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A brief history in literature
(that keeps growing fast EVERYDAY now...)

O==0O

2017.6 | Transformer
Solely based on attention
mechanism, the Transformer is
proposed and shows great
performance on NLP tasks.

O

2018.10 | BERT

field of NLP.

Pre-training transformer models
begin to be dominated in the

2020.5 | GPT-3

A huge transformer with
170B parameters, takes a
big step towards general
NLP model.

O O

training.

2020.7 | iGPT 2020.12 | IPT
The transformer model for NLP The first transformer model
can also be used for image pre- for low-level vision by

combining multi-tasks.

2020.5 | DERT

A simple yet effective
framework for high-level vision
by viewing object detection as
a direct set prediction problem.

2020.10 | ViT

Pure transformer
architectures work well
for visual recognition.

Figure 1: Key milestones in the development of transformer. The visual transformer models are marked in red.



Why Transformer for Vision?

* Towards a general, conceptual
simple, and sufficiently versatile
architecture yet still achieving You doj¥{ have toreinvent
competitive performance for vision? the wheel.

* The inductive bias of CNNs, e.g.,

spatially invariant and locality-based,
also may not be sufficient ...
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Basics: Transformer in NLP

= Standard model in NLP tasks
= Only consists of self-attention modules, instead of RNN
- Encoder-decoder

- Requires large dataset and high computational cost
= Pre-training and fine-tuning approaches : BERT & GPT
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Figure 1: The Transformer - model architecture.



Basics: Self-Attention

Embedding i g i £
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Input: LSC is the best!

g: query (giver)
" k: key (receiver)
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3 v: value (info extractor)




Basics: Self-Attention
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Basics: Self-Attention
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Bringing Transformers into Computer Vision

- Only in local neighborhoods (1)

Image Transformer, ICML 2018
Stand-alone self-attention in vision models, NeurlPS 2019
On the relationship between self-attention and convolutional layers, ICLR 2020
- Exploring self-attention for image recognition, CVPR 2020
- Scalable approximations to global self-attention (2)

Generating long sequences with sparse transformers, arxXiv 2019
- Blocks of varying sizes (3)

Scaling autoregressive video models, ICLR 2019
- Only along individual axes (4) ;

Axial attention in multidimensional transformers, arXiv 2019
Axial-deeplab: Stand-alone axial-attention for panoptic segmentation, ECCV 2020



Bringing Transformers into Computer Vision

- Combining CNN with self-attention (5)

- Attention augmented convolutional networks, ICCV 2019, image classification
- End-to-end object detection with transformers, ECCV 2020, object detection
Videobert: A joint model for video and language representation learning, ICCY 2019, video processing
- Visual transformers, arxiv 2020, image classification
- Unified text-vision tasks (6)
- VQA
- Image Retrieval
- OCR (Document Layout Analysis)

- Most Related Works (7) 9

- Generative pretraining from pixels (iGPT), ICML 2020
- Big Transfer (BiT): General Visual Representation Learning, ECCV 2020



DETR: End-to-End Object Detection with
Transformers (ECCV’20)

* DETR directly predicts (in parallel) the final set of detections by combining a common CNN with a
transformer architecture. It does NOT rely on the many hand-designed components like in FasterRCNN.
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* The takeaway from DETR is bi-folds:

* DETR achieved comparable performance to Faster R-CNN, but not on par with more recent detectors (especially on small
objects), also requiring extra-long training schedule and auxiliary decoding losses

* DETR showed significant promise of generalizability, e.g., the same model easily applied to panoptic segmentation in a
unified manner



“Pure Transformer”: Visual Transformer (ViT, ICLR"21)

GIF from https://github.com/lucidrains/vit-pytorch



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

def forward(self, img, mask = None):
p = self.patch_size

= rearrange(img, 'b ¢ (h p1l) (w p2) —> b (h w) (pl p2
= self.patch_to_embedding(x)

Implementation

xX X

cls_tokens = self.cls_token.expand(img.shape[0], -1, -1)
= torch.cat((cls_tokens, x), dim=1)

x += self.pos_embedding

x = self.transformer(x, mask)

Vision Transformer (ViT)

MLP
] Head ZO x = self.to_cls_token(x[:, 0])
— T return self.mlp_head(x)
/ https://github.com/lucidrains/vit-pytorch/blob/main/vit_pytorch/vit pytorch.py#L99-1111

r

Transformer Encoder

Learnable Position Embedding

Epos = RWN+1)XD
Paﬁﬁgﬁegggéon Ea [ﬁ [ﬁto retain positional information

* Extra learnable
| | | | | | X, € RNX(P>C) XE € RNxD

( LY FI1]]]
S : -— i & |
R . m Eml,gﬁ ity g w E * Because Transformer uses constant

widths, model dimension , through all of its layers

Image x € RH*W*C — A sequence of flattened 2D patches x, € RVN<(P*C)



Implementation

def forward(self, img, mask = None):
p = self.patch_size

rearrange(img, 'b ¢ (h p1) (

self.patch_to_embedding(x)

x = torch.cat((cls_tokens, x), djm=1)

X += self.pos_embedding

x = self.transformer(x, mask)

x = self.to_cls_token(x[:, 0])
return self.mlp_head(x)

class Transformer(nn.Module):

def

def

cls_tokens = self.cls_token.expand(#mg.shape[0], -1, -1)

__init__ (self, dim, depth, heads, mlp_dim):

super().__init_ ()
self.layers = nn.ModuleList([])
for _ in range(depth):
self.layers.appen®N nn.ModuleList ([
Residual(PreNorm¥&Jim, Attention(dim, heads = heads))),
Residual(PreNorm(di
1))

forward(self, x, mask = None):

FeedForward(dim, mlp_dim)))

for attn, ff in self.layers: Transformer Encoder

x = attn(x, mask = mask)
X = FFE(x)
return x

) {(pLp2 ¢c)';, pl =p;, p2 = p)

Multi-Head ]
Attention
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https://github.com/lucidrains/vit-pytorch/blob/main/vit_pytorch/vit_pytorch.py Patches




Implementation

class Attention(nn.Module):

def

def

[q) k7 V] = ZU kv

__init__(self, dim, heads = 8):
super().__init__()

self.heads = heads

self.scale = dim *x -0.5

7z € R¥*D : input sequence
qu‘v = RDX'?’Dh,

AERNXN

A = softmax (qkT/\/Dh)
SA(z) = Av. Attention weight A;; : similarity btw g*, K/

MSA(z) = [SA1(2); SA2(2); -+ ;SAk(2)] Umsa Unnsa € RF-PrxP

self.to_gkv = nn.Linear(dim, dim *x 3, bias = False)

self.to_out = nn.Linear(dim, dim)

forward(self, x, mask = None):

b, n, _, h = xx.shape, self.heads

gkv = self.to_gkv(x)

q, k, v = rearrange(gkv, 'b n (gkv h d) = gkv b h n d', gkv = 3, h = h)

dots = torch.einsum('bhid,bhjd->bhij"', q, k) * self.scale

if mask is not None:
mask = F.pad(mask.flatten(1), (1, @), value = True)
assert mask.shape[-1] == dots.shape[-1], 'mask has incorrect dimensions'
mask = mask[:, None, :] * mask[:, :, None]
dots.masked_fill_(~mask, float('-inf'))
del mask

attn = dots.softmax(dim=-1)

out
out

torch.einsum('bhij,bhjd->bhid', attn, v)
rearrange(out, 'b hnd = bn (hd)")
out = self.to_out(out)

return out https://github.com/lucidrains/vit-pytorch/blob/main/vit_pytorch/vit_pytorch.py




Experiments

Ours Ours BiT-L Noisy Student
(ViT-H/14) (ViT-L/16) (ResNet152x4) (EfficientNet-L2)
ImageNet 88.36 87.61 £0.03  87.54 +0.02 88.4/88.5"
ImageNet Real 90.77 90.24 £+ 0.03 90.54 90.55
CIFAR-10 99.50 £ 0.06 99.42+0.03  99.37 +0.06 —
CIFAR-100 94.55+0.04 93.90+0.05 93.51+0.08 —
Oxford-IIIT Pets 97.56 £0.03 97.32+0.11  96.62 +0.23 —
Oxford Flowers-102  99.68 + 0.02  99.74 +£0.00  99.63 + 0.03 —
VTAB (19 tasks) 7716 +£0.29 7591+0.18  76.29 4+ 1.70 —
TPUv3-days 2.9k 0.68k 9.9k 12.3k
mEN ViT-H/14 BiT-L (R152x4) WM VIVI(R50x3) W S4L (R50x1)
§ 88
7 .
S 80 85 I I
2 70
31 82
‘. I + i
- 70 i 80 ‘ |

VTAB (19 tasks)

Natural (7 tasks)

Specialized (4 tasks)

Structured (8 tasks)

Figure 2: Breakdown of VTAB performance in Natural, Specialized, and Structured task groups.



Experiments
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Figure 3: Transfer to ImageNet. @ While

large ViT models perform worse than BiT
ResNets (shaded area) when pre-trained on
small datasets, they shine when pre-trained on
larger datasets. Similarly, larger ViT variants
overtake smaller ones as the dataset grows.
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Figure 4: Linear few-shot evaluation on Ima-
geNet versus pre-training size. ResNets per-
form better with smaller pre-training datasets
but plateau sooner than ViT which performs
better with larger pre-training. ViT-b is ViT-
B with all hidden dimensions halved.



Experiments
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Performance versus cost for different architectures: Vision Transformers, ResNets, and hybrids.
Vision Transformers generally outperform ResNets with the same computational budget. Hybrids
improve upon pure Transformers for smaller model sizes, but the gap vanishes for larger models.



Transformers Beyond Image Classification: TransGAN
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Evaluating Transformer on Generator and Discriminator

AutoGAN Transformer
G G GENERATOR DISCRIMINATOR ISt FID]
AUTOGAN AUTOGAN 8.55+0.12 12.42
TRANSFORMER AUTOGAN 8.59+ 0.10 13.23
AUTOGAN TRANSFORMER 6.17+£0.12 49.83

TRANSFORMER TRANSFORMER 6.95 +£0.13 41.41




Data Augmentation Matters A LOT

zZ— G —

>

T(6()—

_p:
i

(G

update

D(T(x))

— Vs

D(T(G(2)))

D —=D(T(G(2)))

METHODS DA IS FID |
WGAN-GP X  6.49+0.09 39.68
(GULRAJANI ET AL., 2017) 4/ 6.29 £0.10 37.14
AUTOGAN X 8.55+0.12 12.42
(GONG ET AL., 2019) v 8.60 £0.10 12.72
STYLEGAN V2 X 9.18 11.07
(ZHAO ET AL., 2020B) v 9.40 9.89

X  6.95+0.13 41.41
TRANSGAN J 815+0.14 19.85




Local Initialization For Self-Attention

Global

Local

Early Stage

Middle Stage

Final Stage

Gradually Increasing Receptive Field



Multi-task Co-Training

e e

\~_ -
Generator
— D

MODEL ISt FID/|
TRANSGAN + DA (*) 8.1540.14 19.85
*) + MT-CT 8.204+ 0.14 19.12

(*) + MT-CT + LocAL INIT. 8.22+ 0.12 18.58




Scaling-Up the Generator

MODEL DEPTH DIM IS 1 FID |

TRANSGAN-S {5,2,2} 384 8.22+0.14 18.58

TRANSGAN-M  {5,2,2} 512 8.36+0.12 16.27

TRANSGAN-L {5,2,2} 768 8.50+0.14 14.46

TRANSGAN-XL {5,4,2} 1024 8.63 +0.16 11.89
METHODS FLoOPS (G) IS FID
SNGAN
(MIYATO ET AL., 2018) 1.57 8.22 £+ 0.05 21.7
TRANSGAN-S 0.68 8.22 +0.14 | 18.58

Efficiency
. . AUTOGAN
Comparison: (GONG ET AL., 2019) 1.77 8.55+0.10 | 12.42

PROGRESSIVE-GAN
(KARRAS ET AL., 2017) 6.39 8.80 = 0.05 | 15.52
TRANSGAN-XL 2.83 8.63+0.16 | 11.89




Comparing with SOTA ConvNet-based GANSs

METHODS IS " FID
X:‘Sﬁ&]ﬁgl ET AL., 2017) 6.49 +0.09 | 39.68
%Yl'{A(l}\IlgI:T AL.,2017) 7.17£0.17

?\Sxi/l[{DE—FARLEY & BENGIO, 2016) 7.72+0.13

(SglﬁInTngché?fL., 2017) 7.90 +0.09

(WANG BT ALn 20184 829 | 1621
?ﬁ%ﬁ; ET AL, 2018) 8.33£0.10 | 26.7
(SI\I:III_SQE)\IET AL.,2018) 8.22+£0.05 | 21.7
(KARRAS ET AL, 2017) 8.80+005 | 1552
?&JSI?SEAFAL_, 2019) 8.55+0.10 | 12.42
(SZTIZKEC;:?IEL\.I,ZMZOB) 9.18 11.07
TRANSGAN-XL 8.63+0.16 | 11.89

METHODS | IS | FID |
?stzDE-FARLEY & BENGIO, 2016) 8.51+0.13 -
Noovn 7.98 -
(NGUYEN ET AL., 2017)

f}igi?ﬁi 2019) 8.87 £ 0.09 | 47.74
?l}lszZ-I?QTNAL., 2018) - 36.19
(SI\ITIII-SQ(I;IET AL., 2018) 9.16 £0.12 | 40.1
%iiog ;ﬁGA“L‘_?@‘;;‘;gN 9.23 4+ 0.08 | 37.64
?gglgggfm, 2019) 9.16 £ 0.12 | 31.01
CroErAL 2020y 9.63+0.19 | 26.98
TRANSGAN-XL 10.10 £ 0.17 | 25.32

CIFAR-10 STL-10

Transformer Eats Data !




‘NOW THIS IS NOT THE
END. IT IS NOT EVEN
THE BEGINNING OF
THE END. BUT IT IS,
PERHAPS, THE END OF
THE BEGINNING.”

Winston Churchill
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