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Copula-based conformal prediction for multi-target regression
-
E (o] |'7'” E#—Iﬁ'i OEI %k_ o] % Soundouss Messoudi’, Sébastien Destercke, Sylvain Rousseau

HEUDOASYC - UNR CNRS 725, Universit de Techolagie de Campitgae. 57 aveaue de Landshit, 60201 COMMEGNE CEDEX, TRANCE

ARTICLE INFO ABSTRACT
n ro a C derice There are relatively few works dealing with conformal prediction for multi-cask learning issves, and this
Recened 27 August 2

s particularty true for multi-target regression. This paper focuses on the problem of praviding valid (Le.

e frequency calibrated) multi-vaiate predictions. To 00 5o, We PFOPese 10 use copula functions fof inductive
i ook o s 3 mal prediction, and ilustrate our propasal by applying it to deep neural networks and random
. forests, We show. that the proposed method ensures effckency and validky target regression

= s probleans on various data sets
J_'Ill- 71' E CO p u la E $ xo-l 'r“u“‘y“h‘l“‘“ ;"J"‘”"“’” prediction o ‘ © 2021 Elsevier Ltd. All rights reserved.
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1. Introduction In few studies deal with conformal prediction for multi-target re-
gression : Kuleshov et al. [$] provide a theoretical framework 10

The most common supervised task in machine lcarning is to  use conformal predictors within manifold (¢, to provide a mono-

learn a single-task, single-output prediction model. However, such  dimensional embedding of the multi-variate output). while Neeven

ension of &

° .
[ a setting can be ill-adapted to some problems and ap and Smirnov [9] use a straightforward multi-target e
On the one hand, producing a single output can be undesi  conformal single-output k-nearest neighbor regressor 10| to pro.

-  EHOZEAE HtFot joint calibration

- Validity® prediction-region efficiency2| SA| 74

Data Mining Messoudi, Soundouss, Sébastien Destercke, and Sylvain Rousseau. "Copula-based conformal prediction for multi-target regression." Pattern Recognition 120

Quality Analytics (2021): 108101.

able when data is scarce and when producing reliable, possibly
set-valued predictions is important (for instance in the medical do-
main where examples are very hard to collect for specific targets.
and where predictions are used for critical decisions). Such an is-
sue can be solved by using conformal prediction approaches [1), It
was initially proposed as a transductive online learning approach
10 provide set predictions {in the classification case) or interval
predictions (in the case of regression) with a statistical guarantee
depending on the probability of eror tolerated by the user, but
was then extended to handle inductive processes |2]. On the other
hand, there are many situations where there are multiple, possibly
correlated output variables 1 predict at once, and it is then natu.
ral o try to leverage such correlations to improve predictions. Such
learning tasks are commonly called Multi-task in the literature
Most research work on conformal prediction for multi-task
learning focuses on the problem of multi-label prediction 4.3,
where each task is a binary classification one. Conformal prediction
for multi-target regression has been less explored, even though
«can be quite useful in practice, for instance to accurately predict
the localization of an object in 2D [6] or of a drone in 3 |7]. Only

vide weather forecasts. However, this latter essentially verifies va-
ldity (ie. having well-calibrated outputs) for each individual tar-
get. Recently, we proposed a simple method to have an approxi-
mate validity for the multi-variate prediction (11} that generally
provided overly conservative results

In this paper, we propose a new conformal prediction method
fitted to multi-target regression, that makes use of copulas [12] (3
common tol to model dependence between multi-variate random
variables) to provide valid multi-variate predictions. The interest of
such a framework is that it remains very casy fo apply while link-
ing multi-variate conformal predictions to the theoretically sound
framework that are copulas. Expesiments also show that it works
quite well, and allows to improve upon previous heuristics
cction 2 provides a general overview of our problem: a brief
introduction to conformal prediction and multi-target regression
will be presented in Scctions 2.1 and 22, before raising the prob-
lematic of applying conformal prediction to the multi-target re-
gression setting in Section 23. We will then pr our setting
in : we will first recall the needed basic principles and
theorems of copulas in 3.1, before detailing our conformal
‘multi-target approach in Scction 3.2 The experiments and their re-
subts are described in Section 4.
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Calibrated Multiple-Output Quantile Regression with Representation Learning
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