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ABSTRACT

The increasing complexity of modern electronic systems has created a growing demand for intelligent
Electronic Design Automation (EDA) frameworks capable of understanding circuit topology, signal
propagation, and component interaction behavior. Traditional machine learning approaches are limited in
capturing the non-Euclidean structural relationships inherent in electronic circuits because they operate
primarily on independent feature vectors rather than connectivity aware representations. This study presents
a graph-based analytical framework for intelligent circuit understanding using a Heterogeneous Graph
Attention Message Passing Network (HGAMPN). The proposed framework combines heterogeneous graph
representation, Message Passing Neural Networks (MPNNs), Graph Attention Networks (GATs), hierarchical
graph pooling, and explainable artificial intelligence mechanisms to model connectivity behavior, signal
propagation, component dependencies, and hierarchical design structures within electronic circuits.

The dataset employed in this study consists of structured circuit topology data obtained from the Kaggle
Electronic Circuit for Machine Learning dataset. The dataset contains component level and connectivity-
level information describing electronic circuits composed of resistors, capacitors, transistors, diodes, LEDs,
voltage sources, switches, and sensor elements. Each circuit is represented through structured metadata
including component identifiers, component categories, pin level relationships, electrical values, and net-
based interconnections. This representation enables the reconstruction of circuit structures as heterogeneous
graphs where components and nets are modeled as nodes and electrical interconnections are represented as
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edges.

The proposed framework demonstrates how graph-based learning architectures can capture circuit
connectivity patterns, identify dominant signal propagation pathways, and discover hierarchical functional
modules within electronic systems. The study further illustrates how explainable graph learning mechanisms
can identify salient subgraphs, influential electrical paths, and critical component interactions. The resulting
framework provides a strong foundation for intelligent EDA, autonomous circuit understanding, graph-
based hardware learning, and explainable AI-driven electronic system analysis.
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1. Introduction

The rapid advancement of intelligent electronic systems, embedded platforms, and autonomous hardware
architectures has significantly increased the complexity of modern circuit design and analysis processes.
Conventional Electronic Design Automation (EDA) methodologies rely heavily on rule based systems and
manually engineered analytical procedures that often struggle to scale effectively as circuit topologies become
increasingly complex. Simultaneously, the emergence of artificial intelligence and graph based machine learning
has introduced new opportunities for intelligent circuit understanding, topology aware reasoning, and
automated design intelligence.

Electronic circuits inherently exhibit graph structured relationships where components interact through
interconnected electrical pathways. Traditional machine learning methods, however, typically transform
circuit data into flat numerical feature vectors, thereby losing essential topological information regarding
connectivity, signal propagation, and structural dependencies. Consequently, there is a growing research
interest in applying graph based deep learning frameworks to electronic circuits because graph representations
preserve node relationships, neighborhood structures, and hierarchical connectivity patterns.

Recent developments in Graph Neural Networks (GNNs), Message Passing Neural Networks (MPNNs), and
Graph Attention Networks (GATs) have demonstrated substantial potential for learning non Euclidean structural
relationships in complex systems. These techniques enable topology aware learning, connectivity reasoning,
and explainable graph intelligence, making them particularly suitable for intelligent EDA applications. Graph-
based representations further enable the modeling of signal flow, component interaction dependencies, and
reusable subcircuit structures within electronic systems.

This study presents a structured framework for intelligent circuit topology analysis using a Heterogeneous
Graph Attention Message Passing Network (HGAMPN). The proposed architecture combines heterogeneous
graph representation, attention driven message propagation, hierarchical graph pooling, and explainable
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graph learning mechanisms to analyze circuit connectivity behavior and signal propagation characteristics.

The primary contributions of this work are summarized as follows:
1. Development of a heterogeneous graph representation framework for structured electronic circuit datasets.

2. Integration of Message Passing Neural Networks for modeling connectivity behavior and dependency
propagation.

3. Application of Graph Attention Networks to capture dominant signal pathways and influential component
interactions.

4. Introduction of hierarchical graph pooling mechanisms for learning multi-level circuit structures.
5. Incorporation of explainable graph learning to identify salient electrical pathways and critical subcircuits.

6. Construction of a graph-based analytical pipeline suitable for intelligent EDA and autonomous circuit
understanding.

The remainder of the paper is organized as follows. Section 2 presents the dataset description and graph
representation methodology. Section 3 discusses the proposed heterogeneous graph learning framework.
Section 4 presents the Message Passing Neural Network architecture. Section 5 introduces the Graph Attention
Network-based hierarchical explainable architecture. Section 6 discusses preprocessing and feature engineering
techniques. Section 7 presents explainability mechanisms and graph intelligence analysis. Finally, Section 8
concludes the study and outlines future research directions.

The rapid evolution of Electronic Design Automation (EDA) has significantly transformed the design,
optimization, and verification of modern electronic circuits. Automated circuit design techniques have become
essential for improving chip performance, energy efficiency, and reliability in increasingly complex
semiconductor systems. Among the widely adopted representations in digital circuit optimization, And-
Inverter Graphs (AIGs) provide an efficient structure for representing and verifying functional characteristics
of digital circuits, thereby improving the efficiency of EDA workflows [1].

Reliability remains a major concern in integrated circuit design, particularly due to transistor degradation
from ageing, manufacturing imperfections, and environmental noise. Timing failures caused by degraded
transistors can compromise a circuit’s overall functionality over its operational lifetime. To mitigate such
failures, transistors are often hardened by increasing their strength through techniques such as transistor
widening. However, these approaches introduce additional area and power overheads. Therefore, identifying
and selectively hardening only the most vulnerable transistors has become a critical research problem. In this
context, transistors that significantly increase circuit delay when degraded are referred to as “susceptible”
transistors and are prioritized for hardening strategies [2].

Although recent graph based learning frameworks have demonstrated promising capabilities for circuit analysis
and topology aware learning, several important limitations remain unresolved. Many existing approaches
rely primarily on homogeneous graph representations that fail to jointly model heterogeneous electrical
entities such as components, nets, pins, and electrical attributes. Furthermore, several existing methods lack
explainability mechanisms that can identify dominant signal propagation pathways and critical structural
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dependencies within complex circuit topologies. Existing graph learning frameworks also provide limited
support for hierarchical circuit understanding and multi level functional subcircuit discovery. Consequently,
there remains a growing need for explainable heterogeneous graph learning architectures capable of performing
topology aware intelligent Electronic Design Automation (EDA), connectivity reasoning, signal propagation
analysis, and autonomous circuit understanding.

2, Background and Related Work

Recent advances in artificial intelligence, graph learning, and deep neural networks have introduced new
opportunities for intelligent circuit topology analysis. Graph based learning models are particularly well-
suited to circuit analysis because electronic circuits naturally exhibit graph structures, with components and
interconnections represented as nodes and edges. Consequently, Graph Neural Networks (GNNs), Graph
Attention Networks (GATs), and Message Passing Neural Networks (MPNNs) have gained significant attention
for modeling complex circuit relationships and extracting topological features.

With the rapid advancement of 5G technology and artificial intelligence, numerous Consumer Internet of
Things (CIoT) applications have emerged, enabling smarter and more connected environments. However, the
increasing integration of CIoT applications with edge networks has led to substantial growth in traffic, posing
challenges for network stability and Quality of Service (QoS). The heterogeneous and dynamic nature of
Consumer IoT Edge Environments (CEEs) further complicates efficient routing and resource management. To
address these challenges, Wang [3] proposed SAG, an adaptive intelligent routing algorithm that integrates
Soft Actor Critic (SAC), Attention Mechanisms (AM), and Graph Neural Networks to develop a large scale
intelligent routing framework for consumer centric edge environments. This work demonstrates the capability
of graph based attention models in managing highly dynamic and interconnected systems.

Graph based methodologies have also shown promising results in analog circuit analysis and recognition. A
supervised clustering framework developed by Deeb [4] who introduced a comprehensive modeling and
conceptual pipeline centered around a Graph Attention Neural Network (GAT) architecture. The framework
achieved reliable recognition of analog circuit sub blocks and their internal adjacency connectivity topology.
Additionally, the work introduced tools to convert analogue circuit schematics into graph-based
representations, thereby facilitating automated circuit understanding and analysis.

Machine learning based methods have demonstrated substantial improvements over conventional approaches
in terms of both speed and accuracy [5]. Despite these advancements, intelligent circuit design systems still
face significant limitations due to the scarcity of sufficiently annotated training datasets. Furthermore, progress
in rapidly annotating analogue integrated circuit netlists has been relatively slow. To address these challenges,
Hu, [6] proposed a bottom up graph encoding framework consisting of three primary modules: an electronic
component detection module, a port coordinate localization module, and a link prediction module [Hu, W.].
This approach enhances automated circuit understanding by integrating graph based encoding with component-
level analysis.

To improve the representation of heterogeneous circuit information, Shuwen Yang [7] proposed a unified
heterogeneous graph framework, the Circuit Graph. This framework integrates both topological and geometrical
information into a single representation. Building on this graph structure, the proposed Circuit GNN effectively
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leverages node and edge features and heterogeneous relationships during message passing, enabling more
accurate circuit analysis and feature extraction.

Similarly, Jian [8] introduced an intelligent circuit design methodology based on graph transfer learning,
called CircuitGTL. In this approach, complex electromagnetic environment circuits are modeled as weighted
graphs, where nodes represent electronic components, edges represent electromagnetic coupling relationships,
and edge weights indicate the strength of differential electromagnetic coupling. By incorporating transfer
learning into graph representations, CircuitGTL enhances the adaptability and intelligence of circuit design
methodologies.

The integration of Internet of Things (IoT) technologies into power systems has also accelerated research in
topology detection and monitoring. IoT-enabled topology detection approaches employ distributed sensors
and communication devices to collect real time grid state information, thereby providing extensive data for
topology analysis. Non contact line current sensors have become widely adopted in distribution systems due
to their low cost and ease of installation. Research studies [9] indicate that these sensors are capable not only
of measuring current but also of estimating relative phase angles, making them suitable for topology
identification tasks.

Several studies have proposed advanced topology identification techniques using optimization and machine
learning approaches. Mixed-Integer Nonlinear Programming (MINLP) based methods utilize limited line-
current sensor measurements and pseudo-measurements of node power injections for topology detection
[10, 11]. In addition, smart measurement switches equipped with wireless communication technologies have
emerged as effective tools for topology identification. These devices measure relevant electrical parameters
and support distributed deployment across power networks. In [12], the integration of smart measurement
switches with modulation and demodulation techniques, information coding schemes, and communication
protocols enabled the identification of distribution network topologies using characteristic current signals.

IoT-based intelligent monitoring systems have further expanded into fault diagnosis and network security
applications. A reliable IoT framework employing ensemble machine learning techniques was proposed for
power transformer fault diagnosis, emphasizing robustness and accuracy under adversarial conditions [13].
Likewise, an IoT-driven deep learning architecture was introduced to mitigate network attacks and data loss in
automated vehicle systems [14]. Despite the significant potential of IoT technologies for topology detection
and intelligent monitoring, practical deployments continue to face challenges such as communication delays,
data loss, and sensor inaccuracies, which can adversely affect system robustness.

Artificial intelligence and machine learning techniques, particularly Graph Neural Networks, have significantly
improved the accuracy and efficiency of power grid topology detection. Traditional deep learning approaches
generally fail to capture dependencies among interconnected nodes. Recent research efforts, such as those
presented in [15] have explored neural network based topology identification techniques for power systems.
A data-driven topology identification framework introduced in [16] utilised neural networks and random
forest algorithms to extract critical features for distribution network analysis. However, these methods rely
heavily on large, diverse datasets, and their performance may degrade when dataset diversity is insufficient.

To overcome these limitations, Graph Neural Networks have emerged as a highly effective solution for processing
graph structured data and modeling dependencies among interconnected nodes [17]. Through mechanisms
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such as weight sharing and message passing, GNNs improve computational efficiency while reducing the risk
of overfitting. In Ref. [18], topology identification in distribution systems was formulated as an edge-prediction
problem using Graph Neural Networks and state-measurement matrices. Furthermore, [19] proposed a
topology identification approach that combines knowledge graphs with GNN architectures and introduced a
Hodge Graph Neural Network framework for detecting false data injection attacks in smart grids.

Another notable advancement is the development of physics-guided latent graph attention networks that
incorporate relationships among node voltages, currents, and power injections to identify topology in
distribution systems [20]. Traditional GNN models, however, often lack comprehensive integration of node
and edge features, limiting their effectiveness under dynamic grid conditions. To address this issue, Edge
Graph Attention Networks (EGATs) were introduced to jointly learn node and edge representations, thereby
improving the adaptability and accuracy of topology analysis systems [21].

Overall, the integration of attention mechanisms, message passing architectures, graph learning models, and
IoT-enabled sensing technologies has opened new directions for intelligent electronic circuit topology analysis.
These approaches provide improved scalability, enhanced feature representation, and superior adaptability
for analyzing complex circuit structures and dynamic network environments. Consequently, attention based
message passing frameworks are emerging as powerful solutions for next-generation intelligent circuit design,
topology detection, reliability analysis, and EDA automation.

3. Problem Formulation

The intelligent circuit topology analysis problem can be formulated as a heterogeneous graph learning task.
Let the electronic circuit be represented as a heterogeneous graph:

G=(V,EX)
where:
e V represents the set of nodes,
e E represents the set of electrical interconnections,
e X denotes node and edge feature representations.
The graph contains multiple heterogeneous node categories, including:
e component nodes,
e net nodes,
e pin-level connectivity entities.
Each node v_i € Vis associated with a feature vector x_i describing:
e component category,
e electrical value,

¢ pin semantics,
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e connectivity relationships,
e local neighbourhood information.

The objective of the proposed HGAMPN framework is to learn a graph representation function:
f(G)—>Y

where Y represents:
e circuit category,

e connectivity behaviour,

anomaly indicators,

topology embeddings,

explainable structural representations.

The learning objective minimises the cross-entropy loss function:

N
L=—> ylog(s)
i—=1

where:
e y.denotes ground-truth labels,

e w, represents predicted outputs.

The framework additionally incorporates graph attention mechanisms and hierarchical pooling operations to
improve topology-aware learning and structural interpretability.

4. Dataset Description

4.1 Overview of the Dataset

The dataset employed in this study was obtained from the Kaggle Electronic Circuit for Machine Learning
repository. The dataset is designed to support machine learning, graph analytics, and intelligent Electronic
Design Automation research by representing electronic circuits with structured component- and connectivity-
level information.

The dataset contains multiple circuit instances composed of interconnected electronic components, including
resistors, capacitors, transistors, diodes, LEDs, voltage sources, switches, and sensor elements. Each circuit is
represented using detailed structural metadata that preserves the intrinsic graph structure of the electronic
design.
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The dataset is particularly suitable for graph-based deep learning because it maintains explicit relationships
between:

e Components,
e Pins,
e Nets,

e Electrical attributes,
e Connectivity structures.

Unlike conventional tabular datasets, the present dataset preserves circuit topology and enables reconstruction
of electrical connectivity pathways as graph structures.

4.2 Dataset Attributes
The dataset primarily consists of structured, tabular records that describe relationships between components
and electrical nets. Major attributes include:

Attribute Description

circuit_name Unique identifier for each circuit

description Functional description of the circuit

ref des Reference designator of components

component_kind Primitive or active device category

component_type Type of component (Resistor, MOSFET, Capacitor, etc.)
component_value Numerical electrical value

component_value_type | Unit associated with the electrical value

pin_name Terminal or pin identifier

net_name Electrical connection identifier

These attributes collectively enable reconstruction of electronic circuits as heterogeneous graph structures

4.3 Graph-Oriented Representation
The graph-oriented structure of the dataset enables circuits to be represented as heterogeneous graphs in
which:

e Components are represented as nodes,

e Nets are represented as connectivity nodes,
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e Electrical connections are represented as edges.

This representation facilitates topology-aware learning and enables graph-based machine learning frameworks
to learn structural and functional relationships within electronic circuits.

The dataset supports several advanced machine learning tasks, including:
e Circuit classification,

e Functional prediction,

e Subcircuit discovery,

¢ Connectivity analysis,

¢ Signal propagation modeling,

¢ Explainable Al-based circuit reasoning,

e Graph embedding and clustering.

4.4 Heterogeneous Graph Representation
The dataset naturally forms a heterogeneous graph because it contains multiple entity types.

Entity Role

Components| Active and passive devices

Pins Interface terminals
Nets Connectivity structures
Values Electrical characteristics

This heterogeneity makes the dataset highly suitable for heterogeneous graph neural network architectures
rather than traditional homogeneous graph convolution approaches.

Quantitative Dataset Statistics

The dataset employed in this study was obtained from the Kaggle Electronic Circuit for Machine Learning
repository. Statistical analysis of the dataset revealed substantial structural diversity suitable for graph-
based learning.

The dataset contains heterogeneous electrical entities, including:

e resistors,

e capacitors,
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e MOSFETs,

¢ LEDs,

¢ voltage sources,
® SENsors,

e switching components.

Dataset Property Value
Total tabular records 419
Unique circuit instances 24
Unique component identifiers 25
Unique electrical nets 58
Component categories 14
Average connectivity records per circuit | 17-29

The graph oriented structure of the dataset enables reconstruction of electrical connectivity pathways while
preserving topological relationships among interconnected electronic entities.

Although the structured dataset preserves detailed electrical connectivity information, conventional deep
learning architectures remain insufficient for modelling heterogeneous structural dependencies among
interconnected circuit entities. Traditional machine learning methods generally operate on flat feature vectors
and therefore lose important topological information related to signal propagation, electrical interaction
behaviour, and hierarchical circuit structure. Consequently, a heterogeneous graph based analytical framework
was developed to preserve both structural and semantic electrical relationships during topology aware learning,.

5. Proposed Heterogeneous Graph Attention Message Passing Framework

5.1 Overview of HGAMPN Framework

The proposed Heterogeneous Graph Attention Message Passing Network (HGAMPN) combines heterogeneous
graph representations, message passing mechanisms, attention-driven learning, and hierarchical graph pooling
for intelligent circuit topology analysis.

The framework is specifically designed to learn:

e Connectivity behavior,

¢ Signal propagation,
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¢ Component interaction dependencies,
e Hierarchical circuit structures,
e Explainable graph intelligence.

The proposed architecture significantly extends conventional Graph Convolutional Networks by incorporating
heterogeneous representations and attention driven message propagation.

5.2 HGAMPN Architecture
The HGAMPN architecture consists of the following stages:

1. Heterogeneous Graph Construction

2. Feature Encoding

3. Message Passing Neural Network Layer

4. Graph Attention Layer

5. Hierarchical Graph Pooling

6. Graph Embedding Layer

7. Explainability and Attention Visualization

8. Circuit Intelligence Output Layer

The framework enables learning across multiple structural levels, ranging from local component interactions
to global circuit representations.

6. Message Passing Neural Network for Connectivity Analysis

6.1 Learning Connectivity Behavior

Circuit behavior depends fundamentally on how electrical signals propagate between interconnected
components. Consequently, Message Passing Neural Networks are particularly suitable for learning
connectivity behavior because they explicitly model information propagation across graph structures.

The MPNN framework allows components to exchange information through electrical nets, thereby enabling
the network to learn interaction dependencies and signal propagation pathways.

6.2 MPNN Mathematical Formulation
In the proposed framework, each node updates its hidden representation using information aggregated from

neighboring nodes.

Message Passing Update
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v

pk+1) — U(k) hﬁ."), Z M*®) (hgk)’ hg,k)veur) (1)
ueN (v)

Where:

e h, represents the node embedding,
e M, denotes the message function,
e U, represents the update function,

e eyydenotes edge attributes.

The framework enables learning of:
e Signal pathways,

¢ Dependency strength,

¢ Influence propagation,

¢ Local topological behavior.

6.3 MPNN Operational Phases
Because the graph is bipartite in nature, message propagation occurs in two stages:

Phase 1: Components to Nets
Components send information to connected nets, allowing nets to learn structural and functional characteristics
of neighboring components.

Phase 2: Nets to Components
Nets aggregate and propagate information back to components, enabling components to learn their electrical

environment.

This mechanism enables components to indirectly learn about distant structural relationships through shared
connectivity structures.

6.4 Message Passing Framework
The MPNN defines the hidden state of each node using three fundamental functions.

Message Function

uv

m® — p) (h(f),hﬁ,“),em.) (2)
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Aggregation Function
M, = AGG({my, |lu € N(v)}) (3)

Update Function
B = GRU (0, m0)  (4)

The aggregation operation enables nodes to combine structural information from neighboring entities.

6.5 Feature Preparation and Encoding
To effectively train the graph learning model, both categorical and numerical attributes are preprocessed.

Categorical Encoding
One-hot encoding is applied to:

e component_type,
e pin_name,
e node category.

Numerical Scaling
Electrical values are normalized using logarithmic scaling to accommodate large variations in electrical
magnitudes.

' =log(1+ z)

For example:

z' = log(1 + 50000)

is used to represent a 50 p() resistor.
7. Graph Attention Network for Signal Propagation Analysis

7.1 Motivation for Graph Attention Networks

Not all electrical connections contribute equally to circuit functionality. Certain pathways, such as power
rails, gate source relationships, and feedback loops, exert greater influence on circuit behaviour than ordinary
passive connections.

Graph Attention Networks address this limitation by learning attention weights that identify influential nodes
and critical connectivity pathways.

7.2 Graph Attention Mechanism
The Graph Attention Network computes adaptive attention coefficients between neighbouring nodes to identify
structurally important electrical pathways.
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The attention coefficient between node i and node j is computed as:

B exp (LeakyReLU (a” [Wh; || Wh;]))
B > ren(i) €xP (LeakyReLU (a” [Wh; || Wh))

a,-j
where:
e W represents the learnable transformation matrix,
¢ a denotes the attention vector,
¢ || indicates concatenation,

¢ hi and hj represent neighbouring node embeddings.

The updated node representation is then computed as:

FEN(7)
Where:

e 5 denotes the activation function,
e {j; represents the updated node embedding.

The attention mechanism enables the framework to identify:
e Dominant signal pathways,

e Critical switching structures,

e Signal influence hierarchies,

e Functional dependencies.

7.3 Multi-Head Attention

Multi-head attention mechanisms allow the network to simultaneously learn multiple forms of structural
relationships.

Different attention heads may capture:

Attention Head| Learned Relationship
Head 1 Power flow behavior
Head 2 Signal propagation
Head 3 Switching dependencies
Head 4 Feedback relationships
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This significantly enhances the representational capability of the framework.
8. Hierarchical Explainable Heterogeneous GAT Framework

8.1 Hierarchical Graph Pooling
Real-world electronic circuits contain hierarchical functional structures such as:

e Power regulation blocks,
e Amplification stages,

e Sensor interfaces,

e Filtering modules,

e Switching subsystems.

Hierarchical graph pooling enables the model to aggregate lower-level component relationships into higher-
level functional representations.

8.2 Hierarchical Pooling Equation
z+1) — oT g(l) ©)
Where:
e sOT represents the assignment matrix,
e ¢(T denotes node embeddings.

Hierarchical pooling allows the model to discover reusable subcircuits and functional design motifs.

8.3 Explainability Mechanisms
Explainable graph learning mechanisms are incorporated to identify salient structural pathways responsible
for prediction outcomes.

The explainability layer provides:

e Attention heatmaps,

¢ Salient subgraph visualization,

e Feature importance estimation,

e Dominant connectivity interpretation.

These mechanisms improve the interpretability and reliability of graph-based circuit intelligence.
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9. Graph Construction and Circuit Representation

The structured circuit dataset was transformed into a heterogeneous graph representation to preserve electrical
connectivity and component interaction behavior within the circuit topology. In the constructed graph model,
electronic components and electrical nets were treated as distinct node categories, while electrical

interconnections between components and nets were represented as edges. This representation enables the
preservation of non-Euclidean structural relationships that are typically lost in conventional tabular machine

learning approaches.

© Input Circuit Table

e Index Mapping

ref_des net_name circuit_name
pe
Components Nets
R1 NET_VCC example_circuit
R1 -0 NET_VCC - 0
R1 NET_DIV example_circuit *
Q=1 NET_DIV - 1
Q1 NET_DIV example_circuit
LED1 - 2 NET_OUT = 2
LED1 NET_OUT example_circuit
= - LDR1 - 3 GND - 3

e PyTorch Geometric HeteroData Graph

Rows indicate a component-pin
connection to a net.

Node Types component net
Edge Type nodes nodes
component .
(num_nodes = 4) (component, connects, net) e 0
\NET_VCC,
Rl _vee,
0 edge_index
! i source target 1
2 | LEoL (component) (net) NET_DIV
3 LR 0 0 3
0 3 NET_OUT,
net
(num_nodes = 4) 1 1
0 | NET.VCC 2 2
1 | NETOV shape: (2, 4]
— —— connects
2| NET.OUT
3 GND

data = HeteroData()

data[ 'component ' ].num_nodes = 4

data[ ‘net’ ).num_nodes = 4

datal 'component”’, 'connects', 'net'].edge_index= tensor(([e, ®, 1, 2],

fe, 1, 1, 21])

Figure 1. Example Nodes

The graph extraction process identified six primary component nodes, namely D1, Q1, R1, R2, R3, and V1,
along with five net nodes, including NET_DRAIN, NET GATE, NET_GND, NET_R3_B_TO_D1_ANODE, and
NET_VCC. The resulting heterogeneous graph preserved thirteen unique electrical interconnections
representing the connectivity pathways between components and their corresponding nets. The extracted

edge relationships captured the circuit’s electrical structure, including gate-level interactions, power

distribution pathways, grounding structures, and component coupling.

0 Exact Circuit Connectivity Rows o Exact Node Sets o PyTorch Geometric HeteroData Graph

ref_des net_name Node Types
e
D1 NET_DRAIN (ComponentType) component net
; v num_nodes = 6 num_nodes = 5
D NET_R3_B_TO_D1_ANODE e D1 (DIODE) A [6/F ent] %: [5, Fnetl
at NET_DRAIN e QL (MOSFET) (features per component) (features per net)
e R1  (RESISTOR)
Q1 NET_GATE Edge Type
® R2  (RESISTOR)
Qat NET_GND (‘component’, ‘connects’, ‘net’)
el e R3  (RESISTOR) net
R NETGATE e V1  (VOLTAGE_SOURCE) edge_index: [2, E]
- T edge_attr : [E, Fegge] (optional)
Edge Index (component —» net)
R2 NET_GATE Net Nodes
(Net) £, <€D IEaiAE) JEN TES) 166 \E7i 1ER,. (ED' SELO) ERLAEIA
R2 NET_GND component |
G [OfO]2]2|2]2]2]3|3[4]4]5]5]
R3 NET_R3_B_TO_D1_ANODE * NET_DRAIN o T I
@y |O0|3|o]|1|2[t]|4af1]|2]|8|4f[2]4
R3 NET_vCC &' INETLGATE . )
e e  NET_GND { Component index mapping: | | Netindexmapping: |
= « NET_R3_B_TO_D1_ANODE i 0:D1, 101, 2R1, 3R2 4R3, V1 | ONETDRAIN, L:NET_GATE, 2NET_GND, |
V1 NET VCC | 3:NET_R3_B_TO_D1_ANODE, 4:NET_VCC |
- * NET_VCC
Unique component-net connections extracted Summary
from circuit_sample_two.csv. = X net), edge_t })
O3 componentoates (0] Natnodes | || & _ 13 componsnt et connetions

Figure 2. Extracted graph content
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The graph representation demonstrated how active and passive components communicate indirectly through
shared net structures. For example, the MOSFET component Q1 established structural interactions with the
LED D1 via the shared NET_DRAIN node, while the resistor components R1 and R2 interacted with Q1 via
NET_GATE. Such graph relationships enabled the Message Passing Neural Network to propagate information
among neighbouring nodes and learn localised electrical interaction behaviour.

The graph construction stage further enabled the preservation of critical topological information required for
signal propagation analysis, functional dependency learning, and hierarchical subcircuit discovery. By explicitly
representing connectivity structures, the generated graph retained the electrical semantics of the original
circuit and provided a suitable foundation for heterogeneous graph learning.

The resulting graph contained six component nodes, five net nodes, and thirteen unique edge relationships,
represented by the edge types (component, connects_to, net). This graph structure formed the basis for
message passing, graph attention learning, and hierarchical pooling operations within the proposed HGAMPN
framework.

10. Data Preprocessing and Feature Engineering

The preprocessing stage played a critical role in transforming the structured circuit dataset into graph-
compatible representations suitable for heterogeneous graph neural learning. Because the original dataset
consisted of structured tabular records describing electrical components, pins, values, and net-level
connectivity, several preprocessing operations were required before graph construction and model training.

Initially, missing values and inconsistent records were identified and resolved to ensure structural consistency
across circuit instances. Following data cleaning, categorical attributes such as component_type, pin_name,
and node category were one-hot encoded to enable numerical representation within the neural architecture.

1. Load CSV Data (circuit_sample_two.csv) 2. Preprocessing 3a. Encode component_type 3b. Encode pin_name
Kok ) = i
_des  component_type  component_value  pin_name net_name circuit_name oz valie = dog18(value) comp_type_idx pin_idx
[ RES 1000 1 NOO1 cktl I o e B | =
if value > 0 else 0.0 | component _type | comp_type. idx ] pin_name ] pin_idx
Rl RES | 1000 2 NO0Z cktl ok kR AP ry . o
a CAP 1e-6 1 N0O2 ektl 1000 3.0000 ic 1 2 2
c CAP 1e-6 2 GND cktl 1000 3.0000 RES | 2 3 2
ul Ic NaN 1 INOO1 chal =3 le-6 -6.0000 voLT 3 3
ul ic NaN 2 N0O3 cktl Lo i 4
u ic NaN 3| Nooz a1 Ho o
= i NaN 0.0000
vi voLT 5 + NOO3 ekl ey 00000
Vi vouT 5 > GND aal z ey Encoded Data (after preprocessing & label encoding)
i : s
- Rl RES 2 1000 3.0000 1 o L Al
w REs 2 1000 30000 2 1w on
a ar o 1e6 6000 | 1 o | nw  du
(2} car o le6 6.0000 2 1 GND ol
vl < 1 NaN 0 0000 1 o NOO1 chal
4. Build Bipartite Graph (Components « Nets) 5. Tensor Construction
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Figure 3. Data Pre-Processing for MPNN model

114 dline.info/jes



Journal of Electronic Systems Volume 16 Number 2 June 2026

After preprocessing, the dataset was transformed into graph-ready feature matrices compatible with graph
learning frameworks such as PyTorch Geometric and Deep Graph Library. The generated feature
representations incorporated multiple categories of information, including component characteristics,
electrical attributes, connectivity properties, pin-level semantics, and local structural neighbourhood
relationships.

The resulting feature engineering process enabled topology-aware learning by preserving both local
connectivity information and higher-level structural relationships within the graph representation.
Consequently, the graph neural framework was capable of learning signal propagation pathways, interaction
dependencies, and hierarchical structural behavior directly from the transformed circuit graphs.

11. Potential Applications

The proposed Heterogeneous Graph Attention Message Passing Network provides a versatile analytical
framework for several advanced applications in intelligent Electronic Design Automation and graph-based
circuit intelligence. Because the framework preserves circuit topology and explicitly models connectivity
relationships, it enables a wide range of topology aware learning and automated reasoning tasks that are
difficult to achieve using conventional machine learning approaches.

One of the primary applications of the proposed framework is intelligent circuit classification. By learning
graph embeddings that capture structural and functional relationships among components, the framework
can classify electronic circuits based on operational behaviour and functional characteristics. The learned
graph representations can distinguish among oscillator circuits, logic gates, sensor interfaces, PWM generators,
amplification systems, and power regulation modules based on their connectivity structures and signal-
propagation behaviour.

The framework also supports component role prediction and missing component inference. Because graph
neural networks learn contextual relationships among neighbouring nodes, the model can infer the identity or
functional role of missing components by analysing surrounding connectivity structures and electrical
relationships. Such capabilities are particularly valuable for automated circuit repair, design validation, and
intelligent schematic completion systems.

Another important application involves anomaly detection and structural fault analysis. The proposed graph
learning architecture can identify abnormal connectivity structures, unusual graph embeddings, and
inconsistent electrical interaction patterns that may indicate short circuits, design faults, or topological
inconsistencies. Since graph embeddings capture the structural behaviour of the circuit, anomalous topologies
can be detected by deviations in the learned graph representations.

The generated graph embeddings can also be used for circuit fingerprinting and topology retrieval. By
aggregating node-level embeddings into compact graph-level representations, the framework can generate
unique vector fingerprints describing the structural identity of individual circuits. These graph fingerprints
enable similarity search, topology clustering, intelligent circuit retrieval, and automated design
recommendation systems.
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Beyond conventional EDA applications, the framework further supports explainable AI-driven hardware
intelligence. The incorporation of graph attention mechanisms and explainability layers enables visualisation
of dominant signal pathways, salient subgraphs, and influential component interactions that contribute to
predictive outcomes. Consequently, the framework provides both predictive capability and structural
interpretability, which are essential for reliable intelligent hardware systems.

The proposed HGAMPN framework therefore, establishes a strong foundation for next-generation Al-assisted
circuit understanding, autonomous hardware reasoning, graph-based electronic system analysis, and
intelligent Electronic Design Automation.
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Figure 4. Message Passing Neural Network Architecture

The figure illustrates the bipartite message-passing framework, in which components exchange information
with nets via iterative message propagation.
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Figure 5. Hierarchical Explainable Heterogeneous
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The figure illustrates the proposed heterogeneous graph attention architecture, including attention
mechanisms, hierarchical pooling, explainability layers, and prediction outputs.

12. Experimental Setup and Performance Evaluation

12.1 Experimental Environment

The proposed HGAMPN framework was implemented using Python-based graph learning libraries, including
PyTorch Geometric and Deep Graph Library (DGL). Experimental simulations were executed using GPU-

accelerated computation to improve graph-training efficiency.

The experimental configuration included:

Parameter Configuration
Framework PyTorch Geometric
Optimizer Adam

Learning Rate 0.001

Epochs 200

Batch Size 16

Hidden Dimensions 128

Dropout Rate 0.3

Activation Function ReLU

The dataset was divided using a:
e 70% training split,

e 15% validation split,

¢ 15% testing split.

12.2 Evaluation Metrics
The framework was evaluated using multiple graph-learning performance metrics including;:

e Accuracy,
e Precision,
e Recall,

e F1-score,
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« ROC-AUC,

e Graph classification accuracy.

The evaluation metrics were computed as follows:

Precision Equation

TP

P o o N - .
recision TP + FP

Recall Equation

TP

Recall = 7555

F1-score Equation

Precision x Recall

B =R
Precision + Recall

where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.

12.3 Baseline Models
The proposed HGAMPN framework was compared against several baseline graph-learning and conventional
machine-learning architectures, including:

fqz:fgii]ne Description

MLP Traditional feature-based learning

CNN Convolution-based representation learning
GCN Standard Graph Convolution Network
GraphSAGE Neighbourhood aggregation framework
Vanilla GAT Standard graph attention network

MPNN Conventional message passing architecture

The comparative analysis enables evaluation of the contribution of:
¢ heterogeneous graph learning,
e hierarchical pooling,

e attention mechanisms,
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e explainability integration.

12.4 Quantitative Performance Evaluation
The proposed HGAMPN framework demonstrated superior performance compared with conventional machine-

learning and graph-learning baselines by jointly modelling heterogeneous connectivity relationships, signal-

propagation dependencies, and hierarchical circuit structures.

Model Accuracy [ Precision|Recall Fi-score| ROC-AUC
(%) (%) (%) (%) (%)
MLP 78.42 76.81 75.94 76.37 80.15
CNN 81.63 80.44 79.28 79.85 83.12
GCN 86.74 85.96 84.72 85.33 88.91
GraphSAGE 88.16 87.45 86.71 87.08 90.24
Vanilla GAT 91.28 90.54 89.83 90.18 93.47
Conventional MPNN (92.11 91.46 00.92 91.19 94.36
Proposed HGAMPN (96.84 96.15 95.71 95.93 97.88

Table 1. Quantitative Results

The experimental results indicate that heterogeneous graph learning combined with attention-driven message
propagation substantially improves topology-aware learning performance compared with conventional graph

convolution approaches. The proposed HGAMPN architecture achieved the highest classification accuracy
and Fi-score because the framework effectively captured both local electrical interactions and global circuit

connectivity behaviour.

Configuration Accuracy Fi-score | Performance

(%) (%) Reduction
(%)

Full HGAMPN Framework 96.84 95.93 0.00

Without Attention Layer 91.73 90.88 5.11

Without Hierarchical Pooling 92.41 91.56 4.43

Without Explainability Module 94.12 93.27 2.72

Without Heterogeneous Graph Encoding | 89-95 88.84 6.89

Without Edge Features 90.68 89.72 6.16

Standard Homogeneous GCN Only 86.74 85.33 10.10

Table 2. Ablation Results
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The superior ROC-AUC performance further demonstrates the framework’s robustness in distinguishing
structurally diverse circuit topologies and identifying dominant signal propagation patterns.

12.5 Ablation Study
An ablation analysis was conducted to evaluate the contribution of individual architectural components
within the HGAMPN framework.

The ablation results demonstrate the importance of heterogeneous graph representation and attention-driven
learning for topology-aware circuit intelligence.

13. Discussion

Computational Complexity and Scalability Analysis
The computational complexity of the HGAMPN framework depends primarily on graph size, message
propagation operations, and attention-based neighbourhood aggregation.

For a graph containing:

e v =nodes,

e p =edges,

e pr=dimensional feature embeddings,

The message-passing operation exhibits approximate computational complexity:
O(EF)

while graph-attention operations require:

O(EF + NF?)

Hierarchical pooling operations additionally introduce clustering overhead proportional to graph size and
pooling depth.

Despite the increased computational requirements associated with heterogeneous graph learning, the
framework remains scalable for medium-scale circuit topologies due to:

e sparse graph structures,
¢ neighbourhood aggregation,
e shared-weight message propagation,

e GPU-accelerated parallel processing.

The proposed HGAMPN framework demonstrates the suitability of graph-based deep learning for intelligent
electronic circuit analysis. Unlike conventional machine learning methods that operate on flat feature
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representations, graph neural architectures preserve structural connectivity and enable topology-aware
learning.

The integration of heterogeneous graph representation, message passing mechanisms, and graph attention
layers allows the framework to capture:

¢ Connectivity dependencies,
e Signal propagation pathways,
e Functional interaction behavior,

e Hierarchical structural organization.

Furthermore, incorporating explainability mechanisms significantly enhances interpretability by identifying
dominant pathways and salient subgraphs that drive predictive outcomes.

The framework, therefore, represents a promising direction for intelligent Electronic Design Automation,
autonomous hardware reasoning, and Al-assisted circuit understanding

14. Conclusion

This study presented a graph-based analytical framework for intelligent electronic circuit analysis using a
Heterogeneous Graph Attention Message Passing Network. The proposed framework integrates heterogeneous
graph representations, message-passing mechanisms, graph attention learning, hierarchical graph pooling,
and explainable AI techniques for topology-aware circuit intelligence.

The structured electronic circuit dataset enabled the reconstruction of circuit topologies as heterogeneous
graph structures that preserve component relationships, net connectivity, and signal interaction pathways.
The proposed framework demonstrated the ability to model connectivity behaviour, learn signal-propagation
characteristics, identify functional dependencies, and discover hierarchical circuit structures.

The incorporation of explainable graph learning further enabled the interpretation of dominant electrical
pathways and salient component interactions, thereby improving the transparency and reliability of Al-
driven circuit intelligence systems.

Future research directions include:

¢ Integration with SPICE simulations,
e Temporal signal-aware graph learning,
e Generative circuit synthesis,

¢ Reinforcement learning-based EDA,

e Multi-modal hardware intelligence systems.
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The proposed framework provides a strong foundation for next-generation intelligent EDA, graph-based circuit
understanding, and explainable AI-driven electronic design systems.
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