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Abstract

Graph contrastive learning (GCL) aims to learn representa-
tions from unlabeled graph data in a self-supervised manner
and has developed rapidly in recent years. However, edge-
level contrasts are not well explored by most existing GCL
methods. Most studies in GCL only regard edges as auxiliary
information while updating node features. One of the primary
obstacles of edge-based GCL is the heavy computation bur-
den. To tackle this issue, we propose a model that can effi-
ciently learn edge features for GCL, namely Augmentation-
Free Edge Contrastive Learning (AFECL) to achieve edge-
edge contrast. AFECL depends on no augmentation consist-
ing of two parts. Firstly, we design a novel edge feature gen-
eration method, where edge features are computed by em-
bedding concatenation of their connected nodes. Secondly, an
edge contrastive learning scheme is developed, where edges
connecting the same nodes are defined as positive pairs, and
other edges are defined as negative pairs. Experimental re-
sults show that compared with recent state-of-the-art GCL
methods or even some supervised GNNs, AFECL achieves
SOTA performance on link prediction and semi-supervised
node classification of extremely scarce labels.

Code — https://github.com/YujunLi361/AFECL

1 Introduction

The recent success of graph neural networks has driven re-
search in knowledge graphs (Zhu et al. 2022), recommenda-
tion (Cao et al. 2022; Li et al. 2023), e-commerce (Zhang
et al. 2022a), biological systems (Rao et al. 2022), etc. A
common approach to training graph neural networks is to
use the supervised mode. For supervised learning, a suffi-
cient amount of input data and label pairs are given other-
wise this leads to overfitting (Feng et al. 2020). However,
the supervised training process requires a large amount of la-
beled data and is expensive in real applications, since labels
are expensive, or even long-tailed data (Yang et al. 2023).
Unsupervised and self-supervised learning (SSL) trains
neural network models on unlabeled data, reducing depen-
dence on labeled data (Cai, Jiang, and Yuan 2021; Zhang
et al. 2023; Li, Zhao, and Yuan 2023; Zhang, Zhu, and Li
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2024). Among SSL methods, contrastive learning (CL) has
been shown to achieve comparable performance levels to its
supervised counterparts across a spectrum of tasks, includ-
ing Computer Vision (CV) (Chen et al. 2020) and Natural
Language Processing (NLP) (Gao, Yao, and Chen 2021).
With the development of CL, CL was introduced into the
graph domain, combining GNN and CL to learn embedding,
also dubbed graph contrastive learning (GCL) (Hassani and
Khasahmadi 2020; Zhu et al. 2021; Xia et al. 2022).

Recent studies on graph contrastive learning focus on a
similar contrastive learning paradigm. Specifically, graph
contrastive learning aims to learn one or more encoders such
that similar instances in the graph agree with each other, and
dissimilar instances disagree with each other. Most exist-
ing GCL methods can be divided into two aspects: graph
view generation by applying different transformations and
learning towards minimizing contrastive loss based on mu-
tual information (MI) estimators. For graph view generation,
there are various graph transformation (augmentation) meth-
ods, such as node attribute masking (You et al. 2020)), edge
perturbation (Qiu et al. 2020; You et al. 2020), graph dif-
fusion (Hassani and Khasahmadi 2020), m-noise augmen-
tation (Li 2022; Zhang et al. 2024), etc. For contrastive
objectives, there are contrastive losses widely used in CL,
such as Donsker-Varadhan estimator (Donsker and Varad-
han 1983; Belghazi et al. 2018), noise contrastive estimation
(InfoNCE) (Gutmann and Hyvirinen 2010; Oord, Li, and
Vinyals 2018), normalized temperature-scaled cross-entropy
(NT-Xent) (Sohn 2016), to estimate and maximize the mu-
tual information in CL computationally. However, there are
some drawbacks of this paradigm.

On the one hand, MAGCL (Gong, Yang, and Shi 2023)
argues augmentations that retain sufficiently complete task-
relevant information cannot generate diverse enough views.
Existing handcrafted graph augmented strategies may de-
stroy the graph structure resulting in failing to maintain
the task-related information intact. At the same time, using
two encoders with the same neural architecture and tied pa-
rameters for the augmented graphs may hurt the diversity
of the augmented views. Specifically, removing important
edges can severely damage graph topology that is highly rel-
evant to downstream tasks, resulting in poor graph embed-
ding quality (Zhu et al. 2021). Generating augmentations in
a heuristic (Zhu, Sun, and Koniusz 2021) or adversarial (You



et al. 2021; Feng et al. 2022) manner, using two view en-
coders with the same architecture, may also lead to graph
embedding quality low.

On the other hand, most existing GCL methods directly
fetch the contrastive goal originally proposed in CL (Qiu
et al. 2020; Zhu et al. 2020; Wan et al. 2021; You et al. 2021;
Zhu, Sun, and Koniusz 2021), while paying no attention to
the topological information and the information of edges in
the graph data. They regard different augmentations of the
same sample (node or graph) as positives and different aug-
mentations of other samples as negatives and pull the pos-
itives close and the negatives far apart. However, they are
usually based on the homophily assumption, which means
that connected nodes should be more similar. In addition,
for graphs, changes in edges can directly affect topologi-
cal information. Exploiting the contrastive objective ignores
topological information and contradicts the homophily as-
sumption.

To address the above problems, we propose a new
paradigm that applies edge contrastive learning without
data augmentation. Unlike the existing augmentation-free
method (Xiao et al. 2024) in node level, we are the first to
propose and verify the validity of edge-level contrast called
Augmentation-Free Edge Contrastive Learning (AFECL).
Specifically, our model adopts a simple graph neural net-
work (GNN) as the encoder to generate node embeddings.
Then, instead of only treating edges as auxiliary information
to implement parameter updates, we directly compute the
edge embeddings through node embeddings. For the con-
trastive objectives, AFECL fully considers network topo-
logical information and regards edges connecting the same
node as positive pairs and edges that do not connect nodes
as negative pairs. Overall, our main contributions are listed
as follows:

* To the best of our knowledge, for the first time we study
the edge-level pairs for contrast. We introduce a novel
edge representation learning method generating edge em-
beddings through node embeddings. Moreover, we de-
sign a new edge-level contrastive loss where edges con-
necting the same node as positive pairs and edges that do
not connect nodes as negative pairs.

We develop a novel and effective paradigm for graph
contrastive learning which provides a high degree of
flexibility, high efficiency, and ease of use. Specifically,
AFECL does not need additional handcrafted graph aug-
mentations and can train on graphs at any scale by gen-
erating a small number of edge features.

Experimental results show that, compared with recent
state-of-the-art GCL methods or even some supervised
GNNs, our method achieves SOTA performance on link
prediction and semi-supervised node classification of ex-
tremely scarce labels.

2 Related Work

In this section, we provide a brief review of existing GCL
methods. Then, the proposed method and its related work
are summarized.
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Method Data Augmentation Contrastive Objective
DGI No Data Augmentation Node-graph
GMI No Data Augmentation Node-node

MVGRL Graph Diffusion Node-graph
GCC Extract Subgraph Graph-graph
GCA Attribute Perturbation+Edge Perturbation Node-node

ARIEL Adversarial Graph Perturbation Node-node

SPGCL No Data Augmentation Node-node

GraphACL No Data Augmentation Node-node

PiGCL Attribute Perturbation+Edge Perturbation Node-node

AFECL No Data Augmentation Edge-edge

Table 1: Comparison of related works.

2.1 Data Augmentations for Contrastive Learning

The general paradigm in CL requires data augmentation of
the input data first. In computer vision (CV), there are many
high-quality data augmentation schemes, such as rotations,
blurring, resizing, cropping, flipping, etc (Chen et al. 2020).
In natural language processing (NLP), due to its discrete na-
ture, the data augmentation scheme is not as straightforward
as in CV, such as word deletion, reordering, substitution,
etc (Gao, Yao, and Chen 2021). In the graph domain, there
are many data augmentation methods, but there is no uni-
versal graph data augmentation scheme. For example, DGI
(Velickovi¢ et al. 2019) achieves data augmentation by dis-
rupting the nodes of the original graph. GraphCL (You et al.
2020) proposes to achieve data augmentation through at-
tribute masking, edge perturbation, node dropout and sub-
graph extraction. GRACE (Zhu et al. 2020), GCA (Zhu et al.
2021) and CCA-SSG (Zhang et al. 2021) generate views
by randomly masking node attributes and randomly remov-
ing edges. MoCL (Sun et al. 2021)demonstrates that infus-
ing domain knowledge can serve as prior knowledge, which
helps to find appropriate augmentations. MVGRL (Hassani
and Khasahmadi 2020) augments the input graph via graph
diffusion and ARIEL (Feng et al. 2022) augments the in-
put graph via adversarial graph perturbation. SPAN (Lin
and Chen 2023) generates augmentations by maximizing the
spectral change. However, there are limitations in that appro-
priate augmentation methods must be selected for different
graph datasets to the above handcraft augmentations, result-
ing in poor generalizability (You et al. 2020). To avoid man-
ually tuning dataset-specific graph augmentations, LOCAL-
GCL (Zhang et al. 2022b) and GraphACL (Xiao et al. 2024)
define first-order neighbors of nodes as positive samples
without augmentation.

The proposed model regards the original graph as the
view, which not only avoids improper modification of the
graph dataset topology but also has wide generalizability.

2.2 Graph Contrastive Learning Models

GCL often explores node-node, node-graph and graph-graph
relationships as contrastive objectives (Xie et al. 2022). For
node-graph contrast, most GCL methods employ graph-
level encoders and node-level encoders to obtain the corre-
sponding embeddings. For example, DGI (Velickovi¢ et al.
2019) contrasts node embeddings of the original graph and
node embeddings of the corrupted graph with graph em-
beddings. MVGRL (Hassani and Khasahmadi 2020) con-
trasts the embedding of a view through a node-level en-
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Figure 1: The architecture of the proposed AFECL framework. Firstly, the original graph is regarded as a view and fed into the
encoder to learn the representation of the nodes. Then, the learned node representations are used to concatenate and generate
edge representations. Note that in large graphs, edges need to be sampled first to generate representations behind the sampling.
In the end, the model applies edge contrastive loss to maximize the mutual information between positive pairs of representations
and minimize the mutual information between negative pairs of representations. The red edges represent both anchors and

positives.

coder with the embedding of another view through a graph-
level encoder. For graph-graph contrast, most GCL methods
employ two graph-level encoders to obtain graph embed-
dings and contrast graph-level between positives and neg-
atives. For example, GCC (Qiu et al. 2020) contrasts differ-
ent subgraph embeddings obtained by different graph-level
encoders. For node-node contrast, most GCL methods em-
ploy node-level encoders to obtain node embeddings and
contrast node-level between positives and negatives. For ex-
ample, GRACE (Zhu et al. 2020) and GCA (Zhu et al. 2021)
contrast the embedding of each node, where the same node
in different augmented views is regarded as positive pairs
and other nodes are viewed as negative pairs. However, these
methods do not consider the topological information of the
graph. NCLA (Shen et al. 2023) proposes Neighbor Con-
trastive Loss, which treats nodes with different augmenta-
tions and their neighbor nodes as positive pairs, and other
nodes as negative pairs. In addition, existing GCL methods
ignore edge information and only use edges as auxiliary in-
formation to update node representations.

In our model, we propose a new edge contrastive loss
for edge-edge GCL. Unlike existing contrastive objectives,
our method is an edge-edge contrast, where edge represen-
tations are generated from node representations. Moreover,
our method exploits network topology information to define
positive and negative pairs, where positives are the edges
connecting the same nodes and negatives are the others.

Comparisons with related graph CL methods. In sum-
mary, we briefly compare the proposed AFECL with other
proposed state-of-the-art graph contrastive learning meth-
ods, as shown in Table 1. It can be seen that the proposed
AFECL method requires only one view and does not require
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the use of additional node corruption like DGI (Velickovié
etal. 2019). Besides, these data augmentation methods have
been proven to be effective, but they suffer from problems
such as complexity and possible inappropriate modification
of the original graph. AFECL does not require data aug-
mentation and only uses the original graph faded into the
encoder. Most importantly, AFECL is the only model that
proposes to define edge-edge as the contrastive objective.

3 Methodology

In this section, we present AFECL in detail. Then, we elab-
orate on how to generate edge features in Section. 3.2, how
to design the edge contrastive loss and define positives and
negatives between edges in Section. 3.3. We propose a novel
edge contrastive architecture for unsupervised graph repre-
sentation learning, as shown in Figure 1.

3.1 Preliminaries

Let G (V,€) denote a graph, where V
{v1,v2, - ,un}and & CV x V represent the node set and
edge set respectively. X € RV*F and A € {0, 1}V*¥ de-
note the node feature matrix and the symmetric adjacency
matrix, where ; € RF is the feature vector of v; and
A;; = 1iff (v;,v;) € &, otherwise A;; = 0. NV; represents
the first-order neighbors of node i in the graph. E € RM*P
denotes the edge feature matrix, where e;; € RP is the fea-
ture vector of edge(v;,v;) and ey, represents the k-th edge.
Given X and A as the input, the proposed model employs
the GNN encoder f(X, A) to learn the representations of
nodes H = f(X,A) € RV*F'| I/ « F. Then, the pro-
posed method exploits the embeddings of nodes to gener-



ate the representations of edges. These representations are
learned by optimizing the the edge contrastive loss, and can
be used in downstream tasks without access to the labels.

3.2 [Edge Representation Learning

In our proposed model, we employ multi-head GAT as the
encoder for all benchmark datasets. Each head is viewed as
a single-layer feedforward neural network. In the k-th head
attention, the edge coefficient between neighbor node ¢ and
J can be expressed as
o) _ exp(LeakyReLU(a®) [W ®a; | W Pa;)))
Y, eniugeny exp(LeakyReLU (a®) [W ®a, [W Mz, ]))

. (D)

where WH) ¢ RF'<F represents the k-th head learnable
weight matrix which is applied to every input node fea-
ture to learn embeddings, a” represents the learnable weight
vector of k-th head, || is the concatenation operation, and

LeakyReLU(-) is a nonlinear activation. Note that agf) =0
if A;; =0.

The edge coefficients are used to compute a linear combi-
nation of the features of neighbor nodes to learn the embed-
ding of each node. Then, the GAT encoder uses a nonlinear
activation ELU to serve as the final embeddings, as

>

vj eN;U{v;}

h") = ELU( W), )

where hz(-k) is the embedding of node ¢ in the k-th head.
Then, node ¢ embedding of each head is concatenated, as

hi = |5 R 3)

To avoid an expensive computational burden, we exploit
the node representation to generate edge representation, as

hij = g(e”) = o(f(v:), f(v;)) = p(hi, hy), (4

where f(-) is a GNN encoder, g(-) represents the final
learned edge representation module, and (-, -) is a mapping
function of REF' x REF' —, RP' a simple and feasible im-
plementation as

P(f(vi), f(v5)) = W (S (vi)llf(v)) = p(hillh;), (5)

where W € RP"*2KF" cap be an identity matrix I if D' =
2K F’ or a learnable weight matrix.

Compared to existing edge representation methods, the
proposed model has two advantages.

1) The existing edge representation learning methods usu-
ally propose to additionally create the adjacency matrix for
edges, either by defining the neighborhood structure or using
the line graph transformation. However, for a nearly com-
plete graph obtaining the adjacency of edges requires
O(n?) time complexity. We propose a simple method to
generate the representation of edges, by using node repre-
sentation, which can directly avoid learning each edge rep-
resentation.
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2) Learning edge representations by creating a structure
for edges may not yield good performance for downstream
tasks, such as node classification. In this case, there is lit-
tle correlation between the representation of nodes and the
representation of edges. In contrast, our proposed method
uses the representation of two nodes connected by edges to
generate the representation of edges.

3.3 [Edge Contrastive Learning

After obtaining the embeddings of edges, we find it neces-
sary to define positives and negatives in edge-edge GCL.

Let h; and h; denote the embeddings of v; and v; learned
by the GNN encoder respectively. Then select h;; as the
anchor, which is generated by h; and h;. In our proposed
model, positive samples consist of three sources:

* the same edge, i.e., the embedding of the same edge in
the view h;;;

e {h; | vx € N;}, the embedding of the edges adjacent to
node 7;

* {hy; | vi € N,}, the embedding of the edges adjacent to
node j.

In this case, the number of positive pairs associated with the
anchor h;; should be |N;| + |Nj| + 1, where || is the
number of neighbors of node ¢ and || is the number of
neighbors of node j. In the view, the edge contrastive loss
associated with the anchor h;; is formulated as

£(hiy) =

(t‘xp(ﬁ (hijshig) 7) + Eens (exp(0 (hij hik) 7)) + 3, e, (exp(0 (i, ) /T))) /(N + VG + 1)
exp(0 (hijs hig) /) + Xpigy (ex(0 (i, hik) /7)) + Xzgpi (exp (0 (g huj) /7)) '
(6)

where 7 is a temperature parameter and 6(-) is the cosine
similarity measure. We decompose the last two terms of the
denominator of Eq. (6) as

—log

7 exp( (hij, hi) /7) = Y exp(0 (hij, hae) [T) + Y exp(0 (g, har) /7),

kit v EN; v NG

> exp(O (hijhag) /1) = Y exp(0 (hij hug) /7) + Y exp(8 (hij, huy) /7),

k#j#i v ENj v &N
where the edges connected by the non-neighbor nodes of
node 7 and the edges connected by the non-neighbor nodes
of node j are regarded as negative pairs respectively. Min-
imizing Eq. (6) is equivalent to maximizing the agreement
between positive pairs and minimizing that of negative pairs.
That is, the embedding of each edge is driven to agree with
itself and the embeddings of the edges connected to its
neighboring nodes within a view. In the meanwhile, the em-
bedding of each edge would disagree with the embedding of
edges connected to non-neighbor nodes. Note that our pro-
posed model is different from the existing multi-view graph
contrastive learning model. In our model, positive samples
include the anchor itself to prevent the learned representa-
tion from deviating from our objective. Besides, we do not
need to set up a special asymmetric network structure or
data augmentations to achieve contrastive learning. The fi-
nal edge contrastive loss within a view, averaged over all
edges, is defined as

L M L NN
Ezﬂge(hek)zﬂggé(hij), (7



Algorithm 1: The pseudo-code for the proposed AFECL

Input: The feature matrix X, adjacency matrix A, edge
feature matrix E, Edge sampling probability p,
Output: Embeddings of nodes H
1: for epochin 1to 7 do

2: forkinlto K do
3: Calculate the edge coefficient agf) by Eq.(1).
4: Generate node embeddings hl(k) by Eq.(2).
5.  end for
6: Compute node embedding by concatenation h; =
K p(k)
[
7:  if ps #~ 1 then
8: Sampling the edges A’ = Ao R.
9: Compute edge embeddings by Eqs.(4), (5).
10:  else
11: Generate embeddings of edges by Egs.(4), (5).
12:  endif
13:  Compute edge contrastive loss £ by Eq.(7).
14:  Update parameters to minimize L;
15: end for

where /¢ (h”) =0if Aij =0.
Edge Sampling. We randomly sample a portion of the edges
in the original graph. Since the number of edges is much
more than the number of nodes, in large graphs we need to
sample edges to achieve edge contrastive learning. Specif-
ically, for simplicity, we first sample a random masking
matrix R € {0,1}V*¥, each entry of which follows a
Bernoulli distribution R;; ~ Bernoulli (ps) if A;j = land
R;; = 0 otherwise. Here p, represents the probability of
each edge being sampled. In this way, the final sampled ad-
jacency matrix can be computed as
A '=AoR, ®)
where o is the Hadamard product.

To sum up, at each training epoch, our model first passes
through the GNN encoder to obtain the embeddings of the
nodes. Then, we perform edge sampling on large graphs that
do not require this operation on small graphs, and generate
embeddings of these edges that are concatenated by connect-
ing node embeddings. Finally, the parameters are updated by
minimizing the objective in Eq. (7). The optimization pro-
cess of our model is summarized in Algorithm 1.
Computational Complexity. The original graph is fed
into a multi-head GAT encoder to learn the rep-
resentation of nodes, where the time complexity is
O((NFF' 4+ MF")K). Note that N and M are the num-
ber of nodes and edges in the graph G respectively, K is the
number of heads, F' is the number of input node features, and
F' is the node embedding dimension. Edge representation
learning is simply generated by concatenating the learned
corresponding node embeddings, so the time complexity can
be ignored. For small graph datasets, the time complexity
of edge contrastive learning is O(M?D’). For large graph
datasets, the time complexity of edge contrastive learning is
O(M’*>D’). In both cases, M or M’ is slightly larger than N
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and D' = KF', s0o O(M2D') or O(M'*D’) can be consid-
ered to be equivalent to O(N2KF'). Thus, the time com-
plexity of AFECL is O ((NFF'+ MF')K + N*KF").
Since M < N?, the overall time complexity of AFECL is
O ((NFF' 4+ N?F')K). So the time complexity of edge-
edge AFECL is comparable to representative node-node
GCL methods, e.g., GRACE (Zhu et al. 2020).

4 Experiments
4.1 Datasets

In our experiments, there are totally eight benchmark
datasets of node classification, which have been widely used
in previous GCL methods. In the homophilic graph datasets,
three citation networks include Cora, Citeseer, and Pubmed
(Sen et al. 2008), a co-author network includes Coauthor-
CS (Shchur et al. 2018) and a co-purchase network includes
Amazon-photo (Shchur et al. 2018). For heterophilic graphs,
we adopt Actor, Chameleon, and a larger graph, Penn94. The
details of these datasets can be found in Appendix A.

4.2 Baselines

We consider 9 state-of-the-art methods for comparison on
semi-supervised node classification task. Baselines trained
without labels: DGI (Velickovi¢ et al. 2019), MVGRL (Has-
sani and Khasahmadi 2020), GCA (Zhu et al. 2021), ARIEL
(Feng et al. 2022), GraphACL (Xiao et al. 2024), and PiGCL
(He et al. 2024). Baselines trained with labels: GCN (Kipf
and Welling 2016), GAT (Velickovi¢ et al. 2017).

4.3 Experimental Settings

The proposed model was implemented using PyTorch 1.13.1
(Paszke et al. 2019) and Deep Graph Library 1.1.2 (Wang
et al. 2019), and trained by the Adam optimizer on all
datasets. The detailed hyperparameters are in Appendix A.

We test AFECL on both semi-classification and link pre-
diction. In scenarios with extremely limited labels, where
the number of training nodes per class c is selected from
1, 2, 3, 4, we conducted experiments following (Shen et al.
2023). Besides, we also followed (Li, Han, and Wu 2018; Li
et al. 2019) to refrain from utilizing a validation set with ad-
ditional labels for model selection. To better verify whether
the proposed method works, we conducted experiments with
relatively sufficient labels. Specifically, we randomly select
20 training nodes per class. For citation networks, we fol-
lowed (Yang, Cohen, and Salakhudinov 2016), which se-
lects 500 nodes per class for validation and the rest of the
nodes for testing. For a large graph dataset Penn94, we fol-
low (Yang and Mirzasoleiman 2024) to verify the scalabil-
ity of AFECL. Further detailed introduction can be found
in Appendix A. For other graph networks, we followed (Liu,
Gao, and Ji 2020), which selects 30 nodes per class for vali-
dation and the rest of the nodes for testing.

Each self-supervised GCL model is trained in an unsu-
pervised manner and tests a simple L2-regularized logistic
regression classifier for semi-supervised node classification.
Note that for the self-supervised GCL models to learn em-
bedding without labels, the labeled validation set is just used
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Co- 1 64.8+8.8 64.2+9.0 71.4+6.3 75.4+72 59.9+7.6 75.1+£7.2 50.5+3.8 43.0x11.5 78.9+6.7
au- 2 79.244.2 80.2+4.1 79.6+£5.3 84.7+2.7 72.5+4.6 83.7+3.6 61.5+3.2 62.7+£8.9 85.5+4.3
thor 3 83.3x4.0 85.0+£2.7 82.34£3.6 87.5+2.2 77.9+4.1 86.2+2.6 67.3%£3.1 72.0+5.6 87.0+3.4
CS 4 84.2+3.1 86.6+2.1 84.8+2.8 88.5+1.8 80.3+3.1 87.0+1.8 71.9+2.8 77.2+4.5 87.9+2.7
20  90.0+0.6 90.9+0.7 92.0+0.5 91.5+£0.6 90.9+1.1 90.2+0.9 86.9+1.2 91.0+0.7 90.9+1.3
A 1 60.7£9.3  59.0£I1.5 53.8#10.7 59.7£9.0 55.3£6.7 69.0+7.8 65.349.1 21.9+6.1 73.9+6.7
Zr(r)lﬁ' 2 75.2+7.2 71.7+6.4 62.748.5 73.4+6.8 68.0+5.6 75.5+7.1 74.445.4 31.3+£8.5 81.3+£2.6
Photo 3 76.9+5.1 75.6+6.3 66.6+7.7 76.8+6.1 74.445.9 78.0£5.2 79.3+4.8 37.4+7.7 82.7+3.0
4 81.0+4.6 79.3£5.9 70.8+6.0 82.0+2.3 78.8+3.9 80.9+4.6 81.2+5.1 43.54+6.0 84.0+2.9
20 86.3x1.6 86.5+2.1 83.5+1.2 89.7+1.2 87.0£1.9 90.6+1.8 90.0£1.0 71.8+£3.4 89.2+1.2
Table 2: Node classification performance with different label rates on homophilic graph datasets.
Methods ¢ GraphACL  PiGCL AFECL Dataset E2E-GCN T-BGRL AFECL
I 19.6+2.4 19.6£3.2 21.9+3.0 Cora 91.1£0.4  91.0+£0.5 96.5+0.0
Actor 2 21.242.5 199432 22.1+3.7 Citeseer 92.2+40.6  95.3+0.3 96.6x0.2
3 21.3%24  20.7%29 22.5+3.1 Coauthor-CS  96.4+0.5 95.6+0.2 98.2+0.2
4 21.5+1.8 21.1£1.9 22.6%3.2
210 %géié% %}E}tg %ggiig Table 4: Area under the ROC curve for the methods in link
2 285+42 252434 30.1+34 prediction.
Chameleon 3 593437 254444 30.8+3.8
4 32.0£2.6  269+2.8 33.0+3.7 For relatively sufficient labels, i.e., 20 labeled training
20 492428 34.142.6  49.5+3.0

Table 3: Node classification performance with different label
rates on heterophilic graph datasets.

to tune the hyperparameters of the logistic regression classi-
fier. We trained the model 20 runs for different random splits
of data and reported the averaged performance of all models
on each dataset. For all baselines, we use the official code
published by the authors. We also report previously pub-
lished results of other methods as done in (Shen et al. 2023).
As for link prediction, we followed (Shiao et al. 2023) in
transductive settings. Specifically, we first train the encoder
by the different models and freeze its weight before training
the decoder to evaluate the link prediction task. We run this
5 times and report the result of the mean average.

4.4 Opverall Performance

Node Classification. The results of homophilic and het-
erophilic graphs node classification accuracy are summa-
rized in Table 2 and From the tables, it is not hard to find
that the proposed model shows strong performance across
five benchmark graph datasets. Table 3.

Specifically, the proposed model achieves the best or
second-best results when the labels are deficient (i.e., only
1, 2, 3 and 4 labeled training nodes per class).
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nodes per class, our proposed model is competitive with the
previous state-of-the-art methods. The strong performance
verifies the superiority of the proposed model. The perfor-
mance of the proposed model is mainly attributed to two
folds.

Firstly, general augmentation (node masking, dropping
edges and etc.) adopted in GCL baselines may alter the se-
mantics of datasets and lead to ineffective embeddings. Our
proposed model does not need to use augmentation, which
avoids destroying the original topology. The existing base-
lines tend to regard edges as auxiliary information to learn
the representation of nodes. However, the number of edges
is significantly more than the number of nodes, which indi-
cates that edge information is relatively wealthy. Our pro-
posed model utilizes edges as the contrastive samples to de-
fine positives and negatives, which is different from node-
node GCL baselines. Compared to existing baselines, our
proposed method performs strongly, and the model performs
relatively better than other baselines when there is less la-
beled data.

Secondly, the existing GCL baselines generally adopt
contrastive losses, which treat all other nodes except them-
selves as negatives without considering the graph topology
information. We proposed a novel contrastive loss regard-
ing edges connected to the same node as positives and the



Method ¢ Cora CiteSeer PubMed CS Photo
T 636 509 598 789 739
ECL 2 24 626 66.6 855 813
3 764 667 713 870 827
4 780 676 726 879 840
20 821 713 812 909 892
LI T S S R
WOECL 3 35 550 528 681 720
4 661 581 556 696 754
20 767 670 647 786 83.6

Table 5: Ablation study on node classification with different

label rates.
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Figure 2: Sensitivity analysis of the hyperparameters K, F’
and 7 on our model.

remaining as negatives to avoid graph augmentation. Be-
sides, the edge contrastive loss can take full advantage of
network topology owing to the definition of positives and
negatives following the homogeneity assumption. For node
classification, using edge contrastive loss can extract higher—
level representation to improve performance when the la-
beled rate of nodes is low. In summary, the performance
of our proposed model compared to existing state-of-the-art
baselines verifies the effectiveness of our model. AFECL not
only avoids altering the structure of data but also exploits the
graph topology to learn the representations.

Link Prediction. In the link prediction task, we evaluate the
AFECL on the Cora, Citeseer, and Coauthor-CS datasets,
as shown in Table. 4. Intuitively, our proposed model is an
edge—evel contrastive method, which motivates AFECL to
be effective in link prediction.

4.5 Ablation Study

In this section, we conduct ablation experiments to demon-
strate the effectiveness of edge contrastive loss of the pro-
posed model. Table 5 shows the classification accuracy of
our method for different label rates when using different
edge contrastive losses to define different positive and nega-
tive pairs. The first loss variant ECL is our proposed method.
The second loss variant w/o ECL is to define edges corre-
sponding to nodes connected by only one node as negative
pairs. Note that in this case w/o ECL can be regarded as
defining two identical augmented graphs corresponding to
the same edge as a positive pair, and the same augmented
graph with different edges as a negative pair. From the ta-
ble, we can observe that the proposed edge contrastive loss
consistently yields the highest accuracy in the node classi-
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Figure 3: t-SNE visualization of representations on bench-
mark datasets. The rows represent the visualization re-
sults on Cora, CiteSeer, and Coauthor-CS, respectively. The
columns suggest the results on the original dataset, GCA,
GraphACL, and AFECL.

fication task across the five datasets. Moreover, if data aug-
mentation is not used, defining edges corresponding to nodes
connected by only one node as negative pairs will lead to
poor results. This reflects that defining positive and negative
pairs by considering topological information is very effec-
tive for AFECL.

4.6 Hyperparameter Analysis

Figure 2 shows the sensitivity analysis on the hyperparame-
ters K, F' and 7 of our model. Since the size of the dimen-
sion of D’ = 2K F’, we do not need additional sensitivity
analysis of the parameter D’. For large graphs, our method
requires edges sampling, so we observe the impact of dif-
ferent parameters on two various datasets, i.e., Coauthor-
CS(co-author network) and Amazon-photo(co-purchase net-
work) as examples. We observe that more heads lead to
higher complexity and experiments often achieve the best
results when K = 2 or K = 4. Our model performs bet-
ter on both two datasets with embedding dimensions F of
{32,64}, and has the worst results on embedding dimen-
sions F” of 8. Larger 7 will result in lower accuracy for both
datasets, note the temperature parameter 7 in {1, 5, 10, 15}.
A more detailed hyperparameter analysis can be found in
Appendix A.

4.7 Visualization of Embeddings

To more intuitively understand the node embeddings learned
by exploiting edge contrast, we use t-SNE (Van der Maaten
and Hinton 2008) to visualize the graph representations of
AFECL and the baselines, as shown in Figure 3. We can
observe that the node embeddings generated by AFECL as
well as the baseline method are grouped according to the
corresponding node labels.

5 Conclusion

In this paper, we propose AFECL, a novel contrastive frame-
work where the contrastive samples are edges. Firstly, we
put forward the module of edge representation learning,
where edge features are computed by their connected nodes.
Secondly, we managed to implement the edge-level contrast
by ECL. Extensive experimental results confirm the effec-
tiveness of AFECL.
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