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LLM-Assisted Warm-Start Optimization for 
Multi-Factory Human-Robot Collaborative

Disassembly Scheduling
Minghui Shi and Jialong Li

Abstract—The quality of initial solutions strongly affects the
convergence behavior of meta-heuristic algorithms for human-
robot collaborative disassembly scheduling. This paper proposes
a Large Language Model (LLM)-assisted warm-start method for
generating feasible task sequences in a multi-factory human-
robot collaborative disassembly problem. A structured instruc-
tion set is designed to describe product disassembly information
and task constraints, including precedence and conflict relation-
ships derived from AND/OR graphs. The generated sequences
are parsed, validated, and injected into the initial population of
an Intelligent Discrete Optimization Algorithm (IDOA). A profit-
oriented mathematical model is used as the evaluation basis for
task-tool assignment, workstation allocation, and disassembler
configuration. Numerical experiments on several end-of-life (EoL)
products show that the proposed LLM-assisted initialization
method improves initial solution quality and accelerates conver-
gence in terms of iteration count. Although local LLM inference
introduces additional runtime overhead, the results demonstrate
the feasibility of using LLMs as warm-start generators for
combinatorial disassembly optimization.

Index Terms—Human-Robot Collaborative Disassembly Line;
Multi-Factory Optimization; Resource Configuration; Large
Language Model (LLM); Meta-heuristic Algorithm

I. INTRODUCTION

END-OF-LIFE (EoL) product disassembly plays an im-
portant role in remanufacturing and resource recovery.

With the increasing variety and structural complexity of EoL
products, disassembly systems require specialized equipment,
diverse tools, and systematic task planning [1, 2, 3]. In human-
robot collaborative disassembly lines, tasks must be assigned
to workstations, disassemblers, and compatible tools while sat-
isfying precedence and conflict constraints. Human operators
provide flexibility for uncertain and complex operations, while
robots improve execution stability and efficiency. However,
this collaboration also introduces additional assignment, bal-
ancing, and resource configuration decisions [4, 5, 6].

In multi-factory disassembly environments, the optimization
problem becomes more complicated because factories usually
differ in machinery availability, tool configurations, worksta-
tion opening decisions, and disassembler allocation. These het-
erogeneous resource capacities directly affect disassembly effi-
ciency, product-to-factory assignment, and total recovery profit
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[7, 8, 9]. Existing profit-oriented and resource-constrained
disassembly studies provide useful modeling foundations for
such problems [4, 9, 10]. Nevertheless, exact solvers may
become inefficient as the problem scale increases, and meta-
heuristic algorithms are often adopted to obtain high-quality
solutions within acceptable computational time.

Population-based meta-heuristic algorithms are sensitive to
the quality of initial solutions. Randomly generated task se-
quences may violate precedence or conflict constraints defined
by AND/OR graphs, and poor initial populations may slow
down convergence or lead the search to low-quality regions.
Therefore, generating feasible and high-quality initial task se-
quences is important for improving the practical performance
of meta-heuristic optimization in disassembly scheduling. Re-
cent studies have shown that Large Language Models (LLMs)
can serve as candidate-solution generators, optimizers, or
hyper-heuristic components in combinatorial optimization and
evolutionary search [11, 12, 13]. These studies indicate that
LLMs have potential to use structured problem descriptions
and historical solution patterns to generate useful candidate
solutions.

Motivated by this observation, this paper proposes an
LLM-assisted warm-start strategy for the Intelligent Discrete
Optimization Algorithm (IDOA). Instead of relying only on
random initialization, the proposed method constructs struc-
tured instructions from product disassembly information and
task constraints. The LLM then generates candidate task
sequences, which are parsed, validated, and inserted into the
initial IDOA population. The main purpose of this design
is not to replace the meta-heuristic search process, but to
provide a more informative starting population for subsequent
optimization.[14, 15, 16, 17, 18, 19, 20]

The main contributions of this paper are summarized as
follows. First, an LLM-assisted initial solution generation
method is developed for human-robot collaborative disassem-
bly scheduling. Second, a structured instruction mechanism is
designed to guide the LLM in generating task sequences under
precedence and conflict constraints. Third, the LLM-generated
sequences are integrated into IDOA through a warm-start pop-
ulation initialization strategy. Finally, numerical experiments
on multiple EoL product cases are conducted to evaluate the
effect of LLM-assisted initialization on initial solution quality
and convergence behavior.

The remainder of this paper is organized as follows. Sec-
tion II describes the considered multi-factory human-robot
collaborative disassembly problem. Section III presents the
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Fig. 1. The AND/OR graph of the car battery

profit-oriented mathematical model. Section IV introduces the
LLM-assisted warm-start method. Section V describes the
IDOA-based optimization procedure. Section VI reports the
experimental results. Section VII concludes this paper.

II. PROBLEM DESCRIPTION

A. Problem Characteristics

This paper considers a multi-factory human-robot collabora-
tive disassembly scheduling problem. Each EoL product con-
tains a set of disassembly tasks, and each task must be assigned
to a disassembly factory, a workstation, a disassembler, and a
compatible tool. The disassembler can be a human operator,
a robot, or a human-robot collaborative unit. The assignment
must satisfy resource availability, tool compatibility, and task
precedence/conflict constraints [4, 8, 9].

In the considered multi-factory environment, factories dif-
fer in tool types, tool quantities, workstation configurations,
and disassembler availability. These heterogeneous resources
directly affect task allocation and total recovery profit. There-
fore, the problem involves both scheduling decisions and
resource configuration decisions. The objective is to maximize
the total profit obtained from recovered subassemblies after
subtracting task execution costs, transportation costs, worksta-
tion/factory opening costs, and tool utilization costs [9, 10, 21].

The focus of this paper is not to redesign the complete
disassembly optimization model, but to improve the initializa-
tion stage of the meta-heuristic solver. Randomly generated
task sequences may violate precedence or conflict constraints
and may provide poor starting points for search. To address
this issue, an LLM is employed to generate feasible or
near-feasible initial task sequences for EoL products. These
sequences are then parsed, validated, and used as warm-start
solutions for IDOA [11, 12, 13].

B. Case Description

In this study, desk lamps, washing machines, treadmills, and
car batteries are selected as representative EoL products. Their
disassembly processes are described by AND/OR graphs,
which are commonly used to represent alternative disassembly
paths, precedence relationships, and conflict constraints among
tasks [1, 3, 22, 23].

Fig. 1 shows the AND/OR graph of a car battery. In
this graph, nodes represent subassemblies or components,
while directed links describe feasible disassembly operations
and their logical relationships. The precedence and conflict

Fig. 2. Multi-factory human-robot collaborative disassembly
line

information extracted from the AND/OR graph is used not
only in the mathematical model, but also in the LLM-assisted
sequence generation process.

C. Conceptual Model

Fig. 2 shows the considered multi-factory human-robot
collaborative disassembly line. Each factory contains several
workstations, and each workstation may be equipped with
different tool types. During scheduling, each task is assigned to
a factory and a workstation with compatible tools. The task is
then executed by a human operator, a robot, or a human-robot
collaborative unit according to the resource configuration.

The AND/OR graph is converted into three matrices to
support constraint checking and sequence validation. The dis-
assembly matrix describes the generation and consumption re-
lationships between tasks and subassemblies. The precedence
matrix records the sequential constraints between tasks. The
conflict matrix records mutually exclusive task relationships.
These matrices provide the structured constraint information
used by both IDOA and the proposed LLM-assisted warm-start
mechanism [1, 3, 23].

𝑑𝑝𝑖 𝑗 =


1, if task 𝑗 generates subassembly 𝑖
−1, if task 𝑗 consumes subassembly 𝑖
0, otherwise

(1)

𝑠𝑝 𝑗1 𝑗2 =

{
1, if task 𝑗1 precedes task 𝑗2

0, otherwise
(2)

𝑟𝑝 𝑗1 𝑗2 =

{
1, if tasks 𝑗1 and 𝑗2 conflict
0, otherwise

(3)

where 𝑑𝑝𝑖 𝑗 denotes the relationship between task 𝑗 and
subassembly 𝑖 of product 𝑝, 𝑠𝑝 𝑗1 𝑗2 denotes the precedence
relationship between tasks 𝑗1 and 𝑗2, and 𝑟𝑝 𝑗1 𝑗2 denotes the
conflict relationship between tasks 𝑗1 and 𝑗2.

III. MATHEMATICAL MODEL

This section presents a compact profit-oriented model used
as the fitness evaluation basis of IDOA and the proposed
LLM-assisted warm-start strategy. The model evaluates each
decoded solution according to recovered subassembly revenue,
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task execution cost, transportation cost, tool utilization cost,
factory operating cost, and workstation opening cost.

The following assumptions are adopted. First, the processing
costs of human operators and robots are deterministic and
known. Second, the recovery prices of subassemblies are
known. Third, the operating costs of factories and the opening
costs of workstations are known. Fourth, the precedence
and conflict relationships among tasks are predefined by the
AND/OR graph. Fifth, each task must be assigned to a
compatible tool. Finally, the wear-and-tear cost of each tool
used for each disassembly task is known.

Let 𝑝 ∈ 𝑃 denote products, 𝑖 ∈ 𝐼 denote subassemblies,
𝑗 ∈ 𝐽 denote disassembly tasks, 𝑘 ∈ 𝐾 denote disassembly
factories, 𝑤 ∈ 𝑊 denote workstations, 𝑚 ∈ 𝑀 denote
remanufacturing plants, 𝑛 ∈ 𝑁 denote robot types, ℎ ∈ 𝐻

denote human workers, and 𝑟 ∈ 𝑅 denote tool types. The
binary variable 𝑧𝑝𝑘 indicates whether product 𝑝 is assigned
to factory 𝑘 . The variable 𝑥𝑝 𝑗𝑘𝑤 indicates whether task 𝑗 of
product 𝑝 is assigned to workstation 𝑤 in factory 𝑘 . The
variables 𝑥𝑝 𝑗𝑘𝑤𝑛 and 𝑥𝑝 𝑗𝑘𝑤ℎ indicate whether the task is
executed by robot 𝑛 or human worker ℎ, respectively. The
variable 𝑍𝑝 𝑗𝑘𝑤𝑟 indicates whether task 𝑗 of product 𝑝 uses
tool type 𝑟 at workstation 𝑤 in factory 𝑘 . The variable 𝛼𝑘𝑚𝑝𝑖
indicates whether subassembly 𝑖 of product 𝑝 is transported
from factory 𝑘 to remanufacturing plant 𝑚. The variable 𝑇𝑘
denotes the cycle time of factory 𝑘 .

The objective function maximizes the total recovery profit.
It subtracts human execution cost, robot execution cost, tool
utilization cost, factory operating cost, and workstation open-
ing cost from recovered subassembly revenues [8, 9, 10, 21].

max 𝑓 =
∑
𝑘∈𝐾

∑
𝑚∈𝑀

∑
𝑝∈𝑃

∑
𝑖∈𝐼
(𝑣𝑚𝑝𝑖 − 𝑐𝑘𝑚𝑝𝑖)𝛼𝑘𝑚𝑝𝑖

− ∑
𝑘∈𝐾

∑
𝑝∈𝑃

∑
𝑗∈𝐽

∑
𝑤∈𝑊

∑
ℎ∈𝐻

ℎ𝑝 𝑗𝐻𝑝 𝑗𝑥𝑝 𝑗𝑘𝑤ℎ

− ∑
𝑘∈𝐾

∑
𝑝∈𝑃

∑
𝑗∈𝐽

∑
𝑤∈𝑊

∑
𝑛∈𝑁

𝑟𝑝𝑛 𝑗𝑅𝑝𝑛 𝑗𝑥𝑝 𝑗𝑘𝑤𝑛

− ∑
𝑘∈𝐾

∑
𝑝∈𝑃

∑
𝑗∈𝐽

∑
𝑤∈𝑊

∑
𝑟∈𝑅

𝑍𝑝 𝑗𝑘𝑤𝑟𝐶𝑝 𝑗𝑟

− ∑
𝑘∈𝐾

𝑐𝑘𝑇𝑘 −
∑
𝑘∈𝐾

∑
𝑤∈𝑊

𝑐𝑘𝑤𝑢𝑘𝑤 .

(4)

Several key constraints are retained to show the main
feasibility logic of the model. Each product is assigned to
one factory: ∑︁

𝑘∈𝐾
𝑧𝑝𝑘 = 1, ∀𝑝 ∈ 𝑃. (5)

A task can be assigned only to the factory selected for its
product and to an opened workstation:∑︁

𝑤∈𝑊
𝑥𝑝 𝑗𝑘𝑤 ≤ 𝑧𝑝𝑘 , ∀𝑝 ∈ 𝑃,∀ 𝑗 ∈ 𝐽,∀𝑘 ∈ 𝐾, (6)

𝑥𝑝 𝑗𝑘𝑤 ≤ 𝑢𝑘𝑤 , ∀𝑝 ∈ 𝑃,∀ 𝑗 ∈ 𝐽,∀𝑘 ∈ 𝐾,∀𝑤 ∈ 𝑊. (7)

The execution variables are linked with the task assignment
variable:∑︁
𝑛∈𝑁

𝑥𝑝 𝑗𝑘𝑤𝑛+
∑︁
ℎ∈𝐻

𝑥𝑝 𝑗𝑘𝑤ℎ = 𝑥𝑝 𝑗𝑘𝑤 , ∀𝑝 ∈ 𝑃,∀ 𝑗 ∈ 𝐽,∀𝑘 ∈ 𝐾,∀𝑤 ∈ 𝑊.

(8)

The workload of each workstation cannot exceed the cycle
time of its factory:∑

𝑝∈𝑃

∑
𝑗∈𝐽

( ∑
𝑛∈𝑁

𝑟𝑝𝑛 𝑗𝑥𝑝 𝑗𝑘𝑤𝑛 +
∑
ℎ∈𝐻

ℎ𝑝 𝑗𝑥𝑝 𝑗𝑘𝑤ℎ

)
≤ 𝑇𝑘 ,

∀𝑘 ∈ 𝐾,∀𝑤 ∈ 𝑊.
(9)

Precedence and conflict relationships are derived from the
AND/OR graph. If task 𝑗1 precedes task 𝑗2, then 𝑗1 should be
assigned no later than 𝑗2:∑︁
𝑤∈𝑊

𝑤𝑥𝑝 𝑗1𝑘𝑤 ≤
∑︁
𝑤∈𝑊

𝑤𝑥𝑝 𝑗2𝑘𝑤 , ∀𝑝 ∈ 𝑃,∀𝑘 ∈ 𝐾, 𝑠𝑝 𝑗1 𝑗2 = 1.

(10)
Mutually exclusive tasks cannot be selected simultaneously:∑︁
𝑤∈𝑊

(
𝑥𝑝 𝑗1𝑘𝑤 + 𝑥𝑝 𝑗2𝑘𝑤

)
≤ 1, ∀𝑝 ∈ 𝑃,∀𝑘 ∈ 𝐾, 𝑟𝑝 𝑗1 𝑗2 = 1.

(11)
Tool compatibility is enforced by linking task assignment,

task-tool requirements, and workstation-tool availability:

𝑍𝑝 𝑗𝑘𝑤𝑟 ≤ 𝑥𝑝 𝑗𝑘𝑤 , ∀𝑝, 𝑗 , 𝑘, 𝑤, 𝑟, (12)

𝑍𝑝 𝑗𝑘𝑤𝑟 ≤ 𝑈𝑝 𝑗𝑟 , ∀𝑝, 𝑗 , 𝑘, 𝑤, 𝑟, (13)

𝑍𝑝 𝑗𝑘𝑤𝑟 ≤ 𝑈𝑘𝑤𝑟 , ∀𝑝, 𝑗 , 𝑘, 𝑤, 𝑟, (14)

𝑥𝑝 𝑗𝑘𝑤 ≤
∑︁
𝑟∈𝑅

𝑍𝑝 𝑗𝑘𝑤𝑟 , ∀𝑝 ∈ 𝑃,∀ 𝑗 ∈ 𝐽,∀𝑘 ∈ 𝐾,∀𝑤 ∈ 𝑊.

(15)
These constraints ensure that each decoded individual cor-

responds to a feasible multi-factory human-robot collabora-
tive disassembly schedule. Other logical constraints, such as
factory activation and resource-domain restrictions, are imple-
mented in the decoding and feasibility-checking procedure.

IV. PROPOSED LLM-WARM-STARTED IDOA
This section presents the proposed LLM-warm-started

IDOA. The key idea is to use the LLM as an initial solu-
tion generator. The LLM generates candidate task sequences
from structured disassembly instructions, and the validated
sequences are inserted into the initial population of IDOA.
The main search operators of IDOA remain unchanged.

A. Structured Instruction Design

Recent studies show that LLMs can serve as optimizers,
heuristic generators, or hyper-heuristic components for com-
binatorial optimization and evolutionary search [11, 12, 13].
Inspired by these studies, this paper constructs a structured
instruction to guide the LLM in generating feasible or near-
feasible disassembly task sequences.

Each instruction contains three parts: task description, input
information, and output format. The task description specifies
the product and sequence generation requirement. The input
information contains candidate task relations and disassembly
constraints. The output format restricts the LLM response to
a list of task indices, which can be directly parsed by the
optimization solver. Table I gives a simplified example.
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TABLE I Structured Instruction Example

Variable Content

instruction Generate a feasible disassembly sequence for the
treadmill.

input Candidate task relations: [1,4,10,15], [1,5,11,17],
[2,6,12,16], [2,7,13,16], [3,8,14,17], . . .

output [3,8,14,17]

Algorithm 1 LLM-Warm-Started IDOA

Input: Population size 𝑁𝑝 , product disassembly informa-
tion, precedence matrix 𝑠𝑝 𝑗1 𝑗2 , conflict matrix 𝑟𝑝 𝑗1 𝑗2
Output: Best solution 𝑧∗

Begin
Construct structured instructions from product disassem-

bly information.
Generate candidate task sequences by the LLM.
Parse LLM responses into numerical task sequences.
Initialize 𝑃← [ ].
for each LLM-generated sequence 𝑠 do

Check precedence and conflict constraints.
Repair or discard infeasible sequences.
Insert feasible sequences into 𝑃.

end for
while |𝑃 | < 𝑁𝑝 do

Generate and repair a random individual.
Insert the individual into 𝑃.

end while
Evaluate each individual by Eq. (4).
Evolve the population using IDOA operators.
return the best solution 𝑧∗

End

B. LLM-Assisted Population Initialization

The LLM receives the structured instruction and returns
one or more candidate task sequences. Since the generated
response may contain brackets, commas, spaces, or explana-
tory text, the raw response is parsed into a numerical sequence
before being used by IDOA. The parsed sequence is then
checked according to the precedence and conflict constraints
extracted from the AND/OR graph. Infeasible sequences are
repaired by the decoder or discarded.

After validation, the LLM-generated sequences are inserted
into the initial population. The remaining individuals are gen-
erated randomly to preserve population diversity. In this way,
the initial population contains both LLM-guided individuals
and randomly generated individuals. The LLM-guided indi-
viduals provide promising starting points, while the random
individuals maintain exploration ability.

C. Solution Encoding and Fitness Evaluation

A four-segment encoding scheme 𝑧 = {𝑧1, 𝑧2, 𝑧3, 𝑧4} is used
to represent a complete scheduling solution. Segment 𝑧1 repre-
sents the disassembly task sequence. Segment 𝑧2 assigns tasks
to factories. Segment 𝑧3 maps tasks to workstations. Segment
𝑧4 specifies the assigned disassembler type. This encoding

TABLE II Case Information

Case DL WM TM CB Tasks Comp.

1 1 1 0 2 57 69
2 1 0 2 1 58 66
3 2 1 1 0 38 45
4 0 2 1 1 63 72
5 1 1 1 1 54 63

is consistent with meta-heuristic approaches for disassembly
sequence planning and line balancing [24, 25, 26, 27].

Each individual is decoded into a complete schedule, includ-
ing factory assignment, workstation assignment, tool selection,
and disassembler allocation. The fitness value is calculated by
the profit-oriented objective function in Eq. (4). The proposed
LLM-assisted strategy only modifies the initialization stage.
Therefore, the comparison between IDOA and LLM+IDOA
directly reflects the effect of LLM-generated initial solutions
on convergence behavior and solution quality.

V. EXPERIMENTAL STUDIES

A. Experimental Setup

The experiments are conducted on five EoL product cases
composed of desk lamps, washing machines, treadmills, and
car batteries. The maximum number of iterations is set to
200, and the population size is set to 300. The number of
disassembly factories is set to 2. Each factory contains 3
workstations, and 5 types of disassembly tools are considered.
DL, WM, TM, and CB denote desk lamp, washing machine,
treadmill, and car battery, respectively.

B. Comparative Results

The proposed LLM+IDOA is compared with standalone
IDOA and CPLEX. CPLEX is used as an exact-solver bench-
mark, while IDOA is used to evaluate the effect of LLM-
assisted initialization. The main metrics are best profit, run-
time, and convergence iteration.

As shown in Table III, CPLEX, IDOA, and LLM+IDOA
obtain the same best profit in all five cases. This result
indicates that LLM-generated sequences do not reduce fi-
nal solution quality after being refined by IDOA. However,
LLM+IDOA requires longer runtime than standalone IDOA in
these cases because the runtime includes local LLM inference
and sequence generation. Therefore, the advantage of LLM
assistance is mainly reflected in initialization quality and
convergence behavior rather than wall-clock runtime.

C. Convergence Analysis

Fig. 3 compares the convergence curves of different al-
gorithms for Case 5. LLM+IDOA reaches the best objec-
tive value within fewer iterations than standalone IDOA.
Specifically, LLM+IDOA converges at approximately the 90th
iteration, while IDOA requires about 120 iterations. This
result shows that the LLM-generated task sequences provide a
more favorable starting point for the subsequent meta-heuristic
search.
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TABLE III Comparison of CPLEX, IDOA, and LLM+IDOA

Case Best Profit Runtime (s) Convergence Iteration

CPLEX IDOA LLM+IDOA IDOA LLM+IDOA

1 1127 4.330 2.216 9.666 – –
2 810 4.040 3.283 8.921 – –
3 1048 1.740 1.596 13.570 – –
4 1691 4.870 2.772 7.331 – –
5 1143 4.250 2.301 7.260 120 90

Fig. 3. Convergence curves of different algorithms for Case 5

Although local LLM inference increases total runtime, the
convergence curve demonstrates the potential of LLM-assisted
initialization. The LLM does not replace IDOA. Instead, it
improves the initial population and helps IDOA reach high-
quality regions of the search space earlier.

VI. CONCLUSION

This paper presents an LLM-assisted warm-start strategy for
IDOA in multi-factory human-robot collaborative disassembly
scheduling. A structured instruction mechanism is designed to
guide the LLM in generating candidate task sequences under
disassembly constraints. The generated sequences are parsed,
validated, and injected into the initial population of IDOA.

Experimental results on five EoL product cases show that
LLM+IDOA obtains the same best profit as CPLEX and
standalone IDOA. The convergence analysis further indicates
that LLM-assisted initialization can reduce the number of iter-
ations required to reach the best objective value. The current
implementation introduces additional runtime overhead due to
local LLM inference. Nevertheless, the results demonstrate
the feasibility of using LLMs as warm-start generators for
combinatorial disassembly optimization.

Future work will focus on reducing LLM inference over-
head, improving sequence feasibility checking, and extending
the proposed method to larger-scale and dynamic disassembly
scheduling scenarios.
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