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Big Data Sheep
more data is better than complex algorithms #BigData

Big Data Sheep
more clean data is better than more data #BigData

Big Data Sheep
more labeled data is better than more data #BigData

Big Data Sheep
more smart data is better than purple data #BigData
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Data
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well designed software architectures

Personalization, experimentation, anomaly detection,
fraud detection ...
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¢ mint

ab OuickBooks.
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Product as is. Reasonable coverage. Reasonable coverage.
No customization. Segmentation. Personalization.
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Approaches.
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Broad Deep
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Push-button Push-scientist

Optlmlzatlon »
-- ML algorithms

-- data: more, better, smarter
-- features, selection J
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Push-button Push-scientist

Scale & Automation Opt|m|zat|on 4 ’
- model build . - ML aIgorlthms v 2
- mocjlel_deploy , —- data: more, better, smarter
- Slng e Instrumentation » .
\_ ) features, selection J
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Push-scientist

Invest in ML; start with a thin system

(A) best you can do in x weeks
(B) one step above prototype
(C) enough baling wire & duct tape to support a first use case
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Push-button

Invest in scale & automation; basic ML

(A) best generic model setup in y weeks?
(B) noticeably better than random?
(C) pack enough punch to be visible, but not more
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Push-button Push-scientist
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Platform Patterns.
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Stored

@datariver

feedback

%

periodically batch

train model

periodically

run models

>

personalized
content

pre-computed

content
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On-the Fly

personalized

feedback
content

compute
on-the-fly

%

periodically batch ¢
train model :

@datariver In-i-u l-i-



Aggressive
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feedback

API (capture)

asymptotically
real time!

personalized
content

API (deliver)




Aggressive
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API (capture)
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Model Building
Model Deployment
really
Data Store
Content Delivery
Analytics
Data Capture

now
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Model Building. What do you really need?

o I HO

algos Space data eval compute

operators metrics security  scalability

@datariver l I'I'i' u I-i-



Model Building. What do you really need?

o I HO

algos Space data eval compute

operators metrics security  scalability
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Model Deployment. What do you really need?

S| I.-Ia

envt ditto versioning deploy

sharing performance security  scalability HA
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What do you really need?

Jo!

Feedback Welcome, mmahadevan1 Signout Feedback

Hide terminated Q ¢

EXPERIMENT ING % START END MODIFIED STATUS

QBO registers-us-qa 100 Jul 22,2015 Dec 30, 2015 Jul 29, 2015 @ B X
QBO lightning-bolt-ipd-201505-ga 100 Apr27,2015 Jul 31, 2015 Jun 02, 2015 @ > X
QBO sangria-gulp4 100 Jun 08,2014 Jul 08, 2014 Jun 08, 2014 @ > ﬁ
QBO HomepagePlugin_1-ga 0.1 Jan22,2015 Jan 23, 2016 Jan 29, 2015 @ > X
QBO HomepagePlugin_20150311-dev 75 Feb28,2015 Feb 28, 2016 Apr 06, 2015 @ > X
QBO ProAssistPersonalPro_2015052... 0.01 Jun 15,2015 Jan 01,2016 Jun 16, 2015 @ » X
QBO lightning-bolt-ipd-201505-e2e 100 Apr27, 2015 Aug 31, 2015 Apr 27, 2015 @ > ﬁ
QBO Invoicelntuit-Show-Modal-dev 100 Aug 20, 2015 Aug 31, 2015 Aug 20, 2015 ® ﬁﬁ
QBO ipd-zero-state-dtx-201505-e2e 100 May 01,2015 Dec 30, 2015 Jul 29, 2015 @ B X
QBO lightning-bolt-ipd-201405-prod 100 Apr27,2015 Apr 28, 2015 May 06, 2015 ® ﬁ
511 - 520 of 647 Previous 51 u 53 54 55 Next
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Personalization Delivery. What do you really need?

44 A
@

instrument ditto exploit explore

sharing performance security  scalability
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Data Store. What do you really need?

ditto performance history

scalability triggers ~ consumers governance  sharing

@datariver
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Data Store. To HA or not to HA.

NOW

later

a revenue
j) driver

@datariver

in-app
critical user infrastructure
benefit cost
known build &
use cases operate




APls

@ SublimeText2 File Edit Selection Find View Goto Tools Project Window Help [34d] h‘(‘ es 06 Q A = 20% %) Sun1021AM Q =

UNREGISTERED

MTVL13047c4dd: ipd-batch-set2 nho2$ ||

# READ A PROFILE

# READ A PROFILE

qurl —header "Authorization:
Intuit_IAM_Authentication intuit_appid=$ap
plication2,intuit_app_secret=$credentials2
" $profile_endpoint2?namespace=sb.business
.accounting.models | python -mjson.tool

# ADD OUTPUT OF ML MODEL TO PROFILE

curl -X PATCH $patch_endpoint/97bc3ee6-
cfOb—-4357-adca-1c2fdaed4e57e -H Content-—
Type:application/json-patch+json ——data
@patch_add_payroll.json -H

"Authorization: Intuit_IAM_Authentication
intuit_appid=$application2,intuit_app_secr
et=$credentials2"

# READ PROFILE WITH OUTPUT FROM
RECOMMENDATION ALGORITHM

curl ——header "Authorization:
Intuit_IAM_Authentication intuit_appid=$ap
plicationl, intuit_app_secret=$credentialsl
" $profile_endpointl?namespace=devnetwork.
content | python -mjson.tool

Line 8, Column 50 Tab Size: 4 Plain Text

AR KO0 0oNEE s - mmEe
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Data Capture. What do you really need?

content ditto triggers ~ consumers  hjstory

=

sharing performance security  scalability
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Analytics. What do you really need?

Of Joal

content ditto performance  history

scalability  flexibility =~ consumers
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Experimentation & Personalization

@ Jabba I\d/e\(l

[SLEUIGENIEM Priority  Users  Applications  Feedback

Welcome, llita Signout Feedback
JABBA-DEMO Environment
?blue — Production v
Start Aug 05,2014 11:21 AM

End Aug 19, 2014 11:21 AM

Buckets Experiment Description Mutual Exclusion Segmentation Pages

Edit Buckets

BUCKET NAME ACTIONS @ /IMPRESSIONS

W blue 231/302

() white (control) 247 /410

Q©)red

g
]
o
c
2
g
<
®
2
K]
3
E
H

163 /299

641/1,011

Performance Across Test Buckets ¢
Click and drag in the plot area to zoom in
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Data Lake. What do you really need?

say ‘big data lake’
one more time!

@datariver In-i.u l-i-



Evolving Architecture. Before you know it...
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PPS

in-app personalized personalized direct feedback
data content content content

_T
o 0o -
©

4 run models ) a —
Fo Weo W raw data —— e

A4

) g )

\III

J

train models
periodically

re-run new

= R modelsl
. G

**terribly incomplete, mildly inaccurate



i

Not an Exact Blueprint



Know this
non-trivial
no one-size fits all

Upfront
what do you really need?
know thy target architecture

Do it!
working system in weeks
fast iterations — ship & test
interfaaaaaaaces!



TR i, .

puise

d L AT 4

- _

village

**not drawn to effort scale



Software architecture is the next frontier!
Fail fast still applies!

Personalize your personalization platform!
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better
algorithms

more, better, smarter
data

A Decade of Digital Universe Growth:
Storage in Exabytes

well designed
software architectures

s

8000
6000
4000
2000

°—

2010
2005
Source: IDC's Digital Universe Study, sponsored by EMC, June 2011
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A Brief Look at Anomaly Detection
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System health - servers, network
Cyber-intrusion detection
Enterprise anomaly detection
Image processing

Textual anomaly detection
Sensor networks

Fraud detection

Medical anomaly detection
Industrial damage detection

INTUIT
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Supervised
Unsupervised
Generic statistical
Information theory



Data

Low data volume
Invest in data acquisition
Invest in high coverage

High data volume

Invest in defining signal
Invest in labeling, tools, and crowdsourcing

@datariver In'i'U I-i-



Architectures Again

Data Collectors Labeling Processors (M&A)
Clickstream, User Input ... Crowdsourcing broad: time bounded
Real time, DBs ... Active learning deep: open ended

—— I 4 run models )
FOONTE S ;\' % Y
l } ] “ ="

vl axy

**check assumptions
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Have you ever clicked
your mouse right HERE? i




Music Streaming
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Medical Informatics

@datariver In-i-u l-i-



better
algorithms

more, better, smarter
data

A Decade of Digital Universe Growth:
Storage in Exabytes

well designed
software architectures

s

8000
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2000

°—

2010
2005
Source: IDC's Digital Universe Study, sponsored by EMC, June 2011
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Thank you! Lucian Lita
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[always hiring]
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Extra Content







dea

Welcome, lita Signout Feedback

| )

JABBA-DEMO Environment
? blue 2 Production v

Start Aug 05, 2014 11:21 AM Total Impressions (2| 1064 Total Actions (2] 848 Assigned Users (2, 1012

End Aug 19,2014 11:21 AM Unique Impressions |2/ 1011 Unique Actions|z) 641 Sampling (2! 100%

Buckets Experiment Description Mutual Exclusion Segmentation Pages

Edit Buckets
BUCKET NAME ACTIONS B /IMPRESSIONS ACTION RATE IMPROVEMENT

® blue 231/302 76.5+7.5% 16.2 +10.5%
) white (control) 247/410 60.2 +7.3% N/A

Q) red 163 /299 54.5 +8.7% -5.7 +11.5%

641/1,011 63.4 =4.6%

Performance Across Test Buckets
Click and drag in the plot area to zoom in

umulative Action Rate
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App. Who does the App talk to?

personalized
content

- apply op logic
-- retrieve pre-computed

l l content

@datariver

personalized

data content

L, --retrieve static data
\& - apply op logic
w = - compute features
tey % - run model
SEEET T - og actions
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