Engineering 35 (2024) 32-45

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

Engineering

Contents lists available at ScienceDirect

Engineering

Research

Intelligent Manufacturing—Article

An Auction-Based Approach for Multi-Agent Uniform Parallel Machine )

Check for

Scheduling with Dynamic Jobs Arrival

Yaqgiong Liu "¢, Shudong Sun®", Gaopan Shen ", Xi Vincent Wang ¢, Magnus Wiktorsson ¢, Lihui Wang ©*

2 Department of Industrial Engineering, Northwestern Polytechnical University, Xi’an 710072, China
b Key Laboratory of Industrial Engineering and Intelligent Manufacturing, Ministry of Industry and Information Technology, Xi'an 710072, China
¢ Department of Production Engineering, KTH Royal Institute of Technology, Stockholm 10044, Sweden

ARTICLE INFO

Article history:

Received 1 November 2022
Revised 28 June 2023

Accepted 19 September 2023
Available online 24 March 2024

Keywords:

Multi-agent scheduling
Decentralized scheduling
Auction

Dynamic jobs

Private information

ABSTRACT

This paper addresses a multi-agent scheduling problem with uniform parallel machines owned by a
resource agent and competing jobs with dynamic arrival times that belong to different consumer agents.
All agents are self-interested and rational with the aim of maximizing their own objectives, resulting in
intense resource competition among consumer agents and strategic behaviors of unwillingness to dis-
close private information. Within the context, a centralized scheduling approach is unfeasible, and a
decentralized approach is considered to deal with the targeted problem. This study aims to generate a
stable and collaborative solution with high social welfare while simultaneously accommodating con-
sumer agents’ preferences under incomplete information. For this purpose, a dynamic iterative
auction-based approach based on a decentralized decision-making procedure is developed. In the pro-
posed approach, a dynamic auction procedure is established for dynamic jobs participating in a real-
time auction, and a straightforward and easy-to-implement bidding strategy without price is presented
to reduce the complexity of bid determination. In addition, an adaptive Hungarian algorithm is applied to
solve the winner determination problem efficiently. A theoretical analysis is conducted to prove that the
proposed approach is individually rational and that the myopic bidding strategy is a weakly dominant
strategy for consumer agents submitting bids. Extensive computational experiments demonstrate that
the developed approach achieves high-quality solutions and exhibits considerable stability on large-
scale problems with numerous consumer agents and jobs. A further multi-agent scheduling problem con-

sidering multiple resource agents will be studied in future work.
© 2024 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

problem refers to how jobs belonging to different consumers can
be scheduled on the given machine resources [5], where parallel

Scheduling plays a significant role in manufacturing systems
[1,2] and changes as production models constantly evolve. In the
mass production model, traditional scheduling studies are mostly
aimed at increasing the machine utilization of manufacturers or
reducing their manufacturing costs [3]. However, under the cur-
rent customer-driven production model, manufacturers must
accommodate the unique demands of various individual con-
sumers. This has shifted the goal of scheduling toward the efficient
allocation of machine resources and meeting diverse requirements,
resulting in a complex multi-agent scheduling problem that has
become a research mainstream [4]. The multi-agent scheduling
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machines are common and vital in machine environments [6].
The multi-agent parallel machines scheduling problem has gained
a certain level of research interest [7-9]. It pervades a wide range
of real-world situations, such as intuitive scenarios in which jobs
are arranged on machines in manufacturing [10]; allocating multi-
ple virtual machine resources to many users in a cloud computing
system [11]; several electric vehicles sharing charging stations in a
power system [12]; scheduling surgery in multiple operating the-
atres [13]; and arranging aircraft landings on a given set of run-
ways [14]. Furthermore, most of the above scheduling
environments are uncertain and dynamic—characteristics that
are commonly manifested by the fact that the jobs, electric vehi-
cles, or surgeries do not arrive or occur all at once but do so
dynamically over time. Within this context, this paper focuses on
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the multi-agent uniform parallel machines scheduling problem
with dynamic jobs arrival (MUPMSP-D), in which the uniform par-
allel machines are heterogeneous machines with different process-
ing speeds.

In a multi-agent scheduling model, the allocation of machine
resources involves different agents, each of which has its own jobs
to be processed and individual objectives. As a result of the limited
machine resources, the competition for resources among agents is
exceptionally fierce. Centralized scheduling methods are a tradi-
tional means of solving such problems, mainly by constructing
multi-objective optimization models and generating Pareto solu-
tion sets [15]. However, selecting a solution that is acceptable to
all consumers from the Pareto solution set is a complex and chal-
lenging task. In addition, since the agents have their own objec-
tives and preferences, strategic and economic rationality should
be considered when making decisions [16]. The self-interested
and rational agents may not be willing to disclose their private
information because a complete revelation increases the possibil-
ity of being scheduled undesirable resources [17]. These
characteristics lead to the infeasibility of the centralized schedul-
ing approach in which decisions are made by a central authority
that requires complete information. Compared with the central-
ized approach, the decentralized decision-making approach
addresses resource-allocation issues by utilizing autonomous
agents that make decisions collectively, without relying on a fully
informed central authority [18,19]. Therefore, a decentralized
approach becomes crucial in solving a multi-agent scheduling
problem in which asymmetric information exists. The involvement
of agents in decision-making processes with private information
can lead to more consensus-driven and high-quality scheduling
outcomes. Moreover, the decentralized approach is more scalable
and fault tolerant when addressing dynamic scheduling challenges
[20]. In summary, for the targeted MUPMSP-D, a decentralized
group decision-making process that accounts for the strategic
behavior of self-interested agents and the limited availability of
information is required.

Because the individual requirements of self-interested agents in
the multi-agent problem are considered, the objective of schedul-
ing is redefined. Rather than finding “optimal” solutions, the goal
of the decentralized scheduling approach is to generate a stable
and acceptable resource-allocation plan that reflects the goals of
all agents, while keeping social welfare at the forefront. Social wel-
fare is used to evaluate the multi-agent system, considering the
objective of each agent [21]. To achieve this purpose, market-
based mechanisms are popularly implemented in decentralized
architecture when solving scheduling problems. More specifically,
agents learn and imitate the behavior of customers competing for
resources in the marketplace from economic theories when engag-
ing in decision-making, with auction theory being particularly
widespread. The auction theory can be applied to generate better
solutions in various situations because of its natural autonomy
and distribution [22-24]. Up to this point, only Liu et al. [7] has
used auction theory to address multi-agent parallel machines
scheduling problems, proposing an iterative combination
auction-based approach for achieving good social welfare solu-
tions. However, their work considered a relatively simple scenario
in which all jobs arrive statically and are processed on identical
parallel machines. This approach is inapplicable to the target prob-
lem of dynamic jobs being processed on uniform parallel machines.
Therefore, it is necessary to develop an auction-based decentrali-
zed approach to tackle the targeted challenge. Furthermore, in
terms of the auction-based approach, bid determination and win-
ner determination are the main ways in which agents participate
in the decision-making and are the two key stages that affect the
performance of the overall method. Price is often adopted to allow
agents to express their preferences and communicate with the
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resource owner, resulting in an agreement during bid determina-
tion [25-28]. However, due to the increasing number of jobs and
the heterogeneous machines in the targeted MUPMSP-D, price
guidance leads to an exponential increase in the calculated costs
of bid determination and winner determination. Hence, a non-
price-guided bidding strategy and a corresponding efficient winner
determination algorithm need to be developed for the auction-
based approach.

This research studies the multi-agent scheduling problem with
dynamic jobs arrival, incorporating multiple self-interested con-
sumer agents and a resource agent with uniform parallel machines.
Taking the challenges described above into account, a dynamic
iterative auction (DIA)-based approach is developed to generate a
collaborative solution with high social welfare while simultane-
ously accommodating the consumer agents’ preferences. The main
contributions of this study are summarized as follows:

(1) A dynamic iterative auction-based approach is applied to
solve the MUPMSP-D for the first time, where jobs can participate
in the auction once they arrive, enabling real-time scheduling for
dynamic jobs. The proposed approach’s individual rationality prop-
erty is theoretically proven, and its effectiveness is validated
through extensive computational experiments.

(2) A straightforward and easy-to-implement bidding strategy
without price guidance is developed in the proposed DIA approach.
Consumer agents submit only target machines without bidding
prices, which significantly reduces the computational costs for auc-
tions that involve continuously increasing job participation. The
theoretical proof confirms that the myopic bidding strategy is a
weakly dominant strategy for consumer agents to submit bids.

(3) A mixed termination condition with an adaptive Hungarian
algorithm is developed to address the winner determination prob-
lem (WDP). Despite the increasing number of bids and the growing
scale of the WDP, full competition between consumer agents is
ensured, and high-quality solutions are generated efficiently.

The remainder of this paper is structured as follows: Section 2 is
devoted to introducing the related work. In Section 3, the targeted
MUPMSP-D is described, and a corresponding centralized model is
constructed. The details of the proposed dynamic iteration auction-
based approach are given in Section 4. Computational experiments
and results are shown in Section 5. Finally, conclusions and future
work are highlighted in Section 6.

2. Related Work

Since auction theory was first introduced into a distributed
decision structure for job shop scheduling by Kutanoglu and Wu
[29], research on the use of auction methods for solving distributed
scheduling problems has flourished. Hall and Liu [25] presented an
effective ascending auction by dividing single machine resources
into flexible time blocks and designing adaptive ask pricing strate-
gies, promoting the application of auction methods in machine
scheduling. Afterward, flexible job shop scheduling problems
solved by auction-based approaches were studied by Tang et al.
[23] and Zeng et al. [30] under different constraints. Zhu and Wang
[24] designed an auction mechanism to allocate the production
capacity to two parallel machines. However, the problems
addressed in these works are basic with relatively simple machine
environments; moreover, each bidder only bids on one job, limit-
ing the scalability of the approaches. Then, a more practical and
complex job shop problem with parallel batch processing was con-
sidered by Zeng et al. [31]. An improved disjunctive graph model
was applied to the auction, with flexible jobs acting as auctioneers
or bidders, resulting in good outcomes in large-scale instances.
This method is universal and cannot be scaled up for parallel
machines scheduling. Although Kong et al. [32] designed an
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auction mechanism for resource scheduling on virtual parallel
machines in cloud computing, the flexible divisibility of virtual
resources in auctions is not applicable to the problem considered
in the present study. Liu et al. [7] studied an iterative auction-
based approach for multi-agent parallel machines scheduling
problems in which a multi-stage auction framework is proposed,
ensuring bidders bid for multiple jobs and significantly extending
the scale of the problem to be solved. However, the researchers
focus on identical machines and assume that all jobs arrive stati-
cally. To the best of our knowledge, no researchers have addressed
widespread multi-agent uniform parallel machines scheduling
with dynamic jobs arrival. This work studies the considered prob-
lem and proposes an auction-based approach for achieving well-
performing solutions, which can be extended to an unrelated par-
allel machines environment.

The application of auctions in dynamic scheduling has drawn
considerable attention. Dewan and Joshi [33,34] first studied
auction-based distributed scheduling in a dynamic job shop envi-
ronment. They established the foundations for the application of
auction to dynamic scheduling, but only three jobs belonging to
one agent were considered, and they participated in the auction
at the same time. A more complex dynamic environment was con-
sidered and a corresponding auction-based approach was con-
structed in Ref. [35], but an auction only started when machines
were available, delaying the decision process. The auction mecha-
nism has been broadened for other scheduling fields. For example,
Aratizo et al. [36] and Tosselli et al. [37] employed an auction for
project portfolios scheduling and multi-project scheduling, respec-
tively. The tasks in project scheduling can often be split into sub-
tasks; however, the jobs in our considered MUPMSP-D scenario
are indivisible. Kong et al. [32] worked on virtual machine resource
scheduling based on an auction, and Vishalatchi et al. [38] com-
bined a tabu search with an auction mechanism in cloud comput-
ing. Mukherjee et al. [39] solved the scheduling problem in the
power market by using a market clearing auction with dynamic
production offers. These problems all highlight dynamic resources
instead of tasks. To summarize, the methods used in the aforemen-
tioned literature cannot be implemented in situations in which
multiple consumers have multiple and indivisible jobs. In this
paper, we develop a dynamic auction procedure, which ensures
that jobs participate in the auction as soon as they arrive, thereby
reducing the waiting time for jobs to be scheduled.

In a scheduling environment with information asymmetry, a
bidding strategy that speaks to the bidders’ individual preferences
but withholds private information plays a crucial role in improving
the performance of the auction-based approach. Typically, pricing
is most frequently used when bidding. Wellman et al. [40] were
the first to bring a reserve price into scheduling, with bidders
expressing their preferences by raising the prices. These research-
ers also investigated the existence of equilibrium prices for some
general scheduling problems. Inspired by this principle, Hall and
Liu [25] designed a flexible adaptive pricing strategy and flexible
time blocks, through which bidders can bid for their target time
resources. This work was later extended in Refs. [7,24,41]. Pricing
based on the Lagrange multiplier is another effective way that
has been widely adopted [42-44]. These bidding methods can visu-
ally represent the bidders’ preferences, and sealed bids protect pri-
vacy. However, bidders have to calculate their prices on all
potential target resources for each job or task. As a result, there will
be an exponential increase in the bidders’ calculation costs when
using the pricing strategy in our problem, because of three strong
constraints: multiple bidders, multiple heterogeneous machines,
and an increasing number of jobs. Some studies have proposed bid-
ding mechanisms without pricing in the auction. Wang et al. [45]
presented a non-price bidding strategy in which bidders submitted
their preferred time intervals. Liu et al. [46] proposed another non-
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price bidding mechanism by assigning a value to each time bundle
in surgical scheduling. Without pricing, Merz et al. [47] selected
the machine with the maximum processing time in the scheduling
of human-machine teams. It should be noted that the resources
considered in these problems are single-attribute resources with
time or processing speed, precluding the use of these non-price
bidding strategies in a multi-attribute machine environment.
Hence, a bidding strategy without price that works for the consid-
ered MUPMSP-D should be developed. In this work, a straightfor-
ward and flexible bidding strategy without price guidance is
developed, in which bidders submit one or more target machines
based on their objectives. This approach greatly reduces the com-
putational cost of the agents while protecting their privacy.

3. Problem description

In this section, the considered MUPMSP-D is described. Then, a
corresponding centralized model with complete information is
built, whose solutions will be benchmarks for comparison in
Section 5.

3.1. MUPMSP-D description

The problem can be described as follows. There are N self-
interested consumer agents CA = {CA;,CA,,...,CA;,...,CAy}, and

each CA; has n; dynamic arrival jobs {]Q,]Q, ...,];;,]‘;,i} that need to

be processed on m uniform parallel machines
{M1,My,....Mj,...,Mp} belonging to a resource agent, denoted as

RA. The total number of jobs is ] = S_V ,n;. Each job Jj, is character-
ized by a tuple of four elements, J;, = {p;‘w d., i, r;;}, representing a
processing requirement, a due date, a revenue loss resulting from

unit-time tardiness, and a revenue that CA; can receive when J,
is processed, respectively.

In this study, three machine states corresponding to three costs
are considered based on Ref. [48]. These are defined as the setup
state, processing state, and idle state, as illustrated by an example
in Fig. 1. When a machine starts processing a job, a machine-
dependent setup time is needed [49]. A machine working on the
job is then in the processing state. Due to the dynamic arrival of
jobs, a machine enters into an idle state if the current job has been
completed and no new jobs have arrived. The idle time refers to the
period during which a machine waits for a new job. In this case, the
machine still consumes energy and incurs costs [50]. These three
machine states correspond to three costs. Thus, each machine
has six relevant characteristics: @ a processing speed sp;, which
determines the actual processing times of jobs; @ a setup time
stj, which is sequence-independent and machine-dependent [51];
® a unit operating cost oc;, which calculates the costs incurred
when a machine is in the operating state; @ a unit setupcost sc;,
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referring to the costs incurred when a machine is in the setup
state; ® a unit idle cost icj, corresponding to the costs incurred
when a machine is idle; and ® a unit profit pro;, which determines
the unit profit a machine gains from processing a job.

All agents are self-interested. The consumer agent CA; wants to
process its jobs with the objective of maximizing its revenue:

f(CA) =30, (r;( — ol - max <c;< —d,, O)) where ci denotes the
completion time of Ji, and )}, - max (c;< - d};, 0) represents the total

revenue loss of job ]L caused by its tardiness. The resource agent
aims to maximize its profit by allocating the machine resources—
that is, to maximize the total profit generated from processing jobs
minus the total costs. The total costs consist of three components:
machine operating costs, setup costs, and idle costs.

Ascheduleis amapping F = {(s},m}), ..., (si, m}) }, indicating the
start time s} and assigned machine mj, for thejobji;. The schedule is
generated based on the following constraints and assumptions:

(1) All machines are available at the beginning of the planning
horizon and have no breakdowns.

(2) Each job can be processed on any machine but it can only be
processed on one machine at a time.

(3) Each job can only be processed once it has arrived and
cannot be interrupted once it is being processed.

(4) The revenue loss of job Ji, resulting from its tardiness cannot
exceed its revenue ri.

(5) The machine processing speed sp; and the setup time st; are
public information—that is, all parties are aware of them—while
the three types of costs are just known to the resource agent.

(6) The processing load pi, of job ]L is semi-public information
known to the job owner CA; and the resource agent RA, whereas
the other four parameters of the job hold private information only
known to CA..

Since the introduced scheduling problem is solved by means of
a decentralized decision-making approach, without losing general-
ity, social welfare is applied to evaluate the system value of a
schedule F [52]. Here, social welfare refers to the sum of the total
revenue of N consumer agents and the profit of the resource agent,

given by SW = >V f(CA)) + f(RA).

3.2. Centralized model

In this section, all the agents’ information is assumed to be pub-
lic. A solution generated in a centralized model is used as a bench-
mark to evaluate the performance of the proposed decentralized
auction-based approach. A central authority determines the sched-
ule by solving the integer programming formulation as follows:

n;

L. N ) - N m J
Maximize Y 3 X - (r;< — W}, - Tk> + 30330 > Xuie
k=1 i=1 k=1 i=1 j=1 t=1 (])
~(f?’< (proj — oc;) — st; - s¢; — ITy; - icj>
S.t.
n; N
ZXI<I]IS1, 1:172,7m7t:1727] (2)
k=1 i=1
m J .
>3 Xe=1; k=1,2,...,n;i=12,.,N 3)
j=1 t=1
n N p X
Sice1 — Sie = 32 5 Xuie - (S—;Jrstj); i=1,2,omt=1,2,...J -1
k=1 i=1 J
(4)
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Si>Xge-a; k=1,2,..m;i=12_,Nj=12..mt=12_.] (5)

pi
Gie = Sje + Xiije - SG + Xije - g5

, , (6)
k=1,2,..,n;i=1,2,..,N;j=1,2,..m;t=1,2,...,]
T;; =G — (1 7injf)M - d;;; (7)
k=1,2,..,n;i=1,2,..N; j=1,2,..m;t=1,2,....]

T,>0;  k=12..n;i=12..N (8)

Tl <ri; k=1,2,..,n;i=1,2,..,N 9)
J] m N X

Iij = Z Z Zinjt(Sﬁ — ij,1), ]= ‘1727 ..,m (10)

t=2 k=1 i=1
Xie = {0,1};  k=1,2,.,n;i=1,2,.,N;j=1,2,...m t=1,2,...]
(11)

The proposed model is based on Refs. [48,53]. The objective
function of Eq. (1) consists of two parts: the total revenue of the
consumer agents and the profit of the resource agent. Eq. (2) con-
straint implies that each position on any machine can process a
maximum of one job. Constraint (3) ensures that job ]}'< can only
be processed by one machine. Constraints (4) and (5) compute
the starting time of job Ji, at each position on a machine, and con-
straint (5) ensures the job is processed after it arrives. Constraint
(6) quantifies the completion time of job ]L at each position on
the machine. Constraints (7) and (8) specify the tardiness of job
Ji, where M is a sufficiently large positive number. Furthermore,
constraint (9) ensures that the revenue loss of a job cannot exceed
its revenue. Constraint (10) calculates the idle time of the tth posi-
tion on machine M;.

4. Research methodology: The proposed approach

In this section, an auction-based framework is proposed to deal
with the considered MUPMSP-D. The resource agent and consumer
agents act as an auctioneer and bidders, respectively. The auction-
eer regards the machine resource as auction goods, and the bidders
bid for their target machine resources. Owing to the intense com-
petition for limited machine resources between multiple self-
interested consumer agents and the dynamic arrival of jobs, the
framework has been developed as a dynamic iterative auction pro-
cedure. Four major components are contained in this framework: a
dynamic iterative auction procedure, a bid determination model
for the bidders, a winner determination model for the auctioneer,
and bid update strategies for bidders. These are elaborated in the
following sections.

4.1. The dynamic iterative auction procedure

In this section, a dynamic iterative auction procedure is pre-
sented that enables the consumer agents and the resource agent
to generate a consensus scheduling plan. It is depicted as a flow-
chart in Fig. 2. Any disclosure of private information—other than
the defined public and semi-public information—is forbidden.

Upon the arrival of any job from any bidder, the bidders post
their processing requirements to the auctioneer; then, the auction
starts. The auctioneer confirms the available machine resources
and provides information about them to bidders for bidding. After
receiving the auction information, the bidders conduct bid deter-
mination for the arrived jobs and send bids to the auctioneer. These
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Fig. 2. Main structure of the dynamic iterative auction procedure.

bids are consolidated into a pool of bids, which serves as the input
to the winner determination model solved by the auctioneer. If the
termination conditions (described in Section 4.3) are satisfied, a
schedule for the arrived jobs is generated. Otherwise, the available
machine resources are updated based on provisional solutions
obtained from the winner determination model. As auction items
are renewed, bidders update their bids for the submitted jobs
and perform bid determination for the newly arrived jobs. Bidders

choose to leave the auction when no new jobs arrive. This ensures
that jobs enter the auction as soon as they arrive, which means that
a real-time scheduling approach for the dynamic scheduling prob-
lem is achieved. It is notable that the increasing number of jobs in
each auction round also poses a challenge to the WDP. The DIA
procedure facilitates dynamic and effective interactions between
the consumer agents and the resource agent, allowing them to
negotiate a consensus scheduling solution. Furthermore, it reduces

36
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the information revelation of buyers and sellers and provides the
ability to accommodate dynamic changes in the auction process.

4.2. Bid determination model

In this section, a bid determination model is constructed based
on which consumer agents generate their bids. In general, in auc-
tions, price is typically used by auctioneers and bidders in their
bids to express individual preferences [54]. However, in our study,
the auctioneer sells multiple uniform parallel machines resources,
and each bidder would bid for multiple jobs in a round of auction.
Using the bidding price to express bidders’ preferences for different
machines would introduce two challenges. First, the auctioneer
must set numerous asking prices for each timeslot of each
machine. Second, each bidder must calculate an exponential
amount of the bidding price. These complex calculations do not
result in a better solution but make the whole auction system inef-
ficient. Moreover, in a practical manufacturing environment, both
consumers and manufacturers prefer simple decision-making
methods. Therefore, a novel and straightforward non-price bidding
strategy is developed, and the bid determination model is built
accordingly.

At the beginning of the auction, the auctioneer just informs the
bidders of the available start time for each machine. Accordingly,
the bidders express their preferences by submitting requirement-

based bids, which can be represented as a 2-tuple b}; = <j;'<,Mj>,

where ]}; identifies the bidding job and M; specifies the target
machine. For the bidders, only submitting the target machine with-
out a bidding price reduces the computational costs and allows
individual requirements to be represented directly and effectively.
Moreover, this approach does not require rational and self-
interested consumer agents to reveal any information about their
profits, thereby preserving their privacy. Another notation, E}, is
defined that indicates the number of times bidder CA; has bid for

job Ji. This is used to sort the multiple jobs that a bidder simulta-
neously bids for in a single auction; that is, the greater E. is, the

higher the calculated priority of job Ji will be. Although the calcu-
lation order does not affect the scheduling solutions, a reasonable
rule facilitates the smooth implementation of the proposed
approach. Finally, the straightforward way of generating bids with-
out machine features makes it workable in the unrelated parallel
machine environment.

Since each bidder has no information about other bidders and is
motivated by self-interest, it is a natural choice for the bidders to
bid with a myopic bidding strategy [25], which was proven to be
a weakly dominant strategy for consumer agents in Section 4.5.
Thus, each bidder will choose the machine with the highest profit
as the target machine for the Ji in each round of the auction. It
should be noted that only machines with positive profits are likely
to be chosen, since no consumer agent is willing to process jobs
with negative returns. If a job gets the same non-negative revenue
on multiple machines, then all the machines are selected. This
improves the bidders’ odds of winning and makes it easier for
the auctioneer to allocate machine resources. On the other hand,
if a job does not yield on any machine, it will be withdrawn from

the auction. Accordingly, the bid b} — <];;,Mj> is an atomic bid. If
a bidder chooses multiple machines, its bid is represented as
b, = (Ji, (M1,Ma,....,M;)), which represents multiple bids
b} <]§'<,M1>. b} <]§<,M2>, and b <]§'<,Mj> connected by the
logical connector XOR [55]. For example, b;; = <]§<, (Ml,M2)> indi-

cates that the bidder is willing to process job Ji on machine M,
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or machine M,. After receiving the available start time AS; of each
machine from the auctioneer, the bidders can generate bids
through Algorithm 1.

Let U be the max(n;), representing the maximum number of jobs
owned by different consumer agents. The time complexity of Algo-
rithm 1 is O(NUm), where N is the number of consumer agents and
m is the number of machines.

Algorithm 1. Bid determination algorithm.

Input: information about arrival job ]L, sp;, stj, and the
available start time AS; of each machine

Output: bid b, = <J;;,Mj> or b, = <j;;7 (My, My, ... 7Mj)>
1. for CA; in CA:

2. for each arrival job Ji:
3. for each machine with available start time AS;:
4. Calculate revenue V¥ on machine M;:
vi— i - max(max(aL.ASj) + 5%, + st — dj, 0) -,
5. if Vi > 0:
6. Record M;
7. else:
8. Delete M;
9. end if
10. end for
11. if only one machine M; with max (V;i)
12. Submit bid b}, = <J;;,Mj>
13. else if multiple machines with the same
max(V}f):
14. Submit bid bj, = (Ji, (M1, Ma,....M;) )
15. end if
16. end for
17. end for

4.3. Winner determination model

After receiving bids from the bidders, the auctioneer works on
the WDP. The WDP involves maximizing the auctioneer’s profit
by choosing an allocation of machine resources from the given bids
and generating a consensus production plan or schedule. In the
iterative auction procedure, the auctioneer must solve the WDP
and generate a provisional plan in each auction round until the
auction termination condition is satisfied. Usually, at the end of
each round, the bidders who temporarily win their bids are classi-
fied as provisional winners. Conversely, the bidders who do not
win their bids are referred to as losing bidders [56]. However, in
the targeted problem, the bidders bid for multiple jobs simultane-
ously in a round of the auction. Furthermore, it is inaccurate and
confusing to categorize them based on whether a job is won or
not. As a result, the unique jobs are defined as provisional winning
jobs grouping a set PW] and provisional losing jobs grouping a set
PLJ. When the termination condition is met, the provisional win-
ning jobs become the final winning jobs grouping a set FW] and
obtaining the target machine resource.

In general, iterative combination auctions terminate in two sit-
uations: When no resource-allocation conflict exists among bid-
ders—that is, their requirements are met—or when the auctions
reach a preset round [57]. In our study, the dynamic arrival of jobs
results in an increasing number of jobs participating in the auction.
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If a fixed auction round is set, some late-arriving jobs may not be
able to compete adequately. Therefore, the termination condition
that all jobs’ requirements are met is adopted when solving the
WDP. Keeping jobs in the auction to express individual needs until
they are met may increase the duration of the auction, but it will
eliminate the negative effects of late arrivals. Consequently, the
first termination condition will be used as the basis for determin-
ing when the auction ends. Furthermore, a supplement in which
the jobs that become the provisional winning jobs three times in
a row are regarded as the final winning jobs—analogous to the
lot knocking down after three calls in many real-world auctions—
is embedded with the termination condition. Such a design
can reduce repeated bids and make iterative auctions more
efficient.

The WDP in the proposed DIA approach is modeled as follows.
Given a set of bids, where the number of bids dynamically changes
with the dynamic arrival of jobs and updated bids, the auctioneer
computes a provisional schedule aiming at maximizing its profit.
Since the 2-tuple bid b, = <];.(7Mj> or b, = (Ji, (M1, Ms, ..., M;)) does
not include any price, the WDP can be transformed into an assign-
ment problem, in which jobs need to be assigned to machines
under the constraints given in Section 3.1. A combinatorial opti-
mization algorithm named the Hungarian algorithm is commonly
used to solve the assignment problem in a polynomial time of
O(n?) [58]. Based on this and dynamic bidding, an adaptive
Hungarian algorithm is developed to solve the WDP with the fol-
lowing pseudo-code, as shown in Algorithm 2.

Let N, be the number of bids received in the rth round of auc-
tion, and let N, be the number of jobs in set PWJ, where N, < N
Algorithm 2 is composed of three main parts: (D Generate the rev-
enue matrix with a time complexity of O(Ny,); @ obtain the optimal
solution using the adaptive Hungarian algorithm with a time com-

plexity of O(f), where J is the total number of jobs; and @ update

the available start time of the machines according to N,, whose
time complexity is O(N,). Therefore, the overall time complexity

of Algorithm 2 is o(Nb P +Np) = o(f).

Algorithm 2. Winner determination algorithm.

Input: received bids bl = <j§;,Mj—> or

b, = <];'<, (M1, Ma, --- ,Mj)>, P, <spj7stj,ocj,scj,icj,proj>

Output: optimal scheduling scheme F, set PW]J, set PL], and set
FW]J

1. Sort all bids b;'{ following rule sortrows [i, k] and generate a
set of the sorted bids S = b}, b}, b?,... b},

2. Decode bids in S into a zero-one bid matrix of k rows and m

columns: A = (y,) € R™
. for each job Ji in b} € S:
for each machine M; in m:

Calculate revenue rk =

Pi ) ) L scs
=5 (proj — ocj) — st; - sc;

end for

. end for

. Generate a matrix R = () € R¥™ of rki

. Convert the matrices A and R into a benefits matrix
B= (bkm) € R®™ and bin = Ak - Tkm

/| Execute adaptive Hungarian algorithm

Regarding the benefits matrix B = (by,) € R ™:
if k <m:

© 0N U AW

10.

11.
12.

38

Engineering 35 (2024) 32-45

13. Add m — k rows with values of zero

14. else if k > m:

15. Add k — m columns with values of zero

16. else if k = m:

17. Undo

18. end if

19. while the set of optimal solutions is &j:

20. Execute Hungarian matrix row—column
transformation

21. Update B = (byy,) € RK*™

22. end while

23. Generate the optimal solution opt
24. Transfer opt into a scheduling scheme F
25. Classify PW] and PLJ

26. for each J, in PWJ:

27. if it is in PWL three times in a row:

28. Move it into FW] and update the available start
time of the corresponding machine AS;

29. else:

30. Undo

31. end if

32. end for

4.4. Bid update strategies

In the iterative bidding procedure, each bidder should update
bids for its jobs in each auction round before obtaining the desired
machine resource or withdrawing from the auction. After the WDP
is solved by the auctioneer in round r (r > 1), the bidders are
informed whether their jobs are provisional winning jobs,
provisional losing jobs, or final winning jobs. To increase the prob-
ability of a job winning when bidders do the bid determination in
round (r + 1), the rational bidders adopt different bidding strategies
for jobs in different sets.

Provisional winning jobs are expected to keep winning in round
(r + 1). Since the myopic strategy is a weakly dominant strategy
and the machine resources for the auction remain unchanged,
the bids submitted at round r still maximize the revenue of
bidders; then, the same bids are submitted in round r + 1. For
the provisional losing jobs, bidders are more desperate to win,
and the myopic strategy encourages them to submit more bids,
providing more options to auctioneers. Specifically, both bids with
the largest revenue submitted in round r and additional bids with
the second largest revenue are submitted in round (r + 1). In addi-
tion, if these jobs still lose in round (r + 1), bids with the third rev-
enue will be stacked with the bids in round (r + 1) and submitted in
round (r + 2). This increase will continue until the jobs win or all
valid bids are added. Final winning jobs have obtained the required
machine resources and therefore withdraw from the auction. The
bid update strategy is summarized in Algorithm 3.

4.5. Properties of the proposed approach

For an auction-based approach, the properties theoretically
reflect the reasonableness of the approach. In this section, two
critical properties of the proposed DIA framework are described
and proven [46]: The proposed framework is individually rational,
and the myopic bidding strategy is a weakly dominant strategy for
consumer agents to submit bids.

Property 1: The proposed DIA framework is individually
rational.



Y. Liu, S. Sun, G. Shen et al.

Proof: An auction framework is individually rational if the bid-
ders can always achieve as much utility from participation as from
no participation, regardless of other bidders’ behaviors. Alterna-
tively, when the expected utility yield from participation is non-
negative, individual rationality holds.

In our problem, each consumer agent CA; generates bids only
with non-negative revenue for its job Ji . When such bids cannot
be generated, the job yields negative utility on all machines and
withdraws from the auction. Obviously, job Ji that becomes the
final winning job in the auction brings non-negative revenue

(Vi > 0) to its consumer agent CA;, resulting in non-negative total

k =
revenue of CA;: f(CA) =>4, V;{ > 0. Since the proposed auction
framework ensures that all consumer agents have non-negative
revenue from participation, it is individually rational.

Property 2: The myopic bidding strategy is a weakly dominant
strategy for consumer agents to submit bids in the proposed
approach.

Proof: Because the self-interested and rational bidders have no
knowledge of any other competitors, at the beginning of the auc-
tion, all consumer agents follow the myopic bidding strategy and
naturally submit bids with maximum revenue for jobs participat-
ing in the auction. After solving the WDP in the rth round of the
auction, some jobs temporarily win their target machines and
become provisional winning jobs. Others fail to compete for their
target machines, being classified as provisional losing jobs. When
bids are submitted in the (r + 1)th round of the auction, the myopic
bidding strategy is still the weakly dominant strategy, which is
proven by cases.

Case 1: For the provisional winning jobs, the best and natural
option for bidders is to keep following the myopic strategy by sub-
mitting the same bids in the rth round. The reason is that the cur-
rent bids are the most profitable, and it makes no sense for bidders
to submit other bids that would reduce their revenues and disclose
more private information.

Case 2: For the provisional losing jobs, the myopic bidding strat-

egy incentivizes bidders to submit additional bids E;{ with revenue
that is second only to bids in the rth round. Then, an alternative
strategy is constructed to serve as a comparison, where the agent

additionally submits bids E; with revenues inferior to E;( and b}.
Two cases are shown to prove that the myopic bidding strategy
is a weakly dominant strategy over the alternative strategy for bid-
ders to submit bids for the provisional losing jobs:

Case 2-1: When the provisional losing jobs win in the (r + 1)th

round by submitting additional bids B;, the two results of the alter-
native strategy are considered. First, these jobs lose with bids E;c in

the (r + 1)th round; then, there is no doubt that submitting bids E;
is optimal. Second, these jobs win in the (r + 1)th round with bids

EL as well, but it is clear that bids B;( are more profitable for
bidders.
Case 2-2: If the provisional losing jobs fail again in the (r + 1)th

round after additional bids E; are submitted, the same two scenar-
ios are discussed. First, jobs fail with bids E; in the (r + 1)th round,;
then, there is no difference between submitting bids 5; and B;. Sec-

ond, jobs win by submitting bids E;{. Although bids E:{ do not win in
the (r + 1)th round, the myopic bidding strategy ensures that bid-

ders submit bids B;( and E; in the (r + 2)th round, which means that
the provisional losing jobs can still win in the (r + 2)th round.

In summary, the proposed iterative auction approach is individ-
ually rational, and for both the provisional winning jobs and the
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Algorithm 3. Bid update strategy.

Input: information about job ]};, b}; in the round r, sp;, st;, AS;,
set PW]J, set PLJ, and set FW]

Output: updated bids in round (r + 1)

1. for CA; in CA:

2. for each Ji, in PWJ:

3. Submit the same bids b},

4, end for

5. for each Ji, in PLJ:

6. Submit b;‘( and bids BL with revenue that is

second only to b};

7. end for

8. for each Ji, in FWL:

9. Withdraw from the auction
10. end for
11. end for

provisional losing jobs, the myopic bidding strategy is a weakly
dominant strategy for bidders to generate and submit bids.

5. Computational experiment

In this section, extensive computational experiments are con-
ducted to verify the performance of the proposed DIA approach
by comparing it with centralized scheduling approaches and
decentralized approaches, respectively. Then, the required itera-
tion round for the proposed approach is validated in various cases.
Finally, we test the scalability of the proposed approach. All the
approaches are coded in MATLAB 2016b (The MathWorks Inc.,
USA) and Python 3.9, and all experiments are carried out on a per-
sonal computer with a 3.6 GHz core, Intel i7CPU, and 8 GB RAM.

5.1. Experimental design and setup

It is necessary to have a wide range of various problem
instances for evaluating the proposed approach, and a reasonable
evaluation metric is essential to evaluate the performance of an
approach. Therefore, this section describes the manner in which
problem instances are generated and the evaluation metrics for
performance measurement.

5.1.1. Generation of the problem instance

For m uniform parallel machines, each machine has six param-
eters (sp;, stj, 0¢j, S¢;, icj, pro;), and the parameter values are set as
follows: m = {3,5,10,15} is assumed. The processing speed sp;
and setup time st; are randomly drawn from two uniform distribu-
tions: U[10,20] and U[1,5] [59]. The operating cost oc;, setup cost
s¢j, and idle cost ic; are also randomly obtained, with U[11,15],
U[6,10], and U[1,5], respectively. A downward cost trend is
observed in the three machine states. The unit profit that a
machine gains from processing a job pro; is given by
pro; = 1.3(oc; + s¢; + ic;), which is an integer generated by
rounding.

Without losing generality, based on the number of machines,
the number of consumer agents N = {3,5,7,9,11,13,15} is con-
sidered to construct problem instances with different levels of
competition. When the number of machines is given, the more
consumer agents, the more intense the competition for resources
among the consumer agents. Afterward, since there is no impact
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of the number of jobs per consumer agent n; on the performance of
the proposed approach, it is assumed that each consumer agent
has the same n;, where n; = {5,7,10,15}. Then, for the five ele-

ments {a};.,p;;,df(,w;'(,r;;} of job Ji, the parameters are generated
as follows: jobs arrive continuously, and the arrival rate is subject
to the Poisson distribution with a mean of 2 [60]: ai ~ Pois(1),
/. = 4. The processing requirement pi and the revenue loss result-

ing from unit-time tardiness ) are randomly generated from
U[100, 300] and U[1,10], respectively. The due date is then calcu-

lated using d} = a§<+oc‘max<f—l;kj+stj), where o has the values

{1.2, 1.4, 1.6, 1.8} [49]. The parameter « represents the due date
tightness, and smaller o values indicate tighter due date con-
straints. Finally, the revenue ri, is generated by using the uniform
distribution from the interval ri, ~ U[d;c i, 1.2-d), - w}c]
According to the various parameters, a total of 4 x 7 x 4 x 4 =
448 combinations are included. For each combination, five prob-
lem instances are created, resulting in 5 x 448 = 2240 random
problem instances in total. Each problem instance is run five times,
and the average value is taken as the final solution for comparison.

5.1.2. Performance measurement

To evaluate the effectiveness of the proposed DIA approach, we
compare it with several centralized approaches and decentralized
approaches. First, regarding dynamic scheduling, four typical cen-
tralized approaches are considered: (D five basic dispatching rules
(DR) [33,61], including the well-known first-come-first-served
(FCFES), the earliest due date (EDD), the shortest processing time
(SPT), the longest processing time (LPT), and the minimum slack
(MS); @ complex DR (CDR) combined by these basic rules accord-
ing to Ref. [62]; @ deep reinforcement learning (DRL) [63]; and @®
a modified genetic algorithm (MGA) [64]. Second, the five DR and
the CDR are implemented in a decentralized environment to act
as comparison methods, named DR implemented in a decentral-
ized environment (DR_D) and CDR implemented in a decentralized
environment (CDR_D), respectively. The reason is that the pro-
posed DIA approach is developed under the constraint of dynamic
multi-agent parallel machines scheduling with incomplete infor-
mation. We acknowledge that decentralized approaches with the
same constraint cannot be found in the literature; therefore, to
ensure fairness and comparability, DR are applied to the decentral-
ized environment, following the idea of the methodological com-
parison in Ref. [33].

The ratio of social welfare is used to evaluate the proposed
approach’s performance and is calculated as follows:

~ SWoi

T SW;,
where SWpy, is the social welfare obtained by the proposed DIA
approach, SW; is the social welfare generated by each of the six
comparison methods described above, and x represents the specific
comparison method being used. It is important to note that the
maximum welfare of the five DR is SWpr and SWpr_p when com-
pared with DR and DR_D. The larger this ratio is, the better the per-
formance of the proposed approach will be.

RSW(x) x 100%

(13)

5.2. Experimental results and analysis

In this section, the results of four computational experiments
are presented.

5.2.1. Experiment 1: Comparison with centralized approaches
In the first experiment, the proposed DIA approach is compared
with the four centralized approaches. The detailed results for the

40

Engineering 35 (2024) 32-45

ratio of social welfare (RSW) of each problem instance are listed
in Tables S1-S4 (Appendix A), where PI_N_n; represents a problem
instance (PI) with N consumer agents and n; jobs per consumer
agent. Table 1 summarizes the average RSW compared with DR,
CDR, DRL, and MGA on different numbers of machines, along with
the total average values. It should be noted that the maximum
number of parallel machines for DRL in the flexibility test was four,
as indicated in Ref. [63]. Probably because the DRL model was not
trained on many parallel machines, its efficiency decreases signifi-
cantly when tested on 10 and 15 machines in our study. Conse-
quently, the comparative results between the proposed approach
and DRL on 10 and 15 machines are not presented, as they would
be of little practical significance.

From Table 1, it can be observed that, on average, the social wel-
fare attained by the DIA reaches 103.5% of that achieved by simple
DR, 92.1% of that obtained by CDR, 84.1% of that achieved by DRL,
and 78.4% of that achieved by MGA, respectively. This demon-
strates that, under the strong constraints of dynamic multi-agent
scheduling with incomplete information, the proposed DIA
approach can generate scheduling solutions with high social wel-
fare compared with centralized approaches. It can even outperform
the basic DR with complete information. Moreover, Table 1 reveals
that, as the number of machines increases, the average RSW value
increases, indicating that our proposed approach performs better
on large-scale machine problem instances. For example, when
the number of machines is 15, the social welfare of the DIA is as
high as 93.8% of the CDR and 88.2% of the MGA.

As MGA exhibits the best performance among these four
centralized approaches, directly comparing the particular RSW
(defined in Section 5.1.2) obtained by the MGA and DIA directly
is sufficient to illustrate the performance of our DIA approach. In
the following section, this RSW is used to analyze the variation
in performance of the proposed DIA over different parameters.
First, we take o« = 1.4 as an example to illustrate the impact of
the number of jobs per consumer agent, n; and consumer agents
N on the performance of DIA. The results are presented in Fig. 3.
Despite the increasing number of jobs and consumer agents, the
RSW does not exhibit a statistically significant reduction. This
observation suggests that the efficiency of our approach remained
stable, without evidence of deterioration in response to the growth
in problem scale. Another possible causal factor is that the reliabili-
ties of these two methods are strong, and the current values of n;
and N are insufficient to make their performance fluctuate signifi-
cantly and regularly. Further experiments are conducted to inves-
tigate the effects of larger parameters on the solution, as described
in experiment 4 (Section 5.2.4).

Second, regarding the same RSW, Fig. 4 shows how the perfor-
mance of DIA changes with parameter «. The bars represent the
average RSW for the given machine number and «. As can be seen
from the four bars and a line corresponding to one machine, with a
fixed number of machines, a slight increasing trend is displayed as
the parameter o increases. For example, when m = 10, the corre-
sponding RSW values for o = 1.2, 1.4, 1.6 and 1.8 are found to be
81.2%, 83.8%, 84.9%, and 85.3%, respectively. Upon observation, it
is also noticed that a slight decline in the RSW occurred when
m = 3 and o = 1.4. This can be attributed to the superior perfor-
mance of MGA on these random examples, resulting in a relatively
lower RSW. Nonetheless, this does not impede the overall
ascending tendency. In addition, the bars with the same color indi-
cate that the RSW increases as the number of machines grows for a
given o. This trend aligns with the outcomes presented in Table 1.
Notably, when m = 15 and « = 1.8, the RSW value reaches its maxi-
mum level of 89.2%. These results demonstrate the performance of
our approach, exhibiting superior and stable outcomes in cases
with looser due date constraints and more machines. The reason
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Table 1
Average results for RSW compared with centralized approaches.

Approach DR CDR DRL MGA

m=3 101.2% 90.9% 82.7% 68.7%
m=5 102.7% 91.1% 85.6% 73.1%
m=10 104.0% 92.8% — 83.8%
m=15 106.2% 93.8% — 88.2%
Average 103.5% 92.1% 84.1% 78.4%

100 100 =5
wn =7
wun =10

wmpn, =15

RSW (%)
RSW (%)

3 5 7 9 11 13 15 3 ] 7 9 11 13 15
Number of consumer agents Number of consumer agents

(a) (b)

m=10 m=15
100 100
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50

RSW (%)
RSW (%)
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3 5 7 9 11 13 15 3 5 7 9 11 13 15
Number of consumer agents Number of consumer agents

(c) (d)

Fig. 3. The performance of the DIA varies with the number of jobs and consumer agents: (a) m = 3; (b) m = 5; (c) m = 10; (d) m = 15.

100 IR approaches. The detailed results compared with basic DR and
ma=14 CDR implemented in a distributed environment are presented in
:g:}:g Tables S5-S6 (Appendix A). Table 2 presents a summary of the

average changes in the RSW compared with DR_D and CDR_D on
various machines, as well as the average RSW. For the basic and
CDR, the social welfare of the solutions generated by our approach
increases on average to 155.9% and 134.9% for all scenarios, respec-
tively. This indicates that the proposed DIA approach generates
solutions with high social welfare and outperforms the rules in a
decentralized environment. Furthermore, our approach demon-
strates superior performance on a larger scale of machines. More
specifically, when the number of machines is increased to 15, the
performance of the DIA improved by 85.1% and 54.0%, respectively.
Similarly, since complex rules outperform basic rules, it is suffi-
cient to compare DIA with CDR_D in order to demonstrate its supe-
10 15 riority. Hence, in the subsequent analysis, we will investigate the

90

80

RSW (%)

70

60

50

3

Fig. 4. The performance of the DIA varies with the parameter o.

Number of machines

Table 2

.. . Average results of RSW compared with the decentralized approaches.
may lie in the decreased level of resource competition by consumer s P i

agents and increased bidding options for them. Approach DR_D CDR_D
m=3 129.3% 116.4%

m=5 140.3% 125.4%

5.2.2. Experiment 2: Comparison with decentralized approaches m=10 169.0% 143.9%
The second experiment further verifies the effectiveness of the m =15 185.1% 154.0%
Average 155.9% 134.9%

proposed approach by comparing it with the decentralized
41
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Fig. 5. The performance of the DIA varies with the parameters: (a) o

variations in the DIA’s performance on different parameters based
on the RSW compared with CDR_D.

Regarding the RSW compared with CDR_D, Fig. 5 depicts how
the average value of RSW varies with parameters. As shown in
Fig. 5, from the four-fold lines, it can be observed that the total
average values of RSW become greater as the number of machines
increase at any value of o.. The observed variation follows the same
trend as the mean values presented in Table 2. This further illus-
trates that the proposed DIA approach can obtain higher quality
solutions when solving problems with more machines. The bars
show that our approach also performs better as the number of jobs
per consumer agent increases within a fixed o. Likewise, keeping
the number of jobs n; and machines m constant, the superiority
of our approach becomes more obvious as o increases, except
when n; = 5. Subsequently, the average RSW is greatest in cases
with « = 1.8, n; = 15, and m = 15. In some cases, the CDR may gen-
erate high-quality solutions, making the corresponding RSW rela-
tively small. However, the proposed approach has higher RSW in
other cases, which compensates for the gap, causing the average
RSW to exhibit strong regularity and further demonstrating its
superiority over the CDR.

5.2.3. Experiment 3: Iteration rounds

In the third experiment, the iteration rounds needed in the pro-
posed DIA approach for solving different problem instances are
summarized and analyzed. The average iteration rounds for each
problem instance are adopted. These are calculated according to
the following rules: For each problem instance, the number of
machines m, consumer agents N, and jobs per consumer agent n;
are fixed; then, the arithmetic average of the required rounds
under all « is calculated. Fig. 6 shows the results.

As shown in the four subplots, when the number of machines
remains constant, the more jobs there are, the more auction rounds
are required. Furthermore, within a fixed n; in each subplot, more
iteration rounds are needed in the proposed approach to generate
high-quality solutions for a problem with more consumer agents.
Comparing lines with the same color in the subplots separately
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(d)

=1.2;(b) x=14; (c) = 1.6; (d) o = 1.8. AVG: average.

reveals that the growing number of machines make the consumer
agents require more auction rounds to reach consensus. Within the
context, the required iteration rounds increase more rapidly when
n; becomes greater. Notably, as shown by the four orange lines,
when n; = 15, the increment of auction rounds is the greatest,
and the rounds peak in the cases with n; =15, N = 15, and
m = 15. Increasing the available machine resources can alleviate
competition among the consumer agents to some extent. However,
both the bid determination and the WDP become more complex
due to the different processing capabilities of the machines. There-
fore, more auction rounds are needed to obtain a solution. In addi-
tion, the difficulty of solving these problems is compounded by the
growing number of jobs entering the auction. This also explains
why the orange lines change dramatically.

5.2.4. Experiment 4: Scalability of proposed approach

In the fourth experiment, we analyze the scalability of the pro-
posed approach in terms of the number of consumer agents N and
the jobs per consumer agent n;. Following the criteria for selecting
metrics used in the experimental analysis described earlier, only
MGA and CDR_D are chosen as benchmarks for comparison with
the centralized and decentralized methods, respectively.

Fig. 7 shows the changes in the DIA’s performance under differ-
ent numbers of consumer agents in terms of the RSW compared
with the MGA and CDR_D, respectively. In this experiment,
n; = 15 is maintained, and the number of customer agents is
increased from 18 to 42, corresponding to 270-630 jobs in total.
Overall, regardless of the comparison with the MGA or CDR_D,
the proposed approach exhibits a similar trend. To be specific,
when the number of machines is small (m = 3, represented by
the blue line), the RSW decreases, indicating that the performance
of the proposed approach decreases slightly as the number of con-
sumer agents grows. However, when there are more machines, the
RSW increases; in particular, when compared with CDR_D, the
increasing trend is more pronounced. This is because the simulta-
neous increase in consumer agents and machines complicates the
problem exponentially. In such a situation, the deterioration of
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Fig. 7. Impact of the number of consumer agent changes on DIA: (a) comparison with MGA; (b) comparison with CDR_D.

these two comparison methods, especially CDR_D, far exceeds that
of the DIA. This proves in turn that the proposed approach can still
maintain a certain level of stability for complex problems.

Fig. 8 reveals the effects of an increase in the number of jobs per
consumer agent n;. Keep N = 15 and increase the jobs per consumer
agent from 20 to 60, corresponding to 300-900 jobs in total. Prior
to n; increasing to 30, the RSW values—whether compared with the
MGA or CDR—show a downward trend. However, as n; continues to
increase, the RSW increases. Combining these two figures, we can
conclude that the social welfare obtained by the proposed
approach decreases as the number of consumer agents and jobs
per consumer agent (i.e., the total number of jobs) slightly increase.
Nevertheless, the growing RSW indicates that our approach has
better stability. Especially for problems with more than 500 jobs,
our approach deteriorates much less than the comparison
approaches. Furthermore, increasing the number of jobs per con-
sumer agent has a smaller impact on the proposed approach than
increasing the number of consumer agents.

43

6. Conclusions and future work

This research studied the multi-agent uniform parallel machi-
nes scheduling problem, considering the agents’ individual prefer-
ences and private availability information. The dynamic arrival of
jobs was also addressed. We have developed a dynamic iterative
auction-based approach as a decentralized decision-making proce-
dure to solve the considered problem, with the aim of generating a
stable and consensus-based solution with beneficial outcomes. The
proposed auction-based approach includes a dynamic auction pro-
cedure, bid determination, winner determination, and bid updat-
ing, with information privacy protected in each. The dynamic
auction procedure ensures that jobs are available for auction
immediately after arrival. A straightforward and easy-to-
implement bidding strategy without price guidance is applied for
the bid determination and updating, overcoming the challenge of
bidding for increasing jobs and significantly reducing the calcula-
tion costs. In the winner determination, an adaptive Hungarian
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Fig. 8. Impact of the number of jobs per consumer agent changes on DIA: (a) comparison with MGA; (b) comparison with CDR_D.

algorithm is applied to effectively generate solutions. Two
theoretical analysis properties of the developed approach are
proven, including individual rationality and the fact that the myo-
pic bidding strategy is a weakly dominant strategy for consumer
agents. Finally, four types of computational experiments with
2240 problem instances are carried out. The results indicate that
our developed approach is capable of achieving high-quality
solutions; in particular, it shows good stability for large-scale prob-
lems. Additional iteration auction rounds are required in order to
generate solutions with high social welfare for problems with
greater numbers of consumer agents and jobs.

In addition to the abovementioned advantages of the proposed
DIA approach, this approach has limitations that must be taken
into account. In terms of this approach, the time complexity of

Algorithm 2 for solving the WDP is O<]3). As a result, the proposed

approach may become time-consuming when the total number of
jobs J is sufficiently large. Moreover, the implementation and prac-
ticality of the proposed DIA have not been addressed in this work.
Further validation may be necessary in real-world manufacturing
industries, which often involve lengthy processes and significant
time commitments.

In the future, our work will increasingly rely on the auction
theory and involve more in-depth research into practical multi-
agent scheduling problems. One such challenge is coordination
between consumers and multiple resource agents, which often
occurs in real-life scenarios. To address this challenge, a many-
to-many negotiation process based on the double-auction theory
that involves multiple consumer agents and resources will be
developed. We will also consider the distance and logistics costs
associated with multiple resource agents, which will significantly
increase the complexity of bid determination and winner determi-
nation. As a result, we need to optimize the bid determination
algorithm and winner determination algorithm while reducing
their time complexity.

Nomenclature

N Number of consumer agents

i Index of consumer agents

CA; The ith consumer agent
Number of jobs owned by CA;
Index of jobs n;

The kth job of CA;

Total number of jobs
Number of machines
Index of machines
The jth machine

n;
k

1
k
J
m
J
M;
t Index of position on a machine

a,  Arrival time of job Ji

pl.  Processing load of job J;

d;; Due date of job Ji,

ol Revenue loss resulting from unit-time tardiness of job Ji
rh Revenue of job j;; if processed

sp;  Processing speed of machine M;

st;  Setup time of machine M;

o¢;  Unit operating cost of machine M;

s¢;  Unit setup cost of machine M;

i;  Unit idle cost of machine M;

pro; Unit profit that machine M; gains from processing a job
ci Completion time of job ];'(

i Tardiness of job Ji

KXuije 1, ifjob]}; is assigned to the tth position on machine M;;
otherwise 0

Sjr  Starting time of job assigned to the tth position on
machine M;

Ci  Completion time of job assigned to the tth position on
machine M;

IT;; Idle time of the tth position on machine M;
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