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Brain’s network mechanisms to model the external world
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Game of GO ()

2016 Mar: Z=HE (1 -t F)JL) LE& vs Alpha GO
2017 May: Alpha GO vs $a;Z(Hv- 1T D) L ER

FHE
(Wikipedia)
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big data of past game record

value evaluation of current state

machine vs. machine
Silver et al., Nature 2016
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Laboratory for Neural Circuit Theory



H.M.

In the case of H.M., the memory deficiency remained permanent. Even a half-century later,
H.M. still leads a life of quiet confusion. He lives in a hospital but must be re-introduced to his
doctors every day. He does not recognize terms such as "VCR" or "Jacuzzi" and other things
that have been invented since his surgery. And though he remembers the date of his birthday,
he typically underestimates his age when asked. In many ways, H.M.'s memory remains

"trapped" in a world of a half-century ago. http://www.rise.duke.edu/



Memory-related circuits

(Neocortex)

Perforant pathway
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(Hopfield, 1982)
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HopfieldEMEEEETIL

(Hopfield, 1982)
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Amit, Gutfreund, Sompolinsky, Phys Rev Lett (1985)
Shiino and Fukai, Phys Rev E (1993) SCSNA

Probabilistic retrieval dynamics

r N 1
1 probability p =
S.(t+1)=1 1+exp(=(h(t)=0)/T)
0 probability 1- p

. N
Local fields h(t)= ijl J,S (1)
T: temperature parameter

o = — :storage capacity
N



Sequence memory in the hippocampus: place cells

B-phase precession (Jon O’Keefe) 6- sequence

Cell 1 5 3 4 5

Cell 1

=

o b~ W

(Foster et al., 2012)
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Forward Replay Reverse Replay

(Carr et al., 2011)

*Replay;Z &I EBECAID REMZFR IR TERINSD
(Nakashiba et al., 2009)



Sequence memory in the hippocampus: place cells

Cell 1

U b~ W

(Foster et al., 2012)

Standard view
Recurrent circuit of CA3 is heavily remodeled

to memorize firing sequences.




Preplay suggests a novel framework of
hippocampal memory processing

Spontaneous activity preceding a novel spatial experience may contribute to
the formation of new spatial memory. Dragoi and Tonegawa (2011) Nature

Trajectory events across hippocampal place cells require previous experience.
Silva, Feng & Foster (2015) Nat Neurosci 2015.

Diversity in neural firing dynamics supports both rigid and learned sequences.
Grosmark & Buzsaki (2016) Science (2016).



Mesoscopic view of hippocampal structure
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Shepherd, Front Neurosci 2011
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Calcium spikes detect coincident inputs to
proximal and distal dendrites

FIRINES 3

Uncorrelated inputs
— Rapid decay

(Larkum et al., Nature 1999)

Back-propagation and Ca?* spikes are necessary for LTP in vitro.
(Takahashi and Magee, 2009)



Induced dendritic CaZ* plateaus is sufficient for
new place-field formation (Bittner et al., Nat Neurosci 2015)

Necessity of Ca%* spikes for LTP has been known in vitro (e.g., Takahashi and Magee, 2009)
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PIaStiCity mOdEI (Haga and Fukai, bioRxiv
doi: https://doi.org/10.1101/165613)

y(t)

Learning rule for synapses in somatic compartments

Distal dendrite ijﬁom(t)
oO—> = n(x(@)(x() — 6°%°™) + ax(O)y())(1 — x(E)[" (@)
BCM theory for LTP by
local activity calcium spikes

Learning rule for synapses in distal dendrites

Soma +Proximal dendrite

Aw(¢)

x(6) =1 (yO©® - 09 + ax(0)y(®)) (1 - y©)I"(®)

Movi somzi 2 dndzl 2
oving average 0 - E[x(t)]?, 6 - E[y(t)]

Bienenstock-Cooper-Munro Theory
of Hebbian plasticity (1982)

Sliding threshold for LTP/LTD

STDP is equivalent to BCM for random and
uncorrelated neuronal firing



Canonical Correlation Analysis
of distal and proximal inputs
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Place coding by recurrent network model
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One-short learning of space info by preplay

Recurrent activity supervises learning of afferent synapses
in the two-compartment model



Recurrent connections (preplay) are crucial for
memory formation

Mutual information between space and neural activity
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(Lefort et al., Neuron 2009)

neuron

AMPA 10 ms

GABA

Teramae, Tsubo, Fukai (Sci Rep 2012)
Ohmura, Carvalho, Inokuchi, Fukai (J Neurosci 2015)
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Srinivasan et al., 1982
Friston, 2005
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Conceptual models of cortical information processing

Liquid state machine
Maass, Natschlaeger and Markram, Neural Comput (2002)

Echo state machine
Jaeger and Haas, Science (2004)



Reservoir computing with strong E/I balance

Random networks
Synaptic strength scales as 1/VK

FORCE learning <= Supervised learning

Edge of chaos

P(t — At)r()F (t)P(t — At)
1+ (OP(t — ADr(t)

(Sussillo and Abbott, Neuron 2009)

P(t)=P(t — At) —




Reservoir computing for motor control

- Training in recurrent spiking networks — Theoretical studies

Toyoizumi and Abbott, Phy Rev E, 2011

MacNeil and Eliasmith 2011
Rivkind A, Barak O, Phys Rev Lett 2017

Boelin et al., 2013
Bourdoukean and Deneve 2015
Abbott et al., Nat Neurosci 2016 (Review)

Aditya and Gerstner, 2017 Q. J:(') Eﬂ@#ﬁ‘éﬁ‘é’éiﬁtf%é 75\ 2

Previous models studied
neural control theory

(Sussillo and Abbott, Neuron 2009)



Chunk learning
NEDIAVINGIERITZRDHT

@ Sensory scene analysis aoT¥ a
@ Motor routines wan M2

@ Habituation

@ Language acquisition

@ Concept formation?



Chunking by reservoir computing
Detection of regularity in irreqgular sequences

» abcd Cortex Basal ganglia

random sequence —

hdeoabcdlwfeirabcdnkcvuyehjda
bcdhdeiowiifdkwreiabcdkdverioa

Mutual
bcdjgwhduezkg...

supervision

(Asabuki et al., in preparation)



Pre-learning readout activity

Post-learning climbing activity of readout neurons

Post-learning reservoir neuron activity



Multiple chunks

abcd\
efgh /

ijkl

random sequence <€—

Post-learning readout activity



Synaptic wiring

feedback connections



Overlaps
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Cortico-basal ganglia loops for

cognitive motor behavior

Basal ganglia

Cerebral cortex |€—

SThN

Thalamus —




Mice learned to generate a fixed
number of lever press.

STR MSNs SN GABA SN DA
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Summary

Reservoir computing systems can supervise each other to enable
unsupervised learning of multiple chunks from random sequences.

The resultant systems can account for stop cells in the striatum.



