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Basic Concepts of NN

+* Perceptron

: e=xX.W.+X.W non-linear y=f(e)
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Basic Concepts of NN

s lllustration Example (Apple Tree)
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Basic Concepts of NN

s lllustration Example (Apple Tree)

!fsfze; 30, sell an apple!

Default
size=5% size =10 size =15 size =20 size =25
<
{: ‘f‘
N >

. A w

)y ) J

e S -

Cay 0 Cay 10 Day 20 Ly 20

Ag1:ZHETEA| O] AFRILR =
[=]

|2 g EHE At Zoj & W RACE
Z7 :AMDte| 37|7300| Ho B T 4 Q!

(=]
mn
HE

Question : 28| Day-50 0| AFZIE T = Q1 E7)}?

Datapoints
Regression

Very Typical Regression Problem

Basic Concepts of NN

s lllustration Example (Apple Tree)

If size > 30, sell an apple!
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size =5 size = 10 size = 1% size = 20 size = 25
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—> learn the parameter ‘@’ and ‘b’ from the data
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Basic Concepts of NN

»* lllustration Example (Apple Tree)
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Basic Concepts of NN

+ Multilayer Neural Network
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Basic Concepts of NN

+ Multilayer Neural Network
The single-hidden layer Multi-Layer Perceptron (MLP).

An MLP can be viewed as a logistic regressor, where the input is first transformed

using a learnt hon-linear transformation
[ Softmax Function ]

( : Scoring Function for top-layer
) e - [ tanf Function ]
output layer o(x) = G(b'? + W2 h(x)) |

& : Activation Function
for hidden layer

/
hidden layer h(z) = ®(z) = s(b) + Wz)

I

input layer x
f:RP — RE
flz) = GOP + w@ (s + wllz))),
D is the size of input vector x Feed Forward Propagation
L is the size of output vector fi{x)
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Basic Concepts of NN

% Training (Weight Optimization)
N W2 2 Wi b{ﬂ}

- How to learn the weights??

“Backpropagation Algorithm”

F|EFE ZYUZ=E Y1 | Feed Forward and Prediction
3 A0 f27F #dts ZatE .
o] Alo|RHe e = Cost Function
Aot RS2 QI8 M7|= K| | Differentiation (0] &)
Ao 2 W7t HA F=H-3A | Back Propagation
MZ & Parameter 2 Hi= | Weight Update
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Basic Concepts of NN

% Training (Weight Optimization)

Backpropagation = Backpropagation of errors

|

Gradient descent procedures are generally used where we want to maximize or
minimize n-dimensional functions.

The gradient is a vector g that is defined for any differentiable point of a function, that
points from this point exactly towards the steepest ascent and indicates the gradient
in this direction by means of its norm |g|.
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Basic Concepts of NN

% Training (Activation Functions)

sigmoid(a) = 1/(1+ €™ ) .. also called ‘logistic function’, ‘Fermi function’
: 1 Fermi Function with Temperature Parameter
| f(.l.') TR 1 +c—1‘ 1 T T T T
' d
@)= f@( - f@) oo
0
- f(z) = f(-2). z
04 | 4
T
2f ()= 1+tanh(§) ! 02t .
o | 1 1 1
Always positive = =t 9 £ 3
tanh(a) = (e® — e @) /(e + e 9)
Hyperbolic Tangent
| 1 —r . . .
fz) = sinh i et — c*" Ll e:‘ -1 g: i
| coshz = e®+e® eXF+1 04 | o
| = 02
e” =coshz + sinhx § _0_2 i i
and -04 1 -
e * = coshx — sinhx tgg
Output = [-1, 1] = -2 0 2 4
Faster Backpropagation
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Basic Concepts of NN

% Training (Activation Functions)

Rectified Linear Unit  f(2) = max(0, x)

Smooth approximation — “sofitp/us” function
f(x) = log(1 +¢) )
F@)=e/(e"+1) =1/(1+e7) " /

Bl /

% Scoring Functions (Softmax)

so ftmar;; (x) = 41—2::5;;1?”

P(Y = ’I,lI., I"‘f'—_, b:l == Softm-lfl:ri (I—IFI + b) T.;I'A:I CIaSS y
EH”}I“‘*b:’ /

T S eWiTtb
. B ‘—\____
iy . BE= class vy
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Basic Concepts of NN

+ Learning: Backpropagation
» Calculate error at the output

» Back-propagation = gradient descent + chain rule
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Basic Concepts of NN

+ Learning: Backpropagation

Basic Concepts of NN

+ Learning: Backpropagation
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Basic Concepts of NN

+ Learning: Backpropagation
» Calculate error at the output

L df(e)
Wy = Wy + 776, ———x,
Gt = Woan S

? . dfi(e)
gl W = Wiy +710 —S—x.

de

ZACH

N
de

df,(e)

de

i s o
Wiy =Wy +10,

g - . S
W= Wy T 110,

Ya

. dfy(e)
Wiy =Wy +110, s

= 1
F3
A de
X, Wiy 5

Basic Concepts of NN

+ Learning: Backpropagation
» Calculate error at the output

dfy (e)

.' — ] ¥
dfs(e)
\’ —_— ¥ o 6 ¥
de
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Basic Concepts of NN

+* Neural Network-Core Components

Output Score

--------- » Decision > Scoring Function

Hidden Layer

Fire : Activation Function
Summation > Matrix Producilion

Neuron structure  : Edge Connection

Visible Layer

s Vector Form

--------- » Sensim :
o Representation

Input Raw Data
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Basic Concepts of NN

+* Neural Network-Process

Application Specific &4

Ex) O & =4
yrom = —-—— &l Aol o F g
: - 2 0/2f HEHAZ X}
i . ! Ex) @ 8= A7)0 &
! A r Y -‘. I
| £ |
@ Matrix S94F | vector | Parameter Update
vector vector "\\_
f
v
vector vector vector
Raw Data | Raw Data Raw Data |
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Why? Deep Learning

% Why was not old NN successful?

1 Pre-Training i i Distributed Representation | Initialization Techniques !
| Activation Function i Understanding ANN i i Big Data
S -
‘\\/

Deep Learning
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Why? Deep Learning

+* Neural Network-Process
> HESR A} j'OUKI 1, S&ol & == parameter I Z0+E
» ParameterJl Z0t& 42 Local Minima0fl & Jts&0| =0&

Total distance
-
-
..

.

[J
.
.

.
’
*
.

Local
minimum

Wiqp Wi Wig X Global ~
W = | W21 Wzz W3 x =\ %z B -

W3y Wagz W33 X3 Search space

a, = f(Wllxl + Wiox, + Wizxs + by)
az; = f(War2, + Wayxy + Wosxs + by)
az = f(W31x, + Waoxy + Wisxs + b3)

In Matrix notation
z=Wx+b5b
22




Why? Deep Learning

< Initialization Problem

Output Score

Hidden Layer e e e

\
+ FZE Y/ summation Weight =& OfE 7 Z&°

“Random Initialization”

Visible Layer

““““ > “helfo” 2fE= Symbol S/ Vector Form?

Input Raw Data
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Why? Deep Learning

+ Initialization Tip

‘ Initial Value ‘

£ 7|7} Settings
~'Random 1| & 5 FEOH0) A Random 84H F=20| ZCH

ianh S Activation © 2 AI25l= 42

6 ]
Interval = [—\/Jra_mﬁfaﬂma \/fa,,_m%fm“,]

Jfan,, = the number of units in the (7-1)th layer.
Jan = the number of units in the 7th layer

sigmoid & Activation @ 2 AtE23t= A2

6 6
Interval = [_4\/fan,-,,+fanwg ? 4\/f{zn,-,z+_fanwg]

24




Why? Deep Learning

+ Deeper Network, Harder Learning
> NetworkJt ZCH 2= =5 xS0l £E0H H, 201 &= Error

Propagation0| ({4 &. ReLUJt AtE &= 0=

25

Why? Deep Learning

¢ Pre-Training
» Pre-training2 2 NN2| & s0| H|SH 22 gtalE
> AutoEncoder H € 1t Restricted Boltzmann Machine H € 0| US

Large Raw Data

Unsupervised |
Learning w” C e,
P(x) » “Pretraining
Small Tagged Data
Supervised
Learning

P(y|x)

26




Why? Deep Learning

% Pre-Training-Performance

» Regularization hypothesis:

* Representations good for P(x)
are good for P(y|x)

Jo00]- i Without pre—training

Witﬁ pre—lréining

* Optimization hypothesis: oL
* Unsupervised initializations start
near better local minimum of
supervised training error
* Minima otherwise not . T
achieva ble by random 71%W -3000 *ZU‘JD -1000 o 1000 2000 3000 4000
initialization

000 f e B

Erhan, Courville, Manzagol,
Vincent, Bengio (JMLR, 2010)
97
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“".“ Encoding ™ Decoding “.“"‘

‘.“ ‘wl / \\ | “.‘ gligfo|HolE{x EHE ZEHMM AT ZF HE BEX E
\ \ / \ \ | CRA Mg AL

Original ‘ | Abstracted | ~ Original - Hm
, Data ‘. Data | Data’ - Oz Q17| = (Zip, MPEG, PNG ... )

- Principle Component Analysis (PCA)
- Kernel Function in SYM { original space = hyper
space )

- Abstracted Data = 1 A2 22} H|0|E| & 4 HS}= Feature2} 1 2 £= Q1S Z{0|C}

- Feature learning 0| A SO 2 0|2 A= AHo|gt&2 =9l
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Why? Deep Learning

«» Auto Encoder

Input

Hidden Prediction

reconstruction

x € [0, 1]4—>

y=s(Wx+b) —>yec[0,1]" —> z=sWy+b) — zZ
(predication of x ) —x’

/

e

Encoding/Decoding Error

L(x,z) = ||x — z|? .. real value case
d bit t
: ) ... bit vector or
Lulx,2) = - Z [xk log zy, + (1 - X;,-) log[l - zk)] ... vectors of bit probability
k=1

Cross-entropy

29

Learning Representation for NLP

No more handcraft feature engineering!

r =~ r =~
= color =‘red
= shape =‘round’
* |leafs =‘yes’ Numbers
= dot =‘yes’
| |
~ - “ -

- ALZHECALIFE TE BlE EREWAIE A2 By
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Learning Representation for NLP

+ One-hot representation (or symbolic)
» ExX)[00000010000000000]

» Dimensionality
50K (PTB) — 500K (big vocab) — 3M (Google 1T)

= 20K (speech) —

% Continuous representation
» Latent Semantic Analysis, Random projection

» Latent Dirichlet Allocation, HMM clustering
» Distributed Representation (Neural word embedding)

= Dense vector
= By adding supervision from other tasks -> improve the representation

31

Learning Representation for NLP

+ Distributed Representation
> DNNOI JIZ& Al Z2HEES0l dloil 2 2010 U= X2 & AAH A=s &
Xl ObjectE E& & [ Symbollfl 2| E6HA 2 =C= EO0ICH
[ Representation ]
Cat LT
. l l Distributed Representation
One-Hot Representation
[34.2,93.2,45.3, ..]

[0,0,0,1,0, ..]
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Learning Representation for NLP

+ Distributed Representation
> FALS A2 'FAGHHT ER T 0F &

> Curse of Dimensionality =5 Jts

¢
é

Apple =001
Pear =010
Ball = 100

|

Distance(Apple ~ Pear) = Distance(Apple ~ Ball)

Learning Representation for NLP

Local Representation Distributed Representation

many features, each of which can separately each be

Only one neuron (or very few) is active . . X
active or inactive

e
|23
| Lo
Cat Cat | 4.2
| 53
| 23
L
[0,0,0,0,0,0,1,0,0,0,0,0]
- One-Hot Representation - Word embedding
- Integer Space - Real value space
- VerySparse - Dense
- Very high dimensionality - low Dimensionality

B) word = hash to DB Access?
It means ‘integer’ space.
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Learning Representation for NLP

N

// \\
Aanguage Model

/ Scoring N\
,// \\\
’./ \\
// \\\
// \
Word-Word
/ - - - !
/ Relationship Learning \
/ \
/
/
y

Word Embedding

i-th output = P(w; = i| conrext)

softmax
[ X ] [ X X ]
Y
. .
most] computation here \

Input : Words

in
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look—up

index for wy_y4g

shared parameters
across words

index for wy_» index for w;_,

Learning Representation for NLP

Neural Language Model — Big Idea

Language Mo dél--\_
' Scoring
Ay

Word-Word
Relationship Learning

Word Embedding

Input : Words

Score(Aff3], &, B0 L4 2)

-

Score(Aff3], =, O], 2L R)

< Score(Af3, & B0} HE

\_ Score(Af/a}, —i,E,AL%"Oﬁ F28IL[Cf)

vector

table

AHBH

/._.’ A
\

\
vector vector
table table

= =0l

> Score(M5), £, B0, HE)

H ANEOIE Y Rl dEHe] QYA B EHE0 0| LIEL RS NN & EaAZICh
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Learning Representation for NLP

s Good One — Word Representation
We can compare words without any extra knowledge such as word net!!!

Neural word embeddings - Visualization need help

2.3 take

1.0 give keej - b
has 4.2 S make  get
5.3 e see continue

23 Bxpect want become

think

emain

beer
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Learning Representation for NLP

¢ Neural Network Language Model

« Idea
input projection hidden output

— A word and its context is a - —
positive training sample wed) | L

— A random word in that sam u
e context - negative trainin —
g sample wt2) R wit)

— Score(positive) > Score(neg.) u v w

« Training complexity is high nlld
— Hidden layer - output w(t-1) '@/
— Softmax in the output layer B |

Shared weights
= Word embedding

» Negative sampling mnmnmm

+ Ranking(hinge loss) 1(boy) 001 e o

2 (gir) 002 022 -0.05 0.04 -04

« Hierarchical softmax
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Learning Representation for NLP

+ Back-Propagation Algorithm

m Gradient descent algorithm w.r.t. error £.

0E : ’ ’
0E J0E Onet,
Wi & W, — 15— = ’
ow,. 6w“. anetf Bw”

o0E

A Output layer (Xy) o = dnet
j

TT—
Lw,

Layer 2 (X;)

Xj = f():iwijxi‘l' 9) W
o

Layer 1 (X,)

—w,

Input layer (X;)

[eubis 10118

o = f’(netj)Zwij Bj-
7

alnjes)

<
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Learning Representation for NLP

+ Ranking-based (Collobert)

Ranking(hinge loss)[2,11]: max(0, 1 - s+ s5.)
[ Ranking(logit loss): log(l + exp(s. - s)) } -> 2 A+ 37t

input  projection hidden output

w(t-2)

u v w s,
— || |
/l

w(t) or w (t) n\g/}

Negative sampling — Shared weights
= Word embedding
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Learning Representation for NLP

< Recurrent Neural Network

wit]

« RNN

— The hidden layer s(t)
maintains a represen
tation of the senten
ce history

41

Word
embedding

s{t)

yit)

Word2Vec: CBOW, Skip-Gram

Remove the hidden layer -
Speedup 1000x

— Negative sampling

— Frequent word sampling

— Multi-thread (no lock)

Continuous Bag-of-words (CBOW)

— Predicts the current word given the con
text

Skip-gram

— Predicts the surrounding words given
the current word

— CBOW + DropOut/DropConnect

42

Input

wit-2) |

wi(t-1)

wit+1)

w(t+2) v

Input

wi(t)

projection output

Shared
weights

projection output

wit-2)

- wit-1)

wit+1)

wit+2)




Tools for Word Embedding

+» Word2Vec
> https://code.qoogle.com/p/word2vec/

> http://deeplearning4j.org/word2vec.html#just

» Ubutu & (JAVA)
= GooglecodellAl Y 22 E
= svn checkout http://word2vec.googlecode.com/svn/trunk
= trunk Z2EC 0 It CI22E &

islab@islab: ~
.islab@tslab. % svn checkout http://word2vec.googlecode.com/svn/trunk
o trunk/word2phrase.c
A Ttrunk/LICENSE
A trunk /word-analogy.c
A trunk/compute-accuracy.c
A trunk/demo-analogy.sh
£ trunkfdemo-classes.sh
A trunk/demo-train-big-model-vi.sh
A trunk/demo-word-accuracy.sh
£ trunk/demo-phrases.sh
£ trunk/questions-words.txt
A trunk/demo-phrase-accuracy.sh
A trunk/demo-word.sh
A trunk/distance.c
A trunk/README. txt
A trunk/questions-phrases. txt
£ trunk/word2vec.c
A trunk/makefile
= |H| M a=z.
lab:~% 1s

va_error_in_PYCHARM_26892.lLog

lab@islab
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Tools for Word Embedding

% Word2Vec & X
> Make @& &/t

= Warning2 S Al

islab@islab: ~ftrunk

examples.desktop
rror_in_PYCHARM_2689.1log

bl 7
Jtrunks make
gcc wordz2vec.c -o wordzZvec -Llm -pthread -03 -march=native -Wall -funroll-loops -
Wneo-unused-result
gcc word2phrase.c -o word2Zphrase -1m -pthread -03 -march=native -Wall -funroll-1
oops -Wno-unused-result
gcc distance.c -o distance -1lm -pthread -03 -march=native -Wall -funroll-loops -
Wno-unused-result
distance.c: In function “main’:
distance. 1:8: warning: unused variable ‘ch” [-Wunused-wvariable]
char c
~

gcc word-analogy.c -o word-analogy -1m -pthread -03 -march=native -Wall -funrol
-loops -Wno-unused-result
word-analogy.c: In function “main’:
word-analogy.c:31:8: warning: unused wvariable “‘ch’ [-Wunused-wariable]
char ch;

gcc compute-accuracy.c -o compute-accuracy -1lm -pthread -03 -march=native -Wall

-funroll-loops -Wno-unused-result

compute-accuracy.c: In function ‘main’:

compute-accuracy. 9:109: warning: unused variable ‘ch” [-Wunused-variable]
char sti[max_size], stZ[max_size], st3[max_size], st4[max_size], bestw[N][max

_size], file_name[max_size], ch;

~

chmod +x *.sh
islab@isla /trunks B




Tools for Word Embedding

< Word2Vec &!/'&H

-

islab@islab: ~fword2vec/source

islab@islab:~/word2vec/source$ 1s
LICENSE demo-train-big-model-vi.sh questions-words.txt
README. txt demo-word-accuracy.sh texts

compute-accuracy demo-word.sh word-analogy

compute-accuracy.c distance word-analogy.c

demo-analogy.sh distance.c word2phrase

demo-classes.sh makefile word2phrase.c

demo-phrase-accuracy.sh naver_word2vec.txt word2vec

demo-phrases.sh questions-phrases. txt word2vec.c
.islab@islab:—-,’wordZ\:ec,fsourceS ./word2vec -train ../data/yahoo_wordembedding.txt -o.

utput ../datafnaver_word2vec.txt -size 64 -iter 50

Starting training using file .. /data/yahoo_wordembedding. txt

Vocab size: 338381

Words in train file: 247197230

Alpha: ©.849916 Progress: 0.17% Words/thread/sec: 474.26k I
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Tools for Word Embedding

% Word2Vec parameters
» -output

- 220t

» -size
= M A S word vector2| Xt& (default value: 100)
» -windows
= Max skip length (default value: 5)
» -cbow
= 1: continuous bag of word model, 0: skip-gram model
» -iter
= UHS 3 (default value: 5)

» -min-count
= NE =20 & L2 @0 XA (default value: 5)

» -save-vocab

» -read-vocab

- SHOS=2 012 NF e




Tools for Word Embedding

s Word2Vec & &MY ILCH
> -train
>

o
Ao

oYz o 2ol 2% NHEE Al

2086 £/ A7) /me /e 2EE e AAmE 20m L/ Fme /a8 7He e Ame 3/ S &/ £3ae 34w 2/ 22
BRI 505 L/ETH 4G /TR0 BV ST E Z/EC SIS/ /00 RhE /MR ELEC SULRs UG <)/ S /IR /8T TG /5
Atkhne 2 $/mE o6 el me 74w Q8w EU/Ec B4/ s e Sl kv e /5

/e $eiuzme 71E /M /08 2/ Rl /e 7S Fms v A/ S0 e s

SHALNG /K8 FE/G 300 SE/me /e B SARM AK 29/me o/ ks AW A/ %K &5 A/MB /R 7l/me Ee dE MR

> Tutorial

= http://alexminnaar.com/word2vec-tutorial-part-ii-the-continuous-bag-of-
words-model.html
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Tools for Word Embedding

*+ Ranking-based Model

> https://bitbucket.org/aboSamoor/word2embeddings
» Python, Theano

» Result file (pickle)

* a =np.load(sys.argv[2])
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