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Abstract

We introduce Conformal Interquantile Regression (CIR), a
conformal regression method that efficiently constructs near-
minimal prediction intervals with guaranteed coverage. CIR
leverages black-box machine learning models to estimate out-
come distributions through interquantile ranges, transform-
ing these estimates into compact prediction intervals while
achieving approximate conditional coverage. We further pro-
pose CIR+ (Conditional Interquantile Regression with More
Comparison), which enhances CIR by incorporating a width-
based selection rule for interquantile intervals. This refine-
ment yields narrower prediction intervals while maintaining
comparable coverage, though at the cost of slightly increased
computational time. Both methods address key limitations
of existing distributional conformal prediction approaches:
they handle skewed distributions more effectively than Con-
formalized Quantile Regression, and they achieve substan-
tially higher computational efficiency than Conformal His-
togram Regression by eliminating the need for histogram
construction. Extensive experiments on synthetic and real-
world datasets demonstrate that our methods optimally bal-
ance predictive accuracy and computational efficiency com-
pared to existing approaches.

Code — https://github.com/orince/CIR

1 Introduction
Conformal prediction is a powerful framework for construct-
ing prediction intervals with finite-sample validity guaran-
tees. By leveraging data exchangeability, conformal meth-
ods transform outputs from arbitrary machine learning al-
gorithms into set-valued predictions that achieve the desired
coverage level without imposing distributional assumptions
on the underlying data.

Existing conformal regression methods primarily fall into
two categories: directly predicting interval endpoints (Ro-
mano, Patterson, and Candès 2019; Kivaranovic, Johnson,
and Leeb 2020; Sesia and Candès 2020; Gupta, Kuchib-
hotla, and Ramdas 2022) or inverting estimated full con-
ditional distributions (Izbicki, Shimizu, and Stern 2020a;
Chernozhukov, Wüthrich, and Zhu 2021). While effective
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in many cases, these approaches may produce suboptimal
intervals if the data is skewed. Conformalized quantile re-
gression (CQR) (Romano, Patterson, and Candès 2019) may
yield unbalanced intervals when the conditional distribu-
tion is skewed, whereas density-based methods can adapt to
skewness but involve complex tuning and interpretation. The
conformal histogram regression (CHR) method (Sesia and
Romano 2021) approximates the conditional distribution of
Y |X using histograms and seeks the shortest intervals with
the desired coverage. It extracts more information from the
estimated conditional distribution compared to other meth-
ods, such as CQR (Romano, Patterson, and Candès 2019).
A key advantage of CHR is its ability to automatically adapt
to the potential skewness of the data distribution, which sets
it apart from methods that tend to produce symmetric inter-
vals with fixed lower and upper miscoverage rates and may
be suboptimal when dealing with data of unknown skewness
(Romano, Patterson, and Candès 2019; Izbicki, Shimizu,
and Stern 2020b; Chernozhukov, Wüthrich, and Zhu 2021).

However, CHR faces a potential limitation in terms of
computational efficiency, particularly due to the process
of discretizing the response space into bins, constructing
histograms, and searching through them to locate interval
boundaries. To overcome these inefficiencies, we propose
Conformal Interquantile Regression (CIR), a novel method
that directly uses the structure of conditional quantiles to
determine intervals. CIR eliminates explicit response space
binning by directly estimating the conditional probability of
a new response falling into each interquantile interval, using
a multi-output quantile regression model with equiprobable
quantiles. This design enables CIR to adapt to data skewness
while providing enhanced computational efficiency.

For each calibration sample, CIR begins with the nar-
rowest interquantile interval and iteratively incorporates the
next-shortest adjacent interval until the observed response Y
is covered. The number of intervals needed defines the con-
formity score. Intuitively, samples lying in long interquantile
intervals receive larger scores, whereas those lying in shorter
intervals receive smaller ones. Following the thresholding
principle in (Luo and Zhou 2025b; Romano, Sesia, and Can-
des 2020), we select a data-dependent cutoff on these scores
so that the proportion of calibration responses contained in
the corresponding merged intervals attains the target cover-
age level. This cutoff is then applied to test inputs to form
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the final prediction intervals.
To optimize the prediction interval further, we also pro-

pose Conditional Interquantile Regression with More Com-
parison (CIR+) as an extension of CIR. CIR+ incorporates
an additional decision mechanism that evaluates whether to
retain or discard specific interquantile intervals based on
their length. Specifically, if the length of the interquantile in-
terval containing Y falls below a threshold determined dur-
ing calibration, it is discarded. This step yields slightly nar-
rower prediction set widths while maintaining comparable
coverage performance. Our analysis shows that prediction
intervals obtained by thresholding the number of interquan-
tile intervals in CIR and CIR+ guarantee marginal coverage.
Furthermore, these methods can achieve the desired con-
ditional coverage and minimize expected prediction inter-
val length asymptotically. Experimental results on both syn-
thetic and real-world datasets showcase the superiority of
our proposed methods. CIR and CIR+ exhibit performance
comparable to the state-of-the-art CHR method while sig-
nificantly reducing computational demands. This combina-
tion of statistical efficiency and computational economy po-
sitions our approaches as powerful alternatives in the field
of conditional prediction intervals.

The rest of this paper is structured as follows. Section 2
discuss related work which provides context for our contri-
butions. Section 3 introduces the proposed CIR and CIR+
methods in detail. Following this, we present a brief theoret-
ical analysis of our methods in Section 4. Section 5 presents
numerical experiments comparing our methods with exist-
ing conformal regression techniques on simulated and real
datasets. Finally, we conclude the paper in Section 6.

2 Related Work
Conformal Prediction (CP) has been successfully applied to
both classification (Luo and Zhou 2025f; Luo and Colombo
2024; Luo and Zhou 2025d; Wang et al. 2025; Zhang et al.
2025) and regression tasks (Luo and Zhou 2025b,e; Bao
et al. 2025a), demonstrating its flexibility across diverse
real-world scenarios such as segmentation (Luo and Zhou
2025a), games (Luo et al. 2024; Bao et al. 2025b), time-
series forecasting (Su, Zhou, and Luo 2024), and graph-
based applications (Luo, Nettasinghe, and Krishnamurthy
2023; Tang et al. 2025; Luo and Zhou 2025c; Wang, Zhou,
and Luo 2025; Luo and Colombo 2025).

Our work focuses on conformal regression and aims
to produce compact, interpretable prediction intervals with
guaranteed coverage. While (Izbicki, Shimizu, and Stern
2022) and (Luo and Zhou 2025b) (CTI) combine profile-
distance–based similarity with multi-output quantile regres-
sion to approximate conditional densities, we instead pri-
oritize interval-based uncertainty quantification, which—as
emphasized by (Sesia and Romano 2021)—offers clearer
interpretability and avoids irregular, overconfident regions.
CTI employs a global length threshold on interquantile seg-
ments, often yielding highly fragmented prediction sets,
whereas our CIR and CIR+ procedures maintain finite-
sample marginal and conditional coverage while striving to
produce a single contiguous interval whenever possible. Be-
cause CTI explicitly trades coverage for narrower sets, its

behavior remains fundamentally distinct from ours even un-
der unimodal conditional distributions and perfectly esti-
mated quantiles. (Gao et al. 2025) construct unconditional
label–space level sets that do not depend on the conditional
distribution, targeting density-based highest posterior den-
sity set rather than regression intervals. However, their pro-
cedure requires repeatedly evaluating empirical coverage
over all calibration-sample–induced breakpoints and solv-
ing a discrete global optimization over these candidate sets,
which makes the method computational expensive.

3 Proposed Method
Problem Setup
Consider a general regression problem with a dataset
{(xi, yi)}ni=1, where xi ∈ X ⊆ Rd is the input feature
vector and yi ∈ Y ⊆ R is the corresponding continu-
ous response variable. The dataset is split into three parts:
a training setDtrain, a calibration setDcal, and a test setDtest.
The corresponding indices set are denoted by Itrain, Ical and
Itest respectively. We assume that the examples in these sets
are exchangeable. Our goal is to find a prediction interval
C(X) ⊆ Y for each test input X such that the true response
value Y is included in C(X) with a probability of at least
1−α, where α ∈ (0, 1) is a target significance level. Specif-
ically, C(X) should guarantee the finite-sample marginal
coverage among all the samples in Dcal and Dtest:

P[Y ∈ C(X)] ≥ 1− α

for joint distribution for X and Y .
While achieving marginal coverage, we also aim for

C(X) to approximately achieve conditional coverage at
level 1− α, where α ∈ (0, 1):

P[Y ∈ C(x)|X = x] ≥ 1− α

meaning that in practice the procedure should approximate
this objective and, under appropriate conditions, achieve it
asymptotically as the sample size tends to infinity. Lastly, the
prediction intervals are expected to be as narrow as possible.

Imagine an oracle with access to PY |X , the distribution
of Y conditional on X , which leverages such information to
construct optimal prediction intervals as follows. For sim-
plicity, suppose PY |X has a continuous density f(y | x)
with respect to the Lebesgue measure, although this could
be relaxed with more involved notation. Then, the oracle in-
terval for Y | X = x would be:

Cα
oracle(x) = [ℓ1−α(x), υ1−α(x)] , (1)

where, for any τ ∈ (0, 1], ℓτ (x) and υτ (x) are defined as:

argmin
(ℓ,υ)∈R2:υ≥ℓ

{
|υ − ℓ| :

∫ υ

ℓ

f(y | x)dy ≥ τ

}
. (2)

This is the shortest interval with conditional coverage. Re-
call that CHR (Sesia and Romano 2021) replaces f in Equa-
tion (2) with a histogram approximation, which is compu-
tation expensive. Specifically, if we partition the domain of
Y into T equal parts based on quantiles and obtain the cor-
responding quantiles q0(x), . . . , qT (x), where qt(x) is the
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Algorithm 1: Conditional Interquantile Regression (CIR)
Input: Labeled data {(xi, yi)}i∈I , a data split ratio,
unlabeled test data {xi}i∈Itest , black-box learning algo-
rithm B, No. of interquantile intervals T , level α ∈
(0, 1).

1: Randomly split the indices I into Itrain and Ical.
2: Train B on samples in Itrain, and obtain quantile estima-

tion functions q̂t for t = 0, 1, . . . , T .
3: For every i ∈ Ical ∪ Itest, evaluate q̂t(xi) for t =

0, 1, . . . , T .
4: For any given k and i ∈ Ical, define lk as the lower end-

point of the shortest interval that encompasses k consec-
utive interquantile intervals and the corresonding inter-
val is defined as Cα

k (xi) = (q̂lk(xi), q̂lk+k(xi)].
5: For i ∈ Ical, let ki be the smallest k such that yi ∈

Cα
k (xi) (equivalent to s(xi, yi) in Eq.9).

6: Compute k̂ as the rα smallest ki, where rα = ⌈(1 −
α)(1 + |Ical|)⌉ .

Output: A prediction interval Cα
k̂
(xi).

t/T -quantile of the conditional distribution of Y |X = x, the
interval derived from following expression approximates the
one from Equation(2) when T is sufficiently large:

argmin
l=0,...,T−1

l<u≤T

{
|qu(x)− ql(x)| :

u−1∑
t=l

P
[
Y ∈ (qt(x), qt+1(x)]

]
≥ τ

}
.

(3)

The corresponding interval of it would be:

Cα(x) = (qlτ (x), quτ
(x)] . (4)

This optimization over consecutive quantile-based bins mo-
tivates our interquantile-interval approach, which avoids ex-
plicit response-space binning.

Conditional Interquantile Regression
Our method directly selects consecutive interquantile inter-
vals starting from the smallest ones, hence the name confor-
mal interquantile regression (CIR). Specifically, we apply
quantile regression on the training set Dtrain to predict the
t/T -th quantile of the conditional distribution Y |X = x for
every x ∈ X , where t takes values from 0 to T in increments
of 1. The estimated quantile for t/T is denoted by q̂t(x) and
the interquantile intervals are then defined as:

It(x) = (q̂t−1(x), q̂t(x)] for t = 1, . . . , T. (5)

Then Equation 3 can be approximately written as:

argmin
l=0,...,T−1,
1≤k≤T−l−1

{
l+k∑
t=l

|It+1(x)| :
l+k∑
t=l

P[Y ∈ It+1(x)] ≥ τ

}
,

(6)

where l denotes the starting index of the interval and k rep-
resents the number of consecutive interquantile intervals to

be included, both determined by τ . And the corresponding
interval can be defined as

Cα
k(τ)(x) =

(
q̂l(τ)(x), q̂l(τ)+k(τ)(x)

]
,

Specifically, when PY |X is unimodal, our estimated interval
can be derived from

Cα
k̂
(x) =

(
q̂l

k̂
(x), q̂l

k̂
+k̂(x)

]
, (7)

where

k̂ := k(τ̂); lk̂ := l(τ̂) = argmin
l=0,...,T−1

{ l+k̂∑
t=l

|It+1(x)|
}
. (8)

Notice that lk̂ represents the lower endpoint index, with the
subscript k̂ reflecting the unimodal property that the num-
ber of included interquantile intervals uniquely determines
both the narrowest interval and its corresponding lower end-
point. τ̂ will be determined by suitable conformity scores
evaluated on the hold-out data, and it usually larger than the
true target coverage τ if the model for f is not very accurate
to ensure this condition is met. However, if the quantiles are
accurately estimated, ensuring that each interval has approx-
imately the same probability, 1/T , of covering the true label
Y , and if the number of interquantile intervals approaches
infinity, Equation (7) will closely resemble that of the oracle
in Equation (1).

The key quantity determining our prediction interval is k̂,
the number of interquantile intervals to include. To deter-
mine k̂, we first introduce a conformity score function:

s(x, y) = min
{
k ∈ 1, . . . , T : y ∈ Cα

k (x)
}
. (9)

This function computes the minimum number of interquan-
tile intervals needed to contain y. The implementation fol-
lows an iterative process. Starting with the shortest in-
terquantile interval, for each i ∈ Ical, if yi falls outside this
interval, we expand our search to adjacent interquantile in-
tervals (on either side, or one side at boundaries). We select
the narrowest adjacent interval and combine it with our orig-
inal interval. This process continues until yi falls within the
expanded interval. The total number of interquantile inter-
vals in this final interval defines ki.

For computational efficiency, we implement the confor-
mity score as s(xi, yi) = ki for i ∈ Ical. We then define
rα = ⌈(1− α)(1 + |Ical|)⌉ and select

k̂ ← the rα-th smallest ki, (10)

ensuring yi ∈ Cα
k̂
(xi) holds for at least rα instances in the

calibration set. Finally, we use this k̂ in Equation (7) to ob-
tain prediction sets for all xi, i ∈ Itest. The procedure is de-
tailed in Algorithm 1.

Conditional Interquantile Regression with More
Comparison (CIR+)

In CIR, the conformity score is defined as the minimum
number of interquantile intervals required to contain the re-
sponse y. We then select the rα-th smallest number in the
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Algorithm 2: CIR with More Comparison (CIR+)
Input: Labeled data {(xi, yi)}i∈I , unlabeled test data
{xi}i∈Itest , a data split ratio, black-box learning algorithm B,
No. of interquantile intervals T .

1: Randomly split the indices I into Itrain and Ical
2: Train B on samples in Itrain, and obtain quantile estima-

tion functions q̂t for t = 0, 1, . . . , T .
3: For every i ∈ Ical ∪ Itest, evaluate q̂t(xi) for t =

0, 1, . . . , T .
4: For any given k and i ∈ Ical, define lk as the lower end-

point of the shortest interval that encompasses k consec-
utive interquantile intervals and the corresonding inter-
val is defined as Cα

k (xi) = (q̂lk(xi), q̂lk+k(xi)].
5: Define s(xi, yi) = ki − 1 + eki(xi), where ki is the

smallest k such that yi ∈ Cα
k (xi) for i ∈ Ical and

eki
(xi) ∈ (0, 1) is a rescaled length of the ki-th in-

terquantile interval of xi as defined in Equation (12).
6: Define rα = ⌈(1−α)(1+ |Ical|)⌉ and then the threshold

ŝ is defined as the rαth-smallest value of s(xi, yi) for
i ∈ Ical.

7: For i ∈ Itest, k̂i = ⌊ŝ⌋+ 1{e⌊ŝ⌋(xi) > ŝ− ⌊ŝ⌋}.
Output: Cα

k̂i
(xi) for yi, where i ∈ Itest.

calibration set as the threshold for the minimum number of
interquantile intervals in the prediction interval. However,
when multiple intervals in the calibration set share the same
width at the rα-th position, using only the interval count
may reduce accuracy. For example, suppose 5 samples in the
CIR calibration process share rank rα, the selected k̂ would
span ranks rα to rα + 4. To obtain a more precise ranking,
we incorporate additional information and modify CIR into
Conditional Interquantile Regression with More Compari-
son (CIR+). The conformity score is defined as:

s(x, y) = min
{
k − 1 + ek(x) : y ∈ Cα

k (x)
}
, (11)

where

ek(x) =
1

c
min{q̂lk−1

(x)− q̂lk−1−1(x),

q̂lk−1+k(x)− q̂lk−1+k−1(x)},
(12)

and c can be any fixed constant which makes ek(x) ∈ (0, 1).
In other words, when expanding our search from the shortest
interquantile interval, we refine the process of incrementing
k. Rather than simply increasing from k − 1 to k when we
find an interquantile interval containing y, we add a rescaled
length of the newly included interval—specifically, the ad-
jacent interquantile interval with the smaller size. Typically,
since the predicted quantiles for different samples are differ-
ent, the lengths of the interquantile intervals are often dif-
ferent as well. This allows us to accurately select the rα-th
smallest from these conformity scores. In calibration step,
we still first find ki as in CIR. Then, we only need to fo-
cus on the lengths of the interquantile intervals containing
yi that correspond to the tied ranks at the rα-th smallest po-
sition. We then re-rank these tied scores according to Equa-

tion (11) and define the threshold as:

ŝ← the rα-th smallest ki − 1 + eki
(xi). (13)

In the prediction phase, we identify Cα
⌊ŝ⌋(xi) for each

sample in the test set. Subsequently, we determine whether
to include the ⌊ŝ⌋-th merged interquantile interval based
on its length. Specifically, we compare the scaled length to
ŝ− ⌊ŝ⌋. If greater, we retain the segment and the prediction
set becomes Cα

⌈ŝ⌉(xi). If less, we discard it, leaving the set
as Cα

⌊ŝ⌋(xi). The procedure is shown in Algorithm 2.

4 Theoretical Results
In this section, we mainly present the theoretical results for
CIR and provide additional details, including the analysis
of CIR+, in the appendix. First, we show that CIR has the
potential to achieve the optimal size for prediction intervals
when considering the marginal distribution if we assume that
our quantile regression model is sufficiently accurate. The
proof of marginal coverage probability for CIR follows the
same logic as the standard argument used in the general con-
formal prediction framework.
Theorem 4.1. (Finite-sample) If (Xi, Yi), for i ∈ Ical∪Itest,
are exchangeable, then for i ∈ Itest, the output of Alg. 1
satisfies:

P
[
Yi ∈ Cα

k̂
(Xi)

]
≥ 1− α. (14)

Proof. Note that the score function s(Xi, Yi) = min
{
k ∈

1, . . . , T : Yi ∈ Cα
k (Xi)

}
for i ∈ Ical ∪ Itest are also

exchangeable. For any (Xi, Yi) in the test set, the rank of
s(Xi, Yi) is smaller than k̂ which in Alg. 1 with probability
⌈(1+|Ical|)(1−α)⌉

1+|Ical| ≥ 1− α.

This theoretical result also holds for CIR+ (Alg. 2) and
the detailed discussion is shown in the appendix. As men-
tioned in Section 3, if the partition T is large enough, the
output in (3)–(4) is approximate to (1)–(2). The following
result shows, if the quantiles are correctly estimated and the
samples are i.i.d, the k̂ computed by CIR (Alg. 1) are asymp-
totically equal to the optimal as the sample size |I| → ∞
(also indicating |Ical| → ∞). Next theory relies on some
assumptions :
1. (i.i.d.) The samples are i.i.d., which is stronger than ex-

changeability.
2. (Consistency) When the black-box model estimates

PY |X consistently, each interquantile interval should
contain the true label Y with probability 1/T , and the
optimal number of interquantile intervals containing Y
should be ⌈T (1−α)⌉ to achieve (1−α) coverage of true
labels in the calibration set. This assumption is crucial,
which similar to that in (Romano, Patterson, and Candès
2019; Sesia and Romano 2021). While difficult in prac-
tice, it has been theoretically justified for some models
like in (Meinshausen 2006).

3. (Unimodality) The true PY |X is unimodal.
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Figure 1: Comparison of CIR, CIR+, CQR (Romano, Patterson, and Candès 2019), and CHR (Sesia and Romano 2021) in a
single-variable example. All methods use the same deep quantile model and guarantee 90% marginal coverage. Left: Prediction
bands as a function of X . Empirical marginal and estimated conditional coverage for all methods is 0.9 (except for CQR
conditional coverage: 0.7). Average lengths: CIR (3.0), CIR+ (2.7), CHR (3.0), CQR (5.2). Right: Interquantile intervals at
X ≈ 0.4, using 50 quantiles with truncated high-density regions. Narrower intervals indicate higher densities. CIR and CIR+
select narrower intervals, with CIR+ choosing one fewer due to its scaled length being less than ŝ− s.

Theorem 4.2. (Infinite-sample) Under Assumptions 1– 3,
for (X,Y ) ∈ Dtest, the k̂ obtained from Alg. 1 exhibits the
following property:

P
[
|k̂ − ⌈T (1− α)⌉| > ϵn

]
≤ ηn, (15)

P
[
P
[
Y ∈ Cα

k̂
(X) | X

]
≥ 1− α− γn

]
≥ 1− ζn (16)

where we assume the calibration size |Ical| = n → ∞ and
ϵn → 0, ηn → 0, γn → 0, ζn → 0.

Intuitively, as T large enough, the additional selection step
in Alg. 2 becomes negligible, causing CIR+ to converge the-
oretically to CIR. The details of proof are shown in the ap-
pendix.

Remark: The unimodality setting is not necessary for im-
plementing our methods or achieving marginal coverage in
Thm. 4.1 but only for properties of optimal interval length
and conditional coverage in Thm. 4.2. In non-unimodal
cases, the optimal prediction set may consist of multiple dis-
joint intervals rather than a single connected interval (guar-
anteed in the unimodal setting). To address this, a more
effective approach involves ordering the interquantile in-
tervals by length and making selections from this ordered
set. Nevertheless, empirical analysis in later sections and
the appendix shows both methods maintain robust perfor-
mance even on non-unimodal distributions, demonstrating
their practical versatility.

5 Experiments
Our experimental implementation is based on the publicly
available code for Conformal Histogram Regression (CHR)
by (Sesia and Romano 2021), which can be accessed at
https://github.com/msesia/chr. We are deeply
grateful for their work, serving as a significant source of

|I| CHR CQR CIR CIR+

500

Marginal 0.902 (0.001) 0.901 (0.001) 0.900 (0.002) 0.897 (0.002)

Condit. 0.881 (0.003) 0.879 (0.004) 0.878 (0.004) 0.871 (0.004)

Width 3.670 (0.039) 5.165 (0.043) 3.930 (0.057) 3.790 (0.053)

Time 36.597 (0.396) 0.008 (0.000) 0.072 (0.001) 0.097 (0.001)

3000

Marginal 0.901 (0.001) 0.900 (0.001) 0.905 (0.001) 0.900 (0.001)

Condit. 0.887 (0.003) 0.875 (0.003) 0.895 (0.003) 0.886 (0.003)

Width 3.425 (0.017) 5.320 (0.019) 3.764 (0.028) 3.632 (0.028)

Time 73.735 (0.785) 0.014 (0.000) 0.404 (0.005) 0.526 (0.007)

5000

Marginal 0.901 (0.001) 0.900 (0.001) 0.905 (0.001) 0.900 (0.001)

Condit. 0.889 (0.003) 0.875 (0.003) 0.895 (0.003) 0.889 (0.003)

Width 3.389 (0.013) 5.345 (0.016) 3.776 (0.022) 3.643 (0.022)

Time 103.637 (1.105) 0.019 (0.000) 0.663 (0.008) 0.862 (0.010)

Table 1: Performance comparison of our methods (CIR and
CIR+) and benchmarks on synthetic data for different sam-
ple size (|I|), with skewness equals to 2.7. The correspond-
ing standard deviations are shown in parentheses.

inspiration for our work. Our numerical experiments were
conducted on Intel Xeon 2.10GHz CPUs in a computing
cluster and each data set was analyzed using a single core.

Synthetic Data Analysis
We simulate a synthetic dataset with a one-dimensional fea-
ture X and a continuous response Y following (Romano,
Patterson, and Candès 2019; Sesia and Romano 2021) and
attach the details in the appendix. Figure 1 illustrates the
application of our methods to this toy data, comparing CIR
and CIR+ with conformalized histogram regression (CHR)
(Sesia and Romano 2021) and conformalized quantile re-
gression (CQR) (Romano, Patterson, and Candès 2019). The
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Skew CHR CQR CIR CIR+

0.66

Marginal 0.901 (0.001) 0.900 (0.001) 0.906 (0.001) 0.902 (0.001)

Condit. 0.891 (0.005) 0.883 (0.005) 0.898 (0.004) 0.889 (0.005)

Width 5.627 (0.046) 5.950 (0.031) 5.900 (0.049) 5.715 (0.054)

Time 106.995 (2.049) 0.018 (0.000) 0.710 (0.015) 0.911 (0.019)

1.71

Marginal 0.901 (0.001) 0.900 (0.001) 0.907 (0.001) 0.902 (0.001)

Condit. 0.891 (0.003) 0.888 (0.003) 0.897 (0.003) 0.891 (0.003)

Width 4.785 (0.025) 5.436 (0.018) 5.110 (0.026) 4.870 (0.030)

Time 103.026 (1.150) 0.020 (0.000) 0.687 (0.009) 0.887 (0.011)

2.70

Marginal 0.901 (0.001) 0.900 (0.001) 0.905 (0.001) 0.900 (0.001)

Condit. 0.889 (0.003) 0.875 (0.003) 0.895 (0.003) 0.889 (0.003)

Width 3.389 (0.013) 5.345 (0.016) 3.776 (0.022) 3.643 (0.022)

Time 103.637 (1.105) 0.019 (0.000) 0.663 (0.008) 0.862 (0.010)

Table 2: Performance comparison of our methods (CIR and
CIR+) and benchmarks on synthetic data for different skew-
ness of the conditional distribution of the response (Skew),
with a sample size of 5000.

left-hand side figure visualizes the resulting prediction bands
for independent test data, comparing the analogous outputs
across all methods. Both CIR and CIR+ are based on the
same deep neural network and guarantee 90% marginal cov-
erage. CHR is capable of extracting information from all
conditional quantiles estimated by the base model and auto-
matically adapting to the estimated data distribution and pro-
duces relatively narrow intervals. Although our approaches
omit the histogram step, it does not significantly impact
our results. Both CIR and CIR+ yield intervals as narrow
as CHR. In contrast, CQR can only leverage pre-specified
lower and upper quantiles (e.g., 5% and 95%) and is there-
fore not adaptive to skewness. The right-hand side figure
displays the interquantile intervals and their corresponding
probabilities for X ≈ 0.4. To elucidate the internal pro-
cesses of the CIR and CIR+ algorithms, we have set only
50 quantiles for a tidier presentation. Additionally, we have
truncated the regions with high density and focused on the
areas where the information is concentrated. Note that the
narrower interquantile intervals have higher densities. We
can observe that both CIR and CIR+ select relatively nar-
rower interquantile intervals at each step. In this sample,
CIR+ selects one fewer interval compared to CIR because
the scaled length of that interval is smaller than ŝ−s, leading
to its exclusion. We simulate a synthetic dataset with a one-
dimensional feature X and a continuous response Y , drawn
from the distribution illustrated in Figure 1. Our methods
are applied to 2,000 independent observations from this dis-
tribution, utilizing the first 1,000 for training a deep quantile
regression model and the remainder for calibration. Aligning
with (Sesia and Romano 2021), we set 100 bins for CHR.

Table 1 shows CIR and CIR+ performance across sam-
ple sizes (|I|) over 1000 independent experiments, with |I|
split evenly between training and calibration and the num-
ber of interquantile intervals fixed at T = 100. We eval-
uate marginal coverage, worst-slab conditional coverage as

in (Cauchois, Gupta, and Duchi 2021; Romano, Sesia, and
Candes 2020), average interval width, and computational
cost per sample for calibration and prediction, with all meth-
ods using the same base model. Both our methods and
CHR achieve narrower intervals than CQR while maintain-
ing marginal and conditional coverage. At smaller sample
sizes, our method shows fluctuations due to imprecise quan-
tile estimation from limited data, but as samples increase,
quantile regression becomes more accurate and results sta-
bilize. CIR yields higher marginal coverage than the tar-
get level due to conformity score ties. In the ideal scenario,
CIR+ should closely approach the coverage level when N
is large while CIR should show an additional approximately
1/(2T ) = 0.005 than coverage level 1 − α = 0.9 (As each
interquantile interval carries 1/T probability, the threshold
could occur anywhere, but on average falls at the midpoint).
Notably, CHR is computationally intensive, with its runtime
increasing as the sample size grows, which is primarily due
to the increasingly time-consuming histogram construction
process. As our confidence regions are computed directly
from interquantile intervals and do not involve a binning
process, the computational time required for calibrating and
predicting each sample is negligible.

Table 2 shows results with 5000 samples under vary-
ing distributional skewness. Following (Sesia and Romano
2021), we use a biased coin flip to invert Y to −Y for each
data point, with coin bias as control. This generates distribu-
tions from skewed (Table 1) to symmetric PY |X . Results are
shown against expected skewness E[(Y − µ(X))3/σ3(X)],
where µ(X) and σ(X) are mean and standard deviation
of Y | X . For symmetric PY |X (skewness near 0), all
methods produce similar interval lengths. As skewness in-
creases, our methods match CHR’s performance across dif-
ferent asymmetry levels. While CHR yields narrowest in-
tervals throughout, its high computational cost persists. CIR
and CIR+ maintain efficiency regardless of skewness, bal-
ancing performance with practicality. The appendix pro-
vides extended analyses, including comparisons with ad-
ditional benchmarks such as distributional conformal pre-
diction (DCP) (Chernozhukov et al., 2019) and DistSplit
(Izbicki et al., 2020), along with evaluations across broader
ranges of sample sizes, skewness levels, and results using
random forest models.

Real Data Analysis
We evaluate CIR and CIR+ on seven public-domain datasets
previously analyzed in (Romano, Patterson, and Candès
2019): physicochemical properties of protein tertiary struc-
ture (bio) (Rana 2019), blog feedback (blog) (Buza 2014),
Facebook comment volume variants one (fb1) and two (fb2)
(Singh 2016), and Medical Expenditure Panel Survey num-
bers 19 (meps19), 20 (meps20), and 21 (meps21) (AfHRaQ
2021). The first four datasets are from the UCI Machine
Learning Repository (Dua and Graff 2017), while the MEPS
datasets are from (Cohen, Cohen, and Banthin 2009). For
detailed descriptions of these datasets, we refer readers to
(Romano, Patterson, and Candès 2019). We compare our
methods against CHR, CQR, DistSplit, and DCP-CQR. The
latter, proposed in (Sesia and Romano 2021), is designed
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Figure 2: Performance of our method (CIR) compared to that of naive uncalibrated prediction intervals based on the same deep
neural network regression model. Note that the top part of this plot shows marginal coverage.

to enhance the stability of DCP (Chernozhukov, Wüthrich,
and Zhu 2019) by integrating it with CQR (Romano, Pat-
terson, and Candès 2019). All methods employ an identical
deep quantile regression model for prediction. For compar-
ison, we also present results using Random Forest method
in the appendix. The Forests method (Meinshausen 2006)
aggregates quantile estimates across an ensemble of deci-
sion trees, while the Neural Network approach (Taylor 2000)
outputs multiple quantiles as a vector through shared pa-
rameters in a single network. Both methods are inherently
designed to avoid the problem of crossing quantiles. Align-
ing with (Sesia and Romano 2021), we set 1000 bins for
CHR for this part. We assess their performance following
the protocol described in the previous section, averaging re-
sults over 100 independent experiments per dataset. Each
experiment utilizes 2000 samples for training, 2000 for cal-
ibration, and the remaining samples for testing. All features
are standardized to zero mean and unit variance. The nomi-
nal coverage rate is set at 90%.

Figure 2 compares conditional coverage and interval
widths across different methods and datasets. For meaning-
ful cross-dataset comparison, prediction interval widths are
normalized within each dataset, setting the smallest width
to one. Computational times are presented on a logarithmic
scale after similar normalization. The results show all meth-
ods achieve satisfactory conditional coverage. While CHR
and CIR+ alternately produce the most efficient (narrowest)
prediction intervals across datasets, CIR+ and CIR exhibit
substantially reduced computational overhead compared to
CHR. This positions CIR+ as the optimal choice, effectively
balancing computational efficiency with predictive perfor-
mance. CQR and DistSplit demonstrate comparable perfor-

mance levels, whereas DCP-CQR tends to produce wider
prediction intervals in some cases. A comprehensive anal-
ysis, including marginal coverage (theoretically guaranteed
for all methods) is provided in the appendix.

6 Conclusion

In this paper, we introduce two novel conformal regres-
sion methods: Conformal Interquantile Regression (CIR)
and its enhanced variant, CIR+. These methods are de-
signed to construct prediction intervals that offer both guar-
anteed coverage and computational efficiency, effectively
addressing key limitations of existing approaches. Specifi-
cally, our methods overcome the challenges of suboptimal
performance on skewed data while avoiding the compu-
tational burden. Our theoretical analysis demonstrates that
both CIR and CIR+ not only guarantee marginal coverage
but also achieve desired conditional coverage under appro-
priate conditions, while minimizing expected prediction in-
terval length. Through extensive testing on synthetic and
real datasets, we demonstrate that these methods match the
performance of leading alternatives with substantially re-
duced computational cost. The two methods offer differ-
ent solutions to the coverage-efficiency balance: CIR pro-
duces wider, more conservative intervals, while CIR+ gen-
erates narrower intervals by analyzing endpoint interquantile
widths at a slight computational premium. The performance
of CIR and CIR+ can be affected with small datasets due to
challenges in training quantile regression models effectively.
Our future work will focus on extending these frameworks to
time series data, preserving its theoretical guarantees while
expanding its applications.
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