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Learning X.t}+= Heterogeneous Learning ©] ©} %
addoltt, AA, BG4 IS A 188t
449 G3E 2P FAHLE HdEss Ao
afHoltk, YA, XA Class ' RlE Ao]7t
2 FAYY HUArygo AL, Alang vyt
st FAAYE Rue HZAES  9YsHi
dEate TAY £2 29 PFEE FAse

o7 B

<H 6> 0|&X 24E(90) 45
1% TEST | 2% TEST
top5 | top10 | top15 | top20 | topS | top10 | top15 | top20

2|1EA 16.0/16.2/16.3({16.2|15.7| 15.6]15.5|15.3
7|2 |14.8{16.2|16.8/16.6/13.2|14.9/14.8|14.8

7|3 |14.8/15.4|16.3{16.3[13.8{14.1(14.6|14.9
7I1Z4 ]14.8(16.3|76.5/16.3|14.1/14.6(14.7|14.5
7|15 |15.5(16.2|16.7117.1/114.5|14.9|15.83| 15.5]
7126 115.6(76.5/17.0,17.3/14.5|15.8|15.6|15.7

2IZ7 |16.3|16.8|16.9/16.7/15.5|15.7|115.8/ 15.5|

718 |14.8/16.0{16.2|76.5/13.8{14.9114.7|14.9

2|29 |15.1|16.5/17.0(17.1]14.8|15.6 15.6| 15.5

2|2 10 |16.3|16.6]16.4/16.515.515.8, 15.4| 15.5]
Z1Z 11 |14.6{16.2|76.6|717.0/114.6/14.9/15.0/15.3

2IE12 |15.5|16.6116.9/17.1114.6|15.5,15.8| 15.7]

21213 |16.3]76.6/16.9/16.6|15.5|15.8,15.5 15.5

Full 242(90) 16.4 15.3
EETT=EY
212 A = (NNB4) 15.1 15.0
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