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Humans and animals have a remarkable ability to learn continuously,
earn from very few examples, including one-shot learning, use prior
Knowledge to enhance new learning, and use new learning to update
and improve existing knowledge.

While many features of the biological brain may contribute to these
abilities, there is strong evidence that sleep may be one important factor.



Canonical human hypnogram EEG brain wave patterns during sleep
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Chronic lack of sleep leads to severe cognitive deficits

Fatal Familial Insomnia, or FFI:

* The first reported case in the Netherlands was of a 57-year-old man of Egyptian descent. The
man came in with symptoms of double vision and progressive memory loss, and his family also
noted he had recently become disoriented, paranoid, and confused.

« This disease has a genetic origin: healthy proteins are misfolded creating prions. The thalamus is
a major site. The atrophy of the thalamus is one of the most common signs of fatal familial
Insomnia

 Normal sleep has different stages that together last 90 to
100 minutes:
- Non REM Stages 1 and 2: Light sleep NREM-sleep
- Non REM Stage 3 (previously 3 and 4): Deep slow wave
sleep (SWS)
- REM-sleep when memorable dreams occur
- FFI patients cannot go past stage 1

* FFI patients die within a few months after the disease
develops.



What exactly does sleep do to memories?

The conventional idea is that sleep reactivates memories through replay.
While this is certainly true, we argue that sleep also acts as a powerful
mechanism to optimize memory representations, reduce the neuronal
and synaptic cost of memory storage, reduce interference between

memories, and protect memories from decay despite synaptic or
neuronal loss.



Memory consolidation during NREM sleep is believed to depend on
replay of the firing sequences matching those observed during wake
learning
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Complementary Learning Systems (CLS) Theory (NREM sleep)
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We previously developed Sleep Replay Consolidation (SRC) for
ANNs to reduce catastrophic forgetting
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We previously developed Sleep Replay Consolidation (SRC) for
ANNs to reduce catastrophic forgetting
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SRC was first developed for FF networks and later extended to

RNNs

Feedforward ANN
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Image classification task
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SRC vs other methods
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Task Method MRNN-EP MRNN-BPTT RNN-BPTT
Sequential training 2476 4+ 3.03% 20.88 £ 1.87% 20.43 = 1.07%
SRC 64.68 £ 4.35% 65.41 4+ 4.98% 49.88 + 3.28%
MNIST Rehearsal (2% data) 31.15 £ 1.99% 29.57 £ 0.65% 26.19 £2.01%
000 SRC + Rehearsal (2% data) 67.77 £ 3.98% 66.92 + 3.91% 55.29 +3.26%
Parallel training 96.59 + 0.0008% | 96.36 £+ 0.0007% | 97.33 + 0.001%
- 5000 Sequential training 21.17 £ 3.31% 2191 £ 3.46% 22.50 £ 3.40%
000 SRC 4573+ 198 % | 37.92+577% | 33.21 +7.74%
FMNIST Rehearsal (2% data) 30.70 £ 4.09% 31.77 £ 4.10% 34,40 +5.42%
- 3000 SRC + Rehearsal (2% data) | 50.90 £ 2.10% 4390 £+ 6.01% 39.62 +6.93%
_ 2000 Parallel training 87.53 £ 0.006% 88.16 = 0.007% | 87.83 £ 0.004%
1000 Sequential training 19.94 + 2.25% 18.95 + 0.20% 19.1 £ 0.16%
SRC 48.39 £+ 2.90% 43.13 £9.99% 39.88 4+ 3.52%
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SRC + Rehearsal (2% data) 50.27 £ 3.12% 46.89 +9.61% 4198 +£5.45%
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Sequential training 33.56 £+ 3.19% 20.52 4+ 0.83% 19.67 £ 0.52%
SRC 81.30 £+ 1.98% 41.13 +2.93% 31.69 + 3.02%
CIFAR10 Rehearsal (2% data) 43.53 &+ 2.07% 31.07 £+ 2.08% 28.39 £2.21%
'_6000 SRC + Rehearsal (2% data) | 8349 £1.39% | 5035+ 133% | SL11+2.11%
Parallel training 91.87 £ 0.0003% | 91.93 £ 0.0009% | 91.78 £ 0.003%
2000 Sequential training 58.15 + 3.78% 49.09 +4.57% | 52.43 £3.60%
4000 SRC 7771 £ 2.91% 70.46 & 2.43% 64.79 4+ 3.37%
2000 ImageNet Rehearsal (2% data) 67.07 &+ 3.27% 60.78 + 3.31% 65.70 +4.02%
SRC + Rehearsal (2% data) 81.35 £ 2.10% 75.31 £ 1.55% 70.48 £3.11%
2000 Parallel training 89.67 + 0.003% 88.63 £0.006% | 90.10 £ 0.007%
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SRC reduces correlations between image classes while maintaining strong
correlations within classes

Correlation matrix of activations Synaptic weights delta
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Does SRC reduce interference by employing replay (as
expected during NREM sleep)?



Replay (reactivation) is one fundamental idea about the role of sleep in
memory. Another, likely related, is the Synaptic Homeostasis Hypothesis

proposed by Tononi and Cirelli
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Neural dynamics in neocortex and hippocampus
during REM sleep are almost indistinguishable
from wake behavior and radically different from

NREM sleep
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Analysis of spiking activity during SRC (CIFAR-10): (1) spike rates decrease
during sleep; (2) in the output layer, the most recently trained class evokes
the highest activity
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Analysis of spiking activity during SRC (CIFAR-10): (1) spike rates decrease
during sleep; (2) in the output layer, the most recently trained class evokes
the highest activity
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SRC increases inhibitory input from task-specific neurons (in the previous
layer) representing earlier tasks to task-specific neurons (in the next layer)
representing the most recently trained task
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SRC increases inhibitory input from task-specific neurons (in the previous
layer) representing earlier tasks to task-specific neurons (in the next layer)
representing the most recently trained task
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Can we apply SRC as a regularizer to increase sparsity in pretrained
ANNs?

8" "00#55%69:;<>2%&5H, " Yoi." Yo+ H)$" 1%+ ("+" . %-/55/*" 1% @ A%H#%,)$(5"%"3),/1"%/-%, 5"

Confusion Matrix; Before Sleep Confusion Matrix: After Sleep
(CIFAR-10) (CIFAR-10)
1.0
I-0.8
- 0.6

1.0
l— 0.8

- 0.6

True Label
True Label

- 0.4

- 0.4

0.2

0.0

Predicted Label Predicted Label



Sleep reduces representational overlap between classes: CIFAR-10

Correlation Matrix: Correlation Matrix: Ratio of between

Before Sleep After Sleep class to within class
mean correlations
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Spiking activity during sleep and weight differences: CIFAR-10
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Sleep reduces representational overlap between classes: MNIST

45++*,-215678-2+19*0
Before Sleep After Sleep ()*+,-. [.-+0123

Epoch 4 | 1-activations | sample-pair mean

Epoch 5 | 1-activations | sample-pair mean

1.0
i Aft
04 er
S|
: eep
(9]
2103 T
©
9] V 0.6
¢ .| Before
2./ Sl
L :..| Sleep
Q Q
1S @
I c
o [)
0.1 = 0.2
0.0 - 0.0 -
0 1 2 3 4 5 6 7 8 9 R R spars spars
Digit Digit bs(4) as(5) bs(4) as(5)
Epoch 4 | 2-activations | sample-pair mean
0.40 1 1.0
After
0.8
0.5 © 0.30 o SI
IS o
: 3 eep
|
0.4 s I
g 025 V 0.6 -
0.3 £ g
: £ 0.20 €
- | Before
o Aft
20 er * | Slee
I 5 p
0.1 o 9]
0.10 SI g
eep 0z
0.0 0.05 -
-0.1 0.00 -

0.0-

bs(4) as(s) ba(d) 25




Conclusions

« REM-sleep like reactivation reduces interference (“cross-talk”) between
memories by enhancing cross-inhibition. This effectively enlarges the basins of
attraction for individual memories, allowing weakened or overlapping memory
traces to be recovered rather than forgotten.

 Effectively, REM-sleep like reactivation reduces spike density, makes memory
representations sparser

* There are likely good reasons why the brain implements both NREM (slow-
wave) and REM (paradoxical) sleep in nearly all biological systems. These
states likely serve complementary functions: NREM enhances and maps
recent memories to long-term storage, while REM reduces overlap and
Increases the sparsity of memory representations.
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