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2.1 Introduction

* Neural networks learn from its environment and improve its
performance.

* A neural network learns its environment through an interactive
process of adjustments applied to its synaptic weights and bias.

* We define learning in the context of neural networks as:

Learning is a process by which the free parameters of a

neural network are adapted through a process of stimulation
by the environment in which the network is embedded.

* The type of learning is determined by how the parameter changes
take place.
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2.1 Introduction

Reinforcement Learning

Decision process
Reward system

L.earn series of actions

Supervised Learning ’
Labeled data

Direct feedback
Predict outcome
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. Unsupervised Learning
No label
No feedback
Find hidden structures

Deep Learning
Feature extraction
Classification
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2.1 Introduction

* Definition of learning process implies the following sequence of events:
1. The neural network is stimulated by its environment.

2. NN undergoes changes in its free parameters as a result of this
stimulation.

3. NN responds in a new way to the environment because of the
changes that have occurred in its internal Structure (i.e. weights).

Learning is a process by which the free parameters of a

neural network are adapted through a process of stimulation
by the environment in which the network is embedded.
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2.2 Error-Correction Learning

* For the first learning rule, consider simple case of a neuron k constituting the
only computational node in the output layer of a feedforward neural network,
as depicted in Fig. 2.1a.

* Neuron k is driven by a signal vector x(n) produced by one or more layers of
hidden neurons, which are driven by an input vector (stimulus) applied to the
source nodes (i.e., input layer) of the neural network.
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b) Signal-flowe graph of output neuron.
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2.2 Error-Correction Learning

* The argument n denotes discrete time step of an iterative process
involved in adjusting the synaptic weights of neuron k.

* The output signal of neuron k is denoted by y, (n).

* This output signal is compared to a desired response or target
output, d;(n).

* Consequently, an error signal, e, (n), is produced.
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®2.2 Error-Correction  _ Multlayer feedforwards network
Learning Input 2

di(n)

' . vector x(n 5
* The error signal l Qf output yk:(”)

€ (TL) — dk (n) — Vg (n) (21) i H neurons ke

ex(n)

* ey (Tl) actuates a control a) Block diagra_m of a neural network highlighting the
only neuron in the output layer.

mechanism to apply a
sequence of corrective
adjustments to the synaptic

weights of neuron k.
x(n)
 The NN aims to make the —~

output signal y, (n) come
closer to the desired response
d, (n) in a step-by-step
manner.
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Multilayer feedforwards network

a) Block diagram of a neural network highlighting the
only neuron in the output layer.

b) Signal-flowe graph of output neuron.

Fig. 2.1 Illustrating error-correction learning.

er(n)
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2.2 Error-Correction Learning

* This objective is achieved by minimizing a cost function or index of
performance, E(n), defined in terms of the error signal e, (n) as:

E(n) = >ef(n) (2.2)

That is, E(n) is the instantaneous value of the error energy. The step-by-step
adjustments to the synaptic weights of neuron k are continued until the system
reaches a steady state.

Multilayer feedforwards network

One or more X(n) Output 3’k (n) dy (Tl)
» layers of hldden neuron

ex(n)

neurons

a) Block diagram of a neural network highlighting the only neuron in the output layer.
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2.2 Error-Correction Learning

e Minimization of the cost function E'(n) leads to a learning rule referred
to as the delta rule.

* Let wy;(n) denote the value of synaptic weight wy; of neuron k excited
by element x;(n) of the signal vector x(n) at time step n.

* According to the delta rule, the adjustment of Awy;(n) applied to the
synaptic weight wy; at time step n is defined by

Awyj(n) = nex(n)x;(n) (2.3)

* Where 7 is the learning rate parameter which is carefully selected to
ensure stability or convergence of the iterative learning process.

Prepared by Prof. Dr. Hasan AMCA 11
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2.2 Error-Correction Learning

« The updated value of synaptic weight wy,; is determined by

In effect, wy;(n) and wy ;(n + 1) may be viewed as the old and new
values of synaptic weight wy,; respectively. This can also be written as

wij(n) = Z_l[ij(Tl + 1)] (2.5)

where z~1 is the unit-delay operator representing a storage element.

Prepared by Prof. Dr. Hasan AMCA 12
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2.3 Memory-Based Learning

* In memory-based learning, all (or most) of the past experiences are explicitly
stored in a large memory of correctly classified input-output examples:
(xi i}y _
* where X; is the input vector and d; denotes corresponding desired response
* All memory-based learning algorithms involve two essential ingredients:
~ Criterion used for defining the local neighborhood of the test vector X;,¢;-

~ Learning rule applied to training examples in the local neighborhood of x;,;.

~ b) Signal-flowe graph of output neuron.
Prepared by Prof. Dr. Hasan AMCA 13
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2.3 Memory-Based Learning

* In an effective type of memory-based learning known as the nearest neighbor
rule, the local neighborhood is defined as the training example that lies in the
immediate neighborhood of the test vector X;.t* In particular, the vector

Xy € {X{1,X5,..., Xy} (2.6)
* is said to be the nearest neighbor of X4 if
mgnd(xi»xtest) = d(Xy, Xtest) (2.7)

Where d(X;, X0t ) is the Euclidean distance between the vectors X; and X;,4¢.

The class associated with the minimum

distance, that is, vector Xy, is reported as the
classification of X, This rule is )
independent of the underlying distribution
responsible for generating the training

examples.
Prepared by Prof. Dr. Hasan AMCA ~ b) Signal-flowe graph of output neuron. 14
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2.3 Memory-Based Learning

* A variant of the nearest neighbor classifier is the k-nearest neighbor classifier,
which suggests to:

~ lIdentify the k classified patterns that lie nearest to the test vector X;.4; for
some integer k.

~ Assign Xq: to the class (hypothesis) that is most frequently represented
in the k-nearest neighbors to X;egt.

~ 1.e. use majority vote to make classification. 0 ) X
* Thus, the k-nearest neighbor classifier acts like an 0 g O
averaging device. S 0
* [t discriminates against a single outlier, as illustrated  Agd/ g 20
_ ) outlier Y2
in Fig. 2.2 for k = 3. 11 1 )
. . .. 1
* An outlier is an observation that is improbably large ! 11
for a nominal model of interest. =
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2.3 Memory-Based Learning

0
Fig. 2.2 0 0
The area lying inside the dashed circle 0
includes two points pertaining to class 1 0 0
and an outlier from class 0. 17> 0
/ 0

The point d corresponds to the test l ,
vector Xeest" —=0 d// 0

outlier Y
With k = 3, the k-nearest neighbor 1 1
classifier assigns class 1 to point d even 11111
though it lies closest to the outlier. 1
1

0 o

1
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2.4 Hebbian Learning

* When an axon of cell A is near enough to excite a cell B and repeatedly or
persistently takes part in firing it,

* some growth process or metabolic changes take place in one or both
cells such that A's efficiency as one of the cells firing B, is increased.

impulses carried
toward cell body Synapse

branches
dendrites ' of axon impulses carried ©
( ) toward cell body &

<

) Q}\b branches

\ of axon

nucleus axon _/L%
. 7 ’ ’ e axon
A impulses carried & i oy >term|n s
away from cell body o otl/ i
> & 4 i /5 N\ impulses carried
@\ away from cell body
,@ cell body
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2.4 Hebbian Learning

* Hebb proposed that associative learning would result in a modification in the
activity pattern of a spatially distributed "assembly of nerve cells" such that:

1) If two neurons on either side of a synapse (connection) are activated
simultaneously, (i.e., synchronously), then the strength of that synapse is

selectively increased.

2) If two neurons on either side of a synapse are activated asynchronously,
then that synapse is selectively weakened or eliminated.

impulses carried

toward cell body synapse
branches

of axon

’ impulses carried o
dendrites \j \I/ 5) toward cell body &

3
(\b branches
\ )\ / Y &
1/ J of axon
nucleus“;_@ 3 on______\ =% |
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,;‘”/ |mpulses carried ) " terminals
away from cell body 0 , b ok
%, Q'z} A ! impulses carried A\,
N N

away from cell body
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2.4 Hebbian Learning

* The four key mechanisms that characterize a Hebbian synapse
1. Time-dependent mechanism

The modifications in a Hebbian synapse depend on the exact
time of occurrence of the presynaptic and postsynaptic signals.

2. Local mechanism

A synapse is the transmission site where information-bearing
signals (representing ongoing activity in the presynaptic and
postsynaptic units) are in spatio-temporal closeness.

Prepared by Prof. Dr. Hasan AMCA
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2.4 Hebbian Learning

3. Interactive mechanism

Occurrence of a change in a Hebbian synapse depends on signals on both
sides of the synapse.

That is, a Hebbian form of learning depends on a "true interaction” between
presynaptic and postsynaptic signals

4. Conjunctional or correlational mechanism

The co-occurrence of presynaptic and postsynaptic signals is sufficient to
produce the synaptic modification.

The correlation over time between presynaptic and postsynaptic signals is
viewed as being responsible for a synaptic change.

Accordingly, a Hebbian synapse is also referred to as a correlational synapse.
Correlation is indeed the basis of learning.

Prepared by Prof. Dr. Hasan AMCA 20
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2.4 Hebbian Learning

Algorithm 1. Batch update Hebbian traces.

 The Hebbian traces in 1: Input: hq.p (hidden activations of penultimate layer)
the forward pass are y1. (target labels),
updated using Hebb (Hebbian trace) EE
Algorithm 1. 2: Output: z1.p (softmax pre-activations) 2:
+ Hebbian update for 3: for each target label c € {y1.5} do §;
corresponding class, ¢ 4: 8 < Zszl [y = ¢ % j
is performed (line 6). 5 ifs>0 thenB 3 :
. 1 _ g8
» Across the model’s © ho g 2y Pl = ¢ . S
lifetime, Hebb is only I: Hebb. . (1 —n)Hebb. . 4 nh ik
updated during training 8: endif EE
and test time. 9: end for =
10: z < (6 + aHebb)h

Prepared by Prof. Dr. Hasan AMCA 21
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2.4 Hebbian Learning

Learning Associations Through the Strengthening of Connections

impulses carried

toward cell body Synapse
branches ineuises oariad
f axon kb s o 2
denanteg e toward cell body ,\{@‘
b branches
of axon
nucleus axon
‘ axon
mpulses camed ~\ *~ terminals
away from cell body o | .

impulses carried  \ S,
away from cell body '
,@ ceII body

Hebbian Learning: When two joining cells fire simultaneously, the
connection between them strengthens (Hebb, 1949).
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Step-by-Step Working of an a5
Artificial Neural Network

Axon of

previous Axon
neuron
Neuron cell body
Synaptic Cleft Transmission
Presynaptic Nucleus #‘
Terminal
wnaotic (0 B (ons
Receptors  .°2..4 '- Synapse /
Postsyqaptic .
' Terminal " Synapse Electrical
signal
Step 1: Step 2: Dendrites
External signal External signal is Step 3:
is received by  processed in the Processed signal converted to
dendrites neuron cell body an output signal and
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Neuron cell body

Nucleus

Dendrites
Axon  of next
tlps neuron

Step 4: Uutput signal 1s
received by dendrites
of the next neuron

through the synapse
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2.4 Hebbian Learning

Synaptic Enhancement and Depression

* A Hebbian synapse increases its strength with positively correlated
presynaptic and postsynaptic signals and decreases its strength when these
signals are either uncorrelated or negatively correlated.

* In both Hebbian and anti-Hebbian synapses, however, the modification of
synaptic efficiency relies on a mechanism that is time-dependent, highly local,
and strongly interactive in nature.
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2.4 Hebbian Learning

Mathematical Models of Hebbian Modifications

* To formulate Hebbian learning in mathematical terms, consider a
synaptic weight wy; of neuron k with presynaptic and postsynaptic
signals denoted by x; and yy, respectively.

* Adjustment applied to synaptic weight wy; at time step n is expressed as

Mwiej(n) = F (yi(n), x;(n) ) (2.8)

where F( -, -) is a function of both postsynaptic and presynaptic signals.

Prepared by Prof. Dr. Hasan AMCA 25
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2.4 Hebbian Learning

Hebb’'s Hypothesis

* The simplest form of Hebbian learning is described by

Awyj(n) = nyr(n)x;(n) V)
* Where 1 > 0 determines the rate of learning.
* The top curve of Fig. 2.3 shows a graphical representation of Eq. (2.9).

* The repeated application of the input signal (presynaptic activity) x; leads to
an increase in (postsynaptic activity) y,

* Therefore, exponential growth drives synaptic connection into saturation.

At that point no information will be stored in the synapse and selectivity is
lost.

Prepared by Prof. Dr. Hasan AMCA 26
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2.4 Hebbian Learning

Hebb’s Hypothesis

Aij

AN
slope = nx;
slope = Covariance
n(x < X)y Hypothesis
0

Balance Postsynaptic
Point =y Activity yy

—N(xj —X)y \

Maximum
Depression Point

Fig. 2.3 Illustration of Hebb's hypothesis and the covariance hypothesis
Awy ;(n) plotted versus the output signal (postsynaptic activity) yy.

Prepared by Prof. Dr. Hasa
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2.4 Hebbian Learning

Covariance Hypothesis

* One way of overcoming the limitation of Hebb's hypothesis is to use
the covariance hypothesis

* where the presynaptic (x;) and postsynaptic (yy) signals in Eq.
(2.9) are replaced by the departure of presynaptic and
postsynaptic signals from their respective average values over a
certain time interval.

* According to the covariance hypothesis, the adjustment applied to
the synaptic weight wy ; is defined by

Awyj = n(xj — %) Vi — 7) (2.10)

Prepared by Prof. Dr. Hasan AMCA 28



2.4 Hebbian Learning

Covariance Hypothesis

* The covariance hypothesis allows for

1. Convergence to a nontrivial state,
which is reached when Awy

Hebb’s Hypothesis

N

Xy =Xandy; =y slope = 7x;
. : slope = -
1. Prediction of both synaptic n(x; — x)y ;(;;r:ﬁ:;es
potentiation (i.e., increase in
. . 0
synaptic strength) and synaptic  lance Postsynaptic

depression (i.e., decrease in

. Point =¥ Activity yy
synaptic strength).

—Nn(x; — X)y

Maximum
Depression Point
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2.4 Hebbian Learning

Covariance Hypothesis

* Recalling (2.10) Awy,; = n(xj — %)(vx — ¥), we make the following important
observations

1. Synaptic weight wy ; is enhanced if there are sufficient levels of presynaptic
and postsynaptic activities, that is, the conditions Xj > X and y,, —y are
both satisfied.

2. Synaptic weight wy ; is depressed if there is either

* a presynaptic activation (i.e. x; > X) in the absence of sufficient
postsynaptic activation (i.e. y, < y), or

* a postsynaptic activation (i.e. y;, > y) in the absence of sufficient
presynaptic activation (i.e. x; < X).

Prepared by Prof. Dr. Hasan AMCA 30
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2.5 Competitive Learning

* In competitive learning, the output neurons of a neural network
compete among themselves to become active (fired).

~ In neural network based on Hebbian learning, several output neurons may
be active simultaneously,

~ In competitive learning only a single output neuron is active at any time.

Prepared by Prof. Dr. Hasan AMCA
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2.5 Competitive Learning

* There are three basic elements to a competitive learning rule

1) A set of neurons that are all the same except for some randomly
distributed synaptic weights, and which therefore respond differently to a

given set of input patterns.

2) A limit imposed on the "strength” of each neuron.

3) A mechanism that permits the neurons to compete for the right to respond
to a given subset of inputs, only one output neuron is active (i.e., "on") at a
time.

4) The neuron that wins the competition is called a winner-takes-all neuron.

Prepared by Prof. Dr. Hasan AMCA 32
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2.5 Competitive Learning

xl E
* In competitive learning, the neural network

has a single layer of output neurons, each of
which is fully connected to the input nodes. *2*

* The network may include feedback

connections among the neurons, as indicated «,,
in Fig. 2.4.

‘@ DD

Fig. 2.4 Architectural graph of a simple competitive

X.E
4 =
learning network with feedforward (excitatory)
connections from the source nodes to the neurons, and Layer of Single layer
lateral (inhibitory) connections among the neurons; source of output

the lateral connections are signified by open arrows. nodes neurons
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2.5 Competitive Learning

* For a neuron k to be the winning neuron, its induced local field v,
for a specified input pattern X must be the largest among all the
neurons in the network.

* The output signal y, of winning neuron k is set equal to 1; the losers
are set equal to 0.

* We thus write
)

1 ifve>v; forallj,j+k
0 otherwise

Vie =1 (2.11)

where v}, represents the combined action of all the forward and
feedback inputs to neuron k.

Prepared by Prof. Dr. Hasan AMCA 34
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2.5 Competitive Learning

* Let wy; denote the synaptic weight connecting input node j to
neuron K.

* Suppose that each neuron is allotted a fixed amount of synaptic
weight, which is distributed among its input nodes; that is,

2wk =1 for all k (2.12)

* [f a neuron does not respond to a particular input, no learning takes
place in that neuron.

e If a particular neuron wins the competition, each input node of that
neuron abandons some proportion of its synaptic weight, and

* the weight abandoned is then distributed equally among the active
input nodes.

PreparedE Prof. Dr. Hasan AMCA 35
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2.5 Competitive Learning

* According to the competitive learning rule, change Aw ; applied to
synaptic weight wy,; is defined by
Awy; = r](xj — ij) i.f neuronjlwins the competi’Fi(.)n (2.13)
0 if neuron j loses the competition

where 7 is the learning-rate parameter.

* This rule has the overall effect of moving the synaptic weight vector
wj, of winning neuron k toward the input pattern x.

Prepared by Prof. Dr. Hasan AMCA 36
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2.5 Competitive Learning

* We may use the geometric analogy depicted in Fig. 2.5 to illustrate
the essence of competitive learning.

e [t is assumed that each input pattern (vector) x has some constant
Euclidean length so that we may view it as a point on an N-
dimensional sphere where N is number of input nodes.

* N also represents the dimension of each synaptic weight vector wy.
o~

synaptic weight vectors of three output neurons.
(a) Initial state of the network. (b) Final state of
the network.

Prepared by Prof. Dr. Hasan AMCA 37
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2.5 Competitive Learning

e [tis assumed that all neurons in the network are constrained to have the
same Euclidean length (norm), as shown by

Yiwg; =1  forallk (2.14)
* Figure 2.5b shows a typical final state of the network that results from the use

of competitive learning.

* This figure illustrates the ability of a neural network to perform clustering
through competitive learning.

Fig. 2.5 Geometric interpretation of the competitive
learning process. The dots represent the input
vectors, and the crosses represent the synaptic
weight vectors of three output neurons. (a) Initial
state of the network. (b) Final state of the network.

Prepared by Prof. Dr. Hasan AMCA - 38



2.5 Competitive Learning

(a) (b)

Fig. 2.5 Geometric interpretation of the competitive learning process. The dots represent
the input vectors, and the crosses represent the synaptic weight vectors of three output
neurons.(a)nitial state of the network. (b) Final state of the network.
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2.6 Boltzmann Learning

* In a Boltzmann machine the neurons constitute a recurrent
structure, and they operate in a binary manner (either "on" state or
in "off" state)

* The machine is characterized by an energy function, E, the value of
which is determined by the particular states occupied by the
individual neurons of the machine, as shown by

1
J#*k

where x; is the state of neuron j and wy; is the synaptic weight

connecting neuron j to neuron k and j # k means no self-feedback.

Prepared by Prof. Dr. Hasan AMCA 40



2.6 Boltzmann Learning

* The machine operates by choosing a neuron k at some step of the
learning process, then flipping the state of neuron k from state x;,

state to —x; at some temperature T with probability
1

1+exp(—AEy/T)
Where AE)}, is the energy change due to flipping.

P(xy = —xp) =

Hidden
Nodes

Visible
Nodes

Prepared by Prof. Dr. Hasan AMCA
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2.6 Boltzmann Learning

* Let p; ;i denote the correlation between the states of neurons j and
k, with the network in its clamped condition and p;; denote the

correlation between the states of neurons j and k with the network
in its free-running condition.

* The change Awy,; applied to the synaptic weight wy,; from neuron j
to neuron k is defined by

Awyg = n(pxj — Prj) J*#k (2.17)
where p is a learning-rate parameter.

Prepared by Prof. Dr. Hasan AMCA 42
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" Restricted Boltzmann Machine (RBM)

* Since there are no connections between the hidden Hidden
neurons in the Restricted Boltzmann Machine, Visible Nodes
Nodes

 and since the connections between the visible layer
and the hidden layer are undirected,

it follows that the states of the hidden neurons are
conditionally independent of each other, given the
visible states.

* Hence, the RBM is capable of extracting an
unbiased sample from the posterior distribution,
given a data vector clamped onto the visible
neurons.
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2.7 Credit-Assignment Problem

* Credit-assignment (loading problem) is the problem of assigning credit or
blame for overall outcomes to each of the internal decisions made by a
learning machine and which contributed to those outcomes.

* We may decompose the credit-assignment problem into two subproblems:

1. The assignment of credit for outcomes to actions. The temporal credit-
assignment problem involves the instants of time when the actions that
deserve credit were actually taken.

2. The assignment of credit for actions to internal decisions. This structural
credit-assighment problem involves assigning credit to the internal
structures of actions generated by the system.

Prepared by Prof. Dr. Hasan AMCA 45



2.7 Credit-Assignment Problem

- “Moto
’ |||gher output
sensory g\ area
. |

Primary
sensory

area ey ﬂ|gher\
' sensory
. area

| \

—

Associative
concept
~area

The behavioral effects
of changes to these
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2.7 Credit-Assignment Problem

* The structural credit-assignment suggests which component of
the multicomponent learning machine should have its behavior
altered and by how much in order to improve system performance

* The temporal credit-assignment is relevant when there are many
actions taken by a learning machine that result in certain outcomes.

* Since the output neuron k is visible to the outside world, it is
possible to supply a desired response to this neuron

* by adjusting the synaptic weights of the output neuron in
accordance with error-correction learning.
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2.7 Credit-Assignment Problem - Example

Action 1

)
g0 right

Stimulus

Action 2

L
o0 left

Prepared by Prof. Dr. Hasan AMCA https://www.researchgate.net/publication/324052774_Solving_the_Credit_Assignment_Problem_With_the_Prefrontal_Cortex
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2.7 Credit-Assignment Problem - Example

* Example tasks highlighting the challenge of credit assignment and learning

strategies enabling animals to solve a problem.

* An example of a distal reward task that can be successfully learned with

eligibility traces and TD rules, where intermediate choices can acquire
motivational significance and subsequently reinforce preceding decisions

note that in some experimental
variants of the behavioral paradigm,
stimuli disappeared before an acion 1

Large oy
animal revealed its choice, 20 rlght Reward@ \
whereas in others the cues Stlmulus A :
remained on the screen until the Cuon — Small g

Reward P,

go left

trial outcome was revealed Delay
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