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Background

（1）No one makes great contribution on improving the 

lowest recall among all categories.

（2）Average accuracy of subset is not accurate.
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Motivation

Few, Medium, Many

Accuracy within each subset 

often with overall accuracy
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Motivation

make sure all classes are equally treated

use Harmonic Mean (sensitive to small numbers)
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Therefore, in order to make full use of existing advances, we do not aim 
at building up a whole new training framework, but rather propose a simple 
plug-in method.

Motivation
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Related work - Re-sampling and Re-weighting

Re-sampling : 

over-sampling the tail classes or 

under-sampling the head classes.

Disadvantage :

either over-fitting of tail classes or under-fitting of head classes.

Re-weighting : 

give each instance a weight based on its true label when 

computing the loss.

Disadvantage : 

loss function hard to optimize.
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Related work - Two-Stage Decoupling 

decouple the learning of features and classifiers
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Related work - Hybrid and Multiple Heads

decouple the learning of features and classifiers

Disadvantage : 

these methods require a joint training of multiple 

heads, together with a complex routing module that 

dynamically determines the head to use during 

inference
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Method

non-linear function : 

Imbalance dataset has N images 

A forward propagation through the network yields logitA forward propagation through the network yields logit

For a multi-class classification problem with categories
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Method – GML (Geometric Mean Loss)

Not CE, but GML : 
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Method – GML (Geometric Mean Loss)

Not CE, but GML : 

average of across all training samples belonging to class in this mini-batch 

Reweighting when computing : 
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Method – why GML work ?

Mean accuracy : 

The same as arithmetic mean of per-class recall on balanced dataset

Harmonic mean : 

But using reciprocal, so it is hard and numeric unstable to be 
optimized

High penalty on small recall

Low penalty on small recall
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Method – why GML work ?

maximize the geometric mean of per-class recall : 

Less sensitiveHeavily affected
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Method – why GML work ?

using a simple logarithm transformation : 

surrogate
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Method – combine
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Method – combine

output of old classifier 



17

Method – training pipeline

1. Pre-training stage : Obtain the pre-trained model from 

scratch using any one of the existing methods. 

2. Fine-tuning stage : Freeze the backbone and re-train the 

classifier using our proposed loss function. 

3. An optional ensemble stage : Calibrate the prediction of two 

classifiers and combine them additively.
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Method – training pipeline
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Experiments - datasets

CIFAR100-LT (imbalance ratio = 100)

ImageNet-LT and Places-LT
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Experiments - Evaluation Metrics

3 subsets 

- Head : >= 100 images;

- Medium : others;

- Few : <= 20;

accuracy within each subset

overall accuracy
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Experiments – on CIFAR100LT
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Experiments – on ImageNet-LT
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Experiments – on ImageNet-LT
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Experiments – improve on some methods
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Experiments – improve on some methods
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Experiments – Ablation

Default : CIFAR100-LT

poor without re-weighting
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Experiments – training from scratch
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