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Consensus graph learning-based self-supervised ensemble clustering
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2. School of Computer and Information Technology , Beijing Jiaotong University , Beijing 100044, China

Abstract: Objective Clustering is focused on machine learning-related data segmentation for multiple datasets. Its appli-
cations are in relevant to such domains like image segmentation and anomaly detection. In addition, to simplify complex
tasks optimize its performance, clustering is used in data preprocessing tasks of those are data sub-blocks segmentation,
pseudo-labels generation, and abnormal points-removal. Self-supervised learning has become an essential technique for
massive data analysis. However, it is challenged to extract effective supervision information and analyze the input data.
Method A consensus graph learning based self-supervised ensemble clustering (CGL-SEC) framework is developed. Tt
consists of three main modules: 1) to construct the consensus graph based on several ensemble components (i. e. , the
basic clustering methods). 2) to extract the supervision information by learning the consensus graph representation, and
3) its node clustering results, where the subset of nodes with the high-confidence are selected as labeled samples. To opti-
mize the ensemble components and the corresponding consensus graph, t basic clustering methods are re-trained in related

the option of samples-labeled and other samples-unlabeled. The final clustering results can be optimized iteratively until
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the learning process converges. Result A series of experiments are carried out on benchmarks, including both image and
textual datasets. Especially, CGL-SEC is 3. 85% over baseline in terms of clustering evaluation metric on themodified
national institute of standards and technology database (MNIST-Test). First, to optimize data representation and cluster
assignment at the same time, deep embedding clustering can be focused on data itself as the supervision information and
auto-encoder with the reconstruction loss is pre-trained. The soft cluster assignment of features-embedded is then calcu-
lated, and the KL (Kullback-Leibler) divergence is minimized between the soft cluster assignment and the auxiliary target
distribution. To improve the performance of the model further, following deep clustering network (DCN) can use hard clus-
tering instead of soft allocation, and local constraints are applied by improved deep embedding clustering (IDEC). The
pseudo-label strategy is implemented as a self-supervised learning method that uses the prediction results of the neural net-
work as the label to simulate the supervision information compared to using data itself as the supervision information. Deep-
cluster-based K-means clustering is used to generate pseudo-labels to guide the training of convolutional networks. How-
ever, the generated pseudo-labels have lower confidence and are prone to trivial solutions in the initial stage of network
training. Deep embedding clustering with data augmentation (DEC-DA) and MixMatch-based prediction of data-enhanced
samples are used as the supervision information of the original data, which improves the accuracy of the supervision infor-
mation to a certain extent, but this method is difficult to extend to text and other fields. Deep adaptive clustering-based
high-confidence pseudo-label subsets-selected are iteratively trained the network in the prediction results, but low-
confidence samples-involved data distribution information is ignored. Pseudo-semi-supervised clustering votes are used to
select a subset of high-confidence pseudo-labels, and all samples are used to train semi-supervised neural network.
Although the ensemble strategy can improve the confidence of the pseudo-label, the voting strategy is concerned of category
representation only without the feature representation of the sample itself, which can reduce the clustering performance in
some cases. The ensemble learning is regarded as a representative machine learning method that reflects the ability of
"group intelligence", whereas a learning method can improve the overall prediction performance via multiple base learners
training and their coordinated prediction results. In pseudo-label-based clustering tasks, it can coordinate multiple base
learners to obtain high-confidence pseudo-labels. However, the effectiveness of the supervision information acquisition is
still to be resolved. The category information of the sample is considered for current pseudo-label-based ensemble cluster-
ing method only when the label is captured and some effective information are ignored like the feature representation of the
sample itself and the clustering structure between samples. Conclusion Graph neural network is composed of content infor-
mation of nodes and the structural information between nodes at the same time. To design a self-supervised ensemble clus-
tering method based on consensus graph representation learning, it is required to make full use of sample features and rela-
tionships between samples in ensemble learning. To obtain higher confidence pseudo-labels as supervised information and
improve the performance of self-supervised clustering, it is necessary to mine global and local information at the same time.
We illustrate a learnable data ensemble representation through graph neural network. The confidence of pseudo-labels is
improved, and the entire model is trained in self-supervision iteratively. To be summarized: 1) Commonly-used consensus
graph learning-integrated clustering framework is developed, which can use multi-level information like clustering-
integrated sample characteristics and category structure. 2) Self-supervision method is proposed, which uses graph neural
network to mine the global and local information of the consensus graph, and high-confidence pseudo-labels are obtained as
supervised information. 3) Experiments are demonstrated that the consensus graph learning ensemble clustering method
has its potentials on image and text datasets.
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Fig. 1  Consensus graph learning-based self-supervised

ensemble clustering
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Table 1 Clustering ACC and NMI on image datasets

MNIST-Test STL10 USPs

ACC NMI ACC NMI ACC NMI
K-means 0.5316 0.499 4 0.848 4 0.786 0 0.668 0 0.627 0
SC 0.660 0 0.704 0 0.563 5 0.568 5 0.562 0 0.5400
AC 0.8100 0.693 0 0.8217 0.754 4 0.657 0 0.798 0
IMSAT N/A N/A 0.941 0 N/A N/A N/A
DEC 0.856 0 0.8300 0.8413 0.851 8 0.688 0 0.683 0
DCN 0.802 0 0.786 0 0.893 0* 0.816 3% 0.762 0* 0.767 0%
SEC 0.568 7 0.5157 0.797 6* 0.783 0* 0.681 5% 0.652 9%
KCC 0.602 6 0.465 1 0.727 8* 0.787 3% 0.560 7* 0.638 5%
AGAE N/A N/A 0.932 5% 0.874 1* 0.735 7* 0.741 5%
Kingdra 0.9393 0.909 6 0.9510 0.888 0 0.773 2 0.798 0
CGL-SEC 0.977 8 0.942 0 0.963 1 0.892 7 0.797 3 0.8215

TE I TR FRIR 2 9 e AR = B 45 A0 F Tao 55 A (2019) BYBIFSE, T RIZL B45 R4 H Gupta 55 A (2020) FBIFSE , N/A R

X 5 EEANTE T T AR OCEE 4R
R2 ENFEHEE FHNRELERENLT—LHERER
Table 2 Clustering ACC and NMI on text datasets
ik 20News Reuters
ACC NMI ACC NMI
K-means 0.1539 0.1855 0.540 4 04128
SC 0.248 6 0.2147 0.663 3 0.339 1
AC 0.239 7 0.202 4 0.436 6 0.0111
IMSAT 0.3110 N/A 0.710 0 N/A
DEC 0.308 0 0.299 6 0.736 8 0.497 6
Kingdra 0.4390 0.4147 0.705 0 0.3930
CGL-SEC 0.442 7 0.461 7 0.723 2 04164

I PR R R B B a5 51 F RIS 45 544% H Gupta 25
A (2020) FUTIFSE , N/A Fers X B A58 F AR BUIE 46

*ﬁ%%ﬁﬂ%&ﬁ*%m%ﬁ*%#$ﬁ2ﬁ

4 LU AN Cora , Citeseer 55 14 FM O R AR B 19,
3ol A5 1] il 2 ) 4% A 3 S A g 1T 1 ?Nl‘ﬁﬂiﬁ?
Do AR SO ERE o Hh D OC F R 1 R 2 ke Al %
B RS, P IR xﬁar”nzxﬁm%ﬁ
AR, X FECT 2 W RN
3.4 JHRASLIE

T UL AT TR PR RE A DT, BT T
TIH RS, 43 6 HAS SO Y L i 2 ST 4%
(base learner, BL) P 5552 il 223627 ) 28 1 R 28 4%
H (base-learner-vote, BL-Vote) Fl A #F 17 3L 3H & 2%
2T, AN A S Sk BB AR S Y B B % AR 3R 2 (voted
self-supervised clustering, V-SEC) BUTERE , 45 R 1155 3

s o LA Y, s o) dR R gt T — Al A Rl

Yoe e iy OB T — DR . E LRI erR (RS R AR T 1%~ 2% Y PERERS 25,
x3 ESNIREBIEE FHERIEKE
Table 3 Ablation experiment on 5 standard datasets
» MNIST-Test STL10 USPS 20News Reuters
(LEEX
ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

BL 0.893 7 0.837 8 0.8718 0.768 4 0.718 9 0.680 8 0.384 0 0.3305 0.682 0 0.3150
BL-Vote 09160 0.886 4 09150 0.8172 0.7312 0.729 8 0.4050 0.4012 0.690 0 0.3472
V-SEC 0.9393 0.909 6 0.9510 0.888 0 0.773 2 0.798 0 0.4390 0.4147 0.705 0 0.3930
CGL-SEC 0.977 5 0.942 0 0.963 1 0.892 7 0.797 3 0.8215 0.442 7 0.4617 0.723 2 0.416 4

T L PR R 25 B B A4 R
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P32 S AR T 4%~ 10%.
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Fig.2 The number and accuracy of pseudo-labels vary with

the number of iterations

3.5 SRz
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BT PG A 2Rk AF R s in , 8 g 2k

et Do 28 32 9 DGR v SR TEAE R . X AfiAS
BT H sh i 0 RS AUAGASIG JInfE kAR
2 (Guo%,2018)
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Fig. 3 Accuracy and normalized mutual information during

0.82

training on the STL dataset

Sk B 37 AL PEBE , 7E MNIST-Test | Il 25
A SR | IEAE MNIST F MNIST-Test _b43 514t , 4%
RnF4FoR . Ho FEFEANEE (MNIST) 11
WERPRAL L UIZREE T A9, SRR 0. 007, JEHUEARAY
MIYNZREEA 10 000, T 4E &5 60 0001~
BIREAS S R IR LA RGP 972 AL g

F4 il EH MNIST-Test, flliX £ 4 3 5 MNIST #0
MNIST-Test FIHE R 14 4%
Table 4 The performance of the model when training set
is MNIST-Test and test set is MNIST or
MNIST-Test respectively

MRS ACC NMI
MNIST-Test 0.977 8 0.942 3
MNIST 0.970 8 0.924 8
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