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Introduction
▶ Conformal Prediction (CP) is a method for uncertainty quan-

tification that converts a pretrained model’s point prediction into a
prediction set, with the set size reflecting the model’s confidence.
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▶ Marginal Coverage Guarantee: Assume the cal set {(Xi, Yi)}n
i=1

and test point (Xn+1, Yn+1) are exchangeability, the following property
holds for a user-defined level 1 − α:

P(Yn+1 ∈ C(Xn+1)) ≥ 1 − α

where prediction set is defined as C(Xn+1) = {y : s(Xn+1, y) ≤ τ̂α}.

– Non-conformity score s : X × Y → R+ quantifies the uncer-
tainty of the pretrained model.

– Threshold τ̂α = Quantile (1 − α, {s(Xi, Yi)}n
i=1)

Motivation
▶ Marginal coverage guarantees validity on average, while a stronger

notion is Class-conditional Coverage [1]

P(Yn+1 ∈ C(Xn+1) | Yn+1 = y) ≥ 1 − α,

but most existing methods are inefficient and produce overly large
prediction sets to achieve it.

▶ Under long-tailed label distributions, existing CP methods ex-
hibit imbalance performance across classes.

– Head-/Tail-Cov = P(Y ∈ C(X) | Y ∈ Head/Tail)
– ⋆ Observation: Head-Cov≥ 1−α ≥Tail-Cov, tending to over

cover head classes at the expense of under covering tail classes.

▶ Illustration: Animal Classification; Total coverage at 80%.

!! Such under-coverage is concerning, as it undermines
the reliability of the prediction sets for minority classes.

TACP Method
▶ Key idea: utilize the LT information and selectively penalize label

rankings for head classes

▶ Tail-Aware Conformal Prediction (TACP)

sTACP(x, y) = s(x, y) + λI(y ∈ Gh)(ox(y) − kr)+

where λ ∈ R+ and kr ∈ N are hyperparameters, and ox(y) de-
notes the rank of class y at input x, ordered by the predicted class
probabilities of model f , and the label prediction set:

CTACP(xn+1) := {y ∈ Y : sTACP(xn+1, y) ≤ τ̂α}

▶ TACP is score-agnostic. E.g., TACP-LAC with λ = 1 and kr = 2.

sTACP-LAC(x, y) = 1 − π̂y(x)︸ ︷︷ ︸
LAC Score [2]

+ I(y ∈ Gh)(ox(y) − 2)+︸ ︷︷ ︸
Selective Rank Regularization

Theoretical Results
Theorem 1.(Marginal Coverage Guarantee) If we assume additionally
a uniform random variable u to ensure the scores {sTACP(Xi, Yi)}n+1

i=1 are
almost surely distinct, then

1 − α ≤ P(Yn+1 ∈ CTACP(Xn+1)) ≤ (1 − α) + 1
n + 1

Theorem 2.(Improved Coverage Gap) TACP narrows the Head-Tail
coverage gap compared with STANDARD method when using the same
non-conformity score.

P (Yn+1 ∈CTACP(Xn+1) | Yn+1 ∈ Gh, Exy)
− P (Yn+1 ∈ CTACP(Xn+1) | Yn+1 ∈ Gt, Exy)

≤ P (Yn+1 ∈CSTANDARD(Xn+1) | Yn+1 ∈ Gh, Exy)
− P (Yn+1 ∈ CSTANDARD(Xn+1) | Yn+1 ∈ Gt, Exy).

sTACP Method
▶ TACP effectively reduces the head–tail coverage gap, however, the

indicator term in TACP enforces a head–tail partition, hindering
general class-conditional coverage balance.

▶ We further proposed Soft TACP (sTACP), which generalizes
TACP by continuously reweighting penalties according to the
estimated class prior p̂(y) ∈ [0, 1]:

ssTACP(x, y) = s(x, y) + λp̂(y)(ox(y) − kr)+

Experimental Results
▶ Head-Tail Coverage Results

▶ Head-Tail Coverage Gap Results

▶ Class-conditional Coverage Gap Results
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