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Popularity is complex
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Popularity is complex but predictable
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Asynchronous multiple sources help

What Marcolepsy Really Looks Like, Spoller Alert- It
Sucks.

s Sheapy Sarsh Elaabath

== 7,512,335 views




Adam K Olson uutiset MagicFlowerStone

@adamkolson @8d_mainos @MgicFlwerStne
What Marcolepsy Really Looks Like, Spoiler Alert- It
Sucks. ~15k Followers ~7k Followers ~7k Followers
Sheapry Satah Ekzalath
R 7,512,335 views

Open questions:
® How can we design a new model for multiple
asynchronous streams?
® What about latent/uncaptured sources?

2 | .l ® Isinfluence of user promoting content important?
LR Tl MEE  JnX M 30 Jam 2112 5




Popularity (Current Landscape)
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Popularity with Asynchronous Streams

awkes Intensity
Process [Rizoiu et.al'17

Hawkes Process o
Multivariate

Linear Regression

Recurrent Neural Networks



Popularity with Asynchronous Streams

awkes Intensity
Process [Rizoiu et.al'17

RNN-MAS: popularity modeling
using multiple asynchronous
streams [Mishra et.al ICWSM'18]




Tweeted Videos dataset

Tweeted Videos: YouTube videos published and tweeted June 2014 until today (5M tweets/day)

Video duration: 4M16S
Visual definition: HD or SD

Video Title:

Shawn Mendes - Treat You Better
Channel Id: UC4-TgOSMJHn-
LtY4zCzbQhw

Channel Title:
ShawnMendesVEVO

Freebase topics:
Shawn Mendes; Music; Music
video; Pop music

Shawn Mendes - Treat You Better

y Shawn Mendes
2 |0 Subscribe [RETYREN - “BRe

1,568,164,233 views

Video statistics 10 27 May 20

VIEWS TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES
1,567,753,681 9,538 years 537,285 6,402,448
cumuiae | ooy Insight time series:

(a) Daily watch time

/ (b) Daily view count
(c) Daily share count
(d) Avg watch time

Minutes watched

Qct 2016 Jan 2017 Apr 2017 Jul 2017 Oct 2017 Jan 2018 Apr 2018

Published on 12 Jul 2016
Shawn Mendes; "Treat You Better

Get "Treat You Better” here now:
http: T Better

Category: Music
Language: en

Licence
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Presentation outline

Modeling and predicting
popularity using HIP

[Rizoiu et.al WWW'17]

Popularity in Asynchronous
Social Media Streams with RNN

[Mishra et.al ICWSM'18]

Measuring and Predicting

Engagement in Online Videos

[Wu et.al ICWSM'18]
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Linking exo-endo popularity
[Rizoiu et.al WWW'17]

4 I
N _/
exogenous endogenous observed
stimuli response popularity
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Linking exo-endo popularity
[Rizoiu et.al WWW'17]
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- - -
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2,278.,812,248 1,223,802 2,432,395
\\\\\\\\\\\\\\ ice (2] System memory Cumulative = 0
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Hawkes Process [Hawkes 71]

ti<t Brmo ()

(.Il)'f”-l (f) t

. P (T)

Most state-of-the-art popularity prediction

systems require observing individual events.
[Zhao et al KDD*15][Shen et al AAAI'14]
[Farajtabar et al NIPS‘15][Mishra et al CIKM‘16]
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Hawkes Process [Hawkes 71]

ti<t Brmo ()

the rate of content  user Gomr (2) t
‘ , . memory L o (1)
daughter’ events virality influence 2

b (7) = 15 P 7~ (140 :

Most state-of-the-art popularity prediction

systems require observing individual events.
[Zhao et al KDD*15][Shen et al AAAI'14]
[Farajtabar et al NIPS‘15][Mishra et al CIKM‘16]
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Hawkes Intensity Process (HIP)

[Rizoiu et.al WWW'17]
A(t) = p(t) + Y bm, (t—t;)
i<t ‘ Bumo ()

the rate of content user
‘daughter’ events virality influence

..
b (7) =k m/ 770

.a'; e t |
memory e ( |

Drno (T)

expected number of events

E(t) = ps(t) + C/;&(t — 1)~ U0 qr

popularity |
exogenous
stimuli 16



At) = p(t) + > b, (t—t)

t; <t

the rate of content user
‘daughter’ events virality influence

O (T) = KM

memory

expected number of events

t
E(t) = ps(t) + C/ Et—7)r~ 0 qr
popularity 7 U

67/\_—(14—9) e

exogenous exogenous endogenous
sensitivity stimuli reaction
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Estimating the HIP model

popularity history g(

t
E(t) = ps(t) + C/ Et—7)r~ 0 qr
popularity v 0

exogenous exogenous endogenous
sensitivity stimuli reaction
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Estimating the HIP model

popularity history g(t

model £ (¢ )qj i ;rji‘;r’w ™ ’LM‘H% find {u, C,0,...}
ﬁ f'i'ﬁ“‘? s.t. minz [(E(t) — £(1))
Lt .. .€x0genous stimuli s(t) -

E(t) = ps(t) + C/ Et—7)r~ 0 qr
| 0

popularity v
exogenous exogenous endogenous
sensitivity stimuli reaction
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HIP as a Linear Time-Invariant system

| Impﬁlsé
response

E(t) = us(t) + C/O £t — )~ 0

popularity 7
exogenous exogenous endogenous
sensitivity stimuli reaction

20



HIP as a Linear Time-Invariant system

scale, shift,
add

\

0

video 'ObR4L0Y94AQ"

Viewcounts
5000 10000 15000 20000

= Observed #views

e Fitted time-varying popularity
=== Unknown external influence

Daily endogenous reactions
== Exogenous impulses (#shares)

050 150250
External influence (#shares)

May Jul Sep Nov Jan

E(t) = us(t) + C/O £t — )~ 0

popularity 7
exogenous exogenous
sensitivity stimuli

endogenous
reaction



HIP as a Linear Time-Invariant system

scale, shift,
add

video 'ObR4L0Y94AQ"

= Observed #views

e Fitted time-varying popularity

=== Unknown external influence
Daily endogenous reactions

== Exogenous impulses (#shares)

Viewcounts
5000 10000 15000 20000

050 150250
External influence (#shares)

endogenous ] = o ‘ ‘ | ‘ !
response May Jul Sep Nov Jan
t
() =ms(t) + C [ €t -0 0ar
popularity 7 0
exogenous exogenous endogenous
sensitivity stimuli reaction



The “endo-exo” map
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Explam popularlty dynamics ixongetal wwwig

SwMEbyzxMNHI: Obssrved and predicted popularity
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Presentation outline

Popularity in Asynchronous
Social Media Streams with RNN
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63 video ge (day)
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Response to unseen influence Loudness of User(s)
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Modelling Popularity in
Asynchronous Social Media
Streams with RNNs

Swapnil Mishra, Marian-Andrei Rizoiu, Lexing Xie

ComputationalMedia @ANU: http://cm.cecs.anu.edu.au
ICWSM '18, Stanford, CA, USA

ICWSM talk Tuesday, 1:15PM
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RNN-MAS: Accounting for tweets
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RNN-MAS: Daily Aggregated Shares
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RNN-MAS: Multiple asynchronous streams

[Mishra et.al ICWSM'18]
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RNN-MAS: Multiple asynchronous streams

[Mishra et.al ICWSM'18]
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RNN-MAS example fittings

3000
\ 20
% 2500 -"'"‘.I g
> 2000 g
N ]
@ 1500 103
£ £
= 1000 =
5
500
0 0
video age (day)
""" observed #views ® HIP's fit follows the shares series
—— #shares
—— HIP fit
HIP [ Views

‘Shares
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Number of tweets

observed #views
#shares

#HFtweets
RMNMN-MAS fit

HIP fit

video age (day)

® HIP’s fit follows the shares series
® RNN-MAS handles multiple series with different granularities
® RNN-MAS follows view series closely

® RNN-MAS outperforms HIP by 17% on HIP’s dataset

32



Presentation outline
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Response to unseen influence
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Response to unseen influence

Shares and tweets are two of the
factors influencing popularity

Seasonality is important

New metric:
Total response of RNN-MAS with

zero promotion

200

Tweets
[?] ..JE'!jJ
bm flickr
o Model Views
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Response to unseen mﬂuence
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Results

Response to unseen influence

saleys Jo Jaquiny
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Loudness of Users

Which promotion will gather more views
for the video?

Top 1%
most
e followed

Super user

Cohort
of
median
users

Small user

38



Loudness of Users

Which promotion will gather more views
for the video?

Super user loudness = log(sum(#views (

Small user

Kate Crawford @

~38K Followers

)
SR
RNN-
MAS
Cohort N J
of
median
users

39



Loudness of Users

Which promotion will gather more views
for the video?

Super user loudness = log(sum(#views (

Small user loudness = log(sum(#views (

4 \ Kate Crawford &
\ p o

~38K Followers

i)

RNN-
MAS

—
»)W

Swapnil Mishra

156 Followers

40



i \ ------ observed #views 150
super user with T Hweet
© 5000 .
g 23,561 followers g
> 4000 I
2 ]
8 3000 i
: E
2 2000 N :
1000 i )
L T e e T 0
0 5 10 15 20 25 30 = 40
video age (day)
super user with
494,851 followers

Super user loudness = 3.3 > Small user loudness = 1.3
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Disproportionate Influence

Nonprofits & Activism
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Disproportionate Influence

Nonprofits & Activism
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Get code and data from
https:/github.com/computationalmedia/rnn-mas

1. RNN-MAS: Joint Model for Asynchronous heterogeneous Stream
Models multiple asynchronous streams of different time granularity
Outperforms state of the art by 17%.

2. New Metric: Response to unseen influence
Explains model behaviour including seasonality, uncovers latent
influences

3. New Metric: Loudness of User(s)
Quantifies user influence across network boundaries. Compares
effects of celebrity versus grass-root users.

44


https://github.com/computationalmedia/rnn-mas

Presentation outline

Measuring and Predicting
Engagement in Online Videos

Does engagement relate to content quality? Can aggregate engagement be predicted?
45



Beyond Views: Measuring and
Predicting Engagement in
Online Videos

Siqi Wu, Marian-Andrei Rizoiu, Lexing Xie

ComputationalMedia @ANU: http://cm.cecs.anu.edu.au
ICWSM 18, Stanford, CA, USA

ICWSM talk Thursday, 4:15PM


http://cm.cecs.anu.edu.au/

View count does NOT translate to watch time

I L3

White House '§
4:13 PMET

| @ ) 4 46 44
OBAMA SURPRISES BIEN WITH PRESDENTIAL MEDAL OF FREEDOM -

> » ) 02

BREAKING NEWS

Obama's surprise brings Joe Biden to tears
CNN

s | - 3,917,179 views
+ addw @ share oo More 1y woss B2z

Video statistics uUp 1027 May 2018 @

VIEWS TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES
3,907,719 62 years 2,375 8,189

View count: 3,917,179

Watch time: 62 years

P »l o) 121872622

All Bollywood SAD Reactions On Sridevi PASSING AWAY At A Young
Age

o Home Bollywud
o - 7,833,595 views
+ Addto b Share  wee More o 12365 B 6236
Vid tatisti (7]
VVVVV IE WATI
7,833,080 32 years 15,860 5,589

View count: 7,833,595

Watch time: 32 years
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Research questions on online video engagement

User-specific engagement: the key for video recommendation

Aggregate engagement: open data available to researchers

Applications: better recommender systems, mitigate information overload, etc.

1. How to measure aggregate engagement?

0%
20%
Va: akuyBBIbOSO | ys: Wh7lif2vakQ

;
g
=

X

1]
52
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Popularity and engagement for web content

m Popularity metrics Engagement metrics

Webpages
Search ads

Songs

Videos

Visit number
[Li and Moore, JMLR '08]

Display number
[He et al. ADKDD '14]

Listening count
[Bellogin et al. ICWSM ’13]

View count

[Pinto et al. WSDM '13]

[Szabo and Huberman Com.ACM '10]
[Rizoiu et al. WWW '17]

Click-through-rate
[Richardson et al. WWW '07]

Conversion rate
[Barbieri et al. WWW '14]

Download number
[Salganik et al. Science '06]
[Krumme et al. PloS '12]

Watch time

[Guo et al. L@S '14]
[Park et al. ICWSM '16]
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Popularity and engagement for web content

m Popularity metrics Engagement metrics

Webpages
Search ads

Songs

Videos

Visit number
[Li and Moore, JMLR '08]

Display number
[He et al. ADKDD '14]

Listening count
[Bellogin et al. ICWSM ’13]

View count

[Pinto et al. WSDM '13]

[Szabo and Huberman Com.ACM '10]
[Rizoiu et al. WWW '17]

Click-through-rate
[Richardson et al. WWW '07]

Conversion rate
[Barbieri et al. WWW '14]

Download number
[Salganik et al. Science '06]
[Krumme et al. PloS '12]

Watch time
[Guo et al. L@S '14]
[Park et al. ICWSM '16]

%* No browser extension
* New metric
% Cold-start prediction

o]V



The engagement maps

o
o
o
o
o
S |
[s)
L O
0n o
— O
g
3
S
28
=~
GJ 4
[@)]
c 50
()]
=0 %
s S
(=) T . .
10 100 1000 10000

video duration (sec)

100000

51



The engagement maps
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The engagement maps
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New metric: relative engagement [Wu et.al ICWSM'18]

1.0

[ i
gos
©
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Relative engagement g 0.6 | 80%
Rank percentile of average watch percentage :§ L 60%
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0] 1
g 1 20%
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New metric: relative engagement [Wu et.al ICWSM'18]

Relative engagement
Rank percentile of average watch percentage
among videos with similar lengths

average watch percentage

10 100 1000 10000
video duration (sec)

100000
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Online video engagement

Relative engagement - a new metric invariant wrt video duration

2. Characteristics of aggregate engagement
(a) Does engagement relate to content quality?
(b) How does engagement evolve over time?

§ o
H

bollywood ~ §
foos

obama
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Quality Videos datasets: Music and News

Music

[Future Bass] Castelle - Affection Sam Smith - Too Good At Goodbyes (Official Video)
Future Bass o samsuH

L7 = < w—vy < E - -

il o= - = 12,454 views P = 741,643,159 views 1347,932,088 views
+ » = 1§ B * e 6 ” * e g S5 B

Random music clip Professional Vevo video Billboard top hit
449 314 videos 67,649 videos 63 videos

News

11/07/59 2w 1 wiuay TastasaTugsaafuluin

Obama’s surprise brings Joe Biden to tears

5081 1/2 i
o] [l n |- 3,920,586 views
1,638 views
+ - P

¥ %:

Ra{ndom news clip Top News video
459,728 videos 28,685 videos
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Relative engagement is correlated with video quality

1.0 pp 1.0
B Tweeted Music \a

i Tweeted News

average watch percentage
average watch percentage

10 100 1000 10000 100000 10 100 1000 10000 100000
video duration (sec) video duration (sec)
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Relative engagement is correlated with video quality

Tweeted Music i Tweeted News

B Top News

average watch percentage
average watch percentage

10 100 1000 10000 100000 10 100 1000 10000 100000
video duration (sec) video duration (sec)



Relative engagement is stable over time
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Video Id: XIB8Z_hASOs

Video Title: DC Super Hero Girls SO2E10
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Relative engagement is stable over time
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Online video engagement

R 1. How to measure aggregate engagement?
“ Relative engagement - a new metric invariant wrt video duration

2. Characteristics of aggregate engagement
(a) Relative engagement is correlated with content quality
(b) Relative engagement is stable over time

baseball

el 3. Can aggregate engagement be predicted?
opema §
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Prediction task setup

Video duration: 4M16S

Channel activity level:
Daily upload number

Channel past engagement:
Summary of past performance

Visual definition: HD or SD
Category: Music
Language: en

Freebase topics:
Shawn Mendes; Music; Music
video; Pop music

vevo

P b o) o5as276 B £ Ol

Shawn Mendes - Treat You Better

Shawn Mendes

. ar] B - Prediction targets:
(a) Relative engagement

(b) Avg watch percentage

1,568,164,233 views

Video statistics  Upto27 May 20

SUBSCRIPTIONS DRIVEN SHARES
6,402,448

VIEWS TIME WATCHED
1,567,753,681 9,538 years 537,285

AVERAGE VIEW DURATION 311

<— Prediction method:
Ridge regression

Evaluation metric:
0 Oct 2016 Jan 2017 Apr 2017 Jul 2017 Oct 2017 Jan 2018 Apr 2018 R2

Published on 12 Jul 2016
Shawn Mendes; “Treat You Better"

Get "Treat You Better” here now
http:/fsmarturl. it/ TreatYouBetter

goo.gl/kcEHKS
aBcEwe
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Prediction results

Predict relative engagement

1.04
~ 0.6
e 04163 04486 04437
0.2 0.1854 0.201
0o o | ] . ‘ .
D C T C+T R All CSP

D: duration; C: context;

R: channel past reputation;

RZ

1.0

0.6 1

T: topic;
All: all features;

0.5827 0.5971

i

0.654 0.6604

il

0.7605

0

Predict average watch percentage

7596

C+T: context+topic;

CSP: channel specific predictor

All

® R2 up to 0.45 for relative engagement and 0.77 for average watch percentage.

CSP
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Prediction results

Predict relative engagement

1.04

0.6

o 04163 04486 04437
021 01854 0.201
oo o [] | . ‘ .
D C T C+T R All csp

D: duration;

C: context;

R: channel past reputation;

R2

1.0

0.6 1

T: topic;
All: all features;

05827 05971

i

0.654 0.6604

il

0.7605

Predict average watch percentage

0.7732

7596

C+T: context+topic;

CSP: channel specific predictor

All

® R2 up to 0.45 for relative engagement and 0.77 for average watch percentage.

® Channel related features are the most predictive, consistent with

CSP
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Prediction results

Predict relative engagement

1.04

0.6

R2

0.21

0.0 0.0382

0.1854

0.201

04163

0.4486

0.4437

D C

L

c ‘

+T

R

D: duration;

Al

C: context;

R: channel past reputation;

CsP

R2

1.0

0.6 1

T: topic;
All: all features;

05827 05971

i

0.654 0.6604

1

0.7605

0

Predict average watch percentage

7596

C+T: context+topic;

CSP: channel specific predictor

All

® R2 up to 0.45 for relative engagement and 0.77 for average watch percentage.

® Channel related features are the most predictive, consistent with

® Topic features are somewhat predictive, contrasting to

CSP
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What are engaging topics?

Conditional entropy: H(Y|X; = 1) = -3 _ P(y|z; = 1)log, P(ylz; = 1)
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What are engaging topics?

Conditional entropy: H(Y|X; =1) =
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Engagement distribution of “Obama”
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Get code and data from
https://github.com/avalanchesiqgi/youtube-engagement

DOl

Online engagement

1. How to measure aggregate engagement? E
Relative engagement - a new metric invariant wrt video duration

40%

2. Characteristics of aggregate engagement
(a) Relative engagement is correlated with content quality
(b) Relative engagement is stable over time

baseball music

3. Can aggregate engagement be predicted?
Engagement can be predicted before video’s upload, R2=0.77

Jow
4
:
bollywood ~ §
foos

obama
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https://github.com/avalanchesiqi/youtube-engagement

Thank you!

Modeling and predicting
popularity using HIP

[Rizoiu et.al WWW'17]

Popularity in Asynchronous
Social Media Streams with RNN

[Mishra et.al ICWSM'18]

Measuring and Predicting

Engagement in Online Videos

[Wu et.al ICWSM'18]
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