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Numbers are our friends
Abby Cadabby
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How many apples}
does Abby have?



http://muppet.wikia.com/wiki/Abby_Cadabby
http://muppet.wikia.com/wiki/Abby_Cadabby

Numbers are our friends
Abby Cadabby



http://muppet.wikia.com/wiki/Abby_Cadabby
http://muppet.wikia.com/wiki/Abby_Cadabby

Numbers are our friends

e Types of Numbers:

o Integers:5 WO OO O
o Rationals:1/2 9

© Reals: 1410 P PP PPPPOIOPIOIOIOIOOO




Operators are our friends




Operators are our friends
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" If Abby has 4 apples,

and gives Bert 1 apple,
how many apples will

0 Abby have? )
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Operators are our friends

e Arithmetic Operators
Addition : 23 + 12 =35
Subtraction : 31 - 15 =16
Multiplication : 4 x 5 = 20
Division : 20/ 5 =4
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If Bert always returns 3
bananas for each apple,
how many bananas will

N

kAbby receive for 2 apples y




Functions are our friends

e Input, x - Number of

Apples given by Abby
3X
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Functions are our friends

e Input, x - Number of
Apples given by Abby
y = 3X e Output, y - Number of
Bananas received by Abby
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Functions are our friends

Cookie Monster




Functions are our friends
y =27
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Functions are our friends

/If Abby gives Cookie Monster\
3 apples, how many bananas
does she get? 1@
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Parameters are our friends

e |[nput

e Output
y=3x+1



Parameters are our friends

e |[nput
e Output
y = wx+

Input - Fixed, comes from data
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Parameters are our friends

Data l Model l
X |y y = WX +

1 0

5 | 16

6 | 20



Parameters are our friends

Data l Model l
X |y y = WX +

1 0

5 | 16

6 | 20

[ How to find the parameters w and b? }




Parameters are our friends
| Data_| [ Model | — |

x|y y = WX + Candidate 1
10
5| 16 y=1X +

6 | 20
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Parameters are our friends
| Data_| [ Model | — |

x|y y = WX + Candidate 1
1 0
5 | 16 y = X+
6 | 20
Model
Candidate 2
y =X+

» (@) - X
(0] (@) - <>

(0)) (&) - X



Parameters are our friends
E Model

| Data l

y —_ X -+ Candidate 1
y=1X+
Model l
Candidate 2
y =2x+

Which one is better ?
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Cost functions are our friends
[ Model |
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Cost functions are our friends

E E Model X
x |y Yn = WXn + Candidate 1 l 1
110 5
5| 16 y=1X + -
6 | 20
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C(w,b) = Y (y-9s)
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Cost functions are our friends

| Data l |
y Yn =
0

X
1
5 | 16
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Model l
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Cost functions are our friends

| Data l |
y Yn =
0

X
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Model l
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Cost functions are our friends

| Data l |
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Cost functions are our friends

| Data l | Model l
y Yn = WXn +

X
1
5 | 16
6
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C(w,b) = 3 (y~-9-)

ne{0,1,2}

Model
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Cost functions are our friends

Model l

Xn +

| Data l |
y Yn =
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Cost functions are our friends
[ Data_| [ Model | —— |
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Cost functions are our friends

Data l Model l
x|y Yn = WXn +

n
0 1 0
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Cost functions are our friends

nox oy Yn = WXn +
010
15 16
2 | 6 | 20

How to find the parameters w and b? }

[cost | |
C(w,b) = zgzn-vnf

n€{0,1,2}




Optimizers are our friends

| Data l | Model l
X |y Yn = WXn +

n
o | 1 0
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| Cost | Optimizer |
C(w,b) =3 (y~y»)  arg min C(w,b)

ne{0,1,2}
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arg min C(w,b)
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Optimizer l

arg min C(w,b)

: C(

,00)

68
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X +
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Optimizer l

arg min C(w,b)

: C(
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Optimizers are our friends

Optimizer l

arg min C(w,b)

y:

X +




Optimizers are our friends

Optimizer l

arg min C(w,b)

2+ C(wo,bo) = 68

3,2 : C(wi,b1) = 26 l
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5 25

X |y

5 |16 | 17 1

y:
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O 1,0
1

2 | 6 |20 20 0
C(3,2) | 26



Optimizers are our friends

Optimizer l

arg min C(w,b)

2+ C(wo,bo) = 68
2 C(w1,b1) = 26 I
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Optimizers are our friends

Optimizerl
arg min C(w,b)
| 21 C(w1,b1) =26
4,2 C(wz,b2) = 27
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Optimizer l

arg min C(w,b)

N - o -}

4,

X
1
)
6

: C(w1,b1) =26
: C(w2,b2) =136
AR
0| 6 | 36
16 | 22 | 64
20 | 26 | 36

C(4,2) | 136
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Optimizer l

arg min C(w,b)

: C(

,01)

26

y:

X +




Optimizers are our friends

Optimizer l

arg min C(w,b)

C(w1,b1) = 26
3 : C(w2,b2) = 41
y | ¥ (y-s‘/)2
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Optimizer l

arg min C(w,b)
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Optimizer l

arg min C(w,b)

C(w1,b1) = 26
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Optimizer l

arg min C(w,b)

: C(
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Optimizer l

arg min C(w,b)

: C( ) =17
0: C(ws,bs) =13 T I
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Optimizer l

arg min C(w,b)
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Optimizer l

arg min C(w,b)
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Optimizers are our friends

Optimizer l

arg min C(w,b)
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Optimizer l

arg min C(w,b)
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Optimizer l
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Optimizer l
arg min C(w,b)
W?,b'.: 4,-2 : C(we,b?) = ?7?
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Optimizer l

arg min C(w,b)
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Optimizer l
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Optimizers are our friends

Optimizer l

arg min C( ,0)

=13l

Search
Problem
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Optimizer l

y = wx +

arg min C(w,b)
s = 3,0 : Oz o) = [\J

1
: C(ws,ba) = 12.82

I w

o
e—©

n n 2
X |y y (y-9)

5 | 16 | 15.01 | 0.98

n
o1, 0| 301 9.06
1
2

6 | 20 | 18.01 | 3.96
C( ,0) | 12.82
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Optimizer l

arg min C(w,b)
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Optimizer l

arg min C(w,b)

: C(
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Optimizers are our friends

Optimizer l

arg min C(w,b) o
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Gradients are our friends

Optimizer l

arg min C(w,b)

\

Should be used
sparingly
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Optimizer l

arg min C(w,b)
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Gradients are our friends

Optimizer l

arg min C(w,b)

hw = 1
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,00)

68




Gradients are our friends

Optimizer l

arg min C(w,b)

: : C(wo,bo) = 68
hw = 1

C(wo+hw,bo) = C(3,2) = 26




Gradients are our friends

Optimizer l

arg min C(w,b)

, : C(wo,bo) = 68
hw = 1
C(wothu,bo) = C(3,2) = 26
C(wo+1,b0)-C(wo,bo))




Gradients are our friends

Optimizer l

arg min C(

, 2 C(
hw=1,r=-42
hw=0.1,r=-98
hw =0.01,r=-104
hw =0.001, r=-104
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Gradients are our

Optimizer l

arg min C(w,b)

, ,2 : C(wo,bo) = 68
hw=1,r=-42
hw=0.1,r=-98
hw=0.01,r=-104
hw =0.001, r=-104

dC
hw — O,r——a_( ’ )
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Gradients are our friends

Optimizer l

arg min C(w,b)
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Gradients are our friends

Optimizer l

arg min C(w,b)

—_ n
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Gradients are our friends

Optimizer l

arg min C(w,b)

nix |y v @y -20-y)x
’ 2+ G ] )= 68 0ol1 0 | 4| 4 8
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d J n 26| 20 14| -6 72
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Gradients are our friends

Optimizer l

arg min C(w,b)

: C(wo,bo) = 68




Gradients are our friends

Optimizer l

arg min C(w,b)

nix, y | V| (V) -2(Y-y)
: C(wo,bo) = 68
0|1 0 4 4 8
115] 16 | 12 -4 -8
hw—>0,rw=g—C( ,00)=-104
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Gradients are our friends

Optimizerl
arg min C(w,b)

: C(wo,bo) = 68 /
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Computation Graphs are our friends

C(w,b) =3 (y9:)  y=wx+

ne{0,1,2}

oC = 8Z(§In-yn) = Z-Z(Vn-yn)Xn
7, 7, n
% _ O 5 250y



Computation Graphs are our friends

y =wx + b+ tanh(yx + 5



Computation Graphs are our friends

y =wx + b+ tanh(yx + 5

Computation
Graphs can
compute
gradients for you!
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C(w,b) =3 (y9:)  y=wx+

ne{0,1,2}




Computation Graphs are our friends

C(w,b) =3 (y9:)  y=wx+

ne{0,1,2}

oC n=yn)  AYn .
=) 8(Jryn)” 3y = 3-2(Jn=yn)Xn
ov " dyn O

aC n=vn a n ~
_ 580y & 5o
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Computation Graphs are our friends

C(w,b) =3 (y9:)  y=wx+

ne{0,1,2}




Computation Graphs are our friends

C(w,b) = 3 (ye-Fn) y=o0+
ne{0,1,2} 0= X

o =Za(9n-yn)2 Ayn

0 " Oyn O




Computation Graphs are our friends

c=d

d=y-y
y=o+
O = WX



Computation Graphs are our friends

_ 2
C(w,b) = > cn c=d
n€{0,1,2} d — y _ S\/
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Computation Graphs are our friends

_ 2
C(w,b) = > cn c=d
n€{0,1,2} d — y _ S\/
E:Z OCn ddn ayn don y — O +
gw " adn dyn dOn 9 O = WX

0 " 9dn 9yn O

oC n 9dn .



Computation Graphs are our friends

2
C( y ) — ZCn C - d Power 2 l
<012 d=y-y =
0C _ s don adn Byn Gon y=0+ Add__|
0 ’ odn ayn dOn 0 O — X Product l
9C _5 ocn adn ayn sup_|

9, i odn ay” 0



Computation Graphs are our friends

C( : )=ZCn

ne{0,1,2)

aC _Z 3Cn adn ayn 30n

ow " 9dn 9Yn 0On

oC n 9dn .
e =Z dcn ad 3y

0 " 9dn Oyn O

0

Power 2 l

Sub l

Add |

Product l

c=d
d=y-Yy
y=o0+
O = WX
/Subl

forward(x,y) — z
backward(x,y,dz) — dx,dy

\




Computation Graphs are our friends

C( : )=ZCn

ne{0,1,2)

ow " 9dn 9Yn 0On

oC n 9dn .
e =Z dcn ad 3y

aC Z 3Cn adn ayn 30n

0 " 9dn Oyn O

0

c=d

d=y-y
y=o+
O = WX

Power 2 l

Sub l

Add |

Product l

-
I

Sub

forward(x,y) : return x -y
backward(x,y,dz) : return dz, -dz

\




Computation Graphs are our friends

C( : )=ZCn

ne{0,1,2)

aC _Z 3Cn adn ayn 30n

ow " 9dn 9Yn 0On

oC n 9dn .
e =Z dcn ad 3y

0 " 9dn Oyn O

0

c=d
d=y-y
y\=/0
0) X

Power 2 l

Sub l

Add |

Product l

==
v

forward(x,y) : return x -y
backward(x,y,dz) : return dz, -dz

\




Computation Graphs are our friends

2
C( y ) — ZCn C - d Power 2 l
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Computation Graphs are our friends

_ 2
C( : ) — ZCn c=d
n€{0,1,2} d - y _ S‘/
aC =Z 3Cn adn ayn 30n y — O +
onv " ddn Oyn dOn 9 O = WX
E =Z dcn ddn 8yn @
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Sub l
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Computation Graphs are our friends

2
C( y ) — ZCn C - d Power 2 l
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Computation Graphs are our friends

C( , ) — ZCH @—~ Power 2 Hc]
ne{0,1,.2) s |
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Computation Graphs are our friends

C( : )=ZCn

n€{0}

|
OC _ dcr adh oyn éon @f
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Computation Graphs are our friends

C(w,b) = >cn (a }— Power2 | c |- T1a | c]

n€{0}

aC _Z 3Cn adn ayn 30n [yf
% " 9dn Oyn dOn 0 Add |

Input l
6C _s dco adn dyn @fﬁ]

0 " odn ay” 0 Product l
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Computation Graphs are our friends

C(w,b) = >cn (a }— Power2 | c |- T1a | c]

n&{0} Sub

aC _ Z aCn adn ayn 30n [yf

% " 9dn Oyn dOn 0 Add |

5C adn By ol
R Z dc od 3y

0 " 9dn Oyn O

Input l

Parameters l

Product l




Computation Graphs are our friends

Forward:
1-Initialize inputs

Product l

ofieE

Power 2 |—>[ C ]—*

[ f—{c]




Computation Graphs are our friends

Forward: @—' SONE 2 H c ]_’II_{ c ]

1-Initialize inputs
2-Initialize variables

Variables l

Product l

ofieE




Computation Graphs are our friends

Forward:
1-Initialize inputs
2-Initialize variables

Power 2 |—>[ c ]—»Il—{ C]

Product l

ofieE

oy T
0,0

0,0 0,0

Variables l

2 values: x and dx



Computation Graphs are our friends

Forward:
1-Initialize inputs
2-Initialize variables
3-Topological Sort variables
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Power 2 |—>[ C ]—*

[ f—{c]

0,0

0,0
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Power 2 |—>[ C ]—*
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Forward: DW
1-Initialize inputs 3rd

2-Initialize variables Sub
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Power 2 |—>[ C ]—*
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Forward: DW
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Computation Graphs are our friends

Power 2 |—>[ C ]—*
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Forward: DW
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Computation Graphs are our friends

Power 2 |—>[ C ]—*
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[ |—{c]

d
Forward: DW
1-Initialize inputs 3rd

2-Initialize variables Sub

3-Topological Sort variables [f\
@ [ -
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Computation Graphs are our friends

Power 2 |—>[ C ]—*
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[ |—{c]

d
Forward: DW
1-Initialize inputs 3rd

2-Initialize variables Sub

3-Topological Sort variables [f\
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Computation Graphs are our friends

Power 2 |—>[ C ]—*
0,0

[ |—{c]

d
Forward: DW
1-Initialize inputs 3rd

2-Initialize variables Sub

3-Topological Sort variables [f\
@ [

T W,
. @,




Computation Graphs are our friends

Forward:
1-Initialize inputs
2-Initialize variables
3-Topological Sort variables
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Product
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0,0

0,0



Computation Graphs are our friends

Forward: @W FOEr 2 H © ]_’Il_{ C]

1-Initialize inputs 0,0 0,0
2-Initialize variables Sub
3-Topological Sort variables [{
¥ J0,0
Add |

o

0,0
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Forward:
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2-Initialize variables
3-Topological Sort variables
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Power 2 |—>[ CJ7

Forward:
1-Initialize inputs
2-Initialize variables
3-Topological Sort variables

0,0

0,0
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Forward:
1-Initialize inputs
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Computation Graphs are our friends

Existing Tools:

-Tensorflow ( https://www.tensorflow.org )

-Torch ( https://github.com/torch/nn )

-CNN ( https://github.com/clab/cnn )

-JNN ( https://github.com/wlin12/JNN )

-Theano (http://deeplearning.net/software/theano/ )

Power 2 |—>[ C J—*

[ |—{c]

Sub |

Add |

Product l

@, (3,

16

16,1
0 = WX
00
T =y
o
=w-ado _3_0_
0

16,1


https://www.tensorflow.org
https://github.com/torch/nn
https://github.com/clab/cnn
https://github.com/wlin12/JNN
http://deeplearning.net/software/theano/
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Input

Layer 1 (Input Features)

XE[6, 15] X € ]-0 6] & ]15,] xe[z 15] xe[z 3] Layer 2 (And and Or Combinations)

And(s1,s2) = o St + S3 - )
Or(s1,s2) = 0( S1+ S3 - )
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& Input

Layer 1 (Input Features)

Layer 2 (And and Or Combinations)

Layer 3 (Xor Combinations)

Xor(s1,s2) = Or(And(s1,!s2), And(!s1,s2))
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& Input

Layer 1 (Input Features)

Layer 2 (And and Or Combinations)

Layer 3 (Xor Combinations)

Xor(s1,s2) = Or(ss, S6)
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Multilayer Perceptrons

X |y y
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n | x vy
1 5 | 16 S S
x>1\q 2 )X <2
2 | 6 |20
s S Overfitting
5 6
XEJ-o, N xE] Model

y = USs + 10Se+ 2US7 &
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Stochastic Dropout (Srivastava et al, 2014)
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Multilayer Perceptrons

Regularization

C(w,b) = F(y=9s) + (W+D)B

ne{0,1,2}

[} = Regularization constant
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Regularization
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x>1\q 2 noth@ nothing a X<6

S S S
/ \ 5 6 7
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Find solutions that
require less effort
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Stochastic Dropout (Srivastava et al, 2014)
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Stochastic Dropout (Srivastava et al, 2014)
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Stochastic Dropout (Srivastava et al, 2014)

s S 5
/ \ 5 6 7

Find robust models X
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Model Structure

Weighted sum of linear functions VS MLP
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Model Structure

Weighted sum of linear functions VS MLP
y = (WiX + Dbi)st + (wax+bo)sz + (wax+bs)ss

Convolutional Vs RNNs
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Representation

s1 =0 (WasX + D)
s2 = O(WsS1 + WesSs + Ds)
s3 = o (WrX + bs)
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Representation

s1 =0 (VVsx + b3)
s2 = g (\VVas1 + D)
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Representation

[ X J 100

{ s ] 1000

-s1=0(VWs2 + D)

{ 52 ] 1000
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Representation

[ X | 100

{ 1 ]1mm

~s1=0(VWs2 + D)

s2 ]1mm

Tensoflow Code [

sl = tf.matmul(x, W1l) + bl

sl = tf.nn.sigmoid(s1)
s2 = tf.matmul(sl, W2) + b2
s2 = tf.nn.sigmoid(s2)
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Using Discrete Variables

gi Number of fruit to offer
Cﬁ oG

)«M

M Number of fruit received
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Q/ Number of fruit to offer
X

| : ]
| : ]

¢
@\ Number of fruit received
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Type of fruit to offer ~ Q/ Number of fruit to offer
X

[ ] u€{Apple, Banana, Coconut}
S1

_ , : vE&{Apple, Banana, Coconut}
Type of fruit received \@ @\ Number of fruit received
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Using Discrete Variables

Lookup Tables

Banana

Embedding for u Size = 4

Apple 0.1 -04 (02 |05

Banana 04 14 -1.0 | 01

V(;Qfonut 1.1 1 0.9 1.1 105
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Lookup Tables

Embedding for u Size = 4
0 01 | -04 |02 |05 /
1 04 14 -10 01
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Example Applications

Window-based Tagging (Collobert et al, 2011)

Abby likes to eat apples and bananas

NNP VBZ TO VB NNS CC NNS



Example Applications

Window-based Tagging (Collobert et al, 2011)

Abby / likes to eat apples and\ bananas

Vo l l

Le=] L) (ee] (o] (=]

o /




Example Applications

Window-based Tagging (Collobert et al, 2011)

/ likes to eat apples and\
l l l l

Abby

l
[ e-2

) LeJlee) (o] (=]
e

S1

4

S2

bananas

Word Embeddings

Non-Linear Layer 1

Non-Linear Layer 2



Example Applications

Window-based Tagging (Collobert et al, 2011)

/ likes to eat apples and\
l l l l

Abby

l
[ e-2

) LeJlee) (o] (=]
e

S1

4

VB

bananas

Word Embeddings

Non-Linear Layer 1

Non-Linear Layer 2

Softmax



Example Applications
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Example Applications

Window-based Tagging (Collobert et al, 2011)

Approach POS | CHUNK | NER | SRL
(PWA) (F1) (F1)
Benchmark Systems 97.24 94.29 89.31 | 77.92
NN+SLL+LM2 97.20 93.63 88.67 | 74.15
NN+SLL+LM2+Suffix2 97.29 — - -
NN+SLL+LM2+Gazetteer — — 89.59 -
NN+SLL+LM2+POS — 94.32 88.67 -
NN+SLL+LM2+CHUNK — — — 74.72
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Translation Rescoring (Devlin et al, 2014)
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Example Applications

Translation Rescoring (Devlin et al, 2014)

John does to eat coconuts  and bananas 0.00003

[ Abby likes to eat apples and bananas 0_0003781

Abby dislikes to drink apples and bananas 0.00012
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Translation Rescoring (Devlin et al, 2014)

/////////’“\\ESiﬁct
Translation Context

[Abby likes to eat ] apples and

Source

Abby gosta de comer macas

e

bananas

bananas



Example Applications

Translation Rescoring (Devlin et al, 2014)

Adict
Translation Context

Abby likes apples and bananas

BN

Abby gosta comer macas e bananas

Source



Example Applications

Translation Rescoring (Devlin et al, 2014)

Translation

[Abby likes to eat ] apples and bananas




Example Applications

Translation Rescoring (Devlin et al, 2014)

Translation Score (BLEU) Arabic - English Chinese - English
Best Rescored System 52.8 34.7
1st OpenMT12 49.5 32.6

Hierarchical 43.4 30.1
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Deep Neural Networks are our friends?

[Convolutional Neural Network ]

Convolution Fully connected
Id A N r
%’ N l:ml
| X0
] - . "
> 4
LO (Input) L1 L2 L3 L4

512x512 256x256 128x128 64x64 32x32 (Output)
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Deep Neural Networks are our friends?

[Convolutional Neural Network ]

z1

z2

z3

z4

x1 X2 x3 x4

x5 X6 X7 x8

x9 x10 | x11 | x12

x13 | x14 | x15 | x16
4x4 image

)

z1

——
)

z2

—
)

z3

———
)

z4

——

Is this
a cat?



