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A B S T R A C T

We describe the results of quantitative information theoretic analyses of neural encoding, particularly in

the primate visual, olfactory, taste, hippocampal, and orbitofrontal cortex. Most of the information turns

out to be encoded by the firing rates of the neurons, that is by the number of spikes in a short time

window. This has been shown to be a robust code, for the firing rate representations of different neurons

are close to independent for small populations of neurons. Moreover, the information can be read fast

from such encoding, in as little as 20 ms. In quantitative information theoretic studies, only a little

additional information is available in temporal encoding involving stimulus-dependent synchronization

of different neurons, or the timing of spikes within the spike train of a single neuron. Feature binding

appears to be solved by feature combination neurons rather than by temporal synchrony. The code is

sparse distributed, with the spike firing rate distributions close to exponential or gamma. A feature of the

code is that it can be read by neurons that take a synaptically weighted sum of their inputs. This dot

product decoding is biologically plausible. Understanding the neural code is fundamental to

understanding not only how the cortex represents, but also processes, information.
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Abbreviation: IT, inferior temporal visual cortex.

* Corresponding author.

Contents lists available at SciVerse ScienceDirect

Progress in Neurobiology

jo u rn al ho m epag e: ww w.els evier . c om / lo cat e/pn eu ro b io

0301-0082/$ – see front matter � 2011 Elsevier Ltd. All rights reserved.

doi:10.1016/j.pneurobio.2011.08.002

http://dx.doi.org/10.1016/j.pneurobio.2011.08.002
http://www.sciencedirect.com/science/journal/03010082
http://dx.doi.org/10.1016/j.pneurobio.2011.08.002


3.1.4. Population sparseness ap. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 461

3.1.5. Ergodicity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 462

3.1.6. Comparisons of sparseness between areas: the hippocampus, insula, orbitofrontal cortex, and amygdala . . . . . . . . . . . . . 462

3.1.7. Noise in the brain: the effects of sparseness and of graded representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 463

3.2. Sensory information from single neurons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 464

3.2.1. The information from single neurons: temporal codes vs. rate codes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 465

3.2.2. Oscillations and phase coding. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 466

3.2.3. Oscillations and communication through coherence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 466

3.2.4. Oscillations can reset a network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 468

3.2.5. The speed of information transfer by single neurons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 468

3.2.6. Masking, information, and consciousness. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 468

3.2.7. First spike codes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 469

3.3. Sensory information from multiple cells: independent information vs. redundancy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 470

3.3.1. Overview of population encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 470

3.3.2. Population encoding with independent contributions from each neuron. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 471

3.3.3. Quantifying redundancy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 472

3.3.4. Should one neuron be as discriminative as the whole organism? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 474

3.3.5. Information representation in the taste and olfactory systems. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 475

3.3.6. The effects of cross-correlations between cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 475

3.3.7. Stimulus-dependent neuronal synchrony is not used for binding even with natural vision and attention . . . . . . . . . . . . . 475

3.3.8. Conclusions on feature binding in vision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476

3.4. Information about physical space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 477

3.4.1. Information about spatial context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 477

3.4.2. Information about position from individual cells. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 478

3.4.3. Information about position, transparent and dark . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 478

3.5. Information in virtual space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 479

3.5.1. The metric content index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 480

3.5.2. Estimating metric content from human subjects’ behaviour. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 480

3.5.3. Metric content increases with Alzheimer’s but not with semantic dementia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 481

3.6. Predictions of decisions or subjective states from fMRI activations and local field potentials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 482

3.6.1. The information from multiple voxels with functional neuroimaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 482

3.6.2. The information from neurons vs. that from voxels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 483

4. Conclusions on cortical neuronal encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 485

5. Information theory terms – a short glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 487

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 487

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 487

1. Introduction

Because single neurons are the computing elements of the brain
and send the results of their processing by spiking activity to other
neurons, we can analyze brain processing by understanding what
is encoded by the neuronal firing at each stage of the brain (e.g.
each cortical area), and determining how what is encoded changes
from stage to stage. Each neuron responds differently to a set of
stimuli (with each neuron tuned differently to the members of the
set of stimuli), and it is this that allows different stimuli to be
represented. We can only address the richness of the representa-
tion therefore by understanding the differences in the responses of
different neurons, and the impact that this has on the amount of
information that is encoded. These issues can only be adequately
and directly addressed at the level of the activity of single neurons
and of populations of single neurons, and understanding at this
neuronal level (rather than at the level of thousands or millions of
neurons as revealed by functional neuroimaging) is essential for
understanding brain computation.

Information theory provides the means for quantifying how
much neurons communicate to other neurons, and thus provides a
quantitative approach to fundamental questions about informa-
tion processing in the brain. To investigate what in neuronal
activity carries information, one must compare the amounts of
information carried by different codes, that is different descrip-
tions of the same activity, to provide the answer. To investigate the
speed of information transmission, one must define and measure
information rates from neuronal responses. To investigate to what
extent the information provided by different cells is redundant or

instead independent, again one must measure amounts of
information in order to provide quantitative evidence. To compare
the information carried by the number of spikes, by the timing of
the spikes within the response of a single neuron, and by the
relative time of firing of different neurons reflecting for example
stimulus-dependent neuronal synchronization, information theo-
ry again provides a quantitative and well-founded basis for the
necessary comparisons. To compare the information carried by a
single neuron or a group of neurons with that reflected in the
behaviour of the human or animal, one must again use information
theory, as it provides a single measure which can be applied to the
measurement of the performance of all these different cases. In all
these situations, there is no quantitative and well-founded
alternative to information theory.

The overall aim of this paper is to describe the methods used for
the analysis of neuronal activity in primates and other mammals,
and to describe the main principles that have been discovered to
date about the representation of information in the primate brain.
Although there have been descriptions of some of the methods
used to analyze cortical population encoding (Rolls et al., 1997b;
Franco et al., 2004; Quian Quiroga and Panzeri, 2009), this is the
first paper we know that provides a comprehensive account of the
principles of information encoding by single neurons and
populations of neurons in the mammalian and particularly primate
cortex, together with the methods used to make these discoveries.
We focus on work on the primate to make the findings very
relevant to understanding neuronal encoding in the human brain;
because primates can be trained to maintain visual fixation and
attention in a way that allows reliable and repeated presentation of
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