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Goal In Supervised Learning

Given measurements (X1, Y1),...,(Xp, Ya), learn a model to
predict Y; based on X;

construct g to obtain good predictions

g(Xns1) = Yoyt - 8Xnim) = Yoim

R(g) =E[(Y — g(X))?]
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Standard Assumption: 1.1.d.
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| data IS not 1.1.d., new assumptions are necessary

Information Sciences 649 (2023) 119612

: . p() _ p2
[Total Dataset Shift] H,p, : P, =Py,
- . p(D (2)
[Feature Shift] Hyp: P, =Py q
[Response Shift] Hy : P)(,“ = P)(,“’

o] + [Conditional Shift - Type 1] H;; : P)((l|)y = P)((zl)y (P)(,z)- almost surely)
unif . e . = =y () (2)

Felipe [Conditional Shift - Type 2] H ¢, : Pyx = Pyx (Py - almost surely)
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Example: Y|x Is the same
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Example: X]y Is the same
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1S work

Rafael Izbicki (UFSCar)

Primary Cosmic Rays

Electromagnetic
Shower

10



Rafael Izbicki (UFSCar)

11


https://docs.google.com/file/d/10rTDfTfFTxbflW91xJAtYWY-aglSIfL2/preview

The Southern Wide-field Gamma-ray Observatory
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CORSIKA - an Air Shower Simulation Program
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(Compiled by Fabian Schmidt, University of Leeds, UK)
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In terms of Statistics:

mechanistic model: 8 = (Y,v) — X

{(Ylv X’i) ?:1
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-Free Inference (Simulator-Based

Prior distribution of

Observational data | model parameter ©
H

¥ Comput satist s N 2) Given a certain model,

P f’n'"o‘zu ¢ sutmr:allg S; ste 0 / 6 N perform n simulations, each
¥ from observational da t/ BN with a parameter drawn from

/ . the prior distribution
/ / \ AN
¥ 1 4 Y "
Simulation 1 Simulation 2 Simulation 3 Simulation n

3) Compute summary

statistic p, for each M, H, H, H,

simulation

[oI(THY) e X X

4) Based on a distance p(-,*)
and a tolerance &, decide for

each simulation whether its .

summary statistic is sufficiently A

iotse {o that of the observed Posterior distribution of
4 model parameter

Source: wikipedia

5 Approximate the posterior
i of 8 from the di
of parameter values 6, associated
with accepted simulations.

15



P(Y=1|x) leads to invalid uncertainty quantification

Y B ROC Curves, Tomographic Binning
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Summarizing so far

mechanistic model: 8 = (Y,v) — X

{(Y;v X’i) ?:1

P(Y=1|x): invalid uncertainty quantification

IPDtarget(Yv S RQ(X—)) Z 1l — «
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Generalized Label Shift (GLS)

o No GLS . With GLS
)
o
g 0.8
. — 3
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E
< 04
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Method

Hy,:Y =y versus Hy Y #y

ptrain(xlya U) = ptarget(xlya U)

)\(X) = ]P)train(Y = ylx)

o

Wx(C;y,v) = Prager (AMX) < Cly,v)  °

Rafael Izbicki (UFSCar) 19




Monatonic Classifier WA(C:9,) = Purgs (AX) < Cly )

We learn W, (C'; y, v) using a monotone regression that enforcesptha-the-sejeeton-probabil
of C. For each point i (i = 1,..., B) in the calibration sampl¢ 7' = {(
Purain(0) L(x; 0), with @ = (y, ), we sample a set of K cutoffs fhe '
we regress the random variable

.....

Zij =1(MX:) < Cj)

deejeasing function

sampled from

statistic \. Then,

(13)

on y;, v; and C; ; (= C}) using the “augmented” calibration sample 7" = {(q, v, Ci s Zi 5) }i.3, ford

(i T K, where K is our augmentation factor. See Algorithm

sssss
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Monatonic Classifier WA(C:9:) = Puans (A(X) < Clyov

: CatBoost S

Python package / datasets / monotonicl O 2 6@
v Installation
In this article:
Overview =
monotonicl Method cal format
> Python package installation
> CatBoost for Apache Spark Tyme ot retumm value
installation Load the Yandex dataset with monotonic constraints. This dataset contains categorical features. Usage examples
> R package installation

This dataset can be used for regression.
> Command-line version binary . .

It contains several numerical and categorical features.
> Build from source

The contents of columns depends on the name or on the pattern of the name of the corresponding column:
> Key Features

> Training parameters o Target (the first column) — Target values.
v Python package * Cat* — Categorical features.
Quiick:skart * Nun* — Numerical features.
> CatBoost " 3 R B
* MonotonicNeg* — Numerical features, for which monotonic constraints must hold.
> CatBoostClassifier
§ CatlSoostianker If values of such features decrease, then the prediction value must not decrease. Thus, if there are two objects x; and 3
with all features being equal except for a monotonic negative feature M, such that z1 [M] > x2[M], then the following
> CatBoostRegressor

inequality must be met for predictions:

f(z1) < f(=2)

o

v datasets

Rafael Izbicki (UFSCar) 21
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Controlling FPR or TPR

/G

FPR(C;v) := W5(C;0,v)

TPR(C;w) = W5 (C;1,v)
\ .

Rafael Izbicki (UFSCar)

= inf FPR ' (a: )
Cla = B oo

—~

C, = sup TPR™ (a3 v)
VE./'\“F
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Controlling FPR or TPR, but with more power

Rafael Izbicki (UFSCar)

Ci(x)= inf {FPR'(Bv)} B=a—19
veS(x;y) :

{1V > stat > arXiv:2107.03920

Statistics > Machine Learning

[Submitted on 8 Jul 2021 (v1), last revised 19 Nov 2023 (this version, v8)]

Likelihood-Free Frequentist Inference: Bridging Classical Statistics and Machine
Learning for Reliable Simulator-Based Inference

Niccold Dalmasso, Luca Masserano, David Zhao, Rafael Izbicki, Ann B. Lee

Many areas of science make extensive use of computer simulators that implicitly encode intractable likelihood functions of complex systems. Classical
statistical methods are poorly suited for these so-called likelihood-free inference (LFI) settings, especially outside asymptotic and low-dimensional
regimes. At the same time, traditional LFI methods - such as Approximate Bayesian Computation or more recent machine learning techniques - do not
guarantee confidence sets with nominal coverage in general settings (i.e., with high-dimensional data, finite sample sizes, and for any parameter value).
In addition, there are no diagnostic tools to check the empirical coverage of confidence sets provided by such methods across the entire parameter
space. In this work, we propose a unified and modular inference framework that bridges classical statistics and modern machine learning providing (i) a
practical approach to the Neyman construction of confidence sets with frequentist finite-sample coverage for any value of the unknown parameters; and
(ii) interpretable diagnostics that estimate the empirical coverage across the entire parameter space. We refer to the general framework as likelihood-free
frequentist inference (LF2I). Any method that defines a test statistic can leverage LF2I to create valid confidence sets and diagnostics without costly
Monte Carlo samples at fixed parameter settings. We study the power of two likelihood-based test statistics (ACORE and BFF) and demonstrate their
empirical performance on high-dimensional, complex data. Code is available at this https URL.
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Controlling FPR or TPR, but with more power

Rafael Izbicki (UFSCar)

Theorem 1 (Nuisance-aware cutoffs for FPR/TPR control).
Choose a threshold o € [0, 1] and v € [0, a]. Let S, (x;7)
be a valid (1 — ~y) confidence set for v at fixed y € {0, 1}
according to Definition 3. Let \(X) be any test statistic
that measures how plausible it is that X was generated from
Hy . Define the nuisance-aware rejection cutoff to be
¥ . y—1 77
C,,x)= _inf {W; (By,v)}, (8)
veS,(x;v)
where B = « — v, and W is the rejection probability in
Definition 1. Then, for all v € N, we have FPR control.:
lp)"”'.%’ﬁ" (/\(X) S ::lj(x)|y" U) S x (9)

(maximum type-I error probability for H ).
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NAPS

Definition 2 (Nuisance-aware prediction set). A nuisance-
aware prediction set (NAPS) is the set returned from a set-
valued classifier H : x — {0,0,1,{0,1}} with

H(x;a) = {y € {0,1} | 7(x) > C5 ,(x)}, (5
where

Cay®) = Sizl(fxw){ng(ﬁ; y.v)}, (6)

is the rejection cutoff, B = a — vy and Sy(x;v) isa (1 — )
confidence set for v defined by Equation 7.

Rafael Izbicki (UFSCar) 25
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NAPS

Theorem 2. Let H(x; «) be the nuisance-aware prediction

set of Definition 2. Under GLS, for every y € {0,1} and
veN

Preet(Y € H(X; a)|y,v) > 1— o

Moreover,

Piprger(Y € H(X0)) 2> 1 — @

Rafael Izbicki (UFSCar) 26



summary
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Algorithm 1 Nuisance-aware prediction sets
Input: training set 7 = {(Y;, X;)}2,; calibration set
T = {(yi,ui,Xi)}fj:’l; observation x; miscoverage levels
a € (0,1)andy € [0, ).

Output: Prediction set H,, (x) such that Equation 1 holds.

1: // Training
2: Estimate Py (Y = y|X) with a probabilistic classifier

3: // Calibration
4: Estimate W, (C;y,v) = Puage (74 (X) < Cly,v) as
detailed in Algorithm 2 by

i. Computing 7,,(X) as in Equation 3 forall X € 7";
ii. Constructing the augmented calibration set 7";

iii. Estimating W (C:y,v) from 7" via monotone
regression.

5: // Inference

6: for y € {0,1} do

7:  Compute 7, (x) as in Equation 3

8 if v = 0 then .

9 Cr (x) « illfue_,\.f{‘-v’%l(a; y,v)}

? ay

10:  else

11: Obtain a level-y confidence set Sy (x: ) for v
12: ay(X) — infues, e {WE (@ — 11y, v)}
13:  end if '

14: end for

15: H(x;a) « {y € {0,1} | 7y(x) > C% ,(x)}
16: return H(x; o)
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Application: Single-Cell RNA Sequencing

Goal: infer the cell’s type (CD4+ vs Cytotoxic T-cells) from the observed gene count

Rafael Izbicki (UFSCar)

scDesign3 0.99.6 Getstarted Reference Articles~ Changelog

scDesign3

The R package scDesign3 is an all-in-one single-cell data simulation tool by using reference
datasets with different cell states (cell types, trajectories or and spatial coordinates), different
modalities (gene expression, chromatin accessibility, protein abundance, DNA methylation,
etc), and complex experimental designs. The transparent parameters enable users to alter
models as needed; the model evaluation metrics (AIC, BIC) and convenient visualization
function help users select models. Detailed tutorials that illustrate various Functionalities
of scDesign3 are available at this website. The following illustration figure summarizes the
usage of scDesign3:

Song, et al
Nat Biotechnol (2023)
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Application: Single-Cell RNA Sequencin
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Application: Atmospheric Cosmic-Ray Showers

" Hadron
1.0 % i (=T Bisector
% 0.8° === Nuisance-aware
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Application: A
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Application: A
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Application: Atmospheric Cosmic-Ray Showers

nergy: [300, 10000] TeV

ey |

B = o == - —-
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NAPS y =0 (Ours)
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Final Remarks

e GLS models how (X,Y) changes
e Applications to SBI/LFI

e (Can be used for classification if training data with (X,Y,v) is available

Rafael Izbicki (UFSCar)
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