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Learning Graph Representations with Maximal
Cliques

Soheila Molaei*, Nima Ghanbari Bousejin*, Hadi Zare, Mahdi Jalili, Senior Member, IEEE, Shirui Pan

Abstract—Non-Euclidean property of graph structures has
faced interesting challenges when deep learning methods are
applied. Graph convolutional networks can be regarded as one
of the successful approaches to classification tasks on graph data,
although the structure of this approach limits its performance. In
this work, a novel representation learning approach is introduced
based on spectral convolutions on graph-structured data in a
semi-supervised learning setting. Our proposed method, COOL
(COnvOlving cLiques), is constructed as a neighborhood aggrega-
tion approach for learning node representations using established
graph convolutional network architectures. This approach relies
on aggregating local information by finding maximal cliques.
Unlike the existing graph neural networks which follow a
traditional neighborhood averaging scheme, COOL allows for an
aggregation of densely connected neighboring nodes of potentially
differing locality. This leads to substantial improvements on
multiple transductive node classification tasks.

Index Terms—Deep learning, Graph representation learning,
Graph convolutional networks, Graph neural networks, Network
embedding

I. INTRODUCTION

MAny interesting phenomena such as social, biological,1

financial and brain connectomes involve data that can2

be readily represented in the graph-based structures with3

acquiring dependencies between the elements under the study4

[1]. One of the main challenges to graph-structured data is the5

extraction of structural graph information to embed in a ma-6

chine learning models named as representation learning. The7

primary aim is to optimize the embedding process to preserve8

the original graph structure in the learned space [2]. Motivated9

by the success of Deep Learning (DL), several attempts have10

been made to apply DL as a mature learning technology on11

graph-structured data from social, biological, and financial12

domains. Graph Neural Networks (GNNs) have emerged as13

a promising approach for representation learning on relational14

data [3]–[6]. They were introduced as a generalization of the15

convolutional operator from regular grids to graph-structured16

data [7]. GNNs have shown remarkable success for relational17

reasoning over graph-structured representations [8], [9].18

Representation learning on graphs typically requires aggre-19

gation of useful neighborhood information to succeed. Better20
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representation learning provides more generalization power on 21

graph-structured inputs. To learn meaningful representations, 22

semi-supervised learning is one of the most promising methods 23

[10]. Depending on the availability of the label information 24

and the aim of the underlying task, there are supervised [11], 25

[12], semi-supervised [13] and unsupervised [14] approaches 26

[15]. Graph-level classification is comprised of high-level node 27

representation in convolutional layers, graph pooling layers 28

to perform downsampling and readout layers to provide the 29

final graph representation for the aim of label prediction on 30

a graph structure [16], [17]. Unsupervised learning of graph 31

embedding is commonly performed by exploiting the edge- 32

level structures via the autoencoder framework [18]. 33

Semi-supervised Graph Neural Network (GNN) approaches 34

involves constructing an end-to-end procedure by applying a 35

bunch of graph convolutional layers aligned with a softmax 36

layer. Due to the challenges of labeling large datasets, most 37

real networks consist of only limited labeled nodes while 38

others mostly being unlabeled. Therefore, semi-supervised 39

learning is categorized among the most practical methods to 40

deal with real networks [19]. Several approaches have been 41

proposed for semi-supervised representation learning with 42

graph-structured data. Examples include GCN [19], Planetoid 43

[20], Chebyshev [21] and APPNP [22]. These approaches 44

rely on message passing-based objectives that over-emphasize 45

proximity information at the expense of limiting the represen- 46

tational capacity of the model [23]. Since the neighborhood 47

is a local concept defined by some notion of proximity in the 48

network, approaches that encode nodes using a generalized 49

notion of their neighborhood, enforce an inductive bias that 50

neighboring nodes have similar representations. 51

In this paper, we propose an alternative unsupervised graph 52

learning approach that is based upon mutual information. Our 53

approach relies on aggregating neighborhood representations 54

from the potentially differing locality. The idea is to compute 55

the hidden representations of each node in the graph by 56

attending over its highly-connected neighbors. Our approach 57

allows focusing on the most relevant parts of the input, and 58

can thus be a strong predictor for node classification tasks. We 59

demonstrate that the representation learned by COOL is com- 60

petitive on six standard benchmark datasets and outperforms 61

state of the art baselines in our experiments on both clean and 62

noisy data. Contributions of our study are as follows: 63

• We propose COOL, a new neighborhood aggregation 64

method for learning node representations. 65

• We propose a novel clique-based edge-weight computa- 66

tion that is general and architecturally simple. 67

• The proposed approach learns meaningful representations 68
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of graph structures by obtaining maximal cliques from69

neighbors at various distances.70

• We establish two scenarios to showcase the strong de-71

noising capabilities of our model in a range of node72

classification tasks.73

Our paper shows significant leaps in performance compared74

to previous methods in a range of node classification tasks.75

II. RELATED WORKS76

Of particular interest to this work are methods that employ77

neighborhood aggregation, graph convolutional network and78

node representation learning.79

Neighborhood Aggregation. Some works have been con-80

sidered neighborhood aggregation for representation learning81

on graphs, including [24], [25]. A flexible approach in [24]82

was proposed by leveraging different neighborhood ranges for83

each node to enable better structure-aware representation. In84

[25], a new embedding for a node was considered by attending85

to all previous embeddings of its neighbors. GAT [1] leveraged86

masked self-attentional layers to address the shortcomings87

of prior methods using graph convolutions. COOL combines88

maximal cliques across different neighborhood branches. Our89

integrated approach learns node representations in an efficient90

way to contrast the features of immediate neighbors from those91

further away.92

Graph Convolutional Network. Motivated by the success93

of Convolutional Neural Network (CNN) [26], Spectral Graph94

Convolutional Network [27] defined the convolution operation95

in the Fourier domain by computing the eigendecomposition96

of the graph Laplacian, resulting in potentially intense com-97

putations and non-spatially localized filters. Chebyshev [21]98

reduces computation complexity by approximating the filters99

by means of a Chebyshev expansion of the graph Laplacian.100

GCN [19] simplified the Chebyshev method by restricting the101

filters to operate in a one-hop neighborhood around each node.102

SGC [28] simplified GCN by erasing all the nonlinearities and103

collapsing the learning parameters into a single matrix. DGI104

[29] relies on maximizing mutual information between a high-105

level global representation and local parts of the input in an106

unsupervised manner.107

Node Representation Learning. The goal of node rep-108

resentation learning is to learn distributed representations of109

nodes in graphs so that nodes with similar local connectivity110

tend to have similar representations [30]. Some representative111

methods include DeepWalk [31], LINE [32], node2vec [33]112

and GraphSAGE [34]. Despite their effectiveness in a variety113

of applications, these methods rely on random walk-based114

objectives. It is not that much clear whether they provide any115

useful signal, as these encoders already enforce an inductive116

bias that neighboring nodes have similar representations [29].117

Here, we focus on graph convolutional networks which gen-118

erate node representations by repeated aggregation over local119

node neighborhoods.120

Message Passing. Some works extended graph convolu-121

tional networks to send and aggregate information through122

higher-order paths [19]. APPNP [22] proposed sampling nodes123

in the lower layers conditioned on their top layer. AS-GCN124

[35] developed a framework to accelerate the training of GCN 125

through developing a sampling method by constructing the 126

network layer by layer. 127

III. PRELIMINARIES 128

Definition 1. Given a graph G = (V,E) with a collection 129

of two finite sets of V nodes and E edges, a clique is a subset 130

of nodes such that each node in the set is adjacent to all other 131

nodes in the set. In other words, a subset C ∈ V is a clique 132

if and only if (v, v′) ∈ E for all nodes v and v′ ∈ C. 133

Cliques often unveil the tangible properties of the graph. 134

Assuming that nodes in the graph represent people and edges 135

friendship relationships, then a clique is a set of more than two 136

people if they are all mutual friends of one another [36]. Given 137

the notion of cliques, one can define maximal and maximum 138

cliques as follows: 139

Definition 2. A maximal clique in a graph is a clique 140

that cannot be extended by including one more adjacent node 141

without compromising the connectivity property of the clique. 142

In other words, a maximal clique is not a subset of a larger 143

clique. Similarly, the maximum clique is the maximal clique 144

with the highest number of nodes. 145

While cliques capture local representations of the graph, the 146

maximum clique represents the global information content of 147

the entire graph. 148

IV. PROPOSED METHOD 149

Motivation. Our aim is to perform node classification of 150

graph-structured data by introducing a clique-based architec- 151

ture. The idea is to specify different weights to different nodes 152

in a neighborhood in which nodes are able to attend over 153

their neighborhood’s features through edge-weight strategy. 154

The proposed architecture is efficient since it is parallelizable 155

across node-neighbor pairs and it can be applied to graph 156

nodes having different degrees by specifying arbitrary weights 157

to the neighbors [1]. We validate the proposed approach by 158

achieving state-of-the-art results that highlight the potential of 159

clique-based models when dealing with arbitrarily structured 160

graphs. 161

Notation. We use standard graph representations in semi- 162

supervised node classification tasks. Graph G with N nodes 163

is represented as a pair (X,A), where X ∈ RN×F denotes 164

the node feature matrix with F features per node, and A ∈ 165

RN×N is the adjacency matrix. The objective is to classify 166

each node into one of the target classes. Furthermore, our 167

method assumes unweighted and directed graphs, i.e. Aij = 1 168

if there is an edge from i to j and Aij = 0 otherwise. 169

COOL. Our approach for learning meaningful representa- 170

tions is to obtain maximal cliques from neighbors at various 171

distances. We employ an attention function, T : RN×N → 172

RN×N , to find all maximal cliques from the original graph 173

using Bron-Kerbosch algorithm [37] with modifications to 174

improve performance on large real-world graphs [38]. The 175

algorithm has three disjoint sets of nodes R, P , and X , where 176

R is a clique being constructed, P is a set of candidates to 177

add to clique R, and nodes in X must be excluded from the 178

clique. The algorithm chooses a candidate node v in P to 179
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add to the clique R and v is moved to X when the recursive180

call returns. When P and X are empty, R is returned as a181

maximal clique. After finding maximal cliques, we construct182

a weighted adjacency matrix by sampling one-hop neighboring183

nodes such that A′ij = c represents nodes i and j are in184

a (c + 1)-clique as shown in Figure 1. In extremely sparse185

settings, we find the two-hop neighboring nodes in addition to186

the one-hop neighborhood.187

Our adjacency matrix, Ã = α×A+β×A′, is a combination188

of unweighted and weighted adjacency matrices balanced189

by hyperparameters {α, β} ∈ {0, 1}. To incorporate high-190

order proximities, we normalize this adjacency matrix using191

Algorithm 1 which takes as an input the adjacency matrix, Ã,192

the order, T > 1, which determines the order of proximities,193

and the threshold, ν > 0, that helps to remove links with small194

probabilities to enhance sparsity. Our proposed method with195

this normalization procedure denoted as COOL-norm.196

To generate high-level node representations, ~hi, we pass197

node features, X , and the normalized adjacency matrix, Ã,198

through the encoder function, E : RN×N ×RN×F → RN×F′ ,199

such that E(X, Ã) = { ~h1, ~h2, . . . , ~hN} represents high-level200

representations ~hi ∈ RF ′ for each node i. Our E function is201

a two-layer Graph Convolutional Network (GCN) model [19]202

with the following layer-wise propagation rule:203

H(l+1) = σ
(
D̂
−1
2 ÂD̂

−1
2 H(l)W (l)

)
(1)

where Â = Ã + IN is the normalized adjacency matrix with204

inserted self-loops by an N × N identity matrix, IN , and205

D̂ is its corresponding degree matrix; i.e. D̂ii =
∑

j Âij .206

For the nonlinearity, σ, we have applied ReLU function.207

H(l) ∈ RN×F is the matrix of activations in the l-th layer208

with H(0) = X and W (l) ∈ RF×F ′ is a layer-wise trainable209

linear transformation applied to every node, with F ′ = 16210

features being computed.211

The standard following cross-entropy loss function is used212

as our objective criterion over all labeled examples:213

L = −
∑
l∈YL

F∑
f=1

ylf log ŷlf (2)

where YL is the set of node indices that have labels, F is214

node features and y and ŷ are true labels and our predictions,215

respectively. A summary of the main steps of COOL is as216

follows:217

1) Find all maximal cliques from the original graph by218

passing it through the attention function: A′ = T (A).219

2) Normalize the adjacency matrix, Ã = α×A+ β ×A′,220

by combining the unweighted and weighted adjacency221

matrices balanced by hyperparameters, {α, β} ∈ {0, 1}.222

3) Obtain high-level representations, ~hi, for the maximal223

cliques of the input graph by passing it through the224

encoder function: E(X, Ã) = { ~h1, ~h2, . . . , ~hN}.225

4) Update parameters of E by applying gradient descent to226

minimize Equation (2).227

COOL-DGI. The existing methods often use semi-228

supervised learning with graph convolutional networks [19],229

which is often not possible as most graph data in the world230

Algorithm 1: Normalize adjacency matrix to capture
high-order proximities. 1 is the vector of all ones,
diag() means a diagonal matrix with respect to the
given diagonal entries, T ≥ 2 is the order and v > 0
is a threshold.
Input : Ã, T , ν
Output: Normalized Ã

1 Ã← diag−1(Ã~1)Ã

2 S,B ← Ã
3 for t← 2 to T do
4 B ← BÃ
5 S ← S +B
6 end for
7 Ã← 1

T S ◦ (1n∗n − I)
8 Ã← Ã ◦

(
Ã > ν

)
9 Ã← Ã+ ÃT + 2× I

10 Ã← diag−1/2
(
Ã~1
)
Ã diag−1/2

(
Ã~1
)

11 return Ã

is unlabeled. Thus, it is better to use an unsupervised learn- 231

ing approach for learning node representations within graph- 232

structured data. Deep Graph Infomax (DGI) [29], is an unsu- 233

pervised learning approach for learning node representations 234

within graph-structured data. DGI uses graph convolutions 235

[19] to build upon the deep mutual information maximization 236

principle [39]. Here we use mutual information maximization 237

principle and show that the learned embeddings can encode 238

valuable information for node classification tasks. 239

The unsupervised training setup is equivalent to the one 240

in DGI. After finding all maximal cliques using the attention 241

function, T : RN×N → RN×N , an encoder, E : RN×N × 242

RN×F → RN×F′ , computes high-level representation ~hi for 243

node i, using node features, X , and the normalized adjacency 244

matrix, Ã. The discriminator, D : RF×F → R, then receives 245

pairs of (~hi, ~s) containing the node representation and graph- 246

level summary vector and outputs a score corresponding to 247

whether a given pair represents a positive or negative sample 248

by applying the following bilinear scoring function: 249

D
(
~hi, ~s

)
= σ

(
~hi

T
W~s
)

(3)

Here, W is a learnable scoring matrix and σ is the logistic 250

sigmoid nonlinearity. Graph-level summary vectors, ~s, is ob- 251

tained using a readout function R : RN×F → RF which is a 252

simple averaging of all the node’s features: 253

R (H) = σ

(
1

N

N∑
i=1

~hi

)
(4)

We refer to such a pair of node representation and graph-
level summary as a positive sample if both are drawn from
the same graph. A negative sample will consist of a node
representation and graph-level summary obtained from a cor-
rupted version of the graph, derived by randomly permuting
the node features of the graph using a corruption function
C : RN×N × RN×F → RM×M × RM×F . Both the encoder
and discriminator are jointly trained to distinguish between
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Fig. 1: A high-level overview of COOL-norm method with semi-supervised loss function: (1) find all maximal cliques (2)
normalize the adjacency matrix (3) obtain high-level representations for normalized graph (4) update parameters.

positive and negative samples by maximizing the following
standard binary cross-entropy loss:

L =
1

N +M(
N∑
i=1

E(X,Ã)

[
logD

(
~hi, ~s

)]
+

M∑
i=1

E(X̃,Ã)

[
log
(
1−D

(
~̃
hj , ~̃s

))])
(5)

254

The time complexity of finding cliques in sparse graphs is255

much less than dense graphs and could be done in O(M+N),256

where M and N denote the number of edges and nodes respec-257

tively [40]. The time complexity of our encoders in COOL and258

COOL-DGI are of O(N2); thus, the overall time complexity259

is of O(N2) in the worst case. The space complexity of the260

proposed approach is of O(LNF +LF 2) where L,N , and F261

are the number of layers, nodes, and features respectively.262

Assuming the single-graph setup (i.e., (X, A) provided263

as input), we now summarize the steps of the COOL-DGI264

procedure:265

1) Find all maximal cliques from the original graph by266

passing it through the attention function: A′ = T (A).267

2) Normalize the adjacency matrix, Ã = α×A+ β ×A′,268

by combining the unweighted and weighted adjacency269

matrices balanced by hyperparameters, {α, β} ∈ {0, 1}.270

3) Sample a negative example by using the corruption271

function:
(
X̃, Ã

)
∼ C

(
X, Ã

)
.272

4) Obtain high-level representations, ~hi, for the maximal273

cliques of the input graph by passing it through the274

encoder: H = E(X, Ã) = { ~h1, ~h2, . . . , ~hN}.275

5) Obtain high-level representations, ~̃hi, for the maximal276

cliques of the negative graph by passing it through the277

encoder: H̃ = E(X̃, Ã) = { ~̃h1, ~̃h2, . . . , ~̃hN}.278

6) Summarize high-level representations of the input graph279

by passing it through the readout function: ~s = R(H).280

7) Update parameters of E , R, and D by applying gradient281

descent to maximize Equation (5).282

This algorithm is fully summarized in Figure 2.283

V. EXPERIMENTS284

Datasets. A number of transductive node classification tasks285

are applied to examine COOL. The experiments are conducted286

on six standard network datasets including Cora, Citeseer 287

and Pubmed [41] as well as ogbn-arxiv [42], Coauthor CS, 288

and Amazon Photo [43]. Dataset statistics are summarized in 289

Table I. We follow the experimental setup described in [19] 290

to classify research papers into topics where nodes correspond 291

to documents and edges represent citations. Each node has a 292

label and a feature vector that corresponds to elements of a 293

bag-of-words representation of a document. 294

Since the existing evaluation strategies for GNN models 295

have some limitations [43], we used multiple data splits. For 296

the Cora, CiteSeer, and PubMed datasetsthe data is first split 297

into a train and a test set. For the train set, 1500 nodes were 298

sampled and the test set contains all the remaining nodes. We 299

used three different label sets in each experiment: A training 300

set of 80 nodes per class, a validation set of 500 nodes, and 301

a test set. For the ogbn-arxiv dataset, we trained on papers 302

published until 2017, validated on those published in 2018, 303

and tested on those published since 2019. For the Coauthor 304

CS and Amazon Photo datasets, we used 30 labeled nodes per 305

class as the training set, 30 nodes per class as the validation 306

set, and the rest as the test set. Each experiment is run with 5 307

random initializations on each data split, leading to a total of 308

100 runs per experiment. 309

TABLE I: Summary of the datasets used in our experiments.

Dataset Nodes Edges Features Classes Label Rate

Cora 2,708 5,429 1,433 7 0.052
Citeseer 3,327 4,732 3,703 6 0.036
Pubmed 19,717 44,338 500 3 0.003

ogbn-arxiv 169,343 1,166,243 128 40 0.625
Coauthor CS 18,333 81,894 6,805 15 0.0164

Amazon Photo 7,487 119,043 745 8 0.0214

Baselines. We compare COOL against GCN [19], GAT [1], 310

DGI [29], SGC [28], AS-GCN [35], GraphSAGE [34] and 311

APPNP [22]. 312

Settings. Our model is initialized using Glorot initialization 313

[44] and trained for a maximum of 200 epochs using Adam 314

SGD optimizer [45], with an initial learning rate of 0.01. 315

Training is terminated if validation accuracy does not improve 316

for 10 consecutive steps; as a result, most runs finish in less 317

than 200 steps. It is applied a fixed dropout [46] rate of 0.5 318

to input and hidden layer and an L2 regularization of 0.0005 319
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Fig. 3: Accuracy for different training set sizes (number of labeled nodes per class) on Cora.

on the weights are added. COOL-DGI model uses a one-layer320

GCN model as an encoder with the effective hidden size of321

512 (especially 256 on Pubmed due to memory limitation)322

and the parametric ReLU (PReLU) [47] nonlinearity1. For323

COOL-norm, we follow intuitions from [48] to normalize the324

adjacency matrix. Following experimental settings proposed in325

[48], we use T = 5, ν = 10−4.326

Results. Tables II and III demonstrate how our model327

performs on multiple data splits and initializations. The best328

results are highlighted in bold. We report the mean classifica-329

tion accuracy (with standard deviation) on the test nodes after330

100 runs of training, and reuse the metrics already reported in331

[19] for the performance of GCN, as well as GAT [1], DGI332

[29], SGC [28], AS-GCN [35], GraphSAGE [34], and APPNP333

[22].334

We achieve a test accuracy of 86.1% (85.4%), 74.1%335

(73.9%) and 79% (82.9%) with COOL (COOL-DGI) on336

Cora, Citeseer, and Pubmed datasets, respectively. The results337

obtained by COOL outperform all the competing baselines. We338

particularly note that the COOL-DGI approach with unsuper-339

vised loss exceeding the results reported for the GCN with the340

1A reference COOL implementation can be found at
https://github.com/SoheilaMolaei/COOLnorm.

supervised loss on all datasets. We assume that these benefits 341

stem from the fact that the COOL-DGI approach aggregates 342

high-level localized information from the most relevant parts 343

of the graph and allows for every node to have access to 344

structural properties of the entire graph while the supervised 345

GCN is limited to only two-layer neighborhoods. Although 346

COOL and COOL-DGI demonstrate strong performance being 347

achieved across all three datasets, COOL-norm considerably 348

outperforms all the competing approaches with a test accuracy 349

of 86.8%, 74.8%, and 86.3% on Cora, Citeseer, and Pubmed 350

as well as 73.8%, 93.3%, and 89.3% on ogbn-arxiv, Coauthor 351

CS, and Amazon Photo, verifying the potential of normalizing 352

the adjacency matrix in improving generalization of the model. 353

354

Since the labeling rate is often very small for real-world 355

datasets, we analyzed the performance of the models with a 356

small number of training samples. Figures 3 - 5 illustrate how 357

the number of training nodes per class impacts the accuracy on 358

Cora, Citeseer, and Pubmed. Our results demonstrate strong 359

performance achieved in this sparsely labeled setting across 360

all six datasets, verifying the potential of the proposed clique- 361

based method in the transductive node classification domain. 362

Figure 6 shows the learning curves on the Cora dataset. We can 363
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TABLE II: Results of node classification on the Cora, Citeseer, and Pubmed datasets. In the first column, we highlight the
kind of data available to each method during training (X: features, A: adjacency matrix, Y: labels).

Available data Method Cora Citeseer Pubmed

X, A, Y GCN [19] 84.93± 0.45 % 73.35± 0.31 % 82.86± 0.4%
X, A, Y GAT [1] 85.51± 0.67% 72.57± 0.6 % 82.17± 0.35 %
X, A DGI [29] 79.84± 0.75 % 73.9± 0.8 % 80± 0.65%
X, A, Y SGC [28] 86.4± 0.1% 72.58± 0.14% 82.49± 0.05%
X, A, Y AS-GCN [35] 84.85± 0.15 % 74.10± 0.05% 82.61± 0.1 %
X, A, Y GraphSAGE [34] 82.78± 0.25% 72.93± 0.3 % 81.56± 0.15 %
X, A, Y APPNP [22] 84.5± 0.5% 74.5± 0.52% 82.4± 0.45%

X, A COOL-DGI 85.42± 0.65% 73.9± 0.58 % 82.9± 0.4 %
X, A, Y COOL 86.1± 0.32% 74.14 ± 0.25% 83.2± 0.2%
X, A, Y COOL-norm 86.8 ± 0.3% 74.8 ± 0.22% 83.6 ± 0.21%

TABLE III: Results of node classification accuracies on the
ogbn-arxiv, Coauthor CS, and Amazon Photo datasets.

Model ogbn-arxiv Coauthor CS Amazon Photo

GCN 0.7174 ± 0.0029% 91.8 ± 0.1% 87.3 ± 1.0%
APPNP 72.28% 91.69 ± 0.4% 89.38 ± 1.2%
GraphSage 71.49 ± 0.25% 0.9045% 87.4 ± 1.1%
COOL-norm 73.8% 93.3% 89.3 ± 1.0%

observe that the proposed approach presents higher training364

and testing scores during learning.365

In order to demonstrate the effectiveness of our approach366

with respect to graph signal denoising, we designed two types367

of noise cases in terms of structural and attribute noises.368

Attribute noise adds noise to node features while structural369

noise randomly removes or adds a small portion of the 370

edges in the original graph. In the attribute noise case, we 371

added Gaussian noise with noise levels of 0.001, 0.005, and 372

0.01 to the node features. As Figure 7 shows, COOL-norm 373

outperforms other baselines on Cora and Citeseer datasets, 374

demonstrating robust performance across node classification 375

benchmarks. 376

In a structural noise setting, we randomly add or remove 377

a small portion of the edges with noise ratios of 0.05, 0.1, 378

and 0.2. Figure 8 illustrates robust COOL-norm performance 379

against our strong baselines, demonstrating our approach ex- 380

tracts highly useful features that reduce the negative impact of 381

the noise in structural information. 382
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Fig. 6: Accuracy and loss during training of GCN, COOL, and COOL-norm averaged over 100 runs on the Cora dataset.
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Fig. 7: Node classification accuracy of models in attribute noise case.

VI. QUALITATIVE ANALYSIS383

To better understand thoroughly the effectiveness of COOL,384

we provide a standard set of t-SNE plots [49] of the repre-385

sentations learnt by the COOL algorithm on the Cora dataset.386

Our analysis is performed by using GraphTSNE [50] with387

the weight of the graph clustering loss α = 0.4 as shown388

in Figure 9. Colors denote document class. As expected389

given the quantitative results, the learnt representations exhibit390

discernible clustering in the projected 2D space (especially391

compared to the raw features), which respects the seven topic392

classes of Cora.393

VII. CONCLUSIONS394

We introduced a new approach for learning semi-supervised395

representations on graph-structured data, leveraging maximal396

cliques. Our model allows for (implicitly) assigning various397

importance weights to different nodes within a neighborhood,398

enabling a leap in model capacity. This enables state-of-399

the-art results across six well-established node classification 400

benchmarks. 401
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[1] P. Veličković, G. Cucurull, A. Casanova, A. Romero, P. Lio, Y. Bengio, 403

Graph attention networks, arXiv preprint arXiv:1710.10903 (2017). 404

[2] W. L. Hamilton, R. Ying, J. Leskovec, Representation learning on 405

graphs: Methods and applications, arXiv preprint arXiv:1709.05584 406

(2017). 407

[3] J. Gilmer, S. S. Schoenholz, P. F. Riley, O. Vinyals, G. E. Dahl, Neural 408

message passing for quantum chemistry, in: Proceedings of the 34th 409

International Conference on Machine Learning-Volume 70, JMLR. org, 410

2017, pp. 1263–1272. 411

[4] R. Liao, Z. Zhao, R. Urtasun, R. S. Zemel, Lanczosnet: Multi-scale deep 412

graph convolutional networks, arXiv preprint arXiv:1901.01484 (2019). 413

[5] K. Sun, Z. Lin, H. Guo, Z. Zhu, Virtual adversarial training on graph 414

convolutional networks in node classification, in: Chinese Conference 415

on Pattern Recognition and Computer Vision (PRCV), Springer, 2019, 416

pp. 431–443. 417

[6] K. Sun, Z. Lin, Z. Zhu, Multi-stage self-supervised learning for graph 418

convolutional networks on graphs with few labels, arXiv preprint 419

arXiv:1902.11038 (2019). 420



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 8

0 0.05 0.1 0.2
0.7

0.72

0.74

0.76

0.78

0.8

0.82

0.84

0.86

0.88

0.9

Noise rate

A
c
c
u
r
a
c
y

GCN
GAT
DGI
COOLnorm

(a) Cora

0 0.001 0.005 0.01

0.66

0.68

0.7

0.72

0.74

0.76

0.78

0.8

Noise rate

A
c
c
u
r
a
c
y

GCN
GAT
DGI
COOLnorm

(b) Citeseer

Fig. 8: Node classification accuracy of models in structural noise case.

Fig. 9: t-SNE embeddings of the nodes in the Cora dataset from the raw features (left) and features from a learned COOL
model (right). The clusters of the learned COOL model’s representations are clearly defined, with the weight of the graph
clustering loss α = 0.4.

[7] S. Abu-El-Haija, B. Perozzi, A. Kapoor, H. Harutyunyan, N. Alipour-421

fard, K. Lerman, G. V. Steeg, A. Galstyan, Mixhop: Higher-order graph422

convolution architectures via sparsified neighborhood mixing, arXiv423

preprint arXiv:1905.00067 (2019).424

[8] M. M. Bronstein, J. Bruna, Y. LeCun, A. Szlam, P. Vandergheynst,425

Geometric deep learning: going beyond euclidean data, IEEE Signal426

Processing Magazine 34 (4) (2017) 18–42.427

[9] P. W. Battaglia, J. B. Hamrick, V. Bapst, A. Sanchez-Gonzalez, V. Zam-428

baldi, M. Malinowski, A. Tacchetti, D. Raposo, A. Santoro, R. Faulkner,429

C. Gulcehre, F. Song, A. Ballard, J. Gilmer, G. Dahl, A. Vaswani,430

K. Allen, C. Nash, V. Langston, C. Dyer, N. Heess, D. Wierstra, P. Kohli,431

M. Botvinick, O. Vinyals, Y. Li, R. Pascanu, Relational inductive biases,432

deep learning, and graph networks (2018). arXiv:1806.01261.433

[10] W. A. S. Wijesinghe, Q. Wang, Dfnets: Spectral cnns for graphs with434

feedback-looped filters, in: Advances in Neural Information Processing435

Systems, 2019, pp. 6007–6018.436

[11] M. Huang, F. Zhuang, X. Zhang, X. Ao, Z. Niu, M.-L. Zhang, Q. He, Su-437

pervised representation learning for multi-label classification, Machine 438

Learning 108 (5) (2019) 747–763. 439

[12] S. Molaei, H. Zare, H. Veisi, Deep learning approach on information 440

diffusion in heterogeneous networks, Knowledge-Based Systems 189 441

(2020) 105153. 442

[13] L. Franceschi, M. Niepert, M. Pontil, X. He, Learning discrete structures 443

for graph neural networks, arXiv preprint arXiv:1903.11960 (2019). 444

[14] D. Rao, F. Visin, A. Rusu, R. Pascanu, Y. W. Teh, R. Hadsell, 445

Continual unsupervised representation learning, in: Advances in Neural 446

Information Processing Systems, 2019, pp. 7645–7655. 447

[15] Z. Wu, S. Pan, F. Chen, G. Long, C. Zhang, P. S. Yu, A Comprehensive 448

Survey on Graph Neural Networks, arXiv:1901.00596 [cs, stat] (Jan. 449

2019). arXiv:1901.00596. 450

[16] S. Pan, J. Wu, X. Zhu, C. Zhang, P. S. Yu, Joint Structure Feature 451

Exploration and Regularization for Multi-Task Graph Classification, 452

IEEE Transactions on Knowledge and Data Engineering 28 (3) (2016) 453

715–728. doi:10.1109/TKDE.2015.2492567. 454

http://arxiv.org/abs/1806.01261
http://arxiv.org/abs/1901.00596
https://doi.org/10.1109/TKDE.2015.2492567


JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 9

[17] R. Ying, J. You, C. Morris, X. Ren, W. L. Hamilton, J. Leskovec,455

Hierarchical Graph Representation Learning with Differentiable Pool-456

ing, in: Proceedings of the 32Nd International Conference on Neural457

Information Processing Systems, NIPS’18, Curran Associates Inc., USA,458

2018, pp. 4805–4815.459

[18] S. Pan, R. Hu, G. Long, J. Jiang, L. Yao, C. Zhang, Adversarially460

regularized graph autoencoder for graph embedding, in: Proceedings461

of the Twenty-Seventh International Joint Conference on Artificial462

Intelligence, IJCAI 2018, July 13-19, 2018, Stockholm, Sweden., 2018,463

pp. 2609–2615. doi:10.24963/ijcai.2018/362.464

URL https://doi.org/10.24963/ijcai.2018/362465

[19] T. N. Kipf, M. Welling, Semi-supervised classification with graph466

convolutional networks, arXiv preprint arXiv:1609.02907 (2016).467

[20] Z. Yang, W. W. Cohen, R. Salakhutdinov, Revisiting semi-supervised468

learning with graph embeddings, arXiv preprint arXiv:1603.08861469

(2016).470

[21] M. Defferrard, X. Bresson, P. Vandergheynst, Convolutional neural471

networks on graphs with fast localized spectral filtering, in: Advances472

in neural information processing systems, 2016, pp. 3844–3852.473

[22] J. Klicpera, A. Bojchevski, S. Günnemann, Predict then propagate:474
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