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arXiv evolves over time
• Click data evolves over time 

• Popularity of papers change over time 

• Users’ interests change over time 

• The same is also true of other datasets
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Recommendations should evolve over time
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Objectives
• Understand click data over time 

• Better predictions of future user interests 

• Explore how (large) datasets evolve over time 

• Motivated by the arXiv 

• Study other datasets
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Technical approach
• Dynamic model of user preferences 

• Poisson matrix factorization [Gopalan et al. UAI’15] 

• User and item latent factors evolve over time 

• Develop inference procedure 

• Fit this model using data 

• Explore fits
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Background
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Poisson  
Matrix 

Factorization (PF)
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Properties of PF

• Suitable for implicit and explicit data 

• Model can be fit to massive datasets
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Dynamic  
Poisson factorization

14



• Users’ preferences evolve over time 

• Item popularity evolves over time 

Ratings are not exchangeable over time
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Dynamic Matrix Factorization (DPF)
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• Modeling: Smooth evolution through time
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Smooth Evolution through 
time

• Gaussian time series model 

• Exponentiate to obtain positive Poisson rates
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Local and Global factors
• Two levels of modeling: 

• Local factors: model evolution through time 

• Global factors: model constant preferences wrt time
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ū
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A 3 timeslice Dynamic PF
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ū

µu,�u u0 u1 u2

y0 y1 y2

µv,�v v0 v1 v2

v̄

µv̄,�v̄

N

M



Inference
• Variational inference algorithm 

• Mean-field (factorized) approximation 

• Non-conjugacy between                   and 

• Use an additional approximation 

• See the paper for details on the algorithm 

• Scales linearly in time, we provide a parallel 
implementation
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Empirical results
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• Explicit data 

• Augmented matrix factorization [Koren’10, Li’11, Gultekin’14] 

• Tensor factorization [Karatzoglou’10] 

• Bayesian Tensor Probabilistic Factorization [Xiong’10]

• Implicit data 

• HMM [Sahoo’12] 

• Gamma process MF [Acharya’15] 

• DPF (us): 

• User and item dynamicity 

• Implicit and explicit 

• Scalable

22



Experimental setup
• Test on multiple time steps 

• Train data: clicks up to time slice t  

• Predict held-out clicks at time t+1 

• Metrics for implicit data 

• Ranking-based (NDCG, Recall, MAR, MRR) 
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Netflix-time

• 7.5K users, 3.6K items, 2M non-zero ratings, 
binarized 

• 3 months per time slice

Recall@50 MAR MRR NDCG

dPF 0.170 640 0.027 0.294
BPTF [Xiong’10] 0.148 668 0.020 0.277

PF-all [Gopalan’15] 0.145 691 0.021 0.280

PF-last [Gopalan’15] 0.065 807 0.019 0.268
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Netflix

• 225K users, 14K items, 6.9M non-zero ratings, 
binarized 

• 6 months per time slice

Recall@50 MAR MRR NDCG

dPF 0.156 1605 0.021 0.358
PF-all [Gopalan’15] 0.120 1807 0.015 0.338

PF-last [Gopalan’15] 0.138 1635 0.018 0.351
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arXiv

• 75K users, 5K items, 1.3M clicks 

• 18 months per time slice

26

Recall@50 MAR MRR NDCG

dPF 0.035 21822 0.0062 0.186
PF-all [Gopalan’15] 0.032 22402 0.0056 0.182

PF-last [Gopalan’15] 0.023 25616 0.0040 0.168



Item 4663: “The Google Similarity Distance”

2005 2006 2007 2008 2009 2010 2011 2012

Ac
ce

ss
 fr

eq
ue

nc
y

1.0

1.5

2.0

2.5

3.0

3.5

Usage Data DPF Factors

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

G
Oo

bD
O f

Dc
to

r 
ex

Sr
es

si
oQ

GrDSh Theory
4uDQtuP & &oPS. &oPSOexity
DDtD 6tructures & ProbDbiOity
GeQerDO 0Dth
2StiPizDtioQ

2005 2006 2007 2008 2009 2010 2011 2012

Fa
ct

or
 e

xp
re

ss
io

n

27

DPF Global Factors

The Google Similarity effect
arXiv: cs/0412098



 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000
Fa

Ft
or

 e
xp

re
ss

io
n

Paper Selected at Random



 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000

Fa
Ft

or
 e

xp
re

ss
io

n



2003
2004

2005
2006

2007
2008

2009
2010

2011
2012

2013

DDte

1

2

3

4

5

6

7

Ac
ce

ss
 fr

eT
ue

nc
y

7he entrRpy fRrmulD fRr the 5icci flRw Dnd its geRmetric DpplicDtiRns (mDth/0211159)

 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000

Fa
Ft

or
 e

xp
re

ss
io

n



2003
2004

2005
2006

2007
2008

2009
2010

2011
2012

2013

DDte

1

2

3

4

5

6

7

Ac
ce

ss
 fr

eT
ue

nc
y

7he entrRpy fRrmulD fRr the 5icci flRw Dnd its geRmetric DpplicDtiRns (mDth/0211159)

 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000

Fa
Ft

or
 e

xp
re

ss
io

n



2003
2004

2005
2006

2007
2008

2009
2010

2011
2012

2013

DDte

1

2

3

4

5

6

7

Ac
ce

ss
 fr

eT
ue

nc
y

7he entrRpy fRrmulD fRr the 5icci flRw Dnd its geRmetric DpplicDtiRns (mDth/0211159)Perelman 
declines the  
Fields Medal

 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000

Fa
Ft

or
 e

xp
re

ss
io

n



2003
2004

2005
2006

2007
2008

2009
2010

2011
2012

2013

DDte

1

2

3

4

5

6

7

Ac
ce

ss
 fr

eT
ue

nc
y

7he entrRpy fRrmulD fRr the 5icci flRw Dnd its geRmetric DpplicDtiRns (mDth/0211159)Perelman 
declines the  
Fields Medal

Perelman 
rejects the  

Millenium Prize

 2005 2006 2007 2008 2009 2010 2011 2012
0

100000

200000

300000

400000

500000

600000

Fa
Ft

or
 e

xp
re

ss
io

n



2005 2006 2007 2008 2009 2010 2011 2012

Fa
ct

or
 e

xp
re

ss
io

n

User 755

2005 2006 2007 2008 2009 2010 2011 2012

Cl
ic

k 
fre

qu
en

cy

2

3

4

5

6

7

8

9

Usage Data DPF Factors

30



Fields evolve over time
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Conclusions
• Dynamic Poisson factorization (DPF) 

• Implicit data, scalable 

• Open source implementation is available:  

github.com/Blei-Lab/ 

• Future work: levels of granularities, continuous time

32

2005 2006 2007 2008 2009 2010 2011 2012

Fa
ct

or
 e

xp
re

ss
io

n

User 755

2005 2006 2007 2008 2009 2010 2011 2012

Cl
ic

k 
fre

qu
en

cy

2

3

4

5

6

7

8

9

https://github.com/Blei-Lab/


Thank you!
• Dynamic Poisson factorization (DPF) 

• Implicit data, scalable 

• Open source implementation is available:  

github.com/Blei-Lab/ 

• Future work: levels of granularities, continuous time
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