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MAP?E

To the origins of MAPIE

Deploying governance to meet
regulatory challenges.

Optimal response to business
challenges.

Define and extend model
validity limits.

Control the quality of model
input data.

Responsability

Performance

Robustness

Data quality

Controlling bias and
guaranteeing non -
discrimination.

Explain predictions to end
Explainability users.

Frugality Measuring and minimizing
environmental impact.

Control difts

Monitor the operational impact
of the model in production.




Our motivations for developping MAPIE

* Uncertainty quantification (UQ) for model predictions is of crucial importance for developing and deploying
reliable artificial intelligence (Al) systems:

* to better understand the predictive power of their model.

* to assess the validity of model predictions on new data points.

* to help risk management when making business decisions based on Al system predictions.
* to assess the compliance of the Al system with the regulation.

* to be more transparent and trustworthy for people impacted by the decisions made from Al.
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MAPI - Model Agnostic Prediction Interval Estimator

O scikit-learn-contrib /| MAPIE  Public % Fork 69 v Starred 859 v

* Since 2021, we are developing the MAPIE library based on conformal prediction framework [1-2].
* MAPIE is an open-source Python library hosted on scikit-learn-contrib project that allows you to:

1) easily compute conformal prediction intervals/sets with controlled marginal coverage rate for regression [3,4,8],
classification (binary and multi-class) [5-7] and time series [9].

2) easily control risks (such as coverage, recall or any other non-monotone risk) for more complex tasks (multi-label
classification, semantic segmentation, ...) [10-12].

3) easily wrap any model (scikit-learn, tensorflow, pytorch, ...).
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MAP?E

How does it work?

A MAPIE

MAP}E

Search docs

Quick Start with MAPIE

Theoretical Description
Tutorial for tabular regression

Tutorial for conformalized quantile
regression (CQR)

Tutorial for time series
Regression examples

Regression notebooks

Theoretical Description

Tutorial for classification
Cross-conformal for classification
Classification examples

Classification notebooks

AULTI-LABEL CLASSIFIC
Theoretical Description
Tutorial for multilabel-classification

Multi-label Classification notebooks

& Read the Docs

# » MAPIE - Model Agnostic Prediction Interval Estimator

() Unit tests |passing ] codecov |100%: python 3.7 | 3.8 | 3.9 | 3.10 | pypi V065!

10.48550/arXiv.2207.12274

MAPIE - Model Agnostic Prediction Interval Estimator

Quantifying the uncertainties and controlling the risks of ML model predictions is of crucial importance for developin;
systems. Uncertainty quantification (UQ) involves all the stakeholders who develop and use Al models.

MAPIE is an open-source Python library hosted on scikit-learn-contrib project that allows you to:

o easily estimate conformal prediction intervals (or prediction sets) given a degree of confidence or risk for single-o
settings [3-9].

o easily control risks (such as coverage, recall or any other non-monotone risk) by estimating relevant prediction set

« easily wrap your favorite scikit-learn-compatible model for the purposes just mentioned.

Here’s a quick instantiation of MAPIE models for regression and classification problems related to uncertainty quantif

# Uncertainty quantification for regression problem
from mapie.regression import MapieRegressor
mapie_regressor = MapieRegressor(estimator=regressor, method='plus', cv=5)

# Uncertainty quantification for classification problem
from mapie.classification import MapieClassifier
mapie_classifier = MapieClassifier(estimator=classifier, method='score', cv=5)

# Control risks for multi-label classification problem

from mapie.multi_label_classification import MapieMultilabelClassifier

mapie_classifier = MapieMultilabelClassifier(estimator=classifier, method='crc', metric_control='recall')
mapie_classifier = MapieMultilabelClassifier(estimator=classifier, method='1tt', metric_control='precision')




Software architecture of MAPR{E

o L MAPIE architecture (paths and classes)

import mapie.regression . TE-E import mapie.classification import mapie.metrics
mapie.conformity_score

MapieRegressor AbsoluteConformityScore MapieClassifier
<
MapieQuantileRegressor GammaConformityScore [ tac ][ ]

= JC=)

[ = prediction sets ]

coverage

size-stratified

top_k coverage

mean width

MapieTimeSeriesRegressor ResidualNormalizedScore

- prediction intervals hilbert schmidt

independence score

| o L o |

import mapie.calibration
MapieCalibrator

top_label

\

error

import mapie.control_risk

top label expected
calibration error

kolmogorov smirnov
test

kuiper test

precision

spiegelhalter test

[ )
[ )
[ )
[ )
[ expected calibration ]
[ )
[ )
[ )
[ )

[ = calibration ]

[ = risk control ]




~ Quick start with MAP}{E

® © ® & quickstart.py

# installation via “pip”
$ pip install mapie

@ Identify a (pre-trained) model.
@ Wrap it with the MAPIE class.

MAP } @ Fit the new model to calibration data.

in practice @ Predict the target on the test data to obtain the
prediction intervals/sets.

Easy to use, yet powerful! &
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WP

MAPIE for regression (pre-fit / split-conformal)

Target and effective coverages for alpha=0.05: (0.950, 0.952)
Target and effective coverages for alpha=0.32: (0.680, 0.682)

150 A

100 A

®° ® A codepy
50
import numpy as np O

from sklearn.linear_model import LinearRegression
from sklearn.datasets import make_regression
from sklearn.model_selection import train_test_split oo

=150 4

from mapie.regression import MapieRegressor 5604

X, y = make_regression(n_samples=500, n_features=1) Predicted label sets for alpha=0.05
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.5)
X_train, X_calib, y_train, y_calib = train_test_split(X_train, y_train, test_size=0.5)

regressor = LinearRegression().fit(X_train, y_train)
mapie_regressor = MapieRegressor(estimator=regressor, method='plus', cv='prefit')

mapie_regressor = mapie_regressor.fit(X_calib, y_calib)
y_pred, y_pis = mapie_regressor.predict(X_test, alpha=[0.05, 0.32])
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MAP?E

How to contribute?

= O scikit-learn-contrib / MAPIE

@t

Q Type (/) to search

s EditPins ~ & Unwatch 13

MAPIE  Public

master ~ ¥ 27 branches © 24tags  Go to file

README.rst

Unit tests [passing codecov | 100% license | BSD-3-Clause
python 3.7 | 3.8 | 3.9 | 3.10 || pypi v0.7.0 | conda-forge [v0.7.0 } release v0.7.0
commits since v0.7.0 2 | 10.48550/arXiv.2207.12274

MAP¢E

MAPIE - Model Agnostic Prediction Interval Estimator

MAPIE is an open-source Python library for quantifying uncertainties and
controlling the risks of machine learning models. It is a scikit-learn-contrib
project that allows you to:

« Easily compute conformal prediction intervals (or prediction sets) with
controlled (or guaranteed) marginal coverage rate for regression [3,4,8],
classification (binary and multi-class) [5-7] and time series [9].

v
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<> Code () Issues 29 19 Pullrequests 8 U1 Discussions () Actions [l Projects 2 [0 wiki @ Security

% Fork 69 - Starred 863

Add file ~ About

A scikit-learn-compatible module fo
estimating prediction intervals.

@ mapie.readthedocs.iofen/latest/

python data-science sklearn
regression classification

confidence-intervals

Readme
BSD-3-Clause license
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863 stars

13 watching
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Report repository
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© Version 0.7.0
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Focus on a MAPIE contribution to the ConformityScore module

A new family of non-conformity scores “p-Normalized residual non-conformity score”.

* Motivations for its integration into MAPIE:

*  Theoretical demonstration: "Global marginal coverage guarantee" for cross-conformal methods.

*  Practical interest: Useful where the uncertainty is of the order of magnitude of the prediction
(heteroskedasticity).

* Advantages: Model agnostic.

* In practice: implementation of a new class, GammaConformityScore (special case when p=2).

m Induced non-conformity score Induced limits of the prediction interval

Y = ulx) + o(x)e y —fx)
o(x) o |u(x)[P/? i(x)p/2

—> s(x,y) = ybiound = 1(Xn41) £ q\ril—,o: |ﬁ(Xn+1)|p/2

n calibration samples ; a level of risk ; x features ; y target ; s non-conformity score function ; jI estimated model ; J prediction ; § estimated non-conformity score ;
zﬁ_a upper and lower quantiles ; Q,{a upper and lower quantile estimators ; (X;,4+1, Yn41) test data; C'n_a(Xn+1) prediction interval



Theoretical results on p-normalized residual non-conformity scores

Theorem 1 (Global marginal coverage guarantee) We state that, for any signed
loss score function f(§,y) monotonically increasing on § and monotonically decreasing on
y (the higher the absolute value, the more atypical the point), for any conformal prediction
methods in Table 3.1, the prediction interval satisfies the marginal coverage:

P{Ypi1 € Cro(Xns1)} 21— 0

Method Theoretical coverage Training cost Evaluation cost
Naive No guarantee 1 Thest
Split >l—«a 1 Niest
Jackknife No guarantee n Thtest
Jackknife+ >1-2« n 70 X Niest
Jackknife-minmax >l-—«a n 7 X Niest
CvV No guarantee K Ntest
CV+ >1-2« K K X Niest
CV-minmax >1l—« K K X Ngest
Jackknife-aB+ >1-2« K K X Ntest
Jackknife-aB-minmax >l—« K K X Ntest

Table 1: Theoretical marginal coverage and reminder of the training cost and the evalu-
ation cost for conformal prediction methods (Foygel Barber et al., 2021).

n calibration samples ; « level of risk ; x features ; y target
(Xn41, Yny1) testdata; C'n_a(XnH) prediction interval



Expanding the available family of non-conformity scores for regression

Non-conformity scores for MapieRegressor

MapieRegressor AbsoluteConformityScore

sCo,y) =y — ()|

MapieRegressor GammaConformityScore
N, Proposed in
=8| |=] the paper
s(x,y) = pap

|ax)]

~t _ A At A
Viouna = AXns1) £ Gie [0 51)]
Release 0.4.0
MapieRegressor ResidualNormalizedScore MapieQuantileRegressor

yl;tound = ﬁ(Xn+1) i qril,a

ly — ()| R -
S(X:Y) :W S(X.J’) = max(y_ Qrt,a(x)v Qn,l—a(x) _Y)
quantile of the
A A A - . A~ . A non-conformity scores
yl;lound = A(Xn41) £ Ana |6 (Xn41) | ybiound = Q%,a(Xn+1) + Qia

quantile regressor

n calibration samples ; a level of risk ; x features ; y target ; s non-conformity score function ; jI estimated model ; J prediction ; § estimated non-conformity score ;
ﬁ;{a upper and lower quantiles ; Q,:—r,a upper and lower quantile estimators ; (X, 41, Yn41) test data; Cn,a(Xn+1) prediction interval
12



How to expand non-conformity scores in MAP{E?

ConformityScore template in MAPIE

s ConformityScore(metaclass=ABCMeta):

__init_ (self) —> None

super().__init_ (sym e, consistency_check=False, eps=EPSILON)
def __init_ (

>f get_signed_conformity_scores(

@abstractmethod self, X: ArrayLike, y: ArrayLike, y_pred: ArrayLike
def get_signed_conformity_scores( ) —> NDArray:

self._check_observed_data(y)
@abstractmethod self._check_predicted_data(y_pred)
def get_estimation_distribution( return np.divide(np.subtract(y, y_pred), y_pred)

def check_consistency( def get_estimation_distribution(
self,
def get_conformity_scores( X: ArraylLike,
y_pred: ArraylLike,
@staticmethod conformity_scores: ArraylLike
def get_quantile( ) —> NDArray:
self._check_predicted_data(y_pred)
def get_bounds( return np.multiply(y_pred, np.add(1, conformity_scores))

ConformityScore interface needs GammaConformityScore class implements
to implement two abstact methods. the two abstract methods.

Quantmetry
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Comparison of non-conformity scores on heteroskedastic dataset

MapieRegressor
GammaConformityScore

(p=2)-normalized non-conformity score - coverage=92%

MapieRegressor
AbsoluteConformityScore

(p=0)-normalized non-conformity score - coverage=91%
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Empirical coverage computed with respect to
10 balanced bins of the Y distribution.

MapieQuantileRegressor

CQR - coverage=91%
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Absolute score is not adaptive
(constant prediction interval width).

Gamma score and CQR methods
are more adaptive.

Advantage: GammaScore is model
agnostic whereas CQR requires a
quantile regressor.



Comparison of non-conformity scores on House Price dataset

MapieRegressor MapieRegressor
MapieQuantileRegressor
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MAP?E

Wrap Up: the evolution of the
open-source library

A MAPIE

MAP}E

Search docs

Quick Start with MAPIE

Theoretical Description
Tutorial for tabular regression

Tutorial for conformalized quantile
regression (CQR)

Tutorial for time series
Regression examples

Regression notebooks

Theoretical Description

Tutorial for classification
Cross-conformal for classification
Classification examples

Classification notebooks

AULTI-LABEL CLASSIFIC
Theoretical Description
Tutorial for multilabel-classification

Multi-label Classification notebooks
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MAPIE - Model Agnostic Prediction Interval Estimator

Quantifying the uncertainties and controlling the risks of ML model predictions is of crucial importance for developin;
systems. Uncertainty quantification (UQ) involves all the stakeholders who develop and use Al models.

MAPIE is an open-source Python library hosted on scikit-learn-contrib project that allows you to:

o easily estimate conformal prediction intervals (or prediction sets) given a degree of confidence or risk for single-o
settings [3-9].

o easily control risks (such as coverage, recall or any other non-monotone risk) by estimating relevant prediction set

« easily wrap your favorite scikit-learn-compatible model for the purposes just mentioned.

Here’s a quick instantiation of MAPIE models for regression and classification problems related to uncertainty quantif

# Uncertainty quantification for regression problem
from mapie.regression import MapieRegressor
mapie_regressor = MapieRegressor(estimator=regressor, method='plus', cv=5)

# Uncertainty quantification for classification problem
from mapie.classification import MapieClassifier
mapie_classifier = MapieClassifier(estimator=classifier, method='score', cv=5)

# Control risks for multi-label classification problem

from mapie.multi_label_classification import MapieMultilabelClassifier

mapie_classifier = MapieMultilabelClassifier(estimator=classifier, method='crc', metric_control='recall')
mapie_classifier = MapieMultilabelClassifier(estimator=classifier, method='1tt', metric_control='precision')




Summary table of algorithms implemented in MAPIE

What can you find in MAP}E?

Task

Feature

Algorithm

Reference

MapieRegressor
PI/PS MapieClassifier

Prediction intervals
(P1)

Prediction sets

o
=X
T

Risks (CR)

(Ps)

AbsoluteConformityScore

GammaConformityScore
ResidualNormalizedScore

MapieTimeSeriesRegressor
MapieQuantileRegressor

MapieClassifier

MapieMultilLabelClassifier

MapieCalibrator

Jackknife/CV+
Jackknife/CV+ ab

Absolute Score

Gamma Score

Normalized Score

EnbPI

CaR

LAC / LABEL

APS
Top-K
RAPS
RCPS
CRC
LT

Top-label

Rina Foygel Barber, Emmanuel J. Candés, Aaditya Ramdas, and Ryan J. Tibshirani. “Predictive inference with the jackknife+.” Ann. Statist., 49(1):486-507, (2021).
Kim, Byol, Chen Xu, and Rina Barber. “Predictive inference is free with the jackknife+-after-bootstrap.” Advances in NeurlIPS 33 (2020): 4138-4149.
Vovk, Vladimir, Alexander Gammerman, and Glenn Shafer. Algorithmic Learning in a Random World. Springer Nature, 2005

Cordier, Thibault, Vincent Blot, Louis Lacombe, Thomas Morzadec, Arnaud Capitaine, Nicolas Brunel “Flexible and Systematic Uncertainty Estimation with Conformal
Prediction via the MAPIE library”, COPA (2023)

Papadopoulos, Harris, Proedrou, Kostas, Vovk, Volodya, and Gammerman, Alex. "Inductive confidence machines for regression". In Machine Learning: ECML (2002).
Xu, Chen, and Yao Xie. “Conformal prediction interval for dynamic time-series.” International Conference on Machine Learning. PMLR, (2021).
Romano, Yaniv, Evan Patterson, and Emmanuel Candes. “Conformalized quantile regression.” Advances in neural information processing systems 32 (2019).

Sadinle, Mauricio, Jing Lei, and Larry Wasserman. “Least ambiguous set-valued classifiers with bounded error levels.” Journal of the American Statistical Association
114.525 (2019): 223-234.

Romano, Yaniv, Matteo Sesia, and Emmanuel Candés. “Classification with valid and adaptive coverage.” Advances in NeurlPS 33 (2020): 3581-3591.
Angelopoulos, Anastasios, et al. “Uncertainty sets for image classifiers using conformal prediction.” International Conference on Learning Representations (2021).
Angelopoulos, Anastasios, et al. “Uncertainty sets for image classifiers using conformal prediction.” International Conference on Learning Representations (2021).
Bates, Stephen, et al. “Distribution-free, risk-controlling prediction sets.” Journal of the ACM (JACM) 68.6 (2021): 1-34.

Angelopoulos, Anastasios N., Stephen, Bates, Adam, Fisch, Lihua, Lei, and Tal, Schuster. “Conformal Risk Control.” (2022).

Angelopoulos, Anastasios N., Stephen, Bates, Emmanuel J. Candés, et al. “Learn Then Test: Calibrating Predictive Algorithms to Achieve Risk Control.” (2022).

Gupta, Chirag, and Aaditya K. Ramdas. “Top-label calibration and multiclass-to-binary reductions.” arXiv preprint arXiv:2107.08353 (2021).




What can you find in the release 0.7.0 of MAP{E?

Summary table of algorithms implemented in MAPIE

Task

Feature

Algorithm

Reference Release 0.7.0

MapieRegressor
PI/PS MapieClassifier

Prediction intervals
(P1)

Prediction sets

o
=X
T

Risks (CR)

(Ps)

AbsoluteConformityScore

GammaConformityScore
ResidualNormalizedScore

MapieTimeSeriesRegressor
MapieQuantileRegressor

MapieClassifier

MapieMultilLabelClassifier

MapieCalibrator

Jackknife/CV+
Jackknife/CV+ ab

Absolute Score

Gamma Score

Rina Foygel Barber, Emmanuel J. Candés, Aaditya Ramdas, and Ryan J. Tibshirani. “Predictive inference with the jackknife+.” Ann. Statist., 49(1):486-507, (2021).
Kim, Byol, Chen Xu, and Rina Barber. “Predictive inference is free with the jackknife+-after-bootstrap.” Advances in NeurlIPS 33 (2020): 4138-4149.
Vovk, Vladimir, Alexander Gammerman, and Glenn Shafer. Algorithmic Learning in a Random World. Springer Nature, 2005

Cordier, Thibault, Vincent Blot, Louis Lacombe, Thomas Morzadec, Arnaud Capitaine, Nicolas Brunel “Flexible and Systematic Uncertainty Estimation with Conformal
Prediction via the MAPIE library”, COPA (2023)

Normalized Score

Papadopoulos, Harris, Proedrou, Kostas, Vovk, Volodya, and Gammerman, Alex. "Inductive confidence machines for regression". In Machine Learning: ECML (2002).

EnbPI Xu, Chen, and Yao Xie. “Conformal prediction interval for dynamic time-series.” International Conference on Machine Learning. PMLR, (2021).

CQR Romano, Yaniv, Evan Patterson, and Emmanuel Candes. “Conformalized quantile regression.” Advances in neural information processing systems 32 (2019).

LAC/ LABEL Sadinle, Mauricio, Jing Lei, and Larry Wasserman. “Least ambiguous set-valued classifiers with bounded error levels.” Journal of the American Statistical Association
114.525 (2019): 223-234.

APS Romano, Yaniv, Matteo Sesia, and Emmanuel Candés. “Classification with valid and adaptive coverage.” Advances in NeurlPS 33 (2020): 3581-3591.

Top-K Angelopoulos, Anastasios, et al. “Uncertainty sets for image classifiers using conformal prediction.” International Conference on Learning Representations (2021).

RAPS Angelopoulos, Anastasios, et al. “Uncertainty sets for image classifiers using conformal prediction.” International Conference on Learning Representations (2021).

RCPS Bates, Stephen, et al. “Distribution-free, risk-controlling prediction sets.” Journal of the ACM (JACM) 68.6 (2021): 1-34.

CRC Angelopoulos, Anastasios N., Stephen, Bates, Adam, Fisch, Lihua, Lei, and Tal, Schuster. “Conformal Risk Control.” (2022).

LTT Angelopoulos, Anastasios N., Stephen, Bates, Emmanuel J. Candés, et al. “Learn Then Test: Calibrating Predictive Algorithms to Achieve Risk Control.” (2022).

Top-label Gupta, Chirag, and Aaditya K. Ramdas. “Top-label calibration and multiclass-to-binary reductions.” arXiv preprint arXiv:2107.08353 (2021).




What do you want to do in MAP{E 0.8.0?

* General assembly form (afternoon of the 17th November 2023)

* Discuss about next prioritized contributions of MAPIE 0.8.0

* Binary Classification (Mondrian, Venn ABERS, ...)
 Time Series (ACI, ...) MAPIE - general assembly

¢ Distribution Shift

* Call for MAPIE contributions, examples and applications

* Integrate your notebooks in the example gallery of MAPIE

Join us!
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