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Modularized Graph Convolutional Network
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Dear Editor,

This letter presents a novel graph neural network, namely Mod-
ularized graph convolution network (MGCN), to address the under-
explored issue in graph convolution networks (GCNs), wherein the
weights for neighbor aggregation are fixed, leading to the limited
capability of capturing diverse relationships among nodes for rep-
resentation learning. Conventional GCNs always learn node repre-
sentations in the graph according to the weights computed from the
graph Laplacian, consequently overlooking the similarity and group
cohesiveness of node features. Motivated by this observation, the
proposed MGCN is designed to learn expressive node representations
by considering the following two aspects. First, we propose a novel
Laplacian operator to generate weights for feature aggregation that
can adaptively capture the feature similarity among nodes. Second,
based on Modularity optimization [1], we design a novel auxiliary
loss that enables the weights for aggregating features to capture the
cluster structure of the graph. The proposed MGCN, therefore, can
learn expressive representations for each node in the graph by lever-
aging the modularized messages, i.e., predominately aggregating the
features of neighbors in the same cluster. The proposed MGCN has
been tested with several well-established datasets and compared with
strong GCN-based models. The experimental results demonstrate that
MGCN is more effective in various downstream tasks.

Recently, graph neural networks (GNNs) have made significant
strides in graph deep learning, demonstrating robust tools for tackling
complex tasks in graph-structured data [2], [3]. As one of the major
GNN workhorses, graph convolution networks (GCNs) have been
widely used as the essential building blocks of learning represen-
tations for various downstream tasks [4], [5]. Typically, a graph
convolution network learns representations for each node by aggre-
gating neighboring features based on the weights that the Laplacian
of the adjacency matrix generates. Such aggregation strategy has
been widely used in GCN-based models, such as Graphsage [6],
Deep Graph Infomax [7], and SGC [8]. Though effective, weights
for neighbor aggregation in these GCN-based approaches are always
fixed, lacking the comprehensive consideration of heterogeneous
relations among nodes in the graph, which consequently hampers
existing GCN-based models to learn accurate representations for the
downstream task. In contrast to conventional GCNs, the proposed
MGCN adopts a novel convolution operator to seamlessly generate
weights for feature aggregation that capture group-wise similarity
of node features. The proposed MGCN can holistically capture the
cluster structure hidden in the graph, thus significantly enhancing the
predictive performances in various downstream tasks (See Fig. 1).
Related work: To date, graph neural networks (GNNs) have garnered
extensive interest. Most of them lie in the domain of message-passing
GNNs, which accomplish the learning of node representations by
performing a weighted sum of features from neighbors. For example,
GCN [9] learns representations for each node in the graph based
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Fig. 1. Comparisons between GCNs (left) and MGCN (right). MGCN
aggregates neighbors within the same cluster using adaptive, similarity-based
weights, while GCNs sum all connected neighbors with fixed weights.

on the fixed weights derived from the Laplacian of the adjacency
matrix. GraphSAGE [6] is proposed to learn representations in the
graph by aggregating the features from randomly sampled neighbors.
APPNP [10] is another GCN-based model that further enhances
message-passing by incorporating the personalized PageRank [11].
SGC [8] further simplifies the multi-step PageRank as a higher-
order transition matrix to speed up the process of representation
learning. UGNN [12] leverages an additional denoising loss to
discriminate the representations learned by GCNs. Different from
these mentioned GCN-based approaches, graph attention networks
(GATs) [13] introduce the attention mechanisms for the aggregation
of neighbor features, enabling the weights among the neighbors to be
adaptive according to the node features. CATs [14] and DCAT [15]
improve the performance of attention-based GNNs by introducing
structure-aware attention mechanisms for representation learning.

Modularity optimization [1] aims to maximize the probability
difference between edges falling within the same cluster and edges
randomly distributed in the graph, which is well-known for tackling
unsupervised graph learning tasks, e.g., graph clustering [16]. Having
investigated prevalent GNNs, we observe that either GCN-based
approaches, learning representations by aggregating neighbor features
according to the fixed weights, or GAT-based ones, learning repre-
sentations according to adaptive weights (attention coefficients), do
not explicitly capture cluster information during the learning process.
Motivated by these observations, in this letter, we hypothesize that
leveraging clustering information to generate adaptive weights for
aggregating neighbor features can enhance GCNs in semi-supervised
learning tasks. To this end, we present MGCN, which utilizes Mod-
ularity optimization to construct a new auxiliary loss to seamlessly
acquire the group cohesiveness for generating weights for aggregating
neighbor features, thus learning expressive representations.
Notation: This letter focuses on learning node representations in
the undirected graph. An undirected graph G = (V,E), with V
containing containing n nodes in C classes, and E containing m
edges, is represented as an adjacency matrix A ∈ {0, 1}n×n, wherein
aij ∈ A describes the relationship between nodes i and j. aij = 1
if eij ∈ E, and aij = 0 otherwise. The feature matrix H ∈ Rn×f

contains f -dimensional row feature vectors hi for each node i.
Problem statement: Homophily theory has shown that nodes with
similar features often form closer connections [17], e.g., social
players connected by shared interests, thus emerging some cohesive
properties, e.g., cluster structures in the graph that can be identified
via optimizing Modularity. Although significant, the benefit of these
properties for representation learning with GCNs has yet to be
explored. To address this, we propose MGCN. Specifically, for each
layer of MGCN, we derive a new Laplacian operator, wherein the
adaptive weights for neighbor aggregation are computed based on
the feature correlations between neighbors. To enable previously
computed weights to capture the clustering information, we leverage
Modularity to derive an auxiliary loss for each MGCN layer, where
whether a pair of nodes belong to the same cluster is determined by
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their feature correlation. By optimizing the auxiliary loss regarding
the node features, MGCN can learn the hidden cluster structure
(i.e., regularizing the features of nodes in the same cluster to be
more correlated), thus guiding representation learning with strongly
cohesive neighbors. We will present the details of MGCN next.

For a layer in MGCN, let δ(hi,hj) be a function computing
the feature similarity between node i and j. Then, the weights for
aggregating features from neighbors are defined as follows:

δ(hi,hj) =
1

1 + exp {−(hi · (α⊙ hj)T )}
,

âij =
aij · δ(hi,hj)√∑

k∈Ni
δ(hi,hk)

∑
k∈Nj

δ(hj ,hk)
, âij ∈ Â,

(1)

where α is a vector of learnable parameters, ⊙ denotes element-
wise multiplication, and Ni represents the neighbor set of node i.
Unlike GCNs that solely use adjacency matrix to derive the fixed
weights among neighbors, Eq. (1) introduces the feature similarity to
dynamically re-weight the edges in the graph, thus combining node
features and graph structure. Neighbors with similar features and local
structures might play more important roles in the subsequent learning
of node representations. With Â, the proposed MGCN can generate
representations for each node as follows:

H = HinW,hout
i = σ(

∑
j∈Ni

âijhj), (2)

where σ(·) represents the activation function, W is a matrix for
feature projection, and Hin is the input feature matrix of some layer
in MGCN. From Eq. (1), we know that δ(hi,hj) can only capture the
feature similarity of neighbors. To endow the proposed MGCN with
the capability of acquiring the group properties carried by the graph,
we propose an auxiliary clustering loss for each layer of MGCN.
Specifically, the proposed auxiliary loss enables MGCN to optimize
the Modularity [1], [16] pertaining to node features at each layer.
Following the definition of Modularity, we consider the inner product
of features of two nodes, i.e., hih

T
j , to represent whether they belong

to the same cluster. Thus, we have the following:

maxQ =
1

2m

∑
i,j

(
aij −

didj
2m

)
hih

T
j , s.t. dihih

T
j = c,∀i, (3)

where di is the degree of node i, m is the number of edges, and
c is some bounded constant. Optimizing Modularity (Q) regarding
hi (Eq. (3)) enables MGCN to generate higher weights for nodes
in the same cluster (Eq. (1)) and learn representations by mainly
aggregating node features in the same cluster. However, as there
are n2 elements involved in the backpropagation, directly optimizing
Eq. (3) is computationally inefficient. Here, we derive an equivalent
and efficient form of Eq. (3). Let 1−βi be the Lagrangian multiplier
of Eq. (3), and we have the following Lagrangian function:

L =
∑
i,j

bijhih
T
j −

∑
i

(1− βi)(dihih
T
i − c), (4)

where bij = aij − didj
2m

, and we omit 1
2m

that does not affect
the solution. Based on KKT conditions, we derive that the partial
derivative regarding hi equals zero:

∂L

∂hi
=

∑
j

bijhj − (1− βi)dihi = 0. (5)

We can obtain the optimal hi by solving Eq. (5). By summing over
all his, Eq. (5) can be simplified as the following:∑

i,j

bijhj =
∑
i

(1− βi)dihi. (6)

TABLE I
CHARACTERISTICS OF TEST DATASETS.

Cora Citeseer Pubmed CoauthorCS Flickr BBCsport
n/m 2708/5429 3327/4732 19717/44338 18333/327576 89250/899756 737/17242
f /C 1433/7 3703/6 500/3 6805/15 500/7 966/5
Q 0.807 0.886 0.727 0.665 0.465 0.596

Note that
∑

i,j bijhj =
∑

i,j(aij − didj
2m

)hj . Thus, we have:∑
i,j

bijhj =
∑
j

hj(
∑
i

aij)−
∑
j

djhj(
∑
i

di
2m

). (7)

Since
∑

i aij = dj and
∑

i
di
2m

= 1, we have
∑

i(1− βi)dihi = 0.
The solution to this equation is dihi = 0 as Lagrangian multipliers
(βis) can not be all zeros. Thus, solving Eq. (5) is equivalent to
solving the following simplified equation:∑

j

aijhj = (1− βi)dihi (8)

Let xi =
√
dihi, we have:∑

j

aij
xj√
dj

= (1− βi)
√
dixi ⇒ Lxi = βixi, ∀i, (9)

where L is the normalized Laplacian matrix of A. Eq. (9) is an eigen-
value decomposition problem. Its solution is given by identifying the
first k smallest eigenvectors of L. Alternatively, Eq. (9) can be solved
in the following form:

min tr(XTLX), subject to X = DH,XTX = I, (10)

where D is a diagonal matrix with Dii =
√
di and I is the identity

matrix. Here, we do not force each node to belong to only one cluster.
Thus, the Modularity optimization problem (Eq. (3)) at l layer can
finally be simplified to the following auxiliary clustering loss:

Ll
Q =

1

n
tr(XTLX), subject to X = DH, (11)

where l represents layer l in MGCN. Based on the derivations above,
we show that Modularity optimization (Eq. (3)) is approximately
equivalent to efficiently solve Eq. (9), where L is very sparse. Now,
we are able to formulate the loss function of the proposed MGCN:

L = λ
∑
l

Ll
Q + LT , (12)

where λ is a hyperparameter controlling the significance of the
clustering loss, and LT is the task-specific loss. In this paper, LT

is the binary cross-entropy loss that is widely adopted by GNNs for
semi-supervised learning. Previous studies have shown considering
adaptive graph Laplacian [18] or implicit group structure [19] can
enhance the learning performance of GCNs. With Eq. (12), MGCN
can adaptively learn δ(hi,hj) that can optimize the Modularity, thus
constructing the Laplacian operator to explicitly capture the clustering
information for learning expressive representations.
Datasets, baselines, and experimental settings: In this letter, we
mainly consider semi-supervised node classification and clustering
tasks to assess the efficacy of the proposed MGCN. We select six
widely recognized graph datasets, including Cora, Citeseer, Pubmed,
CoauthorCS, BBCsport, and Flickr (Table I). For classification tasks
in Cora, Citeseer, and Pubmed datasets, we adopt the training,
validation, and test split established in previous works [9]. For
CoauthorCS, Flickr, and BBCsport datasets, the random split of
training-validation-testing sets is conducted with the ratio of 4:3:3
(CoauthorCS) and 6:2:2 (Flickr and BBCsport). As for clustering
tasks on all test datasets, we adopt the same split of training and
validation as classification tasks and use all nodes for the test.

We select eight strong GCN-based approaches as baselines, in-
cluding GCN [9], GCNII [20], DGI [7], GraphSage [6], JKNet
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TABLE II
ACCURACY (%) AND F1-SCORE (%) ON NODE CLASSIFICATION TASKS.

Method Cora Citeseer Pubmed CoauthorCS BBCsport Flickr
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

DGI 80.76 ± 0.5 79.32 ± 0.6 69.26 ± 0.7 59.52 ± 0.7 74.56 ± 0.7 70.44 ± 1.2 88.30 ± 0.3 80.72 ± 0.4 91.72 ± 0.6 92.22 ± 1.2 51.17 ± 0.3 20.20 ± 0.2
GCN 80.56 ± 0.8 78.54 ± 0.8 71.20 ± 0.8 62.60 ± 0.9 79.78 ± 0.3 77.58 ± 0.4 88.51 ± 0.2 84.89 ± 1.0 93.98 ± 1.2 94.20 ± 1.2 50.71 ± 1.4 18.35 ± 1.8

GCNII 82.45 ± 0.6 81.57 ± 0.2 71.43 ± 0.8 64.60 ± 0.7 76.80 ± 0.5 74.25 ± 1.3 87.98 ± 0.3 69.20 ± 0.7 94.92 ± 0.8 95.55 ± 0.4 46.90 ± 0.4 14.50 ± 0.4
GraphSage 81.94 ± 0.4 81.94 ± 0.4 71.70 ± 0.5 64.60 ± 0.6 80.96 ± 0.4 79.53 ± 0.5 87.85 ± 0.3 82.64 ± 1.0 96.11 ± 1.3 95.94 ± 1.0 43.50 ± 1.9 8.87 ± 0.9

APPNP 82.56 ± 0.5 82.56 ± 0.5 71.36 ± 1.0 64.55 ± 1.3 81.04 ± 0.4 79.44 ± 0.5 89.47 ± 1.5 86.12 ± 1.0 96.49 ± 1.4 96.65 ± 1.7 48.01 ± 2.1 13.37 ± 3.7
SGC 79.95 ± 1.4 78.84 ± 1.2 69.38 ± 2.1 62.68 ± 2.1 80.70 ± 2.1 78.88 ± 3.2 83.43 ± 2.8 80.13 ± 1.5 96.62 ± 0.9 96.69 ± 0.9 48.50 ± 0.6 19.87 ± 1.0
JKnet 78.52 ± 1.0 75.36 ± 1.2 66.76 ± 1.0 61.47 ± 1.0 78.90 ± 0.5 75.98 ± 1.5 86.38 ± 2.4 79.28 ± 1.1 95.81 ± 1.3 95.32 ± 1.2 48.03 ± 0.1 14.10 ± 0.1

UGNN 82.64 ± 0.6 82.22 ± 0.8 71.06 ± 0.6 62.37 ± 1.3 82.11 ± 0.6 81.59 ± 0.5 89.61 ± 0.1 74.33 ± 0.4 96.60 ± 0.7 97.00 ± 0.7 50.89 ± 2.3 19.74 ± 4.7
MGCN 83.54 ± 0.2 82.97 ± 0.2 72.97 ± 0.4 66.93 ± 0.3 84.42 ± 0.1 82.25 ± 0.3 93.63 ± 0.1 91.94 ± 0.2 97.84 ± 0.3 98.60 ± 0.3 52.15 ± 1.4 24.85 ± 3.0

TABLE III
ACCURACY (%) AND F1-SCORE (%) ON NODE CLUSTERING TASKS.

Method Cora Citeseer Pubmed CoauthorCS BBCsport Flickr
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

DGI 80.97 ± 0.2 79.90 ± 0.4 68.88 ± 0.3 65.45 ± 0.2 78.41 ± 0.8 78.36 ± 0.7 86.93 ± 0.3 75.01 ± 1.2 92.30 ± 0.3 92.79 ± 0.2 51.76 ± 0.5 20.36 ± 0.8
GCN 74.70 ± 0.7 69.76 ± 1.4 65.04 ± 1.3 58.96 ± 1.3 74.38 ± 2.2 73.83 ± 2.2 93.90 ± 0.2 92.04 ± 0.3 97.09 ± 0.2 98.17 ± 0.2 50.61 ± 0.5 16.95 ± 0.2

GCNII 75.50 ± 0.4 68.10 ± 0.7 69.23 ± 0.3 61.02 ± 0.3 77.56 ± 0.7 76.60 ± 1.1 87.70 ± 0.3 70.02 ± 0.2 97.55 ± 0.4 97.88 ± 0.2 47.08 ± 0.7 15.30 ± 0.5
GraphSage 79.12 ± 1.7 78.19 ± 1.7 67.29 ± 1.0 65.01 ± 0.6 75.96 ± 0.6 76.02 ± 0.5 89.02 ± 0.2 73.33 ± 1.3 95.93 ± 0.8 96.10 ± 0.7 47.77 ± 1.6 8.49 ± 1.1

APPNP 77.94 ± 2.7 77.53 ± 2.2 63.48 ± 1.9 61.70 ± 1.6 74.35 ± 3.2 74.31 ± 3.0 93.52 ± 0.2 91.32 ± 0.4 98.10 ± 0.6 98.03 ± 0.5 49.48 ± 0.2 18.95 ± 0.2
SGC 80.24 ± 2.1 78.27 ± 3.3 68.04 ± 0.9 62.22 ± 0.8 75.26 ± 1.6 75.32 ± 1.2 92.47 ± 0.1 89.61 ± 0.2 95.79 ± 0.1 95.96 ± 0.1 43.62 ± 0.3 16.67 ± 1.3
JKnet 77.05 ± 1.1 77.37 ± 0.9 64.47 ± 0.9 58.96 ± 2.7 76.40 ± 0.5 75.98 ± 0.7 94.54 ± 0.2 91.50 ± 0.1 97.31 ± 1.3 98.07 ± 0.7 46.78 ± 0.2 14.49 ± 0.7

UGNN 81.75 ± 0.5 80.60 ± 1.4 69.16 ± 1.2 64.13 ± 0.1 78.07 ± 1.0 77.48 ± 0.9 94.43 ± 0.1 93.07 ± 0.2 97.74 ± 0.5 97.79 ± 0.5 52.96 ± 1.6 19.83 ± 2.0
MGCN 82.95 ± 0.2 82.78 ± 0.3 70.94 ± 0.1 65.56 ± 0.2 82.93 ± 0.1 82.34 ± 0.1 94.74 ± 0.2 92.58 ± 1.7 98.64 ± 0.1 98.67 ± 0.1 54.04 ± 3.7 23.95 ± 2.2

[11], APPNP [10], SGC [8], and UGNN [12]. We use the source
codes released by the authors with their recommended settings in the
experiment. For fair comparisons, we configure the proposed MGCN
according to other GCN baselines. Specifically, MGCN leverages
a two-layer network structure. The dimension of the hidden layer,
dropout ratio, and λ are set to 32, 0.6, and 1.0. We use the Adam
optimizer to train MGCN, and the learning rate and weight decay
are set to 0.01 and 0.0005. All experiments are conducted on a
workstation with NVIDIA GeForce RTX2080Ti 11GB. All GNNs are
run ten times on each test dataset to obtain the average performance.
Results and analysis: Semi-supervised node classification and clus-
tering are closely related to several important downstream tasks, such
as document classification, social community detection, and collabo-
ration analysis. In this letter, we let all GNNs conduct these two learn-
ing tasks on the previously mentioned datasets. The performance of
each GNN is evaluated by two different metrics, i.e., Accuracy and
F1 − score. The comparative performances have been summarized
in Tables II and III, wherein the best and second-best performances
are highlighted in bold and underlined. We observe from both tables
that MGCN significantly outperforms all the baselines built upon
GCN, except for the clustering task on CoauthorCS evaluated by
F1 − score, where MGCN obtains the second-best performance.
For example, the performance gains of MGCN on CoauthorCS are
%4.49 (Acc) and %6.76 (F1−score) when compared to the second-
best baseline in classification tasks. On the Flickr dataset, MGCN is
better than the second-best baseline (DGI) by %23.02 and %17.63
when classification and clustering performances are evaluated by
F1− score. The remarkable results indicate the proposed auxiliary
clustering loss leads to better performances in those graphs with high
Modularity (see Table I). By regularizing the neighbor aggregation
with the proposed auxiliary clustering loss, MGCN can mainly
consider neighbors within the same clusters for generating output
representations, thus exhibiting significant performance improvement
compared to other GCN-based approaches.

To reveal how λ influences the performance of MGCN, we
conduct sensitivity tests on the datasets with fixed data splits,
including Cora, Citeseer, and Pubmed. Specifically, λ is set
to {0.0001, 0.001, 0.01, 0.1, 0.5, 1} when MGCN conducts semi-
supervised classification tasks. The performances evaluated by Acc
and F1 − score have been plotted in Fig. 2. As the figure shows,
MGCN performs better as λ becomes larger within the interval (0, 1].
In general, λ can be set to a higher value (e.g., 1.0 in our experiments)
if the Modularity of the graph is high and vice versa.
Conclusion: This letter has presented a novel graph neural network,
namely Modularized graph convolution network (MGCN). In contrast
to existing GCNs, MGCN adopts a novel strategy to capture the
structure-induced feature similarity among neighbors, which is then
optimized by a clustering loss to acquire the group-level properties in
the graph. With the convolution weights derived from the previously
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Fig. 2. Sensitivity test on λ.

mentioned similarity, the proposed MGCN can adaptively aggregate
the features of neighbors within the same clusters to generate
node representations. Empirical studies conducted on several real
graph datasets have demonstrated the superiority of MGCN in semi-
supervised learning tasks against strong GCN-based approaches. In
the future, we will further improve the proposed MGCN by designing
novel loss functions to enhance its generalizability and developing
new network architectures to adapt MGCN to diverse learning tasks.
Besides, we will concentrate on designing new strategies that can
better handle high-dimensional features carried by the graph data.
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