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Abstract

Neural populations in the neocortex typically encode multiple stimulus features, e.g., posi-
tion, brightness, contrast, and orientation of a visual stimulus in the case of cells in area 17.
Here, we perform a Fisher information analysis of the encoding accuracy of a neural population
which is sensitive to D stimulus features. The neurons are assumed to exhibit a non-vanishing
level of baseline activity. It is shown that the encoding accuracy decreases drastically with D if
the spike count variance depends on the mean spike count, as is the case for Poissonian spike
statistics. The need to reduce the susceptibility to background noise thus poses severe restric-
tions on the neural "ring statistics or the number of encoded stimulus features. The results hold
for uncorrelated as well as for correlated activity in the neural population. � 2001 Elsevier
Science B.V. All rights reserved.
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1. Introduction

The neocortex consists of dozens of areas whose neurons process di!erent*al-
though sometimes overlapping*features of sensory stimuli. This diversi"cation of
signal processing poses the problem of binding the di!erent features belonging to
a single object in order to obtain an appropriate cortical object representation [8].
This problem could be avoided by neurons that are equally sensitive to all, or at least
to many, stimulus features. The observation that this is not the case leads to the
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question why neurons in many areas are specialized in a restricted number of stimulus
features.
Part of the answer lies in the fact that the localization of a stimulus de"ned by

a large number of features requires the neural population to cover a stimulus space of
correspondingly high dimension. The number of neurons necessary for the representa-
tion of D features scales as a�, where a is a measure for the acuity to be obtained in
each dimension. Thus, there is a combinatorial explosion in the population size.
However, the fact that large receptive "elds yield a high representational accuracy
[10,4,13] may restrict the number of required neurons.
Here, we relate the problem of the number of encoded dimensions to the spontan-

eous activity present in most cortical neurons. A Fisher information analysis
[9,13,11,5,6,12] suggests that the neural population meets with a drastic loss of
information content as D is increased. Satisfactory representational accuracy can be
achieved through a restriction in D or through the presence of additive spike count
noise.

2. Theoretical framework

Suppose that a neural population of N neurons encodes a stimulus x"(x
�
,2, x

�
)

consisting of D features. Since the neurons "re in a stochastic manner, the response to
a given stimulus is characterized by the joint probability distribution P(n�x), where
n"(n

�
,2, n

�
) is the vector of spike counts measured within an observation time �. In

order to assess the coding accuracy achieved by the neural population, we employ the
total Fisher information J(x),

J(x) :"�
�
�
���

1
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�
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, J
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lnP(n �x)�
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where En[2] denotes the expectation value over the distribution P(n �x), and J
�
(x) is

the Fisher information for the individual stimulus feature x
�
. In the present context,

the total Fisher information is especially suitable since its inverse is a lower bound for
the squared error of an unbiased stimulus reconstruction (CrameH r}Rao inequality, see
e.g. [3]), En[(x( (n)!x)�]*1/J(x). This inequality holds for any unbiased spike-count
based estimate x( (n) of the stimulus x.
Correlations between the neural spike counts are described by assuming that P(n�x)

has the form of a Gaussian probability distribution with covariance matrix Q(x) [1].
A general factorization ansatz for this matrix was made by Zhang and Sejnowski [13],

Q
��
(x)"[�

��
#(1!�

��
)q]�[ f

�
(x)]�[ f

�
(x)] (2)

with a parameter 1'q*0 measuring correlation strength, and an arbitrary function
�. The vector f(x)"( f

�
(x),2, f

�
(x)) combines the mean "ring rates, i.e., f(x)"�n�/�.

As special cases, Eq. (2) covers additive noise (�(z),s with an arbitrary constant
sO0) [7], multiplicative noise (�(z)"sz), and independent Poissonian spiking in the
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limit F�<1 (�(z)"�z� and q"0). Note that, even in the absence of correlations
(q"0), these three noise models are substantially di!erent in terms of their variance
Q

��
(x): The additive noise has constant variance Q

��
(x)"s�, while multiplicative and

Poissonian noise have variances that increase with the mean, Q
��
(x)"s�f

�
(x)� and

Q
��
(x)"f

�
(x)�, respectively.

The tuning functions f
�
(x), k"1,2,N, are assumed to be of the form

f
�
(x)"F�(�����), with ����� :"��

���
�����
�

and ����
�
:"(x

�
!c���

�
)/	

�
, where 	

�
denotes the

neuronal tuning width for feature i. This form implies that the mean "ring rate only
depends on the sum of the squares of rescaled distances ����

�
between the stimulus x and

the tuning curve center c���. The tuning curve shape function � is normalized to unity,
so that F denotes the maximal "ring rate. Note that the tuning widths 	

�
need not be

equal, thus allowing broad tuning for some and narrow tuning for other stimulus
features. If there is su$cient tuning curve overlap and N is large, the Fisher informa-
tion for the model population is given by [11,13]

J"
�
��

���
	
�

(1/D)��
���

	�
�
�K(��(F, �,D, q) (3)

with

K
(�� (F, �,D, q) :"

1

1!q
A

(��(F, �,D)#
2!q

1!q
B

(��(F, �,D), (4)

where 
 is the ("xed) number of tuning curves per unit volume in the stimulus space,
and the functions A

(�� (F, �,D) and B
(��(F, �,D) are factors that depend on the shape of

the tuning curve � and on the correlation model function �, but not on the tuning
widths 	

�
. They read as
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As noted in [1,13], the e!ect of uniform correlations of the form of Eq. (2) on the
population's Fisher information is a factor 1/(1!q) that increases the accuracy in the
presence of positive correlations (q'0).

3. Results and discussion

In order to incorporate background activity in the present model, suppose that the
neurons' tuning functions f

�
(x) consist of a stimulus response proportional to F�I

(where �I is normalized to unity) and a constant baseline "ring rate level F�
(0)�)1),

F�(z)"F�#F(1!�)�I (z). (7)
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Fig. 1. Total Fisher information J as a function of baseline activity level � for di!erent numbers D of
encoded features. The curves have been normalized to unity at �"0 in order to make them comparable.
Curves for D"1, 2, 3, 10 were obtained assuming independent Poisson neurons, Eq. (8), the dot}dashed
curve results from the additive noise model �"const., Eq. (9).

For the population described in the previous section, the background
activity implies that the terms A

(�� (F, �,D) and B
(�� (F, �,D) become functions

of the baseline "ring level �. Assuming independent Poissonian "ring at high spike
counts, F�<1, and Gaussian tuning curves, �I (z)"exp(!z/2), one "nds A

(��<B
(��

and

K
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where Li
�
(z) :"�	

���
z�/k� is the polylogarithm function. The plot of this function in

Fig. 1 demonstrates that the baseline activity (as measured by �) deteriorates the
encoding accuracy as expected. An interesting "nding is that the degree to which this
is the case strongly depends on the number of stimulus features D. For large D,
background activity appears to be disastrous for the encoding: At D"10, for
example, a noise level of �"0.1 already leads to a 92% decrease of the Fisher
information, which is equivalent to a more than threefold increase of the minimal
reconstruction error. The underlying reason for this behavior is that, for high dimen-
sionality, most of the volume of the receptive "eld falls into the `border regiona of the
tuning curve (�I ;1), where the majority of spikes belong to the background activity.
A qualitatively similar dependence on � and D results for other tuning curve shapes,
e.g. cos�-tuning.
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Eqs. (5)}(7) imply that the impact of background activity on Fisher information
depends on the correlation model � that is adapted. Assuming additive noise
(�(z),s), for example, one "nds
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The above equation shows that the �-dependence for this kind of "ring rate variance is
always proportional to (1!�)�, regardless of the dimension D. The corresponding
normalized Fisher information is included in Fig. 1 (dot}dashed line). Apparently, it
does not show the increase in susceptibility to background activity at large D, as is
obvious from Eq. (9). In addition, its �-robustness is always superior to the Poisson
model, even at D"1. Thus, a di!erent "ring rate variance can remedy the drastic
decrease of Fisher information with the level of background activity for large D.

4. Conclusion

Our Fisher information calculation of the encoding accuracy of a spontaneously
active neural population suggests that system performance rapidly decreases with the
number D of encoded stimulus features. This holds for usual types of noisy responses,
where the variance of the spike count increases with the mean spike count. The
problem can be avoided through a restriction in D, and does not occur for special
types of noise, e.g. with constant variance.
The analysis of empirical data from cortical neurons will shed further light on the

connection between encoding accuracy, stimulus-uncorrelated background activity,
and the number of relevant stimulus features. For example, the measurement of local
"eld potentials in cat area 17 suggests the existence of background activity related to
the dynamics of the underlying cortical network [2]. The information}theoretic
consequences of this behavior remain to be elucidated.
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