Building real-time analytics
applications using

A LinkedIn case study
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LinkedIn Activity Data Model

Actor Verb Obiject



Activity Data Scale

Tens of million

610+ posts 3+ million 30 million
million ‘ e ‘ jobs posted ‘ companies
users per month

per day

‘ Trillions of events/day
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What can we do with all the activity data?



inot @ LinkedIn

50+ site facing use cases

AtHIN
Who viewed your profile

distribution and headcount growth by function

o’

Hundreds of thousands of l 10s to 100s of milliseconds

QPS at peak query time

o

pinot

Hundreds of billions of records
Tens of terabytes of data




Pinot @ LinkedIn

30+ internal products

DR

ThirdEye XLNT Internal
Apps

Hundreds of 1
QPS

o

pinot

Trillions of records
Hundreds of terabytes of records
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Use case 1: Article Analytics
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Option 1: Join on the Fly

Activity Table

4 \

SELECT M.industry, count(*)

v ....—»i FROM Activity as A

INNER join Member as M

Member

1d Action | Articleld Time

View Activity _ ON A.memberld = M.memberld
Like Stream Join WHERE A.articleld=<111>
Shares App GROUP BY M.industry
Comment - K )
. Me::be' Industry | Geo | Skills | Company
an

Member Tabl
ember Table e REALTIME ( Depending on storage)

e High Latency




Option 2: Pre Join + Pre Aggregate

: Stream_ -‘ ‘
- - Nl | App
Pre Join +
View Activity Pre Agg 4
Like Stream LoEs Bl SELECT industry, sum(count)
Shares P FROM PreJoined_Activity_Member
Comment - WHERE A.articleld=<111>
P GROUP BY M.industry

Member .
- 1d Industry Geo Skills Company \

Member Table

e Near real-time ingestion
e Low latency (unpredictable®)
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Option 3: Pre Join + Pre Cube + Pre Agg

Article Id

Industry

Action Time Count

Stream

Processing - "
Framework Pre Cube
View Activity
Like Stream Look Up
Shares <
Comment -
‘ SR || ey eo Kills ompany
- 1d G S C
(— ) Member Table
e \ery fast (mostly lookup)
e Batch (Hourly/Daily)
e Extra storage (Curse of dimensionality)
e Re-bootstrap on schema changes
\ ® Limited query capability )

® ~
(

SELECT industry, sum(count)
FROM PreCubed_Activity_Member
WHERE A.articleld=<111>

AND company ="

AND ... ="

@ROUP BY M.industry

~




Comparison

Pinot,

) Kylin
Presto, ’
: D_rwd, KV Store
BigQuery, ElasticSearch, o,
RedShift InfluxDB ino
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Latency

Flexibility



Publisher Analytics Architecture
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Can we use the activities data to improve the feed?



Feed Relevance
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Feed Ranking Perf Numbers

Companie

3 h: e ki b o
A @ T B oy SELECT sum(count) from T

Write an article on Linkedin Salesforce.com buys Salesforce.org
o s e WHERE memberld = <>

kTok snaps up ex-Snap employees
4,210 readers

e N AND article in (list of 1500 items

+ Follow Time lists ‘most influential’ people

Founding Engine
Mode Start

profile

oty P —— AND time >= (now - 14 d ays

e TR G ) action, 1tem, position, time

21 Comment

Rupesh Dabbir likes UC Berkeley Master's
Earn your master's in

Top-Ranked Jack Welch MBA
o N Share Most MBA programs st
¢\ Like =] Comment 2> Share great leaders. Ot
‘Apply by 0
H ybersecurity online in 20
Avik Das months. GRE/GMAT require
Soft din
d
. . . ) [ LEARNING
I've been helping a friend understend dynamic programming (OP for short), et e S
50 I've been on the lookout for gaod resaurces. The topic is covered all
ccover more ot . comd on the code 4 Finding similar values .
Discover across the web, but | found many of them focused on the code, ¢ .5 % tia

o 6400 5ms 25ms 45ms 100ms

& Lke ] comment

o o - Significant increase in engagement

Talend
35918 f
moted

+ Follow

If you're eager to s




Site Facing use case: Pinot vs Druid
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Sorted Index
Per query optimizer
Optional indexing
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What Business Insights can we generate from this data?



Posts Published: Breakdown By Country

04/09 04/12




Distribution: By Industry

Monthly Posts Published by Industry

I I I I @ computer software
— i financial services

Apr '18 Jul 18 Oct '18




Views: Breakdown by Referrer

null




Slice and Dice Ul

Metrics total_wvmp_pageviews X 4+ Add Metrics  Add derived metric

Add overlay
Breakdowns country code X <4 Add Breakdowns

Filters platform EQUALS: Desktop X + Add Filters

1000’s of Business
Metrics
Trillions of rows




Dashboard Pipeline Architecture

Activity Data

§€_

Ul
(Raptor)

Espresso

Member, l

Company, Metric Definition and
Article Data '
Compute Logic



Dashboard use case: Pinot vs Druid

e ~ 5000 random queries of the form
o select sum(views), time from T
where country = us, browser =
chrome,...
group by Date
e run sequentially one after the other

Pinot | Druid
Total 11 minutes 24 minutes
time

P o
o
C
)
-
o8
()
.
L

100 200 300 400
Latency (milliseconds)

p50 84 ms 136 ms
p90 206 ms 667 ms




Anomaly Detection
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Why don’t we mon/tor these metric and alert?



ThirdEye: Anomaly Detection

® clickthrough count Display Window @ Granularity @ Compare by @
Mar 6 - Apr 9 1 Hour split

clickthrough count

AVAVaVAVAY
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Baseline @ Investigation Period @ | Mar24,07:00 | to | Mar 31, 11:00

wolw

Outlier
Metric current baseline WoW Wo2W V¥ Links

clickthrough count +5.0%  +5.0%  +1.0%

ce_publisher_engagement_additive _




ThirdEye:Root Cause Analysis

18
Dimensions

action_type

article_domain

article_type

author_type

connection_count

country_code

industry

editor_tagged

memberLifeCycle

module_key

root_verb_type

std_portal

update_type

urlTreatment

user_interface

verb_type

Other Site (-0.6) Linkedin (-0.53) null (3.84)
3rd Party (3.69) 1t Party (-0.15) null (3.84)
Member (-0.66)

90-499 (-0.86) 500-999 (0.5) 1000-1999 (0.72) 2000+ (0.83) 30-89 (-0.

brazil (0. spain (..
ed states (-0.38) other (0.03) united king.. france (.. netherl.. india (.canada.. el germ.

australia... taly (. chi

computer s.banking..oil a.. auto. pharhumaacco.2du-
other (-0.14) information.. financ.

marketing ..hospita.. inter.. reta..high. real.law
not_tagged (-0.93)
fourbyfour (0.68) onebythree (-0.35)
ome. feed-item..

he
home-feed:phone (0.7) home-feed:desktop (. feed-item,
onten.

NULL (-1.56) linkedin:share (1.54)
NULL (2.27) desktop (-0... api (- thm i
NULL (2.27) member (-0.97) company (-.

VOYAGER (1.12) LINKEDIN (0.64)
share (-0.01) viral_update (0.17) content_po. 'e‘““o O

NULL (0)

phone app (0.74) desktop (-0.63)

phone br.

linkedin:share (-0.59) linkedin:like (0.53) linkedi..

linkedin...

Interactive

break down

sub-second

Multiple
queries




Anomaly Detection

SELECT sum(view), time
FROM PostView
GROUP BY time

TOP LEVEL

for d1in [us, ca, ... ]
for d2 in [chrome, ie, ... ]|

SELECT sum(view), time
FROM PostView
WHERE
country = d1
AND browser = d2
AND ...

GROUP BY time

MULTI DIMENSIONAL




Multi-dimensional anomaly detection challenges

for d1in [us, ca, ... ]
for d2 in [chrome, ie, ... ]

SELECT sum(view), time
FROM PostView
WHERE
country = d1
AND browser = d2
AND ...

GROUP BY time

1. Identifying issues requires monitoring all
possible combinations

MULTI DIMENSIONAL

2. No Id column (Articleld, Member Id)

3. Latency is unpredictable even with
Inverted Index

select sum(view) scan 60-70% of Slow

where the rows

country="us’

country="ireland’ scan <1% of the Fast

O




. Space-Time trade off

Latency

No pre-computation

__Partial pre-computation

Columnar Store
KV Store (Pre-computed)

Startree Index

Full Pre-Cube

\ T

Storage



Anomaly Detection: Druid vs Pinot

Pinot
Pinot - (Star tree Index)

(Inv Index)
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10
Queries per second




Anomaly Detection Architecture
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Plnot usage

v MarketPlace
v UberPool
50TB v UberFreight
1000 gps  , UberEATS 7 e

&% slack

M i.c r.osoft




Conclusion

Site Facing
Applications

Dashboard:
Business
Analytics

>
>
-

-

Activity Data

Stream _ . Anomaly
Processing Detection
Engine



Questions

Website http://pinot.apache.org
Slack apache-pinot.slack.com

Twitter Handle @apachepinot, @kishoreBytes



http://pinot.apache.org

