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Biomedical and Data Lab @ Mahidol University , ' i ‘ -

Biomedical and Data (Bio-Dat) lab at Mahidol University runs by Titipat Achakulvisut. Our lab work in an intersection of ‘ -
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AGENDA

What we'll Learn in
these 3 weeks

Application of deep learning for
image analysis

Transfer learning for image
classification

Transfer learning for object detection

Transfer learning for semantic
segmentation

How Convolutional Neural Network
(CNN) works?

Tips and tricks: Augmentation, ...
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AN (Image)
- fe Array vesdarluring 2 ffvse 3 GIf Useneusiy AUNTe (width), Augs (height), aAdudn (depth)
- Un@luvanee libraries 9¥dm119MUU (depth, height, width)

- wazhiawsulumame Pytorch 319givuali batch size agdunthganuaien1w el (batch size, depth, height, width) 1w (32, 3, 224, 224) uladn batch size

= 32, depth = 3, height = 224, width = 224

d1 fein = 255

d@n(aiiv) A1 = 0



Image positions
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An example image with a bounding box from the COCO dataset
Reference: https://albumentations.ai/docs/getting_started/bounding_boxes_augmentation/



Application of deep learning
for image analysis



Image classification
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Object detection (ns1a3uing)

Microsoft COCO dataset Object tracking: Aa187U object detection w1 @319 saduLASauSIRS: Tesla Object detection

< = Py
1Uunilslu dataset 19911 Object . o .- S
unique [D EVIUNIATRIVIAGABUIEIALAIY (50, 125735, 18y, ...) uAT Semantic Segmentation (LBAAULOBNAINAIN

=

detection Wlnayfiandunilslutlagiu :
B9



Semantic Segmentation

GTAS d i i
ataset Semantic Segmentation

NVIDIA Semantic SUN RGB-D dataset (https://rgbd.cs.princeton.edu/)

Segmentation

Animal
—

seagull squirrel elephant

Plant
R il

flower cactus tree potted plant bushes palm tree

Eood

iMat Fashion dataset

)
<)

dish with food

LabelMe database (Russell et al.)
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Instance Segmentation

Person 1

Person

Instance segmentation: fn15¥1191UAR1EU Semantic Segmentation

uAdnanunsnsey ID vasinglunimee



Object Detection

d3u

Semantic Segmentation

4

Instance Segmentation

Comparing Al Vision Tasks

(https://ai-pool.com/d/could-you-explain-me-how-instance-segmentation-works)




Visual Question Answering (VQA)

[ Vehicles and ’ [ Brands, Companies ’ [ Objects, Material and

Transportation and Products Clothing ] [ spertsandibrareation J [ Caoking and Food J

Q: What sort of vehicle uses Q: When was the soft drink Q: What is the material used Q: What is the sports position Q: What is the name of the
this item? company shown first created? to make the vessels in this of the man in the orange shirt? object used to eat this food?
A: firetruck A: 1898 picture? A: goalie A: chopsticks

A: copper

Geography, History,
Language and Culture

[ Plants and Animals 1 _ [Weatherandclimate]

Q: What days might | most Q: Is this photo from the 50’s Q: What phylum does this Q: How many chromosomes Q: What is the warmest outdoor

commonly go to this building? or the 90’s? animal belong to? do these creatures have? temperature at which this kind
A: Sunday A: 50’s A: chordate, chordata A: 23 of weather can happen?

A: 32 degrees

2 (Image) + A0 (Natural language) — AsAImaUDDNUT



Deep learning models and tools
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Hidden
Input
Output

fvuadaya Input, Output g W ( v
N ATUUA #3149

X input, features

Tua Cost function

Y : output . . .
Random Forest Simplified

Instance

Random:‘Vf \
Y
N R seww “
Optimize Cost Function (Gradient descent) ) { )
Tree-2

Tree-1 Tree-n

Class-A Class-B Class-B
[ Majority-Voting ~ |

Final-Class |

wiluwmalunaiuyadeyaiilivnediu

Tuwaluiiiionaavdulinaeslsiléigu Neural Network (ldaeulu Al Builders {undn) wiainervvzidulun
899 1w Random forest, Support Vector Machine (SVM), ...
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Dataset
Mviungadeya Dataloader v wsulueg
R 5 d #@snalamatag Loss » X .
e transformation Inandayauiiu batch ) Tadoya Auin Loss uwazdma wsulieg
Vg ) _— o 2. function
wusilu train, validation, test dwsulddnlululuna g
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Low level

Pytorch
Tensorflow
Jax

N15t8an Tools %38 Library a1usudasslung

Mid level

Pytorch Ignite
Tensorflow Keras
Pytorch Lightning

Keras

PyTorch
Jlgnite
‘ PyTorch

Lightning

High level

FastAl

Pytorch Lightning
Flash

Icevision (wrapper for
FastAl, Lightning
Flash)

i
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Transfer learning
for image classification



- Transfer learning {unilslumadiaves Machine learning it
a1 sndmvnussamndsgninanifuausnussianmis

- WanAIlAgATING U4 Transfer learning ﬁamsﬁﬂm@aﬁgﬂmsum
& (Pre-trained model) 1vinsAnLUasmsdiimesureduain
lunaduuazimsulinadmiudeyalvive s

- L‘wﬂﬁﬂﬁgﬂﬁ%ﬂmﬂumwﬁlﬁuﬂmmww Computer vision %30
ﬂ’]‘Wﬂl’lFJ‘WNﬂﬁLLWWEW]"UNﬂ%ﬁﬁﬁl@yjaﬁxﬂﬁu@ﬁ]ﬂxﬁlﬁmﬂﬂ

- Mé’dﬁ]’mﬁgumaﬁﬂﬁdgﬂﬁwWﬂi:sgﬂ&ﬂﬂu Natural Language
Processing fglunis

asdlumantndeyavuaive

Transfer learning

Convolution Pooling

o

+RelLU

Convolution
+RelU

Pooling

Pre-trained model

Connected

Fully

Fully
Connected perdictions

1
\/
Features 0, \\
extraction
(" Machine ( Deep )
Learning Learning
\__Algorithms )| | NN )

(E Image Classification task ]

Output

dog (0.01)

Cat (0.01)
Boat (0.94)
Bird (0.94)

Ref: https:/medium.com/@lorenzofamiglini/transfer-learning-with-deep-learning-machine-learning-techniques-b4052befe7e2



Transfer learning: ImageNet Competition

- vildlulueaiigniulddmsy Pretrain model gniaumsnanns
U999U ImageNet

- dmidedeulunaiousnuszamvesnimainyndeya ImageNet ynt
Tneiluiea Deep learning 1nnunefianinsawtsUssnnvasnngaeg
AUUIUEIFIINY WU VGG, MobileNet, DenseNet, ..

- yadoua ImageNet Usznaude 14,197,122 sUnmiludsuszinnues
2NN 20,000 LU (classes)

- Swaun il bounding box 8nni 1,034,908 AT

- T,mmaﬁgmmuﬁ'w%mgmmaLLw{Lu Deep learning library #1199)

11ANELYU pytorch, tensorflow
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Dog breed identification

Dog breed identification dataset Usznaunagnimmsilu

training set ¥9uuA 10.2k AW LazA WALl testing set NIV

10.4k AW

YndoyausznoufIeiugnun (breed) vianun 120 Wug ndiogns

WU borzoi, basenji, maltese_dog, bluetick, golden_retriever,

irish_water_spaniel, ...

< labels.csv

Detail Compact

e id =

10222

unique values

007b5a16db9d9ff9d7ad
39982703e429

007b8a07882822475a4c
e6581e70b1f8

007ff9a78eba2aebb558
afea3a51c469

008887054b18ba3c7601
792b6a453cc3

(482.06 kB)

Column

A breed =
scottish_deerhound 1%
maltese_dog 1%
Other (9979) 98%

wire-
haired_fox_terrier
redbone

lakeland_terrier

boxer

0O train

BEOBOBBEEBEE

000bec180eb18c76...
001513dfcb2ffafc82...

001cdf01b096e06d7...
00214f311d5d2247d...

0021f9ceb3235effd...

002211c81b498ef88...

00290d3e1fdd2722...

002a283a315af96ea...

Dog Breed Identification
Determine the breed'of a'deginanimage

Kaggle - 1,280 teams - 4 years ago

Overview Data Code

Overview

Description

Evaluation

Discussion

Leaderboard Rules Team

My Submissions Late Sub

Who's a good dog? Who likes ear scratches? Well, it seems those fancy deep neural networks don't have
all the answers. However, maybe they can answer that ubiquitous question we all ask when meeting a
four-legged stranger: what kind of good pup is that?

In this playground competition, you are provided a strictly canine subset of ImageNet in order to practice
fine-grained image categorization. How well you can tell your Norfolk Terriers from your Norwich Terriers?
With 120 breeds of dogs and a limited number training images per class, you might find the problem

Ref: https://www.kaggle.com/c/dog-breed-identification

more, err, ruff than you anticipated.
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Transfer learning using FastAl

learn = cnn_learner(dls, resnet34, metrics=accuracy)

CTHYERS o TRy learn.fine tune(epochs=0, freeze_ epochs=1, base_lr=2e-3)
blocks=(ImageBlock, CategoryBlock), #x - image; y - single class

get_items=get_image_files, #get image Sryops " =
splitter=GrandparentSplitter(valid_name='valid mini'), #use parent folder as train-valid split Downloading: "https://download.pytorch.org/models/resnet34-b627a593.ptl
get_y=parent_label, #use parent folder as label 0% | 0.00/83.3M [00:00<?, ?B/s]
batch_tfms=aug_transforms (size=224) e o o
) epoch train_loss valid_loss accuracy time
dls = dblock.dataloaders('FoodyDudy/images/', bs=64)
0 2153407 0.816388 0.758333 03:00
/usr/local/lib/python3.7/dist-packages/torch/_tensor.py:1051: UserWarning: torch.solve is deprecated in favor
be removed in a future PyTorch release. . F . i e = & 5
guan1svinueas9 lu validation set Ivinunsiiannazlsiflusslsia

torch.linalg.solve has its arguments reversed and does not return the LU factorization.
To get the LU factorization see torch.lu, which can be used with torch.lu solve or torch.lu unpack.
X = torch.solve(B, A).solution

should be replaced with 4 5 .
X = torch.linalg.solve(A, B) (Triggered internally at ../aten/src/ATen/native/BatchLinearAlgebra.cpp:766.) learn'Show—res“lts() #true label - yu; predJ'Ctlon =R 8N

ret = func(*args, **kwargs)

dls-train.shou_batch(max_n=9, nrows=3) 09 _sunny_side_up 17_kanom_krok 23 kao_pad_shrimp
09_sunny_side_up 17_kanom_krok 31_padthai

38_panaeng 11_sil_egg -

00_green_curry
-

vungadeya

Tdyndaya, andnenssuvedluag, 35n13Tana



How convolutional neural network (CNN) works?
CNN vhawuegsls?
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asurgnsineuvesilames (Filters)

v
(7

UnAnndilviavum 3 dimensions: Au&En/depth (WY RGB), ANUNIY/width, A31NgY/height
UnfiAvesusiaz pixel JA1521I19 0 89 255 (0 = @1, 255 = ¥712)

Filter 3@ Kernel 11 n x n Anthilalumunin (auny x, y) iielufeuntinyeannmiiunszuiunis convolution (AUAZUINIGY)

Source "i’i; Edge detection ]
} (-1x3)+(0x0)+(1x1)+ . =
6 -2x2)+(0x6)+(2x2)+
} - :-1x2:+:0:4;+§1x1;=-3 -1 -1 -1
2 ] -1 8 -1 =
g T il =il =i
L1
2 s giagiy
d ﬂ’ L A Sharpen
= Convolution filter ” ///// r -
T 0 -1 0
Destination pixel ’ // //
T -1 5 -1 =
gisgs 0 -1 0
sl S
The convolution operation. Kernel’ size = 3
Convolution filter Example of filters

Reference: https://towardsdatascience.com/simple-introduction-to-convolutional-neural-networks-cdf8d3077bac



25u18N15YNUVaINamas (Filters)

o|lo|o|ofo]o]. ofof|o|o|ofo]. oo o
0 | 156 | 155 | 156 | 158 | 158 | ... o | 167 | 166 | 167 | 169 | 169 | .. 163 | 165 | 165
0 | 153 | 154 | 157 | 159 | 159 | .. o | 164|165 | 168 | 170 | 170 | .. 164 | 166 | 166
0 | 149 | 151 | 155 | 158 [ 159 | .. o | 160 | 162 | 166 | 169 | 170 | .. o | 156 | 158 | 162 | 165 | 166
o | 146 | 146 | 149 | 153 [ 158 | .. o | 156 | 156 | 159 | 163 | 168 | .. o | 1s5| 155 | 158 | 162 | 167
o |145 | 143 | 143 | 248 [ 158 | .. o [ 155|153 | 153 | 158 | 168 | .. o | 154|152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green Input Channel #3 (Blue)
-1]-1)1 I |lo| e
O =1t 1]-1](-1
O ik 1]0]|-1
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
Output
ﬂ ﬂ ]
308 + —498 + 164 +1=-25
|
Bias=1

Reference: https://towardsdatascience.com/simple-introduction-to-convolutional-neural-networks-cdf8d3077bac



95U8N1sN1UvINaLmas (Filters)

AlBUILDERS
0 0 1 1 o 0 o o o o o o o o o
L 156 | 155 | 156 | 158 | 158 o 167 | 166 | 167 | 169 | 169 163 | 165 | 165
o 153 | 154 | 157 | 159 | 159 o 164 | 165 | 168 | 170 | 170 164 | 166 | 166
o 149 | 151 | 155 | 158 | 159 o 160 | 162 | 166 | 169 | 170 o 156 | 158 | 162 | 165 | 166
o 146 | 146 | 149 | 153 | 158 o 156 | 156 | 159 | 163 | 168 o 155 | 155 | 158 | 162 | 167
o 145 | 143 | 143 | 148 | 158 o 155 | 153 | 153 | 158 | 168 o 154 | 152 | 152 | 157 | 167

Input Channel #1 (Red) Input Channel #2 (Green Input Channel #3 (Blue)
111 15 [FioH| o
L] e b |k ab || =k || st
O ST T 1])]0]-1

Kernel Channel #1

1

308

+

Kernel Channel #2

1

—498

+

Kernel Channel #3

l

164 +1=-

Bias=1

i

25

Output

Reference: https://towardsdatascience.com/simple-introduction-to-convolutional-neural-networks-cdf8d3077bac
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Convolutional layer & Max Pooling layer

Kernel size = 3 Padding
224x224x64 . .
— Single depth slice
pool w 1124
A max pool with 2x2 filters
SH(EeN 7 | 8 and stride 2
l I 3 | 2 (EimEO
1] 2 [ESHIE
1
224 downsampling ! =
112
224 y
Max pooling layer
. CNN Usznaumeaiudingyuanain Dense layer @o3a813A8 Convolutional layer tag Max
>E§ [e]ele) (@ Convolutional layer pooling layer . |
- UBNIINUUBIILABIMTIS padding metliosanawmdlaain Convolutional layer 91998
unldini
32
3 - 35euad image size: (W - K + 2P)/S) + 1)
/ W = Input size, K = Filter size, S = Stride, P = Padding v
Input Output

Depth Depth

Reference: https://towardsdatascience.com/simple-introduction-to-convolutional-neural-networks-cdf8d3077bac
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Convolutional Neural Network (CNN)

Input Feature Maps  Feature Maps  Feature Maps Feature Maps
48x48 6@44x44 6@22x22 12@18x18 12@ 9x9

Outputs

Convolution Max-pooling

Convolution Max-pooling

Classification

Features extraction

Convolutional neural network (CNN) Usgnausag Convolutional layer, Max pooling layer, W@ fully connected layer
(dense layer)

TumaduqldosAusznauves Convolutional layer, Max pooling layer Whinassluwmanifvwaltvejunddudmsudoya
=1
YUIA T

Ref: A State-of-the-Art Survey on Deep Learning Theory and Architectures


https://www.researchgate.net/publication/331540139_A_State-of-the-Art_Survey_on_Deep_Learning_Theory_and_Architectures
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Tips and tricks
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Image augmentation

Transforms on PIL Image and torch.*Tensor N P . < ,
- Image augmentation 1Juisnidunisveneguuureseyaiie lunauluseninanig

CentexCrop (size) Crops the given image at the center. maulm e

- YNFIBEITU

ColorJitter ([brightness, contrast,...]) Randomly change the brightness, contrast, saturation and N RandomHorizontatHip ﬁ]%ﬁ’m’ﬁﬂgﬂﬂ’]w%’m%’l EJI‘U?J?]'W
hue of an image.

- RandomVerticalFlip ¥N1n&UNININULAIE

FiveCrop (size) Crop the given image into four corners and the central - RandomRotation ﬁﬂmimumwlﬂuaam@m 9 LL‘U‘U?le
crop. & a . . . a a & v o d ¥
- wunseiy distribution %@ﬂﬂ'\Wmleﬂﬁ]'}ﬂLﬂuLﬁﬂu@ﬁ IW‘EJIJJL@ﬁENﬂWlﬂiﬂLiEJNEﬁ]Tﬂ
v =B
. Joyawmanilla
Grayscale ([num_output_channels]) Convert image to grayscale. v
pad (paddingl, fill, padding_mode]) Pad the given image on all sides with the given “pad” value.
RandomAffine (degrees[, translate, scale, ...]) Random affine transformation of the image keeping center
invariant.
RandomApply (transforms[, p]) Apply randomly a list of transformations with a given
probability.
RandomCrop (size[, padding, pad_if_needed, ...]) Crop the given image at a random location.

198199049 Image augmentation

https://pytorch.org/vision/master/transforms.html
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RGBShift

Image augmentation (cont.)

HueSaturationValue

ChannelShuffle

Brightness and contrast
are changed

Flipped

Unchanged

Original

ARandomCrop

probability 100%

Brightness and contrast

A are changed

OHzonG/F/ip
D’bbabily‘(y 09 Unchanged

Unchanged

References: https://albumentations.ai/docs/getting_started/image_augmentation/
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Synthetic data augmentation

NVIDIA DRIVE Sim
https://www.youtube.com/watch?v=RVFIDEuNttO

Curved

Perspective Shadow |  Noise Pattern Rotation Stretched
CLEAR HGEGHER @5 Future
Uncommon | Blurand |Occluded and|LowRes and | Distortion |Glass Reflect|Uneven Light
Font Style | Rotation Curved Pixelation |and Rotation| & Rotation | & Distortion
g | Sy -

Figure 2. Challenging text appearances encountered in natural scenes

W mndumesiinandieluns generate nwiiiiy

Wunsdives OCR awsairdsnuslumsdounuuiiegdanasegn
Foyalnyl

N3EUBY object detection, semantic segmentation 8193z MAlUlaY
VR L*ﬁmw‘qaiumia%wﬁa;dal,ﬁmLam (i a%ﬂamaﬁamﬁamw%ga

Wi AewihluTdludingse)

Data Augmentation for Scene Text Recognition
https://arxiv.org/pdf/2108.06949.pdf



Deep learning for object
detection and semantic
segmentation
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il Object detection: Motivation

Fasciolopsis buski Ascaris lumbricoides Hookworm egs: Trichuris trichiura Taenia spp. Egg Opisthorehis viverrine

130-140 * §0-85 pym 60 %45 um 64-76 % 36-40 um 50-54 % 2223 pm 30-35 pm 2:32 % 1112 pm
Paragonimus spp. Enterobius vermicularis Hymenolepis diminuta Capillaria philippinensis Hymenolepis nana

77-80 % 40-50 jm 50-60 % 20-30 ym 60-80 um 3645 x 2022 ym 30-47 pm

https://icip2022challenge.piclab.ai/dataset/ , _ _
Wang et al. Autonomous garbage detection for intelligent urban management
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o S )

480px

322px (640, 480)

640px

An example image with a bounding box from the COCO dataset

Object detection

Object detection faumann
waneunludanaiiaasiuiAnlunmsaiiclung usegane
Tanannsrane iy

iwenansaligaegiei 4 9alun1sviiung bounding box
(xmin, ymin, xmax, ymax)

nifuaninsld probability lunisvhuneinediagerlsly
bounding box ﬁ?us]ﬂéjwﬁu classification

[p_cat, p_dog, p_monkey, ...]

AULNNERETUEsEIALLNs T unas I Tnglu

q

bounding box 1isly

Reference: https://albumentations.ai/docs/getting_started/bounding_boxes_augmentation/
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Object detection: RCNN

WWu Rule-based Alavsald

R-CNN: Regions with CNN features
e = ;

>|person? yes. |

warpeJd region

____________________

Neural network Tun1svinunele

............... CNNN :
2. Extract region 3. Compute 4. Classify
proposals (~2k) CNN features regions
Outputs: bbox
Deep softmax regressor
|ConvNet e !
Rol
pooling
S Rol layer
= projection\_ J
Conv | Rol feature
feature map vector . .uch kol

https://www.researchgate.net/figure/The-framework-of-R-FCN-RPN-region-proposal-network-Rol-region-of-interest-ConvNets_fig3_333048961
https://medium.com/ai%C2%B3-theory-practice-business/object-detection-in-deep-learning-part2-855b78689f13



https://www.researchgate.net/figure/The-framework-of-R-FCN-RPN-region-proposal-network-RoI-region-of-interest-ConvNets_fig3_333048961
https://medium.com/ai%C2%B3-theory-practice-business/object-detection-in-deep-learning-part2-855b78689f13

Object detection: YOLO

S xS grid on input Final detections

Class probability map

YOLO utamsvihunedaglunimdu Grid (g 7x7) udldmsinneingsiuiu

bounding box Tuusiag grid Tun1311 bounding box wavwlinveding

https://pvimagesearch.com/2018/11/12/yolo-object-detection-with-opency;


https://pyimagesearch.com/2018/11/12/yolo-object-detection-with-opencv/
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Object detection: benchmark

Object Detection on COCO test-dev

Leaderboard

BOX AP

70

60

50

40

30

20

10

Faster R-CNN (box refinement, context, multji'scale'testing)

Fast=RCNN
-

Jul'15

Dataset

SSD512

Jan'l6

Jul'l6

View

box AP v by Date

CSP-p6 + Mish (multi-scale)

v

for

All models ¥

DyHead (Swin-L, multi scale,-self*training)

- YOLOV4—%with-WA

NAS-FPN (AmoebaNet=D, learned aug)

D-RFCN + SNIP (DPN-98 with flip, multi-scale).

Mask R-CNN (ResNeXt-101-FPN)

Jan'17

Jul'17 Jan'18

Other models

Jul'18 Jan'19 Jul'19

-o- Models with highest box AP

Jan 20

Jul 20

Jan 21 Jul'21 Jan '22

https://paperswithcode.com/sota/object-detection-on-coco-minival



https://paperswithcode.com/sota/object-detection-on-coco-minival

¢
4

&

Object detection: N15IANA

Two minute additions: Usually, the averages are taken in a different order (the final
result is same), and in COCO, mAP is also referred to as AP i.e.

« Step 1: For each class, calculate AP at different loU thresholds and take their
average to get the AP of that class.

1
AP(class| = 7 ———— APiclass, iou]
#thresolds ioueg;sholds
\\""k\Thresh=o.5 '\ Thresh=0.7 Thresh=0.9
1 \\\ LRI B
Area of Overlap
loU = T T ‘
Area of Union h " )

oo oy ogd
o ojlooo | ol

loU =0.5 loU=0.7 loU=0.9
Loose Tight

. . « Step 2: Calculate the final AP by averaging the AP over different classes.
Intersection over union (loU)
1

AP = #tclasses

Z APclass)

class € classes

AP is in fact an average, average, average precision.

Reference: https://kharshit.github.io/blog/2019/09/20/evaluation-metrics-for-object-detection-and-segmentation
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Object detection dataset

M54AU data 984 Object detection fivanuaie3dunn wu
COCO JSON, Tensorflow TFRecord, Pascal VOC XML, Amazon
Sagemaker GroundTruth Manifest, ...

COCO format (umesunanuy JSON Alddmsuiiuyadoyauuy
Wil

Tausn3usegnaadslianunsasulnduuy Csv gty
drunnnisiiudeyadedd Annotation tool

Annotation tool 14U LabelMe, Labellmg @131150 export Uaya

ponunagluguiuuves COCO format

LabelMe Annotation Interface

fhegrean LabelMe



Object detection: COCO format

The following is an example COCO manifest file. For more information, see COCO format.

- COCO format Lﬁuﬁﬁaaﬂaimﬁlw JSON format 675&

Y ' v, . .
Usenaunig keys An9e) louA info, licenses, images, 4
"info": {
annotations, categories "description”: "COCO 2017 Dataset","url": "http://cocodataset.org”,"version": "1.0","ye
h
- Info UBNEY metadata VOIYATOUAVDILT "licenses": [
! Y {"url": "http://creativecommons.org/licenses/by/2.0/","id": 4,"name": "Attribution Lice
- Images vanindlnmeglsindluyadeua 1,
: Y "images": [
I3 ¥ 1 nsan "y " " " " :
_ Annotations AUYBUASZHING Imace D, Se mentation, {"id": 242287, "license": 4, "coco_url": "http://images.cocodataset.org/val2017/xxxxxxx
Y g e {"id": 245915, "license": 4, "coco_url": "http://images.cocodataset.org/val2017/nnnnnnr
= L |
bbox fiusniringegitlalunin 1 o
i annotations": [
~ . ! . B O P {"id": 125686, "category_id": @, "iscrowd": @, "segmentation": [[164.81, 417.51,...... 1
Categones uand ObJeCt ‘U@’E]uiﬁ‘U'T\‘i {"id": 1409619, "category_id": @, "iscrowd": @, "segmentation": [[376.81, 238.8,......
{"id": 1410165, "category_id": 1, "iscrowd": @, "segmentation": [[486.34, 239.01,.....
1,
"categories": [
{"supercategory": "speaker","id": @,"name": "echo"},
{"supercategory": "speaker","id": 1,"name": "echo dot"}
]

shedrwesateyaluzuuuy COCO Format

https://docs.aws.amazon.com/rekognition/latest/customlabels-dg/md-transform-coco.html
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Object detection (example)

- 14 Transfer learning eadaluaa Object detection
gy detect mmw/uiy/as ndiuled Kaggle
- wm3uluna Object detection

felausis FastAl, Icevision aagluwma Object detection

g

Ref: https://www.kaggle.com/tarunbisht11/yolo-animal-detection-small



Deep learning for object
detection and semantic
segmentation
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Transfer learning for semantic segmentation
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Semantic Segmentation

Semantic Segmentation

- Semantic Segmentation 1HunilslunisvhaunfinnudAgynis

-—
-=
==
=
==
—

99nN15UTTUIBNANIN

- Deep learning 1Wu Convolutional Neural Network, CNN da13
ausauenuezUssamvesinealunmldfinnlunands

- dheghwesmehaumaiaunsailullunaessuu wu usud

MANLEL1REMSU Home navigation 3asngunduindou

9938 ENTUNSHYNLEL A ULV BIDUUABBNNNATNTALAS UL




572 x 572
570 x 570
568 x 568

64

¥
¥

2842

2822
2002
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Semantic Segmentation: U-Net

128 64 64 2
> | > output
segmentation
o o Of O
Al S & S map
X ] < ]
[ [= ooff oo
o) o) off oo
™) o o M

256 128

1962

=» conv 3x3, RelLU
= copy and crop
¥ max pool 2x2
4 up-conv 2x2
= conv 1x1



Generative model;
Generative Adversarial Network

s <3¢ VISAI Big|
aws
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o DeLL

b ]| Technologies




A18819N13191UVY Generative model Tutagiu

Search

Q8A

Summarize for a 2nd grader

Translates difficult text into simpler concep.

Text to command

Natural language to Stripe API

Create code to call the Stripe API using nat.

Parse unstructured data

Create tables from long form text

Python to natural language

Explain a piece of Python code in human un.

- &
DALL-E 2 created this image in response to the text "teddy bears mixing sparkling
chemicals as mad scientists in a steampunk style”

Examples

Explore what's possible with some example applications

Answer questions based on existing knowle...

Translate text into programmatic commands.

All categories

Grammar correction
Corrects sentences into standard English.

Natural language to OpenAI APL
Create code to call to the OpenAI API usin

English to other languages
Translates English text into French, Spanish

SQL translate

Translate natural language to SQL queries.

Classification

Classify items into categories via example.

Movie to Emoji

Convert movie titles into emoji

Generative model dM3UNI®

Example of image generated from Dall-E2 model

Reference: https://ww 1.com/2022/04/21/opena -2-unseen-images-basic-text-techno

(https://beta.openai.com/examples)
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A18819N13191UVY Generative model Tutagiu

teddy sitting near a swimming pool drinking coca cola

Reference:

ration-using-generative-adversarial-networks-gan-6d279¢2d5759

https://medium.com/nerd-for-tech/fac

https://hugginefa spaces/dalle-mini/dalle-mini



https://medium.com/nerd-for-tech/face-generation-using-generative-adversarial-networks-gan-6d279c2d5759
https://huggingface.co/spaces/dalle-mini/dalle-mini
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INPUT

Ypia)

yﬂgn(‘ﬂ o)) N

= | 6 ;\\ i \
| el
S8 \ ('_W
X [
O(\)

OUTPUT

pix2pix

=

m clear | random

Generative Adversarial Network (GAN)

Tl 2014, 18w jaualar uwagdin (wildutudeleds wudle) ldfnAuluma Generative adversarial network (GAN) T

iudiunudn GAN 71l Deep leaming farwanmnsalunisasiadoyaldfiuine

GAN gnitmuuagAnAuiedssaiiies Tulagtuilumalidenldnainuaiens GAN, DCGAN, CycleGAN, ... saufiaiinislilu

Text generation #8019

- fnmsldaulutenndiedudugiilnalfesdu s19nmuaililung generate AMNAB (pix2pix)
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GAN 85u18LUa9AU

- GAN Usznaumeluna 2 daunans)de Generator Miuthitass

. . Foyatusn waw Discriminator fuenirieyaiifudeyasimielsl
Generative Adversarial

- aasinamanfinninduawisuinsdasy wasfiunadussedu

o v o A a a v, ol v o
N etwo rk suUnsUasy — Mu’m‘u@ﬂ‘wqﬂﬂﬂﬂﬁ]ﬂ’]iﬁi’]dLLUGF’]M@JIT\ELF]EIG

Real wihasudasesdliinndign aunseisiunsuenliosniiamlmadu

Samples suUUnIITIMIeUau

IsD ;
Correct? !

“--fo>

Generated
Fake
Samples

100,
Lo0uT27152
67

TD

LG 04727792+
67




- GAN: Loss function

- = a v o b v aw = o ac
- Weeandl 2 Tueaisineesinnig optimize UNIFYIIUNAUDITNIT

A9 Minimax loss Tusnentiadusail

Generative Adversarial
Network

Real
E,[log(D(x))] + E.[log(1 — D(G(2)))]
Samples
A
Latent @5y Discriminator Aosuanle
Space dw.ﬂﬁwﬁqmsﬁﬂuwmm%lﬂuﬁlﬂuﬂﬁwﬁqqq lofioy
= 3 b minimize loss
‘ IsD
Correct?
&191%U Discriminator Aldfuanammaen @uwes loss
G $ol4 1 - D(G(2)) unu iieTiag minimize loss
— ——>
Generator Generated |
Fake
Samples ! 100,
LOORT27792°+
: v .
e Lo oo L

Fine Tune Training

TD

LG 04727792+
67
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100z =

Stride 2

Project and reshape

Generator

Training set

Generator

CONV 2

NUIN1U89 GAN Generator

16

CONV 3 64

Discriminator

Fake image

Generator and Discriminator

Reference: https://pytorch.org/tutorials/beginner/dcgan_faces_tutorialhtml

Training Images

Generator and discriminator loss

Generator and Discriminator Loss During Training

%ma{::e :

‘L'MWHrlwriu-llihum bl

0 1000 2000 3000 4000 5000 6000 7000 8000
iterations




o GAN vs. Variational Autoencoder

Generative Adversarial
Network

Real
Samples

Latent
Space

Convd

256

IsD

. Convz FC
> Correct?

D

Discriminator|

.

256 W
ConvlT

Generated i
Fake
Samples

Generator Input Output

- Fine Tune Training

Variational Autoencoder (VAE)
Generative Adversarial Network (GAN) e ‘ . . D
vihnstudadeyalueglu dimension wadinasuazverseeniiielvlddoya

=¥ in ¥ o [ v af v "
fumanlddmnsvasnanm uavlumaiildwinm ~
Y
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e YadaNAUINITINTU Deep convolutional GAN (DCGAN)

Generative Adversarial
Network

Real
Samples

Latent ’ﬁ

Space

A 18D
[ >\ Correct? ./

D

Discriminator|

| L

Generated
Fake
Samples

Fine Tune Training

Deep Convolutional Generative Adversarial Network (GAN)

14 Convolutional layer Wuduusznauves Generator

Stride 2

CONV 2

DCGAN = Deep Convolutional GAN Junsvenesieves GAN 714
Convolutional ez Convolutional transpose layers Wuesdusznauras
Tuwoa

nUUesues DCGAN finsld ConvTranspose2d dwsunisagnefifuay
14 LeakyReLU U Non-linear activation function &%3u Discriminator
whesnanin Convad, LeakyRel U, BatchNorm fdaudrfnylunis
Al gradient Tunsalnsass Discriminator ¥89 DCGAN
Tuesidenld strided convolution unuiiagld max pooling laann
10unn5vilw Discriminator L§8u§ pooling function seaLes
dmsutiosniidiodld GAN Tulusiang wugiilienu Architecture anuUie

$92uiU Mentor Asutiissaindianudnwizune (Wagdinsdun)



#3790IMINANYAYBYA CelebA

Colab Notebooks > GAN > CelebA > Img ~ 2

Folders

B img_align_celeba_png.7z B img_celeba.7z

Wearing

Eyeglasses

Files

21|

Bangs
5 img_align_celeba.zip
Tuannman folder: img_align_celeba.zip,
. Unzip waznslilu folder #iannsa access 16
Pointy
Nose
Oval Face 2 | \S Smiling

Inandoyaldan http//mmlab.ie.cuhk.edu.hk/projects/CelebA.html



