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The overfitted brain hypothesis
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What is the purpose of dreaming? Many scientists have postulated a role for dreaming in learning, often with
the aim of improving generative models. In this issue of Patterns, Erik Hoel proposes a novel hypothesis,
namely, that dreaming provides a means to reduce overfitting. This hypothesis is interesting both for neuro-
science and for the development of new machine-learning systems.

The reasons for how and why we dream
are poorly understood; however, the sup-
pression of sleep stages most closely
associated with dreaming have been
known to impair learning in mammals for
some time." Given the limits of experi-
mental techniques in cognitive and
systems neuroscience, theories and ex-
periments that address the role of sleep
in learning often do not consider the
impact that dreaming specifically may
have. In a new perspective in this issue
of Patterns, titled “The overfitted brain:
Dreams evolved to assist generalization”,
Erik Hoel explores this question using
concepts from machine learning.?

Interestingly, within machine learning,
there is actually a long history of algo-
rithmic techniques that use dream-like
processes for learning.>° Many of these
were motivated by the challenges of
training probabilistic generative models.
Specifically, machine learning re-
searchers often wrestle with the dilemma
of needing to find a model that maximizes
the marginal likelihood or evidence of
observed data, despite the fact that they
are unable to evaluate this intractable
quantity. A large amount of machine
learning research is devoted to circum-
venting this problem by instead maxi-
mizing a suitable lower bound on this
quantity, referred to as the evidence lower
bound (ELBO) and sometimes as negative
variational free energy.”

A canonical example is the expecta-
tion-maximization (EM) algorithm,® the
iterative two-stage procedure used in
fitting Gaussian mixture models and
other hierarchical probabilistic models
without closed-form marginal likeli-

hoods. This involves an expectation, E-
step, in which we fix model parameters
and compute the expected posterior
mixture assignments, and a maximiza-
tion, M-step, in which we update model
parameters to maximize the ELBO while
keeping the posterior mixture assign-
ments fixed. One can also think of EM
as performing two steps of maximization
of the ELBO, because during the E-step
one is finding a posterior distribution
that maximizes the negative variational
free energy.’

Iterative two-step training procedures
such as these are ubiquitous in ap-
proaches to solving the problem of fitting
hierarchical probabilistic models. Possibly
the most relevant in relation to Hoel’s the-
ory is the wake-sleep algorithm for training
Helmholtz machines.®° The two phases of
the wake-sleep algorithm® correspond to
an input-driven “wake” phase, akin to the
M-step of the EM algorithm, and an inter-
nal representation-driven “sleep” phase,
akin to the E-step of the EM algorithm. Dur-
ing the wake phase, layers in a deep neural
network are activated by fixed feedforward
connections, while feedback connections
are updated to maximize the probability
of reconstructing the input (the M-step).
The sleep phase plays out in reverse:
layers are activated by fixed feedback con-
nections, while feedforward connections
are updated to find a posterior that better
matches the generative distribution (the
E-step). In this case, hidden layer activa-
tions during the sleep phase are inter-
preted as “dreams” because they are
internally generated data constructed dur-
ing a time when the network is cut off from
sensory inputs. According to this theory,

dreams are a way of aligning our recogni-
tion pathways with our generative path-
ways, and so, over time, dreams should
come more and more to resemble that
which is experienced during waking.
Within neuroscience and psychology,
recent theories inspired by these ma-
chine-learning algorithms have attempted
to explain learning and the role that sleep
and dreaming might contribute in a similar
light."®

However, Hoel proposes a different role
for dreams, also inspired by machine
learning. Specifically, Hoel’s hypothesis
is that dreams help to prevent overfitting.
Specifically, he proposes that the pur-
pose of dreaming is to aid generalization
and robustness of learned neural repre-
sentations obtained through interactive
waking experience. Dreams, Hoel theo-
rizes, are augmented samples of waking
experiences that guide neural representa-
tions away from overfitting waking
experiences. Hoel argues that the proper-
ties of these augmentations explain why
dreams are both less detailed and more
fantastic than waking experience but
retain the sequential ordering that we are
familiar with.

This proposal is different from EM-
style proposals because the dream
phase is not used to improve the match
between a generative model and a
recognition model, but rather to regu-
larize a single model. This essentially
proposes that brains use a secondary
training phase in order to engage in
some regularization process courtesy of
using corrupted versions of the original
data. This is akin, to some degree, to
the use of augmented data for training
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machine-learning models to improve
robustness and generalization. Hoel’s
proposal is interesting from a neurosci-
ence perspective, as it provides a
normative theory of dreaming that, unlike
the EM-style proposals, can explain why
dreams do not become more realistic
over time. But it is also interesting from
a pure machine-learning perspective. If
Hoel is correct, there should be ways
to incorporate the phenomenology of
dreaming to algorithm design for training
and regularizing artificial neural net-
works (ANNs).

Given that a fundamental flaw of current
deep neural networks is their inability to
learn representations from data that
generalize to out-of-distribution samples,
this is an interesting proposal. Cognitive
scientists and machine-learning re-
searchers alike have argued that this abil-
ity is key to learning causal world
models,’" and it relies on being able to
decompose sensory experiences into
disjoint hierarchies of discrete objects
with locally continuous features. For
example, the ability to recognize a
coworker in an unfamiliar location relies
on the ability to separate the coworker
from the workplace and attire one usually
perceives them in. In this case the disjoint
hierarchical objects are the coworker,
attire, and environment, which them-
selves can be decomposed into further
sub-objects (facial features, items of
clothing, workplace furniture, etc.).
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While solutions to this problem in deep-
learning research are still in their infancy,
the most common paradigm is to include
a mechanism that guides learned repre-
sentations away from the training data,
either explicitly through regularization in
the objective function or implicitly by in-
jecting simple independent noise to the
training data. More complex strategies
try to generate synthetic training exam-
ples that exploit counterfactuals to obser-
vations, thereby supporting learning of
causal relations between discrete ob-
jects. Hoel's proposals for the role of
dreaming in human and animal learning
can be interpreted as exploiting each of
these strategies.

Finally, Hoel speculates on the use of
dream substitutions—dream-like stimuli
generated to aid learning during wakeful-
ness or to ameliorate the effects of sleep
deprivation. This offers clear empirical
predictions for human studies and impli-
cations for the use of augmented reality
technologies. Forming our own specula-
tions, other waking experiences such as
the use of psychedelics may also offer
alternative dream substitutions. Recent
work shows how the use of psychedelics
alters variability in neural activity.'?
Should this variability impact learning in
the way Hoel’s theory suggests, we might
also predict that psychoactive sub-
stances or other consciousness-altering
experiences might promote more robust
learning.
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