EMPIRICAL THRESHOLDING: BINARY CASE
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@ What if two equal local minima? We prefer the one with wider span

I T T N e .
Total cost

@ Do this on validation data / over cross-val to avoid overfitting!

;- Advanced Machine Leaming -~ 1/5



EMPIRICAL THRESHOLDING: BINARY CASE
@ Example: German Credittask

True class
y =good y = bad

Pred’y = good [i} 3

class Ji= bad 1 0
B @ Theoretical: C(good, bad)/(C(bad.,good) + C(good. bad)) = 3/4 = ¢’
| @ Empirical version with 3-CV: Foy XGBoost, empirical minimum deviates
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substantially from theoretical varsion
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EMPIRICAL THRESHOLDING: MULTICLASS

8 In‘thelstandard sétting. wepredict class h(x) = arg max m(X). O O X
k
@ Let's use g thresholds cx now x O
® Re-scale scores § = (”(c—’?‘ il .%)T
® Prediot class arg max (%) x x
K

Compute empirical costs over cross-validation

Optimize over g (actually: g — 1) dimensional threshold vector
(c1y..., cg)" to produce minimal costs
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METFACOST: OVERVIEWDING: MULTICLASS

1
| o Model-agnostic wrappertechnigueclass /(x| e max 7 (X) O O X
® General ldeq, .
0 Relabel traln obs wnh thetr low expected cost classes x O
* U@ Applyeldssitier to refabeled data
® Example' German Credit task: X X
Aller Relabeling
@ Compute empiricakcosts oyer cross-validatior
@ Optimize over g (astually: g ) dimensional threshold vecto
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Relabeled instances colored red

Relabeling from good to bad more common because of costs
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METACOST: ALGORITHM

|8p.{n‘ p1 i uxl{:\”yl:)»w‘ aning da1aT ?ﬁfmerol bagging iterations, 7(x) probabilistic
classifier, C cosl matnx, empty dataset D

$BEame Ahdeleais rained on different bootstrap samples.

for b 1
Q B ,.1,1?11 1), s with their low expected cost classes
D A_r'-.p,{iymidoulq 60 relabeled data

end for
;?Rmab‘ef né" f—’md‘é‘l&gsm&sbv 'M%hitb s OOB and compute m, by averaging over
predictions. Determine new label 7 w.f1:16theeost minimal class.
fori=1..... n do A
M« U ;,‘_.‘.\'_{m}
end for %

7 Smeiy m(x 'Tl»#brefcﬁ A S
end for o Ly
fori—1..... n do +

¥ argmin, 39 7 (ﬁ&(fﬂL

b« bu{(x".y *"n
end for
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Advanced Machine Leaming -~ 6/5

O 0X

X X






