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Abstract

Inductive conformal prediction equips point regressors with finite-sample prediction sets
that provably contain the unknown label with prescribed probability. For multi-target
regression, joint coverage across all output dimensions can be guaranteed by combining
one-dimensional conformal predictors, one for each output dimension, resulting in an axis-
aligned hyperrectangular prediction region. The validity and informational efficiency of
these hyperrectangular prediction regions depend on the choice of the targeted error rates
for the individual one-dimensional conformal predictors. We cast this choice as an error-
budget allocation problem and introduce Dynamic Conformal Prediction for Multi-Target
Regression (DCP-MT), a method that finds the budget allocation which minimises the hy-
perrectangles’ volumes while retaining joint coverage under exchangeability. Experiments
on synthetic and real-world data sets demonstrate that DCP-MT reduces hyperrectan-
gle volumes compared to state-of-the-art methods when nonconformity scores’ correlations
across target dimensions are weak or heterogeneous, while maintaining the nominal cover-
age. The proposed method thus offers a simple, drop-in solution for existing multi-target
regression pipelines.

Keywords: Inductive conformal prediction, multi-target regression, hyperrectangular pre-
diction regions, multiple hypothesis testing, uncertainty quantification.

1. Introduction

The reliability of machine-learning methods increasingly hinges on their ability not only to
predict accurately but also to quantify the uncertainty associated with every prediction.
Conformal prediction (CP) has emerged as a distribution-free, model agnostic framework
that provides prediction regions for point forecasts with finite-sample validity guarantees
(Vovk et al., 2005). While applying CP to single-target regression is straightforward, many
real-world tasks require multi-target regression (Neeven and Smirnov, 2018). In this setting,
practitioners need a joint prediction region that covers all label dimensions simultaneously
with a prescribed error rate. Maintaining this joint validity while minimising the prediction
region’s volume is a challenging problem.

Various methods have been proposed to apply CP to multi-target regression problems
(Vovk, 2013; Stankevičiūtė et al., 2021; Messoudi et al., 2021, 2022; Schlembach et al.,
2022, 2025; Feldman et al., 2023; Ajroldi et al., 2023; Diquigiovanni et al., 2024), producing
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prediction regions of di�erent shapes. In this article, we focus on CP variants that generate
axis-aligned hyperrectangular prediction regions because (i) they retain the intuitive per-
target interpretation of classic one-dimensional intervals making them explainable and easily
interpretable in human-in-the-loop work
ows, (ii) they provide individual guarantees on
each dimension, and (iii) they integrate seamlessly into tabular decision rules or rule-based
post-processing pipelines.

Current methods that produce hyperrectangular prediction regions do this by combining
multiple conformal predictors, one for each dimension of the label space, and assign all of
them the same targeted error rate. Two approaches exist to determine the common targeted
error rate. The �rst splits the global targeted error rate evenly, applying Bonferroni (Vovk,
2013) or �Sid�ak corrections (Messoudi et al., 2021), which are often overly conservative. The
second exploits the correlation between the output's dimensions (Messoudi et al., 2021;
Timans et al., 2025), which is e�cient when there is a strong positive correlation across
targets. To improve the prediction region's informational e�ciency 1 when there is no or
weak correlation across the output's dimensions, we investigate how to set the targeted error
rate for the individual single-target conformal predictors to minimise the hyperrectangular
prediction region's volume.

Our contributions are fourfold:

ˆ We formulate the choice of the local targeted error rates for the individual single-target
conformal predictors as a global error-budget allocation problem and prove that joint
validity is guaranteed whenever the sum of the local targeted error rates does not
exceed the global targeted error rate.

ˆ Building on this insight, we introduce Dynamic Conformal Prediction for Multi-Target
Regression(DCP-MT), an approach that �nds the budget allocation, which minimises
the hyperrectangle's volume without distributional assumptions using mixed integer
linear programming.

ˆ We provide a theoretical analysis comparing DCP-MT to related state-of-the-art
methods producing hyperrectangular prediction regions.

ˆ Extensive experiments on synthetic and public real-world data sets demonstrate that
DCP-MT improves hyperrectangle volume compared to state-of-the-art methods when
nonconformity scores' correlations across target dimensions are weak and have di�er-
ent marginal distributions, while maintaining the nominal coverage.

The remainder of this article is structured as follows. Section 2 discusses inductive
CP for multi-target regression and highlights the di�culties of extending single-target CP
to multi-target regression. Section 3 surveys existing work on applying CP in the multi-
target regression setting, focussing on methods that produce axis-aligned hyperrectangular
prediction regions. Our method DCP-MT is proposed in Section 4, where we prove its
validity and discuss implementation details. Section 6 reports experimental results, and
Section 7 discusses the �ndings and compares DCP-MT to related methods. Section 8

1. We use the term informational e�ciency as a synonym for the e�ciency of prediction sets, referring
to their size, as introduced by Vovk et al. (2005, p.9). This is done to clearly distinguish informational
e�ciency from computational e�ciency.
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provides the conclusions and future research directions. Additional experimental details are
given in the Appendix.

2. Inductive Conformal Prediction for Multi-Target Regression

In this section, we introduce the general concepts and associated notation used in this
article in two parts. First, Subsection 2.1 recapitulates multi-target regression. Second,
Subsection 2.2 describes inductive conformal prediction (ICP) in generic terms, how it is
applied to single-target regression problems, and then shows how and why extending ICP
to the multi-target setting is non-trivial.

2.1. Multi-Target Regression

Let X � RL be the object space andY � RM the M -dimensional label space. We are
given a sample ofN pairs f (x (n) ; y (n) )gN

n=1 � P X ;Y , drawn from an arbitrary probability

distribution PX ;Y , where each labely (n) = ( y(n)
1 ; : : : ; y(n)

M )> contains M real-valued targets
observed simultaneously with the objectx (n) 2 X . A multi-target regressor is any learning
algorithm that, after training on the sample, returns a �tted model f̂ : X �! Y ; x 7!
f̂ (x) = ŷ . The �tted model f̂ is a point estimator which produces an estimate of the label̂y
for a given object x. We drop the superscript (n) whenever the context is clear and denote
generic observations simply by (x; y ).

2.2. Inductive Conformal Prediction

In the regression setting, inductive conformal prediction (ICP) turns any point estimator
into a set-valued predictor that satis�es a �nite-sample coverage guarantee under two as-
sumptions. First, the examples are exchangeable, and second, the learning algorithm treats
them symmetrically, i.e. the model �tting algorithm produces the same model2 indepen-
dently of the order of the examples in the training set (Barber et al., 2022). We summarise
the generic construction in a way that is agnostic to the output dimensionM . The mecha-
nism is the same whetherY � R or Y � RM .

Given a sampleD = *(x (n) ; y (n) )+N
n=1 of N examples, randomly split it into a proper

training set Dtr = *(x (n) ; y (n) )+N tr
n=1 of sizeN tr and acalibration set Dcal = *(x (n) ; y (n) )+N

n= N tr +1

of size Ncal = N � N tr . Next, �t a model on Dtr and obtain a point predictor f̂ : X !
Y ; x 7! f̂ (x) = ŷ .

A nonconformity measure (NCM) is a measurable function

A : X � Y �! R; (x ; y ) 7! A
�
(x ; y ); f̂

�
; (1)

that assigns asingle scalar to the example (x; y ). The NCM estimates how di�erent any
joint observation (x; y ) is from the examples inDtr (Vovk et al., 2005).

Use an NCM to compute the nonconformity scores� (n) = A
�
(x (n) ; y (n) ); f̂

�
for each

joint observation in the calibration set Dcal. Now let � (1� � ) = Q1� � (f � (n)gN
n= N tr +1 ) be the

2. The model �tting algorithm needs to produce models with the same distribution for randomized algo-
rithms.
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empirical (1� � ) quantile of f � (n)gN
n= N tr +1 . Q1� � denotes the quantile function which returns

the d(1 � � )(Ncal + 1) eth smallest value of the computed nonconformity scores.
Finally, for a new object x (N +1) 2 X , de�ne the prediction region

� � (x (N +1) ) =
n

y 2 Y : A
�
(x (N +1) ; y ); f̂

�
� � (1� � )

o
: (2)

Any � � constructed in such a way is called aninductive conformal predictor. Inductive
conformal predictors are conservatively valid meaning that

P
�
y (N +1) 2 � � (x (N +1) )

�
� 1 � �; (3)

regardless of the distribution of (X ; Y ) and of the form of A (Vovk et al., 2005). We call �
the targeted error rate and say that an error occurs wheny (N +1) =2 � � (x (N +1) ).

For a more in-depth overview of conformal prediction, please refer to (Vovk et al., 2005;
Toccaceli, 2022; Fontana et al., 2023). Angelopoulos and Bates (2022) provide an excellent
hands-on introduction to conformal prediction.

For single-target regression problems, a classic NCM is the absolute residual� (n) =
jŷ(n) � y(n) j. Using absolute residuals as the NCM produces the prediction region

� � (x) =
�
ŷ � � (1� � ) ; ŷ + � (1� � )

�
; (4)

which takes the form of an interval centred around ŷ. When using absolute residuals as
the NCM, the inductive conformal predictor � � assigns all test points intervals of the same
size equal to 2� (1� � ) (Papadopoulos et al., 2002). There exist more complex nonconformity
measures for single-target regression, an example of which are normalized nonconformity
measures (Papadopoulos et al., 2002; Papadopoulos and Haralambous, 2011).

We classify approaches applying conformal prediction to multi-target regression into two
main groups:3 single-test methods andmulti-tests methods. This classi�cation stems from
observing conformal prediction through a hypothesis testing lens (Vovk et al., 2005; Timans
et al., 2025). Given a candidate label�y for an object x, a conformal predictor as de�ned
in (2) tests whether it should be included in the prediction region.

Single-test methods employ an NCMA : X � Y ! R, with Y � RM , which assigns
a single nonconformity score to any pair (x ; y ). The single test for inclusion can then be
performed by comparing the nonconformity score to the threshold� 1� � provided by the
quantile function. A simple example of such an NCM is the Euclidean norm� = kŷ � yk
which leads to a hyperspherical prediction region. Johnstone and Cox (2021); Messoudi
et al. (2022); Dheur et al. (2025) present examples of NCMs producing prediction regions
with more complex shapes. These methods can exploit rich dependence structures but
the prediction regions' complex shapes make them di�cult to interpret and therefore less
attractive in human-in-the-loop scenarios. We mention them here for completeness but
focus on multi-tests methods for the remainder of this article.

Multi-tests methods combine M single-target conformal predictors f � � m
m gM

m=1 , one for
each dimensionm of the label space, into a single �� . These conformal predictors employ
an NCM A : X � R ! R which provides nonconformity scores for the associated dimension.

3. Ajroldi et al. (2023); Diquigiovanni et al. (2024) present a related third approach, building upon functional
data analysis which is not directly applicable to point forecasts.
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The test for inclusion of a candidate label �y is therefore performedM times in parallel.
Timans et al. (2025) provide a rigorous theoretical analysis relating the combination of
multiple conformal predictors for multi-target regression to multiple hypothesis testing.

The prediction region of multi-tests methods is the Cartesian product of the M one-
dimensional intervals constructed by the � � m

m and therefore of hyperrectangular shape.4

Prediction regions constructed in this way have the bene�t that the sides of the hyper-
rectangle are parallel to the axes of the label space. They also provide individual coverage
guarantees for each dimension of the label space. For any labely to be considered inside the
prediction region, all of its componentsf ym gM

m=1 need to be contained within the prediction
interval associated with their dimension m. Hence, we can write validity, as de�ned in (3),
for multi-tests methods as

P
�
y (N +1) 2 � � h (x (N +1) )

�
= P

 
M\

m=1

�
y(N +1)

m 2 � � m
m (x (N +1) )

�
!

� 1 � � h ; (5)

where � � (x (N +1) ) is the hyperrectangular prediction region with a global targeted error rate
� h and � � m

m (x (N +1) ) is the prediction interval for dimension m with a local targeted error
rate � m (Timans et al., 2025). To avoid confusion � h = � denotes the global error rate
moving forward.

The challenge in the design of multi-tests methods lies in the choice of the local targeted
error rates � m . They need to be chosen in such a way, that the method is valid as described
in (5). Next to validity, informational e�ciency is a desired property for conformal pre-
dictors, meaning that the generated prediction region should be non-empty and as small as
possible (Vovk et al., 2005). Exhaustively searching for a valid prediction region of minimal
size is computationally ine�cient because the quantile function each � � m

m uses can return
N + 1 di�erent values, leading to ( N + 1) M combinations that need to be tested (Vovk,
2013). The following section describes a number of methods that have been devised to
reduce this computational cost.

3. Related Work

Vovk (2013) proposes the �rst computationally e�cient multi-tests method called Bonfer-
roni predictors. A Bonferroni predictor assigns the same value� m = � h=M to all local
signi�cance levels. Its name and the choice for� m stem from the Bonferroni family-wise
error rate (FWER) correction method. The validity of Bonferroni predictors is directly
derived from Boole's inequality. While Vovk (2013) introduces the method initially for
transductive conformal predictors, which do not rely on a separate calibration set, it has
subsequently been applied to ICP (Stankevi�ci�ut_e et al., 2021; Schlembach et al., 2022, 2025;
Vovk et al., 2022). These applications show that Bonferroni predictors are generally too
conservative, producing prediction regions that are larger than necessary for the targeted
global error rate � h .

4. It is possible to envision NCMs for single-target conformal predictors that do not lead to prediction
regions that take the form of a single continuous interval. In our experience, they are uncommon in
practice and their discussion is omitted in this article.

5



Schlembach Smirnov Winands

To improve the informational e�ciency of the prediction regions, Messoudi et al. (2021)
try to capture the dependencies across the nonconformity scores' dimensions by �tting cop-
ulas (Sklar, 1959) to them. Messoudi et al. (2021) test three copulas. The independent
copula is equivalent to the �Sid�ak FWER correction and sets � m = 1 � (1 � � h)1=M , assuming
independence between the nonconformity scores. It is less conservative than the Bon-
ferroni predictors but makes independence assumptions about the nonconformity scores'
distributions that are not always met. The use of the Gumbel copula results in setting
� m = 1 � (1 � � h)1= �p M , where � is a parameter in the copula's generator function that
Messoudi et al. (2021) estimate using the matrix of nonconformity scores and the Maximum
Pseudo-Likelihood Estimator. For � = 1 the Gumbel copula is equivalent to the indepen-
dent copula. For larger values of� , it results in an even less conservative FWER correction
that is justi�ed if there is positive correlation between the nonconformity scores of the di-
mensions of the label space. The empirical copula estimates the cumulative distribution
function (CDF) [0 ; 1]M ! [0; 1] which, given the M local targeted error rates � m , can be
used to compute the global targeted error rate� h . Because there is no analytical expression
for the inverse of this CDF, searching for an optimal solution leads to the same computa-
tional cost as described at the end of Subsection 2.2. For this reason Messoudi et al. (2021)
only search the subspace where all� m have the same value, allowing for a simple dichotomic
search.

Timans et al. (2025) proposeMax-Rank, a method that is informationally e�cient when
the nonconformity scores in the dimensions of the label space are positively correlated.
Max-Rank�rst computes the rank for all nonconformity scores f rank(� (n)

m )gN
n= N tr +1 for each

dimensionm in the label space. It then computes the max(f rank(� (n)
m )M

m=1 g) over all dimen-
sions for each element in the calibration set. Finally, applying the quantile function Q1� � h

to the list of max ranks returns the rank r1� � h which is used to compute the local targeted
error rates � m = r1� � h =(Ncal + 1). In practice, the � m do not need to be computed, asr1� � h

can directly be used to determine the empirical (1� � m ) quantile for each dimension.5

The copula conformal predictors and Max-Rank are computationally and information-
ally e�cient, performing as well as Bonferroni predictors in the worst case scenarios. All
methods presented in this section assign the same local targeted error� m to all dimensions.
In situations where the nonconformity scores are weakly correlated across the nonconfor-
mity scores' dimensions and when their marginal distributions di�er, identical � m s will not
produce optimal solutions. To solve this, we propose a new method in the following section.

4. Dynamic Conformal Prediction for Multi-Target Regression
(DCP-MT)

We now presentDynamic Conformal Prediction for Multi-Target Regression (DCP-MT), a
method that can assign di�erent local targeted error rates to di�erent dimensions in order
to minimise the prediction region's volume. A su�cient condition for the validity of any
such method is presented in Theorem 1.

5. For Max-Rankthe distinction between single-test methods and multi-tests methods becomes ambiguous,
as the computed max rank for each element in the calibration set could be interpreted as the noncon-
formity scores, collapsing the method to a single test.
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Theorem 1 Let � h be the global targeted error rate for a multi-tests conformal predictor
and let f � m gM

m=1 be the local error rates associated with each dimension of the label space.
A multi-tests conformal predictor is valid if

� h �
MX

m=1

� m : (6)

Proof The result is derived by applying Boole's inequality to (5)

P
�
y (N +1) 2 � � h (x (N +1) )

�
= 1 � P

 
M[

m=1

�
y(N +1)

m =2 � � m
m (x (N +1) )

�
!

� 1 �
MX

m=1

P
�

y(N +1)
m =2 � � m

m (x (N +1) )
�

= 1 �
MX

m=1

� m

� 1 � � h ; (7)

which can be rewritten as (6).

Equation (6) shows that for a multi-tests method to be valid, it is su�cient that the sum
of the local targeted error rates� m does not exceed the global targeted error rate� h . We can
therefore interpret the global targeted error rate as a global error budget. DCP-MT solves
the problem of optimally allocating the global error budget � h between theM dimensions
of the label space to minimise the volume of the resulting hyperrectangular prediction
region. The volume of the prediction region is given by

Q M
m=1 2Q1� � m (f � (n)

m gN
n= N tr +1 ) where

f � (n)
m gN

n= N tr +1 are all nonconformity scores associated with dimensionm. Minimising this
product with respect to the � m is equivalent to minimising the sum

MX

m=1

ln
�

Q1� � m (f � (n)
m gN

n= N tr +1 )
�

: (8)

To �nd the minimum, DCP-MT orders the nonconformity scores f � (i )
m gN cal

i =1 within each

dimension m using a permutation � m of f 1; : : : ; Ncalg such that � � m (1)
m � � � m (2)

m � � � � �
� � m (N cal )

m . The n-th ordered value � � m (n)
m corresponds to the local targeted error rate� (n)

m =
1 � n

N cal +1 . Let I (n)
m 2 f 0; 1g be a binary variable indicating the choice of� (n)

m as the local
targeted error rate for dimension m. Finding the optimal allocation of the error budget is
then equivalent to minimising the cost function

MX

m=1

N calX

n=1

I (n)
m ln( � � (n)

m ) (9)

under the constraints

� h �
MX

m=1

� m ; (10)
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and
N calX

n=1

I (n)
m = 1 ; 8m 2 f 1; : : : ; M g : (11)

Minimising the cost function (9) directly minimises the volume of the hyperrectangular
prediction region as shown in (8). The transformation of the volume from a product into
a sum is necessary to solve the problem via a standard mixed-integer linear programming
(MILP) solver. Constraint (10) ensures validity while the constraints in (11) ensure that
only one targeted error rate is chosen per dimension.

An MILP formulation �ts this optimisation problem because the choice of local sig-
ni�cance levels � m is equivalent to selecting one quantile from the discrete, �nite set of
nonconformity scores for each dimensionm. These choices are represented by binary in-
dicator variables I (n)

m , which introduce integer constraints into the optimisation. At the
same time, the objective, which consists in minimising the volume of the hyperrectangular
prediction region, can be expressed as a sum of logarithms of the selected quantiles, and
hence, as a linear function over the indicator variables. The MILP formulation enables us
to e�ciently explore this combinatorial space and �nd a globally optimal allocation of the
error budget that respects the validity constraint in Equation (10).

In practice, DCP-MT is used by following the ICP procedure laid out in Section 2.2.
First, a training algorithm �ts the underlying model to the proper training set. Next, the
individual inductive conformal predictors are calibrated on the calibration set, each on the
nonconformity scores of their associated dimension. Finally, during inference, the hyper-
rectangular prediction region is built for each new object by solving the MILP optimisation
problem presented in this section.

5. Comparison

This section discusses the theoretical results, comparing DCP-MT to Bonferroni predictors,
copula conformal predictors, and Max-Rank.

In multi-target conformal prediction, guaranteeing joint coverage across all outputs is
essential, but doing so e�ciently is challenging. Among multi-tests methods, Bonferroni pre-
dictors (Vovk, 2013) provide FWER control by allocating the total signi�cance level equally
among targets, but they are highly conservative, resulting in unnecessarily wide prediction
intervals. More sophisticated methods like copula conformal predictors (Messoudi et al.,
2021; Sun and Yu, 2024) and Max-Rank (Timans et al., 2025) attempt to exploit dependen-
cies between the dimensions' nonconformity scores. Copula-based methods explicitly model
joint distributions, while Max-Rank leverages positive dependence using ranks. These meth-
ods are most e�cient when outputs are strongly positively dependent and assign the same
local signi�cance levels� m to all targets. In the presence of positive dependencies between
the dimensions' nonconformity scores copula conformal predictors and Max-Rank can vi-
olate the constraint (10) imposed by Boole's inequality while still maintaining theoretical
validity guarantees.

DCP-MT o�ers a di�erent approach. While it does not model output dependencies
explicitly, it dynamically adjusts the local signi�cance levels � m subject to constraint (10)
imposed by Boole's inequality to decrease the volume of the predicted region. Therefore,

8
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DCP-MT achieves smaller prediction regions when the dimensions' nonconformity scores
are weakly correlated and have di�erent marginal distributions.

Once the local targeted error rates� m have been determined, all methods select the as-
sociated nonconformity score from the calibration set for each dimension using the quantile
function or the rank in the case of Max-Rank. Therefore, the di�erence in computational
complexity between the methods stems from the way the local targeted error rates� m are
determined. Bonferroni is the simplest method computationally, requiring only a simple
division operation to compute the � m . Max-Rank is a little more complex. First Max-Rank
requires a pass through the calibration set's nonconformity scores to compute the max
rank. Then it applies the quantile function to the results and a single division operation
to compute the � m . Finding the optimal solution for copula conformal predictors using
the empirical copula would be computationally prohibitive due to the lack of an analytical
expression for the CDF's inverse. Therefore, Messoudi et al. (2021) opted to assign all� m

the same value, restricting the search space. Because the empirical copula is monotoni-
cally increasing when the � m are decreasing simultaneously, the largest value for the� m

that satis�es the global targeted error rate can then be determined through a simple search
operation. DCP-MT requires solving a single optimisation problem to distribute the global
error budget e�ciently and set the � m . This is more e�cient than �nding a globally opti-
mal hyperrectangle but remains computationally more complex than Bonferroni predictors,
copula conformal predictors, and Max-Rank.

6. Experiments

In this section, we examine the empirical performance of the DCP-MT method presented in
Section 4 on simulated and real-world data sets and compare it to other multi-tests methods.
For the comparison we chose Bonferroni predictors as a baseline and copula conformal
predictors using the empirical copula as well as Max-Rank as they are the best performing
methods in (Messoudi et al., 2021) and (Timans et al., 2025). The code to reproduce the
experiments is available athttps://github.com/filipschlembach/dcp_mt .

Subsection 6.1 introduces the data sets. This is followed by the description of how the
experiments are conducted and which underlying models we used in Subsection 6.2. We
report the experimental results in Subsection 6.3.

6.1. Data Sets

This section presents the synthetic and real-world data sets used to evaluate DCP-MT and
to compare it to other multi-tests methods.

Synthetic data sets. Inspired by Barber et al. (2022), the synthetic data sets used in
this article have the structure

y = Ax + e (12)

where A is an M � L matrix of randomly generated coe�cients and e is an added noise
term. The data sets di�er in the way the noise is generated.

For the �rst data set L = 5, M = 2, and the noise term e � [U(� 1; 1); � 2
2]> is made up of

two components that are sampled independently from a uniform and a Chi-squared distri-
bution. This simulates a situation where the nonconformity scores are not correlated across
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Table 1: Overview over the used real-world data sets.N is the number of examples in the
data set, L = dim( X ), and M = dim( Y ).

Name N examples L M

diabetes (Efron et al., 2004) 442 9 2
music origin (Zhou et al., 2014) 1059 68 2
rf1 (Tsoumakas et al., 2011) 9125 64 8
rf2 (Tsoumakas et al., 2011) 9125 576 8
scm1d (Tsoumakas et al., 2011) 9803 280 16
scm20d (Tsoumakas et al., 2011) 8966 61 16

the nonconformity scores' dimensions and when their marginal distributions di�er. For the
second, third, and fourth data set, L = 5, M = 2, and the noise term e � N ([0; 0]> ; � )
is sampled from a two-dimensional multivariate normal distribution, where � is a 2 � 2
matrix with values equalling 1 on the main diagonal and� otherwise. Setting � to � 0:5, 0,
0:5, and 1 for the data sets respectively controls the correlation between the noise term's
dimensions. We chose varying correlation to highlight the di�erence between DCP-MT,
copula conformal predictors and Max-Rank, as copula conformal predictors and Max-Rank
are expected to perform well for higher values of� . For each data set, we generate a sample
containing 1000 examples.

Real-world data sets. In addition to the experiments on synthetic data sets, we also
apply DCP-MT and the methods presented in Section 3 to six real-world data sets shown
in Table 1. For the diabetes data set we have chosen to predict features 3 and 4 as they are
weakly correlated. Music origin (Zhou et al., 2014), rf1, rf2, scm1d, and scm20d (Tsoumakas
et al., 2011) are taken from Messoudi et al. (2021) and Timans et al. (2025) tested Max-Rank
on rf1, and scm1d.

6.2. Experimental Setup

The experiments use a 5-fold cross-validation scheme. The proper training setDtr and
calibration set Dcal contain 67% and 33% of the examples in the training folds, respectively.
As described in Subsection 2.2 we �t an underlying model to the proper training set and
calibrate the conformal predictors on the calibration set. The test fold serves to evaluate
the model and the conformal prediction methods. Matching the data generating process,
we use scikit-learn's (Pedregosa et al., 2011) linear regressor as the underlying model for
the synthetic data sets. For the diabetes (Efron et al., 2004) data set we employ XGBoost
regressors as the underlying model which o�er good performance at low computational
cost. To maintain comparability, we preprocess the music origin (Zhou et al., 2014), rf1,
rf2, scm1d, and scm20d (Tsoumakas et al., 2011) data sets following Messoudi et al. (2021).
We also follow the lead of Messoudi et al. (2020) for the underlying model, using a neural
network and replicating their architecture. All experiments are repeated 20 times.
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6.3. Experimental Results

Table 2: Multi-tests methods' mean error rates and standard deviations for the synthetic
data set with e � [U(� 1; 1); � 2

2]> . Underlined values indicate instances for which
the measured error rate exceeds the targeted error rate while bold values indicate
that the method produced the smallest prediction region.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.049 ± 0.006 0.052 ± 0.005 0.051 ± 0.006 0.057 ± 0.007
0.10 0.098 ± 0.008 0.104 ± 0.008 0.101 ± 0.009 0.104 ± 0.007
0.15 0.140 ± 0.007 0.154 ± 0.010 0.148 ± 0.009 0.151 ± 0.010
0.20 0.188 ± 0.009 0.207 ± 0.011 0.197 ± 0.010 0.203 ± 0.011
0.25 0.235 ± 0.013 0.253 ± 0.014 0.250 ± 0.012 0.253 ± 0.012
0.30 0.276 ± 0.010 0.304 ± 0.013 0.301 ± 0.013 0.303 ± 0.013
0.35 0.322 ± 0.013 0.349 ± 0.014 0.351 ± 0.012 0.353 ± 0.012
0.40 0.365 ± 0.013 0.404 ± 0.014 0.399 ± 0.015 0.404 ± 0.016
0.45 0.401 ± 0.015 0.455 ± 0.014 0.448 ± 0.016 0.453 ± 0.016
0.50 0.445 ± 0.014 0.502 ± 0.012 0.500 ± 0.016 0.502 ± 0.015
0.55 0.478 ± 0.015 0.550 ± 0.011 0.552 ± 0.014 0.554 ± 0.014
0.60 0.515 ± 0.011 0.602 ± 0.011 0.602 ± 0.014 0.607 ± 0.015
0.65 0.551 ± 0.013 0.649 ± 0.011 0.652 ± 0.013 0.656 ± 0.013
0.70 0.580 ± 0.013 0.700 ± 0.009 0.702 ± 0.013 0.706 ± 0.012
0.75 0.612 ± 0.011 0.750 ± 0.011 0.751 ± 0.010 0.750 ± 0.010
0.80 0.643 ± 0.009 0.803 ± 0.009 0.799 ± 0.010 0.802 ± 0.010
0.85 0.671 ± 0.011 0.847 ± 0.009 0.849 ± 0.009 0.852 ± 0.010
0.90 0.701 ± 0.010 0.895 ± 0.009 0.898 ± 0.010 0.902 ± 0.009
0.95 0.722 ± 0.009 0.942 ± 0.009 0.949 ± 0.009 0.950 ± 0.008

Table 3: Multi-tests methods' mean hyperrectangle volumes for the synthetic data set with
e � [U(� 1; 1); � 2

2]> . Bold values indicate that the method produced the smallest
prediction region while underlined values highlight instances for which the mea-
sured error rate exceeds the targeted error rate.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.374 ± 0.013 0.323 ± 0.011 0.369 ± 0.013 0.354 ± 0.011
0.10 0.283 ± 0.010 0.234 ± 0.007 0.280 ± 0.011 0.276 ± 0.011
0.15 0.233 ± 0.007 0.194 ± 0.005 0.226 ± 0.007 0.223 ± 0.007
0.20 0.199 ± 0.006 0.163 ± 0.005 0.194 ± 0.006 0.190 ± 0.006
0.25 0.175 ± 0.005 0.142 ± 0.004 0.169 ± 0.004 0.167 ± 0.004
0.30 0.159 ± 0.004 0.124 ± 0.004 0.149 ± 0.004 0.148 ± 0.004
0.35 0.141 ± 0.004 0.109 ± 0.004 0.131 ± 0.004 0.130 ± 0.004
0.40 0.126 ± 0.004 0.094 ± 0.004 0.115 ± 0.004 0.114 ± 0.004
0.45 0.114 ± 0.004 0.080 ± 0.003 0.102 ± 0.004 0.101 ± 0.004
0.50 0.103 ± 0.003 0.069 ± 0.003 0.089 ± 0.003 0.088 ± 0.003
0.55 0.094 ± 0.003 0.060 ± 0.002 0.077 ± 0.003 0.076 ± 0.003
0.60 0.085 ± 0.003 0.051 ± 0.002 0.065 ± 0.003 0.064 ± 0.003
0.65 0.077 ± 0.003 0.043 ± 0.002 0.054 ± 0.003 0.053 ± 0.003
0.70 0.070 ± 0.003 0.036 ± 0.001 0.044 ± 0.002 0.043 ± 0.002
0.75 0.063 ± 0.003 0.030 ± 0.001 0.034 ± 0.002 0.034 ± 0.002
0.80 0.056 ± 0.002 0.024 ± 0.001 0.025 ± 0.002 0.025 ± 0.002
0.85 0.050 ± 0.002 0.018 ± 0.001 0.017 ± 0.001 0.017 ± 0.001
0.90 0.044 ± 0.002 0.013 ± 0.001 0.011 ± 0.001 0.011 ± 0.001
0.95 0.040 ± 0.002 0.007 ± 0.001 0.006 ± 0.001 0.005 ± 0.001

In this section, we �rst present the results for the synthetic data set with e � [U(� 1; 1); � 2
2]>

in detail, as it highlights the situation for which DCP-MT was designed. We then provide a
summary of the results for all synthetic and real-world data sets. Appendix A contains the
full suite of experimental results. We evaluate the tested methods by measuring the error
rate and the volume of the prediction region for di�erent global targeted error rates � h .
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(a) Error rates (b) Volumes

Figure 1: Multi-tests methods' mean error rates and volumes for the synthetic data set with
e � [U(� 1; 1); � 2

2]> over 20 repetitions.

(a) Residuals (b) Residual correlation matrix

Figure 2: Underlying model's absolute residuals and their correlation for the synthetic data
set with e � [U(� 1; 1); � 2

2]> .
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(a) Bonferroni (b) DCP-MT

(c) Empirical Copula (d) Max-Rank

Figure 3: Multi-tests methods' partition of the residual space for the synthetic data set
with e � [U(� 1; 1); � 2

2]> averaged over 20 repetitions.
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Table 4: Error rates across all experiments for� h = 0 :05. Bold values indicate that the
method produced the smallest prediction region while underlined values highlight
instances for which the measured error rate� 0:05.

Data Set Bonferroni DCP-MT Empirical Copula Max-Rank

synt, e � [U ( � 1; 1) ; � 2
2 ]> 0.049 ± 0.006 0.052 ± 0.005 0.051 ± 0.006 0.057 ± 0.007

synt, e � N ( 0 ; � ), � = 0 0.045 ± 0.006 0.054 ± 0.008 0.045 ± 0.006 0.051 ± 0.008
synt, e � N ( 0 ; � ), � = 0 :5 0.043 ± 0.004 0.052 ± 0.005 0.048 ± 0.004 0.051 ± 0.005
synt, e � N ( 0 ; � ), � = 1 0.023 ± 0.005 0.035 ± 0.005 0.049 ± 0.006 0.049 ± 0.006
synt, e � N ( 0 ; � ), � = � 0:5 0.043 ± 0.004 0.054 ± 0.006 0.045 ± 0.005 0.051 ± 0.006
diabetes 0.035 ± 0.011 0.049 ± 0.013 0.038 ± 0.012 0.050 ± 0.013
music origin 0.042 ± 0.007 0.047 ± 0.008 0.048 ± 0.006 0.051 ± 0.007
rf1 0.037 ± 0.002 0.037 ± 0.002 0.049 ± 0.003 0.051 ± 0.002
rf2 0.037 ± 0.002 0.036 ± 0.002 0.048 ± 0.002 0.050 ± 0.002
scm1d 0.021 ± 0.001 0.026 ± 0.001 0.050 ± 0.002 0.052 ± 0.002
scm20d 0.021 ± 0.002 0.027 ± 0.002 0.049 ± 0.002 0.051 ± 0.002

Table 2 and Figure 1(a) show the measured error rate while Table 3 and Figure 1(b)
present the prediction region's volume for the synthetic data set with e � [U(� 1; 1); � 2

2]> .
For this data set, DCP-MT produces the smallest prediction regions for� h � 0:8 while Max-
Rank narrowly takes the lead for � h � 0:85. Figure 2(a) shows that the underlying model's
residuals follow the distribution of the noise term e and their lack of correlation is displayed
in Figure 2(b). Finally, Figure 3 shows how the various methods partition the residual space.
Becausey 2 R2, the rectangular prediction region is the Cartesian product of two prediction
intervals. These intervals are produced by two conformal predictors �� m

m , one for each
dimension ofy. As shown in Equation (4), these � � m

m utilise � m;(1� � m ) , the 1� � m quantile of
the residuals of dimensionm. For each tested global signi�cance level� h , Figure 3 contains a
rectangle with vertices (0; 0); (� 1;(1� � 1 ) ; 0); (0; � 2;(1� � 2 ) ) and (� 1;(1� � 1 ) ; � 2;(1� � 2 ) ). Unfolding
such a rectangle along one axis and unfolding the result along the second axis gives the shape
of the prediction region for a chosen global targeted error rate� h . This representation
visualises the di�erent behaviours of the tested methods. Bonferroni predictors produce
prediction regions that progressively grow in both dimensions when the global targeted
error rate � h decreases, assigning equal and decreasing local targeted error rates� m to
each dimension. Copula Conformal Predictors and Max-Rank display a similar behaviour
but assign larger local targeted error rates than Bonferroni predictors, leading to smaller
prediction regions. DCP-MT follows a di�erent strategy, assigning a small portion of its
total error budget to the �rst dimension, leading to a large interval which only changes
minimally, while increasing the interval in the second dimension when the global targeted
error rate � h decreases.

Tables 4 and 5 compare the tested method's measured error rates and prediction region
volumes for all synthetic and real-world data sets at� h = 0 :05, providing a broader overview
over tested methods' performance. DCP-MT produces the smallest prediction regions when
the residuals' dimensions are weakly correlated. This is especially true for small values of� h ,
as can be seen in Tables 7, 13, 15, and 17, where Max-Rank is generally more informationally
e�cient for larger � h . Max-Rank also produces smaller hyperrectangles when the residuals'
dimensions are strongly correlated such as for the synthetic data set withe � N ([0; 0]> ; � )
and � = 1.

Appendix A contains the detailed experimental results for all data sets. This includes
the measured error rates and prediction region volumes for di�erent� h and the residual
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Table 5: Hyperrectangle volumes across all experiments for� h = 0 :05. Bold values indicate
that the method produced the smallest prediction region while underlined values
highlight instances for which the measured error rate� 0:05.

Data Set Bonferroni DCP-MT Empirical Copula Max-Rank

synt, e � [U ( � 1; 1) ; � 2
2 ]> 0.374 ± 0.013 0.323 ± 0.011 0.369 ± 0.013 0.354 ± 0.011

synt, e � N ( 0 ; � ), � = 0 6.644 ± 0.246 6.312 ± 0.205 6.628 ± 0.232 6.347 ± 0.201
synt, e � N ( 0 ; � ), � = 0 :5 4.390 ± 0.126 4.124 ± 0.114 4.263 ± 0.122 4.159 ± 0.105
synt, e � N ( 0 ; � ), � = 1 5.928 ± 0.305 5.682 ± 0.281 4.552 ± 0.221 4.552 ± 0.221
synt, e � N ( 0 ; � ), � = � 0:5 6.068 ± 0.230 5.621 ± 0.150 5.962 ± 0.239 5.720 ± 0.230
diabetes 7.919 ± 0.943 6.604 ± 0.752 7.627 ± 0.923 6.498 ± 0.784
music origin 24.417 ± 2.147 22.860 ± 1.602 23.433 ± 1.969 23.237 ± 2.002
rf1 172.734 ± 81.099 32.901 ± 14.016 38.125 ± 18.702 32.341 ± 15.305
rf2 87.792 ± 46.649 14.946 ± 8.429 19.484 ± 12.388 16.539 ± 10.866
scm1d 11.387E9 ± 5.455E9 3.753E9 ± 1.420E9 41.820E6 ± 11.540E6 32.774E6 ± 8.828E6
scm20d 108.772E9 ± 36.307E9 35.955E9 ± 11.015E9 1.172E9 ± 0.345E9 0.942E9 ± 0.301E9

correlation matrix. For data sets with a two-dimensional label space it also provides a plot
of the residuals and plots of the methods' partition of the residual space for di�erent � h .

7. Discussion

This section discusses the empirical results, comparing DCP-MT to Bonferroni predictors,
copula conformal predictors, and Max-Rank.

The theoretical di�erences discussed in Section 5 are con�rmed by the experimental
results shown in Section 6.3. DCP-MT produces smaller prediction regions than copula
conformal predictors and Max-Rank for data sets whose nonconformity scores are weakly
correlated across their dimensions and/or have di�ering marginal distributions. In the case
of strong positive correlation between the dimensions' nonconformity scores Max-Rank ex-
cels as expected given the method's design. These results agree with the experimental
results of Timans et al. (2025), reporting that Max-Rank is most e�cient in the presence of
strong positive correlation and will behave similarly to Bonferroni predictors in the absence
of correlation. The behaviour of copula conformal predictors using the empirical copula
generally resembles the one of Max-Rank while producing hyperrectangles that are slightly
larger. Bonferroni conformal predictors are not competitive, producing the largest pre-
diction regions. In some instances DCP-MT, copula conformal predictors, and Max-Rank
produce errors with a frequency slightly above the targeted error rate which is consistent
with the results in Messoudi et al. (2021). This can not be observed for Bonferroni conformal
predictors.

Because of the di�erent approaches the discussed methods take, we recommend to choose
a method based on the characteristics of the nonconformity scores a user encounters. De-
pending on the data set's size and the number of dimensions of the label space, the compu-
tational complexity might be another factor the user should consider. Appendix B contains
a preliminary theoretical analysis of the discussed methods' computational complexity as
well as the wall time measured for the experiments presented in Section 6.3.
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8. Conclusion and Future Research

In this article, we present DCP-MT, a novel approach to determine the local targeted error
rates of multiple single-target inductive conformal predictors when combining them to form
a hyperrectangular prediction region. DCP-MT minimises the hyperrectangle's volume by
dynamically allocating a global error budget between the local targeted error rates using
integer linear programming. The theoretical analysis of DCP-MT proves its validity under
exchangeability of the examples in the data set and a symmetric training algorithm for the
underlying model.

The experimental results on four synthetic and six public real-world data sets serve
to validate DCP-MT's theoretical properties and provide insights into the method's be-
haviour. We compare DCP-MT to Bonferroni predictors, copula conformal predictors and
Max-Rank. The results show that DCP-MT excels when the nonconformity scores are
weakly correlated across the dimensions of the label space and when the distributions of
the nonconformity scores di�er between dimensions. In these situations, assigning the same
local targeted error rate to all their single-target inductive conformal predictors limits the
informational e�ciency of the related methods. Plots that show the partition of the residual
space for di�erent global targeted error rates visualise the di�erences in the tested methods'
behaviours.

For future research, we would like to investigate the interactions of DCP-MT with input
dependent nonconformity metrics such as utilised by Messoudi et al. (2021) and compare it
to the method proposed by Cleaveland et al. (2024). It would also be interesting to extend
the approach of optimising the prediction region's volume to other methods like copula
conformal predictors. Finally, we believe that for multi-target regression applications with
high-dimensional label spaces and very large calibration sets, DCP-MT might bene�t from
additional computational optimisation, such as using a minibatch approach.
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Appendix A. Additional Experimental Results

This Section contains the additional experimental results. Each subsection corresponds to
one of the data sets from Section 6.1. In the tables, underlined values indicate instances
for which the measured error rate exceeds the targeted error rate while bold values indicate
that the method produced the smallest prediction region.

A.1. Synthetic, Multivariate Normal Error, � = 0

Additional results for the synthetic data set with e � N (0; � ), � = 0

Table 6: Multi-tests methods' mean error rates and standard deviations for the synthetic
data set with e � N (0; � ), and � = 0.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.045 ± 0.006 0.054 ± 0.008 0.045 ± 0.006 0.051 ± 0.008
0.10 0.093 ± 0.006 0.109 ± 0.007 0.094 ± 0.006 0.096 ± 0.008
0.15 0.136 ± 0.007 0.159 ± 0.010 0.144 ± 0.009 0.147 ± 0.009
0.20 0.181 ± 0.008 0.208 ± 0.011 0.191 ± 0.010 0.197 ± 0.010
0.25 0.230 ± 0.009 0.251 ± 0.012 0.244 ± 0.012 0.248 ± 0.012
0.30 0.272 ± 0.013 0.297 ± 0.014 0.295 ± 0.013 0.298 ± 0.013
0.35 0.320 ± 0.012 0.339 ± 0.009 0.348 ± 0.012 0.350 ± 0.011
0.40 0.367 ± 0.012 0.387 ± 0.011 0.396 ± 0.013 0.401 ± 0.013
0.45 0.402 ± 0.011 0.426 ± 0.014 0.444 ± 0.014 0.450 ± 0.013
0.50 0.444 ± 0.012 0.463 ± 0.015 0.498 ± 0.017 0.499 ± 0.017
0.55 0.477 ± 0.014 0.503 ± 0.013 0.551 ± 0.015 0.552 ± 0.014
0.60 0.516 ± 0.014 0.549 ± 0.016 0.599 ± 0.015 0.604 ± 0.015
0.65 0.552 ± 0.012 0.588 ± 0.018 0.647 ± 0.014 0.653 ± 0.014
0.70 0.582 ± 0.014 0.633 ± 0.017 0.697 ± 0.009 0.701 ± 0.010
0.75 0.613 ± 0.013 0.692 ± 0.018 0.753 ± 0.012 0.753 ± 0.011
0.80 0.648 ± 0.013 0.761 ± 0.026 0.802 ± 0.010 0.805 ± 0.009
0.85 0.673 ± 0.011 0.835 ± 0.016 0.851 ± 0.009 0.854 ± 0.010
0.90 0.703 ± 0.011 0.897 ± 0.013 0.900 ± 0.008 0.903 ± 0.007
0.95 0.728 ± 0.010 0.950 ± 0.007 0.948 ± 0.008 0.950 ± 0.008

Table 7: Multi-tests methods' mean hyperrectangle volumes for the synthetic data set with
e � N (0; � ), and � = 0.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 6.644 ± 0.246 6.312 ± 0.205 6.628 ± 0.232 6.347 ± 0.201
0.10 5.182 ± 0.115 4.966 ± 0.115 5.171 ± 0.114 5.127 ± 0.138
0.15 4.364 ± 0.107 4.073 ± 0.102 4.238 ± 0.130 4.174 ± 0.117
0.20 3.623 ± 0.085 3.378 ± 0.078 3.482 ± 0.121 3.391 ± 0.113
0.25 3.005 ± 0.079 2.897 ± 0.075 2.872 ± 0.083 2.837 ± 0.084
0.30 2.636 ± 0.077 2.520 ± 0.057 2.478 ± 0.072 2.457 ± 0.073
0.35 2.310 ± 0.063 2.216 ± 0.056 2.138 ± 0.063 2.125 ± 0.061
0.40 2.023 ± 0.058 1.942 ± 0.055 1.853 ± 0.066 1.824 ± 0.064
0.45 1.818 ± 0.053 1.733 ± 0.051 1.610 ± 0.067 1.583 ± 0.063
0.50 1.616 ± 0.052 1.551 ± 0.048 1.381 ± 0.060 1.377 ± 0.059
0.55 1.466 ± 0.049 1.396 ± 0.042 1.180 ± 0.051 1.176 ± 0.051
0.60 1.308 ± 0.045 1.241 ± 0.043 1.024 ± 0.046 1.010 ± 0.045
0.65 1.173 ± 0.041 1.121 ± 0.037 0.883 ± 0.035 0.869 ± 0.036
0.70 1.077 ± 0.036 1.010 ± 0.034 0.751 ± 0.026 0.741 ± 0.026
0.75 0.980 ± 0.031 0.897 ± 0.030 0.610 ± 0.026 0.610 ± 0.024
0.80 0.885 ± 0.029 0.763 ± 0.027 0.484 ± 0.020 0.475 ± 0.019
0.85 0.816 ± 0.028 0.618 ± 0.027 0.354 ± 0.016 0.348 ± 0.017
0.90 0.736 ± 0.026 0.451 ± 0.024 0.228 ± 0.011 0.222 ± 0.011
0.95 0.674 ± 0.023 0.249 ± 0.023 0.116 ± 0.013 0.112 ± 0.013
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Dynamic Conformal Prediction for Multi-Target Regression

(a) Error Rate (b) Volume

Figure 4: Multi-tests methods' mean error rates and volumes for the synthetic data set with
e � N (0; � ), and � = 0.

(a) Residuals (b) Residual correlation matrix

Figure 5: Underlying model's absolute residuals and their correlation for the synthetic data
set with e � N (0; � ), and � = 0.
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(a) Bonferroni (b) DCP-MT

(c) Empirical Copula (d) Max-Rank

Figure 6: Multi-tests methods' partition of the residual space for the synthetic data set
with e � N (0; � ), and � = 0 averaged over 20 repetitions.
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Dynamic Conformal Prediction for Multi-Target Regression

A.2. Synthetic, Multivariate Normal Error, � = 0 :5

Additional results for the synthetic data set with e � N (0; � ), � = 0 :5

Table 8: Multi-tests methods' mean error rates and standard deviations for the synthetic
data set with e � N (0; � ), and � = 0 :5.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.043 ± 0.004 0.052 ± 0.005 0.048 ± 0.004 0.051 ± 0.005
0.10 0.091 ± 0.007 0.099 ± 0.007 0.097 ± 0.007 0.100 ± 0.008
0.15 0.130 ± 0.007 0.150 ± 0.009 0.145 ± 0.006 0.148 ± 0.007
0.20 0.178 ± 0.007 0.197 ± 0.010 0.194 ± 0.009 0.199 ± 0.008
0.25 0.218 ± 0.007 0.240 ± 0.008 0.250 ± 0.008 0.252 ± 0.008
0.30 0.257 ± 0.008 0.278 ± 0.009 0.298 ± 0.009 0.300 ± 0.009
0.35 0.298 ± 0.008 0.325 ± 0.015 0.348 ± 0.011 0.349 ± 0.011
0.40 0.342 ± 0.010 0.368 ± 0.012 0.397 ± 0.011 0.403 ± 0.011
0.45 0.378 ± 0.011 0.409 ± 0.012 0.449 ± 0.010 0.453 ± 0.011
0.50 0.418 ± 0.010 0.443 ± 0.011 0.501 ± 0.012 0.502 ± 0.011
0.55 0.454 ± 0.008 0.481 ± 0.015 0.548 ± 0.011 0.549 ± 0.012
0.60 0.490 ± 0.009 0.525 ± 0.016 0.593 ± 0.014 0.598 ± 0.014
0.65 0.525 ± 0.010 0.568 ± 0.015 0.645 ± 0.012 0.650 ± 0.012
0.70 0.552 ± 0.013 0.630 ± 0.017 0.694 ± 0.012 0.699 ± 0.012
0.75 0.585 ± 0.013 0.715 ± 0.022 0.747 ± 0.013 0.746 ± 0.013
0.80 0.617 ± 0.010 0.784 ± 0.017 0.796 ± 0.010 0.799 ± 0.010
0.85 0.647 ± 0.010 0.845 ± 0.016 0.844 ± 0.009 0.848 ± 0.007
0.90 0.678 ± 0.009 0.896 ± 0.012 0.895 ± 0.008 0.897 ± 0.008
0.95 0.703 ± 0.010 0.944 ± 0.008 0.944 ± 0.006 0.946 ± 0.005

Table 9: Multi-tests methods' mean hyperrectangle volumes for the synthetic data set with
e � N (0; � ), and � = 0 :5.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 4.390 ± 0.126 4.124 ± 0.114 4.263 ± 0.122 4.159 ± 0.105
0.10 3.419 ± 0.088 3.313 ± 0.080 3.338 ± 0.082 3.296 ± 0.079
0.15 2.919 ± 0.073 2.770 ± 0.071 2.763 ± 0.058 2.729 ± 0.066
0.20 2.468 ± 0.062 2.353 ± 0.048 2.323 ± 0.057 2.280 ± 0.053
0.25 2.134 ± 0.045 2.053 ± 0.036 1.946 ± 0.044 1.933 ± 0.040
0.30 1.905 ± 0.039 1.818 ± 0.033 1.690 ± 0.037 1.681 ± 0.038
0.35 1.687 ± 0.031 1.619 ± 0.034 1.477 ± 0.040 1.471 ± 0.036
0.40 1.501 ± 0.032 1.434 ± 0.032 1.302 ± 0.034 1.281 ± 0.033
0.45 1.368 ± 0.031 1.279 ± 0.031 1.127 ± 0.035 1.110 ± 0.037
0.50 1.228 ± 0.028 1.143 ± 0.029 0.954 ± 0.036 0.950 ± 0.034
0.55 1.113 ± 0.028 1.030 ± 0.027 0.813 ± 0.026 0.810 ± 0.027
0.60 0.990 ± 0.026 0.915 ± 0.023 0.703 ± 0.022 0.693 ± 0.021
0.65 0.879 ± 0.025 0.824 ± 0.021 0.597 ± 0.022 0.588 ± 0.022
0.70 0.801 ± 0.024 0.731 ± 0.016 0.505 ± 0.022 0.497 ± 0.023
0.75 0.721 ± 0.020 0.626 ± 0.015 0.413 ± 0.021 0.413 ± 0.021
0.80 0.651 ± 0.017 0.495 ± 0.017 0.325 ± 0.017 0.319 ± 0.017
0.85 0.594 ± 0.020 0.377 ± 0.014 0.241 ± 0.016 0.235 ± 0.015
0.90 0.534 ± 0.018 0.256 ± 0.015 0.156 ± 0.010 0.152 ± 0.010
0.95 0.488 ± 0.017 0.137 ± 0.013 0.074 ± 0.006 0.071 ± 0.006
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(a) Error Rate (b) Volume

Figure 7: Multi-tests methods' mean error rates and volumes for the synthetic data set with
e � N (0; � ), and � = 0 :5.

(a) Residuals (b) Residual correlation matrix

Figure 8: Underlying model's absolute residuals and their correlation for the synthetic data
set with e � N (0; � ), and � = 0 :5.
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Dynamic Conformal Prediction for Multi-Target Regression

(a) Bonferroni (b) DCP-MT

(c) Empirical Copula (d) Max-Rank

Figure 9: Multi-tests methods' partition of the residual space for the synthetic data set
with e � N (0; � ), and � = 0 :5 averaged over 20 repetitions.
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A.3. Synthetic, Multivariate Normal Error, � = 1

Additional results for the synthetic data set with e � N (0; � ), � = 1.

Table 10: Multi-tests methods' mean error rates and standard deviations for the synthetic
data set with e � N (0; � ), and � = 1.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.023 ± 0.005 0.035 ± 0.005 0.049 ± 0.006 0.049 ± 0.006
0.10 0.049 ± 0.006 0.063 ± 0.007 0.097 ± 0.008 0.097 ± 0.008
0.15 0.071 ± 0.006 0.098 ± 0.010 0.148 ± 0.009 0.148 ± 0.009
0.20 0.097 ± 0.008 0.131 ± 0.010 0.200 ± 0.008 0.203 ± 0.009
0.25 0.125 ± 0.008 0.154 ± 0.011 0.254 ± 0.009 0.254 ± 0.009
0.30 0.148 ± 0.009 0.189 ± 0.015 0.303 ± 0.010 0.303 ± 0.010
0.35 0.174 ± 0.009 0.225 ± 0.021 0.354 ± 0.011 0.354 ± 0.011
0.40 0.203 ± 0.009 0.259 ± 0.020 0.401 ± 0.013 0.404 ± 0.013
0.45 0.225 ± 0.009 0.287 ± 0.013 0.448 ± 0.014 0.453 ± 0.014
0.50 0.254 ± 0.009 0.311 ± 0.018 0.504 ± 0.009 0.504 ± 0.009
0.55 0.276 ± 0.010 0.331 ± 0.019 0.552 ± 0.011 0.552 ± 0.011
0.60 0.303 ± 0.010 0.376 ± 0.035 0.599 ± 0.016 0.603 ± 0.016
0.65 0.330 ± 0.011 0.428 ± 0.046 0.648 ± 0.015 0.652 ± 0.015
0.70 0.354 ± 0.011 0.496 ± 0.044 0.695 ± 0.014 0.698 ± 0.014
0.75 0.380 ± 0.011 0.603 ± 0.048 0.750 ± 0.013 0.750 ± 0.013
0.80 0.404 ± 0.013 0.748 ± 0.042 0.801 ± 0.011 0.805 ± 0.011
0.85 0.426 ± 0.014 0.829 ± 0.021 0.849 ± 0.010 0.853 ± 0.009
0.90 0.453 ± 0.014 0.891 ± 0.009 0.900 ± 0.009 0.905 ± 0.009
0.95 0.478 ± 0.013 0.944 ± 0.009 0.947 ± 0.008 0.950 ± 0.008

Table 11: Multi-tests methods' mean hyperrectangle volumes for the synthetic data set with
e � N (0; � ), and � = 1.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 5.928 ± 0.305 5.682 ± 0.281 4.552 ± 0.221 4.552 ± 0.221
0.10 4.552 ± 0.221 4.445 ± 0.189 3.245 ± 0.149 3.245 ± 0.149
0.15 3.852 ± 0.146 3.703 ± 0.152 2.430 ± 0.100 2.430 ± 0.100
0.20 3.245 ± 0.149 3.100 ± 0.131 1.913 ± 0.065 1.886 ± 0.064
0.25 2.741 ± 0.118 2.678 ± 0.108 1.494 ± 0.066 1.494 ± 0.066
0.30 2.430 ± 0.100 2.342 ± 0.093 1.188 ± 0.045 1.188 ± 0.045
0.35 2.136 ± 0.084 2.068 ± 0.077 0.983 ± 0.039 0.983 ± 0.039
0.40 1.886 ± 0.064 1.814 ± 0.068 0.817 ± 0.037 0.805 ± 0.034
0.45 1.706 ± 0.067 1.609 ± 0.057 0.669 ± 0.032 0.655 ± 0.032
0.50 1.494 ± 0.066 1.433 ± 0.052 0.522 ± 0.023 0.522 ± 0.023
0.55 1.332 ± 0.059 1.284 ± 0.048 0.410 ± 0.019 0.410 ± 0.019
0.60 1.188 ± 0.045 1.143 ± 0.043 0.324 ± 0.022 0.318 ± 0.022
0.65 1.069 ± 0.039 1.031 ± 0.038 0.247 ± 0.018 0.241 ± 0.018
0.70 0.983 ± 0.039 0.926 ± 0.037 0.182 ± 0.015 0.178 ± 0.015
0.75 0.890 ± 0.036 0.814 ± 0.036 0.118 ± 0.013 0.118 ± 0.013
0.80 0.805 ± 0.034 0.666 ± 0.036 0.071 ± 0.009 0.068 ± 0.009
0.85 0.739 ± 0.033 0.500 ± 0.031 0.037 ± 0.005 0.035 ± 0.004
0.90 0.655 ± 0.032 0.343 ± 0.024 0.017 ± 0.002 0.015 ± 0.002
0.95 0.585 ± 0.028 0.186 ± 0.020 0.005 ± 0.001 0.004 ± 0.001
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(a) Error Rate (b) Volume

Figure 10: Multi-tests methods' mean error rates and volumes for the synthetic data set
with e � N (0; � ), and � = 1.

(a) Residuals (b) Residual correlation matrix

Figure 11: Underlying model's absolute residuals and their correlation for the synthetic
data set with e � N (0; � ), and � = 1.
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(a) Bonferroni (b) DCP-MT

(c) Empirical Copula (d) Max-Rank

Figure 12: Multi-tests methods' partition of the residual space for the synthetic data set
with e � N (0; � ), and � = 1 averaged over 20 repetitions.
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Dynamic Conformal Prediction for Multi-Target Regression

A.4. Synthetic, Multivariate Normal Error, � = � 0:5

Additional results for the synthetic data set with e � N (0; � ), � = � 0:5

Table 12: Multi-tests methods' mean error rates and standard deviations for the synthetic
data set with e � N (0; � ), and � = � 0:5.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 0.043 ± 0.004 0.054 ± 0.006 0.045 ± 0.005 0.051 ± 0.006
0.10 0.090 ± 0.007 0.103 ± 0.011 0.093 ± 0.008 0.097 ± 0.008
0.15 0.131 ± 0.007 0.150 ± 0.011 0.145 ± 0.010 0.148 ± 0.009
0.20 0.178 ± 0.010 0.198 ± 0.010 0.195 ± 0.011 0.201 ± 0.011
0.25 0.224 ± 0.009 0.241 ± 0.010 0.250 ± 0.010 0.253 ± 0.011
0.30 0.262 ± 0.011 0.282 ± 0.015 0.301 ± 0.012 0.303 ± 0.012
0.35 0.301 ± 0.013 0.328 ± 0.018 0.350 ± 0.013 0.353 ± 0.014
0.40 0.343 ± 0.014 0.371 ± 0.018 0.402 ± 0.014 0.407 ± 0.014
0.45 0.378 ± 0.015 0.408 ± 0.017 0.453 ± 0.013 0.457 ± 0.013
0.50 0.418 ± 0.015 0.448 ± 0.014 0.502 ± 0.015 0.502 ± 0.015
0.55 0.453 ± 0.013 0.490 ± 0.020 0.549 ± 0.016 0.550 ± 0.016
0.60 0.487 ± 0.016 0.535 ± 0.024 0.598 ± 0.017 0.603 ± 0.016
0.65 0.521 ± 0.013 0.581 ± 0.026 0.651 ± 0.013 0.655 ± 0.013
0.70 0.550 ± 0.014 0.638 ± 0.021 0.698 ± 0.014 0.702 ± 0.014
0.75 0.583 ± 0.013 0.699 ± 0.016 0.749 ± 0.012 0.747 ± 0.011
0.80 0.613 ± 0.013 0.771 ± 0.017 0.796 ± 0.009 0.800 ± 0.009
0.85 0.640 ± 0.012 0.832 ± 0.015 0.847 ± 0.011 0.851 ± 0.011
0.90 0.669 ± 0.010 0.894 ± 0.013 0.896 ± 0.007 0.900 ± 0.007
0.95 0.693 ± 0.010 0.945 ± 0.007 0.944 ± 0.006 0.946 ± 0.005

Table 13: Multi-tests methods' mean hyperrectangle volumes for the synthetic data set with
e � N (0; � ), and � = � 0:5.

� h Bonferroni DCP-MT Empirical Copula Max-Rank

0.05 6.068 ± 0.230 5.621 ± 0.150 5.962 ± 0.239 5.720 ± 0.230
0.10 4.519 ± 0.109 4.319 ± 0.123 4.446 ± 0.130 4.384 ± 0.129
0.15 3.721 ± 0.105 3.532 ± 0.095 3.520 ± 0.102 3.484 ± 0.087
0.20 3.105 ± 0.078 2.958 ± 0.069 2.950 ± 0.071 2.884 ± 0.069
0.25 2.674 ± 0.063 2.573 ± 0.063 2.463 ± 0.068 2.443 ± 0.076
0.30 2.374 ± 0.070 2.269 ± 0.070 2.104 ± 0.064 2.091 ± 0.059
0.35 2.092 ± 0.057 2.005 ± 0.065 1.825 ± 0.056 1.812 ± 0.059
0.40 1.858 ± 0.056 1.772 ± 0.057 1.583 ± 0.050 1.556 ± 0.048
0.45 1.695 ± 0.059 1.590 ± 0.051 1.366 ± 0.047 1.347 ± 0.045
0.50 1.506 ± 0.049 1.428 ± 0.042 1.167 ± 0.048 1.165 ± 0.048
0.55 1.364 ± 0.049 1.289 ± 0.039 1.006 ± 0.039 1.003 ± 0.038
0.60 1.221 ± 0.051 1.144 ± 0.038 0.862 ± 0.042 0.850 ± 0.041
0.65 1.097 ± 0.039 1.020 ± 0.034 0.719 ± 0.036 0.710 ± 0.035
0.70 1.002 ± 0.035 0.898 ± 0.032 0.595 ± 0.028 0.586 ± 0.028
0.75 0.904 ± 0.035 0.779 ± 0.026 0.453 ± 0.029 0.455 ± 0.028
0.80 0.818 ± 0.033 0.641 ± 0.022 0.335 ± 0.026 0.327 ± 0.025
0.85 0.747 ± 0.030 0.500 ± 0.021 0.231 ± 0.018 0.226 ± 0.018
0.90 0.669 ± 0.022 0.347 ± 0.020 0.153 ± 0.011 0.149 ± 0.011
0.95 0.609 ± 0.022 0.190 ± 0.015 0.079 ± 0.009 0.076 ± 0.008
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(a) Error Rate (b) Volume

Figure 13: Multi-tests methods' mean error rates and volumes for the synthetic data set
with e � N (0; � ), and � = � 0:5.

(a) Residuals (b) Residual correlation matrix

Figure 14: Underlying model's absolute residuals and their correlation for the synthetic
data set with e � N (0; � ), and � = � 0:5.
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