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Boosting Performance of Graph Convolutional
Networks via Generating Pseudolabels
and Feature Interaction

Qiqgi Zhang ¥, Zhongying Zhao

Abstract—The task of node classification based on graph
convolutional networks (GCNs) is widely applied in many social
media and e-commerce websites. In this context, rich node
labels undoubtedly play a very important role. However, existing
methods fail to generate high-quality pseudolabels that serve as a
potential solution to alleviate label scarcity on graphs and reduce
time-consuming annotation issues. Moreover, it is an interesting
problem to boost the performance of GCNs with feature interac-
tion and propagation. To tackle these limitations, we propose a
new pseudolabels generation and feature interaction propagation
based GCN, named PF-GCN. Specifically, the proposed PF-GCN
first generates high-quality pseudolabels to enlarge the input
set of node labels. Meanwhile, it fully exploits the information
of feature interactions to enhance our PF-GCN model. We
then present a straightforward yet highly effective cross-layer
approach which is equipped with feature transformation to
encode feature interaction at each layer. Finally, we propagate
feature interactions through both topology space and feature
space, and then employ an adaptive attention mechanism to
learn rich node embeddings. Experimental results demonstrate
that the proposed PF-GCN outperforms several state-of-the-art
methods in the extensive evaluations of node classification. We
have released the source codes of PF-GCN for public usage
and evaluation at https://github.com/ZZY-GraphMiningLab/PF-
GCN.

Index Terms—Feature interaction, graph convolution networks
(GCNs), node classification, pseudolabels.
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I. INTRODUCTION

RAPH data [1] is prevalent in various scenarios, ranging
Gfrom social networks [2], [3], [4], [5], recommendation
systems [6], traffic networks to the World Wide Web. As one
of the powerful deep learning models, graph convolutional
networks (GCNs) [7] have proven to be effective in learning
graph/node embeddings. Thus, they are widely used to tackle
diverse graph analyzing tasks, such as node classification [8],
[9], personalized recommendations [6], [10] and node cluster-
ing [9], etc.

As we all know, the performance of GCNs on node classifica-
tion [11], [12], [13], [14], [15] largely depends on the availabil-
ity of high-quality and abundant labeled data for training [16],
[17]. However, acquiring labeled data is a time-consuming pro-
cess that demands domain knowledge [18]. As a result, various
semisupervised learning (SSL) methods have been proposed
and gained significant attention [7], [11], [13], [19], [20]. These
methods leverage both explicit information from fully labeled
data and potential information among a substantial amount of
unlabeled data. However, they are facing the following two
challenges.

1) How to Improve the Quality of Pseudolabels in Graph
Representation Learning? Generating pseudolabels is a pop-
ular semisupervised method for addressing the issue of la-
bel scarcity, and it has demonstrated impressive performance
in learning image representation [21], [22], [23], [24], [25],
[26], [27], [28]. These methods aim to overcome the limited
availability of labels by predicting pseudolabels and iteratively
refining the model with both real and pseudolabels. Inspired
by the success of learning pseudolabels in computer vision
(CV), similar methods have been proposed for learning graph
representation [29], [30], [31], [32]. For instance, Iscen et al.
[30] introduce a transductive label propagation strategy that
leverages the nearest neighbor graph to infer and optimize
pseudolabels. But they overlook higher-order nodes similar to
the target node. MFGCN [32] calculates the similarity between
labeled and unlabeled samples, and then selects the most sim-
ilar ones as pseudolabels for unlabeled nodes. Nevertheless, it
ignores the relationships between the labeled classes and the
unlabeled nodes. Therefore, there is a crucial need to generate
pseudolabels by considering the relationships among global
nodes and their associations with labeled classes in the graph.
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Fig. 1. Two different GCN frameworks. The traditional GCN (a) such as [7],
[11], [13], [32], does not include feature interaction. Our method is similar to
[33], [34] (b), which includes feature interaction in modeling. Solid-borderline
boxes represent papers (L; and L), and dotted-borderline boxes represent
attributes (learning, reinforcement, and rule).

2) How to Design a Simple Yet Effective Strategy to Gen-
erate Feature Interaction? In addition to labels, features also
play an important role in learning node representations [13],
[32], [35], [36], [37]. However, according to [34] and [33], the
majority of existing GCNs scarcely capture feature interaction
that can provide us with more comprehensive insights and is
crucial for the success of many graph mining applications [38],
[39], [40], [41]. Taking the citation network as an example,
Fig. 1 contains two different GCN modules for propagating and
aggregating node features. Fig. 1(a) illustrates the absence of
feature interaction in the training process, where the feature is
directly inputted into the traditional GCN model. Consequently,
it becomes challenging to determine which class the literature
L, and L,, belong to, despite both pieces of them containing the
word “learning.” In contrast, Fig. 1(b) demonstrates the process
of feature interaction in our proposed method. For instance, the
word “reinforcement” appears in the literature L;, making it
more likely to be in the field of “reinforcement learning” due to
the feature interaction between “learning” and “reinforcement.”
Similarly, considering the feature interaction between “learn-
ing” and “rule,” the literature L,, is most likely related to the
topic of “rule learning.” As a result, feature interaction should
be taken into account while designing a representation learning
model. For instance, cross-GCN [33] captures arbitrary-order
feature interactions in graphs and calculates linearly increased
parameters and time complexity. DFI-GCN [34] is capable
of effectively handling arbitrary-order feature interactions by
leveraging Newton’s identities to address the issue of low ef-
ficiency in traditional feature interaction methods. While these
methods exhibit the capability to capture feature interactions of
arbitrary orders, they often encounter escalating computational
costs as the feature dimension and interaction order expand.
Consequently, how to design a simple yet effective strategy to
generate feature interaction and comprehensively propagate it
is a very interesting problem.

To address the above two problems, we present a pseu-
dolabels generation and feature interaction propagation based
GCN (PF-GCN). Specifically, we propose a method to generate
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pseudolabels based on the feature similarity between unlabeled
and labeled nodes. This method serves as a plug-and-play mod-
ule and can be applied to most existing GCN methods. We
design a simple yet effective cross-layer mechanism to learn
feature interactions. Additionally, PF-GCN learns node embed-
dings and employs an attention mechanism to adaptively fuse
them in both the topology and feature spaces. Finally, we fuse
the embeddings from both the topology and feature spaces and
apply them to downstream tasks. The main contributions of this
article are briefly presented as follows.

1) We propose a pseudolabel generation method to address
the issue of label scarcity in graph data. This method
calculates the similarity between the features of unla-
beled nodes and both class-specific features and those
of labeled nodes, thereby generating high-quality pseu-
dolabels. It serves as a plug-and-play module, which can
be easily integrated into most existing GCN models for
convenient application.

2) We design a simple yet effective cross-layer to deal with
the lack of feature interaction in existing GCN mod-
els. It enables to learn feature interaction information
at each layer and integrates it into the node embed-
ding. It captures the complex relationships between node
features, thereby improving the expressiveness of node
embeddings.

3) We incorporate a top-level attention mechanism in
PF-GCN, which allows for the adaptive fusion of node
embedding from the topology space and the feature space.
With this fusion method, we comprehensively capture
node information, thereby further enhancing the perfor-
mance of node classification.

4) We compare PF-GCN with thirteen representative
methods on six real-world datasets to evaluate its
performance on the task of node classification. The
experimental results demonstrate the superiority of
PF-GCN, which achieves an average improvement of
5.28% and a maximum improvement of 8.92% against
the state-of-the-art baselines.

The remainder of this article is organized as follows.
Section II discusses some related work. Section III presents
preliminary concepts and defines the problem. To clarify the
differences of this work, we show the workflows in this sec-
tion. Section IV describes the details of the proposed PF-GCN.
Section V presents the performance of the PF-GCN on the task
of node classification. Finally, Section VI concludes the article
with some future directions.

II. RELATED WORK

In this section, we introduce the related work of PF-GCN,
which includes semisupervised GCNs, feature interaction, and
pseudolabels generation.

A. Semi-supervised GCNs

Semisupervised GCNs have received significant attention
from academia and industry [7], [11], [13], [16], [32], [33],
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[42], [43], [44], and exhibit outstanding performance. For ex-
ample, DeepWalk [45] is a representative graph embedding
learning method, which learns the neighborhood relationships
via a truncated random walk. Meanwhile, it can capture the in-
formation of low-dimensional embeddings. GCN [7] achieves a
first-order approximation and superior performance in semisu-
pervised node classification by efficiently aggregating neigh-
bors’ information using a standardized laplace matrix to learn
node representations. Graph attention network (GAT) [11] per-
forms a convolution operation by introducing the attention
mechanism to specify different weights of neighboring nodes
on the target node. MixHop [2] proposes to simultaneously
aggregate feature information from first-order and higher-order
neighbors in each layer. SCLR [46] is employed to learn
the consensus representation of multispace by adding self-
supervised loss to topology and feature spaces. AM-GCN [13]
is another state-of-the-art method that fully integrates topol-
ogy and node features of graphs. Specifically, it proposes an
adaptive multichannel GCN as the core idea and learns the
adaptive importance weights for merging embeddings from
node features, topological structures, and their combinations.
MFGCN [32] also designs an adaptive graph to fuse topology
and feature graphs. Meanwhile, it proposes a fusion strategy
on three graphs to learn a connected embedding. GPPO [47]
integrates a GNN into the policy network, enabling a faster
learning speed and better performance than the ordinary pure
MLP-styled algorithm [48], [49]. We utilize multichannel GCN
encoders to propagate representations. In different SCLR, AM-
GCN, and MFGCN, we update features and add pseudolabels
before training the model.

B. Feature Interaction

Feature interaction (aka. cross feature) can capture the re-
lationship of features and deliver more accurate predictions.
Traditional feature interaction methods are artificially designed,
relying heavily on prior knowledge and unable to extend to new
interaction patterns that have not yet appeared. This approach
consumes a lot of resources and cannot achieve significant
performance improvements [34]. Therefore, many studies are
dedicated to enabling models to automatically and efficiently
learn feature interaction patterns [34], [50], [51], [52], [53].
For example, factorization machine [50] (FM) incorporates dot
products with deep neural networks to enhance performance.
However, FM typically models low-order feature interactions.
DeepFM [51] employs FM to extract feature interactions and
feed them into deep neural networks to improve the model
performance. DCN [52] exploits cross-network to capture
high-level explicit feature interaction and achieve better perfor-
mance. DCN-V2 [53] learns explicit and implicit feature inter-
action through cross layers. It inherits the simple cross-network
structure of DCN but is more capable of learning explicit and
bounded cross-over features. Cross-GCN [33] models feature
crosses for graph-based learning problems with complexity lin-
ear to feature dimension and order size. In addition, cross fea-
tures have been effective in improving the representation ability
of GCNs. DFI-GCN [34] proposes to model arbitrary-order
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cross features with Newton’s identities and perform pairwise
interactions between adjacent nodes during convolution. They
often encounter escalating computational costs as the feature
dimension and interaction order expand. Currently, there are
few GCNs that research feature interaction, which influences
the representative ability of GCNGs.

C. Pseudolabels Generation

Adding pseudolabels is an effective method to handle the
problem of insufficient labeled data. It is predicted by Lee
[54] calculating its class with the maximum probability, which
is equal to entropy regularization through a network trained
on the labeled nodes. Shi et al. [55] designed the confidence
level for unlabeled samples to deal with uncertain samples
and unreliable labels. Iscen et al. [30] trained the classifier
via efficient transductive label propagation. It then constructs
the nearest neighbor graph to optimize the model. Li et al.
[29] proposed a self-training GCN that chooses top-K high-
confidence unlabeled nodes to enlarge the label set for training.
R2-D2 [28] is proposed to distinguish between predictions and
pseudolabels. It then adopts the repetitive reproduction strategy
to update pseudolabels. MFGCN [32] calculates the similar-
ity between labeled and unlabeled samples. It then uses the
labels of the most similar labeled nodes as the pseudolabels
for unlabeled samples. InfoGNN [31] incorporates an MI-based
informativeness measure for pseudolabel candidate selection to
alleviate the negative impact of noisy pseudolabels.

III. PRELIMINARY

In this section, we first define some key concepts. Then, we
formulate the problems that this article aims to answer. Finally,
we introduce the workflow of the traditional GCN paradigm and
our proposed model. The notations mainly used in this article
are summarized in Table L.

A. Problem Definition

Definition 1 (Attributed Graph [34]): Let G = (V, &, X) be
an attributed graph, where V and £ represent the sets of nodes
and edges, respectively. X € R™*? represents the feature matrix
of G, where n is the number of nodes and d represents the fea-
ture dimension of each node. Moreover, A € R™*" represents
the adjacency matrix of G, where A;; = 1 indicates that there
exists an edge between nodes ¢ and j, while 4;; = 0 otherwise.

Definition 2 (Partially Labeled Attributed  Graph
(PLAG) [16]): A PLAG can be represented as G = (V;, V,,
E, X, Vi, V), where V; and V), represent the sets of labeled and
unlabeled nodes, respectively, with V, UV, =V. ), € RIx¢
denotes the one-hot labels for the first [ labeled nodes, and
the remaining nodes in V,, are unlabeled. ¢ is the number
of categories. The labeled set for nodes in V; is denoted by
Vi, whereas the predicted pseudolabels set for nodes in V), is
denoted by ),.

Definition 3 (Class Feature (CX)): The class feature is
defined as the average of features among nodes belonging to
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TABLE I
NOTATIONS USED IN THIS ARTICLE

Notations Descriptions
The original graph as input.
The set of nodes in graph G.

g
)%
A The adjacency matrix of G indicating the connection
£
X
X

relationship between nodes.
The set of edges in graph G.
The matrix including all nodes’ feature in G.

N The matrix including information of feature interaction.
Ti The input features of the ith dimension.
n The number of nodes in graph.
d The feature dimension of each node.
Vi, Vu The sets of labeled and unlabeled nodes in V),
VL @] Vu = V
Vi, Vu The one-hot labels for the first [ labeled nodes./

The predicted pseudolabels set for nodes in V,,.

cX The class feature of all labeled nodes.

c The number of categories.

Y The certain label, p € {1...c}.

M The number of labeled nodes in a certain class.

PLj, PLj The candidate pseudolabels of the nodes.

PL; The predicted label of node j, which can be put in the
set of pseudolabels.

Ly, Ly The embeddings in topology and feature spaces.

o, o The attention weight for the embedding in topology and
feature spaces.

X The feature interaction in the Nth cross-layer.

Lreat, Lpseudo The cross-entropy loss of two components.

Yy The prediction result of node classification.

A The hyper-parameter to balance loss functions

Lreal and Lpseudo .

the same class within the labeled nodes. The k class feature is
denoted as CX k, and it is calculated as follows:
k o
CX" = Y i=1,....M (1)
i=0 M

where M represents the number of labeled nodes in a certain
class, a:f represents the feature of the ith node in the kth class
label, and z; € R1*4,

Definition 4 (Feature Interaction [41]): The s-order feature
interaction refers to a combination of s-dimensional input fea-
tures, which can be represented as follows:

I = )

te{tltz...ts}

s _
A

where x; represents the ¢th dimension of the input features.
Problem: Semisupervised Node Classification. Given an at-
tributed graph G = (V, £, X', ));) where V =V, UV, the prob-
lem is to construct a learning model based on the existing labels
YV, of nodes V}, graph structure £, adjacency matrix .4, and node
features X' to predict the class labels of unlabeled nodes V,,.

B. The Workflow of Traditional GCN Paradigm and Our
Proposed Model

The common traditional GCN paradigm is shown in Fig. 2(a)
[71, [11]. To be specific, it first takes the original labeled nodes
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Fig. 2. Workflow of the traditional GCN paradigm and our proposed PF-
GCN. (a) Traditional GCN. (b) Proposed PF-GCN.

and node features as input. Then, it obtains the node embedding
by the GCN encoder, which includes node aggregation and
feature transformation modules. Node aggregation improves the
representation of target nodes by aggregating the information
from neighboring nodes. To more fully represent the target
node, feature transformation projects the node embedding from
the feature space to the latent space.

The proposed PF-GCN framework adheres to the conven-
tional GCN paradigm. In contrast to the traditional GCN, the
PF-GCN model introduces pseudolabels and feature interaction
as additional information in the multichannel GCN for model
training. The workflow is illustrated in Fig. 2(b), where the
original labeled nodes, pseudolabeled nodes, node features, and
feature interaction information are inputted to the GCN model
in both topology and feature spaces. More details about the
proposed PF-GCN are described in Section I'V.

IV. THE PROPOSED METHOD
A. Framework

In this section, we propose the pseudolabels generation and
feature interaction propagation based graph convolution net-
works (PF-GCN). The overall framework of the proposed PF-
GCN is shown in Fig. 3. The PF-GCN mainly consists of three
modules.

1) Pseudolabels Generation: The primary objective of this
module is to produce accurate pseudolabels. To achieve
this goal, the process begins by generating candidate
pseudolabels. This is accomplished through the calcula-
tion of feature similarity between unlabeled nodes and
both class-labeled and labeled nodes. Subsequently, the
determination of pseudolabels is based on evaluating the
consistency of predictions stemming from these two dis-
tinct results. Finally, the acquired pseudolabels are em-
ployed in the model training process.

2) Feature Interaction Generation: We devise a cross-layer
to acquire feature interaction information. Subsequently,
we update both the features and the adjacency matrix,
integrating them into the topology and feature spaces,
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Fig. 3. Overall framework of the proposed PF-GCN model. (a) Pseudo label generation. (b) Feature interaction generation. (c¢) Propagation and optimization
learning.

respectively. This process enables the generation of com-
prehensive node embeddings.

3) Propagation and Optimization Learning: Within this
module, the convolutional layer in topology and fea-
ture spaces shares the same parameters. To enhance the
learning process, an attention mechanism is utilized to
adaptively capture embeddings from both real labels and
pseudolabels. The embedding Z is generated via the mod-
ulation of hyper-parameter A and the optimization of the
loss function.

The specific details of the proposed PF-GCN are described

in the following subsections.

B. Pseudolabels Generation

In this section, we propose a plug-and-play strategy for gen-
erating pseudolabels. The main process of generating pseudola-
bels is illustrated in Fig. 3(a), where different colors represent
different labels. As depicted in Fig. 3(a), the candidates for
pseudolabels are derived from two methods. The first method
involves calculating the feature similarity between unlabeled
nodes and each class. The class label with the highest simi-
larity value is chosen as a candidate pseudolabel. The second
method entails computing the feature similarity between unla-
beled nodes and nodes that are already labeled. The label from
the most similar labeled node is then selected as a candidate
pseudolabel.

Specifically, the first step is to calculate the class feature.
This is achieved by calculating the average of features among

nodes belonging to the same class within the labeled nodes, are
illustrated as follows:

M p
CXP=% “Li=1,....M 3
¢ M 9 7 3 9 ( )
=0
where p € {1,...,c} represents the certain label, ¢ represents

the number of categories, M represents the number of labeled
nodes in a certain class, and ¢ belongs to the set of labeled nodes
V; and x; € R4,

With the class feature C' X (4) at hand, the subsequent step
is to calculate the feature similarity between unlabeled nodes
and the class

CX=CX?p=0,1,2,...,c 4)
where XP? represents the feature of pth class.

Moreover, we calculate feature similarity with the cosine
function, as shown as follows:

PLj; = argmax (cos (CX,x;))

T Ty
cos < Ty, Tj >

=T )
||

where j € V,,. The label with the highest value in PL;; is used

as a candidate pseudolabels.

The second method for generating candidate pseudolabels is
to compute the similarity of unlabeled nodes and labeled nodes.
For each unlabeled node j in V,, we calculate cos(z;, ;)
for every 4 in V;. A higher value of cos(x;, ;) indicates a
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greater likelihood that these nodes belong to the same class.
The calculation process is formulated as follows:

PLj, =argmax(cos < z;,; >). (6)

The final pseudolabel is determined by checking whether
the two candidate labels are consistent or not, which is shown
as follows:

(1 PLji=PLj

PL; = {o PL; #PLj )
where PL; = 1 means the two candidate labels are consistent.
We add the node and its label to the pseudolabels set.

C. Feature Interaction Generation

We take the original features as input of a cross-layer archi-
tecture, which is capable of producing information about feature
interactions. Specifically, the training process of cross-layer is
outlined as follows:

XM = X© oMLP(X®) + X® (8)

where X () € R? represents the base layer containing the orig-
inal features and defaults to the initial value of the input layer.
X%, X(N) ¢ R? represent the input and output of the cross-
layer, respectively. MLP(+), as an activation function, performs
a nonlinear transformation.

Taking two cross-layers as an example, the process of gen-
erating feature interaction is shown as follows:

X0 =XO o (W x X0 4 b) +XO )
(10)

where W € R**? b € R? are the learnable weight matrix and
bias vector, respectively.

Let’s take the paper L; in Fig. 1 as an example. Three
attributes are used to evaluate the feature interaction pro-
cess: “Learning,” “reinforcement,” and “rule.” This module first
learns the supplementary representations between “learning”
and “reinforcement,” and then inputs the new interaction in-
formation and original features into the encoder, rather than
just feeding attributes into it. This method is more effective in
learning the embedding of the paper L.

X® =X & (W x X1 +b) + X0

D. Propagation and Optimization Learning

With feature interaction and pseudolabels at hand, we em-
ploy a GCN [7] as the encoder for aggregating node features.
Recognizing the mutually reinforcing nature of the topology
graph and the feature graph [13], we establish two distinct
branches for propagation. This dual-branch approach aims to
fully harness the complementary nature of topology and fea-
tures in the node aggregation process. The process for propagat-
ing the representation and optimizing the model is illustrated in
Fig. 3(c), where Z and Zp represent the results of embedding
learning achieved by the topology graph and the feature graph,
respectively.

The topology graph is represented as G = (X, A), where
X signifies the matrix capturing feature interactions, and
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A € R"™*" denotes the adjacency matrix of G. The output Z}
can be expressed as as follows:

Z! = ReLU (D;%Atbﬁzg*lwg),zfzxjv (11)
where W/ represents the weight matrix of the Ith convolution
layer, and ReLU(-) is the activation function. A =A+1, 1,
is the identity matrix. D, represents the degree matrix of A,.

Similarly, to effectively capture node embeddings in the fea-
ture space, we construct the k-nearest neighbors (kNN) matrix
which is denote as Ay. Thus, the configuration can be repre-
sented as G = (X, Ay). This approach is designed to empha-
size relevant nodes in the feature space (12), further enhancing
the quality of the node embeddings

=

1

Z} =ReLU (Df AsD,; zz;lw;) (12)

Subsequently, the attention mechanism is used to combine
the diverse embeddings that have acquired from both topology
and feature spaces. The learned attention weights from these
two perspectives are denoted as o and «y. The attention val-
ues in the topology view and feature view for node 7 can be
expressed as follows:

wi =" - tanh (W ()" +b) (13)

w} =47 - tanh (W . (z})T + b) (14)

where ¢ represents the shared attention vector, tanh(-) is an
activation function, and z} and z} are the embedding of the ith
node.

The Softmax function [(15) and (16)] is used to normalize
the attention values wj} and w{ and obtain the final weight

exp (wj)
exp (w}) + exp (w;)
exp (w?)

exp (w}) + exp (w)) '

o = Softmax (wj) =

15)

oy = Softmax (w}) = (16)

To learn comprehensive and rich embedding Z, we utilize
(17) to merge the results from the topology and feature graphs

Z:O[t'Zt+O[f'Zf (17)

where oy = diag(cy), oy = diag(ay).

The embeddings learned under the actual labels are denoted
as Z_L, while the embeddings learned under the pseudolabels
are represented as Z_PL.

Before passing them to the softmax function, we apply a lin-
ear transformation to the get Z accroding to (18). The prediction
results of classification are denoted by 7’ € R™*¢

7' = Softmax (W - Z +b). (18)

In the process of node classification, the computation of the
cross-entropy loss is denoted as L and it is calculated as (19).
As stated above, the loss consists of two components in which
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Algorithm 1: The overall learning algorithm of PF-GCN.

Require: Adjacency matrix A, feature matrix X, labels Y}, iterations
T, learning rate 7, dropout £, hyper-parameters A and p.
Ensure: Node embedding Z;
1: Initialize parameters 7, 1, £, A and p;
2: for iter=0,1,2,---,7-1 do
3:  Generate the pseudo-labels to unlabeled nodes according to
Eqn. (3)~(7);
4:  Calculate and update feature interaction by Eqn. (8);
5:  Generate the node embeddings of Z; and Z in topology graph
and feature graph by Eqn. (11) and Eqn. (12);
6:  Calculate the adaptive attention coefficient by Eqn. (13) and
Eqn. (15);
: Generate node embedding by Eqn. (17);
8:  Calculate the classification result Z' by Eqn. (18);
9:  Calculate the overall loss according to Eqn. (20) and Eqn.
(19);
10:  Update hyper-parameters A and p;
11: end for
12: Return Z;

Liear (20) is obtained from the labeled nodes, and Lpseudo (21),

is obtained from the pseudolabels
L= Liea + )\Lpseudo (19)

where )\ represents a hyper-parameter to balance two loss func-
tions Liea and Lpseudo

Lee = Y L(Z},01) (20)
eV,
Lpseudo = Z 6(21/73)1) (21)
i€Vpr

E. The Algorithm and Complexity Analysis

The algorithm of PF-GCN is presented in Algorithm 1. The
main calculation consists of pseudolabels generation, feature
interaction generation, propagation and optimization learning.
We carefully analyze the complexity of the proposed PF-GCN.
For the module of pseudolabels generation [from (3)—(7)], the
time complexity is O(nd?), where n is the number of nodes and
d represents the dimension of nodes. While the time complexity
of calculating feature interaction propagation is O(nd?) (8).
The computation cost of steps 6 to 8§ mainly comes from the
generation of node embeddings. Their complexity is O(fde),
where f represents the number of GCN layers and e represents
the number of edges |£| in the graph. Thus, the overall time
complexity of PF-GCN is O(nd> + fde).

V. EXPERIMENTS

In this section, we conduct a series of experiments to verify
the performance of the proposed PF-GCN on the task of semisu-
pervised node classification. We aim to answer the following
four research questions.

RQI: How does the proposed PF-GCN perform in the task
of semisupervised node classification?

RQ?2: How does the performance of GCN and GAT change
when the pseudolabels module is utilized?

1515

TABLE 11
DATASET STATISTICS
Datasets Nodes | Features Links Classes
Citeseer 3327 3703 4732 6
UAI2010 3067 4973 28311 19
BlogCatalog 5196 8189 171743 6
Flickr 7575 12047 239738 9
ACM 3025 1870 13128 3
CoraFull 19793 8710 65311 70

RQ3: To what extent do the various modules contribute to
the results?

RQ4: How does the classification performance vary with
changes of hyperparameters?

A. Experimental Setup

1) Datasets: In the experiments, six widely used datasets,
namely Citeseer, UAI2010 [56], BlogCatalog, Flickr, ACM,
and CoraFull are selected for semisupervised node classifica-
tion. Meanwhile, Citeseer and BlogCatalog datasets are used
to to validate the module of pseudolabels. For each dataset, the
number of nodes in the train, valid, and test sets is set the same
as the previous works [13], [32].

2) Baselines: We carefully select thirteen representative
methods, ensuring a diverse range of baselines both in terms of
their underlying strategies and their chronological emergence.
It is worth noting that these baselines utilize distinct approaches
for learning node embeddings.

Specifically, these contain DeepWalk [45] that performs a
truncated random walk, three traditional GNN-based meth-
ods: GCN [7], GAT [11], kKNN-GCN [13], one multichan-
nel and semisupervised learning method: AM-GCN [13], two
self-supervised methods: SCRL [46] and GCA [57], one
structure-preserving graph representation learning method: SP-
GRL [58], and one recently published method for adding pseu-
dolabels: MFGCN [32]. These baselines are briefly described
as follows.

1) DeepWalk [45]: It conducts truncated random walks on

a graph to capture multiple vertex sequences, which are
treated as sentences.

2) GCN [7]: It constructs a convolutional layer by locally
estimating the spectral graph convolutions to encode both
local structures and node features.

3) GAT [11]: It is a semisupervised learning method that
introduces the attention mechanism to specify different
weights to aggregate neighbors features.

4) kNN-GCN [13]: It uses a sparse k-nearest neighbor graph
to learn node embedding and calculates from the feature
matrix as the input graph for GCN.

5) MixHop [2]: It performs a multiorder neighbor convolu-
tion by utilizing different aggregation methods for various
neighbors.

6) AM-GCN [13]: It is an adaptive multichannel GCN that
extracts embeddings from node features, topology, and
their combinations.
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7) SCRL [46]: It achieves a consistent representation of
topology and feature spaces through self-supervised loss
integration.

8) GCA [57]: Itis designed to incorporates various priors for
structure and semantic aspects of the graph by exploiting
an adaptive data augmentation scheme.

9) SPGRL [58]: It preserves the global structure information

and explores the local node-level relation.

Cross-GCN [33]: It models arbitrary-order cross features

with linear complexity, relative to both feature dimension

and order size.

11) DFI-GCN [34]: It utilizes Newton’s identity to extract
cross features of different orders and capture the pairwise
interactions among nodes within the neighborhood.

12) Info-GNN [31]: It is an informative pseudolabeling
framework that maximally represents the local neigh-
borhoods through mutual information maximization to
facilitate the learning of GNNSs.

13) MFGCN [32]: It leverages the similarity between labeled
and unlabeled samples and integrates a mechanism for
generating pseudolabels.

3) Experimental Setting: We implement PF-GCN with Py-
Torch and accelerate the model training via NVIDIA RTX
3090 (24G) GPU. For the semisupervised classification task,
we categorize the number of labeled nodes in each dataset into
three levels: 20, 40, and 60 labeled nodes per class, denoted
as L/C. To mitigate the impact of randomness on the results,
we perform ten independent experimental runs for each dataset
and report the average outcomes. We use accuracy (ACC) and
macro Fl-score (F1) to evaluate performance of models.

4) Parameter Setting: For the baselines, we closely fol-
low the hyper-parameter settings of Deepwalk, kNN-GCN, and
Mixhop in [13]. The parameters for SCLR and MFGCN are
tested as suggested in [32]. For other baselines, we initialize the
model using the parameters as suggested in the corresponding
literature and then fine-tune them with grid search to attain
the optimal performance. Specifically, in the MFGCN for gen-
erating pseudolabels, the parameter [ is used to control the
reliability of pseudolabels. It is set to 0.9 when L/C is 20, and
to 0.99 when L/C is 40 or 60. Additionally, the parameter A is
set to 0.1 to balance the importance of the different components
in the loss function. In generating feature interaction methods,
the parameter k£ in DFI-GCN and cross-GCN represents the
order of feature interaction. When k is set to 2, the model
extracts second-order cross features, indicating the interaction
information between any two features.

As for the proposed PF-GCN, we set the initial learning rate
to 0.01, employing the Adam optimizer, and set the dropout
rate to 0.5. We perform a grid search to identify the optimal
learning rate and weight decay rate, with the search ranges set
to [e73, 5¢~*] and [e~?, 5¢77], respectively. In addition, we
conduct a comprehensive hyper-parameter search for the values
of X\ and p, spanning from 0.1 to 1, and utilize cross-validation
to select the best values. To further optimize the model, we em-
ploy Taguchi’s [59], [60], [61] experimental design method to
systematically explore and determine the optimal combination

10)

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 12, NO. 4, AUGUST 2025

of hyper-parameters. The specific values of these parameters
are determined by hyper-parameter analysis, as specified in
Section V-E.

B. Performance Comparison and Analyses (RQ1)

In this subsection, we compare and evaluate PF-GCN with
thirteen representative methods on six benchmark datasets
(UAI2010, Citeseer, BlogCatalog, Flickr, ACM, and CoraFull).
Table III shows the experimental results for each method. In the
following, we elaborate on the experimental results and make
a detailed analysis and discussion.

1) GAT usually outperforms the traditional methods (Deep-
Walk, GCN, and Mixhop). One plausible explanation is
that the attributes of nodes are high-dimensional sparse
vectors. GAT utilizes an attention mechanism with a sub-
stantial number of parameters, contributing to enhanced
accuracy in various datasets. The GCN-based methods
(kNN-GCN, AM-GCN, SCRL, MFGCN, and PF-GCN)
outperform GAT. Specifically, GCN-based methods ex-
hibit improvements of 6.36% and 18.04% over traditional
methods on UAI2010 and Flickr datasets. Similarly,
GCN-based methods improve ACC and F1 by 2.57% and
26.97% on Citeseer and BlogCatalog datasets, respec-
tively. AM-GCN, SCRL, and MFGCN are designed to
learn node embedding by integrating the information of
topology graph, feature graph, and their combinations.
The main reason is that GCN-based methods can capture
deeper relationships of nodes and design a multispace to
fuse node embedding.

2) The proposed PF-GCN achieves the best performance
compared with baselines. PF-GCN improves ACC and F1
by 0.9% and 9.15% on the UAI2010 dataset, 0.13% and
0.91% on the Citeseer dataset, compared with previous
methods. On the BlogCatalog dataset, PF-GCN improves
ACC by 1.6% and F1 by 1.09% with L/C =40. Likewise,
PF-GCN improves ACC by 0.8% and F1 by 1.61% on
the Flickr dataset, compared with SPGRL and MFGCN.
This observation demonstrates the effectiveness of pseu-
dolabels and feature interaction. On the BlogCatalog
dataset, MFGCN performs better than our proposed PF-
GCN. The main reason is that it designs an adaptive
graph to fuse the topology graph and feature graph. This
adaptive strategy can automatically capture information
between two graphs. PF-GCN does not achieve the op-
timal performance on ACM. The reason is that ACM
is a subset extracted from a heterogeneous graph. The
proposed PF-GCN is not good at handling heterogeneous
information. PF-GCN improves ACC by 3.7% and F1 by
2.73% on CoraFull compared with the competitors. As
a result, comparing it with the GCN-based model high-
lights the critical importance of feature interaction and
underscores the significance of pseudolabels as additional
information.

3) GCA and SPGRL outperform SCRL, attributed to their
proficiency in fully leveraging local node-level relations
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TABLE III

EXPERIMENTAL RESULTS ON THE TASK OF NODE CLASSIFICATION

Dataset UAI2010 Citeseer
L/C 20 40 60 20 40 60
LR 12.39% 24.78% 37.17% 3.61% 7.21% 10.82%
Metrics ACC F1 ACC F1 ACC Fl ACC F1 ACC F1 ACC F1
DeepWalk (2014) 4222 3145 | 51.63 46.16 | 55.19 4443 | 4336 38.01 | 4565 42.07 | 4892 4799
GCN (2017) 49.78  32.16 | 52.08 3440 | 5573 35.13 | 70.26 67.55 | 73.14 69.16 | 74.63  70.15
GAT (2018) 56.47 39.00 | 63.00 4563 | 69.13 4922 | 72.63 68.19 | 7401 69.76 | 74.45 71.03

MixHop (2019) 61.90 49.84 | 6555 54.03 | 68.24 56.15

7131 66.04 | 7123 6699 | 71.68  68.71

kNN-GCN (2020) | 66.36  52.03 | 68.24 54.15 | 71.70  54.11

61.16 58.60 | 61.93 59.67 | 62.57 60.12

AM-GCN (2020) 70.55 56.03 | 73.14 6488 | 7440 65.99

73.10 6696 | 7470 68.72 | 7556  70.92

SCRL (2021) 7290 57.80 | 74.58 6740 | 7490 67.54

73.62 69.78 | 75.08 70.68 | 75.96  72.84

GCA (2021) 72.55 5697 | 7327 5455 | 73.60  56.00

7139 6846 | 7296 68.02 | 73.92  69.10

SPGRL (2022) 76.30 6149 | 7820 68.73 | 79.80 71.38

75.19 7098 | 76.51 7230 | 76.21 73.14

Cross-GCN (2023) | 73.19 61.72 | 76.27 6436 | 77.52 6745

70.05 6845 | 7320 69.82 | 7530  70.87

DFI-GCN (2023) 72.69 6091 | 76.18 64.17 | 76.59 66.92

73.51  70.03 | 7528 71.13 | 76.14  72.27

Info-GNN (2023) 75.84 61.23 | 7721 63.37 | 76.63 68.71

7493 70.89 | 75.87 7149 | 7623  73.15

MFGCN (2023) 73.00 59.84 | 75.60 64.69 | 77.50 69.86

7520 70.18 | 7540 70.89 | 76.00  71.47

PF-GCN 7720 70.64 | 79.50 73.68 | 80.90 76.94 | 75.28 71.89 | 76.23 71.67 | 76.34  73.30
Dataset BlogCatalog Flickr
L/C 20 40 60 20 40 60
LR 2.31% 4.62% 6.93% 2.38% 4.75% 7.13%
Metrics ACC Fl1 ACC Fl1 ACC Fl1 ACC Fl1 ACC Fl1 ACC Fl1
DeepWalk (2014) | 37.53 34.37 | 50.87 46.70 | 5523 53.01 | 2430 2142 | 28.86 27.12 | 30.33 27.12
GCN (2017) 6991 68.83 | 7140 70.84 | 73.22 7210 | 41.92 3998 | 45.00 43.06 | 48.13  46.77
GAT (2018) 65.01 6343 | 67.66 66.84 | 69.99 69.22 | 38.52 37.01 | 38.63 36.82 | 38.66 37.14

MixHop (2019) 65.13  64.03 | 71.03 70.11 | 76.06  75.60

40.11  40.79 | 55.86 57.63 | 65.03  66.35

kNN-GCN (2020) | 75.30  71.55 | 80.64 80.00 | 82.03  81.06

7048 7096 | 76.01 76.10 | 78.74  78.51

AM-GCN (2020) 81.98 81.36 | 84.32 8432 | 8730 86.94

7526 74.63 | 80.06 79.36 | 82.10  81.81

SCRL (2021) 90.22  89.89 | 90.26 89.90 | 91.58 90.76

79.52  78.89 | 8423 84.03 | 84.54  84.51

GCA (2021) 80.51 81.28 | 84.89 84.04 | 86.34 86.19

6344 63.26 | 63.90 64.60 | 6443  64.64

SPGRL (2022) 90.70  90.12 | 92.10 91.34 | 9230 92.13

82.20 81.24 | 86.20 8593 | 87.17 8597

Cross-GCN (2023) | 90.13 8991 | 91.44 90.87 | 91.86 91.07

80.67 80.13 | 83.45 8294 | 84.04 84.01

DFI-GCN (2023) 90.47  90.07 | 91.02 9045 | 92.38 92.15

81.87 8127 | 82.12 81.87 | 8398 84.14

Info-GNN (2023) 89.94  89.79 | 90.37 90.18 | 9235 92.27

80.57 80.50 | 82.11 81.35 | 83.41  83.26

MFGCN (2023) 92.10  91.73 | 9240 92.72 | 93.00 93.08

81.20 81.37 | 84.90 8505 | 87.20 87.27

PF-GCN 91.60 91.32 | 94.00 93.81 | 93.84 93.64 | 83.00 8298 | 85.60 85.40 87.30 87.21
Dataset ACM CoraFull
L/C 20 40 60 20 40 60
LR 1.98% 3.97% 5.95% 2.31% 4.62% 6.93%
Metrics ACC Fl1 ACC F1 ACC Fl1 ACC Fl1 ACC F1 ACC Fl1
GCN (2017) 87.80 87.82 | 89.06 89.00 | 90.54 90.49 | 56.68 5248 | 60.60 5557 | 62.00 56.24
GAT (2018) 8736 87.44 | 88.60 88.55 | 90.40 90.39 | 58.44 5444 | 6298 58.30 | 64.38 59.61

AM-GCN (2020) 9040 9043 | 90.76  90.66 | 9142 91.36

5890 54.74 | 63.62 59.19 | 6536  61.32

Cross-GCN (2023) | 92.10 91.59 | 91.97 91.84 | 92.17 92.18

60.58 57.62 | 63.55 59.10 | 6593  61.55

DFI-GCN (2023) 9227 9248 | 9249 9211 | 9291 92.74

61.34 5717 | 64.61 58.64 | 6635 6197

Info-GNN (2023) 9240 9042 | 92.62 92.58 | 92.80 92.78

61.54 5746 | 64.12 5870 | 66.12  61.90

MFGCN (2023) 9270  92.64 | 93.00 92.99 | 93.11 93.00

62.10 57.66 | 6440 59.82 | 66.50  62.45

PF-GCN 9249 9230 | 9220 92.18 | 93.10 92.88

64.00 57.37 | 65.90 61.53 | 66.80  63.64

Note: The best results are in bold and the second-best results are in underline. L/C refers to the number of labeled nodes in per class.

LR refers to the proportion of labeled nodes.

through the feature graph. Furthermore, the feature view
preserves high-order relations. AM-GCN and MFGCN
demonstrate remarkable abilities to learn node embed-
dings by leveraging both graph topology and node

features, with the flexibility to handle various combi-
nations. However, a notable limitation of these meth-
ods lies in their neglect of the influence of feature
interaction. In contrast, PF-GCN introduces an innovative
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Fig. 4. Visualization of the embeddings on Citeseer dataset. (a) GCN.
(b) GAT. (c) AM-GCN. (d) PF-GCN.

cross-layer that aims to capture and propagate feature
interactions across a multichannel network. Compared
with SCRL, PF-GCN exhibits competitive performance,
primarily owing to its distinctive ability to assess feature
similarity among unlabeled and labeled nodes. This com-
prehensive consideration of diverse factors empowers PF-
GCN to achieve a superior level of performance.

4) Cross-GCN and DFI-GCN are both methods based on
the GCN model that enhance model performance by
capturing feature interactions. As shown in Table III,
Cross-GCN and DFI-GCN exhibit superior performance
compared with traditional GCN methods (GCN, GAT,
kNN-GCN, and AM-GCN). PF-GCN outperforms these
two methods in terms of performance. The main reason is
that the learnable weights effectively mine higher-order
feature interaction information. Info-GNN and MFGCN
improve model performance via the design of pseudola-
bels. Experimental results indicate that their performance
generally surpasses that of most semisupervised learning
methods. This is attributed to the additional information
provided by the generated pseudolabels. In particular, PF-
GCN achieves outstanding performance on the UAI2010,
Citeseer, and BlogCatalog datasets. This is mainly be-
cause the generated pseudolabels consider the class
feature information, which ensures higher generation
quality.

To provide a more intuitive demonstration of the perfor-
mance, we utilize t-distributed stochastic neighbor embedding
(t-NSE) [62] for visualizing the node classification outcomes on
the Citeseer dataset. The visualization results are presented in
Fig. 4, in which each dot corresponds to a node with the color
indicating the respective class label. To offer a comprehensive
model performance comparison, we select four different types
of models for this analysis: GCN, GAT, AM-GCN, and PF-
GCN. This selection encompasses a diverse range of models,
allowing for a meaningful comparison of their respective node
classification capabilities. The analysis of the visualization re-
sults yields the following conclusions.

The visualization result for GCN [Fig. 4(a)] is the least
satisfactory, as it exhibits a significant mixing of different
node types, lacking clear distinctions. GAT [Fig. 4(b)] show-
cases somewhat blurred boundaries among different node types,
leading to an unclear separation of classes. Although the vi-
sualization outcome of AM-GCN [Fig. 4(c)] displays some
improvement, certain nodes exhibit suboptimal clustering, in-
dicating room for enhancement. In striking contrast, our pro-
posed model [Fig. 4(d)] clearly outperforms the other methods,
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reaffirming the effectiveness of PF-GCN in achieving superior
node classification results.

C. Pseudolabels Experiment (RQ2)

To demonstrate the efficacy of the pseudolabels module
within PF-GCN, we integrate this module into two well-
established models: GCN and GAT. We train these models and
evaluate their performance on the Citeseer and BlogCatalog
datasets. To investigate the effects of pseudolabels with dif-
ferent percentages, we incorporate pseudolabels ranging from
10% to 50% of all nodes, with values set at 10%, 20%, 30%,
40%, and 50%. Table IV shows the experimental results of
node classification. According to these results, we can draw the
following conclusions:

1) The increase in the number of nodes assigned pseudola-
bels consistently leads to total accuracy improvements,
surpassing the baseline results. Generally speaking, as
the proportion of pseudolabels increases, the accuracy
of both GCN and GAT exhibits a positive trend. On the
Citeseer dataset, both GCN and GAT exhibit a continuous
upward trend. On the BlogCatalog dataset, GCN and GAT
initially experience a rise in accuracy and F1-score, fol-
lowed by a more stabilized trend. It is obvious that adding
different proportions of pseudolabels performs better than
the original traditional model.

2) GCN achieves an improvement of 12.12% and 11.79% on
the Citeseer dataset, 3.44% and 3.01% on the BlogCata-
log dataset in ACC and F1, respectively. Similarly, GAT
achieves an improvement of 7.89% and 7.72% on the
Citeseer dataset, 3.79% and 3.56% on the BlogCatalog
dataset in ACC and F1, respectively. The main reason is
that adding pseudolabels can provide the model with ad-
ditional information about the nodes, which is beneficial
to node classification task.

3) The results prove the effectiveness of generating pseu-
dolabels as a plug-and-play module. Furthermore, we as-
sess the accuracy of the generated pseudolabels, revealing
impressive results of 82.57% on the Citeseer dataset and
95.57% on the UAI2010 dataset, respectively. It achieves
an improvement of 23.67% and 83.44%, respectively.
This observation represents a significant improvement
compared with the previous method.

D. Ablation Study (RQ3)

We conduct an ablation study to evaluate the contribution of
different modules to the PF-GCN. To this end, we compare the
proposed PF-GCN with its three following variants on Blog-
Catalog, UAI2010, Citeseer, and Flickr datasets

1) PF-GCN_pl: removes the pseudolabels module.

2) PF-GCN_cf: removes the feature interaction module.

3) PF-GCN_pl_cf: removes the pseudolabels and the fea-

ture interaction modules.

The ablation results are shown in Fig. 5. We can find that
the proposed PF-GCN achieves the best performance com-
pared with the other three variants. This suggests that all the
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TABLE IV
RESULTS OF ADDING DIFFERENT PROPORTIONS PSEUDOLABELS IN GCN MODEL ON NODE CLASSIFICATION TASK, HIGHLIGHTING THE
BEST VALUE IN BOLD
Model Dataset Metric - +10% +20% +30% +40 % +50%
Citeseer ACC 633119 66.98 1.9 70.61 £ 1.5 72.64 £ 1.1 74.56 3.0 7545+ 1.5
GCN F1 61.09 1.6 64.18£1.5 67.55+2.2 69.69 £ 1.0 T71.724+3.2 72.88 +1.7
BlogCatalog ACC 67.72+£6.9 69.43+3.2 70.47 6.4 67.32+9.7 68.46+5.9 71.16 3.9
F1 66.76 £ 6.8 67.30+£4.2 68.90+7.1 69.10£5.8 69.62 +5.8 69.77 £ 3.8
Citeseer ACC 69.29 +£2.7 71.84+1.7 73.98 0.8 7450+ 1.5 76.03+ 1.4 77.18 0.9
GAT F1 66.35+£2.7 68.92+1.8 70.66 0.7 71.60£1.6 7292+ 1.4 74.07 +=1.3
BlogCatalog ACC 69.00 £ 1.6 71.20£3.8 71.824+54 71.97+£29 73.10 £ 3.2 7279 £3.2
F1 68.03 1.9 70.00 £ 3.8 70.59 £5.3 70.71 £1.9 72.01 £+ 3.6 71.59+£2.6
Note: ‘-’ indicates not adding pseudolabels. ‘+xx%’ represents the proportion of added pseudolabeled nodes to the total number of
nodes.
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Fig. 5. Ablation experimental results of PF-GCN and its variants. (a) BlogCatalog. (b) UAI2010. (c) Citeseer. (d) Flickr.
components of PF-GCN are essential for boosting performance. o =< =] - z -
PF-GCN_pl outperforms PF-GCN_pl_cf, which demonstrates = - - "/_./ 2
that the pseudolabels module plays a significant role in the & — £l 5 . ﬁ
task of node classification. In addition, the efficiency of the T Tl _at——s /"—’\ : ”
pseudolabels module is also demonstrated in Table IV. PF- .
GCN_cf achieves the second-best performance on the Blog- " ") "o "

Catalog, Citeseer, and Flickr datasets in terms of ACC, and F1
and on the UAI2010 dataset in terms of ACC. This proves that
feature interaction can be effectively represented in topology
space and feature space. PF-GCN_pl_cf obtains the lowest
effect on the two datasets, indicating the critical importance of
the previously mentioned modules in achieving superior perfor-
mance. The results demonstrate that the two modules of the pro-
posed PF-GCN are beneficial for improving the effectiveness of
classification.

E. Hyper-Parameter Sensitivity Analysis (RQ4)

Hyper-parameters have a significant impact on our proposed
PF-GCN. We test the sensitivity of three parameters (p, A, and
[) on BlogCatalog, Citeseer, Flickr, and UAI2010 datasets. All
experiments are conducted on the node classification task and
then evaluated by ACC and F1. The experimental results are
shown in Figs. 6, 7, and 8.

1) Parameter p: It refers to the proportion of pseudolabeled
nodes that are added to the labeled dataset. The context size
is tested from 10%, 30%, 50%, 70%, to 90% of all nodes

Fig. 6. Parameter sensitivity analysis of proportion p. (a) BlogCatalog.
(b) Citeseer. (c) UAI2010. (d) Flickr.
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Fig. 7. Parameter sensitivity analysis of A. (a) BlogCatalog. (b) Citeseer.
(c) UAI2010. (d) Flickr.

(Fig. 6). On the BlogCatalog dataset, as the parameter p in-
creases, the performance steadily improves and then stabilizes.
On the Citeseer, UAI2010, and Flickr datasets, the classification
performance first increases, followed by a subsequent decline.
These results show that adding pseudolabels helps the PF-
GCN capture a more comprehensive embedding by providing
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Fig. 8. Parameter sensitivity analysis of cross-layer [. (a) BlogCatalog.
(b) Citeseer. (c) UAI2010. (d) Flickr.

an extra supervised signal. However, an excessive number of
pseudolabels will introduce noise, which is detrimental to the
performance.

2) Parameter \: This hyper-parameter controls the balance
between the real and the pseudolabels set. In determining the
optimal value for A, we conduct a comprehensive evaluation
by varying A across the range from O to 1 with intervals of 0.2.
As depicted in Fig. 7, the accuracy initially rises, followed by
a subsequent decline on BlogCatalog, Citeseer, and UAI2010
datasets. This phenomenon can be attributed to the increased
inclusion of pseudolabels, introducing higher levels of noise
that ultimately interfere with the performance. With the increase
of the parameter A, there is a consistent improvement in the
classification performance observed on the Flickr dataset. Thus,
careful consideration of the value of A is crucial. The opti-
mal values of A\ are set at 0.2, 0.4, and 0.2 for the respective
scenarios.

3) Parameter [: It refers to the number of cross-layers uti-
lized to generate feature interaction. We conduct a comprehen-
sive experiment to evaluate the influence by varying [ from 1
to 5 with intervals of 1. The results are shown in Fig. 8. It is
observed that the optimal values of [ are set at 0.3, 0.3, 0.4,
and 0.1 on BlogCatalog, Citeseer, UAI2010, and Flickr datasets.
The accuracy initially rises, followed by a subsequent decline
on the BlogCatalog, Citeseer, and UAI2010 datasets. With the
increase of the parameter [, there is a consistent decrease in the
classification performance observed on the Flickr dataset. Thus,
it is important to carefully design the value of [. For density
and high feature dimensions datasets like Flickr, cross-layer =
1 is sufficient to mine feature interaction. For sparse and lower
feature dimensions datasets, such as Citeseer and UAI2010,
multiple layers of feature interaction yield better performance.

VI. CONCLUSION AND FUTURE WORKS

In this article, we propose PF-GCN, a semisupervised at-
tributed network representation learning method. The key fo-
cus of PF-GCN lies in its ability to predict pseudolabels for
unlabeled nodes, effectively addressing the problem of sparse
labels in real-world scenarios. Moreover, PF-GCN enables
the propagation of feature interaction across both the topol-
ogy and feature spaces, enhancing the learning for node em-
beddings. Experimental results demonstrate the superiority of
the proposed PF-GCN against several competitors. Experi-
mental results demonstrate the importance of incorporating
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pseudolabels and feature interaction into models. One further
exploration of this study is to explore our proposed model to
have a deeper structure and higher-order features. In the future,
we plan to extend the pseudolabels module to heterogeneous
and dynamic graph representation learning. Moreover, we in-
tend to explore different methods of generating higher-order
feature interaction.
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