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Motivacio
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A konvolucios rétegek lokalis operaciokat végeznek
Tavoli regidok k6z6tti kommunikacio csak tobb rétegen keresztil tortéenhet!
(Pl. 224x224 kep szeéleit a 28.(1!!) 3x3 reéteg latja egyszerre!)
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Motivacio

Konvolucio (CNN):
lokalis, fix kombinacio




Motivacio

Konvolucio (CNN): Fully Connected (MLP):
lokalis, fix kombinacio globalis, fix kombinacio




Motivacio

X X
Konvolucio (CNN): Fully Connected (MLP):
lokalis, fix kombinacio globalis, fix kombinacio

- .

EZINS

Figvelem/Attention (Transformer):
globalis, dinamikus kombinacio!

3



Tokenek

transpose

Eddig a halok bemenete/kimenete vektor vagy tenzor volt.
Uj adattipus: tokenek — vektorok halmaza

“Today is a beautiful day outside.”

v

[llTol’ Ndayll’ llisl’ la.’ .beautll’ llifulll’ lldayl’ lloutl’ “sidell’ ll.-]

v

[98, 1452, 43, 15,2932,1709, 740, 1452, 3112, 3823, 74]
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Figyelem (Attention)

Linearis réetegek

Xin

Xout = W1 X1 +WorXo + W3X3

Neuronok kombinacioja
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Tokenek kombinacioja




Figyelem (Attention)

Neuralis vs. token halozatok

O O O
N
. L Tqili, :1= ) w,TinlJj, :]1 < linear combination of tokens WI
Xout = Wxjn < linear combination of neurons outl’- ] Zf j-int/
i i FyTipl0, :1)
relu(xi [0]) 4 _ | Tt _ o
, _ : Tout = : | « per-token nonlinearity
Xout = : | < per-neuron nonlinearity Fy(Ti[N = 1, :])
relu(x, [NV — 1]) : - .
' O
N
Toytlis ;1= Z w;i TinlJ, 11 < linear combination of tokens m
Xout = WXjn < linear combination of neurons j=1

Neuralis halézat | Token halbzat



Figyelem (Attention)

MLP vs. Attention

y

MLP / fully-connected

i
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statikus sulyok

& ATTENTION

Attention
dinamikus (bemenet-fliggd) sulyok




Tokenek

TN
dUUgO

\Vg

1. Tokenek kdzo6tti kommunikacio
(Uzenetvaltas — all-to-all / teljes graf)

Attention

2. Tokenek feldolgozasa
(per-token)

Fully Connected / MLP




Figyelem (Attention)

Query / Key / Value

* Analdgia: adatbazis / asszociativ memoria

e Query: mit kerestiink? Memory
r 2

 Key: mire reagélunk? Values Output

e Value: mit kozlink?

Attention

Database
Key 1 | Value 1
Key 2 | Value 2 \ Keys Query

Key 3 Value 3 : Value | \_ J

Querv >
y —l v

Keyn | Valuen
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Figyelem (Attention)

QKV Matrixok, Attention

* Query: mit kerestink? g, = Qxi

» Key: mire reagélunk?  k; = KXx;

e Value: mit kozliunk? Vi — Vxl-

+ Attention / figyelem sulyok: a(g;, k;)

* Value-k figyelem szerint sulyozott atlaga —
figyelem (attention) mechanizmus:

=) alk.q) - v,
j=1

11

& ATTENTION

0, K, V: linearis transzformaciok

Minden tokenre azonosak!
Tanuljuk oket!

>

>

>

>

Attention
weights

(a(q, k)

a(q, k)

Values

Output

\:
/

Query

>
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Attention

Pooling



Figyelem (Attention)

: di
Dot-product attention l
, i
o Skalarszorzat (dot-product): q; = Ox,
k; = Kx; %Tkj — H g; H H k H cos(£(g; k;))
I =V
a(q;, k]) — {; k] T
Attenltion Attention @ g Output
function _ eights !
- Softmax képzés: — O =]
Xl — Z SOftMaX(OC(qp k])) * VJ Keys - ;@—» % >€<><J Values
_ (_”@_’U > V<

Query )
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Figyelem (Attention)

Emlékeztet6: SoftMax

» Logitok: Xy, ..., X,

e SoftMax:

x./T

l

n xJT
z,=1 exj |

SottMax(x,) =

T —

o Tetszbleges szamokbol
valdszinlsegleoszlast csinal!

e Kiemeli a maximalis ertéket!

(Helyesebb volna SoftArgMax-nak nevezni...)
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Figyelem (Attention)

Emlékeztet6: SoftMax

» Logitok: Xy, ..., X,

e SoftMax:

x./T

l

n xJT
z,=1 exj |

SottMax(x,) =

T —

o Tetszbleges szamokbol
valdszinlsegleoszlast csinal!

e Kiemeli a maximalis ertéket!

(Helyesebb volna SoftArgMax-nak nevezni...)
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Figyelem (Attention)

Scaled dot-product attention
q; = Ox;
k; = Kx;

v, = Vx.
g'k > 1 — SoftMax(g"' k) ~ const — megall a tanitas...
Megoldas: leskalazas — scaled dot-product attention
Q T
_Scale_

softmax( ) Scale

1)
Vi MatMull

= Q K V
“Attention Head”

14



Figyelem (Attention)

Attention layer

Tout

q; = Ox;
ki — Kxi Qin9 Kin9 Vin

:
e NN N

Attention layer = fully connected hald, adatfliggd sulyokkal (“hiperhald”)
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Figyelem (Attention)

Onfigyelem (self-attention) 3

attn map for attn map for attn map for
query/key features  outlined query outlined query outlined query

Onfigyelem: query/key/value tokenek forrdsa megegyezik
(Tokenek transzformacioja a relevans kontextus alapjan)
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Figyelem (Attention)

Keresztfigyelem (cross-attention)

| . I

Attention
scores

A query/key/value szarmazhat kilénb6zd token-halmazokbdl is!
Keresztfigyelem (cross-attention)
Pl. nyelvforditas, képleiras, sz6vegbdl kep, stb.
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Figyelem (Attention)

Keresztfigyelem (cross-attention)

A
furry
N - "
bear | . = 1 4
watches | - -
':' B '
° n e i ‘
bird e .
“a bear watches a bird”

AtzQXK
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Figyelem (Attention)

Onfigyelem vs Keresztfigyelem

Self-Attention

Cross-Attention
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Figyelem (Attention)

Szovegrol szovegre

Layer: 5 3 Attention: Input - Input v

3
O c Y
5 2 5 T @ ., A B
v &2 o = S & w c o O - The_ The_
S 92c c 20522 39 v , .
— @© © = ) anlmal_ ammal_
L'E . |
didn_ didn_
accord , .
sur - -
la L t
zone Cross_ Cross_
économigue the_ the
européenne street_ street_
3 because_ because
efe it_ o it
signe was_ was_
en too_ too_
aout tire tire
1992 d g

<end>
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Figyelem (Attention)

Kernel analogia

» Adatpontok/mérések: (k., v;)

« Kernel sziirés— adatpontok sulyozott
atlagolas:

v(q) = 2 K (ki q) - v,

« K (k, - ): kernel fliggvény, egy
adatponthoz mért “hasonldésagot”,
“tavolsagot” meér

2
 Pl. Gauss fliggvény: e | =&

21
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(a) Kernel regression



Figyelem (Attention)

Kernel analogia

K(zi—z) K(yi — y)

g

» Hasonlosagot nem csak “terben” A A, The Eucidean distance
Iehet mérni - “adatfuggéu kernel! The shotometiic disameadl | QQOQ \/OIZ | Oyz
oy = lyi — ¥
* PI. bilateralis sziirés: Rl i
Osszehasonlitas értékek szerint is 1o mean || ‘
(grafikon tavolsag) ) Fr—

The spatial distance

4

K (;Ei — .’l‘)

% The geodesic distance

LARK
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e \
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\ 4 . v « I (_I Y
L R spatial G (x-x;)
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o) '_‘.‘\ " .
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bilateral output ¢
W=GG.

range G,(p;-p;)
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Figyelem (Attention)

Kernel analogia :
Y(X) Z e H 9=k ” -V,

e (Gauss-kernel atalakitasa: —

2

’ 2
e H q—k; H — e_(q_ki)T(ql'_kj) — e—(qTq—Zqui+kiTki) — o™ | q| . eZc]Tkl- o ‘ k.
T oy
.......................... x e4 k; (Normalizalt vektorok)
SoftMax dot-product attention 7= Ox
., : k; = Kx;
adatok szurese (fix) Gauss kernellel v, = Vi,

. (tanult) lineéris transzformacid utan!
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Figyelem (Attention)
Alkalmazas — Diffuzios generalas kondicionalasa

iterative denoising

Denoising UNet ]

@ I Il Ha_il

noisy image partially denoised image

—»| ResNet [—> Self- —> Cros§- —» ResNet [—» .. —» Upsampling —>
attention attention

'

text prompt

latent latent
/Self-attention . \ ﬁross-attention . \

Na
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Figyelem (Attention)

Alkalmazas — Diffuzios generalas kondicionalasa

Forras: Midjourney Forras: Google Gemini (“Nano Banana®)

llyen komplex tikr6z6déseket hogyan kepes generalni egy diffuzios modell?

25



Figyelem (Attention)

Alkalmazas — Diffuzios generalas kondicionalasa

t =0.6, layer: 35 / 70

llyen komplex tikréz6déseket hogyan kepes generalni egy diffuzios modell?
Self-attention retegekkel!

26



Figyelem (Attention)

Multi-head Attention

o : |

h heads // [f N &35 )
‘// ( I > A o
Scaled-dot-product attention — > 21(2) oneat
x J
4 ' 'y A ——
Scaled Dot-Product I
. N
Attention /
q(2) L A A
2 ) K -ﬂ - - - —
2N 4 Linear P Linear Linear
: b | Y \ \
X W, Wl WaooWal W, Wt
Embedded sentence
V K Q

Alkalmazzunk t6bb attention head-et parhuzamosan — multi-head attention
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Transformer

Attention Is All You Need

Ashish Yaswani’ Noam Shazeer” Niki Parmar®
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Aidan N. Gomez®* T
University of Toronto
aidan@c¢s.toronto.edn

F.ukasz Kaiser"
Google Brain
lukaszkaiser@google.com

Llion Jones®
Google Research
1lion@google. com

Tllia Polosukhin™ }
illia.polosukhin@gmail.com

https://arxiv.org/abs/1706.03762

Jakob Uszkoreit™
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Transformer architektura
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Scaled dot-product attention
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https://arxiv.org/abs/1706.03762

Transformer

Transformer réeteg

Transformer layer

—————————————————————————————————————————————————————————————————————————————————————————

‘ Y
i Residual connection |
N i E
i ~( ) ~( -
l o TS o AL e i
D | ~-C— 1 . BEC O
| N e A ~ G—
i ~C—— - ~C— 1
I ( ) ( ) I
Input i Multi-head LayerNorm Parallel neural LayerNorm § QOutput
: self-attention (xN) networks (x ) (xN) E
1

7’

_________________________________________________________________________________________

Transformer réteg: attention + per-token MLP (+ Layer Normalizacio)
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Transformer
Enkoder

Word Linear + Probability of
embeddings Transformer softmax masked token
-------------- A (‘—----------------------------------------\\

i - [ 1 !
[ , : )
| 1
The—! i— i : .
! 1
[ ' ' )
< 1T as = —b-' :— : ! -
Jmask: i ! E (% ) -.( )—>
| I
pulled —; L s e
. ! Ll :
INEO et - ! : —
- i I 1
[ , , )
<mask > —'-i — i -.( )—
. ' Vo .
station —w: L] | .
v 1 i ' | - - -
______________ ’ e e ——————————— A= N N
o, A C @
A
S
=
w

Transformer Enkoder:
dnfelligyelt elbtanitas (self-supervised pre-training)
onfigyelem
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Transformer

Enkoder — Finomhangolas

a) Word MLP + Probability of
- p embeddings Transformer sigmoid positive review
* Egy elotanitott transformer s> _ e ,
s ’ 7 : E
enkodert kesobb The— -
- - SOUP —»| —
finomhangolni lehet! o ol
likc—>§ -
socks—“; _________________ —
b) Word Linear + Probability of
embeddings Transformer softmax entity type
<cls>—>§ ----------------- » f | rCo- H‘E r~
Zara—=i — = ; »(:_.
works—! — Lo i - @) —
' i (x K)

Chanel—»% —

in— —

) ]
Victoria=— -

|
|
|
i
i
: : = 4 N
at— am b+ Hteco b - - - cC)—
' i i
s i
| :
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| :

--------------- u u
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----------------------------------------- == 5
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L Q © 0
é D e =~
) — —
- ——
— N NP
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Transformer
Dekoder

GPT-3

| Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
swam B = g A T
3 I N E -
g oo Tt—1 H \& -~ ; ~C D~
o the T‘lk(““a—"i i_ i k‘}\\\\\\! () : _’( )_» ............
ALKCS i : : \\\\\\\\‘ E (>< ]() ............
. STEAt et I 1 \\\\\k __"D_’é’ o, ... —-.-( )_' ............
ver o I : : i\\\\:\\\‘ I 2| Sy ..
~ - " courage -_i E_ i : ‘\‘:\\\\§ "Q_ E - ( )—_ ............
i - 3 & 2 o RN — : ———f——
,, & 8 o= 11 RN i ; ~C_ D~
inputs lot—| H S J Ltod U - ) e
Maszkolt / “kauzalis” figyelem: T TR e B3
csak a korabbi tokenekre figyellnk S5

Transformer Dekoder:
tokenek generalasara tanitjuk

p(-xla-xza -xn) :p(xl) -p(x2 | xl) T .p('xn | xlaxza ---xn—l)

Autoregresszio

32
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= , , :
’ (autoregressziv modon, shiftelve a bemenetet)



Transformer
Enkoder—Dekoder

« Enkoder-dekoder: az “OG”
Transformer architektura

 Eredeti alkalmazas:
nyelvforditas

o Enkoder feldolgozza a forras
szOveget (self-attention)

« Dekoder auto-regressziven
generalja a forditast az
enkodolt forras-tokenek
alapjan (cross-attention)

r'

.

T5

Dekoder

Probability of
target token

.........

..........

----------

----------

r
Enkoder
a) Word
embeddings Transformer
<start >—wi -
)
I
The=—- —
]
I
soup_.i — (% K)
tustcd—»i - i
)
like—! —
;
50 K==t L
) Worc Linear +
embeddings softmax
--------- \ prmmmsmmssmaaamasmmasmmaammaamaamsesmmasmmaammam=__
I I I
I At l
la==1 1 : ‘Q
i I I
SONPP ! i b : L |
1] | L): :
a\,Pdit,—>i =_ i 1 l: :I\/) _—
; 'V I i
o~TTTTH TR -
I : I |
goﬁt—»i L - —
I I I
1 I
(16_’: E— - -»' }—.
i v
. 1]
chaussettes™ L A ~( )

Transformer with masked
and cross attention
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Transformer

Architekturalis réeszletek

* Rezidualis kapcsolatok

« Enélkll reménytelen tanitani...

« Layer Normalizacio

 Manapsag inkabb az attention

/ MLP blokkok elétt csinaljuk (pre-norm)!

 Pozicionalis kodolas

e Az micsoda?
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Transformer

Pozicionalis kodolas

» Az attention blokk eredménye csak a tokenek
ertéketdl fligg, a poziciojuktol nem!

» Egészitsik ki a tokeneket valamilyen poziciot
kodolo informacidval — positional encoding

* Figyelem: féleg a relativ poziciokra szeretnénk
figyelni!

» Klasszikus megoldas: hasznaljuk a token pozicio
kilbnb6z6 frekvenciaju sin/cos fliggvényeit — a
relativ pozicio (fazistolas) kinyerheto:

cos(w(n —m))|  |cos(wn) —sin(wn)| [cos(wm)

sin(w(n —m)) sin(wn) cos(wn) | |sin(wm)

35
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Transformer

POZIICionéliS k()dOléS (“koordinata” MLP-kben is hasznalatos — pl. Neural Radiance / Distance Field)

RoPE Sentence Encoding Example

Dlmensuon 0

OO00O0O0 =="MN
—
Rotary Positional Encoding (RoPE): 2D pozicionalis kodolas

QK vektorok (!!) forgatasa 2D sikokban

El6fordul tanult pozicionalis kodolas is!
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Transformer

POZIICionéliS k()dOléS (“koordinata” MLP-kben is hasznalatos — pl. Neural Radiance / Distance Field)

RoPE Sentence Encoding Example

Dlmensuon 0

OO00O0O0 =="MN
—
Rotary Positional Encoding (RoPE): 2D pozicionalis kodolas

QK vektorok (!!) forgatasa 2D sikokban

El6fordul tanult pozicionalis kodolas is!
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Nagy nyelvi modellek (LLM)
GPT-3 =
2= 8- 2T 8 B 8- §
 Large Language Model (LLM): nagy Claude , - , .-
(akar 100+ GB méret() széveggenerator ) . B- 8 B BT ET §-
modell driasi (“internet-méret(i”) o Gemini = “m om0
szOveges corpuson (eld)tanitva BE AT T AT BAE =
0Q Rl el BN B bt
 Dekdder architektlraju Transformer LLAMA3 &= R T
» Kisebb hatékonysag-noveld |
modositasokkal még ma is az eredeti N https://sebastianraschka.com/lim-architecture-gallery/
transformer architektura... Gemma

@2 NVIDIA. Nemotron

» Utdlagos finomhangolas konkreét _
feladatokra (pl. beszélgetd chatbot, .. Mistral @ Qwen
kodgeneralas, stb.) — Reinforcement
Learning from Human Feedback (RLHF)

37


https://sebastianraschka.com/llm-architecture-gallery/

Transformer
Vision-Language Model (VLM)

* Vision-Language Model (VLM):
képeket is ertelmezni képes
nyelvi modell

« Altaldban egy dekdder
transformer, ami egy projektor
halon keresztll képi tokeneket is
feldolgoz

e Alegtébb LLM ma mar
valdjaban VLM!

Ground Truth Text Output
(caption)

!

Text Decoder

I I

Multimodal

Projector Text Input
I (question)
Image Encoder
Pre-training

38

Text Output
(Answer)

T

Text Decoder

T |

Multimodal
Projector Text Input

I (Instruction)

Image Encoder

|
a

Frozen

Fine-tuning Not frozen



Kitero: Rekurrens Neuralis Halok

Ik ben gelukkig (stop) R N N LST M
§ § . "
zy —»| W L\\ > - 4 - -+
0 . i T 1 e
| gelukigg o g b
N / e _/
el N
encoder decoder
. A transzformerek térhoditasa el6tt:
T Rekurrens Neuralis Halok (RNN)
NN A kontextust csak egy "rejtett” latens allapotba

témoritve latjak — el6bb-utobb “felejtenek”...

"T ‘ rt+ 1ttt 11
i—’i 'i—’i—’ﬁ—’i—’ﬁ—’iF’i —’i i—’i ’i—’i_ﬁ;—’i i"i (modern, memoariaval rendelkez6 variansok: LSTM/GRU)

Nehéz volt 6ket tanitani (backprop-in-time)...
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Transformer

GPU implementacio

d(
-«
—I W) g l Q
|
Embedding
size
d dq n
«—> dk = dq ' ’
——t
b . T T
b 1| x 1[wi || K - | oK —»m
d T -
d. 4—»
_I WI > Vv
&
d\' A 4
—— s
Z
n

Transformer kiértékelés = nagy matrixok szorzasa és dsszeadasa
SIMD parhuzamos hardver (GPU) szamara idealis feladat!

40



Transformer

A feketeleves...

|

o Attention

A tokenek szamaval (kontextus ablak hosszaval)
az attention szamitas/memériaigénye O(N?) szerint né!

Mindenki mas:

IS

0 5000 10000 15000

Sequence length

A gyakorlatban sok-sok optimalizacios trikk:
KV cache, sulyok durva kvantalasa (akar <8 bit!!), Mixture-of-Experts, linearis (softmax nelkuli) attention...
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Transformer
Optimalizacids tritkkk6ék (Erdeklédknek)
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Transformer

Elonyok és hatranyok

N~
k'!ﬁ

\ \

N\ 4

A Jo A Rossz
* Globalis kontextus « Brutalis szamitasigény (O(N 2))
* Input mérete (tokenek szama) tetszbleges lehet « A lokalitast is meg kell tanulnia
» Dinamikus sulyozas, “in-context learning” » A tanitds nagyon sok adatot igényelhet

* Multimodalis (“moslékot is eszik” © Szemenyei M. )
* (Csak “enyhén” nemlinearis
* Nagyon jol parhuzamosithato

» Korlatlanul skalazhato a retegek szama/meérete
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Transformer

Alkalmazasok — Szovegfeldolgozas

* A szOveget eloszor
tokenizaljuk...

* PI. Byte-Pair Encoding (BPE)

Peter Piper picked a peck of pickled peppers
Peter Piper picked a peck of pickled peppers

Peter Piper picked a peck of pickled peppers
Peter Piper picked a peck of pickled peppers
Peter Piper picked a peck of pickled peppers

Peter Pio o1 picked a peck of pickled peprcrs

44

a) ... f)
a_sailor_went_to_sea_sea_s=a._ 20

Lo_see_whal_he_cou'd_ses_see_see._ A A N
but_all_that_he_could_see_see_sez_ A=
was_the_bottom _of _the_decep_blue_sca_sca_sca. /

L |a|t|°|h|'|0|b|d| |e|f]i|m|n|p]r]
3328152 8[e[6]4[3[3[3[2[1[T[T[T[T]1]

b) a_sailor_went _to sca ceca cea

to_sce_what_he_could_sece _sce e

but_all_that_he_cculd_sce_sce sce_
was_the bottom_of the deep blue sca sca =ea

# tokens

|_|else|la|t|o|h|I|u|b|d|w|c s|f|i|m|n|p|r]
|33|b|l“‘|12|l1|8|6| 1433132 2| 1] 1 [1]1]1]

Iterations
C) a_sailor_went _to_cea_cea_cea_

to_sce what_he could e see see_

but_all_that_he could_see see see

was_the bottom_of _the deep_blue sca_seca_cea
flil
|

| |se|afe[t]o|h|l|u|> d|e|w]|c |
2132 2[ 86643 3[3|3 2

e) | see_|sez_| could_ |he |the |a_|all_|blue_|bottom_ | but_|deeg_| of_|sailor_|:hat_| to_|was_| went_|what_

76z [zfz [T [ T [T [T v [T [T [ 711



Transformer

Alkalmazasok — Szovegfeldolgozas

* A tokeneket vektorokra kepezzik

le egy enkoderrel (beagyazas, . f 5 5 B | *S f.: 5 2 2
embedding) [TI0T Iilidnidtading «
e Transformer alapu enkoderek:
D —
« BERT
e [5H Input, X Vocabulary embeddings, €.

« CLIP

“an aardvark ate an ant”

Token indices, T
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Transformer

Alkalmazasok — Szovegfeldolgozas

<X> love <Y> red car <Z>

t ¢t ¢t t ¢

<cls> I love this red car <z> JUUL _]L, _]UU

S S S SR NN ear () ) ()OO

car UJ U U U U U Transformer decoder red DDDC :]C DD

e U e T e O e O e O e §<Y>DD[_]C j[_"_]

vis () L) U U U O s<-0O00C

- OO0O000OC 2 - OD0OC
_J W) W W) W Wl Transformer encoder

«(00C

. JuUugugt O

[
()
L
C
[
C

Transformer encoder

Attention output
_—
—3
_—
—p
ttenti

)
)
)
)

<cls> I <mask> this red car <cls> | <mask>this red car | <X> this <Y> | <X>this<Y> <X>love<Y>red car <Z>
Attention input Attention input
Bidirectional Encoder Representations from Transformers Text-to-Text Transfer Transformer (TS):

(BERT): Enkoder architektura Enkoder-dekoder architektura
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I f AN IMAGE 1S WORTH 16X16 WORDS:
ra n S O rm e r TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE
Alexey Dosovitskiy*'f, Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn®,

AI ka I m a Zé S O k — Vi S i O n Tra n Sfo r m e r (V i T) Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,

Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby*!
*equal technical contribution, Tequal advising
Google Research, Brain Team

Vision Transformer (ViT) Transformer Encoder
; A
= SECE
Class f
Lenna «—— MLP MLP
Head ,

Robert T A

' Normalization

Transformer Encoder

D

Patch + Position Embedding —>» ﬁﬁ @ﬁ @ Eﬁ E‘iﬁ @ﬁ é Multi-Head
; Attention

—'. Linear Projection of Flattened Patches 3 A A
u” l T
N
il

Normalization

- :l"ﬁlul

Specialis token: [CLS]

Embedded Patches
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Transformer
Alkalmazasok — ViT — CLIP

 Contrastive Language-lmage
Pretraining (CLIP)

e Szdveg es kep transformer
enkodereket egyszerre tanitunk
kép-sz6veg parokon

o Kontrasztiv tanitas: dsszetartozo
parok beagyazasa hasonlitson,
nem Osszetartozoké kilénbdzzdn
(skalarszorzat szerint)

T —

Pepper _he

Text

aussies pup —> Encoder l l i i
B ”’" T, | T, | T3 Tn

3 I 1I'Ty | 1I;'T, | 1;Ts I, Ty

B A LT, | LTy | I'Ts I, Ty

Elrr::i%(;r =Ly L | LTy | 4T, | 13Ty I Ty

Ly Iy | T | INTy | INTs iy

https://openai.com/index/clip/
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https://openai.com/index/clip/

Transformer

IMAGENET

AlkalmaZéSOk — ViT — CLIP ’DATASET ; - ‘ | : RESNET101 CLIP VIT-L
« A CLIP pl. kepek osztalyozasaban és

kereséseben is nagyon erds! —

e Szimplan kivalasztjuk a legjobban

illeszkedd cimkét / kepet. —

* Architektura: GPT2 + ViT — 300 millio

parameter! = 2%
. ry s ] ciys 2~ . ’ J 7 | ( | "

Tanitd adat: 400 millio(!) kép-szbveg par &.:;7\_-/ I B — —
. Tanitas: tébbszaz V100 GPU-n, tébb héten ———

at — becsllt koéltsége > 1 millid USD(!!!) ";‘m & —

ImageNet Adversarial
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Transformer
Alkalmazasok — ViT — MAE

e Szdveges enkodereken sokat
javitott az énfeliigyelt (maszkolt
rekonstrukcios) tanitas

 Masked Autoencoder (MAE):
maszkoljuk ki a kép egy reszét
(akar 80+%-at!!!), tanuljuk meg
rekonstrualni

* Tipikusan ViT architekturaju

Masked Autoencoders Are Scalable Vision Learners

Kaiming He*" Xinlei Chen* Saining Xie Yanghao Li Piotr Dolldr Ross Girshick

l

RAINEENE D

Il

|

outputs

.’..

predictions

targets
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I ra n Sfo rm e r A Simple Framework for Contrastive Learning of Visual Representations

AI ka I m a Zé S O k — Vi T — S i m C L R Ting Chen! Simon Kornblith! Mohammad Norouzi! Geoffrey Hinton '

 SimCLR: képi enkoder (CNN vagy ViT) dnfellgyelt
tanitasa, kiloénféle augmentacidokkal:

 Random crop, szin torzitas, blur, stb.

(b) Crop and resize  (¢) Crop, resize (and flip) (d) Color distort. idrop)  (¢) Color distort. (jitwer)

() Rotate (90v, 180°, 2707} (g) Cutoul (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

« Kontrasztiv loss: azonos kéepek kiilonb6zé
augmentacioira produkaljon hasonlo latenst,
kilonb6z6 kepekre kilonbdzo6t
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Tr a n Sf O rm e r Emerging Properties in Self-Supervised Vision Transformers

’ - Mathilde Caron®?  Hugo Touvron'®  Ishan Misra®  Hervé Jegou®
AI ka I Mazaso k — V|T — C LI P Julien Mairal>  Piotr Bojanowski'  Armand Joulin®
! Facebook AI Research  Inria* 3 Sorbonne University

o Self-Distillation with No Labels (DINO):
“trikk6s” onfellgyelt tanitasi modszer - L

* Egy kép random cropjait kddoljuk be |

ugyanazon (ViT) hald két példanyaval:

e Diak: ezt tanitjuk

e Tanar: sulyai a diak sulyainak
mozgoatlaga, nem tanitjuk

e (On)-“Disztillacid”: a didk probdlja
reprodukalni a tanar kimenetét

Attention maszkok a [CLS] tokenre
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Transformer
Alkalmazasok — ViT — CLIP

A DINO enkoderek (V1/V2/V3) “state-of-the-art” képfeldolgozast tesznek lehetbvé!

53


https://ai.meta.com/blog/dino-paws-computer-vision-with-self-supervised-transformers-and-10x-more-efficient-training/
https://dinov2.metademolab.com/
https://ai.meta.com/research/dinov3/

Transformer
Alkalmazasok — ViT — CLIP

A DINO enkoderek (V1/V2/V3) “state-of-the-art” képfeldolgozast tesznek lehetbvé!
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Transformer

Alkalmazasok — Diffusion Transformer

Noise

’

’

Linear & Reshape

Layer Norm

1

T
Patchify

!
Noised
Latent

T
Embed

Timestep t

Label y

1
!

N X [ DiT Block }

®

Scale

DiT Block )

L

Pointwise
Feedforward

Scale, Shift
Layer Norm

Scale

Multi-Head

LSelf-Attention

-

Scale, Shift
Layer Norm

Input Tokens

‘PF , B
Lin.ear
GELU

Condition J, \

Linear

(MHSA
Project Linear
Coricat
MatMul.
4

=

MatMul.
¢ 4

QKYV Linear

~

Diffusion Transformer (DiT)

- ——————————————————————— -

t
noise level token
text embeddings image embeddings
{ modulation ] [ modulation J<
! [ linear ] linear ]
Q K Y
Joint Attention
I
) v .
{ linear linear
“: modulation modulation |
i B 4 3
MLP MLP
. J - J

———————————————————— - ——————————— -

Repeat

d times

Multi-Modal DiT (MMDIT)




Transformer

Alkalmazasok
o relost -

C"l
na:d token
predicticn
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1 2 3 4 5 6 I 2‘ '4,8 [ [ P ] I
s )
[ MLF | [ creaaancntion |
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Input Recite the first law of robotics %1 salf
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Encoder Blocks [ MLF ] | MLP J
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2 R o ————— Patches Augmented : :
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Q N N | Surface Sampling
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Alkalmazasok
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CNN I
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encoder
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object queries ::

------------------ b mr m -

airplare

\

Point Transformer

3D geometria feldolgozasa

Neuralis renderelés

Szegmentalas (Segment Anything)

]
.
e = , Pontmap -~
(‘\“\\‘:\\"‘.-Z\ - viT \ Xl e gY¥H3
N 's,\ —— e : Transformer ‘ Head, e E: Common reference
l:\_“\.‘\.\:.-._:v Patchify Il Deccder, n l:onlncer;(xe frame of Image I,
. : , ~ e R
GT1 First image Shdred /
1 T Cameral
i i(m;s-mt?nrrcm
. ‘ i e —
Pointmap

ViT ) Y21 = pWxia
Transformer ¢
e —> e, (<
Decoder, ; Cenfidence

f—_— (_2 e R"v'a‘”

GT2 Second image

3D latas

56


https://github.com/lyuwenyu/RT-DETR
https://github.com/pointcept/pointcept
https://vgg-t.github.io/
https://microsoft.github.io/renderformer/
https://ai.meta.com/research/sam3d/
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https://ml-jku.github.io/UPT/
https://github.com/OpenDriveLab/UniAD
https://robotics-transformer1.github.io/
https://deepmind.google/science/alphafold/
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Erdeklédéknek: “White-Box” Transformer
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https://ma-lab-berkeley.github.io/deep-representation-learning-book/
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Erdeklédéknek: “Post-Transformer” Architekturak
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https://pub.sakana.ai/ctm/
https://arxiv.org/abs/2509.26507
https://github.com/facebookresearch/blt
https://arxiv.org/abs/2512.24695
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