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Photo-z Code CDE Loss
ANNz2 —6.88
BPZ —7.82
Delight —8.33
EAZY —7.07
FlexZBoost —10.60
GPz —9.93
LePhare —1.66
METAPhoR —6.28
CMNN —10.43
SkyNet —7.89
TPZ —9.55
trainZ —0.83
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Probability Integral Transform (PIT)
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Algorithm 1 Cal-PIT
Require: initial CDE f(y/x) evaluated at y € G calibration set D = {(X1.11).....(Xa, Ya) s
oversampling factor K: evaluation points ¥V C X: nominal miscoverage level a, flag HPD (true if

computing HPD sets)
Ensure: new distribution F (y|x). Cal-PIT interval C'(x). new density estimate f(ylx), forallx e V

1: // Learn PIT-CDF from augmented and upsampled calibration data D’
2: Set D' + 0
3: for i in {1....n} do
4 for jin {1,...K} do
5: Draw ~; ; ~ U(0,1)
6: Compute Wi ; + I(PIT(Y:: Xi) < 7:5)
7 Let D' D' U {(Xi, 75, Wis)}
8 end for
9: end for
0: Use D' to learn rf('y,x) = ]P(PIT(Y x) <7 | x) via a regression of W on X and ~,
which is monotonic w.r.t. 7.
11:
12: // Map initial CDE into a new CDE by applying learnt PIT-CDF
13: forx € V do
// Construct recalibrated CDE
Compute F (ylx) « cumsum(f(y|x)) forye G
Let F(y|x) « 7 (F*(y|x);x) fory € G

Apply interpolating (or smoothing) splines to obtain F (+|x) and F“( -Ix)
Differentiate F(y|x) to obtain new distribution f(y|x) for y € G
Renormalize f (y[x) according to Izbicki & Lee (2016, Section 2.2)

// Construct Cal-PIT interval with conditional coverage 1 — a
Compute C(x) + [F~1(0.5a]x); F-}(1 - 0.5a]x)].
if HPD then
Obtain HPD sets C(x) = {y : f(yx) > fxa}, where o is such that
f,,ec,(x) flyx)dy =1-a
i end if

26: end for _
27: return F(y|x). C(x), f(y|x), for all x € V




I: Local Amortized Diagnostics

II: Reshaping of

Densities
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https://lee-group-cmu.github.io/cal-pit-paper/fig_1_interactive/
https://lee-group-cmu.github.io/cal-pit-paper/fig_1_interactive/

Photo-z Algorithm CDE Loss

ANNz2 (Sadeh et al., 2016) —6.88
BPZ (Benitez, 2000) —7.82
Delight (Leistedt & Hogg, 2017) —8.33
EAZY (Brammer et al., 2008) —7.07
FlexZBoost (Izbicki & Lee, 2017) —10.60
GPz (Almosallam et al., 2016) —9.93
LePhare (Arnouts et al., 1999) —1.66
METAPhoR (Cavuoti et al., 2017) —6.28
CMNN (Graham et al., 2018) —10.43
SkyNet (Graff et al., 2014) —7.89
TPZ (Carrasco Kind & Brunner, 2013) —9.55
trainZ (Schmidt et al., 2020) —0.83
Cal-PIT —10.80




Mantis Shrimp: Exploring Photometric Band Utilization in Computer Vision Networks for
Photometric Redshift Estimation
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Likelihood-free frequentist inference:
bridging classical statistics and
machine learning for reliable
simulator-based inference”
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Statistical Inference
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Model/theory comes in the form of
simulations
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Credit: Dalmasso (adapted from Cranmer et al, 2020)
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How about valid frequentist inference?
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Confidence Sets for Muon Energies using
CNN
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Coverage Diagnostics
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Waldo 28 Features
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--- Nominal coverage = 68.3 %
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______________________________________________________________________________________________________________________________________|
Statistics > Methodology

[Submitted on 28 Nov 2024]
Distribution-Free Calibration of Statistical Confidence Sets

Luben M. C. Cabezas, Guilherme P. Soares, Thiago R. Ramos, Rafael B. Stern, Rafael Izbicki

Constructing valid confidence sets is a crucial task in statistical inference, yet traditional methods often face challenges when dealing with complex
models or limited observed sample sizes. These challenges are frequently encountered in modern applications, such as Likelihood-Free Inference
(LFI). In these settings, confidence sets may fail to maintain a confidence level close to the nominal value. In this paper, we introduce two novel
methods, TRUST and TRUST++, for calibrating confidence sets to achieve distribution-free conditional coverage. These methods rely entirely on
simulated data from the statistical model to perform calibration. Leveraging insights from conformal prediction techniques adapted to the statistical
inference context, our methods ensure both finite-sample local coverage and asymptotic conditional coverage as the number of simulations
increases, even if n is small. They effectively handle nuisance parameters and provide computationally efficient uncertainty quantification for the
estimated confidence sets. This allows users to assess whether additional simulations are necessary for robust inference. Through theoretical
analysis and experiments on models with both tractable and intractable likelihoods, we demonstrate that our methods outperform existing
approaches, particularly in small-sample regimes. This work bridges the gap between conformal prediction and statistical inference, offering practical
tools for constructing valid confidence sets in complex models.
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Summary

« LADaR and Cal-PIT: goodness-of-fit and recalibration of photo-z's to
improve local calibration
« LF2I: confidence sets with the correct coverage for Simulation-Based

Inference Problems

21



Machine Learning
Beyond Point Predictions:

Uncertainty Quantification

A \QX
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https://rafaelizbicki.com/UQ4MLpt
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Thanks!

Questions?
rafaelizbicki@agmail.com

https://rafaelizbicki.com/

{W}Smell

Statistical Machine Learning Lab


https://bit.ly/3A1uf1Q
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr
mailto:rafaelizbicki@gmail.com

Alternative resources

Here's an assortment of alternative resources whose style fits the one of this template:

e Flat sparkling stars collection
e Vector dividers collection in hand drawn style
e Vector calligraphic ornamental divider collection

§>"
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https://www.freepik.com/free-vector/flat-sparkling-stars-collection_15628188.htm/?utm_source=slidesgo_template&utm_medium=referral-link&utm_campaign=sg_resources&utm_content=freepik
https://www.freepik.com/free-vector/dividers-collection-hand-drawn-style_2384912.htm/?utm_source=slidesgo_template&utm_medium=referral-link&utm_campaign=sg_resources&utm_content=freepik
https://www.freepik.com/free-vector/calligraphic-ornamental-divider-collection_12062176.htm/?utm_source=slidesgo_template&utm_medium=referral-link&utm_campaign=sg_resources&utm_content=freepik

