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Parity Calibration

. . Target Parit
Sequential observations of real valued targets Y1,Y2,°** € R Timesgeries omcoz,e

At timestep t > 2, predict whether Yt = Yt—1or Yt < Y1

Define parity outcomes as gt = ﬂ{yt S yt—l}

Problem: produce calibrated predictions ﬁt for the parity outcomes gt \'/\ gt =1
ZtT=2 y: 1{p: = p}
Zf:z 1{p: = p}

4 E.g. whenever | predicted 30%, the current observation decreased relative to
the previous observation 30% of the time

I W N

—p,Vp € [0,1] Timestep =t
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1e6 COVID-19 Cases in the U /
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1e6 COVID-19 Cases in the U /
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1e6 COVID-19 Cases in the U /
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“Well-calibrated” ﬁ"t &> “Well-calibrated” ﬁt
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Calibration in regression does not imply parity calibration

....for many common and well-known notions of calibration in regression:

Probabilistic calibration (or quantile calibration) [Gneiting et al., 2007]
Distribution calibration [Song et al., 2019]
Threshold calibration [Sahoo et al., 2021]
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Calibration in regression does not imply parity calibration
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Calibration in regression does not imply parity calibration
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Parity Calibration via Post-hoc Calibration

Online learn post-hoc mapping my : [0, 1] — [O, 1] for adaptivity to distribution drifts/shifts
Prehoc forecast: p; = ﬁt(yt—l)

Post-hoc calibrated forecast: 1M (ﬁt)
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Platt Scaling

m®»® = sigmoid(a * logit(-) + b)

Parameters (a, b) are learned by minimizing the log loss:

l(p,y) = —ylog(p) — (1 — y)log(1 — p)
where p = m®°(p)
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Online versions of Platt scaling

AutaB

Windowed Platt scaling:
Re-fit (a¢, bs) with a recent history of the target timeseries

Online Platt Scaling (OPS) [Gupta & Ramdas, 2023]
Re-frame online learning of Platt scaling model as online logistic regression with

Slide 18

1-dimensional pseudo-features logit(p)

OPS

py > = sigmoid(a; * logit(p:) + by)

Or, minimize regret

T

Rr =) lp

t=1
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7yt)

Lis logistic regression loss

l(p,y) = —ylog(p) — (1 — y)log(1 - p)
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Empirical Case Studies: COVID-19 forecasting

The COVID-19 Forecast Hub

COVI D' 1 9 This site maintains the authoritative record for real-time forecasts of COVID-

F t H b 19 hospitalizations in the US, as well as archival forecasts for COVID-19 cases
O re Ca S U and deaths, created by dozens of leading infectious disease modeling teams

from around the globe, in coordination with the US CDC.

Website: www.covid19forecasthub.org Up-to-date forecasts

Every week dozens of modeling teams from across the globe submit forecasts of the

trajectory of the COVID-19 pandemic in the US to our forecast data repository. In

collaboration with the US CDC, we take these data and build a single ensemble forecast

which is later analyzed by, and communicated to the general public by CDC.

Auf p siige 19 Carnegie Mellon University



Empirical Case Studies: COVID-19 forecasting

1e6 COVID-19 Cases in the US
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Empirical Case Studies: COVID-19 forecasting

1e6 COVID-19 Cases in the US
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Empirical Case Studies: Weather forecasting
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Empirical Case Studies: Weather forecasting
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Thank you
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