


Review: LeNet-5

[LeCun et al.; 1998]
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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Input data Convl Conv2 Conv3 Conv4 Convs FC6 FC7 FC8
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2127 %256

55X 55 X 96

1000

227% 227 X 3 090 #05e



.

»
’

.)

\

WE NEED TO GO
" DEEPER " '




9601 94

» N\
9601 24 ]
* N\
9601 24 £:9Z1§
J
N\:Moa
PARS] ‘AUOD EXE |
» N\
ZLS ‘AUOD gXg
» N\
Z2LS ‘AU0D g£Xg pL:9z18
N\Nwo&
|
PARS ‘AUOD EXE
» N\
ZLG ‘AUOD gXg
» N\
ZLG ‘AUO0D gXg 879218
N\:Mom
oG¢Z “AUO0D EXE w
*
oG¢ ‘AUOD EXE w
%
9GZ ‘AU0D €XE w 9G:921§
N\:Mea
82l ‘AUOD gXg
4
82l ‘AUOD gXg CLL:2z18
N\:Mca
79 “AUO0D EXE w
%
79 ‘AUOD gXg u bcgiazis




.

»
’

.)

\

WE NEED TO GO
" DEEPER " '




AveragePool
7x7+1(V)

)

DepthConcat

Conv
1x1+1(5)

Conv
3x3+1(5)

Conv
1x1+1(S)

[
5x5+1(S)

[
L1+1(S)

MaxPool
3x3+1(S)

[
1x1+1(5)

DepthConcat

Conv
1x1+1(5)

Conv
3x3+1(S)

[
5x5+1(S)

Conv
x1+1(5)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

Conv.
1x1+1(S)

MaxPool
3x3+2(5)

DepthConcat

[
1x1+1(5)

Conv
3x3+1(5)

Conv
5x5+1(5) |l 1

Conv
L1+1(S)

DepthConcat
b ——

Conv
1x1+1(S)

Conv
3x3+1(5)

Conv.
1x1+1(5)

Cony
1x1+1(s)

[
3x3+1(S)

Conv.
1x1+1(5)

Conv
Ix1+1(S)

Conv
3x3+1(5)

o ) m»\-vwl -1 = WK

1x1+1(S)

Conv
1x1+1(5)

ceph

Tw

ool (20 1%

Conv.
1x1+1(S)

Con

Conv
3x3+1(5)

Conv
1x1+1(S)

1x1+1(S)

Cow
x1+.(5)

[ MaxPool
1x1+1(S) [l 3x3+1(S)

DepthConcat

MaxPool
3x3+2(S)

DepthConcat

v

DepthConcat

[ Con

1x1+1(5)

Con

3x3+1(5)

1x1+1(S)

v

v

MaxPool
3x3+2(5)

Conv
3x3+1(S)

Conv
1x1+1(V)

MaxPool
3x3+2(5)

o

MaxPool
3x3+1(5)

5x5+3(V)

Conv
1x1+1(S)

[
5x5+1(S)

[
1x1+1(s)

Conv
5x5+1(S)

Conv
1x1+1(S)







.

»
’

.)

\

WE NEED TO GO
" DEEPER " '




0001 %} ooty |
|ood 8ae |ood 8ae
TTS ‘AUOD EXE TTS ‘AUOD EXE
| as‘Auoexe | 715 'AUOD £XE
715 ‘Ao exe | | aswooexe |
A A
| zsauoexe | | azisavooexe |

. 95T ‘AUOD EXE

ZIS ‘AU £XE

¢ 215 'Nuod exe
957 'Au03 £3¢
| 9szmmee |
9

| osz'aucoee |

[4
[4

[ oseauodexe |

7/ '9ST ‘AU £xg

[ srvoex |

_ 87T ‘AU0I £XE _

4 4
8TT ‘AUOD £XE 8T ‘AUOD EXE
|__set'ucoexe | [__ser'aucexe |
[ ser'auoexe | [__ser'aucexe |
|__serucexe | st |
[ SIMOE | | suoee |

| vonuodexe |
$9 ‘AUOD EXE

. 9 ‘AU0D £XE

9 ‘AUOD EXE

S ¢/ ‘ood

T/ "9 ‘M0d /XL

|

»
>

adewn

|enpisal JaAe-p ¢

82T 'AUOD £XE
2/ '821 ‘Au0d gxg

7/ 100d

_ T/ 99 ‘Au0d £XL _

A

adew

uie|d 12Ae|-y§

ZTS ‘AU0d £XE
TTS ‘Au0d £Xg
TTS ‘AU0D £XE

7/ "lood

TTS ‘AU0 £XE

T1S ‘Au0d xg

TTS ‘AUOD EXE

TTS ‘AU0D £XE

2/ ‘jood

95T ‘AU0 £XE

7/ ‘lood

8ZT ‘AU0D £XE

8ZT ‘AU £XE

2/ ‘lood
9 ‘AUOD EXE

adewn

6T-99A

T pzs
incgno

87 -ofs
indyfo

96 azy
inding

identity

layer
layer

F(x)

x +t F(x



.

»
’

.)

\

WE NEED TO GO
" DEEPER " '




Comparing complexity...
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Inception-v4: Resnet + Inception!
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An Analysis of Deep Neural Network Models for Practical Appllcatlons, 2017.

Figures copyrighl Afredo Canzani, Adam Peszke, Eugenio Culurciello. 2017, Reprocuced wih permssion.






Okay but the data...



Transfer Learning / finetuning
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Unsupervised / self-supervised learning case study: SimCLR

A Simple Framework for Contrasiive T2axning of Visual Representations

(f) Rotate {90°,180°,270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

Figure 4. lllustrations of the studied data augmentation operators. Each augmentation can transform data stochastically with some internal

N

parameters (e.g. rotation degree,noise evel) Note that we only test these operators mablatian, the augmentation policy used to train our
models only include and resize ), color distortion, axgl Gaussian blur.)(Original image cc-by: Von.grzanka)




Unsupervised / self-supervised learning case study: SimCLR
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What about not image
recognition?

Other Computer Vision Tasks

Semantic Classification Object Instance
Segmentation + Localization Detection egmentation
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(Sharp?) left turn:
Embeddings, Manifold Learning, and Autoencoders









Generative Modeling



Generative Adversarial Networks
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Diffusion Models
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Some other good visuals: https://www.chenyang.co/diffusion.html



https://www.chenyang.co/diffusion.html
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Stable Diffusion
(without the text-conditioning)









Vision and Language



Case study: CLIP

(1) Contrastive pre-training
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unCLIP aka DALL-E 2
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Figure 2: A high-level overview of unCLIP. Above the dotted line, we depict the CLIP training process,
through which we learn a joint representation space for text and images. Below the dotted line, we depict our
text-to-image generation process: a CLIP text embedding is first fed to an autoregressive or diffusion prior
to produce an image embedding, and then this embedding is used to condition a diffusion decoder which
produces a final image. Note that the CLIP model is frozen during training of the prior and decoder.



Stable Diffusion
(with the text-conditioning)



