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Main Challenge: the stability-plasticity dilemma

Higher stability 
weakens the model from learning 
the data of new classes

Higher plasticity 
results in the forgetting of old classes
(i.e., “catastrophic forgetting”)

Image from: https://www.slideshare.net/xavigiro/lifelong-incremental-learning-d3l2-2017-upc-deep-learning-for-computer-vision 

https://www.slideshare.net/xavigiro/lifelong-incremental-learning-d3l2-2017-upc-deep-learning-for-computer-vision


Question: How to address the stability-plasticity dilemma?

Existing methods:

➣ Regularization-based methods
➣ E.g., LUCIR[2], LwF[3]

➣ Limitation:  not sufficient 
                      with long sequences[5]

➣ Replay-based methods
➣ E.g., iCaRL[1], Mnemonics[4]

➣ Limitation:  overfitting the exemplars[5]
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Our method: Adaptive Aggregation Networks (AANets)

A novel network architecture, where we maintain 
two types of blocks: stable blocks and plastic blocks
Benefits:  - working well on long sequences
                - relieve the overfitting problem
                - generic   
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Adaptive Aggregation Networks (AANets): architecture details

Plastic blocks: update all parameters



Plastic blocks: all parameters are learnable

Stable blocks: freeze some parameters, update the others 

Adaptive Aggregation Networks (AANets): architecture details
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Plastic blocks: all parameters are learnable

Aggregation weights: parameters for feature aggregation 

Adaptive Aggregation Networks (AANets): architecture details

Stable blocks: freeze some parameters, update the others 
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Plastic blocks: all parameters are learnable

Aggregation weights: parameters for feature aggregation 

Adaptive Aggregation Networks (AANets): architecture details

Stable blocks: freeze some parameters, update the others 

Provide the candidates for
different network types

Balance two types of blocks
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How to train AANets?
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How to train AANets?
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Block 1 Block 2 Block 3

Adaptive Aggregation ResNet

Apply different aggregation weights for different blocks in ResNet
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Ablation results for AANets:
AANets with all components achieve the best performance

Row 3 vs. Row 2: plastic and stable blocks work!
Row 5 vs. Row 3: meta-learning aggregation weights works!
Row 5 vs. Row 4: using balanced subset works! 
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Our AANets achieve SOTA performance
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Grad-CAM visualizations: 
our AANets benefit from both plastic blocks and stable blocks

Dataset: ImageNet-Subset (N=5), the model is for the 5th phase

Left figure: AANets≃stable blocks>plastic blocks
Right figure: AANets≃plastics blocks>plastic blocks

Conclusion: AANets benefit from both blocks



Thanks!

Adaptive Aggregation Networks for Class-Incremental Learning

Webpage:   https://class-il.mpi-inf.mpg.de/ 

Code:          https://git.io/JYHyt    

https://class-il.mpi-inf.mpg.de/
https://git.io/JYHyt

