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Neural Networks Intuition

Neurons and the brain




Neural networks

Origins: Algorithms that try to mimic the brain.

Used in the 1980’s and early 1990’s.
Fell out of favor in the late 1990’s.

Resurgence from around 2005.

speech 2 images —=text (NLP) = ,.,
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Neurons in the brain

g
=

[Credit: US National Institutes of Health, National Institute on Aging]



Biological neuron Simplified mathematical
model of a neuron

outputs outputs

onother neuron numbers y

image source: https://biologydictionary.net/sensory-neuron/
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Easter compuier processers Why NOW?

GPUs large neural network

——

medium neural network

small neural network

performance

— traditional Al

°S

- 2 >
amount of data 3 (6 Datq
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Neural Network Intuition

Demand Prediction




Demand Prediction

= price
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Demand Prediction
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Demand Prediction

( ‘“k‘ddcn M\/ar” .
'lﬁ) laver <can have multiple newrons

\activ ou‘h‘ons/)
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. Demand Prediction

"WZidden layer” |
layer & can have multiple heurons
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Multiple hidden layers

SRR
3 |O)z
— :: = —

OO0)

Q
Q=[O
RS

[OOlOO]
OOPOO

output

layer
151 2“‘* —
hidden  hidden 17 gnd ?>'”’l
layer layer hidden  hidden hidden

layer layer layer

u multi \“\/er Pcrcep'tron//

neural network architecture
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Example:
Recognizing Images




Face recognition 97T

1=l
203

looo <€olumns

‘35 203 9 0qg so0e@ Gﬁ
5F | ¢4 |92 [see ‘1:2
\000 (ows — J‘ '3}/
5 214
oo | 183|214
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W EAQEZINS
<R =k |
NEEATN=gai

CREY =N
i.':“,&\a.' )

output layer
_y@ — probability of being
person ‘XYZ’

actvdti s are
highev (eve| features

source: Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations

by Honglak Lee, Roger Grosse, Ranganath Andrew Y. Ng
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Car classification

—_—
0 |G
O @ output layer
| = =] — probability of
O O car detected
Q) O] | &=
— = actvotions are

highev (ewe| features

source: Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations
by Honglak Lee, Roger Grosse, Ranganath Andrew Y. Ng
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Neural network model

Neural network layer




Neural network layer

—O)

y(e]ele)
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Neural network layer

1
U 1+e-®
(]

O
a
OO}~ = x
—f4) 4 g4 M.+l 0.3
O Wt/'bg_ a{i. gg@i - 4—4)) ® vector of
layer O layer 2 | | =2 activation
"/ values from
> @ w8 B g ) 0% 3 vt
) = —
D
layer 1 0.3
® » 4] 0.
1l L2] Wi b e g H 02 0.75'
) O b
notation for layer
numbering t
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Neural network layer

() 1) (7
a, = g(%l .3l1] +b,1 )

Z

0.34%
o

g(z) =

1
1+e

a scalar
a{-:2> value
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Neural network layer

)
O 0.3% predict category 1 or 0 (yes/no)
OfOf | —ru °
QJ layer 2 yesiS a[Z] = Ol\S?V\O
layer 1 y = y=0
B o
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Neural Network Model

More complex neural networks




More complex neural network

3[3]@5[4}
— —

212]
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(elel®
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layer O
layer 1 layer 2 layer 3 layer 4
[ | ' J l—'—l
hidden layers output
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More complex neural network

r

W1 ,bl.al =g W1 _a’.[Z] -|-b1
NS |13 4] | 221 7.9 @, =gGw, -3 +b, )| 23]
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input
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Notation

N
— O 1=
3 3
O O w3l pBl ol gt 32 4 b))
Oz O 3[2“ 3l Ul PR CE I CRIERRD FIE)
o/nite]m = =t
O O O Wi bl gol -3l 4 o)
—)
S \ /
layer 1 layer 2 layer 3 layer 4
Question:

Can you fill in the superscripts and
subscripts for the second neuron?
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Notation

&—N
— O (—~ )
O O 7501 d gl + {7
Ola O 3[2]' ~12] Wl b£f 9@ + o 2h 5151
O . O G afte Gl -2 4 10
 — —/ —
layer 4
layer 1 layer 2 Iays]r 3 . yer ,
o ay = g(wy 32 + b)) output of layer [ — 1
Activation value of — V¥ ~ (previous layer)

layer [, unit(neuron) j

—gﬁ 114 511 |

sigmoid Q (k
Yactivation function " . Parameters w & b of layer [, unit j
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Neural Network Model

Inference: making predictions
(forward propagation)




@
255] 255] 285 [255] 2551255255 255
ﬁO , 255 255] 255] O | 259] 255[255] 255
owtpufunit | o0 1 255]285100 | O | 265] 255|255 | 255
O —— M Q 2881255265 | O |295] 265255 265
° 1] O ~[2] 9[3] 265)265)285 | O | 255|265 | 285|255
A ~ 14 a*™ probability 255265255 | O | 255|255 255 255
O_’ N g — of being a 255[255] O | O | O | 255|255 255
O handwritten ‘1’ 255] 255 255 [255] 255] 265] 255] 255
O output > 9 <
layer O
1 1]N |
@Jnits @mits 1 unit g(W£ L + bl[ ])
2[1]1 _ .
layer 1 layer 2 layer 3 altl= o : 1)
—|1 1
hidder units (neatons) g (W' + iz
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Handwritten digit recognition

o1
=

[OO OQ]

O
<::) output

312] 3[3]
-0~

layer

25 units @mits 1 unit

layer 1 layer 2 layer 3
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Digitimages

255[255| 255 [265] 255|255 (255 | 255
@ 255]255| 255| O | 255] 255]255] 255
label 0 1 285|285| O | O | 295|255|255| 255
9 255[255]255 | O | 255|255 255|255
255[255[255 | O | 255|255 295] 255
probability 255] 295|255 | O | 255|255 255] 255
of being a 255(265| O | O | O |255|25%5]1255
handwritten ‘1’ 255|255| 255 [255] 255[ 255[ 285 255
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Handwritten digit recognition

: > forward propagation

Q
o. |OF,[OP e —
B | = A s T 23 = [ (k). 3120 4 58
] = —» probability art = [g (Wé - a4+ l@) )
O O of being a
O N~ output handwritten ‘1’ ® s aEB] > 0.5?
— Iayer )'GS/ —— o
25 units 15 units @unit o @
layer 1 layer 2 layer 3 y=1 v=0

image is digit 1 image isn't digit 1

Andrew Ng
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TensorFlow implementation

Inference in Code




AUWD\C O\Le O
O 301] 32)

0 P10 et QIO
Duration X O O o
(minutes) X —J  isa,; =0.5?

O X X O Y.~ N no

X =t 5t
O O
O O \L O—\(gag\/\(lrhr dura ‘
>
Temperature

(Celsius)

@pDeeplearning.Al  Stanford onune Andrew Ng



QO
y
O 22)
0.3%

X = np.array([[200.0, 17.0]])
layer 1 = Dense(units=3, activation=¢sigmoid’)
al = layer 1(x)

)

W
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Build the model using TensorFlow

C o~

SO

©) 63 [o-5)
0.3

X = np.array([[200.0, 17.0]])
layer 1 = Dense(units=3, activation=¢sigmoid’)
al = layer 1(x)

layer 2 = Dense(units=1, activation=¢sigmoid’)
a2 = layer_2(al)
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Build the model using TensorFlow

o~ )
O T@_’ LS agz] 2*).5?
Olez

[2]
: [_O.% Y.~ N no
o7 y=1 =0

0.3%

X = np.array([[200.0, 17.0]]) >( <:)
layer 1 = Dense(units=3, activation=¢sigmoid’)
al = layer_1(x) if a2 >= 0.5
yhat =1
else:
yhat = 0

layer 2 = Dense(units=1, activation=¢sigmoid’)
a2 = layer_2(al)
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Model for digit classification

— x = np.array([[0.0,...245,...240...0]])
-—B*Ia)ier‘_l = Dense(units@ activation=‘“sigmoid’)

[1]@ al |= layer_ 1(x)
O,

lmi

al2l 313]
“O

1 unit

OO - 00

15 units

25 units
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Model for digit classification

X = np.array([[9.0,...245,...240...0]])
layer 1 = Dense(unitsH25,) activation=‘sigmoid’)
i

vl

—1 layer_ 2 = Dense(units=15, activation=‘sigmoid’)
— =% =1 a2 = layer_2(al)

l

(A~ 1)= layer 1(x)
[1 O 3l2] 3031
O,

OO~ 00

15 units
25 units
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Model for digit classification

X = np.array([[9.0,...245,...240...0]])
layer 1 = Dense(unitsH25,) activation=‘sigmoid’)
i

(A~ 1)= layer 1(x)
[1] O 312 =[3]
©)

1 D

d layer 2 = Dense(units=15, activation=‘sigmoid’)
— a2 = layer 2(al)

1 unit —> layer 3 = Dense(units=1, activation=‘sigmoid’)
—> a3 = layer_3(a2)

OO~ 00

15 units
25 units
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Model for digit classification

X = np.array([[9.0,...245,...240...0]])
layer 1 = Dense(unitsH25,) activation=‘sigmoid’)
i

@,
(::) (A~ 1)= layer 1(x)
311 O 312 2[3
: a[ | ] a[ | a[ ] layer 2 = Dense(units=15, activation=‘sigmoid’)
O - | — a2 = layer_2(al)
(::) 1 unit layer 3 = Dense(units=1, activation=‘sigmoid’)
(::) — a3 = layer_3(a2)
2?’ 15 units
units [3] £ _ .
- = " if a3 >= 0.5:
is a, 0.5% Jhat = 1
R ~ else:
v=1 Yy = yhat = ©

© DeeplLearning.Al
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TensorFlow implementation

Data in TensorFlow




Feature vectors

temperature| duration Good coffee? x = np.array([[pee.8, 17.0]]) <—
(Celsius) | (minutes) (1/0) %ee 0, 17.07]
200.0 17.0

425.0 18.5 (1) \/UL\\17
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Note about numpy arrays

1 2 3 X = np.arr [1, Z,Q],
zwwzgl é [4, 5,@011)
4506 [[1, 2, 3],

2 X 3 W\OL’"“.X [4) 5, 6]] 20 a'v‘r‘aﬂ

I I 2 X3

0.1 0.2 Ox ’np.ar‘r‘ay&[e.l, 0.2],

_2 3 —4 o, o0, e
1N -0.5, -0.6,],
L\r{‘dwc > _5 _6 [7.0, 8.0,]]) Lx2
_5 7 3 [[0.1, @.2], 2x1
| I ) - [-3.0, -4.0,],
2columng [-0.5, -0.6,],

L\r )(Q_w\ot‘"‘{)& [7.0, 8.0,]]
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Note about numpy arrays

Vv ooy
X = np.ar‘r‘a)”[[zee, Q]])QB[ZOO 17] ‘1 X 2

V

X = np.array(}(200], _’[200 2 x’
[1711) —= 117

-2 X = np.ar‘r‘a’([zee,,ﬂ)
A0

)
“Vector
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Feature vectors

temperature| duration Good coffee? x = np.array([[200.0, 17.0]]) <—
(Celsius) (minutes) (1/0) [[200.0, 17.0]]
~.200.0 17.0 Ly 2
425.0 18.5 0 J J X

— [200.0 17.0]
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Activation vector

alll al2]
~D~

OO0

X = np.array([[200.0, 17.0]])
layer 1 = Dense(units=3, activation=¢sigmoid’)
— “al = layer_1(x)

—>L"- 02,0.3,0.3]] 1x3matt3<
-2 Tensor‘,([[e.z 0.7 0.3]], shape=(1, 3)
—> | al.numpy()

array([[1.4661001, 1.125196 , 3.2159438]], dtype=float32)

,.dtype=float32)

@pDeeplearning.Al  Stanford onune Andrew Ng



Actﬂation vector

3[11@5[21
— —

—> | layer 2 = Dense(units=1, activation=‘sigmoid’)
— | a2 = layer_2(al)

< [[0.9]] < 1x1
- tf.Tensor‘&[e.S]], shapg(l, 1),.dtype=float32)

—> | a2.numpy()

—> array([[0.8]], dtype=float32)
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TensorFlow implementation

Building a neural network




What you saw earlier

—> x = np.array([[200.0, 17.0]])

3l1] 3l2] —> layer 1 = Dense(units=3, activation="sigmoid")
— = — al = layer_1(x)

(ele}®

—> layer_2 = Dense(units=1, activation="sigmoid")
—> a2 = layer_2(al)
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Building a neural network architecture

Q
3] 32] wyerd o
O — —_— —> layer_1 = Dense(units=3, activation="sigmoid")
O —> layer 2 = Dense(units=1, activation="sigmoid") <
2
—> model = Sequential([layer_ 1, layer 2]) layer
X = np.array([[200.0, 17.0],
[120.0, 5.0],
y [425.0, 20.0], %2
200 17 1 [212.0, 18.0])
+argets y = np.array([1,0,0,1])
120 5 | 0o @
model.compile(...) & more albout this next we,eKl.
425 20 | O Tnodel.Fit(x,y)
F’
212 18 1 —> model.predict(x _new) <—
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Digit classification model

—> layer_ 1 = Dense(units=25, activation="sigmoid")
—> layer 2 nits=15, activation="sigmoid")
N —> layer_3 = Dense i ivation="sigmoid")
d a
— — N model.: Sequential([layer_ 1, layer 2, layer 3]

model.compile(...)

[1]@ 3l2] 2[3]
O,

OO~ 00

X = np.array([[0..., 245, ..., 17],
. 15 units [0..., 200, ..., 184])
25 units y = np.array([1,0])

>. model.fit(x,y) € wmore abowt This next wezK('

—> model.predict(x_new)
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Digit classification model

model = Sequential([

OO~ 00

—> Dense(units=25, activation="sigmoid"),
'5[1] 3{2] -3[3] -ﬁ>'Dense(un%ts=15, acFivaFion="§ingid"),
| : [::::] —> Dense(units=1, activation="sigmoid")])
(::> model.compile(...)
1 unit
N — X = np.array([[0..., 245, ..., 17],
7 15 units [0..., 200, ..., 184])
25 units y = np.array([1,0])

model.fit(x,y)

model.predict(x_new)

@pDeeplearning.Al  Stanford onune Andrew Ng




@& DeepLearning.Al

Sepittors Neural network implementation
ONLINE °
In Python

Forward prop in a single layer




forward prop (coffee roasting model)

Wl Vv a7l = gy E 4 b
s~ =211/ Fee
1] a1l alll o12] p[2] » —2w2_1 = np.array([-7, 8])
2 :bz p— 1 71 > _
' e —2b2_1 = np.array([3])
I = 1 \ )
1] 1] —>122 1 = np.dot(w2_1,a1)+b2 1
Wa s —>a2_1 = sigmoid(z1_1 Wy w2t
— |y Iy 1 = sigmoid(z1_1) —
X = np.array([(200, 17]) 1D arrays
all= g+ bl abl= gl 4+ bl al'l= gl + bl
wl 1 = np.array([1, 2]) wl 2 = np.array([-3, 4]) wl1l_3 = np.array([5, -6])
bl 1 = np.array([-1]) bl 2 = np.array([1]) bl 3 = np.array([2])
z1 1 = np.dot(wl 1,x)+ b _z1 2 = np.dot(wl_2,x)+b z1 3 = np.dot(wl 3,x)+b
al 1 = sigmoid(z1 1) ‘Q‘al_z = sigmoid(z1l 2) ‘[-al_B = sigmoid(z1l 3)
T

al = np.array([al_1, al 2, al 3])
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General implementation of
forward propagation




n Forward prop in NumPy

1

I N o 1 _)[]

Pl def dense(a_in,W,b, g): def sequential(x):
W:_[; ],bg] 2 units = W.shape[1] [0;0,0] Ofﬂ @b = dense(x,W1,bl,g)
\_—J a_out = np.zeros(units) (41'92 = dense(al,W2,b2,g)
S [1]951) _ [3 ) _ [ 5 for j in range(units):0, 1,2~ a3 = dense(a2,W3,b3,g)
"1 [2] W2 4 W3 T [—6] w=W:,7j] a4 = dense(a3,W4,b4,g)
W = np.arra z = np.dot(w,a_in) + b[j] f_x = a4
[2,/1-34| 5] a_out[j] = g(z) return f_x
2,14, lF610) 2py3 return a_out
[ _ [ _ [l _
pl=-1 pl=1p=2

b = np.array([-1, 1, 2]) Caf."r“‘ W refess ‘\'OOLYV\“'WI')\

a_in = np.array([-2, 4])
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Is there a path to AGI?




AATI

| |
ANI AGI

(artificial narrow intelligence) (artificial general intelligence)

E.g., smart speaker, Do anythinga human can do
self-driving car, web search,

Al in farming and factories
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Biological neuron

outputs

Y\,UC\ C\kf Q,V\O*L\e rneud ron

image source: https://biologydictionary.net/sensory-neuron/
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Simplified mathematical
model of a neuron

outputs

@
ywmlOGY‘S

" @;&@
o
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Neural network and the brain

Can we mimic the human brain?

Vs @_, )

We have (almost) no idea how the brain works
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The “one learning algorithm” hypothesis

)9 X Auditory cortex
® =

Auditory cortex learns to see

[Roe et al., 1992]
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The “one learning algorithm” hypothesis

x Somatosensory cortex

\\ ® \

Somatosensory cortex learns to see
[Metin & Frost, 1989]
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Sensor representatlons in the bram

Haptic belt: Direction sense Implanting a 3 eye
BrainPort; Welsh & Blasch, 1997: Nagel et al., 2005; Constantine-Paton & Law, 2009
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How neural networks are
implemented efficiently




For loops vs. vectorization

arvyo
x = np.array([200, 17]) X = np.array([[200, 17]]) 2P -y
W = np.array([[|1,|}3] |5] = np.array([[1, -3, 5], | same
-2, 4 [-6[1 1) [-2, 4, -6])
b = np.array([-1, 1, 2]) B = np.array([[-1, 1, 2]]) Ix3 2Davway
f"_'A’_\
def dense(a_in,W,b): def dense(A in,W,B): all ZDq,rra\/s
a_out = np.zeros(units) VectorizedtZ = np.matmul(A_in,W) + B = _
for j in range(units): _out = g(Z) matriy mu\-hP‘ICO\‘hOY\
w=W[:,7] return A out
z = np.dot(w,x) + b[j] > 1,0,11]
al3] = &(2) L2,
return a

[1,@,1]()

Andrew Ng
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Matrix multiplication




Dot products

example in general transpose vector vector multiplication
. : M @ g O 1 111®
o0 N ' Viv w2 VLV x|
o =[ 2]
Z=a -We z=a'w
Z= »\3)+( x4) -
Val
3+ % equlVa ent
a4

usefv| for Unaerd(_mu’y_\j
ma+rix multip[tcation

© DeeplLearning.Al
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Vector matrix multiplication

|
2 v-[If " eral *]ll l}

W1 Wo
I
Z= Wi Wz]
(I%3)+(=x4) ( *5)+( % 0)
3+ R 5+t 12
a1 1%
Z =111 17]
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matrix matrix multiplication

o | S I

Colvmns | l

wl cold — wl Cel2
= ’ 12
1
(~1x2)t(204) (-15Y+(-2x6)
3 e =5 4 -z

e _[11 17 F

I B .

=l =l

Ie—]

ghcf'a[ J"‘(}.l&s fay
matm X mmlfl‘pi{c,a’hiﬂﬂ
L5 pnext deeo"
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Matrix multiplication rules




Matrix multiplication rules

900 |
| R W:[Mwl““”:[l 1
o Wy W, Wy Wa : : —
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Matrix muIt|pI|cat|on rules

IERRL T P ==

b\/ 4 mate X
D, = (1n3)+(2x1)=1
colvmn 2
M—)>2_:'( XS)‘(‘( Xé):lc?—
0.5 + |.2
CO)UYHH3?‘
W= (-1xF)e(-248)=-23
-% + -l
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Matrix multiplication rules

s[Ely @ 11 17 23 9
| ] bl W=[4 el & 0] Z=AW=|-11 -17 -23 -9
0.1 0.2

b\/ 4 mate X
D, = (1n3)+(2x1)=1
colvmn 2
u—)>2-=-( AS)‘(‘( Xé):lc?—
0.5 + |.2
CO)UY)’IH3?‘
W= (-1xF)e(-248)=-23
-% + -l
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Matrix multiplication rules

| ] [—1 —2‘ W=[i 2 ; 3] Z= w=[—1111 —1177 —2233 —99]

£0:1—0-2 11 1.7 23 09
22X Y

u b\/ Y omate X

an only talie da’(’prao(uc‘ts
Co{lmveczar‘s that are Same lcng'f“\ come H columns s W

H

length 2
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Matrix multiplication in NumPy

A 11 17 23 9

| ] b2 W=[4 £ b o] Z=AW=|-11 -17 -23 -9
0.1 0.2

A0 1.1 17 23 09

A=np.array([1,-1,0.1], W=np.array([3,5,7,9], .
[2,-2,0.2]]) [4,6,8,0]) or Z = np.matmul (AT,W)
L3Z=AT @W
AT=np.array([1,2], . ]
[-1,-2], esult 11,17,23,9],
[0.1,0.2]) r [-11,-17,-23,-9],
[1.1,1.7,2.3,0.9]
AT=A.T ]

— 4ransposc
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Dense layer vectorized

1 AT = np.array([[200, 17]])

D= Al [2]

wé”,bé”--é#@L W= np.array([[1, -3, 5,
—_— [_2.) 4, '6])

S b = np.array([[-1, 1, 2]])
~—
def dense(AT,W,b,g):
[ ] Z=A"W+B z = np;matmul(AT,w) + b
a_out = g(z)
=3[ 5 feg [-531f[909) return a_out
e d - l (11 _[1 1] 2
b=¢-1 1 2]
1 x3 A=g(2)

[1 0 1]
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