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Abstract

Graph contrastive learning (GCL) shows excellent potential in unsupervised
graph representation learning. Data augmentation (DA), responsible for gen-
erating diverse views, plays a vital role in GCL, and its optimal choice heavily
depends on the downstream task. However, it is impossible to measure task-
relevant information under an unsupervised setting. Therefore, many GCL
methods risk insufficient information by failing to preserve essential informa-
tion necessary for the downstream task or risk encoding redundant informa-
tion. In this paper, we propose a novel method called Minimal Noteworthy
Information for unsupervised Graph contrastive learning (GMNI), featuring
automated DA. It achieves good DA by balancing missing and excessive infor-
mation, approximating the optimal views in contrastive learning. We employ
an adversarial training strategy to generate views that share minimal note-
worthy information (MNI), reducing nuisance information by minimization
optimization and ensuring sufficient information by emphasizing noteworthy
information. Besides, we introduce randomness based on MNI to augmen-
tation, thereby enhancing view diversity and stabilizing the model against
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ofperturbations. Extensive experiments on unsupervised and semi-supervised

learning over 14 datasets demonstrate the superiority of GMNI over GCL
methods with automated and manual DA. GMNI achieves up to a 1.64%
improvement over the state-of-the-art in unsupervised node classification, up
to a 1.97% improvement in unsupervised graph classification, and up to a
3.57% improvement in semi-supervised graph classification.

Keywords: Graph neural network, Graph contrastive learning, Data
augmentation

1. Introduction1

Computer technology is successfully applied in various real-world scenar-2

ios (Devlin, 2018; Zhou et al., 2024; Fan et al., 2024). Most real-world data,3

such as traffic networks, social networks, and protein structures, are unstruc-4

tured and can be abstracted as graphs. Consequently, research on graphs5

has gained significant attention in recent years. However, labeling graphs6

is a very challenging and laborious task since it generally requires domain7

knowledge, and graphs usually have numerous nodes with complex relation-8

ships. Thus, unsupervised graph representation learning (Ju et al., 2023; Liu9

et al., 2023; Mo et al., 2022) has gained significant attention recently, which10

aims to obtain low-dimensional representations of nodes or graphs without11

label information. These representations can be used for a wide range of12

downstream tasks, such as node classification (Xiao et al., 2022), graph clas-13

sification (Sun et al., 2019), and graph clustering (Pan and Kang, 2021).14

Graph contrastive learning (GCL) (Lin et al., 2023; Chen and Kou, 2023;15

Gong et al., 2023; You et al., 2021) shows great potential in unsupervised16

graph representation learning due to its excellent data efficiency and gen-17

eralization ability. GCL generally includes two sequential modules: view18

generation and view comparison. View generation generates views by em-19

ploying data augmentation (DA) on the original graph. View comparison20

acquires view representations through an encoder and then optimizes the en-21

coder by pulling view representations from the same distribution closer while22

pushing away view representations from different distributions.23

Nevertheless, GCL heavily depends on DA, and an inappropriate aug-24

mentation will lead to severe performance loss. Graph data augmentation25

(GDA) necessitates the consideration of both the complex graph topology26

and feature information. Various GDA techniques have been proposed, which27
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ity (Ding et al., 2022): structure-oriented (Mishra et al., 2020; Velickovic29

et al., 2019; Zhu et al., 2021; Page et al., 1999; Kondor and Lafferty, 2002),30

feature-oriented (Feng et al., 2019; Yang et al., 2021; You et al., 2020a), and31

label-oriented (You et al., 2020b; Park et al., 2022). Ensuring the selection of32

an appropriate GDA technique is critical in GCL (You et al., 2020a), prompt-33

ing many GCL methods to rely on trial-and-error or empirical approaches34

when choosing GDAs. GraphCL (You et al., 2020a) introduces four GDA35

techniques, and demonstrates that good GDA relies on specific characteris-36

tics of various graph datasets through pairwise combinations of these GDAs.37

MERIT (Jin et al., 2021) achieves GDA by superimposing the methods from38

its GDA pool. GCA (Zhu et al., 2021) conducts GDA by employing three39

centralities and selecting the optimal one according to its performance on the40

downstream task. On the one hand, these methods require a prudent design41

of the GDA pool. On the other hand, selecting the best GDA according to42

performance on the downstream task of various datasets is entailed, which43

is both time-consuming and computationally expensive. Thus, automated44

GDA is of significant importance.45

The mutual information maximization principle (InfoMax) (Linsker, 1988)46

is widely used in GCL (Velickovic et al., 2019; Zhu et al., 2020; Thakoor et al.,47

2021), which refers to maximizing the agreement (mutual information, MI)48

between view representations. Through InfoMax, the contrastive model can49

identify the pairs augmented from the same node or graph, thereby learning50

the basic topology and feature information on the graph. However, Info-51

Max may risk the model learning redundant information irrelevant to the52

downstream task, though this information is beneficial for identifying the53

pairs. Encoding redundant information results in brittle representations and54

may severely degrade the encoder’s performance on the downstream task55

(Tschannen et al., 2019). For example, when training an optical charac-56

ter recognition model, the color information is redundant and harmful to57

recognition, and should be removed beforehand. Thus, before implementing58

InfoMax, redundant information shared between views should be stripped59

out. Now the new question is what kind of views InfoMax needs.60

The InfoMin principle (Tian et al., 2020) in the visual domain indicates61

that a good set of views should share the minimal information necessary to62

perform well at the downstream task, and we name such information minimal63

necessary information. It points out that information between views should64

contain the necessary information needed for the downstream task while ex-65
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manual DA essentially search in the DA pool for augmentations that yield67

views to best satisfy the InfoMin principle. However, many GCL methods68

with automated DA fail to follow InfoMin fully. AutoGCL (Yin et al., 2022),69

AD-GCL (Suresh et al., 2021), and JOAO (You et al., 2021) adhere to the70

min-max optimization framework, seeking views with minimal similarity or71

seeking views that are the most challenging. Unfortunately, the views derived72

by minimizing the similarity between views or by minimizing the agreement73

between view representations are far from optimal. These approaches reduce74

nuisance information but do not emphasize the retention of the necessary75

information, potentially resulting in excessive information removal and risk-76

ing the model suffering from insufficient information. Therefore, applying77

InfoMin to acquire optimal views becomes the key: removing redundant78

information while maintaining necessary information related to the down-79

stream task. However, it is impossible to measure task-relevant information80

under an unsupervised setting. Thus, it is hard to define minimal necessary81

information in InfoMin. For instance, InfoGCL (Cheng et al., 2022) and LP-82

A3 (Yang et al., 2022) rely on task-specific labels Y to guide the acquisition83

of views. Limited research has been carried out on achieving optimal views84

in InfoMin under an unsupervised setting. Nevertheless, we find minimal85

information that is noteworthy for different downstream tasks can approx-86

imate minimal necessary information, which avoids requiring task-relevant87

information. We name such information minimal noteworthy information88

(MNI).89

In this paper, we propose a novel method called Minimal Noteworthy90

Information for unsupervised Graph contrastive learning (GMNI). Specifi-91

cally, GMNI uses max-min optimization to learn an importance graph. The92

set of views derived by the importance graph shares MNI, making these views93

approximations of InfoMin’s optimal views. In addition, GMNI introduces94

randomness based on MNI to views, thereby enhancing view diversity and95

stabilizing the model against perturbations. Finally, an encoder is optimized96

by applying InfoMax to view representations. Moreover, GMNI achieves out-97

standing performances without using corrupted views, showing that negative98

views are unnecessary for GCL.99

The significant contributions of this paper are summarized as follows:100

• Manual data augmentation GCL methods are both time-consuming and101

computationally expensive, while other automated data augmentation102
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supervised GCL method with automated data augmentation, GMNI, is104

proposed, in which the tedious manual selection of data augmentation105

is eliminated and avoids the risks of both insufficient and redundant106

information.107

• The InfoMin principle defines optimal views in contrastive learning;108

however, these views depend on downstream tasks, making them unattain-109

able in unsupervised settings. In this paper, we achieve good DA in110

unsupervised GCL, presenting a more effective approach to approxi-111

mating the optimal views of InfoMin under an unsupervised setting. An112

adversarial training strategy is employed to generate views that share113

minimal noteworthy information, which avoids using task-relevant in-114

formation. Applying InfoMax to these views is risk-free, as they reduce115

nuisance information and emphasize noteworthy information to ensure116

sufficient information.117

• Extensive experiments on node and graph classification over 14 datasets118

show the effectiveness of our approximately optimal views on different119

tasks and the superiority of GMNI over GCL methods with automated120

and manual DA.121

2. Related work122

Matrix-factorization-based (Ahmed et al., 2013; Cao et al., 2015; Ou et al.,123

2016) and random-walk-based methods (Perozzi et al., 2014; Grover and124

Leskovec, 2016) are classical approaches for unsupervised graph representa-125

tion learning. However, these methods may emphasize topology excessively126

while neglecting feature information. Deep unsupervised graph representa-127

tion learning (Zhou et al., 2022; Oyallon, 2020) has gradually evolved in128

recent years, with GCL emerging as a promising method.129

InfoMax (Linsker, 1988) is one of the most commonly used principles in130

GCL. InfoMax learns the encoder via maximizing the mutual information131

between view representations, i.e., maxf I(f(V1); f(V2)), where V1, V2 denote132

the views, and f denotes the encoder. I(a; b) is the mutual information be-133

tween a and b. Through InfoMax, the contrastive model can discern pairs134

augmented from the same node or graph, facilitating the learning of fun-135

damental topology and feature information within the graph. DIM (Hjelm136

et al., 2018) learns by maximizing the mutual information between the input137
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Figure 1: Overview of GMNI, with the automated graph view generator and view com-
parison modules as the main components.
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Figure 2: Overview of the automated graph view generator. In the importance graph,
darker features and thicker edges are more significant. The original graph is fed into the
GCN encoder and importance learner to generate an importance graph. After acquiring
representations of the importance and original graph using a shared GNN encoder and
projection head, max-min optimization is performed. “Maximize Agreement” optimizes
the blue GCN encoder and importance learner, while “Minimize Agreement” optimizes
the yellow GNN encoder and projection head.
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applying InfoMax to graph data for the first time. It uses node shuffling to139

corrupt the original graph to generate negative pairs, and the positive and140

negative pairs are distinguished through a discriminator optimized by Info-141

Max. GRACE (Zhu et al., 2020) generates two views through the corruption142

of removing edges and masking node features and then learns representations143

by applying InfoMax. BGRL (Thakoor et al., 2021) generates views through144

stochastic node feature masking and edge masking. It learns by maximizing145

the cosine similarity of the view representations at different stages, essen-146

tially applying InfoMax. Moreover, BGRL asserts that a corruption method147

is unnecessary for contrastive learning (CL). All the above works involve man-148

ually selecting DA or corruption method. GCL with manual DA demands149

significant time and computational resources to identify an appropriate DA150

strategy. Therefore, our work focuses on GCL with automated DA.151

JOAO (You et al., 2021) searches for the best combination of DAs from152

a fixed pool, with the combination coefficients determined by min-max opti-153

mization. However, designing a proper DA pool still involves human knowl-154

edge, and optimizing only the combination coefficient limits DA’s flexibility.155

AD-GCL (Suresh et al., 2021) augments graphs via adversarial training fol-156

lowing the information bottleneck (IB) principle (Tishby et al., 2000; Gold-157

feld and Polyanskiy, 2020; Alemi et al., 2016), hence reducing redundant158

information shared between views. However, AD-GCL only augments on159

edges but ignores critical feature information. In InfoGCL (Cheng et al.,160

2022), DA is decided mathematically by minimizing mutual information be-161

tween views and maximizing mutual information between views and tasks,162

which essentially follows IB. InfoGCL relies on task-specific labels Y to guide163

the generation of optimal view augmentations, the view encoder, and the164

contrastive mode. A manually designed DA pool is entailed in InfoGCL165

too, and the best augmentation is acquired by exhaustive search, which is166

time-consuming and computationally expensive. In fact, IB and InfoMin are167

closely related. IB aims to simultaneously minimize I(X;Z) and maximize168

I(Z;Y ), where X represents the input, Z is the hidden layer output, and Y169

denotes the downstream task information. IB states that the encoder should170

minimize the information in the original data while maximizing information171

relevant to downstream tasks. AutoGCL (Yin et al., 2022) uses two learn-172

able view generators, each of which learns a probability distribution over the173

nodes of the input graph. It minimizes the similarity between two views174

and maximizes the agreement between the representations of the two views.175
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Figure 3: Overview of the view comparison module. Two views are generated by masking
features and dropping edges according to the importance graph. Representations of the
views are calculated through a shared GNN encoder and projection head. If the down-
stream task is graph classification, the node representations need to pass through a readout
function to get graph representations.

Nevertheless, it merely executes node-level view learning without considering176

edges.177

The above GCL methods with automated DA, including JOAO, AD-178

GCL, and AutoGCL, adopt a min-max training strategy. They fail to adhere179

to InfoMin fully, and their information reduction may lead to a potential180

deficiency in essential information. InfoMin, which seeks the optimal views,181

states that (V ∗
1 , V

∗
2 ) = argminV1,V2 I(V1;V2), subject to I(V1;Y ) = I(V2;Y ) =182

I(X;Y ). Tian et al. (Tian et al., 2020), the authors of InfoMin, leverage183

such a min-max training strategy to complete the unsupervised view learning184

of InfoMin too. Given image X, the transformed image X̂ = g(X) and185

two encoders f1, f2, the objective is: mingmaxf1,f2 I(f1(g(X)1); f2(g(X)2:3)).186

{g(X)1, g(X)2:3} represent the split channels of g(X) and thus serve as the187

two views V1, V2. The authors mention that this strategy heavily breaks188

constraint I(V1;Y ) = I(V2;Y ) = I(X;Y ), and I(V1;V2) is overly reduced.189

Therefore, a better approximation of InfoMin under an unsupervised setting,190

is proposed in this paper.191
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GMNI consists of two sequential modules, the automated graph view gen-193

erator and the view comparison module. The automated graph view gener-194

ator acquires an importance graph used to generate two views. These two195

views are fed into the view comparison module. Figure 1 illustrates how the196

two modules cooperate, while Figure 2 and 3 depict their structures.197

Notations. A graph G consists of V = {v1, ..., vN}, a set of nodes and E =198

{ε1, ..., εM}, a set of edges. The feature matrix, adjacency matrix and degree199

matrix of G are denoted byXXX = {xxx1, ...,xxxN} ∈ RN×F , AAA ∈ {0, 1}N×N : AAAij =200

I((vi, vj) ∈ E) and DDD: DDDii =
∑

jAAAij, where F is the feature dimension and201

xxxi ∈ RF is the feature of node vi. We use G : (AAA,XXX) to represent the graph.202

GMNI achieves the approximation of the InfoMin principle without task-203

relevant information. To verify the effectiveness of such an approximation204

strategy for different downstream tasks, we discuss two downstream tasks,205

node classification and graph classification. For node classification, whose206

input is a single graph G, we aim to learn an encoder fn : G → RN×d to obtain207

the low-dimensional node embeddings fn(G), d≪ F . For graph classification,208

whose input is a set of graphs {Gi}Qi=1, we aim to learn an encoder fg : Gi →209

Rd to obtain the low-dimensional graph embeddings fg(Gi), i = 1, ..., Q.210

3.1. Automated graph view generator211

In this section, we present the mathematical motivation for the automated212

graph view generator and then its implementation details.213

The InfoMin principle indicates that a good set of views in contrastive214

learning should share the minimal information necessary to perform well at215

the downstream task. However, applying the InfoMin principle under an un-216

supervised setting is challenging due to the inability to quantify task-relevant217

information. Therefore, we propose focusing on views that share the mini-218

mal noteworthy information for different downstream tasks as an alternative219

to the unavailable minimal necessary information. This approach effectively220

aligns with the InfoMin principle without requiring task-relevant data. Next,221

we provide the definitions of minimal noteworthy information and the impor-222

tance graph, with minimal noteworthy information being derived from the223

importance graph.224

Definition 1 (Importance Graph). The importance graph G̃ = T (G) =225

(ÃAA,X̃XX), where T (·) denotes the function that introduces feature and edge im-226

9
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sented by PPP e = {pe,1, ..., pe,M} ∈ RM×1 and PPP f = {pf,1, ..., pf,F} ∈ RF×1,228

respectively. The adjacency matrix ÃAA of G̃ is formed by replacing the edge229

values in AAA with those from PPP e. Broadcast PPP f ∈ RF×1 to PPP ′
f ∈ RN×F . The230

feature matrix X̃XX of G̃ is derived as X̃XX =XXX ⊙PPP ′
f , where ⊙ is the Hadamard231

product.232

Definition 2 (Minimal Noteworthy Information). Graph information in-233

cludes both topology and features. Therefore, minimal noteworthy informa-234

tion (MNI) consists of critical edges and features. For a graph G and its235

corresponding importance graph G̃, MNI refers to the minimal subset of edges236

and features from G that exhibit high importance in G̃, precisely edges with237

high pe,i and features with high pf,j.238

3.1.1. Importance graph formulation239

The importance graph is derived via a max-min optimization,240

max
T

min
f,g

I(g(f(G)); g(f(T (G))))− |T (G)|,

s. t. I(g(f(G)); g(f(T (G)))) ≥ ζ,
(1)

where f is a graph encoder for node embeddings, and g is a projection head241

to increase the ability of expression. It should be mentioned that f and g242

are not the encoders of the view comparison module. The regularization243

term |T (G)| is the normalized sum of edge importance and feature impor-244

tance. I(g(f(G)); g(f(T (G)))) ≥ ζ is introduced to prevent the degeneration245

of g(f(·)) into the corner case, i.e., I(g(f(G)); g(f(T (G)))) = 0. Once the246

optimization reaches the lower bound ζ, we cease the optimization for both247

f and g. However, identifying a corner case of g(f(·)) degeneration presents248

a challenge for the optimizer. Experiments indicate that the degeneration of249

g(f(·)) does not occur.250

Theorem 1. Eqn. (1) is equivalent to the reduction of I(G;T (G)|I) and the251

increase of I(T (G); I), where I represents the noteworthy information.252

Proof 1. Eqn. (1) involves both maximization and minimization; we first253

introduce the maximization part, i.e.,254

max
T

I(g(f(G)); g(f(T (G))))− |T (G)|. (2)

10
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since −|T (G)| serves as a regularization term, it effectively constrains the256

number of emphasized edges and features.257

Consequently, to maximize the mutual information between the impor-258

tance graph T (G) and the original graph G, it becomes imperative for T (G) to259

retain the most vital information within its confined information selectively.260

This is a scenario of the greedy algorithm. For clarity, we simplify the261

problem. Given a set G with |G| items, each associated with a value gi for262

i = 1, . . . , |G|, the objective is to select a subset T (G) of size |T (G)| that263

maximizes the total value. The solution is to select the |T (G)| items with the264

highest values gi. Suppose we choose a subset T (G)′ of size |T (G)| that does265

not contain the |T (G)| highest values. By replacing items in T (G)′ with those266

from the highest values, the total value can always be increased. Therefore,267

the subset T (G) that maximizes the total value must consist of the |T (G)|268

highest-value items from G.269

In other words, optimizing Eqn. (2) boosts the proportion of noteworthy270

information and reduces that of non-noteworthy information within T (G).271

This implies an increase in I(T (G); I) and a decrease in H(T (G)|I), where272

H(·) represents the information entropy.273

I(G;T (G)|I) = H(T (G)|I)−H(T (G)|I,G)
= H(T (G)|I)− 0

= H(T (G)|I).
(3)

I(G;T (G)|I) = H(T (G)|I) − H(T (G)|I,G)as I(X;Y ) = H(Y ) − H(Y |X),274

and H(T (G)|I,G) = 0 as T (G) is a function of G (MacKay, 2003).275

Therefore, the reduction of I(G;T (G)|I) and the increase of I(T (G); I) is276

achieved.277

The aim of minf,g I(g(f(G)); g(f(T (G)))) is to obtain a challenging in-278

formation encoder g(f(·)). It is expected that the MNI obtained under a279

challenging information encoder g(f(·)) will exhibit enhanced robustness. By280

treating g(f(·)) as a subpar channel with limited data capacity, T (G) must281

prioritize transmitting the most crucial information within this limited ca-282

pacity. This aligns with the greedy algorithm we previously discussed.283

Our max-min optimization differs from the min-max optimization used in284

methods like AD-GCL. In AD-GCL’s min-max optimization, the minimiza-285

tion step reduces shared information between views, while the maximization286

11
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versely, GMNI preserves noteworthy information in views through maximiza-288

tion, enhances its robustness through minimization, and reduces redundancy289

between views via the regularization term.290

After deriving the importance graph G̃ = T (G), MNI can be identified.291

MNI represents the minimal subset of edges and features from G that demon-292

strate high importance on G̃. MNI comprises two components: the minimal293

information for −maxT |T (G)| = minT |T (G)| and the noteworthy informa-294

tion for maxT I(g(f(G)); g(f(T (G)))). Those critical edges and features of295

T (G) hold universal significance and is highly likely required by various down-296

stream tasks. For example, the critical edges connecting different clusters297

within a graph play a crucial role in tasks like graph partition (Karypis and298

Kumar, 1998; Nazi et al., 2019), graph classification (Kipf and Welling, 2016;299

Han et al., 2022), and link prediction (Zhang and Chen, 2018; Yang et al.,300

2021). These edges serve as essential connections that provide valuable in-301

sights into the underlying relationships and dependencies within the graph.302

3.1.2. Importance graph construction303

This section details the generation of edge and feature importance, leading304

to the derivation of the importance graph, as shown in the “importance305

learner” in Figure 2.306

First, node representations are computed using a graph convolutional307

layer (Welling and Kipf, 2016):308

EEE = σ(AAAXXXWWW ), (4)

where σ is the activation function, WWW is the parameter matrix. AAA is the ad-309

jacency matrix without normalization, as the node degrees are also essential310

for importance computation.311

We need to get the node importance first to get the feature importance.312

The node importance PPP n ∈ RN×1 is given by313

PPP n = Gumbel(hϕ(EEE)),

Gumbel(t) = Sigmoid

(
log η − log(1− η) + t

τ

)
, η ∼ Uniform(0, 1),

(5)

where hϕ(·) is a simple MLP, and Gumbel(t) is the Gumbel-Max reparametriza-314

tion function (Maddison et al., 2016). τ is the temperature parameter,315
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Max reparametrization trick ensures the process can be backpropagated and317

makes PPP n probabilistically meaningful. Thus, feature importance PPP f ∈ RF×1
318

can be calculated through node importance (Zhu et al., 2021), i.e.,319

PPP f =XXXTPPP n, (6)

where XXXT ∈ RF×N is the transpose of feature matrix XXX. Combining node320

features and node importance yields feature importance. If features are real321

numbers between 0 and 1, we perform the Gumbel-Max reparametrization322

trick on PPP f rather than on PPP n to avoid PPP f being too small.323

Inspired by AD-GCL (Suresh et al., 2021), the importance of edge εk =324

(vi, vj) ∈ E can be expressed by325

pppe,k = Gumbel(hψ([EEE[vi];EEE[vj]])), (7)

where [·; ·] is the concatenation operation, hψ(·) is a simple MLP, and EEE[vi]326

is the embedding of node vi. The edge importance PPP e = [pppe,1, ..., pppe,M ]T ∈327

RM×1.328

The importance graph is G̃ = (ÃAA,X̃XX). Broadcast PPP f ∈ RF×1 to PPP ′
f ∈329

RN×F . X̃XX is given by X̃XX =XXX ⊙PPP ′
f . Derive ÃAA by replacing the edge values in330

the adjacency matrix AAA with the edge values of PPP e.331

3.2. Importance graph optimization332

This section instantiates Section 3.1.1 and is illustrated in Figure 2. The333

representation of node vi in G is defined by zzzi,1 = gξ (fθ (G(vi))) and the334

representation of it in G̃ by zzzi,2 = gξ

(
fθ

(
G̃(vi)

))
. For simplicity, fθ is a335

1- or 2- layer graph encoder, and gξ is a 1- or 2- layer MLP serving as the336

projection head.337

InfoNCE (Oord et al., 2018), a lower bound of mutual information, is ap-338

plied to estimate mutual information. Thus, the mutual information between339

zzzi,1 and zzzi,2 can be estimated by340

Î (zzzi,1;zzzi,2) =
1

2
(Î0(zzzi,1;zzzi,2) + Î0(zzzi,2;zzzi,1)),

Î0(zzzi,1;zzzi,2) = log
exp(s(zzzi,1, zzzi,2)/ϵ)∑N

j=1,j ̸=i exp(s(zzzi,1, zzzj,2)/ϵ)
,

(8)
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the symmetrical design considers the same status of G and G̃. The mutual342

information between the representation of G and G̃ = T (G) is estimated by343

I(gξ(fθ(G)); gξ(fθ(T (G))))→ Î(gξ(fθ(G)); gξ(fθ(T (G))))

=
1

N

N∑

i=1

Î(zzzi,1;zzzi,2).
(9)

The regularization term |T (G)| is defined by344

|T (G)| = λ

(
F∑

i=1

PPP
(i)
f /F +

M∑

i=1

PPP (i)
e /M

)
, (10)

where λ is the regularization weight, and PPP
(i)
f is the i-th dimension of PPP f .345

Finally, our optimization strategy to get the importance graph is346

max
WWW,ϕ,ψ

min
θ,ξ
Î(gξ(fθ(G)); gξ(fθ(TWWW,ϕ,ψ(G))))

− λ
(

F∑

i=1

PPP
(i)
f /F +

M∑

i=1

PPP (i)
e /M

)
,

s. t. Î(gξ(fθ(G)); gξ(fθ(T (G)))) ≥ ζ,

(11)

which is the instantiation of Eqn. (1).347

3.2.1. View generation348

MNI refers to the minimal subset of edges and features from G that exhibit349

high importance in G̃, specifically edges with high pe,i and features with high350

pf,j. Views for the comparison module will be generated from MNI, which351

contains essential information from the graph. View generation is depicted352

in both Figure 1 and Figure 3.353

CL aims to encourage the model to find consistency across different views.354

Employing soft edges and features determined by importance for all views355

will constrain view diversity, as these views share graph topology and fea-356

tures. Therefore, we introduce randomness based on MNI in views to enhance357

diversity and stabilize GMNI against perturbations.358

Two views are required in CL, G1 : (AAA1,XXX1) and G2 : (AAA2,XXX2). Take the359

generation of G1 as an example, and the generation of G2 is similar. View360

modifies both the topology and features of the input graph. The edge set E1361
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to select the edge εk, i.e., if pεk = 1, then εk ∈ E1, else εk /∈ E1. pd,εk363

represents the drop probability of edge εk, which is generated based on the364

edge importance pe,k. Therefore, AAA1 can be derived via E1. Inspired by365

GCA (Zhu et al., 2021), PPP d,ε = [pd,ε1 , ..., pd,εM ] is given by366

PPP d,ε = min

(
PPPmax
e −PPP e

PPPmax
e −PPP avg

e
· ps1, pt

)
, (12)

where min(a, b) indicates to select the smaller one of a and b, ps1 and pt are367

hyperparameters between 0 and 1, ps1 is used to adjust the overall drop rate368

of edges, and pt is used to truncate the drop rate such that every edge has a369

chance of being included. PPPmax
e ,PPP avg

e are the maximum and average value of370

PPP e respectively. Thus, edges with higher importance have a greater chance371

of being included in E1.372

The feature matrix of G1 can be represented as XXX1 = XXX ⊙MMM , where373

MMM ∈ RN×F is the mask matrix, broadcasted from mmm ∈ {0, 1}F . A random374

variable pfk ∼ Bernoulli(1 − pd,fk) is used to select the k-th dimensional375

feature, i.e., if pfk = 1, then mmmk = 1, else mmmk = 0. mmmk represents the k-th376

dimensional of mmm. pd,fk represents the probability that the k-th dimensional377

feature is masked, which is generated based on the feature importance pf,k.378

PPP d,f = [pd,f1 , ..., pd,fF ] is given by379

PPP d,f = min

(
PPPmax
f −PPP f

PPPmax
f −PPP avg

f

· ps2, pt
)
, (13)

where ps2 is a hyperparameter between 0 and 1 to control the overall mask380

rate of features. Thus, features with higher importance are less likely to be381

masked in XXX1. The views generated by these random variables effectively382

preserve MNI while incorporating randomness.383

3.3. View comparison module384

To validate the effectiveness of the views, we employ the simplest view385

comparison module, directly pulling view representations closer via InfoMax.386

When using views generated through MNI, InfoMax can be applied without387

interference from nuisance information or loss of noteworthy information.388

The view comparison module is depicted in Figure 3.389
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and G2 are the views of G, then our objective is391

max
fn,gn

I(gn(fn(G1)); gn(fn(G2))), (14)

where fn is a GCN (Welling and Kipf, 2016), gn is a simple 1- or 2- layer MLP,392

and we use InfoNCE (Eqn. (8)) as the estimator of mutual information.393

The graph classification task aims to learn an encoder fg : Gi → Rd.394

Given a minibatch of graphs {Gi}Ki=1, Gi,1 and Gi,2 are the views of Gi, then395

the objective is396

max
fg ,gg

1

K

K∑

i=1

I(gg(fg(Gi,1)); gg(fg(Gi,2))), (15)

where fg is a GIN (Xu et al., 2018), gg is a simple 1- or 2- layer MLP397

followed by a readout function which is a simple summation. fn and fg398

can be replaced by any graph encoder. Finally, the node embeddings fn(G)399

and graph embeddings {fg(Gi), i = 1, ..., Q} are used for downstream testing.400

More details of the algorithm and the computational complexity analysis can401

be found in Appendix C.402

4. Experiments403

4.1. Datasets404

To demonstrate the superiority of GMNI over other GCL methods with405

automated and manual data augmentations, we conduct experiments on 14406

datasets, including 5 node classification datasets and 9 graph classification407

datasets.408

The 5 datasets for node classification are Wiki-CS (Mernyei and Cangea,409

2020), Amazon-Computers (Shchur et al., 2018), Amazon-Photo (Shchur410

et al., 2018), Coauthor-CS (Shchur et al., 2018) and Coauthor-Physics (Shchur411

et al., 2018). Their detailed statistics are shown in Table 1. Wiki-CS has412

dense real number features, whereas the other datasets have sparse one-hot413

features. Following GCA (Zhu et al., 2021), we evaluate models under the414

public train, test, and validation sets supplied by Wiki-CS. For the other415

four datasets, we randomly split the dataset into three sets: 80% train, 10%416

test, and 10% validation.417
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Dataset #Nodes #Edges #Features #Classes Category

Wiki-CS 11,701 216,123 300 10 Reference Networks
Amazon-Computers 13,752 245,861 767 10 Co-purchase Networks
Amazon-Photo 7,650 119,081 745 8 Co-purchase Networks
Coauthor-CS 18,333 81,894 6,805 15 Co-authorship Networks
Coauthor-Physics 34,493 247,962 8,415 5 Co-authorship Networks

Table 2: Graph classification datasets.

Dataset Avg. #Graphs Avg. #Nodes Avg. #Edges #Classes Category

MUTUG 188 17.93 19.79 2 Biochemical Molecules
PROTEINS 1,113 39.06 72.82 2 Biochemical Molecules
DD 1,178 284.32 715.66 2 Biochemical Molecules
NCI1 4,110 29.87 32.30 2 Biochemical Molecules
COLLAB 5,000 74.49 2457.78 3 Social Networks
GITHUB 12,725 113.79 234.64 2 Social Networks
IMDB-BINARY 1,000 19.77 96.53 2 Social Networks
REDDIT-BINARY 2,000 429.63 497.75 2 Social Networks
REDDIT-MULTI-5K 4,999 508.52 594.87 5 Social Networks

We use 9 datasets from TUDataset (Morris et al., 2020) for graph classi-418

fication, including MUTUG, PROTEINS, DD, NCI1, COLLAB, GITHUB,419

IMDB-BINARY, REDDIT-BINARY, and REDDIT-MULTI-5K. Their de-420

tailed statistics are shown in Table 2. Following JOAO (You et al., 2021),421

we use the entire dataset to learn graph representations and feed them into422

the downstream classifier using 10-fold cross-validation.423

4.2. Baselines424

For node classification, GMNI is compared to (1) GCL methods without425

data augmentation, including DGI (Velickovic et al., 2019) and GMI (Peng426

et al., 2020). (2) Manual data augmentation GCL methods, including MV-427

GRL (Hassani and Khasahmadi, 2020) and GCA (Zhu et al., 2021). (3)428

Automated data augmentation GCL methods, including AD-GCL (Suresh429

et al., 2021), JOAOv2 (You et al., 2021), and AutoGCL (Yin et al., 2022).430

For graph classification, GMNI is compared to (1) GCL method without431

data augmentation, including InfoGraph (Sun et al., 2019). (2) Manual data432

augmentation GCL methods, including GraphCL (You et al., 2020a), MV-433

GRL, GCA, and HGCL (Ju et al., 2023). (3) Automated data augmentation434

GCL methods, including AD-GCL, JOAOv2, and AutoGCL. (4) A special435

baseline, SEGA (Wu et al., 2023), is orthogonal to previous works on graph436
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The brief introductions of these baselines are as follows.438

• DGI (Velickovic et al., 2019) learns graph representations by maximiz-439

ing mutual information between patch representations and correspond-440

ing high-level graph summaries.441

• GMI (Peng et al., 2020) learns graph representations by maximizing442

mutual information between the input and output of a graph neural443

encoder.444

• InfoGraph (Sun et al., 2019) learns graph representations by maxi-445

mizing mutual information between the graph-level and substructure446

representations at various scales.447

• GraphCL (You et al., 2020a) designs four types of graph augmentations448

for view generation and learns graph representations by maximizing449

mutual information between the view representations.450

• MVGRL (Hassani and Khasahmadi, 2020) learns graph representations451

through contrasting encodings derived from first-order neighbors and452

graph diffusion.453

• GCA (Zhu et al., 2021) introduces an adaptive augmentation method454

for GCL, which integrates diverse priors related to topological and se-455

mantic aspects of the graph.456

• HGCL (Ju et al., 2023) employs node-level contrastive learning, graph-457

level contrastive learning, and mutual contrastive learning to capture458

graph semantics hierarchically. Additionally, the model incorporates a459

Siamese network and momentum update mechanism.460

• AD-GCL (Suresh et al., 2021) learns by optimizing an adversarial graph461

augmentation strategy to avoid capturing redundant information.462

• JOAOv2 (You et al., 2021) proposes a principled bi-level optimization463

framework to learn the selection of DA methods for GCL.464

• AutoGCL (Yin et al., 2022) employs an automated data augmentation465

strategy to integrate a collection of trainable graph view generators,466

each learning a probability distribution over the input graph.467
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accuracy (%) ± std. over 5 runs). OOM indicates Out-Of-Memory on a 32GB GPU. The
highest and second performances are in boldboldbold and underlined, respectively.

Type Model Wiki-CS Amaz-Comp Amaz-Photo Coauthor-CS Coauthor-Phy

w/o GDA DGI 75.35 ± 0.14 83.95 ± 0.47 91.61 ± 0.22 92.15 ± 0.63 94.51 ± 0.52
GMI 74.85 ± 0.08 82.21 ± 0.31 90.68 ± 0.17 OOM OOM

w/ Manual GDA MVGRL 77.52 ± 0.08 87.52 ± 0.11 91.74 ± 0.07 92.11 ± 0.12 95.33 ± 0.03
GCA 78.35 ± 0.05 87.85 ± 0.31 92.53 ± 0.16 93.10 ± 0.01 95.73 ± 0.03

w/ Automated GDA AD-GCL 73.46 ± 0.36 81.32 ± 0.93 88.75 ± 0.92 92.16 ± 0.36 94.57 ± 0.09
JOAO-v2 75.36 ± 0.47 85.96 ± 0.98 91.15 ± 0.55 91.33 ± 0.27 OOM
AutoGCL 73.66 ± 0.59 86.44 ± 1.24 91.98 ± 0.58 92.26 ± 0.32 OOM
GMNIGMNIGMNI 79.19 ± 0.1379.19 ± 0.1379.19 ± 0.13 89.29 ± 0.0589.29 ± 0.0589.29 ± 0.05 93.52 ± 0.3393.52 ± 0.3393.52 ± 0.33 93.61 ± 0.1593.61 ± 0.1593.61 ± 0.15 95.91 ± 0.1095.91 ± 0.1095.91 ± 0.10

• SEGA (Wu et al., 2023) achieves the anchor view for graph contrastive468

learning by minimizing structural entropy, which preserves essential469

information from the input graph.470

4.3. Comparison with baselines471

This section compares GMNI with baselines in unsupervised and semi-472

supervised settings for node and graph classification. The details of the473

experimental setup are provided in Appendix A.474

For the baselines, the experimental results are from the original papers.475

The original papers do not provide results for AD-GCL, JOAOv2, and Auto-476

GCL in unsupervised node classification, nor for GCA in unsupervised graph477

classification. Therefore, we either remove or add a pooling layer to obtain478

their node and graph representations, which are subsequently fed into the479

downstream classifiers. We report the best results for GCA’s 3 variations,480

GCA-DE, GCA-EVC, and GCA-PR.481

Unsupervised learning on node classification.482

Settings. We train GMNI and other baselines using unlabeled data to gen-483

erate representations, then use these representations to train a simple ℓ2-484

regularized logistic regression classifier with a learning rate of 0.01.485

486

Result analysis. Table 3 shows that GMNI achieves outstanding perfor-487

mance on the node classification task. Firstly, it significantly outperforms488

baselines with automated DA. The reason for the improvement is that the489

views, defined by retaining minimal noteworthy information, approximate490
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TUDataset (Morris et al., 2020) (average accuracy (%) ± std. over 5 runs). ‘-’ indicates
that results are unavailable in papers. The highest and second performances are in boldboldbold
and underlined, respectively.

Type Model MUTAG PROTEINS DD NCI1

w/o GDA InfoGraph 89.01 ± 1.13 74.44 ± 0.31 72.85 ± 1.78 76.20 ± 1.06

w/ Manual GDA GraphCL 86.80 ± 1.34 74.39 ± 0.45 78.62 ± 0.40 77.87 ± 0.41
MVGRL 89.70 ± 1.10 - - -
GCA 90.60 ± 0.76 75.53 ± 0.22 79.17 ± 0.39 75.87 ± 0.96
HGCL 90.10 ± 0.80 75.50 ± 0.50 79.20 ± 0.60 -

w/ Automated GDA AD-GCL 89.30 ± 1.50 73.59 ± 0.65 74.49 ± 0.52 69.67 ± 0.51
JOAOv2 87.30 ± 1.00 71.25 ± 0.85 66.91 ± 1.75 72.99 ± 0.75
AutoGCL 88.64 ± 1.08 75.80 ± 0.36 77.57 ± 0.60 82.00 ± 0.29
GMNIGMNIGMNI 91.57 ± 0.5791.57 ± 0.5791.57 ± 0.57 76.58 ± 0.2976.58 ± 0.2976.58 ± 0.29 79.32 ± 0.2679.32 ± 0.2679.32 ± 0.26 83.12 ± 0.2083.12 ± 0.2083.12 ± 0.20

Type Model COLLAB IMDB-B REDDIT-B REDDIT-M-5K

w/o GDA InfoGraph 70.65 ± 1.13 73.03 ± 0.87 82.50 ± 1.42 53.46 ± 1.03

w/ Manual GDA GraphCL 71.36 ± 1.15 71.14 ± 0.44 89.53 ± 0.84 55.99 ± 0.28
MVGRL - 74.20 ± 0.70 84.50 ± 0.60 -
GCA 76.67 ± 0.4376.67 ± 0.4376.67 ± 0.43 74.97 ± 0.40 87.03 ± 0.90 56.04 ± 0.28
HGCL 75.80 ± 0.40 73.90 ± 0.70 - -

w/ Automated GDA AD-GCL 73.32 ± 0.61 71.57 ± 1.01 85.52 ± 0.79 53.00 ± 0.82
JOAOv2 70.40 ± 2.21 71.60 ± 0.86 78.35 ± 1.38 45.57 ± 2.86
AutoGCL 70.12 ± 0.68 73.30 ± 0.40 88.58 ± 1.49 56.75 ± 0.18
GMNIGMNIGMNI 76.19 ± 0.71 75.54 ± 0.2975.54 ± 0.2975.54 ± 0.29 91.29 ± 0.4191.29 ± 0.4191.29 ± 0.41 57.02 ± 0.1457.02 ± 0.1457.02 ± 0.14

the optimal views in InfoMin while other baselines fail to. Utilizing such491

views can prevent the contrastive module from learning nuisance informa-492

tion and make it focuses on noteworthy information, thus achieving better493

performance. Secondly, GMNI outperforms manual augmentation baselines494

on all datasets. GCL methods with manual augmentation heavily rely on495

the predefined DA pool, resulting in a limited approximation of the InfoMin496

principle. Considering factors such as time cost, computational cost, and the497

ability to approximate optimal views in InfoMin, GMNI emerges as a prefer-498

able alternative to GCL with manual GDA. Thus, GMNI liberates GCL from499

the tedious manual selection of DA.500

Unsupervised learning on graph classification.501

Settings. The downstream classifier for graph classification is an SVM with502

parameter C grid searching in [0.001, 0.01, 0.1, 1, 10, 100, 1000].503

Result analysis. Table 4 shows that GMNI achieves the best performance504

on 7 out of 8 datasets and exhibits sub-optimal performance on the remain-505

20



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
ofTable 5: Unsupervised learning performance on graph classification (average accuracy (%)

± std) of SEGA, SEGA in collaboration with SOTAs, and GMNI. The highest and second
performances are in boldboldbold and underlined, respectively.

Model MUTAG PROTEINS DD NCI1

SEGA 90.21 ± 0.66 76.01 ± 0.42 78.76 ± 0.57 79.00 ± 0.72
SEGA+AD-GCL 89.89 ± 0.69 74.61 ± 0.81 75.84 ± 0.64 70.38 ± 0.76
SEGA+JOAOv2 88.53 ± 2.45 75.94 ± 0.88 78.37 ± 1.26 78.04 ± 0.19
SEGA+AutoGCL 89.03 ± 1.01 76.43 ± 0.67 78.31 ± 1.37 81.84 ± 0.53
GMNIGMNIGMNI 91.57 ± 0.5791.57 ± 0.5791.57 ± 0.57 76.58 ± 0.2976.58 ± 0.2976.58 ± 0.29 79.32 ± 0.2679.32 ± 0.2679.32 ± 0.26 83.12 ± 0.2083.12 ± 0.2083.12 ± 0.20

COLLAB IMDB-B REDDIT-B REDDIT-M-5K

SEGA 74.12 ± 0.47 73.58 ± 0.44 90.21 ± 0.65 56.13 ± 0.30
SEGA+AD-GCL 75.03 ± 0.36 72.32 ± 0.49 87.74 ± 0.39 54.29 ± 0.54
SEGA+JOAOv2 72.76 ± 0.27 72.12 ± 0.79 87.98 ± 0.29 56.15 ± 0.29
SEGA+AutoGCL 72.68 ± 0.23 73.95 ± 0.87 89.88 ± 1.21 57.43 ± 0.3757.43 ± 0.3757.43 ± 0.37
GMNIGMNIGMNI 76.19 ± 0.7176.19 ± 0.7176.19 ± 0.71 75.54 ± 0.2975.54 ± 0.2975.54 ± 0.29 91.29 ± 0.4191.29 ± 0.4191.29 ± 0.41 57.02 ± 0.14

ing 1. Furthermore, GMNI outperforms automated DA methods across all506

datasets. The experimental results presented in Table 5 demonstrate that507

GMNI outperforms both SEGA and SEGA with collaborative models on 7508

out of 8 datasets. The results of the graph and node classification tasks509

prove that our strategy of using minimal noteworthy information to approx-510

imate minimal necessary information is effective on different downstream511

tasks. GMNI approximates the optimal views of InfoMin, without requiring512

task-relevant information. Lastly, Table 3 and Table 4 illustrate that meth-513

ods with DA generally outperform methods without DA, highlighting the514

significance of DA in GCL.515

Semi-supervised learning on graph classification.516

Settings. Following AutoGCL (Yin et al., 2022), we perform semi-supervised517

learning on TUDataset using 10-fold cross-validation.518

We apply three methods for GMNI on semi-supervised training: GMNI-519

Label, GMNI-Alter and GMNI-Unlabel-Fint. GMNI-Label is trained and520

tested using 10% labeled data. GMNI-Alter involves several alternate train-521

ing steps, where each step comprises contrastive learning (CL) with 80% un-522

labeled data and fine-tuning (FT) with 10% labeled data. Finally, it is tested523

on 10% labeled data. GMNI-Unlabel-Fint is trained on 80% unlabeled data,524

fine-tuned on 10% labeled data, and tested on 10% labeled data. GMNI-Alter525

alternates between CL and FT in a sequential manner, i.e., (CL1-FT1-CL2-526

FT2-....), whereas GMNI-Unlabel-Fint performs FT after completing CL.527

Result analysis. Table 6 shows that GMNI outperforms baselines on 7 out528
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(%) ± std. over 5 runs). The highest and second performances are in boldboldbold and underlined,
respectively.

Dataset GCA GraphCL JOAOv2 AD-GCL AutoGCL

PROTEINS 73.85 ± 5.56 74.21 ± 4.50 73.31 ± 0.48 73.96 ± 0.47 75.65 ± 2.40
DD 76.74 ± 4.09 76.65 ± 5.12 75.81 ± 0.73 77.91 ± 0.73 77.50 ± 4.41
NCI1 68.73 ± 2.36 73.16 ± 2.90 74.86 ± 0.39 75.18 ± 0.31 73.75 ± 2.25
COLLAB 74.32 ± 2.30 75.50 ± 2.15 75.53 ± 0.18 75.82 ± 0.26 77.16 ± 1.48
GITHUB 59.24 ± 3.21 63.51 ± 1.02 66.66 ± 0.60 - 62.46 ± 1.51
IMDB-B 73.70 ± 4.88 68.10 ± 5.15 - - 71.90 ± 4.79
REDDIT-B 77.15 ± 6.96 78.05 ± 2.65 88.79 ± 0.65 90.10 ± 0.1590.10 ± 0.1590.10 ± 0.15 79.80 ± 3.47
REDDIT-M-5K 32.95 ± 10.89 48.09 ± 1.74 52.71 ± 0.28 53.49 ± 0.28 49.91 ± 2.70

Dataset SEGA GMNI-LabelGMNI-LabelGMNI-Label GMNI-AlterGMNI-AlterGMNI-Alter GMNI-Unlabel-FintGMNI-Unlabel-FintGMNI-Unlabel-Fint Ranks

PROTEINS 74.65 ± 0.54 78.31 ± 1.3178.31 ± 1.3178.31 ± 1.31 76.46 ± 0.67 74.71 ± 0.59 1
DD 76.33 ± 0.43 80.69 ± 0.4780.69 ± 0.4780.69 ± 0.47 79.30 ± 1.04 76.38 ± 0.91 1
NCI1 75.09 ± 0.22 76.43 ± 0.5076.43 ± 0.5076.43 ± 0.50 76.13 ± 0.59 74.32 ± 0.19 1
COLLAB 75.18 ± 0.22 75.56 ± 0.30 78.50 ± 0.4878.50 ± 0.4878.50 ± 0.48 77.21 ± 0.47 1
GITHUB 66.01 ± 0.66 65.62 ± 0.15 68.46 ± 0.2368.46 ± 0.2368.46 ± 0.23 66.32 ± 0.41 1
IMDB-B - 74.16 ± 0.5774.16 ± 0.5774.16 ± 0.57 71.96 ± 0.84 69.66 ± 1.00 1
REDDIT-B 89.40 ± 0.23 82.68 ± 0.57 87.96 ± 0.35 85.91 ± 1.94 4
REDDIT-M-5K 53.73 ± 0.28 50.16 ± 0.77 53.96 ± 0.5153.96 ± 0.5153.96 ± 0.51 52.77 ± 0.57 1

of 8 datasets and gets an average rank of 1.38. Intriguingly, unlabeled data is529

not always effective, as the performance of GMNI-Unlabel-Fint is sometimes530

worse than that of GMNI-Label, which is trained with only 10% labeled data.531

Using labels directly to fine-tune the model, which was initially trained with532

unlabeled data, can interfere with the already learned distribution, resulting533

in a performance loss. GMNI-Alter outperforms GMNI-Unlabel-Fint by us-534

ing unlabeled and labeled data alternately. The alternating training of CL535

and FT helps alleviate the divergence of learned knowledge between unla-536

beled and labeled data, promoting mutual learning between the two sources.537

GMNI’s performance on REDDIT-BINARY is inferior to the two baseline538

methods due to the limited generalization ability of the shared view gener-539

ator across all graphs. Thus, training a dedicated view generator for each540

batch can significantly boost performance, with scores of GMNI-Label at541

91.10±0.36 (Rank 1), GMNI-Alter at 89.28±1.83, and GMNI-Unlabel-Fint542

at 88.35±0.23. However, due to computational constraints, we do not imple-543

ment this training strategy in practice.544

4.4. Ablation studies545

Ablation studies on 10 datasets, conducted with identical hyperparame-546

ters, are presented in Table 7 and Figure 4 to validate the rationale behind547
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GMNI-UniE-F, GMNI-E-UniF, and GMNI are one group of ablation experiments, while
GMNI-Simp, GMNI-ViewM, GMNI-Simult, and GMNI are another group of ablation
experiments. The highest performance on the first and the second ablation group are
underlined and in boldboldbold, respectively.

Dataset GMNI-Uni GMNI-UniE-F GMNI-E-UniF GMNI

Wiki-CS 79.30 ± 0.00 76.43 ± 0.15 79.16 ± 0.07 79.29 ± 0.05
Amazon-Computers 88.12 ± 0.25 86.74 ± 0.28 88.87 ± 0.17 89.29 ± 0.08
Amazon-Photo 93.27 ± 0.47 91.21 ± 0.49 93.57 ± 0.26 93.68 ± 0.35
Coauthor-CS 93.32 ± 0.05 93.41 ± 0.10 93.33 ± 0.02 93.62 ± 0.10

MUTUG 90.79 ± 0.28 91.13 ± 0.77 90.24 ± 0.42 91.83 ± 0.62
PROTEINS 76.28 ± 0.09 75.17 ± 0.37 76.25 ± 0.51 76.61 ± 0.37
DD 79.37 ± 0.59 76.62 ± 0.48 79.62 ± 0.09 79.43 ± 0.34
COLLAB 72.30 ± 1.06 74.00 ± 0.28 77.02 ± 1.46 76.08 ± 0.86
IMDB-B 75.20 ± 0.70 72.67 ± 0.06 75.07 ± 0.76 75.70 ± 0.26
REDDIT-B 90.05 ± 0.61 92.00 ± 0.48 90.05 ± 0.30 91.25 ± 0.75

Dataset GMNI-Simp GMNI-ViewM GMNI-Simult GMNI

Wiki-CS 79.10 ± 0.15 79.34 ± 0.0579.34 ± 0.0579.34 ± 0.05 79.13 ± 0.12 79.29 ± 0.05
Amazon-Computers 89.12 ± 0.16 89.04 ± 0.08 89.00 ± 0.32 89.29 ± 0.0889.29 ± 0.0889.29 ± 0.08
Amazon-Photo 93.65 ± 0.32 93.44 ± 0.39 93.80 ± 0.2793.80 ± 0.2793.80 ± 0.27 93.68 ± 0.35
Coauthor-CS 93.44 ± 0.08 93.48 ± 0.02 93.39 ± 0.12 93.62 ± 0.1093.62 ± 0.1093.62 ± 0.10

MUTUG 91.53 ± 1.02 90.45 ± 0.54 91.35 ± 0.61 91.83 ± 0.6291.83 ± 0.6291.83 ± 0.62
PROTEINS 76.49 ± 0.19 76.53 ± 0.28 77.30 ± 0.2177.30 ± 0.2177.30 ± 0.21 76.61 ± 0.37
DD 79.20 ± 0.22 79.00 ± 0.38 78.83 ± 0.05 79.43 ± 0.3479.43 ± 0.3479.43 ± 0.34
COLLAB 70.39 ± 0.95 75.91 ± 0.10 74.12 ± 0.63 76.08 ± 0.8676.08 ± 0.8676.08 ± 0.86
IMDB-B 70.23 ± 1.50 75.33 ± 1.07 75.60 ± 0.66 75.70 ± 0.2675.70 ± 0.2675.70 ± 0.26
REDDIT-B 91.63 ± 0.2591.63 ± 0.2591.63 ± 0.25 90.90 ± 0.38 89.92 ± 0.40 91.25 ± 0.75

the components of GMNI. Table 8 provides a comparison to clearly illustrate548

the differences between the variants of GMNI.549

Effectiveness of automated view generator.550

Settings. We use 6 variants to verify the effectiveness of the generator.551

GMNI-Uni employs uniformly distributed edge and feature importance. GMNI-552

UniE-F employs uniformly distributed edge importance but retains the auto-553

mated generation of feature importance. GMNI-E-UniF employs uniformly554

distributed feature importance but retains the automated generation of edge555

importance. The previously mentioned variants perform DA on both topol-556

ogy and features simultaneously. GMNI-F masks only features based on au-557

tomatically generated feature importance, while GMNI-E drops only edges558

based on automatically generated edge importance. GMNI-EF applies masks559

separately to edges and features in two views according to automatically gen-560

erated importance.561
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Figure 4: Ablation studies on GMNI (average accuracy (%) over 3 runs). GMNI-F, GMNI-
E, GMNI-EF, GMNI-SoftF, GMNI-SoftE, and GMNI-SoftESoftF are different variations
of GMNI.

Table 8: Different variations of GMNI for ablation studies.
GMNI-UniE-F GMNI-F GMNI-E-UniF GMNI-E GMNI-EF

View1 Edge Uniform Distribution None Edge Importance Edge Importance None
View1 Feat Feature Importance Feature Importance Uniform Distribution None Feature Importance
View2 Edge Uniform Distribution None Edge Importance Edge Importance Edge Importance
View2 Feat Feature Importance Feature Importance Uniform Distribution None None

GMNI-SoftF GMNI-SoftE GMNI-SoftESoftF GMNI

View1 Edge Edge Importance Soft Edges Soft Edges Edge Importance
View1 Feat Soft Features Feature Importance Soft Features Feature Importance
View2 Edge Edge Importance Soft Edges Soft Edges Edge Importance
View2 Feat Soft Features Feature Importance Soft Features Feature Importance

Result analysis. According to Table 7, GMNI outperforms GMNI-Uni on562

all datasets except Wiki-CS, and performs similarly on Wiki-CS, demonstrat-563

ing the effectiveness of the automated view generator. GMNI outperforms564

GMNI-UniE-F on 9 datasets and outperforms GMNI-E-UniF on 8 datasets.565

The results indicate that combining edge and feature importance is more566

effective than using only one. According to Figure 4, the performance of567

GMNI-F, GMNI-E, and GMNI-EF is inferior to that of GMNI. Therefore,568

GDA should simultaneously incorporate topological and feature augmenta-569

tion on both views to achieve optimal performance.570
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Figure 5: Graph classification performance of GMNI with different ps1 and ps2 on
REDDIT-BINARY.

Effectiveness of randomness.571

Settings. We employ 3 variations to validate the rationality of introduc-572

ing randomness in view generation. GMNI-SoftE denotes a GMNI variant573

that uses edge importance as soft edges, while GMNI-SoftF signifies a vari-574

ant that uses feature importance as soft features. GMNI-SoftE and GMNI-575

SoftF eliminate randomness from topology and feature data augmentation,576

respectively. GMNI-SoftESoftF combines both soft edges and soft features,577

removing randomness from both topology and feature data augmentation.578

579

Result analysis. According to Figure 4, the experimental results indi-580

cate that GMNI outperforms both GMNI-SoftE and GMNI-SoftF, while581

GMNI-SoftE and GMNI-SoftF outperform GMNI-SoftESoftF. It indicates582

that GMNI, which incorporates randomness in both feature and topology583

DA, performs the best, while GMNI-SoftESoftF, which removes all random-584

ness, performs the worst.585

Rationality of max-min optimization.586

Settings. We employ 3 variations to validate the rationality of adversar-587

ial optimization in the automated view generator. GMNI-Simp replaces the588

learnable GCN encoder in the view generator with a parameterless GCN, i.e.,589

W = I. GMNI-ViewM optimizes the view generator through max-max op-590

timization. GMNI-Simult trains the view generator and comparison module591

simultaneously, using the GNN encoder from the view comparison module592

as the GNN encoder for the view generator.593
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Figure 6: Node and graph classification performance of GMNI with different λ.

Result analysis. According to Table 7, the following conclusions can be594

drawn. Firstly, GMNI performs better than GMNI-Simp on 9 datasets, prov-595

ing that the learnable GCN encoder in the generator is effective. Secondly,596

GMNI outperforms GMNI-ViewM on 9 datasets, showing that the GNN597

encoder and the projection head trained by minimizing are better than max-598

imizing. Minimizing the objective results in an aggressive graph encoder and599

projection head, which contribute to producing a more generalized impor-600

tance graph and a more precise approximation of InfoMin’s optimal views.601

Finally, GMNI beats GMNI-Simult on 8 datasets, as training the view gen-602

erator and the comparison module simultaneously prevents the generation of603
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and InfoMax across 13 datasets (average accuracy (%) ± std. over 3 runs). The highest
performance is indicated in boldboldbold.

Dataset ℓ2 Distance Cosine Similarity InfoMax

Wiki-CS 75.69 ± 0.21 77.28 ± 0.11 79.19 ± 0.13
Amazon-Computers 66.85 ± 0.89 85.87 ± 0.57 89.29 ± 0.05
Amazon-Photo 84.07 ± 0.68 91.66 ± 0.24 93.52 ± 0.33
Coauthor-CS 89.22 ± 0.58 93.42 ± 0.05 93.61 ± 0.15
Coauthor-Physics 85.75 ± 0.93 95.79 ± 0.03 95.91 ± 0.10

MUTAG 90.62 ± 0.26 91.51 ± 0.39 91.57 ± 0.57
PROTEINS 76.01 ± 0.26 76.28 ± 0.25 76.58 ± 0.29
DD 77.70 ± 0.21 77.54 ± 0.20 79.32 ± 0.26
NCI1 79.91 ± 0.36 81.33 ± 0.10 83.12 ± 0.20
COLLAB 69.75 ± 0.27 73.99 ± 0.44 76.19 ± 0.71
IMDB-B 72.77 ± 0.17 73.17 ± 0.33 75.54 ± 0.29
REDDIT-B 87.65 ± 0.50 88.37 ± 0.49 91.29 ± 0.41
REDDIT-M-5K 54.05 ± 0.34 53.71 ± 0.53 57.02 ± 0.14

superior views and representations. The view generator emphasizes remain-604

ing noteworthy information and discarding nuisance information, whereas605

the comparison module highlights the quality of the graph encoder. They606

impede each other when training together.607

608

Effectiveness of InfoMax.609

Settings. First, we use two variants to validate the rationale of InfoMax by610

modifying the optimization objectives in the GMNI view comparison module611

to ℓ2 distance minimization and cosine similarity maximization. Second, Info-612

Max consists of two parts: pulling the representations of the same node closer613

and pushing those of different nodes further apart. Thus, we decompose this614

objective into two distinct optimization goals: one for solely maximizing the615

similarity between representations of the same node, and another for solely616

minimizing the similarity between representations of different nodes.617

Result analysis. First, the experimental results in Table 9 demonstrate618

that InfoMax consistently outperforms both ℓ2 distance and cosine similar-619

ity. Second, the experimental results in Table 10 indicate that InfoMax is620

optimal. Focusing solely on bringing representations of the same node closer621

may cause all representations to converge into a uniform state, while solely622

pushing representations of different nodes apart may result in overly dis-623

persed representations, failing to achieve the classification goal.624
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accuracy (%) ± std. over 3 runs). The highest performance is indicated in boldboldbold.

Dataset OnlyClose OnlyFar InfoMax

Wiki-CS 75.47 ± 0.03 77.28 ± 0.11 79.19 ± 0.13
Amazon-Computers 66.84 ± 0.88 85.87 ± 0.57 89.29 ± 0.05
Amazon-Photo 84.07 ± 0.69 91.66 ± 0.24 93.52 ± 0.33
Coauthor-CS 89.30 ± 0.60 93.42 ± 0.05 93.61 ± 0.15
Coauthor-Physics 85.89 ± 0.91 95.79 ± 0.03 95.91 ± 0.10

MUTAG 90.61 ± 0.27 91.51 ± 0.39 91.57 ± 0.57
PROTEINS 75.35 ± 0.79 76.28 ± 0.25 76.58 ± 0.29
DD 77.14 ± 0.63 77.54 ± 0.20 79.32 ± 0.26
NCI1 80.84 ± 0.24 81.33 ± 0.10 83.12 ± 0.20
COLLAB 69.45 ± 0.23 73.99 ± 0.44 76.19 ± 0.71
IMDB-B 73.10 ± 0.24 73.17 ± 0.33 75.54 ± 0.29
REDDIT-B 86.45 ± 0.57 88.37 ± 0.49 91.29 ± 0.41
REDDIT-M-5K 52.32 ± 0.75 53.71 ± 0.53 57.02 ± 0.14

4.5. Additional experiments625

Hyperparameter analysis. We analyze critical hyperparameters ps1, ps2 of GMNI.626

To simplify the analysis, ps1 and ps2 of the two views are set to be identical,627

and they are utilized to adjust the overall drop rate of edges and the overall628

mask rate of features. ps1 and ps2 are selected from [0.0, 0.1, 0.3, 0.5, 0.7,629

0.9, 1.0]. The results are shown in Figure 5.630

Firstly, it can be observed that GMNI is more sensitive to ps1 than ps2;631

altering ps1 results in a more noticeable performance change. This observa-632

tion suggests that topology information plays a more crucial role in GMNI633

than feature information. Secondly, it is worth noting that excessively large634

values of ps1 or ps2 have a detrimental effect on performance. When ps1 be-635

comes excessively large, the topology information of the graph is almost com-636

pletely destroyed, resulting in isolated nodes that lack connections. When637

ps2 becomes excessively large, the graph almost degenerates into a featureless638

graph. The performance tends to be extremely poor when both are large.639

Thirdly, points in Figure 5 surrounding (0,0) perform better than (0,0). This640

observation suggests that utilizing importance to generate views, even with641

small drop or mask rates, is more advantageous than solely employing the642

original graph for comparison.643

Subsequently, we analyze the hyperparameter λ used for regularization.644

The results are shown in Figure 6. Firstly, the model’s performance deteri-645

orates when the regularization weight λ is set to zero. This occurs because646
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(b) Feature importance visualization. 100 dimensions from the features
are selected at random for display.

Figure 7: DEGREE, PR, and EVC are degree, PageRank and eigenvector centrality,
respectively.

of the absence of the ‘minimal condition’ required for ‘minimal noteworthy647

information,’ resulting in excessive redundant information in the views. Sec-648

ondly, on the MUTAG and DD datasets, we observe a decrease in model649

performance with a large regularization weight λ. This is attributed to the650

overly restrictive constraints on Pf and Pe, which hinder the inclusion of651

noteworthy information in the importance graph.652

Importance visualization. Centrality reflects the significance of a node in a653

graph. In GCA, edge and feature importance are defined by degree, PageR-654

ank, and eigenvector centrality. To demonstrate the reasonableness of the655

importance gained by GMNI, we visualize the importance defined by those656

centralities and obtained by GMNI on a graph of MUTAG. MUTAG is a657

collection of nitroaromatic compounds, where the graph’s vertices stand for658

atoms, and the edges between vertices represent bonds between the corre-659
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Figure 8: t-SNE visualization of raw features and node representations on Amazon-Photo.
Different colors represent different node classes.

sponding atoms. In Figure 7(b), the feature importance gained by GMNI660

aligns with those acquired by centrality, demonstrating the rationality of the661

automatically generated importance.662

Embedding visualization. To demonstrate the quality of the representations,663

we employ two components PCA (Abdi andWilliams, 2010) and t-SNE (Van der664

Maaten and Hinton, 2008) to visualize the raw features and representations665

of AD-GCL, JOAOv2, AutoGCL, and GMNI on Amazon-Photo. Figure 8666

demonstrates that GMNI achieves a more distinct classification boundary,667

showcasing the superior representations learned by GMNI. These represen-668

tations prove to be effective for the downstream classification task.669

5. Conclusion670

In this paper, we propose GMNI, a novel GCL method featuring auto-671

mated DA. GMNI approximates InfoMin’s optimal views by replacing min-672

imal necessary information with minimal noteworthy information, without673

requiring task-relevant information. Applying InfoMax to these views can674

avoid the risk of redundant information and insufficient information. In ad-675

dition, GMNI introduces randomness to augmentation, thus enhancing view676

diversity and stabilizing the model against perturbations. Extensive experi-677

ments on node and graph classification tasks demonstrate GMNI’s superior-678

ity, which outperforms both automated and manual DA GCL methods.679

In the future, we will further validate the effectiveness of our approx-680

imate optimal views on more downstream tasks and the strong correlation681

between noteworthy and necessary information. Furthermore, approximating682

InfoMin’s optimal views in the spectral domain is another promising research683

approach.684
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Appendix A. Experimental settings697

Table A.11 details the hyperparameters of GMNI for unsupervised node698

classification. The GNN encoder and projection head of the view generator699

have the same hidden dimensions as the GCN, and the projection head is700

1-layer. The GNN encoder of the view comparison module is 2-layer, and701

the projection head is 1-layer.702

Table A.12 details the hyperparameters of GMNI for unsupervised graph703

classification. The projection head of the view generator is 2-layer, whereas704

the view comparison uses a single layer.705

For semi-supervised learning, we follow AutoGCL (Yin et al., 2022) and706

use ResGCN (Chen et al., 2019) with a hidden size of 128 as the GNN encoder707

for view comparison. All other hyperparameters remain the same as those708

used for unsupervised graph classification. For GITHUB, the parameters are709

set as follows: (view 1 ps1, view 2 ps1, view 1 ps2, view 2 ps2) = (0.3, 0.2,710

0.3, 0.2). The GNN encoder in the view comparison module has a hidden711

dimension of 64 and is 3-layer. The learning rate for both the view generator712

and the view comparison module is set to 0.01.713

In GMNI, the sum of node representations of the two views and the orig-714

inal graph: fn(G1) + fn(G2) + 2 ∗ fn(G) or the sum of node representations715

of the two views: fn(G1) + fn(G2) is used for node classification, considering716
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ofTable A.11: Hyperparameters of GMNI for unsupervised node classification. We substitute

‘dim’ for ‘dimension’ and ‘proj’ for ‘projection head.’ The symbol ” is the ditto mark.
GMNI
View Generator

GCN
hidden dim

hψ
structure

hϕ
structure

GNN
#layers

τ λ activation
learning
rate

Wiki-CS 128 1 1 1 1 5 PReLU 0.001
Amazon-Computers 128 64-1 32-1 2 ” 5 RReLU 0.001
Amazon-Photo 256 128-1 64-1 2 ” 5 ReLU 0.001
Coauthor-CS 512 256-1 64-1 1 ” 5 RReLU 0.001
Coauthor-Physics 128 64-1 32-1 2 ” 0.5 RReLU 0.01

GMNI
View Comparison

view 1 ps1 view 2 ps1 view 1 ps2 view 2 ps2 pt
GNN

hidden dim
GNN

#layers
proj

hidden dim
ϵ

learning
rate

Wiki-CS 0.2 0.4 0.1 0.1 0.6 128 2 128 0.4 0.01
Amazon-Computers 0.6 0.3 0.2 0.1 0.7 128 ” 128 0.2 0.001
Amazon-Photo 0.3 0.5 0.1 0.1 0.7 256 ” 64 0.3 0.001
Coauthor-CS 0.1 0.1 0.3 0.2 0.7 256 ” 256 0.4 0.0001
Coauthor-Physics 0.4 0.4 0.1 0.4 0.7 128 ” 64 0.5 0.001

Table A.12: Hyperparameters of GMNI for unsupervised graph classification. We substi-
tute ‘VG’ for ‘View Generator’, and ‘VC’ for ‘View Comparison.’

GMNI
VG’s GCN
hidden dim

VG’s hψ
structure

VG’s hϕ
structure

VG’s GNN
#layers

τ λ activation
VG’s

learning rate

All Datasets 64 32-1 16-1 1 1 5 ReLU 0.001

view 1 ps1 view 2 ps1 view 1 ps2 view 2 ps2 pt
VC’s GNN
hidden dim

VC’s GNN
#layers

ϵ
VC’s

learning rate

MUTAG 0.3 0.2 0.3 0.2 0.7 64 5 0.2 0.001
PROTEINS 0.3 0.2 0.3 0.2 ” 128 5 ” ”
DD 0.3 0.2 0.3 0.2 ” 128 5 ” ”
NCI1 0.1 0.2 0.4 0.2 ” 128 5 ” ”
COLLAB 0.3 0.2 0.3 0.2 ” 64 2 ” ”
IMDB-B 0.3 0.2 0.3 0.2 ” 128 5 ” ”
REDDIT-B 0.3 0.2 0.3 0.2 ” 64 2 ” ”
REDDIT-M-5K 0.4 0.2 0.3 0.2 ” 128 5 ” ”

Table A.13: Average training time per epoch of GCL methods with automated DA.
Dataset AD-GCL JOAOv2 AutoGCL GMNI VG GMNI VC

Wiki-CS 0.37 ± 0.09 1.53 ± 0.15 0.29 ± 0.09 0.26 ± 0.03 0.10 ± 0.00
Amaz-Comp 0.42 ± 0.09 2.28 ± 0.12 0.40 ± 0.08 0.42 ± 0.05 0.13 ± 0.00
Amaz-Photo 0.29 ± 0.10 0.94 ± 0.10 0.27 ± 0.08 0.33 ± 0.06 0.06 ± 0.00
Coauthor-CS 0.76 ± 0.12 7.25 ± 0.28 2.01 ± 0.84 1.53 ± 0.05 0.48 ± 0.01
Coauthor-Phy 0.40 ± 0.16 - - 2.53 ± 0.20 0.93 ± 0.04

MUTAG 0.27 ± 0.00 7.83 ± 0.17 0.06 ± 0.00 0.03 ± 0.00 0.03 ± 0.00
PROTEINS 1.76 ± 0.15 15.99 ± 0.96 0.54 ± 0.17 0.24 ± 0.02 0.15 ± 0.02
DD 2.52 ± 0.22 171.16 ± 2.73 0.71 ± 0.15 4.33 ± 0.13 3.96 ± 0.05
NCII 6.82 ± 0.54 106.52 ± 1.98 1.10 ± 0.04 0.66 ± 0.04 0.49 ± 0.02
COLLAB 13.78 ± 1.47 419.96 ± 10.61 2.58 ± 0.41 8.01 ± 0.07 3.66 ± 0.05
IMDB-B 1.48 ± 0.01 11.95 ± 0.53 0.26 ± 0.03 0.19 ± 0.02 0.10 ± 0.00
RDT-B 4.79 ± 0.41 153.11 ± 6.83 1.09 ± 0.09 1.55 ± 0.05 0.44 ± 0.01
RDT-M-5K 12.85 ± 1.73 520.64 ± 27.55 3.37 ± 0.46 2.47 ± 0.07 2.14 ± 0.02

that incorporating view representations can lead to more generalized repre-717

sentations. Graph representations {fg(Gi), i = 1, ..., Q} are used for graph718
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2010) and Adam optimizer (Kingma and Ba, 2014) are utilized.720

All our experiments are conducted on four Tesla V100-SXM2 (32GB)721

with Intel(R) Xeon(R) Gold 6248 CPU @ 2.50GHz, four NVIDIA GeForce722

RTX 2080 Ti (11GB) with Intel(R) Xeon(R) CPU E5-1650 v4 @ 3.60GHz,723

and two TITAN Xp (12GB) GPUs with Intel(R) Xeon(R) CPU E5-2643 v4724

@ 3.40GHz. Python version is 3.8.8, and PyTorch version is 1.12.0+cu102.725

Appendix B. Notations and abbreviations726

Notation Meaning

G The graph.
V = {v1, ..., vN} The set of nodes.
E = {ε1, ..., εM} The set of edges.
XXX = {xxx1, ...,xxxN} ∈ RN×F The feature matrix. F is the feature dimension.
AAA ∈ {0, 1}N×N : AAAij = I((vi, vj) ∈ E) The adjacency matrix.
DDD: DDDii =

∑
jAAAij The degree matrix.

fn : G → RN×d The encoder for node classification. d is
the output dimension.

fg : Gi → Rd The encoder for graph classification.
PPP e ∈ RM×1 The edge importance.
PPP f ∈ RF×1 The feature importance.
PPPn ∈ RN×1 The node importance.

ÃAA The adjacency matrix with edge importance.

X̃XX The feature matrix with feature importance.

G̃ = T (G) = (ÃAA,X̃XX) The importance graph. T is the transformation

function that maps G to G̃.
|T (G)| The normalized sum of edge importance and

feature importance.
ζ The mutual information lower bound of

our objective.
I The noteworthy information.
WWW The parameter matrix of the GCN.
EEE The node representation.
σ(·) The activation function.
hϕ,hψ Simple MLPs.
τ, ϵ The temperature parameter.
Gumbel(·) The Gumbel-Max reparametrization function.
η A random variable following the uniform

distribution (0, 1).
gξ(·) A 1- or 2- layer MLP as the projection head.
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λ The regularization weight.

Î(·; ·) The mutual information estimator.
PPP d,ε The edge drop rate.
PPP d,f The feature mask rate.
MMM ∈ RN×F The mask matrix.
G1 : (AAA1,XXX1),G2 : (AAA2,XXX2) Two views.
ps1 The hyperparameter used to adjust

the overall drop rate of edges.
ps2 The hyperparameter used to adjust

the overall mask rate of features.
pt The hyperparameter used to truncate the

drop rate of edges and features.
gn, gg Projection heads.

Abbreviation Expanded Version

CL Contrastive Learning
GCL Graph Contrastive Learning
DA Data Augmentation
GDA Graph Data Augmentation
MI Mutual Information
MNI Minimal Noteworthy Information

Appendix C. Algorithm727

Algorithm 1 describes the details of the automated graph view generator728

for GMNI. Algorithm 2 and 3 describe the details of the view comparison729

module for GMNI on node and graph classification, respectively.730

For a graph with N nodes, F features, and M edges, the view generator731

of GMNI requires O(N2F +(M +N)F 2) floating-point operations (FLOPs),732

while the view comparison requires O(N2F +NF 2) FLOPs. The FLOPs of733

AD-GCL, JOAOv2, and AutoGCL are O(N2F + (M + N)F 2), O(N2F +734

NF 2), and O(N2F +NF 2), respectively. Thus, GMNI’s view generator has735

an asymptotic complexity comparable to that of AD-GCL, and GMNI’s view736

comparison has an asymptotic complexity comparable to that of JOAO and737

AutoGCL.738

Table A.13 illustrates the average training time per epoch for various739

GCL methods with automated DA on a Tesla V100-SXM2 (32GB). GMNI is740

efficient in terms of computing resources and time. Firstly, the view gener-741

ator training can be completed in a relatively small number of epochs. Sec-742

ondly, the view comparison module in GMNI focuses solely on maximization,743
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processes.745
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Require: graph G = (A,X); edge set E , |E| = M ; feature dimension F ;
GCN encoder fW(·); feature importance MLP hϕ(·); edge importance
MLP hψ(·); Gumbel-Max function Gumbel(·); GNN encoder fθ(·); pro-
jection head gξ(·); mutual information estimator Î(·; ·).

HyperParas: regularization weight λ; scale parameters for view 1 and view
2 p1,s1, p2,s1, p1,s2, p2,s2; truncate parameter pt; learning rate α.

Ensure: view 1 G1 = (A1,X1); view 2 G2 = (A2,X2).
1: for ep in #epochs do
2: E = fW(A,X);
3: Pn = Gumbel(hϕ(E));
4: Pf = XTPn;
5: for ∀εk ∈ E do
6: pe,k = Gumbel(hψ([E[vi];E[vj]])), εk = (vi, vj);
7: end for
8: Pe = [pe,1, ...,pe,M ]T ;
9: Broadcast Pf ∈ RF×1 to P′

f ∈ RN×F ;

10: X̃ = X⊙P′
f ;

11: Derive Ã via Pe;
12: G̃ = (Ã, X̃);
13: L = −Î(gξ(fθ(G)); gξ(fθ(G̃)));
14: R =

∑F
i=1 P

(i)
f

F
+

∑M
i=1 P

(i)
e

M
;

/* Update the importance learner */
15: W←W− α∇W(L+ λ ∗ R);
16: ϕ← ϕ− α∇ϕ(L+ λ ∗ R);
17: ψ ← ψ − α∇ψ(L+ λ ∗ R);

/* Update the GNN encoder and projection head */
18: θ ← θ + α∇θ(L);
19: ξ ← ξ + α∇ξ(L);
20: end for
21:

Pd,ε = [pd,ε1 , ..., pd,εM ] = min

(
Pmax
e −Pe

Pmax
e −Pavg

e

· p1,s1, pt
)
;

22: Sample pεk from Bernoulli(1− pd,εk), k = 1, ...,M ;
23: Use pεk , k = 1, ...,M to generate A1;
24:

Pd,f = [pd,f1 , ..., pd,fF ] = min

(
Pmax
f −Pf

Pmax
f −Pavg

f

· p1,s2, pt
)
;

25: Sample pfk from Bernoulli(1− pd,fk), k = 1, ..., F ;
26: Use pfk , k = 1, ..., F to generate X1;
27: Generate A2,X2 similarly;
28: return G1 = (A1,X1); G2 = (A2,X2);
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Input: graph G; GNN encoder fω(·); projection head gρ(·); mutual infor-

mation estimator Î(·; ·).
HyperParas: learning rate β.
Ensure: trained fω(·).
1: (G1,G2) = Algorithm 1 (G);
2: for ep in #epochs do
3: L = −Î(gρ(fω(G1)); gρ(fω(G2)));
4: ω ← ω − β∇ωL; ρ← ρ− β∇ρL;
5: end for
6: return trained fω(·);

Algorithm 3 View comparison module for graph classification

Input: graph set {Gi}, i = 1, ..., Q; GNN encoder fω(·); projection head
gρ(·); mutual information estimator Î(·; ·).

HyperParas: learning rate β; batch size B; number of batches BN .
Ensure: trained fω(·).
1: for i = 1 to BN do
2: for Gj in sampled minibatch {Gj}Bj=1 do
3: (Gi,(j,1),Gi,(j,2)) = Algorithm 1 (Gi,j);
4: end for
5: end for
6: for ep in #epochs do
7: for i = 1 to BN do
8: L = − 1

B

∑B
j=1 Î(gρ(fω(Gi,(j,1))); gρ(fω(Gi,(j,2))));

9: ω ← ω − β∇ωL; ρ← ρ− β∇ρL;
10: end for
11: end for
12: return trained fω(·);

37



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
ofReferences746

J. Devlin, Bert: Pre-training of deep bidirectional transformers for language747

understanding, arXiv preprint arXiv:1810.04805 (2018).748

G. Zhou, S. Bu, T. Kirubarajan, Simultaneous spatiotemporal bias com-749

pensation and data fusion for asynchronous multisensor systems, Chinese750

Journal of Information Fusion 1 (2024) 16–32.751

H. Fan, D. Lu, Y. Jiang, A. J. Lilienthal, Extraction of motion information752

from occupancy grid map using keystone transform, Chinese Journal of753

Information Fusion 1 (2024) 63–78.754

W. Ju, Y. Gu, X. Luo, Y. Wang, H. Yuan, H. Zhong, M. Zhang, Unsu-755

pervised graph-level representation learning with hierarchical contrasts,756

Neural Networks 158 (2023) 359–368.757

Y. Liu, Y. Zheng, D. Zhang, V. C. Lee, S. Pan, Beyond smoothing: Un-758

supervised graph representation learning with edge heterophily discrimi-759

nating, in: Proceedings of the AAAI conference on artificial intelligence,760

volume 37, 2023, pp. 4516–4524.761

Y. Mo, L. Peng, J. Xu, X. Shi, X. Zhu, Simple unsupervised graph repre-762

sentation learning, in: Proceedings of the AAAI Conference on Artificial763

Intelligence, volume 36, 2022, pp. 7797–7805.764

S. Xiao, S. Wang, Y. Dai, W. Guo, Graph neural networks in node classifi-765

cation: survey and evaluation, Machine Vision and Applications 33 (2022)766

1–19.767

F.-Y. Sun, J. Hoffmann, V. Verma, J. Tang, Infograph: Unsupervised and768

semi-supervised graph-level representation learning via mutual information769

maximization, arXiv preprint arXiv:1908.01000 (2019).770

E. Pan, Z. Kang, Multi-view contrastive graph clustering, Advances in neural771

information processing systems 34 (2021) 2148–2159.772

M. Lin, T. Xiao, E. Dai, X. Zhang, S. Wang, Certifiably robust graph773

contrastive learning, in: A. Oh, T. Naumann, A. Globerson, K. Saenko,774

M. Hardt, S. Levine (Eds.), Advances in Neural Information Processing775

Systems, volume 36, Curran Associates, Inc., 2023, pp. 17008–17037.776

38



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
ofJ. Chen, G. Kou, Attribute and structure preserving graph contrastive learn-777

ing, in: Proceedings of the AAAI Conference on Artificial Intelligence,778

volume 37, 2023, pp. 7024–7032.779

X. Gong, C. Yang, C. Shi, Ma-gcl: Model augmentation tricks for graph780

contrastive learning, in: Proceedings of the AAAI Conference on Artificial781

Intelligence, volume 37, 2023, pp. 4284–4292.782

Y. You, T. Chen, Y. Shen, Z. Wang, Graph contrastive learning auto-783

mated, in: International Conference on Machine Learning, PMLR, 2021,784

pp. 12121–12132.785

K. Ding, Z. Xu, H. Tong, H. Liu, Data augmentation for deep graph learning:786

A survey, ACM SIGKDD Explorations Newsletter 24 (2022) 61–77.787

P. Mishra, A. Piktus, G. Goossen, F. Silvestri, Node masking: Making graph788

neural networks generalize and scale better, CoRR abs/2001.07524 (2020).789

arXiv:2001.07524.790

P. Velickovic, W. Fedus, W. L. Hamilton, P. Liò, Y. Bengio, R. D. Hjelm,791
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