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client, an optimal sel of instructions usable (o oblain content.
A different set of instructions is determined 1o be optimal for
a second client. The optimal set of instructions determined
for the clicnt is provided as oulpul. The [irst client is
conligured 10 oblain content according (o the optimal set of
instructions determined for the first client.

19 Claims, 11 Drawing Sheets

Tes

J—dt‘ﬂ

Clasrify tn raw viewsr

4'5—L

Lise thve clazsitosio o id2mify
SiTiar viewsrs

ar Bﬂ\ 1

Dblain histerisal infommation
agsoaise i dermad sinlar
wiewerd

ST

GEreale oop o mare gk
us ng i-9 chtained kigerizal
mfarmaten

o d
|15 <ha garersie: s o mone
miazals 1 s3ect Insrusers
ugahk: o ablain zoenlen

Otz his:orios! iromaslion
Jasanmsied with ihe rstus~ views"|

I

Cane:te ofk <F 7O TO36I2
=zl ihe Cbhaeed hiskor 5
amnatioe

] i
s Hie gerverabed o s miome

ARde's b selrol nerocions
uzahle bz chban cortart




US 11,805,296 B2

Page 2
(56) References Cited
LS. PATENT DOCUMENTS
2006:0136597 Al 62006  Shabiat
2007:0201500 A1 §2007 Deshpande
201040005046 AL* L2010 Scgel .. TI04L 6772847
T06:46
2012:02784%6 A1 11:2012 Hsu
2013/0263179 Al 1042013 Dow
201470278308 Al 9/2014 Liu
201470351840 Al 1172014 Andrade
2014:0380347 A1 12:2014 Naveh
2015:0032899 Al 12015 Willars
2016:0026920 Al 12016 Sullivan
2001640100221 ALl* 472016 Ililtch ... 104N 217812
T25:14
2016:0140618 A1* 52016 Duggal ... GO6Q30:026%
T05:14.66

OTHER PUBLICATIONS

Krishnan el al. Video Stream Qualily Tmpacls Viewer Behavior
Inferring Causality Using Quasi-Lxperimental Designs, IMC " 12:
Proceedings of the 2012 Internet Measurement Conference. Nov,
2012 pp. 211-224.

* cited by examiner



U.S. Patent Oct. 31, 2023 Sheet 1 of 11 US 11,805,296 B2

106
j

Contert
Disirioution Conrdinatar

108
/

FIG. 1

internet

Clierd
lient

Fa
i
T

|
10



U.S. Patent Oct. 31, 2023 Sheet 2 of 11

200-\

US 11,805,296 B2

202
—L

Content Player

204—L

Communications Interface(s)

206_L

Monitoring Engine

1

Streamer

FIG. 2



US 11,805,296 B2

Sheet 3 of 11

Oct. 31, 2023

U.S. Patent

¢ 9id

mﬂ.mlﬂ\

Gig

SUIBUT A0

sufuz voneziwndo 18qofD

ST TN

abeiole welin-ied

T

.V!!:ri:aa\siﬁ\

ZLE
S

siedepy winneld

vwmau\\

aubug uohezud sOUBRLLIOLD Y

suibuy euibug
LIQISIOD(] LORoNASU Buiepoy

momiﬂ\ J,um_wom.

auBU UORBZIUAIAD PEREG-ICIABUSY
vopS

SUIBLT UOHRZIUIIGD DSTHEUDSISY

JOIRUIDIODT) UGHNGLISICY el D




U.S. Patent Oct. 31, 2023 Sheet 4 of 11 US 11,805,296 B2

400\

Start

|

Receive a request for content associated with a client,
wherein the client is associated with a current viewer and a \_
402

view

|

Obtain one or more models pertaining to the viewer and/or

the view \
l 404

Use the obtained one or more models to determine, for the
current viewer and/or view, an optimal set of instructions \
408

usable to obtain content

'

Provide as output the optimal set of instructions determined

for the client \
408

End

FIG. 4A



U.S. Patent Oct. 31, 2023 Sheet 5 of 11 US 11,805,296 B2

456 ~

Start

is current viewer

No L retum viewer? Yes
4541 i i /(464
Classify the new viewsr Obtain hustorical information

assaciated with the refurn viewsr

455-1\ i i /f"‘%

Use the classification 1o igentify
simitar viewers

Generaste one or more models
using the oblained histornical
information

R I

;w468

Obtain historical information

associated with identifiad similar Use the generated ong or more
viewers models to select nstructions

usabig to obtain content
46&-2 i

Genarate one or more models
using the obigined historical

information
462-}\ i
k4
Uze the generated one or mors /f

N

modeis o select instructions End
usable to abizin content

FIG. 48




US 11,805,296 B2

Sheet 6 of 11

Oct. 31, 2023

U.S. Patent

oove 0022

g 'Oid

{(sdgy) sjeung 1y
oo¥E  O0B O0F 002

e AT SR AR RTINS mrmenesas SR

o e T
-
)

sA®I000E = yipmpueg - — ——
sdPIO00S = wipmpueg = -

mmﬁm%m”ﬁm%w%m§§§
sdiO00L = Uibwpueg ——

g
0005
00001
o
2,
00081 w
=
coooz %
=
&
00057
L 00008
0005¢




8 "Dl

{sdgy} areang ey
oo¥e  00ZZ  OOFE 008

00F  00Z

US 11,805,296 B2

: : 0
ACN m | |
g A
m m M : 0005
= ; wiod jewndo
= ” S80Iy — 00001
I~
2 _ 00081
\ 809
. WOd Jewndy 00002
= 909~ >4°d o reundo
= S 8 BIBYD
m M \ /rmmw 00067
= M
\ 00008
0005€

$088 (] = sunuByng
sadi00L = yipimpueg

U.S. Patent

(s} sy wop



US 11,805,296 B2

Sheet 8 of 11

Oct. 31, 2023

U.S. Patent

L "5

{sdgy} sjeaug ey
o0¥e  00ZZ  OOFE 008 0OF 002

mﬂmmwmwmmﬁmxmm ﬂ \ﬁ/
Buuiol saye spuooss gi syNY Al tw\\/k

wmm

SARIS JOMBIA BU L Al ﬁw.@.

S04

19
=/ Buoi 00} 81 yem oy
Buptem jo spuooes (| Joye sinb [AJ o ¢

Buoioorstuem syl
{1 ) Buiiem jo spuoses (| Jeye synb [All gl

2007 S088 O] = SUILBLNG
SQN000L = Uipimpueg

000%

0001

G004

00002

(006s

00008

000%¢C

{(sw) sun g wmop



US 11,805,296 B2

Sheet 9 of 11

Oct. 31, 2023

U.S. Patent

ooye  00CT

g "Old

{sdgy} areang ey
oo¥k o0 o0F 002

AN o M

ZUCL 192M5 SMIN

SUGYZ 193
oiposid/aInon

\

P08~

/

$088 (] = sunuByng
sadi00L = yipimpueg

000%

000¢LE

GO0% 1

00004

(0062

O000E

000%¢

{(sw) sun g wmop



U.S. Patent Oct. 31, 2023 Sheet 10 of 11 US 11,805,296 B2

Qﬁﬁu\%

Q02
U
\""\ Player

04
J

Cormmunications interface(s) /

QUE‘?WL

B Monitoring Engine

OB
f

Behavior-based Optimization Enging

SER D)
B O
o ~

Madeling instruction Decision
Enging Enging

E}Tﬂr—l\

\\ Qtreamer




U.S. Patent Oct. 31, 2023 Sheet 11 of 11 US 11,805,296 B2

1000\

Start

l

1002
Obtain training data, the training data including viewer )_
playback experience and reaction information

l

)—1 004
Generate a model based on the obtained training data

l

1006
Provide instructions usable to obtain content based on the )_
generated model

l

End

FIG. 10



UsS 11,805,296 B2

1
PER-VIEWER ENGAGEMENT-BASED VIDEO
OPTIMIZATION

CROSS REFERENCE: 10O (TR
APPLICATIONS

This application is a conrinuation of co-pending LS.
patent application Scr. No. 14/958,621, entitled PLR-
VIEWER ENGAGEMENT-BASED VIDEO OPTIMIZA-
TION filed Dec. 3, 2015 which is incorporated herein by
reference tor all purposes, which claims priority to US.
Provisional Application No. 62/089,160, entitled PER
VIEWER ENGAGHMENT BASED VIDIO OPTIMIZA-
TION filed Doec. 8. 2014 which is incorporated herein by
reference for all purposes.

BACKGROUND O TTIE INVENTION

Video streaming quality is a complex measurement
ecluding many aspects, such as fast start up, high resolu-
tion, and smoothness of plavback. The various aspects of
video streaming quality arc also  inler-dependent and
alfeeted by many factors. With numerous dillerent viewoers
nsing various types of clients to stream, optimizing the
viewing experience for those viewers can be ditficulr.

BRIV DESCRIPTION OF TTIE DRAWINGS

Various embodiments of the invention are disclosed in the
following detailed description and the sccompanying draw-
ings.

I'IGr. 1 llusirales an example embodiment of an environ-
ment in which per-viewer engagement-based video optimi-
zation is performed.

FIG. 2 is a block diagram illustrating an embodiment of

a client.

I'IG. 3 i a block diagram illustrating an embodiment ol
a content distribution coordinator,

FIG. 4A 1s a flow diagram illustrating an embodiment of
4 process [or per-viewoer cngagement-based video oplimira-
lion.

I'ICr. 413 1s a How diagram llustrating an embodiment ol
a process for obtaining one or more models.

FIG. § is an embodiment of an example plot illustrating
the tradeall between join tme and initial bitrate.

I'IGr. 6 1s an embodiment ol an example plot illusirating
different tradeotfs between join time and initial bitrate.

FIG. 7 is an example embodiment of a plot illustrating
optimal control parameter discovery for a viewer.

I'IG. 8 i an cmbodiment ol a plot illustraling 2 same 5

viewoer's oplimal bitraledoin Ume ranges lor different types
of content.

FIG. 9 is a block diagram illustrating an embodiment of
a client.

IIG. T is a Tlow diagram illustraling an embodiment ol =

4 process [or per-viewoer cngagement-based video oplimira-
tion.

DIFTATLLED DESCRIPTION

The invention can be implemented in numerous ways,
inecluding as a process; an apparatus; a svstelm; a composi-
tion ol matler: a compuler program product embodied on a
computer readable storage medium; and/or a processor, such
as a processor conligured (o cxecule instructions stored on
and/or provided by a memory coupled to the processor. In
this specification, these implementations, or any other form
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that the invention may take, may be referred to as tech-
nigucs. In general, the order ol the sleps ol disclosed
processes may be allered within the scope ol the invention.
Unless staled otherwise. 1 component such as a processor or
a memory described as being configured to perform a task
may be implemented as a general component that is tem-
porarily conligured to perlorm the task al a given tme or a
specilic component that is manulactured 1o perform the task.
As used herein, the term “processor” refers 1o one or more
devices, circuits, and/or processing cores configured 1o
process data, such as computer program instructions.

A delailed description of one or more cmbodiments ol the
invention is provided below along with accompanying [ig-
vres that illustrate the principles of the invention. The
invention is described in connection with such embodi-
menis, but the invention is not limited 1o any embodiment.
The scope ol the invention is Timiled only by (he claims and
the invention encompasses numerous allernatives, modili-
cations and equivalents. Numerous specific details are set

20 tforth in the tollowing description in order to provide a

thorough understanding of the invention. These details are
provided [or the purpose ol example and the invention may
be practiced according to the claims without some or all of
these specific details. For the purpose of clarity, technical
material that is known in the technical fields related to the
invention has not heen deseribed in detail so that the
invention is not unnecessarily obscured.

When viewing content, different viewers may have dif-
ferent preferences with respect to what, for them, is a good
quality expericnee that will keep them  engaged. lior
cxample, some viewers may dislike bufllering and tolerate
low resolulion streaming so long as (hey do not have Lo wail,
while other viewers may prefer high quality (e.g., high
resolution) and be willing to accept some buffering. The
same viewer may even have dillerent prelerences for dil-
ferent types ol content. For cxample, the viewer may dislike
bullering when walching live sporls, while prelerring high
resolution when watching movies.

Described herein are techniques for performing per-
viewer engagement-based video oplimization. Using the
lechnigques  deseribed herein. individual prelerences and
behaviors of viewers can be learned/modeled 1o provide
personalized, per-client optimization of content delivery. By
performing such personalized optimization, viewer engage-
ment can be improved. For example, depending on the
conlenl type. per-viewoer prelerences, video experience, cle.,
different instructions can be provided that are determined 1o
be optimal for maximizing a particular viewer's engage-
ment.

While example embodiments in a video streaming (e.g.,
live and on-demand streaming) ceosystem are deseribed
below, the techniques described herein can variously be
adapted 1o accommodate any tyvpe of multimedia‘audiovi-
sual content distribution. as applicable.

I1G. 1 illustrates an example embodiment of an environ-
ment in which per-viewer engagement-based video optimi-
Zation is performed.

In this example, suppose that Alice and Bob, using client
devices 102 and 104. respectively, both starl 1o walch an
cpisode ol “The Throne Games,” provided by the XY/
video service, to which Alice and Bob are both long time
subscribers. Alice and Bob both live in the same neighbor-
hood ol San rancisco and both use the Comeast ISP
{Intermet Service Provider). In varlous embodiments. client
devices 102 and 104 include personal computers, laplops,
cellular phones/personal digital assistants, and other types of
information appliances, such as set-top boxes, game con-
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soles, broadband routers, file servers, video servers, and
digital video recorders. as applicable.

In this cxample. when Alice and 13ob use their client
devices o requoest the episode. the client devices conlact. via
network 108 (such as the Internet or any other appropriate
networl), content distribution coordinator (CDC) 106, In
some cmbodiments. the elient deviees are redirected Lo the
content distribution eoordinator when requesting the content
from a headend or content management svstem. The CDC is
configured to provide instructions 1o Alice and Bob regard-
ing how to obtain the content (e.g., what CDN 1o obtain the
content [rom and/or the bitrale at which the conlent should
be oblained). The content distribution coordinator provides
a centralized platform that is vsed to perform optimization
on a per-client basis.,

As will be described in lurther detail below. the instruc-
lions are optimived lor cach viewing/playback ol content
(relerred to herein as a “view™). The oplimization is per-
sonalized to the viewer, based on viewer behavior/prefer-

ences. For example, suppose that, based on an evalnation of 2

Alice and Bob’s respective past/previous experiences and
data, comtent distribution coordinator (C1CY 106 has learned
Alice and Bob's behaviors with respeet to watching content.
By pertorming personalized optimization based on viewers’
preferences, viewer engagement can be inproved.

In response lo Alice and 3ob’s respective requests Tor
content, the backend then selects optimal algorithms and
control parameters that dictate how content is 1o be distrib-
uted to Alice and Bob, which may be different based on their
learned hehaviors. Alice and Bob are provided instructions
on how (o oblain content, such as the initial bitrate al which
content 1s (o be downloaded. as well as the lenglh at which
an initial plaver butter is set. The initial plaver buffer length
indicates when the player is confipured to begin plavback

(t.g.. aller a sel amount ol content has been downloaded (o 3

the player buller (e, live sceonds ol content}).

lor example, suppose the backend has observed. over
muliple views, that Alice is willing 10 wait vp 1o five
seconds for good quality video that is at least 3 Mbps/720p,
but would quit walching the video il the quality is much
lower, even il it means that the video would show up more
quickly. For such a viewer, the learning algorithms executed
by the backend classity Alice’s behavior as being a picky
(with respect to bitrate/resolution) but patient (i.e., willing to
wail) viewer lor premium video on-demand content. Based
on Alice’s behavior being modeled as such, content 1s
delivered to Alice in a manner such that the video starts at
the highest bitrate (e.g., 6 Mbps/1080), where the initial

player buller length is sel o live seconds when the band-

widlh is predicled 1o be good, and len scconds when the s

bhandwidth 1s predicted o be more variant. Thus. based on
the classification of Alice’s behavior as picky but patient,
Alice’s client will be provided instructions to obtain content
in a mamer that favors high quality. even il it means a longer
slartup lime.

In contrast, suppose that the backend has learned, based
on observing Bob's past experiences and behavior, that he is
very impatient, and vsually quits if the video does not show
up within ome second. 1L i also obscrved that Bob is willing
o walch the video al a lower qualily (c.g.. 1.5 Mbps/480p).
as long as the video starts quickly. Thus, Bob's client is
mstrueted to obtain content at ~1 Mbps, and will have his
initial player buller set al one second.

Thus, although Alice and Bob are walching the same
video. the content distribution coordinator provides them
different instructions on how to obtain and play contenr,
based on Alice and Bob's learned behaviors. As will be
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described in further detail below, the instructions can also be
determined based on the behavior leamed lor other similar
viewers. using global inlormation. The oplimization ol the
instructions can also be based on real-lime perlormance
teedback obtained from clients.

Client

FIG. 2 is a block diagram illustrating an embodiment of
a client. In some embodiments, client 2000 is an example of
clients 102 and 104 o I'I(5. 1. In the example shown, client
200 includes content plaver 202, communications intertace
204, monitoring engine 206, and streamer 208,

Player 202 is a portion ol a client device application and
is conligured 1o provide controls Tor controlling playing ol
# video stream. For example, the player [acililales/supports
the controls of a user interface (UTD) that an end user interacts
with. In some embodiments, the player is a portion of a
client video player application or agent that provides Ul
controls with which users Interacl. "The player is also con-
figured to render streaming content.

In some embodiments, plaver 202 is confipured to play
video content, which is in turn rendered on the client device.
In various embodiments. player 202 s implemented as an
app (c.g.. mobile platlorm application). via a lash. Silver-
light, or HTMLS3 plaver it’ a web browser application is
being vsed, etc.

Communications interface(s) 204 is conligured to lacili-
lale communicalion of data’information, over a network
such as the Internel, belween a client {or player resident on
client, such as plaver 202) and remote entities, such as
content distribution coordinator 106 of FIG. 1, as well as
other remole entitics, such as contenl management syslems,
CIINsg, cle.

Collection of Measures Used to Classify Clients

Moniloring engine 206 is conligured 1o monitor, observe,
and colleel various types ol information associaled with a
client. The collected information includes measures usable
to classify clients and learn viewer behavior/preterences.
The measures that are collected that arc usable w0 classily
clients and leam viewer behavior/prelerences include data
regarding viewing expericnces and possible reactions 1o
those viewing experiences. In some embodiments, monitor-
ing engine 206 is incorporated in content plaver 202,

Viewer Ixpericnees and Reactions

The information can be collected at various times during
a video streaming session. As used herein. a session relers 1o
an onlily representing an nslance of a user’s playback
interactions wilh a content assel. The session may begin with
a nser's request for a particular content, and end when the
vser ceases plaving the content {e.g,, the nser stops watching
a requested video).

l'or example. the inlormation can be collected at (the start
of'a video (e.g., when a vser starts to click on a video). The
information can include the initial bitrate and CDN used to
stream the content, as well as other internal parameters
associaled with the client, such as player buller size, down-
load speed. the amount of time before the video slarts
plaving, ete. Information associated with the viewer's reac-
tion to the viewing experience (e.g., the viewer's behavior/
actions with respeet Lo dillerent viewing expericnees) is alse
collected, which includes measures and  indications of
viewer engagemenl, such as whether the viewer quils a
video, the amount of time betore a viewer returns 1o a video
they have quit, whether the viewer has restarted the content
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{e.g., the viewer quit the video but then quickly came back
1o scleel the video again). whether the viewer has quil the
video 10 watch another video. whether the user is pausing or
[ast forwarding the video, whether the viewer quits belore
the video starts plaving or not (and how long the viewer
wairs betore they quit), etc.

Ay will be deseribed in Turther detail below. the viewer’s
hehavior can be inlerredilearned based on the observed/
collected informalion. In some cmbodiments. the viewing
experience and reaction intormation is used to train machine
learning models that are vsed 10 estimate an optimal set of
parameters and oplimization algorithms for the viewer Lo
oplimize their viewing experience and improve engagement.

Real-Time Performance Information

In addition to the observed uscr behavior information
deseribed above. moniloring engine 206 is also configured
1o monitor performance and quality information associated
with the client. Such information includes quality metrics.
Iixamples ol quality metrics include bitrale. average bitrale
(t.g.. average bitrale sustained over the liletime ol a session
during which a video is plaved), butlering, tailures, startup
time (measure of time of how long the content took o start
plaving), failure events (e.g., failure to start), etc. Another
example of a quality metric monitored by the moniloring
engine is bullering ratio, which is a4 metric indicaling oper-
ating interruptions. For example, the buffering ratio repre-
sents a measure of how often (e.g., percentage of time) a
stream is being buflered (and interrupied).

Other examples of inlormation collected by the monitor-
ing engine include local state inlormation. The local state
information includes current measurements of the client,
such as a content plaver's current bitrate, current CDN,
current  player stale {c.g.. playing, bullering.  paused.
stopped). current player buller lTength. current play head
time/position, current bandwidth measurcment estimations.
current frame rate, etc. (ther state information can inclide
events such as buflering and error events. Summaries of
slale changes can also be generated (e.g., averages ol metrics
over the session).

In some embodiments, the viewing experience and reac-
tion information and real-time performance intormation are
collected on a per-session basis.

The client is configured 1o transmit the collected/moni-
tored informaltion 1o a backend such as CDC 106 of UIG. 1
(e.g., nsing communications interface(s) 204) for process-
g, The various intormation can be transmitted on a per-
session basis. The information can be sent, for example. via

heartbeal messages. where. in some embodiments, a “heart- s

heat”™ message relers o a package/payload of information
that is sent from the client to the backend. As will be
described in further detail below, CDC 106 is configured to
aggregale the collecled quality molrics across multiple
dimensions (such as the atlribules ol a client and a session).

In some embodiments, metadata associated with the cli-
ent/session is also transmitted with the collected intorma-
tion. Examples of metadata intormation inclode ISP and
geo-inlormalion (c.g.. city. stale, country. cte.). Meladala
informaltion also includes device inlormation, such as device
model, device version, device type (e.g., mobile, set-top
box, gaming console, ete.), operating system running on the
client device, version ol the operating system. cle. The
meladata can also include content information, such as the
name of the conlent to be played, the type ol the content/
asset (.., ONDEMAND, LINEAR_LIVE, LIVE_EVENT,
ete. ), the tvpe of video protocol associated with the content!
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asset (e.g., HLS, Smooth Streaming, HDS, etc.), streamer
type (c.g. Nalive Androld streamer, NewStreaming
streamer, cle. lor Android: MP MovicPlayer or AY ounda-
Lion streamer Tor 108, ele), TP user-agent of the content -
plaving device, custom tags, e,

Streamer 208 is configured 10 stream actval video data. In
some cmbodiments. the streamer is Implemented using a sel
ol librarics and code thal communicale with and download
data {e.g., video chunks) from a content source (e.g., a
CDN). In some embodiments, the streamer cooperates with
content sources To optimize usage of a streaming butler,

Conlent Distribution Coordinator

13, 3 is a block diagram illustraling an embodiment ol
a content distribution coordinator. In some embodiments,
content distribution coordinator 300 is an example of con-
lent distribution coordinator 106 of IG. 1. In the example
shown. content distribution coordinator 300 includes per-
sonalized oplimization engine 302, per-client storage 314,
global optimization engine 318, and policy engine 320,
Personalized optimization engine 302 further includes
behavior-based oplimization engine 304 and perlormance
optlimivation engine 312. Behavior oplimivation engine 304
turther includes modeling engine 306 and instruction deci-
sion engine 308.

Optimization engine 302 is configured 1o determine an
optimal sl ol instructions usable 10 obtain content. As will
be described in Turther detail below. the sel of instructions is
optimized based on a client’s real-time performance and the
personalized preferences of a viewer.

BBehavior-based oplimization engine 304 is conligured 1o
perform viewer behavior-based engagement oplimization.
Modeling engine 306 1s configured to use historical inlor-
mation about the viewer/view and/or other viewers/views 1o
learn/inter user behavior and video plavback preferences. In
some embodiments, leaming the behaviors/prelerences ol a
viewer includes generating models (e.g., machine leaming
models). The generaled models ol the viewer's prelerences
are used to predict/suggest/estimate, tor the client, an opti-
mal selection of optimization algorithms and control param-
clers usable 1o oblain content.

In some embodiments, the inlormation (c.g., historical
viewing experience and reaction information) obtained from
clients is stored to per-client storage 316. Per-client storage
316 is configured to store recordsidata stored for each
clientviewer. In some embodiments, the per-client storage is
a distributed storage sysiem. [or example, implemented as a
large distributed key value lookup system that is horizon-
tally scalable. When a request by a viewer 1o watch a stream
is received. data associaled with the identificd viewer/client?
view is retricved from the per-client storage and used 1o
perform viewer behavior-based engagement oplimization.
The information obtained from clients is also passed 1o
global oprinization engine 318, which will be described in
lurther detail below.

Ag deseribed above, the inlormation collected and pro-
vided by the client includes observations of a user’s viewing
experiences and their reactions to those experiences. The
modeling engine is configured to use those observations 1o
leamn/classify/identily a viewer’s behavior patlerns. Inler-
cnees can then be made based on the viewer's hehavior
patterns and used to generate models that are used 1o
determine the optimal manner in which content should be
delivered o the viewer.

l'or example. i the viewer shows a patllern in which (hey
quil playing the video aller a relatively small threshold
amount of time, it can be inferred/modeled that the viewer
is likely not patient. For such a viewer, content should be
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delivered in a manner such that the wait time for the viewer
is reduced as much as possible.

I[, during playback, the viewer is observed o frequently
quil whenever there is an interruplion. no matler how small.
then the viewer’s behavior is modeled as being intolerant to
iterruptions. As another example, it the viewer is observed
1 quil ofiten when the bitrate is low (i, the observed
viewoer's reaction (o a low bitrale viewing experience is Lo
quit), then the viewer’s behavior is classified as being
selective/having high standards with respect 1o resolution
(e.g., the viewer is intolerant of low bitrates). In some
embodiments, the observations ol the user’s viewing expe-
ricnices and their reactions 1o (hose cxpericnces arc used as
put to machine learning algorithims, such as support vector
machines (SVMs) and nevral networks, in order 1o classity
the viewer. The classification can be used o generale a
predictive model Tor the viewer thal is used o delermine
(t.g.. cstimale) an appropriate/optimal sel ol parameters and
optimization algorithms for the particular viewer.

In some embodiments, generated models of a viewer are
stored 10 the viewer™s record in per-client storage 316, Now
observations and information collected lor the viewer are
used as training data to turther refine the learned model of
the user and increase the confidence when performing
decision making,

In some embodiments, in addition to. or instead ol using
the inlormation leamed about a particular viewer and stored
in the per-client storage, global data aggregated from numer-
ous other clients (e.g., that are similar or otherwise corre-
lated 10 a particular viewer) is also ulilized o perlorm
hehavior-based engagement oplimivation. The global infor-
mation associaled with other subscribers/viewers can be
used to train the model for a particular client. In some
embodiments, the global data is olnained from global opti-
mivalion engine 318.

(Flobal oplimization engine 318 is conligured (o collect
and aggregale inlormation from many clienls, content
sourees, and other nodes in a content distribution environ-
ment. In some embodiments, the global optimization engine
is configured (o use the collected and aggregated inlorma-
tion o generate global views ol viewer preflerences/behav-
iors and real-time performances across numerous clients!
viewers/views. The information that is aggrepated and
collected includes viewer behavior and client/view pertor-
mance inlormation collected [rom clients. such as client 200
of I1G. 2. The global information aggregated [rom the
various nodes is aggregated across various dimensions, suich
as geolocation, device type, operating system platform,
streamer Lype, ASN. or any other aliributes. The global

information comprises a knowledge base ol wser prefler- s

ences. behavior, and perlormance that is buill using the
aggregated data, providing a multi-dimensional map that can
be vpdated in real-time as more intormation is collected
[rom various nodes.

As will be deseribed in [urther detail below. the global
intormation can be vsed 1o facilitate personalized optimiza-
tion, When a streaming decision is 10 be made for a given
client, clients similar 1o the given client are identified, and
information associaled with those similar clients 1s used Lo
[acilitate determining a decision lor the given clienl. lor
example, when a decision is 1o be made for a particular
client, the particular client can be classified according to
their altribules. The classification can then be used (o
partiion/filter the global inlormation o identily clients
similar or otherwise correlated o the particular client. A set
of clients sharing similar attributes (e.g., watching the same
tvpe of content, located in the same geographical location,
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on the same ISE ete.) are then identified. The information
aboul the similar clients, for example. is used as training data
lo model the behavior/prelerences ol the requesling client.

Insiruection decision engine 308 is conligured (o sclect, [or
the requesting client/viewer/view, an optimal set of instruc-
tions usable to obtain content. The instructions include
viewer expericnee oplimization  algorithms and  control
paramelers that are sclecled based on the viewer’s Tearmed
behavior/preferences. In some embodiments, an optimiza-
tion algorithm comprises an algorithim that is configured 1o
provide the best control parameters for a viewer based on the
modeled behavior/prelerences ol viewers. An oplimizalion
algorithm is confligured 0 delermine a set of control param-
eters, such as bitrate, switching rate, bitrate switching time
{e.g., when to switch between chunks of different bitrates),
swilching aggressiveness (e.g.. (he rale al which a bitrate is
increased or decrcased). CIN. ele. that will provide a type
ol viewing expericnce (hat s preferred by the particular
viewer based on their learned behavior/preferences and that
will inprove/maximize their engagement. The optimization
algorithms are also used (0 delermine control parameters
based on the viewing experience ol the viewer (e.g., mea-
sured, for example, using real-tine performance information
collected from the client and/or other similar clients).

For example, if a viewer who is requesting to watch
conlent has been modeled as being impatient. then an
algorithm that is tuned lor less patient viewers is sclected.
Such an algorithm would focus on fast start up times and low
interruptions 1o minimize butfering so that the viewer is not
kepl waiting 10 walch content. The oplimiration algorithm
provides the viewer such a personalized viewing experience
by sclecling parameters such as a lower slarling bilrale,
which, while providing lower resolution, will result in a
faster join time and less waiting for the impatient viewer.
The optimization algorithm can then be used throughout
playback o delermine various instructions/control param-
clers, such as when o perform a swiltch o higher bitrates.
For example, the algorithm optimized for less patient view-
ers can be Tuned to switch a viewer’s bitrate vp only when
a relatively large amount of video data has already been
bullered. so that when the swilch oceurs, the viewer will
have a lower probability of experiencing buffering. If,
however, it is detected that the viewer's network connection
is degrading (e.g., dve 1o congestion), then the algorithm
optimived lor less patient viewers can be tuned o instruct
the client lo immediately switch down Lo a lowoer bitrate once
the network congestion i detected so that the client does not
spend time butfering to watch content at a higher bitrate.

This may be in contrast o an algorithm (hat is oplimived
for viewers that arc highly sclective with respeet o resolu-
lion and are palient, who are willing (o wail [or bulfering so
that they can watch content at a higher resolution. Such an
algorithm may instead have a client start at a high bitrate,
cven il it means longer starl up Ume and possible re-
bullering during playback, so thal the viewer can walch the
content at a higher resolution. If nerwork congestion oceurs,
the optimization algorthm for patient, selective viewers
may allow the client 1o wait a longer period of time betfore
instructing the client o switch down in bitrate. This allows
the client {and the patient viewer) o polentially wail lor
network congestion to be resolved vnril the client can
contile 1o watch at a higher bitrate. This is in contrast to the
above example algorithm tuned lor impatient viewoers, who
are lold o immediately switch down so that bullering is
minimired.

Thus, different oprimization algorithms can be tuned that
provide varving tradeoffs between metrics such as bitrate,



UsS 11,805,296 B2

9

start vp time, and boitering based on viewer preferences.
The values of the control parameters delermined by the
optimization algorithms can be relined over lime, as more
information aboul viewers and their preflerences o various
viewing experiences is learned.

Optimization algorithims can also be tuned for ditferent
types ol content. For example. an algorithm can be tuned o
provide imstructions that are oplimal [or sports conlent.
while a different algorithm can be tuned to provide instrue-
tions that are optimal for movie content. Optimization
algoritluns can be tuned for any combination of viewer/view
characleristics (c.g.. viewer behavior/prelerences. content
Lype. nelwork Lype, device Lype, ele.).

Example scenarios in which viewers are modeled and
their learned preferences are vsed to determine an optimal
sel ol oplimiration algorithms and control parameters will
bhe provided below. An example llusirating how oplimal
control parameter values such as initial bitrale versus join
time can be determined (and refined over time) will also be
provided below.,

In some embodiments. the optimization perlormed based
on viewer prelerences 15 then lurther refined based on the
real-time performance ot the client being used by the viewer,

Performance optimization engine 312 is configured to
perform optimization based on real-time performance. The
perlormance oplimivation engine uses the real-lime perlor-
mance of clients (o delermine an appropriate CION andior
bitrate for the requesting client. In some embodiments, the
performance optinization engine is confipured 1o use plat-
lorm adaptors 314, information [rom per-client storage 316.
and/or inlormation from global oplimivalion cngine 318
when making a performance-based optimization decision.

Adaptors 314 are configured to facilitate processing
appropriate to the attributes/characteristics/context of a

requesting client streamer. In some embodiments. the adap- 3

lors are implemented as plugin modules, where multiple
instances ol adaplors may be executed and run.

Difterent streamers may have different attributes/types,
such as platform tvpe, operating svstem tvpe, application
Lype. streamer lype, streaming protocol, device lype. cus-
tomer, cie. lor clients/strecamers with dilferent ativibules.
ditfterent tvpes of processing and information may need to be
performed/obtained that are relevant 1o a particular request-
g streamer.

In some cmbodiments. cach adaplor maps 10 cach type ol
streamer integration that is encountered. A plugin may
correspond to a particular set/combination of client/streamer
attributes. For example, one plugin may correspond to
streamers on clients running the Q8 operating syslem, on

the iPhoneie 6, streaming using the TIROMW app, while a s

different adaplor plugin may correspond 1o streamers on the
Amazon Fire Phone®:, streaming using the ESPNE app.
Adaptors corresponding to any other appropriate contexts,
dimensions. or types ol streamers wilth which the content

distribution coordinator can be inlegraled can be imple- s

mented.

In some embodiments, when a request 1o stream content
or a heartbeat is received trom a client, the multi-dimen-
slonal client attributes associaled with the clientstreamer are
used 1o identily an appropriate adaplor. The identified adap-
tor is then vsed to facilitate the relevant processing/work-
flow appropriate 1o the requesting client streamer. As
deseribed above, dillerent types of sireamers may require
different types of processing. polentially resulting in differ-
ent decisions being made Tor dillerent types ol streamoers.

Asg one example, different tvpes of streaming policies may
be enforced depending on the type/attributes of a requesting

—
Pl

[
Pl

[
[y

40

45

.t

Gl

G5

10

client streamer. In some embodiments, an identified adaptor
is configured 1o oblain a particular corresponding scl ol
policies. The policies can be oblained [rom a server or data
store such as policy engine 3200 which is conligured 1o
maintain streaming policies.

The policies include policies that define varous streaming
deeision parameters. For example, a cuslomer such ag
TR may deline a policy that indicates that lor 1OSi:
devices using the HBOK® streaming app, only certain CDNs
and bitrates should be vsed. As another example, OSE
devices may only be able to support the HLS protocol,
where the TILS protocol may have cerlain buill-in require-
menis thal must he adhered o, Thus, one decision thal
applies 1o 1OSE devices may not apply equally to another
device, such as a Microsott® XBOX, which wvses
Microso[1"s1 smooth streaming protocol. "The policles can
be used 1o facilitale in delermining streaming docisions
appropriale [or the particular requesting client.

Ags described above, based on the static attributes of a
client/session/view, the performance optinmization engine is
configured 1o identily (c.g., using (he adaplors deseribed
above) a sel ol applicable policics and rules appropriate lor
a client, which are used t determine an appropriate set of
instructions (e.g., bitrate and/or CDN) for the client. In some
embodiments, the performance optimization is also config-
ured 1o ulilive local client state information (e.g., oblained
from per-client storage 316) and global information regard-
ing real-time global performance (e.g., obtained from global
optimization engine 318) when determining an optimal set
ol instructions lor the client. In some embodimenis, a
selected adapler is used Lo oblain a corresponding sel ol
performance-based decision algorithms, which are conlig-
vred 1o make an optimal performance-based decision for an
active viewer, which will be described in further detail
below.

The performance oplimization engine is configured 1o
utilize local client stale information in conjunction with
global intormation when generating a decision. By main-
taining both the local states of individual clients along, with
globally shared data ol the various clicnts consuming con-
lent and merging them together when performing streaming
decision making, fine grain decisions can be made on a
pet-client, per-session basis. In some embodiments, a new
decision can be made for each heartbeat received from a
client. The decisions can be made al a chunk-level granu-
larily, where the performance optimization engine perlorms
a new determination of content source and/or bitrate for a
next/subsequent chunk to be downloaded. Thus, for
cxample, il a client is playing mulliple streams. dillerent
deeisions can potentially be made lor cach of the chunks
being played in the dillerent streams.

Az one example of the processing performed in generat-
ing a decision, suppose that a heartbeat is received from a
client. In response o receiving the heartbeat, the multi-
dimensional atiributes ol the requesting client are extracled
from the heartbeat. The atiributes are used to identify a
particular adaptor (e.g., trom platform adapters 314), which
in turn obtains a policy (e.g., from policy engine 320)
appropriale o the conlext of the requesting client. The
conlent distribution coordinator then uses the policy. local
state information, and global state information to make a
determination of an optimal content source and/or bitrate for
# chunk 10 be downloaded by the requesting client.

In some embodiments, the attribules ol the clieni are used
{c.g.. by the global optimization engine) to partition global
information aggregated from numerons clientsinodes 1o
identify a set of clients correlated to the requesting client.
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The performance intormation associated with the clients is
evaluated Lo determine a sel of candidale options [or content
source and/or bitrate {c.g.. lor a video chunk 10 be down-
loaded by the client).

The local client state information corresponding to the
particular requesting client (e.g., obtained trom per-client
storage 316) is then used (0 make a selection ol an oplimal
solution lor the conlent sowrce and/or bitrate lor the request-
g client's streaming session. Rules established by obtained
policies can also be used in making the determination. In
some embodiments, chunk information, such as roundtrip
lalencics. error evenls, rame raie issues. cle. is also be used
when making the streaming decision.

In some embodiments, the set of instructions (bitrate
and’or CDN as well as scheduling) is determined by opti-
miving the use ol a client buller, lor cxample, w0 prevent
bullering or re-bullering. lor example, (he streamer decision
engine can delermine, using global shared data, a set of
candidate bitrates and‘or content sources based on the per-
formance of other clients identified as similar (or otherwise
correlatedy o a requesting client. The client’s local stale
information. such as its current bandwidth. buller length.
etc. can be used by the streamer decision engine to deter-
mine which of the candidate bitrates and‘or content to
provide in instructions to the requesting client.

Varlous lypes of decisions with different parameters/
conditions can be generated. or example, the performance
optinization engine can be configured to determine whether
a switch 1n content source and/or bitrate should be made for

the next chunk. A deelsion can also be made regarding when 2

the swilch/change should go into effecl. Vor example. the
client can be sent instructions to: make the switch immedi-
ately (and stop whatever downloading is currently in prog-
ress); wall a certain amount of tine before making the
swilch: stay with the current stream {e.g., current CDN
and/or bitrate), cic. The instructions can also define a switch-
ing point on a chunk-by-chunk basis. for example, o drop
the current chunk being downloaded and switch to the new
chunk immediately, switch at the next chunk boundary
helween downloading chunks. or o continue with chunks
[rom a current C1IN andior bitrale (and not make a swilch).
Thus, the streamer decision engine can determine whether a
switch should be made, and if so, when a switch should be
made, and instruet the client accordingly. In some embodi-
ments. the instructions include a chunk URI. for the next
chunk (o be played by the streamer (where the chunk URI.
is for a chunk that corresponds to a determined content
source and/or bitrate). Example scenarios involving different
chunk downloading instructions will be provided in [urther
detail below.

In some embodiments. the decisions/instructions gener-
ated by the performance optimization engine are stored (e.2,.,
10 the per-client/session records of the requesting, client), for
example. as historical inlormation. Performance information

associated with cach ol the decisions can also be moniiored s

and associated with the decisions/instructions in client ses-
sion records,

The decisions made for a client by the performance
oplimization engine can include initial streaming decisions
(t.g.. Tor the start ol a video streaming scssion) as well as
idstream decisions (e.g., decisions made while streaming ).
In some embodiments, the initial streaming decisions are
made based on specilic and fixed information. such as a
requesting of the client’s history belore the current session
and the global dala across other similar clients. In some
embodiments, the mid-stream decision logic also utilizes
both the client’s history and the global data, but because
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decisions are to be made constantly tor mid-stream control,
various olher melrics may be tracked proactively as well,
such as playback buller size. These tracked metrics can be
used Lo arrive al oplimized decisions throughout the life of
the streaming session.

Thus, the wse of hyper-local client state intformation in
conjunclion with global perlormance inlormation aggre-
gated rom multiple clients allows lor precise, (ine grain
streaming decisions that are tailored/targeted to the particn-
lar context of a requesting client. Having a single decision
point in which the client’s multi-dimensional context, local
client information, and global historical inlormation aggre-
gated from other clients are merged provides a combined
model in which a rich data set is used as inputin determining
a streaming decision.

Ag one example scenario. suppose that a client requests
streaming instructions. Clicnt records can be oblained {e.g.,
from per-client storage 316) [or the particular client. Sup-
pose that the records include historical information for the
requesting client indicating that the vser associated with the
client has walched five videos ol a parlicular streaming
service. all of which were streamed from a particular CDN.
The average streaming performance of the five videos can be
evaluated. The local average performance experienced by
the particular requesting client can then be compared to the
performance ol other similar clients (e.g., in the same
geography as the requesting client. having the same device
type or streaming app, etc.) identified from global shared
data (e.g., obtained from global optinization engine 318).
The local and global information can be used 10 make a
deeision that is targeted specifically o the context of the
requesting client (where the context can be rellected across
multiple dimensions such as device tvpe, client operating
svstel, streaming application, ete.). The decisions made by
the streamer decision engine can be made [or both live and
on-demand video streaming. as well as any other appropriate
type of audiovisual conlent slreaming.

Asg another example scenario, suppose that for a given
client requesting content, there are two available CDNs that
can be assigned as sources of the requested content. C1ON A
and CDN 13, The decision of which CION (o assign (o the
aiven client is pertormed by evaluating the data collected
from many other clisnts. While the given client may not
have enough intormation 1o make such a decision, the global
oplimivation engine can use ils global view of perlormance
{real-time or historical) across many clients lo delermine
that clients similar to the requesting client have experienced
better performance using CDN B, CDN B will then be
recommended (o the requesting client.

Ay another example scenario. oplimization ol a bufler can
be performed o delermine what instructions o send. as well
as a tine at which 1o execute the instructions. For example,
based on an assessment of the buffering state of' a client (e.g.,
by analyving data received [rom a client in a heartbeal), the
streamer decision cngine can predict that a bullering event
may oceur. An optimal source and/or bitrate can be deter-
mined by the streamer decision engine such that the client
does not experience (re)butfering or any issues in rendering
conlenl. Instructions indicating that the swilch should be
made and a time 10 make the swilch are then generated and
sent to the client to be enforced.

In some embodiments, the results generated by the behav-
ior-based oplimivation engine and the perlormance oplimi-
satlon ecngine (e.g., oplimal bitrales andfor CINs) are
merged 1o determine a [mal set of instructions {(e.g., optimal
bitrate and/or CDN, as well as scheduling for switching) for
a requesting, client/view,
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The instructions generated by the personalized optimiza-
tion engine. optimived based on viewer prelerence and
real-time perlormance. as deseribed above, are provided/
tranmsmitled o the requesting client. which s conligured (o
execute the instructions and enforee the decisions made by
the personalized optimization engine (e.g., where video
chunks/scgments/dala are downloaded according 1o the
streaming decision in (he instructions).

Content distribution coordinator 300 s illusiraled as a
single logical device in FIG. 3. In some embodiments,
content distribution coordinator 300 comprises standard
commercially available server hardware (c.g., a mulli-core
processor, 4+ Gigabyles of RAM, and one or more (Gigabit
network interface adapters) and runs tvpical server-class
operating svstems (e.g., Linux), as well as JAVA HTTD
server software stack. Content distribution coordinator 300
can also be implemented using a scalable. clastic architee-
lure and may comprise several distribuled components.
necluding components provided by one or more third parties.
Further, when content distribution coordinator 300 is
referred (o herein as perlorming a task. such as storing dala
or processing data, it is o be understood that a sub-
component or mulliple sub-components ol content distribu-
tion coordinator 300 (whether individvally or in cooperation
with third party components) may cooperate 1o perform that
Lask.

I'xamples of Selection of Personalived Viewer ixperience
Optimization Algorithms and Control Parameters

The algorithms used for personalized viewer experience

optinization are based on a varlety of different tvpes of 3

algorithms. A [irst example type ol algorithm is feedback-
based learning algorithms that adjust the oplimivation algo-
rithms based on viewer's reactions 1o their viewing experi-
ences 30 far. A second example type of algorithm is

classification-based prediction algorithms, which classity 3

the viewer and the view based on the information ol the
vicwaer, the conlent. the device used. network conditions, cle.
The classification aids the optimization algorithins to vse the
tormation/algorithing of other similar viewers and views to
oplimire the experience of the current viewer and view.

‘The algorithms include both initial selection ol algorithms
and how 1o adjust the algorithms based on previous data, lor
example, for return viewers.

Alporithms for Initial Selection of Personalized View
Iixperience Optimization Algorithms and Control Param-
clers

When a new attempt to watch a video arrives (eg., a
request 10 start a lew streaming session is received), per-
client storage 316 is checked to determine whether there is

existing inlormation aboul the viewer. A relum viewer can 5

be identified in a variety of ways. For example. when a
subscriber comes back with a subscriber id, or when a
cookie is used to track the viewer, it can be identified
whether or not the viewer 1s a relum viewer.

Alporithms for Handling Initial Selection for New
Viewers

II the viewer is delermined (o be a new viewer, the view
and the new viewer are classilied based on the associated
content, device, and network conditions (e.g., determined
based on the II* address of the viewer content), as well as
other inlormation such as the publisher ol requested conlent.
the websile al which the conlent request was made. a
referred web site. cle. Machine leaming algorithms tlake
such as input information, and wse models (that are built
based on past/historical data of other viewers/views) to
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determine the appropriate set of view experience optiniza-
lion algorithms and control paramelers lor the new view,
which includes whal should he the initial bilraie, initial
CDN, nitial buller sive, and targeied start up Lime lor the
view, For similar attempts, the control parameters and
optimization algorithins that worked best previously are
used lor the current new atlempl.

lor example. consider 1 new subscriber who starls 1o
walch a video, such as a live lootball game on an iPad Air
2 tablet with 108 8 installed, via a home WiFi network of
Comecast in the San Francisco geographic location/region,
with a vip code of 94105, Based on the historical data
collected [rom other subscribers (i.c., global data). machine
learning models are built 1o suggest the best optimization
and control parameters. Examples of machine learning mod-
els are provided below. The models are used to help pick
algorithms (hat are best suited [or live sports games with a
reasonable connection, being watched on an iPad Air 2
running 108 8.

For such a view, the following example parameters may
be sel: starl the view al a bitrale ol ~2 Mbps (a [airly good
quality, but not the highest. so (hal the view can slarl very
last while the initial resolution s not oo low): use a Level
3 CDN (if Level 3 is the best available CDN for that
geographic location and that ISP); 300 ms initial plaver
buller (o start playing (bocause the internel conneclion is
good, and the chances ol re-bullering events ocewrring later
are low, so the plaver can start to play video withont
buffering a large amount of data); the plaver can be
instructed 1o switch the bitrate 1o a higher quality (e.g., 3.5
Mbps) alier the playback buller has reached 5 sceonds. and
then (o swilch Lo the highest bitrate (c.g.. 6 Mbps) il there is
no buffering and the available connection bandwidth is
higher than the highest bitrate.

Algorithms lor Handling the Initial Sclection for
Retum Viewers

It the viewer is identified as a return viewer, then infor-
mation aboul the viewer's viewing experiences and reac-
lions o those experiences are retricved {e.g.. from per-client
storage). The intormation specific 1o the viewer, along with
information associated with other viewers (e.g., similar
viewers) 18 used by machine learning-bhased algorithms 1o
deeide and adjust the oplimization algorithms and control
paramelers [or this viewoer.

The intormation trom other viewers provides a baseline
for the algorithms and parameters based on the general
viewing behavior for the relevant device type. conlent Lype,
geographic region. network type. ele. Inlormation perlaining
lo this specilic viewer is then used 1o Turther reline the
baseline towards the specific viewing behavior of this
viewer based on previous viewings of similar content on a
similar {or same) device.

l'or example. suppose thal a viewoer has been a subscriber
for six months, and during that span, has watched a great
deal of live sports. Suppose that the viewer now starts 1o
watch a video, a live NFL sports game with an iPad Air 2
with 108 8. via a home Wil'i nelwork ol Comeast in the San
lirancisco arcy, zip code 94103, Based on historical inlor-
mation of this viewer's viewing habits, viewing experience,
and reactions to those experiences, and the machine learning
models buill using the viewer’s past imlommalion and the
inlormation of other viewers. it is delermined that this
viewer is very Impatient with respect (o walching live sports
events, abd wants to watch the video as soon as possible,
even if it means watching the video at a lower resolution.
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Based on such intormation about the viewer, an algorithm
is seloected that supports live sports games lor less patient
viewers. The algorithm ensures that the viewoer is provided
the lowest inlerruption rale, even il it resulls in a tradeoT ol
having lower resolution. For example, based on historical
data, it can be determined that the vser is tvpically happy
with a bilraic o 2 Mbps. bul 1s willing Lo wlerale bitrales as
low as 1 Mbps al the start of live sports streams so that the
stream can start quickly., Thus, for example, an algorithm
can be selected to focus on fast start up tines and low
terruptions, with lower bitrates being acceptable as needed
(t.g.. the sclected algorithm is biased towards [ast starlup
times and low interruptions versus higher bitrate). For this
viewer, the algorithm may output the tfollowing control
paraneters: start the stream at a bitrate of ~1 Mbps (as the
viewor has historically found this bitrale acceplable): use the
Level 3 CION (since Level 3 has been determined 1o be the
hest available C1IN for the geographic location and ISP ol
the viewer); nse a 100 s initial plaver butler to start plaving
{(where the stream will start after 100 ms of content has been
bullered  the relatively short amount ol time is acceptable.
as 1l means that the playback will start sooner, and there 1s
a low likelihood of re-buffering as the viewer's connection
is good); switch the viewer up 10 2 Mbps atter the plaving
buffer has reached 7 seconds of content; and then switch the
viewer up lo 3 Mbps when the largest playing bufler for live
evenls is reached (c.g.. 15 seconds), where the swilch up o
higher bitrates would only be made if there is no buifering
and the available bandwidth is muoch higher than the highest
hitrate.

Algorithms During Playback for Selecting Personalized
View lixpericnce Optimization and Conltrol

In addition to selecting optimization algorithms and con-
1rol parameters at the initial start of a session, the algorithms
and comtrol paramelers can also be adjusted throughout the
viewing session as needed. for example. based on the
viewoer's past experiences and reaclions, as well as experi-
ences and reactions of other similar viewers, nsing machine
learning algorithms.

l'or example. [or the above deseribed viewer. based on an
evaluation of the viewer's past viewing experiences and the
viewer’s reactions, suppose that it is determined that the
viewer 15 impatient with respect to interruptions, but can
tolerate bitrates as low as 1 Mbps initially, and is tvpically
salisficd with walching video al a bitrate o 2 Mbps. I 1s
[urther determined that when there 1s an interruption that is
longer than two seconds, the viewer restarts the viewing,
hoping 10 improve it. Based on such learned knowledge of
the behavior of the viewer, an algorithm is sclecled that

allempts lo ensure that there is as litle inlerruplion as s

possible. that is conservative with instrueting the client o
switch the bitrate up, and that is more aggressive when
switching bitrates down. If the viewer is also determined, tor
example. o have a reasonable cable conmection. but that the

handwidth is Muctuating more than usual {c.g.. due Lo a bad s

wireless router, or the viewer is vsing the bandwidth for
other purposes, such as downloading/uploading dataipic-
mres while watching the live sports event), then the algo-
rithm can also be more comservalive when swilching up the
viewoer's bitrale (as the viewer's bandwidth is not stable).

Various machine learning algorithms can be used that take
into account the previous viewing experiences and reactions
ol returm viewers and other viewers in order 1o declde how
1 oplimize the viewing experience. Lxamples of machine
learning algorithms include lincar regression algorithms.
logistic regression algorithms, various classification algo-
rthms, and neural networlks.
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FIG. 44 is a flow diagram illustrating an embodiment of
4 process lor per-viewer engagement-based video oplimiza-
lion. In some cmbodiments. process 400 1s excculed by
conlent distribution coordinator 300 of UIG. 3. The process
begins at 402 when a request for content is received. In some
embodiments, the request for content is a request to statt a
mullimedia (¢.g.. video) stream (c.g.. a current viewssiream-
ing session). The conlent request can be initialed by a current
viewer (e.g., who has clicked “play” on a selected video).
The content request can be received from a client device
vsed by the current viewer that is nsed 1o initiate the current
view being requesled. ‘The content request can also be
initiated by a proxy ol the current viewer, lor cxample,
through an application programming interface (AD'T) 1o the
content distribution coordinator, One example of a proxy for
4 viewer [or oblaining the oplimal parameters is a video
service providers conlent managemenl sysiem (CMS).

AL 404, one or more models pertaining o/personalized lor
the current viewer and/or view are obtained. The models are
vsed to model/learn/interprofile the behavior and video
playback prelerences ol the viewer and determine/select, lor
the viewer. a personalived. oplimal scl ol control parameters.
The optimal set of control parameters is selected to maxi-
mize the engagement of the viewer. The models are gener-
ated vsing historical data pertaining to the viewer and/or
other viewers/views delermined Lo be similar o the request-
ing viewer (L., historical data is used 10 generale and train
the models). The historical data includes intormation asso-
ciated with viewing experiences and viewer reactions 1o
those experiences. as described above. The viewing expe-
rience and reaction information can be collected [rom view-
ors {e.g. when a viewer seleets a video and/or throughout a
streaming session).

The control parameters for viewing experience informa-
lion and the viewing experience itsell are indicaled/repre-
sentedimeasured using nlormation such as initial bitrate and
CDN used, as well as other inlernal parameters such as
plaver butter size, download speed, etc., as well as other
information, such as how long it takes before a video begins
lo play. Viewers® reactions o such expericnees are deter-
mined, lor example, based on observed actions of the
viewerfevents correlated 10 those experiences, such as quit-
ting of a stream, whether the viewer returns to a stream (e.g.,
measured against a threshold amount of time), whether the
viewer reslarts (e.g., quils the stream and quickly comes
back), quils a stream o walch another conlent ilem. pauscs
a video, tast forwards a video, whether or not the viewer
quits before the video starts to play (and how long the viewer
walls belore quilling), cle. The viewing experience and
reaction inlormaltion can be evaluated Lo determine patlerns,
which are used (o inferimodeliprofileiclassily (he viewer's
behavior (e.g., whether the viewer is impatient or not) and
determine the optimal set of viewer experience algorithing
and control parameters lor the viewoer.

In some embodiments. the modelsfalgorithms used 1o
perform personalized viewer experience oplimization are
obtained vsing feedback-based learning algorithms (e.g.,
that can adjust over time based on viewers’ reactions to their
experiences so far). The models can also be oblained using
classillication-based prediction algorithms. The classifica-
tion-hased prediction algorithing classify the current viewer
and the view based on information about the viewer/view/
client. The classification can be used (o identily similar
viewers (o the current viewer. Information associaled with
those similar viewers can then be used lo oplimive the
experience of the current viewer and the view. Various
machine learning algorithms, such as support vector



UsS 11,805,296 B2

17

machines (SVMs), neural networks, etc. can be used to
classily/model the behavior/preflerences of viewers. In some
embodiments, the maodel of a viewer's behavior andior
prelerences is determined by direetly soliciting the viewer
{e.g., by asking the viewer of their preferences between join
time and quality ). Further details regarding obtaining of the
models will be deseribed in [urther detail below with respect
o process 450 ol UG, 413,

At 406, the obtained models are vsed to determine an
optimal set of nstructions for the current viewer/view. The
optimal set of instructions includes an optimal set of view
experience oplimivation algorithms and control parameters
usable (o oblain conlent. "The optimal set of control param-
eters can be determined at the onset of a requested view
{e.g., aninitial selection of control parameters is determined
[or the siart ol ihe stream). In various embodiments. the
initial selection ol control parameters [or the current view
includes initial bitrate. initial CION, initial player buller size.
targeted startup time (e.g., join time), etc. In some embodi-
ments, the optimal set of control parameters is used to
determing, lor the current viewer/view, an oplimal tradeo[T
helween paramelers such as largeled join lime and nitlal
bitrate/resolution. In some embodiments, the optimal view
experience algorithms selected based on the modeling of the
viewer/view are Tuned to determine an optimal set of instrue-
tions o provide based on the viewer's currenl viewing
experience (which may change throughout playback). For
example, the view experience algorithm may determine, tor
a viewer that is modeled as someone who is impatient and

does not like bullering. that il network congestion s 2

detected (2 measure indicalive of the viewing experience).
the viewoer’s client should be provided instructions o swilch
down 1o a lower bitrate as soon as possible. This may be in
contrast 10 another viewer tacing the same viewing experi-

ence. lior example, for another viewer (hat is modeled as 3

bheing highly selective with respect (o qualily {(e.g.. the
viewer has a strong prelerence lor high bitrate), then the
view experience algorithim selected tor such a viewer will
attempt, vnder the same network congestion scenario, that
the viewer be kept al the highest bitrale for as long as
possible. Thus. the sclecied oplimization algorithm is con-
figured to provide control parameters such as bitrate, CDN,
bitrate switching scheduling (e.g., when to switch trom one
bitrate 10 another), switching aggressiveness (the rate at
which a bitrale is increased or decreased) cle. thal are
persomalized to the preferences of the viewer

The selection/determination of personalized view experi-
ence optimization and control parameters can also be per-
lormed during playback, where the parameters and model-

ing of the current viewer can be adjusted throughout the s

viewing session as needed. [or cxample, based on the current
viewer’s past experience and reactions and other similar
viewers’ experiences and reactions (e.2., using machine
learning algorithms).

In some embodiments. the control paramelers personal- s

ized to the client/viewer/view based on the modeling of the
behavior and plavback preterences of the client/viewer/view
is further refined vsing real-time performance and quality
information andior policy imlommaltion. as described above.

Al 408. the determined optimal set of nstructions is
provided to the client associated with the viewer/view. The
client is configured 1o obtain content according 1o the
determined oplimal sel ol instructions, lor example. accord-
ing 1o the control parameters described above. "Thus, using
the techniques deseribed herein, a set ol personalized view
experience optimization and control parameters (which may
be determined 1o be different for different viewers) can be
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determined and provided to maximize engagement. In some
cmbodiments. the optimal set of instructions delermined lor
the client is provided directly o the client. In other embodi-
menis, the oplimal set of instructions determined is provided
to the client via a proxy such as a CMS.

FIG. 4B is a flow diagram illustrating an embodiment of
4 process [or oblaining one or more models pertaining 1o a
viewer/view/clienl. In some cmbodiments. process 450 is
vsed to implement steps 404 and 406 of process 400 of FIG.
4A. In some embodiments, process 400 is executed by
content distribution coordinator 300 of FIG. 3. The process
begins at 452 when it 15 determined whether the current
viewer 1s a new viewer or a relurn viewer. The delermination
of whether the current viewer is a return viewer or a new
viewer can be based on identifiers such as subscriber IDs,
trackers such as cookies. cle.

IT the viewer is deicrmined to be a new viewer, then the
process continues o siep 454, I the viewer is delermined 1o
be a return viewer, then the process continves 10 464. In
some embodiments, in addition to or rather than determining
whether the curreni viewer is a new or return viewer, il is
determined whether there exisls any existing inlormalion
{e.g., historical data) for the current viewer (e.g., by check-
ing per-client storage/records associated with the current
viewer). If' no existing intormation exists for the current
viewer (who may be a reluming viewer, bul docs not have
any associaled historical dala stored), then the process
contimies to 454 (e.g., as if the current viewer is a new
viewer). In some embodiments, it’ existing intormation is
located Tor the cwrrent viewer. then the process conlinues 1o
464.

Obtaining a1 Model lor a New Viewer

At 454, the new viewer (and/or the view) is classified. In
varous embodiments, the new viewer and/or view is clas-
sificd based on aitributes such as conlent, device, network
conditions (e.g., based on the Internet Protocol (IP) address
ol the comnection of the client device associaled with the
viewer), publisher, the website trom which the request was
made, the referred website, tvpe of content being requested,
type ol network connection, client device type. geographic
region ol the client (c.g.. »ip code), cle.

At 456, other viewers similar to the new viewer are
identified based on the classification. In some embodiments,
other viewers that have been similarly classified 1o the new
viewer or oltherwise correlaled (o the new viewer based on
such aliributes deseribed are identified (e.g., [rom global
information).

At 458, historical information associated with the identi-
fied similar viewers is oblained. The historical inlormation
includes view expericnce and reaction information, as
desceribed above. Al 460, one or more models are generated
vsing the historical information. For example, vsing the
historical view experience and reaction information col-
lecled/aggregated from the similar other viewers. machine
learning models are buill. In some embodiments. previously
generated models already built for the other similar viewers/
views are obtained (e.g., trom global information). In some
embodiments, the generated model is stored to the new
viewer's/client’s per-client storage {(where a new record is
cstablished lor the new viewerdclient). The model can then
be refined over time (e.g., as new viewing experience and
reaction information is collected for the viewer and/or other
viewers)., Multiple models can be buill Tor a viewer. Lor
cxample, dilferent models uned lor different factors such ag
conlent ype can be generated. As one example. g viewer's
behavior and preferences with respect 1o sports content can
be modeled, while another model can be built for the
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viewer’s behavior and preferences with respect to movie or
episodic content. The diflferent models buill lor a viewer can
he stored 1o a viewer's per-client storage/profile.

AL 462, the generaled models are used o delermine. for
the new viewer, an optimal set of struetions usable to
obtain content. The determined instructions include selec-
tion of an oplimal sel of view cxperience oplimization
algorithms and control paramelers lor a viewer with the
attributes of the new viewer (e.g., based on content type,
content lengath, network connection type, device type, oper-
ating svstem, etc.). Examples of parameters that may be set
include initialistarting bitrate. initial CION. initial player
buller size (c.g.. 100 ms. 300 ms. or any other appropriate
buffer size), when to switch bitrates (e.g., atter a specified
buffer point (e.g., 5 seconds) or 10 switch 10 the highest
available bitrate 1 there is no bullering and the bandwidith ol
the client exceeds the highest bitrate), cle. Thus. lor new
viewers, (he control paramelers and oplimization algorithms
that were determined 1o be optimal for similar views/viewers
are applied to the current new viewer/view.

Obtaining a Model for a Relum Viewer

Al 464. historical information (c.g.. viewing experience
and reaction intormation described above) associated with
the return viewer is obtained (e.g., retrieved from per-client
storage'records associated with return viewer). At 466, one
or more models are gencrated for the relurn viewer using
their oblained historical/past data. For example. patllerns can
be identified in how the viewer reacts to varions viewing
experiences to model their behavior and determine their

video playback preferences. In some embodiments, an exist- 2

ing model is adjusted using any newly collected viewing
expericnee/reaction  information. In some  embodiments.
information associated with other (e.g., similar or other
correlated) viewers can be obtained (e.g., idenrified and

obtained similarly to as described in sieps 454-458). lor 3

example. inlormation from olher viewers can be used Lo
provide a baseline [or the model o scleet view oplimization
algorithins and control parameters based on the general
viewing behavior for the relevant device tvpe, content type,
geographic region. network type, cle. The particular infor-
mation pertaining (o the relum viewer would then refine the
baseline toward a specific viewing behavior of the particular
return viewer (e.g., ol previous viewings of similar content
on similar devices). In some embodiments, the generated
model i slored to the return viewer's/client’s per-client
storage. The model can then be relined over time (c.g., as
hew viewing experience and reaction information is col-
lected for the viewer and/or other viewers). Thus, the model
ol the retum viewer can be buill using the viewer’s past
information as well as the past information ol other viewers.
Ag deseribed above, multiple models can be created lor the
viewer (e.g., for different tvpes of content).

Varous machine learning algorithms can be used for
using the previous viewing expericnce and reactions ol
return viewers and other viewers (o lacilitale deciding how
10 optimize a viewing experience. Examples of such
machine learning algorithms include linear regression, logis-
Tl regression, varions classification algorithms and neural
nelworks. or any combination thercol.

AL 468, the generated one or more models are used Lo
determine, for the return viewer, an optimal set of nstrue-
tions usable to obtain content. The determined instructions
include selection ol an optimal sel of view experience
optimization algorithms and control parameters [or a viewer
based on the models generated al 466, Lixamples of control
parameters that may be set include initial/starting bitrate,
itial CDN, initial plaver buffer size (e.g., 100 ms, 500 ms,
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or any other appropriate bufter size), when to switch bitrates
{e.g.. aller a specificd bufller point {c.g.. 5 seconds) or 1o
swilch Lo the highest available bitrate il there is no bullering
and the bandwidth ol the client exceeds the highest bitrale),
etc. Thus, for return viewers, the historical information
associated with the return viewer (and/or the historical
inlormation ol other viewers delermined 1o be similar) can
be used 1o determine the control parameters and oplimiza-
tion alporithms optimal tor the current return viewer.

Below are further vse case examples illustrating per-
viewer engagement-based video optimization.

Ixample Use Case  Join/Startup Optimization

The lollowing is an example scenario illustrating joind
startup time optimization. For example, a tradeofl” exists
between bitrate and join time, which is illustrated using the
cxample expressions below.

The amount ol data that needs 10 be downloaded 1o start
playback can be expressed using the [ollowing equaliond
madel:

initial_hitraiexchu o _time 0

The amount of dala (hat can be downloaded belore a
viewer cal join a stream can be expressed using the tollow-
ing equation/madel:

bandwidi hxjoin_time [}

The previous formulations can be nsed to express what
occurs at join, where the amount of content needed 10 be
downloaded 1o start playback (1) is equaled with the amount
ol content necded 1o be downloaded belore a join can oceur

().

iitial bitratexiuffer time bandwidthxjoin time (3)
Using the above (3), the join time as a [unction ol initial
bitrale can be expressed as:

buffer time
bandwidth

4]

join_lime= Ll male

Ag shown in oxpression (4), there exisls a tradeoll
between join time and initial bitrate. While a higher initial
bitrate means a higher resolution for the viewer, it also
results in a longer join time, which means that the viewer is
also lell wailling for longer. Different viewers may have
dillerent prelerences with respect o resolution versus wail
time, where some viewers prefer to wait for higher resolu-
tion, while other viewers are impatient and would rather
have their stream slarl [aster. even il requires oblaining
conlent al a lower initial bitrate.

In the example ol expression (4), as buller lime increases
{while holding initial bitrate and bandwidth), join time also
increases, Thus, the buffer time of the client (based on the
playback buller size of the client’s content player) can also
be taken into consideration when determining the initial
bitrate parameter 1o provide as an instruction to a client. The
bandwidth of a client can also be taken into consideration
when determining the initial bitrate parameter 1o provide as
an instruction 1o a client {e.g., as bandwidth increases, join
lime decreases).

Az will be described in further detail below, using an
equation such as (4) 1o model the tradeof between join time
and initial bitrale for a viewer allows lor a delermination of
an initial bitrale o provide given a viewer's nelwork and
conlent player charactleristics {e.g.. bandwidth and buller
time, respectively) as well as the viewer’s preferences for
waiting (join) tine and video quality (initial bitrate).
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Any other expressions/formulations for modeling the
relalionship beltween join Lime and initial bitrale can be used
as appropriale. or example. based on the example expros-
sion (4). fixed player buller (Lime) and bandwidth resulls in
a constant coetlicient and a linear relationship between
initial bitrate and join time, where the slope is buffer
time/bandwidih (e.g., linear model). FIG. § illustrates an
example of non-lincar modeling of join time versus initial
bilrale, that resulls in the example curved (e.g., nonlinear)
graphs deseribed below in conjunction with FPIG. 5.

FIG. § is an embodiment of an example plot illustrating
the tradeofl between join time and initial bitrate,

Ag shown in this example, higher bitrates correspond/lead
1o longer join times. (Graphs 502, 504, 506, and 508 respoc-
tively show dilferent plot linesigraphs corresponding o
different bandwidihs (1000 Kbps. 2000 Kbps, S000 Kbps.
10000 Kbps, respectively). While higher bitrates lead to
longer join times, as the available bandwidth increases, there
is a decrease in the rate at which join time increases with
initial bitrate (i.c.. the more available bandwidth. the shorler
the join (ime).

FIG. 6 is an embodiment of an example plot illustrating
different tradeoffs between join time and initial bitrate
optimized for three different viewers, Alice, Bob, and Char-
lic. In this cxample. the three viewers, Alice. Bob, and
Charlie, have the same bandwidth (1000 Kbps) and buller
time (10 seconds). In this example, graph line/curve 602
corresponds to graph line/curve 502 of FIG. 5.

The optlimal tradeoll ranges [or cach of Alice. Bob, and
Charlic are shown respectively at 60d. 606. and 608. The
tradeoll” pointsfranges on curve 602 for Alice, Bob, and
Charlie are determined based on their respective profiles and
corresponding, preferences (e.g., as determined at 404 of
I, 4A).

lor example. supposc (hal based on an evaluation ol
Alice’s reactions o cerlain viewing experiences. Alice has
been profiled as impatient. Impatient viewers have the video
plavback preterence of preterring a short join time. Thus,
Alice’s optimal set of points on the curve (604) are skewed
lowards lower join times, which correspond o lower initial
bitrates. As Alice has been profiled as impatient, the initial
bitrate control parameter selected for Ler will be a lower one
that reduces join time.

In this example. 130b has been profiled as a perlectionistic
who hag a preference lor high video quality. Thus. Bob’s
optimal range of points (606) on the join time vs. bitrate
curve is skewed towards higher bitrates. Although this will
resull in longer join times, higher bitrates will be delermined

as control parameters lor 13ob so that he can have the high s

video gualily that he prelors.

In this example, Charlie has been profiled as someone that
is both impatient and a perfectionistic, who prefers both
short join tmes and high video quality. As Charlic wanls

hoth a short join lime and a high video qualily, a compromise s

is made on the tradeofl’ curve in which Charlie’s optimal
range of bitrates (608) is in the middle of the curve, where
bitrate and join time are balanced (where bitrate is not
[avored over join time. and vice versa). The optimal range
ol hitrates [or cach viewer can be specilied by 1 minimum
bitrate (e.g., 610) and a maximum bitrate (e.g., 612).

Discovering an Optimal Tradeoff Point for a Viewer

Ay doseribed above. historical information  associated
with a viewer's experience and their reactions 10 those
experiences are used as training data o model a viewer's
behavior and determine/discover their preferences for video
plavback.
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The viewing experiences that the viewer experiences are
inflluenced by the control paramelers used o deliver the
conlent in those viewing experiences. such as dillerent
bitrates andfor CDNs. The different bitrates andior C1INg
will determine, tor example, the join tine of the viewer (e.g.,
where join time is a measure that makes up a part of the
viewing expericnce), as described above in the example use
case dhove.

For each of those viewing attempis/sessions and their
corresponding viewing, experiences, the corresponding reac-
tions of the viewer to those viewing experiences for that
session are evalualed o determine whether the selection off
bitrale and/or CDN Tor that sessionfattempt resulied in
reactions that indicated positive engagement or nepative
engagement. The measure of the viewer’s engagement is
basced on the viewer’s actlons and how those aclions were
made in the context ol the viewing experience. Such viewing
experience and corresponding reaction inlormation is used
to determine an optimal set of instructions (e.g., converge

20 over time on an optimal bitrate, CDN, rate of switching, ete.)

for the viewer's subscquent sessions.

l'or example, il the viewer quits belore a join, then it is
inferred that the join time for that session was too long.
Based on the viewer’s reaction to the viewing experience, a
backend such as CDC 300 of FIG. 3 determines that for a
nexl session. this particular viewer should be starled al a
lowor bitrate, which will result in a shorter join time (e.g., as
described in equation 4 above).

It the viewer's reaction i to quit soon atter a join without
bullering, (hen it is inferred that the bitrate was oo low.
Thus, the next time that the viewer allempls a session. the
viewer will be given a higher initial bitrate to start with as
a control parameter.

Asg another example, it the viewer stays on affer a join,
that it is inferred that an optimal control parameler point has
been found lor this viewer, For example, the bitrate selected
for the viewer has been delermined 10 be optimal lor this
viewer, as they have remained engaged (e.g., staved watch-
ing the video).

IIG. 7 s an example embodiment ol a plot lusiraling
optimal conirel parameler discovery lor a viewer. In this
example, a new viewer’s behavior and preferences (e.g.,
optimal control parameter such as bitrate and/or CDN) are
learned by a prediction model vsing, data obtained over four
viewing allempls/sessions. The viewer's oplimal bilrale is
determined based on the viewer’s reactions (e.g., quilling or
staving) with respect to join time (e.g., actions taken betore
or after join time). In this example, the prediction model uses
4 binary scarch lo converge on an oplimal bitrale for the
viewer. In this example, the client’s bandwidth is 1000
Kbps, and the player buller time is 10 seconds.

The measures associated with the viewer’s first viewing
experience is shown at 702, As this viewer is a new viewer
for which no dala 1s available, lor the viewer's [irsl viewing
session. a model used 1o prediet an optimal initial bitrate (or
any other appropriate control parameter) for the viewer
provides an initial bitrate of 3400 Klps, the highest available
bitrate at which the content is encoded. The initial 3400
Kbps bitrale translales (c.g., according o cquation 4. above)
lo a join ime ol ~34 sceonds. Based on the inlormation
about the viewer's actions (e.g., collected by a monitoring
engine 206 of client 200), it is observed that the viewer quit
the streaming session aller len seconds ol wailing. Thus, in
this casc. the viewer has quit the scssion belore being able
lo join the stream (e.g.. belore the join time lor that given
initial bitrate is met). Based on the viewer's engagement
action (quitting) in response to their experience of having 10
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wail for content to load, the viewer can be profiled as being
potentially impatient. and it 1s inferred (hat the initial bitrale
provided [or this viewer was oo high resulling in 2 wail that
was loo long [or the viewer, Thus. based on an evaluation ol
the viewing experience and reaction data collected for this
first viewing session, the prediction model determines that
the highest available bitrate of 3400 Kbps was nol oplimal
[or the viewcr.

Thus, for the next session, the client’s behavior is further
probed by the model, which provides content at the lowest
available bitrate, 200 Kbps. The measurements associated
with (his sccond viewing attempl are shown al 704, In this
example. the viewer quil ten seconds alier joining. Thus. it
is wnterred that the viewer quit because the bitrate was too
low, and that the viewer is not tolerant of very low bitrates.
Thus. based on the information oblained [rom the twe
viewing allempls by the viewer. the viewer's prolile can be
updaled o reflect that the viewer is impatienl. bul 1s alse
selective about bitrate. In this example, a model used to
predict an optimal initial bitrate for the viewer has vsed the
training data lor the first two sessions 10 delermine that the
maximum and minimum bitrales are nol accurate predictions
for the viewer.

Thus, for the next session, the viewer is provided content
at a bitrate that strikes a balance with respect 10 join time.
The model, which in this example 1s perfomming a binary
scarch, sclects a bilrate that 1s closest (o the average ol
lowest and highest available bitrates as the control parameter
for the viewer's third viewing attempt. The intormation
associaled with this third viewing session is shown al 706.
In this example. the viewer once again quil aller len seconds
ol wailing. As the wail lime is less than the join time. il 1s
inferred that the viewer was still kept waiting too long, and
that the chosen bitrate for this third session was too high,
resulling in a join (me that was oo high lor this viewer.

For the [burth session. based om an evaluation ol the
viewoer's past historical viewing experience and reaction
intormation for the previous three sessions, the model con-
tinues the binary search, in this case selecting the bitrate that
is hal way between the bitrate of the second atlempl and the
third attempt (as the bitrale ol the sceond atlempl was oo
low, and the bitrate of the third attempt was too high). The
bitrate and join time for this fourth attempt is shown at 708,
For this viewing session experience, with the bitrate
scleeted. the viewoer stayed with the stream (Lc., remained
engaged with the stream). Thus, based on the viewer's
reaction (e.g., staying with the stream) to the viewing
experience (e.g., of having the stream provided at an initial
bilrale of ~800 Kbps), the model has learned that an oplimal

bilrale lor this viewer has been found. Vor [uture. subsequent s

sessions. the viewer will be provided content at or around
this optimal bitrate.

Ag shown in the example above, data collected about the
viewoer's viewing experiences and reaciion imformaltion over

multiple sessions is used as training data o train a model ol s

the viewer's behavior with respect to different bitrates (and
resulting join times). As more data is collected and used to
train the model, the accuracy of the predictions/estimates
(i.c., ol oplimal conlrol parameters such as bitrate. CIIN.
swilching rale, ele.) lor the viewer is increased/improved.
Thus, control parameters can be determined that are tailored!
personalized to the viewer’s learned preferences such that
the viewer's playback cexperience and cngagement are
improved. In the example above. the tradeoll belween the
dimensions ol join lime and bitrale were explored by the
model, wherein an optimal tradeofl between join time and
bitrate was determined for the viewer. Tradeoils between
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other dimensions, such as buffer time, can also be consid-
cred. For example, (he three-dimensional (radeo T between
buller time, join lime, and initial bitrale can be determined
by the model. Any combination ol two ol the three tradeo[ls
can also be determined as well.

In the example above, the model used only the viewer’s
own data to develop the viewer’s personalivzed model. Thus,
for the first altempt. the model did not yot have any sample
data for the viewer, and the model provided a maximum
bitrate in order 1o probe for the viewer's reactions and begin
the training process. As described above, plobal information
from other clients can be used Lo Tacilitale and expedite the
lraining process.

For example, in the first attempt tor a new viewer, rather
than selecting the upper bound bitrate, the optimal initial
bitrates determined for other viewers similar o the new
viewer are oblained. Those oblained optimal initial bitrates
for those other viewers are then combined o determine a
starting bitrate for this first session with the new viewer. For
example, the average of the (curremly predicted) optimal
bitrates [or other viewcers is used as the starling bitrate [or the
new viewer's session.

The personalized model for the new viewer can then use
this starting bitrate determined from aggregate information
associated with other similar or otherwise correlated to
viewers as 4 bascline lrom which lurther viewing experience
and reaction information is used refime and improve the
model’s accuracy. Over time, as more samples of the new
viewer's owl personalized information are obtained and
cvalualed, the model becomes trained 0 be more personal -
ized 1o provide more accurale resulls for the new viewer.

Optimal Tradeoll Point Based on Content ‘Type

Viewers may have different behavior profiles based on
different contexts. For example, the same person may have
dillerent preferences o different conlent lypes. As one
cxample, (he viewer may favor low join imes with respeet
lo news conlenl. [avor high bitrates when it comes 1o
moviesfepisodic content, and for live sports, favor low join
times and quick switch ups.

I, 8 is an embodiment ol a plot illusiraling a same
viewer's oplimal bitralefjoin lime ranges [or dillerent types
of content. In this example, the viewer's optimal bitrate/join
time for movie'episodic content is shown at 804, where the
viewer favors high quality (high bitrates). 802 illustrates the
optimal bitratedoin (ime tradeolT for the viewer lor news
conlenl. where bocause the viewer prelors low join Gmes,
the viewer will be provided with lower bitrates that result in
taster join times with respect 10 news content type, such that
the viewer does nol have o wail long o0 walch the nows
conlenl. For example. because the viewer’s conlent hag
meladala deseribing ils content type, the model associaled
with the viewer has learned, over time, that when watching
news coltent, the viewer has stayed with the stream, even
though the bitrale was low. Bocause low bitrales may
translaie 1o more pixilation and lower video bitrale (and arc
typically viewed as less tavorable compared to high video
bitrate), the viewer's willingness 1o stay enpaged with the
stream can be inferred to be indicative of the viewer’s
preference Tor shorter join times (a5 they are willing (o stay
cven al the expense of lower video quality).

Thus, the same viewer may have different profiles that are
differentiated based on content type.

In addition to. or instead ol conlent type. viewers may
have behavior profiles and models that are dilferentiated by
and tailored 1o other factors. such as content length. device
type, ISP, etc. (or any combination of the factors). When
vsing plobal optimization, for example, a viewer can be
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classified according to such factors/characteristics/attri-
butesidimensions when determining other similar views/
viewers whose inlormation can be used o predictiestimale
optimal control parameters and oplimiration algorithms lor
the viewer.

Client-Side Per-Viewer Engagement-Based Video Opti-
mivalion

In some embodiments. the per-viewer engagement-based
video optimization is pertormed locally at the client.

FIG. 9 is a block diagram illustrating an embodiment of
a client. In this example, client 900 includes plaver 902,
communicalions interface(s) 904. monitoring engine 906.
hehavior-based oplimization engine Y08, and streamer 914,
Behavior-based optimization engine 908 further includes
modeling engine 910 and instruction decision engine 912,

In this example, player 902, communicalions inlerface(s)
204, monitoring engine 906. and streamer Y14 are conlig-
urcd with [unciionality similar lo player 202, communica-
tions interface(s) 204, monitoring engine 206, and streamer
208 ot FIG. 2, respectively. In some embodiments, behavior-
based oplimization engine 908 15 conligured lo provide.
locally at the client device, lunctionality similar o thal of
behavior-based optimization engine 304 of FIG. 3. In some
embodiments, some or all of components 204-912 are incor-
porated in plaver 902 (e.g., as components of a client video
player application).

In this example client, rather than sending user behavior
information (e.g., viewing habits, viewing experience and
reaction information, ete.) collected by the monitoring

engine o a backend such as CDC 300 of VI 3, the user 3

hehavior inlormation is instead sent 1o behavior-based opli-
mivalion engine Y08, which is resident on local client device
200. In some embodiments, the local user behavior infor-
mation monitored by monitoring engine 906 is stored locally

al the client {c.g.. in a local storage such as a database). The 3

user behavior inlormation (as well as clicnt performance
informaltion) can also be sent to a backend such as C12C 300
of FIG. 3, which is configured to aggregate information from
numercus clients o determine a global view of viewer
perlormance and prelerences/behaviors.

‘The behavior-based optimization engine 208 is conlig-
ured 1o evalvate, locally at the client, the viewer’s experi-
ence and reactions 1o learn the viewer's preterences. The
behavior optimization is performed vsing techniques similar
1o those described in conjunction with behavior-based opli-
mivalion engine 304 of I 3. For example. using locally
collected behavior intormation, modeling engine 306 gen-
erates a model of' the viewer. Generating the profile includes
classilying the viewer and/or training a model that is used o

predict the preferences [or the viewer (e.g., using machine s

learning algorithms). The profile is then used by instruction
decision engine 912 1o select a set of appropriate viewing
experience algorithms that are tuned tor the learned behavior
and preferences of the viewer. The viewing experience

algorithms are conligured o determine an optimal sel ol s

control parameters (e.g., bitrate, CDN, switching rate, etc.)
that are optimal given the learned/modeled behavior/preter-
ences of the viewer. The determination is made for the start
ol a session and/or throughout the duration ol the session.

In some cmbodiments.  behavior-based  oplimivation
engine 908 is configured to obtain global information from
a backend such as CDC 300 of FIG. 3. As similarly
deseribed in conjunction with behavior-based oplimization
engine 304 ol IG5, 3, the global information associated with
other clicntsiviewers/views determined (o be similar o the
active viewer using the local clienr device can be nsed to
supplement the local viewer behavior information to tacili-
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tate the selection/prediction/estimation of appropriate view
experience algorithms and control parameters. The global
inlormation can be requested. Tor example. via heartheats
sent by the client 1o a backend such ag C13C 300 of 117, 3,
which is configured to perform (e.g., ¥ia global optimization
engine 318 of FIG. 3) agaregation and evalvation of global
inlormation. In some embodiments, the viewer’s behavior
profile and video playback preferences are stored locally 1o
a local data storage (e.g., local database).

The control parameters determined by behavior-based
optimization engine 908 are then vsed by the client 1o obtain
conlent (e.g., conlent is oblained according 1o the optimal
bitrate. CIIN. bitrate swilching rate, ele. determined by the
behavior-based optimization engine). In some embodiments,
real-time performance information can also be obtained 10
augment/reline the behavior-based optimization decision.
lior example, a real-time performance-based oplimivation
deeision Tor the viewerdclientview can be requesied by the
client from a backend such as CDC 300 of FIG. 3, which is

20 configured 1o perform (e.g., via performance optimization

cngine 312 ol I'IG. 3) real-lime performance-based optimi-
sation ol streaming decisions.

FIG. 10 is a flow diagram illustrating an embodiment of
a process for per-viewer engagement-hased video optiniza-
tion. In some embodiments, process 1000 is executed by
client 900 of II¢. 9. The process beging al 1002 when
training data is oblained. The training data includes viewing
experience and reaction information, such as that described
above. The training data includes viewing, experience/reac-
tion information collected locally at the device, andfor data
from other viewers. In some embodiments, the dala associ-
aled with the viewer using the device s maintained locally
ol the device, and is obtained thom local storage. The data
associated with other viewers (e.g., those that are similar 10
the requesting viewer) is requested lrom a backend that is
provided by a backend such as CDC 300 of IIG. 3 {(which
i comfligured Lo maintain global information). |L.ocal storage
of per-viewer information may provide benefits with respect
to privacy.

ALT0, 2 modd] is generaled [or the active viewer ol the
client device based on the oblained training data. Similar 1o
the descriptions in processes 400 and 450 of FIGS. 44 and
4B, respectively, the training data associated with the active
viewer and/or similar viewers (i.e., local and/or global
inlormation) is uwsed o gencrale a model lor the aclive
viewer. In some embodiments. the model is generated and
stored locally at the client device.

At 1004, instructions vsable to obtain content are pro-
vided based on the generated model. For example, similar 1o
the deseriptions in process 4000 of FIG. 4A, the locally
generaled model 1s used (o estimate an optimal set ol control
parameters and algorithms (e.g., for determining bitrate,
CDN, swirching rate, etc.) that will maximize the active
viewer's engagement.

Although  the  loregoing  embodiments  have  been
described in some detail for purposes of clarity of under-
standing, the invention is not limited to the details provided.
There are many alternative ways of iimplementing the inven-
tion. The disclosed embodiments are illustrative and not
restrictive.

What is ¢laimed is:

1. A system, comprising:

a processor configured o

receive d request [or content associated with a current
slreaming session;

determine that a viewer associated with the current
streaming session is a Lew viewer;
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in response to determining that the viewer associated
with the currenl sireaming session is 4 new viewor.
classily (he new viewoer:

based at least in part on the classification. identily a scl
of other viewers similar to the new viewer;

based at least in part on historical reactions of the
identified set of other viewers with respect to view-
ing cxperiences associaled wilth previous sireaming
sesslons. predict oplimal initial bitrates lor the iden-
tified set ol other viewers; and

combine the optimal initial bitrates predicted for the
identified set of other viewers 1o determine a starting
bitrate for the current streaming session associated
with the new viewor: and

a4 memory coupled 1o the processor and configured Lo

provide the processor with instructions.

2. The system recited in claim 1, wherein viewing expe-
rence information associated with a previous streaming
session comprises at least one of an initial bitrate, an initial
content delivery network (CDN). a player buller size. down-
load speed, and an amount ol time belore conlent began
playing during the previous slreaming scsslon.

3. The system recited in claim 2, wherein information
associated with a historical viewer reaction with respect to
4 viewing expericnee associaled with the previous streaming
session comprises one or more indications ol viewer engage-
ment with respect o the previous slreaming session.

4. The svstem recited in claim 3, wherein the one or more

indications of viewer engagement comprise at least one of 7

an indication of whether a viewer quit the previous stream-
ing session. an amount ol time belore the viewer returned Lo
viewing conlent that they quit. an indication ol whether the
viewer restarted viewing ol the content, an indication ol
whether the viewer quit the previous streaming session to
view another content item, an indication of whether the
viewer pavsed or fast forwarded the content, and an indi-
catiom of whether the viewer quil belore the content started
playing.

5. The system recited in claim 1. wherein the new viewer
is classified based at least in part on a set of atributes
comprising one or more of the content being requested, a
tvpe of the content, a client device type, networlk conditions,
publisher, a website [rom which the request was made. a
reflerred websile, and a geographic region associated with a
client device on which the current streaming session was
initiated.

6. The system reciled in claim 1. wherein the processor is
lurther configured o use the hislorical reactions ol the
identified sel ol other viewers with respect o viewing
experiences associated with the previons streaming sessions
10 generate a model of the new viewer, wherein the model
compriscs a model ol the new viewer's behaviors and
prelerences. and wherein the model is used o delermine the
starting bitrate tor the current streaming session for the new
viewer,

7. The system recited in claim &, wherein the processor is
[urther conligured (o establish a record lor the new viewer
and store the model generated for the new viewer o the
established record.

8. The system recited in claim &, wherein the processor is
conligured o collect viewing experience and reaction infor-
mation lor the current streaming session, and wherein the
model is updated based al Teast in parl on the viewing
experience and reaction intormation collected for the current
streaming session.

[

—
1

[
[y

”

ta

5

40

45

La

Gl

G5

28

9. The system recited in claim &, wherein a plurality of
models is generaled lor the new viewoer, and wherein cach
model in the plurality ol models corresponds 1o a dillerent
type of conlent.

10. A method, comprising:

receiving a request for content associated with a current

streaning session;

determining that a viewer associaled with the current

slreaming session is 4 new viewer,

in response Lo delermining that the viewer associaled with

the current streaming session is a new viewetr, classi-
fving the new viewer;
based at least in part on the classification, identifving a set
ol other viewers similar w0 the new viewer:

hased al least in part on historical reactions of the iden-
tificd set of other viewers wilh respect o viewing
experiences associated with previous streaming ses-
sions, predicting optimal initial bitrates tor the identi-
fied set of other viewers; and

combining the oplimal initial bitrates predicted for the

identified set of other viewers (o delermine a starling
bitrate tor the current streaming session associated with
the new viewer

11. The method of claim 10, wherein viewing experience
inlormation associated with a previous streaming session
comprises al least one ol an initial bitrate. an initial conlent
delivery network (CDN), a plaver builer size, download
speed, and an amount of time betore content began playving
during the previous sireaming sesslon.

12, The method of claim 11, wherein information asso-
cialed with a historical viewer reaction with respeel (o a
viewinyg experience associated with the previous streaming
session coprises one of more indications of viewer engage-
ment with respeet to the previous streaming session.

13, The meihod ol claim 12, wherein the one or more
indications of viewer engagement comprise al least one ol
an indication of whether a viewer quit the previous stream-
ing session, an amount of time betore the viewer returned 1o
viewing content that they quil, an indication of whether the
viewer restarted viewing ol the conlent. an indication ol
whether the viewer quit the previous streaming session 1o
view another content item, an indication of whether the
viewer paused or fast torwarded the content, and an indi-
cation ol whether the viewer quit belore the content started
playing.

14. The method of ¢laim 10, wherein the new viewer is
classified based at least in part on a set of attributes com-
prising one or more of the content being requested. a type ol
the comtent, a client device type, nelwork conditions, pub-
lisher. a websile [rom which the request was made, a relerred
website, and a geographic region associated with a client
device on which the current streaming session was initiated.

15. The method ol claim 1, further comprising using the
historical reaciions ol the identified set ol other viewers with
respect to viewing expetiences associated with the previous
streaming sessions to generate a model of the new viewer,
wherein the model comprises a model of the new viewer’s
behaviors and prelerences. and wherein the model is used 1o
determine the starting bitrale lor the current streaming
session for the new viewer.

16. The method of claim 15, further comprising estab-
lishing a record for the new viewer and storing the model
generaled for the new viewer to the eslablished record.

17. The method ol claim 15. Turther comprising collecling
viewing experience and reaction information for the current
streaming session, and wherein the model is updated based
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at least in part on the viewing experience and reaction
information collecled lor the current streaming session.

18. The method ol claim 15, wherein a plurality ol models
is generaled for the new viewer. and wherein cach model in
the plurality of models corresponds to a different type of
content.

19. A compuler program product cmbodied in a non-
transitory compuler readable storage medium and compris-
g computer instructions tor:

receiving a request for content associated with a current
streaming session;

determining thal a viewer associaled with the current
slreaming session 1s a new viewcer,

i response 1o determining that the viewer associated with
the current streaming session is 8 hew viewer, classi-
[ying the new viewer,

hased at Teast in part on the classilication, Identilying a set
ol ather viewers similar (o the new viewer,

based at least in part oo historical reactions of the iden-
tified set of other viewers with respect to viewing
experiences assoclaled with previous streaming ses-
sioms, predicling oplimal initial bitraies for the identi-
fied set of other viewers; and

combining the optimal initial bitrates predicted for the
identified set of other viewers to determine a starting
bitrale for the current sireaming session associaled with
the new viewor.
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