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Vision Transformer (ViT)
N ero NnpuMeHeHmne B HayKe

AHBap KypmMmyKoB

CTapwuin Hay4YHbIn coTpyaHuk, AlRI



[Mpexae YyeM HavaTb: matrix multiplication

KakK MOXHO YMHOXaTb MaTPULLY Ha BEKTOP?

« CneBa:

« Cnpasa:

B ueM pasHuya?



JInHenHasa Mopenb

[TpeanonoXeHns

1. 3Ha4eHne LeneBon nepeMeHHon HabngeHna paBHO TMHENHOW KOMBUHaL KUK

NPU3HaKoB (OnucbIBalOLWMX 3TO HabngeHme):

2. HabmogeHnnsa B Bbibopke independent identically distributed.
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[Toumep 1. KpeanTHbIN CKOPUHT

Mapycn
Anuca 1 1
Oner 0 0



[Tpumep 2. lNpeackasaHme 4yacTu peydn

«OpHaxabl B CTYAEHYH 3MMHIOKO MOPY A 13 Necy Bblwen 6bl1 CUNBbHbBIA MOPO3...»

OpHaxabl Hap.
B CTYOEHYIO npwun.
3UMHIOHO npwun.
nopy CyLL,.
A MECT.
n3 necy CYLL,.
BblLLES rnar.



Kak 0obaBuUTb CBA3b MeXay HabntoaeHUAMN B IMHEWNHYIO
Mopaenb?



Oner n Annca — My>X 1 XeHa.

BbigaTtb
ernMT

ECTb n cywHOCTEN, Kak HaM onnucaTb Hann4yne Unm oTcyTcTBue

Mapycs
CBA3N MeXAYy 3TUMU CYLLLHOCTAMU? Amvca 1 1
Oner 0 e 0

Nx N =2 4YUCNO



[locnegoBaTeNIbHOCTb YacTewn peyun B npesioXXeHunm

OpHax bl Hap.
B CTYAEHYO npwn.
3MMHIOHO npwun.
nopy CyL.
A MecCT.
n3 necy CyLL,.
BblLUen rnar.



Kak co3paBaTb rpa¢p?

Here, score is referred as a content-based function
for which we consider three different alternatives:

h, kg dot
scorc(h, hg) = hg_ W, h. general
’U;‘r tanh (Wa[ht; RS]) concat
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https://arxiv.org/pdf/1508.04025.pdf

MOXHO N naTn B rnybunHy?



Bce 4TO HaM HY>XHO 3TO BH/MaHMe!
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Figure 1: The Transformer - model architecture.
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https://arxiv.org/pdf/1706.03762.pdf

HekoTopble TexHU4Yeckme aetanm 6e3 KOTOPbIX HUYEro He

3aBefeTcs

1.

N o o kW DD

Non-linearities

Attention vs Self-attention

HopManunsaumsa maTtpuubl attention

Layer normalization vs batch normalization
Positional encoding

Masked attention



YTo panbwe?

- GPT/BERT

« Graph Attention Network
« Alpha/Rosetta Fold

* Vision Transformer (ViT)
« Swin Transformer

«  MLP-Mixer

« Foundation models
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Highly accurate protein structure prediction with AlphaFold

Fig. 1: AlphaFold produces highly accurate structures.

From: Highly

accurate protein structure prediction with AlphaFold

Median Cet r.m.s.d.q; (A)

b c

N terminus

G009
G473

o _.
L 1
G427
AlphaFold i—

ﬁ'_T;t_t_<

Input sequence

§ e § @ gg 3 § Qe AlphaFoldA Experiment
03(9 a (7)0 8088 r.m.s.d.;; = 0.8A; TM-score = 0.93

G129
G403

Templates

Evoformer
(48 blocks)

AlphaFold Experiment
r.m.s.d. = 0.59 A within 8A of Zn

(rre)

AlphzaEetd
T = 2.2A;

)
Structure

module
(8 blocks)

TM-score = 0.96

High
confidence

3D structure

|

« Recycling (three times)
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https://www.nature.com/articles/s41586-021-03819-2 13 @/\|Q|



https://www.nature.com/articles/s41586-021-03819-2

Image is worth 16x16 words

Vision Transtormer (ViT) Transformer Encoder
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Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by

[Vaswani et al] (2017).

https://arxiv.org/pdf/2010.11929.pdf
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https://arxiv.org/pdf/2010.11929.pdf
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Figure 7: Left: Filters of the initial linear embedding of RGB values of ViT-L/32. Center: Sim-
ilarity of position embeddings of ViT-L/32. Tiles show the cosine similarity between the position
embedding of the patch with the indicated row and column and the position embeddings of all other
patches. Right: Size of attended area by head and network depth. Each dot shows the mean attention
distance across images for one of 16 heads at one layer. See Appendix [D.7] for details.




UNETR:

Transformers for 3D Medical Image Segmentation

Transformer Encoder
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Figure 1. Overview of UNETR. Our proposed model consists
of a transformer encoder that directly utilizes 3D patches and is
connected to a CNN-based decoder via skip connection.
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https://arxiv.org/pdf/2103.10504.pdf

Foundation models

Output utpu Output

Google Pathways
Sberbank Ru-DALLE, FusionBrain
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Pathways: A single model that can generalize across millions of tasks.



Questions?

AHBap Kypmykos, PhD

kurmukovai@gmail.com
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