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Activity-dependent plasticity



Hebbian plasticity

The interplay between activity and connectivity

The Organization of Behavior (1949)

When an axon of cell A is near enough to excite cell B and repeatedly or
persistently takes part in firing it, some growth process or metabolic
change takes place in one or both cells such that A's efficiency, as one of
the cells firing B, is increased

A B

O—C0

“Neurons that fire together wire together.” ==

@ OO
OO0 @

Donald Hebb

Markram et al. (2011) A history of spike-timing-dependent plasticity,
Frontiers in Synaptic Neuroscience 3: 4, p. 6 Fig. 4: Donald Hebb.
http://journal.frontiersin.org/article/10.3389/fnsyn.2011.00004/full

“cell-assemblies”
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The discovery of long-term potentiation (LTP)

Before conditioning B After conditioning
Exp Cont Exp Cont

-
- L |
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[ 1 1 L 1 L
0 1 2 3 4 5 6
Hours

Bliss and Lemo (1973) Long-lasting potentiation of synaptic
transmission in the dentate area of the anaesthetized rabbit following
stimulation of the perforant path, The Journal of Physiology 232 (2):
331-356,p. 339 Fig. 4: An experiment in which all three standard
parameters of the evoked response were potentiated.
http://onlinelibrary.wiley.com/wol1/doi/10.1113/jphysiol.
1973.sp010273/abstract



Associative memory and Hebbian plasticity
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Associative memory and Hebbian plasticity
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Associative memory and Hebbian plasticity
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Associative memory and Hebbian plasticity
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Associative memory and Hebbian plasticity
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Associative memory and Hebbian plasticity
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Hopfield 1982

The Hopfield network e
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Hopfield network model
Simon S. Haykin (1999) Neural Networks: A Comprehensive
Foundation, Prentice Hall.
p681,fig14.9
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Ruye Wang
MemOry pattel’nz http://fourier.eng.hmc.edu/e161/lectures/nn/node5.html




Memory patternt

Memory pattern2

Learning rule:

The Hopfield network
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Hopfield network model
Simon S. Haykin (1999) Neural Networks: A Comprehensive
Foundation, Prentice Hall.
p681,fig14.9
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Ruye Wang
http://fourier.eng.nmc.edu/e161/lectures/nn/node5.html
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Memory pattern2

Learning rule:

The Hopfield network
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Memory patternt

Memory pattern2

Learning rule:

The Hopfield network
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Hopfield network model
Simon S. Haykin (1999) Neural Networks: A Comprehensive
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Bidirectional synaptic modifications

Recordings from human tissues

A

middle and inferior
temporal cortex
(14 patients)

B /7R
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Chen, WR et al. (1996) Long-term modifications of synaptic efficacy in the human inferior and middle temporal cortex.
Proceedings of the National Academy of Sciences USA 93(15): 8011-8015, p. 8012 Fig. 1.
http://www.pnas.org/content/93/15/8011.abstract
CC BY-NC-ND 4.0



The balance of potentiation and depression
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) 1 0 4 . N \ Kirkwood et al. (1996) Experience-dependent modification of synaptic
g) B d epression \ plasticity in visual cortex, Nature 381: 526-528, p. 528 Fig. 4:

o] : Normal Frequency-response functions derived from visual cortex of light-
£ : deprived (filled symbols) and normal (open symbols) rats.
@) -20 P Y VY wp——http://www.nature.com/nature/journal/v381/n6582/abs/381526a0.html
e .01 N 1 10 100

Stimulation frequency Kirkwood et al. 1996

Competitive Hebbian plasticity

Watt and Desai (2010) Homeostatic Plasticity and

STDP: Keeping a Neuron's Cool in a Fluctuating

World, Frontiers in Synaptic Neuroscience 2: 5, p.

2 Fig. 1A.

http://journal.frontiersin.org/article/10.3389/fnsyn.
sk 2010.00005/abstract

Watt and Desai 2010



The balance of potentiation and depression
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Competitive Hebbian plasticity

Watt and Desai (2010) Homeostatic Plasticity and
STDP: Keeping a Neuron's Cool in a Fluctuating
World, Frontiers in Synaptic Neuroscience 2: 5, p.
2 Fig. 1A.
http://journal.frontiersin.org/article/10.3389/fnsyn.
2010.00005/abstract

0 =

P

Watt and Desai 2010

Kirkwood et al. (1996) Experience-dependent modification of synaptic
plasticity in visual cortex, Nature 381: 526-528, p. 528 Fig. 4:
Frequency-response functions derived from visual cortex of light-
deprived (filled symbols) and normal (open symbols) rats.
http://www.nature.com/nature/journal/v381/n6582/abs/381526a0.html

Gjorgjieva et al. (2011) A triplet spike-
timing—dependent plasticity model
generalizes the Bienenstock—Cooper—
Munro rule to higher-order spatiotemporal
correlations, Proceedings of the National
Academy of Sciences of the United States
of America 108 (48): 19383—-19388, p.

Kirkwood et al. 1996

19384 Fig. 2A.
http://www.pnas.org/content/
108/48/19383.full
100 3
o 80
E 12
2 60
H
C
£ 40 N,
20
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Bienenstock et al. 1982
Gjorgjieva et al. 2011



Development of cortical organization

LR (c) Left Eye RFs
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Erwin and Miller (1998) Correlation-Based Development of Ocularly Matched Orientation and
Ocular Dominance Maps: Determination of Required Input Activities, The Journal of
Neuroscience 18(23): 9870-9895, p. 9872 Fig. 1(a).
http://www.jneurosci.org/content/18/23/9870.full

CC BY-NC-SA 3.0




Neuron no.

Sequences of episodes

Waking

C

Neuron no.

Sleep

K M Mehta (2007) Cortico-
hippocampal interaction during up-
down states and memory
consolidation, Nature Neuroscience
10 (1): 13-15, p. 14 Fig. 1 b, c.
http://www.nature.com/neuro/journal/
v10/n1/full/nn0107-13.html

Mehta 2007
Ji and Wilson 2007



Learning spatiotemporal patterns

Spike-timing dependent plasticity

post—pre pre—post
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Spike timing (ms)

K :
Bi and Poo, 1998
Bi and Poo (1998) Synaptic Modifications in Cultured Hippocampal Neurons:

Dependence on Spike Timing, Synaptic Strength, and Postsynaptic Cell Type,
The Journal of Neuroscience 18(24): 10464-10472, p. 10470 Fig. 7. Critical
window for the induction of synaptic potentiation and depression.
http://www.jneurosci.org/content/18/24/10464.full

Sequence learning
(model)

EEEZFDEAICELD,
ZZICEASNTWEBRZHIBRLUE L

ZTa—OYO#MEERIIST
Fiete et al. (2010) Spike-Time-Dependent Plasticity and
Heterosynaptic Competition Organize Networks to Produce Long
Scale-Free Sequences of Neural Activity, Neuron 65 (4): 563-576,
p. 566 Fig. 2A.
http://www.sciencedirect.com/science/article/pii/
S0896627310000917
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Spike-timing dependent plasticity vs Hebbian plasticity

Spike frequency dependence

927>+ 72X Spike frequency dependence

EZEEZFDOHEICELD,
CZICEBAShTWEGRZEIBRULE UL

Sjostrom, et al. (2001) Rate, Timing, and Cooperativity Jointly
Determine Cortical Synaptic Plasticity, Neuron 32 (6): 1149-1164, p.

1151 Fig. 1D. p. 1157 Fig. 7B.

http://www.sciencedirect.com/science/article/pii/S0896627301005426

Graupner and Brunela (2012) Calcium-based plasticity model explains sensitivity of synaptic changes to spike pattern, rate, and dendritic location,
. Proceedings of the National Academy of Sciences of the United States of America 109 (10): 3991-3996, p. 3994 Fig. 4A.
Calcium based model

http://www.pnas.org/content/109/10/3991 .full
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Anti-Hebbian plasticity

® Cerebellum-like structures in electric fish

Bell et al. (1997) Synaptic plasticity in a cerebellum-
like structure depends on temporal order, Nature
387 (6630): 278-281, p. 280 Fig. 4a.
http://www.nature.com/nature/journal/v387/n6630/
abs/387278a0.html

post — pre pre— post

Delay (EPSP onset to broad spike peak)
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BEEDES

Roberts and Bell (2000) Computational Consequences of
Temporally Asymmetric Learning Rules: Il. Sensory Image

Cancellation, Journal of Computational Neuroscience 9 (1):

67-83, p. 69 Fig. 1: Connectivity of the ELL.
http://link.springer.com/article/10.1023/A:1008938428112
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Roberts and Bell (2000) Computational Consequences of
Temporally Asymmetric Learning Rules: Il. Sensory Image
Cancellation, Journal of Computational Neuroscience 9 (1):
67-83, p. 76 Fig. 5: Comparison of experimental data with
preliminary simulation.
http://link.springer.com/article/10.1023/A:1008938428112




Hebbian and homeostatic plasticity



Hebbian plasticity

“neurons that fire together wire together”

O—C
<1

homeostatic plasticity

scales synaptic strength to maintain activity

ZEEZFDHREICKD.
CZIEBASNTWEEGRZEIBRUELL

BN T>7

Kaneko et al. (2008) Tumor Necrosis Factor-a Mediates One
Component of Competitive, Experience-Dependent Plasticity in
Developing Visual Cortex, Neuron 58 (5): 673—680, p. 674 Fig.

1C.
http://www.sciencedirect.com/science/article/pii/
S0896627308003772




MD result in the monocular cortex

Fast Hebbian depression and slow homeostatic potentiation

Visual response
monocular ctx.
B

T Hensch (2005) Critical period plasticity

Hebb (NMDA)

homeostatic (TNF-alpha)

in local cortical circuits, Nature Reviews MDO MD3 MD6
Neuroscience 6(11): 877-888, p. 879 Fig.

2a. I
http://www.nature.com/nrn/journal/v6/n11/ TI m e

full/nrn1787.html

Kaneko et al. 2008b



Conventional models assume that
the two kinds of plasticity cancel each other.

“SIOW’,

o homeostatic
fast

Hebbian

X eonsgep

Aw = AHebb + Ahomeo



Hebbian + homeostatic plasticity

Hebbian blockade (CPP)

0 5 10 15 20 25 30’

This interaction predicts a change of visual response if Hebbian plasticity is blocked.
B2

Contralateral Ipsilateral
20+ (closed) 40+  (open)
@ ‘ehicle (n = 5)
® CPP (n=15)
0+ o 20-
o))
c
8
% S ol
X
Toyoizumi et al. (2014) Modeling the Dynamic
Interaction of Hebbian and Homeostatic Plasticity,
Neuron 84 (2): 497-510, p. 500 Fig. 2B, C p. 501 | : : -20 -1 : :
Fig. 3B2. .

http://www.sciencedirect.com/science/article/pii/ days days
No change y Tovoizum ot al. 2014



The two-factor model:
synaptic strength as a product of Hebbian and homeostatic variables

Aw = (Hebb) ¥

Tovoizumi et al. 2014

https://commons.wikimedia.org/wiki/File:Synapse_diag1.png
CC BY-SA 3.0



Schematic behavior:
a possible implementation

Hebb

AN
' AMPAR

ome

Hebb

An overshoot predicted

because of homeostatic plasticity Toyoizumi: http:/www.jnss.org/150306-01/



Prediction confirmed:
The closed-eye overshoot is TNF-alpha dependent.

Contralateral

-40 | | | |
baseline MD BV BV
S 5d 1d 2d

Toyoizumi et al. (2014) Modeling the Dynamic Interaction of
Hebbian and Homeostatic Plasticity, Neuron 84 (2): 497-510,
p. 507 Fig. 7B.
http://www.sciencedirect.com/science/article/pii/
S0896627314008940



Critical period plasticity
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A sequence of critical periods

Timeline for zebra finch song learning

Critical periods can occur as a JeJee ‘d
sequence of sensitivities to Singing Critical period
increasingly more complex aspects begins ends B
. U

of experience. / / crystallization
(e.g. Werker et al. 2009, Hernandez and Li 2007, b= Sensory ] /
Scott et al. 2007) aff— SonSOrMOIOr —

| | | | |

30 B0 2] 120
Days after hatching Brainard and Doupe 2000
X

Brainard and Doupe (2000) Auditory feedback in learning and maintenance of
vocal behaviour, Nature Reviews Neuroscience 1(1): 31-40, p. 32 Fig. 1:
Timeline for zebra finch song learning.
http://www.nature.com/nrn/journal/v1/n1/full/nrn1000_031a.html

How do critical periods start?



Maturation of inhibition initiates the CP for OD in mice

>

60 — 60 —
& 40— & 40
* Mice have a CP for OD. 8 o 8 s0—
0 T T T T T 0 = e e e
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b A
e Modulations of GABA function Enhance GABA function Reduce GABA function
shift the critical period . D S
b- d t ” . t PlaSt:rI%I (Benzodiazepines, (dark-rearing, delete Gad65)
directiona y In time. loss of BDNF overexpression)
visual
acuity
« Maturation of inhibition requires i i
visual experience. |
* i Critical period i O
Postnatal age
TH h (2005) Critical iod plasticity in local ical circuits, N
Feviews Neurostionce 6(11): 817-586, p. 870 Fig. o8.6 Hensch 2005

http://www.nature.com/nrn/journal/v6/n11/full/nr1787.html



How maturation of inhibition initiates the CP?

1. Maturation of inhibit ity specifically during the CP.

V1 shows activity-dependent plasticity during the pre-CP.

B L4 - L2/3 L2/3 - L2/3
2.0 ° 20 o pre-CP
s} . o @ L ] CP

o * *

= e 9

® 15 o O ml= 1.5 ° =L
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W o5 | 0.5 :
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Kuhlman et al. (2010) Maturation of GABAergic Inhibition Promotes °
Strengthening of Temporally Coherent Inputs among Convergent 0.0 * 0.0
Pathways, PLOS Computational Biology 6(6): €1000797, p. 3 Fig. 1B. post-pre  pre-post post-pre  pre-post Kuhiman et al. 2010
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi. pairing pairing pairing pairing
1000797
CCBY 4.0

2. Before maturatien-af inhibition, all input patterns equalty-activate neurons.

Hence, there | ition between In rns

Experience-dependent refinement of retinotopy occurs in V1 during the pre-CP.




Questions

* Pre-CP: How can there be the experience-dependent refinement of retinotopy
without a significant OD shift?

« CP: How does the maturation of inhibition make OD sensitive to MD?



Hypothesis

pre-CP CP

4 maturation
2% of inhibition
threshold

threshold

output

t4 4

input spontaneous visual spontaneous visual

. No change in plasticity rule

Toyoizumi et al. (2013) A Theory of the Transition to
Critical Period Plasticity: Inhibition Selectively
Suppresses Spontaneous Activity, Neuron 80(1): 51-63,
p. 53 Fig. 1B.
http://www.sciencedirect.com/science/article/pii/
S0896627313006466



synaptic strength

Simulation: Refinement during pre-CP and
OD-shift during CP

pre-CP

position

0.5; ——NR |
— MD
04

0 50 100
time

Inhibitory
maturation

Suppressed
spontaneous
activity

Toyoizumi et al. (2013) A Theory of the Transition to Critical Period Plasticity: Inhibition Selectively
Suppresses Spontaneous Activity, Neuron 80(1): 51-63, p. 54 Fig. 2B, C.p. 56 Fig. 3B. p. 56 Fig. 3C.
http://www.sciencedirect.com/science/article/pii/S0896627313006466
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Inhibition selectively suppresses spontaneous activity at the onset of the CP.

Tetrode recording from freely 1
behaving adult mice
LED 0.8t
o N N 3
ON OFF g 0.6l
P
O 5
S 0.4f
=
)
© 0.0l — \WT (post-CP)
| — KO (pre-CP)
——KO+Dz (CP)

0 0.5 1 1.5 2

* ratio of firing rates
Toyoizumi et al. (2013) A Theory of the Transition to Critical Period Plasticity: I
Inhibition Selectively Suppresses Spontaneous Activity, Neuron 80(1): 51— SpOntaneous / Vlsual

63, p. 57 Fig. 4A. p. 57 Fig. 4D.
http://www.sciencedirect.com/science/article/pii/S0896627313006466



Switching of learning cues from internal to external sources

Gjorgjieva et al. (2009) Burst-Time-Dependent Plasticity Robustly Guides ON/OFF Segregation in
the Lateral Geniculate Nucleus, PLoS Computational Biology 5(12): €1000618, p. 3 Fig. 1A.
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000618

CCBY 4.0

spontaneously driven Visually driven
T Wiesel (1982) Postnatal development of the visual cortex and the influence
RGCs RGCs of environment, Nature 299(5884): 583-591, p. 585 Fig. 3.
ON ” || Il || II I II " http://www.nature.com/nature/journal/v299/n5884/abs/299583a0.html
on|| || 1 1 1 [1 : . Normal Monocularly
on| | | | 1 | | | Visual experience deprived monkey: 2
LN LERLe -
OFF . T o e ]
w T Maturation inhibition NN AN 1

ol Il N BT 1IN @
OFF 2II! LN NN e

LGN o . N - ’ ‘ ‘
—@ I TT 00 T g
dovelrme | ] | 11 | @
refined
Gjorgjieva et al. 2009 Wiesel, Nature 1982.
Chapman and Stryker 1993 o , _
Katz and Shatz 1996 Timeline for zebra finch song learning
Crair et al. 1998 r jo e ra (3194
White et al. 2001 il Dol
Moody and Bosma 2005 Singing Critical period
Cang et al. 2005, 2008 e ends Song
Hooks and Chen 2006 / '/ crystallization
Moody and Bosma 2006 e Sensory > /
fp— SONSOFMOLOr  s—
_— _— - _— S
X g 30 60 g0 120
Brainard and Doupe (2000) Auditory feedback in learning and maintenance of vocal behaviour, Days after hatching Brainard and Doupe 2000

Nature Reviews Neuroscience 1(1): 31-40, p. 32 Fig. 1: Timeline for zebra finch song learning.
http://www.nature.com/nrn/journal/v1/n1/full/nrn1000_031a.html



Optimality-based approaches to
adaptation and plasticity



The histogram equalization
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Brenner et al. (2000) Adaptive Rescaling Maximizes
Information Transmission, Neuron 26(3): 695-702, p. 699 Fig.
8: Optimizing Information Transmission.
http://www.sciencedirect.com/science/article/pii/
S0896627300812052




Flies efficiently use neuronal dynamic range

Laughlin et al. (1998) The metabolic cost of neural
information, Nature Neuroscience 1(1): 36 - 41, p. 37 Fig.
1: Cells, synapses and signals in

blowfly compound eye.
http://www.nature.com/neuro/journal/v1/n1/full/
nn0598_36.html

Light 1 _
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" 9 contrast
Laughlin, 1981

Laughlin, de Ruyter van Steveninck, and Anderson, 1998 Dayan and Abbott, Theoretical Neuroscience: Computational and

Mathematical Modeling of Neural Systems, MIT Press, 2001, p. 133,
Fig. 4.2 Contrast response of the fly LMC (data points) compared to the
integral of the natural contrast probability distribution (solid curve).



Adaptive rescaling maximizes information transmission

e Recordings from fly HI neuron

=1EEZFDHREICKL D,
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Brenner et al. (2000) Adaptive Rescaling Maximizes
Information Transmission, Neuron 26(3): 695-702,
p. 698 Fig. 6a, b.
http://www.sciencedirect.com/science/article/pii/
S0896627300812052

Brenner, Bialek, and de Ruyter van Steveninck, 2000



Plasticity for maximizing information transmission

L = I(Z(t); y(t)) — vD[P(y ()P (y(t))]

Information Energy constraint
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http://toyoizumilab.brain.riken.jp/taro/papers/toyoizumiOémc.pdf >l< o 20 40 60 80 0 20 3
postsynaptic firing rate [Hz] postsynaptic firing rate [HZz]
Toyoizumi et al. (2005) Generalized Bienenstock—Cooper—Munro rule for
spiking neurons that maximizes information transmission, Proceedings of
the National Academy of Sciences of the United States of America 102 (14): . .
5239-5244, p. 5241 Fig. 2: Relation to BCM rule. Toyo| zumi et al. 2005

http://www.pnas.org/content/102/14/5239.full




Information maximization and STDP

With a cost of maintaining synapses....

---25ms
-= 50ms
................... No cost ||

o
s ]

T

—h
T
X
g i | gt || e |y g s

0.5F el

Aw [mV]

O
-
\

o
o
vt
s
o
o
.
o
.
o

4 o— — \ "

-100 -56 6 55 100
" fpre _ tpost [HlS]

Toyoizumi et al. (2007) Optimality Model of Unsupervised Spike-Timing-Dependent Plasticity: Synaptic
Memory and Weight Distribution, Neural Computation 19 (3): 639-671, p. 651 Fig. 3d.
http://www.mitpressjournals.org/doi/abs/10.1162/neco0.2007.19.3.639#.VsFsl_msV8E



Information maximization using multiple output neurons

Independent component analysis

00O
o

O O O O
=

O O O ON

unknown BLIND
mixing SEPARATION
process (learnt weights)

Bell and Sejnowski (1995) An Information-Maximization Approach to Blind Separation
and Blind Deconvolution, 7 (6): 1129-1159, p. 1139 Fig. 3(a). p. 1145 Fig. 6.
http://www.mitpressjournals.org/doi/abs/10.1162/neco.1995.7.6.1129#.VqcAzVICOVM
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A local ICA rule
that approximates information maximization

Source

kurt = 30.76 "~ kurt = -0.98

Global factor

T. Isomura and T. Toyoizumi,
Scientific Reports 6, 28073 (2016).
DOI:10.1038/srep28073
https://www.nature.com/articles/
srep28073
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“Brain-like” computing
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Merolla et al. (2014) A million spiking-neuron integrated circuit with a
scalable communication network and interface, Science 345 (6197):
668-673, p. 670 Fig. 2: TrueNorth architecture.
http://science.sciencemag.org/content/345/6197/668.full




