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Abstract: To operate flexible manufacturing systems efficiently, a robust and optimal 
production control is crucial. With an increasing number of workpieces being 
processed in parallel, ensuring guaranteed lead times represents a complex 
optimization tasks, better known as the flexible scheduling problem. Cooperative 
multi-agent reinforcement learning approaches have recently shown their potential in 
production control. However, ensuring guaranteed lead times in flexible 
manufacturing systems with these approaches remains an open problem. In this work, 
an existing cooperative multi-agent framework for flexible job-shop scheduling is 
transferred and modified to optimize production control in flexible manufacturing 
systems. Using a centralized training for decentralized execution multi-agent deep 
reinforcement learning approach, the goal is to optimize order agents to ensure 
guaranteed lead times. Furthermore, a comprehensive simulation study investigates 
the effect of common knowledge on facilitating cooperation, and empirically evaluate 
the frameworks scalability to a range of challenging scenarios. 

1 Introduction 
The trend towards an increasing customization of workpieces in the manufacturing 
industry, while ensuring guaranteed lead times, can be facilitated with flexible 
manufacturing systems (FMS) (ElMaraghy et al., 2013). FMS typically consist of a 
group of universal CNC-machine tools, which are interconnected by an automated 
material handling and storage system for workpieces and cutting tools (Brecher and 
Weck, 2019). Furthermore, FMS are automatically setup and loaded and thus are able 
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to attain high flexibility and high productivity without any manual interventions 
(Manu et al., 2018). However, with an increasing number and range of machine tools 
and the number of workpieces processed in parallel, a robust production control is 
crucial for operating a FMS efficiently (Kutin et al., 2018). The allocation of 
workpieces to dedicated machine tools, e. g. for ensuring granted lead times, is 
critical, representing a complex optimization tasks, known as the flexible scheduling 
problem (Sormaz and Patel, 2018).  
Cooperative multi-agent systems (MAS) represent a promising approach to achieve a 
robust and optimized production control in fully automated FMS (Monostori et al., 
2016). Their decentralized and cooperative way of solving optimization problems, 
enable them to cope with complex control tasks (Leitão, 2009). Due to these 
characteristics MAS are essential for realising an order-controlled production, in 
which workpieces autonomously coordinate themselves through a manufacturing 
environment, e.g. a FMS (Bussmann et al., 2004). To enable the intelligent control 
and steady optimization, deep reinforcement learning (RL) techniques were recently 
applied to MAS, e.g. (Waschneck et al., 2018b). A major constraint of RL is the 
dependence on simulation environments (Gallina et al., 2019). 
Dittrich and Fohlmeister (2020) proposed a cooperative multi-agent reinforcement 
learning (MARL) framework, which is integrated in Tecnomatix Plant Simulation. 
Therein, intelligent order-agents are able to solve flexible job-shop scheduling 
problems efficiently, through learning to cooperate. The authors have shown the 
approach’s potential for successfully reducing mean cycle times in case of production 
control for job shop production environments. Their approach can also be transferred 
to the related production control domains, which can be characterized a flexible 
scheduling problem as well. Thus, this article will modify the aforementioned 
framework for ensuring guaranteed lead times in FMS through expanding the so-
called field-of-view common knowledge, i. e., the number of agents sharing 
information between each other. Schroeder de Witt et al. (2018) observed that a large 
number of cooperative multi-agent tasks benefit from considering it, as its size can 
increase the likelihood of agents learning to coordinate. To the best of our knowledge, 
to date no analysis has been performed regarding the impact of field-of-view-size on 
the performance of MARL agents learning to solve the flexible scheduling problem. 

2 State of the Art  
As mentioned in the previous section, deep RL-approaches were successfully applied 
to flexible scheduling problems. Similar approaches mainly differ regarding the 
underlying optimization goal and their optimization approach. Thus, similar 
optimization approaches are briefly categorized in Table 1.  

Table 1: Key characteristics of similar approaches  

Reference Goal of optimization Optimization approach 
(Dittrich and Fohlmeister, 
2020) 

Mean cycle times  Cooperative multi-agent 
approach (CMAA) 

(Göppert et al., 2020) Capacity utilization  Single-agent approach 



Scalable cooperative multi-agent-reinforcement-learning 307 

 

(Guo et al., 2020) Tardiness  Single-agent approach 
(Han and Yang, 2020) Total production time Single-agent approach 
(Hofmann et al., 2020) Run-trough time Multi-agent approach 
(Hu et al., 2020) Avoidance of downtimes Multi-agent approach 
(Kim et al., 2020) Tardiness CMAA* 

(Liu et al., 2020) Total production time Single-agent approach 
(Luo, 2020) Tardiness Single-agent approach 
(Shiue et al., 2020) Run-through time Single-agent approach 
(Zhu et al., 2020) Total production time Single-agent approach 
(Baer et al., 2019) n. a.  Multi-agent approach 
(Qu et al., 2019) Work-in-Progress Multi-agent approach 
(Silva and Azevedo, 2019) Lead times  Single-agent approach 
(Silva et al., 2019) Total production time CMAA 
(Qu et al., 2018) Total production costs Multi-agent approach 
(Wang et al., 2018) Run-trough time and total 

production costs 
Multi-agent approach 

(Waschneck et al., 2018a) Capacity utilization CMAA 
(Waschneck et al., 2018b) Run-through time and cycle 

times  
Single-agent approach 

(Bouazza et al., 2017) Waiting time Multi-agent approach 
(Shahrabi et al., 2017) Total production costs Single-agent approach 
(Qu, 2016) Total production costs CMAA 
(Qu et al., 2016) Total production costs Multi-agent approach 
* Scheduling via intelligent machine agents 

It can be seen that only few proposed approaches exist, which focus on optimizing the 
tardiness, i. e., ensuring guaranteed lead times. In addition, most of the approaches do 
not make any use of common knowledge between agents. None of them were applied 
to tardiness-optimization in this context. In case cooperative agents were used, no 
author has comprehensively analysed the size of the field-of-view’s effect on the 
quality of resulting joint-policy, i. e., the extent to which it facilitates cooperation 
between intelligent agents. However, as stated in Schroeder de Witt et al. (2018), an 
increased field-of-view size, and thereby increased common knowledge, enables 
complex decentralised coordination. Therefore, the field-of-view size should be 
considered. 

3 Formulation of the optimization problem  
Guarantying lead times or in other words preventing tardiness, is highly relevant in 
context of production control. The tardiness T is in our case defined as the percentage 
difference between a guaranteed lead time and the time of completion of an individual 
workpiece. As any tardiness T is in general unfavourable, the goal of optimization 
should however not be confused with just minimizing the overall tardiness. A plain 
minimisation would lead to increasing stock of finished parts and also to increasing 
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capital commitment. Instead, our goal is to reach an overall mean tardiness 𝑇ത of ideally 
zero percent or slightly below zero percent, while controlling a dynamically generated 
production program. 
Since the underlying flexible scheduling problems can be described as a fully-
cooperative multi-agent task, it can be formulated as a decentralized partially 
observable Markov decision process (Dec-POMDP) (Oliehoek and Amato, 2016). 
The Dec-POMDP is a tuple (n, X, O, U, P, R) consisting of a state space X, an 
observation function (see Eq. 1), for each state 𝑥 ∈ 𝑋 a joint action space 𝑈 ≡ 𝑈௡, a 
transition function (see Eq. 2) returning the probability of transitioning from a state xt 
to xt+1 given an action profile u, and a reward function (see Eq. 3) for each agent a. 
The agents are optimized using local and global rewards. The global reward function 
is shared. Finally, we allow terminal (absorbing) states at an episode’s end. 𝑂௜:𝑋 → ℝௗ   (1)𝑃: 𝑋௧ × 𝑈 ×  𝑋௧ାଵ → ሾ0,1ሿ  (2)𝑅௜: 𝑋௧ × 𝑈 ×  𝑋௧ାଵ → 𝑅  (3)

The presented MARL-framework applies a centralized training for decentralized 
execution approach using deep Q-learning (DQN) (Mnih et al., 2015). Agents share a 
multi-layer perceptron, trained to approximate Q-Values for observation-action pairs 
(see Eq. 4). Network parameters θ are trained using Adam (Kingma and Ba, 2015) on 
the mean squared Bellman residual with the expectation taken over transitions 
uniformly sampled from an experience replay memory (see Eq. 5), where Yt is the 
defined target (see Eq. 6). Parameters 𝜃௧ᇱ belong to a stable target network, which is 
synchronised with the current network every n transitions (Mnih et al., 2015). 𝑄௜:𝑂௜ × 𝐴௜ → ℝ (4)𝐿(𝜃𝑖)  =  𝐄௢,௔∼௣(·)ሾ(𝑌𝑡 −  𝑄(𝑜,𝑎;𝜃𝑡))ଶሿ (5)𝑌௧  ≡  𝑟௧ାଵ + 𝛾 argmaxఈ∈஺ 𝑄(𝑜௧ାଵ,𝛼;𝜃௧ᇱ) (6)

4 Modifications and hyperparameter settings  
The MARL framework (Fig. 1) contains a central DQN module and a decentralized 
cooperative MAS. Via socket-interfaces the communication to the simulation 
software Tecnomatix Plant Simulation is realised, in which an FMS can be modelled. 
Workpieces to be processed in the simulated FMS are represented as generic order 
agents ai in the cooperative MAS, available machine tools are represented as generic 
machine agents mi, respectively. Relevant machine agents mi,t are requested by 
individual order agents ai to process the equivalent workpieces. They will propose the 
request with an expected timeslot for processing. In case no processing is possible, 
the machine agent mi,t will decline the request. In order to also consider other order 
agents {ai+1,…,an} in the decision making process, a group of cooperating agents can 
be requested to provide information about themselves and their current production 
process. An agent’s field-of-view is therefore determined by the number of agents 
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providing information. After all relevant information is received by the order agent ai, 
the information is aggregated and a decision is made through evaluating the latest 
available local function approximator Qi. A more detailed description is provided in 
Dittrich and Fohlmeister (2020). 

 
Figure 1: MARL-Framework by Dittrich and Fohlmeister (2020) 

The outlined decision-making process can be fully adopted for production control of 
various FMS. A few modifications have to be considered for ensuring that the DQN 
module trains the local function approximator Qi towards an optimal mean tardiness 𝑇ത. First and foremost, the global reward function ri,T needs to be modified. For training 
the network parameters of Qi regarding an optimal tardiness, preliminary 
investigations have shown that good results can be achieved with a ri,T according to 
Equation 7: 

𝑟௜,் =  ቐ 0310−5  

∆௜ ൏ −20%−20% ൑ ∆௜ ൏ −10%−10% ൑ ∆௜ ൑ 0%      0% ൏  ∆௜ .             (7)

The combination of local and global rewards leads to a comparatively fast 
convergence towards a nearly optimal tardiness. In comparison to the fundamental 
framework the use of a larger batch size in the DQN module was implemented. 
Considering the performance of the simulation studies in section 5, the 
hyperparameter setting of Table 2 were evaluated as working well by the authors. 

Table 2: Hyperparamter settings of the DQN-approach  

Hyperparameter settings 
Warmup steps nwarmup: 3,000 
Capacity D of global replay memory:  20,000 
Exploration rate ε, decay εd of ε, εmin:  1.2, 0.9999, 0.001 
Learning rate α, discount factor γ, batch size: 0.001, 0.95, 50 
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5 Simulation Study 
To analyse the effect of an increased common knowledge between cooperating agents, 
a comprehensive simulation study has been executed. To empirically evaluate the 
scalability of the outlined approach, a total of eighteen configurations has been 
composed (Fig 2). Therefore, three FMS were designed and gradually scaled. First, 
an FMS with three manufacturing processes (MP) and three machines per MP has 
been modelled (Scenario A). Second, the FMS was scaled by duplicating the number 
of machine tools per MP (Scenario B). The production program consisted of three, 
dynamically and randomly created order types.  

 
Figure 2: Results of the simulation study concerning the common knowledge effect 
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Third, the number of MP was increased to a total of five, while leaving the number of 
machine tools per MP constant (scenario C). The production program’s complexity 
was scaled to six order types. All scenarios were simulated for production programs 
consisting of twenty as well as sixty orders. In each scenario the field-of-view’s size c 
has been varied between zero, five or ten consecutive order agents, which were 
included into the common knowledge of the decision-making order agent. The 
framework and all outlined scenarios are provided in detail in Palmer et al. (2021). 
Considering the results for scenario A, it can be seen that the MARL approach was 
able to successfully learn a control-policy in all simulated configurations, which at 
least ensured a mean tardiness 𝑇ത of zero percent or below. Thus, any tardiness was 
successfully avoided and guaranteed lead times were satisfied. However, without any 
cooperating agents (c=0) it took significantly longer to reach the desired tardiness 
corridor (hatched area). Each increase of the field-of-view size resulted in an 
improved performance. As can be observed in the sixty-order-setting, in which the 
number of executed control decisions tripled compared to the twenty-order-setting, all 
simulated scenarios reached a similar as well as stable control-policy in the long run.  
Scaling up the FMS (scenario B), i. e., increasing the underlying complexity of the 
flexible scheduling problem, lead to a significantly different performance of the c=0 
configurations. Without any common knowledge the c=0 control policies did not 
converge successfully, meaning that the desired tardiness corridor was never reached. 
The other field-of-view-configurations were able to reach the desired corridor, with 
c=10 slightly outperforming c=5. The sixty-order-setting, lead to an even more stable 
performance. Yet, due to the higher complexity, these configurations were only able 
to reach a near optimal 𝑇ത of about negative ten percent in the long run.  
Considering scenario C, c=5 and c=10 again outperformed the c=0 configuration. In 
the twenty-order-setting c=0 was at no time able to stably avoid positive 𝑇ത. For the 
most complex sixty-order-setting, ten verification runs were conducted. Therefore, 
average results are presented. It can be observed that c=0 reached a reasonable 
performance regarding its performance average. This could be explained due to no 
common knowledge of c=0, resulting in achieving a fast run-through time triggered 
by the use of local rewards. Despite this fact, it was not able to reach the desired 
tardiness corridor and was outperformed by c=5 and c=10, as well. Hence, the general 
observation can be derived that considering common knowledge positively affects the 
approach’s performance. 

6 Conclusion and Future Outlook 
Within FMS guaranteeing lead times, while avoiding tardiness and reducing capital 
commitment in parallel, represents a complex optimization task. Cooperative MARL 
appears as a promising solution. However, the factor of common knowledge between 
cooperating agents is crucial. To evaluate the effect of an increased common 
knowledge in context of scalability and performance, a comprehensive simulation 
study has been executed. The study has shown that the flexible scheduling problem 
becomes significantly less manageable without any consideration of cooperating 
agents. The consideration leads to a faster convergence towards an optimal control 
policy and results in a better performance. Nevertheless, its exact size needs to be 
critically evaluated case-by-case, as a broader common knowledge only slightly 
improved the performance, while increasing the computational complexity. Future 



312  Denkena, Berend et al. 

 

research should therefore consider further simulation studies for determining a rule of 
thumb effect of common knowledge on multi-agent learning in context of production 
control. In addition, the presented approach only includes workpieces and machinery 
so far. Thus, future research should also consider tangential processes, i. e., material 
and tool supply, as those are of high relevance for actual applications in practice.  
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