nature reviews neuroscience

Perspective

https://doi.org/10.1038/s41583-026-01030-8

M Check for updates

Clarifying the conceptual dimensions

of representation in neuroscience

Stephan Pohl®'
Florent Meyniel ® "3'° & Wei Ji Ma59'°

, Edgar Y. Walker?, David L. Barack ® *4, Jennifer Lee®, Rachel N. Denison® ¢, Ned Block®",

Abstract

Sections

Despite the centrality of the notion of representation in neuroscience,
the field lacks a unified framework for the concepts used to characterize
representation, leading to disparate use of both terminology and the
measures associated with it. To offer clarification, we propose a core
set of conceptual dimensions that characterize representationsin
neuroscience. These dimensions describe relations between a neural
response, features that may be represented and downstream effects of
the neural response. A neural response may be shown to be sensitive or
specificto afeature, invariant to other features or functional (it is used
downstreamin the brain). We use information-theoretic measures to
illustrate these conceptual dimensions and explain how they relate to
data analysis methods such as correlational analyses, decoding and
encoding models, representational similarity analysis, and tests of
statistical dependence or adaptation. We consider several canonical
examples, including models of the representation of orientation,
numerosity and spatial location, which illustrate how the evidence put
forthinsupportor criticism of these models is systematized by our
framework. By offering a unified conceptual framework to characterize
representation in neuroscience, we hope to aid the comparison and
integration of results across studies and research groups and to help
todetermine when evidence for a neural representation is strong.

'Department of Philosophy, New York University, New York, NY, USA. 2Department of Neurobiology and Biophysics,
Computational Neuroscience Center, University of Washington, Seattle, WA, USA. ®Department of Neuroscience,
University of Pennsylvania, Philadelphia, PA, USA. “Department of Philosophy, University of Pennsylvania,
Philadelphia, PA, USA. °Center for Neural Science, New York University, New York, NY, USA. ®Department of
Psychological & Brain Sciences, Boston University, Boston, MA, USA. ’Cognitive Neuroimaging Unit, INSERM, CEA,
CNRS, Université Paris-Saclay, NeuroSpin center, Gif/Yvette, France. éInstitute for Neuromodulation, GHU Paris
psychiatrie et neuroscience, Sainte Anne Hospital, Université Paris Cité, Paris, France. °Department of Psychology,
New York University, New York, NY, USA. °These authors jointly supervised this work: Florent Meyniel, Wei Ji Ma
e-mail: stephan.pohl@nyu.edu

Introduction

The conceptual dimensions
of representation

Our framework applied
across methodologies

Canonical examples

Extensions of our framework
of conceptual dimensions
of representation

Concluding remarks

Nature Reviews Neuroscience


http://www.nature.com/nrn
https://doi.org/10.1038/s41583-026-01030-8
http://crossmark.crossref.org/dialog/?doi=10.1038/s41583-026-01030-8&domain=pdf
http://orcid.org/0000-0002-4502-700X
http://orcid.org/0000-0001-7131-4638
http://orcid.org/0000-0002-6304-5236
http://orcid.org/0000-0003-0587-6899
http://orcid.org/0000-0002-6992-678X
mailto:stephan.pohl@nyu.edu

Perspective

Introduction

Humans and other animals perceive features of their environment,
integrate sensory information with knowledge about rewards and goals,
and produce behaviour to achieve goalsin their environment. Neuro-
science aims to explain how the brain brings about these abilities.Ina
widely used explanatory framework, sensory inputs are transformed
intorepresentations of features, while computations transform these
representations and integrate theminto cognitive processes, including
reasoning, planning, learningand memory'. These processes resultin
acourse of action, which is transformed into motor commands and
executed as the individual’s behaviour®>.

Neuroscientists agree that the notion of representation is a vital
component in their explanatory practices*’. Appeals to representa-
tions appear frequently. Marr' discusses the transformation of repre-
sentations of local retinotopic properties to representations of shape
properties used for object recognitionin vision. Salzman et al. find that
stimulation with microelectrodes enhances the sensory representa-
tions of motion direction. Haxby et al.” suggest that the representations
of faces and objects are distributed and overlapping. Kriegeskorte
and Diedrichsen® discuss models of the representational geometry of
neural responses. Yet, despite this widespread use of representational
terminology, neuroscientists report high uncertainty about what kinds
of findings count as evidence for representation®. The diverse set of
tools used to characterize representations and the terminology to
describe them leave room for clarification.

In this Perspective, we develop a framework that systematizes
the types of finding neuroscientists point toin support or criticism of
claims of the form that some neural response represents a feature of
the environment. Findings can be categorized according to the kind
of relation they establish between a neural response, features that
may be represented, and downstream computations integrating that
neural response.

We identify four kinds of relations, which we call the conceptual
dimensions of representation. These dimensions are tools for under-
standing and describing how different methodological approaches
contribute to acommon project of establishing claims about repre-
sentations. Experimental designs and data analysis methods can be
categorized by the dimensions they provide evidence for. By distin-
guishing four dimensions relevant to representation, we describe a
spaceinwhichfindings canbelocated. Thisis nottosay that any region
inthis conceptual space correspondsto stronger evidence than other
regions, butit is helpful to be explicit about whether two bodies of work
address the same aspects of representation. For ease of exposition,
we focus onrepresentations that carry information about the state of
the world, whether past, present or future. Not all representations do.
Imaginings, hypothetical reasoning and representations of goals can
occur independently of the state of the world.

The conceptual dimensions of representation that we propose
are sensitivity, specificity, invariance and functionality. Take the claim
that the fusiform face area (FFA) represents faces’. Findings in support
of a claim that a given neural response (FFA neural activity) repre-
sents agiven feature (faces) may show that, first, the neural response
is ‘sensitive’ to the feature, that is, it carries information about the
feature. Second, they may show that the neural response is ‘specific’
to the feature, that is, most variations of the neural response occur
only when the feature is changed. Third, findings may reveal that the
neural response to the feature of interestis ‘invariant’ to other features;
aneural response representing a face, for instance, responds to faces
irrespective of low-level visual features such as position or lighting.

Last, they may show that the neural response is ‘functional’, that is, it
makes information about the feature available for integration with
other cognitive processes, forinstance, the transformation into motor
commandsin the form of abehavioural response. The representation
of facesin FFA is a classic example of representation in neuroscience.
Early papers that developed methodology to identify populations
of neurons on the basis of their role in information processing® and
to analyse distributed representations’ studied the FFA. Sensitivity,
specificity, invariance and functionality have allbeen addressed in the
literature on representations of faces in FFA.

We introduce an information-theoretic formalization of these
conceptual dimensions of representation, not as a new approach but
rather as a conceptual tool to make explicit dimensions, systematiz-
ing what neuroscientists have been doing all along in studying rep-
resentations. We develop a framework that researchers can use to
integrate results across studies and data analysis techniques. The
information-theoretic formalism we use builds onalongline of previ-
ouswork. Although originally developed in the context of engineering
artificial information-processing systems'’, information theory has
also been used to analyse natural information-processing systems in
neuroscience’ and philosophy'2. It has been used in neuroscience
to characterize the information captured by decoding models”, the
efficiency with which spike trains represent features'*", and the infor-
mation transferred within the brain'®*%, and it has been proposed
as a general statistical framework for neural data analysis***. Here,
we do not endorse particular statistical techniques but instead offer
conceptual clarification of research questions about representations
to unify common operationalizations in terms of decoding or recon-
struction models®*”, brain signatures®, representational similarity®*,
or information-theoretic data analyses'**° that are used to address
theseresearch questions.

Inthis Perspective, we begin by introducing sensitivity, specificity,
invariance and functionality ininformation-theoretic and causal terms.
We then consider how common methodologies are used to evaluate
the conceptual dimensions of representation, thereby explaining the
integration of these methodologies into one unified project. We next
illustrate how tests of the dimensions combine to form comprehensive
bodies of evidence by looking at several canonical examples of repre-
sentations: orientation in primary visual cortex (V1), numerosity in the
parietal cortex and spatial location in the hippocampus. Finally, we
briefly consider limitations and potential extensions of our framework
of the conceptual dimensions of representation.

The conceptual dimensions of representation
Weintroduce our framework using atoy example: we are interested in
how theripeness of an appleisrepresented in the brain. In our experi-
mental setup, apples are presented to a participant, brain activity is
recorded and the participant chooses whether to eat the apple (Fig. 1).
Allthe ways in which our experimental environment could be different,
including the stimulus presented to the participant (apples), can be
summarized in a feature space in which each dimension of that space
isonefeature. The feature of interest (s) —in our experiment, theripe-
ness of an apple —is distinguished from any other feature (n) by being
the investigation’s target feature. We are testing the hypothesis that
the neural response (r) represents s. The behavioural response (b)
isthe participant’s decision to either eat or not to eat the apple (Fig.1).
Intypical experimental contexts, s could be any feature of inter-
est, such as the orientation of a grating, the category of an object or
amore abstract feature such as the probability with which another
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feature changes its value. Meanwhile, n could be any other feature
includedinthe analysis, such as the contrast of animage, the perspec-
tive from which an object is viewed, or the modality of a stimulus or
the task context. Often, multiple features are included, so thatsand n
aremultidimensional. In our toy example, we identify three features,
n,, n, and n,, which differ in how they are causally and statistically
related to s and r (Fig. 1). Going forward, we collapse these into one
multidimensional variable n. Typically, ris ahigh-dimensional vector
reflecting the activity pattern of a population of neurons, for exam-
ple, measured with functional MRI (fMRI), electroencephalography
(EEG) or implanted electrodes. Finally, b could be any behavioural
response to s, such as an eye movement or a button press, by which
the participant, for instance, reports the value of s or makes some
decisionbased ons.

Some methodological approaches are framed notin terms of the
representation of features but in terms of representations that are
selective for atarget category. Aneural event may indicate the presence
of amember of that category, such as the firing of neurons in the FFA
indicating the presence of faces’. Note thata population of neurons that
is selective for a target category is thereby also sensitive and specific
tothebinary categorical feature whose values are the instantiation or
non-instantiation of the target category. Modelling the representation
as arepresentation of features can also be extended to many-valued
categorical features, such as object category, or to features with a
gradedscale, suchas orientation. For many-valued categorical features,
it does not make sense to speak of the presence or absence of a target
category, whichis why we prefer the more general framing in terms of
features (Fig. 1).

Often, experiments start with s and search for that rin terms of
which sis represented (for instance, to investigate where in the brain
faces are represented®). By contrast, some start with a given rand try
to find which sis represented (for instance, to investigate the recep-
tive field of V1 neurons® or by using model-based approaches that fit
models of sto r*?). Both approaches canbe combined such that models
of neural subpopulations (r) and feature spaces (s, n) are advanced
inunison®.

Theevaluation of the conceptual dimensions of representation —
sensitivity, specificity, invariance and functionality — depends on
whichfeatures areincludedin the analysis, and so it may be misleading
whenrelevant features are excluded. In our toy example, we are looking
for a representation of ripeness; say we do not consider colour as an
additional feature and test our hypothesis with a species of apple in
whichredapplestendtoberipebutgreenapplesare not. By excludinga
relevant feature (colour) from our analysis, we may identify some rthat
is sensitive to ripeness (s) even though itis a representation of colour
(n, Fig.1). Abetter experimental setup would modulate ripeness and
colour independently by using a species of apple that may be green
evenwhenripe. Withcolourincluded as arelevant feature, rno longer
appearstobesensitive to ripeness (when holding fixed the colour, rno
longer carries information about ripeness) and fails to be invariant to
colour (evenwhile holding ripeness fixed, rcontinues to carry informa-
tion about colour). In summary, whether measures of sensitivity and
invariance reveal r to be a representation of colour or mistake it for a
representation of ripeness depends on whether all relevant features
areincludedinthe analysis.

Wefirstintroduce the conceptual dimensions of sensitivity, speci-
ficity andinvariance ininformation-theoretic terms (Fig. 2; see Box 1for
asummary of basic notions of information theory). These dimensions
describe the relation between s, n and r. Functionality describes the
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Fig.1| Generative model of our toy example. sis the ripeness of anapple, risa
neural response that might be arepresentation of s, and bis abehavioural response;
here, our participant eats or does not eat the apple depending on whether they
perceiveitto be ripe. Toshow that ris a representation of s, alternative hypotheses
about other features (n) are considered that stand in diverse statistical relations to
sandr.Inour toy example, nis exemplified by the age of an apple (n,), the colour
ofanapple (n,) or the colour of the packaging in which the apple is presented

to the participant (n;). In addition, ris also shown to be used as arepresentation
of s. Abrain areainto which activity from rspills over (r,) but which has norole
ins-related processing, or areas involved in monitoring the participant’s own
behaviour (r,), may be related to s but fail to be functional as arepresentation of s.
Inthe figure, nodes represent variables and arrows direct causal dependencies,
which determine statistical dependencies between variables.

n

causalrole of rindownstream cognitive processes and the production
of b, andisintroduced subsequently.

The order in which we introduce these conceptual dimensions
of representation is chosen for didactic reasons. In practice, there
is no general order in which the dimensions are evaluated, with find-
ings about one dimension often inspiring tests of othersina complex
back-and-forth.

Relations between features and the neural response

Therelationbetween features and the neural response is described in
terms of the sensitivity of rtos, its specificity tos, and itsinvariance to
n.Sensitivity and specificity may further be evaluated conditional on n.

Sensitivity. ris sensitive tosgiventhatrisinformative abouts. In our toy
example (Fig.1), ris sensitive totheripeness of an apple given that ripe-
ness canbeinferred from r (for example, because the neural response
rate is higher for ripe apples than for non-ripe apples). An empirical
finding of sensitivity is the observation that neuronsin the middle tem-
poralarea (MT) respond preferentially to directional motion, allowing
the feature of motion direction to be predicted from their responses®.

For r to be sensitive to s, there must be mutual information (/)
betweenrands(Box1). However, the absolute amount of mutual infor-
mationis not very useful. What matters for sensitivity is that the mutual
information between r and s captures a large proportion of the total
information about s. If r captures the total information about s (such
that/(s;r) = H(s)in Eq.1), itis possible to infer the value of s from r with-
outerror (Fig.3a, right). This upper bound on the measure of sensitivity
isachieved by normalizing the mutualinformationbetweensand rby

Nature Reviews Neuroscience


http://www.nature.com/nrn

Perspective

Sensitivity:

"o

Specificity:

Invariance:

Conditional
sensitivity:

Conditional
specificity:

(S

Fig.2|The notions of sensitivity, specificity and
invarianceininformation-theoretic terms. The

I(s;r) < [0,1] variables s, nand r correspond to the feature of interest,
H(s) ’ other features and the neural response, respectively.
Circlesin the Venndiagram represent the total
variability associated with a given variable measured
interms of the entropy (H) of that variable (left).
I(s;r) Overlapping areas represent the mutual information
H(r) € [0,1] () between variables. Information-theoretic
quantifications of sensitivity, specificity, invariance
and the conditional forms of sensitivity and specificity
are given by the equations (right). The shapes depict
(n;rls) the same quantities in terms of the respective areas
1- H(rls) € [0,1]  intheVenn diagram (middle). The numeric values of
sensitivity, specificity and invariance range from O to1,
with lindicating maximal satisfaction and O indicating
no satisfaction.
I(s;rln) c [0.1]
H(sln)
I(s;r|n) c [0.1]
H(rin)

the entropy (H) of s (Box1andFig. 2). In statistics, this normalization of
mutual information is sometimes called the uncertainty coefficient™.
I(s; r)

H(s)

Sensitivity : 1)

That ris highly sensitive to s therefore means that the informa-
tionrcarries aboutscaptures alarge proportion of the variability of s.
Because of the normalization, sensitivity takes values between O (no
sensitivity) and 1 (perfect sensitivity) but perfect sensitivity cannot gen-
erallybe expected, asrepresentations may be inaccurate. For instance,
people inexperienced in telling species of trees apart may represent
atree as being a beech; however, that representation would often be
inaccurate (andits sensitivity to the feature of tree species substantially
below 1). Despite this, tree species might still be the feature to which
thatrepresentation is most sensitive.

Specificity. ris specific to s if many of the changes in r are explained
by changes in s. In other words, s explains a large proportion of the
variability of r, or, given s, r remains mostly constant (Fig. 3b, right).
Recall that s can be multidimensional (in our toy example, we might
add a second feature of interest besides ripeness, such as sweetness;
Fig.1). Arepresentation that is sensitive to multiple features — display-
ing mixed selectivity®**” — will be specific only to the combination of
these features.

In information-theoretic terms, specificity is quantified by the
mutual information between s and r, normalized by the entropy of r
(Fig.2).

I(s; r)
H(r)

Specificity : (2)

That ris highly specific to s therefore means that alarge propor-
tion of the variability of r carries information about s. An equivalent
expression of specificity is as follows:

_ H(rls)
H(r)

(3)

Thatis, specificity can also be thought of as the proportion of the
variability of rthat is explained by s. A lack of specificity suggests that
some factors other thans, be they noise, internal processes or n, drive
the remaining variability of r (in Fig. 2, H(r|s), the area of H(r) that does
not overlap with H(s), would be large). Specificity quantifies only the
dependence of ronsbut not the dependence on other factors. A find-
ing of low specificity (Fig. 3b, left) may be followed by tests aiming to
identify the remaining factors driving the variability of r.

Specificity hasalso been used under thelabel ‘coding efficiency
This work evaluated what proportion of the variability of spike trains
carriesinformation about the stimulus; the larger the proportion of the
variability of spike trains that carries information about the stimulus,
the more efficient the neural code is — the mapping fromrto estimates
of s (Supplementary Box 1). In a neural code of low efficiency, much
of the variability of r fails to carry information about s, which may be
metabolically costly™.

Sensitivity and specificity both depend on the mutual informa-
tionbetweenrands; they differ only in the normalizing factor (Fig. 2).
High sensitivity means thatscanbeinferred fromrwith highaccuracy,
whereas high specificity means that r can be inferred from s with high
accuracy (Fig. 3a,b). Often, sensitivity is approximated by the perfor-
mance of decoding models and specificity is approximated by the
performance of encoding models®. The close connection between
sensitivity and specificity, but also the importance of distinguishing
these two relations, has been observed previously. Poldrack***! dis-
tinguishes between forward inferences (based on encoding models)
and reverse inferences (based on decoding models) and points out
how the validity of a reverse inference (decoding a representation
from r) depends on the specificity of r. Averbeck et al.*”* point out how
noise correlations may have different impacts on how information

’15,17
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about featuresisencoded inr(reflecting specificity) or decoded from
r (reflecting sensitivity).

Thenotions of sensitivity and specificity in our framework should
not be confused with sensitivity and specificity inabinary decision or
test context. In those contexts, ‘sensitivity’ refers to the true positive
rate (the proportion of positive instances truly detected as positive)
and ‘specificity’ refers to the true negative rate (the proportion of
negative instances truly detected as negative). A high-level analogy
exists between the two notions; in both, sensitivity indicates that a
test or representation is responsive to its target whereas specificity
indicates thatitis notresponsiveto other things. Yet, mathematically,
these notions are quite different.

A perfect specificity of 1 is not usually expected to be found
because of factors unrelated to s that affect the neural response, includ-
ing neural noise* and internal processing reflecting brain states such
as arousal, motivation or mind wandering.

Invariance. The representation of s by ris invariant to n if r does not
depend onnforagivenvalue of s (if ris not sensitive to n, conditional
on s). In our toy example (Fig. 1), to show that the representation of
ripeness by ris invariant to the apple’s colour, one would have to
show that rindicates ripeness independently of colour. A typical
empirical finding of invariance is that neural responsesin the primate
inferior temporal cortex, which are sensitive to object category, did
not respond to changes in the orientation of the object***, or that
neural responses, which are sensitive to surface colour, remained

Box 1| Information theory

unchanged across variations in the ambient light colour (displaying
colour constancy)*.

When s and n are statistically related and ris sensitive to s, it may
alsobe sensitive to ninvirtue of the statistical dependence between s
andn. Thus, rcannot generally be expected to lack sensitivity to neven
though it may be invariant to n. To demonstrate invariance, one must
show that r'sdependence on nisaccounted for by s dependence ons.
Inotherwords, risinvariant ton, if, conditional on s, ndoes notaccount
for any of the variability of r (Fig. 3¢, right).

In information-theoretic terms (Fig. 2), invariance is quantified
as follows:

I(n;r|s)

Invariance:1- ————-,
H(rls)

“)

which can, equivalently, be expressed as follows:

H(rl|n, s)

H(rls) )

Aninvariance of 1 means that no more of the variability of rcan be
accounted for by the combination of sand nthan by salone. Aninvari-
ance below 1 means that some of the variability of r that is unrelated
toscanbe explained by n.

Two applications of invariance are of particular interest, namely
those in which n stands for the modality of a stimulus or for the task.
Arepresentation of location might be invariant to whether the loca-
tion of an event is presented to a participant as a visual or an auditory

Here, we provide a brief introduction to central concepts of
information theory (see ref. 50 for a more extensive treatment).

In the introduction of our framework, we assume that variables
are discrete (see ‘Our framework applied across methodologies’
for discussion of the application of the framework in data analysis,
which includes continuous variables). We write random variables as
lower-case letters (for example, x). Values of the variables are written
with an index (for example, x,). x; also abbreviates the event x=x..

Entropy

Entropy (H) measures the uncertainty about a random variable, which
can also be understood as the amount of variability or randomness
associated with a variable. Entropy is high when a variable has many
values with equally high probabilities (p).

Definition: H(x) = - ; p(x;)logp(x;)

Conditional entropy

The conditional entropy measures how much uncertainty there is on
average about some variable conditional on another variable — that
is, it measures the average uncertainty about the first variable that
remains after the value of the second variable is specified.

Definition: H(xly) = -2, p(y) X; p(xly)logp(x;ly)
Mutual information

The mutual information (I) between two variables measures how
much uncertainty about one variable is reduced by conditioning on

the other variable. That is, mutual information is high when there is
much less variability of the values of one variable conditional on the
other variable than there is variability not conditional on any variable.
Mutual information is symmetric (I(x;y)=/(y;x)).

Definition: I(x ; y) = H(x) = H(xly) = H(y) — H(y|x)

Mutual information can also be understood as a measure of the
statistical dependence between two variables. When x and y are
statistically independent, then I(x;y)=0. When there is some statistical
dependence between x and y, then I(x;y)>O.

Joint entropy
The entropy of a joint distribution is calculated as follows.

Definition: H(x, y) = -}, ; p(x;, yj)logp(x;, y/.)

Conditional mutual information

Conditional mutual information measures the mutual information
between two variables conditional on a third variable. That is, it
measures how much, on average, uncertainty about a first variable is
reduced by conditioning on a second variable, given that the value of
the third variable is already specified.

Definition: I(x; y|z) =H(x|z) - H(xly, z) = H(x, z) + H(y, z) - H(x, y, ) - H(z)
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Fig.3| The conceptual dimensions of representation sensitivity, specificity
and invariance capture relations between features and the neural response.
a, Sensitivity is high when s can be inferred from rwith high accuracy. When
sensitivity is low, the distribution of s given ris more spread out, such thata
decoding model of s given rwould be less accurate (left). By contrast, given

r, little variability of s remains when sensitivity is high, such that a decoding
model of sgiven rcan be highly accurate (right). Changes like this in the stimulus
distribution across low- versus high-sensitivity conditions may be less typical for
controlled experiments but are to be expected in more natural environments.

b, Specificity is high when s explains alarge proportion of the variability of .
When specificity is low, conditional on s, the remaining amount of variability of
ris large (left), whereas for a given value of s, there is little difference between
values of rwhen specificity is high (right). In part a, only sensitivity changes

but specificity remains unchanged, whereasin part b, specificity changes and
sensitivity remains unchanged; in the low conditions, additional variability is
introduced, which spreads out the distribution either along s (sensitivity) or

r (specificity) but leaves the distribution along the other variable unchanged.
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Such aclear dissociation of sensitivity and specificity is rare in practice and
exaggerated here in our simplified example. Yet, sensitivity and specificity

do commonly come apart, for instance, when neural noise or other drivers of
neural variability undermine specificity, whereas sensitivity remains unaffected
because the neural code for sis robust to the interfering drivers of variability
(such as by averaging out neural noise). ¢, Invariance is high when, conditional
ons, thereis nodependence of ronn. There may be adependence of ronn, even
thoughinvarianceis high, if this dependence disappears conditional on s (fora
givenvalue of s, itis no longer the case that r tends to be larger for n =red than
for n=green;right). When even conditional ons, rdepends on n (rtends to be
larger for n =red than for n=green; left), the invariance is low. d, The mutual
information between sand r conditional on nis high when, even conditional
onn, thereisastrong dependence betweensand r. When conditionalonn,

the dependence between rand sis broken (for agiven value of n,sand rare
statistically independent; left) and the mutual information betweenrands
conditional on nislow. When the dependence persists (even conditionalonn, ris
informative about s; right), the conditional mutual information is high.

stimulus (ris invariant to n when r represents s both in the condition
when n =auditory and when n = visual). Invariance to modality is great
evidence for the claim that ris a representation of s. However, lack of
invariance to modality is more difficult to interpret — it might be that
the same features are independently represented in the perceptual
systems that are specialized for different modalities. Another applica-
tion is task invariance; here, ris task-invariant when it is sensitive to s
irrespective of n. Alack of task invariance does not need to indicate that
risapoor candidate for arepresentation of s; it might be that the brain
represents sonly when it has to. That ris particularly sensitive or spe-
cificonlyin conditions where it is task relevant may even suggest that
itisusedinthe response to the task (that it is functional). Forinstance,
inthe study of feature-based attention, task context hasbeenfound to

modulate the sensitivity of representations to particular dimensions
of the feature space such as motion or colour®.

Both the invariance and specificity of r for complex features
(such as object category*® or numerosity*’) tend to increase along per-
ceptual processing hierarchies. By the data processing inequality*® —
which states that, along a causal chain, mutual information can only
be maintained or decreased but not increased — sensitivity can only
stay the same or decrease from early to later processing stages. How-
ever, neural responses at later processing stages tend to be more
specifictocomplex features and invariant to low-level features (such
as retinotopic maps of orientation, contrast and so on) as represen-
tations of the complex features are disentangled from the low-level
features*®. For instance, object category can already be decoded
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from early visual areas using sophisticated models; however, in the
inferotemporal cortex, populations of neurons are highly specific
to object category and invariant to low-level features such as the
object’s orientation. Relatedly, invariance may often be interpreted
as the result of a computation or inference that reconstructs the
value of latent features (such as object category) fromintermediate
features more directly observable by the participant (such as the
retinal image)® .

Conditional sensitivity and specificity. Sensitivity and specificity can
beevaluated conditional on n. Acommon goal for testing conditional
sensitivity and conditional specificity is to rule out that r depends on
smerely because rdepends on nand s happens to also depend on n.
Inour toy example (Fig.1), we may test whether even just for green
apples, rcontinues to depend on the ripeness of the apple (whether r
differs between greenapples thatareripeand greenapples that are not
ripe).Ifrwere merely arepresentation of colour, conditional on colour,
it would not carry any information about ripeness (Fig. 3d). A typical
empirical test of conditional sensitivity, for instance, may show thata
neural response to the numerosity of a dot cloud carries information
about numerosity even while holding fixed related quantities such as
density, shape or surface area covered by the dot cloud®.
Aswiththeirunconditional analogues (Fig.2), conditional sensitiv-
ity and conditional specificity are quantified by different normaliza-
tions of the mutual information between s and rbut conditional on n:

. .. (s;rin)

Conditional sensitivity : HGsIn) (6)
. oo . 1(s;rn)

Conditional specificity : “HGn (7)

Thatrissensitivetos, conditional onn, means that the information
rcarries about s, after conditioning on n, captures alarge proportion
of the variability of s. That r is specific to s, conditional on n, means
that, after conditioning on n, a large proportion of the variability of
r carries information about s. The conditional variants of sensitivity
and specificity, as well as invariance, are of particular relevance when
rdepends oninteractions of sand n (Supplementary Box 2).

In practice, sensitivity and specificity are always evaluated condi-
tional on the experimental setup. This may undermine the ecological
validity of the findings. For instance, it introduces the risk of finding
dependencies conditional on some aspect of the experimental setup
that may not generalize (for example, because features covary in the
experiment but not in the natural world). Or it may obscure depend-
encies that are present in natural environments but may be absent
in constrained experimental setups. Controlling the experimental
environment, varying experimental conditions and randomizing them
canmitigate these risks; however, they cannot be avoided completely.

Functionality

If ris arepresentation of s, we not only expect it to carry information
aboutsbutalso expect that thisinformationis used in the brain®*26>58
(that ris functional). Generally, when ris a representation of's, subse-
quent processes that rely oninformation about sreceive thatinforma-
tionfromr.Inourtoy example (Fig.1), risarepresentation of ripeness
when the participant makes the decision to eat an apple (b) based on
whether rrepresents the appletoberipe or not (ris functional in virtue
of being used in this decision).

Useimplies causality. Therefore, functionality has to be evaluated
in causal terms'***°, Causal claims can be established with experimen-
tal interventions®®’ — to show that r is functional, one can show that
interventions on r modulate what information about s is available to
downstream processes (such as abehavioural report of s). Forexample,
Salzman et al.° showed that stimulation of neurons with a specific pre-
ferred motiondirectionbiases the behavioural report of the perceived
motion direction towards that preferred motion direction.

Information-theoretic quantities, much like correlations, are
not sufficient to capture causality and, thereby, functionality, but
they are still useful. General statistical methods for inferring causal
dependencies from observational data have been discussed in the
context of cognitive neuroscience® %, A precursor to claims about
functionality are claims about functional connectivity (claims about
statistical relations between populations of neurons that suggest the
transfer of activation and information between them)®*~"", More spe-
cific statistical methods have been developed to trace the transfer of
information about afeature between populations of neurons'®”?or to
trace the transfer of information from rto 5”7 (for example, in terms
of the probability of correctly predicting b from r’*. Many methods
consider the relations between s and r or between b and rin isolation.
To address functionality more specifically, it has been proposed to
analyse the intersection information'>*°, which quantifies not only
the information transfer fromsto r, or fromrto b, but quantifies how
much informationisincommonbetweens, rand b.

Theimpactonb of most representationsis mediated by other rep-
resentations. Forinstance, sensory representations may be integrated
with representations of goals to form plans for actions and to produce
motor commands, which are turned into b. A full understanding of
functionality requires tracing the flow of information about s from
sensory input to motor commands and b (in the form of multistage
process models). For example, Wilming et al.”” showed, in a percep-
tual decision-making task, how sensory signals are represented in
early visual areas, accumulated and transformed into action plans in
parietal and motor areas, and, ultimately, turned into a behavioural
response by pressing a button with the participant’s left or right hand.
Further, choice-reflective motor activity fed back into early visual areas,
modulatinghow muchsensory representations are integrated into the
decision-making process.

Statistical methods for inferring causal connections are fun-
damentally limited. A central challenge is that a statistical depend-
ence between two variables need not be due to a causal connection
between these variables but may be due to a causal dependence on a
third variable. For instance, in our toy example (Fig. 1), there is a statisti-
cal dependence between r; and b — they may even share information
abouts—notbecauser;causes bbutbecause bothshares(and, inthis
case, alsor) ascommon causes. Thus, r, may carry information about
both sand b without being functional. Some tests of functionality try
to exclude a shared statistical dependence on s by controlling s. For
example, Bradley et al.”® showed that the reported motion direction
of bistable stimuli — 2D projections of rotating transparent cylinders
where the perceived motion direction changes spontaneously between
the two possible directions of rotation around the cylinder’s central
axis — could be predicted from neural activity in MT. Similarly, func-
tionality can be evaluated by showing that errors (variability of b that
is unrelated to s) can be predicted from r™*.

No observational data can exclude the possibility that some unob-
served rexplains a statistical dependence between variables without
a direct causal connection. Where possible, experiments in which
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an intervention is performed directly on r, leaving stimulus and task
context unchanged, are particularly valuable. Changes in b following
suchanintervention arestrongevidence of acausal role of rinbringing
about b (evidence of functionality). For example, in non-human pri-
mates, stimulation of neuronsin MT modulated the perceived direction
of motion, providing evidence that MT is functional asarepresentation
of motion direction®, whereas stimulations in the lateral intraparietal
area modulated how quickly a participant reported a specific direc-
tion of motion, providing evidence that the lateral intraparietal area
is functional as a representation of the strength of sensory evidence
about motion direction’. Similarly, chemically induced lesions of
MT inmonkeys®® and suppression of area V5 with transcranial magnetic
stimulation in humans® bothimpaired motion perception specifically.
Interventions performed directly on r may not address effects on b
but may instead address effects on subsequent neural processing; for
example, stimulations of neurons in the frontal eye field increased
the information about stimulus features carried by retinotopically
corresponding neurons in area V4 of non-human primates®.

We used information theory as a conceptual tool to introduce
our framework. The conceptual dimensions of sensitivity, specificity
and invariance describe the relation between s, n and r. Functional-
ity describes the use of rin downstream cognitive processes and the
production of b. Together, these conceptual dimensions can be used
todescribe the typical empirical findings based on which claims about
representation are made in cognitive neuroscience.

Our framework applied across methodologies

We turn to a survey of common data analysis methods. We consider
how analyses of correlation, decoding and encoding models, tests
of statistical dependence, representational similarity analyses, and
findings about adaptation are used to provide evidence about repre-
sentations and how this is systematized by our framework. We highlight
formal connections between the information-theoretic formalism
of our framework (Fig. 2) and these methods to explain how they are
related conceptually, but we do not work out in general under what
conditions these methods would be mathematically equivalent. This
discussion explains how our framework applies to abroad range of
commonly applied methods; however, itis only a starting point of an
analysis of the full range of methods applied in cognitive neuroscience.

Information theory in neural data analysis

Information theory canbe applied directly in neural data analysis. This
may be motivated by not only thinking of the brain as an information
processing system but also the utility of information theory for evaluat-
ing statistical relations between variables without assumptions about
the structure of those relations (its model independence)>** >*%* For
instance, information theory hasbeen used to characterize the manner
inwhichspike trains carry information about the stimulus™", the effects
of attention on population codes®**® and object representations®,
the relation between oscillations in EEG data and face expression
perception®, and therelation between EEG and fMRI data® or to char-
acterize the processing of rhythmic components of speech®. Where
entropies of variables and their mutual information are estimated,
this affords the most straightforward interpretation in terms of our
framework (Fig. 2).

Asestimates of entropy and mutual information generally require
estimating full probability distributions (Box 1) rather than moments
of the distribution like variance, they are particularly challenging for
high-dimensional and continuous variables from limited sample sizes.

Often, to obtain estimates of information-theoretic quantities, dataare
discretized intorelatively few bins, such that there are sufficient datafor
eachbin. However, such binning introduces biases. Methodologies are
being developed within neuroscience and in the larger context of sta-
tisticsand machine learning with an eye towards benchmarking the reli-
ability of estimators withrespect to these challenges® * (see ‘Decoding
models’ for a discussion as many such methods are based on them).

A particular challenge for continuous variables is the normaliza-
tion of information-theoretic quantities. Take specificity, which quanti-
fies how much of the total variability of r carries information about s
(Fig. 2). In the discrete case, the total variability of a variable can be
measured by its entropy. In the continuous case, no trivial measure of
total variability is applicable to probability distributionsin general (but
see Nagel et al.” for a discussion of general estimators for normalized
mutual information).

Therate at which rprovidesinformationto downstream processes
may be used to normalize information-theoretic quantities (Supple-
mentary Box 3). This rate is limited, for instance, by noise that may
manifestinthe temporal resolution with which downstream processes
depend onr.Rieke et al.” evaluated the mutual information between s
andr (I(s;r)) normalized by the entropy of r (H(r)) relative to a discretiza-
tion of r (with the size of the discrete bins of rassumed to correspond
tothelower limit of the temporal resolution of the neural code). While
the normalization by H(r) relies on a discretization of r (potentially
introducing biases), it does reflect not only stimulus-dependent vari-
ability but also endogenously driven processing and noise corrupt-
ing the signal. By contrast, Tafazoli et al.”® normalized /(s;r) by the
total information r carries about the stimulus (/(s,n;r)). The normali-
zation by I(s,n;r) allows the use of a broader range of estimators for
information-theoretic quantities that may avoid the biases of dis-
cretization and captures only the proportion of stimulus-dependent
variability drivenby sor nbut not noise or other stimulus-independent
drivers of variability.

Linear correlation

Avery common quantitative measure of the relationship between two
variables, whether discrete or continuous, is their Pearson correlation.
High correlation between s and r means that s can be predicted well
from r and that r can be predicted well from s (both sensitivity and
specificity are high). As correlation is symmetric, it does not distin-
guish between sensitivity and specificity, which are asymmetric (when
ris highly sensitive tos, it need not also be highly specific tos; Fig. 3).

Lower degrees of correlation are more difficult to interpret
because mutualinformation may be high even though correlationislow
when the dependence of ron sis non-linear®” (for example, U-shaped;
Fig.4a).Ifthe dependence betweenrandsislinear withadded Gauss-
ian noise, then the mutual information is monotonically related to
the Pearson correlation coefficient (p)*. In this scenario, low degrees
of correlation also imply low mutual information and, therefore, low
sensitivity and specificity.

Correlation can also be used to evaluate invariance, where a low
degree of correlation of r with nindicates invariance to n (but, again,
rmay in fact depend non-linearly on n). The correlation between
rand bis an estimate of functionality — but only acrude one, asit poorly
reflects causal dependence.

Decoding models
The most common measures of sensitivity are measures of the per-
formance of a decoding model, that is, a model that infers s fromr.
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Fig.4|How common measures are related to our framework. a, Anon-linear
relationship between sand r (r depends on s by a quadratic function). There

is high mutual information between s and r, but sand rare not correlated.

b,c, Interpretation of representational dissimilarity matrices (RDMs). In this
hypothetical example, 30 ripe apples and 30 apples that are not ripe were
presented to a participant. r was recorded from different brain areas, and the
correlation distance (1- p) of r for all pairs of stimuli (all pairings of apples, across
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Representational dissimilarity matrices

all values of ripeness) was computed to construct RDMs. There is no difference
between dissimilarities for ripe and not ripe apples in the RDM for the brain area
inpartb; ris not sensitive to the category distinction. By contrast, in the RDM for
thebrainareain partc, there is high dissimilarity across the category boundary of
ripe versus not ripe; ris sensitive to this distinction. Yet, there is little dissimilarity
between exemplars within categories; hence, rappears to be invariant to
within-category distinctions.

Such models have been used to decode faces’ and object identity®
from the monkey temporal cortex, spatial location from the human
hippocampus'®®, auditory location from the monkey auditory cortex'",
and object category from early and late visual areas in humans'*,

The accuracy of a decoding model is a good measure of sensitiv-
ity because it has an easy-to-interpret lower and upper bound. When
the decodingaccuracy is at the chance level, this means that the given
decoding model cannot extract any information about sfromr, suggest-
ing that the sensitivity is 0. The higher the decoding accuracy is above
the chancelevel, the higher the sensitivity, with100% decoding accuracy
meaning one can perfectly infer s from r (the sensitivity of rtosis1).

Ageneral measure of sensitivity can be derived fromthe expected
logarithmicloss of adecoding model estimated by the cross-validated
loss onaseparate test dataset, rather than theloss on training data. Con-
sider adecoding model p,(s|r) with parameters 8in which E[-logp,(s|r)]
isitsexpected logarithmicloss under the true joint probability distribu-
tionp(s,r).If the decoding modelis fitted well and p(sir) isidentical to
p(slr), then E[-logp,(slr)] = H(s|r) (thatis, the expected logarithmicloss
ofthedecoding modelis an estimate of the entropy of sconditional on
r(H(sIn)). Anexpected logarithmic loss of 0 means that the sensitivity
ofrtosis1;scanperfectly be decoded fromr. Thatis, the lower bound
onthe expectedlogarithmicloss of adecoding model corresponds to
the upper bound on sensitivity. The lower bound on sensitivity corre-
sponds to the chancelevel of adecoding model —when the sensitivity
is 0, the expected logarithmiclossis equal to the loss of amodel based
on the prior probability distribution of s (p(s)) alone (E[-logp(s)]),
which estimates H(s). Sensitivity can be estimated from the expected
logarithmic loss of adecoding model as follows:

I(s; r) _ H(s) - H(slr) _ E[-logp(s)] - E[-logp,(sin]

- 8
H(s) H(s) E[-logp(s)] ®

Sensitivity :

Any measure of a decoding model’s performance that covaries
with the expected logarithmicloss canbe used as ameasure of sensitiv-
ityinan analogous manner. Expected logarithmicloss and accuracy of
a decoding model are useful particularly for classification problems

(decoding of discrete variables). The mean squared error or absolute
error arecommon measures in the case of continuous variables, where
decoding models commonly only offer a point estimate for s, rather
than an estimate of the full probability distribution of sgivenr (p(sir)).
By contrast, when py(slr) and p(s|r) mismatch, then the expectation
of the logarithmic loss of a decoding model merely offers an upper
bound forthetrue entropy of sconditional onr (H(s|r)). Thatis, the esti-
mate of sensitivity with a decoding model is merely alower bound on
the true sensitivity. A decoding model p,(s|r) with parameters 8 may fail
to closely approximate the true probability of sgiven r (p(s|r)) for two
main reasons. First, the available dataset (both training and test data)
may mismatch the underlying distribution because it is too small or
biased.Second, the decoding model might not be sufficiently complex
tofitthetruerelationship betweensandr(for example, alinear model
will not pick up on non-linear relationships). A decoding model may
also suffer from excessive complexity, especially with small datasets.
Bayesian decoding includes explicit measures of model complexity
(toavoid overfitting) and of how well a decoding model fits the data'®>.
As the sensitivity estimated with a decoding model is a lower
bound on the true sensitivity, by showing that a decoding model per-
formsbetter than chance (E[-logp(sir)] < E[-logp(s)]), one shows that
the sensitivity of r to s must be larger than 0. However, comparative
claims are more difficult to interpret. Even when the sensitivity of rto
s, estimated witha decoding model, islarger than the sensitivity of rto
n, thisdoes not necessarily mean that ris truly more sensitive tosthan
to nbecause one might have underestimated the sensitivity of rton.
Two perspectives on decoding models can be distinguished. First,
the decoding model can be taken as amodel of the statistical relation
between variables and as a tool for quantifying sensitivity. As more
complex models — with sufficient precautions to avoid overfitting —
tend to be more flexible in approximating statistical relations than
simpler models, this perspective motivates the use of complex machine
learning tools such as support vector machines'®* or more uncon-
strained deep neural networks'®. A second perspective interprets
the decoding model not just as a model of a statistical relation but
as amodel of the process by which information about sis read from r
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within the brain. Under this perspective, the complexity of decoding
modelsis often deliberately restricted, for instance, to linear models,
becauseitis assumed thatlinearly decodable features canberead by a
single downstream neuron or layer®*8, In this perspective, the decoding
modelis notsimply atool for estimating sensitivity but also amodel of
the functionality of rthat aims to uncover the neural code thatisbeing
usedinthe brain (Supplementary Box 1).

Encoding models
Anencoding model predicts rfromsand n (for example, by modelling
p(rls,n)). Encoding models can be used to estimate specificity analo-
gously to how decoding models are used to estimate sensitivity. Inaddi-
tion, by determining therole nhasinanencoding model of r, invariance
toncanbe demonstrated (ris invariant to n given that sand n predict
no more of r’s variability than s alone; Fig. 3c). Examples of encoding
models include models of the receptive fields of neurons in the cat
visual cortex®'°°, models of shape-tuning in populations of neuronsin
monkey V4 (ref. 107), and population receptive field models with fMRI
ofthe humanvisual cortex®. General linear models in fMRI analysis'*%'%°
are also encoding models, as are generalized linear models™’ and
linear-non-linear models™ in the analysis of electrophysiology data.
Analogous to decoding models, the expected logarithmic loss of
an encoding model that predicts r from s (E[-logp,(rls)]) can be used
to estimate the specificity of rtos.

I(s; r) _H(r)-H(rls) _E[-logp(r)]-E[-ogp,(ris)]
H(r) = H@r) E[-logp(r)]

Specificity : 9)

The lower bound on the expected logarithmic loss of the encod-
ing model corresponds to the upper bound on specificity; when r can
perfectly be predicted froms— E[-logp,(rls)] = 0 — then specificity is 1.
When the expected logarithmic loss is above the baseline predictabil-
ity of the neural population without knowledge of s (E[-logp(r)]) —
E[-logpy(rls)] > E[-logp(r)] — then specificity is larger than 0. The
baseline predictability is often assessed by shuffling the relationship
betweenrands,therebysettingtheshuffled randstobeindependentand
thus removing any mutual information between rand sin the dataset.

Asinthe case of decoding models, encoding models can take many
forms, from linear models with Gaussian noise to much more complex
deep neural network-based models'?, and estimates of specificity
established with them are merely lower bounds on the true specific-
ity. Comparisons of specificity estimates, such as the claim that the
specificity of rtosislarger than the specificity of rton, are only as well
supported as the assumption that one’s encoding model captures all
the dependencies between rand sand between rand n.

Encoding model performance can be measured with all the meas-
ures that are also available for decoding models. One that is common
particularly for encoding models is the proportion of variance explained,
which is similar to the information-theoretic quantification of speci-
ficity (Fig. 2 and Box 1), except that the variability unexplained by sis
measured with the variance of the residual of amodel of rgiven srather
thanthe entropy:

oo A(s; ) H(r)-H(rls) _ . H(rls)
Specificity : HE - H() = H() (10)
Proportion ofvarianceexplained: 1- w, (11)

var(r)

where m(r;s) isamodel that predicts rfroms.

Variance is a computationally convenient measure of variability,
both for discrete and continuous variables, that can be estimated
fromsmall datasets more robustly than entropy but it has limitations.
For instance, variance is not sensitive to the shape of probability
distributions (such as whether they are skewed or multi-modal).

When s is continuous, an encoding model may also be used to
estimate the sensitivity of rto swith the Fisher information (J(s))"> "¢,
definedas J(s) = E[(%logp(rls))z]. Intuitively, bay considering the deri-
vative of a (log-transformed) encoding model (;; logp(rls))./(s) quanti-
fies locally around a given value of s how much of a difference small
changes ins make for r and therefore how informative ris about s. J(s)
is closely related to the signal-to-noise ratio (SNR)"” and to the signal
detection theory measure of discriminability (d’), which quantifies
how well two neighbouring values of s can be discriminated based on
r''*™8 j(s) and related measures of discriminability (like signal-to-noise
ratio and d’) are evaluated commonly in analyses of shapes of tuning
curves and noise correlations to study properties of the neural code
fors"”"**butalso in analyses abstracting away from tuning curves"*'>,
By the Cramér-Rao bound'**'”, which states that the inverse variance
ofany unbiased decoding model of s from r cannot exceed J(s),/(s) can
be used to establish an upper bound on decoding performance (sen-
sitivity) based on an encoding model. Evidence for functionality is
provided by demonstrating that measures of how well s can be discrimi-
nated given r (based on an encoding model) match measures of how
wellsis discriminated by b. It was shown, for instance, that the minimal
differencesin orientation humans could reliably discriminate matched
the minimal difference in orientation that could be discriminated based
on an encoding model of orientation in V1 (ref. 115).

Representational similarity analysis

Representational similarity analysis (RSA) seeks to build an understand-
ing of low-dimensional geometric properties of high-dimensional neu-
ral population activities and their dependence on stimulus features'?®.
RSA s related to and builds upon analyses of representational geom-
etry more generally'” ™! including multidimensional scaling****and
principal component analysis'>"¢,

In RSA, the geometry of neural representations is captured by
computing a representational dissimilarity matrix (RDM). The RDM
is constructed by computing dissimilarity in population responses
to sets of stimuli. Given a set of N stimuli (§,, ..., Sy), an N x N dissimi-
larity matrix can be constructed, where each entry d; is calculated
by computing the dissimilarity in the neural population response
to stimuli S; and S(ref. 128) (Fig. 4b,c). The most used dissimilarity
measure is the correlation distance, defined as 1 minus the correla-
tion (p) between the populationresponsesto S;and S;, computed across
neurons or voxels. Alternative dissimilarity measures have been pro-
posed, such as classification accuracy of decoding models, Euclid-
ean distance between values of r'*’, or measures based on non-linear
transformations of r'*%,

Typically, when computing the RDM, each stimulus is presented
multiple times and the average neural population response to each
stimulus is used to compute dissimilarity. This stimulus-conditioned
averaging of the neural population response averages out the
non-stimulus-dependent variability. As a result, RDMs tend to poorly
reflect the specificity of rto the stimulus set and to more closely reflect
its sensitivity.

RDMs canbe used to evaluate sensitivity and invariance. If r carries
noinformation about the stimulus, the dissimilarity of neural activity
patterns will be the same, independently of the stimulus they were
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measured in response to. The resultant RDM would be unstructured
and uniformly dominated by noise (Fig. 4b). As such an unstructured
RDM suggests zero mutual information between r and s, it also sug-
gests that sensitivity is 0. Conversely, if a neural population carries
information about the stimuli, we expect the RDM to display a struc-
ture reflecting the dissimilarity of stimuli. Often, stimuli are drawn
from categories with multiple example stimuli present from each
category. Dissimilarity of stimuliacross category boundaries (such as
houses versus faces) indicates sensitivity to the category distinction.
Low dissimilarity of stimuli within categories indicates invariance to
within-category distinctions (such as variations of the orientation
of a face; Fig. 4c). Similarity of RDMs computed from r and RDMs
computed from b can also provide evidence for the functionality of
the neural response™.

Perhaps the most powerful application of RSA lies in comparisons
across systems such as the brains of different individuals, different
brain areas, brains of different species*’, or even brains and artificial
neural networks'*2, Yet, such comparisons are not primarily con-
cerned with what evidence establishes that a feature is represented —
the focus of this Perspective — but with studying how structures of
representations compare across systems.

Tests of statistical dependence

Some analyses do not estimate the amount of information between
variables, and therefore do not offer quantitative estimates of the
conceptual dimensions of representation. Rather, they test hypoth-
eses about relations of statistical dependence, which suggest that
respective dimensions are either satisfied or fail. For instance, initial
work demonstrating that the FFA is sensitive to faces showed that fMRI
measurements of activity in FFA were significantly higher in conditions
in which an image of a face was shown to a participant compared to
another object, for example, a house’. Of note, this established that
FFA carries information about faces without quantifying how much
information.

Establishing mutual information between rand salso establishes
that r has a larger-than-zero sensitivity and specificity to s. That FFA
responded to faces irrespective of whether the face is viewed from
the front or from the side suggests invariance to viewing angle. That
FFA did not respond to other object categories like houses suggests
specificity tofaces. Yet, suchinterpretations in terms of invariance and
specificity have to be seen with caution as they rest on a null-finding.

Many tests for relations of statistical dependence merely look
for a dependence between s or b and the mean neural response of
anisolated element (for example, an individual neuron or a voxel in
a fMRI analysis) in a so-called univariate analysis. Such tests cannot
pick up on the information carried by activity patterns distributed
across neural populations. To pick up onsuch patterns, amultivariate
pattern analysisin terms of correlation or more complex encoding or
decoding modelsis needed””.

Adaptation

The conceptual dimensions of representation may also be evaluated
using the phenomenon of adaptation. Upon repeated presentation of
anunchanging feature, the response magnitude of neurons'** or brain
regions'*>"*¢ that are sensitive to the feature typically decreases. This
adaptation is disrupted when the feature changes. Hence, the estab-
lished computational or physiological mechanism of adaptation canbe
used to probe the characteristics of arepresentation. When adaptation
isdisrupted by changesins, ris sensitive tos. When adaptation persists

across changes in n, ris invariant to n; as far as ris concerned, stimuli
that differ in nare still equivalent.

Toillustrate, fMRI activity in the lateral occipital complex adapts
to presentations of the same object'*. Changesinillumination or view-
point more strongly disrupt this adaptation than changes in position
orsize ofthe object. That s, the lateral occipital complex shows some
invariance to the position or size of an object, but it is less invariant
(more sensitive) toitsillumination and viewpoint.

In summary, information theory may be applied in neural data
analysis, which affords the most straightforward interpretation in
terms of our framework. Yet, we have also explained how other com-
mon analysis methods suchaslinear correlation, decoding and encod-
ingmodels, tests of statistical dependence, representational similarity
analysis, and findings about adaptation may be used to evaluate the
conceptual dimensions of representation of sensitivity, specificity,
invariance and functionality.

Canonical examples

Inour view, neuroscientific research about representations has always
been guided implicitly by the framework we have laid out. Our frame-
work is supposed to capture, in a systematic and unified way, what
researchers have been doing all along. We look at a few examples of
lines of research. These examples were chosen arbitrarily because they
have received high attention from researchers and been involved in
developing and shaping the tools and analyses with which representa-
tionsinthebrainare being studied. We do not offer exhaustive reviews,
but focus onillustrating how tests of the conceptual dimensions of
representation combine to form comprehensive bodies of evidence.
Asingle study may notaddress all conceptual dimensions but,asaline
ofresearch matures, evidence across all of them tends to accumulate.

Orientation of visual elements

Research about the visual representation of orientation began with
characterizing the response profiles of cells in V1 (refs. 31,106,147).
Researchers used encoding models in terms of tuning curves, which
estimate the level of activity (and variance) as a function of features,
for example, orientation, to evaluate specificity to orientation™**'*°,
While the V1 population of neurons is sensitive not only to orienta-
tionbut also to other features such as contrast, spatial frequency and
spatial phase of oriented gratings, some subpopulations, suchas com-
plex cells, display invariance at least to spatial phase while maintain-
ing sensitivity to orientation™°. In both simple and complex cells, the
preferred orientation and width (but not the height) of tuning curves
isinvariant to contrast”*?and temporal frequency™>. Yet, at least the
contrast invariance of the width of tuning may depend on adaptation
to contrast™*.

On the level of population responses, sensitivity of V1 to ori-
entation has been further characterized with decoding models
(both linear and non-linear)*>"*%, Berens et al.”*> showed that, even
though individual neurons are not invariant to contrast, at the pop-
ulation level, orientation could be decoded invariant to contrast.
Chen et al.”*® evaluated conditional specificity by showing that, even
for very low contrast levels, the signal-to-noise ratio for responses to
orientation was large.

That V1 response patterns are functional with respect to orien-
tation has been tested by predicting b to oriented stimuli from V1
responses. The perceived orientation reported by monkeys with sac-
cadic eye movements can be predicted above chance from single V1
neurons, evenintrials where the stimulus contained no oriented signal,
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suggesting that the orientation perceptis caused by random variations
of V1 responses™. At the level of V1 population responses, classifica-
tion of orientations by monkeys canbe predicted, usingadeep neural
network decoder, even when the same stimulus is presented multiple
times across trials'®’, again suggesting that behavioural responses are
caused by random fluctuations in the V1response across trials.

Numerosity
The numerosity of a collection of things is the number or cardinality
of how many things there are in a collection.

Ontheonehand, initial observations of deficitsin the processing
of numerosities owing to lesions of the human parietal cortex sug-
gested that the parietal cortex played a causal role in the processing
of numerosities. That is, they suggested that there is a parietal rep-
resentation of numerosity that is functional'®. Intervention studies
have subsequently confirmed this finding of functionality. The repeti-
tive stimulation of parietal areas in humans with transcranial magnetic
stimulation impaired the processing of numerosity'®?, and pharma-
cological inactivation of numerosity-sensitive neurons in the mon-
key’s parietal cortex stopped behavioural responses to numerosity'®.
Inaddition, early fMRIwork with humans showed that parietal activity
statistically depended on numerical distance in a task of comparing
numerosities’*, and neurophysiology with monkeys confirmed that the
firing rate of parietal neurons statistically depended on numerosity.
Thesstatistical dependence on numerosity implies that parietal neural
responses carry information about and are sensitive to numerosity,
while a lack of dependence on other factors suggests specificity to
numerosity.

On the other hand, invariance has been an ongoing source of
scepticism about whether numerosity is really represented in the
parietal cortex (rather than a generic quantity that is a mixture of
multiple quantitative features). We see here that the conceptual dimen-
sions of representation cannot be used only in support of but also
in criticism of claims about representations. Invariance of parietal
cortex representations has been demonstrated for features, includ-
ing low-level visual features®*'**, symbolic and non-symbolic’**, and
visual versus auditory presentations of numerosities'®®, suggesting
that it is numerosity specifically that is being represented. However,
controversy remains, with evidence suggesting a lack of invariance,
especially to spatial features such as size. In one study'’, encoding
models with tuning to preferred numerosities were fit to fMRI data
and the preferred numerosity depended onitemsize. Another study'®®
found that neural activity in overlapping areas of the parietal cortex
depended onboth numerosity and the size of Arabic numerals used to
present the numerosity. This lack of invariance suggests that, perhaps,
not numerosity specifically but rather a mixed feature that combines
spatial size and numerical size, isrepresented. These conflicting find-
ings could be reconciled if there is a distributed population code for
numerosity and related quantities'® that supports invariant readouts
of numerosity by downstream neural processes only in task-specific
settings. When numerosity is not task relevant, a mixed quantitative
feature may be represented: only whenitis task relevant may neurons
be tuned to represent numerosity specifically*.

Spatial location

Place cellsare cellsin the hippocampus thatrespond withincreasesin
spiking activity when the animal is in a particular location in the envi-
ronment, and were discovered in 1971 by O’Keefe and Dostrovsky"°.
The sensitivity of place cells to spatial location is conditional on the

presence of visual cues butis invariant to any particular visual cue, such
asoriented gratings moving in the rat’s visual field”°, as well as further
environmental cues, including olfactory and auditory cues”" 7>, As
place cells do not firein response to modulations of such environmental
cues, they are also specific to spatial location.

Across the complete population of cells in the hippocampus,
the animal’s position for all investigated locations can be inferred"’*,
suggesting that there are not just place cells sensitive to a few specific
locations but that the population response is sensitive to location
across the animal’s environment. Some place cells have specificity to
spatial locationinarelative reference frame defined by reward location
orlandmarks thatis invariant to absolute locationin the experimental
environment, whereas others show specificity to absolute location and
invariance to changes inreward location and landmarks'”. Sensitivity to
space across the environmentinanabsolute reference frame hasbeen
taken to suggest that the animal represents amap of its environment'’,

Stimulation of place cells that are sensitive to locations previously
associated withreward or starting position induced behaviour appro-
priate for those locations, even when the rat was not located there'”.
Rewarding stimulation of the median forebrain bundle correlated with
spontaneous place cell activity during sleep to induce associations
between specific locations, and reward also induced goal-directed
behaviour by the rat towards those locations when placed in the experi-
mental environment again after awakening'®. Both interventions sug-
gest that place cells play a causal role in producing location-specific
behaviour and are therefore functional as representations of spatial
location.

In all three examples — the representation of orientation in V1,
therepresentation of numerosity in the parietal cortex, and therepre-
sentation of spatial locationinthe hippocampus — all four conceptual
dimensions of representation have been addressed in the literature.
Each exemplifies mature lines of research. Still, controversies may
remain. Individual neurons in V1 lack invariance to features such as
contrast. The population response affords invariant readouts of ori-
entation, but the mechanism by which downstream processes read
information about orientation from V1requires further investigation.
Theinvariance of parietal representations of numerosity to spatial size
remains controversial as well. Yet, while there may be disagreement,
forinstance, about the extent to which invariance is satisfied in some
of these cases, there is no disagreement over whether invariance is
relevant to a feature being represented. We believe these examples
show that the evidence relevant to claims about representation in
neuroscience is systematized well by our framework.

Extensions of our framework of conceptual
dimensions of representation

For ease of exposition, simplifications have been made in our discussion
ofthe framework. We want to acknowledge some of the most notable
limitations and suggest extensions.

First, thereis more tosay aboutr. Implicitly, we have treated rasa
maximally detailed measure of activity across a population of neurons.
However, some work is concerned more specifically with modelling
which aspect of a population response is relevant for representing s.
A classic question concerns whether the timing of spikes or merely the
firing rate matters'**>"”°, A related question is how a single population
of neurons displays mixed selectivity (where different aspects of rmay
represent different features s, s,, ...)**”. Our framework can also be
applied to models of the relevant aspect of r (Supplementary Box 3
explainsits application for this purpose).
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Second, thereis more to say about values of sand how they relate
to values of r. One may not only want to assign s as the content of r
but also model what value of s is represented by a particular activity
pattern of r. That is, one may want to be able to read the neural code
(Supplementary Box 1 explains the application of our framework to
models of the neural code).

Besides the relaxation of these two simplifications, there are afew
more caveats we want to consider.

Neuroscientific work on representations is often an extension of
behavioural psychological research. Behavioural work identifies which
features arerepresented (itidentifies s), and neuroscientific work local-
izes these representations in the brain (it identifies r). Where neural
dataare particularly difficult to collect, for instance, in social cognition
or developmental psychology, which focuses on humans, great apes
or children, most research onrepresentationsis based on behavioural
dataalone. Without estimates of neural variability, specificity cannot
beapplied. Yet, models based on behavioural dataaim toidentify rep-
resentations that are sensitive tos, they reveal interferences between
representations (failures of invariance) and, inherently, they also show
thatarepresentationis functional by being usedin the production of b.

Further, the information-theoretic quantifications of the concep-
tual dimensions of representation (Fig. 2) reflect not only dependencies
between variablesbutalso the distributions of the variablesinisolation
(p(s), p(n) and p(r). For instance, naturally distributed stimulilead to
higher estimates of the specificity of spike trains coding for auditory
stimuli than unnaturally distributed stimuli'®. This suggests that the
neural codeis optimized for the natural statistics of features. However,
itisnotgenerally the case that the conceptual dimensions of represen-
tation are more informative when evaluated under natural statistics.
Often, stimuli are deliberately drawn from unnatural distributions,
which allows researchers to tease apart features that tend to covary
innatural environments. For example, in the study of representations
of numerosity, stimulus distributions are crafted in which features,
such as numerosity, item size and item spacing, vary independently
asmuchas possible™.

Finally, we want to acknowledge that, in this Perspective, the dis-
cussion applies our framework only to representations of features of
the participant’s environment. Elsewhere, we have discussed how our
framework applies to representations of uncertainty’®?. Uncertainty
is special because of its observer relativity — it is a feature of a belief
or representation that an observer has about the world. To cover neu-
roscientific work in its full breadth, one would also have to consider,
for instance, representations of motor commands, goals, values or
imaginings.

Concluding remarks

Despite conceptual and terminological ambiguity, we believe thereis
implicit agreement in neuroscience regarding whatis characteristic of
representation. Our formal framework aims to make that agreement
explicit. It does so by disambiguating and formalizing four types of
relationbetween features, neural responses, and downstream effects
ofaneural response characteristic of representation that have notbeen
previously teased apart systematically. We propose that researchers
use the framework developed in this paper to describe their findings
abouttherepresentations they investigate —and to explain how their
data analysis methods yield estimates of the respective conceptual
dimensions of representation. Using common terminology in this
way would facilitate communication across research groups, would
make it easier to see how different research approaches combine and

would afford easier meta-analyses. Few studies provide evidence for
all the conceptual dimensions of representation; strong evidence for
representation emerges only out of acombination of studies. Following
the framework we presentin this Perspective makes more salient which
evidence is missing from a line of research; it also allows researchers
todetermine when strong evidence for arepresentation has emerged
inafield.

As measurement techniques develop, datasets get larger and
analysis methods get more complex, information-theoretic quantities
can be estimated more robustly. Deep neural networks are particu-
larly useful tools that need not be interpreted as models of the brain.
In some cases, they may simply be tools for estimating conditional
entropies, affording quantitative estimates of the conceptual dimen-
sions of representation for different features and allowing for richer
comparisons across studies (see ‘Decoding models” and ‘Encoding
models’ for a discussion).

How does our framework relate to philosophical discussions of
representation? Itisintended to systematize how representations are
studied in neuroscience and is not designed to address philosophical
questions about what a representation is. However, of course, how
representations are studied in neuroscience is highly relevant for
philosophical accounts of what a representation is. It will therefore
berelevantto consider how philosophical accounts of representation
interface with our framework.

Finally, interest has recently arisen in explaining artificial neu-
ral networks in representational terms. On the one hand, neurosci-
ence benefits from developments in artificial intelligence research
because that research provides new analysis and modelling tools
for neuroscience. On the other hand, analysis tools for understand-
ing artificial neural networks are being compared to neuroscientific
methodology™*'®*, Our framework is a natural starting point for such
adiscussion because it encapsulates the methodology that has devel-
oped over more than100 years in neuroscience, and the information-
theoretic formalism lends itself naturally to anapplication to artificial
neural networks.
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