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Analog integrated circuit design typically involves extensive analytical derivations to evaluate circuit per-
formance metrics. Although SPICE simulations facilitate efficient prediction of these metrics, the simulation
process remains time-consuming as the dimensionality of circuit parameters increases. In this article, we
propose integrating Graph Neural Networks (GNN) with Equation Learner Networks (EQL), employing them
as pretrained models within a limited range of design parameters. Our results demonstrate that datasets
constructed using the g, /I, method capture design points more efficiently compared to the random sampling
of width-to-length (W /L) ratios. Furthermore, experimental validation indicates that the pretrained GNN-EQL
model achieves superior performance compared to other pretrained models when the parameter range expands
across three different amplifier designs. Finally, our approach significantly reduces the required samples by up
to 20X when adapting the pretrained model to broader parameter ranges, compared to training a new model

from scratch.

1. Introduction

Analog integrated circuit design is a highly complex and time-
consuming task. With the continuous advancement of semiconductor
process nodes, the parameters of transistors have become increas-
ingly complicated, making it difficult for traditional long-channel mod-
els to accurately capture their physical characteristics. This evolution
presents significant challenges for analog integrated circuit design, as
it becomes infeasible to directly analyze circuit performance metrics
using precise analytical formulas. By leveraging Computer-Aided De-
sign (CAD) tools, designers can quickly obtain the performance metrics
of circuits. However, since transistor parameters typically vary over
continuous ranges, the resulting design space becomes extremely large.
Even minor adjustments to a single parameter often require rerunning
simulation software for analysis, making the analog integrated circuit
design process both time-consuming and labor-intensive.

To accelerate the process of analog integrated circuit design, re-
searchers have proposed using models to map the relationship between
circuit parameters and performance metrics. Researchers have pro-
posed various modeling approaches, such as polynomial-based [1]
models and support vector machine [2,3] models. The study by [4]
proposed a matrix-based method for circuit performance prediction. [5]
employed a genetic algorithm (GA) to optimize polynomial modeling
results. [6] further improved model accuracy by integrating the ran-
dom forests method. With the rapid development of neural networks,
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the powerful nonlinear fitting capabilities have gained widespread
attention and demonstrated significant potential in circuit modeling
applications [7,8]. However, such models are typically data-driven and
often require a large number of samples to achieve high accuracy. As
the range of transistor parameters expands, a larger number of training
samples is needed to sufficiently cover the enlarged design space. These
samples are usually generated using circuit simulation tools, which
significantly increases the computational cost and simulation overhead.
To reduce the size of the dataset, various statistical sampling techniques
have been introduced to optimize the sampling strategy, such as Latin
Hypercube Sampling [9], Monte Carlo Sampling [10], and Bayesian
Optimization-Based [11] methods. These techniques mainly focus on
selecting representative points in the sample space to improve mod-
eling efficiency. However, they often overlook the underlying physical
meaning of the circuit design parameters, which may limit the potential
for further improvement in model performance.

To address the aforementioned challenges, this paper adopts the
gn/Ip method for dataset generation, and integrates Graph Neural
Network with Equation Learner (GNN-EQL) to model the performance
metrics of analog integrated circuits. The GNN-EQL model consists of
two main components: a graph neural network for extracting structural
features of the circuit, and an equation learning neural network that
generates mathematical expressions based on the extracted features
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Fig. 1. The illustration of valid region in design space.

for performance prediction. Firstly, the dataset is generated using the
gn/Ip method to train the GNN-EQL model. As shown in Fig. 1,
the g,,/I method focuses on the normal operating region of circuits
and significantly improves the effectiveness of data sampling points.
Compared to datasets generated using the conventional W /L random
sampling method, the proposed g, /I,-based approach has improved
the accuracy of the model by nearly 3.5X.

In the generalization stage, the sampling range of transistor pa-
rameters is expanded, and datasets covering increasingly larger design
spaces are progressively generated using the g, /I, method. A zero-
shot learning strategy is first employed, with the model trained in
a smaller design space and tested on datasets from extended design
spaces. Experimental results show that the proposed GNN-EQL model
outperforms traditional Graph Neural Networks (GNN) and Multi-Layer
Perceptrons (MLP) in terms of prediction accuracy. Subsequently, in
a few-shot learning scenario, the pre-trained GNN-EQL model is fine-
tuned using small additional samples drawn from the expanded design
space. Compared to training a new model from scratch, the fine-tuning
approach significantly reduces the required number of training samples
by approximately 20X.

The following parts of this paper are organized as follows. In
Section 2 we will introduce the definition of the problem and in
Section 3 we will introduce how to generate high-quality datasets using
the g, /Ip method and we will demonstrate the GNN-EQL model. In
Section 4 we show our results of the experiment on amplifiers and in
Section 5 we conclude our work.

2. Preliminary

In this section, we will introduce the preliminary of this paper,
including the formulation of the analog integrated circuit modeling
problem, and g,,/I, parameter definition.

2.1. Problem formulation

To build GNN-EQL model using g,,/ I, method for Analog Integrated
Circuits, the problem can be described as follows:

y=fx0) @

where x corresponds to the design parameters vector, such as W /L
parameters of transistor, y corresponds to the circuit performances
metrics, such as gain, bandwidth and phase margin. f(x,6) repre-
sents model that map from design parameters vector x to the circuit
performance metrics y under the model parameters vector 6.

We use mean squared error (MSE) to find the optimized value of 6,
and it can be summarized as follows:

N
.1 >

min Zl,(y,- ~f (x:.0)) @

where N represents the number of training samples.

Let us suppose a vector of design parameters x, and it samples from
design space A, which means x C A. From a larger design space A’
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which means A C A’, we sample another vector of design parameters
x'. The model is trained on vectors x sampled from the design space A
and tested on the vectors x’.

2.2. g, /Ip method

The g, /Ip design method was first introduced by [12] in 1996,

primarily aimed at low-power analog circuit design. Since then, it has
been further developed for modeling circuits with nanoscale transis-
tors [13]. The transconductance g, represents the gain capability of
a transistor. According to the small-signal model, g, quantifies how
effectively the gate-source voltage Vg the drain current I, when
the transistor operates in the saturation region. The expression for
g, can be derived from the drain current equation in the saturation
region [14]. Further derivation leads to the expression for the ratio of
transconductance g,, to drain current I,
f_z - Vcsz— 2 % ®
where V,,;, denotes the overdrive voltage. Notably, Eq. (3) excludes
process-dependent parameters such as carrier mobility y and oxide
capacitance C,,, which means that the g, /I, ratio can be experimen-
tally measured under a given process. The ratio g, /I, quantifies the
transconductance produced per unit of drain current, thereby reflect-
ing the efficiency of converting current into gain. For a fixed drain
current I, a higher g, /I, indicates greater achievable gain at the
same power consumption, making it particularly important in low-
power design. Moreover, the g, /I, parameter can also effectively
serves as an effective indicator of the transistor’s operating region [15].
Designers frequently adjust g, /I, to strike a balance between power
efficiency and performance trade-offs [16]. Several studies have lever-
aged g, /I, methods for analog design optimization [17], as well as
transfer learning between different technology nodes [18].

3. Proposed method

The proposed method is shown in Fig. 2. The whole flow of our
work is to train the GNN-EQL model based on the g, /I, sampling
method within a small range of design parameters, and we generalize
the model to a larger range of design parameters. Firstly, we transform
the circuit netlist into graph notation a nd we use the g,,/I;, method
to generate datasets. GNN is used as a feature extractor to aggregate
features of the node, and the final output node features are flatten and
sent to the EQL network. EQL can distract an analytical expression from
the features and predict the circuit performance metrics. Once trained
within a small range of design parameters, the GNN-EQL model can be
generalized to a larger range. For zero-shot generalization, we directly
test the pretrained model on the datasets of large range. For few-shot
generalization, we first use some data points to fine-tune the original
model, and we test the accuracy of the model compared with training
a new model from scratch.

3.1. Generate dataset using g,,/ I method

The following section will introduce how to generate datasets for
training models based on the g, /I, method. The process begins with
simulations of individual MOS transistors using models provided in
the process design kit (PDK). As illustrated in Fig. 3, the curves of
I,/W versus g, /I, are generated for various channel lengths L. By
selecting different g, /I, values along these curves and recording the
corresponding data points, a g,,/I, lookup table can be constructed.
This table can be stored for direct use in later steps. Specifically, for
a given channel length L and target g, /I, value, the corresponding
Ip/W ratio can be retrieved from the lookup table. With a known
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Fig. 2. The overall flow of generalizing GNN-EQL model to a larger range of design parameters.
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Fig. 3. Convert the g, /I, graph into a lookup table.

drain current I, the transistor width Width can be calculated using
the following equation:

. Ip
Width = To/W (€))
Thus, geometric parameters Length and Width of the transistor can be
determined via the lookup table.

Analog integrated circuits are generally composed of multiple func-
tional blocks, such as differential pairs, active loads, and current mir-
rors. Device mismatch within these blocks can severely degrade circuit
performance. To mitigate mismatch effects, transistors within the same
functional block should be assigned identical design parameters. After
partitioning the circuit into functional modules, the width W and
length L of the transistors in each module are determined using the
gn/Ip design method. Once the circuit parameters are defined, per-
formance metrics are extracted through simulation to generate a set of
data sample. This process is repeated multiple times, each with varying
design parameters, to build a comprehensive dataset.

The simulation data is encoded into an input dataset that conforms
to the requirements of graph neural network. At the same time, the
circuit netlist file is transformed into a graph representation using
an adjacency matrix A. As shown in Fig. 2, a two-stage operational

amplifier can be divided into five functional blocks. For the parameters
of the transistor in the first functional blocks, it can be encoded as

[W,0,0,0,0,L,0,0,0,0,0,0,1] 5)

[W,0,0,0,0] is the one-hot encoding vector of transistor width and
[L,0,0,0,0] is the one-hot encoding vector of transistor length. The
last two elements represent the type of transistor, [1,0] corresponds to
NMOS, and [0, 1] corresponds to PMOS.

As shown in Fig. 4, the two-stage operational amplifier circuit is
abstracted into an undirected graph, where each transistor is repre-
sented as a node and the electrical connections between them are
represented as edges. To emphasize the direct relationships among
transistors, non-transistor elements — such as power supply nodes
(VDD), ground (GND), current sources, a nd capacitors — are excluded
during graph construction. For example, if the drains of M7 and M5 and
the gate of M8 are connected to the same net, this shared connectivity
is represented by a hyperedge. In practice, hyperedges are decomposed
into pairwise connections to fit the standard graph representation.
For a two-stage operational amplifier consisting of 8 transistors, the
adjacency matrix A € {0, 1}¥® encodes the pairwise connectivity.
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Fig. 4. The graph representation

3.2. Train the GNN-EQL model

We propose a hybrid modeling framework that integrates Graph
Neural Network (GNN) with Equation Learner Neural Network (EQL) to
predict the performance metrics of analog integrated circuits. The GNN
component processes input graph data, which consists of a node feature
matrix H and adjacency matrix A. The EQL component is designed to
derive mathematical expressions from the input features generated by
the GNN, effectively modeling the performance metrics of the analog
circuit.

We use GraphSAGE [19] and DIFFPOOL [20] to extract the struc-
tural information of the graph. GraphSAGE can propagate information
between layers and aggregate feature vectors from the neighbor nodes,
the key idea of GraphSAGE is descirbed as:

h* = o (W* - CONCAT(h* "), AGR, (hk™1)) (6)

h* is the vector embedding of node v in the k layer. The node u
is the neighborhood of the node v. W* is a weight matrix. AGR,, is
aggregation function, it can help node v aggregate information from
neighbor nodes. After aggregating the neighborhood vectors, Graph-
SAGE concatenates them with the current feature vector hﬁf‘, and
passes through the non-linearity activation function o(-) to obtain a
new feature vector h*. DIFFPOOL is used as a pooling operation and
can aggregate node features by mapping the nodes to the soft cluster.

The final output features are flattened and sent to the EQL Neural
Network. EQL is a totally differential model, and the function can be
described as y. EQL ith layer is composed of two parts, firstly linear
mapping and then non-linear transformations come into action. Linear
mapping describes as

70 = W(i)y(i—l) + p® @

where W is the weight matrix and 5% is the bias vector y¢~D is the
output of the previous layer and y¥) = h, which is the flattened features.
The output of linear mapping are performed nonlinear transformations
based on different units, unary units such as square can help directly
get the answer z? and binary units such as mul can take two variables
as input and give the output of multiplication.

EQL can be trained with by minimizing the loss L:

N L
L= % lew(x,->—yi||2+’12|wm‘l ®
3 I=1

where loss L consists of L, loss and L, regularization term. L, regular-
ization is used to encourage networks to have sparser connections, and
A is the coefficient of regularization. The regularization term encour-
ages the network to learn simpler and more compact expressions, which
can improve generalization and facilitate better extrapolation to unseen
parameter ranges. To make a GNN-EQL gradient descent as soon as
possible, in GNN layers we add BatchNorm layers to restrict the range
of data and we use exponential linear unit (ELU) to introduce some
kind of nonlinearity in GNN model. After combining the GNN module
with the EQL module, GNN can learn the structure of the circuits, and
the EQL model can help to get an analytical function from the features.
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of a two-stage operational amplifier.

Table 1
Typical parameter configuration of two-stage operational amplifier.

Paramete Current Voltage Bias voltage = Compensa- Load ca-
source source tion pacitance
capacitor
Typical 30 pA 1V 200 mV 500 fF 2 pF
value
Table 2
The number of transistors, modules and dimensions of feature matrix.
Name #Transistor #Modules Dimensions of
feature matrix
Two-stage amplifier 8 5 8 x 12
Folded-cascode amplifier 27 9 27 x 20
Telescope amplifier 14 7 14x 16

3.3. Few-shot learning GNN-EQL model

In analog integrated circuit design, few-shot learning techniques
offer a powerful means of transferring knowledge across different mod-
eling tasks, substantially reducing the amount of data required. For
example, [21] demonstrated that a graph neural network pretrained
to predict DC voltage of circuits can be effectively transferred to per-
formance prediction tasks for circuits with different topologies, using
only a small number of new samples. Similarly, [11] showed that
transferring pretrained models to more advanced technology nodes
reduces the need for extensive data collection.

Building upon these insights, this paper proposes a performance
modeling framework for analog integrated circuits that leverages both
zero-shot and few-shot learning strategies. Initially, the model is trained
within a limited parameter space and then directly applied to circuit
design tasks with an expanded parameter range through zero-shot
learning. When the parameter space becomes significantly larger, a few-
shot learning approach is adopted, wherein the pretrained model is
fine-tuned with a small set of additional samples to adapt to the broader
design space. This learning strategy effectively minimizes the need for
large-scale training data while maintaining high prediction accuracy.

4. Experiment results

In this section, we present the experimental setup along with the
corresponding results and analysis.

4.1. Experimental setup

We use a 65 nm CMOS process node to build three types of opera-
tional amplifier circuits, a two-stage amplifier (see Fig. 2), a folded-
cascode amplifier, and a telescope amplifier with a common mode
feedback (CMFB) circuit (see Fig. 5). Table 1 summarizes the typical
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Fig. 5. Folded-Cascode operational amplifier (left) and Telescopic-Cascode operational amplifier with common-mode feedback (right).

Table 3
Model configuration.
Model Layer configuration #Trainable parameters
Feature extractor #nodes #features
25 60
GNN layers 20 30 9700
20 1
Predictor # hidden layer
EQL layers unit: [id, square, mul] 208
MLP with RELU [64, 64, 32, 16, 1] 10305

parameter configurations for two-stage operational amplifiers. The fun-
damental parameter settings for the other two amplifier are aligned
with this configuration.

We divide the circuit into modules, and the geometry parameters of
transistors in the same modules are the same. As shown in Table 2, the
number of transistors and the number of modules that need to be set in
three types of operational amplifiers are listed. And we can derive the
dimensions of feature matrix. The EQL network consists of two hidden
layers. Each layer includes units implementing identity, square, and
multiplication operations. Additionally, L, regularization is applied to
the output expressions of the EQL layers to control the complexity of
the resulting symbolic representation. For the MLP model, the L and
W of all transistors are directly taken as inputs, with input feature
dimensions of 16, 54, and 28, respectively.

The normal neural network framework adopts PyTorch, and the
graph neural network related modules are built based on PyTorch Ge-
ometric. Table 3 summarizes the configuration of the GNN-EQL model
and MLP for the folded-cascode amplifier, the number of trainable
parameters varies depending on the dimension of the feature vector.

In terms of sampling settings, the transistor length sampling range
is set to [60 nm, 600 nm], the sampling interval is set to 10nm. And the
sampling range of the g, /I, is set to 10 to 15, with an interval of 0.1.
After determining the transistor width using the g, /I, method, the
width value is rounded to 0.1um. Considering that the normalization
range is unpredictable when the sample space is expanded, we adopt a
fixed scaling method, scale the transistor parameters to a range close to
[0,1] and maintain the scaling factor unchanged when expanding the
sampling space to ensure consistency in the variable range.

We simulate OCEAN script to generate up to 10,000 samples for
train and 1000 samples randomly for test. The relative error (RE) metric
is used to evaluate the goodness of the model. It defines as:

N

1 [¥: = ¥il,
RE= =) = 1= x100% (C)]
N ; [¥il2

— Gmllp
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Fig. 6. Width distribution obtained by two different sampling methods.

In the RE formula, N represents the number of samples, y; is the
prediction result vector and y; is the simulation result vector, and | - |,
represents the L, norm of the vector.

4.2. Comparison of sampling methods

We employ two methods to generate datasets for performance mod-
eling: the W /L random sampling method and the g, /I; sampling
method. In both approaches, the transistor length is sampled within the
range [60 nm, 600 nm]. To ensure a fair comparison, the width sampling
range in the W /L method is aligned with the width range derived from
the g,, /I, sampling method. As illustrated in Fig. 6, the x-axis denotes
the transistor sampling range, while the y-axis indicates the distribution
of transistor widths. It can be observed that the W /L random sampling
method yields a relatively uniform distribution across the parameter
space. In contrast, the g, /I, method produces a denser distribution,
with samples more concentrated in the effective design region.

Based on the g, /I, sampling method and the W /L random sam-
pling method, a total of 10,000 data samples are generated for each
approach. These samples are simulated to obtain circuit metrics, includ-
ing gain, gain-bandwidth product (GBW), and phase. As illustrated in
Fig. 7, the distributions of various performance metrics are compared
across the two sampling methods. It can be observed that the dataset
generated using the g, /I, method results in a more concentrated
distribution, effectively capturing the typical operating region.

Datasets generated via the g,,/I;, method, the W /L random sam-
pling method, and the W /L Latin Hypercube Sampling (LHS) method
are used to train a GNN-EQL model for gain prediction. Fig. 8 presents
a comparison of prediction errors on the test set for these sampling
strategies. When tested on the same parameter ranges, the blue curve
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Fig. 8. Comparison between different sampling methods.

(model trained on g,,/I; sampling method) achieves the lowest mod-
eling error, followed by the green curve (model trained on W /L LHS
samples), while the orange curve (model trained on W /L random
samples) shows the highest error. Experimental results indicate that
the g, /I, sampling method more effectively captures the valid and
informative regions in the analog design space. As a result, it yields
higher-quality training data and enables the model to achieve better
predictive performance with fewer training samples, thereby enhancing
the efficiency of the modeling process.

4.3. Zero-shot learning different models

The initial sampling range for transistor length is defined as [60 nm,
600nm]. For each functional block within the operational amplifier
circuit, transistor lengths L are randomly sampled within this range,
The corresponding transistor widths W are then computed using the
gn/Ip method. For each amplifier configuration, a dataset comprising
10,000 training samples and 1,000 testing samples is generated. Using
these datasets, three distinct model architectures — GNN-EQL, standard
GNN, and MLP (Multi-Layer Perceptron) — are trained, each dedicated
to predicting one of the target performance metrics. Once training is
completed, the models are evaluated on the original test set to quan-
tify prediction error, and their parameters are saved for subsequent
zero-shot learning experiments.

The next phase involves evaluating the zero-shot generalization
ability of the trained models by progressively expanding the parameter
space. Specifically, the sampling range for transistor length is extended
from the original [60nm,600nm] to wider intervals: [60 nm, 700 nm],
[60 nm,

800 nm], [60 nm, 900 nm], and ultimately [60 nm, 1 pm], respectively. For
each newly defined interval, 1,000 additional test samples are gener-
ated using the same parameter sampling and simulation procedures as

extended test dataset enables evaluation of how well the pre-trained
models, without any retraining, can predict performance metrics in a
broadened design space.

Fig. 9 presents the zero-shot testing results across three ampli-
fiers and three performance metrics. Specifically, subfigures (a) to (c)
display results for the folded-cascode operational amplifier, reporting
prediction errors on gain, GBW, and phase, respectively. Subfigures
(d) TO (f) correspond to the two-stage operational amplifier, while
subfigures (g) to (i) depict outcomes for the telescopic cascode op-
erational amplifier. Taking subfigure (a) as an example, it illustrates
the gain prediction error for the folded cascode op-amp. The x-axis
represents the upper bound of the transistor length sampling range,
which is incrementally expanded across five intervals: 600 nm, 700 nm,
800nm, 900nm, and 1 pm. The y-axis shows the corresponding model
prediction error. Within the initial range [60 nm,600nm], three neu-
ral network models are trained and evaluated. The GNN-EQL model
achieved the lowest prediction error, indicating higher accuracy in the
baseline scenario. These trained models were then directly tested on
expanded parameter spaces to evaluate their zero-shot generalization
capabilities. The results show that while prediction error increases with
broader design spaces for all models, the GNN-EQL model exhibits a
significantly slower growth in error, consistently outperforming both
GNN and MLP models. This highlights the transferability of GNN-EQL
model in zero-shot scenarios.

4.4. Few-shot learning over broader range

This section focuses on the gain prediction task for the folded
cascode operational amplifier, aiming to evaluate the few-shot learn-
ing capability of the proposed GNN-EQL model. As described in the
preceding subsection, during the pretraining phase, transistor length
parameters within each functional block of the circuit are randomly
sampled from the range [60 nm, 600 nm], while the corresponding tran-
sistor widths are determined using the g,,/I;, method. In the few-shot
learning stage, the parameter space is expanded to [60nm,1 pm].
Transistor lengths are uniformly sampled across this extended range,
while widths continue to be derived via the g,, /I, approach, preserving
consistency in the design strategy.

Fig. 10 visualizes the parameter distributions under both sampling
conditions. The left plot depicts the density distribution of transistor
widths obtained from the g, /I, method. The blue curve corresponds
to the original sampling range [60 nm, 600 nm], while the orange curve
represents the extended range [60nm, 1 pm]. It is evident that as the
length sampling range increases, the resulting width distribution broad-
ens accordingly. The right plot illustrates the sampling density of tran-
sistor lengths, comparing the uniform distributions obtained from both
length intervals. The GNN-EQL model is used to learn the mapping
from device parameters to performance metrics across these sampling
ranges. By combining graph-based representations with symbolic re-
gression capabilities, GNN-EQL can effectively capture the complex
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Fig. 9. The modeling error of pretrained model for three different amplifiers.
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Fig. 10. Distribution of transistor parameters in different sampling spaces.

dependencies between parameters and improve prediction accuracy,
even as the parameter space becomes larger and more diverse.
. o . . 0.250 —e— Fine Tune
In the gain prediction task for the folded cascode operational am-
. 27 L L —+— From Scratch
plifier, an initial dataset is first generated within the parameter space 0.225
[60nm, 600 nm], and used to train a baseline GNN-EQL model. Subse-

quently, the parameter space is expanded to [60nm, | pm], and a small 0.200
subset of samples is drawn from the new design space to perform fine- E 0.175
tuning on the pretrained model. Fig. 11 compares the prediction errors ;

between the fine-tuned model and a model trained from scratch within g 0.150
the expanded parameter space. Experimental results indicate that with B .

as few as 500 fine-tuning samples, the pretrained model achieves
prediction accuracy comparable to that of a model trained from scratch 0.100
using tens of thousands of samples. This outcome demonstrates that
few-shot learning not only accelerates the model adaptation process but
also reduces data requirements by approximately 20X, highlighting its 0 2000 4000 6000 8000 10000 12000 14000
practicality for analog integrated circuit performance modeling. AL R L

For the folded-cascode amplifier circuit, the workflow can first
generate candidate configurations by sampling transistor parameters
using the g,, /I, method. The GNN-EQL model is then used to screen
and predict feasible design points that meet performance targets. In
practice, this approach significantly reduces manual effort, as selecting

0.075

Fig. 11. Comparison between fine-tune model and train from scratch.
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and validating comparable designs by hand typically requires several
hours of iterative adjustment and simulation.

5. Conclusions

In this paper, we propose the GNN-EQL model for analog integrated
circuit modeling, which chooses GNN model as a feature extractor and
EQL model as predictor. Based on the g, /I, sampling method, we
can find that GNN-EQL outperforms traditional model working when
directly used on the broader range of datasets. And after few-shot
learning, the pretrained GNN-EQL model can have the same accuracy
as a new model, which helps to save lots of training data points.
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