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Laplacian Multi Layer Extreme Learning Machine
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Abstract: Extreme learning machine (ELM) not only is an effective classifier in supervised learning, but also can be applied on
semi-supervised learning. However, semi-supervised ELM (SS-ELM) is merely a surface learning algorithm similar to Laplacian smooth
twin support vector machine (Lap-STSVM). Deep learning has the advantage of approximating the complicated function and alleviating
the optimization difficulty associated with deep models. Multi layer extreme learning machine (ML-ELM) has been developed according
to the idea of deep learning and extreme learning machine, which stacks extreme learning machines, based auto encoder (ELM-AE) to

create a multi-layer neural network. ML-ELM not only approximates the complicated function but also avoids the need to iterate during
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training process, exhibiting the merits of high learning efficiency. In this article, manifold regularization is introduced into the model of
ML-ELM and a Laplacian ML-ELM (Lap-ML-ELM) is put forward. Furthermore, in order to solve the over fitting problem with ELM-AE,
weight uncertainty is brought into ELM-AE to form a weight uncertainty ELM-AE (WU-ELM-AE) which can learn more robust features.
Finally, a weight uncertainty Laplacian ML-ELM (WUL-ML-ELM) is proposed based on the above two algorithms, which stacks
WU-ELM-AE to create a deep network and uses the manifold regularization framework to obtain the output weights. Lap-ML-ELM and
WUL-ML-ELM are more efficient than SS-ELM in classification and do not need to spend too much time. Experimental results show that
Lap-ML-ELM and WUL-ML-ELM are efficient semi-supervised learning algorithms.

Key words: extreme learning machine; semi-supervised learning; multi layer extreme learning machine; manifold regularization; weight

uncertainty
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Fig.1 Model structure of WU-ELM-AE
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Step 6. FIH A (16)THF b HHAUE B
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ELM 8 45 SR 3047 EL 3. BL B LA 77 92248 2 7E Intel(R) Xeon(R) CPU E4500 0 @3.6GHZ 4b¥E 8%, 18G M 1F.
Windows7 64 HiEE{E RS MATLAB2012B FI3REE g AT 1. AT A AR LD v 4 ADH o B ARIL R
ABAEE [ KE M RIRICAEA LI E o BAEEIRE v MINR BG4S S5 i B a1 A L5 ££(G500).
UCT %9 £ [23](DBW0rld e-mails,CONAE-9 fI Amazon Commerce reviews set) 5 & 1% % ¥t 42 (UMIST[24],
COIL20"™ Caltech 101 Silhouettes™*/Al MNIST?™), H %40 (5 8 W2 1.

Table 1 Details of of benchmark data sets
FT 1 HEBELHUEENEAER

Hbii 4 ; lf“ﬁj | FesE |
G50C 50 313 50 137 50 2
DBWorld e-mails 5 38 4 17 4702 2
CNAE-9 18 882 18 108 856 9
Amazon commerce reviews set | 100 925 100 375 10 000 50
UMIST 20 392 20 143 10 304 20
COIL20 40 1000 40 360 16 384 20
Caltech 101 silhouettes 202 6 055 202 2307 784 101
MNIST 100 10000 100 59 800 784 10

RELM Fll SS-ELM 7£ i3 $ 5 4 _1 [k& 235 S 30345°8 2 000,Lap-ML-ELM Hil WUL-ML-ELM 7£ fli 5 $is
£ LRI =122 IR A 45 4 (B 7E BSR4 1 #&H AN [F). Lap-ML-ELM #l WUL-ML-ELM £ G50C # DBWorld
e-mails X F N ERLERE A /D B B0 25 T B BRZ 45 44 9 40-40-200,7F CNAE-9,Caltech 101 Silhouettes £1 MNIST
X B A FE b s B KRR R 45 K90 500-500-2000,7E Amazon Commerce reviews set, UMIST 41 COIL20 iX
W 0 J K B HE 45 I BE 2 45494 1000-1000-2000.RELM,SS-ELM, Lap-ML-ELM #l WUL-ML-ELM ) [& 2
O R S B Sigmoid BR AL STEG I LR R IE K S 50k B OF X e S5 107 1070 L 10°
10369838 2 44 T SVEfE R R 08 45 3 B 2 5, 9F A Lap-ML-ELM A WUL-ML-ELM 7£ [A] — %4 4 F 1)
R — BT

Table 2 Regularization parameters’ specifications of contrast algorithms in different data sets

®2 HEEARSEE LN IEN LSS R

— RELM SS-ELM Lap-ML-ELM/ WUL-ML-ELM
C C A C Cs C A

G50C 107 1072 107" 1072 107 10° 1072
DBWorld e-mails 10° 107 107 10° 107! 107! 10"
CNAE-9 1073 107 107 1072 10? 107 10°
Amazon commerce reviews set 1073 1072 107 107! 10° 10" 107!
UMIST 1072 10% 10* 10' 10° 10? 10*
COIL20 10? 10* 107! 107! 10° 102 10*
Caltech 101 silhouettes 107 1072 107 1073 10' 10 1072
MNIST 10" 107! 1072 107 10° 10* 10°

FER,C 57 AR M BUE N F MBS WA IR Z5,C, 5 G 739l 2 Lap-ML-ELM/WUL-ML-
ELM EHINZMEE 1 22 55 2 JZR)Z M RJE — 2 218 B ESAUE. 1 T = A BT A6 A BUE 10 B8 5 i
RIERIR A R 2 /Mg B ah, R U K 4 FhELEAE A Bt 2k EARIZAT 10 IFTH A R R AP E, g 45 2R
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Table 3  Error rates of algorithms on different datasets
® 3 SR EE S LR vERE UL
ﬁif 0, 0, 0, 0,
" #. RELM (%) SS-ELM (%) Lap-ML-ELM (%)  WUL-ML-ELM (%)
u 9.30+0.80 7.76£0.58 7.76+1.57 7.03+1.06
G50C v 9.60+1.58 10.00+2.49 7.60+2.07 6.80+1.69
t 6.35+1.29 5.62+1.09 5.04+0.94 4.89+1.24
u 39.21+0.83 17.89+4.77 23.12+12.08 20.9749.05
zl?n\?;?ﬂd v 40.00£12.91 37.50+24.30 32.75+14.52 30.00+15.89
t 51.76+2.48 17.654+6.20 12.65+14.47 10.24+11.48
u 39.68+1.12 38.91+0.77 30.81+0.86 30.53+0.89
CNAE-9 v 43.33+4.38 38.89+3.70 39.44+1.76 39.44+1.76
t 35.39+2.19 34.44£1.11 27.67£1.48 26.11+1.70
Amazon u 72.04+0.55 72.94+1.05 71.32£1.70 71.16+2.47
commerce v 72.10+£2.28 70.00+2.67 67.20£3.36 69.00+3.13
reviews set t 68.56£1.95 68.56+2.11 64.72+2.61 64.08+2.22
u 53.90+2.47 54.34+1.66 51.96+0.99 47.93+1.53
UMIST v 45.50+6.85 43.00+5.87 39.50+4.38 37.00+4.22
t 49.86£1.75 49.16+1.58 49.16+2.01 44.34+2.19
u 28.60+0.93 27.18£1.00 23.41£1.18 22.84+1.99
COIL20 v 33.25+4.72 32.50+4.08 24.50+1.58 23.75+£2.12
t 33.86+1.02 32.28+0.74 26.64£1.19 25.94+1.42
u 67.30+£0.64 61.90+0.67 63.64+0.50 63.15+0.51
Caltech 101
silhoucttes v 36.78+0.84 35.10£1.03 33.37+1.28 33.51+0.96
t 61.10+0.88 60.87+1.34 56.29+1.48 55.48+1.14
u 27.73+0.38 25.40+0.41 20.20+0.24 20.0210.23
MNIST v 28.20+0.92 26.40£1.17 21.00£1.05 20.10+1.29
£ 29.48+0.45 27.42+0.35 21.3710.24 21.25+1.24

2607

M 2 P AT LU B, WUL-ML-ELM JL-J-7€ it A $ds 5 _E#RRETS 214 N3 & (K 5L 50 45 R.RELM Al SS-ELM
(3 — DX i A T b R 2K A [, SS-ELML 1K) H B e 50 rh 88000 1 AT L J00 A 30, A T 5 500 b BSUAEL PR 11 5

JHEAR AL

MR 2 Hr] UG H: Bk T Amazon Commerce reviews set 5 UMIST ) R bR id FEAH 5 42 78, SS-ELM 7E HAth

P L AR R A L RELM K. IX 3K B9, 47 1E WAL TR AT LA 8k il i R AR ) (9 25 40 15 I8, 38 i T VR
fifi%.5 SS-ELM #H tt,Lap-ML-ELM F|H] ELM-AE & T £ 2 M4 4514, 3F AL T S BUE I H 775 SS-
ELM — 802 A, H A I BUE AR 2 FILFH ELM-AE 50352 > 2 (1,1 FE, B2 1% H w] DL S 35 38 #E AR 1 AS 2 SS-
ELM ¥ 1) i N AR 2 BEALA 52 1.

M 2 A PLA H:FR T DBWorld e-mails A1 Caltech 101 Silhouettes [ ARARICHEAEIEE 5 CNAE-9 [
95 UF £ A 4 Lap-ML-ELM 7£ H A 304 48 bR AT IR 2640 LE SS-ELM EIK. X R B, #] | ELM-AE HixHES £

H LS LS 8L, WU-ELM-AE /2 £ 56 1X — i) @ 52 H (1. WUL-ML-ELM 5 Lap-ML-ELM ME—RIA[R 2
Ak sk #: - Lap-ML-ELM Fl| ] ELM-AE & T % J2 M 4% 45 140, 1] WUL-ML-ELM i ] T WU-ELM-AE.

[FIRE, L 2 e LLE H: 2 7 Amazon Commerce reviews set [ 56 1F 204 5 4#h, WUL-ML-ELM 7£ Hoth
PRAE L AR AR F AL Lap-ML-ELM ZYK. X K B, WUL-ML-ELM 7] DA% 3] 21 56 &8 1 RE, 32 & T 5
TERIHER R

FATTLLYE Lap-ML-ELM 5 WUL-ML-ELM #2301 M B 2= S Bk o8 Tt — P R R IB 1T /L
R R 4G T BRI EIRE S AR LRI 2R A,
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Table 4 Training time of algorithms on different datasets

x4 SEAEAFEEESE LI R

Foai 4 Sk RELM (s) SS-ELM (s) Lap-ML-ELM (s) WUL-ML-ELM (s)
G50C 0.023 4 0.3416 0.243 4 0.489 8
DBWorld e-mails 0.480 5 0.592 8 0.104 5 0.8190
CNAE-9 0.101 4 2.405 5 5.3883 25.846 2
Amazon commerce reviews set 1.174 7 12.427 0 373310 139.096 7
UMIST 0.8190 3.316 6 27.175 4 85.089 2
COIL20 0.224 6 56.1479 74.2502 229.165 5
Caltech 101 silhouettes 1.386 8 14.611 1 20.517 3 86.870 7
MNIST 0.117 0 100.004 4 128.685 2 367.008 0

MF 4 AT LG B, WUL-ML-ELM )1l 25 B 18] $5 1338 2 IR DA 128 R Y AN S - 8 3K o 340 4 o, 3R 824 )
WU-ELM-AE 855 216 T i tH AU LS 28 1 BT (3E8AUE, 32 H WU-ELM-AE & 2015 2 IR B 1% H
B A B85 =] 21 58 9 & ¥ 0 RRAE.

MFE 4 FERATE T IR 2| DL 4.

1) RELM 5 SS-ELM 7£ [A]— 48 48 L 1 X 4% 45 14 & — B0, {H 2 SS-ELM YIIZRES ] b RELM 2K X %
AT 1E AL 00 B AR v DR o B3 vk 1A v 2R (B 2 DA SR AR A 10, 9 Lz 38 s B 6 2 1 o
HEREFESHEAREE A AR Z IZRE A

2) BT UMIST ##E4E40 Lap-ML-ELM Il 2B} (] 55 SS-ELM HE A2 — AN $ i 27 11X 3% B Lap-ML-
ELM E4XF A ELM-AE #:5 T £ /2 W 2% 450 (HX 7 K 2 5B 00 T IR s mTH B8R,

3)  WUL-ML-ELM Wl ZRES A& Lap-ML-ELM [ 2~5 £i%,iX 32 B, WUL-ML-ELM B8] DL 5] 25 A
R (RRRAE(EL IR Bt R T — 5 IR I B T).

KA SR UL, WUL-ML-ELM B 44 LG Lap-ML-ELM ZEVH FEEE 2 (I 2R [a) (E LR 4R & 7 Bk i 26, 5 42

o PR FEE AR B, 3 BT 388 00 (0 008 368 4 B[R] A 02 T DA 52 1.

5 HZRIE

e WS B AR T 2 ST AR — PR 2 2 S SBR AE SRRl FRATTIR T i W 22 )2 AR 2 ST L VR (Lap-ML-
ELM), EF|H ELM-AE 5% 2 451,58 J5 R H LT IE WAL AE 22 0F 5 40 AUE. Lap-ML-ELM 7RIl ZRid #2 /R G
R IEAR, 2 S R AR T T B RS B2 T LR R 2 B 0 T IR s e T E B AR T FRATT A X HE B A
)WL - B 30 4 15 2% 595 (ELM-AE) H (1) #0046 i) /@, 42 7 BUE 8 1 8 ARG 22 S Bl - B 3h 9 1 38 B
(WU-ELM- AE),'& & Z1H 5 2 Ui AU, 15 IR 0 i N BUE #8275 4 [ & YA 5 75 22 0w 7 0 A (R B AL AR &
TATH 2 O BB 1) ST 35 HE B BUE AN 1 8 B35 hr i 22 J2 A 08 2 > BLEVE (WUL-ML-ELM). WUL-ML-
ELM B4R T ZVHAE— 58 I AR (R A0 G 2t B8 5 7 S N vk it 22,

S5 45 R R W], Lap-ML-ELM 5 WUL-ML-ELM #R/2& 75 20 1924 M8 2 ) 59 {H & Lap-ML-ELM 5 WUL-
ML-ELM i — 248 g 2 Ab.

o URIRICFEAR R Z W], TH B R 7R B A 2 P B TR R

o BRI MIANIF R
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