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» Conformal prediction: Cl for a single prediction § = f(x)
— —
Given data set D = {(x;,y;),i =1: N} .
Training algorithm A, so that A(D) = f_the predictor ‘
Want Cl for § = f(x) where x is a_new data point
so that the Cl is NOT dependent on A being statistically correct (e.g. A overfits, ...)

> jackknife+ is a simple algorithm for CP
» More advanced algorithms exist. This is an active area of research in statistics.

I Do NOT use CP to “crossvalidate” your algorithm!
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Conformal prediction

-
» Conformal prediction: Cl for a single prediction § = f(x)
Given dataset D = {(x;,y;),i =1: N}

Training algorithm A, so that A(D) = f the predictor
Want Cl for § = f(x) where x is a new data point

> jackknife+ is a simple algorithm for CP
» More advanced algorithms exist. This is an active area of research in statistics.

D—{al— ¢

111" Do NOT use CP to “crossvalidate” your algorithm!
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so that the Cl is NOT dependent on A being statistically correct (e.g. A overfits, ...



jackknife+

jackknife+ Algorithm
In data set D = {(x;,y;),i =1:n}
Training algorithm A, so that A(D) = f the predictor
Confidence level 1 — «
Want Cl for y = f(x) where x is a new data point

1. Precompute f_;j — A(D_;)fori=1:n
2. Compute “leave one out” residuals R; = |y; — f—i(x;)|, for i =1:n
3. For every new x: compute f(x), then get 1 — a Prediction Interval [a, b] for f(x) by

3.1 Compute lower bounds a; = f_;(x) — R;, fori =1:n
3.2 Sort aj.,
3.3 Seta < [ 5 n] quantile of ay.

3.4 Compute upper bounds b; = f_;j(x) + R;, fori =1:n
3.5 Sort by.p
36 Setb «+ [(1— %) n] quantile of by.,

3.7 Output CI* = [a, b]

4. Theorem Ply(x) € CI*] > 1— «
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