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Executive Summary

This document reports on the workshop "Future Challenges for the Science and Engineering of
Learning” held at the National Science Foundation Headquarters in Arlington Virginia on July
23-25, 2007. The goal of the workshop was to explore research opportunities in the broad
domain of the Science and Engineering of Learning, and to provide NSF with this Report
identifying important open questions. It is anticipated that this Report will to be used to
encourage new research directions, particularly in the context of the NSF Science of Learning
Centers (SLCs), and aso to spur new technological developments. The workshop was attended
by 20 leading international researchers. Half of the researchers at the workshops were from SLCs
and the other half were experts in neuromorphic engineering and machine learning. The format
of the meeting was designed to encourage open discussion. There were only relatively brief
formal presentations. The most important outcome was a detailed set of open questions in the
domains of both biologica learning and machine learning. We also identified set of common
issues indicating that there is a growing convergence between these two previously separate
domains so that work invested there will benefit our understanding of learning in both man and
machine. In this summary we outline afew of these important questions.

Open Questions in Both Biological and Machine Learning

Biological learners have the ability to learn autonomously, in an ever changing and uncertain
world. This property includes the ability to generate their own supervision, select the most
informative training samples, produce their own loss function, and evaluate their own
performance. More importantly, it appears that biological learners can effectively produce
appropriate internal representations for composabl e percepts -- a kind of organizational scaffold -
- as part of the learning process. By contrast, virtually all current approaches to machine learning



typically require a human supervisor to design the learning architecture, select the training
examples, design the form of the representation of the training examples, choose the learning
algorithm, set the learning parameters, decide when to stop learning, and choose the way in
which the performance of the learning algorithm is evaluated. This strong dependence on human
supervision is greatly retarding the development and ubiquitous deployment autonomous
artificial learning systems. Although we are beginning to understand some of the learning
systems used by brains, many aspects of autonomous learning have not yet been identified.

Open Questions in Biological Learning

The mechanisms of learning operate on different time scales, from milliseconds to years. These
various mechanisms must be identified and characterized. These time scales have practical
importance for education. For example, the most effective learning occurs when practice is
distributed over time such that learning experiences are separated in time. There is accumulating
evidence that synapses may be metaplastic; that is, the plasticity of a synapse may depend on the
history of previous synaptic modifications. The reasons for this spacing effect and state-
dependence must be established so that the dynamics of learning can be harnessed for education.
Similarly, the role of sleep in learning, and particularly the relationship between the Wake-Sleep
Cycle and the spacing of learning experiences must be explored. Although computational models
of learning typically focus on synaptic transmission and neura firing, there are significant
modulatory influences in the nervous system that play important roles in learning. These
influences are difficult to understand because the time scale of some of these modulatory
mechanisms is much longer than the processing that occurs synaptically. Amongst the many
guestions listed in this Report list the following examples. How are different time scales
represented in network space? What are the detailed neuronal network mechanisms that could
implement areward prediction system operating on multiple timescales? How do neurons, which
process signals on a millisecond range, participate in networks that are able to adaptively
measure the dynamics of behaviors with delays of many seconds? What are the neuronal network
architectures that support learning? What is the role of neuronal feedback in autonomous
adaptive learning? What is the role of the areal interactions, coherence, and synchrony in cortical
learning? How do the interactions of social agents promote their learning? What are the cues or
characteristics of socia agents? If we could flesh out these characteristics we could develop
learning/teaching technol ogies that captured those critical features and characteristics to enhance
human education.

Open Questions in Artificial Learning

At the heart of all machine learning applications, from problems in object recognition through
audio classification to navigation, is the ancient question of autonomously extracting from the
world the relevant data to learn from. Thus far machine learning has focused on and discovered
highly successful shallow (in organizationa depth) algorithms for supervised learning, such as
the support vector machine (SVM), logistic regression, generalized linear models, and many
others. However, it is clear from the fundamental circuitry of brain, and the dynamics of
neuronal learning, that Biology uses a much deeper organization of learning. In order to make
significant progress toward human-like relatively autonomous learning capabilities, it is of
fundamentally important to explore learning algorithms for such deep architectures. Many of the
most difficult Al tasks of pressing national interest, such as computer vision object recognition,



appear to be particularly suited to deep architectures. For example, object recognition in the
visual pathway involves many layers of non-linear processing, most or all of which seem to
support learning. We need to explore these mechanisms to determine whether biology has
discovered a specific circuit organization for autonomous learning. If so, what are the elementary
units of biological learning and how could they be implemented in technology? Is it possible to
develop neuromorphic electronic learning systems? How could ultra-large memories be
initialized, or are al large systems essentially dependent on learning? To answer this question we
must confront the fundamental relationship between physical self-assembly and learning. Such a
combination of dynamic structural and functional organization links the science of learning to
emerging advances in materials science, chemistry and, specifically, nanotechnology. How can
such configuration mechanisms be facilitated? Enhanced learning by apprenticeship (or
imitation) is already been applied with great success to a range of robotic and other artificial
systems, ranging from autonomous cars and helicopters to intelligent text editors. How can
synergistic learning between humans and machines be enhanced? To integrate synthetic learning
technology with biological behaving systems, and especially people, requires learning machines
that are commensurate with the constraints of human behavior. This means that learning
machines must have the appropriate size, address issues of energy use, and be robust to
environmental change. How can efficient communication across human-machine interface be
learned? How should portable human-machine learning systems be implemented physically and
ergonomically?

International Collaboration in Learning Research

This workshop included a number of international participants, indicating that there is an
international consensus about the relevant open questions of learning, and that these are being
pursued actively aso outside of the USA. For example, the European Union programs are aso
actively promoting research at the interface between neuroscience and engineering, and
addressing particularly questions of learning and cognition and their implementation in novel
hardware and software technologies. Nevertheless, systematic collaborative research programs
on learning remain sparse. Can we obtain synergies by promoting international collaborative
research on learning? And how should we do so?
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Description of the Workshop

The NSF-sponsored workshop on "Future Challenges for the Science and Engineering of Learning” was
held at the NSF Headquarters in Arlington VA from the evening of July 23 to the afternoon of July 25,
2007.

The goa of the workshop was to explore research opportunities in the broad domain of the Science and
Engineering of Learning, and also to provide NSF with a Report identifying important open questions. It
is anticipated that this Report will to be used to encourage new research directions, particularly in the
context of the NSF Science of Learning Centers (SLCs), and aso to spur new technological
devel opments.

The format of the meeting was designed to encourage open discussion. There were only relatively brief
formal presentations. This format was very successful: So much so that the participants finally focused
on arather different set of questions than those that were originally proposed by the organizers.

The organizers circulated seed questions to the Participants prior to the Workshop. Initialy these
guestions clustered into roughly 5 genera areas: Science of Learning, Learning Theory, Learning
Machines, Language Learning, and Teaching Robots. The Participants were assigned in pairs to one of 5
genera areas, and each asked to give a 10 minute position statement in that domain. We hoped that their
independent presentations would provide two separate attempts to identify, and motivate, some initial
issues for discussion. These statements were not expected to offer solutions to the open problems, but
merely to identify some of them, and to provoke and steer discussion about them. These position
statements were planned for the mornings, and breakout discussions on the same topic were planned for
the afternoons (see Schedule in Appendix). In practice though, discussions soon began to focus on the
dightly different topics that are now described in this Report.



GENERAL QUESTIONS OF LEARNING

What are the General Characteristics of Learning in Biology and Machines?

Biological learners have the ability to learn autonomously, in an ever changing and uncertain world.
This property includes the ability to generate their own supervision, select the most informative training
samples, produce their own loss function, and evaluate their own performance. More importantly, it
appears that biological learners can effectively produce appropriate internal representations for
composable percepts -- akind of organizational scaffold -- as part of the learning process.

By contrast, virtually all current approaches to machine learning (ML) typically require a human
supervisor to design the learning architecture, select the training examples, design the form of the
representation of the training examples, choose the learning algorithm, set the learning parameters,
decide when to stop learning, and choose the way in which the performance of the learning algorithm is
evauated. This heavy-handed dependence on human supervision has greatly retarded the development
and ubiquitous deployment autonomous artificial learning systems. This deficit a'so means that we have
not yet understood the essence of learning, and so research on a variety of topics outlined below should
be encouraged and supported by NSF.

One key theme is that of understanding the importance of the computational architecture of learning
systems. It is widely believed that, unlike the shallow architectures typically employed in ML (machine
learning), the learning in neural systems uses a deep, or heterarchical architecture, in which increasingly
higher-level, or more abstract, concepts (or features) are composed of simpler ones. Re-representation
across different neural mechanisms is an important feature of neural architecture. This deep architecture
first extracts simple fundamental features that can be used to typify objects in a natural scene. These
features then feed to later stages of processing, where more complex features are composed from these
low-level building blocks. This hierarchical architecture is ubiquitous, and critical for enabling robust
learning and characteristic of Hebb's notion of the nesting of levels of abstraction within neural
structures. It is this proposed functional organization that would provide “scaffolding” by finding the
elemental features that are most universal (across target learning domains) and fundamental within
natural signalsin the earliest sensory processes in the system. These simple features promote the ability
to separate and segment a source of interest from the competing sources in the everyday environment.
Once these features are tuned by experience or learned outright, higher-order regularities and structure
can then be extracted with more refined processing.

Unlike supervised approaches to machine learning, most biological learning appears to be based on
largely “unlabeled” data. Large amounts of natural data are available to the learning system without
external supervision or labels, athough the structure of the environment may provide causal or
correlated signals that have distributional properties that may function akin to labeling. Generally, there
is a most very weak externa supervision, such as can be obtained by real-valued environmental



“reward” signals. Although a behaving organism rarely learns in a supervised manner (in a strict
mathematical sense), the organism often appears to act with some implicit or explicit intent that
presumably reflects an internal goal. The success or failure in achieving such an internally derived goal
can provide a strong reward signal that drives learning. Even in situations where no specific outcome is
desired, the organism may nevertheless be generating internal predictions relevant to possible actions
and their consequences, and so can continually evaluate the success or failure of these predictions to
improve learning.

How does alearner select relevant data? In most real-world situations there is no explicit teacher, and so
a major problem is determining which of the deluge of impinging information are relevant for the
solution of a particular task. In order to solve this problem, the learner must first be able to segment and
segregate the sources of information in the environment, and then focus attention on the information that
is relevant for a given task. The heterarchy of sensory processing probably supports these processes of
segmenting and directing attention to construct the scaffold. However, the exact nature of this process
and its biological implementation are essentially unknown.

There has been some progress in understanding the development of this scaffold in some important
areas. A key example showing the evolution from general to specific learning is in language acquisition.
For example, the learning in utero of simplest speech attributes (pitch, prosody, coarse phonotactics).
Or the use of “Motherese” to accelerate segmentation and segregation by providing clear, over-
articulated prosodically modulated speech that gives efficient information about what attributes and
features matter in a particular language. Learning then progresses more quickly to enable understanding
of words, semantics, and grammar. Understanding this principle would be beneficial for education in
general.

During the past decade there has been an explosion of interest and success in ML. However, those
successes are largely in the classification domain, operating on electronic data sets which are not typical
of the ever-changing sensorium of the real world. The success of ML within its domain has had the
negative effect of drawing that field away from the more challenging problems of biological /
autonomous learners. NSF could encourage a return to the synergistic middle ground by promoting
research at the interface between machine learning and biology, in addition to more basic research on
the biological bases of learning that can guide future ML developments.

It is certainly readlistic to start now a concentrated effort towards the design of autonomous learners. Bits
and pieces of principles and methods have already been discovered that automate some of the tasks
which a human supervisor formerly had to do. Examples include learning algorithms that are self-
regulating in the sense that they automatically adapt the complexity of their hypotheses to the
complexity of alearning task (e.g. SYMs, MLPs and ART systems); or automatically produce suitable
internal representations of training examples (e.g. deep learning). A few examples of autonomous
learning have been demonstrated in robotics. For example the winning robot in the DARPA Grand
Challenge used a form a self-supervised learning caled “near-to-far” learning, in which the general
principle is to use the output of a reliable but specialized module (such as a stereo-based short range
obstacle detection system, or a bumper) to provide supervisory signals (labels) for a trainable module
with wider applicability (such along-range vision-based obstacle detector). Recent promising advances
in deep learning have relied on unsupervised learning to create hierarchical representations.



OPEN QUESTIONS IN LEARNING BY BIOLOGICAL SYSTEMS

What are the different temporal scales of learning and how are they implemented?

Learning is not a monolithic process that can be described by any single mechanism. Moreover,
learning may depend on a variety of mechanisms that are not themselves experience-dependent, but
rather provide prior constraints or structure that is necessary for different aspects of learning to occur.
All these mechanisms operate on extremely different time scales ranging from evolutionary time -
during which the genetic foundations of learning mechanisms were established; to developmental time -
during which the various functional periods in an organism’s life play out; to task-processing time -
during which information from a particular experience is encoded, processed, stored, and ultimately
consolidated. The relationship among these time scales requires further research.

What is the functional relationship between brain evolution and behavioral success? This is a key
guestion underlying the emergence of autonomous intelligence, for superior neurons will not survive
Darwinian evolution if they cannot work together in circuits and systems to generate successful adaptive
behaviors. In order to understand brain autonomy, one therefore needs to discover the computational
level on which the brain determines indices of behavioral success. Decades of modeling research
support the hypothesis that this success is measured at the network and system level rather than the
single neuron level.

This evolutionary principle does not imply that individual neurons are irrelevant, but rather that the
relevance of individual neurons lies in their ability to configure themselvesin relation to their neighbors
and thereby establish the network conditions that generate emergent network properties that map, in
turn, onto successful behaviors. Thus, in order to understand brain autonomy, we need to explore
principles and mechanisms that can unify the description of multiple organizational levels, and time
scales of organization.

At the much shorter time scales, it is clear that some types of learning require repeated experiences. The
timing of those experiences and the relative timing of information about the importance or meaning of
those experiences (reinforcement or feedback) is critical to the process of learning and causal inference.
However the mechanisms that mediate these effects are not completely understood. By contrast, other
types of learning (such as the Garcia Effect in which food avoidance is rapidly learned) occur with a
single experience that may be temporally remote from the ultimate outcome of the experience, and yet
somehow an associ ation between the antecedent and the consequent is formed.

Understanding how different brain mechanisms are able to interact across these widely different time
scales, and how such time scales are linked to the nature of the differences anong mechanisms, pose
basic challenges for understanding biological learning and similar problems obtain for artificia learning:
Are there universal principles of learning that transcend different time scales, and are there mechanisms
that can account for the interactions that must hold across these different time scaes? When
mechanisms operate on different time scales, what kinds of representational differences emerge, and



how can these diverse mechanisms be coordinated? The operation of mechanisms at different time
scales raises the problem of appropriate credit assignment bridging asynchronous processes.

A rather separate problem from the mechanisms of learning is the temporal structure of relevant events
in the world from which we learn. The events that occur in a learning environment have their own set of
time scales, from responding in real time to speech, to observing and understanding the unfolding of a
set of physical behaviors in relation to an interactive tutor, or to the relative timing of feedback or
reinforcement. How do the internal time scales of learning processes relate to this variability in timing
of eventsin the world? In the following sections we consider a set of issues that highlight some of these
guestions in the context of biological mechanisms and psychological processes.

What are the practical implications of the Spacing Effect?

Over 100 years ago, Ebbinghaus reported that the timing of learning is critical to the strength of
learning. The most effective learning occurs when practice is distributed over time such that learning
experiences are separated in time. This spacing effect is remarkably robust in establishing long-term
retention of learning. Perhaps most remarkable is that the spacing effect itself holds over a wide range
of time scales, from spacing out learning within the course of a single day, to spacing out learning over
days and even months (the maximum study interval is limited by forgetting and has been shown to be
effective out to 14 months, with an 8 year test interval). The fact that this principle holds over such a
wide range of time scales has argued against specific psychological theories of the spacing effect and
presents a basic challenge to understanding the neural substrates of this effect. The fact that the spacing
effect holds as well for memorizing alist of arbitrary words as for improving your tennis game, suggests
some general feature of learning may be involved rather than a specific mechanism. What are the
practical applications of this principle for the classroom and for the development of a skilled workforce?

How does Wake-Sleep Cycle impact learning?

Although learning is usually considered to be a process that takes place in an awake animal, there is a
growing body of research indicating that sleep is an important part of the learning process. Animals
spend an enormous amount of their lives asleep, but the biological and psychologica processes of sleep
are poorly understood. Sleep has been traditionally viewed as important for learning mainly because of
the absence of experiences that could interfere with prior learning. 1t now appears that sleep is an active
process that serves to consolidate learning that took place prior to sleeping. Theories of sleep have
considered how the relative duration of slegp stages such as slow-wave sleep (SWS), or rapid-eye
movement (REM) sleep are important to the consolidation process; however, understanding how the
timing of these sleep stages occurs and changes over the course of a sleep period remains an important
guestion.

One well established fact about sleep in mammals is that normal sleep duration is highest in infants and
decreases with age, consistent with a parallel decrease in learning abilities. It is, however, clear that
some aspects of consolidation following learning occur over different periods of waking time, and the
relative roles of time-dependent consolidation and sleep-dependent consolidation need to be further
investigated. Different types of learning (e.g., rote vs. generaization or simple vs. complex) may be
consolidated through different types of mechanisms with different time courses. Although there has
been speculation about possible mechanisms (synaptic downscaling, protein synthesis changes, etc.),
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this is an important aspect of learning research that has been neglected. Understanding these
mechanisms could lead to biological interventions (pharmacological) or behavioral interventions that
could improve learning in parts of the work force (e.g., students at different ages, shift workers) and lead
to improved |learning algorithms that mimic aspects of the biological processes of learning.

What are the factors underlying metaplasticity of synapses?

There is accumulating evidence that synapses may be “metaplastic’; that is, the plasticity of a synapse
may depend on the history of previous synaptic modifications. This means that the learning rule changes
in time according to a meta-rule that reflects the interaction of mechanisms working on multiple
timescaes. What is the role of metaplasticity in learning, especially in non-stationary environment?
Can metaplasticity explain the variable effectiveness of experiments that attempt to induce long-term
synaptic modificationsin vitro?

How can neuromodulation be used to improve memory?

Although computational models of learning typicaly focus on synaptic transmission and neural firing,
there are significant modulatory influences in the nervous system that play important roles in learning.
These influences are difficult to understand because the time scale of some of these modulatory
mechanisms is much longer than the processing that occurs synaptically. For example, consideration of
the time scale over which LTP/LTD develops suggests that this kind of mechanism may differ from the
mechanism by which consolidation takes place. Modulatory neurotransmitters such as serotonin (5HT)
can operate on a short time scale through ligand-gating (5HT3 receptors) or alonger time scale through
G-protein binding, and these time-scale differences may have different effects on neural processing.
Hormones such as testosterone can have effects on memory consolidation that take as long as 24 hours
to develop whereas other pharmacological effects on memory occur relatively quickly. These
mechanisms are understood less well than mechanisms such as LTP, and the interaction of these
modulatory systems with LTP needsto be investigated.

Increased understanding of the principles of neuromodulatory systems, and understanding how
mechanisms interact across different time courses, could lead to the development of pharmacological
aids to learning and memory that could speed up the process of initial learning or memory consolidation
to improve retention. We learn faster and remember better when we are motivated. The state of the
brain changes depending on the level of arousal and, in particular, with the expected reward.
Neuromodulators such as dopamine and acetylcholine are involved in regulating what is attended, what
is learned and how long it is remembered. How do these neuromodulatory systems regulate the time
scales of learning? It has recently shown that slow learning in monkeys of the meaning of cues can be
greatly speeded when the cues signal the amount and quality of reward. Moreover, rapid reversal of
meaning and category learning occur much more slowly when the amount of reward is fixed.

How are different time scales represented in network space?

The interaction between different brain areas has been shown to be fundamental to understanding
complex cognitive functions, flexible behavior and learning. For example the cortical-basal ganglia loop
is known to beinvolved in reward prediction at different time scales. In particular the neurons predicting
immediate rewards have been shown to be segregated from those predicting future rewards. Such a
representation of time in neuronal network space might also help to perform a complex cognitive task in
a changing environment where the rewarded visuomotor associations change in time.
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What are the detailed neurona network mechanisms that would implement such a reward prediction
system operating on multiple timescales? In particular, how can neurons, which process signals on a
millisecond range, participate in networks that can adaptively time behaviors with delays of many
seconds? What is the role of these neurons in reinforcement learning? Can these neurons be used to
generate a representation of the context, and even more generaly, to abstract genera rules? Such an
issue has a fundamental importance because most reinforcement learning algorithms operate under the
assumption that the states of the learning system are given, whereas in a real world the animal has to
create autonomously the neural representations of these states.

What are neuronal network architectures that support learning?

For many decades the results of cortical neuroanatomy have had a mainly biological descriptive value.
In recent times the goals of neuroanatomical research are becoming more focused on understanding the
computationa significance of the cortical neuronal circuits. Experimentalists should now be further
encouraged to formulate their questions so as to resolve more abstract questions of learning in concrete
anatomical and physiological terms. We need to understand whether and how brain structure is related to
brain function. In particular, to what extent can we understand the function of a neural circuit from its
anatomical structure? Indeed, to what extent can it be asserted that “the architecture is the algorithm”?
An even broader question is how these different brain areas are integrated into an autonomous system.
Can we exploit these principles for constructing artificia learning technologies?

The cerebellum, hippocampus, and neocortex, for example, each have different, but rather regular
neuronal architectures. This regularity suggests that each region has a characteristic computational
circuit, suited to the respective tasks that they implement. How are different learning competences
embedded into these anatomically distinct architectures? Usually, learning is seen in terms of synaptic
mechanisms, rather than as the operation of an entire learning/teaching subcircuit. It is possible that a
significant fraction of (e.g.) cortical circuitsis used to support learning/teaching of the local information
processing circuit. How are these two processing and learning functions accomplished in real time?

Learning in the cerebral cortex takes place in highly recurrent internal and interareal circuits, with each
part of the cortex processing different combinations of sensory and motor modalities and synthesizing
novel perceptual, cognitive, affective and motor activities. What new computational principles do
cortical circuits provide for the animal? How do these loopy circuits, whose processing is dominated by
cortical rather than subcortical input, produce a consistent interpretation of the world rather than learn a
hallucination. Indeed, how does normal cortical processing break down to lead to hallucinations and
other signs of mental disorders? Is there active regulation of learning, so that only relevant patterns of
activity are imprinted into the circuits? Is it possible that the cortical circuits have two basic sub-
components; one performing processing, and the other exercising a teaching /learning role? In this way
different neurona architectures reflect in some large part the implementations of different learning
algorithms. If architectures do reflect the learning agorithms, then one might ask of e.g. cortex, what
are the different roles of the various laminae and/or neuron types in the implementation of learning.

The cerebellum and hippocampus are aso laminated but have qualitatively different functions than the
cerebral cortex. Even different areas of the cerebral cortex have different variations on the laminated 6-
layer structure. Motor cortex does not have alayer 4. Primary visual cortex in primates has severa sub-
laminations in layer 4. Prefrontal cortex has more delayed period activity than found in the primary

12



sensory areas. What other specializations have evolved for other functions such as language, invariance
(what) vs. location (where), and temporal (auditory) vs. spatial (visual)?

Although the cortex is highly structured, and a product of development, the cortex is, if not a tabula
rasa, a structure with exceptiona adaptability i.e. the cortical neuropil has a great deal of flexibility in
the way that the connectivity and intrinsic properties of neurons can unfold during development while it
receives inputs from the environment. To what extent does the cortex produce a circuit that is
essentialy free of bias, which is then configured by world data? Or is learning strongly constrained by
the developing circuit organization, so that various kinds of appropriate data can be learned at different
stages, as development unfolds? If the latter, then understanding the mechanisms of cortical self-
construction and learning are inseparable. On a more genera level, is it the case that learning is
essentialy intertwined with the self-organization of the multilevel structure of biological matter? Their
stability depends on similar principles of coupling between scale levels. These need to be explored as
general principles of multilevel organization, with particular implications for learning and adaptation,
which are probably crucial processes in maintaining the integrity of organizations in the face of a non-
stationary environment. These notions are also relevant for the development of artificial information
processing systems. Often these systems are dominated by recurrence between many distributed
modules, as found in biology. Understanding these principles in cortex has already begun to have benefit
aso in the development of artificial learning systems. Their systematic use may lead to solutions of
many currently intractable problems in engineering and technology.

Within the cortical hierarchy, different levels have different functions. How is the cortical activity at
these different levels used to control behavior? This is an issue in systems integration. How can
multiple learning mechanisms (Hebbian, spike-timing dependent plasticity (STDP), homeostatic) and
learning a gorithms (supervised, unsupervised, reinforcement) be integrated? Many agree that the brain
should be viewed as a “learning system®, but most existing models for learning in neura
circuits/systems focus just on a single learning mechanism. Instead neural circuits and systems may be
understood as support architectures for a variety of interacting learning algorithms. Understanding these
neuronal network architectures and the interactions between learning algorithms is a new frontier in
intelligent information processing and learning. They can provide new insights into how humans and
other animals can be flexible in nonstationary environment through structures that are self-configuring.
Learning clearly depends both on modification of synaptic connectivity (anatomy) and synaptic
plasticity (physiology). Most models for learning have focused largely on the physiology of synapses
rather than the anatomical growth processes. Those models that do combine both lead us to expect that
large benefits for biology and technology can be anticipated by using learning rules that combine both
these aspects.

How do the local interactions of neurons support the extraction of more general
statistical properties of signals?

Behaving brains are exquisitely sensitive to environmental statistics and use principles of loca
computation that process huge amounts of non-stationary spatio-temporally distributed information. A
key challenge is to understand how brains implicitly embody statistical constraints while learning
incrementally in real time using only local computations in brain circuits.
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What is the role of feedback in autonomous adaptive learning?

Anatomical studies make it clear that brain subsystems often interact closely with one another through
bottom-up, horizontal, and top-down connections. A key issue for the future of biological and
biomimetic computation is to understand whether and how these interactions support autonomous
learning.

It is well-known that many feedforward learning systems are incapable of autonomous learning in a non-
stationary world. In particular, they may exhibit catastrophic forgetting if learning is too fast or world
statistics quickly change. In contrast, the brain can rapidly (often even with a single exposure) learn an
important rare event for which there was no obvious prior. How does the brain avoid the problem of
catastrophic forgetting in response to non-stationary data?

What is the role of the areal interactions, coherence, and synchrony in cortical
learning?

Much behavioral and electrophysiologica data, together with modeling studies, indicate that
autonomous learning may use top-down feedback, notably learned top-down expectations that focus
attention, to stabilize learning in response to a non-stationary world. In particular, bottom-up and top-
down feedback exchanges generate dynamical states that can synchronize the neura activity of large
brain regions that cooperate to represent coherent knowledge in the world, as they actively suppress
signals that are not predictive in a given environment. Such dynamical states provide a way to
understand how the brain copes with the vicissitudes of daily experience.

This raises the issue of what other useful properties are achieved by such dynamical states? In particular,
how are these brain states linked to cognitive states? How can classical statistical learning approaches be
modified or enhanced to incorporate coherent computation using dynamica states? How can such
dynamical states be optimally represented in fast software and hardware systems in applications.

How does the failure of prediction influence the search for solutions?

The feedback processes in autonomous brain systems enable them to predict probable events. At the
moment of a predictive failure, the correct answer is by definition unknown. How then, does an
autonomous system use this predictive mismatch to drive a process of autonomous search, or hypothesis
testing, to obtain a better answer? And how does this happen without an external teacher, and in aworld
filled with many distracters? How are spatial and object attention shifts controlled during autonomous
search to discover predictive constraints that are hidden in world data? Much further work needs to be
done to fully characterize how the brain regulates the balance between expected and unexpecte