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ABSTRACT

Batch production scheduling of resources to meet fluctuating product demand is a critical topic in
the process industry. Existing optimisation approaches, based on heuristic and exact methods,
trade off solution optimality and scalability to large problems. In this work, we investigate deep
reinforcement learning as a powerful alternative in order to learn heuristics for batch scheduling.
We formulate the batch scheduling problem as a Markov decision process operating on a state-
task network representation encoded using graph neural networks, capturing relevant structural
inductive biases. We propose a centralised training with decentralised execution architecture, in
which agents placed on machines individually choose which tasks to complete using a global view
of the network, cooperating towards task schedules that optimise the final production quantity.
Preliminary results demonstrate that the proposed end-to-end framework learns to construct task
schedules comparable to the optimal solution on small instances unseen during training, exhibiting
strong potential for extension to more general graph structures and better scalability.

Keywords: Batch Process Scheduling, Reinforcement Learning, Markov Decision Process, Deep-Q Networks,

Graph Neural Networks

INTRODUCTION

Batch scheduling is a critical functionality in the sup-
ply chain of process industries that deals with the alloca-
tion of limited resources over time in order to meet mar-
ket demand for products that follow a batch recipe (Har-
junkoski et al., 2010). As demand for diverse products
continues to rise in the chemical industries, developing
adaptive batch process operations constitutes a funda-
mental problem in these sectors (Yoo et al., 2021). Par-
ticularly, the scheduling of batch processes is a critical
factor in process operations and plays a vital role in opti-
mising production system performance (Wu and Mara-
velias, 2021).

While batch scheduling problems can be effectively
tackled by existing exact and heuristic methods, learn-
ing-based Al methods, and in particular Reinforcement
Learning (RL), provide a powerful alternative. RL is capa-
ble of solving complex, large-scale problems in dynamic
environments and discovering complex scheduling poli-
cies beyond human intuition (Dogru et al., 2024; Johnn
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and Charitopoulos, 2025). RL algorithms such as Deep Q-
Networks (DQN) and Proximal Policy Optimization (PPO)
can be used to train an agent to learn the optimal deci-
sion-making policy through trial-and-error interactions
with an environment that provides feedback. Given that
a natural framing of batch scheduling is through State-
Task Networks (STNs), neural architectures explicitly de-
signed to operate on graphs are highly suitable. The com-
bination of Graph Neural Network (GNN) architectures
and RL algorithms can yield a powerful approach capable
of solving complex graph optimisation problems that lack
satisfactory traditional algorithms (Darvariu et al., 2024).

RL has demonstrated strong adaptability and sub-
stantial potential for improving industrial-level applica-
tions (del Real Torres et al., 2022). The integration of RL
into process scheduling has recently garnered emerging
attention in the literature. Hameed et al. (2023) devel-
oped a PPO framework with a GNN-based scheduler for
production planning problems to minimise the production
makespan. Zhang et al. (2023) introduced a DQN frame-
work with multi-agent graphs for a job-shop scheduling
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Figure 1. The classic STN model (left) can be converted into the directed graph structure (right) with nodes
characterised by different features. Tasks TA1 and TA3, converted into nodes 2 and 4, are assigned to machine
1. Tasks TA2, TA4, TAS5, converted to nodes 8, 10, 12 are controlled by machine 2. During the scheduling proces,
the initial resources stored at node 1 and 7 are converted into intermediate nodes (3, 6, 9, 11) via different
production processes, and eventually converted into final products as nodes 5 and 13.

Task node
Resource Node

process, where the job and machine-associated agents
collaboratively work on job allocation, sequencing and
routing. More recently, Rangel-Martinez and Ricardez-
Sandoval (2025) proposed a PPO framework for multi-
product batch scheduling processes, in which a hybrid
agent handles multiple discrete and continuous decisions
to build online schedules for STNs under uncertainty.

In this work, we propose an end-to-end DQN frame-
work with a GNN encoder to address the batch process
scheduling problem. We adopt the STN formalism by rep-
resenting each production task as a node and each ma-
terial flow as a link. The key differentiating characteristic
of our work is the use of a multi-agent decomposition to
manage the extensive decision space that arises when
the problem is considered from a global perspective, en-
hancing scalability and computational tractability. Our
approach obtains solutions close to optimality on prob-
lem instances unseen during training, significantly out-
performs a single-agent baseline using joint actions, and
offers strong potential for scalability and generalisability.

PROBLEM FORMULATION

Batch Process Scheduling Problem

STN graphs are a common way to visualise and
model the batch scheduling problem (Méndez et al, .
2006). In this work, we reformulate classic STNs as di-
rected graph structures, as shown in Figure 1. We pre-
serve the graph topology and transform all task and re-
source components into indexed nodes distinguished by
their node features (categories).

In this problem setting, we are given a set of ma-
chines that collaboratively schedule tasks to produce fi-
nal products within a fixed time horizon. Each machine
can be assigned more than one task over the time hori-
zon. However, machines can process at most one task at
any given time, which transforms the input resource(s)
into output resource(s). When a task node is activated at
a specific non-final time step, we assume it consumes
Johnn et al. / LAPSE:2026.0465
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exactly one unit of material from each precedent re-
source node at the start of this step, and produces ex-
actly one unit of intermediate (or final) resource to each
sequential resource node at the end of step. We assume
only one type of material is stored at each resource node,
and only one type of action is performed at a task node.
A task node is available to process when all required input
resource nodes have sufficient inventory levels and the
time horizon has not yet been reached. Each task takes
exactly one fixed time step to finish. Multiple machines
collaboratively schedule task execution, with each ma-
chine processing at most one task at any given time to
achieve maximum final production output.

Mixed-Integer Linear Programming Model

We adapt the STN formulation introduced by Kondili
et al. (1993) and present a mixed-integer linear program-
ming (MILP) model for the basic batch scheduling prob-
lem compatible with the directed graph representation
given in Figure 1.

Let T denote the discrete set of time steps
{0,1,2, ..., T,,0x}- K is the set of tasks and L is the set of re-
source nodes, which can be partitioned into initial (L;,;),
intermediate (L;.,), and final product nodes (L¢;,q). The
set of machines is denoted M, where each machine m €
M has a predefined set of tasks K, C K to execute. The
binary variable x, , takes the value 1 if task k is being ex-
ecuted at the start of time step ¢. The continuous variable
Ji; > 0 represents the inventory level of resource I € L at
the start of time t. The objective is to maximise the total
production of final products at the end of the time hori-
zon. The MILP formulation is presented below:

max ZlELfinal ]lvaax (1 )
ZkeK Xy <1,VmeMNVteT (2)
Vi = Vie+ 2y g PeiXie = 2 ko, ChiXie s VI € L(3)

Vio =110, Vk € Ly (4)
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VieZ Yy CkiXies VL€ L\Lfingl (5)

Viin < Vie < Vg VIELNVtE T (6)

Constraint (2) restricts each machine to choose no
more than one task per step. Constraint (3) ensures flow
conservation between task and resource nodes, enforc-
ing and updating the inventory balance. Each resource
node [ is updated based on its precedent input task
nodes producing resources and the subsequent output
task nodes that consume it. Constraint (4) specifies the
case in which all initial resource nodes start with fixed in-
ventory levels prior to any task execution. Constraints (5)
and (6) ensure that any task can only be selected if the
required input resources are available and that storage
limits are respected.

RL METHODOLOGY

Multi-agent Markov Decision Process

RL is a methodology in which an agent iteratively im-
proves a decision-making policy through trial-and-error
interactions with a dynamic environment (Sutton and
Barto, 2018). The agent's objective is to map states to
actions such as to maximise expected long-term re-
wards. Markov Decision Processes (MDP) provide the
underlying model of the sequential decision-making task
and can be solved using a variety of RL techniques.

An MDP is defined as a tuple (S,A,P,R), where a
state s, € S represents a complete environment snapshot
at a specific time step. At each non-terminal state s,, the
agent chooses an action a, € A from the set of available
actions A(s,) and receives an immediate reward r, speci-
fied by a reward function R(s;, a;) for the selected state-
action pair at step t. The subsequent state s,,, is gov-
erned by a transition function P that captures movement
from one state to another given an action.

An agent interacts with the environment through ep-
isodes, each of which represents a sequential chain of
states, actions, and rewards over time. Reward feedback
from the environment is incorporated iteratively to refine
strategic decisions and train the agent to learn an optimal
policy 7(a,|s,) that maximises cumulative future rewards.
The state-action value function Q(s;, a,) captures the ex-
pected reward associated with a given state-action pair
under the optimal policy 7. This quantity is also referred
to as Q-value.

Multi-agent RL (MARL) extends classic RL by mod-
elling how multiple agents interact within a shared envi-
ronment and learn strategies to maximise their expected
returns. In this setting, each agent’s selected actions and
the associated expected rewards can be influenced by
the actions of all agents. The dynamic of the shared
global state evolves by the joint actions of all agents fol-
lowing a Markovian transition function. Through this

Johnn et al. / LAPSE:2026.0465

Syst Control Trans 5:2099-2106 (2026)

process, agents are trained to optimise individual or col-
lective rewards, depending on the decision-making con-
text being competitive, collaborative, or hybrid. Con-
cretely, we consider a fully collaborative framing of batch
scheduling, which is appropriate as all machines are un-
der the control of a single organisation.

Deep Q-Learning and Graph Neural Networks

Q-learning is a class of RL algorithms that estimate
the state-action value function (Q) using samples of
agent experience. Estimates are iteratively refined using
the update rule below, where the discount factor y medi-
ates the trade-off between immediate and future re-
wards:

Q"(s,a) <« Q(s,a) +a(r+ y e Jmax Q(s',a') — Q(s, @)

(7)

Upon convergence, a greedy policy with respect to
the learned Q-function is optimal.

Deep Q-learning (DQN) is a model-free RL approach
that uses deep neural networks for scaling to large state
and action spaces (Mnih et al. 2015). It incorporates a re-
play buffer and periodically updated target network. The
state-action Q-value Q(s,a) is estimated by the main net-
work, while the maximum Q-value Q(s’,a’) at the subse-
quent step is estimated by the target network. The target
network parameters are periodically copied from the
main network.

Graph Neural Networks (GNNs) are a learning rep-
resentation designed to operate on graph-structured
data (Velickovic, et al 2017). A GNN computes an embed-
ding that captures node and edge features as well as un-
derlying structural regularities. It aggregates information
from neighbouring nodes through multiple message-
passing layers to derive a higher-dimensional represen-
tation for the graph that exhibits desirable properties
such as permutation invariance. GNNs can learn repre-
sentations that achieve strong extrapolation capabilities
to feature values and topologies unseen in the training
set.

End-to-end DQN Framework

Our formulation of the batch scheduling problem
operates on a directed graph G = (V,E) with N,, nodes
and N, edges, where V = K UL. In each state, every ma-
chine m € M is responsible for a disjoint subset of task
nodes K,,. The edges E connect resource nodes to task
nodes, representing direct resource supply and produc-
tion relationships.

We propose a multi-agent MDP framework as an al-
ternative to using a single agent to control all machine
nodes simultaneously in order to reduce the dimension-
ality of the problem. Instead, agents are placed at each
machine and asked to individually act in a loop. The full
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production schedule is established by the agents taking
turns to select tasks given those chosen by the previous
agents in the loop. This inner loop is executed once per
time step t until the final time step T,,,, is reached.

We obtain a fully observable, finite-horizon, turn-
based Markov game (Littman, 1994) with shared re-
wards. Therefore, we formulate the problem as the tuple
(S,AD,P,R) containing an agent-indexed set of valid ac-
tions. The components are defined as follows:

» States: each state at time step ¢t of an MDP
episode is denoted s\’ =
(G, Xx,"%, X, X, 8P ], 7,), with i corresponding
to index of the agent whose turn it is to act.
X,0de, x,edee x 8lobal gra node, edge, and global
graph features respectively. Some features are
updated as the episode progresses while others
remain constant (see Table 2 for details). J,
denotes the set of inventory levels for each
resource node at step ¢, and 7, denotes whether an
agent is the final decision-maker in the agent loop
(i.e., if i = |M]).

= Actions: at time step ¢, agent i selects a task a(‘)
from the action space A?(s.”) containing all
production tasks available to it, along with an
additional no-op action that allows the
corresponding machine to stay idle for this step.
Action masks are applied that prevent an agent
from selecting tasks outside its allocated set K,
and to dynamically filter out infeasible actions due
to insufficient input resources.

= Transitions: once an agent has chosen an action

(‘) that is not no-op, the selected task node is
actlvated. The resource inputs from preceding
resource nodes are converted into output
resources stored at the sequential resource nodes,
yielding J;,;. The node, edge, and global features
are also updated accordingly. If no-op is chosen,
the machine status is set to “idle” for step t. Two
types of transitions occur depending on the value
of 7,. If 7, = 0, meaning that this is not the last
agent to act at global time step ¢, the turn passes
to the next agent. If 7, = 1, the global time step
advances to ¢ + 1, and the turn transfers to the first
agent. The terminal state sy, __is reached and the
episode completes when either all time steps are
exhausted or the remaining time is insufficient for
the minimum batch to process. The terminal state
captures the complete production schedule.

= Rewards: at the terminal state, the environment
generates a reward based on the production
schedule R(s;, a,) = F(sr,, ). As specified in (1), this
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corresponds to the total number of final products
at the final time step. All intermediate rewards are
0.

Figure 1 provides a visualisation of a sample process
schedule involving 2 machine agents, 5 task nodes, and
7 resource nodes. We treat each machine as an individual
agent that controls the execution of task k at each time
step t, representing the same decision as the binary var-
iables xy, in the MILP formulation.

A visualisation of the end-to-end framework is pre-
sented in Figure 2. To begin with, the state is represented
as a graph and encoded by the GNN. The resulting fea-
ture vectors are passed to multilayer perceptrons (MLPs)
representing the agents’ Q-networks. These networks
are iteratively updated based on the observed rewards
to maximise the total amount of final products produced
at the end of the time horizon.

For this work, we apply a centralised training, de-
centralised execution (CTDE) architecture (Amato,
2024). As mentioned, this is appropriate because all ma-
chine agents collaborate on the same graph topology to
determine the schedule for a single problem instance.
Given each agent will correspond to a different node rep-
resentation based on the assigned task nodes and global
state, parameterising each agent’s policy separately is
unnecessary. Instead of training N MLPs based on the
same graph to yield N different agent policies 7z;cy, We
therefore only train one global MLP that estimates the Q-
values for the allowed actions. This is achieved by a mask
layer after the MLP that is applied such that Q-values are
only generated for the allocated task nodes, whereas the
infeasible actions are filtered out by the mask. The CTDE
framework is advantageous as only a single deep neural
network is trained, yielding good computational effi-
ciency and training stability, while still allowing for placing
the neural network on every machine in an operational
deployment setting.

Q-values for
task T1
Q -values for
f task T2

Qvaluesfur
taskTS
==
task T4
taskTS
no-op
Figure 2. Visualisation of our end-to-end training
framework with the CTDE architecture. All agents use the
same global information and share the GNN encoder and
MLP layers. A mask layer filters out disallowed tasks that
are not allocated to this agent. In this example,

corresponding to Figure 1, agent 1is acting and therefore
tasks T2, T4, and T5 are masked out.

Node, edge, | GAT | gigte | MLP
global
p—. |:‘> Represent >

graph ation
features embedding
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Table 2: Node, edge and global features used as input for the graph representation of our end-to-end framework.

Name Type Re- Static

scaled over
training

agent_pinpoint node F F

decision_status node F F

node_type node F T

agent_alloca- node T T

tion

task_node_sta- node F F

tus

product_rate node F T

consume_rate node F T

inventory_level node T F

fi- node T T

nal_sales_price

job_start_time node T F

job_end_time node T F

current_time global F

remaining_time global T F

cur- global T F

rent_agent_id

remain- global T F

ing_agent

task_size global T T

resource_size global T T

physical_edges edge F T

Feature description

Indicator of the active agent at this node. Uses one-hot
encoding: type 1 - agent is currently acting; type 2 - not
acting; type 3 - resource node.

Indicates the decision status of the agent associated with
this node. Uses one-hot encoding: type 1 - currently de-
ciding; type 2 - task nodes already decided; type 3 - task
nodes not yet decided; type 4 - resource nodes.

Node category. Uses one-hot encoding: type 1 - task
node, type 2 -

resource node.

Index of the machine agent ID assigned to a task node (1,
2, ...); 0 for resource nodes.

Task occupancy status. Uses one-hot encoding: type 1 -
task occupied, type 2 - task idle, type 3 - resource nodes.
Production rate associated with the node.

Consumption rate associated with the node.

Normalised inventory level for resource nodes; -1 for task
nodes.

Unit profit for each final resource node, O otherwise.

Job starting time for task node at this step; -1 for re-
source nodes.

Job completion time for task node at step; -1 for resource
nodes.

Tracks the current state's time step for an episode.

Tracks the remaining time in this episode: (Tax — Tewrrent) ! Tmasx-
Tracks the current agent id in one-hot encoding within the
agent loop.

Tracks the agent decision status sequence to count how
many more agents should act within the agent loop.
Tracks the number of task nodes for this instance.

Tracks the number of resource nodes for this instance.
Stores node linkage showing consumption (resource to
task) or production (task to resource).

To highlight the benefits of the proposed multi-
agent decomposition, a single-agent baseline is also con-
sidered in which a DQN agent handles the scheduling of
all production tasks. Instead of applying the proposed
decomposition, the baseline uses a centralised architec-
ture with a single agent selecting from a combinatorial
joint action space as opposed to iterating M times over
individual agents. Consequently, the replay buffer rec-
ords the global state s, only, together with the joint action
tuple (af”, ai”,...,a{"™) generated by the single DQN
agent. For the MLP output layer, rather than assign out-
puts to individual tasks (layer size |K| + 1), the baseline
model uses an output layer over every task combination
of size I],_,,(JA?]+1). In the illustrative example in
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Figure 1, this corresponds to an MLP output dimension of
6 for the multi-agent decomposition framework, and
3 x4 =12 for the single-agent baseline. A comparative
performance analysis is presented in the next section.

CASE STUDY

Experiment Setting

We evaluate the proposed end-to-end framework
on a range of process scheduling problems modelled as
STN graphs, thereby demonstrating its effectiveness
across varying problem parameters.

We adapt the batch scheduling problem instance
given in Figure 1, with a fixed time horizon consisting of
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10 steps for each episode. The graph topology remains
fixed while the initial inventory level at each intermediate
resource node is uniformly randomly generated from the
interval [0, 5]. The initial resource nodes are unlimited and
the final product quantities are set to zero.

Three distinct sets of training, validation and evalu-
ation instances are generated. The training set is used to
update the policy parameters during learning. The valida-
tion set is periodically used to quantify the performance
of the policy specified by the learned parameters at a
particular learning step. Finally, the evaluation set is used
for reporting the quality of the best-performing learned
model. The training, validation, and evaluation sets con-
tain distinct problem instances.

As a GNN, we opt for the graph attention network
(GAT) architecture (Velickovic et al., 2017). Parameters
are updated by stochastic gradient descent using the Q-
learning loss and the Adam optimiser. Hyperparameter
values obtained as a result of hyperparameter tuning and
other settings are specified in Table 1 below. The detailed
list of GNN input features is given in Table 2.

We train our end-to-end DQN framework using an
epsilon-greedy policy to ensure both exploration and ex-
ploitation. At evaluation time, a greedy policy is adopted,
which always selects the action with the highest esti-
mated Q-value.

We consider the following baselines. To derive an
upper bound on performance, we use the MILP formula-
tionin (1)-(6) to find the optimal solution for each problem
configuration. The MILP model is implemented in Pyomo
and solved with the Gurobi optimizer. As a lower bound,
we use a uniform random policy that allows a machine to
select any task with equal chance. This uses the same
time horizon and also benefits from the action masking to
filter out disallowed tasks. Lastly, we compare against
the centralised single-agent method described in the
previous section. This agent uses identical hyperparam-
eters to the proposed method.

Table 1: end-to-end framework hyperparameter values.

Hyperparameter Value
Learning rate 0.0005
Discount factor y 1.0
Initial exploration epsilon 1.0
Final exploration epsilon 0.1
GAT attention heads 4
GAT number of layers 5
GAT hidden dimension 64
MLP 1st hidden layer dimension 256
MLP layer number 2
Sample batch size 4

Replay buffer size 20% of training
Validation frequency (episodes) 25
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Experiment Results

We train the policy for 50, 000 episodes. Perfor-
mance on the validation set containing 16 instances is
checked every 25 episodes and the best-performing
model is stored. Figure 3 shows the performance on the
validation set during training. The best-performing policy
is stored and evaluated on the separate evaluation set
containing 64 instances.

We conduct a Monte Carlo simulation for the trained
end-to-end DQN framework and compare the results
with the three baseline methods. The lines shown in Fig-
ure 4 represent the average value accumulated over the
evaluation instances. Notably, the single-agent baseline
yields fewer production outputs and therefore less profit
given the same number of training steps. Due to the
sharp increase in action space size, we expect this effect
to be even more pronounced on larger problem in-
stances.

Validation Value

1.2

Validation Reward

—— Raw value

0.0 --=-- Running average

0 2000 4000 6000 8000
Val Step

Figure 3. Validation performance during training based
on the average reward computed from 32 predefined

problem instances.
Monte Carlo Running Average

Il
™

Policy
—— MILP
~—— DQN
= Random
= Baseline DQN

Reward Value
o
~

o
o

“W

0 10 20 30 40 50 60
Evaluation Seed

Figure 4. Average reward obtained on the evaluation set
by the 3 considered methods. Averaged from 10 rounds.

From the box plot in Figure 5, we observe that our
method constructs optimal solutions in 60.9% of cases
and schedules with at most one task missing in 98.4% of
cases. The random policy constructs solutions that, on
average, only meet half of the production quantity com-
pared to the optimal solution. Our framework leads to

2104



solutions whose quality is clearly an improvement over
the random baseline.

Relative Performance Difference Distribution

80%

[«2]
=}
=x

40%

20%
0% i

MILP vs DQN

Relative Difference

MILP vs Random
Policy
Figure 5. Evaluation performance comparing the MILP
against the trained policy and a uniform random policy.

The Gantt charts in Figures 6 to 8 showcase the
batch schedules constructed by the three methods using
the problem instance on which the MILP scheduling
method obtains the median performance among all prob-
lem instances.

Gantt Chart
] Tasks
R Product 0
3 Product 2
M2 | 8 8 8 12 8 8 8 12 B Product 4
3 Product 8
" I Product 10
CIEJ 3 Product 12
=
o
O
=
M1 2 2 2

0 1 2 3 4 5 6 7 8 9 10
Time
Figure 6. MILP scheduling plan on the median problem
instance as a Gantt chart. Optimal solution.
Gantt Chart

Tasks
R Product 0
3 Product 2
I Product 4
3 Product 8
B Product 10
3 Product 12

M2 | 8 | 12| 8 8 8 8 8

Machine

M1 2 2

o 1 2 3 4 5 6 7 8 9 10
Time

Figure 7. Scheduling plan output by our method on the
median problem instance.
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Gantt Chart

Tasks
W Product 0
[0 Product 2
R Product4
@ Product 8
W Product 10
0 Product 12

Machine

M1 2 2

0o 1 2 3 4 5 6 7 8 9 10
Time

Figure 8. Scheduling plan output by uniform random
action choices on the median problem instance.

CONCLUSION

In this work, we addressed the batch process
scheduling problem using a deep reinforcement learning
method. We formulated it as a Markov decision process
and proposed an end-to-end DQN framework under-
pinned by a GNN encoder, in which multiple agents col-
laboratively control manufacturing machines to process
tasks and construct work sequences to maximise final
production quantity. Preliminary results on small-scale in-
stances with up to 13 nodes demonstrate strong perfor-
mance, with the trained agents achieving high-quality so-
lutions in 98.4% of the evaluation scenarios and reaching
optimality in 60.9% of scenarios.

In future research, we aim to leverage the generali-
sation ability of GNNs to train and evaluate our model on
graph topologies with different sizes and characteristics.
Our goal is to demonstrate the scalability of our frame-
work to problem instances that are too large to be solved
optimally using a MILP formulation but are amenable to a
learning-based approach that can produce outputs
quickly.
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