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Abstract

Self-supervised heterogeneous graph learning has
achieved promising results in diverse applications
but still faces two issues: (i) existing methods fo-
cus on either feature similarity or meta-path to cap-
ture homophily, neglecting their inherent comple-
mentarity; (ii) existing methods rely on meta-paths
to capture interactions among same-type nodes,
which may introduce noise and inherently ex-
clude long-range cross-type interactions. To ad-
dress these issues, we first propose a self-expressive
solver that captures the complementary homophily
between meta-paths and node features to obtain ho-
mophilous representations. Meanwhile, we design
separate path encoders to model diverse interac-
tions, thus explicitly including cross-type interac-
tions while mitigating noise via adaptive fusion.
Theoretical analysis verifies that homophilous rep-
resentations exhibit a high-order grouping effect
to capture complementary homophily, while path
encoders possess adaptive smoothness: capabilities
to filter noise. Extensive experiments on diverse
datasets, including a large-scale dataset, demon-
strate the superiority of the proposed method.

1 Introduction

Heterogeneous graph learning aims to model complex inter-
actions among various types of nodes and edges, thereby
yielding discriminative representations [Dong et al., 2017;
Liu ef al., 2022]. To avoid labor-intensive manual label-
ing, self-supervised heterogeneous graph learning (SHGL)
has emerged as a promising paradigm with remarkable suc-
cess in diverse real-world applications, including recommen-
dation systems [Huang et al., 2025b; Huang et al., 2025c¢],
and drug discovery [Yu and Gao, 2022; Ma et al., 2025].
Existing SHGL methods can be broadly grouped into two
categories, i.e., meta-path-based methods and feature-based
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methods. The former typically utilizes predefined meta-paths
to explicitly capture structural homophily, aggregating infor-
mation from connected nodes that may share the same label
[Zhu er al., 2022]. For example, HeCo [Wang et al., 2021]
aggregates neighbor information from nodes that may belong
to the same class along meta-paths and generates represen-
tations for contrastive learning. In contrast, feature-based
methods focus on inferring latent homophily structures di-
rectly from node features [Mo et al., 2024a]. For example,
HERO [Mo et al., 2024b] learns an adaptive self-expressive
matrix from node features by assigning large weights to node
pairs that may belong to the same class.

Although existing methods have achieved promising re-
sults, there are still some limitations to be addressed. On
one hand, most methods capturing homophily rely solely on
meta-paths or node features, neglecting their inherent com-
plementarity [Lv et al., 2021]. As a result, models may suf-
fer performance degradation when encountering sparse meta-
path structures or noisy node features. On the other hand, ex-
isting methods are often limited to interactions among same-
type nodes [Li et al., 2024], which may aggregate neighbor
information from different classes when meta-paths exhibit
low homophily, leading to noise accumulation. Furthermore,
they fail to capture long-range heterogeneity (i.e., cross-type
interaction), which may carry task-related information.

Based on the above analysis, it is possible to enhance the
effectiveness of SHGL by jointly exploiting homophily from
both meta-paths and node features while explicitly modeling
long-range heterogeneity. To achieve this, there are two key
challenges to be solved: (i) How to extract the complemen-
tary homophily from meta-paths and node features, as there
may be potential conflicts between them; and (ii) How to mit-
igate the noise introduced by meta-paths while capturing the
long-range heterogeneity in the heterogeneous graph.

In this paper, to address the above challenges, we propose
a new framework to bridge Feature-structural hOmophily and
long-Range heteroGEneity for effective SHGL (FORGE for
short), as shown in Figure 1. Specifically, we design a self-
expressive solver to capture homophily from both meta-paths
and node features and obtain homophilous representations,
thus tackling Challenge (i). Subsequently, we capture long-
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Figure 1: The flowchart of the proposed FORGE. Specifically, given a heterogeneous graph, we first generate subgraphs A; from multi-hop
intra-type and cross-type paths to distinguish diverse interactions. Then we design a self-expressive solver to capture the complementary
homophily from the node features and intra-type paths similarity matrix (i.e., W and S), thus obtaining homophilous representations H
with the self-expressive matrix C. Meanwhile, we design separate path encoders to model both intra-type and cross-type interactions to
obtain path-specific representations Z; and adaptively fuse them to obtain path-fused representations Z. After that, we design a consistency
loss Lcon and a contrastive loss L¢s- to extract invariant information between the projected homophilous representations and path-fused
representations (i.e., P and Q) while pushing apart nodes that may belong to different classes.

range heterogeneity by modeling multi-hop neighbors via
path encoders while mitigating noise through adaptive fu-
sion, thus tackling Challenge (ii). Finally, we theoretically
verify that the learned homophilous representations have a
high-order grouping effect that captures homophily from both
meta-paths and node features. Moreover, we prove that path
encoders have adaptive smoothness capabilities to filter noise.

Compared to previous SHGL methods, our main contribu-
tions can be summarized as follows:

* To the best of our knowledge, this is_the first unified
framework to bridge feature-structural homophily and
long-range heterogeneity for self-supervised heteroge-
neous graph learning.

We propose a self-expressive solver to capture comple-
mentary homophily between meta-paths and node fea-
tures. Furthermore, we utilize path encoders and an
adaptive fusion module to explicitly model long-range
heterogeneity and filter noise, respectively.

We theoretically demonstrate that homophilous repre-
sentations have a high-order grouping effect that cap-
tures homophily from both meta-paths and node fea-
tures. Furthermore, we validate that path encoders have
adaptive capabilities for noise filtering.

We experimentally demonstrate the superiority of the
proposed method across diverse datasets, including a
large-scale heterogeneous graph dataset, compared to
numerous comparison methods.

2 Method

Notations. Let G = {V,&,X,T,R} denote a heteroge-
neous graph, where V and & represent the node and edge sets,

X denotes the node feature matrix, and 7 and R are the node
and edge type sets, respectively.

Intra-type and cross-type paths. Given a heterogeneous
Tk

graph G, a multi-hop path P; is defined as t; = ty--- —%
tx+1, representing the composition relation 7y o - - - o . Un-
like previous methods that usually utilize meta-paths lim-
ited to intra-type connections, the multi-hop paths gener-
alize this concept to cover cross-type connections. Then
we classify multi-hop paths into two categories, i.e., intra-
type paths (t; = ;1) and cross-type paths (t; # t541).
We further compute the induced subgraph matrix for P; as
A = Ay 1, Aty Ay oty Where Ay 4, denotes the
row-normalized adjacency matrix. As a result, subgraphs in-
duced by intra-type paths can be used to capture structural
homophily, while those induced by cross-type paths can be
used to capture long-range heterogeneity.

2.1 Motivation

Existing methods typically capture homophily through either
node features or meta-paths but often overlook their inher-
ent complementarity, thereby degrading the model perfor-
mance when facing sparse structures or noisy features. In
this case, exploring the complementarity between node fea-
tures and meta-paths may provide a potential solution. For
instance, in Figure 2(a), low feature similarity between two
nodes of the same class may be supplemented by connections
from meta-paths (e.g., nodes 1 and 2). Meanwhile, connec-
tions between nodes of the same class that are missing from
meta-paths may be complemented by the high similarity of
node features (e.g., nodes 3 and 4).

In addition, existing methods generally rely on meta-paths
to capture interactions among same-type nodes but may in-
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Figure 2: Example of complementary homophily and long-range
heterogeneity. (a) On the left, for noisy features, meta-paths can
serve as a supplement (e.g., nodes 1 and 2); for sparse structures
on the right, we can derive complementarity from feature similarity
(e.g., nodes 3 and 4). (b) Long-range heterogeneity (e.g., A-P-C)
can supplement discriminative information that cannot be obtained
from meta-paths (e.g., A-P-A, A-P-C-P-A).

troduce noise from different classes and exclude the long-
range heterogeneity. For instance, in Figure 2(b), meta-
paths (i.e., A-P-C-P-A) may connect cross-class neighbors
(e.g., nodes 1 and 2) that hinder message-passing. Mean-
while, meta-paths filter out valuable heterogeneous neighbors
(e.g., connection between nodes 1 and 3), which may provide
arich heterogeneous context (e.g., features of author-attended
conferences) that helps to distinguish authors.

Therefore, it is critical to capture complementary ho-
mophily and model long-range heterogeneity in the hetero-
geneous graph, which are ignored in previous SHGL meth-
ods. Although some studies [Mo et al., 2024a; Mo et al.,
2024b] attempt to capture heterogeneity through multi-layer
single-hop aggregation over heterogeneous neighbors, they
may face the over-smoothing issue and heavy computational
costs [Yang er al., 2023;Li et al., 2024]. In this paper, we aim
to address these issues and bridge complementary homophily
and long-range heterogeneity, thereby enabling the model to
generate node representations based on both of them.

2.2 Complementary Homophily Extraction

Previous SHGL methods generally capturing homophily
rely on either meta-paths or node features. For instance,
CPIM [Mo et al., 2023b] maximizes mutual information
between node representations of different meta-path-based
graphs, while SCHOOL [Mo et al., 2024a] incorporates rank-
constrained spectral clustering on node features. However,
these methods neglect the inherent complementarity between

these two perspectives. To solve this issue, we propose a self-
expressive solver to capture complementary homophily from
intra-type paths and node features.

Traditionally, the self-expressive solver [Chapelle er al.,
2002; He et al., 2019; Li et al., 2020] can be illustrated as
follows:

min||X, ~ CX, % ++/C — W3 + A|C]

s.t. diag(C =0),

where X is the feature matrix of target nodes, W is the sim-
ilarity matrix obtained by calculating the cosine similarity of
node features, C is the self-expressive matrix, v and A are
non-negative parameters. In Eq. (1), the first term linearly re-
constructs every node by other nodes, the second ensures that
nodes with similar features contribute significantly, the third
term is a regularization to promote sparsity, and the constraint
diag(C = 0) prevents nodes from reconstructing themselves
by setting the diagonal elements to zero. Based on the as-
sumption that nodes with similar features may belong to the
same class, the value of the element c;; reflects the likelihood
of nodes v; and v; belonging to the same class, thus capturing
homophily from node features.

However, the traditional self-expressive solver overlooks
the structural homophily from intra-type paths. To address
this issue, we constrain the self-expression matrix to leverage
the structural homophily.

Specifically, we first construct the path similarity matrix S
to capture structural homophily from subgraphs of intra-type

paths, i.e.,
1
M=- Ai»

§d) — sim(M(i’:)7M(j’:)),

where p is the number of intra-type paths, M is the averaged
subgraph over all intra-type paths, M () denotes the i-th
row of matrix M, and sim(-, -) indicates the cosine similar-
ity function. A larger S("7) represents more shared neighbors
across all intra-type paths between the nodes v; and v;. Since
nodes sharing more neighbors often belong to the same class
[Perozzi et al., 2014], the path similarity matrix S reflects the
homophily derived from intra-type paths.

After that, we incorporate S into the self-expression solver,
enabling the self-expressive matrix C to leverage homophily
from both node features and intra-type paths. To do this, we
combine S and W to obtain a new constraint matrix AP, i.e.,

AP =TopK(SOW —1), 3)

where @ denotes the Hadamard product and TopK(-) means
selecting the top K elements of each row, then assign the
values of these selected elements to 1 and the remaining el-
ements to 0. In Eq. (3), AP weights S with W, provid-
ing path similarity while considering the original constraints,
thus serving as the new constraint matrix. Consequently, the
self-expressive solver designed to capture complementary ho-
mophily from both node features and intra-type paths is given
as follows:

min X, — CXy[[3 + /1 — A”|% + A
s.t. diag(C = 0).

2
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In Eq. (4), the first term leverages homophily from node
features, while the second term leverages homophily from
intra-type paths. Moreover, the second term penalizes the
weights between nodes of different classes induced by the
first term, while the first term captures the intra-class connec-
tions overlooked by the second term, thereby complementing
each other. Consequently, the self-expressive solver captures
the complementarity by balancing them.

With the self-expressive matrix C, we then obtain ho-
mophilous representations H, i.e.,

H = CX. 5)

Therefore, homophilous representations are able to capture
the inherent complementary homophily between node fea-
tures and intra-type paths, thus conducting the message-
passing among nodes that likely belong to the same class.

In this paper, we further prove that the homophilous rep-
resentations H exhibit a high-order grouping effect that cap-
tures homophily from both node features and intra-type paths.
To do this, we first follow [Li et al., 2020; Xie et al., 2025] to
define the grouping effect as follows.

Definition 1. (Grouping Effect) For every node pair v; and
v; satisfying v; — v; (ie., | X; — Xj|l2 — 0 ), the matrix
G € RN*F s said to have a grouping effect if |G, — G j,| —
0,V1<p<F.

Traditional grouping effects primarily emphasize similari-
ties of node features, whereas real-world graphs often exhibit
complex structures. To address this, we first establish an up-
per bound on the distance between the homophilous represen-
tations of two nodes (i.e., ||H, — H;|]).

Proposition 1. (Distance Bound of Homophilous Represen-
tations) For any two nodes v; and v, |H; — H;|| is bounded
by,

I8, — Hy | < O(M+N),
~ ~ 2 . N 2
sl
N =37 (I N, < M+
m#i,j
1% X &%) X0,

where M = M/||M|| and X = X /|| X]].
Specifically, M reflects the direct similarity between nodes
v; and v; in terms of both intra-type paths (via M) and node

features (via X). Meanwhile, A/ measures the consistency of
their similarity to all other intermediate nodes v,,, (i.e., high-
order similarity), thereby capturing high-order information.
Based on Proposition 1, we formally derive the high-order
grouping effect of the homophilous representations H.

Theorem 1. (High-order Grouping Effect) The homophilous
representations H exhibit a high-order grouping effect.
Specifically, for any two nodes v; and v; satisfying v; — v;
(i.e., M + N — 0), their representations converge, i.e.,

Vi — Vj = HHZ — H]” — 0. @)

Theorem 1 theoretically guarantees that if two nodes share
similar features and intra-type path structures, implying they
likely belong to the same class, their learned representations
will be close. This indicates that the homophilous representa-
tions H capture homophily from both node features and intra-
type paths. The proof is provided in Appendix B.1.

2.3 Multi-hop Path Encoding

Previous studies rely on meta-paths to capture interactions
among same-type nodes, which may introduce noise [Yang
et al., 2023]. Furthermore, they neglect long-range hetero-
geneity, which may lose information from nodes of different
types and thus affect model performance [Li et al., 2024]. To
solve these issues, we utilize path encoders to filter noise in
intra-type paths and capture long-range heterogeneity to in-
troduce more task-related information.

Specifically, we employ a multi-layer perceptron (MLP) as
the encoder ¢; to obtain path-specific representations Z; on
each subgraph A; of the multi-hop path, i.e.,

Z; =0(AiXt, W), ®)

where o is the activation function, W4 denotes the trainable
parameters of the encoder ¢;, and Xy, ., , is the feature matrix
of node type t;+1 corresponding to the multi-hop paths. In
this paper, the subgraph A; is constructed from either intra-
type or cross-type paths. When A is a subgraph of an intra-
type path, Z; can capture information from same-type neigh-
bors. Unlike predefined meta-paths focusing on a few sym-
metric paths among same-type nodes, intra-type paths flex-
ibly cover more paths, including asymmetric ones without
predefined selection. Meanwhile, when A; is a subgraph of a
cross-type path, Z; can capture long-range heterogeneity and
aggregate information from nodes of different types.

To effectively utilize representations Z; from both intra-
type and cross-type paths, we then adaptively fuse them to

obtain path-fused representations Z as follows:
Z = Z wiZi, (9)
i=1

where w; is a learnable weight and c is the number of all
paths. By assigning different weights to the paths, the path-
fused representations Z can fuse information from both intra-
type and cross-type neighbors while mitigating noise. We fur-
ther demonstrate in Theorem 2 that the path encoders possess
adaptive smoothness capabilities, enabling them to mitigate
the noise introduced by intra-type paths [Gu et al., 2025].

Theorem 2. The design of path encoders can approximate
arbitrary graph filters for adaptive smoothness capabilities
extending beyond simple low- or high-pass ones, expressing
the K-order polynomial graph filter (Zfio 0;L?) with arbi-
trary coefficients 6.

Theorem 2 indicates that the design of path encoders can
approximate the K-order polynomial graph filters with arbi-
trary coefficients, which can suppress noise while preserving
task-related information by assigning proper coefficients. As
a result, the design of path encoders can mitigate the impact
of noise. The proof can be found in Appendix B.2.
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Method ACM Yelp DBLP Aminer
Macro-F1 = Micro-F1 =~ Macro-F1  Micro-F1 ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 ~ Micro-F1
Deep Walk  73.940.3 74.1+0.1 68.7+1.1 73.240.9 88.1+0.2 89.54+0.3 54.74+0.8 59.740.7
GCN 86.9+0.2 87.0£0.3 85.0+0.6 87.4+0.8 90.24+0.2 90.9+0.5 64.5+0.7 71.5+0.9
GAT 85.0+04 849403 86.4+0.5 88.2+0.7 91.0+04 92.1+0.2 63.8404 70.6£0.7
Mp2vec 87.6+0.5 88.1+0.3 78.2+0.8 83.6+£0.9 85.7+0.3 87.6+0.6 58.7£0.5 65.3+0.6
HAN 89.440.2 89.24+0.2 90.5£1.2 90.7£14 912404 92.0+0.5 6534+0.7 72.84+04
HGT 91.5£0.7 91.6+0.6 89.9+0.5 90.24+0.6 90.9+0.6 91.7£0.8 64.5+0.5 71.0+0.7
DMGI 89.840.1 89.84+0.1 82.9+0.8 85.8+0.9 92.1+0.2 929403 63.8404 67.6£0.5
DMGlattn 88.7+0.3 88.7+0.5 82.840.7 854+0.5 90.94+0.2 91.8+0.3 624409 66.840.8
HDMI 90.1+0.3 90.1+£0.3 80.7+£0.6 84.009 91.3+0.2 92.2+0.5 659+04 71.7+0.6
HeCo 88.3+0.3 88.2+0.2 85.3+0.7 87.9+0.6 91.0+03 91.6+02 71.840.9 78.6+0.7
HGCML 90.6+0.7 90.7+0.5 90.7+0.8 91.0£0.7 91.9+0.8 93.2+0.7 70.5+04 76.3+0.6
CPIM 91.4+0.3 91.3+0.2 90.2+0.5 90.3+0.4 93.24+0.6 93.8+0.8 70.1+£0.9 75.8+1.1
HGMAE 90.5+0.5 90.6+0.7 90.5+£0.7 90.7£0.5 92.9+0.5 93.4+0.6 72.3+0.9  80.3+1.2
HERO 92.2+0.5 92.1+0.7 92.4+0.7 92.3+0.6 93.8+0.6 94.4+04 75.1+£0.7 84.5+0.9
MGHC 92.3+0.3 924404 925404 923403 93.0+£0.3 93.6+£0.5 68.840.6  72.04+0.7
D2CMG 92.6+£0.1 92.740.2 92.8+04 92.5+0.5 92.7+0.3 93.4+0.3 70.9+04 77.0+0.5
FORGE 93.5+0.6 93.4+0.5 94.3+0.3 94.0+0.2 94.3+04 94.9+0.4 79.9+0.5 88.9+0.6

Table 1: Classification performance (i.e., Macro-F1 and Micro-F1) on four heterogeneous graph datasets.

2.4 Optimization Objective
Given homophilous representations H and path-fused repre-

sentations Z, both are derived for the same node from dif-
ferent perspectives and share the same original node features,
thus intuitively containing consistent information. Therefore,
we design a consistency loss to extract the consistent infor-
mation between them.

Specifically, we first propose to learn projection heads
p and g to map homophilous representations H and path-

fused representations Z into the same latent space, i.e., P =

p(H), Q = ¢(Z). After that, we design a consistency loss to
maximize the invariance between them, i.e.,

1 N
_ 2
Leon = Eﬂ Ipi —aif ™ (10)

Eq. (10) encourages the alignment between the projected ho-
mophilous and path-fused representations P and Q, thereby
capturing their consistent information.

However, the consistency loss lacks the constraint for
nodes from different classes, which may make node repre-
sentations of different classes difficult to distinguish, thereby
degrading downstream task performance. To solve this issue,
based on the assumption that near neighbors are likely to be-
long to the same class [Zhou et al., 2003], we further design
a contrastive loss L., to push apart node representations that
may belong to different classes:

q; € KNN(q;),
otherwise,

a7
Wiy = b
7

where T is a temperature parameter, KNN(q;) means the set
formed by the k nearest neighbors of node v; [Cover and

Hart, 1967], a-and b are non-negative parameters assigned
to neighbors and non-neighbors of node v;. Therefore, by
setting a < b, the contrastive loss focuses more on separat-
ing node representations that may belong to different classes,
thereby increasing the inter-class distance.

Integrating the consistency loss L., in Eq. (10) and the
contrastive loss L, in Eq. (11), the objective function J is
formulated as:

J = a‘ccon + B‘cctra (12)

where « and § are non-negative parameters. Finally, we con-
catenate homophilous representations H with path-fused rep-
resentations Z to obtain final representations Z for down-
stream tasks. As a result, the final representations Z con-

tain homophily from both node features and intra-type paths,
while also modeling long-range heterogeneity.

3 Experiments

In this section, we conduct experiments on five heterogeneous
graph datasets to evaluate the proposed FORGE in differ-
ent downstream tasks (i.e., node classification and similarity
search), compared to heterogeneous and homogeneous graph
methods. Details of the experimental settings and additional
results are shown in Appendix C.

3.1 Experimental Setup

Datasets

The used heterogeneous graph datasets include three aca-
demic datasets (i.e., ACM [Wang et al., 2019], DBLP [Wang
et al., 20191, and Aminer [Hu et al., 2019]), one business
dataset (i.e., Yelp [Lu et al., 2019]), and one large-scale aca-
demic dataset (i.e., ogbn-mag [Wang er al., 2020]).

Comparison Methods
The comparison methods include fourteen heterogeneous
graph methods and seven homogeneous graph methods. The
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Method ACM Yelp DBLP Aminer
Sim@5 Sim@10 Sim@5 Sim@10 Sim@5 Sim@10 Sim@5 Sim@10
Deep Walk  78.7£0.2 76.7+£0.3 73.6+04 72.1£0.7 85.74+0.2 84.6+£0.3 67.1£04 65.9+0.6
GCN 86.8+0.3 84.9+0.3 85.1+0.5 83.9+04 88.2+0.1 87.4+0.2 774404 75.2+0.5
GAT 86.5+£0.2 854404 853+0.3 84.2+0.5 90.6+0.3 90.24+0.3 76.8£0.5 74.6£0.6
Mp2vec 82.3+0.4 81.2+0.5 79.1+£0.6 77.9+0.7 87.1+£0.5 85.8+0.6 71.840.3 68.6+£0.4
HAN 87.2+0.2 85.6+0.3 87.5+0.7 87.4+£04 89.3+0.3 89.3+0.5 78.2£04 78.0+£0.5
HGT 90.1+£0.5 90.0£0.6 88.6+0.7 88.0£0.5 90.3+0.4 89.9+0.7 79.2+0.7 78.3+0.6
DMGI 89.8+0.3 89.1+0.1 83.2+0.5 82.5£0.7 91.3+04 91.0+£0.3 76.3+0.8 73.3£0.7
DMGlIattn  90.1£0.2 88.9+0.4 80.7+0.4 79.6+0.2 89.0+0.2 87.9+0.4 72.840.6 71.5£0.5
HDMI 89.8+£0.4 89.0+0.2 83.2+04 79.8£0.7 91.2+0.3 90.94+0.2 78.5£0.5 77.1£0.7
HeCo 89.6+0.2 88.7+£0.2 86.4+0.3 85.1£04 90.94+0.2 90.6+£0.1 82.94+0.7 81.7£0.5
HGCML 89.5+0.5 89.0+£0.6 87.1+£0.6 85.8+£0.7 91.3+04 90.8+£0.6 81.7+0.6 80.5+£0.4
CPIM 89.6+0.6 88.8+40.4 87.9+0.7 86.8£0.5 91.1+0.6 91.0+0.3 82.1£0.6 80.9£0.8
HGMAE 89.5+0.3 88.9+0.5 88.1+£0.8 86.9+£0.7 90.9+04 90.7£0.5 80.5+£0.4  79.5+£0.6
HERO 89.7+£0.6 89.2+04 89.7+0.3 88.9+0.5 92.1+0.7 91.9+0.5 86.8+0.3  85.1+£0.6
MGHC 90.1£0.6 90.0+0.5 88.3+0.6 87.5+0.3 91.4+0.5 91.2+0.7 83.1£04 81.8£0.5
FORGE 90.5£0.5 90.0+0.4 90.5+0.3 89.9+04 93.0+0.4 92.7+0.5 88.1£04 86.3+£0.6

Table 2: Similarity search performance (i.e., Sim@5 and Sim@ 10) on heterogeneous graph datasets.

Method Macro-F1  Micro-F1
MLP 10.7£0.2  26.94+0.3
GCN 13.6+0.2  30.14+0.3
GAT 13.9+£0.2 30.5+0.3
DGI 15.0+£0.2 31.44+0.3
GCA 15.1+£0.2  31.4+0.3
GIC 153+0.1 31.74+0.2
SUGRL 16.04+0.1  32.4+0.1
LatGRL-S 19.440.2 36.8+0.5
FORGE*  21.4+0.2 40.6%0.5

Table 3: Classification performance (i.e., Macro-F1 and Micro-F1)
on ogbn-mag datasets. * indicates the mini-batch version.

former includes two semi-supervised methods (i.e., HAN
[Wang et al., 2019] and HGT [Hu et al., 2020]), one tra-
ditional unsupervised method (i.e., Mp2vec [Dong et al.,
2017]), and eleven self-supervised methods (i.e., DMGI
[Park et al., 2020], DMGlIattn [Park et al., 2020], HeCo
[Wang et al., 2021], HDMI [Jing et al., 2021], CPIM
[Mo et al., 2023bl, HGCML [Wang et al, 2023], HG-
MAE [Tian et al., 20231, HERO [Mo et al., 2024b], MGHC
[Huang et al., 2025al, LatGRL-S [Shen and Kang, 2025] and
D?CMG [Wang et al., 2025]). The latter includes two semi-
supervised methods (i.e., GCN [Kipf and Welling, 2017] and
GAT [Veli¢kovié er al., 2018]), one traditional unsupervised
method (i.e., DeepWalk [Perozzi et al., 2014]), and four self-
supervised methods (i.e., DGI [Veli¢kovi¢ et al., 2019], GIC
[Mavromatis and Karypis, 2021], GCA [Zhu et al., 2021],
SUGRL [Mo et al., 2022]). For a fair comparison, we select
meta-paths for previous meta-path-based SHGL methods fol-
lowing [Dong ef al., 2017; Wang et al., 2019; Lu et al., 2019;
Lv et al., 2021]. Moreover, for homogeneous graph methods
on heterogeneous graph datasets, we follow the setting of [Mo
et al., 2023a] by learning meta-path-based representations

separately and concatenating them for downstream tasks.

3.2 Results Analysis

Effectiveness on Heterogeneous Graph

We first evaluate the effectiveness of the proposed method on
four heterogeneous graph datasets by reporting the results of
node classification (i.e., Macro-F1 and Micro-F1) in Table 1
and similarity search (i.e., Sim@5 and Sim@10) in Table 2.
Obviously, our method achieves the best performance on both
node classification and similarity search tasks.

Firstly, for the node classification task, the proposed
method achieves superior performance over comparison
methods. For example, on four heterogeneous graph datasets,
the proposed method improves by 2.1% on average compared
to the best comparison method (i.e., HERO). This can be
attributed to the fact that the proposed method captures ho-
mophily from both node features and intra-type paths as well
as long-range heterogeneity, thus producing discriminative
representations to enhance classification performance. Sec-
ondly, for the similarity search task, the proposed method
also achieves promising improvements. For example, the
proposed method achieves an average improvement of 1.0%
compared to the best comparison method (i.e., HERO) on
four heterogeneous graph datasets. This is due to the ho-
mophilous representations having a high-order grouping ef-
fect to capture homophily, which enhances intra-class node
similarity. As a result, the effectiveness of the proposed
method is verified on the heterogeneous graph datasets in
terms of different downstream tasks.

Effectiveness on Large-scale Heterogeneous Graph

We further evaluate the proposed method on the large-scale
heterogeneous graph dataset (i.e., ogbn-mag) and report the
results of node classification (i.e., Macro-F1 and Micro-F1)
in Table 3. We can observe that the proposed method also
achieves the best results on the large-scale heterogeneous
graph dataset, compared to the comparison methods. For ex-
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Method ACM Yelp DBLP Aminer
Macro-F1 =~ Micro-F1 =~ Macro-F1 ~ Micro-F1 ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 = Micro-F1
wio Z 90.3+0.2 90.24+0.1 924402 91.7£0.2 89.6+0.1 90.8+£0.1 64.44+0.1 71.1+0.2
w/o H 93.1+0.3 93.1+£0.4 89.6+£0.5 89.1£04 94.0+0.3 94.6+04 77.5+£0.6 86.8+0.6
FORGE 93.5+0.6 93.4+0.5 943403 94.0+0.2 94.3+0.2 94.9+0.3 79.9+0.5 88.94+0.6

Table 4: Classification performance (i.e., Macro-F1 and Micro-F1) of final representations from different variants.

(b) DBLP

(a) Yelp

Figure 3: Node correlation maps of Yelp and DBLP datasets.

ample, the proposed method improves by 2.9% on average
compared to the best comparison method (i.e., LatGRL-S).
This indicates that the proposed method can also be extended
to the large-scale heterogeneous graph while capturing ho-
mophily and long-range heterogeneity. As a result, the ef-
fectiveness of the proposed method is further verified on the
large-scale heterogeneous graph dataset.

Visualization

To verify the high-order grouping effect of homophilous rep-
resentations H, we visualize the node correlation maps on
the Yelp and DBLP datasets in Figure 3, with both rows and
columns permuted according to node labels. In these maps,
pixel intensity reflects the correlation strength between two
nodes. As shown in Figure 3, the correlation maps display a
block-diagonal structure, where nodes inside the same block
belong to the same class. This indicates that nodes from the
same class are well aligned in the representation space. Over-
all, these observations confirm the high-order grouping effect
of the homophilous representations that effectively capture
homophily in heterogeneous graphs.

3.3 Ablation Study

In this section, we conduct ablation experiments on several
designs of the proposed FORGE.

To evaluate the benefits of the concatenated representa-
tions Z, we conduct experiments using only homophilous or
path-fused representations, with results summarized in Ta-
ble 4. We observe that these variants achieve inferior per-
formance compared to the proposed method. This indicates
that the concatenated representations integrating homophily
and long-range heterogeneity may capture more task-related
information, thus enhancing performance.

To evaluate the sensitivity of the top-K value in the self-
expressive solver, we conduct experiments on different K val-
ues, with results shown in Figure 4. We observe that the pro-
posed method achieves optimal performance with a relatively
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Figure 4: Performance of different top-K values.

small K value, indicating that a large number of neighbors is
not necessary. Furthermore, the results show only minor per-
formance variation across different K values. This indicates
that the proposed method is robust to the choice of K, which
enhances its practical applicability.

4 Conclusion

In this paper, we proposed a self-supervised heterogeneous
graph learning framework to capture both homophily and
long-range heterogeneity. To do this, we first designed a self-
expressive solver to capture the complementary homophily
between node features and intra-type paths, then utilized path
encoders to capture long-range intra-type and cross-type in-
teractions while filtering noise via adaptive fusion. Theoret-
ical analysis indicates that homophilous representations have
a high-order grouping effect that captures homophily from
both node features and intra-type paths, and path encoders
have adaptive smoothness capability to mitigate noise, while
bridging homophily and heterogeneity provides more task-
related information. Extensive experiments demonstrate the
effectiveness of the proposed method on five heterogeneous
graph datasets, including one large-scale graph.
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