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Brain is comprised of networks of neurons 
connected and communicating via synapses
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Learning and brain plasticityg p y

• Traditionally: Learning is an acquisition of memories.y g q

• Memory is an organism's ability to store retain and• Memory is an organism s ability to store, retain, and 
subsequently recall information.

• Learning is related to a more general phenomenon, 
called brain plasticity.

• Brain plasticity (neuroplasticity) is a lifelong ability of 
the brain to reorganize neural circuits based on newthe brain to reorganize neural circuits based on new 
experience. 
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Neuron in action: threshold and spikes
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Neuron rate model schematically and formally
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Types of learning in ANNyp g

Supervised learning: ANN weights are adjusted• Supervised learning: ANN weights are adjusted 
according to the target output  (MLP, RBF, RNN)

• Reinforcement learning: ANN weights are adjusted 
according to the information about the probability 
of success (MLP, RBF) – extension of the supervised 
learning

• Unsupervised learning: ANN weights are adjusted 
according to the topology and statistics of theaccording to the topology and statistics of the 
input: THIS  SEEMS  TO  OCCUR  IN  THE  BRAIN !
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Somatosensory and motor systems in animals 
topological mapping from periphery to cortex
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Fascinating phenomenon of brain cortex plasticity 
caused by experience

Orderly or topographic representation of 
somatosensory bodily maps in the cortex

Use-dependent expansion of 
representation of more usedsomatosensory bodily maps in the cortex representation of more used 
fingertips

8[Merzenich et al]



Visual maps of elementary features like 
orientation of edges and direction of motion 

R. Miikkulainen, 
J.A. Bednar, Y. 
Choe, J. Sirosh. 
Computational 
Maps in the Visual 
Cortex SpringerCortex. Springer, 
Berlin, 2005.

Model basedModel based 
on Self-
organizing 
maps
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Hebb rule of synaptic plasticity (1949)

Left“When an axon of cell A 
Rightis near enough to excite 

a cell B and repeatedly

Output

a cell B and repeatedly 
or persistently takes part 
in firing it some growth

Neurons that fire together wire together.
in firing it, some growth 
process or metabolic 
h t k l i Left

Right

change takes place in 
one or both cells such 

Right
that A's efficiency, as 
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Neurons that fire out of sync lose their link

Output

f f g ,
is increased.”

Neurons that fire out of sync lose their link. 
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Experimental results in the developing visual cortex

Classical experiments of monocular 
d i tideprivation

Cells in the visual cortex tend to be 
binocular and respond to stimulation in 
both eyes, with different preferences, 
though.

Right eye          Left eye

g

Closing the eye for a brief period 
causes a shift in the responses towardscauses a shift in the responses towards 
the non-deprived eye.

Right eye          Left eye

right  eye (open)

Left  eye (closed)Right eye (open)This shift in ocular 
dominance corresponds

Left eye (closed)

Output  correlates with right eye input 
therefore the right input strengthens

dominance corresponds 
to Hebbian synaptic 
plasticity
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Reverse suture experiments

Can the Hebbian learning explainCan the Hebbian learning explain 
reverse suture experimental
results when formerly disconnectedresults, when formerly disconnected 
eye becomes dominant ?

Right eye     Left eye

Right eye     Left eye

Left (open but depressed)

Right (strong but closed)

O ( k i i )Output (weak activity)
Right eye     Left eye
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Bienenstock, Cooper, Munro (BCM), p , ( )
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METAPLASTICITY: Position of θM depends on the neuron’s past activity !

Term coined by [Abraham and Bear, TINS, 1996] 
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BCM postulated: there is  threshold for synaptic 
potentiation that decreases when postsynaptic activity is 
low on average and increases when it is high on average

φ

LTPLTP

LTD

0After closing the right eye 
and opening the left eye

Postsynaptic activity

and opening the left eye, 
modification function Φ
slides to the left thusslides to the left, thus 
allowing weak left eye 
synapses to strengthen

[Cooper et al, 1982-2004]
synapses to strengthen
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Experimental evidence: It is easier to obtain 
potentiation in the cortex of dark-reared animals
and it is harder to induced synaptic depression in y p p
these cortices 
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Results for somatosensory cortex of rats

Normal cortex
[Benuskova 
et al., PNAS 

I i d

1994, 2001]

Impaired cortex

< αα
Normal cortex

Impaired cortex
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LTP/LTD = long‐term potentiation/depression of / g p / p
synaptic efficacy

• LTP/LTD are the gold standard synaptic models for 
mammalian memory mechanisms for 3 decades;

• LTP/LTD occur in hippocampus and in neocortex,LTP/LTD occur in hippocampus and in neocortex, 
which are brain regions involved in formation of 
long‐term memories; g

• LTP/LTD are long‐lasting synaptic changes; can lastLTP/LTD are long lasting synaptic changes; can last 
for hours, days even weeks;

• LTP/LTD are synaptic activity‐dependent, either in a 
homo‐ or heterosynaptic fashionhomo or heterosynaptic fashion.
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LTP/LTD in hippocampus
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Induction of LTP

Measuring
Stimulating 
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Measuring 
electrode

P ti
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before tetanus             after tetanus    
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Bidirectional properties of LTP and LTDp p

The change is bidirectional, i.e. the same synapse can 
become potentiated or depressed based on frequency 
of tetanus: ~ 100 Hz (LTP) ~ 10 Hz (LTD), i.e. there is a 
threshold around 10 Hz
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LTP/LTD: spike‐timing dependent plasticity/ p g p p y

Markram et. al. 1997
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Exponential windows of the sign and 
magnitude of synaptic plasticity

[Dan & Poo, Neuron 2004]
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STDP leads to BCM potentiation thresholdp

• Izhikevich and Desai (2003) showed STDP leads to BCM for theIzhikevich and Desai (2003) showed STDP leads to BCM for the 
nearest neighbour STDP, i.e. w(t+1) = w(t) (1 + Δw+ −Δw‐) 

Threshold for potentiation

= 0 θM

Threshold for potentiation

Where A’s and τ’s are constants,

 0 M

Where A s and τ s are constants, 
amplitudes and decays for 
potentiation and depression 

i d ti lwindows, respectively
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Spiking versus rate neuronsp g

PSP

Model Neuron Traditional Neuron
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Izhikevich model – the fast and precise 
implementation of spiking neuron
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D T f MPP l d
 

Hippocampus 

Data: Tetanus of MPP leads to 
homosynaptic potentiation of MPP and 
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Assumptions of the model

• We take into account the pre‐ and postsynaptic  e ta e to accou t t e p e a d postsy apt c
spontaneous spiking activity, which is correlated and 
has a theta frequencyhas a theta frequency

• The STDP rule is allowed to dynamically change the 
sizes of LTP and LTD windows according to thesizes of LTP and LTD windows according to the 
previous mean spike count of the postsynaptic 
neuronneuron

• We temporarily de‐correlate the spiking activity of 
MPP and LPP pathways during LTP inductionMPP and LPP pathways during LTP induction

27



Consequences of assumptions

• De‐correlated presynaptic activity leads to lower postsynapticDe correlated  presynaptic activity leads to lower postsynaptic 
activity than before tetanus, and thus LTD window shrinks and 
LTP window expands. This corresponds to lower threshold for p p
homosynaptic LTP. 

• MPP presynaptic tetanus is correlated with postsynaptic  
spikes (due to temporal summation of EPSPs) and thusspikes (due to temporal summation of EPSPs) and thus 
homosynaptic LTP follows.

• Ongoing spontaneous spiking of LPP is de‐correlated with 
t ti ik d th h t ti LTD f llpostsynaptic spikes and thus heterosynaptic LTD follows.  
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Changing windows for LTP / LTDg g /

• Benuskova and Abraham (2007) for the first time introducedBenuskova and Abraham (2007) for the first time introduced 
moving LTP threshold into the STDP equations through changing 
LTD/LTP windows according to postsynaptic average activity:/ g p y p g y

Δw (Δt) = A exp( Δt / τ ) if Δt > 0Δw+(Δt) =  A+ exp(−Δt / τ+) if Δt > 0                                                
Δw−(Δt) =  A− exp(Δt / τ−) if Δt < 0  

A+(t) = A+(0) (1 / 〈c(t)〉τ)
A (t) = A (0) 〈c(t)〉  A−(t)  A−(0) 〈c(t)〉τ 
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Results of STDP with metaplasticityResults of STDP with metaplasticity
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Results of ordinary STDPy

Amplitudes and decays for
MPP

Amplitudes and decays for 
potentiation and depression 
windows are constant and

LPP
w(t+1) = w(t) (1+Δw+−Δw‐) −λ w(t)

[S d Abb tt 2000][Song and Abbott, 2000]

MPP A+(t) = λ (wmax – w(t))
A (t) = λ w(t)

LPP

A−(t) = λ w(t)
w(t+1) = w(t) (1+Δw+−Δw‐)

[Delorme et al 2001][Delorme et al., 2001]
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Prediction from this model: 
if the spontaneous activity (noise) is blocked so is the 
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Interplay between frequency and STDP

Simulation of resultsSimulation of results 
from Lin et al., J. Eur. 
Neuroscience 2006Neuroscience, 2006. 
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Conclusion: towards more general plasticity ruleg p y

STDP rule Variable windows
Δw+(Δt) =  A+ exp(−Δt / τ+) if Δt > 0                                                
Δw−(Δt) =  A− exp(Δt / τ−) if Δt < 0  

A+(t) = A+(0) (1 / ϕ(t) 〈c(t)〉τ)
A−(t) = A−(0) ϕ(t) 〈c(t)〉τ 
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ϕ(t) = ϕ(X, Y, Z, …, t)

Task for future: to find the function ϕ which isTask for future: to find the function ϕ, which is 
the function of different biochemical factors X, 
Y Z d tiY, Z,…., and time. 
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