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Managed Apache Cassandra Service
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AWS Local Zones x AWS Wavelength ?!
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2019 Topics and Speakers

MODERATOR: MICHELLE LEE, VP OF AMAZON MACHINE LEARNING SOLUTIONS LAB

1:33PM - 2:03PM

Precision Medicine and Positive Outcomes: How ML can Help Tailor
Immunotherapies to Cancer Patients

Raphael Gottardo, Sciendtific Director, Translational Data Science
Inegrated Research Center Fred Hutch

2:04PM - 2:34PM

Deep Learning for Disaster Management and Response

Cornelia Caragea, Associate Professor, Science and Engineering Offices,
Computer Science

2:35PM - 3:05PM

Harnessing Al and Machine Learning to Create Smarter, Cleaner
Cities

Guido Jouret, Chief Digital Officer, ABB

3:06PM - 3:36PM

Deep Learning in Deep Nets: Helping Fish Farmers Feed The World
Bryton Shang, Founder and CEO, Aquabyte

3:54PM - 4:24PM
Deepfakes, Audiofakes, and the Future of Media
Delip Rao, Audiofakes, and the Future of Media, Al Foundation

4:25PM - 4:55PM

From Seed To Store: Using Al to Optimize the Indoor Farms of the
Future

Henry Sztul, Bowery Farming

4:56PM - 5:26PM
Big Data for Tiny Patients: Applying ML to Pediatrics
Judith Dexheimer, Cincinnati Children's Hospital Medical Center

5:27PM - 5:57PM
Machine Learning and Society: Bias, Fairness and Explainability
Pietro Perona, AWS



Deepfakes, Audiofakes, and the Future of Media
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F1—FI 15 (deep fake)
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Deepfakes, Audiofakes, and the Future of Media
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Alternative approaches
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Media Insights Engine

ML Vision Speech Recognition
Objects Celebrities Moderation Faces Video Text Amazon Logos
Confidence Threshold
1
I 90%

(21 identified objects, 1 unique)

* Indicates bounding boxes are available.

Download Data

Amazon Logo (instances / sec)

Label Quantity

0
o0 o0 o0 o0 0 o0 N L QL N o
®° ®° 00 260 20 o A0° 5 00 26° et
o o \N I\ \\Bd [\\id o o© I\ \NE
Time (mm:ss)

Asset ID: fca1abab-c215-4608-9641-b1cdd2d631f3

Amazon Rekognition ZfE>fc. EIEATOOIREN




Media Insights Engine

ML Vision

Objects

Confidence Threshold
90%

CPerson) ( Human ) ( Fum|ture ) ( Couch* ) | Sllllng ]| P!ant ) Appar81 ) ( Clothmg ) w Tlee w
( Vegetat|0n ) | Coat ) Overcoat‘w @ ( Face DI Indoors ) Tub ) | Electromcs ) | Chmc )
( Accessory ) Sunglasses) ( Accessones \ ( Interior DeS|gn ) ( Headset ) \ Robe )

(Wheel) ( Outdoors ) ( Fashxon ) Shop ) <Bathtub> (Headphones) ( Ammal ) \ Machme )

( Head ) Computer )

(510 identified objects, 35 unique)

Total Labels (instances / sec)

* Indicates bounding boxes are available. 1‘2‘
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Asset ID: 15826ba9-a2c3-4b44-be7e-b5dc4a963420
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AWS Media Insights Engine(MIE)
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[ Filter labelDetection Media Type? (defaultVideoStage)

./ N
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Meda Insights Engire Calection

Media Collection

Discover insights in your media by searching for keywords, objects, or even people

Thumbnad Created 1 Actions

2019.09.24721:32:04.000

2019.09.24721:16:41.000

AWS Media Insights Engine (MIE) (& Github L TRBEEhTULS
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| 3. 5@9*5@]12"@1 )

BTN o

X*f\ 3 (,CDt’ ‘J J 3 H/(IYouTube(Z 7vS




[IRDiED]
AWS re:lnvent 2018 Recap
COHRSHEMEYIa Y

Prime Video : CONERiE{LEEH
CDN balancer pipeline

®

@&

i

il ] i

21st Century FOX : OV 7 - Ywh—
W M TORR T 0O RRMEIRXEG

88
2 2935|@
. O
(Fox) L
= Los Angeles
&S] Aws PDX
et
FEGENENGINE LM
SCNENGINE @ CACHENGINE
telestrean ,_&,' Web
PemaE 2aspers telestrean | N~ uses
A
Integrated Appliance P q
r 0
[— 8

i Invent

Sky News : AI/MLEEDTU JlJ’S"I’L\
L J@HEAI/ML




ProSiebenSat.1 Media SE : BEEZ& %
FIALEZSTLEXRRY + CM OOffi{igsEEd

aws
= Training
S ——
Data .
Data-generating ETL ) & ‘
process lake Build ¢
Data
scientist
0,0 Interf @ Model
'h‘ T repository
End user Amazon Elastic (@)
Inference n

Architect

Hotstar : RIFRHEGH+T X AR =L
LieS T Jt{EnEH
=

==
el
: &
< L]
N L ‘ ! ) ‘ ‘ ‘ . MediaPackage
O Bl @ 92— e Py
.t |- o
& e o Medialive N :
- & N
B2 .
—_—
& PLAYA
Do I e it
= |

Prime m\n;ideuzw: RONAT BEDFT—%
WY SR ESS

Role-based access control for data lake
S/

W o
= —
% \A}i» AP Calls
Producers a>

Amazon
Amazon EMR Amazon S3
Redshift

/Zd‘)' Data lake on
~p
\E'B)’ Amazon S3

Subscribers @ E G& @

Amazon  Amazon Redshift Amazon Amazon
Redshift Spectrum EMR SageMaker




RAOKXKFE OTT HBXH Hotstar OEHSEH
o

India: The opportunity e \‘

#1 g:rmmm




About hotstar

Disney-owned #1 OTT platform in India
Over 350 million downloads
1 day, more than 100 million unique users
Available in more than 15 languages
Variety of content
Live/on-demand
Sports/news/TV/movies
Regional catalogue

VKM No.1 OTT F|EE (Netflix #lzVVER%E)
3.5 o vO0—-K
SY—-1-"—-9S1—-Y-—-1E1—-Y—



Scaling Hotstar.com for 25 million
concurrent viewers

KRE7 O LB TE, #GEL TYH—EXREH

TZTBHD. LIVUIVIME Efe
(Resilience : BIfEH - B85 - %)



Key principles

1. The video must play
2. Stay as close to live point as possible
3. Ensure monetization works

KiEE 7O 2BV TETFINTEL

- BEEFBETES
- VXRIT1RX (FRE) hiTHNnD




Concurrency pattern RIFHEGRHO#ERS
; 253M  FRIAEBREEMN

Day one Day two
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Let's talk about scale

25M+

Peak concurrency
Ind vs NZ — World Cup 2019

10 Thps+

Peak Bandwidth Consumption

1TIRDTII—XYV D
kSTJ1vDON70% =563

1M+

Peak Requests Per Second

10B+

Clickstream messages



Why is that a big number?

8M

18.6M
Felix Baumgartner's -
Supersonic Jump IPL 2019 - Final
YouTube hotstar
3.1M 10.3M 25.3M
Super Bowl IPL 2018 - Final World Cup - India vs New Zealand
NBC Sports App hotstar hotstar

FELEREEGHOER
20185EH'\S hotstar TOHOOVUH v FOEENRERIEBREEHLTULS



fa?er:;eeregl)gaaxe before actual game $§ E '*E\E b 7:: ﬁﬁ%ﬂﬁﬁ
+AFRITVIZFTIIT

el S 108,000  216TB
CPU RAM

* Load generation

* Performance & Tsunami tests

* Chaos engineering 200 GbpS 8 regions

+ Traffic pattern using ML
Network out Geo distributed

EEHHIMHIC,
o 8U—=I3avICRFITHE,
SETE, FSTrvIINI—VIZERD
A—Y -S> T7rv O EBRZE[EHVTHIR,



NARIVIZTIVD
NetflixIZ & > THEL (mid-2015)
 TRICEBEINEEREEL T

JXFLDEE(CWIBNENETI L. ##ENICHEL T, -1 —TI0X
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What are we looking for? @7 O CXRETFCD
NARIVIZTVVYD

« Breaking point of each system

» Death wave 5 Jx
» Bottlenecks and choke points A AT

* Undiscovered issues and hidden pattern @1 \

« Failures at network, applications, etc. g,

IZXFLDREKILRY IX, Breaking pointDBE. S TIWABDEVH UNBEK

- KRB ST 1rv D

- AT=IL7vT0OEN

BEBFEOFNLIS—., BiE DIEA
1S & Ehft



Why we don't use auto scaling

REO>CE = A—EXT—)LIEEDIE ]

+ Insufficient capacity errors

« Single instance type per auto scaling group (ASG)
» Step size of ASG

« Retries and exponential backoff

« Game of (availability) zones

auto scaling Z#DF(C. BRIICHERE(TIr VXV X ZEILTTH S Gt
kST w8

. R&ED., ZNBAICTVRIVRENUS

LEIFSNFELS LB

- DE=



Panic mode

Turn off PO services
non-critical must be
services always up

. Graceful ‘

Degradation
Graceful Degradation

IRFLIEEVWTIL—REFLESISTIEB/HFVESICHIELERNMRICMZI SN &
SCRSITHEIZEERUICS VWVAEFER (fallback) ZHETS
BUMEORAI AV KR —EXREEBLEIELLEHIC

ctEd



Key takeaways BXRTHULTIEFLLICLE

Prepare for failures
- Understand your user journey
. Okay to degrade gracefully

(AT~ - AARIVIZTVUIE)

BENRBETCELVEDRSIILEIC. B> THR—LRIVERIT I-—Y—HED
<SULWWBONMEBRLTULNE., FSTIVEICAR—LEFICTZIOELZINRERAIL. Hh—
LEHEBENESRD UEVWESICIRTLESRRICRIVINTITEDS



Starting the enterprise ML journey, ft. ProSiebenSat.1 Media SE
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Our business is bringing
eyeballs to advertisers

XAFs PEREORFREFII YV IVVEREBEEICEIIDICETEH SN,

EELODI(E.

REEEFEBIICEN. IDILKLEERIISICLICENS,
LTWL3,



Project 2: Ad revenue optimization

BBz E > CLERfOEELTOI I
AFECYIFZEVKDER™ZITNSNT.

XETYERTFLERRENS <. &2 HbbTV 2.0 TILHEADAIEE
TLE CM (RRv ) OEREREICKELLEZEERZIERELTOIII~



Attribution model output

Germany's
flaconi  821p.m. Next ProSieben
Topmodel

z Criminal
9 Werivox 8:30 p.m. Minds Sat 1
a Sl.\'lighl 8:35 p.m. Navy CIS Kabel 1

Target
variable

EEIR7ZRKVUEA—3VEFILOY T I,
CCECTIRATr7ER (7 LEER) CTREBEOSELH., SSICHLENT

c&EI—Tybklchk3193cklcLc



Predicting the future

TV slot —_—

: Neural network :
Advertisement =» Conversions

CHDEFIEERT DHIC. LTDiEER%E Neural Network [CAAALTE
- FLEEHDOISEH (MDELHE. L\DRX)
- REOER (M0E&R. £E0 EC Hr kCiBfshTunadh)



Model architecture

Input Hidden 1 Hidden 2 Output
. -
o
‘E -‘_.-
o
© oy e e - »
Conpary | Ebedding A il [E 3
i CHEERS,: 0 AR ® £
8 8
s I
S N e—

737_-3")_@& :;Vy*"l\ Em\ E\ %*i
G it =
EL\oz5F—5% Neural Network [CADUL. EFILEIER



Advertising spend to be optimized Expected uplift

2020 — €9 000,000 ~10%

(RTFRICEBE-DT. 2020 &F(clE 900 F1—0O (10 &) (ImEE{EIN.
ARYERTREE10% EIT7YvIUIRITIEFAEILTULS,



Key challenges

Large dataset
Need for frequent model retraining

Continuous monitoring of model quality

FyrLVIlE. 3D,
OXKRBELF—It v k., CNid Amazon SageMaker CEHEIX T — IS & TR

Q@BICDVTIE. HFEPLEDEBICEDNDSZHUEICEDTL S



As we all know ...

Development Operating

IS easy is hard

CNi3EM=EE (FOJIOk) BADCETIREL.,
IRTHIY AT LARICHITDICE,
RREIER. HIFAYTF I IUTULK C ENIEREICHE.



Strong focus on
ML system ML system automation and monitoring

devel t ti
evelopmen operations at all steps of ML system
construction

DevOps(BF/:ERANGA LS SHREFR)DEXANEBZETOI 1 DU FTERUR,
=93
ZN7O0ERICHULTIIE, Ay



aws
S . e
Training

AR
Data
Data-generating ETL - ‘
process lake @ Build
Data
scientist
0,® o @ Model
'ﬂ‘ Lichs repository
End user Amazon Elastic @
Inference n

Architect

£70t X(E AWS StepFunctions & AWS Lambda [C&D.

o (J:(Et-ﬁ'])
CNEEDUEBORBEUMNILZ>IEOEREAEE. XE—FT rICHRXEF IV EEFHATHE



MLOps (FEIEMT. BIHDXVY v ~E, EIRXRIENDREBHEFIRTH S

o

ZNEERTE NI Amazon SageMaker DH T,



Amazon SageMaker: New features

: Automatically create regression and
Amazon SageMaker Autopilot B aeelfation wdals

Amazon SageMaker Model Monitor Drift detection in production

C MLOps Z1T5lchlzc > TUHARFKEEE U T, BRREYLTNvYT, EZH5-KE
S[Ed AWS re:lnvent 2019 CHREMH oIz,
AWS FCERMZEIOI 10 FEFTSRER+2ICEoTULS,



Prime Video
Processing analytics at petabyte scale

Amazon Prime Vide thF—LDES

Prime video

)




Team history prime video

y SRS

Phase 1: A centralized team
Phase 2: A failed governance attempt

Phase 3: Needs mechanism

J1x—X®:200 UEDEDBHE 1 DOF—9Ev . 1 F—LTEE

J1—Q@: @HcElcphrF—LDBRINER, F—5tEvk1DTId
BEHOZ—X(CHLTELM >

IJI1—XQ@:EcElcT—5ty bk, PhF—LMNEIL, XAHZIXLMYUE.



Mechanisms orime video

Ny

000
D_
0 —
D_

J e ————

Metric Business logic Role-based
governance encapsulated access control
data platform for data lake

AXD=ZXLs
WF?%XF')DZ@ﬁI\TJZ (What/Why/How)
- F—HMEBRICEIRROIvIERNE (INI)
- F=HLOIClE. POLIIEREEYICEE



Metric governance
N

S @ B mm
e -
, @

=) 7
|ol |
Scheduled Document Approval
meetings chains

@O WMBIBIARVOIHMEN - EBESNIEICHTFETY VT MTG & EfE
@ Ehl - EEABREMHN FFa XV ML
@ E&EBD—0IJ0O—(Ch\(IB. &ER(E Tech / Business ERFAfE A DEZEH WA



Business logic encapsulated data platform gy

\./7

= Y

Data Apply Data lake
primitives business
logic Tables Views

FS—HIEMIEFICREL. MEBIJO-—TEIYXZOIvIEMRS
ZDNDF—IIESI3DF—IL10I(CEIFHD
ZDREIC. View EERRLU S3 [CIRBEIDCEMRF—RrU~



Role-based access control for data lake srime videc

- AWS Coud
— 1 =
Gﬁ ET};L API Calls
Producers \o%J

Amazon
Amazon EMR Amazon S3

Redshift
‘? Data lake on

. Bf" Amazon S3

Subscribers G@ @ |

Amazon Amazon Redshift Amazon Amazon
Redshift Spectrum EMR SageMaker

5—4# (3 Amazon Redshift / Amazon EMR / Amazon S3 [Ci&#1 - MBI hiz
#IC Amazon S3 [CIBIS . TDF—FEZDF—F DT O XIERFE
YV=ILIWST7OtRXTS., COtt. ZHRADIAE notebook & XA F LHZEFET S




Data lake prime video

S

Implementation
« Encryption

« In transit
+ Atrest ?m
«  Web Ul (non-tech) and API (tech)

» Integrated user communication

« Easy data discoverability

Esb(dinE
FEIVIZTPAIN—=AD UL E, TVIZTARTKELR APl Ei2{H
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Key takeaways prime video

Ny

- Data lake

« Managed schema changes
« Views on data lake

« Architecture evolution

« Understand constraints of the in-house tech
« Perform data-driven PoC

« Centralized pool of EMR clusters
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