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Calibration

Full multiclass
ElY | f(X)] = f(X)
audits the full probability vector.

Very challenging to achieve.
Vaicenavicius et al. (2019); Lee et al. (2023)

Weighted calibration
sup,, ey E[(w(f(X)),Y — f(X))]

chosen witnesses encode downstream errors.
General notion via chosen witness functions.
Jung et al. (2021); Hebert-Johnson et al. (2018)

Top-class reduction

p» =max fe(X), E[Yi|p.]=p-
c

reduces calibration to top-class confidence.

Assumes the user cares about the top class.
Guo et al. (2017); Gupta & Ramdas (2022)

Distance to calibration
DO(f) = inf E|If(X) - g(X)]

distance to the closest calibrated predictor.
Challenging to achieve; useful as a benchmark.
Blasiok et al. (2023); Gopalan et al. (2024)



Utility Calibration

True utility: u(f(X),Y) € [-1,1] modeI utility
Score: u

0u(X) = By pxyul f(X), V) = (F(X), @(X)). score
v (X)
» Y is available, bootstrap it from f. realized utilit
» Audit the bias of v, (X). { u(f(X)u Y)y }

It recovers:

UC(f,u) = sup [E[(u(f(X),Y) = vu(X)) L x)eny]| (top-class | [ class-wise |

el [ linear payoffs ] [ rank / top-K ]

Calibration error

Audit worst-case interval of the scalar v, (X).

Jung et al. (2021); Rossellini et al. (2025).



Audits

Worst case over a class
UC(f,U) = sup UC(f,u)
ueU

UC(f, u) = ICS[E];l) I |]E[(U(f(X)7 Y) - Uu(X))]-{v“(X)EI}] ‘

sup sup |E[(w(f(X),Y) — vu(X) (o, (x)er3]|

sup
ueU

—~ :
class search can still be quite hard

Distributional audit
Uy, ™~ Hu, E

Fnron(e)

sampled utilities

\

sample u audit each plot eCDF

e



ImageNet

Rank-Based Utility Errors

Linear Utility Errors
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Takeaways: utility choice changes the best predictors; distributional audits identify
hidden trends.



ImageNet
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Takeaways: utility choice changes the best predictors; distributional audits identify

hidden trends.

Hot-take: we should move to a Bayesian way of reporting calibration.
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