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Supplementary Information for ''Sleep-like
Unsupervised Replay Reduces Catastrophic
Forgetting in Artificial Neural Networks"

Timothy Tadros, Giri P. Krishnan, Ramyaa Ramyaa, Maxim Bazhenov

1. Analysis of similarity of network weights in continual learning scenario

To support our statement that the information about previous tasks is not completely erased after new training, here we
examine the cosine similarity between network parameters before and after new task training for two classification tasks trained
sequentially (T1 and T2). We show that the cosine similarity or the dot product of normalized weight vectors that correspond
to the network weights before and after training on new task is positive. We first provide lemmas on vector dot products,
which then are applied for analysis of toy model.

Lemmas. The following properties of vector dot products will be used in subsequent sections.

Lemma 1. Let U and J be two vectors. The mazimum value of S;U;  J; = ||U|| % ||.J]].

Proof. Since X;U; + JiU - J = ||U|| % ||J]|cos(f) where 6 is the angle between U and J, the maximum value of X;U; x J; =
1T 1171]. -

Eergma 2. Letg Qnd J be vectors of length n such thgt U- j;> 0. Let V be U — for some a such that V.J=0. Then
U-V >0, withU -V =0 only when the angle between U and J is 0.

Proof. U-V=x,U; % (Ui — ax* J;).
= (||U])? = aZilU; * J;.
Minimizing this expression involves maximizing o and 3;U; * J;. By lemma 1, the maximum value of X;U; x J; is |\(7|| || 1]
To compute the maximum value of a: We know V-.J = 0, i.e., (U aJ)-J=0. So, SiUixJ; —aXJ? =080, a=U-J/S:J?2.
Since U - J = ||U]|| = ||.J]| * cos(8) where 6 is the angle between U and J, the maximum value of a is ||U|] = ||.J]|/S:J?, i.e.,
HUII/11711-
So, the minimum value of U - V is (||U|)? — ||U]|/||J]| * ||T]|| * ||]]], i.e., 0. Since the maximum values of a and 3;U;  J;
occurs when the angle between U and J is 0, any other situations makes v-v positive. O

Toy Model Problem Setting. The data set has f features and four possible labels - L1, Lo, Ls and L4. Task 1 (T1) consists of
separating instances of L1 and Lo (tested only on these instances). T2 consists of separating instances of L3 and L4 (tested
only on these instances). A neural network N can be trained to classify the data: N has f inputs and 4 output neurons O1,
O3, O3 and Oy, each one intended to indicate a unique label, i.e., O; is intended to be true iff the input instance has label 1.
The training of N happens in 2 phases. In phase 1, N is trained to perform T4, i.e., the training set consists only of instances
labeled 1 or 2. (So, neurons Oz and O4 are trained to output only 0’s. In phase 2 N is trained to perform T2, i.e., the training
set consists only of instances labeled 3 or 4. (neurons O3 or Oy are trained to output 1’s for the correct inputs, and O, and O-
are set to 0’s for these inputs). After phase 1 and phase 2 training, N performs correctly on T2, but may be incorrect on T+,
i.e. forget phase 1 training. This happens when on inputs corresponding to category 1 or 2, they output 0, since T2 always sets
01 and O3 to 0. Here, we show that when this is the case, the network has not entirely forgotten phase; training. for Relu
activation and binary inputs.

Perceptron. Here, we consider N to be a perceptron, i.e., inputs are directly connected to output neurons.
After phase 1, let O; be the perceptron with g = f + 1 weights given by W and bias b with activation RELU, i.e., i.e.,
O1(I) = RELU(Si< s I; ¥ w;). (W, is the bias, and the last input is set to 1). So, if I with label 1 is input, then (I -w) > 0.
Let phases training involve an input J, say of label 3, so the desired outputs of neurons O, Oz, O3 and O4 are 0,0, 1, 0.
Further, let O1 on input J output D > 0, which is a misclassification and the weights of O; would be updated to ﬁx this, i.e.,
make the output be 0. With perceptron learning algorithm or gradient descent, this would mean W' =W — a*J where a is
the learning rate.
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By Lemma 2, the cosine similarity between W and W' is non-negative (and is 0 for just one weight vector). By symmetry
arguments, an arbitrary weight vector V' would has an expected cosine similarity is zero, we can conclude that the phase 1
training is not fully forgotten after phase 2 training.

Multilayer Perceptron (MPL). Here, we consider N to be two layers of a perceptron (the argument can be extended to multi
layers) - a hidden layer H and an output layer O with 4 output neurons. Let U be the set of weights from input to hidden
layer, i.e., U; ; is the weight from ** input to the j'* hidden neuron. Let V be the set of weights from hidden to output layer,
i.e., Vi ; is the weight from i'" hidden neuron to the 5" output neuron. Further, let all the activations be Relu. Using standard
backpropogation, the weight update for V; ; is proportional to h;, and argument for cosine similarity of V' and updated V being
non-negative is exactly as for the case of the perceptron. For the weights leading to the hidden neuron Hj, the weight update
would be proportional to input ¢ (for U; ;) and also proportional to V1 (assuming the setting as before where an error was
made on output 1, and only output 1). Since this value is constant for the update over all the weights leading to the hidden
neuron H;, the argument need not change.

2. Analysis of catastrophic forgetting and sleep in toy model.

In this section, we examine the cause of the catastrophic failure and the role of sleep in recovering from the forgetting in toy
model. While this example is not intended to model all scenarios of catastrophic forgetting, it provides the intuition and
explains how our algorithm prevents catastrophic forgetting.

Let us consider the 3-layer network trained on two categories, each with just one example. Consider 2 binary vectors
(Category 1 and Category 2) with some region of overlap. We consider ReLU activation since it was used in the rest of this
work. We assume the output to be the neuron with the highest activation in the output layer. Let the network be trained on
Category 1 with backpropagation using static learning rate. Following this, we trained the network on Category 2 using same
approach. A 3-layer network we consider here has an input layer with 10 neurons, 30 hidden neuron and an output layer with 2
neurons for the 2 categories. Inputs are 10 bits long with 5 bit overlap. We trained with learning rate of 0.1 for 4 epochs.

Analysis of hidden layer behaviour: We can divide the hidden neurons into four types based on their activation for the two
categories: A - those neurons that fire for Category 1 but not 2; B - those neurons that fire for Category 2 but not 1; C' - those
neurons that fire for Category 1 and 2; D - those that fire for neither category, where firing indicates a non-zero activation.
Note that these sets may change during training or sleep. Let X; be the weights from type X to output i.

Consider the case where the input of Category 1 is presented. The only hidden layer neurons that fire are A and C. Output
neuron 1 will get the net value A x A1 + C x C; and output neuron 2 will get the net value A x Az + C * C5. For output neuron 1
to fire, we need two conditions to be held: (1) Ax A1 +CxCy1 >0 (2) Ax A1 +CxC1 > Ax Az + C xCs. The second condition
above can be rewritten as A * Ay — Ax A1 < C % C1 — C * C2, which separates the weights according to the hidden neurons.
Using this separation, we give the following definitions: Define a to be (A2 — A1) * A on pattern 1; b to be (A2 — A1) * A on
pattern 2; p to be (C1 — C2) * C on pattern 1 and ¢ to be (C1 — C2) * C on pattern 2. (Note that p and ¢ are very closely
correlated since they differ only in the activation values of C' neurons which are positive in both cases).

So, on the input pattern 1, output 1 fires only if @ < p; on input pattern 2, output 2 fires only if ¢ < b.

Catastrophic forgetting: Following training on 2 categories, if the network can not recall Category 1, i.e., output neuron 1
activation is negative or less than that of output neuron 2, catastrophic forgetting has occurred (We confirmed this occurred
78% of times for the 3 layer network described above and 100 trials). The second phase of training ensures ¢ < b. This could
involve reduction in ¢ which would reduce p as well. (Since A does not fire on input pattern 2, back-propagation does not alter
a) Reducing p may result in failing the condition a < p, i.e., misclassifying input 1.

Effect of sleep: Sleep can increase difference among weights (which are different enough to begin with) as was shown in

(1, 2). So, as the difference between Az and A; increases, this decreases a (as A;p is higher, a = As — A1 decreases). Occurrence
of the same change to p is prevented as follows: it is likely that at least one of the weights coming to a C' neuron is negative.
In that case, increasing the difference would involve making the negative weight even more negative, resulting in the neuron
joining either A or B (as it no longer fires for the pattern showing the negative weight), thus reducing p. (This is explained
further in the supplement)
When the neurons in C remains, we have a more complex case: here, a decreases, but p may also decrease correspondingly;
another undesirable scenario is when b decreases to become less than g. Typically sleep tends to drive synaptic weights of the
opposite signs, or the weights of same sign but different by some threshold value, away from each other. There are conditions
when the difference between weights is below threshold point to cause divergence. In those cases sleep does not improve
performance.

Ezxperiments: In our experiments, for majority of the cases, we found C to be empty after sleep, thus making p to become
0. For the instances when this was not a case, the initial values of A;, Az, B; and Bz were almost0, i.e., the entire work of
classifying the inputs is done by shared input. In such case, the network has no hidden information that sleep could retrieve.

3. Computational Costs of SRC

We can evaluate computational costs of SRC as a combination of (a) number of images passed through the network (both
forward and backward passes), and (b) storage costs. We first note that length of sleep is mostly related to the size of the
network, not to the size of the training set. Thus, for larger datasets, while more images may be needed during training phase
(in the “awake” state) in order for classification accuracy/loss to saturate, during “sleep” this is not necessarily true. Because
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Supplementary Figure 1. Example of the binary vector analysis. In the left graph, we show the structure of the network. A - fires only for input 1. B - fires only for input 2. C -
fires for both inputs. D - fires for neither input 1 nor input 2. Green arrows represent desirable connections and red arrows indicate incorrect connections. Blue arrows are mixed
depending on the input. The equations on the graphs on the right compare the difference between green and red arrows to the difference between blue arrows (for a given
input). Depleting the set of C neurons correspond to giving the differences in the inputs more importance.

of this, the computational cost of sleep is generally similar for networks trained on Imagenet, CIFAR, MNIST, etc (as long as
the network size that sleep is applied to is the same, e.g., 2 hidden layers with the same number of units).

As for number of iterations of sleep, we have observed that two parameters dictate how much sleep is necessary to recover
performance on old tasks: the magnitude of weight changes (determines how much to increase/decrease weights when an STDP
event occurs) and the input firing rate (that is the maximum firing rate for neurons in the first layer during sleep). Parameters
can be set so that a very small amount of sleep is needed to recover old task performance. In Supplementary Figure 2, one can
see that as the network learns all 5 MNIST tasks, only 500 iterations (and thus 500 feedforward passes through the network)
of sleep are needed to reach performance saturation. Each line shows the accuracy as a function of sleep duration on the entire
dataset (all 5 tasks). Color indicates the sleep phase (e.g., after training task 1, task 2. etc.)

If sleep requires 500 iterations to ultimately converge, this is equivalent to presenting 500 “noisy” images. In contrast,
during training, if we train each class for 2 epochs (as in the case with MNIST), 10,000 images are presented twice, i.e., 20,000
images fed through the network both forwards and backwards for a total of 40,000 passes. SGD is efficient so we do this in
batches and we should divide the total number of passes (feedforward + backward) by the batchsize (100). This means the
training computational time is 40,000/100 = 400 passes. This is on the same level as what is required during sleep (400-500
passes till convergence). The computational performance of sleep phase can be further improved (e.g., by incorporating the
idea of mini-batches, etc.), just as how gradient descent has been heavily optimized.

Lastly, in terms of memory constraints, there are scenarios where SRC reduces storage requirements (as shown with iCaRL)
and scenarios where SRC requires more memory (as compared to regularization methods). However, regularization methods
may be more computationally intensive, as they require computation of complex matrices, e.g. Fisher information matrix in
EWC, or orthogonal projectors in OWM.

4. Effect of Input Type during Sleep

To evaluate the importance of using task averaged input during sleep, we tested SRC for incremental MNIST task with different
types of inputs presented during sleep - random input, average input, specific inputs, each presented in 2 conditions (mask/no
mask). For random inputs, we build a random uniform vector with the same size as the input space to determine input firing
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Supplementary Figure 2. Accuracy as a function of sleep iteration for MNIST (left) and CIFAR10 (right) datasets. Each line represents the application of SRC after a specific
training phase (e.g., after training T1, T2, etc).

rates of neurons during sleep. For average input, the same input as described in the main paper is used, i.e., the average of all
inputs seen so far determines the input firing rates. For specific inputs, we present Poisson distributed spike trains based on
specific images (e.g., an image of a 3) during sleep. In the mask condition, during each iteration of sleep we randomly select
a 10x10 portion of the input to present during sleep. In the no mask condition, the entire 28x28 vector is used to compute
firing rates. Supplementary Figure 3 shows the classification accuracy for each type of input. For specific inputs classification

] I 10x10 Mask

[_JEntire Image
60— [—

40

Classification Accuracy (%)

0 T T T
Average Inputs Random Inputs Specific Inputs

Supplementary Figure 3. Classification accuracy on class-incremental MNIST task with different types of inputs (average, random, specific) with 2 conditions (mask/no mask).

accuracy reaches 60% in both the mask and no mask condition. For average inputs, we see a 10% degradation when the entire
image is presented (compared to specific inputs). However, with the mask condition, the degradation between moving from
specific to average inputs is much smaller. Finally, looking at random inputs, we observe that when the entire random image is
presented, the network is still able to mitigate catastrophic forgetting (task performance is 30%). However, performance is
much worse with random inputs, suggesting that task-specific information must be present for the network to optimally recover
older tasks.

5. Effect of Task Training Length

Our results suggest that the information about old tasks is not lost in the network after new task training, even if from
a classification standpoint the old tasks are not classified correctly. One can expect, however, that as a new task training
increases, the network may eventually lose all the old task information. In order to verify this, we measured the classification
accuracy before and after sleep in the simplified two task incremental setting for MNIST, Fashion MNIST, CIFARI10, and the
crossmodal MNIST task. For MNIST, Fashion MNIST, and CIFARI10, task 1 is the first two classes in the dataset and task 2
is the next two classes. For crossmodal MNIST, task 1 is the entire MNIST task, and task 2 is the entire Fashion MNIST task.
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We varied the length of training of task 2 in order to test the hypothesis that longer task 2 training would result in an inability
for task 1 to be recovered after sleep since there is less information in the network pertaining to task 1.
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Supplementary Figure 4. Classification accuracy as a function of length of task 2 training (in epochs) for 2 task MNIST, Fashion MNIST, and CIFAR 10 as well as the Cross
Modal MNIST task. Solid red - T1 accuracy after sleep, dashed red - T1 accuracy before sleep (after T2 training), dashed gray - T2 accuracy before sleep (after T2 training),
and solid gray - T2 accuracy after sleep.

Supplementary Figure 4 shows classification accuracy on task 1 and task 2 before and after sleep, for all 4 datasets as a
function of the length of task 2 training (in epochs). In all cases, T1 is mostly forgotten after T2 training (red dashed line),
except in the case of Cross Modal MNIST, where T1 accuracy is around 20%. With light task 2 training, task 1 classification
accuracy is recovered significantly. However, as we increase the length of task 2 training, task 1 recovery decreases. Nevertheless,
it never becomes completely forgotten after sleep (solid red line is always above dashed red). Note that the reverse is true for
T2. For light T2 training, T2 becomes more degraded after sleep. With longer T2 training, T2 performance remains unchanged
after sleep (dashed gray line = solid gray line).

These results also suggest that possibly effective training strategy would be to interleave multiple episodes of new task
training and sleep. Indeed, this would well match biology, when new procedural task training in human brain happens slowly
and involves multiple training sessions and multiple episodes of sleep between them.

6. Effect of SRC on Single Task Performance

From neuroscience standpoint the best studied effect of sleep on memory is an improvement of a single task performance
after sleep. E.g., in experiments with new skill learning, comparing task performance following episode of training + sleep
vs. training with no sleep reveals memory improvement when sleep is included. In fact, recent studies revealed an inverse
association between learning performance and gains in procedural skill, i.e., good learners exhibited smaller performance gains
after sleep than poor learners (3).

To test if SRC can provide similar performance benefits for a single task learning and also show similar dependence on
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pre-sleep performance, we used the entire MNIST dataset and trained it in 4 conditions, that were different by the length of
training. SRC was implemented after training in all 4 cases and we compared performance before vs. after sleep.

Supplementary Figure 5 shows the classifcation accuracy on the entire MNIST dataset before/after sleep in 4 training
conditions. When training is short, i.e., pre-sleep performance is low, we found a very significant 20 percentage point increase
in classification accuracy after SRC. When training is long, i.e., pre-sleep performance is high, we see a 5 percentage point
improvement. Finally, for very long training, we observed small reduction in performance after SRC. The last may be related
to the reported SRC role in increasing generalization (4). Indeed, requirements for robustness/generalization and classification
accuracy are conflicting, so increase in generalization may explain observed reduction of accuracy after SRC even on recent
tasks. These results suggest that replay during SRC can indeed capture some important elements of replay in the biological
brain.
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Supplementary Figure 5. Classification accuracy on the MNIST dataset before (black) and after (red) sleep when trained for 10, 20, or 40, 150 epochs. Scaling of top 2.5% of
weights by 1% shown in grey.

7. Implementation of Other Methods

Elastic Weight Consolidation. Elastic weight consolidation (5) seeks to reduce the plasticity of weights that are deemed
important for previously learned tasks, while utilizing less important weights to learn and represent the new task. Any updates
to weights deemed important for previously learned tasks are penalized in the loss function, thus making it harder for any new
training to impact the performance of old tasks. More formally, this is written as a regularization term added onto the loss
function

LO)= Lo(0) + 3 20— 0.,

Here Lp(6) represents the normal loss function evaluated on the new training set B. The regularization term computes the
product of the Fisher information matrix of parameter ¢ with the difference between the proposed weight update 6; and the
original parameter when trained on an earlier dataset 64,;. In this way, weight updates to parameters deemed important for
task A are penalized. The A parameter determines how plastic the network should be. A high value for A suggests that weight
updates should only occur when they are vital to achieving a high performance on the new task B. For our purposes, we
performed a parameter sweep over A to find the best value of A for each specific task.

In this work, we implemented elastic weight consolidation (EWC) as a benchmark to compare against the sleep replay
algorithm. In the original work (5), EWC was tested on the MNIST permutation task as well as a series of reinforcement
learning games. In other works, it has been noted that EWC does not achieve optimal results on incremental learning tasks
(when the classes in the dataset are learned incrementally) (6, 7). In this work, we corroborate these results. Mainly, EWC fails
to perform continual learning on the incremental learning tasks. However, on the Multi-modal MNIST task where the network
must learn both the Fashion MNIST and MNIST datasets, EWC outperforms SRC. These results suggests that different
methods can excel in certain areas of continual learning but fail in others and that combinations of different methods may
provide an optimal solution that can be explored in future studies.

Synaptic Intelligence. The Synaptic Intelligence approach (SI) (8) is similar to EWC with a slightly different regularization
term. To penalize updates to important parameters, the SI method uses the following loss function:

Ly, =Lu+cy QL0 —0:)°.
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This regularization term is similar to EWC, where Q' keeps track of how important an indidual parameter 6; is to previously
learned tasks. The parameter c is similar to the A parameter in EWC. We performed a parameter search over ¢ to find the best
value for each of the tasks tested in the paper. Given the similarities of the two approaches, we observed similar performances
on the tasks tested in the paper between EWC and SI. Mostly, SI fails to perform class incremental learning but performs well
on the Multi-modal MNIST task.

Orthogonal Weight Modification. The orthogonal weight modification (OWM) approach (9) takes a different approach by trying
to force weight updates in a direction that is orthogonal to the subspace spanned by all previously learned inputs. First, a
projector P is constructed to find the direction orthogonal to the input space: P = I — A(AT A+ aI)™' A, where A consists
of all previously trained inputs as columns. Weight modifications are then done by AW = kPAWBP. We used a values of
0.9 % (0.001%), 0.1', and 0.6 in each of the 3 hidden layers. Here, | represents the progress made through the training of the
current task. For CIFAR-10, we used 0.9 % (0.00011), 0.1', and 0.006 as the a parameters. The authors in the original paper use
an iterative method to construct P so not all inputs must remain stored. In the tasks tested in the paper, OWM performs
significantly better than the other two regularization methods: EWC and SI.

Additional analyses revealed that OWM may take longer to converge than standard methods. An ideal ANN may converge
on MNIST after around 2 epochs/task. However, this was not true for OWM. Table 1 in the manuscript shows OWM
performance when trained with 10 epochs/task (the same as for all other methods) on MNIST, Fashion MNIST and CIFAR10.
We chose this training time as it was sufficient to converge for all the methods, including those with slow convergence rate. In
Supplementary Figure 6, we present data over a range of training duration for OWM. The results with longer training are in
line with other implementations of OWM except for the case of CIFAR-10 (9, 10). We hypothesize that this disparity occurs
because our study only applies OWM to the fully connected layers, not in an end-to-end fashion, as done in (9). Since our
extracted features for CIFAR10 images were based on Tiny Imagenet, they are likely not maximally informative. If we use
extracted features from a network trained on CIFARI10 instead of Tiny Imagenet, we could improve OWM performance on
CIFARI10 (when trained sequentially) from 34% to 42%. This suggests that OWM may work better in scenarios where the
feature extractor can also be fine-tuned on the dataset.

OWM MNIST 100OWM Fashion MNIST 100 OWM CIFAR10
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Supplementary Figure 6. Analysis of OWM performance as a function of number of epochs per task on MNIST (left), Fashion MNIST (middle) and CIFAR10 (right) datasets.

Discussion of Regularization Approaches. Table 1 in the main paper illustrates that the first two regularization (SI and EWC)
approaches fail to prevent catastrophic forgetting in the incremental tasks. However, on the Multi-modal MNIST task, these
regularization approaches come close to reaching the ideal accuracy. Here, we briefly discuss why these methods may succeed
in some domains and fail in others. In the paper outlining EWC, the authors tested the algorithm on the MNIST permutation
task and reinforcement learning tasks (5). For SI, the algorithm was tested on the MNIST permutation task as well as the split
MNIST and CIFAR tasks (8).

The MNIST permutation task defines a single task as one representation of the input space. During subsequent tasks, this
representation is permuted (so that pixel ¢ of all images now appears in a new location in the image). During incremental
learning, the network must be able to distinguish all 10 digits in previously learned permutations, while also learning the
newest permutation. Since a lot of the information in MNIST images is present in the center of the image, we hypothesize that
when a new permutation of the images is created, the pertinent information is likely moved to distinct regions of the image.
These regions have a relatively small amount of overlap with the old permutations, so when EWC or SI are applied, important
weights connecting from the center of the image may be preserved, while the weights that connect from the new important
regions of the image are updated.

For split MNIST/CIFAR tasks, the classes in the dataset are divided into subsets (i.e. pairs of digits or images), and the
network learns to distinguish each image in the pair. During task 1, the network may learn to distinguish 0 and 1. Then,
during task 2, the network may learn to distinguish 2 and 3, utilizing the same two output neurons as were used for task 1. In
this scenario, regularization approaches may work well by allocating distinct pathways through the network for each binary
classification task learned. Thus, when task 2 is learned, old pathway through the network is preserved for task 1, and a new
pathway is created to represent task 2. In incremental learning settings, activity to certain output neurons is cut off during
new task training, as is the case with the incremental tasks tested in the paper. Thus, when training on a new task (e.g., digits
2 and 3), output neurons representing old memories (e.g., digits 0 and 1) should not receive any activity to achieve a suitable
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loss on the new task. We hypothesize that the regularization term added by EWC and SI is insufficient to maintain activity to
these output neurons representing older classes.

Nevertheless, we found that EWC and SI work well for the multi-modal MNIST task (where the network must learn MNIST
and Fashion MNIST incrementally). In this task, during both phases of learning, all output neurons remain active. Additionally,
the MNIST and Fashion MNIST datasets may maintain information in distinct parts of the image. Therefore, regularization
approaches may consolidate the two tasks into the network, solely by preserving weights that are significantly important for
the old task and using the relatively less important weights to represent the new task.

Incremental Classifier and Representation Learning (iCaRL). Here, we describe our implementation of the iCaRL method and
differences with the original paper (11). The main idea of the iCaRL algorithm is to utilize a fixed memory capacity (capacity
K, where K represents number of examples stored from previous classes) in an efficient way to prevent catastrophic forgetting.
Specifically, it selects which K examples to store from previous classes (m = % images per class, where t is the number of
classes seen so far) by adding examples to the memory bank which cause the average feature vector over all exemplars (m
images in the memory bank) to approximate the average feature vector over all training examples (all images of the relevant
class). These images are sorted in the exemplar set based on how well they approximate the average feature vector over all
training examples. When a new class is learned, the exemplar set for a certain class is reduced (now m = t%) by removing the
least informative (of the average feature vector) examples.

In addition to introducing an efficient exemplar management, the learning rule and classification scheme are modified in the
original iCaRL implementation (11). Specifically, the learning rule incorporates both soft-target distillation over examples
from previous tasks as well as cross-entropy loss from the newest task. The labels for the new images are binary one-hot
encoded vectors with the correct classifications. However, the labels for the old images are computed by passing these images
through the network and storing the output from the network. In addition, the classification scheme is changed to use the
Nearest Means of Exemplar classification strategy, where test inputs are fed through the network and their representation in
the last hidden layer (before the classification layer) is used to compute the classification for that test example. Its label is
determined by finding the nearest-class-mean using the exemplar set and all class labels which have been learned so far. In our
implementation of iCaRL, we used the Nearest Means of Exemplar classifier as well as soft-target distillation.
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Supplementary Figure 7. Analysis of iCaRL performance with (red) and without (gray) SRC as a function of number of epochs per task on MNIST (left), Fashion MNIST
(middle) and CIFAR10 (right) datasets.

As with OWM, we found that iCaRL can benefit from longer training times (see Supplementary Figure 7). We, however,
showed that even with longer training times, SRC can still improve upon iCaRL performance, especially for lower values of K.
Furthermore, SRC can reduce the training time needed to achieve maximal performance of iCaRL (Supplementary Figure
7). We characterize the savings in the training time by the difference in epochs/task when iCaRL + SRC achieves the same
accuracy as iCaRL alone after 10 training epochs. These results are reported in the main manuscript.

8. Implementation of both Training and Sleep Replay within SNN

Sleep replay algorithm presented in this study was implemented for artificial neural networks. In addition, we tested another
implementation when both training and sleep were implemented using spiking neural networks (SNNs). SNNs recently received
attention from the neuromorphic hardware community for their ability to perform power-efficient computing (12), particularly
during inference phase (13-15). However, SNNs are still inferior to ANNs on complex data training (16). Nevertheless, the
question is raised of whether or not the entire wake-sleep pipeline could be performed within a spiking network architecture as
well as what implications this may have for neuroscience and computer science.

To address this question, we implemented both awake training and sleep replay withing SNN architecture. We performed
"awake" sequential training on MNIST data in an SNN via backpropagation (17). This method works by approximating the
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discontinuity in a neuron’s non-linear spiking function so as to make it differentiable when performing backpropagation. Our
goals were (a) to verify that catastrophic forgetting occurs in an SNN trained through backpropagation; (b) to test the effect of
SRC in overcoming catastrophic forgetting.

Phase T1 performance | T2 performance
T1 awake training | 99.6 0.6

Sleep 84.8 2.9

T2 awake training | 0 85.9

Sleep 71.8 51.3

Supplementary Table 1. Catastrophic forgetting is observed when sequential training is performed in an SNN architecture. SRC is able to
produce more balanced classification accuracy on both tasks (T1 = digits 0-1, T2 = digits 2-3 in MNIST dataset). Each value represents the
average of 5 trials.

Supplementary Table 1 illustrates the classification accuracy for two task incremental training on the MNIST dataset (T1 =
digits 0-1, T2 = digits 2-3). The SNN trained here had the same number of neurons in each layer as the ANNs used in the
main paper (2 hidden layers with 1200 neurons each). After training on T1, SNN was able to classify images in T1 with 99%
classification accuracy (averaged over 5 trials). After training on T2, catastrophic forgetting occurred, as classification accuracy
on T1 dropped to 0%. This illustrates that catastrophic forgetting is not unique to ANNs but can occur in SNNs due to the
interference between the tasks. (Indeed, our recent studies suggest that catastrophic forgetting can occur in a spiking network
even with biologically realistic local learning rules (18, 19) when tasks with a high amount of overlap are learned incrementally.)
After sleep, performance on T'1 was mostly recovered while performance on T2 was partially reduced. Overall, this experiment
demonstrates that catastrophic forgetting does occur in SNNs and sleep can reduce the impact of catastrophic interference.

9. Analysis of Sleep Replay

To evaluate replay of the old and new tasks during sleep, we compared the neurons that spiked frequently during sleep with
the average activation in the ANN for each specific image (Supplementary Figure 8). When an image was presented to the
ANN (before SRC is applied), we recorded the activation vectors in each hidden layer a1,;,az,; for hidden layers 1 and 2,
respectively, for each image i of class j. For two tasks, we recorded values for a1,;, through a1, and ag,;, through as:, to
store activation vectors for each class of digits learned, 0 through 3. Then, we tested for the overlap between neurons that
had non-zero activation values in ANN (before SRC) for a specific input and neurons which had non-zero firing rates during
subsequent sleep (during SRC). This serves as a proxy to measure the extent to which a specific input is replayed during sleep.
As a control group, we performed the same calculations but using ANN activation vectors obtained in response to an image
created with uniformly-distributed random noise.

Supplementary Figure 8A shows the average amount of reactivation for each digit in each hidden layer, normalized by
the reactivation of the control group. In layer 1, for each digit, we observed reactivation values that were greater than
reactivation for a random input. Most notably, digit 1 (from the old task) seems to be reactivated the most, followed by digits
2 and 0. Analysing the confusion matrices before and after sleep for this specific network (Fig 8B), we observed that the
classification accuracy for digit 1 was particularly improved after sleep, and when a network predicted an image incorrectly, it
often misclassified it as digit 1. This suggests that the digit-specific reactivation correlates well with the network classification
performance and further steps to improve reactivation during sleep may lead to further SRC performance improvements. In
Layer 2 (Fig 8A, right), we observed that all digits were reactivated greater than expected for a random input image. However,
the ratio of reactivation for each digit was about equal. Overall, these results suggest that previously learned tasks are replayed
during sleep phase and amount of replay positively correlates with classification performance on the old digits that otherwise
would have been forgotten.

In addition to reactivation, we also measured the effect of sleep replay on the representation of distinct digits in the network.
Work by (20) shows that during training, representations of distinct image classes can become more dissimilar and sparser. We
perform a similar analysis here by plotting the activation of a group of 40 randomly selected neurons before and after sleep,
when presented with each of the 10 MNIST digits (Fig 9). Before sleep, the representation of all digits is very similar (with the
exception of digits 8 and 9, which were more recently learned). After sleep, every digit has a unique representational code,
along with much sparser activity.
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Supplementary Figure 9. Average activation of 40 randomly selected neurons before (left) and after sleep (right) when presented with digits from each class. Overall, less
neurons respond to each digit suggesting a sparser representation.
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