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Abstract

The optimization of complex processes in industries such as manufacturing, logistics, and software
engineering is crucial for improving efficiency, reducing costs, and enhancing product quality.
Traditional optimization methods, such as linear programming, genetic algorithms, and simulation-
based approaches, often face challenges in handling large datasets, non-linear task dependencies, and
time-varying constraints. This paper proposes the use of Graph Neural Networks (GNNs) to optimize
process structures by modeling them as graphs, where tasks are nodes and dependencies are edges.
GNNs offer the ability to learn optimal process workflows by capturing both spatial and temporal
dependencies within the data. The research explores the potential of GNNs for real-time process
optimization, comparing their performance with traditional methods in terms of efficiency, scalability,
and adaptability. Experimental results from case studies in manufacturing and supply chain optimization
demonstrate that GNN-based optimization leads to significant improvements in makespan reduction,
cost reduction, and resource utilization. This study highlights the effectiveness of GNNs as a novel
approach to process optimization and provides a theoretical framework for their application in real-
world industrial settings.

Keywords: Process Optimization, Graph Neural Networks (GNNs), Task Scheduling, Resource
Allocation, Manufacturing, Supply Chain, Real-Time Optimization, Cost Reduction, Efficiency,
Scalability.

1. Introduction

Process optimization is crucial across industries such as manufacturing, logistics, and software
engineering. Optimizing processes leads to increased efficiency, reduced costs, and improved quality.
For instance:

o In manufacturing, optimizing production schedules, resource allocation, and task
dependencies reduces idle time and enhances throughput.

o In logistics, optimizing supply chains and transportation routes helps reduce fuel costs,
delivery times, and carbon footprints.

o In software engineering, optimizing development workflows and resource usage results
in faster time-to-market and reduced operational costs.
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Traditional optimization methods include techniques such as linear programming, genetic algorithms,
and simulation-based optimization. While these methods have been widely used, they often struggle
with complex, dynamic processes that involve:

o Large datasets with high dimensionality.
o Non-linear dependencies and uncertainties between tasks.

o Time-varying constraints that traditional optimization methods cannot efficiently adapt
to.

Additionally, the computational complexity of traditional methods increases as the scale of the process
grows, making them less practical for real-time optimization.

e Introduction to Graph Neural Networks (GNNs) and Their Role in Modern Machine Learning:

GNNs represent a breakthrough in machine learning, especially in modeling graph-structured data.
Unlike traditional methods that rely on fixed structures, GNNs can learn and generalize from graph data,
capturing spatial and temporal dependencies between nodes (tasks) and edges (dependencies). Recent
advances in GNNs have proven successful in applications like social network analysis, molecular
chemistry, and recommendation systems. Their ability to model complex relationships makes them a
promising tool for process optimization, where tasks and dependencies can naturally be represented as

graphs.
1.1 Problem Statement

The optimization of complex processes requires the ability to dynamically adjust to changes in process
conditions. Traditional methods struggle to handle the complexity and scalability of real-world
processes. This paper proposes using Graph Neural Networks (GNNs) to learn and optimize process
structures, addressing the inefficiencies and limitations of traditional optimization techniques.

1.2 Research Objective

The primary objective of this research is to explore how GNNs can be leveraged to learn optimal process
structures and provide real-time optimization. Specifically, the paper investigates the following
questions:

e How can GNNs model complex process workflows and dependencies?
o What are the potential benefits of using GNNs over traditional optimization methods?
e How can the learning process be optimized for real-time applications?
1.3 Contribution of the Paper
This paper introduces a novel approach by applying GNNs to process optimization. It offers:
o Atheoretical framework for representing processes as graphs and optimizing them using GNNs.

e A comparison of GNN-based optimization with traditional methods in terms of efficiency,
scalability, and adaptability to real-world complexities.
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o Experimental results demonstrating the practical applicability of GNNs in optimizing real-world
processes across various industries.

1.4 Theoretical Framework
Graph Representation of Processes

e Process as Graphs: In real-world applications, processes can be naturally represented as graphs.
Each task or operation is represented as a node, while edges represent the dependencies or
relationships between tasks. For example, in a manufacturing process, one task may depend on
the completion of another, forming a directed graph structure.

o Nodes: Represent tasks, actions, or events.

o Edges: Represent dependencies between tasks (e.g., one task must be completed before
another can start).

o Edge Weights: Could represent the time delay between tasks or the resource cost required
to complete a task.

This structure is advantageous as it captures both temporal and spatial dependencies that are crucial for
process optimization. A graph representation allows the model to exploit these dependencies to make
decisions that minimize overall completion time, resource usage, and cost.

Graph Neural Networks for Process Optimization

e Mechanism of GNNs for Learning Optimal Structures: GNNs operate by propagating
information across nodes through message passing. Each node aggregates information from its
neighbors, allowing the model to capture dependencies in the graph. This message-passing
process enables the network to learn the optimal task ordering, resource allocation, and
scheduling decisions that minimize completion time and cost.

The process typically involves:

o Input Layer: Each node (task) receives its features (e.g., task duration, resource
requirements).

o Hidden Layers: Graph convolutions aggregate information from neighboring nodes.

o Output Layer: The model produces an optimal structure (e.g., task schedule or resource
allocation).

Formal Definition of the Optimization Problem:

The optimization problem can be defined as minimizing a cost function C, which represents the total
cost of completing a set of tasks while respecting dependencies:

m

n
i=1 j=1

Where:
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o Tjrepresents the time associated with task i,

o Rjrepresents the resource cost associated with task j.

I Duration: 2h/3h/1h/4h/2.5h/1.5h/3h/2h
Resources: machine1/worker1/machine2/worker2
— Dependency type: precedence/time lag 1h

precedence precedence precedence precedence

precedence time lag 1h time lag 1h

precedence precedence precedence

precedence 1h precedence 4h precedence 2.5h time lag 1h

precedence precedence precedence

Fig. 1.1: Theoretical Framework

o Graph Representation: Show how a real-world process is mapped onto a graph (nodes =
tasks, edges = dependencies).

o GNN Process: Depict the message-passing mechanism in a GNN, where each node
updates its state based on neighboring nodes’ states.

o Optimization Output: The final output of the model, such as the optimized task sequence,
resource allocation, or cost minimization.

2. Literature Review
2.1 Process Optimization Techniques

Traditional process optimization encompasses operations research techniques tailored for industrial
efficiency, prominently featuring linear programming (LP) which solves continuous or integer programs
via simplex for static allocation but buckles under combinatorial explosion in dynamic task graphs with
precedence constraints, as LP assumes linearity absent in real mfg/logistics (Nourian et al., 2023;
Cappart et al., 2023). Simulation-based optimization employs discrete-event or agent-based models to
probe stochastic environments, valuable for supply chain variance but computationally prohibitive for
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real-time due to 1075+ iterations per scenario (Li et al., 2023; Gavris & Sun, 2024). Genetic algorithms
(GA) mimic Darwinian evolution with crossover/mutation on chromosome-encoded schedules,
surpassing LP in multi-modal landscapes like job-shop but cursed by premature convergence and O(pop
x gens x n"2) scaling where n=tasks>50 renders impractical for large-scale (Li et al., 2024; Franceschi
et al., 2019). Challenges plague these: comp complexity surges exponentially with graph density
(Quattromini, 2024), scalability falters beyond 100 nodes sans approx (Yu et al., 2019), hyperparam
sensitivity demands manual tuning (Gasse et al., 2019), and static formulations ignore temporal drifts in
live procs (Chen et al., 2020). Pham & Li (2024) note power flow opt where GA times 10x LP yet
suboptimal; Yau et al. (2024) prove approx bounds poor for graphs.

2.2 Graph Neural Networks (GNNs)

GNNs revolutionize graph ML by parameterizing permutation-equivariant functions through nodes
(feats h v € RAd), edges (adj/attrs e uv), and layered message passing ml, =
MSG(h', hL, e, v), hstt = UPD(hL, AG GuEN(U)mfw) with AGG=mean/sum/LSTM for scalable neigh
sample (Chen & Li, 2025; Ma et al., 2019). Core variants: GCN spectral conv (Gasse et al., 2019), GAT
attn a;; = \softmax(LeakyReLU (a[W h; || Wh;])) for rel importance (Liu et al., 2025), GraphSAGE
inductive sampling (Liu et al., 2023). Apps abound: chem QSARS/mol des (Li et al., 2021; Yuan, 2024),
soc link pred/embed (Vatter et al., 2023), ind fluid/particle sim (Quattromini, 2024; Teichteil-
Konigsbuch et al., 2023). Biomed graph sig proc reviews efficacy on bio nets (Li et al., 2021); facility
loc pareto GNN end2end (Liu et al., 2023). Dist sys evo enables TB-scale train (Vatter et al., 2023);
factor GNNs aug factor graphs (Zhang et al., 2020). Hyperopt via tree-GA boosts mol pred (Yuan et al.,
2021); NAS graph Bayes deep arch (Ma et al., 2019). Robust struct learn resists perturb (Jin et al., 2020);
topo opt lattice AM (Zhang & Lin, 2025).

2.3 GNNs in Process Optimization

GNNs advance process opt via surrogate/combinatorial solvers: truss des GNN surrogate cuts evals
100x (Nourian et al., 2023); comb opt reasoning JMLR survey GNN-ML hybrids (Cappart et al., 2023);
steel reinf GNN+GA auto des (Li et al., 2023); topo opt reg thresh GNN (Gavris & Sun, 2024). IPPS
DRL-GNN sched (Li et al., 2024); discrete struct learn ICML (Franceschi et al., 2019); fluid mech data-
assim opt diss (Quattromini, 2024); DAG-GNN struct learn ICML (Yu et al., 2019); exact comb GCNN
NeurIPS (Gasse et al., 2019). Iter deep graph robust embed NeurIPS (Chen et al., 2020); power flow
GNN accel arXiv (Pham & Li, 2024); GNN approx algos NeurIPS (Yau et al., 2024); RL-GNN attn
supply route Sensors (Wang & Liang, 2025). RC-sched ICAPS fast GNN (Teichteil-Konigsbuch et al.,
2023); factor GNN NeurIPS (Zhang et al., 2020); tree-GA hyp opt GNN CEC (Yuan et al., 2021); unif
comb opt GNN arXiv (Jin et al., 2024); struct learn robust KDD (Jin et al., 2020); lattice AM topo GNN
(Zhang & Lin, 2025); hetero GNN flex job shop Appl Sci (Peng et al., 2025); GNN2GNN gen nets UAI
(Agiollo & Omicini, 2022); proc ind RL-GNN YAC (Wu & Wang, 2024). Findings: 20-50% speed/acc
gains vs trad, interpretable attn. Gaps: few real-time dyn procs, hetero temporal gaps, limited ind
benchmarks; opps: RL-hybrid, edge-deploy.

3. Methodology

Methodology integrates graph rep, GNN arch, multi-loss train, CV eval for process opt (Fig 3.1
framework). Data: 1200 graphs (mfg 200 Kaggle, SC 1000 SupplyGraph); feats 5-8/node norm z-score.
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M DATA
1200 graphs, Mfg:200,
SC:1000
Feats:5-8/node

44 MULTI-LOSS OPT
A=[0.5,0.3,0.2]
Time MSE(0.5)
Cost MSE(0.3)
Graph Edit(0.2)

" EMALUATION
5-fold CV
Acc=0.90

Eff Gain=25%
F1 Struct=0.90

. Data Splits:70/15/15
Hyperparam
Opt:Bayesian

(Optuna 100 trials)

Fig. 3.1: Methodology Framework

3.1 Data Collection & Preprocessing

Sources: Mfg polys reg, SC FMCG groups/prods. Steps: (1) Extract feats (dur/cost/res/lead/demand);
(2) Build G=(V,E) V=tasks/nodes E=deps/flows; (3) Norm x' = (x — @)/0; (4) Pos enc sin/cos.

Table 3.1: Preproc Pipeline

Step Operation Output Example
1. Collection Kaggle/SupplyGraph Raw CSV/JSON
2. Feat Ext Dur, Cost, Res, Lead [48h,2028%,8res]
3. Graph Build Adjacency/Feats G(50n,120e)
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4. Norm/Aug Z-score, RandWalk u=0,0=1

Splits 70/15/15, 5-fold CV.
3.2 GNN Model Architecture

GAT: a;; = softmax(LeakyReLU (al [Wh; || Wh;])); 4 layers, 128 hid, 4 heads, dropout 0.2. Pool
global mean; pred adj/dur via MLP.

Table 3.2: Arch Specs

Layer Type Dim In/Out Heads Act

0 GATConv 8—64 4 ReLU
1 GATConv 64—128 4 ReLU
2 GATConv 128—128 4 ReLU
3 GlobalPool 128—64 - -

4 MLP Dec 64— E

Hyparam grid Table 4.3 (opt 0.09 loss).
3.3 Loss Function & Optimization

L =AMMSE(T) + A,MSE(C) + A;GEdist(A,A") 2=[0.5,0.3,0.2]; AdamW Ir=0.001 wd=1e-4, sched
ReduceLR 0.5@10pat.

Table 3.3: Loss Hyparams

Term A Weight Reason

Time MSE 0.5 Primary eff

Cost MSE 0.3 Eco impact

Graph Edit 0.2 Struct fidelity
3.4 Training Strategy

200 epochs, batch32, early@?20pat val-loss; SCV strat graph-size. Tune Bayesian (Optuna 100trials).
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3.5 Evaluation Metrics & Ablation
Acc (pred opt=1), Eff% = 100*(1-baseline/GNN), F1 struct match; ablate attn/edges/skips (Table 6.4).

Table 3.4: Metrics Defs

Metric Formula Target
Acc TP/(TP+FP) >0.90
Eff Gain% 100*(Base - GNN)/Base >25%
F1 2PR/(P+R) struct >0.90

Ablations: 10% drop no-graph.
Res: A100/PyTorch2.1/PyG2.5 (Table 5.3).
4. Experimental Setup

Experiments validate GNNs on manufacturing (12-task line from Kaggle polys) and supply chain (10-
node net from SupplyGraph FMCG benchmark, 40 prods/groups). Dual A100 GPUs train GAT/GCN
models (PyG/PyTorch); baselines: GA/ILP/sim.

4.1 Case Study 1: Manufacturing Optimization
Camshaft-like grinding line: tasks (prep to QC), graph nodes=12 tasks (feats: dur/res/cost),
edges=precedence (density 0.1). GNN optimizes schedules/resources; 25% makespan red via

parallel/attn.

Table 4.1: Mfg Data & Results (12 Tasks)

Task Descript | Orig Orig Orig GN | GNN GNN Makes | Data
ion Duratio | Resour | Cost k | N Resour | Cost k | pan set
n_h ces USD Opt | ces USD Red % | Sour
Dur ce
_h
MfgTas | Raw Mat | 46 9 15.5 7 7 7.0 20.4 Kagg
k1 Prep le
Poly
MfgTas | Cutting | 36 9 13.6 11 8 19.5 31.6 Kagg
k2 le
Poly
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MfgTas | Welding | 22 4 10.8 25 16.4 22.1 Kagg
k3 le
Poly
MfgTas | Assembl | 15 7 17.2 13 19.0 20.6 Kagg
k4 yl le
Poly
MfgTas | Painting | 28 6 7.8 22 18.3 259 Kagg
k5 le
Poly
MfgTas | Inspecti | 46 3 10.8 8 13.6 17.8 Kagg
k6 onl le
Poly
MfgTas | Machini | 26 9 12.3 29 18.7 31.0 Kagg
k7 ng le
Poly
MfgTas | Assembl | 30 7 14.1 18 54 16.5 Kagg
k8 y2 le
Poly
MfgTas | Quality | 18 3 20.7 13 7.1 34.7 Kagg
k9 Check le
Poly
MfgTas | Packagi | 18 6 9.0 30 4.7 30.4 Kagg
k10 ng le
Poly
MfgTas | Shipping | 31 2 15.3 6 9.2 19.0 Kagg
k11 Prep le
Poly
MfgTas | Final QC | 43 11 16.8 24 10.2 15.1 Kagg
k12 le
Poly

Avg makespan 120h (GNN) vs 165h LP; res util 92%.

4.2 Case Study 2: Supply Chain Optimization
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FMCG net (prods/plants/WH); nodes=10 (feats: leadtime/demand/group S), edges=flows (hetero). GNN
routes/inventory; 32% cost red, 15% vol inc.

Table 4.2: SC Data & Results (10 Nodes)

Node Typ | Orig Orig Dema | GNN GNN Co | Vo | SupplyGr
e LeadTim | Cost_ kU | nd LeadTim | Cost kU |st |1 aph Feat
ed SD Units |e d SD Re |In
d c
% | %
Supplier | Sup | 13 46.6 9110 11 37.0 32. 19.6 | Group S
A p 7
Supplier | Sup | 19 44.0 4840 11 16.0 37. |1 13. | Group S
B p 4
Plant1 Pla | 10 28.0 2028 13 21.1 36. | 21. | Group S
nt 1 4
Plant2 Pla |5 13.8 8385 14 322 23. | 22. | Group S
nt 7 2
WHI W |5 24.8 1502 |4 15.3 37. | 5.1 | Group S
H 9
WH2 W |3 36.8 7910 8 10.5 30. | 15. | Group S
H 8
Distl Dis |7 36.6 7938 |2 17.3 36. | 13. | Group S
t 1 3
Dist2 Dis | 12 33.7 5488 5 13.2 37. 194 | Group S
t 9
Retl Ret |9 21.0 1206 14 37.8 26. | 7.4 | Group S
4
Custome | Cus | 11 324 6134 |5 33.9 22. | 11. | Group S
X t 2

Total cost 245kUSD (GNN) vs 310k GA.

Table 4.3: Resources
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Component Spec
Hardware NVIDIA A100 x2
GPU 40GB
RAM 128GB
Software PyTorch 2.1
Libl PyG 2.5
Lib2 DGL 1.1
Batch Size 32 graphs
Time/Run 1.8h

Table 4.4: Baselines

Method Mfg Mfg SC Total | SC Runtime_min
Makespan_h | Cost KUSD | Cost kUSD LeadTime d

GNN GAT | 120 85.2 245 8.2 108

GCN 135 92.1 267 9.1 120

Genetic 150 105.4 310 11.5 450

Algo

LP Solver 110.2 295 10.8 320
Simulation | 142 98.7 278 9.8 210

5. Results and Discussion

This section presents a thorough analysis of the model performance across different experiments. It
covers the performance of models tested, statistical analysis, variability in the results from repeated runs,
and the findings from the ablation and hyperparameter tuning experiments. Each of these elements is
crucial for understanding the overall effectiveness and robustness of the models evaluated.

5.1 Model Performance (20 Runs, Stats)
GAT mean eff 28.7£1.2%; p<0.001 vs all.

Table 5.1: Comparison w/ Means/Std/p (Key Metrics Avg)
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Model Mfg Mfg SC SC Acc (£) | Eff% Runtime _m
Makespan_ | Cost_kUS | Cost_kUS | Lead_ @) in
h D () D (%) d®@)
(meanzstd)

GNN GAT | 120.242.1 85.2+1.8 245+4.3 8.2+0.4 | 0.95+0.0 | 28.7+1. | 108

2 2
GCN 134.8+2.5 92.1£2.0 267+5.1 9.1£0.5 | 0.94+0.0 | 26.1£1. | 120
3 4

GraphSAG | 145.1£3.2 98.3+2.2 278+6.2 9.8£0.6 | 0.92+0.0 | 22.5+1. | 135
E 4 6

Genetic 164.5+4.1 110.5£3.5 | 310+8.4 11.54£0. | 0.82+0.0 | 15.2+2. | 450

9 5 1
LP 180.2+4.8 115.2+4.0 | 295+7.1 10.8+0. | 0.79+0.0 | 10.1£2. | 320
8 6 3

Simulation | 156.44+3.9 105.4+£3.2 | 267.4+6.8 | 10.2+0. | 0.85+0.0 | 18.3%1. | 210

7 4 9
400 1 ™= Mfg Makespan v
Mfg/SC cost =
., 300 Genetic £
L, O
] )~
S 200- 9
= 200 =
=
100 - Acc ©
= : 2

0 r

GAT, GCN, GraphSAGE, Genetic, Eff  Runtime
Genetic, LP, Simulation

Graph 5.1: Comparison w/ Means/Std/p (Key Metrics Avg)

The performance of the models was evaluated over 20 runs to assess their consistency and efficiency.
The key metrics compared include manufacturing makespan, manufacturing cost, supply chain (SC)
cost, supply chain lead time, accuracy, efficiency percentage, and runtime. From the results, the GNN
GAT model outperforms all other models in terms of both efficiency and accuracy. The GNN GAT model
achieves a makespan of 120.2 + 2.1 minutes and an efficiency of 28.7 + 1.2%, which is statistically
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significant when compared to the other models. The GNN GAT model also demonstrates the best
accuracy (0.95 £ 0.02), further reinforcing its superior performance. The manufacturing cost for GNN
GAT is 85.2 £ 1.8 kUSD, which is comparatively lower than the other models. Additionally, it maintains
a reasonable runtime of 108 minutes. In contrast, the Genetic and LP models show significantly poorer
performance. The Genetic algorithm, for instance, has a much higher manufacturing makespan (164.5
+ 4.1 minutes) and manufacturing cost (110.5 + 3.5 kUSD), as well as lower efficiency (15.2 + 2.1%)).
Similarly, the LP model also underperforms in terms of efficiency and cost, with an efficiency of only
10.1 £+ 2.3% and a runtime of 320 minutes.

5.2 Statistical Analysis

Table 5.2: Tests (20 Runs)

Test t-stat p-value Effect Size (Cohen d)
GAT vs Genetic 12.4 <0.0001 2.8 (large)

GAT vs LP 15.2 <0.0001 3.4

Eff Gain 95% CI - - 27.5-29.9%

GAT vs Genetic -

wv
G
2
] GAT vs LP A1
&
Q 27.5-29.9%

Eff Gain 95% Cl

0 25 50 75 800
Effect Size

Graph 5.2: Tests (20 Runs)

The statistical analysis was conducted to determine if the observed differences in performance between
the GAT model and the other models were statistically significant. The t-tests and effect size calculations
reveal that the improvements observed in GAT are not only statistically significant but also substantial.
For example, when comparing GAT to the Genetic model, the t-statistic is 12.4 with a p-vale less than
0.0001, indicating a significant difference in their performance. Similarly, when comparing GAT to LP,
the t-statistic is 15.2 with a p-value less than 0.0001, which further confirms that GAT performs better
in terms of both efficiency and accuracy. The effect size (Cohen’s d) for both comparisons is large, with
values of 2.8 for GAT vs Genetic and 3.4 for GAT vs LP, indicating a high magnitude of difference in
performance. Additionally, the Eff Gain 95% Confidence Interval (CI) indicates that the efficiency gain
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for GAT is consistent, ranging from 27.5% to 29.9%, further demonstrating the robustness of the GAT
model’s superior performance.

5.3 Run Variability Sample

Table 5.3: Mfg Makespans (5 Runs x 5 Tasks)

Run MfgTask1 MfgTask3 MfgTask7 MfgTask9 Avg
Runl 118.3 122.1 119.4 121.2 120.3
Run2 117.9 123.5 118.7 120.8 120.2
Run3 121.6 119.8 122.3 118.9 120.7
Run4 119.2 121.4 120.1 122.5 120.8
Run5 122.4 118.6 121.5 119.7 120.6

[

—e— |as
100 - Task 3 e =

- Task 7

=
8 751 —e— Task9
0 —— Run Average
é 50
25 —e— Runs
—e— Makespan
0.‘ L T T ] ]
1 2 3 4 5
Run 1-5

Graph 5.3: Mfg Makespans (5 Runs x 5 Tasks)

In order to assess the consistency and stability of the GAT model, the variability in the manufacturing
makespan across five different runs was analyzed. The results show that the makespan remains highly
consistent across the five runs, with minimal variation in the task performances. For example, for
MfgTask1, the makespans range from 117.9 to 122.4 minutes, and for MfgTask9, the makespans range
from 118.6 to 122.5 minutes. This demonstrates that the GAT model is not only efficient but also stable
in its performance, making it a reliable choice for real-world deployment.

5.4Ablation & Hyperparam

Table 5.4: Full Ablation (Means +std)
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Variant Acc () Eff% (¥) F1 (%) Notes
Full GAT 0.95+0.02 28.7+1.2 0.94+0.02 Baseline
No Attention 0.89+0.03 24.2+1.5 0.87+0.03 -15% eff drop
No Edges 0.82+0.04 18.5£2.0 0.80+0.04 Topology loss
No Skips 0.91+0.02 25.1+£1.3 0.89+0.02 Grad issues
MLP Base 0.76+0.05 12.4+£2.4 0.74+0.05 No graph
80 =
Acc
7 0
® F1
g Y
25 40 -
S o
s
4
i
el 20 -
<<
0

Full GAT, No Attention, No Edges, No Skips, MLP Base

Graph 5.4: Full Ablation (Means *std)

The ablation study conducted in this section investigates the impact of removing key components and
features from the GAT model to understand how each element contributes to its performance. The results
from these experiments highlight the significance of specific components in determining the efficiency
and accuracy of the model.

o Full GAT: The baseline model, which includes all components (attention, edges, and skips),
achieves the best performance, with an accuracy of 0.95 + 0.02 and an efficiency of 28.7 = 1.2%.

e No Attention: When the attention mechanism is removed, the model’s performance drops
significantly, with efficiency falling by 15%, showing the importance of the attention mechanism
in improving efficiency.

e No Edges: Removing edges from the graph leads to a significant loss in topological information,
which negatively impacts the model’s performance. The efficiency drops to 18.5 + 2.0%.

e No Skips: The removal of skip connections leads to some efficiency loss (25.1 = 1.3%),
indicating that skip connections help to mitigate gradient issues and enhance model performance.
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e MLP Base: When the graph structure is completely removed, and the model is reduced to a
Multilayer Perceptron (MLP), the performance is drastically reduced. The model achieves an
accuracy of only 0.76 £ 0.05 and an efficiency of 12.4 £+ 2.4%, underscoring the importance of
using graph-based models for optimal performance.

These results show that each component of the GAT model contributes significantly to its overall
effectiveness, and removing any of these components negatively impacts its performance.

The results indicate that the GNN GAT model is the most effective and efficient model across all tested
scenarios, providing the best balance between efficiency, accuracy, and cost. The statistical analysis
confirms the robustness of its performance, with significant improvements over the other models. The
variability analysis demonstrates that the model performs consistently across different runs, making it a
reliable choice for real-world applications. Finally, the ablation study highlights the critical role of
components like attention mechanisms, edges, and skip connections in achieving optimal performance,
making the GAT model highly effective for process optimization tasks.

6. Conclusion

This research paper demonstrates the effectiveness of Graph Neural Networks (GNNs) for optimizing
complex processes across industries such as manufacturing and supply chain management. Traditional
optimization techniques, including linear programming, genetic algorithms, and simulation-based
optimization, face significant challenges when dealing with large-scale, dynamic, and non-linear
processes. By representing processes as graphs—where tasks are nodes and dependencies are edges—
GNN s leverage their ability to learn and generalize from graph-structured data, capturing both spatial
and temporal dependencies within the process structure. Through case studies on manufacturing and
supply chain optimization, we showed that GNNs significantly outperform traditional methods.
Specifically, GNN-based optimization led to a reduction in process completion times, better resource
allocation, and cost reduction in real-world scenarios. The results highlighted an average 28.7%
improvement in efficiency, showcasing how GNNs can effectively streamline process flows by
dynamically adjusting task scheduling and resource allocation based on learned dependencies.
Furthermore, the scalability and real-time adaptability of GNNs suggest their potential for application
in industries that require continuous optimization and responsiveness to changing conditions. The
theoretical framework established in this paper provides a foundation for the application of GNNs in
process optimization, addressing many of the limitations found in traditional methods. Despite these
successes, challenges remain, particularly with scalability in large, complex processes and the need for
hybrid models combining GNNs with reinforcement learning or other techniques to enhance real-time
performance. Future research should focus on refining these aspects to maximize the potential of GNNs
for broader industrial applications.

e Implications
o Practical implications for industries adopting GNNs for process optimization.
o Potential for scalability and real-time optimization.
e Future Work
o Extensions of the current work, such as real-time process monitoring and adaptation.

o Integration with other machine learning techniques (e.g., reinforcement learning) for
dynamic optimization.
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