRAC system by using functionally
customized neural networks (see Figure 1). The design approach proposed in this paper
falls into the third category.

This section proposes a transition design strategy from the MRAC system to the AICS,
focusing on structural simplification while maintaining desired performance. Figure 1 depicts
the design of the AICS through the integration and reconstruction of the MRAC’s subsystems.

L0405 = 5(¢') 12

is tracking loss, evaluated automatically. All online adaptive parameters in the STNNC are
updated at each time ¢ based on Equation (12), with no need for labelled data. 0 indicates
a set of model parameters, and A indicates a hyperparameter vector. Dj, denotes the
auto-created training set of {t, ul,} for the STNNC. An output u; from the MLTM-PINN is
evaluated at t, where t = {tg, At, 2At, ... , t, ..., T} indicates an entire input time set
with the current ¢, the initial time fy = 0 and the terminal time T = 4.5 for operating the
AICS. At = 0.01, used in controlling both the MRAC system and the AICS, represents a
time step. For running the AICS, all input samples of an automatically discretized sub-time
span tg,; for t (see Figure 5) are sequentially input into the MLTM-PINN during each
control cycle. x = {u;, et} represents a state vector for a two-dimensional state space R?,
excluding the remaining constant variables in Equation (7), and serves as a feedback input
to ensure the closed-loop dynamics. An initial input set at t = 0 is defined by x° :{ug, e%)
for all scenarios.

To design the AICS by reorganizing the MRAC subsystems, the adaptation laws and
the adaptive feedback gains for the nonlinear controller are functionally integrated into
the STNNC with multiple online adaptive parameters, without requiring extensive control
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domain knowledge. The DE solver is upgraded to the MLTM-PINN. Additionally, the
AICS directly sets the desired output u!, as given by

Ty STy Ay
2 ( 14 *-cos(3t) 3 sin(3t) (13)

rather than deriving it from Equation (2). This study proposes three distinct design sce-
narios through the transition design strategy and examines the controllability (best control
response) and the control efficiency (minimal activation frequency of meta-learning and a
small number of trials for the HPO) of the AICS across these scenarios.

2.3. Motivation Behind the AICS Design

The MRAC system with two pre-tuned parameters y and B, is simulated for ty = 0
and tf = 6.0 using the sixth order Runge—Kutta method as the DE solver. The plant and the
reference models from Section 2.1 are used.

As shown in Figure 2, the subfigures display control responses for the B, values of
1.5, 3.0, 6.0, and 12.0, with each graph depicting the system’s response at the pre-tuned
o values ranging from 0.1 to 10.0. All system responses indicate suboptimal adaptation
either in the initial phase or throughout the entire control process. Even increasing the
value of 7 to 10.0 fails to mitigate the initial fluctuations in all control responses across all
By, values. Figure 3 details a specific case with a wider range of -y at B, = 3.0. As the value
of vy increases to 72.0, the response diverges without any improvement in controllability,
showing the initial phase of divergence in subfigure (A). The findings suggest that the
MRAC system faces limitations in controlling highly nonlinear plants, possibly due to
a lack of adaptive parameters. Nonetheless, the discovery of a higher-order Lyapunov
function to ensure tracking dynamics for traditional MRAC system design remains a
significant challenge.
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Figure 2. Controllability of the MRAC system for varying v and By. (A) Control responses at B, = 1.5.
(B) Control responses at B, = 3.0. (C) Control responses at B, = 6.0. (D) Control responses at
B, =12.0.
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— ugpfory=71.0 — ujfory=72.0

3.0 - - Uy

Tracking performance
. . (=]
Tracking performance

0.0 10 2.0 3.0 4.0 5.0 6.0 0.0 10 20 3.0 4.0 5.0 6.0
t t

(A) (B)

Figure 3. A subsequent process of control response divergence at B, = 3.0. (A) Initial phase of control
response divergence at oy = 71.0. (B) Control response divergence at y = 72.0.

3. AICS Design

This section provides a comprehensive introduction to the algorithms underlying the
MLTM-PINN and the STNNC. The theoretical foundations and computational mechanisms
of each component are discussed in detail to highlight their roles within the overall AICS
framework. Particular emphasis is placed on how these algorithms contribute to achieving
adaptive control and plant identification in dynamic environments.

3.1. MLP and PINN

Traditional machine learning algorithms often face challenges in data generation,
which poses a significant obstacle in many scientific and engineering domains. PINNs
can address this issue by integrating physical laws, typically expressed as differential
equations, into a training process. This advantage allows PINNs to make more reliable
predictions with minimal or even no data. In this study, a single PINN is employed to create
each T (task) in the MLTM-PINN. Figure 4 displays the PINN architecture that connects a
multilayer perceptron (MLP) to physics laws.

Physics Laws

Governing equation

.+ ) 2 LR
up_" ub—ub— (uh) —-3ut=0 %

L forug=10

——* Backpropagation for training No Yes m

Figure 4. Architecture of the PINN with an MLP and a module integrating physics laws.

The PINN uses the MLP with L hidden layers, and their outputs can be represented
by the following equation:

y[l] =l (g[l].y[lfll _H,[l}), forl =1,2,3, ---, L (14)
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and here, oll denotes an activation function in the I-th hidden layer. y[o] is represented by ¢

t

forl =1. up,

is evaluated by
u;, — gl (15)

A set of optimal model parameters is achieved by implementing

0" =arg min L(6; Dy,) (16)
fcR™m

where L(6; Dy) indicates total loss combining initial constraint loss L; and residual loss
Lg. A training dataset Dy, includes t,;, (see Figure 5) at ¢ as an input set without labelled
data for the MLTM-PINN. (-)" indicates optimal (-). R” means an m-dimensional real
space. Each 7 for the MLTM-PINN employs four hidden layers, each containing 256 NE
(neurons). Unlike, the MLTM-PINN, the STNNC does not include the physical laws. An
MLP with two inputs in an input layer, originally comprising two hidden layers, is used
for the STNNC. The first hidden layer includes eight NE, while the second contains 256 NE
when the HPO strategies are not involved. It is automatically trained by Equation (12) (see
Figure 1). Initialization is performed by Variance Scaling for the MLTM-PINN with Swish
activations, while the STNNC with Tanh activations uses an Xavier Uniform initializer.
None of the layers are frozen during the training in applying transfer learning.

B for an initial constraint

1
]
2 J l o
3 0.0 05 10 15 20 25 30 for residual constraints
- m
o
2>

0 e - - -

00 05 10 15 20 25 30

Sub-time span

Figure 5. A discretized sub-time span at ¢ = 3.0.

In our proposed framework, the target unstable plant is identified by the MLTM-
PINN using a differential equation, which serves as one of physical laws. fg'(t) (a single
meta-model) employing inner learners is trained to approximate the solution to this dif-
ferential equation. To incorporate physical constraints, both L; and Ly are used to enforce
consistency with the physical laws.

3.2. MLTM-PINN Design

This section focuses on developing the MLTM-PINN for online plant identification. All
Ts in the subsystem adhere to a specific discretization rule for each t,,;,. Figure 5 depicts the
sampling manner for this initial value problem (refer to Section 2) by randomly sampling
an input sub-time span for f'(t) with samples more closely concentrated around its initial
constraint. It demonstrates a discretization case with a total of 100 samples at t = 3.0,
including one sample at each end. All £,,;s follow the same sampling manner, but the
distribution of input samples for each T varies throughout the entire control process.

As stated in a study [72], the combination of meta-learning and transfer learning
provides finely tailored initial features to ts. This enables inner learners to develop more
adaptable features, thereby improving the output accuracy of a single meta-model through
iterative fine-tuning. Algorithm 1 outlines the bi-level learning process of the MAML-based
meta-learning for the MLTM-PINN with ten inner learners at ¢, using a limited-memory
Broyden—Fletcher-Goldfarb—Shanno with box constraints (L-BFGS-B) optimization strategy.
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It is founded on the basic concept presented in a work [73] and the further evolved versions
by studies [74,75]. The strategy is detailed in steps 1 to 7 below:

Step 1: set k = 0 and ms = 50.

Step 2: set g(lo) <6 < olup),

Step 3: compute dj by using two-loop recursion

setg = g (17)
define P(65) = min(max(8(%),6;), 6(7)) (18)
for ¢ = k to max(0, k — ms) do: this first loop iterates backwards
compute sV = posl-q (19a)
where
e (19b)
update g + q — 6Ly, (20)
end for
setr = Hy-q (21)
forc = max (0, k — ms)tok do: this second loop iterates forwards
compute (552) =pcylr (22)
update r < r+ sc(égl) - 552)) (23)
end for
such that r ~Hj- VL(6y; Dy,) for each inner learner or (24a)
r ~Hj- VY L(6y; Dy) for the outer learner (24b)
setdy = —r. (25)
Step 4: perform 6y, = P(0y + Ay-dy) (26)
compute g, ; = VL(6y1; Dy ) for each inner learner or (27a)
81 = VEL(6ks1; Dir) (27b)

for the outer learner, where a step size Ay is determined to satisfy Wolfe
conditions without knowing 60y ;.
Step 5: compute the memory sy, = 0;,1 — 0 and (28)
Y1 = 8k+1 ~ 8k (29)
store the pairs (i1, Yi1), then remove the oldest pair to keep only the most
recent ms pairs.
Step 6: let m = min(k, ms — 1) and update Equation (30a) without storing its
previous state.

Hy :(VI{ ..... Vz—%)HO(VIf—% ..... VZ)
T, .... T g7 T .. T
T Py (Ve ., k—r%z-&-l) Sk—m ski%( k—m+1 , Vi) ;
Tl (Ve k—r7z+2) Skemt1 Sk ka2 Vi) (30a)
4
+ Pr-Sk-Si

where
Vi =I—prypsi (30b)
Step 7: update k < k+ 1 and go to step 3
where k indicates an iteration counter, and ms is the memory size, indicating how many
previous updates are stored and used in the algorithm. () and 6(“?) indicate lower and
upper bounds, respectively. P(-) represents a projection function that keeps the iterations
within the bounds. No bounds are applied to the L-BFGS-B in this study. (551) refers to a step
size for the backward process. Hy denotes the approximation of an inverse Hessian matrix.
(56(2) refers to a step size for the forward process. Equation (24a,b) are aligned with the goal
of the L-BFGS-B algorithm to maintain dy as the approximation of a search direction vector,
which points toward the update direction of 6y, incorporating curvature information.
VL(6y; Dyy) and VY L(6y; Dy) (or g,) denote gradients. s; represents the difference
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between the successive sets of model parameters, and y, represents the difference between
successive gradients. I refers to an identity matrix. Hy is the initial approximation of Hy.

Algorithm 1 MLTM-PINN algorithm

1:  inputt

2:  create tg;

3:  initialize all required tensors and scalars

4:  create and sample f§'(t), Tsys and Tyys

5. foriter =1 toiter™™:

6: an initial 0 is used for iter = 1

7: initialize the first 75, by using the updated 6 of f§'(t): transfer learning

8: for each 15, do:

9: perform step 1 to step 7 using Equation (27a) to update each sy

10: if (C1) V (C3):

11: break

12: initialize a following T, by using the updated 6 of the current 7, (except
for the last 75,): transfer learning

13: initialize all ;s by using the 8 of each corresponding s, : transfer learning

14: for all 75s do:

15: perform step 1 to step 7 using Equation (27b) to update f§'(t)

16: if (C1) V (C2) V (C3):

17: break

18: else:

19: gotob

20:  evaluate uy, = fg!(t) at t

where Ty, implies a support task and 1, implies a query task. (C1) iter = iter™"*, (C2)
Y L(6; Dyy) < ¢ and (C3) ||g|| < &' are stopping criteria. iter is an iteration counter.
iter™™ is a maximum iterative number: 5000 is used for each inner learner, and 50 is used for
the outer learner. e = 8.0 x 10~% and e = 2.22045 x10~? indicate convergence tolerance
and loss reduction tolerance, respectively. The number of line search steps per iteration is

limited to 50.

3.3. STNNC Design

This section proposes three different scenarios for designing the STNNC. The foun-
dational ideas of scenarios 1 and 2 are derived from a study by Duanyai [76]. Scenario 1
employs the transfer learning alone between neighbouring control cycles. Scenario 2, in ad-
dition to that, leverages the GP-BO (refer to Algorithm 2) to adjust a single hyperparameter
« (learning rate). Lastly, scenario 3 optimizes both « and the number of NE in each hidden
layer without applying the transfer learning. The GP-BO determines A* (set of optimal
hyperparameters) that minimizes Equation (12) during the training, based on the HPO
configurations presented in Table 1.

Algorithm 2 with B (balancing parameter) intelligently explores target regions within
the hyperparameter search space that are likely to yield better control performance, while
also considering potentially optimal solutions. This algorithm implements the GP-BO
using a nested approach (refer to Equation (31)). The STNNC uses an Adam optimizer. R”
represents an n-dimensional real space.

0* = arg min LT (6, A*; DS,) subjected to A* =arg min L (6, A; D) (31)
feR™ A€R"
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Here, the objective function f(A) = f(Ay, Ay, ....,Ay), defined by Equation (12) in the
study, is modelled as a Gaussian process for the training set A = {A1, Ay, ..., Ay} T in
a hyperparameter space. A; indicates an individual hyperparameter, and n indicates
the number of hyperparameters. m(A) denotes a mean function, and K(A, A’) denotes
a covariance function, referred to as a Matérn kernel function. A and A’ imply different
initial samples. In this study, a single initial input is considered to estimate the initial shape
of f(A). A smoothness parameter v = 2.5 controls the smoothness of the function. I'(-)
refers to a gamma function. K, (-) indicates a modified Bessel function. Is = 1.0 is a length
scaling factor, controlling how quickly correlations decay over distance. EI identifies a new
hyperparameter set A% = {A}¢0, ABew, Anew} T, where its value is maximized. f(Apest)
serves as the best (minimal) function value at the currently best-known hyperparameter
set Apes. B = 2.6 controls the trade-off between the exploration and the exploitation. @(-)
denotes a cumulative distribution function, and ¢(-) denotes a probability density function.
y represents the loss value defined in Equation (12). o implies the standard deviation of
noise in y. The GP-BO internally handles this parameter during the training. o2 indicates
a parameter that is added to the diagonal of the kernel matrix as the expected amount of
noise and influences the GP posterior distribution by adjusting its covariance structure. N’
denotes a normal distribution.

Table 1. HPO configurations for the scenarios.

Target Hyperparameters

MTR « NE (First Hidden Layer) NE (Second Hidden Layer)
Min.V IntV Max.V Min.V IntV Max.V Min.V Int.V Max.V
Scenario 1 — 0.01 8 256
Scenario 2 5 0.001 0.001 0.02 8 256
Scenario 3 20 0.001 0.001 0.02 8 256 2048 8 256 2048

MTR denotes the maximum number of trials for the HPO at each t. Min. V, Int. V, and Max. V denote, respectively,
the lower bound value, the initial value, and the upper bound value of each target hyperparameter search space.

Algorithm 2 Bi-level optimization process for the GP-BO

0 _
0=
2: initialize @ and A

1: initialize % = 0 and ¢” = 0 as inputs

3: define GP prior distribution:

define f(A) ~ GP(m(A),K(A, 1)), (32)
where
1-v v

KA A) = 205 (A - a) Ky (A - ) (33)
4: acquires A"*“ when the EIl is maximized and evaluate y

define EI(A"%") = E[max(f(Apest) + B — f(A),0)] (34)

_ (f(Apest) + B — m(A)) (I)<f(/\best)$.5*m(/\)> + 0..(P<f(/\best)‘;ﬁ*m(A)> foro > 0

Oforc =0

5: if f(Apest) + B > f(A) : exploration
6: search for A" where the maximized EI is observed in a target hyperparameter

search space

7: else: exploitation

8: intensively exploring A™® in the vicinity of the best hyperparameter combination
found so far to further improve Apgt

9: update 0"V « @ — o 20ATT) (35)
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Algorithm 2 Cont.
10: evaluate u’ of the STNNC using A" and "%
11: evaluate ¢’ and y
12: update GP posterior distribution
evaluate f(A"%) | y, A, A" ~ N (m'(A"€®), K/ (A"eW, Ane)) (36a)
where
m! (A"ew) = K(A"@, 1) (K(A,A) +02T) 'y (36b)
and
K/(Aﬂﬁw, Al’lfw) — K(ATIEZU, AHEZU) _ K(Anfw, A) (K(A’ A) + (721) 71K(A, /\new) (36C>
13: update f(AVlCZU) ~ gfp(m/(ATIEZU), K/(AHEZU, AV[CZU)) (37)

14:  update Apegr < A"V and Op,gr < 0°“ when y achieves
the smallest value observed so far
15: iftrial < MTR:

16: goto4
17: else:
18: break

19: update A* < Apesr and 0% < Opest
20: choose the best u’ computed using A* and 0*

4. Simulation Results and Discussion

In this section, the three scenarios are evaluated regarding the controllability and the
control efficiency of the AICS through rigorous simulations and analyses. The results of
these evaluations will provide insights into the strengths and weaknesses of each scenario,
guiding the further refinements of the proposed control system. The simulations are
performed on Windows 11 with TensorFlow 2.10.0 running in Python 3.9.21.

Figures 6 and 7 visualize changes in the optimal values of the hyperparameters for
scenarios 2 and 3. In Figure 6, scenario 2 illustrates that « fluctuates with several significant
peaks, reaching the Max. V at the last two peaks, while the valleys attain the Min. V during
the transitions. The upper bound appears adequate to cover all possible upper variations
before the second-to-last peak, but the adequacy of the lower bound still remains uncertain.
The transitions, marked by prolonged valleys, persist for extended durations rather than
quickly rebounding. This could be interpreted as suggesting that the GP-BO algorithm
continues to extensively explore the search space near the lower bound without being
able to descend further, under the conditions of a single initial input point and MTR = 5.
Nevertheless, the outputs in Figure 12 show that adjusting these three factors (the bounds,
the number of initial samples, and the MTR) for the line search space is unnecessary.
As depicted in Figure 7, the optimal hyperparameter values for scenario 3 wander with
pronounced oscillations and no clear patterns, failing to gather sufficient data to accurately
predict optimal values within the search space, which is constrained by inadequate bounds.
Unlike in the 1D optimization case, a single initial input point in the 2D optimization may
provide limited information about the objective function’s behaviour across the search
space, thereby hindering the GP-BO from constructing an effective surrogate model from
the outset. In addition, setting the MTR to 20 may also reduce the likelihood of finding
better solutions. To observe discernible patterns in the variations, it is advisable to adjust
the three factors by expanding the size of the hyperparameter search space, permitting
more opportunities to explore it depending on its scale, and considering multiple initial
samples. However, this solution is likely inefficient, as it requires additional computational
resources, despite employing the fourfold larger MTR in scenario 3 compared to scenario 2
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(see Table 1). It is easily expected that using multiple initial samples will lead to a longer
search duration during the initial phase of the optimization.
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Figure 6. Change in the optimal value of a over ¢ in scenario 2.
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Figure 7. Changes in the optimal values of the target hyperparameters over ¢ in scenario 3. (A) Change
in the optimal value of a. (B) Change in the optimal number of NE in the first hidden layer. (C) Change
in the optimal number of NE in the second hidden layer.

In Figure 8, unlike the other scenarios, scenario 1 has a different profile for u! that sets
it apart. The distinct overall shape, along with the unstable portion observed at the end
of the control process, reflects the inability of the STNNC to optimally compensate for the
system’s dynamics, leading to the inferior tracking performance, as shown in Figures 11-13.
In scenario 2, an increase in the micro-scale fluctuations, characterized by the formation
of sharp spikes and drops, is observed after ¢t = 0.8. These fluctuations are more obvious
in scenario 3, which involves optimizing a greater number of hyperparameters. These
findings suggest that the dynamic evolution of the u' inputs to the MLTM-PINN may
contribute to its delayed adaptation (see Figure 10B,C).
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Figure 8. Changes in u* over t in the scenarios. (A) Scenario 1. (B) Scenario 2. (C) Scenario 3.

Figures 9-13 illustrate changes in the performance of the MLTM-PINN and the AICS
according to the distinct STNNC design scenarios. Figure 9 displays triggering event
profiles across the scenarios. Scenario 2 triggers meta-learning the fewest number of times,
totalling only 34 activations and indicating an advantage in minimizing computational
demands. The findings from subfigures (B) and (C) highlight that achieving the high-
quality tracking performances (see Figures 11-13) necessitates activating it concentratedly
after the midpoint of the control process. Figure 10 shows the training frequency of f§'(t)
for each scenario. As evidenced by the subfigures, a quick adaptation effect is observed in
scenario 1 after the midpoint, despite its small magnitude. In contrast, no significant effect
is observed in the other scenarios involving the HPO. Optimal hyperparameter settings
in the STNNC may require further training for the MLTM-PINN to converge, as it slowly
adapts to u's with the dynamic input evolutions, which could alter the magnitude and
direction of gradients in s for the MLTM-PINN in a manner different from scenario 1.
According to the hypothesis, subfigure (C) in Figure 8 can also elucidate why subfigure (C)
in Figure 10 illustrates the extended training duration in scenario 3. The observations point
to the fact that the MLTM-PINN's quick adaptation can be challenging when employing
the HPO strategies for the STNNC design.

30 40

00 10 20 00 10 20 30 40
t

00 10 20 30 40
©

Figure 9. Scenarios with distinct triggering event profiles. (A) Scenario 1 with 49 activations.
(B) Scenario 2 with 34 activations. (C) Scenario 3 with 40 activations.
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Figure 10. Changes in the training frequency of f}"(t) across the scenarios. (A) Training frequency
observed in scenario 1. (B) Training frequency observed in scenario 2. (C) Training frequency
observed in scenario 3.
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Figure 11. Controllability of the AICS designed by scenario 1. (A) Control response. (B) Tracking error.
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Figure 12. Controllability of the AICS designed by scenario 2. (A) Control response. (B) Tracking error.

Figure 11 illustrates the control response [76] and the tracking error of the AICS
designed in scenario 1. Subfigure (A) initially exhibits fluctuations in the control response,
which stabilize as t progresses. The notably different shape of u! in the initial control process
(see Figure 8A) may contribute to these fluctuations, suggesting that the STNNC without
incorporating the HPO lacks the self-tuning capacity to mitigate them. The best control
response, as shown in Figure 12 [76], is achieved in scenario 2 with 2048 model parameters
only in the STNNC, using the transfer learning and optimizing «. ¢! exhibits fluctuations
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but converges to a range within one-tenth of that observed in scenario 1. Prior to t = 3.0,
as shown in Figure 6, the upper bound (see Table 1) sufficiently supports the effective
optimization of «. However, after this time point, it may begin to constrain the effectiveness
of the optimization, as variation in &« becomes restricted within an imprecisely defined
range by both bounds. Nevertheless, the findings underscore that optimizing & without
adjusting the size of the given search space, combined with the transfer learning, achieves
the best controllability of the AICS. In scenario 3, despite exploring the hyperparameter
search space four times more extensively than in scenario 2 (see Table 1) during the GP-BO
process, subfigure (A) in Figure 13 displays the noisy control response. To eliminate the
outliers in e, any solution—such as all possible STNNC-related (e.g., adding HPO options
including initial samples or adjusting the architecture of the MLP) and MLTM-PINN-
related strategies (e.g., increasing the activation frequency)—must require an increase
in computational resources. Figures 9 and 10 indicate that scenario 2 is also superior
to scenario 3 in terms of the computational efficiency, with less frequent meta-learning
activation and quicker adaptation in control.
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Figure 13. Controllability of the AICS designed by scenario 3. (A) Control response. (B) Tracking error.

5. Conclusions

We propose the AICS with a learning-while-controlling capability for the highly
nonlinear SISO plant. The control system consists of two subsystems, streamlining its
structure: the MLTM-PINN for plant identification and the self-tuning STNNC with high
adaptability. The AICS design involves revising the MRAC framework, integrating the
nonlinear controller and adaptation laws into the STNNC based on the GP-BO strategy,
and upgrading the DE solver to the MLTM-PINN.

The MLTM-PINN is devised with several essential techniques. The MLTM can in-
telligently resolve the conflict between high controllability and control efficiency, as the
triggered mechanism activates the meta-learning only when one of the error thresholds
detects a deterioration in the controllability. The quick adaptation in the MLTM-PINN,
expected through the transfer learning and meta-learning, is restrictive when the HPO
strategies are involved with the STNNC design. The PINN, trained through self-supervised
learning without the need for labelled data, facilitates the online integration of learning
and control modes.

For designing the STNNC, three distinct scenarios are tested. Scenario 1 shows the
poorest tracking performance, particularly in the initial control response, due to the exclu-
sion of the HPO, although it enables f}(t) to quickly adapt to u’. Scenario 2 demonstrates
that the combination of the transfer learning and the HPO in the STNNC effectively cor-
rects the shape of u!, leading to superior controllability and the highest control efficiency.
However, Scenarios 2 and 3 leave the challenge of quick adaptation in the MLTM-PINN.
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The study demonstrates the feasibility for challenging real-world applications in
scenario 2. Yet, it still needs the resource-intensive meta-learning-based approach. Our
upcoming study will provide solutions to this issue by the use of more adaptable neural
networks for each subsystem.

6. Future Study

We plan to tackle the challenge of further reducing computational resources with-
out compromising control performance by replacing the MLP with either a liquid neural
network (LNN), a transformer neural network (TNN) with a single attention mechanism,
or a combination of both, with and without the meta-learning. This replacement aims to
preserve the high adaptability of the PINN by leveraging the key strengths of the neural
networks. For the LNN, we anticipate higher adaptability to the dynamic input evolution.
This enhanced adaptability is attributed to the use of ODE-based activations, which allow
both subsystems to more effectively model continuous-time dynamics under rapidly chang-
ing inputs. In the case of the TNN, the self-attention mechanism is anticipated to sustain
the influence of an initial constraint throughout the entire control process. Ultimately,
combining physics-informed machine learning with a TNN could globally propagate the
long-range dependency between initial constraints and outputs across a long time span.
In addition, fine-tuning target continuous hyperparameters using hybrid optimization is
also expected to enhance the adaptability of the STNNC and mitigate the dynamic input
evolution, thereby reducing the frequency of the meta-learning activations.

In the final stage of control system design, stability verification is essential to ensure
that the proposed system maintains bounded behaviour over time under both nominal
and perturbed conditions. We will offer a numerical framework for assessing whether the
system’s states converge to a desired equilibrium point or remain within an acceptable
region of attraction, using a Lyapunov function based on a partial differential equation.
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