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Task-free Continual Learning

e Task-free continual learning aims to learn non-stationary data stream and not forget
previous knowledge

e Data distribution shift could happen arbitrarily without clear task splits

e Majority work of existing task-free CL methods are memory-replayed based methods

e Memory-replay methods optimize an objective under a known probability distribution
for the memory buffer [0

in [£(6, xk, yx) + E L6, ,y)],



Motivation

e Memory overfitting: CL model would overfit the memory buffer, and
memory buffer gradually less effective for mitigating forgetting as the
model repeatedly learns the memory buffer
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Task-free DRO

Solution: Evolve the memory data distribution by
Distributionally Robust Optimization (DRO).
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Task-free DRO

e We optimize the worst-case evolved memory data distribution since we cannot access
the actual data distribution of all the previous data examples, named task-free DRO.
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e By Lagrange duality, convert into the following unconstrained optimization problem,
still intractable to solve
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Dynamic DRO

e Convert task-free DRO into a gradient flow system, named dynamic DRO

e Memory buffer evolves as Wasserstein Gradient Flow (WGF) in probability measure
space of memory data.

e Model parameters follows gradient flow in Euclidean space.
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A family of Memory Evolution Methods for Dynamic DRO

Langevin Dynamics for Dynamic DRO (WGF-LD)
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A family of Memory Evolution Methods

Kernelized Method for Dynamic DRO (WGF-SVGD)
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Experiment

CIFAR10, CIFAR100, MinilmageNet
Split CIFAR10 into 5 tasks, each one consists of 2 classes
Split CIFAR100 and MinilmageNet into 20 tasks, each one consists of 5 classes

Algorithm CIFAR10 CIFAR-100 Minilmagenet
fine-tuning 18.9 0.1 3.1 0.2 2.9=+0.5
A-GEM 19.0 £0.3 2.4+0.2 3.0+£04
GSS-Greedy 299+1.5 19.5+1.3 17.4 + 0.9
ER 33.3£2.8 20.1 1.2 24.8 4+ 1.0
ER + WGF-LD 37.6 £1.5 215 +13 27.3+1.0
ER + WGF-SVGD 36.5+1.4 21.3+1.5 27.6 = 1.3
ER + WGF-HMC 37.8 - 1.3 21.241.4 2.2 == 141
MIR 34.4+25 20.0 £ 1.7 25.3+1.7
MIR + WGF-LD 38.2 +1.2 21.6 £ 1.2 26.9 1.0
MIR + WGF-SVGD 37.0+14 21.2 £=4..5 27.4 += 1.2
MIR + WGF-HMC 37.9+1.5 21.3+1.4 271 .+ 1.3
GMED (ER) 34.8 + 2.2 209+ 1.6 27.3 £ 1.8
GMED + WGF-LD 384 + 1.6 207 1.7 28.3+1.9
GMED + WGF-SVGD 37.6 = 1.7 21.8 £ 1.5 28.7 = 1.5
GMED + WGF-HMC 37.8 1.2 21.5 4+1.9 28.4+1.3
ER,.y + ER 46.3 £ 2.7 18.3£1.9 30.8 =2.2
ER,.y + WGF-LD 47.6 £ 2.4 19.8 =22, 31.9 = 1.8
ER, .y + WGF-SVGD 47.9 +£ 2.5 199+ 2.3 322+ 1.5
ERyug + WGF-HMC 47.8 = 2.6 203 + 2.1 31.7+ 2.0
iid online 60.3 1.4 18.74+1.2 177+ 1.5
iid offline 78.7+1.1 449+ 1.5 39.8+ 1.4




Experiment

As a by-product of the proposed framework, the methods are more robust to adversarial examples.
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L infinity norm PGD Attack on Mini-ImageNet
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