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ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data

Early artificial intelligence
stirs excitement.
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Google CEO: A.l. is more important than fire

or electricity

Catherine Clifford | 12:56 PM ET Thu, 1 Feb 2018

Go

Beck Diefenbach | Reuters

Google CEO Sundar Pichal takes the stage during the presentation of new Google hardware In San Francisco on Oct. 4, 2016.
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Al skills reign supreme in the fastest-growing jobs of the
year

Six out of the 15 top emerging jobs in 2018 were related to artificial intelligence, according to Linkedin.

By Macy Bayern | December 13, 2018, 6:07 AM PST

The big takeaways for tech leaders:

» Al has a prominent presence on the emerging jobs list, making up six of the 15 fastest-growing
Jjobs of the year. — LinkedIn, 2018

» The top five emerging jobs of 2018 include blockchain developer, machine learning engineer,
application sales executive, machine learning specialist, and professional medical
representative. — Linkedin, 2018



i, REUTERS
POLITICS FEERUARY 11, 20719 / 8:06 AM / UPDATED S HOURS AGO L

Trump administration unveils order to
prioritize and promote Al

3 MIN READ 4 f

WASHINGTON (Reuters) - U.S. President Donald Trump on Monday signed an
executive order asking federal government agencies to dedicate more resources and

investment into research, promotion and training on artificial intelligence, known as

Al



Al Index Report 2018 (aiindex.org)

Our Mission is to ground the conversation about Al in data.

The Al Index is an effort to track, collate, distill, and visualize data
relating to artificial intelligence. It aspires to be a comprehensive
resource of data and analysis for policymakers, researchers,
executives, journalists, and the general public to develop intuitions
about the complex field of Al.

Bernard Ghanem




Impact of Al on Research

Growth of annually published papers by topic (1996-2017)
Source: Scopus
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Impact of Al on Research

Number of Al papers on arXiv by subcategory (2010—2017)
Source: arXiv
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Impact of Al on Research (interdisciplinary)

Relative Activity Focus by Region and Al Research Sector in 2000 and 2017
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Impact of Al on Education/Training

Growth in introductory Al course enrollment (2012—2017)
Source: University provided data
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Impact of Al on Education/Training

Growth of AI+ML course enrollment — Non-U.S. (2010—2017)
Source: University provided data
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Impact of Al on Education/Training

Attendance at large conferences (1984—2018)
Source: Conference provided data
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Impact of Al on Education/Training

WIML workshop registration (2006—2018)

Source: WiML
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Impact of Al on IED/Jobs

Annual VC funding of Al startups (U.S., 1995 — 2017)
Source: Sand Hill Econometrics
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Impact of Al on IED/Jobs

Company earnings calls mentions — IT companies (2007—2017)
Source: Prattle
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Impact of Al on IED/Jobs

Job openings by Al skills required (2015 — 2017)

Source: Monster.com
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Impact of Al on IED/Jobs

Job applicants by gender (2017)
Source: Gartner TalentNeuron
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Why has AI/ML been so impactful?

Perfect “storm”

Large-scale data

Tools (e.g. deep networks)

Mathematical foundations

Hardware/Software systems (e.g. GPUs, TensorFlow)
Applications and industry adoption

Bernard Ghanem




Where 1s KAUST Iin all this?

)
'A‘A‘Miner Conference & Journal Ranking in: Computer Science / Al & Pattern Recognition

Rank Conference (Full Name) Short Name H5-Index
1 IEEE Conference on Computer Vision and Pattern Recognition CVPR 112.00
2 |EEE Transactions on Pattern Analysis and Machine Intelligence TPAMI 101.00
3 Expert Systems with Applications Expert Syst. Appl.  59.00
4 International Journal of Computer Vision cv 58.00
5 IEEE International Conference on Robotics and Automation ICRA 58.00
6 International Conference on Computer Vision ICCV 58.00
7 International Conference on Machine Learning ICML 56.00
8 Annual Conference on Neural Information Processing Systems NIPS 51.00
9 Journal of Machine Learning Research IMLR 49.00
10 Annual Meeting of the Association for Computational Linguistics ACL 48.00
11 IEEE Transactions on Audio, Speech, and Language Processing TASLP 46.00
12 Conference on Empirical Methods in Natural Language Processing EMNLP 45.00
13 AAAI Conference on Artificial Intelligence AAAI 44.00
14 |EEE Transactions on Fuzzy Systems TFS 44.00
15 Decision Support Systems DSS 43.00
16 Neurocomputing 39.00
17 IEEE Transactions on Evolutionary Computation TEVC 38.00
18 Pattern Recognition Letters PRL 37.00
19 Autonomous Agents and Multi-Agent Systems AAMAS 36.00
20 International Joint Conference on Artificial Intelligence IJCAI 35.00

https://aminer.org/ranks/conf
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Learn to Profile Users in Social Media

Input: A stream of tweets generated across the time
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Twitter Users

Tweets over time

Output: A set of keywords to profile the user at different point in time
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Prediction of preignition events in spark ignited
engines using deep learning

*  Pre-ignition is defined as ignition of the fuel/air mixture prior to spark plug firing
*  Highly stochastic event that can lead to engine destruction Model Loss

—— Train

*  We developed a deep learning model to predict preignition early in the engine cycle to avoid damage. B

Loss

Multivariate time-

series data Supervised Binary Classification Problem
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Federated Learning

TASK: Train machine learning models on millions
of mobile devices without sharing private data

Collaboration with  Google
Downloaded by 1bn+ Android users
Horizon 2020 call dedicated to FL

Forbes
The Verge -
Quartz The CEO of Google, Sundar ‘ ’ . : : i
TechRepublic i chai_ said g€, - Train models right on the device. 8
one ~ Pichai, said (May 2017): P . Better for everyone (individually.)

omputer Business Review = e ] Q
Motherboard Vice . . E ‘ /
Infoworld “... We continue to set the pace in g 8“‘”
m machine learning and Al research. g
Engadget We introduced a new technique
Tech Narratives for training deep neural networks E @ %
%gm on mobile devices called Federated 8’7
AndroidAuthority Learning. This technique enables
AndroidHeadlines q
e peop!e toruna sha'red mac'hme @
Digital Trends learning model, while keeping the +
The Exponential View underlying data stored locally on
vvcat Google o

StoSwoosle mobile phones..."

https://ai.googleblog.com/2017/04/federated-learning-collaborative.html



https://www.forbes.com/sites/kevinmurnane/2017/04/11/google-makes-your-smartphone-smarter-with-federated-learning/#7c1d9eb25a0f
https://www.theverge.com/2017/4/10/15241492/google-ai-user-data-federated-learning
https://qz.com/952986/google-goog-may-be-using-your-phones-keyboard-to-train-its-massive-ai-brain/?utm_source=dlvr.it&utm_medium=twitter
http://www.techrepublic.com/article/how-google-wants-to-crowdsource-machine-learning-with-smartphones-and-federated-learning/
http://www.zdnet.com/article/smarter-android-ai-powered-google-services-will-get-better-as-you-use-them/
http://www.cbronline.com/news/mobility/smartphones/google-wants-make-android-smarter-ai-algorithms-phone/
https://motherboard.vice.com/en_us/article/google-thinks-it-can-solve-artificial-intelligences-privacy-problem
http://www.infoworld.com/article/3188430/artificial-intelligence/android-gboard-smartens-up-with-federated-machine-learning.html
http://www.silicon.co.uk/
https://venturebeat.com/2017/04/06/following-apple-google-tests-differential-privacy-in-gboard-for-android/
https://www.engadget.com/2017/04/07/gboard-studies-your-behavior-without-sending-details-to-google/
http://www.technarratives.com/2017/04/06/google-develops-federated-machine-learning-method-which-keeps-personal-data-on-devices/
https://android.gadgethacks.com/news/google-introduces-ai-for-its-android-services-learns-from-you-without-compromising-privacy-0177003/
http://bgr.com/2017/04/10/googles-new-ai-doesnt-need-to-talk-to-the-cloud/
http://www.androidauthority.com/google-machine-learning-privacy-federated-learning-762978/
https://www.androidheadlines.com/2017/04/google-intros-ai-solution-based-on-federated-learning.html
http://www.tomsguide.com/us/google-federated-learning-autocorrect-improvements,news-24853.html
https://www.digitaltrends.com/mobile/google-federated-learning-android/
https://www.getrevue.co/profile/azeem/issues/publishing-in-the-platform-globalisation-google-s-deep-learning-chip-panpsychism-elephants-poo-graphene-108-52456
http://www.vvcat.com/view/187072.html
https://9to5google.com/2017/04/06/google-testing-new-differential-privacy-strategy-with-gboard-for-android/

Scale ML to 1000’s of GPUs

* Accelerate training
* Minimize communication
e Use very large mini-batch sizes
 Split a single model in multiple GPUs

NVIDIA

ey * Accelerate Serving (inference)

 Many instances of the same model
* Exploit common computation paths

ML for scientific data




Scaling Distributed ML with
In-Network Aggregation

Distributed ML training Designed and built
scales poorly due to

SwitchML
communication costs

Aggregzi\te modelk Workers stream model updates to
LLELEOIR A T s a 6.4 Tbps programmable switch

. that aggregates and redistributes
combined parameters
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https://sands.kaust.edu.sa/daiet/
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Tools and Foundations for
Understanding Images and Videos

Video Understanding Vision for Automation Fundamentals

* Activity Detection * SIim4CV * Optimization for CV&ML
« Efficient Search * Transfer Learning (sparse, low-rank, integer)

* Object Tracking | * Applications « Deep DNN Understanding
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ICTI\I'ITYHE] o CHALDNE PRDCRAM DT EaLLTON  ommor e

| Challenge Description |

Challenge Introduction

Large-Scale Activity Detection

ActivityNet Tasks

e Temporal Action Proposals (ActivityNet)
T sk s interded = ity of lgorth

TASK1 LETals

Mdddens  Temporal Action Localization (ActivityNet)

washing dishes baseball throw

Rhythmic gymnast
Shin Soo-ji's 1st Pitch

Guest Tasks

L -www.MyKBO.net

Sponsors: ) DeepMind

DETALS

ActivityNet: A Large-Scale Video Benchmark for Human Activity Understanding [CVPR’15] [Google Faculty Research Award (only one from SA)]

Key
Detection
Ground-truth
Time

(Background
IS sped up)

: Google Al Rl Ll



Natural Genomics Circuits - are complicated - we explore foundational
research on Machine Intelligence and Causal Reasoning to facilitate
Scientific Discoveries from our Single-Cell Genomics Experiments

Developing an Al system that thinks like a
scientist

@ nature video

Remodelling machine learning: An Al that thinks like a scientist

* hitps://github.com/allgebrist/Causal-Deconvolution-of-Networks/
¢ hitps://www.youtube.com/watch?v=rkmz7DAA-18&feature=youtu.be



Update of our Pillars

/WATER FTI

ENVIRONMENT “

ENERGY

o
FOOD / HEALTH *
(4

Strategic Goal — RESEARCH

“It is my desire that KAUST becomes one of the world's great institutions of research.”

DIGITAL “

=
King Abdullah ~

Jpportunities/Chalienges |

with high quality faculty and facilities

1 Researchers)

|
Recognized as a rich international University ‘
|

Biology, Energy...)

STRATEGIC INITIATIVES

new centers and new partnerships

1.2 Identification of additional priority areas based on global trends, subcritical strength,

cross-cutting, chances to excel

1.3 Additional pillars: Food / Health — emerging scientific trend and national demand
Digital — great opportunities & cross-cutting

1.4 Review of Research Centers: role, structure creation, sunset, new $ for IED activities

1.5 Review of funding modalities: baseline, internal competitive grants, Centers

1.1 New research priorities (Al/ML cybersecurity, robotics) through (cluster) faculty hires

Evolving environment: science & KSA

Catalyzing KSA economy

Aligning with national priorities, e.g
Vision 2030, knowledge economy
Complacency, risk averse?

Clarifying funding models & strategies

ntists, engineers and technologists.”

(]

King Abdullah

% Saudi

000 2010 011 2012 000 2014 2008 201

WEANTM NIV IV IVED

Entrepreneurship below potential

2.1 Require exposure to innovation & entrepreneurship of all students
2.2 New Division/Institute on Innovation and Entrepreneurship — future Business School?

2.3 New degrees/Prof Masters/MOOCS (Al, Data Sci, Cybersecurity, Bio-Eng, HealthTech...)
2.4 Create a Center for Teaching & Learning (to improve pedagogy for faculty & future grads)
2.5 Establish undergrad partnership/joint degrees with other Saudi institutions?

Adapt to Saudi job market

Gap between Saudi job market and
our offerings

Missing out on online platform
Need more entrepreneurship,
management, and soft skills

Not fully a 21% century digital univ.

007 20




The ML Hub Offerings

One-stop-shop for AI/ML on campus

* regular seminars and activities
o Invited speakers (academic & industry)
o nhew research and trends in the areas
o participation events (e.g. hackathon)

Bernard Ghanem



The ML Hub Offerings

One-stop-shop for AI/ML on campus

* network of AI/ML enthusiasts and experts
o mentorship and consulting
o brainstorming and collaboration

o Vvehicle for disseminating information (e.g.
news, research, job opportunities, etc.)

Bernard Ghanem



The ML Hub Offerings

One-stop-shop for AI/ML on campus

* hands-on tutorials and workshops
o practical starters
o Vvarious levels of Al/ML competence and use
o hardware and software awareness

Bernard Ghanem



The ML Hub Offerings

One-stop-shop for AI/ML on campus

 the AI/ML KAUST window to the world

o aggregation of our work in the field
o showcase our growing position in these areas

Bernard Ghanem



What's coming up next?

« Sci-Cafe: Al
o February 20"

 Hub Seminar (Prof. Zheng Qu, HKU)
o March 20t

Bernard Ghanem



The Machine Learning Hub
ML @ KAUST

Webpage: m!.kaust.edu.sa Twitter: @kaustMLhub Slack: the-ml-hub.slack.com
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