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SmartNews Ads
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A/B testing
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When We Make Tech Choices



- Speed (50ms MAX latency
- Availability

- Scalability

- Operationally “Raku”

-+ Decouple-able

- People-Friendly (Engineers, Data Scientists, ..
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Why DynamoDB

People Decouple- Operationally

Speed  Avalaibility Scalability Friondly | able | “Raku’
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DynamoDB

No Single Engineer Needed To Operate It
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Audience Data in DynamoDB
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Audience Data in DynamoDB
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Yarn + Hive + Spark + Python™ + alpha

All data managed by Hive, stored in S3

Store no states inside the cluster

HDFS is used as a tmp/cache layer (dfs.replication = 1)
Use it elastically

e Scale-out for large jobs

 Multiple small clusters for difference purposes



" Ad Hoc EMR Cluster

When Need Do Experimental * Ad-hoc Data Work
(e.g. New Machine Learning Experiment, ..)



Ad Hoc EMR Cluster SmartNews

3 * $ ./start_new_cluster.sh lan_experiment \
IVE

——template ad_hoc \
—cores 10:c3.8xlarge:0.4

Meta store

Provisioning ...

Starting ...
{
"ClusterId": "j-99ABC12305QT"

¥
Done !
Master 1is:

ec2-123-45-67-89.ap—-northeast-1.compute.amazonaws. con

Dashboard Link 1is:
https://ap—-northeast-1.console.aws.amazon.com/elastic



Write directly from Hive to DynamoDB

- - set ddb_update.table.name=prod_smartad_dmp_audience;

pE set mapred.reduce.tasks=25;

—— set ddb_update.write.throughput=2500;
Slececy § set ddb_update.write.throughput.percentage=0.98;

Data Warehouse

select sum(write) from (

& -
Machine Learning | select i
i | ddb_update(device_id, *

R — | 'scores_my_test', scores, *

dab_updates | scoresTmy_test_ts , now()
) as write

3

Audlence Attributes

select x
from upload.scoring_my_test
cluster by rand()

) data

) t;

DynamoDB



We're Contributing

y-lan / monkey-spanner @Unwatch 4 #Star 8 YYFork 6

s branch: master ~ =

monkey-spanner / src / main / java / spanner / monkey / hive / GenericUDFDynamodbUpdate.java @
ﬁ y-lan on Feb 23 updated log in ddb_update ©
1 contributor i
222 lines (188 sloc) 9.697 kb Raw Blame History (@ L T

package spanner.monkey.hive; A~




Sometimes you even don’t need to distribute

Al

o /]

/
. /

top - 16:14:29 up 1:15, 2 users, load average: 21 30,

Tasks: 289 total, 21 running, 268 sleeping, «u” e D
0.0%hi, 0 O%si, 0.0%st

. O%wa
. O%wa

Cpud : 60.0%us, 1.3%sy, 0.0%ni, 38.7%id,
Cpul : 49.7%us, 2.7%sy, 0.0%ni, 47.7%id,
Cpu2 : 46.0%us, 1.7%sy, 0.0%ni, 52.3%id,
Cpu3 : 32.9%us, 0.0%sy, 0.0%ni, 67.1%id,
Cpud : 38.2%us, 0.3%sy, 0.0%ni, 61.5%id,
CpuS : 34.8%us, 0.7%sy, 0.0%ni, 64.6%id,
Cpub : 32.6%us, 0.3%sy, 0.0%ni, 67.1%id,
Cpu7 : 42.5%us, 0.3%sy, 0.0%ni, 57.1%id,
Cpu8 : 54.5%us, 2.0%sy, 0.0%ni, 43.5%id,

0.0%i, 0.0%si, 0.0%st
. @%na 0.0%!1;, 0.0%si, 0.0%st Model vCPU Mem SSD Storage

0%, 0.0%hi, 0.0%si, 0.0%st .
O%wa, 0.0%hi, 0.0%si, 0.0%st (GiB) (GB)
O%wa, 0.0%hi, 0.0%si, 0.0%st
O%wa, 0.0%hi, 0.0%si, 0.0%st
O%wa, 0.0%hi, 0.0%si, 0.@%st
O%wa, ©0.0%i. 0.0%si, 0.0%st - ) o

o~ I~ I~ I S S

COST

51 O

R e dl C C —— UL 4

0.0%st

32& ./predict.py . /experiment.model

0.0%st
0.0%st
0.0%st
0.0%st
0.0%st
0.0%st

0.0%st
Ffers

Lpucs @ >.3%Us, 24.7%sy,
Cpu23 :100.0%us, 0.0%sy,
Cpu24 : 67.%us, 32.1%sy,
Cpu25 :100.0%us, 0.0%sy,
Cpu26 : 74.0%us, 26.0%sy,
Cpu2?7 : 90.0%us, 10.0%sy,

pur
-

0.0%id, o. 0.0%hi,
0.0%id, o. 0.0%hi,
0.0%id, o. 0.0%hi,
0.0%id, 0. 0.0%hi

0.0%id, o. 0.0%hi .
0.0%id, 0. 0.0%hi,
0.0%id, 0. 0.0%hi
0.0%id, 0. 0.0%hi
0.0%hi ,

0.0%hi ,
87240k free,

-~ -

o pude pude
-0 w
L »

%%&%%

.

e ee §>F§SS
e

§§§§§§§

Cpu28 : 98.3%us, 1.7%sy,
Cpu29 : 98.7%us, 1.3%sy,
Cpu30 :100.0%us, 0.0%sy, 0. %ni, 0. o%id,

Cpu3l : 78.7%us, 16.6%s :
Y, 0.0%ni, 4.7%id, 0.
Mem: 251913536k ‘total, 115126296k used, 1367 oy
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-
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Reporting

Hourly reporting in Redshift
Query raw log in S3 through Presto
Query realtime data in Kinesis through Spark Streaming

Charting using Chartio

L L ) ] |II
i I 1"z .0 ull__pu" =
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We Using Both Redshift and Presto

Redshift Presto
Data in S3,
Data Core Structured Data Tables in RDS, etc.

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

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

Custom Patch,

Extensible No Functions, Connectors



We're Contributing

facebook / presto ® Unwatch ~ 454

Fix InvalidRange error and SocketTimeoutException in
PrestoS3FileSystem #2647/

N YE LGl y-lan wants to merge 2 commits into  facebook:master from smartnews:feature/fix_s3fs

s® Conversation 9 -0- Commits 2 [#) Files changed 1

y-lan commented on Apr 7

This PR fixes the following errors which may happen when querying data in S3 and cause query to fail.

« When calling S3.getObject(...).withRange(start, end), if start exceeds the length of object, AWS will
return an InvalidRange error with status code 416 . This shouldn't cause the query to fail.

« When calling skip() on S3 inputstream, sometimes we may get SocketTimeoutException or other I/O
exception. This currently cause the whole query to fail, but we can recovery it by reopening the
inputstream.

% Unstar 3451 ¥ Fork

Edit

+23 -8 HHEN

Labels

None yet

Milestone

No milestone

Assignee

B electrum

803
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Current working

Kinesis-enabled System



Online Learning based on Kinesis + Spark

<
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Realtime
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The Last



Our Wish List

 Lambda Avalilable to Tokyo Region
* Better way to control DynamoDB write capacity

e [Ime-to-live support in DynamoDB
o UDF in Redshift
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