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SUMMARY AND CONCLUSIONS 

1. To analyze the selectivity and the sparseness of firing to 
visual stimuli of single neurons in the primate temporal cortical 
visual area, neuronal responses were measured to a set of 68 visual 
stimuli in macaques performing a visual fixation task. The popula- 
tion of neurons analyzed had responses that occurred primarily to 
faces. The stimuli included 23 faces, and 45 nonface images of 
real-world scenes, so that the function of this brain region could 
be analyzed when it was processing natural scenes. 

2. The neurons were selected to meet the previously used crite- 
ria of face selectivity by responding more than twice as much to 
the optimal face as to the optimal nonface stimulus in the set. 
Application of information theoretic analyses to the responses of 
these neurons confirmed that their responses contained much more 
information about which of 20 face stimuli had been seen (on 
average 0.4 bits) than about which (of 20) nonface stimuli had 
been seen (on average 0.07 bits). 

3. The sparseness of the representation of a scene or object 
provided by each of these neurons (which can be thought of as 
the proportion of stimuli to which the neuron responds, and which 
is fundamental to understanding the network operation of the sys- 
tem) can be defined as 

a = CC i=* nriln)2’Ci=, n(rYln> , , 

where ri is the firing rate to the ith stimulus in the set of y2 stimuli. 
The sparseness has a maximal value of 1.0. It was found that the 
sparseness of the representation of the 68 stimuli by each neuron 
had an average across all neurons of 0.65. This indicates a rather 
distributed representation. 

4. If the spontaneous firing rate was subtracted from the firing 
rate of the neuron to each stimulus, so that the changes of firing 
rate, i.e., the responses of the neurons, were used in the sparseness 
calculation, then the “response sparseness” had a lower value, 
with a mean of 0.33 for the population of neurons, or 0.60 if 
calculated over the set of faces. 

5. Multidimensional scaling to produce a stimulus space repre- 
sented by this population of neurons showed that the different faces 
were well separated in the space created, whereas the different 
nonface stimuli were grouped together in the space. 

6. The information analyses and multidimensional scaling pro- 
vided evidence that what was made explicit in the responses of 
these neurons was information about which face had been seen. 
Information about which nonface stimulus had been seen was not 
made explicit in these neuronal responses. These procedures pro- 
vide an objective and quantitati .ve way to show what is “repre- 
sented” by a particular population of neurons. 

7. The response sparseness value obtained shows further that 
this population provides a distributed representation of information 
about which face is being seen. This type of distributed representa- 

tion is very efficient for fine discriminations between the members 
of a stimulus set: in this case, faces. 

INTRODUCTION 

The visual pathways project by a number of corticocortical 
stages from the primary visual cortex until they reach the 
temporal lobe visual cortical areas (Baizer et al. 199 1; 
Maunsell and Newsome 1987; Rolls 1991, 1992a; Seltzer 
and Pandya 1978). Neurons with different types of sensitiv- 
ity to visual stimuli tend to be found in different parts of 
these temporal cortical areas (Baylis et al. 1987). In some 
areas neurons respond to stimulus properties such as shape, 
orientation, texture, and color (Baylis et al. 1987; Tanaka 
et al. 1991) , and in some other areas, especially areas in the 
cortex in the superior temporal sulcus, up to 20% of the 
neurons with visual responses have selectivity for faces 
(Bruce et al. 1981; Desimone 1991; Desimone and Gross 
1979; Desimone et al. 1984; Gross et al. 1985; Perrett et al. 
1982; Rolls 1981a,b, 1984, 1992a,b). Some of the temporal 
cortical areas provide a representation of objects and faces 
that is relatively invariant with respect to retinal position, 
size, rotation, and even view, and such invariant representa- 
tions form appropriate inputs to associative neuronal net- 
works in structures to which the temporal cortical areas pro- 
ject, such as the hippocampus and amygdala (see, e.g., Rolls 
1992a-c; Treves and Rolls 1994). Consistent with this, le- 
sions of the inferior temporal visual cortex impair the ability 
of monkeys to respond to objects irrespective of changes in 
size, lighting, and viewing angle (Weiskrantz and Saunders 
1984). 

An important question then arises, of how the information 
about objects and faces is represented by the activity of 
temporal cortical neurons. Important issues are how selective 
and “information bearing” ( Suga 1989) the neurons are for 
different classes of stimulus, such as face versus nonface; 
how selective or information bearing the neurons are for 
individual items within a class; whether the neurons use 
“local” or grandmother cell encoding, with strong or even 
great selectivity of a single neuron for a particular object in 
the environment (Barlow 1972), or fully distributed repre- 
sentations in which all the neurons participate (Churchland 
and Sejnowski 1992; Hinton et al. 1986)) or sparse represen- 
tations in which encoding by a sparse ensemble is used 
(Rolls and Treves 1990; Treves and Rolls 199 1) . Sparse 
ensemble encoding might have a number of advantages, such 
as showing continuous generalization as the nature of the 
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input changes, showing graceful degradation if the network 
is incompletely formed or damaged, and providing for large 
numbers of representations to be stored. The sparseness of 
the encoding is an important parameter in setting the number 
of memories that can be stored in a network (Rolls and 
Treves 1990; Treves and Rolls 199 1) . It is the aim of the 
work described here to provide experimental evidence on 
these issues. In previous work on the selectivity of the re- 
sponses of temporal cortical neurons, on the cells with re- 
sponses selective for faces, it has been shown that their 
responses are selective in that they respond more than twice 
as much to the best face as to the best nonface stimulus 
(from a set including a wide range of gratings, simple geo- 
metric stimuli, and complex 3-D objects), and in that this 
difference is statistically significant (see Baylis et al. 1985; 
Rolls 1984, 1992a). In fact, the majority of the neurons in the 
cortex in the superior temporal sulcus classified as showing 
responses selective for faces responded much more specifi- 
cally than this. For ‘/.. of these neurons, their response to the 
most effective face was >5 times as large as to the most 
effective nonface stimulus, and for 25% of these neurons, 
the ratio was greater than 10: 1. The degree of selectivity 
shown by different neurons studied is illustrated in Fig. 6 
of Rolls ( 1992a), and the criteria for classification as face 
selective are elaborated further by Rolls ( 1992a). The re- 
sponses to faces are excitatory, sustained and are time locked 
to the stimulus presentation with a latency of between 80 
and 160 ms. The cells are typically unresponsive to auditory 
or tactile stimuli and to the sight of arousing or aversive 
stimuli. These findings indicate that explanations in terms 
of arousal, emotional, or motor reactions, and simple visual 
feature sensitivity or receptive fields, are insufficient to ac- 
count for the selective responses to faces and face features 
observed in this population of neurons (Baylis et al. 1985; 
Perrett et al. 1982; Rolls and Baylis 1986). Observations 
consistent with these findings have been published by Desi- 
mone et al. ( 1984), who described a similar population of 
neurons located primarily in the cortex in the superior tempo- 
ral sulcus, which responded to faces but not to simpler stim- 
uli such as edges and bars or to complex nonface stimuli 
(see also Gross 1992; Gross et al. 1985). 

In a previous investigation of whether these neurons re- 
spond differently to different faces (and so could provide 
information useful for face identification), we have shown 
that in many cases (77% of 1 sample), these neurons are 
sensitive to differences between faces (as shown by analyses 
of variance) (Baylis et al. 1985). However, each neuron 
does not respond only to one face. Instead, each neuron has 
a different relative response to each of the members of a set 
of faces. To quantify how finely these neurons were tuned 
to the faces of particular individuals, a measure derived from 
information theory, the breadth of tuning metric developed 
by Smith and Travers ( 1979)) was calculated. This is a 
coefficient of entropy (H) for each cell that ranges from 0.0, 
representing total specificity to one stimulus, to 1.0, which 
indicates an equal response to the different stimuli.’ The 

‘H= -kZi = I, npi log pi, where H is the breadth of responsiveness, k 
is the scaling constant (set so that H = 1.0 when the neuron responds 
equally well to all stimuli in the set of size n), and pi is the response to 
stimulus i expressed as a proportion of the total response to all the stimuli 
in the set. 

breadth of tuning of the majority of the neurons analyzed 
was in the range 0.8- 1 .O. It was thus clear from this and 
other quantitative measures of the tuning of these face-re- 
sponsive neurons that they did not respond only to the face 
of one individual, but that, instead, typically each neuron 
responded to a number of faces in the stimulus set (which 
included 5 different faces) (Baylis et al. 1985). Such evi- 
dence shows that only across a population or ensemble of 
such cells is information conveyed that would be useful in 
making different behavioral responses to different faces. 
This information about which individual was being seen was 
very significant, as shown by the finding that the number of 
standard deviations that separated the response to the most 
effective from that to the least effective face in the set (a 
measure analogous to detectability, d’, in signal detection 
theory) was for many neurons greater than 1.0 (Baylis et 
al. 1985). 

The aims of the investigation described here were as fol- 
lows. First, we wished to obtain further evidence on how 
selective the face-responsive cells are for faces, by measur- 
ing their responses across a very large set of face (23) and 
nonface (45) stimuli; and by quantifying what is being repre- 
sented by applying information theoretic analyses to measure 
how much information was available in their responses about 
the faces in the set and about the nonface stimuli in the set. 
We note that if this analysis shows that there is information 
about the faces in the set, then this provides evidence that 
the neuronal responses represent information that could be 
used to identify which of the faces had been seen. To mea- 
sure how much information is available in the responses of 
these neurons, we used the methods developed by Optican 
and Richmond ( 1987), Optican et al. ( 1991), and Tovee et 
al. ( 1993)) following in detail the methods described by 
Tovee et al. ( 1993). Second, we wished to measure the 
sparseness of the representation provided by these visual 
neurons and to do this with a sparseness measure that can 
be applied directly to analyses of the storage capacity of 
networks of neurons (Treves and Rolls 199 1, 1994). 

This investigation is one of a series (Homak et al. 1995; 
Rolls 1992a, 1994a,b) designed to investigate the normal 
functions of the temporal lobe visual cortical areas, and how 
damage to these brain regions may underlie the perceptual 
deficits found in patients with disruption of function of these 
regions. 

METHODS 

Recording techniques 

The activity of single neurons was recorded with glass-insulated 
tungsten microelectrodes [after Merrill and Ainsworth ( 1972)) but 
without the platinum plating] in two alert macaque monkeys (Ma- 
caca mulatta, weight 3.0 kg) seated in a primate chair with the 
use of techniques that have been described previously (Rolls et al. 
1976, 1990). All procedures, including preparative and subsequent 
ones, were carried out in accordance with the Guidelines for the 
Use of Animals in Neuroscience Research approved by the Society 
for Neuroscience, and were licensed under the UK Animals (Scien- 
tific Procedures) Act 1986. The action potentials of single cells 
were amplified with the use of techniques described previously 
(Rolls et al. 1979), converted into digital pulses with the use of 
the trigger circuit of an oscilloscope, and analyzed on-line with 
the use of a MicroVaxII computer. The computer collected peri- 



NEURONAL RESPONSES IN PRIMATE TEMPORAL CORTEX 715 

stimulus rastergrams of neuronal activity for each trial and dis- 
played, printed, and stored each trial, as well as computed the 
peristimulus time histogram by summing trials of a given type. 
Eye position was measured to an accuracy of 0.5’ with the search 
coil technique (Judge et al. 1980)) and steady fixation of a position 
on the monitor screen was ensured by use of a (blink version of 
a) visual fixation task. The timing of the task is described below. 
The stimuli were static visual stimuli presented at the center of the 
video monitor placed at a distance of 1.0 m from the eyes. A full- 
size face image typically subtended 17’ in the visual field. The 
fixation spot position was at the center of the screen. The monitor 
was viewed binocularly, with the whole screen visible to both eyes. 

VISUAL FIXATION TASK. Each trial started at -500 ms (with re- 
spect to the onset of the test image) with a 500-ms warning tone 
to allow fixation of the fixation point, which appeared at the same 
time. At - 100 ms the fixation spot was blinked off so that there 
was no stimulus on the screen in the lOO-ms period immediately 
preceding the test image. The screen in this period, and at all other 
times including the interstimulus interval, was set at the mean 
luminance of the test images. At 0 ms the tone was switched off, 
and the test image was switched on for 500 ms. At the termination 
of the test stimulus, the fixation spot reappeared, and then after a 
random interval in the range 150-3,350 ms, it dimmed, to indicate 
that licking responses to a tube in front of the mouth would result 
in the delivery of fruit juice. The dimming period was 500 ms, and 
after this, the fixation spot was switched off, and reward availability 
terminated 500 ms later. [A diagram of the timing of this task is 
provided by Tovee et al. ( 1994) and Tovee and Rolls ( 1994) .] 
The monkey was required to fixate the fixation spot in that if he 
licked at any time other than when the spot was dimmed, saline 
instead of fruit juice was delivered from the tube; in that the dim- 
ming was by so little that it could only be detected if the monkey 
fixated the spot; and in that if the eyes moved by >0.5” from time 
0 until the start of the dimming period, then the trial was aborted. 
(When a trial aborted, a high-frequency tone sounded for 0.5 s, 
no reinforcement was available for that trial, and the intertrial 
interval was lengthened from 8 to 11 s.) 

Stimuli and stimulus presentation 

Visual stimuli were stored in digital form on a computer disk 
and displayed on a monochrome video monitor with the use of a 
video framestore (Advanced Electronic Design 5 12). The resolu- 
tion of these images was 256 wide by 256 high with 256 gray 
levels. The monitor provided maximum and minimum luminances 
of 292 and 11 cd/m*, respectively, and was adjusted internally 
and by use of a lookup table for linearity to within 3% with the 
use of a photometer. The computer randomized the order of presen- 
tation of these stimuli, switched the stimuli on and off for each 
trial, and synchronized its data collection so that the stimulus was 
turned on at the start of the 21 st bin of the peristimulus time 
histogram. 

The set of 68 stimuli used in these experiments was as follows. 
There were 23 full-size face stimuli similar to those illustrated by 
Baylis et al. ( 1985). Thirteen of these were human faces (9 full 
face, 3 profile, 1 back of head), and 10 were monkey faces (8 
full view, 2 profile). The 45 nonface stimuli were digitized from 
photographs of natural scenes and were kindly provided by Dr. D. 
Tolhurst as part of a set on which quantitative image processing 
analysis has been performed. The scenes included woodland, coun- 
tryside, and foods but tended to exclude manmade objects. A small 
number (4) of the set of non- (whole)face stimuli included small 
representations of people in the scene, and because it was found 
that some of the neurons responded to the people in these scenes, 
care was taken to keep this subset separate when appropriate, and 
such stimuli were not included in the nonface subset used in the 

information theoretic analyses. Figure 1 shows examples of some 
of the face and nonface stimuli used. The mean gray level of all 
the stimuli was set to - 127, and the standard deviation of the 
intensity levels was set to be approximately the same for the differ- 
ent stimuli. In the intertrial interval the luminance of the screen 
was set to a gray level of 127, so that there was no mean luminance 
change at time 0 when the stimulus was turned on. 

When the visual stimuli were being presented on the video moni- 
tor, 1 subset of 20 visual stimuli was used at a time. The computer 
randomized the sequence in which the members of the subset were 
presented, and after it had presented the sequence once, it restarted 
the set with another random sequence. The computer was allowed 
to repeat the set at least five times to provide sufficient data for 
the information theoretic analysis. We checked, and confirmed, 
that the relative responses to the different stimuli were constant 
throughout the testing period. 

Procedure 

As tracks were made into the cortex in the superior temporal 
sulcus, the responses of each neuron were measured to a standard 
digitized set of stimuli of different faces and of nonface stimuli 
(Baylis et al. 1985). If a neuron responded to 1 or more of the 
faces, but to none of the nonface stimuli in the set, then 20 further 
digitized and real 3-D nonface stimuli were shown, to determine 
whether the response of the neuron was selective for faces. The 
criterion, the same as that used previously (Baylis et al. 1985) was 
that the response to the optimal face stimulus should be more than 
twice as large as to the optimal nonface stimulus, and that this 
difference should be significant. 

Profile of responses to the set of stimuli 

For each neuron, the mean firing rate to each stimulus in a 500- 
ms period starting 100 ms after stimulus onset (by which time all 
the neurons had started to respond) was calculated for the response 
profiles. The spontaneous rate for each neuron was also obtained 
in the 200-ms period preceding the onset of the visual stimulus. 
For some profiles the response of the neuron, that is the firing rate 
to a stimulus minus the spontaneous firing rate, was plotted. 

Sparseness of the representation 

The sparseness, a, of the representation of a scene or object 
provided by these neurons can be defined and was calculated as 

(77) 2 

a=2 
(77 ) 

where ( l ) denotes an average over the statistical distribution char- 
acterizing the firing rate 7 of a cell to the set of input stimuli, or 

a = [Cj=,.(riln)12/Ci_ln(T?ln) 

where ri is the firing rate to the ith stimulus in the set of y1 stimuli. 
The sparseness has a maximal value of 1.0. This is a measure of 
the extent of the tail of the distribution, in this case of the firing 
rates of the neuron to each stimulus. A low value indicates that 
there is a long tail to the distribution, equivalent in this case to 
only a few neurons with high firing rates. If these neurons were 
binary (either responding with a high firing rate, or not responding 
differently from the spontaneous rate), then a value of 0.2 would 
indicate that 20% of the neurons had high firing rates and 80% 
had 0 firing rates. In the more general case of a continuous distribu- 
tion of firing rates, the sparseness measure, a, still provides a 
quantitative measure of the length of the tail of the firing rate 
distribution (Treves and Rolls 199 1) . This measure of the sparse- 
ness of the renresentation of a set of stimuli bv a single neuron 
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LOG. 1. Examples of the 23 face and 45 nonface stimuli used. 

has a number of advantages. One is that it is the same measure of 
sparseness that has proved to be useful and tractable in formal 
analyses of the capacity of neural networks that use an approach 
derived from theoretical physics (see Rolls and Treves 1990; 
Treves 1990; Treves and Rolls 1991). A second is that it can be 
applied to neurons that have continuously variable (graded) firing 
rates, and not just to firing rates with a binary distribution (e.g., 0 
or 100 spikes/s) (Treves and Rolls 1991). A third is that it makes 
no assumption about the form of the firing rate distribution (e.g., 
binary, ternary, exponential, etc.) and can be applied to different 
firing rate distributions (Treves and Rolls 1991) . Fourth, it makes 
no assumption about the mean and the variance of the firing rate. 
Fifth, the measure does not make any assumption about the number 
of stimuli in the set and can be used with different numbers of test 
stimuli. Its maximal value is always 1.0, corresponding to the 
situation when a neuron responds to all the stimuli in a set of 
stimuli. We note that use of this measure of sparseness in neuro- 
physiological investigations has the advantage that the neurophysi- 
ological findings then provide one set of the parameters useful in 
understanding theoretically (Rolls and Treves 1990; Treves and 
Rolls 1991) how the system operates. 

As described in RESULTS, we have also used a measure of the 

response sparseness, in which the spontaneous firing rate was sub- 
tracted from the firing rate (and the response was clipped to 0). 
This corresponds to the intuition of some neurophysiologists that 
it is changes from the spontaneous firing rate that are important, 
and that is why we show it. However, we note that this response 
sparseness measure does have problems if the neuron decreases its 
firing rate below the spontaneous rate for some stimuli, in which 
case it may be more appropriate to calculate the responses as 
changes from the lowest firing rate to any stimulus. For these 
reasons, we place more emphasis here on the sparseness measure 
a as defined in the previous paragraph on the basis of the absolute 
firing rates. That measure, a, also has the advantage that in models 
of neuronal networks, it is the absolute firing rate of the input to 
each synapse that must be considered when quantifying measures 
such as the capacity of the network and the interference between 
stimuli (Rolls and Treves 1990; Treves and Rolls 1991). 

Information analysis 

The principles of the information theoretic analysis were similar 
to those developed by Richmond and Optican ( 1987) and Optican 
and Richmond ( 1987)) except that we applied a correction proce- 



NEURONAL RESPONSES IN PRIMATE TEMPORAL CORTEX 717 

dure for the limited number of trials similar to but not identical to 
that developed by Optican et al. ( 199 1) , in a way made clear below 
and used by Tovee et al. (1993) and Tovee and Rolls (1994). A 
novel aspect of our data analysis is that we investigated how much 
information was available in short epochs of the spike train. 

Representation of neural responses 

The raw data, expressed as the poststimulus occurrence times 
of individual spikes, recorded with 1-ms resolution, was smoothed 
by convolution with a Gaussian kernel with a 0 of 5 ms (corre- 
sponding to low-pass filtering with -3-dB cutoff at 240 Hz). The 
smoothed data were then quantized, for some of the analyses, into 
bins of width 10 ms. As a result, the numbers of spikes in each 
bin i, giving the components xi of a multidimensional response 
vector, were real rather than integers. At least 5 such time series 
were collected for each stimulus in the stimulus set. 

Extraction of the principal components of the variance 

To analyze the temporal course of the response, a certain number 
B of consecutive bins (typically B i 40) were selected to form a 
basis in the space of response vectors. In most cases we chose the 
bins to cover either of the two poststimulus time periods O-400 
or 150-550 ms. Labeling the bins with the subscript i (e.g., i = 
1,40), the response vector during a particular trial k is denoted as 
Xik. The covariance matrix of the responses recorded from a particu- 
lar cell is 

where N is the total number of trials for that cell, and Xi is the 
average number of spikes, over those N trials, falling in bin i. 
Eigenvalues and eigenvectors of the covariance matrix were ex- 
tracted with the use of a standard algorithm. The eigenvectors, 
labeled I = 1, . . . . B in order of decreasing eigenvalue, form a 
new basis for the response space. Each subtracted response vector 
(i.e., with the average response vector subtracted out) is now ex- 
pressed in this new basis via multiplication by the appropriate 
orthogonal matrix. The resulting coefficients c;k [sometimes called 
the Karhunen-Loeve transform of the vector (xf - xk)] are uncor- 
related, in the sense that their covariance matrix is, by construction, 
diagonal. Note that although the eigenvectors of Cii, the principal 
components, are normalized to unit length, they are plotted in the 
figures after multiplication by the square root of the corresponding 
eigenvalue, to bring out their relative contribution to the variance. 

Means and statistical signijcance of the coeficients 

The coefficients cy were then averaged over the trials with the 
same stimulus. (In the analyses described in RESULTS, 20 stimuli 
were typically included in the analysis.) The means cf represent 
the loading of stimulus s on component i, and their statistical 
significance can be tested with the use of the bootstrap method 
( Richmond and Optican 1987 ) . A scrambled stimulus-response 
pairing is obtained by assigning random selections of actually re- 
corded responses to new stimulus labels, while maintaining the 
same number of trials of each stimulus as in the authentic pairing. 
The coefficients c’. are then calculated for each pseudostimulus 
label, with the number of labels high enough that the distribution 
of coefficients approach, for each component, a continuous distri- 
bution (we used 100 times as many labels for the bootstrap distribu- 
tion as experimental stimuli). The statistical significance of the 
original cf can now be tested against the null hypothesis distribu- 
tion that the relationship between stimulus and response be purely 
random. We note that if there are 40 coefficients, then the response 
space is 40-dimensional. 

Raw information measures 

If S denotes the set of all stimuli s, and R the set of responses, 
the average information contained in the responses of a particular 
cell about that set of stimuli is defined as 

fw,r) I(& R) = cscs CrCR mJ9 log2 -  
m>Po-> 

where P is the probability of occurrence of a particular event. 
In evaluating the information content from the data recorded, we 
consider different definitions of the response set. In one case, re- 
sponses are simply quantified by the number of spikes within a 
preset time period (a unidimensional measure). In another case, 
we consider a multidimensional response space spanning the first 
Q (typically Q = 1, 2, or 3) of the principal components extracted 
with the algorithm above. If, for example, three principal compo- 
nents are included, the particular response relative to trial k is 
defined as the triplet ( c’; , ci , ~5). Although the set of stimuli can 
be discrete (it is in the present experiment), R is generally a 
continuum (in the 2nd case, a Q-dimensional vector) space. Be- 
cause in practice one has to evaluate the expression for I by per- 
forming a sum rather than an integral, R needs to be quantized. 
We perform this second quantization following a procedure similar 
to the first. Consider first the spike count case. The original data 
are represented by the number of spikes nk recorded in trial k 
within the prescribed window, minus the average over all trials. 
The range of the data is set as ( - An, An), with An the largest 
between the maximum and absolute value of the minimum re- 
corded for that cell. This range is divided into a preselected number 
D of bins (we ultimately used D = 15 ) . D - 2 bins have width 
dn = 2Anl( D - 3)) with the second bin centered around - An, 
the third shifted by dn, and so on. The first and last bins cover the 
two semi-infinite intervals at the extremes. If we consider now 
only the trials relative to a given stimulus s, a smoothing procedure 
is applied by convolving the individual values n with a Gaussian 
kernel of width the standard deviation a,(s) of the values relative 
to the same stimulus. The result, normalized by dividing by the 
total number of trials, is quantized into the bins defined above, the 
area within each bin being used as an estimate of the joint probabil- 
ity P( s, r) , where r corresponds to one of the response bins. 
Summing over all stimuli gives P( r) = l&P( s, r) . In the case, 
instead, of the information contained in the Q principal compo- 
nents, the original data are represented by the Q-dimensional set 
of coefficients ck. Note that the average response has already been 
subtracted out. One repeats the same procedure Q times to find the 
ranges spanned by the coefficients for each component, divides the 
ranges into bins, smooths the distribution of values recorded for 
each stimulus, and finds P( s, r) . Each of the De bins of the 
response space is now the product of independently determined 
bins for each of the Q components, and the relative probability is 
obtained by multiplying the estimated probabilities of the response 
falling into each unidimensional interval. As noted by Optican and 
Richmond ( 1987), it would be preferable to estimate P(s, r) by 
using the more time-consuming procedure of recalculating separate 
principal components for each stimulus, because these are in gen- 
eral different from those calculated over the whole stimulus set. 
However, this simplification in the construction of the estimator 
P(s, r) is of minor import when compared with the distortions 
produced by limited sampling ( see below). 

Subtracted information measures 

The procedure introduced so far for estimating the probability 
P( s, r) of a particular response is rather simple. Slightly more 
sophisticated estimators can be used (see Fukunaga 1972; Optican 
and Richmond 1987) that attempt to take into account the limited 
number of trials available, in practice, for each stimulus. Ulti- 
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mately, however, the fact that the probability distribution for each 
response is extracted from a small sample remains a problem, 
which cannot be solved by adjusting the kernel used for smoothing, 
nor by a clever quantization into bins. This can be seen by using 
again a bootstrap procedure similar to the one used to test the 
significance of principal component coefficients (Optican et al. 
199 1) . One generates a scrambled stimulus-response pairing, with 
the number of pseudostimulus labels now equal to the number of 
real stimuli, and calculates the information lo contained in the 
responses about their randomly paired pseudostimuli. lo should be 
zero, whereas it turns out, in practice, to be of the same order as 
the original I. This is because the use of probability distributions 
based on a limited number of trials per stimulus unavoidably biases 
upward an information estimate, by producing random fluctuations 
in the distributions of responses to different stimuli, which are 
then picked up by the information measure as being related to the 
stimuli. 

The most straightforward remedy is to subtract lo from I, to 
obtain a measure I, = Z - lo, which averages zero, even for small 
samples, in the absence of a stimulus-response causal relationship. 
This is one of the simplest of several correction procedures for 
sampling bias in information estimates that have been reported in 
the literature (see Optican et al. 1991, and references therein). It 
should be noted that only few of these procedures are applicable 
to data for which the a priori distribution is unknown, and that the 
relative validity of different methods is strongly dependent on the 
data distribution itself (Macrae 197 1) . The latter of these consider- 
ations, especially, makes us tend to prefer the simplest and most 
conservative procedure (i.e., I, = Z - lo) (see further Treves and 
Panzeri 1994), rather than the one that consists in subtracting, 
instead of the “fraction of spurious information,” its square, i.e., 
1: = Z[l - (Z0/Z)2], as proposed by Optican et al. ( 1991) . We 
note that subtraction of the square (which is obviously less than 
the fraction itself) leaves an estimate Zi often closer to Z than to 
I,. Optican et al. ( 1991) argue in favor of subtracting the square 
on the basis of computer simulations (and data from 2 cells in the 
striate cortex), which seem to indicate a faster convergence to the 
asymptotic “correct” value. We note, however, that those com- 
puter simulations, based on different distributions than the un- 
known ones characterizing real data, could lead to inappropriate 
conclusions with small sample sizes (i.e., numbers of trials), al- 
though of course both correction procedures approach the same 
asymptotic correct value as the sample size increases. We note 
that, because the upward bias of Z increases with the dimensionality 
of the response space, the use of some subtracted estimate is partic- 
ularly important when calculating the information contained in the 
first Q principal components, with Q > 1. 

Because on the basis of the above points it was not clear which 
correction procedure should be used, we specifically investigated 
which correction procedure may be most appropriate for data ob- 
tained from real neurons (Tovee et al. 1993, Fig. 1) . Use of the 
correction procedure I, = Z - lo (which we term correction proce- 
dure 2 for reference), tended to underestimate the information 
when there are few (3- 10) presentations of each stimulus, but 
was more likely to be accurate with 15 -60 presentations of each 
stimulus. In contrast, the measure Ii = I[1 - (Z0/Z)2] (which we 
will refer to as correction I), underestimated less than correction 
2 with small numbers of presentations of each stimulus (3-7)) 
but did provide somewhat of an overestimate of the information 
about the stimulus for all other numbers of stimulus presentations 
in the range 10-60. In the light of these findings, we present the 
data later with the results calculated with both corrections, knowing 
that correction 2 is more conservative and has now received further 
theoretical justification (Treves and Panzeri 1994). Correction 1 
does allow comparison with other data (Optican et al. 1991) , but 
it must be borne in mind that use of this correction may tend to 
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FIG. 2. Distribution of firing rates to all 68 stimuli for 1 neuron 
(AM243). The firing rate of the neuron is shown on the ordinate, the 
spontaneous firing rate of the neuron was 20 spikes/s, and the histogram 
bars are drawn to show changes of firing rate from the spontaneous rate 
(i.e., neuronal responses) produced by each stimulus. Stimuli that are faces 
are marked F, or P if they are in profile. B refers to images of scenes that 
included either a small face within the scene, sometimes as part of an image 
that included a whole person, or other body parts, such as hands or legs. 
The nonface stimuli are unlabeled. 

overemphasize the proportion of information available in principal 
components higher than 1. 

It should be noted, finally, that an information estimate based 
on a quantized response set tends to grow with the size De of the 
set for D small, until it saturates once the width of the D bins along 
each dimension becomes negligible with respect to the standard 
deviation of the relative coefficients for each stimulus. We used D 
= 15 [similar to the value of 12 used by Optican and Richmond 
( 1987)] after checking that no marked increase in I, resulted from 
using larger D values. 

RESULTS 

It was possible to complete the analyses with the use of 
68 stimuli (23 face and 45 nonface) for 14 neurons recorded 
in 2 monkeys. To confirm that this is a representative set of 
this type of cell, we compared the results (for a subset of 
stimuli) with a larger set of 25 cells, as described at the 
end of RESULTS. Examples of rastergrams and spike-density 
functions for this type of neuron have been shown previously 
in Fig. 3 of Tovee et al. 1993 and are therefore not repro- 
duced here. 

The distribution of firing rates to all 68 stimuli for 1 
neuron (AM243) is shown in Fig. 2A. The spontaneous 
firing rate of this neuron was 20 spikes/s, and the histogram 
bars indicate the change of firing rate from the spontaneous 
value produced by each stimulus. Stimuli that are faces are 
marked F, or P if they are in profile. B refers to images of 
scenes that included either a small face within the scene, 
sometimes as part of an image that included a whole person, 
or other body parts, such as hands or legs. The nonface 
stimuli are unlabeled. The neuron responded best to two of 
the faces, had some response to some of the other faces, and 
had little or no response and sometimes a small decrease of 
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firing rate below the spontaneous firing rate to the nonface producing a response > 10 spikes/s. In contrast, the mean 
stimuli. response to the face images was 9.6 spikes/s, with many of 

Histograms showing for the same cell (AM243) the firing the faces producing responses of > 11 spikes/s. 
rate distribution produced by the 23 face stimuli are shown Examples of the raw response profiles of cells are im- 
in Fig. 3A, and of the 45 nonface stimuli are shown in Fig. portant to gauge the type of encoding used by these neurons, 
3B. It is evident that the cell had almost no response to the and we therefore include profiles from two more cells in 
nonface stimuli (the spontaneous rate was 20 spikes/s) , but Fig. 6. AA4236 (Fig. 6A) was quite finely tuned, with very 
for face stimuli the responses ranged from a very large in- large responses to two faces, and a wide distribution of 
crease in firing rate to two of the stimuli to a decrease in responses to other faces. Most of the nonfaces produced only 
firing rate to some of the faces (Fig. 3A). The mean response a small change in firing rate, which in some cases was an 
(defined as change of firing rate from the spontaneous) to increase, and in other cases a decrease, from the spontaneous 
faces was in fact 27 to faces and to nonfaces was -3 spikes/ rate. AM240 (Fig. 6B) tended to respond much more to 
s. The figures show that this neuron did not respond to all most of the faces than to any nonface, and most of the Body 
faces and fail to respond to all nonfaces. Instead, it had little (B ) images did not activate the neuron. 
response to nonfaces, and had a wide range of responses to To examine quantitatively the extent to which these neu- 
faces. This is typical of neurons with face-selective re- rons conveyed information about which face was shown, 
sponses and means that an ensemble of such neurons could we performed principal component and information theory 
convey information about which face had been shown analysis on the responses of these 14 neurons to 20 faces in 
(Baylis et al. 1985; Rolls 1984, 1992a,b), a possibility con- the stimulus set. The results are shown in Fig. 7. These 
sidered quantitatively below. neurons conveyed on average 0.39 bits of information per 

To provide an indication of how individual neurons dif- cell about which face had been shown. In line with earlier 
fered from each other, similar data for another neuron, results (Tovee et al. 1993)‘) little information was carried in 
AM231, (recorded on another track on a different day) are the temporal patterns of firing of the cells, in that most of 
shown in Figs. 4 and 5. The cell had a spontaneous firing the information was in the first as compared with the higher 
rate of 3.7 spikes/s. Figure 4 shows the firing rate profile principal components. 
of the cell to the different stimuli, and Fig. 5, A and B, These data can be compared with the data in Fig. 8, which 
the firing rate histograms to the face and nonface stimuli, shows that these cells conveyed little information about 20 
respectively. The cell had a mean response of 1.1 spikes/ nonface stimuli in the set (mean = 0.069 bits for the firing 
s to the nonface stimuli, with only one nonface stimulus rate). (These 20 stimuli were chosen at random from the 

nonface stimuli in the set. Twenty were chosen to make the 
information measure as powerful as for the 20 face stimuli.) 

It is further shown in Fig. 9 that even more information 
per cell is obtained when 10 face and 10 nonface stimuli are 
included in the set. There is more information here partly 
because including nonfaces and faces resulted in a wide 
distribution of firing rates entering the analysis. 

5 15 25 35 45 55 65 75 85 95 105115125135145 To provide evidence on the nature of the representation 
Firing Rate (spikes/s) that is used for encoding information by these cells, we 

return to the issue of how distributed versus how local or 
sparse the representation is. We used the measure of sparse- 
ness of the representation provided by a cell described in 
METHODS. To provide an indication of how to interpret this, 
we note that the sparseness for the cell shown in Figs. 2 and 
3 over all 68 images was 0.58, over the 23 faces onlv was 
0.66, and over the nonfaces only was 0.81. For the cell 
shown in Figs. 4 and 5, over all 68 images the sparseness 
was 0.49, over the 23 faces only was 0.65, and over the 
nonfaces only was 0.68. 

We show in Fig. 10 the distribution of sparseness values 
for the population of 14 cells for which sparseness measures 
were available over the full set of 23 face and 45 
nonface images. The mean sparseness was 0.65 t 0.16 
(mean t SD). 

The sparseness shown in Fig. 10 is that calculated with the 
ik i5 315 415 i595 

use of the absolute firing rates of the neurons. If the spontaneous 
Firing Rate (spikes/s) rate is subtracted, then a measure can be obtained that reflects 

more the changes in firing rate produced by the set of stimuli. 
FIG. 3. Histograms showing the firing rate distribution produced by the (In the calculation of this response sparseness, negative re- 

face stimuli in the set (A), and by the 45 nonface stimuli in the set (B) , 
for the same neuron, AM243, as that shown in Fig. 2. The abscissa shows sponse rates were clipped to 0. This is in line with the point 
the firing rate of the neuron in spikes/s. (The spontanedus firing rate was that the responses of these neurons generally consisted of in- 
20 spikes Is.) creases in firing rate.) To provide an indication of how to 
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FIG. 5. Histograms showing the firing rate distribution produced by the 
face stimuli in the set (A), and by the 45 nonface stimuli in the set (B), 
for the same neuron, AM231, as that shown in Fig. 4. The abscissa shows 
the firing rate of the neuron in spikes/s. (The spontaneous firing rate was 
3.7 spikes/s.) 

FIG. 4. Distribution of firing rates to all 68 stimuli 
for another neuron (AM231 ) . Conventions as in Fig. 2. 
The spontaneous firing rate was 3.7 spikes/s. 

interpret this, we note that the response sparseness for the cell 
shown in Figs. 2 and 3 over all 68 images was 0.49, over the 
23 faces only was 0.55, and over the nonfaces only was 0.21. 
For the cell shown in Figs. 4 and 5, over all 68 images the 
response sparseness was 0.3 1, over the 23 faces only was 0.57, 
and over the nonfaces only was 0.33. 

The response sparseness indexes of the different cells are 
shown in Fig. 11. They -are lower than the sparseness values 
based on the absolute firing rates. The mean of the response 
sparseness over all 68 stimuli was 0.33 t 0.22. 

The mean sparseness across the population of cells to the 
23 faces was 0.82 t 0.12, with the mean response sparseness 
being 0.60 t 0.24. The mean sparseness to the 45 nonfaces 
was 0.80 t 0.10, with the mean response sparseness being 
0.35 t 0.20. 

To provide evidence on what is represented by this popu- 
lation of cells, we performed a cluster analysis to indicate 
how the neurons clustered or categorized the stimuli. First, 
the stimulus correlation matrix was calculated, showing the 
correlation between every pair of stimuli in the responses 
of the population of neurons; Cluster analysis was then per- 
formed on this stimulus correlation matrix (with the use of 
SPSS, hierarchical cluster analysis, average linkage between 
groups, and interval measures). The result is shown in Fig. 
12. The first division separated three of the profile views of 
faces from the other stimuli. Next, face 306, the juvenile 
monkey face, was separated from the remaining stimuli. 
Then many of the remaining face stimuli appeared, with 
different clusterings between the different faces. Within the 
clusters of 21 stimuli shown on the right of the dendrogram, 
19 were faces, 1 was leaves, and 1 was fruit. The next group 
of five stimuli included all the hands in the set, -providing 
an indication that some information about hands was pro- 
vided by this population of neurons. Last, all the remaining 
stimuli to the left of the hands cluster were nonface stimuli 
and were all clustered quite close together. 
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tive information available in principal component I, principal components 
1 and 2, and principal components l-3 is also shown. (Because of the 
operation of the bootstrap correction procedure, the cumulative information 
estimate does not always increase as principal components higher than the 
1st are added.) A : correction 1 applied. B: correction 2 applied. 
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nonface set. Interestingly, in some of the 45 members of the 
non-( whole) face set, small parts of the scene contained 
small representations of people or faces, and these stimuli 
tended also to be well represented in the space, spread out 
in their own part of dimension 2 ( stimuli labeled B ) . The 
human and monkey faces were intermixed in the space, so 
that the representation provided by these neurons was of 
differences between faces that would be useful in face identi- 
fication, rather than a classification into whether the faces 
were monkey or human. 

Last, we analyzed how rapidly the representation of infor- 
mation about faces and nonfaces became available in the 
responses of this population of neurons. To do this, we calcu- 

Stimulus Image 
lated the information that was available in the responses of 

FIG. 6. Distribution of firing rates to all 68 stimuli for 2 more neurons, 
the neurons about which stimulus had been shown in epochs 

(A) AM236 with a spontaneous firing rate of 21 spikes/s, and (B) AM240 
of different duration, all starting at time 0, the onset of the 

with a spontaneous firing rate of 16.7 spikes/s. Conventions as in Fig. 2. stimuli. This is shown in Fig. 14. It is clear that the informa- 

Another way of analyzing how this population of cells l-4 
classifies face and nonface stimuli is to perform multidimen- 
sional scaling on the stimulus correlation matrix (Hasselmo 1.2 

et al. 1989; Young and Yamane 1992). (SPSS MDS with 
Euclidean distances and ratio measures was used.) We found - “’ 
that two dimensions accounted for 96% of the variance. g .g 
(One dimension accounted for 82%, and 3 for 99%.) We -$ 
show the 2-dimensional space for the 68 stimuli in Fig. 13. $ .6 

It is shown that the different face stimuli (F or F-P) were 2 
well spread out in the space, consistent with the hypothesis .4 

that the population of neurons provided evidence that en- I 

20 Non-Faces 

A B 

abled the face stimuli to be separated from each other. It is .2 - 

of interest that in dimension I, the profile views of faces (F- 
P) were separated from the full-face views (monkey vs. 0 1 I I I I I I I 

human faces). In contrast, the nonface stimuli (x in Fig. 13) 
1 2 3 1 2 3 

were not well spread out in the space but were mostly 
Firing Rate Principal Components Firing Rate Principal Components 

grouped together at the low end of dimension 1. Where there FIG. 8. Mean information available in the firing rate of each of the 14 

is some loading of the nonface stimuli on dimension 1, it 
neurons about 20 of the nonfaces in the stimulus set. For comparison, 
the information available in principal components l-3 is also shown. A: 

was interesting that these stimuli included the hands in the correction 1 applied. B: correction 2 applied. 
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FIG. 9. Mean information available in the firing rate of each of the 14 
neurons about 10 of the faces and 10 of the nonfaces in the stimulus set. 
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For comparison, the information available in principal components 
also shown. A : correction I applied. B : correction 2 applied. 

l-3 is 

tion accumulates rapidly once the neurons have started to 
respond (which is typically at 80 ms) , and that by 150 ms 
poststimulus (that is in effectively a 70-ms period of firing), 
the information available is -50% of the information that 
can be obtained by taking a 600-ms epoch. 

The recording sites of these neurons in the cortex in the 
superior temporal sulcus are shown in Fig. 15. 

To demonstrate that the population of neurons analyzed 
with the large stimulus set of 68 stimuli was representative 
of this type of neuron recorded in the cortex in the superior 
temporal sulcus, we performed the additional analyses. First, 
for a larger sample of 25 cells, we calculated the sparseness 
over a subset of the 68 stimuli consisting of 20 face stimuli, 
and compared the sparseness values for the original 14 cells 
with that for the larger group of 25 cells for the same stimu- 
lus set. The sparseness value for the 14 cells with the 20 
faces was 0.83 t 0.11; and for the 25 cells was 0.83 t 0.10. 
The subset of 14 cells, on which it was possible to run the 

.05 .15 .25 .35 .45 .55 .65 .75 .85 .95 
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FIG. 10. Distribution of sparseness values for the population of cells. 
The stimulus set over which the sparseness was calculated was the full set 
of 23 face and 45 nonface images. The mean sparseness was 0.63 t 0.15 
(mean t SD). 

0 

FIG. 11. Distribution of response sparseness values for the population 
of cells. The stimulus set over which the sparseness was calculated was the 
full set of 23 face and 45 nonface images. The mean of the response 
sparseness was 0.33 t 0.22. The response sparseness is the sparseness 
calculated over the distribution of response rates, i.e., the firing rate to a 
stimulus minus the spontaneous rate. 

very large set of 68 stimuli, was also typical of the larger 
population of 25 cells in that the average information (with 
the use of correction 2, and rate-based information) about 
20 faces from the subset of 14 cells was 0.44 t 0.13 bits, 
and from the 25 cells was 0.42 t 0.12 bits. 

DISCUSSION 

First, the results described here provide evidence on the 
nature of the selectivity of this (or any other) population of 
temporal cortical neurons with a much more extensive stimu- 
lus set than has been available previously. The responses of 
the cells illustrated in Figs. 2-6 indicate that these cells 
have a wide and graded range of firing rates to different 
faces and that, even among a very wide range of nonface 
stimuli, the majority produce almost no response, and none 
or at most one or two produces more than a small response. 
The implication of this is that this population of neurons 
provides a representation that is useful for distinguishing 
between different faces, and not between nonface stimuli. 
The 14 cells analyzed with this very large set of 68 stimuli 
is representative of cells of this type, as shown by the com- 
parisons with a larger set of 25 cells at the end of RESULTS, 
and by the fact that the tuning of the cells described here to 
a subset of the stimuli was similar to that found previously 
with samples of these cells (Baylis et al. 1985, 1987; Rolls 
1992a,b, 1994a,b). 

Second, the information theoretic analysis described here 
provides a firm quantitative basis for this conclusion. As 
shown in Fig. 7, the average information provided by the 
firing rate of each neuron about which of 20 of the faces in 
the set was shown was 0.39 bits. In contrast, the average 
information about which of 20 nonface stimuli had been 
shown was 0.069 bits, as shown in Fig. 8. 

Third, the results showed that most of the information 
about which face had been seen was present in the firing 
rate of the neuron, and that taking into account temporal 
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variation in the spike train to provide temporal encoding did 
not provide much further information. This is shown in Figs. 
7-9, in which there is little more information available when 
principal components 2 and 3 are included (which reflect 
information not in the firing rate), than when only the first 
principal component (which reflects the firing rate) is taken. 
This is especially the case when the more conservative cor- 
rection 2 is applied (Figs. 7-9B) than when correction 
procedure 1 is applied (Figs. 7-9A). This finding is consis- 
tent with our earlier observations that much of the informa- 
tion about which stimulus has been seen is available in the 
firing rate of the neuron (Rolls and Tovee 1994a; Tovee et 
al. 1993; Tovee and Rolls 1994). 

Fourth, the results show that a considerable amount of 
information about which stimulus has been seen is present 
in the responses of these neurons in the temporal cortex. It 
is shown that, when the information about 10 face and 10 
nonface stimuli was calculated, the mean value for each 
neuron was 0.7 bits. 
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FIG. 13. Two-dimensional space achieved by multidimensional scaling FIG. 14. Mean of the cumulative information available from each cell 
on the stimulus correlation matrix for the 68 stimuli (see text). Labels as in different time epochs starting at time 0, the onset ol” the stimuli. Solid 
in Fig. 12, except F-P, face, profile. squares: correction 1; open squares: correction 2. 

FIG. 12. Cluster analysis to show how the popula- 
tion of cells categorized the set of 68 stimuli ( see text). 
P, face, profile; F, face, front view; B, body parts, in- 
cluding small faces ( see text) ; H, hands. 

Fifth, the sparseness of the representation of the 68 stimuli 
provided by these neurons (taking the absolute firing rate) 
had an average of 0.65 t 0.22. If the spontaneous firing rate 
was subtracted from the firing rate of the neuron to each 
stimulus, so that the responses of the neurons were used in 
the sparseness calculation, then the ‘ ‘response sparseness’ ’ 
had an even lower value, with a mean of 0.33 for the popula-, 
tion of neurons. If these neurons were binary (either re- 
sponding with a high firing rate, or not responding differently 
from the spontaneous rate), then the latter value of 0.33 
would signify that each neuron was active for 33% of the 
stimuli. If we consider just the subset of 23 face stimuli, then 
the response sparseness was 0.60, signifying (in a simplified 
binary case) that each neuron was active for 60% of the 
face stimuli. This latter value is consistent with earlier mea- 
surements using the breadth of tuning of these neurons on 
a much smaller set (5) of face stimuli, which gave breadths 
of tuning of these neurons that were mainly in the range 
0.8 1.0 (Baylis et al. 1985). (In a simple binary case with 
5 stimuli, if the neurons were active to 3 of the stimuli, the 
breadth of tuning is 0.7.) 
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FIG. 15. Recording sites shown on coronal sections of the neurons 
included in this study. Positions of the coronal sections are shown on a 
lateral view of the macaque brain. Distances refer to millimeter posterior 
(P) to the sphenoid reference plane ( see text). STS, superior temporal 
sulcus; IT, inferior temporal cortex. 

The mean response sparseness of 0.60 of this population 
of face-selective neurons indicates that, within the class 
faces, these neurons implement distributed encoding, with 
activity in any neuron in the population occurring to approxi- 
mately one-half of the stimuli in the set. One might comment 
that, because of the similarity between different faces, these 
neurons find it difficult to respond more specifically than 
this. But a more interesting point is that this very distributed 
encoding allows the maximum information about a set of 
stimuli to be provided by a population of neurons, provided 
of course that they do not have the same profile of respon- 
siveness to the set of stimuli. Such a representation would be 
ideal for discrimination, because the maximum information 
suitable for comparing fine differences between different 
stimuli would be made available across the population (if 
50% were active to each stimulus). However, a representa- 
tion as distributed as this would not be appropriate for a 
memory system, in which the aim is to store a large number 
of memories. In an associative memory with neurons with 
continuously variable firing rates, such as the autoassociative 
memory believed to be implemented in the hippocampus 
(Rolls 1989), we have shown (Treves 1990; Treves and 
Rolls 199 1, 1994) that the maximum number pmax of firing 
patterns that can be (individually) retrieved is proportional 
to the number CRC of (associatively) modifiable RC synapses 
per cell, by a factor that increases roughly with the inverse 
of the sparseness a of the neuronal representation. Approxi- 
mately 

RC 

P N max ’ k 
a In (l/a) 

where k is a factor that depends weakly, on the detailed 
structure of the rate distrib ution, on the connectivity pattern, 

etc., but is roughly in the order of 0.2-0.3. Thus, in a mem- 
ory system [and similar considerations apply to a pattern 
associator (Rolls and Treves 1990) such as are suggested 
to be implemented in the amygdala and orbitofrontal cortex, 
and in corticocortical backprojections (Rolls 1989, 1992a,c; 
Treves and Rolls 1994)] , one parameter limiting the number 
of memories that can be stored and retrieved correctly is the 
number of modifiable synapses received by each neuron (in 
the order of 5,000-l&000), and another is the sparseness 
of the representation, a. Thus, in memory systems, optimal 
performance requires a sparse representation, and this is con- 
sistent with values for sparseness in the hippocampus that 
are in the order of 0.01-0.04 (Barnes et al. 1990; Cahusac 
et al. 1989; Jung and McNaughton 1993; Leonard and Mc- 
Naughton 1990; O’Mara et al. 1994; Rolls and O’Mara 1993; 
Rolls et al. 1989; see Treves and Rolls 1994). It is therefore 
proposed that these fundamentally different constraints ac- 
count for the different sparsenesses of representations found 
in the high-order sensory cortices such as the temporal corti- 
cal areas described here, and in memory systems such as the 
hippocampus. In the sensory cortex a relatively distributed 
representation may be used to optimize discriminative abil- 
ity. In memory systems, much more sparse representations 
may be used to maximize the number of memories that can 
be stored. [We note that many of these cells have other 
properties that make them suitable for discrimination be- 
tween faces, including invariance with respect to size, spatial 
frequency, translation, and even in some cases view (see 
Rolls 1992a, 1994a; Rolls and Tovee 1994b) .] 

This implies that in the pathways by which information 
is transferred to memory systems, there should be a system 
that increases the sparseness of the representation. For the 
hippocampus the dentate granule cells may contribute to this 
function (Rolls 1989; Treves and Rolls 1992, 1994). It is 
suggested that the lateral nucleus of the amygdala, which 
receives sensory input from the temporal cortical visual 
areas, may perform this function and then pass a sparse 
representation to the actual associative (e.g., visual-taste) 
neurons in other parts of the amygdala. 

This discussion on the sparseness of representation pro- 
vided by these face-selective cells runs counter to the possi- 
bility that they are very specifically tuned and provide a 
cardinal or ‘ ‘grandmother cell’ ’ type of very sparse represen- 
tation (Barlow 1972). Instead, the data presented in this 
paper indicate that they are very selective, in that they re- 
spond rather selectively to stimuli within the class faces, and 
provide little information about stimuli that are not faces. 
However, within the class for which they encode information 
(faces), the representation is very distributed, implying great 
discriminative capacity, including the representation of small 
differences between faces presented simultaneously. It will 
be of interest in future studies to determine the sparseness 
of the representation of nonface stimuli provided by other 
neurons in the temporal cortical visual areas. 

The broad tuning, or distributed representation, of the neu- 
rons described here would only implement an efficient sys- 
tem for implementing pattern recognition and discrimination 
if each neuron were tuned differently to the set of stimuli. 
This does appear to be the case, as shown by the different 
profiles of different neurons to the same set of stimuli (see, 
e.g., Figs. 2-6) (and see Baylis et al. 1985) and by the 
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demonstration in the multidimensional scaling and cluster 
analysis (Figs. 12 and 13 ) that the different face stimuli are 
well separated by the population of neurons. In information 
theory terms, if the neurons were all tuned in the same way 
to the set of stimuli, then increasing the number of neurons 
over which the information is calculated would add little to 
the total information available from the population about 
which stimulus had been seen. In fact, our current analyses 
(E. T. Rolls, M. J. Tovee, and A. Treves, unpublished obser- 
vations) are showing that as neurons are added to the sample, 
then the information available about the stimuli increases 
essentially in proportion to the number of neurons in the 
sample (up to the sample sizes of 10 neurons for which the 
computation has been possible to date). This is quantitative 
evidence that an efficient distributed representation is pro- 
vided by these neurons. 

The distributed representation provided by these neurons 
would, as noted above, be very appropriate for fine discrimi- 
nation, because the responses of a large number of cells 
would alter by graded amounts when the details of the input 
stimulus changed. Such a distributed representation would 
also have the useful property of graceful degradation, in that 
if individual neurons in the representation were lost, the 
representation provided by the ensemble would not be 
greatly impaired. 

The approach described in this paper provides objective 
methods for specifying what is represented in a brain region. 
One method is to specify the aspects of the input stimuli 
about which information (in information theoretic terms) is 
provided. In the present case, information about which face 
was seen, but not about which nonface was seen, was pro- 
vided by the population of neurons. This is reminiscent of the 
“information bearing parameter” approach of Suga ( 1989), 
with the information being specified quantitatively. Another 
application of this method had been to the demonstration that 
the responses of the neurons described here are translation 
invariant, in that in their activity information about which 
face was seen, but not about where the face was in the visual 
field, is provided (Rolls et al. 1994). An important concept 
is what is made explicit in the neuronal responses. In the 
case of the neurons described here, information about which 
face was seen, but not about which nonface was seen, is 
made explicit in the neuronal responses. Other methods used 
here are multidimensional scaling and cluster analysis, which 
provide an indication about how the information available 
in the responses of the neurons separates the stimuli and 
enables discrimin ation between them (Figs. 12 and 13). 
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