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Abstract

Quantile Regression (QR) provides a way to
approximate a single conditional quantile. To
have a more informative description of the
conditional distribution, QR can be merged
with deep learning techniques to simulta-
neously estimate multiple quantiles. How-
ever, the minimisation of the QR-loss func-
tion does not guarantee non-crossing quan-
tiles, which affects the validity of such pre-
dictions and introduces a critical issue in cer-
tain scenarios. In this article, we propose a
generic deep learning algorithm for predict-
ing an arbitrary number of quantiles that en-
sures the quantile monotonicity constraint up
to the machine precision and maintains its
modelling performance with respect to alter-
native models. The presented method is eval-
uated over several real-world datasets obtain-
ing state-of-the-art results as well as showing
that it scales to large-size data sets.

1 INTRODUCTION

Quantile Regression (QR) allows us to approximate a
desired quantile – unlike the classical regression that
only estimates the mean or the median – of the con-
ditional distribution ppY | Xq. This is useful since
we can capture confidence intervals without making
strong assumptions about the distribution function to
approximate. The formal definition of QR is:

Definition 1 (Conditional quantile regression). Let
X P RD and Y P R be respectively a covariate and a
response random variable. Given τ in the real interval

1 Universitat de Barcelona (UB).
2 Barcelona Supercomputing Center (BSC).
3 BBVA AI Factory (BBVA).

Proceedings of the 25th International Conference on Artifi-
cial Intelligence and Statistics (AISTATS) 2022, Valencia,
Spain. PMLR: Volume 151. Copyright 2022 by the au-
thor(s).

x

τ

...

ptd−1

ptd−2

pt1

pt0

...

cd−1

cd−2

c1

c0

Kw

...

Cd−1

Cd−2

C1

C0

P (τ ;x)

root
evaluation

DCT Integration

φw

conditional constant of integration

Chebyshev
coefficients

Chebyshev
coefficients

quantile
function

Neural
Network

Neural
Network

Figure 1: Synthetic data set showing that our proposed

method (with the above architecture) avoids crossing quan-

tiles (right), unlike IQN (left).

r0, 1s, the conditional quantile regression (QR) consists
in finding a function qτ : RD Ñ R which approximates
the τ -th quantile of ppY | Xq by minimising the τ -th
quantile regression loss function defined as

LQRpX, Y, τq “ E
”´

Y ´ qτ pXq

¯

¨

´

τ ´ 1rY ă qτ pXqs

¯ı

, (1)

where 1rcs denotes the indicator function that verifies
the condition c.

Generically, the loss function in Eq. 1 is asymmet-




