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Abstract
Graphs help to define the relationships between entities in the data. These relationships,
represented by edges, often provide additional context information which can be utilised to
discover patterns in the data. Graph Neural Networks (GNNs) employ the inductive bias
of the graph structure to learn and predict on various tasks. The primary operation of graph
neural networks is the feature aggregation step performed over neighbours of the node
based on the structure of the graph. In addition to its own features, for each hop, the node
gets additional combined features from its neighbours. These aggregated features help
define the similarity or dissimilarity of the nodes with respect to the labels and are useful for
tasks like node classification. However, in real‐world data, features of neighbours at
different hops may not correlate with the node's features. Thus, any indiscriminate feature
aggregation by GNN might cause the addition of noisy features leading to degradation in
model's performance. In this work, we show that selective aggregation of node features
from various hops leads to better performance than default aggregation on the node
classification task. Furthermore, we propose a Dual‐Net GNN architecture with a classifier
model and a selector model. The classifier model trains over a subset of input node features
to predict node labels while the selector model learns to provide optimal input subset to the
classifier for the best performance. These two models are trained jointly to learn the best
subset of features that give higher accuracy in node label predictions. With extensive ex-
periments, we show that our proposed model outperforms both feature selection methods
and state‐of‐the‐art GNN models with remarkable improvements up to 27.8%.
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1 | INTRODUCTION

Recent years have seen rapid growth of Graph Neural Net-
works (GNNs) being utilised on real‐world applications in
multitude of domains. These applications range in wide variety
of tasks like recommendation systems [1–3], graph data mining
[4, 5], molecular properties predictions [6–8], natural language
processing [9, 10], vision related tasks [11, 12], physics simu-
lations [13], node ranking [14, 15], etc.

GNNs are designed to operate on graph structure derived
from the dataset and learn from node/edge features. The
primary component of GNNs which separates them from
other neural network architectures is the feature aggregation

operation. The neighbours of the nodes are explored via the
graph structure, and their features are combined with the
node's features. The underlying assumption is that nodes are
connected to other nodes with similar properties in the graph
(homophily). Hence combining features from the neighbours
helps to improve the signal, which helps in the learning pro-
cess. Recently, some works [16–18] have shown that in some
datasets, dissimilar nodes are connected in the graph (hetero-
phily) and they may require different aggregation schemes for
the design of the GNN.

The aggregation is performed in K steps, where K is the
number of hops from the source node to the neighbours in the
graph. Thus, the extent of neighbourhood feature aggregation
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expands with K. If the features aggregated from neighbours at
different hops are considered separately, the node gets a set of
features based on its neighbourhood. Comparing these features
can help to study homophily/heterophily characteristics of the
neighbours from the node's perspective. There are many
different ways of aggregation schemes proposed in current
GNN literature. Many GNN models use simple indiscriminate
aggregation [19–21], some use random sampling of neighbours
[22, 23], attention‐based aggregation [24, 25], filter coefficient
based aggregation [26–28], etc.

Real‐world data often have noisy components and do not
follow the assumptions ofGNNmodels strictly. For example, all
neighbours of the node may not be similar to it in feature in-
formation especially considering nodes lying at various hop‐
distance away from the source node. Thus, any feature aggre-
gation by GNN with strict homophily assumption may often
cause the addition of noisy features and may reduce the signal
present in node features to learn effectively. Researchers have
explored many ways to tackle this challenge by proposing many
improvements in model design, for example, making models
deeper [27, 29, 30], using attention layers [24], residual layers [27,
31, 32], etc. However, most of these solutions attempt to fit the
model to the noisy data in an effective way [33, 34].

Instead of designing a GNN model to fit the noisy data, we
propose to treat the problem with a feature selection approach.
Feature selection approaches aim to choose small subset of the
relevant features from all available input features by removing
irrelevant and noisy components [35]. The presence of noisy
features can lead to model fitting on noisy components which
can lead to sub‐optimal learning and reduced generalisation. By
selecting informative features relevant to the given task, the
model can learnmore effectively leading to a better performance
on the prediction task. In our approach, we pre‐compute a set of
node features by feature aggregation over the graph. Node
features aggregated from various hops are stored as feature
matrices. With extensive experiments, we show that using all
node features for learning on node classification task leads to
sub‐optimal performance. The reason can be attributed to
presence of noisy/non‐informative features present in the set.
We demonstrate that learning on certain subset of these features
can significantly improve the performance on a wide variety of
datasets. Based on these observations, we propose a Dual‐Net
GNN model, which learns to select the subset of node fea-
tures that are optimal for learning. The model consists of two
neural networks: classifier and selector. The role of the classifier
is to predict the labels of the nodes based on a given input. The
role of the selector is to predict the subset of input features on
which the classifier will have the best performance. These two
networks are trained jointly, providing feedback to each other.
The following are the main contributions of our work:

� We are the first to run extensive experiments on standard
node classification datasets to show that feature selection
can improve the GNN model's performance.

� We propose a novel Dual‐net GNN architecture to find the
optimal subset of features which leads to the better pre-
diction accuracy of the model.

� In experimental results, our proposed model outperforms
the state‐of‐the‐art (SOTA) GNN models such as
GPRGNN & GloGNN on the node classification task and
achieves up to 27.8% higher accuracy.

Source code for main experiments are available at https://
github.com/sunilkmaurya/DualNetGNN.

Note This paper is an extension to our previous short
paper accepted at CIKM’ 2022 [36]. In this paper, we provide
more comprehensive details on the model architecture and
training methodology (include training algorithm), and
extend our result section by including experiments on feature
selection methods. We demonstrate that our model (and graph
neural networks in general) perform better than conventional
feature selection methods with significantly less computational
time. In addition, we include detailed analysis of learnt hops
selected by the model, validation loss characteristics during
training, training time comparison and discuss model
complexity. Finally, to demonstrate the scalability of our
model, we include additional results on recently proposed
large benchmark datasets [37] for node classification.

2 | PRELIMINARIES

2.1 | Notations

Let G = (V, E) be an undirected graph with n nodes and m
edges. The graph is represented as adjacency matrix denoted by
A ∈ {0, 1}n�n with each element Aij = 1 if there exists an edge
between node vi and vj, otherwise Aij = 0. When self‐loops are
added to the graph, then the resultant adjacency matrix is
denoted as ~A¼ A þ I . Most of the GNNs employ self‐looped
adjacency matrix, however recent publications have shown that
a simple/no‐loop adjacency matrix is useful for learning het-
erophily properties in graph [17, 38]. Each node is associated
with a d‐dimensional feature vector, and the feature matrix for
all nodes is represented as X ∈ Rn�d . The aggregation step is
performed with matrix multiplication of adjacency matrix and
feature matrix (Figure 1). For K‐step aggregation, aggregated
features are calculated as AkX, 1 ≤ k ≤ K. We denote
X ¼ fX;X1;X2;X3;…;XKg as a set of node feature matrices
generated after aggregation step including initial node feature

F I GURE 1 Every aggregation step generates additional feature vector
for each node.
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matrix. Since each of these matrices has a feature vector cor-
responding to every node, in our discussion, we will inter-
changeably refer to feature matrices as features of the nodes.

2.2 | Graph neural networks

Graph Neural Networks (GNNs) leverage feature propagation
mechanism [6] to aggregate neighbourhood information of a
node and use non‐linear transformation with trainable weight
matrix to get the final embeddings for the nodes. Conven-
tionally, a simple GNN layer is defined as:

H ðiþ1Þ ¼ σð~AsymH ðiÞW ðiÞÞ ð1Þ

where ~Asym ¼ ~D
−1

2 ~A~D
−1

2 is a symmetric normalised adjacency
matrix with added self‐loops. Hi represents features from the
previous layer,Wi denotes the learnable weight matrix, and σ is
a non‐linear activation function, which is usually ReLU in most
implementations of GNNs. However, this formulation is
suitable for homophily datasets as features are cumulatively
aggregated, that is, node's own features are added together with
neighbour's features. The cumulative aggregation of node's
self‐features with that of neighbours reinforces the signal
corresponding to the label and helps to improve accuracy of
the predictions. While in the case of heterophily, nodes are
assumed to have dissimilar features and labels to their neigh-
bours. For heterophily datasets, H2GCN [17] proposes a
propagation scheme to separate features of neighbours from
node's own features. So we use the following formulation for
the GNN layer:

H ðiþ1Þ ¼ σ
�
AsymH ðiÞW ðiÞ

�
ð2Þ

where Asym ¼D−1
2AD−1

2 is symmetric normalised adjacency
matrix without added self‐loops. To combine features from
multiple hops, concatenation operator can be used before the
final layer.

Following the conventional GNN formulation [19] using
~A, a simple 2‐layered GNN can be represented as:

Z ¼ ~Asymσð~AsymXW ð0ÞÞW ð1Þ ð3Þ

2.3 | Node classification

Node classification is an extensively studied graph based semi‐
supervised learning problem. It encompasses training the
GNN to predict labels of nodes based on the features and
neighbourhood structure of the nodes. GNN model is
considered as a function f(X, A) conditioned on node features
X and adjacency matrix A. Taking the example of Equation (3),
GNN aggregates the features of two hops of neighbours and
outputs Z. Softmax function is applied row‐wise, and cross‐
entropy error is calculated over all labelled training examples.

The gradients of loss are back‐propagated through the GNN
layers. Once trained, the model can be used to predict labels of
nodes in the test set.

3 | IMPORTANCE OF HOP FEATURES

In this section, we aim to experimentally study the effect of
feature aggregation over multiple hops on the task of node
classification. We use nine benchmark node classification
datasets (Table 2) with a wide range of structural and homo-
phily properties.

3.1 | Experiment design

In most GNN models, feature aggregation operation is
embedded within the GNN layer. It presents a challenge to
discern the importance of aggregated node features at various
hops. To overcome this difficulty, we separate the feature ag-
gregation step from the neural network model. This approach
is similar to models like SGC [20], SIGN [39], etc.

3.1.1 | Node feature subsets

Aggregated node features are calculated by multiplying the
adjacency matrix with the node feature matrix. As we analyse
both heterophily and homophily properties in a graph, we
calculate both self‐looped and no‐loop features of the nodes.
Hence for K = 3, the feature set has total of 7 (1 + 2 � 3)
different features for the node: X ¼

�
X;AX; ðAþ IÞX;

A2X; ðAþ IÞ2X;A3X; ðAþ IÞ3X
�
.

3.1.2 | Neural network model

We use a simple two‐layeredMLPmodel. Node feature matrices
from X are input in parallel to the first layer. Each feature
matrix is linearly transformed and normalised with L2‐
normalisation. Then, the output is averaged, passed through
non‐linearity (ReLU), and finally mapped to the second layer.
Using this simple and shallow model enables us to study hop
features more effectively by avoiding architectural biases of
more complex models with deeper layers, skip connections, etc.

3.1.3 | Input settings

For our experiments, the model is trained under the following
three settings (Figure 2):

(a) Single setting: Input to the model is a single feature matrix
out of 7 from X . This setting helps to identify how
informative are individual hop features for the node
classification task.

16 - MAURYA ET AL.
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(b) All setting: All feature matrices are used as input to the
model. Under this setting, we aim to find how using all
features affect the model's learning.

(c) Subset setting: Model is trained on all combinations of
features (PowerSetðXÞn∅) and the best result is reported.
One example of such a subset is {X, (A + I )X, A3X} with
the total of 119 subsets. This setting shows the effect on
model training with a subset of node features while
excluding possible noisy features.

3.2 | Experimental observations

Table 1 shows the accuracy values for models trained on
different input settings. Following are a few key findings from
these results:

� Following results in Single setting, we observe that features
at various hops contribute differently. For homophily data-
sets like Cora, Citeseer and Pubmed, self‐looped features
have higher classification accuracy. On the other hand, no‐
looped features are performing better for Chameleon and
Squirrel datasets. For other datasets, the node's own features
are the best for the model's performance, and graph
structure does not play a significant role.

� In the case of All setting, homophily datasets benefit and
show improvements in accuracy. However, other datasets

show a significant reduction in accuracy. It implies that for
these datasets, using all node features resulted in the addi-
tion of noisy and non‐informative features causing the
model to learn poorly. These results also highlight that a
neural network model may not always filter out noisy
components in the input, and an explicit feature selection
scheme might be helpful.

� In the case of the Subset setting, we observe improvement
in the performance of the model on the node classification
task for most datasets. This result implies that among all
features in X , there are certain features when combined
together, are more informative. Please note that in an
optimal subset, all features do not contribute equally.
However, their combination provides enough information
for the model to have the best performance.

Our experimental results show that with a certain optimal
subset of node feature matrices, GNNs can achieve higher
performance on the node classification task. However, calcu-
lating the model's performance for all possible feature subsets
is computationally expensive, especially with higher hops due
to combinatorial explosion, and practically not feasible.

3.3 | Feature selection in GNN

Problems to select optimal features has been explored in
machine learning literature using various feature selection
strategies [40, 41]. However, with GNNs, it is more chal-
lenging in two ways. First, node features in many datasets are
sparse. For example, most datasets in Table 2 has more than
95% sparsity for node feature matrix. Second, the total
dimensionality of node features increases rapidly with each
aggregation step due to multiple feature matrices after aggre-
gation. Due to these challenges, many feature selection algo-
rithms are not optimal for the task. Furthermore, feature
selection algorithms are used for selecting individual indices of
input feature vectors. However, in the case of the node clas-
sification task, selecting hop‐features is more useful as it helpsF I GURE 2 Generation of input feature set in different settings.

TABLE 1 Mean Classification Accuracy
on node classification task on 2‐layered MLP
with hidden dimension as 64 Dataset

Single feature

All SubsetX AX (A + I)X A2X (A + I)2X A3X (A + I)3X

Cora 73.40 79.55 84.28 83.86 85.47 83.58 85.41 87.50 88.04

Citeseer 71.66 69.10 73.53 72.38 74.07 70.55 73.92 77.09 77.43

Pubmed 87.79 81.77 88.27 84.70 88.06 83.06 86.63 89.55 89.83

Chameleon 46.05 77.74 71.22 76.07 71.77 75.26 71.62 72.25 78.55

Wisconsin 87.45 63.13 58.03 62.54 52.94 60.00 51.76 79.8 88.62

Texas 85.40 66.21 61.35 67.29 58.64 62.43 58.10 78.91 88.91

Cornell 85.94 58.64 63.51 58.64 61.62 58.91 60.27 72.25 86.75

Squirrel 30.24 73.18 63.79 71.28 63.37 64.42 62.82 64.68 73.12

Actor 35.32 25.47 29.22 25.38 27.95 25.27 26.43 35.39 35.67

Note: Results with Subset setting (bold) are compared with best results (underlined) in other input feature settings.
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to establish the similarity/dissimilarity of nodes from their
neighbours. Hence it becomes challenging to use feature se-
lection algorithms, and there is a need for new approaches to
tackle this problem.

3.4 | Problem formulation

Given the inputX as a set of 2K+ 1 node featurematrices andY
as labels of the nodes. We are interested in identifying a subset of
X of length up to p < 2K + 1, for which the GNN model gives
the best performance. All such possible subsets are defined as

M and jMj ¼
Pp
j¼1

�
2K þ 1
j

�
. Let m ∈M denote any one of

such possible subsets. Our objective is to identify the optimal
subset m∗ for which GNN model performs best.

4 | DUAL‐NET GNN ARCHITECTURE

As discussed in Section 3, the GNN model needs to have the
capability to select useful node features while discarding noisy/
uninformative features. In this section, we propose a new
GNN model that takes all node feature matrices as input and
during training learns to select optimal node feature set for the
task and discards the remaining ones. Details of the model
architecture and training methodology are as follows:

4.1 | Model description

The model consists of two separate neural networks: classifier
network and selector network.

4.1.1 | Classifier Network

It is a two‐layered MLP neural network, similar to the one used
in Section 3.1 for predicting labels of the nodes. The classifier

network is parameterised with θ, represented as fcðθ;X ;mÞ.
The input to the network is a subset of node feature matrices,
m ∈M. In the first layer, each input matrix is linearly trans-
formed and the output is summed. The non‐linearity (ReLU) is
applied and then mapped to the second layer. After training of
the joint model, f cðθ∗;X ;m∗Þ is applied on the test split of the
dataset, where θ∗ denotes learned parameters of the classifier
and m∗ is the optimal input subset of node feature matrices.

4.1.2 | Selector Network

The selector network is also a two‐layered MLP, yet with a
different input/output configuration. The role of the selector
is to find out an optimal feature subset of X based on the
performance feedback of the classifier. The selector model is
parameterised with ϕ, represented as fs(ϕ, m). The input to the
selector network is a one‐hot encoding vector m! of dimension
2K + 1 representing the subset of feature matrices to be
selected as per m. For example, for K = 3, the subset {X,
(A + I )X, A3X} has m!¼ ð1; 0; 1; 0; 0; 1; 0Þ. The output is a
single scalar value. The purpose of the selector net is to learn
to predict the average performance of the classifier to the mask
corresponding to the input subset.

Both networks are trained jointly in an alternate manner.
However, the training objective of both models are different.

4.2 | Loss functions

4.2.1 | Classifier loss

The classifier is trained with simple Cross‐Entropy loss
commonly used in the node classification task. For each
training step, the input is a subset of node features, m ∈M. In
implementation, it represents the masking operation of input
features to the model. Loss is calculated between output logits
of the model and true labels of the nodes,

LcðX ;m; θÞ ¼
1
jV j
lðX ;m; y; θÞ ð4Þ

4.2.2 | Selector loss

The loss of selector is MSE (mean squared error) loss between
the output of selector, Os ¼ f sðϕ;m!Þ and the classifier loss
value Lc,

Lsðm!; ϕÞ ¼
�
f sðϕ;m!Þ − LcðX ;m; θÞ

�2
ð5Þ

The selector learns to map the input mask vector to the
classifier's loss. Thus the output of the selector varies with
different input subset masks in congruence with the classifier's
performance. With a good input subset, the classifier will have
a lower loss, and correspondingly selector will have a lower
output value and vice versa.

TABLE 2 Statistics of the node classification datasets

Datasets
Homophily
Ratio Nodes Edges Features

Feature
Sparsity
(%) Classes

Cora 0.81 2708 5429 1433 98.7 7

Citeseer 0.74 3327 4732 3703 99.1 6

Pubmed 0.80 19,717 44,338 500 90.0 3

Chameleon 0.23 2,277 36,101 2325 99.4 4

Wisconsin 0.21 251 499 1703 94.4 5

Texas 0.11 183 309 1703 95.1 5

Cornell 0.30 183 295 1703 95.1 5

Squirrel 0.22 5,201 198,353 2089 99.1 5

Actor 0.22 7,600 26,659 932 99.4 5

18 - MAURYA ET AL.
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4.3 | Training methodology

Our objective in training is to start with all input feature
matrices in X , and during the process, learn the importance of
each feature matrix. Based on the feature ranking, we then aim
to select the optimal subset m∗ to get the maximum prediction
accuracy. We train our model Dual‐Net GNN in three stages,
with each stage having a different objective Figure 3
(Algorithm 1).

Stage 1. First stage is the exploration stage, where the
model is trained on possible combinations of node feature
matrices. The objective is to explore the performance
characteristics of subsets ofM in terms of the loss value
of the classifier. For each forward pass, a random subsetm
sampled from M, and corresponding node feature
matrices are used as input to the classifier. Similarly, one‐
hot encoded vector representation m! is set as input to the
selector. Cross‐entropy loss for the classifier is calculated
and backpropagated. For the selector, MSE loss is calcu-
lated between the output of the selector Os and loss of the
classifier Lc and backpropagated to update selector
network weights. The training is continued in this manner
till the classifier yields different losses for different mask
combinations stably, and the selector learns to map these
masks to the classifier's performance. The number of
training epochs in this stage is set as a hyperparameter, E1.
Stage 2. In this stage, our objective is to exploit the learned
selector to identify indices of useful feature matrices and
generate possible optimal masks for the classifier. In ma-
chine learning literature, given a trained model, gradients
with respect to the input are often used to identify impor-
tant input components [42–44]. The input components
with larger gradients contribute more towards the model's
output. Similarly, we aim to identify important indices of
the input mask vector to the trained selector model. The
node feature matrices corresponding to these indices would
lead to better performance of the classifier model.

We use a mask vector with all indices initialised with
equal initial weights

�
1
2 ⋯ 1

2

�
as input to the selector meaning

all indices have an equal chance of being selected. We then
calculate the gradients of the input vector with respect to
the model. Indices with top‐p gradients (itop−p) are identi-
fied. It reduces the number of indices to consider from
2K + 1 → p. However, the optimal subset m∗ might be a
smaller subset of these indices, that is, len(m∗) ≤ p and the
number of possible candidates for optimal subset isPp
j¼1

�
p
j

�
. A fixed number of combinations of these indices

are sampled, and validation loss on the classifier is calcu-
lated. Mask with the lowest loss value is selected, and both
classifier and selector are trained on it for one epoch. This
step is repeated each epoch, and the model is trained for a
fixed number of times, E2.
Stage 3. After Stage 2, the input mask with the lowest
validation loss is identified asm∗. The training is continued
with only the classifier with node feature matrices corre-
sponding tom∗ as input. The selector model is not utilized

in this stage. The training of the classifier is continued till
the stopping criterion is satisfied.

Algorithm 1 Pseudo Code Dual-Net GNN

5 | RELATED WORK

In recent years, GNNs have become one of the most impor-
tant tools to solve the node classification problem. GNNs
often provide high performance with end‐to‐end training with
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little manual intervention. In addition, they can take advantage
of recent hardware improvements, especially GPUs, to reduce
the training time and yield faster predictions. [19, 26] proposed
one of the earliest GNN based end‐to‐end training framework
using approximations of spectral graph convolutions. Since
then, there has been tremendous progress in the field with a
wide range of GNN models aiming to tackle different prob-
lems. GCN [19] uses a fixed propagation scheme to aggregate
features from all neighbours. However, it makes it challenging
to scale the model for large graphs. To solve this problem,
GraphSAGE [22] and FastGCN [23] introduces neighbour
sampling approach. GAT [24] improves GNN architecture by
using attention mechanism. APPNP [31], JK [32], Geom‐GCN
[16], SimP‐GCN [45], and CPGNN [18] aim to improve the
feature propagation scheme within layers of the model. More
recently, researchers are proposing to make GNN models
deeper [27, 29, 30]. However, deeper models suffer from over‐
smoothing, where after stacking many GNN layers, features of
the node become indistinguishable from each other, and there
is a drop in the performance of the model. DropEdge [46]
proposes to drop a certain number of edges to reduce the
speed of convergence of over‐smoothing and relieves the in-
formation loss. GCNII [27] use residual connections and
identity mapping in GNN layers to enable deeper networks.
RevGNN [29] uses deep reversible architectures and [30] uses
noise regularisation to train deep GNN models. Recently re-
searchers have proposed new datasets that do not follow
homophily assumption in traditional GNN models. Several
models propose to handle heterophily properties in graph data:
H2GCN [17], CPGNN [18], TDGNN [47], Geom‐GCN [16],
FSGNN [48],GPRGNN [28], and GloGNN [49]. However, a
recent work [38] reveals that GCNs can achieve strong per-
formance on heterophily graphs under certain conditions.

In machine learning field, feature selection has been used a
way to discard noisy features to improve performance [35, 41,
50–52]. It provides computational benefits (lower storage and
faster computation) and statistical benefits including increased
model interpretability [53]. There are many supervised feature
selection algorithms in use. LASSO [54], random forest (RF)

[55], RFE (Recursive Feature Elimination) [56] is one of the
off‐the‐shelf method. HSIC LASSO (Hilbert Schmidt Inde-
pendence Criterion Lasso) [57] and CCM (Conditional
Covariance Minimisation) [53] are two kernel based methods
for feature selection. Recently neural network based models
[41, 58] for feature selection have been proposed.

6 | EXPERIMENTS

In this section, we evaluate the results of experiments with our
proposed model on real‐world node classification datasets. We
compare the performance of our model with other GNN
models.

6.1 | Datasets

We perform experiments on fully‐supervised node classifica-
tion task with nine benchmark datasets commonly used in
GNN literature. Details of these datasets are provided in Ta-
ble 2. Homophily ratio [17] denotes the fraction of edges that
connects two nodes of the same label. A higher value (closer to
1) indicates strong homophily, while a lower value (closer to 0)
indicates strong heterophily in the dataset. Cora, Citeseer, and
Pubmed [59] are citation networks based datasets and, in
general, are considered as homophily datasets. Graphs in
Wisconsin, Cornell, Texas [16] represent links between web-
pages, Actor [60] represent actor co‐occurrence in Wikipedia
pages, Chameleon and Squirrel [61] represent the web pages in
Wikipedia discussing corresponding topics. These datasets are
considered as heterophily datasets. To provide a fair compar-
ison, we use publicly available data splits taken from [16].1 We
compare the experiment results of other GNN models with
our proposed model on this same split.

F I GURE 3 The model operation in 3‐stages. Classifier and selector are trained jointly in Stage 1 & 2, while only classifier is trained in Stage 3.

1
https://github.com/graphdml‐uiuc‐jlu/geom‐gcn.
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6.2 | Preprocessing

We follow the same preprocessing steps used by [16, 27]. Other
models to which we compare our results also follow the same
set of procedures. Initial node features are row‐normalised. To
account for both homophily and heterophily, we use the adja-
cency matrix and adjacency matrix with added self‐loops for
feature transformation. Both matrices are symmetrically nor-
malised. For efficient computation, adjacency matrices are
stored and used as sparse matrices.

6.3 | Settings and baselines

For a fully‐supervised node classification task, each dataset is
split evenly for each class into 48%, 32%, and 20% for training,
validation, and testing [16, 17]. We report the performance as
mean classification accuracy over 10 random splits. To provide
a comprehensive evaluation of our model's performance, we
compare the accuracy results with feature selection methods as
well as graph neural network models.

6.3.1 | Feature Selection Baselines

We ran experiments on 4 feature selections methods: RFE
[56], HSIC LASSO [57], CCM [53], and DFS (Deep Feature
Selection) [58]. RFE, HSIC LASSO, and CCM algorithms
work directly on feature matrices. Hence, we concatenated all
pre‐computed seven node feature matrices to get a single
feature matrix, Xcat ∈ Rn�7d and provide it as input along
with labels of the nodes in the training split. For parity with
our model, we set the number of dimensions that can be
selected by the algorithms up to pd. Due to intensive
memory requirements with high dimensional data, feature
selection algorithms were run on a machine with 800 GB
memory. Once the feature indices are selected by the algo-
rithm, we trained a two‐layered MLP (similar to the classifier
in our model) on selected features and report the prediction
accuracy. DFS is a neural network based feature selection
model. We modified the DFS model to select hop features
similar to our model keeping other architectural details and
loss functions same.

6.3.2 | GNN Baselines

We compare our model to 13 different GNN baselines and
use the published results as the best performance of these
models. GCNII [27], TDGNN [47], H2GCN [17] and
GloGNN [49] have proposed multiple variants of their
model. We have chosen the variant with the best perfor-
mance on most datasets. GPRGNN uses random splits in
their published results. For a fair comparison, we ran their
publicly available code on our standard splits while keeping
other settings the same. Hyperparameters of the model
training are provided in Appendix A.2.

6.4 | Results and discussion

6.4.1 | Accuracy results

Table 3 shows the comparison of the mean classification accu-
racy of our model with other feature selection methods and
GNN methods. These feature selection methods overall do not
perform better despite high execution time and intensive
memory requirements. CCM method runs out of memory on
many datasets despite using a high memory machine. The per-
formance of DFS is comparable to a few GNN models, how-
ever, it still is significantly lower than our model. Comparing the
results with other GNNs, we observe that our model overcomes
the effect of noisy features and significantly improves the per-
formance on Chameleon (+10.2%), Wisconsin (+1.6%), Texas
(+4.19%), Cornell (+2.51%) and Squirrel (+27.8%) datasets.
For Cora (−0.8%), Citeseer (−1.1%), Pubmed (−0.7%), and
Actor (−1.1%), the performance of our model is on par with
other GNN models. Figure 4 shows the plot of node embed-
dings learned by the model on Squirrel and Chameleon datasets.

Comparing the results of All Setting with Subset setting,
for homophily datasets, the difference for Cora (0.54%),
Citeseer (0.34%), and Pubmed (0.28%) is significantly smaller
compared to heterophily datasets: Chameleon (6.30%), Wis-
consin (8.82%), Texas (10.00%), Cornell (14.5%), Squirrel
(8.44%), and Actor (0.28%). From these results, we infer that
the effect of noisy features is less in homophily datasets while
in most heterophily datasets the noisy features significantly
affect the model's performance. As our proposed model is
designed to identify possible noisy features and learn on rele-
vant informative features, the improvements are more
apparent with the heterophily datasets with Chameleon
(+6.21%), Wisconsin (+9.61%), Texas (+8.66%), Cornell
(+15.86%), Squirrel (+9.29%) and Actor (+1.9%). Comparing
with results in All Settings, our model improves performance
in all homophily datasets, Cora (+0.27%), Citeseer (+0.06%),
and Pubmed (+0.09%) although these improvements are
smaller when compared with heterophily datasets. These ob-
servations indicate that the model performs well if the noisy
features present in the input cause a noticeable difference in
the performance. On the other hand, it can be challenging to
detect noisy features that have a relatively smaller effect on the
performance of the model.

6.4.2 | Training time

Due to its simple architecture, the training time of our model
is relatively low. Figure 5 shows a comparison of the training
time of our model with a few SOTA GNN models on
commonly used benchmark datasets Cora, Citeseer, and
Pubmed. Training time of our model is similar to GCN and
GPRGNN. Due to its deep structure with up to 64 layers, the
training time of GCNII is one order magnitude higher than
our model. For feature selection methods, most of the
execution time is spent on running feature selection algo-
rithm. In our experiments, feature selection algorithms took
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significantly higher time (>2+ hours) than graph neural
network models.

6.4.3 | Analysis of selected feature subsets

In this section, we provide an analysis of the feature subset
selected by our model during training. For each dataset, we
train the model on 10 random splits. As the training/valida-
tion/test nodes are different for each split, the model learns
the optimal feature subset separately for each split. Figure 6
shows the heatmap of hop feature matrices selected for all 10

splits. For homophily datasets Cora, Citeseer, and Pubmed, we
observe that the model learnt to select node's own features and
self‐looped feature matrices as optimal subsets. For Chameleon
and Squirrel datasets, the model learnt to select no‐looped
feature matrices. For Wisconsin, Cornell, Texas, and Actor
datasets, the model learnt to predominantly select node's own
features as optimal features. These observations also match our
experiment results in Table 1. It shows that our proposed
model reliably learns to select appropriate hop features of the
nodes on a wide variety of benchmark datasets.

F I GURE 4 t‐SNE plots of node embeddings by GPRGNN (left) and Dual‐Net Graph Neural Network (GNN) (right) models on Squirrel and Chameleon
datasets.

F I GURE 5 Comparison of training time of Graph Neural Network
(GNN) models on Cora, Citeseer and Pubmed datasets. Time (seconds) is
plotted in log scale due to the training time of GCNII being significantly
higher than other models.

F I GURE 6 Heatmap of indices of hop features selected for all 10
splits for each dataset.
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6.4.4 | Analysis of validation loss during training

In this section, we discuss training dynamics of the classifier in
terms of the validation loss. As discussed in Section 4.3,
training of the model is divided into three stages.

Stage 1 During this stage, for each epoch a random subset
of node feature matrices is selected from X . The quality of
the subset with respect to the label can vary among all
subsets. Hence, in Figure 7, we observe wide fluctuations
in the validation loss of the classifier during Stage 1
training. However, since the classifier is training against
the labels, overall the average loss is decreasing albeit, a bit
slowly in some datasets.
Stage 2 In Stage 2, top‐p best indices and corresponding
node feature matrices are identified. Subset of feature
matrices based on these top‐p features are randomly
sampled to train the model. During Stage 2, we observe
significantly less fluctuations in the validation loss as well
as rapid drop in loss value.
Stage 3 In this stage, we identify the optimal input feature
subset (m∗) to train the classifier. The validation loss
rapidly drops and significantly lower than Stage 1.

6.4.5 | Model complexity and scalability

Both networks in our model are simple two‐layered MLPs.
However, with more complex input features, the model can be
generalised to have more layers. Hence, the model complexity

is similar to a MLP network. Assuming the model with Lff
number of feedforward layers and r input feature matrices, the
computational complexity of the classifier would be

O
�
rLf f Nd

2
�

[33, 39, 62]. N is the number of the nodes, and

d is feature dimensionality. For the selector network with row

vector as input, the complexity is O
�
Lf f d

2
�
.

The datasets used in our main experiments consist of
graphs with a few thousand of nodes. In real‐world applica-
tions, the graph size can be a few hundred of thousands of
nodes to millions of nodes. Hence, the benchmarking datasets
for GNN models need to be much larger than commonly
used datasets. Recently [37] has proposed new benchmark
datasets with large graph sizes with fixed data splits and also
provided benchmark results on various GNN models. Sta-
tistics of the datasets are provided in Table A4. To demon-
strate the scalability of our model, we run experiments with
Dual‐Net GNN model on these datasets. Table 4 shows the
performance comparison of our model with other SOTA
models. Our model, in general, outperforms other GNN
models on most datasets. For more details please refer to
Appendix A.3.

7 | CONCLUSION

In this work, we demonstrate that feature aggregation steps in
GNN can generate noisy features for nodes, which in turn can
reduce the performance of the GNN model. We tackle this
challenge by proposing a Dual‐Net GNN architecture to learn

F I GURE 7 Validation loss of the model under different stages of the training.
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the optimal subset of hop features for better performance of
the classifier on the node classification task. With extensive
experiments, we show that our proposed model can reduce the
effect of noisy features by selecting optimal feature subset and
outperforms feature selection methods and SOTA GNN
models. In the current approach, we use MLP models for
classifier and selector. However, more sophisticated architec-
tures with the use of attention layers, residual layers, deeper
layers, etc., can be used to further improve the performance of
the model. In this paper, we have primarily focussed on ho-
mogenous graphs datasets with particular focus on homophily
and heterophily properties. Real‐world data can come from
multitude of domains like e‐commerce systems, financial sys-
tems, biological networks, contact networks, etc., and can be
represented as different types of graphs like multi‐layered
graphs, heterogenous graphs, dynamic graphs, etc. In these
graphs, there can different types of nodes and edges (e.g.
heterogenous graphs) that have varying attributes that may or
may not be relevant to the task at hand. Our current frame-
work can be extended to these datasets by modifying the pre‐
processing and feature aggregation step relevant to the dataset
and using the propose model to learn from informative fea-
tures and avoid the noisy features. We consider exploring so-
phisticated model architecture and extending the model to
different new tasks as the direction for our future work.
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APPENDIX A

Experiment setup

A.1 | Hardware (main experiments)
Experiments related feature selection algorithms (RFE, HSIC
LASSO and CCM) were conducted on machine with Intel
Xeon Gold 6148 processor (limited to 8 cores) and 800 GB
memory. Training on feature selection algorithm, DFS and
other GNN related experiments were conducted on machine
with Intel Xeon Gold 6148 processor (limited to 5 cores),
60 GB memory and V100 GPU.

A.2 | Model hyperparameters
For Dual‐net model, the number of hops for feature aggre-
gation, K is set to 3 and p is set as 4. Hidden dimension of both
selector and classifier are set to 64. Tables A1 and A2 lists
hyperparameters related to classifier and selector model
respectively. WD represents weight decay, LR represents
learning rate, fc1 & fc2 denote layers and E1 & E2 are the
number of epochs of training in Stage 1 and Stage 2 respec-
tively. Patience for Stage 3 training is set to 100. For the
classifier network, learning rate was selected from {0.001, 0.01,
0.05}, weight decay was selected from {0.0, 1e–05, 1e–04, 1e–
03} and dropout from {0.5, 0.6, 0.7}. For the selector network,
learning rate was selected from {0.01, 0.005}, weight decay was

selected from {1e–06, 1e–05, 1e–04} and dropout is kept at
constant value of 0.5. Training epochs E1 for Stage 1, were
selected from 100, 200, 300, 400, 500. Search was done with
mix of parameter sweep with manual intervention to avoid
unfruitful hyperparameter combinations. Table A3 shows
indices of feature matrices learnt for all 10 splits.

A.3 | Detai ls of experiments on large
datasets
Code for experiments on large datasets is available at https://
github.com/sunilkmaurya/DualNetGNN_large.

TABLE A1 Hyperparameters of the classifier

Datasets WDfc1 WDfc2 LRfc Dropout E1 E2

Cora 1e–04 1e–04 0.01 0.7 400 20

Citeseer 1e–05 1e–03 0.05 0.6 500 20

Pubmed 1e–05 1e–03 0.05 0.6 400 20

Chameleon 0.0 0.0 0.001 0.6 600 20

Wisconsin 1e–04 1e–04 0.05 0.5 100 20

Texas 1e–04 1e–04 0.05 0.7 600 20

Cornell 1e–04 0.0 0.05 0.5 600 20

Squirrel 1e–04 0.0 0.001 0.5 600 20

Actor 1e–03 1e–05 0.05 0.7 600 20

TABLE A2 Hyperparameters of the selector

Datasets WDboth LRboth Dropout

Cora 1e–05 0.005 0.5

Citeseer 1e–05 0.005 0.5

Pubmed 1e–05 0.01 0.5

Chameleon 1e–06 0.01 0.5

Wisconsin 1e–04 0.01 0.5

Texas 1e–04 0.005 0.5

Cornell 1e–04 0.005 0.5

Squirrel 1e–06 0.01 0.5

Actor 1e–04 0.01 0.5

TABLE A3 Statistics of feature matrices selected in 10 random splits
for each dataset

Datasets X AX (A + I )X A2X (A + I )2X A3X (A + I )3X

Cora 6 0 2 4 3 6 10

Citeseer 10 3 5 4 8 2 6

Pubmed 10 0 1 2 6 0 3

Chameleon 0 10 4 9 1 1 1

Wisconsin 10 1 1 2 1 0 1

Texas 10 5 1 1 0 1 1

Cornell 10 2 0 1 2 2 1

Squirrel 0 10 1 3 0 2 1

Actor 10 0 0 0 0 0 0

TABLE A4 Statistics for large graph datasets

Dataset # Nodes # Edges # Feat. # Classes

Penn94 41,554 1,362,229 5 2

pokec 1,632,803 30,622,564 65 2

arXiv‐year 169,343 1,166,243 128 5

snap‐patents 2,923,922 13,975,788 269 5

genius 421,961 984,979 12 2

twitch‐gamers 168,114 6,797,557 7 2
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A.3.1 | Data‐Splits

For a fair comparison, we use the same data splits as provided
by [37] at their code repository (https://github.com/CUAI/
Non‐Homophily‐Large‐Scale). Each dataset has five training/
validation/test splits and we report mean accuracy/ROC AUC
scores in Table 4.

A.3.2 | Feature Calculation

We pre‐calculate feature matrices with aggregation of up to 4‐
hops. In addition, we also include adjacency matrices as
feature inputs. Due to the higher complexity of datasets, we
use a 3‐layered MLP model for the Classifier. Results for
Penn94, pokec, genius, and twitch‐gamers datasets are for
aggregation up to 4 hops, while the results for arXiv‐year and
snap‐patents are for up to 3 hops. In the LINKX paper [37]
that proposed these benchmark datasets, both arXiv‐year and
snap‐patents are described as directed graph datasets. Hence,

we have used the asymmetric adjacency matrix and its trans-
pose to calculate aggregated features for the nodes. Please
note that due to the large size of these datasets and longer
training time, analysis similar to Table 1 is computationally
prohibitive.

A.3.3 | Hardware

Experiments were conducted on machine with Intel Xeon
Platinum 8360Y processor, and A100 GPU.

A.3.4 | Parameter Optimisation

To find the best hyperparameters for the model, we use
Optuna [63], a hyperparameter optimisation framework. For
sampling hyperparameters during the training, we used multi-
variate TPESampler (tree‐structured Parzen Estimator) algo-
rithm [64] available in Optuna.
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