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Abstract
Neural circuits—both in the brain and in “artificial” neural
network models— learn to solve a remarkable variety of tasks,
and there is a great current opportunity to use neural networks
as models for brain function. Key to this endeavor is the ability
to characterize the representations formed by both artificial and
biological brains. Here, we investigate this potential through the
lens of recently developing theory that characterizes neural
networks as “lazy” or “rich” depending on the approach they
use to solve tasks: lazy networks solve tasks by making small
changes in connectivity, while rich networks solve tasks by
significantly modifying weights throughout the network
(including “hidden layers”). We further elucidate rich networks
through the lens of compression and “neural collapse”, ideas
that have recently been of significant interest to neuroscience
and machine learning. We then show how these ideas apply to
a domain of increasing importance to both fields: extracting
latent structures through self-supervised learning.
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Introduction
When we learn and develop, from learning to play chess
to learning to walk to learning a relatively controlled
laboratory task, the brain undergoes changes that
specialize neural circuits to certain functions. However,
the degree of specialization, as well as the elements of
the environment and task that are specialized for, varies
significantly across the brain. There is evidence that
some brain areas hold a potentially high-dimensional
www.sciencedirect.com
(high-d), possibly random mix of many sensory fea-
tures and task variables, as in high-d mixed-selective
representations [1,2]. There is also evidence for other
brain areas holding information that is very exclusively
focused on task variables, such as category identity in
classification tasks [3]. However, a unifying perspective
that explains these phenomena is still developing, and it
is not clear when and where general-purpose, task-

agnostic representations should be found versus exclu-
sive, task-specific representations, and what the impli-
cations may be.

Artificial neural networks are proving a remarkably useful
model system for addressing such questions [4]. In this
approach, a neural network is trained to perform a task
comparable to that performed by an animal in an
experiment; the network is then analyzed to gain insight
into plausible neural mechanisms and representations
that support task execution. An obvious but appealing

aspect of this approach is that representations in the
artificial system can be measured with perfect
completeness and precision. By studying the represen-
tations formed by neural networks, we can probe the
functional role of representational structure. Moreover,
by efficiently simulating and comparing representations
that arise in many different settings, or performing
mathematical analysis of well-defined learning processes,
we can ask explicitly whether and how structure in these
representations depends on the underlying tasks, as well
as on varied assumptions about the networks and their

learning rules. Of course, how much this informs the
underlying biology is a deep, classic [5] and still open
question, but a still-growing body of recent evidence
underscores that the underlying representational prin-
ciples may as well be at work in animal brains [6e8].

A striking finding that has recently emerged from
theoretical investigations of neural networks is the large
diversity of qualitatively different solutions these net-
works find, depending on initialization scheme, opti-
mization procedure, and other details. These results

belong to a sub-field that is often referred to as “feature
learning.” A feature is simply an aspect of inputs in a
particular domain; feature learning describes how
learning systems might access or extract useful features
that support performing tasks within this domain. In
neuroscience, the closely related concept of a neural
representation is more familiar, which ultimately refers
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Figure 1

(a) Depiction of a context-dependent classification task, taken from Ref. [9]. Top: task is to classify images based on leafiness. Bottom: task is to classify
based on branchiness. (b) An idealized schematic of the lazy to rich spectrum of representations that can follow from task learning. Asterisks denote
items that are speculative or do not fit neatly into one place.
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to how the biological network represents specific as-
pects of the external world. Often it is the case that
useful features are encoded in neural representations.
For instance, edges are useful features of images that
support image classification; it is plausibly for this reason
that edge-detecting simple cells are often found in
mammalian visual cortex.

In this article, we highlight an intriguing set of recent
findings about learned representations in artificial
neural networks, and how they may shed light on bio-

logical neural representations and the underlying
learning processes. In particular, we study:

1. When are networks lazy, in that they learn to accom-
plish tasks without changing their representations?
When are networks instead rich, in that they change
their representations over the course of learning?

2. In the case of rich networks, when does this richness
reach the level of being exclusive, where their repre-
sentations not just learn but also isolate task-relevant
information?

3. How do exclusive networks shape representations in
self-supervised tasks, such as predictive learning, to
uncover hidden task structures or variables?
1 Note that this terminology can be confusing, as the “rich” regime can involve

removing information. Here richness refers to whether or not network representations

are “enriched” (i.e. modified) over training in a way that reflects desired task outputs.
The third question has rapidly become of high importance
to machine learning, as training regimens for artificial

neural networks are increasingly dominated by a self-
supervised initial stage, as well as in neuroscience, as
self-supervised tasks are increasingly used as models to
explain marquee neural representations such as place and
grid cells.

Reviewing these topics will carry us across a spectrum
from less to more extreme examples of feature learning:
from no feature learning at all to exclusive feature
learning that actively removes from representations any
information inessential to the task at hand. Figure 1a
Current Opinion in Neurobiology 2023, 83:102780
illustrates the concept of task-relevant and task-
irrelevant features by showing a task where images of
trees are classified either according to the tree leafiness
or branchiness, according to a context signal. In the first
context, aspects of the branchiness features are irrelevant
to the leafiness features, as well as vice-versa in the
second. If both contexts are used through training, both
aspects are important. Figure 1b gives a rough schematic
of the range of lazy to rich to exclusive learning by placing
models, concepts, and brain areas along this spectrum.

Below, we begin with the regime in which features are
not learned, known as the “lazy” regime in the feature
learning literature. This regime has been important in
the development of mathematical theories predicting
the behavior of neural networks [10e13]. We then move
to the regime in which feature learning occurs, known as
the “rich” regime. Within the rich regime, we will
investigate the different degrees of richness that can
occur, which can be measured by the extent to which
networks learn to exclusively represent information
required for a specific task while rejecting other

incoming information.1 Throughout, we highlight in-
sights that underlying concepts can provide for neuro-
biology (see e.g., Refs. [9,14,15]).
The lazy learning limit: learning tasks
without encoding them
Lazy learning describes a lack of task-relevant changes
in the representation of a neural network (see below for
a more formal definition). The most basic way in which
lazy learning occurs is in model networks where internal
connection weights are simply held constant by design:
they are never allowed to vary from their initial values,
which are chosen before learning begins. In this case,
the only connection weights that are changed during
www.sciencedirect.com
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Task representations in neural networks Farrell et al. 3
learning are the output weights linking a network’s in-
ternal activity to its final response. As a prominent
example, networks whose internal connections are
initialized with random internal connection weights may
perform a sufficiently large number of transformations of
their inputs in their internal layers (e.g., random
nonlinear projections to a high-d space), so that the
networks can solve many tasks by changes in readout

weights alone. For example, in the illustration of Figure
2a, if the network is large, its neurons are nonlinear, and
Figure 2

When do neural networks learn to represent task structure? Illustrating the in
Inputs arrive and are transformed in internal, or “hidden,” layer(s): here, this is
read out, via readout weights, to become the output for the task. (b) Cartoon co
Initial connectivity strength is denoted by g. Tabula rasa in this case correspond
of the “Mante task.” Here, the network receives two noisy input signals, one of w
a distractor. The network also receives “context” inputs indicating the relevant
was positive or negative on average over the time course of the trial. (d) Depict
pulses separated by a delay, after which the network is tasked with outputting w
change in weights resulting from training, as a function of initial connectivity s
change in weights resulting from training on the Mante task. Color denotes initia
from Ref. [9]. See Ref. [9] for details. (h) Compression of task-irrelevant versu
trained on a simplified version of the context-modulated classification task illus
negative values indicate stronger compression of task-irrelevant information w
BOLD signals during human execution of the context-modulated classification
input-specific features (signifying a lazy representation). Right three panels: s
rich representation). (j) As in (h), but measured for activity (representations) i
modulated classification task illustrated in Figure 1a.

www.sciencedirect.com
the internal (recurrent) weights W are sufficiently
strong and random, then a vast set of inputeoutput
maps may be created by leaving W fixed and just
tuning the readout weights. This is the approach taken
by the related frameworks of support vector machines
[16], random feature models [17], kernel machines
[18], reservoir computers [19,20], Koopman operators
[21], and neural network Gaussian processes [22e25].
In particular, reservoir computers have featured promi-
nently in the development of theories of neural
 Current Opinion in Neurobiology

fluence of initial connectivity. (a) Illustration of a recurrent neural network.
the recurrent layer in the central circle. This internal representation is then
mparing training from a tabula rasa initialization and a random initialization.
s to g = 0. Panels (c)–(g) taken from Ref. [30]. (c) Depiction of an instance
hich is relevant in a given trial of the task and the other of which serves as
signal. The network is tasked with outputting whether the relevant signal
ion of an instance of the “Romo task.” Here, the network receives two input
hich of the two pulses had the larger amplitude. (e) Frobenius norm of the
trength. Colors denote different tasks. (f) First 11 singular values of the
l connectivity strength. (g) As in (f), but for the Romo task. (h)–(j) Adapted
s task-relevant information in a neural network with a single hidden layer
trated in Figure 1a, as a function of the initial connectivity strength g. More
hich is indicative of rich feature learning. (i) Representation analysis of
task illustrated in Figure 1a. Left panel: similarity of BOLD signals with

imilarity of BOLD signals with output/choice-specific features (signifying a
n different human brain regions during the execution of the context-
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computation [26]. This perspective of random nonlinear
projections followed by learned readout weights is also
prominent in circuit models for early sensory and cere-
bellar processing, for example, Refs. [9,27e29].

Perhaps more surprisingly, even when we do allow syn-
apses to be modified in both internal and readout layers
(i.e., training the network “end-to-end”), lazy learning

can still occur (cf. [11]). This phenomenon has come
under intense focus in recent years. While networks will
typically engage in some amount of task-relevant feature
learning, it is theoretically convenient to consider limits
in which feature learning either does or does not occur.
One such limit is called the neural tangent kernel
(NTK) limit. NTK theory says that if neural networks
are initialized in a certain way, and if the size of each
layer in the network is taken to infinity (as for neural
circuits with vast numbers of internal neurons), then the
evolution of the network outputs through training can

be described by a relatively simple mathematical object;
namely, a linear system of ordinary differential equa-
tions. The coefficient matrix of this system is the NTK.
This theory is enticing because the simple training dy-
namics allow theoreticians to analytically predict aspects
of the behavior of the network through training, such as
the error the network will have on held-out data after
training a certain number of steps [54].

These concepts have been applied to many network
models, including convolutional neural networks as well

as recurrent neural networks [31,32]; however, simple
unstructured feedforward networks are currently the
best understood. Early evidence for the existence of a
lazy regime for recurrent networks was also found in
Ref. [33].

In the NTK limit, the network before training is
randomly initialized, and the network weights after
training remain close to this random initialization [34],
such that the intermediate representations are still
essentially random [11]. For this reason, networks
initialized according to the NTK theory are said to be in

the lazy regime. Due to this lack of feature learning,
networks in the lazy regime resemble the support
vector machines, random feature models, and other
related ideas described above. A precise definition of
the lazy regime can be found in Ref. [11]; for our pur-
poses, it is sufficient to understand that the interme-
diate feature representations do not change in a task-
relevant way.2 This said, many adjustments to the
initialization scheme and other details can result in
more substantial learning in internal representations
[11]; in general, much remains to be discovered (see

Refs. [11e13,35e41]).
2 To be a bit more precise, the training time would need to diverge to infinity along

with the size of the network in order for features to be learned.
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Interpretations for neurobiology
We pause to highlight three points important for relating
the lazy regime to neurobiology. First, we reiterate that
the scaling limits considered in these works are moti-
vated mathematically, as they allow for a clean theory to
be built, but that the ideas of rich and lazy can be used
in a less formal way and applied to neural networks that
are not infinite in size. In addition, while the formal
theory as we have introduced it above refers to entire
networks as potentially being lazy, we can use this
concept for individual layers or individual representa-

tions. Finally, we note that while lazy learning is defined
above in terms of network initialization, there are mul-
tiple ways that the concept of initialization could apply
in biological settings; we discuss some possibilities in
the section “Interpretations for neurobiology, revis-
ited” below.
Leaving room for learning: Rich learning of
neural representations
Above, we reviewed how networks that start with strong
internal network weights can show lazy learning, in
which no meaningful learning of task structure occurs in
a network’s internal representations. The theoretical
work underlying this phenomenon also suggests how

networks may move away from this lazy learning as the
(relative) strength of initial weights is tuned down (e.g.,
see Ref. [11]). Here, we highlight some recent work
from computational neuroscience that quantifies the
type of learning that occurs in this setting.

Rich learning from scratch: the tabula rasa regime
The limit of taking very small initial weights is called
the tabula rasa regime and has played an important role
in our understanding of network function. Here, the
opposite of lazy behaviordtermed rich learningdoccurs:
the task structure is strongly learned and represented in

the underlying neural network. Figure 2b shows an
illustration that contrasts tabula rasa versus the strong
and random initialization schemes similar to the NTK
initialization discussed above. The behavior of the tabula
rasa regime was made explicit in elegant mathematical
studies of deep linear networks [36,42e44]. In this
setting, the network picks up the structure of the task in
a parsimonious fashion through training, with the modes
of the inputeoutput covariance matrix (the principal
components) being transferred to the weights in order
of their magnitude. In this way, network weights and

activities clearly represent the structure of the task.
With tabula rasa initialization, at least in the tractable
case of linear feedforward networks, this is the only
structure that weights represent.

Titrating away from tabula rasa
A recent study focusing on recurrent neural networks
explores the intermediate ground between larger and
smaller weight initializations [30]. In this work, the
www.sciencedirect.com
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tabula rasa behavior of the network is reconciled with a
non-vanishing random initialization. This is done in the
context of three tasks, two of which are shown in Figure
2c and 2d. A key result is how random components of
network weights present at initialization perturb the
learning dynamics away from tabula rasa behavior. In
particular, this random initialization is “sticky”, with the
network weights retaining higher-rank components

through training (Figure 2ee2g). In this case, the
network after training may assume a lower-dimensional
structure more dominated by a single mode if the
random component is small or a higher-dimensional
structure if the random component is large at initiali-
zation (Figure 2f and 2g). In general, the main story that
emerges seems to be that changes induced by learning
have a rank that matches that of the task; often, this is
low-rank. See also Refs. [12,36,41,45,46] for explora-
tions beyond the tabula rasa regime, which find similar
principles at work.

In the cases explored in these studies, random compo-
nents in the weights present at initialization tend to
remain throughout training. In the section “Learning to
be rich and exclusive” below, we will study the even
more dramatic case of active compression of task-
irrelevant information, where the random components
present at initialization are significantly reduced
through training.

Interpretations for neurobiology, revisited
We reiterate that both lazy and rich learning are defined
above in terms of network initialization and how much
the representation changes from this initialization. In
biological circuits, what an initial network means is

somewhat up to interpretation. For instance, a neural
circuit may be considered tabula rasa at the outset of
development (connections between neurons being
weak or non-existent), and the learning process could be
a mix of genetically determined development along with
synaptic modifications driven by experience in the
world. Conversely, circuits that engage in learning a new
task after a lifetime of learning other tasks may be
considered to have stronger initial weights. Most set-
tings will, of course, lie in between these extremes, and
a great deal about the factors that control rich vs. lazy
learning outcomes doubtless remains to be discovered.

In the meantime, the spectrum of representations that
can arise in neural networks with the types of initiali-
zations studied to date forms intriguing and testable
hypotheses for experiments, as we review next.

Connections to experiments
Theoretical work exploring lazy and rich regimes has
counterparts in experimental neuroscience studies such
as [9]. In this study, the authors design a context-
dependent task (illustrated in Figure 1a) that can be
solved in two ways: random projections to a high-d space
followed by a trained readout (corresponding to the lazy
www.sciencedirect.com
regime), or using intermediate weights to transform the
representation to a compact form (corresponding to the
rich regime). In line with the computational work
reviewed above, the authors found that a neural network
trained on a slightly simplified version of the task would
take on the rich or lazy solution depending on the
strength of connection weights in its (random) initiali-
zation (see Figure 2h). They then studied neural activity

in the brains of humans and macaque monkeys during
performance of this task and found that early sensory
brain areas represent information in a way consistent
with the lazy regime, whereas higher-order areas such as
posterior parietal cortex have representations more
consistent with the rich regime (Figure 2i and 2j).

Much work remains in charting out the strategies used
in different brain areas across a range of tasks, and across
different levels of functional hierarchy. To help address
the need to understand brain representations across a

large range of tasks, the authors of [47] compare across-
task similarity matrices of brain representations to those
formed by neural networks in the rich and lazy regimes
and find closer matches with rich networks. The study
[48] also observes that deeper brain areas have a rich-
learning-like representation and investigates the
generalization properties of these representations.
These studies indicate the power and importance of the
theory of rich and lazy networks when modeling
neural representations.

Allied and very interesting concepts appear in the form
of “mixed-selective” representations as observed in
monkey prefrontal cortex [1,2], which correspond to a
high-d nonlinear mapping of sensory and task variables
into the neural representation. We note that a mixed-
selective representation is not necessarily equivalent
to a lazy representationdthe degree to which the rep-
resentation is lazy depends on the degree to which the
nonlinear mapping of input and task data is specifically
tailored to the relevant tasksda fully lazy representa-
tion will instead be random (see Figure 1b for concrete
examples). It is an interesting future direction to

ascertain the degree to which mixed-selective and other
neural representations are indeed random (see for
example Refs. [49e51]) and to explore connections to
mechanisms underlying lazy learning.
Learning to be rich and exclusive:
compressing away task-irrelevant
information
When networks operate outside the lazy regime, they
change their internal representations in accordance with
task demands. But do they become single-minded in
this regard, compressing away input and information
that is not directly relevant to the task at hand? This is a

very strong way in which networks could encode tasks,
since it isolates only the task-relevant information. It
Current Opinion in Neurobiology 2023, 83:102780
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can involve the active removal of any information
initially present but irrelevant to the task; signatures of
this removal should be measurable in both experiments
and model simulations. Such exclusive representations
can also, in principle, have significant functional impli-
cations, such as enabling fast downstream learning and
generalization on similar tasks [2,52e54], while limiting
the ability of downstream networks to learn new tasks

that require information that has been discarded [1,55].

Two complementary perspectives
We next review two perspectives on the compression of
task-irrelevant information from the recent neural
network literature. We first describe neural collapse, as
it takes a direct “geometric” description of this
compression that is easy to visualize. We then return to
the earlier, as well as inspirational, idea of the informa-
tion bottleneck, which quantifies the compression of
task-irrelevant inputs using mutual information.

Dimension compression and neural collapse
Recent studies [41,53,56e60] have taken a geometrical
view on how networks can learn to actively compress
away aspects of inputs that are not directly relevant to

the task at hand, a phenomenon elegantly described by
Figure 3

When do neural networks compress task-irrelevant inputs and information? Illu
recurrent network solving a delayed classification task with high-d, and hence
via categorical cross-entropy, with no additional penalty terms added. (b) Vis
ponents as it evolves through time. (c) As in (b), but for stronger initial connecti
the convolutional neural network VGG13 trained on CIFAR10 (adapted from R
shown). Green spheres denote axes of a two-dimensional simplex; red balls
balls and sticks denote class means; and small blue spheres represent penu
stage of training, and bottom is after training. Note that this representation is
class divided by inter-class distances over training (epochs) in the penultimate
the evaluation of distances). Lower values indicate higher compression of task
amount of dropout applied (probability that a neuron’s output will be silenced).
0.9, a common optimizer choice in training neural networks. (f) Optimizer is RM
between a convolutional neural network layer’s representation T and the inpu
network with tanh nonlinearities (taken from Refs. [52,61]). Each curve corresp
As in (g), but with ReLU nonlinearities (taken from Ref. [61]).
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Papyan, Donoho, and colleagues as “neural collapse”
[57]. Here, the structure of the recurrent neural
network activity at later timestepsdor of deep neural
network activity in penultimate layersdbecomes very
low-dimensional, in certain cases even collapsing to a
set of single points. This occurs even though the
network is initialized with weights that form high-
d representations carrying both task-relevant and

task-irrelevant information.

In particular, for tasks with discrete outputs (or cate-
gories) into which inputs are grouped, the representation
after training can become highly compressed around each
category [53,57,60]. This behavior was observed in the
context of change detection tasks [60] and discrete
classification tasks [53], where it is referred to as
dimensionality compression. Figure 3a and b, modified
from Ref. [53], gives an illustration of this phenomenon.
Here, the task is delayed classification. First, an input

arrives at timestep zero. A recurrent neural network then
processes this input for some number of timesteps, until
an evaluation time when the network activity is read out.
Figure 3b shows the phenomenon at hand: a network that
has learned this task strongly compresses its inputs into
clusters corresponding to the task categories. Here, the
strating neural collapse and the information bottleneck. (a) Illustration of a
linearly separable, inputs; see text. The network’s cost function is defined
ualization of the trained network representation’s top two principal com-
vity strength. (d) Illustration of the representation of the penultimate layer of
ef. [57]), projected onto the top three principle component axes (axes not
and sticks represent the normal vectors for classifying hyperplanes; blue
ltimate layer features. Top is before training, middle is at an intermediate
induced by the training set, not the test set. (e)–(f) Plots of average intra-
layer of Resnet18, where dropout is applied during training (but not during
-irrelevant information. Loss used is mean squared error. Shading denotes
(e) Optimizer used is stochastic gradient descent with momentum value of
Sprop without momentum, another common choice. (g) Mutual information
ts X (x-axis) as well as the outputs Y (y-axis) in a convolutional neural
onds with a different layer T, and color denotes training time (epochs). (h)

www.sciencedirect.com
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network at the initialization of learning approximately
preserves the structure of the inputs; hence, arriving at a
collapsed representation requires all of the task-
irrelevant structure of the inputs to be quashed
through learning [53]. Note that in this example, the two
categories of inputs are linearly separable in the input
space. Thus, the inputs do not need to be reformatted by
the recurrent network in order to solve the task, as they

could be classified with 100% accuracy by the output
weights alone. Rather, the highly structured representa-
tions that form are an interesting by-product of how the
network learns to solve the task. As in the preceding
section, the initial connectivity strength plays a role in
the nature of this compression; Figure 3c shows how
stronger initial connectivity leads to the formation of
chaotic attractors that, while still compressed, are not as
compressed as in the case of smaller initial connectivity
strength (here both initializations are far from the tabula
rasa regime).

Contemporaneously, a similar compression phenomenon
was observed in convolutional neural networks trained
on image recognition tasks [57] (Figure 3d); see also
[59,62]. The work of Ref. [57] also discovered further
very interesting aspects of the geometry of the repre-
sentation relevant to the higher-dimensional output
space, such as the compressed clusters lying on the
vertices of a simplex and mathematically analyzed con-
sequences of the resulting representations. We note that
Ref. [63] highlighted a limitation of early studies of

neural collapse, in that the phenomenon was examined
for representations of training data and in cases may not
be as robust for testing data.

Overall, we note that neural collapse adds additional
structure beyond the low-rank representations that
emerge in, for example, linear networks trained in the
tabula rasa regime [42,43]. This is because the action of
forming distinct localized clusters is highly nonlinear.
This said, linearized analysis local to each separate
cluster may still give insight into the underlying mech-
anisms [53,59], especially if this linearization can be

justified in some limit as is done in Ref. [46]. See also
Ref. [41] for an in-depth analysis of compression in two-
layer neural networks.

Information bottleneck
The information bottleneck ideas and results by Tishby and
colleagues preceded the papers above and played a
highly influential role in showing how neural networks
can compress task-irrelevant information overall
[52,64]. The key quantity here is mutual information.

The authors demonstrate a very interesting phenome-
non that can occur in deep neural networks: deep layers

form representations that learn to maximize mutual
information about task outputs, while minimizing
www.sciencedirect.com
overall information about network inputs. This is illus-
trated via the “learning curves” in Figure 3g, from Refs.
[52,61]. For a given layer T, these curves track two
quantities over the course of network learning. The first,
I(X, T), is the mutual information between representa-
tions in layer T and the network inputs, X. The second,
I(T, Y), is the corresponding information for the task
outputs, Y. A key point is that, as learning evolves across

epochs and I(T, Y) continues to increase, eventually I(X,
T) begins to decrease. Thus, task-irrelevant mutual in-
formation is gradually compressed over the course
of learning.

Remarkably, the authors also show that this compression
can follow a precise optimization relationship, in which
the mutual information about task inputs is minimized,
subject to preserving mutual information about task
outputs. This connects directly to earlier analytical work
on the broader concept of an information bottleneck

[65]. Moreover, the authors develop a mechanism by
which this bottleneck may develop through the course
of learning in neural networks. This stochasticity is
inherent in incremental learning processes, in which
network weights are incremented step by step based on
the successive examples (or “batches” of examples) on
which the network is trained. Because each is randomly
selected, there is a deviation on each step from the true
task gradient. Intriguingly, the authors show how this
can, at least under certain assumptions, result in the
same selective compression of task-irrelevant input in-

formation that leads to the information bottleneck
found in their simulations and broader theory.

Robustness of exclusive representations
As in the results reviewed above showing that the
emergence of rich vs. lazy representations depends (at
least) on network initialization, the emergence of rep-
resentations that compress task-irrelevant information is
also far from automatic. Rather, it depends on many
variables including network architecture, initialization
scheme, loss function, and optimization procedure. In
fact, for some tasks that lead to highly compressed
representations in some settings, even changes to the
loss function and details of gradient learning algorithm

(“optimizer”) can eliminate compression. As a striking
example, the compression seen in Figure 3b vanishes
when the optimizer is changed from RMSprop to “va-
nilla” stochastic gradient descent [53], and the network
instead uses a lazy strategy to solve the task.

Given this possibility, when does neural collapse actually
occur? The study [53] highlights three mechanisms that
encourage neural collapse: the combination of loss
functions that encourage scaling up outputs (such as
categorical cross entropy) with saturating nonlinearities

in the intermediate layers, large variability during the
training process, and weight decay (in which additional
Current Opinion in Neurobiology 2023, 83:102780
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terms are added to the network cost function to penalize
large weights during training). The underlying theory
generally uses a geometric decomposition of the
learning dynamics into task-relevant and task-irrelevant
directions [53,59,58]. In Figure 3e and f, we provide
supporting evidence for this theory in the context of the
deep convolutional neural network Resnet18 [66]
trained on the image recognition task CIFAR-10 [67].

Here, we find that variability induced by dropoutd-
where neurons are randomly silenced, similar to a
decrease in firing rate caused by a biological neuron’s
failure to spikedresults in more compressed represen-
tations (see Figure 3e for stochastic gradient descent
with momentum and Figure 3f for the RMSprop opti-
mizer). This suggests that noise inherent in biological
neural circuits may drive neural collapse. We use a
simple measure of task-irrelevant compression, which is
simply the average within-class distance divided by the
average across-class distance of points in representation

space. This collapse is measured on testing data, with
mean squared error as a loss function (compare with Ref.
[63] where categorical cross-entropy loss is used).

Similarly, not all networks, tasks, and training processes
lead to information bottlenecks. For example Ref. [61]
argues that this result can be limited to networks with
double-sided saturating nonlinearities such as the hy-
perbolic tangent functions, again limiting the univer-
sality of the phenomenon (Figure 3h).

Titrating the representation: partial compression
across time and across layers
A highly interesting aspect of the compression of task-
irrelevant information in neural networks is that, even
in fully trained networks, it is not necessarily an all-or-
none process. Rather, several studies have shown that
this compression can occur gradually across layers of
deep networks, or gradually across time in recurrent
neural networks. This gradation has potentially impor-
tant implications in neuroscience: downstream brain
areas with access to the neural network at different
stages (layers or timesteps) would have access to

different levels of stimulus information. This could be
useful in driving different learning, memory, or behav-
ioral systems downstream ([68] and John Maunsell,
personal communication).

The graded nature of information compression is clearly
evident in the information bottleneck formulation,
where learning occurs in a two-phase process. In the first
stage, intermediate layers first gain information about
inputs and outputs (with input information dominating
in the earlier layers and output information dominating

in later layers). In the second phase, information about
inputs is progressively lost (at a rate that is faster for
later layers) [52,64] (Figure 3g). The authors of Ref.
[53,59,62] also study collapse over layers or timesteps in
Current Opinion in Neurobiology 2023, 83:102780
the case of recurrent neural networks. They find that
compression occurs progressively over the timesteps of
the recurrent network (or over layers of a feedforward
network). However, when trained on low-dimensional
input data, the network first lifts the representation
into a higher-dimensional space in the first few time-
steps, reminiscent of the kernel machine approach,
before potentially compressing the representation back

down in later timesteps ([53], see also [69]).

Connections to experiments
Many studies have observed neural representations that

are highly compressed when compared to nonlinear
high-d representations. These include [3,9,48], which
show that particular brain areas such as posterior parietal
cortex are relatively compressed (see Figure 2h to j). In
addition Ref. [3] shows that lateral intraparietal (LIP)
neurons form a highly compressed representation that
reflects the structure of task outputs and that adapts to
new task structures. In contrast, the middle temporal
areas have a lazy representation that reflects the struc-
ture of the inputs and does not adapt to changing
task structure.

Less is known about whether certain brain areas/repre-
sentations truly compress away information that is
irrelevant to the task at hand, or at what temporal scale
information is lost. To quote [3], “The exact nature of
the role of LIP during learning, and whether changes in
the . representations of LIP are stable or vary
dynamically with the demands of the task, remain to be
determined.” While these questions still await more
final answers, they can be approached by experimental
paradigms that track learning over time. Indeed, the

work of Stern and colleagues [60] both identified
compression of representation dimension computation-
ally and found evidence for this compression gradually
emerging over days of task learning in wide-field activity
patterns of mice. The degree to which the process of
compressing task-irrelevant informationdor “learning
to forget”dcan be tracked dynamically in the brain has
important implications for our understanding of brain
function, as well as remaining an exciting direction for
further experimental studies.
Exclusive network representations in self-
supervised tasks
Above, we have focused on supervised learning tasks, in
which every input is paired with an intended
outputdfor example, images and their labels. However,
a vast and rapidly growing field studies neural networks

trained on data without labels beyond that provided by
the inputs themselvesda class of tasks known as semi-
supervised or self-supervised (see e.g., Ref. [70e73]).
Importantly, this setting likely corresponds to much of
the learning that occurs in neurobiology as well, as in the
real world, there is usually no explicit “teacher”
www.sciencedirect.com
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constantly defining correct task outputs but rather
sustained exposure to a richly informative sensory world.

Rather than attempting to cover the vast literature on
self-supervised learning and representations, we ask the
specific question that ties most immediately to the
above: what are the consequences of rich and exclusive
representations for self-supervised learning? We leave

the possibility of lazy solutions to predictive learning as
an interesting topic for further exploration.

We focus on the prominent self-supervised setting of
predictive learning. In predictive learning, inputs occur
as a time series and networks are trained to predict their
future values. Here, the target output of the network is
a temporally shifted version of the input, which the
network is trained to predict. Thus, task-relevant fea-
tures are features that bear predictive power over future
inputs. Conversely, task-irrelevant features do not in-

fluence future inputs.

Collapsed representations and the extraction of latent
variables
A prominent example of a predictive learning task is
navigation. In one recent study [74], a recurrent
network was trained to predict future visual observations
Figure 4

Learning to represent information in the absence of labeled data: predictive le
from Ref. [74]. (a) Illustration of the network architecture for a navigational pr
gational predictive learning task. (c) The top three principal components for th
colored by position and orientation, and compared with other versions of the
predictive learning without the action information. (d) Emergence of grid cells
integration is a form of prediction—velocity signals (actions) are used to predi
Nature).

www.sciencedirect.com
of an agent moving through an environment (Figure 4a
and b). Here, the agent’s actions were part of the input
but not the output of the network, thus reflecting the
agent’s internal knowledge. In such a task the agent’s
field of view, and thus its visual observations, are
completely determined by its state in the environment,
the (x, y) location and orientation q, so that (x, y, q) are
the underlying latent variables or latent states. This means

that if the network could infer the current latent state
(x, y, q) from the visual inputs, it could in principle apply
the agent’s actions and anticipate future observations,
through a downstream mapping from the latent space to
observations. The work [74] showed that predictive
learning extracts such latent states, through activity
patterns that emerge in a trained recurrent neural
network. Moreover, such latent states are less apparent
in control networks trained to encode, but not predict,
their inputs (Figure 4c).

In this sense, the predictive network learns a parsimo-
nious model of the structure of its world, and rules for
how to update the states defining that world based on its
actions. In the process, detailed visual scene information
is compressed. This results in relatively low-dimensional
neural representations of the latent states. Recall that
the task-relevant features here are those that enable the
arning in navigation tasks and emergent latent variables. (a)–(c) Adapted
edictive learning task. (b) Illustration of the task environment for a navi-
e representation of a neural network after training on the predictive task,
task. Left: predictive learning. Center: non-predictive learning. Right:
in a recurrent neural network trained to path integrate. Note that path
ct future positions. Taken from Ref. [75] (reproduced with permission from
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www.sciencedirect.com/science/journal/09594388


10 Computational Neuroscience 2023
prediction of future inputsdthat is, the latent states.
Thus, the network has learned an internal representation
that is compressed around these task-relevant features.

The above gives a concrete illustration of how the ideas
of representing task structure and compressing task-
irrelevant inputs can be applied to the setting of pre-
dictive learning: the sole distinction from the supervised

cases above is that the concept of task-relevant struc-
ture has been replaced by the concept of latent-state
structure [74]. Recently, biologically inspired Hebbian
learning rules have also been derived that perform pre-
dictive learning [76,77], and the network behavior (and
extracted latent variables) analyzed.

In theory, networks in the lazy regime will not form
structured representations such as these. As far as we are
aware, whether or not networks in the lazy regime are
able to satisfactorily perform predictive learning remains

an open avenue for future work.

Connections to neuroscience
Several influential lines of work propose that predictive
learning is a major driver of neural representations across
the brain [78e80]. This said, the modeling approaches
proposed for different brain areas can differ. Models
focusing on the visual stream (i.e. sensory prediction)
have historically been decoupled from those focusing on

hippocampal dynamics (i.e. memory-based prediction).
Moreover, the former models have placed emphasis on
spatial prediction (e.g. completing missing elements of
an image) and the latter on temporal prediction (similar
to that discussed above). In the first instance, predictive
models have been found to extract representations that
reproduce visual receptive fields [81] and other proper-
ties of how sensory systems encode information [76,82].
In the second, the majority of research has centered on
navigation, demonstrating that during predictive learning
neurons begin to tile location and orientation in their

activations [74]. This is similar to place cells and head
direction cells in navigation-related brain circuits [83].

The case of grid cells merits special consideration. In
Ref. [75], the authors trained a network to directly
predict the next (x, y) location based on the current
location, orientation, and the action the agent takes (a
calculation known as path integration) (Figure 4d). The
authors found that many of the units in the trained
network functioned as grid cells, thus adopting a well-
known encoding of spatial latent variables. While a

theoretical accounting of this phenomenon was provided
by Ref. [84], the sensitivity of grid cells’ emergence to
choice network architectures, training rules, and allied
hyperparameters is a topic of ongoing research
[75,85,86]. As one example, the authors of Ref. [75] note
dropout as an important mechanism in the appearance of
grid cell representations, perhaps connecting to work on
the principles of neural collapse reviewed above.
Current Opinion in Neurobiology 2023, 83:102780
Discussion
The prevalence of task-trained neural networks as

models of the brain is exploding. This makes under-
standing the robustness and universality of neural
network behavior essential, so that we can properly
contextualize the insights these behaviors may provide
for neural circuits in the brain. In this spirit, we began
our review with a fundamental but remarkably subtle
question: when do such networks learn to encode tasks
in an observable way? First, we introduced multiple re-
gimes to determine when neural networks learn task
features in their internal representations. Then, we
investigated the allied phenomenon of forming com-

pressed representations that isolate information that is
relevant to the task at hand. Finally, we demonstrated
how these principles arise in self-supervised learning.
The emergence of task-relevant features in neural
representations is not a given
While both feature learning and compressed/exclusive
representations occur widely, they do not occur all the
time. This is a major takeaway from our review: the
details of learning algorithms and network structure

matter. It may not be sufficient to train a neural network
and examine the learnt solutions; rather, it is necessary
to verify, and illuminating to explore, the robustness of
the findings about network representations with respect
to a number of factors, including initialization and
optimization schemes. One extreme example is that
neural networks can sometimes learn to solve tasks by
merely updating output weights during training, or by
updating weights in a manner that does not truly lead to
learning task-driven features (such as with NTK
initialization). At another extreme, they may begin with

no structure and learn task-driven features alone (tabula
rasa), or begin with task-irrelevant structure that is
removed through training (compression/neural
collapse). Intermediate outcomes are also possible.

As such, training a single network as a model of a brain
circuit is unlikely to bear definitive results. Rather, we
will need to evaluate the spectrum of responses that
neural networks can exhibit, or clearly justify specific
choices of their initialization, architecture, and learning
rules. Theory can help guide the way here. As we

reviewed, some of the mechanisms that appear to
encourage task-structured representations include
weight decay, “noisy” optimization processes such as
RMSprop and ADAM, saturating nonlinearities, and
added sources of network noise such as dropout. This
said, much remains to be understood about the role of
these and other network and learning mechanisms.
Reinforcement learning, and the revenge of the
“hand-built” model
While we have focused this review on the behavior of
trained neural networks, there are many other domains
www.sciencedirect.com
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in which the distinction between lazy and rich solutions
is highly relevant. One example is networks trained via
reinforcement learning algorithms. It is still very much
an open challenge to delineate the two regimes in this
domain and to work out the functional consequences of
the different approaches.

Another important example is networks where many

components are not trained, but “hand-built” with a
given functionality in mind. In this approach, typically a
theorist has in mind a desired network function and uses
geometrical and mathematical reasoning to build net-
works that fulfill it. In some instances, only the output
weights are trained, and in others, there is no need for
training at all. An example of the latter is attractor
networks hand-built to integrate velocity signals in order
to track position, such as models of head-direction cells
[83] and grid cells [87]. Indeed, linking network models
of brain circuits provided by gradient descent training

procedures and those that could be, at least in principle,
built by hand, provides a fruitful path toward inter-
preting and understanding how the trained networks
actually work (cf. [88]). While hand-built models tend
to resemble networks in the rich regime, some models,
such as reservoir computers, are designed to be in the
lazy regime.

Predictive learning in language models and beyond
We end our review with a discussion on the burgeoning
area of self-supervised predictive learning. Prediction
forces a learning agent to learn how operations and ac-
tions influence the world. Such an understanding is
likely best supported by an efficient representation that
reflects the relatively low-dimensional structure of the

latent variables, though this remains to be proved. Here,
we discussed likely connections to feature learning and
information compression. However, theory describing
the structure (or lack thereof) extracted by predictive
learning, especially under the wide possibilities of
different initializations, optimization schemes, and
other hyperparameters, is still in its infancy.

Language models are a particularly topical example of the
ability of predictive models to extract latent space in-
formation. While we make no attempt to review the
tremendous advances made in natural language process-

ing (NLP) over the past decade, we note that the un-
derlying models have employed multiple prediction-
based techniques to extract language structure. For
instance, the famous project word2vec [89] reveals that
neural networks trained to predict omitted words acquire
a representation of these words that forms a latent space
map corresponding to word meanings. With this repre-
sentation, word-based manipulations appear meaningful
(e.g. King - ManþWoman=Queen). Recent theoretical
work has enhanced our understanding of such vector-
symbolic operations [90e92]. The efficacy of allied

models [93] in extracting the fundamental structure of
www.sciencedirect.com
languages has led to breakthroughs such as ChatGPTand
crosslingual translation between any two lan-
guages [94e96].

This said, while predictive training has been a corner-
stone in developing language models, experimental tests
of whether the underlying representations also appear in
biological brains have been limited by the difficulty of

conducting language-based studies in nonhuman ani-
mals. Nevertheless, recent research indicates that
human-level language comprehension involves predic-
tive processing [97,98]. Finally, we note that implicit in
the above is our speculation that the emergence of
latent variable structure in the representation of lan-
guage is driven, at least in part, by the same factors
reviewed above that promote the compression of task-
irrelevant information. Verifying or rejecting this spec-
ulation is an intriguing target for future modeling and
theoretical work.
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