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Cloud Native Data Pipelines

Big Data Companies like Linkedln, Facebook, Twitter, & Google
have large teams to manage their data pipelines (1005 of
engineers)

Most start-ups have small'teams (10s of engineers) & run in the

public cloud. Can they leverage aspects of the public cloud to
build comparable pipelines?
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Cloud Native Data Pipelines

Cloud Native
Techniques i
~ Data Pipelines seen
+ iIn Big Data companies

Open Source
Technogies
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Desirable Quahtles of a Resment
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Predictive

‘Use Gases . -



Use Cases

Focus of this talk

(Enterprise Protect) ‘




Use-Case : Message
Scoring ( )

Satch Pipeline Architecture




Use-Case : Message Scoring

S3 uploads an Avro file
every 15 minutes
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Use-Case : Message Scoring

Alrflow kicks of a Spark
message scoring job
every hour (EMR)
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Use-Case : Message Scoring

Spark:job writes scored
messages and stats to
another 53 bucket
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Use-Case : Message Scoring

This triggers SNS/SQS
messages events
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Use-Case : Message Scoring

An-Autoscale Group
(ASG) of Importers spins
upwhen it detects SQS

messages

]
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Use-Case : Message Scoring

The importers rapidly ingest scored
messages and aggregate statistics into




Use-Case : Message Scoring

Users receive alerts of
untrusted emails &
can review them in
the web app

26



Use-Case : Message Scoring




Architectural Components

Component Role
S3 Data Lake
@ Messaging
A5G e

Data Science
Processing

Workflow
Engine

Persistence for
WebApp

Uses

All data stored in S3

« All processing uses S3

Reliable, Transactional,
Pub/Sub

Used for importing,
data cleansing,

business logic

Aggregation

* Model Building
e Scoring

« Coordinates all Spark

Jobs & complex flows

Holds sulbset of data
needed for Web App

Salient Features

Scalable, Available,
Performant

Scalable, Available,
Performant

Scalable, Available,
Performant

Nice programming
model at the cost of
debugging complexity

Lightweight, DAGs as
Code, Steep learning
curve

Rails + Postgres
‘nuff said

Operability Model

Serverless

Serverless

Managed

We Operate

We Operate

We Operate
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Tackling Cost & Timeliness
Leveraging the AWS Gloud



Tackling Cost

Setween Daily Runs During Dally Runs

« When running daily, for 23 hours of a day, we didn't
pay for instances in the ASG or EMR

30



Tackling Cost

Between Hourly Runs

uring Hourly

RunNs

» When running daily, for 23 hours of a day, we didn’t pay for

instances in the ASG or EMR

» This does not help when runs are hourly since AWS charges at

an hourly rate for EC2 instances!
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Tackling Iimeliness
Auto scaling Group (ASG)



ASG - Overview

x What is it?

x A means to automatically scale out/in clusters to handle
variable load/traffic

x A means to keep a cluster/service of a fixed size always up




ASG - Data Pipeline

lpoHer
ASG

.

Ul / N0 8[eos
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CPUUtilization (Percent), NumberOfMessagesSent (Count), NumberOfMessagesRe ~ Sum v 1 Minute v

ACKd/Recvd

4/25
00:30

Left axis units: Count, Percent

B AWS/EC2 etl.tad.agari.com-asg-01 CPUUtilization

B AWS/SQS cousteau-import-receiver-ip NumberOfMessagesReceived
B AWS/SQS cousteau-import-receiver-ip NumberOfMessagesDeleted

awsec2-etl-tad-agari-com-asg-01-Low-CPU-Utilization

Average

v

5 Minutes

4/25 4/25

02:00 2:3 03:00

CPU Hight axis units: Count
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CPUUtilization (Percent), NumberOfMessagesSent (Count), NumberOfMessagesRe ~ Sum v 1 Minute v

Recv
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B AWS/EC? etl.tad.agari.com-asg-01 CPUUtilization BIAWS/SQS cousteau-import-receiver-ip NumberOfMessages St
B AWS/SQS cousteau-import-receiver-ip NumberOfMessagesReceived
B AWS/SQS cousteau-import-receiver-ip NumberOfMessagesDeleted

Premature Scale-in:

+The GPU drops to noise-levels before all messages are
consumea

This causes scale in to occur while the last few
messages are still being committed 3



Title: Scale out-Scale in ¢ Sum + 5 Minutes +

This causes the -
ASG to grow

B ApproximateNumberOfMessagesVisible ApproximateNumberOfMessagesNotVisible

Scale-out: YWhen Visible Messages > 0 (a.k.a. when gueue depth > 0)

Scale-in: When Invisible Messages = 0 (a.k.a. when the last in-flight
message is ACK'd)




Auto Scaling Groups

Sulld & Deploy
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ASG - Build & Deploy

Role

Spins up Cloud Resources

» A better version of Chef &
Puppet
e Sets up an EC2 instance

e Spins up an EC2 instance
for the purposes of building
an AM!

Details

e Spins up SQS, Kinesis, EC2, ASG,

ELB, etc.. and associate them
using Terraform

Agentless, idempotent, &
declarative tool to set up EC2
Instances, by installing &
configuring packages, and more

Can be used with Ansible &
Terraform to bake AMIs & Launch
Auto-Scaling Groups

39
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ASG - Build & Deploy
' q (G2 Step-l-Packerspins tip-atemporary

EGCZnode =ablank:canvas!

PACKER

e Step 2z Rackertuns-anAnsiblefoleragainst the
# el EC2T0d6E T setitup:

PACKER ECZ

41



ASG - Build & Deploy
— ¢ steprlPack | {
. # Egg nodea—ca %Ie?rﬁ)tlnc?a?w?/;s! i

PACKER

Step 2 zRackeriuns-anAnsiblesroleragainst ine
EG2NodetoSetitiD:

PACKER

Stepr3snapshotsthemaching &register the
AMIE

PACKER
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ASG - Build & Deploy
— ¢ StepilPack | i
. # Egg nodea—ca ile?rﬁ)tlnc?a?w?/;s! i

PACKER

0 Step 2z PackerrunsranAnsibleiroleragainst the
EG2NodetoSetitiD:

ANSIBLE

PACKER

PACKER

Stepr3snapshotsthemaching &register the
AMIE

stepidilerminates the EG2 instance!
PACKER
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ASG - Build & Deploy
— ¢ steprlPack | {
. # Egg nodea—ca %Ie?rﬁ)tlnc?a?w?/;s! i

PACKER

Q Step 2z PackerrunsranAnsibleiroleragainst the
EG2NodetoSetitiD:

ANSIBLE

PACKER

PACKER

Stepr3snapshotsthemaching &register the
AMIE

PACKER

Step 5 Using the AMI, Terraform spins up an
auto-scaled compute cluster (ASG)



Desirable Quahtles of a Resment




Tackling Operability &
Correctness

Leveraging looling



Tackling Operabillity :

= A simple way to author, configure, manage workflows

» Provides visual insight into the state & performance of workflow
runs

» Integrates with our alerting and monitoring tools

47



Apache Airflow A¢

Workflow: Automation: & scheduling



Author DAGs in Python! No need to bundle man

AJArflow DAGs DataProfing. Browse. Admin. Docs.

ep_telemetry_v2

4

ep_telemetry dag.py

from airflow import DAG, utils

from airflow.operators import »

from datetise import cdate, datetime, time, timedelta
from ep_telemetry _pipeline_utils import »

now datetime.nowl)

now_to_the_hour now. replace(hoursnow. time().
START _DATE now_to_the_hour + timedelta(hours
DAG_NAME ‘ep _1tle etry v

ORG_IDS get_active _org _Aids_string()

ep_data_pipeline'
START _DATE,
mport_ep_pipeline_ale ail_dl],
failure®: import_airflow ¢

import_airflow_en

tinmccelta(seconds
import airflow

schedule_interval

walt for collector
task_ide"wait
provide _contextsTrue,
python_callableswait
dag=daqg)

args=default_args, callback=sla_a

y config files!

49



Visualizing a DAG

ep_telemetry_v2

[==1

BashOporance

BranchPythonOperator

[crec-. for_time_to_buld_model_branch_condition

DummyOperator | | ExtemalTaskSeoraor | | PythonOperanor

= Y

J

[ e

bulid_sender_models_spark_job prejoin_preagg_dummy_job I
_—m——————e

buid_cdd_models_spark_job

buld_dom_rep_models_spark_job

check_for_successful_model_buliding_branch_condtion

sand_sns_notification_model_building_failed wal_for_previcus _hour

, -

\

cloar_spark oqs] l delete_db dasz { dscover_ingest_onabled_crgs | [ purge :LO]

‘
agoregate data_spark job
wait_for_new_data_in_db

wat_for_empty_queue

AQOIgALE_AD_Message_job MNQUELE_Rartng_jobs

.

send_omall_notification_flow_successful

00:15 UTC
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Gantt chart view reveals the slowest tasks for a run!

DAGs Data Profiling ~ Browse ~ Admin ~ Docs ~

ep_telemetry_v2

# Graph View ® Tree View ot Task Duration A Landing Times i= Detalls 4 Code

Run: 2016-02-26 23:00:00

wait_for_collector_ingest
check_for_time_to_build_model_branch_condition
build_sender_models_spark_job
build_cdd_models_spark_job
build_dom_rep_models_spark_job
check_for_successful_model_building_branch_condition
send_sns_notification_model_building_failed
prejoin_preagg_dummy_job

wait for previous hour
discover_ingest_enabled_orgs

delete_db_data

clear_spark_logs

purge_DLQ

aggregate_data_spark_job
walt_for_new_data_in_db

walt_for_empty_queue
aggregate_db_message_job

enqueue_alerting_Jobs

2358 27. Feb 00:02 00:04 00:06 00:08 00:10 00:12

vailes




Task Duration chart view show task completion time trends!

;.’Aidlow DAGs DataProfiling- Browse- Admin- Docs- 19:17 UTC

ep_telemetry_v2

® Tree View 1 Task Duration A Lan

. I Iﬂh

« aggregate_data_spark_job: 0.46766297416666663 |

Iy

wait_for_collector_ingest <@ check_for_time_to_build_model_branch_condition prejoin_preagg dummy_job ® purge DLQ
& clear_spark _logs delete _db_data o discover_ingest_enabled _orgs & aggregate_data_spark_job wait_for_new _data_in_db
& aggregate_db_message_job get_collector_msg_counts send_email_notification_flow_successful & enqueue_alerting_jobs

Hide all series Show all series




Agari - ep-ops

sid

% STARRED

Airflow

irflow . EP STAGE - ep_telemetry_v2 SLA Miss for task send_email_notification_flow sful on 2016-02-26T718:00:00
analysis Ml <id

" So, we need to catch up here.. any reason we don't want to just mark success for the many hours it is behind?

eng-ep S Airflow
# ep-ops " EP STAGE - ep_telemetry_v2 SLA Miss for task send_email_notification_flow sful on 2016-02-26T19:00:00

: . LIRS S ) ) uﬂl,‘-llu
ep-real-time-alerting

scotfree. ke ‘\.r‘iI‘J '.'.‘."lf'.il'f'. -

Airflow

ep_telemetry _v2 on etl-00.ep-old.prod.agari.com completed 2016-02-03 00:00:00 with High Discrepancies

Februarv 3rd
¢ Airflow

ep_telemetry_v2 on workflow-00.ep.stage.agari.com completed 2016-02-26 03:00:00 with 1 DLQs : Sample Exce

mﬁ Timeline Settings Reports @sanand -~

Al Yours
Triggered: O
Acked: O
Resolved
#1012 ALERT - Prod EP Piosline Discresency;

workflow O0.co orod agari com/agariog [Agan
Dataing)

2101 airtiow1clemetry” mi

Fel 24

"o

0 m Download the mobile app —+ @ > Get Help 53
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Use-Case : Message

Scoring (

N

3T

Pipeline Architecture

)



Use-Case : Message Scoring

Kinesis batch put every
second
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Use-Case : Message Scoring

»>

~ ASASG of scorers is
rscaled up to one pProcess
per-core per Kinesis shard

57



Use-Case : Message Scoring

Scorers apply the trust '

“model-and send scored : :
- messages downstream KiInesis

58



Use-Case : Message Scoring

i R 7-As ASG of |mporters S KIHGSIS
| sessesssss scaled tp to rapidly

Import messages

l* —




Use-Case : Message Scoring

*

: Imported messages are KIHGSIS
Iso consumed by the
alerter




Use-Case : Message Scoring

*

| Imported messages are KIHGSIS
Iso consumed by the
alerter




Stream Processing Architecture

Component

S3

Role

Data Lake

Messaging

General
Processing

General
Processing

Data Science
Processing

Workflow Engine

Persistence for
WebApp

Persistence for
WebApp

Details

All data stored in S3 via
Kinesis Firehose

Streaming transport
modeled on Kafka

ASG Replacement except
for Rails Apps

Used for importing, data
cleansing, business logic

Model Building
Nightly model builds +

some classic Ops cron
workloads

* Holds smaller subset of

data needed for Web App

Aggregation + Search

moved from DB to ES

Model Building queries
moved to Elasticache

Redis

headroom for DB (polyglo

Pros

Scalable, Available,
Performant, Serverless

Scalable, Available,
Serveriess

Scalable, Available,
Serverless

Scalable, Available,
Managead

Lightweight, DAGs as
Code

Rails + Postgres
‘nuff said

Faster. more accurate for
aggregates, frees up

persistence)

—

Operability Model

Serverless

Serverless

Serverless

Managed

We Operate

We Operate

We Operate

Managed

62
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Apache Av

*What is Avro2a
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What is Avro’/

® Avro is a self-describing serialization format that supports
= primitive data types::int,iong; boolean; float; string, - byles, elc...
» complex data types :records; arrays; unions,; maps,-enums, etc...

x many language bindings:Java, Scala; Python, Ruby, etc...

®x [he most common format for storing structured Big Data at rest in
HDES, S3, Google Cloud Storage, etc...

x Supports Schema Evolution!
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Why is Avro Useful?

= Agariis an ol company!

® Agari Sensors, deployed at customer sites, stream data to Agari’s
Cloud SAAS

x [Data Is sent via Kinesis!

E

Agar SAAS
=» > inAWS

Kinesis
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Why is Avro Useful’?

= Agariis an lol company!

® Agari Sensors, deployed at customer sites, stream data to Agari’s
Cloud SAAS

x Data Is sent via Kinesis!

® At any point in time, customers run different versions of the Agari
Sensor

k-

Agar SAAS

Kinesis
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Why is Avro Useful’?

= Agariis an ol company!

® Agari Sensors, deployed at customer sites, stream data to
Agari’s Cloud SAAS

®x [Data Is sent via Kinesis!

® At any point In time, customers run different versions of the
Agari Sensor

-'_‘ x [hese sensors might send different format versions of the

Agar sAAS
n AWS

Kinesis
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Why is Avro Useful?

= Agariis an ol company!

® Agari Sensors, deployed at customer sites, stream data to
Agari’s Cloud SAAS

®x [Data Is sent via Kinesis!

® At any point In time, customers run different versions of the
Agari Sensor

T‘ x [hese Sensors might send different format versions of the

Agar SAAS
n AWS

Kinesis
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Why is Avro Useful?

= Avro allows Agari to seamlessly:handie differentlolzaata format
VErsions

datum_reader = DatumBeader( writers: schema = writers_schema,
Sréadersischema:=readersischema)
Requirements:

e Schemas are backward-compatible

Agar sAAS

n AWS

Kinesis
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Why is Avro Useful?

= Avro Everywherel!

® Avro IS so useful, we don't just to communicate between our
Sensors & our SAAS infrastructure

® Ve also use It as the common data-interchange format between all
services (streaming & batch) within-our AWS deployment
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Why is Avro Useful?

= Avro Everywhere!
x (Good Language Bindings :

® Data Pipelines services are written in Java, Ruby, & Python
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Avro Schema Example

{"namespace":

"type”:
‘name’; "User’, <@ Schomaname :lser

"fields": [

p
o
p
]
}

h

h

h

d
d
d

Me .
BEletes

HICH

agari’,

record", ==_complex type (record)

name:, ‘type::
favorite _numuber’,
favorite _color”, *

1

string},

type™: ["string”, "null"]}

‘type’: [Mint, “null®]},

3

fleldsinine record: 1 required, 2

optional
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Avro Schema Data File Example

{"namespace": "agari”,
"type": "record”, et e et e atatesatetsesesegeseteseetes (oTe0e0
"name”: "User", | R R R R s

{"name": "name”, "type": "string"}, R e e I R R I R I SChema

("name": "favorite_number", “type": ['int", Mnull'l), -t

| 00001 %

{"name": "favorite_color", "type": ["string", _'j'h‘UII""]} 3 f.j'}if;-‘; E:ff'fi'_-'fjj-fi:::V;_f:'j‘jiﬁf;:{f-?;f{;-'ii:f_‘;f’:f:f: 3 Seoses | 18

]

}

Data
99.999 %

x 1,000,000,000

7




Avro Schema Streaming Example

{"namespace": "agari",

"type": "record”,

"name": "User",

"fields": [
{"name": "name”, "type": "string"},
{"name": "favorite_number", "“type": ["int", "null"]},
{"name"; "favorite_color", "type": ["string", "null"]}

]

}

Schéema
99 %

Jata
1%
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Avro Schema Streaming Example

{"namespace": "agari",

"type": "record”,

"name": "User",

"fields": [
{"name": "name”, "type": "string"},
{"name": "favorite_number", "“type": ["int", "null"]},
{"name"; "favorite_color", "type": ["string", "null"]}

]

}

SChema ~ OVERHEAD!!
99 %

Jata
1%
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Avro Schema Registry

_ampda

~roaucer ) |
}

J1AACQCQCAA0\ A
!?‘*-‘i;“;::;#f, {wj

. {"namespace”: "agar”,
register_schema | ps':record:
‘name”: "User’,
“fields”; |
{"name"; "name", “type": "string"},
{"name"; ‘favorite_number", "“type": ["int", "null"]},
{"name"; "favorite_color", "type": ["string", "null"]}
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Avro Schema Registry

_dmpdada

* register_schema returns a Uulb

viessage

—roaucer
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Avro Schema Registry

_dmbda

Message Producer sends UUI
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Avro Schema Registry

_dmpda

B getSchemaByld (UUID)
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Avro Schema Registry

=il ) getSChemaById (UUID)

{"namespace":
“type": “record"”,
“name": "User",
“fields": [
{"name": "name", "type": "string"},
{"name";: "favorite_number", "type": ["int", "null"]},
{"name"; "favorite_color", "type": ["string", “null"]}

agari",
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Avro Schema Registry

2l getSChemaById (UUID)

{"namespace": "agari",
“type": “record"”,

‘ , “name": "User",
‘ ‘ “fields": |
{"name": "name", "type": "string"},
{"name";: "favorite_number", "type": ["int", "null"]},
| {"name"; "favorite_color", "type": ["string", “null"]}
, N

Message Consumers
download & cache the schema

e then decode the data
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Avro Schema Registry

- Imported messages are

‘. 456 consumed by the
it - alerter
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Avro Schema Registry
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