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Experimental Evaluation of TR
[Schuurmans & Southey, MLJ 2002]

» Use it to select degree of polynomial for regression

» Compare to alternatives such as cross validation,
structural risk minimization, ...

-0
]

Figure 5: Target functions used in the polynomial curve fitting experiments
(in order): step(z > 0.5), sin(1/z), sin*(27z), and a fifth degree polynomial.
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Approximation ratio:

true error of selected hypothesis
Cross validation (Ten-fold)

true error of best hYPOtheSiS(mSi(iAered// Structural risk minimization

t=20| TRI | CVT SRM RIC GCV BIC AIC FPE | ADJ
20 | 1.00 | 1.06 1.14 7.54 547 152 222 258 | 1.02

50 | 1.06 | 1.17 1.39 224 118 394 D85 290 1.12

7 | 1.17 | 1.42  3.62 5.8e3 3.9e3 98e3 1.2¢4 1.2e4 | 1.24

95| 1.44 | 6.7 56.1 06.1ed 3.7ed 7T.8e¢H 9.2edH &.2edH | 1.54
100 | 2.41 | 1.1ed 2.2e4 1.5e8 6.5e7 1.5e8 1.5e8 8.2e7 | 3.02

t=30|TRI | CVT SRM RIC GCV BIC AIC FPE | ADJ
251 1.00 | 1.08 1.17 469 151 541 545 2.72 |1.06
b0 | 1.08 | 1.17 1.54 34.8 9.19 396 40.8 19.1 | 1.14
7| 1.19 | 1.37 9.68 258 91.3 266 266 159 1.25
95| 1.45 | 6.11 419 4.7e3 2.7e3 4.8¢3 0.1e3 4.0e3 | 1.501
100 | 2.18 | 643 1.6e7 1.6e7 1.6e7 1.6e7 1.6e7 1.6e7 | 2.10

Table 1: Fitting f(z)=step(z > 0.5) with P, =U(0,1) and 0 =0.05. Tables
give distribution of approximation ratios achieved at training sample size
t = 20 and # = 30, showing percentiles of approximation ratios achieved in
1000 repeated trials.
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Bound on Error of TRI Relative to Best Hypothesis Considered

Proposition 1 Let h,, be the optimal hypothesis in the sequence hg, hy, ...
(that is, h,, = argminy, d(h, Prx)) and let hy be the hypothesis selected by

TRI If (i) m < € and (ii) d(hum, Pax) < d(Bym, By ) then

d(hfﬁi Pﬂx) < Sd(hm: PY]X) (6)



Extensionto TRI:

Adjust for expected bias of training data estimates
[ Schuurmans & Southey, MLJ 2002]

Procedure ADJ
e Given hypothesis sequence hg, h, ...
e For each hypothesis h, in the sequence
— multiply its estimated distance to the target d(hﬁﬂx) by the worst
ratio of unlabeled and labeled distance to some predecessor hy to

P
S 4

obtain an adjusted distance estimate d(hf;l:-’y]x) = d(he, R W)%}‘i‘l{‘—f%
d(hy,hg

e Choose the hypothesis h, with the smallest adjusted distance d(h:"l;-’m).

Experimental results. averaged over multiple target functions,
outperforms TRI



