932 B S5 M
2015 5 H

= HERES KA
Control Theory & Applications

Vol. 32 No. 5
May 2015

DOI: 10.7641/CTA.2015.40519

PR U 1 T R R o

AR, RXEEEL, L 2
(1. FETEAR R HUblk BT TR0, YT FIOX 210037; 2. AR AEEERLE, Y90 FI 5T 210096)

W — 2 X B TR F M 2 SR A o J8 M i 2 B /MK, T AN BBURR 2% > T DL /M 23 AR S B AR,
T P IR U 2. A SCERASHA QAN UK 2% (9 B T HE DU, 7 58 A 36 AR U XU AR A P A I SR % ) ik,
SR G fEBayesi It 0 S FHASAESL T, $2 H P A S0 a0 SR e v 0. 26 SR W Ry DA QA B8B83 O A I 144
&P IR FREER S SR L SRR R LR AR SR 2 SR R e B AN U A X AR T R T
ER IR b0 BT A QAN BT R 1) T B 5 et S 3 D, 0 i 2 1P 4 A M SO PR A AN SRR 2R BB A R AT 2
AR, MTATIE A T A SCHR HA PRI A A B0 O v U ) 25 3L

FREEIA: 2 ) Ik AN IR X BUR R B Bayes Lo SR AN BUBER 2R

FESES: TP273 XRAFRIRAD: A

Design of loss function for cost-sensitive learning

LI Qiu-jie’f, ZHAO Ya-qin', GU Zhou'!-?
(1. College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing Jiangsu 210037, China;
2. School of Automation, Southeast University, Nanjing Jiangsu 210096, China)

Abstract: Conventional learning algorithms minimize the classification error through minimizing the classification loss.
However, the cost-sensitive learning minimizes the classification cost; thus, cost-sensitive losses have to be constructed.
This paper studies the design criteria for cost-sensitive loss functions. Firstly, cost-sensitive learning methods based on
cost-sensitive risk minimization are briefly introduced. Then, under the theory framework of Bayes optimal classification,
two design guidelines of cost-sensitive loss function are proposed. The cost-sensitive extensions of several classic loss
functions (e.g., square loss, exponential loss, log loss and support vector machine (SVM) loss) are generated via two
most popular construction methods of cost-sensitive loss. The performances of these cost-sensitive losses are theoretically
analyzed based on the proposed two design guidelines. Experimental results have shown that those cost-sensitive losses that
satisfy both of the two design criteria significantly reduce classification costs, demonstrating the rationality of the proposed
design criteria of cost-sensitive loss.
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Fig. 1 Classification error and several loss functions
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6 %5 (Conclusions)
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