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Abstract
The study of the brain’s representations of uncertainty is a central topic in neuroscience. Unlike
other cases of representation, uncertainty is a property of an observer’s representation of the
world, posing specific methodological challenges. We analyze how the literature on uncertainty
addresses those challenges and distinguish between “descriptive” and “process” approaches.
Descriptive approaches treat uncertainty reported by subjects or inferred from stimuli as an
independent variable used to test for a relationship to neural responses. By contrast, process
approaches treat uncertainty derived from models of neural responses as a dependent variable
used to test for a relationship to subjects’ reports or stimuli. To compare those two approaches,
we apply four criteria for neural representations: sensitivity, specificity, invariance, functionality.
Experiments can be cataloged by their approach and whether they test for each criterion. Our
analysis rigorously characterizes the study of neural representations of uncertainty, shaping
research questions and guiding future experiments.
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Introduction
Understanding how the brain represents its environment is one of the major goals of
neuroscience and psychology. Another major goal is to understand the uncertainty of these
representations. The uncertainty of representations is the topic of the Bayesian brain
hypothesis (Knill & Pouget 2004) and probabilistic accounts of perception and cognition (Ballard
2015; Hoyer & Hyvärinen 2002; Lee & Mumford 2003; Ma & Jazayeri 2014). Taking into account
uncertainty in perceptual processing can be crucial when interacting with the world. Imagine that
while you are hiking through the mountains you have to decide whether to attempt to cross a
steep slope. Your perception of the slope will determine whether to attempt to cross it. Given the
stakes, it would be beneficial to take into account your uncertainty about the slope. Perhaps you
should move closer to it in order to reduce your uncertainty before you decide whether or not to
take a detour. A wide range of human behavior takes into account uncertainty, including
decision making (Bach & Dolan 2012; Muller et al. 2019; Qamar et al. 2013; Rushworth &
Behrens 2008; Tomov et al. 2020), learning (Behrens et al. 2007; McGuire et al. 2014; Meyniel
et al. 2015a; O’Reilly 2013), perception (Kersten et al. 2004; Knill & Pouget 2004; Zhou et al.
2020) including multi-sensory fusion (Deroy et al. 2016; Ernst & Banks 2002), motor control
(Todorov 2004; Trommershäuser et al. 2008), and memory (Devkar et al. 2017; Koriat et al.
2002; Rademaker et al. 2012). Similar observations have been made in non-human animals
(Dekleva et al. 2016; Fiorillo 2003; Kepecs et al. 2008; Kiani & Shadlen 2009; Komura et al.
2013; Lak et al. 2014; Odegaard et al. 2018; Walker et al. 2020).

Many neuroscientists aim to understand how this uncertainty is represented in the brain. Studies
of uncertainty often contain claims of the form “in a given brain region, neural activity r
represents uncertainty about s”. In practice, r can be measured with fMRI, EEG, intracranial
recordings of local field potentials, spike trains, amongst others, and s can be the orientation of
a stimulus, a reward probability, or some other feature. These claims about the representation of
uncertainty should be assessed empirically based on the experiments and analyses used. The
goal of this article is to provide a framework to assess the empirical validity of claims of
uncertainty representation.

1. Defining uncertainty: its objects, origins, and
measures

Uncertainty characterizes the representation of a world state by an
observer
Consider again the example of a subject who has to perceive the slope of a field. If the slope is
too steep to be passable, they have to take a strenuous detour through the valley. In order to
appropriately weigh the risk of attempting the slope and the cost of taking the detour, the subject
should take into account the uncertainty in their perceptual representation of the slope.

We will understand this situation in terms of generative models (see glossary) as depicted at the
top of Figure 1. The subject is an observer who represents s, some feature of interest of the
world state. Here s is the slope of the field. This feature s is typically not directly observable, and
thus called a latent feature. Instead, the observer receives information about s from the more
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proximal input state I. The brain processes this input to arrive at the neural response r which is a
representation of s.

In an experimental context, s typically refers to some latent feature of the world state that is of
interest in a task, while I is the input to the observer that is generated by the feature in a
particular trial. In a visual task, I is the pattern of light that hits the observer’s retina, which in
practice is typically considered equivalent to the pattern of pixels presented on a screen (any
discrepancy between the two is not relevant for the purpose of this article). As a standard
example throughout this article, let s be an orientation value and I be an image on a screen: a
Gabor patch with orientation s and added random pixel noise (see Figure 1, top). Subjects
report the orientation s which they see in the noisy image of a Gabor patch I.

For simplicity, we will first discuss uncertainty about the world state s given the input I, and then
uncertainty that depends on the internal neural state r of an observer.

We consider an observer who has access to the input state I and forms a representation of the
world state s through a process that can be described as an inference from I by inverting a
generative model (Helmholtz 1867). That is, the observer computes values for s given the
observed I (Iobserved) and the dependence of I on s in the generative model which is assumed in
the inference.

However, often, one and the same input can be generated from multiple states of the world.
That is, the state of the world is underdetermined given the input. When the inference an
observer performs leaves the world state s underdetermined, the observer is uncertain about s.

Unlike other quantities that are represented in perception, uncertainty is not a property of the
state of the world. Uncertainty is not another stimulus parameter besides s. Rather, uncertainty
is a property of the relation between the world and an observer. It measures the lack of
information the observer has about the world state s on the basis of an inference from a more
proximal state like I (Shannon 1948). To emphasize this dependence on an inference, people
sometimes speak of epistemic or inferential uncertainty.

Consider the uncertainty about s given Iobserved on a given trial. We can visualize this uncertainty
by looking at the posterior probability distribution p(s|Iobserved), see Figure 1. This distribution
describes how probable values of s are given the particular input Iobserved. If there were no
uncertainty, the value of s would be perfectly determined by some particular input Iobserved, and all
the probability mass in the distribution p(s|Iobserved) would be assigned to just a single value of s.
But since there is uncertainty about s given I, multiple values of s are possible given a particular
input Iobserved and the probability mass in the distribution p(s|Iobserved) is spread out over those
values.

The uncertainty about s given Iobserved based on optimal inference and the true generative model
(the one that captures the actual dependencies from s to I) is called the ideal-observer
uncertainty (Barthelmé & Mamassian 2009; Kersten et al. 2004; Ma & Jazayeri 2014).
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Figure 1 Uncertainty from a generative model. Top: Example generative model. The world state
s is an orientation. The input I is an image of a Gabor patch with orientation s and some pixel
noise. The neural response r is a train of spikes from neurons in some population. Middle: Black
arrows indicate the dependencies in the generative model between the world state s, input I, and
neural response r. Red and blue arrows indicate inferences an observer could make by inverting
dependencies in the generative model from I and r, respectively . Bottom: Probability distributions
of s given the particular input Iobserved or the particular neural response robserved in a given trial. 𝜎 is a
measure of the uncertainty about s given Iobserved, and 𝜇 is the expected value of s given Iobserved.

Origins of uncertainty
Uncertainty about the world state s is present whenever s is under-determined given the
inference an observer performs. In the structure of the generative model assumed in an
observer’s inference, this under-determination manifests as a many-to-one mapping from the
world state to a later state in the generative model.

A typical source of under-determination is the ambiguity of the input as illustrated by the case of
the Necker cube (Necker 1832). One and the same two dimensional image could be interpreted
to be the result of different states of the three dimensional world. An observer who infers the
state of the world from the image is uncertain between these different states.

Another common source of uncertainty is aleatoric variability. Aleatoric variability is a measure
of the indeterminacy of a process by which an earlier state in a generative model generates a
later state. One important type of such variability is noise in the input the observer receives.
Consider for instance pixel noise which corrupts an image of a Gabor patch with a certain
orientation (see Figure 1). The image I is generated non-deterministically based on the
orientation s and random noise. An observer is left uncertain when the image I
under-determines the world state s because of noise.

Aleatoric variability increases uncertainty all the more the less data is available to the observer.
For instance when there is pixel noise, the orientation task in Figure 1 is easier for higher pixel
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resolutions of the image. Similarly, when s is not stationary but changes across time, the
uncertainty depends on how long s can be observed and how much evidence about s can be
accumulated (McGuire et al. 2014; Meyniel 2020; Meyniel & Dehaene 2017; O’Reilly et al. 2013;
Payzan-LeNestour et al. 2013).

Another important type of aleatoric variability is internal noise. The firing behavior of neurons is
only partially driven by the signal they receive and partially by further random factors (Faisal et
al. 2008). Hence one and the same neural response r can be caused by different input states I
which in turn depend on different world states s. An actual observer does not infer s from I, but
from r. The red curve in the bottom of Figure 1 visualizes uncertainty about s given a particular
robserved in terms of the probability distribution p(s|robserved). Uncertainty is a measure of the spread
of this curve. The red curve is wider than the blue curve since it includes not only the uncertainty
about s given I, but the additional uncertainty about I given r.

Lastly, uncertainty depends on the generative model assumed by the observer. An ideal
observer performs an optimal inference based on the true generative model. However, an actual
observer might not know the true generative model, or it might be so complex that the observer
is not able to compute an optimal inference (Beck et al. 2012; Rahnev & Denison 2018). The
assumed generative model might for instance exclude some variables and simplify the shapes
of probability functions (Iglesias et al. 2013; Mathys et al. 2014; Norton et al. 2019). The
uncertainty an observer actually has about s depends on the assumed generative model which
actually underlies their inference to s.

Measures of uncertainty
Different formal measures are available to summarize uncertainty. Often, uncertainty is
understood as the standard deviation of a random variable under a posterior distribution,
especially for the frequently used Gaussian distribution (see Figure 1, bottom). The larger the
standard deviation, i.e. the wider the spread of the probability distribution, the more uncertainty
there is about this variable.

Another useful measure of uncertainty is entropy. The conditional entropy H(s|robserved) is a
measure for how much information or freedom of choice (hence, uncertainty) there is left about
the variable s, after one already knows that the variable r takes the value robserved (Shannon
1948). The advantage of entropy as a measure of uncertainty is that it applies to probability
distributions of any shape (categorical and numeric variables with some adjustments, and with
one or more dimensions). However, the fact that entropy ignores ordinality can be a
disadvantage: for instance, if two orientations have high probability and all other orientations
have the same low probability, entropy (unlike standard deviation) will be the same no matter
whether those two orientations are very close or very different.

Yet rather than summarizing uncertainty in a single quantity, one might also keep track of it
implicitly in terms of the full probability distribution. If one were to represent the state of the world
s in terms of, for instance, the posterior distribution p(s|robserverd), uncertainty about s would be
implicit in that representation (Ma & Jazayeri 2014). This uncertainty can be taken into account
implicitly by performing computations over the full probability distribution. Whether observers
use full distributions or summaries is an open empirical question (Fleming & Daw 2017; Meyniel
et al. 2015b; Yeon & Rahnev 2020). In this article we do not commit to a specific measure and
we use the standard deviation simply as an example.

5



Box 1: What is special about studying neural representations of uncertainty?

Several aspects of uncertainty make it special in comparison to other features studied in
neuroscience and deserve consideration.

Uncertainty is not a world state. Instead, it is a property of the relation between a (real or
hypothetical) observer’s representation and the corresponding world state. Thus, studying
uncertainty requires taking the observer’s perspective to estimate their uncertainty, based on
subjective reports or (potentially idealized) models of the process by which they arrive at their
representation of the world state the uncertainty is about. The dominant tool, which we use in
this article, is that of Bayesian inference.

Uncertainty can have multiple origins. Some are internal to the observer (e.g. neural noise,
limitations and errors in information processing) the others are external (aleatoric variability,
ambiguity, non-stationarity). Only the latter are under the experimenter’s control.

Uncertainty can characterize representations of many different world states (see Table 1).

Uncertainty can be summarized in different ways: with different measures (variance, entropy,
maximum of a probability distribution), with different models of the underlying inference, and
different generative models assumed in that inference.

The main origin of uncertainty, the representation it characterizes and the way it is measured
and modeled differ across studies. This diversity introduces confusion and makes it difficult to
have a unified understanding of the neural representation of uncertainty.

Uncertainty is particularly prone to confounding factors reflecting its origins, specific aspects
of the world state it refers to and behavior. For instance, the image resolution and contrast of
a Gabor patch impact the uncertainty about the patch orientation; an apparent neural
representation of uncertainty can actually be a representation of resolution or contrast.

2. Studying representations of uncertainty with
descriptive and process approaches
How is uncertainty represented in the brain? The classic approach in neuroscience is to study
the neural representation of some world state s, like the orientation of a bar (Hubel & Wiesel
1959, 1962), by experimentally inducing variations in s across trials, and then identifying
candidate regions for the representation of s as those whose changes in activity r are related to
changes in s. In such an analysis, s is the independent variable and r the dependent variable.
The independent variable need not be under the experimenter’s control (for instance,
representation of location in space can be studied by letting an animal move freely), and instead
for the purpose of the analysis of neural data it can be determined without knowing r.

This classic approach is not directly applicable to uncertainty because uncertainty not being a
world state (see Box 1), the experimenter cannot determine it without knowing r. Other
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approaches have been proposed in previous studies on the neural representation of uncertainty,
which we categorize as descriptive and process approaches.

The descriptive approach is the one most inspired by the classic approach in neuroscience
because it aims to treat the uncertainty u as an independent variable and test whether it is
related to r. Doing so requires using proxies for u that can be determined without knowing r,
from the subject’s behavior, the stimuli, and the task. By contrast, the process approach differs
more radically because it treats u as a dependent variable that the researcher derives from
neural activity r (the data that the brain has at its disposal to represent the world). Doing so
requires using models of how r represents the world, with the overarching goal of going from
input to neural activity to behavior.

These approaches require different assumptions and methods, which we present in this section
and summarize in Figure 2. Those differences have consequences regarding the type of neural
representations of uncertainty that each approach can uncover and how the validity of their
findings can be evaluated.

Figure 2: Comparison of the descriptive and process approaches. In both approaches, the
subject is provided with a input I that is informative about a particular world state s. In the
descriptive approach, researchers use a proxy for the uncertainty u, derived from the
alternatives I itself (using an “external” generative model p(I|s)) or from the subject’s behavior b.
Then they test for a relationship between this proxy of u derived from I or b, and the neural
activity r, which we summarize as r=f(I, b). The function f models both how u can be derived
from I or b in different studies, and the specific relation between u and r (e.g. linear, multivariate,
etc.). In the process approach, researchers use a “neural” generative model of r to derive the
uncertainty u about s given the observed r (e.g. by inverting the neural likelihood function
ℒ(s;robserved)=p(robserved|s) in a probabilistic population code (PPC); or as the standard deviation
of neural activity which is interpreted as samples from the posterior distribution p(s|I) in
sampling-based codes (SBC)). The process approach is then evaluated by testing for some
expected relationship between the inferred u and the alternatives b or I. SD[x] denotes the
standard deviation of the samples x1, …, xn, and SD[x|y] denotes the standard deviation of the
random variable x under a conditional probability distribution (conditioned on y) and RT denotes
reaction times.
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Descriptive approach: Uncertainty as an independent variable
Studies that follow the descriptive approach can be divided into those that use the subject’s
behavior b and those that use the input I as proxies for uncertainty.

Different aspects of behavior can be used to study uncertainty. In some studies, human subjects
report their uncertainty in the form of a rating or confidence judgment (Adler & Ma 2018; De
Martino et al. 2013; Guggenmos et al. 2016; Hebart et al. 2014; Lebreton et al. 2015; Meyniel
2020; Meyniel et al. 2015b; Meyniel & Dehaene 2017; Peirce & Jastrow 1884; Pouget et al.
2016). This uncertainty can then be treated as an independent variable in the analysis of neural
activity. Some researchers infer uncertainty by assuming that it regulates some specific aspects
of subject’s behavior, such as how fast to respond (Tzagarakis et al. 2010; Zylberberg et al.
2016), how long to wait for a reward (Kepecs et al. 2008; Masset et al. 2020; Schmack et al.
2021), or whether to opt-out of a bet (Gherman & Philiastides 2015; Hampton 2001; Kiani &
Shadlen 2009; Komura et al. 2013; Middlebrooks & Sommer 2012; Odegaard et al. 2018). This
strategy is common in studies on decision confidence, in particular those involving non-human
animals, see (Kepecs & Mainen 2012; Meyniel et al. 2015b) for reviews.

Some researchers use the input I to study the uncertainty about a world state s. An “external”
generative model describes the way a given s generates I in the task. When this process is
stochastic, the relationship between s and I is described by the probability function p(I|s). The
ideal-observer uncertainty can be derived from this generative model (see section 1). For
oriented Gabor patches (see Figure 1), ideal-observer uncertainty is commonly introduced by
adding Gaussian noise at the pixel level (Cabrera et al. 2015; Kersten et al. 2004; Rahnev et al.
2011). Increasing the amount of pixel noise makes the resulting input Iobserved compatible with a
broader range of orientations, which increases uncertainty. Similarly, reducing the image
contrast also increases uncertainty. The ideal-observer model quantifies this (externally
generated) uncertainty for a given Iobserved, which can be used as a proxy for u in the analysis of
neural data. Ideal-observer models are useful to quantify uncertainty across a wide variety of
task structures, notably when the relation between u and I is complex, e.g. in sequential learning
(Badre et al. 2012; Meyniel 2020; Meyniel & Dehaene 2017; Muller et al. 2019). However, when
simple qualitative relationships between I and u exist, such qualitative aspects of I (e.g. pixel
noise or contrast in the oriented Gabor example) can be used as a proxy for u (Bang & Fleming
2018; Festa et al. 2021; Hénaff et al. 2020; Kepecs et al. 2008; Kiani & Shadlen 2009; Orbán et
al. 2016).

No matter whether the proxy for u is derived from b or I, the descriptive approach seeks to relate
this proxy to r, which we formalize as r=f(I, b) (see Figure 2). Here f is both a model of how the
proxy for u is derived from either I or b and of the relationship between r and the proxy for u. In
practice, researchers test for this relationship by different means. They might simply search for
correlations or use more complex models like multiple linear regressions and multivariate
pattern decoding (Haxby et al. 2014). The strength of this relationship can be measured as a
correlation coefficient, the significance of regression weights (Friston et al. 2007), or the
cross-validated fraction of explained variance (Naselaris et al. 2011; Poldrack et al. 2020).
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Process approach: Uncertainty as a dependent variable
In contrast to the descriptive approach, the process approach aims to preserve the fact that
uncertainty is a property of the relation between the neural representation r and the
corresponding world state s. A researcher following this approach thus treats uncertainty as a
dependent variable in the data analysis where u is a function of r, u(r), not a function of b or I.
This approach requires specifying how r represents s by means of a “neural” generative model.
We present here two families of such models: those that rely on a neural likelihood function
ℒ(s;r)=p(r|s) (see glossary) derived from a generative model about r (broadly referred to as a
Probabilistic Population Code) and those that rely on a neural code that samples from a
posterior distribution over s (Sampling-Based Code). Other models relevant for the study of
uncertainty exist (Barlow 1969; Deneve 2008; Jazayeri & Movshon 2006; Knill & Pouget 2004;
Sahani & Dayan 2003; Sohn & Narain 2021), but have so far received less attention from
experimenters.

In Probabilistic Population Codes, researchers formalize the uncertainty u conveyed by the
neural activity observed on a particular trial, robserved, as the posterior distribution p(s|robserved). This
posterior is derived by relying on a neural likelihood function ℒ(s;robserved) and Bayes’ rule. The
construction of ℒ(s;r) can be theory-driven or data-driven. The former constitutes the dominant
approach in the literature (Dayan & Abbott 2005; Pouget et al. 2003). An influential example in
the sensory domain posits that neurons have a stereotyped mean response to the input (known
as their tuning curve) and some variability corresponding to the exponential family of
distributions (e.g. Poisson distributions). Together with a few other assumptions, the log of ℒ(s;r)
becomes linear with respect to r and uncertainty about s is proportional to the average neural
activity on a given trial (Deneve et al. 1999; Fetsch et al. 2012; Ma et al. 2006). By contrast, the
data-driven approach requires fewer assumptions and estimates ℒ(s;r) from the data itself. With
the advent of large datasets and machine learning tools like artificial neural networks, even
arbitrary shapes of ℒ(s;r) can be estimated (Walker et al. 2020). With a smaller amount of data,
further constraints are needed about the shape of ℒ(s;r), e.g. assumptions about specific
covariance matrices or noise distributions (Geurts et al. 2022; Li et al. 2021; van Bergen et al.
2015; van Bergen & Jehee 2019).

In Sampling-Based Codes, the neural activity (e.g., firing rate) is assumed to represent s in
terms of samples stochastically drawn from the posterior distribution p(s|Iobserved) (Fiser et al.
2010; Hoyer & Hyvärinen 2002; Lee & Mumford 2003; Orbán et al. 2016). Biologically plausible
neural network models have been proposed for such a “neural” generative model (Echeveste et
al. 2020). Under such a code, u is reflected in the spread of the distribution of r (e.g. the
standard deviation) across time or across neurons.

In experimental studies that adhere to the process approach, uncertainty about s is not used to
construct the neural generative model. Rather, researchers assume a neural generative model
and use it to derive the uncertainty about s from r, u(r). In order to be validated, the process
approach needs to demonstrate that u(r) relates to the subject’s uncertainty about s. One
possibility is to test whether u(r) is reflected in the subject's actions, like choices based on
uncertainty (Walker et al. 2020), behavioral variability (van Bergen et al. 2015), and reported
confidence (Geurts et al. 2022). Another possibility inspired by the descriptive approach is to
change s or I in a way that leads to predictable changes in u, e.g. change the contrast of the
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image (Orbán et al. 2016; Walker et al. 2020) or use cardinal and oblique orientations (Orbán et
al. 2016; van Bergen et al. 2015), and test whether u(r) changes accordingly.

Box 2: Relation to encoding and decoding approaches

Encoding and decoding are widely used notions in neuroscience (Lange et al. 2021) which
are related to the distinction between descriptive and process approaches. However, because
different notions of encoding and decoding exist, the relationship is multi-faceted.

In the data analysis domain (Huth et al. 2016; Naselaris et al. 2011), an encoding model
corresponds to a specific relationship between r and s (or I). First, a mapping (often highly
non-linear) from s (or I) to a list of latent features is assumed, then the relation to r is tested by
means of a multiple linear regression of the latent features onto r (linearizing encoding models
(Huth et al. 2016)) or a generalized linear model (Pillow et al. 2008). This notion of encoding
is used in the descriptive approach: some features related to u are derived from I and
regressed onto r. This notion of encoding has also been used together with the process
approach. For instance, van Bergen and colleagues (van Bergen et al. 2015) used an
encoding model and fit the residuals of the corresponding multiple linear regression (an
unusual step in other fMRI studies that use encoding models) to turn their fit encoding model
into a probabilistic neural generative model p(r|s).

In theoretical and computational neuroscience (Dayan & Abbott 2005; Lange et al. 2021; Park
et al. 2014), an encoding model captures the neural likelihood function ℒ(s;r). This notion then
corresponds to the process approach.

In machine learning and its application to neuroimaging (Haxby et al. 2001, 2014; Haynes
2015), decoding models are trained based on a collection of pairs of data and labels (e.g.
here, r and u respectively) and tested on new data. The label (u) being an independent
variable, this decoding corresponds to the descriptive approach. In the context of uncertainty,
those labels are derived from the input I or behavior.

In theoretical and computational neuroscience, decoding corresponds to the estimation of the
cause of the observed neural activity (it goes from r to s) by inverting a neural generative
model (which goes from s to r); when this model is probabilistic, the uncertainty u that
accompanies this estimation is quantifiable. The key difference with the machine learning and
descriptive approaches is that u is not an independent variable but instead a dependent
variable that emerges through decoding, as in the process approach.

3. Evaluating claims about representations of
uncertainty with general criteria of representation
We now turn to the evaluation of claims about the neural representation of uncertainty that can
be found in studies that rely on either the descriptive or process approach. We propose to do so
by applying criteria that are generally used in neuroscience to support claims of representations:
sensitivity, specificity, invariance and functionality (defined in Box 3). This choice appears
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legitimate since many studies on the neural representation of uncertainty presented below
(Table 1) use methods and arguments that aim to fill those general criteria.

Box 3: General criteria for neural representations

Figure 3: Simple examples of successes and failures of different criteria of neural
representation. The criteria for testing for a representational relationship between neural
activity r and a feature of interest x (like uncertainty in this article) or behavior b, whether by
itself and in comparison to another feature y (which is categorical here for simplicity, it could
also be continuous). The top row shows examples that pass a given criteria and the bottom row
examples that fail. Note that the horizontal axis corresponds to x in a-c and b in d.

Sensitivity: r is sensitive to a feature x if changes in r are related to changes in x. For
instance, a neuron is sensitive to the orientation of a bar if different activity patterns are
recorded when different orientations are presented.

Specificity: r represents x specifically with respect to another feature y if changes in r are
related to changes in x even when controlling for y. This criterion enables the researcher to
rule out the effect of confounding variables. For instance, uncertainty about orientation
depends on the image contrast: a neural representation of the uncertainty about orientation
therefore ought to be sensitive to contrast. However, to be a representation of uncertainty per
se rather than contrast, r should reflect uncertainty even when the image contrast is kept
fixed.

Invariance: the representation of x by r is invariant to y if changes in r are not related to
changes in y when controlling for x. For instance, the representation of orientation (our x) by
V1 neurons (our r) is not invariant to position since different r are observed for a given
orientation when changing position in the visual field (Hubel & Wiesel 1959). By contrast, the
representation of object identity in the infero-temporal cortex is invariant to the position and
orientation of objects (DiCarlo et al. 2012).

Functionality: r plays a functional role in producing b if changes in r are related to changes in
b. This notion of functionality corresponds to a form of sensitivity; we can also apply the
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notions of specificity and invariance to functionality. For instance, if x causes r which itself
causes b, then the mediating role of r can be assessed with a test of specificity (Are changes
in r related to changes in b even when holding x fixed?) and invariance (Is b the same for a
given r when x changes?).

Claims about representations, ultimately, have to be claims about the causal structure of
information processing in the brain. Nonetheless, we express the criteria in terms of
information theoretic relationships between variables rather than in causal terms because
researchers often use correlative (not causal) methods. Previous studies on uncertainty have
used correlation (Fiorillo 2003; Geurts et al. 2022; van Bergen et al. 2015), differences
between conditions (Kiani & Shadlen 2009; Komura et al. 2013; Vilares et al. 2012), linear
regression (Hebart et al. 2014; Meyniel 2020; Meyniel & Dehaene 2017; Payzan-LeNestour et
al. 2013), or decoding (Cortese et al. 2016; Gherman & Philiastides 2018; Hebart et al. 2014;
Monosov & Hikosaka 2013; Nastase et al. 2018) to establish representations of uncertainty.

In practice, the criteria are graded rather than all-or-none (sensitivity might for instance be
measured in terms of the strength of the correlation between r and x). Moreover, while linear
relationships such as those illustrated in Figure 3 are often simplest to understand and most
common in experimental studies, many models, especially process models, posit non-linear
relationships; these can still be assessed in terms of the mutual information between
variables.

How do the two approaches compare in terms of testing general criteria?

We focus the discussion on epistemic uncertainty because it is the target of most process
models, making this case best suited for comparing the descriptive and the process
approaches. The descriptive approach is more flexible and Table 1 provides broader coverage,
including examples on aleatoric variability and decision confidence.

Sensitivity. The descriptive approach treats the uncertainty u as an independent variable and
tests for sensitivity, i.e. the degree to which the response r depends on u. The higher the
sensitivity, measured for instance in terms of the strength of correlation or decoding accuracy,
the more plausible it is that a given r is a representation of u. Some studies that follow the
descriptive approach only address sensitivity, especially when they are among the first of their
kind or when uncertainty is not central in the study (Bach et al. 2011; O’Reilly et al. 2013;
Payzan-LeNestour et al. 2013).

By contrast, the process approach derives u from r. The derived representation of uncertainty
u(r) is thus trivially sensitive to r and this relationship cannot constitute a test of this approach.
Instead, as shown in Figure 2, studies following the process approach focus on the relationship
between u(r) and b (see functionality below), or u(r) and I. In the latter case, researchers assess
the sensitivity of u(r) to some feature of I that is expected to impact uncertainty, thereby showing
some similarity with the descriptive approach that uses I as a proxy for u. To illustrate,
uncertainty about the orientation of a Gabor patch is expected to decrease with increasing
contrast (Echeveste et al. 2020; Orbán et al. 2016; Walker et al. 2020), close to cardinal
orientations (van Bergen et al. 2015), or when embedded in a higher-level context (Bányai et al.
2019).
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Specificity. In the descriptive approach, the researcher uses some aspects of I or b as a proxy
for u. Studies following this approach are thus vulnerable to the problem of confounding
variables: r may not represent u but the aspect of I or b from which u has been derived, such as
contrast in the orientation task. It is still possible to test for specificity of r to u if several features
of I or b are related to u. In that case, specificity of r to u with respect to each feature in isolation
can be tested by holding each feature fixed and testing for the dependence of r on other
features of I or b (Bang & Fleming 2018; Dekleva et al. 2016; Festa et al. 2021). For example,
Dekleva and colleagues (Dekleva et al. 2016) manipulated uncertainty about a reaching
direction through the current trial’s cue and the cue history, and Bang and colleagues (Bang &
Fleming 2018) manipulated uncertainty about the direction of motion by changing the strength of
motion evidence and the distance to the category boundary. In both studies, r continued to track
u when either feature was kept fixed. Some previous studies (see Table 1) include tests for
potential confounding variables like reaction times (Grinband et al. 2006), attention (Grinband et
al. 2006), exploration (Muller et al. 2019; Trudel et al. 2021), and task difficulty (Bang & Fleming
2018; Gherman & Philiastides 2015; Kepecs et al. 2008; Kiani & Shadlen 2009; Masset et al.
2020).

When uncertainty is not related to a simple feature of the input but derives from a more complex
model, like an ideal-observer model, several confounding variables might still undermine the
specificity of r to u. For instance, in the context of sequential learning, u is often negatively
correlated with recently surprising outcomes (Meyniel 2020; Meyniel & Dehaene 2017; Strange
et al. 2005). Confounding variables of epistemic uncertainty also include constructs presented in
other studies, which we don’t explain here, like the likelihood of a change point (McGuire et al.
2014), expected uncertainty (Tan et al. 2016), total uncertainty (Badre et al. 2012; Tomov et al.
2020), outcome uncertainty (Hsu et al. 2005; Meyniel 2020; Meyniel & Dehaene 2017), and
expected reward (Monosov et al. 2015; Monosov & Hikosaka 2013; Preuschoff et al. 2006; So &
Stuphorn 2016).

With regard to process models, once again similar to the descriptive approach, researchers who
compare u(r) to some feature of I that is expected to impact u can control for specificity with
respect to other features. For instance, uncertainty about local features in an image is expected
to decrease when they are embedded in a higher-level structure; one can test for this effect
while controlling for the spectral content of the image, which is often confounded with the
presence of high-level structure (Bányai et al. 2019)).

Invariance. Some researchers following the descriptive approach tested for invariance. For
instance, Michael and colleagues (Michael et al. 2015) used a categorization task and inputs
with two features: shape and color. The relevant feature used for the categorization task
changed across trials and a common neural representation r of the categorization uncertainty
was found in both conditions. In the shape condition, r tracked the uncertainty related to shape,
not color (and vice versa in the color condition), demonstrating that r coded for uncertainty
abstracted away from low-level features. Using a similar logic, Lebreton and colleagues
(Lebreton et al. 2015) found a general neural representation of the uncertainty associated with
estimating the value of paintings, objects, and prospects. Other researchers have tested
invariance with respect to sensory modality (Masset et al. 2020; Meyniel & Dehaene 2017;
Nastase et al. 2018).
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Studies that follow the process approach and test for a relation between u(r) and some feature
of I could also test for invariance with respect to another feature of I. While possible in principle,
we are not aware of such examples (see Table 1).

Functionality. Although the descriptive approach primarily tests for sensitivity of r to u (and the
related criteria of specificity, invariance), some aspects of this approach are also relevant for
functionality. When the behavior b is used as a proxy for u, then sensitivity of r to u implies
sensitivity of r to b, and thus functionality (Lebreton et al. 2015). Compelling evidence of
functionality also comes from descriptive studies that identify a neural representation of u based
on I (not b) and then find relations between this neural representation of u and b. Based on this
idea, some studies reported correlations between neural representations of u and the reported
uncertainty (Meyniel 2020), trial-to-trial variability during reaching (Dekleva et al. 2016) and
learning (McGuire et al. 2014); other studies reported correlations across subjects between
neural representations of u and aspects of behavior that should in principle depend on
uncertainty, like risk attitude (Blankenstein et al. 2017), exploration (Badre et al. 2012; Tomov et
al. 2020), and in prior-likelihood combination (Ting et al. 2015).

In the context of the process approach, the functionality criterion often plays a key role (Figure 2
and Table 1). It is the case when the validity of the process model used to infer u from r is
evaluated as the relation between u(r) and b. For instance, for probabilistic population codes,
van Bergen and colleagues (van Bergen et al. 2015) showed that the uncertainty about the
orientation of a Gabor patch inferred from V1 fMRI activity correlated with behavioral variability
in orientation reports. The same group also found that this fMRI readout of uncertainty
correlated across trials with both the uncertainty reported by the subject (Geurts et al. 2022) and
the strength of sequential effects in their perceptual decisions (van Bergen & Jehee 2019).
Using another task, Walker and colleagues (Walker et al. 2020) found that the uncertainty read
out from V1 in monkeys accounted for their decisions in an uncertainty-based categorization
task.

In contrast to studies that assume probabilistic population codes, functionality is less often
tested in studies that assume sampling-based codes. Such studies thus appear closer to the
descriptive approach in the way neural representations of uncertainty are tested. An exception
is when Haefner and colleagues reported that the structure of covariance among artificial
neurons in a network reflected the uncertainty about the task-relevant orientation during visual
categorization in a way that correlated with performance in the task (Haefner et al. 2016).

The notion of functionality can be coupled with specificity. Such a test assesses whether u(r) still
correlates with behavior b even when all features of the input I are held constant. Uncovering
such an effect suggests that it is indeed uncertainty, and not any confounding feature of the
input, that is represented. The process approach lends itself to such a test because the
researcher infers u from r (not I) making it possible to find correlation between u(r) and b when I
is fixed (van Bergen et al. 2015; Walker et al. 2020). The descriptive approach seems not suited
for this test when it derives u from I but some analyses inspired by this test are still informative.
For instance, McGuire and colleagues derived u from I based on an ideal observer and they
identified a neural representation r of this u; they then regressed this ideal-observer uncertainty
out of r (which is analogous to keeping the effect of I fixed) and showed that r still correlated with
some aspect of behavior (McGuire et al. 2014).
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Table 1: Example studies on the neural representation of uncertainty assessed with general
criteria. Green: tested and passed. Categorization of studies that mention both epistemic
uncertainty and aleatoric variability (or decision confidence) is arbitrary and reflects our chosen
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emphasis. For the process approach, we distinguish those that assume a probabilistic population
code (“PPC”) and sampling-based code (“SBC”).

How do the two approaches compare in terms of satisfying general criteria?

Table 1 reports the analysis of example previous studies on the neural representation of
uncertainty. We focus on epistemic uncertainty but also include for comparison studies in which
aleatoric variability makes some outcome (e.g. reward delivery) uncertain and studies on
decision confidence (Fleming et al. 2012; Kepecs & Mainen 2012; Meyniel et al. 2015b; Pouget
et al. 2016). Table 1 enables the reader to inspect how the different approaches (descriptive,
process) and the different types (epistemic uncertainty, aleatoric variability, decision confidence)
compare in terms of satisfying the criteria. Based on those examples, functionality appears to be
currently a strong point of the process approach (when it relies on probabilistic population
codes, not on sampling-based codes) in comparison to the descriptive approach, whereas
invariance, and to a lesser extent specificity, are more often tested in the descriptive approach
than the process approach.

4. Caveats of current approaches and future
directions
Equipped with the definitions of process and descriptive approaches (Figure 2) and the
evaluation of several studies following each approach (Table 1), we now summarize how the
approaches compare in terms of what they enable researchers to do.

Comparing descriptive and process approaches

Prior assumptions. Descriptive and process approaches differ in how much prior knowledge
they require. Constructing a neural likelihood function ℒ(s;r) requires substantial prior
knowledge and theoretical motivation. The process approach is thus more easily applicable to
brain systems whose functioning is better known, such as the primary visual system (most
studies following the process approach involve simple visual inputs and the primary visual
system; see Table 1). In comparison, the descriptive approach often requires fewer
assumptions. The process approach is consequently better suited to advance research on
already sufficiently well known brain systems, while the descriptive approach can be used for
more exploratory research.

Moreover, the process approach studies neural representations in which a neural population r
jointly represents both a world state s and uncertainty about s. The descriptive approach does
not require such joint representations. This restriction to joint representations and the need for
much prior knowledge in the process approach is likely to explain different findings between the
two approaches. The process approach more often identifies representations of u in sensory
regions like the early visual cortex, which are well known for representing visual features
(Geurts et al. 2022; Hénaff et al. 2020; Orbán et al. 2016; van Bergen et al. 2015; van Bergen &
Jehee 2019; Walker et al. 2020), whereas the descriptive approach often identifies
representations of u in regions that are further from sensory input and its representation, closer
to the decision or reporting mechanisms, whether from subcortical structures (Grinband et al.
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2006; Payzan-LeNestour et al. 2013; Ting et al. 2015; Vilares et al. 2012), prefrontal cortex
(Badre et al. 2012; Lebreton et al. 2015; McGuire et al. 2014; Meyniel 2020; Michael et al. 2015;
Payzan-LeNestour et al. 2013; Trudel et al. 2021; Vilares et al. 2012), parietal cortex (Badre et
al. 2012; McGuire et al. 2014; Meyniel & Dehaene 2017; Michael et al. 2015; Payzan-LeNestour
et al. 2013; Trudel et al. 2021) or temporal cortex (Badre et al. 2012; Blankenstein et al. 2017).

The fact that a joint neural representation of a world state and the associated uncertainty is
assumed only in the process approach results in different notions of representation of
uncertainty across the two approaches. The process approach studies the uncertainty of the
neural representation of a world state s and the way this uncertainty is coded. The descriptive
approach also studies the way the uncertainty about s is coded but without assuming that it is
coded together with the neural representation of s: both aspects can be detached from one
another, possibly through downstream computations in the brain.

Functionality and specificity. The process and descriptive approaches also differ in their
reliance on behavioral data. The central criterion in the descriptive approach is the sensitivity of
r to u; since u can be derived from I, descriptive models do not have to include behavioral
responses at all (see Figure 2). By contrast, it is essential for process models to explain how the
brain transforms a sensory input into a representation of a world state and into a behavioral
response; functionality is consequently more central in this approach (see Table 1). Studies in
which behavior is not available or difficult to collect are thus better suited to the descriptive
approach.

Studies under the process and descriptive approaches differ in their susceptibility to
confounding factors. The descriptive approach is more at risk, because the researcher uses I or
b as a proxy for u (see Figure 2), raising the concern that a representation of u may be spurious,
in that r is a representation of I or b rather than of u. By contrast, the process approach has an
elegant method to demonstrate functional specificity, namely by testing whether u(r) makes a
difference to the behavioral response b, even while controlling for I. Yet, concerns about
specificity remain for the process approach even when parameters of the input I can be ruled
out as confounding variables. Representations of uncertainty may still be confounded by
behavioral features or processes internal to the brain, such as attention.

Overall, the two approaches lend themselves to different interpretations. The process model is
causal in spirit, going from the I to r to b. Functionality plays a key role in this approach, making
causal interpretations more legitimate than with the descriptive approach which is essentially
correlative.

Sources of uncertainty. The process and descriptive approach are also sensitive to different
sources of uncertainty. Descriptive studies derive u from I based on risky assumptions that may
not be true of the brain and limit themselves to external (observer-independent) sources of
uncertainty. When the descriptive approach is used in combination with reports of uncertainty (or
confidence), uncertainty becomes observer-dependent. However, the reported uncertainty may
differ from the uncertainty used at earlier stages of information processing in the brain (Pouget
et al. 2016; Zylberberg et al. 2014). By contrast, the process approach always derives u from r
itself, capturing observer-dependent computations and internal sources of uncertainty like
neural noise.
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Neural code. The two approaches also differ in assumptions about the complexity of the neural
code of uncertainty. In the descriptive approach, codes are usually assumed to be simple: many
studies of this kind only look for linear codes (monotonic changes in average activity or in a
weighted sum of activities as a function uncertainty); representations with such linear codes
have been termed explicit representations (DiCarlo et al. 2012; Kriegeskorte & Diedrichsen
2019). Studies following the process approach are open to the use of non-linear computations,
which are often employed to derive u from r, e.g. when reading out the standard deviation of the
decoded distribution (Geurts et al. 2022; van Bergen et al. 2015; van Bergen & Jehee 2019), or
the standard deviation of neural activity (Orbán et al. 2016), or when using artificial neural
networks (Walker et al. 2020).

The two approaches are also differently informative about the way uncertainty is computed by
the brain. In the descriptive approach the researcher uses uncertainty as an independent
variable, not derived from brain activity. The process approach makes a step toward unraveling
the neural computations of uncertainty by proposing a generative model of r and in many
studies, making a connection between neural representations of uncertainty and downstream
computations or behavior. Note that in the process approach, the uncertainties estimated by the
researcher and the brain will differ if there are discrepancies between the actual neural
computations and the ones assumed by the researcher, and between the r used by the brain
and measured by the researcher.

Setting goals for future research

Given that the process and descriptive approaches have different limitations and advantages,
they could be used in synergy. One possibility is to leverage our knowledge of early sensory
cortices to decode uncertainty in a perceptual task using the process approach, and then use
the decoded uncertainty as an input to the descriptive approach in order to unravel other parts
of the brain that could represent this uncertainty. Such combined analysis could shed light on
how uncertainty-based computations unfold in the brain, from early sensory processing to
subsequent decision making or learning.

Understanding how the brain extracts and uses uncertainty can also be achieved by further
investigation of the functional aspect of representation. If uncertainty is used only in a given
context (e.g. uncertainty about color, not shape, is relevant for color-based categorization
(Michael et al. 2015)) or for different goals (e.g. guide the decision to wager (Kiani & Shadlen
2009) or to update prior estimates (Meyniel & Dehaene 2017)), then some aspects of its
representation are expected to change. Manipulating the task relevance of uncertainty is thus a
promising avenue to explore the function of the representation of uncertainty. In particular, it
would be useful to distinguish representations of uncertainty that are automatic and occur
independently of task demands from those that are task-dependent.

As the field matures, a switch from single-model testing to the comparison of different models
(i.e. different fs and ps in Fig 2) would be valuable to narrow down the neural codes of
uncertainty. For instance, Walker and colleagues (Walker et al. 2020) showed that assuming
independent Poisson distribution of neural responses provides a good account of the neural
coding of uncertainty, but one that is worse than a less constrained neural likelihood function
(estimated with a deep neural network).
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We have stressed that uncertainty can be about different things (e.g. orientation of a grating
(Walker et al. 2020), color (Michael et al. 2015), the next outcome (Monosov & Hikosaka 2013),
probability of a event (Meyniel & Dehaene 2017)) and have multiple origins (e.g. prior
knowledge, current input). Open questions regard both the extent to which any representation of
uncertainty is invariant to what uncertainty is about and to its origin.

Manipulating prior expectations could help to tackle the pervasive issue of specificity: posterior
uncertainty depends on both the current input and the prior, but most studies focus only on the
former. Manipulating the priors thus enables researchers to partly decorrelate posterior
uncertainty from the current input. Some previous studies included the manipulation of priors in
their experimental design (Ting et al. 2015; Vilares et al. 2012) but with the aim of comparing the
encoding of the prior and current likelihood. Beyond the mere methodological interest regarding
specificity, systematic manipulation of priors (as in previous behavioral studies (Acerbi et al.
2014)) would also be useful in order to study at which stage prior and current uncertainties are
combined in the brain when processing the current input.

In conclusion, we propose that studies on the neural representation of uncertainty can be
distinguished based on whether the researcher treats uncertainty as a variable derived from the
input or behavior (descriptive approach) or neural activity (process approach). This distinction
results in an emphasis on different general criteria used to assess empirically neural
representations of uncertainty. The descriptive approach primarily tests for relations between
neural activity and the independently-derived uncertainty (relying more on sensitivity, specificity
and invariance) whereas the process approach seeks to relate neural representations of
uncertainty to downstream computations and behavior (relying more on functionality).
Consequently, the two approaches also differ in the assumptions they require and the type of
findings they uncover, and could both have a great potential if used synergistically.

Glossary

Uncertainty: measure of how indeterminate the world state s is given the information an
observer has about s (under high uncertainty, many different world states seem plausible)

Aleatoric variability: randomness in the outcome of a process (synonyms: indeterminacy,
stochasticity)

Neural likelihood function: refers to the probability of an observed neural activity pattern
robserved given some world state s; s in the argument of this function that robserved parameterizes.

Generative model: a model that specifies how effects follow their causes. It is often
characterized only in terms of statistical dependencies, e.g. p(r|s). We often distinguish
between external and neural generative models to highlight that the former is about the input
and the latter is about neural activity.

Descriptive approach: the researcher treats uncertainty as an independent variable (derived
from the input and the subject’s behavior) and tests for a given relationship between
uncertainty and some neural activity.

Process approach: the researcher treats uncertainty as a dependent variable by assuming a
particular neural code for s in r and inferring the uncertainty about s from the observed neural
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activity r; the researcher then tests for a relationship between this uncertainty and the
subject's behavior (and sometimes the input).

Neural representation of s: neural activity pattern used by the brain to convey information
about s.

Ideal observer: a model of how the world state s is inferred from the input I by relying
optimally (i.e. with Bayes’ rule) on the true generative model of I.
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