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Abstract

Graph contrastive learning (GCL) aims to learn discrim-
inative semantic invariance by contrasting different views
of the same graph that share critical topological patterns.
However, existing GCL approaches with structural aug-
mentations often struggle to identify task-relevant topolog-
ical structures, let alone adapt to the varying coarse-to-
fine topological granularities required across different down-
stream tasks. To remedy this issue, we introduce Hierarchical
Topological Granularity Graph Contrastive Learning (HTG-
GCL), a novel framework that leverages transformations of
the same graph to generate multi-scale ring-based cellular
complexes, embodying the concept of topological granular-
ity, thereby generating diverse topological views. Recogniz-
ing that a certain granularity may contain misleading seman-
tics, we propose a multi-granularity decoupled contrast and
apply a granularity-specific weighting mechanism based on
uncertainty estimation. Comprehensive experiments on vari-
ous benchmarks demonstrate the effectiveness of HTG-GCL,
highlighting its superior performance in capturing meaning-
ful graph representations through hierarchical topological in-
formation.

Code — https://github.com/ByronJi/HTG-GCL

1 Introduction
Graph Contrastive Learning (GCL) has emerged as an ef-
fective paradigm for learning discriminative graph represen-
tations by contrasting multiple views of the same graph,
offering significant promise in domains such as biochemi-
cal molecular classification and social network analysis (Ju
et al. 2024). Recent advances in structure-aware GCL meth-
ods (You et al. 2020; Suresh et al. 2021; You et al. 2021;
Gao et al. 2022; Li et al. 2022, 2024) demonstrate the power
of leveraging structural perturbations to generate informa-
tive views, enabling the model to effectively learn from un-
labeled and non-Euclidean data. However, as complex data
from natural systems becomes increasingly prevalent, rep-
resenting such data with simple pairwise relationships in
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graphs often falls short in capturing their inherent relational
complexity. To model these higher-order relational struc-
tures, more expressive mathematical objects beyond graphs,
such as simplicial complexes and cellular complexes, have
been introduced as generalized data representations (Madhu
and Chepuri 2023; Qin et al. 2025). These topological ab-
stractions allow for a richer encoding of multi-way interac-
tions and geometric constraints, thus providing a principled
way to incorporate higher-order topology into representation
learning frameworks.

However, current state-of-the-art GCL work (Qin et al.
2025) adopts a fixed ring size when constructing its cellular
complexes, thereby capturing only a single level of topolog-
ical granularity. Here, the granularity of a cellular complex
refers to the scale at which the graph’s topological struc-
ture is represented, determined by the maximum ring size
m used to attach 2-cells (see Section 4.1 for details). Such
a static design assumes that a single topological resolution
is universally effective across diverse domains—a premise
that may not hold in practice. Different real-world scenar-
ios often depend on distinct types of topological patterns.
This observation is supported by our intuitive motivation ex-
periments conducted in a supervised setting on the molec-
ular dataset NCI1 and the social network dataset IMDB-B
(Figure 1), which show that indiscriminately incorporating
high-order structures may degrade performance when the
extracted patterns do not align with the structural semantics
of a specific domain. For instance, social network analysis
typically benefits from identifying triangle structures (i.e., 3-
cliques), and thus operates effectively at a coarse topological
granularity that captures small rings. In contrast, molecular
datasets, such as those used for toxicity prediction or muta-
genicity detection, often require identifying larger and more
complex ring structures, corresponding to a finer topological
granularity. This divergence reflects the need for scenario-
dependent topological granularity.

Yet in the context of GCL, the model lacks access to task-
specific labels, making it difficult to determine which topo-
logical granularity is most relevant for downstream perfor-
mance. A natural solution is to incorporate multiple levels of
granularity—ranging from coarse to fine—so that the model
can leverage a richer hierarchy of topological signals. This
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NCI1 IMDB-B

Figure 1: Visualization of graph structures (Zhao, Ying, and Yu 2024) and classification performance across different ring
sizes on two TU datasets: NCI1 and IMDB-B. The results reveal that topological granularity significantly affects downstream
performance, and indiscriminate inclusion of high-order structures may harm accuracy when they misalign with domain-specific
semantics. For example, IMDB-B benefits from smaller rings (triangles), while NCI1 favors larger ring structures, highlighting
the need for scenario-adaptive granularity modeling.
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Figure 2: Performance comparison on four TU datasets
under different single-ring granularities (6, 9, 12) and
their multi-granularity integration. The multi-granularity
setting consistently outperforms any single fixed granular-
ity, demonstrating the complementary nature of hierarchical
topological views.

motivates the following central question:
“Can hierarchical multi-granularity topological model-

ing enhance downstream performance in GCL?”
With the above question in mind, we conduct an additional
motivation experiment on four TU datasets (NCI1, MU-
TAG, NCI109, and IMDB-B) to explore the impact of multi-
granularity topological modeling on downstream classifica-
tion tasks. As illustrated in Figure 2, we compare the clas-
sification accuracy achieved using cellular complexes con-
structed with different maximum ring sizes (6, 9, and 12),
as well as a multi-granularity integration strategy that com-
bines all three. The results consistently show that the multi-
granularity approach outperforms any single fixed granular-
ity across all datasets, indicating that integrating hierarchical
topological information provides complementary structural
cues that enhance representation learning.

These findings motivate us to develop a principled ap-
proach that can effectively leverage hierarchical topologi-
cal information in an self-supervised setting. To this end,

we introduce Hierarchical Topological Granularity Graph
Contrastive Learning (HTG-GCL), a novel framework that
constructs diverse topological views by transforming the
same graph into a series of ring-based cellular complexes
with varying maximum ring sizes, thereby capturing multi-
ple levels of topological granularity. Motivated by the obser-
vation that different scenarios may favor different granulari-
ties, we recognize that not all topological views are equally
informative for every downstream task. To address this, we
propose a multi-granularity decoupled contrastive learn-
ing strategy (MGDC), where each view is projected into
a granularity-specific embedding space, under the hypoth-
esis that certain particular granularity may be uninforma-
tive or even misleading. Moreover, since this hypothesis may
not universally hold, we further incorporate an uncertainty-
based weighting mechanism to assess the reliability of each
granularity-specific space and adaptively reweight their con-
tributions during contrastive training. Our contributions are
summarized as follows:

• We introduce the first work that leverages cellular com-
plexes to construct multi-granularity topological views
for GCL, effectively capturing hierarchical topological
information at different ring scales, which is a comple-
mentary perspective to traditional augmentations.

• We propose HTG-GCL, which generates multi-
granularity topological views and incorporates MGDC,
an uncertainty-weighted contrastive strategy over
decoupled granularity-specific embedding spaces.

• We empirically validate the effectiveness of HTG-GCL
through extensive experiments on multiple benchmarks.

2 Related Work
2.1 Graph Contrastive Learning
Recent advancements in graph contrastive learning have pri-
marily focused on designing effective structural augmenta-
tion strategies and contrastive objectives to enhance graph-
level representations. GraphCL (You et al. 2020) initiates
this line of research by proposing four general augmenta-
tions to enforce consistency between perturbed graph views.
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To improve augmentation quality, ADGCL (Suresh et al.
2021) introduces adversarial strategies that avoid redundant
semantics, while JOAO (You et al. 2021) tackles the prob-
lem of augmentation selection via a min-max bi-level opti-
mization framework. RGCL (Li et al. 2022) incorporates ra-
tionale discovery to preserve meaningful structural patterns,
and SimGRACE (Xia et al. 2022) avoids handcrafted aug-
mentations altogether by perturbing the encoder with Gaus-
sian noise. HTML (Li et al. 2024) leverages knowledge
distillation to align graph-level and subgraph-level views
based on topological isomorphism. TopoSRL (Madhu and
Chepuri 2023) introduces self-supervised learning on sim-
plicial complexes with topology-preserving augmentations
to capture higher-order interactions. CellCLAT (Qin et al.
2025) goes beyond standard graphs by introducing cellular
complexes, aiming to enrich higher-order structural infor-
mation while addressing topological redundancy. However,
current methods lack the capacity to capture topological se-
mantics at varying granularities. HTG-GCL addresses this
by constructing multi-scale cellular complexes and utilizing
granularity-decoupled contrastive learning.

2.2 Higher-order Representations of Graphs
Advancements in topological deep learning have shifted the
focus from traditional graphs to more expressive structures,
enabling the modeling of higher-order relationships (Papil-
lon et al. 2024). Simplicial complexes capture hierarchical
connectivity by connecting nodes with edges, faces, and
higher-dimensional simplices. Models such as SIN (Bod-
nar et al. 2021b) and SCNN (Yang, Isufi, and Leus 2022)
are well-suited for encoding these structures. Cellular com-
plexes further generalize simplicial complexes by allowing
arbitrary shapes for faces and volumes, making them suit-
able for representing more intricate topological structures.
Cellular Complex Neural Networks (Hajij, Istvan, and Za-
mzmi 2020; Bodnar et al. 2021a) have been proposed to ef-
fectively encode such data.

3 Background
3.1 Cellular Complex
A d-dimensional cellular complex X is a topological space
constructed inductively by a sequence of increasing k-
skeleton: X(−1) = ∅ ⊂ X(0) ⊂ X(1) ⊂ ⋯ ⊂ X(d) = X . The
construction (Hansen and Ghrist 2019) begins with a dis-
crete set of points, called 0-cells, which form the 0-skeleton
X(0). Then, for k ≥ 1, the k-skeleton X(k) is formed by at-
taching k-cells σ (topological spaces homeomorphic to the
open k-dimensional ball Bk = {x ∈ Rk ∶ ∥x∥ < 1}) to the
(k − 1)-skeleton X(k−1). This attachment is guided by con-
tinuous map called attaching map: φk

σ ∶Sk−1 → X(k−1),
where (k − 1)-sphere Sk−1 is the boundary (∂σ ≅ Sk−1)
of the k-cell σ and the index σ ranges over all k-cells being
attached. Finally, the entire cellular complex X is the union
of all its skeletons X = ⋃d

k=0X
(k).

Example 1 (Graph as a 1-dim cellular complex): Graph
G = (V,E) is a 1-dim cellular complex G = X(1), where

vertices V are 0-cells that constitute the 0-skeleton X(0).
Each edge e = {u, v} ∈ E is regarded as a 1-cell σe by at-
taching the endpoints of line segments to these vertices u, v.
Thus, the 1-skeleton X(1) is precisely the graph G.

Example 2 (2-dim cellular complex from cycles): Start-
ing from a graphG, we attach a 2-cell σC (homeomorphic to
a 2-dim disk) to an induced cycle C = (v1, v2, . . . , vn, v1) ⊆
G along its boundary circle with the cyclic sequence of
edges forming C. The resulting 2-skeleton X(2) is thus
formed by filling in induced cycles of the original graph.

3.2 Cellular Adjacencies
We naturally extend the adjacency of nodes (0-cells) on
graphs to hierarchical cross-dimensional higher-order inter-
actions between edges (1-cells) and faces (2-cells). First,
analogous to the incidence matrix on graphs, the incidence
matrix between (k − 1)-cells and k-cells is Bk ∈ RNk−1×Nk ,
where Nk denotes the number of k-cells in X . The (i, j)-th
entry of Bk is 1 if the i-th (k − 1)-cell is on the boundary of
the j-th k-cell.

Based on the incidence matrix, we define four types of
cellular adjacencies: 1) Boundary adjacent: ABk = BT

k+1 ∈
RNk+1×Nk ; 2) Co-boundary adjacent: ACk = Bk ∈ RNk−1×Nk ;
3) Upper adjacent: AUk = Bk+1B

T
k+1 ∈ RNk×Nk ; 4) Lower

adjacent: ALk = BT
kBk ∈ RNk×Nk . The k-th Hodge Lapla-

cian is Lk = AUk + ALk . In particular, when k = 0, L0 =
B1B

T
1 =D−A is the usual graph Laplacian. The adjacency

matrix of a graph is a special case of cellular adjacencies,
namely the upper adjacent AU0 of nodes (0-cells). Finally,
we use the notation B(σ), C(σ), NU(σ), and NL(σ) to de-
note the boundary, co-boundary, upper and lower neighbors
of cell σ, respectively.

3.3 Cellular Complex Neural Networks
Let the initial features of the k-cells in a cellular complex
X be denoted as Xk ∈ RNk×Fk . Cellular Complex Neu-
ral Networks (CCNNs) encode these k-cells and learn their
representations by aggregating messages from four types of
neighbors. Specifically, the message-passing paradigm (Ha-
jij, Istvan, and Zamzmi 2020; Bodnar et al. 2021a) for learn-
ing the l-th embedding Z

(l)
k of k-cells in a CCNN can be

unified as follows:

Z
(l)
k = ψ[⊕(A

B
k−1Z

(l−1)
k−1 W

(l−1)
B , ACk+1Z

(l−1)
k+1 W

(l−1)
C ,

AUkZ
(l−1)
k W

(l−1)
U , ALkZ

(l−1)
k W

(l−1)
L , Z

(l−1)
k W(l−1))],

(1)
where⊕ denotes a differentiable, permutation-invariant ag-
gregation function, e.g., sum, mean, or concatenation, and
ψ is a nonlinear updating function such as ReLU. The ini-
tial embedding is defined as Z

(0)
k = Xk. After L layers of

message passing, the embeddings of 0-cells (nodes), 1-cells
(edges), and 2-cells (faces) are denoted as Z

(L)
0 , Z(L)1 , and

Z
(L)
2 , respectively. The final representation ZX of the cellu-

lar complex X is then given by:

ZX = READOUT(
2

∑
k=0

MLPk (ϕk(Z(L)k ))) , (2)
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Figure 3: The framework of HTG-GCL.

where ϕk ∶ RNk×Hk Ð→ R1×Hk is a dimension-specific lo-
cal pooling function (e.g., sum or mean). READOUT is a
differentiable global pooling function such as MLP that gets
the final graph-level representation ZX ∈ RH .

4 Methodology
In this paper, we focus on developing a novel GCL learning
framework which is shown in Figure 3.

4.1 Ring-based Graph-to-Complex Preprocessing
We model and represent hierarchical topological granular-
ity at the data level, where transforming graphs to cellular
complexes constitutes a one-time preprocessing step prior to
training. As mentioned in the background Section 3.1, there
exist multiple approaches for transforming graphs into cellu-
lar complexes. In this work, we attach 2-cells (2-dimensional
disks) to all rings containing at most m edges in the graph,
thereby obtaining a nested sequence of cellular complexes.
Definition 1 (Ring-based Cellular Complexes Transforma-
tion). Given a finite undirected graph G = (V,E), let

R≤m(G) = {R ⊆ G ∣ R is a ring and ∣E(R)∣ ≤m}
denote the set of all rings in G whose length is at most
m. Define a 2-dimensional cellular complex Xm(G) by
taking G as the 1-skeleton and attaching one 2-cell along
the edges of every ring R ∈ R≤m(G). The transformation
TRing∶G ↦ {Xm(G)}m∈N≥3 is called the Ring-based Cel-
lular Complexes Transformation of G.

The cellualr complex sequence {Xm(G)}m is hierarchi-
cal. Although they all share the same 1-skeleton as graph
G, they contain different topological information. As m in-
creases, Xm(G) provides increasingly fine-grained charac-
terizations of the structure of graph G. However, excessive
focus on fine-grained features may be sub-optimal on tasks
that naturally target lower-order motifs.
Definition 2 (Hierarchical Topological Granularity). Given
the cellular complex sequence {Xm(G)}m, we say that
Xn(G) has finer topological granularity than Xm(G), de-
noted by Xn(G) ⪰ Xm(G), if n > m. Formally, increas-
ing the granularity from Xm(G) to Xn(G) introduces ad-
ditional topological features captured by larger rings, thus
providing a richer and more detailed characterization of
higher-order structures in graph G. Conversely, smaller
rings correspond to coarser topological granularity, cap-
turing only basic or low-order structural motifs.

4.2 Multi-scale Topological Granularity
Decoupled Contrastive Learning

In our method, we transform the original graph into Nm

cellular complexes of different topological granularities.
Given a graph Gi, we apply ring-based transformations
Tga(a ∈ {1, ...,Nm}) to generate a set of cellular complexes
{Xga(Gi)}ga , where g is the set of topological granularities.
Each {Xga(Gi)}ga is encoded by a shared CCNN encoder
Ψ(⋅) to obtain embedding hgai , while the original graph is
encoded by a GIN (Xu et al. 2018) encoder f(⋅) to produce
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hi. Note that in practice, we set Nm = 3, corresponding to
maximum ring sizes of 6, 9, and 12, respectively.

Common Space Contrast In Common space, all these
embeddings are passed through a projection group PGcom

and mapped into a common embedding space S , where we
assume that all granularities offer informative semantic cues.
We denote the resulting projected feature of the j-th view of
graph Gi as zgji , where the 0-th (GIN-based) view is de-
noted by zi. We then optimize a contrastive objective (Chen
et al. 2020; Hassani and Ahmadi 2020; Li et al. 2023) in
this space, which encourages consistency across different
views of the same graph while enforcing distinction from
other graphs. The loss is formally defined as:

LC = −∑
i

∑
j,k∈[0,Nm]

j≠k

log

⎡⎢⎢⎢⎢⎢⎢⎣

s(i, j, k)
s(i, j, k) +∑ i′∈[1,n],i′≠i

j′,k′∈[0,Nm]

s(i′, j′, k′)

⎤⎥⎥⎥⎥⎥⎥⎦
(3)

where s(i, j, k) = exp (c(zji , z
k
i )/τ) defines the similarity

between a positive pair, c(⋅, ⋅) denotes cosine similarity, and
τ is a temperature scaling factor. The term s(i′, j′, k′) repre-
sents the similarity between negative pairs drawn from dif-
ferent samples.

Multi-Granularity Decoupled Contrast Although the
common embedding space S enables joint contrastive learn-
ing across multiple granularities, not all topological views
are equally informative, i.e., certain granularities may con-
tain misleading patterns for the downstream task. To ad-
dress this, we introduce a set of projection heads PGga for
each granularity ga, which map the multi-view representa-
tions into granularity-specific decoupled spaces {Sga}Nm

a=1 .
In each decoupled space Sga , we treat the projection zi of
the original graph Gi as the anchor. The projected features
{zga′i }

Nm

a′≠a, obtained from other granularities, are consid-
ered as positive samples, while representations from differ-
ent graphs serve as negatives. Notably, we exclude the view
a′ = a from being used as a positive, as this space-specific
assumption posits that the ga-view may not contain reli-
able complementary information. We then apply contrastive
learning in space Sga :

LSga = −∑
i

∑
j=0,k≠a,
k∈[0,Nm]

log

⎡⎢⎢⎢⎢⎢⎢⎣

s(i, j, k)
s(i, j, k) +∑ i′∈[1,n],i′≠i

j′,k′∈[0,Nm]

s(i′, j′, k′)

⎤⎥⎥⎥⎥⎥⎥⎦
(4)

By aggregating the contrastive losses across all granularity-
specific decoupled spaces, we obtain the MGDC objective:

LMGDC =
Nm

∑
a=1

Ωga ⋅LSga , (5)

where Ωga is the trustworthiness weight of granularity ga,
reflecting the reliability of its representation space, which is
detailed in the following part.

Granularity-specific Weighting We quantify this trust-
worthiness by estimating the uncertainty of the learned rep-
resentations in each space. Intuitively, if a decoupled space

induces representations with high clustering uncertainty, it is
likely that the corresponding granularity fails to capture con-
sistent semantic patterns. To model this, we adopt a Dirich-
let distribution-based formulation (Jøsang 2016; Han et al.
2021). For each sample, we first compute the clustering
probability pgaiq of assigning the feature zgai to cluster q, us-
ing the Student’s t-distribution:

pgaiq =
(1 + ∥zgai − c

ga
q ∥2/µ)−

µ+1
2

∑q′(1 + ∥z
ga
i − c

ga
q′ ∥2/µ)−

µ+1
2

, (6)

where µ is a degrees-of-freedom parameter, and cgaq is the
centroid of cluster q in space Sga , formalized as:

cgaq = {
1

Nm+1 ∑
Nm

j=0 z
j
q , in common space S,

1
Nm
∑Nm

j=0,j≠a z
j
q , in decoupled space Sga , (7)

We interpret the clustering distribution pgaq as evidence and
map it to a Dirichlet distribution with parameters dgaq = pgaq +
1. The overall uncertainty mass uga and belief masses bgaq
are computed as:

bgaq =
pgaq

∑q′ d
ga
q′
, uga = K

∑q′ d
ga
q′
, (8)

where K is the number of clusters (i.e. batchsize). A lower
Dirichlet uncertainty indicates a more confident and com-
pact clustering of features, implying a higher trustworthi-
ness of the corresponding granularity. Finally, we aggregate
the instance-wise uncertainty into the trustworthiness score
for granularity ga as:

Ωga = sgm
⎛
⎝

n

∑
i=1

K

∑
q=1

Iiq ⋅
⎡⎢⎢⎢⎢⎣
dgm(dgaq ) − dgm

⎛
⎝∑q′

dgaq′
⎞
⎠

⎤⎥⎥⎥⎥⎦

⎞
⎠
,

(9)
where dgm(⋅) is the digamma function, Iiq indicates the
cluster assignment, and sgm(⋅) is the sigmoid function to
normalize the result. This adaptive mechanism enables the
model to emphasize the contributions of reliable granulari-
ties while suppressing the influence of potentially noisy or
uninformative ones.

Training Objective To integrate the complementary
strengths of both the common and granularity-specific con-
trastive views, we formulate the overall training objective as
a weighted combination of the joint contrastive loss in the
common space S and the granularity-aware decoupled con-
trastive losses LSga :

Lall = α ⋅LC +
β

Nm
∑

a∈{1,...,Nm}
Ωga ⋅LSga , (10)

where α and β are balancing hyper-parameters that control
the relative contributions of common contrast and decou-
pled contrast. While the contrastive learning framework en-
courages the model to align and discriminate across multiple
topological granularities during training, we further leverage
this multi-granularity information at inference time. Specif-
ically, we concatenate the embeddings after the encoders
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Dataset NCI1 PROTEINS MUTAG NCI109 IMDB-B IMDB-M A.R. ↓
node2vec 54.9 ± 1.6 57.5 ± 3.6 72.6 ± 10.0 - - - 13.0
sub2vec 52.8 ± 1.5 53.0 ± 5.6 61.1 ± 15.8 - 55.3 ± 1.5 - 13.8

graph2vec 73.2 ± 1.8 73.3 ± 2.0 83.2 ± 9.3 - 71.1 ± 0.5 - 11.0
InfoGraph 76.2 ± 1.0 74.4 ± 0.3 89.0 ± 1.1 76.2 ± 1.3 73.0 ± 0.9 48.1 ± 0.3 7.5
GraphCL 77.9 ± 0.4 74.4 ± 0.5 86.8 ± 1.3 78.1 ± 0.4 71.2 ± 0.4 48.9 ± 0.3 8.0
ADGCL 73.9 ± 0.8 73.3 ± 0.5 88.7 ± 1.9 72.4 ± 0.4 70.2 ± 0.7 48.1 ± 0.4 10.2
JOAO 78.1 ± 0.5 74.6 ± 0.4 87.4 ± 1.0 77.2 ± 0.6 70.2 ± 3.1 48.9 ± 1.2 8.5

JOAOv2 78.4 ± 0.5 74.1 ± 1.1 87.7 ± 0.8 78.2 ± 0.8 70.8 ± 0.3 49.2 ± 0.9 7.0
RGCL 78.1 ± 1.0 75.0 ± 0.4 87.7 ± 1.0 77.7 ± 0.3 71.9 ± 0.9 49.3 ± 0.4 6.2

SimGRACE 79.1 ± 0.4 75.3 ± 0.1 89.0 ± 1.3 78.4 ± 0.4 71.3 ± 0.8 49.1 ± 0.8 4.3
HTML 78.2 ± 0.7 75.0 ± 0.3 88.9 ± 0.8 77.9 ± 0.2 71.7 ± 0.4 48.9 ± 0.6 6.0

DRGCL 78.7 ± 0.4 75.2 ± 0.6 89.5 ± 0.6 77.8 ± 0.4 72.0 ± 0.5 49.5 ± 0.5 4.2
CellCLAT 79.4 ± 0.2 75.7 ± 0.1 89.7 ± 0.3 78.9 ± 0.4 73.4 ± 0.1 50.6 ± 0.2 2.0
HTG-GCL 80.7 ± 0.4*** 76.2 ± 0.5** 90.4 ± 0.5** 79.7 ± 0.4*** 74.0 ± 0.4*** 51.5 ± 0.5*** 1.0

Table 1: Unsupervised representation learning classification accuracy (%) on TU datasets. A.R denotes the average rank of
the results. The best results are highlighted in bold, and the second best results are highlighted with underline. Statistical
significance is determined via a one-sided two-sample t-test. *, **, and *** indicate p-values less than 0.1, 0.05, and 0.01,
denoting marginally, statistically, and strongly significant results, respectively.

Dataset NCI1 PROTEINS NCI109 IMDB-B IMDB-M A.R. ↓
InfoGraph 68.9 ± 0.8 69.5 ± 0.9 67.8 ± 0.7 68.5 ± 0.6 43.8 ± 0.2 8.2
GraphCL 69.6 ± 0.3 69.7 ± 0.1 69.2 ± 0.3 67.8 ± 1.3 43.9 ± 0.3 6.0
ADGCL 65.6 ± 0.6 68.5 ± 2.0 65.7 ± 0.8 67.7 ± 0.9 41.9 ± 0.9 10.8
JOAO 69.1 ± 0.1 70.9 ± 2.0 69.2 ± 0.3 67.6 ± 0.8 43.9 ± 1.0 6.6

JOAOv2 69.1 ± 0.4 70.1 ± 1.4 69.2 ± 0.2 68.3 ± 1.0 43.6 ± 1.1 6.8
RGCL 70.2 ± 0.7 71.2 ± 0.9 69.1 ± 0.3 68.9 ± 0.3 44.5 ± 0.9 3.4

SimGRACE 69.3 ± 0.3 71.3 ± 0.7 69.0 ± 0.2 68.6 ± 0.7 44.2 ± 0.6 4.6
HTML 69.4 ± 0.1 69.1 ± 1.5 68.9 ± 0.1 68.4 ± 0.3 43.2 ± 0.3 7.8

DRGCL 69.3 ± 0.2 70.3 ± 0.4 68.4 ± 0.2 68.0 ± 0.6 44.3 ± 0.5 6.4
CellCLAT 70.4 ± 0.5 71.8 ± 0.1 69.5 ± 0.3 68.5 ± 0.4 44.0 ± 0.3 3.0
HTG-GCL 70.8 ± 0.6* 72.3 ± 0.4** 70.6 ± 0.4*** 69.1 ± 0.5* 45.2 ± 0.7* 1.0

Table 2: Semi-supervised representation learning classification accuracy (%) on TU datasets.

from all granularity-specific views {hgai }a∈{1,...,Nm} and the
graph representation hi as the final graph-level embedding:

hfinal
i = CONCAT (hi, hg1i , h

g2
i , . . . , h

gNm

i ) . (11)

hfinal
i is then used for downstream classification, allowing the

model to fully exploit the hierarchical topological granular-
ity encoded by the cellular complex transformations.

5 Experiments
5.1 Experimental Setup
Benchmarks We evaluate the performance of HTG-GCL
on six widely adopted benchmarks from the TU collection
(Morris et al. 2020), including four bioinformatics datasets
(NCI1, PROTEINS, MUTAG, NCI109) and two social net-
work datasets (IMDB-B, IMDB-M). For unsupervised eval-
uation, all datasets are used, while in the semi-supervised
setting, MUTAG is excluded due to its small size and severe
class imbalance under k-fold cross-validation.

In the unsupervised setting, HTG-GCL is trained on the
full dataset without label supervision. The learned graph-
level representations are evaluated via a downstream clas-
sification task using an SVM classifier with 10-fold cross-
validation. We report the mean and standard deviation of
classification accuracy across five different random seeds.

For the semi-supervised evaluation, the same training pro-
cedure is used, but only 10% of the labeled data is em-
ployed for SVM training. To leverage the remaining unla-
beled data, we adopt a pseudo-labeling strategy: a classifier
is first trained on the small labeled subset and then used to
generate pseudo-labels for the unlabeled samples. A final
model is trained using both labeled and pseudo-labeled data.

Compared Baselines In the unsupervised scenario, we
compare HTG-GCL against fourteen representative base-
lines: Node2Vec (Grover and Leskovec 2016), Sub2Vec
(Adhikari et al. 2018), Graph2Vec (Narayanan et al. 2017),
InfoGraph (Sun et al. 2020), GraphCL (You et al. 2020),
ADGCL (Suresh et al. 2021), JOAO (You et al. 2021),
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Dataset NCI1 MUTAG IMDB-B IMDB-M
One granularity (ring 6) 79.3 ± 0.3 89.7 ± 0.3 73.2 ± 0.3 50.5 ± 0.3
One granularity (ring 9) 79.5 ± 0.4 89.3 ± 0.5 73.3 ± 0.2 50.8 ± 0.6

One granularity (ring 12) 79.5 ± 0.3 89.4 ± 0.4 72.8 ± 0.5 50.7 ± 0.5
Two granularities (ring 6, 9) 79.9 ± 0.4 89.9 ± 0.3 73.4 ± 0.2 51.0 ± 0.3
Two granularities (ring 6,12) 80.1 ± 0.6 89.5 ± 0.5 73.2 ± 0.4 51.1 ± 0.4
Two granularities (ring 9, 12) 80.1 ± 0.4 89.7 ± 0.6 73.4 ± 0.3 51.1 ± 0.3

Two granularities (ring 6, 9) w MGDC 80.3 ± 0.2 90.1 ± 0.3 73.7 ± 0.2 51.2 ± 0.3
Two granularities (ring 6,12) w MGDC 80.4 ± 0.4 89.8 ± 0.4 73.5 ± 0.2 51.4 ± 0.4
Two granularities (ring 9, 12) w MGDC 79.8 ± 0.4 89.6 ± 0.3 73.7 ± 0.3 51.4 ± 0.3

HTG-GCL w/o MGDC 79.7 ± 0.2 89.8 ± 0.4 73.4 ± 0.3 50.9 ± 0.3
HTG-GCL 80.7 ± 0.4 90.4 ± 0.5 74.0 ± 0.4 51.5 ± 0.5

Table 3: Ablation studies on the unsupervised settings. w and w/o denote with and without, respectively.

Figure 4: Hyper-parameter analysis.

RGCL (Li et al. 2022), SimGRACE (Xia et al. 2022), HTML
(Li et al. 2024), DRGCL (Ji et al. 2024) and CellCLAT (Qin
et al. 2025). For the semi-supervised setting, we select ten
of these unsupervised baselines for comparison.

Running Environment Our method is implemented using
PyTorch 1.7. All experiments are conducted on a NVIDIA
Tesla V100 GPU, running on Ubuntu 20.04.

5.2 Unsupervised Learning
The results of unsupervised graph-level representation learn-
ing for downstream graph classification tasks are summa-
rized in Table 1. HTG-GCL consistently achieves the best
performance across all datasets, with an impressive aver-
age rank of 1.0, outperforming all other methods. This high-
lights the effectiveness of HTG-GCL in learning discrimina-
tive and stable graph representations. Furthermore, from the
perspective of statistical significance, HTG-GCL achieves
strongly or statistically significant improvements (p < 0.01
or p < 0.05) over the second-best method on most datasets,
as indicated by the asterisks in the table. This demonstrates
that the performance gains of HTG-GCL are not only con-
sistent but also statistically reliable.

5.3 Semi-supervised Learning
Table 2 presents the results of semi-supervised graph-level
representation learning for downstream classification tasks.

Our method, HTG-GCL, achieves the best overall perfor-
mance with an average rank of 1.0 across all datasets, out-
performing all other methods. This outstanding performance
highlights the effectiveness of HTG-GCL in generating
high-quality representations during unsupervised pretrain-
ing, which can be effectively exploited by downstream clas-
sifiers even in low-label regimes through pseudo-labeling.

5.4 Ablation Studies
We conducted ablation studies on different granularities and
the MGDC module in unsupervised settings, as shown in Ta-
ble 3. The results clearly indicate that multi-granularity inte-
gration outperforms single-granularity topological informa-
tion, demonstrating the effectiveness of incorporating hier-
archical topological information. Moreover, MGDC shows
larger improvement in multi-granularity scenarios, high-
lighting its ability to reduce redundancy and enhance task-
relevant information. HTG-GCL demonstrates outstanding
performance across all settings, validating the importance of
hierarchical topological granularity integration in improving
graph contrastive learning tasks.

5.5 Hyper-parameter Analysis
Number of Granularities We investigate the impact of
the number of granularities from 1 to 4 on model perfor-
mance. The granularities represent the following combina-
tions of granularities: [6], [6,9], [6,9,12], [6,9,12,15]. Fig-
ure 4(a) shows the classification accuracy on the NCI1 and
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Figure 5: t-SNE visualization of six methods on MUTAG.

NCI109 datasets. The highest accuracy is achieved with 3
granularities, and performance declines when the number
of granularities is either lower or higher. The worse perfor-
mance of more granularitie [6,9,12,15] may be due to the
scarcity of rings larger than 12 in the NCI dataset.

Coefficient β for decoupled granularity loss Fig-
ure 4(b) illustrates the classification accuracy on NCI1
and NCI109 dataset across different values of β ∈
{1,0.1,0.01,0.001,0.0001} . We observe that both datasets
achieve the best performance when β is set to 0.01.

Batch Size Figure 4(c) shows the classification accuracy
after training for 20 epochs using different batch sizes rang-
ing from 32 to 256 on NCI1 and NCI109 datasets. We ob-
serve the performance improves as the batch size increases,
with the best results achieved at a batch size of 128.

lr Figure 4(d) illustrates the sensitivity of the classification
performance to the learning rate, with values ranging from 1
to 0.0001. Both datasets achieve the highest accuracy when
the learning rate is set to 0.001.

5.6 Visualization Results
In Figure 5, we present the t-SNE visualizations of six dif-
ferent methods on the MUTAG dataset. Our method ex-
hibits better separation between classes, indicating its supe-
rior ability to learn discriminative representations compared
to the baseline methods.

5.7 Time Complexity Analysis
Multi-granularity Graph-to-Complex Transformation
For each maximum ring size m ∈ {6,9,12}, we attach 2-
cells to all induced cycles of length at most m, thereby

Dataset NCI1 PROTEINS MUTAG IMDB-B
Time 43s 14s 53s 151s

Table 4: Transformation time across different datasets.

Dataset GraphCL DRGCL CellCLAT Ours
PROTEINS 2s 4s 6s 7s

NCI1 17s 18s 15s 18s

Table 5: Training time per epoch across different methods.

constructing a cellular complex {Xm(Gi)}m. This transfor-
mation is a one-time preprocessing step before training. Its
complexity is bounded by Θ ((∣E∣ + ∣V ∣Nm)polylog∣V ∣),
where Nm is the number of induced cycles with length at
most m (Ferreira et al. 2014). Since HTG-GCL constructs
Nm = 3 granularities in practice, the preprocessing cost
grows with the total number of rings considered across gran-
ularities (thus positively correlated with Nm).

Multi-scale Topological Granularity Decoupled Con-
trastive Learning Message Passing: According to (Bod-
nar et al. 2021a), the computational complexity of the mes-
sage passing scheme is Θ(∑d

p=1 Sp), where Bp is the max-
imum boundary size of a p-cell in X and Sp denotes the
number of p-cells. Since HTG-GCL processes Nm gran-
ularities, the passing cost for a batch of n samples is
Θ(Nmn∑d

p=1 Sp). Contrastive Loss Computation: HTG-
GCL performs contrastive learning in both the common
space and granularity-specific decoupled spaces. For a batch
of n samples and embedding dimension d, the similarity ma-
trix has size (Nmn)×(Nmn), yielding a per-batch complex-
ity Θ(N2

mn
2d). Uncertainty-based Weighting Module: In

each granularity-specific space, we compute clustering dis-
tributions pgaiq using Student’s t-distribution (Eq. 6) and then
map them into Dirichlet parameters (Eq. 8-9). For a batch of
n samples with embedding dimension d andK clusters (K =
n), the per-batch complexity is Θ((Nm + 1)n2d). Combin-
ing the above three parts, the total complexity of HTG-GCL
is Θ(Nmn∑d

p=1 Sp) +Θ(N2
mn

2d) +Θ((Nm + 1)n2d).

6 Conclusion
In this paper, we propose HTG-GCL, a framework that ad-
dresses the limitations of fixed-granularity contrastive learn-
ing. By transforming graphs into multi-scale ring-based cel-
lular complexes, HTG-GCL constructs diverse topological
views to capture fine- and coarse-grained structures. To mit-
igate conflicts across views, we introduce a decoupled con-
trastive strategy and assign trustworthiness-based weights to
granularity-specific representation spaces. Extensive experi-
ments on benchmark datasets show that HTG-GCL achieves
consistent improvements over state-of-the-art methods. This
work highlights the importance of hierarchical granularity
modeling and opens new directions for adaptive contrastive
learning on topological graph structures.
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