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Fig. I. The mean and variance of the number of impulses 
tired on each trial by two neurons over ;, r;lngc of stimulus 
contrasts. In each case the mean response is indicated by 
circles (left-hand ordimltet. and the response v;trIancc by 
stars (right-hand ordinate); th c ~31~s are based on LOO 
trials at each contrast level. (A) A simple ccl1 rccordcd from 
monkey striate cortex. The spatial frsqusncy VU 
3.7 c’deg. and the temporal frcqucncy was 4 Hz. (B) A 
special complrx cell recordsd from C;II stri;Ltc cortex. The 
spatial frequency was 1.3 c’deg. and the temporal fre- 

quency was 2 Hz. 

least-squares regression and h;~s a slope of I. I I (stan- 
dard error of estimation = 0.06. II = Ii. I’ = 0.9s). 
suggesting that the variance was directly proportional 
to the mean response. The variance was between 2.6 
and 3.7 times the mean response: the y-intercept [i.e. 
the variance when the mean response was 1 impulse 
per trial) was 2.8. 

These data are the means and variances of the re- 
sponses to 100 trials of the grating at each contrast. 
Thus each datum summarizes the neuron’s behavior 
over the full duration of the experiment. some 20 min. 
During this time, it would be likely for the neuron to 
cycle several times between states of high and iow 
responsiveness (Rose. 1979: Tolhurst er (11.. 1981). 
These fluctuations would intlate the ratio of the re- 
sponse variance to the mean response. Now. in this 
experiment, the grating was presented on 10 separate 
occasions at each contrast for a set of 10 trials at a 
time (see Methods). The etTects of slow changes in 
responsiveness may be lessened by considering the 
mean and the variance of the IO responses within 
each discretely presented set. Each datum would then 
summarize. albeit less accurately. the neuron’s behav- 
ior over a period of only 5 sec. 

The small circles in Fig. 2 shoU the rslAConshtp 
between the variances and means calculated In this 
&cay for each set of 10 trials. Exh contrasr Ieke is 
now represented by 10 data points tescrpt tt hen the 
mean response ~vas less than 0.2: see legend). The 
small solid circles show the IO points for ens contrast 
level. and it may be seen that both the mean and 
variance of the response to the one stimulus changed 
considerably during the elperimfnt. The slope of :t 
regression line tit to the data from indi~idti,~i trials 
shown by smail circles (dashed line) is O.YY 
(SE = 0.05. r = 0.89. II = 103). and so IS little 
changed. The ratio of variance to mean. houever. is 
reduced by about TO”,, (as is the !.-intercept,. to about 
1.5. One would expect this analysis to yield a modest 
decrease in variance, due to the smaller sample sizes 
involved. but the observed change is about ti\e times 
larger than this expectation. This shows the import- 
ance of the contribution that slog changes in respon- 
siveness can make to the overall estimates 0i  \xiancc 
c;tlculated from data collected over periods of 
I S-30 min. 
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Fig. 2. The relationship between the msxn and \;tri;lnce of 
response for a simple celi recorded from cat stri;ttc cortex. 
The large squares show the relationship between the mean 
and variance of the response to 100 trials of the crating xt 
each of several contrasts. The continuous line % the re- 
gression line for these data. Each small circle sho\\s the 
relationship between the mean and the vclriaxe of re- 
sponse to the IO trials comprising one set at one contrast. 
Each contrast level shoutd be rrprssented by 10 points. 
However. if no impulses or only a single impulse were 
Fenerated in a set of trials, the variance is zero and no 
mformation about the underlying process is a\ailnble. 
Thus data from seven of the I10 data sets in u hich less 
than 2 impulses w’ere generated have not been plotted and 
were not used for the regression calculation (dashed linel. 
To give an impression of trial-to-trial \xiabilit!. the smnll 
solid circles show the IO data sets for one of the 1 I contrast 

trvels. 

Tolhurst et al (1983) Vision Res
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spatial frequency was 1.3 c’deg. and the temporal fre- 

quency was 2 Hz. 

least-squares regression and h;~s a slope of I. I I (stan- 
dard error of estimation = 0.06. II = Ii. I’ = 0.9s). 
suggesting that the variance was directly proportional 
to the mean response. The variance was between 2.6 
and 3.7 times the mean response: the y-intercept [i.e. 
the variance when the mean response was 1 impulse 
per trial) was 2.8. 

These data are the means and variances of the re- 
sponses to 100 trials of the grating at each contrast. 
Thus each datum summarizes the neuron’s behavior 
over the full duration of the experiment. some 20 min. 
During this time, it would be likely for the neuron to 
cycle several times between states of high and iow 
responsiveness (Rose. 1979: Tolhurst er (11.. 1981). 
These fluctuations would intlate the ratio of the re- 
sponse variance to the mean response. Now. in this 
experiment, the grating was presented on 10 separate 
occasions at each contrast for a set of 10 trials at a 
time (see Methods). The etTects of slow changes in 
responsiveness may be lessened by considering the 
mean and the variance of the IO responses within 
each discretely presented set. Each datum would then 
summarize. albeit less accurately. the neuron’s behav- 
ior over a period of only 5 sec. 

The small circles in Fig. 2 shoU the rslAConshtp 
between the variances and means calculated In this 
&cay for each set of 10 trials. Exh contrasr Ieke is 
now represented by 10 data points tescrpt tt hen the 
mean response ~vas less than 0.2: see legend). The 
small solid circles show the IO points for ens contrast 
level. and it may be seen that both the mean and 
variance of the response to the one stimulus changed 
considerably during the elperimfnt. The slope of :t 
regression line tit to the data from indi~idti,~i trials 
shown by smail circles (dashed line) is O.YY 
(SE = 0.05. r = 0.89. II = 103). and so IS little 
changed. The ratio of variance to mean. houever. is 
reduced by about TO”,, (as is the !.-intercept,. to about 
1.5. One would expect this analysis to yield a modest 
decrease in variance, due to the smaller sample sizes 
involved. but the observed change is about ti\e times 
larger than this expectation. This shows the import- 
ance of the contribution that slog changes in respon- 
siveness can make to the overall estimates 0i  \xiancc 
c;tlculated from data collected over periods of 
I S-30 min. 
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Fig. 2. The relationship between the msxn and \;tri;lnce of 
response for a simple celi recorded from cat stri;ttc cortex. 
The large squares show the relationship between the mean 
and variance of the response to 100 trials of the crating xt 
each of several contrasts. The continuous line % the re- 
gression line for these data. Each small circle sho\\s the 
relationship between the mean and the vclriaxe of re- 
sponse to the IO trials comprising one set at one contrast. 
Each contrast level shoutd be rrprssented by 10 points. 
However. if no impulses or only a single impulse were 
Fenerated in a set of trials, the variance is zero and no 
mformation about the underlying process is a\ailnble. 
Thus data from seven of the I10 data sets in u hich less 
than 2 impulses w’ere generated have not been plotted and 
were not used for the regression calculation (dashed linel. 
To give an impression of trial-to-trial \xiabilit!. the smnll 
solid circles show the IO data sets for one of the 1 I contrast 

trvels. 

Tolhurst et al (1983) Vision Res

Poisson process: In any given time window λ the probability of firing is  
determined by the firing rate
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Homework: prove that we will obtain a linear decoder if the response noise is Poisson
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MONKEY STRIATE CORTEX
showed little or no directional preference. Even when responses were highly
asymmetrical, the less effective direction of movement usually evoked
some minimal response (see Text-fig. 2), but there were a few examples in
which the maintained activity was actually suppressed.

Individual complex cells differed markedly in their relative responsive-
ness to slits, edges, or dark bars. The majority responded very much better
to one than to the other two, but some reacted briskly to two of them, and
a few to all three. For a cell that was sensitive to slits, but not to edges, the
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Text-fig. 2. Responses of a complex cell in right striate cortex (layer IV A) to
various ori6ntations of a moving black bar. Receptive field in the left eye indicated
by the interrupted rectangles; it was approximately i x I' in size, and was situated
40 below and to the left of the point offixation. Ocular-dominance group 4. Duration
of each record, 2 sec. Background intensity 1-3 log10 cd/M2, dark bars 0.0 log cd/M2.

responses increased as slit width was increased up to some optimal value,
and then they fell off sharply; the optimum width was always a small
fraction of the width of the whole field. For complex cells that responded
best to edges, some reacted to one configuration and also to its mirror

219

) by guest on February 13, 2011jp.physoc.orgDownloaded from J Physiol (

Hubel & Wiesel, J Physiol 1968

500 ms

V1 characteristic response
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Figure 1.5 (A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. (B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters rmax = 52.14 Hz, smax = 0◦ , and σ f = 14.73◦ . (A
adapted from Wandell, 1995, based on an original figure from Hubel and Wiesel,
1968; B data points from Henry et al., 1974).)

where s is the orientation angle of the light bar, smax is the orientation an-
gle evoking the maximum average response rate rmax (with s − smax taken
to lie in the range between −90◦ and +90◦), and σ f determines the width
of the tuning curve. The neuron responds most vigorously when a stimu-
lus having s = smax is presented, so we call smax the preferred orientation
angle of the neuron.

Response tuning curves can be used to characterize the selectivities of neu-
rons in visual and other sensory areas to a variety of stimulus parameters.
Tuning curves can also be measured for neurons in motor areas, in which
case the average firing rate is expressed as a function of one or more pa-
rameters describing a motor action. Figure 1.6A shows an example of ex-
tracellular recordings from a neuron in primary motor cortex in a monkey primary motor

cortex M1that has been trained to reach in different directions. The stacked traces for
each direction are rasters showing the results of five different trials. The
horizontal axis in these traces represents time, and each mark indicates
an action potential. The firing pattern of the cell, in particular the rate at
which spikes are generated, is correlated with the direction of arm move-
ment, and thus encodes information about this aspect of the motor action.

Figure 1.6B shows the response tuning curve of an M1 neuron plotted as
a function of the direction of arm movement. Here the data points have cosine

tuning curvebeen fitted by a tuning curve of the form

f (s) = r0 + (rmax − r0 ) cos(s − smax ) , (1.15)

where s is the reaching angle of the arm, smax is the reaching angle associ-

http://people.brandeis.edu/~ogergo


Statisztikus tanulás az idegrendszerben http://golab.wigner.mta.hu

Neurális válaszok

 15

MONKEY STRIATE CORTEX
showed little or no directional preference. Even when responses were highly
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some minimal response (see Text-fig. 2), but there were a few examples in
which the maintained activity was actually suppressed.

Individual complex cells differed markedly in their relative responsive-
ness to slits, edges, or dark bars. The majority responded very much better
to one than to the other two, but some reacted briskly to two of them, and
a few to all three. For a cell that was sensitive to slits, but not to edges, the
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Text-fig. 2. Responses of a complex cell in right striate cortex (layer IV A) to
various ori6ntations of a moving black bar. Receptive field in the left eye indicated
by the interrupted rectangles; it was approximately i x I' in size, and was situated
40 below and to the left of the point offixation. Ocular-dominance group 4. Duration
of each record, 2 sec. Background intensity 1-3 log10 cd/M2, dark bars 0.0 log cd/M2.

responses increased as slit width was increased up to some optimal value,
and then they fell off sharply; the optimum width was always a small
fraction of the width of the whole field. For complex cells that responded
best to edges, some reacted to one configuration and also to its mirror
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moved the receptive field within the stimulus, resulting in
a fairly constant light flux within the receptive field.
The third cell (Fig. 1C) was recorded in a monkey that was

able to maintain fixation with very few saccades. In the example
shown, there were two blinks (arrows) and only two saccades
during the 5 s trial. Since responses of this cell were very
transient, and were not affected by either blinks or saccades, all
responses in the trial were selected. Note that in addition to the
low response variability (FF = 0.28) response latency was also
very consistent (56.9 ± 2.3 ms, mean ± SD).

Response Reliability in Different V1 Layers

To check whether the low variability we have found in alert
monkey V1 (Gur et al., 1997) is related to sampling cells from
the thalamic input layers (Kara et al., 2000; Movshon, 2000), we
compared the variability of cells located in different V1 layers.
Eighty-three cells were assigned to layers following a procedure
using three levels of confidence as described in the Materials
and Methods. Since the pattern of responses for each of the

three levels of confidence was very similar, all data were
combined to compute median values for each layer. The
counting windows were, with the exception of layer 4A, quite
similar. Median values (ms) were: layer 2/3, 60; layer 4A, 32.5;
layer 4B, 60; layer 4C, 75; layer 5, 67.5; layer 6, 92.5. Figure 2
shows the median and IQR of the FF for each layer. The median
FF was quite similar across layers, and values for the main input
layer 4C were not significantly different from FF values in other
V1 layers (Mann--Whitney test). In fact, with the exception of
layer 4A cells where the FF was significantly different (P < 0.01)
from the FF in layers 2/3, and 5, FF values in other layers were
not significantly different from each other. As can be surmised
from the interquartile range bars, not only the median FF, but
also the distribution of FF values was quite similar in all layers
except 4A, where four of five cells had very low variability.

Response Variability for Optimal and
Suboptimal Stimuli

There have been conflicting reports from experiments con-
ducted with anesthetized animals whether FF increases
(Carandini, 2004), decreases (Kara et al., 2000) or stays constant
(Tolhurst et al., 1983) as response amplitude increases. To
explore this issue we analyzed responses to optimal stimuli, to
suboptimal stimuli and to near-threshold stimuli. For 64 cells we
were able to record responses to optimal stimuli and to a range
of suboptimal ones. In 44 cells, responses were recorded as
a function of orientation; in 17 cells we changed contrast and in
three cells the width of the stimulating bar was varied. The
dependency of the FF on response strength was similar for the
different stimulus conditions so results were combined. Figure 3
shows experimental records from two 5 s fixation trials. The cell
was stimulated by an optimally oriented sweeping bar (Fig. 3A)
and by a bar 60!-away-from-optimum (Fig. 3B). The robust
responses evoked by the optimally oriented bar were quite
consistent (FF = 0.26) while the near-threshold responses
evoked by the non-optimal bar were highly variable (FF = 1.6).
The trials presented in Figure 3 depict a rare occasion where
eye position was not compensated for. Due to this monkey’s
exceptionally stable fixation we were able to select responses in
all segments. Those responses are shown in the raster plots
next to the trial displays. It is interesting to note that since the
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Figure 2. Distributions of Fano factors in individual V1 layers. The medians (gray bars)
and the interquartile ranges (error bars) are displayed. The number of cells sampled
from each layer is displayed to the right of each bar.
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Figure 3. Responses of an orientation selective cell (0791_002) to an optimally oriented and a non-optimally oriented stimulus. Eye movements were not compensated for during
the trial. Raster plots next to each trial record show spike occurrence times during individual sweeps of a stimulus bar. All selected segments are displayed. The lower raster plots
show responses without compensation for eye position while the upper plots show responses with timing computationally adjusted for eye position post hoc. (A) Responses to
repeated forward and back sweeps of an optimally oriented bar (120! from horizontal, tr. 13) across the receptive field of a complex cell located in layer 2/3. There were no
saccades during the trial and the responses were robust and consistent. Raster plots show responses to individual sweeps of the stimulus bar moving up and to the right. (B)
Responses of the same cell to sweeps of the same bar oriented 60! from horizontal (tr. 19). The rasters show responses to repeated sweeps down and to the right. Responses
were near threshold and were quite variable. Other conventions are as in Figure 1.
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shown, there were two blinks (arrows) and only two saccades
during the 5 s trial. Since responses of this cell were very
transient, and were not affected by either blinks or saccades, all
responses in the trial were selected. Note that in addition to the
low response variability (FF = 0.28) response latency was also
very consistent (56.9 ± 2.3 ms, mean ± SD).
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To check whether the low variability we have found in alert
monkey V1 (Gur et al., 1997) is related to sampling cells from
the thalamic input layers (Kara et al., 2000; Movshon, 2000), we
compared the variability of cells located in different V1 layers.
Eighty-three cells were assigned to layers following a procedure
using three levels of confidence as described in the Materials
and Methods. Since the pattern of responses for each of the

three levels of confidence was very similar, all data were
combined to compute median values for each layer. The
counting windows were, with the exception of layer 4A, quite
similar. Median values (ms) were: layer 2/3, 60; layer 4A, 32.5;
layer 4B, 60; layer 4C, 75; layer 5, 67.5; layer 6, 92.5. Figure 2
shows the median and IQR of the FF for each layer. The median
FF was quite similar across layers, and values for the main input
layer 4C were not significantly different from FF values in other
V1 layers (Mann--Whitney test). In fact, with the exception of
layer 4A cells where the FF was significantly different (P < 0.01)
from the FF in layers 2/3, and 5, FF values in other layers were
not significantly different from each other. As can be surmised
from the interquartile range bars, not only the median FF, but
also the distribution of FF values was quite similar in all layers
except 4A, where four of five cells had very low variability.

Response Variability for Optimal and
Suboptimal Stimuli

There have been conflicting reports from experiments con-
ducted with anesthetized animals whether FF increases
(Carandini, 2004), decreases (Kara et al., 2000) or stays constant
(Tolhurst et al., 1983) as response amplitude increases. To
explore this issue we analyzed responses to optimal stimuli, to
suboptimal stimuli and to near-threshold stimuli. For 64 cells we
were able to record responses to optimal stimuli and to a range
of suboptimal ones. In 44 cells, responses were recorded as
a function of orientation; in 17 cells we changed contrast and in
three cells the width of the stimulating bar was varied. The
dependency of the FF on response strength was similar for the
different stimulus conditions so results were combined. Figure 3
shows experimental records from two 5 s fixation trials. The cell
was stimulated by an optimally oriented sweeping bar (Fig. 3A)
and by a bar 60!-away-from-optimum (Fig. 3B). The robust
responses evoked by the optimally oriented bar were quite
consistent (FF = 0.26) while the near-threshold responses
evoked by the non-optimal bar were highly variable (FF = 1.6).
The trials presented in Figure 3 depict a rare occasion where
eye position was not compensated for. Due to this monkey’s
exceptionally stable fixation we were able to select responses in
all segments. Those responses are shown in the raster plots
next to the trial displays. It is interesting to note that since the
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Figure 1.5 (A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. (B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters rmax = 52.14 Hz, smax = 0◦ , and σ f = 14.73◦ . (A
adapted from Wandell, 1995, based on an original figure from Hubel and Wiesel,
1968; B data points from Henry et al., 1974).)

where s is the orientation angle of the light bar, smax is the orientation an-
gle evoking the maximum average response rate rmax (with s − smax taken
to lie in the range between −90◦ and +90◦), and σ f determines the width
of the tuning curve. The neuron responds most vigorously when a stimu-
lus having s = smax is presented, so we call smax the preferred orientation
angle of the neuron.

Response tuning curves can be used to characterize the selectivities of neu-
rons in visual and other sensory areas to a variety of stimulus parameters.
Tuning curves can also be measured for neurons in motor areas, in which
case the average firing rate is expressed as a function of one or more pa-
rameters describing a motor action. Figure 1.6A shows an example of ex-
tracellular recordings from a neuron in primary motor cortex in a monkey primary motor

cortex M1that has been trained to reach in different directions. The stacked traces for
each direction are rasters showing the results of five different trials. The
horizontal axis in these traces represents time, and each mark indicates
an action potential. The firing pattern of the cell, in particular the rate at
which spikes are generated, is correlated with the direction of arm move-
ment, and thus encodes information about this aspect of the motor action.

Figure 1.6B shows the response tuning curve of an M1 neuron plotted as
a function of the direction of arm movement. Here the data points have cosine

tuning curvebeen fitted by a tuning curve of the form

f (s) = r0 + (rmax − r0 ) cos(s − smax ) , (1.15)

where s is the reaching angle of the arm, smax is the reaching angle associ-
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MONKEY STRIATE CORTEX
showed little or no directional preference. Even when responses were highly
asymmetrical, the less effective direction of movement usually evoked
some minimal response (see Text-fig. 2), but there were a few examples in
which the maintained activity was actually suppressed.

Individual complex cells differed markedly in their relative responsive-
ness to slits, edges, or dark bars. The majority responded very much better
to one than to the other two, but some reacted briskly to two of them, and
a few to all three. For a cell that was sensitive to slits, but not to edges, the
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Text-fig. 2. Responses of a complex cell in right striate cortex (layer IV A) to
various ori6ntations of a moving black bar. Receptive field in the left eye indicated
by the interrupted rectangles; it was approximately i x I' in size, and was situated
40 below and to the left of the point offixation. Ocular-dominance group 4. Duration
of each record, 2 sec. Background intensity 1-3 log10 cd/M2, dark bars 0.0 log cd/M2.

responses increased as slit width was increased up to some optimal value,
and then they fell off sharply; the optimum width was always a small
fraction of the width of the whole field. For complex cells that responded
best to edges, some reacted to one configuration and also to its mirror
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moved the receptive field within the stimulus, resulting in
a fairly constant light flux within the receptive field.
The third cell (Fig. 1C) was recorded in a monkey that was

able to maintain fixation with very few saccades. In the example
shown, there were two blinks (arrows) and only two saccades
during the 5 s trial. Since responses of this cell were very
transient, and were not affected by either blinks or saccades, all
responses in the trial were selected. Note that in addition to the
low response variability (FF = 0.28) response latency was also
very consistent (56.9 ± 2.3 ms, mean ± SD).

Response Reliability in Different V1 Layers

To check whether the low variability we have found in alert
monkey V1 (Gur et al., 1997) is related to sampling cells from
the thalamic input layers (Kara et al., 2000; Movshon, 2000), we
compared the variability of cells located in different V1 layers.
Eighty-three cells were assigned to layers following a procedure
using three levels of confidence as described in the Materials
and Methods. Since the pattern of responses for each of the

three levels of confidence was very similar, all data were
combined to compute median values for each layer. The
counting windows were, with the exception of layer 4A, quite
similar. Median values (ms) were: layer 2/3, 60; layer 4A, 32.5;
layer 4B, 60; layer 4C, 75; layer 5, 67.5; layer 6, 92.5. Figure 2
shows the median and IQR of the FF for each layer. The median
FF was quite similar across layers, and values for the main input
layer 4C were not significantly different from FF values in other
V1 layers (Mann--Whitney test). In fact, with the exception of
layer 4A cells where the FF was significantly different (P < 0.01)
from the FF in layers 2/3, and 5, FF values in other layers were
not significantly different from each other. As can be surmised
from the interquartile range bars, not only the median FF, but
also the distribution of FF values was quite similar in all layers
except 4A, where four of five cells had very low variability.

Response Variability for Optimal and
Suboptimal Stimuli

There have been conflicting reports from experiments con-
ducted with anesthetized animals whether FF increases
(Carandini, 2004), decreases (Kara et al., 2000) or stays constant
(Tolhurst et al., 1983) as response amplitude increases. To
explore this issue we analyzed responses to optimal stimuli, to
suboptimal stimuli and to near-threshold stimuli. For 64 cells we
were able to record responses to optimal stimuli and to a range
of suboptimal ones. In 44 cells, responses were recorded as
a function of orientation; in 17 cells we changed contrast and in
three cells the width of the stimulating bar was varied. The
dependency of the FF on response strength was similar for the
different stimulus conditions so results were combined. Figure 3
shows experimental records from two 5 s fixation trials. The cell
was stimulated by an optimally oriented sweeping bar (Fig. 3A)
and by a bar 60!-away-from-optimum (Fig. 3B). The robust
responses evoked by the optimally oriented bar were quite
consistent (FF = 0.26) while the near-threshold responses
evoked by the non-optimal bar were highly variable (FF = 1.6).
The trials presented in Figure 3 depict a rare occasion where
eye position was not compensated for. Due to this monkey’s
exceptionally stable fixation we were able to select responses in
all segments. Those responses are shown in the raster plots
next to the trial displays. It is interesting to note that since the
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Figure 2. Distributions of Fano factors in individual V1 layers. The medians (gray bars)
and the interquartile ranges (error bars) are displayed. The number of cells sampled
from each layer is displayed to the right of each bar.
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Figure 3. Responses of an orientation selective cell (0791_002) to an optimally oriented and a non-optimally oriented stimulus. Eye movements were not compensated for during
the trial. Raster plots next to each trial record show spike occurrence times during individual sweeps of a stimulus bar. All selected segments are displayed. The lower raster plots
show responses without compensation for eye position while the upper plots show responses with timing computationally adjusted for eye position post hoc. (A) Responses to
repeated forward and back sweeps of an optimally oriented bar (120! from horizontal, tr. 13) across the receptive field of a complex cell located in layer 2/3. There were no
saccades during the trial and the responses were robust and consistent. Raster plots show responses to individual sweeps of the stimulus bar moving up and to the right. (B)
Responses of the same cell to sweeps of the same bar oriented 60! from horizontal (tr. 19). The rasters show responses to repeated sweeps down and to the right. Responses
were near threshold and were quite variable. Other conventions are as in Figure 1.

Cerebral Cortex June 2006, V 16 N 6 891

 at U
niversity of C

am
bridge on D

ecem
ber 9, 2010

cercor.oxfordjournals.org
D

ow
nloaded from

 

moved the receptive field within the stimulus, resulting in
a fairly constant light flux within the receptive field.
The third cell (Fig. 1C) was recorded in a monkey that was

able to maintain fixation with very few saccades. In the example
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responses in the trial were selected. Note that in addition to the
low response variability (FF = 0.28) response latency was also
very consistent (56.9 ± 2.3 ms, mean ± SD).
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To check whether the low variability we have found in alert
monkey V1 (Gur et al., 1997) is related to sampling cells from
the thalamic input layers (Kara et al., 2000; Movshon, 2000), we
compared the variability of cells located in different V1 layers.
Eighty-three cells were assigned to layers following a procedure
using three levels of confidence as described in the Materials
and Methods. Since the pattern of responses for each of the

three levels of confidence was very similar, all data were
combined to compute median values for each layer. The
counting windows were, with the exception of layer 4A, quite
similar. Median values (ms) were: layer 2/3, 60; layer 4A, 32.5;
layer 4B, 60; layer 4C, 75; layer 5, 67.5; layer 6, 92.5. Figure 2
shows the median and IQR of the FF for each layer. The median
FF was quite similar across layers, and values for the main input
layer 4C were not significantly different from FF values in other
V1 layers (Mann--Whitney test). In fact, with the exception of
layer 4A cells where the FF was significantly different (P < 0.01)
from the FF in layers 2/3, and 5, FF values in other layers were
not significantly different from each other. As can be surmised
from the interquartile range bars, not only the median FF, but
also the distribution of FF values was quite similar in all layers
except 4A, where four of five cells had very low variability.
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There have been conflicting reports from experiments con-
ducted with anesthetized animals whether FF increases
(Carandini, 2004), decreases (Kara et al., 2000) or stays constant
(Tolhurst et al., 1983) as response amplitude increases. To
explore this issue we analyzed responses to optimal stimuli, to
suboptimal stimuli and to near-threshold stimuli. For 64 cells we
were able to record responses to optimal stimuli and to a range
of suboptimal ones. In 44 cells, responses were recorded as
a function of orientation; in 17 cells we changed contrast and in
three cells the width of the stimulating bar was varied. The
dependency of the FF on response strength was similar for the
different stimulus conditions so results were combined. Figure 3
shows experimental records from two 5 s fixation trials. The cell
was stimulated by an optimally oriented sweeping bar (Fig. 3A)
and by a bar 60!-away-from-optimum (Fig. 3B). The robust
responses evoked by the optimally oriented bar were quite
consistent (FF = 0.26) while the near-threshold responses
evoked by the non-optimal bar were highly variable (FF = 1.6).
The trials presented in Figure 3 depict a rare occasion where
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1.2 Spike Trains and Firing Rates 15
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Figure 1.5 (A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. (B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters rmax = 52.14 Hz, smax = 0◦ , and σ f = 14.73◦ . (A
adapted from Wandell, 1995, based on an original figure from Hubel and Wiesel,
1968; B data points from Henry et al., 1974).)

where s is the orientation angle of the light bar, smax is the orientation an-
gle evoking the maximum average response rate rmax (with s − smax taken
to lie in the range between −90◦ and +90◦), and σ f determines the width
of the tuning curve. The neuron responds most vigorously when a stimu-
lus having s = smax is presented, so we call smax the preferred orientation
angle of the neuron.

Response tuning curves can be used to characterize the selectivities of neu-
rons in visual and other sensory areas to a variety of stimulus parameters.
Tuning curves can also be measured for neurons in motor areas, in which
case the average firing rate is expressed as a function of one or more pa-
rameters describing a motor action. Figure 1.6A shows an example of ex-
tracellular recordings from a neuron in primary motor cortex in a monkey primary motor

cortex M1that has been trained to reach in different directions. The stacked traces for
each direction are rasters showing the results of five different trials. The
horizontal axis in these traces represents time, and each mark indicates
an action potential. The firing pattern of the cell, in particular the rate at
which spikes are generated, is correlated with the direction of arm move-
ment, and thus encodes information about this aspect of the motor action.

Figure 1.6B shows the response tuning curve of an M1 neuron plotted as
a function of the direction of arm movement. Here the data points have cosine

tuning curvebeen fitted by a tuning curve of the form

f (s) = r0 + (rmax − r0 ) cos(s − smax ) , (1.15)

where s is the reaching angle of the arm, smax is the reaching angle associ-
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1

k
ðs; gkÞf 0kðs; gkÞ ð5Þ
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
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m2 ð2Þ
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s2
3
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Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2
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Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1

k
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
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1

s2
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m2 ð2Þ
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s2
3
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Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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Sk is the covariance matrix of rk, and f ¢k is the derivative of the tuning
curves. In the case of independent Poisson noise, identically shaped
tuning curves, f(s), in the two populations, and different gains, it turns
out that h(s) ¼ log f(s), and fk(rk,gk) ¼ exp(-cgk)Pi exp(rki log gk)/rki!
with c a constant.

As indicated by equation (5), for addition of population codes to be
optimal, the right-hand side of this equation must be independent of
both gk and k. As f ¢ is clearly proportional to the gain, for the first
condition to be satisfied Sk(s,gk) must also be proportional to the gain.
This is exactly what is observed in cortex, where it is found that the
covariance matrix is proportional to the mean spike count6,20, which in
turn is proportional to the gain. This applies in particular to indepen-
dent Poisson noise, for which the variance is equal to the mean, but is
not limited to that distribution. For instance, we do not require that the
neurons be independent (that is, that Sk(s,gk) be diagonal). Also,
although we need the covariance to be proportional to the mean, the
constant of proportionality does not have to be 1. This is important
because how the diagonal elements of the covariance matrix scale with g
determines the Fano factor, and values reported in cortex for this
scaling are not always 1 (as would be the case for purely Poisson
neurons) but instead range from 0.3 to 1.8 (refs. 6,20).

The second condition, that h¢(s) must be independent of k, requires
that h(s) be identical, up to an additive constant, in all input layers. This

occurs, for instance, when the input tuning curves are identical and the
noise is independent and Poisson. When the h(s)’s are not the same, so
that h(s)- hk(s), addition is no longer optimal, but optimality can still
be achieved with linear combinations of activity, that is, a dependence
of the form r3 ¼ A1

Tr1 + A2
Tr2 (provided the functions of s that make

up the components of the hk(s)’s are drawn from a common basis set;
details in Supplementary Note). Therefore, even if the tuning curves
and covariance structures are completely different in the two popula-
tion codes—for instance, Gaussian tuning curves in one and sigmoidal
curves in the other—optimal Bayesian inference can be achieved with
linear combinations of population codes.

To illustrate this point, we show a simulation (Fig. 3) in which there
are three input layers in which the tuning curves are Gaussian, sigmoidal
increasing and sigmoidal decreasing, and the parameters of the tuning
curves, such as the widths, slopes, amplitude and baseline activity, vary
within each layer (that is, the tuning curves are not perfectly translation
invariant). As predicted, with an appropriate choice of the matrices A1,
A2 and A3 (Supplementary Note), a linear combination of the input
activities, r3 ¼ A1

Tr1+ A2
Tr2+ A3

Tr3, is optimal.
Another important property of equation (4) worth emphasizing is

that it imposes no constraint on the shape of the probability distribu-
tion with respect to s, so long as h(s) forms a basis set. In other words,
our scheme works for a large class of distributions over s, not just
Gaussian distributions.

Finally, it is easy to incorporate prior distributions. We encode the
desired prior in a population code (using equation (1)) and add that to
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Figure 3 Inference with non–translation invariant Gaussian and sigmoidal tuning curves. (a) Mean activity in the three input layers. Blue curves, input layer
with Gaussian tuning curves. Red curves, input layers with sigmoidal tuning curves with positive slopes. Green curves, input layers with sigmoidal tuning
curves with negative slopes. The noise in the curves is due to variability in the baseline, widths, slopes and amplitudes of the tuning curves and to the fact that
the tuning curves are not equally spaced along the stimulus axis. (b) Activity in the three input layers on a given trial. These activities were sampled from
Poisson distributions with means as in a. Color legend as in a. (c) Solid lines, mean activity in the output layer. Circles, output activity on a given trial,
obtained by a linear combination of the input activities shown in b. (d) Blue curves, probability distribution encoded by the blue stars in b (input layer with
Gaussian tuning curves). Red-green curve, probability distribution encoded by the red and green circles in b (the two input layers with sigmoidal tuning
curves). Magenta curve, probability distribution encoded by the activity shown in c (magenta circles). Black dots, probability distribution obtained with Bayes
rule (that is, the product of the blue and red-green curves appropriately normalized). The fact that the black dots are perfectly lined up with the magenta curve
demonstrates that the output activity shown in c encodes the probability distribution expected from Bayes rule.

Figure 2 Inference with probabilistic population codes for Gaussian
probability distributions and Poisson variability. The left plots correspond
to population codes for two cues, c1 and c2, related to the same variable s.
Each of these encodes a probability distribution with a variance inversely
proportional to the gains, g1 and g2, of the population codes (K is a constant
depending on the width of the tuning curve and the number of neurons).
Adding these two population codes leads to the output population activity
shown on the right. This output also encodes a probability distribution with a
variance inversely proportional to the gain. Because the gain of this code is
g1 + g2, and g1 and g2 are inversely proportional to s1

2 and s2
2, respectively,

the inverse variance of the output population code is the sum of the inverse
variances associated with c1 and c2. This is precisely the variance expected
from an optimal Bayesian inference (equation (3)). In other words, taking the
sum of two population codes is equivalent to taking the product of their
encoded distributions.
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Sk is the covariance matrix of rk, and f ¢k is the derivative of the tuning
curves. In the case of independent Poisson noise, identically shaped
tuning curves, f(s), in the two populations, and different gains, it turns
out that h(s) ¼ log f(s), and fk(rk,gk) ¼ exp(-cgk)Pi exp(rki log gk)/rki!
with c a constant.

As indicated by equation (5), for addition of population codes to be
optimal, the right-hand side of this equation must be independent of
both gk and k. As f ¢ is clearly proportional to the gain, for the first
condition to be satisfied Sk(s,gk) must also be proportional to the gain.
This is exactly what is observed in cortex, where it is found that the
covariance matrix is proportional to the mean spike count6,20, which in
turn is proportional to the gain. This applies in particular to indepen-
dent Poisson noise, for which the variance is equal to the mean, but is
not limited to that distribution. For instance, we do not require that the
neurons be independent (that is, that Sk(s,gk) be diagonal). Also,
although we need the covariance to be proportional to the mean, the
constant of proportionality does not have to be 1. This is important
because how the diagonal elements of the covariance matrix scale with g
determines the Fano factor, and values reported in cortex for this
scaling are not always 1 (as would be the case for purely Poisson
neurons) but instead range from 0.3 to 1.8 (refs. 6,20).

The second condition, that h¢(s) must be independent of k, requires
that h(s) be identical, up to an additive constant, in all input layers. This

occurs, for instance, when the input tuning curves are identical and the
noise is independent and Poisson. When the h(s)’s are not the same, so
that h(s)- hk(s), addition is no longer optimal, but optimality can still
be achieved with linear combinations of activity, that is, a dependence
of the form r3 ¼ A1

Tr1 + A2
Tr2 (provided the functions of s that make

up the components of the hk(s)’s are drawn from a common basis set;
details in Supplementary Note). Therefore, even if the tuning curves
and covariance structures are completely different in the two popula-
tion codes—for instance, Gaussian tuning curves in one and sigmoidal
curves in the other—optimal Bayesian inference can be achieved with
linear combinations of population codes.

To illustrate this point, we show a simulation (Fig. 3) in which there
are three input layers in which the tuning curves are Gaussian, sigmoidal
increasing and sigmoidal decreasing, and the parameters of the tuning
curves, such as the widths, slopes, amplitude and baseline activity, vary
within each layer (that is, the tuning curves are not perfectly translation
invariant). As predicted, with an appropriate choice of the matrices A1,
A2 and A3 (Supplementary Note), a linear combination of the input
activities, r3 ¼ A1

Tr1+ A2
Tr2+ A3

Tr3, is optimal.
Another important property of equation (4) worth emphasizing is

that it imposes no constraint on the shape of the probability distribu-
tion with respect to s, so long as h(s) forms a basis set. In other words,
our scheme works for a large class of distributions over s, not just
Gaussian distributions.

Finally, it is easy to incorporate prior distributions. We encode the
desired prior in a population code (using equation (1)) and add that to
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Figure 3 Inference with non–translation invariant Gaussian and sigmoidal tuning curves. (a) Mean activity in the three input layers. Blue curves, input layer
with Gaussian tuning curves. Red curves, input layers with sigmoidal tuning curves with positive slopes. Green curves, input layers with sigmoidal tuning
curves with negative slopes. The noise in the curves is due to variability in the baseline, widths, slopes and amplitudes of the tuning curves and to the fact that
the tuning curves are not equally spaced along the stimulus axis. (b) Activity in the three input layers on a given trial. These activities were sampled from
Poisson distributions with means as in a. Color legend as in a. (c) Solid lines, mean activity in the output layer. Circles, output activity on a given trial,
obtained by a linear combination of the input activities shown in b. (d) Blue curves, probability distribution encoded by the blue stars in b (input layer with
Gaussian tuning curves). Red-green curve, probability distribution encoded by the red and green circles in b (the two input layers with sigmoidal tuning
curves). Magenta curve, probability distribution encoded by the activity shown in c (magenta circles). Black dots, probability distribution obtained with Bayes
rule (that is, the product of the blue and red-green curves appropriately normalized). The fact that the black dots are perfectly lined up with the magenta curve
demonstrates that the output activity shown in c encodes the probability distribution expected from Bayes rule.

Figure 2 Inference with probabilistic population codes for Gaussian
probability distributions and Poisson variability. The left plots correspond
to population codes for two cues, c1 and c2, related to the same variable s.
Each of these encodes a probability distribution with a variance inversely
proportional to the gains, g1 and g2, of the population codes (K is a constant
depending on the width of the tuning curve and the number of neurons).
Adding these two population codes leads to the output population activity
shown on the right. This output also encodes a probability distribution with a
variance inversely proportional to the gain. Because the gain of this code is
g1 + g2, and g1 and g2 are inversely proportional to s1

2 and s2
2, respectively,

the inverse variance of the output population code is the sum of the inverse
variances associated with c1 and c2. This is precisely the variance expected
from an optimal Bayesian inference (equation (3)). In other words, taking the
sum of two population codes is equivalent to taking the product of their
encoded distributions.
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Sk is the covariance matrix of rk, and f ¢k is the derivative of the tuning
curves. In the case of independent Poisson noise, identically shaped
tuning curves, f(s), in the two populations, and different gains, it turns
out that h(s) ¼ log f(s), and fk(rk,gk) ¼ exp(-cgk)Pi exp(rki log gk)/rki!
with c a constant.

As indicated by equation (5), for addition of population codes to be
optimal, the right-hand side of this equation must be independent of
both gk and k. As f ¢ is clearly proportional to the gain, for the first
condition to be satisfied Sk(s,gk) must also be proportional to the gain.
This is exactly what is observed in cortex, where it is found that the
covariance matrix is proportional to the mean spike count6,20, which in
turn is proportional to the gain. This applies in particular to indepen-
dent Poisson noise, for which the variance is equal to the mean, but is
not limited to that distribution. For instance, we do not require that the
neurons be independent (that is, that Sk(s,gk) be diagonal). Also,
although we need the covariance to be proportional to the mean, the
constant of proportionality does not have to be 1. This is important
because how the diagonal elements of the covariance matrix scale with g
determines the Fano factor, and values reported in cortex for this
scaling are not always 1 (as would be the case for purely Poisson
neurons) but instead range from 0.3 to 1.8 (refs. 6,20).

The second condition, that h¢(s) must be independent of k, requires
that h(s) be identical, up to an additive constant, in all input layers. This

occurs, for instance, when the input tuning curves are identical and the
noise is independent and Poisson. When the h(s)’s are not the same, so
that h(s)- hk(s), addition is no longer optimal, but optimality can still
be achieved with linear combinations of activity, that is, a dependence
of the form r3 ¼ A1

Tr1 + A2
Tr2 (provided the functions of s that make

up the components of the hk(s)’s are drawn from a common basis set;
details in Supplementary Note). Therefore, even if the tuning curves
and covariance structures are completely different in the two popula-
tion codes—for instance, Gaussian tuning curves in one and sigmoidal
curves in the other—optimal Bayesian inference can be achieved with
linear combinations of population codes.

To illustrate this point, we show a simulation (Fig. 3) in which there
are three input layers in which the tuning curves are Gaussian, sigmoidal
increasing and sigmoidal decreasing, and the parameters of the tuning
curves, such as the widths, slopes, amplitude and baseline activity, vary
within each layer (that is, the tuning curves are not perfectly translation
invariant). As predicted, with an appropriate choice of the matrices A1,
A2 and A3 (Supplementary Note), a linear combination of the input
activities, r3 ¼ A1

Tr1+ A2
Tr2+ A3

Tr3, is optimal.
Another important property of equation (4) worth emphasizing is

that it imposes no constraint on the shape of the probability distribu-
tion with respect to s, so long as h(s) forms a basis set. In other words,
our scheme works for a large class of distributions over s, not just
Gaussian distributions.

Finally, it is easy to incorporate prior distributions. We encode the
desired prior in a population code (using equation (1)) and add that to
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Figure 3 Inference with non–translation invariant Gaussian and sigmoidal tuning curves. (a) Mean activity in the three input layers. Blue curves, input layer
with Gaussian tuning curves. Red curves, input layers with sigmoidal tuning curves with positive slopes. Green curves, input layers with sigmoidal tuning
curves with negative slopes. The noise in the curves is due to variability in the baseline, widths, slopes and amplitudes of the tuning curves and to the fact that
the tuning curves are not equally spaced along the stimulus axis. (b) Activity in the three input layers on a given trial. These activities were sampled from
Poisson distributions with means as in a. Color legend as in a. (c) Solid lines, mean activity in the output layer. Circles, output activity on a given trial,
obtained by a linear combination of the input activities shown in b. (d) Blue curves, probability distribution encoded by the blue stars in b (input layer with
Gaussian tuning curves). Red-green curve, probability distribution encoded by the red and green circles in b (the two input layers with sigmoidal tuning
curves). Magenta curve, probability distribution encoded by the activity shown in c (magenta circles). Black dots, probability distribution obtained with Bayes
rule (that is, the product of the blue and red-green curves appropriately normalized). The fact that the black dots are perfectly lined up with the magenta curve
demonstrates that the output activity shown in c encodes the probability distribution expected from Bayes rule.

Figure 2 Inference with probabilistic population codes for Gaussian
probability distributions and Poisson variability. The left plots correspond
to population codes for two cues, c1 and c2, related to the same variable s.
Each of these encodes a probability distribution with a variance inversely
proportional to the gains, g1 and g2, of the population codes (K is a constant
depending on the width of the tuning curve and the number of neurons).
Adding these two population codes leads to the output population activity
shown on the right. This output also encodes a probability distribution with a
variance inversely proportional to the gain. Because the gain of this code is
g1 + g2, and g1 and g2 are inversely proportional to s1

2 and s2
2, respectively,

the inverse variance of the output population code is the sum of the inverse
variances associated with c1 and c2. This is precisely the variance expected
from an optimal Bayesian inference (equation (3)). In other words, taking the
sum of two population codes is equivalent to taking the product of their
encoded distributions.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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Sk is the covariance matrix of rk, and f ¢k is the derivative of the tuning
curves. In the case of independent Poisson noise, identically shaped
tuning curves, f(s), in the two populations, and different gains, it turns
out that h(s) ¼ log f(s), and fk(rk,gk) ¼ exp(-cgk)Pi exp(rki log gk)/rki!
with c a constant.

As indicated by equation (5), for addition of population codes to be
optimal, the right-hand side of this equation must be independent of
both gk and k. As f ¢ is clearly proportional to the gain, for the first
condition to be satisfied Sk(s,gk) must also be proportional to the gain.
This is exactly what is observed in cortex, where it is found that the
covariance matrix is proportional to the mean spike count6,20, which in
turn is proportional to the gain. This applies in particular to indepen-
dent Poisson noise, for which the variance is equal to the mean, but is
not limited to that distribution. For instance, we do not require that the
neurons be independent (that is, that Sk(s,gk) be diagonal). Also,
although we need the covariance to be proportional to the mean, the
constant of proportionality does not have to be 1. This is important
because how the diagonal elements of the covariance matrix scale with g
determines the Fano factor, and values reported in cortex for this
scaling are not always 1 (as would be the case for purely Poisson
neurons) but instead range from 0.3 to 1.8 (refs. 6,20).

The second condition, that h¢(s) must be independent of k, requires
that h(s) be identical, up to an additive constant, in all input layers. This

occurs, for instance, when the input tuning curves are identical and the
noise is independent and Poisson. When the h(s)’s are not the same, so
that h(s)- hk(s), addition is no longer optimal, but optimality can still
be achieved with linear combinations of activity, that is, a dependence
of the form r3 ¼ A1

Tr1 + A2
Tr2 (provided the functions of s that make

up the components of the hk(s)’s are drawn from a common basis set;
details in Supplementary Note). Therefore, even if the tuning curves
and covariance structures are completely different in the two popula-
tion codes—for instance, Gaussian tuning curves in one and sigmoidal
curves in the other—optimal Bayesian inference can be achieved with
linear combinations of population codes.

To illustrate this point, we show a simulation (Fig. 3) in which there
are three input layers in which the tuning curves are Gaussian, sigmoidal
increasing and sigmoidal decreasing, and the parameters of the tuning
curves, such as the widths, slopes, amplitude and baseline activity, vary
within each layer (that is, the tuning curves are not perfectly translation
invariant). As predicted, with an appropriate choice of the matrices A1,
A2 and A3 (Supplementary Note), a linear combination of the input
activities, r3 ¼ A1

Tr1+ A2
Tr2+ A3

Tr3, is optimal.
Another important property of equation (4) worth emphasizing is

that it imposes no constraint on the shape of the probability distribu-
tion with respect to s, so long as h(s) forms a basis set. In other words,
our scheme works for a large class of distributions over s, not just
Gaussian distributions.

Finally, it is easy to incorporate prior distributions. We encode the
desired prior in a population code (using equation (1)) and add that to
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Figure 3 Inference with non–translation invariant Gaussian and sigmoidal tuning curves. (a) Mean activity in the three input layers. Blue curves, input layer
with Gaussian tuning curves. Red curves, input layers with sigmoidal tuning curves with positive slopes. Green curves, input layers with sigmoidal tuning
curves with negative slopes. The noise in the curves is due to variability in the baseline, widths, slopes and amplitudes of the tuning curves and to the fact that
the tuning curves are not equally spaced along the stimulus axis. (b) Activity in the three input layers on a given trial. These activities were sampled from
Poisson distributions with means as in a. Color legend as in a. (c) Solid lines, mean activity in the output layer. Circles, output activity on a given trial,
obtained by a linear combination of the input activities shown in b. (d) Blue curves, probability distribution encoded by the blue stars in b (input layer with
Gaussian tuning curves). Red-green curve, probability distribution encoded by the red and green circles in b (the two input layers with sigmoidal tuning
curves). Magenta curve, probability distribution encoded by the activity shown in c (magenta circles). Black dots, probability distribution obtained with Bayes
rule (that is, the product of the blue and red-green curves appropriately normalized). The fact that the black dots are perfectly lined up with the magenta curve
demonstrates that the output activity shown in c encodes the probability distribution expected from Bayes rule.

Figure 2 Inference with probabilistic population codes for Gaussian
probability distributions and Poisson variability. The left plots correspond
to population codes for two cues, c1 and c2, related to the same variable s.
Each of these encodes a probability distribution with a variance inversely
proportional to the gains, g1 and g2, of the population codes (K is a constant
depending on the width of the tuning curve and the number of neurons).
Adding these two population codes leads to the output population activity
shown on the right. This output also encodes a probability distribution with a
variance inversely proportional to the gain. Because the gain of this code is
g1 + g2, and g1 and g2 are inversely proportional to s1

2 and s2
2, respectively,

the inverse variance of the output population code is the sum of the inverse
variances associated with c1 and c2. This is precisely the variance expected
from an optimal Bayesian inference (equation (3)). In other words, taking the
sum of two population codes is equivalent to taking the product of their
encoded distributions.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1

k
ðs; gkÞf 0kðs; gkÞ ð5Þ
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,

pðsjrÞ /
Y

i

e#fiðsÞfiðsÞri

ri!
pðsÞ;

where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
2

s2
1+s2

2

m1+
s2

1

s2
1+s2

2

m2 ð2Þ

1

s2
3

¼ 1

s2
1

+
1

s2
2

ð3Þ

Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys

h0ðsÞ ¼
X#1

k
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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given in terms of a probability distribution, p(r|s). This response
distribution then very naturally encodes the posterior distribution
over s, p(s|r), through Bayes’ theorem8,9,

pðsjrÞ / pðrjsÞpðsÞ ð1Þ
To take a specific example, for independent Poisson neural varia-

bility, equation (1) becomes,
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where fi(s) is the tuning curve of neuron i. In this case, the posterior
distribution, p(s|r), converges to a Gaussian as the number of neurons
increases (assuming a flat prior over s, an assumption we make now
only for convenience, but drop later). The mean of this distribution is
close to the stimulus at which the population activity peaks (Fig. 1).
The variance, s2, is also encoded in the population activity—it
is inversely proportional to the amplitude of the hill of activity13–15.
Using g (for gain; see Fig. 1) to denote the amplitude of the hill of
activity, we have g / 1=s2. Thus, for independent Poisson neural
variability (and, in fact, for many other noise models, as we discuss
below), it is possible to encode any Gaussian probability distribution
with population activity. This type of parameterization is sometimes
known as a product of experts16.

A simple case study: multisensory integration
Although it is clear that population activity can represent probability
distributions, can they carry out any optimal computations—or
inference—in ways consistent with human behavior? Before asking
how neurons can do this, however, we need to define precisely what we
mean by ‘optimal’.

In a cue combination task, the goal is to integrate two cues, c1 and c2,
both of which provide information about the same stimulus, s. For

instance, s could be the spatial location of a stimulus, c1 could be a
visual cue for the location, and c2 could be an auditory cue. Given
observations of c1 and c2, and under the assumption that these
quantities are independent given s, the posterior over s is obtained
via Bayes’ rule, pðsjc1; c2Þ / pðc1jsÞpðc2jsÞpðsÞ.

When the prior is flat and the likelihood functions, p(c1|s) and
p(c2|s), are Gaussian with respect to s with means m1 and m2 and
variances s1

2 and s2
2, respectively, the mean and variance of

the posterior, m3 and s3
2, are given by the following equations

(from ref. 17):

m3 ¼ s2
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Experiments show that humans perform a close approximation to
this Bayesian inference—meaning their mean and variance, averaged
over many trials, follow equations (2) and (3)—when tested on cue
combination2,3,18,19.

Now that we have a target for optimality—equations (2) and
(3)—we can ask how neurons can achieve it. Again we consider
two cues, c1 and c2, but here we encode them in population activities,
r1 and r2, respectively, with gains g1 and g2 (Fig. 2). These probabilistic
population codes (PPCs) represent two likelihood functions,
p(r1|s) and p(r2|s). We also assume (for now) that (i) r1 and r2 have
the same number of neurons, and (ii) two neurons with the same
index i share the same tuning curve profile; that is, the mean value
of both r1i and r2i are proportional to fi(s). What we now show is
that when the prior is flat (p(s) ¼ constant), taking the sum of
the two population codes, r1 and r2, is equivalent to optimal Bayesian
inference. By taking the sum, we mean that we construct a third
population, r3 ¼ r1 + r2, which is the sum of r1 and r2 on a neuron-
by-neuron basis: r3i¼ r1i + r2i. If r1 and r2 follow Poisson distributions,
so will r3. Therefore, r3 encodes a likelihood function with variance
s3

2, where s3
2 is inversely proportional to the gain of r3. Notably, the

gain of the third population, denoted g3, is simply the sum of the gains
of the first two: g3 ¼ g1 + g2 (Fig. 2). Because gk is proportional to 1/sk

2

(k¼ 1, 2, 3), with a constant of proportionality that is independent of k,
this relationship between the gains implies that 1/s3

2 ¼1/s1
2 +1/s2

2.
This is exactly equation (3). Consequently, the variance of the dis-
tribution encoded by r3 is precisely the variance of the posterior
distribution, p(s|c1,c2).

General theory and the exponential family of distributions
Does the strategy of adding population codes lead to optimal
inference under more general conditions, such as non-Gaussian dis-
tributions over the stimulus and non-Poisson neural variability? In
general, the sum, r3 ¼ r1 + r2, is Bayes-optimal if p(s|r3) is equal to
p(s|r1)p(s|r2) or, equivalently, if pðr1 + r2jsÞ / pðr1jsÞpðr2jsÞ. This is
not the case for most probability distributions (such as additive
Gaussian noise with fixed variance; see Supplementary Note online)
but, as shown in Supplementary Note, the sum is Bayes-optimal if
all distributions are what we call Poisson-like; that is, distributions of
the form

pðrkjs; gkÞ ¼ fkðrk; gkÞ expðhTðsÞrkÞ ð4Þ
where the index k can take the value, 1, 2 or 3, and the kernel h(s)
obeys
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Figure 1 Certainty and gain. (a) The population activity, r, on the left is the
single trial response to a stimulus whose value was 70. All neurons were
assumed to have a translated copy of the same generic Gaussian tuning curve
to s. Neurons are ranked by their preferred stimulus (that is, the stimulus
corresponding to the peak of their tuning curve). The plot on the right shows
the posterior probability distribution over s given r, as recovered using Bayes’
theorem (equation (1)). When the neural variability follows an independent
Poisson distribution (which is the case here), it is easy to show that
the gain, g, of the population code (its overall amplitude) is inversely
proportional to the variance of the posterior distribution, s2. (b) Decreasing
the gain increases the width of the encoded distribution. Note that the
population activity in a and b have the same widths; only their amplitudes
are different.
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Figure 2.10 Spatial receptive field structure of simple cells. (A) and (C) Spatial
structure of the receptive fields of two neurons in cat primary visual cortex deter-
mined by averaging stimuli between 50 ms and 100 ms prior to an action poten-
tial. The upper plots are three-dimensional representations, with the horizontal
dimensions acting as the x-y plane and the vertical dimension indicating the mag-
nitude and sign of Ds(x, y). The lower contour plots represent the x-y plane.
Regions with solid contour curves are ON areas where Ds(x, y) > 0, and regions
with dashed contours are OFF areas where Ds(x, y) < 0. (B) and (D) Gabor func-
tions (equation 2.27) with σx = 1◦ , σy = 2◦ , 1/ k = 0.56◦ , and φ = 1 − π/2 (B) or
φ = 1 − π (D), chosen to match the receptive fields in A and C. (A and C adapted
from Jones and Palmer, 1987a.)
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.

fr
eq

ue
nc

y

29 30 44 45 83 92 129 151
0

100

200

300

400

500

600

700

postnatal age (days)

di
ve

rg
en

ce
 (

K
L,

 b
its

/s
ec

)

M

S

electrode number

tim
e

{2 ms

activity patterns
1 6 11 16

CONDITION 1

C

A B

activity patterns

KL

10 5 10 4 10 3 10 2 10 1 100

pattern frequency (M)

10 5

10 4

10 3

10 2

10 1

100

pa
tte

rn
 fr

eq
ue

nc
y 

(S
)

P129

tim
e 

(s
ec

)

0

8

16

nu
m

be
r 

of
 s

pi
ke

s

10 5 10 4 10 3 10 2 10 1 100

pattern frequency (M)

10 5

10 4

10 3

10 2

10 1

100

pa
tte

rn
 fr

eq
ue

nc
y 

(S
)

P29S

channels

M

channels channels

tim
e 

(s
ec

)

S

channels

M
0

25

50
1 8 16 1 8 16

0

25

50
1 8 16 1 8 16

www.sciencemag.org SCIENCE VOL 331 7 JANUARY 2011 85

REPORTS

 o
n 

Ja
nu

ar
y 

6,
 2

01
1

w
w

w
.s

ci
en

ce
m

ag
.o

rg
D

ow
nl

oa
de

d 
fro

m
 

kor

kü
lö

nb
öz

õs
ég

models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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models. Yet identifying the neural correlates of op-
timal internal models has remained a challenge
(see supporting online text).

We addressed this problem by relating evoked
and spontaneous neural activity (EA and SA, re-
spectively) (9) to two key aspects of Bayesian
computations performed with the internal model
(Fig. 1A). The first key aspect is that a statistically
optimal internal model needs to represent its in-
ferences as a probability distribution, the Bayesian
posterior P(features|input, model) (2, 10) describ-
ing the inferred probability that a particular com-
bination of features may underlie the input. Thus,
under the general assumption that the visual cortex
implements such an optimal internal model, EA
should represent the posterior probability distri-
bution for a given input image (2, 11, 12), and SA
should represent the posterior distribution elicited
by a blank stimulus. The second key aspect of a
statistically optimal internal model, under only
mild assumptions about its structure, is that the
posterior represented by SA converges to the prior
distribution, which describes prior expectations
about the frequency with which any given com-
bination of features may occur in the environ-
ment, P(features|model). This is because as the
brightness or contrast of the visual stimulus is
decreased, inferences about the features present

in the input will be increasingly dominated by
these prior expectations (for a formal derivation,
see supporting online text). This effect has been
demonstrated in behavioral studies (3, 13), and it
is also consistent with data on neural responses in
the primary visual cortex (V1) (14). Relating EA
and SA to the posterior and prior distributions
provides a complete, data-driven characterization
of the internal model without making strong
theoretical assumptions about its precise nature.

Crucially, this interpretation of the EA and SA
distributions allowed us to assess statistical opti-
mality of the internal model with respect to an en-
semble of visual inputs, P(input), using a standard
benchmark of the optimality of statistical models
(Fig. 1B) (15). A statistical model of visual inputs
that is optimally adapted to a stimulus ensemble
must have prior expectations that match the actual
frequency with which it encounters different visual
features in that ensemble (16). The degree of mis-
match can be quantified as the divergence between
the average posterior and the prior:

Div½〈Pðfeaturesjiput,modelÞ〉PðinputÞ
∥ PðfeaturesjmodelÞ$ ð1Þ

where the angular brackets indicate averaging
over the stimulus ensemble. A well-calibrated

model will predict correctly the frequency of fea-
ture combinations in actual visual scenes, leading
to a divergence close to zero. However, if the
model is not adapted, or it is adapted to a different
stimulus ensemble from the actual test ensemble,
then a large divergence is expected. As we iden-
tified EA and SA with the posterior and prior
distributions of the internal model, the statistical
optimality of neural responses with respect to a
stimulus ensemble can be quantified by applying
Eq. 1 to neural data, i.e., by computing the di-
vergence between the average distribution of multi-
neural EA (aEA), collected in response to stimuli
sampled from the stimulus ensemble, and the dis-
tribution of SA (17) (Fig. 2A).

Because the internal model of the visual cortex
needs to be adapted to the statistical properties of
natural scenes, Eq. 1 should yield a low diver-
gence between aEA for natural scenes and SA in
the mature visual system. We therefore measured
the population activity within the visual cortex of
awake, freely viewing ferrets in response to natural-
scene movies (aEA) and in darkness (SA) at four
different developmental stages: after eye opening at
postnatal day 29 (P29) to P30, after thematuration
of orientation tuning and long-range horizontal
connections at P44 to P45 (18), and in two groups
of mature animals at P83 to P90 and P129 to P151

Fig. 2. Improving match
between aEA and SA over
development. (A) Spikes
were recorded on 16 elec-
trodes, divided intodiscrete
2-ms bins, and converted
to binary strings, so that
each string described the
activity pattern of cells at a
given time point (top). For
each condition, the histo-
gram of activity patterns
was constructed, and dif-
ferent histograms were
compared by measuring
their divergence (bottom).
(B) Divergence between
the distributions of activity
patterns in movie-aEA (M)
and SA (S), as a function of
age (red bars). As a ref-
erence, the dashed line
shows the average of the
within-condition baselines
computed with within-
condition data split into
two halves (fig. S1). (C)
Frequency of occurrence
of activity patterns under
SA (S, y axis) versusmovie-
aEA (M, x axis) in a young
(left) and adult (right)
animal. Each dot repre-
sents one of the 216 =
65,536 possible binary
activity patterns; color code indicates number of spikes. Black line shows equality. The panels at the left of the plots show examples of neural activity on the 16
electrodes in representative SA and movie-aEA trials for the same animals. Error bars on all figures represent SEM.
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(n = 16 animals in total, table S1). The divergence
between aEA and SA decreased with age (Fig. 2,
B and C, Spearman’s r = –0.70, P < 0.004), and
the two distributionswere not significantly different
in mature animals (fig. S1, P83 to P90:m = 5.74,
P = 0.11; P129 to P151: m = 2.03, P = 0.25).

What aspects of aEA and SA are responsible
for their improvingmatch with age? Redundancy
reduction, one prominent assumption regarding
neural coding (19), would predict that neurons

behave as sparse (20, 21) and uncorrelated in-
formation channels (22). To assess the importance
of correlations between the activities of different
neurons, we constructed surrogate distributions for
aEA and SA that preserved single-neuron firing
rates but otherwise assumed that neurons fired
independently (17). Thus, any divergence between
a real and a surrogate distribution must be due to
correlated neural activities of second (23) or higher
order. By computing this divergence, we found

that the activity of neurons in both aEA and SA
became increasingly correlated (Fig. 3A, Spearman’s
r = 0.73, P < 0.002 for both curves) and in-
creasingly nonsparse with age (fig. S2), which ar-
gues against redundancy reduction.Moreover, these
increasing correlations were important for thematch
between aEA and SA because the surrogate SA did
not converge to the true aEA (Fig. 3B, Spearman’s
r = 0.34, P = 0.22), excluding the possibility that
the decreasing divergence between aEA and SA

Fig. 3. Contribution of spatial and temporal cor-
relations to the match between aEA and SA. (A and
B) The role of spatial correlations was quantified by
the divergence between the measured distributions
of neural activity patterns, movie-aEA (M) and SA
(S), and the surrogate versions of the same distribu-
tions (M̃ and S̃), in which correlations between chan-
nels were removed, while the firing rates were kept
intact (17). (A) The divergence between the measured
and surrogate distributions increased significantly
over age for both movie-aEA (orange) and SA (gray).
(B) Enhanced match between movie-aEA and SA over
development (red, compare Fig. 2B) disappeared
when spatial correlations were removed from SA (pink).
(C and D) Divergence of transition probability distribu-
tions between measured neural activity patterns and
their surrogate versions, in which temporal correlations
were removed, while firing rates and spatial correla-
tions were kept intact (17). (C) Temporal correlations in
adult animals (P129 to P151) as a function of the time
interval, t. Within-condition divergences (top) show
that temporal correlations decreased with time lag in
both movie-aEA (orange) and SA (gray). Across-
condition comparison (bottom) of the divergence of
aEA from themeasured SA (red) and from the surrogate
SA (pink) shows that temporal correlations in the two
conditions were matched up to time intervals when
they decayed to zero. (D) Temporal correlations at the
shortest time interval (t = 2 ms) as a function of age.
The match of transition probabilities between movie-
aEA and SA improved (red). Removing temporal
correlations from SA eliminated this match (pink). In
all figures, *P < 0.05, **P < 0.01, ***P < 0.001, m test (17).

0

200

400

2 4 6 10 20 40 100 1000
0

200

400

 (msec) postnatal age (days)

postnatal age (days) postnatal age (days)

di
ve

rg
en

ce
 (

K
L,

 b
its

/s
ec

)

di
ve

rg
en

ce
 (

K
L,

 b
its

/s
ec

)
di

ve
rg

en
ce

 (
K

L,
 b

its
/s

ec
)

di
ve

rg
en

ce
 (

K
L,

 b
its

/s
ec

)

**

**

**

** ***

***

M

S

S
~

M
~

C D

A B
M

S

S
~

M
~

M

S

S
~

M

S

S
~500

400

300

200

100

0
29-30 44-45 83-92 129-151

29-30 44-45 83-92 129-15129-30 44-45 83-92 129-151

1400

1200

1000

800

600

400

200

0

1200

1000

800

600

400

200

0

Fig. 4. Similarity be-
tween aEA and SA is
specific to natural scenes.
(A) Divergence between
neural activity patterns
evoked by different stimu-
lus ensembles (movie-aEA:
red, M; noise-aEA: blue,
N; gratings-aEA: green,
G) and those observed in
SA. In adult animals, SA
was significantly more
similar tomovie-aEA than
noise-aEA or gratings-aEA.
(B) Two-dimensional projection of all neural activity distributions. Each dot
represents one activity distribution in a different animal, colors indicate stim-
ulus ensembles (movie-aEA: red, M; noise-aEA: blue, N; gratings-aEA: green,
G; SA: black, S), intensity indicates age group (in order of increasing intensity:
P29 to P30, P44 to P45, P83 to P92, and P129 to P151), ellipses delineate
distributions belonging to the same age group. Positions of dots were
computed by multidimensional scaling (MDS) to be maximally consistent with
pairwise divergences between distributions. Movie-aEAs were defined to be at

the origin. For young animals (faintest colors), SA was significantly dissimilar
from all aEA distributions. In the course of development, SA moved closer to
all aEAs; but by P129 to P151, SA was significantly more similar to movie-aEA
than artificial stimuli–aEAs, as quantified in (A). (C) Divergences measured
directly between different aEA distributions (noise-aEA and movie-aEA: ma-
genta, gratings-aEA and movie-aEA: yellow, gratings-aEA and noise-aEA:
cyan) showed no decrease in the specificity of the responses to different
stimulus ensembles.

+

*

**

M

S

GN

A B C

M

N G

postnatal age (days) postnatal age (days)MDS dim 1 (a.u.)

M
D

S
 d

im
 2

 (
a.

u.
)

 d
iv

er
ge

nc
e 

(K
L,

 b
its

/s
ec

)

 d
iv

er
ge

nc
e 

(K
L,

 b
its

/s
ec

)

500

400

300

200

100

0

500

600

700

400

300

200

100

0
29-30 44-45 83-92 129-15129-30 44-45 83-92 129-151

M
N
G
S

-0.5 -0.4 -0.3 -0.2 -0.1 0 0.1

0.2

0.1

0

-0.1

-0.2

-0.3

-0.4

7 JANUARY 2011 VOL 331 SCIENCE www.sciencemag.org86

REPORTS

 o
n 

Ja
nu

ar
y 

6,
 2

01
1

w
w

w
.s

ci
en

ce
m

ag
.o

rg
D

ow
nl

oa
de

d 
fro

m
 

természetes képek 
zaj 
periodikusan sávozott képek

http://people.brandeis.edu/~ogergo


Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

Bayesian inference

 30

First-order statistics (pixel histograms)

image



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |
evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

contrast

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =
⌘

contrast⇥
⇣



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

contrast

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =
⌘

contrast⇥
⇣

P(image|a
1

, a
2

, . . . , aN , c)| {z }
sensory evidence



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

contrast

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =
⌘

contrast⇥
⇣

P(image|a
1

, a
2

, . . . , aN , c)| {z }
sensory evidence

P(a
1

, a
2

, . . . , aN | image, c)| {z }
posterior

⇥ P(a
1

, a
2

, . . . , aN | c)| {z }
prior

�



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

contrast

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =
⌘

contrast⇥
⇣

P(image|a
1

, a
2

, . . . , aN , c)| {z }
sensory evidence

P(a
1

, a
2

, . . . , aN | image, c)| {z }
posterior

⇥ P(a
1

, a
2

, . . . , aN | c)| {z }
prior

�

Demonstrated efficiency in: 

pattern-completion 

compression 

denoising



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

expectation

evidence

Bayesian inference

 30

First-order statistics (pixel histograms)

image

linear features

contrast

1

… 
2 N neural activities

[ a1, a2, ..., aN ]

a1 feature1 + a2 feature2 + . . .+ aN featureN + noise

image =
⌘

contrast⇥
⇣

P(image|a
1

, a
2

, . . . , aN , c)| {z }
sensory evidence

P(a
1

, a
2

, . . . , aN | image, c)| {z }
posterior

⇥ P(a
1

, a
2

, . . . , aN | c)| {z }
prior

�

Demonstrated efficiency in: 

pattern-completion 

compression 

denoising

the parametric form of both  
evidence and expectation is determined by  

natural image statistics 



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

mean responses

 31



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

mean responses

 31

fe
at

ur
e 

#2

feature #1



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

mean responses

 31

fe
at

ur
e 

#2

feature #1



Gergő Orbán     | |   20 03 2015    |INI colloquium

     |

mean responses

 31

traditional theories  
e.g. Olshausen & Field, Nature 1996,  
Schwartz & Simoncelli, Nat Neurosci 
2001
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ber of mechanisms. For example, feedforward synaptic depres-
sion mechanisms have been documented and have been shown to
exhibit gain control properties30. Although such mechanisms
may account for suppressive behaviors within the classical recep-
tive field, they seem unlikely to account for such behaviors like
those shown in Fig. 6. It has also been proposed that normaliza-
tion could result from shunting inhibition driven by other neu-
rons31–33. This type of implementation necessarily involves
recursive lateral or feedback connections and thus introduces
temporal dynamics. Some researchers have described recurrent
models that can produce steady-state responses consistent with
divisive normalization in primary visual cortex10,20.

Some of the gain control behaviors we describe may be attrib-
uted to earlier stages of neural processing. Gain control occurs
at the level of the retina9,34, although selectivity for orientation
does not arise before cortical area V1. In fact, division by local

Fig. 7. Nonlinear changes in tuning curves at different input levels. 
(a) Mean response rate of a V1 neuron as a function of stimulus radius
for two different contrasts. The peak response radius for both cell and
model is smaller for the higher contrast24. (b) Mean response rate of an
auditory nerve fiber as a function of stimulus frequency for a range of
sound pressure levels16. Tuning curve broadens and saturates at high
levels. For all plots, maximum model response has been rescaled to
match that of the cell.

nonlinear behaviors of neurons. For example, a number of audi-
tory models have incorporated explicit gain control mecha-
nisms8,28,29. Visual models based on divisive normalization have
been developed to explain nonlinear effects in cortical area V1
within the classical receptive field10,20. The standard model
assumes that the response of each neuron is divided by an equal-
ly weighted sum of all other neurons and an additive constant.
Our model uses a weighted sum for the normalization signal, and
is thus able to account for a wider range of nonlinear behaviors. In
addition, our model provides an ecological justification, through
the efficient coding hypothesis2, for such gain control models.

Our model accounts for nonlinear changes in tuning curve
shape at different levels of input. Such behaviors have been gen-
erally interpreted to mean that the fundamental tuning proper-
ties of cells depend on the strength of the input signal. But in our
model, the fundamental tuning properties are determined by a
fixed linear receptive field, and are modulated by a gain control
signal with its own tuning properties. Although such behaviors
may seem to be artifacts, our model suggests that they occur nat-
urally in a system that is optimized for statistical independence
over natural signals.

Our current model provides a functional description, and
does not specify the circuitry or biophysics by which these func-
tions are implemented. Our normalization computation is done
instantaneously and we have only modeled mean firing rates.
Normalization behavior could potentially arise through a num-

Fig. 6. Suppression of responses to optimal stimuli by masking stimuli.
(a) Vision experiment24. Mean response rate of a V1 neuron of an audi-
tory nerve fiber as a function of contrast of an optimally oriented grat-
ing presented in the classical receptive field, in the presence of a
surrounding parallel masking stimulus. Curves on cell data plots are fits
of a Naka–Rushton equation with two free parameters24. (b) Mean
response rate versus center contrast, in the presence of an orthogonal
surround mask. (c) Auditory experiment11. Mean response rate of an
auditory nerve fiber versus sound pressure level, in the presence of a
non-optimal mask at 1.25 times the optimal frequency. (d) Mean
response rate versus sound pressure level, in the presence of a non-
optimal mask at 2.08 times the optimal frequency. For all plots, maxi-
mum model response has been rescaled to match that of the cell.
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ber of mechanisms. For example, feedforward synaptic depres-
sion mechanisms have been documented and have been shown to
exhibit gain control properties30. Although such mechanisms
may account for suppressive behaviors within the classical recep-
tive field, they seem unlikely to account for such behaviors like
those shown in Fig. 6. It has also been proposed that normaliza-
tion could result from shunting inhibition driven by other neu-
rons31–33. This type of implementation necessarily involves
recursive lateral or feedback connections and thus introduces
temporal dynamics. Some researchers have described recurrent
models that can produce steady-state responses consistent with
divisive normalization in primary visual cortex10,20.

Some of the gain control behaviors we describe may be attrib-
uted to earlier stages of neural processing. Gain control occurs
at the level of the retina9,34, although selectivity for orientation
does not arise before cortical area V1. In fact, division by local

Fig. 7. Nonlinear changes in tuning curves at different input levels. 
(a) Mean response rate of a V1 neuron as a function of stimulus radius
for two different contrasts. The peak response radius for both cell and
model is smaller for the higher contrast24. (b) Mean response rate of an
auditory nerve fiber as a function of stimulus frequency for a range of
sound pressure levels16. Tuning curve broadens and saturates at high
levels. For all plots, maximum model response has been rescaled to
match that of the cell.

nonlinear behaviors of neurons. For example, a number of audi-
tory models have incorporated explicit gain control mecha-
nisms8,28,29. Visual models based on divisive normalization have
been developed to explain nonlinear effects in cortical area V1
within the classical receptive field10,20. The standard model
assumes that the response of each neuron is divided by an equal-
ly weighted sum of all other neurons and an additive constant.
Our model uses a weighted sum for the normalization signal, and
is thus able to account for a wider range of nonlinear behaviors. In
addition, our model provides an ecological justification, through
the efficient coding hypothesis2, for such gain control models.

Our model accounts for nonlinear changes in tuning curve
shape at different levels of input. Such behaviors have been gen-
erally interpreted to mean that the fundamental tuning proper-
ties of cells depend on the strength of the input signal. But in our
model, the fundamental tuning properties are determined by a
fixed linear receptive field, and are modulated by a gain control
signal with its own tuning properties. Although such behaviors
may seem to be artifacts, our model suggests that they occur nat-
urally in a system that is optimized for statistical independence
over natural signals.

Our current model provides a functional description, and
does not specify the circuitry or biophysics by which these func-
tions are implemented. Our normalization computation is done
instantaneously and we have only modeled mean firing rates.
Normalization behavior could potentially arise through a num-

Fig. 6. Suppression of responses to optimal stimuli by masking stimuli.
(a) Vision experiment24. Mean response rate of a V1 neuron of an audi-
tory nerve fiber as a function of contrast of an optimally oriented grat-
ing presented in the classical receptive field, in the presence of a
surrounding parallel masking stimulus. Curves on cell data plots are fits
of a Naka–Rushton equation with two free parameters24. (b) Mean
response rate versus center contrast, in the presence of an orthogonal
surround mask. (c) Auditory experiment11. Mean response rate of an
auditory nerve fiber versus sound pressure level, in the presence of a
non-optimal mask at 1.25 times the optimal frequency. (d) Mean
response rate versus sound pressure level, in the presence of a non-
optimal mask at 2.08 times the optimal frequency. For all plots, maxi-
mum model response has been rescaled to match that of the cell.
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ber of mechanisms. For example, feedforward synaptic depres-
sion mechanisms have been documented and have been shown to
exhibit gain control properties30. Although such mechanisms
may account for suppressive behaviors within the classical recep-
tive field, they seem unlikely to account for such behaviors like
those shown in Fig. 6. It has also been proposed that normaliza-
tion could result from shunting inhibition driven by other neu-
rons31–33. This type of implementation necessarily involves
recursive lateral or feedback connections and thus introduces
temporal dynamics. Some researchers have described recurrent
models that can produce steady-state responses consistent with
divisive normalization in primary visual cortex10,20.

Some of the gain control behaviors we describe may be attrib-
uted to earlier stages of neural processing. Gain control occurs
at the level of the retina9,34, although selectivity for orientation
does not arise before cortical area V1. In fact, division by local

Fig. 7. Nonlinear changes in tuning curves at different input levels. 
(a) Mean response rate of a V1 neuron as a function of stimulus radius
for two different contrasts. The peak response radius for both cell and
model is smaller for the higher contrast24. (b) Mean response rate of an
auditory nerve fiber as a function of stimulus frequency for a range of
sound pressure levels16. Tuning curve broadens and saturates at high
levels. For all plots, maximum model response has been rescaled to
match that of the cell.

nonlinear behaviors of neurons. For example, a number of audi-
tory models have incorporated explicit gain control mecha-
nisms8,28,29. Visual models based on divisive normalization have
been developed to explain nonlinear effects in cortical area V1
within the classical receptive field10,20. The standard model
assumes that the response of each neuron is divided by an equal-
ly weighted sum of all other neurons and an additive constant.
Our model uses a weighted sum for the normalization signal, and
is thus able to account for a wider range of nonlinear behaviors. In
addition, our model provides an ecological justification, through
the efficient coding hypothesis2, for such gain control models.

Our model accounts for nonlinear changes in tuning curve
shape at different levels of input. Such behaviors have been gen-
erally interpreted to mean that the fundamental tuning proper-
ties of cells depend on the strength of the input signal. But in our
model, the fundamental tuning properties are determined by a
fixed linear receptive field, and are modulated by a gain control
signal with its own tuning properties. Although such behaviors
may seem to be artifacts, our model suggests that they occur nat-
urally in a system that is optimized for statistical independence
over natural signals.

Our current model provides a functional description, and
does not specify the circuitry or biophysics by which these func-
tions are implemented. Our normalization computation is done
instantaneously and we have only modeled mean firing rates.
Normalization behavior could potentially arise through a num-

Fig. 6. Suppression of responses to optimal stimuli by masking stimuli.
(a) Vision experiment24. Mean response rate of a V1 neuron of an audi-
tory nerve fiber as a function of contrast of an optimally oriented grat-
ing presented in the classical receptive field, in the presence of a
surrounding parallel masking stimulus. Curves on cell data plots are fits
of a Naka–Rushton equation with two free parameters24. (b) Mean
response rate versus center contrast, in the presence of an orthogonal
surround mask. (c) Auditory experiment11. Mean response rate of an
auditory nerve fiber versus sound pressure level, in the presence of a
non-optimal mask at 1.25 times the optimal frequency. (d) Mean
response rate versus sound pressure level, in the presence of a non-
optimal mask at 2.08 times the optimal frequency. For all plots, maxi-
mum model response has been rescaled to match that of the cell.
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Cavanagh, 2000

• non-linear interaction between with-
receptive field and extra-receptive field 
stimulation 

• uncertainty is affected by extra 
information
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• consequence of the representation of prior 

• stimulus-dependence of variability 

• stimulus dependence of covariability of multiple neurons
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Figure-5 (Orbán)
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