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Graph Contrastive Learning (GCL) has emerged as a promising paradigm for self-supervised graph repre-
sentation learning. However, existing GCL methods typically emphasize low-frequency signals, limiting their
effectiveness in heterophilic graphs. To cope with graph heterophily, recent works mainly rely on the design
of graph filters or the learning of graph structures. Nevertheless, these strategies are applied uniformly
across the entire graph without distinguishing between homophilic and heterophilic relations. This could
become problematic in real-world scenarios, where homophilic and heterophilic substructures often coexist.
To address this challenge, we propose a new GCL framework with Negative Relational Smoothing (NeRS),
where contrastive representation learning is performed based on the relational information contained in
the graph. Specifically, our NeRS formulates representation learning as the optimization of a noise-robust
contrastive objective. Here, a negative relational smoothing strategy is introduced to suppress the influence of
noisy contrastive pairs induced by heterophilic relations, which enhances the robustness to varying levels of
heterophily. To further improve the expressive power, we design a multi-view architecture that facilitates the
construction of reliable contrastive signals under both homophilic and heterophilic substructures. Extensive

experiments on multiple benchmark datasets demonstrate the effectiveness of our proposed NeRS.

1. Introduction

Graph representation learning [1] has become a fundamental tech-
nique for modeling and understanding large-scale relational data,
which empowers applications such as recommender systems [2], eco-
nomic systems [3], and prognostics and health management [4,5].
Due to the high cost of manual annotations, self-supervised graph
representation learning has attracted increasing attention in recent
years. Among them, Graph Contrastive Learning (GCL) has become a
prominent paradigm for learning expressive representations without
relying on label information [6].

The main goal of GCL is to learn informative graph representations
via maximizing the agreement between different augmented views
of the same graph while minimizing the agreement between views
of different graphs. Most existing GCL techniques are built upon the
homophily assumption, which implies that nodes connected by an edge
tend to share similar class labels. However, in many practical scenarios,
graphs may exhibit heterophily, where connected nodes often belong
to different classes. For example, in economic networks, interactions
often occur between nodes with different roles, such as cities with
different industrial structures, which naturally leads to heterophilic
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connections [7,8]. Since the existing GCL methods typically employ
low-pass filters as graph encoders, which aim to smooth the node
representations within local neighborhood, their performance can be
degraded significantly on heterophilic graphs. This degradation arises
primarily due to the indiscriminate feature aggregation, which leads to
feature ambiguity and ultimately impairs the discriminative power of
the learned representations. Therefore, handling heterophily is critical
for accurately modeling real-world networks, as it allows the learned
representations to capture meaningful interactions among dissimilar
nodes.

To improve the performance of GCL on heterophilic graphs, re-
cent works have explored structure-aware augmentation strategies to
construct more informative contrastive views [9]. Unlike random per-
turbations that may disrupt rare but important homophilic connections,
these methods incorporate structural priors, such as feature similarity
and local assortativity, to preserve the underlying class semantics [10].
Another line of research aims to enhance the implicit homophily by
reshaping the graph structure or mitigating feature ambiguity during
training [11]. Despite the refinement to augmentation strategies or
graph structures, these approaches typically rely on low-pass filtering,
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which performs neighborhood aggregation without distinction, thereby
still suffering from feature ambiguity in heterophilic settings. Inspired
by the success of spectral filters in supervised graph representation
learning, recent GCL methods have incorporated frequency-aware fil-
tering mechanisms that jointly utilize high-pass and low-pass filters to
capture different frequency components of graph signals [12]. How-
ever, the employed filters are typically applied uniformly at the graph
level. In practice, real-world graphs contain both homophilic and het-
erophilic relations, with substructures exhibiting varying degrees of
heterophily or homophily. Therefore, the filtering-based techniques
fail to accurately model the relational information, which limits their
effectiveness in GCL.

Different from the filtering-based techniques, in this paper, we
propose a new GCL framework with Negative Relational Smoothing
(NeRS), which formulates representation learning as the optimization
of a noise-robust contrastive objective. Here, contrastive signals are
constructed directly from local relations, treating node pairs connected
by edges as positives. As the existence of heterophilic relations may
result in noisy positives, we develop a negative relational smoothing
strategy that models relational noise by assigning negative smoothing
coefficients to unreliable contrastive pairs. By learning from the nega-
tively smoothed relational distribution, NeRS emphasizes the clean con-
trastive pairs while suppressing the influence of the noisy ones, thereby
achieving robustness to varying levels of heterophily. To further en-
hance the expressive power of NeRS across homophilic and heterophilic
substructures, we build a multi-view architecture by jointly leverag-
ing one-hop and two-hop neighbors. The intuition is that one-hop
neighbors tend to preserve class-consistent information in homophilic
settings, whereas two-hop neighbors are often effective under het-
erophily [13]. More detailed analysis is available in Section 4.5.1. This
multi-view architecture facilitates the generation of reliable contrastive
signals, which enables the learning of expressive representations in
both homophilic and heterophilic substructures. Moreover, we provide
a theoretical analysis showing that the devised NeRS loss serves as an
upper bound on the clean cross-entropy objective, thereby ensuring
robustness under heterophily.

2. Related work

In this section, we review some representative works on graph
learning with heterophily and GCL, as they are closely related to this
article.

2.1. Graph learning with heterophily

Graph-structured data are widely used to model complex relation-
ships among entities in numerous real-world domains [14,15]. For
example, in economic systems [16,17], causal relationships among
markets and regions have been investigated using econometric and
graph-based models. Besides, in industrial prognostics and health man-
agement [18], complex temporal dependencies are often modeled for
accurate remaining useful life prediction. Recently, Graph Neural Net-
works (GNNs) [19,20] have emerged as a powerful approach for learn-
ing over graph-structured data. The success of GNNs is largely at-
tributed to the homophily assumption, which refers to the tendency
of connected nodes to exhibit similar labels or attributes. However, in
many practical scenarios, graphs exhibit heterophily, where connected
nodes may belong to different classes or have dissimilar attributes [21].
Under this circumstance, conventional GNNs often suffer performance
degradation, as aggregating heterophilic features can introduce noise
and distort the learned representations.

To address this challenge, a growing trend of research has fo-
cused on developing supervised learning methods for heterophilic
graphs. One prominent line of research enhances dissimilarity mod-
eling by employing high-pass filters or signed message passing to
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preserve heterophilic patterns [22]. Another line exploits global in-
formation or high-order neighbors to mitigate the limitations of local
aggregation [23]. In parallel, several studies have proposed advanced
architectures incorporating novel learning strategies [24]. Other meth-
ods adopt graph structure learning [25] and graph Transformer [26] to
address the heterophily problem. In recent years, unsupervised learning
methods have also emerged as a promising direction for handling het-
erophilic graphs. Different approaches have been proposed to decouple
or reweight neighborhood aggregation to mitigate the adverse effects
of heterophilic edges [12]. In addition, other techniques incorporate
high-frequency signal modeling [27] or edge-level discrimination [28].

2.2. Graph contrastive learning

In recent years, GCL has emerged as a promising self-supervised
paradigm to address the scarcity of labels in graph representation
learning [29]. By maximizing agreement between augmented views
of the same graph, GCL enables the extraction of informative and
discriminative representations without reliance on manual annotations.

In GCL, graph augmentation plays a pivotal role in constructing
semantically meaningful views for contrastive objectives. Various tech-
niques have been designed to generate augmented graph views, which
can be broadly categorized into rule-based and learning-based ap-
proaches. Rule-based methods apply stochastic perturbations, such as
random edge or node dropping, feature masking, and subgraph sam-
pling, as seen in GraphCL [30] and GRACE [31]. Meanwhile, GCC [32]
utilizes ego-network sampling to preserve local topological semantics,
while MVGRL [33] employs graph diffusion to encode global struc-
tural patterns. Differently, learning-based augmentation strategies gen-
erate augmented views in a data-driven manner through optimization-
based objectives. For instance, AutoGCL [34] and SUBLIME [35] adopt
structure learning to refine or reconstruct graph topologies, while
AD-GCL [36] leverages adversarial training to craft informative and
challenging views that enhance contrastive supervision. In addition
to graph augmentation, the contrastive mode (i.e., the level at which
contrast is performed) also plays a critical role in GCL. Contrastive
modes are commonly categorized into intra-scale and inter-scale con-
trast, depending on whether the paired representations belong to the
same level of granularity. Intra-scale contrast aligns embeddings at the
same scale, such as node-node or graph-graph pairs [30,31]. On the
other hand, inter-scale contrast enhances representation consistency
across hierarchical levels of the graph [33,37].

Recent studies in industrial prognostics and health management
have shown that advanced representation learning methods are increas-
ingly required to address limited labels, interpretability, uncertainty,
and cross-domain shift in remaining useful life prediction [4,5]. In par-
ticular, graph-based modeling has been employed to capture complex
structural dependencies in degradation data under federated settings,
which further highlights the broad significance of developing reli-
able graph representation learning methods for challenging real-world
scenarios.

Despite recent progress, many GCL methods utilize globally shared
graph filtering operations to perform representation updating, which
limits their effectiveness on real-world graphs containing both ho-
mophilic and heterophilic relations. To circumvent this limitation, we
formulate representation learning as the optimization of a noise-robust
contrastive objective that enables accurate modeling of relational infor-
mation.

3. Preliminaries

In this section, we introduce the notations and the basic concepts of
GCL, followed by a formal description of homophily.
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Fig. 1. The conceptual framework of our proposed method. In (a), the node features of the input graph are fed into (b) the MLP encoders in two views (i.e., f®
and f(%2), respectively. Afterwards, in (c), the node representations Z*" and Z¢» are generated from £’ and f¢) correspondingly, which are then utilized to
constitute the NeRS loss based on the relational information. Meanwhile, the cross-view contrastive loss is formed between Z¢) and Z#?. In (d), the final output

is obtained by integrating the representations Z# and Z¢2).

3.1. Notations and problem description

Let G = (V, €) denote an undirected graph, where £ C VXV is the set
of edges, ¥V = {v;,0,,...,0,) is the set of n nodes, and X € R™ is the
node feature matrix with x; € RY representing the feature vector of the
ith node v;. The adjacency matrix of ¢ is denoted as A € {0, 1}"*", where
A;; = 1 if there exists an edge between v; and v;, and A;; = 0 otherwise.
The objective of GCL is to learn an encoder f : ¢ — R that
maps each node v; to the low-dimensional representation z; € R”. The
learned representations can subsequently be utilized for downstream
tasks, such as node classification.

3.2. Homophily

Homophily refers to the tendency of nodes to connect with others
that share the same class label. In graph learning, the homophily
assumption underlies the success of many GNN models, where node
representations are updated by aggregating information from neigh-
bors. To quantitatively characterize the degree of homophily, in this
paper, we adopt the edge homophily ratio [23], which is simply the
fraction of homophilic edges, as the evaluation metric:

‘{(Ui’vj) €&y = yj'}’
H= 2] >
where y; denotes the class label of v; and |£] is the number of edges. The
edge homophily ratio measures the proportion of edges that connect
nodes sharing the same class label. It provides a simple yet effective
indicator of the extent to which a graph adheres to the homophily
assumption.

(€Y

4. Method

This section details our proposed NeRS (see Fig. 1). Specifically,
we illustrate the critical components of NeRS by elaborating the neg-
ative relational smoothing strategy, presenting the representation en-
hancement with multi-view establishment, explaining the overall train-
ing procedure, and providing the theoretical analysis that ensures
robustness of the objective.

4.1. GCL setup
Given a graph ¢ = (V,€), GCL constructs multiple augmented

views of the graph and aims to maximize agreement between positive
pairs while minimizing agreement between negative pairs. A common

training objective in GCL is the InfoNCE loss, which can be simply
presented as

£NCE _ _ esirt /7

(2)

log >
S+ /T sii /T
v;EV'UV! esit /7 4 Zvjej\f,.’ e

where V' and V" denote the sets of nodes in two augmented views,
s+ = sim(z;,z}) denotes the similarity between the representations
of node v; and its positive counterpart v, s;; = sim(z;,z;) represents
the similarity between the representations of v; and v;, and 7 is the
temperature parameter. Here, v; is obtained from the other augmented
view of v;, N7 = (¥ UV") \ {v;,u]} represents the set of negatives of
v;, and the similarity function sim(-, ) is often implemented as cosine
similarity. In most existing GCL methods, node representations are
obtained through graph encoders that perform feature aggregation via
graph filtering. However, the employed filters are typically defined by
globally shared spectral parameters, which limits their capacity when
applied to substructures with varying levels of homophily within the
same graph.

4.2. Learning with negative relational smoothing

In this paper, we propose a new GCL framework that enables expres-
sive representation learning across both homophilic and heterophilic
substructures. Unlike conventional GCL methods, which rely on glob-
ally shared graph filters for representation updating, our approach
performs contrastive representation learning by leveraging relational
information in the graph. Here, the neighboring nodes are considered
positive pairs, while all other node pairs are treated as negative.
However, the presence of heterophilic relations may introduce noisy
contrastive pairs. This challenge motivates us to formulate a noise-
robust contrastive objective to enhance the learning of meaningful
representations.

Recent theoretical and empirical studies have demonstrated that
negative label smoothing is effective in high levels of label noise [38].
Unlike standard label smoothing, which softens one-hot labels by dis-
tributing part of the label weight uniformly across all classes, negative
label smoothing uses a negative coefficient to combine the hard and
soft labels, which can be expressed as

YW ==y oL ®)

where y denotes a one-hot label vector, 1 is an all-one vector, c
represents the number of classes, and r < 0 is the smoothing coefficient.
As such, negative label smoothing penalizes incorrect predictions more
aggressively, compared with standard label smoothing, and encourages
higher confidence on clean signals.
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Inspired by negative label smoothing, we propose a negative rela-
tional smoothing strategy to handle graph heterophily. To be specific,
for each node v;, we first define a hard relational label vector y?re) S

{0,1}", where the jth element yﬁrc) [j1 = 1 if there exists an edge between

v; and v;, and 0 otherwise. As such, v; and v; forms a positive pair when
yfre) [j] = 1. On this basis, we can derive the smoothed relational label
vector yf‘e) as follows:

A= if v, e N

| N-(ne)l J i

i

3L = — . ifueN™ )

n— N =1

0, otherwise,

where r < 0 is the smoothing coefficient, Nl.(“e) is the set of neighbors
of v;, and j\7i(“e) =P\ (j\fi("e) U {v;}). Afterwards, with the smoothed

relational label vector y?e), we can derive the NeRS loss as follows:

n n
1 A . .
LNRS = —— 3 X511 - log (L)1) (5)
i=1 j=1
In Eq. (5), p; € R" encodes the pairwise similarity of the node
representations and can be expressed as
. eSil®
p;ljl = ZZ=1 P 6)
Here, the node representations are obtained via a Multi-Layer Percep-
tron (MLP) encoder and updated by optimizing the objective £NeRS,
This objective can be viewed as an implicit form of contrastive learning,
where the similarity between each node pair (v;,v;) is modulated
Alre)r . aps Alre)r . : P .

by §,""[j]. Specifically, §,""[j1 > O encourages higher similarity be-
tween v; and v; (ie., a positive pair), while yf’e) [j1 < 0 discourages
similarity between them (i.e., a negative pair). By leveraging the nega-
tive relational smoothing strategy, our proposed method can achieve
robustness against heterophilic edges. Additionally, by focusing on
relation-specific signals instead of graph-level operations, our pro-
posed method is able to learn expressive representations across both
homophilic and heterophilic substructures.

4.3. Enhancing NeRS with multi-view establishment

Although the NeRS loss £NRS demonstrates robustness against
graph heterophily, the reliance on a single neighborhood scope could
limit its expressiveness. To be concrete, under varying levels of ho-
mophily, neighbors may exhibit different degrees of class consistency
with the central node. As a consequence, constructing contrastive pairs
based on a single neighborhood scope can be suboptimal. Motivated
by this, we design a multi-view architecture to enhance represen-
tation learning in both homophilic and heterophilic substructures.
Specifically, the one-hop and two-hop neighbors are employed to
construct two structural views, denoted as ¢, and ¢,, respectively.
As demonstrated in the analysis of Section 4.5.1, one-hop neighbors
tend to maximize class consistency under homophily, whereas two-hop
neighbors often yield stronger consistency under heterophily, which is
also in line with the balance theory (i.e., “the enemy of my enemy is
my friend”) [39].

On this basis, we define the NeRS objectives in two views, ie.,
LNRSUY and pNeRSYY gollowing Eq. (5), and then the integrated NeRS
loss can be presented as

(®) (#1) (#2)
ENeRS - ENeRS 1 +£NeRS 2 . @

Note that the node representations of views ¢, and ¢,, namely Z®1) and
72, are generated by two independent MLP encoders f(¢1) and f(*#2),
respectively. Afterwards, following the InfoNCE formulation in Eq. (2),
we can derive the cross-view contrastive objective for enhancing NeRS
as follows:

@) (¢2)
#1 !Z’fl’z)

esm(zi

LN = — Z log @ @
v;EV Z sim(zi 1 ,zj 2
v;EV e

, (8)
) Sim(zim ),z,(j)l )

)
+ 2 en\ (o) €
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Algorithm 1 The Proposed NeRS Algorithm

Input: Feature matrix X; adjacency matrix A; maximum number of
iterations T’; smoothing coefficient r.
Output: The overall node representations O.
1: Compute the smoothed relational label vector §*® for each node
according to Eq. (4);
2: // Training phase
:forr=1to T do
4:  Obtain node representations Z(»1) and Z#2) based on the MLP
encoders f@1) and f(¢2), respectively;
5. Compute the NeRS loss £NRS?” based on Eq. (7);
6: Compute the cross-view contrastive objective LNCE according
to Eq. (8);
7: Compute the total loss £Vl via Eq. (10);
Update the network parameters by minimizing £0Overall;

w

9: end for
10: // Inference phase
11: Obtain the overall output based on Eq. (9).

where the temperature parameter 7 is omitted for brevity.

The dual-view framework constructed based on first-order and
second-order neighbors can provide informative relational signals in
graphs with both homophilic and heterophilic substructures. On this
basis, negative relational smoothing is utilized to improve the relia-
bility of the observed relations by suppressing noisy positive pairs,
so that the model can learn from refined relational supervision. In
addition, the cross-view contrastive objective is employed to encourage
semantic consistency across the two views, which further enhances the
expressive power of the learned representations.

4.4. Model training

To obtain the overall output, we integrate the embedding results
from different views to ensure robustness across both homophilic and
heterophilic substructures, which is expressed as follows:

0 =aPZ@ 4 1- a(d)‘))Z(@). 9)

Here, «'®1) is a learnable balancing coefficient that controls the con-
tributions of Z(®1. Subsequently, the overall objective of our proposed
method arrives at

[Overall _ pNeRS@ | 3 2CNCE_ 10)

where the parameter 1 is utilized to weight the importance of £ENCE,
In practice, the proposed negative relational smoothing introduces
a repulsive effect for unreliable positive pairs, which helps reduce
the risk of being misled by noisy relations, especially in heterophilic
regions. In addition, it also helps mitigate representation collapse by
discouraging excessive concentration of node embeddings and promot-
ing better dispersion in the latent space. Meanwhile, the cross-view
contrastive objective LENCE encourages consistency between Z®1) and
Z(#2) thereby helping align the two views and reducing the risk of
mutual deviation during training. As a result, the overall objective
can provide reliable training signals for learning expressive node rep-
resentations. The detailed description of our method is provided in
Algorithm 1.

4.5. Theoretical analysis

We provide a theoretical analysis of NeRS by demonstrating the
effectiveness of the multi-view establishment and proving that the
NeRS loss guarantees robustness through an upper bound on the clean
cross-entropy objective.
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Fig. 2. The probability that an n-hop neighbor shares the same class with the central node (i.e., g,) under different values of the edge homophily ratio p. (a)

p € {0.1,0.2,0.3,0.4}; (b) p € {0.6,0.7,0.8,0.9}.

4.5.1. Rationale of multi-view establishment

Let p € [0,1] denote the edge homophily ratio. Consider an undi-
rected simple graph without self-loops. Assume that class labels are uni-
formly distributed and neighbors are conditionally independent given
the central node, the probability that an n-hop neighbor shares the
same label with the central node, which is denoted as g,, can be
approximated as

—dp—
C-1 ) an

for n > 2, where C is the number of classes and ¢; = p. The recurrence
in Eq. (11) admits the closed-form solution as follows:

n—1

0=t (52)7 (- t) a2
for n > 1. In Eq. (12), it is clear that ¢, — 1/C as n increases.
When p < 1/C, which indicates the heterophilic tendency, g, oscillates
around 1/C with decaying magnitude. In this case, for all integers
k > 1, we have g5, > 1/C > gy, and the even-hop sequence
{dox }i>1 is strictly decreasing. This implies that two-hop neighbors
exhibit the highest probability of preserving class consistency among
all hops. When p > 1/C, which indicates the homophilic tendency,
g, decreases monotonically with n. Hence, one-hop neighbors have the
highest probability of preserving class consistency among all hops.

To better illustrate the effect of incorporating one-hop or two-hop
neighbors, we present in Fig. 2 the theoretical variation of ¢, derived
from Eq. (12). For clarity, we consider the binary case (ie., C = 2),
so 1/C = 0.5. When p < 1/C, Fig. 2(a) displays an oscillatory trend,
where the maximum values occur at n = 2. When p > 1/C, Fig. 2(b)
shows a monotone decay of g, from n =1 toward 0.5 (i.e., 1/C), where
the maximum values are attained at n = 1. All curves are obtained
analytically from the closed-form expression.

1
qn=p-q,,_1+(1—p)~(

4.5.2. Properties of NeRS loss

We first consider an ideal homophilic graph where the edges con-
nect nodes with the same class labels. Under this assumption, the
distribution of the label-consistent neighbors of node v; (i.e., the neigh-
bors sharing the same class with the central node v;) is denoted by g
In practice, the observed graph may be corrupted, where each positive
edge is dropped with probability 5, and each negative edge is added
with probability #_. Here, an edge is positive if it connects two nodes
with the same label and negative otherwise. The noisy graph is obtained
by independently dropping each positive edge with probability #, and
adding each negative edge with probability #_. For simplicity, we
define

Q¥ = - Loy € N™), (13)

where m; = n—b,—1 and b; = )J\/'i("e) . Afterwards, the observed neighbor

distribution can be expressed as follows:

Q= -n)q +n_q;* 14

On this basis, the smoothed relational target in Eq. (4) becomes

@7 =1 =g +rq. as)
Taking expectation over " yields
E[q,@] = (=11 =1))q" + (1= +7) g™ (16)

When the coefficient of the second term is close to zero, E[(]ﬁ.re)J

becomes proportional to q;. Since cross-entropy is invariant to positive
scaling of the target distribution, minimizing £N°RS is equivalent up
to a positive constant factor to minimizing the cross-entropy with
the clean target q;. This ensures that NeRS remains aligned with the
label-consistent relational signals, thereby improving robustness under
heterophily. In addition, this suggests an empirical calibration of r:

n-

S g a7

re

Furthermore, to correct for the imbalance induced by node degrees, a
degree-normalized variant can be adopted:

n_ m;
_ L 18)
1—n, b

~
~

T

Although the above analysis provides a theoretical calibration of r, the
noise rates n, and 5_ are unknown in practice and cannot be reliably
estimated.

Based on the above-mentioned analysis, we will discuss the con-
nection between £NRS and the cross-entropy objective with the clean
target distribution ;. Substituting the decomposition of ﬁfre), LNeRS can
be rewritten as a linear combination of cross-entropy terms, namely

n
£ = 23 { g e (arp) + 7 £ p) |, (19
i=1
where g =(1-r)(1-n,)and y = (1 — r)n_ +r, p; denotes the predicted
distribution in Eq. (6), and £F indicates the cross-entropy loss. When
y > 0, the second term is lower bounded by y log m;, so that

NeRS

EcCF(q;,p)] < S rlosml
B

This establishes that £NRS serves as an upper bound of the cross-

entropy objective with the clean target distribution g7, i.e., LE(q}, p;).

That is, minimizing £NRS is guaranteed to minimize an upper bound

of ECE(q;‘, p;), which makes NeRS robust under heterophilic graphs.

It is also notable that although the proposed negative relational
smoothing may exhibit an effect similar to adaptive filtering mecha-
nism, it should not be regarded as a spectral filter in the strict sense.
Specifically, NeRS is not defined in the Laplacian eigenbasis and does
not impose an explicit frequency response on graph signals. Instead, it
operates by refining pairwise relational supervision in the contrastive
objective. More detailed analysis is provided in the supplementary
material.

(20)
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4.6. Theoretical interpretation of negative relational smoothing

To further clarify the qualitative difference between the proposed
negative relational smoothing strategy and the negative sampling
mechanism used in conventional contrastive learning, we reinterpret
NeRS from the perspective of target distributions. For an anchor node
v;, let p; € R" denote the predicted similarity distribution over all can-
didate nodes, as defined in Eq. (6). In standard contrastive learning, the
objective is typically constructed at the sample level. To be concrete, a
set of positive and negative pairs is first specified for each anchor, and
then the model is optimized by maximizing the similarity of positive
pairs while minimizing that of negative pairs. This process can be
equivalently viewed as matching p; to a sparse target distribution t;,
ie.,

n n
o =~ LSV S e 110g i1, @1
nisia
where t,[j] = 1 if node v; forms a positive pair with v;, and t,[j] = 0
otherwise. In this formulation, the optimization is defined on individual
pairs, where each pair is assigned a discrete role, such as positive or
negative.

Unlike traditional contrastive learning, our proposed NeRS is de-
fined at the relation level. Instead of explicitly sampling a finite
set of negative pairs, NeRS constructs a signed relational target ?;re)
over all nodes according to Eq. (4), where neighboring nodes receive
positive weights and unconnected nodes receive negative weights.
Substituting Eq. (4) into Eq. (5), the NeRS loss can be decomposed as

£NeRS =(1- r)Eattr _ rErep’ (22)
where
n
1 1 .
L= Y — ) logpilil. (23)
SN oy eN
and
v |1
rep _ 1 Ti
=3 o 2 logplil eh)
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Since r < 0, minimizing £NRS increases the probability mass assigned
to observed neighbors through £ and suppresses the probability
mass assigned to unconnected node pairs through £'P, simultaneously.
Therefore, the repulsive effect in our NeRS is achieved by redistributing
probability mass over the entire relational structure induced by the
graph.

To sum up, in conventional contrastive learning frameworks, neg-
ative information is incorporated through sampled negative pairs, and
the optimization objective is defined over individual pairwise compari-
son. Differently, by introducing a relational target, our NeRS performs a
form of distributional correction based on relational supervision, which
suppresses unreliable relations while preserving the class-consistent
relational signals. In this sense, our NeRS can be interpreted as a robust
distributional extension of pairwise contrastive learning.

4.7. Time complexity analysis

We analyze the time complexity of our proposed NeRS by consid-
ering three key components. Firstly, the MLP-based encoding requires
O(ndh) operations, where n is the number of nodes, d represents the
dimension of the input features, and 4 is the dimension of the embed-
dings. Secondly, the NeRS loss in Eq. (5) requires computing pairwise
similarity between all node embeddings, which results in @(n*h) com-
putational complexity. Thirdly, the cross-view contrastive objective
(Eq. (8)) requires computing all pairwise similarity between the two
structural views, which incurs ©(n*h) complexity. Finally, combining
the above components, the total time complexity per training iteration
is O(ndh) + O(n*h). Since n > d in typical graph learning scenarios, the
overall time complexity of our proposed NeRS is O(n>h).
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Table 1
Statistics of the homophilic datasets used in this paper, where “Hom.” denotes
the edge homophily ratio.

Dataset Cora CiteSeer PubMed Amazon computers Wiki-CS

#Nodes 2708 3327 19,717 13,752 11,701

#Edges 5429 4732 44,338 245,861 216,123

#Features 1433 3703 500 767 300

#Classes 7 6 3 10 10

Hom. 0.81 0.74 0.80 0.38 0.40
Table 2

Statistics of the heterophilic datasets used in this paper, where “Hom.” denotes
the edge homophily ratio.

Dataset Cornell Texas Wisconsin Actor Roman-Empire
#Nodes 183 183 251 7600 22,662

#Edges 295 309 466 33,544 32,927
#Features 1703 1703 1703 931 300

#Classes 5 5 5 5 18

Hom. 0.31 0.11 0.20 0.22 0.05

5. Experimental results

To reveal the effectiveness of our proposed NeRS, in this section, ex-
tensive experiments have been conducted on the task of self-supervised
node classification across various real-world datasets.

5.1. Experimental settings

Here, we will introduce the experimental settings used to evaluate
our proposed method, including the datasets, baseline methods, and
evaluation protocol.

5.1.1. Datasets

We evaluate our method on ten widely used benchmark datasets,
including both homophilic and heterophilic graphs. Importantly, while
these datasets are often categorized as homophilic or heterophilic
according to their overall homophily ratio, each of them contains both
homophilic and heterophilic substructures. To be concrete, we choose
three widely used citation network datasets, namely Cora, Citeseer,
and Pubmed [40,41], where nodes represent documents and edges
denote citation relationships. Meanwhile, we also adopt Wiki-CS [42]
and Amazon Computers [43] datasets. Here, Wiki-CS is a Wikipedia-
based network with nodes representing articles and edges denoting
hyperlinks between them, and Amazon Computers is a subset of the
Amazon co-purchase network, with nodes corresponding to products
and edges indicating frequent co-purchase behaviors. In addition, we
have also incorporated five heterophilic datasets, including Cornell,
Texas, Wisconsin, Actor [44], and Roman-Empire [45]. Here, Cornell,
Texas, and Wisconsin are web-page networks from the WebKB dataset,
with nodes representing web pages and edges denoting hyperlinks.
Actor is a co-occurrence network where nodes represent actors and
edges indicate co-appearances in the same movie. Roman-Empire is a
word-level graph built from a Wikipedia article, where nodes represent
words and edges connect syntactically or sequentially related words.
The statistics of the ten datasets adopted in this paper are summarized
in Tables 1 and 2.

5.1.2. Baseline methods

To demonstrate the effectiveness of our method, we compare NeRS
with a range of recently proposed baseline methods, including one
supervised GNN model GCN [19] and fourteen self-supervised mod-
els, namely SGRL [46], EPAGCL [47], GraphCL [30], GRACE [31],
DGI [37], GCA [48], GraphECL [49], PolyGCL [12], HeterGCL [9],
GREET [28], ARIEL [50], IFL-GCL [51], AFECL [52], and E2Neg [53].
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Classification accuracies (%) of different methods on five homophilic datasets. The best result on each dataset is
highlighted in bold and the second best is underlined. OOM denotes “out of memory”.

Method Cora CiteSeer PubMed Amazon computers Wiki-CS
GCN [19] 82.73 + 0.69 ** 70.18 + 1.36 ** 86.24 + 0.30 ** 82.75 + 3.26 ** 78.66 + 0.65 **
SGRL [46] 83.52 + 0.64 * 70.81 + 0.58 ** 86.15 + 0.25 ** 89.32 + 0.28 79.23 £ 0.32 ¢
EPAGCL [47] 83.24 + 0.54 * 69.53 + 1.25 ** 84.11 + 0.50 ** 86.17 + 0.54 ** 77.67 + 0.40 **
GraphCL [30] 82.87 + 0.62 ** 71.43 + 0.85 ** 80.05 + 0.62 ** 86.20 + 0.41 ** 52.68 + 4.71 **
GRACE [31] 83.30 + 0.55 ** 70.81 + 0.53 ** 84.24 + 0.22 ** 85.19 + 0.72 79.39 + 0.29
DGI [37] 82.41 + 0.51 73.05 + 0.32 * 78.61 + 0.81 50.17 + 0.94 77.76 + 0.41 **
GCA [48] 82.84 + 0.71 ** 68.60 + 1.20 ** 83.52 + 0.29 ** 87.17 + 0.19 74.54 + 3.36 **
GraphECL [49] 83.12 + 0.75 ** 71.50 + 0.93 ** 84.62 + 0.53 ** 58.18 + 0.64 ** 58.20 + 0.56 **
PolyGCL [12] 82.81 + 0.32 ** 72.31 + 0.43 ** 80.95 + 0.23 ** 79.17 + 1.32 ** 69.85 + 0.53 **
HeterGCL [9] 81.70 + 0.87 ** 72.35 + 0.51 ** 84.01 + 0.27 ** 85.10 + 0.83 ** 76.82 + 0.37 **
GREET [28] 82.98 + 0.62 ** 72.96 + 0.74 ** OOM OOM 77.76 + 0.41 **
ARIEL [50] 83.60 + 0.27 * 72.30 + 0.24 ** 85.77 + 0.12 ** 87.16 + 0.17 ** 78.53 + 0.23 **
IFL-GCL [51] 83.14 + 0.98 ** 68.68 + 1.23 ** 85.66 + 0.47 ** 85.69 + 0.53 ** 78.82 + 0.62 **
AFECL [52] 82.01 + 0.65 ** 72.03 + 0.48 ** 84.38 + 0.38 ** OOM OOM
E2Neg [53] 78.57 + 0.79 ** 70.42 + 0.93 ** 85.07 + 0.16 ** 86.88 + 0.86 ** 79.14 + 0.28 *
NeRS 84.03 + 0.51 73.36 + 0.38 86.80 + 0.28 87.96 + 0.42 79.54 + 0.30
Table 4

Classification accuracies (%) of different methods on five heterophilic datasets. The best result on each dataset is
highlighted in bold and the second best is underlined. OOM denotes “out of memory”.

Method Cornell Texas Wisconsin Actor Roman-Empire
GCN [19] 43.91 + 6.05 ** 54.59 + 2.97 ** 49.90 + 7.19 ** 27.82 + 0.67 ** 44.48 + 1.20 **
SGRL [46] 43.58 + 1.57 ** 54.34 + 1.07 ** 47.83 + 3.61 ** 27.36 + 0.29 ** 39.39 + 0.22 **
EPAGCL [47] 38.10 + 49.66 + 8.37 ** 42.59 + 7.09 * 28.13 + 0.89 ** 32,51 + 2.84 *
GraphCL [30] 43.77 + 0.49 ** 52.50 + 4.46 49.66 + 1.41 ** 27.47 + 0.60 ** 25.73 + 0.36
GRACE [31] 40.73 + 3.11 ** 53.49 + 2.23 ** 44.96 + 2.37 ** 27.19 + 0.82 ** 37.62 + 0.23 **
DGI [37] 40.29 + 5.34 ** 57.54 + 2.04 ** 50.61 + 3.69 ** 29.36 + 0.43 ** 27.00 = 0.18
GCA [48] 40.18 + 2.66 ** 51.43 + 3.11 ** 47.06 + 2.39 28.94 + 0.35 ** 40.05 + 0.34 **
GraphECL [49] 53.11 + 3.58 ** 59.93 + 3.42 ** 64.43 + 3.18 ** 33.12 + 1.43 ** 58.34 + 1.34 **
PolyGCL [12] 55.19 + 1.99 ** 62.30 + 1.54 ** 62.00 + 2.28 ** 33.23 + 0.22 ** 59.25 + 0.61 **
HeterGCL [9] 65.56 + 2.50 * 75.00 + 1.62 ** 75.17 + 2.44 36.38 + 0.62 ** 59.37 + 0.67 **
GREET [28] 65.63 + 3.10 70.47 + 4.92 ** 74.73 + 3.28 ** 35.06 + 0.74 ** OOM

ARIEL [50] 41.56 + 2.16 ** 54.67 + 1.14 ** 54.56 + 0.99 ** 28.44 + 0.91 ** 48.29 + 0.38 **
IFL-GCL [51] 44.20 + 4.25 ** 49.81 + 2.54 ** 49.13 + 3.20 ** 29.25 + 0.91 ** OOM

AFECL [52] 43.25 + 0.70 ** 58.05 + 2.31 ** 46.21 + 3.11 ** 27.17 + 0.52 ** 37.97 + 0.24 **
E2Neg [53] 43.47 + 1.89 ** 56.85 + 1.12 ** 46.90 + 2.41 ** 27.97 + 0.92 ** 40.57 + 0.44 **
NeRS 65.99 + 2.10 75.55 + 2.09 75.87 + 1.81 37.09 + 0.36 60.49 + 0.40

5.1.3. Evaluation settings

Here, we adopt the standard linear evaluation protocol as intro-
duced by [37], which follows a two-stage paradigm. In the first stage,
the model is trained in a fully self-supervised manner using only the
node features and graph structure, without access to any label informa-
tion. Once training is complete, the encoder is frozen, and the learned
node representations are used in the second stage to train an MLP
classifier. All methods are evaluated under the same data splits, with
10% of labeled nodes per class used for training, 10% for validation,
and the remaining 80% for testing. For fair comparison, all baseline
methods have been carefully re-tuned on each dataset. Specifically, we
follow the hyperparameter ranges suggested in their original papers and
select the best configurations based on validation performance under
the same data splits. All the experiments are repeated ten times, and
we report the average performance for fair evaluation. To statistically
validate the superiority of our proposed NeRS over the baseline meth-
ods, the paired t-test is adopted in our experiments. Here, statistical
significance is evaluated based on the p-values, where * and ** denote
p-value < 0.1 and p-value < 0.05, respectively, when comparing each
baseline method against NeRS.

The experiments are conducted on a Linux server equipped with
one RTX 4090 GPU featuring 24 GB of VRAM. Our proposed algorithm
is implemented via PyTorch 1.13.1, along with PyTorch Geometric
2.4.0. The network parameters are updated with the Adam optimizer.
In our experiments, two different views are adopted to produce node
representations, where the numbers of hidden units are kept identical
across views.

5.2. Results and analysis

This subsection reports the experimental results and analyzes the
performance of our proposed method in comparison with various base-
line methods.

5.2.1. Performance on homophilic datasets

The comparison results on homophilic datasets are exhibited in
Table 3. It can be noted that the GCL models devised for handling graph
heterophily (i.e., PolyGCL, HeterGCL, and GREET) generally achieve in-
ferior performance, compared with SGRL, EPAGCL, and GRACE, which
rely on the homophilic assumption. The performance gap arises because
the models designed for heterophilic graphs primarily aim to capture
complex non-homophilic relations. Hence, they often neglect the simple
homophilic structures. Differently, our proposed NeRS outperforms the
baseline methods on four out of five homophilic datasets and achieves
competitive performance on the Amazon Computers dataset. In partic-
ular, it outperforms the models designed for heterophilic graphs by at
least 1.05% on Cora and 1.78% on Wiki-CS, respectively. This perfor-
mance gain can be largely attributed to the negative relational smooth-
ing strategy, which effectively suppresses noisy contrastive signals
while preserving relevant structural information. As a consequence, it
is not surprising that our NeRS can produce expressive representations.

5.3. Performance under mixed homophily
To evaluate the effectiveness of our method in scenarios where

homophilic and heterophilic substructures coexist, we conduct an addi-
tional analysis based on node-level edge homophily ratio. Specifically,
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Table 5

Ablation study on the five homophilic datasets. The best result on each dataset is highlighted in bold.
Method Cora CiteSeer PubMed Amazon computers Wiki-CS
NeRS (w/o ENCRSW']) 78.97 + 0.40 70.23 + 0.45 85.76 + 0.36 82.59 + 0.31 74.42 + 0.34
NeRS (w/o EN*RS(W) 81.58 + 0.38 72.40 + 0.46 85.96 + 0.28 87.46 + 0.27 79.25 + 0.29
NeRS (w/o0 LONCE) 83.89 + 0.68 73.17 + 0.40 86.42 + 0.27 87.06 + 0.37 79.04 + 0.35
NeRS 84.03 + 0.51 73.36 + 0.38 86.80 + 0.28 87.96 + 0.42 79.54 + 0.30

Table 6

Ablation study on the five heterophilic datasets. The best result on each dataset is highlighted in bold.
Method Cornell Texas Wisconsin Actor Roman-Empire
NeRS (w/0 LNRS“") 58.23 + 3.46 74.79 + 2.11 73.13 + 3.43 36.95 + 0.39 60.04 + 0.48
NeRS (w/o LNeRSy 57.01 + 2.86 68.01 + 8.80 72.59 + 3.64 36.71 + 0.32 60.11 + 0.29
NeRS (w/o0 LENCE) 57.89 + 1.94 72.19 + 1.94 74.63 + 1.61 34.71 + 0.43 59.11 + 0.58
NeRS 65.99 + 2.10 75.55 + 2.09 75.87 + 1.81 37.09 + 0.36 60.49 + 0.40

Table 7 Table 8

Classification accuracy (%) on nodes with medium edge homophily ratio (i.e.,
[1/3,2/3]). The best result on each dataset is highlighted in bold.

Comparison of per-epoch training time (in milliseconds) of different self-
supervised methods.

Method Cora CiteSeer Wisconsin Texas Method Cora CiteSeer Wiki-CS Cornell Texas Actor
EPAGCL 57.54 + 1.89 57.86 + 2.56 40.78 + 12.41  72.65 + 3.56 SGRL [46] 45 60 94 24 36 36
HeterGCL 57.22 + 1.95 63.06 + 1.99 70.35 + 4.19 73.95 + 3.20 EPAGCL [47] 33 50 180 156 11 342
PolyGCL 59.16 + 1.17 59.87 + 0.85 62.44 + 4.08 70.88 + 3.71 GraphCL [30] 32 28 33 12 2 74
AFECL 62.45 + 1.65  63.70 + 2.26 36.28 + 5.17 73.16 + 1.66 GRACE [31] 39 48 117 38 40 70
NeRS 63.05 + 1.21 6674 « 1.47  73.49 + 424 7417 + 1.34 DGl [37] 66 1177 1491 5 4 2259
GCA [48] 11 16 121 10 10 31
GraphECL [49] 71 79 444 97 59 209
PolyGCL [12] 66 138 232 20 19 146
. . . HeterGCL [9] 18 31 117 5 5 61
we compute the edge homophily ratio of each node based on its GREET [28] 99 208 1873 15 14 783
neighborhood, and then select nodes with homophily values falling NeRS P P a4 s e 108

within the interval [1/3,2/3], which often corresponds to regions where
homophilic and heterophilic relations are highly mixed. Here, we adopt
four representative GCL baseline methods that are proposed in recent
years (i.e., 2024 or 2025). The results are exhibited in Table 7. Although
there exist both homophilic and heterophilic relations, which may lead
to ambiguous relational supervision for representation learning, we ob-
serve that the proposed NeRS still achieves the best performance across
the datasets. This demonstrates that the proposed negative relational
smoothing strategy is effective in handling scenarios with homophilic
and heterophilic substructures, which helps enhance the expressive
power of the learned representations.

5.3.1. Performance on heterophilic datasets

As shown in Table 4, models built upon the homophily assump-
tion tend to exhibit performance degradation when evaluated on the
five heterophilic datasets. This is due to that these models aggre-
gate features indiscriminately from the neighborhood, which inevitably
suppresses meaningful high-frequency signals. Unlike the statistics in
Table 3, the models designed for handling heterophilic graphs generally
obtain satisfactory performance, which demonstrates their effectiveness
in heterophilic settings. Among these methods, our proposed NeRS
achieves the best performance across all five datasets, which can be
attributed to two key factors. Firstly, unlike conventional GCL meth-
ods relying on globally shared graph filters, the negative relational
smoothing strategy is inherently robust to varying levels of heterophily.
Secondly, by avoiding potentially destructive augmentation operations,
the proposed NeRS can obtain reliable contrastive signals without
distorting the original graph information.

To sum up, by combining negative relational smoothing with cross-
view contrastive learning, our NeRS not only demonstrates strong
robustness to varying levels of graph heterophily, but also reveals great
potential in modeling homophilic relations. The results reported in Ta-
bles 3 and 4 collectively highlight the effectiveness and generalizability
of our proposed NeRS in both homophilic and heterophilic graphs.

5.3.2. Running time comparison

In addition to effectiveness, it is important to evaluate the com-
putational overhead introduced by different self-supervised methods.
Accordingly, Table 8 summarizes the per-epoch training time of the
self-supervised methods on both homophilic and heterophilic datasets.
Overall, the proposed NeRS demonstrates competitive computational
efficiency across datasets of varying scales and heterophily levels. On
small heterophilic datasets (e.g., Cornell and Texas), NeRS maintains
moderate per-epoch costs, which indicates that the proposed negative
relational smoothing does not introduce excessive computational over-
head. On larger datasets such as Wiki-CS and Actor, NeRS exhibits
higher per-epoch training time than lightweight methods (e.g., GCA),
which can be attributed to the computation of pairwise similarities in
the relational contrastive objective. Despite this additional cost, our
NeRS generally achieves higher accuracies than the baseline methods.
All these results indicate that NeRS strikes a favorable trade-off between
effectiveness and efficiency, which offers robust representation learning
without incurring prohibitive computational overhead.

5.4. Ablation study

As is mentioned above, in our proposed method, the NeRS losses
(ie., LNRSYD and pNeRS¥y and the cross-view contrastive loss (ie.,
LCNCEY are critical in producing expressive representations in both
homophilic and heterophilic substructures. To shed light on the contri-
butions of these components, we report the classification results of our
proposed method when each of them is removed on the previously-used
ten datasets, where the data splits are kept identical with those de-
scribed above. For simplicity, we adopt “NeRS (w/o £LNRS?V)» «NeRS
(w/o £NeRSY2yn and «“NeRS (w/o £CNCEY” to represent the reduced
models by removing the NeRS losses £NRS“! | pNeRS¥2 ang the cross-
view contrastive loss LENCE respectively. The comparative results have
been listed in Tables 5 and 6. It is evident that removing either loss
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Fig. 3. t-SNE visualizations of node embeddings learned from different views on Cora dataset. (a) Z*; (b) Z¢>; (c) O.

(a)

(©

Fig. 4. t-SNE visualizations of node embeddings learned from different views on CiteSeer dataset. (a) Z¢"’; (b) Z*?; (c) O.

(a)

(c)

Fig. 5. t-SNE visualizations of node embeddings learned from different views on PubMed dataset. (a) Z“"; (b) Z#?; (c) O.

leads to a decline in classification accuracy, which highlights the essen-
tial roles of negative relational smoothing and cross-view contrastive
learning in achieving strong performance. Notably, excluding £NeRS“
results in a more significant performance degradation on homophilic
datasets, while omitting £NRS“? has a larger negative impact on
heterophilic graphs. These results suggest that one-hop neighbors are
more informative in homophilic settings, whereas two-hop neighbors
are more beneficial under heterophily, which proves the rationality of
our multi-view architecture.

To qualitatively analyze the effect of the proposed multi-view ar-
chitecture, we visualize the learned node representations on three
representative datasets, namely Cora, CiteSeer, and PubMed, using
t-SNE. For each dataset, we report the embeddings obtained from
the one-hop view Z®V, the two-hop view Z(¥2), and the integrated
representation O, as shown in Figs. 3-5. From Figs. 3(a), 4(a), and
5(a), we observe that the one-hop view Z(®D tends to produce rela-
tively compact clusters, which is consistent with the fact that one-hop
neighbors preserve strong class consistency under homophily. Nev-
ertheless, some classes still exhibit partial overlap, which indicates
limited discriminative power when relying on a single neighborhood
scope. Notably, the integrated representation O, shown in Figs. 3(c),
4(c), and 5(c), consistently yields the most compact clusters across all
three datasets, which demonstrates the effectiveness of the proposed
multi-view establishment.

To further investigate the interaction between the multi-view archi-
tecture and the smoothing coefficient r, we compare the performance
among three model variants that incorporate the one-hop view (ie.,
“One-hop only”), the two-hop view (i.e., “Two-hop only”), and the
multi-view architecture (i.e., “Multi-view”), respectively, without neg-
ative relational smoothing (i.e., “r = 0”) and with negative relational

smoothing (i.e., “r = r*”). Here, r* denotes the selected smoothing coef-
ficient on each dataset. The results are reported in Table 9. When r = 0,
we observe that the “One-hop only” variant performs better on the ho-
mophilic datasets (i.e., Cora and CiteSeer), whereas the ‘“Two-hop only”
variant achieves better results on the heterophilic datasets (i.e., Texas
and Wisconsin). This observation is consistent with our analysis in
Section 4.5.1, where one-hop neighbors are shown to preserve stronger
class consistency under homophily, while two-hop neighbors become
more informative under heterophily. By introducing negative relational
smoothing, the performance of all variants is improved, which indicates
that the negative relational smoothing effectively enhances the relia-
bility of relational supervision within each view. It is also notable that
the performance of the “Two-hop only” variant drops from 71.39% to
62.94% when switching from r = r* to r = 0 on Wisconsin dataset.
This indicates that the benefit of the two-hop view is relatively limited
without negative relational smoothing, which can be attributed to the
existence of noisy relational signals. As negative relational smoothing
helps suppress noisy relations, the effectiveness of the “Two-hop only”
variant can be enhanced when r = r*. Nevertheless, the two-hop view
still demonstrates clear advantages in heterophilic graphs when r = 0
or r = r*. In addition, we observe that the multi-view model generally
outperforms the single-view variants under both r = 0 and r = r*, which
demonstrates the effectiveness of the proposed fusion strategy. More
importantly, we find that the multi-view model combined with negative
relational smoothing achieves the best performance on all four datasets.
For instance, on Texas and Wisconsin, the accuracies of the multi-view
model improve from 66.58% and 70.55% when r = 0 to 75.55% and
75.87% when r = r*, respectively. These results suggest that negative
relational smoothing can suppress noisy relational signals within each
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Table 9
Interaction between the multi-view architecture and the smoothing coefficient r.
Method Cora CiteSeer Texas Wisconsin
One-hop only 77.91 + 0.84 65.98 + 0.60 56.78 + 1.63 54.28 + 1.71
r=0 Two-hop only 77.36 + 0.48 65.04 + 0.82 71.10 + 5.64 62.94 + 1.91
Multi-view 80.20 + 0.53 67.41 + 0.79 66.58 + 9.63 70.55 + 2.45
One-hop only 83.51 + 0.48 72.71 + 0.33 70.55 + 1.71 70.65 + 4.31
r=r* Two-hop only 79.00 + 0.46 70.66 + 0.40 71.92 + 1.24 71.39 + 2.96
Multi-view 84.03 + 0.51 73.36 + 0.38 75.55 + 2.09 75.87 + 1.81
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Fig. 6. Sensitivity analysis of the smoothing coefficient r on different datasets. (a) Cora; (b) Wiki-CS; (c) Cornell; (d) Wisconsin.

view based on the multi-view architecture. Overall, the results indicate
that the multi-view architecture and negative relational smoothing can
jointly contribute to improved performance.

5.5. Parametric sensitivity

In our proposed method, the smoothing coefficient r in Eq. (4) plays
a crucial role in enhancing robustness to graph heterophily. Therefore,
we evaluate in detail the sensitivity of the performance to different
values of r. The results on two representative homophilic datasets (i.e.,
Cora and Wiki-CS) and two heterophilic ones (i.e., Cornell and Wiscon-
sin) are reported in Fig. 6. We note that the performance deteriorates
when r > 0, while shifting r to negative values generally leads to
performance improvement. It can be inferred that negative smoothing
penalizes overconfident contrastive pairs induced by heterophilic rela-
tions, thereby enhancing robustness. Besides, the performance remains
relatively stable when r < 0, which indicates that the proposed method
is insensitive to the choice of r.

In practical use, the smoothing coefficient r can be selected based
on the silhouette score [54], which measures the compactness and
separability of node embeddings. Specifically, for each candidate value
of r, the NeRS model is first trained to obtain node representations,
after which K-means clustering is applied to the learned embeddings.
The silhouette score is then computed to quantify the clustering quality.

10

The value of r that maximizes the silhouette score is adopted as the
final hyperparameter. Moreover, the empirical results indicate that the
model is not sensitive to this hyperparameter and thus r can be tuned
without significant difficulty in practice.

6. Conclusion

In this paper, we present a new GCL framework with Negative Re-
lational Smoothing (NeRS). Different from most existing GCL methods
relying on graph filtering operations, we formulate the representation
learning process as a noise-robust optimization problem, which enables
effective representation learning under varying levels of heterophily. To
further enhance expressiveness across both homophilic and heterophilic
substructures, we design a multi-view architecture that facilitates the
construction of reliable contrastive pairs. Experiments on ten bench-
mark datasets have revealed the effectiveness of our proposed method
in handling both homophilic and heterophilic graphs.

Meanwhile, there still exist several limitations in this work. Specif-
ically, the smoothing coefficient is globally shared and may not fully
capture fine-grained structural variation. Additionally, the proposed
method is mainly developed for undirected, simple, and static graphs.
Nevertheless, the proposed relational smoothing strategy may pro-
vide useful insights for robust graph representation learning. In future
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work, we will further explore adaptive smoothing for each node and
extensions to directed and dynamic graphs.
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