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Learning

Regularity

*« Data -

* D = {X;, ¥;}ieq ~P

s Predictimll7 e y € {1,2,...,C}
x€ER y ER
« Learning

* Lcarn prediction function f(X) € H from data D
* H': Hypothesis set / Candidate set / Model set
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Representation of Data

 Each datum is one point in a data space

x € RP
y€{1,2,..,C}

Data space

RD

=[1,2,5, 10, ..]T

\

D clements
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Assumptions for Learning

* Trained data and data for

prediction
are randomly chosen RS ok
from the same population - INE
= Randomly generated from ’
the same underlying density
function
Regularity exists / f;zb\\\\
(e
\ NS/
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Again, Learning

Regularity

*« Data /

* D = {X;, ¥;}ieq ~P

s Predictimll) e y € {1,2,...,C}
x€ER y ER
« Learning

* Lcarn prediction function f(X) € H from data D
« H': Hypothesis set / Candidate set / Model set
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Supervised Learning and Prediction

* Method
* Learning from examples and classifying an unseen data

classifier

rai New \
Yi !\r !
»Yifi= :‘jl:f:cn\ F(%; Grearned) label
e (a horse)

y(x:D)
[Based on the assumption of regularity]

-
l
—
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Comparisons on Classifiers

* Problem )

Lo e e x € R2
.. ) .:. .:I.-:'- .& - :. -. . E‘o N ..- .-. y -.: »

. R ‘a g y € {1, _1}
et Tt e T

'1 [~ _:o.‘
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Classifier 1: Divide Data Space into Bins

T S e {+1,-1)
e ex I Yy

—__________...__________.___.,u________..______:_______.__________;.,_____._ - R -

N
EHENR N S 2 vil(xi € bin(x)) > 0
B R I =1

il RRNN A h(x)=—1if
'2f _________________________________________________________________________________________________________________ N
°l Zyill(xi € bin(x)) < 0
e P
: : : : : i = class-1
R’y 1 0 1 P 3 4 .
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Classifier 1: Divide Data Space into Bins

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

:""'1'“"'“‘!" """""""""

""""""""""""""""

SRR S,
el Dl h(x) = 41 if Y Nyid(x; € bin(x)) > 0
T e B e i=1

kakaobrain

.v‘J:-'?:L‘I-.:‘I‘ h(x) = —]1 if ZNy.ill(x,- S hll’l()()) < ()

=1
— |9| — 2Number of bins

Data [ 2 Bayes error
Dimensionality t > intractable

- Local structure

N
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Classmer 2: Comoare Dlstances to Means

m — E X m_, =
ol +1 7\'1 i 1

uyi=+1 . za/:—l

A, o N
1+ "L Lot 3 . :o “ N : |
IR :- s 4 . h(x) —— +1 lf

S ﬁ]“ (my; —x)* < (m_y —x)°

LY
=
S

|

= —1 if
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Classifier 2: Compare Distances to Means

mH—AL,Zx,, m—1=%'z Xi

l l;!j.—+l

1 m { . | '
R A(x) = +1 if (me1 -7 < (moy - x)’

—= h(x) =—1 if (my; —x)° > (m_; — x)°

—~

Dimensionality T = Can be handled

—

_ Data® - Bayes error is not achieved
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Classifier 2: Compare Distances to Means

Linear Classifier

. .
.f (myy —x)* 2 (m_; —x)*
i
’
l" ‘2 ‘ i 2 -~ ‘ T 2
o ; m+1—2m+r1x+x Zm’,; —2m_ X+ X
m ‘\'Q‘w o
b -8 - + . mi, —m?,
w x<b
!
!
! w'x>b
4
! ‘
! m?, —m?

W =my, m.,, b -

2
hix)=+1 if wx—b2>0
h(ix)=—=1 if wx—b<0
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Classifier 3: k-Nearest Neighbor Classitier

' El

k=5
Majority voting

}- Dimensionality | = Can be handled

’5 Data t = Bayes error is achieved
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Classifie_r 4: Gaussian Model

+- Use model of class-conditional density

bl PO | h(x) =41 if

-

o- .;.'. : p(x;041) 2 p(x;0 1)

1- h(x)=—1 if

: | p(x;04) < p(x:0_1)
N -

: -
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Bayes Optimal Classifier

* Our ultimate goal is not a zero error
p1(x) p2(x)

p1(x) > p2(x) | p(x) < pa(x)

| R

Y )
Y= ] — ey =2
(Optimal) Bayes error

1 , A
BRains = §/min[p1(,x),pg(x)]dx

Bayes classifier

Figure credit: Masashi Sugivama
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Generative vs. Discriminative Methods

* Generative methods p(x,y) B |
* Gaussian class-conditional model p(y =1|x) = pixly=1Dp(y=1)
- Graphical model p(X)

* Restricted Boltzmann Machines

* Discriminative methods Learn p(y = 1|x) directly
* Support Vector Machines (SVMs)
* Logistic Regression
* Artificial Neural Networks

kakao brain Machine Learning Basics - Z2&
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Generative vs. Discriminative Methods

* Generative vs. discriminative pair
* Same number of parameters, same form of f(x)

Risk . .
Logistic regression
upper TR
(discriminative)
bound

Naivc Baycs
~___~(generative)

Hes P (D) sample size Ng & Jordan, 2001, NIPS
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Quantify the Evaluation

*+ Mecasure of quality: expected loss

e |, = ]EP[I(YJf(X))]

» Estimated error
« L= an(yn:f(xn))' JX) EH

* Examples
* Classification
* Regression
* Clustering

s S T

T h)
|

=) m
2 n
2n

Bowoer “mow» 1w

I(yn # f(xn))
[[Yyn — f(xn)”2

mine ||lyn — f(xn)||?

Zloas
—_ =

- a3

|(a kao brain Machine Learning Basics
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Generalization and Overfitting

2 .
Y =a,x" +ax+a,+ Noise

Y \
o
n
o _ a
n I o n
E =}
a®
x’ X
Underfitting Just right! ‘ overfitting
— 10
y=ax+a, y=a,x’ +ax+a, Y=a,X +..+ax+a,
Early Stopping: AC“X"’CV
Asympototic Training Accuracy
B S S S RS- . ————— - D D G5 5 a» 5 e
|
i Training set
BestTesting | ______ " - T
Accuracy E Testing set
. I
' [
]
4 .
o : |
! |
" [
' [
1 1
‘> - L )
— Optimal Training Efforts x’

A Stopping
Point
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Generalization and Overfitting

* Minimizing estimated error

Error

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

Baves error

Smaller 74 Larger 2
kakaobrain (Simple classifier) (Complex classifier)
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Generalization and Overfitting

Evaluaticn

Trainng Set
Evaluation

Evaualior

kakao brain Machine Learning Basics - Z2&
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Feasibility of Learning

kakao brain Machine Learning Basics - Z2&
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A Puzzle Example

*« A simple learning task
* 6 training examples of a +1 target function

-k AR

kakaobrain Machine Learning Basics - 222 24



A learning puzzle

*« There 1s more than one function that fits the 6 training examples
* Did vou say f = +1 ? (f measures symmetry)
* Did vousay [ = —1 ? (f considers only the top left pixel)

* Which 1s correct?
* We cannot rule out either possibility!

kakao brain Machine Learning Basics - Z2&
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Inference outside the given data set

*« In the training data D, we know the value of f on all the points
 But this does not mean that we have learned f
* No guarantee that we know anything about f outside of D

« We know what we have already seen
» But that’s not learning but memorizing

« Key question: does the data set D tell us
* anything outside of 1) we did not know before?

« [f the answer 1s yes, then we have learned something
* Otherwise, we can conclude that learning is not feasible

kakao brain Machine Learning Basics - Z2&
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Inference outside the given data set

*« We will show: we can infer something outside D using only D
* In a probabilisitic way, giving up knowing about f “for sure™

* What we infer in this way:
* Will establish the principle that we can reach outside D

« We will take this principle to the general learning problem
* And determine what we can and cannot learn

kakao brain Machine Learning Basics - Z2&
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Again! Assumptions for Learning

 Trained data and data for
prediction
are randomly chosen
from the same population
= Randomly generated from
the same underlying density
function
= Regularity exists

kakaobrain

28



A ‘bin’ experiment

*+ Consider a bin with red and green
marbles (possibly infinitely many)
* Plpicking a red marble] = p,
Plpicking a green marblel =1 —pu
* The value of i : unknown

" SAMPLE

ssecsecse
ft = fraction of red marbles

* Pick N marbles independently (with

rep]acement) 1. = probability of red marbles

* The faction of red marbles within the
sample £ [

kakaobrain Machine Learning Basics - 222 29



Inferring with probability

@ Do you know p7
No
Sample can be mostly

@ Can you say something about u?
Yes

i is “probably” close to u

Ll = probability

kakaobrain e

while bin is mostly red

SAMPLE
(TITTYYTYY

A

H = fraction
of red marbles

30



Hoeffding inequality

for any sample size N and € > 0 :
Pli — ul > €] < 27V

* P : probability of an event (here, with regard to random sample)
* The bound does not depend on u or on the bin size

* In words

* As the sample size N grows, it becomes exponentially unlikely that £ will deviate
from p by more than our ‘tolerance’ €

kakao brain Machine Learning Basics - Z2&




Hoeffding inequality

*+ Are the bin model and learning connected?
* You may wonder how the bin model and learning are connected
* The unknown in the bin problem: just the value of u
* The unknown in learning: an entire function f: X —» Y

* The two situation can indeed be connected: we’ll show that
» u ~ the crror rate a hypothesis makes when approximating f

kakao brain Machine Learning Basics - Z2&
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Verifying a Hypothesis

*+« Bin = input space X
* f is unknown -2 the color of each point in the bin is unknown

* But, if we pick x randomly w.r.t some probability distribution P over X
oo red  with some probability u
= with probability 1 —

<akaobrain
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Again the bin experiment

*« Bin coloring = hypothesis h
* Take a particular hypothesis h € H and compare it to f on each
xeX

: L o h(x)# f(x)
.« x = {97'6971 if h(x) = f(x): hypothesis right . hx) = f(x)

red if h(x) # f(x): hypothesis wrong

* Note: a different A will give a different coloring of
the balls in the bin

kakaobrain Machine Learning Basics - Z 34




Verifying a Hypothesis

*e Sample = training data set D
* Training examples play the role of a sample from the bin /

* If points x4, ..., xy in D are picked independently according to P L5055
* We will get a random sample of red and green points A T TN
R [ red  with probability u ®

'.'.vAvAv-_a'AYL
Dy Sy vt oyt m kA
\\ « A

with probability 1 — u

* The color of each point in D will be known to us ¢
» Since both fi(x;) and [ (x;) are known fori =1, ..., N ..E..'.f.".
* Remember: D is our training data set in 2}

kakaobrain 35



Verifying a Hypothesis

* Both i and our belief in ¢ depend on which hypothesis A is used
* [i1s in-sample error denoted by E;, (h) B (k)
* u is out-of-sample error denoted by E,q;; (h) o

e For a particular function h:
o E,n(h) = Exp[h(x) # f(x)] (out-of-sample, unknown)

& p “e%e% e
! ~Y-.».‘-¢.-,A,A‘
o En(h) = ﬁZ,’:’:I[h(x,,) # yn|] (in-sample, known)
“h
o Now we can infer E, (h) from E,(h)! Lin(h)

36



Verifying a Hypothesis
o For any h, when sample size (N) is large:
P[|Ein(h) — Eout(h)| > €] < 9e—26*N

e "En(h) = Eou:(h)" is probably approximately correct (PAC)
@ How is this useful?
o If E,(h) = Eout(h) and Ej,(h) is small

= Eout(h) small

= h = f with respect to P

e Given a hypothesis h = sample N data = E;,(h) to “verify” the
quality of h

@ Can we apply to mulitple hypothesis?

kakao brain Machine Learning Basics - Z2&
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Generalizing the bin model

*« In order to capture real learning
* See if we can extend the bin equivalence to multiple hypotheses
* Different h = different g = different approximation of u

Iy ho hoat

A A AR A A A > AR A A AL
¢¢¢¢/¢¢¢¢ YV AAAAASA

e000000 0000000 eo00000e
ji1 ji2 firt

kakaobrain

38



Generalizing the bin model

*s Considering a finite number of hypotheses

» Consider an entire hypothesis set H instead of just one h

* Assume for now H has a finite number of hypotheses
. H = {hl' hz, “ep hM}
* We can then construct a bin equivalent by having M bins

h; hz

EOU t ( hl ) E’O‘.ltv ‘ hQ \’
\ ¢ \ J

\ ! 5 ¢

kakaobrain Ewih))  Ein(ho)

( TR I X 1 ]
Ein ( h’ﬂ! :'
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Generalizing the bin model

* Considering a finite number of hypotheses
* Using the union bound

P“Ein(g) - Eout(f]” - FJ < ]Pl IEin(hl) - Eout (hl)l > €
or |Ein(h‘2) - Emlf(h‘;_'” o -

ar IEin (hA\I) o F:‘out.(h'f‘.f” > (]
M
Z Il:D|En| (hm) — Efmt(h"m)’ -2 E]

m=1

VAN

— 9N
2 W LE I
2Me

<<
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Generalizing the bin model

Pl|Ein(g) — Eout(g)| > €] < 2Me=2¢°N

Two questions:
(1) Can we make sure E,ut(g) =~ Ein(g)?
(2) Can we make sure E;,(g) =~ 07
M: complexity of model
@ Small M: (1) holds, but (2) may not hold (too few choices)
(under-fitting)
@ Large M: (1) doesn’t hold, but (2) may hold
(over-fitting)
@ How to handle infinite M? (will discuss in next lectures)

kakao brain Machine Learning Basics - Z2&
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What is the ‘machine’?

- Computer o
- A system, not a (human) brain mf“’" Q
posh (Y
- Model |
o Mathematical abstraction of a system T
= Equation / @%f;f 3
= Function won G0 \‘&Z"s;);\,\
© Element, structure, parameters, state, dynamics, ... -‘nf\;,@éz;{‘x/ b
o Deterministic / Probabilistic — _@ff 252\\: E‘f{
N S

kakaobrain Machine Learning Basics - Z




What is "Learning"?

- E: experience

T tasks

» P: performance measure

» Learning = improving P at T with E

» Training?

|(a kao brain Machine Learning Basics -

44



Learning = improving P at T with E

T (Task) = Something Done (Output)

- Examples o Forecasting
o Diagnosing s \Weather
= Diabetes » Stock price
= Cancer .
... o Recommending
° Driving = Product
= Car .
= Helicopter

o LI )

 Decision theory

kakao brain Machine Learning Basics - Z2%&



Learning = improving P at T with E

E (Experience) = (Training) Data

Supervised learning
o Learn w/ answers (class)

o Classification ?jﬂ&“ sepallength | sepalwidth | petallength | petalwidth class
u YeS/NO, A/B/C/D, T Numsric Numeric Numeric Numseric Nominzl
o Regression 43 4.6 3.2 1.4 0.2ris-setosa
el e | |
. i : : : : 2|lris-setosa
Unsupervllsed Ieammg 51 1.0 3.2 4,7 1.4/lris-versicolor
© 'éfart” w/o answers (no class) 52 6.4 3.2 4.5 1,Gllris-versicalor
o Clustering : ; ; Elire—uaral
o Feature selection / Dimension reductigi gg 3; 3'3 :g:::g_:g:z:zg:g:
- Semi-supervised learning 55 6.5 28 45 1.5lIris-versicolor

o Web image auto-tagging
Reinforcement learning
o Chess

kakao brain Machine Learning Basics - Z2& 46




Learning = improving P at T with E

P (Performance Measure)
= Target (or Loss) Function

 Error rate?

« Euclidean distance

o e.g. , Wwhere e(n) = d{(n) - y(n)

d

. @— High Finess - _
AN . _

. &= 5263(7’») 8~ TGN |
* Log Probability ) 27 e \|
o e.g. L(w) =- X log P(y=d®IX®) 3 s
- Information theoretical measures Rl . SNRN
o Mutual information IS L
o KL Gone A \\X\.;-: . -’;’;'/fG’;l.'liB

kakaobrain




Neural Networks

|(a |(ao brain Machine Learning Basics -
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History of Neural Network Research g, Nework Times

ﬂ

Neural network Deep belief net Goc 8'(
Back propagation : cience Speech l”\’\ GENE

|

2006

1986

2011 2012

deep learning results

d.& | Herwised pre- tralnlng

1 U. Toronto 0.15315 Deep Conv Net 10G)
2 U. Tokyo 0.26172 Hand-crafted tures
3 U. Oxford 0.26979 :‘eatures ano('j |
earning models.
4 Xerox/INRIA 0.27058 Bottleneck.
TERRREERRE 'U

Deep N@WWWWFWEP@%M% -

' izep Leorning lzads ko breakthrouch in speech recogniion at MSRL
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1. Automatic Colorization of Black and
White images

50



2. Automatically adding sounds to silent
MOVies

S Ient vi deo

I(a kaO bra l nttp //vis.csMaghing Learning Basics - Hes
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3. Automatic Machine Translation

5.2. Demo o

4= O 4| e 217 A7 5 TS NOL 43Sy 10 GeCide which 2xampie 10 use N 3 Semonsurat

Of2ie] T2 H0AM N2MTE AR & g LCL
» Papago £%¢¥ (RHIY #A)
» Labspace NMT : httpy//labspace navercom/nmt/

k d k d Okbﬂ‘ ai\n«.slideshare.h/el@@c!‘\}ia@/ i%@a{gml&gdB@e%@ﬁﬁl%}%ﬁtmnslaﬁon—67 4

52



4. Object Classification and Detection in
Photographs

Inerson

wlty

M g . -
aeling WA epratibn fengzcand g motor C}‘ C| ~
904 oyzlng et mantron docutbon MEmoene: 0ok akatng

wed hoye s mring Wweleg herd s M\'agbv":uhg

St merthem pestahibn e [conabyani

Llamaalvon pdirc apocd shalig s jraagl saslur iag

F‘\:“uv T3y :

YO L]

uv“if" - !

H.-ad.

Lzie lmtioadl [IETS

e o &ty errabioni o whirewer Lviing Indoew amarvan ool b avdeg

=orber wet telenak o ing ralsy zra faabudl rondas

] bogpany i shany haraling cipdiam [l ey

S T LRI Nocng o Sarhall o ey acrlon arovclig
rund iy oo s raciag Wiy adremiurc niciog warne s o e bul ridkey

Convolutional Neural Networks

kakao bra|n Machine Learning Basics - Z2%& 53
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http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf

5. Automatic Handwriting Generation
[\JIOLC/L/&,\/\Q\ L\_QQ_ «/\J\/\AD ﬂa S Lv\,.\/
MO&O(/U W2 L’de\fj WMVL@ J

H)L adﬂ)f\m Lo Mn8 ﬂ/lag'\w

http://www.cs.toronto.edu/~graves/handwriting.html

kakao brain Machine Learning Basics - Z2&
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6. Automatic Text Generation

FANDARUS :

Ales, T +hink he shall be come epprcached and the day
When lit<le srain would be at<ain'd into being never fed,
And who is but a chain and subijects of his death,

I ghould not sleap.

Second Senator:

They are away this miseries, produced upon my scul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKZ VIKCENTIO:
Wall, yeur wit is in thae cara of sida and that.

Second Lard:

They would be ruled after this chamber, and

my fair nues begun out of the fact, to be conveyed,
whose ncble souls I'11 have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
T'11 drink it.

http://karpathy.github.io/2015/05/21/rnn—effectiveness/
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7. Automatic Image Caption Generation

‘man in back shirt is playing ‘construction worker in orange

Quitar, salety vest is working cn road, lego Loy

"girl In pink dress Is jumping in ‘black and white dog jumps over young girl in pink shirt is
ar' bar’ sWinging on swirg.”

http://cs.stanford.edu/people/karpathy/deepimagesent/

kakaobrain
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8. Automatic Game Playing

kakao brain Machine Learning Basics

_ZloA
O =

S/


https://youtu.be/TmPfTpjtdgg

Basics of Neural Networks

kakao brain Machine Learning Basics - Z2&
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Classification Problem

- OJO[E] x7} =O{XS mff SHEtE|= B0]|E yE FH= 25|
« ex1) x: AtEte| U2 O[OfX|, y: AtEfe| 0|2
. ex2) x: B $X|, Hot 4%, Aluts - o

L_
y O17T, - O

0
o
. ex3) x: Azl 242, y: B0l Esis 2

 x: DX} #IE{, y: ™M= (Discrete)

« CHEXQI i QA Y2 [E
« Support Vector Machine
* Decision Tree

» K-Nearest Neighbor
 Multi-Layer Perceptron (Artificial Neural Network; 215 41Z3)

|(a|(ao brain Machine Learning Basics -




Perceptron (1/3)

impulses carried
toward cell cody

o branches
dendrites \\‘/( r,,/ of axon

axon
terminals

’\ ~
?‘ \ mpulses carried

away from cell body

LN wy

*@ synapse
axon from a neuron
W

call body

- -~

/mu hody / (Z n— b"
\ i )

wia
vw;.c,-&-b f* -
autput axon
\ y i
aclivalion
Waits g = function

http //lcs231n.stanford.edu/slides/

|(a|(ao brain Machine Learning Basics - 4=
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Perceptron (2/3)

Arlificial Neural Nelworks
The Ferceptron
I/i\ Activation
\x/l‘ Fundamental unt of a Neural Networs ,,/' funclion
l/;\l \\" w: g\\ P ,,/l,
U~ S VY o
. w' o N (" \ \l
TN ,/'(\ z) \ — / i
\ X2 W | /"\'/ \\\ J ! [
\/ /z - | |r Zu’v'r‘>0
/’ ouiput = 4 i)
AW L -1 otherwise
,/' E WX, .
/,..\-\'" weights pr S
I\\xo /’ ="-Xx
Inpuls

kakaobrain

Machine Learning Basics -

Z1
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Perceptron (3/3)

wi1*x1 +w2*x2 +b =0

kakaobrain Machine Learning Basics - 222 62



Parameter Learning in Perceptron

start:

The weight vector w is generated randomly
test:

A vector x € P u N is selected randomly,

If xeP and w-x>0 goto test,

If xeP and w-x<0 goto add,

If x e Nand w - x <0 go to test,

If x e Nand w - x =0 go to subtract.

add:
Set w = w+x, goto test
subtract:

Set w = w-x, goto test

kakaobrain

Machine Learning Basics - 2424

Cquation of hyperplane:
XeW-8-0

XeW-b=4

L on tais side
W Uit vector nonmal

W o hyperplane \

N

Origin XeW-0<0

on this side

a4~
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Perceptrons

kakaobrain

Machine Learning Basics

- 21
=

A=)
—

4
=]
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Perceptrons

Ol O|O| O

kakao brain Machine Learning Basics - Z2&




Perceptrons

OO O] O
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Perceptrons

kakaobrain

6/



Perceptrons

kakaobrain

Fails to fire,
so add proportion,

1, to weights.

OO O] O

Machine Learning Basics -

-

A=)
—

N

=1

—
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Perceptrons

X, |x, |o
n = .01 0 0 0
_06+.01x1 0 1 0
1 0 0

1 1 1

.05+.01x1
 »
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Perceptrons

OO0 OO0

kakao brain Machine Learning Basics - Z2&




Perceptrons

OOl O] 0

WRONG
Decrease!

kakao brain Machine Learning Basics - Z2&




Perceptrons

X, |X, |o
n = .01 0 0 0
-.05-.01x1 0 1 0

1 0 0

-.09 1 1 1

.06-.01x1

kakaobrain

Machine Learning Basics
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Perceptrons

kakaobrain

Machine Learning Basics
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Perceptrons

X, |x, |o
n = .01 0 0 0
_06+.01x1 0 1 0
1 0 0

1 1 1

.06+.01x1
 »

kakao brain Machine Learning Basics - Z2&




Sigmoid Unit

Classic
Perceptron !
(.8 +
Sigmoid function is 061
Differentiable (_ 4/_
q A ..'
co(x o .
SUNPTRTEE) A
cx
6 -4 -2 2 4 6
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Learning Algorithm of Sigmoid Unit

Target Unit

Output
e Loss Function \ /2
e =(d-f)
* Gradient Descent Update B of

kakaobrain

ﬁ=—2(d—f)gX=—2(d—f)f(1—f)'X

f(s)=1/(1+€°)
f'(9)=1(s)1- 1(9))
W—Wereld-/f)f1-)X

a4~

Machine Learning Basics - 2424
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Need for Multiple Units and Multiple Layers

« Multiple boundaries are needed
(e.g. XOR problem)

-> Multiple Units

* More complex regions are needed
(e.g. Polygons)

- Multiple Layers

http.//cs.stanford.edu/people/karpathy/convnetjs/demo/

Machine Learning Basics -
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http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

Structure of Multilayer Perceptron

outpul layer
input layer

hidden layer
“2-layer Neural Net”, or \\

“1-hidden-layer Neural Net”

http://cs231n.stanford.edu/slides/

Machine Learning Basics - Z2&

input layer

oulput layer

hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”

“Fully-connected” layers

N
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Structure of Multilayer Perceptron
(MLP; Art|f|C|aI Neural Network)

F st laye (k& 1-th laye k-th layer
' i b1y




Learning Parameters of MLP

* Loss Function Target Uit
* We have the same Loss Function \ O}tp”t
» But the # of parameters are now much more
(Weight for each layer and each unit) e =(d-f)

« To use Gradient Descent, we need to calculate the
gradient for all the parameters

* Recursive Computation of Gradients

« Computation of loss-gradient of the top-layer
weights is the same as before

* Using the chain rule, we can compute the loss-
gradient of lower-layer weights recursively (Back
Propagation)

kakaobrain Machine Learning Basics - 222 80




Back Propagation Learning Algorithm (1/3)

* Gradients of top-layer weights and update rule

e =(d-f)
0€
W——z(d f)— =-2(d- Hfl- HX

W—Wa+celd-/)fd- /)X

* Store intermediate value deltig® _ —(d-f
| = (d-H-2L
for later use of chain rule aéf aé/

=(d-HFf1-1)
kakao brain Machine Learning Basics - 225 81




Back Propagation Learning Algorithm (2/3)

Weighted sum

* Gradients of lower-layer weights ﬁ

2 % -\ de de s 0e
. % __>2,\ // ' i I i i
o e o/ - -2(d - f)éy XD = g (IxU-D

g a(d-[)

as\/ ds/

Local gradient

I

_2(d f) (])

Gradient Descent Update rule (/) (j) (s (Jw(j-D
for lower-layer weights Wi N Wi ¢, 61‘ X
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Back Propagation Learning Algorithm (3/3)

* Applying chain rule, recursive relation between delta’s

mj+1
61'(] ) = fl (J )(1 — fl,(f ))2 61,(1 ”)wi(/ +1) Algorithm: Back Propagation
=1

Randomly Initialize weight parameters

Calculate the activations of all units (with input data)
Calculate top-layer delta

Back-propagate delta from top to the bottom
Calculate actual gradient of all units using delta’s
Update weights using Gradient Descent rule

Repeat 2~6 until converge

Nookob=

kakaobrain Machine Learning Basics - 2122 83




An example of the MLP

» Example 'j’"‘"""“”"'""‘ﬂ P = 64-2-3 network for
T ﬁ ﬁ ﬁ # classifying 3
o ;; characters
g | | £ * 64-dim inputs
« 2 hidden units
= 3 output units

» Learned i-to-h weights

(b) Ieat:ned input-to-hidden ﬁ'e gts = Describe feature
groupings useful for

kakaobrain Machine Learning Basics - 2122 84




Applications

* Almost All Classification Problems
* Face Recognition
* Object Recognition
* Voice Recognition
« Spam mail Detection
 Disease Detection
* efc.

Sl O SR | R LU0 W bR b 1\ ¢
T EE SRS A YRR T I

S
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Limitations and Breakthrough

* Limitations
« Back Propagation barely changes lower-layer parameters (Vanishing Gradient)
« Therefore, Deep Networks cannot be fully (effectively) trained with Back Propagation

T

L

Back-propagation

* Breakthrough
* Deep Belief Networks (Unsupervised Pre-training)
« Convolutional Neural Networks (Reducing Redundant Parameters)
 Rectified Linear Unit (Constant Gradient Propagation)

kakaobrain Machine Learning Basics - 222 86




Some Issues (1/3)

» Stochastic Gradient Descent

v ———
0.3 \\\s\\\~\\\-

g WzZ dsS)

2 H i
apochs

http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf

kakaobrain



Some Issues (2/3)

Weoly P Haighs opise
. . Elw) E{) -
* Learning Rate Adaptatic A s
\ | \ TN
-~
LN NN TS
3 / - N
[ // \ \‘ / ’ //’ /; ~ - \\\\.
¢ Olllen UIll \% ! \t. \ / L. f’/)“/’ RS
W / NN /! by /,’7\ - -
N / LY / . ?/\ / ~ S .
‘4 L oA Vs i ? - -
\ S \Q . l\ . ~ D
- S — ). o ~ \\\ \\\
 Weight Deca ; @ " AN
a) '.ﬁr.... b} Ogun ~ s e e o
. e T ~ ~. -
LIl A e i
e i e s
1.4 e s e e S
E(m] E o) \\\\\\\\\\\\\\:\: ~.
4 " 2 ¢ e S
\ { 1 Tl>-']c" I -3 8.1 0.2 ¢ 2.5 3.8 0.8
T B n:ﬂ { \..\ / fec M2 42
‘\‘ \ --‘\\ / ,/
Y N { -
\ -/ N / -
5 ) A / ——
\ ) \ ¢ N
\\" /s : s Y '
\'\ ’ \"
-~ -~ N ——— '
w & -~
- o o
c d) 3 i ) ’ 3 ] LI
oo wpochs

http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
http://courses.cs.tau.ac.il/Caffe_workshop/Bootcamp/pdf_lectures/Lecture%204%20CNN%20-
Y%200ptimization.pdf
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Some Issues (3/3)

- SGD
—  Momentum

* State-of-the-art optimization — NAG

. - Adagrad
techniques on NN Adadelta

Rmsprop

= Lz

kakao brain Machine Learning Basics - Z2%& 89




Convolutional Neural Networks

kakao brain Machine Learning Basics - .:!.%
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Motivation

* |dea:

« Fully connected UIEQ 3 X = &t&5H{0FSt Ti2t0|E| =71 S

- O[O|X| HIO|H, =

4 Cl|o|H (spectrogram) 4t 20| Z feature=

Tt JA= 8L LocaloP i = stgste A0 =1t

kakaobrain
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End-to-End training

* Learning hierarchical representations

* Traditional model of pattern recognition (since the late 50°s)
* fixed / engineered features (or kernel) + trainable classifier

hand-crafted “simple” trainable
feature extractor classifier

* End-to-end learning / feature learning / deep learning
* Trainable features (or kernel) + trainable classifier

trainable trainzble
feature extractor classifier

N

Machine Learning Basics - Z2&
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Convolutional Neural Networks

* Introduction
» Learning hierarchical representations

low-level mid-level high-level trainable
feature feature feature classifier

* - . e | A R e
I(a ka O bra In feature visualization of CNN trained on ImageNet (Zeiler and Fergus 2013) 93



Convolutional Neural Networks

* Introduction

representations

 Learning hierarchical

TR
EERE

i

15??%

.88k E &

94

1
(dp)
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©
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Structure of Convolutional Neural Network (CNN)

= Convolutiont Pooling (Subsampling)2 95510 42| FeatureE 74
= Convolution2 LocaldH0l|A2| EF Features ¥ &= UH
= Pooling2 Dimension2 Z£0|MAL, Translation-invariant$t FeatureE &= 1t

s
(.': S| (‘3 S: m n;
mput feature maps  feature maps feature maps feature maps output
32x32 28 x 28 14x 14 10x 10 5x5
< NS A
\ YO, 0N 0
] % d | | o——1
N\ ] : o \N\C\ N
= =l NA N\ sy
5 \: %2 \\ OO \
5x5 2x2 O\
convolution \ subsampling convolution 2x2 \ \ O fully \
N\ subsampling \\ connected N\
feature extraction classification

http://parse.ele.tue.nl/education/cluster2

kakaobrain
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Convolution Layer

« The Kernel Detects pattern:

1[1]1]0]o0
013,10 |4
0,0,41/1|1 0 . 0
0/0|1(1]|0
o[1|1]|0]|0 . 0 .
Canvolved
Image Feature

» The Resulting value Indicates:

 How much the pattern matches at
each region

N

kakaobrain
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Convolutional Neural Networks

* Convolutional Layer

* Local connectivity
« Connect a neuron to a local region of the input volume (Receptive field / Filter size / Kernel size)
« EX) input size [32X32X3], receptive field (5X5) then [5X5X3]region is connected

/¥¢
@ O
B o=

//' O

kakao brain Machine Learning Basics - Z2&
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Convolutional Neural Networks

* Convolutional Layer

* Parameter sharing
» Image statistics are invariant over all image location
* Number of parameter reduced

e[ e

kakao brain Machine Learning Basics - Z2&




Convolutional Neural Networks

* Convolutional Layer

* Convolution kernels
» Learn multiple kernels
« Still much fewer parameters than fully connected model

0

=
=0

\

e

AN

\
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Convolutional Neural Networks
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Convolutional Neural Networks

Input Wolume [ad 1 (7xTx3) Filzer WO (223220 Filter WL (2x323] Cugaut Yolume (2x3:22)

* Convolutional Layer  igppee— ] 20 VED
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Convolutional Neural Networks

* Convolutional Layer

kakaobrain
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Convolutional Neural Networks

* Convolutional Layer

kakaobrain
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Convolutional Neural Networks

Irga Wolmme (+pac 1) (Fedncd)

«
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Convolutional Neural Networks

* Convolutional Layer

kakaobrain
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Max-Pooling Layer

* The Pooling Layer summarizes the results of Convolution Layer
* e.g.) 10x10 result is summarized into 1 cell

* The Result of Pooling Layer is Translation-invariant
L

Convolved Pooled

kakaobrain feature  feature

106



Convolutional Neural Networks

* Pooling layer
* In-between successive Conv layers (commonly)

* Reduce spatial size
* Reduce amount of parameters
 Control overfitting

* Max pooling, average pooling, L2-norm pooling ...

Single depth slice
NI 2 | 4

mzx pool willh 2x2 hillers

and stride 2 6 8

5|16 7|8
S | 2 BEES 3 4
1 | 2 BN
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Remarks

mput feann'(c:!nmps feanuilnmps feanu?maps feamrse:maps " oul:;u( Fe atu re I’eple senr tatiOl'l
32x32 _ __28x28 x4 10x10_ 5x5 —
) \v% N\ A [t il e iT!
N \ 3 . \\\\OO o3 \0' .0-2 R 3rd layer
3 NS T = Wh\os, 2| SRS “Objects”
N - NN oy N\ 2
5x5 x2 5x5 o\ @
convolution \ subsampling  convolution 2x2 \\ O fully \ _-
e N bagolng N\ meced N D
feature extraction classification @ 2nd | ayel
“Object parts”
 Higher layer catches more specific, Lst layer
abstract patterns Edges
Pixels

» Lower layer catches more general
patterns
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Parameter Learning of CNN

* CNN is just another Neural Network with sparse connections

* Learning Algorithm:

« Back Propagation on Convolution Layers and Fully-Connected Layers
Back Propagation

& S C, S; n; n;
mput feature maps | feature maps feature mapg feature maps output
32x32 28 x 28 14x 14 10x 10 5x5| ___
- \S TN
/O .,
b . —i N\ A =
P - — A N '~..
oNe- u S \\ Om%
N S AN\ 9\
5x5 2x2 5x5 O\
convolution \ subsampling convolution 2x2 \ \ O fully \
N subsampling \\ connected N\
feature extraction classification
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Applications (Image Classification) (1/4)

Image Net Competition Ranking
(1000-class, 1 million images)

1. Clarifi (0.117): Deep Convolutional Neural Networks (Zeiler)

2. NUS: Deep Convolutional Neural Networks

3. ZF: Deep Convolutional Neural Networks

4. Andrew Howard: Deep Convolutional Neural Networks

5. OverFeat: Deep Convolutional Neural Networks

6. UvA-Euvision: Deep Convolutional Neural Networks ALL CNN!!
/. Adobe: Deep Convolutional Neural Networks

8. VGG: Deep Convolutional Neural Networks

9. CognitiveVision: Deep Convolutional Neural Networks
10. decaf: Deep Convolutional Neural Networks
11. IBM Multimedia Team: Deep Convolutional Neural Networks
12. Deep Punx (0.209): Deep Convolutional Neural Networks

13. MIL (0.244): Local image descriptors 4+ FV + linear classifier (Hidaka et

al.)

14. Minerva-MSRA: Deep Convolutional Neural Networks

kakaobrain Machine Learning Basics - Z2& 110
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Applications (Image Classification) (2/4)

- 1989, CNN for hand digit recognition, Yann LeCun

C3:{. maps 156@10x10
INPUT C1: foaturo mans S4: 1. maps 168 5x5

6@28x28 \cs
- g F6:lajer  QUTPUT

a2x32 $2: 1. maps r
 s®14xd r

|
| Full oomlocticn | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

LeNet: a layered model composed of convolution and sutsampling
operations followed ty a holistic representation and ultimately a
classifier for handwritten digits. [ Yann LeCun; LeNet ]
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Applications (Image Classification) (3/4)

= Krizhevsky et al.: the winner of ImageNet 2012 Competition

1000-class problem, Fully
top-5 test error rate of 15.3% Connfcted

Ry Y 5, -\ 4} SR (Y 3| r SN . 4
WAL . R L vh % \ X - N / \
vsl, \:\ \ \\. S R ¢ [ ----ﬁ\' \0 J 4\- i \\ ) \ /’ \
LAV RN T 3N \ | SN L
WO\ \ Y S 183 192 128 \/ 203z \/ Jvas \Gens€
) WU L \ v A M A
0 KCCN et TN AN NN v NN A \
\ \ \ \ N - \a% e | \as AN RS NN /o
' \ ) AN B et \ | A W WA foN
S . \ I y \ i \ [ 5\ EA 5\ y ¢ / \
L) A * o K *
B |
NE.\ | il s j ]
: \ Lo 3 . , > »
L - —— Wi . T3 e dense’ | [deas
RO | B T \ Fl ' B D \ \
W \ TR W, |
\ ]\ .\\.] 3] X \ \
\ \ 55 N : N
\a \\ \\ 192 1z2 123 Max P L
. - vearaliee A 2048
244 o\ . - volir
*1stride, Max 28 Max pooling e
lcpa N pooling pooling eg\\

112



Applications
(Image Classification) (4/4)

- 2014 ILSVRC winner, ~6.6% Top 5 error

i il
T
i

===
| image | =
=
conmv-64
: B =S
_tom-6h :
= e
e 128 B S
sou-18 Fes e feee ] =of =5
Bapool =] ]
Example: VGG o356 o e
19 layers maxpool B;"‘;
luti _omv-512
f::i (:onvc lution e e, ? .
maxpool
stride 1 —— g:z:s
 sonw-512 & 2=t
maxpool & ]
FC-a050 =N -1
FC-40%6 o —— == | 1 ]
__FC-200 =
 saftmax 5- 85 By
http://image-net.org/challenges/LSVRC/2014/ ag aiets
"a"-
=
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http://image-net.org/challenges/LSVRC/2014/results

Application (Speech Recognition)

™S Convolutional
N Neural Network
~ - _ -> Pooling sizac P
— S j==——=—t )
2 | B Pooling sizc P
Input: S CNN outperforms all previous
Spectrogram of Speech . methods that uses GMM of MFCC
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Recurrent Neural Networks
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RNN2| && =0F

s Al OJO|E0f| 2[&H =7|(Sequence labeling)

gl 2lq2 el e e g
=M unEn KKk 1077 ¥ 0 O
Sentiment classification ¢

= T ) I ’ . .
ﬂ°7||:li| /'07‘6% M/@/ B  FOREIGN MINISTER. Temporal Classification

M) AP Fr= = 2071%] NB=E 2 = 2HE 1od™ Fi- 112 7 '3V .-/
\

A Segment Classification
A —p  THE SOUND OF

Figure 2.1: Sequence labelling. The algorithm receives a sequence of input Sequence Classification
data, and ontpuis a sequence of discrete labels,

—
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RNN2| & =0f

n AAE 0| = (time series prediction)
Airline Passengers (1949~1960)

(7 15700

|

500 - 1 ‘, !'
400 - '}\ h { .’&0
\

300 | fo Yl \

0 20 e 81 100 120 140 L
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RNNS| 2& FO0F

n I} M E(Spike or periodic function generation)

Gere, Schraudolph and Schmidhuber, Leaming Precise Timing with LSTN Recurrent Netwerks, JNMLR., 2002,

Generating Timed Spikes (GTS) Periodic Function Generation (PFG)
| 1 A . i\
oo ‘ ‘ n ‘I - ! : Ny 5 o - 1 f’ﬁ
| £ 1) >N
Y Il { 'R AL A by
l L YRR :t \/
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Introduction
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An illustrative example

targetchars: ‘e" i I ‘o'
1.0 0.5 0.1 0.2
- 2.2 0.3 0.5 15
oulput layer 1.0 1.9 0.1
41 i -1.1 2.2
- N
v
03 1.0 01 |\w nhh|-03
hidden layer | -0.1 - 03 - 05} —= 09
09 01 03 07
4 “
[ T‘N_xh
1 0 0 0
T 0 1 0 0
input layer 0 0 1 1
0 0 _0_ 0
inputchars: “p" C “I° "
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Architecture

° > Output
Unfold
w -
’ N\ .
G‘ I pl) - Hidden
\\ ,I
U
’ Input

* Parameters: U, W, V
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Process — Next word prediction

Hello World
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Process — Next word prediction

Hello World
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Process — Next word prediction
£

Hello World
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Process — Next word prediction
£

Hello World
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Process — Sentence classification

Hello World
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Process — Sentence classification

Hello World

kakaobrain Machine Learning Basic.s -

128



Model

E() E] Eg E;; E4 St = tanh(Uxt + Wst—l)
)"\, = softmax(Vs;)

Gn\—;/q—l\_> S2 | — — E(Ytayt)__ytlog)”\t
T U\T W? E3,9) = - Y B i)

A
Zo T3 T4 == Z —y: log y;
t

kakao brain Machine Learning Basics - Z2&
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Learning

kakaobrain

Machine Learning Basics - Z2&
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poni b
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LSTM Encoder LSTM Decoder

Z1
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O =
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oF5} Clag{Ll majlole]
Ciet B Tl

Caffe Torch Theano TensorFlow
Language C++, Python Lua Python Python
Pretrained Yes ++ Yes ++ Yes (Lasagne) | Inception
Multi-GPU: Yes Yes cunn. Yes Yes
Data parallel DataFarallelTable platoon
Multi-GPU: No Yes Experimental Yes (best)
Model para"el focunn.McdelParallzl
Readable Yes (C++) Yes (Lua) No No
source code
Good at RNN No Mediocre Yes Yes (best)

http://cs23 1n.stanford.edu/slides/winter1516_lecturel2.pdf

kakaobrain
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syjzched = Traz

h_sw = thea-5.sta-edi0. 00| +-5 asarrayv(r-a.uni“arn(loa= Zenp.sart(6. / (n_sv teh | - _2en_input ) .,
higr=dsne sarl(3, 7 tnosy Leh 0 cen npul b)),
size=_n_con_inpdt, n_sv tehl), ctyre=~loath).

name=", vy borroa=looel

wory = e voslaedmp,szronin svilehn, dovees"lodlx), nane= b =i', Lerov=Traz)

b = cheann.szrec.0 00l+na. 23a--avirng. 2 ife-nl ow= da-5 sc~ti6 J (-_auzput | n_es-_inpLtll,
liw=dene sar (3, 7 tooulpul +  con npal ol
size=_n_con_inpdt, n_output), coyre=“lnat®).

borroa=l Le!

v= Ao, s arecnp cerest o culpul, divee=l oald. ., zne= b borrwy=T ue!

swicchh =T, zUosianoid(T. dusting W owaden vy & 0 ow'y & o0 s
su_ind cator = T.eatiswitsn, ap_ ndicsta) & ‘0 dala x ncon rnous)
vl = ine * ooy oind caler & ety g oncon it

iched:

utpat = T.nnet signai 4(T.catisw_i-5, ¥)ihl
Fordvet = Tonmel STuao of PR varus, ) 4 D) X i el 4 rougaat)
parans = [A_sv. h_sw, A, E]

else:
cutput = Tonnet <signsi4(T.catiinp, A)IE)
sodvet = Tl STuao of PSR varus, L) X T dala 4 2 o pud)
rarans = [A. b

il wy
b

IEls = .matri= "Ik ",
sreec_pntrony = ~T.aunCIbls#T . Iegtomtpir) & 0 = blalsT ezl —otput), azla=")
st - .nex-(o-css_entraay)

aracana = T.ar eicost, piroys)

Jrcazes - []

for ca~an. gpar=y In =lpiparays, srarans):

Lpates, sa2encifparan, 2a-an — learning_rate += 32a-anil
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CONTAINER 1 CONTAINER N

M 715

Appli':ati(:n NS +sssssssssssasssnsnansfenas
CUDA Toolkit «+ceveesnennnnnnnnnafes

Container OS User Space

Docker Engine .................................

Server
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Logistic Regression ¢
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Logistic Regression

E(x1,x9) = L

14+e—(wiz)twozg+b)

loss = —7; > ylog(E(x)) + (1 — y)log(l — E(x))

W — W — -n-é%loss
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* ssh guest@gpu.kias.re.kr -p 6645

* ./go_server.sh

e vim Ir_(22I0|5).py
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Data Generation

Lmport tensorflow tf
port numpy np

n_data_per_class =
num_class =

dim_data =

n_data = n_data_per_class
n_train =

* num_class

datal = np.random,multivariate_normal([“,%], LL',"],[", 1], n_data_per_class).astype(np.float32)
|

data2 = np.random.multivariate_normal([,<], [L', , .11, n_data_per_class).astype(np.float3Z2)
data_x = np.vstack(|datal,datal])

data_y = np.hstack([np.ones((n_data_per_class,)), -np.ones((n_data_per_class,))])

b

kakaobrain



Model Define

.placeholder(tf.float32, [ , dim_data])
Variable(tf.zeros([dim_data, ]))
Variable(tf.zeros([]))

= tf.placeholder(tf.float32, [ 1)

f.matmul(x, W) + b
div(l + tt.exp(-a))
loss = -tf.reduce_mean(y_true * tf.log(e) + (-y_true)*tf.log( -e))
train_step = tf.train.GradientDescentOptimizer(” -).minimize(loss)

kakaobrain



Training and Testing

1 (200):
train_x = data_x[1dx]

train_y = data_y[idx]
sess.run(train_step, feed_dict={x: train_x, y_true: train_y})

i % —

(1, sess.run(loss, feed_dict={x:train_x, y_true:train_y}))

, Sess.run(e, feed_dict={x: [[0 9, 11} D) >
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