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Parallel Fiber and Climbing Fiber Inputs to
Purkinje Cells induce
Simple Spikes and Complex Spikes

Simple spike (SS)
Internal model output

Parallel fiber (PF)
A B

Complex spike (CS)
Error signal

Climbing
fiber (CF)

Purkinje cell

Output signal* * Error signal
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Ocular Followmg Responses Reflex eye movement induced by
movement of large visual field
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Imamizu H, Miyauchi S, Tamada T, Sasaki Y, Takino R, Puetz B, Yoshioka T, Kawato M:
Human cerebellar activity reflecting an acquired internal model of anew tool.
Nature 403 192-195(2000)
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Organization of 16 Daily Tools in
the Right Superior Cerebellum

*Averaged across 8 subjects with fixed effect
model p<0.05 corrected.

16 tools and utensils:
Chopsticks, saw, scissors,
pencil, hammer, screw-driver,
fork, spoon, tooth brush,
brush, comb, cutting pliers,
monkey wrench, wrench,
knife and clip

*The peaks are projected in a horizontal plane

Conditions
«Tool-use execution
*Hold the tool and look at the object
( control )

Higuchi et al. Cortex (2007) +Tool-use motor imagery

28 healthy subjects ( 14

Language and Tool Internal Models in
Broca’s Area: Segregation and Overlap
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Yoshimine T, Hirata M, Yanagisawa T, Goto T, Saitoh Y, Kishima H,
Kamitani Y, Fukuma R.: ECoG-based Brain-Machine Interface. The 324
Annual Meeting of the Japan Neuroscience Societv. Nagova, 2009.
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recoveryv of paretic hand in patients with chronic stroke, The 32" Annual
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Toda A, Imamizu H, Sato M, Wada Y, Kawato M: Reconstruction of temporal movem ingl
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Motor control

X Sensory feedb v

SPM X = f(r) CCAin neuroscience contlext'
R tructions Y = g(X) Sawahgta, Ifupwgra, Kamitani,
econstruc (x) hor) Suetani, entirely independent
Y = 5

Dynamics @

Hierarchical Reinforcement Learning

Partial and incomplete observation, embedding necessary, order parameter,

high-level description, Kernel CCA1

Towards New Paradigm

* Conventional * New direction
approach « Prediction of whole
» Correlation dynamics of brain,

« Information not mind and world
directly manipulated ¢ Information

» Reductionism manipulated
« Hypothesis driven * Synthesis
« Hard to bridge « Datadriven

different hierarchies ¢ Bridge hierarchies

Microcircuitry of Cerebello-10
Network

De Zeeuw ClI, Simpson JI, Hoogenraad CC, Galjart N, Koekkoek SKE, Ruigrok TJH: Microcircuitry
and function of the inferior olive. Trends in Neurosciences., 21, 391-400 (1998).

Controversies of Inferior Olive Functions:
Rhythmicity and Synchrony
versus Learning Signals
1. Most intensive gap junctions (electrical

coupling) between 10 neurons

2. Strong rhythmicity and synchrony under
anesthetized rodents with blockades of
synaptic inputs to 10 (Llinas)

3. No rhythmicity and little synchrony for
awake monkeys (Thach)

4. Leaning theory should explain gap
junctions and low firing rates

Chaotic Resonance in Inferior
; .‘ ,OIive
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Schweighofer N, DoyaK, H. Fukai, Chiron JV, Furukawa T, Kawato. M: Chaos may enhance
information transmission in the inferior olive. Proc Natl Acad Sci USA., 101, 4655-4660 (2004).

Biophysical model
of 10 neuron

Schweighofer N, Doya K, Kawato M: Electrophysiological propersties of infereor olive
neurons: acompartmental model. Journal of Neurophysiology 82, 804-817 (1999).
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Spiking of 3x3 Cells without
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Conclusions of IO Chaotic
Resonance

1. Chaotic resonance can enhance
information transmission with low firing
frequency.

2. Chaos is more efficient than synaptic
noise in information transmission.

3. 10 network model can explain decrease
of rhythmicity and synchrony with
decrease in coupling under physiological
synaptic inputs.

4. Partial synchrony of a small subset of IO
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