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Motivation

Deep graph clustering (DGC) aims to partition graph nodes into distinct 

clusters through deep unsupervised learning.

Challenges

Fragmented datasets & Inconsistent metrics

Insufficient & Narrow evaluation

Lack of standardized protocols

Contributions

Unified Benchmark

Holistic & Multi-faceted Analysis

Open-source Toolkit



Benchmark Algorithms

Representative methods marked with “★” are benchmark, covering 3 

mainstream paradigms: reconstructive, contrastive, and predictive.



Benchmark Datasets

➢ Comprehensive scale coverage                    

➢ Diverse feature spaces

➢ Rich data type diversity

Type Dataset # Nodes # Edges # Features # Classes Homophily

Homogenous

Wiki 2,405 17,981 4,973 17 0.71

Cora 2,708 5,429 1,433 7 0.81

ACM 3,025 13,128 1,870 3 0.82

Citeseer 3,327 9,104 3,703 6 0.74

DBLP 4,057 3,528 334 4 0.80

PubMed 19,717 88,648 500 3 0.80

ARXIV 169,343 2,315,598 128 40 0.65

Heterogeneous

Blog 5,196 343,486 8,189 6 0.40

Flickr 7,575 479,476 12,047 9 0.24

Roman 22,662 65,854 300 18 0.05

kNN-Graph

(k=3)

USPS 9,298 27,894 256 10 0.98

HHAR 10,299 30,897 561 6 0.95



Pipeline



Benchmark Evaluations——Homophily Bottleneck
The benchmark algorithms generally suffer from a homophily bottleneck, and the training termination 

strategy based on fixed epochs tends to suboptimal clustering performance.



Benchmark Evaluations——Stability Deficiency
Existing algorithms generally face stability challenges characterized by “attainable upper bounds 

but uncontrollable convergence paths”.



Benchmark Evaluations——Robustness Gap
While all DGC algorithms degrade under moderate-to-severe noise, some unexpectedly 

demonstrate resilience or marginal performance improvements under light perturbations.

NMI



Benchmark Evaluations——Efficiency Plateau

The comprehensive efficiency of most DGC algorithms is even lower than that of the vanilla GAE.

Metrics Dataset GAE GAE_S DAEGC SDCN DFCN DGClu AGC-DRR DCRN HSAN CCGC MAGI NS4GC

NMI ↑

Cora 0.51 0.53 0.49 0.32 0.41 0.48 0.52 0.52 0.52 0.48 0.56 0.57

Citeseer 0.32 0.31 0.33 0.30 0.36 0.24 0.40 0.44 0.35 0.36 0.43 0.43

PubMed 0.23 0.25 0.24 0.20 - 0.21 - - - 0.09 0.19 0.31

Speed

(it/s) ↑

Cora 56.44 36.52 43.87 32.60 19.73 89.30 2.60 19.73 12.29 33.55 80.12 64.81

Citeseer 34.46 24.93 28.89 23.08 15.96 77.47 1.77 15.96 8.63 28.13 44.31 56.00

PubMed 1.55 1.07 1.00 4.88 - 17.98 0.11 - - 14.22 2.75 4.21

Time

(s) ↓

Cora 0.53 0.55 2.28 1.53 20.27 3.36 76.91 20.27 32.55 11.92 4.99 3.09

Citeseer 0.87 0.80 3.46 2.17 25.06 3.87 113.31 25.06 46.33 14.22 9.03 0.89

PubMed 19.37 18.76 100.29 10.26 - 16.68 1802.37 - - 62.10 145.47 47.46

GPU

(MB) ↓

Cora 169.10 172.39 339.25 735.32 297.11 157.62 494.30 962.31 3526.05 2976.50 257.21 255.71

Citeseer 248.16 250.32 529.43 817.16 422.78 179.94 669.59 1364.12 13226.41 2976.50 372.74 450.04

PubMed 6023.24 6027.89 15702.99 6398.37 - 3058.03 17462.94 - - 10140.18 8038.78 9591.20

Param

(M) ↓

Cora 0.37 0.37 0.37 5.97 0.48 0.41 1.60 0.48 9.63 1.43 0.73 0.38

Citeseer 0.95 0.95 0.95 9.38 0.48 0.99 1.60 0.48 11.49 3.70 2.16 0.95

PubMed 0.13 0.13 0.13 4.57 0.48 0.17 1.60 0.48 20.22 0.50 0.19 0.19

Avg. ↓ 3.53 3.93 5.80 7.40 7.73 4.13 9.20 7.73 10.33 7.87 5.27 3.67



Benchmark Evaluations——Scalability Challenges

Current graph clustering methods widely face scalability limitations.



Benchmark Evaluations——Discriminability Limitations

DGC algorithms demonstrate excellent cohesion within clusters in embeddings but exhibit notably 

insufficient inter-cluster separability, particularly in distinguishing samples at the cluster boundaries.

GAE GAE_S DAEGC SDCN DFCN DGClu AGC-DRR DCRN HSAN CCGC MAGI NS4GC

HOM ↑ 0.542 0.547 0.521 0.358 0.533 0.551 0.530 0.547 0.593 0.563 0.567 0.575

COM ↑ 0.533 0.539 0.507 0.382 0.523 0.568 0.513 0.578 0.590 0.565 0.557 0.562

SC ↑ 0.281 0.347 0.330 0.213 0.199 0.424 0.526 0.152 0.110 0.089 0.189 0.276

Avg. ↓ 7.0 5.7 8.7 10.3 9.0 3.0 7.0 6.7 4.3 6.3 6.0 4.0

TSNE UMAP



Conclusion & Future Directions

➢ Core Contribution: 

Comprehensive Evaluation: Covers 12 benchmark methods across 3 paradigms, assessed 
via 6 dimensions on 12 datasets with diverse characteristics.

Tool Support: Provides a standardized experimental pipeline and an open-source tool, PyDGC.

➢ Key Research Directions for DGC

Efficiency Plateau

Scalability Challenges

Discriminability Limitations

Homophily Bottleneck

Stability Deficiency

Robustness Gap



Thank You!
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