GEV-Canonical Regression for Accurate Binary Class Probability Estimation when One Class Is Rare
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GEV-Canonical Loss & GEV-Canonical Regression (This paper)

Proper Loss function for CPE

We consider the problem of binary class probability estimation (CPE) when A CPE loss function c: {£1} x [0, 1]—R,. is proper if Canonical Proper Loss for GEV Link
one class is rare compared to the other. It is well known that standard n € argmin ney(n) + (1 —n)c_1(N) vn € [0, 1] GEV-can(£) / ~ L 1—g
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algorithms such as logistic regression do not perform well in this. Common | B H | 7 q(—Ing)
fixes include under-sampling and weighting. Recently, Wang & Dey (2010) and strictly proper if the minimizer is unique GEV-can(€) () _ /ﬁ 1 ;
suggested the use of a parameterized family of asymmetric link functions Example : Log Loss - ~ Jo (FlngrE™
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based on the generalized extreme value (GEV) distribution. The approach
showed promising initial results, but combined with the logarithmic CPE loss | N [ T e . || --\LdOnICdl LOSS) + QLEV LIL
|mpllc!tly used in their work, it results in a non-convex loss that is dlffICU|t.tO Let V C R, A link function (GEV-ean(€) (4 4} — —1[y — 1] BV (. (: €)) =1 [y = —1] CEVE) (1 gy (42 €))
optimize. In this paper, we use tools from the theory of proper composite UV [0’ 1]%]) GEV GEV

losses (Buja et al., 2005; Reid & Williamson, 2010) to construct a canonical . o . . . . Canonical pair by construction; results in convex loss!
is any strictly increasing (and therefore invertible) function that maps SEV-Canonical Loss £2-0.9 GEV-Canonical Loss &=-0.2567
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underlying CPE loss corresponding to the GEV link, which yields a convex probabilities in [0, 1] to real-valued scores in = = =
proper composite loss that we call the GEV-canonical loss; this loss can be Examples : o | | | J
tailored for CPE when one class is rare, and can be easily minimized using an Logit Link Probit Link C-loglog link = : | g, | s,
IRLS-type algorithm. Our experiments on both synthetic and real data 1 , 1 * | , B | '11 | &1_
demonstrate that the resulting algorithm outperforms common approaches \ - \\ | :
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\such as under-sampling and weights-correction. ,

 (Can be tailored for the problem of CPE for varying degrees of rarity
 Not available in closed form. But, the gradient and Hessian are available in closed form
\. Can be efficiently minimized using IRLS type algorithm termed GEV-canonical regressiory

e Parameter f selected using a validation set.

Binary problems where one class is rare \ — — /

Proper Composite Loss Function

1} x V—IR is said to be proper composite if 3
a proper CPE loss c: {1} x [0,1]—=R, and alink + : [0,1]—=V s.t.

A loss function /¢ - {

Synthetic Experiments Evaluation metric: Root Mean Squared Error

Uy, v) = c(y, v (v))

1 ' v 1 T T 1

Fraud Detection Medical Diagnosis Web Advertising , , , , | | = ra P

For every link function ¥ there is a unique canonical proper loss PP e [ N e,
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Very few positive examples compared 0 Dataset 2 : p = 0.0312 Dataset 3 : p = 0.095

Dataset 1 :p =0.0158

The resulting proper composite loss has some nice properties,
including convexity.

to negative examples

Real Experiments Evaluation metric: Brier Score

——————————————————— DATASET LOGISTIC PROBIT CLOGLOG UNDERSAMPLING WEIGHTED GEV-LOG GEV-CANONICAL
- L r TR PR . . REGRESSION  REGRESSION  REGRESSION + KING-ZENG LOGISTIC REGRESSION REGRESSION
: J | Examples : Logistic Loss = Log Loss + Logit Link * ~——Canonical pair CORRECTION  + CORRECTION
e /
NURSERY [5.0084 0.0084 0.0088 ** 0.0124 ** 0.0090 ** 0.0172 ** 0.008
Problem Setup : : LETTER-A 0.0079**  0.0084+**  [0.0074 0.0111 ** 0.0112 **  0.0313**  0.0080 **
GEV Link Fam||y CAR 0.0266 %%  0.0262 0.0267 **  0.0320 ** 0.0271 * 0.0296 **  [0.025Y
- . . . GLASS 0.0670 0.0671 0.0744 ** 0.0623 0.061 0.0649
Instance space X, Label space Y = {=£1}, Probability distribution D on o | | EcoLl 0.0646 0.0644 00689 00756+  |0.063 0.0614
_______ - — ), LETTER-VOWEL 0.1392 ** 0.1392 ** 0.1400 ** 0.1416 ** ek 0.1405 ** 0.136
PV — 11X P Tt CDF of GEV distribution with location parameter 0, scale parameter 6 6 : : 0Ll 405 .
— — p— ( — — . 1 | CMmC 0.1617 0.1617 0.1621 0.1642 ** . 0.162
77(37) ( | 37) P P(Y 1)’ o = 1 and parameterized by shape parameter¢ c R: ] VEHICLE 0.1399 0.1395 0.1422 0.1501 ** 0.1408 01497 **  [0.1394
7 ———— 08/ - HABERMAN 0.1828 * 0.1812 0.1907 ** 0.1823 * 0.1814 ** 0.1761 0.1769
—1 0.7} - YEAST 0.1634 ** 0.1635 ** 0.1666 ** 0.1646 ** e s 0.1621 0.161@
. . . Fg (”U) — exp(—(l fU)+ /5) - GERMAN 0.1721 0.1731 0.1737 0.1754 ** ﬁﬁﬁ 0.1787 ** 0.1727
We are interested in settings where p < 0.5 o | \ PIMA 0.1617 ** 0.1623 ** 0.1652%%  0.1662 * 0.1626 ** 0.1616 0.160 /
¢ can be adjusted to fit different degrees of :
- rarity in the data - summary
Given 5 = ((ﬂjlayl)&(:EQﬂyQ):"' &(ajﬂ:yﬂ)) ~ D" N ! : 8 *
o ] ] - FLEXIBLE? CONVEX?
GOAL? Learn a class probability estimation (CPE) model 7)s : X—[0, 1]
\_ W LOGISTIC X Vv
PROBIT X v
Previous Approaches . . \ CLOGLOG " v
bb Log Loss + GEV Link =-GEV-Log _I__QSS,/\ GEV-LOG(£) v x
» Logistic regression does not work well in this setting (Zhang, 2004) non-convex loss | . GEV-CANONICAL(S) vV vV y

* Previous approaches : Weighting, Undersampling, Asymmetric link functions

(OB (y v) = —1[y = 1] In(Ygpy, (v;€)) -1y = —1] Im(1—YG Ly (v5€))
 Wang & Dey (2010) proposed GEV-log loss which is flexible but non-convex . -

GEV-Log £ = -0.2567
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Our Contribution .
A new loss termed GEV-canonical loss which is convex, proper C
composite and flexible (can be tailored to different degrees of rarity)
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