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Research background: Class-Incremental Learning (CIL)

Phase 1

Data 1

train

Cla351ﬁer

References
[1] Rebuffi, Sylvestre-Alvise, et al. "icarl: Incremental classifier and representation learning." CVPR 2017.




G0 TRRD R e

Research background: Class-Incremental Learning (CIL)
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Research background: Class-Incremental Learning (CIL)
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Main Challenge: the stability-plasticity dilemma

-— || —>»

Old New
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Higher stability Higher plasticity
weakens the model from learning results in the forgetting of old classes
the data of new classes (i.e., “catastrophic forgetting”)

Image from: https://www.slideshare.net/xavigiro/lifelong-incremental-learning-d312-2017-upc-deep-learning-for-computer-vision
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Question: How to address the stability-plasticity dilemma?

Existing methods: Our method: Adaptive Aggregation Networks (AANets)
A novel network architecture, where we maintain
> Regularization-based methods two types of blocks: stable blocks and plastic blocks
E.g., LUCIRZ, LwF" Benefits: - working well on long sequences
Limitation: not sufficient - relieve the overfitting problem
with long sequences® - generic

> Replay-based methods l l

E.g., iCaRLM, Mnemonics!¥
Limitation: overfitting the exemplars®

\@/
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Adaptive Aggregation Networks (AANets): architecture details
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Plastic blocks: update all parameters
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Adaptive Aggregation Networks (AANets): architecture details
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Plastic blocks: all parameters are learnable

Stable blocks: freeze some parameters, update the others
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Adaptive Aggregation Networks (AANets): architecture details
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Plastic blocks: all parameters are learnable
Stable blocks: freeze some parameters, update the others

ol Aggregation weights: parameters for feature aggregation
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Adaptive Aggregation Networks (AANets): architecture details

Ill,ﬂu all

Ill Plastic blocks: all parameters are learnable
Provide the candidates for

. different network types

Ill Stable blocks: freeze some parameters, update the others

. o) Aggregation weights: parameters for feature aggregation . 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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Apply different aggregation weights for different blocks in ResNet

P » 2 : : (4] s

v . v
2] | [2] ! 3], [3]
ool ] el

Adaptive Aggregation ResNet
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Ablation results for AANets:
AANets with all components achieve the best performance

CIFAR-100 (acc.%) ImageNet-Subset (acc.%)
Row Ablation Setting
Memory FLOPs #Param N=5 10 25 Memory FLOPs #Param N=5 10 25

1 baseline [2] 7.64MB 70M 469K 63.17 60.14 57.54 330MB 1.82G 11.2M 70.84 68.32 61.44
2 2x baseline 943MB 140M 938K 64.49 61.89 58.87 372MB 3.64G 224M 69.72 66.69 63.29
3 AANets w/o meta-learned aggregation weights 9.66MB 140M 530K 65.89 64.49 62.89 378MB 3.64G 12.6M 70.31 68.71 66.34
4 AANets w/o balanced subset 9.66MB_140M 530K 6591 6470 6308 378MB_3.64G 12.6M 7030 69.92 6689
15 AANets 9.66MB 140M 530K 66.74 65.29 63.50 378MB 3.64G 12.6M 72.55 69.22 67.60 .

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!

References
[2] Hou, Saihui, et al. "Learning a unified classifier incrementally via rebalancing." CVPR 2019. 14
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Our AANets achieve SOTA performance

CIFAR-100 ImageNet-Subset ImageNet

Method

N=5 10 25 5 10 25 5 10 25
1CaRL [1] 57.12+0.50 52.66+0.80 48.22+0.76 65.4410.35 59.88+0.83 52.97+1.02 51.50+0.43 46.89+0.35 43.14+0.67
LUCIR [2] 63.17+0.87 60.14+0.73 57.54+0.43 70.84+0.69 68.32+0.81 61.44+0.91 64.45+0.32 61.57+0.23 56.56+0.36
Mnemonics [5] 63.34+0.62 62.28+0.43 60.96+0.72 72.58+0.85 71.37+0.56 69.74+0.30 64.54+0.40 63.01+0.57 61.00+0.71
PODNet-CNN [6] 64.83+1.11 63.19+1.31 60.72+1.54  75.54+0.20 74.33+1.05 68.31+2.77 66.95 64.13 59.17
AANets (ours) 66.31:057 64311090 62.31+t1.02 76.96+0.535 75.58+0.74 71.78+0.81  67.73+0.71 64.85+0.55 61.78+0.61
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[5] Liu, Yaoyao, et al. "Mnemonics training: Multi-class incremental learning without forgetting." CVPR 2020.
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Grad-CAM visualizations:
our AANets benefit from both plastic blocks and stable blocks

Classes seen in Phase 0 Classes seen in Phase 3 Classes seen in Phase 5

Sdell
EVEN & EX
Nl

AANets@ stable@ plast|c0 image AANets@ stable®@ plastic® image AANets@ stable® plastic®

opener Arctic fox Arctic fox

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
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Thanks!

Adaptive Aggregation Networks for Class-Incremental Learning

Webpage: https://class-il.mpi-inf.mpg.de/
Code: https://qit.io/JYHyt
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