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ABSTRACT: The increasing complexity of steel manufacturing and the rising demand for customized high-grade
plates have intensified the need for efficient and defect-aware cutting optimization. In practical production, mother
plates frequently contain multiple surface defects, and the cutting process is further constrained by delay-sensitive
operations such as tool-change sequences and defect-tolerance requirements. To address these challenges, this
study formulates the Defective Multi-Inventory Mother-Plate Two-Dimensional Cutting Stock Problem (DMMP-
2CSP) as a multi-objective model that simultaneously maximizes cutting profit and minimizes tool changes under
strict geometric and defect-avoidance constraints. We develop an Improved Multi-Objective Grey Wolf Optimizer
(IMOGWO) featuring continuous random-keys encoding with hierarchical decoding to handle multi-plate, multi-
defect layouts; a Large-Language-Model-guided Fourth-Leader Boost mechanism that adaptively mitigates stagnation
through domain-informed auxiliary-leader generation; and an NSGA-II fusion module incorporating non-dominated
sorting, crowding-distance control, and stochastic variation to balance exploration and exploitation throughout the
search. Extensive experiments on industrial-scale datasets demonstrate that IMOGWO consistently produces well-
distributed Pareto-optimal solutions, significantly improves cutting profit, reduces tool-change frequency, and achieves
superior overall performance compared with classical Multiobjective Grey Wolf Optimizer, Multiobjective Particle
Swarm Optimization, Multi-Objective Cuckoo Search, and Multi-Objective Snake Optimizer baselines.

KEYWORDS: Defective plate cutting; multi-objective optimization; metaheuristic optimization; Large-Language-
Model (LLM)-assisted decision support; Pareto-based search

1 Introduction

Steel plates are indispensable to national defense and critical infrastructure projects, with widespread
applications in demanding fields such as shipbuilding, bridge construction, nuclear power generation,
and petrochemical equipment. This manufacturing landscape is increasingly characterized by customized
high-performance requirements, frequent specification adjustments, and a distinct market imbalance—
with overcapacity in commodity-grade plates contrasting with a scarcity of specialized grades. Accordingly,
manufacturers face increasing pressure to improve material utilization, reduce costs, and promote sus-
tainable practices—driving a shift toward intelligent, resource-efficient and waste-minimizing production
systems [1].
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Within the steel production workflow, the cutting of the mother-plate constitutes one of the most critical
and resource-intensive stages. It serves as the essential link between upstream plate manufacturing and
downstream customer order fulfillment. Cutting operations determine not only whether orders are satisfied
but also how efficiently raw material is used. However, the combination of highly diverse specifications,
multi-size demand patterns, and small-batch orders leads to substantial complexity in planning and layout
design. Conventional cutting approaches frequently result in low material utilization, high scrap generation,
and unnecessary tool-change operations, all of which increase cost, prolong processing time, and hinder
sustainable production objectives. Formally, the core decision-making process can be modeled as the classic
two-dimensional cutting stock problem (2CSP), a well-known variant of the two-dimensional bin-packing
problem [2]. The pursuit of higher utilization and optimized layout design has thus become fundamental for
intelligent, energy-eflicient, and environmentally conscious steel manufacturing.

In real industrial settings, the complexity of cutting operations is further amplified by the presence of
surface and internal defects in the rolled plates. Defects such as inclusions, crazing, patches, scratches, oxide
scale, and micro-cracks arise commonly during casting, rolling, heat treatment, and surface finishing [3]. As
illustrated in Fig. 1, these flaws reduce the usable area of each mother plate effectively and directly affect the
yield of the material. Traditional cutting strategies typically address this issue by treating defective regions
as completely unusable [4,5]. Although this avoids quality issues, it also leads to significant waste. However,
in practice, many customer orders, depending on application requirements, tolerance specifications, and
structural considerations, can accept certain types or severities of defects. Allowing such orders to be placed
over tolerable defects increases the usable area of defective inventory, improves total yield, and aligns closely
with sustainable manufacturing principles such as waste minimization, circular resource use, and improved
material efficiency.

Figure 1: Representative photographs of typical surface defects in steel plates.

In industrial steel plate cutting, mother plates often contain heterogeneous defects that render parts of
the material unusable—yet many customer orders can tolerate certain defect types or locations. Ignoring
this tolerance leads to unnecessary waste and undermines sustainability. To address this gap, we introduce
the Defective Multi-Inventory Mother-Plate Two-Dimensional Cutting Stock Problem (DMMP-2CSP):
a realistic extension of the classical 2CSP that simultaneously (i) maximizes profit through improved
material utilization by strategically placing items on defective plates according to order-specific defect
acceptability, and (ii) minimizes tool-change operations to reduce energy use and maintain production
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continuity. The problem integrates guillotine cutting, geometric feasibility, defect-avoidance/tolerance rules,
and multi-inventory compatibility—posing significant combinatorial and practical challenges that motivate
our methodological contributions.

Solving the DMMP-2CSP is computationally challenging. The 2CSP is NP-hard, and the additional
complexities of defect modeling, multi-plate inventories, and multi-objective trade-offs render classical exact
techniques such as branch-and-bound and column generation inefficient for industrial-scale instances [6].
Exhaustive search rapidly becomes impractical as the instance size increases. Stochastic and heuristic
algorithms offer improved scalability but often struggle with premature convergence, limited exploration,
and difficulty navigating feasible regions constrained by defects and guillotine operations. These limitations
motivate the development of advanced metaheuristic strategies capable of delivering high-quality solutions
under realistic industrial constraints.

To address these challenges, this work proposes an Improved Multi-Objective Grey Wolf Optimizer
(IMOGWO). The algorithm integrates domain-specific knowledge of plate cutting with a hierarchical real-
valued encoding-decoding strategy, a Large-Language-Model-guided Fourth-Leader Boost mechanism that
enhances global exploration during stagnation, and NSGA-II-inspired diversity preservation operators.
These innovations collectively improve convergence speed, population diversity, and robustness when
solving highly constrained, defect-aware industrial cutting problems.

This study makes fundamental contributions at both the problem formulation and algorithmic levels.
In modeling, we propose the DMMP-2CSP, which is novel in simultaneously integrating multiple defective
plates with customer-specific defect-tolerance rules and elevating tool-change minimization to a primary
objective alongside profit. Algorithmically, we develop the IMOGWO. Its core innovation is a deeply
hybrid architecture that uniquely couples an LLM-guided stagnation-breaking mechanism, a problem-
specific hierarchical decoder ensuring layout feasibility, and NSGA-II principles for diversity preservation.
This framework demonstrates a practical and effective strategy for integrating Al-driven guidance into
evolutionary multi-objective optimization for complex industrial problems.

The main contributions of this work are as follows:

1. A comprehensive multi-objective mathematical model for defective mother-plate cutting that explicitly
incorporates geometric feasibility, dimensional constraints, defect tolerance rules, guillotine cutting
structure, and tool-change costs, thereby reflecting real industrial operations.

2. An IMOGWO that integrates random-keys representation, LLM-guided exploration, and NSGA-II-
based elitism to efficiently solve large-scale DMMP-2CSP instances under complex constraints.

3. Extensive experimental validation using three industrial-scale datasets synthetically generated from real
production parameters of a collaborating steel manufacturer, demonstrating significant improvements
in profit, material utilization, scrap reduction, and tool-change minimization compared with state-of-
the-art baselines.

The remainder of this paper is organized as follows. Section 2 reviews related work on defective plate
cutting, modeling approaches, and multi-objective optimization algorithms. Section 3 presents the formal
mathematical formulation and parameter definitions. Section 4 details the architecture and implementation
of the proposed IMOGWO algorithm. Section 5 reports computational experiments and comparative
analyses. Finally, Section 6 concludes the paper and discusses directions for future research.

2 Literature Review

The defective multi-inventory mother-plate cutting problem (DMMP-2CSP) can be broadly situated
within the family of two-dimensional bin packing and cutting stock problems, which have long served as
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foundational abstractions for resource allocation, material utilization, and layout planning in manufacturing.
At its core, the DMMP-2CSP can be formulated as a two-dimensional bin packing problem (2D-BPP),
in which a set of rectangular items (order plates) is arranged within rectangular bins (mother plates) of
fixed dimensions. The 2D-BPP is an NP-hard combinatorial optimization problem whose computational
complexity remains extremely high; even instances with only a few dozen items may lack provably optimal
solutions after extensive search. As a multidimensional extension of the one-dimensional bin packing
model [7], the 2D-BPP provides an effective representation of industrial layout problems where geometric
constraints, limited inventory resources, and spatial compatibility are central. Typical objectives involve
minimizing the number of bins used or minimizing wasted area, ensuring both efficient resource utilization
and high-performing layouts. To address layout optimization involving multiple inventory sizes, Furini and
Malaguti [8] proposed a two-dimensional two-stage cutting stock model aimed at minimizing the total area
of larger plates needed to satisfy production requirements.

In industrial cutting and nesting operations, cutting constraints strongly influence both production
efficiency and material utilization. Guillotine cutting constraints, in particular, require each cut to traverse
the entire material horizontally or vertically, splitting the plate into two independent sections. These rules are
widely used across wood, glass, textile, and metal manufacturing due to their inherent operational stability
and safety. Silva etal. [9] introduced one of the earliest integer programming formulations incorporating guil-
lotine cutting constraints, establishing a foundation for subsequent quantitative studies. To improve solution
quality on large-scale problem instances, Gardeyn and Wauters [10] developed a destroy-and-reconstruct
heuristic complemented by a goal-driven improvement mechanism. Their method minimized total bin area
under guillotine and rotation rules and demonstrated strong performance across numerous benchmarks.

Beyond the traditional assumptions of uniform material quality and geometric regularity, researchers
have increasingly introduced spatial heterogeneity into bin packing models to better capture realistic
industrial conditions. Zhou et al. [11] proposed a two-dimensional knapsack model with block-packing
constraints, where the container is divided into discrete blocks representing irregular or defective regions.
Items must be fully contained within permitted blocks, and the objective is to maximize total utilization.
This formulation provides a more realistic approximation of material structures affected by internal damages,
surface flaws, or nonstandard shapes.

In summary, traditional studies on the 2D-BPP and its variants have primarily emphasized geometric
feasibility, dimensional constraints, and guillotine-cutting rules. However, relatively few works explicitly
incorporate material defects, despite their prevalence in steel manufacturing. Surface or internal defects
directly affect material usability, cutting feasibility, and product quality, rendering conventional idealized
models insufficient for industrial deployment. Models that ignore defects often lead to significant scrap,
reduced yield, and inefliciencies contrary to both economic objectives.

To capture these real-world complexities, the DMMP-2CSP extends classical bin packing and cutting
stock models by including multiple fixed-size mother plates with distinct defective regions. Defects alter
the effectively usable area of each plate and impose additional spatial and quality constraints within the
layout process. As such, the DMMP-2CSP can be interpreted as a defective and multi-inventory extension
of the classical 2D-BPP, grounded in operational realities and aligned with sustainable manufacturing goals
involving waste minimization and efficient resource allocation., the DMMP-2CSP can be regarded as a
defective and multi-inventory extension of the classical bin packing problem, reflecting the operational
realities of industrial steel plate cutting.

The defective cutting problem, as a broader research category [12,13], concerns the cutting of raw
rectangular materials containing one or more defects into smaller workpieces, with objectives often focused
on minimizing waste or maximizing total recovered value. Numerous studies [14,15] have explored diverse
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formulations and algorithms to accommodate industrial constraints, including defect acceptance tolerances,
quality grading rules, and cost structures.

Among the earliest efforts to consider defect variation and its influence on cut-piece value were the
dynamic programming models introduced by Gilmore and Gomory [16]. Their approach assessed the
placement of items relative to defective regions in both one- and two-dimensional settings and influenced
decades of subsequent research. Later extensions [17-19] refined feasibility tests, enhanced branching rules,
and integrated preprocessing techniques. Neidlein et al. [20] proposed a branch-and-bound framework with
greedy heuristics to address infeasibility arising from defect avoidance; their model accommodated a single
rectangular defect and demonstrated strong solution quality. Afsharian et al. [21] expanded to multiple-
defect scenarios via a dynamic programming-based heuristic that significantly improved efficiency and value
recovery across industrial-scale instances.

To handle the complexity of large-scale layouts and quantity constraints, Martin et al. [22] developed
a Benders decomposition approach for guillotine-based defective cutting. Their formulation balanced feasi-
bility and computational efficiency and was later extended through a constraint programming model [23],
which demonstrated state-of-the-art performance on benchmark datasets. Working under non-guillotine
assumptions, Yao et al. [24] proposed a decomposition-based framework separating the original problem
into a continuous master problem and an integer-based x-Check subproblem responsible for feasibility
verification. Valid inequalities, preprocessing techniques, and cut-lifting procedures enhanced performance
across all 5450 benchmark instances reported in the literature.

Further exploring defect-aware layout optimization, Yao et al. [25] investigated the two-dimensional
strip packing problem with defects (2DSPP_D), aiming to minimize strip height under fixed-width con-
straints with defective regions. Their two-phase exact method combined integer programming and Benders
decomposition, along with preprocessing, lower bounds, valid inequalities, and heuristic skyline-based
search to produce highly competitive results. More recent research, such as Zhang et al. [26], has high-
lighted the importance of column generation and decomposition strategies for handling complex defective
structures while maintaining high utilization and solution quality.

Beyond exact algorithms, recent works have increasingly recognized that large industrial cutting prob-
lems demand scalable and flexible optimization frameworks. Metaheuristics have thus been widely adopted
due to their robustness and ability to explore complex search spaces with heterogeneous constraints. Grey
Wolf Optimizer (GWO)-based techniques, in particular, have shown strong performance in solving complex
layout and scheduling problems, including profit-maximizing human-robot collaborative disassembly [27],
demonstrating the potential of GWO variants for large-scale combinatorial optimization.

The Multi-Objective Grey Wolf Optimizer (MOGWO), introduced by Mirjalili et al. [28], extends
the standard GWO by incorporating a fixed-size external archive to preserve Pareto-optimal solu-
tions. MOGWO simulates the hunting behavior and hierarchical leadership structure of grey wolves to
drive multi-objective exploration, maintaining a robust balance between exploitation and exploration.
Experimental studies show that MOGWO achieves competitive performance relative to other classical
multi-objective algorithms.

Since its introduction, MOGWO has been successfully applied to various combinatorial, scheduling,
and resource allocation problems, including manufacturing scheduling [29], distributed resource manage-
ment [30], multiprocessor maintenance and diagnostic scheduling [31], fog-based IoT task scheduling [32],
and electrochemical machining process optimization [33]. These studies highlight the algorithm’s strong
generalization ability and adaptability to heterogeneous constraints.
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In recent years, multi-objective combinatorial optimization has gained importance in increasingly
complex industrial systems, such as human-robot collaborative disassembly [34,35] and multi-factory
remanufacturing and scheduling [36,37]. These efforts reflect a broader industrial trend toward intelligent,
scalable, and sustainability-driven optimization frameworks capable of supporting the challenges of Industry
4.0 and sustainable production.

Finally, it is important to note the growing intersection between defective cutting and material efficiency.
Although historically underexplored in cutting stock research, considerations such as minimizing scrap and
reducing carbon-intensive raw material consumption have become increasingly important. Defect-aware
optimization models such as DMMP-2CSP therefore represent not only a methodological advancement but
also a strategic lever for achieving higher material utilization.

3 Problem Description and Modeling
3.1 Problem Description

To accurately represent the actual production process of steel plate cutting, the entire workflow is
conceptualized as a three-stage hierarchical procedure, as illustrated in Fig. 2. In the first stage (transverse
cutting), a cutting shear is used to perform a full-length transverse cut along the longitudinal direction of
the mother plate, by which the plate is divided into several elongated strips having the same width as the
original plate. These strips correspond to the primary shelves defined in the proposed model. In the second
stage (longitudinal cutting), a blade holder equipped with disc shears is employed to cut each primary shelf
along its width, thereby partitioning it into multiple independent rectangular regions, which represent the
secondary shelves in the model. In the final stage (finishing cutting), manual operations or high-precision
cutting equipment are applied to the secondary shelves to obtain finished plates that satisfy the dimensional
and quality requirements of customer orders. Through this three-stage hierarchical process, comprising
transverse full-length cutting, longitudinal strip cutting, and precision finishing, the structure of industrial
steel plate cutting is faithfully reproduced, ensuring consistency between the mathematical model and real
production practice.
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| |
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I |
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(c). Longitudinal cutting (d). finishing cutting
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Figure 2: Enter caption.

A key industrial challenge addressed in this study is the presence of localized surface or internal defects,
such as oxide scales, inclusions, cracks, and scratches, on mother plates. These defects introduce geometric
complexity and often reduce usable area in traditional cutting plans. Conventional nesting strategies typically
avoid defective regions entirely, which leads to substantial scrap and lowers material utilization. From
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a sustainability standpoint, such waste is detrimental, as it increases raw-material consumption, energy
expenditure in upstream steelmaking, and total carbon footprint.

However, in practice, not all order plates require defect-free surfaces. Many downstream applications
allow for specific defect types or tolerances depending on structural, mechanical, or aesthetic requirements.
Accounting for these defect-tolerance conditions significantly enhances the usable area of mother plates
and reduces unnecessary scrap. To capture this industrially realistic behavior, the proposed model explicitly
incorporates defect-avoidance constraints based on individual order-plate acceptance rules. As illustrated
in Fig. 3, Order Plates I and II avoid Defect a, while Order Plate III is placed over Defect b due to its defect-
tolerance specification.

Figure 3: Schematic illustration of the defect-avoidance constraint.

The optimization problem in this study is centered on defective mother plates that contain localized
surface or internal flaws such as oxide scales, inclusions, or cracks. The presence of these defects increases the
geometric complexity of the layout process and often results in substantial material waste when conventional
nesting strategies are applied. In actual industrial settings, however, not all order plates require completely
defect-free surfaces; depending on their functional requirements and quality standards, some plates can
tolerate specific types or degrees of defects. Accordingly, defect-avoidance constraints are incorporated into
the proposed model to reflect such practical considerations. When an order plate cannot accept a particular
defect, it is constrained to be placed entirely outside the corresponding defective region, as illustrated
in Fig. 3, where Order Plates I and II avoid Defect a. Conversely, if a plate is defect-tolerant, placement over
the defective region is permitted, as shown by Order Plate III accepting Defect b.

To develop a mathematically tractable and industrially implementable optimization model, several
assumptions are adopted:

First, considering the limited quantity of mother plates in inventory and the sufficient, unrestricted
demand for order plates, it is assumed that the inventory can meet production requirements, thus eliminating
the need to account for stock shortages. Second, to avoid addressing issues related to damage, all inventory
mother plates are assumed to remain effectively usable during the cutting process without becoming non-
functional. The dimensions of all inventory mother plates and order plates are known and fixed; this
assumption simplifies geometric constraints, allowing the model to focus on the efficient utilization of these
fixed-size materials.

Regarding the layout of order plates, it is assumed that all order plates are rectangular and can be rotated
by 90° as needed to enhance layout flexibility and material utilization efficiency. For defective regions on
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inventory mother plates, their positions and sizes are assumed to be known and fixed, enabling the model to
precisely handle and optimize around these defective areas. Considering that certain order plates in actual
production can tolerate specific types or degrees of defects, it is assumed that some order plates possess defect
tolerance, thereby avoiding excessive exclusion of defective regions and improving material utilization. The
demand quantity for each type of order plate is assumed to be known and constant, simplifying demand
forecasting and ensuring demand stability during production.

Furthermore, the cutting tools used in the process are assumed to have sufficient cutting capacity to
successfully complete all cutting tasks without causing damage to inventory mother plates. To simplify the
model, it is assumed that only one tool change occurs in each cutting stage, with the associated time and cost
being known and fixed. Finally, the scrap recycling and disposal processes are assumed to be known, and the
recycling value of scrap is fixed.

These assumptions mirror real industrial constraints while maintaining the tractability of the opti-
mization model. They also support sustainability objectives by enabling fine-grained control over waste
generation, defect utilization, and cutting feasibility.

Inventory plates are limited, and order plates are sufficient.
All inventory plates are usable.

Dimensions of inventory plates are fixed.

All order plates are rectangular.

Order plates can be rotated during layout.
Defective regions on inventory plates are fixed.
Order plates have defect tolerance.

Demand for all order plates is known and constant.
Cutting tools have sufficient performance.

No loss or damage occurs during cutting.

Tool changes occur once per cutting stage.

Scrap recycling and disposal are known.

=R IN B R =

— [
=S

3.2 Mathematical Model

The objective of this model is to determine the optimal cutting layouts for defective mother plates,
including the assignment of order plates, cutting sequence design, and tool-change minimization. A mixed-
integer nonlinear programming (MINLP) formulation is developed to maximize the total economic profit
while minimizing the number of tool changes, subject to geometric non-overlapping, defect-avoidance, and
guillotine-cutting constraints.

The model takes the following as inputs: (1) mother-plate inventory (dimensions, defect maps, defect
types and positions); (2) order-plate specifications (dimensions, quantities, defect-tolerance rules); (3)
economic parameters (unit selling price, mother-plate cost, scrap recycling price). The outputs of the model
include: (1) cutting layout for each mother plate (primary and secondary shelf structures); (2) placement
and rotation of each order plate; (3) total profit and tool-change count; and (4) scrap area and material
utilization rate.

The parameters, sets, and constants used in the model are defined in Table 1, the auxiliary variables
introduced for model linearization and geometric control are summarized in Table 2, and the continuous
and integer decision variables describing cutting dimensions, positions, and sequencing are listed in Table 3.

Binary Decision Variables:
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Yis2sj =

if primary shelf s is used on mother plate j

otherwise

if secondary shelf s2 is used in primary shelf s

of mother plate j

otherwise

0,

1
Tisj =
0,

if order plate i is placed in secondary shelf s2
of primary shelf s on mother plate j

otherwise

if order plate i is rotated 90° on primary shelf s

of mother plate j

otherwise

L
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if tool change required between primary shelves s — 1
and s of mother plate j

otherwise

if nonzero difference between primary shelves s — 1

and s of mother plate j

otherwise

L,

if primary shelf s on mother plate j uses width w;
otherwise

if primary shelf s on mother plate j uses length I;

otherwise

if secondary shelf s2 in primary shelf s on mother plate j uses width w;

otherwise

if secondary shelf s2 in primary shelf s on mother plate j uses length I

otherwise

if order plate i is to the left of defect d
in secondary shelf s2 of primary shelf s on mother plate j

otherwise

if order plate i is to the right of defect d
in secondary shelf s2 of primary shelf s on mother plate j

otherwise

if order plate i is above defect d
in secondary shelf s2 of primary shelf s on mother plate j

otherwise
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1, if order plate i is below defect d
al,. jd = in secondary shelf s2 of primary shelf s on mother plate j

0, otherwise

1, if order plate i precedes order plate i’
ord

Ziirsasj = in secondary shelf s2 of primary shelf s on mother plate j
0, otherwise

Objectives:
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j€J seS s2e8; iel jeJ je€J seS s2eS,; iel
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min T Cioral = Z Z 55—1,s,j~ (2)
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I 1
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Yisasj S Xs2s)> Vi, s2,s,j (19)
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1

>0 2 visasi <L, Viel (21)
jeJ s€S s2€8,
POSis2j > qu - M- yisasj) Vi, s2,s,j (22)
pos,ssz+L <qu+lS]+M(1 Vis2sj)s Vi, s2,s, ] (23)
POSirsas > POSisasi + Lf§§ M (1-23%), Vizi,s2,s, ] (24)
POSisasj > POSirsasi + Lt IS Mz‘fffizS], Vi#i,s2,s,j (25)
(x,-Lstjd + “iszsjd + tngde + ocismd > (1-acciq) yisasjs Vi, s2,s,j,d (26)
(Left) se; + Wszs] de +M((1- ,szsjd), Vi, s2,s,j,d (27)
(Right) s25j > wg; — M (1- aiszsjd), Vi, s2,s,j,d (28)
(Down) posiss; +Lf§§ <L+ M- als0), Vi,s2,s,j,d (29)
(Up) posicasj > 1g; = M (1= a;5;4)s Vi,s2,s,j,d (30)
Ak j = kgj = ks> Vj, s>2 (31)
Cs,j= 225 (sszsj Xs2sj — Ss2,5-1,] xsZ,s—l,j): Vi, s>2 (32)
€S,
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Ak! ;. Ak, CEj,Coi 20, Vj, s>2 (34)
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(AKS; + Ak ) +(Coi+Cpj) < M(1-z25), Vi, s>2 (36)
Os—1,5,j = Zs,js Vj, s>2 (37)

The model adopts a bi-objective optimization framework that balances economic performance and
production practicality. The primary objective (1) maximizes total profit IT by combining sales revenue
from placed order plates, mother-plate costs, and scrap recycling revenue. This formulation provides a
comprehensive economic evaluation. The secondary objective (2) minimizes total tool changes TCiotal
between adjacent primary shelves, thereby reducing setup times and improving continuity. These objectives
capture real-world trade-offs between profitability and efficiency and can be reconciled using standard
multi-objective techniques (e.g., weighted sum, lexicographic, or e-constraint methods) as required.

Table 1: Parameters and sets.

Symbol Description (Unit)
M Big-M constant (sufficiently large, e.g., 10° mm)
€ Small threshold for non-zero judgment (e.g., 0.1 mm)
pi Unit selling price of order plate i (CNY/mm?)
Cmaster Mother-plate cost per unit area (CNY/mm?)
Crecycle Scrap recycling price per unit area (CNY/mm?)
I Set of order plates
Ipcl Set of rotatable order plates
J Set of mother plates
S Index set of primary (level-1) shelves for each j € J
S, Index set of secondary (level-2) shelves for each (s, j)

(Continued)
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Table 1 (continued)

Description (Unit)

Symbol
D Set of defects on mother plates
w; Width of order plate i (mm)
l; Length of order plate i (mm)
wi Rotated width of order plate i (mm)
IR Rotated length of order plate i (mm)
W; Width of mother plate j (mm)
L; Length of mother plate j (mm)
a; = w;l; Area of order plate i (mm?)
Aj=WL; Area of mother plate j (mm?)
w) j Start x-coordinate of defect d on mother plate j (mm)
Wi End x-coordinate of defect d on mother plate j (mm)
13 Start y-coordinate of defect d on mother plate j (mm)
13 End y-coordinate of defect d on mother plate j (mm)
acc;q € {0,1} 1if order plate i accepts defect d; 0 otherwise

Table 2: Auxiliary variables.

Variable

Meaning (Domain)

isj

Effective width of order plate i considering rotation r;; (R, )

Effective length of order plate i considering rotation r;; (R,)
Difference in secondary shelf count between primary shelves s —1and s on j (Z)
Cumulative x-position difference of secondary shelves between s — 1 and s on j (R)
Positive part of Ak; ; for absolute value linearization (IR, )

Negative part of Ak, ; for absolute value linearization (R )

Positive part of Cj, ; for absolute value linearization (R )

Negative part of C; ; for absolute value linearization (R )

Table 3: Continuous decision variables.

Meaning (Domain)

Ws2sj
lsZsj
Ss2sj

POSisasj
ks

Width of primary shelf s on mother plate j (R.)
Length of primary shelf s on mother plate j (R, )
x-axis start position of primary shelf s on mother plate j (R,)
y-axis start position of primary shelf s on mother plate j (R,)
Width of secondary shelf s2 in primary shelf s of mother plate j (R)
Length of secondary shelf s2 in primary shelf s of mother plate j (R.)
x-axis start position of secondary shelf s2 in primary shelf s of mother plate j (R.)
y-axis start position of order plate i in secondary shelf (s2,s) of mother plate j (R, )
Number of secondary shelves in primary shelf s of mother plate j (Z..)
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Constraints (3)-(5) handle optional 90° plate rotations and compute effective dimensions accordingly.

Constraint (3) swaps width and length upon rotation (WIR =1, llR =w;, Viel).

Constraints (4) and (5) compute effective width and length as convex combinations controlled by the
binary rotation indicator r;;.

Constraints (6)-(9) enforce the first-stage guillotine cuts that form primary shelves.

Constraint (6) forces active primary shelves to span the full mother-plate width.

Constraint (7) limits their total length to the mother-plate length.

Constraints (8) and (9) arrange primary shelves sequentially along the y-axis without overlap using
Big-M formulations.

Constraints (10) and (11) restrict primary-shelflengths to valid order-plate dimensions {w;, I; }, ensuring
downstream feasibility for secondary cuts.

Constraints (12)-(16) govern the second-stage guillotine cuts that create secondary shelves.

Constraint (12) aligns secondary-shelf length with its primary shelf.

Constraints (13) and (14) position secondary shelves sequentially along the x-axis without overlap.

Constraint (15) bounds total secondary-shelf widths by the primary-shelf width.

Constraint (16) counts secondary shelves for tool-change evaluation.

Constraints (17) and (18) set secondary-shelf width to the sum of (possibly rotated) dimensions of
assigned plates, consistent with second-stage longitudinal guillotine cuts that permit side-by-side placement.

. T W 1 . .
The binary indicators u}',  -and u; ;, . . select exactly one dimension per plate.

Constraints (19)-(21) enforce placement logic: plates can occupy only active secondary shelves (19),
must fit dimensionally (20), and are assigned at most once (21).

Constraints (22)-(25) control plate positioning and non-overlap along the y-axis within
secondary shelves.

Constraints (22) and (23) confine plates to the shelf’s vertical bounds.

ord

Constraints (24) and (25) prevent overlaps via disjunctive sequencing enforced by 27/, ;.

Constraints (26)-(30) enforce defect avoidance for non-tolerant plates.
Constraint (26) activates separation logic only when required.

Constraints (27)-(30) require the plate to lie entirely left, right, above, or below the defect using auxiliary
L ,R U D

binaries a”, ™, a”, a”.

Constraints (31)-(37) detect tool changes from pattern differences between adjacent primary shelves.
Constraint (31) computes the secondary-shelf count difference, while (32) sums starting x-position
differences.

Constraints (33) and (34) linearize absolute differences using positive/negative parts.

Constraints (35)-(37) activate the change indicator J;_, ;,; when the absolute sum exceeds threshold e.

Collectively, these constraints ensure that the resulting cutting plan is feasible, implementable, defect-
compliant, and consistent with real manufacturing rules. They also reflect sustainability considerations
by promoting fine-grained control of scrap generation, enabling defect-aware utilization, and minimizing
unnecessary tool changes to reduce operational waste.
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4 Improved Multi-Objective Grey Wolf Optimization

This section presents the proposed IMOGWO, designed specifically to handle the discrete, defect-
aware, and multi-constraint characteristics of the DMMP-2CSP. Although the original MOGWO offers a
solid foundation for multi-objective search, its continuous search behavior, susceptibility to stagnation, and
limited mechanisms for maintaining population diversity make it inadequate for complex industrial layout
optimization. To address these limitations, IMOGWO incorporates a real-valued random-keys encoding
with hierarchical decoding to translate continuous vectors into feasible defect-aware cutting layouts, inte-
grates a Large-Language-Model-assisted fourth-leader boost mechanism to detect stagnation and inject
guided exploration when necessary, and blends in NSGA-II principles, including non-dominated sorting,
crowding-distance preservation, and genetic variation, to strengthen convergence stability and broaden
Pareto-front coverage. Collectively, these enhancements yield a robust hybrid multi-objective metaheuristic
well suited to sustainable steel-plate cutting, enabling improved defect-aware utilization, reduced scrap
generation, and more efficient tool usage.

4.1 Encoding and Decoding Strategy

To apply the continuous search mechanism of MOGWO to the discrete DMMP-2CSP, we propose a
real-valued encoding scheme coupled with a hierarchical decoding procedure.

Each individual is represented as a 2 x n real-valued matrix, where 7 is the number of order plates. The
first row encodes processing priorities (real numbers), and the second row encodes rotation probabilities in
[0,1]. During decoding:

«  The processing sequence is obtained by sorting the priorities in ascending order.
« Rotation flags are binarized by rounding the corresponding probabilities (values > 0.5 indicate 90°
rotation).

An example is shown in Fig. 4.

0.32 0.21 0.41 0.93 I |
Defect b |

! v|

0.32 0.21 0.41 0.93 3] 1 2 4

0.53 | 0.36 | 0.55 | 0.23 1 0 1 0
II
I

0.53 0. 36 0. 55 0.23

Figure 4: Schematic of the encoding and decoding process.

The decoding proceeds as follows. Order plates are processed sequentially according to the decoded
order. Primary shelves are formed by cumulatively adding the effective length (length after rotation) of each
plate until exceeding the mother-plate length would occur; the last added plate finalizes the current primary
shelf height. The reference plate defining each primary shelf is placed therein.

Remaining plates are then placed using a best-fit strategy with bottom-left preference. For each plate,
existing secondary shelves in all primary shelves are scanned. If a feasible position exists that satisfies
geometric constraints and defect-avoidance rules (using the four-direction separation logic), the plate is
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inserted; otherwise, a new secondary shelfis created from left to right in the earliest compatible primary shelf.
Plates that cannot be placed in the current mother plate are postponed and reattempted on subsequent plates.

This encoding-decoding strategy effectively bridges the continuous search space of MOGWO. It serves
as the essential link between upstream manufacturing and downstream customer order fulfillment. However,
the combination of highly diverse specifications, multi-size demand patterns, and small-batch orders leads
to substantial complexity in planning and layout design, with the discrete, highly constrained layout
requirements of the DMMP-2CSP, consistently producing valid cutting plans.

The MINLP formulated in Section 3 provides a complete mathematical description of the DMMP-
2CSP, but its size—comprising hundreds of variables and constraints reflecting spatial, rotational, and
defect-avoidance requirements—makes direct solution intractable for industrial-scale instances. Instead, the
MINLP serves as a formal feasibility benchmark. The IMOGWO algorithm operates in a continuous search
space, and the hierarchical decoder described above acts as the bridge to the discrete feasible region: it
translates a continuous-encoded candidate into a concrete cutting layout by sequentially placing plates while
strictly enforcing all MINLP constraints. In this way, the decoder guarantees that every layout generated
during the search is feasible, allowing the heuristic to explore only valid regions of the solution space.

4.2 LLM-Assisted Fourth-Leader Boost Mechanism

To mitigate premature convergence and maintain population diversity, the proposed IMOGWO intro-
duces an adaptive fourth-leader boost mechanism. Whenever the search process becomes stagnant, an
additional LLM-generated leader is injected to provide a new search direction. Stagnation is identified
using a composite criterion that monitors both the size and a hash-based signature of the Pareto archive
across consecutive iterations. As detailed in Algorithm 1, the variable stagnation_count tracks how
many iterations the archive has remained unchanged, while boost_timer controls the duration of the
boosted search phase. The Boolean flag use_fourth is activated whenever this boost phase is underway. If
stagnation persists for at least P iterations and no boost is currently active, a new boost period of length B is
initiated. The timer is then decremented each iteration until it expires. This mechanism enables the optimizer
to trigger intensified exploration precisely when needed, thereby enhancing robustness and preserving global
search diversity.

Algorithm 1: STAGNATIONDETECTION—detect stagnation and activate LLM fourth leader

1: function StaGgNATIONDETECTION(A' ™!, A', stagnation count,boost timer, B B)

2: Compute signature Sig(.A")

3: Compute signature Sig(A"™")

4: if |A’| = |.A""| and Sig(A") = Sig(A"") then

5: stagnation_count < stagnation_count+l
6: else

7: stagnation_count < 0

8: end if

9: if stagnation_count > Pand boost_timer =0 then
10: boost_timer « B

11: stagnation_count < 0

12: end if

13: use_fourth « (boost_timer > 0)

(Continued)
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Algorithm 1 (continued)
14:  if boost_timer > 0 then

15: boost_timer <« boost_ timer -1
16: end if
17: return use_fourth, stagnation_count, boost_timer

18: end function

Once activated, the boost phase augments the conventional three-leader update rule by incorporating a
fourth leader L, as defined in Algorithm 2. The auxiliary leader is generated on demand by a locally deployed
gpt-0ss-120b model (OpenAl, 120B parameters) running on a dedicated high-performance server equipped
with six Intel RTX 5880 Ada GPUs, 120 GB RAM, and 2 TB SSD storage under Ubuntu 24.04.

Domain-specific knowledge is injected through the AnythingLLM framework, which integrates the the-
oretical foundations of multi-objective grey wolf optimization together with the DMMP-2CSP formulation
presented in Section 3. This grounding enables the LLM to synthesize leader candidates that satisfy geometric
feasibility, defect-avoidance constraints, and the bi-objective nature of the problem.

Whenever a boost is triggered, the LLM receives structured contextual information, including the
current mother-plate inventory, defect maps, order-plate specifications, and the elite Pareto set, and produces
a continuous random-keys chromosome representing the fourth leader. The generative behavior follows the
prompt design illustrated in Fig. 5.

Structured Prompt Template for LLM-Guided Fourth-Leader Generation

System Instruction:

Act as a domain-informed auxiliary-leader generator embedded in the IMOGWO optimization loop.
Your objective is to synthesize a feasible fourth leader that enhances search-space diversity and assists in
escaping stagnation. All generated solutions must comply with the DMMP-2CSP formulation and the

bi-objective profit-knife-change criteria.

Context Specification (Inputs):
Number of order plates: {{n}}
Mother-plate size: {{W}} x {{L}}
Defect-map descriptors: {{defect_features}}
Current leaders and fitness values: (L1, Ly, L3) with {{fitness_values}}

]an

Generation Requirements: Produce a continuous random-keys matrix L € [0,1 satisfying:

Juy

Preservation of geometric feasibility and defect-avoidance constraints.

Increased population diversity and improved exploration capability.

3. Compliance with the two-row encoding scheme —Row 1: sequencing priorities;
— Row 2: rotation probabilities.

4. Output formatted as a Python-style list-of-lists of floats.

N

Expected Output Schema:

{
"fourth_leader_matrix": [
[0.12 0.85 0.33, ...], # sequence row
[0.50 0.00 0.25, ...] # rotation row
1,
"comment": "Row 1: ordering; Row 2: rotation."
}

Figure 5: Structured prompt template used for LLM-guided fourth-leader generation.
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Algorithm 2: FOURTHLEADERUPDATE—position update with LLM-guided fourth leader

1: function FOURTHLEADERUPDATE(X, AL AL a,sc, bt, P, B, n)

2: (uf, sc, bt) < StagnaTIONDETECTION(A ™, A', 5¢, bt, P, B)
3: N « |X]|, d < dimension of X

4: Initialize Xn as an N x d zero matrix

5: fori=1to N do

6: if |[A| > 3 then

7: Select leaders Ly, L, L3 € A’

8: else

9: Randomly sample L;, L, L3 from X

10: end if

11: if uf then

12: Query LLM — L > L should be 2 x n
13: for row =1to 2 do

14: len < length of L[row]

15: if len < n then

16: Append (n-len) random values sampled from U(0,1)
17: else if len > n then

18: Truncate L[row] to first n elements
19: end if

20: end for

21 L« {Ll,Lz,L_v,,I:}

22: au < min(2.5, 1.15a)

23: else

24: L < {L, Ly, L3}

25: au < a

26: end if

27: w < 1/|L]|

28: for j=1toddo

29: s<0

30: foreach L € £ do

3L Sample 1,7, ~ U(0,1)

32: A < 2aury —au

33: C <2,

34; D <|CL; - X; |

35: s<s+(Lj-AD)

36: end for

37: Xnjj<w-s

38: end for

39: end for

40: return Xn, sc, bt
41: end function

Algorithm 2 outlines the complete LLM-guided position update. To keep the pseudocode concise,
variable names are shortened: sc tracks stagnation, bt records the remaining boost duration, and uf
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indicates whether the boost phase is active. When uf = True, the algorithm queries the LLM to obtain
L and increases the exploration coefficient to au. Because the LLM may occasionally exhibit hallucinated
behavior, the generated random-keys vector is post-processed to ensure the correct 2 x n structure before
being used in the update step. Updated positions are stored in Xn, while the accumulator s aggregates
leader contributions dimension-wise. The routine first invokes the stagnation-detection module to refresh
(sc, bt,uf), then performs position updates using either three or four leaders depending on the boost status.
This mechanism allows IMOGWO to intensify exploration precisely when stagnation occurs while retaining
computational efficiency.

4.3 Integration of NSGA-II Mechanisms

To enhance population diversity, maintain convergence stability, and balance exploration and exploita-
tion within the Improved Multi-Objective Grey Wolf Optimizer (IMOGWO), core components of the
Non-dominated Sorting Genetic Algorithm II (NSGA-II) are incorporated. This hybrid strategy, referred
to as NSGA-II Fusion, integrates non-dominated sorting, crowding-distance preservation, and genetic
variation operators to address the limitations of classical GWO, such as uneven Pareto-front coverage and
susceptibility to premature convergence in multi-objective environments.

During the iterative search process, wolves in standard MOGWO tend to cluster around the current
non-dominated set, gradually reducing population diversity and limiting exploration of underrepresented
regions. While GWO excels at global search via leader-driven position updates, it lacks structured selection
pressure and variation operators. In contrast, NSGA-II Fusion introduces deterministic elitism and adaptive
genetic operators, enabling IMOGWO to maintain a favorable trade-oft between global diversification and
local refinement.

Let the population at iteration ¢ be
P = {xl(t),xgt), ... ,xg\;)}, (38)
where N is the population size and each solution is represented as
xft) = [xi(fl), xf)tz), ceos xl.(,g], (39)

denoting the i-th wolf in a d-dimensional random-keys search space.

Non-dominated sorting. A solution x,, is said to dominate x; (denoted x,, > x;,) if

fm(xa) Sfm(xb)’ Vm,
Im: fin(Xa) < fin(X0),

where f, (-) denotes the m-th objective (profit maximization and knife-change minimization). Solutions are
grouped into hierarchical fronts F;, 7>, . .., with F; containing the non-dominated individuals.

(40)

Crowding distance. To preserve diversity within each front 7, the crowding distance for solution i is
computed as

CD, = f: fm(xi+l) _fm(xi—l) (41)

max _ fmin >
m m

where f23 and fMin denote, respectively, the maximum and minimum objective values within the same

front. Boundary solutions along each objective dimension are assigned CD; = oo to ensure retention of
extreme points.
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Genetic variation operators. Two widely adopted NSGA-II operators are incorporated:

«  Simulated Binary Crossover (SBX). For parents x, and x,, offspring are generated according to

@+ B)xpj+ (A-PB)xq;l, 7<0.5,
xc,j = (42)
%[(1 - ﬁ)xp)j +(1+ [)’)xq,j], otherwise,
where r ~ U(0,1) and the spread factor 8 is computed as
| (@ar)MCner, r<0.5,
[20- )]V D r 5005,
o Polynomial mutation. For solution x;, mutation modifies each variable as
x:,j:xi,j+6j(Uj—Lj), (43)

where L; and U; are the lower and upper bounds, and

| @r)t ) g, r<0.5,
T 1= [2(1= )Y@t otherwise.

Population merging and selection.

In each iteration, the parent solutions, the GWO-derived offspring and the NSGA-II offspring are
merged and selected according to the model.

Pt+l — Select(Pt ] OGWO U ONSGA—H’ N) > (44)

where the operator Select(-) performs non-dominated sorting followed by crowding-distance-based trun-
cation, yielding a diverse and high-quality next-generation population.

Algorithm 3 summarizes the NSGA-II Fusion operator, which is invoked as a subroutine within
the IMOGWO framework. The procedure takes the current population X and elite archive A as inputs,
while the parameters 7., #, pc, and p,, govern the SBX crossover and polynomial mutation operators
in Eqgs. (42) and (43). A temporary set M collects GWO offspring, NSGA-II offspring, and parent solutions.
Non-dominated sorting (Eq. (40)) and crowding-distance evaluation (Eq. (41)) are then applied to M, and
the Select(-) operator (Eq. (44)) extracts the top N individuals to form the next-generation population.
This module provides IMOGWO with structured elitism and diversity preservation while complementing
GWO-driven exploration.

Algorithm 3: NSGA2Fusion—NSGA-II fusion operator for IMOGWO
1: function NSGA2FUs1ON(X, A, N, %c, §m> Pe> Pm)
2 M@ > Merged temporary set
3 fori =1to N do
4 Select leaders «, 3, § from A
5: xg < GWO_Update(X;, &, 3, §)
6 Evaluate fitness of x,

(Continued)
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Algorithm 3 (continued)

7: Add x, to M

8: end for

9: fori =1to N do

10: Select parents p,g via tournament selection

11: xc < SBX(p, g, e> Pe) > Simulated Binary Crossover, Eq. (42)
12: x. < Mutate(x¢, §u> Pm) > Polynomial mutation, Eq. (43)
13: Evaluate fitness of x,

14: Add x, to M

15 end for

16:  fori=1toN do

17: Add X; to M

18:  end for

19:  Perform non-dominated sorting using dominance rule > Eq. (40)
20:  Compute crowding distance for all individuals > Eq. (41)
21:  Xn < Select(M,N) > Population selection, Eq. (44)
22:  Clip all decision variables of Xn into [0, 1]

23:  return Xn

24: end function

4.4 Overall Framework of IMOGWO

The complete IMOGWO framework is outlined in Algorithm 4. In each iteration, the algorithm first
updates solution positions based on the grey-wolf leadership hierarchy, with the LLM-generated fourth
leader introduced adaptively when stagnation is detected. This is followed by the integration of NSGA-II
genetic operators and elitist selection to maintain population diversity and preserve high-quality non-
dominated solutions. All candidate individuals are subsequently decoded into feasible cutting layouts and
evaluated under the defect-aware multi-objective formulation. The external archive is then incrementally
updated and pruned to retain only the most representative and well-distributed Pareto solutions.

Through this iterative process, IMOGWO achieves smooth and reliable transitions between continuous
search operations and discrete layout feasibility, enhances exploration precisely when the search becomes
stagnant, and ensures stable convergence through NSGA-IT’s elitism and crowding-distance mechanisms. By
combining these components within a unified multi-objective search framework, IMOGWO consistently
generates high-quality, defect-tolerant cutting plans that improve material utilization, reduce tool-change
frequency, and contribute directly to more sustainable steel-plate manufacturing.

Algorithm 4: Overall framework of the proposed IMOGWO (with LLM Boost and NSGA-II Fusion)

Require: Population size N, maximum iterations Ty, archive capacity A .y, stagnation threshold P, boost
duration B, crossover index 7., mutation index #,,, crossover probability p., mutation probability p,,

Ensure: Final Pareto-optimal archive A

1: Initialize population X = {Xj, ..., Xy} using random-keys encoding

2: Decode and evaluate X

3: Initialize elite archive .4 via non-dominated sorting

4: Aprev < A

5:5¢ < 0,bt <0 > stagnation counter & boost timer

(Continued)
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Algorithm 4 (continued)

6:for t =110 Tpay do

7
8:
9:

10:

11:

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

a <« 2 -2t/ Tax

(Xgwo» s¢, bt) < FOURTHLEADERUPDATE(X, Aprey, A, 4, s¢, bt, P, B) > Algorithm 2
Decode and evaluate Xy,
Xusga < NSGA2FUSION(X, A, N, e, tuss o> ) > Algorithm 3

Decode and evaluate X4,
M < X U Xgwo U Xnsga
Perform non-dominated sorting on M
Compute crowding distance
X <« Select(M, N)
Clip all decision variables of X into [0,1]
A« AuX
Perform non-dominated sorting on A
Keep only first-front solutions in .A
if |A| > Apax then
Sort A by descending crowding distance
Truncate to Aax solutions
end if
Aprev < A
end for
return A

5 Experiments and Analysis

5.1 Test Instances

To validate the efficiency of the proposed IMOGWO algorithm, a set of simulation experiments was

constructed based on real-world steel plate cutting production parameters. The following sections outline
the relevant parameter settings, including the number of order plates, dimensions of the mother plates, the
number of defects on the plates, and rotation constraints for the order plates. All dimensions are provided
in millimeters.

Master Plate Dimensions and Inventory Quantity Generation: The dimensions of the master plates are
generated within predefined ranges for defective inventory plates. Specifically, the length is randomly
selected from the range [3000, 25,000], and the width is chosen from [600, 3000]. To better simulate
real-world production scenarios, a specified number of data sets are generated. Each data set represents
the dimensions of a specific inventory master plate, and the corresponding inventory quantity for each
set is randomly selected from the integer range [1, 10].

Master Plate Defect Generation: Each master plate is independently assigned defects. A random
number of defects, ranging from 0 to 6, is generated for each master plate. Each defect is treated as a
rectangular region, with its dimensions randomly selected from the range [100, 1000] for both length
and width. There are six distinct types of defects, and defects may overlap on the same master plate.
This defect generation process ensures variability and realism in simulating the potential imperfections
encountered in steel plates during actual production.

Order Plate Dimension Generation: The length of the order plates is randomly selected within the range
[100,1000], and the width is chosen from the range [200, 1000]. For each unique combination of length
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and width, between 70 and 200 order plates are generated. This rule ensures a diverse set of order plates
with varying dimensions, reflecting the complexity of real-world production requirements.

o Order Plate Defect Acceptance Generation: For each group of order plates, a uniform defect acceptance
range is generated. The defect acceptance range is represented by a one-dimensional array of length 6,
where each element (ranging from 0 to 6) corresponds to a defect type that the order plates in that group
can tolerate. For example, if the acceptance array for a group of order plates is 1, 2, 0, 0, 0, 0, it indicates
that the group can accept defect types 1and 2. If the array is 1, 2, 0, 0, 0, 6, it means the group can accept
defects 1, 2, and 6. If the array is 0, 0, 0, 0, 0, 0, it signifies that the group of order plates cannot accept

any defects.

These datasets follow industrial parameter ranges but are synthetically generated for controlled evalua-
tion. To intuitively present experimental data under the above parameter rules, Tables 4-6 provide concrete
examples of master plate specifications, defect configurations, and order plate attributes, respectively,
establishing a validated foundation for IMOGWO algorithm testing.

Table 4: Master plate specifications.

Master Plate ID

Length (mm)

Width (mm)

No. of Defects

AN U1 WL

12,000
12,000
18,000
18,000
15,000
15,000

1500
1500
2000
2000
2500
2500

N W s D W

Table 5: Defect details by master plate.

Master Plate ID

Defect Types

Defect Position (x,y)

1

NN U1 Ul U xR R W WD N -

—

W U~ N R WD U= N RN W

(1000, 300)
(5000, 800)
(2500, 500)
(7000, 200)
(9500, 1100)
(3000, 400)
(12,000, 1500)
(5000, 800)
(9000, 1200)
(14,000, 600)
(16,000, 1800)
(2000, 600)
(6000, 1300)
(11,000, 1900)
(4500, 900)
(8500, 2200)
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Table 6: Example data for order plates.

Order Plate ID Length (mm) Width (mm) Accepted Defects Quantity per Group

1 900 800 (1,2,0,0,0,0] 80
2 800 1000 (2,3,0,0,0,0] 120
3 700 600 [1,4,5,0,0,0] 150
4 1000 900 (3,0,0,0,0,6] 90
5 600 750 (1,2,3,4,0,0] 180

To provide a clear illustration of the generated datasets, Tables 4-6 present concrete examples covering
master-plate specifications, defect characteristics, and order-plate groups. These tables translate the abstract
generation rules into representative instances, validating the correctness and industrial relevance of the
evaluation data.

Together, these three tables translate abstract parameter rules into concrete, validated datasets,
providing standardized and realistic inputs for subsequent IMOGWO performance evaluation and
sensitivity analysis.

5.2 Parameter Settings for Metaheuristic Algorithms

This paper employs a multi-tiered comparison framework to rigorously evaluate the proposed
IMOGWO algorithm. The experiments encompass five distinct categories of algorithms: (i) three classical
multi-objective optimizers as baseline references; (ii) the original MOGWO algorithm; (iii) an ablation
variant integrating only the LLM-guided Fourth-Leader Boost (MOGWO + LLM); (iv) an ablation variant
integrating only the NSGA-II reproduction operator (MOGWO + NSGA-II); and (v) the full IMOGWO
algorithm proposed herein. The selected comparison algorithms are listed as follows:

o Multi-Objective Particle Swarm Optimization (MOPSO) [38]: A swarm-intelligence-based algorithm
that extends particle swarm optimization to multi-objective domains, maintaining an external archive
of non-dominated solutions and leveraging leader selection to explore the Pareto front effectively.

o Multi-Objective Cuckoo Search (MOCS) [39]: A nature-inspired algorithm based on the cuckoo
search meta-heuristic, adapted for multi-objective problems by integrating Lévy-flight moves, non-
dominated sorting and elitism, thereby efficiently exploring complex Pareto fronts in multi-objective
optimization tasks.

o Multi-Objective Snake Optimizer (MOSO) [40]: A multi-objective adaptation of the Snake Optimizer
meta-heuristic, enhanced with non-dominated sorting, elitism preservation, and an external archive
mechanism to maintain diversity and convergence along the Pareto front, effectively solving complex
bi-objective and multi-objective optimization problems.

These algorithms are selected due to their strong representativeness and proven effectiveness in
handling continuous and combinatorial multi-objective optimization problems. Together, they provide a
comprehensive baseline for evaluating the convergence accuracy, diversity, and robustness of the proposed
IMOGWO algorithm.

The key parameter settings for each algorithm were as follows. Wherever applicable, default param-
eters recommended in the respective original publications were adopted to ensure fair and consistent
comparisons:
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«  MOPSO: The inertia weight was set to 0.5, while the cognitive and social learning factors (¢; and ¢,) were
both set to 2. The external archive size was limited to 50 solutions, and the leader selection mechanism
was based on crowding-distance sorting.

e MOCS: The discovery rate of alien eggs (p,) was set to 0.25, and the Lévy-flight step size () to
1. A non-dominated sorting strategy and external archive of size 100 were employed to maintain
Pareto diversity. Other control parameters followed the standard configuration proposed in the original
MOCS publication.

e MOSO: The population size was set to 50, while the food quantity constant (¢;) and movement step
constant (c,) were set to 0.5 and 0.05, respectively. The temperature threshold was fixed at 0.6 to control
the transition between exploration and exploitation.

o MOGWO: The population size and maximum iteration count were the same as those in IMOGWO. The
exploration coeflicient a was reduced linearly from 2 to 0, and no additional mechanisms such as LLM
guidance or other enhancement strategies were applied.

e MOGWO + LLM: This variant retained the core MOGWO framework but integrated the LLM-guided
Fourth-Leader Boost mechanism. The stagnation detection threshold P was set to 15, and the boost
duration B to 5 iterations, consistent with the IMOGWO configuration.

«  MOGWO + NSGA-II: This hybrid retained the MOGWO framework while integrating the NSGA-II
reproduction operator (SBX crossover and polynomial mutation) to enhance diversity and Pareto-
front exploration. Key parameters were set as: number of offspring N, = pop_size, SBX crossover
probability p, = 0.9, polynomial mutation probability p,, = 1/L, with distribution indices 7. = 15.0 and
fm = 20.0.

o« IMOGWO: The population size was set to 50, and the maximum number of iterations to 200. The
stagnation detection threshold P was set to 15, and the boost duration B to 5 iterations. The exploration
coeflicient a linearly decreased from 2 to 0 over the entire iteration process. All other parameters
followed the baseline MOGWO configuration.

To ensure fairness in benchmarking, all algorithms were configured with a uniform population size of
50 and a maximum of 200 iterations. The experiments were implemented in Python 3.9.23 and executed
using the PyCharm 2023.2.5 integrated development environment (JetBrains Inc., Prague, Czech Republic).
All computational tests were conducted on a workstation running Windows 11 (Microsoft Corporation, Red-
mond, Washington, USA), equipped with a 12th Gen Intel” Core  i7-12700H processor (Intel Corporation,
Santa Clara, California, USA; base frequency 2.30 GHz) and 16 GB of RAM.

Each algorithm was run independently for 20 trials to account for stochastic behavior. The elite
solution set obtained from each trial was recorded for statistical performance evaluation across all bench-
mark instances.

5.3 Computational Results and Discussion

To evaluate the performance of the proposed IMOGWO algorithm, three datasets with varying scales
were tested: Dataset 1 (30 master plates, 2501 order plates), Dataset 2 (27 master plates, 2597 order plates), and
Dataset 3 (24 master plates, 2671 order plates). Hypervolume was adopted as the primary metric, quantifying
both convergence and diversity of the Pareto front (larger values indicate better performance). Statistical
significance was assessed using pairwise ¢-tests with & = 0.05. Each algorithm was run independently 20
times (with minor exceptions due to runtime anomalies), and results are presented as mean hypervolume +
standard error, with the number of valid runs in parentheses.

To visually characterize the hypervolume variability across 20 independent runs, boxplots were con-
structed for each dataset, as shown in Fig. 6. The figure includes three subplots: (a) for Dataset 1 (30 master
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plates, 2501 order plates), (b) for Dataset 2 (27 master plates, 2597 order plates), and (c) for Dataset 3
(24 master plates, 2671 order plates). In each subplot, algorithms are ordered from left to right as follows:
Improved Multi-Objective Grey Wolf Optimizer IMOGWO), MOGWO with LLM-assisted Fourth-Leader
Boost Mechanism (MOGWO + LLM), original MOGWO, MOPSO, and MOCS. Boxplots follow standard
conventions: the box represents the interquartile range (IQR, 25th to 75th percentiles), the horizontal line
within the box denotes the median, whiskers extend to 1.5 x IQR to indicate data spread, and individual
points mark outliers beyond this range.
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Figure 6: Boxplots of hypervolume values for all algorithms across three datasets.

It is worth noting that benchmarking multi-objective metaheuristics often involves comparisons with
exact or decomposition-based methods on small to medium-sized instances where near-optimal solutions
can be obtained, as exemplified in prior studies such as the Flower Pollination Algorithm applied to
electrochemical machining optimization [41]. However, the DMMP-2CSP is a strongly NP-hard bi-objective
problem with complex geometric and defect constraints. Even for moderately sized instances, obtaining the
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exact Pareto front via commercial solvers is computationally prohibitive. Therefore, in line with common
practice in large-scale industrial optimization, we focus on evaluating IMOGWO against state-of-the-art
metaheuristics on three realistically scaled datasets: Dataset 1 (30 master plates, 2501 order plates), Dataset 2
(27 master plates, 2597 order plates), and Dataset 3 (24 master plates, 2671 order plates).

Boxplot analysis across these datasets consistently confirms the superior performance of IMOGWO.
In each case, IMOGWO achieves the highest median hypervolume, with its entire distribution (box
and whiskers) positioned distinctly above all comparative algorithms—including MOGWO + NSGA-II,
MOGWO + LLM, MOPSO, MOSO, and MOCS. Notably, no extreme outliers are observed for IMOGWO,
indicating reliable operational stability. Its IQR, while slightly wider than those of some classical algorithms
(e.g., MOGWO and MOCS), remains compact relative to its elevated performance, especially in the more
complex configurations (Datasets 2 and 3). In contrast, other algorithms either cluster in lower hypervolume
regions or exhibit greater variability, underscoring their limitations in handling the intricate constraints of
defect-aware cutting.

Key experimental findings, detailed in Tables 7 and 8, reinforce these visual trends and firmly establish
IMOGWOs superiority. The algorithm not only attains the highest mean hypervolume in every scenario but
does so by substantial and statistically significant margins, highlighting its practical advantages.

Table 7: Hypervolume performance of algorithms across datasets (mean + standard error, with number of runs in
parentheses).

Algorithm 30 Master Plates 27 Master Plates 24 Master Plates
MOSO 62,080.48 + 1156.0081 46,394.73 + 137715 65,093.76 + 1021.4820
MOCS 56,688.54 + 978.13 39,480.34 + 752.84 59,805.74 + 766.98

MOPSO 51,318.07 +1556.02 35,487.44 + 1436.50 54,420.06 + 2105.25

MOGWO 63,472.85 + 700.81 4778710 + 898.48 66,486.13 + 743.25
MOGWO + LLM 76,939.39 + 2322.70 60,098.41 + 2450.43 72,742.52 + 2329.13
MOGWO + NSGA-II 86,793.68 + 1156.0081 118,707.05 + 2936.21 85,929.43 + 222799

IMOGWO 92,787.94 + 2572.83 173,455.65 + 3402.05 95,256.28 + 277718

Table 8: t-test statistics comparing IMOGWO with other algorithms (p-values < 0.0001 indicate statistically significant

superiority).

Comparison

30 Master Plates

27 Master Plates

24 Master Plates

IMOGWO vs. MOSO
IMOGWO vs. MOCS
IMOGWO vs. MOPSO
IMOGWO vs. MOGWO
IMOGWO vs. MOGWO + LLM
IMOGWO vs. MOGWO + NSGA-II

t =10.61, p = 0.0000
t =12.78, p = 0.0000
t = 13.43, p = 0.0000
t =10.72, p = 0.0000
t = 4.46, p = 0.0001
t =1.69, p = 0.0988

t = 33.74, p = 0.0000
t = 37.48, p = 0.0000
t = 36.41, p = 0.0000
t = 34.81, p = 0.0000
t = 26.35, p = 0.0000
t = 11.87, p = 0.0000

t =9.93, p = 0.0000
t =11.99, p = 0.0000
t = 11.42, p = 0.0000
t = 9.75, p = 0.0000
t = 6.05, p = 0.0000
t = 2.55, p = 0.0150

While benchmarking multi-objective metaheuristics often involves comparisons with exact methods

on small instances, the DMMP-2CSP is a strongly NP-hard problem where obtaining the exact Pareto
front is computationally prohibitive, even for moderately-sized cases. Therefore, consistent with practices in
large-scale industrial optimization, we evaluate IMOGWO against state-of-the-art metaheuristics on three
realistically scaled datasets, which vary in structural complexity: Dataset 1 (30 master plates) represents the
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largest inventory scale, Dataset 2 (27 master plates) presents a balanced configuration, and Dataset 3 (24
master plates) embodies the highest order density.

Across all datasets, IMOGWO demonstrates superior and robust performance. On the largest inventory
(30 plates), IMOGWO?’s hypervolume leads by 20.6% over ‘MOGWO + LLM’ and 46.2% over baseline
‘MOGWO:’ Under the highest combinatorial complexity (24 plates, 2671 orders), it maintains a decisive
advantage, outperforming the same variants by 31.0% and 43.3%, respectively. The balanced 27-plate
dataset further confirms this scalability, where IMOGWO?’s performance surpasses MOGWO + LLM‘ and
‘MOGWO" by factors of 2.9 and 3.6. Statistical validation solidly supports these results, with pairwise ¢-tests
yielding p < 0.0001 for nearly all comparisons (e.g., t = 11.99 vs. MOCS on the 24-plate set).

This consistent superiority is attributed to IMOGWO’s synergistic hybrid design. The LLM-guided
boost effectively mitigates stagnation, as evidenced by the gains of the MOGWO + LLM" variant. However,
IMOGWO’s substantial additional improvements highlight the indispensable role of the NSGA-II fusion
module, which ensures a well-distributed, high-quality Pareto front through non-dominated sorting and
crowding-distance selection. This integrated architecture enables IMOGWO to navigate the intricate geo-
metric and defect-aware constraints of real-world cutting problems more effectively than all baseline and
ablated counterparts.

To objectively evaluate the LLM-guided leader’s efficacy beyond empirical hypervolume gains, we
compare its generated solution set against a purely random generator using the coverage metric C(A, B). As
summarized in Table 9, the LLM-guided set consistently dominates a large majority of random solutions,
with C(A, B) values of 0.95, 0.90, and 0.75 for the 30-, 27-, and 24-master-plate datasets, respectively. The
observed decline on the most order-dense dataset (24 plates) is attributed to practical constraints: when
processing exceptionally long solution arrays, the LLM occasionally encounters token limits or generation
artifacts, prompting the algorithm to supplement incomplete outputs with random segments—thus diluting
the measured coverage. Nevertheless, even under these conditions, the LLM-guided approach maintains a
substantial advantage over undirected random search.

Table 9: Coverage (C) metric for LLM vs. random solution generators across datasets.

C index 30 Master Plates 27 Master Plates 24 Master Plates
C(A,B) 0.95 0.90 0.75

Fundamentally, these results confirm that the LLM provides directed, knowledge-informed exploration
by leveraging embedded domain understanding of defect avoidance and cutting constraints, in contrast to the
undirected exploration of a random strategy. The coverage metric thereby isolates and validates the intrinsic
guidance capability of the LLM component.

Beyond solution quality, the practical applicability of IMOGWO in industrial settings hinges on
its balanced computational efficiency. The runtime overhead introduced by the LLM component is well
controlled: as shown in Fig. 7, the full IMOGWO framework incurs only a modest increase in execution time
(approximately 2.3% on average) compared to its non-LLM variant, MOGWO + NSGA-II. This marginal
increase is due to the on-demand activation of the LLM-guided boost mechanism, which is triggered only
upon stagnation detection—typically 2-4 times per 200 iterations. In return, this lightweight overhead
yields substantial gains in hypervolume and Pareto-front quality, making the trade-off highly favorable for
time-sensitive production environments.
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Figure 7: Enter caption.

The runtime of IMOGWO scales predictably with the number of master plates, as evidenced by the con-
sistent distributions in Fig. 7. Defect density and archive size have limited impact, since defects are processed
as geometric constraints within fixed plate areas and the archive is maintained via efficient non-dominated
sorting. Moreover, the problem formulation naturally bounds the solution space: the total order-plate
area must exceed the total master-plate area to ensure high utilization. To minimize the introduction of
unreliable variables during comparative experiments, we adopted a single-core execution mode; in practical
applications, however, multi-core parallel computing for fitness evaluation will significantly accelerate the
algorithm’s speed. Thus, the practical runtime remains within a manageable upper limit, ensuring reliable
performance in real-world industrial batches.

6 Conclusions and Future Outlook
6.1 Research Conclusions

This study develops an Improved Multi-Objective Grey Wolf Optimizer IMOGWO) for the Defective
Multi-Inventory Mother-Plate Cutting Stock Problem. IMOGWO synergistically integrates an LLM-guided
stagnation detection mechanism with NSGA-IT’s elitism operators, effectively balancing global exploration
and local exploitation. This hybrid design directly addresses key limitations of conventional metaheuristics—
specifically premature convergence and poor Pareto-front diversity—while introducing only a minimal and
controlled runtime overhead.

The algorithm’s effectiveness is concretely demonstrated across both optimization objectives. For the
primary goal of maximizing cutting profit, IMOGWO consistently yields higher-quality layouts, translating
to a significant improvement in material utilization compared to all baseline algorithms. For the secondary
goal of minimizing tool changes, IMOGWO?’s solution sets include layouts that require substantially fewer
tool switches, directly reducing production delays and operational costs. The quantitative superiority is
validated by the significantly higher hypervolume achieved across all tested datasets (e.g., 2.89 times that of
‘MOGWO + LLM’ on the 27-plate set) and statistically confirmed by rigorous ¢-tests (p < 0.0001).

Beyond performance, IMOGWO demonstrates strong practical viability. Its runtime scales predictably
with the number of master plates, and the LLM component is invoked sparingly (2-4 times per 200
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iterations), ensuring that substantial solution quality gains come with a manageable and justifiable compu-
tational cost.

6.2 Limitations and Future Outlook

While demonstrating strong performance, the current work has limitations that chart a course for
future research. Firstly, the evaluation is based on synthetic datasets with rectangular defects; validation
on plates with irregular or continuous defect patterns would strengthen the method’s industrial generality.
Secondly, the problem model assumes static parameters; incorporating dynamic elements like real-time
defect feedback or variable energy costs would enhance real-world fidelity.

A specific limitation concerns the reproducibility and practicality of the LLM component. The current
implementation relies on a locally deployed large-scale model to handle the long-context prompts required
for direct solution-array generation. This approach, while effective, imposes hardware dependencies and
raises accessibility barriers. Substituting with an online model would introduce network latency, further
impacting runtime. To overcome this, a promising direction is to evolve from using the LLM as a direct
solution generator to leveraging it as a meta-heuristic designer. Future work will explore using LLMs to
automatically generate or adapt heuristic rules and search strategies—creating an “LLM-as-a-meta-heuristic”
framework—which could drastically reduce token consumption, lower hardware barriers, and enhance both
reproducibility and adaptability for broader industrial deployment.

Finally, transitioning from simulation to physical pilot studies in collaboration with manufacturing
partners will be essential to bridge the gap between algorithmic innovation and operational impact,
solidifying the role of such hybrid AI methods in sustainable smart manufacturing.
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