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Abstract

Graph contrastive learning (GCL) has attracted consider-
able attention because it can self-supervisedly extract low-
dimensional representation of graph data. InfoNCE-based
loss function is widely used in graph contrastive learning,
which pulls the representations of positive pairs close to each
other and pulls the representations of negative pairs away
from each other. Recent works mainly focus on designing
new augmentation methods or sampling strategies. However,
we argue that the widely used InfoNCE-based methods may
contain an implicit conflict which seriously confuses mod-
els when learning from negative pairs. This conflict is en-
gendered by the encoder’s message-passing mechanism and
the InfoNCE loss function. As a result, the learned represen-
tations between negative samples cannot be far away from
each other, compromising the model performance. To our
best knowledge, this is the first time to report and analy-
sis this conflict of GCL. To address this problem, we pro-
pose a simple but effective method called Partial ignored
Graph Contrastive Learning (PiGCL). Specifically, PiGCL
first dynamically captures the conflicts during training by de-
tecting the gradient of representation similarities. It then en-
ables the loss function to ignore the conflict, allowing the
encoder to adaptively learn the ignored information without
self-supervised samples. Extensive experiments demonstrate
the effectiveness of our method.

Introduction

In recent years, Graph Neural Networks (GNNs) have
gained significant attention due to their powerful capabilities
in graph data analysis (Wu et al. 2020a) and have been ap-
plied in a wide range of scenarios, such as electronic recom-
mendation (Wu et al. 2019), community detection (Zhang
et al. 2020), and protein molecule prediction (Vlaic et al.
2018). However, training high-quality GNN encoders re-
quires a large amount of manually annotated labels, thereby
requiring substantial human and material resources. To solve
the dependency on labels, numerous studies have concen-
trated on Self-Supervised Learning (SSL). SSL finds labels
within the data itself, and designs proxy tasks for training
without manual label, achieving significant success in the
fields of CV and NLP (Jaiswal et al. 2020). At present, there
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are three mainstream paradigms in Graph Self-Supervised
Learning (GSSL). BGRL-like frameworks (Thakoor et al.
2021) design two encoders with non-shared parameters and
train one encoder to learn the output of the other encoder.
DGlI-like frameworks (Velickovi¢ et al. 2019) generate a
new augmented view, and train the model by making it dis-
tinguish whether a node belongs to the original view or the
augmented view. However, the training objectives of these
two methods do not consider the intrinsic inconsistent rela-
tionships among the nodes of graph, which prevent down-
stream tasks from making effective distinctions.

The third paradigm, InfoNCE-based frameworks (Zhu
et al. 2020; You et al. 2020), leverage node inconsistent
relationships in datasets by negative sampling, enhancing
the distinguishability of the learned representations. Specif-
ically, They generate augmented views through random per-
turbation. In the augmented views, two nodes generated
from the same source node are viewed as positive pairs,
while others are perceived as negative pairs. Then, the ob-
jective functions make encoder embed consistences between
positive pairs and differences between negative pairs (Liu
et al. 2022; Shi et al. 2023) by maximizing the similarity
between positive pairs and minimizing the similarity be-
tween negative pairs. Recently, a substantial volume of re-
search focus on refining the data augmentation techniques
and sampling strategies of InfoNCE-based paradigm to im-
prove model performance (Suresh et al. 2021; Zhu et al.
2021; Xia et al. 2022, 2021; Zhang et al. 2022). However,
these methods have failed to recognize a potential conflict
inherent in InfoNCE-based methods.

This kind of conflicts is ubiquitous in InfoNCE-based
methods, which is jointly induced by the InfoNCE objec-
tive function and the unique topological message-passing
mechanism (Zhou et al. 2020) of GNN encoders. Here, we
give a intuitive illustration, where the encoder only has a
single layer of Graph Convolutional Network (GCN) (Kipf
and Welling 2017), meaning its topological receptive field
includes the node’s one-hop neighbors. As shown in Fig. 1
(a), during the forward propagation of encoder, the anchor
node v; aggregates information from nodes vy, v, and vs.
Node vo aggregates information from v, and v2, while node
vg aggregates information from vy and vs. During loss cal-
culation, nodes vo and v3 both form negative pairs with v;.
Considering the negative pair formed by v; and vs, as shown
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Figure 1: Conflict diagram. (a) shows origin node relation-
ship. (b) shows node relationship considering negative pair
of v1 and vs. (c) shows node relationship considering nega-
tive pair of v; and vs.

in Fig. 1 (b), the objective function requires the encoder to
embed the differences between the two nodes, i.e., the infor-
mation from node vs, while disregarding the similar parts,
i.e., the information from node v; and v5, to minimize the
similarity between the negative pair. However, when consid-
ering the negative pair formed by v; and v3, as shown in Fig.
1 (c), the situation is entirely reversed: the information from
node vs is required to be embedded, while the information
from node v3 is requested to be ignored. At this point, we
find that when the encoder generates the representation of
v1, the InfoNCE loss demands it to simultaneously embed
and ignore the aggregated information from nodes vy and
vs. In the paper, we will refer to this conflict as the Embed-
ding and Ignoring Conflict (EIC). In addition, EIC issue also
occurs in other GNNs encoders. A detailed theoretical proof
for the wide existence of EIC is provided in the later section.

EIC issue has a detrimental impact on node representa-
tions because it greatly confuses gradient during the train-
ing process. The confusion comes from two sources. (1) For
negative pairs involved in EIC, the gradients receipted by the
encoder for these nodes are confused. Therefore, the encoder
cannot reduce the similarity between the representations of
the negative pairs, which directly leads to learned represen-
tations over-similar. (2) For negative pairs not involved in
EIC, we have discovered through theoretical derivation that
the existence of a large number of highly similar EIC neg-
ative nodes unfairly reduces the gradient of negative pairs
not involved in EIC. As a result, the similarity of non-EIC
negative pairs cannot decrease at the normal rate. These two
kinds of impacts directly result in the encoder generating
overly similar representations, which contradicts the design
philosophy of the InfoNCE loss function, making it more
difficult for the downstream task predictors to distinguish
among such similar representations. Unfortunately, meth-
ods with improved sampling strategy (Zhang et al. 2022; He
et al. 2023; Wang et al. 2022) cannot solve the EIC issue, as
its occurrence is unrelated to sampling accuracy.

To solve above problem, we propose a simple yet effective
method called Partially ignored Graph Contrastive Learning
(PiGCL), which includes an EIC capturer and controller.
The capturer identifies EIC negative pairs by detecting con-
fused gradient information. The controller then dynamically
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ignores some EIC pairs, allowing the GNN encoder to adap-
tively learn from ignored negative samples. In addition, the
ignored nodes are updated in each iteration, which means all
negative samples are used in training. This approach is com-
pletely different from existing improvements on positive and
negative sampling which focus on how to select samples,
whereas we focus on how to better utilize sampling infor-
mation in training. A wealth of experimental results validate
the effectiveness of PiGCL.
We summarize our contributions as follows:

* Problem: We introduce the concept of an implicit con-
flict, termed as EIC, within GCL. To the best of our
knowledge, this is the first work to identify and articu-
late this issue. We provide a theoretical exploration of
EIC and prove its detrimental effects on learning.

Method: We propose PiGCL to address the EIC issue. It
uses gradient confusion to capture and dynamically ig-
nore EIC negative pairs to eliminate EICs. And PiGCL
tones up the gradient on the loss function to mitigate the
impact on the gradient caused by the ignoring. In this
design, PiGCL greatly improves the encoder’s ability to
learn from negative examples.

Validation: We conducte experiments on six datasets and
two downstream tasks. An abundance of experimental
evidence confirms the efficacy of PiGCL

Preliminary

Let G (V,E) represent a graph, where V
{v1,v2,...,u,} denotes the set of nodes and &€ C V x V
signifies the set of edges. X € RV X is the feature matrix
of the nodes. A € RY*¥ is the adjacency matrix, where
A;; = 1if (v;,v;) € € and A;; = 0 otherwise.

In graph contrastive learning, given the input of a graph’s
X and A, our goal is to train an encoder f(-), without
the need for manual labels. The encoder can generate low-
dimensional, dense representations Z = f(X, A) € RN*P.
These representations can then be utilized for a variety of
downstream tasks.

GNN encoder. Almost all recent Graph Self-Supervised
Learning (GSSL) works employ two-layer GNN encoders.
The GNNs generally consist of propagation and aggrega-
tion mechanism (Huo et al. 2023; Kipf and Welling 2017;
Velickovi¢ et al. 2018). The normal form of GNNs is as fol-
lows:

X0 = G(AOW O x -, 1

where A( is the propagation matrix, extracted from graph
through neighbor sampling, transition matrix computation
or deep learning (Wu et al. 2020b). [ is the layer number,
X (©) means the original feature. W denotes a learnable pa-
rameter matrix, ¢ symbolizes an activate function. In this
design, GNN can efficiently encode the feature and structure
information inherit in the graph.

Discovering and Analysing of the EIC in GCL

In this section, we provide a detailed theoretical proof of
the wide existence of EIC in InfoNCE-based methods and
discuss its impacts on model performance.
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The Proof of EIC

In this section, we aim to demonstrate that when the topo-
logical receptive fields of more than two negative samples
intersect with that of the anchor node, there is a high like-
lihood for the nodes to fall into the EIC in four steps. To
simplify the proof, we assume that the encoder leverages the
most widely used GCN encoder in GSSL, and that the en-
coder contains only a single layer of GCN.

Firstly, we select any three nodes v, , v, and v, that satisfy
the following condition. (1) Nodes v, and v, are negative
samples of v,. (2) These nodes satisfy:

TR(vs) NTR(vy) # 0, TR(va) NTR(v.) #0,  (2)

where T'R(v,) denotes the set consisting of nodes within the
topological receptive field of v,.

Step 1. The EIC is jointly induced by the InfoNCE loss
function and the GNN encoder. First, in order to find the
restriction of the loss function on the representation, we an-
alyze the following loss function:

Linsonce(z;) = —log(
s/

69(2,;,2;)/7' + ZZZl,k#i(60(2i7Zk)/T —+ ee(z'ivz;c)/'r)

3

),

where z; represents the learned representation of node v;, 2/

is the representation learned from node v} on the other aug-
mented view, corresponding to v;. T is a hyper-parameter.
0(zi, 2;) = Sim(g(z;), g(=})), where Sim(-) means cosine
similarity calculation, g(-) is a non-linear projector. From
Eq. 3, to minimize the loss function, encoder need to maxi-
mize the cosine similarity between positive pairs and mini-
mize that between negative ones.

Step 2. We analyze what kind of representations the GNN
encoder has learned from the perspective of spatial domain,
which is another contributing factor to the EIC. The repre-
sentation matrix Z is generated as Eq. 4:

Z=0(D"2AD 2 XW), )
where, o is the activation function, A = A + I is the self-
looped adjacency matrix, and D is the degree matrix of A
used for symmetric Laplacian regularization. W is a learn-
able parameter matrix. Substituting H = XW into Eq. 4,
the representation of v, can be derived as follows:

1 1
Za = 0( ——=h;) = o(—=( _
D RN AN Y
5)

here, d; represents the degree of node v; after the addition of
a self-loop. Derived from Eq. 5, the encoder can be concep-
tualized as first embedding the node features, then perform-
ing a regularized aggregation of these embeddings within
the topological receptive field.

Step 3. In conjunction with the previous two steps, we
analyze how the loss function will influence the encoder. We
select a pair of negative nodes, v, and v, to find out what
kind of representation is the encoder required to generate

1

o

h;)

);
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considering only one negative pair. According to Eq. 5, the
representations z, and z; can be decomposed as follows:

1 1 1
za = 0(—=( g —=h; + E —=hy)),
\/CTG i€Co(vq,vp) \/CTZ 1€D1q(Va,vp) \/E
1 1 1
2 = o ( E —=h; + E hi)),
) \/i

1€Co(vq,vp 1€ Dip (va,vp

Vi

(6)
here, C'o(v,,vp) denotes the set formed by the nodes shared
within the receptive fields of nodes v, and v,. Meanwhile,
Di,(vg,vp) refers to the set comprising nodes that are
within the receptive field of node v, but not within that of
node vy, Co(vg, vp) U Dig(vg,vp) = TR(vy), Co(vg,vp) N
Dio(ve,vp) = 0. At this point, it can be observed that in the
above equation, the representation can be regarded as the
sum of two vectors as follows:

Z—a> = U(M(L(VecCo(va,vb) + VecDia(va,vb)))a %
Z_b> = U(/Jb(VBCco(vmub) + VecDib(v(“'ub)))a

where p, = 1/v/ d;. Cosine similarity measures the angle
between vectors, and the direction of the first sub-vector in

2, and zp is precisely the same. Therefore, Vecco(v, v,)
cannot decisively contribute to the reduction of similarity
during the training process; instead, when its magnitude be-
comes excessively large, it reduces the angle between z,
and z; (particularly when the activation function is ReLU-
liked, which is most commonly used in GSSL (Glorot, Bor-
des, and Bengio 2011)). Consequently, under the InfoNCE-
based loss, the model tends to encode nodes that are in the
Di, (v, vp) set and ignore those in the C'o(v,, vp) set.

Step 4. On the basis of step 3, we further consider more
negative pairs to analyze whether the encoder can meet the
embedding requirements of multiple negative pairs at the
same time to discover the EIC. When considering the neg-
ative pair consisted of v, and v, as in Eq. 6, Co(vg, v.)
and Di,(v,,v.) will also be produced for v,. In the case of
having only one-hop neighbors, the pair of negative samples
certainly satisfies:

Co(va,vp) # Co(Va,ve) < Dig(va,vp) # Dig(va, ve).
®)
Moreover, as the receptive field expands, there is a high
probability that the pair of negative samples also satisty Eq.
8. In this scenario, we observe that the nodes inconsistent
between sets in Eq. 8 are required to be encoded, yet simul-
taneously ignored.

Therefore, when there are more than two negative sam-
ples’ topology receptive fields have intersection with that of
anchor node, there is a high probability that nodes will fall
into the EIC.

The generalization of the proof. When the encoder is ex-
tended to a two-layer GCN, due to the expansion of the en-
coder’s receptive field, more nodes will fall into the EIC. The
above derivation generally holds when GNNs that cannot
learn edge weights, such as GraphSAGE (Hamilton, Ying,
and Leskovec 2017), GIN (Xu et al. 2018). When GNNs that
can learn edge weights, like GAT (Velickovi¢ et al. 2018),
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Figure 2: Similarity Heatmap. Figure (a) presents the result
of training with SimCLR (Chen et al. 2020) on the Cifar10
(Krizhevsky, Hinton et al. 2009) dataset, Figure (b) exhibits
the results of GRACE on the Cora dataset, and Figure (c)
denotes the result of our PIGCL on the Cora dataset. The
values represent the average similarity between classes.
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(a) SImCLR
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(b) GRACE
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(¢) PIGCL

the model has to reduce edge weights to mitigate the con-
flict due to the widespread EIC, preventing the model from
acquiring sufficient topology information. Moreover, from
the above derivation, it can be seen that the occurrence of
the EIC is independent of whether the positive and negative
sampling is correct.

The Impact of EIC

As inferred above, the encoder faces the paradox of encod-
ing and ignoring nodes in EIC. This hampers its ability to
learn from abundant negative EIC samples, concurrently af-
fecting non-EIC negative samples.

Deriving the negative pairs £ = j in Eq. 3, we obtain:

OLonce _ 1 e/
05i; T eSi T4 3 ki (65T + €S T
Sij = 9(2’1', Zj).

©))
From the above equation, suppose nodes v; and v; form a
non-EIC negative pair. In the beginning of training, the gra-
dient of this pair is normal, and its similarity can decrease
appropriately. However, the similarity of many EIC negative
pairs has not decreased appropriately, resulting in a larger
denominator of its derivative than that under normal con-
ditions. This causes a reduction in its gradient magnitude,
rendering even the non-EIC negative pairs incapable of con-
veying accurate gradient information to the encoder.

The aforementioned effects result in InfoNCE-based
GCLs being unable to decrease similarity among represen-
tations. Figure 2 experimentally illustrates this issue by pre-
senting heatmaps of representation similarities learned using
the InfoNCE loss function on visual and graph datasets. No-
tably, on graph data the representation learned by GRACE
exhibits excessive similarity between classes. This hampers
the downstream tasks’ ability to differentiate such closely re-
lated data, thereby undermining their accuracy. In stark con-
trast, our PiGCL significantly reduces the similarity between
inter-class nodes.

The Potential of EIC

While the EIC issue obstructs model learning from negative
pairs, it does not mean that the EIC negative pairs are use-

12343

less. Quite the contrary, if isolated from the EIC issue, these
negative pairs can provide invaluable information for model
training.

EIC negative pairs pervade across the entire graph. As
postulated by the “Small-World” theory (Watts and Stro-
gatz 1998), the diameter of the graph is remarkably small,
indicating a high degree of interconnectivity among nodes.
When we align this with the EIC occurrence principles out-
lined in the preceding section, it becomes evident that a sub-
stantial ratio of negative pairs are susceptible to EICs. The
abundance of EIC negative pairs should not be deemed en-
tirely futile for model training. On the contrary, they signif-
icantly contribute to the training. From the perspective of
gradient, the derivative of the similarity of positive cases in
Eq. 3 can be obtained as follows:

1 ZZ:LI@#(esikh + e /)
TSI Y e (€T €S [T)
(10)
The above equation reveals that >, , . (e5%)/7 +

6['lnf<)NCE _
0S;ir

eSik'/ 7), the sum of the similarity of all negative pairs,
impacts the gradient of positive samples. The larger it is,
the more the model tends to encode the consistency be-
tween positive pairs. Moreover, a greater similarity differ-
ence among connected nodes is beneficial for downstream
tasks. For classification tasks, the greater similarity between
class-margin nodes and other class connected nodes eases
the downstream pre-head’s distinction. For regression tasks,
the uniqueness of nodes assists in capturing the distinctive
inherent properties of different nodes.

Therefore, the solution to the EIC lies not in improving
the sampling method to eliminate some negative samples,
but in designing a sensible training mechanism that enables
the model to fully utilize EIC negative pairs for training pur-
poses.

Methodology

In this section, we introduce the proposed method, PiGCL.
As shown in Fig. 3, PIGCL utilizes the InfoNCE-based GCL
framework, with the addition of two novel components: the
EIC capturer and EIC controller.

Gradient-based EIC capturer

In order to address the EIC issue, the first is to capture nega-
tive pairs in the EIC state and have a sensible method of mea-
suring their impact on model training. We designed an EIC
capturer capable of indirectly gauging the influence of neg-
ative pairs on the encoder’s gradient, and identifying those
pairs causing gradient confusion. Specifically, the capturer
aims to obtain the impact on the gradient of the encoder due
to the introduction of a particular negative sample, as fol-

lows: or
InfoNCE
VW = ——— 11
BT 1D
where, W denotes the encoder parameters. The EIC negative
pairs do not exist in isolation, necessitating the combined
calculation of their influence with other negative pairs. How-

ever, directly calculating the V¥ caused from some nega-
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Figure 3: The overview of PIGCL. Given an input graph G, two augmented graphs are generated through Aug; (-) and Augs(-),
which involve random feature masking and edge dropping. A encoder f(-) is then used to generate node representations, which
are fed into the EIC capturer to compute a negative similarity matrix RIN'S for negative pairs. This RN S is compared with
the one from the previous iteration to approximate the impact of negative pairs on the model gradients, thus capturing the
EIC negative samples. The EIC controller uses the capturer results to generate an Ignored Set /¢S, which ignore some negative
samples in the current iteration. PiGCL also tone up the gradient of the objective function, which maximize consistency between

positive samples and reduce it between negative samples.

tive pairs by the above formula is mathematically challeng-
ing. Therefore, we devised an iterative strategy that uses the
amount of similarity change produced by negative pairs dur-
ing the training as an approximation to measure their impact
on the gradient, as shown in below:

Spper — Sier=titer > 1, (12)

where GIy p(; j) represents the gradient impact of the neg-

ative pair consisted of v; and v;. Sfjt.” represents the simi-
larity between node v; and v; at the current iteration. We set
every epo epochs as one iteration and store the current S?¢°".
If a negative pair is not implicated in EIC or if the EIC min-
imally impacts the nodes involved in the negative pair, then
the similarity of the negative pair can decrease swiftly, re-
sulting in a smaller value for GIyp(; ;). Conversely, if the
similarity does not decrease appropriately or even escalates,
the value for GInp(; ;) is larger. During the training pro-
cess, we dynamically calculate the GIy p(; ;) value of neg-
ative pairs to continuously assess their impact on the model.
Furthermore, negative pairs that are associated with larger
GInp(i,j) values can also be identified as having completed
training. These pairs can be eliminated to introduce new neg-
ative pairs without inducing EIC.

Additionally, we considered capturing EIC through its
cause, i.e., using N-hop neighbors in the structure. However,
this approach captures too many negative pairs and makes it
challenging to appropriately measure how each hop’s neg-
ative samples impact the training. Calculating the receptive
field conflict of negative samples for every two pairs of nega-
tive pairs would also result in excessive computational over-
head. Therefore, we opted for a gradient-based capturing
mechanism.

GInp(i ) =

Ignore-based EIC Controller

We have designed an EIC controller to dynamically ignore
partial negative pairs during the training. We first set an ig-
nore ratio 7%, and select negative pairs with larger values in

12344

Eq. 12 to form an ignore set /¢S as follows:

IgS = {NP(i,j)|GInpau,j > Gl }, (13)
where G I, represents the minimum value among the top r%
nodes when arranged in descending order. The /¢S is also
dynamically updated. With the formula, we can, in real-time,
select negative pairs that are in EIC and those that have com-
pleted training which are no longer needed. For the negative
pairs in the I¢S, the controller will temporarily ignore them
and will not use them as self-supervised sampling signals
for training. We cleverly used the semi-supervised nature of
GCN to allow the model to adaptively learn the information.

Moreover, in the initial stage of training, most of the neg-
ative pairs in ¢S are significantly affected by EIC. How-
ever, after a period of training, some negative pairs that have
participated in the training have already provided enough in-
formation, and their similarity will not decrease further, thus
they will enter the /¢S set. At this time, the negative pairs
that were ignored at the beginning will re-participate in the
training without producing EIC. This is the essential differ-
ence between PiGCL and the improved sampling algorithm:
we focus on improving the training strategy.

Toning Up Gradient with Compensation

We designed a dilation coefficient, «, for gradient toning up.
This is because when partial nodes are ignored, the corre-
sponding gradient (i.e., formulas 9 and 10) would also de-
crease. Moreover, the degree of this decrease is further am-
plified due to the involved exponential and logarithmic op-
erations. The « coefficient is defined as follows:

B S Z;}:l e0(zi:25)/7
i Z?:l,NP(i,j)gEIgS efzz)/T

For negative samples, we multiply them by « to magnify
their gradient. For positive samples, we added a compen-

(14)
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Method Available Data Cora CiteSeer PubMed CS 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 81.33+£031 70.57+098 85.86+0.15 9237+0.22 9236+0.09 87.28+0.34
MVGRL X, A 84.32+097 7229+0.75 8533+£0.25 9228+0.19 92.07+0.26 87.68+0.31
DGI X, A 8324+£0.73 7191085 85.67+0.28 92.86+0.15 92.56+0.41 86.93+0.25
GBT X, A 8350+£1.05 69.12+139 8529+0.34 92.63+0.14 9252+0.34 87.30+0.29
GRACE X, A 83.30+040 71.65+1.03 8569+020 92.06+0.18 92.13+0.20 87.13+0.37
GCA X, A 83.42+£0.78 7097+132 86.12+0.22 93.01 £0.21 92.15+£0.26 88.04+0.34
Local-GCL X, A 83.08+£0.84 71.00+x094 85.67+0.28 9248+0.12 9299+0.34 88.64+0.25
ProGCL X, A 82.80+1.03 72.85+0.92 OOM OOM 92.85+0.32 OOM
PiGCL(Ours) 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
Supervised GCN X, AY 82.80 72.00 84.80 93.03 9242 86.51

Table 1: Performance on node classification. X, A, Y denote the node attributes, adjacency matrix, and labels in the datasets,
OOM signifies out-of-memory on 24GB RTX 3090. Data without deviation are drawn from (Zhu et al. 2021, 2020).

satory term, ¢, as follows.

1 n
¢=(1—1/0¢)'NZSW- (15)
i=1
By complementing the gradient, the numerical value of the
gradient can remain relatively constant even when plenty of
negative samples are ignored. This prevents the model from
converging prematurely due to excessively small gradients

caused by a large r. Consequently, we derive the loss func-
tion for PiGCL as follows:

Lpiger(zi) = —log(

eSii//‘r
n ) - (b
S /T + a(Yoho1 Np(ik)grgs (€5 + €S /T))
(16)
Experiment
Experimental Setup

Datasets. We evaluate our method on six widely-used
datasets, Cora, Citeseer, and PubMed from the Plantoid
(Kipf and Welling 2017), Photo and Computers from the
Amazon (McAuley et al. 2015), and CS (Sinha et al. 2015)
from the Coauthor. Detailed descriptions are in Appendix C.

Compared Methods. We primarily compare our PiGCL
with four categories of models: (1)Representative methods
under the InfoNCE-based framework: GRACE (Zhu et al.
2020), GCA (Zhu et al. 2021) with improved augmenta-
tion, Local-GCL (Zhang et al. 2022) and ProGCL (Xia et al.
2021) with improved sampling methods. (2) Other recent
GSSL baselines: BGRL (Thakoor et al. 2021), MVGRL
(Hassani and Khasahmadi 2020), DGI (Velickovi¢ et al.
2019), and GBT (Bielak, Kajdanowicz, and Chawla 2022).
(3) The classical GSSL algorithms: Node2vec (Grover
and Leskovec 2016) and Deepwalk (Perozzi, Al-Rfou, and
Skiena 2014). (4) The semi-supervised training baselines
GCN (Kipf and Welling 2017). Further detailed introduction
of these baselines can be found in Appendix A.

12345

Detailed Setup. We test PIGCL on both classification and
clustering tasks. All GSSL models are first trained self-
supervisedly with a two-layer GCN encoder. The settings
for the hyperparameters can be found in the Appendix C.
We utilise the encoder to generate representation for down-
stream tasks. For the classification tasks, we follow the test-
ing method from the GRACE (Zhu et al. 2020). We train and
test a downstream [2 regularized logistic regression classifier
using the learned representations. Specifically, we use 10%
of the data for training the downstream classifier and the re-
maining 90% for testing. We run this 20 times and report the
average and variance of Fl-score. For clustering tasks, we
directly input the obtained representations into a randomly
initialized K-Means (MacQueen et al. 1967) predictor with
a maximum of 500 iterations. We run this 10 times and re-
port the average NMI and ARI. All experiments were con-
ducted on a server equipped an RTX 3090 GPU and an i5-
12400 CPU. More details and the source code are available
at https://github.com/hedongxiao-tju/PiGCL.

Performance Analysis

Classification. Tab. 1 presents the Fl-score of all meth-
ods on the node classification task. From the table, it is
observed that the proposed PIGCL shows its strong perfor-
mance across six datasets. Compared to the baseline method
GRACE, our method improve the accuracy by an average
of 1.43%, which validates that our proposed method has ad-
dressed the EIC issue during the training. PiIGCL also shows
an improvement over methods like GCA, Local-GCL, and
ProGCL, which only modify the augmentation and sampling
strategy. This highlights the significant impact of the EIC
issue on model performance. Furthermore, the approach of
PiGCL can be applied to these improved methods to fur-
ther enhance their performance. We also found that GRACE,
which takes into account the inherent negative relationships
between nodes within the dataset, does not show significant
advantages compared to other baselines (such as BGRL,
DGI and GBT) that do not consider nodes relationships in
dataset. However, PiIGCL, which solves the EIC issue, out-
performs these other types of baseline methods. This fur-
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BGRL DGI GRACE GBT GCA  Local-GCL Pro-GCL | PiGCL(Ours)
Cora NMI 04211 05370 04758 0.4562 0.4510 0.5386 0.5131 0.5494
ARI 0.2905 0.4469 0.3633 0.3683 0.3104 0.4479 0.3434 0.4670
CiteSeer NMI 0.3748 0.4185 0.3960 0.3414 0.3737 0.4508 04115 0.4581
ARI 0.3855 0.4140 0.3977 0.3193 0.3675 0.4494 0.4219 0.4720
PubMed NMI 0.3149 0.3188 0.3508 0.2992 0.3307 0.3469 OOM 0.3784
ARI 0.2928 0.3165 0.3286 0.2942 0.2919 0.3304 OoOM 0.3612
Table 2: Performance on node clustering
Accuracy Accuracy
A s o
w 2, ‘Q& . q’v;e @90
& # 3 q?fQQ Cora q’%_«‘) Computers
& & 00 02 0.4 0.6 Q;p“ 0.0 0.2 0.4 0.6
(a) BGRL (b) DGI Ignore rate r% ° Ignore rate r%
gﬂ- a Figure 5: Analysis of parameter ignore radio r
Te oW
2 . .
; A GRACE. Furthermore, the cohesiveness of intra-class nodes
(c) GRACE (d) PiGCL in PiGCL, as shown in Figure 4, either remains unchanged or

Figure 4: t-SNE embeddings of nodes in Cora dataset.

ther proves that the EIC issue prevents effective utilization
of these negative samples in GRACE.

Clustering. In the clustering task, we evaluated the PiGCL
on the Cora, CiteSeer, and PubMed datasets, as shown in
Tab. 2. Once again, PiGCL shows a strong performance, im-
proving on the baseline GRACE by an average of 5.44% in
NMI and 7.02% in ARI, and outperforming all other com-
pared methods. It can be observed that the clustering accu-
racy of GRACE is inferior to the BGRL and DGI. GRACE’s
InfoNCE-based loss function uses negative sampling infor-
mation to separate the nodes, thereby reducing node sim-
ilarity and aiding the clustering task. However, due to its
struggle with the EIC issue, the negative samples are not
effectively utilized. The clustering accuracy of PiGCL sig-
nificantly surpasses GRACE, demonstrating the success of
PiGCL’s dynamically ignoring strategy. This proves that
while the number of negative samples decreases in every
epoch, PiGCL still can effectively learn from ignored neg-
ative samples due to the semi-supervised nature of GNNs.

Visualization. To provide a more intuitive demonstration
of the advantages of the representations learned by PiGCL,
we employ t-SNE (Van der Maaten and Hinton 2008) to vi-
sualize the representations learned from the Cora dataset, as
shown in Fig. 4. It is evident that, compared with the other
three baselines, the representations learned by PiGCL ex-
hibit broader and clearer boundaries between classes, which
are consistent with the similarity finding in Fig. 2. This
firstly validates the effectiveness of PIGCL’s strategy in han-
dling EIC negative node pairs, demonstrating a stronger ca-
pability of reducing the similarity of negative pairs than
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elevates. This results from PiGCL’s utilization of the semi-
supervised nature of GCN to adaptively learn the sampling
information that is dynamically ignored. This further corrob-
orates that PIGCL can effectively utilize negative samples.

Parameters Analysis

We examined the impact of the hyperparameter ignore rate
7 on model performance on datasets with the most and least
edges (Cora, Computers), as illustrated in Figure 5. It is ob-
served that the accuracy where > 0 is generally superior
to that of » = 0, which establishes the benefit of dynami-
cally disregarding some EIC negative pairs to mitigate the
generation of EIC and enhance model learning from nega-
tive samples. The model overall exhibits a unimodal pattern.
As r increases, the model can further reduce EIC by ignor-
ing more negative pairs. While, when 7 becomes too large,
although the ignore set is updated dynamically, the model
fails to obtain enough negative pairs for training, thus lead-
ing to a performance decline. This once again demonstrates
the importance of negative samples for training and consis-
tent with our previous view.

Conclusion

In this paper, we are the first to identify and investigate the
implicit Embedding and Ignoring conflict (EIC). The EIC is-
sue is widespread in InfoNCE-based GCL and lead to gradi-
ent confusion during training. To address this issue, we pro-
pose PiGCL, which dynamically captures and ignores a por-
tion of self-supervised negative samples based on gradient
detection. Leveraging the inherent semi-supervised nature of
graph encoders, PiIGCL makes the encoder adaptively learn
from the ignored negative samples. Thus, PiGCL greatly im-
proves the utilization of negative samples. Extensive experi-
mental results confirm the effectiveness of PiGCL.
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