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Abstract

Graphs are structured data that models complex relations between real-world entities. Heterophilic graphs, where linked nodes trend to have

different labels or dissimilar features, have recently attracted significant attention and found many real-world applications. Meanwhile,

increasing efforts have been made to advance learning from graphs with heterophily. Various graph heterophily measures, benchmark datasets,

and learning paradigms are emerging rapidly. In this survey, we comprehensively review existing works on learning from graphs with

heterophily. First, we overview over 500 publications, of which more than 300 are directly related to heterophilic graphs. After that, we survey

existing metrics of graph heterophily and list recent benchmark datasets. Further, we systematically categorize existing methods based on a

hierarchical taxonomy including GNN models, learning paradigms and practical applications. In addition, broader topics related to graph

heterophily are also included. Finally, we discuss the primary challenges of existing studies and highlight promising avenues for future

research.
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B 1 Introduction

Graph-structured data is ubiquitous in practical scenarios, which
models entities as nodes and the complex relationships between
entities as edges. Some graphs exhibit homophily [1], where linked
nodes tend to have the same label or similar features, such as citation
networks and friendship networks. As shown in Fig. 1(a), citation
patterns show typical homophily, as papers tend to cite works within
the same domain. In other cases, there also exist graphs with
heterophily [2], where nodes with different labels or dissimilar
features are more likely to be connected.

Graphs with heterophily have found numerous practical
applications [3—-5], underscoring the importance of this research area.
For example, social bots have been extensively utilized to
disseminate misinformation, instigate panic, and even influence
elections, leading to significant negative social consequences [6—10].
In Fig. 1(b), we present a social network with automated bots, where
bots tend to establish connections with users instead of other bots.
Due to significant differences in characteristics and behaviors
between bots and users, this network exhibits the typical graph
heterophily. Moreover, the human brain can be conceptualized as a

complex network, as depicted in Fig. 1(c), where different regions

serve as nodes and the connections between them are represented as
edges. Given that various regions of brain support specific functions,
each region displays unique structure and feature [11]. Therefore, the
brain network is far from being homophilic but rather heterophilic
[12]. Moving to the urban computing [13], the city is usually
modeled as an urban graph where nodes are objects such as
functional regions and edges are physical or social dependencies such
as human mobility and traffic flow. Taking urban graphs constructed
with human mobility as an example, heterophily usually exists as end
nodes of an edge could be of different functionalities, such as
residential area and workplace [14]. In summary, the heterophily
inherent in graphs is widespread across numerous scenarios and is
closely related to our human bodies, daily lives, and the
environments we inhabit.

Recent advancements have seen the proposal of numerous Graph
Neural Networks (GNNs) [15—17], which have achieved remarkable
success in processing graph-structured data. Traditional GNNs
implicitly assume that graphs are homophlic and follow the message
passing mechanism [18,19], where each node updates the
representation by aggregating messages from neighbors. However,

this mechanism struggles with graph heterophily, where nodes may
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Fig. 1 The toy examples of homophilic and heterophilic graphs in real-
world applications. (a) A citation network; (b) a social network with bots;

(c) a brain network with community structure

incorrectly aggregate information from dissimilar neighbors, leading
to suboptimal performance [3,5,20]. More precisely, message passing
mechanism fails to discriminate uninformative local nodes and
explore informative global nodes under a heterophilic setting. Simply
aggregating neighborhood information without discrimination can
easily introduce noise, resulting in indistinguishable representations.
Moreover, message passing mechansim is naturally constrained to
local topology and fails to reach distant but informative nodes. To
dive into graph heterophily, learning topics such as metrics,
benchmarks, models and learning paradigms have emerged recently.
Due to the growing interest, we have recently witnessed some
relevant surveys on this topic [3—5]. Early surveys [3,4] are limited in
scope, focusing primarily on GNN models while neglecting other
learning topics such as learning paradigms and practical applications.
The recent handbook [5] compiles existing works related to
heterophilic graphs, but it simply lists for easy reference but lacks a
systematic categorization. Therefore, there is an urgent need for a
more comprehensive and systematic review in this field.

In this survey, we start with the metrics of graph heterophily and
benchmarks, elaborating on the sources and characteristics of each
dataset. Next, we categorize existing heterophilic GNN models based
on their architectures and underlying mechanisms, focusing primarily
on GNN models and other advanced frameworks designed to handle
graph heterophily. After that, we introduce recent advances on self-
supervised learning and prompt learning in this field, and also
provide more related topics to broaden the research scopes. Finally,
we summarize the related practical applications, and give an outlook
on the future development of this field. Our main contributions can
be summarized as follows:

e To our best knowledge, this survey is currently the most
comprehensive one in the area of heterophilic graph learning.
e This survey introduces a systematic taxonomy for learning
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from graphs with heterophily and categorizes existing works
from diverse aspects.

e This survey reveals the current challenges faced by existing
works related to heterophilic graph learning and present
promising directions and future insights.

B 2 Preliminaries

2.1 Notations

Let G = (V,&) denote a graph with a set of nodes V and a set of
edges &, where N =|V]| is the number of nodes. The adjacency
matrix of G is denoted as A = [a;;] € {0, VXN \where ajj=1if
there exists an edge ¢;; = (v;,v;). The degree matrix D is a diagonal
matrix with each diagonal element d; = Zfi 1 @ij being the degree of
node Vv;. The
N®©) ={v;:(v;,v)) € E}. The node feature matrix is denoted as X,
where the ith row Xx; is the feature vector of node v;. The node

neighbor set of node Vv is denoted as

representation matrix is denoted by H, where the h; is the
representation of node v;. The label matrix is denoted by Y, where
the ith row y; is the one-hot encoded label vector of v;. For nodes
Vi, Vj eV, if y =yj, they are viewed as intra-class nodes;
otherwise, they are inter-class nodes. Equally, an edge ¢;; €& is
taken as an intra-class edge if y; =y;, or an inter-class edge if
Yi#Yj.

2.2 Message passing framework

The message passing framework [18,19] stands for a broad category
of GNNs, where each node aggregates information from neighbors
and then combining the aggregated information. The process can be
formulated as:

" = com (hﬁ"”,AGG{hj."“ v e NOY). (1)

where 0 < /< L and L is the number of GNN layers, hEO) = x; and
hl(.l)(l < [ < L) denotes the node representation of v; at the [th layer.
The choice of aggregation AGG(-) is flexible (e.g, mean, sum, max
pooling), and the combination COM(-) in each layer can also be
customized. Message-passing GNNs are simple yet powerful, but
they still encounter challenges such as over-smoothing [21], over-
squashing [22], limited propagation [23], and the heterophily issue
[20].

2.3 Graph transformer

Recently, Transformer [24] has rapidly advanced and revolutionized
the field of NLP [25-27] and CV [28-31]. Inspired by that, Graph
Transformers (GTs) has emerged as a prominent approach in graph
learning [32,33]. Here, we briefly introduce the core components:
self-attention mechanism, positional, and structural encodings.

2.3.1 Self-attention mechanism
Self-attention is the fundamental mechanism of GTs. Given the node
feature matrix X, a GT layer first projects X into the Query, Key,
and Value matrices:

0=XWq, K=XWg, V=XWy,
where Wq, Wk, Wy are three trainable weight matrices. After that,
the node representation H with a single self-attention head is
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computed as follows:

0K’
Vd
where d denotes the dimensionality of attention head, and S € RNV
denotes the self-attention matrix. Subsequently, multi-head attention

S , H=softmax(S)V,

can be implemented by concatenation, followed by MLP module,
residual connection, and normalization [24]. The main difference
between GTs and message-passing GNNs is that GTs disregard the
topology, treating the input graphs as fully-connected.

2.3.2 Positional and structural encodings

To incorporate graph topology into GTs, Positional Encoding (PE)
and Structural Encoding (SE) have been proposed. SEs focus on
topological information on local, relative, or global levels, such as
node degree, triangle, cycle counting, and subgraph context. More
advanced methods include DSE [34], RWSE [35], and TCSE [36].
Different from SEs, PEs perceives the relative positions towards
other nodes and absolute positions within the graph. For example,
LapPE [37], RWPE [38], JaccardPE [39] are all typical PEs.

2.4 Graph laplacian and filters

Graph Laplacian [40] is defined as L = D — A, and its normalized
version is L=J—_D 3AD" 3.
L =UAU", where U is the eigenvector matrix, also called graph
fourier basis. Given a graph signal x, the graph fourier transform is
defned as # = Ty, and the inverse transform is x = UT&. The
eigenvalue matrix A = Diag(dy,A2,...,Ax) with 0< A < Ay, ...,
Ay <2 and A; is frequency [41]. Here, smaller A; corresponds to
low-frequency signals (smooth information), while larger A;
corresponds to high-frequency signals (non-smooth information)
[42]. According to spectral graph theory, graph convolution can be
expressed as:

Its eigen-decomposition gives

N
g*x=UgU" = ) s(uiufx.
i=0
where g(A) = Diag(g(41),...,g(dn)) is the spectral graph filter to
re-weight frequencies.

In practice, performing eigen-decomposition on large-scale graphs
is infeasible in terms of time complexity. Hence, it is common to
utilize the polynomial approximation with regard to 7, as an
approximate filter g(Z) [43]:

grx=Ug MU' ~ g(Z)-x.
Such method is typically considered for smooth signals, while non-
smooth signals are more important under graph heterophily.
Therefore, various graph filters are designed to capture complex
patterns on graphs. The common low-pass filter Fp is built based
on the affinity matrix Frp= A= D_%AD_%, while the
corresponding high-pass filter is Fyp = L=I-D>AD? [41].

2.5 Learning paradigms
Currently, mainstream graph learning paradigms include supervised

1 https://github.com/gongchenghua/Papers-Graphs-with-Heterophily.

learning and self-supervised learning. With the development of
supervised learning and self-supervised pre-training techniques,
prompt learning has recently emerged which integrates the
advantages of both supervised and self-supervised paradigms.

e Supervised learning. Based on supervision signals, some
effective end-to-end GNNs have been designed. Given a GNN
model, node classification is semi-supervised as it uses
unlabeled nodes from the test set [15], while graph
classification is supervised since the test set is ignored [44]. In
this paper, we simplify by treating both as supervised learning
for convenience.

e Self-supervised learning. Despite the remarkable success of
supervised learning, the heavy reliance on supervisions brings
high annotation cost, weak model robustness, and the over-
fitting problem. To this end, self-supervised learning [45,46]
on graphs designs a series of pretext tasks, leverages the input
itself as supervision to learn informative representations from
unlabeled data.

e Prompt learning. Built on self-supervised pre-training
techniques [47], prompt learning is primarily applied to the
downstream tuning of pre-trained models in NLP [48]. The
target is to bridge the gap between pretexts and downstream
tasks through a unified task template, thereby fully leveraging
the pre-trained model. Free from the costly fine-tuning,
prompt learning can achieve great results by efficient tuning,
even when the supervision of specific task is limited. By fully
leveraging the self-supervised pre-training and requiring
minimal supervision signals, prompt learning can be seen as
integrating the advantages of both supervised and self-
supervised learning.

B 3 Overview
This section provides a brief literature overview, followed by the
organizational structure of this survey.

3.1 Literature overview

In this survey, we collect over 500 papers, of which more than 300
are directly related to graph heterophily, with particular emphasis on
those published in top journals or famous conferences. Here, journals
include TPAMI, TKDE, TMLR, TNNLS, and Neural Networks,
while conferences involve ICML, ICLR, NeurIPS, KDD, AAAI,
among others. We also include papers that feature novel topics or
have garnered widespread attention on OpenReview and Arxiv. All
the resources related to this survey are presented in our GitHub
repository)). In Fig. 2, we present the statistics of collected papers.
First, we compile the annual publication statistics of papers over the
past six years. As can be seen in Fig. 2(a), the number of papers
released per year shows a significant growth trend, indicating the
enormous potential of this topic. Moreover, the source distribution is
given in Fig. 2(b). It is worth noting that more than half of collected

papers have been published in top journals or conferences, indicating
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Fig.2 The statistics of collected papers related to learning from graphs with heterophily. (a) Number of papers published per year; (b) the

distribution of sources for the collected papers

the reliability. In Fig. 3, we analyze the general content and present
the most frequently words in titles. Notably, the keywords are closely
related to the topic, which center around learning from graphs with

heterophily.

3.2 Organizational structure

We present the organizational structure of this survey in Fig. 4. In
Section 2, we provide notions and preliminaries, and present an
overview in Section 3. In Section 4, we introduce metrics of graph
heterophily and provide a detailed description of benchmarks. In
Section 5, we summarize representative GNN models and beyond,
and provide a detailed grouping of them. Apart from supervised
learning, we also introduce other popular learning paradigms on
heterophilic graphs in Section 6, including self-supervised learning
and prompt learning. Apart from remarkable GNN models and
ganting
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Fig.3 The word cloud composed of high-frequency words from the titles of

collected articles in this survey

learning paradigms, some extensible topics are also mentioned in
Section 7. In Section 8, we discuss the practical applications, and
provide unique insights for future explorations in Section 9.

B 4 Measures and benchmarks

The success of graph learning depends on high-quality data. To
evaluate proposed models, various heterophilic benchmarks have
[49-54].
heterophily have been proposed to characterize datasets. This section
the
comprehensive review on benchmarks.

been released Meanwhile, some metrics for graph

discusses heterophily measures, and then provides a

4.1 Measuring heterophily

Graph heterophily refers to the phenomenon that connected nodes
tend to share different features or labels. Understanding this concept
and establishing relevant metrics is crucial for further research. Here,
we introduce representative metrics for graph heterophily, typically
presented in terms of homophily level. For example, node homophily
[50] and edge homophily [20] are most frequently used. Specifically,
node homophily measures homophily at the node level, where
homophily degree for each node is computed as the proportion of
neighbors sharing the same label. Then node homophily Hpode is
defined as the average homophily degree of all nodes:

1 {u e N(v) : y» = yull
Hoode = — P
v ZV INO)

where yy,,y, denote the labels of nodes v and u. It is worth noting
that Hioge only reflects homophily within 1-hop neighbors. Recent
works [55,56] extend this definition to the k-hop to measure high-
order homophily:

{u € Nk(v) 2 yy = yull
Nkl ’

where N (v) denotes the k-hop neighbor set of v. Edge homophily

(}{hi gh—order =

ﬂedge measures homophily at the edge level, and is defined as the
fraction of edges connecting nodes with the same label:
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Fig. 4 The overall organizational structure of this survey.

[{v,u) € E 2 yy = yull
7-{edge = ] .

Both node and edge homophily range from [0,1], and high

homophily indicates low heterophily, and vice versa. While widely
used, these two simple metrics are highly sensitive to the number of
class, leading to limited utility [S1]. To mitigate the class imbalance
issue, another metric named class homophily [51] is defined as:

C
1 [Ckl
Hetass = = > [Hi— 1|
class C_lk_l[ k V| .

where [x]; = max{x,0}, C is the number of class, Cy, is the set of
nodes in class k, and H is the class-wise homophily metric:
_ Zv:y‘,:c {ue N(v): W= yu”

Zv:yv=c INOW)I

Although H_jass measures heterophily more fairly, some issues still

Hie

exist [57]. For example, Hlass neglects the variation of node
degrees when correcting the fraction of intra-class edges by its
expected value. To this end, combined with assortativity coefficinent
[58], adjusted homophily is defined as:

Hedge — 2., D2/(21ED?
1-35, D2/2lE)?

where Dy is the sum of degrees of all nodes with label k.

'}{adj =

Discussion. Overall, node homophily Hpode and edge homophily
Hedge are widely used in measuring heterophily due to their
simplicity and ease of implementation. However, they overlook the
impact of class imbalance and node degree issues on heterophily,
leading to the introduction of class homophily FHlass and adjusted
homophily (Hadj. Recent study [57] summarizes the desirable
properties of heterophily measures and the aboved metrics besides
adjusted homophily have critical drawbacks in comparison of
heterophily across datasets. Moreover, various statistic-based metrics
for graph heterophily are continuously emerging [59-64]. Recently,
some studies have used classifier-based [65] and unsupervised-based
[66] methods. Zheng et al. [67] attempted to disentangle heterophily
label,
comprehensive review of existing metrics. Although the proposed

from structural, and feature aspects, and provide a
metrics help characterize heterophily, recent studies show that GNN
performance does not always align with heterophily [61,65,68].
Therefore, how graph heterophily affects GNNs remains unclear and

is worth exploring.

4.2 Benchmark datasets

To boost learning from graphs with heterophily, there is an urgent
need for trustworthy and high-quality benchmarks. We further
categorize existing benchmarks into three categories: basic, large-
scale, and advanced. Note that all datasets focus on the node
classification task, and detailed statistics are presented in Table 1.

4.2.1 Basic benchmark

Inspired by the studies in complex networks [49,71,72], Pei et al.
[50] summarized the first benchmark for heterophilic graphs. To
date, most studies have evaluated their models on it, which we refer
to as basic benchmark. Basic benchmark includes six datasets:
Cornell, Texas, Wisconsin, Chameleon, Squirrel and
Actor. Next, we categorize them based on their sources and provide
detailed descriptions.

—WebKB. WebKB is a webpage dataset collected from computer
science departments by Carnegie Mellon University. Cornell,
Texas, Wisconsin are three sub-datasets of WebKB [72], where
nodes represent web pages, and edges represent hyperlinks between
web pages.

—Wikipedia. Chameleon and Squirrel are two page-page
networks on specific topics collected from Wikipedia [49], which is a
free, online encyclopedia that anyone can edit. In these datasets,
nodes represent web pages and edges are mutual links between web

pages.

—Actor. Actor, also called Film, is the actor-only induced
subgraph of a “film-director-actor-writer” network [71]. Each node
represents an actor, and the edge between two nodes denotes their co-
occurrence on the same Wikipedia page.

Despite the widespread use, basic benchmark suffers from
limitations due to the small scale and narrow domain, which is
inadequate for evaluation.

4.2.2 Large-scale benchmark

Aside from the overfitting risks caused by mall-scale datasets [73],
evaluation on basic benchmark is plagued by high variance across
different splits [20]. To this end, a series of large-scale datasets from
diverse domains are collected and released in [51,52], forming the
large-scale benchmark: ArXiv—Year, Snap —Patents, Wiki,
Penn94, Pokec, Genius, Twitch— Gamers
Deezer — Europe. Additionally, there are also some representative
large-scale datasets, such as Wiki —Cooc, BlogCatalog and
Flickr. Since these datasets show the significant heterophily, we

and

also include them in the large-scale benchmark.
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Table 1 The statistics of current benchmark datasets for heterophilic graphs
# Nodes # Edges # Features
Cornell 183 295 1,703
Texas 183 309 1,703
Wisconsin 251 499 1,703
Chameleon 2,277 36,101 2,325
Squirrel 5,201 217,073 2,089
Actor 7,600 33,544 931
Penn94 41,554 1,362,229 5
Pokec 1,632,803 30,622,564 65
Genius 421,961 984,979 12
Twitch-Gamers 168,114 6,797,557 7
Deezer-Europe 28,281 92,752 31,241
Blog-Catalog 5,196 171,743 8,189
Flickr 7,575 239,738 12,047
ArXiv-Year 169,343 1,166,243 128
Snap-Patents 2,923,922 139,975,788 269
Wiki 1,925,342 303,434,860 600
Wiki-Cooc 10,000 2,243,042 100
Roman-Empire 22,662 32,927 300
Amazon-Ratings 24,492 93,050 300
Minesweeper 10,000 39,402 7
Tolokers 11,758 519,000 10
Questions 48,921 153,540 301

# Classes Hiode Hedge Source Literature
5 0.20 0.30 WebKB [50]
5 0.06 0.06 WebKB [50]
5 0.10 0.17 WebKB [50]
5 0.25 0.23 Wikipedia [50]
5 0.22 0.22 Wikipedia [50]
5 0.20 0.22 Actor [50]
2 0.48 0.47 Social Media [52]
2 0.39 0.44 Social Media [52]
2 0.10 0.62 Social Media [52]
2 0.56 0.55 Social Media [52]
2 0.53 0.53 Social Media [51]
6 0.39 0.40 Social Media [69]
9 0.24 0.24 Social Media [69]
5 0.28 0.22 Citation [52]
5 0.19 0.07 Citation [52]
5 - 0.39 Wikipedia [52]
5 0.18 0.34 Wikipedia [70]
18 0.05 0.05 Wikipedia [53]
5 0.38 0.38 E-commerce [53]
2 0.68 0.68 Digital Game [53]
2 0.63 0.59 Crowdsource [53]
2 0.90 0.84 Q&A Platform [53]

—Social Media. Penn94 [74] is a social network from the Facebook
of university students, where nodes represent students and edges
represent the friendships. Similarly, Pokec [75] is the friendship
network of a Slovak online social network, where nodes represent
users and edges represent directed friendship relations. Genius [76]
is a subset of the social network on a web site for crowdsourced
annotations of song lyrics. The nodes are users, and edges connect
users that follow each other on the website. Twitch —Gamers [77]
is a network of relationships between accounts on the livestreaming
platform Twitch. Each node represents a Twitch account, and edges
exist between accounts sharing mutual followers.
Deezer —Europe [78] is a social network of users on Deezer from
European countries, follower

relationships. BlogCatalog [69] is a also social network created

where edges represent mutual
from an online community where bloggers can follow each other.
Flickr [69] is a dataset created from an online website sharing
images and videos where users can follow each other, forming a

social network.

—Citation. ArXiv—Year [79] is the Ogbn-ArXiv citation network

labeled by the posted year, instead of subject areas. The nodes are
ArXiv papers, and directed edges connect a paper to other papers that
it cites. Snap—Patents [75,80] is a dataset of utility patents
granted between 1963 to 1999 in the US, where each node is a patent,
and edges connect patents that cite each other.

—Wikipedia. Wiki [52] is a dataset of Wikipedia articles, where
nodes represent pages and edges represent links between them.
Wiki —Cooc [70] is a dataset based on the English Wikipedia,
where nodes denote unique words and edges connect frequently co-
occurring words.

Motivated by the large-scale benchmark, research papers on
learning from graph heterophily start to flourish. To better evaluate
models and verify whether they capture heterophily patterns, we
urgently need more advanced, high-quality datasets.

4.2.3 Advanced benchmark

Recently, a critical study has suggested existing benchmarks for
heterophily-specific GNNs have serious drawbacks, rendering
evaluation based on them unreliable [53]. The fatal drawback is the

presence of duplicate nodes in Chameleon and Squirrel,
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causing data leakage. Experiments have shown that removing
duplicate nodes strongly affects many heterophily-specific GNNs. In
addition, Cornell, Texas, and Wisconsin are not innocent.
These datasets have very imbalanced classes. For example, Texas
has a class that consists of only one node, making this class for
training and evaluation meaningless. Aware of these issues, several
new datasets with different nature and with diverse structural
properties are released, collectively forming the advanced benchmark
[53]. The advanced benchmark includes five datasets for evaluation:
Roman — Empire, Amazon—Ratings, Minesweeper,
Tolokers, and Questions.

—Wikipedia. Roman —Empire is based on the one of the longest
articles on Wikipedia, Roman Empire. Each node corresponds to one
(non-unique) word in the text and two nodes are connected with an
edge if subjected to the proposed conditions.

—E-commerce. Amazon—Ratings is based on the Amazon
product co-purchasing network metadata dataset from SNAP [75].
Nodes are products (books, CDs, DVDs, video tapes), and edges

connect products that are frequently bought together.

—Digital Game. Minesweeper is a synthetic network based on the
Minesweeper game. It is a 100 X 100 grid where node is connected
to eight neighbors, except for nodes at the edge of the grid. 20% of
the nodes are randomly selected as mines and the task is to predict
which nodes are mines.

Tolokers is based on data from the Toloka
crowdsourcing platform [81]. The nodes represent tolokers (workers)

—Crowdsource.

in at least one of 13 selected projects. An edge connects two tolokers
if they are in the same task.

—Q&A Platform. Questions is based on the data from a question-
answering website Yandex Q. The nodes are users, and an edge
connects two nodes if one user answered the other user’s question
during a one-year time interval.

Evidently, we can find that the advanced benchmark not only has
unique graph heterophily characteristics, but also covers a broader
scope, which is more closely related to our daily lives.

4.2.4 Discussion

As can be seen in Table2, we summarize the macroscopic
characteristics across different heterophilic graph benchmarks. Basic
benchmark focuses on ease of use; however, due to data leakage, this
issue must be processed before utilization. Large-scale benchmark,
on the other hand, emphasizes evaluating the scalability of models.
Advanced benchmark, owing to its reliability and high quality, has

become the mainstream evaluation benchmark for assessment. In
addition, we find that basic benchmark, due to their limited scope,
exhibit relatively narrow heterophily patterns. In contrast, large-scale
and advanced benchmark cover a broader range of domains, thus
exhibiting richer heterophily patterns, which are more beneficial for
comprehensive evaluation. The common heterophily metrics and
literature sources for each dataset in these benchmarks can be found
in Table 1. For further advancement of this field, we advocate for the
release of high-quality open-source datasets from a broader spectrum
of fields. We also recommend further -cross-pollination of
heterophilic datasets with NLP, CV, and other fields, enabling
models to truly address real-world application challenges.

4.3 Model reassessment

Given flaws identified in current benchmarks, several studies have
suggested a comprehensive reassessment of existing models.
Platonov et al. [53] first uncovered fatal problems within popular
datasets and revealed that the previous evaluation is unreliable. They
further proposed the advanced benchmark for reassessment and
showed that standard GNNs generally outperform heterophily-
specific methods. Through extensive empirical analysis, Luo et al.
[82] investigated the influence of many GNN configurations such as
dropout [83,84], normalization [85], residual connections [86,87],
network depth [21,87,88], and jumping knowledge [89] on node
classification. Experiments show that classic GNNs (GCN, GAT, and
GraphSAGE) with these configurations can match or even
outperform recent Graph Transformers on most heterophilic and
homophilic datasets with slight hyper-parameter tuning. Beyond
classic GNNs, Liao et al. [43] extensively benchmarked spectral
GNNs from the frequency perspective. They proposed that most
spectral models can be divided into three categories: fixed filter,
variable filter and filter bank. All three types can achieve satisfactory
performance on homophilic graphs, while variable filters and filter
bank models excel under graph heterophily. To identify the real
challenging subsets of heterophilic datasets, Luan et al. [5,54]
benchmarked the commonly used heterophilic datasets and classify
them into benign, malignant and ambiguous datasets. They proposed
that good models for heterophily should match classic methods on
homophilic graphs, and perform better especially on malignant and
ambiguous datasets.

We advocate for the comprehensive benchmarks and fair
evaluation to compare proposed models. This approach not only lays
a solid foundation for future research but also further promotes
advancements in learning from graphs with heterophily.

B 5 GNN models and beyond
Graph heterophily has led to the emergence of heterophilic GNN

Table 2 The comparison of macroscopic characteristics across different heterophilic graph benchmarks

Benchmark # Datasets Dataset scale Dataset scope Remark

Basic benchmark 6 Small Knowledge graph & social networks Data leakage
Large-scale benchmark 11 Large Social & citation networks Focus on model scalability
Advanced benchmark 5 Medium Broader applications Reliable & high-quality
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models. In this section, we categorize representative methods
according to the model architecture and its underlying mechanism
into six types, as can be seen in Fig. 5. The first four type methods
extend the classic GNN architecture, making improvements from
four perspectives: spectral graph filters, high-order neighbor
expansion, global homophily modeling, and advanced message
passing, which aim to adapt GNN models for heterophilic graphs.
Drawing on the powerful modeling capabilities of Transformers [24]
and Neural ODEs [189], we also introduce studies based on Graph
Transformers and Neural Diffusion Processes. These advanced
architectures extend beyond conventional GNNs, offering novel

insights to handle graph heterophily.

5.1 Spectral graph filters

Based on graph signal processing [190], spectral filters have been
integrated into GNNs to enhance the expressive power. Most GNNs
smooth representations of connected nodes, which is equivalent to
low-pass filtering [191]. For example, GCN [15] utilizes the self-loop
operation to enhance the low-pass filter, and its approximate filter
g(Z) can be expressed as:

gL)=I+Fp=I+A=2I-L.
However, high-frequency signals that capture the dissimilarity
between nodes are often neglected, restricting the expressive power
of heterophily. To this end, many studies design advanced spectral
filters to capture heterophily patterns. Here, we follow Liao et al.
[43] and categorize existing spectral methods into fixed filter,
variable filter, and filter bank.

5.1.1 Fixed filter

For the first type, the basis and parameters of graph filters are both
constant, resulting in fixed filters g(Z). As an extension of the
homophilic scenario [192—-194], GCNII [90] enhance GCN under
heterophily with simple yet effective techniques: Initial residual and
Identity mapping, to preserve ego or local information. The spectral
interpretation of the polynomial approximation is:

K
g@)= Y a(l-a)d-Ly,
k=0
where K is the spectral filter order, @ € [0, 1] is the coefficient for
balancing neighbor propagation and ego preservation. Due to the
preset parameters, methods based on fixed filters still face the
problem of insufficient expressive power.

5.1.2 Variable filter

Compared to fixed filters, variable filters extend the approximate
filter to a variable version g(z, 6). Inspired by generalized PageRank
[194,195], GPR-GNN [91] formulates the spectral filter as:

K
g(L.0)= ) ¢ U-L),
k=0

where 6 is the learnable weight to fit heterophily patterns. ASGC
[92] adopts the same principle and provides a more simplified
version. ChebNet [196] is also a typical example, which utilizes the
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Chebyshev polynomial as basis:
K
o(L,0) = Z ¢TO).
k=0
Each term T® (L) can be expressed recursively:
TOL) = 2LT* V(L) - T*(L),
@)=L, TOL) =1

Based on ChebNet, ChebNetll [93] employs the Chebyshev
interpolation [197] to enhance the filter:

K K
— 2 _
_ (k) (k)
gL === AT TV,
k=0 x=0
where T®(x,), T®(L) follow the Chebyshev basis, and

fet 2 of TK+L 93],

ClenshawGCN [94] applies Clenshaw algorithm to incorporate

X = COS are  Chebyshev nodes

explicit residual connections. The form of its filter is similar to
chebNet, but with some differences in the iteration:

TO@) = 2LT* V(L) - T* (L),
T =2L,TOL) =1.

To avoid oversimplified learnt weights, BernNet [95] substitutes the
generalized PageRank with Bernstein polynomial:

T _ng k) (T (k)_K T\K—k T \k
g(L,H)—ZZ—KT (@D),T9 ={" |er- D @)
k=0

In addition to the aforementioned models, other models, such as
LegendreNet [96], JacobiConv [97], FavardGNN [98], also focus on
designing advanced variable filters to enhance the expressive power
for heterophily. For more details, please refer to [43].

5.1.3 Filter bank

GNNs with filter bank integrate multiple fixed or variable filters to
enhance the expressive power. Given the number of filters Q, the
integration can be formulated as:

0
2Ly =Py -2 D),

q=1
where @ denotes an arbitrary combination such as sum or
concatenation, and each filter gq(z) is assigned with a weight y9.
FB-GNN [41] first introduces the concept of filter bank under the
heterophily setting. It designs a dual-channel scheme with low-pass
and high-pass filters to learn the smooth and non-smooth

components:

&(Lyy) =viFrp+y2Fup =yi1L+y2(I-L),
where y1,y2 € [0, 1] is the learnable scalar parameters. ACM-GNN
[61] extends FBGNN to three filters, including an all-pass filter to
maintain node identity:

8(L;y) =yiL+y,(I-L)+y3l.
Similarly, FAGCN [137] integrates two spectral filters with bias to
capture both low- and high-frequency signals:
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8Lyy) =y1(B+DI-L)+y((B- DI+ L),
where 8 € [0, 1] is the scaling coefficient. GSCNet [99] proposes a
simple basis that decouples the positive and negative activation:

K| K>
gLy) = ) yi@I-Ly + ) y,LY,
i=0 =0
where activation ratios can be adjusted by hyper-parameters K and
K>. G2CN [100] proposes the Gaussian filters with sufficient
flexibility:

_ |K/2] . LK/2] .
&(L,y)=v Z 91,ka 72 Z 024 TS,
k=1 k=1
k = a’]f
T® = (1+pDI-1).6, 4 = o
k = 0/5
T® = ((1-pI-L),605 = T

where @, € [0,1] is the decay coefficient and scaling coefficient.
Typically, FiGURe [101] utilizes the filter-level parameters to
control each component:

Q
§Liy) = ) v 8y(D).
g=1
Various filters, including Chebyshev, Bernstein and others, can be
used to compose the filter bank. It is worth noting that variable filters
and filter bank models outperform fixed filter under heterophily [43].
Therefore, we need to consider the trade-off between model capacity
and computational cost.

5.1.4 Further explorations

In addition to filter design, there are also further explorations of
spectral graph filter. For example, PyGNN [102] enhances spectral
filters with sampling techniques, while PD-GNN [103] introduces a
new Laplacian matrices, offering more flexibility. Inspired by heat
equation [198], PC-Conv [104] introduces the Possion-Charlier
polynomial [199] to make an exact numerical approximation.
NewtonNet [105] establishes the connections between spectral
frequencies and graph heterophily, and further integrates filter with
Newton Interpolation [200]. Huang et al. [106] optimized the
polynomial filters in Krylov subspace [201], and further reveal how
universal polynomial bases enhance spectral GNNs [107]. Motivated
by Mixture of Experts [202], Node-MoE [108] proposes that node-
wise filtering can achieve linear separability, and further designs a
Mixture of Experts GNN framework. Besides Node-MoE, both DSF
[98] and NFGNN [109] are dedicated to designing adaptive node-
specific filtering.

5.1.5 Discussion

Based on spectral graph theory, spectral GNNs focus on frequency
signals of whole graphs and are more theoretically grounded. Despite
remarkable success, existing spectral GNNs still face two major
issues: the polynomial limitation and the transductive limitation
[203]. The flexibility of polynomial filters, the co-existence of
homophilic and heterophilic patterns, as well as scalability on large
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graphs, remain challenges that spectral GNNs urgently need to
address.

5.2 Utilizing high-order neighbors
Under simply
representations of neighbors [15,17] in message passing will

heterophilic  setting, weighted  averaging
inevitably introduce noise, potentially resulting in low-quality

representations [20].

5.2.1 Multi-hop view

To mitigate graph heterophily, a natural idea is to utilize informative
nodes within multi-hops. Formally, the k-hop neighbor set can be
defined as:

NiW) ={u:d(u,v) =k},
where d(u,v) measures the shortest distance between u# and v.
MixHop [110] demonstrates that utilizing multi-hop neighbors
provides a wider class of representations. The extension of message
passing to multi-hops can be formulated as:

k
rh = AGG(AY Y vy e | Ny, (k=0,1,2),

q=0
o O D O
h;” = CONCAT(r; . 1717, 5),

where CONCAT denotes the column-wise combination. The arbitrary
combinations can be learned to model more complex patterns, such
as graph heterophily. Similar to Mixhop, Ho GCN [20] considers 2-
hop message passing, and utilizes the combination of intermediate
representations:

) = AGG({hg."” v € Nk, (k=0,1,2),

" = concatrd, ", 1),

hi = CONCAT(A”, (" ).
Both Mixhop and H2 GCN utilize CONCAT operation to separate the
ego and neighbor representations, which has been proven to be
indeed helpful under heterophily [53]. H>GCN
emphasizes the 2-hop neighbors, and demonstrates that 2-hop

Particularly,

neighborhood for a node is always homophily-dominant. Cavallo
et al. [56] also find that 2-hop Neighbor Class Similarity (2NCS)
correlates with GNN performance more strongly. U-GCN [111]
discovers that 1-hop, ANN and 2-hop neighbors are more suitable as
neighborhoods in networks with complete homophily, randomness
and complete heterophily, respectively. To extract information from
different neighborhoods, U-GCN performs a multi-type convolution
based on attention mechanism. Moreover, FSGNN [112] employs the
softmax operation to regularize messages from different hops, and
HP-GNN [113] designs a memory unit to retain multi-hop
information. DFI-GCN [114] extracts multi-hop interactions between
different features via Newton’s identities, and MIGNN [115] utilizes
the mutual information to model the dependence between nodes
within k-hop neighbors.

5.2.2 Tree-structure view
Another line of utilizing high-order neighbors is to model the
neighborhood as a tree structure. For example, TDGNN [116] views
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higher-order neighborhoods as tree structures to provide insights into
addressing heterophily. Ordered-GNN [117] emphasizes the orders
of tree structure, integrates inductive bias from rooted-tree hierarchy,
and encodes neighbors at some orders. This method prevents the
mixing of node features within hops, leading to superior performance
on both heterophilic and homophilic graphs.

5.2.3 Path-based view

High-order neighborhoods can similarly be transformed into a
multitude of paths. PathNet [118] first sheds light on path-level
patterns, which explicitly reflect rich semantic and structural
information on graphs. This work proposes a novel path aggregation
strategy with path sampling, and designs a structure-aware cell for
path-level aggregation. PathMLP [119] designs a similarity-based
path sampling, encodes path-level messages through simple
transformation and concatenation, and performs adaptive path
aggregation. Similarly, RAW-GNN [63] employs Breadth-First
Search (BFS) and Depth-First Search (DFS) views to model graph
homophily and heterophily patterns. After obtaining BFS and DFS
paths, RAW-GNN utilizes RNN to encode each path and learns the
path-level attention for aggregation.

5.2.4 Discussion

Obviously, in a larger neighborhood with nodes containing rich
information, fully utilizing higher-order neighbors can enhance
model performance. However, selecting an appropriate high-order
neighborhood size remains challenging: a larger neighborhood
increases computational costs, while a smaller one may not
adequately address the heterophily issue. While empirical results
suggest that a 2-hop neighborhood might be suitable [20,56,111], this
does not guarantee applicability in complex real-world scenarios.

5.3 Exploring global homophily

Since local heterophily has a negative impact on GNNs, another
approach is to explore homophily globally. Generally, we can
introduce a potential neighbor set Np:

Np ={u: sim(u,v) > p},
where p is a threshold, and sim(-) is a similarity function that can be
implemented based on feature, structure or other metrics. In this way,
we extend the neighbor set in Eq. (1) from a global perspective to
mitigate the heterophily issue.

5.3.1 Pre-computed extension
A straightforward approach is to extend the neighbor set through pre-
computation.

—Feature similarity. Globally exploring homophily based on feature
is the most widely adopted approach. Here, sim(-) is implemented
by dot product or cosine similarity, and the similarity matrix can be
pre-computed as:

Ty
X; Xj

llxill o1l
We can choose £ Nearest Neighbors (KNN) for each node as the
potential neighbor set. For example, SimP-GCN [120] and U-GCN

Sij=cos(xj,x;) =

[111] adaptively combine information from the original graph and
kNN feature graph, and find this simple method achieves good
performance under heterophilic setting.

—Structure Similarity. Structure-based methods place emphasis on
using graph structure to discover global neighbors. Typically, Geom-
GCN [50] uses three structural metrics: Isomap [204], Poincare
[205], and Struc2Vec [206], to implement sim(-), and maps nodes to
latent spaces for geometric relation mining. Neighbors that conform
to the geometric relationships also participate in the message passing.
WRGNN [121] takes the degree sequence of neighbors as the metric
to construct a multi-relational graph. Message passing on this
computation graph breaks the limit of local assortative and facilitates
global integration.

—Mixtures. It is also feasible to simultaneously utilize feature and
structure for neighbor extension. For example, NSGCN [122]
computes the common neighbors distribution and feature similarity
for extension, while NDGCN [123] further considers the higher-order
neighborhood distribution. MVGFN [124] defines the semantic kNN
neighbors based on feature similarity and the structural kNN
neighbors based on embedding algorithms, such as diffusion process
[194] and node2vec [207]. Combined with 1-hop and 2-hop
neighbors, MVGFN aggregates hybrid information from these
neighbor sets and introduces a multi-view fusion framework.

5.3.2 Affinity learning

While pre-computed extension is available, exploring global
homophily through learning offers more flexibility. Generally, this
type of methods learn an affinity matrix to model global relationships

and guide message passing.

—Latent space similarity. Considering the computation cost, an
intuitive idea is to map nodes to the latent space to explore global
homophily. For example, NL-GNN [125] directly utilizes the GNNs
to embed nodes, and GPNN [126] leverages the Pointer Networks
[208] to obtain node embeddings. After that, both of them compute
the affinity matrix based on embeddings through attention, and then
perform non-local aggregation. Similar approach are also applied in
DC-GNN [127] and Deformable-GCN [128] to combat the graph
heterophily issue.

—Compatibility matrix. Some studies introduce the compatibility
matrix [129] to boost homophily mining. Compatibility matrix
models the connection probability of nodes between classes, which
can be transformed into an affinity matrix to guide message passing.
CPGNN [129] first incorporates the compatibility matrix into GNNs,
and designs the compatibility-guided propagation. CLP [130] learns
the class compatibility matrix and generalizes label propagation to
accommodate the heterophily assumption. CMGNN [131] revisits the
message passing under heterophily, reformulates them into an unified
framework, and reveals that enhancing the class compatibility matrix
is the key to heterophily-specific GNNs. Moreover, LRGNN [209]
extends the compatibility matrix to a signed global relationship
matrix, and reformulates the matrix prediction into a low-rank
approximation problem.
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—Decoupled scheme. Another way to model the affinity matrix is by
decoupling the structure and feature. Typically, GloGNN [132] uses
MLPs to map the node feature and adjacency matrix into feature and
topology views separately, and further fuses them with a term
weight. After decoupling, GloGNN aggregates information from
global nodes and designs an acceleration strategy to avoid the
quadratic time complexity. HOG-GCN [97], BM-GCN [133], and
LG-GNN [134] follow GloGNN and perform the decoupled scheme.
Specifically, HOG-GCN applies label propagation to enhance
topology view, BM-GCN introduces block modeling-guided
propagation and LG-GNN integrates SimRank [210] and ListNet loss
[211] to enhance two views. Further, SIMGA [135] and INGNN
[136] theoretically proves that decoupled strategy is effective in
discovering global relationship and grouping similar nodes under
graph heterophily.

5.3.3 Discussion

We acknowledge that global computation significantly boosts model
performance on heterophilic graphs but incurs higher computational
costs. It is worth investigating whether global neighbors are
necessary and if exploring global homophily could have negative
effects. For fully connected graphs, Transformer-based models seem
more suitable, raising questions about whether GNNs are the optimal
choice for exploring global homophily.

5.4 Discriminative message passing

Besides the above methods, heterophilic information in local
neighborhood is also worth consideration. We can adopt the
discriminative mechanism to retain useful information and filter
noisy messages.

5.4.1 Signed message passing

Aggregation weights in message passing are typically set positive,
limiting the capture of heterophily patterns. To this end, FAGCN
[137] first allows the aggregation weights in message passing to be
negative to accommodate graph heterophily. SAGNN [138] and
SADE-GCN [139] regularize the weights and restrict the range to
[-1,1], while GGCN [140] approximates the sign function with
cosine similarity. Choi et al. [141] pointed that signed messages
escalate the inconsistency between neighbors and increase the
uncertainty in predictions. Therefore, they proposed to adpot
calibration for signed GNNs to reduce uncertainty. Further, Liang
et al. [142] proposed that signed message passing has limitations:
undesirable representation update for multi-hop neighbors and
vulnerability against over-smoothing. To address these issues, they
proposed the M2M-GNN and the core idea is to ensure that
heterophilic node representations are not intertwined.

5.4.2 Directed message passing

Edge directionality is often overlooked in graph learning, yet recent
studies have shown that directed message passing can alleviate
heterophily issues. AMUD [143] investigates the impact of directed
topology in graph heterophily, and offers modeling guidance for
digraphs from a statistical perspective. GNNDLD [144] integrates
edge directionality into heterophily-specific models, and highlights
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that this simple concept can significantly boost performance. Koke
et al. [146] integrated spectral filters with digraphs and propose
directed spectral convolution with detailed analysis from the
frequency perspective. CGCN [147] introduces a new Laplacian
formulation for digraphs, and leverages the path asymmetry to
address graph heterophily. Rossi et al. [145] observed that edge
directionality substantially increases its effective homophily under
heterophily, while posing negligible impact on homophilic graphs.
Inspired by this, they introduced Dir-GNN to separate aggregations
for directed edges, and proved that Dir-GNN is more expressive than
vanilla GNNS.

5.4.3 Gating mechanism

Designing gating mechanisms for heterophily in message passing is
highly flexible, and can be applied within node neighborhoods,
between model layers, and even at the attribute level.

—Neighborhood gating. GBK-GNN [148] first proposes to use bi-
kernel gated mechanism to capture homophily and heterophily,
respectively. Through gate selection for neighbor aggregation, GBK-
GNN can theoretically enhance the discriminative ability for
heterophily. NH-GCN [60] introduces Neighborhood Homophily
(NH) and designs a NH-based gating mechanism to separate
neighbors into dual channels with channel-specific weights. HES
[149] proposes the Snowflake Hypothesis [212] underpinning the
concept of “one node, one receptive field”, and establishes the gates
for nodes to filter out local heterophilic message.

—Layer gating. Apart from filtering heterophilic neighbors, gating
mechanism can also be used to customize personalized aggregation
between GNN layers. For example, PriPro [150] designs the gating
mechanism between GNN layers to adaptively integrate or discard
inter-layer information for each node, implicitly leveraging higher-
order relations to address the heterophily issue. Following PriPro, the
similar idea of customizing personalized receptive field has also been
applied in GNN-AS [151].

—Attribute gating. At a finer granularity, DMP [62] sets dimension-
level gates on the node representations and calibrates the propagation
of each attribute, thereby enhancing the discriminative ability for
heterophily. Moreover, HA-GAT [152] designs the edge preference
matrix to enhance the heterophily-aware aggregation at the attribute
level.

—Advanced gating. Meanwhile, we also observe that some studies
have utilized more advanced gating mechanisms. Considering that
graph learning may benefit from different propagation rates, Rusch
et al. [153] proposed a multi-rate message gating scheme called G2
that leverages graph gradients to ameliorate the heterophily issue.
Inspired by interactions, Co-GNN [154] proposes a
cooperative framework where each node is viewed as a dynamic
player. Co-GNN endows nodes with four states: Standard, Listen,
Broadcast and Isolate, allowing nodes to choose whether to receive
or broadcast messages. This advanced gating mechanism can better
capture heterophilic patterns, and allows the exploration of typical
topology while learning.

social
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5.4.4 Discussion

Overall, signed propagation, directed propagation, and various gating
mechanisms can be seen as enhancements to the message passing
mechanism. They still adhere to the message passing mechanism, and
inevitably encounter issues such as over-smoothing, over-squashing,
and the graph heterophily issue. Future research should focus on
whether to improve model architectures to adapt to various scenarios
or to develop a sufficiently powerful model that can handle diverse
and complex data, such as graph heterophily.

5.5 Graph transformers

Due to the attention mechanism, this powerful architecture, Graph
Transformer (GT), is considered to have inherent advantages in
addressing heterophily issue.

1) Polynomial view. Spectral GNNs utilize polynomial bases to

approximate graph convolution and demonstrate powerful
capabilities on heterophilic graphs. Inspired by that, PolyFormer
[155] defines the polynomial token to perform node-wise filtering,
and then designs the global attention mechanism for polynomial
tokens to balance node-specific and global patterns. PolyNormer
[156] introduces the first polynomial-expressive GT, where graph
topology and node features are integrated into polynomial
coefficients separately. With a linear local-to-global attention
scheme, PolyNormer can learn high-degree equivariant polynomials

and perform well under both homophily and heterophily settings.

2) Signed attention. Due to the inherent positive attention, the self-
attention mechanism of GTs fails to capture high-frequency signals
on graphs. To this end, SignGT [157] extends self-attention to a
signed version and utilizes multi-hop topology to maintain local
structural bias. The same concept has also been extended to the field
of recommender systems, improved as SIGformer [158].

3) Mitigate over-globalization. While global attention partially
addresses heterophily, massive distant nodes inevitably divert
significant attention, regardless of actual relevance. To this end,
Coarformer [159] downsamples the graph by grouping nodes into a
less number of super-nodes, and then explore interactions of super-
nodes and capture coarse but long-range dependencies. Similarly,
Gapformer [160] introduces graph pooling to mitigate the influx of
irrelevance, LGMformer [161] adopts the K-Mean method, and
VCR-Graphormer [162] the
information and rewires graphs using virtual connections and super-

specifically encodes heterophilic

nodes. Xing et al. [163] explored whether global attention benefits
GTs,
CobFormer to mitigate this issue while retaining the ability to extract

revealing the over-globalizing problem. They proposed

valuable information from distant interactions.

4) Token sequence. This category of GTs samples a token sequence
for each node as input, implicitly leveraging multi-hop neighbor
information. For example, ANS-GT [164] samples the token
sequence from 1-hop, 2-hop and ANN neighbors or based on
PageRank, and then formulates the sampling optimization as an
adversary bandit problem. NTFormer [165] samples node-wise and

neighborhood-wise token sequences from attribute and topology
perspectives, and then uses a Transformer-based backbone with an

adaptive fusion module to learn final node representations.

5) PEs and SEs. Due to the inherent global mechanism, GTs treat
inputs as fully connected graphs, making PEs and SEs crucial for
supplementing structure information, especially under heterophilic
settings.

—Positional encodings. Inspired by Katz index [213], DGT [128]
designs the learnable PE named Katz PE to improve the expressive
power of GTs by incorporating structural and semantic similarity.
MpFormer [166] introduces a novel PE called HeterPos, which uses
shortest path distances to define relative positions and captures
feature distinctions between ego-nodes and neighbors, facilitating the
incorporation of heterophilic information into GTs.

—Structural encodings. Apart from PEs, AGT [167] emphasizes the
importance of SEs, introducing learnable centrality encoding and
kernelized local structure encoding from node centrality and
subgraph perspectives. This framework addresses the gap in SEs for
learning from heterophilic graphs in GTs.

—Other explorations. To assess the effectiveness of PEs and SEs in
addressing heterophily, Muller et al. [168] benchmarked multiple
model variants with PEs and SEs on heterophilic datasets. They
concluded that PEs and SEs lead to significant performance gains,
while global attention only offers only minor improvements. Noting
the rich information conveyed by graph Laplacian, SpecFormer [169]
proposes the Laplacian eigenvalue encoding based on spectral theory.
DeGTA [170] identifies two primary challenges in existing GTs:
multi-view chaos and local-global chaos. It proposes a decoupled
model that clearly defines positional, structural, and attribute
information, as well as local and global interactions, integrating them
in a rational manner.

Compared to the message-passing mechanism, the global modeling
capability of the Transformer architecture offers a promising
approach to addressing heterophily. Although Transformers have
achieved significant success in NLP, questions remain about their
effective transfer to graph-structured data. Therefore, investigating
the relationship between GNNs and Transformers remains an
interesting topic [214-216]. Additionally, GTs require substantial
computational resources, and despite techniques to reduce
complexity, they still face challenges with large-scale graph.
Increasing parameters and computational load does not significantly
enhance modeling capabilities for both homophilic and heterophilic

patterns, which is a topic worth discussing.

5.6 Neural diffusion process

Intuitively, heat diffusion naturally corresponds to the message
passing in GNNs. Recent studies have revealed connections between
diffusion dynamics and message passing [217], leading to the
emergence of numerous neural diffusion GNNs [218]. Here, we
focus on neural diffusion methods to address graph heterophily.
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5.6.1 Non-smooth diffusion

Previous works [217,219,220] have extend the isotropic diffusion in
GCN [15] to anisotropic diffusion to enhance expressive power.
However, the heat diffusion mechanism remains susceptible to graph
heterophily issues. To this end, GIND [171] extends linear isotropic
diffusion to a expressive nonlinear version, thereby avoiding the
aggregation of noisy information from dissimilar neighbors. PDE-
GCN [172] employs an oscillation-based, non-smooth dynamical
system to enhance neural diffusion. Similarly, GraphCON [173]
considers a more general dynamics which combines a damped
oscillation with a coupling function. Non-smooth dynamics
approaches can, to some extent, alleviate over-smoothing and
demonstrate superior performance in addressing heterophily.

5.6.2 Diffusion with external forces

However, single dynamics like diffusion or oscillation may still be
limited in handling heterophily. In fact, we can enhance these
dynamics by explicitly introducing external forces, such as
convection, advection, and reaction. For example, CDE [174]
incorporates heterophily principles by modeling information flow on
nodes using convection-diffusion equation. Based on this, the
homophilic “diffusion” and heterophilic “convection” are effectively
combined to capture complex graph patterns. ACMP [175] further
incorporates Allen-Cahn reaction term [221] into neural diffusion,
forming a reaction-diffusion process. The reaction process in ACMP
is implemented by repulsive forces between nodes, which can be
interpreted as a negative diffusion coefficient. GREAD [176]
proposes a general reaction-diffusion framework which integrates
various dynamical processes, with reaction terms selected from
diverse domains. For instance, Fisher reaction [222] is used to
describe the spreading of biological populations; Zeldovich reaction
[223] is to describe the phenomena in combustion theory; Allen-
Cahn reaction [221] is also included in GREAD. ADR-GNN [177]
further incorporates an advection term into reaction-diffusion
process, forming advection-diffusion-reaction process. Moreover,
FLODE [178] proposes the fractional heat equation for modeling
anomalous diffusion. This framework, incorporating the fractional
Laplacian to capture non-local interactions and establish long-range
dependencies, is well-suited for heterophilic graphs. In summary,
these methods introduce external force terms into diffusion process,
acting conceptually as a high-pass filter to sharpen effects and
address heterophily.

5.6.3 Diffusion with modulators

Different from imposing external forces, modulating the diffusion
process, such as using a gating mechanism, can alleviate heterophily
issues to some extent. [218]. For example, G2 [153] proposes that
controlling diffusion speed can counteract over-smoothing and
address heterophily. Therefore, this framework explicitly introduces
a gating function to modulate neural diffusion. Similarly, EGLD
[179] introduces a dual-channel neural diffusion framework with
low-pass and high-pass filtering, and incorporates a dimension-level
gate to coordinate representations. In contrast to dimension-level
gating, MHKG [180] introduces a filter-level gating strategy based
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on the reverse heat kernel. Specifically, MHKG integrates high-pass
and low-pass filters into heat diffusion, controlling signal smoothing
and sharpening via filter gate weights. Moreover, A-GGN [181]
captures long-range dependencies between nodes by imposing
stability and conservation constraints via anti-symmetric weight
matrices in diffusion.

5.6.4 Other explorations

Here, we briefly outline relevant exploration works below. From the
perspective of higher-order geometries, some studies [182,183]
address heterophily through sheaf Laplacian [224] diffusion. Inspired
by quantum diffusion, QDC [184] proposes a graph convolution
kernel and improves message passing with quantum mechanics.
Giovanni et al. [185] attempted to understand graph convolution via
energies, and Zhang et al. [186] explored steering GNNs with
pinning control [225]. Park et al. [226] found that the reverse of
diffusion process produces more distinguishable representations for
heterophilic  graphs. FGND [187] combines latent class
representation learning with graph topology to reconstruct the
diffusion matrix. From the macro perspective, Li et al. [188]
proposed a general diffusion framework that formally establishes the
relationship between the diffusion process and many classic GNNs.

5.6.5 Discussion

Viewing graph message passing as a dynamical system provides a
unique modeling perspective, supported by physical theory, which
has propelled the development of GNNs. Currently, GNNs based on
neural diffusion begin to flourish, with more studies taking graph
heterophily into account. However, pitfalls of model stability and
robustness, gradient vanishing and explosion are still obstacles to
overcome in this field [218].

B 6 Advanced learning paradigms

With advancements in deep learning, real-world demands are driving
the emergence of paradigms beyond supervised learning. This section
explores self-supervised and prompt learning, which are hot topics
across various research fields.

6.1 Self-supervised learning

Supervised has achieved

remarkable success as listed above. However, it requires a amount of

learning from heterophilic graphs

labeled data for training, resulting in high annotation costs. Recently,
Self-Supervised Learning (SSL) [45,227-229] has emerged as a
novel paradigm for learning from heterophilic graphs. In general,
graph SSL follow the encoder-decoder framework [45]. Given the
GNN encoder fp parameterized by 6 and pretext decoder pg
parameterized by ¢, the graph SSL loss can be formulated as:

9*’¢* ZaI‘gHgleHLSSL<fH’P¢,g)a (2)

where Lgss1, regularizes the output of pretext without supervison. For
specific downstream, we can introduce a downstream decoder gy
parameterized by i, and then formulate the downstream task as a
supervised learning task:

kR . N Y
ZAN T/ argg}}.?‘ﬁsup(fﬁ .4y, G, ),
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where Y denotes downstream task labels and Lsup is the supervised
loss. Typically, SSL for heterophilic graphs primarily includes two
forms: Contrastive Learning and Graph Auto-Encoders.

6.1.1 Contrastive Learning

Graph Contrastive Learning (GCL) is one of the most extensively
studied SSL methods [230,231]. Its core idea is to bring positive
samples closer and push negative samples further apart in the latent
space. For GCL, Eq. (32) can be reformulated as:

0",¢" = argngiﬁn LssL (P¢(f9(§l),f9(§2))),

where G! and Qz are different views of G, the pretext decoder py
indicate the discriminator that esimates the agreement between two
instances (e.g., the bilinear function or the dot product). However,
most GCL methods follow the homophily assumption [232], limiting
the applicability to heterophilic scenarios. Therefore, some GCL
works have focused on learning from graphs with heterophily.

—Spectral filters. Given the success of spectral filters in supervised
learning, HLCL [233] extends this powerful tool to GCL. This
framework identifies homophilic and heterophilic views based on
feature similarity, and customizes a corresponding filter for each
view. After dual-view contrast, HLCL then uses the homophilic
branch as the final output. GREET [234] employs an edge
discriminator to distinguish heterophilic and homophilous edges, and
performs dual-view contrast through low-pass and high-pass filters.
To jointly learn edge distinction and node representations, it
introduces an alternating training strategy for iterative optimization.
Moreover, PolyGCL [235] explores the expressive power of various
polynomial spectral filters in GCL, and integrates low-frequency and
high-frequency information through linear combination.

—Data augmentation. Data augmentation has proven effective in
enhancing GCL performance [232,236-238]. However, simple
random augmentation on heterophilic graphs does not effectively
enhance GCL, necessitating more advanced augmentation strategies.
SimGCL [239] computes feature similarity and local feature
assortativity [62] to perform pre-computed augmentation, while
HGRL [240] introduces structural learning augmentation based on
feature similarity. HeterGCL [241] proposes that random structure
augmentation can lead to topology destruction. It introduces an
adaptive aggregation strategy to connect high-order neighbors and
explores structural information using an local-to-global contrastive
loss. GASSER [242] injects perturbations into specific spectral
frequencies, with edge selection guided by spectral hints. This
augmentation technique is adaptive, controllable, and heuristically
fits homophily ratios and spectrum. However, some methods
question the necessity of data augmentation. For example, SP-GCL
[243], AF-GCL [244], and GraphACL [55] propose augmentation-
GCL architectures, the necessity of data
augmentation. Whether data augmentation is necessary and how to

free questioning

conduct it under heterophily remain topics worth exploring.

—Multi-view contrast. Due to graph heterophily, constructing

multiple views in GCL to capture different hierarchical aspects of

graphs is one solution. Khan et al. [245] employ diffusion wavelets
[246] to create augmented-view graphs, and utilize a multi-view
contrast for learning invariant representations. Diffusion wavelet
filters capture the band-pass response of graph signals, explicitly
highlighting higher-order information. Realizing the importance of
node attributes in heterophilic graphs, MUSE [247] constructs
semantic and contextual views to capture ego node and neighborhood
information. Rather than simply combining views, MUSE fuses dual-
significantly

view representations using a fusion controller,

enhancing performance by emphasizing semantic information.

—Capture monophily. Monophily is a common phenomenon in real-
world graphs, for example, the attributes of a node’s friends tend to
be similar to the attributes of that node’s other friends [248].
Intuitively, monophily describes the two-hop neighbor similarity.
Inspired by this, GraphACL [55] presents a asymmetric contrastive
framework, and proves that the asymmetric design can capture one-
hop neighborhood context and monophily patterns. Based on
GraphACL, a efficient version named GraphECL [249] has been
proposed for fast inference. S3GCL [250] introduces a parameterized
Chebysheyv filters to enhance GCL, and establishes a cross-pass GCL
objective between full-pass and biased-pass filters. Similar to
GraphACL, S3GCL treats neighboring nodes as positive pairs,
eliminates random augmentation, and captures monophily patterns
beyond the homophily assumption.

—Homophily enhanchment. Given that heterophily can limit GCL
performance, we consider enhancing homophily to address this issue.
NeCo [251] demonstrates that intra-class edges impact GCL
performance. To address this, it integrates the positive neighbor
sampling and homophily discrimination into a unified framework. By
removing inter-class edges and enhancing homophily during training,
GCL performance can be improved on both heterophilic and
homophilic graphs. HomoGCL [252] introduces soft clustering to
discover potential positive and negative samples from neighbors.
HEATS [253] and ROSEN [254] both learn an affinity matrix in an
unsupervised manner to capture global homophily beyond local
affinity. Therefore, how to measure graph heterophily without
supervision will be an interesting topic.

—Alleviate ambiguity. Research indicates that GNNs can produce
ambiguous node representations due to neighborhood aggregation,
particularly in heterophilic graphs [61,140]. DisamGCL [255] first
combines the heterophily issue with the ambiguity of GNNs, and
proposes that disambiguation can enhance GNNs in heterophilic
scenarios. It introduces a memory cell to identify ambiguous nodes
and disambiguates them using contrastive learning.

6.1.2 Graph auto-encoders

One objective of Graph Auto-Encoder (GAE) is to obtain low-
dimensional embeddings via graph reconstruction for subsequent
tasks. In such a case, Eq. (32) can be further derived as:

0".¢" = argmin Lss1 (ps(G)).G).

where the reconstruction target can be node features, graph structure,
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or both simultaneously. Existing GAEs are primarily designed to
reconstruct direct links [256,257], implicitly following the homophily
assumption and performing poorly on heterophilic graphs. Given that
link reconstruction is less effective under heterophily, SELENE
[258], MVGE [259], and AGCN [260] reconstruct node attributes
and network structure simultaneously to adapt GAEs for heterophilic
graphs. Moreover, PairE [261] introduces aggregated feature and
assortativity versus reconstruction as extra pretexts to retain high-
frequency signals. NWR-GAE [262] addresses the information loss
link
downstream task performance. It introduces a graph decoder to

from oversimplified reconstruction, which can degrade
reconstruct both proximity and structure through Neighborhood
Wasserstein Reconstruction (NWR). By considering proximity,
structure, and feature information, NWR-GAE excels in heterophilic
settings. Recently, many studies attempt to combine GAE with GCL
for more powerful SSL models [263-266]. However, these efforts are
mostly limited to homophilic scenarios, overlooking heterophily.
Integrating learning from heterophilic graphs into SSL approaches is
a direction worth exploring.

6.1.3 Others

Xiao et al. [267] proposed that the semantic structure of graph can be
decoupled into latent variables that capture different aspects,
including attribute, label, and link patterns. They introduce a
Decoupled Self-Supervised Learning (DSSL) framework, and models
the generative process of nodes and links through latent variable,
decoupling diverse semantics in neighborhoods into SSL process. By
decoupling local neighborhood contexts, DSSL operates without
relying on graph augmentations or downstream labels, effectively
handling graph heterophily.

6.2 Prompt learning

Originating from NLP, the “pre-training, prompt-tuning” paradigm
[48] reformulates various downstream tasks into a unified template,
and designs specific prompts for downstream adaptation. Given a
pre-trained GNN encoder fy and a prompted adapter gy, prompt
learning for downstream tasks can be formulate as:

lﬁ* = al'gm"[}n-ﬁprompt(fﬁ’ 9y Gg.Y),

where the pre-trained fy is frozen, and gy is composed of light-
weight parameters. Free from fine-tuning, prompt learning fully
unleashes the potential of pre-trained models, where adjusting only a
few parameters can achieve excellent results, even the supervisons of
specific tasks is limited. Inspired by the success of prompt learning in
NLP [26,268] and CV [269,270], the graph domain is beginning to
shift the focus towards the “pre-training, prompting” paradigm
[271,272].

Since prompt learning in the graph domain is still in its early
stages, we begin by surveying existing advancements.

—Unified frameworks. The core of prompt learning is the unified task
framework, which prevents “negative transfer” [273] between pre-
training pretexts and downstream tasks. GPPT [274] first introduces
prompt learning into graph learning, and presents a unified prompt
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framework based on link prediction. Following GPPT, GraphPrompt
[275,276] and Prodigy [277] adopt the unified template based on
subgraph similarity calculation. SGL-PT [278] packages various
graph tasks as node generation, while ProG [279,280] reformulates
tasks at different levels to graph level and introduces meta-learning
to boost multi-task learning. Additionally, OFA [281] aims to
provide a general solution for building and training a foundation
GNN model with in-context learning ability across domains.

—Prompt strategies. In addition to unified frameworks, some studies
focus on designing prompt adapters specifically tailored to graph
data. For example, GPF [282] injects learnable perturbations into
feature space to adapt the pre-trained model to certain downstream
tasks. VNT [283] inserts a set of virtual nodes into the input as
prompt, while ProG [279,280] and SUPT [284] introduce virtual
prompt graphs. GraphPrompt [275,276] utilizes prompt tokens to
efficiently adjust model outputs, and MultiGPrompt [285] designs
multiple pretext tokens to avoid negative influence of multi-tasks.
Other works, including GSPF [286], IGAP [287], ULTRA-DP [288],
and TGPT [289] aim to design prompts from diverse perspectives to
better match downstream tasks.

—Various extensions. Recognizing the powerful capabilities of graph
prompt learning, related extensions have emerged in both the graph
domain and other fields. Considering heterogeneous relations in
graphs, HetGPT [290] and HGPrompt [291] focus on harnessing
prompt tuning in pre-trained heterogeneous GNNs. To model
dynamic relations in graphs, DyGPrompt [292] introduces a
prompting learning framework for dynamic graphs. Krait [293]
reveals that backdoor disguise can benignly affect graph prompts,
and CrossBA [294] investigates backdoor attacks in cross-context
graph prompts. Not only limited to the graph domain, graph
prompting techniques are making significant progress in fields such
as drug prediction [295], text-attribute graphs [281,296-299], urban
computing [300] and recommendation systems [301].

Despite the flourishing development of graph prompt learning,
little work has focused on the impact of graph heterophily. Self-Pro
[302] first pays attention to the heterophily issue in graph prompt. To
accommodate heterophilic graphs, Self-Pro introduces asymmetric
graph contrastive learning [55] for pre-training, and unifies the
pretext and downstream tasks to avoid negative knowledge transfer
[273]. Through self-adapter and semantic prompt injection, Self-Pro
performs well in few-shot settings without additional parameters.
ProNoG [303] revisits existing pre-training methods on heterophilic
graphs and introduces some non-homophily pre-training methods.
For downstream adaptation, it proposes the condition-net [304] to
generate a series of prompts conditioned on heterophilic patterns.
From structural perspective, PSP [305] introduces virtual nodes in
the prompting phase, enabling downstream tasks to benefit from
topological patterns. By decoupling node attributes from structure
[51] during the pre-training phase, PSP can to some extent address
the heterophily issue.

B 7 Broader topics

Alongside GNN models and learning paradigms, extensible topics
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related to heterophilic graphs warrant attention. In this section, we
introduce broader topics to expand the research perspective.

7.1 Diversified learning tasks

Graph tasks can generally be categorized into three classes: node-
level, edge-level, and graph-level. Most heterophilic graph studies
focuse on the node-level tasks, particularly node classification. With
growing attention to heterophily, researchers are exploring the
potential of other tasks.

7.1.1 Node clustering

Node clustering involves grouping similar nodes into the same
category and dissimilar nodes into different categories in an
unsupervised manner [306]. Deep graph learning has facilitated the
development of numerous advanced graph clustering methods
[256,307-309]. Similar to node classification, graph heterophily in
node clustering has also drawn attention.

—Spectral filters. Spectral graph filters have demonstrated the strong
capabilities in heterophilic scenarios. To capture heterophily patterns,
CGC [310] automatically learns suitable filters for node clustering in
heterophilic settings, extracting comprehensive information beyond
low-frequency components. Moreover, AHGFC [311] designs a
hybrid filter based on joint aggregation with node features and
adjacency relationships to make low and high-frequency signals on
graphs more distinguishable.

—Advanced reconstruction. Under unsupervised settings, most
methods use GAEs to obtain node embeddings for clustering. Given
the complex link patterns, reconstructing only structural links is
insufficient. Therefore, many methods attempt to employ advanced
reconstruction techniques. For example, DGCN [312] uses dual
encoders to separately map node feature and structure into low-
dimensional spaces, and then fuses them for feature reconstruction.
SELENE [258] restructures both node attributes and graph structure,
and utilizes a dual-view contrast to enhance the discrimination of
inter-class nodes. PFGC [313] notes that potential homophily may
exist in multi-hop neighborhoods, suggesting the reconstruction of
high-order topology. PLCSR [314]
contrastive learning to enhance GAEs for node clustering in

integrates curriculum and

heterophilic graphs.

—Homophily enhancement. From a data-centric perspective, HoLe
[315] observes that enhancing graph homophily can significantly
improve node clustering. Therefore, it proposes a structure
homophily-enhanced method that removes inter-class edges or adds
intra-class edges, allowing structure learning and node clustering to

mutually reinforce each other.

7.1.2 Link prediction

The target of link prediction is to infer missing links or predict
potential links based on the input graphs [316]. GNN-based link
prediction methods have achieved state-of-the-art performance
[256,257,317-319], but most assume graph homophily, overlooking
potentially complex patterns. Zhou et al. [320] first introduced link
prediction to heterophilic graphs, proposing that connected nodes

with low feature similarity may share similarities in latent factors.
They proposed the DisenLink framework to model heterophilic
patterns by disentangled views, and learn representations by edge
factor discovery and factor-aware message passing. Sharing the same
topic, GRAFF-LP [321] introduces GRAFF [185], a physics-inspired
GNN, to enhance link prediction under heterophily with physics
biases in message passing. Zhu et al. [322] analyzed how different
link prediction encoders and decoders adapt to varying levels of
heterophily, and highlights the importance of adopting learnable
decoders with ego and neighbor representation separation for link
prediction beyond homophily.

7.1.3 Graph classification

In addition to node-level tasks, such as graph classification, are
closely related to heterophily. Unlike node-level tasks, graph
classification requires adaptation to graphs with varying homophily
ratios. Therefore, uniform aggregation and simple readout functions,
such as sum, ignore graph heterophily, leading to performance
degradation [323]. Inspire by H2GCN [20], IHGNN [323] separates
the ego and neighbor representation and designs an adaptive
aggregation strategy for different layers. For graphs with varying
homophily ratios, IHGNN designs a graph-level readout function to
reorganize nodes within graphs and align them across graphs. To
verify the impact of heterophily on graph classification, Ding et al.
[324] applied spectral GNNs to molecular and protein datasets, and
found that FAGCN [137] and ChebNet [196] outperform vanilla
GCN, indicating the importance of high-frequency signals.

7.2 Model scalability

When addressing heterophily, large-scale graphs inevitably pose
challenges, making it urgent to enhance model scalability. We
categorize existing methods into two types based on architecture:
Message Passing Framework and Graph Transformer.

7.2.1 Message passing framework

The early model LINKX [52] separately embeds the adjacency and
using MLPs, them through
concatenation. This simple method enables mini-batch training and

feature matrices and combines
inference, demonstrating good performance on large-scale
heterophilic datasets. Based on LINX, GLINX [325] adds PEs and
monophilous propagation for further improvement. LD2 [326]
generates node embeddings from the adjacency and feature matrices
through pre-computation, and then applies multi-hop discriminative
propagation. Theoretical and empirical results shows that LD2 has a
time complexity O(N), linear to the number of nodes. HopGNN
[327] pre-computes
interactions between multi-hops, fully utilizing high-order neighbors
to generalize under heterophily. AGS-GNN [328] introduces an
attribute-guided sampling strategy to scale. Specifically, it selects
neighbor subsets based on feature similarity and diversity with pre-

neighborhood information and models

computed sampling distribution. Through neighbor pruning and
group aggregation, AGS-GNN performs well on both homophilic and
heterophilic graphs with desired scalability.

7.2.2 Graph transformer
One challenge for GTs is the scalability issue due to quadratic
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complexity, which is prohibitive for large graphs. NodeFormer [329]
introduces the kernelized Gumbel-Softmax to reduce the complexity
of all-pair message passing to linear. Thanks to efficient propagation
demonstrates its

between arbitrary node pairs, NodeFormer

promising potential for tackling heterophily, long-range
dependencies and large-scale graphs. Inspired by neural diffusion,
DifFormer [330] elucidates the relationship between energy-driven
diffusion and GTs. This diffusion-based Transformer also computes
pairwise diffusivity with quadratic complexity. To address this, an
acceleration strategy via state updating is proposed, reducing the
complexity to linear. SGFormer [331] modifies the multi-head
attention in GTs to a single-layer and single-head version. Combined
with a simple local propagation, SGFormer retains the necessary
expressiveness without PEs or SEs, data pre-processing, or extra loss
functions. GOAT [332] introduces dimension reduction based on
EMA K-Means, and proves that this approximate has bounded error
compared to global attention. Moreover, SpikeGraphormer [333]
integrates Spiking Neural Networks (SNNs) [334,335] into GTs,
enabling all-pair node interactions on large-scale graphs with limited

GPU memory.

7.3 Adversarial attack and robustness

Studying adversarial attacks [336] and model robustness [337,338]
aids in understanding model principles, enhancing model
performance and credibility. Currently, the community of graph
learning is focusing on these topics, with heterophily as a primary

concern.

e Adversarial attacks. Recent studies [339,340] show that GNN's
are sensitive to adversarial attacks, where minor, intentionally
introduced changes in graph structure can lead to significant
performance degradation. Zhu et al. [341] first investigated
the relationship between graph heterophily and GNN
robustness against structural attacks. They found that on
homophilic graphs, effective structural attacks lead to

increased heterophily, whereas on heterophilic graphs, attacks

alter the homophily level contingent on node degrees.

Moreover, they proposed that separating ego and neighbor

representation can improve the robustness of GNNs against

adversarial attacks. Combining with spectral graph theory,

Huang et al. [342] designed a mid-pass filtering GCN model

named Mid-GCN, leveraging the robustness of middle-

frequency signals against adversarial attacks. NSPGNN [343]

employs low-pass and high-pass filters on ANN graphs to

enhance model robustness. Lei et al. [344] pointed out that
ignoring odd-hop neighbors improves the robustness of GNNs
and present EvenNet, a simple yet effective spectral GNN
based on even-polynomial filter. Qiu et al. [345] further
uncovered that the predominant vulnerability on heterophilic
graphs is caused by structural out of-distribution. Therefore,
they presented LHS, a framework that strengthens GNNs
against attacks by refining latent homophilic structures under
heterophily. Inspired by knowledge distillation [346], Deng

et al. [347] introduced the MLP-to-GNN distillation
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framework against structure attacks. It indicates that Prospect-
MLP corrects the wrong knowledge of Prospect-GNN
regardless of homophily ratios, endowing the adversarial
robustness.

e Resisting label noise. In addition to adversarial attacks, data
noise can also significantly degrade the generalization of
GNNSs. Cheng et al. [348] studied the impact of label noise in
the context of arbitrary heterophily, and found that a high
homophily rate can mitigate the effect of label noise on
GNNs. Therefore, they proposed the R2LP framework, and
iteratively performed graph reconstruction with homophily,
label propagation for noisy label refinement, and high-
confidence sampling over multi-rounds.

e Model privacy. The homophily assumption and message
passing of GNNs, combined with publicly available user
information, can provide adversaries with opportunities to
infer private attributes, leading to privacy breaches [349-351].
Therefore, developing privacy-preserving GNN models to
resist inference attacks is of significant importance. Yuan et
al. [352] investigated Graph Privacy Leakage via Structure
(GPS) and introduced heterophily metrics to quantify privacy
breach risks. To counter privacy attacks, they proposed a
graph data publishing method with learnable graph sampling,
making sampled graphs suitable for publication. Moreover,
other recent privacy-preserving methods [353,354] also focus
on addressing graph heterophily.

e Model fairness. Unfortunately, the homophily assumption fails
to account for local deviations where unfairness may impact
certain groups, potentially amplifying unfairness [355,356].
Loveland et al. [357] first considered graph heterophily to
improve model fairness, and demonstrate that heterophily-
specific GNNs can address disassortative group labels and
promote fairness in graphs.

7.4 Graph structure learning

Recent studies have sparked efforts in Graph Structure Learning
(GSL), aiming to jointly learn an optimized graph structure and
corresponding node representations for downstream tasks [358].
Heterophily introduces complex link patterns in graphs, posing
significant challenges to GSL and attracting considerable attention.

e Edge discriminator. Identifying heterophilic or noisy edges in
GSL has been shown to enhance model performance [359]. A
natural approach is to train a discriminatior to distinguish
heterophilic edges. For example, DC-GNN [360] introduces a
learnable edge classifier to transform the original heterophilic
graph into its corresponding homophilic counterpart. GNN-
SATA [361] designs an edge discriminator to dynamically
remove or add edges, enhancing the GNN's performance on
heterophilic graphs. Moreover, ECG-GNN [362] builds an
edge discriminator based on the pre-trained representations,
and selects top-k neighbors to form a complementary graph.
Parallel message passing on both original and new structures
benefits downstream tasks and structural optimization.
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e Dual views. A dual-view model, another GSL approach to
address heterophily, decouples the input graph into homophily
and heterophily views for further analysis. For example,
GOAL [363] proposes to reconstruct graphs into dual views to
complement each other. It first groups intra-class nodes
together, ranks them based on feature similarity, and
introduces a complemented aggregation strategy. Similarly,
ATL [364] decomposes the graph into two components and
This
framework can adaptively filter and modulate complex graph

extracts complementary graph signals. dual-view
signals, which is critical to address heterophilic patterns.

e Neighborhood similarity. To better characterize heterophily in
GSL, it is

neighborhood patterns for graph rewiring. DHGR [365]

necessary to comprehensively consider
introduces two metrics: Neighborhood Feature Distribution
and Neighborhood Label Distribution, to identify edge
polarity and further guide graph rewiring. Choi et al. [366]
proposed to measure the node similarity with local subgraphs
based on optimal transport, better adapting to heterophilic
graphs.

® Spectral clustering. Since spectral clustering [367] can capture
long-range dependencies in graphs, some GSL methods use it
for graph rewiring. For example, GCN-SL [368] proposes an
efficient spectral clustering method to encode nodes, and
constructs an affinity matrix based on it. By combining the
affinity matrix with feature similarity, GCN-SL learns an
optimized structure that enhances downstream prediction
tasks. Moreover, Li et al. [59] constructed the adjacency
matrix based on the result of adaptive spectral clustering, with
the aim of maximizing the proposed homophilic scores.
Probabilistic modeling. Based on Bayesian Inference [369],
Wang et al. [370] introduced a Graph structure Estimation
Networks (GEN). In addition to observed links and node
GEN incorporates
information to reduce bias, and presents a model that jointly

features, high-order neighborhood
treats this multi-view information as observations of the
optimal graph. Moreover, L2A [371] uses a variational
likelihood

estimation for GNNs and optimal graph structure learning,

inference framework to perform maximum

improving applicability to heterophilic graphs.

Self-supervised manner. Requiring no extensive supervison,
self-supervised learning methods have become a popular
paradigm in GSL. GPS [372] estimates edge likelihood based
on self-supervised link prediction and rewires edges based on
reconstruction  uncertainty. SUBLIME [373] adpots
contrastive learning, while HES-GSL [374] introduces the
denoising auto-encoder [375] to obtain node representations.
Both methods then
homophily-enhanced self-supervision. Moreover, GSSC [376]

conduct structural learning with

applies structural sparsification to remove potentially

uninformative or heterophilic edges, and then performs
structural self-contrasting in the sparsified neighborhood.

Recently, many GSL benchmarks including

OpenGSL [70] and GSLB [377] have been released, attracting
widespread attention. These benchmarks include heterophilic graphs
and evaluate the performance of existing GSL methods, highlighting
graph heterophily as a hot topic in GSL.

B 8 Applications

Graph heterophily is prevalent in real-world graph structures and is
receiving increasing attention in application-level research. In this
section, we will explore practical applications and provide detailed
introductions.

8.1 Cyberspace security

Graph heterophily poses challenges for social network analysis in
social cyberspace but also offers significant potential for cyberspace
security, providing new insights and innovative approaches.

e Anomaly detection. The rich relations between normal and
abnormal objects can be modeled as graphs, giving rise to the Graph-
based Anomaly Detection (GAD). GAD faces challenges from graph
heterophily, where anomalies are often overshadowed by numerous
normal neighbors. Traditional GNNs, which smooth neighboring
nodes, can undermine the discriminative features of anomalies.

—Edge discrimination. Existing GAD methods suffer from
heterophily induced by hidden anomalies connected to numerous
benign nodes. Therefore, SparseGAD [378] introduces a framework
that sparsifies the graph structure to reduce noise and collaboratively
learns node representations. It retains strong homophilic and
heterophilic edges while removing irrelevant ones, then performs
heterophily-aware aggregation using GPR-GNN [91]. To capture the
information of anomalies, TA-Detector [379]

introduces a trust classier to distinguish between trust and distrust

discriminative

connections using label supervision. Meanwhile, GHRN [380]
proposes a label-aware edge indicator to compute the post-
aggregation similarity for pruning heterophilic edges. Moreover,
TAM [381] introduces an anomaly scoring measure, local node
affinity, to guide edge discrimination and iteratively removes
heterophilic edges. In addition to edge pruning, HedGe [382]
introduces a metric called class homophily variance, and emphasizes
that generating potential homophilic edges based on this metric can
enhance GAD performance.

—Spectral view. Tang et al. [383] rethoughted GAD from a spectral
view, observing that anomalies cause a “right-shift” phenomenon,
where spectral energy distribution concentrates less on low
frequencies and more on high frequencies. To this end, they proposed
the Beta Wavelet Graph Neural Network (BWGNN), which employs
spectral and spatial localized band-pass filters to address the “right-
shift” phenomenon. Moreover, AMNET [384] directly integrates
high-pass and low-pass filters to establish a multi-frequency filter
bank and utilizes the attention mechanism to combine them

adaptively.

—Self-supervised manner. Self-supervised learning methods, such as
GAE, can also be applied to GAD to address heterophily. For
example, MELON [385] explicitly models anomaly patterns and
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incorporates prior knowledge of various anomalies into an enhanced
data augmentation strategy. It then proposes a dual-channel graph
encoder with an edge discriminator and performs multi-view
contrastive learning. Roy et al. [386] explored the feasibility of
GAEs to GAD under heterophily, and find that existing GAEs excel
at detecting cluster-type structural anomalies but struggle with non-
cluster anomalies. Therefore, they proposed GAD-NR, an extension
of NWR-GAE [262], designed specifically for heterophily, to
enhance anomaly detection by leveraging its robust modeling
capabilities.

—Distribution shift. Gao et al. [387] observed that heterophily and
homophily distribution may shift between training and test data due
to time factors and annotation preferences, a phenomenon known as
structural distribution shift (SDS). Ignoring SDS can lead to poor
generalization in anomaly detection. To address this, they propose
the Graph Decomposition Network (GDN) with homophily guidance.

o Fraud detection. Fraud detection [388], widely used in financial, e-
commerce, and insurance industries, aims to detect users exhibiting
suspicious behaviors in the communication networks. Under the
Graph-based Fraud Detection (GFD) setting, fraud nodes tend to
interact with normal users, displaying heterophilic characteristics.
While GFD and GAD overlap to some extent, this survey
distinguishes between the two concepts and provides separate
introductions.

—Edge discrimination. Considering the heterophilic patterns in fraud
graphs, H2-FDetector [389] identifies homophilic and heterophilic
label
propagation strategy for heterophilic connections. Moreover, DRAG

connections based on supervision, and customizes a
[390] models inherent heterophily in graphs through different
relation types, and then performs a relation-attentive aggregation

strategy at the edge level.

—Group aggregation. Given that fraud graphs exhibit both homophily
and heterophily, exploring advanced aggregation techniques is
advisable to address this complexity. For example, GAGA [391]
introduces a Transformer-based method for fraud detection in multi-
relation graphs. To capture high-order information from distant
neighbors, GAGA segregates neighboring nodes into fraudulent,
benign, and unlabeled groups and performs group aggregation over
DGA-GNN
encoding for feature transformation, and designs a dynamic grouping

multi-hops. [392] employs decision tree binning
strategy to classify nodes into distinct groups for hierarchical
aggregation. Moreover, PMP [391] emphasizes that the key to GFD
is distinguishing inter-class neighbors rather than excluding them. It
utilizes label information to discriminate neighbors and customizes
distinct group aggregation.

—Spectral view. Another approach for GFD addresses graph
SplitGNN  [393]
the spectral distribution under varying degrees of

heterophily from graph spectral perspective.
analyzes
heterophily and observes that fraud nodes cause spectral energy to
shift from low-frequency to high-frequency. Therefore, it employs an

A survey on learning from graphs with heterophily: recent advances and future directions

edge classifier to split the edges, enhancing signal expressions across
different frequency bands, and uses flexible band-pass spectral filters
SEC-GFD [394]
decomposes the graph spectrum and performs complicated message

to learn node representations. Moreover,

passing based on frequency bands to improve GFD performance.

e Bot detection. Social bots are automated programs that simulate
human activities on social media, often used to spread false
[395-397],
These bots hide within social networks,

information [10], manipulate elections leading to
cybersecurity risks.
establishing heterophilic connections with normal users, which

challenges Graph-based Bot Detection (GBD).

—Edge discrimination. Interactions with real accounts lead to social
networks containing massive camouflaged, heterophilic, and
unreliable edges. To this end, HOVER [398] proposes that the key to
GBD is identifying and reducing these edges for alleviating graph
heterophily. HOVER prunes inter-class edges using heuristic criteria
and further proposes an oversampling strategy for GBD. SIRAN
[399]
connections to reduce neighbor noise, and enhance the capability to

combines relation discrimination with initial residual
distinguish different types of nodes in human-bot graphs. BothH
[400] constructs a combination graph integrating the original graph
and feature similarity graph, and uses an edge classifier to distinguish
heterophilic connections for message passing. Instead of removing
heterophilic edges, increasing graph homophily is also a feasible
approach. HOFA [401]

augmentation, adding homophilic edges based on representation

introduces homophily-oriented edge

similarity to mitigate the impact of heterophily.

—Spectral view. Rethinking GBD from the spectral view, existing
methods tend to focus on the low-frequency information while
neglecting the high-frequency information. To address this, MSGS
[402] proposes a multi-scale architecture using adaptive graph filters
to intelligently exploit the low-frequency and high-frequency graph
signals.

—Contrastive learning. Due to the label scarcity, graph contrastive
learning, a self-supervised learning paradigm has been extended to
the GBD scenario. BotSCL [403] employs data augmentation to
generate diverse graph views, and designs a channel-wise, attention-
free encoder to address heterophily. This framework leverages
valuable label supervision to guide the encoder in aggregating class-
specific information for GBD.

e Rumor detection. Rumors on social media pose an increasingly
critical cybersecurity issue, potentially threatening societies [404].
Thanks to deep graph learning, graph-based rumor detection has
recently garnered significant attention [404-406]. Real-world social
networks exhibit low homophily, making heterophily in rumor
graphs more challenging due to the involvement of diverse
modalities like users, posts, links, and hashtags. To handle multi-
modal heterophily, Nguyen et al. [407] proposed a Portable
Heterophilic Graph Aggregation for Rumor detection On Social
media (PHAROS). This framework generalizes direct relations into
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multi-hop and modality-aware aggregations, using a Graph
Transformer to explore global homophily. It encodes rumor graph
from three perspective: features, labels, and graph topology, and

reduces training workload through multi-head self-attention.

e Crime forecasting. Since nearby regions typically exhibit similar
socioeconomic characteristics and crime patterns, recent solutions
construct distance-based region graphs and utilize GNNs for crime
forecasting. However, distance-based graphs cannot fully capture
crime correlations between distant but similar regions. Motivated by
this, HAGEN [408] introduces a heterophily-aware constraint to
regularize the original graph. The learned graph structure in HAGEN
reveals dependencies between regions in crime occurrences and
captures temporal patterns from historical crime records.

8.2 Recommender system

Recently, graph-based learning methods have become a popular
paradigm to enhance recommender systems [409-413]. Social
networks are integrated into recommender systems based on the
social homophily assumption [1], wherein users tend to form
with
Connections among like-minded users are leveraged to compensate

connections individuals who share similar interests.
for information scarcity in the interaction graph, thereby enhancing
personalized recommendations. TGIN [414] first observes that user
interests and click behaviors may exhibit heterophily in networks.
SHaRe [415] calculates the preference-aware homophily ratios across
real-world datasets and observes that user connections in social
networks can be heterophilic. To fully leverage social connections,
SHaRe adopts graph rewiring to add highly homophilic relations and
remove heterophilic ones. This ensures the retention of critical social
relations while introducing beneficial potential relations for
recommendations. Considering the fairness of recommendation,
HetroFair [416] designs a fairness-aware attention mechanism to
generate fair embeddings for users and items, and assigns distinct

weights to different heterophilic features during the aggregation.

8.3 Geographic information

The advancement of GNNs provides novel insights into geographic
information research, enhancing the analysis of geographic data and
geographic science. However, geographic networks exhibit more
complex patterns, including heterophily.

e Urban computing. Urban graphs, widely applied in urban
computing [13], where nodes represent urban objects (e.g.,
regions or points of interest), and edges denote urban
dependencies (e.g., human mobility or road connections).
Heterophily is prevalent in urban graphs, reflecting that
dissimilar urban objects can be interconnected urban system.
Therefore, SHGNN [14] proposes a metric named the Spatial
Diversity Score to uncover the spatial heterophily. This
framework employs a rotation-scaling module to cluster
spatially close neighbors, and processes each group with less
internal diversity. Subsequently, it introduces a heterophily-
sensitive spatial interaction module to adaptively capture
complex patterns within different spatial groups.

e Remote sensing. In the multimodal remote sensing context,
different modality or their combinations results in distinct
node types and heterophilic interactions. On remote sensing
graphs [417], Label Propagation (LP) is essential to improve
labeled data sparsity, enhance learning effectiveness, and
support decision-making. However, traditional LP algorithms
are based on the assumption of graph homophily and
heterogeneity. To address this, Taclman et al. [418] design a
novel LP method inspired by ZooBP [419] for multimodal
remote sensing. This method performs well on fully

heterogeneous graphs and incorporates both homophilic and

heterophilic interactions.

8.4 Computer vison

The applications of graph learning in computer vision are
continuously expanding, offering new insights for understanding
complex interactions between vison objects in scenes [420-423].
However, the relationships between objects in the visual domain are
not necessarily homophilic.

e Scene generation. The objective of Scene Graph Generation
(SGQ) is to detect objects and predict pairwise relations in an
image [424,425]. Current SGG methods employ GNNs to
model the relations, assuming homophily in scene graphs
while ignoring heterophily. Inspired by learning from

heterophilic graphs, HLNet [426] presents a Heterophily

Learning Network to explore homophily and heterophily

between objects in scene graphs. HLNet introduces an

adaptive reweighting transformer, equivalent to general
polynomial graph filtering [427], to handle both high-
frequency and low-frequency contexts. Using a heterophily-
aware messsage passing strategy, it fully explores the
interactions between objects in complex visual scenes,
accounting for both heterophily and homophily. KWGNN

[428] rethinks the SGG from spectral view and demonstrates

that the spectral energy shifts towards the high-frequency part

as heterophily in scene graph increases. Therefore, KWGNN
filters

kumaraswamy wavelet transform [429] and integrates the

adaptively  generates  band-pass inspired by
filtering results to better accommodate varying levels of
smoothness in scene graphs.

e Point cloud segmentation. Point cloud segmentation [430] is a
crucial tasks in 3D computer vision, aiming to divide point
clouds into different regions based on their attributes or
functions. Recently, performing point cloud segmentation
based on GNNs has become the mainstream trend [431,432].
In point cloud, some regions inevitably contain nodes from
multiple categories, indicating the graph heterophily.

Traditional GNN-based methods overlook crucial heterophilic

information, leading to blurred segmentation boundaries. To

adress this, Du et al. [99] modeled the point cloud network as

a homophilic-heterophilic graph and propose a graph

regulation network to produce finer segmentation boundaries.

They first evaluated the extent of homophily between nodes

Frontiers of Computer Science | Issuc 2 | Volume 20 | February 2026 | 2002314-21



Cheng-Hua GONG et al.

and apply different weight strategies for homophilic and

heterophilic relationships. After adaptively propagation, they

designed a prototype feature extraction module to mine high-

order homophily from the global prototype space. This

framework theoretically constrains node representation
similarity based on the degree of heterophily.

e 3D object detection. The target of 3D Object Detection
(3DOD) is to accurately locate 3D objects in point clouds
[433]. Chen et al. [434] noted that the relational knowledge in
3DOD should encompasses both homophily and heterophily.
They proposed a Joint Homophily and Heterophily Relational
Knowledge Distillation (H2RKD) framework for lidar 3DOD,
which models both homophilic and heterophilic relations to
enhance the intra-object and

similarity inter-object

discrimination.

8.5 Biochemical research

Graph learning has already achieved significant breakthroughs in
biochemistry [435-438], with modeling biochemical molecules as
graph structures becoming a mainstream learning paradigm.
However, recent research highlights graph heterophily as a pressing

issue that needs addressing in this field.

e Drug discovery. Combination therapy [439], involving
drugs to has
demonstrated advantages over monotherapy. To avoid costly

multiple improve clinical outcomes,
high-throughput testing, researchers have established drug-

drug networks to explore potential combinations and
accelerate drug discovery. Chen et al. [440] found that drug
pairs with complementary exposure to the disease tend to be
effective combinations, which is consistent with the principle
of non-overlapping pharmacology [441]. In other words,
heterophily is widely present in drug-drug networks used for
combination therapy. Chen et al. [442] confirmed that drug-
drug networks exhibit heterophily and sparseness, which
limits the effectiveness of homophily-based GNNs. Therefore,
they introduced DCMGCN, a framework that simultaneously
optimizes drug representations and predictions. Specifically,
DCMGCN expands the local neighborhood of drug nodes,
searching globally for distant but related nodes to enhance
learning process. Moreover, Liu et al. [443] found that the
heterophily issue is also widespread in drug repositioning
[444-446]. They further proposed a Structure-enhanced Line
Graph Convolutional Network (SLGCN) for learning from
drug-disease pairs. It utilizes the transformation of line graphs
to capture graph topology, and assigns appropriate weights for
homophilic and heterophilic structures in message passing
with a gating mechanism.

® Molecule generation. Conditional molecule generation is
crucial for materials discovery and drug design, and its
integration with deep learning is becoming increasingly
seamless [447-449]. Existing methods often assume strong

structures

heterophily between dissimilar atoms. To address this,

homophily in molecular while overlooking

A survey on learning from graphs with heterophily: recent advances and future directions

HTFlows [450] proposes a flow-based method for conditional
molecule generation. By leveraging multiple interactive
flows, it effectively captures both homophilic and heterophilic
patterns, providing a more versatile representation of the
balance between molecular affinities and repulsions.

e Neuroscience. Modeling brain networks is crucial for the early
diagnosis of neurodegenerative diseases, and deep learning
methods in this field are rapidly advancing [451-455]. With
dissimilar regions of interest physically connecting, brain
networks exhibit heterophily, making modeling challenging
due to the interplay between homophily and heterophily. To
address this, AGT [12] introduces spectral node-wise filters
based on wavelet transform [456,457] to adaptively capture
localized homophily and heterophily. Considering sequential
variations in progressive degeneration, AGT uses temporal
regularization to control distances between diagnostic groups
in the latent space, ensuring effective capture of temporal
dynamics.

8.6 Software engineering
As GNNs are widely applied in the intelligent process of software
engineering, the issue of graph heterophily also emerges.

e Program management. Modeling software programs as graphs
and using graph learning for management have been widely
adopted in software engineering [458]. To handle heterophilic
interactions between programs, HAGCN [459] introduces a
subtraction operation into GNNs to separate dissimilar nodes
in the representation space. It also separately encodes each
edge type and employs a global relation-aware attention
mechanism to aggregate messages from different edge types,
enhancing homophily-oriented interactions.

e Defect localization. In the current booming open-source
ecosystem, a myriad of new developers register on GitHub,
and millions of new code repositories are established.
Frequent code changes impose higher demands on Just-In-
Time (JIT) defect localization [460—462]. Zhang et al. [463]
observed that real-word code graphs exhibit very low
homophily and proposed to use heterophilic methods to model
this pattern. Therefore, they used FAGCN [137], designed for

both homophilic

heterophilic patterns from code graphs, and enhance defective

heterophilic graphs, to extract and

file prediction through contrastive learning.

B 9 Future directions

After reviewing recent advances of learning from heterophilic
graphs, several challenges and promising directions for further
exploration remain. In this section, we analyze these directions to
provide insights for future research.

9.1 More complex scenarios

Currently, most studies on graph heterophily focus on static,
homogeneous graphs, neglecting the complex relationships in real-
world scenarios, such as graph heterogeneity, dynamic changes, and
higher-order connections. Addressing graph heterophily presents
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greater challenges in these contexts but also offers insights into
understanding complex patterns under real-world settings.

e Heterogeneous graphs. Heterogeneous graphs, also known as
heterogeneous information networks, are network structures
that comprise multiple types of nodes and edges [464]. The
multitude of node and edge types poses great challenges to
graph learning and has spurred the development of a series of
Heterogeneous Graph Neural Networks [465-471]. Recent
studies [472,473] note the heterophily in heterogeneous
graphs and attempt to measure this property. Meanwhile, self-
supervised learning on heterogeneous graphs has also taken
the heterophily issue into account [474]. Recently, the release
of new benchmark [475] marks that this field will garner more
widespread attention.

e Temporal graphs. Temporal graphs formalize evolving graphs
with dynamically changing nodes, edges, and features, and
GNNs are powerful tools for analyzing temporal graphs
[476,477]. For example, Greto [478] empirically and
theoretically elucidates the topology-task discordance and
explains why homophily-based GNNs fail on dynamic graphs.
Additionally, the analysis of heterophily in temporal graphs
remains limited, offering ample room for future exploration.

e Hypergraphs. Hypergraphs generalize graphs by allowing
edges to connect any number of vertices, enabling high-order
interactions [479]. Heterophily is more common in
hypergraphs than in simple graphs [480]. Wang et al. [481]
first explored this issue and propose a hypergraph-based
framework, shows significant superiority in processing
heterophily patterns. Further follow-ups have been made in
[482,483], and we look forward to deeper research on the
heterophily issue in hypergraphs.

9.2 Deeper theoretical insights

Deeper theoretical insights can significantly inspire learning from
graphs with heterophily. Thus, we organize related theories and
highlight promising perspectives for theoretical understanding.

e Model performance. Intuitively, heterophily can degrade GNN
performance, while strong homophily tends to improve it.
However, Ma et al. [68] first revealed that strong homophily
is not always necessary, and vanilla GCN can perform well on
heterophilic graphs under certain conditions. Luan et al.
[61,65] demonstrated that heterophily is not always
detrimental to model, and mid-level homophily is the main
culprit of bad performance, a phenomenon termed the “mid-
homophily pitfall”. In addition to heterophily distribution
[484], some studies provide crucial insights into GNN
performance related to conditional shift [485], structural
disparity [486,487], and other factors [64,488,489]. We
expect more theoretical research on the relationship between
model performance and heterophily, laying a solid theoretical
foundation for the development of this field.

e Over-smoothing & over-squashing. Two notorious issues
regarding GNNs are over-smoothing and over-squashing.

Over-smoothing refers to the phenomenon where node
representations become gradually similiar as the depth of
GNNs gets deeper, leading to a loss of discriminative power
[21,490-492]. Yan et al. [140] first proposed a unified
perspective on over-smoothing and heterophily, suggesting
that addressing graph heterophily can also mitigate the over-
smoothing issue [182,226,493]. Another issue of GNNs is
over-squashing, where information from distant neighbors is
compressed into fixed-length vectors, leading to a loss of
messages from high-order neighbors [494]. Rubin et al. [495]
first established a theoretical framework to understand the
combined effect of heterophily and over-squashing. Notably,
Huang et al. [107] introduced UniFilter, a polynomial filter-
based GNN that addresses heterophily from a spectral
perspective, effectively preventing over-smoothing and
mitigating over-squashing. As three major pitfalls of GNNs,
we anticipate more research exploring the connections among
heterophily, over-smoothing, and over-squashing, and
developing comprehensive solutions [496].

e Other discoveries. In addition to the above, other theoretical
analyses regarding heterophily are also worth attention. Yang
et al. [497] study the training dynamics of GNNs in the
function space, and establish a correlation between
generalization and homophily. They derived a data-dependent
generalization bound that highly depends on heterophily.
MGNN [498] provides a comprehensive analysis of the
universality of spatial GNNs from geometric and physical
perspectives. Inspired by the Distance Geometry Problem, the
proposed framework effectively handles both homophilic and
heterophilic graphs. Inspired by the statistical physics and
random matrix theory, Shi et al. [499] explored the double
descent phenomenon in GNNs, and further explained its
relationship with heterophily.

9.3 Broader learning scopes

We need not only deeper theoretical insights but also encourage
researchers to explore a broader range of areas, including diverse
learning tasks, settings, paradigms, real-world applications, and

more.

e More learning tasks. Most existing studies on heterophilic
graphs focus primarily on node classification, with research
on edge-level and graph-level tasks still in early stages.
Beyond these, we encourage exploring more diverse tasks that
consider heterophilic scenarios, such as graph generation
[500,501], graph condensation [502-504], critical node
identification [505], and influence maximization [5S06—508].

e More task settings. Node classification is the most studied
topic in heterophilic graphs, but existing works primarily
focus on semi-supervised settings, neglecting complex real-
world scenarios. Meanwhile, existing models suffer
significant performance degradation when labels are
extremely limited. To bridge this gap, further exploration of
models designed for few-shot settings [509,510] or settings
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with very limited labels [511] is needed. Moreover,
imbalanced class settings [512,513] and long-tail settings
[514], which affect homophilic graphs, should also be
considered under heterophily. Additionally, we can rethink
heterophilic graph learning from the perspective of weakly-
supervised settings [515,516], including missing or noisy
structures, features, and labels.

e More learning paradigms. In the field of learning from
heterophilic graphs, supervised learning dominates, while
self-supervised learning is rapidly advancing and prompt
learning remains in its early stages. Beyond these paradigms,
graph heterophily is also expanding into areas such as

[517],

[518,519], graph self-training [520], and neural architecture

reinforcement  learning knowledge distillation
search [521-524]. We are also curious about whether graph
heterophily can spark synergies with meta learning [525],
multi-task learning [526], positive unlabeled learning [527],
and other paradigms.

® More applications. As outlined above, current applications of
heterophilic graphs mainly focus on social networks. In fields
like biology, chemistry, and geography, the understanding of
graph heterophily is still superficial, limited to structural
inconsistencies. Therefore, there is an urgent need to deepen
the study of heterophily in these fields to better address
specific application requirements. Moreover, we are eager to
see further integration of graph heterophily with fields such as
Agents [528,529], Al4Finance [530], and Al4Science [531].
Domains like task planning [532,533], portfolio management
[534], climate change [535], tectonic movements [536,537],
and epidemic modeling [538] exhibit typical heterophily in
data structure, making them prime candidates for such
integration. Compared to the outstanding performance of
Large Language Models (LLMs) in text and dialogue
generation, the “killer application” for learning from graphs
with heterophily has yet to be discovered.

9.4 Advanced learning architectures

The design of backbone architectures is crucial for learning from
heterophilic graphs. In the preceding text, we detail two such
the
Transformer. Here, we explore prospects for advanced architectures

architectures: Message Passing Framework and Graph

in this domain.

e Advanced backbones. Inspired by State Space Models (SSMs)
[539], a novel architecture named Mamba [540] has emerged
as a strong competitor to Transformer, offering effective and
efficient modeling of long-range dependencies in sequential
data. Inspired by this, GMN [541] and Graph-Mamba [170]
pioneer the adaptation of SSMs to graph-structured data,

The

attention,

achieving performance comparable to GTs. state

selection mechanism, comparable to global

certainly captures long-range dependencies and address graph
heterophily issues. However, naturally adapting SSMs to
graph-structured ~ data further

requires exploration.
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Additionally, we hope to see other advanced architectures,
such as Kolmogorov Arnold Network [542-544], explored in
the context of graph heterophily.

e LLM for heterophily. With great advancements in LLMs,
enhancing graph learning using the extensive knowledge
within LLMs is a promising direction. Existing methods have
demonstrated the capability of LLMs to empower learning for
Text-Attributed Graphs [298,545-550]. Recent advances have
primarily focused on homophilic graphs, with graph
heterophily remaining unexplored. Notably, LLM4HeG [551]
pioneers the integration of LLMs into learning from

for future

development. Key questions that have become current

heterophilic graphs, offering new insights
research hotspots include: Can LLMs effectively identify
graph heterophily? How can we reduce costs and efficiently
use LLMs to enhance heterophilic graph learning? Should we
follow paradigms like LLM4GNN and GNN4LLM, using
LLMs to replace or integrate with GNNs in a unified
architecture under heterophilic settings [216,552,553]?

e Graph foundation models. The goal of Graph Foundation
Models (GFMs) [553] is to develop graph models trained on
vast, diverse datasets to enhance applicability across various
tasks and domains, emerging as a significant focus in the
graph domain. Current works [554-557] indicate that this
field is still in its early stages. Remarkably, AnyGraph [558]

[202]

effectively manage cross-domain distribution shifts. This is

employs a Mixture-of-Experts architecture to
the first attempt to enable graph models to exhibit scaling law
behavior [559], where model performance improves with
more data and parameters. Despite this progress, graph
heterophily remains a challenge for GFMs with strong
generalization capabilities. We call for greater attention to

graph heterophily in GFM studies.

M 10 Conclusion

In this paper, we presented a comprehensive survey of the benchmark
datasets, GNN models, learning paradigms, real-word applications,
and future directions for heterophilic graphs. Through a detailed
overview and an in-depth analysis of recent advances, we aim to
provide inspiration and insights for this field, thereby promoting
further development of learning from graphs with heterophily.
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