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ImageNet: HMBEITEHIRIZRE T IRV LN 5w REE I

https://image—net. org/
|ILSVRC Chal lenge

https://image—net. org/chal lenges/LSVRC/
MIMIC: EFIREZIRSHIEE
https://physionet. org/content/mimic—cxr—jpeg/2.0.0/

HUST-19: iR CTEAG I KRIE EEHIBE
http://ictcf. biocuckoo. cn/HUST-19. php

It


https://image-net.org/challenges/LSVRC/
https://image-net.org/challenges/LSVRC/
https://physionet.org/content/mimic-cxr-jpg/2.0.0/
http://ictcf.biocuckoo.cn/HUST-19.php
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bicubic SRResNet SRGAN
(21.59dB/0.6423) (23.53dB/0. 7832) ~ (21.15dB/0.6868)
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Findings
There is no focal consohdat:on pleural eff-

opac:t:es that most hkely represent nipple

. shadows. The cardiomediastinal silhouette
. is normal. Clips project over the left lung,
. potentially within the breast. The imaged

. upper abdomen is unremarkable.

. Impression

- No acute cardiopulmonary process.
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(Machine Learning/Deep Learning)
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lan Goodfellow CREZF]) ARHIE LR

LR ZRIR

HBEAXF T BV M iR FEcs231n
http://cs231n. stanford. edu/schedule. htm|

R B ENEE SRIE
https://aistudio. baidu. com/aistudio/lhycourse

RE S SOV TR SEEL
https://aistudio. baidu. com/aistudio/course/introduce/789



http://cs231n.stanford.edu/schedule.html
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0.2 0.4 0.6 0.8 1.0

Bz 4 *ﬂ%ﬁ—'ﬁ _.l’l‘ﬁ*ﬂ

( SVM, RF, ANN, CNN)
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E & RirE (Image-level annotations)

HAERRE

B EZLERE (Pixel-level annotations)
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little &
unlabeled

Large amount of Little but
unlabeled data labeled

This picture is from:
https://speech.ee.ntu.edu.tw/~hylee/ml/ml2021-course-data/da_v6.pdf
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little & Large amount of Little but
unlabeled unlabeled data labeled

This picture is from:
https://speech.ee.ntu.edu.tw/~hylee/ml/ml2021-course-data/da_v6.pdf



;&N (Domain Adaptation)
5
o

99.5%

The results are from: http://proceedings.mlr.press/v37/ganin15.pdf
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FTHHE vs. FREFHE

ﬁ%uhﬁ%E%

Input [— \-'ﬁ —>  Features Output
Feature Engineering Classifier with
(Manual Extraction+Selection) Shallow Structure
AEF MR IEFESR:
Input [—> > Output

Feature Learning + Classifier
(End-to-End Learning)
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Analyzing




RBUZ Y RE
RAINEGSEINSFRRERERMNYE LOFUNFF (MEERISK) , BEMEZILEN.
EGZHHIRE) = noise (/) +bias (f§Z£) + variance (J5£)

ZliE 7 5] (8) 2 E T A ZE BRI B
A SR N REREE X RER M
LN Sample 2 Y Sample 2
. . ) ' f._-._’_f_,
e EEREETEHR, SHED, e REREITER, SHEX,
TERSUESHEEHEERE T EIEBE

(BRE: REZENGHRBERETRAN (BHE: RERERNNEGEE, NEHRIWRA)



Underfitting Overfitting
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T Test error
Training error
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High Bias : Low Bias
Low Variance CompIeXIty High Variance



Few training examples

Error

Many training examples

High Bias COmpleXIty Low Bias

Low Variance High Variance
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(Deep Network in Computer Vision)



A ERARE - OVPR 2019

| —

Deng, CVPR, 2009]


https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=5206848

ImageNet 4 25Top—5%E 1= 2K

28.2

[152 Iayers}

\ 16.4

19 Iayers 11.7

[ 22 layers ] [
\
\
3.57 8 Iayers 8 Iayers m

ILSVRC'15 ILSVRC'l4 ILSVRC'l4 12 ILSVRC'12 , ,
ResNet . GoogleNet  vGG  TESVRCT3 r et ILSVRCTL ILSVRC'10

From year 2010 to 2015
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3 Feature 3 Feature 5 Feature 5 Feature

Input Image Maps Maps Maps Maps Output Layer
. S || O ==
I R i , ﬁ\ O
A ® 5
[T } O
+ F- - B =l O
______ Q... ="
Convolution 4>| | Pooling \ LConvolution ‘ Pooling JL Fully Connected
« Layer Layer Layer > Layer Network
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3 Feature 5 Feature 5 Feature Output Laver
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[Krizhevsky, Communications of the ACM, 2017]
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https://dl.acm.org/doi/pdf/10.1145/3065386

GeForce GTX 690 - year 2012

[
%
. ¥
=
e
.
f

|

|

[

l.
|
L
'II

28 MDA,

This picture is from:
https://baijiahao.baidu.com/s?id=1757972284429992661&wfr=spider&for=pc
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https://dl.acm.org/doi/pdf/10.1145/3065386

ZHERMEZML-VEG

224 x224x3 224 x224x64

TXTx512
1x1x4096 1x1x1000

@ convolution+RelLU

() max pooling
fully nected+RelU

softmax

[Simonyan, ICLR, 2015]

20145 ImageNetZE3% (Localization Task8E—4%4 & Classification Task 38 -7 )
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https://arxiv.org/pdf/1409.1556.pdf

22 BLCNNFS #Y-ResNet

20r

20-

<

o~ ~

:, 39\ 56-layer
O e

i i

Sl S 1l 20-layer
gﬂ (P
!E “E_na
. — o]

fand N

-

= 20-layer

0 0

0 i 2 3 y 5 6 0 i 2 3 §
iter. (1e4) iter. (1e4)
Training / Test error on CIFAR-10 with 20-layer and 56-layer “plain” networks

This picture is from:

https://openaccess.thecvf.com/content_cvpr_2016/papers/He Deep Residual_Lear
ning_ CVPR_2016_paper.pdf
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https://openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf

X
weight layer
]—"(x) l relu «
weight layer identity
F(x) +x
_ ResNet-18 M AN,
BREFIIHEIT 2 — ResNet-34 . | | 34-layer
0 10 20 30 40 50
A LA BRE iR iter. (led)

¥ B E K o) R Validation error of ResNet-18 and ResNet-34



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 &%



4% BACNNf= #!-ResNet

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays
with Deep Learning

Pranav Rajpurkar“!' Jeremy Irvin®' Kaylie Zhu! Brandon Yang' Hershel Mehta '
Tony Duan! Daisy Ding' Aarti Bagul! Robyn L. Ball? Curtis Langlotz® Katie Shpanskaya *
Matthew P. Lungren® Andrew Y. Ng'

vﬂ Output
\ Pneumonia Positive (85%)

CheXNet

=)

Input
Chest X-Ray Image

B & 12 i B2 A [Rajpurkar, arXiv, 2017]


https://iopscience.iop.org/article/10.1088/1742-6596/1651/1/012143/pdf

42 HLCNNFZE&#U-DenseNet

o FHEEMA (ML)
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

42 BLCNNFZ&!-DenseNet

Cancer image classification based on DenseNet model

Ziliang Zhong!, Muhang Zheng', Huafeng Mai?, Jianan Zhao® and Xinyi Liu*

[Zhong, ICAITA, 2020]
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https://iopscience.iop.org/article/10.1088/1742-6596/1651/1/012143/pdf

) — Fully Convolutional Networks

“tabby cat”

ko
15907 50\ | -1t ’l

\

convolutionalization

¢ tabby cat heatmap

0 00 00
7 ok o6 b0 pO%10
Ve

25°

©

o £EFNML - AIENEERTHA [Long, CVPR, 2015]
o LXR¥--HEXEZRT, MHBHALER
o ZRERBZEZENXER


https://openaccess.thecvf.com/content_cvpr_2015/papers/Long_Fully_Convolutional_Networks_2015_CVPR_paper.pdf

4% HLONNAE BY-UNet 43 I 2%

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

Concatenation

UNet: TREMLEREIEEK, HITHEMERHITHE



https://arxiv.org/pdf/1505.04597.pdf

22 BLONNAZBY-UNet 53 B 4%

17
[ ]
| - 40 ® ;O
: Inter-slice sequence : Z((h, w), 0) Z((h, w), 1)7 = Z((h, w),N 4)
|
. l l
#---« Intra-slice sequence : Z(((i» 1),n)’ Z&i 2),n) Z(({;"L»WLL n)

| ::/ A X |
B
oo = L 4{ .'I HTransformer H*--*H Transformer]—'
i | : ! WL

| |
==

EXEE - SBEHE [Yan, WACV, 2022]


https://openaccess.thecvf.com/content/WACV2022/papers/Yan_AFTer-UNet_Axial_Fusion_Transformer_UNet_for_Medical_Image_Segmentation_WACV_2022_paper.pdf

& 2 Y CNNPY 43 HR 2
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(FC, Sigmoid)
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xwxc —
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H W —_— .
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)-MALUNet

Image

[Ruan, BIBM, 2022]
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https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9995040
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StyleGAN2 ¢
Y M X\ =
https://nvlabs.github.io/stylegan3/




X

N

Simple Network K
Distribution

/ — Generator

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

Ps

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
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TRAINING STAGE

G Generative Adversarial Network
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I

I
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"D |
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I

I

I

1

1

1

Real Pairs

TRAINED SYSTEM

ﬁ wl

ETGANHITHMIER K ER & K
LA PR I B P 28 / #3  AR AR EE &l 1% == Paired images

[Costa, TMI, 2017]


https://eprints.bournemouth.ac.uk/34883/1/tmi_2017.pdf

Synthetic

Real

l

ETREMASRIENEIGRESESE

Diotoal™H*Dstyle 70 *Deontent

[Xiang, ACM TOM, 2023]


https://dl.acm.org/doi/pdf/10.1145/3588441

X475 R 4%

Style-transferred
image g(t)

Style image y

o ETFAdINEERZIT ISR Ls

[Xu, Biomedical Signal Processing and Control, 2021]


https://arxiv.org/ftp/arxiv/papers/2201/2201.10079.pdf

X R 4R

= Pretrained Fj

o Ine-tune

o7 Images & Lables : IBN-Net vt
e e e e e e e e e e e e e e ——— - Images & Lables
'% y oA Translated

g Synthetic* Synthetic

s Images

Domain Adaptation

ET GANSCIR B & Susgh i3 & M (£ 55
[Xiang, ICME, 2020]


https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9102822

SEEDWEI-Transformer

This picture is from:
https://www.xiaohongshu.com/explore/62dfc3ae000000001b022ab4



SEENHLEI-Transformer

Output
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| Softmax |
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| Add & Norm J<=~
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| Add & Norm =
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7 7 7 N
F

| Add & Norm =
~—| Add & Norm ] M oeked

Multi-Head Multi-Head
Attention Attention
A J ) A___ ] 2}

— J v,

Positional 4 Positional
Encoding %@ Encoding
gﬁ Eﬁ-ﬁ@%ﬁm?#\] Input Output

Embedding Embedding

1 1 [Vaswani, NIPS, 20171

Inputs Outputs
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

SEENHLEI-Transformer
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Self attention: ;3 FEANFIIER ENTEZEEXEITE

This picture is from:
https://blog.csdn.net/jyjy0608/article/details/124216732
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stage stageNS

= = f*—»
fusion
conv ConvZz x Conv3d x Conv4 x Convb X

ETEE NS REFHERE

[Xiang, MTA, 2020]


https://link.springer.com/content/pdf/10.1007/s11042-020-09569-z.pdf

Vision Transformer

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

é‘— |

Norm
Transformer Encoder

1
I
I
I
“es I
, I
I
I
, @F
e I f )
i - ) e @5 e
o ,
!
I
1

* Extra learnable l | '

[class] embedding Lmear PrOJectlon of F]attened Patches
Norm

——

Embedded
Patches

Jl

R o8- AR K — G2 [Dosovitskiy, ICLR, 2021]


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

A male pedestrian in brown
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Activation maps created by Layer-CAM with a pretrained ResNet-18
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