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Algorithm 1 Relevance function generation.
Input: y - Actual label list

Output: f. - Relevance function
# Kernel density estimation with Scott’s rule
fdens <= KERNELDENSITYESTIMATION(y)
# Normalize density function
fno'Mn <~ f(iens/nlax(f(iens)
# Generate relevance function as complementary standard-
ized density function
fr <=1- fnorm
return f,.
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T, NI RX—XERNEL B FICIEMR T L ORERE R
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L ZDFED % I3 % relevance function [16] AR5
%. REFIEITBI % relevance function f, DERTIEE
Algorithm 1 1Z7R3. KDE IZ & D U5 U 7= R 25 L B K
faens LT 20T, RAME L, R/MEO o7z
B friorm ZERT 2. B frorm 2 1 HBHET 2 L
T, PRIRT—&IFE 11338, ZRIRT—2I1EL 013k
WE % 3R § relevance function f, 24T 5.

Y EDFMEIC & D AL L 7z relevance function f,. % W
T, BWAE BT 2 EAN EHABEE REcE [20] 2L
TOXIITERT 3.
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*I https://paobranco.github.io/DataSets-IR/
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R1 B7T—&Xty FeHVEHERR. LEIREFE, THH

N—2 74 Y Fik.
Dataset MAE | MWAE
2.23 0.76
Abalone
1.66 0.82
4.14 1.66
boston
3.42 1.83
1.95 0.72
fuelCons
3.15 1.18
11.32 3.85
heat
10.33 5.10
17.59 6.11
availPwr
33.47 15.55
5.94 1.683
cpuSm
4.45 1.679
0.046 0.021
bank8FM
0.043 0.023
1.43 0.48
Accel
3.41 1.31

TH MAE O 02%ICE £ o THE D, KELHAZDH
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WL TH Y, PBIRT —XIFE MAE BIR—ZX 574 VF
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03U o i ETOT -1y M T, BEFED
MAE 2N WER E 72 572, 7272 L relevance function O
LEWED 0.9 L e 2id, 7—XEIEEIcbina
55 MAE DX D ERREVRD, R=2F 14 VFik
PIREFEZ LA 7 —%ty MHEFEEL .
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D, SHORNHT—Xty M L THABEBICEAL S
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iM% 3§ relevance fucntion @ L W HEA 0.3 DLED
FT=RI L TEETDT =Xty T, BRFIED MAE
DNSWVHER E R o7z, SRIBZRIRT — XIZOVWTHER
ZD/NZWHEEETT 5 728, relevance function D fEIZH
DVWETLVOYIDEZZITS e 2EZTVS.
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