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Outline

* Fully connected Neural network
* Activation functions:
* Forward and backward
Back propagation
Network definitions
Initialization
Training
* Hyper parameters
* Gradient updates: RMS prop,

* Amount of training data
* Batch normalization
Dataset
* Train set, test set, validation set
* Bias and variance

* Implementation network to solve digit identification



Fully connected
networks: The math



A REVIEW
Fully connected Neural network ...

* A deep network is a neural network with many layers
A neuron in a linear function followed for an activation function
e Activation function must be non-linear

* A loss function measures how close is the created function (network) from
a desired output

* The “training” is the process of find parameters (‘weights’) that reduces the
loss functions
d
* Updating the weights as Wnew = Wprev — ad—d, reduces the loss
: . d
* An algorithm named back-propagation allows to compute _VI]/ for all the

weights of the network in 2 steps: 1 forward, 1 backward



A Neuron

A REVIEW
X1
L2 output
L3
z=w'x y=f(2)=f(w'x)

X = [xq1,%p,x3,1]

Activations and their derivatives

| -I. . B 1 . B B
I @ = Trencs () = f)(1 - f(2)

f(z) = tanh(z) f'(2)=0-f*2)
_ 0 7 <0 This space left intentionally (kind
=N / f(z) = {Z’ 7> 0 of) blank
: 7 , >
EI'I____F_//;//’
£(2) = log(1 + exp(2)) f'@ = a2



J(w)

IN OUR CASE THE LOSS FUNCTION

How to minimize a function ?

Repeat until there is almost not change

dj
Initial ) : Wnew = Wprev = @ 7y
i/ __— Gradient
'I
HOW TO COMPUTE
Global cost minimum THIS GRADIENT?
// Jmm(w)
>




Gradient descent

fx)
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General approach

Pick random starting point.

fx)
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General approach

Compute gradient at point (analytically or by finite differences)

fx)

\

\\mel)
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General approach

Move along parameter space in direction of negative gradient

fix)

Y = amount to move
= learning rate

A\ 4

a; a; X
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General approach

Move along parameter space in direction of negative gradient.

fx)

¥ = amount to move
= learning rate

a, Az as X
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General approach

Stop when we don’t move any more.

fx) |

Astop-
an-1— VYV f(ap-1) =0

| >
>

l

Ay Q2043 QAgtop X
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Gradient Descent

* The gradient is the direction of fastest increase in J(X)

* Updating the weights as w,e, = wyres —aj—] reduces the loss

w
Learning rate \ gradient

The Approach of Gradient Descent Overall Gradient Descent Algorithm

E
EEEEEEEEEEEEE
PPPPPPPPPPPPP

‘ , * Initialize:
| //\ﬁ/\ _xo

i - —-k=0
* |terative solution:
— Start at some point * While |f(xk+1) — f(xk)| > &
— Find direction in which to shift this point to decrease error
. NIRRT xR+ = kg ()T
* This can be found from the derivative of the function
— A positive derivative > moving left decreases error — k = k + 1

— A negative derivative = moving right decreases error

— Shift point in this direction 6



Train with Gradient Descent

. xi,yi = n training examples
* f(x) = feed forward network
* L(x, y; ©) = some loss function

Loss function measures how ‘good’ our network is at classifying the
training examples wrt. the parameters of the model (the

perceptron weights).
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Loss Function

* Way to define how good the network is performing
* |In terms of prediction

* Network training (Optimization)
* Find the best network parameters to minimize the loss

N |nput
Ground

L(W) — AT L, (f(xu ) yQ’ ;truth

1 1/
Network
Loss function parameters

network

18



Loss Functions

* Cross entropy /

1% ) !
< ) log(®) + (1 - y)log(1 - 5))
(=1

Ground-truth Predicted value

* Mean squared error (MSE) .
1
— — 172
NZ(yI yl)
=1
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Learning rate

low learning rate

high learning rate

kil | good learning rate
Ll 1 | >

a; QA3 QAgtep epoch

v
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https://www.cs.cmu.edu/"'bhiksha/courses/deepleag

5/
Notation

(3)
1

Y1

» YL

The input layer is the Ot layer

We will represent the output of the i-th perceptron of the ki layer as y-(k)

— Input to network: y@ = X;

— Output of network: y; = E(N]
We will represent the weight of the connection between the i-th unit of

the k-1th layer and the jth unit of the k-th layer as wgc)

— The bias to the jth unit of the k-th layer is .~!;|JF(R;i

21


https://www.cs.cmu.edu/~bhiksha/courses/deeplearning/Fall.2015/

Training steps

* Define network
* Loss function
* |nitialize network parameters

* Get training data
* Prepare batches

* Feedforward one batch
* Compute loss

* Update network parameters
* Repeat

22



IN OUR CASE THE LOSS FUNCTION

J(w)

How to minimize a function ?

Repeat until there is almost not change

dj
Initial ) : Wnew = Wprev = @ 7y
i/ __— Gradient
'I
HOW TO COMPUTE
Global cost minimum THIS GRADIENT?
// Jmm(w)
>
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Training Neural Nets through Gradient
Descent

Total training error:
8 Example: L2

1
Err = ?Z Div(Y: dg)
t

1
- : Div = = (y; — d;)?
* Gradient descent algorithm: 7 O do)
Assuming the bias is also
1 . : (k) :
* [nitialize all weights and biases {WU ] represented as a weight
— Using the extended notation: the bias is also a weight

dDiv
dyi

=yt — d¢)

* Do:
— For every layer k for all i, j, update:
(ky (k) dErr
Wi TW T

Lj

* Until Err has converged
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The derivative

Total training error:

1
Err = ?Z Div(Y, d;)
t

* Computing the derivative

Total derivative:

dErr z dDiv(Ys dy)
T

(r‘f) (k)
Wi j

25



The derivative

Total training error:

1
Err = —Z Div(Y, d;)

Total derivative:
dErr dDw(Yt, d;)
(k) (k)

* So we must first figure out how to compute the
derivative of divergences of individual training
inputs

26



Calculus Refresher: Basic rules of

calculus
For any differentiable function
y = f(x)
with derivative
dy

dx
the following must hold for sufficiently small Ax |:>ﬂ.y ~ 2 Ax

For any differentiable function

y = f(x1, %2, ..., xXn)
with partial derivatives

Oy 9y 0y
dx, 9x,” T Axpy
the following must hold for sufficiently small Axy, Ax,, ..., Axy,
dy dy dy

A —A A A
y = ox, :!c:1+ax2 Xy + - +6xM Xy
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Calculus Refresher: Chain rule

For any nested function y = f(g(x))

dy dy dg(x)

dx ~ 9g(x) dx
: . dy
Check - we can confirm that: Ay = - Ax
X
d
z=g(x) > Az = ‘ZSC) Ax

y=f(@) = Ay= ji:ﬂz gdiix) Ax /

28



Calculus Refresher: Distributed Chain

rule
y = f(gl(x):% (x), ---rgM(x))
dy 9y dagix) 9y dge(®) . 9y dgu(x)
dx 0dg,(x) dx dg,(x) dx dgy(x) dx
dy
Check: Ay =—2A
Y dx *
y y dy
Ay = Agq(x) + Ag,(x) + -+ Agm(x
Yy agl(x) gl( ) agz(x) g?..( ) agM(x) gM()
_ 0y dg;(x) dy dgz(x) dy dgm(x)
y_agl(x) dx Ax-I_E;‘k.;;vz(:x:) dx Ax + +6gM(x) dx Ax

_( Ody dgi(x) dy dgx(x) , oy dgm(x) /
Ay_(agl(x) dx +ag2(x) dx + +69M(x) dx )Ax

29




Distributed Chain Rule: Influence
Diagram

 Small perturbations in x cause small
perturbations in each of g, ... gp;, each of
which individually additively perturbs y

30



A first closer look at the network

(1)

Wiiq

1) /A
1,2

* Showing a tiny 2-input network for illustration
— Actual network would have many more neurons and inputs

* Expanded with all weights and activations shown

* The overall function is differentiable w.r.t every weight, bias
and input

31



Forward Computation

S(k-1) yikD) 7 Ji YK Z{Noﬂéjlm 1)
: \NY/ NN kL

ITERATE FOR k= 1:N
for j = 1:layer-width

0 (k) (k—1)
yi( = Xi 2 Wii Vi

y® = fk( (k))

32



aDiv(Y,d) dDiv(Y,d)

dy; d y.(N)

L

dDiv

dy;

= —dp)
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z\k-1) ylk1) (k) ylk) ZIN'l]f =

///|aDiv(Y,d) aDiw(Y,d)

dy; 0 y.(N)

l
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Gradients: Backward Computation

v N fyo

2lk-1) yikD)  z(0

///|aDiv(Y,d) aDiw(Y,d)

- N
i ay™
. N _ '
N N _ i N
ayi[N] — IVl [N]) aZL( ) aZE( ) ayr, ayl( )
9z a Zi I

t 35



Gradients: Backward Computation

7(k-1) yikD)  z(0

ylk

—

z") computed during the
forward pass

) (N1 fy

///[aDiv(Y,d)  aDiv(Y,d)

dY; 6yi(N)

(™)
oDiv _ 3y, mzm) dDiv
0z az" 9Y, © oy

36



Gradients: Backward Computation

z(k-1) ylk1) z(k) y(k)

-"”'/51;; B ayi(N) dDiv >

Derivative of the activation
function of Nth layer

)|/ aDiv(Y,d)  aDiv(Y,d)
| v, oy ™

L

6zi(N) -~ 9z™ oy, /0y

l
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Gradients: Backward Computation

zk-1) ikl 7K v ZNDfy—g g

dDiv_ dDiv(Y,d)
6‘}’5 B ay(N)
L

anU , (N) 6Div
— = Z —_—
(7)o

dDiv 0z aDiv I
(N-1) — Z (N-1) A _(N) Z Wij (N) | Because:
aygw—1) = W
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Gradients: Backward Computation

z(k-1) ylkd) z(k)

dDiv _ dDiv(Y,d)

= W..

33»‘,;(”_ ij v\ ~ [N]

6‘}’5 ayl(N)
dDiv dDiv
J (Z(N)) e tput
9 Z;:'(N) : ay(N) i } f:
aDi oz api 9 r
J—Z v ZW(N) Div 8 z=wlx
— - _ ecause .
3yi(N 1) I ay (N 1) 0Z(N) 8 0z (N) ™) But In this case the input is
azj (N) the output from previous layer

—w )’,;Elgv 1]



Gradients: Backward Computation

2lk-1) yikD) 70

computed during
the forward pass

dDiv _ aDiv(Y,d)
dDiv (v) 9D
dz (N) (1 )a (N)
dDiv Ny 9Div
W. .
(N 1) Z ij 8l (N)
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Gradients: Backward Computation

dDiv _ dDiv(Y,d)

aDiv dDiv
1 [ (N)

—_— Z. —

az.i(N) ”( L )ayi(N)

41



42

_ dDiv(Y,d)
6}’} B ayl(N)
dDiv dDiv
r (V)
ang) ( L ) ayL(N)
aDi dDi
aDiv 9z 8Div . BDiv A N (9 Bt
—_J =y_( ) ay_(;c 1) RPN
6w-(k) Bw(k) sz(k) ' azj(k) L J J

ij

Lj



Gradients: Backward Computation

z(k-1) ylk1) z(k) ylkl - z(N-1) y(N-1)

Fork = N..1 dDiv _ _, r (k) 9Div
Fori = 1:layer — width PG T (Zl )a (k)
Initialize: Gradient aDl' aD
LV v
w.r.t network output = =Z Sf) (k)
dy; - 0z

- k—1
oy ay™ o

ow® " J@

43




Training by BackProp

* Initialize all weights (W, w@ . w&)
* Do:

dE
— Initialize Err = 0; Forall i, j, k, initialize — — (m =0
L,j
— Forallt = 1:T (Loop over training instances)
» Forward pass: Compute
— QOutput Y,
— Err += Div(Y,, d;)

» Backward pass: For all i, j, k:

dDiv(¥Y,.d
— Compute %
dw i
dErr dDiv(Y,.d.)
— Compute — =
P dw ) dw )

i .!;

— Forall i, j, k, update:

(k) (k) n dErr
Wi =W T, ®

* Until Err has converged
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Activations and their derivatives

E xXerc | Se f f@) = m f@ = f@A- @)

f(2) = tanh(z) fi2)=01-f*2)
tanh
0 7<0 This space left intentionally (kind
J/ fl2) = {Z 23>0 of) blank
L, P oo 1
f(2) = log(1 + exp(2)) F@= 1 encn
logistic
1.1 X 1
N\ . .
X Gradients: Backward Computation
04 2 Zik-1) il gtk ylk o ZIND

: yiN-1)
Expected output: 1

Div{Y,d)

Vi — V)2
iy = i YD)

Fork = N..1 aDiv ,( (k)) dDiv
. a. — _—= Z:
Fori = 1:layer — width azi(k) k\“i ayi(k)

Initialize: Gradient

aDiv aDiv
w.r.t network output —G5 = Z wi) —s
ady; y azj
( ~ ) dDiv_ dDiv(Y,d)

ay; a a yl.(N)

dDiv _ y(k_l) dDiv
(o — i (k)
5 ow; ¥ az}.




A real example

NNNNNNNNNNNN



Digit classification

(n = 15 nearon * MNIST dataset:
28 . R e 70000 grayscale images of
N g “ digits scannefi..
: = 1 * 60000 for training
2 * 10000 for testing
= e Loss function

input layer

{THd neuwrons)

1
W) =— " (5 =)’

train

47



Digit classification

Typical Problem statement:
multiclass classification

Training data

Input

(3,5) (2,2) " s sp oo
Input: vector of QOutput: Class prob
( 0 0) (2 2) pixel values
4 4

* Given, many positive and negative examples (training data),

— learn all weights such that the network does the desired job

48



A look in the code

* To run this code do:

* import network
* net = network.Network([784, 30, 10])
* net.SGD(training_data, 30, 10, 3.0, test_data=test_data)

Ci\Users\vacaca2 7.IMEC)

Eile Edit 5earch View Epceding Language Seftings Tools Macre RBun Pluging  Window 7

sHEHB e smD|re|my|tx|EE

ST ([ERERE 2 B EDN BB

X

BEnew 1 rﬂl gitignore rﬂl B Populate Defaults m :al H framepulses py rﬂl README md 1 [H networs py E1 | mnist_loader py rﬂl
18 -
15 class Network(object):
20
21 =
22
23
24
25 ]
26
27
28
Ml =22
Ml 30
31 ev ir the o
B self.num layers len({sizes)
33 self.zizes = sizes
2k self.biases = [np.random.randn(y, 1)} for y in sizes[1:]] =
35 = self.weights = [np.random.randn(y, X)
36 = for =, v in zip(sizes[:-1], =ize=s[1:]1)1]
I
38 = def feedforward(self, a):
S nMURet the output of the network if **a** is input.™™"
40 = for b, w in zip(=self.biases, self.weights):
41 - a = sigmoid({np.dot({w, a)+b)
42 = return a
£
a3 = def 5GD(self, training data, epochs, mini batch size, eta, Tl
45 - test_data=None):
486 "nnTrain the ne lr -k usi mini-b
47 . .
G
50
51
52
53 T g
54 if test_data: n_test = len(test_data)
i) n = len(training data)
=1 = for j in xrange (epochs):
57 random. shuffle(training data)
8 — mini batches = [
59 training data[k:k+mini kbatch size]
el = for k in xrange(®, n, mini katch_size)]
6l — for mini_batch in mini kbatches:
62 self.update_mini batch(mini batch, eta)
63 = if test_data:
64 = print "Epoch {0}: {1} / {2}".format(
65 1, self.evaluate(test_data), n_test)
13 = el=se:
&7 print "Epoch {0} complete".format(j)
68
I 69 = def update mini n(self, mini batch, eta):
70 nnnpdate rk's hts and biases
71 rradiant Asacant ising kacleranacatisn o= ini bateh i
Python file length: 6,438 lines: 142 Ln:70 Col:23 Sel:0|0 Windows (CRLF)  UTF-8 Ns
e ——————————————————————— e —————




f o *CA\Users\vacaca27IM -and-deep-learning-ma

File Edit Search View Encoding Language Settings Tools Macro Run  Plugins  Window I X
cHEHB LAlsHiDoeith x| EEI1(EEEAL® BEDNBER

B new 1 rﬂl = gitignore tﬂl = Populate Defaults m tﬂl = framepulses py rﬂl = README md E3 [ network py E3 |E mnist_loader py rﬂl

Qsé] -

m

$###4 Miscellaneous functions

Tdef sigmoid(z):

I T BT SR TU C

y_l
[

[}
94
A look in code as
96
97 3imilar
98 biases and self.weigl
=] nabla b = [np.zeros(b.shape) for b in self.biases]
100 nabla_w = [np.zeros(w.shape) for w in self.weights]
101 $ feedforward
102 activation = x
103 activations = [x] # list to store all the activations, layer by layer II
104 z2 = [] # list to =store all the z vectors, layer by layer
105 = for b, w in zip(self.biases, self.weights):
106 z = np.dot{w, activation)+b
107 zs.append (z)
108 activation = =sigmoid(z)
108 = activations.append (activation)
110 # backward pass
111 = delta = self.cost derivative (activations[-1], w) * A%
112 - sigmoid_prime (zs[-1])
113 nabla b[-1] = delta
114 nabla w[-1] = np.dot(delta, activations[-2].transpose())
115 # Note that the variable 1 in the loop below i= used a little
116 # differently to the notation in Chapter 2 of the book. Here, |
7 # 1 = 1 means the last layer of neurons, 1 = 2 i= the
# second-last layer, and so on. It's a renumbering of the
# =cheme in the book, used here to take advantage of the fact
— — . # that Python can use negative indices in lists.
FOTk = N.. 1 aD[TJ BDw 121 = for 1 in xrange (2, self.num lavers):
. . — ’( _(k))_ 122 z = zs[-1]
Fori = 1:layer — width PECEEAN ay_(k) e s = sigmoid prime(z)
|n|t|a||ze: Grad|ent L \ ! 124 delta = np.dot(self.weights[-1+1].transpose(), delta) * sp
125 nabla b[-1] = delta — ¥
W.r_t network Output 126 = nabla w[-1] = np.dot(delta, activations[-1-1].transpose())
127 = return (nakla_b, nabla w)
: : 120
daDiv _ aDw(z, d) B er
Byi ay!( ) < —fo - x
i3
3 L
=
=
e
=
=
=

def =zicmold prime(z):
140 |.. mwg -
141 return sigmoid(z)*(l-=sigmoid(z))

142 L

Python file length:6,439 lines:142 Ln:140 Col:5 Sel:0]0 Windows (CRLF)  UTF-8 INS




I o *CA\Users\vacaca27IM -and-deep-learning-ma

File Edit Search View Encoding Language Settings Tools Macro Run  Plugins  Window I X
cHEHB LAlsHiDoeith x| EEI1(EEEAL® BEDNBER

B new 1 ﬂl = gitignore ;ﬂl = Populate Defaults m ;ﬂl = framepulses py ﬂl = README md E3 [ network py E3 |E mnist_loader py ﬂl

A look in code e ——— '

a7 3imilar
98 biases and self.weigl
=] nabla b = [np.zeros(b.shape) for b in self.biases]
100 nabla_w = [np.zeros(w.shape) for w in self.weights]
101 $ feedforward
102 activation = x
103 activations = [x] # list to store all the activations, layer by layer II
104 z2 = [] # list to =store all the z vectors, layer by layer
105 = for b, w in zip(self.biases, self.weights):
106 z = np.dot{w, activation)+b
107 zs.append (z)
108 activation = =sigmoid(z)
108 = activations.append (activation)
110 # backward pass
111 = delta = self.cost derivative (activations[-1], w) * A%
112 / sigmoid prime(zs[-1])
113 nabla b[-1] = delta
/ nabla w[-1] = np.dot(delta, activations[-2].transpose())
1 115 # Note that the variable 1 in the loop below i= used a little
116 # differently to the notation in Chapter 2 of the book. Here, |
7 # 1 = 1 means the last layer of neurons, 1 = 2 i= the
# second-last layer, and so on. It's a renumbering of the
# =cheme in the book, used here to take advantage of the fact
— — . . # that Python can use negative indices in lists.
— : - 21 — for 1 in xrange (2, self.num lavers):
FOTk'— N..1 ) BDlvzf,(z_(k))aDl <;H2\ = ze[1] -
Fori = 1:layer — width PG VPN 125 T, =p = siomoid prine(z)
|n|t|a||ze: Grad|ent L ! 124 delta = np.dot(self.weights[-1+1].transpose(), delta) * sp
dDiv (k) dDiv 125 nabla b[-1] = delta — IV
W. r_t network Outp ut T = Z Wij (Ic 126 i nabla w[-1] = np.dot(delta, activation=s[-1-1].transpose(})
ay_( ) - dz. ) ;27//;:111‘!1 (nabla b, nabla_w)
dDiv _ aDw((z; d) R er
i o o
132 =
133 L
134 $#### Miscellaneou=s functions 3
135 Tdef zigmoid(z) :
136 h i L
137
138
1LEE def =zicmold prime(z):
140 |""": 4 2 |
I 141 return sigmoid(z)*(l-=sigmoid(z))
142 —

Python file length:6,439 lines:142 Ln:140 Col:5 Sel:0]0 Windows (CRLF)  UTF-8 INS




A look in the code

random Initialization

[ i CA\Users\vacaca27.JMEC\OneDrive - ime

Eile

Edit 5earch View Enceding Language Seftings Tools Macre Bun Pluging  Window 7
lobHB Gl saD/aelny 2= BRI 1EB2E8HRo ‘llﬂ@mlﬁlfa

new 1 |3| B atignore |3| B Populate Defaults m dl H framepulses py dl = README md £ [ networs py E3 |E mnist_loader py dl

B L TS U W S I T ]

[T Te:)

L L3 L0 L) R RDORI ORI ORI ORI ORI R ORI ORI

L R

Eclass Hetwork (ocbiject) :

Feed forward ‘a’ thru all the layers —_ ]

A Epoch is when all the training data has been used to update weights

A minibatch is a subset of all the data used to obtain a
‘quick’ weight updates

1 motn

1
o oL oW
o i -]
| ]

def

self.num layers = len(sizes)
self.zizes = sizes
self.biases = [np.random.randn(y, 1)} for y in sizes[1:]]
self.weights = [np.random.randn(y, x)
for =, v in zip(sizes[:-1], =ize=s[1:]1)1]

feedforward(self, a) H

mMNReturn the cutput of the network if *"a® is input,"nw
turn the output of the network if a iz input.

for b, w in zip(=self.biases, self.weights):

If there is test data perform evaluation

41 - a = sigmoid({np.dot({w, a)+b)
42 = return a
£
a3 = def 5GD(self, training data, epochs, mini batch size, eta,
45 - test_data=None):
486 -
47
G
50
51
52
53 ess, but slows 1gs d N
\ 54 if test_ data n_test = len(test data)
= n = 1en{tra1n1ng_data)
=1 —\> for j in xrange (epochs):
57 E random. shuffle(training data)
8 — mini batches = [
= —p training data[k:k+mini kbatch size]
el = for k in xrange(®, n, mini katch_size)]
6l — for mini_batch in mini kbatches:
62 self.update_mini batch(mini batch, eta)
63 if test_data:
64 o print "Epoch {0}: {1} / {2}".format(
a7 = 1, self.evaluate(test_data), n_test)
66 else:
&7 print "Epoch {0} complete".format(j)
68
I 69 def update batch {self mini_batch,
70 mwwy W

Frvm A

et~k

m

Python file length: 6,438 lines: 142

Ln:70 Col:23 Sel:0|0 Windows (CR LF) UTF-8

INS
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A look in the code

Add errors from all the training data from the mini-batch

Update the weights

o |
E{ *ChUsersivacaca2 7 IMEC\OneDrive - imec\deppleaming\crash course\neural-networks-and-deep-leamning-master\neural-net... @M

Edit Search VMiew Epncoding Language Settings Tools Macre BRun  Plugins  Window

B B 4D oty 2 x|BE

B new 1 dl & gitignore dl & Populate Defaults m dl & framepulses py dl = READMEmd £ = networcpy E3 |E mnist_loader py dl

nabla b = [np.zeros(b.shape) for b in self.biases]
nabla w = [np.zerog(w.shape) for w in self.weights=]
for ®x, ¥ in mini_batch:

» delta nakla b, delta nabla w = =elf.backprop(x, ¥)
» _ _ _ _

12
14
15
16

SR Ve J= )

12
2
2
2
2
2
2
2
3
3
3

2

S

[l o o I ]
DWW M o=] L L R
{1}
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nabla b = [nb+dnb for nb, dnb in zip(nabla b, delta nabla b)]
nabla w = [nw+dnw for nw, dnw in zip(nabla w, delta nabla w)]

zelf.weights = [w—teta/lentrﬂini_batch}}*nw

for w, nw in zip(self.weights, nabla w)]
zelf.biases = [b—teta/lentmini_batch}}*nb

for b, nb in zip(self.biases, nabla b)]

~riwvatian . MTUn

di=))., v)

test_results = [(np.
for (=, ¥} in test_data]
return sum(int(x = y) for (x, y) in test_results)
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