Wuhan University

NJ2830/

Article ID 1007-1202(2022)06-0531-08
DOI https://doi.org/10.1051/wujns/202227653 1

Journal of Natural Sciences

2022, Vol.27 No.6, 531-538

Manufacturing Resource Scheduling
Based on Deep Q-Network

[1 ZHANG Yufei, ZOU Yuanhao,
ZHAO Xiaodong'

School of Electronic and Information Engineering, Tongji
University, Shanghai 201804, China

© Wuhan University 2022

Abstract: To optimize machine allocation and task dispatching
in smart manufacturing factories, this paper proposes a manufac-
turing resource scheduling framework based on reinforcement
learning (RL). The framework formulates the entire scheduling
process as a multi-stage sequential decision problem, and further
obtains the scheduling order by the combination of deep convolu-
tional neural network (CNN) and improved deep Q-network
(DQN). Specifically, with respect to the representation of the Mar-
kov decision process (MDP), the feature matrix is considered as
the state space and a set of heuristic dispatching rules are denoted
as the action space. In addition, the deep CNN is employed to ap-
proximate the state-action values, and the double dueling deep Q-
network with prioritized experience replay and noisy network
(D3QPN2) is adopted to determine the appropriate action accord-
ing to the current state. In the experiments, compared with the tra-
ditional heuristic method, the proposed method is able to learn
high-quality scheduling policy and achieve shorter makespan on
the standard public datasets.
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0 Introduction

With the rapid development of the Internet of
Things (IoT), a new networked smart manufacturing
mode named cloud manufacturing has made great prog-
ress. The scheduling of the manufacturing resource in a
cloud manufacturing environment can be modeled as the
Job Shop Scheduling Problem (JSSP)!". JSSP aims to de-
termine the assignment of machines and the order of
jobs within specified constraints. It belongs to the field
of combinatorial optimization and has been proven to be
a typical non-deterministic polynomial (NP)-hard prob-
lem.

Existing researches indicate that there are mainly
two types of approaches to solve JSSP, heuristic-based
algorithm and learning-based algorithm. The heuristic-
based algorithm obtains feasible solutions through
search and iteration, including the Tabu search algo-
rithm™, genetic algorithm®, and particle swarm optimi-
zation algorithm™. However, this method suffers from
certain drawbacks. For diverse distributed instances, the
search pattern is rigid and relies on expert and domain
knowledge". With the advancement and application of
deep learning, the learning-based algorithm has been
proposed to deal with the mentioned challenges. There-
fore, reinforcement learning (RL) plays an essential role
in solving JSSP. The RL agents are divided into value-
based agents and policy-based agents, represented by
deep Q-network (DQN)™ and proximal policy optimiza-
tion (PPO) ") respectively. Learning-based method up-
dates the parameters of the network through the interac-
tion between the agent and the environment, which has
shown great potential for solving JSSP.
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This paper proposes a manufacturing resource
scheduling framework based on DQN. In this frame-
work, the whole scheduling process is abstractly con-
verted into a sequential decision problem addressed by
the learning-based method. The learned agent can obtain
high-quality solutions and the policy is suitable for
scheduling instances of different scales. The main contri-
butions in this paper are summarized as follows:

1) We convert the scheduling process into an Mar-
kov decision process (MDP), taking the feature matrix
as the state space and a series of heuristic dispatching
rules as the action space under the premise of determin-
ing the scheduling features.

2) We propose a scheduling framework to solve
JSSP by adopting deep neural network named the double
dueling DQN with prioritized experience replay and
noisy network (D3QPN2). The learned dispatch strategy
demonstrates the feasibility and effectiveness of the
training algorithm.

1 Related Work

1.1 Representation Learning on Scheduling
Resources

A crucial step in the interaction between the agent
and environment is MDP designing, which includes the
definition of the state space, action space, and reward
function. The work by Lin et al™ took the feature matrix
as the state space and dispatching rules as the action
space, the input features consist of customer order fea-
tures and system features. Zhang et al” and Park ef al!'”!
considered disjunctive graphs as the state space and ad-
opted graph neural network (GNN) to learn the node em-
bedding, while Han and Yang"'" used CNN to extract fea-
tures. Regarding the reward function, existing studies
have focused on short-term rewards and long-term re-
wards including global scheduling time"™ and machine
utilization!”, the specific formulation is required to com-
prehensively take into account the relationship between
the features of operations and the optimization objective.

1.2 Deep Reinforcement Learning for
Combinatorial Optimization

There are many recent research efforts on applying
learning-based algorithms, especially RL methods, to ad-
dress combinatorial optimization problems. The existing
RL methods are divided into two categories, PPO and
DQN. PPO algorithm is a policy-based reinforcement

learning algorithm using two neural networks: one for
calculating the action distribution and the other for
evaluating it. DQN is value-based, which combines
value function approximation and neural network, and
adopts the target network and experience replay to train
the network. Refs. [5, 9, 10] adopted the PPO algorithm
to train the agent and learn the scheduling policy, while
Refs. [8, 11, 12] used an improved DQN algorithm.
There are some extensions based on DQN to enhance
performance and stability'”, such as double DQN™"¥, du-
eling DQN™, prioritized experience replay'®, and noisy
network!"”. The above variants of DQN are modified in
terms of Q-value function, network architecture, experi-
ence replay buffer and the strategy of exploration and ex-
ploitation, respectively. These improvements bring new
research space to solve the scheduling problem.

2 Problem Description

In the standard JSSP, there are m jobs J = {J|,
Jy, -+, J,} and n machines M = {M,, M,, ---, M,}. Each
job j, consists of n operations O = {O,,, O,, -*-, O,,}, and
each operation O, has two attributes, the processing time
p; and the machine number m,. The goal of JSSP is to
minimize the maximum completion time (makespan) un-
der the specified constraints. There are three constraints:
1) For all operations of the same job, the subsequent op-
eration cannot start until the previous operation is com-
pleted; 2) Each operation must be processed by each ma-
chine once; 3) A machine can only process one operation
at a time and preemption is not allowed.

As illustrated in Fig. 1, JSSP instances can be repre-
sented by disjunctive graphs”. Let disjunctive graph G =
(0, C, D) be a hybrid graph with O as the vertex set. O
is the set of all operations in the instance. There are two
special nodes, the start node S and the terminal node 7,
whose processing time is zero. C is the set of conjunc-
tions, the directed arcs, representing priority constraints
between operations of the same job. D is the set of dis-

Fig. 1 The disjunctive graph representation of a JSSP

instance
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junctions, the undirected arcs, representing machine con-
straints. Each edge connects a pair of operations that re-
quire to be processed by the same machine. Therefore,
acquiring a solution is equivalent to determining the di-
rection of disjunctions, so that the scheduling result is a
directed acyclic graph (DAG).

3 Method

3.1 Proposed Schedule Framework

The proposed framework is implemented to tackle
the JSSP under the smart manufacturing environment.
The overall architecture is displayed in Fig. 2. The left
part is the scheduling environment JsspEnv, and the
right part is the network structure named D3QPN2
which is a modified multi-layer neural network based on
DQN.

To begin with this process, the JsspEnv initializes
the MDP according to the scheduling instances and
feeds the current state into the agent. For a given state,
the CNN is applied to extract features and approximate
the state-action value (Q-value). Then the agent selects
the action with the maximum Q-value to feedback to the
environment. After receiving the action from the agent,
the environment executes the action and calculates the
corresponding reward, and then transfers to the next
state. The state, action, next state, and reward during the
interaction are stored in the replay buffer, and the agent
updates the parameters by sampling the transition data
from the buffer. After continuous interactions and up-
dates as described above, the agent will be able to learn
the converged scheduling policies.

3.2 Markov Decision Process Formulation

The state space, action space, and reward function

constitute the majority of the MDP, which is constructed
based on the interaction between the agent and the envi-
ronment. We use Gymjsp'? as the environment to con-
vert the scheduling instances into MDP.

State
tion process and preserve more effective information,

In order to simplify the feature representa-

the feature matrix is considered as the state space of the
manufacturing environment. The feature matrix can be
viewed as a multi-channel image, and the subsequent
feature processing is performed by CNN. We take the
number of jobs m as the length of the image, and the
number of operations n as the width. In addition, to de-
scribe the current state more comprehensively, each op-
eration is assigned seven scheduling features. Each fea-
ture corresponds to a channel, and they are listed as fol-
lows:

1) Processing time: the required time of completing
the operation.

2) Node Status: three kinds of status, 1 indicates fin-
ished, —1 indicates waiting, and O indicates processing.

3) Doable flag: True indicates the operation is do-
able.

4) Waiting time: the waiting time starts to calculate
when the previous operation is completed and the cur-
rent operation is ready to be processed until the specified
machine is idle and starts to execute this operation.

5) Remaining time: the remaining time is calculated
from the moment the current operation is being pro-
cessed until the entire operation is completed, and the
value is the processing time of the operation minus the
time it has been executed.

6) Remaining operation: the number of subsequent
operations in the same job. It is calculated from the total
number of operations contained in this job minus the
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Fig.2 The overall scheduling framework of D3QPN2
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number of operations that have already been executed or
are in progress.

7) Completion ratio: the degree of completion of
the entire job, namely the number of completed opera-
tions as a proportion of all operations in the job.

Action The action space consists of a set of heu-
ristic dispatching rules shown in Table 1. Each dispatch-
ing rule prioritizes the set of doable operations corre-
sponding to each machine in accordance with different
demands. The agent selects the appropriate rule to sched-
ule operations for specified time steps. Therefore, the fi-
nal scheduling result is the combination of a series of
heuristic rules.

Table 1 Dispatching rules

Rule Description

FIFO Process the first job in available operations
LIFO Process the last job in available operations
LPT Process the job with the longest processing time
SPT Process the job with the shortest processing time

LTPT  Process the job with the longest total processing time

STPT  Process the job with the shortest total processing time.
MOR Process the job with the most operations remaining
LOR Process the job with the least operations remaining

Reward Regarding reward function, the relation-
ship between single step reward and optimization objec-
tive should be considered comprehensively. We adopt
machine utilization as the reward function which is de-
fined in Eq. (1). The smaller the number of idle ma-
chines, the higher the machine utilization and the greater
the rewards obtained.
the number of idle_machine
the number of total machine

reward= —

(M

State transition and terminal criterion Once
the agent determines an action based on the current state
and feeds it back to the environment, the environment
performs the action for designated steps and switches to
the next state. The model will update parameters based
on the data of the state transition and terminate when the

maximum number of episodes is reached.

3.3 Double Dueling DQN with Prioritized
Experience Replay and Noisy Network

Based on the DQN algorithm, there are four im-

provements'? in different directions, namely double
DQN, dueling DQN, prioritized experience replay, and
noisy DQN, which can boost the performance of the
agent to a certain extent. In our work, the above variants
are combined to form D3QPN2 to address scheduling
problems. The specific process is shown in Algorithm 1.

Double DQN is adopted to address the problem of
the overestimation of state-action value from DQN. As
shown in Eq. (2), the action corresponding to the maxi-
mum Q value is obtained through the behavior network
and then the expected value is calculated by substituting
the action into the target network.

Y= 490 (s, argmax,0(s,.y. a:0):607) (2)

Dueling DQN divides the state-action value into
two parts which share the same convolutional encoder f,
representing state value function ¥, and action advan-
tage function 4, respectively, and then aggregates the
two values. By modifying the network architecture, the
performance is significantly improved. The formulation
of the dueling network is as follows:

0(s.a;0) =V,(fis)) +4,( f5).a)
_ DALs).@)

the number of actions

)

The traditional DQN samples transitions uniformly
and randomly from the replay buffer. While the priori-
tized experience replays samples data with the priority p
related to the absolute value of temporal difference (TD)
error. New transitions are stored with the highest priority
to ensure that they are sampled at least once. The formu-
lation of TD error is as follows:

TD error=r,,, +yQ(sM,argmax,,Q(s,H, a; (9) ; 9’)
_Q(Sz’ a,;@) (4)

The noisy network is an exploration and exploita-
tion strategy different from epsilon-decreasing strategy.
For the same state, the latter adopts a completely ran-
dom strategy and may select different exploration ac-
tions, while the noise network using the factorized
Gaussian noise will select the same exploration actions.

W:ﬂw‘i‘o-waW (5)
b=p’+c"Oc" 6)
y=b+wx @)

As shown in Egs. (5) to (7), &” and &” are Gaussian
noise vectors with mean value of 0, the other variables
are network parameters, and © is an operator used to
multiply elements by elements.
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Algorithm 1 D3QPN2

Input: Environment JsspEnv, random parameters of the network
Output: The learned scheduling agent

1: Initialize noisy behavior network Q with random weights 6

2: Initialize target network O with random weights - =6

3: Initialize capacity N of replay memory D, target network update frequency F, schedule cycle C

4: For episode = 1 to Maximum do

S: reset the JsspEnv and get state s

6: While done == False

7: Select dispatching rule a = argmax,QO(s, a; 6) from noisy behavior network Q

8: Execute a for C times, calculate the reward » and obtain the next state s’

9: Store transition (s, @, 7, s', done) in D with highest priority

10: Sample minibatch (s;, a;,7;, s/, done)) of transitions according to priority p from D
r; if terminal

i sety;= k,+yQ(s}, argmaxaQ(sj’, a; 6) ; 0’) otherwise

12: Calculate the loss L=(y;— O(s,,a,; #))* and update priority p

13: Perform a gradient step on loss with respect concerning parameters

14: End While

15: Every F times, update the network Q: 0=0

16: End For

4 Experimental Results

In this section, we evaluate the performance of the
proposed method under the scheduling environment
Gymjsp"?. Compared with single fixed heuristic dis-
patching rule and genetic algorithm, our approach can
achieve shorter makespan on public JSSP instances.

4.1 Experimental Setup

Dataset
of public JSSP instances of different sizes. The schedul-

Our experiments are conducted on a set

ing dataset consists of Lawrence (la)!"", Applegate and
Cook (orb)"”, Taillard (ta)", and Storer, Wu and Vaccari
(swv) ™. The above dataset contains different numbers
of jobs and machines, in addition to setting priority con-
straints on operations and machine constraints. The per-
formance of the scheduling method is evaluated by the
scheduling time of the instances, also known as makes-
pan.

There are hundreds of heuristic-based
algorithms proposed for JSSP in previous studies with

Baselines

varying principles and performance. In order to save
computational costs, we cannot compare them exhaus-

tively, so the appropriate baselines are selected for com-
parison. As described in this method, the action space is
represented by a collection of heuristic dispatching
rules, therefore we choose eight single fixed rules as the
baseline, including FIFO, LIFO, LPT, SPT, LTPT, STPT,
MOR and LOR. Detailed information of single rule is
shown in Table 1. In addition, to facilitate comparison
between traditional heuristic algorithms and learning-
based methods, the genetic algorithm (GA)™ is consid-
ered as another baseline. The mentioned baselines are
implemented in Python and set the same parameters.

Models and configurations The fixed hyperpa-
rameters for training are shown in Table 2. The CNN ar-
chitecture is adopted to approximate the Q-value. Firstly,
three convolutional layers are used for feature extrac-
tion, and then the fully connected layer is employed to
calculate the state value and action advantage, which are
combined into Q-value. For each instance size, we train
the agent network for 8 000 epochs on Pytorch 1.7.1
with CUDA 10.1. The information on hardware is as fol-
lows: 1) CPU: Intel(R) Xeon(R) Gold 5220 CPU@
2.20GHz; 2) GPU: GRID V100DX-16C.
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Table 2 Hyperparameters for training

Hyperparameter Value
Number of training episodes 8 000
Buffer size 10 000
Batch size 64
Target Q update frequency 100
Schedule cycle 8
Discount factor y 0.99
Prioritized replay a 0.6
Prioritized replay S 0.4
Learning rate 0.000 1

4.2 Results and Discussion

To explicitly compare our approach with baselines,
the scheduling results on the different methods are
shown in Table 3. The curves of reward value and
makespan during the training process are displayed in
Fig. 3, where the instance 1a31(30x10) is taken as an ex-
ample. Figure 4 presents the Gantt chart of the final
scheduling result, taking an example of instance orb01
(10%10). It is added here that the instance swv11(50%10)
is only trained for 3 000 epochs due to its large scale and
high training cost, and the instance swv01(20x10) shows
the convergence results for 5 000 epochs.

Table 3 presents the makespan on different sizes of

instances obtained from our method and baselines. The
makespan is considered as the evaluation index, and the
smaller the makespan, the better the performance of the
corresponding method. What stands out in the table is
that our approach yields optimal results on each scale in-
stance. Specifically, it can be observed that the genetic
algorithm can achieve scheduling results close to
D3QPN2 when the instance size is small, while as the
size becomes larger, its performance turns worse com-
pared to other heuristic dispatching rules, demonstrating
that the genetic algorithm is hardly effective in solving
large-scale scheduling problems. In addition, there was a
significant difference among the eight single fixed dis-
patching rules. In terms of average scheduling time, SPT
performs the best and LPT has the worst performance
but is still a little in advance of the genetic algorithm.
Calculated from the average time, the performance of
D3QPN2 exceeds GA by over 22%, and as for the opti-
mal single rule SPT, it still improves by 10%. Taken to-
gether, these results suggest that our method is able to
achieve a better solution than other baselines with
shorter makespan, that is to say, the learning-based ap-
proach does perform better than the traditional heuristic-
based approach selected in our experiments.

Figure 3 displays the reward and makespan curve.
During the training process, the reward value continu-
ously rises and gradually converges, while the schedul-
ing time tends to be the opposite, becoming progres-

Table 3 Results on the standard public datasets

Dispatching rule
Instance Size GA Ours
FIFO LIFO LPT SPT LTPT STPT MOR LOR

la01 10x5 830 764 822 751 835 933 763 941 694 675
1a06 15%5 1078 1031 1125 1200 1098 1012 926 1095 952 926
lall 20%5 1577 1580 1467 1473 1416 1 446 1222 1586 1311 1222
la21 1510 1417 1479 1451 1324 1278 1541 1251 1547 1394 1196
la31 30x10 2148 2256 2245 1951 2083 2270 1836 2129 2336 1834
orb01 10x10 1 456 1495 1410 1478 1308 1458 1307 1410 1378 1134
ta01 15x15 1830 1627 1701 1462 1639 1501 1438 1737 1 808 1401
swv01 20%10 1889 2123 2145 1737 1961 1751 1971 1838 2167 1642
swv06 20x15 2243 2331 2 542 2 140 2327 2 360 2287 2383 2 794 1971
swvll 50x10 3808 3744 4763 3714 3928 3834 4642 4029 5143 3505
Average — 1827 1843 1967 1723 1787 1810 1764 1 869 1997 1550




ZHANG Yufei et al: Manufacturing Resource Scheduling Based on Deep Q-network

537

sively shorter and fluctuating smoothly within a certain
range. Due to the exploration and exploitation strategy
of reinforcement learning, the curve oscillates continu-
ously through training, but a convergence trend remains
observable, and the oscillations become smaller at later
stages. This oscillation is also variable for instances of
different sizes, as the size gets smaller, the state space re-
duces. In addition, the speed of convergence of the re-
ward value is also related to the instance size. The
smaller the size of the instance is, the faster it converges.

Figure 4 presents a Gantt chart of the scheduling or-
der. It can be clearly seen that different colors are used
to denote different categories of jobs, and the beginning
and completion times of the operation on the specified
machine are also visualized. By verifying the constraints
such as instance data, the corresponding machine num-
bers and processing time, it can be demonstrated that the
agent can efficiently and correctly accomplish the entire
scheduling process. The results also illustrate the feasi-
bility of the proposed method.
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5 Conclusion

In this paper, we propose a manufacturing resource
scheduling framework based on improved DQN to solve
JSSP. Taking the feature matrix as the state space and
the set of heuristic dispatching rules as the action space,
we formulate the whole scheduling process as an MDP.

In our framework, the dispatching features of operations
are extracted by CNN, and it can learn a high-quality
scheduling strategy using D3QPN2 from the transitions.
The experimental results on the standard public dataset
show that the agent can achieve better performance than
traditional methods and single fixed dispatching rule un-
der the premise of convergence.
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In future research, we intend to explore more com-
plex conditions, including multiple objectives and uncer-
tainties. Additionally, since the current policy can sched-
ule instances of the same size as the training ones, subse-
quent studies will concentrate on enhancing the general-
ization of the model.
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