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Hawkes Process

t

[Hawkes ‘71]

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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HIP as a Linear Time-Invariant system
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The “endo-exo” map



Explain popularity dynamics
[Kong et al, WWW‘18]

http://hipdemo.ml/


Explain popularity – all vs top 5%

Film and Animation: 
more popular videos have higher sensitivity



Explain popularity – all vs top 5%

Games: 
more popular videos have higher endogenous response



Which videos are un-promotable?



“Potentially viral” video
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HIP as a Linear Time-Invariant system
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Forecasting future views (2)
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Forecasting future views (2)
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Why do people prefer constant promotion?
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LTI corollary: same budget, same return!

Designing promotion schedules



LTI corollary: same budget, same return!

Designing promotion schedules

cost=(1+a)
k

Compounding 
interest:

Annual interest rate
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Why is constant promotion desirable?

LTI corollary: the efects of daily promotion add 
up over time!

Explains why TV commercials appear at fxed 
intervals, every day.



Memory lengthening through promotion
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Summary
HIP: a mathematical model linking 
promotion and popularity 

Explain popularity dynamics and identify potentially 
viral videos

Two measures: virality score and maturity time

Important factors for forecasting popularity: virality 
score, promotion volume and popularity scale position 

Maturity time infuences the cost-efectiveness  of 
promotion schedules



Summary
HIP: a mathematical model linking 
promotion and popularity 

Explain popularity dynamics and identify potentially 
viral videos

Limitations &
future work:

unobserved sources of external infuence, 
seasonality, network structure, reaction to past 
and future promotions is the same.

Two measures: virality score and maturity time

Important factors for forecasting popularity: virality 
score, promotion volume and popularity scale position 

Maturity time infuences the cost-efectiveness  of 
promotion schedules



Thank you!

Code, dataset 
and interactive 
visualizer: 

https://github.com/andre
i-rizoiu/hip-popularity

Links:

https://github.com/andrei-rizoiu/hip-popularity
https://github.com/andrei-rizoiu/hip-popularity
https://github.com/andrei-rizoiu/hip-popularity


2014.06 - 2014.12 
1.061B tweets, 5.89M/day  
64.3M users; 
81.9M YouTube videos 

Twitter videos dataset



Prior work and gaps

1) Modeling popularity
power-law shapes [Crane & Sornette PNAS’08]
power-law decays with periodicity [Matsubara et al KDD’12]
collection of recurrence peaks [Cheng et al WWW’16]

How would popularity evolve under continuous external infuence?

2) Explaining virality
difusion history [Cheng et al WWW’14]
positive sentiment [Bakshy et al WSDM’11]

Can something go viral if promoted?

3) Predicting future popularity
popularity history [Pinto et al WSDM’13] [Szabo and Huberman Comm.ACM 10]
timing features [Cheng et al WWW’14]

How to forecast future popularity given planned promotions?



Supp: when HIP fails the ftting (1)

Relations
between
videos:

New
video

released



Supp: when HIP fails the ftting (2)

Long term
evolutions:

Slow
drift



Forecasting the efect of promotions
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[Yu et al ICWSM‘15][Szabo & Huberman Comm. ACM’13]


	Diapozitiv 1
	Diapozitiv 2
	Diapozitiv 3
	page4 (1)
	page4 (2)
	page5 (1)
	page5 (2)
	page6 (1)
	page6 (2)
	page7 (1)
	page7 (2)
	page8 (1)
	page8 (2)
	Diapozitiv 14
	Diapozitiv 15
	Diapozitiv 16
	Diapozitiv 17
	Diapozitiv 18
	Diapozitiv 19
	Diapozitiv 20
	Diapozitiv 21
	Diapozitiv 22
	page18 (1)
	page18 (2)
	page19 (1)
	page19 (2)
	page20 (1)
	page20 (2)
	Diapozitiv 29
	page22 (1)
	page22 (2)
	page22 (3)
	page23 (1)
	page23 (2)
	page24 (1)
	page24 (2)
	page24 (3)
	page24 (4)
	page25 (1)
	page25 (2)
	page25 (3)
	Diapozitiv 42
	page27 (1)
	page27 (2)
	page28 (1)
	page28 (2)
	page28 (3)
	Diapozitiv 48
	Diapozitiv 49
	page31 (1)
	page31 (2)
	Diapozitiv 52
	Diapozitiv 53
	Diapozitiv 54
	Diapozitiv 55
	Diapozitiv 56
	Diapozitiv 57

