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Given: local user activities

e.g., Google search volumes for Kindle, Nexus
(for 236 countrles from 2004 to 2015)
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Data description

Time-stamped events:
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Problem definition

Given: Tensor X
(activity X location x time)
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Problem definition
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Modeling power of CompCube
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Modeling power of CompCube
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Modeling power of CompCube

Fitting result for News resources
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Main ideas: MANT analysis

MANT analysis
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Main ideas: MANT analysis

Idea #1: Non-linear modeling
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Main ideas: MANT analysis M

Idea #1: Non-linear modeling
Virtual ecosystem on the Web
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Main ideas: MANT analysis g
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Competition m

Interaction between multiple keywords
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Seasonality

“Hidden” seasonal activities

Season/ Seasonal
Climate events

Image courtesy of xura, criminalatt, David Castillo Dominici, happykanppy at FreeDigitalPhotos.net.
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Seasonality

“Hidden” seasonal activities
| || |

Users change their behavior according to
local seasonal events!
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Initial attempt: CompCube-dense
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Final model: CompCube
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Final model: CompCube
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Final model: CompCube
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Challenges

Q1. How can we efficiently estimate
parameters?

Q2. How can we automatically find best
arameter sets?
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Experiments

We answer the following questions...

Q1. Effectiveness
How well does it explain important patterns?

Q2. Accuracy
How well does it fit real datasets?

Q3. Scalability

How does it scale in terms of computational time?
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Q1. Effectiveness
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Q1. Effectiveness

3. Beers

4. Cocktails
2 ¥
Vs &
£

WWW 2016

+—— 1Budweiser

2Corona

4Miller

- 5Blue_Moon
6Coors
7Bud_Light
8PBR
9Modelo

r—d—10Sierra_Nevada

2008 2010 2012 2014
Time (weekly)

—— 1Margarita
2Marntini

H— 3Sangria

4Mojto

+— 8White_Russian

SLonglslandicedTea

- 10Tequila

oa 2006 2008 2010 2012 2014
Time (weekly)

Y. Matsubara et al.

84



Q1. Effectiveness
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Q1. Effectiveness
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Q1. Effectiveness
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Q1. Effectiveness
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Q1. Effectiveness *a
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Q2. Accuracy

RMSE between original and fitted volume
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Q2. Accuracy

RMSE between original and fitted volume
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Time (Linear)

Q3. Scalability

Wall clock time vs. activity , location , Time
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Time (Linear)

Q3. Scalability

Wall clock time vs. activity , location , Time
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CompCube is linear w.r.t. data size : O(dmn)
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Time — sec. (Log)

Q3. Scalability

Wall clock time vs. activity , location , Time
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Roadmap

¢ Motivation

¥ Modeling power of CompCube
o Overview

¥ Proposed model

 Algorithm

¢ Experiments

-|CompCube -atwork |

— Conclusions
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CompCube at work - forecasting

Forecasting future local activities
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CompCube at work - forecasting

Forecasting results for #1 Products
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CompCube captures future activities very well
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CompCube at work - forecasting

Forecasting error (original vs. forecasts)
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CompCube at work - forecasting

Forecasting error (original vs. forecasts)
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CompCube consistently wins!
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Roadmap

¢ Motivation

¥ Modeling power of CompCube
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 Algorithm

¢ Experiments
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Conclusions

CompCube has the following advantages
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Thank you!
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