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Abstract. With the growing scale, heterogeneity, and dynamic uncertainty of modern supply chain networks,
collaborative scheduling across order assignment, manufacturer selection, and logistics operations has become
increasingly critical and challenging because of strong inter-stage coupling, high decision complexity, and dy-
namic operational constraints. To address these challenges, this paper investigates the joint optimization prob-
lem of order assignment, heterogeneous manufacturer selection, and logistics vehicle scheduling in dynamic
supply chain collaborative networks and proposes a curriculum-learning-driven hierarchical multi-agent deep
reinforcement learning framework (CH-MADRL) for coordinated scheduling in complex environments. First,
the joint optimization problem is formulated as a hierarchical multi-agent Markov decision process to capture
the hierarchical dependencies and dynamic interactions among order assignment, heterogeneous manufacturer
selection, and logistics vehicle scheduling, which establishes a unified modeling foundation for multi-stage col-
laborative scheduling. Second, based on this formulation, a hierarchical multi-agent deep reinforcement learn-
ing architecture is developed to decompose the tightly coupled high-dimensional joint scheduling problem into
three correlated sub-problems, enabling coordinated optimization across different stages of the supply chain.
Third, a constraint-progressive adaptive curriculum-learning mechanism is developed to facilitate policy learn-
ing under dynamic constraints, where a stage-conditioned dynamic masking mechanism regulates feasible action
spaces, and a dual-gated promotion strategy stabilizes transitions across curriculum stages. Simulation experi-
ments demonstrate that the proposed method surpasses baseline approaches in scheduling performance, training
efficiency, and cross-scale generalization capability.

1 Introduction

The global supply chain system is undergoing a signifi-
cant evolution characterized by heightened uncertainty. The
superposition of multiple factors, including trade frictions,
geopolitical risks, public health emergencies, and demand
fluctuations, imposes continuous shocks on the stable op-
eration of cross-regional supply networks (de Lima et al.,
2022). Under macro environments where volatility, uncer-
tainty, complexity, and ambiguity coexist, supply chain man-
agement is transitioning from traditional models dominated
by informatization and standardized processes to digital-
intelligent systems featuring data-driven approaches, intelli-

gent perception, and autonomous decision making (Hao and
Demir, 2025; Yu et al., 2026). Meanwhile, enterprises im-
pose higher requirements on the response speed, collabora-
tive efficiency, and resilience of supply chain systems. Multi-
stage collaborative optimization and real-time scheduling
thus emerge as critical challenges in scenarios with dynam-
ically arriving orders, heterogeneous resource capabilities,
and strong coupling between manufacturing and logistics,
particularly for intelligent decision making in complex sup-
ply chains.

Researchers worldwide conduct systematic studies on col-
laborative scheduling in complex supply chains, and exist-
ing methods generally fall into three categories: mathemati-
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cal programming and decomposition optimization methods,
heuristic and metaheuristic methods, and data-driven meth-
ods based on reinforcement learning (Wu et al., 2024). The
first two formulate order production and distribution as opti-
mization models subject to process flows, capacity limits, de-
livery deadlines, and transportation constraints, solving them
via exact algorithms or approximate search techniques. Vié
et al. (2025) propose a matheuristic framework that com-
bines local search with exact methods to coordinate produc-
tion and distribution, optimizing total costs of order fulfill-
ment and shipment. Subsequent work has extended produc-
tion and logistics scheduling from static single-stage settings
to complex environments with equipment failures, dynamic
order arrivals, and multi-objective trade-offs (Atasagun and
Karaoğlan, 2024). These methods remain effective for small-
to medium-scale problems or relatively stable environments.
However, continuous order arrivals, intensified cross-stage
coupling, and frequent disturbances expose critical limita-
tions: model reconstruction is costly, solution times escalate
rapidly, and schedule stability deteriorates.

Reinforcement learning (RL) handles dynamic task ar-
rivals, resource state changes, and frequent disturbances by
interacting with the environment, learning from trial and
error, and optimizing long-term returns. Unlike traditional
methods that require explicit modeling and static solution
processes, RL updates decision policies through continuous
feedback. Zhang et al. (2024a) formulate dynamic flexible
scheduling problems with transportation time constraints as
multi-agent collaborative decision processes, coordinating
machine agents with job agents. Shi et al. (2025) propose
a nested hierarchical deep reinforcement learning method
for production and logistics collaborative scheduling in dy-
namic flexible job shops. Li et al. (2025a) develop a real-
time scheduling method using multi-agent deep reinforce-
ment learning (MARL) for production and logistics coor-
dination under large-scale dynamic order arrivals. For lo-
gistics operations, Li et al. (2024) propose a hierarchical
framework for dynamic conflict-free automated guided vehi-
cle (AGV) scheduling in automated container terminals. The
above studies validate RL, particularly multi-agent and hier-
archical variants, as effective for complex scheduling and lo-
gistics coordination (Shi et al., 2025; Li et al., 2025a, 2024).
However, existing methods primarily address single work-
shops, single logistics systems, or local resource coordina-
tion. Extending these methods to full-chain supply chain sce-
narios is difficult because strong coupling among order as-
signment, heterogeneous manufacturer selection, and vehi-
cle scheduling leads to exponential growth of the joint state
and action space. Furthermore, dynamic task arrivals, re-
source competition, and spatiotemporal dependencies com-
pound challenges, including sparse rewards, inefficient ex-
ploration, and training non-stationarity. Recent studies note
that, although RL and MARL have advanced rapidly in dy-
namic scheduling, practical deployment remains limited by

scalability, training stability, and cross-scenario generaliza-
tion (Zhang et al., 2024b; Hady et al., 2025).

For RL in complex supply chain collaborative schedul-
ing, curriculum learning (CL) provides a feasible way to
organize training under conditions of cold-start difficulties,
sparse rewards, and training instability. Training tasks are
arranged progressively so that agents can first learn basic
decision rules and then adapt to larger networks, stronger
stage couplings, and tighter operational constraints. Results
from related scheduling studies support the usefulness of this
training paradigm. Iklassov et al. (2023) demonstrate that
curriculum-based training performs better than direct train-
ing for large-scale instances in job shop scheduling, while
Narvekar et al. (2020) show that task ordering based on dif-
ficulty and transferability improves reinforcement learning
performance. A similar situation arises in supply chain col-
laborative scheduling, where increasing network scale is usu-
ally accompanied by stronger interactions among decision
stages and more complex constraints. However, existing CL
methods rely on predefined difficulty orders or rough task se-
lection heuristics, and only limited attention has been paid to
the gradual regulation of feasible action spaces during train-
ing. This issue is particularly important in large discrete deci-
sion spaces, where invalid action masking can reduce infea-
sible exploration and improve training stability (Huang and
Ontañón, 2022). Recent work has started to examine auto-
matic curriculum design in sparse-reward cooperative multi-
agent reinforcement learning (Chen et al., 2021), but research
that combines curriculum learning, hierarchical multi-agent
coordination, and dynamic feasible-action control for com-
plex supply chain scheduling is still limited.

To address these limitations, we investigate the joint op-
timization of order assignment, heterogeneous manufacturer
selection, and logistics vehicle scheduling in dynamic supply
chain collaborative networks. First, we formulate this prob-
lem as a hierarchical multi-agent Markov decision process
that captures the coupling among order, manufacturing, and
logistics decisions. Then, we propose a curriculum-learning-
driven hierarchical multi-agent deep reinforcement learn-
ing framework (CH-MADRL), which coordinates schedul-
ing across stages through hierarchical decomposition, cur-
riculum progression, and dynamic constraint handling. Fur-
thermore, we design a stage-conditioned dynamic masking
mechanism and a dual-gated promotion strategy to gradu-
ally expand feasible action spaces and stabilize curriculum
progression. Finally, experiments on dynamic environments
validate the proposed method. The main contributions of this
paper are as follows:

1. A CH-MADRL framework is proposed, which decou-
ples order assignment, heterogeneous manufacturer se-
lection, and logistics vehicle scheduling into three hier-
archically correlated sub-problems to alleviate the com-
binatorial complexity caused by high-dimensional joint
decision making.
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2. A constraint-progressive adaptive curriculum-learning
mechanism is designed, which achieves smooth transi-
tion across scale tasks and improves policy training sta-
bility through complexity evolution paths from simple
to complex and dual-gated promotion strategies.

3. A stage-conditioned dynamic masking mechanism is
constructed, which embeds task dependencies, resource
availability, and scale boundaries into the action selec-
tion process, achieving progressive unlocking of feasi-
ble action spaces and reducing invalid exploration.

4. Comparative experiments show that the proposed
method outperforms baselines in scheduling perfor-
mance, training efficiency, and cross-scale generaliza-
tion.

The remainder of this paper is organized as follows.
Section 2 introduces the related literature and techniques.
Section 3 provides a formal description and mathematical
modeling of the research problem. Section 4 elaborates on
the proposed CH-MADRL framework in detail. Section 5
presents experimental results. Section 6 concludes and out-
lines future research directions.

2 Related work

2.1 Collaborative logistics scheduling methods in supply
chains

Coordination between production and logistics stages con-
stitutes the basis of supply chain collaborative scheduling.
Expansion from single factories and distribution chains to
multi-facility, multi-resource, and multi-node networks has
shifted research from separate optimization of orders, pro-
duction, and distribution toward integrated production and
distribution and joint manufacturing and transportation opti-
mization. Liang et al. (2025) examine collaborative produc-
tion and material distribution, showing that independent opti-
mization of either stage lowers system-wide efficiency under
strong spatiotemporal coupling. On this basis, Homayouni
and Fontes (2021) investigate joint production and trans-
portation scheduling problems in flexible job shops, Yao
et al. (2024) incorporate limited AGV resources into flexible
job shop models to formalize manufacturing and transporta-
tion collaboration, and Sidki et al. (2025) develop batch-
centric mixed-integer programming for integrated production
and pipeline distribution. These studies demonstrate that pro-
duction and logistics collaborative scheduling has evolved
from traditional single-stage optimization to integrated op-
timization oriented toward multi-resource coupling.

Regarding solution methodologies, existing research in-
cludes exact algorithms, heuristic algorithms, and meta-
heuristic algorithms. Exact methods guarantee optimality for
small-scale instances, yet computational complexity esca-
lates rapidly with order scale, node quantity, and transporta-

tion resources, precluding real-time decision making in dy-
namic scenarios (Yao et al., 2024; Sidki et al., 2025). Con-
sequently, researchers generally adopt learning-augmented
heuristic and metaheuristic methods. Uzunoglu et al. (2023)
combine learning-augmented mechanisms with local search
for parallel serial batch processing machine scheduling;
Amirteimoori et al. (2023) propose parallel heuristic meth-
ods for hybrid job shop scheduling with conflict-free AGV
path planning; Pérez et al. (2023) fuse GRASP, genetic algo-
rithms, and learning mechanisms for supply chain schedul-
ing; Karimi and Alinia (2025) introduce energy consumption
factors into multi-factory supply chain scheduling, expand-
ing modeling dimensions. However, most of these studies are
still centered on single factories or limited collaborative set-
tings, and research on integrated scheduling across order as-
signment, manufacturer selection, and vehicle dispatching in
dynamic supply chain networks remains relatively scarce.

2.2 Dynamic-scheduling methods based on deep
reinforcement learning

In recent years, deep reinforcement learning (DRL) has
emerged as an important direction in dynamic-scheduling
research because it learns sequential decision policies end
to end in high-dimensional state spaces. Liu et al. (2022)
formulate dynamic flexible job shop scheduling as Markov
decision processes, demonstrating DRL’s real-time response
advantages under random order arrivals. Subsequent work
extends from single-agent methods to graph neural net-
works, multi-agent reinforcement learning, and hierarchi-
cal reinforcement learning. Ngwu et al. (2026) and Hamou
et al. (2025) review DRL applications for dynamic job shop
scheduling and supply chain production scheduling, respec-
tively; Liu and Huang (2023) combine graph neural networks
with DRL for dynamic job shop scheduling; Wang et al.
(2025a) propose attention-enhanced reinforcement learning
methods for flexible job shop scheduling with transporta-
tion constraints; Li et al. (2025b) propose an end-to-end de-
centralized scheduling framework for dynamic distributed
heterogeneous flow shops; Wang et al. (2025b) extend hi-
erarchical multi-agent deep reinforcement learning to flex-
ible job shops with transportation constraints. Meanwhile,
multi-agent deep reinforcement learning (MADRL) extends
from workshop scheduling to broader collaborative decision
problems such as online scheduling in assembly systems,
distributed hybrid flow shops, and multi-echelon inventory
management (Kaven et al., 2024; Di et al., 2024; Xu et al.,
2025; Liu et al., 2025). These studies demonstrate that DRL
gradually evolves from single-workshop internal scheduling
toward complex scenarios involving cross-resource, cross-
node, and multi-agent collaboration.

However, existing DRL research exhibits two limitations
in full-chain collaborative scenarios within complex supply
chains. First, most methods address single workshops, sin-
gle logistics systems, or local resource allocation, lacking
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integrated modeling of order decomposition, heterogeneous
manufacturer collaboration, and logistics vehicle scheduling.
Second, as supply chain scale and constraint complexity in-
crease, the joint state and action space expands rapidly, caus-
ing cold-start difficulties, sparse rewards, inefficient explo-
ration, and multi-agent training non-stationarity. To allevi-
ate these difficulties, CL is introduced into RL training pro-
cesses. Its fundamental idea improves sample utilization ef-
ficiency and policy transfer capability through task organi-
zation from easy to difficult (Lin et al., 2025). Applications
span flexible job shop scheduling (Lu et al., 2025) and hierar-
chical reinforcement learning for dynamic AGV scheduling,
automated terminal task allocation, and port equipment co-
ordination (Hu et al., 2025a; Chang et al., 2025; Hu et al.,
2025b; Yang et al., 2026). However, existing CL methods re-
main limited to single-dimensional difficulty progression or
empirical stage switching without systematic coupling of the
synchronous expansion of order scale, manufacturing nodes,
logistics capacity, and hierarchical multi-agent decision mak-
ing with dynamic action space constraints. Based on this, this
paper proposes a hierarchical MADRL framework incorpo-
rating constraint-progressive curriculum evolution to address
cross-level joint decision problems in complex supply chain
collaborative scheduling.

3 Problem formulation

This paper investigates a multi-stage decision optimization
problem in collaborative supply chain logistics, covering
three interrelated decision dimensions: order task decompo-
sition, manufacturing resource allocation, and transportation
resource scheduling. Unlike the classical flexible job shop
scheduling problem (FJSP), limited to single-facility oper-
ations, our collaborative setting introduces strict cross-node
logistics constraints and spatiotemporal coupling. This inte-
gration exponentially expands the joint action space, mak-
ing the proposed adaptive curriculum mechanism computa-
tionally essential to overcome the resulting high-dimensional
exploration challenges. For formal modeling, the problem
is represented as a standardized supply chain instance with
scale n×m× l, where n, m, and l denote the number of
orders, heterogeneous manufacturers, and logistics vehicles,
respectively. Let O = {O1, . . .,On} represent the order set,
M= {M1, . . .,Mm} represent the manufacturer set, and L=
{L1, . . .,Ll} represent the vehicle set. Each orderOi contains
Hi operations with process precedence, denoted as Ki =
{oi,1, . . .,oi,Hi }, where operation oi,k must be completed be-
fore oi,k+1. Each operation oi,k can only be assigned to a
manufacturer j ∈M with the required processing capabil-
ity, and its processing time is denoted as pi,k,j . When adja-
cent operations are executed by different manufacturers, ve-
hicle v ∈ L is required to complete inter-node transportation.
The transportation time consists of empty vehicle dispatch
time from the current position to the pickup point and loaded

transportation time from the pickup point to the target manu-
facturing node. An operation can only start processing when
its predecessor operation is completed, materials arrive via
transportation, and the corresponding manufacturer resource
becomes available. This paper takes minimizing the system
makespan as the optimization objective:

minCmax =min(max
i∈O

Ci,Hi ), (1)

where Ci,Hi is determined by the manufacturing and trans-
portation processes at each stage of the order. For order i, the
completion time of the final operation is as follows:

Ci,Hi = max
[
T avail
j

(
max

(
Ci,Hi−1,T

free
v + T

empty
v,i∗

)
+ T trans

i,j

)]
+pi,Hi ,j . (2)

For each operation, the processing start time is constrained
by the completion of its predecessor, the arrival of trans-
ported materials, and the availability of the assigned manu-
facturer. The completion time is determined by the start time
and the corresponding processing duration. Accordingly, the
final order completion time is jointly affected by manufactur-
ing capacity constraints, process precedence constraints, and
transportation time constraints. For modeling purposes, the
following assumptions are adopted:

1. Manufacturer resources are exclusive and non-pre-
emptive, meaning that each manufacturer can process
only one operation at a time and processing cannot be
interrupted.

2. Tasks follow a strict serial flow of processing, trans-
portation, and reprocessing, and all operations must be
executed in the prescribed order.

3. When two adjacent operations are assigned to different
manufacturers, inter-node transportation must be com-
pleted by a logistics vehicle, and the corresponding
transportation time is nonzero.

4. Logistics vehicles are subject to exclusivity constraints,
meaning that each vehicle can execute only one trans-
portation task at a time.

5. Orders arrive randomly over time, and fluctuations in
actual operational efficiency are determined by manu-
facturer fulfillment reputation qi and logistics vehicle
service quality qv.

4 CH-MADRL framework

To address high-dimensional decision complexity in large-
scale supply chain collaborative scheduling, together with
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Figure 1. Architecture of the proposed CH-MADRL framework.

cold-start difficulty and inefficient exploration under com-
plex spatiotemporal constraints, this paper proposes the CH-
MADRL framework. As shown in Fig. 1, the framework
combines hierarchical task decomposition, dynamic mask-
ing, and adaptive curriculum learning to reduce decision
complexity, incorporate multi-stage dependencies and spa-
tiotemporal constraints, and improve convergence efficiency
and generalization performance.

4.1 Hierarchical multi-agent MDP model construction

Considering the dynamic, partially observable, and multi-
resource-coupled nature of supply chain networks, the
scheduling problem is formulated as a hierarchical decen-
tralized partially observable Markov decision process. The
model is defined by the tuple 〈F ,S,A,P,R,�,γ 〉, where
F = {Ford,Fmfg,Flog} denotes the heterogeneous agent set
for order assignment, manufacturer selection, and logistics
scheduling; S denotes the global state space describing real-
time information on resource nodes and order flows; � de-
notes the joint observation space composed of local observa-
tions {ojob,omfg,olog} at different decision layers; A denotes
the joint action space composed of discrete action subspaces
at three hierarchies: order assignment, manufacturer selec-

tion, and logistics scheduling; P denotes the state transition
function governed by operation precedence, transportation
delays, and other physical process constraints; R denotes the
reward function designed to promote global collaborative op-
timization; and γ ∈ [0,1) denotes the discount factor.

4.1.1 State space

Following the partially observable modeling framework, the
state space is decomposed into three hierarchical local sub-
spaces: the order agent state SO

t , the manufacturer agent
state SM

t , and the logistics agent state SL
t . The state features

of the three agent layers are listed in Table 1, where all tem-
poral variables are quantified in minutes to ensure dimen-
sional consistency.

4.1.2 Action space

The joint action space is decomposed as A=AO
×AM

×AL.
A dynamic maskMt is introduced to project action probabil-
ity distributions onto feasible domains and enforce physical
feasibility constraints.

Order assignment subspace (AO). The action aO
t ∈

{1, . . .,n} selects a high-priority order for processing. The
mask MO

t ∈ {0,1}
n is activated only when an order has not
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Table 1. Definitions of state space features.

State Symbol Description

Order agent state
i Order index
k Index of the operation currently pending processing
Ci,k−1 Actual completion time of the preceding operation
Loci Current geographical location of the order
Progi Order scheduling progress, computed as (k− 1)/Hi× 100 %, where Hi is the total number of

operations for order i
T cum
i

Cumulative actual processing and logistics time incurred by the order
P i,k Average expected processing time of the current pending operation k
T

rem
i Estimated average cumulative processing duration of the order’s remaining operations

Manufacturer
Agent State

j Manufacturer index
qj Production quality grade of the manufacturer
N

ops
j

Cumulative total number of operations processed by the manufacturer
T avail
j

Earliest available time of the manufacturer upon completion of preceding tasks
pi∗,k,j Interaction feature: standard processing time of the current operation k of the selected order i∗ at

manufacturer j
T trans
i∗,j

Interaction feature: estimated in-transit transportation time for the selected order i∗ from its current
location Loci∗ to manufacturer j

Logistics Agent
State

v Logistics vehicle index
qv Service quality grade of the logistics vehicle
N tasks

v Cumulative number of transportation tasks executed by the vehicle
T free

v Release time of the logistics vehicle upon completion of its previous task
Locv Current geographical location of the vehicle
T

empty
v,i∗ Interaction feature: estimated dispatching time for vehicle v to travel empty from its current location

Locv to the location of the selected order i∗

been delivered and satisfies the prerequisite readiness condi-
tions:

MO
t [i] = I(δdone

i = 0) · I(Ready(i, t)), (3)

where I(·) is the indicator function, and Ready(i, t) indicates
material and preceding-operation readiness for order i.

Manufacturer selection subspace (AM). The action aM
t ∈

{1, . . .,m} selects a manufacturer for the current operation.
The mask MM

t ∈ {0,1}
m enforces process qualification con-

straints based on the capability matrix Tcap, retaining only
manufacturers with the required capability for operation k:

MM
t [j ] = I(Tcap[k,j ] 6=∅). (4)

Logistics scheduling subspace (AL). The action aL
t ∈

{1, . . ., l} dispatches a logistics vehicle. The mask ML
t ∈

{0,1}l reflects resource availability and excludes vehicles un-
der failure or maintenance:

ML
t [v] = I(Statusv(t) ∈ {Idle,Active}). (5)

4.1.3 Reward function

For makespan minimization, a terminal sparse reward pro-
vides only limited learning signals, which often leads to tem-
poral credit assignment difficulties and slow convergence

in long-horizon scheduling tasks. To improve training effi-
ciency, a potential-based dense reward is adopted, where the
potential function is defined as 8(St)=−Cmax(St). The im-
mediate reward at step t is therefore defined as follows:

rt =8(St)−8(St−1)= Cmax(St−1)−Cmax(St). (6)

Since the makespan is monotonically non-decreasing dur-
ing scheduling and satisfies Cmax(St)≥ Cmax(St−1), the im-
mediate reward always satisfies rt ≤ 0. Actions that increase
the critical path receive an immediate penalty, while actions
that leave it unchanged receive zero reward. For an episode of
length T , the cumulative return can be written in telescoping
form:

R =

T∑
t=1

rt =

T∑
t=1
[Cmax(St−1)−Cmax(St)]

= Cmax(S0)−Cmax(ST )=−Cfinal
max . (7)

4.2 Constraint-progressive adaptive curriculum learning
mechanism

To improve learning in large-scale supply chain schedul-
ing with dynamic task arrivals, sparse rewards, and high-
dimensional constraints, a constraint-progressive adaptive
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Figure 2. Constraint-progressive adaptive curriculum learning mechanism.

curriculum is introduced. As shown in Fig. 2, training starts
with simple supply chain instances and gradually progresses
to more complex ones by expanding network topology and
task scale. Dynamic masking then releases feasible actions
stage by stage, reducing invalid exploration in large decision
spaces. Promotion to the next stage is allowed only after pol-
icy stabilization, which helps maintain stable training and re-
liable convergence.

4.2.1 Supply chain complexity manifold evolution

To reduce exploration difficulty in high-dimensional envi-
ronments, the curriculum-learning process is defined as a
discrete sequence of environment sets, C = {E1,E2, . . .,Ek},
where k = 6. At each stage Ek , the supply chain network is
specified by the tuple �k = 〈Nord

k ,N
mfg
k ,N

log
k 〉, which de-

notes the numbers of orders, manufacturers, and logistics ve-
hicles, respectively. The complexity progression is organized
into three stages.

Foundation logic construction stage (E1). The initial scale
is set to �1 = 〈10,5,3〉. This stage is used to support rapid
policy initialization in a low-dimensional setting and to learn
basic coordination rules, including order assignment, re-
source availability, and task dependencies.

Scale continuous increment stage (E2 ∼ E5). The network
scale is increased step by step without changing the underly-
ing scheduling mechanism so as to strengthen policy robust-

ness and generalization under growing resource competition
and spatiotemporal conflicts.

Target scale collaboration stage (E6). The environment
reaches the target scale �6 = 〈20,10,5〉. At this stage, the
policy is trained under a larger state space and stronger spa-
tiotemporal coupling to form a stable collaborative schedul-
ing strategy.

4.2.2 Dynamic masking-driven progressive unlocking of
action space

In multi-agent systems, directly facing target-scale config-
urations with preset global maximum action space Amax

(whose dimensions are determined by Nord
max, N

mfg
max,

and N log
max) causes an extremely severe curse of dimensional-

ity. To this end, this paper decouples the curriculum evolution
mechanism from underlying control logic, formalizing it as a
dimensionality release process of decision feasible domains:
at the early curriculum stage Ek , the system utilizes the dy-
namic masking mechanism Mt to construct hard constraint
boundaries, forcibly masking all high-dimensional action in-
dices exceeding the current network scale, that is, strictly en-
suring Mt[a] ≡ 0,∀a > Nk . As the curriculum advances to-
ward higher-stage manifolds, masking constraints are gradu-
ally released, and effective decision boundaries of agents are
progressively unlocked.
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This mechanism reduces the global optimization problem
into nested subspace searches, mitigating exploration disori-
entation and improving training stability.

4.2.3 Adaptive promotion mechanism based on
dual-gating

This paper designs an adaptive promotion mechanism based
on dual-gating, where promotion is triggered only when
both indicators simultaneously satisfy the required condi-
tions within sliding windowW . The sliding-window size was
set toW = 20 episodes, determined through preliminary sen-
sitivity experiments balancing promotion responsiveness and
policy convergence stability.

1. Performance lower-bound gating: The average return
µW within the current window must exceed the preset
baseline threshold δ(k)

perf:

µW = E[Gt−W :t ]> δ(k)
perf. (8)

The threshold δ(k)
perf is determined from the optimal so-

lutions of heuristic algorithms at the corresponding
scale. This criterion requires the DRL policy to reach a
scheduling level beyond that of traditional rules before
entering the next stage.

2. Policy stationarity detection: Due to the high variance
of DRL exploration, mean-based indicators can be bi-
ased by outliers or occasional high returns. Therefore, a
relative standard deviation criterion is introduced:

RSDW =
σ (Gt−W :t )
|µW|

< δstab, (9)

where σ (·) is the standard deviation function, and δstab is
the preset stationarity tolerance factor, which is set
to 0.05 through preliminary tuning experiments to bal-
ance sensitivity to policy fluctuations and training ef-
ficiency. The dual-gating mechanism effectively avoids
misjudgment risks from single indicators through joint
constraints of performance and stationarity, ensuring ro-
bustness of curriculum stage transitions. The complete
adaptive curriculum evolution process is detailed in Al-
gorithm

4.3 Hierarchical proximal policy optimization algorithm

This paper adopts a hierarchical proximal policy optimiza-
tion (H-PPO) algorithm based on the actor–critic architec-
ture, with feasible-domain hard-constraint projection and a
global collaborative loss design. At the network level, agents
at each hierarchy use structurally symmetric actor–critic
networks. The actor network employs a multilayer percep-
tron (MLP) to extract state features and introduces a hard-
constraint projection layer to ensure physical feasibility. Us-
ing the dynamic mask Mt defined in Sect. 4.1.2, log-domain

Algorithm 1 Adaptive curriculum evolution algorithm based
on stationarity detection.

1: Input: Initial policy network parameters θ,φ; curriculum envi-
ronment set C = {E1,E2, . . .,EK }

2: Output: Converged optimal parameters θ∗
k

for each stage; final
global optimal policy parameters θ∗

K
3: Initialization: K – total number of curriculum stages; W –

sliding-window size; δperf(k) – performance promotion thresh-
old for stage k; δstab – stationarity (RSD) threshold; G –
sliding-window return sequence.

4: for curriculum stage k = 1 to K do
5: Initialize environment configuration �k← Config(Ek); If

k > 1 then θ← θ∗
k−1

6: while True do
7: Perform one PPO training iteration; obtain current

episode total return Gt
8: Update sliding-window return sequence G; compute cur-

rent window mean return µW = E[Gt−W :t ]
9: Compute current policy relative standard deviation

RSDW = σ (Gt−W :t )/|µW|
10: if µW > δperf(k) And RSDW < δstab then
11: Save current converged optimal policy parameters

θ∗
k
← θ

12: Break (promotion condition satisfied; proceed to next
stage Ek+1)

13: end if
14: end while
15: end for

renormalization is applied to the output logits zt, with z′t =
zt+ log(Mt+ ε). This operation assigns zero probability to
invalid actions and blocks gradient propagation along ille-
gal paths, thereby improving search efficiency in constrained
spaces.

The training process follows a decentralized execution and
centralized evaluation paradigm. All agents share the uni-
fied differential reward rt in Sect. 4.1.3, and local policies
are jointly optimized for makespan minimization. Parameter
updates use the following composite loss function:

LTotal = −Et[min(ρtAt,clip(ρt,1− ε,1+ ε)At)]

+ c1LVF(φ)− c2S[πθ ], (10)

where ρt denotes the ratio between new and old policies, At
denotes the advantage function, and S[πθ ] denotes policy en-
tropy.

5 Experimental results and analysis

The proposed method is implemented with PyTorch and
runs on a workstation equipped with an AMD Ryzen 7
8845H CPU, 16 GB RAM, and an NVIDIA GeForce RTX
4060 Laptop GPU with 8 GB VRAM. All random seeds are
fixed to ensure reproducibility, and each reported result is
averaged over 100 independently sampled test instances per
scale configuration.
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5.1 Training efficiency and curriculum efficacy validation

To evaluate the effect of the curriculum mechanism, two
training settings are considered: progressive training with
CH-MADRL and direct training with standard DRL. CH-
MADRL is trained from E1 (10× 5× 3) and promoted stage
by stage under the dual-gating criteria defined by δperf(k)
and δstab, with parameter warm start used at each stage tran-
sition. Standard DRL is trained end to end on the target
scale 20× 10× 5.

Supply chain networks involve coupled order, resource,
and logistics flows, making curriculum design an impor-
tant factor in training efficiency. Two curriculum expan-
sion strategies are compared: single-dimension expansion,
which increases only the number of orders while keeping the
manufacturer scale and logistics capacity fixed, and mixed-
dimension expansion, which jointly increases order quantity,
manufacturer scale, and logistics capacity.

As illustrated in Fig. 3a, standard DRL shows pronounced
oscillation in the early training stage and converges to a sub-
optimal makespan of about 1500, reflecting cold-start dif-
ficulty. CH-MADRL exhibits brief performance drops near
stage transition points but recovers quickly after each transi-
tion and converges to a lower makespan. Figure 3b shows that
mixed-dimension expansion leads to smoother stage tran-
sitions and faster convergence, while single-dimension ex-
pansion produces noticeable performance drops when later
stages introduce abrupt parameter changes.

5.2 Overall scheduling performance comparison

To evaluate the scalability of the framework, experiments
are conducted across six gradient scales from 10× 10× 5
to 20× 10× 5, with 100 independent random test instances
generated for each configuration. To simulate dynamic dis-
turbances and resource heterogeneity in supply chains, criti-
cal environment parameters are independently sampled from
uniform distributions:

1. Dynamic order arrivals: Release timesAi ∼ U[30,300].

2. Resource capability fluctuations: Manufacturer process-
ing quality qj and logistics transportation quality qv ∼

U[0.1,1.0].

3. Logistics time-lag distribution: Inter-node transporta-
tion times ttrans ∼ U[1,10].

The average makespan comparison of various algorithms
across different scales is presented in Fig. 4. Results demon-
strate that CH-MADRL maintains performance advantages
across all test scales. Particularly in the highest-complexity
20× 10× 5 large-scale scenario, CH-MADRL converges to
an average makespan of 1764.82, representing a 2.3 % reduc-
tion compared with standard DRL (1806.67), validating the
scalability of the proposed method in high-dimensional state
spaces.

The reliability of supply chain scheduling solutions is typ-
ically measured through statistical dispersion of the results.
The boxplot distribution in Fig. 5 further reveals that CH-
MADRL solutions exhibit more compact distribution pat-
terns with fewer outliers. Specifically, at the 20× 10× 5
scale, CH-MADRL achieves a makespan standard deviation
of 257.36, lower than that of the baseline (272.58), represent-
ing a 5.6 % reduction.

5.3 Horizontal comparison with baseline algorithms

To comprehensively evaluate the performance advantages of
CH-MADRL, this subsection conducts comparative experi-
ments with three representative algorithm categories:

1. Composite heuristic rules (rule 1–4): Four composite
greedy strategies are constructed for multi-stage collab-
orative characteristics of supply chains. Four classical
order priority rules (EST, MOPNR, SPT, MTWR) are
combined with, respectively, manufacturer and logis-
tics assignment rules based on shortest processing time
(SPT), serving as local-optimal baselines.

2. Metaheuristic algorithm (GA): Standard GA is intro-
duced as a classical global search baseline to evaluate
whether deep reinforcement learning methods can ap-
proach or surpass traditional evolutionary computation
methods in solution quality.

3. Deep reinforcement learning baselines (A2C,
DRL+ IL): The on-policy algorithm A2C is in-
troduced to validate the advantages of the PPO
architecture adopted in this paper regarding update
stability. DRL+ IL incorporating expert demonstra-
tion is introduced to validate whether the proposed
curriculum-learning mechanism better facilitates agents
in breaking through expert experience limitations and
exploring globally superior strategies compared to
passive imitation learning.

The three-dimensional bar chart in Fig. 6 intuitively
demonstrates the scheduling results of all algorithms for
the first 20 instances at the 20× 10× 5 scale. CH-MADRL
achieves the lowest makespan in the vast majority of in-
stances, outperforming rule algorithms based on local greedy
strategies.

Figure 7 demonstrates solution quality distributions of var-
ious algorithms across different test sets through boxplots.
Results indicate that CH-MADRL exhibits comprehensive
advantages in the vast majority of test scenarios: lowest
makespan mean, most compact box range, and minimal out-
liers.

5.4 Zero-shot generalization capability testing

To evaluate the model’s zero-shot cross-domain generaliza-
tion, the converged models from Sect. 5.1, trained at the
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Figure 3. Training efficiency and curriculum efficacy validation: (a) convergence curve comparison between CH-MADRL and standard
DRL; (b) training convergence comparison between mixed-dimension expansion and single-dimension expansion strategies.

Figure 4. Performance trend analysis of CH-MADRL versus stan-
dard DRL in multi-scale scalability tests.

Figure 5. Boxplot comparison of makespan distributions across dif-
ferent scales for CH-MADRL versus standard DRL.

20× 10× 5 scale, are directly transferred to four unseen in-
stances ranging from 13× 6× 4 to 30× 15× 7 without fine-
tuning. The tests include two scenarios: a fixed-order sce-
nario, where the order quantity remains constant to assess
scalability under expanded dimensions, and a random-order

Figure 6. Makespan comparison of all methods for 20 test instances
at 20× 10× 5 scale.

Figure 7. Statistical boxplot analysis of different algorithms at
20× 10× 5 scale

scenario, where the order quantity fluctuates to assess robust-
ness under dynamic loads.
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Figure 8. Zero-shot generalization performance evaluation at different unseen problem scales: (a) fixed-order-quantity scenario; (b) random-
order-quantity scenario.

Table 2. Zero-shot generalization performance comparison at different unseen problem scales.

Problem scale Scenario Standard DRL CH-MADRL (ours) Improvement

13× 6× 4 Fixed 1205.00± 258.48 1087.38± 202.11 ↑ 9.76 %
Random 1103.47± 217.78 1001.62± 205.49 ↑ 9.23 %

17× 8× 5 Fixed 1551.18± 321.50 1523.32± 291.68 ↑ 1.80 %
Random 1300.97± 256.79 1259.36± 255.15 ↑ 3.20 %

25× 12× 6 Fixed 2749.87± 962.86 2710.55± 466.19 ↑ 1.43 %
Random 2270.23± 831.72 2235.53± 541.18 ↑ 1.53 %

30× 15× 7 Fixed 3674.75± 1060.23 3615.21± 582.97 ↑ 1.62 %
Random 2941.36± 1004.26 2875.22± 737.65 ↑ 2.25 %

As illustrated in Fig. 8 and Table 2, CH-MADRL con-
sistently outperforms standard DRL in terms of makespan
and variance as problem dimensionality expands stepwise.
Specifically, in in-distribution interpolation generalization
tests (exemplified by 13× 6× 4 and other scales), the model
achieves performance improvements of 9.76 % and 9.23 %
under fixed- and random-order conditions, respectively, in-
dicating that curriculum learning effectively drives agents
to extract general representations of underlying collabora-
tive logic rather than overfitting to specific training distribu-
tions. Furthermore, in out-of-distribution extrapolation gen-
eralization tests (facing the 30× 15× 7 scenario exceeding
the training scale), CH-MADRL maintains performance ad-
vantages of 1.62 % and 2.25 %, with standard deviations con-
sistently below the control group. These results comprehen-
sively demonstrate that the proposed framework possesses
high policy stability and structural generalization capability
when facing cross-domain and out-of-bound scales.

5.5 Interpretability and microscopic behavior analysis

To examine the decision behavior of the agents at a finer
scale, Fig. 9 compares the Gantt-chart schedules produced
by the two methods for a 20× 10× 5 instance. The tradi-
tional rule-based method, shown in Fig. 9a, is limited by

locally greedy decisions and does not account for the cu-
mulative effects of cross-node logistics delays. As a result,
manufacturing and logistics flows become temporally mis-
aligned, leading to task fragmentation and resource idleness.
By contrast, CH-MADRL, shown in Fig. 9b, produces a more
compact spatiotemporal schedule. Through time window co-
ordination and dynamic load balancing, the agents improve
the alignment between processing, transportation, and subse-
quent processing stages, avoid node congestion, and reduce
the overall makespan.

6 Conclusions

This paper proposes CH-MADRL for collaborative schedul-
ing in complex supply chain networks. A hierarchical multi-
agent Markov decision process is constructed for the joint
optimization of order assignment, heterogeneous manufac-
turer selection, and logistics vehicle scheduling. To improve
training under dynamic constraints, a constraint-progressive
adaptive curriculum is introduced, together with a stage-
conditioned dynamic masking mechanism and a dual-gated
promotion strategy. Experimental results show that CH-
MADRL achieves better convergence, lower makespan, and

https://doi.org/10.5194/ms-17-671-2026 Mech. Sci., 17, 671–684, 2026



682 J. Dong et al.: Curriculum-learning-driven hierarchical multi-agent deep reinforcement learning

Figure 9. Microscopic scheduling behavior visualization comparison between CH-MADRL and rule methods at 20× 10× 5 scale: (a) rule-
based method; (b) CH-MADRL.

stronger zero-shot generalization across different problem
scales.

The current work still has several limitations. Experimen-
tal evaluation is conducted in simulated environments with
predefined scale progression. Although the framework incor-
porates dynamic order arrivals and resource quality fluctu-
ations, it does not fully capture all disruption patterns en-
countered in real supply chain systems, such as supplier
defaults and logistics network interruptions. Extending the
framework to handle such real-world disruptions remains an
important direction for future work. In addition, the current
framework considers only makespan minimization and does
not address other objectives, such as operational cost, carbon
emissions, and delivery reliability. Future research will ex-
tend CH-MADRL to multi-objective scheduling and explore
graph neural-network-based representations to improve scal-
ability in larger and more complex supply chain scenarios.
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