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Highlights 
A growing number of studies have iden-
tified signatures of Bayesian efficient 
coding in perceptio n and higher cogni-
tive processes.

These effects not only reflect long-term 
environmental regularities but also 
update via short-term adaptation to the
statistics of recent input.

Computational theory and models have 
revealed how perceptual biases can be 
decomposed into distinct encoding-
and decoding-related components.

The framework has been extended with 
task-specific loss functions to account 
Bayesian efficient coding unifies two foundational theories of sensory process-
ing: efficient coding and Bayesian inference. Central to this account is the idea 
that natural environmental statistics shape both how sensory information is 
encoded and how it is perceptually interpreted. By unifying these principles, 
the framework accounts for counterintuitive perceptual biases and establishes 
lawful relationships between environmental statistics, bias, and discrimination 
thresholds. In this article, we review behavioural and neural evidence for this 
theory in perception and cognition, as well as how short- and long-term adapta-
tion to the environment may be expressed within the framework. We further 
review theoretical developments that extend the original framework, focusing 
on how response biases can be decompos ed into encoding- and decoding-
related components. A decade after its introduction, Bayesian efficient coding
continues to evolve as a powerful theory, with recent extensions addressing
early limitations and opening new directions for investigating perception and
cognition.
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for behavioural phenomena not captured
by the original theory.
Unifying encoding and inference in perception
To guide behaviour and support interaction with the environment, the brain encodes 
sensory information in neural activity and then uses it to make inferences about the state of 
the external world. These two components—encoding and inference (Figure 1A)—are funda-
mental to accounts of perception, decision-making, and learning. Classically, encoding has 
been investigated through the lens of efficient coding (see Glossary) [2–4] (Box 1), which 
concerns how stimuli are optimally represented in sensory responses given neural constraints,
whereas Bayesian inference [32–36] (Box 2) has been used to explain how sensory input 
is combined with prior knowledge to make statistically optimal judgements. Historically, 
these have been treated as separate theoretical perspectives, and thus necessarily remain
incomplete.

In this review, we present a general framework emerging from recent work that proposes a unifi-
cation of these two theories [45–48], which we refer to as Bayesian efficient coding. According to 
this account, the sensory responses shaped by efficient coding constitute the inputs to Bayesian 
inference, and both encoding and inference are jointly constrained by the statistical structure of 
the sensory environment. Since its introduction, this unified framework has inspired new investi-
gations across a wide range of perceptual phenomena, and the theory has, in turn, been
expanded andmodified in response to both theoretical and empirical challenges. Here, we review
psychophysical, neural, and computational evidence to evaluate the strengths and limitations of
Bayesian efficient coding as a theory of perception.
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Figure 1. The Bayesian efficient coding model of perception. (A) The Bayesian efficient coding account describes 
perception as a probabilistic process comprising sequential encoding and decoding stages. A stimulus θ is efficiently 
encoded as an internal representation, m, whose likelihood is then combined with prior knowledge via Bayes’ rule to

compute a posterior p(θ/m). A point estimate s obtained by minimising the expectation of a loss function 

(B) Distribution of visual orientations in natural images, showing the predominance of cardinal over oblique orientations. 
Coloured bars indicate three example orientations (90°, 112.5°, and 135°) that differ in frequency. Adapted from [1]. 
(C) Stimuli are encoded in a high-dimensional space of neural responses. Coloured dots illustrate noisy neural responses 
to the stimuli in B and coloured squares show the mean response to each. Mean responses to all stimuli lie on the black 
curve. In this example, any individual response (coloured discs) can be identified with the mean response corresponding 
to the stimulus that makes it most probable (arrows and white discs), collapsing the high-dimensional response into a 
one-dimensional internal representation, m. (D) The conditional probability of m given a stimulus θ (horizontal cross-
sections of heat map) reflects the efficient allocation of Fisher information (J(θ ); light blue curve, bottom right). Narrower
distributions of m (top right) correspond to higher encoding precision. As a result, the likelihood for a given internal
representation m is asymmetric (vertical cross-sections of heat map; black curve bottom right).

Glossary 
Bayes’ rule: a  mathematical  rule  for  
inverting conditional probabilities. The 
rule states that the posterior probability, 
p(S|R), is the normalised product of the 
likelihood, p(R|S), and pr ior, p(S): p(S|R)
= p(R|S)p(S)/p(R).
Bayesian inference: computing a 
posterior distribution over an unknown 
stimulus value S using Bayes’ rule. 
Bayesian estimation further involves 
selecting a single stimulus value by
combining the posterior with a loss
function.
Discriminability: a term sometimes 
used interchangeably with discrimination 
threshold but formally one is th e inverse
of the other.
Discrimination task: a  psychophysical  
task in which an observer judges in 
which direction two stimuli differ along a 
specific, predefined dimension 
(e.g., dire ction of tilt: clockwise or
counter-clockwise).
Discrimination threshold: or just-
noticeable difference; the magnitude of 
deviation between two stimulus features 
that can be correctly discriminated with 
some be nchmark probability (e.g., 90%
correct).
Efficient coding: encoding of 
stimulus features that maximises some 
measure of information (e.g., mutual or 
Fisher information) between these 
features and the sensory responses they 
evoke, typically dependi ng on the
prevalence of these features in the
environment.
Environmental statistics: the joint 
probability distribution of all sensory 
features in an individual’s  t  ypical
surroundings.
Estimation task: or method of 
adjustment; a psychophysical task in 
which an observer selects or adjusts a 
comparison stimulus on a contin uous
scale to match a reference stimulus.
Fisher information: a  statistical  
measure of precision which quantifies 
the fidelity with which a stimulus valu e is
encoded in sensory responses.
Image-computable model: a model 
that accepts an array of pixels (or other 
elementary stimulus features) as input 
and produces quantitative predictions 
that can be compared with neural or
behavioural data.
Likelihood function: the conditional 
probability p(R|S) evaluated as a function 
of S, that is, the probability with which 
different stimulus values S could have
evoked a given sensory input R.

θ i L θ , θ .
Bayesian efficient coding
Following Wei and Stocker [46], we present the theory based on a scalar stimulus value θ.  In  
general, sensory responses to a stimulus are high-dimensional (involving the responses of 
many sensory neurons), but for simplicity , we assume these responses are effectively
summarised by a scalar internal representation m (or ‘measurement’ [46]), which condenses 
the high-dimensional neural response (Figure 1C) into a single value while retaining all the informa-
tion relevant to θ. This makes m a ‘sufficient statistic’; in many cases, the m aximum likelihood
estimate could serve as the measurement. Figures 1 an d 2 illustrate the principles of encoding 
and decoding, respectively, using the example of visual orientation, where the greater prevalence 
of cardinal (horizontal and vertical) versus oblique (diagonal) orientations in natural and built
environments is well documented (Figure 1B). A key concept in formalising how resources are 
allocated in the process of encoding stimuli, θ, into internal representations, m,  is  the  Fisher 
information (FI) (J(θ )), which quantifies the precision with which a given stimulus value θ is
represented internally.

Central to the synthesis of efficient coding and Bayesian inference is the principle that an efficient 
code dedicates more representational resources to stimuli that are more likely to be encountered 
in the environment—those w ith higher probability under the prior p(θ )—ensuring they are
encoded with greater fidelity (Figure 1D). The theory further assumes that total encoding precision
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Loss function: a  function  that  specifies 
the behavioural cost of different 
estimation errors, th at is, deviations in an
estimate rom the stimulus S.  Models  
of behaviour often aim to minimise the 

average squared-error loss 

or more generally or some α >

0.
Maximum a posteriori (MAP) 
estimate: in the context of Bayesian 
inference, this involves choosing a 
stimulus value that has the highest 
probability under the post erior
distribution (i.e., the posterior mode).
Mutual information: a measure of 
codependence between two random 
variables. Mutual information quantifies 
how much uncertainty about one 
variable is reduced, or how much 
inform ation is gained, by observing the
other variable.
Perceptual bias: a  systematic  
deviation of the perceived stimulus value 
from its true value, typically quantified as 
the mean difference. Perceptual biases 
cannot be observed directly but can be 
infer red based on responses in
discrimination or estimation tasks.
Posterior: the probability distribution 
p(S|R) expressing an observer’s strength 
of belief that the stimulus takes on a 
particular value S given the sensory input
R, obtained using Bayes’ rule.
Prior: the probability distribution p(S) 
expressing the probability with which an 
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Box 1. Theoretical background of ef ficient coding
The efficient coding (EC) hypothesis [2–4] posits that sensory systems have evolved to maximise the information 
transmitted about the environment, while operating under biological constraints such as metabolic cost, internal noise, 
and limited neural resources (Wang, Z. et al ., 2016, NeurIPS, conference). Metabolic cost can be operationalised, for
example, as the energetic cost of firing an action potential [5–7]. A neural code optimised under such a constraint tends 
to reduce redundancy in the transmitted signal with comparatively little loss of information.

Formally, the EC hypothesis draws on Shannon’s information theory [8,9], assuming that neural responses maximise the 
mutual information (MI) I( R;S) between stimuli S and responses R:

I  R  S H  S  −H S R I

where H(S) is the entropy of the stimulus distribution and H(S|R) is the conditional entropy of the stimulus given the 
response, with the latter quantifying the uncertainty about the stimulus that remains after observing the sensory response
[10]. FI can be used to specify a bound on MI [11] and serves as a practical approximation to MI in the low-noise regime
[12]. 

In practice, maximising MI requires structuring neural responses to exploit statistical regularities in the environment, so that
they convey as much information as possible about the stimulus (Figures 1C,D and 2C,D). Consistent with this principle, 
sensory and motor systems spanning vision, audition, olfaction, somatosensation, and motor pl anning adapt to the
distribution and dynamics of natural inputs [4,13–19]. Experimental work has also shown that sensory neurons adjust their 
activity to reflect the statistics of the input signal in order to increase encoding efficiency [20–22]. 

Although originally developed to explain early sensory encoding in relatively stable environments (i.e., those to which 
sensory systems have adapted through evolution), the EC hypothesis has been applied more broadly. For example, recent
work has explored the dynamics of efficient codes in nonstationary environments [23,24]. Beyond sensory processing, the 
EC principles have been applied to a range of cognitive and behavioural phenomena, including decision-making [25], 
economic behaviour under risk [26], and reward learning [27]. Finally, the core EC idea—that neural representations reflect 
the solution to a constrained optimisation problem—has also been formalised within theories of optimal compression
(i.e., rate-distortion theory [28,29]) and has been linked to predictive coding frameworks [30,31]. 

S f 

, S − S 
2
,

S − S 
α
f

is limited, such that allocating more resources to one region of the stimulus space necessarily 
leaves fewer resources elsewhere (see the section on ‘Theoretical advances’ for more detail).
Under relatively mild assumptions, it can be shown mathematically (Box 3) that such an efficient
observer expects the stimulus to take on 
a particular value S be fore receiving
sensory input about it.
Stimulus value: the relevant physical 
property or feature of a stimulus, on a 
continuous scale, for example, the angle 
of an oriented edge relative to horizontal.
Visual working memory: limited 
capacity cognitive system for temporarily 
storing and manipulating visual 
information in support of behaviour.

Box 2. Theoretical background of Bayesian inference

While efficient coding is concerned with how stimuli are efficiently represented in the brain (Box 1), Bayesian inference 
focuses on inferring latent properties of the world—such as the stimulus that generated a given sensory input [32–36]. 
According to this framework, perception is a probabilistic interpretation shaped by both the way sensory inputs depend 
on stimuli and the observer’s prior knowledge about the environment (Figure 2). Formally, this inference is described 
by Bayes’ rule, which defines the posterior probability of a stimulus S given a sensory input R in terms of the likelihood
p(R|S) and the prior probability of the stimulus p(S):

p  S  R ∝p  R  S p S I

This posterior distribution expresses the observer’s belief about the stimulus given the current sensory evidence. Making 
perceptual decisions often requires selecting a single—or point—estimate from the full posterior. This choice is determined 
by a loss function that describes the behavioural costs of different estimation errors [37,38], for example, if the cost 
increases with the square of the deviation from the true value, the posterior mean provides the optimal point estimate that 
minimises the expected cost. Bayesian inference provides a normative account of statistically optimal perception: when
sensory information is unreliable, prior knowledge should exert greater influence, biasing estimates towards more proba-
ble stimuli (Figure 2B,D). In perception, these priors are thought to reflect environmental statistics, serving as a rational 
basis for forming beliefs about the probable occurrence of stimuli. Priors can be shaped by evolution as w ell as by the
observer’s accumulated experience through adaptation and learning (e.g., [39–41]). Substantial evidence supports the 
idea that both humans and other species rely on Bayesian inference to guide perception and action (e.g., [42–44]). 

While, in general, S and R can be high-dimensional stimuli and neural responses for both efficient coding and Bayesian 
inference, in this review, we focus on the case of a scalar stimulus value θ and a neural response summarised without loss
of information by a scalar internal representation m.
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Figure 2. Consequences for estimation of uniform versus nonuniform encoding precision and decoding prior. 
(A) Uniform encoding and prior yield symmetric likelihoods and posteriors, so the expected estimate matches the stimulus. 
(B) Uniform encoding with a nonuniform prior ill ustrates the standard Bayesian account, with estimates attracted towards
the prior peak. (C) Nonuniform encoding (as in Figure 1D) produces an asymmetric likelihood with a long tail away from the 
high-precision region; combined with a uniform prior, the estimate is biased in t he same direction. (D) With nonuniform
encoding and a nonuniform prior [46], likelihood repulsion and prior attraction combine, producing net estimates that can
be biased away from the prior peak. FI: Fisher information.
D θ ∝ 1 
p θ 

1

allocation of resources leads to the following relationship between the prior probability of a 
stimulus value, p(θ ), and its discrimination threshold, D(θ ):
Thus, stimulus values that are encountered more often can be more finely discriminated from 
neighbouring feature s, leading to gradients of discriminability across feature space.

According to this framework, the gradients of discriminability caused by efficient coding give rise
to systematic perceptual biases in Bayesian estimates [45,46]. Consider a stimulus feature in a 
part of the stimulus space where FI is changing smoothly (green stimulus in Figure 1C,D): it can be 
discriminated more accurately from stimuli encoded with higher FI (e.g., blue stimulus) than from 
those with lower FI, in the opposite direction (e.g., red stimulus). This asymmetry is summarised in
a likelihood function (black curve in Figure 1D, bottom right) that is skewed in the direction of
decreasing FI. Figure 2D illustrates the consequences for Bayesian estimation. When the skewed 
likelihood (green curve) is combined with the nonuniform prior (dotted blue curve) viaBayes’ rule
(Box 2), the posterior (purple shaded area) shifts in the direction of increasing prior probability, 
while inheriting some of the likelihood’s asymmetry. For comparison, Figure 2A–C illustrates 
individual effects of nonuniformity in encoding precision and prior p robability on the posterior
distribution.

Skewness of the posterior induces a bias in point estimates of the stimulus value, the direction 
and strength of which depend on the loss function. If we define loss then for α ≥ 
1, the overall bias is in the direction opposite to the effect of the prior. For example, under the 
commonly assumed squared-error loss (α = 2), the perceptual estimate is the posterior mean, 
which is displaced in the direction of decreasing prior probability. This bias can be described

Lα∝ error α ,
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Box 3. Efficient resource allocation
Efficient resource allocation can be formalised using the FI (J(θ)), which quantifies precision in representing a stimulus 
value θ. Stated simply, FI measures how faithfully a stimulus value is represented in observable sensory responses and, 
consequently, how precisely it can be decoded from those responses. Higher FI implies greater certainty about the 
estimated parameter and r educed variability across repeated estimates of θ. The formal relation between FI and the
variance of an estimator s given by the Cramèr –Rao bound:

Thus, an unbiased estimator has variance of at least 1/J(θ). For a biased estimator, the Cramèr–Rao bound generalises to:

where expresses the amount by which the estimation bias changes around θ. Assuming Gaussian variability, it has
been shown [49,50] that the discrimination threshold D(θ) for a stimulus variable can be expressed in terms of estimation
bias and variability, and thus related to FI:

where the second step requires an assumption that the estimation variance satisfies the Cramèr–Rao bound (Equation II) 
or at least exceeds it by a fraction that is constant across stimulus features.

If estimation noise is small, the classic efficient coding goal of maximising mutual information under resource constraints
(Box 1) can be achieved by setting FI proportional to the square of the stimulus probability [11,12,48]. Combining this allo-
cation with the result of Equation III, a direct relationship between discrimination thresholds and the observable environ-
mental statistics was derived [46]: 

with the RHS (Equation 1 of the main text) following from Equation III. 

Following from this, a relationship between perceptual bias and the shape of the prior distribution was also derived [46,47]. 
Specifically, the bias at stimulus value θ is proportional to the derivative of the inverse squared prior:

where denotes gradient, that is, how much the quantity in brackets changes with θ. Re-expressing this relationship in
terms of discrimination thresholds D(θ) leads to Equation 2 in the main text.

σ
2 
θ i

b′ θ 
b θ ∝ D θ 2 2

as anti-Bayesian because it superficially contradicts the classical view that combining likelihood 
with a pri or always pulls estimates towards values with higher prior probability.

Formalising these results, a concise and general perceptual law was derived, relating the percep-
tual bias with which the stimulus value θ is estimated, b(θ), and its discriminability [47] (Box 3): 
predicting that perceptual bias varies in direct proportion to the gradient of the squared discrim-
ination threshold. For loss exponents α ≥ 1, the proportionality constant is positive, so the overall 
bias is in the ‘anti-Bayesian’ directi on of decreasing prior probability. In the limit case of an all-or-
nothing loss (L0), for which the maximum a posteriori (MAP) estimate is optimal, Equation 2 
also holds but with a negative constant of proportionality, and the direction of bias is reversed. 
Together, these theoretical results link representational fidelity and perceptual inference in a
Trends in Cognitive Sciences, October 2026, Vol. 30, No. 10 907



Trends in Cognitive Sciences

 

precise quantitative framework, offering testable predictions that can be evaluated acro ss a wide
range of perceptual tasks.

Evidence from cognitive and perceptual phenomena
The computational principles of the original theory have been framed mostly in terms of low-level 
visual processing. However, emerging evidence suggests that the same principles can be applied
to a diverse range of tasks and behaviours. Here, we review this evidence.

Psychophysical measurement of discriminabili ty and bias
A natural starting point for evaluating predictions of the Bayesian efficient coding framework is to 
examine domains in which nonuniformity of the sensory prior is already well characterised, such
as the case of visual orientation [1,51]. Perceptual accuracy in these domains is assessed using 
psychophysical methods, including discrimination and estimation tasks [52–54].  All  such
tasks require observers to make a comparison: either of a stimulus against an internal standard 
(e.g., subjective vertical) or, more commonly, of one stimulus with respect to another. As a result, 
measures of variability or discriminability obtained in such tasks reflect the combined effects of 
noise in two feature representations. Even more significantly, measures of bias reflect the differ-
ence in internal bias between two representations. Compari sons between stimuli perceived
with equal bias do not show evidence of bias (failure to take this into account is referred to as
the El Greco fallacy [55]). 

For these reasons, experimental tests of the predictions of Bayesian efficient coding for percep-
tion are based on comparisons between stimuli that differ in their expected levels of internal preci-
sion. In some cases, this involves an explicit manipulation of noise level, such as when
participants report the relative tilt of two simultaneously visible stimuli that differ in experimentally
controlled uncertainty [1]. In other cases, the comparison is between two stimuli presented 
sequentially, separated by a brief interval; an example is the delayed orientation estimation task
depicted in Figure 3A. The assumption (sometimes implicit) in such tasks is that the noise asso-
ciated with representing the first stimulus in visual working memory [60–64] is sufficiently large 
in comparison to the noise in perceiving the visible stimulus, so that the latter can be discounted, 
and bias and variability in the reproduced feature can be interpreted directly as pertaining to the
internal representation of the first stimulus.

Visual perception and memory
Human observers demonstrate superior estimation and discrimination performance for cardinal 
relative to oblique orientations—a well-established phenomenon kn own as the ‘oblique effect’
[1,56,65,66]. As qualitatively predicted by the unified framework, behavioural estimates also 
display systematic repulsive biases away from the cardinal axes —a finding consistently observed
in perceptual and delayed estimation tasks [67–73]. Observers also exploit natural statistics when 
judging orientations of natural images [74] and report the highest confidence for judgements 
about cardinal orientations [75,76].  Efficient coding principles embedded within a population 
coding model quantitatively fit these systematic variations in precision and bias in delayed estima-
tion data [56] (Figure 3B). 

Motion direction statis tics [77,78] and behavioural performance show the same cardinal–oblique 
anisotropies as orientation, including enhanced performance for cardinal directions [78–81] and 
systematic repulsive biases away from cardinals [81–83]. 

Systematic biases also occur in the perception of motion speed, w hich is typically
underestimated, particularly when sensory evidence is weak [84]. Recent work has argued that
908 Trends in Cognitive Sciences, October 2026, Vol. 30, No. 10
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Figure 3. Evidence for Bayesian efficient coding in perceptual and cognitive tasks. (A) In an orientation delayed
estimation task, observers view an oriented bar and after a delay, rotate a second bar to reproduce the remembered
orientation. (B) Bias and precision patterns obtained from the task in A. Bias (left) follows a sinusoidal pattern, with
reproduced angles deviating away from the nearest cardinal axis. Precision ( right) peaks at cardinals, consistent with the
oblique effect. Darker lines show the Bayesian efficient coding model fit. Adapted from [56].  (C)  Size–weight illusion
Correlation between mass and volume in a sample of liftable everyday objects (left [57]). Right panel shows human
observers’ SDs (black circle diameters) and mean relative biases (black arrows) demonstrating the size–weight illusion
(bias to perceive objects of larger volume as having smaller mass) along with predictions of the fitted multidimensiona
efficient coding model (red). Contour lines indicate the estimated joint prior over mass and volume. Adapted from [58]
(D) In a magnitude estimation task, observers view two number sequences on each trial and judge which has the large
average. In separate blocks, numbers are drawn from different prior distributions (left)—one favouring lower numbers
(‘downward’) and one favouring higher numbers (‘upward’). Fitting a Bayesian efficient coding model to behaviour reveals
that numbers are encoded with noise that de pends on their prior probability, with less probable numbers represented
more noisily (middle). The minima of these functions align with prior means (coloured dots). The model predicts that biases
(right) follow the derivative of the inverse Fisher information (i.e., noise variance) (see Equation V in Box 3), producing repulsion
from the prior mean. Middle and right panels show predictions of the model that best fitted behaviour. Adapted from [59].
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such biases reflect efficient coding of motion and has extended the Bayesian efficient coding 
model with a prior favouring slow speeds [85], consistent with earlier proposals of slow-speed 
priors in motion perception [86,87]. This approach not only accounted for behavioural data but 
also revealed a close correspondence between the fitted priors and those estimated frommiddle
temporal (MT) population responses, linking the model’s assumptions to neural implementation
(Box 4). 

A surprising perceptual effect, which may reflect the same principles, is that unde r low-pressure
sodium light, which removes most colour information [103], faces appear green rather than the 
reddish tones typically expected for human skin. This paradoxical effect has also been explained
by efficient coding constraints on Bayesian perception [104]. 

Spatial perception and memory also exhibit systematic biases and variability in precision. When 
estimating heading direction from optic flow, observers show enhanced precision near strai ght-
ahead directions, alongside robust biases across heading space [79,105]. A Bayesian efficient 
observer model captures these behavioural patterns [106], using a distribution favouring 
straight-ahead and straight-back directions that aligns with measured heading statistics [107]. 
J θ 
i 

f i θ 
2 

f i θ
I

Box 4. The neural basis of ef ficient coding
Although in this review, our focus is on the consequences of efficient coding for perception, and in particular on its 
measurable effects on behaviour, that is, responses in perceptual decision-making (discrimina tion or estimation) tasks,
in its original form, efficient coding was a theory of neural responses [3]. Indeed, the general principle of efficient coding 
has successfully accounted for neural response properties in a broad range of sensory systems [4,88–90] and for various 
forms of learning and short-term adaptation at the neural level [17,91–93]. 

The specific formulation of the efficient coding principle pursued by Bayesian efficient coding can be most easily translated 
into neural predictions via a population coding view of sensory processing. Under this view, multiple neurons together 
code a single (typically scalar) stimulus variable, with each neuron being characterised by its tuning to this variable, 
summarised by its tuning curve (mean response as a function of the stimulus). The FI provided about the stimulus by such
a population can be mathematically derived from the tuning curve properties of the population. In the simplest case (inde-
pendent Poisson firing of neurons), it is

where i indexes the neurons of the population s the tuning curve of neuron i, and s the slope of the
tuning curve [94]. 

As we saw, efficient coding places constraints on J(θ), the left-hand side of Equation I, in terms of how it should be related 
to the stimulus distribution (Equation 1 in the main text, see also [48]). In general, there may be multiple different sets of 
tuning curves that achieve the same J(θ) according to Equation I, and information maximisation without meaningful 
constraints can easily lead to degenerate predictions about tuning curves [94,95]. For example, increasing the gain of 
tuning curves, decreasing their width, increasing their density around a given θ, or some combination thereof may all 
increase J(θ ) and thus provide a neural counterpart to increasing the ‘perceptual resources’ allocated to representing θ
[46,96]. Therefore, identifying which mechanisms are employed is challenging because distinct population codes can 
produce equivalent representational geometries and discriminability patterns [97]. For example, similar patterns of bias 
and discriminability in orientation and heading direction can be observed with the highest or the lowest neuronal density
at peak discriminability, respectively [98,99]. Unique predictions about neural tuning can only be derived by s pecifying
constraints on some tuning properties [100]. 

Nevertheless, studies across sensory modalities have revealed that neural tuning properties systematically reflect environ-
mental statistics. In early visual cortex, more neurons prefer cardinal orientations and e xhibit narrower tuning at these
values [98,101]. Critically, encoding precision (FI) inferred from neural population activity closelymatches estimates derived
from behaviour [85,102], validating the framework’s link between neural codes and perceptual performance.
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Similar signatures are observed in spatialmemory: locations near scene landmarks are systematically 
misremembered as being closer to the landmark than they actually were. While traditionally attributed 
to prior-driven attraction, these biases naturally emerge from the ef ficient reallocation of encoding
resources according to scene structure [108].  Using  a  Bayesian  efficient coding model, which concen-
trates encoding precision near landmarks, this study also correctly predicted enhanced discrimination 
at these locations, showing that both bias and precision can be explained by the same encoding 
mechanism. The s tudy also provides a generalisation of the original theory by applying it to a two-
dimensional spatial case.

Multi-feature percepti on
Most Bayesian efficient coding models have focused on single stimulus variables, such as orien-
tation. However, the occurrences of different features within objects in the natural environment 
are often correlated, meaning each conveys information about the other. Extending the Bayesian 
efficient coding framework to paired correlated variables, recent work showed that the empirical 
relationship between the mass and volume of everyday objects predicts perceptual biases
consistent with the size–weight illusion, the well-known anti-Bayesian phenomenon in which
smaller objects feel heavier upon lifting than larger objects of the same weight [58] (Figure 3C). 
The same principles also accounted for the related material–weight illusion. There are many
possible implementations of multidimensional Bayesian efficient coding [109], and while several 
solutions were found to be consistent with behaviour in [58], more theoretical and experimental 
work is needed to identify which is implemented in the brain (Box 4). 

Numerical and value-based cognition
Evidence for Bayesian efficient coding extends to numerical processing. A longstanding puzzle in 
numerosity research is that small quantities tend to be overestimated, whereas larger ones are 
underestimated. Although a standard B ayesian model has been proposed as an explanation for this
‘central tendency’ in estimation [110], it does not specify how noise arises in numerosity representa-
tions or how such noise shapes estimation biases. Recent work has shown that a capacity-limited 
system, in which encoding and decoding are adapted to environmental statistics, can account 
for the observed biases, as well as for the reduction in bias as stimulus-induced noise decreases
(e.g., with increased exposure time) [111].  A  Bayesian  efficient coding observer incorporating a log-
normal prior suited to natural numerical distributions, and operating under capacity constraints, repro-
duces these characteristic estimation patterns, demonstrating how biases in number processing can
be traced to the same efficient coding principles that govern perceptionmore broadly (see also [112]). 
Similarly, when comparing averages of numerical streams, humans encode numbers with noise that 
depends on stimulus probability, leading to systematic biases that are well captured by a Bayesian
efficient coding model incorporating the prior distribution of stimuli [59] (Figure 3D). 

The representation of value has long been studied within an efficient coding framework [113]. 
Building on this foundation, a formal model rooted in the Bayesian efficient coding framework 
has been developed to examine human preference-based decisions [114].  The  model  used
participants’ food ratings to derive individual priors, which informed both the encoding and 
decoding stages in value-based choice tasks. This model successfully captured systematic 
patterns of bias, variability, and confidence observed in behaviour. Other studies have als o
shown that the sensitivity of subjective valuations depends on the distribution of values experi-
enced within a given experimental context [25,115,116]. 

Changes in bias amplitudes with noise
The unified framework predicts that noise introduced at different stages of stimulus processing 
will produce either repulsive or attractive biases. According to the original formulation of the
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framework [46], internal noise corrupts stimulus information once it has been transformed into an 
efficient internal representation, whereas external noise exerts its effect at an earlier stage, before this 
transformation. Operationally, external noise is symmetric with respect to the stimulus space, while 
internal noise is asymmetric, reflecting the nonuniform distribution of neural resources. Thus, increas-
ing internal noise is predicted to accentuate the asymmetry of likelihood functions and thereby 
strengthen repulsive biases. Increasing external noise broadens the likelihood function without
adding to its asymmetry, increasing the influence of the prior at decoding and leading to stronger
attractive biases. Despite these clear theoretical predictions, empirical support remains mixed.

In psychophysical tasks, reducing stimulus contrast [87,117,118] or duratio n [67,119–121] is 
thought to effectively increase the influence of internal noise by attenuating the signal-to-noise 
ratio. Consistent with this, several studies have found that re pulsive biases increase with shorter
exposure times [67,114]. Bias magnitude also scales with the fidelity of cortical decoding, as 
evidenced by a positive correlation between the strength of repulsive bias and fMRI measures of
representational uncertainty [73].  However,  conflicting evidence has emerged. In a task using 
categorical judgements, reducing certainty through manipulations of orientation variance, contrast, 
or stimulus duration has been shown to reduce or eliminate repulsive biases relative to cardinal
orientations [122]. Moreover, manipulations that are thought to increase noise in working memory 
representations—larger set sizes and extended retention intervals—have not been found to 
consistently modulate bias amplitude, despite clear increases in overall variability [108,123–125]. 

Several studies have varied the dispersion of component elements of a sti mulus in judgements
based on their average [1,126]. This can be interpreted as an external noise manipulation, assum-
ing observers treat the components as random samples and aim to estimate the population
mean. While some experiments produced the expected attraction bias with increased dispersion
[1], others reported inconsistent results depending on whether dispersion was added to the refer-
ence or the probe stimulus [126]. 

Another potential challenge for the framework is the prelimin ary, but seemingly consistent, finding
[127,128] that tilting the head dissociates orientation biases (repulsive from body- or world-
centred cardinals) from variabil ity (most precise for head- or eye-centred cardinals).
Theoretical advances and controversies
The foundational studies of the framework established key principles for linking sensory statistics 
to perceptual biases. Subsequent work has expanded and refined the framework, including 
relaxing assumptions about coding objectives to show that lawful bias-discriminability relation-
ships emerge more generally , as well as clarifying the mechanistic origins of attraction versus
repulsion to generate more precise predictions.
 

Generalising coding objectives and constraints
The perceptual law relating bias and discriminability was derived based on the goal of maximising 
mutual information (‘infomax’) in the low-noise regime under a particula r constraint on total FI

that is invariant under a reparameterisation of the stimulus [46,47].  This
constraint limits the total encoding capacity that can be distributed across the stimulus space 
and implies a necessary trade-off if FI is to be increased for particular stimulus values. Under 
this constraint, the optimal solution yielded an efficient allocation of FI proportional to the square
of the prior (Equation 1). Although infomax is the canonical goal of efficient coding [129],  other  
studies have considered alternative objectives and constraints, showing that different optimisa-
tion objectives yield distinct allocations of coding resource with respect to the prior [48].

J θ dθ ≤ C
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Specifically, this work derived efficient population codes based on a constraint on total expected 
activity (population gain) for infomax, ‘discrimax’ (minimising expected squared discriminatio n
threshold, D(θ )2), and a generalisation to arbitrary powers of D(θ ).

Building on these foundations, it was subsequently shown that minimising an Lα loss function is, 
under mild assumptions, equivalent to minimising the expected FI raised to a power, J(θ )−α/2, and
that under the more general constraint this is achieved by setting
with [130]. Crucially, this work showed that the lawful relationship between 
perceptual bias and discriminability (Equation 2) is not unique to information-theoretically optimal 
codes but emerges for FI allocated based on any power q of the prior (‘power-law efficient 
codes’). Finally, this work also derived an explicit expression for bias under th e MAP decoder,

and analysed the breakdown of the linear relationship between b(θ) and at higher

noise levels (also illustrated in Figure 4). 

The power-law efficient codes enable consideration of encoding objectives beyond maximising 
representational accuracy. One proposal is that encoding might be optimised for a trade-off
between accuracy and behavioural cost of errors [66,131]. For example, reducing the exponent 
q redistributes encoding resources more evenly, shifting some resources away from highly p robable
stimuli towards less probable ones [66]. The intuition is that, although some stimuli occur rarely, 
errors for those stimuli may turn out to be particularly costly; consequently, it may be beneficial to 
sacrifice some accuracy for frequent stimuli to avoid costly errors on infrequent ones. This
‘fitness-maximisation’ solution—closely related to the task-dependency principle of information
compression [131]—has received empirical support in psychophysical tasks that directly manipulate 
the costs or rewards associated with responses [66] (Yang, Q. et al., 2025, NeurIPS, conf erence).

Components of bias
A complementary line of work has focused on refining the efficient coding account of systematic 
biases. Focusing on the L2 estimator (the posterior mean), it was shown that the overall bias in this

J θ β dθ ≤ C, J θ ∝p θ q

q 1 α 2 β

D θ 2
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Figure 4. Illustration of the effect of noise level on bias. Under low noise, the prior is approximately linear in the domain
of the likelihood, yielding the predicted small repulsive bias (left). As noise increases, the idealised Bayesian efficient coding
prediction breaks down (right): the likelihood spreads across the prior peak, making stimulus values on the far side
plausible, which shifts the mean posterior back towards the prior peak, producing a strong attractive bias. Simulations

based on a Gaussian prior (vertical scale exaggerated) and The example illustrates one instance in which the
model’ s predictions break down at high noise.
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estimator can be decomposed into two approximately additive terms arising from the gradients of
encoding precision and decoding prior [132]. Likelihood asymmetry shifts estimates in the direc-
tion of decreasing encoding precision, J(θ ), while Bayesian integration shifts them in the direction 
of increasing prior density, p(θ ). For efficient codes, encoding precision increases with increasing
prior density, so these components act in opposite directions. For the general class of power-law
efficient codes the aggregate direction of the bias depends on q. For q < 1, the bias 
in the L2 estimator is in the direction of increasing prior probability, the usual cha racteristic of
Bayesian integration, while for q > 1, the bias is in the opposite anti-Bayesian direction.

This result was subsequently generalised [133] to the wider family of Lα loss functions ( α ≥ 1),
giving the approximation

where α is the integer loss exponent (Figure 5A). This decomposition shows that bias increases 
linearly with the exponent α of the loss function. Notably, p(θ ) in this equation refers only to the 
decoding prior, allowing bias to be predicted in cases where the decoding prior is different
from the stimulus distribution that determines the allocation of encoding resources.

J θ ∝p θ q,
(A) 

(B) (C) 
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Figure 5. Determinants of bias direction in Bayesian efficient coding. (A) Bias arises from the joint influence of 
encoding precision and prior density [132,133]. Encoding precision drives repulsive biases away from regions of high FI, 
whereas the prior drives attraction towards high-probability regions. Net bias can be decomposed into repulsive and
attractive terms (Equation 3), which depend on the relative rates of change of these two factors [133]. Rapidly changing FI 
with slowly varying prior produce net repulsion (top row), whereas slowly varying FI with rapidly changing prior produce net 
attraction (bottom row). Predicted biases are shown for the L2 estimator—higher loss exponents amplify repulsion and 
can attenuate prior attraction even when the prior varies more strongly. (B,C) Predicted bias (left) a nd standard deviation
(right) in an orientation estimation task as a function of Lα loss exponent (B) [133] or categorical loss weight (wc)  (C).  
Increasing either α or wc amplifies repulsive biases away from cardinal orientations and inverts t he variability pattern,
shifting peak variability from oblique to cardinal orientations. FI: Fisher information. Adapted from [133,134].
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Explaining empirical bias and variability patterns
Psychophysical studies reveal several observations that are difficult to reconcile with the original 
theory: perceptual biases are often substantially larger than predicted under the conventional L2 

loss, and patterns of bias and variance show inconsistencies across studies—for instance, both 
minimal and maximal variance at card inals have been observed along with repulsive biases in
orientation [56,67,70]. One successful approach to fitting larger-than-expected biases involves 
increasing the loss exponent (e.g., , which amplifies likelihood-driven repulsion and thus 
produces stronger repulsive biases [133] (Figure 5B). Intuitively, higher loss exponents tolerate 
small errors but strongly penalise larger ones, shifting the optimal estimate towards the posterior 
tail in order to minimise catastrophic errors in the direction of decreasing prior probability. This 
also reshapes the variability profile—in orientation estimation tasks, it shifts peak variability from
oblique towards cardinal orientations, capturing empirical patterns that differ from the predictions
for L2.

Beyond freely fitting loss exponents, this approach also developed a method to independently 
and nonparametrically fit FI and prior distributions, allowing any combination of decoding prior,
encoding precision, and loss exponent to be inferred from behavioural data [133]. This flexibility 
enables the model to reproduce a wide range of stimulus-specific bias and variability patterns 
across tasks. However, such flexibility also raises concerns: if both encoding and decoding 
component s are freely fitted, the model risks becoming detached from environmental statistics,
thereby limiting its grounding in efficient coding theory.

An alternative approach to these same empirical challenges treats perceptual inference as a 
process operating across both feature and categorical level s (e.g., colour names or compass
directions) [134]. This hierarchical structure allows the model to compute separate posteriors 
and corresponding losses for features and categories, with the total loss given by a weighted 
combination of feature-level and category-level losses. I n this model, larger-than-expected
empirical biases are accounted for by increasing the weight assigned to the categorical loss
(Figure 5C). Categorical loss is minimised by shifting estimates towards the centre of the most 
probable category. For orientation, this means oblique angles are reproduced closer to the 
centres of their respective oblique categories, effectively shifting estimates further from the 
nearest cardinal category. Additionally, increasing the weight of the cate gorical loss shifts the vari-
ability profile: in orientation estimation tasks, the largest variability moves from oblique to cardinal
orientations, capturing the same empirical patterns addressed by higher loss exponents [133]. 

Note that an essential ingredient in this account is noise in category membership over and above 
that induced by noise at the feature-level [134]. This category noise also helps explain puzzling 
results from a task in which a noisy test stimulus (Gabor array) and a ‘noiseless’ adjustable 
probe (two dots implying an oriented line) were swapped on half of the trials, such that observers
sometimes adjusted the noisy array to match the implied line [126]. In the original theory, this 
should simply reverse the sign of the error, but instead, human performance showed biases 
away from the cardinals in both conditions [126]. This is explained by the model with category 
uncertainty because placing the probe closer to the oblique category centres reduces categor ical
loss, irrespective of which stimulus has greater feature-level noise, and overriding any opposing
feature-level bias [134]. 

Adaptation to the environment
A notable open question in neuroscience concerns how adaptation and learning shape 
neural codes that guide behaviour. While there are many theoretical approaches to this question
[41,135–137], the Bayesian efficient coding account provides a new perspective by jointly

α≈8)
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considering adaptation in encoding and inference. In this framework, both encoding precision 
and decoding prior are assumed to track environmental statistics. In stationary environments— 
those experienced over evoluti onary and developmental timescales—this assumption is plausible
and supported by experimental and neural evidence (Box 4) [1,46,47,98,138]. 

A more controversial question is whether similar forms of adaptation occur over shorter time-
scales and, if so, whether they primarily involve changes in encoding, decoding, or coordinated
updating of both [23,139,140]. In the original framework [47], encoding and decoding were 
assumed to adapt in a tightly coupled manner, incorporating identical assumptions about envi-
ronmental structure. In laboratory settings, environmental statistics are typically defined by the 
distribution of stimuli within the experiment rather than by natural stimulus statistics, allowing
direct tests of how perceptual systems recalibrate to recent experience.

Using this approach, studies have provided evidence for adaptive changes in both encoding and 
decoding. In one study, observers were presented with orientation stimuli drawn from a distribu-
tion incongruent with natural statistics (peaked at obliques) [56]. Following exposure to the 
oblique-dominated environment, repulsive biases away from cardinals decreased. In the Bayes-
ian efficient coding framework, this implies adaptation at the encoding stage: if only the decoding 
prior had adapted, biases should have increased, as attraction towards obliques would 
compound the existing repulsion from cardinals. Similarly, prolonged exposure to a uniform distri-
bution of orientations has been shown to gradually flatten the inferred FI profile and reduce repul-
sive bias, consistent with encoding resources becoming more evenly distributed [70]. Other work 
has shown that working memory reallocates capacity according to the statistical regularit ies of
remembered items, consistent with efficient coding predictions [66,141]. 

Evidence from other tasks similarly implicates adaptive changes in encoding mechanisms during 
adaptation. In a classical tilt adaptation experiment, short-term exposure to an oblique adaptor 
sharpened sensitivity for orientations similar to the adaptor (and, to a lesser extent, at the orthog-
onal orientation) while reducing it elsewhere—this pattern was best explained by the reallocation
of limited encoding resources (FI) towards these orientations [142]. Adaptive encoding is likewise 
evident in tilt illusions, where an oriented surround induces repulsive biases and changes in vari-
ability for the estimation of central gratings with a similar orientation [102]. Estimates of FI derived 
from behavioural data and a population-coding analysis of fMRI signals demonstrated increased 
encoding precision for gratings similar to the surro und, consistent with the rapid reallocation of
neural resources towards contextually relevant features.

Similar context-dependent efficient coding may play a role in perceptual averaging tasks, where 
observers compare the mean of an ensemble (e.g., a set of oriented gratings) to a reference [143, 
144]. In such a task, elements whose features lie closer to the ensemble mean are typically 
weighted more strongly. Studies have shown that this robust averaging behaviour can arise 
from efficient coding tuned to the ensemble’s overall statistics: stimuli that fall fur ther from the
ensemble mean tend to be infrequent, so they are encoded less precisely and thus relatively
underweighted in computing the average [145]. When ensemble statistics were fixed relative to 
a reference stimulus that changed from trial to trial, evidence for efficient coding was observed 
when ensemble and reference stimuli were presented simultaneously, but this effect was
disrupted when stimuli were presented sequentially, suggestive of near-instantaneous realloca-
tion of encoding resources [146]. 

While the above results all point to short-term and even trial-by-trial adaptation of encoding, 
a strikingly different conclusion was reached by analysing the effects on motion perception of
916 Trends in Cognitive Sciences, October 2026, Vol. 30, No. 10



Outstanding questions 
Howbroadly does the unified framework 
apply across sensory modalities? 
Despite evidence for efficient coding 
and Bayesian inference in multiple 
modalities, systematic tests of their
unified operation remain largely
confined to vision.

How can we best account for the 
finding that behavioural biases are 
larger than predicted and sometimes 
inconsistent with the original unified 
theory? Different modifications have 
been prop osed to account for these
effects, but at a cost to the parsimony
of the original theory.

What mechanisms enable near-
instantaneous, efficient adaptation, and 
how is efficiency balanced between 
immediate goals and long-term environ-
mental statistics? If neural codes can 
adapt so rapidly to the current context, 
why do we see any signature of back-
ground statistics in behaviour?

Under what conditions can a 
system adapt to a particular feature 
distribution? Which mechanisms 
mediate such adaptation? Can 
unsupervised exposure alone drive 
such adaptation, or is a specific  task  
required for encoding mechanisms 
to adjust accordingly? Ho w much
experience with an environment does
an organism need in order to adapt?

Do the encoder and decoder learn 
the same statistical regularities at 
the same rate, and does the decoder 
have full knowledge of adaptation-
induced changes in the encoder, such 
that it interprets the encoded response 
according to the correct post-adaptation 
encoding model? The original theory 
assumes that encoding and decoding
rely on identical assumptions during
adaptation, but this has not been rigor-
ously tested.

Do likelihood repulsion and prior 
attraction—key computational 
components in models of perceptual 
bias—have separable and identifiable
neural signatures?

How can the theory be extended 
beyond the low-noise regime? Current 
predictions are derived under low‐ 
noise assumptions, yet are applied
seemingly successfully to explain

Trends in Cognitive Sciences
bimodal stimulus distributions peaking near cardinals, obliques, or intermediate motion directions
[133]. Fitting models in which encoding precision and decoding prior were decoupled, they found 
that, at the level of the experimental block, resource allocation remained strongest at cardinals 
regardless of stimulus distribution, whereas decoding priors adapted to the experimentally 
imposed statistics. For stimulus distributions in which cardinals were more prevalent, the effects 
of likelihood repulsion and Bayesian attraction were opposed, but when obliques were 
more common, these effects reinforced each other, increasing the strength of repulsion from
the cardinal directions.

A study of serial dependence—a phenomenon in which the estimation of a current stimulus is 
biased by preceding stimuli at the same locatio n—also found evidence for a dissociation between
encoding and decoding stages [147]. Specifically, it was found that perceptual estimates were 
simultaneously attracted towards recently presented stimuli and repelled from those encountered 
further in the past. This pattern was explained using a Bayesian efficient coding model, in which 
decoding priors updated rapidly based on recent history, producing short-term attraction, 
whereas efficient encoding integrated information ov er longer timescales, producing long-term
repulsion. Other studies of serial biases similarly argue for separate but correlated temporal
dynamics of encoding and decoding components [148]. 

Concluding remarks 
Over the past decade, a wide range of sensory and cognitive phenomena that previously lacked 
normative explanations have been shown to align with the predictions of Bayesian efficient 
coding. In some cases, this has involved extending the theory beyond stable environmental 
statistics, accumulated over evolutionary and developmental timescales, to more volatile environ-
ments in which relevant regularities cannot be hard-wired into the neural system. An important 
open question is how the brain balances such long-term regularities with short-term fluctuations
in environments and behavioural goals. This question is conceptually related to perceptual and
statistical learning, which also focus on how the brain identifies regularities in sensory input and
develops internal representations of them [149–151]. Future work could leverage these similari-
ties to advance our understanding of adaptive efficient coding.

Since the introduction of the framework, substantial progress has been made in characterising 
the component processes that give rise to perceptual biases, particularly by linking these biases 
to variations in encoding and decoding. Early theoretical work proposed that priors are implicitly 
embedded within the structure of the encoding population—specifically, in the di stribution and
shapes of tuning curves across neurons—thereby removing the need for distinct populations
to represent sensory evidence and priors [48], and predicting coordinated adaptation of 
encoding and decoding to environmental statistics [47]. More recent computational work has 
instead dissociated the contributions of encoding and decoding processes to perceptual biases, 
demonstrating that likelihood-driven repulsion and prior-driven attraction reflect computationally
separable components [132,133]. A major challenge for future work is to determine whether 
these computationally dissociable components have separable neural substrates, o r whether
they are jointly implemented as originally proposed [152–155]. One approach to address 
this question involves developing ‘image-computable’ models of sensory areas, which can 
naturally implement both the encoding and inference components of the framework (Box 5). 

Previously underemphasised aspects of the framework—particularly the role of loss functions 
that formalise behavioural goals and the degree of optimisation of internal representations for a 
given task—offer a promising route for integrating diverse findings across domains and experi-
mental tasks [133,134]. While the framework has already demonstrated broader applicability
Trends in Cognitive Sciences, October 2026, Vol. 30, No. 10 917



perceptual and memory phenomena 
where variability is substantial. While 
attempts have been made to relax the 
low‐noise assumption, a general treat-
ment beyond this regime is lacking.
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Box 5. Image-computable models: unifying efficient codin g and Bayesian inference

While Bayesian efficient coding treats the efficient encoding and Bayesian inference steps as conceptually separate, there 
is a class of neural models of Bayesian inference that perform both at the same time—at least implicitly. In particular, 
many ‘image-computable’ models of primary sensory areas formulate neural dynamics as performing inference under a
statistically accurate internal model of sensory stimuli [156–158]. Due to their image-computable nature, these models 
do not only predict how neural responses are tuned to some predefined stimulus feature (e.g., orientation in V1), and 
how this neural tuning may be adapted to stimulus statistics—as most population coding-based models of efficient coding 
do. Instead, they provide a more general account for how neural responses depend on arbitrary stimuli, for example, 
represented as arr ays of pixels in the case of vision. This allows them to account for complicated forms of tuning to
multiple features that are difficult to incorporate into population coding models (e.g., various extraclassical receptive field
effects [157–159]), and to predict why tuning to specific features (e.g., to localised oriented edges) arises in the first place 
as a result of adapting the brain’s internal model to natural scene statistics [156]. The generative component of image-
computable models can be implemented using various architectures, ranging from Gaussian scale mixture models to
convolutional neural networks.

Critically, although image-computable models of Bayesian inference are typically not framed in terms of efficient coding, 
their neural responses can be shown to maximise information with respect to the distribution of stimuli to which their
internal model has been adapted [160] (Hinton, G.E. et al., 1993, NeurIPS, conference). Moreover, when their predicted 
receptive fields are specifically analysed for the distribution of preferred stimulus features (e.g., orientations), they show 
similar biases (e.g., cardinality biases) as when tuning curves are optimised explicitly for information efficiency in population
coding models [161]. (In fact, such effects appear quite generally in image-computable models [162,163], not just in those 
whose neural responses have been shown to represent Bayesian posteriors.)

In many Bayesian image-computable models, neural responses simply represent the maximum of the Bayesian posterior
[156,157], that is, the MAP decoder that is implicitly optimised for a fixed and very specific (and somewhat degenerate) loss 
function (corresponding to Lα in the α→ 0 limit). There also exist generalisations that represent (to some approximation) the
full Bayesian posterior [158] (Vértes, E. et al., 2018, NeurIPS, conference), which could, in principle, be combined with any 
task-dependent loss function by downstream circuits. Beyond classical and extraclassical receptive field properties, these 
‘fully Bayesian’ image-computable models also account for a host of other, ubiquitous properties of cortical resp onses,
such as variability, oscillations, stimulus-onset transients, and structured spontaneous activity [164,165]. Whether and 
how these MAP or fully Bayesian image-computable models would also account for the behavioural signatures of Bayes-
ian efficient coding (e.g., repulsive biases) remain to be tested.
than initially anticipated, these recent developments also open ne w theoretical and empirical
questions (see Outstanding questions).
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