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Ozetce

* Giris,
— Yapay zeka, makine 6grenmesi, ortintld tanima
— Ornek uygulamalar

e GUdUmli 6grenme problemleri
— Dogrusal Regresyon

— Lojistik Regresyon, Yapay sinir aglari, Cok katmanli
algilayici

— Eniyileme, bayir inisi ydontemleri
e GuUdUmsuz 6grenme problemleri
— Matris ayristirma



Yapay Ogrenmeye Giris Konulari

Dogrusal cebir tekrar

Gludumlu 6grenme, Dogrusal regresyon, siniflandirma, Naive
Bayes, k-en yakin komsu, karar agaclari

Siniflandirma, Lojistik Regresyon,

Eniyileme, bayir inisi, Newton yontemi, Momentum
Regularizasyon, Oz nitelik secimi,

Yapay Sinir Aglari (YSA), Derin 6grenme cerceveleri (PyTorch),
Otomatik Turev alma

Gudumsiiz Ogrenme, k-ortalama ébekleme, spektral dbekleme

Boyut diistirme, Tekil deger ayrisimi (SVD), Temel Bilesenler Analizi
(PCA),

Matris Ayrisimlari, Negatif olmayan matris ayrisimi, tavsiye
sistemleri



Kaynakca

* |Introduction to Applied Linear Algebra
Stephen Boyd and Lieven Vandenberghe, 2017
Online Book, to be published by the Cambridge University Press

* |Introduction to Machine Learning, 3rd ed.
Ethem Alpaydin, 2014 MIT press
Yapay 68renmeye giris, Bogazici U. kitapevi

* Deep Learning

lan Goodfellow, Yoshua Bengio and Aaron Courville, 2016
published by MIT Press



Olasiliksal Yapay Ogrenme

Olasilik kavramlari tekrar, Bayes kurali
Bayesci ¢ikarim ve uygulamalar
Cizge modelleri, kosutlu bagimsizlik

Zincir ve aga¢ yapili modellerde tam ve hatasiz ¢ikarim, toplam-
carpim algoritmasi

Olasilik modelleri, en blyuk olabilirlik, en buylk sonsal ve Bayesci
cozumler, Ustsel aileler

Cok degiskenli Gauss modelleri, Bayesci dogrusal modeller
Gauss surecleri ve Faktor analizi

Sakh Markov modelleri, ileri geri algoritmasi

Dogrusal Dinamik sistemler ve ¢ikarim, Kalman slizgeci ve
duzlestiricisi

Yaklasik cikarim, EM algoritmasi ve Varyasyonel yontemler



Kaynakca

* Bayesian Reasoning and Machine Learning
David Barber, 2012
Online, published by the Cambridge University Press

* Pattern Recognition and Machine Learning,
Christopher Bishop, 2006

* Machine Learning, A Probabilistic Perspective
Kevin P. Murphy, 2012



Kullanim Senaryolari: Tavsiye
Sistemleri
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Kullanim Senaryolari: Perakende/
Tuketim
Urtin 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



Kullanim Senaryolari: Tavsiye
Sistemleri

e Netflix: 18K film X 500K kullanici %99 seyrek
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Kullanim Senaryolari: Haberlesme

Ag izleme ve performans eniyileme
Fiyatlandirma

Musteri ayrilma (Churn) tahmini
Call Detail Record (CDR) Analizi
(Mobile) Kullanici Davranis Analizi

Siber glivenlik, DDOS saldirilarinin tespiti ve
dnlenmesi

Altyapi Planlamasi



Base Station

Kullanim Senaryolari, Haberlesme

Traffic’/Erlang received by Diyarbakir Basestations
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Base Station
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Kullanim Senaryolari

Traffic/Erlang received by Diyalbakir Basestations
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Kullanim Senaryolari, Haberlesme

e X:gln, Y: saat, renk: Kullanim Miktari




Haberlesme
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Kullanim Senaryolari: Finans/Ticaret/

Yolsuzluk (Fraud) Tespiti/Risk Kestirimi

Bankacilik

Insider Trading
Yuksek hizda Trading

Anomalite/Degisim noktasi tanima

ML for Big Data, Cemgil, 24.12.2012
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Customer Behavior Segmentation
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Day of Week

Customer Behavior Segmentation

Supermarket: Haftanin Giinlerine Gore Alisveris miktari




Day of Week
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Day of Week
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Musteri Toplam Ciro: 198.538 TL, Toplam Maliyet: 208.516 TL
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Demand Prediction: Gazete Satislari

'*'w' T mra g LY
R Dhnnh LT
L Y L | i

20



Spor Anglmgl

VU 42.00
s )
°
® e
® .. %%
LI
e O ]
s oo .
o0 . g
°
'.. 'S

* Oyuncu Takibi

ML for Big Data, Cemgil, 24.12.2012

21



Duygu Cikarimi
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Duygu Olcegi

PSYCHOLOGICAL THEORIES OF EMOTION §&

CONTEMPT (Continue)

AGGRESIVENESS REMOVE

ANTICIPATION

OPTIMISM DISSAPPOINTMENT

SUBMISSION Figure : “The Emotion Wheel” by Plutchik



Affective Computing - Uygulama
Alanlan

Stress tanima ve rahatlama
E-Terapi

E-68renme

Hastalara yardimci olma

— Epilepsi

— Parkinson

— Uyku Bozuklugu

— Anksiyete

— Bipolar Bozukluk

— Ameliyat sonrasi hastalara yardim



Giyilebilir Cihazlar




Fizyolojik Sinyaller'

AffecTech

PERSONAL TECHNOLOGIES FOR
AFFECTIVE HEALTH
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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)



Elektrik Enerjisi Kullanimi
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Degisim Noktasi Bulma

e petrol kuyusu kazimi sirasinda (Schlumberger)
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Duygu, llgi, Egilim Tahmini

Conrad Hackett @ conradhackett - 5h
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?

$30 ,
$25 | Real value of $25.1!
minimum wage
if it grew at same
! rate as income of
5 the top1%
$15 -
$10 + Real value of
minimum wage
$7.2¢
$5 -
1960 1970 1980 1990 2000 2010

Based on income in 2012 dollars not including capital gains Meother )
Sources: Department of Labor, World Top Incomes Database . \( YINC1 ']( CS
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Pivot @jeffposteri211 - 5h

@conradhackett somebody ought to paint an elaborate picture of what a

beautiful world we would have if we applied that math

Emmanuel Acain ©CitizenCainll - 4h
@conradhackett a good way to share that surplus value.

NikFromNYC @ NikFromNYC - 4h

@conradhackett But would the top income, redistributed, at all cover the $25

minimum wage? No! So your implication is moot.

N647 @night647 - 4h

@conradhackett is interesting you can see the trend picking up around 19

wonder the conditions that produced this situation.
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Modern Yapay Ogrenme

* Modeller — Algoritmalar -- Sistemler

Enter campaign
Algorithm 1: quad i details
input: z9,3;

User
1 fort=0,1.2,--- do Registers
: 4 ‘ e campaign

2 Ty = 2 DIRENA

3 Compute H,

4 for k = 1, 2, £ 8 E il Task 1: STREAM "soma" _

Wait for tasks

5 Choose a subs »|  queu

6 COlllpute VS'A bl i s Distribute tasks

7 :lfk-_*_]_ = arg 1y Wait for tasks T

8 end

9 zf—-}-l — ‘,r(‘+] Distribute tasks
10 S(!t. ‘8t 41 e Bt Task 2: STREAM "maden”
11 end

Task 3: RETRIEVE userl
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GudUmli Ogrenme: Regresyon
i Argsaysily) Vi)
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GudUmli Ogrenme: Regresyon
i Argsaysily) Vi)

1 231977 1966

49 19882069 2015
y=wx+w,

2
y=w,xX +WwWXx+Ww,

y=f(x;w)
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Gudumlu Ogrenme (Supervised
Learning)

Siniflandirmz
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Siniflandirma: Lojistik Regresyon
e e o e
5.1 4.3 2.1 0.3 0
5.7 3.5 3.2 0.8 0
34 5.2 0.4 0.6 1
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Oznitelik Muhendisligi (Feature Engineering)

* Belirli bir problem icin uygun sayisal bir gdsterim
bulmak
* Orn: e-mail Spam/NoSpam filtering
— X1 = [email metni ‘Rolex’ iceriyor mu?]
— X2 = [email metni ‘http://’ iceriyor mu?]
— X3 = email metindeki blylk/ktcltk harf sayilari orani

— X100000 = [Gonderen kisi adres defterinde var mi?]



Risk Kestlrlml

TN Time customer with bank (years) -0.00250**
Oznitelikler _ _
Time with bank unknown + -0.342**
Income (log) -0.146**
Income unknown + -1.46™*
Demografik degiskenler Number of cards -0.0610**
Gelir diizeyi Time at current address -0.00129
Musteri olma siiresi . Employment + :
Macroekonomik deglskenler Self-employed 0.303**
Issizlik katsayist ... Homemaker 0.072
Davranigsal degiskenler (Musteriye 6zel) Retired 0.111
islem sayisi Student -0.035
Geri 6deme gecikmesi ... Unemployed 0.231
Part time -0.365**
Other -0.037
Excluded category: Employed
Age +: 18t0 24 0.074
25 to 29 -0.058
30 t0 33 0.010
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Yapay Sinir Aglari, Derin Ogrenme

) hidden layer 1 hidden layver 2 hidden layer 3
input laver

output layer

Figure:http://neuralnetworksanddeeplearning.com/chap5.html
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Derin Ogrenme araclari

Keras deep learning framework

Torch Matiab-like environment for state-of-the-art machine learning
algorithms in lua

e Tensorflow open source software library for numerical
computation using data flow graphs

* ... baska drnekler

Otomatik Turev alma



Tavsiye Sistemleri
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Matris tamamlama

e Netflix: 18K film X 500K kullanici %99 seyrek

*1 AN A

movies | 7 1 2
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Matris ve Tensor Ayristirma

. X Zr
-
T — B
e— = = |
arg min D(X||Z1Z2)+AR(Z1, Z5)

N
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Tavsiye Sistemleri

I N
B 1 ? 3 4
B : 4 6 8
s 3 ? 6.1




Tavsiye Sistemleri: Ogrenme
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Tavsiye Sistemleri
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