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| Neuron




| Various Types




‘ Our Model - Linear Neurons

input neuron

u = firingrate of input neuron

iy w = synaptic strength (weight)

@ y = firingrate of outputneuron

output neuron

V=WIU
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‘ Input Neuron

input spike |
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‘ Presynaptic Firing Rate

Input Spikes

Input firing rate (Hz)
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| Output Neuron

* The output firing rate is some non-linear function
of the synaptic input.

F(I)

v=F[1]|=F|[wu]

input neuron
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output neuron @
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‘ Linear Rate Models

FD F[x]

X

input neuron
V= WU W

output neuron @ 8



| Multiple Inputs

U U, Uy
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| Receptive Field

« At the simplest level, we think of the receptive field (RF) as the region
of visual space that causes the neuron to spike.

* Buta visual neuron doesn’t respond to any stimulus within this RF. It
responds selectively to certain ‘features’ in the stimulus.

* We can think of a neuron as having a filter (G) that passes certain

features in both space and time.

* The better the stimulus ‘overlaps’ with the filter, the more the neuron
will spike.
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‘ Our Model

_ output spike
X —> filter nonlinearity genirator
—a I I I | IR
I(x.y) L=G[itry)]  r=[p+L], B[n]

/TN N

response filter  stimulus firing rate

stimulus Poisson

Process
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| Weights = Receptive Field v =D w,

G(x)
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RF Mathematically N
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I(x) or u,

‘ But that is a Dot Product!

X

T~ T —
* The response of a neuron is the dot-product of the stimulus vector
with the weight vector (receptive field).

e Thus, for a given amount of power in the stimulus, the stimulus that
has the best overlap with the receptive field produces the largest
neuronal response.

* We now have a definition of the ‘optimal stimulus’

y = 2 Whub
b
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vV =w- U =WH§‘COSQ
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| Summary

b = 5
Input firing rates
|:L£1 Uy, Uy ... U, } = U
Input synaptic weights
|:Wl s Wo s, Wi oo W ] = W }V = output firing rate
[ =wou+wu,+wiu,+... = zwbub =Ww-u
b
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| Summary

input neuron

* The output firing rate is some non-linear function
of the synaptic input.

®

output neuron

F(I) F(I) F(I-6)
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' Artificial Neuron

Dendrites

Linear Activation
function function

Nucleus



‘ Artificial Neuron

Inputs Synapses

INAY leltpllts

/ \ Myelin sheath 'T

Dendrite
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‘ Classification

sensory inputs

O

O O

‘dog’” ‘cat’ ‘elephant’
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‘ Perceptron (Single Neuron) dogginess’

# | w
observagions
non- U™ dog!’ @
dy\l/dg\» %‘ 5
k]
0 ‘dogginess’
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‘ Spike Threshold! ’d"gg‘”ess'@ﬁ
woor (V)

F(x) = step(x) v = F(wu—0)
Theta is the threshold, not an angle.
step(x) V
0 M |
P O
|
X P
< O > < $ > Wil 4
v V'oou,=0/w é

Neuron fires when the input wiy > 6 5
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‘ Learn the right Weight =1

#observations

A
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| Learn the right Weight

Error: Dogs classified as Error: Non-dogs classified
non-dogs as dogs
= Make w bigger = Make w smaller
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| Decision boundary in 2D

what is this?

U
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(JZ Ul Arepunoq uoIsId(J ‘

Let's start by looking at the case where g =0

v =F(w-u)
The neuron now fires when the projection of 4
along y is positive  15.77 > ()

"
The decision boundary is given by U,

. \ U W

w-u=0 v e

N
47
This is the set of all vectors u that have < > I,
' ' L7 \W'u >0
zero projection along w. o \\
’ \
)

All vectors on a line going through the

origin and perpendicular to w !




| Simple Cases
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(JZ Ul Arepunoq uoIsId(J ‘

Now let’s look at the case where g«

v =F(w-u—0)
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Now the decision boundaryis w-.-11 =6

This is the set of all vectors j; whose
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‘ Decision Boundary

v=Fw-u-60) The decision boundaryis w-yy =6

* Let's calculate the weight vector w=(w, ,w,) that gives
us the decision boundary shown below. Assume 0 =1 .

We have two points on the decision

i,
\\ } B ° boundary we know, and two unknowns...
® N
’ \/:. e i, =(a,0) , W=0
®
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| Higher Dimensions

Low-dimensional High-dimensional
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‘ Neuronal Logic

OR
w=(1,1)
i =05
- AND o
- \fst(l Vo w=(1,1)
ool IRE e=15 131
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| Linear Separability
« Exclusive OR (XOR) - A or B but not both

Multi-layer perceptron

A B
() )

1 1
A/"\B\l BAA
1 1

OR
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| Multi-Layer Perceptron

Multi-layer perceptron
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‘ So Far...

input neuron

w
output neuron

I =wu

S

v=F[Wu]

input firing rates [”1 s Uy 5 Us ... ”n} :|
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| Two-Layer Feed-Forward Neural Network

input firing rates b= 1 ) 3 4

|:.-£«£l Uy, Us e U, } =u O Q

@ Q
output firing rates O O O O
a = 1 2 3 4
|:V1 Vas Visewe V. ]

ll
<l
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| Wait, Matrix Multiplication?

Vl = 1'1’1;:1 U Vl — z M/l f:.-”b
b
Vy =W _,-U V, = szb”h
b
V=W ol V3 = z W, 1,
b
Vf.’ — a U fo _ zWﬂhub
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| Linear Algebra Comes to the Rescue

weight matrix

"/Vab —
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| Linear Algebra Comes to the Rescue
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| In a different perspective

b
B u b=1 2 3
i,
V=Wu = U,
u3 d = 1
e (1) Ve (3)
/ 1 \ B
vector of weights from vector of weights from S
input neuron 1 input neuron 3 §
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The output pattern is a linear combination of contributions from each
of the input neurons!
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| Scaling!
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‘ Rotation!

COSQ

S @
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| Rotation - Example
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| Rotation in Perceptron
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‘ Recurrent Networks




. . . . v=F()
| Saturating Activation Function 1
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‘ Winner-Take-All Network

* Implements decision making

Network will remain in attractor 1 if h > h,

Network will remain in attractor 2 if h, >}

hy h,
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‘ Memory!
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| Hoptield Networks

51




THANK YOU!
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