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Project Description:

The long-tailled distribution problem poses great
challenges to deep learning based computer vision
tasks, making the models perform poorly on the
balanced test set, particularly for the less frequent
classes. In this project, we set out to explore the
long-tailed problem via two approaches: 1) How
Mixup, a commonly used data augmentation
technique, could affect the model’'s performance. 2)
We design a post-hoc fusion and knowledge
transfer mechanisms with a memory module to
ameliorate the model's performance on tail classes.
This poster presents the second approach.
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Memory Module:
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Post-hoc fusion:

We merge the two outputs from the respective
classifier after backbone training is complete with
Instance-Balanced Sampling. We propose four
straightforward fusion baselines and two finetuning
mechanisms: Learnable Logits Weight (LLW)
and Assignment Module (ASM).

fusion baselines
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ASM

Multi-Layer Perceptron with BCE.

Knowledge Transfer:

M is initialized after some k epochs and is updated
per minibatch using a moving average estimate for
effective computation. We treat NCM classifier
output as “teacher’” and add a Kullback-Leibler
Divergence loss on a second dot product classifier
for knowledge distillation. We create a dynamic

Let 8 be the optimized model parameters. We  mask to make sure only the correct prediction is

decouple 6 to 6, and 6.5, where 6., are the sed for distillation. The final loss for second branch
parameters of all layers before the final fuly g

connected layer, represented by h. The memory
module M is calculated by averaging feature h for all
Inputs x from class i. Using Nearest Class Mean
classifier (NCM), there Is significant gains over
Median and Low classes.
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Results:

Following previous works experiment settings,
here we report accuracy on ImageNet-LT dataset
with ResNet-10 backbone. We compare our
approaches with baseline model and some of the
=0 o previous works. The result manifests the
; effectiveness of our proposed methods.
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*Code is available at https://qgithub.com/Sonseca97/fyp-long-tail-recognition
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