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1. Motivation & Recursive Derivation

Problem: In long-tailed datasets, head classes dominate training. We
need a smoother re-weighting than 1/ni .

Idea: Effective Number of Samples
Each sample covers a small volume (1) in feature space. As samples
overlap, the effective coverage En grows slower than n.



1. Motivation & Recursive Derivation

Variables:

N : total volume of possible data,

En : expected covered volume after

n samples,

p = En−1/N.

Expected coverage:

En = pEn−1 + (1− p)(En−1 + 1)

= En−1 + (1− p)
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En = 1 + βEn−1 , β = N−1
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2. Closed-Form & Class-Balanced Loss
Solving the recursion:

En = 1 + β + β2 + · · ·+ βn−1 =
1− βn

1− β

Interpretation:

▶ β → 1: little overlap ⇒ En≈n

▶ β small: heavy overlap ⇒ En saturates

Class-Balanced Weight
For class i with ni samples:

wi =
1− β

1− βni

CB-CE(p, y) =
1− β

1− βny
[− log py ]

⇒ β smoothly interpolates between
no weighting (β = 0) and inverse-frequency weighting (β → 1).



3. experiment result

(a) Before (b) After


