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● Metaplasticity
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● Reinforcement learning 



Metaplasticity
● The rules by which the plastic processes 

change can themselves change in time

● This change is not necessarily expressed as a 
modification in the efficacy of normal 
synaptic transmission

● It manifests as a change in the ability to 
induce subsequent synaptic plasticity such as 
long-term potentiation or depression

(Abraham & Bear, 1996)



Metaplasticity



Metaplasticity
● Long term plasticity has been blocked by the 

weak thetanic pulses

● The thresholds for plasticity are dynamic

● Similar phenomenon has been observed for 
LTD (Cristie & Abraham, 1992)

● Biochemical factors: neuromodulators 
(cathecolamins) and hormones affect 
synaptic plasticity



Metaplasticity
● These factors could regulate the way 

plasticity changes in different stages

● Wakefulness → synaptic potentiation

● Slow-wave activity → synaptic depression

● Sleep → synaptic downscaling (?)

● But there must be intrinsic synaptic 
processes



Metaplasticity
● One way of thinking about this process is that 

synapses are not in a continuum of states but 
that they are discrete (Montgomery & 
Madison, 1992)

● They showed for instance that in CA3 
pyramidal cells, cell pairs connected by all 
silent synaptic connections cannot be 
depressed immediately following their 
unsilencing

● There are “hidden” variables that define the 
state of the synapse



Metaplasticity



Metaplasticity
● More recent models are even more 

complicated

● What are the behavioral manifestations of 
metaplasticity?

● Memory can be stored fast fast but it is 
robust to perturbations and long-lived

● More specifically: forgetfulness behaves 
with a power law (Wixted & Ebessen 1991, 
1997)



Metaplasticity
● Wixted & Ebessen, 1997



Metaplasticity
● The memory trace depends on a signal-to -

noise ratio (SNR)
● Let us consider a system with Nsyn 

synapses
● Each time there is an event, a fraction q 

goes from weak to strong or viceversa
● Event rate is r
● After a time t the probability that a 

synapse has NOT been modified is 
exp(-qrt)

● Noise is proportional to Nsyn
1/2



Metaplasticity
● Signal-to-noise ratio is

(exponential forgetting)
● Time for forget (SNR=1)

● This number goes one in a time

● This grows very slowly with the number of 
synapses
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Metaplasticity

● How can we have tails that are so long?

● Power laws can be approximated by several 
exponential functions with well separated 
time scales

● Cascade models of synaptic plasticity (Fusi et 
al., 2005)



Metaplasticity
● Cascade models of synaptic plasticity (Fusi et 

al., 2005)

● x is a constant <= 1/2 (usually x=1/2)
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Metaplasticity
● Plasticity rules

● When the conditions for synaptic 
strengthening are met, a synapse in state i 
of the weak cascade makes a transition to 
state 1 of the strong cascade with 
probability qi 

● When the conditions for synaptic 
weakening are met, a synapse in state i of 
the strong cascade makes a transition to 
state 1 of the weak cascade with 
probability qi



Metaplasticity
● Metaplasticity rules

● When the conditions for synaptic 
strengthening are met, a synapse in state i 
of the strong cascade makes a transition 
to state i+1 of the strong cascade with 
probability pi

+ 

● When the conditions for synaptic 
weakening are met, a synapse in state i of 
the weak cascade makes a transition to 
state i+1 of the weak cascade with 
probability pi

-



Metaplasticity
● With these rules, if strengthening and 

weakening events occur with the same 
rate, then all the states are occupied with 
the same probability

● We choose x=1/2 because it is the largest 
value compatible with p1

+/- < 1

● How long the memories will last?



Metaplasticity
● Numerical simulation:

● 10,000 synapses
● Initial states from uniform distribution
● Memory: half of the synapses have a 

strengthening event and the other half 
a weakening event

● After that synapses have random 
strengthening and weakening events 
with rate f

● The memory trace is proportional to the 
difference between the number of 
synapses in each condition (weak or 
strong) with respect to the state after 
memery storage



Metaplasticity
● Numerical simulation:



Metaplasticity
● How does the SNR depends on the number 

of steps in the cascade?



Metaplasticity
● How does memory retention depends on 

the number of synapses?



Metaplasticity
● What happens if the balance between 

potentiation and depression is broken?

Non-cascade

Cascade

Default parameters Optimized parameters



Reinforcement learning
● Up to now the environment is a source of 

stimuli (or the object of motor actions)

● But learning must involve some feedback 
about whether the behavior generated by 
the learning process is giving “right” or 
“wrong” results 

● Reinforcement learning (RL) is the problem 
faced by an agent that learns behavior 
through trial-and-error interactions with its 
environment



Reinforcement learning
● It consists of an agent that exists in an 

environment described by a set S of 
possible states, a set A of possible actions, 
and a reward (or punishment) rt that the 
agent receives each time t after it takes an 
action in a state  

● Alternatively, the reward might not occur 
until after a sequence of actions have 
been taken

● It is typically assumed that the 
environment is non-deterministic

● Agent evaluation (in terms of rewards) 
may be interleaved with learning



Reinforcement learning
● The objective of an RL agent is to 

maximize its cumulative reward over its 
lifetime
 The

● Time step: the agent is in a state, st, takes action a, and 
that moves the agent to a next state, st+1.  After getting 
to st+1 , the agent receives a reward, rt.

● Trial: this is the RL term used for an episode.  A trial 
consists of a sequence of steps that terminates when 
either: the agent enters a terminal/goal state, or a 
predetermined time limit (number of steps) has been 
reached.  

● Terminal (or absorbing) state – a state from which 
the agent does not leave, and which includes a final 
reward or punishment.  A goal state is an example of a 
terminal state.



Reinforcement learning
● The system is defined by two functions

● δ(st,at)=st+1: transition function
● r(st,at): reward function. Sometimes written 

as r(st,st+1)
● If the environment is stochastic we could 

have p(st,at,st+1): probability of going to state 
st+1

● The model is not necessarily known to the 
agent

● For agents with long lifetime, a discount 
factor is useful

● Future rewards are less valuable 



Reinforcement learning
● The policy: is a complete mapping from 

every state to the action to be taken in 
that state

● The objective of reinforcement learning 
(RL) is to try to find an optimal policy

● The optimal policy is the one that 
maximizes the cumulative discounted 
reward



Reinforcement learning
● The choice of rewards you give the agent can 

determine how quickly it will learn
 

● For example, if you give a reward of 0.99 for every 
state that leads directly to the goal, and a reward 
of 0 for every other state, then you are giving a 
great deal of prior knowledge to your agent, and it 
can learn very fast because little learning is 
required.  In essence, you are teaching the agent 
how to get to the goal by carefully selecting your 
rewards

● If you give relatively equal rewards (e.g., close to 
0) from all states other than the terminal states, it 
will take the agent a long time to learn.   



Reinforcement learning
● Temporal difference algorithm (Sutton, 1984)

 
● The agent first estimates the utility of a state. This 

is the sum of the rewards beginning thr path from 
this state

● The from each initial condition it moves to the 
neighboring state with the maximum utility

How to estimate the utility of a state?



Reinforcement learning
● Adjust the utility of a state based on the 

immediate reward and the utility of the next 
state

● U(s) + α(r(s,s’) + γU(sU(s’) – U(s)) → U(s)
– r(s,s’): reward of  s → s’
– U(s´) utility of successor state
– α: learning rate
– γU(s: discount factor 



Reinforcement learning
● Initialize U(s) = 0 for all non-terminal states s.  For 

terminal states, U(s) = r(s)

● Start in a designated initial state s0. (We assume all 
other states are reachable from s0)

● For each transition δ(s, a) = s’ and reward r(s,s’) for 
going from state s to state s’, do:

U(s) + α(r(s,s’) + γU(sU(s’) – U(s)) → U(s)

●  Repeat above step until the difference in successive 
values (before/after update) of U is less than or equal to 
some small desired ε  (called convergence). 



Reinforcement learning
● This is a passive algorithm

● An active learner must consider what actions 
to take, what their outcomes may be, and how 
they affect the rewards achieved.  An active 
learner takes actions while it learns.  Only an 
active learner can handle a dynamic 
environment 
(Watkins, 1992)



Reinforcement learning
● RL needs a signal the satisfies the following 

criteria:
● Responds to affective contingencies
● Affects learning of predictions and actions
● Is essentially scalar
● Broadcasts their information multimodally

● Neuromodulators verify most of these points:
● Respond to reinforcers and surprise
● Are known to affect synaptic plasticity
● Come from small mid-brain nuclei
● Have extensive arborization throughout the 

brain



Reinforcement learning





Reinforcement learning
● Dopamine generates a predictive reward 

signal
(Schultz, 1998)



Reinforcement learning
● And what are the other neuromodulators good 

for? (Doja, Metalearning and neuromodulation, 
2002)



Reinforcement learning
● And what are the other neuromodulators good 

for? (Doja, Metalearning and neuromodulation, 
2002)



Reinforcement learning

Prediction error: δ=r+V(sr+V(s
t+1

)-V(s
t
)

V(s
t+1

)=r+V(sV(s
t
)+αδ



Reinforcement learning
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