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Abstract

Access to multiple predictive models trained for the same
task, whether in regression or classification, is increasingly
common in many applications. Aggregating their predictive
uncertainties to produce reliable and efficient uncertainty
quantification is therefore a critical but still underexplored
challenge, especially within the framework of conformal pre-
diction (CP). While CP methods can generate individual pre-
diction sets from each model, combining them into a single,
more informative set remains a challenging problem. To ad-
dress this, we propose SACP (Symmetric Aggregated Con-
formal Prediction), a novel method that aggregates noncon-
formity scores from multiple predictors. SACP transforms
these scores into e-values and combines them using any sym-
metric aggregation function. This flexible design enables a ro-
bust, data-driven framework for selecting aggregation strate-
gies that yield sharper prediction sets. We also provide theo-
retical insights that help justify the validity and performance
of the SACP approach. Extensive experiments on diverse
datasets show that SACP consistently improves efficiency and
often outperforms state-of-the-art model aggregation base-
lines.

Code — https://github.com/jadz1/SACP-
SymmetricConformalAggregation

1 Introduction
Artificial Intelligence (AI) has transformed numerous do-
mains, including computer vision, natural language process-
ing, forecasting, and decision-making in high-stakes envi-
ronments. Its success largely arises from the ability to learn
complex patterns and extract meaningful representations
from large, high-dimensional datasets. However, despite
their impressive predictive performance, many AI models
fail to provide reliable estimates of uncertainty (Abdar et al.
2021; Wang et al. 2025). This shortcoming is particularly
critical in high-risk applications, where erroneous predic-
tions can lead to severe consequences. In such settings, it
is essential to assess not only what a model predicts but also
how confident it is in those predictions.
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In recent years, conformal prediction (CP) has emerged
as a powerful, distribution-free framework for construct-
ing prediction sets with finite-sample coverage guarantees
(Vovk, Gammerman, and Shafer 2005; Angelopoulos and
Bates 2022). After training a model on the training data,
CP uses a separate calibration set to compute nonconformity
scores (NCSs), which measure how well each sample con-
forms to, or deviates from, the patterns learned by the model.
These calibration scores are assumed to be exchangeable
with the test data. Under this assumption, CP provides ex-
act marginal coverage guarantees without relying on strong
distributional assumptions, making it particularly valuable
in applications where reliability is critical.

When multiple predictive models are available for the
same task, aggregating their outputs is a common strat-
egy in machine learning to improve predictive performance,
enhance robustness, and reduce variance (Dietterich 2000;
Breiman 1996). However, despite the success of model ag-
gregation in traditional settings, its integration within the
CP framework remains relatively underexplored. A cen-
tral challenge lies in effectively combining the outputs of
multiple conformal predictors to produce sharper predic-
tion sets while preserving the exact coverage guarantees that
make CP so appealing. In this context, efficiency refers to
the tightness or expected size of the prediction sets, where
smaller sets at the same coverage level indicate a more in-
formative and useful predictor. This motivates two key ques-
tions: How can conformal predictions from multiple models
be aggregated? And does such aggregation improve cover-
age and/or efficiency?

Several methods have been proposed to address this chal-
lenge. One prominent line of work focuses on model selec-
tion, aiming to identify the most suitable predictors based
on specific performance criteria (Jin and Candès 2023; Yang
and Kuchibhotla 2024; Gasparin and Ramdas 2024a). Other
studies have explored merging prediction sets from individ-
ual conformal predictors in a black-box manner (Gasparin
and Ramdas 2024b). More recent approaches go further by
leveraging the structure of the conformity scores produced
by each model (Rivera, Patel, and Tewari 2025; Luo and
Zhou 2025). These methods aim to exploit shared patterns
across predictors to improve efficiency, producing sharper
prediction sets while maintaining valid coverage guarantees.
However, some approaches rely on additional hyperparame-
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ters or fail to fully utilize all available data. Furthermore, the
existing literature lacks a systematic comparison of these ag-
gregation strategies, leaving their relative strengths and lim-
itations insufficiently understood.

To address these gaps, we propose Symmetric Aggre-
gated Conformal Prediction (SACP), a novel method that
constructs a single prediction set by symmetrically aggre-
gating normalized conformity scores from multiple predic-
tors. SACP operates in two stages. First, it normalizes the
scores using a transformation inspired by recent advances in
e-value–based CP (Balinsky and Balinsky 2024; Gauthier,
Bach, and Jordan 2025b,a). Second, it applies an arbitrary
symmetric aggregation function to combine the normalized
scores. This design yields a flexible framework that sup-
ports data-driven aggregation strategies capable of preserv-
ing coverage while enhancing efficiency. The main contri-
butions of this work are summarized as follows:
• We introduce Symmetric Aggregated Conformal Pre-

diction (SACP), a novel method that symmetrically
combines normalized nonconformity scores from multi-
ple predictors to construct a single, informative predic-
tion set.

• We develop a data-driven variant of SACP, supported by
theoretical analysis, that adaptively selects aggregation
strategies to improve efficiency while preserving exact
marginal coverage.

• We conduct a comprehensive empirical evaluation on
both regression and classification tasks, demonstrating
that SACP consistently produces sharper prediction sets
and outperforms existing conformal aggregation base-
lines.

2 Background
We consider a supervised learning setting with a dataset
{(Xi, Yi)}i∈I ⊂ X × Y drawn i.i.d. from an unknown
distribution P , where X is the input space, Y ⊂ R is the
output space, and I is the set of data indices. We split
the index set I into three disjoint subsets: Itrain, Ical, and
Itest, corresponding respectively to the training, calibra-
tion, and test data. We denote Ical = {1, . . . , n}, where
n = |Ical| is the calibration set size. We consider K
base regression or classification predictors µ̂(1), . . . , µ̂(K),
each trained on {(Xi, Yi)}i∈Itrain . Given a new test pair
(Xtest, Ytest), assumed exchangeable with the calibration
set {(Xi, Yi)}1≤i≤n, our goal is to construct a prediction set
for the unknown label Ytest ∈ Y with a guaranteed miscov-
erage level α ∈ (0, 1) while minimizing its expected length.

Conformal Prediction. Conformal Prediction provides
distribution-free prediction sets with finite-sample cover-
age guarantees (Vovk, Gammerman, and Shafer 2005; An-
gelopoulos and Bates 2022). In our setting, for each pre-
dictor k = 1, . . . ,K, we compute nonconformity scores
(NCSs) on the calibration set {(Xi, Yi)}1≤i≤n, defined as
s
(k)
i = s(k)(Xi, Yi), where s(k) : X × Y → R+ measures

how atypical the true label Yi is with respect to the model
prediction µ̂(k)(Xi). For regression, we set s(k)(X,Y ) =
|Y − µ̂(k)(X)|, and for classification, s(k)(X,Y ) = 1 −

µ̂
(k)
Y (X), where µ̂(k)(X) and µ̂

(k)
Y (X) denote the estimated

regression function and the predicted probability of class Y ,
respectively. Alternative definitions of nonconformity scores
can also be used; see Dheur et al. (2025) for examples. De-
note by s

(k)
(1) ≤ · · · ≤ s

(k)
(n) the order statistics of the calibra-

tion scores, and let Q̂k
α = s

(k)
(⌈(1−α)(n+1)⌉) be their empirical

quantile, computed from Scal := {s(k)i }1≤i≤n. The corre-
sponding prediction set is defined as

Ck
α(Xtest) = { y ∈ Y | s(k)(Xtest, y) ≤ Q̂k

α}, (1)

which guarantees finite-sample marginal coverage:

P
(
Ytest ∈ Ck

α(Xtest)
)
≥ 1− α. (2)

Alternatively, one can define s̃(k) = −s(k) and express the
prediction set as Ck

α(Xtest) = { y ∈ Y | s̃(k)(Xtest, y) ≥
qkα}, with qkα = s̃

(k)
(⌊(n+1)α⌋), which still satisfies (2). This

formulation highlights that the resulting prediction set de-
pends on the choice of nonconformity score.

CP Aggregation Methods. Aggregating predictors within
the CP framework aims to combine the outputs of multiple
models trained for the same task into a single unified pre-
diction set. Since efficiency is also a key objective, aggre-
gation methods typically aim to produce the smallest pos-
sible prediction sets while maintaining valid coverage guar-
antees. Broadly, these approaches can be grouped into two
main classes:
1. Combining prediction sets. A simple aggregation strat-
egy combines the individual prediction sets either by in-
tersection,

⋂K
k=1 Ck

α, which reduces the set size but yields
coverage of at least 1 − Kα, or by union,

⋃K
k=1 Ck

α, which
guarantees coverage at the cost of a larger prediction set.
Yang and Kuchibhotla (2024) proposed a model selection
approach that chooses the single best predictor by minimiz-
ing the expected prediction set length:

CSel
α (Xtest) := C k⋆

α (Xtest), k⋆ ∈ arg min
1≤k≤K

E
[ ∣∣Ck

α(Xtest)
∣∣ ] .

(3)
A more intuitive alternative is the majority vote method

introduced by Gasparin and Ramdas (2024b), which in-
cludes a candidate label if it is accepted by most individual
predictors:

CM
α (Xtest) :=

{
y ∈ Y | 1

K

K∑
k=1

1[y∈Ck
α(Xtest)] >

1

2

}
, (4)

achieving coverage of at least 1−2α. To further improve ef-
ficiency, the authors proposed a randomized variant in which
the fixed majority threshold 1/2 is replaced by 1/2+U , with
U ∼ Unif[0, 1]. While elegant, the majority vote approach
operates solely on the final prediction sets, limiting its ability
to fully exploit the information available at the score level.
2. Combining scores. Another class of methods aggre-
gates information directly from the nonconformity scores
(NCSs). Luo and Zhou (2025) propose aggregating NCSs
through a convex combination. For any pair (X,Y ), let
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Method Coverage Guarantee Time complexity Calibration Notes

Wagg 1− α O(Wgrid · n1 + n2 ·Wgrid ·Dgrid + n3) Split in 2 or 3 Challenging in high dimensions
CSA 1− α O(M ·K · n) Split in 2 Based on projected quantiles
CM & CR 1− 2α O(K · n) No split Set-level symmetric aggregation
SACP 1− α O(Dgrid ·K · n) No split Choice of aggregating function

Table 1: Comparison of aggregation methods. Time complexity refers to the time to generate the prediction set of a single test
point. Notation: ni — calibration size of subset i of the calibration set; n — total calibration size; K — number of predictors;
Wgrid — size of the grid for weights; M — number of directions. Dgrid — number of classes (in classification) or length of the
discretized target space Y (in regression).

s(X,Y ) = (s(1)(X,Y ), . . . , s(K)(X,Y ))⊤ denote the cor-
responding vector of NCSs. The aggregated score is then
given by s(X,Y )⊤w, where w lies on the (K − 1)-simplex
(i.e., wk ≥ 0 and

∑K
k=1 wk = 1) and is chosen to mini-

mize the expected prediction set length. The corresponding
prediction set is defined as

Cw
α (Xtest) :=

{
y ∈ Y

∣∣∣ s(Xtest, y)
⊤w ≤ Q̂α

}
, (5)

where Q̂α is the empirical (1−α)-quantile of the aggregated
scores, computed from a subset of the calibration data to
ensure valid coverage.

Rivera, Patel, and Tewari (2025) propose Conformal
Score Aggregation (CSA), a method based on multivari-
ate quantiles. The calibration set is split into two subsets,
Scal := S(1) ∪ S(2). On S(1), CSA samples M directions
{um}Mm=1 on the positive unit sphere and determines thresh-
olds qm such that a fraction β of projections u⊤

ms exceed
each qm. These thresholds define the envelope

H(β) =
M⋂

m=1

{
s ∈ S(1) : u⊤

ms ≤ qm(β)
}
,

and a binary search over β is performed to achieve 1 − α
coverage on S(1). Next, each score s ∈ S(2) is mapped to
maxm

(
u⊤
ms

qm(β∗)

)
; rescaling H(β∗) by the empirical (1−α)-

quantile of these normalized values preserves exchangeabil-
ity and guarantees exact coverage. Table 1 summarizes these
aggregation methods.

Setup Justification. In the context of aggregation, the key
components are the training data, the calibration data, and
the nonconformity scores (NCSs). Differences in any of
these elements can lead to distinct CP settings. To ensure
a fair and consistent comparison across methods, our setup
uses K predictors trained on the same training dataset, eval-
uated on the same calibration set using a fixed nonconfor-
mity score.

3 Our SACP Method
Our SACP method aims to construct a single final predic-
tion set from K base predictors. Recent advances in confor-
mal prediction have underscored the importance of e-values
for uncertainty quantification (Gauthier, Bach, and Jordan
2025b). Building on this idea, SACP normalize the noncon-
formity scores by transforming them into e-variables. They

are then combined through a symmetric aggregation func-
tion, enabling the use of standard (split) conformal predic-
tion.
Definition 3.1. An e-variable E is a nonnegative random
variable (E ≥ 0) that satisfies, under a null hypothesis H0,

EH0 [E] ≤ 1. (6)

An e-value is the observed value of an e-variable.
The first step of SACP is to construct e-variable–like

transformations of the nonconformity scores, inspired by the
work of Balinsky and Balinsky (2024), although we do not
rely on the general e-value theory. This construction is based
on the following proposition.
Proposition 3.2. Consider exchangeable and positive ran-
dom variables {Si}1≤i≤n+1. Then, the random variables

Ej =
Sj

1
n+1

∑n+1
i=1 Si

, j = 1, . . . , n (7)

have expectation equal to one.
Specifically, for each predictor and its corresponding

scores, SACP constructs n + 1 exchangeable e-variables of
the form (7).

Let y ∈ Y denote a candidate label associated with
Xtest, so that s(k)(Xtest, y) quantifies its conformity under
predictor k. For each k = 1, . . . ,K and each calibration
point (Xi, Yi), i = 1, . . . , n, we construct the calibration
e-variable

E
(k)
i (y) =

s(k)(Xi, Yi)

1
n+1

(∑n
j=1 s

(k)(Xj , Yj) + s(k)(Xtest, y)
) .

(8)
This quantity is the ratio of the ith score from predictor k to
the average of all calibration scores augmented with the test
score for the candidate y.

Since the scores {s(k)(Xi, Yi)}1≤i≤n are exchangeable,
E

(k)
i follows the same form as in (7) and is therefore an

e-variable (under the null hypothesis H0 : y = Ytest, and
assuming the NCS are positive). For each calibration point
(Xi, Yi), we define its corresponding e-vector as Ei =

(E
(1)
i , . . . , E

(K)
i )⊤ ∈ RK . Similarly, the test e-variable is

defined as

E
(k)
test (y) =

s(k)(Xtest, y)
1

n+1

(∑n
i=1 s

(k)(Xi, Yi) + s(k)(Xtest, y)
) , (9)
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and the corresponding test e-vector is Etest =

(E
(1)
test , . . . , E

(K)
test )⊤.

Note that all {E(k)
i }1≤i≤n share the same denominator,

so their relative ordering is preserved. Moreover, the test e-
variable mirrors the behavior of the test score, decreasing as
s(k)(Xtest, y) decreases.

The second step of SACP is to combine the constructed e-
variables using a symmetric function f : RK −→ R, which
merges the e-variables into new aggregated scores. For i =
1, . . . , n, we define

Fi(y) := f(Ei(y)), Ftest(y) := f(Etest(y)). (10)

Working with symmetric aggregators is especially natural
in a distribution-free setting and offers two key advantages.
First, the aggregated score is invariant to how the base mod-
els are indexed or labeled: permuting their indices leaves the
aggregated scores unchanged, ensuring that model labeling
has no effect. Second, symmetry confines us to a structured
and interpretable class of functions, which in turn makes it
easier (a) to optimize the aggregator in practice and (b) to
derive theoretical results on the resulting prediction-set size.

Note that the aggregated scores’ behavior directly de-
pends on the choice of the aggregation function. When the
aggregated scores exhibit the characteristics of a classical
NCS, in which smaller values correspond to higher confor-
mity, the prediction set is defined as

Cf, ↑
α (Xtest) = {y ∈ Y | Ftest(y) ≤ Q̂α(y)}, (11)

where
Q̂α(y) := F(⌈(1−α)(n+1)⌉)(y) (12)

is the upper empirical quantile of {Fi}1≤i≤n. In contrast,
when higher values indicate better conformity, the prediction
set is

Cf, ↓
α (Xtest) = {y ∈ Y | Ftest(y) ≥ q̂α(y)}, (13)

where
q̂α(y) := F(⌊α(n+1)⌋)(y) (14)

is the lower empirical quantile of {Fi}1≤i≤n.

Theorem 3.3. The SACP prediction sets defined in (11) and
(13) verify the coverage property (2).

The proof follows from the exchangeability of {Fi}1≤i≤n ∪
Ftest, see Appendix A. In our implementation of SACP, the
default choice for f is the sum of its inputs. An overview of
the main steps of SACP is presented in Figure 1.
Remark 1. If we interpret the original NCS as “smaller val-
ues correspond to better conformity,” then indeed the be-
havior of the aggregated score aligns with the monotonicity
of f . If f is non-decreasing component-wise, the resulting
merged score behaves as a NCS: lower values indicate bet-
ter conformity. In this case, the prediction set is constructed
using (11). In contrast, if f is decreasing component-wise,
the interpretation is reversed: higher values indicate better
conformity, and the prediction set is built according to (13).
If f is non-monotonic, it is difficult to draw precise conclu-
sions about the behavior of the aggregated scores.

Figure 1: Diagram illustrating key steps of SACP

Remark 2. Unlike the standard CP framework, the thresh-
olds q̂α and Q̂α depend on the candidate label y. In classifi-
cation tasks, a separate quantile must be computed for each
class, whereas in regression we discretize the output space Y
into a uniform grid and compute one quantile for each grid
point.

Our SACP method offers several key advantages and is
particularly relevant in the context of conformal aggrega-
tion:

• To the best of our knowledge, this is the first approach
to apply symmetric conformal aggregation at the score
level while guaranteeing 1−α coverage. This is achieved
without requiring any additional data splitting of the cal-
ibration set (see Table 1).

• Transforming raw scores into e-variables standardizes
them across models by ensuring a common first moment
(i.e., an expected value equal to one), enabling fair aggre-
gation regardless of differences in scale or distribution.

• The method is conceptually simple and allows a flexi-
ble choice of the symmetric function, paving the way
for further improvements through data-driven aggrega-
tion strategies.

Theoretical analysis

The aggregation of scores using an arbitrary symmetric
function is subtle and requires careful analysis. In this sec-
tion, we examine the influence of the symmetric aggregation
function and explore key properties of the empirical quan-
tile. These results allow us to derive a worst-case bound for
our prediction set in regression tasks. All proofs are provided
in Appendix A.

The Aggregating Function. SACP requires selecting a
symmetric function; however, not all symmetric functions
yield more informative prediction sets. Since analyzing the
general structure of symmetric functions is inherently diffi-
cult, we follow the framework of Zaheer et al. (2018) and
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focus on the following subclass:

f(x) := (ρ ◦ Φ)(x) = ρ

(
K∑

k=1

ϕ(xk)

)
, (15)

where x = (x1, . . . , xK)T ∈ (R+)
K , and ϕ and ρ are con-

tinuous scalar transformations.
As discussed earlier, the monotonicity of f plays a crucial

role in determining how the aggregated scores behave like
NCS. Therefore, we restrict attention to strictly monotonic
functions ρ and ϕ.

If f is increasing, then ρ and ϕ share the same monotonic-
ity. In this case, the aggregated scores Fi in (10) behave like
NCS, and the corresponding prediction set is given in (11).
Conversely, if f is decreasing, ρ and ϕ have opposite mono-
tonicity, and the associated prediction set is given in (13).
Monotonic transformations are particularly convenient, as
their influence on the ordering of scores is simpler to ana-
lyze.
Proposition 3.4. Let V(1) ≤ · · · ≤ V(n) be the order
statistics of V1, . . . , Vn ∈ R. Let g : R → R be continu-
ous and define Ṽi = g(Vi); denote their order statistics by
Ṽ(1) ≤ · · · ≤ Ṽ(n). Then, for any α ∈ (0, 1),
• If g is strictly decreasing, then

Ṽ(⌈(n+1)(1−α)⌉) = g
(
V(⌊(n+1)α⌋)

)
. (16)

• If g is strictly increasing, then

Ṽ(⌈(n+1)(1−α)⌉) = g
(
V(⌈(n+1)(1−α)⌉)

)
. (17)

This proposition directly implies the following result.
Proposition 3.5. For any α ∈ (0, 1), consider a symmet-
ric function of the form (15), where ρ and ϕ are monotonic.
Then, for a test point Xtest, we have:
• If ρ is strictly non-decreasing:

Cρ◦Φ, ↑
α (Xtest) = CΦ, ↑

α (Xtest), (18)

Cρ◦Φ, ↓
α (Xtest) = CΦ, ↓

α (Xtest). (19)
• If ρ is strictly non-increasing:

Cρ◦Φ, ↑
α (Xtest) = CΦ, ↓

α (Xtest), (20)

Cρ◦Φ, ↓
α (Xtest) = CΦ, ↑

α (Xtest). (21)
Therefore, these results show that the dependence on ρ can
be eliminated when constructing our prediction set: Cρ◦Φ

α =
CΦ
α .

For this reason, we consider the following class of symmet-
ric functions.
Definition 3.6. A function Φ is called a ϕ-aggregating func-
tion if it can be expressed as

Φ(x) :=
K∑

k=1

ϕ(xk), (22)

for all x = (x1, . . . , xK)⊤ ∈ (R+)
K , where ϕ : R+ → R

is continuous and monotonic. The set of all ϕ-aggregating
functions is denoted by Fagg.
From this point onward, we restrict our attention to aggre-
gating functions of the form given in Definition 3.6. We next
establish a bound on the length of our prediction set, which
requires intermediate results on the empirical quantile.

Quantile Aggregation. Aggregating quantiles under ar-
bitrary dependence is a classical problem in statistics and
probability theory, with early work dating back to the early
20th century (Vincent 1912; Thomas and Ross 1980). More
recent research has established theoretical bounds and rela-
tionships between individual quantiles and their aggregated
counterparts (Lichtendahl Jr, Grushka-Cockayne, and Win-
kler 2013; Blanchet et al. 2024).

The SACP methods involves computing the empirical
quantile of the aggregated scores, which we will seek to up-
per bound in order to establish our final theorem.

We now present an upper bound on the length of the
SACP prediction set. Since the length naturally depends on
the choice of the function ϕ in (22), quantifying this de-
pendence exactly is often intractable. Instead, we derive a
worst-case bound that holds uniformly over all admissible
choices of ϕ. This bound characterizes the maximal width
that any aggregated prediction set can attain, ensuring that
any specific choice of ϕ can only improve (i.e., tighten) the
prediction set relative to this limit.

Theorem 3.7 (Worst-case bound). For a regression setting
having K > 1 predictors, and using the absolute residual
nonconformity scores, consider Φ ∈ Fagg. For a test point
Xtest, denote by |CΦ

α (Xtest)| the length of the SACP predic-
tion set, and by |Ck

α(Xtest)| the length of the conformal pre-
diction set of the k-th predictor µ̂(k) at level α ∈ [ K

n+1 , 1).
Let α′ := α/K, and define the model disagreement at Xtest

as

∆test = max
1≤k≤K

µ̂(k)(Xtest)− min
1≤k≤K

µ̂(k)(Xtest). (23)

Then, ∣∣CΦ
α (Xtest)

∣∣ ≤ ∆test +max
k

∣∣Ck
α′(Xtest)

∣∣. (24)

The proof of Theorem 3.7 relies on bounding the quantities
that appear in the SACP prediction set. The inequality (24)
provides a worst-case guarantee on the length of the aggre-
gated prediction set.

An efficiency-oriented SACP method
We now propose an efficiency-oriented extension of SACP,
building upon the theoretical guarantees established earlier.
By Theorem 3.3, the prediction set CΦ

α achieves the desired
1−α coverage for any symmetric aggregation function Φ ∈
Fagg. This invariance allows us to exploit the flexibility in
choosing Φ to improve efficiency, specifically, to minimize
the expected length of the prediction sets.

Formally, we aim to find an aggregation function Φ∗ that
minimizes the prediction set length

Φ∗ = arg min
Φ∈Fagg

|CΦ
α |. (25)

However, searching over the entire space Fagg is intractable.
We therefore restrict attention to the parametric subclass

Φp(x) =
K∑

k=1

(xk)
p, p ∈ R, (26)
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which encompasses several standard aggregation schemes.
For instance, as p → +∞, Φp approaches the maximum
operator, while p → −∞ yields the minimum. This family
has also been successfully employed in conformal prediction
for efficiency optimization (Braun et al. 2025).

We then select the exponent p∗ that minimizes the average
prediction set length on the (unlabeled) test set:

p∗ = argmin
p∈R

1

|Itest|
∑
i∈Itest

|CΦp
α (Xi)|. (27)

Since Theorem 3.3 guarantees valid coverage for any sym-
metric aggregator, this optimization preserves coverage
while enhancing efficiency. Among all coverage-preserving
functions Φp, we thus select the exponent p∗ that minimizes
the average set length. We refer to this enhanced variant
as SACP++. Recall that the default SACP corresponds to
p = 1.

4 Related Work
Several approaches have been proposed to aggregate confor-
mal predictions. As discussed in Section 2, some methods
focus on aggregating prediction sets (Yang and Kuchibhotla
2024; Gasparin and Ramdas 2024b), while others operate
directly on the scores (Luo and Zhou 2025; Rivera, Patel,
and Tewari 2025). We next review additional contributions
in this area, highlighting their respective strengths and limi-
tations.

A number of works in the literature define multivariate
nonconformity scores for conformal prediction. Although
not explicitly designed for aggregation, these methods nat-
urally extend to it by mapping scores from RK to R. A re-
cent line of research leverages Optimal Transport to address
multivariate score spaces (Klein et al. 2025; Thurin, Nad-
jahi, and Boyer 2025). These approaches construct transport
maps that project multivariate nonconformity scores onto a
single radial axis, enabling the application of standard uni-
variate calibration procedures. While conceptually elegant
and theoretically well-grounded, they can be computation-
ally intensive and demand careful algorithmic design to en-
sure numerical stability and robust performance.

Our method involves the construction of nonconformity
scores inspired by e-values. E-values have recently gained
attention in the conformal prediction community as a pow-
erful alternative to p-values (Vovk 2025; Wang and Ramdas
2022; Ramdas and Wang 2024; Balinsky and Balinsky 2024;
Gauthier, Bach, and Jordan 2025b,a). Rooted in hypothesis
testing, e-values enable more natural and admissible aggre-
gation schemes (Vovk and Wang 2021; Wang 2024). They
are particularly appealing due to their flexibility, anytime
validity, robustness, post-hoc guarantees, and deep connec-
tions to betting and martingale theory. In contrast, their tradi-
tional counterparts, p-values, have long served as the corner-
stone of conformal prediction but exhibit limitations when
multiple p-values must be combined under arbitrary depen-
dence structures (Vovk and Wang 2020; Vovk, Wang, and
Wang 2022; Gasparin, Wang, and Ramdas 2025; Ramdas

and Wang 2024). While certain assumptions, such as ex-
changeability, can partially restore statistical power through
refined inequalities (e.g., Gasparin and Ramdas 2025), p-
values remain less flexible for aggregation in general set-
tings.

5 Experiments and Results
We conduct a large-scale experimental study evaluating our
methods, SACP and SACP++, on both regression and clas-
sification tasks, and compare their performance against sev-
eral conformal aggregation techniques.

Datasets. For regression, we use a benchmark of single-
output regression datasets from OpenML (Vanschoren et al.
2014), previously used in CP studies (Rivera, Patel, and
Tewari 2025). For classification, we evaluate on CIFAR-10
(Krizhevsky 2009) and MNIST (LeCun, Cortes, and Burges
2010), two standard benchmarks widely used in conformal
prediction research (Luo and Zhou 2025, 2024).

Baselines. We compare against four aggregation methods
described in Section 2: (i) the weighted aggregation ap-
proach of Luo and Zhou (2025), denoted Wagg; (ii) the
multivariate-quantile method of Rivera, Patel, and Tewari
(2025), denoted CSA; (iii) the deterministic and random-
ized majority-vote merging strategies of Gasparin and Ram-
das (2024b), denoted CM and CR, respectively; and (iv) a
best-model selection rule, denoted BL, which selects the in-
dividual model achieving the smallest average prediction-set
length (Yang and Kuchibhotla 2024; Gasparin and Ramdas
2024a).

Figure 2: coverage and average prediction set length per
method across OpenML regression datasets. For each
dataset, the bars correspond, from left to right, to BL, CR,
CM, Wagg, CSA, SACP, and SACP++.

Experimental setup. For each dataset, we perform 20 ran-
dom splits into 80% training, 10% calibration, and 10% test
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CIFAR-10 MNIST
Cov α=0.05 Cov α=0.1 Len α=0.05 Len α=0.1 Cov α=0.05 Cov α=0.1 Len α=0.05 Len α=0.1

Base Models

RN56 0.949±0.002 0.901±0.004 1.833±0.062 1.352±0.040 Logistic 0.951±0.004 0.902±0.005 1.109±0.016 0.956±0.007
ShuffV2 0.949±0.003 0.899±0.004 2.322±0.089 1.686±0.056 RF 0.951±0.005 0.901±0.006 0.970±0.005 0.908±0.006
VGG16 0.951±0.003 0.899±0.004 1.531±0.068 1.130±0.025 HistGB 0.950±0.005 0.901±0.006 0.958±0.005 0.903±0.005
DLA 0.950±0.003 0.899±0.005 1.620±0.063 1.218±0.037 MLP 0.950±0.003 0.908±0.010 0.958±0.004 0.912±0.010
EffNet 0.949±0.004 0.900±0.005 1.929±0.067 1.366±0.033 –

Aggregation Methods

BL 0.951±0.003 0.899±0.004 1.531±0.068 1.130±0.025 BL 0.950±0.005 0.901±0.006 0.958±0.005 0.903±0.005
CR 0.948±0.005 0.908±0.006 1.506±0.054 1.194±0.029 CR 0.962±0.003 0.926±0.005 0.975±0.004 0.931±0.005
CM 0.988±0.002 0.971±0.003 2.089±0.096 1.570±0.050 CM 0.961±0.018 0.967±0.003 0.975±0.024 0.988±0.004
Wagg 0.948±0.003 0.898±0.005 1.292±0.028 1.032±0.014 Wagg 0.950±0.004 0.901±0.005 0.955±0.004 0.903±0.005
CSA 0.950±0.005 0.898±0.007 1.294±0.037 1.038±0.018 CSA 0.952±0.004 0.900±0.006 0.958±0.005 0.903±0.006
SACP 0.950±0.003 0.899±0.004 1.308±0.033 1.034±0.014 SACP 0.951±0.004 0.901±0.005 0.956±0.004 0.904±0.005
SACP++ 0.949±0.003 0.898±0.004 1.281±0.027 1.028±0.011 SACP++ 0.948±0.004 0.897±0.005 0.954±0.004 0.900±0.006

Table 2: Empirical coverage (Cov) and average prediction set length (Len) for CIFAR-10 and MNIST with α ∈ {0.05, 0.1}:

sets. Inputs and outputs are standardized using their empiri-
cal mean and variance. In regression, we construct a uniform
grid of 255 points between min1≤i≤n Yi and max1≤i≤n Yi.

For CSA, we draw M = 50 random projections and per-
form 20 binary-search iterations to calibrate coverage. For
Wagg, we conduct a grid search of 200 weight vectors over
the (K − 1)-simplex. For the CM and CR methods, which
guarantee coverage of 1 − 2α, we set their nominal mis-
coverage rate to α

2 for a fair comparison. For SACP++, we
perform a grid search over p to minimize Equation 27. We
use K = 7 diverse base regressors, including linear models,
tree-based methods, neural networks, and Bayesian regres-
sors. We report the average prediction-set length and em-
pirical coverage on the test set: for regression datasets at
α = 0.05, and for classification datasets at both α = 0.05
and α = 0.10. Further implementation details are provided
in Appendix B, and additional experiments, including an
analysis of sensitivity to the number of predictors K, are
presented in Appendix C.

Results and Discussion. The results across all datasets are
summarized in Figure 2 and Table 2. In terms of coverage,
our proposed methods, SACP and SACP++, consistently
achieve the target empirical level across all datasets. Among
baselines, Wagg also maintains coverage close to the nomi-
nal value, whereas CSA tends to under-cover, and CM and
CR frequently exceed the nominal level, resulting in overly
conservative (and thus unnecessarily large) prediction sets.

Regarding prediction-set length, our methods demon-
strate strong overall efficiency. As expected, SACP++ con-
sistently yields shorter sets than SACP, while even the de-
fault SACP remains competitive with all baselines. For clas-
sification tasks, SACP++ reliably produces the smallest pre-
diction sets among all compared methods. In particular, on
CIFAR-10, it achieves the lowest variance in prediction-set
length across test samples—significantly smaller than that of
both the base learners and other aggregation approaches. For
regression tasks, SACP++ outperforms the best individual
model (BL) on five out of nine datasets and attains the top

overall performance among aggregation methods on seven
out of nine datasets. These results highlight the benefit of
aggregation in this setting: by leveraging shared structure
across base predictors, SACP-based methods improve effi-
ciency while maintaining valid coverage.

6 Conclusion
We proposed SACP, a novel method for aggregating non-
conformity scores from K predictors to construct a single
conformal prediction set. Our approach transforms calibra-
tion and test raw scores into e-variables, which are com-
bined through symmetric functions. The method applies to
any choice of a symmetric aggregation function, while its
enhanced variant, SACP++, adaptively selects the function
yielding the smallest prediction sets. For strictly monotonic
symmetric aggregators, we consider the case when aggrega-
tion reduces to a sum of scalar functions, which facilitates
both theoretical analysis, via a worst-case bound, and effi-
cient numerical implementation through data-driven aggre-
gation. Empirical results demonstrate that SACP is highly
competitive, outperforming state-of-the-art conformal ag-
gregation methods and even the best individual base learner
in terms of prediction-set length across all classification
datasets and in five out of nine regression datasets. These
findings highlight the effectiveness of conformal aggrega-
tion in leveraging shared structure among predictors to im-
prove efficiency while maintaining valid coverage. Future
work includes extending SACP++ by exploring symmetric
neural architectures capable of learning the optimal aggrega-
tion function directly, and investigating how the dependen-
cies among predictors’ uncertainties influence overall per-
formance and efficiency.
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