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Abstract

Ordinal classification has been widely applied in many high-
stakes applications, e.g., medical imaging and diagnosis,
where reliable uncertainty quantification (UQ) is essential for
decision making. Conformal prediction (CP) is a general UQ
framework that provides statistically valid guarantees, which
is especially useful in practice. However, prior ordinal CP
methods mainly focus on heuristic algorithms or restrictively
require the underlying model to predict a unimodal distri-
bution over ordinal labels. Consequently, they provide lim-
ited insight into coverage—efficiency trade-offs, or a model-
agnostic and distribution-free nature favored by CP meth-
ods. To this end, we fill this gap by propose an ordinal-CP
method that is model-agnostic and provides instance-level
optimal prediction intervals. Specifically, we formulate con-
formal ordinal classification as a minimum-length covering
problem at the instance level. To solve this problem, we de-
velop a sliding-window algorithm that is optimal on each cal-
ibration data, with only a linear time complexity in K, the #
of label candidates. The local optimality per instance further
also improves predictive efficiency in expectation. Moreover,
we propose a length-regularized variant that shrinks predic-
tion set size while preserving coverage. Experiments on four
benchmark datasets from diverse domains are conducted to
demonstrate the significantly improved predictive efficiency
of the proposed methods over baselines (by 15%. on average
over four datasets).

Code - https://github.com/xrty/OCP

1 Introduction

Ordinal classification plays a significant role in a wide range
of real-world applications, e.g., medical diagnosis (Albu-
querque, Cruz, and Cardoso 2021), credit risk assessment
(Kwon, Han, and Lee 1997; Fernandez-Navarro et al. 2013;
Hirk, Hornik, and Vana 2019), and age estimation (Niu et al.
2016). Unlike standard classification tasks that treat labels as
unordered categories, ordinal classification explicitly mod-
els the inherent order among discrete labels. On one hand,
this ordinal structure allows models to produce more inter-
pretable predictions by reflecting the natural ranking in the
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output (Gutiérrez et al. 2015). On the other hand, when the
labels from the underlying distribution exhibit a clear ordinal
structure, ordinal classification allows us to leverage the or-
dering information over classes, leading to better theoretical
guarantees and empirical performance, e.g., Fisher consis-
tency (Pedregosa, Bach, and Gramfort 2017).

While ordinal classification is highly valuable in real-
world tasks, its practical effectiveness is often limited by its
ability of uncertainty quantification (UQ) (Cresswell et al.
2024; Straitouri et al. 2023). In the absence of uncertainty-
aware mechanisms, ordinal models typically produce a sin-
gle point prediction without indicating statistically cali-
brated confidence. This can be problematic in safety-critical
applications, especially when making a decision. For in-
stance, in medical imaging, a model might assign a pa-
tient to a specific disease severity level based on subtle fea-
tures (Zhang et al. 2024). However, if the model is poorly
calibrated or highly uncertain due to limited data or do-
main shifts, such a point prediction may be misleading (Guo
et al. 2017). Without a principled way to express uncertainty,
practitioners may either over-rely on the model or disregard
its output altogether, undermining its role in decision sup-
port. Therefore, integrating UQ into ordinal classification is
essential to ensure reliable and interpretable deployment in
high-stakes scenarios.

Conformal Prediction (CP) (Vovk, Gammerman, and
Saunders 1999; Vovk, Gammerman, and Shafer 2005;
Shafer and Vovk 2008; Angelopoulos and Bates 2021) is a
post-hoc framework that provides distribution-free predic-
tion sets with guaranteed marginal coverage (aka. statisti-
cally valid coverage), regardless of the underlying model’s
confidence. Instead of committing to a single label as pre-
diction, CP constructs a set of plausible labels for each in-
stance, offering a principled way to quantify uncertainty. It
is especially valuable in ordinal classification, where pre-
diction confidence may vary significantly across classes and
misclassifications may carry asymmetric consequences.

However, despite several efforts, extending standard CP
to ordinal classification remains highly non-trivial. For ex-
ample, (Lu, Angelopoulos, and Pomerantz 2022) adapts the
seminal adaptive prediction sets (APS) (Romano, Sesia, and
Candes 2020), which is originally designed for standard
classification, and proposes ordinal APS. Their method dif-
fers from APS in the way to construct the prediction set —



given an input, it starts from the most probable label, and
iteratively expands the prediction set by including the more
confident neighboring label (either to the left or right), until
the cumulative confidence exceeds a threshold calibrated on
held-out calibration data. Nevertheless, this greedy search
algorithm is inherently heuristic: it does not provide opti-
mality guarantees and can yield larger-than-necessary inter-
vals in some cases (i.e., worse predictive efficiency).

Another line of work, COPOC (Dey, Merugu, and Kaveri
2023), enforces unimodality on the model’s predicted distri-
bution by learning an auxiliary transformation sub-module.
While the ordinal structure encourages contiguous predic-
tion sets, it still relies on a unimodality-enforcing module,
which reduces the method’s model-agnostic nature.

To address the two aforementioned challenges for or-
dinal conformal prediction, we propose a novel algo-
rithm, minimum-length conformal prediction sets (min-
CPS). Analogous to prior methods, min-CPS aims to mini-
mize the expected prediction interval subject to the marginal
coverage constraint. However, instead of relying on heuris-
tic or assuming model-specific conditions, min-CPS intro-
duces a computationally efficient sliding-window algorithm
that guarantees an exact solution to the minimum-length pre-
diction set for each individual instance. In addition, we pro-
pose a length-regularized variant, i.e., min-RCPS, which ex-
plicitly incorporates the ordinal structure to further enhance
efficiency, especially under uncertain intervals. This variant
trades off between coverage tightness and structural align-
ment, leading to more semantically coherent prediction sets.

The main contributions of this paper are summarized as:

* We propose a novel algorithm, minimum-length con-
formal prediction sets (min-CPS), along with a length-
regularized variant (min-RCPS) that leverages ordinal
structure to improve predictive efficiency by balancing
coverage tightness and semantic coherence.

We provide theoretical guarantees for min-CPS, proving
its instance-level optimality of the constructed intervals
and establishing conditions that ensure monotonic em-
pirical coverage. We empirically verify the monotonicity
condition of the empirical coverage, under which a valid
coverage is guaranteed.

We conduct comprehensive experiments on four bench-
mark datasets, demonstrating that min-CPS consistently
outperforms existing conformal prediction methods for
ordinal classification in both predictive efficiency and in-
terval coherence (min-CPS 14%/ and min-RCPS 15%
reduction in the average length of prediction intervals).

2 Related Work

Ordinal Classification, also known as ordinal regression,
addresses problems where the labels have a natural ordering
but unknown spacing between categories (Wang et al. 2025;
Gutiérrez et al. 2015). Unlike traditional multiclass classifi-
cation, ordinal methods aim to respect this inherent order to
improve predictive performance and interpretability. It has
been widely used in real-world applications, e.g., facial age
estimation (Shin, Lee, and Kim 2022; Wang et al. 2023),
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aesthetics assessment (He et al. 2022; Kong et al. 2016), di-
abetic retinal grading (Yu et al. 2024; Cheng et al. 2023) and
monocular depth estimation (Shao et al. 2023).

Conformal Prediction (CP) equips any base learner with
finite-sample, distribution-free guarantees on predictive un-
certainty, and has drawn increasing attention recently. Clas-
sical “full” CP computes leave-one-out non-conformity
scores and inverts a series of hypothesis tests to ensure
marginal coverage 1 — o on unseen data (Vovk, Gammer-
man, and Shafer 2005; Shafer and Vovk 2008). Some stud-
ies focus on cross-validation methods (Vovk 2015) and jack-
knife+ approach (Barber et al. 2021), while its split (induc-
tive) variant attains near-linear inference by calibrating a
single quantile on a held-out set (Lei et al. 2018; Romano,
Sesia, and Candes 2020; Oliveira et al. 2024), in which cal-
ibration is completed on a held-out dataset. Building on this
foundation, researchers have devised score functions that
tighten prediction sets without sacrificing validity. These ex-
amples include Adaptive Prediction Sets (APS) (Romano,
Sesia, and Candes 2020), regularized APS (Angelopoulos
et al. 2020), SAPS (Huang et al. 2024), Clustered CP (Ding
et al. 2024), PoT-CP (Huang et al. 2025), RC3P (Shi et al.
2024), etc. For regression tasks, Conformalized Quantile Re-
gression delivers valid confidence intervals (Romano, Patter-
son, and Candes 2019).

Recent work further refines CP for modern deep-learning
by information-theoretic objectives (Correia et al. 2024),
self-calibrating Venn—Abers schemes (van der Laan and
Alaa 2024), probabilistic relaxations toward conditional va-
lidity (Plassier et al. 2024), robustness (Gendler et al. 2021;
Ghosh et al. 2023; Liu et al. 2024), and generic condi-
tional validity (Feldman, Bates, and Romano 2021; Gibbs,
Cherian, and Candes 2023; Vovk 2012; Kiyani, Pappas,
and Hassani 2024). Domain-specific extensions now support
large-language-model inference with or without logit access
(Cherian, Gibbs, and Candes 2024; Su et al. 2024), graph
neural networks (Zhang et al. 2025), vision model (Chen
et al. 2025), and enhance driver perception in adverse con-
ditions through augmented-reality CP (Doula, Miihlhiuser,
and Guinea 2024). A recent trend also arises to integrate CP
into training (Stutz et al. 2022; Shi et al. 2025) to improve
the model uncertainty. Together, these advances demonstrate
CP’s versatility and its central role in uncertainty-aware ma-
chine learning.

Ordinal CP. Standard CP methods do not exploit the or-
dered structure of labels, often yielding non-contiguous pre-
diction sets that are ill-suited to ordinal tasks. Ordinal Adap-
tive Prediction Sets (Ordinal-APS) introduce a score that ac-
cumulates contiguous soft-max probabilities, guaranteeing
coverage while respecting the class order (Lu, Angelopou-
los, and Pomerantz 2022). Building on this idea, (Dey,
Merugu, and Kaveri 2023) cast the problem under a uni-
modality assumption and prove tight bounds on the minimal
contiguous set size. Beyond coverage, (Xu, Guo, and Wei
2023) control more general risk measures (e.g., expected
loss) in the ordinal setting, while (Chakraborty et al. 2024)
leverage multiple-testing theory to construct both contigu-
ous and non-contiguous sets with family-wise error control.



3 Proposed Min-CPS and Min-RCPS

In this section, we introduce our proposed algorithms,
minimum-length conformal prediction sets (min-CPS) and
its length-regularized variant minimum-length regularized
conformal prediction sets (min-RCPS). We begin by the
key notations and definitions used throughout the paper in
§3.1. Next, in §3.2, we formulate the core building block,
minimum-length covering formulation in the instance level,
which serves as the foundation for both methods. We then
show in §3.3 how this local formulation leads to global opti-
mality of min-CPS in the population level, yielding provably
efficient conformal prediction sets. Finally, in §3.4, we de-
scribe the regularized variant min-RCPS.

3.1 Notations and Problem Setup

Notations. Suppose X € X is an input from the input
space X,andY € Y = {1,2,--- , K} is the ordinal ground-
truth label, where K is the number of candidate classes.
Assume that (X,Y) is a data sample drawn from an un-
derlying distribution P defined on the joint space X x ).
Let f(X) : X — AX denote an underlying pretrained
model that predicts confidence for each class label, where
Af is the (K-1)-dimensional probability simplex, f(X),
represents the predicted confidence score of class y € ).
Define D¢y = {(X;,Y;)}™, as the calibration set of n ex-
amples, while Dy = {(X;,Y3)}5" | denotes the test set
of m samples, all being exchangeable. Define 1[-] as an in-
dicator function. N represents the set of natural numbers.

Conformal Prediction for Ordinal Classification. Anal-
ogous to standard CP methods, ordinal CP algorithms aim
to guarantee the following marginal coverage:

Pxy{Y € @(X)} >1—aq, (1
where G- (X) = {y € V: I(X;7) <y < u(X;7)},

where [,u : X x R — ) are some functions that map the
input X and a calibration threshold 7 to lower and upper
bounds of the prediction interval, respectively.

In the context of ordinal classification, it is natural to im-
pose the additional structural constraint that the prediction
set forms a continuous interval over the label space. This
reflects the semantic ordering of the labels and enhances in-
terpretability, especially in high-stakes applications such as
risk stratification or severity grading. If we relax the struc-

ture and allow C : X — {0, 1}PI to include any arbitrary
subset of ) (not necessarily a continuous interval), then the
framework reduces to a standard CP for multiclass classifi-
cation, where the label order is ignored.

One notable exception arises when the model’s predicted
probability distribution is unimodal over ). In this case, the
standard CP methods naturally produce a contiguous pre-
diction set on any X, since they sequentially include class
labels in descending order of confidence, resulting in a sin-
gle and connected interval around the mode (the most con-
fident label). This property serves as the key motivation be-
hind (Dey, Merugu, and Kaveri 2023), which explicitly en-
forces unimodality on predicted probability, so that standard
CP methods can be directly applied.
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Typically, the lower and upper functions [ and u satisfy the
nestedness property (Vovk, Gammerman, and Shafer 2005;
Shafer and Vovk 2008) s.t. (with nonconformity scores):

T < Ty = 67’2(X) c 671(X)a

which means that smaller thresholds lead to wider (more
conservative) prediction intervals. This monotonicity prop-
erty is a standard requirement in CP (Vovk, Gammerman,
and Shafer 2005; Shafer and Vovk 2008), and is essential
for calibrating the prediction set size to achieve the desired
marginal coverage.

Accordingly, prior ordinal CP methods (Lu, Angelopou-
los, and Pomerantz 2022; Dey, Merugu, and Kaveri 2023)
share the same objective: to determine the smallest (least
conservative) threshold 7 on the held-out calibration set D,y
that guarantees the desired coverage, thus formulated as:

min T

2

s.t.iﬂ[l(Xi;T) <Y, <u(Xy71)] > (1 -a)(n+1),

which can be interpreted as finding the least conservative
coverage (by maximizing T) that guarantee 1 — o coverage.
Under the condition of data exchangeability, any 7 satisfying
the above constraint yields a conformal predictor with valid
marginal coverage at level 1 — «v as in (1).

3.2

Although solving (2) ensures the valid marginal coverage,
existing studies have not provided insight into predictive ef-
ficiency (e.g., the expected size of the prediction intervals).
For example, (Lu, Angelopoulos, and Pomerantz 2022) pro-
poses a heuristic procedure for searching the lower and up-
per bounds of the prediction interval. However, the optimal-
ity gap of this approach remains under-explored, and it is un-
clear how close the resulting prediction sets are to the min-
imum possible length (best possible predictive efficiency).
Hence, it is still unclear whether existing ordinal CP meth-
ods reach the optimal predictive efficiency, and if not, what
algorithms can be used to attain the optimum.

Instance-Level Minimum-Length Covering

Minimum-Length Covering on Each Instance. For any
input X € X and threshold 7 € (0,1), we cast the search
for the shortest interval as the following minimum-length
covering problem:

ming e (x;r) ((lLu) £u—1, st.7€(0,1), and (3)
—_——

interval length

U(X;T):{(l,u): E F( X))k >T,l<§*(X)<u},
—_——
k=l (ii) including anchor

(i) covering prob.

where §*(X) is the mode of the predicted distribution (i.e.,
the most confident predicted label), and U/(X; 7) denotes a
feasible set which requires the interval [/, u] to (i) cover suf-
ficient probability mass at least 7, and (ii) include the anchor
label §*(X).



Algorithm 1: Instance-Level Minimum-Length Covering

Algorithm 2: min-CPS: Calibrating 7 via Binary Search

Require: Probabilities { f(X);}X_, on X, a threshold 7 €
(0, 1), the mode §*(X) = arg maxiey f (X )k
Initialization: initial lower bound [ < 1, prefix sum
Py + 0, output bounds (I*,u*) + (—1,—1), output
length £* <+ oo
fork=1,..., K do
Py < Py + f(X)k
end for
for v = §*(X), ..., K do
while ! < ¢*(X)and P, — P,_; >7do
——

1:

// Prefix sum array

A AN A

prob. within [I,u]
ifu—1</¢* then
(I u*) « (L), 5 +—u—1
end if
l+1+1
end while
end for
return Output bounds (I*,u*) for prediction interval

10:
11:
12:
13:

Efficient Sliding-Window Algorithm. A naive brute-
force search examines all (% ) + K = O(K?) possible candi-

date pairs of (I, u), where the (%5 ) possible pairs come from
the case that [ # wu, while the additional K possible pairs
are from | = wu. Instead, we design a linear-time sliding-
window algorithm (summarized in Algorithm 1) that enu-
merates only a minimal sequence of feasible intervals satis-
fying the two constraints, i.e., covering sufficient probability
and including the anchor label.

(i) The constraint of covering sufficient probability. We
pre-compute prefix sums Py, = Zle f(X); (Line 2 - 4in
Algorithm 1), so that the probability mass of any interval
[, u] is computed by P, — P,_; (Line 6) in O(1) time com-
plexity. Starting from v = §*(X), we increase « monotoni-
cally to K (Line 5), and advance [ only while coverage is
reached (Line 6), which ensures each boundary moves at
most once throughout Algorithm 1.

(ii) The constraint of including anchor. We restrict atten-
tion to intervals containing the anchor label by enforcing
I < §*(X) < wimplicitly: w is initialized at §*(X) (Line 5)
and the inner loop is guarded by | < §*(X) (Line 6).

These two design choices reduce the search to O(K)
range-sum evaluations, yielding the exact optimum in linear
time. Formally, we present the following theorem to summa-
rize our theoretical result.

Theorem 1. (Optimality and complexity of Algorithm 1) Let
K € Nand 7 € (0,1]. For any input X € X, Algorithm 1:
(i) returns (I*,u*) that guarantees to exactly solve Problem
(3), ie., (I*,u*) € argming ey (x;r) L1, u), and

(ii) runs in O(K) time complexity.

We make three remarks on the above result for Algorithm 1.

* Model-agnostic. The guarantee holds for any predictive
distribution f(X), e.g., unimodal, multimodal, or other-
wise. No structural assumption on the network f or the
probability shape is required.
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Require: Nominal miscoverage rate «, a search boundary
for 7: 7 (lower) and 7 (upper)
Initialize 7 < (7. +7)/2
fort=1,....,T do
{(I*(Xi;7),u™(X;; 7))}y < Algorithm 1 on Dy
Compute F(7) as per (4)
ifF(1)<1—a,then7 < 7
else T < 7
T+ (+7)/2
end for

1:
2:
3
4
5:
6
7
8:
9: return Calibrated threshold 7

Exact optimality. Algorithm 1 returns the exact mini-
mizer of Problem (3). In particular, the interval length
u* — [* is provably minimal among all intervals that sat-
isfy the coverage and anchoring constraints.
Linear-time search. Although the search space contains
(g) + K = O(K?) candidate pairs (I,u), the slid-
ing—window procedure examines each boundary at most
once, yielding an O(K) run-time complexity.

3.3 Minimum-Length Conformal Prediction Sets
With the optimality guarantee of Algorithm 1 on each in-
stance (X,Y) ~ P given 7 € (0, 1), we are ready to con-
sider the search problem for 7 in (2). Let the empirical cov-
erage rate on D, be denoted by

A (Xi,T) SV <t (X, 7))

i=1

1

n

L

F(1) “

Definition 1. (Radial monotonicity) A sequence of real

numbers {ay }5_, satisfies radial monotonicity if:
(i) (Unique mode) there exists a unique index:

m = argmaxi<k<kak,

(ii) (Monotonicity in distance from the mode) for any indices
ki,ky € [K], ‘kl — m| < ‘kz — m\ = A, > Ay

Lemma 1. If f(X) satisfies radial monotonicity for any X,
then the prediction sets constructed by min-CPS are nested
int: 7 <7 = Cr (X) C Cry(X). Moreover, empirical
coverage rate F(1) is (i) monotonically non-decreasing in
T, and (ii) invariant to the orderings of calibration samples.

Given the monotonicity of F'(7) (verified in Figure 2), bi-
nary search is a natural choice to find a sufficiently good
value for 7, such that F'(1) > 1 — «. We summarize this bi-
nary search procedure to determine 7 in Algorithm 2, which
leads us to the following in-effect problem of min-CPS:

s.t. ®)

min 7

(I"( X5 7),u™ (X4 7)) € argming ey (x,;m)€(l u), Vi

Due to the monotonicity of F'(7), it converges to the op-
timal value of 7 for coverage at the rate of O(exp(—T)). In



other words, to achieve an e-optimal threshold 7, the time
complexity for min-CPS is O(log(1/e)nK), which is prac-
tically efficient (ref. running time comparison in Table 3).

Theorem 2. (Coverage guarantee of min-CPS) Under the
same radial monotonicity assumption of Lemma 1, the cal-
ibrated threshold T determined by Algorithm 2 yields the
(1 — ) marginal coverage guarantee as in (1).

Comparison Problem (5) with Problem (2). As afore-
mentioned, the standard formulation of ordinal CP in (2)
does not necessarily take the predictive efficiency into ac-
count of the objective. Consequently, there is no guarantee of
close to smallest intervals and it is unclear how to approach
the optimal predictive efficiency. In contrast, by min-CPS,
we solve an effective problem in (5), which indeed mini-
mizes the interval length on each instance, and guarantees
the superior predicitve efficiency of min-CPS in practice.

3.4 Length-Regularization Variant: Min-RCPS

In addition to min-CPS, in this subsection, we further con-
sider the semantic coherence of prediction intervals and pro-
pose a length-aware regularization into min-CPS to improve
the predictive efficiency. Our motivation stems from the in-
tuition that examples with larger minimum interval length
(1*(X;7),u*(X; 7)) should be more uncertain than those
with smaller minimum interval length, so we need to penal-
ize the data with larger length via reducing their cumulative
probability by a certainty quantity depending on their length.

Formally, we redefine the cumulative probability used in
the feasible constraint of the instance-level minimum-length
covering problem in (3) as follows:

.Zf Ve —=A-(Lu) > T,

length reg.
I<§"(X) <u

Un(X;7) &< (Lu) , (6)

where we simply penalize the cumulative probability by a
linear term of ¢(I, u) scaled by a hyper-parameter A. Beyond
this redefinition of the feasible set Uy (X; 7), we keep every-
thing else of min-CPS as it is, including solving the instance-
level problem (3), and the binary search for 7 as in Algo-
rithm 2. We refer this algorithmic procedure as minimum-
length regularized conformal prediction sets (min-RCPS).
Analogous to min-CPS in (5), we also derive the objective
of min-RCPS by using U, of (6) as follows:

min T S.t.

Z]l

(l/\(Xi, 7),u)\ (X4 7)) € argming ey, (x,:m) (1 w), Vi

)

(Xi;7) <Y <u(Xis7)] = [(1 = a)(n+ 1)1,

Notably, when A = 0, the regularization term vanishes and
min-RCPS reduces min-CPS. We highlight that min-RCPS
does not break the assumption of data exchangeability, so
we have the following result:

Corollary 1. (Marginal coverage of min-RCPS) Min-
RCPS preserves exchangeability and follows the same split-
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conformal calibration rule as min-CPS. Therefore, the cali-
brated threshold 7 ensures the standard marginal coverage
guarantee as in (1).

4 Experiments
4.1 Experimental Setup

Overview. We conduct extensive experiments to demon-
strate the effectiveness of our proposed method on sev-
eral real-world datasets. Following the literature of CP, we
specifically evaluate two crucial metrics of ordinal CP meth-
ods: coverage and prediction set size. We compare our re-
sults against the state-of-the-art baseline Ordinal APS (Lu,
Angelopoulos, and Pomerantz 2022), a naive method (re-
ferred to as Naive CDF, which is first used in (Lu, An-
gelopoulos, and Pomerantz 2022) and a recent method
WCRC (Xu, Guo, and Wei 2023) as a baseline).

Datasets. We evaluate our method on four publicly-
available benchmark datasets for ordinal classification,
which demonstrate both the modality diversity and the real-
world relevance of ordinal classification:

* UTKFace (Kaggle version) (Kang 2019): A large-scale
facial age dataset with over 20,000 images. Age is an in-
herently ordered variable, making it an ideal test-bed for
ordinal classification methods.

Avocado Price (Kiggins 2018): Historical weekly avo-
cado prices discretised into ordinal price bands. This tab-
ular, time-series dataset represents economic or financial
forecasting scenarios where the outcome (price level) fol-
lows a natural ranking. It tests whether our approach gen-
eralises beyond vision data to structured numerical fea-
tures subject to temporal trends and market volatility.

Electric Motor Temperature (Kirchgessner 2018):
Multivariate sensor readings for monitoring motor tem-
perature, discretised into ordinal risk/temperature ranges.
Industrial condition-monitoring is a safety-critical do-
main: well-calibrated uncertainty is crucial to avoid both
false alarms and missed overheating events. The sequen-
tial nature and class imbalance pose additional chal-
lenges for ordinal coverage guarantees.

IMDB (Rothe, Timofte, and Gool 2015): A large-scale
facial age dataset containing over 500,000 images col-
lected from IMDB and Wikipedia. The dataset provides
a challenging test-bed for ordinal classification and un-
certainty quantification methods. Its scale, diverse real-
world face conditions, and long-tailed age distribution
make it a widely adopted benchmark in recent works
(Keramati, Meng, and Evans 2024; Dong et al. 2025).

Together, these datasets span image, tabular-economic,
and time-series sensor modalities, enabling us to assess the
robustness and general applicability of our conformal ordi-
nal predictors across heterogeneous real-world tasks.

Baselines. We consider three leading ordinal conformal

prediction methods as baselines:

* Ordinal APS (Lu, Angelopoulos, and Pomerantz 2022):
A variant of APS specifically tailored for ordinal classifi-
cation, ensuring contiguous intervals.



Dataset Method Coverage Prediction Set Size
Naive CDF  0.9002 4+ 0.0041  41.2510 & 0.3770
Ordinal APS  0.9015 + 0.0040  5.3645 + 0.0609
Temperature WCRC 0.9025 £ 0.0030  5.3538 + 5.0566
min-CPS 0.9017 £ 0.0048  5.0902 + 0.0581
min-RCPS 0.9021 £ 0.0034 4.9913 + 0.0428
Naive CDF  0.9025 £+ 0.0048  73.6699 + 0.9021
Ordinal APS  0.9021 £+ 0.0071  32.0085 + 0.3504
UTKFace WCRC 0.9008 + 0.0046  31.7998 + 18.3118
min-CPS 0.9026 £+ 0.0055  29.7669 =+ 0.2332
min-RCPS 0.9025 £ 0.0055  29.7661 + 0.2094
Naive CDF  0.9012 + 0.0046 ~ 23.2533 + 0.0693
Ordinal APS  0.9024 + 0.0030  15.1795 + 0.0596
Avocado Price  WCRC 0.9014 £ 0.0043  15.1587 £ 4.9565
min-CPS 0.9034 £ 0.0057  9.1179 £ 0.0964
min-RCPS 0.9033 +£0.0054  8.9235 + 0.0510
Naive CDF  0.8984 4+ 0.0062  37.3994 + 0.6318
Ordinal APS  0.9022 4+ 0.0064  29.0753 + 0.3479
IMDB WCRC 0.9008 + 0.0000  29.1937 £ 0.0122
min-CPS 0.9022 £ 0.0055  28.1761 + 0.3339
min-RCPS 0.9019 £ 0.0072  28.2635 + 0.3791

Table 1: Coverage and prediction set size (o« = 0.1). Bold
numbers indicate the smallest prediction set size, while all
methods guarantees at least 1 — « coverage rate. On Tem-
perature, UTKFace, Avocado Price and IMDB, compari-
son with the best baseline (Ordinal APS), min-CPS reduces
the prediction set size by 5.11%J., 7%, 39.93%], 3.49%,
while min-RCPS reduces it by 6.96%., 7.01%J, 41.21%,,
3.16%.. Average over all datasets, min-CPS and min-RCPS
reduce the prediction set size by 14%/ and 15%.

* Naive CDF (also used in (Lu, Angelopoulos, and Pomer-
antz 2022) as a baseline): A simple method to construct
prediction intervals directly from cumulative probabilities.

* Weighted CRC (Xu, Guo, and Wei 2023): A conformal
risk-control method for ordinal classification that weights
miscoverage by class-dependent severity to produce cali-
brated interval predictions.

Evaluation Metrics. The evaluation metrics used in our
experiments include the coverage of the true label and the
average size of prediction sets under coverage, which are
detailed as follows:

* Coverage (examine if > 1 — «) is defined as the empir-
ical coverage rate and can be computed by:

n+m
Coverage = - _;11[}2 e C(X3)],

n+m

where Diege = { (X3, Y3) 200

being the number of test samples. C denotes any ordinal
CP methods (i.e., Naive CDF, Ordinal APS, min-CPS or
min-RCPS) used in the experiment.

1 1s the test dataset with m

* The average size of prediction sets (smaller better) is
defined as average number of classes in prediction sets:

n+m

1 ~
Predicti ize = — ;
iction set size = — Z Z 1y € C(X,)],
i=n+1lyecy
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a Method Coverage Prediction Set Size
Naive CDF 09012 4+ 0.0046  23.2533 £ 0.0693
Ordinal APS  0.9024 £ 0.0030  15.1795 + 0.0596
a=01 WCRC 0.9014 +0.0043  15.1587 £ 4.9565
min-CPS 0.9034 £ 0.0057  9.1179 + 0.0964
min-RCPS 0.9033 + 0.0054  8.9235 + 0.0510
Naive CDF  0.9507 4+ 0.0042  25.5960 + 0.1128
o = 0.05 Ordinal APS  0.9509 £ 0.0026  16.7082 + 0.0648
WCRC 0.9520 = 0.0000  16.6785 £ 0.0523
min-CPS 0.9517 £ 0.0036  10.6557 + 0.0959
min-RCPS 0.9516 + 0.0036  10.7631 £+ 0.0733
Naive CDF  0.9904 £+ 0.0019  29.2091 + 0.1967
o = 0.01 Ordinal APS  0.9903 £ 0.0018  19.6791 £ 0.1949
WCRC 0.9905 = 0.0000  19.7776 £+ 0.0216
min-CPS 0.9901 +0.0016  14.7986 + 0.2855
min-RCPS 0.9894 + 0.0019  14.4887 + 0.3399

Table 2: Coverage and prediction set size on Avocado Price
with various a. (1) When o = 0.1, the prediction set size
decreases by 39.93%)] for min-CPS and 41.21% for min-
RCPS. (2) When a = 0.05, min-CPS and min-RCPS re-
duce the prediction set size by 36.22% and 35.58%, re-
spectively. (3) When o = 0.01, the reduction is 24.80% for
min-CPS and 26.38%, for min-RCPS. On average across all
three « values, min-CPS and min-RCPS reduce the predic-
tion set size by 33.65% and 34.39%, respectively.

which iterates all test samples and counts how many ordi-

nal labels are included in the C/(X;). Smaller sets imply
higher prediction certainty and informativeness.

Parameter Setting. We perform experiments under dif-
ferent miscoverage rates « (i.e., 0.1, 0.05, and 0.01) to
thoroughly evaluate performance and robustness. For min-
RCPS, we tune the length regularization hyper-parameter A
from a reasonable range {0,0.001,0.003,0.005, ...,0.019}
(with 0.002 increasing step from 0.001), where we also con-
duct a sensitivity experiment later.

4.2 Experiment Results

Comparison with Baselines Across Benchmark Datasets.
The overall performance comparison of all ordinal CP meth-
ods across four benchmark datasets is reported in Table 1,
where we follow a standard practice in the CP literature (Ro-
mano, Sesia, and Candes 2020; Angelopoulos et al. 2020;
Huang et al. 2024) and set « = 0.1. The results clearly
demonstrate that both min-CPS and min-RCPS significantly
improve the predictive efficiency over the best one of Ordi-
nal APS, Naive CDF and WCRC.

Specifically, on Temperature, UTKFace, Avocado Price
and IMDB, min-CPS relatively reduces the prediction set
size by 5.11%J], 7%{, 39.93%| and 3.49%., while min-
RCPS relatively reduces the prediction set size by 6.96%.,
7.01%], 41.21%] and 3.16%J. On average across all four
datasets, min-CPS and min-RCPS reduce the prediction set
size by 14%/| and 15%], respectively. These relative im-
provements of predictive efficiency (more than 10% J in
prediction set size) are clearly significant over the CP litera-
ture (Ding et al. 2024; Huang et al. 2024; Shi et al. 2024).



(a) Coverage vs Lambda (b) Prediction Set Size vs
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Figure 1: Impact of the regularization hyper-parameter A in
min-RCPS on coverage and prediction set size on the Av-
ocado Price dataset. When the coverage is guaranteed, the
prediction set size initially decreases as A increases from 0 to
0.003, where min-RCPS outperforms min-CPS by 2.13%.
in terms of prediction set size. We find that setting A to a
relatively small value is sufficient to improve the predictive
efficiency, and this happens on other datasets.

(a) Coverage vs ghat (b) Coverage vs ghat
(UTKFace) (IMDB)
1.000 1.000
0.800 0.800
0.600 0.600
0.400 0.400
0.200 0.200
0.000 ! ! ! ! 1 0.000 ! ! ! ! .

0 02 04 06 08 1 0 02 04 006 08 1
Figure 2: The empirical coverage rate F'(7): verify F(7)
monotonically increases in 7 (ref. Section 3.3)

Sensitivity Analysis under Different Miscoverage Levels.
We further evaluate the methods under varying miscoverage
levels, i.e., a € {0.1,0.05,0.01}, on the UTKFace dataset.
We report the results of coverage and prediction set size for
all methods in Table 2. Our results indicate that our meth-
ods consistently achieves smaller prediction sets across all
evaluated « values, highlighting its stability and robustness.
Specifically, our observation can be summarized by

* When o 0.1, the prediction set size decreases by
39.93% for min-CPS and 41.21%. for min-RCPS.

When a = 0.05, min-CPS and min-RCPS reduce the
prediction set size by 36.22%| and 35.58%), respec-
tively, compared with the best baseline.

When a = 0.01, the reduction is 24.80%. for min-CPS
and 26.38%. for min-RCPS. On average across all three
« values, min-CPS and min-RCPS reduce the prediction
set size by 33.65%/ and 34.39%., respectively.

Impact of Regularization Parameter )\ in min-RCPS.
We analyze the effect of the regularization hyperparameter
A for min-RCPS on coverage and prediction set sizes. Fig-
ures 1 illustrate these effects on the Avocado Price datasets:
* As X increases, the prediction set sizes initially decrease
and reach a smallest prediction set size when A = 0.003.

* Appropriately choosing A significantly enhances the com-
pactness of prediction sets as maintaining valid coverage.
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Dataset Method Running Time (s)
Ordinal APS 6183
Temperature min-CPS 312
min-RCPS 321
Ordinal APS 4855
min-CPS 223
UTKFace min-RCPS 215
Ordinal APS 711
. min-CPS 67
Avocado Price min-RCPS 63
Ordinal APS 823
min-CPS 84
IMDB min-RCPS 87

Table 3: Running time across datasets (o = 0.1). All meth-
ods guarantee at least 1 — « coverage rate with 10 trials.
On Temperature, UTKFace, Avocado Price and IMDB, min-
CPS speeds up x19.82, x21.77, x10.62 and x9.80 over Ordi-
nal APS, while min-RCPS speeds up x19.26, x22.58, x11.29
and x9.46 over Ordinal APS. The stop criteria for both min-
CPS and min-RCPS are to keep iterating until the coverage
has been guaranteed (exceeding 1 — «).

* We recommend selecting the optimal A via cross-
validation or a calibration set for practical applications.

Running time comparison. We also compare the running
time for all methods. Table 3 presents the running time com-
parison across four datasets under the setting o = 0.1 with
10 trials. Our proposed methods, min-CPS and min-RCPS,
demonstrate a significant computational advantage over the
baseline Ordinal APS. Specifically, on Temperature, UTK-
Face, Avocado Price and IMDB, min-CPS speeds up x19.82,
x21.77, x10.62 and x9.80 over Ordinal APS, while min-
RCPS speeds up x19.26, x22.58, x11.29 and x9.46 over Or-
dinal APS. For the fair comparison, the stop criteria for both
min-CPS and min-RCPS are to keep iterating until the cov-
erage has been guaranteed (exceeding 1 — ).

5 Conclusion

In this work, we introduced min-CPS, a model-agnostic
conformal prediction method for ordinal classification based
on an instance-level minimum-length covering formula-
tion, along with a linear-time sliding-window algorithm.
Under a mild radial monotonicity condition, the result-
ing prediction sets are nested, enabling efficient calibra-
tion with valid marginal coverage. We further proposed
min-RCPS, a length-regularized extension that incorporates
interval-length information while preserving the same cov-
erage guarantee. Across vision, sensor, and tabular datasets,
both methods maintain target coverage while producing
more compact prediction sets than existing ordinal CP ap-
proaches, reducing average interval sizes by 14%-15% (up
to 30—40% ) and achieving 10 x-22x speedups over Ordinal

APS.
?
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