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Sponsored search

Google revenue around S50 bn/year from marketing, 97% of the
companies revenue.

Sponsored search uses an auction — a pure competition for marketers
trying to win access to consumers.

In other words, a competition for models of consumers — their
likelihood of responding to the ad — and of determining the right bid
for the item.

There are around 30 billion search requests a month. Perhaps a trillion
events of history between search providers.

Google Adwords and Adsense
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“DATA
S THE

NEW
OIL.

From the beginning of recorded
time until 2003, we created

5 exabytes s,
of data.

In 2011 the same
amount was created
every two days.

By 2013, It's
expected that
the time will
shrink to

10 minutes.

7 billion
DVIs.

Coined in
2006 by
Clive
Humby, &
British data
commerciallz
entrepreneur,
this now
famous
phrass was
embraced

by the

World
Economic
Forum in
az2011
report,

which
considsred

like oil.

“Data is the New Oil”
— World Economic Forum 2011

There are nearly as many bits
of information in the digital

universe as there are

stars In our actual

universe.

As of August 2012,
there were Just over

4 millio

[English is the dominant
language of the web.
But by 2014 it will be
Chinese,

if its current rate of

Top languay
Ll oy s (hay 2011

articles in the
English Wikipedis.

80%

of all humans own
a mobile phone of
some sart. Out of
§ billion mobiles,

1 billion are
smartphones. (In
Singapare, 54%

of citizens are

Just as a study of activity on Twitlor gave residents,
family members, and journalists advance wamning of details
about the devastating earthquake and tsunami in Japan,
high-frequency traders,
with the help of computer algorithms, use Big Data
o follow trends and to act quickly
on their findings.

These specialized algorithms
make split-second decisions to buy or sell a commodity.
New cable being laid under the Atlantic will shave
5 milliseconds

rom the current 85 milliseconds

It takes for trading instructions
to travel between

New York City
and London.

With new fiber-optic cable,
the round-trip time between New York
‘and London will be 58.6 milliseconds.

This 5-millisecond saving is worth
many millions of dollars to the trading
firms who use the cable (and who will

of all photos text pay millions to do o).

ever taken
‘wera taken
in2011. —
How they save 5 milliseconds

The depth of the Atlantic Ocean varies.
The new cable will lie on areas of the ocean

The new cabl takes a shallowsr,
therafore shorter route.










Data Science — A Definition

Data Science is the science which uses
computer science, statistics and machine
learning, visualization and human-
computer interactions to collect, clean,
integrate, analyze, visualize, interact with
data to create data products.

Turn data into data products.
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[ Explore the data ]
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[ Model the data ]
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—__ ____ e [ Communicate and

visualize the data




xploratory data analysis
* to generate hypotheses and intuition about the data;

prediction
* based on statistical tools such as regression, classificatio




Contrast: Databases

________Databases | DataScience _

Data Value
Data Volume

Examples

Priorities

Structured

Properties

Realizations

“Precious”
Modest

Bank records,
Personnel records,
Census,

Medical records

Consistency,
Error recovery,
Auditability

Strongly (Schema)

Transactions, ACID*

SQL

ACID = Atomicity, Consistency, Isolation and Durability

CAP = Consistency, Availability, Partition Tolerance

“Cheap”
Massive

Online clicks,
GPS logs,
Tweets,
Building sensor
readings

Speed,
Availability,
Query richness

Weakly or none (Text)

CAP* theorem (2/3),
eventual consistency

NoSQL:

MongoDB, CouchDB,
Hbase, Cassandra, Riak,
Memcached,

Apache River, ...



Contrast: Business Intelligence

Business Intelligence Data Science

Querying the past Querying the past present
and future
e FREAKONOMICS |
the prrnreeta Competing on
. THE HIDDEN SIDE OF EVERYTHING ;
NUMERAT] e Analytics
STEPHEN =
D —‘"E l“\. g sxT:ug_n_zx-'Hﬂ:";;i '
4 3 M 1AN AYRES SEH  STEWEN B, LEVITY
o poanesee  STEPHEN J. DUBNER




Contrast: Machine Learning

Machine Learning

Develop new (individual) models

Prove mathematical properties of

models Data Science

Improve/validate on a few, relatively Explore many models, build and tune
clean, small datasets hybrids
Publish a paper Understand empirical properties of models

Develop/use tools that can handle massive
datasets

Take action!



~ What is Machine learning?




Osman Khan to Carlos show details Jan 7 (6 days ago) 45 Reply | ¥ [

sounds good
+ok

Carlos Guestrin wrote:
Let's try to chat on Friday a little to coordinate and more on Sunday in person?

_ Carlos
Welcome to New Media Installation: Art that Learns

Carlos Guestrin to 10615-announce, Osman, Miche! show details 3:15 PM (8 hours ago) 4~ Reply | ¥
Hi everyone,
Welcome to New Media Installation:Art that Learns
The class will start tomorrow.

***Make sure you attend the first class, even if you are on the Wait List.***
The classes are held in Doherty Hall C316, and will be Tue, Thu 01:30-4:20 PM.

By now, you should be subscribed to our course mailing list: 10615-announce@cs.cmu.edu.
You can contact the instructors by emailing: 10615-instructors@cs.cmu.edu

Our course materials, syllabus, etc. are at:

Natural _LoseWeight SuperFood Endorsed by Oprah Winfrey, Free Trial 1 bottle,
- pay only $5.95 for shipping mfw rlk spam |x

Jaquelyn Halley to nherrlein, bee: thehorney, bee: ang show details 9:52 PM (1 hour ago) 45 Reply | ¥

=== Natural WeightLOSS Solution ===

Vital Acai is a natural WeightLOSS product that Enables people to lose wieght and cleansing their bodies
faster than most other products on the market.

Here are some of the benefits of Vital Acai that You might not be aware of. These benefits have helped
people who have been using Vital Acai daily to Achieve goals and reach new heights in there dieting that
they never thought they could.

* Rapid WeightL0SS
* Increased metabolism - BurnFat & calories easily!
* Better Mood and Attitude

* More Self Confidence

* Cleanse and Detoxify Your Body

* Much More Energy




Google

Search

Web
Images
Maps
Videos
News
Shopping

More

Manhattan, NY
10012

Change location

Show search tools

’ learning to rank

learning to rank

learning to rank for information retrieval
learning to rank using gradient descent
learning to rank tutorial

I'm Feeling Lucky »

Learning to rank - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Learning_to_rank

Learning to rank or machine-learned ranking (MLR) is a type of supervised or
semi-supervised machine learning problem in which the goal is to automatically ...

Applications Feature vectors Evaluation measures Approaches

Yahoo! Learning to Rank Challenge

learningtorankchallenge.yahoo.com/

Learning to Rank Challenge is closed! Close competition, innovative ideas, and fierce
determination were some of the highlights of the first ever Yahoo!

IPOF] Large Scale Learning to Rank
www.eecs.tufts.edu/~dsculley/papers/large-scale-rank.pdf

File Format: PDF/Adobe Acrobat - Quick View

by D Sculley - Cited by 24 - Related articles

Pairwise learning to rank methods such as RankSVM give good performance, ... In this
paper, we are concerned with learning to rank methods that can learn on ...

Microsoft Learning to Rank Datasets - Microsoft Research
research.microsoft.com/en-us/projects/msir/

We release two large scale datasets for research on learning to rank: L2R-WEB30k
with more than 30000 queries and a random sampling of it L2ZR-WEB10K ...

LETOR: A Benchmark Collection for Research on Learning to Rank ...
research.microsoft.com/~letor/

This website is designed to facilitate research in LEarning TO Rank (LETOR). Much
information about learning to rank can be found in the website, including ...




Given image, find similar images

THIS FHOTO 1S CURRENTLY UNAVAILABLE.

flickr
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2. Search mode:

1. Search mode:
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amaz David's Amazoncom ~ Today's Deals = Gift Cards | Sell | Help TBack-to;f%pcrﬁol Sevings

~)Try Prime 2200

Shop by

Hello, David Try 1 Wish
Department v Search | Booke. B Your Account v Prime v -\JCartv List v

‘Your Amazon.com  Your Browsing History ~Recommended For You ~ Amazon Betterizer  Improve Your Recommendations ~ Your Profile  Learn More

" Your A

com > Recommended for You > Books > Subjects > Science & Math > History & Philosophy

- These recommendations are based on items you own and more.
- Just For Today

Browse Recommended view: All | New Releases | Coming Soon

- Recommendations L LooKinsive!  Causality: Models, Reasoning and Inference
- History & Philosophy by Judea Pearl (September 14, 2009)

History of Science : Average Customer Review: yrirycieds v (10)
o - 2 In Stock

Philosophy of Biology

Philosophy of Medicine . List Price: $50.00

Price: $32.49 (& Addto Cart [ Add to Wish List

61 used & new from $28.00
[Jiownit [ Notinterested [ Yxrvr vy Rate this item

because you Models and more (Fix this)

LOOK INSIDE!

Lany
¢

The Lady Tasting Tea: How Statistics Revolutionized Science in the Twentieth Century
by David Salsburg (May 1, 2002)

Average Customer Review: yoyrycyey's V] (26)

In Stock

List Price: $18.88

Price: $13.88 (@ AddtoCart ][ Add toWish List |

81 used & new from $9.00

(Jrownit [_]Notinterested (3 Yrvryxvxvx Rate this item
Recommended because you added The Theory That Would Not Die to your Wish List (Fix tis)

The Eighth Day of Creation: Makers of the Revolution in Biol 25th Annive Edition
by Horace Freeland Judson (November 1, 1996)

Average Customer Review: yryryeyirys ] (10)

In stock on September 4, 2013

List Price: $56.00

Price: $36.09 (@ AddtoCart J( AddtoWish List

59 used & new from $26.95

[Jtownit []Notinterested [ Yxvr¥ervrv¥ Rate this item
because you Biology of the Cell (Fix tnis)

The Machin Lif

by David S. Goodsell (April 28, 2009)
Average Customer Review: Yryeyeyeyfs [v] (41)
In Stock

List Price: $25.00

Price: $17.49 (@ AddtoCart ][ Add to Wish List

92 used & new from $12.00




'''''''''''''''' 2008 Aug Sep Oct Nov Dec 2009



© Not manually gated @ CD4Tcells @ CD8Tcells
® CD20+Bcells @ CD20-Bcells @ CD11b- Monocytes
® CD11b+ Monocytes @ NK cells




Beating human Go masters

A‘.C-. : b =
tﬁ@.% Google DeepMind £03 AlphaGo
2 Challenge Match

8 - 15 March 20%6

<
"( )
" v .‘.
ﬁol:‘mo) ot IRAT rx e 4‘ /
ki

[.!._'u.' fe)”
L e =

R ¢

|




Face recognition

Example training images
for each orientation




Speech recognition

«ill ATET = 6:56 PM 13

¢¢ | need to hide a body 99

What kind of place are you
looking for?

reservoirs
metal foundries
mines

dumps

swamps
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-~ people’s ratings of movies: actors, directors, genre, ...)




Turing Award

‘Godfathers of Al honored with Turing Award, the
Nobel Prize of computing

Yoshua Bengio, Geoffrey Hinton, and Yann LeCun laid the foundations for modern Al

.

By James Vincent | Mar 27,2019, 6:02am ED

\ MOST READ

facebook

Facebook has been charged with housing
discrimination by the US government

From left to right: Yann LeCun | Photo: Facebook; Geoffrey Hinton | Photo: Geogle; Yoshua Bengio | Photo: Botler Al

Budget airline Wow Air collapses and
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The badges game

Attendees of the 1994 conference on
Computational  Learning  Theory  received
conference badges labeled + or —

Only one person (Haym Hirsh) knew the function
that generated the labels

Depended only on the attendee’s name

The task for the attendees: Look at as many
examples as you want in the conference and find
the unknown function
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-] China Open: Maria Sharapova beats
.| Ekaterina Makarova in three sets

aftec Viegas shooting

From Around the Web




Las Vegas shooting: Police search for
gunman's motive




The goal of learning:
Find this target function




(x1, f(x1))
(x2, f(x2))

(X3, f(x3))

Learning
algorithm

A learned function g: X =Y










........ A A FIE A v Where the label space

~* Spam filtering

e T T R R O " consists of two elements -







Instances and Labels

Xt Instahce Space

The set of examples :
that needtobe ...l 3

Designing an appropriate feature representation
of the instance space is crucial

Instances x€X are defined by features/attributes

i | The goal
classified | Find this 1

lea

Eg: The set of all possible
names, documents, sentences
images, emails etc. |

Example: Boolean features
e Does the email contain the word “free”?

Example: Real valued features
e What is the height of the person?
e What was the stock price yesterday?




An input to the problem SRRRa Feature function P
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The goal of learning:

Find this target function
learning is search over
functions













The goal of learning:
Find this target function




~ | Canyou learn this function? What is it?




- | canyou learn this function? what is it?
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x1 xz x3 x4 y

I 0 0 o










Resources

G.Petasis and A.Krithara, “M.Sc. Course in Data Science Lecture
1”, Univ. of Peleoponese — NCSR ”“Demokritos”

Hal Daumé, A Course in Machine Learning

Shai Shalev-Shwartz and Shai Ben-David, Understanding
Machine Learning: From Theory to Algorithms

Christopher Bishop, Pattern Recognition and Machine Learning.
Springer 2007.



-------------------------------------------------------------------------------------------------------

~* Machine learning (ML) — a subset of artificial intelligence (Al) — is




- Preparing and Architecting for Machine Learning(*)

- application and need for automation. ..










Feed Learner
Various Data

(e.g., structured and
unstructured)

“Learning”

Machine Learning System

Align Appropriate Type
of Learning System

(e.g., supervised and
unsupervised)

Output Data

il (9

WA

Present Results

(e.q., exploratory,
predictive and
classification)

© 2017 Gartner, Inc. [




Preparing and Architecting for Machine Learning(*)

Task

Supervised Neural network Computations are structured in terms of interconnected groups, Predicting financial
much like the neuronsin a brain. Neural networks are used to results

model complex relationships between inputs and outputs to find
patterns in data or to capture a statistical structure among
variables with unknown relationships. They may also be used to
discover unknown inputs (unsupervised).

Fraud detection

Supervised Classification and/or Computations are structured in terms of categorized outputs or Spam filtering

regression observations based on defined classifications. Classification
models are used to predict new outputs based on classification
rules. Regression models are generally used to predict outputs
from training data.

Supervised Decision tree Computations are particular representations of possible solutions Risk assessment

to a decision based on certain conditions. Decision trees are great

for building classification models because they can decompose

datasets into smaller, more manageable subsets.

Fraud detection

Threat management
systems

Any optimization problem
where an exhaustive
search is not feasible
LU HL AN Cluster analysis Computations are structured in terms of groups of input data Financial transactions
(clusters) based on how similar they are to one another. Cluster
analysis is heavily used to solve exploratory challenges where little
is known about the data.

Streaming analytics in loT

Underwriting in
insurance
WL HCES  Pattern recognition Computations are used to provide a description or label to input Spam detection
data, such as in classification. Each input is evaluated and
matched based on a pattern identified.

Pattern recognition can be used for supervised learning
as well.

Unsupervised | Association rule Computations are rule-based in order to determine the Security and intrusion
learning relationship between different types of input or variables and detection

Biometrics

Identity management

to make predictions.

Bioinformatics






Preparing and Architecting for Machine Learning(*)

Machine Learning Taxonomy for Use Cases (Cheat Sheet)

Predictive

Exploratory
{Used Often in Applied Machine Learning)

Business question: What business challenge would
you like to explore?

Example 1: What other factors contribute to a
consumer’s default on a bank loan that might help
better predict creditworthiness?

Goal: Determine patterns in data/groupings

(Used Often in Traditional Machine Learming)

Business question: What business challenge would
you like to predict?

Example 1: When will our insurance claim occur,
and what new factors will drive the next occurrence?
Or, what will our customers buy next?

Goal: Prediction

Unsupervised Learning

{No Prior Knowledge of Output; Used to
Classify Future Output)

Common ML algorithms include:
= Clustering

= K-means

= (enetic algorithms

= And more

Commeon ML algorithms include:
= Neural networks

= Decision trees

= Bayesian networks

= And more

© 2017 Gartner, Inc.

Machine Learning Guide




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

ffffffffffffff a) Determine Objective X X

BOSRNNS 1. Problem Understanding —
S (5% to 10%) b) Define Success Criteria

X
PO c) Assess Constraints X
X

R » Data Understandi a) Assess Data Situation
SRR . Ja naerstanding .
RN (10% to 25%) b) Obtain Data (Access)

.............. c) Explore Data

>

IO a) Filter Data

3. Data Preparation
i (20% to 40%) b) Clean Data

RS c) Feature Engineering X

.............. 4. Modeling|a) Select Model Approach

XK x| K| x| X

N (20% to 30%)|b) Build Models

SRR 5. Evaluati f Results a) Select Model
SRR . daluation o esu .
RN (5% to 10%) b) Validate Model

DSBS c) Explain Model X

R 6. Debl ¢ a) Deploy Model
SRR . Leploymen . . .
ns (5% to 15%) b) Monitor and Maintain X

BRI ¢) Terminate X




Learning
System

Q

Ingestion and Model
Integration - '
(ETL, Streams) il




Organize

Feature
Engineering

Problem

Taxonomy
Performance

Engineering

Compute
Optimization




Preparing and Architecting for Machine Learning(*)

Data Processing

~— (Feature Engineering) —
~ Processing Engine - - - - - I

I
I
Fc  ofkc oo ol
'Transform- Normalizat Cleaning

o ation ion and
~— Data Acquisition

~\ Encoding
- Data /
‘ Ingestion

|
1
|
|
|
H | 20 JRE R
. - _I_h .
STANE -2 b o
:
L -

~—— Execution —— Deployment —

Stream Preprocessing  Sample ' Training/ \&\— ———————————— :

D Processing Data Selection | Testing Set | | 1 ! W
- - —y
0 p  Platform '//’——' ——————————— : r.l—hr. r.J: >
- o ol R N I
_ _J 1Experimen- Testing Tuning, lIII
Mainframe = Y tation |
= Model ¢ “““ Tt T
Q Batch Data ' [ Engineering i ﬁ
loT Warehouse v !
Devices I S v Machine - 1 _ _ v + Data Storage
\ : J e e Algorithms Lo\ o J
D s T
! s s I
L fw< >f@) le)
I Clustering Learning I s )
I Algorithm Algorithm I Execution
- |
. J © 2017 Gartner, Inc.

Machine Learning Architecture



— Data Acquisition —

- Data Ingestion -,
|
..... : |
1 |
- W I
ERP : T I Data Processing
Databases I :
_____ \: Stream , e
Processin R
SRR D | Plaﬂormg : Data Acquisition g Deployment -
S D — > : I
D : - ,
B * 1 — 1
Mainframe : e — : v
S A —— rd Data Modeling
a ' BatchData |
. Warehouse |
loT 1 :
Devices : |

Discrete time series or
continuous? Data ingestion
pipelines should be reliable, fast
and elastic.

© 2017 Gartner, Inc. |~



Data Processing

i Processing Engine

e O O

1 .
i Transformation  Normalization

Cleaningand !
Encoding

\

AP s

Sample |
Selection |
1

Preprocessing
D

Much of the work involved in
organizing your data for ML

b can be described as feature
engineering.

—

Training/
Testing Set

C

Data
Processing

Deployment

©2017 Gartner, Inc. |- -




Data
Processing

S Execution Deployment
S Acquisition

Data
Modeling

..... -
N

( Data Modeling

------------ o ___Y_______ Machine Y .
A growing network of
commonly used

------ § g Algorithms §
algorithms is

@) TONREN o

Additionally, model
fitting and model

Clustering Learning
Algorithm Algorithm

evaluation should be
S ,_f\ """"""""""""""""""""" considered as part of

ERE - \/.\ . the life cycle.
S o © 2017 Gartner, Inc. | -




o

Data Processing

Data Acquisition Execution

Data Modeling

Will high-throughput

Deployment

— Execution A\

& @~

Experimentation  Testing Tuning

computing be needed for
execution?

For advanced machine
learning, higher power may
need to be provided via
compute kernels and GPUs.




Data Modeling

Data Processing
Data Acqusio'l Execution I Deployment

/'— Deployment

aY

»>
Will the execution and &
deployment be exploratory in
nature? Or will it need to be
operationalized?

Data Storage

—

© 2017 Gartner, Inc. |- -




Preparing and Architecting for Machine Learning(*

ACQUIRE ORGANIZE ANALYZE DELIVER
Data Sources Processing and Data Preparation :
Streaming/In Motion " I k" |33 LOB Apps
= : : =5 z z : ;
| 27 po—oo—oo [0
: um 6‘ Messaging _ Stream > Inclu?ies featug re
] IT Log loT Feeds | Protocols  Ingestion . ot Cleaning and >
| i | Rgl Time Transformation Normalization Encoding extraction and T T
mm & | o
! s=atiing Video RIT , lI HENSONBAION Execution and Operationalizing
2 = Traditional
@ QD ) a Q a ﬁ R Reporting |Interact i
Image Audio loT Platform - : W Devios
: Preprocessing Sample Training/ Analytic
‘ Sta»g}ng/ Al Rest Data Selection Testing Set ™ Capab)i?ities - SuB
i Operational Systems | 7 i Self-Service Smart Data
W \ Data Discovery
: : & Preparation/
Other | NoSQL ata Data Access a1
== 4 Modeling A4 e Visual
NoSQL | NoSQL ¢ Model N Exploration
i > - Engineering Columnar Embed
Other IMDB i P > 4 orage/
i v S(x) «— f(=x) Includes model i m
: = Clustering Learning  [RALMCCUIRAE In-Memory Analytic
e AP = | Algorithm Algorithm evaluation Tesltllporafy Dashboards App
_ SQL | RDBMS| +—*> = 'y 'y API
t i Logical Data Warehouse i-_;T
| ERPs & i e on = Data Storyteling
| =) 6‘ i = — | Traditional Data Distributed Process Services — INarrative [Automate
i i Transform : Al Marketpl
! Image Feeds | -— Management arketplace
Doc ! Aggregate ienizon : : ‘ | | | i or Datasets '
= i saL i NoSQL Other/ Enrich Data
| 9- i}i\ Zm Hadoop. Advanced API Store
| Video Text ITLog - Analytics
[“-i = Optional
-

Manage and Govern

Information Governance (including Metadata Management, Data Quality, Data Modeling, Master Data Management), Data Management (Data Admin, Security, Privacy and

Identity), Organization (People)

End-to-End-ML and Analytics:Architecture

|:] = Cloud, On-Premises or Hybrid

© 2017 Gartner, Inc.



Preparing and Architecting for Machine Learning(*)

Gartner recommends that technical professionals take the following
steps to prepare and initiate ML capabilities:

> Bulld a taxonomy for classifying the problems or challenges to be

solved by ML. ML algorithms can be overwhelming because there are many to
choose from. Organizations often spend too much time debugging models that
don't fit the data, business problem or challenge they are trying to address. Start
by categorizing to help reduce capabilities and to avoid overwhelming users.

» Evaluate self-service platforms that support data preparation and
applied machine learning. There are a variety of ML platforms that support
proprietary deep learning frameworks, but don't support common framewaorks
offered by the open-source community (such as Google TensorFlow, Caffe, Torch,
Deeplearning4j and so on). Gartner recommends evaluating self-service ML
platforms against their capability to interoperate with multiple deep learning

frameworks.




Preparing and Architecting for Machine Learning(*)

Gartner recommends that technical professionals take the following
steps to prepare and initiate ML capabilities:

>  Offer ML as a toolkit to data scientists rather than allowing them to

build their own customized algorithms. There are extensive toolkits available,
and they will likely support your use case or business challenge. Developing
customized algorithms can be a nontrivial undertaking and can expand your
architecture with unconventional integration to third-party tools. Gartner
recommends offering toolkits to be exploited by data science teams to avoid
potential integration challenges.

» Use the public cloud to start your initiative because it can elastically

scale to accommodate any reguirement. Amazon, Microsoft, IBM, Google and
many other cloud providers offer ML capabilities that can be leveraged to achieve

self-service capabilities.






