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1) Continual Learning
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EWC (Elastic Weight Consolidation)

SI (Synaptic Intelligence)

MAS (Memory Aware Synapses)
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Algorithm 1 Experience Replay for Continual Learning.

1: procedure ER(D, mem_sz, batch_sz, Ir)

2: M { } * IMEIM_SZ [> Allocate memory buffer of size mem_sz
3: n <« U [> Number of training examples seen in the continuum
4: fort € {1,---,T} do

3: for Bn ~ DL do [> Sample without replacement a mini-batch of size K from task ¢
6: B A ™ M [> Sample a mini-batch from A
! 9 — SrGD (Bﬂ U B M s 9 y 11') [> Single gradient step to update the parameters by stacking current minibatch with

minibatch from memory

8: M < UpdateMemory(mem_sz,t,n, B,) [> Memory update, see §4
9: n<—n-+ bﬂt’:h_ﬂ:{. [> Counter upcl;a;

10: return 6, M
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Figure 2: Evolution of average accuracy (Ax) as new tasks are learned in Split CIFAR. The memory has only
85 slots (in average 1 slot per class). The vertical bar marks where the hybrid approach switches from reservoir
to ring buffer strategy. The hybrid approach works better than both reservoir (once more tasks arrive) and ring
buffer (initially, when the memory is otherwise not well utilized). The orange curve is a variant of ring buffer
that utilizes the full memory at all times, by reducing the ring buffer size of observed classes as new classes
arrive. Overall, the proposed hybrid approach works at least as good as the other approaches throughout the

whole learning experience. (Averaged over 3 runs).

Methods Forgetting Methods Training Time [s]
MNIST CIFAR CUB minilmageNet CIFAR CUB
FINETUNE 029 027 0.13 0.26 FINETUNE 87 194
EWC 0.18 027 0.14 0.21 EWC 159 235
A-GEM 0.21 0.14 0.09 0.13 A-GEM 230 510
MER 0.14 0.19 0.10 0.15 MER 7355 277
ER-RINGBUFFER (ours) (.12 0.13 0.03 ER-RINGBUFFER (ours) 116 255
Table 1: Forgetting when using a tiny episodic memory of Table 2: Learning Time on D*V [s]

single example per class.
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