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Neural activity and behavior in laboratory experiments are

surprisingly variable across trials. This variability and its

potential causes have been the focus of a spirited debate. Here

we review recent research that has shed light on the sources of

neural variability and its impact on behavior. We explain how

variability may arise from incomplete knowledge about an

animal’s internal states and its environment. We discuss the

problem of incomplete knowledge both from the

experimenter’s point of view and from the animal’s point of

view. Both view points are illustrated through several examples

from the literature. We furthermore consider both mechanistic

and normative models that explain how neural and behavioral

variability may be linked. Finally, we review why variability may

confer an adaptive advantage to organisms.
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Introduction
Behavior is variable and often unpredictable. While some

external events trigger only one specific behavior, such as

a reflex, most external events trigger one out of many

possible behaviors in a seemingly stochastic fashion. This

behavioral variability is also observed in the laboratory,

and can rarely be avoided completely. The colloquial

Harvard Law of Animal Behavior sums it up as follows:

‘Under carefully controlled experimental circumstances,

an animal will behave as it damned well pleases.’

Just as behavior is variable, so is the activity of neurons.

This variability is observed in essentially all neural

recordings, and even in the absence of behavior. Over

the last two decades, many studies have quantified neural

variability during the performance of well-controlled

behavioral tasks. These studies have thereby opened

the door to explore the relationship between neural
www.sciencedirect.com 
and behavioral variability. Focusing on a sensory area,

the pioneering work by Britten and colleagues showed

that neural activity and behavioral choice covary on a trial-

by-trial basis, even if the stimulus is constant [1]. This

early work suggested that random fluctuations in the

processing of sensory stimuli could be at the origin of

behavioral variability. More recent work has rekindled

interest in this topic, showing that the answer is more

elusive than originally thought, and highlighting the

flexible nature of neural variability across task conditions

and behavioral states.

Here, we review recent research that addresses the

relationship between neural and behavioral variability.

We focus on studies of perceptual decision-making and

consider three different, but related aspects of the pro-

blem: What is the origin of the observed neural varia-

bility? How does neural variability impact behavior?

Finally, what are the functional or adaptive roles that

neural variability may play?

Sources of neural variability
In the classical, reductionist approach, we seek to explain

changes in some target variables (say, neural activity) by

changes in some other variables (say, an external

stimulus). In any particular neurophysiological exper-

iment, not all factors that influence the targeted neural

activity can be controlled or monitored. Unknown influ-

ences range from thermodynamic fluctuations in the state

of ion channels to the various internal states of an organ-

ism. Since we lack access to these unknown or ‘hidden’

variables, any change in their value across trials will show

up as random variability (or ‘noise’) in the neural activity.

Since neural activity is influenced by many variables,

identifying these hidden variables and locating their

sources is one of the hard problems of systems neuro-

science.

One way of thinking about this problem is to split the

variables into those that are found within the brain

(internal) and those that are found outside of it (external),

see Figure 1a. We then define external variability as any

variability in neural activity that arises from a lack of

knowledge or control over environmental variables that

affect neural activity. These include uncontrolled stimulus

dimensions or unobserved movement parameters. Internal
variability is generated by any internal variables of the

brain, such as neural activity in unobserved brain areas, or

membrane voltage fluctuations etc.

Another way of thinking about this problem is to arrange

potential sources of variability by our ability to monitor or
Current Opinion in Neurobiology 2014, 25:211–220
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Sources of variability in the brain. (a) In a typical neurophysiological experiment, we monitor some of the animal’s sensory observations, some of its

movements, and a subset of its neurons (red circles). Of course, activity in any one part of the brain is influenced by many other sources, both internal

and external to the brain (yellow circles). These sources or ‘hidden’ variables create variability in the experimental observations that the observed

variables cannot account for. Since most of the observed and hidden variables influence each other, pinning down the actual sources of variability is a

hard problem. Note that the figure is schematic, there are likely to be millions or billions of variables involved. (b) We sort the hidden variables along

two axes. One axis refers to whether they are external or internal to the brain. The other axis denotes their controllability, that is, to what extent they are

accessible to experimental control or monitoring. Even though many variables may be deemed controllable, real-world experiments cannot monitor all

of them because of practical constraints. (c) As more and more control is exerted in an experiment, and more and more variables are being observed,

the variability in neural activity that is unaccounted for can only decrease.
control them. For instance, any variability in neural

activity caused by the random movement of ions across

cell membranes may be considered uncontrollable. On

the other hand, variability caused by more global vari-

ables, such as the motivational or attentional states of an

animal, could, at least in principle, be monitored. Natu-

rally, the border between what can or cannot be controlled

is somewhat arbitrary, and changes with the advent of

each new experimental technique. Nonetheless, we find

it useful to order sources of variability along such an

imagined axis.

The two axes of variability thus defined are illustrated in

Figure 1b. If most of the variability was due to control-

lable variables, then most of the variability could poten-

tially be explained by a more refined definition of the

external environment and the animals’ internal states. In

this case, variability could largely be reduced to exper-

imental and measurement problems. If most of the varia-

bility was due to uncontrollable variables, then variability

in neural activity would be irreducible (Figure 1c).
Current Opinion in Neurobiology 2014, 25:211–220 
Controllable sources of variability
In the classic experiments of Britten and colleagues,

monkeys were trained to discriminate the overall direc-

tion of motion of a random dot pattern [1,2]. More

specifically, the behaviorally relevant information was

provided by the fraction of dots moving in a coherent

direction. However, many distinct patterns of random dot

motion are compatible with a given motion coherence,

and neurons in cortical area MT are extremely sensitive to

these fine-grained dot patterns, especially at low coher-

ences [3]. Consequently, identifying the stimulus with

the motion coherence introduces external variability into

the activity of MT cells. Although the magnitude of this

extra variability has not been thoroughly investigated,

preliminary accounts suggest that it could be as much as

30% of the total at low coherences (de la Rocha, et al.
(2012). Soc. Neurosci. Abs. 38, 175.11). More generally,

when animals are trained to discriminate sensory stimuli

across particular dimensions, the ‘stimulus’ is usually

identified with those dimensions. However, neurons

might be sensitive to other, behaviorally irrelevant
www.sciencedirect.com
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dimensions. If the stimulus changes along these dimen-

sions from trial to trial, and these changes are ignored by

the observer, then neural activity will appear variable.

A related source of controllable external variability could

arise from sensory-motor couplings. For instance, neurons

in the olfactory bulb respond to odors with precisely

timed spikes when responses are aligned with respect

to the sniff cycle [4,5]. When the responses are aligned at

the odor onset, spike times become a lot more variable [4].

Such coupling of sensory responses to the motor system

may also bridge different modalities. Recent work has

shown, for instance, that visual responses in mice [6] and

flies [7] are strongly modulated by locomotion. Moreover,

sensory-motor couplings may appear in unexpected brain

areas, such as the prefrontal cortex, where neurons have

been found to be selective to subtle variations in head

position [8].

Variability can also be introduced in experiments due to

an animal’s recent past experiences. The performance of

an animal often depends on different aspects of the

history of a given experiment, such as past rewards,

choices, or stimuli [9–11]. Ignoring this history of past

trials introduces external variability into the experiment.

Marcos and colleagues recently reported that trial history

has a strong effect on the variability (but not the mean

response) of single dorsal premotor neurons in an arm

reach countermanding task [12]. The variability of neural

activity in a given trial increases with the number of

previous trials containing a stop signal.

In short, whenever we observe more variables or control

an animal’s behavior better, neural variability can only

decrease. The reverse is also true. When we do not know

the external inputs or the animal’s behavior, neural

variability will increase. An example is ‘spontaneous

activity’, which is defined as brain activity in the

absence of discernible external inputs or behavior,

and is typically highly variable. Given the previous

arguments, one would expect neural activity that is

conditioned on a particular stimulus or action to be less

variable than during the spontaneous condition, as

recently reported [13,14]. A conservative interpretation

of these results (see below of for an alternative interpret-

ation) would be that the experimenter has increased

control over one of the factors affecting neural activity at

stimulus onset.

In the examples above, the sources of variability were

external to the animal. Are there controllable sources of

variability generated internally? One example is the so-

called ‘brain state’, that is, the global dynamics of brain

activity. The brain state alternates between periods of

cortical activation and inactivation across the sleep-wake

cycle, but also within each phase of the cycle [14]. Recent

work has shown that this brain state modulates neural
www.sciencedirect.com 
variability. During cortical activation, for instance, sen-

sory responses in cortex are more reliable than during

cortical inactivation [15,16]. Furthermore, correlations

between neurons’ activities decrease [15,17�]. Even

though the brain state is an internal variable, it can be

easily and quickly measured, since it is associated with

large-scale differences in brain activity [18].

Neural variability also depends on attention. Sensory

responses in area V4 [19–21] and area V1 [22] become

less variable and less correlated across cells when an

animal pays attention to the stimulus rather than when

attention is paid elsewhere. Consistent with these find-

ings, attention has also been found to suppress collective

low-frequency fluctuations in cortical circuits [14,23].

However, attentional modulations can also increase varia-

bility (Figure 2; see also below). A previous study found

highly correlated activity in V1 during a curve-tracing task

between sites strongly modulated by attention, and

almost uncorrelated activity between sites not modulated

by attention [24]. The relationship between attention and

neural variability is therefore complex and may depend

on how reliably attention is deployed across trials. Is there

any hope of measuring an internally generated attentional

signal on a trial-by-trial basis? The advent of large-scale

population recordings is making this possible, and

methods to produce single trial estimates of attention

[25] or decision variables [26] have already been pro-

posed.

In summary, not only external, but also internally gener-

ated variables have a significant impact on neural varia-

bility. If they can be monitored on a trial-by-trial basis,

they potentially lower the observed variability.

Uncontrollable sources of variability
The strong coupling of widely different spatial and

temporal scales in biological systems in general, and

in the nervous system in particular, generates sources of

variability that are difficult to control. One obvious

example are microscopic fluctuations of small structural

components of neurons, such as ion channels or the

synaptic machinery involved in vesicle release [27].

Although the precise impact of this microscopic noise

on neural variability remains unclear, it can, in prin-

ciple, be propagated to the cellular or organismic

level through various non-linearities such as spiking

thresholds.

An additional, but more subtle source of variability could

be the dynamics of neural circuits. Strongly connected

recurrent network models can operate in chaotic regimes,

for instance, if excitation and inhibition balance each

other dynamically [28,29]. Similarly, recurrent circuits

of firing-rate neurons can be chaotic if the distribution

of synaptic weights is sufficiently wide [30,31]. Such

chaotic networks can change their states dramatically
Current Opinion in Neurobiology 2014, 25:211–220



214 Theoretical and computational neuroscience

Figure 2
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Effects of attention on neural variability. (a) The stability of a neural activity pattern (for visualization, only the activity of two neurons is plotted) is

schematically represented by the shape of an ‘energy function’ evaluated at that pattern. The network dynamics moves activity patterns toward the

nearest minima of the energy function. Stable patterns are found at the bottom of valleys, where moderate noise levels do not significantly change the

activity pattern. Unstable patterns are located on the top of hills, and metastable patterns are those where the energy function is approximately flat. A

sensory stimulus may reduce variability by stabilizing a particular pattern (deepening the valley around that pattern). Attention may stabilize the pattern

even further. Here, two sensory stimuli are presented, activating patterns 1 and 2, and the stimulus activating pattern 2 is being attended to. (b) Here,

the stimulus activating pattern 1 is being attended to. Attention changes both the average activity in pattern 1 (black arrow) as well as the size of its

well, thereby limiting the effect of noise. (c) Stability is represented as a contour (ellipse) of the energy function at a given height above the activity

pattern, representing how far the pattern would move under moderate noise. Top. Trial-to-trial variability when the stimulus is unattended. Middle.

When the effect of attention is consistent across trials the overall trial-to-trial variability is reduced [20,21]. Bottom. If the effect of attention varies

substantially across trials, the overall trial-to-trial variability can increase [24].
when being perturbed. Consistent with these predictions,

recent in vivo experiments show that cortical circuits are

quite sensitive to weak perturbations [32–34].

We emphasize, however, that the moment-to-moment

state of single neurons may vary strongly while global

network properties, such as the average instantaneous

population activity, vary only weakly. The relationship

between the two depends on the extent to which the

activity of different neurons covaries. These covariations

are typically quantified as neuronal correlations. When

neural activity is uncorrelated, single cell variability can

be averaged out and has no impact on the mean popu-

lation activity [35]. Similar results hold for asynchronous

networks which display correlations that, on average,

decay inversely proportional to the network size

[17�,36]. Using a normative approach, Boerlin and col-

leagues have recently shown that networks with quali-

tatively similar features can accurately represent multiple

time-varying signals [37�]. In both types of networks

[17�,37�], subtle negative correlations emerge which guar-

antee an accurate representation at the population level.

Such weakly correlated network states are not only of

theoretical interest, as several recent studies have shown
Current Opinion in Neurobiology 2014, 25:211–220 
that local cortical circuits can operate in regimes where

the population-averaged correlation is very low [17�,38–
40].

The dynamics of recurrent networks with certain types of

structured connectivity, however, can generate coordi-

nated temporal fluctuations in the activity of populations

of cells. For instance, sufficiently strong positive feedback

can lead to the appearance of multiple stable states [41],

but if the amount of positive feedback is weaker, such

states become metastable, and neurons display coordi-

nated transient fluctuations [42]. This type of collective

variability is typical of large networks operating close to a

‘critical point’ [36,42], that is, a region of parameter space

where a transition between qualitatively different dyna-

mical regimes occurs. However, other mechanisms for

generating such coordinated fluctuations are possible

[43,44].

Importantly, the amount of collective variability gener-

ated by a local recurrent circuit can be modulated by

external inputs. Sensory, or top-down inputs, such as

attention, can increase the stability of a metastable

activity pattern, thereby decreasing variability (see
www.sciencedirect.com
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Figure 2a,b). This provides an alternative explanation

[31,42] for the decrease in variability observed at stimulus

onset [13], and also for the seemingly contradictory

effects of attention on neural variability [20,21,24]

(Figure 2c).

More generally, if neural circuits live in this meta-stable

regime, small external or internal signals can lead to

transitions between population patterns that correspond

to well-defined perceptual or cognitive states of the

animal [45,46]. This property may have an adaptive role

by enabling behavioral flexibility. Thus, signal amplifi-

cation in circuits governed by transient collective

dynamics might be important for understanding varia-

bility in behavior. Although this type of variability

would mostly qualify as uncontrollable and irreducible,

impending experimental techniques may improve the

degree to which the underlying phenomena can be

monitored.

Neural versus behavioral variability: normative
approaches
In the same way that the experimenter needs to deter-

mine which variables affect neural activity, neural circuits

need to properly allocate responsibility to the diverse

influences that can change their synaptic inputs. In

solving this inference problem, the brain may use proces-

sing strategies that appear inefficient or suboptimal, as
Figure 3
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recently proposed by Beck and colleagues [47�]. Ide-

ally, neural circuits should retain the relevant aspects of

their complex and high-dimensional inputs (the ‘sig-

nal’) and filter out all irrelevant aspects (the ‘noise’).

However, the process of extracting the relevant infor-

mation may allow some of the irrelevant input varia-

bility to leak into the circuit’s output (Figure 3) and to

potentially alter behavior [47�]. As a corollary, the

neural variability that the experimenter measures might

not be what actually constrains the accuracy of beha-

vior.

In the random dot motion example we considered above,

the variability present in the neural activity is reduced

after the experimenter notices that MT neurons respond

faithfully to microscopic patterns of motion [3], but such

responses are still noise from the point of view of the task,

and should be ignored. Similar arguments apply to the

firing rate modulations of sensory neurons due to atten-

tion. Their behavioral impact will depend on whether

downstream targets can assign responsibility to the appro-

priate causal influences.

What about the neural variability induced due to sensory-

motor couplings? While the variability generated by such

sensory-motor loops may pose a problem for exper-

imenters, it is unlikely to have a large impact on the

nervous system, as the motor and sensory components of
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active sensing have evolved in parallel and are likely to

behave as functional units.

Relevant or irrelevant aspects of the inputs can only be

defined with respect to a particular goal. Thus, the

optimal way to process the inputs requires knowledge

of the contingencies that relate the input with an appro-

priate action. This is a problem particularly in studies of

behavior in laboratory settings, in which task contingen-

cies are set by the experimenter and can be quite unna-

tural and hence difficult to learn by the animal. In most

perceptual decision-making tasks, variability in choice

for difficult stimuli is assumed to be due to uncertainty

about the stimulus, or ‘noise’ in the respective sensory

system (see below). In agreement with this assumption,

performance typically increases with stimulus sampling

duration [48,49,50��] However, this speed-accuracy

trade-off is not observed when rats perform an odor

categorization task [51,52�]. Rather, behavioral variabil-

ity in this task may arise from a constant updating of the

(unknown) category boundary based on the outcome of

previous trials [52�,53]. Since the actual category

boundary is fixed by the experimenter, this strategy is

suboptimal. The constant adjustments of the category

boundary then transforms variability in the random

ordering of trials into variability of choice for a given

stimulus (Figure 3b).

Why do animals behave ‘suboptimally’? Survival requires

organisms to deal with difficult inference problems. An

animal’s efficiency in solving these problems depends

critically on the many constraints it faces. For highly

restricted inference problems, one can often determine

an optimal solution. Many behavioral tasks pose such

restricted problems from the point of view of the exper-

imenter. However, the animal faces a far broader infer-

ence problem, whose exact nature and constraints are

mostly unknown. Its behavior (or neural activities) may

seem suboptimal when compared against the idealized

scenario, but a serious assessment of the animal’s ineffi-

ciency is currently impossible.

Neural versus behavioral variability:
mechanistic approaches
The relation between neural and behavioral variability

was first quantitatively characterized in the context of the

classical random dot motion discrimination task, with the

remarkable observation that trial-to-trial fluctuations in

the activity of single neurons in monkey area MT evoked

by stimuli of the same coherence were correlated with

behavioral choice [1], a tendency referred to as choice

probability (CP). This relationship between neural varia-

bility and choice was formalized in the influential model

of Shadlen and colleagues, sometimes called the standard

model of perceptual decision-making [54,55��,56]. Within

this model, the decision variable is given by a linear

weighting of the (stochastic) activity of pools of sensory
Current Opinion in Neurobiology 2014, 25:211–220 
neurons and the choice is taken as the sign of the decision

variable (Figure 4a).

Because choice in the model depends on pooling activity

across sensory neurons, the relationship between neural

and behavioral variability depends critically on neural

correlations. Such ‘noise’ correlations are typically

positive and moderate in size in primate visual cortex

[57], and without them, one does not expect to see

significant choice probabilities at all, unless decisions rely

on only a handful of neurons [54,55��,56]. Although CP

was originally interpreted as measuring the causal invol-

vement of a single neuron with choice, it was later pointed

out that neurons can display significant CPs and have no

causal influence on choices, as long as they are correlated

with other neurons with significant CPs [56].

The precise relationship between the correlation struc-

ture of a neural population and set of population CPs

under the standard model of decision making was

recently elucidated by Haefner and colleagues [55��]
(Figure 4a). The authors made the striking observation

that the choice probability is simply given by the product

of the neuron’s noise covariance matrix with the neuron’s

read-out weights, that is, their eventual contribution to

the decision variable. While this formula is difficult to test

experimentally, since it requires measuring the activities

of the complete sensory population, the brain’s deviation

from an optimal linear read-out model can be easily

tested. Under the assumption of optimality, each

neuron’s CP value will reflect the ratio between the

neuron’s sensitivity (its ‘neurometric threshold’) and

the overall sensitivity of the animal (its ‘psychometric

threshold’) [55��,58]. This relation is easily testable

experimentally, which should help to elucidate to what

extent the standard model with an optimal decision read-

out is correct.

Because CP measures a correlation between neural varia-

bility and choice, it is possible that the causal link might

be from the behavior to the neural activity and not the

other way around, as is typically supposed. In a recent

study, Nienborg and Cumming suggested that a large

fraction of the measured CPs may have a top-down origin

[59��]. The authors recorded neurons in area V2 of mon-

keys performing a depth discrimination task. Using psy-

chophysical reverse correlation methods [60], they

showed that, whereas the influence of the stimulus on

choice declined throughout the trial (a result consistent

with previous findings [61]), the correlation between

neural variability and choice tended to grow and saturate.

This pattern is difficult to reconcile with an exclusively

sensory origin for the choice-related modulation, and

instead suggests a top-down origin. Furthermore, the

choice-related modulation was shown to act as a multi-

plicative gain on the neuron’s tuning curves, suggesting

that the top-down signal might be attentional in nature.
www.sciencedirect.com
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(a) The standard model of perceptual decision-making, based on a monkey that needs to discriminate the direction (left versus right) of a random dot

motion pattern [54]. Sensory neurons in monkey area MT vote with their firing rates for the perceived direction of motion. Their responses are then

weighted, summed, and passed through a binary decision function. Ideally, the weight of a neuron reflects how much information it conveys about the axis

of left-right directions. In this model, behavioral variability mainly arises through noise introduced in the responses of the individual neurons. (b) An auditory

version of the random dot motion discrimination task [50]. Here, a rat listens to two trains of click sounds, one coming from the right, one from the left, and

has to determine which train contains more clicks. The authors consider a model in which a decision variable or counting process (lower panel) adds or

subtracts the clicks arriving from the right or left (central panel). Here, noise can influence the final decision at two stages, both at the sensory stage, by

varying the impact of each arriving click, and at the counting stage, by perturbing the decision variable. (c) In a less constrained model of the brain, we may

presume that noise can be introduced at many stages of processing (PS, peripheral sensory area; HS, higher-order sensory area; E, executive area; HM,

higher-order motor area; PM, peripheral motor area). If the stimulus is uninformative, that is, if the stimulus has a very low signal-to-noise ratio, then

peripheral sensory areas are only weakly correlated with the decision, if at all, whereas motor areas will be highly correlated. If the same amount of noise is

introduced in each area, then the covariation of activity and choice (or ‘choice probability’ in two-alternative-forced-choice tasks) will increase linearly from

sensory to motor areas. If one of the areas involved has a strong amplifying effect, or if it adds a lot more noise into the processing, then it causes a strong

jump in choice covariation. The respective area therefore has the strongest influence on the decision, and the sudden jump identifies it as the ‘decision-

maker’ [63]. Here we only illustrate feedforward examples, but the framework can also be applied to systems with feedback.
Recent modeling work shows that bottom-up and top-

down components of CP have different signatures at the

level of the time-course of CP throughout the trial, a

prediction that is consistent with CPs measured from

monkey MT (de la Rocha, et al. (2012). Soc. Neurosci.
Abs. 38, 175.11).

While previous models of behavior have usually relied on

finding qualitative parallels with coarse aspects of beha-

vior, Brunton and colleagues recently went the next step.

Studying a perceptual decision-making task in which rats

had to count sound pulses, they rigorously teased apart

the relative contribution of different noise sources to

behavior [50��]. The model that best fits the animal’s

choices had little noise in the memory of the counting

process, but significant noise in each pulse’s contribution

to the running count, thereby suggesting a sensory origin

for the observed variability (see Figure 4b). These results

are in agreement with the observations of Osborne and

colleagues, who studied structure of eye movement errors

during a pursuit task, and similarly concluded that most of

the behavioral variability has a sensory origin [62].

The more general problem of which noise sources

primarily influence a decision was first investigated
www.sciencedirect.com 
theoretically for several simplified network models by

Koulakov et al. [63], focusing on decision-making in the

absence of sensory information. The authors showed that

the relative contribution of each brain area to a decision

depends on how much noise each of the brain areas

contributes (or amplifies), and how the respective areas

are connected. Loosely speaking, the system that gen-

erates or amplifies variability the most, has the highest

impact on decision-making (Figure 4c).

The functional roles of behavioral variability
Is variability a bug or a feature? Variability may be a

feature if it provides adaptive benefits to the organism. A

simple case of such adaptive benefits at the behavioral

level is exploration. The need to explore new possibilities

may benefit from a stochastic strategy. In the theory of

reinforcement learning, for instance, the tradeoff be-

tween exploring something new or exploiting the already

known is handled probabilistically [64,65]. Since all

environments change over time, animals can rarely rely

on a purely exploitative, and thereby deterministic, beha-

vioral strategy.

Still, an optimal agent that runs through the same

perceptual decision-making task day after day would
Current Opinion in Neurobiology 2014, 25:211–220
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eventually learn that task contingencies do not change,

and then switch to a deterministic strategy. However,

animal behavior rarely becomes completely determinis-

tic. One reason is that, although the task does not change,

the animal’s natural environment changes all the time,

and the animal’s behavioral strategies may be adapted to

this environment. Another possible reason is that animals

may rely on simple and less costly behavioral strategies. In

fact, animals may use quick-and-dirty strategies to avoid

excessive computational costs, which appear suboptimal

at the level of the individual. Remarkably, such behavior

might appear near optimal when behavioral measures are

averaged across individuals [66].

While the benefits of behavioral variability are easy to

point out, neural variability may seem like a bug. How-

ever, the need to perform probabilistic computations

within the nervous system may similarly rely on strategies

that require variability. Several studies suggest that the

brain performs probabilistic computations. For instance,

when integrating two cues, such as an auditory and a

visual cue, the relative confidence of their values is taken

into account [67]. Rats use estimates of their own confi-

dence to decide on whether or not to wait for a reward

[53]. How could such probabilistic computations be

implemented at the neural level? Numerical algorithms

often rely on random number generators, and several

studies suggest that the brain may do the same, when

performing probabilistic computations. One attractive

proposal posits that neurons do not represent specific

values of a given stimulus, but rather randomly switch

between representing different stimulus values, so that

the time they spend representing each value is pro-

portional to the relative likelihood of that stimulus value

[68,69]. This procedure corresponds to generating

samples from a distribution, and can in principle be

implemented in networks of integrate-and-fire neurons

[70]. In turn, downstream networks can run their infer-

ence algorithms with those samples. Here, neural varia-

bility is a feature introduced to allow neural circuits to

perform probabilistic computations, rather than a bug.

Neural and behavioral variability may also be beneficial to

learning. In some bird species, young individuals learn a

unique characteristic song through trial and error. This

process is believed to be mediated by LMAN, a basal

ganglia nucleus which actively produces motor variability,

as shown by lesion studies [71]. LMAN’s involvement in

song production decreases as the animal completes learn-

ing of the song [72]. In humans, variability in movements

can similarly facilitate the learning of motor patterns [73].

Conclusions
The relation between neural and behavioral variability is

key to understanding how brains generate behavior. A lot

of insight about this relation has been gained during the

last decade, and yet it seems as if we merely scratched the
Current Opinion in Neurobiology 2014, 25:211–220 
surface. In any particular experiment, all of the effects

mentioned above are likely to play a role, from uncon-

trolled environmental variables to noise generated within

the nervous system, including contributions linked to

specific processing strategies used by the animal.

We think that a deeper understanding of the relationship

between neuronal and behavioral variability will require a

significant effort to monitor in detail the environment and

actions of behaving animals as well as the activity of very

large numbers of neurons. We hypothesize that as these

methods become established, the relationship between

behavior and neural activity will become significantly

more deterministic. An interesting challenge will be to

establish what proportion of the remaining variability

reflects the difficulty of finding efficient information

processing strategies in complex environments and what

portion is adaptive in nature and required for exploration

and behavioral flexibility.
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