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WGAN - Poem Generation
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Conditional GAN — e flower witt

Text to |mage black center"

LaEl: 3EEAE T dEd
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this flower has white petals and a yellow stamen

the center is yellow surrounded by wavy dark purple
petals

this flower has lots of small round pink petals

(Slide Credit: Hung-Yi Lee)
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Image-to-image Translation

Labels to Street Scene Labels to Facade BW to Color

Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros, “Image-to-Image
Translation with Conditional Adversarial Networks”, arXiv preprint, 2016

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Interactive Image Translation with

pix2pix-tensorflow

facades
TOOL INPUT OUTPUT

background.

PIX2pixX

https://affinelayer.com/pixsrv/
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Image to Image Translation: CycleGAN

Cezanne

N s
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CycleGAN

Summer Z_ Winter

winter —» summer
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Horse <-> Zibra

PANN =1
/=




Video Reenactment

SOource Actor

Real-time Reenactment

https://www.youtube.com/watch?v=ohmajJTcpNk
https://www.youtube.com/watch?v=9Yq67CiDqvw



https://www.youtube.com/watch?v=ohmajJTcpNk
https://www.youtube.com/watch?v=9Yq67CjDqvw

Deepfakes

Al fErEEL 9T akES © /1288 A\ Gal Gadot
Hﬂﬂ%ﬁ%’ff %7[@” A 5

endVids

SIS/ WABIEEMA LTSS https://www. |n5|de; com.tw/2017/12/13/gal-gadot-fake-ai-porn
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Data: records of experience

Machine learning: “A type of algorithms === =« E

y- o E ]

that gives computers the ability to learn — » .

from experience, rather than being explicit;‘& <3
programmed.” &
o Q@ |
Artificial intelligence "
. LY,
= Turing test 9
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McKinsey’s Four Dimensions In
Al Value Chain

SO0 0

Smart R&D and Optimized Products and Enriched and
forecasting production with services at the tailored user
lower cost and right price, time, experience

higher efficiency and targets

RFE/ ANIE=SREEESE 181
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‘”‘ Laura Ellis - “

d Mark King o N
== Visit-No, - 90 B Visit No... 2 : - oL
Last Spent - $450 . === Last Spent - $230 Last Snent - §30

Visit No. - 75 UNKNOWN
™ Last Spent - $304
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Al IN MEDICINE
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Deep Learning for Detection of Diabetic
Eye Disease (2016)

B. DISEASED

A. HEALTHY

g = Hemorrhages

= 128,000 images

= Each image was evaluated by 3-7 ophthalmologists from
a panel of g4

= A separate validation set of 12,000 images

https://research.googleblog.com/2016/11/deep-
BEE N\ TEERI(IESE learning-for-detection-of-diabetic.html
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J AMA The Joumal of the
American Medical Association

JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY 0 9 5 0 9 1
Development and Validation of a Deep Learning Algorithm = @
for Detection of Diabetic Retinopathy

Algorithm Ophthalmologist
in Retinal Fundus Photographs (median)
n = 9,963 images
AUC 99.1% [98.8, 99.3]
100 .—,__
f “The study by Gulshan and colleagues truly
8o |l represents the brave new world in
medicine.”

X
>_-1|60
=
§4o “Google just published this paper in JAMA
@ (impact factor 44.405) [...] It actually lives

20 up to the hype.”

0 20 40 60 80 100

1 - Specificity, %


https://en.wikipedia.org/wiki/F1_score

Deep Learning for Detection of Diabetic
Eye Disease (2016)

\L EyePACS-1: AUC, 99.1%; 95% Cl, 98.8%:-99.3%
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w
N 40-
" 80-
754
20- 'y
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1 - Specificity, %

= Algorithm’s F1-score: 0.95

= Median Fa-score of 8 ophthalmologists

RFE/ ANTEERELESHE

1 0.91
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Original Research
Thoracic Imaging

Deep Learning at Chest Radiography: Automated Classification of Pulmonary
Tuberculosis by Using Convolutional Neural Networks

™ Author List
Paras Lakhani, MD, Baskaran Sundaram, MD

1007 posteroanterior chest radiographs

AUC = 0.99 when AlexNet and GoogLeNet are combined using

ensemble.
AUC Test Dataset
Parameter Untrained Pretrained Untrained with Augmentation® Pretrained with Augmentation®
AlexNet 0.90 (0.84, 0.95) 0.98 (0.95, 1.00) 0.95 (0.90, 0.98) 0.98 (0.94, 0.99)
GoogLeNet 0.88 (0.81,0.92) 0.97 (0.93, 0.99) 0.94 (0.89, 0.97) 0.98 (0.94, 1.00)
Ensemble 0.99 (0.96, 1.00)

RFE/ ANTEERELESHE
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Figure 4

a. b.

Figure 4: (a) Posteroanterior chest radiograph shows upper lobe opacities with pathologic analysis—proven
active TB. (b) Same posteroanterior chest radiograph, with a heat map overlay of one of the strongest activa-
fions obtained from the fifth convolutional layer after it was passed through the GoogleNet-TA classifier. The

red and light blue regions in the upper lobes represent areas activated by the deep neural network. The dark

purple background represents areas that are not activated. This shows that the network is focusing on parts
of the image where the disease is present (both upper lobes).

HEE/ ANIESREEESE 194



Tumor localization score (FROC):
model: 0.89
pathologist: 0.73

arxiv.org/abs/1703.02442

(Slide Credit: Google Brain)


https://arxiv.org/abs/1703.02442

Cardiologist-Level Arrhythmia Detection
with Convolutional Neural Networks

i M\MMWM

34-layer Convolutional
Neural Network

SINUS | SINUS | SINUS | SINUS | AFIB AFIB AFIB AFIB

Goal: diagnose irregular heart rhythms, also known as
arrhythmias, from single-lead ECG signals better than a

cardiologist
196



Input and Output

Sequence-to-sequence

Input: a time-series of raw ECG signal

= The 30 second long ECG signal is sampled at 200 Hz

Output: a sequence of rhythm classes

= The model outputs a new prediction once every second

= Total 14 rhythm classes are identified

RFEE/ANIESREEESE
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Rhythm

(Mobitz 1)

Train + Val Test Train + Val Test
Class Description Example Patients Patients Class Description Example Patients Patients
AFIB Atiill Fibuille- I 4638 44 JUNCTIONAL Junctional 2030 36
tion Rhythm
AFL Atrial Flutter ‘ I | l 3805 20 NOISE Noise Www 9940 41
Second degree
AVB_TYPE2 AV Block Type 1905 28 SINUS Sinus Rhythm 22156 215
2 (Mobitz II) 4/ /
Ventricular 5 - SVT Supraventricular 6301 ey
BIGEMINY Bigeminy M 2855 2 : Tachycardia - :
Complete Heart - TRIGEMINY Ventricular o -
CHB Block 843 26 ! Trigeminy 2864 2l
™ J‘u.d\w
. Ectopic  Atrial —_— - Ventricular -
EAR Rhythm I ] Jh 'l | ‘ J\ 2623 == VT Tachycardia 4527 17
IVR Idioventricular ”TWW\ 1962 34 WENCKEBACH ' enckebach | || ‘I lw } 2051 29




Dataset

Training dataset
= Collect a dataset of 64,121 ECG records from 29,163 patients
= Each ECGrecord is 30 seconds long and sampled at 200 Hz
= Annotations are done by a group of Certified Cardiographic
Technicians
Testing dataset

= 336 records from 328 unique patients

= Annotations are obtained by a committee of three board-

certified cardiologists

fRFERE/  AIEERE(EESE 199



Model

34 layers NN

16 residual blocks

2 conv layers per block
Filter length = 16 samples

# filter = 64*k, k start from1and is

incremented every 4-th residual block

Every residual block subsamples
its input by a factor of 2

RFEE/ANIESREEESE

Input

conv

EN
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conv

EN
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Drropout

conv

pool

RelU

Dropout
conv

EN
Rell

Dropout

conv

pool

EN
RelU

dense

Softrmax
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Results — F1 score

Sequence F1

Metric

Set F1

Model 0.5 0.6 0.7 0.8

Cardiologist Score

Figure 3. Evaluated on the test set, the model outperforms the
average cardiologist score on both the Sequence and the Set F1

metrics.
RFE/ANIEZREEESE
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Results — Confusion Matrix

AFIB_ T T T T T T T T T T | 1.0
AFLt {1 B0.9
AVB_TYPE2} l- 1 180.8

BIGEMINY | :
_ CHB} N i B0/
X EAR T - 0.6
© IVR| ] T Hos
©  JUNCTIONAL | H 1 '
= NOISE l- 1 1794
SINUS | 1 140.3

SVT} 1
TRIGEMINY | l. 1 1192
VT 1 [10.1

WENCKEBACH _| ] ] ] ] | ] ] ] 1 | 1 1 . LI
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Recurrent Neural Network (RNN)

Y1 Y

The output of hidden layer @ @
are stored in the memory.

store

Memory can be considered X, X,
as another input.

HEE /) \TEZERI(LESE (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Long Short-term Memory (LSTM)

Other part of the network

Special Neuron:
4 Inputs,
1 output

Signal control
the output gate

(Other part of
the network)

Output Gate

“ Forget

Input Gate

Signal control
the forget gate

(Other part of
the network)

Signal control
the input gate
(Other part of
the network)

Other part Of the network (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

} a = h(cf(z,)

z @ multip]
O%Dutput Gat:, mu Ip y

f(2,)

Input Gate

Z ___@ f(z;) >,g(Z)f(Zi)

multiply
9(2)

Forget Gate

¢ f(#)

cf (zr)

Activation function fis
usually a sigmoid function

Betweenoand 1

Mimic open and close gate

< Z

¢’ = g(@)f(z) + cf (z)

Block

1,

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Multiple-layer |«
LSTM \‘

\ | ¥ = \

Don’t worry if you cannot understand th|s
Keras can handle it.

YONL
Keras supports A

"LSTM”, "GRU", “"SimpleRNN" layers \

EEETH'E" \

https://img.komicolIe.org/zo15-09-2o/src/14426967627131.g|f (Slide Credit: Hung-Yi Lee)

This is quite
standard now.



http://www.ee.ntu.edu.tw/profile?id=1020908

Predictive tasks for healthcare

Given a large corpus of training data of de-identified medical records, can we
predict interesting aspects of the future for a patient not in the training set?

e will patient be readmitted to hospital in next N days?

e what is the likely length of hospital stay for patient checking in? T

e what are the most likely diagnoses for the patient right now? and why?
e what medications should a doctor consider prescribing?

e what tests should be considered for this patient? l

e which patients are at highest risk for X in next month?

Collaborating with several healthcare organizations, including UCSF, Stanford, and
Univ. of Chicago. Have early promising results (no public paper yet)
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1/3 of the GDP

Manufacturing GDP of $178B, almost 1/3 of total
GDP

30% of the employment are in the manufacturing
sector

Cheap labor cost of $9.42/hr with average labor
productivity of almost $60k in GDP/person

17% corporate tax rate

HEE/ ANIESREEESE 265



McKinsey’s Four Dimensions In
Al Value Chain

SO0 0

Smart R&D and Optimized Products and Enriched and
forecasting production with services at the tailored user
lower cost and right price, time, experience

higher efficiency and targets

RFE/ ANIE=SREEESE 266



The Four-P Dimensions in Manufacturing

Project

-

Promote

Provide

REE/ ANIESREL®

Improve product design
Automate supplier assessment and price negotiation
Anticipate parts requirements

Improve manufacturing processes
Automate assembly lines
limit product rework

Optimize pricing
Predict sales of maintenance services
Refine sales-leads prioritization

Optimize flight/fleet planning and route
Enhance maintenance engineering
Enhance pilot training

PANN
A=
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