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Why we use and contribute to open source software
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Using Machine Learning to Improve Streaming
Quality at Netflix
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https://netflixtechblog.medium.com/using-machine-
learning-to-improve-streaming-quality-at-netflix-
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Network quality characterization and prediction
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Predictive Cashing
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Device anomaly detection
el Al R ERRE g2, AuE TV, RHj E,

of tiupel oA £GP A5 o]

/\Ea

209F7)E

Aol Aol ol 12 2 4%, 448 5ol FFE E 4 A5

71zl olejdt BAIS stetsh] g8 £A9S AYAGU of BN oS WPES
RRE A9 BAS FAL AL WsYon, 448 7S 48T Aot 2R
Sargjo] Wsh| = A4t



@ vivaz @ Bz

[ ST @ suize @ e
® 000 00
qzzt 0000000

i -+ \ vesevess
coccccee ;1 @8 o

-.OOOQVV
® o oo
YA} gk ...,,_...
248 0000 000
e o ¢
® O 00 ¢ =

%

12112, Alerting Framework

2l Alerting Frameworkoll:= 3t ol £33 G oS} =2
Beﬂ A1} tlolel7} BE AHE ] glom, o5 7|Hto® oS Y
¥ sto] qﬂ}oli AE/d gtk AH A O8] 84S AlEFyTh

o oft
bt o

oXE o

20§ 7|2
Alerting Framework histol _
8 & Al 7]gH ]S e g
7t eolEf £
SO EN
(AfEtol| of s mtEt)

21 13. Device anomaly detection 2 =k}

AG7H HELA F4 B8-S oofelal HE A Y 58 Sall AMgAte] 2E8Y £4
= =0l et tig] A7HsHlEUTE B FolA milede] &-go] o g Frtet
o] HE A FooM T =
53 9lHUth OTT ZHES %@ U]T:M iHV} HAsHE
et UER A S5 AASH A
HE ofsf ZES HEHAL 52
a9

°© NH A Azl g 7

i)
f rm

o] s@qgﬂa@agqq

F{ﬂ?

B HERE 18 04 WAIR 97 W

[&1] YEYIS}
Alllg 53

!’!/IS‘%E‘HMMJ 4% 480 AYHOR &
i =51 S CI2 Ol O

31 W/ etirands.abicehrttrends/ 145,005 185001/36-5_ 113,041

O 4. U2 B8 PTHEE

2023.08 77



