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labels likely to contain the true answer.

Conformal Prediction (CP) provides exactly this capability: under exchangeability assumptions,
CP constructs prediction sets with a formal coverage guarantee.

For a user-specified confidence level (e.g., 90%), the prediction set contains the correct label with
at least that probability.

This makes CP especially valuable in high-stakes applications, such as medical diagnosis and
autonomous driving.

Beyond coverage, a key challenge is improving the efficiency of CP methods, commonly measured
by the average prediction set size.

Our work improves efficiency and semantic coherence by leveraging class similarity information.
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Let us state the general process of conformal prediction given the CP set {x;,y;}?_; and its
deployment for a new test sample Xest:

1. Define a heuristic score function s(x,y) € R based on some output of the model. A
higher score should encode a lower level of agreement between x and y.

2. Compute § as the w quantile of the scores {s(x1,y1),...,5(Xn,¥n)}-

3. At deployment, use § to create prediction sets for new samples:
Co(Xtest) = {y © s(Xtest, y) < G}.

Theorem (Marginal Coverage [Vovk et al., 1999; Angelopoulos & Bates, 2021])

Suppose that {(Xi, Yi)}7_, and (Xtest, Yrest) are i.i.d., and define § as in step 2 above and
Ca(Xtest) as in step 3 above. Then the following holds:

IP)(Ytest S Ca(Xtest)) >1—a.
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Existing works:
® Clustered and group-conditional coverage CP [Vovk, 2012; Ding et al., 2023]: Apply CP per
group to improve group conditional coverage — vyields larger sets than the baselines.
® Hierarchical selective classification/CP [Goren et al., 2023; Mortier et al., 2025]: Climb in the
hierarchical tree of the classes — vyields significantly larger sets than the baselines.

Our research question: “Can we reduce prediction set sizes and #groups
simultaneously, without compromising coverage?”
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7(x) and, in particular, include the estimated class y(x) in the prediction set before
including any other class.

® Very simple method:
sa(x,y) = s(x,y) + Ad(y, y(x))

with hyperparameter A > 0 and d(y, y(x)) = I(g(y) # g(7(x))).

® The score of a candidate y that is “semantically far" from y(x) is penalized by A.
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Method — lllustration

Super-class
Regularization

Prediction set of size 3
containing classes
from 2 super-classes.

Prediction set of size 4
containing classes
from 3 super-classes.

Figure: lllustration of prediction sets for an example before and after applying our proposed regularization. Each
circle corresponds to a class, with colors indicating superclasses. Filled circles denote classes included in the
prediction set, and circle size reflects the softmax value. In this example, the prediction set size decreases from
4 to 3, and the number of superclasses represented decreases from 3 to 2. We show that our regularization
reduces the average prediction set size, regardless of the baseline score function.
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® The coverage property is maintained.
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® The number of out-of-group labels in the prediction set cannot increase.

We have § < gy < g+ A

Proposition
Let Vi(x) :={y : d(y, y(x)) # 0}. ¥x and A > 0 we have C\(x) N V1i(x) C C(x) N Vi(x).
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Let Gx(x) and G(x) denote the groups represented in Cy(x) and C(x), respectively. For any x
such that y(x) € C(x) and A > 0 we have G)(x) C G(x).

® The corollary implies E[|Gx(X)|] < E[|G(X)|] (empirically, #Groups strictly decreases
with a substantial margin).

® Surprising behavior: The average prediction set size also decreases in practice.
With well-tuned A (small enough), we observe E[|C)(X)|] < E[|C(X)]], in benchmark
settings, even though the penalty does not imply it directly.
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* g =P(Y e€li(X))=1—py (Probability of “out-of-group” true label)

® In practical settings np < n1, and modern classifiers are quite powerful so pg is not small.

Theorem (informal)

Under mild differentiability assumptions, for any score function we have

) d ) _ _
sign (OMEHCA(X)H\A:O) — sign (aprio — bpomn)

where a, b € Ry have formulas based on “empirical” /statistical densities of s(X, Y) given
Y € V,(x) (can be a =~ b).
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Model-Specific Variant

® The theory shows: to reduce E[|C(X)]|] via a group-wise penalty, partition the classes
into groups that are as small as possible (low 79 and high 71), as long as the probability
of making out-of-group mistakes (p1 = 1 — pp) is kept low.
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® The theory shows: to reduce E[|C(X)]|] via a group-wise penalty, partition the classes
into groups that are as small as possible (low 79 and high 71), as long as the probability
of making out-of-group mistakes (p1 = 1 — pp) is kept low.

® No need for human-related semantic similarity between classes within a group.

® Model-specific partition:
- Base the penalty on the class similarity perceived by the classifier.
- Applicable for arbitrary datasets.

® For a given classifier f(x) = Why(x) + b, the proposed extension is based on similarity
between class means (computed on the training set) at the deepest feature space
ho(:) : X — RP (with p > C).
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Model-Specific Variant

® Denote by {xc i}, i € [nc], the training samples associated with class ¢ € [C]. Compute
the class means and the global mean of the features:

N . o1&
he = — > ho(xei), c€[Cl.  he= < > he.
€ i=1 c=1

12/15



Model-Specific Variant

® Denote by {xc i}, i € [nc], the training samples associated with class ¢ € [C]. Compute
the class means and the global mean of the features:

C
_ 1 _
Eh i . h:—gh.
nCilgxc CE[C] G C c

® We compute “soft” similarity matrix M € R€*C using cosine similarity:
(he — hg,her — hg)
lhe = hgllllher — he]|

Empirically, M. - < 0 for most ¢’ # ¢, aligned with the Neural Collapse phenomenon
[Papyan et al., 2020; Tirer et al., 2023].

c,c/ —

12/15



Model-Specific Variant

® Denote by {xc i}, i € [nc], the training samples associated with class ¢ € [C]. Compute
the class means and the global mean of the features:

C
ho(xc.i . he==)Y he.
nC’Z; 9Xc CG[C] G CZC

® We compute “soft” similarity matrix M € R€*C using cosine similarity:
(he — hg,her — hg)
lhe = hgllllher — he]|

Empirically, M. - < 0 for most ¢’ # ¢, aligned with the Neural Collapse phenomenon
[Papyan et al., 2020; Tirer et al., 2023].

® We define the soft model-specific penalty function:

dMS( ) =1- My,y’

c,c/ —

12/15



Model-Specific Variant

® Denote by {xc i}, i € [nc], the training samples associated with class ¢ € [C]. Compute
the class means and the global mean of the features:

C
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nCilgxc CE[C] G C c

® We compute “soft” similarity matrix M € R€*C using cosine similarity:

(he — hg,her — hg)

lhe — he|l[[he — he]|

Empirically, M. - < 0 for most ¢’ # ¢, aligned with the Neural Collapse phenomenon

[Papyan et al., 2020; Tirer et al., 2023].
® We define the soft model-specific penalty function:

dMS( ) =1- My,y’

c,c/ —

® The penalized score function: sM(x,y) := s(x,y) + A dM>(y, §(x))
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Experiments

Performance evaluation of our Model-Agnostic (MA) and Model-Specific (MS) class-similarity
approaches for a = 0.05

#Superclasses | Size |
Method CIFAR100, RN50 CIFAR100, RN34 L17.RN50 ImageNet, ViT m-ImageNet, RN50 CIFAR100, RN50 CIFAR100, RN34 L17, RN50
LAC
Standard 227 241 1.26 1.88 473 3.68 382 1.77
Clustered 228 234 1.24 273 4.50 3.70 3.62 1.69
AIR 1.36 143 L16 N/A N/A 6.80 7.15 5.80
MA-CS 1.85 1.92 119 N/A N/A 317 351 1.71
MS-CS 1.83 1.87 119 180 382 292 294 L70
RAPS
Standard 1.35 327 8.67 3.83 579 1.98
Clustered L 1.33 4.25 8.19 3.67 562 1.90
AIR 1.95 1.20 N/A N/A 9.75 15.15 6.00
MA-CS 201 1.23 N/A N/A 3.50 452 1.97
MS-CS 1.95 1.24 255 735 3a7 379 1.81
SAPS
Standard 1.32 213 593 345 1.94
Clustered 1.31 10.0 8.03 3.86 2.01
AIR L51 L1 N/A N/A 7.55 5.55
°S 1.88 1.93 N/A N/A 3.14 1.94
1.97 1.24 2.08 4.70 3.14 1.87
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Experiments — Key Findings

® In terms of prediction set size: MS-CS and MA-CS are the best and second-best.
This is consistent in all experiments (improvement even over standard LAC).
Clustered (group-wise CP) and AIR (hierarchical CP) are worse than the standard
versions.

® In terms of #Superclasses: MA-CS, and surprisingly also MS-CS, are competitive

with AIR (but AIR yields awful prediction sizes).
AIR, MA-CS, MS-CS significantly outperform the standard and clustered versions.

® Graceful dependence of the metrics on \. Stability also for class-conditional coverage.

Effect of A on Set Size and number of superclasses using 10% val Effect of A on Set Size and Top-1 percent class conditional coverage deviation using 10% val

M (hyperparameter) A (hyperparameter)

Flgu re: MA-CS for CIFAR-100, ResNet50, and RAPS; Effect of A on: AvgSize (blue), #Superclasses (red, left), worst-class-covGap (red, right). 14/15



Conclusions

Thank You!

® Qur Paper: Fargion, A., Dabah, L., & Tirer, T.,
“Enhancing Conformal Prediction via Class Similarity,”
Submitted, 2025. (arXiv:2511.19359)

® Code & Implementation:

® Full implementation and benchmarks available.
® Scan the QR code for the repository.

Scan for Code

arielfar77@gmail.com 15/15
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