Reducing Class-Wise Performance Disparity via Margin
Regularization
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100 { - — e . Representation margin. L?t S=T Zkzl 8|5 denote the average class-wise feature spread. Table 1. Comparison against existing methods in reducing class-wise accuracy disparity on CIFAR-100 and
ViT-B We define the representation margin loss as ImageNet. ResNet-32 and CLIP ResNet-50 backbones are adopted respectively.
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2. Our Method: MR

Setup. We consider a classifier

f(x,y) = wy 6(x),
where ¢ : X — R% is the feature encoder and {Wy}i(zl are class-specific classifier weights.

Per-class statistics. For each class y, let D, denote its training samples, with N, = N/K. We
compute the empirical Class mean and feature spread as
~ 2
Z [ 6(x) — fay13

oy =5 =Y o), 813 =
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During training, we maintain exponential moving averages of {HﬂyH%}é{:l and {H%H%}éil

Logit margin. Given the logit vector z = [f(x,1),..., f(x, K)]' for an input x with label y, we

define the class-wise margin cross-entropy loss as

ly.ce(fX,y) = —1; In [softmax(z/yy)},
where 13
cK ([1ayl3+ [18113)

R R 1/3°
K (lil2 + 118:12)

Here, ¢ > 0 controls the average margin. Intuitively, classes with larger feature variability receive
larger margins, which improves their generalization and benefits hard classes.

Yy =

on the class-wise feature statistics and the assigned margins.

Theorem 1. For f(x,y) = w, ¢(x) with ||w, |2 < A, the expected risk satisfies

K
~ 12 a. 12
9} + ||S

O(1/V'N).

Interpretation. The complexity term is class-sensitive: classes with larger feature variability
23113 + 1184113 incur larger complexity and thus worse generalization unless compensated by a
larger margin 7.

Corollary 1 (Optimal class-wise margin). Under a fixed average margin budget ¢ = % Zk Vi,
the complexity term is minimized by

. . R 1/3
K (|| all5 + 118513)

R R 1/3
S5 (a3 + 118513)

Vi =

Why does MR? work?

« Logit-level regularization: assigning ;. oc (||i]13 + [18]13)'/? gives larger margins to

nigh-variability (harder) classes, which balances their error bounds.
= Representation-level regularization: reducing H§k||% directly tightens the complexity term,
improves generalization, and further reduces class-wise disparity.

Table 2. Evaluation across diverse model architecture. \We perform linear probing on MoCov2 ResNet-50 using
only 44 ... CLIP models are cosine classifier models. RN: ResNet. W-RN: WideResNet. TfS: Train from Scratch.

(a) CIFAR-100 (b) ImageNet
Model Overall Easy Medium  Hard Model Overall Easy Medium  Hard
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Figure 2. Relative improvements on fine-grained datasets: StanfordCars, OxfordPets, Flowers, Food and
FGVCAIrcraft with CLIP ResNet-50.



