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Itis often asserted that human cognition is
Bayesian, but that broad claimis difficult to test
in afalsifiable way. We suggest that researchers
specifically assess a narrower, falsifiable
hypothesis: that cognition explicitly uses
Bayes’rule at the algorithmic level.

A widely adopted approach to understanding human cognition is to
consider it to be Bayesian inference'. Bayesian inference is the process
of computing the probability of a hypothesis given observed data,
specifically by combining prior probabilities with the likelihood of the
dataunder that hypothesis (using aformulaknown as Bayes’ rule). This
approach connects cognition to a well-defined standard of rationality
and offers a unified language for describing cognition across diverse
domains. However, theidea that cognition is Bayesian inference has also
been criticized for being overly flexible and unfalsifiable'. The debate
hasstalledin part dueto persistent confusion about the level at which
claims about Bayesianinference are intended to apply.

Levels of analysis
Marr’s three levels of analysis can be used to clarify what ‘cognition
is Bayesian’ can mean. Marr proposed that any problem can be con-
sidered at three levels of analysis: computational, algorithmic, or
implementational®. The computational level describes the problems
the mind needs to solve, the algorithmic level specifies how a com-
putation is carried out and the implementational level defines the
neural mechanisms that realize the computation. The three levels
arerelated but separate: specifying the goal of a computation does
not by itself determine the algorithm that carries it out, and speci-
fying an algorithm does not by itself determine how it is physically
implemented. For instance, the computational level defines the goal
of recognizing a spoken word, the algorithmic level defines the pro-
cess by which acoustic features are weighted and combined, and the
implementational level defines the neural circuits in auditory cortex
that carry out that process.

The view that cognition is Bayesian inference is often intended as
a statement about the computational level’. In other words, it is best
interpreted as aframework that explains why cognition is the way it is
rather than as afalsifiable hypothesis about the underlying algorithms>.
However, this distinction between computations and algorithms has
proven hard to maintain in practice. When a Bayesian model shows
a good fit to behavioural data, it is tempting to interpret that result
as evidence for explicit use of Bayes’ rule at the algorithmic level. This
tendency is exacerbated by the fact that most models in cognitive sci-
enceareintendedtobeinterpreted at the algorithmiclevel, thus making
itmore likely that a Bayesian model isinterpreted at that level too.

Toexplicitly separate the computational and algorithmiclevels, we
propose considering Bayesianinference separately at each level. Thus,
in addition to considering Bayesian inference at the computational
level, a separate but related objective for the field should be to test
whether the underlying algorithms use Bayes’ rule.

Bayes at the algorithmiclevel

A strength of assessing Bayesian cognition at the algorithmic level is
thatmuch of cognitive science already focuses on this level. Focusing on
thealgorithmiclevel reduces confusion about whether any particular
claimabout Bayesianinference is meant to apply only to the computa-
tionallevel or also to the algorithmic level. For example, ‘fast and frugal’
heuristics (such as only using the mostinformative factor and ignoring
the rest) are non-Bayesian at the algorithmic level* even though they
can be conceptualized as Bayesian inference under extreme priors at
the computational level.

We refer to the hypothesis that cognitive algorithms explicitly
use Bayes’ rule as the ‘explicit-Bayes hypothesis’. It is possible for an
explicit-Bayes model toincorporate priors that do not reflect the envi-
ronment, assume wrong rewards, or generally mis-specify any quantity
used in applying Bayes’ rule. The criterion for what makes a model
explicit-Bayes is simply that it includes the explicit application of
Bayes’rule. Although this hypothesisis only one of many Bayes-relevant
hypotheses that one could formulate at the algorithmic level, it has
multiple advantages.

Mostimportantly, the explicit-Bayes hypothesisis both unambigu-
ousand falsifiable. Alternative criteria for distinguishing Bayesian and
non-Bayesian algorithms, such as representation of uncertainty or com-
putational rationality, do not draw a clear empirical boundary between
Bayesian and non-Bayesian models — many cognitive models can be
seen as incorporating uncertainty or being rational in some sense.

Under the criterion adopted here, certain models that rely on
sampling, amortized inference, or predictive coding would count as
non-explicit-Bayes models even though they were specifically designed
as Bayesian models at the computational level. This refinement clari-
fies the nature of these algorithms without contradicting their status
ascomputationally Bayesian. In this way, the explicit-Bayes hypothesis
isintended as acomplement to rather than a replacement of the view
that cognition is Bayesian at the computational level.

Testing the explicit-Bayes hypothesis

The explicit-Bayes hypothesis represents a specific, falsifiable hypoth-
esis: withinagiven model space, the best-fittingmodel either explicitly
uses Bayes’ rule (supporting the explicit-Bayes hypothesis for that task)
ordoes not (counting against the explicit-Bayes hypothesis for that task).
Toillustrate, consider two models of how people judge whether abriefly
flashed stimulus belongs to category A or B. An explicit-Bayes model
would make this decision by computing posterior probabilities from the
likelihood of the internal evidence under each category together with
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the prior probability of each category. By contrast, anon-explicit-Bayes
model might make the decision by comparing the strength of internal evi-
dencetoadecisionthreshold without explicitly computing sensory likeli-
hoods or using Bayes’ rule. Inthis example, the explicit-Bayes hypothesis
would be supported for this task if models explicitly applying Bayes’
rule outperform models that simply compare evidence to a threshold;
the opposite result would count against the explicit-Bayes hypothesis.

Models that do or do not explicitly use Bayes’ rule might produce
identical outputs: in such situations, the explicit-Bayes hypothesis
wouldbeneither supported nor rejected until further dataare collected
todistinguish between these models. Whereas a single experiment can
only support or reject the explicit-Bayes hypothesis for a given task,
repeated tests across related tasks can reveal whether the hypothesis
generalizes across broader domains of cognition.

A practical difficulty for testing the explicit-Bayes hypothesis is
that for any given task, one could formulate many explicit-Bayes and
non-explicit-Bayes models. Nevertheless, this challenge is manageable
withthe right experimental design: choosing abehaviour thatis simple
enough that the set of possible models is tractable, while ensuring suf-
ficient complexity in the data (such as a high number of conditions) to
make different modelsidentifiable. For example, memory for real-world
eventsistoo complex and high-dimensional and leads to too many pos-
siblemodels, whereas testing whether Gabor patches of afixed contrast
aretilted left or right might be too constrained and low-dimensional and
lead to models that are not identifiable. However, a Gabor orientation
task coupled with a factorial design featuring four different priors, four
reward structures and four Gabor contrasts creates a useful setting. This
problem is low-dimensional, only a few models are possible, and with
64 conditions, these models are identifiable. More generally, because
explicit-Bayes and non-explicit-Bayes models can sometimes mimiceach
otheroverarestricted set of conditions, abroad range of manipulations
makes it easier to distinguish between these two classes of model.

One particularly promising domain for testing the explicit-Bayes
hypothesis is confidence in perceptual decisions. Perception repre-
sents an especially tractable domain relative to higher-level domains
such as memory or reasoning, whereas confidence judgments are
useful because participants are often explicitly orimplicitly instructed
toreport probabilities — precisely the quantities that Bayes’ rule com-
putes. The explicit-Bayes hypothesis in the context of confidence is
known as the ‘Bayesian confidence hypothesis’ and has been tested
numerous times®’. The field has also identified a major non-explicit-
Bayes alternative: that people make confidence judgments based
on the strength of sensory evidence, without applying Bayes’ rule®.
Comparisons of explicit-Bayes models and non-explicit-Bayes models
have found support for the latter models® . Although preliminary,
these findings suggest that the underlying algorithms for confidence
in perceptual decisions do not explicitly use Bayes’ rule. More broadly,
this work demonstrates the feasibility of testing the explicit-Bayes
hypothesis within a specific cognitive domain.

Outlook

The explicit-Bayes hypothesis is a specific hypothesis about the nature
ofthealgorithms used to solve cognitive tasks. In contrast to the Bayes-
ian approach that considers the computational level, this hypothesis
is readily falsifiable and its formulation at the algorithmic level con-
nects it more tightly to other modelling work in cognitive science. As
aprogramme of research, testing this hypothesis transcends specific
subdisciplines and brings insight into the mechanisms that underlie
cognition.

The effort to determine whether cognitive algorithms explicitly
use Bayes’rule complements rather than replaces the more traditional
effort to use Bayesian inference at the computational level as a tool
for asking why behaviour is the way it is. Indeed, if the explicit-Bayes
hypothesis were to repeatedly fail across many domains, this pattern
would not refute computational-level Bayesian models. Instead, it
would constrainhow they areinterpreted: they would be more naturally
seen as normative or abstract characterizations of cognition rather
thanas descriptions of the algorithms that cognition uses. In this way,
testing the explicit-Bayes hypothesis can help clarify not only the
nature of cognitive algorithms but also the explanatory role of Bayesian
models at the computational level.
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