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Multi-layer Extreme Learning Machine Autoencoder With Subspace Structure Preserving

CHEN Xiao-Yun' CHEN Yuan'

Abstract To deal with the clustering problem of high-dimensional complex data, it is usually reguired to reduce
the dimensionality and then cluster, but the common dimensional reduction method does not consider the cluster-
ing characteristic of the data and the correlation between the samples, so it is difficult to ensure that the dimension-
al reduction method matches the clustering algorithm, which leads to the loss of clustering information. The nonlin-
ear unsupervised dimensionality reduction method extreme learning machine autoencoder (ELM-AE) has been
widely used in dimensionality reduction and denoising in recent years because of its fast learning speed and good
generalization performance. In order to maintain the original subspace structure when high-dimensional data is pro-
jected into a low-dimensional space, the dimensional reduction method ML-SELM-AE is proposed. This method
captures the deep features of the sample set by using the multi-layer extreme learning machine autoencoder while
maintaining multi-subspace structure of clustered samples by self-representation model. Experimental results show
that the method can effectively improve the clustering accuracy and achieve higher learning efficiency on UCI data,
EEG data and gene expression data.
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The 2D visualization of IRIS data set



4 1

Wribe =5 12 (M G5 R DR 1 (1 22 JE MR PR 22 2T L A i) &%

1099

GiB&4E 77 PCA. LPP fll NPE [ B RHUERR (7
Z, W) InF 2 B, 6 Fh ELM R 4E 5 ik Bk
HERR (7 22, 4E480) Wk 3 P, 3% 2 ISk 3 2
B34 R A S 505 2 H A T Y R R UER R T &

3 PRHARME AR 9 PR T ik i R &
e, TRLERES 2 &, 83 md XM
N RIZFRid. did. B#E 2 ~ 3 W LUEH:

1) & 3 PR 48 5 VL MR 4 G B RIS UER R B
KT 6 Ff ELM F&4E777%. JRNET PCA.LPP 1
NPE &4 Jay R PERF 4 SO SR LR M BR R e 1)
IR B8 T T AR LR VAR BR 2 ST AL 4 772

2) A H K ML-SELM-AE 7£ 5 M #iE 4
AR e R S UER R TR TRIS 048 5 (M HE
AR A . 2 BRE RIE T 725 [ 45 A PR FF I
2 2wt 25 2546 73 A E 7R 1 IR GG 50 17 25 (R 45

%2

R AL MR AE . ML-SELM-AE X 5 [ 82 5 7%
SELM-AE FlA& 5| \F 25 (B g5 AR FETUY) 2 2 H 9
ih#s ML-ELM-AE 5 29K T ML-SELM-
AE, SELM-AE 1 0.3% ~ 3.1%, ML-ELM-AE ik
1.6% ~ 5.6%, i B 7E HE R 2 52 T 7 1 -1 25 18] 45 44
PREFIURAE AL T 9mto 83 E g in. £ 2 ML-
SELM-AE 5% 2 SELM-AE 78 2384 FiER
FUEMEAM L, HEZE SELM-AE M5 5
B,

3) Xt E 7k SNP-ELM )5 51 i B T
ML-SELM-AE, 5 SELM-AE #H34, {HiL TR % &
7% R 25 K6 DR A TR LAt B 4 U7 v, LR3I 2.
it — 20 U B T2 R 45 R DR R ) B

SNP-ELM #58 [] J&) BRAE 5 S FEA [T 48R
I B R TN AFAE IR AR AR A2, FER LK. T AR ST
) SELM-AE #8F it i, 1 HEAACEHE T

TR GEAETHER RIHEA TR (%) (T7 %2, 4E%0)

Table 2 Comparison of clustering accuracy of traditional methods (%) (variance, dimension)
1RG5
sk k-means
PCA LPP NPE
IRIS 89.13 (0.32) 89.07 (0.34, 4) 90.27 (0.84, 2) 88.67 (0.00, 2)
Data set ITb 86.47 (2.53) 88.21 (0.61, 4) 88.69 (7.33, 4) 89.58 (6.32, 256)
Data set IT 72.38 (8.94) 79.31 (4.39, 2) 82.26 (0.13, 512) 82.62 (0.71, 256)
DLBCL 68.83 (0.00) 68.83 (0.00, 2) 63.55 (1.86, 8) 69.09 (0.82, 32)
Colon 54.84 (0.00) 54.84 (0.00, 2) 54.84 (0.00, 2) 56.45 (0.00, 2)
Prostate0 56.86 (0.00) 56.83 (0.00, 2) 56.86 (0.00, 2) 56.86 (0.00, 4)
# 3 ELM RBE4ETERISERR (%) (1%, 4350 (Z50)
Table 3 ~Comparison of clustering accuracy of ELM methods (%) (variance, dimension)(parameters)
Unsupervised ELM Subspace + unsupervised ELM
EAE/ TR k-means
US-ELM(A) ELM-AE(¢) ML-ELM-AE (¢) SNP-ELM(A,n,8) SELM-AE(c, ) ML-SELM-AE(c, 1)
89.13 93.87 93.93 95.20 98.46 98.00 98.40
IRIS 032) (13.78, 2) (1.19, 2) (1.05, 2) (0.32, 2) (0.00, 2) (0.56, 2)
' (0.1) (10) (0.01) (10, 0.6, -1) (10, 0.01) (10, 0.01)
86.47 91.59 91.98 92.46 92.06 95.29 96.63
Dataset b " (4.25, 4) (0.25, 4) (0.08, 16) (0.13, 16) (0.06, 8) (0.00, 8)
? (0.1) (0.1) 1) (0.001, 0.8, 0.2) (0.001, 1) (0.001, 0.1)
79.38 83.18 82.84 83.03 83.92 83.14 84.22
Dataset I (Con (0.32,250) (0.00, 2) (0.00, 2) (1.65, 2) (0.00, 2) (0.00, 2)
' (10) (0.001) (0.1) (10, 0.2, —0.2) (0.01, 1) (0.001, 10)
68.83 76.62 78.05 82.46 86.34 83.63 86.71
DLBCL (0.00) (0.00, 32) (0.73, 2) (0.68, 2) (1.78, 8) (251, 2) (3.48, 2)
: (0.001) (0.001) (0.001) (0.001, -0.2, 0.6) (10, 0.1) (10, 1)
54.84 67.06 69.35 80.32 85.95 83.87 85.97
Colon (Oo 00) (4.19, 32) (0.00, 2) (1.02, 2) (3.69, 8) (0.00, 4) (0.78, 2)
: (0.001) (0.001) (0.001) (0.001, ~0.8, 1) (10, 0.1) (10, 0.1)
56.86 64.09 75.98 79.61 82.92 84.31 85.29
Prostated 0" (5.83, 2) (0.51, 2) (1.01, 2) (2.19, 128) (0.00, 2) (0.00, 2)
‘ (0.01) (0.01) (0.01) (0.1, 0.2, 0.8) (10, 1) (10, 0.01)
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Table 4 Comparison of running time (s)

AE/E S SNP-ELM SELM-AE ML-SELM-AE
IRIS 4.58 0.02 0.02
Data set IIb 4.64x10° 0.16 0.33
Data set II 8.24x10° 0.65 0.76
DLBCL 777 0.04 0.06
Colon 3.44x10° 0.03 0.1
Prostate0 1.15x10? 0.07 0.13
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Table 5  Clustering accuracy before and after ML-SELM-AE dimensionality reduction (%) (variance)
I k-means LSR LRR LatLRR
H S AR CL R4 NG CL R4 NG CL R4 AR FEYE CL R

IRIS 89.13 (0.32)  98.40 (0.00)  82.40 (0.69)  97.33 (0.00)  90.87 (0.00)  94.00 (0.83) 8127 (1.03)  97.33 (0.00)
Dataset IIb  86.47 (2.53)  93.25 (0.00)  83.13 (0.00)  86.59 (0.19)  83.13 (0.00)  86.11 (0.00)  83.13 (0.00)  86.48 (0.25)
Data set II 72.38 (8.94) 84.22 (0.00) 83.24 (0.08) 83.29 (0.05) 83.24 (0.00) 83.24 (0.00) 83.24 (0.00) 83.33 (0.00)
DLBCL 68.83 (0.00)  86.71 (3.48)  76.62 (0.00)  81.43 (0.63)  76.62 (0.00) 7857 (0.68)  74.03 (0.00)  78.18 (3.23)
Colon 54.84 (0.00)  85.97 (0.78)  67.74 (0.00)  74.19 (0.00)  63.39 (0.00)  69.35 (0.00)  66.13 (1.67)  75.65 (4.06)
Prostated  56.86 (0.00)  85.20 (0.00)  63.82 (137)  70.59 (0.00)  57.84 (0.00)  63.73 (0.00)  55.88 (0.00)  74.51 (0.00)
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Table 6 The number of hidden layer nodes and clustering accuracy for three-layer extreme
learning machine autoencoder (%) (variance)

N ) ML-ELM-AE (Multilayer ELM-AE) ML-SELM-AE (Multilayer SELM-AE)

HURR 500-100-2 500-100-10 500-100-50 500-100-100 500-100-2 500-100-10 500-100-50 500-100-100
Dataset b 88.60 (0.00)  91.98 (0.25)  90.80 (0.06)  87.66 (0.20)  95.44 (0.00)  94.92 (0.17)  95.44 (0.00)  94.80 (0.33)
Dataset I 82.94 (0.00)  82.94 (0.00)  82.94 (0.00)  82.94 (0.00)  83.14 (0.00)  83.04 (0.00)  83.04 (0.00)  83.04 (0.00)

DLBCL 74.03 (0.00)  72.99 (3.20) 7273 (0.00)  69.22 (0.88)  80.52 (0.00)  80.52 (0.00)  78.57 (2.05)  76.62 (0.00)

Colon 73.87 (1.67) 59.68 (0.00) 69.52 (7.35) 59.03 (0.83) 78.55 (2.53) 75.97 (7.81) 76.13 (9.46) 70.48 (4.37)

Prostate0 66.67 (0.00)  60.78 (0.00)  59.80 (0.00)  62.75 (0.00)  77.16 (0.47)  82.35 (0.00)  78.33 (6.51)  80.39 (0.00)

HlEsE 2-2-2 10-10-10 50-50-50 100-100-100 2-2-2 10-10-10 50-50-50 100-100-100
Dataset b 92.46 (0.08)  90.48 (0.00)  90.16 (0.17)  90.40 (0.25)  96.63 (0.00)  95.83 (0.00)  95.44 (0.00)  94.84 (0.00)
Dataset T 83.04 (0.00)  83.04 (0.00)  83.04 (0.00)  82.94 (0.00)  84.22 (0.00)  83.14 (0.00)  83.04 (0.00)  83.04 (0.00)

DLBCL 83.12 (0.00)  77.01 (0.63)  68.83 (0.00)  68.70 (0.41)  86.75 (4.23)  80.52 (0.00)  78.96 (0.82)  76.62 (0.00)

Colon 80.64 (0.00)  60.00 (2.50)  70.00 (1.36)  62.90 (0.00)  85.97 (0.78)  68.23 (0.78)  80.65 (0.00)  76.61 (9.48)

Prostate0 80.39 (0.00)  57.45 (0.83)  64.41 (0.47)  63.73 (0.00)  85.29 (0.00)  69.61 (0.00)  79.12 (6.67)  84.31 (0.00)
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