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Results

Name Variables
NLTCS 16
MSNBC 17
KDDCup2k 64
Plants 69
Audio 100
Jester 100
Netflix 100
Accidents 111
Retail 135
Pumsb-star 163
DNA 180
Kosarek 190
MSWeb 294
Book 500
EachMovie 500
WebKB 839
Reuters-52 889
20Newsgrp 910
BBC 1058
Ad 1556
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Results

Adam Adam
Name Variables Weight Decay HyperSPN
Log-LH #Params | Log-LH # Params

NLTCS 16 -6.02 40050 -6.01 o115
MSNBC 17 -6.05 42550 -6.05 9615
KDDCup2k 64 -2.14 160050 -2.13 33115
Plants 69 -13.36 172550 -13.26 35615
Audio 100 -40.18 250050 -39.83 S1115
Jester 100 -52.98 250050 -52.75 51115
Netflix 100 -57.15 250050 -56.74 51115
Accidents 111 -36.09 277550 -35.36 56615
Retail 135 -10.91 337550 -10.89 68615
Pumsb-star 163 -31.76 407550 -30.79 82615
DNA 180 -98.41 450050 -98.49 901115
Kosarek 190 -10.93 475050 -10.89 96115
MSWeb 294 -10.40 735050 -9.90 148115
Book 500 -35.01 1250050 | -34.90 251115
EachMovie 500 -52.99 1250050 | -51.32 251115
WebKB 839 -159.91 2097550 | -158.60 420615
Reuters-52 889 -90.14 2222550 | -83.65 445615
20Newsgrp 910 -154.37 2275050 | -152.49 456115
BBC 1058 -262.01 2645050 | -254.44 530115
Ad 1556 -52.23 3890050 | -28.25 779115
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