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A dog is standing on a hardwood floor. A stop sign is on a road with a
mountain in the background.

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015
Figure copyright Kelvin Xu, Jimmy Lei Ba, Jamie Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhutdinov, Richard S. Zemel, and Yoshua Benchio, 2015. Reproduced with permission.
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Transformer



Self-Attention

AN AW ?\ > Output: };;a; h

Attention: softmax over e;

R IR

Alignment Score:  e; = h's,
X355

When do we

Diagram is remake of one from J. Johnson



Self-Attention

5 B3 = I STV
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When do we <START>

Diagram is remake of one from J. Johnson




JCNNRJSelf-Attention

PN

CNN

feature: C
XHxXW

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018



JCNNRJSelf-Attention

Queries:
CxHxW

PN 1x1 Conv >

Keys:
CNN CxHxW

1x1 Conv

feature: C
XHxXxW

Values:
C’XHxW

it Equery, key,

-
value I 4 11E 1x1 Conv

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018




18 FH CNNRJSelf-Attention

Queries:
CxHxW

PN

CNN

1x1 Conv

Keys:
CxHxW

feature: C
XHxXxW

FH QueryFlikey 1t H.attention

1x1 Conv

Values:
C’XHxW

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

1x1 Conv

Attention Weights
Transpose (Hx W) x (H x W)

C softmax




JCNNRJSelf-Attention

Queries:
CxHxW

PN

CNN

1x1 Conv

Keys:
CxHxW

feature: C
XHxXxW

Cat image is free to use under the Pixabay License

1x1 Conv

Values:
C’XHxW

Attention Weights
Transpose (Hx W) x (H x W)

C softmax

C’XHxW

fEattention™. H #lvalue L

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

1x1 Conv



https://pixabay.com/photos/cat-young-animal-curious-wildcat-2083492/
https://pixabay.com/service/license/

PN

CNN

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

feature: C
XHxXxW

CNNRJSelf-Attention

Queries:
CxHxW

1x1 Conv

Keys:
CxHxW

1x1 Conv

Values:
C’XHxW

Attention Weights
Transpose (HXW) x (Hx W)

C softmax
CxHxW

C’XHxW

1x1 Conv

."®—. 1x1 Conv




PN

CNN

LA T 2N 2]
JFURFIE

Zhang et al, “Self-Attention Generative Adversarial Networks”, ICML 2018

JCNNRJSelf-Attention

feature: C
XHXW

Quieries:
CxHxW

1x1 Conv

Keys:
CxHxW

1x1 Conv

Values:
C’XHxW

1x1 Conv

Residual Connection

Attention Weights
Transpose (HXx W) x (Hx W)

CI softmax
I CxHxW

C’XHxW

Y

-"®—> 1x1 Conv

Self-Attention Module




Transformers

> Old Output: X ; a; h;
AWAWAN New Output: ¥; a; (Vh,)

SR A < HIT F) A AT
Attention: softmax over e;

New: i@ h! Ks, 153 e
B A\ 7] s AN AL 2
New: %f T F-4i |7 &,

When do we

Diagram is remake of one from J. Johnson
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RNNSs vs Transformer

Qutput
Probabilities
¢ RNNS Linear
‘ : 0 rAdd&Norm )
o (+) FEEK B AI BRI
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« Transformer: i ﬁﬁ o
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7H{t4 Transformer TENMBZBEER, SHEZ?

%ODRE: CNN FERIEBBEEPIFE; Transformer EEEESHETEPAFHZ LIRS MLP/ MoE 5EXEMHEXEES.

1. CNN: E{&#fixE R

ELER (EESRN, EXERR)

o FHEREZ, RRBIBEANRRE
o FERBNG, L. BPRN
o BRFEBERREERHESY K

o BEHRENEZH “MRMSE" KRB
o FAILENAE: BE, BALIRAE

(IR DR)
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CNN:
FRERR
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RE
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2. Transformer: BEEXHEERTXREER

ABRNE Token/Patch Transformer Block (xL)

Embedding
i l — Multi-head Self-Attention 1\
T o
=1 IR
BE |
W
“ MLP / MoE
MLP MoE (85¢k)
1 -
L —@" ——

e EIEAOERHE token EMAXMAS

e Multi-head EFRELXFREXRER

e B XM hidden width IREEFRNFZiE)
® MLP/MoE i#—# RS iEHS

o FMERRS: BRE. BX

}

WHET

MLP %R
4x expansion

MoE =
BEHOIER

e REMA, BESAESIENEASHANS. |
_

Transformer:
SREAS
E2:3 37

=

HEFF (RE)

3. At 2 BEFE—HKER?

t
+ | BlockL HH/BF
R A
|| BlockL-1
E[3 . .
“ : R
& | Block2
S
, | Blocki BIERE
f
§BA Token
o FENNITH. BESAERFER
o BREELAFRERAEND
o BENRAVAFF BT IR
o WRIZITEHRML, WKBFHthEE
o FRUEFTER: XBX%, BEARK
@ RAERRASRHOR, EEEEREATE. ]

N ot

ResNet-50 ViT-L/16
Conv Self-Attention
50 B 24 Blocks
P& R E Hidden size 1024
7t 16 heads, MLP 4096
23 25M | £9 307M
BiR. BFE | BE. . BEE&EX )

£it: CNN FESFEZRASHEIISE; Transformer TEFHERHEZ L TE . MLP/ MoE 55 HXREE,

BEltEEZER “E%. SHES" NEIEA.




Large-scale Language Models Xig& S A

o FERRRIIRE FIZRH1E = AR
 GPT: Generative Pretrained Transformers
e GPT-3:

« 410 billion tokens [l - E 4

« 17 billion 1 &%=

* “On the Dangers of Stochastic Parrots: Can Language Models Be Too Big?
&. ” Bender et al. https://dl.acm.org/doi/pdf/10.1145/3442188.3445922




Transformers

Alignment score A PA4AHL
Moken ) Hr B 2

Alignment Score:  e; = h!s,

Solution: 847 & 15 S I 21t
Halignment score )i F&

When do we

Diagram is remake of one from J. Johnson



Positional Encodings /7. B 4# Y

7 B 4mfiS (Positional Encoding) , H HW2mARMEFIH SN TR ML BENE S . f(p, 20)H
f(p, 2i + 1) HIE X TENM L EpHIgwmiG, HaiRg4iE RS, MmdemidngE s, o1
4 (fEA20D , L EpMIZwid it b5z Bk &R, o FAREgERE (EH2i+1) , fH
RIZREL.

o)
100002i/d

40 &0 80

o 20 100 120
Diagram: Amirhoseein Kazemjejad, https://kazemnejad.com/blog/transformer_architecture positional_encoding/



Positional Encodings 5§ E1%

TS (X,Y) 2 (r,g,b) RS

Learned on (X,y)  wi/positional
encodings)

27.5 4
25.0 1

£ 22,54

PS

# 20.0 4

17.5 1

-~ No mapping
—— (Gaussian Fourier features

0 1000 2000 3000 4000 5000
Training iteration

Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional Domains, Tancik et al. NeurIPS 2020. See also Implicit
Neural Representations with Periodic Activation Functions, Sitzmann et al. NeurIPS 2020.
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Vision Transformers

P15y % AR /N fitoken,  Fai A transformer

Transformer

inl

|

@

VT

I

+

]

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ArXiv 2020 Colab

link to an implementation of vision transformers

|

+

|

+

ud

e i

|

I

~

1+

|



https://colab.research.google.com/github/google-research/vision_transformer/blob/master/vit_jax.ipynb

Vision Transformer (ViT)

0 A 8BS ek Jyimage tokens

Transformer Encoder

[ A >
| 3 <:>

Vision Transformer (ViT)

MLP \
Head

Transformer Encoder

i
]
]
|
wes I
:
]
i
, D—
ogs I 1 i
e 06D 6) 6 @5 s
R |
]
< |
|
|
1

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

T T 11 I
» : ’ j f ! ' ’ 1““""
- B i T

Norm

lk

Embedded
Patches

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. Dosovitskiy et al. ICLR 2021.



VITs vs. ResNets

Average-5 90 ImageNet
@
= @ g '
e [
: 951 *s ¢ . 85 ~o
:E + L X [
—)
o
3 °
—
&
z 80
i:_l‘-' ] ® Transformer (ViT) ® Transformer (ViT)
2 ResNet (BiT) ResNet (BiT)
4+ Hybnd 4 Hybrid
- ' . 75 4 y v
10° 10* 10° 10° 10} 104

Total pre-training compute [exaFLOPs|

Figure 5: 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.

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ArXiv 2020 Colab

link to an implementation of vision transformers



https://colab.research.google.com/github/google-research/vision_transformer/blob/master/vit_jax.ipynb

Vision Transformers (VIT)

’ Stage | Stage 2 v Stage 3 R

— ' —_— ': — | B RS [
"" —_— — ' ' 1

,/ o | P il T

HxWx3 | 2]} |3 ‘e |:8 ol Pl '

r' E= V| 2 Swin ' ? : e % 5

— —— —p =4 Images [ & > E Iransformer [P = I'ransformer -9 = Transformer v Transformer
' = ) (]
L R £l | & Block |11 £ Block |[+4 |5 Block |} ) Block

s E|: |2 |2 H t

. ' [

) v = ': " '

H ’/ e e .\\ %2 ’l' e x2 _:' '\~ 6 ,’ )

Input sulc; sulcw walc_\ - . . . . - .
A ) Liu et al, “Swin Transformer: Hierarchical Vision

Fan et al, “Multiscale Vision Transformers”, ICCV 2021 Transformer using Shifted Windows”, CVPR 2021

transformer
encoder-
decoder

set of image features set of box predictions bipartite matching loss

Carion et al, “End-to-End object detection with Transformers”, ECCV 2020



ImageNet-1K Acc.

ConvNeXt |

Swin Transformer

(2021)

90
88
86
84 : o
DeiT -
ResNet “@
(2015) 2020) :
Y @
80
O
78

A ConvNet for the 2020s. Liu et al. CVPR 2022

ImageNet-1K Trained

!
| ‘ ‘

CNNZ& PR !

ConvNeXt

Swin Transformer
ViT (2021)
(2020)

Diameter
| ! 1
4 8 16 256 GFLOPs

ImageNet-22K Pre-trained



Swin Transformers 3 B BEAEAS [R) RO N 8 iftransformer

segmentation -
classification  detection ... classification

Lo i s ey 4% |
Wz o
VoA

(a) Swin Transformer (ours)




Swin Transformers

C H 74 2 H w
X— X — X — X —
4 4 8 8
" Stagel " . "~ Stage2
] 1
i el N ! s B
v | = I
3XHXW | & |= |
p=N BT . (LI v .
El | & Swin | B Swin
Images [ £ —:—) 5 —> Transformer-:—:') = Transformer|
Sl | = Block [ |5 Block
AR g (LI =
Al = A
12 A Py N J
X2 ¥ ‘\ X2
Divide image into 4x4 Merge 2x2
patches and project neighborhoods;

to C dimensions

now patches are
(effectively) 8x8

Swin
Transformer
Block

Merge 2x2

neighborhoods;
now patches are

(effectively) 16x16

- e . e .

Swin
Transformer
Block

Merge 2x2

neighborhoods;
now patches are

(effectively) 32x32




Swin Transformers Shift windowiB (3 JE 1 7 [ 52 & IS

Layer | Layer I+1
1 T
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perform self-attention
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MBI R: XTEE

Running video is in the public domain

Dog
Cat
Fish
Truck

Swimming
Running
Jumping
Eating
Standing



] B AR K T
o ANEEFD R 2946 30MmT (~30fps)

Size of uncompressed video (3
bytes per pixel):

SD (640 x 480): ~1.5 GB per minute
HD (1920 x 1080): ~10 GB per minute

Input video:
TX3XHXW



o) & BN KT

o ANEEFD R 2946 30MmT (~30fps)

Input video:
TX3XHXW

Size of uncompressed video (3
bytes per pixel):

SD (640 x 480): ~1.5 GB per minute
HD (1920 x 1080): ~10 GB per minute

RO TT SR R AR PR
low fps and low spatial resolution
e.g. T=16, H=W=112

(3.2 seconds at 5 fps, 588 KB)



FEAAR_EIIZRCNN

FALBH: 1R, REHIFPS




AR _EYIIZRCNN

Jﬁwﬂ‘ﬁ B, BEKIFPS
Wgk: FAM. KPS
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AR _E Y ZRCNN
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AR ERMICNN
o« FHVE: 252D CNN, 2R 5 B8

“Running” “Running”  “Running” “Running” “Running” “Running”

S U S A S A

/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\

{220 2= {42 2= Iy g I l hiesd i od
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P 432R: Late Fusion (with FC layers)

F15 4 C
A ega i (g
Flatten

Frame feature T P - — = —
XDxH XxXW’ r r r r r

ch:er?u /CNN\/CNN\/CNN\/CNN\/CNN\/
EO S < SR <

Input: 7
TX3XHXW [




432K Late Fusion (with pooling)
« JRBURFE, fF A pooling®A KRB C

_ Linear
Clip feature: D P

Erame feature T _Average Pool over space and time

XDXH XxW’ ? r r r r

ocns ot [on) [ [ [om) for)

frame P * P P P P P

Input: il
TX3XHXW &




MR 3D CNN

B3R ARIBIR
pooling Z R AL ZEAR A KA C
e

Each layer in the network is a
4D tensor: DXTxHXxXW Use
3D conv and 3D pooling
operations

nput: TS SNSE S
3IXTXxHxW |58 G

Ji et al, “3D Convolution Neural Networks for Human Action Recognition”, TPAMI 2010 ; Karpathy et al, “Large-scale #4542 with %1 Neural Networks”, CVPR 2014



2DEH

activation map

_— 32x32x3 image

5x5x3 filter /
=
@>@ ’

convolve (slide) over all

spatial locations
32 28




3D B

/

Input:
CXTXHXW

6X6X6 conv

5x5x5 conv

4x4x4 conv

FC
Layer




3D B : rEmMES

(%,

SIEWN

Input: C. XTXHXW
(3D grid with C, -dim
feat at each point)

H =224

W =224

T

Weight:

C
Sl

out

XC. XTx3x3
ide over xand y

T H =224

16

Cout different filters

Output:

C i XHXW

2D grid with C_ ,
feat at each point

—dim

W =224



3D &

ff 1] _E A AR

Input: C. XTXHXW

(3D grid with C, -dim
feat at each point)

H =224

W =224

16

Weight:
C xCinx3x3x3

out
Slide over x and y

T / H =224
ast !

Cout different filters

Output:

C i XTXHXW

3D grid with C_ —dim
feat at each point

W =224




3D & IR A P T AR L

Input: C, XTXHXW
(3D grid with C, -dim
feat at each point)

H =224

W =224

16

Weight:
C,iXCi  X3x3x3
Slide over x and y

t /
Dy

C_ different filters

out

First-layer filters have shape 3
(RGB) x 4 (frames) x 5 x 5
(space)

Can visualize as video clips!




Sports-1M

track cycling

half marathon
road bicycle racing unning
marathon marathon
ultramarathon inline speed skating

1 million YouTube videos

heptathlon
decathlon
hurdles
pentathlon
sprint (running)

annotated with labels for 487

different types of sports

Karpathy et al, “Large-scale #4543 with %% Neural Networks”, CVPR 2014

' LERACE T o
longboarding
aggressive inline skating

biﬁe;onng

hamness racing frecstyle scootering
skijoring frecboard (skateboard)
carting sandboarding

Ground Truth
Correct prediction
Incorrect prediction



3D CNN
Sports-1M Top-5 Accuracy

84
82

80

78 -
T EE B
74 ' |
72 %
Single Early Late 3D
Frame Fusion Fusion CNN

Ki et al, “Large-scale #4514 with %1 Neural Networks”, CVPR 2014
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Image at frame t

Image at frame t+1



Image at frame t

ik LR L LG
s
W R e
VR 7t A ]
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g 7 - ~
PP IIAIA S
) PSS ..
s s AT e
T e
‘ 2 =
B o S R
s e T e
) AT T,
e T

T —miizAR E= o H AR
H. F(x,y) = (dx, dy)
It+1(X+Xm y+dy) = It(X1 Y)

Image at frame t+1



Image at frame t Horizontal flow dx

“

B F(x,y) = (dx, dy)
|1 (x+dX, y+dy) = 1(X, )

Image at frame t+1 Vertical Flow dy



Two-Stream M %&: 43

Input: Single Image

input
video

“AEE

Lz B ShR

class
score

3XHXxW
Spatial stream ConvNet
conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax
TXTx96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512|| 4096 2048
stride 2 || stride 2 || siride 1 || stnde 1 || stnde 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2
Temporal stream ConvNet
- conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax
7x7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
. norm. || pool 2x2 pool 2x2
multi-frame pool 2x2

optical flow

Input: Stack of optical flow:
[2*(T-1)] X H x W

Early fusion: First 2D conv

processes all flow images

Simonyan and Zisserman, “Two-stream &£ networks for action recognition in videos”, NeurIPS 2014

fusion



Two-Stream P %&: 43 JF4bE

BB AR

Accuracy on UCF-101

G1U10)0)~I~00 00O WO

3D CNN  Spatialonly Temporal Two-stream Two-stream
only (fuse by (fuse by
average) SVM)

Simonyan and Zisserman, “Two-stream =& £! networks for action recognition in videos”, NeurIPS 2014
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Extract 4
feature
with CNN
(2D or 3D)

%A

3
=2

CNN

CNN

CNN

CNN

CNN

Time



SR E Iz ) BT

Extract 4
feature
with CNN
(2D or 3D)

3
=2

g‘




HRENC I B BT

Extract 4
feature
with CNN
(2D or 3D)

¥

%
=2




& UK Iz K B 4R AIE

A A A ! A
—_— _ —_— —_—
+— R — N — <+ I
Extract 4
feature
with CNN CNN CNN CNN CNN CNN
(2D or 3D)
Time

Baccouche et al, "Sequential Deep Learning for Human Action Recognition”, 2011
Donahue et al, “Long-term recurrent convolution networks for visual recognition and description”, CVPR 2015



RNN

Layer 3 —> —> —>

Layer 2 —> —> —>




Il: Recurrent Network
R N N Reca cn !
hi|= fl’t”i(}ht—lp!{tb

new state old state

some function
with parameters W

Feature from layerL,
timestep t-1 Y

RNN-like

el
recurrence

Feature for layer L,
timestep t

Feature from layerL-
1, timestep t



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

Queries:
CXTxXxXHxW

>

1x1x1 Conv

Keys:
3D CXTxHxW

-
CNN A 1x1x1 Conv

CXTxHxW

Values:
CXTXHxW
-

1x1x1 Conv

Nonlocal Block

Wang et al, “Non-local neural networks”, CVPR 2018



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

3D
CNN

FFAIE:
CXTxHxW

Queries:
CXTxXxHxW

1x1x1 Conv

Keys:
CxXxTxXxXHxW

1x1x1 Conv >

Values:
CXTxHxW

1x1x1 Conv

Nonlocal Block

Wang et al, “Non-local neural networks”, CVPR 2018

Transpose

Attention Weights
(THW) x (THW)

.
—>

B



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

3D
CNN

FFAIE:
CXTxHxW

Queries:
CXTxXxHxW

1x1x1 Conv

Keys:
CxXxTxXxXHxW

1x1x1 Conv >

Values:
CXTxHxW

1x1x1 Conv

Nonlocal Block

Wang et al, “Non-local neural networks”, CVPR 2018

Transpose

Attention Weights
(THW) x (THW)

.
—>

B

CXxXTxHxW

Y

h@—b



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

Queries:
CXTxXxHxW

1x1x1 Conv

Keys:
3D ——1 CXTXHXW

CXTxHxW

Values:
CXTxHxW

1x1x1 Conv

Nonlocal Block

Wang et al, “Non-local neural networks”, CVPR 2018

CNN AT XixiConv ™

Transpose

Attention Weights
(THW) x (THW)

CI softmax
CxXTxHxW

B

CXxXTxHxW

Y

-"®—> 1x1x1 Conv



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

3D
CNN

Queries:
CXTxXxHxW

1x1x1 Conv

Keys:
1 CXTXHXW

, 1x1x1 Conv
HRFAIE:
CXTxHxW
Values:
CXTxHxW
1x1x1 Conv

Nonlocal Block

Wang et al, “Non-local neural networks”, CVPR 2018

Transpose

Attention Weights
(THW) x (THW)

.
—>

B

Y

h@—b

Residual Connection

CxXTxHxW

) 4

—F@—D

CxXTxHxW

1x1x1 Conv



Spatio-Temporal Self-Attention (Nonlocal Block)

Input clip

N

3D CNN

i

Wang et al, “Non-local neural networks”, CVPR 2018
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3D CNN
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Vision Transformers for Video

Class f
{ ]
Transformer |Encoder | A& N°"“
Position + Token t riwx o
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Vision Transformers for Video
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