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https://medium.com/@hackerearth/7-artificial-intelligence-based-movie-characters-that-are-now-a-reality-d2b91b97d9be



‘| propose to consider the question, 'Can
machines think?' This should begin with
definitions of the meaning of the terms
'machine 'and 'think'. ... [But] Instead of
attempting such a definition | shall replace
the question by another... The new form of
the problem can be described in terms of a

T &

game which we call the 'imitation game'.

-Alan Turing, “Computing Machinery and Intelligence™, 1950
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Al History

A Brief History of Artificial Intelligence



"\ Google DeepMind
Challenge Match

TODAY
1 9 9 6 § 1B supercomputer
§ Deep Blue defeated Garry Kasparov

https://en.wikipedia.org/wiki/Deep_Blue_(chess_computer)n-76882

https://en.wikipedia.org/wiki/Watson_(computer)
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Al in Healthcare

uturism.mead

10 Al Applications That Could Change Health Care

APPLICATION

Robot-assisted surgery
Virtual nursing assistants
Administrative workflow
Fraud detection

Dosage error reduction
Connected machines
Clinical trial participation

Preliminary diagnosis

POTENTIAL ANNUAL VALUE BY 2026 KEY DRIVERS FOR ADOPTION

I o5

s

Automatedimage diagnosis . 3

Cybersecurity

SOURCE ACCENTURE

'k

Technological advances in robotic
solutions for more types of surgery

Increasing pressure caused
by medical labor shortage

Easier integration with
existing technology infrastructure

Need to address increasingly complex
service and payment fraud attempts

Prevalence of medical errors,
which leads to tangible penalties

Proliferation of connected
machines/devices

Patent cliff; plethora of data;
outcomes-driven approach

Interoperability/data architecture
to enhance accuracy

Storage capacity; greater
trust in Al technology

Increase in breaches;
pressure to protect health data

© HBR.ORG



https://www.healthcentral.com/slideshow/8-ways-artificial-intelligence-is-affecting-the-medical-field

Robotic surgery

Da Vinci robot
Eye surgery in University of Oxford’

Heartlander mini robot on heart

Less invasive
Less complication
Faster recovery

C T en MY

https://thenextweb.com/science/2018/06/19/a-robot-operated-on-a-human-eye-for-the-first-time-ever/
https://www.cs.cmu.edu/~heartlander/index.html



https://thenextweb.com/science/2018/06/19/a-robot-operated-on-a-human-eye-for-the-first-time-ever/

Robotic or Virtual Nurses




® Range of Motion Test - Cervical ROM ® ~»
P Watch later  Share

https://medium.com/@coviu/artificial-intelligence-for-physiotherapy-1f22fb4ac5sf
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Medical Diagnosis

INFO SYMPTOMS QUESTIONS CONDITIONS DETAILS TREATMENT

WebMD Symptom Checkersem

Identify possible conditions and treatment related to your symptoms.

This tool does not provide medical advice. See additional information.

Age Gender

Male Female

How Watson Works

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

The ways IBM's system is used in medicine

=

Patient data

The doctor scans all availzble
information, including doctoe's
notes, test outcomes and the
resuits of imaging procedures
{X-rays, CAT scans and MRIs).

Watson has questions
In order to assure 3
structured case history,
the patient fills cut an
additional questionnalre

e
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http://www.spiegel.de/international/world/bild-1221543-1323685.html - .- -
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Genetic analysks Databases
The sequencing of a
tumor's DNA can help
analyze cancer. 1 Q'%
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Deep Learning
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Step 1

| Click the S-Detect for starting

‘ ultrasound system uses a deep-

- learning algorithm to make
recommendations about whether a
breast abnormality is benign or
cancerous. The “S-Detect for Breast”
feature is now included in an upgrade
to the company’s RS80A ultrasound
system and is commercially available
in parts of Europe, the Middle East
and Korea and is pending FDA
approval in the U.S.”

: osci.com/hoW‘—d‘e p-learning —?ee

“A new feature in Samsung Medison’s

Radiology and
Ultrasound images

r

ection

http://news.mit.edu/2018/Al-identifies-dense-tissue-breast-cancer-mammograms-1016

Region
proposal

Convolutional
layers

I\

Dense
layers

Region
pooling

Malignant

<> Benign

Normal

Detecting and classifying lesions in mammograms with Deep Learning
Dezs6 Ribli, Anna Horvath, Zsuzsa Unger, Péter Pollner & Istvan Csabai , 2018



https://www.nature.com/articles/s41598-018-22437-z#auth-1

A. HEALTHY B. DISEASED

Retina analysis

B Hemorrhages

.,

ik

“Working closely with doctors both in India and the US, we created a development dataset of 128K images
i W -

T T s | which were each evaluated by 3-7 ophthalmologists from a panel of 54 ophthalmologists. This dataset was
Development and Validation of a Deep Learning Algorithm  US€d to train a deep neural network to detect referable diabetic retinopathy. The results show that our
for Detection of Diabetic Retinopathy algorithm’s performance is on-par with that of ophthalmologists.”

in Retinal Fundus Photographs
Original Age Gender

ARTICLES

https://doi.org/10.1038/541551-018-0195-0

Table 5 | Predicting five-y prediction of cardiovascular risk factors from
validation dataset using \ retinal fundus photographs via deep learning

Risk factor(s) or model used Ryan Poplin', Avinash V. Varadarajan'4, Katy Blumer', Yun Liu', Michael V. McConnell3,
- GregS§. Corrado’, Lily Peng'** and Dale R. Webster*

Age only 0.66 (0.61,0.71)

SBP only 0.66 (0.61,0.71)

BMI only 0.62 (0.56,0.67) Actual: 57.6 years Actual: female
Predicted: 59.1 Predicted: femal
Gender 0n|y 057 (053,062} redic years redicie emale

Current smoker only 0.55 (0.52,0.59) Smoking HbA1c BMI
Algorithm only 0.70 (0.65,0.74)

Age + SBP +BMI + gender + current smoker 0.72 (0.68,0.76)

Algorithm + age + SBP + BMI + gender + current 0.73 (0.69,0.77)
smoker

SCORE®” 0.72 (0.67,0.76)
Algorithm + SCORE 0.72 (0.67,0.76)
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20 Gigapixel

images
Deep Learning for Identifying Metastatic Breast Cancer
Dayong Wang et al. 2016

i EES

* Error rate defined as 1 — Area under the Receiver Operator Curve
=* A study pathologist, blinded to the ground truth diagnoses,

3.5%
0.03 2.9%

0.5%

Study
Pathologist

Al model Al model
+ Study
Pathologist

scored all slides.

© 2016 PathAl

We obtain AUC of 0.925 for whole
slide image classification and a score
of 0.7051 for tumor localization.
Combining our deep learning
system’s predictions with the human
pathologist’s diagnoses increased his
AUC to 0.995, representing an
approximately 85% reduction in
human error rate.

We showed that it is possible to
train a model that either matched
or exceeded the performance of a
pathologist who had unlimited
time to examine the slides.”



SkinVision

Harmless mole?
Or potential skin cancer?

Take a photo of your skin spot Receive your risk indication Schedule your next check

Dermatologist-level classification of skin
cancer with deep neural networks
Andre Esteva et al. Nature 542, 2017

“We train a CNN using a dataset of 129,450 clinical
images—two orders of magnitude larger than
previous datasets—consisting of 2,032 different
diseases. We test its performance against 21 board-
certified dermatologists on biopsy-proven clinical
images with two critical binary classification use
cases: keratinocyte carcinomas versus benign
seborrheic keratoses; and malignant melanomas
versus benign nevi.”




lesion

'.‘\.',‘
Sy

~a, \‘\‘A—\
Artificial Intelligence ar:\“@\d%&gre’s Radar Technologies to Noninvasively Measure Glucose Levels
~—

https://www.wearable-zcie?hnologies.com/2018/09/artificial-intelIigence-and-googles-radar-technologies-to-noninvasiveIy-measure-glucose-levels/



@ Medopad x Tencent - Parkinspns disease

With activity analysis
Parkinson diagnosis
can be donein3
minutes instead of 30
minutes

An example of a therapy session
augmented with humanoid robot
NAO [SoftBank Robotics], which was
used in the EngageMe study. Tracking
of limbs/faces was performed using
the CMU Perceptual Lab's OpenPose
utility.

Image: MIT Media Lab

http://news.mit.edu/2018/personalized-deep-learning-equips-
robots-autism-therapy-0627
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@Egg} Kids with Autism Love Playing and Engaging with the Brain Power System
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How does the computer
learn to see?
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M e \\Ve are trying to develop automatic
V™ \‘%‘\” \ : 11 "
m 3 algorlthms that would “see”.
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MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966

Vision Memo. Ho. 100, | HOW It a”
started?

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen partu because it can be segmented into
sub-problems which will allow individuals to work independently and yet N
participate in the construction of a system complex enough to be a real I I I I I

landmark in the develeopment of "pattern recognition!l.
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What does It mean to
see?
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Understanding a scene as a
whole

Image

4 Classification
= Mmarketplace

* outdoor

N street

urban
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To know what IS where by Iooklng Marr 1982
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To know what IS where by Iooklng Marr 1982
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To know what IS where by Iooklng Marr 1982
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To know what IS where by Iooklng Marr 1982
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What actions are taking

Action
Recognition

woman
holding a
watermelon

person
riding a
motorcycle

woman
looking at
apples

woman
walking
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14

How vision relates to Ianguage? g

(& - ]

- a street scene with a person on a motorcycle.
- a person on a motorcycle along a farmers market ,
- awoman is showing a watermelon slice to a woman on a scooter.
- a person on a motorcycle talking to a person with a watermelon.
people at a veggle and fruit market looking at the merchandlse

* (i A 5

Image
Captioning



Joshua Drewe
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Traditional Machine Learning

VISION
: hand-crafted )
your favorite
features classifier “car”
SIFT/HOG

fixed learned

SPEECH |
‘||u|||| W‘ f}an?-crafted ” \
eatures . ' é
“|\| H | MECC classifier P
fixed learned
NLP
_ _ hand-crafted  favorite
This burrito place features é’;‘;sige:’ q wyn
is yummy and fun! Bag-of-words

fixed learned



Mimicking the Brain : Neural Networks

impulses carried
toward cell body

branches
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Neural Networks
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tput layer

hidden layer 1 hidden layer 2

»

B input layer

Network in the brain Artificial Neural Net



The Mammalian Visual Cortex iIs
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Deep Learning = End-to-End Learning

Trainable

. # [13 b1}
Classifier car

vann Lecun M.D. Zeiler and R. Fergus, “Visualizing and Understanding Convolutional Networks”, In ECCV 2014



A Deep Learning
algorithm is
presented with
millions of images
made up of simple
pixels.

Carey Nachenberg

Ultimately, the system

The algorithm discovers gains a high-level
simple “regularities” that are understanding of the
present across many/all original data...

images, like curves & lines. All automatically!

The algorithm discovers
how these regularities
are related to form
higher-level concepts.




Convolutional Neural Networks

ot: C3:1. maps 16@10x10
. feature maps 541, maps 16@5x5
INPUT

28x28
6e: S52:1. maps

32432
B@14x14

|
| Full canrllectinn (Gaussian connections

Convolutions Subsampling Carvolutions  Subsampling Full connection

[LeNet-5, LeCun 1980]
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A
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Kaiming He, Xiangyu Zhang, ‘ » = : ";!
Shaoging Ren, & Jian Sun. : ; ! & Ly
Deep Residual Learning for
Image Recognition. CVPR
2016.

Shaoging Ren, Kaiming He, : e Ci - N

Ross Girshick, & Jian Sun. = et - . ﬂ\
Faster R-CNN: Towards Real- — oo ‘_ﬁ MU‘E ¥
Time Object Detection with * = =r B R

Region Proposal Networks.
NIPS 2015.




ObJECt perso.n.w £0.989

«.» refrigerator :
1d-

detection

results on - 4
. knife : 0739

COCO L. = s

Kaiming He, Xiangyu Zhang,
Shaoqing Ren, & Jian Sun.
Deep Residual Learning for
Image Recognition. CVPR
2016.

Shaoqging Ren, Kaiming He,
Ross Girshick, & Jian Sun.
Faster R-CNN: Towards Real-
Time Object Detection with
Region Proposal Networks.
NIPS 2015.




COCOQA 33827 DAQUAR 1522 COCOQA 14855 DAQUAR 585

What is the color of the cat? How many chairs are there? Where are the ripe bananas sitting?  What is the object on the chair?
Ground truth: black Ground truth: two Ground truth: basket Ground truth: pillow
IMG+BOW: black (0.55) IMG+BOW: four (0.24) IMG+BOW: basket (0.97) IMG+BOW: clothes (0.37)
2-VIS+LSTM: black (0.73) 2-VIS+BLSTM: one (0.29) 2-VIS+BLSTM: basket (0.58) 2-VIS+BLSTM: pillow (0.65)
BOW: gray (0.40) LSTM: four (0.19) BOW: bowl (0.48) LSTM: clothes (0.40)
COCOQA 33827a DAQUAR 1520 COCOQA 14855a DAQUAR 585a

What is the color of the couch? How many shelves are there? What are in the basket? Where is the pillow found?
Ground truth: red Ground truth: three Ground truth: bananas Ground truth: chair
IMG+BOW: rod (0.65) IMG+BOW: three (0.25) IMG+BOW: bananas (0.98) IMG+BOW: bed (0.13)
2-VIS+LSTM: black (0.44) 2-VIS+BLSTM: two (0.48) 2-VIS+BLSTM: hananas (0.68) 2-VIS+BLSTM: chair (0.17)
BOW: red (0.39) LSTM: two (0.21) BOW: bananas (0.14) LSTM: cabinet (0.79)

M. Ren, R. Kiros, and R. Zemel, “Exploring Models and Data for Image
Question Answering” NIPS 2015
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Leon A. Gatys, Alexander S. Ecker, Matthias Bethge , “Image Style Transfer Using
Convolutional Neural Networks”, CVPR 2016
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Shortage of specialists to provide such a large
number of elderly and vulnerable people the
sufficient medical and social care

Intelligent technologies for contlnuous
monltormg of people eithe
nursing homes are require -

— improve their quality of li
— to reduce the cost of care

7,

Pinar Duygulu, August 2014, Ankara



Assistive technologies

Pinar Duygulu, August 2014, Ankara



Pinar Duygulu, August 2014, Ankara



Fall detection

3 «A») )))))

&

It may be too late after fall !

Prediction is more important than detection

Pinar Duygulu, August 2014, Ankara



Capture
usualness in
unusual videos




Video anomalies
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Zhao, Fei-Fei, Xing, CVPR
2011



Video anomalies




Cooking Activities: High Intra-class Variance
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Cooking Activities: Low Inter-class Variance

Ahmet Iscen,
Anil Armagan,
Puwar Duygul

N ‘&, A i ’
Workshop -en




Put in Pan or Put in Bowl?

P(“put in bowl!” | “cut dice”) > P(“put in pan” | “cut dice”)

P(“put in pan” | “spread”) > P(“put in bowl” | “spread”)

2 O 1 3 Workshop on Cooking and Eating Activities



Medical Device Use

Ahmet Iscen,
Pinar Duygulu

2 O 1 4 Workshop on Assistive computer Vision and Robotics



Asthma

Inhaler

Shake the inhaler (for 5 second)

- I -

Breathe out

Ahmet Iscen,
Pinar Duygulu

Put the inhaler about 2 inches in front of

your mouth
-

Breathe in and push down the button at the
same time
=i -

Hpss' Hpsd™Hps”

Hpy Hppd™Hpt”

Hps' Hps™Hpt”

E

Ml 1) | Ml 1

I
Hf= [Hfll Hfllvafllvy...

2014 *

Hold your breath for 10 seconds

orkshop on Assistive computer Vision an

Breathe out slowly

Hpt' Hpd™Hps” | Hpd Hpd™Hpnd™ | Hpd Hpd™ Hpd™ Hﬁ3IHf33vaf33vy]

Hpi' Hpi™Hps” | Hpd Hpd™Hps” | Hpd' Hpd™Hps™

Trajectory|HOG| HOF [MBH |Snippet Hist
Recall 95.31 |50.00{100.00|87.50 98.44
ecigion . 91.04 [22.70[91.43 [71.79] 100.00
score | 93.13 [31.22/95.52 |78.87 99.21




Infusion Pump

T

Ahmet Iscen,

Pinar Duygulu

2 O 1 4 Workshop on A

Actions Trajectory [ HOG| HOF MBH|Snippet Hist| ROI-BoW
Turn the pump on/off 91.52 |91.52|190.83|92.39| 97.23 89.40
Press buttons 79.93 |80.28(80.10|79.76| 83.91 88.33
Uncap tube end/arm port| 84.26 |85.64(83.56/85.47| 91.35 65.41
Cap tube end/arm port | 84.26 |83.91|83.91|84.26| 89.45 44.55
Clean tube end/arm port | 70.24 |73.18|77.51|74.05| 75.78 92.02
Flush using syringe | 88.75 |88.24/88.06/87.20)  92.56 94.80
SSISUNRLOMRYIREMISION GNURABOUERS 24(00. 14|  92.73 53.35
Average 84.16 |84.73|84.60/84.75| 89.00 75.41




Associating controlled data with
recordings

Pinar Duygulu, August 2014, Ankara



Linking with medical records

B ez 4

Inspired by machine translation

the beautgul s1n

soleil beau

Pinar Duygulu, August 2014, Ankara



Human Action Recognition

* There are various types of actions/activities

>

Single Actions Actions in Interactions Collective  Complex
Still Images Activities  Compositive

Activities

* The ultimate goal is to make computer recognize all of them
reliably.



Gland segmentation on
Histology Images
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“It is not the strongest species that survive, nor the most intelligent,
but the ones most responsive to change.”

Leon C. Megginson, paraphrasing Charles Darwin, 1963
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