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1. What is Classification Calibration?

(a) Decision boundary o
and iso-hyperplanes of a (b) Projection to an
probability estimator. orthogonal vector

Empirical class
membership probability

(c) Reliability diagram

Deviation to diagonal indicates
miss-calibration

Score

A probabilistic ciassifierf) is: (A) binary-calibrated if for any prediction g the proportion of
positives among all instances x getting the same prediction p(z) = gare P(Y =2[p(X) =q) =¢

(B) multiclass-calibrated if for any prediction vector q = (g1, ..., qx) € Ax, the proportions of
classes among all possible instances x getting the same prediction p(x) = q are PY=ilpX)=a) =4,

Jor 1= 1k



2. Why is calibration important? optimal decision making

Cost Matrix | Predicted True | P. False Population proportion
Actual True | -1£ 100£ 50%

Actual False | 50£ 0£ 50%

Changes on costs Changes on class proportions
Cost Matrix | Predicted True | P. False | | Abstain Population proportion
Actual True | -10£ 90£ 50£ 70%

Actual False | 40£ -5£ 30£ 30%
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3. How to measure calibration? .

. . : Confidence g oy
Confidence-calibrated if Calibration Error .
P(Y = argmax(p(X)) ’max(p(X)) = c) = Maximum .
Empirically measured as Calibration Error E 1:82:

. O
confidence-ECE = Y " %| i(Bi) — p,(Bi) LIl %0 02 04 06 08 1.0

. . Avg. score (Class winning)
Calibration Error

Classwise-calibrated if Per class
P(Y =i| pi(X) = qi) = gi. 100
Empirically measured as g 073
1 & = J| . 5 0.50
classwise—ECE = Z Z “Lyi(Bij)—pi(Bij)| ¢
ki £ 025
£ 0.00
L . 2 160
Every proper loss is minimised by the canonical § ; ; ; : .
' ' _ _ 0.0 0.5 1.0 0.4 0.8 0.4 0.8 0.4 0.8
calibration function (eg. Iog-loss and Brier SCOFE). Avg. score (Class 1) Avg. score (Class 2) Avg. score (Class 3) Avg. score (Class 4)
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4. Are classifiers calibrated? simple examples.

Contour lines of Scores Density of Scores Class proportions _ A Aaymc
50 T S U I50 = o e Empirical evaluation:
5 > Z 1.00 —mmoamd—somet—cmxs
£ 25 (epm——— 0. Sofeg— €2 8 0.75-
5 X 0450 === | 3 S - 21 datasets and 11 classifiers
LI R psassmmmmm—_——_tte - S 5050
v VX,, e = i ©
5 25 e (7" El £ 0.25 1 )
) 1 7 = - 5 times 5-fold-crossval.
& %
S 5o i o £ 0.00 {semmsemimrk somm %
-50 -25 0 25 50 02 04 06 08 02 04 06 08
g =0 : > 10,0 £21.00 {5 %% % =% p-cw-ece
2 % | G 5
% 25T xx %, § 757 30751 i
Z¢ o y 3 s0- 2050 i j_
@ : 2 7 T svc-linear
5 -254— = £ 2 0.25
g 5 254 £ svc-rbf -
P s X T = S JE ] 5 0.00 w3 tree -
-50 -25 0 25 50 0.00 0.25 0.50 0.75 1.00 0.00 025 050 075 1.00 % forast
2
= -
5a 2 1.00 ﬁ logistic -
2 E 0.75 S Ida A
S 31 o qda -
T S 0.50
g2 i knn
= 0.251
.% 14 £ adas
£ _ ]
“ 0 M e sy | 7 0-00 | IEERSSRees Memeee I nbayes
0.00 025 050 0.75 1.00 0.00 0.25 050 0.75 1.00 r T T T
Scores Scores 0.0 0.2 0.4 0.6

Proportion (out of 500)



5. Calibration methods

Empirical binning [1]
Platt scaling [3]
Isotonic regression [2]
Beta calibration [4]
Bayesian binning into
quantiles [7]

Multiclass

One-vs-rest counterparts
Temperature scaling [5]
Vector scaling [5]

Matrix scaling [5]
Dirichlet calibration [6]

method

e 21 datasets, 11 classifiers = 231
settings to compare 8 calibration
methods

e 5 times 5-fold-crossval and inner
3-fold-crossval

p-cw-ece
Dirl2 | | |
Isot
DirODIR
Beta
Vecs A —
WidthB *
TempsS A
Uncal *
FregB |
0.0 012 0.4 0.6
Proportion (out of 5725)
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Classifier calibration adjusts the
probabilities output by a classifier to
be more precise.

Optimal decision making under
changing operating conditions.
Multiple measures with their
caveats.

MLP, decision trees, SVMs with Platt
scaling and ensembles are among
the best calibrated classifiers.
Multiple calibration methods can
still improve their estimations.
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