Selt-Attention and Transformer

Xlaolong Wang



Previous classes

* RNN for time sequence processing

* Video understanding with temporal convolution, 3D CNN



This Class

 Non-local Neural Network for Videos

o Self-Attention and Transformer for NLP



Non-local Neural Network for Videos



Video Recogpnition
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Reasoning for Action Recognition

Long-rang explicit reasoning

Wang et al., 2018.



Non-local Means

Buades et al., 2005.



Non-local Operator

Operation In feature space

Can be embedded into any ConvNets
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Non-local Operator

1
Vi = C(x)zf(xirxj) g(x;i)
Vj

Affinity Features
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Non-local Operator

1
Vi = C(X)Ef(xi:xj) g(x;i)
Vj
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Non-local Operator

1
Vi = C(X)Ef(xi:xj) g(x;i)
Vj

normalize
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Non-local Operator

1
Vi = C(X)Ef(xi:xj) g(x;i)
Vj

normalize

f(xi:xj) = exp(xij)
ce =), flu)

f(xi,xj) _ exp(xij)
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Tﬁ_T

TXxXHXW X512

X



Non-local Operator

1
Vi = C(X)Ef(xi:xj) g(x;i)
Vj

normalize THW x 512

THW X THW

THW x 512 512 X THW THW x 512

TXHXWX51 TXHXW x51 TXxHXW X512

Tﬁ_T—T

TXxXHXW X512

X




Non-local Operator

1
Vi = C(X)Ef(xi:xj) g(x;i)
Vj

normalize THW x 512

THW X THW

THW x 512 512 X THW THW x 512
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Non-local Operator as A Residual Block

zi = yiW + x;
) Action
Conv




Examples
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Self-Attention and Transformer for NLP



Self-Attention Operator

1
Vi = C(x)zf(xi:xj) g(x;i)
Vj

normalize THW x 512

THW X THW

THW x 512 512 X THW THW x 512

TXHXWX51 TXHXW x51 TXxHXW X512

Queries Values

TXxXHXW X512

X



Self-Attention Operator

1
Vi = C(x)zf(xi:xj) g(x;i)
Vj

normalize L x 512

L X 512

Values

Queries
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Multl-head attention

Run h attention models in parallel
on top of different linearly
projected versions of Q, K, V;
concatenate and linearly project
the results

Intuition: enables model to attend
to different kinds of information at
different positions

A —
Scaled Dot-Product '
Attention 4
| - |
Gnear){nea
\V K Q
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Transformer blocks

Add & Norm

A Transformer Is a sequence
of transformer blocks

« Vaswani et al.: N=12 blocks,
embedding dimension = 512,
6 attention heads

e Add & Norm: residual

connection followed by layer _
normalization Add & Norm
 Feedforward: two linear layers

with ReLUs in between, applied MUltl'H,ead
independently to each vector Attention
» Attention is the only interaction YHINIE YNy

between inputs!



https://arxiv.org/pdf/1607.06450.pdf
https://arxiv.org/pdf/1607.06450.pdf

Positional encoding

Self-attention does not encode the order of the inputs.

normalize L x 512

L X 512

Queries Values




Positional encoding

To give transformer information about ordering of tokens, add
function of position (based on sines and cosines) to every input

PE(pos,Zi) — SZ.TL(pOS/lOOOOQi/dmOdeI)
PE(pos,ZH—l) — COS(pOS/lOOOOQi/dm"dCI)



Positional encoding

To give transformer information about ordering of tokens, add
function of position (based on sines and cosines) to every input

| m

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

UL LR RS LR R R RS R B R EE S B EE SRR PR R

Embedding dimension



Transformer architecture: Zooming back

Encoder
r Y
y | N
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A. Vaswani et al., Attention is all you need, NeurlPS 2017


https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf
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Different ways of processing sequences

RNN 1D convolutional network
h, 1 h, 1 h, * h, h, h, hs h,
KX
X4 X X3 Xy X1 X X3 Xy
Works on ordered sequences Works on multidimensional grids

 Con: Bad at long seqguences:
Need to stack many conv layers
for outputs to “see” the whole

sequence
« Cons: Not parallelizable: need to

compute hidden states
sequentially

Transformer

4 )
f—>| Add &INorm l

Feed
Forward

N Add & Norm

L 1
Multi-Head
Attention
\_ J

Works on sets of vectors

Con: Very memory-intensive



The RNN has a bottleneck, the hidden state. So it has a hard time implementing
the transformer. However, had we found a way to engineer a very very large
hidden state, perhaps it would become as good as a transformer again.

— llya Sutskever at Simons

computer that has a decent (but very
sequential timesteps)

ras known for decades
circuit
find these circuits




It IS all Non-local Means

| Linear |

1 N
Add & Norm

>
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— Multi-Heac
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Vision Transtormer

Xlaolong Wang



Vanilla VIT

Vision Transformer (ViT) i Transformer Encoder
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Dosovitskiy, Beyer, Kolesnikov, Weissenborn and Zhai et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale
. 2020



Vanilla VIT
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Vanilla VIT

Scaled Dot-Product Attention

Q KV




Vanilla VIT

Transformer Encoder
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Vanilla VIT

* VIT-L / 32 model first layer, it
means the patch has 32 x

32 pixels

*~ Transformer Encoder

Multi-Head
Attention

A4 A

Norm

RGB embedding filters
(fll’St 28 principal components)

Embedded
Patches

Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M

ViT-Huge 52 1280 5120 16 632M




Vanilla VIT

* Previous CNN is tiny
compared with VIT models

* CNN I1s much faster

DeiT: Touvron and Cord et al. 2020

image throughput | ImNet
Network #param. | size (image/s) top-1
Convnets

ResNet-18 [21] 12M || 224° 44584 69.8
ResNet-50 [21 25M || 2247  1226.1 76.2
ResNet-101 [21] 45M || 2242 753.6 77 4
ResNet-152 [21] 60M || 2242 526.4 78.3
RegNetY-4GF [40]* 21IM | 2242  1156.7 80.0
. 2242 591.6 81.7
2242 334.7 82.9

ViT-B/16 [15] 3842 85.9 77.9
ViT-L/16 [15] 3842 27.3 76.5
DeiT-Ti 5M | 224% 25365 72.2
DeiT- M | 2247 940.4 79.8
DeiT-B 86M || 224° 292.3 81.8
DeiT-B1384 86M | 384° 85.9 83.1




Vanilla VIT

 Small and Base size model
could be improved with
strong data augmentation
and reqgularization (DelT)

* More data helps VIT
(ImageNet-22K, JFT-300M)

DeiT: Touvron and Cord et al. 2020

(a) Regular ImageNet-1K trained models

1.3M Images

method Image #param. FLOPs t}.n'oughput ImageNet
size (1mage / s) [top-1 acc.
ViT-B/16 [19] |384° 86M 554G  85.9 77.9
ViT-L/16 [19] |384° 307M 190.7G  27.3 76.5
DeiT-S [60] [224° 22M 4.6G 9404 79.8
DeiT-B [60] [224° 86M 17.5G  292.3 81.8
DeiT-B [60] |384° 86M 554G 859 83.1
(b) ImageNet-22K pre-trained models 14M Images
Hethod lmage #param. FLOPs tt.lroughput ImageNet
S1Z¢ (1mage / s) |top-1 acc.
ViT-B/16 [19] |384° 86M 554G  85.9 84.0
ViT-L/16 [19] |384% 307M 190.7G  27.3 85.2
(c¢) JFT-300M pre-trained models 300M Images
—ethod image #param. FLOPs tl?rnughput ImageNet
S1Z€ (1mage / s)|top-1 acc.
ViT-B/16 [19] |384° 86M 55.4G 85.9 84.2
ViT-L/16 [19] |384% 307M 190.7G  27.3 87.1
N-TII/1 AT 1 'I'D';‘IZ 2ANTIANA 1000 7702 T 12 QO 1




Each patch shows the position embedding cosine similarity
between the patch at this location and all other patches

Vanilla VIT ViT-L16
7 epochs, LR=0.0002, WD=0.01
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Input patch column

Input patch row

VIT: Dosovitskiy, Beyer, Kolesnikov, Weissenborn and Zhai et al. 2020

Cosine similarity



Transtformer in Videos

TimeSformer

» Share similar i : |
structure as VIT | ( Video Transformer
Videoclipasa ) o, T @I) & @f)

* mbedding

1 3
sequence of frame- *Emlem 4 9
Ievel patCheS [class] embedding

Linear Projection of Flattened Patches

(16x16)

TimeSformer: Bertasius et al. 2021



Transformer in Videos

TimeSformer

* How to model
temporal
Information?
Attention Params K400  SSv2
Space 85.9M 76.9 36.6
Joint Space-Time 85.9M 77.4 58.5
Divided Space-Time  121.4M 78.0 39.5
Sparse Local Global  121.4M 75.9 56.3
Axial 156.8M 73.5 56.2
: HENE
| Al

TimeSformer: Bertasius et al. 2021
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Transformer in Videos

TimeSformer

. . 10 — 1
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Transformer for Multi-modality

Image-Text

* Image patches are generated by pre-trained object detector
* Mask language modeling

A person hits a ball with a tennis racket

Visual-BERT: Li et al. 2019



Transformer for Multi-modality

Image-Text

o Extend with masked Rol classification

Token
Embedding

Visual Feature
Embedding

Segment
Embedding

Sequence
Position
Embedding

VL-BERT: Su et al. 2019

Masked Language Modeling

with Visual Clues

Masked Rol Classification
with Linguistic Clues
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Transformer for Multi-modality
Video-Text

» Concatenate word seguence with video frame sequence
* Mask language modeling
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