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Abstract

The data is often contaminated by outliers because of the complexity of the real data in the real
applications. Hence it is getting more and more important to invent some statistical machine
learning algorithms that are robust to outliers. In this paper, we propose a robust and non-convex
p-Huber loss function based on the Huber loss. In the numerical analysis, the fitting effect of re-
gression learning algorithm based on p-Huber loss and regression algorithm based on L1 loss,
Huber loss and MCCR loss are compared. The numerical results show that the p-Huber loss func-
tion outperforms all of other common loss functions mentioned in the paper when there are out-
liers in the data.
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Figure 1. Diagram of four loss functions
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Figure 2. Diagram of different parameters of p-Huber loss
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Figure 3. One-dimensional Sincfunction graph
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Figure 4. The fitting effect diagram of different models to the Sinc function when contaminated by Gaussian noise
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Figure 5. The fitting effect diagram of different models to the Sinc function when contaminated by Gaussian noise and outliers
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RSSE(f)=2(f()-f(x) /2(f(x)-F) (3.3)
xeT xeT
Holn T, 205 f(x) R4 T L.
Table 1. When 6 =0.7, different values p predict the result of Sinc function
F 1 6=0708, FEHEVE p XFFEE R BTMAVLER
p 0.03 0.53 1.03 1.53 2.03
RSSE 0.003112 0.004117 0.004439 0.004560 0.004698
p 2.53 3.03 3.53 4.03 4.53
RSSE 0.004778 0.004999 0.005154 0.005325 0.005504
Table 2. When p =253, different values & predict the result of Sinc function
2. p=2530f, TE S AYBUVERT A& R BTN AL R
S 0.7 17 2.7 3.7 47
RSSE 0.004698 0.004775 0.004775 0.004781 0.004781
S 5.7 6.7 7.7 8.7 9.7
RSSE 0.004775 0.004780 0.004783 0.004777 0.004779
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Table 3. The prediction results of different models on Friedman’s benchmark function
= 3. TEIMEEIRT o5 B 1E S B R M FunZzE R

IR NEE ALEHE L1 Huber MCCR p-Huber
pn 0.5482 0.5481 0.5419 0.4761

" A 0.5512 0.5513 0.5505 0.5062

7 0.2824 0.2831 0.2972 0.0717

§ f 0.2836 0.2841 0.2991 0.0849

x 0.0127 0.0127 0.0128 0.0036

§ f 0.0163 0.0163 0.0163 0.0046

%3 PEATAT S, BB B m AR S o geny, XD MR AR R G . (B
REEBOAR, Pra IR BARVIRE S, (E2p-Huber UG RCRMLLEE =L,
3.4. EASLHIRE T AT

AATHEATH DA LS EAR AR X p-Huber #5128 BI4UE RGBT IPAG . X DY LS &R b — Ak H
2018 4 12 JJ 2 2019 4F 12 A REZEZE 5 I 8, A=Ak B HL a5 ) Bl g b (1) UCH i e - Airfoil
Self-Noise ##54, Concrete Compressive Strength ¥4, Yacht Hydrodynamics %4 .
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Table 4. The prediction results of different models on real data
4. FEEEN ESSEIRAI TN ZE

HHEAR d m L1 Huber MCCR p-Huber
stock market 7 251 5.086e—-9 5.085e—9 5.150e—9 5.050e—-9
airfoil 6 1053 2.468e-7 4.948e—7 1.131e-6 2.074e-7
concrete 9 1030 0.010043 0.010356 0.010031 0.010006
yacht 7 308 0.0030 0.0039 0.0077 0.0026
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