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Conformal prediction (CP) generates reliable distribution-free prediction intervals, but unfortunately often
overlooks skewed noise or biased residuals [1]. In this work, we leverage recent developments in CP [2] to propose
a new asymmetric procedure that bridges the gap between skewed and non-skewed noise distributions, while
still maintaining interval adaptivity. More precisely, let us consider two RKHSs Hl and Hu with respective
feature maps ϕl and ϕu. We define two kernel sum-of-squares (kSoS) functions fl(X) = ⟨ϕl(X),Alϕl(X)⟩Hl

and
fu(X) = ⟨ϕu(X),Auϕu(X)⟩Hu

, characterized by their respective positive semi-definite operators Al ∈ S+ (Hl)
and Au ∈ S+ (Hu). These two functions are key components of our new asymmetric CP score function:

S(X,Y ) = max
(
m̂n(X)− fl(X)− Y, Y − m̂n(X)− fu(X)

)
where we build prediction bands Ĉ(X) = [m̂n(X) − fl(X), m̂n(X) + fu(X)] around a pre-trained predictive
model m̂n(·). From there, we propose to estimate the functions fl(X) and fu(X) by solving:

inf
Al,Au⪰0

b

n

n∑
i=1

(fl(Xi) + fu(Xi)) + Ωl(Al) + Ωu(Au) + λP(Al,Au)

s.t. fl(Xi) ≥ m̂(Xi)− Yi and fu(Xi) ≥ Yi − m̂(Xi), ∀i ∈ [n].

(1)

The new statistical learning problem in Equation (1) constructs adaptive and asymmetric prediction bands,
with a unique feature based on a penalty P which promotes symmetry: when the penalty intensity varies, the
intervals smoothly change from symmetric to asymmetric ones. We study two possible penalties to achieve this,
P(Al,Au) = ∥Al −Au∥⋆ + ∥Al −Au∥2F or P(Al,Au) =

∑n
i=1 (fl(Xi)− fu(Xi))

2
.

Using the kSoS framework [3], we establish representer theorems to ensure tractability and derive dual for-
mulations for scalability. Furthermore, we introduce a data-driven method to automatically tune the symmetry
penalty λ and identify the symmetric nature of the noise. We show, as in Figure 1, that consenting to some
asymmetry can let the learned prediction bands better adapt to small sample regimes or biased predictive
models on both synthetic and real-world datasets.
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Figure 1: Penalized kSoS with varying penalty intensity (symmetric noise).
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