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Suzan Uskidarli

Onur GUngor, AhmetYildirm
Arzucan Ozgir

Cagil Ulusahin
lIker Birbil (Sabanci)
Figen Oztoprak (Bilgi)
Almila Akdag (UvA)
ATC

Umut Simsekli, Beyza Ermis, Caner Turkmen
Yener Ulker, Can Kavakloglu
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Konu Basliklari

BUyUk Veri - Yapay Ogrenme

Kullanim ornekleri (Use Cases)

GUdUmIG Ogrenme (Supervised Learning)
Siniflandirma (Classification)

GUdUmsUz Ogrenme (Unsupervised Learning)
Obekleme (Clustering)
Boyut indirgeme (Dimensionality Reduction)

BUyuUk verilere uygulama (Scaling)
Mimariler/BuUyUk veri araglari

Referanslar

Sonug
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‘ Infepgence Buyuk veri madenciligi ve yapay ogrenme, Cemgil, 07.11.2014 4




Buyuk Veri

Yazilim/Donanim Altyapisi (SW/
HW Infrastructure)

Gorsellestirme/Etkilsim
(Visualization/Interaction)

Data Analytics € Yapay Ogrenme
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Yapay Ogrenme

Hesaplama tabanli metotlar toplulugu
Gizli 6rUntu (pattern) yakalama
Ongoruler Gretmek
Belirsizlik altinda karar desteqi
Ham veriyi faydali bilgiye donustirmek

Pereeptual . .
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Yapay Ogrenme, Veri Madenciligi,

Istatistik

Matematik ve Bilgisayar Bilimleri

Istatistik e \Veri Tabanlari

* Eniyileme * Paralel isleme

e Numerik Lineer Cebir * Yapay Zeka, Uzman
Sistemler

¢ Olasilik teorisi

« Cizge Teorisi * Bilgi Cikarimi

e Grafik, Gorsellestirme
* Programlama Dilleri

Elektrik/Elektronik
Muhendisligi

e Orinty tanima

* [saret isleme

e Sezme.Kestirme

* Bilgi Teorisi

* Veri sikistirma

Pereceptual
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Yapay ogrenme ve Buyuk veriler.

Gercekten yeni mi?

Eski metotlara yeni bir bakis
... ve yenilerinin gelistirilmesi
BUyuk boyutun Laneti/Nimeti ‘Curse/Blessing of
Dimensionality’
Ucuzlayan Altyapi
Bulut Bilisim
Sensor Aglari, Nesnelerin Interneti (“yeni veri”)
Hiz ("ger¢cek zaman”)
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Buyuk Veri?

Pragmatik Bakis Acisi
KU¢Uk Veri: Naif algoritmalar uygulanabilir

Ortaboy Veri: Bir bilgisayar sisteminde islenebilen miktarda
(Feasibly processed on one machine)

Buyuk Veri: Bir makinaya sigmayan miktarda

Karmasik iliskisel veri

ikili, U¢lU veya daha Ust seviyeden etkilesimler

Hiz, akan veri
Yapilandiriimamis veri (blog metinlerifvideo/fotograf)

3V:Volume-Variety-Velocity

Pereceptual
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Buyuk Veri?

http://www.couchbase.com/nosql-resources/what-is-no-sql
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Moore Kanunu gunu kurtarir mi?

"Transistor Count and Moore's Law - 2011" by Wgsimon - Own work. Licensed under CC BY-SA 3.0 via Wikimedia Commons - https://commons.wikimedia.org/wiki/File:Transistor_Count_and_Moore
%27s_Law_-_2011.svg#/media/File:Transistor_Count_and_Moore%z27s_Law_-_2011.5vg

Microprocessor Transistor Counts 1971-2011 & Moore's Law
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Moore Kanunu gunu kurtarir mi?

Veri patlamasi Moore Kanunundan hizl

Fiziksel Enerji bariyeri
Veri

PU




Parkinson’un 1. Kanunu .

‘Data Expands to fill the space available for
storage’
Veri, kaplar her yeri

ML for Big Data, Cemgil 13



Hafiza Buyuklukleri

kilobyte (kB)
megabyte (MB)
gigabyte (GB)
terabyte (TB)
petabyte (PB)
exabyte (EB)
zettabyte (ZB)
yottabyte (YB)

103
10°
107
1012
101
1018
1021

1024
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Hafiza Buyuklukleri

=11B =1 000 000 000 000 Byte
=1 Trilyon Byte

=1PB
=1 000 000 000 000 000B
=1 Katrilyon Bytes

R
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Bazi Sayilar

CERN: BUyUk Hadron Carpistiricisi: Yilda 15
petabyte (2013) GUnde 1 petabyte (2015)

Google: Gunde 24 petabyte (2013) 100 petabyte

(2014)

x24 000
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Bazi Sayilar

Facebook Hadoop Dagitik Dosya Sistemi (HDFS)
bUyUklGgU 100 PB (2012) 300 PB (2014)

X100 000

Aylk Kiresel Internet Trafigi (2011) yaklasik 27500
PB (Kaynak: Cisco)

. x27 500000
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BaZI G62|em|er CEVUELEEN]EED

Google’s Eric Schmidt: “every two days now we
create as much information as we did from the
dawn of civilization up until 2003"

According to McKinsey — a retailer using big data
to the full could increase its operating margin by
more than 60%.

Bad data or poor data quality costs US businesses
$600 billion annually.

ML for Big Data, Cemgil, 24.12.2012 18



Veri =Enformasyon #Bilgi

Data =Information #Knowledge

Enformasyon icinde bogulurken bilgiye a¢lik cekiyoruz
We are drowning in data and starving for knowledge
—J. Naisbitt

(Machine Learning, a probabilistic perspective, KP Murphy)

ML for Big Data, Cemgil, 24.12.2012 19



Kullanim Senaryolari: Perakende/

Tuketim

Urin Tavsiye Sistemleri

Sepet Analizi (Market Basket Analysis)
Olay/Aktivite/Davranis Analizi (Event/Activity/
Behavior Analysis)

Kampanya yonetimi ve eniyilemesi

Tedarik zinciri yonetimi

Pazar ve Tuketici ayristirmasi

ML for Big Data, Cemgil, 24.12.2012



Kullanim Senaryolari: Tavsiye Sistemleri
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Kullanim Senaryolari: Tavsiye Sistemleri®

Netflix: 28K film X gooK kullanici %99 seyrek

p— users =

*1 2713|957

movies | 7 1 2
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Kullanim Senaryolari: Haberlesme

Ag izleme ve performans eniyileme
Fiyatlandirma

Mdsteri ayrilma (Churn) tahmini

Call Detail Record (CDR) Analizi

(Mobile) Kullanici Davranis Analizi

Siber guvenlik, DDOS saldirilarinin tespiti ve
onlenmesi

Altyapi Planlamasi

Pereceptual . .
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Kullanim Senaryolari, Haberlesme

Traffic/Erlang received by Diyarbakir Basestations
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Kullanim Senaryolari

Traffic’Erlang received by Diyarbakir Basestations
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Kullanim Senaryolari, Haberlesme

X: gun, Y: saat, renk: Kullanim Miktari

ML for Big Data, Cemgil, 24.12.2012 26
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Kullanim Senaryolari: Finans/Ticaret/

Bankacilik

Yolsuzluk (Fraud) Tespiti/Risk Kestirimi
YUksek hizda Trading

Anomalite/Degisim noktasi tanima

ML for Big Data, Cemgil, 24.12.2012 28



Finansal Veri Analizi aigosis)
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Kullanim Senaryosu ornekleri

Reklam Kisisellestirme
Google ve Yahoo'nun temel gelir kaynag!

1 0f 25 cso [N

Abu Dhabi's Mubadala - Mubadala.ae/Business - Seeking Business Partners for UAE's Economic Development. Kno'
B G e e e — |

S - (S| Fwd: Yaser 5. Abu-Mostala @ ITU, Dec 25, 2012, & B Peork @

Important ~  10:30am Inbox  x

Sent Mail Ethem Alpaydin
Ethem Alpaydin 20:07 (40 minutes ago) - v
to staff |«
ﬁ -

—————————— Forwarded message ----------

From: Zehra Cataltepe <cataltepe@itu.edu.tr>

= arda.yurdakul Date: Sun, Dec 23, 2012 at 7:55 PM

~ Baris Gokce Subject: Yaser S. Abu-Mostafa @ ITU, Dec 25, 2012, 10:30am
To: Zehra Cataltepe <cataltepe@itu.edu.ir>

Search, chat or SMS Show details

Ads — Why these ads?

" Bruce Sharpe
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Kullanim Senaryosu: Kamu Yonetimi®

Trafik Yonetimi (Urban Traffic Management)
Enerji Dagitim sebekesi yonetimi/eniyilemesi
(Energy Grid Management/Optimization)
Power Generation Management

Cevre gozlemleme (Environment Monitoring)

ML for Big Data, Cemgil, 24.12.2012 32
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Saglik/Yasam Bilimleri ve Biyoloji

Diagnosis and Medical Expert systems
Health Insurance fraud detection

Patient care quality and program analysis
Drug discovery

Remote Monitoring

ML for Big Data, Cemgil, 24.12.2012 35



3-boyutlu Microarray verisi analizi

‘hﬂ
T

bl = |
|
I
|
W [

a

- = E (Excitations)

1

X (GST data with missing parts) D (Dictionary)

X(gen, ornek,zaman)
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Kullanim Senaryolari: Web

Klik akisi obekleme ve analizi

(Clic

kstream Segmentation and Analysis)

llan hedefleme/secim/tahmin/eniyileme

(AdT

‘argeting/Selection)

Klik Yolsuzlugu/Engelleme

(Click Fraud Detection/Prevention)

Sosyal Ag Analizi

MUsteri BolUtlemesi

Newsgroup/Blog/Sosyal Medya gundem takibi

Pereeptual
inteligence
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Cizge/Ag Analizi

SOsya I Ag Ia I’d a g I’U p | a n m a Ia r (source: matlab exchange)

+1l Arkadasi Ekle
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Duygu, llgi, Egilim Tahmini

) Conrad Hackett
Minimum wage would be $25/hr if it grew like income of the top 1%

motherjones.com/politics/2013/...

What if minimum wage grew at the same rate as top incomes? g pivot
@ conradhackett somebody ought to paint an elaborate picture of what a
$30 beautiful world we would have if we applied that math
Re: lue o $26.1
$25 ’\;sjl_va ue of
minimum wage E | Acai
if it grew at same ﬁ mmanuet Acain
ratefxs income of conradhackett a good way to share that surplus value.

0
32 the top1%
$15 h NikFromNYC

\ conradhackett But would the top income, redistributed, at all cover the $25
$10 Real value of minimum wage? No! So your implication is moot.
minimum wage
$7.2¢
$5 © N647
conradhackett is interesting you can see the trend picking up around 19
wonder the conditions that produced this situation.
1960 1970 1980 1990 2000 2010

Based on income in 2012 dollars not including capital gains

Sources: Department of Labor, World Top Incomes Database
Y . ER S
160 82 [@an i ) 8
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Dogal Dil Isleme

Its a btf nite, lukin for smth fun to do,
| think | wanna be w ma frnds.

?

Its a beautiful night, looking for sor?lething fun to do,
| think | want to be with my friends.

Dun aksam okulun sitesi gene cokmustu.

?

Social Text Normalization, Cagil Ulusahin ve Arzucan Ozgur

Pereceptual
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Veri Toplama, Hesaplama ve Yazilim

altvapilari

i.e. Retrieve all tweets
Enter campaign of userl and user2
details

i.e. Listen to the stream
for "soma maden"

User

Registers Creates
the campaign a job

DIRENA) —q Divide into smaller tasks

Task 1: STREAM "soma" Task 1: STREAM "soma"

Wait for tasks Tasks
> QUEUE <

Task 4: RETRIEVE user2 o Task 2: STREAM "maden"
Distribute tasks

Task 3: RETRIEVE userl
Wait for tasks

Task 4: RETRIEVE user2

Distribute tasks

Task 2: STREAM "maden"

Task 3: RETRIEVE userl

Catch Tweet streams
Crawl and Track Friend-Follower Graphs

Pereeptual . .
< g ML for Big Data, Cemgil, 24.12.2012 41



Gorsellestirme

Tweets

Michael Widner
Job: Program Coordinator for

Asher J. Klassen
Got myself all registered 'n stuff on . Prepping

, Never been so pumped for Apri

Trends in Turkish

1 manovich
* Tomnod lets people search satellite images for lost Malaysian plane

the profile for

Dolly Jorgensen
g The Joy Ride for kids at the Los Angeles aligator farm at beginning of 20th ¢.
e

ISTANBUL # 1

TMELINE

N\
| P
NEWS

LOCATION

s

PICTURES

T— designed by ALMILAKDAG. this is a mockup, please do not distribute.
Perceptual
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Konu Modellemesi (Topic M)

WIKIPEDIA
The Free Encyclopedia

5/31
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ModernYapay Ogrenme

Modeller — Algoritmalar -- Sistemler

Algorithm 1: quad i

input: 2,5, L

1 fort=0,1,2,--- do

2 T = 2¢

3 Compute H;

4 for k = 1,2,"‘ 5 ( Task 1: STREAM

5 Choose a subs

6 Compute vSk Task 4: RETRIEVE user2 Distribute tasks

7 Lrt1 = arg mi Wait for tasks T
i =

9 Zt41 = Loy Distribute tasks
10 Set By < B Task 2; STREAM *maden
11 end

Task 3: RETRIEVE userl
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GUdUmIU Ogrenme: Regresyon

1 231977 1966

49 19882069 2015

20

15 +

10

Arac (Millions)

| 1 1 |
1960 1970 1980 1990 2000 2010 2020
Yil
Pereceptual
!nti[lig);‘e?ce
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GUdUmlu Ogrenme: Regresyon

1 231977 1966

49 19882069 2015
y=wx+w,

2
y=w,,x +wx+Ww,

y=f(x;w)
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Siniflandirma

GUdUmIU Ogrenme (Supervised
Learning

sepal length

sepal width

petal length
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5.1 4.3 2.1 0.3 0
5.7 3.5 3.2 0.8 0
3.4 5.2 0.4 0.6 1
X1 X2 X3 X4 y

y=0(XxWw, + X, W, + xXx; W, +x,W,)
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Oznitelik MUhEﬂdlS“lgl (Feature Engineering)

Belirli bir problem icin uygun sayisal bir gosterim

bulmak

Orn: e-mai
X1 =[emal
X2 =[emal

Spam/NoSpam filtering
metni ‘Rolex’ iceriyor mu?]
metni ‘*http://' iceriyor mu?]

X3 = email metindeki bUyuk/ki¢Uk harf sayilari orani

X100000 = [Gonderen kisi adres defterinde var mi?]

ML for Big Data, Cemgil, 24.12.2012



BUyuk Olcekte siniflandirma

Reklam Tahmini, YouTube video siralamasi

Bir kullanicinin bir reklami/videoyu klikleme ihtimali nedir?
A Reliable Effective Terascale Linear Learning System, Agarwal et.al. 2012

Oznitelikler =16 M

3TB Veri
kimesi
1000 Makina

Ornek sayisi 17 Milyar

ML for Big Data, Cemgil, 24.12.2012 51



Algoritma

Her digumde sirali 6grenme kullanarak bir
parametre bul

AllReduce kullanarak ortalama hesapla

Her digumde, gradyan toplamlarini hesapla
AllReduce kullanarak gradyanlari topla.
L-BFGS kullanarak parametreleri gincelle ve 3.
adima don

ML for Big Data, Cemgil, 24.12.2012 52



Paralel isleme Platformlar (BBL2011)

Peer-to-Peer
Virtual Clusters

HPC Clusters

Multicore

TCP/IP Petabytes
MapReduce / MPI Terabytes
MPI / MapReduce Terabytes
Multithreading Gigabytes
CUDA Gigabytes
HDL Gigabytes

Slide from ICML 2011 tutorial Langford et. al.
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GUdUmsiUz Ogrenme

Obekleme (Clustering)
Boyut Dusurme (Dimensionality Reduction)
Goresellestirme (Visualization)

ML for Big Data, Cemgil 54



Obekleme

o d
e &%
Se» 9 oo
: J:‘:: o
° 'o'
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Boyut Dusurme

Kelime-Kitap
j.caesar hamlet othello macbeth rom&jul sonnets

caesar 270 2 1 1 0 0
brutus 379 1 0 0 0 0
malcolm 0 0 0 60 0 0
muse 0 0 1 1 0 16
love 34 68 80 19 150 195
friend 23 14 18 5 13 16
the 610 1148 759 733 682 446
traitor 1 0 0 5 1 0
traitors 9 0 1 3 0 0
napkin 0 1 3 0 0 0
sword 15 16 10 14 8 1
laptop 0 0 0 0 0 0

Pereeptual . .
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Matrix Factorizations

leg)+\ﬁ( Zl- Zg

arg min D(X
> 71,29
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Kelime Dokuman Matrisi

1000
04+t | sonnets
2000 X
rom&jul
2000 02¢ ~ macbeth
othello " j.caesar
4000 O B
§ 5000
2 -0.2¢
6000
-04r¢
7000
-06¢F
8000
9000 -08¢t <hamlet
j.calesar harlnlet o'.hlello n*aclbe:h roml&JuI sonnets —'I . 1
Documents —_ I —_ O ) 5 0
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Yapay Ogrenme ve Olasilik Teorisi

Olasilik Teorisi

Olasilik teorisi, sagduyunun hesaplamaya dokudlmus
halinden baska bir sey degildir. — P. Laplace

Probability theory is nothing but common sense reduced to calculation — P. Laplace

Grafik Modeller, Olasiliksal Uzman Sistemler
Zaman Seriler:

Ornek: ‘Network flow’ siniflandirma
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Ornek: Tibbi uzman sistemler

EWOQS?@>?

J
-

4
Ray? Dysone§?

ML for Big Data, Cemgil, 24.12.2012 60



Visit to Asia? Smoking?

ol o,50
1 o,50
Tuberclosis? Lung Cancer? Bronchitis?
oI 0/ o¢ ol 004 5 ol o, 55
11 %1 10 %55 1 0,45
Either T or L?
ol 0, 93|5
1B%s5
Positive X Ray? Dyspnoea?
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10 2411 ’ 1 o, 43 ¢

Pereeptual . .
< g ML for Big Data, Cemgil, 24.12.2012 61



Visit to Asia? Smoking?
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Visit to Asia? Smoking?
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Zaman Serileri

Pereceptual
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Zaman Serileri, Saklh Markov Modelleri

l
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Graphical Model Through Time
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Zaman Serisi Siniflandirma

Flow 3

SO B T R A e

|
0 10 20 30 40 50 60
Time/sec/10000

Mobil 3G kullanim 6rintuleri, Uygulamalar
Deep Packet Inspection (DPI) kullanmadan

8 Saatlik Kayit, Anonimize edilmis, Payload olmadan 1TB
Kurt, Mungan, Saygun with Ericsson/Avae FP7 Mevico
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Oznitelik cikarim

Pereeptual
inteligence
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Training Data Size - Accuracy

BOUN-SASN-Complete, IPOQUE labels
100 T T T T T T

1m 1 w1 Flow

Accuracy/%

65 .

60

500 1000 1500 2000 2500 3000 3500 4000 4500
Training Data Size/Flows
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Tavsiye Sistemleri
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Matris tamamlama

Netflix: 28K film X gooK kullanici %99 seyrek

p— users =

* 1 ?7 13| 5|7
movies | 7 2
* 4 | 5 | ?
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Matris ve Tensor Ayristirma

leg)+\ﬁ( Zl- Zg

arg min D(X
> 71,29
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Tavsiye Sistemleri

1 ? 3 4
2 4 6 3
1.5 3 ? 6.1
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Tavsiye Sistemleri: Ogrenme

1 ? 3 4
2 4 6 3
1.5 3 ? 6.1
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Tavsiye Sistemleri

1 - 3 4
2 6 8
1.5 3 4.5 6.1
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Tensor Ayristirma

X
X

v

Q

£ F

X

X(i.j k) ~ Y Zi(i.r)Za(j.r)Zs(k,r)
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Veri Bir|6§til’me (Sensor Fusion)

users

activities

locations user-location-activity data
(activity: 'Food’, 'Shopping’,
the user-location from GPS 'Movie', 'Sports’,
trajectory 'Amusement’)

* Mahremiyet gozeten yapay 6grenme
* Dagitik Sistemlerde 6grenme
* Veridegil parametre paylagimi

X

locations

features

points of interest
database
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Paralel isleme Platformlar (BBL2011)

Peer-to-Peer
Virtual Clusters

HPC Clusters

Multicore

TCP/IP Petabytes
MapReduce / MPI Terabytes
MPI / MapReduce Terabytes
Multithreading Gigabytes
CUDA Gigabytes
HDL Gigabytes

Slide from ICML 2011 tutorial Langford et. al.
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Veri Analitigi Platformlan (Acik Kaynak)"

Hadoop/MapReduce

Apache Spark
Storm -

é}) APACHE
STORM

ahout “mongo Q Couchbase
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Pereceptual
intelligen
* LABORAJORY

Veri # Bilgi
Algoritma tasariminda yeni bakis acilari
BUyuUk veri: veri noktalari arasindaki ilskiler ve
etkilegimler
Yapay Ogrenme : bir cok uygulamada olgun
teknoloji
Bilgisayar bilimleri egitimi:
Daha cok Matematik, Fizik, Istatistik ve Sosyal Bilimler
etkilesimi
BUyuUk veri = BuyUk Potansiyel
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http://www.winshuttle.com/big-data-timeline/
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Tesekkurler, Sorular




