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(Deep Network in Computer Vision)
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ResNet . GoogleNet  vGG  TESVRCT3 r et ILSVRCTL ILSVRC'10
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TXTx512
1x1x4096 1x1x1000

@ convolution+RelLU

() max pooling
fully nected+RelU

softmax

[Simonyan, ICLR, 2015]
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https://arxiv.org/pdf/1409.1556.pdf
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https://openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf
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_ ResNet-18 M AN,
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4% BACNNf= #!-ResNet

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
33 max pool, stride 2
1x1,64 | [ 1x1,64 ] 1x1,64 |
2 56%56 ’ ’ ’
conve-x X [ iii’gi ]><2 [ gig*gj } %3 3Ix3. 64 | x3 3x3.64 | x3 3x3. 64 | x3
’ ’ | 1x1,256 | 1x1,256 | 1x1,256 |
- - - - [ 1x1,128 ] [ 1x1, 128 ] [ 1x1,128
conv3.x | 28x28 gxg gg %2 gxi gg x4 | | 3x3,128 | x4 3x3, 128 | x4 3%x3, 128 | x8
St N e | 1x1,512 | 1x1,512 | 1x1,512 |
- - - - [ 1x1,256 | 1x1,256 | 1x1,256 |
convdx | 14x14 gzg ;gg 2 gi; ggg «6 |1 3x3.256 Ix6 || 3x3.256 |x23 || 3x3.256 |x36
L ’ | L ’ | | 1x1,1024 | 1x1,1024 | I1x1,1024 |
- - - - [ 1x1,512 1x1,512 1x1,512
convS.x | 77 gxggig 2 ixigg «3 11 3x3.512 |x3| | 3x3.512 |x3 3%3.512 | x3
L 2% | L 2% | | 1x1,2048 | 1x1,2048 1x1,2048
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10? 7.6x10° 11.3x10°

ResNet 2%
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o FHEER (MgELHF)
o BYL

o IHHE/

o AFHEKLRH

Dense Block

1x1 conv + 3x3 conv

oyl

Ao

Input . L - L
Prediction
g Dense Block 1 g 5 Dense Block 2 g - Dense Block 3 i
{5 [ —p.%—p-g.—p —l-g_—-a_—r- —I'-&—I'-g—l" ‘horse”
= 3 & = E s Srr & 5
g %é_; g %—g,g g e

Figure 2. A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

feature map sizes via convolution and pooling.

DenseNet [Huang, CVPR, 2017]


https://openaccess.thecvf.com/content_cvpr_2017/papers/Huang_Densely_Connected_Convolutional_CVPR_2017_paper.pdf

) — Fully Convolutional Networks
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o EHEHMLE -- MENEBRRTHA [Long, CVPR, 2015]
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https://openaccess.thecvf.com/content_cvpr_2015/papers/Long_Fully_Convolutional_Networks_2015_CVPR_paper.pdf
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16+32 16 6

» » »
B 16 32 32+64 32 y
» » » »
. 64 64+128 64 L
» 3DConv+ReLu+BN
» » » »
. 3DConv
g L 3 ¥ 3DMaxpooling
128
[Ronneberger, MICCAI, 2015] 3 3 & Up-sampling
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https://arxiv.org/pdf/1505.04597.pdf
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Photo by Sharon VanderKaay (CC BY 2.0)

[Howard, arXiv, 2017]



https://arxiv.org/pdf/1704.04861.pdf
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Distribution

/ — Generator

£ . .
We know its formulation,
so we can sample from it.

Ps

Network e

Complex
Distribution

G* = arg mGin DiU(PG; Pdata)

) S A 28 R BY-Generative Adversarial Network

as close as possible

[Goodfellow, NIPS, 2014]



https://arxiv.org/pdf/1406.2661v1.pdf

Tt iR 4 —Cyc | eGAN

Domain B

Domain 4

G %Y A G
N - N [Zhu, ICCV, 2017]
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X Y X Y cycle-consistency
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https://arxiv.org/pdf/1703.10593.pdf

XTI A 4E—Cyc | eGAN

Domain B

Domain 4

[Zhu, ICCV, 2017]
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https://arxiv.org/pdf/1703.10593.pdf

(a) Cross-domain models

AT SHEGERES

XA 48 —-Star GAN

(b) StarGAN

Input Blond hair Gender Aged Pale skin

Input Angry Happy Fearful

[Choi, CVPR, 2018]


https://arxiv.org/abs/1711.09020
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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https://link.springer.com/content/pdf/10.1007/s11042-020-09569-z.pdf
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https://arxiv.org/pdf/2010.11929.pdf

Vision & Text with Transformer

Image Translation

Text Translation S
— o[ Triplet Loss = Pre-training ~
/- Image Vector

TextTVamur Global feature f (2} = Fine-tuning '

[ Linear Projection J

[ Linear Projection ]

< Token Flattened Patch
Transformer Encoder
Image Encoder

SE addqdd e
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brown shoes on sunny urban Text Translation ]—m
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%

Image Translation
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Image Translation
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[Xiang, arXiv, 2022]
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https://arxiv.org/pdf/2010.11929.pdf
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[Zhou, CVPR, 2016]


https://arxiv.org/pdf/1512.04150.pdf

Activation maps created by Layer-CAM with a pretrained ResNet-18



https://frgfm.github.io/torch-cam/latest/methods.html#torchcam.methods.LayerCAM
https://pytorch.org/vision/stable/models.html#torchvision.models.resnet18
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[Mohammed, IJCNN, 2020]
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