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Abstract

Unsupervised node representation learning aims to obtain
meaningful node embeddings without relying on node labels.
To achieve this, graph convolution, which aggregates infor-
mation from neighboring nodes, is commonly employed to
encode node features and graph topology. However, excessive
reliance on graph convolution can be suboptimal—especially
in non-homophilic graphs—since it may yield unduly similar
embeddings for nodes that differ in their features or topo-
logical properties. As a result, adjusting the degree of graph
convolution usage has been actively explored in supervised
learning settings, whereas such approaches remain underex-
plored in unsupervised scenarios. To tackle this, we propose
FUEL, which adaptively learns the adequate degree of graph
convolution usage by aiming to enhance intra-class similar-
ity and inter-class separability in the embedding space. Since
classes are unknown, FUEL leverages node features to identify
node clusters and treats these clusters as proxies for classes.
Through extensive experiments using 15 baseline methods and
14 benchmark datasets, we demonstrate the effectiveness of
FUEL in downstream tasks, achieving state-of-the-art perfor-
mance across graphs with diverse levels of homophily.

1 Introduction

Node embeddings, vector representations that capture the
corresponding node information, enable the use of vari-
ous machine learning models in tackling downstream tasks
such as node classification and clustering. Among vari-
ous approaches, unsupervised node representation learn-
ing—designed to obtain useful embeddings without label
supervision—has gained significant attention (Grover and
Leskovec 2016; Hou et al. 2022; Chen, Lei, and Wei 2024; Ju
et al. 2023). This approach is cost-effective, as it eliminates
the need for labeling efforts and often outperforms supervised
methods in label-scarce scenarios (Velickovié et al. 2019).

To capture input node features and topology, graph convo-
lution (Kipf and Welling 2017; Wu et al. 2019; Lee et al.
2024), which aggregates and propagates features from a
node’s local neighborhood, is widely leveraged (He et al.
2023; Wang et al. 2024). Especially, it has demonstrated its
effectiveness in homophilic graphs, where similar nodes are
likely to be connected (Guo et al. 2023).
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However, excessively relying on graph convolution can
be suboptimal, particularly in non-homophilic graphs where
dissimilar nodes are frequently connected. This limitation
arises since graph convolution inherently promotes similarity
in the embeddings of adjacent nodes, leading to highly similar
embeddings for dissimilar nodes that are frequently linked.

While adjusting the degree of graph convolution usage has
been widely studied in supervised settings, it remains largely
underexplored in unsupervised scenarios. In supervised set-
tings, specialized GNN architectures learn an adequate degree
of graph convolution based on the downstream supervision.
However, such supervision is absent in unsupervised learning
settings, making it challenging to adjust the adequate degree
of graph convolution usage.

To address this, we propose FUEL (Feature-centric
Unsupervised node rEpresentation Learning), a novel un-
supervised node representation learning method designed
without homophily assumption. In a nutshell, FUEL adap-
tively determines the degree of graph convolution usage to
increase intra-class similarity and inter-class separability in
the embedding space. Since explicit class information is un-
available, FUEL relies instead on node features, which offer
class-relevant information independent of the graph topology.
Specifically, nodes with similar features are expected to be-
long to the same class, naturally forming a distinct cluster
in the feature space. Building on this basis and a special-
ized clustering scheme, FUEL learns the degree of graph
convolution that coheres each cluster while separating dif-
ferent clusters—a strategy backed by both theoretical and
empirical evidence. Subsequently, FUEL refines node embed-
dings from the selected level of graph convolution to further
enhance separability among clusters.

Through extensive experiments including 15 baseline
methods and 14 real-world benchmark graph datasets, we
demonstrate the effectiveness of FUEL in two widely studied
node-level downstream tasks: node classification and cluster-
ing. Notably, the superiority of FUEL holds across graphs
with various graph-level homophily, achieving the best node
classification and clustering performance on both the least
homophilic (Texas) and the most homophilic (Photo) graphs.
Our key contributions are summarized as follows:

* We introduce a clustering-based proxy for class separability
applicable in unsupervised settings and demonstrate its
effectiveness both empirically and theoretically (Section 3).



» We present FUEL, a novel unsupervised node representa-
tion learning method that adaptively learns the adequate
degree of graph convolution through clustering (Section 4).

* We validate the effectiveness of FUEL through extensive
experiments, demonstrating its superiority over baseline
methods in 10 out of 14 settings (Section 5).

For reproducibility, code and datasets are available at https:
//github.com/kswoo097/unsupervised-non-homophilic.

2 Related Work and Preliminary

In this section, we provide the preliminaries of our research
and review the relevant literature.

2.1 Preliminary
A graph G = (V, &, X) is defined by a set of nodes V =

{v1,v2, -+ vy}, a set of edges & C (‘2)) and a node

feature matrix X € RIVI*4, Bach edge ¢; € £ is a node
pair, and edges can also be represented by an adjacency
matrix A € {0,1}/VI*VI, where A;; = 1 if and only if
{vi,v;} € €. Each node v; € V is equipped with a feature
vector x; € R?, which together form the node feature matrix
X, where the i—th row of X is x;. Therefore, a graph can
alternatively be written as G = (X, A).

2.2 Related Work

Unsupervised node representation learning. Early unsuper-
vised node representation learning methods primarily focus
on encoding the topological structure of a given graph (Per-
ozzi, Al-Rfou, and Skiena 2014; Grover and Leskovec 2016).
On the other hand, recent approaches focus on the inte-
gration of node features and graph topology through self-
supervised learning (Velickovi¢ et al. 2019; Thakoor et al.
2021). Typically, they use (1) contrastive approaches that con-
trast nodes across different views (Hassani and Khasahmadi
2020; You et al. 2020) or (2) generative approaches that recon-
struct masked node features (Hou et al. 2022, 2023) and/or
edges (Li et al. 2023; Kim et al. 2024). Recent work adapts
these approaches to perform well even in non-homophilic
graphs, where nodes with dissimilar features and/or structural
properties are often connected. (Liu et al. 2023; Wang et al.
2024). Some of them leverage multiple graph filters and con-
trast the embeddings obtained through different filters (Chen,
Lei, and Wei 2024). Another line of work focuses on filtering
non-homophilic edges using feature and/or topological simi-
larity, followed by the application of existing self-supervised
learning techniques (Yang and Mirzasoleiman 2024).
Adjusting the degree of graph convolution usage. In (semi-
)supervised graph learning, adjusting the degree of graph
convolution has been widely explored, often through the de-
sign of specialized graph neural networks (GNNs) (Zheng
et al. 2022; Yu et al. 2024). Notably, GPR-GNN (Chien et al.
2021) and GADC (Luan et al. 2022) achieve this by learn-
ing a distinct coefficient for each k-th power of the normal-
ized adjacency matrix used in graph convolution. However,
since these coefficients are tuned by minimizing downstream
task losses (e.g., cross-entropy for node classification), learn-
ing the adequate degree of graph convolution usage remains
largely unexplored in unsupervised settings.
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Clustering-based learning. Clustering, a process of group-
ing data based on their characteristics, has effectively guided
unsupervised, particularly self-supervised, representation
learning in computer vision (Khorasgani, Chen, and Shkurti
2022; Walawalkar and Garrido 2024). These approaches
typically cluster visually similar images and enable image
encoders to capture these similarities through pseudo-label
classification (Asano, Rupprecht, and Vedaldi 2020) and/or
contrastive learning (Caron et al. 2020).

3 Proposed Proxy for Class Separability

Recall that the core idea of FUEL, our proposed method,
is to learn an adequate degree of graph convolution usage
that increases the embeddings’ ability to distinguish classes,
which we call class separability. In this section, we introduce
its proxy: latent-class separability. We begin by presenting
the high-level motivation and concept of latent-class separa-
bility (Section 3.1), and then demonstrate its effectiveness as
a proxy for class separability (Section 3.2).

3.1 Motivation

Goal and challenge. As discussed above, we regard ade-
quate graph convolution usage as one that improves class
separability in the embedding space. This property makes the
learned embeddings well-suited for various popular down-
stream tasks, including node classification and clustering.
However, since we consider unsupervised settings, we are
not given any node labels. Therefore, we need a proxy mea-
sure for class separability.

Proposed proxy. We tackle this challenge by focusing on
node features, which inherently reflect node classes. Nodes
of the same class tend to share similar features, while those
from different classes exhibit distinct ones. Therefore, nodes
naturally form clusters in the feature space, which we term
latent classes. With an adequate degree of graph convolution,
features within the same class likely become more similar,
enhancing the separability of latent classes. Based on this,
we claim that latent-class separability—the degree to which
each latent class is internally cohesive and distinct from oth-
ers—can serve as an effective proxy for class separability.

3.2 Effectiveness of Latent-Class Separability

In this subsection, we first empirically show, using real-world
graph datasets, that latent-class separability can serve as an
effective proxy for class separability. We then give a theoreti-
cal justification for using latent-class separability as a proxy
for class separability by proving that, under some conditions,
latent-class separability is equivalent to class separability.

Empirical analysis setup. We analyze the correlation be-
tween class separability and latent-class separability across
different degrees of graph convolution usage. To this end,
we control the degree through the following graph convolu-
tion function, which produces node embeddings Z € RIVI*d
as: Z = apX + a1 AX + asA2X, where A and A2 de-
note the row-wise normalized versions of A and A2, respec-
tively; the coefficients satisfy 0 < a; < 1,Vi € {0,1,2},
and Z?:o a; = 1. We obtain 100 embeddings with varying
degrees of graph convolution by, for each embedding: (1)
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Figure 1: Effectiveness of latent-class separability as a proxy for class separability. Varying the graph convolution coefficients
induces different degrees of graph convolution usage in the embeddings, which in turn leads to varying class separability. Notably,
latent-class separability, our proposed proxy, strongly correlates with the actual class separability.

sampling three scalars uniformly at random from [0, 1], (2)
normalizing them by dividing each by their sum, and (3) as-
signing the resulting values to «g, 1, and aq, respectively.
In Section D.6 of the supplementary material, we further
analyze representative graph convolution functions. !

We measure the class separability of an embedding by
training a linear classifier on that embedding and report-
ing its accuracy on test nodes; additional metrics that di-
rectly use node labels are in Appendix D.11 of (Kim et al.
2026), yielding the same result. In contrast, we measure the
latent-class separability by using the Calinski-Harabasz in-
dex (Califiski and Harabasz 1974), an unsupervised cluster
quality metric that measures the ratio of mean inter-latent-
class distance to mean intra-latent-class distance. Details on
the Calinski—Harabasz index and its computation are pro-
vided in Section D.2 of the supplementary material. We use
two homophilic graphs (Cora and Citeseer) and two non-
homophilic graphs (Actor and Cornell), whose details are
provided in Section B of the supplementary material. Nodes
are split into 10% for training and 90% for testing.
Empirical analysis result. As shown in Figure 1, the latent-
class separability of the embeddings is strongly and positively
correlated with their class separability. Specifically, across
both homophilic and non-homophilic datasets, (1) Spearman
rank correlation values exceed 0.82, and (2) the fitted linear
regression lines have positive slopes. These results suggest
that latent-class separability is an effective proxy for class
separability in real-world graph datasets.

Theoretical analysis setup. We theoretically show that under
certain conditions, if one degree of graph convolution usage
yields greater class separability than another, the same order-
ing holds for their latent-class separability. We consider two
non-empty, disjoint node sets Co U C; = V of equal size (i.e.,
|Co| = |C1]), with each set corresponding to a distinct class.
Node features x;, Vv, € V are generated from a Gaussian

'We analyze APPNP (Gasteiger, Bojchevski, and Giinnemann
2019) and GPR-GNN (Chien et al. 2021), and the results obtained
using them are consistent with those presented in Section 3.2. De-
tailed results are in Section D.6 of the supplementary material.
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distribution, based on the class to which each node belongs.
2 Formally, the following holds: z; ~ N (i1, 02),Vv; € Co
and z; ~ N (—p,0?) for v; € Cy. Each node v; has n neigh-
bors, denoted by N (v;) C V, of which g belong the same
class of v; and ny = n — ng belong to a different class.
We define the embedding of v; obtained via graph convo-
lution as z; = ((1 —w)z; +wi (ZWGN(W) xj>) where
w € [0, 1] denotes the degree of graph convolution usage.
We denote the class separability of z as CS(z;n, ng, w),
which is defined as one minus the Bayes error rate of the
Bayes classifier (Bishop and Nasrabadi 2006) using the corre-
sponding feature as an input (i.e., E,[I[P(v; € C(v;)|z;) >
P(v; ¢ C(v;)|z)]], where C(v;) is the class of v; and
P(v; € C|x;) represents the probability assigned by the
Bayes classifier that v; belongs to the class C(v;), given its
embedding z;). In addition, we denote the latent-class separa-
bility of z as LCS(z; n, ng, w), which extends the Calinski-
Harabasz index (Califiski and Harabasz 1974) as follows:

(Ey[2i]vi € Co] — Eplzi|vi € C1])? 0
Ey [(zi —E[zi|vi €Co])?|vi ECol4+Ee [(2: —E[zi|vs €C1])2|vi€Ca] *
2

Theoretical analysis result. Our theoretical finding is sum-
marized in the following theorem:

Theorem 1 (Effectiveness of latent-class separability). If
ng = n or w,w € [max(zfl__zzfl"o,O), 1] hold, the follow-
ing holds: CS(z;n,ng,w) > CS(z;n,ng,w’) if and only if
LCS(z;n,ng,w) > LCS(z;n, ng, w').

Proof. Refer to Section A of (Kim et al. 2026). O]

As shown in Theorem 1, the ordering of class separability
between two degrees of graph convolution usage holds if and
only if the same ordering holds for their latent-class sepa-
rability, given that certain conditions for w and w’ are met.

“While our theoretical analysis focuses on two uniform-sized
classes for an intuitive and rigorous theoretical analysis, we empir-
ically demonstrate in Figure 1 and Appendix D.10 of (Kim et al.
2026) that latent-class separability remains an effective proxy for
class separability in multi-class, imbalanced real-world graphs.



This theoretical result supports the effectiveness of latent-
class separability as a proxy for class separability, indicating
that the degree of graph convolution usage leading to better
class separability can be effectively inferred from latent-class
separability—especially in unsupervised settings.

4 Proposed Method

In this section, we introduce FUEL (Feature-centric
Unsupervised node rEpresentation Learning), a novel un-
supervised node representation learning method. Building
on the analyses provided in Section 3, FUEL learns the ap-
propriate degree of graph convolution usage by aiming to
enhance the latent-class separability. To this end, FUEL lever-
ages clusters identified by a specialized clustering scheme
(Section 4.1) as latent classes. Then, FUEL further enhances
the latent-class separability of node embeddings from the
selected degree of graph convolution usage through an addi-
tional refinement step (Section 4.2). Refer to Figure 2 for a
pictorial overview of FUEL.

4.1 Step 1: A Specialized Clustering Scheme

FUEL employs a specialized clustering scheme to learn the
adequate degree of graph convolution usage. In this scheme,
an adaptive graph convolution model is employed, containing
learnable parameters that directly control the impact of graph
convolution on the resulting node embeddings. These learn-
able parameters are optimized to maximize the separability
of clusters in the resulting embedding space.

Adaptive graph convolution model. As an adaptive graph
convolution model, we use Eq. (2), where a learnable weight
is assigned to each graph-convolution-based embedding term:

X* = (X + a1 AX + agAQX) e RVIxd, ()

where ag, a1, as € [0,1] and ag + a1 + a2 = 1 hold, and
X denotes the node feature matrix provided by the dataset.
Note that Eq. (2) has the same functional form of the graph
convolution function used in Section 3. We learn three scalars
co, C1,C2 € R, which become «g, a1, as € R via the softmax

function (i.e., af, = %,Vk € {0,1,2}).

Training for clustering. Our goal is to optimize the learnable
weights in Eq. (2). To this end, inspired by entropy-based
deep clustering methods in computer vision (Ghasedi Dizaji
et al. 2017; Zhao and Mac Aodha 2023; Huang, Gong, and
Zhu 2020), we incorporate entropy-based losses designed to
achieve the following objectives: ensuring each node has a
high cluster-assignment score to a single cluster (£1), and
encouraging the expected cluster assignment distribution to
be close to uniform over clusters to prevent nodes from col-
lapsing into a single cluster (Ls). Furthermore, based on
our analyses in Section 3, we employ a distance loss to in-
crease the mean inter-group distances over the mean intra-
group distances, enhancing the separability of the group (L3).
Specifically, each c—th cluster has a learnable centroid vec-
tor, denoted by t. € RY, and the cluster-assignment score
of node v; to the c—th cluster, denoted by p;, is defined as:

*\T
Pic = 5= e?ﬁ(é:; ()(xic))Tt y» Where C'is the number of clusters.
ke[C k c
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Then, each loss is defined formally as follows:

1
L= _m Z Z Dic log pic, 3
v; €V c€[C]
1
Ly = Z De Ingca where p. = m Z Dic, 4
ce[C] v; €V
d(x},x%) d(x;,x;
L3 = exp( Z Tﬂj - Z W)’ ©)

v;,v; EVT Vg,V EV T

where e is an exponential function, d(x,y) = ||x — y||2,
Vvt o= {{onu} 2 T) = T) {viv} € (D))
T(vi) = argmax.¢ (| Pic> and V™ = (‘2/) \ V*. The fi-
nal clustering loss is defined as L.,s = £1 + L2 + AL3,
where ) is a loss coefficient for the distance loss term. All
parameters (i.e., ¢g, ¢1, ¢ and t., Ve € [C]) are optimized
using gradient descent aiming to minimize L.,s. After clus-
ter training, using optimized weights, which are denoted as
o, o, and o, we derive intermediate embeddings H as:

H = (T + ot A + a3 A2)X € RIVIX4, (6)

4.2 Step 2: Improving Latent-Class Separability

Recall that our adaptive graph convolution model (Eq. (2)) is
designed to learn an adequate degree of graph convolution
usage. However, due to its simplicity (i.e., limited expressive-
ness), it may not be optimal for producing embeddings that
maximize latent-class (i.e., cluster) separability. To enhance
latent-class separability, we refine the intermediate node em-
beddings H (Eq. (6)) obtained from Step 1 (Section 4.1)
using a refinement model.

Refinement model. As a refinement model that transforms
the intermediate embeddings H into the final embeddings
Z, we use a feed-forward neural network fy. Moreover, a
skip connection technique is incorporated to preserve the
essential information encoded in H. Consequently, the final
node embeddings Z are defined as Z = fy(H) + H. During
refinement, the intermediate embeddings H remain fixed, and
only the parameters 6§ of the refinement model are optimized.
Training for refinement. Given intermediate node embed-
dings H, we enhance their cohesion within each latent class
(i.e., each cluster) while ensuring distinctiveness between
different latent classes. Specifically, we enhance the simi-
larity of embeddings for nearest neighbors in the interme-
diate embedding space (i.e., H space) since they are likely
to belong to the same latent class due to the latent-class
separability in the H space. Formally, we denote a set of
N nearest neighbors of each node v; in the H space as
V!. In addition, the set of nearest node pairs is denoted as
Vi = {{vi,v;} : v; € V{,v; € V} and a set of negative
pairs is denoted as V' = () \ V. We train fy to decrease
the distance between node pairs in V', and increase the dis-
tance between node pairs in V.

As the objective function, we employ an exponential func-
tion, resulting in the overall loss function being a geometric
average. We provide a detailed description of the advantage of
using this loss function in Section D.3 of the supplementary
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Figure 2: Overview of FUEL. FUEL consists of two steps.

In Step 1, FUEL learns an adequate degree of graph convolution

usage through the proposed clustering scheme and an adaptive graph convolution model. In Step 2, FUEL improves the cohesion
of each latent class while preserving its distinction from others through embedding refinement.

material. Formally, the overall loss function for refinement is
defined as follows:

d(zi, z; d(zy, ze
Law=e( Y Mozl 5 domd) )
. TV . TV
vi,vj€V+ Vg,V €V

where d(x,y) = ||x — y||2 and 7 is a temperature hyperpa-
rameter. The parameters of the refinement model are trained
using gradient descent aiming to minimize Lg;s: (Eq. (7)).
We provide a complexity analysis of FUEL in Section D.4 of
the supplementary material.

S Experiments

In this section, we evaluate the effectiveness of FUEL in sev-
eral downstream tasks. To this end, we answer the following
four research questions:

* RQ1. How effective are the node embeddings obtained by
FUEL in the node classification task?

* RQ2. How effective are the node embeddings obtained by
FUEL in the clustering task?

* RQ3. Does FUEL achieve its design goal?

* RQ4. Are all the key components of FUEL essential for
achieving high performance?

5.1 Experimental Settings

Datasets. We evaluate FUEL on 14 real-world graph datasets,
comprising 8 non-homophilic graphs (edge homophily (Zhu
et al. 2020) < 0.5) and 6 homophilic graphs (edge homophily
> 0.5). These datasets span seven diverse domains, with vary-
ing sizes (ranging from 183 to 167,343 nodes) and a wide
range of homophily levels (edge homophily from 0.11 to
0.85).3 Additional dataset details and results for other ver-
sions of certain datasets (Chameleon and Squirrel) are in
Section B and D.9 of (Kim et al. 2026), respectively.

Baseline methods. For comparison, we use input node fea-
tures alone (denoted as Naive X) and 14 unsupervised node
representation learning baseline methods. These consist of 4
contrastive learning approaches (denoted as CL), 3 generative

3For large-scale graphs with |V| > 4 x 10*, we employ sev-
eral scalable techniques, which are detailed in Section D.5 of the
supplementary material.

self-supervised learning approaches (denoted as Gen), and 7
non-homophilic graph unsupervised representation learning
approaches (denoted as Non-homophilic). Each category
consists of the following:

e CL: DGI (Velickovi¢ et al. 2019), GraphCL (You et al.
2020), MVGRL (Hassani and Khasahmadi 2020), and
BGRL (Thakoor et al. 2021).

* Gen: GAE (Kipf and Welling 2016), GraphMAE (Hou
et al. 2022), and MaskGAE (Li et al. 2023).

¢ Non-homophilic: HGRL (Chen et al. 2022), DSSL (Xiao
et al. 2022), GREET (Liu et al. 2023), NeCo (He
et al. 2023), PolyGCL (Chen, Lei, and Wei 2024), Het-
erGCL (Wang et al. 2024), and HLCL (Yang and Mirza-
soleiman 2024).

Training and evaluation. To assess each method, we first
obtain node embeddings using it, and then we use the embed-
dings as input features to perform downstream tasks, specif-
ically node classification and clustering. Moreover, we pro-
vide qualitative analysis via embedding visualizations in Ap-
pendix D.14 of (Kim et al. 2026). For FUEL, we choose the
number of clusters to equal the number of node classes in the
dataset; Appendix D.12 of (Kim et al. 2026) further confirms
that FUEL is not sensitive to this choice. For training/vali-
dation/test splits, we use fixed splits provided in PyG (Fey
and Lenssen 2019). For datasets where fixed splits are not
provided in PyG, we follow the node partitioning strategy
proposed in the original works that introduced these datasets.
Further details for the splits are in Section B.3 of the supple-
mentary material. For each dataset—method pair, we run 10
trials, varying the model initialization and dataset splits. If
a dataset provides only a single fixed split, we use the same
split for all experiment trials. We perform the hyperparame-
ter tuning with the validation set and use the configurations
that give the best validation performance for the evaluation.
Further details regarding the hyperparameter tuning are in
Section C.2 of the supplementary material.

5.2 RQ1. Node Classification Results

In this section, we evaluate the effectiveness of each method
in the node classification task.

Settings. We train an MLP classifier using node embedding
obtained by each method as input features and cross-entropy
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| Datasets |Squirrel ~Actor

Wis.  Cornell Texas Cham. Penn94 Flickr Cora Citeseer Pubmed Photo Comp.

Arxiv |AR.

| Homophily | 0.217

0220 0.155 0.111 0.057 0247 0483 0322 0825 0.717 0.792 0.849 0.802

0.635 | -

| Naive X [34.0 (1.9) 35.4 (0.9) 79.0 (5.0) 71.1 3.4) 75.1 (4.9) 49.8 (1.3) 73.7 (0.4) 49.9 (0.1) 58.5 (0.7) 59.0 (1.8) 72.8 (0.1) 88.5 (0.5) 81.8 (0.6) 58.9 (0.1)| 14.0

DGI
GraphCL
MVGRL

BGRL

CL

42.2 (1.2) 29.8 (1.5) 58.6 (6.0) 48.9 (6.8) 65.9 (4.6) 59.8 (2.5) 67.6 (0.8) 51.8 (0.3) 82.4 (0.6) 71.4 (1.4) 79.4 (0.8) 92.8 (0.6) 87.5 (0.5) 71.2 (0.3)
49.1 (1.0) 30.7 (0.6) 60.6 (6.6) 42.4 (7.8) 65.0 (4.8) 64.5 2.6) O.0.M. O.0.M. 82.4 (0.8) 71.3 (0.9) [BBHNES) 93.0 (0.5) 0.0.M.
49.1 (1.0) 30.0 (1.4) 69.7 (4.6) 47.8 (6.7) 69.7 (4.6) 57.1 2.2) O.0.M. 51.6 (0.3) 82.0 (1.2) 72.1 (0.8) 78.8 (0.9) 93.0 (0.4) 88.0 (0.5) O.0.M.
55.0 (0.6) 30.9 (1.2) 59.4 (6.2) 49.2 (5.0) 64.3 (3.8) 66.8 (1.8) 74.2 (0.7) 53.1 (0.1) 82.1 (1.2) 71.2 (0.6) 81.0 (0.1) 93.2 (0.3) 90.0 (0.1) 71.8 (0.2)

11.7
10.3
12.1
8.4

GAE
GraphMAE
MaskGAE

Gen

47.8 (1.7) 30.3 (0.8) 54.3 (7.0) 43.5 (1.1) 67.0 (5.5) 57.9 2.1) O.0O.M. 0.0.M. 81.9 (1.0) 69.1 (1.3) 76.6 (1.6) 89.0 (0.3) 93.0 (0.3) O.0.M.
45.8 (1.0) 29.8 (1.0) 59.6 (6.1) 50.8 (8.3) 65.9 (7.6) 66.2 (2.4) 59.1 (0.4) 51.7 (0.2) 83.5 (0.9) 73.0 (1.0) 80.8 (1.0) 92.6 (0.3) 88.8 (0.6) 71.3 (0.3)
48.0 (1.0) 29.0 (1.4) 60.4 (0.0) 46.8 (7.4) 70.5 (5.6) 64.6 (1.4) 63.5 (0.5) [SB2MOB) 82.6 (0.9) 71.4 (0.7) 80.4 (1.8) 93.8 (0.3) 89.6 (0.8) 70.7 (0.1)

14.0
9.7
9.5

HGRL
DSSL
GREET
NeCo
HLCL
PolyGCL
HeterGCL

Non-homophilic

46.3 2.1) 37.3 (1.0) 82.2 (3.1) 74.4 (4.9) 83.4 (5.8) 61.1 (1.9) O.0O.M. 0.0.M. 80.2 (0.7) 70.7 (1.1) 78.8 (0.8) 92.8 (0.1) 88.1 (0.3) O.0.M.
53.5 (1.4) 29.2 (1.1) 60.0 (5.3) 45.1 (7.6) 64.1 (4.5) 68.5 2.1) O.0.M. O.0.M. 82.0 (0.8) 66.0 (1.3) 77.3 (1.4) 92.8 (0.3) 89.7 (0.3) O.0.M.
49.2 2.0y 37.6 (1.3) 84.1 (4.3) 76.8 (4.4) 81.1 (5.7) 62.8 (1.3) . 83.30.5) 72.5 (0.8) 79.2 (0.7) 92.8 (0.3) 88.3 (0.3)
45.3 (1.3) 30.5 (1.1) 56.4 (5.4) 54.3 (6.2) 63.5 (5.0) 58.3 (2.3) . 82.3(0.8) 68.5 (1.2) 80.7 (0.7) 92.4 (0.2) 89.1 (0.3)
41.3 (1.7) 28.7 (1.2) 60.2 (4.4) 44.5 (7.2) 58.4 (3.7) 53.1 2.4) . 81.1 (1.2) 70.3 (0.7) 80.2 (1.3) 91.5 (0.3) 87.3 (0.3)
56.7 (1.5) 35.0 (1.0) 83.3 (3.1) 74.8 (6.2) 80.5 (6.3) 70.7 (2.1) . 82.6(1.2) 71.9 (0.7) 78.8 (1.0) 91.3 (0.4) 87.4 (0.6)
42.1 (1.1) 36.5 (1.4) 82.4 (3.6) 71.6 (4.1) 78.9 (5.6) 58.9 (1.7) . 82.51.0)71.9 (1.1) 81.5 (0.6) 93.0 (0.3) 87.6 (0.6)

10.6
13.0
7.8

131
1155

9.1
9.2

w/o Step 1
w/o Step 2
w/o SK
w/o Exp

Variants

46.6 (1.4) 34.2 (0.8) 64.3 (7.3) 54.9 (6.4) 63.2 (5.6) 52.1 2.0) 74.3 (0.5) 50.8 (0.1) 83.5 (0.2) 73.3 (0.6) 79.4 (0.5) 93.9 (0.4) 90.1 (0.3) 71.7 (0.2)
56.6 (1.7) 36.2 (0.9) 79.0 (5.2) 70.8 3.8) 75.1 (5.0) 70.7 (1,6)-51.0 0.3) 78.9 (0.8) 67.4 (0.7) 77.0 (0.2) 94.0 (0.3) 88.9 (0.3) 71.7 (0.2)
64.8 (0.8) 34.4 (0.7) 86.7 (3.6) 76.2 (4.0) 77.8 4.2) 72.4 2.0) 71.6 (0.4) 50.4 (0.3) 82.7 (0.7) 73.4 (0.7) 79.3 (0.5) 93.9 (0.4) 89.9 (0.4) 71.2 (0.6)
64.6 (1.0) 35.2 (1.1) 85.9 (2.7) 75.4 (4.8) 78.1 (4.4) 72.2 (1.6) 73.9 (0.3) 50.7 (0.1) 81.6 (0.8) 72.1 (0.8) 78.9 (0.4) 94.1 (0.3) 89.7 (0.4) 71.8 (0.2)

FUEL (6520073820 876 G R0 BE6E0IB0ME) 746 05 51.1 0.7 BEBSITAN0S) 79.6 . DB 9.1 . FZOW0]2a]

Table 1: Node classification performance. Mean and standard deviation of test accuracy values (x 100) in the node classification
task are reported. The best and second-best performances are highlighted in green and yellow colors, respectively. A.R. and
0.0.M. denote average ranking and out-of-GPU memory, respectively. 0.0% indicates a value smaller than 10~#. FUEL achieves

the best average ranking among the 16 compared methods.

as the loss function. The MLP classifier is then used to mea-
sure test accuracy on node classification tasks. Further results
using (1) linear classifiers and (2) noisy features are in Ap-
pendices D.7 and D.13 of (Kim et al. 2026), respectively.
Results. As shown in Table 1, FUEL achieves the best av-
erage ranking among 16 methods, demonstrating its effec-
tiveness in learning representations for node classification.
Notably, FUEL performs overall best on graphs with diverse
graph-level homophily, achieving the best performance on
both the least homophilic graph (Texas) and the most ho-
mophilic graph (Photo).

5.3 RQ2. Clustering Results

In this section, we evaluate the effectiveness of each method
in the node clustering task.

Settings. For each unsupervised node representation learning
method, we cluster the learned embeddings using K-Means,
setting K to the number of unique labels in the dataset. We
then compute the Normalized Mutual Information (NMI)
between the resulting clusters and the ground-truth node
labels, and regard this NMI score as the measure of clustering
performance, following Wang et al. (2024). Additional results
using the Adjusted Rand Index (ARI) metric are presented in
Section D.8 of the supplementary material.

Results. As shown in Table 2, FUEL achieves the best aver-
age ranking among 16 methods, demonstrating that FUEL’s
effectiveness extends beyond node classification to cluster-
ing. Consistent with its performance in node classification,
FUEL achieves the best results on both the most and least
homophilic graphs, further confirming its adaptability across
diverse homophily levels in clustering tasks.
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(a) Learned degree of graph convolution usage in Step 1 of FUEL
(i.e., weights within the intermediate embeddings).
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(b) Latent-class separability of the intermediate embeddings (before
refinement) and the final embeddings (after refinement).

Figure 3: Achievement of the design goals of FUEL. (a)
demonstrates that FUEL adaptively learns the degree of graph
convolution usage according to the level of graph homophily.
(b) demonstrates that the refinement step of FUEL enhances
the latent-class separability of embeddings.

5.4 RQ3. Achievement of Design Goals

In this section, we evaluate whether FUEL meets its design
objectives on real-world graphs.

Settings. We aim to evaluate whether FUEL (1) adaptively
learns the degree of graph convolution usage (Section 4.1)



| Datasets |Squirrel Actor ~ Wis. Cornell Texas

Cham. Penn94 Flickr  Cora

Citeseer Pubmed Photo Comp. Arxiv |AR.

|Homophily| 0217 0220  0.155 0.111  0.057 0.0

0.483

0322 0825 0717 0792 0849 0802 0635 | -

\ Naive X \0.0 0.0) 5.4 04) 32.824) 9.208) 17.16.6) 9.1 26) 1.8 0.9 1.0 0.0% 18.6 (3.4) 20.6 (2.6) 31.0 (0.0%) 13.6 (1.4) 12.3 (12) 21.9 (0.1)\ 12.9

DGI 6.8 (0.2) 0.1 (0.0%) 14.3 2.3) 11.9 (1.6) 18.3 2.0) 14.3 (1.0) 1.8 (0.0%) 6.7 (0.5) 54.4 (1.1) 38.6 (1.4) 16.5 (1.4) 48.2 2.2) 43.2 (1.7) 35.3 (04)|11.3

| GraphCL [6.6 02) 0.50.0) 13.1 2.2) 10.5 23) 16.1 (2.3) 13.7 (0.6) O.0.M. O.0.M. 58.2 (1.5) 43.3 (0.9) 33.5(1.1) 53.7 (2.8) 47.5 (1.9) O.O.M. | 10.6
O| MVGRL |6.0 04) 0.1 0.0%) 13.51.9) 7.0 (1.7) 22.3 (1.1) 12.5©0.6) O.0O.M. 6.8 (0.5 58.1 (1.2) 44.2 (0.8) BB 46.5 3.0) 40.3 2.7) 0.0.M. [10.9
BGRL |55 058 1.004) 12.32.5) 10.0 (1.2) 15.8 (0.9) 14.7 (0.5) 1.4 (0.3) [1.2(0:3)155.0 (3.2) 43.2 (1.0) 32.5(1.2) 51.8 (3.4) 40.0 (1.0) 34.3 (1.1)| 11.3

= GAE 7202 1.501) 8108 11.60.8 17.13.3) 14.40.8) O.0.M. O.0.M. 45.5 (49) 33.8 42) 28.5 (1.1) 45.1 (1.0) 38.0 (0.5) O.O.M. |13.2
5 GraphMAE| 6.8 (0.3) 1.4 (0.0) 16.7 (1.1) 16.5 (1.0) 19.7 2.0) 14.9 (0.6) 1.7 (0.0%) 4.7 (0.1) 56.5 (1.2) 44.3 (0.9) 25.7 (1.0) 53.4 (4.1) 32.8 (6.9) 22.2 (1.2)| 9.2
MaskGAE | 7.2 0.7) 1.2 .1) 10.9 2.1y 7.0 a.1) 19.4 22) 14.7 0.5) 0.7 (0.1) 5.5 (0.5) 55.5 (2.8) 42.9 (0.6) 14.3 54) 51.6 (2.7) 33.4 (4.1) 36.4 (0.5)|11.8

) HGRL |8.20.1) 5.9 0.5 36.2 (1.6) 40.1 (3.9) 38.5 3.3 219704 O.0O.M. O.0O.M. 51.3 (1.8) 42.4 (1.5) 25.2 2.7) 50.2 2.0) 46.8 2.0) O.O.M. | 8.5
E DSSL 6.6 (0.7) 1.8 (0.2) 12.1 (1.9) 10.5 (1.4) 16.6 (2.2) 15.2 (0.4) O.O.M. O.0.M. 54.3 (2.6) 33.7 (1.7) 15.6 4.4) 69.9 (0.9) 47.2 2.8) O.O.M. |12.2
2| GREET |6.2(03) 5.9 (0.5 43.7 28) 40.0 2.0) 37.5 2.0) 21.6 0.5) O.0.M. O.0.M. 57.3 (1.7) 43.4 (1.8) 24.8 (0.6) 55.5 (1.4) 41.1 1.3) O.0O.M. | 8.1
g NeCo 5.2 04) 0.3 0.0% 12.7 (1.1) 17.9 (0.3) 17.9 (1.4) 13.2 (1.6) O.O.M. O.0O.M. 34.0 (1.0) 16.9 2.8) 32.1 (1.4) 39.1 (1.6) 32.5 1.8) O.O.M. |14.7
<| HLCL |[6.303) 0.602) 12.8(0.2) 10.4 4.8) 17.9 2.2) 14.4 (1.2) O.0O.M. 0.0.M. 55.6 (1.7) 40.4 (0.7) 16.8 (0.2) 55.7 (2.9) 46.1 (05) O.O.M. |12.4
g PolyGCL |7.8 (0.4) 4.3 (0.7) 44.8 3.0) 19.8 (54) 34.9 3.3) 19.4 (0.5) O.0O.M. O.0.M. 35.8 3.6) 12.4 (2.8) 28.0 (0.9) 42.2 (1.5) 34.0 3.9 O.O.M. |10.7
Z. | HeterGCL | 5.4 0.1) 3.3 (1.1) 27.0 4.8) 18.1 2.2) 23.1 (1.2) 15.3 42) O.O.M. O.0O.M. 51.0 2.2) 41.5 (1.1) 32.3 (0.3) 56.7 2.6) 47.4 1.2) O.O.M. | 9.6
@ w/o Step 1 |4.4 0.1) 0.8 0.1) 17.4 2.9 12.4(0.5) 14.3 (1.7) 14.1 (1.0) 0.9 (0.0%) 2.4 (0.0%) 55.9 (0.9) 43.0 (1.9) 31.7 (0.6) 71.0 (0.9) 53.2 (0.2) 38.2 (0.9)| 9.5
S| w/oStep2 |5.6 05 5.4 ©.1) 43.428) 35.13.3) 34.03.6) 9.501.2) 0.8 0.0 2.3(0.2) 48.4(0.1) 40.9 (1.8) 30.6 (0.1) 66.2 0.9) 47.4 (1.5) 37.1 0.1)] 9.3
'g w/o SK 8.3 0.3) 5.7 (0.4) 47.7 (0.5 [8E0:1) 39.5 2.0) 17.3 (1.4) 1.4 0.1) 2.0 0.1) 52.6 (0.9) 44.6 (0.1) 26.0 2.1) 71.1 (0.1) 53.5 (0.3) 39.6 (0.3)| 4.9
Z| w/loExp |8.8(04) 1.6(0.6) 45.6(1.3)43.504)40.4 (0.3) 10.4 0.1) 1.2 (0.0 1.9 (0.1) 56.1 0.6) 42.5 (0.9) 29.1 2.5) 70.9 (0.3) 53.2 (0.5) 40.0 (0.1)| 6.4
\ FUEL \9.5 0:2) 6.7 (0:1) 50:1°(0:9) 43.8 (0.6) [ 40:872:0) 16.8 (1.4) [IR9T0:0%) 2.2 (0.0+) [59:0(0:3) 46:1(0:3)| 30.7 (0.4) [T1:3(0:2) 544 (0:3) 40.3 (0.1)\ 24

Table 2: Clustering performance. Mean and standard deviation of NMI (Normalized Mutual Information) values between the
estimated clusters and the ground-truth clusters (x 100) are reported. The best and second-best performances are highlighted in
green and yellow. A.R. and O.0.M. denote average ranking and out-of-GPU memory, respectively. 0.0* indicates a value smaller
than 10~*. FUEL achieves the best average ranking among the 16 compared methods.

and (2) enhances the latent-class separability of embeddings
through refinement (Section 4.2). For the first goal, we ana-
lyze the learned weights in the intermediate embeddings H
(Eq. (6)): the weight of X («)), the weight of AX (a7), and
the weight of A2X (a3). This analysis is conducted on both
homophilic graphs (Cora and Citeseer) and non-homophilic
graphs (Actor and Cornell) to verify whether each weight is
adaptively learned based on the respective graph’s homophily
level. For the second goal, we compare the latent-class sepa-
rability of the intermediate embeddings (before refinement),
and the final embeddings (after refinement) using the Calin-
ski—Harabasz index, as in Section 3.1.

Results. First, as shown in Figure 3 (a), FUEL adaptively
adjusts the degree of graph convolution based on graph ho-
mophily. Specifically, in homophilic graphs (Cora and Cite-
seer), FUEL assigns a significantly higher sum of weights
to graph-convolution-related terms (AX and AzX) com-
pared to the node features X. In contrast, in non-homophilic
graphs (Actor and Cornell), the weights assigned to graph-
convolution-related terms are reduced to near zero. Second,
as shown in Figure 3 (b), FUEL significantly enhances the
latent-class separability of the embeddings through its refine-
ment step. These results demonstrate that FUEL successfully
achieves its design objectives on real-world graphs with vari-
ous homophily levels.

5.5 ROQ4. Ablation Study

In this section, we assess whether each key component of
FUEL is essential for achieving high performance.

Settings. We use 4 variants: (1) FUEL that does not use the
specialized clustering scheme (w/o Step 1), (2) FUEL that
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does not perform the refinement step (w/o Step 2), (3) FUEL
that does not use skip connection in the refiner (w/o SK), and
(4) FUEL that does not use an exponential function for the
loss (Eq. (7)) (w/o Exp). Details on the variants are provided
in Section C.3 of the supplementary material. We evaluate
each variant in both node classification and clustering, under
the same setting of Section 5.2 and 5.3, respectively.
Results. As shown in Tables 1 and 2, FUEL outperforms its
variants in 10 out of 14 datasets for both node classification
and clustering tasks (see rows corresponding to Variants).
This result highlights the necessity of FUEL’s key modules
in obtaining high-quality node embeddings.

6 Conclusion

In this work, we investigate unsupervised node representation
learning without the homophily assumption. We begin by pro-
viding both theoretical and empirical analyses that highlight
the necessity of adjusting the degree of graph convolution
usage and suggesting an unsupervised method for this ad-
justment (Section 3). Building on these insights, we intro-
duce FUEL, a feature-centric approach that adaptively learns
the adequate degree of graph convolution usage (Section 4).
Through extensive experiments including 15 baseline meth-
ods and 14 benchmark datasets, we demonstrate the effective-
ness of FUEL in both node classification and clustering tasks
(Section 5). As future work, we believe our approach can
be applied to learning node representations on more diverse
graph types, including heterogeneous (Wang et al. 2022; Zhao
et al. 2021) and text-attributed graphs (Yan et al. 2023; Kim
et al. 2025). For reproducibility, code and datasets are in https:
//github.com/kswoo97/unsupervised-non-homophilic.
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