
The brain’s capacity rapidly to integrate information
from many different sources lies at the root of our cognitive
abilities. Two general questions are particularly relevant to
understanding this capacity. First, how is the specialized in-
formation conveyed by the activity of functionally segre-
gated areas and neuronal groups integrated into a unified,
coherent scene? This question underlies one of the oldest
controversies in neuroscience – that between localizationist
and holistic views of brain function. Second, how is the in-
formation that is conveyed by incoming stimuli integrated
with information present in memory? It is often assumed
that the brain controls behavior by processing incoming
stimuli in the form of neural activity patterns. On the other
hand, it is also assumed that the brain lays down memories
of previously encountered stimuli in the form of patterns of
connectivity among neurons. Consequently, information pro-
cessing and information storage are often studied separately
and with different methodologies.

In this review, we consider experimental evidence as
well as recent theoretical studies suggesting that the ques-
tion of how the brain integrates information can be ad-
dressed within a unified conceptual framework. We first
discuss known neural mechanisms underlying cognitive and
behavioral integration. We then examine a set of statistical
measures derived from information theory that can be used
to characterize the integration of information among func-
tionally segregated groups of neurons. Finally, after consid-
ering the key role of spontaneous activity in brain function,
we examine how these statistical measures can be used to
evaluate the integration of incoming stimuli with ongoing
neural interactions.

Functional segregation and integration
Phrenologists had imagined that different cognitive func-
tions were allocated to different parts of the brain well be-
fore any neurobiological evidence was available. Advances
in neuroscience appear to have fulfilled the phrenologists’
dream and have conclusively demonstrated that functional
specialization at multiple spatial scales is a fundamental
principle of brain organization. In the visual system, for ex-
ample, different brain areas are functionally specialized for
visual attributes such as shape, motion, and color1–3, and
parcellation of function has been discovered within other
sensory modalities and in the motor domain4–6. Functional
segregation extends to the level of columns or groups of
neurons7. In primary visual cortex neuronal groups are spe-
cialized for different stimulus orientations8,9, direction of
motion10 and spatial frequency11. A similar specialization
along different stimulus dimensions has been discovered in
essentially every brain area that has been studied in suffi-
cient detail12,13. Most recently, it has been demonstrated
that different brain regions can be activated by specific cog-
nitive tasks or by specific stimulus attributes whether these
are perceived, imagined, or remembered14.

While the evidence for regional specialization in the
brain is overwhelming, it is clear that the information con-
veyed by the activity of specialized groups of neurons must be
functionally integrated in order to guide adaptive behavior
– just consider how many different signals must be rapidly
evaluated and coherently integrated to navigate safely in a
busy city. Like functional specialization, functional in-
tegration occurs at multiple spatial and temporal scales. In
vision, for example, individual elements (dots, edges) are
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grouped together to yield shapes according to Gestalt laws,
such as those of common motion, colinearity, continuity, and
proximity15,16. Different attributes (shape, color, location, size,
etc.) must be bound together to form objects, and multiple
objects coexist within a single visual image17. Images them-
selves are integrated with auditory, somatosensory and pro-
prioceptive inputs to yield a coherent, unified conscious
scene18. Functional integration also occurs whether or not
the brain is responding to extrinsic stimuli: we experience a
unified, integrated conscious scene whether we are awake
and responding to stimuli, whether we are imagining or
thinking, or whether we are asleep and dreaming.

Mechanisms of neural integration and binding
How does the brain ‘bind’ together the attributes of objects
and events in space and time to construct a unified con-
scious scene? Undoubtedly, neurons can integrate frequently
co-occurring constellations of features by convergent con-
nectivity19,20. However, convergence is unlikely to be the
predominant mechanism for integration. First, no single
(‘master’) brain area has been identified, the activity of
which represents entire perceptual or mental states. Second,
the vast number of possible perceptual stimuli occurring in
ever changing contexts greatly exceeds the number of avail-
able neuronal groups (or even single neurons), thus causing
a combinatorial explosion21. Third, convergence does not
allow for dynamic (‘on-the-fly’) conjunctions in response to
novel, previously unencountered stimuli.

A crucial hint about a more general mechanism of
neural integration is given by a key feature of the anatomi-
cal organization of the brain: reciprocal and parallel connec-
tivity among functionally segregated groups of neurons is
the rule rather than the exception. Based on these consider-
ations, a theoretical solution of the problem of integration
has been proposed that takes into account the cooperative
interactions within and among functionally segregated brain
areas as mediated by a process of ongoing, parallel signaling
– called ‘re-entry’22,23. Detailed computer simulations of 
visual cortical areas have shown that re-entrant interactions
can synchronize the activity of functionally specialized groups
of neurons24, thus providing a neural basis for several Gestalt
laws25. Furthermore, simulations of the visual system have
shown that re-entrant interactions among functionally 
specialized cortical areas generate short-term correlations in
their firing that lead to coherent perceptual performance
and behavior in the absence of a master area26, thus provid-
ing a parsimonious solution to the binding problem17. It
should be emphasized that a key feature of these models was
that backward connections as well as horizontal intra-areal
connections were voltage-dependent; that is, their efficacy
was controlled by postsynaptic depolarization on a short
timescale. Such connections do not by themselves drive 
target cells but they modulate the amount and precise 
timing of their firing.

Experimentally, the pervasive occurrence of synchron-
ous firing among cortical and thalamic structures during
various cognitive tasks has been demonstrated by a large
number of studies using different methodologies27,28.
Several recent experiments suggest that the synchronization
of firing of distinct groups of neurons in the gamma fre-

quency range may be a bona fide indicator of early levels of
stimulus integration according to Gestalt principles29.
Furthermore, if re-entrant interactions are prevented from
occurring; for example, by transection of callosal connec-
tions, both perceptual integration and synchronous firing
are abolished30. In addition, there have been numerous
demonstrations of broad-band synchronization during vari-
ous sensorimotor and cognitive tasks both within and
among multiple brain areas, including areas outside the 
visual system31–35. Taken together, these findings suggest
that the rapid integration of information within the thalamo-
cortical system does not occur in a particular location but
rather in terms of a unified neural process. How can one 
establish the presence and the extent of such a process, and
what kind of evidence should one look for in neurophysio-
logical and cognitive experiments?

Functional clustering
Imaging studies are typically used to establish whether certain
brain regions are more or less active than other brain regions
during a cognitive task36. However, techniques such as PET
and fMRI can also be employed to explore functional inter-
actions between different brain areas, for example, by using
multivariate statistical methods. These include multi-
dimensional scaling, path analysis and cluster analysis37–43.

One of the first questions one might ask about func-
tional interactions is whether, during a cognitive task, there
is any evidence of functional clustering. A functional cluster
can be defined as a set of brain regions that interact much
more strongly with each other than with the rest of the
brain43. In order to determine the presence of functional
clustering, it is important to employ multivariate measures
of statistical dependence and independence that permit the
simultaneous characterization of the interactions among
many elements (see Box 1). In particular, a measure taken
from the statistical foundations of information theory,
called ‘mutual information’, can be used to measure the sta-
tistical dependence between two subsets of neural elements.
A quantity derived from mutual information, called ‘inte-
gration’, can be used to measure the total statistical depend-
ence among the elements of a neural system. A functional
cluster (Fig. 1) can then be defined as a subset of brain re-
gions for which the statistical dependence within the subset
(integration) is much larger than that between the subset
and rest of the brain (mutual information).

This approach has been applied to PET data obtained
from normal and schizophrenic subjects performing a set of
cognitive tasks. Analysis of the data in terms of integration
and mutual information provided evidence that subsets of
distributed brain regions activated during the task consti-
tuted a functional cluster. A comparative evaluation of
functional interactions within the cluster revealed distinct
differences in functional integration between schizophren-
ics and controls despite the absence of differences in acti-
vation43. Clearly, the search for functional clustering during
cognitive activity has just begun, and it needs to be ex-
panded by imaging methodologies that offer better spatial
and temporal resolution. For example, can one find evi-
dence for subsets of integrated brain regions that are func-
tionally insulated as clusters at a timescale of hundreds of
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milliseconds and that vary with a cognitive task? Such a
demonstration would have important implications for our
understanding of cognitive processes, especially of conscious
experience44, because, by definition, at a given timescale,
only signals exchanged within a functional cluster can be 
integrated.

Reconciling functional segregation and integration:
neural complexity 
How much information is integrated in a functional cluster
of strongly interacting brain regions? From a theoretical
point of view, high information and high integration pre-
sent opposing requirements: the former requires the mutu-
ally independent firing of specialized groups of neurons, the
latter requires that their joint activity be highly coherent.
This paradox can be addressed by considering functional
segregation and integration within a unified theoretical
framework provided by the statistical foundations of infor-
mation theory. The key idea is to estimate the average inte-
gration for subsets of the neural system of increasing size;
that is, at multiple spatial scales45. When this is done (Fig.
2A), the degree of specialization and integration within the
system can be simultaneously evaluated. For example, if a
system is composed of functionally segregated elements, the
average integration for small subsets is low. This indicates
that, taken a few at a time, such elements have independent
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Entropy and mutual information are basic statistical concepts that were originally
introduced in information theorya but that have gained much wider appli-
cationsb. Entropy is a measure of uncertainty or variability, while mutual infor-
mation is a measure of how much uncertainty is shared (statistical dependence).

Let X be a system composed of a set of elements {xi}, and let us assume 
that the system can assume a number m = 1…M of discrete states. Each of
these states is associated with a probability pm, such that the sum of their
probabilities equals 1. For the system X, the entropy is given by: 

[1]

H(X) is large if the system has many equally likely states (high un-
certainty). On the other hand, H(X) is zero if and only if the system attains
only a single state with p = 1. In that case, there is no uncertainty about the
state of the system.

The uncertainty about the state of a subset Xj of the system X, which is 
accounted for by the state of the rest of the system (X–Xj) is called mutual 
informationc, given by:

[2]

Note that MI is positive and symmetric. Mutual information is a measure of
statistical dependence that expresses how much information is provided about
the state of a subset by ‘knowing’ the state of the rest of the system (and vice
versa). Mutual information is zero in the case of statistical independence. Com-
pared to other measures of statistical dependence such as, for example, correl-
ation coefficients, mutual information has the advantage that it is multivariate
and that it captures both linear and non-linear dependencies (for elegant ap-
plications of information theory to neurophysiology see Refs d–g). Note that
mutual information reflects a statistical dependence among subsets of a system
irrespective of its source. The presence and direction of causal interactions be-
tween two subsets of a system can be evaluated, at least in principle, by measur-
ing the change in mutual information obtained by perturbing each subset in turn. 

One can also define the overall deviation from statistical independence
among all {xi} individual elements of a system X (Ref. h). This quantity,
which measures the total entropy loss, is called integration I(X) and it is de-
fined as the difference between the sum of the entropies of the individual 
elements and the entropy of the entire system:

[3]

As the term ‘integration’ implies, I(X) is zero if the elements of a system 
are statistically independent, and is positive whenever there are statistical 
dependencies among the elements.

Entropy, mutual information, and integration can also be defined for con-
tinuum systems. Standard procedures exist for calculating entropy and thus
mutual information values from covariance or correlation matricesc. 
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I(X) = SH(xi ) – H(X)

MI(Xj;X – Xj) = H(Xj) + H(X – Xj) – H(X)

H(X) = – pm log2
m=1

M

∑ (pm )

Box 1. Entropy, mutual information, and integration

Fig. 1 Definition of functional clustering. The diagram shows a neural system X com-
posed of individual elements (gray dots). A subset Xj of the system is outlined (blue border),
containing elements that have strong mutual statistical dependence (‘integration’, green 
arrows). The subset shares little information (‘mutual information’, red arrow) with the rest
of the system, given by the complementary subset X–Xj. The cluster index43 for the subset Xj,
CI(Xj), is defined as the ratio between the integration of Xj and the mutual information 
between Xj and the rest of the system, X–Xj.



specialized functions: they provide the system with different
sources of information. On the other hand, if the same sys-
tem shows cooperative behavior at the global level, the aver-
age integration for large subsets is high. This indicates that
different sources of information are being integrated into a
coherent whole. Based on the curves shown in Fig. 2A, it
becomes feasible to determine quantitatively the coexistence

of functional specialization and integration by defining a
measure called neural complexity. It can be seen from the
figure that complexity (corresponding to the shaded area in
the figure) is high only if a system is both highly integrated
and specialized. Figure 2B illustrates also that complexity is
mathematically equivalent to the average information ex-
changed between subsets of a neural system and the rest of
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Fig. 2 Two equivalent ways of defining neural complexity. (A) Neural complexity defined in terms of integration, utilizing the ensemble average (<>) of inte-
gration values for subsets composed of increasing numbers of neural elements (subset size). On the left, we show examples of subsets (indicated in blue) of size 
k = 2, k = 3 and k = n, with green arrows indicating statistical dependence (integration). The diagram on the right shows the distribution of the mean integration
for subset sizes k = 1…n (green curve; note that I(1) = 0). Neural complexity is given by the area (light green) between the linear increase of integration and the
actual average integration over all subset sizes. (B) Neural complexity defined in terms of mutual information, utilizing the ensemble average of mutual integration
values between subsets of a given size and their complement (corresponding to bipartitions of the neural system), summed over all subset sizes. On the left, indi-
vidual examples for subsets of sizes k = 1, k = 2, and k = n/2 are shown, with red arrows indicating mutual information. The diagram on the right shows the 
average mutual information for subset sizes k = 1…n/2 (red curve). Neural complexity is given by the area (light red) under the curve. A complexity measure that
does not involve the calculation of average values of integration and mutual information can also be defined. This quantity, which is called ‘interaction complexity’
or CI and is related but not identical to neural complexity, measures the amount of the entropy of a system that is accounted for by the interactions among its 
elements. It is given by:

, 

where H(X) is the system entropy and 

is the entropy of each element conditioned by the entropy of the rest of the system. Note that complexity measures should be applied to a single system (i.e. to a
functional cluster) and not to a collection of independent or nearly independent subsystems.

H(Xj
1 X – Xj

1)

 
H(X) – SH(Xj

1 X – Xj
1) = SMI(Xj

1;X – Xj
1) – I(X)



the system, summed over all subset sizes. Thus, complexity 
provides a measure for the amount of information that is 
integrated within a neural system (for a discussion of 
complexity measures, see Box 2).

A schematic illustration of the notion of complexity,
based on the results of large-scale computer simulations45,46

is given in Fig. 3 (for details see Fig. 3 legend). Complexity
is evaluated for the spontaneous activity of three simulated
examples of a cortical area that differ in the anatomical pat-
tern of their intra-areal (voltage-dependent) re-entrant con-
nections. Figure 3A shows the activity patterns that emerge
when neuronal groups are connected to each other accord-

ing to anatomical rules (i.e. specificity47–49, anisotropy50,
and fall-off with distance) derived from the actual organiz-
ation of primary visual cortex. The spontaneous dynamic
behavior of this system is complex: neighboring neurons of
similar orientation preference tend to fire synchronously
more often than neurons belonging to functionally unre-
lated groups, in agreement with the Gestalt laws of similar-
ity and continuity. From one moment to the next, however,
the particular subsets of neuronal groups that are firing to-
gether changes, so that a large number of coherent patterns
is continuously generated. This results in a calculated elec-
troencephalogram (EEG) that shows waxing and waning
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According to the Oxford English Dictionary, something is complex when it
constitutes ‘a whole… comprehending various parts united or connected to-
gether’, especially ‘parts or elements not simply coordinated, but involved in
various degrees of subordination’. While we think that we recognize com-
plexity when we see it, complexity is an attribute that is often employed
generically without any attempt at conceptual clarity or, even less, quantifi-
cation. Recently, scientific approaches to complexity have attempted to retain
the intuitive, common sense notion of complexity by emphasizing the idea
that complex systems are neither completely regular nor completely random.
For example, neither a random string nor a periodically repeating string of let-
ters is complex, while a string of English text certainly is. More generally, any
system of elements arranged at random (e.g. gas molecules) or in a completely
regular or homogeneous way (molecules in a crystal lattice) is not complex. 
By contrast, the arrangement and interactions of neurons in a brain or of 
molecules in a cell is obviously extremely complex (see Fig.). 

A number of complexity measures have been proposed, but only a few satisfy
the requirement of attaining small values for both completely random and
completely regular systems. In neurobiology, for example, one often encoun-
ters the term ‘dimensional complexity’ or just ‘complexity’ referring to the so-
called correlation dimension of EEG signalsa. Its value appears to increase, for
instance, from sleep to waking states, or with brain maturationb,c. The corre-
lation dimension is a measure developed in the context of nonlinear dynam-
ics, which should be proportional, roughly speaking, to the number of inde-
pendent neuronal populations giving rise to an EEG signald. But because the
correlation dimension would be higher for complete independence than for
the mixture of functional segregation and integration that characterizes brain
dynamics, it violates the criterion for complexity mentioned above.

Complexity measures have been proposed in the context of algorithmic 
information theory, which deals with the information necessary to generate
individual bit strings. For example, the well-known algorithmic (or

Kolmogorov) complexity is defined as the length of the shortest computer
program that generates a particular bit stringe. While this measure is appro-
priately low for completely regular strings, it is highest for random strings,
and thus it too does not satisfy the above criterion for complexity.

Attempts at modifying the notion of algorithmic complexity in order 
to capture ‘true complexity’ have recently been proposedf,g. The key idea is to
discount pure randomness or noise and measure complexity by the shortest
computer program capable of describing the remaining regularities. By defi-
nition, such a measure would be satisfactorily low both for random and 
trivially regular strings, but would be high for systems incorporating a large
number of regularities that cannot be further reduced. Of course, insofar as
the notion remains algorithmic, it requires that the observer can distinguish
between what represents genuine organization and what is instead random-
ness or noise, and this may be difficult or even impossible. The length of the
description of the regularities is also highly dependent on the understanding
of the observer. Thus, a system that appears highly complex or random might
turn out to be considerably simpler once the organizing principles are under-
stood. Low-dimensional chaotic systems, for example, might appear random,
yet their behavior can be fully determined by as few as three equations. 

The definitions of complexity considered in this review (see Fig. 2, main 
article) are statistical measures that capture regularities based on the deviation
from independence (mutual information) among subsets of a systemh. In this
way, noise can be distinguished from genuine regularities in a way that is 
relatively independent of an observer’s understanding of the system’s organ-
ization. A degree of subjectivity remains, of course, in deciding which 
variables to measure and in choosing the appropriate level of coarse-graining
for averaging. However, it is easy to show that these measures satisfy the re-
quirement of being low both for completely random and for trivially regular
(homogeneous) systemsh. 

References

a Babloyantz, A., Salazar, J.M. and Nicolis, C. (1985) Evidence of chaotic dynamics of

brain activity during the sleep cycle Phys. Lett. (A) 111, 152–156

b Anokhin, A.P. et al. (1996) Age increases brain complexity Electroencephalogr.

Clin. Neurophysiol. 99, 63–68

c Meyer-Lindenberg, A. (1996) The evolution of complexity in human brain

development: an EEG study Electroencephalogr. Clin. Neurophysiol. 99, 405–411

d Lutzenberger, W., Preissl, H. and Pulvermüller, F. (1995) Fractal dimension of

electroencephalographic time series and underlying brain processes Biol. Cybern.

73, 477–482

e Kolmogorov, A.N. (1965) Three approaches to the quantitative definition of

information Inf. Trans. 1, 3–11

f Crutchfield, J.P. and Young, K. (1989) Inferring statistical complexity Phys. Rev.

Lett. 63, 105–108

g Gell-Mann, M. and Lloyd, S. (1996) Information measures, effective complexity,

and total information Complexity 2, 44

h Tononi, G., Sporns, O. and Edelman, G.M. (1994) A measure for brain complexity:

relating functional segregation and integration in the nervous system Proc. Natl.

Acad. Sci. U. S. A. 91, 5033–5037

Box 2. Different kinds of complexity



and ever-changing episodes of transient synchrony, resembling
the one seen during waking or rapid-eye-movement (REM)
sleep. If one measures the average integration for increasing
subset sizes, this system turns out to be functionally integrated
and segregated at the same time. Its complexity is, accordingly,
quite high. If we decrease the density of intra-areal connections
drastically (Fig. 3B), individual groups of neurons fire more
independently, resulting in a desynchronized EEG. The
system is not integrated and its complexity is low. Finally, if
every neuronal group is connected to many other neuronal
groups in a uniform way (Fig. 3C), most of them tend to fire
synchronously, irrespective of their response properties. The
calculated EEG is hypersynchronous, resembling the high
voltage waves of slow-wave sleep or of generalized epilepsy.
The system is thus highly integrated but, because all groups
of neurons behave in essentially the same way, functional
specialization is completely lost. Correspondingly, the 
integrated information is low and so is complexity.

Other simulations45 have shown that complexity is as-
sociated with high density of connections, strong local con-
nectivity helping to link cells into neuronal groups, patchi-
ness in the connectivity among neuronal groups, and large
numbers of short re-entrant circuits, all of which are funda-

mental organizational principles of the cerebral cortex. In
general, systems that are composed of functionally special-
ized but highly interactive elements (e.g. the brain) will 
attain high values of complexity. By contrast, systems 
composed of elements that either lack integration (e.g. a
gas) or specialization (e.g. a homogeneous crystal) will have
minimal complexity (see Box 2 Fig.).

Once complexity is defined in information-theoretical
terms, it is possible to apply it to data obtained from neuro-
physiological experiments51 and to test several experimental
predictions. For example, based on large-scale computer
simulations of the thalamocortical system, one would pre-
dict that, even though the anatomical connectivity remains
unchanged, major changes in complexity should accompany
changes in firing mode brought about by neuromodulators
such as acetylcholine. A simple test of this prediction would be
a comparison of complexity values obtained during waking
or REM sleep, when acetylcholine release is high, versus slow-
wave sleep, when it is low52, in line with the observation that
during slow-wave sleep the integration of cognitive in-
formation is considerably reduced53. One would also pre-
dict that disorders characterized by a diffuse impairment of
connectivity should be associated with reduced complexity.
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Fig. 3 Schematic diagram showing different patterns of intrinsic neuronal activity and their complexity. Different patterns
of intrinsic connectivity of a neuronal network (or cortical area) are illustrated (A, B and C) with, from left to right, examples of spike
trains obtained during spontaneous activity, an EEG trace, and curves for average mutual information yielding complexity. The neuronal
network contains neuronal groups that are selective for vertical (blue) and horizontal (orange) orientations. Spike trains are shown for
cells sampled from several of these groups (dark blue, dark orange) and anatomical connections (red) are shown for two of them, out-
lined by black circles. (A) Connections between groups are arranged such that groups with similar response selectivity are preferentially
connected (‘patchy’ arborizations), are arranged anisotropically along the axis of their orientation selectivity, and connection density falls
off with distance. This produces spike patterns with significant correlations between some groups (blue–blue, orange–orange) and not
others (blue–orange), as well as a temporally varying EEG that reflects a mixture of synchronization and desynchronization. Segregation
and integration are balanced and complexity is high. (B) The basic connection pattern of (A) is retained, but connection density is re-
duced. No statistically significant correlations exist, and a flat EEG results. All groups are firing independently, and complexity is low. (C)
Connections are of the same overall density as in (A), but are spread out uniformly and randomly over the network. Global synchronization
as well as a highly synchronous EEG result. The system is fully integrated but functional specialization is lost, and complexity is low.



The role of spontaneous activity
The simulations just discussed demonstrate that, in neural
systems incorporating connectivity rules found in cortical
areas, spontaneous activity leads to intrinsic patterns of cor-
relations that are far from random. Experimentally, patterned
spontaneous activity is indeed encountered in a great variety
of neural systems from the earliest stages of development
through to adulthood. For example, neurons in the devel-
oping retina as well as in the cortex undergo spontaneous
patterned discharges which play an important role in shaping
adult connectivity54,55. Most remarkably, while still in utero
the brain spends many hours a day in a form of sleep, called
active sleep, which is characterized by self-generated, 
spontaneous activity in most brain structures56.

Spontaneous activity continues to be a fundamental
feature of the adult brain. When an animal is not engaged in
any particular task, most neurons are found to fire at a spon-
taneous level that ranges from 0.5 to 10–15 Hz (Ref. 57).
Even neurons in isolated cortical ‘islands’ continue to fire in
the absence of any extrinsic input58. The EEG recorded
when a subject is resting with the eyes closed and in the ab-
sence of stimulation also reveals ongoing brain activity that
is spontaneously changing. Studies using real-time optical
imaging in visual cortex of cats indicate that the great vari-
ability of evoked responses to stimuli results largely from
the dynamics of ongoing activity. Indeed, the effect of stim-
uli has been likened to ‘ripples caused by tossing a stone in
a wavy sea’59. Finally, imaging studies in humans have re-
vealed that stimulus-induced changes in blood flow, which
are assumed to reflect changes in synaptic activity, represent
only a small percentage of resting blood flow60.

Perhaps the most striking demonstration of internally
generated neural and cognitive activity is given by REM
sleep. It is well known that, during REM sleep, the overall
mode of activity in the thalamocortical system, both at the
EEG and at the single unit level, resembles that of wak-
ing61,62. Despite certain cognitive peculiarities of dreams,
such as suspension of disbelief, singlemindedness and loss 
of self-reflectiveness63, which may be related to recently
demonstrated differences in regional activation61, the struc-
tural similarity between dreaming and waking mentation is
remarkable. For example, visual objects and scenes are usu-
ally recognizable, Gestalt laws apply as much in waking as
they apply in dreaming, integrated multimodal scenes are
structurally indistinguishable from those experienced dur-
ing waking, language is intelligible, and even the narrative
structure of dreams is highly coherent64. Longitudinal studies
have also shown that the development of the cognitive struc-
ture of dreams precisely parallels the development of cognitive
abilities of the waking infant53. Indeed, it appears that the
structural characteristics that dreams share with waking cog-
nition reflect those regularities in the environment that have
been incorporated in the brain’s anatomical connectivity.
By contrast, the seemingly arbitrary associations that often
occur in dreams may indicate which aspects of knowledge
can be flexibly recombined during spontaneous activity.

These observations suggest that a spontaneous exchange
of re-entrant signals among functionally segregated groups of
neurons takes place all the time, whether the brain is respond-
ing to extrinsic inputs or not65. They also suggest that a con-

siderable fraction of intrinsic signals do not constitute noise,
but rather express a set of functional relationships among
neuronal groups that have been selected over evolution, de-
velopment, and individual experience to reflect statistical
regularities in the environment66. Based on the simulations
mentioned in the previous section, for instance, one would
predict that spontaneous firing patterns in visual cortex should
reflect the Gestalt principles of similarity, continuity and
proximity. Although direct experimental confirmation for
this prediction is not yet available, supporting evidence in a
different context has recently been obtained, through multi-
unit studies of hippocampal place cells in the rat67. When an
awake rat navigates in its environment, hippocampal cells
that have corresponding place fields are activated together.
Later, the same cells begin to fire together spontaneously
during sleep even if the animal has been removed from that
environment. These studies provide experimental support for
the notion that the brain incorporates statistical relation-
ships sampled in the environment in terms of its functional
connectivity – the pattern of correlations among different
brain regions – and that this functional connectivity is
spontaneously reactivated during sleep (see Stickgold, this
issue pp. 484–492). 

Reconciling information processing and information
storage: matching complexity
If the brain is spontaneously active, and if such spontaneous
activity consists in considerable measure of organized pat-
terns of correlations among distributed groups of neurons,
it is worth considering how ongoing signaling in the brain is
affected when a stimulus is encountered. How is the exter-
nal stimulus integrated with the intrinsic functional states
of the nervous system?

To answer this question, it is useful to resort again to
the results of some computer simulations, which are pre-
sented in schematic form in Fig. 4. As was mentioned above,
spontaneous activity in a simulated cortical area produces
intrinsic correlation patterns that largely reflect its internal
connectivity, which incorporates statistical regularities in 
the environment (Fig. 4A). For example, neurons sharing the
same orientation preference tend to emit coincident spikes.
When a stimulus consistent with that environment is pre-
sented, such as an elongated light bar, the number of co-
incident spikes between neighboring neurons of matching
orientation increases significantly (Fig. 4B). The increase is
fast and effective because groups of neurons linked by 
cortico-cortical and thalamocortical re-entrant loops are kept
in a ready-to-fire mode by the opening of voltage-dependent
channels through spontaneous activity46,68. In the absence
of spontaneous activity, the triggering of coincident spikes
is much slower and less effective. Most importantly, changes
in the strength of correlated firing occur not only for a par-
ticular couple of neurons, but for many subsets of neurons
distributed throughout the simulated neural system. 

How can such a widespread change in the spontaneously
occurring functional connectivity of a neural system be 
understood in information-theoretical terms? As we have
seen, the amount of information exchanged between all sub-
sets of a neural system (their average mutual information) is
measured by neural complexity. It was recently shown that
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the change in complexity when such a system encounters
extrinsic stimuli reflects the degree to which intrinsic statis-
tical relationships between its constituent neuronal groups
match statistical relationships present in the environment69.
For this reason, this increase in complexity has been called
matching complexity (see Fig. 5A). It is important to note
that high values of matching do not imply any simple iso-
morphism between the functional connectivity of a neural
system and the statistical regularities of the input stimuli.
On the other hand, matching is zero if a system has random
connectivity (which implies low complexity) or when the
input contains no statistical regularities (i.e. it is just noise).
A low value of matching between a structured stimulus and
a system of high complexity signals statistical ‘novelty’69. 

A mathematically equivalent way of expressing match-
ing is as a measure of how well the connectivity distributes
information from the stimulus to all subsets of a neural sys-
tem (Fig. 5B). This equivalence is important because it re-
lates the mutual information between the input and the
neural system to changes in the mutual information within
the system. Thus, just as complexity captures both func-
tional segregation and integration, matching accommodates
extrinsic and intrinsic sources of information within the
same theoretical framework.

Two corollaries of these observations are worth men-
tioning. First, if complexity and matching are both high,
even for a small value of the extrinsic mutual information
between an individual stimulus and the brain there will be a
much larger increase in the intrinsic mutual information
among subsets of units within the brain. This means that,
by relying on its intrinsic functional connectivity, the brain

can literally go ‘beyond the information given’70. Second,
the same stimulus can convey radically different amounts of
information (as reflected in matching complexity) depend-
ing upon the functional connectivity of the system that 
receives it. This theoretical conclusion is consistent with 
an everyday observation: the same stimulus, say, a Chinese
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Fig. 4 Effect of an extrinsic stimulus on intrinsic neuronal activity and matching. All conventions are as in Fig. 3; the small box
in (B) depicts a sensory sheet when a stimulus (an elongated light bar) is present. The network has intrinsic connections linking groups
with similar response selectivity and falling off with distance (as in Fig. 3A). (A) Intrinsic activity gives rise to patterns of correlations, that
can be characterized by the distribution of average mutual information across all bipartitions of the system. (B) When a stimulus is pre-
sented, some correlations are strongly enhanced (blue–blue), others are diminished (orange–orange). If the stimulus matches the intrin-
sic functional connectivity of the network (as it does in this example), complexity will increase. Matching is given by the difference 
between the network’s complexity when the stimulus is present (red area) and the network’s intrinsic complexity (pink area). The 
complexity due to the stimulus (which is generally negligible) is also subtracted (light yellow area).

Outstanding questions

• Can one find solid neurophysiological evidence for functional clustering
occurring at the timescale of hundreds of milliseconds? And are such
functional clusters limited to the thalamocortical system?

• It is almost impossible to do two things at once. Even simple choices
cannot be made simultaneously, but require an interval of at least 150
milliseconds (the so-called psychological refractory period). What are the
underlying neural mechanisms of this? Are they related to the
mechanisms of conscious integration?

• In the brain, and particularly in the cerebral cortex, any group of
neurons is potentially connected to many other groups of neurons. 
What prevents synchronization from spreading to the entire brain?

• Can the concept of complexity usefully be extended to temporal
sequences, including spike patterns? In particular, can one show that a
completely random or a completely periodic sequence is not complex,
while a sequence that contains many different kinds of regularities is
complex?

• What is the relative importance of cortico-cortical and thalamo-cortical
mechanisms of integration?

• What accounts for the relative functional disconnection from extrinsic
inputs that occurs during dreaming?

• Does the extent of functional integration in the brain change between
automatic and controlled tasks? For example, are the neural processes
underlying automatic tasks functionally insulated (involving a small set
of brain regions)? By contrast, do controlled tasks require the integration
of a large set of neuronal groups that are widely distributed?



character, can be meaningful to Chinese speakers and
meaningless to English speakers even though the extrinsic
information conveyed to the retina must be the same.
Unlike the usual information-processing approaches, the
concept of matching clarifies this paradox. 

These theoretical observations lead to several experi-
mental predictions. For example, meaningful, association-
rich stimuli should lead to an increase in the mutual infor-
mation between many subsets of neuronal groups (i.e.
matching should be high), while meaningless stimuli should
not (i.e. matching should be low). For example, words and

non-words should be associated with different values of
matching. And specifically, there should be a positive change
in matching when a hidden figure suddenly emerges from a
noisy background, as in random-dot stereograms (see Ref.
71). In neural terms, this increase in mutual information
should go along with an increase in correlated activity along
specific cortico-cortical and cortico-thalamic re-entrant loops.

Conclusion
Concepts such as functional clustering, complexity, and
matching, which are based on the statistical foundations of
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Fig. 5 Two mathematically equivalent ways of expressing matching. In both cases, diagrams on the left depict a schematic network, with some subsets 
of elements highlighted in blue. Arrows indicate the mutual information between subsets of elements and their complement in the system, or between subsets of 
elements and the stimulus S. The thickness of the arrows indicates the amount of mutual information. (A) The network is shown in the absence and presence 
of a stimulus. Note that the mutual information between several subsets is enhanced when the stimulus is present. The diagram at right shows the corresponding
matching value (compare with Fig. 4) as the difference between total complexity,

, 

(complexity of the system when the stimulus is present); intrinsic complexity,

, 

(complexity of the system by itself); and extrinsic complexity,

, 

(complexity due purely to the stimulus). (B) The network is shown with the stimulus present. Note the high mutual information between several subsets of the net-
work and the stimulus. The diagram at right illustrates matching as the difference (shaded region) between the average mutual information between subsets of the
system and the stimulus in the presence,

, 

(upper red curve) and absence,

, 

(lower red curve) of intrinsic connectivity within the network.
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information theory, provide a unified framework for con-
ceptualizing the integration of information in the brain as a
selectionist system72. This includes both the integration of
the activity of functionally segregated groups of neurons as
well as the integration of incoming stimuli with ongoing,
spontaneous brain activity. The availability of measures that
can be applied to actual neural processes leads to experi-
mental predictions that, at least in principle, can be tested
with neurophysiological and neuroimaging techniques. If
these predictions are fulfilled, traditional information-pro-
cessing approaches that see the brain as a relatively passive
device for processing or storing information will have to be
augmented by theoretical approaches, of which the one out-
lined here is an example, that emphasize the intrinsic dy-
namics of the brain and that view memory and perception
as closely related. 
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The study of the relationship between sleep and memory
has had a long and complex history. Two hundred years
ago, David Hartley proposed that dreaming altered the
strength of associative links in memory1. But the first sys-
tematic studies of sleep and memory were only carried out
in 1924, when Jenkins and Dallenbach2 used sleep studies
to test Ebbinghaus’ theory of memory decay3. They demon-
strated that recall was diminished less by a night of sleep
than an equivalent amount of wake time, and concluded
that memory loss normally resulted from sensory interfer-
ence rather than passive decay; no active role of sleep was
considered.

With the discovery of rapid eye movement sleep (REM)
in 1953 (Ref. 4), the question of sleep and memory re-
emerged. Still, twenty years later Greenberg and Pearlman5

found no general acceptance of the hypothesis that REM
was involved in information processing, despite numerous
reports supporting such a role. Since then possible roles 
of sleep in strengthening, integrating, and even erasing
memories6,7 have been continually debated. In what follows
I will review evidence from (1) behavioral studies of 
memory and learning, (2) physiological studies of hippo-
campal activity and brainstem neuromodulatory systems, 
and (3) neural network models of information storage and 
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Behavioral studies of memory and learning in both humans and animals support a role

for sleep in the consolidation and integration of memories. Physiological studies of

hippocampal and cortical activity as well as of brainstem neuromodulatory systems

demonstrate the state-dependence of communication both between and within the

neocortex and hippocampus. These findings are consonant with observed cognition

during sleep and immediately following awakening.
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