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1. CONFORMAL
PREDICTORS INTRO

1. Brief history
2. Background
3. Conformal Predictors in a nutshell
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1.2. BACKGROUND
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1.3. CONFORMAL PREDICTORS IN A NUTSHELL

Classifier, regressor or clustering alg

SVM, random forest, nearest neighbour, Ridge Regression, ...

Non-conformity measure (Jx a real-valued
function a(B, x) that shows how different the
sample x is from the elements in the bag B.

{distance to x's nearest neighbour in B ;;::y} + 1

Poawes: they compare a, with the non-
conformity values of the samples in B.

alBx) = ~
{distance to x's nearest neighbour in B y#y} + 1
#j=1 ...n:a 2 a} + 1
p-value = '
n+ 1

v

Classification

Class of the largest p, .

Credibility

Largest p,.e

Confidence

1 - 2nd largest p, e
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2. APPLICATIONS OF
CONFORMAL PREDICTORS

Lnuing anyway. \se G\’m.semmms\h\

anyway. \Ise GPI0.setwarnings

1. Iris dataset
2. Hand-written characters
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2.1. IRIS DATASET (I)
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2.1. IRIS DATASET (lil)
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2.2. HAND-WRITTEN CHARACTERS (I)

Semeion data set: 1,593 samples
SVM
I (Hx)| if ¥
_ - |distance(H,x)| 1f v=y
al B,x) = | | N
|distance(H,x)| if vy
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credibility

2.2. HAND-WRITTEN CHARACTERS (Il)
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2.2. HAND-WRITTEN CHARACTERS (lll)
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THANK YOU FOR YOUR
ATTENTION!

Questions?
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