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    26      Adaptation and Natural 

Stimulus Statistics  

    ADRIENNE   FAIRHALL      

  ABSTRACT     In trying to understand the structure and dynamics 

of sensory neural representations, it has been productive to 

examine the complex structure of natural images to discover 

the nature of the task that the nervous system performs. Two 

different forms of adaptation help sensory systems to handle 

the large variations and multiple spatial and temporal scales 

of natural inputs. Slow changes in excitability can be under-

stood as an encoding of slowly varying stimulus properties that 

highlights change, while adaptive changes to neural coding 

strategies lead to more efficient representations of stimuli 

drawn from time-varying distributions.  

       Animals must parse a sea of sensory data to extract 

information that informs their behavioral interactions 

with the world. Early sensory systems must provide suf-

ficiently resolved data to extract, produce, and manipu-

late representations of meaningful structure in the 

world. The composition of much of the natural world 

in terms of discrete events and objects at varying dis-

tances imposes a strong spatial and temporal structure 

on sensory stimuli from all modalities. Several proper-

ties are common: a multiplicity of spatial and temporal 

scales, a prevalence of sharp transitions or edges, and 

complex correlations. It has long been hypothesized 

that this special structure might be reflected in the 

organization of sensory neural systems. 

 Sensory neural coding describes the mapping of a 

sensory input to its representation in neuronal activity. 

While the classic notion of a tuning curve implies that 

this mapping is stationary, several different processes 

combine to create what can appear to be a dynamic 

relationship between input and output. These nonsta-

tionarities span a wide range of time scales, from neu-

ronal adaptations that are almost instantaneous to the 

reconfiguration of brain circuitry that underlies long-

term memory. 

 We focus here on the shorter time-scale processes 

referred to as adaptation. We will discuss how proper-

ties of adaptation may be relevant to the precise and 

efficient coding of inputs with the special structure of 

natural inputs. The term  adaptation  is used in two 

broadly defined ways. In the first sense, it describes the 

transience of many neural responses: the fact that a 

neuron or neural system ’ s response to a specific stimu-

lus often reduces over time. While this is often thought 

of as a decay in the response, it can be interpreted as 

part of the dynamical coding properties of the neural 

system.  Adaptation  is also used to describe more general 

nonstationarities in the neural code: shifts in the form 

of neural representation over time. These shifts often 

appear to allow neural systems to represent inputs more 

efficiently. 

  Natural scenes and their challenges 

 Natural stimuli have a distinctive structure that results 

from the properties of the natural world (Ruderman, 

 1997 ; Simoncelli & Olshausen,  2001 ). These properties 

pose particular challenges for sensory systems, and also 

opportunities for selecting efficient strategies for 

encoding. 

  Large Variations     Natural stimuli (e.g., figure  26.1 A–

D) exhibit modulations in amplitude over many orders 

of magnitude in intensity. Audible, naturally occurring 

sounds span a range from the threshold of hearing at 

around 10 dB to 120 dB, around 10 orders of magni-

tude, with little alteration in our ability to detect and 

identify sound sources (figure  26.1 A). Olfactory stimuli 

are detectable by humans at fractions of a part per 

million (figure  26.1 B), and odorants are also uniquely 

identified over a very wide range of concentrations. 

Light level and contrast can vary by 10 orders of mag-

nitude, yet permit accurate viewing and stable object 

recognition (figure  26.1 C). Given that the activity of 

primary sensory receptors typically increases with the 

intensity of the input, this tremendous dynamic range 

poses two questions. First, how can sensory systems rep-

resent such a wide range of inputs without saturation, 

and second, how do they achieve the ability to extract 

information about object identity that is invariant with 

intensity?   

  Structure at Many Scales     Because visual scenes 

contain structure in the form of objects and 
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arrangements that can be viewed from a range of dis-

tances and that exist in a wide range of sizes (figure 

 26.1 C), images exhibit self-similarity: as one zooms 

through different scales, the statistical composition of 

the scene is relatively invariant (Ruderman & Bialek, 

 1994 ; Simoncelli & Olshausen,  2001 ). For an image 

with intensity as a function of space given by  I ( x ,  y ) we 

can compute the image ’ s autocorrelation function, 

 C ( δ  x ,  δ  y )  =   I ( x   +   δ  x ,  y   +   δ  y ) I ( x ,  y ), where the average is 

over all locations  x  and  y . As images are translation-

invariant, one can equivalently compute this function 

in the Fourier domain to obtain the power spectrum. 

This two-dimensional function can be reduced to a 

function of spatial frequency  f  by averaging over phase. 

For natural images, this function behaves as a power 

law, 1/ f    α  , where the exponent  α  is very close to 2 

(figure  26.1 H; Ruderman & Bialek,  1994 ; Tolhurst, 

Tadmor, & Chao,  1992 ). The power-law form of the 

power spectrum is likely a result of the scale invariance 

of natural scenes; the particular exponent of 2 may be 

a result of the prevalence of edges, as edges themselves 

have a power spectrum of 1/ f   2 . This property is not 

unique to vision: under ideal conditions, odorants that 

are advected by a turbulent airflow also become 

self-similar and exhibit a power-law spectrum (Catrakis 

& Dimotakis,  1996 ). 

 Not all of the structure in a natural scene is captured 

by the power spectrum: one can easily construct a 

random image with a 1/ f   2  spectrum that has no object-

like properties (figure  26.1 F). The existence of higher-

order correlations is apparent when one examines the 

distribution of two-point differences. If images were 

fully explained by the mean and power spectrum, these 

distributions would be Gaussian; however, they are typi-

cally strongly peaked at zero and have long tails (figure 

 26.1 G), showing that higher-order moments, or equiva-

lently, multipoint correlations, are needed to fully 

describe such images. 

 Despite the overall self-similarity, natural inputs often 

have a separation of meaning between large-scale and 

small-scale features (Attias & Schreiner,  1998 ; Joris, Sch-

reiner, & Rees,  2004 ). Large-scale features might be 

termed  objects , whereas small-scale features may be 

termed  textures ; features on these different scales convey 

different types of information. Here, “scale” can refer 

to either time or space. For example, the large-scale 

features that identify object boundaries are filled with 

finer-scale textural structure that conveys distinct 

  Figure 26.1      Examples and properties of natural stimuli. 

(A) A natural auditory stimulus, the sound pressure wave of 

a zebra finch ’ s song (M. Fee). (B) The position of a rat ’ s 

vibrissa during natural whisking (data courtesy of D. Klein-

feld). (C) A natural image (photograph by Ruben Holthui-

jsen). (D) An underwater olfactory plume passing a lobster 

antenna (photograph by M. Koehl). (E) The image in (C), 

whitened. (F) A Gaussian random image with spectral char-

acteristics matching those of natural scenes. (G) The proba-

bility density, gray, of the output of a Gabor filter (inset) 

acting on the image in (C); differs strongly from Gaussian 

(dotted). (H) Natural images have a close to 1/ f   2  power 

spectrum. (See color plate 22.)    
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information both in visual images and in the temporal 

signals created by tactile exploration (Hill, Curtis, 

Moore, & Kleinfeld,  2011 ). Speech, the auditory input 

with which humans are most concerned, consists of a 

large-scale amplitude modulation or envelope that 

carries most of the information about word meaning, 

while fine textural details of frequency composition or 

pitch convey information about the speaker, nuance, 

and emotion. This general separation between large- 

and small-scale features suggests that different coding 

schemes might be used at different time or length 

scales. 

 Given these general properties, how might neural 

encoding be optimized for natural scenes? One hypoth-

esis is that the coding properties of neurons should be 

organized to represent natural stimuli as efficiently as 

possible.  Efficient coding  means that a neuron ’ s response 

properties are adjusted to the distribution of possible 

stimuli in such a way as to maximize the neuron ’ s rep-

resentational capacity (Attneave,  1954 ; Barlow,  1961 ). 

This idea has been generalized to neuronal populations 

through the notion of  sparse coding , which imposes an 

additional constraint on the number of active neurons 

(Barlow,  2001 ; Bell & Sejnowski,  1997 ; Olshausen & 

Field,  1996a, 1996b, 1997, 2004 ). These approaches 

have led to a qualitative understanding of the form of 

receptive fields in a number of sensory systems. However, 

in the course of natural behavior and through transi-

tions in environments and natural diurnal cycles, the 

statistics of stimuli continuously vary in space and time. 

An extension of the efficient coding hypothesis suggests 

that neural systems should dynamically adjust their 

coding strategies to best represent these time-varying 

stimulus statistics.   

  Adaptation as temporal decay 

 The term  adaptation  is often used to describe the ten-

dency of neural responses to decay over time. When a 

stimulus is presented after no input, neuronal responses 

often initially rapidly increase, then gradually decrease 

to a lower steady state (Adrian,  1928 ). This ubiquitous 

effect occurs through a variety of mechanisms. In the 

periphery, sensory transduction often occurs through 

second messenger cascades that contain several oppor-

tunities for feedback that diminishes response to con-

stant stimuli over time (Soo, Detwiler, & Rieke,  2008 ); 

further, receptors tend to inactivate (Sato et al.,  2008 ). 

In spiking neurons, this effect is known as spike-

frequency adaptation and is due to a range of ion 

channels, including a noninactivating K  +   current 

known as the M current (Brown & Adams,  1980 ); the 

medium afterhyperpolarization current, mAHP, due to 

Ca 2 +  -dependent K  +   channels (Adelman, Maylie, & Sah, 

 2012 ); Na  +  -dependent K  +   channels (Schwindt, Spain, & 

Crill,  1989 ); and slow inactivation of sodium channels 

(Marom,  1998 ). Beyond single-neuron properties, 

short-term synaptic plasticity (Zucker & Regehr,  2002 ) 

can also reduce input strength in an activity-dependent 

way (Castro-Alamancos & Connors,  1996 ). 

 How one interprets the coding role of such adapta-

tion depends on the method used to characterize the 

neural code. If one presents a sequence of inputs  I  that 

are fixed for some period of time, then change, one can 

construct an input-output curve derived from the 

responses immediately following each change in input, 

 f  0 ( I  ), and a different input-output curve from the steady 

state part of the response,  f   ∞  ( I  ) (Fernandez & White, 

 2010 ; Higgs, Slee, & Spain,  2006 ). This leads to a char-

acterization of schemes of neural coding as either 

instantaneous or steady-state relative to an onset time. 

Benda and Herz ( 2003 ) developed a general descrip-

tion of adapting dynamics whereby the firing rate  f  
relaxes between these two coding regimes according to 

the dynamics of an adaptation variable  A :

    f f I A= −0( )      (1)  
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 In this model, the adaptation variable  A  is driven by the 

neuronal activity  f  and relaxes with a fixed time con-

stant of  τ . When the two  f-I  curves are linear, with slopes 
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 The time constant  τ   eff   is given by  τ ′ ′∞f f/ 0     and corre-

sponds to the measured time course of decay to a step 

of input. In this model, Eq.  (1)  captures the rapid onset 

of the response seen experimentally, and Eq.  (2)  the 

slow relaxation. This model predicts the behavior of 

electroreceptors in the electric fish, which respond with 

high gain to chirps embedded in a more slowly varying 

amplitude modulation signal (Benda, Longtin, & Maler, 

 2005 ). 

 The continuous variation of natural stimuli suggests 

an alternative perspective: that the dynamics of adapta-

tion is an essential part of the encoding of the stimulus. 

The transient responses are a strong response to a 

 change  in stimulus: that is, the firing rate can be consid-

ered as a combined function of the new stimulus value 

and the derivative of the stimulus. As the response  R ( t ) 

to a stimulus stream  s  at any time  t  depends on the 
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recent past of the stimulus (for example, the fact that 

it just underwent a step, or that it has been constant for 

some time), one can approximate it as some function  f  
of the recent history of the stimulus:   

    R t f s t t( ) = ′ ≤( )( ).        

 In the simplest case, this response might be a linear 

function:

    R t f s d f s t( ) = ∗ = ( ) −
∞

∫ τ τ τ( ),
0

      (4)  

where here,  f  ( τ ) is a set of coefficients that weights the 

stimulus at times in the recent past, denoted by  τ . Equiv-

alently,  f  ( τ ) is a  filter  acting on the stimulus. One can 

think about  f  ( τ ) as defining a feature of the input to 

which the system is sensitive, and the operation per-

formed in Eq.  (4)  is a projection of the stimulus onto 

that feature. The nature of  f  ( τ ) reveals the dependence 

of the output on variations in  s ( t ): for example, the 

response might simply be an average of the recent stim-

ulus, in which case  f  ( τ ) will have a form like  f  1  in figure 

 26.2 A. If, as is often observed, the output activity 

responds transiently to changes in the stimulus,  f  ( τ ) is 

likely to have a differentiating nature, as in  f  2  in figure 

 26.2 A. Generally, one might expect the response to 

have a sensitivity to both the recent mean stimulus and 

its derivative, so that  f  ( τ ) might be a composition of an 

averaging filter and a differentiating filter. If the 

response is truly approximately linear, these compo-

nents will simply add. It is likely, however, that the 

response is a nonlinear function of this weighted sum:

    R t g d f s t( ) = ( ) −( )⎛
⎝⎜

⎞
⎠⎟

∞

∫ τ τ τ
0

,       (5)  

 where  g (·) is a nonlinear function that relates the firing 

rate output to the stimulus projected onto the feature 

 f  ( τ ). In the case that two or more features contribute 

to the response nonlinearly, the response could then be 

approximated as

    R t g d f s t d f s t( ) = ( ) −( ) ( ) −( )⎛
⎝⎜

⎞
⎠⎟

∞ ∞

∫ ∫τ τ τ τ τ τ1
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  Figure 26.2      Linear-nonlinear models and adaptation. 

(A) Multidimensional linear-nonlinear cascade model: the 

stimulus  s ( t ) is filtered through one or more filters  f  1  and 

passed through a nonlinear function g( f  1 * s ,  f  2 * s , …). Here, 

 f  1  is a leaky integrating filter while  f  2  is closer to a derivative. 

The filters  f  1  and  g  can both change with adaptation to stimu-

lus context. (B) Example of filter adaptation: spatiotemporal 

filters from V1 computed using the maximally informative 

dimension method (Sharpee et al.,  2004 ) when driven either 

by a flickering noise input or a natural image ensemble. The 

filters show changes in low-frequency content (adapted from 

Sharpee et al.,  2006 ). (C) The nonlinearity  g  can also adapt. 

Input-output curves from a cortical neuron driven by a fil-

tered white noise current input (R. Mease). The stimulus  s  
is the current filtered through the spike-triggered average. 

(D) The same input-output curves plotted against the stimu-

lus normalized by the standard deviation of the current. (See 

color plate 23.)    
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where now  s d f s t1 1

0

= ( ) −( )
∞

∫ τ τ τ     and  s d f s t2 2

0

= ( ) −( )
∞

∫ τ τ τ    

are the components of the entire temporal history of  s , 
projected onto features  f  1  and  f  2  and  g (·,·) is a two-

dimensional function of these two variables (figure 

 26.2 A). The features to which a given neuron is sensi-

tive, and the set of features to which a population of 

neurons is sensitive, define a basis set that captures the 

components of an input to which the neural population 

responds (Schwartz, Pillow, Rust, & Simoncelli,  2006 ). 

 In this formulation, the initial rapid increase fol-

lowed by an exponential decay of the firing rate of the 

neuron in response to a constant stimulus corresponds 

to convolving the input with a high-pass filter like that 

defined in Eq.  (3) . It is important to realize that the 

decaying dynamics observed in  R ( t ) can be usefully 

interpreted not as a fatigue of the response, but as part 

of a well-defined coding property of the system in which 

the neuron ’ s response is not an instantaneous input-

output function but incorporates history dependence 

and sensitivity to derivatives (Lundstrom, Higgs, Spain, 

& Fairhall,  2008 ; Nagel & Wilson,  2011 ).  

  Power-law adaptation 

 While modeling spike-frequency adaptation with a 

single exponential has been successful in several appli-

cations (Benda & Herz,  2003 ), the decay observed in a 

variety of different neurons exhibits multiple temporal 

components (French & Torkkeli,  2008 ; La Camera et 

al.,  2006 ; Schwindt, Spain, Foehring, Chubb, & Crill, 

 1988 ; Thorson & Biederman-Thorson,  1974 ). The 

response following a stimulus step can be approximately 

power-law:

    R t R t( ) = −
0

α
       

 A response function that can account for both the deriv-

ative-like rapid onset to a step and also the slow power-

law decay can be expressed in the frequency domain as 

a transfer function of the form  R ( ω )  =  ( i  ω )  α  . If the 

exponent  α  is 1, this operation is differentiation: the 

system responds to the step with a pulse that decays 

immediately. When  α  is less than 1, this is known as frac-

tional differentiation (Oldham & Spanier,  2006 ), and 

can be conceived of as a mixture of integration and dif-

ferentiation. Such a system also responds with a sharp 

increase to a step, but following the step, the response 

exhibits a slow decay. Because of the power-law nature 

of the response, if such a system is driven by a switching 

stimulus that changes amplitude with some period  T  

(Baccus & Meister,  2002 ; Kvale & Schreiner,  2004 ; 

Maravall et al.,  2007 ; Smirnakis, Berry, Warland, Bialek, 

& Meister,  1997 ), the time scale of the response appears 

to scale with  T  (Fairhall, Lewen, Bialek, & de Ruyter van 

Steveninck,  2001b ; Lundstrom et al.,  2008 ; Wark, 

Fairhall, & Rieke,  2009 ; Wark, Lundstrom, & Fairhall, 

 2007 ). This response function scales each input fre-

quency component ’ s amplitude by a power-law function 

of frequency  ω   α   and rotates each component in the 

complex plane by a constant amount, i  α    =   e i    π  α   /2 . This 

rotation corresponds to a frequency-independent phase 

shift of  φ   =   π  α /2. These dynamics are approximately 

realized by several sensory systems (Anastasio,  1994 ; 

Fairhall et al.,  2001b ; Lundstrom et al.,  2008 ; Lundstrom, 

Fairhall, & Maravall,  2010 ); however, the constant phase 

property is not always observed along with power-law-

like decays (Drew & Abbott,  2006 ; Pozzorini, Naud, 

Mensi, & Gerstner,  2013 ). Note that this response is a 

linear function of the time-varying input amplitude. For 

a linear function, the response simply scales with the 

size of the input; more biophysical (Nagel & Wilson, 

 2011 ; Ozuysal & Baccus,  2012 ) or normative (Wark 

et al.,  2009 ) models have been evoked to account for 

nonlinear effects such as a change in the time constant 

of the response with a change in input amplitude. 

 What might power-law adaptation accomplish in 

terms of signal processing? Since many natural inputs 

have a power-law spectrum, it is possible that this adap-

tive transformation has the effect of whitening such 

inputs: following this transformation, different frequen-

cies in the input are represented more uniformly, and 

thus, more efficiently, by the firing rate output. Some 

direct evidence for this was found by Pozzorini et al. 

( 2013 ), who showed that the spectrum of the input to 

layer V cortical pyramidal neurons  in vivo  is indeed 

matched to the power-law filtering induced by multiple 

adaptation time scales in spike-frequency adaptation in 

these neurons, such that natural current inputs are 

whitened. 

 There are several possible biophysical mechanisms 

that might underlie power-law-like responses at the 

single-neuron and network level, including multiple 

time scales in Na  +   channel inactivation (Gilboa, Chen, 

& Brenner,  2005 ; Toib, Lyakhov, & Marom,  1998 ), 

spike-frequency adaptation currents (Lundstrom et al., 

 2008 ), and synaptic dynamics (Drew & Abbott,  2006 ; 

Puccini, Sanchez-Vives, & Compte,  2007 ). In principle, 

one or more of these mechanisms could work together 

to increase the power-law exponent (Lundstrom et al., 

 2010 ).  

  Adaptive coding with changing stimulus statistics 

 So far, we have considered how adaptive dynamics 

themselves constitute a channel for encoding stimulus 
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variations in the time domain. We will now use the 

descriptions of responses given in Eqs. ( 4–6 ) to con-

sider a general approach to capturing the effects of 

different forms of adaptation on encoding. Eqs.  (5)  and 

 (6)  express the concept that a neuron ’ s response can 

be approximated as a nonlinear function acting on one 

or more linear filters applied to the input. This is known 

as a linear-nonlinear cascade model (Schwartz et al., 

 2006 ). The filter can be generalized to act on arbitrary 

components of the stimulus: spatial, temporal, spectral, 

or other representations (figure  26.2 ). The two compo-

nents of such a coding model, the linear filtering of the 

system and its nonlinear input-output mapping, may be 

particularly adapted to the statistics of the inputs. Fur-

thermore, these components may be able to change in 

time to track nonstationary inputs. 

  Optimal Filters     First, the linear filter stage of the 

response can cancel out the correlations in the input so 

that responses represent only “surprising” components 

of the stimulus. This is known as  predictive coding . Based 

on the spatial autocorrelation function of natural 

scenes, Srinivasan, Laughlin, and Dubs ( 1982 ) com-

puted the amount of inhibitory surround required to 

cancel out these correlations and found that this pre-

diction matched the filtering properties of first-order 

cells in the fly eye. Atick and Redlich ( 1990 ; Atick, 

 1992 ) used information theory along with a model of 

photoreceptor noise to derive filters that both optimally 

reduce the noise and whiten the power spectrum in 

natural scenes. The predicted filters qualitatively match 

the response characteristics of retinal ganglion cells 

and behavioral contrast sensitivity. Predictive coding 

can remove not only spatial correlations, but also tem-

poral ones (Dong & Atick,  1995 ; van Hateren,  1992a, 

1992b ). For example, predictive coding has been 

invoked to explain adaptation to stimulus input in the 

encoding of electrical signals in cerebellum in electric 

fish and in dorsal root ganglia (Roberts & Portfors, 

 2008 ). 

 While visual processing in the retina and lateral 

geniculate nucleus (Dan, Atick, & Reid,  1996 ; Dong & 

Atick,  1995 ) may serve to whiten images and image 

streams, figure  26.1  shows that significant correlational 

structure still remains. Olshausen and Field ( 1996a ) 

used natural image patches to learn a set of spatial pat-

terns that best represent the images, but such that only 

a small number is needed to reconstruct any image. 

Constraining the number required for representing 

natural images makes this a “sparse” representation: if 

the spatial-filtering properties of neurons in cortical 

area V1 corresponded to these patterns, any given stim-

ulus would activate as few neurons in the population as 

possible. The filters that result from this procedure 

strongly resemble oriented Gabor-like receptive fields 

with a range of spatial scales, as are characteristic of V1 

simple cells (Bell & Sejnowski,  1997 ). Similarly, Smith 

and Lewicki ( 2006 ) were able to learn filters with the 

same form and population distribution of filters of 

cochlear auditory neurons from natural sound ensem-

bles using this sparseness constraint. Together, these 

studies suggest that neurons encode stimuli in such a 

way as to minimize correlations across neurons, and 

across time, with the additional condition that the pop-

ulation response is sparse (Olshausen & Field,  2004 ).  

  Optimal Input-Output Functions     The second 

part of the standard coding model of figure  26.2  con-

cerns the nonlinear mapping from filtered input to 

output, the function    g(·) in Eq.  (5) . Information-the-

oretic concepts can also be applied to the form of this 

function. If the range of the output is limited, one 

should use all available output symbols (e.g., firing 

rates) as often as possible; under certain assumptions, 

this will maximize the entropy of the output and thus 

maximize information transmission through the 

coding channel (Barlow,  1961 ; Laughlin,  1981 ). In 

order for this to happen, the input-output relation of 

the system must depend on the probability distribu-

tion of the inputs; with a fixed maximum output, the 

input-output curve should be the cumulative integral 

of the input distribution. Laughlin ( 1981 ) measured 

the distribution of contrasts in natural scenes and 

showed that the input-output relations of fly large 

monopolar cells indeed matched this predicted form. 

 These results indicate that the structure of some 

neural codes can be understood in terms of optimizing 

response functions relative to the statistics of natural 

stimuli. However, as we have emphasized, a typical prop-

erty of such inputs is their local variability in space and 

time. One might therefore expect that the relationship 

between input and output changes in time as stimulus 

statistics change. Indeed, many sensory neural codes 

display the ability to adapt to the current context of the 

stimulus. 

 A dependence of the code on statistical context 

appears in the calculations of Atick and Redlich ( 1990 ; 

Atick,  1992 ), which predict that the receptive fields of 

ganglion cells will be low-pass at low light levels, or low 

signal-to-noise ratio, and more band-pass as the signal-

to-noise ratio increases. This tendency of neural filters 

to shift toward higher frequencies with higher signal-to-

noise as the amplitude of the stimulus increases is 

typical in many systems, even in single neurons (Hong, 

Aguera y Arcas, & Fairhall,  2007 ). Filter properties can 

also adapt to more complex statistical properties of the 
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input. In the retina, when stimulated with random 

inputs that contain spatiotemporal correlations, gan-

glion cell filters adjust over minutes to cancel out these 

correlations (Hosoya, Baccus, & Meister,  2005 ). These 

changes were proposed to be due to anti-Hebbian syn-

aptic plasticity reweighting interneuron contributions 

to the receptive field. Similarly, slow adaptation of the 

filter characteristics of cortical V1 neurons occurs when 

stimuli are switched from Gaussian white noise to a 

natural image ensemble (Sharpee et al.,  2006 ; figure 

 26.2 B). 

 Along with changing filter properties, the nonlinear 

input-output function may also vary dynamically with 

changes in stimulus statistics. A method of maintaining 

high information transmission through a coding 

channel is to continuously match response range to a 

changing range of inputs (Brenner, Bialek, & de Ruyter 

van Steveninck,  2000 ). Suppose that the response func-

tion appropriately spans the dynamic range of a stimu-

lus ensemble. If this input ensemble has a mean or 

variance that changes in time, the input-output curve 

should shift its center along the stimulus axis as the 

mean changes, and alter its slope to accommodate 

changes in the variance (Enroth-Cugell & Shapley, 

 1973 ; Shapley & Victor,  1979 ). In the fly visual system, 

the input-output curve adapts to stimuli with changing 

variance such that the stimulus appears to be encoded 

in units of its time-varying standard deviation (Brenner 

et al.,  2000 ; Fairhall et al.,  2001a ). This rescaling of the 

input with standard deviation in neural response func-

tions has been shown to occur, with different levels of 

precision, in visual (Baccus & Meister,  2002 ; Kim & 

Rieke,  2001 ), auditory (Kvale & Schreiner,  2004 ; Nagel 

& Doupe,  2006 ), and somatosensory neurons (Diaz-

Quesada & Maravall,  2008 ; Maravall, Petersen, Fairhall, 

Arabzadeh, & Diamond,  2007 ), and even in developing 

cortical neurons responding to an injected input 

current (Mease, Famulare, Gjorgjieva, Moody, & Fairh-

all,  2013 ; figure  26.2 C and D).   

  Multiple time scales of information representation 

 We have described two apparently distinct notions of 

adaptation: the decay processes that tend to encode 

large-scale stimulus variation with transient dynamics, 

and the ability of a coding scheme to adjust to the local 

statistics of a stimulus. While some systems appear to 

explicitly separate representations at different time 

scales into different neuronal populations, for example, 

in electrosensation in response to amplitude modula-

tion versus the modulation envelope (Stamper, Fortune, 

& Chacron,  2013 ), in many cases, these different com-

ponents are temporally multiplexed in the same 

neurons (Baccus & Meister,  2002 ; Fairhall et al.,  2001a ; 

Fairhall et al.,  2001b ; Nagel & Wilson,  2011 ; Panzeri, 

Brunel, Logothetis, & Kayser,  2010 ; Wen, Wang, Dean, 

& Delgutte,  2012 ). 

 Recall the earlier separation of natural stimulus scales 

into “textures” and “objects.” For a time-varying stimu-

lus amplitude, we can approximately decompose the 

stimulus as  s ( t )  =   σ ( t ) η ( t ), where  σ ( t ) is the envelope 

and  η ( t ) is a fast-varying fluctuation. The slower-adapt-

ing dynamics encode the stimulus envelope, while an 

adapting coding scheme permits responses to stimulus 

details that maintain high fidelity in the face of chang-

ing stimulus statistics such as overall amplitude or cor-

relation structure. When the input-output curve adapts 

to the scale  σ  of the stimulus, the response might be 

approximated as

    R s t t F t g f t′ ≤( )[ ] = [ ]( ) ∗( )( )( )σ η .        

 Here the rate factor  F [ σ ], a functional of the time-

varying envelope, multiplies a linear-nonlinear model, 

Eq.  (5) , so that the fast fluctuations modulate the 

firing rate on short time scales and the stimulus is 

treated in units normalized to the stimulus standard 

deviation, while the overall gain depends on the slower-

varying stimulus statistics. As the mean firing rate is a 

function of the amplitude—although potentially a 

nontrivial one—the inherent ambiguity of a normal-

ized code is removed: information about  σ ( t ) is avail-

able, although precise spike timing encodes stimulus 

fluctuations in a variance-independent way (Fairhall 

et al.,  2001a ). 

 Thus, adaptive processes can play two different roles 

in information processing. The temporal envelope 

dynamics contribute to the scaling of the output, called 

“output gain” (Carandini & Heeger,  2012 ), while the 

normalization of the stimulus is an example of “input 

gain.” The coexistence of fast input adaptation with 

slow relaxation of the firing rate has been observed in 

the fly visual system (Fairhall et al.,  2001a ), the retina 

(Baccus & Meister,  2002 ), and the somatosensory system 

(Lundstrom et al.,  2010 ; Maravall et al.,  2007 ); in the 

auditory system, these time scales may be similar (Wen 

et al.,  2012 ). At the single-neuron level, the channel 

dynamics that drive spiking define the feature that trig-

gers spikes (Hong et al.,  2007 ) and govern encoding of 

stimulus components at fast time scales through precise 

spike timing while the slower, activity-dependent time 

scales of adaptation encode slower stimulus variations 

in the time-averaged rate or membrane dynamics 

(Lundstrom et al.,  2008 ; Nagel & Wilson,  2011 ). These 

processes are not necessarily independent: a biophysi-

cal model that incorporates history-dependent changes 
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in kinetics accounts well for both aspects of multiple 

time scale adaptation in the retina (Ozuysal & Baccus, 

 2012 ).  

  Predicting time scales of adaptation 

 Many of the experiments previously discussed imply 

that neural systems incorporate in their response prop-

erties an implicit model of time-varying stimulus statis-

tics. Some of these coding changes occur almost 

instantaneously (Baccus & Meister,  2002 ; Fairhall et al., 

 2001a ), suggesting that no explicit learning process is 

occurring and that such adaptive behavior can arise as 

a result of intrinsic neuronal nonlinearity, both with 

respect to the stimulus filter (Famulare & Fairhall, 

 2009 ) and the input-output function (Paninski, Lau, & 

Reyes,  2003 ; Rudd & Brown,  1997 ). This is consistent 

with experimental and modeling observations that the 

nonlinearities of ion-channel dynamics in single 

neurons contribute to this behavior (Kim & Rieke, 

 2003 ; Mease et al.,  2013 ; Yu & Lee,  2003 ). Other 

changes, such as alterations in filtering properties in 

response to changes in spatiotemporal correlations in 

the stimulus, occur slowly, and without a fixed time 

scale that is easily mapped on to an intrinsic time con-

stant (Hosoya et al.,  2005 ; Smirnakis et al.,  1997 ; Sharpee 

et al.,  2006 ). 

 What sets the time scale for adaptation? While adap-

tation has clear benefits in reshaping coding strategies 

toward higher-fidelity representations as stimulus statis-

tics change, there are also costs: adapting too rapidly 

can amplify input noise (Dunn & Rieke,  2006 ). Further-

more, there are statistical limits to how rapidly a system 

can track time-varying stimulus statistics. DeWeese and 

Zador ( 1998 ) considered a model of adaptation as a 

Bayesian update process whereby incoming samples are 

used to update a probability distribution over possible 

stimulus parameters (mean or variance). This approach 

predicts two experimental observations. First, it predicts 

that systems should adapt more rapidly to mean than 

to variance. Second, there should be an asymmetry 

between adapting to a higher variance than in adapting 

to a lower one: a sample from the lower-variance ensem-

ble has a high likelihood of being drawn from the 

higher-variance ensemble, while the higher variance 

sample is likely to be an outlier in the lower-variance 

ensemble. This is indeed observed in the fly visual 

system (Snippe, Poot, & van Hateren,  2004 ). In this 

particular formulation, the time scales of adaptation 

were dominated by the internal model for the typical 

rate of change of the tracked parameter. By assuming 

no inherent time scale for this process, Wark et al. 

( 2009 ) constructed a Bayesian framework that could 

account for the observation that the time scale of adap-

tation in retinal ganglion cell inputs depends on stimu-

lus length: a long period of observation of samples from 

a particular variance ensemble strengthens one ’ s belief 

about the current stimulus parameter and slows the rate 

of adaptation to a new state. The idea of inference has 

also been applied to the problem of estimating a neu-

ron ’ s membrane potential through observation of 

spikes (Pfister, Dayan, & Lengyel,  2010 ); short-term syn-

aptic plasticity emerges as a consequence of optimal 

estimation. These examples show that optimal statistical 

inference can serve as a normative model to qualita-

tively explain the temporal dynamics of adaptation 

(Lochmann & Deneve,  2011 ; Lochmann, Ernst, & 

Deneve,  2012 ), although these approaches do not yet 

provide a prediction of absolute time scale on theoreti-

cal grounds.  

  Building neural models from natural inputs 

 Due to the nonlinearities of neural systems, standard 

methods for deriving models of neural coding from 

data—reverse correlation (Rieke, Warland, de Ruyter 

van Steveninck, & Bialek,  1997 ; Simoncelli, Paninski, 

Pillow, & Schwartz,  2004 ) and generalized linear models 

(Truccolo, Eden, Fellows, Donoghue, & Brown,  2005 )—

lead to an inherent dependence of the resulting model 

on the input statistics. Furthermore, those methods are 

guaranteed to be correct only for Gaussian input distri-

butions (Paninski,  2003 ). However, while Gaussian 

white noise is convenient in that it samples responses 

to multiple frequencies in an unbiased way (Rieke et 

al.,  1997 ; Simoncelli et al.,  2004 ), in many cases it does 

not drive the brain in a way that resembles sensory func-

tion during normal behavior (Quiroga, Reddy, Kreiman, 

Koch, & Fried,  2005 ; Theunissen, Sen, & Doupe,  2000 ). 

Thus, it is necessary to develop methods to obtain reli-

able and unbiased estimates of coding properties that 

generalize across different stimulus ensembles. The 

method of maximally informative dimensions (Sharpee, 

Rust, & Bialek,  2004 ) searches for filter directions in 

stimulus space that maximize mutual information 

between the filtered stimulus and spikes; it does not 

depend on the use of a Gaussian input. In general, 

models that have been sampled with a given white or 

colored noise ensemble notoriously do not do well in 

predicting responses to natural scenes, presumably due 

to rapid adaptation to changing stimulus statistics 

(Rieke & Rudd,  2009 ) as well as the effects of nonlin-

earities prior to linear filtering (Schwartz & Rieke, 

 2011 ). While dynamical models can reproduce some of 

the characteristics of adapting systems (Ozuysal & 

Baccus,  2012 ), future coding models should aim to 
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capture a neural system ’ s information representation 

properties while incorporating these adaptive 

properties.  
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