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Abstract

Graph Contrastive Learning (GCL) is a widely adopted approach
in unsupervised representation learning, utilizing representational
constraints to derive effective embeddings. However, current GCL
methods primarily focus on capturing implicit semantic relation-
ships, often overlooking the structural commonsense embedded
within the graph’s structure and attributes. This structural common-
sense is crucial for effective representation learning. Identifying and
integrating such structural commonsense in GCL poses a significant
challenge. To address this gap, we propose a novel framework called
Structural Commonsense Unveiling in Graph Contrastive Learning
(Str-GCL). Str-GCL leverages first-order symbolic logic rules to
represent structural commonsense and explicitly integrates these
rules into the GCL framework. Specifically, we introduce structural
commonsense from both topological and attribute rule perspec-
tives, processing these rules independently without modifying the
original graph. Additionally, we design a representation alignment
mechanism that guides the encoder to effectively capture this struc-
tural commonsense. To the best of our knowledge, this is the first
attempt to directly incorporate structural commonsense into GCL
in a rule-based manner. Extensive experiments demonstrate that
Str-GCL significantly outperforms existing GCL methods, provid-
ing a new perspective on leveraging structural commonsense in
graph representation learning.
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1 Introduction

Graph Representation Learning (GRL) has emerged as a power-
ful strategy for analyzing graph-structured data over the past few
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Figure 1: Two basic structural commonsense in graph data
based on topology and attributes. Topologically, nodes with
high-degree neighbors exhibit high stability during training,
while nodes with fewer neighbors show lower stability. In
terms of attributes, i'" node possesses features that are sig-
nificantly aligned with its label, making it easy to classify,
whereas j node has features that are too similar to the glob-
als, rendering its label-aligned features ambiguous.

years. By using Graph Neural Networks (GNNs) [1], GRL has gar-
nered significant attention, aiming to transform nodes into effective
low-dimensional embeddings. However, most GNN models train
under supervised or semi-supervised scenarios, which requires a
large number of labels. These methods are intricate and expensive
in a growing explosion of graph-structured data. In contrast, graph
self-supervised learning (GSSL), such as the representative Graph
Contrastive Learning (GCL) methods [2, 3], does not require labels
to acquire node embeddings. These methods have achieved per-
formance comparable to their supervised counterparts for most
graph representation learning tasks, such as node classification
[4-6], graph classification [7-9] etc.

Existing GCL methods [3, 10, 11] commonly utilize the InfoNCE
principle to generate effective node representation, which encour-
ages the model to maximize the similarities between positive sam-
ples and minimize the similarities between negative samples during
training. These samples are typically established through two views
generated by graph augmentations, such as edge removal and fea-
ture masking. Some researchers refine the optimization strategy of
InfoNCE by exploring various strategies, such as leveraging nega-
tive samples [11] or considering graph homophily [12]. Additionally,
some approaches [13-15] employ two independent encoders, with
one encoder designed to learn the node representation from the
other. Furthermore, some studies [16-18] explore GCL from the
perspective of homophily and heterophily.

Despite the significant advancements in GCL, current GCL meth-
ods often operate as black boxes with limited explainability, making
it difficult to understand or trust their decision-making processes
and fully assess their learning capabilities. Our observations reveal
that a significant proportion of nodes are consistently misclassified
across multiple experiments with existing GCL models, such as
GRACE [3] (as detailed in Section 2). Relying solely on learning
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implicit relationships proves insufficient for adequately training
the encoder, preventing the model from capturing more complex
or nuanced patterns of the graph. This limitation represents a fun-
damental performance bottleneck that existing methods cannot ad-
dress. Through a detailed analysis of these misclassified nodes, we
find that many of them can be correctly classified only with the aid
of expert knowledge, which led us to a key question: Could there be
structural commonsense embedded within graph structures that we
are overlooking? Furthermore, could we develop an interpretable
GCL approach that explicitly incorporates structural commonsense
to improve both model performance and interpretability?

However, integrating these intuitive structural commonsense
into GCL models presents significant challenges. First, how can we
discover these intuitive structural commonsense? Unlike knowl-
edge graphs [19, 20], which contain abundant triples that offer clear
guidance, general graph data lacks such explicit information. In an
unsupervised setting without labels, these rules are even harder to
detect and interpret. Second, how can we represent and incorporate
them into the model? Even if we manage to identify these intuitive
structural commonsense, effectively encoding them and enabling
GCL models to recognize and leverage them appropriately remains
a complex technical obstacle.

To address these challenges, we propose a novel GCL model
called Structural commonsense Driven Graph Contrastive Learning
(Str-GCL), which explicitly integrates structural commonsense
into the learning process to enhance effectiveness and interpretabil-
ity. Specifically, we introduce structural commonsense from both
topological and attribute perspectives (as illustrated in Figure 1),
formulating two representative basic rules expressed using first-
order logic. Even in unsupervised settings without labels, these
rules can capture structural patterns that are intuitively percep-
tible to humans. Furthermore, Str-GCL independently generates
rule-based representations and employs a representation alignment
mechanism to effectively integrate these rule-based and node-based
representations. By embedding structural commonsense into the
model using first-order logic rules, our approach enables the en-
coder to perceive and leverage additional structural knowledge,
allowing it to focus on more intricate and nuanced patterns within
the graph. This integration ultimately enhances both the model’s
performance and its interpretability.

Our main contributions are summarized as follows:

o We are the first to pose the problem of integrating structural
commonsense into contrastive learning, which primarily
involves how to leverage human intuition to uncover struc-
tural commonsense present in graph data (knowledge that
is often overlooked by traditional GCL methods) and how to
effectively encode this commonsense to enable GCL models
to recognize and utilize it.

e We propose a novel graph contrastive learning paradigm,
called Str-GCL, that uses first-order logic to express rules
and guides the model to learn structural commonsense. To
the best of our knowledge, this is the first attempt that
human-defined rules are explicitly introduced into GCL,
providing an interpretable approach from the perspective
of structural commonsense.

Anon.
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Figure 2: Misclassified nodes distribution of PubMed and
CS datasets. The Error Ratio (horizontal axis) represents the
percentage of nodes misclassified a specific number of times
relative to the total number of misclassified nodes, while
the Error Counts (vertical axis) represents the number of
times a node is misclassified across 20 independent tests. To
illustrate that some nodes frequently exhibit classification
errors, we include only those nodes that are misclassified 15
or more times.

e We conduct experiments on six datasets, evaluating our
model’s performance by comparing it with numerous other
GCL models in classification and clustering tasks. Addi-
tionally, we perform detailed data analysis on misclassified
nodes and compare our results with the baseline model.
Moreover, we integrate Str-GCL as a plugin into multiple
GCL baselines, enhancing their performance to verify the
extensibility of Str-GCL. Extensive experiments and visual-
ization demonstrate the effectiveness of Str-GCL.

2 Observation & Analysis

In this section, we aim to detect nodes that are not adequately
learned by the model, as manifested by their frequent misclassifica-
tion in multiple tests across several benchmark datasets [21]. Here,
we use PubMed and CS as the representative examples. Specifically,
for each dataset, we run the well-known GCL method GRACE [3] 20
times under the default experimental settings. As shown in Figure
2, we observe that approximately 40% of the misclassified nodes
are consistently misclassified across all training runs, indicating
that a significant portion of nodes are not adequately constrained
by the objective function during training. Therefore, we analyze

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

232



233
234
235
236
237
238
239
240

242
243
244
245
246
247
248
249
250

251

253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

278
279
280
281
282
283
284
285
286
287
288
289

290

Str-GCL: Structural Commonsense Driven Graph Contrastive Learning

the attributes and topological properties of the misclassified nodes
(those with error counts greater than or equal to 15). We attempt
to manually classify these nodes based on their connections and
feature similarity while masking their labels. We find that by con-
sidering only connectivity and similarity, we can manually identify
that many misclassified nodes and their neighbors belong to the
same class (as illustrated by the simple example in Figure 1). How-
ever, the trained GCL model fails to recognize these misclassified
nodes. This leads us to understand that, even though humans can
easily interpret such simple structural commonsense, the current
GCL paradigm is incapable of perceiving or learning them. Instead,
GCL focuses on constraining instances in the representation space,
overlooking the inherent general structural commonsense in the
topology of data. This observation inspires us to explore structural
commonsense within the distribution of error-prone nodes and to
devise targeted interventions to mitigate their misclassification.

3 Preliminaries

Notations Given a graph G = (V, &), where V = {v1,02,--- ,oN}
is the set of nodes, & C V XV is the set of edges. Additionally, X €
RN*F is the feature matrix, and A € {0, 1}V*N is the adjacency
matrix. X; € RF is the feature of v;, and A;; = 1iff (v,-,vj) e &.
Our objective is to learn an encoder f(X, A) € RN*F " to represent
high-level representations under the unsupervised scenarios, which
can be used in various downstream tasks.

Graph Contrastive Learning (GCL) To illustrate our approach,
we employ a classic GCL method, GRACE [3], as a case study.
Giving a graph G, two augmentation functions t; and ¢, are applied
to the original data, resulting in two augmented views t1(G) =
G1 = (X1,A1) and 12(G) = G2 = (X, Az). Subsequently, these
augmented views are processed by a shared GNN encoder, and then
generate node representations U = f (X1, A1) and V = f(X2, A2).
Finally, the loss function is defined by the InfoNCE [22] loss as:

ef(uivi)/t
01)/T 4 Sk 0 (uior) /7 4 i ef(uiur) /v’

¢Y)
where 6(-, -) is the cosine similarity function and 7 is a tempera-
ture parameter. The positive samples are the node pairs (u;,v;),
representing corresponding nodes in two views, and the negative
samples are other node pairs (u;,v;) and (u;, ug) where k # i. Since
two graph views are symmetric, Ly,foNcE can be given by:

£ (uj,v;) = log 00

N
1
Linfonce = Z (€ (us,01) + € (03, ui)) . @)
i=1

There are many types of GNN now, which can be served as the
encoder. We use a graph convolutional network (GCN) [23] as our
encoder f by default, which can be formalized as f(X,A) = H =
AXW, where A = D~1/2 (A+1IN) D12, Here, D represents the
degree matrix of A + Iy, and I\ represents the identity matrix. W
represents learnable weight matrix.

First-Order Logics (FOLs) FOLs is a formal system used to
represent relationships and properties through predicates, quan-
tifiers (including the universal quantifier (V) and the existential
quantifier (3)), and logical connectives (including conjunction (A),

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

disjunction (V), negation (—) and implication (—)). In the con-
text of graph data, first-order logic enables precise description and
manipulation of node and edge relationships. For example, the pred-
icate Connected(v;,v;) can denote an edge between v; and v, while
HasFeature(v;, feature) indicate that v; has a specified feature.

4 Str-GCL

In this section, we explore embedding general structural common-
sense set by humans into models in the form of rules, and analyze
these rules in various datasets, with a special emphasis on homo-
geneous graphs. We detail the specific implementation aspects of
Str-GCL, providing a comprehensive understanding of its frame-
work. The model architecture is illustrated in Figure 3.

4.1 General Structural Commonsense Expressed
by Symbolic Logic

To uncover patterns not readily discernible within GNNs, and to
aid the training of encoders based on these patterns, our model
incorporates general structural commonsense derived from human
intuition. Through observation and statistical analysis, we have
identified that sets of nodes adhering to certain observable human
patterns are more prone to misclassification compared to those out-
side these patterns. These statistically derived intuitions serve as a
bridge between error-prone nodes and observed patterns. Moreover,
these commonsense insights are represented using the expressive
power of first-order logic.

Neighborhood Topological Summation Constraint (NTSC)
NTSC operates on the premise that the attributes of a node’s neigh-
bors can significantly influence the representations it generates
after passing through the encoder. In this paper, we use GCN as the
encoder, the first-order neighbors have the greatest impact on the
node. Specifically, this rule targets nodes with limited topological
connections, assigning higher attention to nodes with lower ag-
gregate neighbor degrees. The underlying hypothesis is that a low
sum of first-order neighbor degrees may not be able to effectively
learn the local graph structure and lack reliable information for
generating effective representations. Formally, we can represent
NTSC using first-order logic as follows:

Vo;Vo;(Neighbor(v;, vj) — vj € N(v;)),

Vo; (TotalDegree(v;) = Z ®3)

vj:Neighbor(v;,0;) deg(vj))’
where N (v;) represents the set of first-order neighbors of node
v, Neighbor(v;, v;) is a function which represents the total sum of
degrees of all neighbors of v;, deg(v;) is a function that returns the
degrees of node v;. We use d to represent the degree of a node, and
dsum represents the sum of the degrees of each node’s neighbors, i.e.,
dsum = A - d. To avoid the excessive influence of large differences
in node degrees, we perform logarithmic normalization on dsym
as Uisum = log(1 + dsum). Finally, we normalize values to generate
weights: w; = max((jlog) - dAlog(i)- In this way, smaller degrees will
be assigned larger weights, thus paying more balanced attention to
nodes with different structures during the learning process.
Local-Global Threshold Constraint (LGTC) In the node clas-
sification task on homophilic graphs, nodes that exhibit substan-
tial disparities between their neighbor’s feature similarity and the
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global feature similarity may have more unique features or more
distinct structures. On the contrary, when the neighbor’s feature
similarity is strikingly similar to the global feature similarity, it
may indicate that the node’s features or local structure are unclear
or unspecific. Therefore, the goal of LGTC is to measure the gap
between the two similarities. The underlying assumption is that
a low value may lack unique information about their own class.
Formally, we can represent LGTC using first-order logic as follows:

Vo;(LocalSim(v;) = avgy e N(vr) sim(vj,v;)),

Vo; (GlobalSim(v;) = avg, cg sim(v;,0;)), @)

where LocalSim(v;) is a function representing the average simi-
larity of node v; to its first-order neighbors N (v;), GlobalSim(v;)
is a function representing the average similarity of node v; to all
other nodes in G. Specially, we apply Principal Component Analy-
sis (PCA) [24] to the X to capture the most significant invariance:
X’ = PCA(X). We calculate the average similarity AS(v;) between
node v; and its neighbor N (v;) using cosine similarity, and obtains a
global similarity GS(v;): AS(v;) = lel)‘ Yo eN(vr) sim(X], X;.),
GS(v;) = |N| T Zo;eN\y; SIm(X], X’) Then, we compute the nor-
malized difference Diff (v;) between AS(u,-) and GS(v;): Diff (v;) =
% (AS(v;)—GS(v;)+1). Finally, we generate similarity-based weights
sit $i = maxy;eN Diff(vj) — Diff(v;). By subtracting each node’s
normalized difference from the maximum, higher attention is given
to nodes with smaller differences, ensuring those closer to global
features receive more balanced attention during learning.

After NTSC and LGTC, we use MLPparam to learn its weights, i.e.,
q=o0 (MLPparam ([w;s])). The rule representations are generated
by an independent MLP acting on the features W. The generated
weights act on the rule representations to generate the final Hr for
subsequent Lcrogss alignment.

4.2 Loss Function Design

As demonstrated, NTSC and LGTC significantly contribute to the
overall performance of the GCL model. Motivated by these findings,
we propose a targeted strategy to extract and individually train
features of nodes identified by these rules. Eventually, we will
generate a two-part representation, a rule representation and a
complete node representations generated by the encoder. We then
designed a representation alignment mechanism that employs a
specific loss function to constrain these two representations. This
ensures that the node representations can perceive the defined
structural commonsense implicit in the rule representations. Ideally,
if rule-based representations are directly applicable to downstream
tasks, all nodes identified by these rules as error-prone will be
correctly classified. However, due to the inconsistency between the
rule-based embedding space and the full node representations, and
the unpredictable nature of logical relationships in graph data, this
scenario is rarely achievable. Directly applying rule representations
to downstream tasks often neglects critical information, as these
representations fail to capture the complete graph topology and the
most suitable embedding space. Additionally, the quality of node
representations may significantly degrade due to noise introduced
by directly incorporating rule representations, which integrate
entirely different distribution representations into the node’s own.

Anon.

To address this challenge, we first use a separate contrastive loss
for the rule representations, so that similar samples are closer while
dissimilar samples are further away from each other in the rule
representations. Details are as follows:

Si
Ligle = log ( i ) > ()
vl

where S = f(Znorm nOm) Znorm is the normalized rule representa-
tions, S;; represents the similarity of rule representations between
v; and v}, and f(x) = e/,

After processing of rule representations, we use a representation
alignment mechanism to design the loss between these represen-
tations. Specifically, we avoid the problem of introducing noise
by aligning the distribution of rule representations and original
representations. We also separate rule representations and enable
the rule representations to perceive the information of the node
representations. Now, we have node representations Hy and rule
representations Hp, respectively, with dimension n X d where n is
the number of error-prone nodes and d is the number of represen-
tations. The mean of these representations is computed as:

1< 1<
= - Hy, , = - Hg. , 6
N n; Ni» HR n; Ri. (6)

where Hy;, and Hg;, are the rows of the representations Hy and
Hg. These means provide a central node around which the repre-
sentations are distributed. Then we compute the covariance matrix,
which measures how much two random variables change together
and indicates the spread and orientation of the data distribution:

Cov(Hy) = ﬁ (Hx = pn) " (HN - ), 0
7
Cov(Hi) = —— (Hx — ) (Hy — i),

where Cov(Hy) and Cov(HR) are the covariance of the node and
rule representations, respectively. These matrices provide insights
into the variability and relationships between different dimensions
of the data. To align the distributions of the node and rule represen-
tations, we define the total cross-representation loss, Lcross, as the
sum of the mean squared error (MSE) of the mean representations
and the MSE of the covariance matrices. This ensures that both the
means and standard deviations of the two distributions are matched
as follows:

1

MSEmean = E (ﬂN,j - ﬂR,j)Z >

®)
—

MSE cov — d2

M 1

d
Z Cov(A)jk - Cov(B)jk)2 ,
1 k=1

J

where py j and pR ; are the components of the mean representa-
tions pun and pg. Cov(A) jx and Cov(B) i are the elements of the
covariance matrices of py and pr. Leross is then formulated as:

Lcross = MSEmean + MSEcov, (9)

which ensures that the model learns to align the distributions
of node representations and rule representations effectively. Ul-
timately, the comprehensive loss function for Str-GCL is given by:

L= LInfoNCE + -Crule + Leross, (10)
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Figure 3: The overview of the proposed method. Two graph views G; and G are generated from graph G by augmentations.
NTSC and LGTC process the original graph G and generate a weight set respectively. Then, each weight is passed to MLPparam
to learn the weights, and finally acts on the representations Hr. G1 and G2 through a shared GNN encoder generates node
representations U and V respectively, and the rule feature W generates the corresponding rule representations Hg through MLP.
HR establishes losses with U and V respectively through Lcyoss, and constrains nodes to perceive structural commonsense.

where LfoncE retains the same form as in Equation 1. Overall
loss L integrates the InfoNCE loss, the rule-based loss for incorpo-
rating structural commonsense, and the cross-representations loss,
providing a mechanism for aligning node and rule representations.

5 Related Work

Graph Contrastive Learning is currently attracting widespread
attention in the academic community. It generates multiple aug-
mented views through data augmentation and designs different
objective functions to train the model based on maximizing mutual
information, thereby reducing the model’s dependence on label
information. GRACE [3] trains the model by maximizing the sim-
ilarity of corresponding nodes in two views and minimizing the
similarity between other nodes. On this basis, GCA [10] designs an
adaptive enhanced GCL framework to measure the importance of
nodes and edges, protecting the semantic information of graph data
during augmentation. CCA-SSG [25] utilizes Canonical Correla-
tion Analysis (CCA) [26] to align information from corresponding
dimensions across different views while decorrelating informa-
tion from distinct dimensions, resulting in linear time and space
complexity. HomoGCL [12] starts from the assumption of graph ho-
mophily and uses a Gaussian mixture model (GMM) to soft-cluster
nodes to determine whether neighboring nodes are positive sam-
ples. ProGCL [11] uses a Beta Mixture Model (BMM) to estimate the
probability that a negative sample is a true negative, and proposes
a method to compute the weights of negative samples and synthe-
size new negative samples. CGKS [27] constructs multi-view GCL
models of different scales through graph coarsening and introduces
a jointly optimized contrast loss across multiple layers to capture
information at different granularities. PiGCL [28] addresses the
implicit conflict problem in GCL caused by information mutual
exclusion and performs secondary screening of negative samples
by dynamically capturing and ignoring conflicting ones.

In BGRL [13], the nodes in the augmented graph are regarded as
positive samples, and the online encoder is trained to predict the
target encoder to generate efficient node representations. AFGRL
[14] differs from augmentation-based GCL methods. It does not
rely on data augmentation and negative samples. It discovers pos-
itive samples through a k-nearest neighbor search and optimizes
representation learning by combining local and global information.

Unlike previous models, DGI [2] learns node representations
by maximizing the mutual information between node and global
representations, treating the corrupted graph as negative samples.
GGD [29] designs a new model based on binary cross-entropy loss,
analyzing DGI’s loss function, and groups positive and negative
samples separately, which accelerates the model’s training process.
Based on DGI, MVGRL [30] generates new structural views through
graph diffusion, and distinguishes between the graph representa-
tions and node representations generated by different views.

6 Experiments

6.1 Experimental Setup

We compare Str-GCL with three types of baseline methods, in-
cluding: (1) Classical unsupervised algorithms: Deepwalk [31] and
node2vec [32]. (2) Semi-supervised baselines GCN [23]. (3) GCL
baselines: BGRL [13], MVGRL [30], DGI [2], GBT [33], GRACE [3],
GCA [10], CCA-SSG [25], Local-GCL [34], ProGCL [11], HomoGCL
[12] and PiGCL [28]. We evaluate the effectiveness of Str-GCL using
six datasets of different sizes. These datasets include Cora, CiteSeer,
PubMed [35], Coauthor CS, Amazon Photo and Amazon Computers
[21]. Details are presented in Appendix A.3.

6.2 Node Classification

We evaluated the performance of Str-GCL on node classification
tasks. During the evaluation phase, we follow the configuration in
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Table 1: Performance on node classification. X, A, Y denote the node attributes, adjacency matrix, and labels in the datasets. The
best and second-best results for each dataset are highlighted in bold and underlined. OOM signifies out-of-memory on 24GB

RTX 3090. Data without variance are drawn from previous GCL works[3, 10].

Anon.

Method Available Data Cora CiteSeer PubMed CsS Photo Computers
Raw Features X 64.80 64.60 84.80 90.37 78.53 73.81

Node2vec A 74.80 52.30 80.30 85.08 89.67 84.39

DeepWalk A 75.70 50.50 80.50 84.61 89.44 85.68

DeepWalk + Features X, A 73.10 47.60 83.70 87.70 90.05 86.28

BGRL X, A 81.40 £0.57 69.53£0.39 8538 +0.08 92.16 £0.13 92.75+0.22 87.72+0.24
MVGRL X, A 84.06 £ 0.63  71.78 £0.78  84.88 £0.20 9235+ 0.14 91.94+0.27 86.00 + 0.32
DGI X, A 83.71£0.86 71.82+1.59 86.08 £0.23 92.87 £0.08 9278 +£0.14 87.77 £0.36
GBT X, A 81.52+£0.45 68.41+0.66 8581+0.15 93.06+0.08 92.82+0.40 88.85+0.25
GRACE X, A 83.96 £ 0.62 7197 +£0.67 86.09+0.17 92.19+0.12 91.92+0.30 88.19 +0.41
GCA XA 82.15+1.00 69.76 £1.05 86.58 £0.15 92.35+0.21 91.75+£0.29  86.58 + 0.32
CCA-SSG X, A 84.06 £ 0.62 70.02+1.09 86.00+0.22 92.05+0.12 92.74+031 88.96+0.13
Local-GCL X, A 83.74+£093 70.83+1.62 8589+0.26 92.22+0.16 92.86+0.23 89.54 + 0.32
ProGCL X, A 83.74+£0.74 7190 £1.66 85.84+0.20 93.20 £0.17 9255+ 0.38  87.69 + 0.22
HomoGCL X, A 83.50£1.09 7034+1.12 8548+0.21 91.53+£0.13 9235+0.22 88.80 +0.25
PiGCL X, A 84.63 £ 0.78 73.51£0.64 86.75+0.20 93.30 £ 0.09  93.14+0.30  89.25 + 0.27
Str-GCL (Ours) X, A 84.89+0.90 73.58+0.84 86.81+0.14 93.89+0.04 93.90+0.26 90.19 +0.16
Supervised GCN X,AY 82.80 72.00 84.80 93.03 92.42 86.51

previous works[3, 10], and our GNN encoder and classifier com-
ponents are the same as those used in GRACE. All of the node
classification experiments are shown in Table 1 and our experi-
mental results reveal the following findings: 1) Our Str-GCL model
demonstrated excellent performance across various datasets. In our
comparative experiments, our method significantly outperformed
the supervised GCN method, underscoring the effectiveness of our
approach. 2) Our model outperforms the baseline model GRACE
across all node classification tasks, with significant improvements
observed on the CS, Photo and Computers datasets. We analyze the
degree and similarity of the datasets and find that there are many
high-degree nodes in the CS and Computers. These high-degree
nodes make it difficult for local structures to change, and some
nodes struggle to break free from the influence of their neighbors
solely through the objective function. Structural commonsense en-
hances and highlights the representations of these nodes during
alignment, allowing misclassified nodes to be correctly classified.
This corresponds with the earlier results where the proportion of
selected rule nodes significantly exceeds the error rate of datasets,
indicating that the encoder can indeed learn structural common-
sense through rule representations and demonstrating the effec-
tiveness of our rules. In the PubMed dataset, due to its sparsity
and generally low node degrees, only the nodes with the smallest
degrees are prioritized by structural commonsense. This is to pre-
vent additional information from disrupting the stable structures in
the graph. 3) Our approach significantly outperforms the GRACE-
based improved models GCA, Local-GCL, ProGCL, HomoGCL and
PiGCL. This further demonstrates that the structural commonsense
can indeed enhance model performance.

6.3 Ablation Study

In this section, we investigate how each component of Str-GCL,
including L,y1e and Leross contributes to the overall performance.
The result is shown in Table 2. Here, in "w/0 L,e", we disable the
L4l in Equation 5, and in "w/0 L¢ross", we disable the interaction
between rule representations and node representations. The abla-
tion study results demonstrate the effectiveness of the proposed
loss in our Str-GCL model on different datasets. This trend is con-
sistent across all datasets. Among them, the decrease of deleting
Lcross is the most significant compared to only delete L., which
shows that this alignment mechanism can indeed enable the node
representations to perceive the structural commonsense expressed
by the rules. In addition, for handling rule representations, £ e
generates a representation space aligned with the node represen-
tations, reducing the difficulty of interactions between different
representations, which further enhances the performance of the
baseline model. When both L¢;oss and L. are eliminated, we
observe the most significant decrease, confirming their combined
importance in achieving optimal performance.

6.4 Performance Analysis of the Str-GCL Plugin

In Table 3, we evaluate the effectiveness of our proposed model by
integrating Str-GCL into three classical GCL models: GRACE [3],
CCA-SSG [25], and DGI [2]. It is important to note that throughout
the paper if Str-GCL is mentioned without specifying a base model,
it is implicitly assumed to be based on GRACE for performance
evaluation and analysis. During the integration of Str-GCL, we
maintain the original parameters of the base models unchanged,
modifying only the necessary model architecture and hyperparame-
ters required for the plugin. As shown in the table, the incorporation
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Table 2: Ablation study evaluated on six benchmark datasets.

Model Cora CiteSeer PubMed CSs Photo Computers
Str-GCL 84.89+0.90 73.58+0.84 86.81+0.14 93.89+0.04 93.90+0.26 90.19 +0.16
w/0 Liyle 84.76 £ 0.51  73.07£0.31 86.62+0.30 9358+0.21 93.49+041 89.88 +£0.08
w/0 Leross 8373+ 0.74 7219+1.10 86512015 93.74+0.08 93.16+0.15 89.23 % 0.13
w/0 Ligle & Leross  83.87£1.10 7223 +£034  86.46 £0.66 9351 +0.15 92.95+0.26 89.20 + 0.28

Table 3: Node classification accuracy comparison with Str-GCL plugin integration across various GCL models and datasets

Model Cora CiteSeer PubMed CS Photo Computers
GRACE 84.040.6 72.04+0.7 86.140.2 92.240.1 91.9403 88.210.4
Str-GCLGRACE 84.9109(0.9T) 73.6408(1.6T) 86.840.1(0.7T) 93.940.1(1.77T) 93.9403(2.07) 90.24:02(2.07)
CCA-SSG 84.040.6 70.0+1.0 86.040.2 92.040.1 92.74+03 88.940.1
Str-GCLcca-ssG  84.5:1.1(0.57T) 71.3409(1.37T) 86.4402(0.47T) 92.840.1(0.8T) 93.2402(05T) 89.510.2(0.67T)
DGI 83.7+0.8 71.8416 86.040.2 92.840.1 92.7+0.1 87.8+0.3

Str-GCLpgr 84.4.03(0.7T) 72.2409(0.47)

86.140.3(0.17)

93.3:0.1(0.5T) 93.3403(0.67T) 88.2402(0.47)

of Str-GCL into various base models leads to performance enhance-
ments across different datasets. Specifically, the performance im-
provement of Str-GCLGRracE is the most notable. This is due to the
objectives of GRACE, which causes semantically deficient nodes
to maintain deficiency while incorporating significant averaging
and noises. Consequently, in the InfoNCE loss, the alignment of
positive samples lacks learnable information and the discrimina-
tive ability between negative samples is diminished. This results
in increased bias in the representation space and obscures the core
semantics within the embedding space. CCA-SSG employs an invari-
ance loss to align embeddings from different views. Compared to
GRACE, CCA-SSG enforces consistency within the representation
spaces across different views rather than node-level discrimina-
tion. Consequently, CCA-SSG emphasizes the correlation between
representations instead of specifically addressing node-level dis-
tinctions, resulting in a somewhat reduced performance gain for
Str-GCLcca-ssg compared to Str-GCLgracg. DGI maximizes the
mutual information between local and global representations, im-
posing specific constraints on the representation space. However,
DGI overlooks the discriminative capacity between nodes, which
is a key reason why Str-GCLpgj can enhance accuracy. Neverthe-
less, in graphs with high homophily, DGI can still achieve effective
representations by solely learning global information.

6.5 Error-Prone Nodes Analysis

In this section, we analyze the distribution of misclassified nodes
across different datasets using the GRACE model and our proposed
Str-GCL model. Table 4 presents the detailed results, showing the
number of nodes that were misclassified at least 15 times out of
20 complete runs with Str-GCL. Additionally, it includes the total
number of nodes with 15 or more misclassifications. This analysis
helps evaluate the effectiveness of Str-GCL in handling frequent
errors and identifying unavoidable errors. From Table 4, we can
observe that for Str-GCL, the number of frequently misclassified
nodes has decreased in each dataset. The most obvious among them

Table 4: Comparsion of misclassified nodes distribution in
GRACE and Str-GCL across multiple datasets.

Datasets Model 15 16 17 18 19 20  Total Decline

GRACE 98 84 93 144 195 1437 2051 -

PubMed g 'GCL 100 105 116 138 234 1254 1947  51%
s GRACE 38 44 40 82 125 804 1133 -
Str-GCL 17 31 34 44 65 753 944  16.68%
Phot GRACE 17 16 20 20 29 348 450 -
oto Str-GCL 19 17 24 27 35 308 430  4.44%
GRACE 45 36 42 60 73 926 1182 -
Computers

Str-GCL 35 35 33 55 83 770 1011 1447%

are the CS and Computers datasets. In the error range of 15-20, the
number of almost all misclassified nodes has decreased. This shows
that introducing structural commonsense can significantly reduce
the number of frequently misclassified nodes. In addition, in the
PubMed and CS datasets, although the number of misclassified
nodes dropped only 20 times, this also shows that some nodes that
will definitely be misclassified can be guided by rules, even if they
cannot be completely classified correctly. This will reduce the num-
ber of misclassifications of these nodes to a certain extent. This
highlights the improved robustness and accuracy of our proposed
approach in reducing the most error-prone nodes. Across all an-
alyzed datasets, the Str-GCL model showed clear advantages in
handling error-prone nodes. This improvement is attributed to its
ability to incorporate structural commonsense that traditional GCL
methods such as GRACE cannot capture.

6.6 Node Clustering

The experimental results for node clustering are presented in Ta-
ble 5, where we evaluate the Str-GCL on the Cora, CiteSeer, PubMed
and CS datasets. Str-GCL demonstrates excellent performance across
multiple clustering tasks. Specifically, Str-GCL outperforms all other
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Anon.

Table 5: Performance on node clustering. The best and second best results for each dataset are highlighted in bold and underline.

Datasets Model GRACE GCA DGl BGRL MVGRL GBT  Str-GCL (Ours)
Cora NMI 05261 04483 05310 04719 05337  0.5055 0.5656
ARI 04312 03235 04499 03851 04790  0.4201 0.5067
Citeseey NMI 04116 0.3909 03765 03809 04133 04310 0.4177
€T ARI 04183 03816 03752 03949 04087  0.4400 0.4349
pubMeq NMI 0.3504 03113 03128 02898 02599  0.3266 0.3501
ARI 03307 03085 03066 02645 02556  0.2973 0.3069
s NMI 07579 07205 0.6062 0.6380 0.6324  0.7524 0.7971
AR 06538 05602 04390 05346 05124  0.6509 0.7852

baselines on the Cora and CS datasets and improves on the baseline
GRACE by an average of 2.1% in NMI and 5.0% in ARI. Addition-
ally, models based on InfoNCE generally show higher accuracy
on the PubMed and CS datasets compared to other GCL baselines,
such as BGRL, MVGRL and DGI. However, Str-GCL’s accuracy on
PubMed does not improve with the incorporation of structural
commonsense compared to GRACE. This is attributed to the small
difference between inter-class and intra-class similarities in the
PubMed dataset, making it difficult to distinguish those nodes at
the boundaries of classes.

(c) DGI

(d) Str-GCL

Figure 4: T-SNE embeddings of nodes in Amazon Computers
dataset, and the best result is highlighted in underline.

6.7 Visualizaion

In this section, we use T-SNE to demonstrate the advantages of
Str-GCL over other baseline models. We conducted experiments on
the Amazon Computers dataset using GRACE, CCA-SSG, DGI, and
GRACE-Based Str-GCL, as shown in Fig 4. It is evident that, com-
pared to other baseline models, Str-GCL significantly improves the
quality of the generated embeddings. While Str-GCL does not fur-
ther enhance intra-class similarity compared to the default baseline

model GRACE, it optimizes inter-class similarity by increasing the
separation between classes and providing stable class assignments
for those nodes at the boundaries of classes. This is aligned with
the focus of our structural commonsense. DGI, on the other hand,
emphasizes local-global similarity, which yields good accuracy in
node classification but exhibits less effective clustering. It fails to
achieve clear inter-class separation, and the intra-class similarity re-
mains low, particularly in datasets with high homophily. CCA-SSG
achieves highly discriminative representations due to the decorre-
lation between different dimensions. However, in graphs with high
homophily, the high similarity between representations increases
the difficulty of distinguishing across dimensions, resulting in less
effective clustering compared to our method.

7 Conclusion

In this paper, we address the limitations of existing GCL methods,
which primarily capture implicit semantic relationships but fail
to perceive structural commonsense within graph structures. We
identify that many nodes with fewer topological connections or
lower feature distinctiveness are inadequately trained by conven-
tional GCL methods. To overcome these challenges, we propose
a new paradigm called Str-GCL (Structural Commonsense Driven
Graph Contrastive Learning), which integrates rules, represented
by first-order logic, to guide the model in learning human-perceived
structural commonsense, and also provides a new direction for de-
veloping universal and efficient rule-based reasoning mechanisms
and applying these reasoning rules to existing pre-trained models.
Through extensive analysis of various datasets, we demonstrate
that manually defined rules can effectively represent structural
commonsense from both attribute and topological perspectives. We
introduce an alignment mechanism that enables the encoder to
perceive these additional structural commonsense, ensuring more
comprehensive and effective training for all nodes. We integrate Str-
GCL as a plugin into multiple GCL baselines. Extensive experiments
and visualization demonstrate the effectiveness of Str-GCL.
Future research could focus on developing automated logic rule
definitions to enhance the model’s efficiency, scalability, and ro-
bustness. Moreover, since our rules operate independently of the
encoder, this opens up the possibility of designing a universal rule
set and corresponding plugins that can be easily adapted to various
models, thereby extending the generalizability of our approach.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Str-GCL: Structural Commonsense Driven Graph Contrastive Learning

References

(1]

[10]

(1]

[12]

[13]

[14]

[15]

[17]

Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang, Cheng Yang, Zhiyuan Liu,
Lifeng Wang, Changcheng Li, and Maosong Sun. 2020. Graph neural networks:
A review of methods and applications. Al Open 1 (2020), 57-81. https://doi.org/
10.1016/J.AIOPEN.2021.01.001

Petar Velickovic, William Fedus, William L. Hamilton, Pietro Li0, Yoshua Bengio,
and R. Devon Hjelm. 2019. Deep Graph Infomax. In 7th International Conference
on Learning Representations, ICLR 2019, New Orleans, LA, USA, May 6-9, 2019.
OpenReview.net. https://openreview.net/forum?id=rklz9iAcKQ

Yangiao Zhu, Yichen Xu, Feng Yu, Qiang Liu, Shu Wu, and Liang Wang. 2020.
Deep Graph Contrastive Representation Learning. CoRR abs/2006.04131 (2020).
arXiv:2006.04131 https://arxiv.org/abs/2006.04131

Yifei Zhang, Hao Zhu, Zixing Song, Piotr Koniusz, and Irwin King. 2022. COSTA:
Covariance-Preserving Feature Augmentation for Graph Contrastive Learning.
In KDD °22: The 28th ACM SIGKDD Conference on Knowledge Discovery and Data
Mining, 2022. ACM, 2524-2534. https://doi.org/10.1145/3534678.3539425
Mehdi Azabou, Venkataramana Ganesh, Shantanu Thakoor, Chi-Heng Lin, Lak-
shmi Sathidevi, Ran Liu, Michal Valko, Petar Velickovic, and Eva L. Dyer. 2023.
Half-Hop: A graph upsampling approach for slowing down message passing. In
International Conference on Machine Learning, ICML 2023, 23-29 July 2023, Hon-
olulu, Hawaii, USA (Proceedings of Machine Learning Research, Vol. 202). PMLR,
1341-1360. https://proceedings.mlr.press/v202/azabou23a.html

Mengyue Liu, Yun Lin, Jun Liu, Bohao Liu, Qinghua Zheng, and Jin Song Dong.
2023. Bz—Sampling: Fusing Balanced and Biased Sampling for Graph Contrastive
Learning. In Proceedings of the 29th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, KDD 2023. ACM, 1489-1500. https://doi.org/10.1145/
3580305.3599262

Yuning You, Tianlong Chen, Yongduo Sui, Ting Chen, Zhangyang Wang,
and Yang Shen. 2020. Graph Contrastive Learning with Augmentations.
In Advances in Neural Information Processing Systems, NeurIPS 2020, De-
cember 6-12, 2020, virtual. https://proceedings.neurips.cc/paper/2020/hash/
3fe230348e9a12c13120749e3f9fadcd- Abstract.html

Susheel Suresh, Pan Li, Cong Hao, and Jennifer Neville. 2021. Adversar-
ial Graph Augmentation to Improve Graph Contrastive Learning. In Ad-
vances in Neural Information Processing Systems, NeurIPS 2021, December 6-14,
2021, virtual. 15920-15933. https://proceedings.neurips.cc/paper/2021/hash/
854f1fb6£65734d9e¢49f708d6cd84ad6- Abstract.html

Chunyu Wei, Yu Wang, Bing Bai, Kai Ni, David Brady, and Lu Fang. 2023. Boosting
Graph Contrastive Learning via Graph Contrastive Saliency. In International
Conference on Machine Learning, ICML 2023, 23-29 July 2023, Honolulu, Hawaii,
USA (Proceedings of Machine Learning Research, Vol. 202). PMLR, 36839-36855.
https://proceedings.mlr.press/v202/wei23c.html

Yangiao Zhu, Yichen Xu, Feng Yu, Qiang Liu, Shu Wu, and Liang Wang. 2021.
Graph Contrastive Learning with Adaptive Augmentation. In WWW °21: The
Web Conference 2021, Virtual Event / Ljubljana, Slovenia, April 19-23, 2021. ACM /
IW3C2, 2069-2080. https://doi.org/10.1145/3442381.3449802

Jun Xia, Lirong Wu, Ge Wang, Jintao Chen, and Stan Z. Li. 2022. ProGCL:
Rethinking Hard Negative Mining in Graph Contrastive Learning. In International
Conference on Machine Learning, ICML 2022, 17-23 July 2022, Baltimore, Maryland,
USA (Proceedings of Machine Learning Research, Vol. 162). PMLR, 24332-24346.
https://proceedings.mlr.press/v162/xia22b.html

Wen-Zhi Li, Chang-Dong Wang, Hui Xiong, and Jian-Huang Lai. 2023. HomoGCL:
Rethinking Homophily in Graph Contrastive Learning. In Proceedings of the 29th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining, KDD 2023,
Long Beach, CA, USA, August 6-10, 2023. ACM, 1341-1352. https://doi.org/10.
1145/3580305.3599380

Shantanu Thakoor, Corentin Tallec, Mohammad Gheshlaghi Azar, Rémi Munos,
Petar Velickovi¢, and Michal Valko. 2021. Bootstrapped representation learning
on graphs. In ICLR 2021 Workshop on Geometrical and Topological Representation
Learning.

Namkyeong Lee, Junseok Lee, and Chanyoung Park. 2022. Augmentation-Free
Self-Supervised Learning on Graphs. In Thirty-Sixth AAAI Conference on Artificial
Intelligence, AAAI 2022. AAAI Press, 7372-7380. https://doi.org/10.1609/AAAIL
V3617.20700

Wangbin Sun, Jintang Li, Liang Chen, Bingzhe Wu, Yatao Bian, and Zibin Zheng.
2024. Rethinking and Simplifying Bootstrapped Graph Latents. In Proceedings of
the 17th ACM International Conference on Web Search and Data Mining, WSDM
2024, Merida, Mexico, March 4-8, 2024. ACM, 665-673. https://doi.org/10.1145/
3616855.3635842

Teng Xiao, Huaisheng Zhu, Zhengyu Chen, and Suhang Wang. 2023. Simple
and Asymmetric Graph Contrastive Learning without Augmentations. In Ad-
vances in Neural Information Processing Systems, NeurIPS 2023, New Orleans, LA,
USA, December 10 - 16, 2023. http://papers.nips.cc/paper_files/paper/2023/hash/
3430bcc30cdaabd0bféc5d0c31bda67c- Abstract- Conference.html

Dongxiao He, Jitao Zhao, Rui Guo, Zhiyong Feng, Di Jin, Yuxiao Huang, Zhen
Wang, and Weixiong Zhang. 2023. Contrastive Learning Meets Homophily: Two
Birds with One Stone. In International Conference on Machine Learning, ICML 2023,

[18

[19]

™
=

[21

[22]

[23]

™
=)

[25

[26]

[27

[29

(30]

(32

[33

[34

[35

[36

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

23-29 July 2023, Honolulu, Hawaii, USA (Proceedings of Machine Learning Research,
Vol. 202). PMLR, 12775-12789. https://proceedings.mlr.press/v202/he23c.html
Jiaming Zhuo, Can Cui, Kun Fu, Bingxin Niu, Dongxiao He, Chuan Wang, Yuan-
fang Guo, Zhen Wang, Xiaochun Cao, and Liang Yang. 2024. Graph Contrastive
Learning Reimagined: Exploring Universality. In Proceedings of the ACM on
Web Conference 2024, WWW 2024, Singapore, May 13-17, 2024. ACM, 641-651.
https://doi.org/10.1145/3589334.3645480

Zhouxia Wang, Tianshui Chen, Jimmy S. J. Ren, Weihao Yu, Hui Cheng, and
Liang Lin. 2018. Deep Reasoning with Knowledge Graph for Social Relationship
Understanding. In Proceedings of the Twenty-Seventh International Joint Confer-
ence on Artificial Intelligence, IJCAI 2018, July 13-19, 2018, Stockholm, Sweden.
ijcai.org, 1021-1028. https://doi.org/10.24963/]JCAL.2018/142

Shaoxiong Ji, Shirui Pan, Erik Cambria, Pekka Marttinen, and Philip S. Yu. 2022.
A Survey on Knowledge Graphs: Representation, Acquisition, and Applications.
IEEE Trans. Neural Networks Learn. Syst. 33, 2 (2022), 494-514. https://doi.org/
10.1109/TNNLS.2021.3070843

Oleksandr Shchur, Maximilian Mumme, Aleksandar Bojchevski, and Stephan
Giinnemann. 2018. Pitfalls of Graph Neural Network Evaluation. CoRR
abs/1811.05868 (2018). arXiv:1811.05868 http://arxiv.org/abs/1811.05868

Aidron van den Oord, Yazhe Li, and Oriol Vinyals. 2018. Representation
Learning with Contrastive Predictive Coding. CoRR abs/1807.03748 (2018).
arXiv:1807.03748 http://arxiv.org/abs/1807.03748

Thomas N. Kipf and Max Welling. 2017. Semi-Supervised Classification with
Graph Convolutional Networks. In 5th International Conference on Learning
Representations, ICLR 2017, Toulon, France, April 24-26, 2017, Conference Track
Proceedings. OpenReview.net. https://openreview.net/forum?id=SJU4ayYgl
Jonathon Shlens. 2014. A Tutorial on Principal Component Analysis. CoRR
abs/1404.1100 (2014). arXiv:1404.1100 http://arxiv.org/abs/1404.1100

Hengrui Zhang, Qitian Wu, Junchi Yan, David Wipf, and Philip S. Yu.
2021.  From Canonical Correlation Analysis to Self-supervised Graph
Neural Networks. In Advances in Neural Information Processing Systems,
NeurIPS 2021. 76-89. https://proceedings.neurips.cc/paper/2021/hash/
00ac8ed3b4327bdd4ebbebcb2bal0a00- Abstract.html

Harold Hotelling. 1992. Relations between two sets of variates. In Breakthroughs
in statistics: methodology and distribution. Springer, 162-190.

Yifei Zhang, Yankai Chen, Zixing Song, and Irwin King. 2023. Contrastive
Cross-scale Graph Knowledge Synergy. In Proceedings of the 29th ACM SIGKDD
Conference on Knowledge Discovery and Data Mining, KDD 2023, Long Beach,
CA, USA, August 6-10, 2023. ACM, 3422-3433. https://doi.org/10.1145/3580305.
3599286

Dongxiao He, Jitao Zhao, Cuiying Huo, Yongqi Huang, Yuxiao Huang, and
Zhiyong Feng. 2024. A New Mechanism for Eliminating Implicit Conflict in
Graph Contrastive Learning. In Thirty-Eighth AAAI Conference on Artificial
Intelligence, AAAI 2024. AAAT Press, 12340-12348. https://doi.org/10.1609/AAAIL
V38111.29125

Yizhen Zheng, Shirui Pan, Vincent C. S. Lee, Yu Zheng, and Philip S. Yu. 2022.
Rethinking and Scaling Up Graph Contrastive Learning: An Extremely Efficient
Approach with Group Discrimination. In Advances in Neural Information Process-
ing Systems, NeurIPS 2022. http://papers.nips.cc/paper_files/paper/2022/hash/
46027e3de0db3617a911f1a647def3bf- Abstract-Conference.html

Kaveh Hassani and Amir Hosein Khas Ahmadi. 2020. Contrastive Multi-View Rep-
resentation Learning on Graphs. In Proceedings of the 37th International Confer-
ence on Machine Learning, ICML 2020 (Proceedings of Machine Learning Research,
Vol. 119). PMLR, 4116-4126. http://proceedings.mlr.press/v119/hassani20a.html
Bryan Perozzi, Rami Al-Rfou, and Steven Skiena. 2014. DeepWalk: online learning
of social representations. In The 20th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’14, New York, NY, USA - August 24 -
27, 2014. ACM, 701-710. https://doi.org/10.1145/2623330.2623732

Aditya Grover and Jure Leskovec. 2016. node2vec: Scalable Feature Learning
for Networks. In Proceedings of the 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, San Francisco, CA, USA, August 13-17,
2016. ACM, 855-864. https://doi.org/10.1145/2939672.2939754

Piotr Bielak, Tomasz Kajdanowicz, and Nitesh V. Chawla. 2022. Graph Barlow
Twins: A self-supervised representation learning framework for graphs. Knowl.
Based Syst. 256 (2022), 109631. https://doi.org/10.1016/J. KNOSYS.2022.109631
Hengrui Zhang, Qitian Wu, Yu Wang, Shaofeng Zhang, Junchi Yan, and Philip S.
Yu. 2022. Localized Contrastive Learning on Graphs. CoRR abs/2212.04604 (2022).
https://doi.org/10.48550/ARXIV.2212.04604 arXiv:2212.04604

Zhilin Yang, William W. Cohen, and Ruslan Salakhutdinov. 2016. Revisiting
Semi-Supervised Learning with Graph Embeddings. In Proceedings of the 33nd
International Conference on Machine Learning, ICML 2016 (JMLR Workshop and
Conference Proceedings, Vol. 48). JMLR.org, 40-48. http://proceedings.mlr.press/
v48/yangal6.html

Julian J. McAuley, Christopher Targett, Qinfeng Shi, and Anton van den Hengel.
2015. Image-Based Recommendations on Styles and Substitutes. In Proceedings
of the 38th International ACM SIGIR Conference on Research and Development
in Information Retrieval, Santiago, Chile, August 9-13, 2015. ACM, 43-52. https:
//doi.org/10.1145/2766462.2767755

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://doi.org/10.1016/J.AIOPEN.2021.01.001
https://doi.org/10.1016/J.AIOPEN.2021.01.001
https://openreview.net/forum?id=rklz9iAcKQ
https://arxiv.org/abs/2006.04131
https://arxiv.org/abs/2006.04131
https://doi.org/10.1145/3534678.3539425
https://proceedings.mlr.press/v202/azabou23a.html
https://doi.org/10.1145/3580305.3599262
https://doi.org/10.1145/3580305.3599262
https://proceedings.neurips.cc/paper/2020/hash/3fe230348e9a12c13120749e3f9fa4cd-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/3fe230348e9a12c13120749e3f9fa4cd-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/854f1fb6f65734d9e49f708d6cd84ad6-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/854f1fb6f65734d9e49f708d6cd84ad6-Abstract.html
https://proceedings.mlr.press/v202/wei23c.html
https://doi.org/10.1145/3442381.3449802
https://proceedings.mlr.press/v162/xia22b.html
https://doi.org/10.1145/3580305.3599380
https://doi.org/10.1145/3580305.3599380
https://doi.org/10.1609/AAAI.V36I7.20700
https://doi.org/10.1609/AAAI.V36I7.20700
https://doi.org/10.1145/3616855.3635842
https://doi.org/10.1145/3616855.3635842
http://papers.nips.cc/paper_files/paper/2023/hash/3430bcc30cdaabd0bf6c5d0c31bda67c-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/3430bcc30cdaabd0bf6c5d0c31bda67c-Abstract-Conference.html
https://proceedings.mlr.press/v202/he23c.html
https://doi.org/10.1145/3589334.3645480
https://doi.org/10.24963/IJCAI.2018/142
https://doi.org/10.1109/TNNLS.2021.3070843
https://doi.org/10.1109/TNNLS.2021.3070843
https://arxiv.org/abs/1811.05868
http://arxiv.org/abs/1811.05868
https://arxiv.org/abs/1807.03748
http://arxiv.org/abs/1807.03748
https://openreview.net/forum?id=SJU4ayYgl
https://arxiv.org/abs/1404.1100
http://arxiv.org/abs/1404.1100
https://proceedings.neurips.cc/paper/2021/hash/00ac8ed3b4327bdd4ebbebcb2ba10a00-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/00ac8ed3b4327bdd4ebbebcb2ba10a00-Abstract.html
https://doi.org/10.1145/3580305.3599286
https://doi.org/10.1145/3580305.3599286
https://doi.org/10.1609/AAAI.V38I11.29125
https://doi.org/10.1609/AAAI.V38I11.29125
http://papers.nips.cc/paper_files/paper/2022/hash/46027e3de0db3617a911f1a647def3bf-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/46027e3de0db3617a911f1a647def3bf-Abstract-Conference.html
http://proceedings.mlr.press/v119/hassani20a.html
https://doi.org/10.1145/2623330.2623732
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1016/J.KNOSYS.2022.109631
https://doi.org/10.48550/ARXIV.2212.04604
https://arxiv.org/abs/2212.04604
http://proceedings.mlr.press/v48/yanga16.html
http://proceedings.mlr.press/v48/yanga16.html
https://doi.org/10.1145/2766462.2767755
https://doi.org/10.1145/2766462.2767755

1045
1046
1047
1048

1049

1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

A Appendix

A.1 Proofs for Neighborhood Topological
Summation Constraint (NTSC)

Objection: Nodes with a smaller sum of neighbor’s degrees are
poor at average out noise and thus unstable during training.

Let G = (V,E) be an graph where V is the set of nodes and E
is the set of edges. For a node v € V, let N(v) denote the set of
neighbors of v, and let d(u) be the degree of a neighbor u € N(v).
We define the total degree of the neighbors of v as TotalDegree
(0) = ZueN(v) (). The loss function L can be expressed as the
sum of the local losses L, for each node u € V:

L= L, (11)
uevV

for a sepcific node v, the gradient of L with respect to hy is:

oL oL
oy~ 24 h 12
9 4eN(ov) °
each gradient term % may contain a noise component €:
oLy
— =VL, +¢,. 13
ohy v (13)

Thus, the total gradient for node v can be written as:

oL
e Z (VL +€y) = Z VL, + Z €. (14)
ueN (v) ueN(v) ueN (v)

Let w be anode with a high sum of neighbor degrees TotalDegree(w)
and v be anode with a lower sum of neighbor degrees TotalDegree(v),
where TotalDegree(w) > TotalDegree(v). Therefore, the noise
components for node w and v can be expressed as:

Noise ,, = Z €y, Noise , = Z €us (15)

ueN(w) ueN(v)

according to the law of large numbers, as the number of terms
increases, the average noise effect decreases:

Noise 4, Noise ,

Wgree(w)z]ﬂ[eu]’ W%E[Gﬂ. (16)

While the expected value of noise E [€,] is the same for all nodes
(under the i.i.d. assumption), the actual noise impact on the gradient
is smaller for nodes with a higher sum of neighbor degrees due to
the averaging effect. Since TotalDegree(w) > TotalDegree(v), the
node w with a higher sum of neighbor degrees experiences less
relative noise impact:

Noise ,, < Noise
TotalDegree (w) TotalDegree (v)

17)

Therefore, nodes with a smaller sum of neighbor degrees are poorer
at averaging out noise and have more unstable representations
during training.

A.2 Proofs for Local-Global Threshold
Constraint (LGTC)
Objection: Nodes with similarity between local and global feature

averages have fewer distinctive class features and are more prone
to classification errors.

Anon.

Let G = (V,E) be an undirected graph where V is the set of
nodes and E is the set of edges. For a node v € V, let N(v) denote
the set of neighbors of v. Let x; represent the original feature vector
of node v, and sim(xy, xy,) is the dot product of the feature between
node v and node u. Then, we define LocalSim(v) as the average
similarity between v and its neighbor’s original features, and define
GlobalSim(v) as the average similarity between v and all other
nodes’ original features in the graph. The definition is as follows:

1
LocalSim(v) = —— sim (xg, Xy ,
IN(0)] ue%(v) o
(18)
. 1 .
GlobalSim(v) = — Z sim (xg, Xy)
Vv
ueV
there we let node v satisfies |[LocalSim(v) — GlobalSim(v)]| is small,
and for the representations hﬁ“ of node v is as follows:

1
%H Vd(©)d(u)

here we assume LocalSim(v) ~ GlobalSim(v), for example, the
initial feature of node v and its neighbors is close to the global
feature:

RFD = 5 w® x), (19)

LocalSim(v) = WTIUN Z (xp - xy)

ueN (v) (20)

~ GlobalSim(v) = ﬁ Z (xp - x),

ueV

this implies that x;, can be approximately represented by the global
feature mean X:

xy X Yu € N(v). (21)
Therefore, the updated representation of node v is:
1
B =o( Y ——=w®3). (22)

uAity V@A)

The representation hz(,kH) of node v primary reflects global features
and lacks distinctive class features. Therefore, nodes with similarity
between local and global feature averages have fewer distinctive
class features and are more prone to classification errors.

A.3 Datasets

Table 6: Dataset statistics in experiment

Dataset ~ #Nodes #Edges #Features #Classes

Cora 2,708 10,556 1,433 7
CiteSeer 3,327 9,228 3,703 6
PubMed 19,717 88,651 500 3

CS 18,333 163,788 6,805 15

Photo 7,650 238,163 745 8

Computers 13,752 491,722 767 10

In Cora, CiteSeer and PubMed[35] dataset, nodes are papers,
edges are citation relationships. Each dimension in the feature
corresponds to a word. Labels are the categories into which the
paper is divided.
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Coauthor CS [21] dataset, nodes are authors, that are connected
by an edge if they co-authored a paper. Node features represent
paper keywords for each author’s papers, and class labels indicate
most active fields of study for each other.

Amazon Computers and Amazon Photo are segments of Amazon
co-purchase graph [36], where nodes represent goods, edges indi-
cate that two goods are frequently bought together, node features
are bag-of-words encoded product reviews, and class labels are
given by the product category.

A.4 Pseudo Code of Str-GCL

The following pseudo code outlines the Str-GCL training algo-
rithm, which integrates structural commonsense to enhance GCL.
As shown in Algorithm 1. The algorithm identifies error-prone
nodes using a set of predefined rules and extracts their original fea-
tures. During each training epoch, two graph views are generated,
and node representations is obtained using an encoder, while rule
representations is generated using an MLP. The total loss, compris-
ing contrastive loss, rule loss, and cross loss, is minimized to train
the model.

Algorithm 1 The Str-GCL training algorithm

Require: Original Graph G, Rule Set{ NTSC, LGTC }, Encoder f,
MLP g and MLPparam gparam-
1: Generate weights by applying NTSC and LGTC on the original
data
: Calculate NTSC and LGTC, and get original features Xy
: for epoch=10,1,2,...do
Generate two graph views G and G, by corrupting G
Get node representations U of G using the encoder f
Get node representations V of G, using the encoder f
Get rule representations Hg of Xg using the MLP g
Get learnable rule weights w and s of HR using the

A U 4

MLPparam gparam

9 Compute the contrastive loss Lynfoncg With Equation 1

10: Compute the rule loss £, with Equation 5

11: Compute the cross loss Leross to align U, V, and Hg

12: Update parameters to minimize the total loss £ =
LinfoNcE + Lrule + Leross

13: end for

14: Return node embedding H, trained encoder f

A.5 Experimental details

We test Str-GCL on classification and clustering tasks, with both
Str-GCL and all GCL baselines trained in a self-supervised manner.
For the Cora and CiteSeer datasets, due to their small size, we use
a two-layer GCN encoder for training. In contrast, for PubMed,
Coauthor CS, Amazon Photo, and Amazon Computers, we employ
a single-layer GCN encoder. For the classification task, we follow
the same setup as GRACE [3], using 10% of the data to train the
downstream classifier and 90% for testing. All experiments are
conducted on an RTX 3090 GPU (24GB).
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Figure 5: Misclassified nodes distribution comparison of
PubMed and CS datasets.

A.6 Hyperparameter Specifications

In this section, we present the hyperparameter specifications used
for training the Str-GCL model on various datasets. Table 7 and 8
detail the hyperparameters employed for different datasets.

Table 7 lists the core hyperparameters, including the temperature
parameter 7 and 7,)e, learning rate, weight decay, number of epochs,
hidden dimension, MLP hidden dimension, and activation function.
For example, on the Cora dataset, we used a 7 value of 0.5, a 7yyle
value of 0.4, a learning rate of 0.0001, a weight decay of 0.0005 and
800 epochs, with a hidden dimension of 1024 and an MLP hidden
dimension of 128, employing the relu activation function.

Table 8 provides additional hyperparameters, such as a, 8, drop
edge rates, and drop feature rates. For instance, on the Cora dataset,
we set drop edge rates of 0.3 and 0.2 for the two dropout layers, and
drop feature rates of 0.4 and 0.2. The weight of L, e is 100, and
the weight of Lcross is 1.

These hyperparameters are carefully selected to optimize the
performance of Str-GCL across different datasets, ensuring robust
and consistent results.
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Anon.

Table 7: Hyperparameters specifications 1.

Dataset T  Tyle Learningrate Weight decay Num epochs Hidden dimension Mlp hidden dim Activation function
Cora 05 04 0.0001 0.0005 800 1024 128 relu
CiteSeer 09 08 0.005 0.0001 100 512 256 relu
PubMed 09 09 0.0005 0.0005 1000 1024 128 relu
CS 04 03 0.0005 0.00005 1000 512 128 relu
Photo 04 04 0.0001 0.00001 15000 2048 128 relu
Computers 0.4 0.3 0.0005 0.0001 18000 512 128 relu
Table 8: Hyperparameters specifications 2.
Dataset Drop edge rate 1 Drop edge rate 2 Drop feature rate 1 Drop feature rate 2 Weight of Lyje  Weight of Lcross
Cora 0.3 0.2 0.4 0.2 100 1
CiteSeer 0.4 0.3 0.2 0.2 5 1
PubMed 0.2 0.2 0.3 0.1 1 1
CS 0.1 0.2 0.3 0.1 1 1
Photo 0.4 0.4 0.3 0.1 1 1
Computers 0.1 0.2 0.3 0.1 1 1
0 156 A.7 Misclassified Nodes Analysis on Benchmark
20 p26 Datasets
19'3';3 In this section, we provide a detailed analysis of misclassified nodes
g s |5 across multiple benchmark datasets, following the same experi-
5 18 E‘so mental settings as described in the main text. As shown in Figure
5, %j 19 6 Our goal is to identify nodes that are insufficiently trained, as
£ 2 evidenced by their frequent misclassification errors across multiple
16 E\‘: i tests. As outlined in the main text, we use the well-known GCL
- =1 GRACE method, GRACE [3], and run it 20 times on each dataset under the
15 }‘45 = Str-GCL(Ours) default experimental settings. For each run, we record the number
of misclassifications for each node. This aggregated data allows us
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Figure 6: Misclassified nodes distribution comparison of
Computers and Photo datasets.

12

to observe the frequency distribution of misclassified nodes and
identify those that consistently exhibit high error rates.

The CS dataset demonstrates excellent performance with the
Str-GCL model, showing a reduction in the number of misclassi-
fied nodes within the 15-20 error range. This indicates that on the
CS dataset, Str-GCL not only reduces the number of frequently
misclassified nodes but also significantly lowers their error counts.
Similarly, The Computers dataset also benefits from the Str-GCL
model. Although the reduction in the number of nodes with varying
error counts is not as consistent as in the CS dataset, there is a very
significant decrease in the number of nodes that are consistently
misclassified. This highlights the improved robustness and accuracy
of our proposed approach in reducing the most error-prone nodes.

Across all analyzed datasets, the Str-GCL model demonstrates a
clear advantage in handling error-prone nodes. This improvement
is attributed to its ability to incorporate structural commonsense,
which are not captured by traditional GCL methods like GRACE.

A.8 Reproducibility

Table 9 presents the GitHub links to the source codes of various
contrastive methods used in our evaluation.
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