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Article

Information and Learning in Neural Systems

Subhash Kak

Abstract

This paper presents a brief account of my research on applying information to neural
systems. Although information in physical systems is measured in terms of entropy,
it also has a subjective meaning that plays a role in cognition and creativity. To cover
the broader meaning of information, | developed learning mechanisms that can
recall given a fragment of the memory and proposed a model for instantaneous
learning in a neural network. Further, | introduced the notion of quantum neural
computing and investigated new aspects of quantum entropy. | have also examined
the question of learning from the perspective of the three languages of the brain:
associative, re-organizational, and quantum.
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Introduction

Reductionism takes brain and mind to be
identical, with mind as the sum total of the
activity in the brain viewed at a suitable
higher level of representation. Opposed to
this is the viewpoint that although mind
requires a physical structure, it transcends
that structure.

The mind processes signals coming
into the brain to obtain its understandings in
the domains of seeing, hearing, touching,
and tasting using its store of memories. But a
cognitive act is an active process where the
selectivity of the sensors and the
accompanying processing in the brain is
organized based on the expectation of the
cognitive task, and on effort, will and
intention. Intelligence is a result of the
workings of numerous active cognitive
agents yet it is more than a sum of its parts
as evidenced most strikingly by the
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capabilities of savants and accounts of the
creative moment (Kak, 2000; 2004; Penrose,
1994; Sacks, 1985).

The reductionist approach to artificial
intelligence emerged out of an attempt to
mechanize logic in the 1930s. In turn, AI and
computer science influenced research in
psychology and neuroscience and the view
developed that a cognitive act is a logical
computation. This appeared reasonable as
long as classical computing was the only
model of effective computation. But with the
advent of quantum computing theory, we
know that mechanistic models of computing
do not capture all the power of natural
computation.

The quest for Al is part of a wider
debate related to the power of formal
systems. Some believe that intelligence and
self-awareness  arise  after =~ machine
complexity has crossed a critical threshold.
But machines only follow instructions, and it
is not credible that they should suddenly, on
account of a greater number of connections
between computing units, become endowed
with self-awareness. On the other hand, if
one accepts that machines will never become
self-aware, why is the brain machine
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conscious, whereas the silicon-computer is
not (Kak, 2000)?

My research is devoted to
understanding the idea of information in its
various facets, especially the intersection of
the classical and the quantum. I made my
first scientific contributions in the search of
neural network models of learning and
information storage and investigation of
quantum theory in cognitive processes. I
didn’t quite have a clear idea of this program
when I did my Ph.D. at Indian Institute of
Technology in Delhi. I wished to understand
information in a sense that embraced both
the machine, for which its formulation was
adequate, as well as the experiencing subject
interacting with the machine.

I was offered a faculty appointment at
IIT Delhi after my Ph.D. and as I developed
my research program it was clear to me that
the study of mathematical algorithms does
not go far in understanding the cognitions
made by the individual because it only deals
with the instrumentation of sensory
mechanisms. A deeper advance required
both an investigation of the neuroscience of
cognition and the workings of nature’s laws.
This latter issue took me to look at quantum
theory since this is the deepest known theory
of nature. While visiting Imperial College in
London in the mid-seventies, I examined the
question of relationship between the
fundamental uncertainty of quantum theory
and matter attributes, which I was to add to
a few years later (Kak, 1976; Kak, 1984; Kak,
1986).

After T moved from IIT Delhi to
Louisiana State University in Baton Rouge in
1979, I began investigating neural network
models. The questions I was looking at
included: How is biological memory
organized? Is it stored in patterns of activity
as assumed by artificial neural network
models (Hebb, 1949), or as information
stored in specific locations as in some
experimental findings (Gross et al., 1969)?
Is the neuron function low level so that each
neuron processes small amounts of
information, or is it high level so that it can
deal with higher level abstract categories
(Barlow, 1972)? I also continued working in
quantum models.
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Learning Memories from Fragments
Research in neural network models took off
after a long period of quiescence with
Hopfield’s proposal for memory storage
(Hopfield, 1982). I worked on this model and
obtained several results on memory capacity
of the model and its generalizations (Kak,
1993b; Prados and Kak, 1989a; Prados and
Kak, 1989b).

The Hopfield model, which is a
generalization of the idea of eigenvectors of a
matrix, is a model for storage; it has no
mechanism for recall by index. In this model
we can only check if a given memory is
stored, but as the memory is not localized it
cannot be recalled by index. I addressed this
lacuna by first showing how indexing could
be incorporated (Kak, 1990; Stinson and
Kak, 1989) in what I called the B-matrix
model in which fragments are directly fed
into the network in a manner that recalls the
stored memory (Kak, 1993b). Local updating
is performed to obtain increasingly longer
fragments. This explains how we are able to
recall a song from just a few notes (Quiroga
etal., 2007).

It is reasonable to assume that in a
network of densely connected neurons,
activity originates in some area and spreads
to others. Neurons belonging to different
physiological structures are associated with
different functions and their organization is
characterized by category and hierarchy. As
to neuron activity, after firing, they enter a
phase of refractoriness. The B-matrix
approach accounts for spreading of activity
from one region to others based on
adjacency of neurons and some of their
biological properties.

Another much researched area
around this time was that of training of
feedforward networks. Such networks are
naturally associated with spreading activity
because the direction of activity is specified a
priori as in the visual system (Gazzaniga,
1995). The B-matrix model extends this
notion to feedback networks. The order in
which the activity will spread depends on the
propagation time for the spiking activity to
reach neighboring neurons, which is
reflected in the proximity values associated
with the network (Kak, 2009c).

The brain is composed of several
modules, each of which is essentially an
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autonomous neural network. Thus the visual
network responds to visual stimulation and
also to visual imagery, and the motor
network produces movement and it is active
during imagined movements. Although the
brain is modular, a part of it monitors the
modules and interprets their individual
actions in order to create a unified idea of the
self. In other words, there is a higher
integrative or interpretive module that
synthesizes the actions of the lower modules.
Local updating, performed to obtain
fragments from information associated with
single neurons, can help explain how
neurons are associated with category and
hierarchy (Lin et al., 2006). Such a logical
structure leads to several paradoxes (Barlow,
1972; Pribram 1971; 1991) which are similar
to paradoxes of logic and physics (Kak, 1986;
Tipler and Barrow, 1998).

Instantaneously Learned Working
Memory
The theory of feedforward neural networks
trained by the backpropagation algorithm
was another area of intense research in the
1980s. Research on them was done from the
points of view of cognitive science as well as
artificial intelligence. But backpropagation
networks require a great amount of time for
training and thus they could not be models
of short-term learning. So I began looking
for new models for short-term memory.
From the perspective of
neuroscience, the problem of learning
requires an attentional component and
recognition that there are different kinds of
memory. The central executive is an
attentional system that controls various
visual and auditory subsystems, relating
them to long-term memory. One auditory
system is the phonological loop, which
involves some process of rehearsal with sub-
vocal speech to maintain the memory trace.
Likewise, there appears to be a visio-spatial
sketchpad that helps us memorize images.

The ability to remember also depends
on mood and the level of physiological
arousal. Performance appears to improve as
arousal increases, up to some peak, beyond
which it deteriorates. Different tasks are
optimally performed at different levels of
arousal. Memories are also lost with time.
Although learning appears to be linearly
related to time, forgetting has a logarithmic
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relationship: the information loss is very
rapid at first, and then it slowly levels off.

Short-term retention is influenced by
events experienced during the retention
interval (retroactive interference) and those
occurring prior to the event that is to be
remembered  (proactive  interference).
Retroactive interference involves memory
impairment caused by events between
learning and testing — a new memory can
supersede or otherwise impact an older one.
In proactive inhibition, the reverse process
occurs: an old memory interferes with our
ability to learn new information (Gazzaniga,
1995). The interplay of these categories is at
the basis of the unique characteristics of the
cognitive system.

Many kinds of sensory memory
systems help us perceive the world. For
example, visual memory includes
components that let a memory trace persist
for about one-tenth of a second. This
persistence lets us see continuous motion in
the discrete frames of a television broadcast.
Another component to this memory - more
sensitive to shape than brightness -
integrates information arriving from the two
retinas. Like visual persistence, a memory
related to auditory persistence creates an
echo that lingers after the item has been
spoken. That’s why we remember the later
words in a series better if we hear them
rather than read them.

There are memories about facts,
events, skills, and habits as well. Some are
based on language, while others aren’t. Fact
and event memory is distinct from other
kinds of memory, such as the memory
forming the basis of skills and habits.
Declarative (explicit) memory refers to facts
and events. Such memory can form after
single events. Although we generally acquire
nondeclarative (implicit) memory across
several presentations of the stimulus, in
situations such as taste aversion, a person
might acquire it after a single event.

Declarative memory is flexible and
can be readily applied to novel situations,
while nondeclarative memory tends to be
inflexible and defined in the context of the
learning situation. Implicit knowledge is not
readily accessed by response systems that
did not participate in the original learning.
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Implicit memory lets us recall and
make judgments about words, objects, and
images without any conscious recall of prior
experience. That is, we have an aspect of
memory that is not a component of
conscious recall. Consequently, we cannot
view memory as something that is stored
somewhere. Rather, we need to see it as part
of the brain’s reorganization process.

When a subject sees or hears a word
or object several times, that subject will see
or hear it more readily on second or later
occasions. This priming phenomenon
operates across a wide range of sensory and
motor systems, at various levels of
processing.  Implicit memory is a
manifestation of priming.

In  perceptual  representational
learning, the experience of an object on one
occasion facilitates the perception of the
same or a similar object on a subsequent
occasion. Semantic memory represents the
individual’s general knowledge of the world,
whereas episodic memory structures our
personal experiences. Thus semantic
memory includes the meaning of words,
formulas of different kinds, and geographical
knowledge, whereas episodic memory deals
with particular incidents, such as a visit to
the doctor last week.

In distinction between short and
long-term memories, we note that in human
amnesia, short-term memory is usually
intact. The problem therefore relates to the
storage of the information and not
impairment in perception or rule learning.

A significant aspect of biological
working memory is its instantaneous or
near-instantaneous nature and its limited
capacity. I developed a model of an
instantaneously trained neural network
(ITNN) that builds on the idea of the
dedicated “hardware” of the phonological
loop or visio-spatial sketchpad (Kak, 1993a;
Kak, 1994; Kak, 1998; Kak, 1999). I assumed
that the sketchpad-type system faithfully
represents all the training samples by
allocating a unique neuron to each training
sample. Such an allocation implies that the
memory will be limited by the sketchpad’s
size. Basically, to achieve this allocation, we
need a network in which each hidden node
acts as a sharp filter for its training sample.
This node’s output should be correlated with
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this sample and anti-correlated with all other
training samples.

We found that unary coding worked
best for this network and it is significant that
this coding has been found to be at the basis
of learning of birdsong (Fiete and Seung,
2007; Kak, 2010). I also obtained a patent
for this model (Kak and Pastor, 1995) and it
has been used by companies for search and
in prediction.

Later my student Tang and 1
generalized this network so that it has a
central processing unit to organize the
memories in a manner like that of the central
executive or the attentional system. This
central executive system can work in a
variety of ways and use context information.
In this form it could also be used with
greater flexibility in engineering and
business applications (Kak, Chen and Wang,
2010; Tang and Kak, 1998; Tang and Kak,
2002). Further generalizations of this model
to take into account other characteristics of
biological memory remain to be made.

Three Languages of the Brain

I proposed the term “quantum neural
computing” (Kak, 1995a) to suggest that a
complete neural system works as a whole
and it be viewed as a quantum system. The
philosophical idea behind this proposal is
that quite like material objects abstract
entities have a reality that is subject to
quantum laws. The proposal was not to
suggest that the brain’s structures support
quantum coherent processes, but rather that
the brain’s functioning as a whole is
according to quantum laws.

Soon after this I heard from Karl
Pribram, who invited me to a conference he
was organizing at Radford University on
Learning as Self-Organization (Pribram and
King, 1996a) with participation from leading
neuroscientists where my role as outsider to
that group was to provide a broader systems
perspective on the problem. I chose the title
“The three languages of the brain: quantum,
reorganizational, and associative” where I
argued that in addition to self-organization,
one must also consider associational and
quantum aspects of learning (Kak, 1996a).

The fact that brain exhibits behavior
that has associative and reorganizational
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aspects is quite clear from experimental
findings; it is much harder to establish that
the brain exhibits quantum properties. For
example, the model of quantum activity
based in microtubules originally proposed by
Hameroff (for a later summary see
Hameroff, 2007) with the further notion of a
reduction by gravity as proposed by Penrose
(Penrose, 1994), has not found favor with
researchers (e.g., Grush and Churchland,
1995). The idea of reduction of microtubular
quantum states does not change the
character of the brain from that of a machine
and, therefore, it is unable to explain agency
(free will) and awareness.

Several modes of expression
characterize living systems, whereas non-
living systems have only one mode of
expression. A non-living system, no matter
how complex, can, in principle, be described
fully in terms of its response to different
interactions, whereas a living system cannot
be so described because of its adaptability
and agency. A living system needs and uses
several languages because its behavior is
active and it is associated with attention.
This sets up a duality since selectively
concentrating on a part of the environment
implies ignoring of other parts.

Whereas one can determine whether
a “small” system is operating according to
quantum laws by experiments related to
superposition of the relevant states and the
obtaining of outcomes in a “probabilistic”
fashion upon interaction with the system, the
situation with a “large” system, whose
structure is accessible to experimentation, is
more troublesome. In small systems such as
a proton, the internal structure in terms of
quarks is not taken into consideration in
describing its behavior as a quantum object
because its components are not accessible.
In the large system, for which the structure is
accessible in principle, one needs consistent
narratives both at the levels of the entire
system as well as the components to explain
the specific behavior.

It appears that a generalization of the
complementary principle is needed to deal
with the behavior of “large” quantum
systems. It may be recalled that Niels Bohr
used the concept of complementarity to
imbed quantum mechanics in a coherent and
rational framework. Since the final

ISSN 1303 5150

representation of observations is in our
sense experience that is described in classical
terms, there is a logical incompatibility
between the quantum process and its
observation. According to complementarity,
a process may be explained as a particle
picture or a wave picture, but not both,
simultaneously. Bohr (1963) explained:

Within the scope of classical physics, all
characteristic properties of a given object
can, in principle, be ascertained by a
single experimental arrangement,
although in practice, various
arrangements are often convenient for
the study of different aspects of the
phenomena. In fact, data obtained in
such a way simply supplement each other
and can be combined into a consistent
picture of the behavior of the object
under investigation...Far from restricting
our efforts to put questions to nature in
the form of experiments, the notion of
complementarity simply characterizes
the answers we can receive by such
inquiry, whenever the interaction
between the measuring instruments and
the objects form an integral part of the

phenomena (page 4).

Quantum mechanics is not a
representation  of  reality in  this
interpretation, but rather of our

observations. With this as background, we
note that biological systems do exhibit
individuality, and their behavior may be
either seen as a consequence of effort, will,
and intention (Gazzaniga, 1995) or learnt
response (Hebb, 1949), which are
complementary pictures. Neither of these
views is sufficient to explain all behavior
(Pribram, 1991), and thus the situation is
analogous to that of duality of quantum
theory. A large quantum system may be seen,
by an extension of the idea of
complementarity, either as responding in a
random fashion to a stimulus when seen as a
unity, or as reorganizing itself so that the

behavior can be accounted for in the
reorganized structure.
There is duality in our

conceptualizations of memory into several
varieties and with the broad division into
short-term and long-term. Backpropagation
networks are abstract models of long-term
memory in the sense that they take a
considerable  time to  train, and
instantaneous learning is analogous to short-
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term memory. Another duality is between
distributed and localized memory. Biological
memory has many dual characteristics.

As addendum to the discussion of
quantum models, the quantum computing
paradigm has been proposed for the
functioning of the brain. In my view, this
paradigm does not have the capacity to lead
to stable computations, and therefore, it is
not a correct or even a plausible model (Kak,
1996b; Kak, 1999; Kak, 2003; Kak, 2009b).
On a related matter, I have proposed that
certain problems associated with
information on the large scale can be
resolved if one were to define the new
measure of quantum informational entropy
(Kak, 2007).

Learning Through Association and
Self-Organization

The Hebbian model of neural network
learning assumes that the synaptic
interconnections are strengthened or
weakened during training (Hebb, 1949). But
in addition to this, the very organization of
the various modules of the brain changes as
learning proceeds. Self-organization
provides insight for understanding vision
and other cognitive processes (Gibson, 1979)
and it allows us to see a collection of
individuals as a superorganism (Brian, 1983;
Holldobler and Wilson, 1994; Moritz and
Southwick, 1992).

Consider the question of how a large
quantum system of n components is
represented internally by a classical system
theoretic model. If the measurement is a
binary variable and the system is taken to
have a linear structure, then the reduction is
a process that leads to the reorganization of
the system into one out of a total of 2
different cases.

More specifically, consider the
qubit (alo)+b|1)), which upon interaction
with the measurement device collapses to |o)
or |1). Since an infinity of values of a and b in

the input are mapped into just the two
outputs |o) or |1), it will be assumed that the
system reorganized itself so as to provide the
correct output. If a and b take n values each,
then under some simplifying assumptions
the total number of reorganizations that
need to be considered to account for the
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variety of outputs is n2that is obtained as the
number of total cases 2xn2 divided by 2 to
account for the mutual probability amplitude
constraint amongst a and b.

The brain, as a self-organizing
system, has response that is a function of its
internal states and the environment in a
manner that is different from that of a
computer. Ecological systems, which are
biological communities that have complex
interrelationship amongst their components,
are self-organizing, without being self-aware.
This suggests that while self-organization is a
necessary pre-requisite for consciousness, it
is not sufficient.

Cognitive scientists and biologists
concerned with evolutionary aspects related
to cognitive capacity take consciousness to
emerge out of language. Linguistic research
on chimpanzees and bonobos reveals that
although they can be taught basic vocabulary
of several hundred words, this linguistic
ability does not extend to syntax. By
contrast, small children acquire much larger
vocabularies - and use words far more
creatively - with no overt training, suggesting
that language is an innate capacity.

According to the nativist view,
language ability is rooted in the biology of
the brain, and our ability to use grammar
and syntax is an instinct that is dependent on
specific modules of the brain. We learn
language as a consequence of unique
biological adaptation, and not because it is
an emergent response to the problem of
communication confronted by ourselves and
our ancestors.

Some believe that human language
capacities arose out of biological natural
selection because they fulfill two clear
criteria: an extremely complex and rich
design, and the absence of alternative
processes capable of explaining such
complexity. Other theories look at music and
language arising out of sexual selection. But,
howsoever imaginative and suggestive these
models might be, they do not address the
question of how the capacity to visualize
models of the world that are essential to
language and consciousness first arise.

There is a philosophical critique of
the search of a theory of consciousness.
According to this critique, all that normal
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science can hope to achieve is a description
of objects. But consciousness is a property of
the subject, the experiencing “I”, which,
owing to its nature, forever lies outside the
pale of normal science. The experimenter
cannot turn his gaze upon himself and,
therefore, ordinary reality has an
unaccounted dual. This duality means that
the world of objective causality is
incomplete, creating a fundamental paradox,
which is: Objects are described by normal
science, but this science is not rich enough to
describe the body associated with the
experiencing subject.

Biological Intelligence

Solving a specified problem often requires
searching and generalization that is a
hallmark of AI. Although all animals are
sufficiently intelligent because they survive
in their ecological environment, biological
intelligence is graded if general tasks are
considered. In many cognitive tasks
normally associated with human
intelligence, animals perform well. Thus rats
find their way through a maze and dolphins
solve certain logical and generalization
problems. These performances can, in
principle, be used to define a gradation.

It is assumed that the tasks that set
the human apart from the machine relate to
abstract conceptualization best represented
by language understanding. But nobody will
deny that deaf-mutes, who don’t have a
verbal language, do think. If language is
understood as a subset of a large repertoire
of behavior, then animals think and are
capable of learning and problem solving
(Griffin, 1992).

Examples of animal intelligence
include mynah birds who recognize trees or
people in pictures, and signal their
identification by vocal utterances (i.e.,
words), and a parrot who can vocally answer
questions about shapes and colors of objects
- even those not seen before. The intelligence
of higher animals, such as apes, elephants,
and dolphins, is more remarkable.

Animal intelligence experiments
suggest that one can speak of different styles
of solving AI problems. Are the cognitive
capabilities of pigeons limited because their
style has fundamental limitations? Their
relatively low scores on some tests may be
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explained on the basis of wide variability in
performance for individual pigeons and the
unnatural conditions in  which the
experiments are performed. Nevertheless,
generalization achieved by pigeons and other
non-humans remains beyond the capability
of machines (Kak, 2005).

Animal behavior has a recursive
nature, or part-whole hierarchy. Considering
this from the bottom up, animal societies are
superorganisms. For example, the ants in an
ant colony are like cells, their castes like
tissues and organs, the queen and her drones
like the generative system, and the exchange
of liquid food amongst the colony members
like the circulation of blood and lymph.
Corresponding to  morphogenesis in
organisms, the ant colony has sociogenesis,
which is the process by which individuals
undergo changes in caste and behavior. Such
recursion exists at many interconnected
levels and the earth itself may be seen as a
living entity, somewhat like the unconscious
brain. Paralleling this recursion is the
individual who is a collection of several
agents with their corresponding sub-agents
that are the sensory mechanisms. These
agents are bound together, and this binding
is a characteristic of consciousness.

Consider again the hierarchy of
languages in the processing by the brain:
associative at the bottom, self-organizational
in the middle, and quantum at the top.
Associative neural learning proceeds to
create necessary structures to “measure” the
stimulus-space; specifically, at the higher
level of multiple agents the response is by
reorganizing the grosser levels of the neural
structure. Each cognitive agent is an abstract
quantum system. The linkages amongst the
agents are regulated by corresponding
quantum fields. This allows the individual at
the higher levels of abstraction to initiate
cognition or action that constitutes active
behavior.

Conclusions

This article has provided a personal account
of my research on information in neural
networks and quantum theory. My quest was
to understand information and intelligence
and my search showed me that computing
machines and brains have similarities as well
as fundamental differences. Machines are
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deficient compared to biological systems at
incorporating intelligence, falling short on
two counts as compared to brains: unlike
brains, machines do not self-organize in a
recursive manner; and machines are based

on classical logic, whereas Nature’s
intelligence may depend on quantum
mechanics.

The quantum system evolves causally
until it is observed with the act of
observation causing a break in the causal
chain. For us sentient beings, consciousness
marks the break in the strict regime of
causality and it is a kind of freedom that
appears to characterize all life. It is
persuasive, therefore, to see a quantum basis
to consciousness with the further condition
that neural structures are needed for self-
awareness.

That cognitive ability cannot be
viewed simply as a processing of sensory
information by a central intelligence
extraction system is confirmed by
individuals with anomalous abilities. Savants
perform spectacularly at certain tasks and
their anomalous performance has been
noted in the areas of mathematical
calculations, music, art, mechanical ability,
prodigious memory (mnemonism), and
unusual  sensory  discrimination  or
“extrasensory” perception. As these abilities
cannot be understood in the framework of a
computer-type mind (Kak, 2000; Sacks,
1985), it should be possible to use the data
from these studies to sketch the ontology of
consciousness. This ontology can also be
discovered by investigating anomalous
correlations and coincidences (Kak, 2009a).

The material world is not causally
closed and consciousness influences its
evolution, therefore matter and mind
complement each other. At the level of the
individual, even medical science, which is
strongly based on the machine paradigm, is
acknowledging the influence of mind on
body (Adler et al., 1990). As the interaction
between matter and mind is better
understood, the processes connecting
information and learning in neural systems
will become clearer.
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