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What is Continual Learning?

Definition:

learning a sequence of tasks and
performing well on all of them
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Objectives:
» No forgetting
» Data streams and revisiting is not allowed/limited
» High knowledge transferability
- Efficiency and scalability
» No/limited task information at test time
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Approaches in Continual Learning
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Where does our approach (ACL) stand?




INtuition

 Tasks In a sequence
» Have task-invariant (shared) knowledge in common
* Require task-specific (private) features to master them
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How can we factorize task-invariant from task-specific features?



Our Approach: Adversarial Continual Learning
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Our Approach: Adversarial Continual Learning
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Avoiding Forgetting in ACL
Drivate _ Stored per task
(Task 1) \A

Private
(Task 1)

P rivate E E Private

(Task 2) : i msk2)| = Target label

Private
(Task 3)

Private .
(Task 3) p
@
@
®
Experience
Z
Replay Shared S ...
: ‘ Discriminator | — Task label
Input images (task-independent)
& task labels OCZ




EXperiments

minilmageNet (20 Tasks)

CIFAR100 (20 Tasks)

Split MNIST (5 Tasks)

Permuted MNIST (10/20/30/40 Tasks)

Average Accuracy
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Backward Transfer:

Sequence of 5 datasets:
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(SVHN, CIFAR10, MNIST, FashionMNIST, NotMNIST) =

Datasets Evaluation metrics



Results on 20-Split MinilmageNet
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Results on 20-Split MinilmageNet

BWT (%) ACC (%)
0.00| 62.07
HAT -0.04 59.45
PNN 0.00 58.96
ER-RES -11.34 57.32
A-GEM -15.23 52.43
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Results on 20-Split MinilmageNet
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Results on Sequence of 5-Datasets

(SVHN, CIFAR10, MNIST, FashionMNIST, NotMNIST)

# Classes Training Test

50 212,785 48,365



Results on Sequence of 5-Datasets

ACC (%)
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(SVHN, CIFAR10, MNIST, FashionMNIST, NotMNIST)

# Classes Training Test

50 212,785 48,365



Results on Sequence of 5-Datasets
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Ablation Study on 20-Split minilmageNet

Discriminator Replay buffer L gise ACC (%) BWT (%)
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Ablation Study on 20-Split minilmageNet
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Ablation Study on 20-Split minilmageNet

Discriminator Replay buffer L ise ACC (%) BWT (%)
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Visualizing Adversarial Learning Effect
20-Split minilmageNet
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Visualizing Adversarial Learning Effect
(20-Split minilmageNet)
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Visualizing Adversarial Learning Effect
20-Split minilmageNet
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Visualizing Adversarial Learning Effect
(20-Split minilmageNet)
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Visualizing Adversarial Learning Effect
(20-Split minilmageNet)
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Conclusion

~ACL is primarily an architecture-based method but can benefit from
experience replay if need be

~Uses aadversarial learning and an orthogonality constraint to
disentangle task-specific and task-invariant features

~Achieves near zero forgetting and state-of-the-art accuracy on
iImage classification benchmarks
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