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Performance Improvement of Deep Clustering
Networks for Multi Dimensional Data

Hyunjin Lee'

ABSTRACT

Clustering is one of the most fundamental algorithms in machine learning. The performance of
clustering is affected by the distribution of data, and when there are more data or more dimensions,
the performance is degraded. For this reason, we use a stacked auto encoder, one of the deep learning
algorithms, to reduce the dimension of data which generate a feature vector that best represents the
input data. We use k-means, which is a famous algorithm, as a clustering. Sine the feature vector which
reduced dimensions are also multi dimensional, we use the Euclidean distance as well as the cosine
similarity to increase the performance which calculating the similarity between the center of the cluster
and the data as a vector. A deep clustering networks combining a stacked auto encoder and k-means
re—trains the networks when the k-means result changes. When re-training the networks, the loss
function of the stacked auto encoder and the loss function of the k—-means are combined to improve the
performance and the stability of the network. Experiments of benchmark image ad document dataset
empirically validated the power of the proposed algorithm.

Key words: Deep Learning, Clustering, Auto Encoder, K-means, Dimension Reduction, Deep Clustering
Networks
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Fig. 1. The architecture of Autoencoder with 1 hidden
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Fig. 2. The Architecture of Stacked Autoencoder,
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Table 1, Comparison of clustering accuracy on loss

function (ACC, %)
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full test
AE_kmeans 78.09 66.08 61.84
AE_kmeans?2 84.27 81.14 74.31
AE_kmeans3 84.78 81.32 76.08
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Proposed 87.21 81.45 78.62
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Fig. 4. Clustering examples of MNIST,




958 ZEOICINES ==X M21H X8=(2018. 8)

St AR Al4be Aotk AE_kmeansd&
AE_kmeansSﬂ- FY3tal, k-meansd A=E A4t
g o ZAR] FAIEE AHEE Aolth k-means &4
34E o] Al4EgE AE_kmeans37F AE_kmeans?2
Hoh 4 018%°4 Al 1.77% A= A&=r} &
FERoH, Bt 082% A= AE=7F FFH AT
FAR] FAIERE A4ESE AE kmeans4d® o 7 &
A7} k-means 4§ o] A4 AE_kmeans32]
AT H24 048%0A A 1.81% A% FFHA
om, Hi 1% A= AG=rt FFHAT. 13 ¥
E7} ok dE o] X9k 1Y ol 9] AHdE FE
3l 297] Witol AYE AL f-FETit At
e ARG ZARL %’\]“:HE} 450l T
i, Algt =g Zol 1HF FEH A
AR FAIEE o] ALgste 7ﬂ]?l'0}t e o
£ ¢agEH viwste] Ha 0.13%0A Ho 431%
AT Ag=7t FFEHAT

Fig. 4= MNIST dHlol&] J3tellA 2k 3ol &3
7hsA ol 7 w2 10709 oW A& A FHLe
2 ‘30}/‘1 EYT Aotk ZF P2 TR olH, o] H|A

2 T3 FATA O] FAE wel HEE Tt
49} 9] Afole A2 4o Jdorg 733} darg
FoE= & 7Y 7 AT, UE A A5l
€ & st

Fig. 5& Aljbste WHo] +H9 F+2& A3
3 JEAES PP Agoltt. MNIST-full HlolE]
Aol A 1,00071E &84 t-SNE[13] Al 713} 7]
Ho 2 ANE HH3IATE AE kmeanst 3 271
7F ALl EolA 9719 # e AAE sdHTH
AE_kmeans3+< 10719] &3 o] A4 = A5k,
o] A& THES ol £x7F HAH L,

o A7t 77k A W ESHA R TR0l HA F%

AE_kMeans AE_kMeans3

R 3

s

(a) (b)

ow, Ak P 24 7he] ol SFHAT,

54 =

B rERAE ASH 0E dmns 243 9u
95 Agstel ey ¥ EH% dlolEol ot
T LNYFE AAAGYE AFH o E A=nz
Q2 vlolele] Fejol Aol glo] £E WeElS A4
@ & 9w, oA HolEel e 2H8E 915
FEYUCE AL TA FAEE A ALt

=3 bioly Atole] A& Atttk Yl EA] A

= ASH L& lFre &4 Foh 23 darg
5o £4 s Aol ASEE st Ad e
Foll olm A wlolE ek £ HolE T g FFHS
dlolElol s ¥ de& HArh

T3 s wol7] fsiM= e tole et
dlole] &gl tigh A2 Wt opys} 24t &
etk 2o o) Arg BAste HHE T8
g AT Eofolth A4 LE 15H Y k-means,
AEFA AL BF 58 volErE 22 Al
el A& W Ao g yehdth AR, o
B9 ¢Fol A wokAl= wElolE Akl 3 ZI5FH
ol A 7hsdt &7 whERke] Sk HlolE 7} Fo
A e vk webA B4 HFE A dA =3
b FRHE 24 23 A T HENISE
2371 Bkl i A7 asin =9,
e 24 Mg Ak Wi E 2esy 71E
AToMe e 2 AeE se7idM 49 }
of 3] 45 B7F Aurt A Qe F
A Nr2 AAsA. shAR
= W At AlZke] 27
IS 7] W2l S /\IZ_«] 7k A&
sHo® 73| Mg AAs= Wl U

mlru

Proposed Method

Fig. 5. Visualization of clustering results, (a)AE_kmeans, (b)AE_kmeans3 and (c)Proposed Method,
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