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Understanding Model Calibration — A gentle introduction
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B8ut first, a bit of notation:

Below briefly runs thcough how to calculate the values for b6in 5(8S). The othecr bins then simply follow the same process:

Actuvalclass: (1 (2121212121313 (3([3]=0.

classification

Y
We consider a classification task with K possible classes, with M%del °‘f:s‘;"c‘l’e°"°‘ —_— e A (¥) CJ //f
. ) . K j Wi asses i . . ) ) )
labels Y € {1,..., K} and a classification model p: Z — A", that input example Sample (i) [Max estimated probabilities (P;) t; ileczgg Truez yL;bet s4 8n1  Bin2  8in3  8in4  BinS
takes inputs in 2 (e.g. an image or text) and returns a probability  from Sa";?le ‘ @ : : : : :
. . L space toad label Y 1 0.78 C C “T ! : : ! '
vector as its output. A% refers to the K-simplex, which just means ) : | I I I .
P P X for input 2 0.64 > o - - - - - O Not well calibrated example
that the elements of the output vector must sum to 1 and that each . example 3 0.92 T o 0 34 l l l l l corcect
L - +£ : . b ) i prediction
estimated probability in the vector is between 0 & 1. -l "y sum to 1 cat 4 0.58 C C § : . : @ : @ : Actualclass:[1[1111111212121313([3|=04
K 2 ——
These individual probabilities (or confidences) indicate how likely A = — - - O : : O : | ! O | (¥) —_— -
an input belongs to each of the K classes = 2.5 ¢ = : : : @ : @ : incorrect
P 9 * 7 0.7 () (o] 1T : : : : : prediction Class 1 Class 3
8 0.63 C T 1 [ @ 1 @ [ @ [
estimated probability, also 9 T T { i } } } >
. |

0.8
1 referred to as ‘confidences ¢ gr 3 0.4 0.8
Confidences . . .
0.92 + 0.85 + 0.83 All approaches mentioned so far share a key assumption: ground-truth labels are available, BUT annotators

conf(Bs) = ) ~ 0.8667 fmr 3 2 might unresolvably and justifiably disagree on the real label
(2) (1) > = (@) ® acc(Bs) = )
i v Image Annotalors Annotalor Distribution Soft-Label
A model is considered confidence—calibrated if, for all confidences ¢ the model is correct ¢ propocrtion of the time: Pyote Yi
P(Y = arg max(p(X)) | max(p(X)) =¢c) =¢c Vee |0,1 4 |3 3 |2 |
( & (p(X))| (p(X) A) K[ | ECE =040+ + — - — 0.6875|+ — - |- — 0.8667| = 0.10445
where (X,Y) is adatapointand P X = A" ceturns a probability vector as its output. 9 |4 9 |3 | 100% cat| o
80% .._=...'3
200m into confidence C=0.7: :2: dog| 0.6
20% toad| 0.1
Calibrated example cat dog toad I

- PredictedClass:|1]2]3]2]1[3]1]2]2]3 Binning Approach: Only Maximum Probabilities Considered:
o}
e v=argmax:| T[T |T|T|T|T|T|F|F|F|[=07 s@ins — > 108ins
2D A A
8 51 Bin1 . Bin 2 : Bin 3 : Bin 4 . Bin S | 5 -_Bin IIBin 2 IBin 3IB|'n ul Bin SIBin 6 IBin ?IBin SIBin 9|Bin IOI
<4 i : : : : : 2 R R 2 A B ‘BA
Not well calibrated example T : : : : : "TBEEEE R EER BE 5
: | : : : T H B D HH W H Ok o
ﬂ 3T 1 1 1 1 1 ﬂ T 1 1 1 1 1 I 1 1 I 1 4 Y
PredictedClass: |1 |1 (1212|131 (2(2]3 S ' ! ! @ :@ | S N :: I 900& elf,o“ «°
2 i 1 | 1 1 8 2T 1 I 1 1 I 1 1 I 1 ¢ - - - - - . - -y s
(argmax) © . .@ | @ . @ ' T 0 0O 1 .@. A, [>[ 05 ;_4 0.1 ] A model is considered human—uncertainty calibrated if, for each specific sample z , the predicted probability for each class k
Y=argmax:|T|F|F|T|F|T|T|F|F|F|= o4 | | : | | JERE R RWSY W N _
; ; ; @; @; 2 4 B 0 X :@:@:@: ! & matches the 'actual’ probability P, of that class being correct.
’ J t J t —> 1+ & o \ Only max. A
01 02 03 04 05 06 07 08 09 1 ’ o Confidencos 0 ! O M08 onidences et eo“( Q@"’o ?6*‘“0 considered Puote(Y = k | X = z) = pr(x) Vke{l,...,K}
. in ECE
Cogfn?‘iaar:ges Static Bins—" - Adaptive Bins E>[ g 01 . ] This definition of calibration is more granular and strict than the previous ones as it applies directly at the level of individual
9 ' . . 4 1 . predictions rather than being averaged or assessed over a set of samples.
5 1 Bin Bin 2 Bin Bin 4 Bin S s Bin Bin Bin Bin 4
“T _ “T Space of all model Class
icti TN\
s+ a4 predictions on sample

200m into a single 1 2 3
sample prediction 1: p(z1)= (0.1, 0.2, 0.7 )

data:

Counts
Counts

©
®

®

4

®

®ee

b e e o mm o Em o Em Em o Em Em o Em o o

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
'l

o)
@I‘

©
@

J
0 0.2 04

®
O @

One widely used evaluation measure for confidence calibration is the Expected Calibration Eccor (ECE). ECE measures how well a model's
estimated probabilities match the observed probabilities by taking a weighted average over the absolute difference between average 0 02 ol 0.6 08
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accuracy (acc) and average confidence (conf): confidences Confidences Calibrated example
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