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Brain Science Institute Main BSI Facilities

Brain Science Central Bldg, East Research Bldg,
West Research Bldg, Ikenohata Research Bldg, ;
Neural Circuit Genetics Bldg

Neural circuit functions (17)

Higher Cognitive Functions (7)
Brain Diseases (10) —
Advanced technology

Circuit Genetics Research Bldg was launched in 2011.
The building accommodates many labs studying the
functions of rodent’s brain circuits.

Examples of Common Research Resources
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High resolution Functional MRI for animals (left)
microscopy and humans (right)




BSI-Neuroinformatics
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= Tools
Mutichannel EEG data for Brain Machine interface (BMVI) and/or Human Emotions (ME)
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MGL - matiab package for dsplaying visual psychophysics stimul
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Related on-going projects in my lab

e Detection of highly noisy repeated sequences without referring to

external events (Brain Mind Project)
Motor cortex
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time t (1) edit similarity
(2) sparse kernel PCA

K. Watanabe, T. Hayakawa, T. Haga, T. Fukai

eSemi-automatic detection of neural ensemble activity from

imaging data (CREST, JST)
T. Takekawa, K. Inokuchi, Y. Hayashi, T. Fukai, ....



The brain models the external world
through bi-directional interactions

environment



While biological neurons generate spikes, rate-based
neurons already perform quite well (e.g., deep learning).
When are individual spikes useful?
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from Timofeev et al., 2001

Complex dendrites are part of neural
circuits. What can neurons perform
with dendrites and synapses?

from NIBB Web magazine




Naoki Hiratani

Feedforward network of spiking neurons for
blind source separation



Cocktail Party Problem




Cocktail Party Effect (Blind Source Separation)

Independent component analysis ICA (Common, 1994)
Nonlinear PCA (Oja and Karhunen, 1995)

Entropy maximization (Bell and Sejnowski, 1995)

Natural gradient approach (Amari, Cichocki and Yang, 1995)

Yet, how the brain solves this problem is not known.
x(?)=As(?)

A : nXn nonsingular mixing matrix

The problem is to find out a good estimate W of Al

S(f)= Wx(?)






Spike-Timing-Dependent Plasticity

(Bi and Poo, 1998)
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Log spike-timing-dependent plasticity

LL ‘l "Hhm“ Somatosensory Cortex Matthieu Gilson
Lefort et al., Neuron (2009)
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Correlated spike input drives synaptic weight to long tail

— Lo : 2
“; 20 Uncorrelated
00
v 15 A |
Log-STDP % N AL ~
. 1 . "| i1 | o 08 \ L “. 4 '
; . ""‘ AL "N Gy SN
0534

time (s)
@ Correlated
00 8}

. © |ess correlated 2
® °
ke
3z

v 000
Log-STDP OOO% Uncorrelated




Sound = Cochlear = Frequency analyzer
— Cascade of thalamic nuclei = Auditory cortex

Assumption:

Frequency components belonging to the same
auditory source should exhibit larger correlations
compared to those belonging to other sources.



A feedforward network model for signal demixing
Hiratani and Fukai, PLoS Comput Biol, 2015 Log-STDP

Unbalance between excitatory
and inhibitory correlations

drives synaptic dynamics External Input Output Lateral
layer layer layer layer
; X X T
WX ~ WX (gl I- 82 WYWZ )C Response kernel
X X e
g8 g hm=]  one-1)  dO)=/\
STDP ’

_ T .
Cl-j = qu. q; Input correlations
u

g" = response probability of neuron i to input pattern i



Lateral inhibition enhances the detection of weak correlations

Group A : strongly correlated cell ensemble

Group B : weakly correlated cell ensemble

Synaptic weights
Post-neuron group 2 Post-neuron group 1

15 - 20
Time{min]



Inhibitory plasticity generates activity-dependent clusters of
inhibitory cells

—_— s peks all-to-all + (e+i)STDP

Feedforward weight W, Lateral weight W,  Inhibitory weight W,
30 . 100 = SO

W, =W, (g"'1-giW,W,)C’
WY = gIYWYWXCTW;
W, = g/ W,CW, W,

Neuron group 1

Synaptic Weights

Neuron group 2

25
Time[min] Time[min] Time[min]
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A solution to Cocktail Party Effect

Spectrums of
auditory sources ~X(t)

preferred frequency
log f; =log f, + i/ L)(10g f,;, =108 fr)

Tmo[soc) : Time-dependent response probability

Y(t) z(t) qi (t) = 4o 2 q asqound press (t )aZ (f; )
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Our spiking network approximates Bayesian ICA

x(t) = As(t)+ o
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Interim summary

We constructed a theoretical framework to analyze the
propagation of spike correlations

In blind source separation, spike correlations provide a cue
to recombine components belonging to the same source.

Deep spiking neuron networks for improved performance?



Optimal learning with redundant .-

synapses in single neurons
A% R
A cortical neuron pair are connected with Naoki Hiratani
multiple synaptic contacts

120+
algorithmic

reconstruction

100+

connectome <>

No. of connections

0 S 10 15 20 25
Synapses per connection

(Kasthuri et al., Cell, 2015)
(Markram et al., Cell, 2015)



Model: Fear conditioning

Task: Optimal learning of the conditional
¢ probability g that a sensory stimulus t,.,
redicts an electric shock s, . .
{) P Lt se{0,1)
Challenge: An optimal inference requires
the conditional probability distribution
p(q | tl:nlsl:n)'

qn = <qn>p(q|t1:m3tn) p(q l t1:n’S1:n)

post an+1 = <q”+1>p(qlt1:n+1,s1:n+1) P(CI| t1:n+1,S1:n+1)




Evaluation of the model’s performance

Exact solution: Agact (N m 1 m/zm Lt
Stochastic gradient:
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Particle filtering requires many
redundant synapses
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Mean squared error

Wiring plasticity enables sub-optimal
learning with fewer synapses

— Without rewiring
— with rewiring

Mean squared error

-
S
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#Synaptic connections K Bias in initial-sampling A,



Our model accounts for correlations
between spine size and dendritic location

From same axon
to different branches

From same axon
to same branch
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Our model is also consistent with

eTransient increases in spine number during
relearning (Xu et al. Nature 2009)

e Dendritic location dependence of synaptic plasticity
(Letzkus et al., ) Neurosci 2006)

e Dendritic location dependence of spine size in CA1l
and neocortex (Williams and Stuart, TINS 2003)



Summary
Our model proposes that wiring plasticity with redundant
synapses perform near-optimal learning

Our model accounts for several experimentally observed
features of dendritic spines
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A Lognormal Recurrent Network Model for Burst Generation
during Hippocampal Sharp Waves
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