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ABSTRACT Circuit design requires trial and error in both prototyping and simulation owing to the high
degrees of freedom and mutual interference between the components. In this study, we propose a novel
approach to address this challenge by introducing a transformation method that converts circuits into graph
networks. This transformation is achieved with no loss of information, and we evaluate its accuracy through
the application of graph classification by utilizing graph neural networks. We assume that the information
degradation can result from self-loops, multi-edges, and heterogeneous graphs. To mitigate these issues,
we propose a method that effectively reduces their impact. The results of this study demonstrate the
effectiveness of our proposed method, as it achieves an accuracy of 97.89%. This represents a significant
improvement of 5.2% when compared with the conventional method. Notably, our proposed method is
applicable to general-purpose circuits. This makes it a valuable addition to the existing repertoire of circuit
solution methods, alongside analytical and simulation approaches.

INDEX TERMS Circuit, graph neural network, ground node, homogeneous graph, one-hot embedding, star

graph.

I. INTRODUCTION

Circuits form the foundation of electricity, playing a cru-
cial role in its functioning. However, circuit enhancement
requires extensive simulations and reliance on empirical
rules. Therefore, empirical rules should be accelerated or
an automation system should be established that surpasses
them. To achieve this objective, the integration of circuits and
neural networks is desirable. Neural networks are inspired
by brain research [1]. By combining backpropagation [2]
with large datasets, neural networks have outperformed
humans in tasks involving datasets with coordinate systems,
such as images and natural language processing [3]. For
images, CNN-based [4], transformer-based [5], and MLP-
based [6] methods outperform average human recognition
and generation capabilities. In natural language processing,
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transformer-based [7] methods, exemplified by GPT-3 [§]
and Copilot [9] have outperformed humans in tasks related
to recognition and generation.

Circuits, however, lack spatial coordinates, such as images
and natural language; therefore, they should be treated as
graph networks that do not rely on a coordinate system [10],
[11], [12]. Unlike continuous values in images and natural
language, graph networks have discrete values that allow for
a degree of freedom in the graph transformation method.
Conventionally, circuit components and wiring are defined
as nodes, with edges connecting these nodes [13], [14].
Because the roles of the circuit components and wiring
differ, a constraint necessitates alternating appearances of
component and wiring nodes. Unfortunately, training graph
neural networks (GNNs) under these constraints poses
challenges. The difficulty in satisfying these constraints
results from the heterogeneous nature of the graph. Therefore,
we propose a transformation to a homogeneous graph in
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which the circuit components are nodes and the wiring
components are edges.

To assess the effectiveness of the lossless transformation
from circuit to graph (forward) and from graph to circuit
(backward), it is crucial to demonstrate the electrical
equivalence of these transformations. However, evaluating
solely the forward transformation proves to be problematic
owing to the inherent asymmetry between the forward and
backward processes. To address this issue, we introduce a
novel approach that utilizes GNN as shown in Fig.1. This
method assumes that the preservation of information during
the graph transformation results in reduced degradation and
improved inference accuracy in GNN. The evaluation can
focus only on the forward transformation provided this
assumption is correct.

However, utilizing a homogeneous graph with circuit
components as nodes and wiring as edges presents two
significant challenges. The first problem involves multi-
edges, particularly ground edges. In a graph network, ground
edges lose their distinguishing feature as the reference
potential because they carry the same information as other
edges. In addition, ground edges generate numerous multi-
edges, yet GNNs only focus on the presence or absence of
edges, unable to distinguish between multi-edges and single
edges. Therefore, we propose a solution wherein the ground
is transformed into a node, serving as a circuit component.
This method can significantly decrease the number of
multi-edges while maintaining the homogeneity of the
graph.

The second problem pertains to self-loops. When a circuit
component with multiple terminals is transformed into a
single node, the terminal numbers are lost, resulting in a
self-loop representing a short circuit between the terminals
of a single-circuit component. One potential transformation
involves creating a complete graph, where each terminal
becomes a node interconnected by edges [13]. However,
complete graphs introduce two additional challenges. First,
the computational complexity is increased. In a complete
graph, the number of edges is proportional to the square
of the number of terminals. This increase is acceptable
for transistors with three or four terminals, as in previous
studies, because the computational complexity of a GNN
is proportional to the number of edges [15]. However,
an exponential increase in computational complexity is
unacceptable because a typical semiconductor has more than
10 terminals. Second, complete graphs exacerbate the issue of
multi-edges, as short circuits between terminals are converted
into multiple edges within the complete graph. However,
this conversion is irreversible, and GNNs are unable to
differentiate between single and multi-edges, resulting in
information degradation. To address these issues, we propose
the transformation of semiconductors into star graphs, that
is, graphs in which the terminal nodes are connected through
a single virtual node. This star graph representation allows
a semiconductor with 1,000 terminals to be represented
by 1,000 edges in a simple graph without self-loops or
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multi-edges, enabling a lossless transformation between the
circuits and graphs.

When circuit constants are assigned to a graph, the graph
structure and tabular data of the circuit constants for each
node are managed separately [16]. However, this separation
results in the inability to derive the circuit constants from the
backward transformation, making it an irreversible process.
Therefore, we propose the utilization of a one-hot embedding
vector to assign circuit constants to node attributes. Although
the method of assigning node attributes is arbitrary, they
are one-hot vectors that hold orthogonality in the Adamar
product [17]. In this one-hot embedding vector, a real
number replaces the ““1”” in the one-hot vector. Because the
dynamic range of the circuit constants exceeded 20 digits,
we employed the logarithm of the circuit constant. The
activation function in GNN responds to a range of “0 and
1” and “-1 and 1,” thereby normalizing the logarithmic
values of the circuit constants (referred to as log-normalized
values). This one-hot embedding vector transforms the
circuit into a single graph and the circuit constants and
log-normalized values into a linear mapping, facilitating a
lossless transformation.

To validate our approach, we utilize a dataset of 3,308
sample circuits [18] provided by a circuit simulator [19] and
evaluated them by utilizing graph classification. The main
contributions of this study are as follows:

1) Homogeneous graph: It consists of circuit components
and ground as nodes, with the wiring (excluding
ground) serving as edges.

2) Star graph: Semiconductors are divided into terminal
nodes, which are then connected through a virtual node.

3) One-hot embedding vector: The “1” element of the
one-hot vector of node attributes is replaced by a real
number that is proportional to a circuit constant.

A. PREVIOUS WORK

The social demand for automated circuit design has increased
and GNNs have emerged as a promising solution for
semiconductor applications [11], [12], [13], [14], [15], [16],
[171, [18], [19]. The utilization of GNNs is driven by
the increasing difficulty in adhering to stringent design
rules, coupled with an increase in design cost owing to
miniaturization and adoption of low-voltage transistors [11],
[20]. For example, commercial electronic design automation
tools provided by Synopsys Inc., Cadence Inc., Mentor
Inc., and Zuken Inc. are employed for simulation, logic
design, and analog design. However, these tools, which
rely on design rules and simulations, require technical
skill and incur simulation costs for parameter searching.
Therefore, previous design data are required to mitigate these
burdensome requirements and costs. Examples include the
integration of logic synthesis [21], [22], [23], reinforcement
learning for field-programmable gate array performance [21]
and transistor placement [16]. Notably, these examples do
not necessarily consider the circuit and graph reversibility
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FIGURE 1. Netlist generation from the circuit, netlist transformation into a graph network, and evaluation of information degradation by graph

classification accuracy.

because the output consists of images of the component
layout [16] and numerical values for the simulation [13].
A method similar to the one-hot embedding vector concate-
nates the real values of the circuit constants into a one-
hot vector [24], [25], [26]. However, these methods are not
suitable for GNNs because they are not orthogonal, whereas
the one-hot embedding vector is orthogonal between the
circuit components.

In addition, previous studies have focused on the internal
design of semiconductors, rendering them inapplicable to
general-purpose electrical circuits, such as printed circuit
boards and electric wiring in factories. In particular, many
previous studies [24], [25] assumed that the internal structure
and properties of semiconductors are known in the design
phase. However, as regards their utilization, such as in the
design of printed circuit boards, the internal structures are not
publicly available and are treated as a black box. Similarly,
when multiple devices are combined, such as in the electrical
wiring of a factory, the characteristics of each device become
complex and impossible to determine. Treating these devices
and semiconductors as black boxes means considering them
as nodes having only circuit components and no circuit
constants. By approaching the circuit as a graph, we can
manage circuit components with unknown characteristics,
a capability that analytical solutions or simulations cannot
achieve. For example, in printed circuit board design,
component manufacturers publish block diagrams of semi-
conductors. However, the characteristics and circuit constants
of each block in the block diagram are not published. Further,
circuit constants of parasitic components, such as parasitic
capacitance, residual inductance, mutual inductance, and
residual resistance generated by the physical dimensions
inside the component. Therefore, accurately determining
these characteristics through actual measurements or simu-
lations becomes challenging, necessitating the treatment of
some or all semiconductors as black boxes. GNNs enable
the treatment of components as black boxes that cannot be
handled by circuit simulation.

Il. GRAPH TRANSFORMATION

In logic circuits, transforming a circuit into a graph involves
replacing each terminal of the transistors with a node and
connecting these nodes with edges [27], [28]. This method
connects the emitter, collector, and base of a transistor
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with three edges, resulting in a graph that is free of
self-loops and multi-edges. However, when dealing with
typical semiconductors with more than 10 terminals, the
number of edges increases exponentially with the number
of terminals. Another approach is to create a homogeneous
graph where components serve as nodes and wirings act
as edges. In this method, the ground is represented by
edges since it functions as wiring. However, because most
components operate with respect to the ground, the ground
wiring generates multi-edges that are indistinguishable from
other wiring types, resulting in a loss of connection between
the circuit components and the ground. Furthermore, GNNs
focus only on the presence or absence of edges between
nodes and cannot consider the number of edges. This
limitation makes multi-edges a degradation factor. Therefore,
we propose a definition for the ground node, which allows
any circuit to fit general GNNs, such as GCN [29] without
modifying the underlying algorithms. In the star graph,
each terminal node is connected through a virtual node,
and a short circuit between the terminal nodes becomes an
edge that directly connects them. In addition, because the
computational complexity of GNN is proportional to the
number of edges, the star graph enables GNN to operate
efficiently, in terms of time and memory, even for large
circuits with multiple semiconductors.

Moreover, to incorporate the circuit constants into the
graph, we utilize a single embedding vector that can represent
both the circuit component type and circuit constant simul-
taneously. This approach allows for seamless forward and
backward transformations with no information degradation
or loss of orthogonality. An example of circuit-to-GNN
transformation is shown in Fig.2. The first step involves the
addition of ground nodes and circuit constants, followed by
the star graph transformation.

A. GROUND NODE
This section examines the ground node of the circuit shown
in Fig.3. The netlist generated from the circuit is as follows:
V; IN GND
X; IN N1 Ny N> OUT GND
L; N, OUT 1p
C; OUT GND 10p
R; OUT GND 10
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Original Netlist Param Normalization

Virtual Node addition

V: IN GND V; IN V-GND V; IN V-GND

X;IN N; N; N, OUT GND| X; IN Ny N; N, OUT X-GND X: X-X1 X-Xy X-X5 X-X4 X-X5 X-X¢
L; Ny OUT 1p L; No OUT logyo(14t)/ Linaz Xi; X-X, IN

C: OUT GND 10p = C; OUT C-GND log,,(10p)/Conaz =P Xo: X-X5 Ny

R; OUT GND 10 R; OUT R-GND logy(10)/Rmax X5 X-X3 M

GND; V-GND X-GND C-GND R-GND X X-X, N,

FIGURE 2. Netlist Update: The components are placed before the

>

X5; X—X5 ouT

X¢; X-Xg X-GND

L; Ny OUT logyo(1)/Lrange

C; OUT C-GND logw(l()p)/Crange

R, OUT R-GND lOglO(].O)/Brange
GND; V-GND X-GND C-GND R-GND

R

and the wirings are placed after the “;.’ The first update

involves making the ground a circuit component and log-normalizing the circuit constants. The second update converts

semiconductors into star graphs.
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FIGURE 3. Circuit diagram: Semiconductor “X” has six terminals(X1-X6).
X1 is connected to the power supply “V", X2 and X3 are short-circuited, X4
is connected to “L,” X5 is connected to “R,” “L’ and “C" are feedback, and
X6 is grounded.

Netlists have over ten different formats, including Allegro,
Telesis, and Scicards, which are mutually lossless transfor-
mations. Therefore, this study utilized the aforementioned
netlist, which comprises only the components necessary
for explanation. In this netlist, “V.,” “X” “L)” “C,” and
“R” before *“;” indicate the type of components, which
are power supply, semiconductor, inductor, capacitor, and
resistor, respectively. The elements after ;" represent wiring
names and a circuit constant. “L,” “C,” and “R’” are passive
elements and have two wiring names corresponding to both
ends and a circuit constant in the third element. For example,
“L” represents a 1uH coil connected to two wirings “N,”
and “OUT.” “V” is the power supply, with wiring names
for both ends. “X” has six wirings equal to the number of
terminals and has a self-loop with wiring “N;” connected
between the second and third terminals. The wiring name
“OUT”, for example, indicates that the fifth terminal of “X’
is connected to the second terminal of “L”, the first terminal
of “C” and the first terminal of “R,” respectively. Also,
between “X” and “L”, there is a multi-edge connected by
“Ny” and “OUT”.

The circuit generated from the aforementioned netlist
without the “GND” wiring as the reference potential is
shown in Fig.4. The “GND” wiring is the same as the other
wiring, resulting in edges between “V,” “X,” “C” and “R”
connected by the “GND”’. Because the ground edges cannot
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FIGURE 4. Circuit created from netlist without considering “GND" as the
reference potential.

be distinguished from the other edges, it becomes impossible
to reconstruct a circuit from the graph.

However, the addition of a ground node is necessary for
defining the new wiring between the circuit components
connected to the ground node. For example, the wiring name
between the nodes “V’’ and “GND”’ defines “V-GND”’; the
aforementioned netlist becomes:

V; IN V-GND

X;IN N1 N1 N, OUT X-GND

L; N, oUT lOglo(lﬂ)/Lromge

C; OUT C-GND log;((10p)/Crange

R; OUT R-GND log((10)/Range

GND; V-GND X-GND C-GND R-GND

The underlined text shows the modified points for clarity.
Because the minimum and maximum ranges differ for each
“R” “L,)” and “C.” the ranges “Rynge;” “‘Lyange” and
“Crange” can also be used for each component. However, for
clarity, we assumed that they have the same range as in this
study. This netlist can reconstruct a circuit by assigning node
attributes to the ground nodes in a one-hot embedding vector.
The graph transformed from the updated netlist, comprising
ten edges and a self-loop at “X” is shown in Fig.5. For
comparison, a graph obtained from previous studies with the
ground as an edge is shown in Fig.6. This graph has 14 edges,
a self-loop at “X” and several multi-edges. Notably, GNN
cannot consider the self-loop and multi-edges because it
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FIGURE 5. Homogeneous graph with the addition of the ground node.
A graph with circuit components and ground as nodes in Fig.3.

FIGURE 6. Homogeneous graph with the ground as edges. Green edges
represent ground edges.

assigns self-loops to all nodes to pass their node attributes to
the next hidden layer. Further, GNN cannot retain the terminal
numbers necessary for the backward transformation.

B. STAR GRAPH OF SEMICONDUCTORS

The result of transforming a netlist into a graph based on [13]
is shown in Fig.7. This method divides semiconductors
into nodes for each terminal and creates a complete
graph, eliminating self-loops. Consequently, the resulting
graph does not have multi-edges, even for bus wiring
between semiconductors. By replacing a semiconductor with
a complete graph, short circuits between semiconductor
terminals are converted into multi-edges. However, the bus
wiring is represented without multi-edges. The advantages of
dividing semiconductors outweigh the disadvantages because
the number of short circuits decreases compared with bus
wiring. Therefore, we utilize a portion [13] for comparison; a
homogeneous graph with a ground node and a complete graph
is shown in Fig.8. This transformation successfully addresses

FIGURE 7. Heterogeneous graph based on [13]. A graph showing the
terminals of all circuit components and wiring (W) as nodes.
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FIGURE 8. Homogeneous graph with a complete graph and a ground
node, wiring as edges.

FIGURE 9. Homogeneous graphs with a star graph having a virtual
node X to a semiconductor and terminal nodes connected through the
virtual node.

the issue, except for the conversion of short circuits to multi-
edges. To resolve this problem, we propose a semiconductor
with a star graph and a virtual node at its center. This approach
is shown in Fig.9, demonstrating the absence of multi-edges,
even for self-loops caused by bus wiring or short circuits
within a semiconductor. This graph is simple and highly
reversible.

The following is a netlist of semiconductors divided into
terminal nodes and connected by a newly defined virtual
node: These changes are highlighted for clarity.

V; IN V-GND

X; X-X1 X-Xo X-X3 X-X4 X-X5 X-X¢

X1; X-X1 IN

Xo; XXy Ny

X;: X-X3 N,

X4, X-X4 N>

Xs; X-X5 OUT

Xo: X-Xo X-GND

L; N, oUT loglo(lﬂ)/l‘mnge

C; OUT C-GND log;,(10p)/Crange

R; OUT R-GND log((10)/Range

GND; V-GND X-GND C-GND R-GND

C. ONE-HOT EMBEDDING VECTOR

In the aforementioned netlist, the values of the inductor L,
capacitor C, and resistor R are 1uH, 10pF, and 10€2,
respectively. To ensure that the GNN recognizes the circuit
constants, [16] proposed a method that combines the features
of the GNN with those fully connected to the tabular-formed
circuit constants. However, the circuit topology and cir-
cuit constants are maintained separately; therefore, this
relationship cannot be maintained. Establishing a close
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relationship between the circuit constants in the graph is
crucial. The previous studies [25], [26] could not relate
the component type and circuit constant simultaneously.
To address these limitations, we proposed a one-hot embed-
ding vector for the node attributes. The one-hot vectors shown
in Fig.9 comprise six elements, “X,” “V.)” “L,” “C,” “R”
and “GND.” Each node is represented as a matrix with one
row and six columns. The one-hot embedding vectors for the
“L)” “C” and “R” with their circuit constants are listed in
Table 1.

TABLE 1. One-hot embedding vector: The “1” element of a one-hot
vector is replaced with a circuit constant.

(=] fol fo] o] fel fl ol o]

—
=

i
OO%OOOOOOOOO

<
o| ol o o | =| =| =| =] =] = =]
o|o|o| o —| o o o o 0| 0| @
o| 3| o|o|o|o|o| ool ol @
—|o|o|o|o|o| 0| o o 0| 0| @

(=] Feol Ken)

GND

The range of the circuit constants R, L, and C is
approximately 10%2. In particular, components close to the
minimum value are zero, resulting in a one-hot embedding
matrix with all zero elements. This results in a loss
of information regarding the component type and circuit
constants simultaneously. Therefore, as listed in Table 1,
the real values of the circuit constants with logarithms were
applied. Although the base of the logarithm was arbitrary,
it was set to 10. Because the logarithm of the circuit constant
of 1 becomes zero, the logarithm of the circuit constant of
1 is assigned a small value of 10~3. Consequently, all circuit
constants are linearly mapped to real numbers ranging from
—13 to 49.

Because the activation function of GNN responds to a
real number that ranges from O to 1 or -1 to 1, a linear
mapping of —13 to 49 in this range should improve the
inference accuracy of GNN. Therefore, the circuit constant x
was log-normalized using eq.(1), between 0.07 and 0.98.

TABLE 2. One-hot embedding vector: the “1” element of the one-hot
vector is replaced with the logarithm of the circuit constant.

X 110|0 0 0]0
X:1 110]0 0 01]0
X:2 110]0 0 00
X:3 110]0 0 010
X:4 1107]0 0 00
X:5 1107]0 0 010
X:6 1107]0 0 010

\Y O|11]0 0 010

L 0107 -6 0 010

C 00O [-11]0]O

R 0|00 0 10
GND || 0| 0] O 0 0] 1

VOLUME 12, 2024

TABLE 3. One-hot embedding vector: node attributes with
log-normalization eq.(1) applied to circuit constants.

X
X:1
X:2
X:3
X:4
X:5
X:6
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In the equation, the A means a specific set that takes a circuit
constant when the type of circuit component and its position
in the one-hot vector are coincident. The results obtained by
updating Table 2 are listed in Table 3.

log;o(x)
max(log;o(x)) — min(lloglo(x)) +1

Iy (x) =

ifx € A
Imin(logaG) +1 - C

0 ifx ¢ A
(D

Because activation functions, such as the Tanh function,
respond to values between -1 and 1, the circuit constant is
updated by utilizing eq.(2), assuming that it is combined
with a Tanh function. Compared with eq.(1), the range is
doubled and the inference accuracy is expected to improve
owing to the improved rounding errors. The results obtained
by updating Table 2 are shown in Table 4.

log;o(x)

max(log;o(x)) — min(log(x))
0 ifx ¢ A

ifx e A

1y, (® =

@

TABLE 4. One-hot embedding vector: node attributes with
log-normalization eq.(2) applied to circuit constants.

X
X:1
X:2
X:3
X:4
X:5
X:6
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IIl. EXPERIMENTS

A. DATASET

The netlist generated from the circuit contains important
design data and is generally not available to the public.
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Previous studies have been conducted in collaboration with
semiconductor manufacturers. The only publicly available
datasets comprise only 60 circuits [30], which are insufficient
for GNNs or particular circuits, such as ladder circuits
and operational amplifiers(Op-amp) [13]. Moreover, these
datasets are publicly available in graph network format; there-
fore, the transformation from a circuit to a graph network,
which is the purpose of this study, cannot be evaluated.
Therefore, we utilized circuits provided by LTspice [19],
a free commercially available circuit simulator from Analog
Devices Inc. comprising 3,308 distinct semiconductors with
different model numbers. Datasets were classified into
seven types based on the type of semiconductor utilized
in the circuits. Out of the 3,308 circuits, 2,315 (70% of
the total) were designated as training data, whereas the
remaining 993 were utilized for testing. In general, the
position of “1”” in the one-hot vector can vary depending
on the type of semiconductor, such as power supplies, op-
amps, and switches. However, in this dataset, the types of
semiconductors and correct answer labels were identical.
Hence, the node attribute of a semiconductor corresponds
directly to the semiconductor itself, as shown in Table 3 and
Table 4. Notably, LTspice offered 14 types of circuits for
correct answer labels; however, seven were excluded because
the number of sample circuits was approximately 10, which
was not suitable for training and inference.

The number of circuits representing the seven types of
circuits in the dataset and the number of nodes for the
following five different transformations to the graph network
are shown in Table 5. Compared with 1) previous study [13],
2) and 3) have approximately 1/10 of the number of nodes,
whereas 4) and 5) have approximately 1/4 of the number of
nodes.

TABLE 5. Average number of nodes in each transformation of circuits.

Filter Power o )
Produes | Opamps Ref. | Switches || Total

Products
5) (681) 2340y | © (119) (3308)
1) Nodes w/ Wire node [13] || 151.28 | 4820 | 15080 | 4658 | 14503 | 3257 | 5400 ] 1I825
2) Nodes w/o GND node 11.75 7.60 12.60 8.98 13.00 5.17 7.88 11.75
3) Nodes w/ GND node 1275 | 860 | 1360 9.8 1200 | 617 | 838 12.75
4) Nodes w/ GND node 2956 | 1556 | 27.32 16.78 2737 | 1163 | 1575 2429

+Complete Graph - > 2732 - 27 ; > -
Nodes w/ GND node
+Star Graph

Type ADC | Comp.
(Number of Circuits) (36) (A1)

32.00 16.76 29.80 18.17 29.14 13.40 16.77 25.93

The numbers of edges under the same conditions as those
listed in Table 5 are listed in Table 6. Compared with
1) previous study [13], the number of edges in 2) is less than
half, 3) is approximately 1/4, 4) is approximately the same,
and 5) is less than half. As the computational cost of a GNN is
linearly or exponentially proportional to the number of edges,
the ground node in 3) and star graphs in 5) are superior.

B. GNN PARAMETERS

Because of the statistical nature of GNNs, variations in the
results should be considered. The inference accuracy of GNN
depends on the distribution of the training and test data, GNN
model, and hyperparameters of the GNN. Notably, factors
other than the number of node attributes associated with
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TABLE 6. Average number of edges in each circuit transformation.

Filter Power N -
Products | Opamps Ref. | Switches || Total

Products
©s) (681) (2340) (66) (119) (3308)

1) Edges w/ Wire node [13] 145.64 47.49 147.08 46.04 145.64 31.71 53.88 117.82
2) Edges w/o GND node 73.17 21.61 36.80 2535 60.48 14.30 40.78 50.93
3) Edges w/ GND node 23.75 19.56 32.92 21.22 37.78 11.45 15.65 32.63
Edges w/ GND node
+Complete Graph
Edges w/ GND node
+Star Graph

Type ADC | Comp.
(Number of Circuits) (36) @1)

4) 138.72 47.02 134.32 44.04 152.00 30.89 48.50 121.45

5) 51.97 29.20 51.32 30.47 61.44 22.14 24.19 52.17

the transformation remain fixed. In addition, we generated
10 datasets with different combinations of training and test
data, and the inference accuracy was assessed by averaging
their test accuracy.

The inference accuracy was validated by utilizing five
hyperparameters of the GNN. The maximum value of
each channel in the hidden layer was passed through the
two fully connected layers and the softmax function at
the output. Each hidden layer of the GNN has activation
and normalization functions, namely GraphNorm [31]. The
mini-batch comprised 2,315 training data with a data size of
less than 2 MB. The maximum GPU memory usage when
training without mini-batches was 12 GB. Therefore, mini-
batches were deemed unnecessary.

1) GNN algorithm: GraphSage [32] is best compared with

GCN [29], GAT [33].

2) Number of hidden layers: From 3 to 5 are best; hence,

we select three layers.

3) Activation function: Tanh is best compared with ReLU

and LeakyReLU [34].
4) Hiden Layer Normalization: GraphNorm [31] is best
compared with BatchNorm [35] and LayerNorm [36].

C. SUMMARY OF RESULTS
The experimental results are summarized in Table 7. The
hyperparameters of the results are as follows:

1) Semiconductor: single, complete graph, star graph

2) Presence/Absence of ground node

3) Circuit constants: w/o, w/ (direct, log, “0 to 1,” and

“1to1”)

4) Model: GraphSage [32], GAT [33], GCN [29]

5) Activation Functions: ReLU, Tanh, and LeakyReLU [34]

The results obtained by applying previous studies to the
dataset for comparison are listed in Table 7. However, [13]
did not provide guidance on assigning circuit constants. Thus,
we combined the features obtained by a fully connected layer
with the circuit constants, as expressed in a tabular form [16].
The inference accuracy was 93.76% for the heterogeneous
graphs [13], [16] in scenario (1). The homogeneous graph
in scenario (2) improves the accuracy by over 3% compared
with scenario (1). The accuracy further increased by 0.4%
compared with scenario (2) by adding a ground node. Based
on homogeneous graphs with a ground node, the highest
inference accuracy was 97.89% in scenario (7), correspond-
ing to an average accuracy improvement of 0.2% compared
with the second-highest accuracy in scenario (5). Thus,
star graphs without multi-edges and self-loops demonstrate
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TABLE 7. 1. previous study [13], [16], 2. semiconductor with a single node
(Single), as well as complete graph and star graph, 3. best GNN inference

accuracy with and without a ground node.

\ I w/ Param [ w/oParam |
) Complete w/ Wire 13th. 93.76£1.02 | 14th. 92.69+1.03
node [13] [16] 0 to 1(Tanh) (Tanh)

(2) Single w/o GND node 1031'10971 '((,)rlaf}?)ﬁl Ith. ?;agg)iOM

(3) Single w/ GND node ok 1907‘?(%::&)69 oth. 9&.212:;):0.5 6

(4) Complete w/0 GND node 7t_hl' ?(;7‘13(2,1;:“%)52 12th.(‘1){%]’z’[7;;: 113
(5) Complete w/ GND node 21_1? 127](6]§(aiLIUZS 4th. z)lzngi)O.SS
e jo G| ST | 9
Oy Sirw ONDnode || 1% TBE0ST | 00715057

superior performance in terms of lossless transformation and
GNN inference accuracy. The Training was performed on a
computer with a CPU: Intel Xeon Gold 5115 and a GPU:
NVIDIA QuadroRTX8000. The training time for scenario (2)
amounted to 350 s, whereas scenario (3) required 300 s,
resulting in a notable 20% reduction in computation time.
In comparison, the training time for complete graphs was
approximately twice as long as that of star graphs at 950 s
and 400 s, respectively. These results were proportional to
the number of edges, as listed in Table 6.

D. ONE-HOT EMBEDDING VECTOR

To evaluate the differences between various GNN models,
we present the outcomes for GraphSage [32], GAT [33], and
GCN [29] with ground node and one-hot embedding vectors
when the semiconductor is transformed into a star graph.
As shown in Table 8, the ground node and one-hot embedding
vector both contributed to the inference accuracy, regardless
of the GNN model.

TABLE 8. Differences in inference accuracy of GNNs owing to different
methods of assigning circuit constants to node attributes.

[ | One-Hot Value | w/ GND node I w /0 GND node |

1:w/0 Param 97.5142.49(ReLU) 97.314+0.63(ReLU)
Anti-log 73.37£2.35(ReLU) 71.25£3.44(ReLU)
GraphSage logl0 97.51+0.64(Tanh) 97.48+0.46(Tanh)
Oto ] 97.8910.87(Tanh) 97.16£0.58(Tanh)

-ltol 97.65£1.05(Tanh) 97.11£0.92(LeakyReLU)
1:w/o Param 96.70+1.42(Tanh) 95.62+0.37(ReLU)
Anti-log 73.22£6.31(Tanh) 81.13£12.85(Tanh)

GAT TogI0 96.70£0.42(LeakyReLU) | 96.26+0.68(LeakyReLU)
Oto 1 97.05£0.58(ReLU) 96.20£0.52(Tanh)
-Ttol 96.98+0.88(Tanh) 96.31£1.15(Tanh)
1:w/o Param 96.72+0.73(LeakyReLU) 95.89£0.73(ReLU)

Anti-log 78.02+3.32(LeakyReLU) | 76.80£2.01(LeakyReLU)
GCN Tog10 96.87£0.47(Tanh) 96.2240.49(ReLU)
Oto 1 96.61£0.72(LeakyReLU) 96.22+1.47(Tanh)
-Tto1 96.89£1.01(ReLU) 96.06£0.65(Tanh)

E. DISCUSSION

Assuming the inference accuracy would improve with min-
imal degradation of information during the transformation
into graphs, we presented the circuit and graph transformation
methods in terms of reversibility. We hypothesized that
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the inference accuracy of GNNs would increase in the
order of circuit and graph reversibility. As shown in Fig.7,
the hypothesis is valid because it holds true regardless
of the GNN model. Furthermore, GraphSage outperforms
GCN and GAT by over 0.5%, as shown in Fig.7. This is
because GraphSage utilizes only randomly sampled nodes.
In contrast, GCN and GAT utilize all the nodes in each
hidden layer and consider factors, such as power supply
and load resistance, which are not necessary for our graph
classification.

Although this study focused on graph classification, our
graphs can handle general-purpose circuits, making them
potentially applicable to the following six areas, provided
the appropriate GNN model and dataset are employed. The
characteristics of the circuit graph that utilizes GNNs are
shown in Fig.9.

1) Graph classification: classification of normal and
abnormal circuits, predicting the number of layers of
boards and semiconductors required for assembly.

2) Graph regression: Prediction of total equipment cost
and board area required for assembly.

3) Link Prediction: Prediction of the presence or absence
of wiring between components.

4) Node Prediction: Component selection and circuit
constant optimization.

5) Graph Autoencoder (unsupervised training): Detection
of similar circuits based on circuit features.

6) Graph Decoder (unsupervised learning): Circuit gener-
ation with desired characteristics.

Notably, our two problems could not be resolved using
our method: directional components, such as diodes, and
magnetic coupling, which has no wiring and is represented
by spatial coupling. The dataset in this study contained
1,791 diodes in 893 circuits; however, they were treated as
non-directional components in GCN, GAT and GraphSage.
Further, the dataset contained 131 single or three-phase
magnetic circuits. However, magnetic coupling cannot be
represented by wiring or components; therefore, it is lost
during our graph transformation. As 2.11% of the errors
within the 97.89% inference accuracy included circuits with
diodes and magnetic couplings, solving these problems could
improve the inference accuracy. These issues should be
addressed in future studies. However, GNN is based on
statistical processing, and even with future improvements,
it will not be able to solve 100% of all circuits. Therefore,
depending on the problem to be solved, GNN should be used
in combination with circuit simulation.

TABLE 9. Comparison of the characteristics of the conventional analytical
method, simulation, and our circuit solution using GNN.

Strictness | Calculation Cost Target gumber of .
omponents
Analytical Very Good Bad Impedance <10
Simulation Good Good Voltage/Current <1,000
GNN Bad Very Good Multiple <100,000,000
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Iv.

CONCLUSION

This study proposed a method to mitigate information degra-
dation during the reversible transformation from a circuit into
a graph network. We demonstrated that heterogeneous graphs
resulted in degradation, whereas homogeneous graphs could
mitigate information degradation. Furthermore, we identified
self-loops and multi-edges as factors that contributed to
degradation in homogeneous graphs. To mitigate this effect,
we proposed the incorporation of the reference potential
(ground) as a node and semiconductors as star graphs.
Furthermore, we introduced a one-hot embedding vector
that replaced the “0 to 17 of the one-hot vector of node
attributes with a real number proportional to the circuit
constant. To validate the effectiveness of our proposed
methods, we conducted a comprehensive graph classification
study involving 3,308 circuits categorized into seven types.
Our proposed method achieved an accuracy of 97.89%,
surpassing that of previous studies by over 5%.
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