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VIiT (Vision Transformer)

[Google Research, Brain Team]
A. Dosovitskiy, et al. “An Image Is Worth 16X16 Words: Transformers for Image Recognition at Scale,” ICLR2021

We show that

. . ) google-research/vision_transformer * 2,952 X
« The reliance on CNNs is not necessary o
< OrTIcia
» Pure transformer applied directly to sequences of |, Quickstartin | > Colab
image patches can perform very well on image
classification tasks. ©) huggingface/transformers * 47,764 PyTorch
) rwightman/pytorch-image-models +* 11,204 PyTorch

*  When pre-trained on large amounts of data and transferred

. . . . . l, Quickstartin Colab
to multiple mid-sized or small image recognition

benchmarks (ImageNet, CIFAR-10, VTAB, etc), ViT attains € lucidrains/vit-pytorch * 4,799 PyTorch
excellent results compared to SOTA conventional

networks while requiring substantially fewer ) facebookresearch/vissl * 1742 PyTorch
computational resources to train. l, Quickstartin | < Colab

See all 50 implementations

Ours-JFT Ours-JFT Ours-121k BiT-L Noisy Student

(VIT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNet152x4) (EfficientNei-L2)
ImageNet 88.55+00¢4 87.76x003 8530002  87.54+o002 88.4/88.5*
ImageNet Real. 90.72+00s 90.54+00s 88.62+00s 90.54 90.55
g;ig:{gﬂ gg‘ggig'gf ggggigg: gg%giggi ggg’rigg: B Table 2: Comparison with state of the art on popular image classification benchmarks. We re-
Oxford-TIIT Pets 07561005 97321011 O46T+015  96.62 4003 B port mean and standard deviation of the accuracies, averaged over three fine-tuning runs. Vision
Oxford Flowers-102  99.68+ 002 99.74+000 99.61+002  99.63+0.05 _ Transformer models pre-trained on the JFT-300M dataset outperform ResNet-based baselines on all
VTAB (19 tasks) 7T 831095 TE.98 4045 T2T24021  TE.294 170 _ datasets, while taking substantially less computational resources to pre-train, ViT pre-trained on the
TPUv3-core-days 25K 0,68k 0.23K 9.9k 123K smaller public ImageNet-21k dataset performs well too. *Slightly improved 88.5% result reported

in Touvron et al. (2020).




VIiT (Vision Transformer)

[Google Research, Brain Team]
A. Dosovitskiy, et al. “An Image Is Worth 16X16 Words: Transformers for Image Recognition at Scale,” ICLR2021

* Fine-tuning code and pre-trained models are available on «  Fine-tuning code and pre-trained models are available on
httpS//grthUbCom/googIe'researCh/V'S'On_tranSformer https://github_Com/jeonsworld/ViT_pytorch

Vision Transformer and MLP-Mixer Architectures 1. pownload Pre-trained model (Google's Official Checkpoint)

s Available models: ViT-B_16(85.8M), R50+ViT-B_16(97.96M), ViT-B_32(87.5M), ViT-L_16(303.4M), ViT-
L_32(305.5M), ViT-H_14(630.8M)
o imagenet21k pre-train models
= ViT-B_16, VIT-B_32, ViT-L_16, ViT-L_32, ViT-H_14

Update (20.6.2021): Added the "How to train your ViT? ..." paper, and a new Colab to explore the
>50k pre-trained and fine-tuned checkpoints mentioned in the paper.

Update (18.6.2021): This repository was rewritten to use Flax Linen APl and ] o ]
o imagenet21k pre-train + imagenet2012 fine-tuned models

ml_collections.ConfigDict for configu ration. . . . . . .
m ViT-B_16-224, ViT-B_16, ViT-B_32, ViT-L_16-224, ViT-L_16, ViT-L_32

In this repository we release models from the papers o Hybrid Model(Resnet50 + Transformer)
= R50-VIiT-B_16
¢ AnImage is Worth 16x16 Words: Transformers for Image Recognition at Scale

o MLP-Mixer: An all-MLP Architecture for Vision # imagenet21lk pre-train

. . . . . . . wget https://storage.googleapis.com/vit models/imagenet21k/{MODEL_MNAME}.npz
e How to train your ViT? Data, Augmentation, and Regularization in Vision Transformers

# imagenet2lk pre-train + imagenet2@12 fine-tuning
The models were pre-trained on the ImageNet and ImageNet-21k datasets. We provide the code for wget https://storage.googleapis.com/vit_models/imagenet21k+imagenet2012/{MODEL_NAME}.npz

fine-tuning the released models in JAX/Flax.

JAX is Autograd and XLA(Accelerated Linear Algebra), brought together for high-performance numerical
computing and machine learning research. It provides composable transformations of Python+NumPy programs:
differentiate, vectorize, parallelize, Just-In-Time compile to GPU/TPU, and more.

Flax is a neural network library and ecosystem for JAX that is designed for flexibility. Flax is in use by a growing
community of researchers and engineers at Google who happily use Flax for their daily research. 42



. TP A. Dosovitskiy, et al. “An Image Is Worth 16X16 Words: Transformers for Image
viT (VISIOH Transformer) Recognition at Scale,” ICLR2021

[EX] Open DMQA Seminar, Transformer in Computer Vision, Korea Univ.

- Apply a standard Transformer directly to images, with the fewest ~ *  Inductive Bias (or learning bias) : 5}5 220| X|57HX| THIEX| X3
possible modifications. = AE0M Fetet 6l ES ot7| #lah Al8ot= F7HHel 78S Q|0
1) Split an image into patches and provide the sequence of * SVM - Margin Z|tis}, CNN - X|HX FE, RNN — =AtH H2
linear embeddings of these patches as an input to a o0 0 O
Transformer . * ‘ 7o lf] ﬁ] é [ﬁ
2) Treat image patches the same way as tokens (words) in an *r . ﬁ ﬁ YooY or 4
NLP tasks. Train the model on image classification. A e @0 09 0O
y o ) Sequentiality
) . Locality
SVM CNN RNN
*  When trained on mid-sized datasets (ImageNet) without strong _ _
regularization, ViT yield modest accuracies of a few percentage * Transformer : Inductive bias |, 229 AR 1
points below ResNets of comparable size. v 1R HIE 2 OtE 5 self attention (Global, 22120 X/ HHE )
* Transformers lack some of the inductive biases inherent to v WeightO| Input0f] [}2} RSO 2 tHE}

CNNs (such as translation equivalence and locality), and

. - 2KFRIO| X|K EM OX| &t S \Weight TX
therefore do not generalize well when trained on insufficient CNN : 2%1#2| XI9H 5S4 Rl 215 & Weight 18

amounts of data. P(q2'k1) P(q2'k2) W(92'k3) P(g2ka)
+ Large scale training trumps inductive bias. ViT attains () @, Q
excellent results when pre-trained at sufficient scale and ,"f“:; .
transferred to tasks with fewer datapoints. (Pretrained on SN
ImageNet-21K or JFT-300M datasets) ¥ee ©e®e @ @
Convolution layer Dense layer Attention layer
* Locally connected * Fully connected * Fully connected
» Same weights for » Same weights for » Different weights for

all inputs all inputs all inputs 43
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viT (VISIOH Transformer) Recognition at Scale,” ICLR2021

Vision Transformer (ViT) ' Transformer Encoder
! . A .+ Reshape an image x € R¥*"*C into a sequence of
gy ! L flattened 2D patches x,, € RVX(P*0)
MLP p
Ball [*— pooq | ) .
o : MLP (P, P) : Resolution of each patch
zZ
] L | A N = HW /P?: Number of patches (serve as the
| Newm® | | effective input sequence length for Transformer)
Transformer Encoder I
Embed size
) ' « Transformer uses constant latent vector size D
Patch + Position ___ 0 = @ QS @ﬁ @13 @ﬁ @5 ‘ ‘ @ﬂ ! Multi-Head through all of its layers. — Flatten the patches and
"‘é:“"‘l"’d“‘g ! Attention map to D dimensions with a trainable linear
[class] cmbedding Lmear Pr0]ect10n of Flattened Patches : A * A projection (Patch embeddings)
Xclass |
. - . Norm _ 1 2 N
I y/ —[x X, E; X5E; -+ X E]+E (1
= 0 class) 4pty &ph, "7°, &p pos
" —_— L J
WEm EIIM%WWE .
- I Embedded P2.C)xD (N+1)xD
EHE 1 Patches Ee€ ]R( ) ’ EPOSE R
Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of where E is the patch embedding projection
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 * Prepend a learnable embedding (Similar class
adding an extra learnable “classification token” to the sequence. The illustration of the token) to the sequence of embedded patches (z)=
Transformer encoder was inspired by Vaswani et al. (2017). X lass), Whose state at the output of Transformer

Encoder (z)), serve as the image representation y

Both during pre-training and fine-tuning, a classification head is attached to z?. The classification head is
implemented by a MLP with one hidden layer at pre-training time and by a single linear layer at fine-tuning time.



VIiT (Vision Transformer)

A. Dosovitskiy, et al. “An Image Is Worth 16X16 Words: Transformers for Image
Recognition at Scale,” ICLR2021

y € RC
Bird MLP
< Class tokentgt
%aarn Head | cissificationol Arg
\_/ z) € R z, € RINTDXP

Transformer Encoder
. E. . € RV+1XD
pos

z, € RWFDXD

Patch + Position
Embedding

* Extra learnable
[class] embedding

-

z9=

Xclass

%Eﬁ"%i&"ﬁé@ﬁ 000

E Linear Projection of Flattened Patches

a A
1 ¥

P=16 o
—
Patoh - m . s
16x16
xl  x? N
L D p X N=14x14=196

X E RHXWXC

224x224x3

X, € ]RNX(PZ-C)

45
P2xC=16x16x3=768
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Multi-Head * Both during pre-training and fine-tuning, a

Zy = [xclass;le,E; x5 E; ---;xgE] +Epos (1)
Vision Transformer (ViT) I Transformer Encoder ,
I — z; = MSA(LN(z;_1)) +z,4 1=1,..,L 2
I Lx ! !
- : z, = MLP(LN(z})) + 7, 3)
rd
[ = | = y = LN (z) @)
Transformer Encoder LajerNofm Norm
* MLP contains two layers with a GELU non-
= linearity.
mm;m’"*- ‘@5@5@15 ‘@33 @5 “@15

* Extra learnal
[class] embeddmg Linear Projection of Flattened Patches

classification head is attached to z;.

[
i
l
I
f
Xclass I The classification head is implemented by a
SHE N I | | LayerNofm|  Norm | MLP with one hidden layer at pre-training time
=l 1 “
I
1

H —" . . m @ and by a single linear layer at fine-tuning time.
s

Embedded
Patches

» GELU (Gaussian Error Linear Units)

+ Add Position Embedding to the patch embeddings;  LayerNorm (LN) is applied GELU(z) = 2P(X < z) = 2®(z)
use standard learnable 1D position embeddings. — before every block, and 3
The resulting sequence of embedding vectors serves residual connections after ~ 0.5z (1 + tanh [V 2/m (¢ +0.0447152 )])
as input to Transformer Encoder. every block

» LayerNorm : Zt FeatureOi normalization (D dimension)

J
. 2
Z;-T—Hvi i K + B

1.2 .5 N _N j =7
zi:[zi,zi,zi e 3% 4 Z; e LN(zf)Z’yT + B /0_2+6 46
1 i
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MHA (Multi Head Attention) MSA (Multi Head Self-Attention)
p Reshape an image x € R?*"*C into a sequence of flattened 2D patches x,, € RNX(P*C)
Linear (P, P) : Resolution of each patch, N = HW /P?: Number of patches
Concat Appendix

h

pr : Standard gkv self-attention (SA, Vaswani et al. (2017)) is Dpopular building block for neural archi-
Sseal i Bl .u& ) tectures. For each element in an input sequence z € RY*C we compute a we1ghted sum over all
8

Attention values v in the sequence. The attention weights A;; are based on the pairwise similarity between
'} 3 1 two elements of the sequence and their respective query q* and key k7 representations.

LAL - -

A A A - Dx3D
Linear P{ Linear P{ Linear 8 [, k, v] = 2U g Ugky € R0, )
A = softmax (qkT/x/Dh) Ac RN (6)
A(z) = Av. (7)
Vv K Q
Multihead self-attention (MSA) 1s an extension of SA in which we run & self-attention operations,
(1.8197,96) (1,8,197,96) (1,8,197.96) called “heads”, in parallel, and project their concatenated outputs. To keep compute and number of
t t t parameters constant when changing &, Dy, (Eq.|5) is typically set to D/k.

(1,197,768) (1,197,768) (1,197,768) .
MSA(Z) - [SAI (Z), SAQ(Z), % e ,SA,{C (,Z)} Usmisa Uinse © R™~2 X (8)

MSA 3 head?| q,k,v 0 head1:q; = z- wi, k1 = z- w}t, v =z wh head Ol M weightZh Z2tX|A Z22

St 2t
[H3H GIALS M2 5HX| Q1 SHAHO| .
2| head2: gy = z- wl ky = z- w?,vy = z-w?  Single Head : g, k,v € RY*Ph _; Multi Head : g, k,v € RV***DPr -

I,
I
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Model Variants Results
Model Layers Hidden size D MLPsize Heads Params VIT-B/I6  ViT-B/32  ViT-/16  ViT-L/32  ViT-H/14
ViT o 004 10 307M CIFAR-100 87.13 86.31 86.35 87.07 -
iT-Large I 96 16 : ImageNet 77.91 7338 7653 7116 -
ViT-Huge 32 1280 5120 16 632M ImageNet Real. 83.57 7956 82.19 77.83 -
Oxford Flowers-102 89.49 85.43 89.66 86.36 -
Table 1: Details of Vision Transformer model variants. Oxford-ITT-Pets 23.81 92.04 93.64 9135 _
ImageNet-21k  CIFAR-10 98.95 98.79 99.16 99.13 | 99.27
. « o . . . CIFAR-100 91.67 91.97 93.44 93.04 | 93.82
» ViT-L/16 means the “Large” variant with 16x16 input patch size. ImageNet 83.97 81.28 85.15 80.99 | 85.13
< Note that the T f , lenath is i | ImageNet Real. 88.35 86.63 88.40 85.65 | 88.70
ote thathe lransiormers sequence iengtn Is inversely Oxford Flowers-102 99.38 99.11 99.61 99.19 | 99.51
proportional to the square of the patch size, thus models with Oxford-I1T-Pets 94.43 93.02 94.73 93.09 | 94.82
smaller patch size are computationally more expensive. JET-300M CIFAR-10 99.00 08.61 99.38 99.19 | 99.50
CIFAR-100 91.87 90.49 94.04 92.52 | 94.55
ImageNet 84.15 80.73 87.12 84.37 | 88.04
ImageNet Real 88.85 86.27 89.99 88.28 |90.33
Oxford Flowers-102 99.56 99.27 99.56 99.45 | 99.68
Oxford-111T-Pets 95.80 93.40 97.11 95.83 | 97.56
e——

Table 5: Topl accuracy (in %) of Vision Transformer on various datasets when pre-trained on Im-
ageNet, ImageNet-21k or JFT300M. These values correspond to Figurein the main text. Models
are fine-tuned at 384 resolution. Note that the ImageNet results are computed without additional
techniques (Polyak averaging and 512 resolution images) used to achieve results in Table

48
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Results
Epochs ImageNet ImageNet Real. CIFAR-10 CIFAR-100 Pets Flowers exaFLOPs

name

ViT-B/32 7 80.73 86.27 98.61 90.49 93.40  99.27 55
ViT-B/16 7 84.15 88.85 99.00 91.87 95.80  99.56 224
ViT-L/32 7 84.37 88.28 99.19 92.52 95.83 9945 196
ViT-L/16 7 86.30 89.43 99.38 93.46 96.81  99.66 783
ViT-L/16 14 87.12 89.99 99.38 94.04 97.11 ___99.56 1567

| VIT-H/14 14 88.08 90.36 99.50 94.71 97.11 __ 99.71 4262 |

ResNet50x1 7 77.54 84.56 97.67 86.07 91.11  94.26 50
ResNet50x2 7 82.12 87.94 98.29 89.20 9343  97.02 199
ResNet101x1 7 80.67 87.07 08.48 89.17 94.08 9595 96
ResNet152x1 7 81.88 87.96 08.82 90.22 94.17  96.94 141
ResNet152x2 7 84.97 89.69 99.06 92.05 9537  98.62 563
ResNet152x2 14 85.56 89.89 99.24 91.92 9575  98.75 1126
ResNet200x3 14 87.22 90.15 99.34 93.53 96.32  99.04 3306
R50x1+ViT-B/32 7 84.90 89.15 99.01 92.24 9575 99.46 106
R50x1+ViT-B/16 7 85.58 89.65 99.14 92.63 96.65  99.40 274
R50x1+ViT-L/32 7 85.68 89.04 99.24 92.93 96.97  99.43 246
R50x 1+ViT-L/16 7 86.60 89.72 99.18 93.64 97.03  99.40 859
R50x 1+ViT-L/16 14 87.12 89.76 99.31 93.89 97.36  99.11 1668

Table 6: Detailed results of model scaling experiments. These correspond to Figure in the main
paper. We show transfer accuracy on several datasets, as well as the pre-training compute (in ex-
aFLOPs).

49



VIiT (Visual Transformer) in PyTorch

lucidrains / vit-pytorch
https://qgithub.com/lucidrains/vit-pytorch

& lucidrains / vit-pytorch  pubiic Q spo

<> Code (© lssues 91 17 Pull requests 4 ® Actions [ Projects [0 Wiki @ Security | Insights

¥ main ~ ¥ 2branches 143 tags Go to file
e lucidrains add link to Flax translation by @conceptofmind v apsfsbe 14 daysago D) 250 commits
B github sponsor button 4 months ago
examples fix transforms for val an test process 11 months ago
P P g
B images add EsVIT, by popular request, an alternative to Dino that is compati... 3 months ago
B tests adc @ Vision Transformer - Pytorch e NesT
* Install * MobileViT
8 vit_pytorch offi
*Ysage * Masked Autoencoder
.gitignore Init ® Parameters . .
O gito i * Simple Masked Image Modeling
. imple
[ LICENSE Init &  ‘Masked Patch Pradicti
« Distillation asked Patch Prediction
O MANIFESTin incd o Deep ViT ¢ Adaptive Token Sampling
() READMEmd ade® CaiT * Patch Merger
ff * Token-to-Token ViT * Vision Transformer for Small Datasets
O setup.py offiy cet )
o Parallel ViT
* Cross ViT
. BiT * Learnable Memory ViT
o LeViT * Dino
o QT e EsVIT
* Twins SVT

Accessing Attention
® CrossFormer

Research Ideas

e RegionViT 5 i
A0 o Efficient Attention
* ScalableViT o . .
: o Combining with other Transformer improvements
® SepViT
s MaxViT * FAQ

® Resources

Citations



VIiT (Visual Transformer) in PyTorch

[Google Research, Brain Team]
A. Dosovitskiy, et al. “An Image Is Worth 16X16 Words: Transformers for Image Recognition at Scale,” ICLR2021

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-184f9f16f632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

* ViT uses a normal transformer (the one proposed in Attention is Al * Data
You Need) that works on images. * Patches Embeddings
- CLS Token
Vision Transformer (ViT) Organization - Position Embeddlng
Sections * Transformer
- Attention
MLP \ - Residuals
Head - MLP
- TransformerEncoder
* Head
Transformer Encoder .ot
4) The resulting tensor is passed first into a standard Transformer and

A A A
T T then to a classification head.
Patch + Positi
mmnwuqqququ
E’f:?f?éﬁ'ﬁlgmg [ Linear Projection of Flattened Patches 1) Decompose the input image into 16x16 flatten patches (the image

| | | | | | | is not in scale).
” N 2) Then embed them using a normal fully connected layer,
1 3) Add a special cls token in front of them and sum the positional
encoding.

b

51



[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-

1849161632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

Prerequisite Sample Data

* Have a look at the amazing The lllustrated Transformer website
» Watch Yannic Kilcher video about ViT
* Read Einops doc

* ViT uses a normal transformer (the one proposed in Attention is All
You Need) that works on images.

img = Image.open('./cat.jpg')
fig = plt.figure()
plt.imshow(img)

pip install eniops

# resize to imagenet size
transform = Compose([Resize((224, 224)), ToTensor()])
x = transform(img)

import torch _ .
import torch.nn.functional as F XS IEgER() 5 ee lBEiE el

Packages

import matplotlib.pyplot as plt

from torch import nn x.shape : torch.Size([1, 3, 224, 224])

from torch import Tensor

from PIL import Image

from torchvision.transforms import Compose, Resize, ToTensor
from einops import rearrange, reduce, repeat

from einops.layers.torch import Rearrange, Reduce

from torchsummary import summary

52



. . . [EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
ViT (Visual Transformer) in PyTorch 184197161632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

1. Patch Embeddings

1) Patches

. Thi i , , _
* The first step is to break-down the image in multiple patches and 's can be easily done using einops

flatten them. . .
patch_size = 16 # 16 pixels
| | | patches = rearrange(x, 'b ¢ (h s1) (w s2) -> b (h w) (s1 s2 c)', s1=patch_size,

s2=patch_size)
i — ST e

16x16x3 | o |

3x3 x.shape : torch.Size([1, 3, 224, 224])
bc(hs1)(ws2)=1,3, (3x16), (3x16) b c (hw)(s1s2c)=1, (3x3), (16x16x3) patches.shape : torch.Size([1, 196, 768])
* Reshape
HXWXC Nx(P2-C bc(hs1)(ws2)=1,3, (14x16), (14x16)
x€R Xp ER (P=C) b (hw) (s1s2c) =1, (14x14), (16x16x3)
2D image A sequence of flattened 2D patches

P x P : resolution of each patch (16, 16)
N = HW/P? Number of patches

An overview of the model is depicted in Figurem The standard Transformer receives as input a 1D
sequence of token embeddings. To handle 2D images, we reshape the image x € RH*W*C into a
sequence of flattened 2D patches x,, € RV*(P*C) where (H, W) is the resolution of the original
image, ' is the number of channels, (P, P) is the resolution of each image patch, and N = HW/P?
is the resulting number of patches, which also serves as the effective input sequence length for the
Transformer. The Transformer uses constant latent vector size D through all of its layers, so we 53



[Z= £X] https://github.com/arogozhnikov/einops/

[52 2] EINSUM IS ALL YOU NEED - EINSTEIN SUMMATION IN

[£t1] https://yhkim4504.tistory.com/5 DEEP LEARNING _
[Z2] https://rockt.github.io/2018/04/30/einsum https://rockt.github.i0/2018/04/30/einsum
Tutorials

. Part 1: einops fundamentals

. Part 2: einops for deep learning

ei n 0 ps + Part 3: real code fragments improved with einops (so far only for
pytorch)

from einops import rearrange, reduce, repeat

# rearrange elements according to the pattern

output_tensor = rearrange(input_tensor, 'tbc->b ct’)

# combine rearrangement and reduction

output_tensor = reduce(input_tensor, 'b ¢ (h h2) (w w2) -> b h w c', 'mean’, h2=2,
w2=2)

# copy along a new axis

output_tensor = repeat(input_tensor, 'h w -> h w c', c=3)

54



) ) . [EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
ViT (Visual Transformer) in PyTorch 18419F16/632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

1) Patches

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1,

* Createa PatchEmbedding class padding=0, dilation=1, groups=1, bias=True, padding_mode="'zeros")
class PatchEmbedding(nn.Module): class PatchEmbedding(nn.Module):
def __init__ (self, in_channels: int = 3, patch_size: int = 16, emb_size: int = 768): def __init__ (self, in_channels: int = 3, patch_size: int = 16, emb_size: int = 768):
self.patch_size = patch_size self.patch_size = patch_size
super().__init_ () super().__init_ ()
self.projection = nn.Sequential( self.projection = nn.Sequential(
# break-down the image in s1 x s2 patches and flat them # using a conv layer instead of a linear one -> performance gains
Rearrange('b ¢ (h s1) (w s2) -> b (h w) (s1 s2 c)', s1=patch_size, nn.Conv2d(in_channels, emb_size, kernel_size=patch_size,
s2=patch_size), ——— | stride=patch_size),
nn.Linear(patch_size * patch_size * in_channels, emb_size) Rearrange('b e (h) (w) -> b (h w) e'),
) )
def forward(self, x: Tensor) -> Tensor: def forward(self, x: Tensor) -> Tensor:
x = self.projection(x) x = self.projection(x)
return x return x
PatchEmbedding()(x).shape PatchEmbedding()(x).shape

» [Note] After checking out the original implementation, | found out that the authors are using a Conv2d layer instead of a Linear one
for performance gain. This is obtained by using a kernel_size and stride equal to the “patch_size". Intuitively, the convolution
operation is applied to each patch individually. So, we have to first apply the conv layer and then flat the resulting images.

55



. . . [EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
ViT (Visual Transformer) in PyTorch 184197161632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

1) Patches

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1,
+ Create a PatchEmbedding class padding=0, dilation=1, groups=1, bias=True, padding_mode="'zeros ")
patches = rearrange(x, 'b c¢ (h s1) (w s2) -> b (h w) (s1 s2 c)', sl=zpatch_size, s2=zpatch_size) convl = nn.Conv2d(3, 768, 16, 16)

patches.shape convl(x).shape

torch.Size([1, 196, 768]) torch.Size([1, 768, 14, 14])

rearrang = Rearrange('b e (h) (w) -> b (h w) ')

linear = nn.lLinear(patch_size * patch_size * 3, 768)
rearrang(convl(x)).shape

linear(patches).shape

torch.Size([1, 196, 768]) torch.Size([1, 196, 768])
b (hs1)(ws2)=[1, 3, (14x16), (14x16)] = [ 1, 3, 224, 224] convi = [1, 768, 14, 14]
bc(hw)(s1s2c)=1, (14x14), (16x16x3) = [1, 196, 768] be (h) (W) =[1, 768, 14, 14]

b (hw) e = [1, 14x14, 768] = [1, 196, 768]
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[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

2) CLS Token

* Next, add the cls token and the position embedding.
* The cls token is just a number placed in from of each sequence (of

emb_size = 768

projected patches) b=1
cls_token = nn.Parameter(torch.randn(1,1, emb_size))
class PatchEmbedding(nn.Module): cls_token.shape
def __init_ (self, in_channels: int = 3, patch_size: int = 16, emb_size: int = 768): cls_tokens = repeat(cls token, '() ne ->bne’, bzb)
self.patch_size = patch_size cls_tokens.shape
super().__init__() torch.Size([1, 1, 768])

self.proj = nn.Sequential(
# using a conv layer instead of a linear one -> performance gains
nn.Conv2d(in_channels, emb_size, kernel_size=patch_size, 768
stride=patch_size),

torch.Size([1, 1, 768])

Rearrange('b e (h) (w) -> b (h w) &), cls_token
)
Patch 1 (1,197, 768)
self.cls_token = nn.Parameter(torch.randn(1,1, emb_size)) Patch 2
def forward(self, x: Tensor) -> Tensor:
b, , , =x.shape
Patch 196

x = self.proj(x)

cls_tokens = repeat(self.cls_token, '() n e -> b n €', b=b)
# prepend the cls token to the input

x = torch.cat([cls_tokens, x], dim=1)

t
return x + cls_token is a torch Parameter randomly initialized, in the forward

PatchEmbedding()(x).shape the method it is copied b (batch) times and prepended before the
projected patches using torch.cat

torch.Size([1, 197, 768]) 57




[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

3) Position Embedding

class PatchEmbedding(nn.Module):
def __init__(self, in_channels: int = 3, patch_size: int = 16, emb_size: int = 768,
img_size: int = 224):

+ So far, the model has no idea about the original position of the
patches. We need to pass this spatial information. This can be

done in different ways, in ViT we let the model learn it. The position self.patch_size = patch_size
embedding is just a tensor of shape (N_PATCHES + 1 (token), super().__init__() -
EMBED_SIZE) that is added to the projected patches. self.projection = nn.Sequential(

# using a conv layer instead of a linear one -> performance gains

nn.Conv2d(in_channels, emb_size, kernel_size=patch_size,
Patch + Position stride=patch_size),
Embedding > ‘ . " " " ' ' g Rearrange('b e (h) (W) -> b (h w) &),
)

# Extra learnable

[class] embedding Linear Projection of F]attened Pal;che% self.cls_token = nn.Parameter(torch.randn(1,1, emb_size))
. self.positions = nn.Parameter(torch.randn((img_size // patch_size) **2 + 1,
"k“w . . | | I | | emb_size))

- - (224//16) 2+1=142+1=197
wem—— K @ W ﬂ 7o

m W E def forward(self, x: Tensor) -> Tensor:
| ~ b, -

_, _,_=x.shape
x = self.projection(x)
* We added the position embedding in the .positions field and sum it cls_tokens = repeat(self.cls_token, '() n e -> b n e', b=b)
to the patches in the .forward function # prepend the cls token to the input

x = torch.cat([cls_tokens, x], dim=1)
. # add position embedding
AL x += self.positions

img_size = 224 ¢
patch_size = 16 return X

b=1
PatchEmbedding()(x).shape

positions = nn.Parameter(torch.randn((img_size // patch_size) **2 + 1, emb_size))
positions.shape

torch.Size([1, 197, 768])

torch.Size([197, 768])



Inspecting Vision Transformer
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* Extra learnable
[class] embedding

Linear Projection of Flattened Patches
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=] gt P

nn.Conv2d(in_channels, emb_size,
v kernel_size=patch_size, stride=patch_size),

RGB embedding filters
(first 28 principal components)

v

|
S

The first layer of ViT
linearly projects the
flattened patches into a
lower-dimensional space.

Top principal components
of the learned embedding
filters. — Resemble
plausible basis function
for a low-dimensional
representation of the fine
structure within each
patch.

Fig. 7. Filters of the initial linear
embedding of RGB values of ViT-L/32.
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VIiT (Visual Transformer) in PyTorch

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
1849161632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

v

self.positions = nn.Parameter(torch.randn((img_size //
patch_size) **2 + 1, emb_size))

Position embedding similarity

4 I 111191
3 ey

Fig. 7. Similarity of position
embeddings of ViT-L/32.

Tiles show the cosine similarity

2 £ between the position embedding of
42: 3 . . - . . . . g the patch with the indicated row and
ﬁ BB EEEE @ column and the position embeddings
E 5 ' - ! ! - - l § ?;a” otr;e: Ipatche::. ]
- e model learns to encode

6 . - ! ! - . l distance between the image in the

7 . - - - - . . 1 similarity of position embeddings.

1 2 3 4 5 6 7 Closer patches tend to have more

Input patch column similar position embeddings.
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VIiT (Visual Transformer) in PyTorch

2. Transformer Encoder

* Now we need the implement Transformer. In ViT only the Encoder

is used, the architecture is visualized in the following picture.

Transformer Encoder 1) Multi Head Attention

A
Lx @_._ » The attention takes three inputs, the
‘ famous queries, keys, and values, and
MLP computes the attention matrix using
A ' queries and values and use it to
Norm ) “attend” to the values. In this case, we
are using multi-head attention meaning
that the computation is split across n
heads with smaller input size.
Multi-Head
Attention | !
A * A Multi-Head
1 Attention
Norm ‘
Egﬁggg:d I « 4 fully connected layers, one for
queries, keys, values, and a final one
(1, 197, 768) dropout.

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632

[EA] https://yhkim4504.tistory.com/6

[EX] https://heung-bae-lee.qgithub.io/2020/01/21/deep_learning_10/

MHA (Multi Head Attention)

|
Linear
1 Linear &4 (Matrix Mult)Z 0|88l Q, K, ve| xH&lg 24
Concat Q2 Ke| xjglo| CH2 Z 2 0| & 0| Bal SYsHA L&
11 h7ie| Attention LayerE SEXHOZ AL - W2 AS
C &3 X Linear H£H2 0|43l Attention Value| XS
Sca'eit?;:;iz;od“d JA h = etz
3 - 7y Ol HiZ{L|EE St EH #|Mof| Re|st XS 71X &
[ : 1= [ : - [ : .-
Linear P Linear P Linear Linear;(V) = VWy; W,; € R%Xdmodel
VJJ Linear;(K) = KWy; Wy € R%*dmodel
Linear;(Q) = QWy; Wy, € R4q*dmodel
V K Q

VITOIAM Q] MHA= QKV7L 22 HIMZ Q2= Ql2iH
A& 3712] Linear Projection2 Saff YUH|E = & 02
M2l HeadZ L}H 7%l & 22t Scaled Dot-Product
Attention= ZIgliat
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ViT (Visual Transformer) in PyTorch [E£X] https://yhkim4504.tistory.com/6

MHA (Multi Head Attention) (1) Linear Projection (2) Multi Head
1 emb_size = 768 z=PatchEmbedding()(x)
. num_heads = 8
Linear queries = rearrange(queries(z), "o n (h d) -> b h n d",
) keys = nn.Linear(emb_size, emb_size) h=num_heads)
queries = nn.Linear(emb_size, emb_size) keys = rearrange(keys(z), "b n (h d) -> b h n d", h=num_heads)
Concat values = nn.Linear(emb_size, emb_size) values = rearrange(values(z), "o n (hd)->bhnd",
MM print(keys, queries, values) h=num_heads)
A
Scaled Dot-Product print('shape :', queries.shape, keys.shape, values.shape)
Attention h 8 Linear(in_features=768, out_features=768, bias=True)
T 1] 'Y Linear(in_features=768, out_features=768, bias=True) shape : torch.Size([1, 8, 197, 96]) torch.Size([1, 8, 197, 96])
fo fo 1 Linear(in_features=768, out_features=768, bias=True)
- - - torch.size([1, 8, 197, 96])
Linear P Linear P Linear 8

A MG E UHEME ZOLM CIA| IS Af

Olﬁﬁ Linear PrOjeCtion% EI'E E‘”OlO‘I% 37H z=PatchEmbedding() (x)
OIS, 9J2f BIAS QKVE BIEE Ztgojofs @ weries(s).shere
vV K Q 2 2HIE0A eEE. torch.Size([1, 197, 768])

(1,8,197,96)  (1.8,197,96)  (1,8,197.96) 0|% Zt Linear Projection2 7{Z! QKVE rearrangeE Saff

f t t - 8742 Multi-Head2 LFZA| EILIC}
(1,197,768) (1,197,768) (1,197,768) g=z-w, (w,€RTH)
Fr=swis Wy ('wk = RDXDI:)

v=z-w, (w,c RP*Pr)

[, k0] = 2 Ugpy  (Ughw € RP*3P) 61



MHA (Multi Head Attention)

t
Linear
A
Concat
A 0
Scaled Dot-Product h 8
Attention
11l il [
Il fl Il
Linear Linear Linear 8
V K Q
(1,8,197,96) (1,8,197,96) (1,8,197,96)

f f f

(1,197,768) (1,197,768) (1,197,768)

torch.einsum
https://rockt.github.io/2018/04/30/einsum
https://baekyeongmin.github.io/dev/einsum/

VIiT (Visual Transformer) in PyTorch

I MatMul I

Q K VvV
oo ()
= softmax | —

Vi

(3) Scaled Dot Product Attention

Scaled Dot-Product Attention

Q =[90,91, -, qn]
K= [ko,kl, "‘lkﬂ]

V = [vy,vq, ..., V]

K
a = CTV = softmax (Q

@)’

[EH] https://yhkim4504.tistory.com/6

[EH] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

$ I 20| Q2 KE &ZRiLIC. einopsE 0| &0l AL =
transpose & L{A0| X EL|Ct 1 CFS scaling & & FO{ %I
Attention Score?t VE W& otal CiA| emb_sizeZ rearrange o}
™ MHAZS| outputO| L+ A ELILCt.

# Queries * Keys
energy = torch.einsum('bhqd, bhkd -> bhgk', queries, keys)
print(‘energy :', energy.shape)

# Get Attention Score

scaling = emb_size ** (1/2)

att = F.softmax(energy, dim=-1) / scaling
print(‘att :', att.shape)

# Attention Score * values
out = torch.einsum('bhal, bhlv -> bhav ', att, values)
print('out :', out.shape)

# Rearrage to emb_size
out = rearrange(out, "ohnd->bn (hd)")
print('out2 : ', out.shape)

energy : torch.Size([1, 8, 197, 197])
att : torch.Size([1, 8, 197, 197])
out : torch.Size([1, 8, 197, 96])
out2 : torch.Size([1, 197, 768])

62




[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

2. Transformer Encoder class MultiHeadAttention(nn.Module):
def __init__(self, emb_size: int = 768, num_heads: int = 8, dropout: float = 0):
super().__init__ ()

1 self.emb_size = emb_size
Linear « 4 fully connected layers, one for Sl e = rUi EEek ,
7y queries, keys, values, and a final self.keys.— nP.Llne.ar(emb_S|ze., emb_S|ze')
self.queries = nn.Linear(emb_size, emb_size)
Concat one dropout. self.values = nn.Linear(emb_size, emb_size)
YV « The forward method takes as self.att_drop = nn.Dropout(dropout)
A input the queries, keys, and self.projection = nn.Linear(emb_size, emb_size)
Scaleit?;:{ilz)?dua .ui h 8 values f_rom the prewpus layer def forward(self, x : Tensor, mask: Tensor = None) -> Tensor:
and projects them using the # split keys, queries and values in num_heads
1 i ':_l- three linear layers. Since we queries = rearrange(self.queries(x), "b n (h d) -> b h n d", h=self.num_heads)
[ L C implementing multi heads keys = rearrange(self.keys(x), "b n (h d) -> b h n d", h=self.num_heads)
Linear P Linear Linear 8 attention, we have to rearrange values = rearrange(self.values(x), "b n (h d) -> b h n d", h=self.num_heads)

the result in multiple heads. # sum up over the last axis

# b : batch, h: num_heads, q: query_len, k : key_len
energy = torch.einsum('bhqd, bhkd -> bhgk', queries, keys)
\% K Q if mask is not None:
(1.8.197.96) (1,8.197.96) (1,8.197.96) fill_value = torch.finfo(torch.float32).min # -3.4028234663852886e+38
” T ’ ” T ’ ” T ’ energy.mask_fill(~mask, fill_value)

(1,197,768)  (1,197,768)  (1,197,768) scaling = self.emb_size *:k (1/2) .
att = F.softmax(energy, dim=-1) / scaling

att = self.att_drop(att)

# sum up over the third axis

out = torch.einsum('bhal, bhlv -> bhav ', att, values)
out = rearrange(out, "ohnd ->b n (h d)")

out = self.projection(out)

return out



2. Transformer Encoder

Input Attention

Figure 6: Representative examples
of attention from the output token
to the input space. See Appendix
D.7 for details.

VIiT (Visual Transformer) in PyTorch

[EX]] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-

1849161632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

ViT-LI16

»
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9 o8.0 o838 2
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£ * el * Head2
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Network depth {(layer)

Fig. 7. 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.

Self-attention allows ViT to integrate information across
the entire image even in the lowest layers.

We investigate to what degree the network makes use of this
capability. Specifically, we compute the average distance in
image space across which information is integrated, based on
the attention weights (Figure 7, right). This “attention distance”
is analogous to receptive field size in CNNs.

We find that some heads attend to most of the image already
in the lowest layers, showing that the ability to integrate
information globally is indeed used by the model.

Other attention heads have consistently small attention
distances in the low layers. This highly localized attention is
less pronounced in hybrid models that apply a ResNet before
the Transformer (Figure 7, right), suggesting that it may serve a
similar function as early convolutional layers in CNNs.

Further, the attention distance increases with network depth.
Globally, we find that the model attends to image reqions that
are semantically relevant for classification (Figure 6).
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. . . [EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
ViT (Visual Transformer) in PyTorch 184197161632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

2. Transformer Encoder

2) Residual
lass ResidualAdd(nn.Module):
* The transformer block has Cajzf e?r:itua(self,(?g)z odule)
residuals connection super().__init__ ()
Multi-Head « We can create a nice wrapper to SElEm =
Attention perform the residual addition, it will

def forward(self, x, **kwargs):

‘ ‘ ’ ’ be handy later on. g 5

x = self.fn(x, **kwargs)
Norm X +=res

J return x
_
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[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

2. Transformer Encoder
class FeedForwardBlock(nn.Sequential):

def __init__ (self, emb_size: int, expansion: int = 4, drop_p: float = 0.):

3) MLP » The attention's output is passed to a fully super().__init_ (
connected layer composed of two layers nn.Linear(emb_size, expansion * emb_size),
Transformer Encoder that upsample by a factor of expansion nn.GELU(),
A the input nn.Dropout(drop_p), . .
, L~ : \ ) nn.Linear(expansion * emb_size, emb_size),
[ MLP » Just a quick side note. | don't know why class TransformerEncoderBlock(nn.Sequential):
A but I've never seen people subclassing der_ Ol fg2l,
[ e nn.Sequential to avoid writing the forward :mb—s'_ze' Tt = H1E,
.. . . rop_p: float = 0.,
method. SFart doing it, this is how object forward_expansion: int = 4,
- programming works! forward_drop_p: float = 0.,
** kwargs):
( . super().__init__(
h’gltgnlggﬂd ResidualAdd(nn.Sequential(
) nn.LayerNorm(emb_size),
b—?—4 » Finally, we can create the Transformer MultiHleadAttention(emb_size, “"kwargs),
N £ d, Block nn.Dropout(drop_p)
orm ncoder Bloc ), |
*  ResidualAdd allows us to define this sl el ERenEmEl

. nn.LayerNorm(emb_size),
Embedded block in an elegant way FeedForwardBlock(
Patches emb_size, expansion=forward_expansion, drop_p=forward_drop_p),
g nn.Dropout(drop_p)

)
))



2. Transformer Encoder

e Testit.

patches_embedded = PatchEmbedding()(x)
TransformerEncoderBlock()(patches_embedded).shape

torch.Size([1, 197, 768])

VIiT (Visual Transformer) in PyTorch

* you can also PyTorch build-in multi-head attention but it will expect
3 inputs: queries, keys, and values. You can subclass it and pass

the same input

Class
Bird
Ball
Car

MLP
Head

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
184f9f16f632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

Transformer

* In ViT only the Encoder part of the original transformer is used.
Easily, the encoder is L blocks of TransformerBlock.

class TransformerEncoder(nn.Sequential):
def __init__(self, depth: int = 12, **kwargs):
super().__init__(*[TransformerEncoderBlock(**kwargs) for _ in range(depth)])

Head

« The last layer is a normal fully connect that gives the class
probability. It first performs a basic mean over the whole sequence.

class ClassificationHead(nn.Sequential):
def __init__ (self, emb_size: int = 768, n_classes: int = 1000):
super().__init__(
Reduce('b n e -> b €', reduction="mean'),
nn.LayerNorm(emb_size),
nn.Linear(emb_size, n_classes))
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. . . [EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
ViT (Visual Transformer) in PyTorch 184197161632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

3. Vi(sual) T(rasnformer)

* We can compose PatchEmbedding, TransformerEncoder and

ClassificationHead to create the final ViT architecture. « We can use torchsummary to check the number of parameters

class ViT(nn.Sequential): summary(ViT(), (3, 224, 224), device='cpu')

def __init__(self,
in_channels: int = 3,
patch_size: int = 16,
emb_size: int = 768,
img_size: int = 224,
depth: int =12,
n_classes: int = 1000,
**kwargs):
super().__init__(
PatchEmbedding(in_channels, patch_size, emb_size, img_size),
TransformerEncoder(depth, emb_size=emb_size, **kwargs),
ClassificationHead(emb_size, n_classes)

)
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3. Vi(sual) T(rasnformer)

Layer (type) Output Shape Param #
Conv2d-1 [-1, 768, 14, 14] 590,592
Rearrange-2 [-1, 196, 768] 2]
PatchEmbedding-3 [-1, 197, 768] %]
LayerNorm-4 [-1, 197, 768] 1,536
Linear-5 [-1, 197, 768] 590,592
Linear-6 [-1, 197, 768] 598,592
Linear-7 [-1, 197, 768] 598,592
Dropout-8 [-1, 8, 197, 197] =]
Linear-9 [-1, 197, 768] 590,592
MultiHeadAttention-18 [-1, 197, 768]
Dropout-11 [-1, 197, 768] a
ResidualAdd-12 [-1, 197, 768] ]
LayerNorm-13 [-1, 197, 768] 1,536
Linear-14 [-1, 197, 3872] 2,362,368
GELU-15 [-1, 197, 3872] ]
Dropout-16 [-1, 197, 3872] ]
Linear-17 [-1, 197, 768] 2,360,064
Dropout-18 [-1, 197, 768] a2
ResidualAdd-19 [-1, 197, 768] ]
LayerNorm-2@ [-1, 197, 768] 1,536
Linear-21 [-1, 197, 768] 590,592
Linear-22 [-1, 197, 768] 590,592
Linear-23 [-1, 197, 768] 590,592
Dropout-24 [-1, 8, 197, 197] 9
Linear-25 [-1, 197, 768] 590,592

VIiT (Visual Transformer) in PyTorch

MultiHeadAttention-26
Dropout-27
ResidualAdd-28
LayerhNorm-29
Linear-3@
GELU-31
Dropout-32
Linear-33
Dropout-34
ResidualAdd-35
Layerhorm-36
Linear-37
Linear-38
Linear-39
Dropout-48
Linear-41

MultiHeadAttention-42
Dropout-43
ResidualAdd-44
LayerNorm-45
Linear-46
GELU-47
Dropout-48
Linear-49
Dropout-50
ResidualAdd-51
LayerNorm-52
Linear-53
Linear-54
Linear-55
Dropout-56
Linear-57

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-

184f9f16f632

[Code] https://github.com/FrancescoSaverioZuppichini/ViT

[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]

[-1, 197, 3872]
[-1, 197, 3872]
[-1, 197, 3872]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 8, 197, 197]
[-1, 197, 768]

[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]

[-1, 197, 3872]

[-1, 197, 3872]
[-1, 197, 3872]

-1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
-1, 197, 768]
1, 197, 768]
1, 197, 768]
8, 197, 197]
1, 197, 768]

]
a

1,536
2,362,368
]

a
2,360,064
]

]

1,536
590,592
590,592
598,592

]

598,592

]

)

1,536
2,362,368
]

]
2,360,064
]

)

1,536
598,592
590,592
590,592

]

590,592

MultiHeadAttention-58
Dropout-59
ResidualAdd-60
LayerNorm-61
Linear-62
GELU-63
Dropout-64
Linear-65
Dropout-66
ResidualAdd-67
LayerNorm-68
Linear-69
Linear-70
Linear-71
Dropout-72
Linear-73

MultiHeadAttention-74
Dropout-75
ResidualAdd-76
LayerNorm-77
Linear-78
GELU-79
Dropout-86
Linear-81
Dropout-82
ResidualAdd-83
LayerNorm-84
Linear-85
Linear-86
Linear-87
Dropout-88
Linear-89

[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]

[-1, 197, 3872]
[-1, 197, 3872]
[-1, 197, 3872]
[-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
[-1, 8, 197, 197]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]

[-1, 187, 3872]

[-1, 197, 3872]

[-1, 197, 3872]

, 197, 768]

, 197, 768]
, 197, 768]
E

[
[
[
[
[
[

197, 768]
197, 768]
, 197, 768]
, 197, 768]
, 197, 197]
, 197, 768]

[
[
[
[
[
[
[

-1
-1
-1
-1
-1
-1
-1

[-1, 8

-1

[

69

]
a

1,536
2,362,368
]

a
2,360,064
]

]

1,536
590,592
590,592
598,592

]

590,592

]

]

1,536
2,362,368
]

)
2,360,064
]

]

1,536
590,592
590,592
590,592

]

598,592



MultiHeadAttention-9@
Dropout-91
ResidualAdd-92
LayerNorm-93
Linear-94
GELU-95
Dropout-96
Linear-97
Dropout-98
ResidualAdd-99
LayerNorm-100
Linear-181
Linear-182
Linear-183
Dropout-1684
Linear-185

MultiHeadAttention-1@6

Dropout-187
ResidualAdd-168
LayerNorm-189
Linear-110
GELU-111
Dropout-112
Linear-113
Dropout-114
ResidualAdd-115
LayerNorm-116
Linear-117
Linear-118
Linear-119
Dropout-120
Linear-121

L
[
[-

[-1

3. Vi(sual) T(rasnformer)

[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
-1, 197, 3872]
-1, 197, 3872]

1, 197, 3672]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
-1, 197, 768]
8
1
[-
1
1
1

o e e e e e

, 197, 197]
, 197, 768]
1, 197, 768]
, 197, 768]
, 197, 768]
, 197, 768]
-1, 197, 3872]
-1, 197, 3872]
-1, 197, 3872]
1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
-1, 197, 768]
1
1
8
1

[-

[-
[-
[-

, 197, 768]
, 197, 768]
, 197, 197]
, 197, 768]

]

)

1,536
2,362,368
]

)
2,360,064
]

)

1,536
598,592
590,592
590,592

)

590,592

)
)

1,536
2,362,368
)

]
2,360,064
)

)

1,536
590,592
590,592
590,592

)

590,592

VIiT (Visual Transformer) in PyTorch

MultiHeadAttention-122
Dropout-123
ResidualAdd-124
LayerNorm-125
Linear-126
GELU-127
Dropout-128
Linear-129
Dropout-136
ResidualAdd-131
LayerNorm-132
Linear-133
Linear-134
Linear-135
Dropout-136
Linear-137

MultiHeadAttention-138
Dropout-139
ResidualAdd-146
LayerNorm-141
Linear-142
GELU-143
Dropout-144
Linear-145
Dropout-146
ResidualAdd-147
LayerNorm-148
Linear-149
Linear-150@
Linear-151
Dropout-152
Linear-153

[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-

1849161632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

I:_
[_

[-

[-1, 197, 768]
[-1, 197, 763]
[-1, 197, 768]
[-1, 197, 768]
1, 197, 3672]
1, 197, 3072]
1, 197, 3072]
-1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
-1, 197, 768]
g, 197, 197]
1, 197, 768]
[-1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 3072]
-1, 197, 3072]
1, 197, 3072]
1, 197, 768]
1, 197, 768]
1, 197, 768]
1, 197, 768]
-1, 197, 768]
1, 197, 768]
1, 197, 768]
g, 197, 197]
1, 197, 768]

]

)

1,526
2,362,368
]

)
2,360,064
]

)

1,526
598,592
598,592
590,592

)

590,592

]
a

1,536
2,362,368
)

]
2,360,064
]

a

1,536
598,592
590,592
590,592

)

598,592

MultiHeadAttention-154
Dropout-155
ResidualAdd-156
LayerNorm-157
Linear-158
GELU-159
Dropout-160
Linear-161
Dropout-162
ResidualAdd-163
Layerlorm-164
Linear-165
Linear-166
Linear-167
Dropout-168
Linear-169

MultiHeadAttention-17@
Dropout-171
ResidualAdd-172
LayerNorm-173
Linear-174
GELU-175
Dropout-176
Linear-177
Dropout-178
ResidualAdd-179
LayerNorm-188
Linear-181
Linear-182
Linear-183
Dropout-184
Linear-185

[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]
[-1, 197, 768]

[-1, 197, 3@72]

[-1, 197, 3072]

[-1, 197, 3@72]

-1, 197, 768]

-1, 197, 768]

-1, 197, 768]

-1, 197, 768]

-1, 197, 768]

-1, 197, 768]

-1, 197, 768]

g

1
[-

1

1

1

M

iRl

[-1, 8, 197, 197]

, 197, 768]

1, 197, 768]
, 197, 768]

, 197, 768]

, 197, 768]

[-1, , 3872]
[-1, 197, 2072]
[-1 , 3872]
19?, 768]
197, 768]
197, 768]
197, 768]
197, 768]
197, 768]
197, 768]
, 197, 197]
, 197, 768]

[-

L-
L-
L-

R

PR RS S S S RS

“

s
-1,
-1,
-1,
-1
-1
-1
-1

[-1, 8

1

[-

70

a
]

1,536
2,362,368
]

]
2,360,064
a

]

1,536
590,592
590,592
590,592

]

590,592

)
)

1,536
2,362,368
]

a
2,360,064
)

)

1,536
590,592
590,592
598,592

]

590,592



[EX] https://towardsdatascience.com/implementing-visualttransformer-in-pytorch-
1849161632
[Code] https://github.com/FrancescoSaverioZuppichini/ViT

VIiT (Visual Transformer) in PyTorch

MultiHeadAttention-186

3. Vi(sual) T(rasnformer)

[-1, 197, 768]

Dropout-187 [-1, 197, 768] )
ResidualAdd-188 [-1, 197, 768] 2]
LayerNorm-189 [-1, 197, 768] 1,536
Linear-190 [-1, 197, 3872] 2,362,368
GELU-191 [-1, 197, 3872] )
Dropout-192 [-1, 197, 3872] ]
Linear-193 [-1, 197, 763] 2,360,064
Dropout-194 [-1, 197, 768] )
ResidualAdd-195 [-1, 197, 768] 2]
Reduce-196 [-1, 768] a
LayerNorm-157 [-1, 768] 1,536
Linear-198 [-1, 1800] 769,000

Total params: 86,415,592
Trainable params: 86,415,592

Non-trainable params:

Input size (MB): @.57

e

Forward/backward pass size (MB): 364.33

Params size (MB): 329.65

Estimated Total Size (MB): 694.56



[EX]] https://gaussian37.github.io/dl-concept-vit/

VIiT (Visual Transformer) in PyTorch

* Another code

import torch class MultiheadedSelfAttention(nn.Module):
import torch.nn as nn def __init__(self, latent_vec_dim, num_heads, drop_rate):
super().__init_ ()
class LinearProjection(nn.Module): device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
self.num_heads = num_heads
def __init__(self, patch_vec_size, num_patches, latent_vec_dim, drop_rate): self.latent_vec dim = latent_vec_dim
super().__init_ () self.head_dim = int(latent_vec_dim / num_heads)
self.linear_proj = nn.Linear(patch_vec_size, latent_vec_dim) self.query = nn.Linear(latent_vec_dim, latent_vec_dim)
self.cls_token = nn.Parameter(torch.randn(1, latent_vec_dim)) self.key = nn.Linear(latent_vec_dim, latent_vec_dim)
self.pos_embedding = nn.Parameter(torch.randn(1, num_patches+1, self.value = nn.Linear(latent_vec_dim, latent_vec_dim)
latent_vec_dim)) self.scale = torch.sqrt(latent_vec_dim*torch.ones(1)).to(device)
self.dropout = nn.Dropout(drop_rate) self.dropout = nn.Dropout(drop_rate)
def forward(self, x): def forward(self, x):
batch_size = x.size(0) batch_size = x.size(0)
x = torch.cat([self.cls_token.repeat(batch_size, 1, 1), self.linear_proj(x)], q = self.query(x)
dim=1) k = self.key(x)
x += self.pos_embedding v = self.value(x)
x = self.dropout(x) q = g.view(batch_size, -1, self.num_heads, self.head_dim).permute(0,2,1,3)
return x k = k.view(batch_size, -1, self.num_heads, self.head_dim).permute(0,2,3,1) # k.t

v = v.view(batch_size, -1, self.num_heads, self.head_dim).permute(0,2,1,3)
attention = torch.softmax(q @ k / self.scale, dim=-1)

x = self.dropout(attention) @ v

x = x.permute(0,2,1,3).reshape(batch_size, -1, self.latent_vec_dim)

return x, attention



VIiT (Visual Transformer) in PyTorch

class TFencoderLayer(nn.Module):

def __init__(self, latent_vec_dim, num_heads, mlp_hidden_dim, drop_rate):

super().__init_ ()

self.In1 = nn.LayerNorm(latent_vec_dim)

self.In2 = nn.LayerNorm(latent_vec_dim)

self.msa = MultiheadedSelfAttention(latent_vec_dim=latent_vec_dim,

num_heads=num_heads, drop_rate=drop_rate)

self.dropout = nn.Dropout(drop_rate)

self.mlp = nn.Sequential(nn.Linear(latent_vec_dim, mlp_hidden_dim),
nn.GELU(), nn.Dropout(drop_rate),
nn.Linear(mlp_hidden_dim, latent_vec_dim),
nn.Dropout(drop_rate))

def forward(self, x):

z = self.In1(x)

z, att = self.msa(z)
z = self.dropout(z)
X=Xx+2z

z = self.In2(x)

z = self.mlp(z)
X=x+2z

return x, att

[EX]] https://gaussian37.github.io/dl-concept-vit/

class VisionTransformer(nn.Module):
def __init__(self, patch_vec_size, num_patches, latent_vec_dim, num_heads,

mlp_hidden_dim, drop_rate, num_layers, num_classes):

super().__init_ ()

self.patchembedding = LinearProjection(patch_vec_size=patch_vec_size,
num_patches=num_patches,

latent_vec dim=latent_vec dim,

drop_rate=drop_rate)

self.transformer =
nn.ModuleList([TFencoderLayer(latent_vec_dim=latent_vec_dim,
num_heads=num_heads, mlp_hidden_dim=mlp_hidden_dim, drop_rate=drop_rate)

for _in range(num_layers)])

self.mlp_head = nn.Sequential(nn.LayerNorm(latent_vec_dim),
nn.Linear(latent_vec_dim, num_classes))

def forward(self, x):
att_list =]
x = self.patchembedding(x)
for layer in self.transformer:
X, att = layer(x)
att_list.append(att)
x = self.mlp_head(x[:,0])

return x, att_list



