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The target of the laboratory is to establish a new type of
information science by establishing mathematical founda-
tions of neurocomputing. This is an important and indis-
pensable step toward understanding how the brain works.
This is also a necessary step toward creating brain-style
information technology at the same time.

1. Information geometry of neuromanifolds

Information geometry has been applied to pattern
recognition and classification of engineering and bioinfor-
matics problems.

2. Information principles in various subsystems
(1) Information principles in learning systems

We have succeeded in obtaining results regarding the
learning algorithms, their efficiencies, generalization abili-
ties, accuracies, stabilities and dynamical properties using
information geometry and statistical-mechanical methods.
(2) Reinforcement learning and dopamine neurons in the
basal ganglia
(3) Information principles in learning systems.
(a) Information representation and self-organization We
further extended the self-organization models to the higher
visual areas in which the distributed information represen-
tation is considered to be utilized.
(b) Temporally Asymmetric Hebbian (TAH) learning and
fast synaptic depression We studied the TAH for recurrent
neural network models and explored functional meaning of
the fast synaptic depression.
(¢) Neural Dynamics and Spatio-Temporal Information in
Representation

3. Engineering realization of higher brain func-
tioning and mathematical analysis of brain data

We have elucidated the algebraic-geometrical singular-
ities existing in hierarchical systems such as multiplayer
perceptrons. The singularities strongly affect the dynam-
ics of learning, and we have obtained a universal structure
given rise to singularities.
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