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Abstract

Extreme Learning Machine (ELM) has the advantage of being efficient and fast in feed forward
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neural networks. However, ELM is sensitive to outliers and has poor robustness. In this paper, the
maximum correlation entropy loss function is truncated, and the maximum correlation entropy
loss function is further improved to a truncated maximum correlation entropy loss function that
can limit the maximum loss as a constant. A robust ELM model based on the truncated maximum
correlation entropy criterion loss function is constructed to suppress the influence of noise and
outliers on the model. The iterative reweighting algorithm was used to solve the model. Finally,
the validity of the proposed model is verified on the data set. Experimental results show that the
robustness of the model to noise and outliers is improved under noisy conditions.
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1. 5|8

PR 2% 2] Hl(Extreme Learning Machine, ELM)J e FH #%5 A AE SCHR[ 1]HF 42 H A — a7 B s 20 ka2
RIS N 28 507 . ELM. R ATLIZE U 2% (1 ]ORN BR E IR B, K325 1% 22(Mean Squared Error, MSE)fE
AR R R A, IR SRR A M TT RS BIME— AT i, DRI e IR T AR S 2% 1 — 2o A 2, E
Z AT BRAE2] A3 RIS 4]. BB RI5] A RS AT T 6] 55 4k .

tHT ELM R MSE 1N KRR AL, AFEAR AR M A TS B, B HHE OO S8 118
Wi, AT 5 BSOS AL R BURPE R B i 22 . [RIUtL,  APR 2= ST 2 28 AR R ) T4 i 0 A PR 2 ST L&
BEYERIBE S R T HRZEROR M i i, 8 K B AUE TR 107 ORI e W AE RIS [ 7], ASRAS &)
PR 2 SIS AL o B s S R AR I 1 AN [E)F BE 1) v 20 g A T, R AR ) s i 58 0 iy N\ 5080 AT EE A
W e 2 o0 T N B E S LUAE FE Y F YE 305 IN B bR sk B, DASREUSE B (1) 3t RFAE[8]

OR, ILRE AR BRI A R, AR R R AT AR A LR S R B 2 I WL B s It e . STHR[9 142
7 — PP EE T 484 Laplace 15125 pR £ B A Al T HEFRAR R 22 I ML,  H1 1484 Laplace fii R s B A 4 X
FR A SRR, R RO S TIRE o SCHER[10]8E S T 26T 1-Y5 4045 2 sR O 2-yu 550 1E DI A6 10 1
EH ELM B8, n] DU B e 858, HORAS AT ) Bdi SR e =28 R PR 45 3. SBR[ LTEE 7 DU MAS
R4 2 BR EL(1-Y540. Huber. bisquare 1 Welsch), KA T 1-JGECR 2- 0 H0E AL TRG 1Lid L&, $2H
T H—EFEIEN ELM. SCER[12]52 tH T 55T IR AR SR AE I ELM, SR 2 Z R SR fige Pl A
A, RN TEEEAE AT S, SEEe 45 IR AR W IE AL AR DS v ) ELM R T-4£ 48 ELM AlLIE Uk,
ELM. SCRR[13]8&H T AH OGRS R S AR BR 2 20, R it 5 RECUIMBUHZS &, FIAH SS9 2% R 20 B AR
TTRZEMR R, T HAHCIEIA R A2, BEoR T e BB . SCBR[ 143 H T T8 AR R v )
(12 RBE @ Wiz i PR 7 I, F S R S AR B 2 ROBEAZ AR B 2% SIAL A A% e iy s /)N 350 7 i 22 1 U
it H AR R, T AR T R OO SRS I 1 22 ROBE v AR AR R 2SI B, kT i e B . SR [ 15142 tH
T —FhFET pinball 451 2¢ BRECRT L1 YEECUENIAGE ELM ALY, DLSC IS 1 ARG B 14 2 i

Z BRI TR R, A SCLE B ORRE DS TR D451 2% R B it b, SR AT AR, 4R T Ak s A
KIEPUR KA, FER SIS ELM HEZErr, 57 1 B8 B AR 0 e AR S i 1 52 e ) 22k T AT e R A 5 A
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HE ) & #E B R 2% 3] ML (Truncated Maximum Correntropy Criterion Extreme Learning Machine,
TMCCELM), SESa45 R L8 b 7w s 2 BAEBUR, A3 TMCCELM (45 AR T-x5 EL i L
FhE MR IR 22 S WL, B BT B PR RN v 1R TOO S
2. ELM &8
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TN R (x,p) > TR x BAGE— BB A [ 1,1 e B, F TR0 x 2 A IXCTR] [-10,10]
TR, T ATV R A E R, AT [-10,10] TBENLEERSME T INTE y KA L, HAR
MBI A, AEEE RN R INGEIE NS B N T H78 TMCCELM 53L&, EARRKFF
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Figure 1. Sinc regression image of outlier 10%
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Figure 4. Sinc regression image of outlier 80%

4. FE{E 80%HY sinc BlYIAE&

L5 EAEIL R 0%, TLAMEAY I AN RIREE R AN 1 O, Horh MCCELM RIENW &, ELM.
RELM. WRELM. MCCELM HiZ&# 7 &9 SR a2, 1) e 0, 1fii TMCCELM (1 il 2 4 2 e 42 101 JiR
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1) ELM A1l MCCELM 3 H 1) it S i 41 17 5 i 1) — 5

2) EREEBKNIEN T, MCCELM BB sinc £ %y,
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Table 1. RMSE of different algorithms with 10% outliers
# 1. TRIEAE 10%2HETH RMSE

Hik Y% RMSE X RMSE
ELM 0.3356 0.0698
RELM 0.3349 0.0709
WRELM 0.2989 0.0633
MCCELM 0.0016 0.0005
TMCCELM 0.0006 0.0001

MINZE RMSE 3k%&, TMCCELM HIZEIHAEN 0.0006, HkjE RCCELM, WRELM i i iiAUAl IE
M4 ALFR, AHXFF ELM. RELM R#IE L. MWIA RMSE k&, TRCCELM 1 MCCELM #E%}F A 4=
AMERIRIET, B TMCCELM 1 MCCELM 78 MR AE b B8 5% 3545 B vk A (R T3 00 45 51 o

Table 2. RMSE of different algorithms under 20% outliers
% 2. TRIEAE 20%F 5 ETH RMSE

RS Y% RMSE i RMSE
ELM 0.3585 0.0982
RELM 0.3577 0.0997
WRELM 0.3554 0.0991
MCCELM 0.0017 0.0006
TMCCELM 0.0006 0.0002

TERHAH 20% M5 LK, TMCCELM 1 MCCELM 1E b FR 5 8 {5 I BT, e A1 RMSE it
T A4 =M, 555 M 10%AM 5, TMCCELM #1114 RMSE A4%, i RMSE #5017 0.0001.

Table 3. RMSE of different algorithms under 50% outliers
% 3. TREIEAE 50%7 5 ETH RMSE

Hik Y% RMSE X RMSE
ELM 0.1553 0.0546
RELM 0.1564 0.0586
WRELM 0.1562 0.0587
MCCELM 0.0008 0.0937
TMCCELM 0.0003 0.0381

FERTHE 50%MTE T, TMCCELM #3510 RMSE BT 75 H 10%F0 20% K115 7, AUt hn,
{EFARS T 59 AU R By A A BAR A R 2, RIFIE R W AH S0%MIE R T, TMCCELM BERLx F {56 A
HEFENE,

Table 4. RMSE of different algorithms under 80% outliers
4. TRIEAE 80%FH{ETH RMSE

Hik %% RMSE X RMSE
ELM 0.1117 0.1965
RELM 0.0721 0.1974
WRELM 0.0719 0.1948
MCCELM 0.0922 0.0010
TMCCELM 0.0517 0.0003
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YR EIE A 80% M5, TMCCELM 3 AR RMSE, HAH N 0.0517, HIKZ WRELM
AT RELM, 433514 0.0719 F10.0721. ELM Al MCCELM [#Jil% RMSE F1illi RMSE ¥#¢w, Hik, 7
W2 HMEMERL T, ELM fl MCCELM X 5 {5 0 MUK, Stk 2.

I H A TR AR AR A S (R B0 80 DA B i ol v A A M s R S {1 ) 00 P B M e
KT TMCCELM TEXT A i fELIN (1) S PR VERERCIR, N T AT IR UE BB AR, 3¢ 5 45 I HAEAR
[ 7 AR IR T

Table 5. The training time of 5 algorithms with different outliers

%5 FESEET 5 WEARIGEE

. Iﬁ’%ﬁﬁm”%ﬁ "'ﬂ 10% 20% 50% 80%
ELM 0.0066 0.0053 0.0031 0.0011
RELM 0.0021 0.0016 0.0045 0.0011
WRELM 0.0061 0.0052 0.0066 0.0020
MCCELM 0.0050 0.0027 0.0069 0.0023
TMCCELM 0.0021 0.0064 0.0046 0.0014

I A E S EE T RINGRECR, BE S WURH, ER%E 10%8, TMCCELM HyIZRE [F A
0.0021, TEFHIH 20%ET, YIZREF RN T 0.004, B FHEAAMIIIN, IZRE R R P~ EmEEl, 4%
WAEKGIN A 80%MT, YIZRET A —Fp, Bk, Exrab KA R s, ASChH T — 58 E
A R BT PR 2 ST e P (AR B
6. B4

ICN=A

AR 5 A S0 U457 2K o ) 45 R PR 2 TR BT e KA SO T ik e B, B4R 400
PR SIHUAH L, EXF 532K PR BRI £ AR 1 kit A% 48 ELM SR A/ 3Rk s B, x5 e
TIE U, T TMCCELM 25 SR FH AT IB AR, X0 fe KRH S0 103 2% bR B0EAT 1 48T, ¥ S 6 L B2 i
IR ] 6 R 22 52 0 90 B PAY 5 A P A R S M 7 R S (L N AT S Sl ) B i AR S
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