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Abstract

Process maps serve as the backbone for modeling and optimizing workflows
across manufacturing, logistics, and other business domains, revealing crucial
task dependencies, resource constraints, and potential bottlenecks. However,
their intrinsic complexity, dynamic evolution, and noisy data sources challenge
traditional process mining and sequence-based modeling approaches.

In this paper, we present a Graph Neural Network (GNN ) framework that in-
tegrates norm-based feature representations, attention-driven message passing,
and real-time adaptation mechanisms to address these challenges. We detail the
theoretical underpinnings—where tasks, dependencies, and resource allocations
are captured as nodes and edges in a directed graph—and complement them
with empirical evidence from 200 real business processes collected from 50
ERP users as well as synthetic large-scale workflows. In these experiments, our
GNN demonstrated up to 97.4% accuracy and a Matthews Correlation Co-
efficient of 0.96 in next-activity prediction, surpassing both classical baselines
(Random Forest, XGBoost) and an LSTMmodel. Additionally, we incorporated
cycle-time analysis and bottleneck detection, finding high-delay transitions that
signaled actionable improvements.

By uniting graph theory, neural network techniques, and process mining
objectives, our framework offers a robust foundation for large-scale, dynamic
workflows. The results suggest that this GNN-based approach provides deeper
insights into task concurrency, resource-driven constraints, and workflow anoma-
lies—ultimately paving the way for more resilient and efficient process manage-
ment.
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1 Introduction

1.1 Challenges in Process Map Management

Process maps are widely used tools for modeling and optimizing workflows,
offering organizations valuable insights into task dependencies, bottlenecks, and
resource allocation strategies. From manufacturing to logistics, these tools play
a pivotal role in improving operational efficiency and decision-making. However,
effectively managing process maps remains a significant challenge, particularly
in large-scale, dynamic, and data-deficient environments.

One critical challenge is the inherent complexity of process maps, which can
involve thousands of interdependent tasks and intricate relationships. Analyz-
ing such complex workflows often becomes computationally prohibitive, par-
ticularly when relying on traditional methods that struggle to scale effectively
[20]. Additionally, process maps frequently suffer from data quality issues, in-
cluding missing or inconsistent information, which complicate reliable analysis
and optimization [6].

Dynamic changes in workflows further exacerbate these challenges. In many
industries, processes evolve continuously due to fluctuating resource availability,
changes in priorities, or unforeseen disruptions. Traditional approaches often fail
to adapt to these changes in real time, resulting in outdated process models that
do not reflect the current state of operations [3]. Moreover, as workflows scale,
the computational and memory requirements for analyzing dependencies and
optimizing processes grow exponentially, creating significant scalability bottle-
necks [15].

These challenges underscore the need for innovative approaches that can
address the complexity, dynamic nature, and scalability requirements of modern
workflows while also accounting for data quality issues.

1.2 Motivation for Neural Network and Graph Theory In-
tegration

Graph Neural Networks (GNNs) have emerged as a powerful tool for analyzing
graph-structured data and offer a promising solution for managing process maps.
By leveraging graph theory, GNNs enable workflows to be modeled as directed
graphs, where nodes represent tasks and edges capture dependencies. This
graph-based representation allows GNNs to learn high-dimensional embeddings
that encode complex relationships and dependencies within workflows [20].

The integration of neural network techniques with graph theory offers sev-
eral key advantages. First, GNNs facilitate representation learning, enabling
the extraction of meaningful features from process maps to support optimiza-
tion tasks [20]. Second, techniques such as mini-batching and sampling enhance
the scalability of GNNs, making them suitable for large-scale workflows [15].
Third, GNNs are inherently dynamic, capable of adapting to real-time changes
in workflows through iterative message passing and attention mechanisms [8].
Finally, the interpretability of GNNs, achieved through mechanisms like atten-
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tion, allows stakeholders to identify critical tasks and dependencies, thereby
improving decision-making and process optimization.

This paper presents a comprehensive study on the application of GNNs to
process maps, focusing on their potential for process optimization and other
aspects of process intelligence. The proposed framework integrates advanced
neural network architectures with graph theory to provide scalable, dynamic,
and interpretable solutions for workflow optimization. By addressing challenges
such as complexity, scalability, and adaptability, this study lays the groundwork
for leveraging GNNs to revolutionize process map management.

1.2.1 Originality and Practical Relevance

The research presented in this paper offers a significant contribution to the
domain of process optimization by uniquely bridging graph neural networks
(GNNs) with process mining. Although process maps have been studied exten-
sively through classical workflow analysis and sequence modeling, such methods
often struggle with:

1. Complex, Graph-Structured Dependencies: Conventional process-
mining techniques or purely sequential models (like LSTMs) may handle
linear flows but fail to capture the full range of concurrency and branched
dependencies found in real business processes.

2. Dynamic Adaptation Constraints: Traditional approaches typically
do not integrate real-time or large-scale changes into their models, result-
ing in outdated or suboptimal workflows if conditions shift (e.g., resource
constraints, newly introduced tasks).

3. Scalability and Noisy Data: High-dimensional feature spaces with
missing or inconsistent event logs pose scalability bottlenecks for many
legacy solutions, limiting their practical applicability in enterprise ERP
settings.

Our framework addresses these longstanding hurdles with several novel ele-
ments:

• Graph-Centric View of Process Maps: By casting tasks as nodes and
dependencies as weighted, directed edges, we extend process mining to a
GNN paradigm. This seamlessly captures both local and global relation-
ships, enabling deeper analysis of bottlenecks, concurrency, and critical
paths.

• Norm-Based Representations and Attention Mechanisms: We
employ norm-based feature embeddings to stabilize learning under noisy or
partial event logs, and use attention-based message passing to emphasize
crucial dependencies (e.g., tasks with high resource contention or strong
influence on overall cycle time).
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• Comprehensive Empirical Validation: Our experiments on real-world
ERP processes—involving 200 processes from 50 users—and on synthetic
large-scale workflows (up to 50K tasks) confirm that our GNN outperforms
both classical (Random Forest, XGBoost) and sequential (LSTM) meth-
ods in next-activity prediction accuracy, log loss calibration, and adaptiv-
ity to changes.

• Integration with Process-Mining Tools: Beyond predictive accu-
racy, we incorporate cycle-time regression, bottleneck detection, and con-
formance checks (via PM4Py) into a unified GNN-based pipeline, offering
a holistic, end-to-end view of workflow health and opportunities for opti-
mization.

By uniting modern GNN architectures with the demands of process-map anal-
ysis, this research advances the field in two key ways:

1. A more expressive model of enterprise workflows, capturing parallel
and branching behaviors that simpler sequence or tabular approaches miss.

2. Evidence-based improvement in real ERP contexts, illustrated by
metrics such as up to 97.4% accuracy in next-activity prediction, sig-
nificant reductions in log loss, and practical identification of high-delay
transitions for immediate operational gains.

In doing so, our work offers both theoretical foundations (norm-based graph rep-
resentations, attention-driven message passing, and specialized loss functions)
and practical validation for scalable, dynamic, and interpretable process opti-
mization. This synergy between robust theory and empirical success showcases
the originality and usefulness of the proposed GNN-driven framework.

2 Background and Related Work

2.1 Process Map Databases

2.1.1 Structure and Representation of Process Maps

Process maps are foundational tools for modeling workflows, providing a struc-
tured representation of tasks and their dependencies. These maps are commonly
represented as directed graphs, where nodes denote tasks, and edges capture
dependencies or transitions. The graph-based representation enables the incor-
poration of task-specific and dependency-specific attributes, which are crucial
for analyzing and optimizing processes.

Each node in a process map represents a task and is characterized by at-
tributes such as task duration, which indicates the estimated or actual time
required for the task’s completion, resource allocation, which specifies the re-
sources (e.g., personnel, equipment) assigned to the task, and event timestamps,
which provide temporal data critical for analyzing process performance and
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identifying bottlenecks. Dependencies between tasks are captured as directed
edges, encoding attributes such as transition probabilities, dependency strength,
and sequencing constraints that govern the execution order of tasks.

Formally, a process map can be represented as a directed graph G = (V,E),
where V is the set of nodes and E ⊆ V × V is the set of directed edges. The
connectivity of the graph is encoded using an adjacency matrix A, defined as:

Aij =

{
1, if there exists a directed edge (vi, vj) ∈ E,

0, otherwise.

Each node vi ∈ V is associated with a feature vector xi ∈ Rd, representing
task-specific attributes, while each edge eij ∈ E is associated with a feature
vector eij ∈ Rk, encoding dependency-specific information. This mathematical
formulation enables a comprehensive representation of workflows, facilitating
detailed analysis and optimization.

2.1.2 Limitations of Existing Systems

Despite their utility, traditional approaches to managing process maps exhibit
several limitations that hinder their effectiveness in real-world applications. As
process maps grow in size and complexity, the computational cost of analyzing
dependencies and querying tasks increases exponentially. High-dimensional fea-
ture spaces for nodes and edges exacerbate this challenge, making traditional
methods inefficient for large-scale workflows.

Another significant limitation is the inability of traditional systems to adapt
dynamically to changes in workflows. Most existing systems are designed for
static process maps and fail to accommodate the addition, deletion, or reordering
of tasks. This rigidity results in outdated or inaccurate process models, which
are ineffective in dynamic environments.

Additionally, traditional process map systems rarely support real-time data
integration, limiting their ability to perform on-the-fly optimizations or detect
bottlenecks as they occur. Real-time feedback loops are critical for industries
with time-sensitive workflows, such as manufacturing and logistics, yet these
capabilities remain underdeveloped in most systems.

Addressing these limitations requires the development of advanced method-
ologies that can scale effectively, adapt to dynamic changes, and leverage real-
time data for optimization. Graph-based approaches, particularly those lever-
aging Graph Neural Networks (GNNs), offer a promising solution to these chal-
lenges.

2.2 Reward Mechanisms in Neural Networks

Reward mechanisms are a fundamental concept in neural networks, particularly
in reinforcement learning, where they serve as the basis for optimizing decision-
making processes. By defining a structured reward function, neural networks
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can learn to maximize specific objectives over time, making them highly suit-
able for dynamic and complex problem-solving tasks. In the context of process
maps, reward mechanisms enable the optimization of workflows by incentivizing
desirable outcomes, such as reduced delays or improved resource utilization.

2.2.1 Reinforcement Learning and Reward Allocation

Reinforcement learning (RL) is a paradigm in machine learning where agents
learn optimal policies by interacting with an environment and receiving feedback
in the form of rewards. At each timestep t, the agent observes a state st, takes
an action at, and transitions to a new state st+1 based on the environment’s
dynamics. The agent’s objective is to maximize the cumulative reward, defined
as:

R =

T∑
t=0

γtrt,

where rt is the reward received at timestep t, γ ∈ [0, 1] is the discount factor
that balances immediate versus long-term rewards, and T is the time horizon.

Reward allocation in RL is a critical aspect that directly impacts the learning
process. Effective reward design ensures that the agent’s behavior aligns with
the desired outcomes. For example, in task management workflows, rewards can
be assigned based on task completion time, resource efficiency, or adherence to
dependency constraints. Poorly designed rewards, on the other hand, can lead
to suboptimal or unintended behavior, such as prioritizing short-term gains over
long-term efficiency.

The value function V (s) and action-value function Q(s, a) are key compo-
nents of RL, representing the expected cumulative reward from a state s and
state-action pair (s, a), respectively. These functions are iteratively updated
during training using algorithms such as Q-learning or policy gradients, en-
abling the agent to refine its decision-making policies over time.

2.2.2 Application in Process Optimization

In the context of process optimization, reinforcement learning and reward mech-
anisms play a crucial role in dynamically improving workflows. By modeling a
process map as a state-space environment, RL can be employed to identify op-
timal task sequences, allocate resources efficiently, and minimize bottlenecks.

A reward function tailored for process optimization can incorporate multiple
objectives, such as:

rt = −ct + β1 · ResourceUtilt − β2 ·Delayt,

where ct represents the cost incurred at timestep t, ResourceUtilt quantifies
resource utilization efficiency, Delayt measures task delays, and β1 and β2 are
balancing weights for resource efficiency and delay penalties.

For example, in a manufacturing workflow, the RL agent can dynamically re-
assign tasks to machines with available capacity to minimize delays and maintain
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throughput. Similarly, in logistics, RL can optimize delivery routes by consid-
ering real-time traffic conditions, resource availability, and delivery deadlines.

Integrating reinforcement learning with process maps enables real-time adap-
tation to changing conditions, making workflows more robust and efficient. By
continuously refining reward mechanisms based on operational priorities, or-
ganizations can achieve significant improvements in process performance and
resource utilization.

2.3 General Design Pipeline of GNNs

2.3.1 Finding Graph Structure for Process Maps

The first step in applying Graph Neural Networks (GNNs) to process maps
involves constructing an appropriate graph structure that captures the essential
characteristics of workflows. Process maps are inherently graph-structured data,
where tasks are represented as nodes, and dependencies or transitions between
tasks are modeled as directed edges. However, the accurate construction of this
graph requires a careful analysis of the underlying processes, dependencies, and
attributes.

The graph structure for a process map is defined as G = (V,E), where V
represents the set of nodes (tasks), and E represents the set of directed edges
(dependencies). Nodes in the graph are typically enriched with features that
encode relevant task-specific information such as task duration, priority, and
resource allocation. Similarly, edges are associated with features that describe
dependency-specific attributes such as transition probabilities, temporal con-
straints, and resource-sharing relationships.

To construct this graph structure, several steps must be undertaken. First,
the tasks within the workflow must be identified and assigned to corresponding
nodes. This process involves analyzing event logs or task management data to
extract relevant information about task identifiers, execution times, and associ-
ated resources. Second, dependencies between tasks must be established based
on workflow specifications or observed execution sequences. These dependencies
are encoded as directed edges, capturing the causal or sequential relationships
between tasks. Third, the graph must be refined to include weighted edges
that reflect the strength or likelihood of transitions, ensuring that the graph
accurately represents the dynamics of the underlying process.

One of the key challenges in this step is the handling of incomplete or noisy
data. Workflow datasets often contain missing information, inconsistencies, or
ambiguities, which can lead to errors in graph construction. To address this,
techniques such as imputation, data augmentation, or domain-specific heuris-
tics can be employed. For example, in manufacturing workflows, historical data
about task sequences and resource usage can be used to infer missing depen-
dencies or validate inconsistencies in the constructed graph.

In the context of process optimization, the graph structure is critical for rep-
resenting the interactions between tasks and enabling downstream GNN-based
analysis. A well-constructed graph ensures that the GNN can effectively learn
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embeddings that capture the hierarchical and sequential nature of workflows,
providing a robust foundation for tasks such as dependency analysis, bottleneck
detection, and real-time optimization.

2.3.2 Specifying Graph Type and Scale

An essential step in the design pipeline of Graph Neural Networks (GNNs) for
process maps is the specification of the graph type and scale. The type of
graph defines the structural characteristics of the process map, while the scale
determines the granularity at which the workflow is represented. Both factors
significantly influence the accuracy and computational efficiency of the GNN
model.

The graph type for a process map is determined based on the nature of the
tasks and dependencies. Directed graphs are typically used to represent work-
flows, as they capture the sequential and causal relationships between tasks.
In cases where bidirectional dependencies exist—such as feedback loops or col-
laborative processes—directed multigraphs or undirected graphs may be more
appropriate. Additionally, weighted graphs can be employed to incorporate
information such as dependency strength, task priorities, or transition proba-
bilities, enabling a more nuanced representation of workflows.

The scale of the graph refers to the level of granularity at which tasks and
dependencies are modeled. Fine-grained graphs represent individual tasks as
nodes and their dependencies as edges, providing a detailed view of the workflow.
While this level of detail is beneficial for analyzing specific tasks or bottlenecks,
it can lead to scalability challenges when dealing with large workflows containing
thousands of tasks. On the other hand, coarse-grained graphs aggregate tasks
into groups or clusters, reducing the graph size and computational complexity at
the cost of some detail. The choice of scale depends on the specific requirements
of the analysis, such as whether the focus is on global workflow patterns or
localized task-level optimizations.

The specification of graph type and scale must also account for the trade-
offs between accuracy and computational efficiency. For instance, fine-grained
weighted directed graphs provide high-fidelity representations of workflows but
require significant computational resources for training and inference. Con-
versely, coarse-grained graphs offer better scalability but may lose critical infor-
mation about task-level dependencies. Techniques such as graph sampling, hi-
erarchical clustering, and domain-specific preprocessing can help balance these
trade-offs by retaining key structural information while reducing the graph’s
complexity.

In the context of process optimization, specifying the appropriate graph type
and scale is crucial for achieving meaningful insights and actionable recommen-
dations. Fine-grained graphs are well-suited for applications such as bottleneck
detection and resource allocation, where task-level details are critical. Coarse-
grained graphs, on the other hand, are ideal for high-level analysis of workflow
patterns and scalability testing. By carefully considering the graph type and
scale, practitioners can ensure that the constructed graph aligns with the goals
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of the analysis and the capabilities of the GNN model.

2.3.3 Designing Loss Functions

The design of loss functions is a critical component in the development of Graph
Neural Networks (GNNs) for process map optimization. Loss functions quantify
the difference between the predicted and desired outcomes, guiding the optimiza-
tion process during training. In the context of process maps, the loss function
must capture multiple objectives, such as minimizing workflow delays, optimiz-
ing resource allocation, and ensuring adherence to dependency constraints.

A typical loss function for process optimization can be expressed as a weighted
combination of task-level and workflow-level objectives:

Lprocess = λ1Ltask + λ2Lworkflow,

where Ltask represents task-level losses, Lworkflow represents workflow-level losses,
and λ1 and λ2 are hyperparameters balancing the two objectives.

Task-Level Losses Task-level losses focus on individual tasks within the pro-
cess map. For example, a task delay loss can be defined as:

Ldelay =
∑
v∈V

(
Tv − T target

v

)2
,

where Tv is the actual completion time of task v, and T target
v is its target com-

pletion time. Similarly, resource inefficiencies can be penalized by incorporating
a loss term that measures deviations from optimal resource utilization.

Workflow-Level Losses Workflow-level losses address the overall perfor-
mance of the process map. For instance, a critical path deviation loss can
be expressed as:

Lcritical path =
∑

(u,v)∈P

∥hu − hv∥2,

where P represents the critical path in the workflow, and hu and hv are the
embeddings of nodes u and v, respectively. This term ensures that tasks on
the critical path are closely aligned in the embedding space, facilitating better
dependency modeling.

Regularization Terms To prevent overfitting and ensure smoothness in the
learned embeddings, regularization terms can be added to the loss function. For
instance, a Laplacian regularization term can be defined as:

Lregularization =
∑

(u,v)∈E

wuv∥hu − hv∥2,

where wuv is the weight of the edge connecting nodes u and v, promoting simi-
larity between connected nodes in the graph.
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The overall loss function for training the GNN is thus:

L = Lprocess + βLregularization,

where β controls the contribution of the regularization term.

Application Context The loss function plays a central role in ensuring that
the GNN learns meaningful representations of the process map. By combining
task-level and workflow-level objectives, the model is encouraged to optimize
both local and global aspects of the workflow. For example, minimizing Ldelay

ensures timely task completion, while minimizing Lcritical path reduces overall
cycle time, improving process efficiency.

Carefully designing and tuning the loss function is essential for achieving
robust performance across diverse workflows. The inclusion of domain-specific
objectives and regularization terms can further enhance the model’s ability to
generalize to unseen workflows, making it a critical component of the overall
framework.

2.4 Instantiations of Computational Modules

2.4.1 Propagation Modules

Propagation modules form the backbone of Graph Neural Networks (GNNs),
enabling the exchange of information between nodes in a graph. In the context
of process maps, these modules allow tasks (nodes) to aggregate information
from their neighbors, capturing dependencies and dynamic interactions within
the workflow. This aggregation ensures that each task’s representation reflects
not only its attributes but also the influence of its dependencies.

The propagation mechanism is typically formalized using message-passing

frameworks. At each layer t of the GNN, a node v’s representation h
(t+1)
v is

updated by aggregating messages from its neighbors Nv. The general update
rule can be expressed as:

h(t+1)
v = σ (Wt ·AGGREGATE ({mu→v | u ∈ Nv})) ,

where: - mu→v = fm(h
(t)
u , euv) is the message sent from neighbor u to v, based

on u’s current representation h
(t)
u and the edge features euv. - AGGREGATE is

a permutation-invariant function, such as summation, mean, or maximum, that
combines messages from all neighbors. - σ is a non-linear activation function,
such as ReLU. - Wt is a learnable weight matrix at layer t, which transforms
the aggregated information.

In the context of process maps, the choice of the aggregation function AG-
GREGATE is critical. For instance, summation emphasizes the cumulative
influence of dependencies, making it suitable for workflows with highly inter-
connected tasks. Conversely, maximum aggregation highlights the most signif-
icant dependency, which is beneficial for identifying critical tasks in bottleneck
scenarios.
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Propagation modules also enable multi-hop message passing, where infor-
mation from nodes beyond the immediate neighborhood is incorporated over
multiple layers. This is particularly important for workflows with long-range
dependencies, as it ensures that the representation of each task captures the
global context of the process map.

One of the challenges in propagation is the potential for over-smoothing,
where node representations become indistinguishable after several layers of mes-
sage passing. To mitigate this, techniques such as residual connections, skip
connections, or layer normalization can be employed. These approaches pre-
serve the individuality of node representations while allowing the network to
capture deep dependencies.

In summary, propagation modules are essential for modeling the interac-
tions between tasks in process maps. By aggregating and transforming infor-
mation from neighboring nodes, these modules enable GNNs to learn meaningful
embeddings that reflect both local and global workflow dynamics, facilitating
downstream tasks such as optimization and bottleneck detection.

2.4.2 Pooling Modules

Pooling modules in Graph Neural Networks (GNNs) play a critical role in sum-
marizing graph information by reducing its size while retaining essential fea-
tures. In the context of process maps, pooling modules are particularly useful
for handling large-scale workflows by enabling efficient processing and analysis.

The primary objective of pooling is to transform the original graph G =
(V,E) into a smaller graph G′ = (V ′, E′), where |V ′| < |V |. This transfor-
mation can be achieved by selecting a subset of nodes or by aggregating node
information at the cluster level. Pooling operations allow the model to focus on
high-level representations of the workflow, reducing the computational burden
while preserving critical dependencies.

Direct pooling methods select nodes based on predefined criteria, such as
their importance or relevance to the workflow. For example, attention-based
pooling assigns importance scores to nodes and retains those with the highest
scores. This approach is effective for workflows where specific tasks significantly
influence overall performance. Hierarchical pooling, on the other hand, groups
nodes into clusters based on their structural or functional similarities. These
clusters are then treated as aggregated super-nodes in the reduced graph, en-
abling the analysis of workflows at a higher level of abstraction.

Pooling modules also facilitate the identification of hierarchical structures
within process maps. For instance, in manufacturing workflows, hierarchical
pooling can group tasks that belong to the same production phase, such as
assembly or quality control, allowing for phase-level optimization. By reducing
the graph size, pooling modules enable GNNs to process large-scale workflows
efficiently while retaining the structural and functional integrity of the process
map.

—
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2.4.3 Readout Functions

Readout functions aggregate the information learned by a Graph Neural Net-
work (GNN) into a final representation that can be used for downstream tasks
such as classification, regression, or optimization. In the context of process
maps, readout functions summarize task-level and dependency-level embeddings
into a holistic workflow representation, enabling the analysis of the entire pro-
cess.

The general formulation of a readout function is given as:

hG = READOUT({hv | v ∈ V }) ,

where hG represents the aggregated graph-level embedding, and hv is the em-
bedding of node v.

Global readout methods, such as summation or averaging, compute a com-
prehensive representation of the graph by combining the embeddings of all
nodes. For instance:

hG =
1

|V |
∑
v∈V

hv.

This approach provides a simple yet effective way to capture overall graph prop-
erties, such as the average task duration or resource usage in a workflow.

Attention-based readout functions assign weights to node embeddings based
on their relevance to the task, enabling the model to focus on critical nodes.
The attention-based readout is formulated as:

hG =
∑
v∈V

αvhv,

where αv is the attention coefficient for node v, computed as:

αv =
exp

(
q⊤hv

)∑
u∈V exp (q⊤hu)

.

Here, q is a learnable query vector, and q⊤hv represents the dot product be-
tween the query vector and the embedding of node v. The softmax function
ensures that the attention coefficients sum to one, allowing the model to prior-
itize nodes with higher relevance to the task.

Attention-based readout functions are particularly effective for process maps,
where certain tasks (e.g., bottleneck tasks) disproportionately impact overall
workflow performance. By assigning higher weights to such tasks, the GNN can
produce a graph-level representation that emphasizes critical dependencies.

Readout functions are essential for integrating local task-level information
into a global representation of the workflow. By selecting the appropriate read-
out function, practitioners can tailor the GNN output to specific objectives, such
as identifying bottlenecks, optimizing resource allocation, or detecting high-level
patterns in the process map.
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3 Proposed Framework

3.1 Graph Representation of Process Maps

3.1.1 Node and Edge Features

The proposed framework models process maps as directed graphs G = (V,E),
where V represents the set of nodes (tasks) and E ⊆ V × V represents the
set of directed edges (dependencies). This graph representation encapsulates
both task-specific and dependency-specific attributes, providing a comprehen-
sive structure for workflow analysis and optimization.

Each node v ∈ V corresponds to a task within the process map and is
associated with a feature vector xv ∈ Rd, where d is the dimensionality of the
feature space. These features encode task-specific attributes such as:

xv =
[
tv, rv, τv, sv, . . .

]
,

where: - tv: Task duration, representing the estimated or actual time required
for task completion. - rv: Allocated resources (e.g., personnel, machines, or ma-
terials). - τv: Categorical encoding of the task type, such as ”assembly,” ”quality
control,” or ”delivery.” - sv: Task priority score, indicating the importance or
urgency of the task.

Similarly, each edge eij ∈ E is associated with a feature vector eij ∈ Rk,
where k is the dimensionality of the edge feature space. Edge features capture
dependency-specific attributes such as:

eij =
[
pij , wij , cij , δij , . . .

]
,

where: - pij : Transition probability, quantifying the likelihood of moving from
task i to task j. - wij : Dependency strength, capturing the degree of influence
task i exerts on task j. - cij : Cost associated with the dependency (e.g., material
transfer costs, time penalties). - δij : Sequencing constraint, representing hard
or soft constraints on task order.

Practical Examples:
1. Manufacturing Workflow: In a manufacturing plant, tasks such as

”assembly,” ”inspection,” and ”packaging” can be represented as nodes. Fea-
tures like tv encode the expected duration of each task, while rv represents the
machines or workers assigned to the task. Dependencies, such as the flow of
components from assembly to inspection, are represented as edges with features
like pij (probability of timely transfer) and cij (logistics costs).

2. Logistics Workflow: In a logistics network, nodes represent shipping
hubs or warehouses, and edges capture the routes between them. Node features
like sv encode the priority of shipments handled at each hub, while edge features
like δij represent time-sensitive delivery constraints or transportation costs.

In addition to these static features, the framework supports dynamic at-
tributes that reflect real-time changes in the workflow. For instance, node fea-
tures can include real-time task progress (πv) or current resource utilization
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(ρv), while edge features can incorporate live updates on transportation delays
(∆ij) or system bottlenecks.

To ensure compatibility with downstream Graph Neural Network (GNN)
operations, all feature vectors xv and eij are normalized and transformed into
high-dimensional embeddings. These embeddings enable the GNN to learn rep-
resentations that effectively capture both local task-level and global workflow-
level dependencies.

By incorporating domain-specific features and dynamic updates, the pro-
posed framework ensures a flexible and expressive graph representation. This
enables the GNN to address a wide range of optimization and analysis tasks,
such as identifying bottlenecks, reallocating resources, and improving process
efficiency.

3.1.2 Adjacency Matrix Representation

The adjacency matrix is a mathematical representation of the graph structure
in process maps, capturing the relationships between tasks (nodes) through
dependencies (edges). For a directed graph G = (V,E), where V represents the
set of nodes and E represents the set of directed edges, the adjacency matrix
A ∈ R|V |×|V | is defined as:

Aij =

{
1, if there exists a directed edge (vi, vj) ∈ E,

0, otherwise.

Each entry Aij in the matrix encodes whether a dependency exists between task
vi and task vj . If Aij = 1, this indicates that vi directly influences vj through
a dependency edge.

For weighted graphs, the adjacency matrix can be extended to include edge
weights, reflecting the strength or likelihood of the dependency. In this case,
the adjacency matrix is defined as:

Aij = wij ,

where wij is the weight of the edge (vi, vj). For example, wij may represent
transition probabilities, dependency strengths, or associated costs in a workflow.

Example Representation:
Consider a simple workflow with three tasks:

• v1: Task A.

• v2: Task B.

• v3: Task C.

Assume the dependencies are as follows:

• Task A (node v1) transitions to Task B (node v2).

• Task B (node v2) transitions to Task C (node v3).
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The corresponding adjacency matrix for this directed graph is:

A =

0 1 0
0 0 1
0 0 0

 .

If edge weights are added, such as transition probabilities (wij), the weighted
adjacency matrix becomes:

A =

0 0.8 0
0 0 0.6
0 0 0

 .

Graph Normalization:
To ensure numerical stability during Graph Neural Network (GNN) training,

the adjacency matrix is often normalized. One common approach is symmetric
normalization, defined as:

Â = D−1/2AD−1/2,

whereD is the degree matrix, a diagonal matrix with entriesDii =
∑

j Aij . Nor-
malization ensures that the influence of each node is appropriately scaled based
on its connectivity, preventing numerical instability and enabling smoother gra-
dient propagation during training.

Relevance to Process Maps:
The adjacency matrix serves as the structural foundation of the graph repre-

sentation, enabling efficient modeling of task dependencies within process maps.
By encoding the relationships between tasks and dependencies, the adjacency
matrix allows the GNN to propagate information through the graph, captur-
ing both local and global workflow characteristics. Weighted adjacency matrices
further enhance this representation by quantifying the relative importance of de-
pendencies, making the framework more expressive for real-world applications
such as bottleneck detection, resource allocation, and workflow optimization.

3.2 Graph Neural Network Architecture

3.2.1 Message Passing Mechanism

The message passing mechanism is a fundamental operation in Graph Neural
Networks (GNNs) that enables nodes in a graph to aggregate information from
their neighbors. This mechanism allows the GNN to capture both local and
global dependencies within the process map, making it particularly effective for
modeling complex workflows.

At each layer t, the feature representation of a node v, denoted as h
(t+1)
v , is

updated by aggregating messages from its neighbors Nv. The general formula-
tion of message passing can be expressed as:

h(t+1)
v = σ (Wt ·AGGREGATE ({mu→v | u ∈ Nv})) ,
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where: - mu→v = fm(h
(t)
u , euv) is the message sent from a neighboring node u

to v, computed based on the current feature h
(t)
u and the edge features euv. -

AGGREGATE is a permutation-invariant function, such as summation, mean,
or maximum, that combines messages from all neighbors. - σ is a non-linear
activation function, such as ReLU, applied to the aggregated messages. - Wt is
a learnable weight matrix specific to layer t.

Role in Process Maps: In process maps, the message passing mechanism
enables tasks (nodes) to share contextual information with their dependencies
(edges). For example: 1. A bottleneck task can propagate its delay to depen-
dent tasks, allowing the GNN to learn representations that prioritize bottleneck
resolution. 2. Resource utilization information can be passed along dependency
edges, enabling global optimization of workflows.

Example: Consider a simple workflow with three tasks: - Task A (node
v1) depends on Task B (node v2) and Task C (node v3). - Messages m2→1 and
m3→1 are computed using the feature representations of v2 and v3, as well as
the dependency edges e21 and e31.

The aggregated representation for Task A is:

h
(t+1)
1 = σ

Wt ·
∑

u∈{2,3}

mu→1

 .

Attention Mechanism: To account for the varying importance of neigh-
bors, an attention mechanism can be integrated into the message passing pro-
cess. The attention score αuv for an edge (u, v) is computed as:

αuv =
exp

(
q⊤
t · kuv

)∑
w∈Nv

exp
(
q⊤
t · kwv

) ,
where qt is a learnable query vector and kuv is a key vector derived from h

(t)
u

and euv. The attention-weighted message passing is then given by:

h(t+1)
v = σ

(
Wt ·

∑
u∈Nv

αuv ·mu→v

)
.

Challenges and Mitigations: While message passing effectively captures
dependencies, it may lead to over-smoothing when node representations become
indistinguishable after several layers. Techniques such as residual connections,
skip connections, and layer normalization can mitigate this issue, preserving the
uniqueness of node representations while enabling deep propagation.

The message passing mechanism is a cornerstone of the proposed framework,
enabling the GNN to learn task-level and workflow-level representations. By
aggregating and transforming information across dependencies, the mechanism
facilitates critical tasks such as bottleneck detection, resource optimization, and
real-time workflow adaptation.
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3.2.2 Node Update Function

The node update function is a core component of the Graph Neural Network
(GNN) architecture, responsible for transforming node representations at each
layer based on aggregated information from neighboring nodes and dependen-
cies. This function ensures that the representation of each task (node) reflects
not only its intrinsic attributes but also the contextual information propagated
through the graph.

For a node v ∈ V , the update function at layer t+ 1 can be expressed as:

h(t+1)
v = UPDATE

(
h(t)
v ,hagg

v

)
,

where: - h
(t)
v is the feature vector of node v at layer t. - hagg

v is the aggregated
information from neighboring nodes, computed during the message-passing step.
- UPDATE(·) is a learnable transformation function, typically parameterized by
a neural network.

The most common formulation of the node update function is a linear trans-
formation followed by a non-linear activation function:

h(t+1)
v = σ

(
Wt · h(t)

v + bt + hagg
v

)
,

where: - Wt is a learnable weight matrix. - bt is a learnable bias vector. - σ(·)
is a non-linear activation function, such as ReLU or sigmoid.

Role in Process Maps: In process maps, the node update function re-
fines the representation of each task by incorporating both local attributes and
contextual information from its dependencies. For example: 1. A task’s repre-
sentation hv can be updated to reflect delays propagated from upstream tasks,
enabling accurate modeling of bottlenecks. 2. Resource allocation features can
be refined based on neighboring tasks, facilitating global optimization of work-
flows.

Attention-Based Updates: To enhance the expressiveness of the update
function, attention mechanisms can be integrated. The attention-based update
function assigns different weights to neighboring nodes based on their impor-
tance:

h(t+1)
v = σ

(
Wt · h(t)

v +
∑
u∈Nv

αuv · h(t)
u

)
,

where αuv is the attention coefficient for the edge (u, v), computed as:

αuv =
exp

(
q⊤
t · kuv

)∑
w∈Nv

exp
(
q⊤
t · kwv

) .
This approach allows the GNN to focus on critical dependencies, such as high-
priority tasks or heavily weighted edges, during the update process.

Challenges and Regularization: While node update functions enable
powerful representation learning, they may introduce overfitting or instability
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in deep networks. To mitigate these challenges, regularization techniques such
as dropout, layer normalization, and weight decay are commonly employed. For
instance, applying dropout to the aggregated representation hagg

v can prevent
the model from over-relying on specific neighbors:

hagg,drop
v = Dropout(hagg

v ).

Relevance to Process Optimization: The node update function plays a
crucial role in process optimization tasks, as it iteratively refines task represen-
tations to capture dynamic dependencies and real-time updates. For example:
- In a manufacturing workflow, delays in upstream tasks can be propagated
through node updates, enabling predictive bottleneck detection. - In a logistics
network, real-time changes in shipment priorities can be dynamically reflected
in the task representations.

By leveraging expressive node update functions, the proposed framework
ensures that task-level representations remain adaptive, contextual, and aligned
with the overall objectives of the workflow.

3.2.3 Multi-head Attention

Multi-head attention is a powerful mechanism in Graph Neural Networks (GNNs)
that enables the model to focus on different aspects of task dependencies and
extract multiple relationships simultaneously. By applying multiple attention
heads in parallel, the framework can learn diverse patterns within process maps,
such as identifying bottlenecks, prioritizing critical tasks, and managing resource
constraints.

In the context of process maps, multi-head attention enhances the expres-
siveness of message passing by assigning different weights to each dependency
edge. For each attention head k, the representation of a node v at layer t+1 is
updated as:

h(t+1,k)
v = σ

(
Wk

t ·
∑
u∈Nv

αk
vu · h(t)

u

)
,

where: - αk
vu is the attention coefficient for the edge (v, u) in the k-th head,

computed using the softmax function:

αk
vu =

exp
(
LeakyReLU

(
a⊤k ·

[
Wk

qh
(t)
v ∥Wkh

(t)
u

]))
∑

w∈Nv
exp

(
LeakyReLU

(
a⊤k ·

[
Wk

qh
(t)
v ∥Wkh

(t)
w

])) ,
where: - ak is a learnable attention vector. - Wk

q and Wk are learnable weight
matrices for the query and key transformations. - ∥ denotes vector concatena-
tion. - LeakyReLU introduces non-linearity.

Once attention coefficients are computed for all neighbors and heads, the ag-
gregated representation across all heads is concatenated or averaged to produce
the final representation:

h(t+1)
v =

∥∥∥∥K
k=1

h(t+1,k)
v ,
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where K is the number of attention heads.
Role in Process Maps: Multi-head attention is particularly effective in

process maps where task dependencies exhibit varying importance. For example:
1. In workflows with competing priorities, different attention heads can focus
on delays, resource allocation, or critical dependencies simultaneously. 2. In
a logistics network, one head might prioritize high-priority shipments, while
another focuses on minimizing costs or delays.

Example: Consider a manufacturing process where Task A depends on both
Task B and Task C. Using multi-head attention: - Head 1 may assign higher
attention to Task B due to its shorter delay time. - Head 2 may prioritize Task
C based on its high resource utilization.

The final representation for Task A aggregates these diverse perspectives,
enabling the GNN to make balanced optimization decisions.

Challenges and Enhancements: While multi-head attention improves
representational power, it can increase computational overhead. Techniques
such as dimensionality reduction (e.g., low-rank approximations of Wk) and
efficient sparse attention computation can mitigate these challenges.

Additionally, attention heads may converge to similar patterns, reducing
diversity. To address this, regularization techniques such as head diversity loss
can be introduced:

Ldiversity =

K∑
i=1

K∑
j=i+1

∥h(i) − h(j)∥2,

which encourages the heads to focus on distinct aspects of the process map.
Relevance to Process Optimization: Multi-head attention enables the

proposed framework to capture nuanced relationships within process maps, fa-
cilitating tasks such as identifying bottlenecks, reallocating resources, and opti-
mizing task sequencing. By leveraging multiple attention heads, the framework
ensures that all critical aspects of workflow dependencies are considered, result-
ing in robust and balanced optimization outcomes.

3.3 Norm-Based Feature Representation

3.3.1 Norm Computation

Norm-based feature representations are used to standardize or enhance the em-
beddings of nodes and edges, ensuring numerical stability and improving the
quality of the learned representations in Graph Neural Networks (GNNs). By
incorporating norms into the feature update process, the framework can better
capture the magnitude and significance of node and edge attributes, particu-
larly in the context of process maps where task durations, dependencies, and
priorities vary significantly.

The norm of a vector is a mathematical measure of its magnitude. For a
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feature vector hv ∈ Rd associated with a node v, the p-norm is defined as:

∥hv∥p =

(
d∑

i=1

|hv,i|p
)1/p

,

where hv,i is the i-th component of hv, and p ≥ 1 determines the type of norm:
- p = 1: L1 norm (sum of absolute values). - p = 2: L2 norm (Euclidean norm).
- p = ∞: Max norm (maximum absolute value of components).

Application in Process Maps: Norm-based computations standardize
the embeddings of nodes and edges, making them robust to scale variations
and ensuring that the GNN learns meaningful representations. For example: 1.
In a manufacturing process map, the L1 norm can summarize the cumulative
resource utilization across tasks. 2. The L2 norm can highlight tasks with
large deviations in their resource allocation or duration. 3. The max norm can
emphasize tasks with extreme values, such as bottlenecks with unusually high
delays.

Norm-Based Updates: The norm is incorporated into the feature ag-
gregation process to scale or transform node representations. The norm-based
feature update can be expressed as:

h(t+1)
v = σ

(
Wt · h(t)

v

∥h(t)
v ∥p + ϵ

+ hagg
v

)
,

where: - ∥h(t)
v ∥p normalizes the feature vector. - ϵ is a small constant to prevent

division by zero. - hagg
v is the aggregated representation from neighboring nodes.

This normalization step ensures that nodes with disproportionately large
feature magnitudes do not dominate the training process, thereby enhancing
the stability of GNN training.

Multi-Norm Representations: In workflows with diverse task attributes,
a combination of norms can be applied to capture complementary aspects of the
data. For example:

h(t+1)
v =

∥∥∥∥
p=1,2,∞

(
Wt · h(t)

v

∥h(t)
v ∥p + ϵ

)
,

where
∥∥
p=1,2,∞ denotes the concatenation of feature representations computed

using L1, L2, and max norms. This approach allows the GNN to learn richer
embeddings by capturing both the cumulative and extreme characteristics of
node features.

Challenges and Mitigations: While norm computation enhances feature
representations, it introduces computational overhead for high-dimensional em-
beddings. Techniques such as dimensionality reduction and sparse represen-
tations can mitigate this issue. Additionally, care must be taken to select the
appropriate norm for the specific workflow context to ensure that the normalized
features align with the objectives of the task.
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Relevance to Process Optimization: Norm-based feature representa-
tion is particularly relevant for optimizing process maps with diverse task and
dependency attributes. By normalizing node and edge features, the GNN can
effectively model workflows with significant variations in task duration, resource
allocation, or dependency strengths. For example: - In logistics, norm-based up-
dates can balance high-priority shipments against low-priority tasks, ensuring
equitable resource allocation. - In dynamic workflows, multi-norm representa-
tions can adapt to real-time changes by highlighting tasks with extreme delays
or resource demands.

By incorporating norm computation into the GNN architecture, the pro-
posed framework ensures robust, scalable, and expressive feature representations
for process maps.

3.3.2 Example with Norm-Based Representation

Consider a simple graph where node v has two neighbors, u1 and u2, and the em-
bedding dimension is K = 2. The norm-based feature update for v at layer t+1
involves aggregating information from its neighbors across multiple dimensions.

For k = 1: The first dimension of the updated embedding, h
(t+1)
v [1], is

computed as:

h(t+1)
v [1] = σ

(
α1
vu1

W1h
(t)
u1

+ α1
vu2

W1h
(t)
u2

)
,

where: - α1
vu1

and α1
vu2

are attention coefficients for the neighbors u1 and u2

in the first attention head. - W1 is the learnable weight matrix for the first
dimension. - σ(·) is a non-linear activation function, such as ReLU.

For k = 2: The second dimension of the updated embedding, h
(t+1)
v [2], is

computed as:

h(t+1)
v [2] = σ

(
α2
vu1

W2h
(t)
u1

+ α2
vu2

W2h
(t)
u2

)
,

where: - α2
vu1

and α2
vu2

are attention coefficients for the second attention head.
- W2 is the learnable weight matrix for the second dimension.

Final Embedding: The final embedding of node v is obtained by concate-
nating the embeddings from both dimensions:

h(t+1)
v = h(t+1)

v [1]∥h(t+1)
v [2],

where ∥ denotes vector concatenation. This multi-dimensional representation
enables the model to capture diverse aspects of the node’s relationships and
features.

Relation to Process Maps: Using norm-based representations allows the
model to handle heterogeneous tasks and dependencies in a unified way. This
ensures consistent embeddings that reflect the structural and functional charac-
teristics of the workflow. For example: - Tasks with varying resource allocations
and durations can be normalized and integrated into the same representation
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space. - Dependencies with different strengths or constraints are effectively
modeled using attention mechanisms, ensuring that critical relationships are
prioritized.

Norm-based representations are particularly beneficial for downstream anal-
ysis tasks, such as:

1. Process Alignment: Ensuring that workflows with similar structures
but differing scales are comparable through normalized embeddings.

2. Bottleneck Identification: Detecting tasks or dependencies that dis-
proportionately impact the workflow by analyzing their contributions to
the overall embedding.

By providing a unified framework for embedding tasks and dependencies,
norm-based representations enhance the interpretability and robustness of the
GNN, making it well-suited for process optimization and analysis.

4 Training Settings for GNNs

The training settings for Graph Neural Networks (GNNs) are critical for ensur-
ing model performance, scalability, and applicability to real-world process maps.
Through our completed experiments, we confirmed that properly configured
training parameters enable the GNN to learn meaningful task and dependency
representations, handle diverse workflows, and generalize effectively across var-
ious scenarios [13, 18]. This section details the key aspects of our training
configurations, linking them to the actual results we reported in Sections 8–??.

4.1 Parameter Tuning

Parameter tuning proved fundamental for achieving efficient and accurate model
performance. Hyperparameters such as learning rates, batch sizes, dropout
probabilities, and weight decay were carefully chosen to balance convergence
speed, generalization, and computational overhead [5, 19]. As shown in our
experiments (Section 8), these hyperparameters crucially affected the GNN’s
ability to scale to large process maps while preserving model interpretability
and robustness.

4.1.1 Learning Rates

The learning rate η is among the most influential hyperparameters in GNN
training, controlling the step size of the optimization algorithm during each
update. In our studies, we observed that selecting an appropriate learning rate
significantly impacted training stability and speed (Section 8, Table 1). A too-
large learning rate risked overshooting minima, while a too-small rate slowed
convergence, consistent with prior observations in GNN optimization [4, 18].

To address this trade-off, we employed the Adam optimizer [?], which adap-
tively adjusts the learning rate for each parameter. In early tests, we initialized
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η0 at 0.001 and observed in practice that decaying the learning rate over time
supported stable convergence. We used the schedule:

ηt = η0 ·
1√
t+ 1

,

ensuring a relatively fast decrease at the initial training stages and slower ad-
justments near convergence. Similar decay strategies have been suggested to
improve GNN calibration [9].

Learning Rate Range Test. In preliminary trials, a “range test” [18] was
performed for small subsets of our dataset, exponentially increasing the learning
rate over a few epochs. The point at which loss diverged reliably indicated a safe
η0. This streamlined the hyperparameter search for more complex workflows.

Relevance to Process Maps. Dynamic learning rates proved vital when
dealing with:

• Simpler Workflows: Higher initial learning rates enabled quick adapta-
tion, as minimal dependencies reduced the complexity of the search space.

• Complex Workflows: Lower effective learning rates stabilized train-
ing, especially when data featured intricate task relationships, as in the
large-scale manufacturing logs or the synthetic stress tests described in
Section 8.

As a result, our final models maintained robust performance across diverse logs,
consistent with the improved GNN metrics (accuracy, MCC) reported [17].

4.1.2 Batch Sizes

Batch size critically influenced computational efficiency and memory usage in
our GNN training. We evaluated batch sizes ranging from 16 to 128, and
found that balancing stability (through moderate batches) and speed (through
large batches) was key to scaling to large process maps, particularly for multi-
thousand-node scenarios (see Section ??). Related studies in graph sampling
emphasize the importance of controlling batch size to prevent memory blowup
[5, 4].

Mini-Batching in GNNs. Unlike conventional ML tasks with i.i.d. data,
our GNN processes graph-structured data where nodes and edges are inher-
ently linked. Full-graph training becomes infeasible for large workflows with
thousands of tasks. Consequently, we employed subgraph sampling (e.g., node
or layer-wise sampling) so that each mini-batch contained a manageable subset
of nodes and their neighbors, preserving local context [4].
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Impact of Batch Size.

• Small Batches: Provided more frequent parameter updates, favoring
rapid convergence but introduced gradient noise in early training.

• Large Batches: Led to smoother convergence curves and stable training
but required significantly more memory and iteration time.

Depending on workflow scale, we adapted batch sizes to fit memory constraints,
often employing smaller batches for large, complex process maps. This approach
aligns with recent cluster-based GNN training frameworks [5, 19].

Sampling Strategies. We used various sampling strategies to target critical
dependencies:

• Node Sampling: Random subsets of nodes plus multi-hop neighbor-
hoods.

• Edge Sampling: Weighted by dependency strengths, focusing on bottle-
neck tasks.

• Layer-Wise Sampling: Dynamically selecting neighbors for deeper GNN
layers, aiding efficiency in large graphs.

Such techniques have proven especially helpful in distributed or large-scale GNN
deployments [19].

Examples in Our Results. In the logistics workflows evaluated in Section 8,
smaller batches (16–32) performed best, while for simpler manufacturing logs,
we successfully used batch sizes up to 64 or 128 without encountering memory
issues. This flexibility underpinned the robust scalability results we observed
[17].

4.2 Regularization and Stability

Regularization techniques proved essential in our experiments to prevent overfit-
ting and stabilize GNN optimization—particularly when process maps exhibit
noisy or incomplete event data (e.g., missing timestamps or partial resource
logs). Our final models combined dropout, weight decay, and early stopping to
yield consistent generalization across the diverse workflows we tested [11].

4.2.1 Dropout

We applied dropout to node embeddings (and optionally to edge embeddings),
randomly zeroing out features with probability p. This stochastically prevented
the model from overly relying on specific nodes/edges, thus capturing more
robust representations of tasks and dependencies [17].
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Node-Level, Edge-Level, and Layer-Level Dropout. In manufacturing
process logs, we found node-level dropout particularly helpful for simulating
frequent task or sensor failures, as introduced in Section 8. Meanwhile, edge-level
dropout resembled disruptions in logistic routes, training the model to adapt
to alternative paths. We typically used dropout rates of 0.2–0.5 depending on
data complexity [11].

4.2.2 Weight Decay

Weight decay (an L2-regularization term) restricted excessive growth in model
parameters, improving generalization on unseen processes. For instance, in
a large-scale resource allocation scenario, weight decay mitigated overfitting to
rare or noisy dependencies, as we observed in the final GNN classification results
(Section 8, Table 1). By penalizing large weights, we ensured more balanced
embeddings for tasks, which proved crucial in capturing the diversity of real
logs [18].

4.2.3 Early Stopping

Early stopping prevented overfitting by halting training when validation perfor-
mance plateaued or deteriorated over consecutive epochs. In many of our runs,
we set a patience of 10–15 epochs, striking a balance between exploring local
minima and saving computational resources [11]. This approach consistently
yielded GNN models that achieved stable validation metrics without unneces-
sary training (see, for instance, the best validation losses reported in Tables 1
and 3).

4.3 Task-Specific Training Objectives

Task-specific training objectives aligned the GNN’s learning process with key
goals in process map optimization: reducing task delays, optimizing resource
usage, and minimizing overall cycle time. Each objective contributed a corre-
sponding term in the final loss function [13].

4.3.1 Loss Functions

Our combined loss included task-level and workflow-level objectives:

L = Ltask + Lworkflow + βLregularization.

As documented in Section 8, we tuned β for each dataset to ensure neither local
tasks nor global workflow constraints dominated.

Task-Specific Losses. In a manufacturing setting, a delay loss penalized
large deviations from target times:

Ldelay =
∑
v∈V

(
Tv − T target

v

)2
,
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highlighting bottleneck tasks and reducing overall idle times (Section ??).

Workflow-Level Losses. Workflow-level terms, such as Lcritical path, encour-
aged correct embedding alignments for tasks on the critical path, improving
global cycle time predictions (see the cycle-time regression in Table 1).

4.3.2 Evaluation Metrics

We measured the GNN’s success in capturing local and global process objectives
using multiple performance metrics:

• Next-Activity Accuracy / MCC, as in Section 8, for classification
performance,

• Cycle Time MAE / R2, verifying end-to-end workflow optimization,

• Long-Running Cases / Rare Transitions, to gauge improvements in
the tail distribution of tasks,

• RL Reward, when the GNN integrated with our reinforcement learning
agent (Section ??).

This breadth of metrics ensured a comprehensive view of model effectiveness in
real process mining scenarios.

4.4 Scalability Challenges

Scalability emerged as a key challenge when training GNNs on large process
maps with thousands of tasks and dependencies. Our successful integration of
mini-batching, sampling, and even optional distributed training overcame these
hurdles, as demonstrated by stable training times on synthetic maps up to tens
of thousands of tasks (see Section ?? for spectral-based cluster expansions) [19].

4.4.1 Mini-batching and Sampling

By carefully designing subgraph-based mini-batching, we controlled memory
usage and computational cost even for large logs. As described above, node
or edge sampling strategies provided local context, avoiding the overhead of
processing entire process graphs at once [5, 4].

4.4.2 Distributed Training

For extremely large processes spanning multiple production lines or regions,
we leveraged distributed training paradigms (data parallelism or model paral-
lelism). Although not always necessary for mid-sized datasets, it proved crucial
in scaled synthetic tests, verifying our GNN’s ability to handle complex real-
world settings [19].
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4.5 Reproducibility and Comparability

Throughout our experiments, we meticulously documented training configura-
tions (learning rate, dropout, weight decay, etc.) and baseline comparisons.
This facilitated robust evaluation and reproducibility—subsequent researchers
can replicate our environment using the same hyperparameters, data splits, and
process logs.

4.5.1 Training Configuration

Table ?? in Section 8 details the final hyperparameters used for each run (e.g.,
MinMax vs. L2, or RL vs. non-RL). Such transparency ensures that the im-
provements observed—e.g., the GNN’s advantage over classical baselines—are
verifiable and consistent [11].

4.5.2 Baseline Comparisons

We compared our approach to simpler methods like linear regression and heuristic-
based next-activity assignment, as well as standard GNN architectures lack-
ing norm-based features or multi-head attention. These consistent comparisons
across real/synthetic workflows confirmed the contributions of each module (Sec-
tion 8, Tables 1–4), guiding us toward the best settings for process optimization
tasks.

Relation to Process Maps. Because process maps vary dramatically by
domain, reproducibility and baselines are particularly crucial. Our open-source
code and publicly disclosed hyperparameters allow future research to extend or
adapt this framework to new scenarios—healthcare processes, multi-department
enterprise workflows, or even supply-chain networks.

By thoroughly documenting training settings and systematically evaluating
baselines, our final GNN-based framework stands as a reproducible and reliable
solution, advancing state-of-the-art process map analysis and paving the way
for further developments in large-scale, dynamic workflows.

5 Applications of GNNs in Process Maps

Graph Neural Networks (GNNs) have transformative applications in under-
standing, optimizing, and dynamically managing process maps. By leveraging
the inherent graph structure of workflows, GNNs enable a deeper analysis of task
dependencies, bottlenecks, and overall process efficiency. This section explores
key applications of GNNs in process maps, starting with process dependency
analysis.
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5.1 Process Dependency Analysis

Understanding and analyzing task dependencies is a fundamental step in opti-
mizing process maps. Dependencies between tasks define the flow of informa-
tion, resources, and execution across the workflow. GNNs, with their ability to
model and learn from graph-structured data, provide a robust framework for
capturing and interpreting these dependencies. By representing tasks as nodes
and dependencies as edges, GNNs enable the analysis of local and global rela-
tionships within the process map, offering insights into critical paths, resource
constraints, and potential bottlenecks.

5.1.1 Explanation

Process dependency analysis involves identifying, quantifying, and interpreting
the relationships between tasks in a workflow. Each dependency encapsulates
information about task ordering, resource allocation, and temporal constraints.
In the GNN framework, dependencies are modeled as directed edges eij con-
necting task nodes vi and vj , where vi precedes vj in the workflow. These edges
are associated with features such as:

eij =
[
wij , cij , pij , τij

]
,

where: - wij : Dependency strength or weight, representing the significance of
the connection between vi and vj . - cij : Cost or penalty associated with the
dependency, such as time delays or resource usage. - pij : Transition probability,
quantifying the likelihood of task vi successfully transitioning to task vj . - τij :
Temporal constraints, indicating deadlines or sequencing requirements.

GNNs aggregate this edge information through message passing mechanisms,
enabling tasks to learn representations that incorporate dependency-specific at-
tributes. For instance, during the forward pass of the GNN, a task node vi
aggregates messages from its neighboring tasks Ni, incorporating information
about their features and dependencies:

h
(t+1)
i = σ (Wt ·AGGREGATE ({mj→i | j ∈ Ni})) ,

where mj→i is the message from task vj to task vi, computed based on h
(t)
j and

eij .
By leveraging this information, GNNs can provide actionable insights into

the workflow. Critical dependencies with high weights wij or significant costs
cij can be identified and prioritized for optimization. Dependencies with low
transition probabilities pij can be flagged for further investigation to ensure
workflow reliability.

Relation to Process Maps: Process dependency analysis enables organi-
zations to achieve a granular understanding of their workflows. For example,
in manufacturing workflows, analyzing dependencies between assembly, inspec-
tion, and packaging tasks can reveal inefficiencies in task ordering or resource
allocation. Similarly, in logistics networks, dependencies between hubs can be
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optimized to reduce delays and improve throughput. By modeling and ana-
lyzing these dependencies, GNNs enhance decision-making and drive process
optimization.

5.1.2 Example

Consider a manufacturing process where Task A serves as a prerequisite for
Task B, forming a dependency. The Graph Neural Network (GNN) framework
can model this dependency and quantify key aspects of its impact on workflow
efficiency.

One critical aspect the GNN models is the likelihood of Task A being com-
pleted on time, denoted as P (Aon-time). This probability is computed using
node features associated with Task A, such as its duration, resource allocation,
and current progress. Incorporating this probability into the GNN’s message-
passing mechanism allows downstream tasks, such as Task B, to dynamically
adjust their scheduling based on the reliability of their dependencies.

Additionally, the GNN quantifies the impact of delays in Task A on down-
stream tasks, such as Task B. This impact is represented as:

ImpactB = αAB ·∆tA,

where: - αAB represents the dependency strength or weight between Task A
and Task B. This weight reflects how sensitive Task B is to delays in Task A. -
∆tA denotes the delay in Task A, computed as the difference between its actual
and target completion times (∆tA = TA − T target

A ).
In this example, if αAB is high, even a small delay in Task A can signifi-

cantly impact Task B, making it critical to monitor and mitigate such delays.
Conversely, a low αAB indicates that Task B is less affected by delays in Task
A, allowing more flexibility in scheduling.

Relevance to Process Maps: The ability of GNNs to model such depen-
dencies enables a nuanced understanding of task relationships within process
maps. For instance, in a manufacturing workflow, dependencies between as-
sembly and inspection tasks can be optimized by identifying and mitigating
high-impact delays. Similarly, in logistics workflows, the dependencies between
shipping hubs can be adjusted dynamically to minimize disruptions caused by
delays at upstream hubs. By quantifying these relationships, GNNs empower
organizations to proactively address bottlenecks and enhance overall workflow
efficiency.

5.2 Process Optimization

Process optimization aims to improve the overall efficiency of workflows by en-
hancing task execution, reducing cycle times, and maximizing resource utiliza-
tion. Graph Neural Networks (GNNs) play a pivotal role in process optimization
by learning complex patterns in task dependencies, identifying bottlenecks, and
proposing actionable changes to the structure of process maps. By leveraging
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graph-based representations, GNNs are able to capture both local and global
dependencies, enabling holistic optimization of workflows.

5.2.1 Explanation

The optimization process begins with the GNN learning embeddings for tasks
and their dependencies through message passing and attention mechanisms.
These embeddings encapsulate task-specific attributes such as duration, pri-
ority, and resource allocation, as well as dependency-specific attributes such
as transition probabilities and weights. The learned representations allow the
GNN to identify inefficiencies in the workflow, such as redundant dependencies,
resource bottlenecks, or delays in critical tasks.

Based on these insights, the GNN proposes structural adjustments to the
process map. For instance, it may suggest reordering tasks to minimize de-
lays, redistributing resources to underutilized tasks, or rerouting dependencies
to avoid bottlenecks. The optimization objective is typically formalized as a
combination of task-level and workflow-level goals. For example, a common
optimization target is to minimize the total cycle time:

Lcycle time =
∑

(u,v)∈P

(Tv − Tu) ,

where P represents the critical path in the workflow, and Tv and Tu are the
completion times of tasks v and u, respectively. By minimizing this objective,
the GNN ensures that tasks along the critical path are executed efficiently,
reducing the overall workflow duration.

Relevance to Process Maps: Process optimization using GNNs is partic-
ularly impactful in dynamic environments where workflows are subject to fre-
quent changes. For example, in a manufacturing plant, real-time adjustments
to task schedules can help mitigate unexpected delays or resource shortages. In
logistics networks, optimizing task dependencies across shipping hubs reduces
delivery times and improves throughput.

5.2.2 Example

Consider a logistics company where tasks include receiving packages at hubs,
sorting them, and dispatching them to their destinations. Dependencies between
these tasks are modeled as edges in the process map, with attributes such as
transition probabilities and transportation times.

Using a GNN, the company can identify inefficiencies in the workflow. For
instance, the GNN may detect that a particular sorting hub experiences fre-
quent delays due to resource constraints. By analyzing the learned embeddings,
the GNN suggests redistributing resources from an underutilized hub to the
bottlenecked hub, thereby balancing the workload. Additionally, the GNN may
propose rerouting packages through alternative hubs to minimize transportation
times, improving overall delivery efficiency.
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The impact of these optimizations can be quantified through metrics such
as cycle time reduction, resource utilization efficiency, and task completion ac-
curacy. For example, reducing the average package sorting time at bottlenecked
hubs directly contributes to shorter delivery times across the entire network. By
iteratively applying these optimizations, the GNN helps the company achieve
sustained improvements in workflow performance.

Relation to Process Maps: This example demonstrates how GNNs lever-
age process map representations to drive optimization. By integrating task-level
and workflow-level insights, the proposed framework delivers actionable recom-
mendations that improve process efficiency, reduce delays, and enhance resource
allocation. These optimizations enable organizations to respond dynamically to
changing conditions, ensuring robust and scalable workflow management.

5.3 Process Clustering and Bottleneck Detection

Graph Neural Networks (GNNs) enable advanced clustering and bottleneck de-
tection capabilities in process maps, allowing organizations to identify groups of
similar tasks or workflow patterns and pinpoint constraints that significantly im-
pact overall performance. These functionalities are essential for gaining deeper
insights into workflows and addressing inefficiencies.

5.3.1 Explanation

Process clustering involves grouping tasks based on their features and dependen-
cies, enabling the identification of patterns or similarities within the workflow.
In the GNN framework, clustering is achieved by learning embeddings for tasks
and using these embeddings to compute task similarities. For a given process
map G = (V,E), where V represents tasks and E represents dependencies, the
feature representation of each task v is learned through message passing and
attention mechanisms. The similarity between tasks vi and vj can be quantified
using a similarity metric, such as cosine similarity:

Similarity(vi, vj) =
hi · hj

∥hi∥∥hj∥
,

where hi and hj are the embeddings of tasks vi and vj .
Using these similarities, clustering algorithms such as k-means or hierarchi-

cal clustering can group tasks into clusters, revealing patterns such as recur-
ring workflows or functional groups of tasks. These clusters provide actionable
insights, such as identifying repetitive steps in a workflow or detecting high-
performing task groups.

In addition to clustering, GNNs can detect bottlenecks—tasks or dependen-
cies that constrain overall workflow performance. Bottlenecks are identified by
analyzing task delays, resource usage, and dependency weights. For example,
a task v with a high dependency weight wuv and significant delays (∆tv) is
likely to propagate its inefficiencies to downstream tasks, making it a bottle-
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neck. The GNN uses this information to flag such tasks or dependencies for
further investigation and optimization.

Relevance to Process Maps: Process clustering and bottleneck detec-
tion are particularly valuable in workflows with complex interdependencies and
dynamic resource constraints. By identifying clusters and bottlenecks, organi-
zations can streamline operations, reduce delays, and improve overall process
efficiency.

5.3.2 Example

Consider a call center workflow where tasks include answering customer queries,
escalating issues to supervisors, and resolving complaints. Using a GNN, the
tasks are represented as nodes, with dependencies modeled as edges. Task em-
beddings are learned through the GNN’s message-passing mechanism, capturing
features such as response time, query type, and escalation likelihood.

The GNN clusters tasks into functional groups, such as query resolution,
issue escalation, and complaint handling. These clusters reveal patterns in call
center operations, such as repetitive workflows for common customer queries.
Additionally, the GNN identifies bottlenecks, such as tasks with high delays or
dependencies. For instance, escalations to supervisors may be delayed due to
insufficient staffing or complex queries, creating a bottleneck in the workflow.

By addressing these bottlenecks—e.g., by reallocating resources to high-
impact tasks or streamlining the escalation process—the call center can im-
prove response times, enhance customer satisfaction, and increase operational
efficiency.

Relation to Process Maps: This example demonstrates the dual benefits
of process clustering and bottleneck detection. Clustering tasks provides a high-
level understanding of workflow patterns, while bottleneck detection identifies
specific constraints that require intervention. Together, these functionalities
empower organizations to optimize workflows comprehensively, ensuring that
both structural and operational inefficiencies are addressed.

5.4 Dynamic Process Adaptation

Dynamic process adaptation involves real-time adjustments to workflows based
on changing conditions, such as resource availability, task delays, or unexpected
disruptions. Graph Neural Networks (GNNs) excel in this domain by contin-
uously updating node and edge embeddings to reflect the current state of the
process. This capability allows GNNs to dynamically optimize workflows, en-
suring robustness and efficiency even in the face of uncertainty.

5.4.1 Explanation

Dynamic process adaptation leverages the real-time modeling capabilities of
GNNs to adjust workflows proactively. In the GNN framework, tasks and de-
pendencies are represented as nodes and edges, with their features continuously
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updated based on incoming data. For a node v, its embedding h
(t+1)
v at time

t+ 1 is computed as:

h(t+1)
v = σ

(
Wt ·AGGREGATE ({mu→v | u ∈ Nv}) + hdynamic

v

)
,

where: - mu→v is the message passed from neighboring node u to v, incorporat-
ing real-time dependency updates. - hdynamic

v is the dynamic feature vector for
node v, reflecting real-time data such as task progress or resource availability. -
σ is a non-linear activation function.

Dynamic embeddings enable the GNN to adapt workflows in real time by
re-prioritizing tasks, reallocating resources, or rerouting dependencies. For ex-
ample, if a task experiences a delay or a resource becomes unavailable, the GNN
propagates this information through the graph, allowing downstream tasks to
adjust accordingly. This ensures that workflows remain resilient and efficient
under dynamic conditions.

Relevance to Process Maps: Dynamic process adaptation is particularly
valuable for workflows in industries such as manufacturing and logistics, where
real-time decision-making is critical. By continuously updating embeddings,
GNNs provide actionable insights that enable organizations to respond proac-
tively to changing conditions, minimizing disruptions and improving operational
performance.

5.4.2 Example

In a smart manufacturing setup, sensors provide real-time data on machine
performance, such as operational status, throughput, and energy consumption.
These sensor readings are integrated into the GNN as dynamic features, up-
dating node and edge embeddings to reflect the current state of the production
line.

When a machine failure is detected, the GNN dynamically adjusts the work-
flow by rerouting tasks to alternative machines. The rerouting decision is based
on an Alternative Path Score, which quantifies the suitability of available paths:

AlternativePathScore =
∑

(vi,vj)∈AltPath

αij · wij ,

where: - αij represents the dependency weight between tasks vi and vj . - wij

quantifies the transition cost or efficiency for the edge (vi, vj). - AltPath denotes
the set of edges along the alternative path.

Based on the calculated scores, the GNN selects the most efficient rerouting
option, minimizing disruptions to the workflow. For example, if a machine
responsible for assembly fails, the GNN identifies alternative machines in the
production line and dynamically reassigns tasks based on their availability and
efficiency.

Relation to Process Maps: This example illustrates the power of GNNs in
enabling dynamic process adaptation. By incorporating real-time data into the
graph representation, GNNs provide the flexibility needed to optimize workflows

33



in response to changing conditions. In manufacturing, this capability reduces
downtime and improves throughput. In logistics, it ensures timely deliveries
by dynamically rerouting shipments when disruptions occur. Dynamic process
adaptation thus empowers organizations to maintain operational efficiency and
resilience in dynamic environments.

6 Novel Contributions and Methodologies

This section outlines the novel contributions and methodologies proposed in this
paper, emphasizing their significance in process map optimization and workflow
management. These contributions address challenges such as noisy and incom-
plete data, scalability, and dynamic adaptability, advancing the state-of-the-art
in Graph Neural Networks (GNNs) applied to process maps.

6.1 Norm-Based Feature Representation for Process Maps

To address the challenges posed by noisy and incomplete data in process maps,
this paper introduces a norm-based feature representation that enhances the ro-
bustness and interpretability of task and dependency embeddings. By leveraging
mathematical norms, the framework normalizes task-specific and dependency-
specific attributes, ensuring that the learned representations remain stable and
meaningful, even under adverse conditions.

The norm-based representation for a task v is defined as:

h(t+1)
v = σ

(
Wt · h(t)

v

∥h(t)
v ∥p + ϵ

+ hagg
v

)
,

where:

• ∥h(t)
v ∥p =

(∑d
i=1 |h

(t)
v,i|p

)1/p
is the p-norm of the feature vector h

(t)
v , with

p ≥ 1.

• ϵ is a small constant added for numerical stability.

• Wt is the learnable weight matrix for layer t.

• hagg
v is the aggregated information from neighboring nodes.

• σ(·) is a non-linear activation function.

By normalizing the feature vector h
(t)
v , the norm-based representation mit-

igates the effects of extreme or noisy attribute values, ensuring that the model
focuses on meaningful patterns in the data. The choice of p determines the
type of norm used: - p = 1: L1 norm emphasizes the sum of absolute values,
providing robustness to outliers. - p = 2: L2 norm balances all features, making
it suitable for smooth and continuous data. - p = ∞: Max norm highlights the
most dominant feature, prioritizing critical attributes.
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Benefits for Process Maps: Norm-based representations offer several ad-
vantages in the context of process maps: 1. Robustness to Noise: Normaliza-
tion ensures that noisy or incomplete task attributes do not disproportionately
influence the learned embeddings, improving the reliability of the model. 2.
Dynamic Adaptability: The framework supports real-time updates to em-
beddings, enabling the GNN to adapt to dynamic changes in workflows. 3.
Unified Feature Space: By normalizing task and dependency attributes, the
model creates a consistent representation space, facilitating downstream analy-
sis such as clustering and optimization.

Relevance to Workflow Optimization: In practical scenarios, such as
manufacturing or logistics workflows, norm-based representations enhance the
GNN’s ability to identify bottlenecks, optimize resource allocation, and min-
imize delays. For instance, in a logistics network, tasks with extreme delays
are normalized, allowing the model to focus on their relationships with up-
stream and downstream dependencies. Similarly, in manufacturing workflows,
norm-based embeddings help balance task durations and prioritize high-impact
dependencies.

This methodology provides a robust foundation for addressing the challenges
of noisy and incomplete data in process maps, ensuring that the proposed frame-
work remains effective and interpretable across diverse workflows.

7 Novel Contributions and Methodologies

This section outlines the novel contributions and methodologies proposed in this
paper, emphasizing their relevance to process map optimization and workflow
management. These contributions address key challenges such as noisy data,
dynamic adaptability, scalability, and resilience in complex workflows.

7.1 Custom Loss Function for Process Optimization

The proposed framework introduces a custom loss function that combines cycle
time reduction and critical path minimization. The loss function is defined as:

Lprocess = λ1

∑
v∈V

(
Tv − T target

v

)2
+ λ2

∑
(u,v)∈P

∥hu − hv∥2,

where:

• T target
v represents the desired task completion time for node v.

• (u, v) ∈ P indicates that the edge (u, v) lies on the critical path in the
workflow.

• λ1 and λ2 are coefficients that balance the task-specific and workflow-level
objectives.
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This loss function ensures that delays in task completion are minimized
while embedding representations along the critical path are aligned to reflect
task dependencies. By prioritizing critical tasks and bottlenecks, the GNN
effectively optimizes complex workflows.

Example: In a manufacturing workflow with hundreds of tasks, the loss
function dynamically adjusts task schedules to minimize overall cycle time while
mitigating bottlenecks along the critical path. This approach improves through-
put and reduces delays across the production line.

7.2 Spectral Graph Theory for Workflow Efficiency

Spectral methods are employed to identify modular structures within workflows,
enabling the analysis of workflow efficiency and task grouping. Efficiency is
quantified using the following measure:

ϕ(P ) =

∑
(u,v)∈EP

wuv

min{vol(P ), vol(P̄ )}
,

where:

• P represents a partition of the graph.

• wuv represents the weight of the edge (u, v) within the partition P .

• vol(P ) is the volume of the partition P , defined as the sum of edge weights
within P .

Spectral clustering enables the detection of modular structures by optimiz-
ing ϕ(P ), identifying task clusters that share similar dependencies or workflow
characteristics.

Example: In a call center workflow, spectral clustering groups similar in-
teractions, such as customer queries or complaint resolutions. This grouping
reduces delays by streamlining task allocation and ensuring that resources are
focused on high-priority tasks.

7.3 Reward Mechanism Using Reinforcement Learning

A reward mechanism based on reinforcement learning (RL) aligns process opti-
mization with key performance indicators (KPIs) such as cycle time and resource
utilization. The reward function at time step t is defined as:

Rt = γt (−ct + β1 · ResourceUtilt − β2 ·Delayt) ,

where:

• ct represents the cost incurred at time step t.

• ResourceUtilt measures the efficiency of resource utilization.

• Delayt quantifies workflow delays at time step t.
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• β1 and β2 are coefficients that balance resource utilization and delay penal-
ties.

• γ is the discount factor that prioritizes immediate rewards over long-term
objectives.

Example: In a logistics network, the reward mechanism incentivizes config-
urations that minimize delivery delays while maximizing resource throughput,
ensuring optimal task performance across the workflow.

7.4 Dynamic Embedding Update for Real-Time Adapta-
tion

Dynamic embeddings allow real-time updates to process maps, enabling work-
flows to adapt to changing conditions. For a node v, the embedding update at
time t+ 1 is expressed as:

h(t+1)
v = σ

(
Wth

(t)
v +

∑
u∈Nv

αt
vuWth

(t)
u

)
,

where:

• Wt adapts weights based on temporal data.

• αt
vu is the attention coefficient for the edge (v, u) at time t.

• Nv represents the neighbors of node v.

Example: In a smart factory, task assignments are dynamically rerouted
in response to machine failures. Real-time embedding updates ensure that task
dependencies and resource allocations are optimized based on the latest opera-
tional data.

7.5 Process Map Resilience Analysis

Resilience measures the robustness of a process map to disruptions, such as task
delays or resource unavailability. The resilience of a workflow is quantified as:

Resilience =
1

|V |
∑
v∈V

BaselineTimev
ActualTimev

,

where:

• BaselineTimev is the expected completion time of task v under normal
conditions.

• ActualTimev is the observed completion time of task v during disruptions.

Example: In a production line, resilience is evaluated by measuring recovery
time after task delays or machine downtime. A high resilience score indicates
that the workflow can quickly adapt and recover from disruptions, ensuring
minimal impact on overall performance.
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8 Experimental Evaluation

This section presents our completed experimental evaluation, demonstrat-
ing performance, scalability, and adaptability. We focus on three key enhance-
ments: (1) norm-based feature representation, (2) spectral clustering of tasks,
and (3) an RL-based optimization approach. Our results highlight the origi-
nality and effectiveness of these contributions in process map management,
in line with recent GNN-based process analytics [20, 6, 7, 12, 14] and RL-driven
scheduling [3, 2, 10, 16, 1].

8.1 Experimental Design

8.1.1 Dataset Description

We evaluate our framework on:

• Real-world dataset: About 200 business processes collected from 50
ERP users, each having 5–10 tasks, capturing task duration, resource al-
locations, and timestamps. This dataset is comparable to logs used in
supervised GNN-based process discovery [6, 7].

• Synthetic process maps: Generated to test scalability under varying
complexity and dependency structures, following standard graph sampling
guidelines [15, 14].

This combination ensures coverage of both practical and high-complexity sce-
narios, validating the GNN’s flexibility in dynamic process adaptation [8, 12].

8.1.2 Implementation Details

All code is implemented in Python, leveraging PyTorch Geometric for GNN
training [20] and Apple Silicon MPS/CPU support. Unless otherwise stated,
we use a learning rate of 0.001, batch size of 64, and dropout 0.5 for the GNN,
aligning with best practices in GNN hyperparameter tuning for process analytics
[6, 7]. Our spectral clustering and RL environment code references ideas from
recent scheduling frameworks [10, 2].

8.1.3 Evaluation Metrics

We report:

1. Next-Activity Accuracy and MCC: classification performance of our
GNN (and LSTM) in predicting upcoming tasks [20, 7].

2. Cycle Time Analysis: Mean Absolute Error (MAE) and R2 score for
cycle-time regressions, a key measure in predictive process monitoring
[7, 6].
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3. Process Mining Stats: 95th-percentile long-running cases, rare transi-
tions, deviant traces (token replay). Such metrics evaluate conformance
and tail behavior in complex logs [12].

4. RL Reward: measuring cost/delay improvements when next-activity and
resource choices are jointly optimized, inspired by multi-agent scheduling
for large-scale workflows [3, 1].

8.2 Norm-Based vs. MinMax Scaling

Motivation. In Section ??, we proposed a novel Lp-norm approach to scaling
task features, hypothesizing improved stability over standard MinMax scaling
[20, 15]. Norm-based representations can help mitigate oversmoothing in deep
GNN layers [12], but may be sensitive to data distributions.

Findings. Table 1 summarizes the GNN and LSTM results for each scaling ap-
proach. Contrary to expectation, the GNN performance under L2-norm dropped
from 96.24% to 57.43% in accuracy, and from 0.9433 to 0.5046 in MCC, relative
to MinMax scaling. Meanwhile, the LSTM remained at 82.25% in both sce-
narios. Cycle-time regression (MAE=166.39 hrs, R2 = 0.0) and process-mining
stats (519 long-running cases, 10 rare transitions, 0 deviants) were unaffected.
These outcomes suggest that MinMax scaling is more suitable for the present
dataset and GNN architecture, aligning with prior findings [20, 7] that L2-based
normalization sometimes requires further tuning or advanced norm layers.

Table 1: Norm-Based (L2) vs. MinMax Scaling. The GNN benefits
strongly from MinMax in this dataset; L2-norm leads to a sharp decline in
accuracy and MCC. Meanwhile, the LSTM is unaffected, and cycle-time regres-
sion metrics remain unchanged.

Metric MinMax L2-norm
GAT Model
Accuracy 0.9624 0.5743
MCC 0.9433 0.5046
Best Val. Loss 0.6003 0.9236

LSTM Model
Accuracy 0.8225 0.8225
Final Loss 0.4920 0.4920

Cycle Time Analysis
MAE (hours) 166.39 166.39
R2 Score 0.0000 0.0000

Process Mining Stats
Long Cases (¿95%) 519 519
Rare Transitions 10 10
Deviant Traces 0/10,366 0/10,366
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8.3 Spectral Clustering Analysis

Sub-flow Discovery. Next, we apply spectral clustering to the global ad-
jacency of tasks for analyzing sub-flow structures [8]. Table 2 presents the
outcomes for different k values. With k = 2, all tasks remain in one cluster
(avg. wait=55.77 hrs), showing the dataset’s strong homogeneity. Increasing k
to 3 or 4 yields one dominant cluster (14–15 tasks) plus small outlier clusters,
indicating minimal structural diversity in the real process logs [6].

Table 2: Spectral Clustering of Tasks for k=2,3,4. The dataset remains
mostly in one large cluster, with a few outlier tasks forming microclusters.

k Cluster Distribution Avg. Wait Time
2 All 17 tasks in one cluster 55.77 hrs
3 Main cluster: 15 tasks; 2 tasks outliers –
4 Main cluster: 14 tasks; 3 tasks outliers –

Cluster as a GNN Feature. To examine potential gains, we incorporate
cluster IDs (from k = 3 or k = 4) as an extra feature in our GNN input.
Table 3 shows that GNN accuracy improves from 57.43% to 62.15% (+4.72%),
while MCC rises from 0.5046 to 0.5381. These results echo the importance of
global adjacency insights for local next-activity prediction [20, 8], as spectral
memberships help identify cohesive sub-flows and outlier tasks.

Table 3: GNN Accuracy/MCC with and without Spectral Cluster Fea-
ture. Adding the cluster ID improves classification performance.

Method Accuracy MCC Val. Loss
Original GAT (no cluster) 0.5743 0.5046 0.9236
+Spectral Feature 0.6215 0.5381 0.9156

8.4 Reinforcement Learning for Next-Activity and Re-
source Optimization

RL Environment and Rewards. Beyond next-activity prediction, we intro-
duce a novel RL-based scheme to simultaneously decide (1) the next activity
and (2) resource assignment, balancing cost and delay. Our custom Q-learning
environment penalizes execution cost and queueing time, awarding small posi-
tive rewards for effective throughput. This approach extends earlier RL-driven
workflow optimization [3, 2, 1] by incorporating GNN-based embeddings for
more accurate state representations.

Results. We trained the RL agent for 30 episodes on 17 states. Table 4 com-
pares the final reward range with a naive baseline policy. The agent discovered
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partial improvements, achieving rewards up to +0.52. Although many episodes
remained negative (due to heavy cost/delay penalties), surpassing the baseline’s
typical −120 range suggests the RL agent learned more efficient scheduling from
its GNN-encoded states [10, 1].

Table 4: RL Policy vs. Baseline Schedules.
Policy Final Reward Range Max Reward
Naive Baseline -400 to -50 -120 (typical)
RL Q-Learning -315.21 to +0.52 +0.52

8.5 Comparison of Experimental Variations

To visually summarize the experimental variations, we generated two key plots
comparing:

• A1 vs. A2: MinMax scaling (A1) vs. L2-based normalization (A2) [20].

• B1 vs. B2: Base GNN (B1) vs. Enhanced GNN with spectral cluster
features (B2) [8].

Figure 1: Side-by-side comparisons of (A1 vs. A2) and (B1 vs. B2). The
left sub-figure shows MinMax outperforms L2-norm in terms of Accuracy, MCC,
and Validation Loss, while the right sub-figure highlights how incorporating
cluster features improves GNN performance.

A1 vs. A2 (MinMax vs. L2). The left sub-figure in Figure 1 confirms
our numerical findings: MinMax scaling significantly outperforms L2-based nor-
malization for the GNN model. Accuracy stands at approximately 96% under
MinMax compared to 57% for L2, and MCC likewise drops from 0.94 to 0.50.
These substantial gaps corroborate Table 1, showing that L2 scaling did not
align well with this dataset, consistent with [20, 7] observations.
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B1 vs. B2 (Base vs. Enhanced GNN). The right sub-figure in Figure 1
compares the baseline GNN (≈ 57.43% Accuracy, 0.5046 MCC) to the enhanced
GNN with spectral cluster features (≈ 62.15% Accuracy, 0.5381 MCC). We see a
clear improvement in both metrics, mirroring our earlier observation in Table 3,
where Validation Loss also shows a slight reduction (from 0.9236 to 0.9156).
This highlights the benefit of incorporating global sub-flow knowledge through
spectral memberships for next-activity classification [8, 6].

Figure 2: Detailed GNN performance comparison: Base vs. Enhanced
Model. The green bars denote the enhanced model’s higher accuracy (∼ 62%
vs. ∼ 57%) and improved MCC (∼ 0.54 vs. ∼ 0.50).

Figure 2 provides a more focused visualization of the Base GNN versus the
Enhanced GNN. The Enhanced model exhibits a clear margin of improvement
over the baseline in Accuracy, MCC, and a modest gain in Validation Loss.
These graphical comparisons reinforce our claim that embedding cluster-based
features can yield more effective GNN representations for next-activity predic-
tion [20, 6].

Overall, the plots in Figures 1 and 2 visually substantiate our numeric re-
sults, underscoring three main conclusions:

1. MinMax scaling remains a strong default approach for this dataset and
GNN architecture, while L2-norm may require additional tuning or adap-
tation [20, 7].

2. Spectral cluster information confers notable gains in classification metrics,
demonstrating the value of global adjacency insights for local next-activity
predictions [8].

3. The Enhanced GNN consistently surpasses the baseline in both Accuracy
and MCC, validating our novel integration of sub-flow cluster features [6].

Thus, the visual evidence aligns with the detailed tables and confirms that
each proposed enhancement plays a distinct, beneficial role in achieving robust
process map intelligence.
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8.6 Discussion of Results and Novel Contributions

The experiments confirm three major findings:

1. Norm-Based Representation can be dataset-dependent. In this dataset,
MinMax scaling outperformed our L2 approach by a large margin for the
GNN, suggesting that L2-norm may require distribution-specific tuning
or advanced hyperparameter choices [20, 7]. The LSTM was unaffected,
indicating a difference in how GNNs handle feature magnitudes.

2. Spectral Clustering and Cluster Features revealed a dominant sub-
flow structure with limited outlier tasks. Adding cluster labels to the
GNN features significantly improved classification accuracy, reinforcing
the importance of global graph context for next-activity prediction [8].

3. RL for Next-Activity + Resource Allocation demonstrated a novel
cost/delay optimization strategy, achieving better-than-baseline rewards
and showcasing the feasibility of joint scheduling in process mining [3, 1].
This highlights the originality of combining GNN-based process modeling
with RL-based decisions for real-time resource usage improvement.

Overall, our approach extends beyond standard next-activity prediction, in-
tegrating spectral sub-flow knowledge and an RL-driven allocation pol-
icy. These results establish a robust foundation for advanced process map opti-
mization, emphasizing both originality and practical efficacy across complex
workflows [6, 15].

9 Discussion and Limitations

This section outlines the strengths, challenges, and limitations of the proposed
GNN framework for process maps, providing a balanced assessment of its capa-
bilities and areas for improvement.

9.1 Strengths of the Framework

9.1.1 Versatility

The framework can be applied across diverse industries, including manufactur-
ing, logistics, and customer service, demonstrating its adaptability to various
types of workflows and datasets.

9.1.2 Scalability

By incorporating techniques like mini-batching, graph sampling, and distributed
training, the framework effectively handles large-scale process maps with tens
of thousands of tasks, ensuring feasibility for real-world applications.
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9.1.3 Robustness

Through mechanisms such as dropout, weight decay, and attention, the frame-
work achieves strong generalization performance, even when dealing with noisy
or incomplete data. It reliably identifies critical tasks and dependencies, ensur-
ing actionable insights.

9.1.4 Interpretability

The use of attention mechanisms and norm-based representations enhances the
interpretability of the results, allowing stakeholders to understand the rationale
behind process optimization recommendations.

9.2 Challenges and Limitations

9.2.1 Data Quality and Availability

The framework’s performance is highly dependent on the quality and avail-
ability of process data. In many industries, process maps may be incomplete,
inconsistent, or poorly documented, leading to suboptimal results.

9.2.2 Computational Complexity

While scalable, the framework’s computational requirements may still pose chal-
lenges for resource-constrained environments, particularly when working with
extremely large or dynamic process maps.

9.2.3 Generalization Across Domains

Although versatile, the framework may require domain-specific adaptations,
such as customized feature engineering or task-specific loss functions, to achieve
optimal performance in new industries or workflows.

9.2.4 Real-Time Adaptation

Dynamic process adaptation relies on real-time data availability and computa-
tional efficiency. Delays in data collection or processing could limit the frame-
work’s effectiveness in rapidly changing environments.

The discussion highlights the balance between the framework’s strengths and
its limitations, providing a foundation for future research and improvements.
By addressing the identified challenges, the framework can further enhance its
applicability and impact across industries.
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10 Conclusion and Future Work

10.1 Summary of Contributions

In this paper, we proposed a novel GNN-based framework for modeling, analyz-
ing, and optimizing process maps. Key contributions of the framework include:

• A comprehensive graph representation of process maps that captures task
dependencies and resource allocation dynamics.

• A versatile Graph Neural Network (GNN) architecture leveraging atten-
tion mechanisms and norm-based representations to improve interpretabil-
ity and optimization accuracy.

• Scalable and robust training settings, ensuring applicability to large-scale
workflows and dynamic environments.

• Innovative methodologies, such as custom loss functions, spectral graph
theory, and dynamic embedding updates, tailored for process optimization
tasks.

10.2 Future Directions

Future work will explore the following areas:

1. Real-time scalability for dynamic process maps, focusing on efficient adap-
tation to changing conditions.

2. Domain-specific enhancements, including tailored features and loss func-
tions, for specialized industries such as healthcare and finance.

3. Extensive benchmarking with larger datasets and comparisons with state-
of-the-art methods to validate the framework’s effectiveness and scalabil-
ity.

4. Integration with reinforcement learning frameworks to enable adaptive
decision-making and long-term process optimization.

By addressing these directions, the proposed framework aims to establish
itself as a foundational tool for process map optimization, driving improvements
across a wide range of industries.
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