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Wyktad 13c

Data Science: H Uczenie mCISZ)’nOWG: co to ZnCICZ)’?
Uczenie

maszynowe 1 Metody

o Regresja

o Klasyfikacja

o Klastering i wybér podzbioru

o System do rekomendagji

Wykltad na podstawie materialow:
E. Fox & C. Guestrin, Univeristy of Waschington,
»Machine Learning Specialization™
http://www.coursera.org./learn/ml-foundations
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Uczenie maszynowe
o

1 Metody uczenia maszynowego (machine learning)
rewolucjonizujq obecnie podejscie do réznych problemoéw
zwiqzanych z analizq danych.

1 Jeszcze kilka lat temu byl to bardziej ,,akademicki’ problem z
zakresu numeryki i algorytmiki.

My curve
ML is better

Algorithm g4 than your
curve

27/01,/2020



Uczenie maszynowe

Obecnie, bardzo szybko staje sie kluczowq technikq
dla wielu wiodgcych firm komercyjnych

GO ( »gle

g
amazon PageRank livingsocial
Search Coupons
Retail
NETFLIX Linked 3}
Movie Disruptive companies Networking

Distribution

differentiated by
PANDORA

o
INTELLIGENT -
Google APPLICATIONS

Advertising . ;:»,‘lelow
USIHg Real Estate
Dgljus,jgfw Machine Learning Avvo
esources ats . . Legal
RESOUICEs & Harmony 4 fitbit  Aavice
Dating ‘'earables
- Q RelateIQ
UBER CRM
Taxis
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Uczenie maszynowe: cel
s

1 Uzyskaé odpowiedz dla réznej klasy pytan na
podstawie informacji zawartej w danych, bez

potrzeby budowy ,modelu zjawiska”.

ML metod = np. klasyfikacja, regresja liniowa, sieci neuronowe

27/01/2020



Uczenie maszynowe: przyktad
o

-1 Przewidywanie ceny domu na podstawie zebranych

danych dotyczqgcych ceny innych

featuras house size

27/01/2020



Uczenie maszynowe: przyktad

-1 Ranking restauracji

Data Classification Intelligence

Sushi was awesome,
the food was awesome,

but the service was awful.
All reviews:

_bmd!_-_l-—.-'.';-'n‘l_hn—.

"awesome”

e fr it cal e {50 aanh ared ciene e
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Uczenie maszynowe: przyktad
o

-1 Znajdowanie podobnych dokumentéw

- ENTERTAINMENT  SCIENCE
27/01/2020



Uczenie maszynowe: przyktad

-1 Rekomendowanie podobnego produktu

Your past
purc ases

ﬁ«.

purchase

hlstorles of
all

customers

ML
BE - Method

- Intelligence

Recommended
items:

‘“mm :.

~-i "‘

e

Products

Customers
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Uczenie maszynowe: przyktad
o

7 Rekomendowanie podobnego produktu na podstawie jego
charakterystycznych cech

Matrix

Data Factorization mdi

Your past Recommended
purch ases Customers items:

ﬂm

+_pur<_:hase
histories of

all
customers

features

features

features

ucts
features

features

features
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Uczenie maszynowe: przyktad
.

7 Rekomendowanie podobnego produktu: na podstawie jego
charakterystyki graficznej

Deep

Data Learning Intelligence

i - Nearest neighbors:
S TS ' Ig

PPy
I N
SHE P

27/01/2020




Regresja
i

Vol ieane— 0 Przewidywanie odpowiedzi na

Regresja

podstawie informacji wejsciowej

Data

Regression - Intelligence

Inputx
features derived Learn Xy
romdata  elationship Predlct y:

continuous “output” or
‘response” to input

27/01/2020



Cena akcji na gietdzie
N

» Predict the price of a stock (y)

 Dependsonx =
- Recent history of stock price
- News events
- Related commodities

40

35 4 1 t t t 1

30 ! AN P‘
| AN

5 WMWW

20 +
15 4
10
5 4

0 ! ! | ! }
2008 2009 2010 2011 2012 2013
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Tweet popularnosé

14
« How many people will retweet your tweet? (y)

* Depends on x = # followers,

# of followers of followers,
features of text tweeted,
. popularity of hashtag,

27/01/2020




Przyktad: przewidywana cena domu
s

1: : - y)

+ house
attributes (x)

house size

27/01/2020



Data, model

Data  input  output V4

@ /Y
(X, = sa.ft, y; = S)

>
[AS]
| 1
wn
O
=
=
<<
[hS]
I
v
rice (S)
p s S

1)
- f/ ‘?mﬁv

bexween
X mdy

o Regression model.

y;ts Hx.i) YE,
L] =0 e wely Iy
N Iuww valug S %o =

squa?b feet sq.ft X fi i ﬁ.ﬂy
Weeky o b abort
o blow £lx:)
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Data, model

L2
o Jaki model dla f(x)?

27/01/2020



Przewidywanie

1 A potem chcieliby$smy przewidzie¢ odpowiedz

square feet (sq.ft.)

><'l'

Q qumE\c. funcion

27/01/2020



Petla iteracyjna?
N

W e
w x’» :'-‘x" (.ﬁ’ " < (}"b

Feature
extraction

Training

Quality
metric

27/01/2020



Simple linear regression model

Co to znaczy ,,simple”?
fitujemy zaleznos¢ liniowq do danych

1 input x,
y 1 yi — W0+W1 Xi + (c_l)
] \
)
R
o ® C
f(x) = wy+w, X

>
square feet (sq.ft.) X
27/01/2020



Simple linear regression model

Co to znaczy ,,simple”?
1 input x, fitujemy zaleznosé liniowq do danych

y ¢ yi - W0+W1 Xi + Ei

V4 2
parameters:
regression coefficients

price ($)

square feet (sq.ft.) X
27/01/2020



Petla iteracyjna
T

N~ X y
N = —

5
—f»\i‘v

Quality
metric

27/01/2020



Funkcja ,,kosztu”

V4 Residual sum of squares (RSS)

RSS(V_V.or_V.Vl) =
(Shouse 1- [W0+Wlsq-ft-hou5e 1])2
u (Shouse 2" [W0+Wlsq-ft-house 2])2

t (Shouse 3" [WO+W15q-ft'h0use 3])2
+ ...[include all training houses]
—e

price (S)

square feet (sq.ft.) X

27/01/2020



Minimalizacja funkcji ,,kosztu”

V4 Minimize cost over all
possible wy,w;,

\

RSS(wo=1.Ly,=0.8)° =2
RSS(wy=0.98,w,=0. 87)

price (S)

square feet (sq.ft.) X

27/01/2020



Petla iteracyjna
o

27/01/2020



Minimalizacja funkciji ,,kosztu”

3D plot of RSS with tangent plane at minimum
(e}
[74

6

.- 5 . . . .
[.M% Minimize function

[ over all possible wy,w,

- 1 N

- 0 -

min | ) y;-lwytwix))

RSS(w,,w,) is a function
of 2 variables = %(w,,w.)

27/01/2020
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Asymetryczny btgd kosztu

s

yA

dlffere‘ ngutlon I

nin
1
L4
“

L

What if cost of listing house
too high has bigger cost?

Too high = no offers (5=0)
Too low = offers for lower S

square feet (sq.ft.) X

27/01/2020



Polynomial regression

_ 2
fX) = Wo + Wy X+ Wy Xe+ .+ W XP

square feet (sq.ft.)% X

27/01/2020



Multiple regression

29|
I Fit more complex
po - - - P
o ) e relationships than
2. . 2 o just a line
®N ®
n ize X
ouse size Incorporate

maore iNputs
— Square feet

x[2] - # pbathrooms
— # bedrooms

— Lot size
— Year built

27/01/2020



Regresja: przewidywanie na
odstawie danych

« Linear regression

\UleJe[=lEIM « Regularization:
Ridge (L2), Lasso (L1)

e Gradient descent
e Coordinate descent

Algorithms

» Loss functions, bias-variance
Concepts tradeoff, cross-validation, sparsity,
overfitting, model selection

27/01/2020



Klasyfikacja
S

Vel eaie 0 Inteligentny system rankingu restauracii
Klasyfikacja

It's a big day & | want to book a table at
a nice Japanese restaurant

Seattle has many o eumn
2. 0. 0.8 ¢ ) m—
sushi restaurants

What are people -
saying about \
the food?
the ambiance?...

27/01/2020



Klasyfikacja
=

Vel eaie 0 Inteligentny system rankingu restauracii
Klasyfikacja

Gooou=ens Positive reviews not positive about everything

$$ - Japanese, Sushi Bars

mee "

Sample review:

Watching the chefs create
incredible edible art made

the experience very unique.

My wife tried their ramen
and it was pretty forgettable.

All the sushi was delicious!
Easily best sushi in Seattle.

27/01/2020



Prosta klasyfikacja
=

Sentence
ligelag
review

Output: y E=

Predicted

class
y = -1

Mote: we'll start talking about 2 classes, and address multiclass later

Input: x

27/01/2020



Dane trenujgce

Uzywamy danych trenujgcych aby przypisaé
prawdopodobienstwo (wage) dla kazdego stowa

good 1.0
great 1.5
awesome 2.7
bad -1.0
terrible -2.1
awful -3.3
restaurant, the, we, where, ... 0.0

Waga catego zdania (score) to bedzie prosta suma
tych wag

27/01/2020



Uczenie klasyfikatora

S
Training a classifier = Learning the coefficients

Word Coefficient

good 10
awesome 17
bad -1.0
awful -3.3

3 0 s
L )ata
(X,y) alidatio .
(Sentencel, = ) S =

{SentenceE,-"}
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Jak wyglgda nasz model

Hawful

X
0
@

S
¥ Scorelx) = W,
+ W, #awesome

f#tawesome X[1] + W, #awful
+ W #great

27/01/2020



Zmiana wspotczynnikow

Wy 0.0
#awesome W, 10
#Hawful Wy -15
=
N—
2
©
#*

‘Score(x) = 1.0 #awesome — 1.5 #awful

® Score(x) > 0

3 4 >

H#awesome

#awesome
H#awful

2
3
2
©
+
4

Wo
Wy
W

1.0
10 -Score(x) =1.0 + 1.0 #awesome — 3.0 #awful
-390
Q
Score(x) < 0
o ° A2
eﬁoﬁ\e
A0

¢ Score(x) > 0

=

4 >

Hawesome
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Jak wyglgda nasz model?
m

y = sign(W'h(x))
©x (either -1 or +1)

27/01/2020



Czy jestes pewny swojej klasyfikacji
=n

27/01/2020



Interpretacja
o

-—

Scorelx;) = w, hy(x) +w, hy(x) + ... + w, hylx)
= w'h(x)

Score(x) = w'h(x)

3
-0 N N

: Relate : :

v v v
4 :Score(xi] to Very sure Not sure if Very sure
: Ply=+i|xw)? -+ ji=-lor+l ji=+1
2 X v o
1 Ply=+1x) =0 Ply=+1x) = 0.5 Ply=+1x) =1
0

#awesome

27/01/2020



Interpretacja
I

1 Link funkcja «>corelx) = wih(x) >

- 00 0.0 + oo

00 0.5
<€
P(y=+1|x) = glw'h(x;))

Generalized linear model

27/01/2020



Logistic regression model

o Sigmoid funkcja

Logistic regression model sigmoid(Score) = —— —
e~ core
Score(x) = w'h(x)
_o? -|-DO
OO .' 1.0
o:ﬂ v ‘; %D.G—
00 <_05_) 10 E?oz

P(y=+1]x,w) = sigmoid(Score(x)) % 2 o

27/01/2020



Logistic regression model
o

0 Effekt wspodtczynnikéw na ksztah funkcji

sigmoidalnej
W#awesome +1 Wﬁawesome +1 W#awemme +3
Wt awiul -1 Woawful -1 Wawful -3
1.0 1.0 1.0
0.8 0.8 0.8
2 o6 % 0.6 % 0.6
-
— ? 0.4 — ? 0.4 — ? 0.4
-] o [V
4 0.2 -+ 0.2 + 0.2
— i —
o'ﬁ—ﬁ -4 -2 0 2 4 4] o'ﬁ—ﬁ -4 -2 o 2 4 4] o'ﬁ—ﬁ -4 -2 o 2 4 4]
Hawesome - #awful Hawesome - #Fawful #awesome - #awful

27/01/2020



Jak pewny jestes swojej klasyfikacji
I
N Ply=+1|x,W) = g(W'h(x))

vx h(x) ﬁ

—

— o =S

27/01/2020



Zmienne opisowe

A' I'i'lll. BIA!::I - PR 'Z‘iqlm,bmt_
X = nﬁn
lllJEEﬂlll 0 | (o) 0 0
Country of birth :
L LArgentina%raziL USA,..) | l = o o o , ]
| _ |
196 categories 196 features
Bawseimg B awhl .. . & Sush;
X = X h00 | ) | . | ogool®) | hugogo®)
Restaurant review - /A o o) v] 3
| (Text data) | l |
Y
7110,000 words in vocabulary - ,10,0001features,, |
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Klasyfikacja: ranking restauracji
=

e Linear classifiers

(logistic regression, SVMs, perceptron)
Models » Kernels

* Decision trees

» Stochastic gradient descent
» Boosting

Algorithms

¢ Decision boundaries, MLE, ensemble
Concepts methods, random forests, CART,
online learning

27/01/2020



Grupowanie i wybér podobnych

Ueiileae 0 Poszukiwanie podobnych obiektéw
Grupowanie i
wyszukiwanie
podobnych obiektow

Nearest |
Neighbor - Intelligence

Input x,{x’}: T
features for Compute
query point .
s dlstances'to Output xNN:
other x “nearest” point or

features of _
all other datapoints set of points to query

27/01/2020



Wyszukaj podobny tekst
B

-1 Musimy zdefiniowaé co to znaczy ,,podobny”

Space of all articles,
organized by similarity of text

7 —

Nnearest neighbor

27/01/2020



Wyszukaj podobny tekst
I

-1 Musimy zdefiniowaé co to znaczy ,,podobny”

Space of all articles,
organized by similarity of text

Sw-- -‘\ :
set of nearest neighbors
27,/01,/2020



Technika moze by¢ stosowana do wielu

zagadnien
ﬂ_

Products

Streaming content:
- Songs
Movies
- TV shows

Social networks

News articles (people you might want
.. ~ toconnect with)

z
gp!
1=
N
1L

S W  — — -

et

( I
LiE
-y
i IV 277
i
i
!
i

M

Il
I
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,,Odkryi” grupe podobnych obiektow

#M‘ Intelligence

Input {x}: I

featgres.for Separate
points in

disjoint sets  cluster labels per
datapoint

27/01/2020



Pogrupuj wg. tematdéw dokumenty
s

Intelligence

s
T

ST e T R
T T T R AT
P LR ke W

q +
ENTERTAINMENT

SCIENCE
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Pogrupuj obrazki

For search, group as:

- Ocean — iﬁ\ -E@.l-

~ Pink flower —— = R BRI
L —

- Dog e ||
. _}-= -IH!!'HI

- Sunset
- Clouds

27/01/2020



Lastosowanie: grupowanie obrazkéw

s 4.
Simple image representation

Consider average red, green, blue pixel intensities

Single RGB vector per image
[R=0.85 G=0.05 B =0.35]

27/01/2020



Lastosowanie: grupowanie obrazkéw
s

Distribution over all cloud images

Let's look at just the blue dimension

l |H|mHlmu...[........_,

0.8 blue

_...........mmleH”
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Lastosowanie: grupowanie zdjec
T

Distribution over all sunset images

Let's look at just the blue dimension

+

I { ‘ [ |Vln-v

27/01/2020



Lastosowanie: grupowanie zdjec
B
Distribution over all forest images

Let’'s look at just the blue dimension

..... 1”‘” ’ ’ “

042 blue

27/01/2020



Lastosowanie: grupowanie zdjec
I
Distribution over all images

We see that they are grouping!
But not easy to distinguish between groups

il HHHmm.....[........_,

blue

27/01/2020



Lastosowanie: grupowanie zdjec

B
Can be distinguished along other dim

Now look at the red dimension

| In this dimmension
I separable groups!
| hT"h?'n.

>
red

27/01/2020



Przyktad: dokument na podobny temat

Jak mierzymy podobienstwo 2

Jak szukamy podobienstw ¢

T e T

TN
T

MiwE E Ol N

ik
W i

-
:I‘
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Naijblizszy sgsiad
n

* Input: Query article | |: x
(N docs)

0 Output MOSt simiar article L) Bl

Formally: .. iy Abikeace {2y, %)

» -
X X

27/01/2020



Reprezentacja dokumentu
T

1 Dokument = zbidr stéw
o Nieistotna kolejnos¢ wystepowania

0 Zliczaj ilosé wystgpien i zaznaczaj

27/01/2020



Skalowana Euklidesowa miara

odlegtosci
m_

distance(x; x) =
Varx[1-x,[1)2 + ... + ag(x[d]-x,[d])?

weight on each feature
(defining relative importance)

27/01/2020



Cosinusowa miara odlegtosci

64
d
Similarity = X/[j x,[] @
j=1 | \\C,O
d \&\\\\‘”
Y12 g
. — Vg t
- Not a proper = l{//
distance oV
. _ v
metric | = cos(0) E
- Efficient to ’ §
compute for |X- | |X(f| |
sparse vecs ) ( "")T [X.. GesE g 0
- [ \
Bt/ U m/ Feature 1 ’
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Naturalna miara odlegtosci

27/01/2020



Reprezentacja dokumentéw : TF-IDF
m

11 Stowa mogq by¢ rzadko wystepujqce, te rzadko
wystepujgce sq bardziej charakterystyczne.
Emphasizes important words

- Appears frequently in document (common locally)

- Appears rarely in corpus (rare globally)

L A
F
G

-

Q
D

@

o |
=
om

Inverse doc freq. = |log:

£ =g
T

ITRE]

—

1910 Wi
[, A= 8 11.].6 Yy

N

Trade off: local frequency vs. global rarity tf * idf
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Wazymy cechy charakterystyczne

s
-1 Niektére cechy sq bardziej wazne niz inne

71 Niektére réznice (absolutna wartosé) sq bardziej istotne niz inne.
Liczy sie rozmycie catego zbioru dla danej cechy.

PR occify weights
N 630::6 A as a function of
E ° o Big changes feature spread
E OO 20:5 matter less F f )

529:? v or feature j:
. e 1
Feature 1 g maxi(xi[j])'mini(xi[j])
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Grupowanie:
B

* Nearest neighbors
Models » Clustering, mixtures of Gaussians

e | atent Dirichlet allocation (LDA)

» KD-trees, locality-sensitive hashing (LSH)
a\(e[eldldglagI M * K-means

» Expectation-maximization (EM)

» Distance metrics, approximation

Concepts algorithms, hashing, sampling algorithms,
scaling up with map-reduce

27/01/2020



System rekomendujqcy
I

Uil ueaie 0 Personalizacja

system

rekomendujqcy

Information overload

100 Hours a Minute ~ Browsing is “history”
What do | care about? - Need new ways

to discover content

Personalization: Connects users & items

viewers videos

27/01/2020



Rekomendacja: filmy

NETFLIX

ently Watched

Suggestions for You m
lant Qi :

T p Picks for Mat(hew

Connect users with movies
they may want to watch

27/01/2020



Rekomendacja: produkty
B

amazoncom Hob | Close window

¥ Recommended for You

High Performance Web Sites:
Essential Knowledge for

Front-End Engineers

by Steve Souders (Author) @ Recommendations F@

Our Price: $19.79 Here's a daily sample of items recommended for you. Click here to see all recommendat
Used & new fom $16.24

JOKX l@jﬂ_}_{ | ’
[ OCK INI0E
((AddtoGart ) ( Add to Wish List | e n
i 4 S
ol %
Because you purchased... m o S :
< % A
< E .’-nm=a<r=:-r weh Sites: P — —
Programming Collective Intelligence: Building Berformai.. (Paperback) by simoly 1avaScript (Faperback) The ara s
Steve Scuders by Kewvin Yank (Paperback
Smart Web 2.0 Applications (Paperback) o e e (19) $26.37 .
by Toby s%arﬂn (Author) Fix this recommendation Fix this raccmmendation Fix this race

algorithms  Boxed Sets  susiness & culturs Java

Recommendations combine

Networking  Networks, Protocols & APTs New

sqQL

global & session interests
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System rekomendujgcy: popularnosé
22

-1 Popularnos¢?
o1 Ranking wg. liczby wyswietlan

o1 Nie ma personalizacji

27/01/2020



System rekomendujqcy: klasyfikacja

N I —
0 Klasyfikacja?
o Jakie prawdopodobienstwo ze kupie ten produkt.

o1 Personalizacja: patrzy na historie zakupow, koreluje
z porg roku, porq dnia, etc.

User info

Yes!

Purchase history

Product info

NoO

Other info

27/01/2020



System rekomendujqcy: korelacje

Patrzy na korelacje. Osoby ktére kupity A kupity

rowniez B
Utwoérzmy macierz korelacji

Y,

User \f"\ purchased diapers

1. Look at diapers row of matrix

2. Recommend other items with largest counts
- baby wipes, milk, baby food,...

27/01/2020



System rekomendujqcy: korelacje

Patrzy na korelacje. Osoby ktére kupity A kupity
rowniez B

Macierz korelacji moze nalezy znormalizowac?

A moze wprowadzi¢ jakqg$s miare ,,co znaczy podobne’?
Ograniczenie:

Nie patrzy na historie w czasie

Co zrobi¢ z nowym uzytkownikiem systemu?

27/01/2020



System rekomendujqcy: filmy

cze 4
 Users watch movies and rate them

Each user only watches a few of the available movies

27/01/2020



System rekomendujqcy: filmy

—;
Movies

« Data: Users score some movies

T?ating[u:vz.lmown for black cells

Rating(u,v) unknown for white cells L/- Cilling in
- a ?
* Goal: Filling missing data? | .= A A A B
= _. ot Interested

27/01/2020



System rekomendujqcy: filmy
e 4
» Squeezing last bit of accuracy by
blending models
* Netflix Prize 2006-2009
- 100M ratings
- 17,770 movies

- 480,189 users

- Predict 3 million
ratings to
highest accuracy

- Winning team blended over 100 models

27/01/2020



System rekomendujgcy: sprawnosé

The world of all baby products




System rekomendujgcy: sprawnosé
o

User likes subset of items

27/01/2020



System rekomendujgcy: sprawnosé
o

How many liked items were
recommended?

7 N
L 34) ><

# liked & shown

# liked

27/01/2020



System rekomendujgcy: sprawnosé
e

How many recommended items

were liked?

Precision

# liked & shown
# shown

27/01/2020



System rekomendujgcy: sprawnosé

N
Precision-recall curve

* Input: A specific recommender system
 Output: Algorithm-specific precision-recall curve

- To draw curve, vary threshold on # items recommended
— For each setting, calculate the precision and recall

precision -

27/01/2020



System rekomendujgcy: sprawnosé

ey
Which Algorithm is Best?

» For a given precision, want recall as large as possible
(or vice versa)

« One metric: largestjarea under the curve (AUC) -‘ﬁ

» Another: set desired recall and maximize precision
(precision at k)

precision
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Rekomendacja produktu:
B

« Collaborative filtering

e Matrix factorization
« PCA

« Coordinate descent

A\ls[eldiialagks ¢ Eigen decomposition
e« SVD

e Matrix completion, eigenvalues,
Concepts random projections, cold-start
problem, diversity, scaling up

27/01/2020



