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Abstract: Garment production represents a typical form of social manufacturing, where orders are received
centrally but processed in a decentralized manner. Factories are equipped with different processing
capabilities that cater to highly tailored demands. Despite extensive research on production order allocation,
the changeover costs in garment manufacturing and the fairness of earnings among factories remain largely
neglected. This paper proposes Hierarchical Attention-based reinforcement learning for order dispatching
in garment production. In this paper, we propose Hierarchical Attention-based reinforcement learning for
order dispatching in garment production. Specifically, a novel Hierarchical Attention Network is introduced
to model the complex relationships between factories and orders, as well as the long-term income fairness
of factories. Finally, the proposed method is deployed on the Cyber-Physical Internet.
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1. INTRODUCTION

Apparel manufacturing is a highly customized and highly
flexible production task. With the rapid development of 020
(Online-to-Offline) platforms, a new wave of fast fashion
companies characterized by high delivery frequencies and low
lead times has emerged in recent years. Leading this trend,
companies like SHEIN have established flexible supply chains
by forming deep partnerships with thousands of small and
medium sized garment factories within regional networks. It
enables a small-batch, quick-return production model.

In 2022, SHEIN achieved a Gross Merchandise Value (GMV)
of $29 billion, surpassing traditional fast fashion brands such
as Zara. By 2023, SHEIN’s GMV had grown rapidly to nearly
$45 billion, placing the company among the most highly
valued unicorns globally. This demonstrates that the flexible
manufacturing approach pioneered by SHEIN has become an
inevitable and dominant trend in the apparel industry.

Community manufacturing serves as a critical framework for
achieving highly flexible production. Within a five-kilometer
radius of SHEIN’s headquarters, there are thousands of
associated suppliers and manufacturers. When an order arises,
every production step—from printing to final cutting—can be
undertaken by multiple factories. In this process, the
company’s task of allocating orders to factories represents a
classic NP-hard Order Dispatch Problem (ODP). Specifically,
factories upload available orders to the platform, which then
assigns these orders to various factories. Finally, the factories
complete the orders and deliver them back to the company.

One of the key factors in enhancing the overall efficiency of
apparel manufacturing lies in addressing the platform’s Order
Dispatch Problem (ODP). The ODP involves the platform
allocating appropriate order steps to factories within a short
time frame, ensuring that orders are processed in the specified
sequence. The goal is to optimize practical production
objectives, such as minimizing completion time, delays, and

production costs.However, the current order dispatching
algorithms in apparel manufacturing face several typical
challenges:

1) Neglect of Factory Changeover Costs: Current scheduling
methods fail to account for the costs associated with
production line changeovers, where workers require time and
effort to adapt to new processes. This adaptation challenge
reduces product quality and production efficiency. In
traditional apparel manufacturing models, workers could focus
on producing the same clothing style over an extended period,
allowing their proficiency to improve. However, with the trend
of small-batch orders and rapid style changes, workers often
face the need to quickly adapt to new requirements just after
mastering the previous process. Many workers, unable to cope
with these frequent adjustments, choose to resign.

2) Fairness in Factory Revenue: Beyond considering
production constraints, order dispatching must also account for
the fairness of factory revenue to ensure the long-term
sustainability of the entire system. These order dispatching
platforms are often internally developed by companies, where
efficiency—such as maximizing production profit—has been
the primary metric for performance evaluation. However,
prioritizing efficiency inevitably compromises the interests of
factories. Over time, this imbalance can undermine the
sustainability of the order dispatching system and even
jeopardize the company’s long-term viability.

To address the above challenges, this study proposes a
Hierarchical  Attention-based Reinforcement Learning
Scheduling Framework to achieve fair order dispatching.
Specifically, the contributions are as follows:

1) A novel Hierarchical Attention-based network is proposed
to model complex relationships between orders and factories,
including changeover costs and factory competition intensity,
thereby enhancing decision-making quality.
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2) By integrating factory revenue considerations during the
ranking phase, this framework accounts for the production
preferences of factories. This approach helps to balance long-
term revenue disparities among factories, ensuring the long-
term sustainability of the order dispatching system.

2. RELATED WORKS

2.1 Order Dispatching and Flexible Job-Shop Scheduling
Problem

The Order Dispatching Problem (ODP) typically refers to the
process of reasonably dispatching a large number of orders to
riders or drivers in real-time within a very limited decision
time, as seen in ride-sharing services or on-demand food
delivery services (Chen et al., 2024). The primary goals of
dispatching are generally to minimize delivery time (X. Wang
et al.,, 2023), improve delivery efficiency and customer
satisfaction(Joshi et al., 2021), or maximize gross merchandise
volume (GMV) (Shi et al., 2021). In these ODP scenarios, the
dispatched entities are usually individuals with preferences
and choices, such as riders or drivers. Consequently, research
on such problems not only focuses on improving service
efficiency but also ensures fairness in income distribution
among individuals, thereby benefiting the platform's long-term
performance (Sun et al., 2024). This bears certain similarities
to order allocation in production factories, as factories, being
revenue-generating production entities, also rely on fair
income distribution to sustain retention on the platform.

However, the order allocation process in manufacturing
factories differs from the aforementioned ODP scenarios. In
food delivery and ride-hailing platforms, the order allocation
process is completed in a single step, where orders are simply
matched with service providers. In contrast, in garment
manufacturing, a single order often consists of multiple steps
that must follow a predefined sequence, and each step must be
performed in a designated factory. This process closely
resembles the Flexible Job-Shop Scheduling Problem (FJSP)
(Lei et al., 2022).

FISP is a task allocation problem commonly encountered in
manufacturing, where, given a set of jobs and machines, the
goal is to allocate operations of each job to machines with
diverse capabilities and determine their processing sequence
while meeting technological constraints (Song et al., 2023).
The objective is typically to optimize realistic performance
metrics such as minimizing the makespan. As a classic NP-
hard scheduling problem, FJSP has been tackled using various
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methods, including exact algorithms, heuristics, and meta-
heuristics (Lei et al., 2022).

With the development of Deep Reinforcement Learning
(DRL), end-to-end DRL methods that automatically generate
Priority Dispatching Rules (PDRs) have gained increasing
attention. These methods utilize neural networks to capture the
global state of scheduling problems, guiding decision-making
actions toward maximizing rewards. This approach achieves a
balance between accuracy and efficiency, making it a
promising direction for solving complex scheduling
challenges (Wang et al., 2024).

Based on the above analysis, the order dispatching problem in
garment manufacturing not only requires consideration of
income distribution fairness, as in typical ODP problems, but
also must account for manufacturing sequence constraints, as
in typical FISP problems. Therefore, this paper proposes an
end-to-end deep reinforcement learning method to model and
address both aspects of these constraints.

2.2 Cypher-Physical Internet (CPI) and CPI Router

Cyber-physical internet (CPI) in manufacturing is to establish
a new paradigm for manufacturing cooperation, similar to how
sending and receiving instant messages over the internet is a
solution (Qu et al., 2024).

The router is a primary component of a computer network that
connects networks, responsible for routing and forwarding
datagrams. Datagrams are typically forwarded from one router
to another across the network until they reach their destination
node (He et al., 2024).

Similarly, in this paper, the CPI Router serves as a critical
information transmission tool for inter-factory production
scheduling. By forwarding the order data package through the
distributed CPI Routers in each factory, the system facilitates
the dispatching of company orders, aggregates order
information, and synchronizes the production status of
factories and the processing status of orders in a timely manner.

Furthermore, the Internet Protocol Address (IP address)
concept is introduced in the CPI. Using IP addresses to
represent physical locations—compared to traditional latitude
and longitude—enables the system to achieve hierarchical and
logical addressing for regions, and also provides a vast address
space and enhances user privacy protection.
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Figure 1. Overview of the proposed method.
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3. PROPOSED METHOD

The overall framework of the proposed method is shown in
Figure 1. First, after company orders are released, they are
added to the order pool and incorporated into the order
information by retrieving the processing status of factories
through the CPI Router.

Next, in the order dispatch phase, scheduling is performed for
the orders in the order pool, including feature extraction based
on the Hierarchical Attention Network and decision-making
based on reinforcement learning.

Finally, according to the decision-making results, orders are
assigned to each factory, forming a task list for each factory,
which is then sent to the factory’s CPI Router. At the same
time, rewards are generated based on the scheduling results,
and the states are updated accordingly.

3.1 Order Data Design

In this section, we design the data package for orders in the
system, including the order information generated by the
company and the factory information aggregated through CPI

router, to provide scheduling information for order dispatching.

The format of the order information issued by the company is
shown in Table 1. Here: 'Step sequence' indicates the
processing sequence of the order. The order needs to go
through three steps for completion. 'Requirement' specifies the
requirements of the order, such as the process specifications
required at each step, presented in natural language. 'Next_hop'
indicates where the order will be sent after the current step is
completed, represented using an IP address.

Different steps of an order need to be processed in different
factories, and their corresponding relationships are shown in
Table 3 and Table 2. This information is transmitted by each
factory's CPI Router. As shown in Table 3, the production cost
of a specific step for a single product in a certain factory is
listed. Table 2 indicates the processing time required for a
single product at a specific step in a factory. If a factory cannot
produce the step, it is replaced with a very large value.
Together, these tables form the order data package, which
serves as the data foundation for the order dispatching stage.

3.2 Order Dispatching

This section first models the order scheduling process as a
Markov Decision Process (MDP), including the state, action,
transition, and reward. Then, it introduces the proposed
Hierarchical Attention Network-based reinforcement learning
(HAN-RL), which models and extracts features between steps
and factories through HAN. By leveraging deep reinforcement
learning, it selects steps and factories, ultimately outputting
feasible step-factory (S-F) pairs. It should be noted that, as
Table 2. Time (/pic in each factory) (Day

Step Fl F2 F3
S1 0.1 lel0 lel0
S2 0.1 0.1 lel0
S3 lel0 lel0 0.3

Table 3. Price (/pic in each factory) (USD

Step F1 F2 F3
S1 2 0 0
S2 2 1.5 0
S3 0 0 5
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Table 1. Order Information table

Order ID 0001
Step sequence S1-S3-S2
Order_quantity 100

Order_place _time 2023/10/22
Order_due_time 2023/11/09
Requirement XXX
Next_hop 192.168.0.238

discussed in Section 1, the apparel community manufacturing
scenario in this paper places factories within a few kilometers
of each other. Therefore, we do not account for transportation
costs between factories.

3.2.1 MDP Formulation

In the system, let there be a factory F; € F and an order set
O, € O . The time horizon is discretized into equal-length time
slots 7 ={1,2,..T} .Each order consists of j steps that must
be processed in a specific sequence, forming the step set
S; =1{S.,S.,,...5;} for each order. The set of all steps across
all orders is denoted as S=J,S, .

State: Ata given time ¢, the decision-making process depends
on: a) The set of all steps S’ €S, excluding those already
completed and that do not affect subsequent scheduling. b) The
set of all machines F, € F , excluding those incapable of
processing any unscheduled steps.

Let the compatible step-machine pairs between S and F' be
denoted as A’ . At time ¢, the feature vectors for each step S,
factory F', and S-F pair are defined in the appendix. The state
s, attime ¢ is defined as the combination of S*, F',and A'.

Action: The action g, € A" is defined as the set of all feasible
S-F pair at time ¢ . A pair is considered feasible if all preceding
steps of SU. have been completed and the factory £ .

Transition: After taking action a, at time ¢, the state of all
steps, factories, and S-F pairs is updated, resulting in a new

Sr+1 .

Reward: The reward should guide the agent to select actions
that reduce the makespan while balancing system income
fairness and efficiency. Thus, at time ¢, the reward consists of
two components. For the makespan component, inspired
by(Song et al., 2023), the lower bound of the completion time
of §; at time ¢ is denoted as C(S,,s,) . Assuming
C(S.,5,) =0, the lower bound of the completion time for
unscheduled steps can be estimated as
C(Sy,8) =C(Si-n,8)+mineg, p; , where p; is the
processing time of S, on factory F, . Consequently, the
makespan at time ¢ can be expressed as maXses C(Sy,s,) .
The first component of the reward, 71, is then defined as the
difference in makespan between time ¢ and #+1:

rl, =maxg s C(S;,s,)—maxg s C(S;,S,.,) ey
The cumulative 71 over the entire process is:
zt:O rlt = maXS,-/- = Q(SU 7S()) - Cmax (2)

Where C,,, represents the makespan of all steps in the entire
process, and maxg,s C(S;,s,) is a constant. Therefore,
minimizing the makespan is equivalent to maximizing

Z[:o rl, .
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In terms of system revenue, to reduce long-term income
disparities among factories and enhance the overall
sustainability of the system, the factory accumulative income
(FAI) and the Gross Merchandise Volume (GMV) in the
system are defined as follows:

FAI. At the end of a certain time slot ¢, let the set of
accumulated order steps received by factory F, be S; €S.

The factory accumulative income (FAI) of factory F, at time

¢ is then defined as u; :Z .k, where v} represents the
S;es

1]
processing price of step S; at factory F;.

GMYV: The total FAI of all factories at the end of the time
horizon is defined as the Gross Merchandise Volume (GMV)
of the platform, denoted as G = Zﬂe - u .

This section adopts GMV to measure the platform's long-term
efficiency and uses Max-Min Fairness (Sun et al., 2024) to
evaluate income fairness among individual factories.
Accordingly, the second part of the reward is defined as:

r2, = max{(1- f)min,, _, u2+%zﬂsfu,i} (3)

Where, S is the coefficient that balances platform efficiency

and fairness.
The final reward of the MDP process at time ¢ is defined as:

n=ay, rl+(1-ar2, 4)

In this context, a is the coefficient that balances the
platform’s revenue with production efficiency.

Policy: The policy 7z(a, |s,) is defined as the probability
distribution over the action set A’ given the state s, . This
distribution will be derived using the proposed Deep
Reinforcement Learning (DRL) algorithm in this paper.

3.2.2 Hierarchical Attention Network

The structure of the Hierarchical Attention Network is shown
in Figure 3. This network is divided into two modules, which
are responsible for feature extraction of step features and

Step Attention X L

uonuany

=2
]
2
5
o
s
)
3
-

7 WSIueyIAN
uonuany

dnoig

000 ... 000
AB3UIRIIEIUO)

D'l Filter2
(et

Linear

anW
@
2
o
@]
o)
2
5
c
<
m

€ WSIUeYIAA
uonuany

1E3UIRIZEINOD

Factory Attention X L

(O Step raw feature [ Factory raw feature

Successor Step
feature

Predecessor
Step feature

... Step currently being
- executed by Factory

Figure 3. Hierarchical Attention Network.

2073

Attention 2

(Combinaton
(Sotmn )

Concat&Linear

000 000

Add

A

X W

Lal

{00 0]

Ly JLx )
[ S——
( Filter2 )
iR
¢ d
Figure 2. Attention mechanism in Step attention.
factory features, respectively. The step attention module
includes two attention mechanisms, while the factory attention
module includes one attention mechanism. All three attention
mechanisms are based on the self-attention mechanism. The
extracted step and factory features are then combined to form
the global features.

Step attention

In the Step Attention module, it uses attention mechanism to
make the step focusing on the factory with the lowest
changeover cost.

Specifically, in Attention Mechanism 1, the competing factory
set that is idle and capable of executing step S is denoted as
M, (obtained through Filter 2). Attention Mechanism 1
calculates the attention coefficient ¢, of S, with respect to
factory Fijk € M, . Let the most recent step executed by factory
F; e M, be denoted as S*. Hence, U; represents the setup
time required to switch from S* to S, in factory Ff , and this
setup time is predefined according to product and process
requirements. Therefore, the attention coefficient e, is
calculated as follows:

1
ey = softmax(% 0,K,-AU}) Q)
M
hy =2 eV ©)
k=1
hg' = hg, +hy (7)

Where O, =th_WQ , Kie=h, W,

i

Ve =thWV > hsv eR® >

hF,;' eR", W, e R W, eR¥ W, eR"  1isa
coefficient that regulates how much the model considers setup
time.

As shown in (5), this formula explicitly incorporates the
switching cost. A higher probability corresponds to a factory

with lower switching cost and matching features. By applying



2074

1158183U0) )
ewyos
uopeuiquo)

=

(o{_voneu

Figure 4. Attention mechanism in Factory attention.

residual connections, the final step features are thus augmented
to reflect the factory’s switching cost.

Attention Mechanism 2 input step and its preceding and
succeeding steps within the same order to identify the most
significant steps. Specifically, let the preceding node of step
S, be denoted as S,;,, and the succeeding node as S,,.,, .The
attention coefficients of §; with respect to its preceding,
succeeding nodes, and itself are calculated as shown in
Equation (8). After applying softmax normalization, the
output step feature vector h', is obtained.

¢ = LeakyReLU(b [WAY[[Whs, 1) (8)
e',, =softmax(e;,) 9
h'y = o(de', Why ) (10)

Where p=j—1j,j+1, WeR%*s b eR*" . And |
represents the concatenation of vectors,

Factory attention

In the Factory Attention module, inspired by (Wang et al.,
2024), Attention Mechanism 3 introduces the competing steps
between factories. This models the competition relationships
among factories, enabling the model to focus on the most
critical factory.

Specifically, Attention Mechanism 3 introduces ¢, as a
measure of the competition intensity between F, and F,
(obtained through filterl). Here, C,, is defined as the set of
competing steps between F, and F,, and N, represents the
set of factories competing with F,, F, € N, . The attention
score of F, towards F, € N, is calculated as follows:

=0 hs (an

w,, = LeakyReLU(d [Z'h, |20y, || Zc ) (12)
u'y,, = softmax(u, ) (13)

Ry =0y Zh +, 'y Z'hy,) (14)

ds e "%
Where A, € R® | hy, b, e R" |, 7' e R, 77 e R,

=T

d eR*-

Multi-Head Attention and Pooling

To capture more global information and avoid the model
excessively focusing on its own position. Thus, this paper
adopts a multi-head attention mechanism to enhance the
model's learning ability. As shown in Figure 3, the HAN
employs H layers of attention. The outputs from each
attention layer are concatenated and transformed into the target
dimension through a linear layer. After passing through H
layers of HAN, the step features are denoted as A, and the
factory features are denoted as A" . Both are subjected to
average pooling to obtain the global feature.
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3.2.3 Decision Making

This section employs an actor-critic RL-based network for
decision-making. The objective of the actor network is to
generate the probability of distribution of actions, i.e., the

policy network 7(a, | s,) . In this part, the learned step features,
factory features, global features, and raw S-F features are
contact and used as inputs and are passed through MLP layers :

(16)

Then, the outputs are passed through a softmax layer to
generate the action probability distribution:

exp(P(4,,5,))
>, XD 5,)
Similarly, the critic network processes the global feature

through another MLP layer to estimate the value of the state:
H
v(s,) = MLP, (h{") (18)

4. CASE STUDY

P(a,,s,) =MLP,[h" || " | " (| A, )]

a7

7,(a,|s,) =

This section designs a router for each factory based on the CPI
router proposed in Section 3, deploying it on a Raspberry Pi.
The detailed system setup is shown in Figure 5.

Each factory's corresponding router stores the factory's current
production information and the details of the orders being
processed, as shown in Figure 6. Communication between
multiple CPI routers enables the synchronization of production
information within the Cyber-Physical Internet.

5. CONCLUSIONS

To address the challenges in garment manufacturing order
allocation, including (1) the neglect of changeover costs,
which reduces production efficiency, and (2) the disregard for
long-term factory income fairness, which undermines platform
sustainability, this paper proposes a Hierarchical Attention-
based Reinforcement Learning Scheduling Framework. The
Hierarchical Attention Network incorporates two attention
modules to model (i) the changeover costs between
consecutive steps, (ii) the competitive relationships and long-
term income levels among factories, and (iii) the complex
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interactions between steps and factories. Furthermore, a CPI
Router is proposed and deployed in factories to enable real-
time synchronization of scheduling information across the
network. Ultimately, this framework achieves fair order
dispatching in garment manufacturing.
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APPENDIX

At time ¢, the feature vector is defined as follows:

Feature of Step S;

1) Minimum processing time among all factories.

2) Average processing time among all factories.

3) Span of processing time among all factories.

4) Proportion of factories that S; can be processed.

5) A binary value indicates whether S; has been scheduled or
not.

6) Estimated complete
Q(Ou ’St) = Q(Oi(H) oY ) + minkEMU pi]/{' .

7) The number of unscheduled steps in 0, .
8) The sum of average processing time of unscheduled steps
in O,.

9) Waiting time that the time from the ready time until 7, .
10) Remaining Processing Time that the time from 7, until the
completion time.

Feature of Factory F,

1) The most recently executed step S* of factory F;.

2) The estimated cumulative income u; of factory F, upto ¢.
3) Minimum processing time among all steps.

4) Average processing time of steps that F; can process.

5) Free time that the moment when F; is free.

6) Waiting time that the time from the free time until 7, .

7) Working tag, if F; is working then the value is 1.

time

8) Remaining processing time, the time from 7, until free time.

Feature of Step-Factory pair (S;,F,)
1) The processing price v; of step S, at factory F; .

2) The processing time p; of step S, at factory F;.

3) Ratio of p; to the maximum processing time of S .

4) Ratio of p; to the maximum processing time of candidates
that F, can process.

5) Ratio of p; to the maximum processing time of
unscheduled steps.

6) Ratio of p; to the maximum processing time of
unscheduled steps that F, can process.

7) Ratio of p; to the maximum processing time of compatible
pairs Fair Order Dispatching.

8) Ratio of p; to remaining workload of O, .

9) Summation of waiting time of S, and F,.

y
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