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Motivation

• Knowledge distillation (KD)

• Model compression: large teacher 𝑇 → compact student (𝑆)
• Conventional KD assumes balanced datasets.

• Long-tailed dataset
• Common in real-world data
• Head class biased teacher 
• Poor performance on tail classes

(∵ insufficient exposure)

➔ Failure of standard KD

Can a teacher trained on imbalanced data still offer trustworthy supervision?
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Method

• Notation and definition
• For a classification task with 𝐶 classes,

predictive probability vector, 𝐩 = 𝑝1, 𝑝2, … , 𝑝𝐶 ∈ ℝ𝐶

• Under long-tailed distributions, 𝐶 → 𝒢 ∈ {ℋ,ℳ,𝒯}

• Cross-group probability, 𝐩𝒢 = 𝑝ℋ , 𝑝ℳ , 𝑝𝒯 ∈ ℝ3

• Within-group probability, ෥𝐩𝒢 = ෤𝑝𝒢1 , ෤𝑝𝒢2 , … , ෤𝑝𝒢𝑖 𝑖∈𝒢
∈ ℝ 𝒢

𝑝𝑖 = 𝜎 𝑧𝑖 =
exp(𝑧𝑖)

σ𝑗=1
𝐶 exp(𝑧𝑗)

KD = KL 𝐩𝑇 ∥ 𝐩𝑆

=෍
𝒢
෍

𝑖∈𝒢
𝑝𝑖
𝑇 log

𝑝𝑖
𝑇

𝑝𝑖
𝑆
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𝑝𝒢 =
σ𝑖∈𝒢 exp(𝑧𝑖)

σ𝑗=1
𝐶 exp(𝑧𝑗)

෤𝑝𝒢𝑖 =
exp(𝑧𝑖)

σ𝑗∈𝒢 exp(𝑧𝑗)
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Method

• Revisiting KL divergence
• Using cross- and within-group probability,

𝑝𝒢 =
σ𝑖∈𝒢 exp(𝑧𝑖)

σ𝑗=1
𝐶 exp(𝑧𝑗)

, ෤𝑝𝒢𝑖 =
exp(𝑧𝑖)

σ𝑗∈𝒢 exp(𝑧𝑗)

KD = KL 𝐩𝑇 ∥ 𝐩𝑆

=෍
𝒢
෍

𝑖∈𝒢
𝑝𝑖
𝑇 log

𝑝𝑖
𝑇

𝑝𝑖
𝑆

=෍
𝒢
෍

𝑖∈𝒢
𝑝𝑖
𝑇 log

𝑝𝒢
𝑇

𝑝𝒢
𝑆 +෍

𝒢
෍

𝑖∈𝒢
𝑝𝑖
𝑇 log

෤𝑝𝒢𝑖
𝑇

෤𝑝𝒢𝑖
𝑆

=෍
𝒢
𝑝𝒢
𝑇 log

𝑝𝒢
𝑇

𝑝𝒢
𝑆 +෍

𝒢
𝑝𝒢
𝑇෍

𝑖∈𝒢
෤𝑝𝒢𝑖
𝑇 log

෤𝑝𝒢𝑖
𝑇

෤𝑝𝒢𝑖
𝑆

= KL 𝐩𝒢
𝑇 ∥ 𝐩𝒢

𝑆 +෍
𝒢
𝑝𝒢
𝑇 ⋅ KL ෥𝐩𝒢

𝑇 ∥ ෥𝐩𝒢
𝑆

Cross-group loss Weighted sum of 
within-group losses
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Method

• Rebalanced cross-group loss
• Teachers’ cross-group predictions:

uniform on balanced data vs. 
head-biased under long-tailed data

• Rebalancing before distillation
w/ scaling factors for each group

• After normalization,

𝑠ℋ =
𝑝avg
𝐵

𝑝ℋ
𝐵 , 𝑠ℳ =

𝑝avg
𝐵

𝑝ℳ
𝐵 , 𝑠𝒯 =

𝑝avg
𝐵

𝑝𝒯
𝐵

𝐩batch = 𝑝ℋ
𝐵 , 𝑝ℳ

𝐵 , 𝑝𝒯
𝐵

𝑝avg
𝐵 = Mean 𝑝ℋ

𝐵 , 𝑝ℳ
𝐵 , 𝑝𝒯

𝐵

ෝ𝐩𝒢
𝑇 =

𝑠ℋ𝑝ℋ
𝑇

σ𝒢 𝑠𝒢𝑝𝒢
𝑇 ,

𝑠ℳ𝑝ℳ
𝑇

σ𝒢 𝑠𝒢𝑝𝒢
𝑇 ,

𝑠𝒯𝑝𝒯
𝑇

σ𝒢 𝑠𝒢𝑝𝒢
𝑇
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Method

• Reweighted within-group loss

• Weaker supervision for tail classes 𝑝ℋ
𝑇 > 𝑝ℳ

𝑇 > 𝑝𝒯
𝑇
→ suboptimal convergence

• Equal importance to all groups

by replacing teacher-derived weights  𝑝𝒢
𝑇
→ uniform constant 𝜷

෍
𝒢
𝑝𝒢
𝑇 ⋅ KL ෥𝐩𝒢

𝑇 ∥ ෥𝐩𝒢
𝑆 = 𝑝ℋ

𝑇 KL ෥𝐩ℋ
𝑇 ∥ ෥𝐩ℋ

𝑆 + 𝑝ℳ
𝑇 KL ෥𝐩ℳ

𝑇 ∥ ෥𝐩ℳ
𝑆 + 𝑝𝒯

𝑇KL ෥𝐩𝒯
𝑇 ∥ ෥𝐩𝒯

𝑆
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Method

• Long-tailed knowledge distillation (LTKD) 𝛼 ⋅ KL ෝ𝐩𝒢
𝑇 ∥ 𝐩𝒢

𝑆 + 𝛽 ⋅෍
𝒢
KL ෥𝐩𝒢

𝑇 ∥ ෥𝐩𝒢
𝑆
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Main results

• CIFAR-100-LT
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Main results

• TinyImageNet-LT
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Main results

• ImageNet-LT
• Consistent improvements on the large-scale, imbalanced datasets 

as well as general benchmarks such as CIFAR-100-LT and TinyImageNet-LT

|  10



Seonghak Kim CVPR 2026

Ablation study

• Cross-group loss: Non-rebalanced 𝐩𝒢
𝑇 vs. rebalanced (ෝ𝐩𝒢

𝑇)

• Complementary cross- and within-group components
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Ablation study

• Hyperparameters
• Consistently superior to ReviewKD

(Overall: 59.17%, Tail: 40.12%)
across all settings
→ High robustness

• Number of groups
• 𝑛 𝒢 ↑: fine-grained bias correction → performance ↑ Continuous reweighting
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