e

-xﬁ#@% B AR, B, RRE, BUE, %%ﬁﬁﬁ
J %—Y—Km%ﬁxﬁ’ﬂb\f‘ﬂﬂ’lﬂﬂ / /\BE #—j
%Tﬁﬁ@ﬁ% A BHEIRTESD %ﬁﬁﬂ”_ﬁ%%
EREMWARAIEI N FE AR E% FEEFNERE, &
MRBRE—VBEEEFERERERBHINF,

BB MR AR E T E I S BR

ChinaHadoop.cn



Machine Learning

Neural Networks and Deep Learning

ERMFRALAHETINE e X--1:-

ChinaHadoop.cn



Perceptron




The Neuron

Neural Networks (Artificial Neural Networks, Precisely) are always with story of its biological

counterpart, however, with the advancement of A.l.,, we now seriously believe it is a mathematical
model of “imitating”.

Linear
Combination

/ Output
J J

Weights Activation Function




Full Connected Networks

Fully Connected Feed-Forward Neural Networks

Layer |

N, nodes

| Layer | -1

\Aﬁj to Layer |
Nl—l

A
' N\
- | A

Wll W12

I |
WI — W21 W22

- N,




Bias

Layer| -1
N,_, nodes

b-l

- bias for
neuron | at
layer |
_bl_
1
bl
2 .
. bias for all
=1 neurons in
N layer |
i




Linear Combination

I —
a
Layer| -1 Layer |
N, ,nodes N, nodes

ziI . Input of the activation

function for neuron | at layer |

7' Input of the activation function
all the neurons in layer |

'=wla Tt +wLay ... +b



Inputs-Qutputs Relations

I R | | A1-1 |
Z, =W,a,  +Wp,a, +---+Db

R R | | A1-1 |
Z, =W, @,  +W,a, +---+b,

I : | A1-1 | A1-1 I
Zi = Wydy ~ +W,8,  +---+D,

Al A el
ZI2 \\:VVP :/,VVTZ o a|2—1 bé

_ .21 22 e

Zil ' - ail—l bil
Layerl -1 Layer| _E i ‘ __E 4 L



Inputs-Outputs Relations (Activation)

|)‘ Sigmoid Function
1

Layer| -1 Layer |
N,_,nodes N, nodes




NN and LR

A neural network = running several logistic regressions at the same time.

Linear

Combination ;
/ Output
utpu
P 5 hw,h{x]
/ Layer Ly
Weights Activation Function +1
Layer L, Layer L,

The LRs are then feed into another logistic regression function.



Auto-Encoder

Auto-Encoder is a neural network used to learn
efficient coding. Architecturally, the simplest form of
an autoencoder is a feedforward, non-recurrent
neural network

irpat output

GO

decoder
EnoHler

Layer L,

Layer L,

hy p(X)



Back Propagation




A Simple Example ot BP

Backpropagation: a simple example | x
q 3
f(z,3,2) = (& + )2 0

eg.x=-2,y=5z=-4

_ 9  , 0q

of  _ of

f=qz 5 = %5 — 4
8f Of of

Want: P B B




A Simple Example ot BP

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=-4

_ dg . 9q

g=z+yY §—1,@—1

af _ _ oF _

f=qz W= %5 4
of Of of

Want: 9z By’ Bz

Chain rule:
of _ of %
or dq Oz




f(x)

llustration of Back-Propagation

—Softplus
"'—'R;ctifier

—Sigmoid |

__ ~——Tanh

-] activations
{% < 2 5 “local gradient”
N
N <

N
=
P\
|

\

oL
0z

gradients

Back Propagation through layers.



A Simple Example ot BP

1

Another example:

f('w,:n) — e e—(ngg+u'1171+w2)

w0 2.00

00 @ 1.00 @ 0:37 @ 1:37 @ ;i
fle)i=#& — e f(m):E =
d
T.l%) —ns — éza f(z)=c+= ¥




A Simple Example ot BP

1

1 4+ e~ (womo+wizi+ws)

Another example: Flw,z) =

w0 2.00

(—%)(1.00) = —0.53

1.37°

1.00 47\ . -1.00 /e;p\ 037 /137 g | 073
X e Ao am X7 10

H d 4
fla)=e - i | |12 4 Y _ e
folz) = az o %Za fl2] =818 3 g_l




A Simple Example ot BP

1
- 1 + e (wozp+wizy+ws)

Another example: flw,z)

w0 2.00

U Tasr Y

1.00 m 100 N | 037 f‘1\ 1.37
N

f(z) =e” ~ % = 5 B
d
fo(z) = az =3 éza f.(z)=c+=




A Simple Example ot BP

1

1 + e (wozp+wyzy+wy)

Another example: flw,z) =

w0 2.00

(e71)(—0.53) = —0.20

100 /2 | -1.00 0.37 137 0.73
@ 0.20 @ 053 (1) 053 @ 1.00
flz)=€ — %—3 f(:l:):E — %——1/:1:
d d
fo(z) = az =3 é:a flz) =€ts e é_l




A Simple Example ot BP

1

o 1 4+ e—(u'olfu+u’1171+'w2)

Another example: flw,z)

w0 2.00

(-1) * (-0.20) = 0.20

1.00 /), -1.00 exp 037 /7). 137 fﬁx\ 073
020 N\ ./ AW | 451 N\ A5 ) 100

z 1
A ¥ =" | = 4 e
. df _ N df
fa(iL')—aiL' — vy =a fc(m)—c+m = E_l




A Simple Example ot BP

1

146 —(wozo+wiz1+ws)

Another example: flw,z) =

w0 2.00

[local gradient] x [upstream gradient]
[1] x[0.2] = 0.2
[1] X [0.2] = 0.2 (both inputs!)

x0 -1.00

w1l -3.00

100f A7) 100 fe;p\ 037 /A1) 137 @ 0.73
08| A7 D20 5 458 \ /7 48 X 100

x1

fla)= e R T | s0-1 £ R s
Tl 2] e — %:ﬂ I:(E) =it — %_1




A Simple Example ot BP

_ 1
AnOther example f(w,:r:) B 1+ e —(wozg+wizy+w;)

w0 2.00
-0.20

[local gradient] x [upstream gradient]
x0:[2]x[0.2]=0.4
w0: [-1] x [0.2] =-0.2

x0 -1.00

wl -3.00

100 /4 1) -100 @ 037 /)17 /l;x\ 0.73
020 \_/ 020 Y w053 \__J 053 \_/ 100

x1 -2.00

w2 -3.00
0.20

fa)=e" = T | f)-1 R I __1e2
folz) = az — %:a Tl =i —» %_1




A Simple Example ot BP

1 1
1+ e—(wol-‘u-l-w1$1+w2) 0’(:1:) o 4 e ® SlngId function

do-dE:): e~? :(1+e—w—1)( 1 .):(1_0(@)0(&)

(1+e‘“’)2 14€eF 14T

flw,z) =

w0 2.00
-0.20

x0 -1.00
0.40

sigmoid gate

wl -3.00

1.00 @ -1.00 fx\ 0.37 /_H\ 1.37 f]/\ 0.73
x1 -2.00 020 | \_/ 020 w 053 \__/ 053 w 1.00

|

020 (0.73)*(1-0.73)=0.2

w2



Back-Propagation

W53 Is only used to compute a,, the

3
Z Wijzj + b;

error is back-propagated through a;.  a; = f(z) 2z = Wiz+b =
j=1
0s 0 pr,_ 9 prpy_ 9 pr
ow ~aw? T awV S = gt /(e )
0 0
U”r Usa;
aw, - C T awy,
0 Oa; 0z; Of(z;) 0z
Uigm—a = U, i
8Wija 0z; 8Wz7 0z; 8Wz‘j
0z; oW, x+b
— Uz / ; o Ui / ; 1 1
() g = Usf ()
, d :
= Uif'(z) Wiker = Uif'(2i)
BWZJ A N——

Lj

Local error Local input
signal signal



Convolutional Neural Network




Visual Receptive Field

to David H. Hubel and Torsten N. Wiesel "for
their discoveries concerning information
processing in the visual system".

Cells that are sensitive to small sub-regions of the
visual field, called a receptive field

Simple cells respond maximally to specific edge-like
patterns within their receptive field.

Complex cells have larger receptive fields and are
locally invariant to the exact position of the pattern.

The Nobel Prize in
Physiology or Medicine
1981

Torsten N. Wiesel
Prize share: 1/4

David H. Hubel

Prize share: 1/4

Roger W. Sperry

Prize share: 1/2



Convolutional Neural Networks

In Image Classification a CNN may learn to detect edges from raw pixels in the first layer, then
use the edges to detect simple shapes in the second layer, and then use these shapes to deter
higher-level features, such as facial shapes in higher layers. The last layer is then a classifier
that uses these high-level features.

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

1

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

-~-~

-

L) ---D R

| admire the elegance of your method of computation; it must be nice to ride through these fields upon the horse
of true mathematics while the like of us have to make our way laboriously on foot. = — Albert Einstein



Definition of Convolution

(#] o
| |
| 2 T,
A A.
e o

.. f(0)-9(3) + f(1)-9(2) + f(2)-9(1) ...

Y. fla)-gt) mmp (frg)(c) = Zfa)g




Definition of Convolution

// (Frg)e) = 3 f(a)-glb) \\
at+b=c

(f*g)(cr,e2) = Z f(a1,as) - g(by, bs)

a,1+b1 =C1
astby=cy

= Z flaq,a3) - g(c; — aq, c2 — as)

ai,az

For example, convolution is a commutative operation. That is, fxg = g* f.

Y fla)-gb) = D g(b)- f(a)

a+b=c b+a=c

Convolution is also associative. That is, (f*g) x h = f* (g =+ h). Why?

K Y. (f(a)-g()-h(e) = Y f(a)'(g(b)'g/
(a+b)+c=d a+(b+c)=d




Convolution with a Kernel

Imagine that the matrix on the left
represents an black and white image. Each
entry corresponds to one pixel, 0 for black
and 1 for white (typically it's between 0 and
255 for grayscale images). The sliding
window is called a kernel, filter, or feature
detector. Here we use a 3x3 filter, multiply
Its values element-wise with the original
matrix, then sum them up. To get the full
convolution we do this for each element Convolved
by sliding the filter over the whole matrix. Image

I_l

koo |~

=

= [

I_l

o|lkr|k|k|lo

=
I_l
=

I_l
[=]
I_l

olo|lolo|lr
olo|r|olo

Feature



Partial Connections

Yo = J(W{],Ox{] + W0,135'1 + ngg&‘&'g. .. )

Y1 = U(WLUSBU + W1,1a':1 + legil:g. . )




Shared Weights

The wiring of a two dimensional convolutional layer
corresponds to a two-dimensional convolution.
Consider our example of using a convolution to detect
edges in an image, above, by sliding a kernel around
and applying it to every patch.

(=] =] [=] {=] [=)
O|I0|=|C|O
|0~ |C|O
(=] =] [=} [=] [=]
==l =1 (=] =]




Convolutional Neural Networks

In the previous example, we fed the output of our convolutional
layer into a fully-connected layer. But we can also compose two
convolutional layers, as we did in the one dimensional case. We
can also do max pooling in two dimensions. Here, we take the
maximum of features over a small patch.




A Full CNN

Next: Convolutional Neural Networks

Image Maps
Input

Ko

Convolutions

o

Fully Connected

Subsampling



From Zero to One

32x32x3 image -> stretch to 3072 x 1

input

1 —>
3072

Wax

10 x 3072
weights

activation
—> 1 [O
/ 10
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)



Convolutional Neural Networks

32x32x3 image

32

___———"  Filters always extend the full

32

depth of the input volume

5x5x3 filter
4
I| Convolve the filter with the image

I.e. “slide over the image spatially,
computing dot products”



Convolutional Neural Networks

__— 32x32x3 Image

5x5x3 filter w
=
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

] wiz+b

1 number:




Convolutional Neural Networks

o

V

32

32x32x3 Image
5x5x3 filter

convolve (slide) over all
spatial locations

activation map

£

£

28



Convolutional Neural Networks

_— 32x32x3 image activation maps

5x5x3 filter %
2
@>O :
convolve (slide) over all

spatial locations
32 / 28




Convolutional Neural Networks

For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

32

32

3

Convolution Layer

activation maps

\

28

.

We stack these up to get a “new image” of size 28x28x6!



Convolutional Neural Networks

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with

activation functions

32

32

CONV,
RelLU
eg.6
5x5x3
filters

28

28

CONV,

RelLU
e.g. 10
5x5x6
filters

10

24

CONYV,
RelLU

24



Convolving

v

7X7 input (spatially)

assume 3x3 filter =~ ©X° output




Stride

/X7 input (spatially)
assume 3x3 filter => 3x3 output!
applied with stride 2



Paddling

e e e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

c|]o|]oO0o|0O0| O

7x7 output!




Pooling/subsampling

- makes the representations smaller and more manageable
- operates over each activation map independently:

Single depth slice 224x224x64
I 112x112x64
X 1 112 | 4 -
516 |7 8 6 | 8 S il
S| 2 | 1 0 3 | 4
f
1 2 3 4 max pool with 2x2 filters l
and stride 2

\ J

— 112
downsampling
112

"'-t__.‘

224




The Convolution Operator




The Convolution Operator




Full Connection

RELU RELU

=
=
L
1 d
s
=
NN
14

RELU RELU

|

CONV

—> LA BN VO R N

CONV

CONV

.+EH!!&§32ES

CONV

.#5;5r},ge;§

l

.#%IMEEE%QE

CONV




The Demo

http://scs.ryerson.ca/~aharley/vis/conv/
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The Convolution Operator
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The Fully connect Operator




Draw your number here

Convolution layer 1,
filter 3, unit 757

Weighted input: 0.65

Calculation: 1.7159 tanh
(2/3*065)=-0.10

-

Layer visibility

b"~ A
~—t :0‘- u/

Ol ei Show W

Made by

Two-digit situation



B—
« Downsampling layer 1, ‘
' P filter 4, unit 194

Weighted input: 0.30

Wolec My

Calculation: max pooling

Layer visibility

Two-digit situation



O
)

W Ir imbear har
/ your number here Convolution layer 2, filter 9, unit 65

Input image:
-

N

Weighted input: 2.40
Calculation: 1.7159 tanh (2/3 * 2.40) = 0.93

Layer visibility

Show

Show

Madae hy
viaae Dy

Two-digit situation



Output layer, unit 4
Weighted input: -0.41

Calculation: 1.7159 tanh
-041)=-046

Layer visibility

viaage Dy

Two-digit situation



IMSAGENE T Large Scale Visual Recognition Challenge

Year 2010 Year 2012 Year 2014 Year 2015
NEC-UIUC SuperVision GoogleNet VGG
b LT
@Pooling

@Convolution l conv-64

Softmax conv-64

v .Other maxpool

Dense descriptor grid: * R A |conv128 ]
HOG, LBP —.‘ J g J conv-128
I e o maxpool
A4 | S conv-256
Coding: local coordinate, ) J an “J conv-256
super-vector § 117 ggég

™ i maxpool

l le_ | i conv-512

. g 5 l ) conv-512

Pooling, SPM L2 [Luls! e maxpool

‘ . * o conv-512

g; - conv-512

Linear SVM y . maxpool
.)8%0 fc-409

fc-4096

fc-1000

i softmax

[Lin CVPR 2011] [Krizhevsky NIPS 2012]
[Szegedy arxiv 2014] [Simonyan arxiv 2014] [He ICCV 2015]




Recurrent Neural Network




Recurrent Neural Network

O, = softmax(V *S,)

0
O 011 0 O,
%4 W 1% vV VT
SOQ W dt 1 Ost OSHI
C 1% W 4%
Unfold

. & U % S =tanh(U*x, + W*S,_))
X X, X, X,

A recurrent neural network can be thought of as multiple copies of the same network, each passing a
message to a successor. Consider what happens if we unroll the loop



Different RNN Structures




Problem of Long Dependency

Consider trying to predict the last word in the text “l grew up in France... | speak fluent French.” Recent
information suggests that the next word is probably the name of a language

@@

A —

:




Long Short-Term Memory

Long Short Term Memory networks — usually just called “LSTMs” — are a special kind of RNN, capable
of learning long-term dependencies. They were introduced by Hochreiter & Schmidhuber (1997), and
were refined and popularized by many people in following work.

& ® ®
1 ! 1

(= B & 2 6 | )



http://www.bioinf.jku.at/publications/older/2604.pdf

A Special RNN

t t t
4 N N ™
- ( > —>
A | A
\_ J J J

l
&) ) &)

All recurrent neural networks have the form of a chain of repeating modules of neural network. In
standard RNNs, this repeating module will have a very simple structure, such as a single tanh layer.



The Core ldea

The key to LSTMs is the cell state, the horizontal line running through the top of the diagram.
The cell state is kind of like a conveyor belt. It runs straight down the entire chain, with only some minor linear
interactions. It’s very easy for information to just flow along it unchanged.

—®_

The sigmoid layer outputs numbers between zero and one,
describing how much of each component should be let through.
A value of zero means “let nothing through,” while a value of
one means “let everything through!”



Step-by-Step LSTM Walk Through

The first step in our LSTM is to decide what information we’re going to throw away from the cell state. This
decision is made by a sigmoid layer called the “forget gate layer.”

f;_ = J(H’rf-[h-ﬁ_lg;l’:;] - bf)

It looks at ht-1ht-1and xtxt, and outputs a number between 00 and 11 for each number in the cell state.
A 1 represents “completely keep this” while a O represents “completely get rid of this.”



Input Gate

The next step is to decide what new information we're going to store in the cell state.

This has two parts. First, a sigmoid layer called the “input gate layer” decides which

values we'll update. Next, a tanh layer creates a vector of new candidate values,

that could be added to the state. In the next step, we’'ll combine these two to create an update to the state.

. it =0 (Wi [hi—1,2¢) + b;)
} ét Ztanh(Wc-[ht_l,xt] —+ bc)




Cell State Update

It's now time to update the old cell state, Ct-1, into the new cell state Ct.

®

ftT it G Cy = fixCp_1 + 14 % ét

In the case of the language model, this is where we’d actually drop the information about the old
subject’s gender and add the new information, as we decided in the previous steps.



Output Gate

Finally, we need to decide what we’re going to output. This output will be based on our cell state,
but will be a filtered version. First, we run a sigmoid layer which decides what parts of the cell state
we’re going to output. Then, we put the cell state through tanh (to push the values to be
between -1 and 1) and multiply it by the output of the sigmoid gate, so that we only output the parts

we decided to.

or =0 (W, [hi—1,2¢] + bo)
ht::Ot*tanh(C%)

ht—1




Other Variants

Cy = fe xCi1 +it*ét

We only forget when we're going to input something in its
place. We only input new values to the state when we forget
something older.

Ct:ft*ct—1+(l_ft)*ét
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Seqg2sSeq Example

"The weather 1is nice" "[START]I1 fait be" =
l l Reinject
LSTM ) _f LSTM prediction until
encoder 'L decoder we generate
l Internal LSTM [STOP]
states (h, c) l
a

1) Encode the input sequence into state vectors.

«2) Start with a target sequence of size 1 (just the start-of-sequence character).

*3) Feed the state vectors and 1-char target sequence to the decoder to produce
predictions for the next character.

«4) Sample the next character using these predictions (we simply use argmax).

*5) Append the sampled character to the target sequence

*6) Repeat until we generate the end-of-sequence character or we hit the character limit.



Attention Mechanism

Yea

St

.........................................................

el 7 hs

.................

Input sequence -> fixed-sized vector ->
target sequence.

The important part is that each decoder
output word y now depends on

a weighted combination of all the input
states, not just the last state.

The attention distribution is usually
generated with content-based attention.
The attending RNN generates a query
describing what it wants to focus on.



Attention Mechanism

PWilye, - Vi1, %) = g(Vi—1,Si, €i)

si = f(Si—1,Yi-1,€i)

The context vector €Ci Is
computed as a weighted sum ofhj
annotations

e, = v tanh(W,h ot W,s.,)

_ exp(ey;)
Xij = STy
Z kzleXp (eik)

Ty

Ci = z al]h]

j=1



Seqg2sSeq Example

CE £ X%
Egrets stood, peeping fishes.
# L B K
Water was still, reflecting mountains.
BR R,
The wind went down by nightfall,
A RLKS.

as the moon came up by the tower.

Input Query Poem Planning Outline
A X (spring)
()Iﬁ;l ?éﬁf&ﬁ:{- Ta‘;:h Keyword A X (spring) Keyword HEFE (peach blossom)
Pring, the pe Extraction #EFE (peach blossom) Expansion # (swallow)
blossoms are open.) )
AP (willow)
Poem Generation ¥ ~
& E W A R, . [ AX
The bright sun is shining over the river in spring, J _ spring
R L [ Wk
Peach blossoms are open all over the mountain. \_ peach blossom
# TRk FE A, Y ( %
A swallow twitters as if to look for the past dream, )‘ _ swallow
2 R & Hiho 8 o 1 Hp
The gentle breeze blows across the willow in the mist. J‘ Y willow )

R — R A,
Budding branches are full of romance.
R RAELTFTA.
Plum blossoms are invisible but adorable.
FAEREE,
With the east wind comes Spring.
#EATLE R F.

Where on earth do I come from?




SeqgZsSeq Example

Attention avoids this by allowing the RNN processing the input to pass along information
about each word It sees, and then for the RNN generating the output to focus on words as

they become relevant.

I accord sur la zone économique européenne a éte signé en aout 1992 . <end>
I I I I I I i I I I 1
B 2| B 2| B /=21 B == B B B —| B

I | I I
B

B r—| B I—

Br—| B —

— | B B
I !

i‘
«—— | A | &— A — A | — A | — A

A |« A || A [ —| A
T T 1 T T | 1 T T T T T 1 1
was signed in August 1992 <end>

the agreement on the European Economic Area



Neural Language Model - CBOW

. We generate our one hot word vectors for the input context of size
m: (xlemm) o x(e=1) yletl) 0 yletm) e RIV,

. We get our embedded word vectors for the context (v.—y =
Vxle=m) o _pq = vxlemmtl) g = Vxletm) ¢ R

. Average these vectors to get 0 = Uc—m+vc—n5;3+---+vc+m c R"

. Generate a score vector z = U? € RIVI. As the dot product of
similar vectors is higher, it will push similar words close to each
other in order to achieve a high score.

. Turn the scores into probabilities 7 = softmax(z) € RIVI.

. We desire our probabilities generated, § € RIV/, to match the true
probabilities, y € RIVI, which also happens to be the one hot vector
of the actual word.

Input layer
We must learn W and W’

Output layer

B

Hidden lay




Word2Vec Skip-Gram

1. We generate our one hot input vector x € RIV! of the center word.

2. We get our embedded word vector for the center word v, = Vx €
H{?’I

3. Generate a score vector z = Uo,.

4. Turn the score vector into probabilities, 7 = softmax(z). Note
that Jc—m,..., Uc—1,Uc+1,- - -, Je+m are the probabilities of observing
each context word.

5. We desire our probability vector generated to match the true prob-
abilities which is y(c=), ..., y(c=1 (et (ctm) the one hot
vectors of the actual output.

We must learn W and W’

Input layer

b 4,

Output layer
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