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Abstract

Graph contrastive learning (GCL) has drawn much research
attention for its ability to learn node representations in a
self-supervised manner. However, the homophily assump-
tion inherent in GNN encoders limits the direction (macro-
level) and the process (micro-level) of message passing in
current GCL frameworks, impairing the expressive power
of GCL in non-homophilous graphs. This paper presents a
novel framework that employs Macro and Micro Message
Passing in GCL (M3P-GCL) to overcome these limitations
and advance performance in both homophilous and non-
homophilous graphs. Specifically, at the macro-level, we in-
tegrate structural and attribute views to enhance the direc-
tion of message passing, and employ an Aligned Priority-
Supporting View Encoding (APS-VE) strategy to facilitate
contrastive training; at the micro-level, we propose an Adap-
tive Self-Propagation (ASP) strategy based on role segmenta-
tion of self-loops to diversify the process of message passing
in the encoder. These enhancements effectively address the
limitations imposed by the homophily assumption. Experi-
ments demonstrate that M3P-GCL outperforms both super-
vised and unsupervised baselines in the node classification
task on various datasets with different levels of homophily.

Introduction
Graph contrastive learning (GCL) has garnered considerable
attention for its effectiveness in reducing reliance on costly
and labor-intensive annotated graph data (Ju et al. 2024).
By maximizing the similarity between positive sample pairs
and dissimilarity between negative sample pairs, the GCL
paradigm has achieved promising results on many graph-
based tasks (Xiong et al. 2023; Li et al. 2022a). To boost
GCL performance, efforts often involve developing new data
or model augmentation strategies (Wu et al. 2023; Gong,
Yang, and Shi 2023) and refining effective contrastive ob-
jectives (Li, Jing, and Tong 2022; Chen et al. 2023).

Despite the successes of GCL, its ability to handle non-
homophilous graphs is limited due to the homophily as-
sumption in GNN encoders (Chen and Kou 2023). Ho-
mophily in a graph indicates that nodes with similar la-
bels are likely to be closely connected, whereas heterophily
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represents the opposite. For instance, social graphs often
exhibit homophily, with individuals connecting based on
shared interests or backgrounds. In contrast, protein struc-
tures demonstrate heterophily, as different types of amino
acids tend to connect. We maintain that such assumption,
while beneficial for homophilous graphs, restricts both the
direction (macro-level) and process (micro-level) of mes-
sage passing, thereby weakening GCL’s effectiveness in
non-homophilous graphs.

From a macroscopic perspective, the neighborhood pref-
erence, which controls the direction of message passing,
varies in graphs with varying levels of homophily. Our
exploratory study reveals that homophilous graphs pre-
dominantly utilize structural neighborhood, whereas non-
homophilous graphs rely on attribute neighborhood, which
is defined by neighbors based on node attribute similarity.
This explains why traditional GNNs struggle to handle non-
homophilous graphs using structural neighborhood, and ex-
isting GCL methods based on GNN encoders inherit this
issue. From a microscopic perspective, the role preference
of self-loops in the process of message passing also varies
across different graphs. To preserve the node intrinsic in-
formation, traditional GNNs incorporate self-loops as addi-
tional neighbors to normalize the adjacency matrix during
feature propagation. The equivalent treatment of node itself
and its neighbors may not fully accommodate graphs with
low homophily, where nodes often exhibit significant differ-
ences from their neighbors. Some works (Zhu et al. 2020; Jin
et al. 2021) have attempted to bridge this gap by diversifying
the aggregation of higher-order neighbors, which not only
increases algorithmic complexity but may also degrade per-
formance on homophilous graphs. So far, few studies have
specifically explored the perspective of self-loops’ role pref-
erence across different graphs.

To address the aforementioned limitations, we integrate
Macro and Micro Message Passing in GCL to propose the
M3P-GCL framework. It comprehensively captures both
structural and attribute information of graph, and adapts
the self-propagation mode to learn expressive node repre-
sentations for diverse graphs beyond homophily in a self-
supervised manner. In response to the macro-level neighbor-
hood preference, we leverage two views defined by distinct
edge types—the structural view and the attribute view—and
further define the priority view and supporting view to high-
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light the dominant and secondary roles of these views in ho-
mophilous and non-homophilous graphs. For homophilous
graphs, the structural view serves as the priority view, the
attribute view is the supporting view. Conversely, for non-
homophilous graphs, the roles of view swap. Typically, these
two views contain distinct information and therefore exhibit
substantial distribution differences in the embedding space,
so directly comparing them may not fully reveal their intrin-
sic connections (Tian et al. 2020). To fix it, we align the sup-
porting view’s embedding by adding in the global embed-
ding of the priority view, preparing it for further contrasting.
This macro-level propagation overcomes the limitations of
structural links, alleviating the lack of interaction between
long-range nodes.

On the other hand, concerning the micro-level role pref-
erence of self-loops, we extend traditional propagation pro-
cess by decomposing the self-propagation into two parts:
neighbor-like aggregation and self-individual transforma-
tion. The neighbor-like aggregation remains treating self-
loops as neighbors for feature propagation; whereas self-
individual transformation treats self-loops as independent
entities for propagation, directly employing an identity func-
tion for its straightforward efficiency. The summation of
these two outputs yields the feature representation of the
anchor node after one round of propagation. This micro-
level propagation allows for a more flexible and adaptable
message-passing process by accommodating the indepen-
dent propagation style of each node’s inherent feature.

By integrating the macroscopic and microscopic propaga-
tion previously discussed, our model shows an exceptional
adaptability in handling graphs with varying levels of ho-
mophily. Our contributions are as follows:
• We assert that graphs with varying homophily level ex-

hibit distinct neighborhood preference. Utilizing both
structural and attribute neighborhood enhances the supe-
riority and generalizability of GCL.

• We introduce an Aligned Priority-Supporting View En-
coding (APS-VE) strategy to combine structural and at-
tribute views for macro message passing, enabling di-
verse feature extraction from different directions.

• We propose an Adaptive Self-Propagation (ASP) strategy
to adjust the role of self-loops for micro message passing,
enhancing the flexibility of self-propagation.

• Extensive experiments demonstrate the superior perfor-
mance of our method over representative supervised and
unsupervised baselines in the node classification task.

Related Works
Graph Neural Networks (GNNs) are pivotal for graph
data analysis, with foundational models like GCN (Kipf and
Welling 2016), GAT (Veličković et al. 2017) and Graph-
SAGE (Hamilton, Ying, and Leskovec 2017) performing
well in homophilous networks but facing limitations in
non-homophilous ones. To enhance inclusivity, Geom-GCN
(Pei et al. 2020) innovatively redefines neighbors in the
latent space. While some architectures (Zhu et al. 2020;
Abu-El-Haija et al. 2019; Jin et al. 2021) explore higher-
order structural neighbors to capture interactions among

both adjacent and distant nodes. Meanwhile, GBK-GNN
(Du et al. 2022), GloGNN (Li et al. 2022b), and CPGNN
(Zhu et al. 2021) consider the homophily level of each
edge to adjust aggregation weights of neighboring features
and FAGCN (Bo et al. 2021) adaptively integrate low-
frequency and high-frequency signals from node features us-
ing a self-gating mechanism. These methods, while benefi-
cial, lack a profound comprehension of the preference in
propagation direction across graphs with different lev-
els of homophily, a significant yet often overlooked fac-
tor, thereby limiting their potential for performance im-
provement.

Graph Contrastive Learning (GCL) learns node and
graph representations without relying on labels, focusing on
innovative data or model augmentation techniques and re-
fined contrastive strategies. For example, AD-GCL (Suresh
et al. 2021) and GACN (Wu et al. 2023) employ adversar-
ial training for enhanced view augmentation. NCLA (Shen
et al. 2023) enhances view augmentation though a multi-
head attention mechanism and expands the role of neigh-
bor nodes as positive samples. HomoGCL (Li et al. 2023),
on the other hand, enriches neighbor positive pairs through
soft clustering to estimate same-class likelihood for neigh-
boring nodes. HSAN (Liu et al. 2023a) adjusts contrastive
weights for node pairs based on clustering confidence to
boost discrimination. gCooL (Li, Jing, and Tong 2022) in-
corporates community-level contrasts, and CSGCL (Chen
et al. 2023) leverages community strength to enhance view
augmentation and refine contrastive strategy. S3CL (Ding
et al. 2023) captures graph patterns through structural and
semantic dual-contrast. However, these methods overlook
graph heterophily and thus reduce model generalizabil-
ity. Responding to this, GREET (Liu et al. 2023b) contrasts
homophilous and non-homophilous edge views by apply-
ing low-frequency and high-frequency filters. ASP (Chen
and Kou 2023) preserves structural and attribute information
via performing joint contrastive optimization across struc-
tural, attribute, and global views to handle graphs beyond
homophily. Yet, it fails to perceive the synergistic opti-
mization potential of structural and attribute views, re-
sulting in suboptimal performance and increased com-
putational cost.

Preliminaries
Notations
Consider an undirected attributed graph G = (V, E ,X),
where V = {v1, v2, . . . , vN } is the node set comprising N
nodes, E ⊆ V × V is the edge set that defines the relation-
ships among nodes, and X = [x1, x2, . . . , xN ]T ∈ RN×F is
the attribute matrix of the nodes with F attributes per node.
In a node classification scenario, each node vi has a corre-
sponding label yi ∈ Y . The adjacency matrix is represented
by A ∈ {0, 1}N×N , and Â ∈ {0, 1}N×N denotes the ad-
jacency matrix with self-loops included. The diagonal de-
gree matrices associated with A and Â are D ∈ RN×N

and D̂ ∈ RN×N , respectively. For simplicity, the attributed
graph can also be denoted as G = (A,X).
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Homophily and Heterophily
This paper employs the edge homophily ratio (Zhu et al.
2020) to quantify the tendency of nodes to be connected
based on identical labels. This ratio is defined as the pro-
portion of edges linking nodes with the same labels and is
denoted as hedge:

hedge =
|{(vi, vj) : (vi, vj) ∈ E ∧ yi = yj}|

|E|
, (1)

here a high hedge close to 1 indicates strong homophily,
where most edges connect nodes within the same class.
Conversely, a low hedge close to 0 suggests strong het-
erophily, with edges predominantly linking nodes from dif-
ferent classes (Zhu et al. 2020). A graph is classified as ho-
mophilous if its edge homophily ratio exceeds 0.5, and non-
homophilous if it is below this threshold (Chen and Kou
2023).

Graph Contrastive Learning
The traditional GCL framework involves three key modules:
view augmentation, view encoding, and contrastive train-
ing. Initially, view augmentation introduces diversity into
the graph G by applying various permutations, resulting in
two distinct views denoted as v1 and v2. Techniques such
as node feature masking and edge dropout are used for this
purpose. Next, in the view encoding step, the augmented
views are processed using two separate encoders f1 and f2
(or a shared encoder f ). This produces the node represen-
tations h(1) = f1(v1) and h(2) = f2(v2), translating the
diverse views into a latent space where graph information
is captured as node embeddings. Finally, contrastive train-
ing utilizes a contrastive loss function, such as the InfoNCE
loss (Gutmann and Hyvärinen 2010), to maximize the mu-
tual information MI(h(1)

i ,h
(2)
i ) between the two views of

the same node instance vi.

Proposed Method

Figure 1: Comparative analysis of structural views and at-
tribute views in GCL for node classification performance
across homophilous and non-homophilous datasets.

As an exploratory study, we utilize either structural views
or attribute views in GCL to perform parallel experiments
on homophilous and non-homophilous datasets. Figure 1
visualizes the average accuracy of node classification. We
discover that structural views are superior for homophilous

graphs, whereas attribute views prevail in non-homophilous
graphs. Motivated by this view preference, we advocate for
a dual-scale view strategy to expand the direction of mes-
sage passing at the macro level, and then perform Aligned
Priority-Supporting View Encoding that fuses two essential
insights to handle both homophilous and non-homophilous
graphs. Additionally, we incorporated an Adaptive Self-
Propagation (ASP) on the SGC (Wu et al. 2019) encoder
to enrich the process of message passing at the micro level,
forming the complete M3P-GCL framework. The details are
provided in this section and illustrated in Figure 2.

View Generation and Role-Definition
The direction of feature propagation controlled by view
determines the information captured by node representa-
tions, thereby critically influencing contrastive learning.
Most GCL methods generate views from the original graph
G by perturbing structural edges, with each view maintain-
ing a uniform structural scale. Here, “scale” refers to the
types of node connections: structural edges represent one
scale, while attribute edges based on node attribute similar-
ity represent another. These types of edges create two views
at different scales, each defining a distinct neighborhood
for the same anchor node. We argue that the single-scale
structural views contrast is inadequate for learning diverse
graph node representations and hampers model generaliza-
tion, particularly given the differing neighborhood prefer-
ences in homophilous and non-homophilous graphs. Hence,
to surpass homophily, we combine both the structural view
vstr and the attribute view vatt in our work. Recogniz-
ing their distinct contributions in graphs with varying ho-
mophily levels, we further define the priority view vp and
the supporting view vs to reflect their roles.

Structural View and Attribute View. Given the original
graph G, we aim to capture both structural interactions and
attribute similarities among nodes. To achieve this, we first
construct a k-nearest-neighbor (kNN) graph GA = (AF ,X)
based on node attribute similarity by calculating the cosine
distance between node features X, defined as:

dcos(vi, vj) = 1− xi · xj

∥xi∥2∥xj∥2
, (2)

where xi and xj are the feature vectors of nodes vi and vj ,
respectively. An attribute edge is added between nodes vi
and vj if vj is among the k nearest neighbors of vi based on
this distance. This kNN graph GA captures attribute-based
relationships between nodes that are similar in their features
but not necessarily connected in the original graph G.

Once we have the original graph G and the kNN graph
GA, we apply random edge dropout on both graphs to gen-
erate the structural view vstr and the attribute view vatt.
These two views, each at different scale, determine sepa-
rate propagation scheme involving anchor nodes, overcom-
ing the local interactions confined to structural edges and
capturing comprehensive graph information for GCL.

Priority View and Supporting View. Given the structural
view vstr and attribute view vatt, we utilize both to learn
node representations in homophilous and non-homophilous
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View Generation and Role-Definition Macro-Micro View Encoding Contrastive Training
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Figure 2: The overview of M3P-GCL framework. We apply edge dropout on the original and kNN graphs to create structural
and attribute views. In homophilous graphs, the structural view is designated as the priority view and the attribute view as the
supporting view; in non-homophilous graphs, these roles swap. Next, the views are fed into two ASP-SGC encoders. After
aligning the supporting embeddings we train the model using the InfoNCE contrastive loss.

graphs. Recognizing their differing effectiveness in these
contexts, we delineate the roles of these views by introduc-
ing priority view vp and supporting view vs. This role dis-
tinction helps to clarify how each view uniquely contributes
to the understanding of graph information. To be specific,
the priority view vp is the predominant perspective for ex-
tracting robust node representations, exerting a central influ-
ence on the graph learning process. The supporting view vs

is less proficient in feature extraction, yet it complements the
GCL by providing unique information beyond the priority
view. For homophilous graphs, the priority view is the struc-
tural view while the supporting view is the attribute view.
In non-homophilous graphs, the priority view is the attribute
view, and the supporting view is the structural view.

Macro-Micro View Encoding
In this subsection, we first introduce the ASP-SGC encoder,
which handles micro message passing regardless of view
type. Then we use it to encode the priority and support-
ing views with alignment, enabling effective macro message
passing.

Adaptive Self-Propagation (ASP). The efficacy of GNNs
is fundamentally rooted in the message-passing process,
encompassing the iterative aggregation of features from
neighbors and the node itself. Typically, GNNs treat self-
loops as neighbors for feature aggregation, effective in ho-
mophilous graphs but limited in non-homophilous contexts.
The essence lies in the varying homophily of these graphs:
in homophilous graphs, the inherent homophily endorses the
self-loop’s role as a neighbor in propagation. Yet, in non-
homophilous graphs, the significant divergence between
node and its neighbors compromises the effectiveness of this
role equivalence. To adaptively harmonize this preference
across diverse graphs, we advance the traditional propaga-

𝝎

𝒉𝟏

𝒉𝟐

𝒉𝟑

𝒉𝟏
′

𝟏 −𝝎 Neighbor-like feature part

Feature of a neighboring node

Self-individual feature part

𝟏

𝟏

Norm + IDT

𝟏

𝒉𝟏

𝒉𝟐

𝒉𝟑

𝒉𝟏
′

𝟏

𝟏
𝒉𝟏

𝒉𝟐

𝒉𝟑

𝒉𝟏
′

𝟏

𝟏
𝟏

Norm Norm + IDT

IDT Identity transformation

Norm Normalization of adjacency matrix 

(b) The special case of 𝝎 = 𝟏 (c) The special case of 𝝎 = 𝟎

(a) Adaptive Self-Propagation (ASP)

Figure 3: (a) The Adaptive Self-Propagation (ASP) strategy.
ω is a role weighting factor that determines the proportion
of each role in the self-loop. (b) The self-loop fully acts as a
neighbor. (c) The self-loop fully acts as an individual.

tion process by balancing the independence and assimila-
tion of node self-propagation. Specifically, we segment self-
propagation into two parts: neighbor-like aggregation and
self-individual transformation, adjusted by a weighting fac-
tor ω. Neighbor-like aggregation uses the assimilated feature
part ωhi to adhere to the standard neighbor feature propa-
gation; self-individual transformation employs the indepen-
dent feature part (1 − ω)hi to perform the identity trans-
formation. The total of these outputs produces the anchor
node’s intermediate representations after one round of fea-
ture propagation. By applying this strategy to the SGC (Wu
et al. 2019), we obtain the final encoder—ASP-SGC. The
formula for one iteration of feature propagation is:

H(k+1) = (1− ω)H(k)︸ ︷︷ ︸
self-individual

+ ÃH(k)Θ︸ ︷︷ ︸
neighbor-like

, (3)
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where Ã is the normalized adjacency matrix defined as Ã =

D̂−1/2ÂD̂−1/2, with Â = A + ωI and D̂ = D + ωI. Θ
is a trainable weight matrix. Two special cases arise with
different values of ω: setting ω = 1 allows self-loops to
fully act as a neighbor during feature propagation, whereas
ω = 0 detaches self-loops from the role of neighbors for
independent self-propagation. The formulas are:

H(k+1) ω=1
==== ÃH(k)Θ

= (D+ I)−
1
2 (A+ I)(D+ I)−

1
2H(k)Θ, (4)

H(k+1) ω=0
==== H(k) + ÃH(k)Θ

= H(k) +D− 1
2AD− 1

2H(k)Θ. (5)

Aligned Priority-Supporting View Encoding (APS-VE).
Traditional contrastive training in GCL relies on directly
comparing embeddings from different views at the same
scale, face a limitation in multi-scale scenarios. While em-
beddings from the same scale show a consistent distribu-
tion, those drawn from different scales frequently exhibit
significant variance, indicating a poor match. This mis-
match makes the multi-scale views incompatible for effec-
tive contrastive learning. To fix this, we introduce an Aligned
Priority-Supporting View Encoding (APS-VE) strategy to
keep the node representations aligned across scales.

Given the priority and supporting views, we feed them
into two separate ASP-SGC encoders, to extract their dis-
tinctive information, respectively. For the priority view vp,
the encoding process generates priority node embeddings
Hp. For the supporting view vs, once we initially obtain its
node embeddings Hs, we reuse the same encoder to encode
the priority view from a global perspective. Due to direct
edges in the supporting view that may be indirect in the pri-
ority view, the global hop g is defined as the number of hops
required for anchor nodes in the priority view to reach all the
neighborhood nodes appearing in the supporting view, i.e.,
the supplementary global structure of the priority view must
fully contain these neighborhood nodes. The resulting em-
beddings are integrated with Hs, yielding the aligned final
node embeddings Hsa for the supporting view vs. Formally,
we have{

Hp = ASP-SGCp(v
p, l; Θp),

Hsa = ASP-SGCs(v
s, l′; Θs) + ASP-SGCs(v

p, g; Θs),
(6)

where ASP-SGCp(·) encodes the priority view and
ASP-SGCs(·) encodes the supporting view, with Θp and Θs

as their respective weight parameters. l and l′ represent local
hops, while g denotes the global hop.

Contrastive Training
Given node embeddings Hp and Hsa from different views,
we construct an InfoNCE (Gutmann and Hyvärinen 2010)
contrastive loss to train the model parameters. Specifically,
for the anchor node vi, the learned node embeddings hp

i and
hsa
i form the positive sample pair, and node embeddings

other than these are naturally regarded as negative sample

pairs. With the defined positive and negative sample pairs,
the InfoNCE loss function for our framework is:

L(vi) =

− log
eS(h

p
i ,h

sa
i )/τ

N∑
j=1

eS(h
p
i ,h

sa
j )/τ +

∑
u∈{p,sa}

N∑
j=1
j ̸=i

eS(h
u
i ,h

u
j )/τ

, (7)

L =
1

N

N∑
i=1

L(vi), (8)

where τ denotes the temperature parameter, and S(·) is the
cosine similarity used to measure the agreement score be-
tween two vectors.

Experimental Results
In this section, we conduct extensive experiments to validate
the proposed M3P-GCL. We begin by outlining the experi-
mental settings and then present and analyze the results.

Experimental Setup

Datasets #Nodes #Edges #Features #Classes hedge Type

Cora 2708 10556 1433 7 0.81
HomophilyCiteSeer 3327 9104 3703 6 0.74

PubMed 19717 88648 500 3 0.80

Cornell 183 298 1703 5 0.31

HeterophilyTexas 183 325 1703 5 0.11
Wisconsin 251 515 1703 5 0.20

Actor 7600 30019 932 5 0.22

Table 1: Datasets Statistics.

Datasets. To evaluate the performance of different meth-
ods, we use seven public real-world datasets with varying
levels of homophily: homophilous datasets Cora, CiteSeer,
and PubMed (Yang, Cohen, and Salakhudinov 2016), and
non-homophilous datasets Cornell, Texas, Wisconsin, and
Actor (Pei et al. 2020). Homophilous datasets represent doc-
uments and citation links. Non-homophilous datasets in-
clude web page hyperlink networks for Cornell, Texas, and
Wisconsin, and an actor co-occurrence network for Actor.
Their respective node attributes are bag-of-words represen-
tations. We use the fixed splits for the three homophilous
datasets as established by Yang, Cohen, and Salakhutdinov
(2016), and for the four non-homophilous datasets, we ad-
here to the splits defined by Pei et al. (2020). Statistics are
summarized in Table 1.

Baselines. We evaluate M3P-GCL against supervised
baselines—MLP, GCN (Kipf and Welling 2016), SGC (Wu
et al. 2019), H2GCN (Zhu et al. 2020), UGCN (Jin et al.
2021) and FAGCN (Bo et al. 2021), and self-supervised con-
trastive methods—CSGCL (Chen et al. 2023), NCLA (Shen
et al. 2023), HSAN (Liu et al. 2023a), HomoGCL (Li et al.
2023), ASP (Chen and Kou 2023) and GREET (Liu et al.
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Methods B.H. Cornell Texas Wisconsin Actor
ACC F1 ACC F1 ACC F1 ACC F1

SUPERVISED ALGORITHMS

MLP 71.35±3.24 46.36±2.89 72.43±2.65 44.33±8.64 76.08±1.47 50.80±4.69 35.09±0.91 29.26±2.38

GCN 53.33±2.60 11.69±1.15 67.80±0.53 21.54±0.00 64.32±1.08 23.33±0.80 28.34±0.41 18.71±1.21

SGC 40.54±0.00 11.54±0.00 64.86±0.00 19.67±0.00 58.04±2.00 23.73±1.13 26.29±0.84 15.00±0.59

H2GCN ✓ 45.95±0.00 20.17±0.00 68.54±0.45 23.73±1.13 71.37±2.93 41.14±7.39 34.50±0.48 25.95±0.96

UGCN ✓ 63.24±6.51 37.76±7.55 71.35±5.57 35.30±4.17 64.31±8.26 27.53±6.14 34.43±0.41 28.78±0.56

FAGCN ✓ 68.11±4.32 45.02±3.66 72.97±2.96 44.22±8.40 77.65±2.00 49.41±5.41 35.67±0.51 30.08±0.99

SELF-SUPERVISED ALGORITHMS

NCLA 49.69±3.18 38.65±2.02 67.48±0.17 33.40±2.09 55.19±1.51 29.62±1.21 30.64±0.69 25.70±0.81

HSAN 57.51±2.41 31.73±5.27 61.62±1.28 22.65±2.88 52.16±0.97 29.94±0.94 30.10±0.70 26.21±0.86

CSGCL 43.01±2.57 16.28±4.23 69.84±3.27 32.77±6.88 54.66±1.64 21.20±1.58 28.74±0.63 17.84±0.57

HomoGCL 41.84±2.22 31.48±2.45 39.62±1.58 27.01±4.34 33.10±2.30 22.63±1.89 28.48±0.86 20.70±0.77

GREET ✓ 71.95±2.12 46.87±2.23 76.86±3.80 47.51±8.62 76.12±2.29 41.32±5.77 34.67±0.18 27.42±0.62

ASP ✓ 69.08±0.88 56.83±5.38 72.43±1.08 48.85±0.97 66.35±1.40 45.62±2.65 32.09±0.94 27.67±0.77

M3P-GCL ✓ 85.03±1.23 76.33±3.46 81.08±0.00 58.14±0.00 82.35±0.00 57.10±0.16 35.48±0.82 32.55±0.86

Table 2: Node classification accuracy(%) results on non-homophilous graphs. The best performance is in bold, and the second-
best is underlined. “B.H.” means “Beyond Homophily”, representing algorithms that handle both homophily and heterophily.

Methods Cora CiteSeer PubMed
ACC F1 ACC F1 ACC F1

SUPERVISED ALGORITHMS

MLP 55.52 54.32 52.78 50.75 70.44 70.34
GCN 81.68 80.02 69.86 65.92 75.16 75.03
SGC 77.80 76.96 68.54 64.39 73.80 73.94

H2GCN 80.76 79.61 62.04 59.23 72.62 72.67
UGCN 67.58 67.33 65.88 62.93 70.00 69.83
FAGCN 79.16 78.35 68.76 65.43 75.02 74.77

SELF-SUPERVISED ALGORITHMS

NCLA 80.47 79.17 70.09 65.17 73.08 73.08
HSAN 81.78 80.94 70.93 67.50 OOM OOM

CSGCL 78.23 75.91 66.15 62.72 78.48 77.04
HomoGCL 82.51 81.29 58.69 48.26 80.63 79.63

GREET 79.81 76.53 70.75 65.40 79.64 76.67
ASP 84.17 82.50 72.20 68.64 79.81 79.11

M3P-GCL 85.62 84.35 73.14 69.36 80.44 80.27

Table 3: Node classification accuracy(%) results on ho-
mophilous graphs. OOM indicates Out-Of-Memory on a
24GB GPU.

2023b). The algorithms that address homophily and het-
erophily are marked with checkmarks in Table 2. To ensure
fairness and comparability in the experimental results, we
establish identical conditions for all benchmark algorithms.
This encompasses the same dataset partitions, an identical
training scheme, a consistent classifier, and uniform per-
formance evaluation metrics. We systematically fine-tune
the parameters to identify the optimal hyperparameters for
benchmark algorithms in our comparisons.

Variants Cora CiteSeer Cornell Wisconsin Actor

M3P-GCL 85.62 73.14 85.03 82.35 35.48

w/o vatt 83.32 71.19 49.78 63.73 31.19
w/o vstr 63.08 68.48 76.76 72.97 33.62

w/o APS-VE 79.50 71.23 64.65 67.89 34.25
w/o ASP 84.21 72.58 58.38 81.08 33.15

Table 4: Ablation study on M3P-GCL.

Evaluation Protocol. We assess the representations
learned by M3P-GCL through the node classification task
(Chen and Kou 2023). Initially, we train the model using
graph data (A,X) without annotated labels. Subsequently,
the generated embeddings are utilized to train and evaluate a
l2 regularized logistic regression classifier. We conduct 5 ex-
perimental runs for model training and evaluation, present-
ing the mean classification accuracy and F1 score along with
their standard deviations as performance metrics.

Implementation Details. We implement our proposed
framework and baselines using PyTorch (Ansel et al.
2024) and PyTorch Geometric (Fey and Lenssen 2019)
with an Adam optimizer (Kingma and Ba 2014). The hy-
perparameters we tune include: (1) learning rate lr ∈
{1e−2, 1e−3, 1e−4}, (2) number of attribute nearest neigh-
bors k ∈ {5, 10, 30, 50, 70}, (3) the role weighting factor of
self-loops ω ∈ {0.0, 0.2, 0.4, 0.6, 0.8, 1.0}, (4) global hop
g ∈ {1, 3, 5, 10, 20, 30} for priority view, and (5) tempera-
ture parameter τ ∈ {0.2, 0.5, 0.8, 1.0, 1.6, 2.0, 6.0}. We set
a patience of 20 epochs and a maximum of 500 epochs for
early stopping.
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Performance Comparison
The relevant node classification results of different meth-
ods are reported in Table 2 and 3. We observe that M3P-
GCL demonstrates exceptional performance across vari-
ous graph types, particularly excelling in challenging non-
homophilous settings.

Table 2 demonstrates that M3P-GCL achieves exceptional
performance on non-homophilous graphs, showing notable
improvements in both accuracy and F1 scores. For instance,
the model improves accuracy and F1 score by 13.08% and
19.50% on the Cornell dataset, 4.22% and 9.29% on the
Texas dataset, and 4.70% and 6.30% on the Wisconsin
dataset. Additionally, our framework performs well on the
Actor dataset.

On homophilous graphs, as shown in Table 3, M3P-GCL
continues to perform strongly. Notably, it achieves an ac-
curacy increase of 1.45% and an F1 score improvement
of 1.85% on the Cora dataset. It also slightly outperforms
the best baseline on CiteSeer and shows comparable perfor-
mance on PubMed, with a higher F1 score. Compared with
the competitive method ASP, which also considers the at-
tribute view, M3P-GCL consistently surpasses it through the
APS-VE strategy for contrastive training.

Ablation Study
To clarify the contributions of the main components in M3P-
GCL, we conduct ablation experiments with the same hyper-
parameters and training scheme, selectively disabling differ-
ent components. The specific ablations include: (1) removal
of attribute view (w/o vatt), (2) removal of structural view
(w/o vstr), (3) removal of APS-VE strategy (w/o APS-VE)
and (4) removal of ASP strategy (w/o ASP).

As shown in Table 4, the full model consistently achieves
the highest accuracy, particularly notable in datasets like
Cornell and Wisconsin. Removing the attribute view (w/o
vatt) results in significant performance drops on non-
homophilous graphs. Excluding the structural view (w/o
vstr) leads to a considerable performance decrease in ho-
mophilous graphs, indicating its critical role. Without APS-
VE and ASP also show notable performance declines, un-
derscoring their importance. Overall, the results demonstrate
the necessity of each component for achieving the optimal
model performance.

Parameter Sensitivity
We conduct parameter sensitivity analyses to elucidate the
subtle impacts of four key hyperparameters on model per-
formance across both homophilous and non-homophilous
datasets. For the number of nearest neighbor k, the results
indicate that for large-scale datasets, k often shows robust-
ness. Specifically, in homophilous graphs, larger values of k
tend to enhance accuracy. Conversely, in small-scale non-
homophilous datasets, k is highly sensitive and requires
careful tuning based on the unique properties of the data.

For the global hop g parameter, homophilous graphs typ-
ically need a higher number of hops due to the struc-
tural view’s sparsity, which is essential for capturing long-
range dependencies between nodes. Conversely, in non-
homophilous graphs, the dense attribute view allows for a
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Figure 4: Sensitivity analysis of M3P-GCL performance
in node classification across homophilous and non-
homophilous datasets with varying parameter settings.

lower global hop value while still effectively capturing the
complex interactions between nodes.

The effect of the temperature parameter τ on model
performance is dataset-dependent and varies significantly
across different datasets. This variation may be influenced
by factors such as the dataset’s scale or its homophily levels,
necessitating fine-tuning to achieve optimal model perfor-
mance.

The optimal value of the role weighting factor ω tends to-
wards either maximum or minimum values across different
datasets. Homophilous graphs favor the maximum ω value
to enhance model performance, while non-homophilous
graphs prefer the minimum ω value. Notably, in non-
homophilous graphs, even minor adjustments to the ω pa-
rameter can degrade performance and cause instability. This
suggests that the self-propagation role of a node is highly
polarized, and combining dual roles could undermine the
model’s efficacy.

Conclusion
In this paper, we propose M3P-GCL to address the limita-
tions of homophily assumption in current GCL frameworks
by introducing an Aligned Priority-Supporting View Encod-
ing (APS-VE) strategy for structural and attribute views at
the macro-level, and an Adaptive Self-Propagation (ASP)
strategy for self-loops at the micro-level. These innovations
diversify the message passing mechanism, enabling M3P-
GCL to improve performance in homophilous and non-
homophilous graphs. Experimental results show that our
method achieves superior node representations and outper-
forms existing supervised and unsupervised baselines in
node classification, demonstrating its effectiveness and ro-
bustness in homophilous and non-homophilous datasets.
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