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ABSTRACT
Unsupervised graph clustering is a fundamental technique for un-
covering underlying semantic patterns in large-scale networks.
Although Graph Contrastive Learning has demonstrated promising
performance, existing methods often suffer from the "structural
isolation" issue during mini-batch training, making it challenging
to capture cohesive community structures that characterize the
global topological distribution. To address these challenges, we
propose SCISE, a Scalable unsupervised graph Clustering frame-
work that preserves structural Integrity by synergizing community-
aware sampling with constrained Structural Entropy. Specifically,
we first introduce the Structural Entropy Community Constraint
operator (SECC), which optimizes structural information within
a constrained solution space to mitigate community fragmenta-
tion and enhance partition cohesion. Second, to prevent global
information loss during batch training, we design a Community-
Aware Sampling Expansion (CSampE) mechanism that incorpo-
rates the community context of target nodes into sampling batches,
effectively breaking structural barriers and preserving topologi-
cal integrity. Finally, we devise a Structural Contrastive Learning
(StructCL) module that refines edge weights based on intra-batch
structural similarity, guiding the encoder to learn representations in
a higher-order structural space. Extensive experiments on six main-
stream benchmark datasets demonstrate that SCISE significantly
outperforms state-of-the-art algorithms, with ablation studies and
robustness analyses further validating its effectiveness and reliabil-
ity for real-world large-scale graphs.
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1 INTRODUCTION
Graph-structured data has become pervasive in representing com-
plex relational information across diverse domains, such as social
media, citation networks, and biological systems [12, 16]. As a fun-
damental task in network analysis, unsupervised graph clustering
aims to partition nodes with high topological and attribute affini-
ties into communities without reliance on manual labeling, thereby
revealing the underlying semantic patterns and structural motifs
within complex networks [10, 43]. This capability is critical for nu-
merous downstream applications, including community detection,
targeted recommendation, and anomaly discovery [2, 48]. Given
the exponential growth of graph data and the prohibitive cost of
human annotation, developing effective and scalable unsupervised
clustering frameworks is of paramount importance for extracting
meaningful structural insights from unlabeled, large-scale relational
data [36, 42].

The prevailing paradigm for unsupervised graph clustering has
shifted towards integrating Graph Neural Networks (GNNs) with
Graph Contrastive Learning (GCL) to learn discriminative semantic
embeddings [3, 19]. Typically, these methods leverage message-
passing mechanisms and consistency regularization to reinforce
feature similarity among intra-cluster nodes [56]. However, as the
scale of real-world networks grows exponentially, these frame-
works encounter a formidable bottleneck: the trade-off between
computational scalability and structural integrity [11, 12].

To handlemassive graphs, existingmethods predominantly adopt
mini-batch training via various stochastic sampling strategies [50].
Although GCL has demonstrated remarkable performance in rep-
resentation learning, its efficacy on large-scale data is severely
hampered by the "structural isolation" issue induced by batch-wise
operations [32]. Since traditional samplers primarily focus on local
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between nodes 𝑣𝑖 and 𝑣 𝑗 . Given the graph𝐺 , the objective is to learn
a mapping function 𝑓 : {𝑉 ,A,X} → Y that assigns each node to
one of 𝐾 disjoint clusters Y ∈ {1, . . . , 𝐾}𝑁 , where 𝐾 is a pre-defined
or inferred number of clusters.

Definition 3.2 (Structural Entropy). Structural information the-
ory [18] is originally proposed for measuring the structural informa-
tion contained within a graph. Specifically, this theory aims to cal-
culate the structural entropy of the homogeneous graph𝐺 = (𝑉 , 𝐸),
which reflects its uncertainty when undergoing hierarchical di-
vision. The structural information of the homogeneous graph 𝐺
determined by the encoding tree T is defined as:

𝐻 T (𝐺) = −
∑︂

𝛼∈T,𝛼≠𝜆

𝑔𝛼

𝑣𝑜𝑙 (𝐺) log
𝑣𝑜𝑙 (𝛼)
𝑣𝑜𝑙 (𝛼−) , (1)

where 𝑣𝑜𝑙 (𝐺) is the sum of the degrees of all nodes in the graph 𝐺 .
Each vertex in the encoding tree T corresponds to a node subset
𝑇𝛼 in the graph 𝐺 . 𝑣𝑜𝑙 (𝛼) is the volume of 𝑇𝛼 and is the sum of
the degrees of all nodes in the subset 𝑇𝛼 . 𝛼− is the parent vertex
of vertex 𝛼 in the encoding tree. 𝑔𝛼 is the sum of weights of all
edges from node subset 𝑇𝛼 to node subset 𝑉 /𝑇𝛼 , which can be
understood as the total weight of the edges from the nodes outside
the node subset𝑇𝛼 to the nodes inside𝑇𝛼 , or the total weight of the
cut edges. 𝑔𝛼

𝑣𝑜𝑙 (𝐺 ) represents the probability that the random walk
enters𝑇𝛼 . The structural entropy 𝐻 (𝐺) of graph𝐺 is the minimum
𝐻 T (𝐺). Let Tℎ be encoding trees whose height is not greater than
ℎ, then the ℎ-dimensional structural entropy of 𝐺 is defined as
𝐻ℎ (𝐺) =𝑚𝑖𝑛{𝐻 Tℎ (𝐺)}.

4 METHODOLOGY
This section presents a detailed formalization of the proposed scal-
able unsupervised graph clustering framework, SCISE. As illus-
trated in Figure 2, SCISE comprises three strategic components:
Structural Entropy Community Constraint (SECC), which optimizes
structural entropy minimization under community-cardinality con-
straints to generate cohesive partitions; Community-aware Sam-
pling Extension (CSampE), which mitigates the "structural isola-
tion" of mini-batches by performing community-aware context
expansion; and Structural Contrastive Learning (StructCL), which
executes contrastive alignment on a higher-order topology recon-
structed via structural similarity. Specifically, the pipeline begins
with SECC (Section 4.1) as a preprocessing stage, leveraging a con-
strained structural entropy operator to partition the raw graph
into dense community anchors. During the representation learning
stage, CSampE (Section 4.2) augments sampled nodes with their
corresponding intra-community neighbors to restore topological in-
tegrity. Subsequently, StructCL (Section 4.3) refines the batch-wise
subgraph by re-weighting edges based on structural similarities
approximated through random walks. Finally, the Overall Optimiza-
tion (Section 4.4) integrates these modules into a unified objective
to refine latent embeddings, followed by K-means clustering to pro-
duce the final partitions. A detailed complexity analysis of SCISE
is provided in Section 4.5.

4.1 Structural Entropy Community Constraint
Applying structural information theory to graph structure learn-
ing has demonstrated substantial advantages across various down-
stream tasks, primarily due to its capacity to reveal the hierarchi-
cal topological semantics of nodes. However, current optimization
paradigms for structural entropy predominantly rely on a greedy
merge operator—iteratively merging node pairs until no further re-
duction in structural entropy is possible. This unconstrained, locally
greedy approach is highly susceptible to over-segmentation and
frequently traps the model in local optima. As illustrated in the case
study in Section 5.7, conventional methods often yield a plethora
of fragmented, micro-communities (e.g., sizes of 2, 3, or 4). In ideal
real-world scenarios, however, community partitions are expected
to be cohesive, characterized by an abundance of medium-sized
communities and a minimal presence of extreme-sized (excessively
large or small) communities.

To address this bottleneck, we impose a community cardinal-
ity constraint, denoted as 𝑁comm, on the greedy structural entropy
minimization process. Consequently, the termination criterion for
the merge operator shifts from "the absence of entropy-decreasing
node pairs" to "convergence to the target community count 𝑁comm".
Specifically, the process initializes with all 𝑁 nodes forming individ-
ual singleton communities, denoted as C = {𝑐1, 𝑐2, . . . , 𝑐𝑁 }, where
inter-community connections correspond to the original edge set 𝐸.
For each edge 𝑒𝑖, 𝑗 ∈ 𝐸, we calculate the change in structure entropy,
ΔSE(𝑖, 𝑗), resulting from the merger of 𝑐𝑖 and 𝑐 𝑗 :

Δ𝐻 (𝑐𝑖 , 𝑐 𝑗 ) = −
𝑔𝑐𝑖∪𝑐 𝑗
𝑣𝑜𝑙 (𝐺 ) log

𝑣𝑜𝑙 (𝑐𝑖 ∪ 𝑐 𝑗 )
𝑣𝑜𝑙 (𝐺 ) +

∑︂
𝑣𝑡 ∈𝑐𝑖∪𝑐 𝑗

(︃
−

𝑑𝑣𝑡

𝑣𝑜𝑙 (𝐺 ) log
𝑑𝑣𝑡

vol(𝑐𝑖 ∪ 𝑐 𝑗 )

)︃
−

(︄
−

𝑔𝑐𝑖

vol(𝐺 ) log
vol(𝑐𝑖 )
vol(𝐺 ) +

∑︂
𝑣𝑡 ∈𝑐𝑖

(︃
−

𝑑𝑣𝑡

vol(𝐺 ) log
𝑑𝑣𝑡

vol(𝑐𝑖 )

)︃)︄

− ⎛⎜⎝−
𝑔𝑐 𝑗

vol(𝐺 ) log
vol(𝑐 𝑗 )
vol(𝐺 ) +

∑︂
𝑣𝑡 ∈𝑐 𝑗

(︃
−

𝑑𝑣𝑡

vol(𝐺 ) log
𝑑𝑣𝑡

vol(𝑐 𝑗 )

)︃⎞⎟⎠ ,
(2)

where 𝑣𝑜𝑙 (·) denotes the volume of the community, 𝑔(·) represents
the cut edges, and 𝑑𝑣𝑡 signifies the node degree. Subsequently, we
sort the entropy variations of all candidate edges in increasing order,
retaining 𝑂𝑃 pairs where Δ𝐻 (𝑐𝑖 , 𝑐 𝑗 ) < 0. To control the pace and
efficiency of the agglomeration, we introduce a hyperparameter 𝑝
(0 < 𝑝 ≤ 1), executing the merge operation only on the top 𝑝 pro-
portion of these candidate pairs. Following one iteration, a new com-
munity set C′ = {𝑐1, 𝑐2, . . . , 𝑐𝑁 ′ } is formed, where 𝑁 ′ = 𝑁 −𝑝 ×𝑂𝑃 .
The core innovation of the constraint lies in its ability to circumvent
premature convergence. So, before termination, if no node pairs
satisfy Δ𝐻 (𝑐𝑖 , 𝑐 𝑗 ) < 0, yet the current number of communities has
not reached 𝑁comm, the algorithm relaxes the strict entropy-descent
condition. It forces further merges—regardless of temporary struc-
tural entropy increases—until the total number of communities is
strictly limited to 𝑁comm (detailed in Algorithm 1). This mechanism
effectively breaks out of local optima and yields highly compact
partitions by compelling nodes into exactly 𝑁comm cohesive groups,
while ensuring global structural integrity. The unconstrained mini-
mization algorithm can be used to estimate a feasible upper bound
for the community range. As demonstrated in Section 5.4, SCISE is
highly insensitive to the precise value of 𝑁𝑐𝑜𝑚𝑚 , and therefore no
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exhaustive search for an optimal community number is required in
practice.

Algorithm 1: Structural Entropy Community Constraint
Input: Graph 𝐺 = (𝑉 , 𝐸), target community count 𝑁comm,

merge speed 𝑝 ∈ (0, 1].
Output: Community partition C = {𝑐1, 𝑐2, . . . , 𝑐𝑁comm }.

1 Initialize C = {{𝑣1}, {𝑣2}, . . . , {𝑣𝑁 }};
2 Calculate vol(𝐺) = ∑︁

𝑣∈𝑉 𝑑𝑣 ;
3 while |C| > 𝑁comm do
4 E𝑐𝑎𝑛𝑑 = {(𝑐𝑖 , 𝑐 𝑗 ) | 𝑐𝑖 , 𝑐 𝑗 ∈ C, 𝑖 < 𝑗,∃𝑒𝑢,𝑤 ∈ 𝐸 s.t. 𝑣𝑢 ∈

𝑐𝑖 , 𝑣𝑤 ∈ 𝑐 𝑗 };
5 foreach (𝑐𝑖 , 𝑐 𝑗 ) ∈ E𝑐𝑎𝑛𝑑 do
6 Calculate Δ𝐻 (𝑐𝑖 , 𝑐 𝑗 ) via Eq. (2);
7 end
8 Sort E𝑐𝑎𝑛𝑑 in descending order of Δ𝐻 ;
9 𝑃𝑝𝑜𝑠 = {(𝑐𝑖 , 𝑐 𝑗 ) ∈ E𝑐𝑎𝑛𝑑 | Δ𝐻 (𝑐𝑖 , 𝑐 𝑗 ) < 0};

// Forced Convergence
10 if 𝑃𝑝𝑜𝑠 is empty then
11 𝑃𝑝𝑜𝑠 = E𝑐𝑎𝑛𝑑 ;
12 end
13 𝑂𝑃 = |𝑃𝑝𝑜𝑠 |;
14 𝑘 =min (𝑝 ·𝑂𝑃, |C| − 𝑁comm);
15 Select top 𝑘 pairs from 𝑃𝑝𝑜𝑠 and merge them;
16 Update C and |C| = |C| − 𝑘 ;
17 end
18 return C

4.2 Community-aware Sampling Extension
To maintain computational efficiency on large-scale graphs, models
typically rely on stochastic node sampling to constructmini-batches.
However, this inherent randomness frequently severs deep-seated
community ties. Nodes belonging to the same cohesive cluster may
be partitioned into disparate batches, preventing the model from
capturing the full topological evolution of a community within
a single gradient update—a phenomenon we define as Structural
Isolation. Conventional node-centric paradigms (e.g., neighbor sam-
pling) often neglect long-range community constraints, leading to
fragmented subgraphs where intra-batch nodes are topologically
isolated. This fragmentation hinders the model from learning the
cohesive hierarchical semantics intrinsic to the data.

CSampE bridges this gap by adaptively expanding the initial
batchV𝑏𝑎𝑡𝑐ℎ into structurally dense collectives based on underlying
community memberships. By shifting the sampling paradigm from
"node expansion" to "community alignment," CSampE identifies the
corresponding community 𝑐 (𝑣) ∈ C for each seed node 𝑣 ∈ V𝑏𝑎𝑡𝑐ℎ

via the partitions generated by SECC. This mechanism pulls nodes
from the same community and their critical topological structures
into a unified sampling space, forcing themodel to observe complete
community semantics in each training step. Specifically, for each
node 𝑣 ∈ V𝑏𝑎𝑡𝑐ℎ associated with community 𝑐 (𝑣), we introduce a
cardinality threshold 𝜃 to govern the expansion strategy:

Case I: Structural Restoration for Small Communities (|𝑐 (𝑣) | ≤ 𝜃 ).
For small-scale communities, we execute a full-community expan-
sion to ensure the local topology is entirely restored within a single
training step. The expanded setV𝑒𝑥𝑡 is defined as:

V𝑒𝑥𝑡 = {𝑢 | ∃𝑣 ∈ V𝑏𝑎𝑡𝑐ℎ, 𝑢 ∈ 𝑐 (𝑣)}, (3)

Case II: Backbone Extraction for Large Communities (|𝑐 (𝑣) | > 𝜃 ).
In expansive communities, full inclusion would trigger "batch ex-
plosion" and excessive memory overhead. To distill the most rep-
resentative features, we execute 𝑤𝑙 random walks of length 𝑤𝑡

starting from node 𝑣 within 𝑐 (𝑣). Let 𝑓 (𝑢; 𝑣) denote the frequency
of node 𝑢 being visited by node 𝑣 within 𝑐 (𝑣). We identify the struc-
tural backbone by filtering nodes that exceed the mean visitation
frequency:

V𝑒𝑥𝑡 = {𝑢 | ∃𝑣 ∈ V𝑏𝑎𝑡𝑐ℎ s.t. 𝑢 ∈ 𝑐 (𝑣) and 𝑓 (𝑢; 𝑣) > 𝑓𝑣}, (4)

where 𝑓𝑣 = 1
| R𝑣 |

∑︁
𝑤∈R𝑣 𝑓 (𝑤 ; 𝑣) denotes the mean visitation fre-

quency associated with seed 𝑣 , and R𝑣 represents the set of all
nodes reachable from seed 𝑣 within the community via random
walks. The final expanded batch, V∗

𝑏𝑎𝑡𝑐ℎ
= V𝑏𝑎𝑡𝑐ℎ ∪ V𝑒𝑥𝑡 , trans-

forms a collection of isolated points into a coherent structural
field. This dual-track strategy enables the model to leverage dense
community-aware signals while maintaining an effectively man-
aged batch size, thereby enhancing the stability of gradient updates
and the robustness of learned hierarchical representations.

4.3 Structural Contrastive Learning
While the CSampE module successfully assembles structurally
dense mini-batches, efficiently translating these multi-hop topo-
logical patterns into the representation space remains a significant
challenge. A naive approach would be to treat all node pairs within
the same community as positive anchors. However, for large-scale
graphs, even with the reduced scale of a mini-batch, this would lead
to a quadratic explosion (O(|V∗

𝑏𝑎𝑡𝑐ℎ
|2)) in the number of positive

pairs, incurring prohibitive computational overhead. To quantify
community-level structural relations without inflating complexity,
we propose Structural Contrastive Learning (StructCL).

To efficiently capture community-level structural relations, we
construct a structural affinity matrix A∗ based on the visitation
counts of localized random walks. For each node 𝑣𝑖 ∈ V∗𝑏𝑎𝑡𝑐ℎ ,
we execute 𝑤𝑡 random walks of length 𝑤𝑙 within the graph. Let
𝐶𝑜𝑢𝑛𝑡 (𝑣 𝑗 ; 𝑣𝑖 ) denote the total frequency of node 𝑣 𝑗 being visited in
walks originating from 𝑣𝑖 . The structural affinity matrix A∗ ∈ R𝐵×𝐵

(where 𝐵 = |V∗
𝑏𝑎𝑡𝑐ℎ
|) is defined as:

A∗𝑖 𝑗 =

{︄
𝐶𝑜𝑢𝑛𝑡 (𝑣 𝑗 ; 𝑣𝑖 ), if 𝑖 ≠ 𝑗 and 𝑣 𝑗 ∈ RW(𝑣𝑖 )
0, otherwise

, (5)

This sparse matrix effectively transforms the batch into a weighted
structural subgraph. Within this subgraph, the weights A∗𝑖 𝑗 serve as
confidence scores for topological co-occurrence: a higher frequency
indicates a more stable structural bond. By selectively focusing on
these frequently visited "structural anchors," StructCL effectively
captures the core community semantics while avoiding the compu-
tational redundancy of all-to-all community matching.

To align the neural similarity of embeddings with the distilled
structural affinities, for any node pair (𝑣𝑖 , 𝑣 𝑗 ) with A∗𝑖 𝑗 > 0, we
define the consistency loss as a multi-positive InfoNCE objective:

L𝑠𝑡𝑟𝑢𝑐𝑡 = −
1
𝐵

∑︂
𝑣𝑖 ∈V∗𝑏𝑎𝑡𝑐ℎ

1
|P𝑖 |

∑︂
𝑣𝑗 ∈P𝑖

log
exp(sim(z𝑖 , z𝑗 )/𝜏)∑︁

𝑣𝑘≠𝑣𝑖
exp(sim(z𝑖 , z𝑘 )/𝜏)

,

(6)
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where P𝑖 = {𝑣 𝑗 | A∗𝑖 𝑗 > 0} is the sparse set of structural neighbors
for node 𝑣𝑖 . By minimizing L𝑠𝑡𝑟𝑢𝑐𝑡 , the model adaptively encodes
dense intra-community signals into the representation space. This
self-supervised mechanism ensures that the learned embeddings
are inherently endowed with community-topology awareness, ef-
fectively bridging the "structural isolation" gap while maintaining
a bounded computational complexity suitable for large-scale graph
analysis.

Algorithm 2: Overall execution procedure of SCISE.
Input: Graph with feature𝐺 = (𝑉 , 𝐸), features X, adjacency

matrix 𝐴, target community count 𝑁comm, merge
speed 𝑝 ∈ (0, 1], expansion threshold 𝜃 , random
walk params (𝑤𝑙 ,𝑤𝑡 ), batch size 𝐵, target clusters 𝐾 .

Output: Cluster assignments Y.
// Stage 1: Preprocessing community division

1 C ← SECC(𝐺, 𝑁comm, 𝑝) via Algorithm 1;
2 Construct community lookup mapping 𝑐 (𝑣) for each 𝑣 ∈ 𝑉

from C;
// Stage 2: Structure-Aware Representation

Learning
3 for epoch = 1, 2, 3,... do
4 foreach mini-batchV𝑏𝑎𝑡𝑐ℎ ⊂ 𝑉 do
5 InitializeV𝑒𝑥𝑡 ← ∅;
6 foreach 𝑣 ∈ V𝑏𝑎𝑡𝑐ℎ do
7 if |𝑐 (𝑣) | ≤ 𝜃 then

// Case I: Full Expansion
8 V𝑒𝑥𝑡 ←V𝑒𝑥𝑡 ∪ {𝑢 | 𝑢 ∈ 𝑐 (𝑣)} via Eq. 3;
9 end

10 else
// Case II: Backbone Extraction

11 Perform𝑤𝑡 random walks of length𝑤𝑙

within 𝑐 (𝑣);
12 UpdateV𝑒𝑥𝑡 via Eq. 4;
13 end
14 end
15 V∗

𝑏𝑎𝑡𝑐ℎ
=V𝑏𝑎𝑡𝑐ℎ ∪V𝑒𝑥𝑡 ;

// StructCL Optimization
16 Compute structural affinity A∗ via Eq. 5;
17 Z𝑏𝑎𝑡𝑐ℎ = GCN(X[V∗

𝑏𝑎𝑡𝑐ℎ
], 𝐴);

18 calculate L𝑠𝑡𝑟𝑢𝑐𝑡 via Eq. 6;
19 L𝑠𝑡𝑟𝑢𝑐𝑡 backward;
20 end
21 end
22 Z𝑔𝑙𝑜𝑏𝑎𝑙 = ∅;
23 foreach mini-batchV𝑏𝑎𝑡𝑐ℎ ⊂ 𝑉 do
24 Z𝑏𝑎𝑡𝑐ℎ = GCN(X[V𝑏𝑎𝑡𝑐ℎ], 𝐴);
25 Z𝑔𝑙𝑜𝑏𝑎𝑙 = Z𝑔𝑙𝑜𝑏𝑎𝑙 ∪ Z𝑏𝑎𝑡𝑐ℎ ;
26 end
27 Y = K-means(Z𝑔𝑙𝑜𝑏𝑎𝑙 , 𝐾);
28 return Y

4.4 Overall Optimization
The overall execution procedure of SCISE is summarized in Al-
gorithm 2. SCISE adopts a two-stage paradigm consisting of com-
munity division preprocessing and structure-aware representation
learning. Specifically, the SECC is first invoked to obtain a sta-
ble community structure mapping C, which circumvents the high
computational overhead of recalculating communities at each train-
ing step. During the training phase, for each mini-batch V𝑏𝑎𝑡𝑐ℎ ,
the CSampE adaptively expands the batch with community nodes
V𝑒𝑥𝑡𝑒𝑛𝑑 based on the pre-acquired community scales. This enables

Table 1: Statistics of datasets.

Dataset #Node #Edge #Feature #Cluster Degree
Photo 7,650 119,081 745 8 31.13
Computers 13,752 245,861 767 10 35.76
Pubmed 19,717 44,324 500 3 4.50
Ogbn-arxiv 169,343 1,166,243 128 40 13.77
Reddit 232,965 114,615,892 602 41 491.98
Ogbn-products 2,449,029 61,859,140 100 47 50.52

the subsequent StructCL objective to distill community-level seman-
tic signals into the GCN encoder without incurring the "neighbor
explosion" problem. Subsequently, the node features are processed
through a 𝐺𝐶𝑁 backbone to learn the node embeddings Z𝑏𝑎𝑡𝑐ℎ .
Finally, a single-pass K-means clustering is performed on the con-
solidated global embeddings Z𝑔𝑙𝑜𝑏𝑎𝑙 to obtain the final partitions
Y𝑝𝑟𝑒𝑑 .

4.5 Complexity Analysis
To demonstrate the scalability of SCISE, we analyze its computa-
tional complexity across two primary stages: offline structural prior
acquisition and structure-aware representation learning. First, the
complexity of the SECC module is governed by the construction
of the structural entropy encoding tree. Given a graph 𝐺 with 𝑁
nodes and𝑀 edges, when the parallel merge rate is 𝑝 , the maximum
number of rounds required for hierarchical merging is log1−𝑝

1−𝑝
𝑁−1 .

Consequently, the time complexity for constructing the structural
prior is𝑂 (𝑀 · log1−𝑝

1−𝑝
𝑁−1 ), which can be simplified to𝑂 (𝑀 log𝑁 ).

Since SECC is performed as a one-time preprocessing step, it does
not add to the iterative overhead of the training phase.

In the online training phase, the complexity for each mini-batch
V𝑏𝑎𝑡𝑐ℎ consists of three components: CSampE expansion, neural
encoding, and StructCL optimization. For each batch, the adaptive
expansion via either full community retrieval or localized random
walks incurs a complexity of 𝑂 (𝐵 ·𝑤𝑙 ·𝑤𝑡 ), where 𝐵 is the initial
batch size, and (𝑤𝑙 ,𝑤𝑡 ) are the random walk parameters. The for-
ward pass through the GCN has a complexity of 𝑂 ( |V∗

𝑏𝑎𝑡𝑐ℎ
| · 𝑓 · 𝑑),

where 𝑓 and 𝑑 denote the input and embedding dimensions, respec-
tively. Calculating the structural contrastive loss involves pairwise
similarity computations within the expanded batch, resulting in
𝑂 ( |V∗

𝑏𝑎𝑡𝑐ℎ
| ·𝑤𝑙 ·𝑤𝑡 ). Given that |V∗

𝑏𝑎𝑡𝑐ℎ
| is bounded within a small

constantmultiple of𝐵, the total time complexity per iteration during
the representation learning stage is 𝑂 (𝐵 · (𝑤𝑙𝑤𝑡 + 𝑓 𝑑)). Extend-
ing this to a full training epoch, the overall complexity remains
𝑂 (𝑁 · (𝑤𝑙𝑤𝑡 + 𝑓 𝑑)).

5 EXPERIMENTS
In this section, we conduct empirical experiments to demonstrate
the effectiveness of the proposed framework SCISE. We aim to an-
swer five research questions as follows: Q1: Effectiveness. How
does SCISE perform in unsupervised graph clustering tasks com-
pared with state-of-the-art baselines (Section 5.2)? Q2: Ablation
Study. How do the SECC, CSampE, and StructCL modules influ-
ence the performance of SCISE, and how do they interact with
each other (Section 5.3)? Q3: Stability Analysis. How do key hy-
perparameters impact the performance of SCISE, and what is the
degree of model sensitivity to these parameters (Section 5.4)? Q4:
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Table 2: Comparison of the NMI, ARI, ACC, and F1 across different methods on six datasets. The best results are bolded, and
the second-best results are underlined.

Method Photo Computers Pubmed
NMI ARI ACC F1 NMI ARI ACC F1 NMI ARI ACC F1

DGI 33.70±0.85 22.10±0.55 43.00±1.10 35.20±0.90 42.00±1.05 30.60±0.85 47.90±1.20 39.00±1.00 32.20±0.80 29.20±0.75 65.70±1.65 65.40±1.60
S3GC 59.80±0.47 56.10±0.73 75.20±0.58 72.90±0.69 56.00±0.62 43.80±0.41 58.80±0.76 47.50±0.55 33.30±0.79 34.50±0.64 71.30±0.48 70.30±0.71

SUBLIME 56.91±0.43 45.11±0.98 64.95±0.61 61.24±0.25 45.55±0.73 24.89±0.15 40.94±0.88 34.64±0.49 18.68±0.32 16.16±0.67 58.33±0.59 58.69±0.91
CONVERT 63.04±0.34 55.20±1.18 74.24±0.67 69.13±1.05 48.44±1.42 34.25±0.53 51.30±0.91 42.17±0.28 28.19±0.79 26.59±1.36 63.29±0.45 62.29±1.12

SCGC 54.96±3.49 45.66±3.58 64.90±3.33 52.02±5.26 47.41±1.18 46.06±2.91 61.16±2.22 38.07±3.24 26.05±2.21 25.27±3.51 65.12±2.21 61.49±3.40
DMoN 63.38±0.46 52.41±0.73 73.83±0.58 71.05±0.79 49.30±0.64 31.82±0.41 49.13±0.77 39.29±0.52 29.80±0.71 24.52±0.55 61.99±0.69 62.17±0.44

Dink-Net 74.36±0.35 68.40±0.98 81.71±0.61 73.92±1.14 42.10±0.78 24.85±1.64 45.17±1.12 40.38±1.93 29.93±1.47 29.29±0.56 67.29±1.89 66.96±1.03
LSEnet 58.94±0.63 47.80±0.88 65.46±0.54 45.80±0.91 55.03±0.79 42.15±1.02 53.27±0.47 22.41±0.68 29.67±0.42 27.90±0.36 58.98±0.58 59.00±0.61
MAGI 71.60±0.76 61.50±0.33 79.00±1.07 72.90±0.88 59.20±1.19 46.20±0.54 62.00±0.90 57.40±0.37 29.37±0.25 29.25±0.40 66.23±0.23 65.11±0.20
DeSE 68.94±0.28 62.49±0.12 80.54±0.12 73.67±0.03 52.10±0.15 45.64±0.16 58.78±0.31 43.17±0.23 30.82±0.17 29.47±0.15 67.47±0.21 67.36±0.19
SCISE 74.53±0.14 64.51±0.29 79.71±0.15 76.22±0.12 58.46±0.24 51.78±0.80 67.32±0.36 59.48±0.84 35.77±0.02 36.33±0.02 72.38±0.01 71.83±0.01

Improv.(%) ↑ 0.23% - - ↑ 3.11% - ↑ 12.07% ↑ 8.58% ↑ 3.63% ↑ 7.42% ↑ 5.31% ↑ 1.52% ↑ 2.18%

Method Ogbn-arxiv Reddit Ogbn-products
NMI ARI ACC F1 NMI ARI ACC F1 NMI ARI ACC F1

DGI 41.20±1.20 22.30±0.80 31.40±0.95 23.00±0.70 30.60±0.90 17.00±0.60 22.40±0.75 18.30±0.55 46.70±1.40 17.40±0.65 32.00±1.00 19.20±0.60
S3GC 46.30±0.58 27.00±1.42 35.00±0.91 23.00±1.16 80.70±1.27 74.50±0.63 73.60±1.08 56.00±0.75 53.60±0.84 23.00±0.35 40.20±0.56 25.00±0.92

SUBLIME OOM OOM OOM
CONVERT OOM OOM OOM

SCGC OOM OOM OOM
DMoN 35.60±0.26 12.70±0.97 25.00±0.58 19.00±1.14 62.80±1.08 50.20±0.34 52.90±0.86 26.00±0.41 42.80±0.72 13.90±1.19 30.40±0.29 21.00±0.95

Dink-Net 43.73±0.23 35.22±0.41 43.68±0.35 26.92±0.48 78.91±0.39 71.34±0.26 76.03±0.44 67.95±0.31 50.78±0.50 21.08±0.34 41.09±0.28 25.15±0.42
LSEnet OOM OOM OOM
MAGI 46.90±0.29 31.00±1.12 38.80±0.68 26.60±1.34 87.50±1.46 90.70±0.57 91.10±0.91 85.30±0.24 55.10±0.83 21.50±1.27 42.50±0.42 27.60±1.05
DeSE OOM OOM OOM
SCISE 48.42±0.08 37.66±0.47 44.13±0.59 31.52±0.41 87.92±0.12 90.97±0.08 91.75±0.24 86.48±0.41 55.61±0.02 25.65±0.67 43.88±0.39 27.82±0.10

Improv.(%) ↑ 3.25% ↑ 6.92% ↑ 1.04% ↑ 17.08% ↑ 0.48% ↑ 0.30% ↑ 0.71% ↑ 1.39% ↑ 0.93% ↑ 11.50% ↑ 3.24% ↑ 0.78%

Robustness Against Noise.How robust is SCISE to noisy commu-
nity priors (Section 5.5)? Q5: Robustness Against Sparsity. Can
SCISE effectively alleviate structural isolation and maintain clus-
tering performance when graph connectivity is severely degraded
(Section 5.6)? Q6: Case Study. How do the community number
(𝑁𝑐𝑜𝑚𝑚) constraints and merge speed (𝑝) balance structural entropy
and community cohesion (Section 5.7)?

5.1 Experiment Setup
Datasets. We conduct experiments on six benchmark datasets:
Photo [30], Computers [30], Pubmed [29], Ogbn-arxiv [13], Red-
dit [12], and Ogbn-products [13]. Details of datasets are summa-
rized in Table 1. Baselines. For graph clustering, we mainly com-
pare SCISE with ten state-of-the-art baselines, including DGI [36],
S3GC [9], SUBLIME [25], CONVERT [46], DMoN [35], Dink-Net [22],
LSEnet [34], MAGI [20], DeSE [54], and SCGC [17]. Evaluation
Metrics.We evaluate the accuracy and consistency of graph clus-
tering with four metrics. NMI (Normalized Mutual Information)
evaluates how well the predicted clusters match the true clusters in
terms of information shared. ARI (Adjusted Rand Index) assesses
the similarity between the predicted and true cluster assignments,
adjusting for random chance. ACC (Accuracy) measures the pro-
portion of nodes correctly assigned to their true clusters. F1 Score
evaluates the balance between precision and recall in cluster as-
signments.

5.2 Overall Performance
Table 2 presents the comprehensive performance evaluation, where
SCISE dominates across all benchmarks, achieving state-of-the-art
(SOTA) results in 21 out of 24 metrics. On the Ogbn-arxiv dataset,
our framework significantly outperforms the strongest baselines
by 3.25% in NMI and a remarkable 17.08% in F1-score. We attribute
this localized and global success to three synergistic strengths:
First, Countering Structural Drifting and Fragmentation: Un-
like existing structural methods (e.g., DMoN, DeSE) that often suf-
fer from uncontrolled cluster merging or excessive fragmentation,
SCISE employs the SECC operator to enforce explicit community-
cardinality constraints. This yields partitions that are not only co-
hesive but also strictly aligned with the network’s inherent seman-
tic distribution. Second, Bridging Structural Isolation: While
conventional self-supervised methods (e.g., DGI, SUBLIME) rely
on node-local consistency, they frequently lose global community
context during batching. SCISE mitigates this via CSampE, which
proactively restores community-level connectivity, and StructCL,
which recalibrates higher-order dependencies. This combination en-
sures that the encoder captures holistic topological patterns rather
than isolated neighborhood signals. Third, Robust Scalability
on Massive Graphs: On large-scale benchmarks like Reddit and
Ogbn-products, many high-performance competitors encounter
Out-of-Memory (OOM) errors due to dense graph operations. In
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Table 3: Ablation study on six datasets. Red cells indicate a significant performance degradation compared to the full model.

Variation Photo Computers Pubmed
NMI ARI ACC F1 NMI ARI ACC F1 NMI ARI ACC F1

SCISE 74.53±0.14 64.51±0.29 79.71±0.15 76.22±0.12 58.46±0.24 51.78±0.80 67.32±0.36 59.48±0.84 35.77±0.02 36.33±0.02 72.38±0.01 71.83±0.01
w/o SECC 74.41±0.14 64.51±0.10 79.74±0.07 76.16±0.29 58.11±0.23 51.07±0.38 67.05±0.26 58.97±0.13 35.59±0.01 36.20±0.02 72.31±0.01 71.72±0.01

w/o CSampE 73.62±0.71 63.79±0.43 79.48±0.14 75.44±0.93 49.00±0.04 45.12±0.08 64.67±0.16 58.41±0.06 35.87±0.02 36.12±0.01 72.19±0.01 71.68±0.02
w/o StructCL 74.79±0.13 64.72±0.09 79.82±0.05 76.31±0.06 55.69±0.06 39.12±0.10 55.72±0.06 52.03±0.02 28.59±0.02 30.32±0.03 68.73±0.02 67.48±0.04

w/o SECC & StructCL 74.77±0.13 64.79±0.14 79.88±0.09 76.37±0.06 56.45±0.01 40.61±0.02 57.14±0.01 49.75±0.01 25.62±0.01 24.89±0.01 65.90±0.02 66.96±0.02
w/o CSampE & StructCL 70.39±0.60 62.66±0.60 79.45±0.37 77.10±0.42 50.24±0.59 35.18±0.76 54.57±0.22 55.82±0.82 31.07±0.02 36.76±0.01 72.34±0.01 70.57±0.01

Variation Ogbn-arxiv Reddit Ogbn-products
NMI ARI ACC F1 NMI ARI ACC F1 NMI ARI ACC F1

SCISE 48.42±0.08 37.66±0.47 44.13±0.59 31.52±0.41 87.92±0.12 90.97±0.08 91.75±0.24 86.48±0.41 55.61±0.02 25.65±0.67 43.88±0.39 27.82±0.10
w/o SECC 48.15±0.07 36.95±0.37 44.09±0.21 31.14±0.37 87.45±0.04 90.72±0.11 91.14±0.18 84.51±0.52 55.33±0.01 24.27±0.01 42.89±0.01 27.63±0.01

w/o CSampE 45.31±0.33 21.15±1.11 32.73±0.95 26.10±0.61 85.97±0.16 80.19±1.37 85.66±1.10 83.40±0.57 53.21±0.67 21.76±1.17 39.40±1.06 26.13±0.45
w/o StructCL 47.55±0.17 32.97±0.31 41.42±0.45 30.34±0.73 88.20±0.03 91.27±0.08 91.57±0.13 85.82±0.19 54.78±0.24 22.59±0.26 40.62±0.18 26.71±0.11

w/o SECC & StructCL 46.91±0.21 28.08±1.77 38.35±0.65 29.82±1.01 87.46±0.11 90.36±0.27 90.69±0.28 83.42±0.90 54.80±0.01 22.35±0.01 40.51±0.01 26.73±0.02
w/o CSampE & StructCL 41.49±0.37 15.57±0.10 28.25±0.77 22.95±0.58 85.44±0.04 80.09±0.54 85.71±0.84 82.61±0.50 48.53±0.22 15.83±1.65 33.92±1.74 23.07±0.26

Table 4: End-to-end runtime analysis of SCISE.

Dataset SECC epoch clustering total
Photo 0.30 s 1.37 s 3.34 s 14.58 min
Computers 0.33 s 4.92 s 3.48 s 5.10 min
Pubmed 0.35 s 2.73 s 3.55 s 2.87 min
Ogbn-arxiv 1.24 s 73.73 s 73.26 s 1.64 h
Reddit 2.58 s 40.97 s 96.59 s 1.80 h
Ogbn-products 10.75 s 1028.96 s 245.21 s 7.54 h

Figure 3: Runtime comparison between SCISE and MAGI.

contrast, SCISE scales efficiently to millions of nodes by decou-
pling the community-aware expansion from the backpropagation
pipeline. This allows our framework to maintain global topological
awareness even under strict memory constraints—a critical advan-
tage for real-world deployment. Notably, this demonstrates that
our framework preserves global topological awareness under mem-
ory constraints—a capability lacking in existing scalable methods.
Collectively, these results demonstrate that the synergy between
structural entropy constraints and community-aware sampling is
fundamental for high-performance graph clustering at scale.

Furthermore, Figure 3 reports the average per-epoch runtime
of SCISE and MAGI. As the graph size increases from thousands
to millions of nodes, the runtime of SCISE exhibits a near-linear
growth trend, demonstrating good scalability on large-scale graphs.

Table 5: Memory usage breakdown of SCISE (GPU A and GPU
R denote allocated and reserved GPU memory, respectively).

Dataset SECC Train
GPU A GPU R CPU GPU A GPU R CPU

Photo 41.77 MB 78.00 MB 1.07 MB 4.30 GB 14.62 GB 62.46 MB
Computers 87.88 MB 136.00 MB 1.30 MB 3.43 GB 13.00 GB 30.34MB
Pubmed 18.24 MB 36.00 MB 1.50 MB 5.79 GB 16.29 GB 23.28 MB
Ogbn-arxiv 424.40 MB 591.99 MB 17.19 MB 19.01 GB 46.84 GB 356.35 MB
Reddit 11.30 GB 11.90 GB 2.46 MB 11.03 GB 31.17 GB 475.02 MB
Ogbn-products 18.71 GB 24.66 GB 113.06 MB 39.43 GB 46.79 GB 316.83 MB

Although SCISE incurs a moderate overhead on small datasets due
to community-aware batch expansion, it becomes increasingly com-
petitive on larger graphs and achieves lower per-epoch runtime
than MAGI on Reddit and Ogbn-products. To provide a complete
end-to-end efficiency analysis, Table 4 further reports the prepro-
cessing (SECC), training, clustering, and total runtime costs. The
results show that SECC introduces only a negligible one-time over-
head, requiring less than 3 seconds on all datasets except Ogbn-
products (10.75 s), which is insignificant compared with the overall
training time. Even on Ogbn-products with 2.45 million nodes, the
entire pipeline can be completed within 7.54 hours. Table 5 reports
the memory consumption of both SECC and the training stage.
Despite operating on large-scale graphs, the memory footprint of
SECC remains substantially lower than that of representation learn-
ing, confirming that the proposed community discovery step is
not the computational bottleneck of the framework. These results
demonstrate that SCISE achieves strong clustering performance
while maintaining practical end-to-end efficiency and scalability
for million-scale graph clustering.

5.3 Ablation Study: Dissecting the Synergistic
and Complementary Effects

To evaluate the contribution of each component, we construct three
primary variants ("w/o SECC", "w/o CSampE", and "w/o StructCL")
and two joint variants ("w/o SECC & StructCL" and "w/o CSampE &
StructCL"). Specifically, "w/o SECC" replaces community-constrained
structural entropy minimization with unconstrained optimization,
while "w/o StructCL" computes contrastive loss directly on the raw
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(a) Photo. (b) Computers. (c) Ogbn-arxiv. (d) Reddit.

Figure 4: Sensitivity analysis of merge speed 𝑝 on Photo, Computers, Ogbn-arxiv, and Reddit datasets.

(a) Photo. (b) Computers. (c) Ogbn-arxiv. (d) Reddit.

Figure 5: Sensitivity analysis of community number 𝑁𝑐𝑜𝑚𝑚 on Photo, Computers, Ogbn-arxiv, and Reddit datasets.

Table 6: Sensitivity analysis of learning rate 𝑙𝑟 with NMI.

𝑙𝑟 0.05 0.01 0.005 0.001 0.0005 0.0001
Photo 71.65 74.31 74.44 72.69 72.38 72.50

Computers 57.58 58.02 56.34 58.62 58.40 57.89
Pubmed 23.75 34.86 35.62 27.97 27.35 28.61

Ogbn-arxiv 48.40 48.35 48.18 48.40 48.24 47.77
Reddit 88.31 88.34 88.06 88.26 88.36 87.91

Ogbn-products 55.33 55.19 55.62 55.35 55.49 55.85

adjacency matrix. The results in Table 3 show that all components
contribute positively to the final performance. (1) Effect of CSampE.
Removing CSampE leads to the largest degradation on large-scale
graphs. For example, the ARI on Ogbn-arxiv drops from 37.66% to
21.15%, indicating that community-aware batch expansion is crucial
for alleviating structural isolation and preserving long-range topol-
ogy during mini-batch training. (2) Effect of StructCL. StructCL
consistently improves clustering quality, particularly on medium-
scale datasets. On Pubmed, removing StructCL decreases ARI from
36.33% to 30.32%, demonstrating the benefit of incorporating re-
fined structural affinities into contrastive learning. (3) Effect of
SECC. Although the impact of SECC is generally smaller than that
of CSampE, it provides a stable structural prior for downstream
learning. Comparing "w/o StructCL" and "w/o SECC & StructCL",
the additional removal of SECC further reduces Pubmed NMI from
28.59% to 25.62%, suggesting that community-constrained structural
entropy helps maintain globally consistent partitions.

5.4 Stability Analysis: Assessing the Invariance
to Hyper-parameter Variations

To further evaluate the robustness of SCISE, we analyze the sen-
sitivity of seven key hyperparameters, including the merge speed
𝑝 , community number 𝑁𝑐𝑜𝑚𝑚 , learning rate 𝑙𝑟 , random walk pa-
rameters (𝑤𝑡 , 𝑤𝑙 ), expansion threshold 𝜃 , and initial batch size 𝐵.
Overall, SCISE exhibits stable performance across a wide range of
settings, indicating low hyperparameter sensitivity and minimal
tuning effort.

Merge speed 𝑝: Figure 4 shows that the performance remains
stable across 𝑝 ∈ {0.001, 0.01, 0.05, 0.1, 0.5, 1}. Only extreme values
lead to noticeable fluctuations on a few datasets, while most settings
consistently outperform the strongest baseline.

Community number 𝑁𝑐𝑜𝑚𝑚 : As shown in Figure 5, the perfor-
mance curves remain relatively flat across a broad range of com-
munity numbers. Except for a localized drop on Ogbn-arxiv, the
model maintains stable clustering quality, suggesting that SCISE is
largely insensitive to the exact choice of 𝑁𝑐𝑜𝑚𝑚 .

Learning rate 𝑙𝑟 : As shown in Table 6, SCISE demonstrates
stable convergence across typical learning rate intervals, which
further confirms that the framework is not prone to overfitting
specific parameter combinations.

Random walker𝑤𝑡 and𝑤𝑙 : Tables 7 and 8 show only minor
performance variations when changing the number and length of
random walks, suggesting that the structural affinity construction
is robust to different walk configurations.
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Table 7: Sensitivity analysis of hyper𝑤𝑡 with NMI.

𝑤𝑡 10 20 30 40 50 60 80 100
Photo 73.87 74.00 74.21 74.12 74.40 74.42 74.18 74.15

Computers 56.57 58.40 57.82 56.50 56.54 56.60 56.42 56.50
Pubmed 35.36 35.58 35.62 35.54 35.73 35.21 35.73 35.35
Arxiv 48.28 48.34 48.35 48.50 47.98 48.53 48.35 48.27
Reddit 86.31 87.46 88.35 88.13 88.15 88.08 87.75 87.72
Products 54.63 55.34 55.52 OOM OOM OOM OOM OOM

Figure 6: Sensitivity analysis of threshold 𝜃 with NMI.

Community size threshold 𝜃 : Figure 6 shows that SCISEmain-
tains stable performance for 𝜃 ∈ [10, 100] on most datasets. Only
Pubmed exhibits a modest improvement with larger thresholds,
while the overall trend remains consistent.

Initial Batch size 𝐵: Figure 7 indicates that SCISE consistently
outperforms the strongest baseline under different batch sizes. This
suggests that the framework is not strongly dependent on a specific
batch configuration and can adapt to diverse hardware constraints.

Overall, SCISE achieves consistently strong performance across
a wide range of hyperparameter settings. These results indicate that
the framework requires little parameter tuning in practice, making
it suitable for large-scale graph clustering scenarios where prior
knowledge is limited.

5.5 Robustness against Noisy Community
Priors

Since SCISE relies on the community partitions generated by SECC,
we further evaluate its robustness under imperfect community pri-
ors. Specifically, we inject two types of perturbations: random
noise, which randomly reassigns a fraction of nodes to differ-
ent communities, and neighbor noise, which reassigns nodes
according to the communities of their neighbors. Table 9 reports
the results under varying noise ratios using the aggregated score
(NMI+ARI+ACC+F1). Overall, SCISE exhibits strong robustness
to both perturbation strategies. Even when 20% of the nodes are
assigned to incorrect communities, the performance degradation
remains marginal on most datasets. In particular, the three large-
scale benchmarks (Ogbn-arxiv, Reddit, and Ogbn-products) remain
highly stable under both random and neighbor noise, indicating
that moderate inaccuracies in community assignments have little
impact on the learned representations.

We further consider an extreme setting with completely random
community assignments (100% random noise). Although perfor-
mance decreases on all datasets, SCISE remains competitive and

Table 8: Sensitivity analysis of hyper𝑤𝑙 with NMI.

𝑤𝑙 2 3 4 5 6 7 8 10
Photo 74.49 74.01 73.43 72.57 71.95 71.28 70.88 69.94

Computers 56.20 56.81 57.13 57.26 59.02 58.03 58.52 58.24
Pubmed 35.62 33.67 31.34 30.87 33.25 33.10 33.54 33.99

Ogbn-arxiv 48.60 48.40 48.46 48.01 47.93 47.97 48.02 47.98
Reddit 87.56 88.25 88.28 87.99 87.72 87.34 87.04 86.58
products 54.18 55.24 55.27 55.60 55.77 55.96 OOM OOM

Figure 7: Sensitivity analysis of initial batch size 𝐵 with NMI.

still achieves performance comparable to or better than MAGI on
several benchmarks. This observation suggests that community
priors serve as beneficial structural guidance rather than a strict
prerequisite for effective clustering. The relatively small degrada-
tion on Photo can be attributed to its limited graph size, where the
expanded batches already cover a substantial portion of the graph
and therefore preserve sufficient structural context even under ran-
dom community assignments. Overall, these results demonstrate
that SCISE benefits from community-aware priors but does not
critically depend on highly accurate SECC outputs. Combined with
the hyperparameter sensitivity analysis in Figures 4 and 5, which
shows that SCISE remains stable across a wide range of SECC con-
figurations, we conclude that the effectiveness of SCISE is robust
to both imperfect community partitions and variations in the SECC
preprocessing stage.

5.6 Robustness against Sparsity
To further evaluate whether SCISE can alleviate structural isola-
tion under sparse graph conditions, we progressively remove 10%–
80% of the edges from the original graph and report the results in
Table 10. In addition, Table 11 summarizes the statistics of mini-
batches before and after CSampE expansion. The results reveal two
important observations. First, CSampE substantially enriches
the structural context available to each mini-batch. Across all
datasets, the expanded batches contain significantly more nodes
and edges than the original sampled batches. For example, on Ogbn-
arxiv and Ogbn-products, the average batch size increases from
2,048 nodes to 28,549 and 22,788 nodes, respectively, while the aver-
age degree increases by more than 6× and 12×. This demonstrates
that CSampE effectively reconnects fragmented local neighbor-
hoods and recovers structural information that would otherwise be
lost during mini-batch sampling. Second, SCISE exhibits strong
robustness under severe graph sparsification. Even after re-
moving up to 80% of the edges, the performance degradation re-
mains relatively moderate on most datasets. Compared with MAGI,
SCISE consistently maintains higher NMI and ACC scores, with
the advantage becoming particularly evident on sparse graphs such
as Pubmed, where MAGI suffers a dramatic collapse while SCISE
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Table 9: Performance comparison under varying community noise ratios (NMI+ARI+ACC+F1).

Dataset SCISE MAGI random noise neighbor noise
Rate 0% 0% 1% 2% 4% 6% 8% 10% 20% 100% 1% 2% 4% 6% 8% 10% 20%
Photo 294.96 285.00 290.44 289.06 290.61 294.60 293.80 288.44 292.33 291.29 289.94 290.39 292.08 294.73 294.03 290.84 288.12

Computers 237.03 224.80 236.71 244.05 234.89 234.47 236.23 231.30 227.53 209.67 235.22 236.31 236.47 234.46 239.82 237.28 231.89
Pubmed 216.32 189.96 186.69 182.17 195.14 188.09 195.83 198.05 189.93 208.10 196.47 181.42 196.02 183.79 204.18 195.00 208.01

Ogbn-arxiv 161.73 143.30 160.24 160.91 159.38 159.05 158.88 159.27 159.76 143.42 159.18 161.59 157.73 158.21 161.54 158.12 158.30
Reddit 357.12 354.60 359.11 358.43 357.86 357.38 357.58 357.04 357.00 330.97 356.96 357.73 358.21 357.64 357.84 356.84 356.63

Ogbn-products 152.95 146.70 151.82 150.50 152.31 152.06 151.27 150.23 151.81 136.34 148.87 151.62 149.11 149.82 148.34 150.03 151.27

Table 10: Performance comparison (NMI and ACC) under varying edge deletion ratios.

NMI ACC
Rate 0% 10% 20% 30% 40% 50% 60% 70% 80% 0% 10% 20% 30% 40% 50% 60% 70% 80%

Ph
ot
o SCISE 74.53 74.42 74.29 73.90 74.09 74.33 74.14 73.87 72.82 79.71 79.78 79.77 79.67 79.61 79.69 79.73 79.54 78.62

w/o SECC 74.41 74.03 74.15 74.27 74.14 74.24 74.12 73.93 72.83 79.74 79.76 79.67 79.67 79.74 79.72 79.57 79.57 78.76
MAGI 71.60 70.06 70.03 68.76 69.67 68.68 68.86 70.17 68.22 79.00 79.06 78.80 77.93 78.46 77.97 78.07 79.14 77.98

C
om

pu
te
rs SCISE 58.46 58.24 57.84 58.22 57.97 57.67 57.08 56.95 56.72 67.32 66.79 66.98 66.99 66.84 66.37 65.98 66.06 65.10

w/o SECC 58.11 58.37 58.11 58.27 57.66 57.46 57.13 56.19 56.24 67.05 67.26 66.96 67.16 66.71 66.05 66.09 65.41 64.95
MAGI 59.20 59.01 59.40 59.50 59.60 58.71 58.79 59.36 59.91 62.00 62.02 61.73 61.44 62.62 61.52 61.93 61.67 61.08

Pu
bm

e d SCISE 35.77 32.91 32.36 32.02 32.35 32.32 31.66 30.74 24.29 72.38 70.62 70.04 70.22 70.30 70.03 69.87 69.24 63.34
w/o SECC 35.59 32.00 32.48 32.71 32.47 32.25 31.18 31.61 31.59 72.31 69.96 70.66 70.57 70.27 70.37 69.61 69.70 69.15
MAGI 29.37 28.98 28.97 29.14 28.69 26.17 23.47 20.00 4.36 66.23 65.94 66.14 65.90 65.59 62.14 57.53 51.61 43.96

ar
xi
v SCISE 48.42 48.11 48.09 46.12 45.52 45.15 44.24 43.34 42.16 44.13 43.43 43.33 38.21 34.70 34.99 33.69 33.54 34.14

w/o SECC 48.15 47.87 47.55 47.42 46.28 45.99 45.13 43.30 41.46 44.09 43.82 43.19 43.12 41.15 39.67 37.51 34.46 30.57
MAGI 46.90 45.86 46.35 46.17 45.66 44.93 43.80 42.72 40.69 38.80 37.62 37.09 37.01 35.59 34.22 33.00 31.90 29.74

R
e d

di
t SCISE 87.92 87.62 87.47 87.51 87.45 87.41 87.29 86.98 86.82 91.75 91.41 91.29 91.46 91.20 91.00 90.77 90.86 90.78

w/o SECC 87.45 85.33 84.94 84.64 85.58 85.40 84.43 84.54 84.35 91.14 83.38 82.70 81.14 84.64 82.20 82.35 82.14 82.35
MAGI 87.50 87.84 87.34 87.29 87.09 87.44 86.81 87.15 87.12 91.10 91.79 90.40 89.44 89.97 90.31 88.80 90.14 90.45

pr
od

uc
ts SCISE 55.61 55.88 55.75 55.48 55.33 55.95 55.69 55.11 55.43 43.88 43.77 42.96 44.21 42.07 42.84 42.90 42.64 41.96

w/o SECC 55.33 56.49 55.64 55.59 55.51 55.76 55.12 55.52 55.20 42.89 44.05 42.86 43.86 42.42 42.57 42.26 42.21 42.86
MAGI 55.10 55.66 55.52 56.05 54.64 55.12 54.68 54.94 54.43 42.50 41.08 40.59 41.62 39.63 40.54 41.54 40.59 38.65

Table 11: Statistics of the batch before and after CSampE.

Dataset AVG. Node AVG. Edge AVG. Degree
Photo 2,048→ 6,609 19,475→ 226,000 9.51→ 34.20
Computers 2,048→ 9,713 12,868→ 374,281 6.28→ 8.53
Pubmed 2,048→ 14,863 3,002→ 72,280 1.47→ 4.86
Ogbn-arxiv 2,048→ 28,549 2,384→ 204,633 1.16→ 7.17
Reddit 2,048→ 12,127 10,906→ 1,442,950 5.33→ 118.99
Ogbn-products 2,048→ 22,788 2,135→ 284,661 1.04→ 12.49

preserves substantially better clustering quality. These results indi-
cate that the community-aware structural expansion introduced by
SCISE effectively mitigates the loss of connectivity caused by both
mini-batch sampling and graph sparsification, thereby improving
resilience against structural fragmentation. Interestingly, SCISE
also remains consistently more stable than its w/o SECC variant on
several sparse graphs (e.g., Reddit and Ogbn-arxiv), suggesting that
the structural prior provided by SECC further improves resilience
against graph fragmentation.

5.7 Case Study: Balancing SE Minimization and
Community Cohesion

To intuitively understand how SECC minimizes structural entropy
while enforcing global constraints, we conduct a comprehensive
case study on the Ogbn-arxiv dataset. Figure 8 illustrates the struc-
tural entropy landscapes (Figure 8(a)) alongside the corresponding
community size distributions (Figure 8(b)) under varying 𝑁𝑐𝑜𝑚𝑚

and merge speeds 𝑝 . Specifically, for Ogbn-arxiv, 𝑁𝑐𝑜𝑚𝑚 ranges

from 500 to 8,000, including a "𝑤/𝑜" setting representing the un-
constrained scenario. As shown in Figure 8(b), without SECC con-
straints, the number of formed communities can skyrocket to 14,335,
11,148, or 3,834 for different 𝑝 values. Notably, the minimum con-
straint of 136 is dictated by the 115 inherent isolated nodes in the
dataset and the connectivity between communities, which define
the lower bound of partitionable structures.

The heatmaps visualize the structural entropy values, where
deeper shades represent lower entropy, indicating a more stable
and cohesive partition. A key observation is that structural entropy
remains remarkably low and stable across a wide range of 𝑁𝑐𝑜𝑚𝑚

whenmodulated by 𝑝 . Specifically, on the Ogbn-arxiv dataset, when
𝑝 is tuned between 0.03 and 0.07, 𝑁𝑐𝑜𝑚𝑚 > 3, 000 consistently main-
tains the structural entropy below 10.9. This quantitative evidence
proves that by executing the SECC module, SCISE sacrifices a neg-
ligible amount of structural entropy precision to secure substan-
tial community-level cohesion. By constraining the solution space,
SECC guides the optimization process toward partitions that are
both structurally stable and semantically meaningful. The grid of
histograms further reveals how community boundaries are formed
under different configurations. (1) Over-fragmentation with-
out Constraints: As depicted in the bottom rows of Figure 8(b),
unconstrained optimization continuously favors local entropy re-
duction, producing a large number of tiny communities (size < 5).
In this case, community boundaries are excessively fragmented and
fail to reflect meaningful mesoscopic structures. (2) Community
Collapse under Excessive Constraint: Conversely, overly strict
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(a) Heatmap of Structural Entropy on Ogbn-arxiv. (b) Histogram of community size on Ogbn-arxiv.

Figure 8: Evolution of structural entropy and community distribution on Ogbn-arxiv.

constraints (top rows) force many structurally distinct regions to be
merged together. The resulting boundaries become overly coarse,
yielding a few dominant communities that obscure the intrinsic
organization of the graph. (3) Balanced Boundary Formation: In
contrast, the partitions generated by SCISE (middle rows) exhibit a
much healthier community size distribution, with few fragmented
micro-communities and few oversized giant clusters. This indicates
that the resulting boundaries emerge near structural bottlenecks
where further merging provides little entropy reduction, while
preserving sufficient intra-community connectivity. Consequently,
SECC achieves a balance between entropy minimization and com-
munity cohesion, producing partitions that better align with the
underlying graph structure.

6 CONCLUSION
In this paper, we propose SCISE, a scalable unsupervised graph
clustering framework designed to alleviate structural isolation in
large-scale graph learning. By incorporating the Structural Entropy
Community Constraint (SECC), Community-Aware Sampling Ex-
pansion (CSampE), and Structured Contrastive Learning (StructCL),
SCISE effectively preserves both community cohesion and global
topological information during mini-batch training. Extensive ex-
periments on six benchmark datasets demonstrate that SCISE con-
sistently achieves state-of-the-art clustering performance while
maintaining strong scalability on graphs containing millions of
nodes. Beyond accuracy improvements, our analyses show that
SCISE is highly robust to noisy community priors, graph sparsifi-
cation, and hyperparameter variations. Furthermore, the additional
time and memory evaluations confirm that the proposed SECC

preprocessing introduces only a negligible overhead relative to the
overall training pipeline, making SCISE practical for real-world
large-scale deployments. Overall, our findings highlight the im-
portance of integrating community-level structural information
into scalable graph clustering and demonstrate that reliable struc-
tural priors can effectively mitigate sampling-induced information
loss without sacrificing efficiency or robustness. As future work,
we plan to investigate more scalable structural entropy optimiza-
tion techniques and extend the proposed framework to emerging
ultra-large graph benchmarks, such as Ogbn-papers100M. Another
promising direction is to develop adaptive community-aware sam-
pling strategies that automatically adjust random-walk length and
sampling budgets according to graph structural characteristics.
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