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Abstract

Optimal scheduling of chemical systems has gained interest as it provides economic advantages. The
development of methodologies for approaching this problem have expanded considerably bringing multiple
options to the process optimization field. Real world applications deal with uncertainty in multiple stages
of the process, from price fluctuations to processing times and material quality. Preventive and reactive
scheduling techniques, which adapt to uncertainty realizations were developed to approach the scheduling
optimization problem under uncertainty. Recently, the use of Deep Neural Networks (DNN) combined with
Reinforcement Learning (RL) algorithms became an option to generate policies for decision-making
processes. From the context of scheduling, a policy can be beneficial as it produces the schedule online,
responding to the needs of the process and the realization of uncertainties in real time. In this thesis, a set
of methodologies to approach the scheduling problem under uncertainty for batch systems with Deep
Reinforcement Learning (DRL) methods is presented. The state-of-the-art methods available in this area
are improved in this work with the development of different techniques that study the translation of the
scheduling problem into the framework of Reinforcement Learning.

Contrary to multiple approaches in the literature where the process environment is assumed to be a
Markov Decision Process (MDP), the methods presented in this work assume a partial observability of the
process. This is called Partially Observable Markov Decision Process (POMDP) and it is useful to handle
the uncertainty in the process as well to perceive the evolution over time of the process. To hold this
assumption for the scheduling process, the use of Recurrent Neural Networks (RNN) is implemented in
order to analyze their performance in the scheduling optimization problem. To the author’s knowledge,
these networks have not been used before with this purpose, i.e., their implementation in the literature is
focused on other features of this type of network, for instance, their capacity to handle inputs of various
lengths. This new perspective is compared with implementations framed as MDPs showing the advantage
of approaching the scheduling problem in this way.

The decision space of the scheduling problem is usually discretized into a set of actions that can be
taken in the online scheduling process with DRL. In this work we propose the use of hybrid agents that can
make simultaneous decisions in the process at every decision-step. This allows to expand the applicability
of the scheduling agent into more realistic scenarios where more than one decision is required. Moreover,
this method extends the nature of the decisions into the continuous space by using DRL algorithms that can
work on this domain. This method also allows the integration of the scheduling tasks with others levels in
the hierarchical manufacturing systems, e.g., planning or control tasks. To the author’s knowledge, attempts
to extend the number of decisions, from the agent to these other levels, are not reported in the literature.

The use of DNNs for modeling policies in the scheduling process brings the issue of the “black box”
model in which the model does not provide any descriptions of its heuristics for humans to understand the
logics behind its decisions. This becomes an obstacle when ensuring that the setting of hyperparameters
aligns with the current decisions of the agent. In other words, the agent does not provide any insights about
its decisions and the only way to check this is through the final results of the agent. To provide the agent
with interpretability, the use of attention mechanisms is implemented in this work. They allow to develop
an attention matrix at every decision-step in the process which allows to gather information on the logics
behind the decisions. Attention mechanisms have been used in the literature due to their outstanding
capacity for building correlations between the elements of the process. To the author’s knowledge, the use
of this interpretability for inspection and correction of hyperparameters in the scheduling problem is not
reported in the literature.



The algorithms from DRL that are used in the methods presented are: a) a variation of Deep Q-Learning
and b) Proximal Policy Optimization (PPO). Deep Q-Learning is a well-known DRL method that
specializes in problems with a discrete action space; on the other hand, PPO is applicable to discrete and
continuous action spaces. These methods are of relatively simple implementation and showed good
performance on the works presented in this thesis. The implementations of the methods developed were
tested on job-shops, flow-shops and State Task Networks, following objective functions related to reduction
of makespan and product maximization. Results showed that the trained agents with the presented methods
can generate schedules considering the uncertain parameters of the system, thus making this online
scheduling agent attractive for industrial-scale applications. The capacity to react of the agent is
demonstrated with the experiments performed on each study. Moreover, the results were compared with
different benchmarks including alternative DNNs and optimization solvers. The implementation of DRL
methods to approach the scheduling problem under uncertainty demonstrated that this alternative has
potential as a reactive online scheduler that can provide reliable responses in short turnaround times. The
set of methods presented in this thesis illustrate the advantages and limitations of the incorporation of
machine learning into the decision-making process in the context of chemical engineering.
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Chapter 1 Introduction

The process of scheduling optimization in the chemical engineering industry has gained increasing
relevance in recent years, as it holds significant potential to enhance the economics and sustainability of
chemical and manufacturing plants. This field aims to build feasible and near-optimal schedules that allow
the accomplishment of objectives related to economics, production, stability, and sustainability. Scheduling
can be defined as a decision-making process where resources (i.e., equipment and raw material) and
processing times are considered to organize and execute tasks over the short term [1]. These tasks consist
of unit operations required for the chemical and physical transformation of raw materials into valuable
products (e.g., filtration, reaction, and distillation). There are many factors that need to be considered for
the optimal functioning of the scheduling process which include the characteristics of the material, prices
and requirements of the process, i.e., number of machines, capacities, and service requirements (like
cleaning and maintenance). Other factors include the time availability, the demand of products from the
clients, and the parameters that have an impact on the scheduling, for example, the kinetics of the reaction
or the environmental conditions. Scheduling optimization problem aims to specify feasible and optimal
schedules that consider the demands of the plant and the available resources.

As any other real-world planning process, the scheduling of tasks and resources is susceptible to
unexpected events that impact the schedule. These realizations may have a direct effect on multiple parts
of the production process, for instance, the quality of the product, the delivery time, the final price, or the
economic revenue. Thus, it is important to consider and describe these unexpected events as uncertainties
in the scheduling optimization problem. Current methodologies addressing scheduling processes under
uncertainty are focused on schedule generation and re-scheduling that guarantee an efficient response to
uncertainties while maintaining an efficient computation of the solution, [2], [3]. For scheduling generation,

a robust optimization approach that considers multiple scenarios can be used to produce a schedule that



remains fixed during the process. Other techniques for scheduling optimization under uncertainty include
stochastic optimization, and fuzzy programming methods; thorough reviews for this subject can be found
elsewhere [1], [4], [5]. Reactive scheduling, on the other hand, aims to re-schedule during operation once
the uncertainty has been realized. This implies a computational effort every time an uncertainty realization
takes place. The challenges that these optimization methods face in handling uncertainties can be
summarized as follows: a) Schedules need to be flexible to approach multiple scenarios, requiring a trade-
off between solution quality and computational demand; b) Computational costs associated with online
scheduling, with complexity growing with problem size; c) Most scheduling problems under uncertainty
are NP-complete, posing challenges for optimization [1].

In recent years, the application of data-driven methods have been increasing in decision-making
processes for chemical process optimization [6], [7], [8], [9], [10], [11], [12], [13], [14]. Reinforcement
Learning (RL) methods, which are used to develop policies for making decisions in stochastic processes,
have become attractive due to their fast response and generalization capabilities. The policy is embedded
in an agent which trains in a simulation (referred to as the environment) to learn how to perform a specific
task. The time horizon of the process is divided into equal-length time-intervals; at which the agent makes
one decision. The agent receives rewards and penalties according to the alignment of these decisions to the
objectives of the task. An advantage of RL methods is that they can be combined with deep learning
techniques and use Artificial Neural Networks (ANNSs) to model the policy. This approach is referred to as
Deep Reinforcement Learning (DRL) and is useful for complex environments, i.e., where temporal
operations cannot be readily described with a few equations.

During the training, the agent develops a policy for making its decisions, based on the conditions of the
environment. This assimilates a reactive scheduling process with the advantage that, once trained, the agent
provides immediate responses rather than requiring a computational resource to solve an optimization
problem with the current conditions of the plant. The agent’s policy becomes a key feature for approaching
the online scheduling problem under uncertainty because it can handle multiple outcomes from uncertain
parameters. To achieve this goal, there are multiple considerations when developing the model that will
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represent the agent in the process, specifically: the architecture of the agent, the DRL training method, and
the exploration methods to learn from the environment. The policy becomes an alternative to current
optimization methods as it provides immediate response to multiple possible scenarios.

A common approach to the scheduling problem with DRL consists of using a discrete action space to
contain the actions that the agent can make in the environment. This limits the influence of the agent in the
environment to only one decision per time-interval. Cases where the agent needs to make more than one
decision, for instance in the integration of scheduling and control tasks, are not reported in the literature for
chemical engineering facilities. Another relevant aspect of the DRL approach on scheduling problems is
that, in literature, the decision-making process is described by a Markov Decision Process (MDP). This
implies that a transient model for getting the probabilities to pass from one state s to s’ exist and are
available. The Markovian property from the MDP implies that the only information required to know the
next state s’ of the environment after an action a is executed is that one that state s provides. Nevertheless,
real world scenarios present multiple situations where the information is spread out in a sequence of states
rather than in the immediate state. For instance, information that is provided in an intermittent fashion or a
particular process that takes multiple time-intervals to take place, as in scheduling and control problems. In
these cases, where the states can only provide a partial observation of the environment because the
information is spread in time, a Partially Observable Markov Decision Process (POMDP) results in a more

adequate approach for the transient modelling of the environment.

1.1. Research Objectives

The aim of this thesis is to explore and advance the applications of DRL techniques in scheduling
optimization process under uncertainty for chemical engineering facilities. The translation of the scheduling
optimization problem into a DRL model is the central topic of this thesis for which a set of methodologies
were developed and tested. The current PhD study focuses on the following specific objectives.

o Explore the implementation of DRL methods in partially observable environments representing

batch chemical plants under uncertainty such as job-shops, flow-shops, and State Task-Networks.



o Evaluate and compare multiple neural network architectures to model the DRL agent, including
Recurrent Neural Networks (RNN), Feedforward Neural Networks (FNN), and Self-attention
modules. Insights into the capacities of multiple architectures for decision-making in environments
with uncertainty will be illustrated throughout the thesis.

o Define the exploration and exploitation techniques required for training DRL agents and hybrid
agents in environments of batch chemical plants under uncertainty.

o Approach the integration of the scheduling and control tasks using a hybrid DRL agent, based on a
discretized decision space.

o Explore the interpretability of the decision-making process from a DRL agent using attention
models. Use these models to confirm the alignment of the rewards with the objectives and constraints

from the scheduling optimization problem.

1.2. Contributions of this research

The research conducted in this PhD thesis is expected to provide the following contributions:

° A methodology for implementing a Deep Recurrent Q-Learning algorithm into a general
representation of a flow-shop and job-shop which can be scalable to different sizes. The method will
describe the translation from the scheduling optimization problem into the elements that conform the DRL
implementation (i.e., actions, rewards, environment, and agent). The proposed scheme will consider
uncertainty in the demands and processing times of the plant.

. A methodology that takes into consideration a hybrid agent into the scheduling process that allows
making multiple decisions that could be discrete or continuous. The hybrid agent expands the action space
and allows the implementation in different scheduling processes.

. Based on the same approach with a hybrid agent, an integration of scheduling and control for a
flow-shop model is presented. The problem assumes uncertainty in the composition of the raw material

before entering the process, and the policy should provide response to multiple possible compositions.



. A method for gathering information that allows the interpretation of the decision-making process
from the agent through the implementation of a self-attention module in the DRL agent. To do this, the
method uses a graph representation of the environment (plant instance) to build correlations between the
elements; under this representation, the focal point of the agent in the plant can be observed.

. Multiple environments used to represent batch plants from the chemical engineering industry that
have uncertainty incorporated at some level. These environments are useful to train and assess the
performance of multiple DRL agents from literature.

The contributions from this PhD thesis present novel methodologies that apply DRL algorithms to
scheduling problems under uncertainty. Overall, these approaches aim to increase the information provided
to the agent to make decisions and expand the visibility of the agent. For instance, the agent can learn about
the effects of the realization of uncertainties in the process and react to these realizations in short turnaround
times. The approaches listed above have not been reported in the literature as is presented in this PhD thesis

and represent an advance in the field of scheduling of chemical processes.

1.3. Structure of this thesis

A description of the structure of this thesis is presented next:

Chapter 2 presents a background section and a literature review of the subjects that are relevant for this
work. In the Background, a conceptual description of the elements that compose the DRL formulation is
presented; namely architectures of neural networks and DRL algorithms. The reader already familiarized
with these subjects is invited to skip this section. In the Literature Review, different approaches using DRL
for solving the scheduling optimization problem are presented, the gaps in the literature that motivate this
research are shown in this chapter.

Chapter 3 presents a methodology that makes use of Deep Recurrent Q-Learning to develop an agent
that acts as an online scheduler for flow-shop or job-shop batch plants with zero-wait restriction under
uncertainty. The methodology is used for translating the optimization problem into a DRL framework where

a discrete set of decisions corresponding to the initialization of tasks in the process. This methodology



explores the capacity of incorporating RNNSs into the agent to gain insight from the sequential data from
scheduling processes. The methodology specifically approaches uncertainty in the demands and processing
times. The implementation of this method is illustrated for the online scheduling of three variations of
shops. The work presented in this chapter has been published in the 9" CODIT International Conference
2023 conference [15] and in Computers & Chemical Engineering [16].

Chapter 4 presents a framework for approaching the State Task Network representation of a batch plant
under uncertainty. The framework allows the expansion of the action space of DRL into a parameterized
action space which allows the agent to make multiple decisions (which could be discrete or continuous) at
every time interval in the process. The methodology avoids the need for a hierarchical approach, reducing
the computational burden required for training multiple agents. The hybrid agent shown in this work uses
RNNs to gather sequential information from multiple time-intervals and track the evolution of the processes
which provide insight into the uncertain parameters. The framework is tested in two STNs to demonstrate
their capacities and limitations. The results from this chapter were presented in the 2024 AIChE Annual
Meeting [17] and published in Industrial & Engineering Chemistry Research [18].

Chapter 5 presents a methodology which is similar to that presented in Chapter 4 but applied for the
integration of scheduling and control tasks. The methodology uses a hybrid agent which takes decisions
over the two tasks at different time scales, demonstrating the capacity of the hybrid agent to work
simultaneously on tasks that are correlated. The results from this chapter has been accepted for publication
on the DYCOPS 2025 [19].

Chapter 6 presents a strategy that uses an attention model for state representation. The attention matrices
produced with this module provide interpretability about the decisions made by the agent at every time-
interval. This method allows to gain insight into the reasoning of the agent and its alignment with the
objective function. Moreover, this method allows to track changes in the attention of the agent due to
changes in the reward function, providing a clear insight into how the agent responds in non-stationary
environments. Thus, the methodology can provide information about the attention that the agent aims
toward relevant conditions in the environment like safety and allocation related constraint violations.
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Moreover, the attention to the uncertain parameters can be measured through the self-attention module. The
framework is tested on two State Task Networks with a parameterized action space. This work was
submitted to a special issue in the journal Computers & Chemical Engineering, and is currently under
review [20].

Chapter 7 presents the concluding remarks achieved by the present research work. This chapter also

provides recommendations for potential future work.



Chapter 2 Background and Literature Review

This chapter is divided into two main sections: the first section presents general background information
on DRL methods; the second section is a literature review that presents the state of the art with regards of
the approach of the scheduling optimization problem under uncertainty. The first section presents a
description of the fundamental parts of DRL followed by a brief introduction to ANNSs. This introduction
is centered on describing the main features and functionality of the architectures used in this work: FNNs,
RNNSs, and Self-attention modules. Furthermore, the Deep Q-Learning (DQN) and Proximal Policy
Optimization (PPO) methods are explained in general terms to provide the reader with the needed
background to follow the methodologies explained in Chapters 3-6. In the second section of this chapter,
the approaches that were found in the literature for the scheduling optimization problem under uncertainty
are described. First, a description of current methodologies for approaching the scheduling problem under
uncertainty is provided. Following, the works from the literature that use DRL methods are presented,
specifically those focused on the use of FNNs, RNNs, and Self-attention modules.

This chapter is organized as follows: Section 2.1 provides a background on Deep Reinforcement
Learning. Section 2.2 provides insight into the ANNSs utilized in the presented methodologies. Section 2.3
provides an overview of DQN, followed by an overview on PPO on Section 2.4. Section 2.5 presents the
current state of the art in the approaches for scheduling optimization problems under uncertainty, including
applications that integrate Machine Learning (ML) methods. Finally, Section 2.6 provides a summary of

the gaps in the literature that are used to motivate the development of the methods presented in this thesis.

2.1. Deep Reinforcement Learning

Reinforcement Learning (RL) is a Machine Learning method used to train an intelligent agent on a
specific task in an environment. The environment is a training simulation where the agent develops its

knowledge through an iterative process of trial and error and a reward-based system. The training happens



in multiple episodes, which are divided into equal length time-intervals. At each time-interval, the agent
inputs the current conditions from the environment, which are referred to as state s, and outputs an action
a to that state. Such action is chosen from an action set that is established a priori in the agent which could
be discrete or continuous. The agent uses its policy, which is modelled through an ANN, to choose the
action that best applies for the state of the environment. Then, the action is applied in the environment
which produces a new state s’, which will be sent again to the agent to produce a new action (a’). At the
same time, the environment provides a signal r that reinforces (reward) or weakens (penalty) the use of
such action in such state. Fig. 1 shows the training loop for the agent’s policy, which stops once the episode
reached its maximum number of time-intervals. After the training, the agent holds a policy with the
knowledge from the environment; this agent can be implemented to work online in the environment to

complete the task which was trained for.

Reinforcement
learning Agent

Action defined
by the agent

Reward
New state

Environment of
interaction

Figure 1 Reinforcement Learning iterative process

2.1.1 States, Actions, and Rewards

An example of a task for the agent is to go from point A to point B in an environment with several
obstacles that obstruct the direct way between A and B, with the agent starting at A. Assume that the
configuration of the obstacles changes at every episode at which the environment is started, forcing the
agent to learn how to navigate in the environment to reach point B. Fig. 2 illustrates this environment with
the agent in it, note that there is more than one way to go from A to B, and the agent could take any of these

paths.



Figure 2 Three different ways to move from A to B at three different episodes.

During an episode from the training of the agent, there is a limited number of time-intervals (also called
time-steps) to complete the task. At each time-step, the agent sees the state of the environment and makes
the decision on what action to take, which for the case from Fig. 2, is to take one step in a specific direction
(up, down, left, or right). The environment then executes this action, provides the corresponding reward r
which describes how good or bad that action was, and sends the new state s’ to the agent for the next action.

At the beginning of the training, the agent takes random decisions to explore the environment and
situations like hitting obstacles, hitting the walls, and not reaching point B will occur. These negative
experiences will receive a low reward, while experiences like avoiding obstacles and reaching point B will
receive high rewards. These experiences, and their respective rewards and penalties, are gathered by the
agent and used to constantly update its policy. At the end of the training, the agent will have developed a
policy that recognizes the way to navigate within the environment without hitting any obstacle and reaching

point B within the available time-steps.
2.1.2 Markov Decision Processes

The decision-making cycle illustrated in Fig. 1 can be described as an MDP. The ideal MDP process
states that the information from the present state is enough to take the next action; in other words, events
from the past do not influence the decision at the present time step because only the present state matters
to take the next action. RL methods are mostly applied on environments described as MDPs, which are
sequential decision-making processes that can be described using a probability function between actions,
states, and rewards (Eq. 1) [21]. Recall that a state is a description of the conditions of the environment.

The function p(s’,r | s, a) expresses the probability Pr which can be described as the likelihood that the
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environment at time t will be at the state-vector s’ and the reward will be r given the fact that the previous
state of the environment was described by s and the action taken by the agent in that time (t — 1) was a.
p(s’,rls,a) =Pr{S; =s" R, =781 =54, 1 =a} )

It is desired that during the training, the agent acquires a large number of experiences that will help it
to learn the probability distribution from Eq. 1. It can be said that by developing the probability distribution
from the environment, the agent will learn its dynamics. From these dynamics the agent will be able to
predict the state in which the environment will evolve after an action is carried out. Moreover, the rewards
can also be predicted for every possible state-action combination. Ultimately, the agent can take the decision

path that will provide most rewards.
2.1.3 Partially Observable Markov Decision Process

Fitting an industrial problem as an MDP has been one of the main challenges for the implementation
of DRL methods in different industries [22]. Most of the time, the agent cannot rely only on information
from the present state because this is not enough for making the next decision, and it must complete this
partiality with the information collected in recent history. For instance, suppose that the agent from the
previous example has a limited vision which is restricted to what is in front, so its left, right, and back vision
is null. Then, the agent needs to complement its spatial information with observations taken previously.
This type of environment, where the Markovian property is not entirely satisfied, is referred to as Partially
Observable Markov Decision Process (POMDPSs). In this process, the agent has access to an observation o;
of the environment instead of a state s;. The POMDP fits better the representation of real-world case studies
because it considers the limitation of the agent to access all the information required to make a decision.
There are multiple ways to approach the lack of information in the present observation [21], a simple
strategy consists on defining the state s; as a sequence of observations collected from the history of the
process up to some time-interval defined through the variable k (see Eq. 2). Ideally, the complete history
of the process can provide all the information available to the agent, but to limit computational expenses,

the number of observations should be fixed to a certain number in the past.
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Fig. 3 shows the conceptual difference between the definition of a state on an MDP and a POMDP. The
MDP registers the information from the environment at every time-step which is later used for making the
next decision. POMDP collects several observations into the past and use them to produce the next action.
The processing and correlation of these observations to generate a state representation can be done through

different neural network architectures, which will be presented in Section 2.2.
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Figure 3 Difference between MDP and POMDP.

The scheduling optimization problem can be approached as a sequential problem where events from
the past have a constant influence on future steps. For instance, after a task is initialized, it will remain in
the process for several time-steps. Thus, the effects of an action will develop through history and not only
in the next time-interval. Then, the approach of the scheduling problem as a POMDP is adequate due to the
nature of the problem. This approach has not been reported in the literature for scheduling problems and
the usual approach consists of manipulating the environment to become an MDP.

In summary, an environment that follows the Markov property and is partially observable does not
provide a clear state at every time interval but instead, it provides pieces of the entire state of the process
as it takes place. In the scheduling process this happens due to the gradual development over time of the
effects from the actions executed. In the POMDP, the agent gathers observations through time and defines
the state of the model. This hidden state integrates and encodes the information from the environment so

the policy can use it to process the information and then suggest an action out of it.
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2.1.4 The Scheduling Environment

The dynamics of the environment are the desired information that is meant to be acquired by the agent
through interaction during the training. The collection of the information required to develop the transition
model (Eqg. 1) is restricted by the information that the environment is capable to provide to the agent. In a
batch-plant, for example, the information collected from the process is restricted to the quantity and quality
of sensors distributed in the operations. Moreover, the generation of information in a plant is mostly
asynchronous due to the variety in length and nature of the processes. For instance, consider two chemical
reactions with different conversion rates, one in the order of seconds and the other in the order of hours, the
collection of information would conveniently be different for both. This disparity in generation fits in the
POMDP outline and demands the approach of the scheduling process as a problem where events from past

time intervals influence the decision of the present.
2.2. Artificial Neural Networks (ANNs) for Reinforcement Learning

An agent is an entity that performs multiple functions centered around the interaction with the
environment. These functions include the collection of information from the environment, the learning
algorithm for updating the policy, the implementation of the exploration methods, and the decision-making
process done with the policy. In the learning algorithms called actor-critic methods a critic model is also
part of the agent and oversees scoring the decisions made through a value function. The agent inputs the
state and the reward from every interaction with the environment (see Fig. 1). The policy is a mapping
function m(s|a) that inputs the states, or observations and outputs the probabilities of selecting each
available action in the action set. For actor-critic methods, the value function v(s) is also a mapping
function that inputs states and outputs a value related to the quality of that state. This section is focused on
the conceptual explanation of the ANNSs that will be used for modelling the policy and the value function,
namely the FNNs, the RNNs and a special configuration called Self-attention modules. Familiar readers

with these architectures and their general functionality can skip this section.
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2.2.1 Feedforward Neural Networks for Reinforcement Learning

ANNSs were created based on biological neural networks, their fundamental unit is called artificial
neuron and the way it is connected to other neurons and how it processes information is very similar (and
in some cases better) to the organic counterpart. As shown in Fig. 4, the neuron receives different inputs
which are multiplied by parameters called weights (w;and w, in the figure) which are used to control the
influence of an input over the output. Most of the time, a bias term b is also added to the neuron for
expanding the expressiveness of the neural network. Then, a summation of the weighted parameters is
performed in the neuron to integrate the information. Moreover, an activation function (in this case a step

function) is executed to return a bounded output which gives stabilization to the network.

x1
\@N output

inputs weights h,.(x) = step(wT - x)

x2 weight step
sum function

Figure 4 An Artificial Neuron representation.

A layer is an organized set of neurons that receive and share weighted inputs to be processed. When an
ANN contains two or more layers then it is referred to as Deep Neural Network (DNN), Fig. 5 shows this

representation.

a Output

Output

Output

YOT

Figure 5 A Deep Neural Network is a set of layers of individual neurons.
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A general classification of ANNSs is based on how the information is distributed in the network. In the
FNN the information flows from inputs to outputs, just as in the network presented in Fig. 5. These networks
are used as nonlinear function approximators to model complex processes that may not be easy to represent
with a linear model. FNNs are used to model the relation between inputs and outputs from a data set by
tunning its parameters (weights) through optimization algorithms. In the general training process, the data
is fed into the FNN with initial random weights and bias terms. During the training process, a loss function
is used to compare the predicted outputs ¥; (x) with the real expected values y;(x) and then reduce this loss
using the optimization method. For instance, Eq. 3 describes the Mean Squared Error (MSE), which is
minimized by changing the weights and the bias terms in the neurons, i.e., w and b. In Eq. 3, m denotes the
number of instances in the data set. Variations of the gradient descent optimization algorithm are commonly
used to find the weights that would lead to the minimum in the loss function, currently the most common

algorithm for optimization is the Adam optimizer [23].

J(w,b) = %Z”f/j(x) - }’j(x)”Z (3)
x
For every update in the FNN, the optimizer calculates the gradients for reducing the error from the
network. To ensure a constant non-zero derivative at every point of the FNN, the use of activation functions
is implemented. Activation functions for neural networks evolved from simple step functions (Eq. 4) to
more sophisticated equations, like the logistic function, the hyperbolic tangent function, and the rectified
linear unit (ReLU) function, as shown in Eq. 5-7 respectively. Note that z represents the result of the

weighted inputs in the neuron.

Step function; (z) = {(1) i;j ; 8 4)
Logistic function; o(z) = ;) (5)
1+ exp(—2)
e? — o7
Hyperbolic tangent function; tanh(z) = Py (6)
ReLU function; ReLU(z) = max(0, z) (7
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FNNs are widely used in DRL as policy models, because they are relatively simple networks that can
be used to approximate the policy or the value function. On DRL applications, the FNN is trained as the
policy using the experiences that are generated online from the environment. During the iterative process,
the parameters from the network are updated to perform progressively better in the environment. This
architecture can be used in POMDPs environment but would not build any correlation between the
observations as the next architecture in this section does (RNNSs). Instead, the FNN inputs all the

information from the state representation and builds the model with it, without any time consideration.
2.2.2 Recurrent Neural Networks for Reinforcement Learning

As mentioned before, environments that fit on the definition of POMDP as the scheduling process are
required to provide more information to the agent to build the state representation used in the policy. The
information sent from the environment to the agent corresponds to a sequence of recent events, which can
extend as long as needed considering the computational demands that this mean (Eq. 2). The agent could
use an FNN as a policy or value network, and input the sequence of events (observations) but this approach
would define the inputs as uncorrelated objects in the temporal context. In other words, the FNNs do not
treat the inputs as a temporal sequence which is a feature from RNNS; in fact, to do this the entire history
of events would be needed at every time interval [24]. RNNs were developed to work with dynamic
systems, as their characteristic counter-flow of information helps as a memory for optimizing the use of
information collected by the agent.

RNNSs are structured so they can receive sequences of inputs and process them in sequence as well. The
network takes the first input from the sequence, builds an output and then this output is input again into the
network along with the second input of the sequence. This process is called unrolling the network through
time and is depicted in Fig. 6. The figure represents a layer of basic RNN cells that input a sequence of
inputs and are interconnected in such a way that each input in the sequence will generate an output which
will have an influence in the next element. In this way, a temporal influence is exerted along the sequence.

As can be seen, the influence can be propagated into the past and the future (see arrows in the extremes of
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the figure). This feature counts as a memory in the network which brings the influence from past events
into the present sequence. The RNN has different elements to consider: the length of the input sequence,

the dimension of each input in the sequence, the number of layers, and the dimension of the output vector.
yt-3 yt-2 yt-1 yt
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Figure 6 Unrolling the network through time.

The layer of RNNSs outputs one output per value in the input sequence (as shown in Fig. 6), but this can
be modified depending on the needs of the model. The mathematical formulation of the output is described
in Eq. 8, where the activation function ¢ inputs the addition of the weighted inputs plus the weighted outputs
from the previous recurrent cell plus a bias term. The activation function ¢, usually corresponds to a
hyperbolic tangent function which outputs values between -1 and +1. This function brings stability while
backpropagation takes place every time the network is updated.

y(t) = ¢(Wy x + Wy, 4 + b) (8)

The RNN can be restructured depending on the need of the outputs. Some configurations are illustrated
in Fig. 7, namely, a) A sequence-to-sequence model, used for time-series predictions and correlation, for
instance, in speech translation where a sequence of words is translated into another sequence of words, b)
A sequence-to-vector model, used to summarize a sequence in the final output and ensure the influence of
previous time intervals, for instance, in prediction in the demand of a product based on information of
previous days, and c¢) The vector-to-sequence model, used to generate a time dependent sequence out of the
information in one vector, for instance, providing the weather information and make a forecast for the
coming days. The size of the RNN can be modified either by increasing the number of neurons in each layer
or by increasing the number of layers in of the network. Similar to the enlargement of FNNs, the addition
of layers increases the level of abstraction of the network, in other words it searches for relations between

relations, which is useful for finding deep correlations between the inputs. On the other hand, adding more
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neurons per layer adds capacity to better approximate the function, similar to the addition of parameters in

v y2 V3 V4 Vi
X1 X2 X3 X4 X1 X2 X3 X4

v vz V3 vi

a regression function [25].

X1

Figure 7 Different models built with RNNs: a) sequence-to-sequence model, b) sequence-to-vector
model, and c)vector-to-sequence model.

Basic RNN cells (as those showed in Fig. 6) have a good performance with short sequences that are no
longer than 10 elements [26]. Longer sequences approached with basic RNN cells are not capable of being
well generalized due to memory issues. In other words, the influence from distant elements from the
sequence fades because the cell does not hold relevant information. The Long Short-Term Memory (LSTM)
cell allows to maintain relevant features that appear in the long and short term in the sequence. Fig. 8 shows
the schematic representation of the LSTM with its three characteristic gates. Each gate regulates the flow
of information into the next LSTM cell. The LSTM passes the information through two different outputs
which are depicted as c; and h;; the former, passes and maintain information from long term events and is
a type of long-term memory, while the latter is for short-term information and has the same function as the
output y; in the basic RNN cell. The function of the forget gate is to discard the information that is not
useful anymore and maintain the one that still is. The input gate includes the new relevant information into

the long-term memory of the LSTM. The output gate filters the information that will go to the state h;.
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Figure 8: Long Short-Term Memory Cell.

There are four fully connected layers integrated into the LSTM which process the information from the
X, hy—1 and c,_,. The outputs of these layers are f;, g;, 0, and i;. The output f; from the first layer controls
the parts of the information that will be erased in the long-term memory. The output g, highlights the most
relevant parts from the inputs; this output is intervened by i, which specifically defines which parts should
be maintained in the long-term memory. The output o, identifies the information that should be dropped

out in the h; state. Eq. 9-14 shows the definition of each layer and the calculation of the outputs ¢, and h;.

¢t = f1®cr—q1 +1:®g: €)
h; = 0;@tanh (c;) (10)
fe = O-(Wy'crfxt + Wf?fht—l + by) (11)
ge = tanh(Wygx, + Wighe_q + bg) (12)
or = a(Wpxe + Wyohy_q + by) (13)
iy = o(Wiixe + Wiihe_q + b)) (14)

where the matrices with the weights and bias terms are referred as W and b with the subscript indicating
the corresponding inputs (x and k). The activation function ¢ indicates a logistic function and the operations
® and @ are an element-wise multiplication and an addition operation respectively.

The updates in RNNs are performed using a special type of backpropagation called backpropagation

through time (BPTT) where the adjustment of the weights take place sequentially to consider the temporal
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dependency of the network. One disadvantage of RNNs in general is that during the BPTT they might suffer
from gradient vanishing or gradient explosion. These gradient instabilities happen due to the dependency
between steps in the sequence which can become unstable as the BPTT goes deeper into the network. When
the update reaches the first steps of the sequence, the instability becomes larger and thus it has a large
(explosion) or no effect (vanishment) in this part of the network. The memory gates from LSTMs help in
reducing this effect by making the training more stable, other techniques include the reduction of the
learning rate, or using saturating activation functions as the hyperbolic tangent function [27].

The use of RNNs for sequential information is key for the application of DRL methods in environments
described as POMDPs. Their capacity for building correlations between sequential elements through the
interconnection of the RNN cells allows them to build levels of abstraction on the collected sequences.
Moreover, the LSTM cells permit the influence of events from the past into the present by using the long
and short-term information channels (h; and c;). These characteristics can be found in other types of
architecture that aims for building and highlighting connections between elements in the environment, for

instance, the self-attention modules.
2.2.3 Self-Attention Modules for Reinforcement Learning

The use of RNNs for Natural Language Processing (NLP) provided important background for the
development on Attention modules. The main problems of RNNs in NLP were related to their memory
which was developed with LSTMs but was not enough for large NLP problems and the scattered focus
across the sequence [28]. These issues were both approached through a new feature that expresses the
relative importance from each input in the sequence and was called attention score. The attention score
would be given to every element in the sequence which prevented the disappearance of the elements as the
sequence progresses in time, additionally, the attention brought focus to the parts of the sequence that were
more relevant. The development on the attention mechanism carried a considerable advantage to the field
of NLP because it was believed that RNNs were the only way to treat the sequential dependency on

language structures. In this section, a form of attention mechanism called Self-Attention Module (SAM) is
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discussed for DRL applications. The prefix self refers to an attention module from an environment that pays
attention to itself, aiming to explain how multiple elements pay attention to each other. This type of attention
describes the correlation between existing elements just like the RNNs does, between the inputs from a
sequence. The application of attention modules for DRL that is applied further in this work is based on the
work from Zambaldi et al. [29].

An attention model requires the translation of the environment into a graph representation. A graph
consists of a structure with nodes and edges G (n, ), in which the edges express the relation between nodes.
Fig. 9 shows a graph representation of 4 nodes with edges that display how they interact with each other.
Each node in the graph represents an element from the environment with specific features. For instance, the
nodes can represent the operation units from a batch-plant, where each node is described by multiple

features, e.g., machine capacity, on-off status, processing time, jobs scheduled, etc.

(BF=(c)
(D~

Figure 9 Graph representation.

The edges can be related to the flow path of the process, i.e., the connections between sequential
processes. The edges e from this graph can be displayed in a matrix called adjacency matrix that correlates
with ones and zeros the existing edges in this graph. Table 1shows the adjacency matrix for the graph
displayed in Fig. 9.

Table 1 Adjacency Matrix.

A B C D
A 1 0 0 1
B 0 1 1 1
C 0 1 1 0
D 0 0 1 1

The attention mechanism is used to build an attention matrix which provides insight about the relational

level that exists between the nodes of the graph G = (n, e). An attention matrix is a squared matrix with
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dimensions corresponding to the number of nodes. The attention model serves for analyzing the interactions
between nodes and provides an interpretation of data before being processed by other modules, for instance,
a set of linear layers. In other words, the attention model transforms the data into a more expressive output.
In DRL, the self-attention module pre-treats the input (just as the RNNSs) and provides an analyzed version
of the state (equivalent to the hidden state) to the agent which is used by the policy to make decisions.

The input to the self-attention module is the node matrix N: R™/ where for each node n there is a
corresponding list of f features which is common for every node. The expected output from the self-
attention module is an updated version of the node matrix, namely N: R™*4 where d is a new dimension of
features which could be the same as f or different. The N matrix highlights the relevant features from the
nodes by using an attention matrix to identify their weight in N.

To do the transformation from N to N, the input node matrix is projected into three different matrices
referred as keys, queries, and values. In the attention modules (not the self-attention modules), these three
correspond to an input x (query), a data set with input values k (keys) and output values y (value). The
attention module produces the output y that is similar to the weighted sum of multiple keys k that
correspond to the input query x. To find the key values that apply to x, an evaluation of the similarity
between x and all the keys k must be executed using a compatibility function. After the similarity is
calculated, the value of y can be defined based on the similarity to the keys. The final value of y that
corresponds to x is calculated with multiple keys that share a similarity with x [30]. In the self-attention
modules, these three elements (queries, keys and values) are projections of the same value which is the
matrix N. For more information, the reader is referred to [31].

In the self-attention modules, the keys, queries and values are representations of the same matrix, and
the module will find the attention matrix by first correlating the representation of keys and queries through
a compatibility function. The attention matrix A: R™*™ provides a map of the similarities between the nodes,

and then this matrix is used to highlight the features from the value projection of the N matrix. A high-level
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diagram of an attention-based module is depicted in Fig. 10. As can be seen, first the input N matrix is

projected through three linear layers with parameters A, &, and @.
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Figure 10 Self-Attention Module

The output matrices from the query and the key projection are compared through a compatibility
function called additive attention. Eq. 15 shows this expression that inputs the query and key matrices and
outputs an attention matrix. The operation consists on adding the two matrices passed through two
independent layers, then apply a nonlinear activation function, which for this case is the Exponential Linear
Unit (elu) [32] and pass this result through a third linear layer that transforms the output to obtain a matrix
with dimension |n| X |n|.

A = SoftMax(Linearg (elu(Linean(Q) + LinearK(K)))) (15)

The attention matrix that results from this computation provides values that are not bounded, and which
can be very large or very small, which depends on the values from the first projections. To alleviate this, a
SoftMax activation function is used to normalize the values from each row by scaling the addition of them
to one [32]. The attention matrix is finally multiplied by the value matrix to generate the updated node
matrix N.

As mentioned, the SoftMax activation function applied in Eqg. 15 normalizes the rows from the attention
matrix to become values between 0 and 1 and to add up to 1. Applying this transformation also eliminates
the potential differences between the values at each row and also helps to highlight where the attention is

focused at each node. Nevertheless, this transformation also could dissipate relevant information if the
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number of nodes is too large. In other words, the attention from each node could have different focuses,
then it is necessary to extend the scope of the self-attention module by increasing the number of heads to
attend. A set of heads is a set of self-attention modules in which each one produces one different output
matrix N. Fig. 11 illustrates the stack of self-attention modules to generate multiple attention heads. With
this increment in the number of heads, the self-attention module is capable to attend multiple focal points

in the nodes which increases the interpretability of the graph.

Y

] Attention matrix 1
N

Attention matrix 2
Attention matrix 3

Figure 11 Stacked self-attention modules, equivalent to a multi-head self-attention module.

2.3. Deep Q-Learning

There are multiple DRL methodologies to train an agent, their application depends on the characteristics
of the environment, the type of action space (discrete or continuous) and the approximation model desired.
Policy-based, Value-based, and Actor-Critic methods are the three classes in which a DRL methodology
can be classified. The policy-based method consists in developing a policy that directly provides the action
for the state of the environment, an example of this is the REINFORCE algorithm [33]. Value-based DRL
models do not provide the action but a set of scores (or values) to the set of actions at every time interval,
one value for each action. The action with the highest score is chosen to be implemented in the environment.
DQN is an example of value-based models and is a widely used algorithm due to its efficiency for discrete
action spaces. Lastly, Actor-Critic methods combine features from policy-based and value-based methods;
PPO is an example of this class and will be explained in the next section.

The DQN method scores the actions with a Quality value (Q-value) which is an estimation of the sum
of rewards that the agent will obtain from the present state until the end of the episode. The set of Q-values
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has a dimension which is equal to the number of actions. A policy m that maps states into actions can be
described in terms of the Q-values, by choosing the action with the highest value (see Eg. 16). A definition
of the function Q(s, a) is provided in Eq. 17, which states that the Q-value for a given action a in a state s
is equal to the reward obtained in that state plus the Q-value calculated for the next state assuming that the
best action is chosen in the following state s’; this action is 7(s"). The y value is known as the discount
factor, which is defined between 0 and 1 and reduces the estimated Q-value for the future.
n(s) = argmax,Q(s, a) (16)
Q(s,a) =7 +yQ(s',m(s") (17)

At every time interval, the Q-values are calculated for every action for a given state, from which the
best action is chosen. As shown in Eq. 17, the calculation of Q considers the Q-value of the next state (s"),
in the expression Q(s’, m(s")). At the same time, this value implicitly considers the calculation of the next
state s”’. Thus, it can be concluded that the value of Q is an estimation of the rewards into the future and
until the end of an episode. The discount factor y is used to fade the consideration of the future rewards,
when this value is close to 1, the policy will tend to increase the rewards from the future states, when this
value is closer to 0, then the policy will focus on increasing the present reward.

Since the Q-value function cannot be exactly calculated from the environment, it is approximated with
an ANN. This approximation is performed using the experience that is being generated from training in the
environment. The loss function used to update the parameters of the approximation model is called temporal
difference 6 and is described in Eq. 18. The temporal difference is derived from Eq. 17 and should be equal
to 0 after an infinite training process of the agent. The minimization of the temporal difference can be set
as an optimization problem where the updated parameters are those from the ANN that models the Q-value
function.

§=0Q(s,a) —r+yQ(s',m(s")) (18)
The temporal difference uses tuples of elements (s, a,r,s’) which refer to as experiences that were

collected from the environment at a given time step. Recall that, after the agent realizes the state s, it
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generates the action a which is executed in the environment where the reward r is produced and the new
state s’ is computed. The mean squared error method can be used to compute the error from the temporal
difference equation and then use it to compute the gradients. Eq. 19 shows the loss calculation considering
a batch B of tuples for computing the loss L.

— 1 1 2
L_HZ?s (19)

s,ar,s!

The pseudo code for executing the DQN algorithm is presented below (Algorithm 1: Deep Q Learning).
The function approximator is an ANN where the architecture could be FNNs, RNNs, or any other
architecture. The use of batches for computing the gradients instead of using individual samples helps with
the stability of the training. For this reason, a memory buffer called Replay Buffer for saving experiences
is needed for training. When the weights are updated, a learning rate « is used to control the changes in the
process based on the gradient. Additional methods for accelerating convergence and enhance learning
include the use of the epsilon-greedy method and the use of target networks, not mentioned in the

pseudocode for the sake of brevity but available elsewhere [34].

Algorithm 1: Deep Q Learning
Initialize weights 6 from the approximation function Qg
Observe current state s
Loop:
Select action a and execute it in the environment
Receive immediate reward r
Observe the new state s’
Save the tuple (s, a,r,s’)

Create a batch and compute the gradient: Z—g = ézsla,m, ) aQ‘;(;’a)
oL

Update weights: 8 « 6 — as
Update state: s « s’

DQN is a value-based method used to train agents in environments with a set of discrete actions. A Q-
value function is approximated for learning the dynamics of the system and defines the expected return of
rewards during an episode. Challenges of this method include its instability in the learning process which
can be mitigated using multiple techniques. Rainbow DQN is a variation of this method which can achieve

great performance but with a trade off with the number of hyperparameters that need to be tunned [35]. The
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current development of new algorithms is aimed to increase sample efficiency and the stability of the
learning process. The PPO method is a policy-based model that incorporated techniques to ensure a more

stable learning.

2.4. Proximal Policy Optimization (PPO)

The use of ANNs in DRL supposes a challenge of instability in the training process when the
environment is highly complex as in the scheduling process. When the agent is experimenting with the
environment it might get in front of situations that drastically change the return of rewards. For instance,
assume an agent is learning the way to go through a maze, when it suddenly finds that a promising path is
actually a no-end way. This strategy starts to give bad rewards to the agent as it can no longer get closer to
the end of the maze, then the agent becomes confused, and it experiences something called policy collapse.
This situation also takes place when the number of states in the environment is too large, becoming too
difficult for the ANN to generalize such complexity [36]. The solution to this issue is to work with
techniques that avoid drastic changes in the parameters of the approximation function. Trust region methods
were an option to approach this problem by containing the update of the policy’s parameters into a region
that is close to the current parameters. Trust Region Policy Optimization is a DRL algorithm that integrates
this feature [37]; nevertheless, its implementation is considered complicated as it requires procedures as the
calculation of the Kullback-Leibler (KL) divergence from one policy to another, and the use of second-
order optimization methods.

The PPO algorithm is classified as an actor-critic algorithm which has two main components modeled
with ANNSs: the actor which maps the states to actions directly ((s) = a) and a critic which estimates how
good or bad an action is [38]. The critic computes a metric simply called value, which estimates the average
return of rewards from the present state into the future, assuming the policy = is followed. The value
function V™ is an approximation function that provides an estimated of the return of rewards (R;) from the
present time t until the end of the episode at time T. The exact value of R, is described in Eq. 20, where the

discount factor y exponentially decreases with time.
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T
R, = Zytrt (20)
t=0

The value function is used to compute an advantage function A™ which is described in Eq. 21 which
computes a measured advantage of a specific action in a specific state. According to this equation, the
advantage is defined as the difference between the Q-values and the value V™ of a state s. The value for
Q™(s,a) is calculated from the experience collected from the environment and is not approximated from
an ANN. If the value of the advantage is positive for an action, this will mean that the reward of this action
(Q-value) has an advantage over the average reward (V™ value) expected for that state. If this value is
negative, then the action will bring a lower reward than the average. This is how the critic provides insight
into the actor about advantage (or disadvantage) of the actions.

A™(s,a) = Q"(s,a) —=V"(s) (21)

The integration of the advantage into the actor is given in the objective function from the PPO algorithm
which aims to maximize the advantage value. This means that the agent will always aim to choose the
action at every state with the largest reward with respect to the average (V™ value). The pseudo code of
PPO is shown below in Algorithm 2: Proximal Policy Optimization. First, a set of experiences generated
with the current policy are collected from the environment. This is contrary to the replay buffer memory
from DQN, where the experiences generated with old versions of the policy are mixed with those from the
present policy. PPO uses fresh batches of data for every update made to the agent. Then, the advantage
values for the actions from the experience are computed through the return values (approximated with the
value function V™) and the Q-values. The update of the policy aims for maximizing the advantage value
obtained at each time interval which in other words is to search for the actions that provide the maximum

returns. To avoid policy collapse, the update is made considering the minimum deviation between the

o (Se,at)

parameters from the new and the old policy (n oa)
O \LtUt

), this is done by choosing the minimum argument

between the calculated value and a clipped version of it: g(e, A"(s;,a,)), where the value ¢ is a

hyperparameter for capping the ratio between policies. An update to the parameters ¢, from the value
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function approximation is then performed using a mean squared error, similar to the update for the Q-value

function approximation from DQN.

Algorithm 2: Proximal Policy Optimization
Initialize weights 6 from the policy and weights ¢ from the value function approximation.
Fork=1,2,3,...do:
Collect a set of trajectories D;, = {7;} using the policy 7y
Compute the return of rewards R;
Compute the advantage estimates, based on the current value function V,

Update the policy with the objective function 6,4
TTg(S¢, A
Ok+1 = argmaxg ZZ < olst, ) A”(st,at),g(g,A”(st,at))>
| D IT T[Qk(st: as)
TED t=
where
7o (St ar)

——————1—1+4+¢|xXA"(s,a;)
T[Bk(strat) > v

g(e, A" (s, at)) = clip (

Fit value function by regression:

Pr+1 = 1Dy |TZZ(V7T(5t) R¢)?

TED t=

The PPO algorithms is considered a state-of-the-art algorithm for training agents mainly because of its
efficiency in sampling, becoming a computationally attractive option. Meanwhile, capping the change of
parameters at every update produces stable learning without drastic changes in the decisions of the agent
that would derive in a catastrophic learning. For these reasons and its relative simplicity, this algorithm has
been widely utilized for the application of DRL methods in multiple environments. Moreover, techniques
as mini-batching and the Generalized Based Estimate have been added to Algorithm 2 to enhance
performance and computational efficiency [39], [40]. Variations of this and other methods have surged as
adaptations for different fields. Scheduling applications is an example of this and recently has emerged as
a promising research area because of the features that the policy brings, including online implementation
and fast response. In the following section, a review from the literature is presented to show the state of the

art of process scheduling.

29



2.5. Deep Reinforcement Learning for Scheduling Applications

Scheduling problems have been in the literature since the early 1950°s, but it was until the 1990’s when
they became relevant for chemical engineering applications [41]. At this time, the scheduling problem was
expanded to consider a wider part of the process in its formulation, such as constraints and process
restrictions. As a result of these integrations, the scheduling optimization process in chemical facilities
became of relevance in the field of process operations [42], [43]. A first approach to the classification of
the scheduling problem is through the characteristics of the machine environment. The process of
transforming raw material into a terminated product is called a job. A job requires a set of specific machines
to be processed, which can be arranged in multiple configurations. Maravelias provided a description of
multiple machine environments that take place in industrial facilities [44]. Among these environments, the
usual classes for industrial facilities are the flow-shop and the job-shop; more complex scenarios can be
classified as a variation of these two types. Flow-shops are environments where the jobs that need to be
done require passing through all the machines in the environment in the same sequence. In other words, the
raw material needs to pass through all the machines to be completed. In job-shops, the jobs that need to be
processed follow different paths in the machine configuration, and each job may or may not need all the
machines in the environment. Then, in the job-shop configuration the routes (or recipes) are required to
know the machines needed from a specific product. Fig. 12 shows a schematic representation of the flow-

shop and job-shop configurations.
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Figure 12 a) Flow-shop and b) job-shop configuration.
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Planning and scheduling are two production planning methods widely used in the chemical industry
[45]. Although they are synonym words, their concept in the context of industrial production planification
is different. The difference between planning and scheduling relies in the length of the time horizon; while
planning deals with the allocation of resources for the next weeks or months, the scheduling task is reduced
to the organization of production in the order of hours or days. Moreover, planning usually focuses on
economic profit maximization, while scheduling tends to search for the feasibility of the process to execute
the manufacturing tasks without issue or on reducing the makespan of the process [46]. Planning methods
consider objectives in the long term and define a corresponding plan with goals that have to be completed
through the scheduling process in the short term. When the plan for a facility requires the constant
production of large volumes of products, a cyclic scheduling process is implemented to satisfy the demand.
In cases where the demand is variable along the planning period, a short-term scheduling is required which
implies the constant reconfiguration of the schedules during the planning horizons [47].

For chemical engineering facilities, a similar classification framework was set by Maravelias to adjust
the current scheduling model into the features of chemical processes [44]. The process can be classified as
sequential, network, or hybrid process. The sequential processing essentially assumes that there are no
splitting or mixing of batches in the process, and a single material is consumed/produced in the process.
This process is similar to the flow-shop configuration. Network processing differentiates from sequential
processing in the way materials are handled. Batches can be splitted or mixed and then be processed or
storaged in vessels. The processing units are commonly referred to as tasks, while the the storage units are
called states; this nomenlcature was established by Pantelides et al. in their work [48]. State Task Networks
(STNs) are (together with Resource Task Networks) the most common type of representation for scheduling
processes. Hybrid approaches have features of the previous two and cannot be entirely defined as a single
class.

An important aspect of scheduling processes is the time representation used in the time horizon.
Discrete-time representation consists on a time horizon which is divided into time intervals of equal length;
while a continuous time-representation has time intervals of different lengths which are not known a priori.
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The default time representation of scheduling problems is the continuous time representation, nevertheless,
due to the computational requirements, this approach becomes inatractive for modeling [49]. Adding
integrality constraints into the time variables allow to switch from a continuous into a discrete time
representation. A continuous time formulation would provide a better understanding and modelling of the
problem but the discretization has become the most common approach from a computational point of view,
a detailed discussion of this topic can be found in [44].

Uncertainty plays an important role in chemical plants since a few of the parameters used for process
scheduling are not known a priori. Sources of uncertainty in scheduling problems include variability in
processing times, unexpected shutdowns, changes in prices, changes in demands, and productivity [4]. It
has been shown that uncertainty impacts production and revenue, thus, it is important to design reliable and
feasible schedules that can efficiently accommodate uncertainty in the operations. Current methodologies
addressing scheduling processes under uncertainty are focused on schedule generation and re-scheduling
that guarantee an efficient response to uncertainties while maintaining an efficient computation of the
solution, [2], [3]. For scheduling generation, a robust optimization approach that considers multiple
scenarios can be used to produce a schedule that remains fixed during the process. Other techniques for
schedule generation under uncertainty include stochastic optimization, and fuzzy programming methods;
thorough reviews for this subject can be found elsewhere [1], [4], [5]. Re-scheduling aims to correct the
current schedule during operation once the uncertainty has been realized. This implies a computational
effort every time an uncertainty realization takes place. The re-scheduling process can be done through
reactive scheduling methods.

Schedule-generation methods integrate the probabilities of uncertainty realizations into their
formulations; as mentioned before, there are several approaches for its formulation: stochastic based
approaches, robust optimization methods, and fuzzy programming methods. The stochastic scheduling
approach consists of treating each uncertainty as a stochastic variable, described as a discrete or continuous
probability distribution. This approach is the most commonly used and is divided into two main categories:
as a two-stage or as a multi-stage stochastic programming [1]. In the former, the first-stage variables are
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calculated before the realization of the uncertain parameters. Then, after the realization, the effects of these
decisions are measured and used to calculate the set of remaining variables from the second stage. The
multi-stage approach is an extension of this method with more correction stages. Robust optimization aims
to build a schedule solution that can fit to all the possible realization of the uncertain parameters, while
finding an optimal solution [50]. The robustness of the generated schedule is shown through a standard
deviation model, which shows the level of flexibility of the schedule to multiple realizations of uncertainty.
The model is generated with data from different measurable outcomes of the schedule, for instance, the
final makespan. Moreover, the fuzzy programming method uses approaches from fuzzy set theory to
describe the parametric uncertainty in the process. Fuzzy set theory diverges from set theory in the addition
of a parameter of membership from an element to the set. Each element of a set has a grade of membership
bounded between zero and one; where zero means that the element does not belong to the set, and one
means that the element is fully included in the set [51]. Fuzzy programming integrates random parameters
as fuzzy numbers and constraints as fuzzy sets. These elements are used to bound the decision variables
into the desired expectation from the user.

Reactive scheduling approaches include the use of real-time dispatching rules that correct the initial
schedule based on the current information in the process. The original schedule is built through a
deterministic manner and, as the uncertainty realizations take place, the reactive strategy is implemented
[52]. Among the techniques that implement dynamic programming to solve the scheduling optimization
problem, the application of Mixed Integer Linear Programming (MILP) or heuristic rules are the most
common [1], for instance [53], [54], [55].

The challenges that optimization methods for scheduling problems under uncertainty currently face are
related to the multiple scenarios in which the process can fall due to the uncertainty in its parameters.
Multiple realizations lead to different outcomes in production, then, optimal solutions become difficult to
achieve. These challenges can be summarized as follows:

a) Schedules need to be flexible to approach multiple scenarios, requiring a trade-off between solution
quality and computational demands.
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b) Computational costs associated with online scheduling, with complexity growing with problem size.
¢) Most scheduling problems under uncertainty are considered NP-complete, posing challenges for
optimization methods [1]. NP-complete problems are those that their solution can be verified quickly (in

polynomial time) but they are very hard to solve [56].
2.5.1 DRL Methods for Reactive Scheduling

In recent years, the application of data-driven methods have been increasing in decision-making
processes for chemical process optimization [6], [7], [8], [9], [10], [11], [57], [58]. DRL methods have
become attractive because of their generalization capabilities. Moreover, due to their fast response to
complex environments, DRL methods are suitable for online scheduling optimization problems that may
be subject to uncertainty [59]. That is, the agent makes decisions considering the current state in the
environment, which may also be subject to the potential realization of a few uncertain parameters, e.g.,
changes in demand, prices or machine availability. In the literature, there are multiple works from different
fields that have applied DRL methods for process scheduling and which are presented in the following
paragraphs.

The application of DRL agents for solving scheduling optimization problems has been performed under
different approaches. Waschneck et al. used multiple agents trained with DQN to produce and deliver the
requested lots before the due date in a complex job-shop for a semiconductor’s manufactory [60]. The
agents were penalized when there were no machines available, which consequently reduced the frequency
of this situation. The plant reported a drastic decrease in the number of delayed lots (i.e., from 17% to
1.3%). Hubbs et al. performed a comparison between an agent trained with an Asynchronous Actor Critic
(A2C) method and a MILP application to find an optimal schedule for a multi-product reactor that was
subject to uncertainty [61]. Hubbs et al. built the schedule of a continuous chemical reactor using a DRL
agent trained with PPO [62]. The process is subject to uncertainty in the demands and production
interruptions. The agent managed to maintain inventory levels while being subject to uncertainty in demand

and equipment availability. Altenmiller et al. proposed an approach to optimize a job-shop environment in
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a semiconductor facility using DRL [63]. The agent oversees order dispatching using variable time
constraints to make decisions in the plant. The agent reduced the violation of time constraints while
scheduling the orders in the process. That study reported that the agent could address rush orders from the
system and, once these were satisfied, it completed the rest of the orders.

Lee et al. proposes a DRL method embedded with robust optimization by incorporating an oracle
guiding mechanism in the training phase to prevent the agent from getting stuck in local optimal solution
[64]. The authors mentioned that the combination of DRL with robust optimization provides learning
stability and guidance to the agent during the training. Results showed that the agent produced conservative
solutions and robustness against parametric uncertainty. Chen et al. presented a DRL implementation for a
large-scale, long-term refinery scheduling problem where the agent is pretrained in simpler problems first,
to have an initial knowledge [65]. The technique, known as curriculum learning, is helpful to accelerate the
training of the agent. Shao et al. approached the predictive scheduling problem for renewable energy
sources in a desulfurization system [66]. The continuous power fluctuations due to weather instability
require an adaptive scheduling policy that can change to the drift. On a similar work, Pravin et al. use a
DRL agent to schedule the power delivery from a hybrid renewable energy system [67]. The agent is trained
to learn an optimal policy that schedules the power dispatch considering the economy of the process. Results
demonstrated an optimal power dispatch among the multiple power resources. Ikonen et al. proposes a
hybrid method of DRL with an optimizer in which the trained agent takes decisions over the scheduling
process [68], i.e., when to perform a rescheduling process and the allocated computing time. With this
approach, better closed-loop solutions could be developed against those that were generated by humans.
Gao et al. proposed the use of Q-learning for training an agent for scheduling maintenance tasks at coal-
bed methane gas fields [69]. DRL is used to overcome the large-scale nature (in parameters and variables)
of this problem which requires considerable time to be solved. The proposed methodology provided a more
efficient solution than traditional algorithms which are inefficient to meet real time requirements.

Apart from FNNs, the use of other architectures like disjunctive graphs, Convolutional Neural
Networks (CNN) and RNNs have been considered in process scheduling. Wu et al. used disjunctive graphs
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to make a representation of the scheduling problem and used a DRL agent to execute priority dispatching
rules considering uncertainty in the processing times [70]. Bonetta et al. used encoder-decoders from NLP
to create priority lists which can be mapped into schedules [71]. Pan et al. proposed an ANN to approach
the permutation flow-shop scheduling problem for different scales using RNNs, FNNs, and CNNs [72].
Han and Yang used pointer networks, attention modules and RNNSs to prioritize operations sequentially in
a flexible job-shop [73].

Since the scheduling problem is a combinatorial problem there is an evident interest in the literature for
ANNSs that can find correlations among the current state in the plant. Variants of RNNs and attention
modules have this feature and are widely used in scheduling problems for job and flow-shops. Wang et al.
used LSTM cells to correlate features and solve flow-shop scheduling problems [74]. Pan et al. used LSTMs
and attention mechanisms to create an actor and a critic respectively to output a vector of probabilities for
each job [75]. Monaci et al. took advantage of the capacity of the LSTM cells to process variable-length
sequences and defined an agent’s architecture for scheduling in job-shops [76]. Mowbray et al. used RNNs
combined with FNNSs to influence the agent’s network with previous steps and thus, account for uncertainty
in the decision-making process [9]. Specifically, the authors retrieve the last hidden state and introduced it
as an initialization for the subsequent state evaluation. Wu et al. used a similar architecture with RNNs for
supply chain and combinatorial optimization problems where the agent is sensitive to low probability, high
severity scenarios [77]. Lang et al. used two DQN agents on flexible job-shops where the first agent makes
allocation decisions and the second creates operations sequences for the jobs [78]. The authors used LSTMs
to gather and correlate information related to operations that are taking place in the process.

Although the literature that includes the use of attention modules for scheduling optimization problems
is scarce, their integration into this field is promising as they are useful for creating relationships and
representations in the process. In the work of Chen et al., the authors used an attention module, a disjunctive
graph and a sequence-to-sequence pattern to model the job-shop scheduling problem [79]. They proposed
a representation learning method for disjunctive graphs to extract the job-shop scheduling problem features
using attention mechanisms. They aimed for reducing the makespan of the optimization problem. The use

36



of these architectures was to overcome the problem of poor generalization of current models and to solve
problems of larger scales. The framework is tested in instances of different sizes and seems to work in large
instances better than the methods used as benchmarks. In the work of Zhang et al., the authors used graph
attention networks to extract relevant information from a disjunctive graph [80]. A Transformer encoder is
used to capture competitive relationships among the machines in the process. A soft-actor critic (SAC) and
a variation of the DQN method were used to train the parameters of two agents. The agents worked
collaboratively to choose 1) the candidate operations for the next time interval, and 2) the suitable machines
that meet the criteria for performing those operations. The authors aimed to approach large flexible job-
shops and complex scheduling. The SAC agent prioritizes eligible candidate operations and selects one to
be implemented. Then, DQN prioritizes compatible machines and chooses one for executing the operation.
The model was compared with multiple benchmarks including OR-Tools (a Google optimization library),
and other DRL methodologies. The framework showed improved performance against multiple
benchmarks. In the work of Wang et al., the authors use a self-attention module to gain insight on the
complex relationships that exist between operations and machines in the scheduling process of a flexible
job-shop [81]. A particularity of this approach is that it uses two attention blocks to explore the environment.
The trained agents were compared with the application of priority dispatching rules resulting in a better
performance of the DRL agents. Moreover, the agents showed the capacity to perform well in larger
instances compared to the one in which it was trained without significant loss of generalization. Lee et al.
presented a modified transformer architecture (which is integrated with attention mechanisms) to approach
the job-shop scheduling problem [82]. As in the previous work from Wang et al., the authors reported that
the model could be extended to larger instances. Moreover, the trained model outperformed other DRL
frameworks including one using dispatching heuristics for scheduling. Magalhaes et al. implemented an
encoder-decoder ANN for approximating the value function in a Deep Q-learning method [83]. The trained
agent is used for making scheduling decisions in a Flexible job-shop. The authors used an RNN and

attention modules to enable the agent to handle inputs and outputs of variable sizes and to account for
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previous states through the hidden state. The trained agent could achieve better results than a meta-heuristic
algorithm used as a benchmark (i.e., the Knowledge Guided Fruit Fly Optimization Algorithm).

In the work of Gebreyesus et al. a PPO algorithm was used for sequentially generate optimal schedules
on job-shops [84]. The authors used disjunctive graphs that integrated attention modules to represent the
topological structure of the job-shops. They aimed to minimize the makespan of the completion of all the
jobs. The agent makes the decision of which operation should be started at every time-interval. As the
process advances, the model discards the operations already started from the action space. The model was
compared with multiple benchmarks and the results showed an outperformance over other heuristics and
baselines. The model showed the capacity to be used in larger instances, providing scalability. In the work
of Liao et al., a PPO method that uses attention mechanisms for structuring the agent for solving job-shop
problems was proposed [85]. The model consists of a policy that is parameterized by an attention model,
which computes the scheduling priority of operations. The aim is to reduce the makespan of the process.
The actor calculates the priority of the available operations. The framework was compared with multiple
benchmark instances where the strong generalization capability of the model was demonstrated. Yang et
al. proposed a policy network based on attention mechanisms for encoding the disjunctive graph
representation of a job-shop into a state [86]. The set of actions corresponds to the decision operations that
have not been performed in the shop. The aim is to reduce the makespan and the PPO algorithm was used
to train the agent. The actor and critic receive the encoding of the attention mechanism and then a set of
FNNs are used. The framework was tested against three baselines, which were outperformed. Also, the

model could generalize for bigger instances at a cost of more training.

2.6. Summary

The use of DRL methods for approaching the scheduling optimization problem with uncertainty has
become an alternative over optimization methods like robust or stochastic optimization. Among the
advantages that these methods provide is the nature of the trained policy which builds the schedule in an

online fashion. This implies that the policy will evaluate the state of the environment at every step, which
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is convenient for approaching unexpected realizations of uncertain parameters. Contrary to reactive

scheduling, where the schedule needs to be rebuilt or corrected every time these events take place, the

policy provides guidance on how to proceed in the short-term scheduling. The adaptation of DRL methods

requires the use of multiple techniques to process the information. The literature has focused on the

exploration of multiple architectures of ANNs to model the policy and value functions. These architectures

provide different options to gain insights on the state of the environment.

As a relatively new area of research, there are potential new avenues for study in the field of process

scheduling. The following gaps in the literature motivated the objectives of this research:

a)

b)

The general assumption of the scheduling problems as an MDP that was found in the literature
restricts the use of historical information from the process. The study of these problems as POMDPs
is scarce in the literature as it is useful to take advantage of information from multiple time-
intervals.

The works in the literature mostly define the action space from the scheduling process as a discrete
set of actions. Although this is accurate for applications in job and flow-shops, where the decisions
could be deciding between jobs or dispatching rules, this might be a limitation for chemical
facilities where other decisions need to be addressed in the scheduling process. Therefore, the need
to extend the decision space of DRL agents.

The use of ANNSs to generate policies for industrial applications has been limited by the fact that
these approximators are not fully interpretable. Then, the dynamics of the process acquired during
the training, along with other logics that are behind the decisions made by the agent are not available
from the model. Thus, the interpretability to confirm the logics behind the decisions from the agent
is required. This could be done through the special features of attention modules to provide insight
into the decisions made in the process. To the author’s knowledge, this study has not been reported
in the literature of scheduling problems.

In the following chapters, the works for approaching these gaps in the literature are presented.

These works are focused on studying the applications of DRL on the scheduling problem from different
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perspectives. Specifically, the use of RNNs for approaching the POMDP, the application of
parameterized agents for multi-decision environments and the use of attention modules for
interpretability of the decisions of the agent. These areas of research which have not been studied in
the literature will advance the implementation of novel machine learning methods, particularly DRL

methodologies, to process scheduling.
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Chapter 3 A Recurrent Reinforcement Learning Strategy for
Optimal Scheduling of Partially Observable Job-Shop and Flow-

Shop Batch Chemical Plants Under Uncertainty

Modelling the scheduling process as an MDP is a characteristic that prevails in the literature and
assumes that the agent has access to all the information needed to take the next decision at each time-
interval. To the author’s knowledge, there are no works in the literature that approach the scheduling process
in flow and job-shops with zero-wait restriction as a POMDP using Deep Recurrent Q Network (DRQN).
This method is a variant of DQN that uses Recurrent Neural Networks (RNN) and it is useful for
environments with partial observability, i.e., the information provided to the agent at each time-interval is
insufficient to define the state of the environment. This chapter focusses on scheduling problems where the
current states are not informative enough, e.g., systems where information about the processing times of
the jobs and product demands that may take place during the scheduling horizon are not available at
particular time instances. These conditions are assumed to be uncertain and not available to the agent, which
makes this a challenging problem to be solved using the existing DRL methods based on MDPs. The DRQN
method is used to handle these problems and train a policy that can return schedules under partial
observability.

To assess the capacities of the present method, an environment of a shop that is lowly expressive in
information and that does not follow the Markov property (Eg. 1) was created. The environment only
transmits the already scheduled occupation of machines, the demand values and the time variable.
Uncertainty realizations are realized randomly in the process during the training. In other works from the
literature, the required information (from the present and past events) to make an action is provided to the
agent at the present time interval, the present work assumes an environment that provides scarce (limited)

information and where the DRL agent needs to have access to many states in the past to take a decision.
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This chapter is organized as follows: Section 3.1 presents the problem statement, Section 3.2 describes
the DRL methodology, Sections 3.3 and 3.4 present two case studies solved with the presented

methodology. Finally, Section 3.5 presents a summary of this chapter.
3.1. Problem Statement

In this section, the conceptual and mathematical description of the scheduling optimization problem
under consideration is presented. Fig. 12 presents a general representation of the chemical batch plant under
consideration. The plant is divided into stages s € S, and at each stage, there is a number of machines that
belong to the set M; note that the number of machines from one stage is independent of other stages. Let
Dm,s Tepresent the m™ machines available on each stage s that belong to M. For every job j € J that can be

executed in the plant, there is a predetermined path K; that needs to be followed during the scheduling

horizon T. Each path contains the list of machines p,];l's where the superscript j represents the job that makes
use of machine m at stage s. The size of each path K; is n; which refers to the number of stages in which
the plant is divided. Thus, each element in K; specifies the machine for each stage that will be used to
complete the job j. For the case when a job does not need a machine from a specific stage, a zero is assigned
for that specific stage. Note that if a job j can use two or more machines from the same stage to perform a
particular task, then all the variations of the job should be declared as independent jobs. For instance,
suppose that job j = 1 can use machine 1 or 5 (p1 5 and péjg) for the third stage in the path K;_,. Since the
path only allows one machine per stage, then another job (j = 2) with a path K;_, that is equal to Kj_,
except for the machine at stage 3, needs to be set. Then, both alternatives will be available for the decision
process.

Each machine has a processing time defined for the job and stage that is considered. Some of the
machines’ processing times are uncertain and can take different values from a finite set of realizations. The
processing times are defined by the matrix X, € R*" *"'s \where n; represents the total number of jobs. The

subscript a € A is used to identify the different realizations of X. The elements of X, represent the
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processing times xj‘a for each s stage for every job j. Note that for the stages where no machine is used in
a job, a zero is assigned to denote the absence of a processing time.

Stage 1 Stage 2 Stage s Warehouse

Product 2

Machine p:.: Machine p:.

Machine p2: Machine p:2.>

Product 3

=

Figure 13 General plant diagram for implementing the framework presented in this work.

sss sss

{Machine pm.: Machine p».2

The products processed through the jobs j are represented by i € I. Each job produces a predefined

amount of product which is denoted as q;. More than one job can be used to produce a specific product I;

hence, J; c J shows the job(s) used for producing product i. During the horizon T, product demands are
updated at specific time intervals Q c T. Updates to the demands are defined a priori and selected from a
finite set of possible realizations. The updates are uncertain to the scheduler until it reaches the time

intervals specified in Q. A realization of the demand selected for updating the product demands is defined
with the vector d;cq € R+ where n; represents the number of products in the production; thus, the it"
element in the vector (i.e., dicg) refers to the individual demand of each product at a particular time interval
t. All the possible realizations of d;cq that can take place at the specific time interval t are defined in the

set D;eq. The number of sets D¢ is defined by the number of updates expected to occur during operation

(i.e., |Q]). The sum of the demand selected for each update results in the total demand vector E € R+,

The elements in E correspond to the and can be defined as follows:

E; = Z di (22)

teQ
The products obtained from the plant are used to satisfy the demand while any leftovers are allocated

in the warehouse. Each product i has a designated capacity in the warehouse which is defined as V; . The
scheduling decision process is considered to be performed online and will specify the job that needs to be

started at each time interval to fulfill the demands before the end of the horizon T. If no job needs to be
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started at a specific time interval, then no action should be executed. The scheduling optimization process
of this problem statement aims to reduce the time that it takes to satisfy the demands for each product i in
the vector E. Note that other objectives can be considered, e.g., maximize throughputs, profits, or minimize

costs. The objective function considered for this problem is defined as follows:

H= D0t W (23)

JjEJ teT
where W, is a binary decision variable that is set to 1 when a job is started at time t, and O otherwise. This
decision variable is specified for every time-interval in the horizon T. H is the sum of the times at which
the jobs are initialized in the process, which also minimizes the makespan of the scheduling process. The
scheduling optimization problem is shown in problem (P1). The objective function (P1.a) minimizes H in

the horizon T'. Eq. (P1.b) is an allocation constraint that uses the binary variable L;, ., which is setto 1 if

the machine p,, s at the time-interval ¢ is processing a product; otherwise, it is set to 0. Constraint P1.b
enforces that only one product is being processed on the same machine at any time t. Constraint (P1.c)
enforces that the production of the product i should meet the demand E; and any additional surplus will be
added to their corresponding warehouse with capacity V;. Constraint (P1.d) enforces that the total
production of each product i must meet the demands. Constraints (P1.e) and (P1.f) enforce the zero-wait
restriction which states that the batch product from each machine must be transferred from one stage to the
next immediately after the batch is completed. This restriction is defined with the variable u; ¢ that defines
the starting time of the job j at the stage s. Constraint (P1.f) defines the starting time of the next machine

in the stage s of a job j as the time at which the process started in the previous stage plus the processing

time x;"“ of that stage. Constraint (P1.g) prevents any machine from finishing after the end of the horizon
T.
P1

min H Pl.a
pin (Pl.a)
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s.t. Leer Lpy, e < 1, VvmeM,s€ES (P1.b)

Vit Ei =X, Xt W *q; Viel (Pl.c)
Ei < Yjej, 2t Wit * q; Viel (P1.d)
Uj =t* Wi VjeJ,teT (Pl.e)
Uj(s+1) = Ujs T xg'a Vie],s>1,a€A (P1)
Wi+l <T Vji€J,sESa€EA (P1.9)

The parameters of the total demands of product i (E;) and processing times (xg'“) are uncertain and not
known a priori. Hence, problem P1 can be solved using reactive scheduling methods. In general, the
iterative calculation of the solution of P1 at each time interval may become time-consuming depending on
the size of the plant. Another approach consists of the application of stochastic programming methods such
as robust optimization. Robust optimization would provide a schedule that maximizes the expectation of
the objective function for any realization of the uncertain parameters which might derive in highly
conservative solutions when the domain of the uncertainty is overly large [87]. Two-stage and multi-stage
stochastic programming constitute another option to approach this type of scheduling problem allowing the
correction of decisions after the realization of an uncertain parameter, nevertheless, there is a high
computational cost involved in their implementation [88].

This chapter presents an alternative approach that makes use of a DRL strategy. The aim is to design
an agent that can be implemented online, and which provides scheduling decisions in short turnaround times
independent of the size of the plant. The agent makes use of the final policy (i) to make decisions online
considering the recent history of the plant, i.e., the state of the plant in the previous time intervals. In the
next section, the translation of problem P1 into an RL environment along with the construction of the agent

and the training method are described.
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3.2. Methodology

In this section, the approach used to solve the optimization problem P1 is described. The DRL method
that is used to train the agent is the DRQN, which is used to handle the POMDP that is considered in this
environment. In the context of DRL, the use of RNNs, CNNs, Attention modules, or Autoencoders
represent alternatives for handling POMDPs [89]. In this work, RNNs were considered mainly because the
number of time intervals that are meant to be evaluated for the decision-making process is not large (<1000),
moreover, RNNs are easy to train and effective.

The key components from the RL implementation are: (1) The action space, consisting of the jobs in
the set J that can be scheduled and initialized by the agent at every time interval t; (2) the observation vector,
which is the batch of information collected at every time interval from the batch plant (from now on called
environment) and that is evaluated by the agent to take the next decision; (3) the definition of the reward
function used to control and guide the learning process of the agent; (4) the integration of parametric
uncertainty in the environment; (5) the architecture of the RNN employed to create the RL agent. Each of

these components is explained next.

3.2.1 Action Space

The action space (i.e., the set of jobs J) that can be initialized in the plant is described in Eq. (24). Since
the RL method requires the selection of an action at every time-interval t, an idle state action is incorporated
for the case when the scheduler decides not to initialize a product. Note that the initialization of a job
involves not only the start of the first machine in the path but the subsequent initialization of the machines

in K;. As mentioned in the previous section, each job produces a pre-specified amount g;. Table 2 shows

the decisions that are taken with the selection of an action. Note that the processing route, i.e., the path K;,

shows the machines p,};l’s injob j.

Actions = [joby, ..., jobj, idle state] (24)
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Table 2 Job path configuration.

. . . Quantity

Action Processing Route K; produced (m)
jobi | Pma = Pmz = = P %
]Ob] p;;’l,l_)p‘){;l,z_)'”_)p‘;];l,s q]

To choose an action, the RL agent evaluates the environment and produces the vector ¢ with quality
values (Q_val;), shown in Eq. 25. The Q-values are estimations that the agent learns to predict through the
training and represent an approximation of the cumulative of rewards that the agent receives during the rest
of an episode for choosing an action/job. That is, the agent receives a list with a Q-value per action available
at every time-interval, and the highest Q-value in the vector ¢ suggests a larger reward in the long term if
the action related to that value is executed at that time interval.

¢ = [Q_valy,Q_valy, ..., Q_valj, Q_val jge statel (25)

One way used to enhance learning in RL is to constrain the agent to only take actions that are feasible
or convenient for a given state of the environment [90]. This technique is referred to as masking and has
been employed in this work to make the agent ignore products whose demands were already satisfied.
Masking the action vector helps the agent to focus on products whose demands have not been satisfied and
encourages the compliance of constraint (P1.d).

Once an action for a job j is implemented and completed in the plant, the demand for that particular job
j is decreased by q;. The iterative execution of actions in the environment during the training and their
constant evaluation through rewards and penalties gives the agent the experience needed to distinguish
between acceptable and unacceptable actions. Note that the different realizations of the uncertain
parameters are included in the experience that is generated during the training. The agent uses this
information to refine its Q-value predictions and eventually learns a policy that can handle different

realizations in the demands and processing times.
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3.2.2 Observation Vector

The agent needs information about the state of the environment (i.e., the plant) to take the next action.
In the MDP, there is no other information required from the environment other than that available at the
present time. For the POMDP stated in this problem, a sequence of states from previous time-intervals is
considered for taking the next action. That is, a sequence of events that starts at some time in the past and
concludes in the present time-interval is given as input to the agent to be processed and transformed into
the vector ¢. The RNN is used to merge and correlate these consecutive past events and create a hidden
state (see section 3.2.5). The observation vector O, is defined as the set of features from the environment
that are considered relevant to take the next action in the schedule. These features are those in the plant that
reflect the effects of executing a certain action over another one. For instance, information related to the
historic occupation of the machines related to a job; this feature projects the general state of a job which
can be used to define an observation vector.

Eq. 26 shows the structure of the observation vector O,. The actions the agent has implemented at ¢
time-intervals in the past are registered in the observation vector 0,. The jobs registered include past jobs
that are still being processed in the present time-interval in the plant; on the other hand, the jobs that were
initialized in the past and that have been already completed are not included in O,. Consider that the number
¢ of actions in the observation remains constant during the training, this implies that at each time-interval,
a new action is included in O, and the oldest action is taken out from the vector. Note that ¢ must be
sufficiently large to let the jobs be followed during their processing before they are excluded from 0.

O; = [01,t—c+1,02,t—c+1, 03,t—c+1 -++» Os,t—c+1, ACLLON 41,
01,t—1,02,t—1,02,t—1 -, Os¢—1, ACLION; 4, (26)
0102, 03t -+, Og ¢, ACtION,

Z1,Z2, ey Zis t]
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There are four types of elements that are registered in O,: 1) the element action, lists the decision that
was chosen by the agent at time t. This decision could be either a job or the idle state action; the jobs are
assigned to the action; by using as an identifier an integer number, whereas the idle state action is assigned
through a 0. 2) The element o, stores the time that a machine has been in use from the stage s in the job
recorded in action,. Note that the machines used in each job j at each stage s are shown in the path K; (see
Table 1). If the machine has already finished the process assigned in the job, a -1 is then assigned to the
corresponding element og .. Also, if the machine has not started yet, a 0 is recorded. If no job is chosen in
the action, (idle state) , the elements o, are then recorded with zeros. 3) the demand that is left for each
product is specified as z; which represents the amount of each product i that still needs to be produced. This
variable is defined in Eq. 27.

t
Zi:EZWj't*qj' Viel 27)
jejit=0

If a demand is completely satisfied, the warehouse for that product is the next to be filled, and the value
of z; appears negative, meaning that the production of that product is for the warehouse and not for the
demand. Furthermore, the time-interval t at which the information of the machines and the demands are
registered in the environment is also collected in the observation vector. The features stated in O, were
selected because they can effectively project the effects of an action executed in the environment. This
projection is needed by the agent to develop correlations that exist between different O, vectors. An
illustrative example featuring how the information is registered in the observation vectors is presented in

section A.1.a of the Appendix A.
3.2.3 Reward Function

The reward is a scalar value that indicates the performance of the action in the environment at every
time interval t. Usually, the reward is provided concerning the accomplishment of one specific objective,

for instance, reaching (or not reaching) a specific state. For more complex problems such as scheduling

optimization problems, the reward can consist of multiple rewards that motivate the non-violation of
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constraints and the alignment of the actions to the objective function, e.g., minimize makespan or maximize
throughput. This method is referred to as reward shaping. As shown in Eq. 28, the reward-shaping method
involves the use of sub-rewards b € B that promote different objectives in the policy [91]. The sub rewards

are collected and returned as a single (scalar) reward to the agent for their actions at each time-interval.

Reward,; = z Tht (28)
beB

To implement the reward shaping method in the scheduling optimization problem P1, the
straightforward process consists of assigning a reward to the objective function and each constraint in the
problem. Penalties (negative rewards) are given in cases where an action is not aligned with the aims of the
objective or when a constraint is violated. At every iteration in the training, the environment calculates the
value of each sub reward and adds them up to generate the Reward,. The DRL method uses this reward to
update the agent’s policy  in the direction of the maximization of the rewards.

Table 3 lists the sub rewards (as rewards and penalties) designed for the optimization problem P1. The
scalar values of the rewards and penalties can be changed depending on the relative importance of the
constraints or the user’s preferences. The specific mathematical representation of the reward function is
provided in Section 3.3 and is specifically tailored for the case studies used in this work to illustrate and
assess the performance of this framework. Back to the description of Table 3, the first row, which refers to
the objective function (P1.a) (minimization of the makespan) consists of a sub reward that is given to every
product that is introduced in the batch plant. To motivate the reduction of the makespan, the agent receives
higher sub-rewards for the early introduction of products within the horizon. This sub-reward also motivates
the compliance of constraint (P1.d) since the agent is motivated to initialize products to satisfy the demands.
The second and third rows in Table 3 show that a penalty is given if constraint (P1.b) or (P1.c) is violated.
Constraints (P1.e) and (P1.f) are not explicitly considered in the reward shaping method because the
calculation of the starting times for each machine is estimated by the environment and the decisions of the
agent have no influence over this process. If the last constraint (P1.g) is violated because an action allocates

a process outside the time horizon T, a penalty is assigned to the agent as shown in the last row in Table 3.
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As an additional measure to ensure the likelihood of compliance with the constraints, the Reward, was set
to discard any positive sub reward if a constraint is violated, remaining only with negative values.

Table 3 Reward decomposition in sub-rewards.

Equations from optimization problem Translation into Reward Function
Give higher reward to products introduced
closer to the first time-interval.

Minimization of the Makespan (P1.a)

Allocation Constraints (P1.b) Penalty for violating a constraint.
Capacity Constraint (P1.c) Penalty for exceeding the available capacity.
Production Constraint (P1.d) Reward for |n|t|a:jlézr][]r;lgqg)roducts to satisfy the
Time Limitation Constraint (P1.q) Penalty for allocr:]?)trlir;% r? grocess after the time

Alternative methods to reward shaping include the use of constrained RL where the objective function
is subject to constraints. This method uses probability distributions to describe the cost (value) of a decision
process. These distributions are modified to reduce the value of specific decision processes that represent
the constrained space. Constrained RL reduces the expectation of the value function proportionally to the
risk that a specific state represents to the agent in terms of rewards [92], [93]. Setting this level of risk in
the model allows the agent to prevent highly risky situations and even tolerate certain levels of risk. Reward
shaping was implemented in this work because the experiments showed it to be an effective method to

reduce the number of constraint violations and the overall makespan.
3.2.4 Parametric Uncertainty

For the agent to learn about the uncertain parameters and produce actions that consider their effects on
the schedule and the plant, the agent needs to experiment with different realizations of the uncertainty.
Hence, the processing times and the demands need to be changed during the training such that the agent
can develop a policy that can provide acceptable actions. Fig. 14 shows a schematic representation of one
episode in the training. In step 1, the environment is set with a specific realization of the uncertain
parameters. The realizations of X, and the demands d;q are chosen using a uniform distribution and then

established in the environment. Note that this selection is not known to the agent and learns about them
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through the interaction with the environment (step 2) by experimenting with the generation of schedules.
In step 3, the DRL method uses the data collected from step 2 (i.e., states, rewards, and actions) to update
the agent’s parameters in the direction of maximizing the rewards. After completing an episode, the cycle
shown in Fig. 14 starts again for the next episode in the training. The updates are made using an Adam
optimizer [94]. Hence, it is expected that at the end of the training, the agent will develop a policy that can
perform decisions considering the objective function while avoiding constraint violations.

2. The agent produces
the schedule with
the set of demands
and processing times
selected.

1. Randomly choose a 3. Data is collected
realization of processing and the agent is
times and demands from updated to increase
X. and dreq. the rewards.

Figure 14 Method for integrating the uncertain parameters in the training.

3.2.5 Agent

The agent has an architecture that contains an RNN to handle the POMDP and a linear layer that
transforms the outputs of the RNN into a vector with the Q-values for the actions. The input to the agent is
a sequence with length T that includes the observation vectors O, collected from the process. Therefore,
the hyperparameter T represents the number of observations from the past that will be provided as input in
the agent. Note that this hyperparameter is selected considering the length of the machine’s processing
times and can be changed according to the characteristics of the problem. Since the information that is
gathered while the process takes place is related to the occupation of the machines, it ought to be considered
that the input sequence should accumulate the sequence of time intervals when a machine is processing a
product. Hence, the length T is the maximum processing time among the possible realizations included in
X,. Eg. 29 shows the input sequence of observations at time t. Note that I' defines the number of
observations into the past that should be included in the input, whereas c in Eq. 26 restricts the number of

actions to be registered in 0, such that only the jobs that are taking place in the plant at the current time
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interval are considered. A simple example that illustrates how the input; sequence can be constructed for
different time intervals is presented in section S.1.b of the Supplementary Material.
input, = [O¢_r4q1, ..., 0¢—2,0¢-1,0¢] (29)

The RNN uses one hidden layer with A hidden states in each recurrent cell giving an output dimension
of 1 X T values. The number of hidden states is defined according to the size of O, for sizes <1000, a
maximum value of 20 is recommended. Additionally, experimentation with smaller sizes is suggested as
different numbers of hidden layers can derive similar results. The output of the RNN constitutes the input
for a linear layer that outputs ¢.

The RNN is used to find correlations between the time-intervals that take place in the batch plant. Fig.
15a illustrates how the agent takes four time-intervals (I' = 4), at time-interval 3 as input to produce the
vector ¢. For the present scheduling problem P1, the agent will develop correlations between the changes

in processing times and the demands as the process moves forward.
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Figure 15 a) Observations taken at time-interval 3, b) Architecture used for this work.

Fig. 15b shows the general architecture of the Neural Network with the input sequence, the processing
of this input in the RNN cells, and the transformation into the vector ¢. The vanishing/exploding gradients
in RNNs when performing BPTT was not an issue of consideration because the trainings didn’t show signs
of policy collapse presumably because the number of time-intervals used as the number of inputs per
sequence was short (four elements) and the results showed convergence in the training. In the next chapter,

the use of LSTM showed a similar performance as the RNN cells used in the work showed in this chapter.
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The proposed DRL framework was designed to create an agent that can build online schedules for batch
plants that can fit the description provided in Fig 12. The design of the plant allows to extend the number
of products that can be processed and the horizon to work on larger instances. Moreover, the
hyperparameters listed above can be adjusted according to the scale of the plant in consideration. For more
complex scenarios where I' needs to be larger to attain longer processes, a different ANN architecture could
be employed using different types of recurrent cells. These changes can be readily implemented in this
framework. On the other hand, the features registered in the observation 0, which include data about the
processing time and the state of the production and demands, are sufficient to provide informed inputs to
the agent. Once it has been trained, the time it takes the agent to provide a decision for a given state is in
the order of milliseconds despite the scale of the plant. The evaluation of the agent does not perform any
calculation as in other optimizers to take a decision, the decision-making process only consists of the
evaluation of the ANN for the given input. The next section provides details of the implementation of this

framework in different cases.

3.3. Case Studies

The methodology presented in the previous section was tested using two cases adapted from the
literature. The performance of the proposed framework was tested by comparing the agent trained with and
without uncertainty, and under different conditions, i.e., plants of different sizes and under different
realizations in the uncertain parameters. The two cases presented here involve job-shop scheduling
problems for chemical manufacturing systems. For brevity, a third case study featuring a flow-shop batch
plant is presented in section A.3 in the Appendix A. The source codes for these three implementations can
be found at https://git.uwaterloo.ca/ricardez_group/luis-ricardez-sandoval-drgn.git.

The sources of uncertainty that impact scheduling decisions are related to processing times, which can
be related to slow or fast reaction rates in chemical reactors, and product demands, which can change
unexpectedly due to changes in market conditions. The first case study presents a small job-shop plant of

four products and four stages and is divided into two instances: scheduling with and without uncertainty in
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processing times and demands. The second case study is a larger job-shop plant involving ten stages and
ten products whose production is subject to uncertainty in the processing times of four machines and
uncertainty in product demands, which are realized during operation. The training performed for the three

case studies was implemented on a processor Intel Core i5-7500 CPU at 3.40 GHz.

3.3.1 Case Study 1

The plant under consideration is shown in Fig. 16 and involves four stages (|S| = 4). The plant is used
to produce four products (]I| = 4) which can be labeled as Pr1, Pr2, Pr3, and Pr4. Stages one and four have
one machine, whereas stages two and three have two and three machines, respectively. At the end of the
plant, there is a warehouse available for each product. The time horizon for this processissetto T = 50. A
process is completed once it reaches the fourth stage, and it will be stored in the warehouse only if the

demand is already fulfilled.

Stage 1 Stage 2 Stage 3 Stage 4 Warehouse

Product 2

Machine pis

[Machine P [Machine pi+ Output

Product 3

Figure 16 Plant configuration for case study 1.

Table 4 describes the available jobs, the paths K; in the job-shop that need to be followed by each job,
and the corresponding quantity q; (m®) that is produced from each job j. Note that a product i can be
produced through different jobs which differ in the machines used and the quantity produced. The vector
of actions (Eg. 24) contains the elements displayed in the second column (Jobs in J) of this table plus the
idle action.

Table 4 Available jobs/actions for case study 1.

Product Jobs inJ Processing Route K; Output g; (M)
Prl joby P11,1 - P11,2 - P?l,,3 - P%A 80
Prl job, P%J - P%,z - P§,3 - P%A 100
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Product JobsinJ Processing Route K; Output g; (M)
Pr2 jobs 0-pi, > pis = pis 50
Pr2 joby pf; -0- Pg,s - pf4 80
Pr3 jobs P15,1 - pg,z - pfs - pfA 50
Pr4 jobs pii— P2 = 0> iy 80

This case study considers uncertainty in the processing times of a few machines and in the product
demand realizations during the process. Eq. 30 shows the set of matrices X, that contains all the possible
realizations of the processing times. As mentioned in Section 3.2.4, during the training, each of the matrices
represents a realization of the processing times and is selected randomly at each episode during the training
to define the processing times of the machines. Note that the rows in X, represent the jobs whereas the
columns represent the stages. For instance, the processing time of the machine in stage 4 for jobs (row 3,
column 4) is of one time unit. As shown in Table 4, this value corresponds to machine 1 at stage 4, i.e.,

p3 4 according to K;_3. For this case study, the processing times subject to uncertainty are located at stage

three (third column) in job, and job, (first and second row) in each matrix shown in Eq. 30. Note that the
agent has no information about the processing times of any job and this knowledge is acquired during
training.

{XI'XZ'XS} = (30)

P NONO R R
NN ON NN
O N NN W W
R R NP NN
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P NNO R e
NN ON NN
O NNN R R
R R NP NN

The initial demand is set to 80 m*for each product, thus, d,—, = [80, 80, 80, 80]. The demand for each
product will be updated at the times specified in the subset Q = {10,20,30}. The possible demand
realizations used at each time in Q are assumed to be the same and are listed in Eq. 31. Each vector in the
set contains the update for the four products. So, for instance, if the first vector, [120,90,100,90], is
selected for t = 10, then the demand of the first, second, third, and fourth products would be increased in

120 m?, 90 m?, 100 m?, and 90 m? respectively. The selection of the demands d ¢, is performed randomly
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using a uniform distribution. The demands selected are integrated into the production demand at the times
stated in Q. The capacities of the four warehouses in m3 are V = {80,80,80,80}.

[120,90,100,90],
[100,110,110,40],
[100,120,100,110],
[100,120,40,110]

Dio = Dyo = D3p = (31)

The specific reward-shaping method considered in this case study is described in Table 5. These sub-
rewards follow the objective and constraints in P1 as presented in Table 3. The second column in Table 5
provides a mathematical description of the sub rewards. Moreover, the values selected for each reward are
also reported in this table. The definition of these values was made through an experimental process, looking
for a set of rewards and penalties that would make the agent avoid constraint violation, complete the
demand, and reduce the makespan of the process. The third column in Table 5 describes the aim of the
specific sub-reward.

Table 5 Explicit reward shaping for Case Study 1.

Equations from P1 Reward shaping function Translation into Reward

Function
If a job is allocated
Minimization of the R1 = 0.2 NioWir if XiooW =1 successfully, a reward of
Makespan (P1.a) “lo if Yt o Wi, =0 +0.2 is given for the rest of
the horizon.
Allocation +8 if W, =1 dRewardhof +8 if the J?II_J
Constraints (PLb | R2={-3 if W;; >1 (_)e; ot _at\)/e any Icon fICt
and P1.d) 0 if W, =0 Wlt_ any job. Pena t)_/ of -3
Lt if there is a conflict.

If the addition of a job
exceeds the plant capacity,
then a penalty of -3 is

Constraint for
Production Capacity | R3 ={-3 if Yie Lt Wiexq; >V + E;}

(P1.c) '
given.
Constraint for time If a machine is activated
imitati R4 = {_8 if L, +=1landt> T} after the horizon give a
limitation (P1.9) ms
penalty of -8.

A set of 3,500 episodes, where each episode represents a full horizon run of the plant, was used to train
the agent, this number of episodes was set after experimenting with different lengths of training. It was

noted that after 3,500 episodes of training, the policy converged into a stable response. A learning rate a =
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5e — 5, a discount factor y = 0.7, and an epsilon-greedy strategy with a starting value of € = 0.8 were
defined for the agent’s training. The complete set of hyperparameters is listed in Table A.2 in Section A.2

of the Appendix A.
3.3.2 Sub-Case 1: Deterministic problem

To ensure that the framework from Section 3.2 was designed to solve problem P1 presented in Section
3.1 and that the penalizations and rewards from Table 5 guided the agent satisfactorily, the previous case
study was first solved without uncertainty. For this instance, only one realization of the matrix X in Eq. 30
is considered, i.e., X,. The demands assigned are d,, = [120,90,100,90], d,, = [100,110, 110, 40],
d;, =[100,120,100,110].

Since the processing times and the demands were known a priori and fixed in every episode, the RL
framework found a unique schedule for problem P1. Fig. 17 illustrates the schedule obtained with the policy
of the agent. The agent did not violate constraints during operation and was able to organize the schedule
online to fulfill the demands. The red vertical lines shown in Fig. 17 indicate the time-intervals when an
update to the demands was performed (i.e., values from Q). At the end of this process, the demands were
fully satisfied and a surplus of 3% of the original demand was produced and allocated in the warehouse.
This figure also shows that the agent avoids the initialization of products in the last four time-intervals of
the process, which is desired to promote the reduction of the makespan and to prevent processes from

finishing after the horizon of T = 50.

s Product 1
. Product 2
W Product 3
N Product 4

Machine p:.:
Machine p:
Machine p-.:
Machine p:.s
Machine p::
Machine ps = |

e HEE R

M

01 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52
Time Interval

Figure 17 Final schedule from case study 1 with no uncertainty.
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Note that the distribution of the schedule is not homogeneous as most of Pr2 was left for the end of the
schedule to be produced but this can be changed if their production is prioritized with other sub-rewards.
One training took approximately 1,509 seconds. After the agent was fully trained, the time it took to provide
an action for a given state was 8.84e-4 seconds on average. Results from this scenario confirm that the
proposed DRL strategy can produce online schedules that minimize makespan and meet the product

demands without any constraint violations.

3.3.3 Sub-Case 2: Problem Under Uncertainty

The instance with uncertainty in processing times and product demands previously described is considered
next. This instance used the same hyperparameters and number of episodes, i.e., 3,500. The final policy m*
obtained from the training was able to achieve stable results in the presence of uncertainty. The agent’s policy
was able to fully complete the demands for the possible demand realizations considered in the sets D;, D,,
and Ds,. Nevertheless, the agent also committed a small number of violations in terms of the allocation of
the products. Fig. 18 shows the number of violations in the allocation constraint (P1.b) produced at every
episode during the training. At the beginning, the number of violations is high, and a progressive reduction
is observed which can be related to the agent’s learning process. During the last 1,000 episodes, the agent
was not able to keep reducing the number of violations, which indicates that it achieved a stable policy that
will not change considerably with additional training. According to this figure, the agent commits no more
than five violations during the entire process horizon using the final policy 7. Note that each decision used
to initialize a job within the plant contemplates the future allocation of three to four machines. This means
that the incorrect initialization of one job can result in three to four machines receiving more than one

product.
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Figure 18 Average violation of allocation constraint at each episode over multiple trainings.

The agent reached a stable learning at the end of the training in Fig. 18, the variation at the end is related
with the different realizations of the uncertain parameters and their effect in the final schedule. Also, this
happened because the actions under uncertainty could have different outcomes in the environment. That is,
for a given input, the action that implements a job; might have different values for Q_val;, then the ANN
that is in charge of learning this unique (sole) value will be constantly changing due to the variation in the
processing times of job;. Additional information related to the states of the machines and the processing of
each product could provide more information about the process and help the agent reduce the number of
overlaps in machines from Fig. 18. The extension of this feature is contemplated for future work.

A schedule without any constraint violation that was generated during the training is shown in Fig. 19.
The demand was fully satisfied and the overproduction of 9.37% concerning the total demand was placed
in the warehouses. For the particular instance shown in Fig. 19, the matrix X, described the processing
times for the jobs and the demands assigned were d,, = [120,90,100,90], d,, = [100,110, 110, 40],
d;, =[100,120,100,110]. As in the previous schedule shown in Fig. 17, the agent left most of product
2 for the end of the process. The agent uses the whole horizon of 50 intervals to distribute the production
and complete the demand on time. It was observed that the agent preferred to start the jobs with larger q;
in the cases when there was more than one job to produce a product. Jobs 1 and 2 for Prl (cyan color in the

figure) were subject to uncertainty and were effectively inserted into the schedule.
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Figure 19 Schedule for uncertainty in processing times and demands.

The final policy m* was validated using 10,000 instances with different combinations of the uncertain
parameters X, and d.cq shown in Eq. 30 and Eq. 31. The policy did not result in any constraint violation
on 52.31% of the instances and fully satisfied the demand in 97.23% of the instances. Statistically, at each
instance, there were at most 2 violations of the allocation constraint during the scheduling horizon. From a
deeper understanding of the decision-making process, it was found that the violations made in the process
were a consequence of one action (on average) during the process. About the total number of actions taken
in the process, this action represents 1.7% of all the decisions. A comparison between Fig. 18 and Fig. 19
show that the agent generates similar strategies for generating the schedules; for instance, production of
Product 2 is left at the end in both cases. Nevertheless, the agent reacted different in the cases under
uncertainty where it became conservative to avoid as much as possible constraint violations. On the other
hand, in the deterministic case the agent learnt a unique solution for the problem that was completely
defined for the agent. It would be expected that a larger variation of schedules would be observed if, for
instance, not all the products were produced at every episode or if a larger number of machines were set in
the environment, each one with different requirements, e.g., products that can process, or requirement of
times for cleaning.

To reduce the number of constraint violations, specifically machine overlapping, the penalty for
committing this violation was increased in the sub-reward R2 (Table 5) such that the agent would focus on
avoiding this constraint violation. This reward retuning initially returned better results in terms of reducing
the number of violations as the penalty was increased until a minimum point where the agent could not

reduce it further. If this penalty threshold is surpassed and the penalty becomes too large, then the agent,
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which aims to maximize its overall collection of rewards during a process, will likely opt for producing the
minimal portion of products that would warrant no constraint violations. This behavior would have a direct
impact on the reduction of demand satisfaction. Fig. 20 shows the implementation of this concept, a set of
trainings, with 10,000 iterations each one, was performed with different values of the penalty when a
constraint was violated. The values of the penalty were -3 (the one used in this case study), -6, -9, and -100.
From this figure, it can be concluded that, at the limit, the agent will eventually leave more demand
unattended to the point where the best option would be to not produce any product and completely avoid

the risk of constraint violations.
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Percentage of episodes with no constraint violation.
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Figure 20 Demands and Constraint violation from different trainings with 10,000 episodes each one.

It was demonstrated that for the second case that considers uncertainty in processing times, the policy
obtained from the training phase was prone to commit several violations. In practice, the overlapping of
machines is an infeasible scenario. To account for this condition, two heuristics can be implemented to
correct for these actions. After a decision is sent from the agent into the environment, the latter can predict
if there will be any conflict with the schedule of machines from jobs that already started. Recall that the
environment keeps track of all the processes from previous initialized jobs, including those that have not
been initialized yet in subsequent stages of a job. For the training phase, the violations of constraints are
allowed as these experiences are used to enhance the agent’s decisions, but in practice, a reset of the last

decision would be recommended. This heuristic consists of the omission of the initialization of the job that
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is known to cause a conflict in the occupation of machines at some point in the process. Then, the agent
continues its prediction in the following time interval. Note that this method cannot be applied when there
is uncertainty in the processing times because the environment does not consider the information to predict
a future violation. For cases involving uncertainty, a second heuristic, which consists of the cancellation of
the job that causes a conflict in machines at any time in the path is recommended. Applying this heuristic
ensures that no constraints are violated, including the zero-wait and the allocation constraints. By
implementing this second heuristic on the final policy *, the corrected production for the instances where
there was a constraint violation was 8.035% smaller than the actual reported production. Moreover,
implementing these heuristics guarantees that the generated schedules from the agent are always feasible at
the expense of reducing the expected production in the few cases where there was a constraint violation.

The two scenarios in the first case study allowed to demonstrate the capabilities of the proposed
framework. For the two instances presented, the demands could be fully satisfied but for the second
scenario, there is a tradeoff between constraint violation and demand satisfaction. To compare the POMDP
used in this work to approach the problem under uncertainty, an MDP was set to train the RL agent; details
of this implementation are provided in Section A.4 of the Appendix A. The policy was modeled with an
FNN and trained using a DQN algorithm for the same number of episodes as the DRQN. Since the DQN
works with less information in the input data than the DRQN, the memory required was less, and thus, the
computational time was of about 1,624 seconds for one training using the DQN. Results showed that the
maximum reward reached by the DQN was less than 0 reward units, meaning that the agent stayed idle
during the entire horizon i.e., without initializing any product. On the other hand, the agent developed with
the proposed framework obtained values over 200 reward units, thus illustrating a key advantage of the
proposed approach. This was expected since DQN does not have explicit mechanisms for deciphering the
underlying state in a partially observable environment and will only be effective if the states follow the
Markov property [95].

As an additional experiment to demonstrate the performance of our framework under a reduced state
(partial observability), case study 1 was performed under a random reduction of observations from even
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time intervals. That is, parts of the observations selected randomly were not provided to the agent. Details
of this instance are described in section A.5 in the Appendix A. Results from this instance showed the
capacity of the proposed framework to provide acceptable scheduling decisions that can handle the
inaccuracy or reduction of information in the data that is provided to the agent (e.g., noise, interruptions,

and inaccuracies).

3.4. Case Study 2

This case study involves a batch plant under uncertainty. The number of stages is 10 and a total of 20
machines are used in the plant. Each stage contains two machines. The number of products is 10 and there
are 15 jobs available to produce them (see Table A.3 in Appendix A). Products 1 to 5 can be produced with
up to two jobs whereas products 6 to 10 can be produced through only one job. The time horizon is set to
150 time-intervals. The set of four matrices with the possible processing times that each production
realization can take is presented in Eq. A.2 in the Appendix A. The initial demand is set to 80 m? for each
product, then the demand is updated three times at time-intervals given by Q = {30,60,90}. The vectors
with the demands are described in Eg. A.3 in Appendix A. The hyperparameters were the same as in case
study 1 for this agent, listed in Table A.2. The capacities of the 10 warehouses are the same and set to 100
md.

A training of 10,000 episodes was set to train the agent; convergence was achieved by episode 5,000.
The cumulative rewards per episode that show the evolution of the learning of the agent are shown in Fig.
A.1 of the Supplementary Material. The evolution of constraint allocation violations during training in the
first 5,000 episodes as a function of the episodes is shown on Fig. 21. The continuous reduction of violations
is slowed down approximately at episode 4,000; at this point, the agent didn’t reduce further the number of

violations for the rest of the training.
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Figure 21 Average violation of allocation constraint at each episode over multiple trainings.

A test that consists of 10,000 instances on the resulting policy from this case study was performed. The
results showed that the agent was able to complete the demand for all the instances. Nevertheless, it was
found that 46.86% of the instances resulted in violations of the allocation constraints. Specifically, there
were on average 1-2 machines in those instances that would receive two or more products at the same time
during the process. Further analysis showed that these overlapping in the machines happened for 1-2 jobs
during the entire scheduling horizon; note that a job j that is initialized implies the subsequent start of
multiple machines included in their path K;. Hence the initialization of a job could be responsible for
multiple overlapping. Considering that the total number of decisions for this case is 150, two initializations
of jobs represent 1.33% of the total number of decisions that the agent takes during the whole horizon.

The agent required 15,103 seconds to complete a training of 10,000 episodes and convergence was
observed after 7,551 seconds at episode 5,000. After the agent was fully trained, the time it took to provide
an action for a given input,; was of 1.18e-3 seconds on average. Fig. 22 shows a schedule extracted from
the last stage of the training of the agent where there were few cases with constraint violations. In this
schedule, there is a violation of constraints. For this instance, the agent completed the demand, and a surplus
of 7.49% concerning the total demand was produced and allocated in the warehouses. The vectors for
updating the demand were d;—s, =[100,90,90,80,100,100,90,80,80,80], di—¢o =
[100,90,90,80,100,100,90,80,80,80], and d;—¢y =[100,90,90,80,100,100,90,80,80,80]. It was
observed that the agent leaves some spaces between some products because it develops a preventive policy
such that it avoids violation of the constraints. Fig. 22 also shows that the agent avoids the initialization of

products close to the end to avoid the production of unfinished products.
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Figure 22 Schedule from the second case study.

To estimate the impact of jobs that were not allocated properly in the processes due to constraint
violations, the same heuristic that was implemented in the previous case study was also considered for the
present case study, i.e., the production from those jobs that caused an allocation violation was canceled. It
was found that with the correction of these actions, the corrected production value would be 4.38% smaller
than the one reported.

An additional case study featuring a flow-shop plant is presented in Appendix A in section A.3. The
training also consisted of 10,000 episodes and convergence was achieved after 2,750 episodes. The results
are similar in performance to the previous case studies in the sense that the agent could learn the processing
times for the machines; nevertheless, several violations in the testing of the final policy were also detected.
The details of this case study and the results are described in Appendix A.

Overall, the DRL training decreased the number of constraint violations and managed to accommodate
the production to satisfy the demand that was subject to changes during the process. As mentioned above,
the agent learned the processing times from each product without having access to them but through
experience with the environment. For each case study, the agent struggled to learn how to deal with the
uncertainty of specific products as it did not reach zero constraint violations but found a way to reduce the
impact of the uncertainty in the process. Policies that could find optimal solutions became more difficult to
reach as the complexity of the problem increased in terms of scale (i.e., size of the plants) and uncertain
realizations. Real-world problems in scheduling have become a challenge in terms of reward definition as
the final solution is usually suboptimal [60], [63]. Moreover, ANNSs are not yet fully reliable to be in full

charge of a process, this is related to the fact that the heuristics that they develop are encoded in the network
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and cannot be directly interpreted. For this reason, supervision is often needed and human assistance is
desired when the agent faces an extraordinary event [62].

For instances of the problem statement where the number of jobs is small and there is no uncertainty,
the problem could be readily translated into a MILP and be solved online in a short time using standard
MILP solvers, e.g., CPLEX, and GLPK. This is advantageous over the DRL method because the optimality
in the solution can be guaranteed, and the response can be provided in real-time. Nevertheless, for larger
problems (i.e., problems involving more jobs/machines) or for cases under parametric uncertainty, the
complexity increases, i.e., the resulting formulations may become nonlinear thus requiring lengthy
computational times.

The problems considered in this work are subject to exogenous and endogenous uncertainty and the
realizations appear in the process in the form of demand updates (exogenous) and uncertainty in processing
times (endogenous, type 11 [96]). The uncertainty in the problem implies the use of more sophisticated
techniques such as mp-MILP, MILP sensitivity analysis, or robust optimization [97], [98]. These techniques
have limitations such as challenging formulations, requiring a large number of samples, or providing
conservative solutions [99], [100]. Accordingly, the problem becomes more demanding if we consider an
online implementation where a reactive scheduling framework has to be adopted and return solutions within
a specific time interval [1]. Consequently, it was considered that a fair comparison of the solution of an
online scheduling problem between the proposed RL framework and a MILP method would be difficult to
establish. Also, if we compare the nature of the solutions, we can find a few differences: The solution of
the DRL method is a trained ANN that generalizes the process dynamics and can output the decision-
making process for multiple situations while a MILP searches for an optimal solution considering the level
of uncertainty in the problem. High levels of uncertainty in the parameters might lead to considerable
computational times needed to find a solution. To make a comparison between the response of a MILP and
a DRL agent, there is the need to make assumptions in the problem, for instance, a deterministic formulation
[9]. Since this work focuses on demonstrating the adaptability of the DRL agent to uncertainty and the
generation of feasible schedules online, it was considered that other comparisons might be useful to
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demonstrate the performance of our framework. In our work, to show that the method converges to a unique
solution satisfying the constraints and demands, we solved the problem without uncertainty and showed
that it did not fail to violate constraints or meet the demand.

Once the agent is trained, the states are evaluated in the ANN and a decision is provided. The time
taken for this evaluation is quite fast, e.g., in the order of milliseconds for the cases presented in this work.
We expect that solving the corresponding optimization problem under similar considerations may take from
seconds to minutes. Note that these decisions are made at every time interval considering the uncertainty in
the process and the objectives of the agent (minimize the makespan, meet demands, and avoid constraint
violation). The computational effort that the agent needs to produce a decision is independent of the size of
the plant, i.e., the ANN is a black-box model trained to provide the best actions at a given time. Although
it is well known that DRL does not guarantee an optimal solution [101], the advantage of computational
time, responsiveness to uncertainty, and online implementation constitute the main advantages of the
proposed DRL method. While the optimal value is not guaranteed on DRL, it can be demonstrated that the
method aims for the optimal policy [102]. Reaching the optimal value depends on fine-tuning the
hyperparameters and the computational budget available to train the agent.

Experiments with uncertain parameter values that did not occur during the training were performed.
Although the capacity of ANNs for generalizing on the data is well known, the processing times that were
proposed do not correlate with one another and were defined randomly. Hence, the model failed in almost
all of the test instances to avoid constraint violations, and the demand was only met in less than 35% of the
tests. If the uncertain processing times were correlated and some dependency existed between them, the
model would have been capable of assuming this correlation and then, be able to adapt to
demands/machining times realizations that were not included in the training set, i.e., part of the learning
process by the agent would have been focused on learning these correlations. Our problem was designed to
correlate machine occupation and product demands with the initialization times of the jobs on the horizon.
Thus, the agent was expected to learn how to produce schedules for different configurations of processing
times and demand realizations during the horizon. At the end of the experiments, it was observed that the
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agent developed a preventive (conservative) behavior on the violation of constraints by making decisions
that considered multiple possible realizations in the processing times. The trained policies “learned” almost
all the processing times with their respective deviations and were able to produce a convenient decision to
also meet the uncertain demands on time. Consequently, the ineffectiveness of the agent in handling
different parameters from those used in the training set is justified since the purpose of the agent was (among
other aspects) to indirectly learn the processing times and demands in the plant through an observation that

provides machine occupation and production.

3.5. Summary

In this chapter, a methodology to produce an agent trained with a DRQN method to produce an online
schedule for job-shops and flow-shops subject to uncertainty was presented. Uncertainty realizations in the
processing times of specific machines from specific jobs are considered. Also, the demand is updated
recurrently at explicit times during the process. The agent trains in an environment where the uncertainties
in the processing times and demands are chosen randomly, and it needs to accommodate the products
subject to specific constraints. Moreover, the agent is oriented to learn how to reduce the overall makespan
of the process given a specific time horizon. Results showed that the agent was able to learn a policy that
could meet the demand for both case studies. Nevertheless, the agent fails a small percentage of the
decision-making process (less than 2%) which leads to constraint violations. The impact of these incorrect
decisions can be addressed by reshaping the reward with a direct impact on demand satisfaction.

The RNN was able to register the difference of each realization on the products with uncertainty, hence
the agent developed a way to perceive the difference for each realization in the process. There was a
prevalence of constraint violations in the final policies, presumably due to a need of more information in
the input, about the uncertainty (e.g., probabilities or causes that can help to estimate it). Nevertheless,
the agent was capable to manage different realizations of uncertainty in the scheduling process while
meeting the demands. An alternative to this lack of information consists in the use of more sophisticated

mechanisms to detect these features in the state, for instance, attention modules or autoencoders, which are
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commonly used in sequential processes such as language recognition. This aspect will be explored in

Chapter 6.
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Chapter 4 A Recurrent Reinforcement Learning Strategy with a
Parameterized Agent for Online Scheduling of a State Task

Network Under Uncertainty

In the works described in Section 2.5.1, the DRL agent makes one discrete decision at every time-
interval that specifies the job/task that should be initialized, and which belongs to a set of possible actions.
This approach is limited to scheduling problems that require parameterized actions where not only a discrete
action is needed but also another level of description for that particular action, e.g., machine specifications
of a task such as unit capacity, processing times, or the initial capacity load of a batch. This limitation was
presented as a gap in the literature (Section 2.6, item b). Methods to approach this type of instances are
available, e.g., multi-agents [103] and hierarchical RL [104]. Those studies mainly partition the problem
into subproblems and approach them with individual agents. Those approaches are computationally
expensive as they require multiple trainings for the multiple agents or decision levels to obtain a trained
system of policies to perform. Motivated by this, and with the aim of reducing the computational burden
required for integrating multiple (hybrid) decisions in one agent, the use of a hybrid agent that can solve
multiple hybrid (i.e., discrete or continuous) decisions at every time-interval in the scheduling horizon is
presented in this chapter.

The contribution from the previous chapter approaches the scheduling problem as a POMDP for job
and flow-shops under uncertainty using Recurrent cells [16]. The framework presented in this chapter
expands upon that work and improves this feature to scheduling processes on STNs, which are widely used
for short-term scheduling in chemical facilities. Moreover, the use of a hybrid agent allows multiple

decisions to be made at every time interval; these aspects were not considered in our previous work.
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This work is structured as follows: Section 4.1 presents the problem statement. Section 4.2 presents the
methodology for solving the problem statement with a hybrid agent. In section 4.3, two case studies are
presented and used to test the performance of the proposed RL framework. Conclusions and future research

directions are described in section 4.4.

4.1. Problem Statement

This section describes the details of the scheduling processes under uncertainty that can be addressed
with the method proposed in this work. First the concept of STN is described, followed by the optimization
problem. Then, the limitations of current methods to approach these problems are highlighted. The relevant
features from our framework that will be useful to handle these limitations are shown at the end.

As shown in Fig. 23, an STN is a visual representation of a multi-product batch process optimization
problem that was proposed by Kondili et al. and uses four essential entities for representing a process: tasks,
states, utilities and units [48]. Tasks are unit operations that transform materials into intermediate or final
products, e.g., reactions or separations; they are represented with rectangles. States are storage tanks where
the raw materials, intermediates, and final products are allocated, represented with circles. The STN can
account for the use of utility services as cold or hot streams. Each task in the STN has one or more unit (or

machine) to perform the task and it is possible that a task shares its units with other tasks.

Task 2

State 3
@—’ Task 1 ate

State 1 Stﬂte/z

Task 3

State 4

Figure 23 State Task Network representation.

It is assumed that the STN is subject to time dependent uncertainty realizations that could be aleatoric
or epistemic. The realizations can affect the development of a task since they may affect processing times,
material outputs, capacities, etc. Moreover, it is assumed that communication devices like sensors used for

gathering information of the plant may be subject to malfunction and therefore provide inaccurate data for
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the decision-making process. The basis of the systems that can be addressed with the framework presented

in this work are as follows:

e A multi-product batch plant that is composed with N; tasks, with N; number of units available, where
each task can be executed with at least one unit included in N;.

o A set of N, states for storing products in the plant which can receive (produce) material from (of) a task
in N;.

o A recipe that describes the process(es) that takes place in the multi-product batch plant.

o A set W that contains the parameters i of the process, which are used to formulate material balances,
residence times, translation of products from tasks to states and vice versa, etc. These parameters include
capacities, input and output proportions of states from tasks, processing times, etc.

¢ A characteristic function for the aleatoric 6(t) and epistemic w(t) sources of uncertainty that affect a
subset of the parameters in V.

e A set F2 with n®discrete decision variables, and a set F£ with n¢ continuous decision variables. These
set of decisions can be taken at every time-interval t during the scheduling horizon.

¢ An objective function G to be optimized towards the maximization of economic or production objectives.

* A finite time horizon H which starts at ¢; and ends at t;. H is divided in time-intervals of equal length, t.

The aim of this work is to develop a hybrid agent (i.e., a policy) that builds a schedule in an online
fashion while optimizing the objective function G and complying with the process and operational
constraints. Moreover, the agent should consider the realizations of uncertain parameters in the
environment. The scheduling optimization problem that considers the features described above can be

conceptually formulated as follows:

lrv?’zg; G(F&,F5,9,0(0), w(t),t) (P2)
s.t. h(FEFE,0(), w(t),t) =0, Vit

g(F& FEO(), w(),t) <0, Vit

F& c R™

Ff c R™

¥ c RNv

73



0 c RNe
w S RNo

t € [totr], H=1tr —t5
where h and g represent the model equality and inequality constraints, respectively. The uncertain

parameters considered in P2 require the need to use either robust or stochastic optimization methods. The
former method considers the worst-case scenario that can take place in the scheduling process; thus, the
schedule resulting from these approaches tend to be conservative [50]. On the other hand, stochastic
methods often consider probability distributions to build schedules and make use of methods such as two-
stage optimization or multi-stage optimization [105], [106]. These techniques adjust the schedule as the
uncertainty reveals during the process, which can result in long turnaround times if the problem is
considerably large.

The DRL framework proposed in this work aims to provide an alternative to solve online scheduling
problems under uncertainty for multi-product batch plants. The key idea is to train a policy that provides
fast (online) solutions during operation. The decision-making process of the agent considers the evolution
of events in the plant, and thus, the agent is aware of the realization of uncertainties and its effects over
time. Additionally, with the hybrid agent, the DRL can be expanded to complex environments in the
chemical engineering field that require compound actions, i.e., more than one decision at each time-interval.
This allows to use a unique agent rather than, for instance, a multi-agent system or a hierarchical RL
method, which for some instances may be more expensive to train. Overall, the implementation of hybrid
DRL agents to scheduling problems enables fast online reaction to uncertainty realizations while taking

into consideration the integration of multiple decisions in the operations.
4.2. Methodology

In this section, the methodology to train a policy that can be used for online scheduling in the multi-
product batch plant described in the previous section is presented. This section is divided in two parts: The
first part describes the DRL hybrid agent and the algorithm used, namely the PPO method. Also, the

modifications to this method to handle a hybrid agent and the architecture of the ANN for handling a
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POMDP are described. The second part describes the translation of the problem statement into an
environment that can be used for training. The techniques used for exploring the environment and restricting

infeasible actions to accelerate the learning of the agent are described at the end.

4.2.1 Deep Reinforcement Learning Hybrid Agent

PPO is an on-policy algorithm that has shown good performance for training DRL agents in discrete
and continuous action spaces [7], [38], [107]. It is a well-known Actor-Critic algorithm that trains a policy
(actor) and a value function approximation (critic). The key advantages of this method include the use of
trust region strategies for optimization of the ANN parameters, and the multiple updates with minibatches
performed for sample efficiency [38]. Other advantages of this method include robustness for tunning
hyperparameters and the simplicity of implementation compared to similar methods like Trust Region
Policy Optimization [37].

The architecture of the hybrid agent considered in this work was adapted from Fan et al. [108]. A key
feature in the present framework is the addition of the correlational module to handle the POMDP. A
schematic representation of the resulting hybrid agent is shown in Fig. 24a. A sequence of length T' of
consecutive observation vectors o, at time interval t from the environment is referred to as the observation
window O;. Note that, in contrast to the work from Chapter 3, o; is a vector (not an independent value) that
contains the information from the environment at t. While 0, remains as the input vector of the agent that
holds I" observation vectors o;. This sequence is fed into the agent and processed through a set with « layers
of LSTMs. Then, a set with K linear layers is used to integrate the I' outputs from the correlational module.
The output from the linear layers is an input into n individual ANNs with Z linear layers where n represents
the total number of discrete and continuous variables, i.e., n = n% + n¢. Each ANN is used to output one
of the elements in the set F,, which considers both F& and Ff.

For discrete actions, the output of a decision is passed through a SoftMax function to produce a
categorical distribution of the actions for that decision. For continuous actions, the output becomes the

value for the corresponding action. The architecture of the critic network is shown in Fig. 24b; the inputs
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to this network are the same observation window with T observations that is provided to the actor, then a
set with & LSTM layers is used to correlate these observations. A set with K linear layers is used to output

the critic value.
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Figure 24 a) Architecture of the agent and b) architecture of the critic.

Applications with multiple levels of decisions can be handled with this type of agent. These decisions
correspond to those that require the specification of a parameter of the main decision. For instance, assume
that a first decision in a scheduling process corresponds to the task that needs to be started, and for that
selected task, a second decision corresponds to the selection of the machine for that task. As an example,
suppose there are 3 tasks and each task has a set of 2 machines available, then the first discrete decision has
3 possible actions (i.e., the 3 tasks) whereas the second discrete decision has 2 possible actions (i.e., the
machine to use for the task). Since each task has its own pair of machines, the second decision is different
for each task; thus, three independent decisions are then considered (one for each task). Fig. 25a shows a
diagram of the architecture of this hybrid agent. As shown in this figure, the agent will have to consider
four discrete decisions (n = 1 + 3). Note that when a task is not chosen, the second decision for that task
is not used in the environment either. To build an agent with continuous actions, it can be assumed that
those actions are correlated between each other and can be output from the same set of linear layers instead
of adding one independent set per action. This last option is feasible but increases the computational effort
of the training. Fig. 25b shows two linear layers used for four decisions: the first layer outputs a categorical

distribution that selects a task (first discrete decision) while the second set of layers outputs three continuous
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values (second, third and fourth continuous decisions) that correspond to a particular feature of each task,

for instance, batch size, task timing, utility service allocation, etc.
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Figure 25. a) Hybrid agent with multiple discrete actions. b) Hybrid agent with discrete and
continuous actions.

The mathematical definition of the set of scheduling decisions (F;) is shown in Eg. 32. As mentioned
above, this set includes n elements where each decision d has an action space that can be discrete or
continuous.

F, ={d;, d,, ..., dy} (32)

The main advantage of the hybrid agent is that it allows the decomposition of the decision space of the
scheduling process. This decision space may consist of several decisions that are required to be executed in
the process (i.e., in parallel) or for a specific task (i.e., hierarchically). The hybrid agent decomposes the
compound decision into simpler action spaces, thus generating multiple policies in one that uses the same
input data (i.e., 0;). Moreover, this method can be used for hierarchical decisions or parallel decisions in
the process. A hierarchical decision is structured in multiple levels where high-levels define broad strategies
while lower-levels refine or specify the way these strategies are implemented. Parallel decisions refer to
separate independent decisions that take place in the same process. Naturally, increasing the complexity of
the scheduling process, or the number of decisions, increases the computational effort required to train the

hybrid agent.
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4.2.2 Environment

Details on the translation of the scheduling optimization problem (STN) into a DRL environment are
described in this section. The environment is a simulation of the facility where the scheduling is performed.
It is through the environment that the agent trains and develops policies that aligns with the goals outlined
with the scheduling problem depicted in P2. The time horizon H is discretized into time-intervals t at which
the environment sends an observation window O, to the agent. Then, for each O, at every time-interval, a
corresponding set of decisions F; is returned to the environment to be executed. The performance of the
actions is evaluated through a reward function r; (o, a;) which is a scalar value that describes how much a
decision is aligned with the objectives and constraints outlined included in P2. The rewards are used to
update the parameters of the hybrid agent towards the maximization of the objective function and meeting
the problem constraints. After executing the set of decisions, the environment evolves and a new
observation (0,,) is added to the observation window, while the oldest observation is dismissed. This is
to keep a constant length in the vector O, corresponding to a specific number of past observations.

Since the agent needs to learn from experiences that include infeasible scenarios, the environment must
be set up to handle actions that violate constraints. Infeasible actions might be handled in different ways;
for scheduling processes, it was observed from experimental tests that cancelling the execution of these
actions in the environment and providing a penalty to the agent was the strategy that affects the least the
learning process. Another option consists of terminating the episode. While this would give a clear and
strong signal to the agent about violations, it has been found that this method reduces the generated data to
train the agent and also leads to instability in the training due to the variation in the length of the episodes

[109].

4.2.2.1 Uncertainty

The policy proposed in this work can provide online scheduling decisions subject to uncertain

realizations in the scheduling process. A policy makes decisions in light of the current conditions of the
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environment, in accordance with the objective function shown in P2. The use of ANNs to model the policy
leverages the potential of this framework by increasing the capacity to generalize to scenarios that are new
to the agent [76]. For these reasons, the use of DRL methods is attractive for handling realizations from
aleatoric and epistemic sources of uncertainty.

During the training, the agent needs to be exposed to multiple realizations of the uncertainties. These
can be incorporated into the environment through Probability Density Functions (PDF), e.g., Gaussian or
Uniform distribution are popular choices. This process is done by defining the realization of the uncertain
parameters in the environment at each episode using these distributions. Although the DRL framework
cannot guarantee that an optimal policy is achieved at the end of the training, the fact that it aims for the
optimal policy and progressively performs better in the environment has been shown empirically for many
RL algorithms, including PPO [38], [107], [110].

Aleatoric and epistemic uncertainties are handled by the DRL agent in different ways [111]. Aleatoric
uncertainty represents the inherent stochasticity of the environment, which cannot be reduced by
exploration. For instance, stochastic demands that are difficult to predict due to external factors, e.g.,
continuous changes in customers’ demands; thus, they cannot be confined to a set of scenarios from which
the agent can learn. In these cases, the DRL method develops a conservative policy that can provide a
schedule that maximizes the reward (objective function) while considering worst case realizations of the
uncertainty. On the other hand, epistemic uncertainty is related to the lack of information that is needed to
provide accurate prediction, for instance, the processing time of a reaction, which could be predicted
through a rigorous observation of the kinetics of the reaction. This type of uncertainty is potentially more
promising to be learnt by the agent as it depends on the exploration of features that indirectly describe the
uncertainty in the parameters. In this work, it is assumed that the agent accounts for enough information in
the observation window to build this understanding of the epistemic uncertainty, and that sufficient
exploration and training are provided.

POMDP provides benefits for handling scheduling processes under both types of uncertainty. Recall
that a sequence of events into the past (i.e., the observation window 0;) is correlated with a set of LSTM
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layers and then used to produce the decision set F,. The observation window contains the parameters
affected by the uncertainty that can be used to gain insights. For the epistemic uncertainty in the
environment, the previous history provided through O, is expected to deliver insights to better understand
the transition dynamics that resulted in the uncertainty realization. For the aleatoric uncertainty, the
enlargement of contextual information allows the agent to learn about the consequences of a stochastic
realization in the scheduling process, allowing the agent to learn how to handle the effects produced by

such realization.

4.2.2.2 Observation Window

Each observation o, in the observation window 0, contains information from the environment at a
given time t that is relevant for making the set of decisions F;. For a multi-process batch plant, this
information is related to the tasks, batches, states, utility services, machines, processing times, demands,
cleaning periods, and uncertainty realizations. To represent each feature in o, one or more numerical
elements can be used. To maintain a stable and smooth training performance, each value in the observation
should be normalized in a value in the range of [0,1] or [—1,1]. There are different techniques in ML that
can serve for this purpose: a) min-max scaling, b) sigmoid or tanh transformations, ¢) one-hot encoding,
and d) clipping values [26].

As shown in Eq. 33, the observation window O; is a sequence of observations with length T' that
provides the recent history of events that took place in the environment. This method is fundamentally the
same used in Section 3.2.2 from the previous chapter. The hyperparameter I' is user-defined and is
dependent on the number of time intervals in which an event that contains relevant information is expressed.
For instance, if the user wants the agent to observe the development of a task in the process, then T should
be large enough to contain all the time-intervals that a task takes to be completed. The agent will then be
aware of the evolution of that task. Another alternative is that the length T can be set based on other events

that occur periodically during the process, e.g., updates in demands and market prices, or seasonal changes
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that affect the scheduling. Under this scheme, the development of information during the process can be
used to make more informative decisions.
O¢ = [0t—r+1) ) 0¢—2,0¢—1,0¢] (33)

Note that our approach assumes partial observability of the environment, i.e., missing information from
the environment produces an incomplete observation for the agent to make a decision. The use of the
POMPDRP is justified by the need to increase the contextual information that is sent to the agent for handling
uncertainties in the scheduling process. Additionally, in chemical processes where information is generated
asynchronously, i.e., not every feature of the environment provides information at every time-interval t, the
assumption of a Markovian environment may not be sufficient to develop an adequate policy since it does

not account for enough information to make effective decisions.

4.2.2.3 Rewards

PPO is an on-policy algorithm that updates the policy using fresh data produced in the environment at
the time of updating the parameters from the network. Thus, PPO progressively improves its policy as the
agent moves towards a desired behavior, which gives its characteristic stability in learning. Consequently,
a dense system of rewards that can provide an accurate metric on how far an action is from the desired
behavior is required to align with the characteristics of PPO. A reward shaping strategy similar to the one
presented in Section 3.2.3 and Eq. 28, is proposed here to provide guidance to the agent on the discrete and
continuous actions. This method adds the independent sub rewards g € Q from the discrete and continuous

actions at each time interval t. The formulation of the reward at time-interval t is as follows:

T'eWt = Z th (34)

q€Q
The characteristics of the rewards for discrete and continuous decisions are different because their
effects on the environment are measured considering different metrics. Rewards for the discrete actions are
defined depending on the relevance of the decision in the scheduling process. The system of rewards should

provide guidance to the agent in the environment on performing actions that align with the objective
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function. For instance, the agent needs to learn the recipe(s) in the scheduling process, then, larger rewards
should be provided when tasks that are closer to the end in the recipe are initialized. This prevents the agent
from getting stuck in initial tasks and incentives the agent to explore beyond this point in the process.
Penalties are delivered if constraints are violated, e.g., allocation, capacity, and time constraints.
Additionally, and as it was discussed above, infeasible actions should be cancelled and allow the scheduling
process to continue for a particular episode in the training.

Continuous actions should be rewarded considering the optimal value that can be held by those
decisions in the current conditions of the environment. For instance, assume that decision d; can take any
value between 0 and 1, now suppose that at a given time in the scheduling process this decision can take a
maximum value of 0.65, then, if the agent provides this value, the maximum reward should be delivered.
The reward should decrease in the proportion that the decision moves away from this maximum value. If
the agent exceeds the maximum value, and that action becomes infeasible, then that action is cancelled, and
a penalty is delivered.

A limitation of the reward scheme for continuous actions is that the reward increases linearly until the
maximum value, and then it drops to a penalty, which is usually a value less than or equal to zero (see Fig.
26a). ldeally a bell-shaped curve of rewards is desired, where the agent moves around a certain value until
it finds the best (see Fig. 26b). This bell-shaped reward scheme cannot be used if the decision becomes
infeasible because in that case a penalty needs to be delivered. Preliminary tests found that the agent often
leaves a gap between the maximum possible value and the actual value to avoid the risk of falling into a

penalty.

Max.

a)
reward

b)

Max. reward

Figure 26: a) The reward model considered in this work. b) A bell-shaped reward with the maximum
reward in the middle.
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4.2.2.4 Exploration methods

An annealing technique is used to systematically reduce the value of the hyperparameters that influence
the exploration in discrete and continuous decisions and the learning rate. For the decision-making process,
this technique refines the selection of actions and makes the hybrid agent greedier as the training progresses,
then the exploration space is gradually reduced. The function for the annealing technique is shown in Eq.
35. The variable E, represents the hyperparameter at a given time interval t during the training time horizon
T. The values of E;_, and E,_r are user-defined for each variable, typical values for these parameters are

described below for specific exploration methods.

t
E(_m\T
b= o+ (1) )
Er=o

For discrete actions, a hyperparameter referred to as temperature is used [112]. This hyperparameter
scales the output from the Z hidden layer (see Fig. 24a) of each discrete decision before applying the
SoftMax activation function. That is, before the categorical distribution is output from the agent, the output
values are scaled to modify the resulting distribution. The value of the temperature hyperparameter is equal
to 1 at the beginning of the training, which does not modify the distribution. This value is gradually
decreased as the training advances, causing the distribution to sharpen and producing larger differences
among the probabilities, and ultimately making the agent more decisive when sampling an action.
Preliminary testing is needed to adjust this hyperparameter, our simulations showed that a default final
value of 0.1 for the temperature is suitable.

In the case of continuous actions, the outputs from the continuous part of the hybrid agent are integrated
into a covariance matrix as mean values. This covariance matrix is used to sample actions around the mean
value that was output from the agent. The variance of the matrix is gradually reduced during the training
using Eqg. 35 such that the agent takes closer samples to the mean value. This allows the agent to widely
explore the continuous actions at the beginning of the training and progressively make refined adjustments.

It was observed that default values of the variance hyperparameters are 0.2 at the beginning and 1e-5 at the
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end are suitable. Furthermore, the learning rate is also reduced with the formulation described in Eq. 35
such that changes to the parameters of the hybrid agent are refined at the end of the process. Default values
for the learning rate can span between le-4 and 1e-6 between the beginning and end of the training,

respectively.

4.2.2.5 Masking Discrete Actions

The multi-product batch plant scheduling problem under uncertainty shown in P2 can be considered a
complex environment. To reduce the complexity of the scheduling problem, a few constraints can be set as
masks for actions. This prevents the consideration of specific discrete actions at certain states because they
are infeasible or unsuitable at specific states. Masking an action consists in reducing its probabilities to zero
in the categorical distribution that is output from a discrete agent. The masking vector is a Boolean vector
with the length of the discrete action space. The actions to be masked are set to False and those that should
not, are set to True. This vector is used to set the corresponding logits [,, (outputs from d,,) into very small
values M, before the SoftMax activation function is applied. Then, the SoftMax function will convert the
masked logits into a probability close to 0%. To exemplify this process, Eq. 36 shows an application of the
masking method based on the work from Huang and Ontafién [113]. The discrete action space has four
actions where the third action should be masked. Assume that logits [, [; and I3 have the same value so the
final probabilities are equal.

mask vector = [True, True, False, True]
(- |0;) = SoftMax(ly, 11, M, [3) (36)
(- 10,) = [0.33,0.33,0.00,0.33]

The masked actions are known a priori to be infeasible or inadequate at some period of time in the
environment. Masking infeasible actions reduces the search space and accelerates the learning process. The
masking technique can serve to divide the scheduling process in campaigns. This consists of partitioning
the time horizon H into periods where specific tasks are performed, where the output products of the
campaign will be inputs into the next stage/campaign. At each stage, the decisions that are not allowed are
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masked such that the agent does not consider them in that part of the process. With this method, the learning

process becomes more effective since the space where the agent explores is reduced.
4.3. Results

The methodology presented in the previous section has been implemented on two case studies adapted
from the literature. The first case is used to validate the optimization capacities of the DRL hybrid agent by
comparing its performance with the optimal solution generated with a model-based optimization
formulation. Then, three different instances of this case study are formulated with either epistemic or
aleatoric uncertainty realizations. The second case study, which is a larger plant than that considered in the
first case study, is used to evaluate the method with a different environment and to demonstrate the influence
of the masking function in the training. The hybrid agent developed with this framework (referred
hereinafter to as POMDP agent) is compared with a hybrid agent without recurrence (referred hereinafter
to as the MDP agent). The MDP agent only has access to the current time interval contrary to the POMDP
agent that considers an observation window. To adapt the POMDP to the MDP, the section with &« LSTMs
in Fig. 24a is replaced with a set of three linear layers that only inputs the current observation o;.

The method was developed with PyTorch version 2.1.0 and Python 3.11.3, other libraries include
NumPy 1.24.3 and Gym 0.26.2. The training performed for the case studies was implemented on a processor
Intel Core i5-7500 CPU at 3.40 GHz. The average time of the training with 15,000 episodes of the POMDP
agent required on average 15.1 h while the MDP agent needed on average 6.47 h for training the same
number of episodes. The list of hyperparameters used for all the trainings is shown in the Appendix B

(Table B.1).

4.3.1 Case Study 1

This case study corresponds to the STN depicted in Fig. 27, which has been adapted from the literature
[48]. The objective is to maximize the production of products 1 and 2, which are stored in states E and I,
respectively. There are 5 tasks and 9 states in total in this network and 4 units/machines available to perform
the tasks. A time horizon H of 31 time-intervals is set for this problem.
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Unit 2
Unit 3

Figure 27 State Task Network.

Table B.2 in Appendix B summarizes the relations between tasks and units and the processing time
(expressed in intervals t) from each task. The relation between tasks and states is shown in Table B3
(Appendix B), i.e., the states from which each task collects and drops off product. States A, B, and C are
fed states assumed to have unlimited product availability. The rest of the states have a capacity of 300 units
and are assumed to be empty at the beginning of the process. Table B.3 (Appendix B) also describes the
proportions in the network from input states to tasks and from tasks to output states. The objective function
of the scheduling problem aims to maximize the final products at States E and | at the end of the horizon
H. Eq. 37 shows the objective function where S’ represents the subset of states that contain the final

products of the process (i.e., E and I).

G = Z So.u (37)

ses’

The corresponding scheduling optimization problem for case study 1 is shown in problem (P3). The
description used was based on the mathematical formulation suggested by Kondili et al. [48] with the
omission of constraints related to interruptions, pre-emptive operations, etc. The objective function (P3.a)
maximizes the production in the horizon H. The decision variables in this problem are: 1) the discrete binary

variable W that indicates the initialization of task i in unit j and time t, and 2) the continuous variable that

indicates the capacity B;;, at which such tasks should be initialized.
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Wrii-lt?BXijt G (P3.3)

St Tier, ki Wije <1 Vi ti€l (P3.b)
WiV < Byje < Wy Vi Vit jEK; (P3.c)
0<S, <C, Vst (P3.d)
Sst = Sst—1 + ieT, Pis Ljek; Bijit—pis —

Vs,t (P3.e)
Yier, Pis 2 jek; Bije
Set = Sab* Vs (P3.f)

where [; represent the set of tasks which can be performed by unit j; p; represents the processing time for
task . Vij-"i” and V;7*** are the minimum and the maximum capacity of unit j when used to perform task i.
Ss¢ is the amount of material stored in state s, at the beginning of t. C, represents the maximum storage
capacity dedicated to state s. T, and T, are the set of tasks receiving and producing material from state s,
respectively. p;s and p;, correspond to the proportion of input of task i from state s € S;, and the proportion
of output of task i to state s € S;. K; is the set of units capable of performing task i.

Eq. P3.b represents an allocation constraint whereas Eq. P3.c bounds the size of the batches that are
being processed in the units. Eq. P3.d sets the maximum capacity for the state nodes. Eq. P3.e defines the
material balance for every state; showing that a given state S; will contain the amount of product from the
previous time step (Sg;—1) plus the aggregated production at that time minus the product sent to the tasks.
The aggregated production is expressed as the addition of all tasks that enter the state, expressed as the
product of the proportion of the task (p;5) times the capacity of the task (B;;;). Similarly, the product sent
to the subsequent tasks is expressed as the product of the proportion (p;s) of each output times the capacity
of each task. Eq. P3.f defines the initial amounts for each state.

The set of discrete and continuous decisions to be used by the DRL agent (F;) is described in Eq. 38,
the action space of each of these decisions is defined in Eq. 39 and Eq. 40, respectively. The discrete action
space consists of the combination of tasks i with units j making a total number of eight actions.
Additionally, an action where the agent does not start any task in the environment at a given time interval

is added (i.e., idle action). The continuous set of decisions (c;) is composed by eight values which
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correspond to the unit’s load from the task selected in the discrete action. For instance, if task 1 at unit 1 is
selected as a discrete action and ¢, (the corresponding continuous value to that action) is equal to 0.78, then

the compound action consists of activating unit 1 at 78% capacity to execute task 1.

F, = {actiong, cy, ¢y, C3,C4,Cs, Co, C7,Cg} (38)
actiong = {task 1 at unit 1, task?2 at unit 2, task 2 at unit 3,
task 3 at unit 2, task 3 at unit 3, task 4 at unit 2, (39)

task 4 at unit 3, task 5 at unit 4, idle state}
¢ = [01] i €{1,2,3,4,5,6,7,8} (40)

The information in the observation o, indicates to the agent the current capacities of the states and the
units in the plant, the amounts of products 1 and 2 that have been produced at the current time-interval, and
the time that each unit has been operating (if they are being used). This information is normalized into
values between 0 and 1 for effective training (see section 4.4.2). The observation window 0O, is set to
contain four observations (i.e., I' = 4) considering the length of the tasks which is equal or less than four
time-intervals. The architecture of the hybrid agent consists of three layers of LSTMs (i.e., @ = 3); followed
by three linear layers (K = 3). Then, the output from this module becomes the input for two ANNS with
three hidden layers each (i.e., Z = 3). The values of a, K, and Z were determined after experimenting with
different structures aimed at finding an adequate network that can represent the policy. The first ANN
outputs the categorical distribution to select a discrete action, while the second ANN outputs eight values
which correspond to the continuous decisions c;.

Following the reward shaping function shown in Eq. 34, the total reward at each time-interval is the
addition of multiple sub rewards that the agent achieves for specific accomplishments, including meeting
the constraints and maximizing production. The agent receives a reward 7, for the initialization of every
task through the discrete decision, larger rewards are granted for tasks that are near the end of the process
(i.e., Tasks 4 and 5). If the allocation constraint Eq. P3.b is violated, then the agent receives a penalty

(negative reward). The continuous action is evaluated for capacity and material constraints Eq. P3.d-e. For
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every constraint that the continuous action meets, a reward equal to c;7; is given. Since the objective
function aims to maximize production, the larger the value of the continuous action, the larger the reward
received. The values for 7, for each task are specified in Table B5 in Appendix B.

If all the constraints are satisfied, the action is executed in the environment; otherwise, the rewards are
nulled, and a penalty is generated. The penalty term Pd; is used to assess violation of allocation constraints
from the discrete decision. As shown in Eq. 41, this term consists of nulling the rewards minus an additional
penalty (cte), which was set for this case study to 100 based on preliminary tests. On the other hand, the
value of the penalty for continuous decisions Pc; consists in nulling the rewards minus the difference
between the maximum acceptable value (ce;) of the continuous action and the actual value provided by the
agent (c;), as shown in Eq. 42. Note that the value assigned to ce; is assumed to be known a priori by the
environment.

Pd; = —rew, — cte (41)

Pc; = —rew; — |ce; — ¢ (42)

4.3.1.1 Validation of the Method

A comparison was made between a policy developed in a fixed (deterministic) environment (i.e., no
uncertainty) against the solution found from solving problem (P3) from optimization. The POMDP agent
(described at the beginning of this section) was trained in the environment without uncertainty with the
objective of maximizing the production of products 1 and 2. It is expected that the policy will behave as an
optimizer when the environment is deterministic. On the other hand, the same environment and objective
function were solved in PYOMO using the CPLEX solver. The aim of this instance is to benchmark the
results attained by the present method, and to demonstrate the capacity of the DRL framework to find a
policy that can effectively build a schedule that is close to the optimal trajectory of decisions. Moreover,

this validation serves to assess the effectiveness of the reward function for guiding the agent to find near-
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optimal solutions. Fig. 28 and Fig. 29 show the schedules obtained from optimization and the DRL

approach, respectively.
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Figure 28 Deterministic solution for the scheduling problem of Case Study 1 developed with
PYOMO.
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Figure 29 Deterministic solution for Case Study 1 developed with the presented methodology.

The optimal solution was found by PYOMO in less than 10 seconds which showed the advantage of
these methods for short scheduling problems under no uncertainty. On the other hand, the POMPD agent
found a suboptimal policy after 15 hours of training. Real-world scheduling problems have become a
challenge in terms of defining an adequate reward function as the final solution is usually suboptimal [63],
[103]. While the optimal solution produces 180 units of product 1 and 324 units of product 2, the POMDP
agent produced 168 units of product 1 and 284 units of product 2, which represents almost 90% of the total
production attained by the optimal solution. The main difference relies on the production of the agent from
Task 2 at the beginning of the process which was not as high as that identified by the optimization-based
solution. The limited product from Task 2 resulted in less production from the subsequent tasks.

The POMDP agent achieved a suboptimal trajectory in part because the DRL approach aims to find
solutions (a policy) to multiple scenarios that could happen during operation. Also, the exploration in the

DRL makes use of historical information from the process, i.e., no future decisions are considered to take
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a decision, while the optimization solver explores the problem not as a sequential decision-making process
but as an integral problem that considers all the time intervals while searching for the optimal solution. This
comparison was useful to refine the reward function and to validate the correct performance of the
environment. An MDP agent was also trained in the same fixed environment to compare the performance
against the POMDP agent. Fig. B1 (Appendix B) presents two plots showing the mean performance across
three trainings conducted with the POMDP agent and the MDP agent. At the end of the training the resulting
MDP agent showed an almost 12% decrease in performance in terms of rewards when compared to the
POMDP agent. For the results presented in the next sections, the policy of the POMDP agent developed

under no uncertainty is used for comparison and referred to as the deterministic policy.

4.3.1.2 Epistemic Uncertainty

In this section, an instance with parameters under epistemic uncertainty is presented. This scenario aims
to simulate a case where the output products of a reaction task are different from the expected outcome. For
instance, when raw materials coming from multiple suppliers with slightly different specifications may
produce variability in product quality, or when residues being left in the equipment (e.g., due to inadequate
cleaning practices) may also result in deviations in product quality. As shown on Fig. 27, Task 2 transforms
40% of its input into Product 1, which goes to State E, and the rest goes to State H (i.e., 60%). To provide
a more realistic scenario, these proportions (i.e., 60% going to State H and the rest to State E) are assumed
to change every time Task 2 is executed. This can represent the case where intermediate species present in
States D and F in Fig. 27 exhibit variations that can impact the production of Product 1 and therefore the
production sent to State H every time Task 2 is activated. To model the variation of the output proportions,
a Gaussian distribution is used to assign their percentage to the Task. The parameter w~Y (i, o) describes
the percentage of product that goes to State H while the remaining percentage changes accordingly and
goes to State E (i.e., 1 — w). The value of u and ¢ are set to 0.6 and 0.05, respectively. The distribution is
truncated 5% above and below the mean value, thus the minimum and maximum values that w can take, at

most, are 55% and 65%, respectively. Note that previous studies modelled epistemic uncertainty using a
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similar approach [114], [115]. For this work, the Gaussian distribution was used to represent variations in
the production, corresponding to predictable changes when the characteristics of the raw materials are
known.

Fig. 30 shows two plots. The solid lines in those plots represent the mean of five trainings of the
POMDP agent and the MDP agent trained under this uncertain scenario, respectively. When compared to
Fig. B1 in Appendix B, it was observed that, for both agents, the addition of uncertainty reduced the overall
rewards compared with the deterministic policy. The POMDP agent trained in this case showed a gap of

14.24% against the deterministic policy, while the MDP agent showed a gap of 18.0%.
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Figure 30 Learning curves for case study 1 with uncertainty in production of Task 2.

4.3.1.3 Aleatoric Uncertainty

In this section, two instances with aleatoric uncertainty are used to train the two agents. In the first
instance, Gaussian noise is added to the states that hold the intermediate products of the process. In the
second instance, a reduction of the information contained in observation o, is performed randomly at every
time interval. Note that in both instances, the uncertainty affects the communication channel between the
environment and the agent, i.e., the first instance deals with the problem of noise in measurements whereas
the second instance address the issue of lack of information from the plant (maybe due to malfunction in
the measurement devices).

In the first instance, o, is modified at every time interval through the addition of noise described by a
Gaussian distribution. The noise is added to the States D, F, G, and H, which store intermediate products.

States A, B, C, E, and I (i.e., feeds and product storage) are not considered. The feeds entering States A, B
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and C are assumed to be unlimited so they were not incorporated into the observation o, as they have no
relevant influence in the decision-making process. Similarly, the product storage in States E and | are not
used for future tasks and therefore have no further influence in the decision-making process. The truncated
Gaussian distribution 8~Y (1.0, 0.03) is used to generate four random values (i.e., one for each intermediate
state) within a range between 0.95 and 1.05. Each of these values is multiplied by the actual values from
the states. The new state values are incorporated in the observation o, and then sent to the agent to process
the next action. This experiment aims to show the performance of the agent in industrial environments
where multiple sources of noise (e.g., measurement noise) may corrupt the signals from the sensors [116].

Fig. B2 (Appendix B) shows two plots with solid lines representing the mean of five trainings of each
agent (not shown here for brevity). Similar to the results shown in Fig. 30, the performance of the POMDP
agent and MDP agent decreased by 7.67% and 13.97%, respectively, when compared to the deterministic
policy. With this comparison, the effects of the uncertainty in the performance of the DRL agents can be
observed and it can be concluded that these effects are more significant for the MDP agent.

For this instance, the POMDP agent retrieves more readings from the states (as it inputs multiple time
intervals) which allows this agent to make more accurate predictions of the real value under aleatoric
uncertainty. On the other hand, the MDP agent, which does not account for recurrence, can only consider
the present observation, which does not provide sufficient and accurate information about the plant
measurement. Thus, the MDP agent needs to be more conservative to avoid constraint violation thereby
resulting in a decrease in performance, as measured by the rewards function.

For the second instance, the capacity of the POMDP agent to correlate observations and derive useful
information from past events is tested. This instance suffers from strong interference in the observation
window 0. In this instance, 50% of the values in the observation vector o, were randomly selected and set
to zeros. With this experiment it was aimed to evaluate the capacity of the agent to find correlations when
the information is scarce and highly intermittent in the process. These conditions can take place when there

are multiple sensor failures, human error in reporting information, delayed information due to connectivity
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issues, or unexpected environmental/market fluctuations. This shortage in information was a challenge for
both agents due to the significant lack of plant data considered in the instance.

Fig. 31 shows the plots from the mean learning curves of the POMDP and MDP agents. A larger
variance in the plot from the MDP agent can be observed in the figure. This is explained by the random
reduction to the input of the agent which did not allow a convergence. This phenomenon can also be seen
for the learning curve of the POMDP agent but in a less drastic way. Compared to the deterministic policy,
the POMDP agent showed a decrease in rewards of 19.35% while the MDP exhibited a larger gap of
approximately 27.57%.
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Figure 31 Learning curve for case with partial reduction on the observations.

4.3.1.4 Constraint Violation

The number of constraint violations that the agents made in the deterministic environment and the three
instances under uncertainty considered the present case study are evaluated next. Recall that each time an
agent violates a constraint, this will receive a penalty, and such action is cancelled and would allow the
process to continue. To test the performance, the agents were tested on 1000 episodes where the percentage
of violations for the discrete and the continuous actions were recorded. As mentioned above, the scheduling
horizon consists of 31 time-intervals. At each time interval, a discrete and a continuous action were made;
thus, a total of 62 decisions are made by the agent at each episode. Table 6 shows the percentage of
violations per episodes for each agent presented for 1) the deterministic policy, 2) epistemic uncertainty in

the production of Task 2, 3) Gaussian noise added to the measurements of the states in the plant, and 4)
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intermittent communication in the channel between the agent and the environment. For most cases, the
POMDP agent showed a reduction in the percentage of constraint violations, which demonstrates a better
understanding of the dynamics of the environment under these conditions when compared to the MDP
agent. Although the rewards for the POMDP agent were larger than the MDP agent in the 4™ experiment
(see Fig. 31), it was observed that the percentage of violations were larger for this agent, which may be due
to the development of a more conservative policy.

Table 6 Average number of constraint violations from one thousand evaluations of the MDP and POMDP
agents.

Experiment Average number of violations per episode
P MDP Agent POMDP Agent
1.- Deterministic policy 16.53% 10.27%
2.- Instance under epistemic uncertainty in Production 0 0
at Task 2 15.54% 12.58%
3.- In_stance_ un_der aleatoric uncertainty applying 17.06% 11.43%
Gaussian Noise in the measurement of the states
4.- Inter_mlttent communication betwgen the agent and 12.11% 15.19%
the environment, representing aleatoric uncertainty.

4.3.2 Case Study 2

The present methodology was evaluated for a larger and more complex STN that was adapted from
Papageorgiou and Pantelides [117]. That study presented a decomposition method to address a problem
that was too large to be computationally tractable with common procedures. The approach consists of
separating the process in campaigns that individually handle multiple tasks, which are necessary to
complete an intermediate product. This intermediate product is then the input to the next campaign to
produce the next intermediate product; the cycle is then repeated until the last campaign produces the final
product. More details about this procedure can be found in [41]. Campaigns are useful to reduce the
complexity of the problem by distributing the tasks in groups without affecting the operation process. In
this work, campaigns can be readily applied through the masking technique, which is part of our
methodology. The STN for this case study is presented in Fig. 32 and consists of 10 tasks, 3 products and

2 feeds. The process is divided into two campaigns (indicated with a red dashed line in Fig. 3): in the first
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campaign, the intermediate products 1 and 2 (Int 1 and Int 2 in the figure) are produced from two
independent sequences of tasks. The second campaign also consists of two sequences that share the
intermediate product 1 to produce 3 final products (i.e., P1, P2 and P3) and a waste residual (Waste). The

time horizon for this problem was set to 48 time-intervals.

st Campaign 2nd Campaign
State 1 State 2

el

State 6

Figure 32 STN for Case Study 2.

Section B2 in Appendix B outlines the specifications of the problem regarding the relations between
the states and tasks, as well as the specifications on the use of utility services. Specifically, the utility
services for this case study are a) cold water, b) low-pressure service, and c) high-pressure service.
Essentially, this case can be represented as an optimization problem with the same formulation presented
in P3. Apart from the constraints presented in P3, this case study includes a constraint that defines the use
of the utility services, i.e.,

0 < BuigBije < U™ Yut,ij€eK,0=01,..p_1 (43)
where B, represents the required amount of the utility service u per kg in the task i in the related batch
B;j¢. 6 is the time-interval where the service is required, this time spans from the start to the end of the task.
U is the maximum capacity of the service u.

The scheduling decisions for this case study are described in Eq. 44 whereas the discrete and continuous
action spaces are depicted in Eq. 45 and Eq. 46, respectively. Similar to the previous case study, a list of
tasks to units is presented; note that in this case, any task has more than one unit to process the product.

The continuous action space describes the capacity at which the task is activated, which is bounded between
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[0,1]. The rewards were designed as in the previous case study, with their corresponding weights shown in
Table B7 (Appendix B).

F. = {actiong,cq,Cy,...,C10} (44)

actions, {task 1 at unit 1, task?2 at unit 2, task 3 at unit 3,

task 4 at unit 1, task 5 at unit 4, task 6 at unit 4,
(45)
task 7 at unit 5, task 8 at unit 6, task 9 at unit 5,
task 10 at unit 6, idle state}
¢, = [01] (46)

The first campaign takes place from time intervals 0 to 24 whereas the second goes from time 25 to 48.
The actions allowed in the first campaign are Tasks 1, 2, 3, 7, and 8; the rest of the actions are masked from
the action space of the agent. During the second campaign, the tasks from the first campaign are masked
while the rest of the tasks are allowed, i.e., Tasks 4, 5, 6, 9, and 10. Fig. 33 shows two plots where each
solid line represents the mean of three trainings from the POMDP agent in the environment with and without
masking. The difference relies on the use of the masking technique to reduce infeasible actions, i.e., avoid
actions that are known a priori to be unnecessary, and separate the process into campaigns. The figure

shows that the POMDP agent without masking converged in the first 500 episodes to a low reward value

while the agent with masking keeps an increasing learning for a longer number of episodes.
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Figure 33 Effect of Masking technique.

Next, the POMDP agent with masking was evaluated for constraint violations with and without

uncertainty. Note that the agent was only trained in the environment with uncertainty, and the environment
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without uncertainty was not made available to the agent. The environment with uncertainty consisted in the
partial interruption of 50% of the information from the observations o,. The POMDP agent was tested 1000
times in both environments, i.e., with and without uncertainty. This case has a horizon of 48 time-intervals
in which discrete and continuous decisions are made, thus a total of 96 decisions were made by the agent.
An individual analysis of the constraints that are evaluated considering the decisions of the agent was
performed. These constraints are the allocation constraint (Eg. P3.b), the utility service constraint (Eq. 43),
and the material balance constraints (Egs. P3.c and P3e). Other constraints that are not related to the agent’s
decisions were not considered in this evaluation, for instance, the initial amount of material at each state
(Eq. P3.f). Table 7 summarizes the average percentage of constraint violations performed in the
environment. The allocation constraint is related to the correct selection of available units to be used, i.e.,
the discrete action. The utility service and the material balance constraints are related to the continuous
decision of the agent. As shown in Table 7, it was found that continuous decisions were subject to violations,
which could be reduced by increasing the penalties in the reward function, at the expense of generating a
more conservative policy. Moreover, the POMDP agent could generalize in the environment with
uncertainty and meet the constraints in a similar fashion as in the environment without uncertainty.
Nevertheless, it was observed that on average the total production of the POMDP agent was reduced by
16.33% in the environment with uncertainty compared to the production in the deterministic policy.

Table 7 Average of constraint violations performed in 1000 evaluations of the agent.

Environment without uncertainty Environment with uncertainty
Allocation constraint 0.00% 0.00%
Availability of utility service 0.00% 0.02%
Material balance constraint 14.29% 18.96%

The experiments with this case study showed that using a masking technique decreased the complexity
of the environment by discarding known infeasible actions. Thus, the masking method allowed a more
efficient learning process. Nevertheless, the agent should not be excessively masked as this could restrict
exploration to a small part of the action space. Therefore, fine tuning this technique is recommended to
prevent the agent from adopting an overly conservative policy. The generalization capabilities of the
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POMDP agent were demonstrated with the evaluation of the performance in an environment with
uncertainty. The agent could maintain a similar record of constraint violations as in the original
environment, which may be presumably because the source of uncertainty was in the communication
channel between the agent and the environment rather than in the environment itself. Moreover, the use of
LSTMs played an important role in the performance in the environment with uncertainty due to its capacity

to adapt to the lack of information.

4.4. Summary

In this work a methodology for training DRL parameterized agents for online scheduling on STNs
under aleatoric and epistemic uncertainty is presented. The main features of the agent are its parameterized
action space which allows to complement an action, and the use of RNNs to approach the problem as a
POMDP. The aim of the former is to increase the contextual information of the agent by providing
observations from the past and complement the present information, which is a useful feature to handle
different types of uncertainty. Challenges in this approach are related to the complexity of the parameterized
agent with RNNSs and the representation of the environment. For the latter, the hyperparameter tuning was
crucial to achieve stable training and good performance, whereas for the former, a reward shaping method
combined with a masking technigue were needed to guide the learning of the agent.

The methodology was tested on two plants of different sizes and subject to uncertainty. The cases with
uncertainty were solved with the present methodology and compared with an agent that does not use
recurrence, i.e., an MDP agent. Results showed a better performance from the presented POMDP
framework. The larger plant was used to demonstrate the functionality of the masking technique to simplify
complex plants by separating the process in campaigns. In both case studies, the use of the hybrid agent
allowed to train a policy that could handle multiple decisions in the process. On the other hand, the use of
RNNs improved the collection of information from the environment which derived in better decisions and

larger rewards.
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Although RNNs are good to generalize POMDPs, these models require considerable training times and
tunning. Another challenge in the training was that in some cases the algorithm would not reach the average
performance, then the training would need to be repeated, presumably, due to the complexity of the
environment. Future work to address this issue includes more sophisticated exploration techniques, such as
the use of intrinsic curiosity modules. In the following chapter, the methodology presented in Chapter is

modified and improved to consider the integration of the scheduling and control tasks with the hybrid agent.
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Chapter 5 Hybrid Deep Reinforcement Learning Agent for

Online Scheduling and Control for Chemical Batch Plants

The need for approaches that simultaneously consider the key decision variables from scheduling and
control is justified by the increasing sources of information of endogenous and exogenous events taking
place in the process during operation [45], [118]. Examples of these include the growing sensory data that
can be collected from the process, the demand and production of a larger variant of products, or the changes
in the prices in the market defined by external factors. Moreover, changes in these parameters are registered
more frequently during the horizon which leads to the need for reactive methods that can avoid the
infeasibility of a schedule or the missing of product quality and safety requirements. Both scheduling and
control are dependent on each other but their purpose in the process is different, while the scheduling
process defines the batches, starting times, and state reference, the control system aims to keep the process
on target and close to its desired set-points [119], [120]. Also, they often evolve at different time scales just
as the planning and scheduling problems [121]. To the author’s knowledge, this integration has not been
attempted in the literature of DRL applications in chemical processes.

In this study, a framework to address the integration of scheduling and control with a DRL agent for a
flow-shop under uncertainty is presented. A hybrid agent that can output the scheduling and control
decisions is used for the integration. To accomplish this goal, the method presented in the previous chapter
is adapted to the integration process. The sequential decision problem is assumed to be a POMDP for which
an ANN that uses LSTMs is considered. To illustrate the characteristics of this approach, an agent is trained
with this scheme to take online decisions of the scheduling and control of a chemical flow-shop batch plant
subject to variability in the process inputs, i.e., inlet material flows. The concentrations of these flows are

assumed to follow a stochastic behaviour. The scheduling decision defines the task that should be initialized
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while the control actions aim to accommodate the stochastic perturbations in the inputs while aiming to
meet the task’s production targets.

This study is organized as follows: Section 5.1 presents the problem statement; section 5.2 shows the
proposed methodology; Section 5.3 shows a case study and results; conclusions and future work are

presented at Section 5.4.

5.1. Problem Statement

This section presents the scheduling and control problem that can be addressed with the present approach.
The problem definition was adapted from a previous work that addressed the integration of scheduling and
control for chemical batch plants under stochastic uncertainty [122]. Our work does not approach the
problem under uncertainty per se but instead assumes that there are stochastic parameters (y,,4,-) defined by
known PDF. The value of these parameters is only known when a unit related to these parameters is turned
on, i.e., a task is assigned to this unit. Their values remain constant during the operation of that task. In the
case of units involving process dynamics, values for these parameters are known at the beginning of the
operation and its value remains constant until the end of that specific operation. Hence, appropriate control
actions must be determined to accommodate these changes and be able to meet the unit operation targets.
This situation demands an online decision-making process for scheduling and unit operation control that
needs to adapt to the outcomes of such stochastic parameters. For the systems that can be considered with
the method presented in this work, consider the following:

e A flow-shop plant that is composed by N set of tasks, with N; set of equipment.

» A set of chemical processes described by the mechanistic dynamic model f for N, states of the system,
and expressions h that contain the set N, of constraints of the system.

e A set ¥ of fixed model parameters ;, and of stochastic parameters 1,4, described by a PDF known a
priori.

e A set C that considers the cost information of utility services, raw materials, products, and by-products.
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e A finite time horizon H which starts at ¢, and ends at ¢;.

o A finite number of equal-length time-intervals t that belong to the set N, and are used for the discretization
of the scheduling horizon H. At every time-interval t, scheduling and control decisions are taken.

o Aset T of processing times indicating the length of time t,, ; that the units in N; takes to complete the tasks
in N.

¢ An economic function G that considers product profits, operational times, costs related to utility services,
penalties incurred during the operation, and other related costs.
The optimization formulation for the batch plant described above is stated as problem P4. This integrated

optimization problem aims for an optimal schedule plan with dynamic control profiles that maximizes the

profits of the process.

max G (x,;(£), ug j(t), ®, Tk, j» Sk, j,t, €) (P4)
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where f, is the pt" differential-algebraic equation of the model and hg is the g™ model constraint. x, i(©)
is a state variable from the system for task k taking place at unit j and x; ;(t) is the derivative of that variable.
uy, ; (t) is a control decision variable involved in task k at unit j. The control actions uy, ;(¢) that can be taken

at each time-interval t by the time-dependent unit operations j to maintain the process on target are limited
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to a set of discretized actions included in the set U. f;, () is the PDF used to describe the likelihood of a
realization of Y4, sk ;¢ Is a binary decision variable that specifies the scheduling process for the batch
plant. This variable is defined for every task k at unit j during the set of time intervals t and tells if such task
and unit are occupied or not.

Problem P4 can be defined as a stochastic Mixed Integer Dynamic Optimization (MIDO) problem,
which may become challenging to solve since the realizations of y,,,,- are not known a priori. Approaches
consisting of the decomposition of the problem into MILP or MINLP can be used to reduce the problem’s
complexity but they present their own challenges for online implementation due to intensive calculations
[45]. Simplifications can be made with a trade-off between time response and quality of the solution. The
DRL method presented in this work is used to train the agent for stochastic realizations of the input
parameters and then, once trained, it can be implemented online and provide immediate (online) responses

to the integrated process thus providing a fast reliable solution to this problem.

5.2. Methodology

In this section, the methodology to design the DRL agent that can provide online solutions to the flow-
shop scheduling and control problem described in P4 is presented. A PPO method is used to train the agent
as it is a stable and general-purpose algorithm. The following key components in the DRL framework are
explained in this section: 1) the action space for the scheduling and control tasks; 2) the input sequence
vector for the agent, which contains relevant information used to take a decision; 3) the reward function, 4)

the time-dependent stochastic parameters, and 5) the architecture of the hybrid agent.
5.2.1 Action Space

The number of decisions that an agent will take at each time-interval t in the horizon H include both
scheduling and control decisions. It is assumed here that both tasks need at least one action to be executed
in the process, but this can be extended to multiple actions that correspond to each task. The set of action

spaces is shown in Eq. 47, where all the needed actions for scheduling and control tasks are included. Note
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that all the action spaces in this set are discretized; it is also possible to set continuous spaces, but this is
beyond the scope of this work.
Actions = {a4,ay, ..., ay} 47

The scheduling action space can specify the task and unit to be initialized at each time-interval. Since
an action is delivered at every time-interval t, the action space also includes an idle action that do not start
any task. Other discrete actions related to the scheduling task can be added to the agent, for instance, the
capacity at which a task should be started (i.e., 100%, 20%, etc.). Similarly, the number of control actions
is given by the number of control decision variables included in the set U defined above. Since the control
actions are discretized, the control profiles generated by the agent for each control variable u; ; will be
similar to step-like functions applied to each time interval t.

During implementation, at a specific time-interval, the environment sends the sequence of observations
from the process to the agent. Then, for every action space in Actions, a categorical distribution p,_ is
provided (Eq. 48). The largest probability at each action space distribution defines the action executed in
the environment. Note that at all time-intervals, the agent generates categorical distributions for all the
action spaces described in the set Actions. Naturally, not all of them are used at all time intervals, for
instance a control action will be only used when the corresponding unit is active. Actions that are not
required at a certain time interval are ignored by the environment.

Pa, = 1,02, - Dm) Where Y ey pm = 1 (48)

5.2.2 Observation Vector

A vector with the information from the environment called observation vector (o,) is generated at every
time-interval and sent to the agent to produce the next set of actions. The vector o, defined in Eqg. 49
contains the features that have a measurable effect in the scheduling and control tasks. In this work, o,
gathers the following information: i) the occupation of the available units j; ii) processing times of the units
that are in use; iii) information relevant to the control problem, e.g., concentrations, flow rates, and

temperatures; and iv) the current time-interval. This information is retrieved at every time-interval from the
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environment and is also normalized to stabilize the learning process. Note that the representation of these
variables in o, depends on the user’s preferences. For instance, the use of probabilities, constant values,
one-hot encodings, or normalized values can be used to pre-process these features and then add them to the
observation vector o;.
0 = [x,j(8), Sk jer T o t] (49)

Although this state representation provides full observation to the agent, the use of the POMDP
approach is justified to provide the agent with additional information from past events. The LSTMs
correlate information in a temporal context, which is key to capturing the interactions between scheduling

and control.
5.2.3 Reward Function

A reward shaping method was used in this work to decompose the total reward into m sub rewards r,

i.e.,

Reward = 2 T (50)
m

To implement the reward shaping method in the integrated scheduling and control problem P4, the
straightforward procedure consists of defining rewards for each task. Rewards should be provided to actions
that align with the objective function. Likewise, penalties should be delivered when constraint violations
take place. The subset of rewards r,, for the scheduling actions is based primarily in allocation constraints
and the correct order of task initialization in the flow-shop. This ensures that the conditions for initiating a
task are met, for instance, availability of material or availability of units. Moreover, penalties for machines
staying idle during a process should be set to ensure the reduction of the makespan. Furthermore, the reward
should be increased as the process reaches the end, i.e., to provide larger rewards to the agent for initializing
tasks that are closer to the end.

Regarding the control decisions, the agent should account for the economic incentives associated with

these tasks. For instance, providing larger rewards to utility services that are less expensive. Penalties
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should be provided for constraint violations that may occur during transient operation, e.g., surpassing a
safety limit or not reaching the expected product specifications at the end of the task. It is assumed that any
task k that comprises a dynamic system will need at least one time-interval to be completed. Hence, a
sequence of control decisions, each implemented at each time-interval t, are required for the duration of
that task. Then, the reward for that sequence is provided at the end of task k. Here, the POMDP becomes
useful as the sequence of actions (i.e., the control profile) is receiving a reward, rather than only the present
action. Thus, the use of LSTMs results convenient for handling the partial observability from the
environment. After being sent to the environment, the actions from the set Actions that were implemented
(recall that not all of them might be used) are evaluated with the system of rewards. When all the rewards
are assigned to the scheduling and control decisions, they are added up and sent as a unique (scalar) reward

to the agent.

5.2.4 Stochastic Parameters

The environment is a representation of the process where the agent can learn by trial and error on how
to perform a task. The limitations of the real process (i.e., constraints) and the description of fixed and
stochastic parameters (i.€., Yy, Pyqr) should be added into this simulation. During each iteration of the
training, the stochastic parameters are set to present the agent a specific realization of this parameter. The
agent gathers experience from these realizations and generalizes a policy that can choose the best action for
a given realization of y,,,,-. The present works assumes that the models considered in the present framework
are internally stable, i.e., the inputs and outputs from the system will be bounded to guarantee process
stability. A Bounded Input Bounded Output (BIBO) approach of the system can be used to guarantee the
stabilization of the process [123]. Nonlinear control systems might require different approaches like
Lyapunov methods that can guarantee that the signal will not destabilize during the process [124].

In the environment, the mathematical description of the stochastic parameters should be incorporated
through a PDF, e.g., a Gaussian or Uniform distribution. These values should also be incorporated in the

observation that are sent to the agent as they are relevant for the next decision. Note that the increase in
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time-varying parameters has a direct impact on the length of the training. This is because the agent needs
to explore multiple realizations to learn its policy. Thus, the exploration space grows as more stochastic

parameters are considered.
5.2.5 Hybrid Agent

The architecture considered in this study for the hybrid agent was adapted from [108] and is essentially
the same as in the previous chapter. Since the control decisions are discretized and the scheduling decisions
are all discrete, the set of n decisions generated by the agent are all categorical distributions. Each
distribution gives the probability to each possible outcome of that particular action (see Eqg. 48).

As in the explanation from Section 4.3, the hybrid agent uses a correlational module built with a layers
of LSTMs to gain insights of the sequence of observations o;. The sequence O, is the same as in Eq. 33,
in Section 4.4.2, (i.e., Oy = [0¢_r41, -, 0¢_2,0¢_1,0.]). As previously explained, this vector allows to
register all the steps that a task takes to complete. That is, the agent can access the sequences that contain
the evolution of the tasks from start to end, which is not possible under the MDP scheme.

The general architecture of the neural network for this approach is depicted in Fig. 34. The observation
window O; is an input to the correlational module with a layers. Then, the outputs are passed through a set
of K linear layers. The final output of this section is input into n separated sets with Z linear layers. The

output of each set is passed through a SoftMax activation function to output each categorical distribution.
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Figure 34 Hybrid agent with correlational module.

With this architecture, an agent that can coordinate both scheduling and control tasks can be trained.

The incorporation of LSTMs into the agent allows to correlate the observations. This is a key feature that
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provides the agent with a wider visualization of the development of the processes. On the other hand,
limitations of networks with recurrence include the computational effort that they require as they evaluate

the sequence element by element, i.e., not in a parallel fashion.
5.3. Case Study and Results

The methodology presented in the previous section is applied to perform the simultaneous scheduling
and control of a flow-shop batch plant adapted from the literature [122]. Fig. 35 shows a representation of
the process which is composed by four tasks: 1) a set of chemical reactions (R1), 2) a filtration process (FI),
3) a second set of reactions (RII), and 4) a separation process (Sl), i.e., N, = {RI,FI,RI1l,SI}. The time
horizon H is set to 15 hours and is divided in even time intervals ¢ = 0.5 h; thus, there are 30 time-intervals

t where the agent can make decisions.

Feed 3

Species A (Species D) Species B
L Species E
Feed 1 = => = =
Feed 2 Species B Species B
Species B Species D
Species A Species E :>
Species F Species D
Species F
Species A
RI F1 RII SI

Figure 35 Batch Plant model.

The process begins in RI, where a non-isothermal batch reactor is used to transform substance A into
an intermediate product B. The temperature of the reactor is controlled through the flow rates of Feed 1 and
Feed 2, which correspond to a hot and a cold stream of water, respectively. The resulting mixture of
products A and B from RI is then filtered in task FI. The intermediate species B is then passed to a semi-
batch reactor where species D is added through Feed 3. The flowrate of Feed 3 is controlled during the
process to regulate the production of products E and F. The mixture of species B, D, E, and F (where E is
the desired product) is separated in task Sl, as shown in Fig. 35. Processes Fl and Sl are assumed to achieve
perfect separation and are stationary processes. The four tasks have a fixed operation time of 2h. Rl and
RI1I are assumed to be dynamic processes and are expected to finish at their corresponding processing time.

Each task has one unit, i.e., N; = {Reactor1, Filter, Reactor2, Separator}. After completion, each unit

will store the outgoing material until the following task is initialized. While the material is stored in that
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unit, a subsequent task for this unit cannot be initialized. The mechanistic models of the dynamics systems,
the process constraints, model parameters and initial conditions for this case study can be found in the
supplementary material from [122]. For the present case study, the initial concentrations of species A
entering Rl and D in Feed 3 vary according to a uniform distribution. For the former, the distribution is
bounded between 1.01 and 1.15 kmol/m3, while the latter is bounded between 0.80 and 0.89 kmol/m3.

The economic function is described in Eq. (50) and aims to maximize the revenue from the production
of product E while considering the minimization of costs related to the utility services from the three
controlled flow rates corresponding to Feeds 1, 2, and 3 as described above.

G = costg * Storages; + coStyiiity services (51)
where costg * Storageg; denotes the revenue obtained from the product that is output from task SI. The
costs of the product E and utility services are specified in the supplementary material from [122]. The
objective of the DRL agent is to design a policy that can produce an online schedule and a control strategy
considering the stochastic variability in the concentrations in the raw materials, i.e., species A and D.

At every time-interval t, the agent will provide four (n = 4) decisions: 1 for the scheduling task, and 3
for the control task. For the scheduling task, the agent will decide which task to activate; hence, this decision
has 5 possible outcomes (i.e., 4 tasks and 1 idle action). The control task manipulates the flows of Feeds 1,
2, and 3 (see Fig. 35) while the task Rl and RII are in operation. For every time interval cloistered in the
operation time of these tasks, the agent sends a control decision to the environment. Then, the states of tasks
RI or RII are sent back to the agent where another control decision is made for the next time-interval. This
is repeated until the end of the task. The control actions for each flowrate are discretized as shown in Table
8.

Table 8. Flow-rates for the control tasks.

Lowm3/h | Mediumm3/h | Highm3/h
Feed 1 3.75 7.5 16.0
Feed 2 3.75 7.5 16.0
Feed 3 0.08 0.9 1.7
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Since the processing times (ty ; = 2.0h) are the same for every task and since a time interval is of
length 0.5h, the control profile for each process has four stages. If the reaction task does not reach the
desired concentration at the end of the processing time, or if one of the constraints is violated during
operation, then the product will be wasted away from the process. For the subsequent actions, the agent
should consider this interruption and schedule tasks accordingly. The system of rewards shown in Table 2
was used to guide the learning of the agent to aim for the maximization of profit.

Table 9. Rewards assigned to the actions.

Description of the rewards
Reward +5 if the unit for that task is not busy when initializing a task and -10 if the
unit is busy.
If the task is completed to the end, then give a reward of +10, if the process is
interrupted due to constraint violation, give a penalty of -5.
For every time interval that tasks RI, FI and RII keep the product stored, a penalty of
-0.5 is addressed.
Feeds 1 and 2:
If Task 1 (RI) is running, provide a reward of +3 if the high profile is chosen, +6 for
the medium profile, and +9 for the low profile.
This is done for each hot and cold flows. The total reward is the addition of both.
Feed 3:
If Task 3 (RII) is running, provide a reward of +6 if the high profile is chosen and
applied, +12 if it is medium profile, and +18 if it is the low profile.

Scheduling
actions

Control actions

The length of the observation window is set to 4 (i.e., I' = 4) since each unit is assumed to require 4
time-intervals to complete a task. The relational module has three layers of LSTMs (a = 3), followed by
two linear layers, i.e., K = 3. Then, the output of this set of linear layers is the input of each of the sets of
linear layers that represent each action (n = 4); each one with three linear layers (Z = 3). Hidden layers
use tanh activation functions while a SoftMax activation function is used to generate the categorical
distributions. The DRL method was developed in Python 3.11.3 and PyTorch version 2.1.0. The training
was performed using Adam’s optimizer, which is gradually decreased with a learning rate annealing
technique, starting at 1e-4 and finishing at 1e-6. To refine the exploration as the training progressed, the
smoothness of the categorical distributions was sharpened using temperature annealing, starting at 1 and

ending at 0.001.
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A test with 1000 multiple realizations in ,,,,- was performed with the trained policy m,,. Fig. 36 shows
the number of times (cycles) that the process in Fig. 35 was executed in the horizon H. In almost 90% of
the realizations, the agent could complete two to three cycles. The agent could not set three cycles in all the
instances due to time limitations or a task failure, as discussed below. To compare the performance of the
policy obtained by this method (7,,), a second policy (my) was trained on the same environment but under
no variability in the inlet concentrations, i.e., 1,4, Were fixed to 1.08 kmol/m?3 and 0.845 kmol/m3 for
species A and D, respectively. The resulting policy 7y was then tested under 1000 stochastic realizations
IN Yyqr. As shown in Fig. 36, the strategy learned by 7 could handle many of the scenarios on which m,
was trained. This was expected because the control profiles that were learnt by 7, may be adequate to
accommodate most of the stochastic scenarios; nevertheless, they might not align with the objective
function. In half of the processes, 7y could not produce a full cycle, i.e., no production; only in 13.3% of

the instances it was able to complete three cycles as policy .
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Figure 36 Comparison between policies.

Fig. 37 shows a schedule built with 7z, in which the first cycle was interrupted due to the cancellation
of Task RII. Once this event took place, the agent chooses the initialization of Task RI instead of Task S,
which aims to produce more product E thereby improving the plant’s profits. This decision corresponds to
the reaction of the agent to the suspension of the first cycle. It was observed that the agent left blank spaces
in between tasks, presumably due to a lack of sensitivity to the observation window. Also, it was observed
that some tasks that were already in operation were selected to be initialized by the agent at those specific

time-intervals, which results in an infeasible action. This problem can be addressed by increasing the
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penalties associated with violation of allocation constraints in exchange of a more conservative agent. A
heuristic that cancels the initialization of infeasible actions was added to the environment, i.e., new tasks

that must be started on a unit that is already in operation are cancelled.

Online Scheduling process
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Figure 37 Schedule with three cycles initialized.

In most of the cases, the control profiles found by m,, completed reactions Rl and RII without any
constraint violations (not shown for brevity). Results from Fig. 36 confirm the effectiveness of the control
actions chosen by the hybrid agent since it completed multiple cycles under stochastic variability in the

inputs parameters affecting Rl and RII.

5.4. Summary

In this work a methodology based on a DRL to address the integration of scheduling and control in
flow-shop batch plants is presented. The DRL method allows to build online schedules and control profiles
according to the conditions that take place in the plant. A POMDP approach is used to retrieve past history
from the plant and consider the tasks evolution in the decision-making process. To handle multiple
decisions taken during transient operation, a hybrid agent is used to output more than one action at every
time-interval. To validate the method, a batch plant was considered for optimal scheduling and control. The
agent designed an effective online schedule and control policy that can accommodate stochastic realizations
in the input parameters. The application of this method for partially observable environments is part of the
future work. Extending this approach for integration of scheduling and control considering discrete and
continuous actions is also recommended for future work.

In the next chapter, the attention modules are used as an encoding method, similar to the job that the

RNNs performed in this and the previous chapter: i.e., to correlate the sequence of information from
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multiple time-intervals. The interpretability that the attention modules provide is analysed and evaluated

for cases under uncertainty and for non-stationary environments.
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Chapter 6 Interpretable Online Scheduling for Chemical Batch
Plants with Attention Augmented Reinforcement Learning

Agents

In this chapter, a method for approaching the scheduling problem in Chapter 4 using self-attention
modules is presented. The use of these attention modules in the agent’s architectures is justified with the
growing interest that these structures have gained in areas of NLP where RNNs were substituted with
Transformers [31], i.e., a sophisticated encoder-decoder module used for sequence-to-sequence
transformation which uses self-attention modules in its configuration. The Transformer is useful for training
NLP models due to their outstanding capacity to handle sequences, for instance in language translation or
human-machine interaction. In this work, the self-attention module included in the Transformer is adapted
to the scheduling problem under epistemic and aleatoric uncertainty [31]. Essentially, the scheduling
environment presented in Section 4.3.1 is represented here as a graph. This graph representation is required
by the attention module that is incorporated in the agent. The RNNs used in the previous agent are
substituted with self-attention modules, and the hybrid section of the agent which is useful to produce
multiple decisions at every time-interval is maintained. The hybrid agents in this work were trained with
the PPO algorithm.

SAMs are used to generate attention matrices (A, ) at every time-interval t from a particular training
course k to gain insight from the decisions of the agent. The attention matrix is a square matrix where all
the nodes of the graph are corelated with themselves through attention values. Every time the agent
processes an input, an attention matrix is produced and can be extracted to observe the current focal points
of the agent in a particular state from the environment. The extraction and interpretation of the attention

matrices from the agent are part of this methodology. This interpretability is an alternative to address the
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condition of the agent being a black box with encrypted logics in its parameters. This lack of visibility from
the agent’s logics is a relevant aspect of DRL implementations where decisions involve safety and security
facets that require confirmation and evidence of attention from the decision-maker.

As mentioned in Chapter 1, the implementation of the self-attention modules in the DRL method for
the scheduling problem under uncertainty is based in the work from Zambaldi et al. [29]. Originally, this
method is for application and interpretation of DRL agents in video games, where the agent must respond
in an online fashion to the challenges of its environment. The interpretation that this method provides allows
the user to see the focal points of the agent when it is moving, fighting, aiming, or defending. The
methodology presented in that previous study has been modified such that it can be used on the scheduling
optimization problem under uncertainty considered in this work. The case study 1 in Chapter 4 and a
variation of such case are used in this chapter to test the present method and the results obtained with the
current implementation are compared with those obtained from Chapter 4. In this work, we enhanced the
basic architecture of the module such that the agent can build a general perspective of the relevance of each
element in the environment. This additional element in the architecture is called bias matrix (Bj) and is
generated for every training course k. The use of the attention and the bias matrices in the scheduling
problem will allow the validation of the system of rewards. Also, they can provide evidence of the
sensitivity of the agent to different rewards, which can provide insights into the design of rewards and
eventually more attractive policies.

This chapter is organized as follows: Section 6.2 presents the problem statement; Section 6.3 describes
the methodology; Section 6.4 presents two case studies solved with the presented methodology; Section 6.5

presents a summary of this chapter.

6.1. Problem statement

Section 4.1 presents the problem statement that will be considered in this work. The scheduling process
is represented as an STN and requires compound decisions, i.e., multiple decisions at the same time. The

decisions made by the agent can be discrete or continuous (e.g., flow-rates, batch capacities, processing
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times). The problem statement is explained and described as a mathematical formulation in Eq. (P2). The
agents with attention developed with this method are evaluated in environments with epistemic and
aleatoric uncertainty, as described in Section 4.3.1.2 and 4.3.1.3, respectively.

The agent in this work is also hybrid and can make multiple decisions in an online fashion to improve
the objective function G while taking into consideration operational, quality and/or logistic constraints.
Apart from making decisions in the online scheduling process, this agent aims to provide interpretability in
its decisions through A, and By. In the context of this work, this interpretability is a numerical estimation
of the relevance that each part of the process represents to the agent when making a decision. Actually, both
the actor and the critic are structured with essentially the same architecture, differentiated in their outputs.
Thus, both trained models can provide insight into different focal points that the agent develops through
interactions with the environment. The scope of this work centers in the interpretation of the actor.
Additionally, the agent designed in this work provides the benefits described in Chapter 4, i.e., a fast
response at implementation, its capacity to handle complex environments that require compound actions,

and the online reaction to uncertainty realizations.
6.2. Methodology

The methodology to approach the scheduling problem under uncertainty with agents that incorporate
SAMs is presented here. Also, the methods for self-attention matrix interpretation (A ) and bias matrix
interpretation (Bj,) are provided. Fig. 38 shows a flowchart that connects the methods presented in this
section. The design of the RL elements based on the scheduling problem is presented in Sections 3.1 to 3.5.
As shown in Fig. 38, once a trained agent has been accomplished, the methods for interpretation are used
on A, and Bj. Two methods are presented in this Section: the interpretation of A, (Sections 6.2.5 and
6.2.6) and the interpretation of B;, (Section 6.2.7). While the former provides insight into the decisions of
the agent at every time-interval (and is useful to track uncertain parameters), the latter provides a general
perspective of the agent’s attention during an entire episode within the scheduling horizon. Note that an

episode refers to a cycle of the entire scheduling process. Moreover, a method for retraining non-stationary
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environments is proposed to address cases where a change in the system of rewards used to train the current
policy is required. Examples of these changes can occur in a chemical plant when the cost of a process is
updated, e.g., changes in the costs of raw materials or service utilities or when new products are introduced
in the process. Thus, the decisions of the current policy trained without these considerations may not be
optimal and need to be updated. In this method, after the rewards are redesigned, a transfer learning method
is performed before retraining. This step ensures that the new policy maintains the basic knowledge from

the previous policy (further details in Section 6.2.7).

Transfer Learning

Change in

% rewards?
L
g Tramed Agent
E trained
10v? -
o policy’ Online
g, | Action Space Implementation Scheduling
@ For every For every Horizon
i episode time-interval met?
A Reward Bias Matrix Attn. Matrix
B Ark
Intepretation | |Interpretation

At the end of
the episode

Figure 38 Flowchart of the methods presented in this work

The main novelties with respect to the method from Chapter 4 (referred from heretofore as RNN
approach) are listed below:
o The architecture of the agent includes a self-attention module which requires modeling the agent's
inputs as graph representations of the environment.
o An interpretation of the agent’s decision is provided at every time-interval.
o An additional interpretable matrix (bias matrix) is used to observe the relevance from each part of

the partially observable environment.
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6.2.1 Graph Representation of the Environment

The design of the environment requires emulating a graph representation G (¢, e) with nodes ¢ and edges
e. For the batch plant, the nodes correspond to the interconnected equipment and storage tanks that exist in
the STN, for instance, the four states and three tasks depicted in Fig. 23. This is a distinctive feature
introduced the current work since it allows a more organized representation of the environment (through
nodes and features) in comparison with the state representation (expressed as a vector) from the RNN
approach [18]. Although the literature has shown the use of disjunctive graphs to make representations of
job-shops, in this work, complete graphs are used due to the posterior use of the attention matrices [79],
[80], [85]. Complete graphs allow to generate connections between all nodes to establish a relationship
between every processing and storage unit. On the other hand, disjunctive graphs create connections only
between nodes that are directly associated in the environment, and will not provide attention values between
nodes that might appear unrelated in the process. The use of complete graphs allows to observe correlations
between these processes that are apparently not connected and, at a higher level of abstraction, the
observation of correlations between processes from different time-intervals. Fig. 39 shows the

representation of a complete graph where all nodes are connected.

Figure 39 A complete graph with connections between nodes ¢ which refer to the state and tasks
from the environment. The edges show the existing connections between nodes, each arrow
represents two edges and describe the attention from one node to the other.

Since the present approach contemplates the environment as a POMDP, the process of inputting a
sequence of time-intervals is followed. Specifically, the SAM inputs one matrix with the information from

I" time-intervals concatenated. This input matrix is described in detail in Section 6.2.4. In this section, we
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focus on the information expressed in one time-interval, which is also expressed as a matrix, and referred
to as the observation-matrix E.. The number of rows m in such matrix corresponds to the number of nodes
(¢) that are in the graph representation. The number of columns [ specifies the features n used to collect the
characteristics of these nodes.

The nodes in the graph representation E; correspond to the processing units and storage-tanks in the
environment. A more explanatory matrix can be made if the nodes denote individual processes instead of
processing units. For instance, if a unit can perform two different processes, then each of these processes is
defined as a node in E;. The features collected from the plant correspond to the state variables that describe
the current state of it. For instance, variables that describe occupation and allocation, the current capacity
of a unit, the processing time of a process, and other parameters that describe the node at the current time-
interval. The addition of fixed parameters to E; can be done to provide information to the agent about
inherent features that all nodes share, for instance, minimum capacity requirement or maximum temperature
constraint. Eq. 52 describes the composition of the observation-matrix at a given time t.

51,1 51,17
- £or Eon

[r]

t (52)

In the observation matrix E;, both types of nodes (i.e., processing units and storage tanks) may not
necessarily share the same features. For example, assume that one of the features listed in E; is the
processing time of the node, this applies well to a process like filtration as it is a process with this temporal
feature, but for a storage tank, this feature may not apply. For these cases, the feature is left with a zero
value in the input matrix. The experiments presented in Section 6.3 show that this does not represent an

issue for the decision-making process of the agent or the interpretability of the attention matrices.

6.2.2 Uncertainty

In the present work, the policy training method can provide online scheduling decisions subject to
uncertainty realizations in the scheduling process. DRL training allows the agent to develop a policy that

can be applied in multiple circumstances, and to act accordingly to events in the environment. The training
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of the agent can be performed under epistemic or aleatoric uncertainty. Parametric uncertainty is
incorporated into the environment using a PDF such as Gaussian or Uniform distributions. The proposed
agent gathers an observation window with the information from a sequence of time-intervals. Aleatoric
uncertainty is introduced as intermittency or noise in the communication channel between the agent and the
environment, resulting in a partially observable environment. This intermittency is carried out by randomly
selecting a section from the input matrix and then modifying it into a zero value. This value was chosen as
it is used to indicate that the unit/machine represented by the node is empty, other values might negatively
interfere the training and make the agent fail on identifying this intermittency. With a zero value, the agent
will receive a fixed signal in every value that is randomly altered in the input matrix.

The interpretability of A.; is used to confirm the interest from the agent on parameters under
uncertainty that are represented as nodes. An analysis of this information can support the consideration of
uncertainty in the decision-making process. Moreover, since the environment is approached as a POMDP,
this analysis can be done in a temporal context, and the influence from past events can be measured and
compared between each other. As in the RNN approach, the history of observations provided to the agent,
augments its capacity to understand the consequences of the uncertainty in the process. Thus, the transition

dynamics from the environment can be learned by the policy regardless of the uncertainty realizations.
6.2.3 Action Space and Rewards

Both the definition of the action space and the technique used for defining the rewards are the same as
the method presented in Chapter 4. Moreover, the methods for exploration are also like those used in
Chapter 4. The masking method and the rate annealing are used in the same way in this work. In this section,
a brief review of these methods is presented next.

The agent holds the same hybrid characteristics as in the method presented in Chapter 4, i.e., an agent
that can make multiple decisions at every time-interval ¢ during the horizon H. The mathematical definition
of the set F; of decisions is the same as that one described in Eq. 32. This set includes n decisions d, where

each one is described by an action space that could be discrete or continuous. Similarly, the reward shaping
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method that was described in Section 4.2.2.3 is implemented in this case. To achieve effective updates of
the actor and the critic, PPO needs explicit signals from the reward, which can be done through reward
shaping. Thus, this methodology keeps these techniques as they are useful for the learning algorithm.

The use of weights to define the rewards is used as well, with the difference that such weights are scaled
down from the values in Table B5 (see Appendix B) due to the use of normalization layers in the
architecture of the agent. This change aims to prevent instability during the training. Nevertheless, the

proportion of these values is maintained so the comparison between the results can be made.
6.2.4 Self-Attention Hybrid Agent

Like the RNN layers that were used for processing the input in the RNN approach, a SAM is used to
process the input matrix. Both the RNNs and the SAM build an interpretation of the elements from the
sequence that is gathered from the process. This interpretation (referred to as the hidden state in the context
of RNNs) is processed in a set of linear layers, and it is then translated into concrete actions that are sent to
the environment. In this section, the structures of the actor and the critic networks are described, including
the attention and bias matrices (4., and By) that are generated during the process. The hybrid part of the
structure is also described. The use of SAMs is proposed to verify the attention from the agent to specific
aspects of the scheduling process.

A schematic representation of the input matrix (also called observation window 0,) is presented in Fig.
40. As mentioned before, the input matrix holds T' independent observation matrices E; in sequence from
the process. The dimension of the input matrix is I'¢ X n, in which the multiplication of the terms defines
the total number of nodes in the input (equal to the number of nodes ¢ in the plant multiplied by the number
of time-intervals T' in the observation window). The variable n correspond to the number of features
describing each node, which are depicted as columns in Fig. 40. Since the SAM cannot differentiate the
temporal position of each node in the input matrix, a temporal encoder must be added to the second
dimension (n) in the input matrix as an extra set of features. RNNs have the inherent capacity to do this

because the input sequence is distributed into a set of LSTMs that are equal in length. The temporal
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encoding (or positional encoding) provides a unique reference to every node that belongs to a specific time-
interval. In other words, each time-interval in the horizon H has its own time code, and this is added as a
set of p extra features to each node. Then, the dimension of the input matrix is modified to I'¢ X (n + o).

Note that the time encoding is the same value for all the rows belonging to the same time-interval.
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Figure 40 Depiction of input matrix with temporal encoding aggregated. In the figure, three
observation matrices £; are concatenated.

Fig. 41 shows the architecture of the actor that is used in this work and that was adapted from previous
studies [29], [108]. The observation window O, is copied three times, and each copy is projected
(transformed) using a linear layer and then normalized with a normalization layer with dimension I'¢ X ¢,
where ¢ is a feature dimension that expands the original features from the input matrix. The three outputs
correspond to the queries @Q, the keys K, and the values V referent to the input matrix. As mentioned in the
explanation in Section 2.2.3, the attention module is a matrix with the correlations between the nodes listed
in the graph representation and it can hold multiple attention heads; thus, A, € RF*Tsxt,

The output projections from the queries and the keys are then passed through an additive attention
module, which describes the relation that exists between queries and keys. Since both projections in this
module are derived from the same input, the compatibility module captures the correlations between nodes

in the graph representation of the environment. In the additive attention module, the outputs from the

123



projections are independently passed through a linear layer, summed, passed through an Exponential Linear
Unit (ELU) activation function, and passed through another linear layer. The output from the compatibility
function (A4, ;) is passed through a SoftMax activation function, which scales the values from each row in
such a way that they add up to one. Before passing through the activation function, B, € RIS*I's*" s added
to A. . By is composed by learnable parameters that are updated during the training. In other words, B,
holds fixed values (e.g., weights or coefficients) that increase the attention value regardless of its current
state value. For instance, if the value of B, for a specific node-to-node relation in a specific head is of 0.03
and the self-attention values for those relations in A, for states at times 0, 1, and 2 are {0.02, 0.00, 0.1},
then the new values of A, after the addition would be {0.05, 0.03, 0.13}. The values of the parameters
from B, are defined by the training process and can be positive or negative. The incorporation of By, to the
architecture from the SAM is a key feature used to identify the relevant nodes in the environment during
the scheduling horizon.

B, exerts an influence on the values from A, that can be interpreted as a positive or negative
encouragement. Positive values in By, will increase the values from the respective nodes in A, . On the
other hand, negative values discourage the attention from the nodes that are not relevant to the agent. The
encouraged values are those that are relevant to the process during the entire episode, while the discouraged

values correspond to those that are not contributing to the decisions of the agent.
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Figure 41 Diagram of the architecture from the actor

After A, is passed through the SoftMax function, it is then multiplied by the Values projection (third
projection of the observation window in Fig. 41), and then passed through a linear layer and a normalization
layer. A feature extraction operation called Max Pooling is used, in which the largest value from a region
in the matrix is chosen as a representation of that region. The matrix with dimension h x I'c X ¢ is reduced
into h vectors of features with dimension ¢ that hold the max values from each feature. Moreover, the vector
is passed through a linear layer and an ELU activation function. The number of outputs from the SAM is
equal to the number of heads; each output is a vector with a length determined by the user, a default value
of 100 can be set to provide enough expressivity to the output tensor. For the last portion of the architecture,

a set of independent MLP is used to process each decision n required in the environment. Each MLP uses
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Z linear layers to process the outputs from the SAM. This final portion of the architecture (i.e., the set of
MLPs) is common to the architecture presented in the RNN approach.

The architecture of the critic is essentially the same as the actor in the sense that it uses a SAM. The
critic is the part of the agent that makes estimations from the current state of the environment for which the
agent will make the next decision. This value is a prediction of the accumulation of the rewards into the
future if the agent follows the current policy. The SAM from the critic can have multiple heads as the actor,
this produces several outputs from the critic equal to the number of heads, which are then passed through a
set of K layers (as in the critic from the RNN approach) and then outputs one value. Since the value network
is also built with a SAM, then A, , and B, are also generated for every head.

The architecture of the attention module can vary in the number of neurons at each layer in the model.
In this work, a default value of 100 neurons per layer is recommended based on preliminary tests using
different scheduling instances. Also, the number of attention heads can vary depending on the complexity
of the environment. A default value of h = 3 is recommended and a posterior analysis of their results should
be carried out to increase or reduce this number as needed.

As per the descriptions provided above, the SAM is a more complex entity compared to the set of the
RNN approach. This complexity is reflected in the evident number of trainable parameters which is larger
for the SAM, but this is compensated with the features not included in the RNNs structure [30]. First, the
capacity to handle larger sequences than the RNNs due to the attention feature that is calculated for each
node in the input matrix. Second, A, ; brings interpretability to the logic of the actor and the value function,
which is not provided by the RNNs. Third, B, provides insights into the most relevant nodes in the
environment. Lastly, the difference in training with the RNNs where a sequential update of the model is
required in contrast to a parallel training that can be performed with the SAM. This last feature is related to
the fact that all the information from the environment is provided in one input, while the RNN requires this

input to be separated into independent time-inputs.
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Overall, the use of SAMs provides advantages to the scheduling process in terms of interpretability and
efficiency. The architecture allows the analysis of the spatial and temporal context of the plant through the
attention which is an advantage that is not provided with RNNs. Also, the architecture allows the use of

graph representations (complete or disjunctive) which can be related to the architecture of the STN.

6.2.5 Attention Matrix for Interpretability

The total number of rows and columns in every head of A, ; and By, is dependent on the nodes ¢ from
the graph and the number of time-intervals I in the observation window. Since the size of the graph grows
exponentially with the increase of these values, larger computational resources are needed for larger
environments, which is a limitation of this method. For each pair of nodes in the graph representation of
the environment, there is an attention value that is generated, which makes the number of values
considerably large when building an interpretation. The techniques to process and interpret the values from
the matrices are presented in this section. Moreover, a simple STN and the corresponding translation into a
graph representation are presented in Appendix C.1. For such example, the construction of A and By
considers the number of nodes and the length T of the observation window 0.

The size of A;; and By is considerably large as they provide an attention value for every existing
connection between the nodes in O,. To reduce the complexity of the 4, , calculating the average attention
that each node is gathering from all the nodes is a convenient way to measure the relevance of such node.
Eq. 53 shows the calculation of the element Y ;, from the mean-attention matrix Y € RF*"; which

contains the average values from each head of the agent, described as in Appendix C.1 (see Fig. C1).
i
1 L,
Yejk = F_Z arerij VIitt (53)
G4
=0
where the T'c is the total number of attention values for the node, the subindices for the attention value

(t,t',i,J) define the time intervals and the nodes that are been compared (see example in Appendix C.1 for

a full explanation). Note that index k refers to a specific training and is omitted in the indexing of a, ,'; ;

for the sake of brevity and clarity. The matrix Y, lists the attention that is provided to each node in the
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graph at multiple time-intervals at each head from the agent. Then, both matrices from the actor and the
critic can be analyzed to see the focal points from the agent. While the actor provides the nodes for making
a decision, the critic observes the nodes that are useful to predict the cumulative reward. Another way to
describe these attention values is that the actor observes the nodes that influence the immediate next time-
interval while the critic observes those that will have some effect in the future. This feature can be extended
to ensure attention of the agent to nodes with features related to the tasks that are subject to uncertainty or

that are prone to cause a constraint violation.

6.2.6 Attention for Uncertain Parameters

SAMs can be particularly useful for environments that are subject to uncertainty because the decisions
of the agent can be validated through the interpretation provided by A, and B, . It is expected that the
agent will pay special attention to the factors that will ultimately affect the schedule and make its decisions
based on them. A simple method for gathering and analyzing this information is presented in this section.

A. ) provides the specific nodes at which the agent was focused on every decision. As mentioned
before, this matrix provides a detailed node-to-node specification of the attention which needs to be
reduced. The mean-attention (Eq. 53) should be calculated to know the amount of attention that each node
gathered from the agent. Since the number of nodes can be considerable in large environments, it is
suggested to sort the mean attention values in descending order and consider only the top nodes for the
attention analysis. This analysis should be done for each head.

The analysis of the parametric uncertainty through the decisions of the agent helps to validate the tasks
and nodes that the agent is considering for making the next action. Nevertheless, the influence of the
stochasticity that is inherent in the training for DRL methods must be considered. Although the agent’s
logic can be interpreted, A, and By still behold the characteristic of a black box, i.e., the logic of this
attention is not based in physical or conservation laws but by the reduction of the error in the prediction of
the transition model from the environment. Then, describing the correct dynamics that the agent uses in its

policy is still a challenge.
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6.2.7 Bias Attention Matrix for Non-Stationary Environments

Non-stationary environments have a continuously changing system of rewards due to external factors;
in the chemical industry, this can be exemplified with fluctuation in prices, demands or material availability.
These environments require a retraining of the agent such that it can re-learn the new features and adjust its
decisions such that they stay aligned with the updated reward function. Changes in the reward ultimately
result in changes in the final production. The constant change in the conditions of a process is a common
situation in real-world multi-product batch plants. By, is useful for non-stationary environments as it
provides a general perspective of the focal points from the agent in the environment. In other words, it does
not provide information from one time-interval as A, , but from the whole graph at any time. Overall, this
method consists of retraining the agent as the environment changes and use B}, as a way to observe the drift
in the attention of the agent at each training k.

A bias matrix is added to every head in the SAM for both the actor and the critic; there is the possibility
to produce only one matrix for the actor and one for the critic which is equally applied to every head;
nevertheless, this would restrict the expressivity of the bias matrix. The same process to analyze A, (i.e.,
through the mean values) shown in Eq. 53 is used for observing the bias values; Eq. 54 shows the calculation
of the elements ¥; . € R" from the matrix ¥, € RIS*" of mean values calculated from B. Contrary to the
A¢ ., Which is state-dependent, the information that provides B, is fixed at every time-interval t, providing

a general idea of the nodes that are relevant during the training k.

i

1 2 . ,
ij,k = F_ at,t’i,j VJ, t, t (54)
S i=0

Due to the stochasticity of the training process, tracking the changes in B needs to be done with
policies that share the same fundamental knowledge of the process. An agent that is trained for the first
time in an environment will develop its own logic to achieve the highest possible reward, if a different agent
is trained in the same environment, its logic will be different for achieving the same rewards. To maintain

the logic from the initial policy in the environments with a new system of rewards, a transfer learning
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method is proposed to handle the reward adaptation. This consists of setting a warm start for the next
training by transferring the parameters from the previous policy into the next agent. Nevertheless,
transferring the complete architecture might result in a rigid agent that will struggle to learn new aspects in
the operation, e.g., the addition of a new product or equipment. Experiments with this approach showed
that the agents would maintain the same path of decisions across environments with different rewards.

To overcome the fixation of the policy and allow the agent to learn new strategies, the transfer of
parameters is performed only on the SAM, and does not include the hybrid part of the agent (represented
as the Z components in Fig. 41). The parameters from Z are randomly initialized at the beginning of the re-
training of every agent. Additionally, to enhance this strategy to reduce fixation, the parameters from B,
from the transferred policy are reduced from their previous value by applying a user defined scaling factor
g to the B}, bounded between [0, 0.9], i.e.,

By = g(Bg-1) (55)

where k represents the current training of the agent. The limited transfer of parameters to the policy of
the new agent allows it to learn a new strategy while holding fundamental knowledge from the previous
agent. At the same time, the attention of the multiple heads from the SAM is maintained and keeps their
focus on the same features. The transfer learning technique assumes that the architecture of the agent
remains the same across the evolution of the environment. On the other hand, the system of rewards in the
environment is expected to change. In cases where there is a change in the architecture of the agent or the
plant instance, it is possible to do transfer learning from specific layers of the agent, as they can provide
fundamental insights from the dynamics of the environment [125], although this translation might not be
as effective as in the case where the agent remains the same. Note that a change in the structure of the agent
might be needed due to changes in the inputs, the outputs, or the available computational resources.

A contribution from B} (which is also extended to the A; ) is the insight that they provide about
elements from the graph representation that are not directly connected to the rewards. For example, the

storage tanks, the feeds and the production are not sources of rewards for the agent but only sources of
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material for running the task. The attention values can then be used as descriptors of specific aspects of the
process and their role in the decision-making process. For instance, nodes that can compromise the safety

or operational constraints of the process or the quality of the product.
6.3. Results

The hybrid agent with SAM, presented in the previous section has been tested using a modified version
of the plant presented in Chapter 4 [48]. This case study is used to capture the uncertainty in the attention
matrix, and show the monitored transfer learning method that uses the bias matrix. This plant is used to
compare the performance of the agent built with SAMs and the agent built with RNNs from the RNN
approach [18]. Details of this instance are presented in Appendix C.2. That agent was tested in a) the
deterministic version of the plant and b) the plant subject to aleatoric uncertainty. As shown in Appendix
C.2.3, the results from that agent built with SAM exhibited a more stable training and a better understanding
of the plant dynamics, reflected in a considerable reduction in the number of constraint violations.
Moreover, the agent also showed minimal interference even when the system was subject to uncertainty,
thus demonstrating a better capacity to learn the dynamics of the system compared to the agent presented
in our previous work (RNN approach). More details about this comparison are presented in Appendix C.2.3.

The agents presented in this Chapter were trained for a total of 5,000 episodes on a CPU intel i9-
14900K, 3200 MHz, 24 cores, and 64 GB of RAM, taking on average 5.04 h per training. The DRL method
was developed in Python 3.11.3 and PyTorch version 2.1.0. The main libraries used to perform these

experiments include Numpy 1.21.6, Gym 0.26.2, and Pandas 0.24.2.

6.3.1 Case Study

The plant configuration of this case is presented in Fig. 42. The number of tasks and states remain the
same as in the original plant, but the path for producing products P1 and P2 (in states E and I, respectively)
has been modified. In contrast to the original plant, the two paths have no dependency on one another: P1
follows the path: Task 3 >Task 1 > Task 2, while P2 follows the path: Task 1 - Task 4 - Task 5.

Moreover, the feeds (States A, B, and C) in this case study are limited to a fixed amount. It is then expected
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that the agent will dedicate part of its attention to the available material to produce P1 and P2. The same
capacities from the original plant were used in this case (displayed in Table B2 in the Appendix). An
observation window O, from this plant was made with four consecutive time intervals (I' = 4). The

information collected at each time interval (i.e., E;) is presented in Table C3.
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Figure 42 Plant for Case Study.

Note that the configuration of the plant instance is different from the original plant, but the optimization
problem definition, the action space and the rewards remain the same as in the RNN approach.

The design of the next experiment aims to show how the attention of the agent drifts when the system
of rewards changes in non-stationary environments. This change can be due to external changes in the
process; for instance, changes in prices, priority, or demands of the products. The plant has two paths to
produce P1 (state E) and P2 (state I) and they use, at some point in the process, the intermediate product
from Task 1. Larger plants have more complex interconnections in which a change in rewards might result
in major changes in the behavior of the agent. Then, the use of the method from Section 6.2.7 for tracking

the changes in these environments becomes a useful tool for interpretable DRL.

6.3.1.1 Interpretation of the Bias Attention Matrix

To demonstrate the capacity of the bias matrix (B},) to track the changes in the policy, the rewards from

the environment are subject to several changes and one training k is performed on each scenario. The
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change consists in the progressive increase in the rewards to the tasks related to the production of P2.
Attention to specific nodes related to the production of P2 is recorded during 5 experiments. In the first
experiment (k = 1), both processes have an equal reward per unit of product. Then, the rewards for the
tasks related to P2 are increased progressively until the last experiment (k = 5) where a substantial reward
is given to these tasks in comparison to those related to P1. The aim is to record the shift in attention in
parallel to the increase of rewards to P2.

The tasks associated with the production of P1 are Tasks 1, 2, and 3, while the related states are B, C,
F, H, and E (see Fig. 42). On the other hand, P2 is related to Tasks 1, 4, and 5, and the states A, C, H, G,
and I. Five experiments, presented in Table 10, were designed with incremental rewards of 20% to the tasks
associated with P2 (except Task1). This increment was chosen as it allows to observe the gradual shift in
the attention from the agent, which proves the sensitivity of the interpretation performed with the SAM.
Each experiment corresponds to a specific training k. The first experiment sets the same amount of reward
to the two paths in the process, aiming a balanced production of P1 and P2. Table 10 shows the rewards
given to the tasks per unit produced for both parts of the process. For instance, if Task 1 is completed at its
full capacity (which is 100 units), then the reward will be 0.3 (i.e., 3e-3*100).

Table 10 List of rewards for the experiments (first 5 rows) and production from each training (last
2 rows). Tasks 4 and 5 are progressively incremented in intervals of 20%.

Experiment 1 | Experiment 2 | Experiment 3 | Experiment 4 | Experiment 5
k=1 k=2 k=3 k=4 k=5
Balanced +20% +40% +60% +80%
Task 1 3e-3 3e-3 3e-3 3e-3 3e-3
Task 2 0.03375 0.03375 0.03375 0.03375 0.03375
Task 3 0.10125 0.10125 0.10125 0.10125 0.10125
Task 4 0.03375 0.0405 0.04752 0.054 0.06075
Task 5 0.10125 0.1215 0.14175 0.162 0.18225
P1 309 263 236 138 0
P2 75 98 116 168 238

The reward values for Experiment 1 in Table 10 are based on the rewards from Case Study 1, which
were defined through experimentation. In this experiment, the values for Task 2 and 4 are the same; the

rewards for Tasks 3 and 5 are also the same but they are higher than Tasks 2 and 4. This is because Tasks
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3 and 5 are the consecutive tasks to 2 and 4, respectively; hence, the increment is added to motivate the
agent to continue with them and avoid getting stuck in the first tasks.

An agent was trained for each experiment presented in Table 10, the production of P1 and P2 is
presented in the last two rows; the increase in production of P2 validates the increase of rewards. Naturally,
this increment in production does not follow the 20% increment in the rewards. Moreover, in Experiment
1, the agent has a clear preference to produce P1 although the rewards were equal for the paths of both
products. This was expected as other factors are involved in production, like the total processing time, the
requirements in raw material, and the available raw material to produce each product, which is limited. In
the last column with the 80% increment, the agent finds it more rewarding to produce P2 over P1.

As mentioned before, the training of the agents was performed following the method presented in
Section 6.2.7. The agents were initialized with the policy from the previous experiment, i.e., k — 1 (except
for Experiment 1), i.e., Experiment 2 used the trained policy from Experiment 1; Experiment 3 was
initialized with the trained policy from Experiment 2, and so on. The B_, from the previous policy was
scaled down (by a factor of g = 0.7) to become more flexible during the training with the new system of
rewards. In this way, the transfer learning from one agent to the other was performed and the logic remained
from one agent to the next one. In Experiment 1 the policy was initialized from a random set of parameters.
For all the cases, the hybrid part of the agent (i.e., section Z in Fig. 41) was randomly initialized so this
section of the network would be developed by each agent.

Another set of experiments was run with the rewards from Table 10 but in this case all the agents were
initialized with random parameters, i.e., no transfer learning was performed. These experiments showed
that the agents would develop a similar set of results (i.e., with an increasing preference in P2) but with
different logic. In other words, each agent developed its attention heads focusing on different aspects of the
process. This situation was not convenient to track the evolution of the attention in the experiments and was
used to support the use of transfer learning. When applying the transfer learning, the logic is maintained

and the agents maintain focus on specific nodes, as it will be shown next.
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The matrix ¥, with the mean attention values of the three attention heads (obtained using Eg. 54) was
generated for each experiment in Table 10. Since it is intended to analyze the attention on the production
of P2, the evolution of the mean attention values over specific nodes related to this product were gathered.
Fig. 43 shows the information collected from the three heads of the agent. Specifically, the evolution of the
attention in Tasks 4 and Task 5 across the trainings presented in Table 10 (from k = 1 to k = 5). Since
Task 4 can take place either in Reactor 1 or Reactor 2, both nodes are included in the analysis. Each plot
shows four lines, corresponding to each of the time-intervals that are registered in the observation window
0..T1,T2, T3, and T4, being the latter the present time-interval (see Fig. 40). Each line in the plots shows
the mean attention values from the node for each of the experiments (reward increments are indicated as
percentages in the horizontal axis).

As the mean-attention values from Fig. 43a-f show, Heads 1 and 2 are strongly dedicated to Task 4 in
Reactor 1, which is the largest of the two reactors. Meanwhile, the attention values from Fig. 43i in Head 3
show that this head is more focused on Task 5. The growing tendency in the attention values from most of
the plots follows the increment in the rewards; this tendency is visible due to the use of the transfer of
“knowledge” from policy to policy. An exception to this behavior can be seen in Fig. 43h from Head 3,
where there was a drastic change in the attention of the elements. The other two plots from this Head (Fig.
43g and 43i) show a consistent increment in the attention provided to Tasks 4 in Reactor 1 and Task 5. The
same order of attention in the time-intervals is kept with the increment of rewards in most of the plots,
which shows a consistent evolution of the attention values. Exceptions as in Fig. 43b show a drift in the
attention towards specific time-intervals. Fig. 43d on the other hand, keeps the same order of attention in
the experiments of 40%, 60%, and 80%: T4, T3, T2, T1.

The reduction in the attention to a Task in a plot shows a drift in the attention from the agent to other
aspects of the process; for instance, Fig 43c shows a decrease in the attention that is translated to Task 4
(Fig. 43a and 43b). This is an interesting outcome considering that Task 5 is the task with the largest reward
in the process. This shows that the agent found that prioritizing Task 4 instead of Task 5 would provide a

larger production in the long term.
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Figure 43 Evolution of the attention values to specific nodes in each of the three heads. Each of the lines

in the plots show the attention to the node in one of the four time-intervals registered in the observation

window, where T1 is the time-interval at t-3, T2 represents t-2, T3 represents t-1, and T4 is the present
time-interval t.

The attention in the storage nodes is also visible through the bias matrix. Fig. 44 shows the attention of
States F, G, and H in Head 1. The attention dedicated to products related to P2 (State G) increased with an
increase in rewards, while state H, which holds the output from Task 1, received lower values. Although
State F, which is related to the production of P1, also reported a continuous increase, it remains below the
values of State G.
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[N
:1!.//27‘:\ ag i 80%

ncrement of Reward to P2 o ncrement of Reward to P2 ncrement of Reward to P2

Mean-Attention Value
Mean-Attention Value

Figure 44 Attention values for states F, G, and H from Head 1.
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The attention parameters from the bias matrices did not share a proportional relation with the change
of rewards in the system, which was an expected outcome from this experiment. The drift in the attention
does not necessarily need to be equal in magnitude to the change in rewards. This is probably due to the
stochastic nature of the training processes. Nevertheless, the attention and the change in rewards from the
environment can be related qualitatively, and the parameters from the bias matrix are useful to see where
the general attention is in the process. This information cannot be gathered from the resulting schedule or
from the rewards the agent achieves, hence the significance of the SAM in the interpretability of the agent’s

perception of the environment.

6.3.1.2 Attention Matrix for Case Under Uncertainty

In this section, the method presented in Section 6.2.5 is assessed. The attention matrix A, generated
at several time-intervals during the scheduling process are analyzed under the assumption that Task 3 is
subject to epistemic uncertainty. This type of uncertainty arises from a lack of knowledge about the system
and can be reduced by acquiring more information. The rewards from Experiment 3 (k = 3) presented in
Table 10 were used since it was observed in the previous section that the mean-attention values were high
for tasks related to both products. In other words, the overall attention observed in W5 with this set of
rewards was balanced between the tasks that produced P1 and those that produced P2.

Two agents were trained: the first agent is trained in an environment without uncertainty and the second
is trained with uncertainty. The agents are trained and the attention matrices at specific time-intervals are
collected from each agent and then compared with each other. Since the horizon is composed of 31 time-
intervals, this is the number of matrices trios (as there are three heads) that are generated in the scheduling
process. For the sake of brevity, only the attention matrices in the time-intervals when the agent chose Task
3 were gathered to be compared; for both cases this time was t = 2. The length for each head in Y, 3 is of
64 values because I' = 4 and ¢ = 16 (see Fig. 40); as mentioned before, not all of them are relevant for the
agent because the level of attention is considerable only for 5 to 10 nodes. For comparison purposes, and
for the sake of brevity, only the five largest values are gathered and compared.
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The uncertainty in the processing time from Task 3 is modelled with a Gaussian distribution where the
mean value is defined as a function of the amount of material available in State B, which is used for this
task. It is assumed that the consumption of material from State B generates wear and tear on the operating
units, which only affects the processing time of Task 3. The mean value from the distribution is described
in Eq. 56: a minimum value of = 3.3 is used as a baseline as this value allowed a well-distributed
probability; otherwise, the processing times tend to concentrate around a specific value. The initial amount
of material in State B is 200 units and B; is the current amount of material in the state. The Gaussian
distribution G (u., o) has a fixed standard deviation o = 1, and every sample is rounded to the nearest
integer value and clipped in between (3,5). Consider that for the case without uncertainty, the processing

time of Task 3 consists of 4 time-intervals.

ue =33+ (2%) (200 — B,) (56)

The training of each agent was performed with the same length of training and hyperparameters listed
on Table B1, being the addition of uncertainty into the environment the only difference. When the training
was completed, both agents were used to generate a complete schedule in their respective environments. In
both schedules, Task 3 at Reactor 1 is called by the agent to be executed in the environment in several time-
intervals. The attention matrices A, ; from one of those time-intervals were subtracted from the actor and
processed to observe the focal points from the agent when making such decisions. The matrix Y, was
calculated and the values from each head were disposed from highest to lowest; Table 11 shows the top
five nodes that received the most attention in each of the three heads. As shown in this Table, the agent did
not attend the node corresponding to this task, presumably due to the deterministic nature of the
environment. Instead, the attention was mainly oriented towards the states A and G at time T4. These states
are related to the Feed for Task 1 (A) and to the output state for Task 4. All are observed at time 4, which
refers to the present time-interval while Time 1 references the time-interval which is 4 steps into the past.

Table 11 Highest mean-attention values from the three heads from the agent in a deterministic environment.

Environment without uncertainty, Values from Y, 3
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Node Attn Node Attn Node Attn
A at Time 4 02731 | Gat T4 0202 | GatTime4 0.1167
Aat Time 1 0.0082 | Task4atReactor2 | 5 y/09 | Tack 1at Time1 | 0.0958
at Time 1l

BatTime4 0.0636 | Task 1 at Time 4 0.0493 | Cat Time 4 0.0649
Task3atReactor 2 |  yeos | Task 5at Time2 | 0.0388 | H at Time 4 0.0595
at Time 3

Task LatTime3 | 0.0507 | Task 5at Timel | 00372 | ask4atReactor2 |5,

at Time 4

The attention values in the first row show the largest mean-attention value from each Head, these values
decrease considerably after the first rows as can be seen in Heads 1 and 2. Considering that there are 59
remaining values (64 nodes in total), it can be confirmed that the attention from each head is focused on the
first nodes from the list.

The attention values from the agent trained in the environment with uncertainty showed a drift towards
the task with uncertain processing time when deciding to activate such action. Table 12 shows that the agent
prioritized Task 3 at Reactor 1 at times 1 and 2 in the observation window for Heads 1 and 2 (see highlighted
cells in Table 12). Meanwhile, Head 3 was focusing on Tasks 1 and 2, which are the following steps in the
path for producing P1 and they utilize the output product from Task 3. A similar pattern to that shown in
this Table was observed in the other time-intervals in which the agent chose to execute Task 3 at Reactor
1. This showed that the agent performs the same analysis in the environment when this action was executed.

Table 12 Highest mean-attention values from the three heads from the agent in environment with
uncertainty.

Environment with uncertainty, Values from Y, 3

Node Attn Node Attn Node Attn

Task 1 at Time 4 0.0509 | Gat Time 4 0.1595 | E at Time 4 0.0767

G at Time 3 0.0406 | 1Sk 3atReactorl | 1050 | 1o 5ot Time3 | 0.0756
at Time 3

Task 5 at Time 4 0.0399 | Eat Time 1 0.0867 | E at Time 4 0.0595

Tasl_< 3 at Reactor 1 0.0371 | G at Time 2 0.0578 Tasl§ 4 at Reactor 2 0.0489

at Time 3 at Time 3

| at Time 1 0.0371 | rask3atReactorl | g o0z | £ oo 0.0489
at Time 2
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Although there was a consistent behavior from the agent emanated from this method, a quantitative
way to correlate the uncertainty with the attention values obtained from the Heads cannot be clearly
identified. This is due to the way the agent develops this logic, namely through a training process that
includes stochastic decisions instead of physical or conservation principles. Nevertheless, a qualitative

description of the decision process could be derived with the methods presented.
6.4. Summary

The attention and the bias parameters were used to gain insights from the decision-making process from
the agent in the scheduling problem. The attention module showed to be more stable in the training process,
reducing the number of episodes needed to reach a plateau in the learning curve. The violation of constraints
was also reduced using this architecture although production was almost 30% less than that one reported
from the RNNs framework presented in the previous chapter. A method to follow the drift in the attention
when the system of rewards change is presented and evaluated, showing consistency in the reaction from
the agent to the increase of rewards. The bias parameters revealed that the agent based its decisions on
specific tasks that not necessarily provide the largest rewards. Also, the presented method allowed to
analyze the attention in nodes from the environment that are not related with the acquisition of rewards,
namely the storage tanks.

The attention matrix generated at each time-interval was evaluated for a case study under uncertainty.
Two agents were trained in the same environment with and without uncertainty and their attention was
compared in the Task with uncertainty in its processing times. In the case without uncertainty, the agent
focused on the amount of material in the states and in some tasks, but no attention was oriented to the state
of the Task that was subject to uncertainty. Presumably, because the agent had certainty about the
processing time of this task. In the case with uncertainty, it was observed that the agent’s attention was
incremented towards such a task; two of the three heads of the actor were attending at some level during

different time-intervals.
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The interpretability through the attention matrices is a source of valuable information with potential to
be used to track the evolution of the agent in environments with constant change of rewards. Their use for
scheduling problems under epistemic and aleatoric uncertainty provides a tool to observe the actor’s logics
when making a decision. Although in real life implementation, the use of an agent still needs to be
supervised by an expert, interpretability provides a way to confirm that the actions are considering key
factors in the process, like uncertainty, safety (e.g., constraint satisfaction) and security. Future work
includes the interpretation of the critic, which is in charge of the reward prediction in the long term. A
method for interpretation for this part of the agent is intended to complement the actor’s interpretability

capacities.
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Chapter 7 Conclusion and Future Work

In this thesis a set of methodologies aimed to train intelligent agents for approaching the scheduling
problem under uncertainty were presented. These methods were developed based on the gaps in the
literature that were outlined in Section 2. The experiments and results demonstrated the advantages that
these methods could bring to the chemical engineering field, and in particular to chemical process
scheduling. Also, multiple challenges were observed during the development and implementation of the
DRL methods, showing the early stage of this technology in academia and the industry. The insights gained
from this work are presented. This section presents, first, a discussion on the key features developed in this
work, second, the advantages and challenges for the development of these methods, and third, a set of

recommendations for future work.

7.1. Concluding Remarks

The methods developed in this thesis were centered on the translation of the scheduling problem into
the elements of DRL, i.e., environment, policy, action space, and reward function. A list of the key
contributions from the methodologies presented in this work to the field of scheduling under uncertainty is
presented below. The contributions provide alternatives for the implementation of DRL methods,
highlighting aspects where special attention is required.

° For the design of the environment, alternatives to handle invalid actions were presented. The use
of a masking technique and the development of heuristic methods in the implementation was demonstrated.
Also, different forms to train the agent on infeasible actions with penalties and cancellations were presented.
. Different alternatives for translating the information from the process to the agent through the state
representation of the environment with partial observability and uncertainty were shown. These methods
were applied to architectures with RNNs and Self-attention modules. For the latter, a method for translating

the environment into a graph representation was presented.
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. Methods for designing the system of rewards for the scheduling problem were proposed; dense
systems became preferred over sparse systems of rewards as they became more expressive of the objective
function and more adequate for the DRL algorithms used. Tunning this parameter represented a bottleneck
in the translation of the scheduling optimization problem.
o Adapting the action space to the requirements of the scheduling process through the use of hybrid
agents constituted another outcome of this thesis. While the usual approach observed in the literature
consists of framing the action space in a discrete set of actions. The methodologies presented in Chapters
4-6 on the use of hybrid agents demonstrated that the development of agents with multiple decisions can
be adequate for the scheduling optimization problem for chemical facilities.
. In hybrid decision spaces, independent exploration methods for each decision are required, this
need was identified while developing an integration method of continuous and discrete actions spaces. The
temperature annealing method and a multivariate normal distribution with a continuous decrease through
the training were proposed.
. A method to gather information from the agent using the attention module was proposed. This
includes the preprocess of the data for its interpretation at every time-interval of the process and in a general
perspective (through the bias matrix). The attention module provided an alternative way to RNNSs in the
approach of the scheduling process as a POMDP.

Among the advantages of the policies developed in the presented methods, the following aspects are
especially relevant for their application in scheduling problems under uncertainty:
. Fast response: Once it is trained, the policy can be used for online scheduling which provides
immediate responses. This feature represents an advantage over reactive scheduling methods that require
computing a new schedule to counteract the effects of the uncertainty realizations.
. Scalability: The methods presented in this work demonstrated the capacity to perform with
environments of different scales. The results from these experiments showed that the agents had similar

performance in terms of results and constraint violations. Moreover, some works reported satisfactory
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performance of policies that were tested on new environments which are similar to those from the original
training [84], [85], [86].

o Transfer Learning: Although the initial learning process of a policy is considerably long, the
training on similar scenarios can be reduced by using pre-trained policies as starting points. In other words,
in the case of an evolution of the environment in which a policy is no longer effective, a re-training of this
policy can be performed by using it as the initial policy in a new training process. The original parameters
are, at some level, a representation of the environment that can be recycled for new training which will be
shorter in the number of episodes.

° Process Integration: Integration of different tasks are common in the literature of process system
engineering as this is a relevant challenge in enterprise-wide optimization [43], [126], [127], [128], [129].
The capacity of DRL policies to input information without an apparent structure allows to build correlations
between sources of data that are not clearly related. DRL methods and ANNSs in general are an option for
getting insight from complex processes without the need of mathematical model. Decision-making process
for task integration can be approached through these learning processes.

Following is a list of the limitations that were major challenges for the methodologies that were
developed in this thesis. Although these are inherent challenges for DRL methods, they were specially
considered in their implementation for scheduling problems under uncertainty.

° Lengthy trainings: The development of effective policies for complex environments requires long
trainings to ensure the exploration of the greatest number of states. Architectures like RNNSs require a long
training as they are unstable, this issue can be dimmed when extending the training, allowing a slower
change in the exploration and updating hyperparameters.

. Hyperparameter tuning: Setting the hyperparameters for training a model is a problem-dependent
task in which the characteristics of the environment such as complexity and scale have to be considered.
Special attention is needed for the exploration techniques, the learning rate and the number of episodes per

training, which are key in the development of experience and for the learning of the agent. Methods that
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can be useful for these purposes include the Grid-search [130] method and Bayesian Optimization [12] for
hyperparameter tunning, which were out of the scope of this work.

o Suboptimal policy: There is a trade-off between accuracy of the agent and the training time; ideally
an infinite training would confirm that the environment is fully explored and that the policy is optimal. For
scheduling optimization problems, a comparison with an optimizer can be performed as in the work from
Chapter 4, but this required the problem to be modified as a deterministic problem, i.e., without uncertainty.
Moreover, constraint violations were common in the trained policies which derived in the need of heuristics
for correcting the decisions when it was necessary.

° Interpretability: Although an approach for gaining insight into the decisions of the agent was
developed using attention modules, the agent remains as an entity that is not fully clear on its decisions.
ANNSs are considered as “black box” models which represents a challenge in terms of interpretation and
could become a problem in the context of safety and security.

The challenges listed above are inherent of DRL methods and data-driven techniques in general.
Multiple techniques are used to alleviate the impact of these issues in the final model but since they are part
of the tools of these methods, they cannot be avoided completely. Nevertheless, the field of DRL is on an
early stage of implementation on scheduling problems and the area of opportunity is large as new methods
arise for developing new approaches. It is expected that DRL methods will continue to be adapted to the
decision-making processes in the industrial scenario. Challenges that might be faced for their adoption in
the industry include the availability of simulation environments from real world cases that can be used for
training. The incorporation of available knowledge and experts’ decisions into the policy before the training
will be key for reducing the training times. Moreover, an expert observer over the implementation of the
system is required to approve the decisions of the agent before execution. States of the environment that
were not considered in the training as well as potentially dangerous or unsafe situations might not be well
handled by the agent without a proper training. Thus, the interpretability and continuous observation of the

agent’s performance must be a relevant area of research in DRL for industrial applications.
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7.2. Future Work

Future work in this area should be oriented to enhance the capacities of the DRL methods to produce
better and more robust policies.
° The use of state-of-the-art exploration methods like intrinsic curiosity modules will be helpful for
extending the exploration methods and motivate the agent to search for other strategies [131]. Curiosity
modules come with the trade-off of more parameters to be trained but there have been promising in other
scheduling applications [132]. To the author’s knowledge, there is no research on this area for scheduling
in State Task Networks under uncertainty.
. Additionally, the efficient use of computational resources should be a priority for the scalability of
the presented methodologies. The use of multi-processing methods for scheduling problems should be
extended in the literature, as this will allow an efficient collection of data from the environment.
° Furthermore, the integration of data-driven methods with current optimization methodologies has
been growing in the literature as they pose an option to bring the best of both parts into the field of
optimization [45]. The use of surrogate models to make parameter estimations results in a promising
alternative for saving time in the optimization process. These estimations include the filtration of infeasible

regions or the use of predictors.
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Appendix A.

A.1. Collection of Sequential Information

A.l1.1. Observation Vector

An example on how an observation vector is filled along six time-intervals is described in this section.
A two-product (Prl and Pr2) plant with four stages, each one with one machine is used for this example.

1,2,0,1

Assume the initialization of jobs, i.e., job; and job,, where the processing times are X; = [1 011

], recall

that the first row correspond to job; and the second to job, which will be identified as 1 and 2 respectively
in the observation vector. Note that the zero values means that the job does not use that particular stage.
The idle state action is identified with a 0. The production value g; for job, is qj—; = 50 m3 and for job,
is qj=, = 35m>. A demand of 100 m® is assumed for product Pr1 and a demand of 70 m? is assumed for
Pr2. The value of ¢ = 4 and a horizon of T = 20 is considered. The observation at each time interval until
the end of the horizon is described as follows where product Prlis initialized at t = 15and t = 18, and Pr2
is initialized at t = 16 and t = 19. As shown in Table A.1, the information corresponding to the action,
is updated as the operation proceeds in the plant. For instance, the information related to action,s in O;—4s
is updated and relocated in the subsequent observations (i.e., O¢=16, O¢=17, and O;—,g). The idle state
action, represented with a 0, and the information related to it remains equal in the observations as time

progresses, for instance action;—14 iN O¢—15, O¢—16, aNd O¢—1.
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Table A. 1 Example of observations from t=15 to t=20

0.,-15 =1[0,0,0,0,action,, =0, 0:-16 =10,0,0,0, action,3 = 0,
0,0,0,0,action3 = 0, 0,0,0,0,actiony, = 0,
0,0,0,0,action;, =0, —1,1,0,0,action;s = 1,
1,0,0,0, action;s = 1, 1,0,0,0,action,¢ = 2,

Zpy1 = 100, zp,, = 70,t = 15] Zprq = 100, zp,, = 70,t = 16]

0:-,7 =1[0,0,0,0,action, = 0, 0.-15 =[—1,-1,0,1,action;5 = 1,
-1,2,0,0,action,s = 1, —1,0,—1,1,action, ¢ = 2,
-1,0,1,0, action,¢ = 2, 0,0,0,0,action;7 = 0,
0,0,0,0,action;; =0, 1,0,0,0,action g = 1,

Zpy1 = 100,2py, = 70,t = 17] Zpyy =100, 2py, = 70,t = 18]

O¢-19 = [-1,—-1,—-1,—-1,actionyg = 2, O¢-20=10,0,0,0,action;; =0,
0,0,0,0,action;; =0, -1,2,0,0,action;g = 0,
-1,1,0,0, action,g = 1, —1,0,1,0,action g = 2,
1,0,0,0,action g = 2, 0,0,0,0,action,, =0,

Zpy = 50, Zpry = 35, = 19] Zpy = 50, Zpry = 35,t = 20]

A.1.2. Input Sequence for the RNN

Assume that I' = 3 and that three consecutive inputs for the RNN (input;_,g, input;—,9, and
input,_,,) are meant to be defined with the observations described in Table A.1. Thus, the sequences of
observations for each input are:

input,—1g = [0¢=16,0¢=17, O¢=18]
input,_19 = [0¢=17,0¢=1g, 0¢=19] (A1)
input;_zo = [0¢=18, O¢=19, 0¢=20]

The agent considers the information generated in the previous time units; hence, the recurrence of the
network is observable. Note that although the agent is partially using the same information, the input;

sequence is introduced into the RNN as a concatenated vector. Thus, this input, vector is continuously

changing at each time unit.
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A.2. Equations and Tables

Table A. 2 Hyperparameters for RL methodology

Hyperparameter Value
Memory of the buffer 200
Learning Rate a 5e-5
Gamma y 0.7
Epsilon value ¢ 0.8to0
Window of parameters c¢ 30
Sequence length T 4
Hidden layer size 1 20
Activation function tanh(X)
Time-intervals per episode T 150
Target network update Every 10 episodes

Table A. 3 Paths for case study 2

Jobs Processing route K; Output
Product | ~ I ; ; ; ()

in (i il 20 qj
: 1 1 1 1 1 1 1 1 1 1

Prl Joby | piq = D3y = Piz = Pia = Pis = Pae = P27 = Pig = Pio = Piio 70
; 2 2 2 2 2 2 2 2 2 2

Prl Joby | pii = Dp3; = Pis = Pia = Pis = Die = P37 = Pig = Pio = Piio 50
i 3 3 3 3 3 3 3 3 3 3

Pr2 jobs P21 > P12 2> P13 2> P14 > Pis 2 Pie 2 P17 P28 P29 ™ DP210 80
; 4 4 4 4 4 4 4 4 4 4

Pr2 job, P11 2 P22 2 P13 2> P14 2> P15 2 P26 P27 2 P18 2 P19 > P1,10 60
i 5 5 5 5 5 5 5 5 5 5

Pr3 jobs P21 2 P12 2> P13 2> P14 2 P1s 2 Pis 2 P17 2 P28 P29 2 P210 80
; 6 6 6 6 6 6 6 6 6 6

Pr3 jobe P11 > P12 2 P23 2 P24 2 P25 2 P26 2> P17 2 P18 2 P29 2 P110 50
; 7 7 7 7 7 7 7 7 7 7

Pr4 job, P11 2> P12 2 P23 2> P24 2 P25 2 D26 > P17 > P18 > P29 > Pi,10 70

Pr4 job 8 5 p8 5 p8. 5 p8 5 8. 5 p8. 5 p8. 5 p8. 5 p8. - p8 50

8 | P21 2 P12 P13 P24 P25 2 P1e 2 P27 2 P1s > P29 2 P210
Pr5 job 9. S5, 5. 52, 5.5, 52 52, 5, > pd 70
9 | P21 P12 2 P13 P24 P25 2 P1e 2 P27 P18 ~ P29 2 P210

: 10 10 10 10 10 10 10 10 10 10

Pr5 joby P11 2 P22 2 P23 2 P24 2 P15 2 P16 2 P17 2 P28 P19 ~ P1,10 60
: 11 11 11 11 11 11 11 11 11 11

Pr6 jobyq P21 2 P22 2 P23 2 P1a 2 P2s 2 P26 P17 P18 = P29 > P2,10 80
: 12 12 12 12 12 12 12 12 12 12

Pr7 Jjobs; P11 2 P12 2 P23 2> P14 2> Pis 2 Pie 2> P27 P28 P19 ~ P210 70
; 13 13 13 13 13 13 13 13 13 13

Pr8 jobys P21 2 P22 2> P13 2> P14 2 P2s 2 P26 2 P27 P28 P19 ~ Piio 80
: 14 14 14 14 14 14 14 14 14 14

Pr9 jobyy P11 2 P12 2 P13 2 P1a 2 P15 > Pie > P27 P28 2 P19 ™ P2,10 70
i 15 15 15 15 15 15 15 15 15 15

Pr10 jobs D21 2 P22 2 P23 2 P24 2 P2s P2 P17 P18 2 P19 — Pi10 80

The following equation shows the possible realizations for X, with the values of four specific jobs: 1,
6, 9, and 14 in stages 8, 2, 5, and 3 respectively, changed at each possible realization. Recall that the jobs
correspond to the rows and the stages to the columns in the matrix. The elements are displayed in the font
color red so the reader can localize them straightforwardly.
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Figure A 1 Cumulative reward during 10,000 episodes of training
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In this section, a case study for a flow-shop under uncertainty is solved using the framework presented

in this work. The plant has 20 stages with one machine at each stage, the number of products is 10 and the
The set of processing times is shown in Eq. A.4 and the sets D;¢q, 0f demands is that one presented in Eq.
A.5. The selection process of the uncertain parameters remains the same and the hyperparameters are also
the same as used in the previous cases (see Table A.2). The training was set for 10,000 episodes but

number of jobs available to produce them is 15. The initial demand is 50 m3 for each of the ten products.

A.3. Flow-Shop Case Study



convergence was achieved after 2,750 episodes. The system of warehouses to store the excess product

remains the same as in case study 2, i.e., ten warehouses with a maximum capacity of 100 m?3 each.

3,1,1,2,2,1,2,1,2,1,1,2,1,2,2,1,3,1,3,17

21,12,2111,21,1,11,2,1,1,3,1,2,1
1,3,3,1,2,1,2,1,3,1,1,1,2,1,1,3,1,1,1,2
1,2,211,1,2,1,3,1,1,1,2,1,1,2,1,1,1,2
2,1,31,1,11,21,2,1,1,2,1,3,1,1,3,2,1
2131,1,11,21,2,1,1,2,1,2,1,1,3,1,1
1,3,2,1,2,1,1,3,1,1,3,1,1,1,2,1,1,3,1,1
1,2,21,2,1,1,3,1,1,2,1,1,1,1,1,1,3,1,1
21,13111,1,21,3,1,2,1,1,1,3,1,2,1
21,121111,21,21,2,1,1,1,2,1,1,1
1,3,1,21,1,2,1,1,2,1,1,2,1,2,1,1,3,1,2
1,1,211,1,21,2,1,2,1,1,2,1,2,3,1,1,2
1,2,1,2,2,1,21,1,1,1,1,1,2,1,3,2,1,3,1
1,1,2,1,1,1,2,1,2,1,2,1,1,1,1,2,1,2,1,2

11,1,1,2,1,2,1,2,1,3,1,2,2,1,3,1,2,1,2,11

r3,1,1,2,2,1,2,1,2,1,1,2,1,2,4,1,3,1,3,17

21,122111,21,1,1,1,2,1,1,3,1,2,1
1,3,3,1,2,1,2,1,3,1,1,1,2,1,1,3,1,1,1,2
1,2,211,1,2,1,3,1,1,1,2,1,1,2,1,1,1,2
2,1,31,1,11,21,2,1,1,2,1,3,1,1,3,2,1
2141111,21,2,1,1,2,1,2,1,1,3,1,1
1,3,2,1,2,1,1,3,1,1,3,1,1,1,2,1,1,3,1,1
1,2,21,2,1,1,3,1,1,2,1,1,1,1,1,1,3,1,1
21,13111141,3,1,2,1,1,1,3,1,2,1
21,1,21111,21,21,2,1,1,1,2,1,1,1
1,3,1,21,1,2,1,1,2,1,1,2,1,2,1,1,3,1,2
1,1,2,1,1,1,2,1,2,1,2,1,1,2,1,2,3,1,1,2
1,2,1,2,2,1,2,1,1,1,1,1,1,2,1,3,2,1,3,1
1,1,2,1,41,2,1,2,1,2,1,1,1,1,2,1,2,1,2

11,1,1,2,1,2,1,2,1,3,1,2,2,1,3,1,2,1,2,11

3,1,1,2,2,1,2,1,2,1,1,2,1,2,3,1,3,1,3,17
2,112,211,1,21,1,11,2,1,1,3,1,2,1
1,3,3,1,2,1,2,1,3,1,1,1,2,1,1,3,1,1,1,2
1,2,21,1,12,1,3,1,1,1,2,1,1,2,1,1,1,2
2,1,31,111,2,1,2,1,1,2,1,3,1,1,3,2,1
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1,3,1,2,1,1,2,1,1,2,1,1,2,1,2,1,1,3,1,2
1,1,2,1,1,1,21,2,1,2,1,1,2,1,2,3,1,1,2
1,21,2,2,1,2,1,1,1,1,1,1,2,1,3,2,1,3,1
1,1,2,1,2,1,21,2,1,2,1,1,1,1,2,1,2,1,2

11,1,1,2,1,2,1,2,1,3,1,2,2,1,3,1,2,1,2,11

3,1,1,2,2,1,2,1,2,1,1,2,1,2,1,1,3,1,3,17
2112211121,1,1,1,2,1,1,3,1,2,1
1,3,3,1,2,1,2,1,3,1,1,1,2,1,1,3,1,1,1,2
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1,3,2,1,2,1,1,3,1,1,3,1,1,1,2,1,1,3,1,1
1,2,2,1,2,1,1,3,1,1,2,1,1,1,1,1,1,3,1,1
21,13111,1,11,3,1,2,1,1,1,3,1,2,1
21,1,2,1,11121,21,2,1,1,1,2,1,1,1
1,31,2,1,1,2,1,1,2,1,1,2,1,2,1,1,3,1,2
1,1,2,1,1,1,21,2,1,2,1,1,2,1,2,3,1,1,2
1,2,1,2,2,1,21,1,1,1,1,1,2,1,3,2,1,3,1
1,1,2,1,3,1,21,2,1,2,1,1,1,1,2,1,2,1,2

1,1,1,2,1,2,1,2,1,3,1,2,2,1,3,1,2,1,2,11

[60,50,60,70,50,50,60,60,50,60],

D3o = Dgo = Dgg =

]
[50,50,60,60,60,60,50,70,70,50],
[70,60,60,50,70,70,60,50,50,50],

[50,70,70,50,60,60,60,50,60,70]

(A4)

(A.5)

The description of the 15 jobs is shown in Table A.4, since there is only one machine at each stage in

the process, the column with the processing routes was shortened for the sake of brevity as all the stages in
the job use machine 1. The amount of product (g;) produced from each job is the same as in the case study
2. The main difference in the jobs is the extension in the number of machines and stages in the plant.
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Table A. 4: Paths for case study of flow-shop.

Product | JobsinJ Processing route K; Output (q;)
Prl joby P%,1 - P%,z - P%,3 = P%,19 - P%,zo 70
Prl job, Pf,1 - sz - Pf3 = Pf19 - szo 50
Pr2 jobs P13,1 - P13,2 - P13,3 o P13,19 - Pizo 80
Pr2 joby Pf,1 - Pf,z - Pf,3 -2 Pf,19 - Pf,zo 60
Pr3 jobs p15,1 - Pf,z - Pf,3 2 Pf,19 - pizo 80
Pr3 jobs p16,1 - Pf,z - Pf,3 > P16,19 - p16,20 50
Pr4 job; Pii = DPi2 = Pis = = Plio = Plao 70
Pr4 jobg P§,1 - sz - Pf,3 = Pf,w - P?,zo 50
Pr5 jobg Pf,1 - p?,z - p?,3 = Pi),19 - p?,zo 70
Prs Jobio | pi - pi% > pis — 2 Pile = Pido 60
Pr6 joby; Pii— Pis 2 Pis > 2 Piio = Piso 80
P17 joby, pii — pi3 = pi% > = Pids 2 Piko 70
Pr8 Jjobiz | pii - pi3 > pi3 2 pile 2 Pilo 80
Pr9 jobys pii = it = Pis = = = Pite = Piso 70
Prl0 jobys pii = pid = pi3 = - = Pile = Pido 80

The training showed that the agent managed to fulfill the demands of the process by introducing
products considering the uncertainty in the processing times. Nevertheless, it was found that in 88.07% of
the tests, there were violations of the allocation constraint. From an evaluation of the final policy 7* with
different instances of the process, it was found that on average the agent produced 2 decisions per episode
that produced, on average 4 allocation violations. This number of decisions represents almost 1.33% of the
total number of decisions taken by the agent during the horizon. Fig. A.2 shows the reduction of violations
to the allocation constraint from the beginning of the training until episode 3,000. As shown in this figure,
the RL strategy was able to reduce the number of violations but after 2,750 episodes the number remained
consistent. As in Fig. 18 and Fig. 21, the training shows that the agent has already converged into a policy

that might not change significantly with additional training.
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Figure A 2 Average reduction of allocation constraint violation during multiple trainings.

A schedule built with the final policy is presented in Fig. A.3 where the agent managed to complete the
demand without any constraint violation. This instance was extracted from a test for evaluating the policy
where the agent did not commit any violation during the process. For this instance, the vectors for updating
the demand were d,_5, = [60,50,60,70,50,50,60,60,50,60], d;s, = [50,50,60,60,60,60,50,70,70,50],
and d;—¢o = [50,50,60,60,60,60,50,70,70,50]. There was a surplus of production equivalent to 15% of

the total demand, which was the average overproduction found when the policy was evaluated.

Time Intervals

Figure A 3 Flow-shop schedule under uncertainty.

The results are consistent with the behavior of the agents that were developed for cases 1 and 2 in the
instances that were subject to uncertainty. From these results, it can be concluded that the agent developed
a policy that learned the processing times from each job and considered the uncertainty in certain machines
for the decision-making process. The training of 10,000 episodes of the agent took 18,157 seconds and
convergence was achieved after 5,447.1 seconds. After the agent was fully trained, the time it took to

provide an action for a given input, was of 1.086e-3 seconds on average.

A.4. MDP Approach for Solving Case 1 with Uncertainty

The DQN algorithm is similar to the DRQN in the methods to collect data, on the use of a target

network, and in the updates for the neural network. As a comparison to the POMDP method shown to solve
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the case studies, an MDP is set to solve the problem presented in Section 3.3.2 which consists of the jobs-
shop with four products. The problem is the same and the changes are done in the method which now is a
DQN. The construction of the agent consists of an FNN with two hidden layers of 100 nodes each; the
network uses Tanh(x) as an activation function. A new configuration of the state that was similar to the O,

was defined to provide information to the agent. The state vector is described in Eqg. A.6.

0, =[01,1,02,033 ..., 051,
01,j-1,02,j-1,03,j-1 ) Os,j—1, (A6)
01']', 02']', 03,]' . Os,j'
71,22, ) Zj, t]
The input integrates some of the elements that correspond to the original input vector from the DRQN

method which include the demand left for each product (z;) and the time t. The element o, ; (which differs
from the element o, ;) provides the time that a machine has been in use from the stage s in the job j. The
number of rows is equal to the total number of jobs, each one corresponding to the machine usage from a
particular job. For instance, if job 1 is initialized, the machine at stage 1, i.e., o1 ; will be set to 1, and after
2 more time-intervals in use, this value will change to 3. When the machine has finished and the process
for the job continues in another machine from another stage, the value for stage 1 changesto -1. If job 1 is
not in process, then the first row is filled with zeros.

The output of the agent remains the same as in the DRQN, i.e., the Q-values for the available actions.
The reward and the masking technique also remain the same for the DQN method, only the state and the
architecture are the primary changes (apart from the DRL algorithm). Also, the first four hyperparameters
for training presented in Table A.2 were applied equally to the learning process. The activation function
hyperbolic tangent was applied in all the layers except the output layer.

The same number of episodes were used for the training of this agent. Fig. A.4 shows the average number
of allocation constraint violations over multiple trainings. In the figure, it is evident that the agent reduces

the number of constraint violations which demonstrates continuous learning of the process. Nevertheless, it
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fails to reduce the number to values lower than 20 which compared to the DRQN represents an increase of

more than four times the number of violations per episode.
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Figure A 4 Average violation of allocation constraints at each episode over multiple trainings.

The DQN method showed a worse performance than the DRQN because the information provided in
the state is not enough for the agent to perceive the conditions of the plant. The information missing in the
state that is present in the observation of the DRQN is not added because of the temporal limitations of the

MDP, i.e., it does not allow more than the present information on the process.

A.5. MDP Approach for Solving Case 1 with a Reduced State

In this section an evaluation of the proposed framework for case study 1 under uncertainty is presented.
For this assessment, a part of the information in some of the observations in the observation window are
deleted. With this experiment it was aimed to prove the capacity of our method for evaluating the
environment when the observations are deficient or inaccurate. Although there was a reduction in the
maximum reward, results showed that the agent developed skills for reducing the demand while avoiding
violations of constraints. All the hyperparameters reported in Table A.2 were set in this experiment. The

training was done with 3,500 episodes.

The reduction of observations consisted in substituting 60% of the information of the observation with
a zero value; this was applied only on observation vectors (o ) collected in even time intervals (i.e., 2, 4, 6,
...). The substituted values correspond to the information given for a specific action registered in the
observation (see description in section 3.2). In other words, the registered information related to the

occupation of the machines for a particular job initialized in the past is converted to zero in the observation.
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The jobs which are reduced are selected randomly. Note that since the observations registered in odd time
intervals are not altered with this mechanism, the agent will still have access to the evolution in time of these

actions.

Fig. A.5 shows the average number of constraint violations done in an episode. It was found that the
agent was still capable of reducing the number of overlapping machines in the system to less than 10 during
the horizon. In the case of the demands, it was found that the trained agent would not meet between 0 and
10% of the total demand in the processes where it was tested. This means that for all scenarios, production

will cover at least 90% of the demands made to the agent.
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Figure A 5 Average violation of allocation constraints at each episode over multiple trainings.

Although the method showed a lower performance for this experiment, it should be pointed out that the
agent was still capable of extracting information from the observation window. With this experiment the
capacity of the proposed method to maintain adaptability was demonstrated despite the reduction of
information. For real case scenarios, this interruption of information can be related to inaccuracies in the data

or problems in communication between the planner and the systems.
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Appendix B.

B.1. Specifications of Case Study 1

Table B 1 Hyperparameters

Hyperparameter Value
Learning Rate Annealing le-4->1e-6
Temperature Annealing 1-20.1
Variance Annealing le-2->1e-5
Entropy Annealing le-2>1e-3
Gamma 0.99
Updates per epoch 51010
Episodes per epoch 10
Episodes per training 6e3 to 10e3
Number of Nodes in hidden layers 250
Hidden State size (LSTMs) 25
Lambda (GAE) 0.98
Parameter clipping 0.2
Minibatches for updates 5

Table B 2 Relations between tasks, units, and processing times.

Task Type Available units Processing time-intervals
Task 1 Heating Unit 1: Heater, cap.: 100 units 2 intervals
. Unit 2: Reactor 1, cap.: 80 units .
Task 2 Reaction 1 Unit 3: Reactor 2, cap.: 50 units 4 intervals
. Unit 2: Reactor 1, cap.: 80 units .
Task 3 Reaction 2 Unit 3: Reactor 2, cap.: 50 units 4 intervals
. Unit 2: Reactor 1, cap.: 80 units .
M Reaction 3 Unit 3: Reactor 2, cap.: 50 units 2 intervals
Task 5 Separation Unit 4: Distillation column, cap.: 200 units 2 intervals
Table B 3 Relations between tasks and states.
Task Input states Output states
Task 1 Feed State A, 100% State D, 100%
Task 2 State D, 40% State E, 40%
State F, 60% State H, 60%
Feed State B, 50% 0
Task 3 Feed State C. 50% State F, 100%
State C, 20% 0
Task 4 State H. 80% State G, 100%
State I, 90%
0 1
Task 5 State G, 100% State H. 10%
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Average Reward
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Table B 4 Notation for problem statement P2.

I Set of tasks which can be performed by unit j.

D; Completion time for task i.
V[j”i" Minimum capacity of unit j when used for performing task i.
Vi Maximum capacity of unit j when used for performing task i.

St Amount of material stored in state s, at the beginning of t.

C, Maximum storage capacity dedicated to state s.

T Set of tasks receiving material from state s.

T, Set of tasks producing material in state s.

Dis Proportion of input of task i from state s € S;.

Dis Proportion of output of task i to state s € S;.

K; Set of units capable of performing task i.

Table B 5 Values for 7, for each task.

Task Weight
Task 1 50
Task 2 125
Task 3 100
Task 4 300
Task 5 1600

Learning Curve

2000 4000 6000 8000
Episode

Figure B 1 Learning curve of the deterministic problem
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B.2. Specifications of Case Study 2
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Figure B 2 Learning curve for case with Gaussian noise in the observations.
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There are 6 units available that are shared by some tasks as in the previous example, Table B6 describes

these relations and provides the processing times by each task. The fourth column from this table describes

the auxiliary service required by each task; a total of three types of auxiliary services are available, namely

Cold Water (CW), Low-Pressure Service (LPS), and High-Pressure Service (HPS). The mass flow from

the required service is dependent on the capacity determined by continuous action. Each service has a

maximum capacity that must not be overpassed by the decisions of the agent, these limits are: CW =

25 kg/min-kg, LPS = 40 kg/min - kg, and HPS = 20 kg/min - kg.

Table B 6 Relations between units and tasks in Case Study 2.

Task Available gr_wits and Processing time-intervals Service required (per
capacities kg of batch)
Task 1 Unit 1: cap.: 5 units 2 intervals 2 kg/min LPS
Task 2 Unit 2: cap.: 8 units 1 interval 2 kg/min CW
Task 3 Unit 3: cap.: 6 units 1interval 3 kg/min LPS
Task 4 Unit 1: cap.: 5 units 2 intervals 2 kg/min HPS
Task 5 Unit 4: cap.: 8 units 2 intervals 4 kg/min LPS
Task 6 Unit 4: cap.: 8 units 2 intervals 3 kg/min HPS
Task 7 Unit 5: cap.: 3 units 4 intervals 4 kg/min CW
Task 8 Unit 6: cap.: 4 units 2 intervals 3 kg/min LPS
Task 9 Unit 5: cap.: 3 units 2 intervals 3 kg/min CW
Task 10 Unit 6: cap.: 4 units 3 intervals 3 kg/min CW
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Table B 7 Weights of rewards for case study 2.

Task Weight
Task 1 10
Task 2 80
Task 3 80
Task 4 40
Task 5 80
Task 6 80
Task 7 50
Task 8 60
Task 9 60
Task 10 70
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Appendix C.

C.1. Example for defining an attention matrix

To show a simple representation of the attention matrix A, ;, assume a batch plant with two tasks which
correspond to a batch reactor and a filter. The plant considers three states: one that feeds the reactor and
another two which store the product and the waste from the filtering process, respectively. Fig. C1 shows
the STN representation of such a plant model. Assume I' = 2, i.e., two consecutive matrices E; are sent to
the agent at every time-interval. A node is assigned for each state (i.e., A, P1, and Waste) and task (i.e.,
Reaction and Filtering) in the network, then there are five nodes in the plant model; nevertheless, the
observation window O, includes the nodes from the two time-intervals considered, then the total number
of nodes in the O;is ten (i.e., '¢ = 2 X 5 = 10). Each node has n features that are used to describe the state
of that node. For this simple case, three features are defined: 1) the amount of material in the node, 2) the
time it has passed without change, and 3) the concentration of impurities in the product. A time code

composed of two values is added into the features of the observation window.

o N o)
H-c

Reaction Filtering

Figure C 1 STN representation of reaction-filtering process

The expected A, and By, for this instance will have a dimension of 10 x 10. Fig. C2 provides a
representation of A, , for an agent with one head. The rows show the nodes at the two time-intervals when

the information is registered, in this case time t and time ¢t — 1. Then, for each node there is a connection
with the other nodes and itself which is reflected in the columns. The columns are also grouped in time-

intervals. Each value a, .+ ; ; represents the relevance of the interaction between the node i at a time-interval

t with the node j at a time-interval ¢'. The values a, . ; ; in each row from Fig. C2 add up to one due to the
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SoftMax activation function. Reading the matrix is an easy task, for instance, to see the level of attention
that is paid by the Filter at time ¢ to the State P1 at time t — 1, one would have to see the value of a; ;_; 3 4.

Note that the attention that the nodes pay to themselves at different times happens when i = j.

Time t-1 Time t
Feed | Reacto | Filter P1 (4) Waste | Feed | Reactor | Filter | P1 | Waste
() r) (©)] ©) Q) @ @ | & | G
Feed at-1, | a t-1, at-1, A t-1, | A t-1, at—1, at-1, ac—1, | ac-1, at-1,
Q) t=1,11| t-1,12 | t-1,13| ¢-1,14| t-115 11 2 1,3 t,1,4 15
Reactor | g ;1 | a -1, | @ ¢-1, | a t-1, | @ e=1, | ac-1, ac-1, at-1, | at-1, | ac-1,
- (2 t—1,2,1| t-1,2,2 t—-1,23| t-1,24| t-1,25 t,2,1 t,2,2 t,2,3 t,2,4 t,2,5
= Filter
@ at-1, | A t-1, at-1, | at-1, | A t-1, | Ac-1, ac-1, at—1, | At-1, | At-1,
£ 3) t-131| t-132 | t-133| t-134| t-135| t31 t,3,2 t,3,3 t3,4 t3,5
'_
Pl at-1, | A4 t-1, at-1, | at-1, | @ t-1, | Ac-1, ac-1, at—1, | At-1, | At-1,
4 t=141| =142 | t-143| t-144| t-145| t41 t4.2 4.3 t4,4 4,5
Waste | g, |a¢1, |@e1, [@e1, |@e1, | a1, | a-1, | ae-1, | ae-1, | ae-1,
(5) t=151| t-152 | t-153| t-154| t-155| t51 t52 t53 | t54 t55
Feed |a  |a ¢ |a ¢ |a ¢ |a ¢ |ag a, ae |ae | ag
Q) =111 =112 | t-1,13| t-1,14| t-115] 11 £,1,2 1,3 t,1,4 153
Reactor | ¢ , |a o a t |a ¢ |a at, at, at, at, at,
(2 t=121| =122 | t-123| t-124| t-125| 21 282 t2,3 t,2,4 G2
-
g Filter |q , |a . a ¢ |a ¢ |a |az a at |at, a
iz 3) t-1,31| t-132 | t-133| t-134| t-135| t31 t,3,2 t3,3 t3,4 t3,5
P1 a a a a a a a a t, a at,
4 t=141| =142 | t-143| t-144| t-145| 41 t,4,2 4,3 t44 t4,5
Waste a a ¢ a a a a ¢, a ¢, a t, a at,
(5) t-151| ¢-152 | t-153]| t-154| t-155| 51 £,5,2 £5,3 54 £5,5

Figure C 2 Structure of the attention matrix

The bias matrix By, has the same dimension as A, ,with the difference in the values of the former which
are fixed during the training k. That is, the values from A, change at every time-interval because it is

dependent on the input values; however, B, works as an amplifier/attenuator of the attention values, and it
affects in the same way all the attention matrices that are generated. Then, this matrix is forced to learn
during the training the most relevant and irrelevant nodes in the environment such that it does not alter

relevant information of the attention values.

C.2. Deterministic Case and Under Aleatoric Uncertainty

In this section the case instance from the literature is used to train a DRL agent that can build online
schedules. The instance is solved in two scenarios: a) as a deterministic problem and b) as a scheduling

problem subject to aleatoric uncertainty. First, the elements from the RL implementation are defined
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following the methodology presented in Section 6.2, then the performance of the agent is compared for
scenarios a) and b). The objective function of the scheduling problem aims to maximize the final products

at States E and | at the end of the horizon H, see Eq. 37.

C.2.1. Environment

The plant instance is the same as that one presented on Fig. 27 with 5 tasks and 8 states. To make a
comparison with the results from the RNN approach [18], most of the parameters from that problem were
maintained in this case. The objective function remains as production maximization, and the action space
is defined as the activation of the tasks and the capacity at which the unit is loaded. Two agents are trained
in this environment: the first agent is trained in a deterministic version of the environment while the second
is trained in an environment that is subject to aleatoric uncertainty which causes partial observability to the
agent. The agent needs to build a policy that can generate a schedule in an online fashion given the
conditions of the environment. The results from both implementations are benchmarked with the results

from the RNN approach to compare the performance of the RNNs against the SAM.

C.2.2. Graph Representation

The environment is translated into nodes; the tasks are expanded into specific task-unit elements in the
environment. The states that include intermediate storage, feeds, and products are also identified as nodes.
The observation window for this case assumes a value of I' = 4, then the values from all the nodes from
previous three time-intervals and the current time-interval are reported to create the observation window
0., which concatenates the following observation matrices: =;_3,E;_,,Z;_1, E;. Table C1 presents the
complete list of nodes from the environment at one time-interval. Recall that a set of time-intervals is sent
to the agent in the observation window, not presented for the sake of brevity.

Table C 1Matrix representation of the nodes and features.

Ul | U2 | U3 | U4 Ref Cap Cap time
Task 1 10 | O 0 0 Ref 0-1 0-1
Task 2 at Unit 1 0 [10] O 0 Ref 0-1 0-1
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Task 3 at Unit 1 0 1/0 0 0 Ref 0-1 0-1
Task 4 at Unit 1 0 1/0 0 0 Ref 0-1 0-1
Task 2 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 3 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 4 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 5 0 0 0 1/0 Ref 0-1 0-1
State D 0 0 0 0 Ref 0-1 0
State E 0 0 0 0 Ref 0-1 0
State F 0 0 0 0 Ref 0-1 0
State G 0 0 0 0 Ref 0-1 0
State H 0 0 0 0 Ref 0-1 0
State | 0 0 0 0 Ref 0-1 0

The features are listed as columns and the values that they could take are shown on the table. The first
four columns (U1, U2, U3, and U4) refer to the four units used to process the task: Unit 1, Unit 2, Unit 3,
and Unit 4. Tasks 1 and 5 are processed in Units 1 and 4, respectively, while Tasks 2, 3, and 4 can be
processed either in Unit 2 or Unit 3. Since the states do not occupy the units, their value is set to zero at all
times. The fifth feature (Ref Cap) is a reference value that also remains fixed (Ref) and aims to indicate the
capacity of the task or state. This value is bound between 0 and 1 and is obtained by dividing the capacity
of a node by the capacity of the largest unit (maximum capacity in the environment). In this way the matrix
includes reference values from the capacities of the nodes. The column denoted as “Cap” describes the
current capacity of the task or state. The value is represented as a fraction, i.e., this value is between 0 and
1, indicating the current amount of material that is in the task or state. The column “time” indicates the time
that a task has been activated, the time is expressed as a fraction and is calculated by dividing the number
of time-intervals that a task has been in progress by the total processing-time of such task. In this way, this
column also reports fractional values as the previous one. The values of this column that correspond to the

states are set to zero.

C.2.3. Results and Comparison

The learning curve from the training process of the deterministic agent is presented in Fig. C3, which

is the average of three training courses of the same agent. The training for the current agent was done over
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5000 episodes, while the RNNs were highly unstable in the training, the presented agent showed an
improvement in stability during the training. The RNN approach required between 8,000 and 10,000
episodes of training to guarantee smooth training [18]. Shorter training for the RNNs derived in abrupt
changes for the agent’s hyperparameters (recall the annealing methods incorporated for exploration and
learning rate) which destabilize the training. The current method showed to be more stable even in trainings
as short as 2,000 episodes but in these cases, there was not enough exploration to achieve convergence in

the learning curve.
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Figure C 3 Average learning curve of the agent in deterministic case

In comparison with the agent from the RNN approach, it was observed that although the two systems
of rewards were equivalent, production was different for both agents. The production of the schedule from
the RNN agent was 168 units of product P1 and 284 units of P2, while the agent from this experiment
produced 159 units of P1 and 163 units of P2. This production represents 71% of the total production
achieved by the RNN agent. On the other hand, no constraint violations were observed with the current
agent whereas the RNN agent violated a constraint in 16.54% of all the decisions it made. Then, the agent
with attention performed better at understanding which action-state might end in a penalty in the
environment, which is a desirable feature to be considered in an online scheduling policy.

The agent was also tested in a case with aleatoric uncertainty affecting the communication channel
between the agent and the environment. In even time-intervals (t = 2,4, 6, ...) the environment will send
an observation in which the column-feature that shows the current amount of material at every node (see
Table C1, Cap column) is modified. The modification consists of the aleatoric selection of 50% of the
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elements in that column and setting their values to 0. Then the agent receives partial observations from the
environment in a recurrent fashion, forcing the agent to focus on using the available information in the
observation window. Fig. C4 shows the average of three training courses from the agent in the environment
under partial observability. As shown in this figure, there are significant oscillations during the training;
also, the variance is larger compared to Fig. C3. This variability in the training is due to the aleatoric
uncertainty introduced in the observations, which was completely random for the agent. Increasing the time
for exploration in the environment (i.e., increasing the number of episodes) allowed the agent to handle the
partial observability in the input. Nevertheless, the agent managed to converges into a stable solution at the
end of the training. Shorter training proved to be inefficient for learning, resulting in policy collapse or high
instability in the resulting learning curves. In other words, the variance could not be handled resulting in a

divergence of learning.
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Figure C 4 Average learning curve for the agent with partial observation
The production of P1 and P2 for this case remained almost the same as in the deterministic case (i.e.,
without partial observation of the environment). Production of P1 was of 160 units and production of P2
was of 166 units, showing no apparent impacts from the partial observability. In the RNN approach, the
RNNSs presented a decrease in rewards of 19.35% from the deterministic experiment. To further validate
the present DRL framework, an evaluation of 1,000 environments with different realizations of the partial
observability was performed, for this case an average of 3 constraint violations per iteration was observed.

Specifically, the allocation constraint was violated in Task 1. Out of the 62 decisions made by the agent at
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every episode, this number of violations represent 4.84% of all the decisions made, which is a lower value

compared to that from the RNN agent in the same conditions (15.19%).

C.3. Specification of Case Studies

Table C 2 Weights of the reward shaping method used in Case Study 1

Task Weight
Task 1 0.5
Task 2 2.0
Task 3 1.0
Task 4 4.8
Task 5 16.0

Table C 3 Matrix representation of the nodes and features for Case Study 2 with the addition of feed
states A, B, and C

Ul | U2 | U3 | U4 Ref Cap Cap time
Task 1 1/0 0 0 0 Ref 0-1 0-1
Task 2 at Unit 1 0 1/0 0 0 Ref 0-1 0-1
Task 3 at Unit 1 0 1/0 0 0 Ref 0-1 0-1
Task 4 at Unit 1 0 1/0 0 0 Ref 0-1 0-1
Task 2 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 3 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 4 at Unit 2 0 0 1/0 0 Ref 0-1 0-1
Task 5 0 0 0 1/0 Ref 0-1 0-1
State D 0 0 0 0 Ref 0-1 0
State E 0 0 0 0 Ref 0-1 0
State F 0 0 0 0 Ref 0-1 0
State G 0 0 0 0 Ref 0-1 0
State H 0 0 0 0 Ref 0-1 0
State | 0 0 0 0 Ref 0-1 0
State A 0 0 0 0 Ref 0-1 0
State B 0 0 0 0 Ref 0-1 0
State C 0 0 0 0 Ref 0-1 0
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