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Divide and not forget:
Ensemble of

selectively trained experts
In Continual Learning
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Agenda

* Continual learning

* How neural networks
forget?

* Algorithm SEED
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IDEAS Continual learning

* Problem of training a model for a large number of sequential tasks
without forgetting knowledge obtained from the preceding tasks

* Artificial neural networks suffer from catastrophic forgetting
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* Problem of learning a model for a large number of sequential tasks
without Forgetting knowledge obtained from the preceding tasks

* Artificial neural networks suffer from catastrophic forgetting
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* Problem of learning a model for a large number of sequential tasks
without Forgetting knowledge obtained from the preceding tasks

* Artificial neural networks suffer from
* How did biology solve this problem?

Hippocampus

[1]
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* Computational performance

* Ecology

* Privacy concerns

* General artificial intelligence (AGI)
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+ class statistics

Finetuning
+ weight importance + exemplars
T Gdumb

exemplars
MAS + distillation IL2M
EEIL
EWC LwF ’@ + bias correction __p BiC
iCaRL |(
+ attention 1
Pathint loss + auxiliary dataset + cosine normalization LUCIR
e ] 7 (double distillation) + margin ranking loss
‘ LwM \ [ DMC GD J

> RWalk [3]

+ exemplars
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IDEAS | What happens inside neural network?
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When neural nets forget,
these distributions change
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IDEA Optimal Bayes classifier

We can replace
classification head
with Bayes classifier
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* Ensemble of K experts

* Each expert is a deep network and a set of Multivariate Gaussian
distributions representing classes

* For each task select one expert to train its network but create Gausses for
all experts

* Diversification is obtained by training experts on different data




IDEAS | SEED - Inference

NCBR © o ®

B Taskt =1
Bl Task ¢ = 2

log-likelihood s S
+ softmax /

¥ &




IDEA SEED - Training

NCBR © <] ©

D] raskt=1 [ Taskt =2 [ Taskt = 3 distributions
o

Expert 1
fl o
b
Expert 2
fl 92
<
We choose expert 2 because We finetune the chosen expert to
distributions of new class further increase the separability
overlap least in its latent space. of new classes' distributions.

t =9 t = 3 (expert selection) t = 3 (finetuning) Task
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CIL Method CIFAR-100 (ResNet32) DomainNet ImageNet-Subset
T=10 T=20 T=50 T=12 T=24 T=36 T=10

Finetune 26.44+0.1 17.1+0.1 0.4+40.1 179+03 14.8+0.1 10.9+0.2 274404
EWC Klrkpamcket al. L017 (PNAS’17) 37.84+0.8 21.0+0.1 9.2+0.5 19.2+0.2 15.7+0.1 11.1+0.3 29.84+0.3
LwF#* (Rebuffi et al.. 2017) (CVPR’17) 47.0+0.2 38.54+0.2 18.9+1.2 20.9+0.2 15.1+£0.6 10.340.7 323404
PASS (Zhu et al.|Z021b] (CVPR’21) 37.8+1.1 245+1.0 19.3+1.7 259405 23.1+£0.5 9.840.3 -
IL2A (Zhu et al. ! 20. (NeurIPS'21) 43.5+0.3 28.3+1.7 16.4+09 20.7+=0.5 182+04 16204 -
SSRE Zhu et al., 2027] (CVPR22) 442406 32109 21.5+1.8 33.240.7 24.0+£1.0 22.14+0.7 45.01+0.5
FeTrIL ) 3] (WACV’23) 46.3+0.3 38.7+0.3 27.0x1.2 33.5+0.6 339+0.5 27.540.7 58.71+0.2
SEED 61.7+0.4 56.2+0.3 42.6+14 45.0+0.2 44.9+0.2 39.2+0.3 67.8+0.3
Joint 71.4+0.3 63.7x0.5 693+04 69.1=0.1 81.5+0.5
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How does expert selection
strategy affects results?
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Q&A
Link to the paper:
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