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Introduction to Computational Neuroscience
To understand how the brain works, including how it functions in perception, memory, attention, decision-making, and cognitive
functions, it is necessary to combine different approaches, including neural computation (Rolls, 2016b).
Neurophysiology at the single neuron level is needed because this is the level at which information is exchanged between the
computing elements of the brain. Evidence from the effects of brain damage, including that available from neuropsychology, is
needed to help understand what different parts of the system do, and indeed what each part is necessary for. Neuroimaging is useful
to indicate where in the human brain different processes take place and to show which functions can be dissociated from each other.
Knowledge of the biophysical and synaptic properties of neurons is essential to understand how the computing elements of the
brain work, and therefore what the building blocks of biologically realistic computational models should be. Knowledge of the
anatomical and functional architecture of the cortex is needed to show what types of neuronal network actually perform the computation. And ﬁnally the approach of neural computation is needed, as this is required to link together all the empirical evidence to
produce an understanding of how the system actually works. Computational neuroscience utilizes evidence from all these disciplines to develop an understanding of how different types of function, including memory, perception, attention, and decisionmaking are implemented by processing in the cerebral cortex.
I emphasize that to understand how the brain works, we are dealing with large-scale computational systems with interactions
between the parts, and that this understanding requires analysis at the computational and global level of the operation of many
neurons to perform together a useful function. Understanding at the molecular level is important for helping to understand
how these large-scale computational processes are implemented in the brain, but will not by itself give any account of what computations are performed to implement these cognitive functions. Instead, understanding cognitive functions such as object recognition, memory recall, attention, and decision-making requires single neuron data to be closely linked to computational models
of how the interactions between large numbers of neurons and many networks of neurons allow these cognitive problems to be
solved. The single neuron level is important in this approach, for the single neurons can be thought of as the computational units
of the system, and is the level at which the information is exchanged by the spiking activity between the computational elements of
the brain. The single neuron level is therefore, because it is the level at which information is communicated between the computing
elements of the brain, the fundamental level of information processing and the level at which the information can be read out (by
recording the spiking activity) to understand what information is being represented and processed in each brain area.
A test of whether one’s understanding is correct is to simulate the processing on a computer, and to show whether the simulation
can perform the tasks of cortical systems, and whether the simulation has similar properties to the real brain. The approach of neural
computation leads to a precise deﬁnition of how the computation is performed and to precise and quantitative tests of the theories
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produced. How memory systems in the cortex work is a paradigm example of this approach, because memory-like operations which
involve altered functionality as a result of synaptic modiﬁcation are at the heart of how many computations in the cerebral cortex are
performed. It happens that attention and decision-making can be understood in terms of interactions between and fundamental
operations in memory systems in the cortex, and therefore it is natural to treat these areas of cognitive neuroscience together, for
the same fundamental concepts based on the operation of neuronal circuitry can be applied to all these functions, and to many
more (Rolls, 2008, 2016b).
Useful introductions to computational neuroscience are provided by Dayan and Abbott (2001) in Theoretical Neuroscience and by
Rolls (2016b) in Cerebral Cortex: Principles of Operation. Cerebral Cortex: Principles of Operation is notable in that its Appendix B, on the
operation of biologically plausible neuronal networks, is available at (see Relevant Website), together with programs written in Matlab (which will also operate in the Octave freeware) to demonstrate the operation of biologically plausible pattern association,
autoassociation, and competitive networks, and self-organizing maps. Another book that provides a clear and quantitative introduction to some of these networks is Introduction to the Theory of Neural Computation (Hertz et al., 1991). Gerstner et al. (2014) focus
on neuronal dynamics, Amit (1989) provides a thorough analysis of attractor (autoassociation) networks, and Koch (1999)
provides a biophysical approach to neuronal operation.
This article which provides an introduction to computational neuroscience includes next a brief introduction to some of the
main types of biologically plausible neuronal networks and then provides an overview of neuronal encoding, for this is a part
of computational neuroscience that is fundamental to understanding the operation of brain systems.

Biologically Plausible Neuronal Networks
A fuller description of the operation and utility of these networks is available in Appendix B of Cerebral Cortex: Principles of Operation
(Rolls, 2016b) (see Relevant Website).

Summary of the Architecture and Operation of Autoassociation or Attractor Networks
Autoassociation or attractor networks have recurrent collateral connections between the neurons and provide a basis for continuing
ﬁring to implement short-term memory, for the completion of a whole memory from a part to implement long-term memory and
for decision-making when two inputs to an attractor network compete with each other (Rolls, 2016b).
The prototypical architecture of an autoassociation memory is shown in Fig. 1. The external input ei is applied to each neuron i
by unmodiﬁable synapses. This produces ﬁring yi of each neuron. Each neuron is connected by a recurrent collateral synaptic
connection to the other neurons in the network, via associatively modiﬁable connection weights wij. This architecture effectively
enables the vector of output ﬁring rates to be associated during learning with itself. Later on, during recall, presentation of part
of the external input will force some of the output neurons to ﬁre, but through the recurrent collateral axons and the modiﬁed
synapses, other neurons can be brought into activity. This process can be repeated a number of times, and recall of a complete
pattern may be perfect. Effectively, a pattern can be recalled or recognized because of associations formed between its parts.
This, of course, requires distributed representations.

Figure 1 The architecture of an autoassociative neural network. The recurrent collateral synaptic weights are excitatory. Inhibitory neurons (not
illustrated) must be present to control the ﬁring rates. From Rolls, E.T., 2016. Cerebral Cortex: Principles of Operation. Oxford University Press,
Oxford.

Computational Neuroscience

3

Training for each desired pattern occurs in a single trial. The ﬁring of every output neuron i is forced to a value yi determined by
the external input ei. Then a Hebb-like associative local learning rule is applied to the recurrent synapses in the network:
dwij ¼ k$yi $yj

[1]

where k is a learning rate constant, yi is the activation of the dendrite (the postsynaptic term), yj is the presynaptic ﬁring rate, and dwij
is the change in the synaptic weight from axon j to neuron i. This learning algorithm is fast, “one-shot,” in that a single presentation
of an input pattern is all that is needed to store that pattern.
It is notable that in a fully connected network, this will result in a symmetrical matrix of synaptic weights, that is, the strength of
the connection from neuron 1 to neuron 2 will be the same as the strength of the connection from neuron 2 to neuron 1 (both
implemented via recurrent collateral synapses).
During recall, an external input e is applied and produces output ﬁring, operating through a nonlinear activation function. The
ﬁring is fed back by the recurrent collateral axons shown in Fig. 1 to produce activation of each output neuron through the modiﬁed
synapses on each output neuron. The activation hi produced by the recurrent collateral effect on the ith neuron is, in the standard
way, the sum of the activations produced in proportion to the ﬁring rate of each axon operating through each modiﬁed synapses wij,
that is,
hi ¼

X

yj wij

[2]

j

where the sum is over the input axons to each neuron, indexed by j.
The output ﬁring yi is a function of the activation produced by the recurrent collateral effect (internal recall) and by the external
input ei:
yi ¼ f ðhi þ ei Þ:

[3]

The activation function f should be nonlinear and may be, for example, binary threshold, linear threshold, sigmoid, and so forth.
A purely linear system would not produce any categorization of the input patterns it receives and therefore would not be able to
effect anything more than a trivial (ie, linear) form of completion and generalization.
During recall, a part of one of the originally learned stimuli can be presented as an external input. The resulting ﬁring is allowed
to iterate repeatedly round the recurrent collateral system, gradually on each iteration recalling more and more of the originally
learned pattern. Completion thus occurs. If a pattern is presented during recall that is similar to one of the previously learned
patterns, then the network settles into a stable recall state in which the ﬁring corresponds to that of the previously learned pattern.
The network can thus generalize in its recall to the most similar previously learned pattern. Important results characterize how many
patterns can be stored in a network in this way without interference during recall (Rolls, 2016b).

Summary of the Architecture and Operation of Pattern Association Networks
Fig. 2 shows a pattern association network. The type of network is important in classical conditioning, in stimulus–reinforcer association learning, and in the recall of memories using backprojections (Rolls, 2016b).
We trace the emergence of a conditioned response (CR). An unconditioned stimulus (US) has activity or ﬁring rate ei for the ith
neuron and produces ﬁring yi of the ith neuron which is an unconditioned response (UR). The conditioned stimuli (CS) have

Figure 2 The architecture of a pattern association network. From Rolls, E.T., 2016. Cerebral Cortex: Principles of Operation. Oxford University
Press, Oxford.
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activity or ﬁring rate xj for the jth axon. During learning, a CS is presented at the same time as a US, and the synaptic weights are
modiﬁed by an associative synaptic learning rule dwij ¼ k$yi$xj where k is a learning rate constant, and dwij is the change in the
synaptic weight from axon j to neuron i. During recall, only the CS is presented, and the activation hi is calculated as a dot product
P
between the input stimulus and the synaptic weight vector on a neuron hi ¼ xj wij , where the sum is over the input axons to each
j

neuron, indexed by j. The output ﬁring yi is a function f of the activation yi ¼ f (hi). The activation function f should be nonlinear and
may be, for example, binary threshold, linear threshold, or sigmoid. Inhibitory neurons not shown in the ﬁgure are part of the way
in which the threshold of the activation function is set. The nonlinearity in the activation function enables interference from other
pattern pairs stored in the network to be minimized. The pattern association network thus enables a CS to retrieve a response, the
CR, which was present as a UR during the learning. An important property is that if a distorted CS is presented, generalization occurs
to the effects produced by the closest CS during training (Rolls, 2016b).

Summary of the Architecture and Operation of Competitive Networks
Competitive networks perform categorization of input stimuli. Similar input stimuli are categorized together. More different input
stimuli are categorized as different. Competitive networks underlie much new learning performed by the cerebral cortex (Rolls,
2016b).
During training of a competitive network (Fig. 3), an input stimulus is presented to the synaptic matrix which has random initial
weights wij and produces activation hi of the ith neuron calculated as a dot product between the input stimulus and the synaptic
P
weight vector on a neuron hi ¼ xj wij , where the sum is over the input axons to each neuron, indexed by j. The output ﬁring yi
j

is a function f of the activation yi ¼ f (hi). The activation function f should be nonlinear and may be, for example, binary threshold,
linear threshold, or sigmoid. Inhibitory neurons not shown in the ﬁgure are part of the way in which the threshold of the activation
function is set in which the threshold reﬂects the ﬁring of all the output neurons. This or other competitive mechanisms result in
a typically sparse set of output neurons having ﬁring after the competition.
Next, an associative synaptic modiﬁcation rule is applied, while the presynaptic input and the postsynaptic output are both
present, dwij ¼ k$yi$xj where k is a learning rate constant, and dwij is the change in the synaptic weight from axon j to neuron i.
Next, the synaptic weight vector on each neuron is normalized to ensure that no one neuron dominates the classiﬁcation.
This process is repeated for every input pattern in random permuted sequence, and this process is repeated for a small number of
training epochs.
After the training, each dendritic weight vector points toward a cluster of patterns in the input space. The competitive network
has used self-organization with no teacher to categorize the inputs, with patterns close in the input space activating the same set of
output neurons, and different clusters of inputs activating different sets of output neurons.

Coding
I next describe the cortical neuronal encoding of information in primates including humans. The analysis is based on data sets of
neurons in many different cortical areas of primates during the normal operation of the brain during behavior, allowing a unique
comparison of neuronal encoding in the inferior temporal visual cortex, the primary taste cortex in the insula, the orbitofrontal
cortex, and the hippocampus and parahippocampal gyrus. The coding was analyzed with rigorous information theoretic methods
that we developed for application to single and multiple single neuron data and which are described by Rolls and Treves (2011),
Rolls (2016b), and in the original papers (Rolls et al., 1997a,b, 2003b, 2004, 2006; Franco et al., 2004).
I start with some deﬁnitions, then summarize some evidence that shows the type of encoding used in some cortical regions, and
then show how the representation found is advantageous.

Figure 3
Oxford.

The architecture of a competitive network. From Rolls, E.T., 2016. Cerebral Cortex: Principles of Operation. Oxford University Press,
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Deﬁnitions of Types of Representation
A local representation is one in which all the information that a particular stimulus or event occurred is provided by the activity of one
of the neurons. In a famous example, a single neuron might be active only if one’s grandmother was being seen, and this is sometimes called grandmother cell encoding. [The term was coined by Jerry Lettvin in about 1969dsee Charles Gross (2002).] An implication is that most neurons in the brain regions where objects or events are represented would ﬁre only very rarely (Barlow, 1972,
1995). A problem with this type of encoding is that a new neuron would be needed for every object or event that has to be represented. Another disadvantage is that this type of coding does not generalize easily to similar inputs, so that similarities between
perceptions or memories would not be apparent. Another disadvantage is that the system is rather sensitive to brain damage: if
a single neuron is lost, the representation may be lost. Another disadvantage of local encoding is that the storage capacity in
a memory system in the brain (the number of stimuli that can be stored and recalled) may not be especially high (in the order
of the number of synapses onto each neuron) (Rolls, 2016b).
A fully distributed representation is one in which all the information that a particular stimulus or event occurred is provided by the
activity of the full set of neurons. If the neurons are binary (eg, either active or not), the most distributed encoding is when half the
neurons are active (ie, ﬁring fast) for any one stimulus or event, and half are inactive. Different stimuli are represented by different
subsets of the neurons being active.
A sparse distributed representation is a distributed representation in which a small proportion of the neurons are active at any one
time. In a sparse representation with binary neurons (ie, neurons with ﬁring rates that are either high or low), less than half of the
neurons are active for any one stimulus or event. For binary neurons, we can use as a measure of the sparseness the proportion of
neurons in the active state. For neurons with real, continuously variable, values of ﬁring rates, the sparseness a of the representation is deﬁned below. A low value of the sparseness a indicates that few neurons are ﬁring for any one stimulus, and its
maximum value is 1.0.

Sparse Distributed Graded Firing Rate Encoding of Face and Object Identity in the Inferior Temporal Visual Cortex; of Taste
and Related Stimuli in the Insula and Orbitofrontal Cortex; and of Space in the Hippocampus
Sparseness of the Representation and an Approximately Exponential Firing Rate Probability Distribution
Barlow (1972) speculated that a particular object (or face) is represented in the brain by the ﬁring of one or a few gnostic (or “grandmother”) cells. We showed that this is not the case and that although a face-selective cell may respond only to faces, its ﬁring rate is
graded to a set of faces with some faces producing large responses, and more and more producing lower and lower responses, with
each neuron having a different proﬁle of responses to each of the different faces with an approximately exponential ﬁring rate probability distribution (Baylis et al., 1985; Rolls and Tovee, 1995; Baddeley et al., 1997; Treves et al., 1999; Franco et al., 2007; see Fig. 4;
and also Figs. 6 and 7).
The sparseness of the representation provided by a single neuron as can be deﬁned as
as ¼

X
s¼1;S

!2,
rs =S

X  
rs2 S

s¼1;S

where rs is the mean ﬁring rate of the neuron to stimulus s in the set of S stimuli. The average sparseness of the representation
provided by this type of neuron was 0.65 in the study of inferior temporal cortex neurons by Rolls and Tovee (1995). This is
the sparseness calculated from a single neuron across its responses to a large set of 68 stimuli, 23 of which were faces and 45 of
which were nonface stimuli (see Fig. 5A). The values for the sparseness of each neuron are of interest, and the distribution
shown in Fig. 5A shows that none of the neurons had very sparse grandmother cell types of representation (for which the
sparseness would be in this study 1/68 ¼ 0.015) in this or any other of our many studies (Rolls and Treves, 2011; Rolls,
2016a).
The same value for the sparseness is obtained when one calculates it as the responses of a large set of neurons to a single stimulus,
which is termed the population sparseness ap, and this indicates that the representation is weakly ergodic, that is, that the response
proﬁles of the different neurons are uncorrelated (Franco et al., 2007).
These values for a do not seem very sparse. But these values are calculated using the raw ﬁring rates of the neurons, on the basis
that these would be what a receiving neuron would receive as its input representation. However, neocortical neurons have a spontaneous ﬁring rate of several spikes/s (with a lower value of 0.75 spikes/s for hippocampal pyramidal cells), and if this spontaneous
value is subtracted from the ﬁring rates to yield a “response sparseness” ar, this value is considerably lower. For example, if the spontaneous ﬁring rate was subtracted from the ﬁring rate of the neuron to each stimulus, so that the changes of ﬁring rate, ie, the
responses of the neurons, were used in the sparseness calculation, then the “response sparseness” for the set of neurons in had
a lower value, with a mean of ar ¼ 0.33 for the population of neurons as shown in Fig. 5B (Rolls and Tovee, 1995). Further, the
true sparseness of the representation is probably less than this, for this is calculated only over the neurons that had responses to
some of these stimuli. There were many more neurons that had no response to the stimuli. At least 10 times the number of inferior
temporal cortex neurons had no responses to this set of 68 stimuli. So the true sparseness would be much lower than this value of
0.33. Further, it is important to remember the relative nature of sparseness measures, which (like the information measures to be
discussed below) depend strongly on the stimulus set used (Rolls and Treves, 2011; Rolls, 2016b).
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Figure 4 Firing rate distribution of a single neuron in the temporal visual cortex to a set of 23 face (F) and 45 nonface images of natural scenes.
The ﬁring rate response ( the standard error) to each of the 68 stimuli is shown, ie, the spontaneous ﬁring rate has been subtracted so that the
0 baseline is the spontaneous ﬁring rate. P indicates a face proﬁle stimulus and B indicates a body part stimulus such as a hand. Rather few stimuli
produce high ﬁring rates (eg, above 60 spikes/s), and increasingly large numbers of stimuli produce lower and lower ﬁring rates. The spontaneous
ﬁring rate of this neuron, the rate when no stimuli were being shown, was 20 spikes/s (Rolls and Tovee, 1995). The histogram bars indicate the
change of ﬁring rate from the spontaneous value produced by each stimulus. The neuron responded best to three of the faces (proﬁle views), had
some response to some of the other faces, and had little or no response, and sometimes had a small decrease of ﬁring rate below the spontaneous
ﬁring rate, to the nonface stimuli. After Rolls, E.T., Tovee, M.J., 1995. Sparseness of the neuronal representation of stimuli in the primate temporal
visual cortex. J. Neurophysiol. 73, 713–726.

Another way to analyze this is to examine the ﬁring rate probability distribution of neurons. A grandmother cell would have one
peak in this distribution at a ﬁring rate of zero, and a second peak with a high ﬁring rate with a very low probability. Franco et al.
(2007) showed that while the ﬁring rates of some single inferior temporal cortex neurons (tested in a visual ﬁxation task to a set
of 20 face and nonface stimuli) ﬁt an exponential distribution, and others with higher spontaneous ﬁring rates have a gamma
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Figure 5 (A) Distribution of sparseness value for the population of 14 inferior temporal cortex neurons for which ﬁring rates were measured to
a set of 23 face and 45 nonface images by Rolls and Tovee (1995). The mean sparseness value was 0.65  0.16 (mean  SD). (B) The same data
as (A), but now shown as response sparseness ar, by subtracting the spontaneous ﬁring rate. The mean of the response sparseness was
0.33  0.22 (mean  SD). After Rolls, E.T., Tovee, M.J., 1995. Sparseness of the neuronal representation of stimuli in the primate temporal visual
cortex. J. Neurophysiol. 73, 713–726.

distribution with the mode shifted above zero rate if they have a higher than typical spontaneous ﬁring rate, it turns out that there is
a very close ﬁt to an exponential distribution of ﬁring rates if all spikes from all the neurons are considered together. This interesting
result is shown in Fig. 6. Consistent with this [and the concept of weak ergodicity (Franco et al., 2007)], if the activity of a single inferior
temporal cortex neuron is measured to a very large number of visual stimuli (while the monkey is watching a video), then the ﬁring
rate distribution is again frequently close to exponential, as illustrated in Fig. 7 (Baddeley et al., 1997).
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Figure 6 An exponential ﬁring rate probability distribution obtained by pooling the ﬁring rates of a population of 41 inferior temporal cortex
neurons tested to a set of 20 face and nonface stimuli. The ﬁring rate probability distribution for the 100–300 ms interval following stimulus onset
was formed by adding the spike counts from all 41 neurons, and across all stimuli. The ﬁt to the exponential distribution (dashed line) was high.
After Franco, L., Rolls, E.T., Aggelopoulos, N.C., Jerez, J.M., 2007. Neuronal selectivity, population sparseness, and ergodicity in the inferior temporal
visual cortex. Biol. Cybern. 96, 547–560.

Figure 7 The probability of different ﬁring rates measured in short-time (eg, 100 or 500 ms) windows of a temporal cortex neuron calculated over
a 5-min period in which the macaque watched a video showing natural scenes, including faces. An exponential ﬁt (þ) to the data (diamonds) is
shown. After Baddeley, R.J., Abbott, L.F., Booth, M.J.A., Sengpiel, F., Freeman, T., Wakeman, E.A., Rolls, E.T., 1997. Responses of neurons in
primary and inferior temporal visual cortices to natural scenes. Proc. R. Soc. Lond. B 264, 1775–1783.

It is helpful to note that the sparseness of the representation provided by a neuron with an exponential probability distribution
of ﬁring rates is 0.5, which is close to the values measured for the sparseness in different cortical areas. The possible utility of such
a representation in terms of metabolic efﬁciency by having relatively few high ﬁring rates is considered elsewhere (Treves et al., 1999;
Rolls and Treves, 2011; Rolls, 2016b).

Comparisons of Sparseness Between Areas: The Inferior Temporal Visual Cortex, Hippocampus, Insula, Orbitofrontal Cortex, and
Amygdala
In the study of Franco et al. (2007) on inferior temporal visual cortex neurons, the selectivity of individual cells for the set of stimuli,
or single cell sparseness a, had a mean value of 0.77. This is close to a previously measured estimate, 0.65, which was obtained with
a larger stimulus set of 68 stimuli (Rolls and Tovee, 1995).
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In contrast, the representation in some memory systems may be more sparse. For example, in the hippocampus in which spatial
view cells are found in macaques, further analysis of data from macaque spatial view cells analyzed by Rolls et al. (1998) shows that
for the representation of 64 locations around the walls of the room, the mean single cell sparseness as was 0.34  0.13 (sd), and the
mean population sparseness ap was 0.33  0.11. The more sparse representation is consistent with the view that the hippocampus is
involved in storing memories and that for this, more sparse representations than in perceptual areas are relevant (Kesner and Rolls,
2015; Rolls, 2016b). Nevertheless, sparse distributed graded encoding is still used (Rolls et al., 1998).
Evidence is now available on sparseness, ergodicity, and information encoding in three further brain areas, the macaque
insular primary taste cortex, the orbitofrontal cortex, and the amygdala (Kadohisa et al., 2005b; Rolls et al., 2010; Rolls,
2016b). In all these brain areas, sets of neurons were tested with an identical set of 24 oral taste, temperature, and texture stimuli.
[The stimuli were tasted0.1 M NaCl (salt), 1 M glucose (sweet), 0.01 M HCl (sour), 0.001 M quinine HCl (bitter), 0.1 M monosodium glutamate (umami), and water; temperatured10, 37, and 42 C; ﬂavordblackcurrant juice; viscositydcarboxymethylcellulose 10, 100, 1000, and 10 000 cPoise; fatty/oilydsingle cream, vegetable oil, mineral oil, silicone oil (100 cPoise), coconut
oil, and safﬂower oil; fatty acidsdlinoleic acid and lauric acid; capsaicin; and gritty texture.] Further analysis of data (Verhagen
et al., 2004) for the primary taste cortex showed that the mean value of as across 58 neurons was 0.745 and of ap was 0.708.
Further analysis of data for the orbitofrontal cortex (Rolls et al., 2003a; Verhagen et al., 2003; Kadohisa et al., 2004, 2005b)
showed that the mean value of as across 30 neurons was 0.625 and of ap was 0.611. Further analysis of data for the amygdala
(Kadohisa et al., 2005a) showed that the mean value of as across 38 neurons was 0.811 and of ap was 0.813. The values of
a are relatively high, implying the importance of representing large amounts of information in these brain areas about this set
of stimuli by using a very distributed code, and also perhaps about the stimulus set, some members of which may be rather
similar to each other. Further, in all these cases, the mean value of as is close to that of ap, and weak ergodicity is implied,
providing further evidence on an important aspect of cortical encoding, that at least up to reasonable numbers of neurons,
the coding by different neurons is relatively independent, that is, the response proﬁles of the neurons to the set of stimuli are
relatively uncorrelated (Rolls, 2016b).
Overall, we have seen that in many primate cortical areas and in the amygdala (which receives from the cortex), a sparse
distributed graded representation is found, with no evidence for grandmother cells (Rolls and Treves, 2011; Rolls, 2016b).

Single Cell Information
Complementary evidence comes from applying information theory to analyze how information is represented by neurons in the
cortex. The information required to identify which of S equiprobable events occurred (or stimuli were shown) is log2S bits. (Thus 1
bit is required to specify which of two stimuli was shown, 2 bits to specify which of four stimuli was shown, 3 bits to specify which
of eight stimuli was shown, etc.)
We are interested in measuring the information that we gain from the neuronal response r to a stimulus s in a set of S stimuli. The
(Shannon) mutual information is the average information across all stimuli from the set S and all responses from the set R, as
follows (Shannon, 1948; Rolls, 2016 p. 6387)
IðS; RÞ ¼

X

Pðs; rÞlog2

s;r

Pðs; rÞ
PðsÞPðrÞ

where P(s,r) is the joint probability of the pair of results s and r.
We are also interested in the information speciﬁcally conveyed about each stimulus
Iðs; RÞ ¼

X
r

PðrjsÞlog2

PðrjsÞ
PðrÞ

which is a direct quantiﬁcation of the variability in the responses elicited by that stimulus, compared to the overall variability across
all stimuli S. We term this the stimulus-speciﬁc information (Rolls, 2016b). For a grandmother cell, a neuron would convey a large
amount of information about only one of the stimuli. Thus this measure is useful in analyzing encoding. A feature of the single cell
information theoretic analyses that we have performed is that rigorous corrections have been made for the ﬁnite sampling effect,
that is, that the number of trials of data is limited (Tovee et al., 1993; Rolls et al., 1996, 1997b).
Fig. 8 shows the stimulus-speciﬁc information I(s,R) available in the neuronal response about each of 20 face stimuli calculated
for the neuron (am242) whose ﬁring rate response proﬁle to the set of 68 stimuli is shown in Fig. 4. This is the information obtained
on a single trial by the number of spikes in a 500 ms period. It is shown in Fig. 8 that 2.2, 2.0, and 1.5 bits of information were
present about the three face stimuli to which the neuron had the highest ﬁring rate responses. The neuron conveyed some but
smaller amounts of information about the remaining face stimuli. The average information I(S,R) about this set (S) of 20 faces
for this neuron was 0.55 bits. The average ﬁring rate of this neuron to these 20 face stimuli was 54 spikes/s. It is clear from
Fig. 8 that little information was available from the responses of the neuron to a particular face stimulus if that response was close
to the average response of the neuron across all stimuli. At the same time, it is clear from Fig. 8 that information was present depending on how far the ﬁring rate to a particular stimulus was from the average response of the neuron to the stimuli. Of particular
interest, it is evident that information is present from the neuronal response about which face was shown if that neuronal response
was below the average response, as well as when the response was greater than the average response.
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Figure 8 The stimulus-speciﬁc information I(s,R) available in the response of the same single neuron as in Fig. 4 about each of the stimuli in the
set of 20 face stimuli (abscissa), with the ﬁring rate of the neuron to the corresponding stimulus plotted as a function of this on the ordinate. The
horizontal line shows the mean ﬁring rate across all stimuli. After Rolls, E.T., Treves, A., Tovee, M.J., Panzeri, S., 1997. Information in the neuronal
representation of individual stimuli in the primate temporal visual cortex. J. Comput. Neurosci. 4, 309–333.

One intuitive way to understand the data shown in Fig. 8 is to appreciate that low probability ﬁring rate responses, whether they are
greater than or less than the mean response rate, convey much information about which stimulus was seen. This is of course close to the
deﬁnition of information. Given that the ﬁring rates of neurons are always positive, and follow an asymmetric distribution about their
mean, it is clear that deviations above the mean have a different probability to occur than deviations by the same amount below the
mean. One may attempt to capture the relative likelihood of different ﬁring rates above and below the mean by computing a z score
obtained by dividing the difference between the mean response to each stimulus and the overall mean response by the standard deviation of the response to that stimulus. The greater the number of standard deviations (ie, the greater the z score) from the mean response
value, the greater the information might be expected to be. I therefore show in Fig. 9 the relation between the z score and I(s,R). This
results in a C-shaped curve in Figs. 8 and 9, with more information being provided by the neuron the further its response to a stimulus is
in spikes per second or in z scores either above or below the mean response to all stimuli (which was 54 spikes/s for this neuron).
The very clear conclusion from this single cell information theoretic analysis is that neurons have a sparse distributed representation, in which considerable information is conveyed about a small proportion of the stimuli (in cortex, those producing the highest ﬁring rates), with some information about many other stimuli (depending on how far the response of a neuron is from its
average response across all stimuli), and very little information about very many stimuli. (Of course if a neuron has no response
to a stimulus, with this type of encoding, one learns a small amount, for a response below the average response to all stimuli
does convey a little information, as is made clear in Figs. 8 and 9.)
Similar results, providing clear evidence for a sparse distributed graded representation, were obtained from all neurons that we
analyzed in several data sets for neurons in the inferior temporal visual cortex responding to objects or faces (Rolls et al., 1997b;
Franco et al., 2007). The same type of information representation was found for neurons responding to taste and odor in the orbitofrontal cortex (Rolls et al., 1996, 2010) and to spatial view in the hippocampus (Rolls et al., 1998).

The Information Available From Multiple Cells
The analysis of the encoding of information by multiple single cells, for which we have developed methods (Rolls et al., 1997a, 2003b,
2004; Franco et al., 2004), also has implications for understanding how local or distributed the encoding is by cortical neurons. The
important point for the present purposes is that if the encoding was local (or grandmother cell-like), the number of stimuli encoded by
a population of neurons would be expected to rise approximately linearly with the number of neurons in the population. In contrast,
with distributed encoding, provided that the neuronal responses are sufﬁciently independent, the information might be expected to
rise linearly with the number of neurons, and the number of stimuli encodable by the population of neurons might be expected to rise
exponentially as the number of neurons in the sample was increased (as information is a log measure) (Rolls, 2016b).
The information available about which of 20 equiprobable faces had been shown that was available from the responses of
different numbers of inferior temporal cortex neurons is shown in Fig. 10 (Rolls et al., 1997a). First, it is clear that some
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Figure 9 The relation for a single cell between the number of standard deviations, the response to a stimulus, was from the average response to all
stimuli (see text, z score) plotted as a function of I(s,R), the information available about the corresponding stimulus, s. After Rolls, E.T., Treves, A.,
Tovee, M.J., Panzeri, S., 1997. Information in the neuronal representation of individual stimuli in the primate temporal visual cortex. J. Comput. Neurosci. 4, 309–333.
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Figure 10 (A) The values for the average information available in the responses of different numbers of inferior temporal cortex neurons on each
trial, about which of a set of 20 face stimuli has been shown. The decoding method was Dot Product (DP, ) or Bayesian Probability Estimation
(PE, þ), and the effects obtained with cross-validation procedures utilizing 50% of the trials as test trials are shown. The remainder of the trials in
the cross-validation procedure were used as training trials. Probability estimation refers to estimating the probability from the neuronal responses for
a single trial that each of the 20 faces was shown, thus utilizing the neuronal evidence available about how likely it was that each stimulus was
shown, see Rolls et al. (1997). The full line indicates the amount of information expected from populations of increasing size, when assuming
random correlations within the constraint given by the ceiling (the information in the stimulus set, I ¼ 4.32 bits). (B) The percent correct for the corresponding data to those shown in Fig. 10A. After Rolls, E.T., Treves, A., Tovee, M.J., 1997. The representational capacity of the distributed encoding
of information provided by populations of neurons in the primate temporal visual cortex. Exp. Brain Res. 114, 177–185.
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Figure 11 The number of stimuli (in this case from a set of 20 faces) that are encoded in the responses of different numbers of neurons in the
temporal lobe visual cortex, based on results shown in Fig. 7. The solid circles are the result of the raw calculation, and the open circles correspond
to the cross-validated case. After Abbott, L.F., Rolls, E.T., Tovee, M.J., 1996. Representational capacity of face coding in monkeys. Cereb. Cortex 6,
498–505.

information is available from the responses of just one neurondon average approximately 0.34 bits. Thus knowing the activity of
just one neuron in the population does provide some evidence about which stimulus was present. This evidence that information
is available in the responses of individual neurons in this way, without having to know the state of all the other neurons in the
population, indicates that information is made explicit in the ﬁring of individual neurons in a way that will allow neurally plausible decoding, involving computing a sum of input activities each weighted by synaptic strength, a dot product, to work (see
below). Second, it is clear (Fig. 10) that the information rises approximately linearly, and the number of stimuli encoded
thus rises approximately exponentially (Fig. 11), as the number of cells in the sample increases (Abbott et al., 1996; Rolls
et al., 1997a; Rolls and Treves, 1998), conﬁrmed with simultaneous recordings from different neurons (Panzeri et al., 1999a; Rolls
et al., 2004, 2006). Consistently, Gawne and Richmond (1993) showed that even adjacent pairs of neurons recorded simultaneously from the same electrode carried information that was approximately 80% independent. The same type of approximately
linear increase in the information with the number of neurons in the sample is also found in the orbitofrontal cortex for olfactory
and taste stimuli (Rolls et al., 2010) and in the hippocampus for spatial view neurons (Rolls et al., 1998). [These effects can only
be seen with large stimulus sets, as only then are more than one or a very few neurons needed to encode the information, and
even then the curves of the type illustrated in Fig. 10 tend to asymptote as the total information required to represent the set of
stimuli is approached as analyzed by Rolls et al. (1997a).]
The conclusion from the multiple cell information analyses then is that the signature of a sparse distributed representation is
found, with information encoded relatively independently by different neurons.
Some have postulated that there might be information available if neurons became temporally synchronized to some but not
other stimuli in a set (Engel et al., 1992; Singer, 1999). With rigorous information theoretic techniques (Rolls, 2008), we showed
that, for static faces and objects, most of the information is available in the ﬁring rates of the neurons (the number of spikes in
a short time period) and that there is little additional information (<5% of the total) in the relative time of ﬁring of simultaneously recorded neurons (Panzeri et al., 1999a; Rolls et al., 2003b, 2004; Franco et al., 2004). This has been shown to apply
to natural vision in natural scenes in which two test images had to be segmented from a complex background, the features of
each object had to be bound together, and the monkey had to use top-down attention to search for one of two images in
a complex scene (Aggelopoulos et al., 2005).

Advantages of the Sparse Distributed Graded Representation of Objects for Brain Processing
The advantages of the distributed encoding found include the following explained in more detail elsewhere (Rolls and Treves, 1998,
2011; Rolls, 2007, 2008, 2014, 2016b), with a full analysis of how information theory has helped in the understanding of neural
representations in the brain provided by Rolls (2016b):
1. Exponentially high coding capacity
This property arises from a combination of the encoding being sufﬁciently close to independent by the different neurons (ie,
factorial), and sufﬁciently distributed, and is illustrated by the evidence shown in Figs. 10 and 11.
2. Ease with which the code can be read by receiving neurons
For brain plausibility, it is also a requirement that neurons should be able to read the code. This is why when we have estimated
the information from populations of neurons, we have used in addition to a probability estimating measure (optimal, in the
Bayesian sense), also a dot product measure, which is a way of specifying that all that is required of decoding neurons would be
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the property of adding up postsynaptic potentials produced through each synapse as a result of the activity of each incoming axon
(Abbott et al., 1996; Rolls et al., 1997a). It was found that with such a neurally plausible algorithm (the Dot Product, DP, algorithm), which calculates which average response vector, the neuronal response vector on a single test trial, was closest to by performing a normalized dot product (equivalent to measuring the angle between the test and the average vector), the same generic results
were obtained, with only a 40% reduction of information compared to the more efﬁcient (Bayesian) algorithm. This is an indication
that the brain could utilize the exponentially increasing capacity for encoding stimuli as the number of neurons in the population
increases.
3. Higher Resistance to Noise
Because the information is decoded from a large population of neurons by inner product multiplication with the synaptic weight
vector, there is less dependence on the random (almost Poisson) ﬁring times for a given mean rate of single neurons, and thus there
is resistance to noise inherent in the activity of single neurons (Rolls and Deco, 2010).
4. Generalization
Generalization to similar stimuli is again a property that arises in neuronal networks if distributed but not if local encoding is
used. The generalization arises as a result of the fact that a neuron can be thought of as computing the inner or dot product of the
stimulus representation expressed as the ﬁring rate on the set of input neurons with its synaptic weight vector (see further Rolls and
Treves, 1998; Rolls and Deco, 2002; Rolls, 2008, 2016b). With distributed representations, a neuron can generalize because the dot
product of a related input will produce a similar (related) output (Rolls, 2008, 2016b). With localist encoding, where a single
neuron represents an object, there is no generalization of that neuron to related inputs. An input either ﬁres the neuron if the object
is present or does not ﬁre it if the object is not present. (Of course, those who advocate “grandmother cell” or “localist” encoding in
the cortex might relax their deﬁnition of what they mean: and if so, it will be interesting to see how close they reach to the sparse
distributed encoding described in this article, which is based on experimental evidence from thousands of single neuron
recordings.)
5. Completion
Completion occurs in associative memory networks by a similar process. Completion is the property of recall of the whole of
a pattern in response to any part of the pattern (Rolls, 2016b).
6. Graceful degradation or fault tolerance
Again, because the information is decoded from a large population of neurons by inner product multiplication with the synaptic
weight vector, there is less dependence on the ﬁring of any one neuron or on any particular subset of neurons, so that if some
neurons are damaged, the performance of the system only gradually degrades and is in this sense fault tolerant (Rolls, 2016b).
7. Speed of readout of the information
The information available in a distributed representation can be decoded by an analyzer more quickly than can the information
from a local representation, given comparable ﬁring rates. Within a fraction of an interspike interval, with a distributed representation, much information can be extracted (Treves, 1993; Treves et al., 1996, 1997; Rolls et al., 1997a, 2006; Panzeri et al., 1999b).
In effect, spikes from many different neurons can contribute to calculating the angle between a neuronal population and a synaptic
weight vector within an interspike interval (Franco et al., 2004; Rolls, 2008, 2016b). With local encoding, the speed of information
readout depends on the exact model considered, but if the rate of ﬁring needs to be taken into account, this will necessarily take
time, because of the time needed for several spikes to accumulate to estimate the ﬁring rate.
8. Distributed representations support attractor representations in the brain
Another advantage of distributed representations is that attractor states are very likely to be used to hold information online for
short-term memory, attention, long-term memory, decision-making etc., and attractors can only be supported in the brain by
neuronal systems with distributed not local representations because positive feedback from many neurons (not from a single
neuron) is required to keep an attractor state active in the brain (Rolls and Deco, 2010; Rolls, 2016b). (A single neuron providing
input to itself would be insufﬁcient to maintain its activity in a typical cortical pyramidal cell with 10 000 recurrent collateral
synapses.)
My view is that even in systems such as those involved in language, the same sparse distributed graded encoding will be used,
although the coding may be more sparse. My reasoning is that the identity of a person or object is encoded by a sparse distributed
representation of neurons that reﬂect the main attributes. The more those attributes match, the more likely I am to decode the input
as, for example, my grandmother. This type of representation can be built by competitive learning (Rolls, 2016b). If on one occasion
my grandmother is wearing glasses, that is then an attribute represented by some members of the neurons in the sparse distributed
representation. If the glasses are absent (but are usually present), the input may look a little less like my grandmother, because the
dot product decoding used by the receiving neurons is a little lower. This type of decoding, which is neuronally plausible, is
described in more detail by Rolls (2016b). A local or grandmother cell representation does not cope at all with this scenario, for
I might need a separate grandmother cell for every possible appearance of my grandmother, and there would be no useful generalization between the different grandmother cells all for my same grandmother but with different hats, glasses, etc.
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Another advantage of sparse distributed representations for language is that attractor states are very likely to be used to hold
online the parts of a sentence for syntactical operations (Rolls and Deco, 2015), and attractors can only be supported in the brain
by neuronal systems with distributed not local representations as noted above (Rolls and Deco, 2010; Rolls, 2016b).
What happens in this situation if I need to remember that at a particular occasion, say her 70th birthday, my grandmother was
wearing a red hat? My view is that this case where particular attributes have to be remembered is then the role for the hippocampus,
which is involved in episodic memory, and which can associate together the sparse representation received from the inferior
temporal visual cortex that it is my grandmother, with other neurons that sparsely encode the red hat (and with other neurons
that encode the time and place) (Kesner and Rolls, 2015; Rolls, 2016b).

Evidence From Humans
Interesting ﬁndings are now becoming available about how neurons respond in medial temporal lobe regions (Fried et al., 2014;
Rolls, 2015). Mormann, Ison, Quiroga, Koch, Fried, and Kreiman describe some neurons with responses that appear quite selective,
with one neuron responding, for example, to Jennifer Aniston but much less to other individuals, and responding multimodally, for
example, not just to the sight of Jennifer Aniston, but also to the sound of her voice (Fried et al., 2014; Rey et al., 2015). At ﬁrst, the
tuning of single neurons might on the basis of a few striking examples in humans be thought to be more selective than those in the
macaque temporal lobe, but on the basis of many such recordings, those who have recorded these neurons argue that the code is
sparsely distributed (Quiroga et al., 2008; Quiroga, 2012, 2013; Rey et al., 2015), and therefore somewhat similar to that of neurons
in macaques (Rolls and Treves, 2011).
Some neurons recorded in the human medial temporal lobe areas such as the hippocampus are described as being “concept
neurons,” for not only are they multimodal, but they can also respond to imagery of, for example, Jennifer Aniston, as in one
famous case (Fried et al., 2014; Rey et al., 2015). How does this ﬁt in with concepts of hippocampal function? The hippocampus
is thought to be involved in episodic or event memory, for example, the memory of a particular person in a particular place (Rolls,
1989, 2008; Kesner and Rolls, 2015). Each memory must be as separate as possible from other memories, and the evidence is that
single neurons in the macaque CA3 respond to combinations of, for example, a particular place being viewed, or a particular object,
or a combination of these (Rolls et al., 2005). Indeed the theory is that the CA3 region with its recurrent collateral associatively
modiﬁable synaptic connections enables any object or person to be associated with any place by this associativity to form a unique
episodic memory (Rolls, 1989, 2016b; Kesner and Rolls, 2015). Human neurons in the hippocampus that respond to “concepts,”
for example, with quite selective tuning for a person, appear to be consistent with this theory. Of course, the nature of the sparsely
distributed encoding is that no single neuron does need to be selective for just one person or object, for it is across a population of
such neurons with sparsely distributed encoding that a particular individual is represented (Rolls and Treves, 2011) and becomes
part of the autoassociation or attractor memory of a particular object or person in a particular place (Rolls, 1989, 2016b; Kesner and
Rolls, 2015).
A possible difference of single neurons in the human medial temporal lobe is that many seem to have rather low ﬁring rate
responses compared to those in macaques. However, the ﬁring rates of neurons in different cortical areas are very different. In
the inferior temporal visual cortex, neurons with peak ﬁring rates of 100 spikes/s to the most effective stimulus are common,
whereas in the hippocampus, neuronal responses have much lower ﬁring rates, typically reaching a peak of 10–15 spikes/s to
the most effective stimulus, from a spontaneous rate of less than 1 spike/s (Rolls and Xiang, 2006). Thus when interpreting temporal
lobe recordings in humans, it is important to take into account as much as possible the recording site, for what neurons respond to,
and how much they respond, differs greatly between cortical areas. In this context, any information such as MNI coordinates of
recorded single neurons in humans is important to provide and, moreover, will help the single neuron studies to be related to
the activations found in human imaging studies, which of course reﬂect the average activity of hundreds of thousands of neurons,
so provide little evidence about how the information is encoded by the neurons.
What are unique to humans are the ﬁndings on neuronal responses related to human language, described by Ojemann
(Fried et al., 2014) (Chapter 14). Many of these recordings were made in lateral temporal cortex, and not from areas that
are essential for language. One interesting ﬁnding has been of single neurons that change their activity when naming objects
in one language, but not in another language. This suggests that the neuronal networks for different languages may be at least
partly separate in terms of how they operate. Another interesting ﬁnding is that some temporal lobe neurons are involved in
perception, and others in production, and indeed neurons with mirrorlike properties are described as being rare in the superior
temporal lobe cortical areas. In a more recent study, Halgren, Cash, and colleagues described in the left anterior superior
temporal gyrus of a right-handed man that 45% of units robustly ﬁred to some spoken words with little or no response to
pure tones, noise-vocoded speech, or environmental sounds (Chan et al., 2014). The tuning to words might be described as
sparsely distributed. Many units were tuned to complex but speciﬁc sets of phonemes, which were inﬂuenced by local context
but invariant to speaker, and suppressed during self-produced speech. The ﬁring of several units to speciﬁc visual letters was
correlated with their response to the corresponding auditory phonemes, providing direct neural evidence for phonological
recoding during reading. A fundamental issue is how syntax is encoded in the cortex. A recent hypothesis is that place coding
might be used, with, for example, a neuron responding to the word “cat” when it is the subject of a sentence, and not when it is
the object (Rolls and Deco, 2015). If this hypothesis was found to be the case in single neuron recordings in future, this would
greatly simplify concepts about how language and, in particular, syntax are implemented in the cortex (Rolls and Deco, 2015;
Rolls, 2016b).
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