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® Head of Al for STEM at Turnitin [2018-] tu rnitin®@

® Co-founder of Gradescope [2014-2018]

® Co-organizer of Full Stack Deep Learning program

About Me

® 35M students served at 150+ countries.

1B paper submissions.

® From TA side project to 80M answers graded
by over 10K instructors.

°hD Computer Science at UC Berkeley

2009-2014]

® Research in computer vision, deep learning
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My Goals For This Presentation

® Reach shared terminology
® Situate ourselves in history and possibility

® Understand Al product development
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Terminology

Artificial
Intelligence

General idea of “thinking machines”

Applied stats and ML for
Machine data analysis and prediction

Making data driven predictions Learning

Data
Science

State-of-the-art method for ML
Deep

Learning

Diagram courtesy of Eric Wang ASU GSV 2019 - Al Masterclass - Sergey Karayev



Types of Learning Problems
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"This product does what it is
supposed to. | always keep three
of these in my kitchen just in
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Diagram courtesy of Shayne Miel
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1950: Turing Test

® Alan Turing suggests test for determining
human-level Al

® Can the Al convince a human interlocutor
that it is another human?

¢ Today

® |ntelligence still defined tfunctionally

® No good argument against possibility of
superhuman intelligence

reCAPTCHA

Privacy - Terms

%y

I
I'm not a robot https://en.wikipedi
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1957: The Perceptron

® Frank Rosenblatt builds machines inspired by spiking
neurons

® Aggregate inputs, take weighted sum, apply non-linearity

¢ Today:
® The building block of deep learning y
‘_f ﬁ'/’ ’
. | e 8 R T NN a®
® Al Stl” IﬂfO ' ed by Neuroscience https://blogs.umass. edu/comphon/2017/06/15/d/d—frank-rosenblatt—/nvent deep-learning-in-1962/

inputs  weights

Dend rites

P

" Axon terminals W0 weighted sum step function
‘ C o B
L D
Axon -
Whn

.

https://medicalxpress.com/news/2018-07-neuron-axons-spindly-theyre-optimizing.html|
https://www.jessicayung.com/explaining-tensorflow-code-for-a-multilayer-perceptron/
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1960s-1970s: tirst summer and winter

® At first: lots of funding, great expectations

® "In from 3-8 years we will have a machine
with the general intelligence of an
average human being." - Marvin Minsky

(1970)

oy
v "I..'.'. e
. ™

® 1973: "In no part of the field have the
discoveries made so far produced the
major impact that was then promised"” -
Lighthill Report (cut most funding in UK)

\\ https://www.computerhistory.org/internethistory/1960s/
PROF. SIN .

MES LIGHTHILL
httos://www.youtube.com/watch? ASU GSV 2019 - Al Masterclass - Sergey Karayev



“Ouir first foray into Al was a program that did a credible job of solving
problems in college calculus. Armed with that success, we tackled high
school algebra; we found, to our surprise, that it was much harder. An
exploration of the child’s world of blocks proved insurmountable,
except under the most rigidly constrained circumstances.

It finally dawned on us that the overwhelming majority of what we call
intelligence is developed by the end of the first year of life.”

- Marvin Minsky, 1977

VS

https.//unsplash. com/photos/x4jfhkuDlmo https://www.casio.co.uk
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1980s and 1990s
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® Rise of "expert systems' { ' .
30 Output
Units
® Use of logic languages like PROLOG
. 5 llidden
® Another rise of neural networks Units

® Another Al Winter
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2000s: Machine Learning

Informed by stats, increasingly big data
Main techniques: SVMs
Hand-designed data representations
Today

® Full understanding that data trumps

algorithms
- 1 2 | ] L} 1 1 |
-4 - 0 2 4 b 8 10
PR P . - » » . . . . . . .
" 3 ; 4 httos://medium.com/deep-math-machine-learnina-ai/chaoter-3-support-vector-machine-with-

0\-\‘1'/-19;-#‘&\' i 43
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2010s: Deep Learning

Many perceptrons arranged in many hidden

ayers
Better than hand-designed data input layer
https://www.digitaltrends.com/cool-tech/what-is-an-artificial-neural-network/
. | IMAGENET
Combination of algorithms oo Accuracy Rate
(oackpropagation) and increased compute 20
power (GPUs) 80%
0 * - '
70% . o
: o g
Major breakthrough on challenge datasets 60% : !
L . $ o
in vision, language, robotics 0% o
o
40% g
Significant commercial applications 30% '
https://nvidia.com 20%
10%
® Traditional CV # Deep Learning
0%
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2020s: ?

Buzz, impact &
pervasiveness

A

A.l. “Winters”

1975 1990 2017

https://www.cambridgewireless.co.uk/media/uploads/resources/Al%20Group/AlMobility-11.05.17-Cambridge Consultants-Monty Barlow.pdf
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2020s: ?

A.l. gains scary

Buzz, impact & bet’\':‘i?wnyo?\rfhis effecti\'reness and
pervasiveness 5 pervasiveness
. outcome
\ Excitement fades,
certain applications
benefit hugely

A.l. “Winters”
? Bubble bursts,
/ \ next A.l. winter
arrives

1975 1990 2017

https://www.cambridgewireless.co.uk/media/uploads/resources/Al%20Group/AlMobility-11.05.17-Cambridge Consultants-Monty Barlow.pdf

ASU GSV 2019 - Al Masterclass - Sergey Karayev



Outline

® |ntroduction

® History and terminology

® What's possible, what's on the horizon, what's unknown
® Developing Al Products

® Picking the problem

® Data Flywheel

® Most Al code is not Al

® Roles and Hiring

® Example

e Q&A

ASU GSV 2019 - Al Masterclass - Sergey Karayev



Al i1s a Moving larget

Problem Before computer solution After computer solution
Advancgd éThe most difficult task for humans, must be Just an algorithm, no intelligence at
mathematical |
. most difficult for machines | all!
computation
A proving ground for human ingenuity and Obviously computers are able to
Chess o _
insight crank through more possible moves!
Speech Only humans are able to produce and Just translating between soundwave

undestand vocal language and text, no understanding!

| We can't even define what makes |
Humor ~ something funny, so how will a computer ?
| generate it? |
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What was possible yesteraay
& 306

https://www.researchgate.net/figure/An-lllustrative-example-for-USPS-Zip-Code-Data-Sample-from-17_fig1_320250462

® Recognize handwritten zip codes (1989)

® Selt-drive car across the US (1995)

FWANGEIINT '

® Beat humans at chess (1997)

"’, 5 ew
m)adelpm

® \acuum the floor (2002)
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rginia Beach

: TWARE
NS NOLOGY

\\\\\
\\\\\\\\\\

\

uarez V‘ — ’ ,|, ' \/ R
\ e | ‘ T S, T TN\
https://jalopnik.com/they-drove-cross-country-in-an-autonomous-minivan-witho-1696330141

2.4 45 3, Ne3 dxed

http://mentalfloss.com/article/5031 78/brief-history-deep-blue-ibms-chess-computer
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What's possible today

Car that can self-drive on well-mapped roads in
good conditions

Beat humans at Go

Recognize general handwriting

Recognize things and people in photos

Translate text from one language to another

F -

personk.’ 950,97 ] brilie1.00 1 % umbrella.96umbrella.99
‘ umbrellal,
p’m\""’s%erson.g brellal.00 | person1.00 ogmbrella.98

- . X
wmrso“m1 ”’”m'oohandbamm person1.00 m
: backpack.98

Transcribe speech to text and back

backpack-95 | pagkpack.96

WS"

Generate realistic human faces

bicycle.93

D- -
‘ - A

Stilted customer support

https://arxiv.org/abs/1703.06870

https://thispersondoesnotexist.com/
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What's likely within 5 years

Cars that can pick up passengers in restricted environments
Beat humans at complicated video game

Generate realistic videos

Generate realistic news articles

Generate realistic music

Customer support good enough to fool humans
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What's unknown

Cars that can self-drive and pick up passengers
on all roads at all times

A robot that is perceived to be as smart as a dog
An intelligent tutor in all subjects

"Almost all innovations in Robotics and Al take
far, far, longer to get to be really widely
deployed than people in the field and outside
the field imagine." - Rodney Brooks

Artificial General Intelligence (AGI) and
Artificial Superhuman Intelligence (ASI)

https://rodneybrooks.com/the-seven-deadly-sins-of-predicting-the-future-of-ai/
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The Singularity

® |dea that technological progress is

exponential, and will enter essentially
"vertical" growth

® Humans ---------—-—-- > AGI| -> ASI

® Some notable people are alarmed

Let's not worry just yet

THE KURZWEIL CURVE

Moore’s Law is just the beginning: The powerof technology will keep groming

expeentially, says Kiozwerl. By 2030, vou Il be alde 1o buy a device weth the

compatarional capacity of all mankind for the price of a nice refnigerator today.

Computer performance

1 -'1]:!

1030

Plotted by number of calculations per second per $1,000

Years by which, according to ... all human brains

Kurzweil, $1,000 of computation
will equal (or has already equaled)

the intelligence of ...

. one human brain .
Kurzwell's

ILRCE DATA FROM RAY RURZWENL

ittps://www.washingtonpost.com/news/morning-mix/wp/2014/11/18/why-elon-musk-is-scared-of-killer-robots
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Historical Predictions
SE) ¥ A Non-experts
o o O
People have been predicting ' 100
©
that human-level Al is 25 years =
away for a while.
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Disappearing Lines of Work

Years from 2016

25 o0 75 1 90

| | |

125 150 175 200
| | | |

Full Automation of Labor |
(All Human Jobs)

Al Researcher 4

High Level Machine Intelligence |
(All Human Tasks)

Math Research 4

Surgeon -

Putnam Math Competition -

Write New York Times Best-Seller
Retail Salesperson 4

Go (Same Training as Human) 1

When Will Al Exceed Human Performance?
Evidence from Al Experts

https://arxiv.org/pdf/1705.08807.pdf
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Disappearing Lines of Work

] Automation risk by job type, %
® |et's worry right now! 0 10 20 30 40 50 60

Food preparation

: Construction
® | ong-term benetfit, but short-term .
Cleaning
upheaval. Driving
Agricultural labour
® What to dO? Garmentman.ufacturmg
Personal service
Sales
® 10x more effective education Customer service

Business administration
Inf tion technol

® Stronger support systems TOTMation tecnototy
Science & engineering

Healthcare

® Radical societal re-org? & Hospitality & retail management

Upper management & politics

Teaching
Source: OECD

Economist.com

..ﬁ“

TRANSHUMANIST COMMUNISTI

https://www.transhuman-party.org/

https://www.economist.com/graphic-detail/2018/04/24/a-study-finds-nearly-half-of-jobs-are-vulnerable-to-automation




Outline

® |ntroduction

® History and terminology

® \What's possible, what's on the horizon, what's unknown
® Developing Al Products

® Picking the problem

® Data Flywheel

® Most Al code is not Al

® Roles and Hiring

® Example

e Q&A

ASU GSV 2019 - Al Masterclass - Sergey Karayev



t's Early Days!

2018 survey of 300+ ML-involved developers

Respondent Industry

Government (research) ——

—

Energy (production/exploration/etc.) .

Consulting

Other, please specify

Retail

Life Science/Bioscience/Pharma
Transportation

Academic or non-profit
Internet/Cloud/other IT provider
IT vendor

Medical/healthcare

Manufacturing/Engineering..
Manufacturing/Engineering Consumer..

Financial services/insurance

—

|

| | | | |

|

||

0% 2% 4% 6% 8%

10% 12% 14%

What phase are your Al projects in

-m.‘ﬁ
—_—Z —

- B e ‘;/'" —_ —_— ——

— =

£ Production rollout

~
\‘\\\ —

—_—

Lim

pur) >
- —— —
T, TR = e~ T~ -

ited deployment

Active application.. N

Architecture & planning

Feasibility study

— = —

today?

P et S
— —-= .

-~

N
\ N

—

=
<

p—

e

0% 10% 20% 30%

https://www.nextplatform.com/2018/04/24/lagging-in-ai-dont-worry-its-still-early/
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Evaluating a problem

1. Is automated prediction valuable?
2. |Is the required level ot accuracy teasible?
3. Will it move the needle for your business?

4. Will you be able to build a data moat?
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Cost drivers Main considerations

® Good published work on similar problems?
(newer problems mean more risk & more

Problem
difficulty

technical effort)

T i S --.. =~ A EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENENI]

® How costly are wrong predictions?

g

7 , |
/ Accuracy requirement ¢ ® How frequently does the system need to be right
! to be useful?

® How hard is it to acquire enough data?

Data availability ® How expensive is data labeling?

® Unique advantage?

Diagram courtesy of Josh Tobin ASU GSV 2019 - Al Masterclass - Sergey Karayev



ML project costs
scale super-linearly

Project
cost

with accuracy
requirement

50% 90% 99% 99.9%
Required accuracy

Diagram courtesy of Josh Tobin ASU GSV 2019 - Al Masterclass - Sergey Karayev



Product Design Can Reduce Accuracy Requirements

<_

People

Same person?

Grammarly

It can iterate with you in a tight feedback loop,
proposing additional relevant issues to consider. It
also exposes users to (potentially) new knowledge
that they can apply themselves in the future

the( or af

The noun phrase (potentially) new knowledge
seems to be missing a determiner before it.
Consider adding an article.

An article (a, an, or the) is a type of determiner.
Possessive adjectives (my, his, our), possessive

] . "
AL e~ { 'I'\AP A\QAP;\AA"P" -.ﬁA el l“'.ﬂ‘lgf\b’ﬁ ,E.HJ‘LQ

See “Designing Collaborative Al” (Ben Reinhardt and Belmer Negrillo):
https://medium.com/@Ben Reinhardt/designing-collaborative-ai-5¢c1e8dbc8810

LIAN Al Wiver -
redl ODaks Apartiments
G

A0 Ll

Data Visualization with Data Points
03.)s Cookbook
18 Nick Qi Zhu

Paperback - [y 3 2

Getting Started with D3 Visualization

» Mikea Dawar That

* Nathan Yau
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https://medium.com/@Ben_Reinhardt/designing-collaborative-ai-5c1e8dbc8810
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Defensible Al means ...
proprietary dataset L

N

Data is cheap Labels are expensive
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Usually: spend time and $

Buildings
Misc.
Roads

Tracks

[ ]
[ ]
[ ]
[ ]
1
=
[

Trees

Crops

Standing Water
Large Vehicles

Small Vehicles

L VT o )
e - 2 : e . i

https://cdn-sv1.deepsense.ai/wp-content/uploads/2
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Underrated: Synthetic Data

#BREAK Fry’ P.0.#K2976
querulousness, (HomeDepo t) BLUE#52

©.1% ventriloquial
Liquid

eating-a-modern-ocr-pipeline-using-computer-vision-and-deep-learning/
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https://newatlas.com/synthia-dataset-self-driving-cars/43895/

|[deal: Data Flywnheel

e
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“We believe a new, more powertul, business model has evolved from
its software predecessor. These companies structure their business
processes to put continuously learning models, built on “closed loop”
data, at the center of what they do.

When built right, they create a reinforcing cycle: Their products get
better, allowing them to collect more data, which allows them to build

better models, making their products better, and onward.

If software ate the world, models will run it."

- Wall Street Journal, Jan. 21, 2019, “Models Will Run the World”
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Not Flywheel-Driven

Data Users Product

’
Data Science / Bl Sales and Product/Design Engineering
Marketing

Diagram courtesy of Eric Wang ASU GSV 2019 - Al Masterclass - Sergey Karayev



Flywnheel-driven

A

Sales and Marketing cultivate
grow customer and user base.

A

A\ Data Engineers build and
\_/ maintain a powerful data

@9 v
‘ ' "‘ “ - ad platform.
More users \

Engineering brings ML :
enabled products to life.

Better product More data

0‘, 4/ &

e I
experiences leveraging data and el § @ — Machine Learning Scientists
ML. develop and iterate new Al
) n ’ Smarter Models ﬁ

Start here

capabilities.
Diagram courtesy of Eric Wang ASU GSV 2019 - Al Masterclass - Sergey Karayev

Data Scientists and Bl
analysts unlock insights and
enable data driven decisions.

Product/Design create innovative .
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Traditional Software

Unit Tests 1B Integration Sy§terp
Tests Monitoring

https://ai.google/research/pubs/pub46555

Data Tests

Skew Tests

ML Infrastructure Model

Tests Tests

Running Model
System Code = Training

ASU GSV 2019 - Al Masterclass - Sergey Karayev

s Jnit Tests = Integration
Tests

Machine Learning Software

Data
Monitoring

Prediction
Monitoring

Running
System

System
Monitoring


https://ai.google/research/pubs/pub46555

Machine Learning:
The High-Interest Credit Card of Technical Debt

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov,

Todd Phillips, Dietmar Ebner, Vinay Chaudhary, Michael Young
{dsculley,gholt,dgg,edavydov}@google.com
{toddphillips,ebner,vchaudhary,mwyoung}@google.com
Google, Inc

SE4ML: Software Engineering for Machine Learning (NIPS 2014 Workshop)
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Data Machine
Resource
Management

‘ Analysis Tools

Process

Verification Monitoring

Configuration Data Collection

Serving

Infrastructure

Feature
Extraction

Management Tools

Machine Learning:
The High-Interest Credit Card of Technical Debt

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydoyv,
Todd Phillips, Dietmar Ebner, Vinay Chaudhary, Michael Young
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Abstraction
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Al Development Worktlow

POSTED ON MAY 9, 2016 TO Al RESEARCH, APPLIED MACHINE LEARNING, CORE DATA

Introducing FBLearner Flow: Facebook's Al backbone

-

\

Features

\

)

FBLearner

Feature
Store

-

CPU

g

= Training

~

J

FBLearner
Flow

CPU+GPU

o)

[

-

Inference

~N

)

FBLearner

Predictor

CPU
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HOME ABOUT

PHOTOS COMMUNITY

é) Share

Have an HPCA-relevant workshop to run? Want to go
to Vienna in Februar
September 3.

y? Submit a proposal by




B FBLearner

FBLearner ch by wontow tag Q

m m Advanced search

My Runs My Test Runs My Recurmng Runs All Runs Custom +

0 Owner WorkBow Name Progress Start Tene «  Tops Log Loss AUC 0

O v 1047185 Manavees Jan Parameter Sweep Erampie S %9 00%pm IoNSon-demo ,"
o 1047298 Mahaveer Jan (eacant Boosswd Decisica Tree Tramng Loaming Rate 035 SIS 999 10pe 0 00105 095524 |
o 1047297 Manaveer Jan Geadent Boosted Desion Tree Traming Learning Rate 024 — %% 9 190m 000307 098776 |
o 1047296 Mahavee! Jan Gragent Eoosted Desion Tree Tramng Leasning Rate 0) — #9. 9 19pm 000104 095719 |
Lo Bk 1047295 Manaves Jan Qeadent Booted Decision Tree Travmung Ledening Raw 09 —— 9. 9 10pm 000022 R o A y
o W 1047294 Vahavee Jan Gradent Boosted Decision Tree Traming Learming Rate 02 — 9. 9 15om 000109 095798 |
Lo B 1047290 Vanavee Jan Geradent Boosted Decinion Tree Traiming Leaming Rate 015 A — 9 9 10pm 0001915 0 95887 l
Lo S 1047292 Vahavees Jan Ceadent Boosted Decsion Tree Trarmng Ledenng Rate 0 4 e — 9. 9 10pm 000106 095355 |
' B 1047291 Vahaveer Jan Gradent Boosted Decison Tree Traming Learming Rate 0 45 — %9 9 15pm 000110 09529) ]
o 2 1037778 Jasen Briceno Parameter Saeep Erampte S 5% 2 Y00 ‘
o Wi 950428 U Dhang Paramatet Sweep E1ampie S 1212 40pm |
o B L 900673 Jawes Chan Parametet Sweep Erample S 88 9 1ipm
Lo B 832281 Ot Ravaram FParamate! Sweed Erampie D 724 12 S6pm !
o 832027 Gt Rajaram Parametet Sweep E1ampie S 72412 34pm
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ActiVis: Visualization of Deep Neural Networks #15782570
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Search for people, documents, tor Q

@)instance selection

Left column shows cormrectly classified instances.
Right column shows misclassified instances, with border colors indicating
predicted classes.
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the US. ?

Label: LOC

Prediction scores:

[1] Class DESC: 0.50
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Breakdown of roles

Role Job Function Work product

Data engineer Build data pipelines, aggregation, storage Data systems
“““““““““““
““““““““

.........................................................................................................................................................................................................................................................................................................................................................................................................

g Bad orgs: all of the above i
Data Scientist Reports
~ Good orgs: answer business questions with data
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What skills are needed for the roles?

Size of bubble =
communication /
technical writing

High
‘ Data
engineer

ML O
Software Dev Engineer

Re: O
Data Researcher
scientist

Low Machine learning High

Low
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What skills are needed for the roles?

High Size of bubble =
19 communication /
technical writing
ML ‘
Software Dev Engineer
Researcher Q)
Data Researcher
scientist
Low

Low Machine learning High
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What skills are needed for the roles?

Size of bubble =
communication /
technical writing

High

‘ Data
engineer

- SWEs who learned ML on their
own .'

s

Software Dev | /015 with SWE experience

Re: O
Data Researcher
scientist

Low Machine learning High

Low
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What skills are needed for the roles?

High Size of bubble =
9 communication /
technical writing
‘ Data
engineer
ML ‘
Software Dev Engineer
ML experts. Usually PhD In
CS / Math / Stats
Data \
scientist
Low

Low Machine learning High
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What skills are needed for the roles?

High Size of bubble =
19 communication /
technical writing
‘ Data
engineer
ML ‘

Software Dev Engineer

Wide range of backgrounds,

common for science PhDs

Researcher ‘
Low

Low Machine learning High
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Hiring

Role Where to hire
Data engineer People with "Big Data" experience, ops-focused SWEs
ML Engineer SWEs that took ML courses, MS/PhDs interested in software dev
ML Researcher Hardest one. Huge talent gap!
Data Scientist Non-CS PhD with a data science project they can show.
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