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Connectionists: CNNs

LeNet 1998 - AlexNet (Supervmon) 2012
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Connectionists: CNNs

place top 5 error

2011 Compressed Fisher kernel + SVM 1st 25.8%
2012 SIFT + GIST + LBP + PA classifier 2nd 20.1%
) 2012 Supervision 1st 16.4%
2013 Clarifai 1st 11.5%
2014 VGG 2nd 7.3%
2014 GoogleNet / Inception 1st 0.0%
2014 Andrej Karpathy :,E{h n/a 51%
2015 Batch Normalization Inception n/a 4.8%
2015 Inception v3 2nd 3.6%
=) 2015 ResNet 15t 3.6%

2016 Inception-ResNet n/a 3 1%
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Computing for Al

Graphics Processing Unit (GPU)
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Data for Al
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Era of Data Exploration
» 90% ----- Currently, 90% data were generated in recent two years
» |/ MB-—-- In 2020, each person will generate 1.7 MB per second

Status of Data Usage
» 0.5% -—-- The current percentage of data analyzed/used

» 0% vs. 65M ——--- We can obtain 65M revenue for every increased
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Conventional Approach to Object Recognition

* Training phase
image feature classifier trained
collection extraction training classifier

dogs? ®

flowers? O

Input Space Feature Space

trains? %
histogram of oriented support vector
gradients (HoG) machines (SVMs) persons? 3%
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Conventional Approach to Object Recognition

* Training phase
image feature classifier trained
collection extraction training classifier
* Testing phase /
test feature trained .
: : . prediction
image extraction classifier

—> pigdae

6/9/2020




Features are The Keys

e Off-the-shelf visual features
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Image gradients Keypoint descriplor !
SIFT [LOWG, |va'o4] HoG [DaIaI & Triggs, CVPR'O5]
Citations: 43465 Citations: 20174
Constellation model [Fergus et al., CVPR’03] DPM [Felzenszwalb et al.,
Citations: 2551 Citations: 5093
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Conventional Approaches vs. Deep Learning

* Conventional approaches
» Fixed/engineered features + trainable classifier

Hand-crafted “Simple” Trainable
Feature Extractor Classifier

* Deep learning / End-to-end learning / Feature learning
» Trainable features + trainable classifier

Trainable Trainable
Feature Extractor Classifier

slide: Y LeCun & MA Ranzato ...




Deep Learning = Learning Hierarchical Rep.

e Each layer of hierarchy extracts features from output
of previous layer

* All the way from pixels = classifier

e Layers have the (nearly) same structure

Image/video Labels
my layerl  mmmmmy  layer2 — mmmmmy layer3 )y

6/9/2020




Neural Networks and Neurons

* Neural networks are presented as layers of interconnected
neurons

» Each layer of neurons takes messages from output of previous
layer

input layer 1 layer 2 layer 3

image of IV pixels o

input layer hidden layer hidden layer output layer

6/9/2020



What are Deep Neural Networks (DNNs)

* DNN is neural networks with many hidden layers

input layer 1 layer 2layer L-1 layer L

input layer hidden layer  hidden lagéelen layertput layer

6/9/2020




Pioneer of CNNs: LeNet (1998)

Yann LeCun
_ C3: f. maps 16@10x10
INPUT gé 2fga;tzuare maps S4: f. maps 16@5x5
32x32 S2: f. maps C5: layer F6 o oUTPUT
6@14x14 120 o2
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AlexNet (2012)

e Similar framework to LeCun’98 but:

Geoffrey Hinton

 Bigger model (7 hidden layers, 650,000 units, 60,000,000
params)
* More data (10° vs. 103 images)
« GPU Implementation (50x speedup over CPU)
* Trained on two GPUs for a week
= e 3‘_'_'___": e
i T 7 2048 \/ 204
48 1% it i 192 128 04t 204
5 O b AT
L Y E 13 \ 13
. =L o £ _:'1.. —
s| [ 3 c 1 \ -
. R 57 N 13 CEE ' 13 dense’| [dense
. -____ BN - B
5 ‘ 192 192 128 Max L ]
'Eldi:rr-'ld Ma"_ 128 Max pooling 2948 2048
“of 4 pooling pooling

3 48
A. Krizhevsky, I. Sutskever, and G. Hinton,

ImageNet Classification with Deep Convolutional Neural Networks, NIPS 2012
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http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf

Evolution of # of Layers of CNNs

28.2

152 layers

\
\
\
‘22 layers |19 Iayers
\67

ILSVRC'15 ILSVRC'14  [ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet 6/9/2020
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Problems in Al & Deep Learning

Recent Significant Process on Al was mainly on DL
* In supervised learning applications
« basically kind of curve fitting
* requires comprehensive & good-quality labelled
training data
« Many applications can only use “weakly-supervised”,
“semi-supervised” & “non-supervised” learning
» Low-shot learning

Low-Shot (few-, one-, zero-shot) Learning Problems:

* Low Labeling Resource (amount & information)

« Small Training Set

« Unbalanced (Biased) Training Data

» Label Noise (cloud-sourcing, different professional opinéi/gg(g)s)
 Domain Shift




Low-Shot Learning for Semantic Segmentation

semi-supervised learning

Positive Bag
( .
(0
B SN EREOE ) -
\ ; y P
Negative Bag

#1018 1 -

\

train
® person
f

Person diningtable

train train
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One/Few-Shot Learning

Learn a concept from one or only a few training example

Novel Class Result




One/Few-Shot Learning

Person Re-
identification .

o PRSI

Camera b

B

Pose illumination Blurred vision
variation

Low-resolution 6/9/2020



Retinal Image Analysis for Diabetes Eye Diseases
Detection & Recognition

Soft Exudates

Arterioles " e
' O——'Hemorrhages
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Soft Exudates

S—

Exudates

Hard Exudates
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Transter Learning

/

Image

Translation
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Application Examples

‘ ® Faces with 1llumination
LITE[.] \ I and pose chaneges
% -

LITE-ON GROUP

locitech IP s YA
Sl f e
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N

INndustry Application
Augmentation for Low-Shot Recognifion

Chia-Wen Lin (1% X), |IEEE Fellow
Professor, Department of Electrical Engineering

Natfional Tsing Hua University, Taiwan
cwlin@ee.nthu.edu.tw
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Interferences:

Facial expressions

Pre-trained
Face Recognition
Model:
LightCNN

= [llumination variations

= Pose/Viewpoint changes

—

—

= Occlusions (eyeglasses, masks)

Feature representation
]

Motivation: Difficulties in Face Recognition
“*|n survelllance applications, there often exist environmental

Feature representation
2

Cosine
similarity:
0.920
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Motivation: Collecting Rich Training Datae
“* Problem:s:

= Collecting complete training data with various poses, expressions,
and illuminations is time-consuming and expensive

= Difficulty in collecting training samples in many practical
applications (e.g., terrorists, public security, person Re-ID)

08 1% i 191

S
% 2

01 0
O = 6/9/2020
24 0
Subject



Scenarios: Low-Shot Face Recognition
*Scenario #1:

= The face recognizer was trained on frontal faces (with neutral
ilumination and expression), and it cannot be retrained

= Solution: face normalization (frontalization, deshading, and de-
expression)

wScenario #2:

= Face recognizer is retrainable, but can only collected an anemic
Training dataset

= Solution: face augmentation (but how?)

Our solution: A unified Domain-transferred Face Augmentation Net
(DotFAN) for identity-preserving face augmentation & normalization



Face Normalization (Deshading & Frontalization)

Faces with 1llumination
and pose chaneges

Deshading
GAN

Deshaded

6/9/2020
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Face Augmentation

» Synthesizing faces of various poses and illumination pafterns in
unconstrained situations

6/9/2020




Domain-fransterred Face Augmentation Net (DotFAN)
\ Anemicﬂ
-f- Domain

(training) %{ DOI":AN }

ose ' : 4 e
Rich Domain (open do’robosesF \ Augmen’red Faces




FEM: Face-Expert Model

DOTFAN FSR: Face Shape Regressor

— : Face
original attributes
Extractor . -
o b

Face ' :.' ,:
= L- I+ pxtractor -
o e L -

I y
* Real / Fake
cycle Pose and identity D
consistency constraint [lumination
yY 5 Classification
l e fo
Face *
#
Extractor -> '- : Symmetric
Symmetric i
ose constraint
P synthesis input
fo fi
designated attributes




Experiments: Datasets CMU MUl P

!

* Training datasets for FEM :
* CASIA-WebFace
e 494, 414 images from 10, 575 subjects

e CelebA

e 202,599 images from 10, 177 subjects
* Large-scale face attributes dataset

ining datasets for FSR:
* CASIA-Webface
e CMU MultiPIE

e Select 13 illumination ppatterns
* 60 K faces




Experiments: Datasets

» Testing Data

o LFW
» 13, 233 images of 5,749 identities

¥ oREnY

* |JB-

« SurveilFace (LiteOn)

!I I“III
» SurveilFace 1

« 1,050 images of 73 identities ..“
« SurveilFace 2 ' —

« 1,709 images of 78 identities ...




Face Normalization (Frontalization & Deshading)

» \erification accuracy on LFW

Methods Verification Accuracy
/ 3D 93.6+1.2
/ HPEN 96.3+0.8
/ FF-GAN 96.4+0.9
/ FacelD-GAN (CVPR18) 97.0+0.8
Proposed 99.2+0.4

6/9/2020



Face Normalization (Frontalization & Deshading)

» [rue-Acceptance-Rate (TAR) of verifications on 1JB-A

Methods @0.01 FAR @0.001 FAR
PAM 73.3+1.8 55.213.2
DCNN 78.714.3
DR-GAN 77.412.7 53.914.3
FF-GAN 85.2+1.0 66.3+3.3
FacelD-GAN [32] 87.611.1 69.212.7
Proposed 03.710.5 89.311.0

6/9/2020
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Augmentation: Comparison

(a) input, (b) StarGAN, (c) FacelD-GAN, and (d) DotFAN (Proposed)

6/9/2020




Face Recognition Performance Comparison

Method LFW SurveilFace-1 SurveilFace-2
ACC | AUC @FAR=0.001 | @FAR=0.01 | AUC @FAR=0.001 | @FAR=0.01 | AUC
(a) Sub-CelebA(3) (totally 30, 120 images)
RAW 83.1 90.2 20.5 344 83.2 18.0 33.3 84.8
StarGAN 85.9 92.5 25.1 39.6 87.5 274 46.7 91.4
FacelD-GAN 92.5 97.6 34.6 53.5 92.8 32.3 54.0 94.3
Proposed 1x 03.6 08.1 35.7 56.2 93.6 34.7 57.8 95.0
Proposed 3x 94.7 08.7 36.8 58.3 04.6 36.5 60.8 95.6
(b) Sub-CelebA(8) (totally 75, 796 images)
RAW 94.0 98.5 37.8 58.7 94 .4 38.3 61.0 95.2
StarGAN 04.3 08.5 42.6 60.7 94.9 42.8 65.6 05.8
FacelD-GAN 096.5 99.3 48.1 65.6 96.0 45.7 67.9 06.8
Proposed 1x 97.3 99.5 53.2 71.2 97.0 49.1 72.2 97.2
Proposed 3x 97.2 99.5 53.2 68.9 96.9 47.3 70.0 97.1
(c) Sub-CelebA(13) (totally 116, 659 images)
RAW 96.3 99.1 47.4 67.8 96.2 43.5 67.0 96.5
StarGAN 96.7 99.3 48.3 68.1 96.7 46.3 70.0 96.7
FacelD-GAN 97.2 99.5 53.3 71.3 97.0 50.2 72.3 97.4
Proposed 1x 97.6 99.6 56.2 ) 75.1 97.7 504 73.9 97.7
Proposed 3x 97.5 99.7 56.7 75.5 97.7 53.9 72.2 97.8
(d) CelebA (full CelebA dataset, 202, 599 images)
RAW 97.6 99.6 53.5 73.8 97.7 48.7 73.0 97.5
StarGAN 97.7 99.6 55.0 74.2 97.7 53.0 73.8 97.6
FacelD-GAN 98.0 99.7 57.6 764 98.1 54.1 76.5 98.0
Proposed ix | 983 | 008 62.4 80.0 984 571 76.7 08. ] s
Proposed 3x 98.4 99.7 61.4 78.9 08.2 54.7 77.8 98.0




Face Recognition Performance Comparison

ACC(%) Face verification on LFW dataset
100

95

20 ——Raw
~8-5tarGAN

gc ~0-Face]DGAN

./ Proposed

=8-Proposed3x

80

3 8 13 FULL

#of images of each subject in CelebA
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Summary

» \We propose GAN-based approaches to
deal with the following difficult problems:

» Face Normalization & Augmentation
= |[[uminafion variations
»Pose variations

»Both illumination & pose variations

6/9/2020




INndustry Application
Driven Prediction of IC Fabrication

Chia-Wen Lin (1% X), |IEEE Fellow
Deputy Director, Al Technology Research Center
Professor, Department of Electrical Engineering

National Tsing Hua University, Taiwan
cwlin@ee.nthu.edu.tw 6/9/2020




Outline

“ Intfroduction

% LithoNet for Lithography Simulatfion

¢ OPCNet for Optical Proximity Correction
“ Summary
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|C Fabrication Process

Normal Loop

Reticle
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|C Fabrication (Cont.)

| —

(a) Prepare wafer (b) Grow oxide (c) Apply photoresist (d) Align mask

1 Silicon
m Oxide
1 Photoresist

M Mask
m Doped area

!
!
!
!
!
YyYYyYyY°VvY°YY l
!
!
!
!
!

(g) Dope wafer
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Aerial
Image
(Surface)

Lithography

TiN Local
Interconnect Level

N 2 (See Chapter 2)
Latent
Image .
in Photoresist P F |g ure 5 . 2

Electron Light

Source

= Mask

Deflection
Reduction
S Lens
AN
( ) Wafer
CAD System

* Layout i
* Simulation . Mask Making Wafer Exposure
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|C Fabrication (Cont.)

IC Layout Fabricated Circuitry Masking & Lithography

| | |

I

NN

Intensit
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|IC Layout vs. Actual Circuitry (SEM Image)

Lithography+Etching can be formulated as a nonlinear shape deformation process

6/9/2020




Optical Proximity Correction (OPC)

Conventional Silicon Image w/o
(no OPC) OPC

Corrective
modifications to
Improve process
control

As post-layout
Process
» improve yield
» improve device
performance

Original
Layout
0.18 mm

6/9/2020
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|IC Design for Manutacturabllity (DiM)
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LithoNet for IC Fabrication Simulation

All SEM images Layout-style images \

..,{ CycleGAN }-»

LithoNet

-
N
e

\

Discriminator

Generator

Input GDS layout ) )
Skip connection

Configuration parameters
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Experiment

Datasets

1. UMCI

Total 1,042 pairs (942 pairs for training and 100 pairs for
testing)

Each pair contains a layout image and its SEM image

2. UMC2

Total 7,483 pairs (7,399 pairs for training and 84 pairs for
testing)

Seven different fabrication parameters (Ranging from -

0.9 ~ +0.9)
UNIC Each pair contains a layout image and its SEM image
% E OE F

6/9/2020
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Experiments

» Meftrics
» |ntersection Over Union (loU)
= SSIM

» Per pixel error rate

Area of Overlap ! (200 gy + C1) (204, + Cs)

loU = SSIM(x,y) =

Area of Union .

(kz +py + C1)(oz + oy + C2)
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Evaluation of LithoNet
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Prediction with New IC Fab Parameters

Configure parameter I Configure parameterl Configure parameter I Configure parameter Configure parameter IConflgure parameter I Configure parameter I
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OPCNet for Mask Correction
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Summary

» \We proposed LithoNet and OPCNet for DIM of IC-Fab
achieve promising accuracy and achieve 200x faster than
an optical model-based prediction

» Challenge: Infterdisciplinary research with partners having
different technical background (also funl)

Impact: Lead to a paradigm shift in CAD tools for DIM of
IC-Fab? (IC-Fab now hires an OPC team to establish the
simulation models)

®» Next research topics:
»| ow-shot learning (data-driven + model-based approach?)

6/9/2020

» Quality metrics for assessing |C layout



Conclusion

®» The success of deep learning usually relies on the
availabllity of large-scale well-labelled training data.

® N practice, It is often difficult to collect sufficient
amount of well-labelled training samples.

» | ow-shot learning has good potential to resolve part
of deep learning problems in practical applications.

6/9/2020



