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Mihály Bányaia,b and GergÅ Orbána,b

The presence of stimulus-unrelated covariability in neural

responses poses a challenge to models of perception and

behavior. Here we review advances in theory and experiments

that highlight how noise correlations are implicated in

perceptual processes. We focus on the structure of

correlations and variations in it to reveal the computations

performed by the cortex. We argue that to discover the

functional role of correlations in cortical computations, and

make predictions about them, we need to harness hierarchical

encoding models. We propose that in hierarchical models the

source of noise correlations is dual: inference of both task-

related and higher-level perceptual variables contribute to their

emergence, which is reflected in the task- and stimulus-

dependence of the correlation structure.
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Introduction
Noise correlation (NC), pairwise correlation between
neuronal responses upon repeated presentation of the
same stimulus, is a curse for some and a blessing for
others. On the one hand, it is considered as a curse
because it is a signature of redundancy, which can limit
the amount of information that can be encoded in popu-
lation activity. As a result of covariations, variability in the
responses of individual neurons cannot be averaged out
by pooling the responses of a population and therefore
information about stimuli saturates [1]. On the other
hand, NCs can be regarded as a blessing since such
correlations can be signatures of the synergies between
neurons in a code, where joint activity patterns of neurons
carry additional information beyond that carried by

individual activations [2,3]. Here, recurrent interactions
of the neural circuitry are expected to shape feedforward
information coming from upstream areas. Such duality in
the interpretation of this seemingly simple aspect of the
neuronal response statistics is fascinating on its own right
but recent studies demonstrated that there is more to NCs
than the humble name suggests. While the term noise
correlation suggests that it is related to factors that cannot
be traced back to meaningful quantities, systematic and
predictable changes in NCs indicate that this form of
variability is linked to perceptual and cognitive factors
defying the idea of it being merely noise [4!,5,6,7!!,8!].

Understanding NCs can potentially answer fundamental
questions about the neural code. As a consequence, recent
years have seen a surge in analyzing a number of aspects of
NCs. First, although the measurement of correlations is
only one step beyond the assessment of mean responses on
the way to thecharacterizationof thefull responsestatistics,
despite the apparent simplicity, multiple studies have been
devoted to establishing how reliable measurement of NCs
can be achieved [9,10]. Second, NCs provide an insight into
the computational processes performed in the neural cir-
cuitry, which might be more general than sensory proces-
sing. Therefore, the principles underlying the emergence
of NCs are important to understand sensory processing and
might be relevant in non-sensory areas as well. Accordingly,
NCs were explored in a wide range of areas of the central
nervous system, from the retina to visual, sensorimotor, and
auditory cortices [11–15]. Third, since feedback plays a key
role in shaping NCs, network studies have been aiming to
explain how network dynamics result in specific patterns in
NCs [16–18]. Fourth, theories have been proposed on how
correlations are related to information theoretic quantities
through the sensitivities of neurons [19–21] or how com-
putations predict the emergence of NCs [22!,23!,24,25].
This point has a particular importance in our view since
understanding the role of NCs means to be able to predict
changes in them related to changes in experimental con-
ditions. In this review we capitalize on the fact that NCs
concern sensory cortices and therefore address a burning
question: how are noise correlations related to perception?
In particular, we are focusing on the visual cortex since
recently important insights were obtained by analyzing
visual cortical phenomena. First, we investigate one of
the most informative paradigms for studying perceptual
processes, the study of discrimination capacities of elemen-
tary features. Next, we review how the internal dynamics in
sensory cortices contributes to the perception of complex
stimuli.Finally,we provide a functional frameworkthat can
integrate a wide range of findings on patterns in noise
correlations.
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Relating neuronal selectivities to elementary
features
Two key experimental paradigms central to study low-
level perception are discrimination and detection experi-
ments. Using elementary stimulus features to investigate
the properties of perception has the appeal that the
stimulus can be directly mapped to perceptual perfor-
mance through an exhaustive parametric exploration of
the stimulus space. More importantly, matching the
explored stimulus features to the selectivities of neurons
provides a chance to relate perceptual performance to
neuronal responses. Stimulus selectivities of neurons are
identified with receptive field properties, which can be
related to a range of simple stimulus features, such as
orientation or movement direction, depending on the area
of the visual cortex [26,27]. The discrimination task
motivates decoding as a computational framework to
assess how neuronal responses are related to perceptual
performance [28]. In particular, characterizing encoding
in neurons with their linear response properties using
receptive fields implies the coice of a linear decoder to
assess the information carried by neurons about simple
stimuli fully characterized by a set of parameters. Decod-
ing performance is affected by the variability present in
neuronal responses. Fine discrimination requires that the
effects of noise are eliminated, which can be achieved for
the variances in individual neuronal responses by pooling
the responses of a large number of neurons. However,
joint variations introduce redundancy in the neural code,
which prevents averaging from completely eliminating
the effects of noise. The study of the effect of correlated
activity between neurons on decoding performance has a
venerable history in theoretical neuroscience [29]. These
studies clarified a number of key determinants of decod-
ing performance in the presence of correlations, including
the form of correlations that result in a decrease in
decoding performance and those that are beneficial for
decoding [30]; the way tuning curve properties [31,19,20],
or correlations in stimulus characteristics [32] affect
decoding. While a decoder can indicate how efficiently
stimulus discrimination can be performed, it remains
unclear how behavioral performance in a discrimination
task is related to the responses of neurons.

The most direct link between performance and neuronal
responses is established by the measure of choice proba-
bility (CP) [33,34]. CP characterizes how well choices of
the animal can be predicted from neural responses and
therefore establishes a connection between variations in
visual cortical responses and variations in behavior. Early
analyses of the hypothesis that variability in neuronal
responses results in variations of behavior have revealed
that correlated variability among neurons can explain
choice-related behavior [35]. This computational study
specifically explored the form of NC structure that could
affect behavioral output through affecting the readout of
information from a population of neurons. Theoretical

considerations have also established a closed form rela-
tionship between NCs, choice probability, and the read-
out weights of downstream neurons reading the output of
sensory neurons [36], thus linking neural variability and
variations in behavior. A further indication that percep-
tual performance can only be understood by analyzing the
joint aspects of the response statistics of multiple neurons
is coming from the analysis of perceptual and neural
thresholds. Perceptual threshold measures the signal
strength at which behavioral deviates from chance in a
discrimination task, while neural threshold measures the
signal strength at which the signal can be decoded from
responses. Using a single neuron to establish a neural
threshold reveals that neural and perceptual thresholds
are similar [37], which raises the question why the brain
cannot be more effective than a single neuron if it can
access the output of large populations of neurons? Choice
probabilities and high neural thresholds have been linked
by a specific component of NCs, information limiting
correlations (ILCs), also termed differential correlations
[38!]. ILCs establish the form of correlation that can
effectively limit the contribution of individual neurons
to decoding stimulus information by linking correlations
between pairs of neurons to the properties of their tuning
functions [39!]. ILCs characterize the covariation
between a pair of neurons that would be expected from
changes in the stimulus and is thus detrimental to stimu-
lus identification since covariability induced by stimulus
change cannot be distinguished from spontaneously
occurring covariation.

ILCs provide an intriguing insight into the neural code:
both the correlation of behavioral responses with neural
activations and high neural thresholds can be the result of
a specific form of NC. This specific form is obtained as the
correlation between a pair of neurons that is aligned with
the relative rate of change in the mean activities when the
stimulus is varied, that is the derivative of tuning curves.
An analysis of neural responses in a vestibular heading
discrimination task demonstrated that choice probabili-
ties could almost exclusively be traced back to ILCs. In
other tasks, however, no such exclusivity was found [40].
Whether this is a result of simplifying assumptions of the
original analysis (fine discrimination assumption, invari-
ant response covariance structure, simplistic structure of
neural sensitivities), other interfering cognitive processes,
or an adaptation that is not specific to the task being
performed but more general goals [41] is the subject of
future research.

An exciting property of ILCs is revealed by analyzing the
ILC structure in different tasks: they are defined through
the rate of change of mean responses upon changes in the
variable relevant for the task. Therefore, switching
between different tasks implies a different ILC structure
[39!]. As a consequence, if ILCs were an emergent
property of task execution, changes in task structure
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would imply changes in ILCs and therefore changes in
the total NC structure. Indeed, such changes were found
in V1 of behaving monkeys [7!], which highlights the fact
that ILCs are tightly linked to perceptual performance in
behavioral tasks. Similar task-dependent modulations of
the noise correlation structure were observed in V4 of
monkeys while performing a pair of discrimination tasks
[8!]. In conclusion, behavioral performance in perception
of elementary features provides specific indications on
the form of correlations that is consistent with the execu-
tion of elementary tasks and also with switches between
tasks. It remains elusive, however, what principles dictate
the emergence of particular patterns in correlations. Fur-
thermore, ILCs constitute only a minor fraction of the
total noise correlation structure that is observable in
neural populations [42,43!], which leaves the question
open whether the rest of the structure can be linked to
perception (Box 1).

Neural representations related to the
perception of complex images
Neural responses are adapted to the statistics of natural
stimuli [48] and therefore studying elementary features
has a number of limitations. First, tasks such as orien-
tation discrimination are much simpler than those faced
by the animal under natural conditions, therefore the
full complexity of the neural code (e.g. nonlinear
response properties) does not necessarily unfold under
such conditions. Mismatch between laboratory tasks
and natural tasks to which visual system is adapted
has been recently invoked to explain the apparently
suboptimal decoding of stimulus-information [43!,41].
Second, elementary stimuli are not expected to be
effective for testing the refined hierarchical machinery
dedicated to processing visual stimuli. Linking theories
of neural response statistics to perception of complex
images can benefit from computational tools that can
perform perceptual tasks with an efficiency comparable
to the performance of humans. Recent developments in
deep neural networks delivered a remarkable perfor-
mance improvement in machine-classification of
images of real-life complexity [49], and could match
the performance of humans [50] (see Figure 1a). Inter-
estingly, these artificial neural networks seemed to
establish representations matching some characteristics
of the neural representations in higher-level vision of
primates [51,52]. Noise correlations in strictly feedfor-
ward architectures, that are core to these deep neural
networks, can emerge but are solely transformed ver-
sions of the noise present in lower layers of processing.
As a consequence,  NCs have no functional role in
perception and cannot contribute to shaping behavior.
If neuronal representations for perceiving natural
images can indeed be efficiently described by feedfor-
ward architectures then the functional role of noise
correlations is expected to be limited.

Perceptual capacities of deep neural networks have been
taken under scrutiny by a number of recent studies
[53,54]. Models are characterized not only by the amount
of variance they predict in the neural and behavioral
responses, but also by how much the patterns of errors
in task performance match those of animals or humans. A
detailed joint analysis of perceptual performance and
neural responses on a core object classification task has
revealed deteriorated performance of a deep neural net-
work on a subset of complex synthesized images and this
subset was well aligned with the subset of images in
which the deep neural network performed poorly on
predicting mean responses of inferotemporal cortical
neurons [55!!]. Such failure of this otherwise effective
feedforward architecture both in task performance and in
predicting mean neural responses is potentially pointing
to the need for recurrent architectures [49,56]. Other
approaches that contrast the performance of humans
and various models of complex images found differences
between humans and feedforward deep neural networks
in a task where they were required to learn handwritten
characters, but a probabilistic program learner could per-
form the task similar to humans [57]. These observations
indicate that perception of complex images requires a
computational architecture that relies on recurrent com-
putations, which incur a rich noise correlation structure.
Concurring with this, recent recordings have revealed
that noise correlations depend on stimulus identity and
stimulus statistics when the animal is presented with
complex images [4!,46!!].

Noise correlations in hierarchical probabilistic
models
The above evidence demonstrates that NCs have specific
structure, such structures can affect perception, and NCs
can also undergo systematic changes. The burning ques-
tion is why the nervous system would invest in producing
a code that is inefficient and whether there are computa-
tional principles that can reveal the functional role of
noise correlations.

We argued that while feedforward architectures are effec-
tive in accounting for both perceptual performance and
the properties of neural representation, both of these
deteriorate for a subclass of images, suggesting the
involvement of recurrent connections in cortical compu-
tations. Changes in the pattern of NCs [8!] motivated a
functional approach which argued that performing a task
requires inferences at different levels of a computational
hierarchy: at the level of the sensory cortex inferences are
made about the contribution of visual features to the
stimulus, and about task variables at a higher level of
processing. Inferences at different levels of the hierarchy
are characterized by uncertainty and therefore neurons
representing the visual features and task variables need to
represent a probability distribution instead of the most
probable values. Such probability distributions are
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Box 1 Modulation of correlation patterns by the stimulus.

Many studies look at how the population mean of NCs change in response to changes in experimental conditions [44,45]. However, measurements
show that often it is not the mean, but other aspects of the NC distribution that are affected by changes in the stimulus. The variance of NCs is
modulated by stimulus contrast and orientation. If stimuli are complex, patterns in NCs are also modulated by stimulus identity. The ability to
assess such modulations critically depends on the experimental design, as the estimation of the fine structure of correlations is only possible if
there was a sufficient number of trials recorded using each stimulus.

The effect of stimulus-specificity of NCs can be assessed by establishing whether information with respect to stimulus-identity can be decoded
more efficiently when relying not only on the mean responses but on the stimulus-dependence of correlations as well. Using mean and correlation
structure measured in recorded data (data from [46!!]), it can be demonstrated that knowledge of the fine structure of NCs can enhance decoding
compared to a case when only a stimulus-independent correlation structure is estimated together with the stimulus-specific mean of the responses
(Figure e). More interestingly, such an advantage from stimulus-specific NCs is more moderate at smaller population sizes (Figure f). This insight is
surprising because a larger population implies a quadratically increasing number of parameters, which makes the correlation matrix more prone to
overfitting. The fact that a decoder based on stimulus-specific correlations becomes more efficient than the one that is agnostic to stimulus-
specificity highlights that the advantage of a more intricate correlation structure in high-dimensional data overcomes the increased difficulty of
estimating the correlation structure.

Stimulus-related effects in the NC distribution beyond the mean and limitations of NC measurability (a and b). Distribution of noise correlation
across cell-pairs in a population of V1 neurons under different stimulus conditions when monkeys are presented with static grating stimuli. While
the distributions (histograms in insets) do not reveal clear differences in the means when comparing responses to high contrast (HC) and low
contrast stimuli (LC) (a), or preferred orientation (PO) and nonpreferred orientation (NO) grating stimuli (b), the cumulative distributions (continuous
lines) reveal differences in the widths of the distributions (adapted from [47], data from [45]). (c) Complex stimulus content modulates the fine
structure of NC patterns, as shown by the changes in correlations between pairs of neurons (dots) when NCs are calculated from the responses to
two natural image patches (right panel). Full correlation matrices of the population are calculated from 80 presentations of the same image patch.
As a control, NCs between pairs of neurons were better aligned when NCs are calculated from non-overlapping sets of trials in response to the
same stimulus (left panels). (d) Precision of the estimation of noise correlations, measured as the dissimilarity of NC matrices estimated for two sets
of trials under the same stimulus condition (evoked: responses to identical images; spontaneous: activity measured without stimulation) strongly
depends on the number of trials per stimulus. Panels (c) and (d) are adapted from [46!!]. (e and f) Decoding stimulus identity from spiking data as a
function of the number of trials used for estimation of decoder parameters (e) and the size of the population (f). Parameters of the decoders were
estimated from training data from three sessions of multiunit activity in response to natural stimuli in V1. One of the decoders estimated both the
mean of the responses and a correlation structure for every single stimulus (orange line). The other decoder estimated the mean responses and a
correlation structure that was not specific to the stimulus identity (blue line). Difference in decoding performance increases both with the number of
simulated trials (e) and with the number of simulated channels (f).
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generally multivariate therefore define joint distributions
over visual features that are represented by individual
neurons or neuron populations. Probabilistic sampling
provides a computational framework for the neural repre-
sentation of probability distributions, such that variability
of individual responses and correlations are naturally
occurring as part of the representation of uncertainty
[58,23!]. Such variability in the representation of
task variables introduces collective modulations of sen-
sory cortical correlations through top-down influences
[22!,43!] (although see [59] for a discussion of temporal
dynamics of ILCs). A phenomenological model of the
response statistics of V1 neurons also identified global
modulations as a potential source of NC patterns which
also accounted for a form of stimulus-dependence of the
NC structure [6]. A further consequence of the collective
modulation by the task variable is the task-dependence of
the NC structure, which has been demonstrated in mon-
key recordings [7!!]. Alternatively, such top-down effects
can manifest in the fluctuations of the prior expectations
which can also introduce correlated variability [60]. Fluc-
tuations in top-down modulations are also consistent with
the form of single-cell variability observed along the
visual pathway [61] as well as global changes in the
amount of shared variability due to attention [62].

Consequently, we can use hierarchical inference as a
framework to formulate a normative theory for the pres-
ence and structure of NCs: in this framework, correlations

are not detrimental, rather they are signatures of the
integration of feedforward and feedback signals and
can explain the connection between information limiting
correlations, choice probabilities, and perceptual task
execution [63,7!!]. Crucially, not only the inference of
task variables is performed at higher levels of the compu-
tational hierarchy but the processing of stimuli also relies
on hierarchically organized computational components
[64–66] (see Figure 1b). Although an important insight
that could be obtained from investigating the inference of
task-related variables [24] was that uncertainty at higher
levels of the hierarchy can explain the emergence and
variations in NCs, feedforward deep neural networks do
not attempt to represent uncertainty associated with the
inferences at different levels of the hierarchy [49]. Fur-
ther confirming the role of top-down modulations in
perceptual processes is the demonstration of both task-
related and perceptual top-down effects in the mean
responses of V1 [25,67]. Taken together, similar to the
dependence of NCs on task variables, low-level NCs are
expected to depend on high-level perceptual inferences,
for example about the presence of high-level visual
structures. Indeed, such stimulus dependence was found
in monkey V1 recordings [5,4!]. A more direct confirma-
tion of the effect of high-level inferences on the NC
structure at lower levels was obtained by testing the NC
structure with natural and synthetic images [46!!]. Stim-
ulus-specific NCs were demonstrated for natural stimuli
but this specificity was reduced when high-level structure
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Figure 1

Hierarchical model structures for vision, featuring perceptual and task variables. (a) Deep feedforward networks learn a feature hierarchy from the
stimulus that supports the task of object classification. Variables learned by the model can be compared with the activity of neurons while
presenting the animal with the same image. Such a perceptual model can capture the mean responses of neurons, but ignores top-down effects
and the representation of uncertainty, both key to understanding NCs. (b) The model of perception as probabilistic inference posits that the goal
of learning is to infer an internal model of the world which describes how observed stimuli are generated. Features in the environment correspond
to latent variables in the model, and dependencies between higher and lower-level latents describe the compositional rules for how high-level
features of the perceptual hierarchy constrain low-level features. While performing inference in the model, inferences about high-level variables
introduce top-down effects at lower levels, resulting in NCs. (c) Learning a task corresponds to learning task variables, for example discrimination
boundaries between animal species or different potential behaviors of a specific animal, acting on the variables of the perceptual model. Learning
the task structure implies that we learn the distribution of possible images that corresponds to different states of task variables. Task variables are
inferred in individual trials and this inference introduces top-down effects shaping NC patterns in the perceptual model. (d) Inference of feature
hierarchies in generative models is possible by augmenting the original model architecture with a feedforward recognition model that infers high-
level latent variables from the stimulus, which are fed back to the perceptual hierarchy in a top-down manner. Different tasks may correspond to
different sets of high-level latent variables inferred on top of shared recognition and generation hierarchies.
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was removed by synthesizing images which only pre-
served low-level structure. Such a dependence on stimu-
lus statistics lends support for inference in a hierarchical
model of perception since increased stimulus specificity
of NCs can be interpreted as increased specificity in high-
level inferences. Taken together, hierarchical inference
provides a unifying framework for interpreting both task-
related and perceptual recurrent interactions (Figure 1c).
In hierarchical inference, task variables and perceptual
variables jointly establish the NC structure. Such top-
down effects implemented by recurrent interactions can
predict specific patterns in NCs and have an added
benefit that task and stimulus dependence of correlations
can also be predicted.

Open questions
Surround suppression as modulation of joint statistics
A motif of cortical computation that is often attributed
to recurrent processing is surround suppression.
Experiments show that the amount of surround sup-
pression in V1 is dependent on stimulus properties [68]
and can be altered by intervention at the higher levels
of visual hierarchy [69]. Modeling studies linked these
effects to computational  motives such as divisive nor-
malization [70,23!], or inference of higher-level latent
variables [71,54]. While surround suppression is an
effect that clearly alters the joint statistics of neural
responses, its study remained practically disjoint from
the line of work characterizing correlations. We pro-
pose that there are untapped opportunities for gaining a
more complete understanding of cortical computations
by producing predictions towards surround suppression
from models aimed primarily at response correlations
and vice versa.

Characterization of joint statistics on low-dimensional
manifolds
While the size of neural populations that can be recorded
simultaneously is increasing rapidly, we cannot expect the
duration of the recordings, and thus the number of recorded
trials from behaving animals to increase significantly in the
near future. This limitation places severe constraints on the
complexity of models that can be evaluated on data. Con-
sequently, if our goal was to describe higher-order statistical
structure in neural responses, we would need to restrict the
number of parameters in our model. Dimensionality reduc-
tion methods [72] transform neural responses to a lower-
dimensional manifold preserving as much variability as
possible. Latent factors retrieved by dimensionality reduc-
tion have been linked to cortical state [73], attentional state
[74,75] and task and stimulus variables as well [76,43!],
often directly characterizing joint neural response statistics.
While such factors can be expected to correspond to latent
variables in a perceptual model, such an explicit connection
is rarely established.

Signatures of approximate inference in neural
correlations
Full Bayesian inference is a computationally intractable
problem that cannot be expected to be solved exactly in
general in biological systems. Algorithms that approxi-
mate Bayesian inference generally fall into either the
category of parametric variational or sampling-based
approximations, with theories of cortical computations
corresponding to both of them [77,58] and proposals
attempting to unite the two approaches [78,79]. Approxi-
mation by sampling naturally requires the definition of a
sampling algorithm that will make predictions about the
temporal evolution of neural activations, including joint
statistics, or population phenomena such as oscillations
[80–82]. The implementation of such algorithms may be
facilitated by the architecture of the cortex [16], as
architectural constraints are indeed predictive towards
joint neural response statistics in themselves [18]. The
interpretation of perception as inference in a perceptual
model suggests that deviations from the representation of
exact posterior distributions are to be regarded as ineffi-
ciencies. However, discrepancies between the estimated
posterior of a model and corresponding quantities esti-
mated from neural activity and behavior will arise not only
because an approximate posterior is being evaluated, but
also because the generative model used to describe the
subjects’ internal model will inevitably make simplifying
assumptions and thus only be an approximation to the
actual internal model. Notably, most of the generative
models investigated in the context of the visual system
ignore temporal dynamics, which is certainly an important
component of the natural visual environment, and is
therefore expected to be represented by the brain.

Efficient implementation of hierarchical probabilistic
models
One of the major obstacles one has to overcome when
applying hierarchical models to a realistic problem is the
combination of high dimensionality and compositional
structure in natural stimuli. Most models successfully
predicting some aspect of response statistics were either
flat [83,23!] or avoided directly fitting parameters to
natural stimuli remaining in a low-dimensional regime
[22!,46!!], with some notable exceptions [65]. In general,
fitting a high-dimensional, hierarchical probabilistic
model to data and performing full Bayesian inference
in it remains a challenge. Advances in deep learning with
regard to automated model fitting enable not only highly
effective discriminative models, but generative models as
well. A class of deep generative models with particular
relevance to perceptual processing are variational auto-
encoders (VAEs) [84,85], already with some applications
in neuroscience [86] (see Figure 1d). Although VAEs with
a hierarchical structure exist [87], robust fitting of such
architectures to naturalistic data is not solved. While
VAE-based hierarchical inference solutions come with
the appeal of capitalizing on the efficiency of deep
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learning infrastructure, alternative approaches, consider-
ing cortical architecture specifically, propose inference in
hierarchical models based on message passing algorithms
[88–90].

Conclusion
Correlations between neural responses are a controversial
feature of population response statistics. The rich struc-
ture of these correlations and their systematic changes
with changes both in stimulus and task pose serious
challenges to theories of cortical computations. Hierar-
chical inference provides a framework under which a
disparate set of observations can be unified. Under this
framework, correlations are natural consequences of effi-
cient computations rather than detrimental effects that
would hamper the processing of stimuli. While the frame-
work has produced successful models, its application to a
wider range of phenomena opens up a number of exciting
questions.
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