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Abstract—Dynamic Flexible Job-shop Scheduling plays a crit-
ical role in intelligent manufacturing, where scheduling decisions
must be continuously adapted to dynamic disruptions. How-
ever, existing scheduling algorithms typically focus on either
global rescheduling or local decision-making under dynamic
disruptions. As a result, these algorithms often lack the ability
to explicitly reason about the structural impact of disruptions
on schedules, which may limit their effectiveness in dynamic
environments. To address this limitation, we propose R-MALS, a
role-specialized multi-agent framework that typically integrates
large language models (LLMs) into the entire scheduling pro-
cess to enable explicit reasoning about disruption propagation.
Specifically, R-MALS decomposes scheduling into role-specialized
agents for initial schedule generation, disturbance analysis, and
localized rescheduling, allowing LL.Ms to reason about disruption
propagation and adjust affected operations while preserving
stable parts of the schedule. Furthermore, a two-stage training
strategy that combines role-specific supervised fine-tuning with
constraint-aware direct preference optimization is adopted to
better align LLMs reasoning with scheduling constraints. We
conduct extensive experiments on the Brandimarte and Fat-
tahi benchmark against state-of-the-art algorithms. The results
demonstrate that R-MALS achieves competitive makespan per-
formance in static settings and maintains reliable rescheduling
under machine breakdowns, highlighting the effectiveness of
integrating LLMs into the entire scheduling process.

Index Terms—Dynamic flexible job-shop scheduling, large
language model, rescheduling, multi-agnet framework

I. INTRODUCTION

Dynamic flexible job shop scheduling (DFJSS) is a complex
combinatorial optimization problem that involves assigning
multiple jobs to a set of machines with diverse process-
ing capabilities [1], aiming to optimize objectives such as
makespan [2] and production profit [3]. In DFISS, each
job consists of a sequence of operations, each processed on
a set of candidate machines [4]. DFJSS involves two key
decisions, i.e., machine assignment (selecting machines for
operations) and operation sequencing (ordering operations on
machines) [5]. DFISS is often subject to dynamic disruptions,
such as job arrivals and machine breakdowns [6], making it a
challenging problem in modern manufacturing [7].

Existing DFJSS algorithms mainly include meta-heuristics,
heuristic rules, and deep reinforcement learning (DRL). Meta-
heuristics can produce high-quality solutions, but their iterative
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rescheduling process makes real-time response to frequent
disruptions difficult [8]. Heuristic rules improve efficiency
through hand-crafted dispatching rules, yet often suffer from
limited adaptability [9]. DRL further enhances adaptability
by learning scheduling policies from interactions with the
environment [10]. However, DRL typically follows a stepwise
decision-making paradigm and relies primarily on numerical
state representations, which may limit explicit reasoning about
how disruptions affect the schedule as a whole [11]. As a re-
sult, DRL-based schedulers tend to respond to disruptions in a
locally reactive manner, resulting in unnecessary rescheduling
actions and reduced stability in dynamic environments.

Large Language Models (LLMs) [12] have shown promise

for structured reasoning over complex symbolic representa-
tions, leading to increasing interest in their use for DFJSS [13].
Existing studies mainly employs LLMs as auxiliary modules,
such as generating dispatching rules and search operators [14],
[15], or providing high-level strategy selection for DRL-based
schedulers [16], [17]. While these studies improve adaptability,
they still leave core scheduling decisions to heuristics or
learned policies, limiting explicit reasoning about disruption
propagation under dynamic disruptions. This motivates more
direct integration of LLMs into the scheduling process.

Motivated by this observation, we propose R-MALS, an

end-to-end LLM-driven scheduling framework for adaptive
decision-making under dynamic disruptions. Unlike existing
algorithms that treat LLMs as auxiliary components, R-MALS
integrates LLMs directly into the scheduling process to ex-
plicitly reason about disruption impacts and support stable
schedule adaptation in dynamic environments. The main con-
tributions of this paper are as follows:

e We propose R-MALS, a novel end-to-end LLM-driven
scheduling paradigm for adaptive decision-making under
dynamic disruptions. In R-MALS, LLMs are directly
integrated into the entire scheduling process to reason
about schedule structures and disruption propagation,
rather than being used as auxiliary components.

e We design a role-specialized multi-agent strategy that
decomposes scheduling into initial generation, disruption
analysis, and localized rescheduling. By assigning each
agent a well-defined decision scope and output struc-
ture, the proposed strategy avoids unnecessary global



rescheduling under frequent disruptions.

o We introduce a two-stage training strategy that combines
role-specific supervised fine-tuning with constraint-aware
direct preference optimization. By constructing negative
samples that violate scheduling constraints, the strategy
effectively bridges the gap between the latent reasoning
of LLMs and the rigid symbolic constraints of DFIJSS,
facilitating reliable and executable scheduling decisions.

« Extensive experiments on standard benchmark datasets
demonstrate the superior performance of R-MALS. Addi-
tional ablation studies and detailed analyses further verify
the effectiveness of the core design elements.

II. RELATED WORK
A. Scheduling Algorithms

Existing scheduling algorithms can be categorized into
meta-heuristics, heuristics, and DRL-based algorithms. Meta-
heuristics, such as genetic algorithms [18] and particle swarm
optimization [19], typically address disruptions by triggering
global rescheduling. These algorithms are computationally
expensive and may unnecessarily modify unaffected schedule
regions [11]. Heuristics improve real-time efficiency via dis-
patching rules [20], but their myopic decision logic makes it
difficult to capture disruption propagation across operational
dependencies and resource constraints [15]. DRL-based algo-
rithms sequentially generate scheduling actions based on the
job-shop state [10]. However, reliance on state representations
and local rewards may limit reasoning about the structural
impact of disruptions on the schedule [21]. As a result, existing
algorithms either rely on expensive global rescheduling or re-
act to disruptions locally, motivating algorithms that explicitly
reason about disruption effects without full rescheduling.

B. Combination Optimization based on LLMs

LLMs have attracted increasing attention in combinatorial
optimization due to their strong generative and reasoning
capabilities [15], [22]. Existing studies mainly integrate LLMs
with classical optimization algorithms in two ways. One line of
research leverages LLMs to assist the construction of solutions
by generating heuristic rules, as shown in Figure 1(a). For
example, LLMs have been combined with evolutionary search
frameworks to guide the generation of heuristics [14] or search
guidance for evolutionary optimization [23]. Another line
treats LLMs as auxiliary operators within existing optimization
pipelines, as shown in Figure 1(b). Representative works
employ LLMs to dynamically guide operator selection in evo-
lutionary algorithms [24] or to adapt state representations and
reward functions in DRL [17]. Despite their potential, LLMs
are not yet tightly integrated into the core optimization process,
motivating the integration of LLMs into the optimization loop
for direct decision-making, as shown in Figure 1(c).

III. THE PROPOSED ALGORITHM

A. Overall Framework

This paper presents a role-specialized multi-agent schedul-
ing algorithm, named R-MALS, which integrates LLMs into
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Fig. 1. Primary paradigms for using LLMs in optimization.

core decision-making for DFJSS. As shown in Figure 2, R-
MALS follows a generate—analyze—repair paradigm, decom-
posing scheduling into initial generation, disruption analysis,
and localized adaptation. Specifically, a Scheduler constructs
an initial feasible schedule. When dynamic disruptions occur,
an Analyzer identifies impacted operations, and a Resched-
uler performs localized updates while preserving unaffected
regions. To ensure feasibility, a differential repair strategy is
applied to correct residual violations with minimal edits. The
entire pipeline is further supported by a two-stage training
strategy for role-consistent and constraint-aware generation.
The following subsections will detail the role-specialized
multi-agent design, differential repair, and training strategy.

B. Role-Specialized Multi-Agent Design

To address the combinatorial complexity and frequent dis-
ruptions in DFJSS, we adopt a role-specialized multi-agent de-
sign that decomposes scheduling into three coordinated agents,
i.e., R = {SCHEDULER, ANALYZER, RESCHEDULER}. All
agents follow a unified LLM-based agent paradigm but differ
in their output space. This design is motivated by the distinct
reasoning requirements of different scheduling stages. Specif-
ically, initial scheduling requires structured generation, dis-
turbance analysis demands causal reasoning, and rescheduling
requires minimal and stable modifications to existing solutions.

Scheduler: Initial schedule generation. The Scheduler is
responsible for generating an initial feasible schedule for a
static scheduling instance. Directly generating explicit start
and completion times poses inherent challenges for LLMs,
as maintaining global temporal consistency across a large
number of interdependent operations is particularly difficult
under long scheduling horizons. To mitigate this limitation, we
avoid direct time prediction and instead formulate scheduling
as a structured generation problem over discrete machine-wise
operation sequences, as defined in Eq. (1):
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By constraining the LLM to output sequences rather than abso-
lute timestamps, the search space is reduced from a continuous
time domain to a discrete combinatorial structure. After that,
the sequences are subsequently mapped to executable sched-
ules via a deterministic decoding procedure I" : Sy — R™ that
enforces precedence and machine exclusivity constraints.
Analyzer: Disturbance Analysis. The Analyzer is triggered
by dynamic events such as machine breakdowns. Rather than
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Fig. 2. Framework of the proposed R-MALS algorithm.

regenerating schedules, its role is to diagnose the structural
impact of a disturbance on the current schedule. Given a
disruption event &, the Analyzer takes as input a structured
scheduling context ¥,y = {Scurr, &, T}, where Seyyr is the
current executable schedule, £ encodes the disruption at-
tributes, and J specifies job-level precedence relations. Based
on this context, the Analyzer outputs an affected operation
set Oimpaced € O to determine the rescheduling scope.
Specifically, the Analyzer distinguishes direct and cascaded
impacts. Directly affected operations are those assigned to
the failed machine whose execution intervals overlap with the
disruption window, defined in Eq. (2):

Tair = {0 € O | Alloc(o) = Mpt A [So,Co] N [tg, s + dr] # 0}
Operations that are not directly blocked may still become
infeasible due to violated precedence constraints, yielding
cascaded impacts Z.s. The final impacted set is therefore
defined as Ojimpacted = Zair U Lcas- Operations outside Oimpacted
are treated as stable, allowing the Rescheduler to perform
localized repair while preserving unaffected schedule regions.
Rescheduler: Localized schedule adaptation. Given the
affected operation set Oippacied> the Rescheduler is responsible
for updating the current schedule to mitigate disruption effects.
To ensure that the Rescheduler produces feasible and stable
updates, we design a structured prompt (shown in Figure 3)
that explicitly specifies (i) the role and task, (ii) the impacted
operations annotated with their impact levels, and (iii) the
stable operations. Directly affected operations are treated as
mandatory rescheduling targets, while cascaded ones are mod-
ified only when necessary to satisfy precedence or machine
exclusivity constraints. Operations outside Ojmpaciea Iemain
fixed during rescheduling. Under these prompt constraints,
the Rescheduler generates an updated machine-wise operation

sequence, which is subsequently decoded into an executable
schedule via deterministic constraint enforcement.

C. Differential Repair Strategy

Although the Scheduler and Rescheduler are trained to gen-
erate structured scheduling decisions, infeasible solutions may
still occur due to the brittleness of autoregressive generation
and the tight coupling of scheduling constraints. Regenerating
the entire schedule to correct such local errors is inefficient.
To address this issue, we introduce a Differential Repair
(DR) strategy that performs minimal incremental edits on
infeasible schedules. Given a locally infeasible schedule S,
DR first applies deterministic validation to identify constraint
violations. Based on the resulting violation summary, an LLM
generates a repair plan A = {01, ...,k }, where each atomic
repair action is defined as Eq. (3):

0 =< a, 0, Mgrc, Mdst, P >,

3)

where a € {DELETE, INSERT, MOVE} and 0 = (j, 0) denoting
an operation. DELETE removes invalid assignments, INSERT
places missing operations on feasible machines, and MOVE
reassigns operations to resolve local conflicts. The generated
actions are then applied sequentially to obtain the repaired
schedule S’, followed by deterministic re-validation. If viola-
tions remain, the repair process is repeated. In this way, DR
corrects infeasible schedules by editing only the affected parts
while preserving already valid regions.

D. Two-stage Training Strategy

To improve the reliability of LLM-generated scheduling
decisions under strict feasibility constraints, we adopt a two-
stage training strategy, denoted as P = {Lgrr,Lppo}s
which transitions LLM from basic instruction-following to
constraint-aware preference alignment.



Role and Task &
Your are a schedule repair expert (ROLE: RESCHEDULER). Your task is to
take a JSON instance with stable schedule part and impacted operations as
input and produce the updated machine-wise operation sequence as output.
Impacted Operation &
* Here’s the  directl impacted  operations: <SET  CONTENT>.

“machine_unavailable”: Must reassign to a different candidate machine;
“ processing_time_changed™: Keep same machine, adjust timing only;
“ urgent_priority": Move to earliest possible position on same/better machine;
“ cancelled": Remove from schedule entirely.

* Here’s the cascade impacted operations: <SET CONTENT>. Keep original
machine assignment if possible; Only shift start time to satisfy precedence
constraints; Minimize time deviation from original schedule.

i £
Stable Operation @ & LEZ
Here’s the stable operations: <SET CONTENT>. Keep their machine
assignment and relative order UNCHANGED.
Output Example f@j & @
You MUST output ONLY a valid JSON object with a single key “schedule”.
Example: {“schedule”: {"MO0": [[0, 1], [1,2]], “M1”: [1,0], [0,2]} }

Fig. 3. A simple example illustrates the prompt used by the Rescheduler.

Stage 1: Role-Specific Supervised Fine-Tuning (SFT). In
the first stage, we construct an SFT dataset Dgpr = {(x,y)}
from FJSP benchmarks [25], [26] and additional simulation
instances [27], where x denotes the problem description and
y is the target machine-wise sequence. The LLM is trained
with the standard cross-entropy loss in Eq. (4):

[yl
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t=1

This stage mainly teaches the model to generate role-consistent
and structurally valid scheduling outputs.

Stage 2: Constraint-Aware Direct Preference Optimiza-
tion (DPO). To further reduce infeasible generations, we
construct a preference dataset Dprer = {(2, Y, {yr }221)},
where y,, is a feasible schedule and {y,}Z ;| are infeasible
schedules with representative constraint violations. The DPO
objective encourages LLMs to assign a higher likelihood to
feasible outputs than infeasible ones relative to a reference
policy m.cy. Formally, the loss is defined as Eq. (5):
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where [ controls the strength of preference alignment. In
this way, hard scheduling constraints are gradually absorbed
into the generation behavior of the model, reducing infeasible
outputs and the need for subsequent repair.

IV. EXPERIMENTS

A. Experimental Details

Datasets. To evaluate R-MALS in static and dy-
namic scenarios, we use the Brandimarte benchmark
(MKO1-MK10) [28] for static scheduling [4] and the Fattahi

benchmark (MFJS01-MFJS10) [6], [29] for dynamic schedul-
ing with machine breakdowns. Each MFIJS instance simulates
a random machine failure, with repair duration proportional
to busy time with coefficients (3}, = 0.15, 32, = 0.25) [30],
modeling different unavailability levels [6].

Peer Competitors. We evaluate R-MALS against four
categories of competitors: (1) Heuristic: FIFO+SPT [2] as a
baseline; (2) Meta-heuristics: GP [31] and IGAR [32] for their
global search capability; (3) DRL: PPO [33], a representative
RL-based scheduler; and (4) LLM-enhanced: LLM4EO [22],
representing LLMs as auxiliary components in optimization.

Parameter Setting. We implement the Scheduler and
Rescheduler using Qwen2.5-7B, fine-tuned via LoRA-based
SFT followed by DPO with learning rates 1 x 10~° and
5 x 107* [34]. DPO adopts sigmoid loss with a KL penalty
coefficient 8 = 0.1, trained for 3 epochs with batch size 64
and 6k-token sequences. The Analyzer uses frozen Qwen3-
Max without fine-tuning. All experiments are conducted on a
server with six NVIDIA RTX 3090 GPUs.

B. Overall Results

Table I reports the makespan of R-MALS versus five
competitors on MFJS instances under two machine repair
time settings. R-MALS consistently achieves the minimum
makespan. Under moderate repair durations (3.,), it outper-
forms FIFO+SPT by 6.9%-16.9% and improves over meta-
heuristics and PPO by up to 7.35%. Compared with LLM4EO,
R-MALS demonstrates that direct LLM-driven scheduling can
match or exceed LLM-assisted optimization, with advantages
increasing under longer repair times (32,). For example, in
MEFJS07, the gaps against IGAR and PPO reach 7.04% and
6.55%, respectively. In complex instances like MFJS10, R-
MALS maintains a 4% lead over GP. Overall, R-MALS
shows robust performance across disruption levels and prob-
lem scales, highlighting its promise for dynamic rescheduling.

C. Ablation Study

(1) Performance of the Scheduler: Table II compares
R-MALS with classic meta-heuristics (GA, SLABC [35]),
multi-agent systems (DMAS [36], GMAS [37]), and the
LLM-assisted LLM4EO [22] on MKO0O1-10. R-MALS achieves
the best or competitive makespan, obtaining the best results
on 6 instances and matching the best on MKO08. R-MALS
consistently outperforms GA and DRL baselines, especially
on medium-scale instances (MK06, MKO07), and generally
matches or surpasses LLM4EO, demonstrating that direct
LLM integration can generate effective initial solutions when
properly constrained and trained.

(2) Effectiveness of Constraint-Aware DPO: Figure 4
presents the ablation study on the effect of the constraint-
aware DPO, where w/o DPO denotes R-MALS with SFT
only, and w/ DPO is R-MALS with the two-stage training
strategy. As shown in Figure 4(a), the reward margin increases
steadily, indicating that the LLM effectively learns to prioritize
feasible schedules over infeasible ones. Moreover, Figure 4(b)
reports that incorporating DPO yields substantial feasibility



TABLE I
MAKESPAN RESULTS OF R-MALS WITH PEER COMPETITORS ON MFJS01-MFJS10 DATASETS WITH TWO DIFFERENT REPAIR TIME SETTINGS.

Instances MFJSO1 MFJS02 MFJS03 MFIS04 MFJS05 MFJIS06 MFISO07 MFIJS08 MFIS09 MFIS10
FIFO+SPT 497.00 482.00 528.00 568.00 625.00 730.00 935.00 952.00 1243.00 1384.00
GP 468.86 448.00 466.08 565.23 519.46 641.05 910.57 950.96 1171.46 1303.23
Al IGAR 468.71 468.77 468.63 545.30 514.18 634.10 881.46 884.09 1097.85 1275.07
m PPO 469.39 448.96 466.32 568.71 527.33 635.87 889.10 905.67 1109.74 1258.28
LLM4EO 467.86 446.22 462.03 565.52 512.83 634.37 880.21 882.21 1104.60  1234.07
R-MALS 462.56 448.33 462.53 554.26 519.66 631.71 879.03 881.00 1088.37 1236.81
FIFO+SPT 575.00 503.00 619.00 731.00 731.00 883.00 1371.00 1332.00 1571.00 1821.00
GP 524.30 500.72 583.53 728.87 719.30 829.70 1203.67 1225.15 1496.83 1745.22
52 IGAR 555.70 497.53 614.00 713.93 719.81 839.70 1206.63 1222.35 1506.57 1748.61
m PPO 545.63 496.57 564.26 711.52 716.70 833.29 1200.27 1255.05 1496.59 1745.22
LLM4EO 523.61 501.00 562.31 686.97 709.65 828.86 1121.03 1180.37 1485.93 1675.36
R-MALS 520.30 497.53 558.25 686.52 703.71 826.33 1121.66  1178.61 1483.26 1678.33
TABLE H 1800 *-- R-MALS GR 16000 - R-MALS - GR
MAKESPAN OF R-MALS AND COMPETITORS ON MKO01-MK10. -
éllﬂli . . ;’ 200
Instances || GA  SLABC _DMAS _GMAS LLM4EO _R-MALS 3l i g%
MKO1 4080 4300 4200  39.00 40.60 40.00 o R e
MKO02 28.00 31.50  29.00  26.00 27.60 26.00 MO MEISO8 MFISOS ESIT MEISO8 MFISO MESI VS —— 503 MEISIT IS0 S MES1O
MKO03 204.00 219.40 213.00 204.00 204.00 205.00 (a) Mukcspz\n (b) To‘kcn Usage
MKO04 64.10 75.60 87.00 60.00 62.60 61.00
MKO5 176.00 19190  184.00  172.00 175.80 172.00 Fig. 5. The impact of the Analyzer.
MKO06 65.20 89.40 73.00 58.00 65.20 56.00
MKO07 144.90 159.30 162.00 137.00 145.10 135.00 TABLE IV
MKO8 || 523.00 52530 55500 523.00  523.00  523.00 COMPARISON OF THE TIME COMPLEXITY.
MKO09 313.20 379.10 348.00 307.00 313.00 305.00
MK10 229.00 294.00  250.00 197.00 225.50 197.00 Category Algorithms Time Complexity
Heuristic FIFO+SPT O(|O|k)
100 w/o W, P
i S 100 [ vepro Ehpro Meta-heuristics @ O(GP|O||T])
g < IGAR O(GPr|O|k)
5 = 80
=0 = DRL PPO O(Ld|O?)
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(a) Reward margin of DPO trainer

Scheduling Instance
(b) Feasibility rate gains of DPO over SFT

Fig. 4. The effectiveness of the DPO trainer.

improvements across five representative instances, with gains
of +34.3% to +48.4% over the SFT-only baseline. These
results demonstrate that DPO is critical for internalizing hard
scheduling constraints into the generation behavior of LLM.

(3) Impact of the Analyzer: Figure 5 compares R-MALS
with a variant (i.e., GR) that feeds initial schedules and events
directly into the Rescheduler without disturbance analysis. As
shown in Figure 5(a), R-MALS achieves lower makespans
across all scales, indicating that identifying impacted oper-
ations helps avoid unnecessary modifications and preserves
solution quality under machine breakdowns. Meanwhile, Fig-
ure 5(b) shows that R-MALS requires significantly fewer
tokens, confirming that the Analyzer effectively constrains the
decision scope by filtering unaffected operations.

D. Further Analysis of Time Complexity

Let |O| be the number of operations, % the feasible actions
per decision, G and P the generations and population size, £/
the frequency of dynamic events, N.,, the number of evolu-
tion triggers, and 775 the LLM inference cost. Table III
shows that FIFO+SPT has linear complexity, PPO incurs
a higher polynomial cost from graph-based encoding, and
meta-heuristics add overhead from iterative population search.
LLMA4EO further increases cost via LLM-driven operator evo-
lution. In contrast, R-MALS avoids iterative search, with com-
plexity dominated by 77, Despite the LLM overhead, R-
MALS still demonstrates industrial potential because industrial
disruptions are sporadic, and LLM overhead is manageable.

V. CONCLUSION

This paper investigates the potential of LLMs in the entire
scheduling process under dynamic disruptions. To this end, we
propose R-MALS, a role-specialized multi-agent framework



coordinating LLMs in schedule generation, disturbance analy-
sis, and localized rescheduling. With a two-stage training strat-
egy for constraint alignment, R-MALS achieves competitive
performance on benchmark datasets. Future work will explore
scalability to larger instances and more complex disruptions.
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