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Yanitlamaya calisacagimiz sorular

* Nedir bu “derin 6grenme”?
 Neden her yerde “derin 6grenme” goriiyoruz?

* Derin 6grenme modellerinin klasik yapay sinir
aglarindan ne fark: var?

 Bu modellerin uygulamalar: nelerdir?
* Derin 6grenme modelleri nasil egitilir?

* Nereden baglayabilirim?
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Makine 6grenmesi (Ing. machine learning)
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Makine 6grenmesi (Ing. machine learning)
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“Derin 6grenme” nedir?

« Makine 6grenmesinin (Ing. machine learning)
bir alt dali.
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“Derin 6grenme” nedir?

* Beynin yapisal ve islevsel 6zelliklerinden
esinlenilerek tasarlanmis, cok katmanlh ag
yvapilar1 (Ing. graph) olan “yapay sinir aglary
tizerinde calisan algoritmalar ve modeller
kiimesi.

p/

e “Derin” birden fazla sakli katman (Ing.
hidden layer) ifade eder.
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I1k 6nce kisa bir tarih

Yapay sinir aglar1 yeni degil.

Rosenblat’in Perceptron’u, 1958

1958

Perceptron
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Perceptron: bir yapay noéron modeli
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Yapay sinir aglarinin “gosterim giicii” (Ing.
representation power):

- 1957°de Sovyet matematikci Kolmogorov, ¢
katmanl bir sinir aginin, yeterli sayida sakh
noron ve uygun non-lineer aktivasyon
fonksiyonlar: verildiginde herhangi bir siirekli
(Ing. continuous) fonksiyonu gosterebildigini
ispatlada.
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Kolmogorov'un ispati
baskalar1 tarafindan
gelistirildi. En bilineni
Cybenko, 1989.
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Approximation by Superpositions of a Sigmoidal Function*

G. Cybenkot

Abstract. In this paper we demonstrate that finite linear combinations of com-
positions of a fixed, univariate function and a set of afline functionals can uniformly
approximate any continuous function of n real variables with support in the unit
hypercube; only mild conditions are imposed on the univariate function. Qur
results settle an open question about representability in the class of single hidden
layer neural networks. In particular, we show that arbitrary decision regions can
be arbitrarily well approximated by continuous feedforward neural networks with
only a single internal, hidden layer and any continuous sigmoidal nonlinearity. The
paper discusses approximation properties of other possible types of nonlinearities
that might be implemented by artificial neural networks.

Key words. Neural networks, Approximation, Completeness,

1. Introduction

A number of diverse application areas are concerned with the representation of
general functions of an n-dimensional real variable, x € R", by finite linear combina-
tions of the form

j>:31 %0(yjx + 6)) m

where y; € R" and «;, 6 € R are fixed. (y7 is the transpose of y so that y"x is the inner
product of y and x.) Here the univariate function ¢ depends heavily on the context
of the application. Our major concern is with so-called sigmoidal ¢’s:

1 as t— +oo,
0 as [— —o0.
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Approximation by Superpositions of a Sigmoidal Function*

G. Cybenkot

Kolmogoro
baskalar: t
geligtirildi.
Cybenko, 1

Abstract. In this paper we demonstrate that finite linear combinations of com-

positions of a fixed, univariate function and a set of afline functionals can uniformly

approximate any continuous function of n real variables with support in the unit
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“gosterim giicii’nii acikliyor, onlarin  comecnes.

Bu teoremler yapay sinir aglarinin

nasil 6grenilebilecegini veya "
ncerned with the representation of
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ogrenmenin mimkiin olup olmadigini
.. 5), (1
degil.

ranspose of y so that yTx is the inner

bn o depends heavily on the context

of the application. Our major concern is with so-called sigmoidal ¢’s:

o(0) 1 as t— +oo,
-
0 as f— —c0.

24.11.2018 - BMO Semineri @)



Ogrenilebilirlik cephesinde...

Perceptron ve Adaline gibi algoritmalar
1960’larda gelistirildi

Tek katmanli perceptron’un bircok Bool
fonksiyonunu 6grenebildigi gosterildi.

1958 /

Perceptron
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Ogrenilebilirlik cephesinde...

1969°da Marvin Minsky tek katmanlh
perceptron'un XOR fonksiyonunu
ogrenemeyecegini gosterdi.

- (Yapay sinir aglariin ilk “gomiiliisi”.)

1958 1969
| : .

Perceptron XOR
death
D
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Geriyayillim (Back-propagation)

1980’lerin sonunda “geriyayilim” yonteminin
bulunmasi ve 1y1 sonuclar verdiginin
ogosterilmesiyle birlikte yapay sinir aglar
yeniden popiiler oldu.

1958 1969 1987

1
Perceptron XOR Backpropagation
death
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Geriyayillim (Back-propagation)

90’larin basinda “Support Vector Machines” ve
“Kernel Trick” ortaya cikana kadar. (ikinci
gomiiliis)

1958 1969 1987 Early 1990s

Perceptron XOR Backpropagation SVM
death Kernel Trick
death
D
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Yapay sinir aglar1 90’larda neden terk edildi?

« SVM’ler daha iyi sonuc¢ veriyordu.

* Yapay sinir aglarinda katman sayisim
arttirmak sonucu iyilestirmiyordu.

e Bazi modellerde (recurrent networks)
geriyayllim hic iyi sonu¢ vermedi.
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Bugiinden geriye baktigimizda

90’lardaki basarisizligin kaynaklar::

* Verisetlerinin asir1 kiiciik olmasi

» Bilgisayarlarimizin cok gii¢csiiz olmasi

e Yanlis bir sekilde ilkleme (Ing. initialization)

* Yanlis non-lineer aktivasyon fonksiyonlari

Kaynak: G. Hinton’nin Royal Society’de verdigi konusma, 22 Mayis 2016,
https:/ [ youtu.be [izrG86jycck
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Derin 6grenme modellerinin klasik yapay sinir
aglarindan ne farki var?

¢ “Temelde hicbir farklar: yok” demek yanlis
olmaz.

* Yeni olan seyler:
- Daha c¢ok veri ve daha cok islem giicii

~ Yeni dogrusaldis1 (Ing. non-lineer) aktivasyon
fonksiyonlari

~ Yeni ilkleme (Ing. initialization) yontemleri

~ Yeni diizenlilestirme (Ing. regularization) yontemleri
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Peki bugiin?

* Yapay sinir aglari 3. baharini yasiyor.

* Bu yeniden dirilig, 2009 ve 2012’de yapilan
i1ki calismaya dayaniyor.

1958 1969 1987 Early 1990s 2009 2012
! i i i i i >
Perceptron XOR Backpropagation SVM Breakthroughs in
death Kernel Trick
death Speech Image

Recognition  Classification
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2009’da G. Hinton ve 0grencileri konusma tanima
problemi (Ing. speech recognition) icin yeni bir
egitme yontemi gelistirdi.

Egitmensiz (Ing. unsupervised) 6grenme ile ag1
ilklediler.

En sona “egitmenli” katmani ekleyip geriyayilim
kullandilar.
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Bu yontemle uzun siiredir en iyi sonucu veren
modeli gectiler.

Yontemler:i Android telefonlarda 2012’den
itibaren kullanilmaya baslanda.

Ilgili calisma: Mohamed, A. R., Dahl, G. E. and Hinton, G. E. “Deep belief
networks for phone recognition.” NIPS workshop on deep learning for
speech recognition.
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Yeni diizenlilestirme yontemi: “Dropout”

Ezberlemeyi (Ing. overfitting) onleyen yeni
yontem

2009’daki ve sonraki sistemlerin basarili
olmasinda 6nemli rol oynada.
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Ikinci basar: hikayesi (2012)

« Bilgisayar goriisii (Ing. computer vision)

 ILSVRC 2012 yarismasi
- 1,2 milyon goriintii, 1000 simif

- Problem: verilen goriintii icin, o goriintiideki
baskin nesneyi tahmin etmeye calisin. 5 tahmin
tiretin. Bu 5 tahminden biri dogruysa, basarih
sayiliyor.
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Ikinci basar: hikayesi (2012)

G. Hinton ve 6grencisi Alex Krizhevsky, 2009’daki
yontemi kullanarak 7 katmanli bir evrisimsel
sinir ag1 egitti (Ing. convolutional neural network)

Bu ag, giiniimiizde “AlexNet” olarak biliniyor.

Ilgili calisma: Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton.
"Imagenet classification with deep convolutional neural networks."
Advances in neural information processing systems. 2012.
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Ikinci basar: hikayesi (2012)

AlexNet, %16 hata orani elde etti.

En iyi ikinci yontem, 2012’deki en iyi tim
bilgisayar goriisii algoritmalarinin (SIFT, LBP,
GIST, Fisher vector, vd.) bir kombinasyonuydu.

e Hata orani %26.
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Ikinci basar1 hikayesi (2012)
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Kaynak: G. Hinton’nin Royal Society’de verdigi konusma, 22 Mayis 2016,
https:/ [ youtu.be [izrG86jycck
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2012’den bugiine

Ayni yarismada derin 6grenme yontemleri
bugiin hata oranini %5’in altina indirdi (Bu
verisetinde insanin hata orani ~%5)

... ve daha bircok basar1 hikayesi
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Nesne algilama (Ing. object detection)

(Figure from Ren, He, Girschik,
Sun, NIPS 2015)
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80% PASCAL VOC

70% A

60% Before deep convnets
| A

\ I

40% A A _ !
A Using deep convnets

50% {

—r

30% A

20%

mean Average Precision (mAP)

10%
0%
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
year

Kaynak: “Faster RCNN slides” by R. Girschik.
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Otomatik terciime

Google translate

Yinelgeli sinir aglar
(Ing. Recurrent neural
networks)

[Sutskever, Vinyals and Le 2014]
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Gorunti
altyazilama (Ing.

image captioning)

Demo

a street sign on a pole in front of a a plate with a sandwich and a salad
building

S ik D ira;adarﬂt‘; Zgy aman is throwing a frisbee in a park
an elephant standlng in a grassy field
with trees in the background



http://cs.stanford.edu/people/karpathy/neuraltalk2/demo.html

Goriinti altyazilama (Ing. image
captioning)

f=(a, man, is, jumping, into, a, lake, .)

Word

Recurrent

State

Attention

weight

Attention
Mechanism
S

Aafnotation

[Donahue et al. 2015]

Vectors

Jj
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Derin iiretici (Ing. generative) modeller

occluded completions original

. .
. E |
AR\

Figure 1. Image completions sampled from a PixeIRNN.

(From Oord, Kalchbrenner, Kavukcuoglu 2016)
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Derin iiretici (Ing. generative) modeller

Berthelot, David, Tom Schumm, and Luke Metz. "Began: Boundary equilibrium
generative adversarial networks." arXiv preprint arXiv:1703.10717 (2017).
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Sanatsal stil
transferi

[Gatys, Ecker, Bethge 2015]
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https://deepdreamgenerator.com/ Kullanilarak tretildi.
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https://deepdreamgenerator.com/

Suriucusiz arabalar

Recorded
steering
wheel angle | Adjust for shift Desired steering command
and rotation '
( ) Network
Left camera computed
k steering K,__T___\
( ] Random shift command \
kCenter camera | and rotation - CNN . "‘I._\ |
Right camera A

k

Back propagation < Error
weight adjustment

(Figlrlerin kaynagi: https://devblogs.nvidia.com/parallelforall/deep-learning-self-driving-cars/)
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Neden her yerde “derin 6grenme”
goriiyoruz?

Bircok farkli problemde konvansiyonel makine
ogrenmesi yontemlerinden (¢cok) daha yiiksek
dogruluk verdigi icin,

Bu dogruluk seviyesinin ticari uygulamalari olanakh
kilmasindan dolay1

Yeni uygulamalara olanak sagladig icin.
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Nasil calisiyor?

Uc ana derin model cesidi:

« Cok katmanl Perceptron (Multilayer
Perceptrons)

« Evrisimsel Sinir Agi (Convolutional
Neural Networks)

* Yinelgeli Sinir Ag1 (Recurrent Neural
Networks)
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Cok katmanli perceptron

[nput Hidden Output
layer layer layer

P P " )
K K :. & Output
-

Fully connected, feedforward network

Input #1
Input #2
Input #3

Input #4

Input is a 4-dim vector.
There are 5 hidden nodes each with a 4-dim weight vector.
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Cok katmanli perceptron

Input Hidden Output
layer layer layer

Input #1

Input #2
j - Output

Input #3

Input #4

f X,@) Zﬁjcp(w?x)

=1

Input xeR*

Activation function
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Evrisimsel Sinir Aglar1 (Convolutional Neural Networks
(CNNs))

In a usual ANN, nodes are fully-connected

Sparse

interactions :
d In CNN, sparse connections:
an

Srametr oY XYoo
sharing
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Input

Kernel
d
w T
h
U z
[
v Output
aw + bxr + bw + cx + cw + dr +
ey + [z fy + gz gy + hz
ew + fr + fw 4+ gr + qgw + hx +
twy +  jz iy  + kz ky + Iz
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Sparse Interactions

1% (input) layer: 4x4 image

2x2 filter

2" layer
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Sparse Iinteractions

1° (input) layer: 4x4 image

Node in the 2" layer is not fully-connected to the

nodes in the 1°' layer.

_______-\\
]

®

2" layer
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Sparse interactions

K

_ _ 2" layer
1% (input) layer: 4x4 image

. computed
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Sparse interactions

1% (input) layer: 4x4 image

. computed
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Sparse interactions

_ _ 2" layer
1% (input) layer: 4x4 image

. computed
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Sparse interactions

\

- —

_ _ 2" layer
1% (input) layer: 4x4 image

. computed
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Yinelgeli Sinir Aglari (Recurrent Neural Networks (RNNs))

A recurrent network that maps input sequence x to output
seguence o, using a loss function [ and label sequence .

olNelo)e

o L @ @ 51
Unfold Vv Vv
f.-— - N W W
‘ I pi) =P
\ /
~_
6

,-

[Fig. 10.3 from Goodfellow et al. (2016)]



Agin egitimi nasil gerceklesiyor?

Girdi

Beklenen
cikta
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Agin egitimi nasil gerceklesiyor?

Derin Yapay

Girdi > Sinir Ag1

Beklenen
cikta
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Agin egitimi nasil gerceklesiyor?

Kestirilen/tahmin
edilen cikt1

Derin Yapay
Sinir Ag1

Girdi >

Beklenen
cikta
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Agin egitimi nasil gerceklesiyor?

Kestirilen/tahmin

edilen cikt j

Hata/kayip
> . :
sinyali

Derin Yapay

Girdi > Sinir Ag1

Beklenen
cikt1
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Agin egitimi nasil gerceklesiyor?

Kestirilen/tahmin

edilen cikt j

Hata/kayip
> . :
sinyali

Derin Yapay
Sinir Ag1

Girdi >

Beklenen
cikt

Hata sinyalinin tiirevini al ve Derin Yapay Sinir Agi’'ndaki
agirliklar: tiirevin negatif yoniinde giincelle.
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Agin egitimi nasil gerceklesiyor?

Kestirilen/tahmin

edilen cikt j

Hata/kayip
> . :
sinyali

Derin Yapay
Sinir Ag1

Girdi >

Beklenen
cikt

]

Qiyaylhm (Backpropagation)

Hata sinyalinin tiirevini al ve Derin Yapay Sinir Agi’'ndaki
agirliklar: tiirevin negatif yoniinde giincelle.
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Geriyayillim (Backpropagation)

X ——> fl(xs'wl) - fz(ol;wz) - ]C3(:02;W3) >~

005 0053 00, 00,

ow, 00,00, 0w,

Tirevde zincir kurali (chain rule)
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Nasil ve nereden baglamali?

Baslamak icin en uygun kiitiiphaneler:
PyTorch https://pytorch.org/
Keras https://keras.io/

En 1y1 online ders: http:/cs231n.stanford.edu/
Boliimiimiizde de ders aciliyor: CENG 783 ve 793
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Ornek Keras kodu

from keras.layers import Dense, Activation

model.add(Dense(units=64, input dim=100))
model.add(Activation('relu'))

model. add(Dense(units=10))
model.add(Activation('softmax'))

# x _train and y _train are Numpy arrays --just like in the Scikit-Learn AFI.
model.fit(x _train, y train, epochs=5, batch size=32)

24.11.2018 - BMO Semineri




Tesekkiirler!

Iletisim:
emre@ceng.metu.edu.tr
http://user.ceng.metu.edu.tr/~emre/
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