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Transformers
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“Bilim Akademisi — Piri Reis Universitesi Yapay
Zeka Yaz Okulu’nda déndistiirticiiler
(transformers) semineri...”
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“Transformers dizisinin yeni bolimiinde
Optimus Prime yine gtini kurtard:.”



Dondstlraculer

“Bilim Akademisi — Piri Reis Universitesi
Yapay Zeka Yaz Okulu’nda déndistiirtictiler

(transformers) semineri...”

Sinan Kalkan
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Donusturiculerin Getirdigi Dontstmler

Bilim Akademisi - Piri Reis Universitesi Yapay Zeka Yaz
Okulu'nda donustuructler (Transformers) Gzerine
konusacagim. Birkac cumle ile kendini tanitir misin?

Merhaba!

Ben Google tarafindan gelistirilen gelismis bir yapay zeka modeli olan Gemini. Metin, kod ve
coklu veri turlerini analiz edip igleyerek sorulari yanitlamak, aragtirmacilara teknik sureclerde
destek olmak ve karmasik kavramlari yapilandirmak i¢in tasarlandim. Bilim Akademisi ve Piri Reis
Universitesi'nin diizenledigi bu degerli yaz okulunda, yapay zekanin temel taslarindan biri olan
donustariciler (Transformers) Uzerine yapacaginiz sunumun hazirliklarinda size eslik etmekten
memnuniyet duyarim.

O & C 0

+ Ask Gemini Po v O
gemini.google.com
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Donudstlraculerin Getirdigi Donusumler

DINO v3

(video: ai.meta.com/research/dinov3/)

Whisper
I Decoder l
mAP Turn on the
n) — e >| lights in the
living room
Speech | Encoder I
Mel Transcribed
spectrogram text

https://medium.com/@helenjoy88/how-whisper-works-openais-speech-to-text-
model-explained-928d9729ff63
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Donudstlracilerin

Getirdigi

Large-Scale Robot

—— OpenVLA

Dondsumler

Closed-Loop

Training Data Vision-Language-Action Model Robot Control Policy
5 User. Wipe the table.
Fine-tune VLM w/ Robot Actions: _—~
T . s i OpenVLA
970k Robot - T 578 - [Ax, Af, AGrip] = ..
ama oY, -
) Episodes s E QS e )
VIT ;
Base VLM —
K >, @
Multi-Robot Control & Efficient Fine-Tuning Fully
— L4 ¥y w7 ' Open-Source
g ' , ;
& Data
~  Weights

0 Code

https://openvla.github.io/

autonomous, 5x speed

Pi0.7’den Ornekler
Sinan Kalkan https://www.pi.website/blog/pi07



Donusturiculerin
Getirdigi Donustmler

Genie (Deepmind)

Sinan Kalkan 12
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Oz-yinelemeli Aglar ve Dil Modelleme

ht == tanh(WxXt + Whht_l)

y: = tanh(W”hy) Yaz Okulu  Muhtesem

1 . .
Wx |

X1 X X3 X4 X5 X6

Bilim Akademisi Piri Reis Universitesi  <eos>
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Oz-yinelemeli Aglar ve Tercime

COzUCU (DECODER)

I am listening

istanbul’u  dinliyorum  gdzlerim kapall

Sinan Kalkan
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Oz-yinelemeli
Aglar ve Tercime
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Cho: From Sequence Modeling to Translation
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Oz-yinelemeli Aglar ve Dil Modelleme
Uzun Donem Baglilik Problemi
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Oz-yinelemeli Aglar ve Dil Modelleme
Uzun Donem Baglilik Problemi
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Bahdanau vd., “Neural Machine Translation by Jointly Learning to Align and Translate”, ICLR 2015.



Biyolojik Sistemlerde Dikkat

Fotograf: https://pirireis.edu.tr/

Sinan Kalkan
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Biyolojik Sistemlerde Dikkat Turleri

Bottom-up Top-down

stimulus-driven goal-directed
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Gorsel: https://www.researchgate.net/publication/319970865_Emotional_metacontrol_of attention_Top-
down_modulation_of _sensorimotor_processes_in_a_robotic_visual_search_task/figures?lo=1
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Input image

i Colours
Multiscale Red, green, blue, yellow,
low-level feature
extraction \
Ya a Intensity
On, off, etc.

Orientations
0°, 45°, 90°,
135°, etc.

Sistemlerde
Dikkat

Other

Motion, junctions
and terminators,
A stereo disparity,
shape from shading,
etc.

Attended
location

Inhibition of return
Winner-take-all

Centre-surround
T differences and

Saliency map spatial competition

Feature

V\ Top-down
attentional bias
< and training

Gorsel: Itti & Koch,
Computational Modeling
of Visual Attention, 2001.
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Bahdanau Dikkat Modeli
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Attention
Mechanism

Annotation

Vectors

Z; 11 icin hangi h{, h, ... 6nemli?

=>z; ile tum hy, h, ... kiyasla

KODLAYICI (ENCODER)

Gorsel: https://devblogs.nvidia.com/introduction-neural-machine-translation-gpus-part-3/
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Bahdanau Dikkat Modeli

Z; .1 icin hangi h;, h, ... 6nemli?

Word
Ssample

* h;’nin 6nemi = align(z;, h;)
* Toplamin bir olmasi icin Softmax:
B exp[align(zi, hj)]

- X explalign(z;, hy)]

¢OzUCU (DECODER)

u, g | * Z;iletim hy, h, ... kiyasla

Recurmrent
N

Attention
weight

aij

£, OO0
LY OO OO0
X =(Economic, growth, has, slowed, down, in, recent, years, .)

_____________________________________ D Ly f(ziryiiZk a;hy)

KODLAYICI (ENCODER)

Gorsel: https://devblogs.nvidia.com/introduction-neural-machine-translation-gpus-part-3/ Sinan Kalkan 23



Bahdanau Dikkat Modeli
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Gorsel: Ghader ve Monz, “What does Attention in Neural Machine Translation Pay

Attention to?”, 2017.
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Bahdanau Dikkat Modeli

* Bahdanau dikkat modelini yeniden yazalim Softmax fonksivonu:
Somax(r) = 52
exp|align(z;, hj)] ] "
a:: = .
7 Y explalign(z;, hy)]

align(z;, h;) = W?tanh(W'[z; @ h;])

|
align(zi, hj) =>Temelde 6grenilebilir bir benzerlik fonksiyonu a]l

gn(z,hj)=lem\n )

=> Ogrenilebilir olmak zorunda mi?



Bahdanau Dikkat Modeli: Alternatifler

exp[align(zi, hj)] - 0 exp [benzerlik(zi, hj)]

A 2k explalign(z;, h;,)] v 2 exp[benzerlik(z;, hy )]

benzerlik(z;, h;) e ,
g, f=(a !
. s . S 2 |
=> Ogrenilebilir olmak zorunda degil. 235" !
SRR W |
benzerlik(z;, h h zh, K :
° 1 . . —_ . . —_ Clxa
enzeril (Zl' J ) COS(ZU ] ) ||Zi||||hj|| _ r—.;—_—:=;=;=;=:=:=; M e ot |
. benzerhk(zi,hj) = z; Wh; 2 %3 . 4 :
=
% e, N O—100O-O010 |
* benzerlik(z;, h;) = z; - h; 3152 O—10 OO0 |
Z | X = (Economic, growth, has, slowed, down, in, recent, years,.) |

______________________________________
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Ogrenen Sistemlerde Dikkat

-

¢OzUcU (DECODER)
R ‘un nt Word |
Ssample

State

Sorun: Bu cozimler glizel ve etkili olsa da, uzun dizilerde oldukca
yavaslar.

{ Coziim: Gosterimleri (vektorleri) paralel isleyecek bir dikkat
mekanizmasi.
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Bahdanau vd., “Neural Machine Translation by Jointly Learning to Align and Translate”, ICLR 2015.

X = (Economic, growth, has, slowed, down, in, recent, years, .)
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Parikh vd., A Decomposable Attention Model for Natural Language Inference, 2016.
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Oz-Dikkat: Baz Versiyon

(10

Tansformers | e4 " f

derin e,

6grenmede | e;

Sinan Kalkan
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Tansformers

derin

benzerlik skoru
A ’—‘—‘
I ! Softmax
bi1 =€ e > Aq1
1 Softmax
exp(el ¢ e])
Zl — e

r Z’m exp(el ' em)

Softmax

bin =€ - " Qin

Sinan Kalkan
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Baz Versiyonu lyilestirme

sorgu (query)

Tansformers | e |
derin €, . anahtar (key)
c')'gjrenmede €3 anahtar (key)

Sinan Kalkan

sorgu (query)

7. =
! 3 Zm exp(el ) em)

4

anahtar (key)

e

exp(e; - /) o
j

deger (value)
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Baz Versiyonu lyilestirme

Zq

sorgu (query) anahtar (key)

. eXp(CI(e1) : k(ej) )
" L Texp(aCer) ke,

|

deger (value)

Sinan Kalkan

sorgu (query)

q(e;) = Wqe;

anahtar (key)
k(e;) = WH-e;

deger (value)
v(e) =WVe;

|

q (91)]
Q(gn)
k(e1)]
k(en)

v(eq)

v(e,)

32
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Oz-dikkat

Tansformers
derin

6grenmede

mimaridir.

sorgu (query)
q(e;) = WVe;

anahtar (key)
k(ei) = WKel-

deger (value)

v(ei) = eri V=

Sinan Kalkan

[Cl(el)]
q('é.n)
(k(eq)]

k(e,).

(v(eq)]

v (.(;n)_

o= - T exp(q(en) k(1))

=|Softmax

sorgu (query) anah:car (key)

exp(qe) - k(e))

v(e)

'
deger (value)

11, 17 .... Dikkat Skorlar

KT

Q
Vd,,
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Oz-dikkat

Scaled Dot-Product Attention

|

Tansformers | e _ MatMul
Q11,12 -..- Dikkat Skorlari 1 1

SoftMax
A T *

|Z4, ..., Z;;] =|Softmax 14 e
Vd,,

Scale

1
MatMul

; t 1

Q KV

derin e,

GoOrsel: Vaswani vd., “Attention is all you
need”, 2017.
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Input

Embedding

Queries

Keys

Values

Thinking

X1_

o]

k1

V1

Gorsel: https://jalammar.github.io/illustrated-transformer/

Machines

Xz_

a2

k2

V2

Sinan Kalkan
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Input

Embedding
Queries
Keys
Values

Score

Gorsel: https://jalammar.github.io/illustrated-transformer/

X1

q1

K1

V1

Thinking

qir e ki=112

Sinan Kalkan

Machines

X2

gz

k2

V2

qr ® ko =96
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Input

Embedding

Queries

Keys

Values

Score

Divide by 8 (/dj )

Softmax

Gorsel: https://jalammar.github.io/illustrated-transformer/

Thinking

x [T
o T

[
o

q10k1=

Sinan Kalkan

Machines

x2 [0
o [T

. [
v. [

q1.k2=
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Input

Embedding

Queries

Keys

Values

Score

Divide by 8 ( d;. )

Softmax

Softmax
X
Value

Sum

Gorsel: https://jalammar.github.io/illustrated-transformer/

Thinking Machines
X1 X2
q1 gz
K1 k2
V1 V2
qi e ki=11 qr * k2 =
V1 V2
Z1 Z2
Sinan Kalkan
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Layer:| 5 | Attention:| Input - Input %

The_ The_
animal_ animal_
didn_ didn_
= t
Cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ -t
was_ was._
too_ too_
tire tire
d d

Gorsel: https://jalammar.github.io/illustrated-transformer/ o Kol



import numpy as np

# 1. Climlemiz (3 kelime, her biri 2 boyutlu)
# Kelime 1: [1, 0], Kelime 2: [0, 1], Kelime 3:[1, 1]
e = np.array([
[1, 0], # Kelime 1
[0, 1], # Kelime 2
[1, 1] # Kelime 3
1)

# 2. Parametreleri rastgele degerlerle baslat

# Aslinda bunlar gradyan inisi ile 6greniyoruz:
W_q = np.array([[1, 0], [0, 1]])

W_k = np.array([[1, 1], [O, 1]])

W _v =np.array([[1, 2], [3, O]])

# 3. Q, Kve V matrislerini hesapla
Q=x@ W_q
K=x@ W _k
V=x@W._v

_ exp(q(el) ' k(ej) )
" 2 Tewla(en) k(e P

Zq

KT
|Z4, ..., Z;;] = Softmax (Q ) V
vy

# 4. Benzerlikleri hesapla
benzerlik=Q @ K.T

# 5. Softmax
def softmax(x):

return np.exp(x) / np.sum(np.exp(x), axis=-1,
keepdims=True)

dikkat_skorlari = softmax(benzerlik)

# 6. Sonug¢: Baglami dikkate alan kelime anlamlan
z = dikkat_skorlari @ V

Sinan Kalkan 40



Cok basli 6z-dikkat (ing. Multi-head self-attention)

FC
Multi-Head Attention
\ }
Linear Concat
T
Concat | |
) Attention Attention
Scaled Dot—'Product J& h T T T e T T T
Attention ~
1 | | FC FC FC FC FC FC
Linear Linear Linear T T T j T J
¥ ¥ T | | |
Queries Keys  Values
V K Q
Gorsel: Vaswani vd., “Attention is all you Gorsel: https://d2l.ai/chapter_attention-mechanisms-and-transformers/multihead-

need”, 2017. attention.html
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Goérsel: https://jalammar.github.io/illustrated-transformer/ Sinan Kalkan 42
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Oz-Dikkat, Evrisim, Ozyineleme, Algilayici Kiyaslamasi







Dondsturuculer ve Turleri

! f 1
{ Cok-katmanli Algilayici
!
Zq Z; Z3
f !
Oz-Dikkat
X4 X9 X3

Yaz Okulu harika

Sinan Kalkan



Dondsturuculer ve Turleri

exp(q(e,) - k(e))

Z] = v(e;)
' ' — = Ymexp(q(e,) -k(e,))
Cok-katmanli Algilayici J
1 1 t . e
. . . Pozisyon bilgisi yok!
1 1 r
Oz-Dikkat | Ayni kelimeler farkli siralandiginda farkli anlamlar
l t ifade eder:
X1 X2 X3 * “man bites dog”
Yaz Okulu harika

ve

* “dog bites man”

Sinan Kalkan 46



Birlesik Gosterim

Pozisyon Gosterimi

Kelime Gosterimi

€1

P1

X1

f f

Cok-katmanl Algilayici

! f

Z) Z3
Oz-Dikkat
e, e;
P2 Ps3
+ + +
XZ X3
Yaz Okulu harika

Sinan Kalkan

47



Zaman

GoOsterim O

Gosterim 1

GoOsterim 2

Gosterim 3

Gosterim 4

Gosterim 5

GOosterim 6

Gosterim 7

Pozisyon Gosterimleri

Indeks 2 Indeks 1 Indeks O
\
0\ Q 0\\
\ \
0 0\ 1
\ —=
0 \‘ 1 0’\\
\
0 | 1 1
/7 ~
] // ,'
I
1 9 0%,
] |
1 (] 1
. \ .
7 \ /7
1 / 1 (1 RN
/ S
/ ~
¥ 1 1

Sinan Kalkan
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—p

RN

Gorsel: https://www.youtube.com/watch?v=dichlcUZfOw

Pozisyon Gosterimleri

i=0
i=1
i=2
i=3
i=4

word position

pi ot = sin(i/10000%/%)
Piger1 = cos(i/10000%/%)

6
Pe

W —

i=1

i=2 —

i=3

i=4 —_—

Zaman

GoOsterim O

Gosterim 1

GoOsterim 2

Gosterim 3

Gosterim 4

Gosterim 5

GOsterim 6

GoOsterim 7

Sinan Kalkan

Indeks 2 Indeks 1 Indeks O
\
O\ Q 0~
\ \ -
0 0\ 1
Z
Ve
0 : 1 0‘\\
‘ ~
0o 1 1
) / 7
| 7/ ,'
I /
1 I 9 0\\
|
1 ® 1 )
+ \ .
\
1 / 1 0.\
/ N
/ ~
1 1 1 -
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Pozisyon Gosterimleri

Indeks 2 Indeks 1 Indeks O
* Pozisyon gosterimlerini Gostorim O ) ) )
o . 02 01 00
ogrenebiliriz
Gosterim 1 P12 P11 P1o
* Her adim turevlenebilir oldugu Gosterim 2 D22 P21 P20
icin gradyan inisi (gradient S | Gosterim 3 . Doy 2o
descent) ile bu gdsterimleri £
N .o .
giincelleyebiliriz Gosterim 4 Paz Pa Pao
Gosterim 5 Ps2 Ps1 Pso
Gosterim 6 Pe2 Pe1 Pso
Gosterim 7 P72 P71 P70

pij: 68renilebilir parametre

Sinan Kalkan 50



I/'[ Ekleme ve Normalizasyon ]
I
S r -
|
\ Cok-katmanl Algilayici
\\i___“_______________‘:______________“ g
4 )\
” Ekleme ve Normalizasyon
N y
I' T zl A z2 A Z3
| = .
\ [ Oz-Dikkat ]
\ a a a
~ ~ e o e e e e e e e e e e e e e e e e e e e e e — -
€ € e
P1 P2 P3
+ + +
X1 X7 X3
Yaz Okulu harika

Sinan Kalkan
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1, = ortalama(t,)
o; = stdsapma(t,)

1

p
Ko Ekleme ve Normalizasyon
: 1 1 I
1 4
\ Cok-katmanli Algilayici
v L
S ————— Sessesoesseoes 1
” Ekleme ve Normalizasyon
/ (.
|I tz { 2 f 23
\ og .
\ Oz-Dikkat
\ A h -~ -
~ e 1
€ € €3
P1 P2 P3
+ + +
X1 X2 X3
Yaz Okulu harika
Sinan Kalkan 52



Kodlayici

(Encoder)

—_ r t
I/' Ekleme ve Normalizasyon
L1 1 I
1
\ Cok-katmanh Algilayici
& J
pOEEE EEEEEE PP  EECCECECELELEE I
e )
” Ekleme ve Normalizasyon
/7 Y,
' t | 1
| ~
\ Oz-Dikkat
VL J
B [ |
l/' Ekleme ve Normalizasyon
L1 i -
\ 4
\ Cok-katmanh Algilayici
- J
NSEET EEFEREEEEPEPEY  EEEELELECEEEET 1
R Ekleme ve Normalizasyon
- J
II f Tzl T Z, 1 Z3 .
\ Oz-Dikkat
AN J
e €; €3
P1 P2 P3
+ + +
X1 Xy X3
Yaz Okulu harika

Sinan Kalkan
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- . _ . itskiy vd., “ i h ds:
Ornek: Vision Transformers (ViT) B e oS

MLP
Head

EER SN SR S S S S S S

Transformer Encoder

Ogrenlleb'IIr

Siniflandirici Linear Projection of Flattened Patches

Belirteg ‘ ‘ ‘ ‘ ‘ ‘
\ | o a
‘ , ey

(token)
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CozUcu (Decoder)

OUTPUT

?
( Linear + Softmax f

T

é N
DECODERS
. - o
7

(1T
[LTT]

PREVIOUS

OUTPUTS

Gorsel: https://jalammar.githubiio/illustrated-transformer/ 55



|

Okulu

1

Ekleme ve
Normalizasyon

f

.

Cok-katmanli
Algilayici

Ve

Ekleme ve

Normalizasyon

4

Oz-Dikkat

Yaz

CozUcu (Decoder)



Okulu | harika

leme ve Normalizasyon

m
e —

]

ok-katmanli Algilayici

A

Ekle*ame ve Normalizasyon

A

Z)

\ Oz-Dikkat

| N e S

Yaz

Okulu

X N

Cozlcu
(Decoder)



harika‘

gidiyor

x N

N L S T S

1 1 1
{ Ekleme ve Normz+|izasyon
1 f I
{ Cok-katmanh Algilayici
{ Ekleme ve Normali\zasyon
A A Zz T Z3
[ Oz-Dikkat \
€2 €3
P2 P3
+ + +
X5 X3
Yaz Okulu harika

Cozlcu
(Decoder)



harika

gidiyor

Ekleme ve Normalizasyon

]

Cok-katmanh Algilayici

A

Ekleme ve Normalizasyon

A

Z)

MASKELENMIS Oz-Dikkat
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=> 0 adimlarin dikkat skorunu sifirla

j>i=> —
o exp(q(ey) - k(&) )
l - 2mexp(q(e;) - k(e,))
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Donusturiculerin Gelecegi

Sorunlar / Zorluklar

Alternatifler / lyilestirmeler

X Hesaplama Maliyeti
Oz-dikkat mekanizmasinin girdi uzunluguna gore
kuadratik (n adet token i¢in O(n?)) biyiimesi.

X Hafiza Darbogazi
Cikarim (inference) aninda KV matrisleri
nedeniyle hafiza tuketiminin hizla artmasi.
X Baglam Kaybi

Girdi uzadikca modelin ortadaki bilgileri
unutmasi ("Lost in the middle" fenomeni).

X Veri ihtiyac
Sifirdan egitimin devasa oOlcekte yliksek kaliteli
veriye ihtiya¢c duymasi.

v Alternatif Mekanizmalar
Lineer Oz-dikkat ve State Space Models (Orn:
Mamba).

~ Donanim Farkindahligi (Hardware-Aware)
FlashAttention ile I/O darbogazinin asiimasi.

v Mimari Verimlilik
Cok-basli Dikkatte KV matrislerini paylasma.

v Yeni Paradigmalar
Test zamani 6grenme / hesaplama
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Sonuc

Output
Probabilities

e Donusturuculer, 6z-dikkat

mekanizmasi sayesinde karmasik
durumlarda/problemlerde en i
irdiyi O (~Emen) || feen
uygun girdiyi secme yetenegine
Sahip orwart D) Nx
Nx | —((Add & Nom ) L'i;rm
* Performanslarinin uzun dizilerde oo iy & ] ~ o
o Encodin by ncodin
artirilmasi, hesaplama kaynag T e
ihtiyacinin iyilestirilmesi Gzerinde f I
Inputs Outputs
calisilan konular arasinda shited righy

Vaswani vd., “Attention Is All You Need”, 2017.
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