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Abstract

Graph node clustering is a fundamental unsupervised task.
Existing methods typically train an encoder through self-
supervised learning and then apply K-means to the encoder
output. Some methods use this clustering result directly as the
final assignment, while others initialize centroids based on
this initial clustering and then finetune both the encoder and
these learnable centroids. However, due to their reliance on
K-means, these methods inherit its drawbacks when the clus-
ter separability of encoder output is low, facing challenges
from the Uniform Effect and Cluster Assimilation. We sum-
marize three reasons for the low cluster separability in ex-
isting methods: (1) lack of contextual information prevents
discrimination between similar nodes from different clusters;
(2) training tasks are not sufficiently aligned with the down-
stream clustering task; (3) the cluster information in the graph
structure is not appropriately exploited. To address these is-
sues, we propose conTrastive grapH clustEring by SwApping
fUsed gRomov-wasserstein coUplingS (THESAURUS). Our
method introduces semantic prototypes to provide contextual
information, and employs a cross-view assignment predic-
tion pretext task that aligns well with the downstream clus-
tering task. Additionally, it utilizes Gromov-Wasserstein Op-
timal Transport (GW-OT) along with the proposed prototype
graph to thoroughly exploit cluster information in the graph
structure. To adapt to diverse real-world data, THESAURUS
updates the prototype graph and the prototype marginal dis-
tribution in OT by using momentum. Extensive experiments
demonstrate that THESAURUS achieves higher cluster sepa-
rability than the prior art, effectively mitigating the Uniform
Effect and Cluster Assimilation issues.

Extended version — https://arxiv.org/abs/2412.11550

1 Introduction

Graph node clustering (Wang et al. 2024; Liu et al. 2023b) is
a fundamental unsupervised task. Recently, methods based
on Graph Self-Supervised Learning (Graph SSL) (Liu et al.
2022a) have become predominant (Liu et al. 2023b). De-
spite their success, these methods, e.g., Dink-Net (Liu et al.
2023a), heavily rely on K-means (Lloyd 1957; MacQueen
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et al. 1967) to guide the representation learning process
and/or to get the final clustering results, and thus inherit
the shortcomings of K-means. Clusters that contain signifi-
cantly more samples than others are called majority clusters,
and conversely, those with fewer samples minority clusters.
When the input node representations exhibit low cluster sep-
arability, K-means results may show (1) Uniform Effect:
samples from majority clusters being assigned to neighbor-
ing minority clusters (Xiong, Wu, and Chen 2009), and (2)
Cluster Assimilation: minority clusters being merged into
neighboring majority clusters (Lu, Cheung, and Tang 2021).
In contrast, high cluster separability, an ideal clustering out-
come characterized by large inter-cluster and small intra-
cluster distances, can alleviate these two issues (Lu, Cheung,
and Tang 2021), as demonstrated by the Dink-Net finetune
effect experiment presented below.

Uniform Effect & Cluster Assimilation in Dink-Net

The current state-of-the-art (SOTA) model, Dink-Net, is pre-
trained by distinguishing the original data and the randomly
corrupted and shuffled data. We denote the pretrained Dink-
Net as Dink-Net-NoFT. After pretraining, K-means is em-
ployed to cluster the Dink-Net-NoFT output, initializing the
centroids {ci}icz_ol. In the later finetune stage, the encoder
and centroids are adjusted to enhance cluster separability by
minimizing the dilation loss L£q = (7175 >; 2 ll€i —

cj||§ and shrink loss £, = %c Zf’zl Z]C;Ol llz: — c;l 2,
where B is the node batch size and z; is the representation.
For a node 4, its predicted cluster is y; = argmin; ||z; —
c;||2. Fig. 1 shows the finetune impact on Dink-Net.

Before finetune, two phenomena are observed on the Cora
dataset. (1) Uniform Effect: the largest cluster (cluster 3)
has many external edges with the much smaller clusters 0
and 4, causing them to be close in the embedding space. This
is evidenced in Fig. 1b, where many nodes from cluster 3 are
misclassified into clusters 4 and 0. (2) Cluster Assimilation:
The smallest cluster (cluster 6) has the most external edges
with cluster 0, leading to its merging into cluster 0.

After finetuning towards high separability, some of the
nodes from cluster 3 but misclassified into clusters 4 and 0
are returned to cluster 3, resulting in a significant improve-
ment in the F1 score for cluster 3. However, since the clus-
ter separability is still insufficient, the smallest cluster (clus-
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(b) The confusion matrices before/after finetune

Figure 1: The effect of separability-oriented finetune of
Dink-Net on the Cora dataset. (a) The top row illustrates the
F1 scores for each class before and after finetune, as well as
the average F1 score over all classes. The second row shows
the distribution of predicted labels from three models, along
with the ground-truth labels. It also presents the distribution
of predicted labels for true-positive (TP) samples, denoted as
pIP(y),i € {0,1,2}. The final set of bars shows the differ-
ences between the predicted and ground-truth distributions.
(b) displays the confusion matrices (%) of Dink-Net before
and after finetune, normalized by the number of nodes.

ter 6) remains merged into cluster 0, leading to a low F1
score on class 6 and a low Macro-F1 score. This experi-
ment underscores the critical role of high cluster separability
and reveals that even the current SOTA struggles to achieve
sufficient cluster separability to effectively address the chal-
lenges of Uniform Effect and Cluster Assimilation.

Current Model Limitations and Contributions

There are three limitations (Ls) impeding current meth-
ods achieving high cluster separability. L1: Lack of con-
textual information hinders distinguishing synonymous
nodes (i.e., similar nodes from different classes). When a
graph has many inter-class edges, low-pass (learnable) graph
filters, e.g., GCN (Kipf and Welling 2017), tend to gener-
ate similar embeddings for neighboring nodes from differ-
ent classes (Chen et al. 2020). Distinguishing such nodes
based solely on embedding distances is challenging. Just
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as synonyms in a thesaurus need context to be properly
understood, “childish” implies immaturity in “Stop being
so childish!” while “childlike” conveys innocence in “She
has a childlike wonder.” Nodes also require contextual in-
formation for accurate clustering. Current methods depend
only on the embedding distance and no contextual details
are provided. As a result, they fail to differentiate between
closely embedded nodes from different classes, e.g., mix-
ing nodes from clusters 0, 5, and 6 in Fig. 1. L2: Train-
ing tasks are not well aligned with downstream cluster-
ing task. The alignment between pretext and downstream
tasks is crucial for SSL (Lee et al. 2021; Wei et al. 2021).
However, current pretext tasks often lack this alignment. (1)
SDCN (Bo et al. 2020) reconstructs attributes and adopts a
dual self-supervised strategy derived from DEC (Xie, Gir-
shick, and Farhadi 2016). DFCN (Tu et al. 2021) recon-
structs both attributes and structures with a DEC-like triplet
self-supervised task. The reconstruction tasks do not opti-
mize cluster separability and fail to align closely with clus-
tering. DEC-style tasks use K-means to cluster pretrained
representations initially. However, the pretrained represen-
tations often exhibit low separability, incurring Uniform Ef-
fect and Cluster Assimilation. Since finetune only refines
the initial clustering, substantial improvements in address-
ing these issues are not available via DEC-style tasks. (2)
Regarding the contrastive ones, DCRN (Liu et al. 2022b)
and HSAN (Liu et al. 2023d) only preserve self-correlations,
not aligned with clustering. SCGC (Liu et al. 2023c) and
S3GC (Devvrit et al. 2022) treat neighbors as positive pairs,
but neighbors are not always of the same class, introduc-
ing clustering noise. Although the finetune task of Dink-Net
aligns with the clustering objective, the unrelated pretrain
task limits the representation separability. Thus, Dink-Net
finetune cannot resolve all challenges, as shown in Fig. 1.
L3: The cluster information in graph structure is not
appropriately extracted. Existing methods primarily in-
tegrate structure information into embeddings via encod-
ing with GCNs (Kipf and Welling 2017). However, over-
smoothing and over-squashing (Nguyen et al. 2023) may
hurt structure information. HSAN (Liu et al. 2023d) pro-
cesses structure through a linear layer, yet it lacks permuta-
tion invariance, unduly emphasizing node indices over struc-
ture information. DFCN (Tu et al. 2021) and DCRN (Liu
et al. 2022b) reflect the structure information through adja-
cency reflection loss. SCGC (Liu et al. 2023¢) and S3GC
(Devvrit et al. 2022) take neighbors as positive samples and
maximizes their similarities. These four methods implicitly
treat neighbors as belonging to the same class, misleading
the clustering on adjacent nodes from different classes.

To address the above limitations, we propose a novel con-
trastive graph clustering method, THESAURUS. (1) It es-
tablishes semantic prototypes in the embedding space, each
representing a semantic category. The relationships between
one node and these prototypes constitute its context. (2) In-
spired by SwAv (Caron et al. 2020), THESAURUS con-
siders semantic prototypes as centroids and learns by pre-
dicting the node clustering assignments across different data
augmentation views. (3) To explore the structure cluster in-
formation, we encode the relationships between prototypes



as prototype graph, and then match it with the data graph
using GW-OT (Mémoli 2011; Peyré and Cuturi 2019). (4)
To exploit structure and attribute information comprehen-
sively, designs (2) and (3) are unified by our Task and Struc-
ture Alignment (TSA) module based on Fused Gromov-
Wasserstein OT (FGW-OT) (Titouan et al. 2019). (5) A mo-
mentum module for prototype graph and marginal distribu-
tion is developed for data adaptability.

Our main contributions are as follows. (1) We identify that
prior methods has insufficient cluster separability and face
the Uniform Effect and Cluster Assimilation challenges. (2)
We propose a novel graph contrastive learning framework
THESAURUS, which leverages semantic prototypes to pro-
vide contextual information. We design the TSA module to
align the pretext task to clustering and exploit the cluster in-
formation in graph structure. We develop a momentum strat-
egy for the prototype graph and prototype marginal distribu-
tion for data adaptability. (3) Extensive experiments demon-
strate that THESAURUS achieves high cluster separability
and significantly outperforms existing methods.

2 Related Work
Deep Graph Clustering

Early graph clustering methods use Autoencoder (AE) and
Graph Autoencoder (GAE) (Kipf and Welling 2016) for fea-
ture extraction, followed by K-means or spectral clustering
(Cao, Lu, and Xu 2016; Wang et al. 2017; Pan et al. 2018).
Later methods such as DAEGC (Wang et al. 2019), SDCN
(Bo et al. 2020), AGCN (Peng et al. 2021), and DFCN
(Tu et al. 2021) incorporate DEC-style tasks to better align
with clustering objectives. With the advent of graph con-
trastive learning, contrastive graph clustering gained popu-
larity. AGE (Cui et al. 2020) uses dynamic positive and neg-
ative sample pairs constructed with pair similarities, DCRN
(Liu et al. 2022b) introduces DICR loss to reduce cross-
view correlations between nodes, SCGC (Liu et al. 2023c¢)
maximizes neighbor similarity, and S3GC (Devvrit et al.
2022) optimizes a one-layer GNN with InfoNCE-style loss
(van den Oord, Li, and Vinyals 2019). DinkNet (Liu et al.
2023a) maximizes differences between original and adver-
sarial data, akin to maximizing the JSD lower bound of mu-
tual information (Shrivastava et al. 2023), and then finetunes
towards cluster separability via minimizing L4 and L.

Optimal Transport

Optimal transport (OT) (Monge 1781; Villani 2009) is a
mathematical framework for measuring distances between
distributions, finding the most cost-efficient way to trans-
form one distribution into another. It has gained prominence
in machine learning for tasks like domain adaptation (Courty
et al. 2017) and generative modeling (Tolstikhin et al. 2018).
The optimal transport cost deduces the Wasserstein Dis-
tance, which does not require two probability distributions
to have overlapping support sets. However, when distribu-
tions are defined in different or incomparable spaces, classi-
cal OT is not applicable. For example, transporting s € R?
to t € R3 lacks a meaningful cost measurement. Consider-
ing the well-defined distances within two distinct spaces S
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and 7,denotedas Dg : S xS - Rand D7 : T x T — R,
GW-OT (Mémoli 2011) regards the cost of transporting
s; € (8,Ds) tot; € (T,D7) as the difference between
the relative relationship between s; and other elements s in
S, and that between t; and other elements ¢; in 7. Such abil-
ity to transport across incomparable spaces makes it useful
in tasks such as cross-lingual alignment (Alvarez-Melis and
Jaakkola 2018) and cross-domain alignment (Gong, Nie, and
Xu 2022).

3 Methodology

In this section, we present the proposed graph contrastive
learning framework in detail.

THESAURUS Overview and Notations

The attribute graph G = (V, £, X), consisting of N nodes
from V and F edges from &£, can be summarized by the tu-
ple G = (A,X). Here, A € RY¥*¥ s the (binary) adja-
cency matrix, and X € RV*% is the node attribute matrix.
For convenience, we will use these two graph notations in-
terchangeably in the following sections.

Our framework is illustrated in Fig. 2. Initially, part of
edges and feature dimensions of the original graph are
masked to generate two distinct (but similar) augmented
views G; = (A1,X;) and Go = (Ag, X5). Subsequently,
a GCN encoder fy (Kipf and Welling 2017) and an MLP
projector f,, : R% — R are employed to map these views
into representations Z; = f,, o fo(A1,X1) € RN*d and
Z,, where fi; o fo denotes the function composition and
the whole neural network. The cosine similarities between
z1,; = [Z1]; and S semantic prototypes {s; € Rle}le
form the context-aware representation r; ; € R1*S of node
i in view 1, where [-]; is the i-th row of matrix. Similarly, the
context-aware vector ry ; in view 2 is obtained.

Let S = [s1, -+ ,85] € R9%4 be the learnable pro-
totype matrix, R; = Z;ST € RM*9 be the context-
aware representation matrix, and B; € R%*“ be the proto-
type graph in view 1. THESAURUS computes the (optimal)
node-prototype assignment Q; € RS for view 1 by solv-
ing the FGW-OT problem involving R4, By, and A;. Sim-
ilarly, the assignment Q2 is obtained. Once the assignments
are got, we train the network f,, o fy to predict Qs from Z;
and vice versa. After training, the R of the original graph G
is fed into K-means to get the final result & € {0, 1}/V*¢.

Address L1: Context via Sematic Prototypes

To capture the subtle differences between synonymous
nodes, we draw inspiration from the human ability to ac-
curately distinguish synonyms using textual context. For in-
stance, consider the sentences “Stop being so childish!” and
“She has a childlike wonder.” In the first sentence, “stop be-
ing” conveys a negative connotation, while “so” is neutral.
In the second sentence, “wonder” carries a positive conno-
tation, and “She has a” is neutral. The word co-occurrence
in these sentences indicates that “childish” is associated with
negative and neutral semantics (prototypes), whereas ““child-
like” is linked with positive and neutral semantics (proto-
types). This allows us to immediately infer that “childish”
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Figure 2: The illustration of our proposed THESAURUS. And the details are summarized in Algorithm 1 in the appendix.

has a negative meaning related to children, while “child-
like” has a positive connotation, thus distinguishing these
two synonyms.

Similarly, in the embedding space, we define S’ semantic
prototypes, each representing a specific semantic category.
The positional relationships between nodes and these proto-
types constitute their contextual semantics. Unlike existing
methods that measure the association between two nodes
solely by the distance between their embedding vectors,
THESAURUS uses that between S-dimensional context-
aware representations — derived from the distances between
nodes and semantic prototypes — to represent their associ-
ations. With this approach, the input for K-means is not the
encoder output, but the context-aware representations R.

Task and Structure Alignment Module

To closely align with the downstream clustering task, we de-
sign the pretext task of predicting optimal clustering assign-
ments cross views. To thoroughly exploit the cluster infor-
mation in the graph structure, we align the prototype and
data graph structures. These designs are integrated as the
TSA module based on FGW-OT (Titouan et al. 2019).

Address L2: Pretext Task Aligned with Clustering
THESAURUS treats semantic prototypes as centroids pro-
viding clear semantic meanings and learns by predicting
swapped clustering assignments across views. The node-
prototype assignment Q is derived from context-aware rep-
resentations R = ZS T, calculated via solving the problem

min Tr (-R ' 7) — eH(7), 1)

mell

where ™ ¢ RQOXS deduces Q with row-sum normaliza-
tion, H(m) = — >, mj;logm;; denotes the entropy, and
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€ > 0 controls the smoothness of the unnormalized assign-
ment (i.e., the coupling 7 in OT). Here  is constrained by
the node marginal distribution p € Rgo and the prototype

marginal distribution v € {v € RS | ¥_, v; = 1}

2

where 1g is a S-dimensional all-one column vector. Prob-
lem (1) can be viewed as a relaxed and regularized K-means
problem. K-means minimizes the sum of squared distances
between data points and centroids, and we take the negative
similarities —R. as “distances” (and OT costs) here. Thanks
to the entropy regularization, this problem can be efficiently
solved by the scalable Sinkhorn (Cuturi 2013).

Feeding R of view 1 to the above procedure gives Q1,
and similarly Q5 is got from view 2. The goal is to predict
the assignment Q5 of view 2 from the representation Z; of
view 1, and Q; from Z,. Since Z; lacks interaction with
prototypes S, the prediction distribution [PT], for node n is
built on Ry = Z; ST instead of Z;

exp ([24], 1)) /7)
S exp (2], 181 /)

where 7 is the temperature that controls the distribution
sharpness and P is abbreviated to P;. The distributions of
all nodes are stacked into P7 & ]RN xS . Similarly, P73
obtained. The overall training loss is then computed as the
averaged cross-entropy

ZZ ([Ql n.slog [P

n=1s=1

Address L3: Structure Alignment via GW-OT The
above node-prototype clustering assignment is derived from

= {r|rlg = p, 7 1y = v},

3)

2 Q2] log[PT], ) @)



the relationships between node embeddings Z and proto-
types S. Like prior methods, this approach does not explic-
itly extract structure cluster information. To fill this gap, we
propose deriving the optimal assignment from the structure
and using this assignment as a prediction target for Z. One
effective method to assign nodes to different semantic proto-
types based on the structures is to perform GW-OT between
A and an isolated graph Is (Xu et al. 2019). In this isolated
graph, each node represents a cluster with no inter-cluster
edges. Such approach adheres to cluster definition but ig-
nores inter-cluster relationships, which is unrealistic. There-
fore, we replace the isolated graph with a complete proto-
type graph B € Riés, which is constructed as

B=P'P. (5)

GW-OT is formally defined in Def. 1. For an attribute
graph G = (V,&,X), each node v; contains observable
attribute z; = [X],, € Q, C R? and implicit structure
embedding s; € 2s. Although s; is not known, the pair-
wise relationship C € RgOXN determined by the metric
Dq, : Qs x Q5 — Rx>q on the space €25 is given by the
adjacency matrix A, the Laplacian L, or the pairwise short-
est path matrix (Chowdhury and Mémoli 2019). To use OT,
the probability measure on the space (V, Dq_) or equiva-
lently (V, C) must be defined. Denote the importance of N
nodes by the histogram

heHNz{mheRgo,

N
Zhi = 1}. (6)
=1

Then this space has a measure 1 = ), h;0(,), where J5,)
denotes the Dirac delta function at s;.

Definition 1. Ler (V1,Cy, ) and (Va, Ca,v) be Metric-
Measure (MM) spaces defined on G; = (C1,0) and Gy =

(Caq,0), respectively. p = 3. h51)5(3i),h(1) € Hn, and

v=> h§2)5(5i), h? e ‘H N, are the probability measures
on V1 and Vs, separately. The Gromov-Wasserstein distance
GW,(G1,Ga) between these two measures is given by

N1 N

Z Z <[Cl]¢,k - [02]j71)p7ri,j7rk,l7

ik=17,1=1

inf
well

(N

where Il = {71' = Rg%xz\b | 71y, = h(l),ﬂ'TlNl = h(Q)}.

We can utilize the GW7 OT between the non-attribute
data graph (A, ()) and prototype graph (B, () to get the op-
timal node-prototype assignment Q. It is row-normalized
from the solution 7 of following OT problem

S N
Z Z '[A]i,k - [B]jJ T, Tk,1

i,k=17,l=1

iy ®
where p is the uniform node marginal distribution and v is
the current prototype marginal. After the structure-induced
assignments Q1, Qo of two views G, Go are separately got
via Eq. (8), they can be used with the loss Eq. (4).
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Fused Clustering Assignment via FGW-OT The above
introduce two kinds of “clustering” assignments respectively
acquired from the context-aware node representation R and
the graph structure A. The assignment from R focuses on at-
tribute information, while that from A emphasizes structural
information. We fuse them with FGW-OT for more com-
prehensive graph mining. We build ¢ = (A, Z) with the
embeddings Z as node attributes. And we add prototypes
S € R¥*4 a5 attributes to the prototype graph B, resulting
in 9% = (B, S). The optimal transport between ¥ and ¥
encapsulate both attribute and structure cluster information,
and can be achieved via FGW-OT defined below.

Definition 2. Let (V1,Cy,pu) and (Va2,Ca,v) be MM-
spaces on Gy (C1,X1) with measure p
Zi hl(-l)(S(si_’zi%h(l) S HNI and on Gy = (CQ,XQ) with
measure v =y . h§2)5(si,$i), R € Hy,, respectively. The
Fused Gromov-Wasserstein distance FGW), (G1,Ga) is

Ny No
;161%{ _;1 ;1 {(1 — a)Dq, (21,5, 2,5)
1,Rk=1),l=

+alCi (G, k)—Cz(jJ)l”]m,jm,z} —eH(m) (9

where I1 = {7‘(‘ € Rjzv(l)XN? | 1y, = MM 7T 1y, = h(Q)};
H(m)
weights this regularization; x1;,T2; € 1y C R? are the

- ; Tij log m;; is the coupling entropy and €

attributes of nodes vfl) €V, and v]@) € Vs, respectively.

The optimal coupling of FGW; (¥,%") encapsulates
the information in R and A,where o balances the con-
tribution of these two parts. In view 1, we can construct
4 = (A1,Z1) and 9 = (B4, S), and then the assign-
ment Q; of FGW1 (%1, %) is obtained via normalizing

the optimal coupling 7; ateachrow n € {1,2,..., N}
[’/Tl]n s
[Ql]n,s = - (10)
Somlmiln e

Similarly, Qs is got from view 2. Finally, these fused assign-
ments are used to guide the training with Eq. (4).

Prototype Momentum Module

Prototype graph and marginal should adapt to the data. So
momentum update is adopted here. Let B(*~1) be the proto-
type graph of last forward step ¢ — 1. The step ¢ has

B® =3BV 4 (1-3,)PTP. (11)

To reflect the common graph homophily, B is initialized as
an identity matrix and 3; € [0, 1] is set to a high value.

Meanwhile, the logits P, e.g, Eq. (3), are used to update
prototype marginal, which is initialized as an uniform dis-
tribution (?) = 15/ to reflect the presumed even cluster
size before data exposure.

S — ﬁQV(tfl) +(1- ﬂz)(PTlN) (12)



Datasets Metrics K-means DEC SDCN GRACE DAEGC DFCN DCRN HSAN S3GC SCGC Dink-Net* Dink-Net Ours
ACC 33.80 46.50 35.60 73.90 7043 3633 6193 7721 7421 73.88 75.55 78.21  80.72

Cora NMI 1498 23.54 1428 57.10 52.89 1936 45.13 59.56 58.80 56.10 60.03 62.48  62.92
ARI 8.60 15.13 7.78 52.70 49.63 4.67 33.15 5793 5443 51.79 54.56 6148 63.61

F1 30.26  39.23 2437 72.50 68.27 26.16 49.50 75.13 72.10 70.81 71.31 72.85 78.44

ACC 39.32  46.51 65.96 63.10 64.54 69.50 69.86 71.05 68.81 71.02 69.34 6991 71.99

Citeseer NMI 16.94 2354 3871 3991 3641 4390 4486 45.62 44.11 45.25 44.36 4529 47.37
ARI 1343 15.13 40.17 37.70 3778 4550 45.64 4822 44.80 46.29 45.65 46.29 48.99

F1 36.08 39.23 63.62 60.30 6224 6430 64.83 64.52 64.30 64.80 65.54 65.79 66.42

ACC 59.83 60.14 64.20 63.72 68.73 68.89 69.87 7131 45.12 67.32 67.51 179.64

Pubmed NMI 31.05 22.14 2287 30.86 28.26 31.43 3220 OOM 3335 7.04 32.49 33.01 4143
ARI 28.10 19.55 2230 27.61 29.84 30.64 31.41 3452 17.04 29.95 30.44 48.25

F1 58.88 61.45 65.01 62.85 68.23 68.10 68.94 70.33 44.54 67.12 67.35 79.00

ACC 2722 4722 5344 67.66 7596 76.82 7994 77.02 75.15 77.48 77.19 80.71 84.42

A-Photo NMI 13.23 3735 4485 53.46 65.25 6623 73.70 67.54 59.78 67.67 68.94 70.50 74.99
ARI 5.50 18.59 31.21 4274 58.12 5828 63.69 58.05 56.13 58.48 60.20 66.54 72.01

F1 2396 46.71 50.66 60.32 69.87 71.25 73.82 7260 72.85 7222 71.23 73.09 76.49

ACC 26.27 3192 26.67 32.38 3435 37.51 38.80 36.46 41.89 38.51 3945 4294

CoraFull NMI 34.68 4131 37.83 5042 49.16 51.30 51.91 0OM 52.82 53.21 53.39 5441 55.83
ARI 935 16.89 22.60 20.64 22.60 2446 2525 2478 24.23 26.53 27.45  30.07

F1 22.57 2777 22.14 27.82 2696 3122 31.68 29.78 32.98 30.90 3195 37.01

Table 1: Clustering performance (%). The best result is in bold. Dink-Net* denotes Dink-Net-NoFT.

4 Experiments
Experimental Setup

To evaluate the performance of THESAURUS, we run the
proposed method on nine attribute graph datasets, including
Cora, Citeseer, Pubmed, Amazon-Photo (A-Photo), Cora-
Full, ACM, DBLP, UAT, and Wiki. The baselines are K-
means, DEC, GRACE (Zhu et al. 2020), SDCN, DFCN,
DCRN, S3GC, SCGC, HSAN, and Dink-Net.

Our evaluation protocol follows that of the previous
SOTA Dink-Net (Liu et al. 2023a). Besides Normalized Mu-
tual Information (NMI) and Adjusted Rand Index (ARI), the
metrics include Accuracy (ACC) and the Macro-F1 score
(F1), computed after mapping the clusters to the ground-
truth classes with linear assignment (Lovasz 1986; Crouse
2016). The F1 score, defined as the harmonic mean of pre-
cision and recall, balances the effects of false positives and
false negatives. Meanwhile, ARI quantifies the number of
true positive and true negative pairs and normalizes these
values to ensure that the assessment is not influenced by
variations in cluster sizes. Therefore, F1 and ARI are more
effective than ACC and NMI on imbalanced data.

Overall Performance

Part of the results are summarized in Table 1, with OOM
indicating out-of-memory failures on one RTX 4090 GPU.
And the rest results are presented in Tables 4 and 5 in the
appendix. These results demonstrate that the proposed THE-
SAURUS significantly outperforms existing methods across
all datasets. And several key observations can be made.
The contextual information from semantic prototypes
is important. Existing methods do not achieve sufficient
cluster separability and are affected by the Uniform Effect
and Cluster Assimilation. This results in suboptimal per-
formance on clusters of varying sizes, particularly minority
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clusters, adversely impacting F1 and ARI. In contrast, THE-
SAURUS, utilizing semantic prototype contexts, achieves
better distinction between synonymous nodes, leading to
higher cluster separability. This effectively mitigates Uni-
form Effect and Cluster Assimilation, evidenced by THE-
SAURUS’s F1 and ARI significantly surpassing existing
methods. Pretext task aligned with clustering is vital.
Contrastive clustering methods like S?GC and HSAN out-
perform DEC-style methods such as SDCN and DFCN,
likely due to the implicit but insufficient alignment between
InfoNCE and (spectral) clustering (HaoChen et al. 2021;
Tan et al. 2023). DinkNet, which explicitly optimize towards
clustering during finetune, is better aligned with clustering
tasks, thus surpassing other baselines. Furthermore, THE-
SAURUS representations are learned towards high cluster
separability from start to finish, and thus far outperform
all other methods. The cluster information in structure
matters. Methods utilizing no graph structures, such as K-
means and DEC, are unsuitable for graph clustering. Meth-
ods like HSAN and SCGC, which inject structure informa-
tion with supervision signals, generally surpass those that
only leverage structure through graph filters, such as SDCN
and DAEGC. Furthermore, THESAURUS, which exhaus-
tively exploits structural cluster information, surpasses all
other methods.

Class-wise Performance & Visualization

While Dink-Net’s finetune step mitigates the Uniform Effect
in the majority cluster (cluster 3), it fails to address Clus-
ter Assimilation in the minority cluster (cluster 6), as indi-
cated by the experiments presented in Section Introduction.
This section evaluates the class-wise performance of Dink-
Net and THESAURUS, demonstrating that THESAURUS
achieves high cluster separability and addresses the failure
cases of Dink-Net. Fig. 3 visualizes the final representations
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Figure 3: The t-SNE visualization on Cora
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Figure 4: Dink-Net and THESAURUS on Pubmed. The top
figure illustrates the F1 scores for each category, as well
as the Macro-F1. The bottom shows the distribution of la-
bels predicted by Dink-Net and THESAURUS, along with
the ground-truth labels. It also presents the distribution of
predicted labels for true-positive (TP) samples, denoted as
pI'P(y),i € {0,1,2}. The final set of bars shows the differ-

ences between the predicted and ground-truth distributions.

to cluster and the centroids on Cora using t-SNE (van der
Maaten and Hinton 2008). Fig. 4 displays the class-wise per-
formance on Pubmed, in a style like Fig. 1a.

Overall, the predicted label distribution of THESAURUS
exhibits a lower deviation from the ground-truth distribution
than that of DinkNet, as shown in Fig. 1a and Fig. 4. This
suggests fewer mis-clustered nodes and corresponds with
the higher cluster separability observed in THESAURUS’s
representation space in Fig. 3, resulting in a Macro-F1 score
up to 5.5 percentage points higher than Dink-Net on Cora
and 11.65 points higher on Pubmed.

Uniform Effect Fig. 3a (right part) shows that Dink-Net
does not separate clusters 3 and 4 as well as THESAURUS
in Fig. 3b (top-left). So although Dink-Net reduces the Uni-
form Effect in cluster 3, the F1 score for cluster 4 is sig-
nificantly lower than THESAURUS, as shown by Fig. 1a.
Besides, Dink-Net’s slightly higher F1 score for cluster 3
comes at the cost of many false positives, which severely
compromises the performance of other clusters (e.g., clus-
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Datasets Metrics w/oB w/oA fixedv&B Ours
ACC 7027 7154 71.24 71.99

Citescer  NMI 4641 46.74 46.37 47.37
esee ARI 4782 47.92 47.57 48.99

Fl 65.02  65.75 65.68 66.42

ACC 7573 7835 75.84 79.64

pubmed  NMI 3544 3919 35.50 41.43
ubme ARI 3925 4547 40.62 48.25
F1 7527 7781 75.39 79.00

Table 2: THESAURUS ablation. The best is in bold.

ters 4 and 0). In contrast, THESAURUS doesn’t favor the
majority cluster and performs well overall.

Cluster Assimilation Fig. 3a (bottom-left) shows Dink-
Net mixing clusters 0, 5, and 6, leading to a low F1 score of
about 34% for cluster 6 due to samples being merged into
other clusters. Fig. 3b shows that THESAURUS effectively
separates these clusters, significantly mitigating Cluster As-
similation, as evidenced by a 27.29 percentage point higher
F1 score for cluster 6 compared to Dink-Net (see Fig. 1a).

Ablation Study

To validate the effectiveness of the complete prototype
graph, we set the prototype graph B as isolated graph Ig
(w/o B). To test the impact of structural information extrac-
tion, we replace A; and Ay in FGW-OT with Iy (w/o A).
Additionally, to assess the effectiveness of the proposed mo-
mentum module, we set the momentum to 1 (fixed v & B).
The results in Table 2 indicate that the complete prototype
graph outperforms the isolated one, structural information
extraction is effective, and momentum updates for the pro-
totype graph and marginal is useful.

5 Conclusion

This work identifies challenges in prior deep graph cluster-
ing methods, particularly the Uniform Effect and Cluster As-
similation issues, which arise due to low cluster separability
in the learned embedding space. To address these challenges,
we propose a novel contrastive graph learning framework,
THESAURUS. Our method 1) utilizes semantic prototypes
to provide contextual information crucial for distinguishing
similar nodes from different classes, 2) leverages a pretext
task well-aligned with the downstream clustering task for
better feature transferability, 3) takes GW-OT to thoroughly
exploit the cluster information in graph structure, and 4) em-
ploys a momentum module for data adaptability. To achieve
comprehensive information mining, cross-view alignments
used in the pretext task are acquired via FGW-OT. This ap-
proach integrates designs 2 and 3 organically, providing an
unified TSA module for better alignment. Experimental re-
sults strongly validate the effectiveness and superiority of
THESAURUS compared to existing methods, showcasing
its enhanced capability in achieving more accurate and effi-
cient alignments.
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