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1. Introduction

In our daily lives, the ability to repeatedly work on a given taf
would lead to constant improvements. For example, in basketb
set shaoting, as the number of attempts increases, the shooter
able to increase the hit ratio since hefshe may adjust the ang]
and speed to reduce the shooting deviation shot by shot. The bas
reason for this is that we are able to learn from experiences af
subsequently improve our behaviors.

This basic cognition has motivated research on iterative leari
ing control (ILC). That is, ILC is a control method that improvi
its control performance by learning from previous control perfal
mance. Specifically, ILC is usually designed for systems that are ab|
to complete some task over a fixed time interval and perform the
repeatedly. In such systems, the input and output information
past cycles, as well as the tracking objective, are used to formy
late the input signal for the next iteration, so that the trackil
performance can be improved as the number of cycles increases|
infinity. Thus, ILC has the following features: (1) the system can fil
ish a task in a limited time, (2) the system can be reset to the sam|
initial value, and (3) the tracking objective is iteration-invariag
The main idea of ILC is shown in Fig

In Fig. 1, y4 denotes the reference trajectory. Based on the inpi
of the kth iteration, uy, as well as the tracking error e, =y, — . th
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Abstraci—This paper conducts a survey on iterative leard
ing control (ILC) with incomplete information and associatd
control system design, which is a frontier of the ILC fiell
‘The incomplete information, including passive and active type
can cause data loss or fragment due {0 various factors. Passy

lion refers to il

caused by practical system limitations during data collectiol
storage, {ransmission, and processing, such as data_dropouf
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A Technical Overview of Recent Progy

College of Information Science and Technology, Beijil
E-maj

This paper contributes to a technical overview of recent progres§
the learning conirol for systems with various random signals ang
principles of ILC are first bricfed

delx\s, and limited Actiy
il lion refers to i data and i

caused by man-made reduction of data quantity and qual
on the premise that the given objective is satisfied, such
sampling and quantization. This survey emphasizes two aspect
the first one is how to guarantee good learning performani
and tracking performance with passive incomplete data, and i
second is how to balance the control performance index and da
demand by active means. The promising research directions alo
this tepic are also addressed, where data robustness is high
emphasized. This survey is expected to improve understanding
the restrictive relationship and trade-off between incomplete da
and tracking performance, quantitatively, and promote furth
developments of ILC theory.

Index Terms—Iierative learning control, incomplete inform|
tion, data robustness, data dropout, varying lengths, samplg
control, quantized control.

. INTRODUCTION

ANY practical systems follow the same operation mog

where they repeatedly complete a given task in a finil
ime interval. For instance, the industrial production proced
generally consists of successive batches of production task
that is, the system completes a production batch followif
a given procedure within the desired time interval and thy
repeats it again and again. For such systems that can be clear]
divided into successive operation batches. if the operation tim
lengths of each batch are identical and the operation circun
stances of different batches are similar, then we can full
utilize the operation data and experience to adjust the acti
strategy for the next batch. This basic concept of “learning
motivates the proposal and developments of iterative learnig
control (ILC), which is now an important branch of intellige
control [1]. In other words, ILC is a typical control strateg
‘mimicking the learning process of the human being, of whi
the pivotal idea is to continuously learn the inherent repetiti
factors of system operation processes based on various daj

This work is supported by National Natural Science Foundation of Chil
161(17][145) and Beijing Natural Science Foundation (4152040).
D. Shen is with the Beijing University of Chemical Technology, Beijil
100029, P R. China. E-mail: shendong@mail.buct.edu.cn.
Manuscript received February 10, 2018, revised April 02, 2018, af
accepied May 02, 2018,

recent progresses on stochastc ILC are seviewedin thrse parts: ad

case, . Three major ie.
method, are clarified. Promising research directions are also presef

Keywords: Stochastic iterative learning control: stochastic systems|
filtering: stochastic approximation.

1. Introduction

While starting basketball shooting from a fixed position)
may faJl for the first several thti as we have insuffi
about the di and However,

each shoot, we can leam the information about the baskel
shooting process and then imprave our shoot angle and pal
Thus, we can shoot more and more accurate until we hil
basket. The inherent principle is that we can learn fromi
past shoots or experiences. This learning ability helps us mé
almost every skill such as swimming, driving, and painting.
basic cognition of leaming can be also applied to the indus
systems such as robotics and batch processes. For the latter
of systems, the operation information from previous batches
be fully uiilized to improve the performance. In particular
those systems that operate in a fixed time interval, which
be called an iteration, and repeat the operations successively
operation information including input and output as well af
tracking reference can be utilized to revise the input signal
the next iteration. As a consequence, the tracking performany
gradually improved as the iteration number increases. This
of control is called iterative leaming control (ILC), motiy
by the basic concept of learning, which has been an impal
branch of intelligent control. Clearly, ILC is a typical col
strategy that mimics the learning process of human being
which the pivotal idea is to continuously learn the inhe
repetitive factors of system operation processes.
Comparing ILC with other traditional control method
gies such as adapiive control and robusi control, we find that!
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Abstract -With the development of high
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that imitates human learning behavior, if
trajectory tracking problems. Owing to

acteristies of ILC, ILC is regarded as a pre
of HSTs. Therefore, various ILC schemes
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and model-free ILC, respectively. Next,
encounter various issues, we introduce &
are summarized from three aspects: ac
Finally, we present promising directions!
i cept of the current.

Authorized licensed use limited to: Rennyin University. Dowrleaded o0, i

Contents lists available at ScienceDirect

ISA Transactions

journal homepage: www.elsevier.com/locate/isatra

Research article

Advances in iterative learning control: A recent five-year literature review *

Dong Shen*

‘School of Mathematics, Renmin University of China, Beifing, 100872, PR China

, Xiang Cheng, Shuai Gao, Xun He @, Zihan Li, Zeyi Zhang

HIGHLIGHTS

« First 5-axis survey of ILC progress focusing on recent five-year literature review.
+ Per-axis milestones, gaps and future directions give researchers a one-stop trend.

+ Review links mature ILC theory to practical deployment needs.

ARTICLE INFO ABSTRACT

To—
lierative learning control

Iterative learning control (ILC) is a control strategy specifically devised for finite-length batch processes that can
be repeatedly executed. By iteratively refining the input signal across successive system trials, ILC enables accu-

Learning rate tracking of a predefined reference trajectory. Since its inception, this control methodology has evolved over

Literature review
Theary

Applications

four decades into a relatively mature and comprehensive theoretical framework. Nevertheless, in the past decade,
the field has lacked systematic review and in-depth discussion on the overall progress of the field, with oaly a
handful of studies offering limited

subdomains. To provide a holistic understanding

of the current state of the art and to identify peomising directions for future investigation, this paper presents a

literature review of recent key

from ial dimensions: syst jcs and settings, signal

acquisition and transmission, reference trajectory, algorithm design and analysis, and implementations and appli-
cations. For each dimension, we summarize the major advancements and representative contributions, followed
by critical discussions and forward-looking perspectives. This review alms to help researchers and practitioners
in grasping the prevailing research trends and to inspire further theoretical and applied developments in ILC.

1. Introduction

Batch processing serves as a core manufacturing paradigm in in.
dustrial production, characterized by repetitive task execution within
defined time cycles. Typical implementations encompass semiconduc-
tor wafer processing, automated assembly lines, additive manufacturing
systems, and chemical batch reactors. This operational principle extends
1o other real-world systems. Urban subway networks and high-speed
rail systems exemplify cyclic operational patterns, maintaining fixed
routes and schedules through recurring cycles. These systems demon

in cution with consistent temporal
;nmme:m While complex systems may deviate from strict periodic
ity due to multiple influencing factors, they retain significant repetitive
characteristics. Urban traffic networks exhibit this pattern, displaying
repetitive weekday modes where 8/ g rush

hours maintain comparable timing and duration daily. Macroscopically,
consecutive days' traffic patterns demonstrate notable similarity in
operational processes.

The operation processes of all the aforementioned systems exhibit
a fundamental characteristic of batch processes. Specifically, each sys-
tem completes one batch within a finite time and repeats this process
continuously, with repeated batches being either identical or highly
similar. This raises the question: can data from completed batches im-
prove the performance of subsequent batches? For a system that operates
repetitively, it is possible to establish an iterative learning mechanism
that uses data from previous batches to generate control signals for the
next batch, enhancing control performance over time. This idea has in-
spired the academic community to propose iterative learning control
(ILC) methods,
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