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Me, Us

» Tomer Shiran
- VP Product Management, MapR Technologies

- tshiran@maprtech.com

= MapR
- Enterprise-grade Hadoop distribution
- Apache Hadoop + infrastructure and management innovation
- > 500 paying customers

- EMEA offices in UK, Germany, Sweden and France (HQ in London)

» Twitter: #mapr



Hadoop Job Growth

Job Trends from Indeed.com
~-Hadoop =-Teradata - MongoDB == Cassandra
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Agenda

« Examples

« Data-driven solutions

Obtaining big training data
Recommendation with Mahout and Solr
Operational considerations

EEEEEEEEEEEE



Recommendation is Everywhere

EDITION: U.S. INTERNATIONAL MEXICO ARABIC

TV: CNN | CNNi | CNNenEspafiol | HLN

AN World

Home TV&Video NewsPulse U L [ULHE Politics Justice Entertainment Tech Health

The speech every woman should hear

By Frida Ghitis, Special to CNN
updated 8:26 AM EDT, Fri October 19, 2012

From around the web

We recommend

* "Argo’ recognizes forgotten heroes of Iran hostag

* Is Your Bedroom a Sleep Haven? Tips for Your
Private Oasis. Shibley Smiles

saga * “VMware, the bell tolls for thee, and Microsoft is
." NetworkWorld
* 'Goosobumps’ as daredevil jumps from edge of; ringing it.” Netwo o
space * Will NASA Ever R Apollo 13's Pl i From

the Sea? Txchnologist

* 13 Things Your Car Mechanic Won't Tell You Reader's
Digest
* Warmning Signs That Your Employees Are About To
Leave OPEN Forum

+ Early Diab Waming Signs You Shouldn't Ignore
Live Better America

* GPS Quiz: Test your knowledge

+ China's public getting more negative about the
world

*+ "2.5% of Americans died during civil war”

+ Blasts may have struck prison of torture in Syria

Media and
Advertising

® 00O ' a amazon.com: Nikon 071

&= (<} www.amazon.com/Nikon-D7100-24-1-DX-Format-Digital/dp/BO0BI9X7UC/ref=sr_1_1%ie=UTF8&qid=1383976339&sr=8... Q

(G Disney Passport photos fo 13 PeakDirect Client 5S¢ [T] Marketing [73 BugUst @ Foundations of Stat 8 Introduction to Infc @ Amazon.com: The ©

¥ Transcend 16G8 Class 10 SOHC Flash Memory Card (TS16GSDHC10E) $12.76

Customers Who Bought This Item Also Bought Page 10117

®

<
- —

Nikon EN-EL15 4-Year Camera / Nikon MB-D15 Grip Muls SanDisk Exyeme Pro 32 Nikon 18-140mm 13.5- Nikon 18-200mm 13.5-
Rechargeable Li-ion Camcorder Accident Bamery Power Pack for GB SDHC Class 10 UMS- 56G ED VR AF-S DX 5.6G AF-S ED VR Il Nikkor
Battery for Select DSLR Protection Plan ($1000- D7100 Digital SLR 1 Flash Memory Card NIKKOR Zoom Lens Telephoto Zoom Lens for
Cameras (Reta: 1250) Camera 95MBis 4 Nion

261 " 13 82 $596.95 rime 260
$54.95 $78.99 $269.99 $66.97 Orim. $846.95 Orime

What Other Items Do Customers Buy After Viewing This Item?

Nikon WU-1a Wireless Mobile Adapter for Nikon Digital SLRs
- 142

$48.30

Jedededesk (1,061
$196.95

Nikon EN-EL15 Rechargeabie Li-lon Battery for Select DSLR Cameras (Retad Packaging)
Fedododedt (261

$54.95

Nikon D7000 16.2MP DX-Format CMOS Digital SLR with 3.0-Inch LCD (8ody Only)
Fedededed: (784

$896.95

. Nikon 35mm f/1.8G AF-S DX Lens for Nikon Digital SLR Cameras

> re similar item

Special Offers and Product Promotions

o Baody Ony

+ Save $30.00 on Adobe Photoshop Lightroom § for every 1 qualifying camera you purchase offered by Amazon.com. Enter code OWFSFACM at checkout. Here's how

(restrictions apply)

WAsdBothloCan

e-commerce

NI
CISCO.

Recommend sales

opportunities to partners
- $40M revenue in year 1
- 1.5B records per day

Using MapR

Enterprise Sales

MAP

TECHNOLOGIES

™



Classification is Everywhere

Retulnljath ZIONS BANK®

- 600+ variables considered
for every IP address

- Billions of data points

 Using MapR

IP address blacklisting

- Identify anomalous patterns

indicating fraud, theft and
criminal activity

- Stop phishing attempts
 Using MapR

Fraud Detection

(¢ Fortune 100
A Telco

» Customer 360 application

 Each customer is scored and
categorized based on all
their activity

 Data from hundreds of
streams and databases

» Using MapR

Customer 360
Scoring & Categorization

MAPR
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Data-Driven Solutions

« Physics is simple: f = ma; E=mc?

« Human behavior is much more complex
- Which ad will they click?

— Is a behavior fraudulent? Why?

» Don’t look for complex models that try to discover general rules
- The size of the dataset is the most important factor

- Simple models (n-gram, linear classifiers) with Big Data

= A, Hale\q P. Norvig, and F. Pereira. The unreasonable effectiveness
of data. IEEE Intelligent Systems, 24(2):8-12, 20009.
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The Algorithms Are Less Important

Test Accuracy
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Focus on the Data

« Most algorithms come down to counting and simple math

« Invest your time where you can make a difference
- Getting more data can improve results by 2x
- eg, add beacons everywhere to instrument user behavior
- Tweaking an ML algorithm will yield a fraction of 1%

« Data wrangling
- Feature engineering

- Moving data around




Obtaining Big Training Data

« Can’t really rely on experts to label the data
- Doesn’t scale (not enough experts out there)

- Too expensive

« So how do you get the training data?
- Crowdsourcing

— Implicit feedback

. “Obvious” features
- User engagement

10
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Using Crowdsourcing for Annotation

R. Snow, B. 0'Connor, D. Jurafsky, and A. Ng. Cheap and fast —
but is it good? Evaluating non-expert annotations for natural
language tasks. EMNLP, 2008.

Emotion 1-Expert | 10-NE | k& | £-NE

Anger 0.459 0675 | 2 | 0.536

: Disgust 0.583 0.746 | 2 | 0.627

Cost Time Labels Labels Fear 0.711 0.689

Task Labels (USD) (hl’S) per USD per hr Joy 0.596 0.632 7 0.600

Affect 7000 $2.00 5.93 3500 1180.4 Sadness 0.645 0776 | 2 | 0.656

WSim 300 $0.20 | 0.174 1500 1724.1 Surprise 0.464 049 | 9 | 0.481

RTE || 8000 | $8.00 | 893 | 1000 | 89.59 valence [| 0759 | 0844 | 5 | 0.803

Event 4620 313.86 399 3333 115.85 A\'g. Emo. 0.576 0.669 4 0.589

WSD 1770 $1.76 8.59 1005.7 206.1 Avg. All 0.603 0694 | 4| 0613
Total 21690 | 25.82 143.9 840.0 150.7

Table 2: Average expert and averaged correlation over
10 non-experts on test-set. k is the minimum number of
non-experts needed to beat an average expert.

Table 3: Summary of costs for non-expert labels

Quantity: $2 for 7000 annotations Quality: 4 non-experts = 1 expert
(leveraging Amazon Mechanical

Turk and a “flat world”) MAPRY
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Using “Obvious” Features for Annotation

ﬂ Siah @siah 15 May

95 percent of my money comes from my R and Hadoop skills. Only P

5 percent from the PhD that | spent 4 years of my life on :) #rstats P )
Expand
aw  a w 25 Nov

E Started uploading some old #hadoop presentations to @slideshare . ® (
Looks like it doesn’t like Keynote speaker notes though. :( ®
Expand

> MAER



Leveraging Implicit Feedback

Users behavior provides valuable training data

Google adjusts search rankings based on engagement
- Did the user click on the result:

— Did the user come back to the search page within seconds?

Most recommendation algorithms are based solely on user activity
- What products did they view/buy?

- What ads did they click on?

T. Joachims, L. Granka, B. Pan, H. Hembrooke, F. Radlinski, and G. Gay.

Evaluating the accuracy of implicit feedback from clicks and query
reformulations in Web search. . : . .

13
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Increasing Exploration

ctr
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Can’t learn much
about results on
page 2, 3 or 4!
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Exploration of the second page

14

We need to find ways to
Increase exploration to
broaden our learning
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Result Dithering

« Dithering is used to re-order recommendation results
- Re-ordering is done randomly

« Dithering is guaranteed to make off-line performance worse

« Dithering also has a near perfect record of making actual

performance much better
- “Made more difference than any other change”

s TECHNOLOGIES



Simple Dithering Algorithm

« Generate synthetic score from log rank plus Gaussian
s=logr+ N(0,¢)

« Pick noise scale to provide desired level of mixing

Ar crexpée
« Typically:
e€[0.4,0.8]

» Oh... use floor(t/T) as seed so results don’t change too often

6 . TECHNOLOGIES



Example: €
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« Each line represents a
recommendation of 8
items

« The non-dithered
recommendation would
bel, 2, ..., 8
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Example: € =log 2 = 0.69
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« Each line represents a
recommendation of 8
items

« The non-dithered
recommendation would
bel, 2, ..., 8
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SRelcommendations with Mahout and
olr
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What is Recommendation?
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The behavior of a crowd helps us understand

what individuals will do...
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Batch and Real-Time

» We can learn about the relationship between items every X hours
- These relationships don’t change often

- People who buy Nikon D7100 cameras also buy a Nikon EN-EL15 battery

« What to recommend to Bob has to be determined in real-time
- Bob may be a new user with no history

- Bob is shopping for a camera right now, but he was buying a baby bottle an
hour ago

» How do we do that?
- Mahout for the heavy number crunching

_ Solr/Elasticsearch for the real-time recommendations

217 TECHNOLOGIES



Real-Time Recommender Architecture

———————————————————————————————————————————————————————————————————————————————————————————————————————

Complete history | Co-occurrence R Indexing |
(log files /tables) (Mahout) (Solr)
= — I T MAPR

| 74
— — — — : p

I /,

| Q A

|

|

|

ltem metadata Index shards
Recent history for : Search
single user ’ Web tier (Solr)

/

Recommendation

Note: All data lives in the cluster MAPR




Recommendations

Alice % O 4;35 Alice got an apple and a puppy

Charles % C/%) Charles got a bicycle

23
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Recommendations

Alice Alice got an apple and a puppy
Bob % O Bob got an apple
Charles Charles got a bicycle

24
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Recommendations

Alice

Bob % O ? What else would Bob like?

Charles

25
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Log Files

Alice

Charles

Charles

Alice

Alice

Bob

Bob

TREER @

26
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History Matrix

Q¥
Alice| ¢ | ¢ v
4

Bob

Charles t/ l/
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Co-Occurrence Matrix: Items by Items

5 % A O08
Q 1 | 2 %,
551 1 | o
-2 |2 1
Ao | |1

Q: How do you tell which co-occurrences are useful?
A: Let Mahout do the math...

EEEEEEEEEEEE



Indicator Matrix: Anomalous Co-Occurrences

SR =HOYS
Q 4
A\@b v
&n-
oS

Result: The marked row will be added to
the indicator field in the item document...

29 . TECHNOLOGIES




Indicator Matrix

% - oF
Q@ % That one row from indicator matrix becomes

4‘@‘5 Vv the indicator field in the Solr document used to
deploy the recommendation engine.

id: t4

title: puppy

desc: The sweetest little puppy ever.
keywords: puppy, dog, pet

indicators: Q (t1)

Note: Data for the indicator field is added directly to meta-data for a document in
Solr index. You don’t need to create a separate index for the indicators.

30 TECHNOLOGIES



Internals of the Recommender Engine

u LUCidWOf'kS" admin | Sign out | Users | Settings

Q: What should we
Dashboard : Artists .
Status Indexing Querying Access Control : Advanced reco m m e n d I f n eW u Se r
listened to 2122:Fats
:indicator_artists:Z 122 OR indicator_artists:303 _] W DO m i n 0 & 3 O 3 : Beatle S?

Create Alert | View Alerts

Results 1 - 10 of 152 for "indicator_artists:2122 OR indicator_artists:303" (6 milliseconds)
Sort by: date | relevance | random

e e e e A: Search the index with

Narrow your search

“ [ [ [
[

1710 Area 4 IN ICatOr artIStS.2122
mbid: 592a3b6d-c42b-4567-99¢9-ecf63bd66499 Gender ¢ ° ° °

OR indicator_artists:
area: United States — e
gender: Male , ’

indicator_artists: 386685,875994,637954,3418,1344,315154,694400,789739,1460,630993,716411,735157,684612,12108,12100,910856,774838,24107,4111,858195,29,745742,3331,162

- Find similar - Explain <

541902

mbid: 983d4fBf-473e-4091-8394-415c105c4656

name: Charlie Winston

area: United Kingdom

gender: None

indicator_artists: 997727,109601,815,830794,59588,900,2591,311520,696268,6238,56964,809858,42884,821586,22532,805582, 112605,2122,185581,242,303,719703,2129,125800,825
- Find similar - Explain <

MAPR
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Internals of the Recommender Engine

u LUCidWO rksm admin | Sign out | Users | Settings

1710:Check Berry is the
Dashboard : Artists .
Status Indexing Querying Access Control Search Advanced to p re CO m m e n d a t I 0 n

©

Results 1 - 10 of 152 for "indicator_artists:2122 OR indicator_artists:303"

Results 1 - 10 of 152 fo 12345678 9..15 16 Next—

1234567 8 { 1710

ur search
mbid: Bdecd2b-4567489C9-ecf63bd66499
1710
name: Chuck Berry
mbid: 592aj
— Chuc area: United States
area: Uniteq
gender: Male indicator_artists: 38f

685,875894,637954,3418,1344,315154,694400,789739,1460,630993,716

indicat tists: z R
ndicator_artists: 38664 milar - Explaln 4

1710 - Find similar - Ex|

8195,29,745742,3331,162

541902

mbid: 983d418f-47 3e-4097%838 SC105CA656
name: Charlie Winston

area: United Kingdom

gender: None

indicator_artists: 997727,109601,815,830794,59588,900,2591,311520,696268,6238,56964,809858,42884,821586,22532,805582,112605,2122,185581,242,303,719703,2129,125800,825

541902 - Find similar - Explain ¢

MAPR
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Toolbox for Predictive Analytics with Hadoop

Q

« Mahout
- Use it for Recommendations, Clustering, Math

« Vowpal Wabbit
_ Use it for Classification (but it’s harder to use)

» SkyTree

=129 4 AINALWGS - Commercial (not.open source) implementation
of common algorithms

TECHNOLOGIES I a
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Operational Considerations

- Snapshot your raw data before training
- Reproducible process

- MapR snapshots
- (Beware of HDFS so-called “snapshots” — not consistent...)

« Leverage NFS for real-time data ingestion
- Train the model on today’s data

- Learning schedule independent from ingestion schedule

- Look for HA, data protection, disaster recovery
- Predictive analytics increases revenue or reduces cost

— Quickly becomes a must-have, not a nice-to-have

TECHNOLOGIES I a
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Starting a Project or Moving to Production?

» Read the Hadoop Buyer’s Guide
- Free hard copies at the MapR booth

H@P - Or read it online: www.HadoopBuyersGuide.com

. Come to our office hour (right now, 2:45pm)
- Will be joined by Ted Dunning, Mahout Commltter
and author of Mahout In Action

Everything you need to know about choosing
the right Hadoop distribution for production

Robert D. Schneider = Contact MaPR
g - Data Science team that can help you with Hadoop
ubuntu® and predictive analytics

3 TECHNOLOGIES
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Thank You




