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Training a Neural Network

e To train a neural network we need:

— Values for hyperparameters specifying the network topology
(number of layers, units per layer, connectivity of layers).

— Other hyperparameters, besides network topology.

e More details later.

— A training set.

e This is a typical supervised learning problem, so each element of a
training set is a pair of an example input and a target output.

e Typically, both the input and the output are multidimensional.
— An optimization criterion.

e This is a quantitative performance measure, that tells us how well the
network performs on the training data.



Plan

We start with training the simplest neural network:

— A single perceptron.

Training a neural network is an optimization problem.

— We will define what that means.

In general, optimization problems can be solved in
different ways.

For neural networks in particular, we will solve the
optimization problem using gradient descent.

— Again, we will define what that means.
We will apply gradient descent to train a perceptron.
Then, we will address more general neural networks.



Training the AND Perceptron

e When we discussed the AND perceptron before, we
hardcoded the weights.

Output: z




Training the AND Perceptron

e When we discussed the AND perceptron before, we
hardcoded the weights.

Now, as a toy example, we will see how we could train this
perceptron, so that we learn the weights using training data.

Output: z




Drawing This as a Neural Network

e |f we think of the AND perceptron as a neural network, what
topology does it have?
— How many layers?
— How many units in each layer?

Output: z




Drawing This as a Neural Network

e |f we think of the AND perceptron as a neural network, what
topology does it have?
— How many layers? Two (don’t forget the input layer).
— How many units in each layer?
e Input layer: 2 units
e QOutput layer: 1 unit (the actual perceptron).

input
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Output: z1
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Training Set

 This is a toy problem, there are only four possible cases:
— x, = (0.0, 0.0)T t; =0
— x, = (0.0, 1.0)T t, =1
— x5 = (1.0, 0.0)7 t, =1
— x, = (1.0, 1.0)T t, =1

bias input 1 b
21 =25,

Output: ZZ’L>




Perceptron Training:
Notation for Training Set

We have a set X of N training inputs.

— X ={x1,X5, ..., XN}

Each x,, is a D-dimensional column vector.
— Xp = (Xn1, Xn2s s Xnp)’

We also have a set T of N target outputs.
— T ={t, t,, .., ty}

— t,, is the target output for training example x,,.

If we are training a single perceptron, then each t,, is a real
number.

In the general case, each t,, is a K-dimensional column vector:

-ty = (tn,lrtn,Z' ---rtn,K),




Training Goal

e What do we want our training to
achieve?

input
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Training Goal

. . X1 = (00, OO)T t1 =
e What do we want our training to %, = (0.0, 1LY ¢, =

achieve? x; = (1.0, 0.0)T t;=1

— Intuitively, we want to come up with weights %, = (1.0, 1.0)" ¢

so that each input is mapped to the correct
output.

— We want a general approach, that can be
applied to any training set.

input .
layer bias input 1 62 output
O d =725 layer
U utput:
11 ‘l'bl— WZ 1,1 =779

Output: z; 4
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Output: z1 7 W12 =+ ¢
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Training as an Optimization Problem

 Training a neural network is an optimization
problem.
* |n an optimization problem we need to:

— Define what parameters we are optimizing. This is also
called the search space (the space of possible choices).

— Define a quantitative optimization criterion.

e For any choice of parameters, this criterion will measure will tell us
how good they are.

* |f we have two different choices, this criterion will tell us which
choice one is better.

— Define an optimization algorithm for finding a good set of
parameters.




Parameters We Optimize

In a neural network, what parameters are

we optimizing?

input
layer

@) :
@ UtDUt'fl.,;_

bias input 1 b
2

Output: z1
U1,2

x; = (0.0, 0.0)T ¢, =
x, = (0.0, 1.0)T t,=1
x; = (1.0, 0.0)T t;=1
x, = (1.0, 1.0)T t, =

output

Output: ZZ’L>
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Parameters We Optimize

X1 = (00, OO)T tl —
* Ina neural network, what parameters are », — (0.0, 1.0)7 ¢, =

we optimizing? x; = (1.0, 0.0)T t; =1

— T —
— Bias weights b and regular weights w. xy = (10, LO)" =1

— In our toy example, this gives us three values
that we have to optimize: b, 1, Wy 11, Wo 1 2.

input .
layer bias input 1 62 output
0] ’1 Q??? layer
U utput:
L1 ~11 WZ 11 =2?27??

Output: z; 4
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Optimization Criterion

e Suppose that we are considering some

values for by 1, Wy 1 1, Wa 1 5.

 What quantitative criterion can we use to
measure how good (or bad) those values

are?

input
layer
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@ UtDUt'EL;_

bias input 1 b
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Output: z1
U1,2

x; = (0.0, 0.0)7 ¢, =
x, = (0.0, 1.O)T t,=1
x; = (1.0, 0.0)7 t; =
x, = (1.0, 1.O)T t, =1

output

Output: ZZ’L>
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Optimization Criterion

. . X1 = (00, OO)T tl =
* Suppose that we are considering some x, = (0.0, 1L.O)T t, =

values for by 1, Wy 1 1, Wa 1 5. x3 = (1.0, 0.0)7 t;=1
L L x, = (1.0, 1.0)T ¢t,=1
* What quantitative criterion can we use to

measure how good (or bad) those values
are?

— One commonly used measure: sum of
squared differences.

input .
layer bias input 1 62 output
0O ’1 Q??? layer
U Utput: »
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Squared Differences

A neural network defines a mathematical function f (b, w, x):
— b, a list that specifies all the bias weights in the network.
— w, a list that specifies all other weights (non-bias weights) in the network.
— X, the vector that is given as input to the network.
For our AND example:
— bis asingle number: b, ;.
— W contains two numbers: w;, 1 ; and w; ; 5.

— X can be any 2-dimensional vector.

For any training example x,,, we define error E,, (b, w) as:

Eulb,w) = 5 (F(b,w, x,) — £,)°

In words, E,, (b, w) is the squared difference between the output
of the neural network and the target output, multiplied (for

: , 1
reasons of convenience, explained later) by p



Sum of Squared Differences

e The error E over the entire training set is defined as:

N N
1
E(b: W) — z En(br W) — z [E (f(b: W, xn) - tn)z
n=1 n=1

e This is called the sum of squared differences (SSD) error.

— We simply sum up, over all training examples, the squared difference
(squared error) that we get for each example.

* Note that E(b,w) is a function of network parameters b and w.
— Different choices of b and w give a different error E (b, w).
— Our training goal is to find values of b and w that minimize error E(b, w).




Global and Local Optima

Optimization can be maximization or minimization.

— We typically want to maximize if our optimization criterion
relates to accuracy, fitness, utility...

— We typically want to minimize if our optimization criterion
relates to error, cost, time or space complexity...
In our case, our optimization criterion is SSD error, so
we want to minimize that.

An optimum is a maximum when we want to
maximize, and a minimum when we want to
minimize.

The goal in optimization is to find an optimum.



Global and Local Optima

What does it mean if we say that a choice of values b,,, and
W, Minimizes the SSD error?

N
1
Ebw) = ) [5 (F (b, w, %) = £’
n=1

n n

A term like “minimum”, “maximum”, “optimum” can be
unclear, unless we specify whether it is global or local.

To say that b,,,; and w,,,; are globally optimal, they must
satisfy this property:

V (b,w), E(Bopt, Wope) < E(b,w)

That is, no other choice for b and w can give a lower error.



Global and Local Optima

* For b,y and w,,; to be locally optimal, they must satisfy a
far weaker property:

J¢,such that V (b, w):
if [(”bom — b” < 5) and (”Wom — W” < 5)]
then E(bype, Wopt) < E(b,w)

e Remember that ||x|| denotes the Euclidean norm.

* Inwords, if by, and wy,,; are locally optimal, it means that
we can find no better values for b, w that are relatively close
bope and wyy,;.

— There may be values b, w that give a far lower SSD error, but they are
not very close to byp and Wy,




Global and Local Optima

* |n any optimization method, it is important to
understand if the result is globally or locally optimal.

* For neural networks, we do not have any method
that finds globally optimal solutions in a reasonable

amount of time (like polynomial time).

 The standard training algorithm (called
backpropagation) finds a locally optimal solution.
— Mathematically we wish we could do better.

— In practice, the results are often good enough, otherwise
neural networks would not be as popular.




Training as an Optimization Problem

e As we said, in an optimization problem we need to:

— Define what parameters we are optimizing. This is also
called the search space (the space of possible choices).

e For neural networks, what is that?

— Define a quantitative optimization criterion.

* For neural networks, what is that?

— Define an optimization algorithm for finding a good set of
parameters.

* For neural networks, what is that?




Training as an Optimization Problem

e As we said, in an optimization problem we need to:

— Define what parameters we are optimizing. This is also
called the search space (the space of possible choices).

e For neural networks, we search over b and w.

— Define a quantitative optimization criterion.

* For neural networks, we defined the SSD error, which we want to
minimize. We will also see and use other choices this semester.

— Define an optimization algorithm for finding a good set of
parameters.

* We have not done this yet, that is our next topic.

e Preview: the general method that we will use is called gradient
descent. When used specifically for training neural networks, it is
called backpropagation.




Gradients and Partial Derivatives

Gradients is something that is covered in the third semester of
the Calculus sequence.

For easy reference, here is a quick description.

— Summary: gradients are vectors of partial derivatives.

Consider this function f:
flx,y) =x%+2y% —600x — 800y + x *y + 50

: C : : 0
The partial derivative of f with respect to x is denoted as é :

To compute it, we simply compute the derivative with respect
to x, pretending that any other variables are constant.

— In our example, the only other variable is y, so we pretend that y is
constant.



Partial Derivatives
flx,y) =x%+2y% —600x — 800y + x *y + 50

e Using the sum rule for derivatives:

of (x, dx% 02y%* 0(—600 d(—800 0 050
fooy) _ox”  02y”  0(=600x)  0(=800y)  0Oxy
ox 0x 0x ox 0x 0x 0x




Partial Derivatives

flx,y) =x%+2y% —600x — 800y + x *y + 50

of (x, dx?% 02y% 0(—600 d(—800 0 050
fooy) _ox”  0d2y”  0(=600x)  0(=800y)  0Oxy
ox 0x 0x ox 0x 0x 0x

0x?
ax
02y?

dx
, 9(=6000) _,,,
dx

0(=800y) _999
™ 27"

=777

=777

e 2V _999

0x
. 222977
ox



Partial Derivatives

flx,y) =x%+2y% —600x — 800y + x *y + 50

of (x, 0x? 02y? 0(—600x) 0(—800 dxy 050
fooy) _ox”  d2y”  d( ), 9(=800y)  dxy

dx dx dx 0x dx d0x dx
dx?

i
02y?

= 0. Why? Because we treat y as a constant.

., 9(=6000) _ _ 1,

0x

. 6(—;3;)031) = 0. Why? Again, because we treat y as a constant.

. aai; = y. Again, we treat y as a constant.

. 50 _ 0, since 50 is a constant.

ox



Partial Derivatives

flx,y) =x%+2y% —600x — 800y + x *y + 50

 Based on the previous calculations, the partial derivative
af (xy) i
0x '

af (x,y)
0x

=2x —600+y



Partial Derivatives

flx,y) =x%+2y% —600x — 800y + x *y + 50

* Now, let’s compute the partial derivative of f with respect to
L 0
vy, Which is denoted as é :
e To compute it, we simply compute the derivative with respect
to y, pretending that any other variables are constant.
— In our example, the only other variable is x, so we pretend that x is

constant.



Partial Derivatives
flx,y) =x%+2y% —600x — 800y + x *y + 50

e Using the sum rule for derivatives:

af (x, 0x2  92v2  9(—600 d(—800 0 950
fooy) _ox”  02y”  0(=600x)  0(=800y)  0Oxy
dy dy 0y dy dy dy Oy




Partial Derivatives

f(x,y) = x% + 2y% — 600x — 800y + x * y + 50

of (x, dx? 02y* 0d(—600x) 9(—800 dxy 050
G y~ o )  9(=800y)  dxy

dy dy * dy dy dy dy

dy



Partial Derivatives

f(x,y) = x% + 2y% — 600x — 800y + x * y + 50
of (x, dx? 02y* 0d(—600x) 9(—800 dxy 050
G y~ o )  9(=800y)  dxy

_|_
dy dy = dy 0y 0y dy 0y
0 2
% = (0. Now we treat x as a constant.
92y%
dy - 4}7
(- .
( ;yoox) = (. Again, we treat x as a constant.
0(=800y) _ —3800
ay
G .
GL;} = X. Agaln, we treat x as a constant.
950

By = 0, since 50 is a constant.



Partial Derivatives

flx,y) =x%+2y% —600x — 800y + x *y + 50

 Based on the previous calculations, the partial derivative
af (xy) . |
is:
dy

af (x,y)
dy

=4y — 800+ x



Gradients

flx,y) =x%+2y% —600x — 800y + x *y + 50

e So, the two partial derivatives are:

of (x,y) of (x,y)
= —_ = 4v —
Ix 2x — 600 + v, 3y y—3800 + x

e The gradient vector Vf (x, y) is simply the vector of the partial
derivatives.

VF(x,y) = (6fg;,y),0fg;,y)) — (2x — 600 + y, 4y — 800 + x)



Gradients

 Formally: suppose that f is a function from R to R.
— In other words, the input to f is a D-dimensional vector,
and the output of f is a real number.
 Then, the gradient V'f is a function from R” to RP.

o Ifx = (xq,Xx5,..,Xp) is a D-dimensional vector, then

the gradient vector Vf(x) is defined as the vector of
af (x)

axl- .

all partial derivatives

) — <6f(x) 0f (%) af(x))

, ) e
dx; = 0x, dxp



Gradients and Neural Networks

Gradients can be used to find local minima.

In training a neural network, we typically want to find
a local minimum of the optimization criterion.

— For example, the optimization criterion can be the sum of
squared differences.

So, we need to review how gradients are used in
such problems.

The method is called gradient descent.




Direction of the Gradient

 The gradient vector points towards the direction where the
function increases the fastest.

e The opposite direction is the direction where the function
increases the slowest.

e |f we look at our previous example:

flx,y) = x% + 2y% — 600x — 800y + x * y + 50

Vi(x,y) = (af(;; 2 , afg;’ y)) = (2x — 600 + y,4y — 800 + x)

* If we choose any point (x,y), the gradient vector Vf (x,y)
tells us towards which direction the function increases and
decreases the fastest.



Some Examples

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

50
Here is a visualization of this 100
function, for the region: -
0<x<400,0<y<400
Larger values are yellow (see 200

bottom left of figure).
Middle values are green.
Low values are blue. 300
The lowest values are black.

250

350

400 .
39



Some Examples

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

We choose (arbitrarily) point 50 {
(100, 300), shown as X.

We calculate the gradient, it is
equal to (-100, 500). 150
We plot two arrows:

100

— The blue arrow points in 200
the direction of the 250
gradient (downwards and

a bit to the left). 300
— The red arrow points in
the opposite direction.

350 1

400 T
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Some Examples

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

e We can see that: 50
— The function values
increase (at least for a 100
while) if we start moving 150
towards the direction of
the gradient. 200
— The function values 950
decrease (again, at least
for a while) if we start 300
moving in the opposite _—
direction.

400 T
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Some Examples

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

We now choose another 50 1
point, (300, 150), shown as X.
We calculate the gradient, it is
equal to (150, 100). 150
Again, we plot two arrows:

100

— One pointing towards the 200
direction of the gradient 250
(downwards and to the

right). 300
— One pointing in the
opposite direction.

350 1

400 T
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Some Examples

f(x,y) = x?>+ 2y? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(09;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

e Again, we see that: 50
— The function values increase
if we start moving (at least
for a while) towards the 150
direction of the gradient.

100

— The function values decrease 200
(at least for a while) in the 250
opposite direction.

* Note that, in this 300
example, after a bit the
values start increasing
again. 400

350

T
43



Gradient Descent

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

Suppose that we want to find a 50
local minimum of function f.

Gradient descent is a method for
doing that. 150

100

200

250

300

350

400 T
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Gradient Descent

Gradient descent pseudocode (still too vague, we will see a fully specified
version in a bit):

1.
2.
3.

5.

Choose (randomly or however else you want) some starting point (x, y).
Compute gradient Vf (x,y).

Compute new (x, y) by starting at (x, y) and moving opposite to the
direction of the Vf (x, y).

e This is still too vague: How much do we move? We will discuss this
in a bit.

Decide whether we are done. If we are done, return the new (x, y).

*  For example, check if the distance from the new (x, y) to the old
(x,y) is less than a threshold &.

Go back to Step 2.



Gradient Descent

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

Suppose that we start at position
(xl,yl) = (300,150) 50 1
The gradient there is (150,100).

The next position (x,, y,) should 100
be obtained by moving “in the 150
opposite direction of the

gradient”. 200
Key question: how far do we 250
move?

300

350 1

400 T
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Gradient Descent

f(x,y) = x?>+ 2y? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(09;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

e Suppose that we start at position
(xl,yl) - (300,150) 50
* The gradient there is (150,100).

* The next position (x,, y,) should 100
be obtained by moving “in the 150
opposite direction of the
gradient”. 200

* Mathematically: 250

(x2,¥2) = (x4, 1) =1 * Vf(x1, 1) 300
350

e The question is, what is a good
value for n? 400 Sl S S B S S




Gradient Descent

flx,y) = x?+ 2y%? — 600x — 800y + x * y + 50

Vi(x,y) = (6f(69;, 2 , afg;’ y)) = (2x — 600 4+ y,4y — 800 + x)

50 100 150 200 250 300 350 400

e (x1,y1) = (300,150).
50 1
¢ Vf(x1,}’1) — (150'100) 100

(x2,¥2) = (x1,y1) = *Vf(x1,y1) 150

* Parameter 7 is a hyperparameter. 200
* There are complicated ways that 250
guarantee a good value for 7, in

some situations. 300
* Forourexample, we willdoitthe .., |

simple and hacky way: start with
n=1. 400

T
48



Gradient Descent
e (x1,y1) = (300,150).

e Vf(xq,y1) = (150,100).

(x5, v2) = (x1,v1) =1 * Vf(xy, 1) 50 100 150 200 250 300 350 400

= (300,150) — 1 * (150,100)

= (150,50) 50

e We moved too far. 100

* Visually, the region around (x,,y,) 150
is brighter.

e If we do the math, we can verify 200

that f(x,, v,) > f(xq,y1). 250

300

350

400 T
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Gradient Descent
e (x1,y1) = (300,150).

e Vf(xq,y1) = (150,100).

(x5, v2) = (x1,v1) =1 * Vf(xy, 1) 50 100 150 200 250 300 350 400

= (300,150) — 1 * (150,100)
= (150,50) 50
e We moved too far. 100
* However, our code can easily detect
and fix this problem.
e How do we detect the
problem? 950
e How do we fix it?

=k

50

200

300

350

400 .
50



Gradient Descent
e (x1,y1) = (300,150).

e Vf(xq,y1) = (150,100).

(x5, v2) = (x1,v1) =1 * Vf(xy, 1) 50 100 150 200 250 300 350 400

= (300,150) — 1 * (150,100)
= (150,50) 50
 We moved too far. 100
 How do we detect the problem? 150
o If fxz,y2) > f(xq,51), we
have a problem.
e How do we fix it? 950
e Resetn toasmaller value, like
half its previous value, and try 300
again.
e So, what would be the new n?

200

350

400 .
51



Gradient Descent

* OurnewnisO0.5:
(xl,yl) — (300,150)

Vf(xy,y1) = (150,100). 50 100 150 200 250 300 350 400

(x21 yZ) — (xlr yl) n * Vf(xlr yl) 50 1
= (300,150) — 0.5 % (150, 100)
= (225,100)
150
e The function value at (225,100)
is indeed smaller than at (300, 150), 200
as we can see by the darker color.
e Again, we can verify by doing the
math. 300
e What do we do next?

250

350 1

400

T
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Gradient Descent

e Qur progress so far:

(x1,y1) = (300,150).
(x5,v,) = (225,100).
50 100 150 200 250 300 350 400
Current value for 7 is 0.5.
50
* Next step: compute the next point in
our descent, (x3,y3), based on the

gradient at (x,, y5). 150

100

(x3,¥3) = (x2,¥2) =N *Vf(xz,y2) 200
= (225,100) — 0.5 * (=50,—175) ,,

= (250, 187.50)
300

350

400 .
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Gradient Descent

e Qur progress so far:

(x1,y1) = (300,150).

(x5,v,) = (225,100).

50 100 150 200 250 300 350 400

Current value for 7 is 0.5.

50 1

* Next step: compute the next point in
our descent, (x3,y3), based on the

gradient at (x,, y5). 150

100

(x3,¥3) = (x2,¥2) =N *Vf(xz,y2) 200
= (225,100) — 0.5 * (=50,—175) ,,

= (250, 187.50)
300

e Turns out that, again, n was too

Iarge, and f(x3r Y3) > f(xZJ yZ)
e So, we try again with newn = 0.25. 400

350 1

T
54



Gradient Descent

e Qur progress so far:

(xl,yl) - (300,150)
(xz;YZ) — (225)100)
50 100 150 200 250 300 350 400
Current value for i is 0.25.

50

(x3,¥3) = (X2, ¥2) =0 *Vf(x2,2)
= (225,100) — 0.25 * (—=50,—175)
- (2375, 14375) 150

100

e This move was useful: 200

f(x3,¥3) < fx2,52). 550

 Thisis a process that is easy to 300
implement.

e If we continue, after 25 steps, we get
(numerically close) to the minimum. 400

350

T
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Gradients at Local Minima

(X410, Ver1) = (X, ye) — 1 * VI(xe, ve)

e Mathematically, if (x,y) is a local minimum, then
Vf(x,y) =727



Gradients at Local Minima

(X410, Ver1) = (X, ye) — 1 * VI(xe, ve)

Mathematically, if (x, y) is a local minimum, then
Vf(x,y) = 0 (the zero vector, not a single number).

So, if (x¢, y¢) is a local minimum, there will be no
updates anymore.

In practice, as we get closer and closer to the local
minimum, the gradient eventually starts getting closer
and closer to the zero vector.

Therefore, the norm of the gradient vector can be
used as a stopping criterion.



Gradient Descent Pseudocode

# This is a simplified version, but it still works in many cases
# (x4, y,) is the starting point for the descent.
GradientDescent(f, x{,y1, 1, €)
t=1
history = [(x1, ¥1)]
while (|IVf (xs, yIl > &)
(Xer1,Ver1) = O ye) =0 * V(O ye)
If (f(xt+1ryt+1) > f(xt»Yt))

1
nm=s
continue

Else
add (x;41, V¢+1) to end of history
t=t+1
return (x;, y;, history)



Further Reading

 Gradient descent is a widely applied method, both in
machine learning and in many other fields.

e If you are interested in more details (like how to choose
1, a good starting point is these Wikipedia articles:

— Gradient descent:
https://en.wikipedia.org/wiki/Gradient descent

— Stochastic gradient descent:
https://en.wikipedia.org/wiki/Stochastic gradient descent

* Technically, we will train neural networks using
stochastic gradient descent, but most of the time | will
just be using the term “gradient descent”.



https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Stochastic_gradient_descent

Next Steps

Our topic is (still) how to train a neural network.

We will first apply gradient descent to train a
perceptron.

Then we will apply gradient descent to train a neural
network.

As a reminder, the application of gradient descent to
neural networks is called backpropagation.
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