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ABSTRACT Circuit design requires both prototyping and simulation owing to the high degrees of freedom
and mutual interference between the circuit components and wiring. In this paper, we propose a novel
approach that involves transforming a diode into nodes within a graph network. This transformation considers
the asymmetric directional characteristics of diodes in the forward and reverse directions. To evaluate the
accuracy of our proposed method, we utilized graph classification with a graph neural network (GNN).
Since a diode node holds two pieces of information, an anode and a cathode, the diode node is decomposed
into two nodes, and the node attributes of the anode and cathode are assigned to each. By maintaining
fixed hyperparameters and introducing a directional GNN and diode decomposition, the proposed method
achieved an average accuracy of 98.80%. This accuracy surpasses the best accuracy reported in previous
studies on graph classification by 0.9%. Notably, as with graph classification, changes in the handling of
features obtained with GNN make it possible, for example, to optimize circuit topology and components and
to predict the area required for implementation. Our method provides an environment for solving circuits
on the GNN platform, enabling the prediction of values and states that could not be obtained with existing
circuit simulations.

INDEX TERMS Asymmetric node, directional graph neural networks, directional node, node separation,
series-parallel decomposition.

I. INTRODUCTION

Circuits serve as the foundation of electrical systems, playing
a vital role in electronics. However, the process of enhancing
circuits necessitates extensive simulations and relies signifi-
cantly on empirical rules. Therefore, streamlining these rules
or establishing an automated system that can surpass them is
imperative. To address this need, the integration of circuits
and neural networks emerges as a promising solution. Neural
networks, inspired by brain research [1], have proven to be
highly effective when combined with backpropagation [2]
and large datasets. They have surpassed human performance
in tasks involving datasets with coordinate systems, such
as images and natural language processing [3]. Various
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methods based on convolutional neural networks (CNNs)
[4], transformers [5], and multilayer perception (MLP)
[6] have demonstrated superior recognition and generation
capabilities compared with the average human in image-
related tasks. In natural language processing, transformer-
based [7] methods, such as GPT-3 [8] and Copilot [9] have
outperformed humans in tasks related to recognition and
generation.

Unlike images and natural languages, circuits lack spatial
coordinates and should be treated as graph networks that
do not rely on a coordinate system [10], [11] [12]. Unlike
continuous values in images and natural languages, graph
networks, characterized by discrete features, offer flexibility
when transforming circuits into graph networks. Convention-
ally, circuit components and wiring are defined as nodes,
with edges connecting these nodes [13], [14]. However, the
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distinct roles of circuit components and wiring necessitate
a constraint that mandates the alternating appearances of
the component and wiring nodes in these transformations.
Training a GNN under these constraints presents a challenge
as it involves solving a specific heterogeneous graph using
a GNN. Therefore, a homogeneous approach is employed,
where circuit components serve as nodes, and wirings act as
edges to address this challenge.

GNNs can be applied to handle the directionality of diodes.
However, one type of GNN, known as the directional GNN,
only addresses directional edges and cannot be applied to
diodes where the node itself has directionality. To address
this issue, two potential solutions have been identified:
introducing a novel directional GNN algorithm capable of
handling directional nodes or modifying the structure and
node attributes of the graph network, which serve as input
data for the GNN, and applying them to directional GNNSs.
Because the ratio of diodes in a circuit is relatively small,
and many circuit components and wiring lack directional
information, a method based on modifying the graph structure
is proposed as a viable solution. This method allows for
the implementation of directional GNN algorithms without
necessitating changes to the algorithms themselves, making
it a seamless extension of existing examples. The simplest
modification involves configuring the graph network with
inward edges leading to the anode of a diode and outward
edges leading to the cathode. However, this modification only
accounts for forward bias from the anode to the cathode,
neglecting the reverse bias of the diode.

Consequently, diodes that actively use reverse bias, such
as those used for semiconductor overvoltage protection,
preventing the reverse connection of DC power supplies,
constant-voltage diodes utilizing the steep reverse bias char-
acteristics of Zener diodes, and flywheel diodes for releasing
accumulated energy in inductance, cannot be represented.
The challenge of representing the asymmetry of a node with
directed edges stems from the dual nature of information
contained within a diode. A previous study [15] highlighted
that semiconductors possess more than three terminals,
allowing them to be decomposed into the equivalent number
of nodes corresponding to the semiconductor’s terminal
count. By implementing the concept of transforming a node
with multiple pieces of information into multiple nodes with
a single piece of information, a diode node with two pieces
of information (anode and cathode) is divided into two nodes.
When the direction of the edges is disregarded, the two nodes
can be combined in three possible configurations, as shown
in Fig. 1.

The first combination involved connecting the anode and
cathode nodes in series. In this configuration, signal propa-
gation between the anode and cathode nodes is asymmetrical
owing to the nonlinearity of the activation function in
GNNs. Consequently, even in undirected GNNs, directional
information can be retained in the hidden layers by assigning
unique one-hot vectors as node attributes to the anode and
cathode. The second combination involved positioning the
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FIGURE 1. One node with two pieces of information is decomposed into
two nodes with one piece of information. These nodes can be connected
in three possible ways: series, parallel, and series-parallel.

Single Parallel Series-Parallel

| V_Da Dc GND | V_Da Dc GND
Vi0o1 01 Vio1l10 1
— Dj0 001 DjoOO0 1 1
D1 0 00 D100 O
GND[1 0 1 0 GNDj1 O 1 0

FIGURE 2. Adjacency matrix for a graph network that represents a circuit
with diodes as nodes in series, parallel, or series-parallel. In this case,
D 4 represents the anode node, and D represents the cathode node.

anode and cathode nodes in parallel. In this configuration,
signal propagation between the anode and the cathode is
disrupted, allowing for the complete separation of the forward
and reverse bias paths by assigning distinct node attributes
to each node and setting the edge direction connecting the
two nodes to be opposite. However, in a circuit with multiple
parallel diodes, the transformation between the circuit and
graph network becomes irreversible as the pairs of anode
and cathode nodes cannot be uniquely identified. The third
combination involves arranging the anode and cathode nodes
in a series-parallel configuration, connecting the two nodes
in parallel, and establishing a direct link between them. This
configuration comprises three additional degrees of freedom
in the direction of the edges between the two nodes (from the
anode to cathode, cathode to anode, and in both directions).
Graph networks can be represented by adjacency matrices,
which have the same number of rows and columns as
the number of nodes, where elements with edges between
nodes are represented as 1, and elements with no edges are
represented as 0. In particular, directed graphs with one or
more directional edges within a graph can be represented by
setting the rows as sources and the columns as sinks, and
non-directional edges can be defined as bidirectional edges.
Fig. 2 shows an example of a simple circuit with a diode
expressed as a series, parallel, and series-parallel node using
adjacency matrices. As shown in the figure, an adjacency
matrix for a graph with directional edges is an asymmetric
matrix. The “Single” is sufficient to express an ideal diode.
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FIGURE 3. Transformation from a circuit to a graph network with diodes: the first transformation incorporates a ground node to the circuit and
decomposes the semiconductor node into a star graph using a virtual node. In the second transformation, the diode node is decomposed into two

nodes and connected in a series-parallel manner.

However, the “‘Parallel”” and ““‘Series-Parallel” are necessary
for accurately modeling the operation of an actual diode that
takes into account the reverse bias characteristics.

We hypothesize that minimizing information loss during
the transformation from circuits to graph networks with these
graph network modifications will enhance the accuracy of
inference in GNNs. By retaining essential information for
feature extraction within the graph network, we anticipate an
improvement in inference accuracy. To test our hypothesis,
we conducted a comparative analysis between diode rep-
resentation and the graph classification accuracy of GNNs.
We will explain the highlights of our study utilizing Fig. 3.
In the figure, we incorporate a ground node into the graph
network, which uses circuit components as nodes, and
decompose the semiconductor into a star graph to reduce
self-loops and multiple edges and to preserve the terminal
numbers of the semiconductor within the graph network.
We then transform the diode nodes into a series-parallel
format and assign directed edges. In particular, we define
directed edges from the anode to the cathode of the diode to
make the diode an asymmetric structure.

The contributions of this study are as follows:

1) We propose a method for decomposing a node contain-

ing two pieces of information into two nodes containing
a single piece of information each, enabling the use of
directional GNNSs to handle directional nodes that can
only treat directional edges.

2) Under the constraint of reversibility between circuits
and graph networks in the homogeneous graph, unique
one-hot vectors were assigned to the node attributes of
the two nodes.

3) By applying a directed GNN to the aforementioned
graph network, we successfully extracted high-quality
circuit feature values, leading to enhanced inference
accuracy.

A. PREVIOUS STUDIES

The social demand for automated circuit designs has
increased, with GNNs emerging as a promising solution
for semiconductor applications [16], [17] [18], [19] [20].
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However, challenges, such as stringent design rules, rising
design costs owing to the miniaturization and adoption of
low-voltage transistors have limited the widespread adoption
of GNNs in the industry [11], [21]. For example, commercial
electronic design automation tools provided by Synopsys,
Inc., Cadence Design Systems, Inc., Siemens, Inc., and
Zuken, Inc. have been employed for simulations, logic
designs, and analog designs. However, these tools, which rely
on design rules and simulations, require technical expertise
and incur simulation costs during parameter searching.
Therefore, leveraging previous designs and simulation
data is crucial to alleviate these challenges. Examples
include the integration of logic synthesis [17], [22], [23],
reinforcement learning for field-programmable gate-array
performance [23], and transistor placement [24]. Notably,
these examples do not necessarily consider circuit and
graph network reversibility, as the output typically com-
prises images of the component layout [24] and numerical
simulation values [13].

In addition, previous studies have focused on the internal
design of semiconductors, which may not be directly
applicable to general-purpose electrical circuits, such as
printed circuit boards, that include analog circuits. In par-
ticular, several studies [25], [26] assumed that the internal
circuit and characteristics of semiconductors are known
during the design phase. However, the internal circuits
of semiconductors are not disclosed to users, and circuit
simulations utilizing such semiconductors are challenging
unless the semiconductor manufacturer publishes the mod-
els. However, treating circuits as graph networks allows
for the handling of circuit components with unknown
characteristics.

The transformation of circuit components into graph
networks without abstraction can be realized using three
methods. In [15], [25], and [27], circuit components were
represented as nodes and wiring as edges. In [13] and [28],
both circuit components and wiring were represented as
nodes, whereas [29] and [30], represented the wiring as a
node and circuit components as edges. Alternatively, the
circuit components can be abstracted into a graph network
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FIGURE 4. Circuit to netlist transformation: the first transformation incorporates a ground node to the netlist and transforms the semiconductor
node into a star graph [15]; the second transformation decomposes a diode into two circuit components, that is, an anode node D 4, and a cathode

node D

by replacing multiple components with a single node. This
replacement allows for the inclusion of components with
unknown characteristics into the graph network [31], [32].
However, neither method could transform a graph network
without losing information regarding a diode with node
directionality. Therefore, this study demonstrates the effect
of directed nodes within a homogeneous and simple graph
network [15]. In this network, circuit components and
grounds serve as nodes, wiring (excluding grounds) as edges,
and semiconductors as star graphs.

B. GNN ALGORITHM

Various undirected GNNs have been developed, such as
GCN [33], GAT [34], and GraphSage [35]. Among these,
we evaluated the GCN, which is a fundamental GNN
algorithm, and GraphSage, which balances the training speed
and inference accuracy through node sampling in hidden
layers. Conversely, fewer methods exist for directed GNNs
than those for undirected GNNs. DiGCN [36], for example,
instead of normalizing by the degree of the adjacency matrix
as in GCN, it is normalized by the diagonal elements of the
adjacency matrix, preserving the asymmetry of the adjacency
matrix and directed edges. Magnet [37] maintains directed
edges by assigning edge weights and directions based on
amplitude and phase using the magnetic Laplacian, which
is a complex Hermitian matrix with complex numbers. In a
Dir-GNN, the ratio of the inward and outward edges is
determined as a hyperparameter during training to enhance
inference accuracy. However, to highlight the difference in
inference accuracy under a fixed ratio and to minimize the
convergence time during training, we manually set the ratio
as a hyperparameter. Furthermore, we utilize undirected and
directed GNN algorithms on circuits, employing one-hot
embedding vectors [15] that enable circuit constants to be
directly assigned to node attributes. In Dir-GNN [38], feature
values are extracted from the graph network by applying
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different undirected GNNs to inward and outward edges,
merging the features of the two GNNs to form a single
feature. By dividing the inward and outward directions, the
undirected graph can be applied to each direction, which is a
natural extension of undirected GNNs. In addition, since the
algorithm of the undirected GNN can be directly integrated,
we assess “Dir-SAGE,” which incorporates GraphSage, that
achieved the optimal results in undirected GNNs. Further-
more, Dir-GNN improves inference accuracy by determining
the ratio of inward and outward edges as a hyperparameter
during training. However, to highlight the difference in
inference accuracy under a fixed ratio and to minimize the
convergence time during training, we manually set the ratio
as a hyperparameter. Furthermore, we utilize undirected and
directed GNN algorithms on circuits, employing one-hot
embedding vectors [15] that enable circuit constants to be
directly assigned to node attributes.

Il. NODE TRANSFORMATION OF DIODE

Circuits can be transformed into graph networks using two
methods. One method involves modifying the netlist, which
is a text data format that describes the circuit components
and their connections. The other method is to modify
the graph network after transforming it from the netlist.
Both approaches yield similar results; however, for clarity,
an example of modifying the former is shown in Fig. 4.
There are several netlist formats, including Allegro, Telesis,
Scicards, and LTspice; however, because transformation
between netlists is possible without loss of details, a standard
LTspice [39] format was selected. Because the edge direction
is determined by the order of the wirings listed in a netlist,
it is transformed according to the definition of the description
order during the transformation to the adjacency matrix,
representing the node connection of the graph network.
In Fig. 4, for the anode node D 4, the wirings are described
in the order N,, OUT, D s-D¢, where N, represents the
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input wiring, OUT represent the output wiring, and D 4-D¢
represents the wiring connected to D¢ node. For the cathode
node D¢, based on the same definition as Dy, OUT
represents the input wiring, [V, represents the output wiring,
and D 4-D¢ represents the wiring connected to the D 4 node.
However, a new challenge emerges when a diode node is
divided into two, as the two nodes can be flexibly connected
in series, parallel, or a combination of both.

A. SINGLE NODE

For increased comprehension of the following three methods,
we consider a scenario in which the diode node remains
undivided. The simplest extension for representing directed
nodes with directed edges is to represent a diode with a
single node and connect the directed edges to that node.
The graph network with the circuit shown in Fig. 3 as a
single node and directed edges is shown in Fig. 5, according
to which the graph of the diode is formed by edges from
X4 to D and from D to Xs, C, and R nodes. Any wiring
that is not directional, other than the wiring connected to
the diode, is considered bidirectional. This definition allows
signal transmission between nodes, even in a directional
GNN, ensuring that circuits and graph networks share the
same characteristics.

FIGURE 5. Graph network with a single diode and directed edges.

Signal transmission in the hidden layer of the GNN around
the diode can be expressed using eq. (1), where o represents
an activation function (a nonlinear function), W represents
the weight matrix that is optimized during GNN training,
and x represents the vector of node attributes of the diode.
As shown in eq. (1), the directional edge allows for signal
propagation in the forward direction but not in the reverse
direction.

u(x) = o (W -x) if forward bias )

0 if reverse bias

B. SERIES NODE

When a diode is divided into two nodes, the simplest
and most intuitive connection is to link the two nodes
in series. This transformation enables the division of the
characteristics between nodes D4 and Dc. GNNs with a

VOLUME 12, 2024

directed edge from D4 to D¢ cannot train the reverse bias
characteristic because the signal does not propagate from
D¢e to D 4. Therefore, to accommodate both forward and
reverse directions, the edge between D4 and D¢ should be
designated as bidirectional. Consequently, all edges within a
graph network are bidirectional, allowing them to be trained
by undirected GNNs. However, the paths in the forward and
reverse directions are identical, presenting a challenge in
sharing the weight matrix of the GNN in both directions.
By dividing the diode node and assigning different one-hot
vectors to each node attribute, the forward and reverse
characteristics can be asymmetrically owing to the activation
function of GNNs. However, to achieve the same level of
inference accuracy without information loss, the amount of
data required for training and computational costs must be
increased.

FIGURE 6. Graph network with diodes as series nodes and an undirected
graph.

The diode can be split into two and defined as a series
node, with the hidden layer of the GNN represented using the
eq. (2). In this equation, the forward and reverse directions
share a weight matrix W, and only the sequence in which
the vectors of the node attributes xp of D4 and x¢ of Do
are applied to W varies. Although the activation function
o results in different signal propagation in the forward
and reverse directions, it cannot sufficiently address the
asymmetrical relationship between the forward and reverse
threshold voltages in actual diodes. Therefore, while this
approach maintains the relationship between the two nodes,
it cannot train independent characteristics owing to strong
dependencies in the forward and reverse directions.

{Xc+U(W-XA)
ux) =
XA+O'(W~Xc)

?f forward k'nas @)
if reverse bias

The results of the node attributes for each node in Fig. 6,
expressed as one-hot embedding vectors, are listed in Table 1,
according to which the node attributes of the terminal nodes
of a semiconductor and a virtual node are assigned as a
one-hot vector, and circuit constants of “C” and “R” are
assigned as a one-hot embedded vector, with a ““1” element
in the vector representing a real number. The logarithms
of the circuit constants are obtained and normalized by the
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minimum and maximum values of “C” and “R” in the
dataset. This process ensures that each circuit constant fits
within the range of —1 to +1. Furthermore, D4 and D¢
are assigned distinct one-hot vectors, such that their node
attributes are orthogonal in the Adamar product [40]. The
orthogonality of the one-hot and the one-hot embedding
vectors enables the propagation of the node attributes of D 4
to D¢ in the hidden layer of the GNN to persist even when
more layers of the GNN are added. In addition, because the
dataset utilized for the evaluation did not include more than
nine semiconductors in a single circuit, a one-hot embedded
vector was employed to assign the value y = (1.0 — 0.1 x n)
to the n-th semiconductor.

TABLE 1. Node attributes based on one-hot embedding vectors.

X
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C. PARALLEL NODE

One challenge faced is the inability to separate the forward
and reverse paths cannot in series. This challenge can be
resolved by placing two nodes in parallel and assigning
edges in different right and left directions to each parallel
node. A graph network with this configuration is shown in
Fig. 7 where D4 receives signals from the X4 node and
outputs them to the X5, C, and R nodes. Conversely, D¢
receives signals from the Xs, C, and R nodes and outputs
them to the X4 node. No direct edge exist between D¢ and
D 4; they are connected through the adjacent nodes: X4,
X5, C, and R. Although no direct edges exist between D¢
and D4, allowing for complete separation of the forward
and reverse paths, D¢ and D4 become independent circuit
components. Therefore, a circuit with two parallel-connected
diodes loses the reversibility between the graph network and a
circuit.

By partitioning the diode into two segments and them as
parallel nodes, and describing the GNN’s hidden layer in
relation to these two nodes, we can express the relationship
using the eq. (3) where the forward and reverse directions
exhibit different weight matrices W and W, respectively.
The vector of node attributes x5 of D4 and W as well as
the vector of node attributes xc of Do and Wy, may exhibit
entirely different characteristics.

{a(wl -XA)

if forward bias
u(x) = 3

0 (Wy - xc) if reverse bias
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FIGURE 7. Graph network represented by direct edges with diodes as
parallel nodes.

FIGURE 8. Graph network representing a diode as a series-parallel
connection from anode to cathode nodes.

D. SERIES-PARALLEL NODE

To address the challenges posed by series and parallel nodes,
we propose series-parallel nodes. These nodes offer three
potential methods for defining the edges between them within
a series-parallel node structure.

1) an asymmetric structure with directed edges from D 4
to D¢.

2) an asymmetric structure with directed edges from D¢
to Dy4.

3) a symmetric structure of bidirectional directed edges
between D4 and D¢.

A graph network with edges extending from D4 to D¢
is shown in Fig. 8. In 1) and 2), distinct paths can be
asymmetrically defined in the forward and reverse directions,
enabling the determination of the diode direction from the
graph network structure without relying on the node attributes
of D4 and D . This structure enables reversibility from the
graph network to a circuit, even in a circuit with multiple
parallel-connected diodes, utilizing a graph structure alone.
By dividing the diode into two parts, defining them as
series-parallel nodes, and elucidating the GNN’s hidden
layer in relation to these two nodes, the relationship can be
expressed using eq. (4). In this equation, the forward and
reverse directions are distinguished by weight matrices W
and W, respectively, with a weight matrix W3 between D 4
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TABLE 2. Dataset: Average node and edge values for seven different circuits as well as the number of circuits containing a diode when a single node

represents the diode.

[ [ ADC  Comp. Filter Products  Opamps  Power Products  Ref.  Switches |
Number of Circuits 36 41 25 681 2240 66 119
Circuits with diode 0 1 0 36 855 1 0

Avg. Diodes 0.00 6.00 0.00 2.86 1.97 2.00 0.00
Avg. Nodes(Single) 27.94 16.76 27.32 18.15 28.90 11.08 16.76
Avg. Nodes
(Series&Parallel& 27.94 16.90 27.32 18.30 29.63 11.11 16.76
Series-Parallel)
Avg. Edges(Single) | 4722 35.80 52.68 30.40 65.00 2195 33.60
Avg. Edges(Series) | 4722 36.63 52.68 40.04 69.62 204 33.60
Avg. Edges(Parallel) | 4722 36.56 32.68 40.07 69.63 2208 33.60
Avg. Edges 4722 3670 52.68 40.18 70.11 214 33.60
(Series-Parallel)

and D . In the forward direction, a signal comprising D 4 and
‘W propagates to adjacent nodes. In contrast, in the reverse
direction, the signal Ly = 0 (W3 -xa) from D4 to D¢
obtained in the first hidden layer and o (W2 - L) obtained
in the second hidden layer propagate to the adjacent cathode
nodes.

_Jo(W1-xa)
ux) =
oc(Wz - (xc+0(W3-xa)))

if forward bias
if reverse bias

“

Similarly, a graph network with the directions of D4 and
D¢ is represented using eq. (5). Furthermore, if the edge
between D4 and D is bidirectional, the equation becomes
a combination of the forward bias in eq. (5) and the reverse
bias in eq. (4).

(x) = o (Wy - (xa +0(W3-x0))
o(Wz - xc)

if forward bias
if reverse bias

&)

Ill. EXPERIMENTS

A. DATASET

The netlist, which contains all information required to con-
struct the circuit, is not publicly available. To date, research
has been conducted in collaboration with semiconductor
manufacturers. Only 60 datasets have been made publicly
available [41], comprising ladder circuits and operational
amplifiers. However, these datasets are insufficient for
training GNNs as they tend to converge to a local minimum,
leading to a high variability in results. Furthermore, because
these datasets are published in a graph network format,
circuit-to-graph network transformation becomes impossible.
Therefore, sample circuits [42] provided by LTspice [39],
a free commercially available circuit simulator from Analog
Devices, Inc. were utilized. The dataset was classified into
seven types [15] based on the semiconductors used in the
circuits. The seven sample circuits comprised 3,308 different
semiconductors with varying model numbers, of which 2,315
(70%) were used as training data and the remaining 993 as test
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data. In a typical circuit, the position of the “1”” in the one-hot
vector should vary depending on the semiconductor type,
such as the power supply, operational amplifier, or switch.
However, in the GNN classification of the sample circuit, the
correct label is the same as that of the semiconductor type.
By assigning the semiconductor type to the node attribute,
the GNN no longer needs to extract the circuit features.
Therefore, as shown in Table 1, a one-hot vector is assigned
to the node attributes of the semiconductor terminal nodes
and a virtual node, indicating only ‘“‘semiconductor’ rather
than specifying the semiconductor type. Notably, LTspice
provides 14 types of circuits for semiconductors; however, six
of them were excluded because of an insufficient number of
sample circuits (approximately 10), which were not suitable
for training and inference. Additionally, while “SpecialFunc-
tions” contains 193 circuits, both “SpecialFunctions” and
“PowerProducts” contain circuits with the same structure,
differing only in the model number of the semiconductor.
Therefore, without additional information provided for the
semiconductor node, it becomes impossible to differentiate
between each circuit using the one-hot vector, leading to the
exclusion of “SpecialFunctions.”

The type of LTspice utilized as datasets, the number of
files and diodes in each type, and the average number of
nodes and edges when representing the circuits as a graph
network are listed in Table 2. ‘“‘PowerProducts” contains
most of the diodes, with 1,680 diodes implemented in 855 of
the 2,240 circuits. These findings suggest that the diodes
are contained in approximately one-third of the circuits,
with an average of two diodes implemented in each circuit.
Furthermore, the ‘“PowerProducts’ circuit, which contains
a higher number of diodes, has an average diode count of
1.97 out of 28.90 components, equating to 6.82% in a circuit.
The relatively low ratio of diodes in the circuit mitigates
the drawbacks of an increase in the number of nodes and
edges owing to diode decomposition, while underscoring the
advantage of managing directed nodes with existing directed
GNNE.

Fig. 9 shows the top ten types of nodes adjacent to the
anode node and cathode nodes. The sixth result shows that
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FIGURE 9. The type of node that is adjacent to the anode node and the
cathode node.

the circuit contains a series or parallel connection between the
anode node and the anode node of another diode. Similarly,
the eighth result shows that the cathode node is connected to
the cathode node of another component. This result shows
that by dividing the diode into series-parallel nodes, it is
possible to transform the graph back into a circuit for parallel
connections.

B. HYPERPARAMETER OF GNN

Owing to the statistical nature of the GNNs, inference
results exhibit variability. The accuracy of GNN inference
is contingent upon the distribution of training and test data,
GNN structure, GNN hyperparameters, and random initial
values of the weight matrix. To reduce the variability in
inference results caused by differences in GNN hyperparam-
eters, we kept the hyperparameters constant when dividing
the diode, except for the types of node attributes that increase
when the diode node becomes the anode node and the cathode
node. In the LTspice dataset, the node attribute when the
diode is not divided is 17, and the node attribute when the
diode is divided into the anode node and the cathode node is
18. Fig. 10 shows the GNN model and the hyperparameters
used for graph classification. The input data is the node
attributes of each node and the adjacency matrix. In GNN,
the node attributes are updated, but the adjacency matrix is
not updated, so only the number of node attributes varies in
each layer of GNN.

Additionally, we generated ten datasets with different
combinations of training and test data to assess the average
inference accuracy of the test data. Our goal is not to
achieve the highest inference accuracy but rather to compare
the difference in inference accuracy with and without
diode directionality. Therefore, we intentionally refrained
from hyperparameter searching and set the same conditions
as those utilized in a previous study [15]. We extracted
maximum feature values from the hidden layers of a
three-layer GNN (with 16, 64, and 512 channels). These
maximum feature values were input into two fully connected
layers (with 512 and 256 channels) and aggregated into seven
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FIGURE 10. GNN model for graph classification.

classes, similar to the output class. Since the mini-batch is
not used, the number of graphs handled at once in training
is 2,315. To prevent overfitting, a 25% dropout function was
implemented in the second layer of the GNN and a 50%
dropout function in the first layer of the fully connected
layer. During training, the output was classified into seven
classes using a softmax function for the output layer values
of the fully connected layer. Both undirected and directed
GNNs were utilized with the Tanh function, which has an
output range of —1 to +1, as the activation function and
Adam [43] as the optimization function. We did not employ
hidden layer normalization, such as batch normalization [44]
and layer normalization [45], which contribute to faster
convergence owing to the challenges involved in applying
them to Magnet [37], which involves complex numbers.
Because the number of epochs until convergence had to
be increased without batch normalization, the epochs were
set to 10,000, and test data were inferred using the weight
matrix from the epoch with the highest inference accuracy
for training data.

The training was performed on a computer equipped
with a CPU: Intel Xeon Gold 5115 and a single GPU:
NVIDIA Quadro RTX 8000. The time required for training
and inference was approximately 25 min per 10,000 epochs
of training. The maximum GPU memory utilization for
training without a mini-batch was 12GB, which is compa-
rable to the memory capacity of a general-purpose GPU.
Therefore, the training was conducted without mini-batches.
However, when utilizing mini-batches, the inference accuracy
decreased owing to the small amount of training data, leading
to convergence to a local minimum.

C. EXPERIMENTAL RESULTS

The inference accuracy is achieved by transforming a diode
into single, series, parallel, and series-parallel nodes, utilizing
undirected GNN algorithms of GCN [33] and GraphSage
[35], as well as directed GNN algorithms of Magnet [37],
DiGCN [36], and Dir-SAGE [38] is shown in Table 3. The
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TABLE 3. Experimental results: Inference accuracy of undirected and directed GNNs for transforming diodes into graph networks (average and variance

of inference results utilizing ten different combinations of training and test data).

T GNN Sinal Seri Parallel Series-Parallel ~ Series-Parallel ~ Series-Parallel
ype Algorithm ingle eres aralle (D4 — D¢) (Dc — Dy) (Da < D)
Undirected GCN [33] 97.394+0.58  97.5440.55  97.4840.57 97.4640.68 97.48+0.54 97.5040.69
(Baseline) | GraphSage [35] | 97.894+0.87 97.95+0.62 97.98+0.68 97.9940.56 97.95+0.76 97.9710.64
Magnet [37] 98.094+0.68  98.33+1.36  98.1240.69 98.28+1.21 97.93£0.71 98.1040.47
Directed DiGCN [36] 97.96+1.32  97.804£0.75 97.90%0.76 98.05+1.23 97.55£1.10 97.89+1.08
DIE_O[S/:G(IJESE?] 98.394+1.51  98.294+1.50 98.1440.71 98.80+-0.92 97.84+0.63 98.25+1.34
TABLE 4. Experimental results for the hyperparameter o of Dir-SAGE, which applies GraphSage [35] to Dir-GNN [38].
\ o [ 0l 0.2 03 0.4 05 0.6 0.7 038 09 ]
‘ A T?St . ‘ 98.53£1.06 98.70£0.99  98.62+£0.99 98.61£0.98 98.45+0.73  98.50+1.10  98.524+0.97  98.60+0.78  98.8040.92
ccuracy[%]

TABLE 5. Experimental results: Average error rates for undirected and directed GNNs on the test dataset of circuits containing diodes.

T GNN Sinel Seri Parallel Series-Parallel ~ Series-Parallel  Series-Parallel
ype Algorithm ingle enes  raralel (p, 5 De) (Dc — Dy) (D4 <> DC)
Undirected GCN [33] 057% 045% 034% 057 % 057 % 0.45 %
(Baseline) | GraphSage [35] | 045% 023% 023 % 0.68% 0.68% 0.68 %
Magnet [37] | 034% 023% 023 % 0.11% 034 % 023 %
Directed DIGCN[36] | 034% 045% 057 % 0.00 % 023 % 034 %
D‘EfiGéagg] 0.11% 034% 0.11% 0.00 % 0.11 % 0.00 %

baseline accuracy was achieved by combining single-node
diode representation and GraphSage, resulting in a value
of 97.89%. When the number of channels in the hidden
layer, activation function, and optimization function were
maintained constant, and only the GNN algorithm was
changed, training with directed GNN for series-parallel nodes
(D4—D¢) enhanced the inference accuracy, regardless of
the algorithms. Dir-SAGE [38] achieved an average inference
accuracy of 98.80%. The ‘‘rightward” wiring around a
diode in the circuit defines the “outward” edges, and the
“leftward” wiring defines the “inward” edges. By setting «
to 0.9, which signifies the weight ratio of features obtained
from the inward and outward directions, we combined them
at a ratio of 0.1 to 0.9, respectively. By adjusting the weight
ratio, the accuracy was 0.9% higher than the maximum
accuracy of the undirected GNN. The average inference
accuracy and variation results, when the value of o was varied
in Dir-SAGE, are listed in Table 4. The maximum accuracy
was achieved at o = 0.9, and the inference accuracy was low
at approximately o = 0.5, where the weights in the forward
and reverse directions were equal. Moreover, when the
direction of the edge was reversed, Do — D 4, the inference
accuracy decreased by 1.0%. In addition, when the direction
of the edges between the nodes was bidirectional, D4 < D¢,
the inference accuracy was 98.06%, a decrease of 0.7% from
the highest accuracy. These findings suggest that, similar
to the circuit characteristics, the forward bias is significant
in diodes, and the accuracy of inferences decreases when the
forward bias characteristic is combined with the reverse bias
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characteristic. Table 5 presents the average error rates for the
undirected and directed GNNs for the test datasets of files
containing diodes for ten different combinations of training
and test data. For the circuit containing the diode, 0% error
rate is observed for D« D¢ and D 4— D¢ respectively.
On the other hand, the inference accuracy for D4+ D¢ is
98.25%, which is about 0.6% lower than the 98.80% for
D o,— D¢ . This difference shows that, in D 4« D¢, the GNN
is required to train with a bias towards diodes, whereas
in Dy4— D¢, the structure of the diodes is matched to the
characteristics of the circuit, so that the circuit with diodes
can be treated in the same way as the circuit without diodes.

D. DISCUSSION

Magnet and DiGCN, designed with the assumption that most
edges in the graph network are directed, exhibited lower
accuracy compared with Dir-SAGE. Dir-SAGE combines
GraphSage features with both forward and reverse character-
istics, making it a suitable GNN algorithm for circuit data
in which most edges are undirected. However, the result
obtained with « 0.5 differed from that of GraphSage
because Dir-GNN utilized the degree of inward and outward
adjacency matrices for normalization. For undirected GNNSs,
dividing nodes into a series enhanced the inference accuracy
by 0.2%, demonstrating that dividing the diode into anode
and cathode nodes can prevent information degradation even
in a circuit with undirected GNNs. This result can be
applied not only to diodes but also to directional nodes,
such as DC power supplies and aluminum electrolytic
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Feature
Vector : Z

mean(z

o(z-z)

max(z) / { Graph Classification : Detection of abnormal circuits
Graph Regression : Estimation of implementation area
Z; { Node Classification : Selection of circuit components
Node Regression : Optimization of circuit constants
Link Prediction : Prediction of the net wire length
Auto Encoder : Optimization of the circuit topology
Graph Generation : Circuit generation from scratch

FIGURE 11. Example of applications with GNN: By extracting feature vectors z with GNN and utilizing z, the desired
output can be obtained regardless of whether it is supervised or unsupervised training.

TABLE 6. Advantages and disadvantages of the method of transforming
diodes to graph networks.

Mutual GNN Accuracy GNN Accuracy
Transformation  (Directed GNN)  (Undirected GNN)
Single Good Fair Poor
Series Good Fair Good
Parallel Poor Poor Fair
S(eg:sjagil)e ! Good Good Fair
S(egisiagil)e ! Good Poor Fair
S(e[r)ljsjalr)aél)e ! Poor Fair Fair

capacitors. However, as these circuit components do not
need to include the reverse direction, they can be trained
by connecting the decomposed nodes in series, assigning
different node attributes to each node, and implementing
an undirected or directed GNN. In cases where a diode is
integrated into a semiconductor terminal as indicated by
the block diagram, transforming the semiconductor into a
star graph and representing the corresponding terminal as
a diode node can mitigate information degradation. The
advantages and disadvantages of each diode representation
are listed in Table 6. For applications that do not require
reverse-bias characteristics, the combination of a series node
and directed GNNs provides superior results in terms of
simplicity and mutual transformations between the circuit
and graph network.

In addition, conventional circuit analysis and simula-
tion techniques focus on extracting voltage, current, and
impedance. However, as shown in Fig. 11, by extracting
features using GNNs and defining a neural network model
and evaluation function that match the training dataset, it can
be applied to tasks other than graph classification. The
following is an example:

1) Graph classification: Detection of abnormal circuits,
prediction of the number of substrate layers, selection
of manufacturing processes and materials, classifica-
tion of circuits divided into subgraphs, prediction of
failure modes, detection of patent violations.

2) Graph regression: Implementation area, manufacturing
cost, design/manufacturing/testing period, yield rate,
durability, mean time between failure, design for
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manufacturability, electromagnetic noise level toler-
ance, power supply/signal quality, net wiring length.

3) Node classification: Optimization of part numbers,
extraction of parts that may fail before the design life,
impact of parts on power supply quality, extraction of
parts with a low tolerance to electromagnetic noise,
extraction of parts that require thermal management.

4) Node Regression: Optimization of circuit constants,
component failure probability, frequency/power of
electromagnetic noise, frequency/power/terminals that
are prone to malfunction by electromagnetic noise, rate
of change by aging deterioration, parasitic capacitance
between terminals, leakage current.

5) Link prediction: Bonding wire/wiring on the
board/cable breakage probability, interference path
prediction by parasitic capacitance/mutual inductance,
wiring width optimization, prediction of residual
resistance/inductance, prediction of radiated noise.

6) Graph autoencoder: Extraction of circuits with similar
topologies, circuit topology optimization, block dia-
gram construction for system design with clustering,
simplification of large-scale circuits.

7) Graph generation: Generation of completely new cir-
cuits, generation of large-scale circuits by scaling down
small-scale circuits, power-saving/fault-tolerance/low-
cost/low-noise/noise-resistance optimization.

Solving the challenges of circuit design using and
combining these applications is a future challenge.

IV. CONCLUSION

This study proposed the transformation of a diode into a graph
network, allowing for reversible transformations between a
circuit and a graph network. Diodes are directed asymmetric
nodes; therefore, directed GNNs, which only handle directed
edges, cannot be applied, so the diode was split into two
nodes. These nodes were then parallel-connected with the
component node adjacent to the diode, with directed edges
in different directions connected to each parallel node.
Furthermore, by connecting the directed edge from the anode
node to the cathode node, the diode was transformed into
a serial-parallel graph. This transformation enabled circuits
containing diodes to be transformed into graph networks
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with no information loss. Our method achieved an impressive
accuracy of 98.80%, surpassing the highest accuracy reported
in previous studies by 0.9% under the same hyperparameters.
In addition to improving the accuracy of graph classification
of circuits, the result shows that transforming circuits into
graph networks is a framework for using GNNss to extract fea-
ture values that are essential for circuit analysis and design.
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