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Multi-Agent Continuous Decision-Making for the
Continuous Dynamic Flexible Job Shop

Scheduling Problem
Dazzle Johnson , Gang Chen , Senior Member, IEEE, and Yuqian Lu , Member, IEEE

Abstract—The Continuous Dynamic Flexible Job Shop
Scheduling Problem (C-DFJSP) represents a critical challenge
in smart manufacturing due to its continuous, dynamic nature,
requiring real-time decision-making and high adaptability to
diverse factory configurations. We provide a solution to the
C-DFJSP problem, where the notion of a global optimum
is inherently ill-defined. To solve the C-DFJSP, we propose
a Multi-Agent Continuous Decision-Making (MACD) system.
MACD leverages a novel state and observation design to extract
novel factory-invariant features, enabling a learned scheduling
policy to generalise across different factories, machine capabil-
ities, and product libraries. MACD is an enhanced multi-agent
continuous scheduling system that integrates Graph Neural
Networks (GNNs) and Reinforcement Learning (RL) within a
multi-agent framework. In addition, MACD employs an innova-
tive negotiation strategy–a hybrid method combining Shortest
Processing Time (SPT) and Least Loaded Machine (LLM)
heuristics–supported by an empirical study to resolve rare
conflicts among machine agents, enhancing adaptability and
performance. Extensive experiments on public datasets validate
MACD’s superior ability to generalise across diverse factory
configurations, allowing a trained scheduling policy to be directly
used in different factories with varying machine flexibilities,
utilisation levels, and product libraries.

Note to Practitioners—This work addresses the practical
demand for a flexible and scalable scheduling policy capable
of continuous decision-making in dynamic manufacturing envi-
ronments while maintaining effectiveness and reliability across
diverse factory configurations without the need to adjust/retrain
the policy. Traditional scheduling methods struggle to adapt
in today’s fast-evolving manufacturing landscape, where job
specifications and machine configurations constantly evolve. The
Continuous Dynamic Flexible Job Shop Scheduling Problem
(C-DFJSP) explicitly encapsulates these challenges, demanding
real-time adaptability and efficient decision-making in modern
factories. To address C-DFJSP, we introduce MACD, a Multi-
Agent Continuous Decision-making system that utilises Graph
Neural Networks (GNNs) to extract novel factory-invariant fea-
tures, enabling learned scheduling policies to generalise across
different factories, machine capabilities, and product libraries.
By incorporating domain knowledge, such as prioritising faster
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machines for higher efficiency and utilising a distributed multi-
agent framework, MACD streamlines decision-making, enhances
scalability, and enables a single trained policy to be applied
across diverse factory configurations. It establishes a solid foun-
dation for learning adaptive scheduling policies to tackle serious
real-world disruptions like machine breakdowns. Compared
to multiple state-of-the-art approaches, MACD significantly
improves scheduling efficiency, adaptability, and productivity,
leading to better resource utilisation and cost savings in smart
manufacturing systems.

Index Terms—Intelligent and flexible manufacturing, manufac-
turing scheduling, production control, planning, scheduling and
coordination, reinforcement learning.

I. INTRODUCTION

THE rise of mass personalisation is transforming manufac-
turing, demanding factories to produce diverse products

in dynamic and flexible environments while maintaining
the speed and efficiency of traditional mass production
[1], [2]. Achieving this goal demands scheduling systems
that can adapt to diverse products, fluctuating demand
volumes and rates, and evolving factory configurations,
including changes in machine count and flexibility [1],
[2].

These scheduling challenges posed by mass personalisation
far exceed the complexity of the traditional Flexible Job Shop
Scheduling Problem (FJSP) [3], [4], [5], which is limited
to handling fixed and static job orders. Meanwhile, existing
dynamic problem variants (DFJSP), though accounting for
the addition of a fixed number of new job orders, often
ignore continuous job order arrivals and dynamic changes
of the product library [6], [7], [8]. To bridge this gap, [9]
formally introduced the Continuous Dynamic Flexible Job
Shop Scheduling Problem (C-DFJSP) in 2024, a new problem
formulation that captures three key characteristics: (i) contin-
uous job arrivals rather than a static queue, (ii) asynchronous
machine state transitions due to overlapping processing and
idle times, and (iii) decision points triggered in real time
rather than at synchronised epochs. These properties mirror
the realities of many modern manufacturing systems–such
as flexible robotic assembly [10] and machining workshops
in automotive [11] and aerospace [12] manufacturing that
operate continuously under mixed-product conditions, where
multiple machines can perform similar operations and dynamic
scheduling is essential to maintain throughput. Due to the
unbounded time horizon, continuous arrivals, and lack of
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future knowledge, C-DFJSP does not admit a well-defined
global optimum, further distinguishing it from classical com-
binatorial scheduling problems. The C-DFJSP thus provides a
generalised and realistic scheduling framework that challenges
existing scheduling methods, which lack continuous adaptation
and struggle to accommodate new products with updated
production requirements [13].

Unlike DFJSP formulations, which typically considers a
dynamic but finite set of job arrivals within a bounded plan-
ning period, and sometimes incorporates dynamic events such
as breakdowns, the C-DFJSP models continuous, infinite-
horizon scheduling with unbounded flow of jobs, diverse
personalised products, and urgent orders. This distinction
reflects the operational reality where modern manufacturing
systems operate continuously with ongoing job arrivals, and
therefore factories must continuously create and optimise
schedules (e.g., daily or weekly), rather than compute one-off

solutions for static batches of jobs. Accordingly, our novelty
lies in addressing this modern formulation, which demands
long-term optimisation and scalability across varying factory
configurations.

Therefore, scheduling performance metrics need to change.
For a continuous-time setup, metrics must reflect past,
present, and future performance to provide holistic insights
into scheduling effectiveness and stability. To this end, for
C-DFJSP and in line with [9], we focus on two key metrics
that are periodically evaluated: the Mean Tardiness (MT ),
which captures how well deadlines were being met in the past,
and the number of Late Jobs remaining (LJ) in the system,
reflecting the present system backlog and stability that affect
future performance.

An initial attempt to address C-DFJSP was made in [9],
but its effectiveness declines when the factory configuration,
including machine count and flexibility, differs significantly
from the training environment. In view of this, we develop
an innovative Multi-Agent Continuous Decision-Making
system–MACD–that can effectively generalise to previously
unseen factory configurations and handle varying product
types and job order arrival patterns. We also clarify that
MACD considers job and machine selection jointly rather than
as independent stages.

For MACD to effectively cope with factories of different
sizes and levels of machine flexibility, we must capture the
intrinsic factory-invariant characteristics and carefully process
machine-related information in the scheduling system. For
this purpose, MACD leverages a novel state and observation
design–utilising Graph Neural Networks (GNNs) [14] for
job order feature extraction combined with critical machine
information. MACD further exploits domain knowledge to
filter irrelevant machines and employs attention mechanisms
to process machine information for improved scalability and
computational efficiency required for handling diverse factory
configurations. This unique design ensures that machines are
appropriately modelled, regardless of factory size and machine
flexibility. Consequently, MACD can generalise effectively
across a broad range of factory configurations.

In systems with distributed decision-makers, conflicts in
machine selection are inevitable [15], [16]. Existing literature

often resolves disputes through bidding or heuristics rules;
however, these methods have not been fully explored in con-
tinuous, dynamic environments with varying flexibility levels
and job arrival rates. To address this gap, we incorporate a
lightweight negotiation strategy within MACD that is trig-
gered only when multiple agents select the same job order
simultaneously. Importantly, this mechanism is independent of
the reinforcement learning policy and is used only to resolve
occasional conflicts. Our strategy combines the strengths of the
Shortest Processing Time (SPT) and Least Loaded Machine
(LLM) heuristics. Our design of this hybrid strategy is driven
by thorough empirical evaluation, where we analysed the
performance of different machine selection rules across diverse
manufacturing environments (see Section V-G for details).
By leveraging SPT for efficiency and LLM for machine load
balancing, this hybrid approach effectively resolves conflicts
in machine selection, offering an elegant solution to ensure
high scheduling effectiveness across varying scenarios.

The primary contributions of this paper are as follows:
• Generalisable scheduling framework (MACD): We

introduce a novel Multi-Agent Continuous Decision-
making (MACD) framework that combines GNN-based
feature extraction with shared decision policies to enable
generalisation across diverse factory settings for solving
the challenging C-DFJSP [9]. Unlike prior work that typ-
ically trains models tied to a specific factory or static job
sets, our approach learns factory-invariant representations
and supports real-time adaptability. Importantly, MACD
considers job and machine selection jointly, rather than as
separate decision stages, ensuring coordinated decision-
making in decentralised environments.

• Operation-centric graph representation: We propose
a carefully designed graph representation where only
operation nodes are embedded, and machine-level
constraints and capabilities are incorporated via attention-
based aggregation. This design significantly improves
scalability while preserving key decision context.

• Rule-guided negotiation mechanism: We design a
lightweight hybrid negotiation strategy that leverages
empirical preferences between SPT and LLM rules to
resolve conflicts among machine agents. This mechanism
is only triggered in rare contention scenarios, ensuring
coordination without centralised control. Embedding this
negotiation layer into the decentralised learning policy
is novel for real-time dynamic job shops, as it provides
stability and adaptability while preserving generalisation
across factories.

• Strong generalisation and scalability: We demonstrate
that a single trained MACD model, learned on a small-
scale static environment, can be directly deployed in
previously unseen large-scale, dynamic factories with-
out retraining.

II. RELATED WORK

While much of the prior work has focused on static
or finite-horizon scheduling, our study explicitly targets the
C-DFJSP formulation, first proposed in [9]. This formulation
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TABLE I
COMPARISON OF EXISTING SCHEDULING APPROACHES WITH THE PROPOSED MACD FRAMEWORK

modernises the job shop problem by introducing continuous
job arrivals and dynamic product libraries, which are essential
for representing the realities of mass personalised production.
Traditional FJSP or DFJSP methods are not directly applicable
in this setting, as they lack mechanisms for continuous adap-
tation and scalability across unseen factory configurations. In
contrast, MACD is designed to generalise across such dynamic
environments, positioning it as a novel step beyond existing
approaches.

The literature on job shop scheduling is extensive, covering
various approaches addressing the challenges of static and
dynamic manufacturing environments [5]. Table I provides an
overview of representative approaches and highlights the key
limitations that motivate our proposed MACD framework.

Traditional scheduling methods, such as heuristic methods
[17] and genetic algorithms [6], [7], [8], have been widely
applied to static scheduling problems. However, these methods
often lack the flexibility to adapt to dynamic and continuous
problems [9], where system states and job configurations
evolve.

To address dynamic scheduling challenges, variants of
DFJSP have been explored [20]. These approaches introduced
event-based rescheduling [18], [19] and reactive dispatching
[21] techniques. Event-based rescheduling works well for
infrequent disruptions but becomes computationally imprac-
tical for frequent changes. Conversely, reactive dispatching
performs well in highly dynamic systems but does not
account for the long-term impacts of its decisions. These
approaches struggle to support continuous scheduling with
varying urgencies and dynamically changing product diversity.
These limitations stem from the absence of a problem model
that accurately reflects real-world manufacturing challenges
[1], [2]. C-DFJSP was hence introduced in [9] to bridge
these gaps by explicitly modelling continuous job arrivals
and dynamic product libraries. However, the initial work
on C-DFJSP lacked scalability and generalisation to diverse
factory configurations and machine flexibilities, leaving key
challenges unresolved.

Recent advancements in reinforcement learning (RL) [22],
[23] have introduced novel strategies and frameworks for
dynamic scheduling. RL-based methods [21], [24] have shown
promise in improving adaptability and decision-making in
real-time manufacturing environments by learning directly

from the environment. However, their scalability and generali-
sation remain constrained by the need for extensive retraining
when applied to new factory configurations.

GNNs have been recently integrated into the RL framework
for enhanced feature extraction and state representation [13],
[25], [26], [27]. GNNs enable the encoding of relational
information between jobs, machines, and operations, improv-
ing scalability and adaptability by generalising scheduling
methods in dynamic settings. Nevertheless, these prior works
often focus on static and small DFJSPs and fail to generalise
effectively to unseen factory configurations and continuous
scheduling scenarios.

Our proposed method, MACD, builds upon these early
insights and address their limitations. Through the novel
design of the state and observation space, MACD effectively
captures intrinsic factory-invariant characteristics of C-DFJSP.
This is achieved using a multi-agent reinforcement learn-
ing framework combined with GNNs for enhanced feature
extraction. Additionally, by incorporating domain knowledge
for machine filtering and employing attention mechanisms,
MACD improves computational efficiency and scalability,
enabling effective generalisation to diverse and dynamic fac-
tory configurations.

III. PROBLEM FORMULATION

This paper addresses C-DFJSP, first proposed in [9] to mod-
ernise traditional scheduling problems. In this formulation, a
factory (see Fig. 1) is modelled as a set of m machines,M, that
process job orders arriving dynamically according to a Poisson
process. These job orders are drawn from a predefined product
library, L, which contains l distinct products. Each job order
J j,i ∈ J corresponds to the jth order of product Li ∈ L.

Each product Li and the corresponding job order requires
processing a sequence of operation steps. The kth operation
of the job order J j,i, denoted as Ok, j ∈ O, can be performed
by any machine Md belonging to a set of capable machines
Mk,i ⊆M. The processing time for operation Ok, j on machine
Md is pd

k,i. p̄k,i is the mean processing time for operation Ok,i

across all capable machines.
In line with prior studies and the queuing theory [28], job

order arrivals follow a Poisson distribution, with the arrival rate
λ, mean service rate µ, and machine load level U = λ

mµ jointly
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Fig. 1. C-DFJSP problem where Job Orders are continuously generated from
a Product Library. In the Decision-Making layer, each machine is represented
by a machine agent. For feature extraction, job order and machine information
are captured in a graph structure and processed by graph neural networks.
Extracted features comprise the input to a shared policy utilised by each
machine agent to select a job order. Negotiations then forge a coordinated
decision among machine agents, which is subsequently executed by the
physical machines.

defining the system utilisation. Unlike many existing studies
[13], [26], job order arrivals are modelled as a continuous
process that reflects the dynamic nature of real manufacturing
systems. Each incoming job order is assigned a fulfilment
deadline D j:

D j = A j + DDT ×
X

k

p̄k,i, (1)

where A j represents the arrival time of the job order, DDT ∼
U(low, high) is the Due Date Tightness.

Given the continuous nature of C-DFJSP, scheduling per-
formance is evaluated based on two metrics assessed over
consecutive periods of length T . The primary metric MT is
defined as:

MT =

P
ĵ max(0,C ĵ − D ĵ)

NT
, (2)

where NT denotes the total number of job orders completed
during T . C ĵ and D ĵ are the completion time and fulfilment
deadline of the ĵth completed job order during T , respectively.
The secondary metric LJ is defined as:

LJ =
X

ĵ′

X ĵ′ , (3)

where X ĵ′ = 1 if the ĵ′th uncompleted job order has exceeded
its deadline at the end of the current period, else X ĵ′ = 0.

MT measures the mean tardiness of completed job orders,
reflecting periodic system performance. In contrast, LJ tracks
the number of uncompleted late jobs, offering insights into
current delays and trends over consecutive periods. LJ com-
plements MT by providing a measure of system stability and
assists in predicting potential future delays resulting from
incomplete job orders. Both metrics enable a holistic evalua-
tion of the scheduling performance in dynamic, continuous

manufacturing environments, supported by our experiments
reported in Section V.

IV. METHOD

To tackle C-DFJSP, we propose the MACD system to
address the challenges introduced by diverse product libraries,
varying factory configurations, and dynamically arriving jobs
with different urgencies. MACD, as illustrated in Fig. 2,
employs a Multi-Agent (MA) framework powered by GNNs
and Proximal Policy Optimisation (PPO) [29] for end-to-
end training of an adaptive policy. Training is conducted on
small-scale static instances, while deployment is extended to
factories with arbitrary configurations and dynamic, contin-
uous job orders. Inter-agent conflicts are resolved using a
rule-based negotiation strategy during training and execution.

Below, we discuss the technical details of our Multi-Agent
Reinforcement Learning Framework, Negotiation Strategy, and
GNNs for Feature Extraction.

A. Multi-Agent Reinforcement Learning Framework

MACD models C-DFJSP as a Multi-Agent partially observ-
able Markov decision process (MA-POMDP) denoted by the
tuple (M,S,A,P ,R,Ω), where:
• M is the set of agents (machines),
• S is the state space, supported by a heterogenous graph

representation Gt;
• A is the action space, where each agent selects a job order

operation as its action to process;
• P defines the state transition probabilities;
• R is the reward function based on system tardiness; and
• Ω is the observation space for each machine agent.
At any decision step t, agent Md ∈ M receives a partial

observation sd
t ∈ Ω, selects and performs an action ad

t ∈ A,
and receives a shared reward Rt ∈ R. The joint action ât

forces the scheduling system to transit from state st ∈ S
to the next state st+1 ∈ S with probability P . All agents
collaborate to maximise the system’s expected average return,

E

�P
t>0

(Rt − R(πθ))
�

, where R(πθ) represents the average total

reward obtainable by following policy πθ [30].
1) States and Observations: In MACD, machines, job oper-

ations, and their relationships are modelled as a heterogeneous
graph Gt, defined as G = (O,M, C, E), where O represents the
set of operation nodes and M is the set of machine nodes.
Among all operation nodes, some stand for ready operations,
i.e., operations whose preceding operations in the job orders
have been processed. C is the set of operation-operation edges
used to model the sequential order over job operations. E
denotes the set of operation-machine edges, indicating all
machines that can execute any operation in O.

The global state st and each machine agent’s local obser-
vation sd

t are constructed from three components: (i) machine
node features (FM), (ii) features of operation-machine edges
(FOM) linked to ready operations, and (iii) embeddings of
ready operation nodes (EO). Since each component may
involve multiple nodes or edges, we apply a pooling operator
to obtain a fixed-length representation. Specifically, pool(·)
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Fig. 2. Overall solution to the C-DFJSP. Training is conducted on small, static instances with l′ products in the Product Library and m′ machines. n job
orders are generated from the product library at t = 0. Feature Extraction and Shared Policy are trained using RL under a Multi-Agent (MA) framework with
a negotiation strategy. The learned Feature Extraction and Shared Policy can be executed in factories with any configuration of l products and m machines
with the dynamic and continuous arrival of job orders.

TABLE II
GRAPH NODE AND EDGE FEATURES

denotes an aggregation function (mean pooling [31] in our
implementation, though other functions such as max or sum
pooling are possible) that compresses the set of features into
a single vector. The state and observation are then given by:

st = pool(FM) ⊕ pool(FOM) ⊕ pool(EO), (4)

sd
t = Fd

M ⊕ Fd
OM ⊕ Ed

O (5)

where ⊕ denotes vector concatenation. In the local observation
sd

t , Fd
− represents the features specific to machine Md, while

Ed
O corresponds to the ready operations that Md can process.
We normalise the node and edge features (F) (see Table II)

of graph Gt to properly describe the system-wide status at each
decision step. The design of these features avoids redundancy
while capturing essential information about the factory envi-
ronment. The two normalisation methods, max normalisation
and mean normalisation, ensure comparability across different
time-related features and machine-specific features.

The embeddings of the ready-operation nodes are extracted
using GNNs (see Section IV-C) from Gt to obtain EO, which
is directly combined with the machine-related features FM

Fig. 3. The embedding process for a single operation node (grey) in the
graph on the left is illustrated on the right. Three MLPs process information
from preceding (blue), self (grey), and succeeding (red) operation nodes. A
GAT processes information from machine nodes (orange). Finally, an MLP
integrates the processed information to generate the node embedding.

and FOM to encode global states and local observations (see
Fig. 4).

The global state st is constructed using mean pooling
to aggregate information from all nodes and edges in the
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Fig. 4. Operation node embeddings are filtered to correspond to ready-
operations. Filtered embeddings are concatenated with machine features to
generate observations for each machine agent. Features are pooled to form
the system state.

heterogeneous state graph, providing a high-level representa-
tion of the entire system. In contrast, the local observation
sd

t focuses on information specific to the agent’s machine,
ensuring a comprehensive but focused local context for
decision-making.

2) Actions: At each decision step t, an agent d selects an
action ad

t from feasible job orders Ad
t ⊆ A. If Ad

t = ∅, the
agent will choose not to process any new job orders.

3) Transition: At each decision step, the execution of
joint actions triggers the system to transition to the next
state st+1. Non-selected operation-machine edges are removed
when operations are scheduled. Meanwhile, operation nodes
corresponding to completed job orders are removed, prevent-
ing unbounded graph growth and ensuring efficiency. Node
features in Gt are recalculated using the equations shown in
Table II,

4) Reward: The reward function is designed to minimise
the average tardiness across all uncompleted job orders:

Rt = −
1
|Ĵ′|

X
ĵ′

max(0,C j,t − D j), (6)

where C j,t is the estimated completion time of the ĵ′
th uncom-

pleted job order at decision step t. C j,t is estimated by summing
the remaining average processing times of all incomplete
operations in the job order: (

P
p̄k,i × 1(Ok, jis incomplete)).

Note that Eq. (6) aligns with the MT objective and is used as
the training reward. The LJ objective is separately reported as
an evaluation metric to capture backlog and stability, as it is
less suitable for per-step reward shaping.

The reward design penalises tardiness, which discourages
policies from letting backlog accumulate. This mechanism
helps avoid degenerate behaviours (e.g., ignoring urgent jobs),
and has shown empirical robustness across factory sizes and
job arrival rates.

5) Policy: The policy πθ(a|s) parametrised by θ determines
the probability distribution over the action space A based on
the current state s. Guided by this distribution, an agent selects
a job order to process probabilistically during training and
greedily during testing at each decision step.

Fig. 5. Training and decision-making framework for learning the Feature
Extraction Neural Network (GNN) and the Shared Policy Neural Network
(Shared Actor) across all machine agents. The simulated factory is first
represented as a graph, which the GNN encodes into agent observations
and a global system state. These are passed to the Shared Actor network
to select job orders. A negotiation strategy then resolves conflicts to produce
the coordinated decision (highlighted box). Bold arrows trace the forward
flow from factory to graph to decision-making, while dashed arrows indicate
training updates, where the mean actor loss is used to update both the Actor
and GNN networks. Training is conducted under static conditions with 10
products, 20 job orders, and 5 machines.

B. Negotiation Strategy

Conflicts arise when multiple agents select the same job
order operation to process. Such conflicts are unavoidable in
a multi-agent, partially decentralised setting, and when they
occur, they must be resolved quickly and fairly to maintain
system efficiency. In MACD, these conflicts are handled
through a lightweight rule-based negotiation layer rather than
being embedded within the MARL policy itself.

This design choice is grounded in practicality. Under typical
operating conditions, conflicts occur infrequently (see Fig. 7),
and incorporating conflict handling directly into the learn-
ing loop would significantly increase coordination overhead
while providing limited benefit. Moreover, learning an exclu-
sivity constraint in decentralised MARL typically requires
centralised critics or synchronous communication, which con-
tradicts MACD’s scalability objectives. By resolving conflicts
externally, MACD preserves stable convergence, avoids unnec-
essary non-stationarity, and maintains decentralised execution.
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Fig. 6. Selection of representative instances showing the two objectives MT and LJ over 100 periods. MT results are shown in the top row, and LJ results
in the bottom row.

TABLE III
AVERAGE MEAN TARDINESS (OBJ. 1MT ) AND AVERAGE LATE NUMBER OF JOBS (OBJ. 2LJ) FOR BRANDIMARTE MK1-MK7 UNDER DIFFERENT

LOAD LEVELS (U1 - U5) WHERE MACD IS THE DEVELOPED METHOD, MACS IS THE METHOD DEVELOPED IN [9], BEST MT IS THE BEST
PERFORMING HEURISTIC UNDER THE MT METRIC, AND BEST LJ IS THE BEST PERFORMING HEURISTIC UNDER THE LJ METRIC

TABLE IV

AVERAGE MEAN TARDINESS (OBJ. 1MT ) AND AVERAGE LATE NUMBER OF JOBS (OBJ. 2LJ) FOR BRANDIMARTE MK8-MK15 UNDER DIFFERENT
LOAD LEVELS (U1 - U5) WHERE MACD IS THE DEVELOPED METHOD, MACS IS THE METHOD DEVELOPED IN [9], BEST MT IS THE BEST

PERFORMING HEURISTIC UNDER THE MT METRIC, AND BEST LJ IS THE BEST PERFORMING HEURISTIC UNDER THE LJ METRIC
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Fig. 7. Proportion of Policy Only decisions compared with decisions
supported by the Negotiation Strategy across different machine utilisation
levels. The results show that as utilisation increases, a larger share of decisions
are made solely by the learned policy.

TABLE V

KEY HYPERPARAMETERS USED IN TRAINING
AND EVALUATION

TABLE VI

AVERAGE MEAN TARDINESS (MT ) AND AVERAGE LATE NUMBER OF JOBS
(LJ) FOR HURINK 5 MACHINES

Empirical analysis (Table IX) shows that the Shortest
Processing Time (SPT) rule consistently offers the best perfor-
mance across most flexibility levels, while the Least Loaded
Machine (LLM) rule performs better in low-flexibility settings.
This aligns with domain knowledge: faster machines minimise
tardiness under typical conditions, whereas load balancing
becomes more important when few machines are eligible.
The hybrid SPT-LLM negotiation strategy adopted in MACD
directly reflects these observations and its implementation is
shown in Algorithm 1.

TABLE VII

AVERAGE MEAN TARDINESS (MT ) AND AVERAGE LATE NUMBER OF JOBS
(LJ) FOR HURINK 10 MACHINES

TABLE VIII

AVERAGE MEAN TARDINESS (MT ) AND AVERAGE LATE NUMBER OF JOBS
(LJ) FOR HURINK 15 MACHINES

TABLE IX
AVERAGE MEAN TARDINESS (MT ) AND AVERAGE LATE NUMBER OF JOBS

(LJ) FOR NEGOTIATION STRATEGY LPT, SPT, LLM, AND EET

C. Graph Neural Networks for Feature Extraction

To generalise across varied factory configurations, MACD
utilizes GNNs for high-level feature extraction from Gt.
Embedding is applied exclusively to operation nodes, as they
encapsulate the critical decision-making context for machine
agents. The embedding process (see Fig. 3) employs a Graph
Attention Network (GAT) to process information from neigh-
bouring machine nodes, while three Multilayer Perceptrons
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Algorithm 1 Negotiation Strategy

(MLPs) handle heterogeneous information from the preceding,
succeeding, and current operation nodes.

Neighbouring machines, which are capable of processing
a given operation, hold essential information in their fea-
tures. A Graph Attention Network (GAT) processes these
features, assigning attention coefficients to prioritize the most
relevant machines. However, performing GAT operations on
all neighbouring machines can be computationally expensive.
To manage this overhead, we use the neighbour sampling
technique [31] to select up to x machine nodes before applying
the GAT operation. Rather than random sampling, we found
empirically (see Section V-G) that prioritising machines with
faster processing times can often reduce tardiness. Based
on this, we identify the x fastest machines for each opera-
tion, ensuring accurate prioritisation. In cases where multiple
machines can process an operation at the same speed, the
machine with the longest idle time is favoured to improve
load balancing among all machines. This method ensures
effective prioritisation, improving MACD’s generalisability
and scalability across factory configurations.

D. Training

The overall training process is illustrated in Fig. 5 and
Algorithm 2. Training is conducted on batches of small,
fixed-size, static FJSP instances. To address the computa-
tional challenges of training directly in a dynamic setting,
we transform the dynamic system into a sequence of static
problems. Each static problem presents a snapshot of the
dynamic system at a specific moment, reducing computational
demands and enabling efficient training on representative static
scenarios. The batch of instances is updated periodically in
two ways: product library update and job orders update. PPO
periodically trains the critic and actor neural networks in a
centralised manner. For each machine agent, individual actor
loss Ld

Actor is calculated, and the average is taken to determine
the overall actor loss LActor. The critic network leverages
global state information, while the actor network utilises local
observations. LActor is used to jointly train the shared actor
network and the GNN for learning state embeddings. This
ensures that the GNN produces embeddings optimised for the
actor’s policy, enabling end-to-end learning.

V. EXPERIMENTS

We design experiments to evaluate the performance and
generalisability of the proposed MACD approach for solving

Algorithm 2 Training Algorithm Using PPO

C-DFJSP. A shared decision-making policy network, intro-
duced in Section IV, is first trained on static FJSP problem
instances before being applied and evaluated on unseen
dynamic problem instances.

In the following subsections, we describe the training and
validation settings (see Table V for hyperparameters), followed
by the testing approach, and outline the competing methods.
We conclude this section by reporting our experiment results
and associated analysis.

A. Training and Validation Settings

Following existing works [9], synthetic training instances
were generated using a product library of size l = 10 and
m = 5 machines. The training was conducted on batches of
10 instances where each instance contains n = 20 job orders
randomly selected from the product library, with due dates
determined by the tightness factor DDT ∼ U(1.0, 3.0). To
align with the training setting, up to x = 5 machines are filtered
prior to the GAT operation. Robust training was ensured
through periodic evaluations conducted on 100 validation
instances (larger than the training batch size to ensure the
model is not overfitting to the training instances) generated
under identical settings. We keep track of the best-performing
model on the validation set for testing.

B. Testing Framework

The trained policy is evaluated on publicly available FJSP
instances, including Brandimarte [32] and Hurink [33], under
the C-DFJSP setting. The metrics MT and LJ were recorded
periodically over extended simulations to quantify the system’s
stability and adaptability.

Two datasets are used to test generalisability:
• Brandimarte Dataset (MK01-MK15): Cover mixed

flexibility and product, machine, and operation charac-
teristics variations.
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• Hurink Dataset (E, R, V, 19-43): Provide multiple levels
of flexibility and introduce challenges such as uniform
processing times across capable machines, making it
difficult to differentiate between machines and select the
most suitable one.

These datasets were selected because of their widespread
use in FJSP research and their ability to test adaptability across
diverse factory configurations. These FJSP instances formed
the product libraries for the C-DFJSP problem, allowing job
orders to be continuously generated from this library.

C. Competing Approaches

A combination of widely used job order selection and
machine selection heuristics serve as competing approaches.
The job order rules [13] include First In First Out (FIFO), Ear-
liest Due Date (EDD), Critical Ratio (CR), Mean Slack Time
(MST), Least Operations Remaining (LOR), and Least Work
Remaining (LWKR). The machine selection rules [13] include
Longest Processing Time (LPT), Least Loaded Machine
(LLM), Earliest End Time (EET), and Shortest Processing
Time (SPT). Particular attention is given to heuristics targeting
tardiness, such as EDD, CR, and MST.

Additionally, we compare against MAC-Sched [9], a
recently proposed deep reinforcement learning framework and
the first attempt to solve the C-DFJSP. This provides a direct
DRL baseline for assessing the effectiveness and generalisation
of MACD.

It is important to note that while metaheuristic methods such
as Genetic Algorithms, Simulated Annealing, or Tabu Search
have demonstrated success in static or finite-horizon FJSPs,
they are not practical for the continuous setting considered
here. In C-DFJSP, job orders arrive continuously and factory
states change at each step; metaheuristics would therefore
require full re-optimisation after every arrival, resulting in
prohibitive computational overhead. Prior studies on dynamic
scheduling (e.g., [13], [27]) similarly rely on heuristic or
learning-based baselines rather than metaheuristics for this
reason.

Furthermore, unlike classical static FJSPs, the C-DFJSP
problem does not have a well-defined theoretical lower bound
or global optimum. This is due to its continuous, open-
ended nature: job arrivals are not known in advance, machine
states evolve asynchronously, and scheduling decisions must
be made in real time under partial observability.

Accordingly, our comparisons include:
• A broad set of heuristic dispatching rules, which remain

the most widely used in practice due to their speed and
suitability for online scheduling.

• The DRL-based MAC-Sched method [9], which repre-
sents the state-of-the-art in C-DFJSP research.

These choices ensure that the evaluation reflects both real-
istic factory constraints (low-latency decision-making) and the
closest available DRL baseline.

The results, summarised in Tables III, IV and VI, VII, VIII,
highlight the MT and LJ outcomes from the best-performing
heuristic methods under both objectives. The tables also high-
light the relative performance gain (Rel. Gain), defined as the

percentage deviation between MACD and the best baseline
method–either MAC-Sched or the top-performing heuristic
under each objective. When MACD achieves the best result,
the percentages are computed relative to MACD. The best-
performing method in each case is highlighted in bold.

D. Brandimarte Dataset Results

The Brandimarte dataset introduces substantial variations
in product and machine configurations, with the number of
products ranging from 10 to 30 and the number of machines
ranging from 4 to 15. Job orders were generated using
DDT ∼ U(0.5, 3.0), and arrival rates were set based on five load
levels from U1-5, ordered by the increasing arrival rate. This
creates both urgent and non-urgent job orders under normal to
busy conditions.

A continuous scheduling environment is simulated for
10, 000 time steps, divided into 100 periods of T = 100
time steps each. This allows for periodic evaluation over a
time duration that is much longer than the average process-
ing time of a job order. Performance metrics, including the
warm-up period, were recorded from the start to evaluate
the performance over the entire simulation period. MACD
completes 980 job orders on average per simulation, showing
its competence for continuous scheduling. In contrast, existing
methods are typically evaluated on problems with less than 100
jobs [13].

The results in Tables III and IV demonstrate MACD’s
ability to generalise from static to dynamic conditions effec-
tively and to large unseen problem instances using the trained
policy. MACD outperforms the heuristic methods and MAC-
Sched (MACS) on most problem instances regarding MT
and LJ. It also performs competitively on the remaining
problem instances. The relative performance gain between
MACD and the other methods increases as the arrival rate
increases, demonstrating MACD’s superior ability to manage
busy manufacturing systems. This is particularly evident in
instances with high machine counts (e.g., 15 machines), where
MAC-Sched struggled to perform well. Furthermore, while
MACD may not achieve the lowest MT in certain instances,
such as 15×8 under U5, its strong performance in LJ confirms
its effectiveness at maintaining system stability by preventing
the accumulation of delayed jobs.

Fig. 6 highlights instances where MACD initially seems
to underperform in MT . However, when considering both
MT and LJ together, MACD outperforms the best heuristic
methods. Notably, Fig. 6 shows that MACD can maintain
a stable LJ count over time, unlike heuristics that exhibit
increasing instability.

E. Hurink Dataset Results

The Hurink dataset expands the evaluation scope by incor-
porating varying flexibility levels:
• E: Low flexibility, with few operations assignable to

multiple machines.
• R: Medium flexibility, with most operations assignable to

some machines.
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• V: High flexibility, with nearly all operations assignable
to most machines.

Testing was performed on 40 instances for each subset (E,
R, V), covering 10-30 product library sizes and 5-15 machines.
Results are averaged and grouped by the number of machines.
Simulations were run for 100 periods of:

T =
max(job processing time)

m
× 10,

time steps each. This accounts for longer and more variable
processing times than the Brandimarte dataset. On average,
1300 job orders were completed across all test instances,
demonstrating MACD’s robust scheduling performance under
high workloads.

Furthermore, Tables VI, VII, and VIII confirm MACD’s
adaptability across varying flexibility levels. While its perfor-
mance in high-flexibility settings is comparable to the best
heuristics, MACD outperforms them at medium flexibility
levels, showcasing its strength in diverse scenarios. MACD
consistently delivers robust average performance across all
cases, unlike heuristics, whose effectiveness varies by scenario.
Notably, MACD achieves up to 26.7% better MT performance
than the best heuristic in some cases, with only a 2.0% drop
in relative performance in the worst case. This enhanced per-
formance boosts efficiency and offers significant cost savings
for smart manufacturing.

Although MACD achieves comparable results in high-
flexibility scenarios with large machine counts, such con-
figurations may require further refinement to optimise
performance fully. Nevertheless, MACD is a robust base
scheduling system, capable of generalising effectively across
a wide range of factory configurations and operational con-
ditions, with the flexibility to be fine-tuned for specific
requirements.

F. Scalability and Robustness

Our evaluation extends beyond traditional benchmarks (e.g.,
Brandimarte, Hurink), scaling up to 30 products, 15 machines,
and over 1,000 job orders per simulation–approximately three
times larger than the training configuration. These large-scale
scenarios enable us to assess MACD’s ability to generalise
under sustained, high-load conditions.

To profile computational efficiency, we measured the per-
decision inference time on a Linux workstation with a 16-core
CPU (no GPU; Python 3.10.12, kernel 5.15). Even on the
largest test cases, each scheduling decision averaged 54 ms,
which is negligible compared to real processing times (minutes
per job). Peak memory consumption remained well within
16 GB RAM, dominated by graph construction and GNN
embeddings. These results confirm that MACD can operate in
real time on standard industrial hardware without specialised
accelerators.

The computational complexity of MACD is dominated by
GNN inference, which scales linearly with the number of
nodes and edges in the heterogeneous graph, i.e., (|O|+ |M|+
|C| + |E |). In practice, this yields lightweight and predictable
scaling characteristics.

We further evaluated MACD across varying arrival rates
and machine flexibility levels, where performance remained
stable. Nevertheless, extreme scenarios–such as thousands
of machines, abrupt failures, or highly stochastic demand
spikes–remain challenging. Future work should investigate
batching, sparse attention, hierarchical decomposition, and
robust reinforcement learning techniques to extend scalability
and provide stronger safety guarantees under such conditions.

G. Negotiation Strategy Empirical Analysis

To design a principled and explainable negotiation mech-
anism, we conducted empirical evaluations using synthetic
test instances (10 products ×5 machines) under five machine
flexibility levels (2, 3, 4, 5, and mixed). Three representative
machine selection rules were tested individually–Longest Pro-
cessing Time (LPT), Shortest Processing Time (SPT), Least
Loaded Machine (LLM), and Earliest End Time (EET)–as
summarised in Table IX.

These rules respectively emphasise operational efficiency,
load balancing, and completion time. Other machine rules,
such as Minimum Completion Time (MCT), Least Work
Remaining (LWKR), and Most Work Remaining(MWKR),
were excluded as they were unsuitable for real-time decision
making under the tardiness objective.

The results show that SPT consistently achieves the lowest
mean tardiness in most scenarios, while LLM outperforms
SPT only when machine flexibility is minimal. This obser-
vation is consistent with domain intuition: when only a few
machines can process an operation, balancing load prevents
bottlenecks, whereas under higher flexibility, prioritising the
fastest machine is more effective.

To quantify how much negotiation contributes to overall
behaviour, we measured the proportion of decisions requiring
negotiation at five utilisation levels (Fig. 7). Most decisions are
made solely by the learned policy, especially in well-utilised
systems where machines become available less frequently and
are less likely to compete for the same job. Negotiation is more
common under low utilisation when machines are frequently
idle and therefore more likely to target the same operation.

Crucially, even when negotiation occurs, both the candidate
job and the set of competing machines are determined by the
learned policy. Thus, negotiation resolves only the final assign-
ment among RL-proposed options. Because (i) negotiation
events are relatively rare, and (ii) negotiated choices originate
from RL proposals, the specific negotiation rule has limited
overall impact on performance. This supports the use of a
simple, interpretable mechanism rather than a more complex
learned coordination strategy.

VI. CONCLUSION

This paper introduced MACD, a Multi-Agent Continuous
Decision-Making system for the Continuous Dynamic Flexible
Job Shop Scheduling Problem (C-DFJSP). By integrating
Graph Neural Networks (GNNs) and Reinforcement Learning
(RL) within a multi-agent framework, MACD achieved consis-
tently high performance across diverse factory configurations
and dynamic job arrivals. Its novel state and observation
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design, domain knowledge-based machine filtering, and atten-
tion mechanisms ensure scalability and robust performance
across unseen factory scenarios. MACD also introduced a
mixed negotiation strategy that combines the Shortest Process-
ing Time (SPT) and Least Loaded Machine (LLM) heuristics,
achieving a desirable balance between efficiency and load
distribution. Extensive experiments validated its superior gen-
eralisation ability, outperforming existing methods in mean
tardiness and system stability.

Although our experiments evaluate factories with up to 15
machines, industrial environments may involve hundreds. In
such large-scale settings, the main limitation lies in the growth
of the shop-floor graph and the cost of GNN-based message
passing. While MACD’s decentralised decision-making scales
conceptually, practical constraints emerge in the embedding
stage. We therefore highlight several promising avenues for
large-scale deployment: hierarchical decomposition of factory
regions, sparse or locality-aware attention, batching of agent
observations to leverage GPU parallelism, and distributed
graph encoding.

Future work will extend MACD to more realistic
domains–stochastic processing times, machine failures, and
distributed multi-factory networks–and explore learned negoti-
ation strategies enabled by its modular design. This may intro-
duce challenges such as credit assignment and coordination
instability, which merit focused investigation. Strengthening
robustness, including through risk-sensitive optimisation and
fallback mechanisms for disruptions, remains an essential step
toward reliable deployment in industrial smart manufacturing
settings.
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