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CMPUT 466/551 - Machine Learning

Winter 2006
Department of Computing Science
University of Alberta

Instructor: Dale Schuurmans, Ath409, x2-4806, dale @cs.ualberta.ca
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Figure 2: Bias/variance profiles for Problem | (flat variance) and Problem 2 (steep
variance), showing the corresponding penalty profiles used by GCV and SRM.

percentiles of error ratios mean

mean after 500 repetitions complexity

| emrorratio | 5 25 0 75 95 100 | difference

GCV 1.848 [ 1.0 "1.000 /424 2.123 4094 1035 -0.712
SRM 2758 [ 1.0 1.572 2268 3321 6.443 1139 -5.644
VAR 1579 (1.0 1.000 /20 1734 3580 1035 0.042
10CcvV 2093 | 1.0 1138 1625 2486 4954 11.39 -1.624
ADJ 19741 1.0 1.084 1559 2361 4717 11.98 -2.046
ADJ 1973 | 1.0 1071 1530 2328 4779 11.98 2,050

Table 1: Results for Problem |—flar variance profile.

percentiles of error ratios mean

mean after 500 repetitions complexity

. emorratio | S 25 S0 75 95 100 | difference

; GeV IO 11% 1770 449 14610 8729 04z
SRM 208 | 1.0 1126 1553 2261 4.68 252 -1.174

VAR 201 |10 1091 1437 2041 399 253 0892

10Cv 1661 |10 1143 1588 3057 3771 32705 0002

s s § ADJ 15410 1000 1233 1742 310 88 0626
! f ADy 184 |10 1000 1253 1826 378 344 0348

Table 2: Results for Problem 2—steep variance profile.
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Figure 3: Bias/variance profiles for Problem 3 (low variance) and Problem 4 (extreme
variance), showing the corresponding penalty profiles used by GCV and SRM.

Test psewde- hypotheses o9 holdouf test

percentiles of error ratios mean
mean after 500 repetitions complexity . M i
eorratio | S 25 50 75 95 100 | difference g et u"b"{fﬂ 657‘» /"l‘nl( G*/ frue L&‘(é‘{’/x/
GCV'[ 1227 [10 10 1.0 1000 2263 _ 94 -0.096 e Wira
SAM | 2485|10 10 10 2223 8535 29.02| 0840 o
VAR | 103/ |10 10 10 1000 LIOL 2.87 0.0%
10¢cv 1603 (1.0 1.0 1.0 1.101 4421 27.90 -0.256 » 1
ADJ 2230 (10 10 1.0 2223 7547 27.89 -0.610 Chopse Hn that yie Ids  best Pitnd,o B Pﬂﬂ“ugf
ADJ | 2267(10 10 L0 2321 784 27.89| 0642

Table 3: Results for Problem 3—low variance profile; easy problem.

best
! —— - Compate b€ B g dll sample
mean after 100 repetitions complexity _

l:rmrnuo‘ s 25 50 75 95 100 | difference
GCV 747 (10 10 1097 2535 41,750 253700 1120
SRM 125110 10 1000 10 33 98700 -0.110
VAR 2/(10 1.0 1000 L0 12 103 -0.230
100V 3177[10 10 1006 388 6483 98,700 0710
ADJ 13[10 10 L000 10 26 83 0.040
ADY 55|10 10 Looo 15 13 190 0350

Table 4: Results for ProSlcm 4—catastrophic variance profile; hard problem.
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TRI 100 1.00 1.06 117 1.40 185
10CV | 100 1.01 1.31 4.15 65.9 1.2 x10°
t= t15 25 5 75 95 100
TR LB %1 00 100 103 T T 542 SRM 102 957 1820 9.5x10° 11x10 24x 1013
100V 1.00 107 124 1‘51 7'38 854.3 . GCv 114 252 34x10° 59x 10" 83x10® 6.4x 10!
SR 100 105 124 144 424 58.3 ADJ 1.00 1.00 1.00 1.10 1.20 172
Gev 105 1.76 10.6 98.7 2399 4.8x 10° Table 4: S t Table 3 but with P,=N(0.5
ADJ 100 100 116 140 3.50 152.5 e SimeiarTable § but with Be=IV(0.5,1).
Table 1: Fitting f(z) = step(z > 0.5) with P, = U(0,1) and ¢ = 0.05.
Distr?butiou of approximation ratios achieved at training “mP_k size ¢t = 10, t=30 %t 5 25 50 75 95 100
showing percentiles. All tables show results of 800 repeated trials. TRI 100 1.02 112 128 139 2.44

10CV | 100 1.06 116 1.38 103 163.7
SRM 106 140 503 355 4504 52x10%
GCV 107 220 11.9 1056 4138 1.6x 107

ADJ 1.00 1.08 1.17 1.28 1.82 4.93
= | %tllog 0 I L 0 Table 5: Same as Table 3 but with f(z) = sin(1/).
10Cv 1.00 1.06 1.16 1.39 4.60 1482
SRM 1.00 1.13 1.34 265 40.98 13,240
GCv 1.04 1.64 27.0 8950 1.1x10° 2.2x 107 t=30 | %tl 5 25 50 75 95 100
ADJ 1.00 1.03 113 1.25 1.58 3.42 TRI 1.00 1.30 2.00 3.35 548 15.1

& 1oCv 1.00 1.03 132 1.85 7.04 82.5
Table 2: Same as Table 1 but with ¢ = 20 examples. SRM 100 103 129 1.83 534 3078
GCv 1.00 1.04 141 2.93 37.0 1.9x 10%
ADJ 1.00 1.02 131 1.88 4.19 8.92
Table 6: Same as Table 3 but with f(z) = sin(rz).
t =30 | %tl 5 25 50 75 95 100
TRI 1.00 1.00 1.06 1.17 1.42 2.02
10CV | 1.00 1.06 116 137  6.22 58.9 t=30 %15 25 50 75 95 100
SRM 1.01 117 214 220 1894 3.2x 10°
GCv 1.07 420 73.0 1233 46,504 4.3 x 10° I-Rl 100 100 108 123 182 5.3
AD) 100 106 115 127 153 2.08 ADJ 100 106 1.16 129 160 3.04
Table 3: Same as Table 1 but with ¢ = 30 examples Table 7: Same as Table 3 but using 100 unlabeled examples to estimate Py.
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