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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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Roadmap	
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-  Motivation 
-  Modeling power of CompCube 
-  Overview 
-  Proposed model 
-  Algorithm  
-  Experiments 
-  CompCube – at work 
-  Conclusions �

✔	
✔	

✔	
✔	

✔	

✔	



CompCube at work - forecasting	
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Forecasting future local activities 
 

 

d
X 

Time	(weekly)		

Ac
Fv
ity

	

?	

Train:  
2/3 sequences 

Forecast: 
1/3 following years 



CompCube at work - forecasting	
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Forecasting results for #1 Products 
 

 1. Products�

CompCube captures  future activities very well 



CompCube at work - forecasting	

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

Forecasting error (original vs. forecasts) 
 
 
 
 
 
 
 

CompCube consistently wins!  
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-  Modeling power of CompCube 
-  Overview 
-  Proposed model 
-  Algorithm  
-  Experiments 
-  CompCube – at work 
-  Conclusions �

✔	
✔	

✔	
✔	

✔	

✔	

✔	



Conclusions	

CompCube has the following advantages 
 Effective 
Finds important patterns 

 Practical 
Long-range forecasting 

 Parameter-free 
No parameter tuning 

 Scalable 
It is linear�
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✔	

✔	

✔	

✔	
X 

=

B C	 S	 D

CompCube 



Thank you!	
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Data & Code:  
http://www.cs.kumamoto-u.ac.jp/~yasuko 

US	

CA	

JP	
CN	BR	

AU	
ZA	

IT	

Weak/Average/Strong	
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