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Tensor and matrix factorizations in python: application to recommender systems

With applications ranging from large scale recommender systems [1] to geoscience applications [2] 
and from chemometrics applications [3] to community structure retrieval [4], models such as 
nonnegative matrix factorization [5,6], collective matrix factorization [7]  and tensors [8] became 
widespread data mining and prediction tools. 

Example in recommender systems: 

In Video on Demand (VOD) platforms, e.g. Netflix, one is interested in recommending movie titles 
to users. For each user the recommender system must generate a personalized set of proposals that 
is expected to be fit to the user profile.  By doing so, the number of movie demands is expected to 
be maximized. 

The recommender platform has data on the movie ratings for each user and the ratings are normally 
indexed by a time stamp. Since users only rate movies they have watched, the three dimensional 
block of data (User x Movie x Time) has multiple missing entries. The advantage of tensor and 
matrix models in this context is that, under some constraints, they can be fit to multidimensional 
blocks of data with only a few present entries. Thus, by querying the obtained model on the missing
points, we can predict their values (the missing ratings). Clearly, two questions arise in this 
problem: 

- What is the best temporal model? A tensor model? A collective matrix model? Independent matrix 
factorization models for the time slices? 

- What do we do when the blocks of data are too big for processing with standard tensor 
decomposition algorithms? 
     
Objective of the project: 

In this project, the students are asked to develop a python library for fitting nonnegative matrix, 
collective matrix and tensor factorization models. The students will be first asked to code standard 
algorithms from the literature such as multiplicative algorithms [6, 9] and alternating methods [10], 
then adapt them to data with missing entries and finally to propose strategies which are scalable to 
datasets of increasing sizes. The different algorithms will be tested on the Movielens dataset [11]. A 
comparison between the different models should be carried out in terms of prediction accuracy of 
the missing entries. 

Requirements and acquired knowledge: 

This project will require some skills on optimization, linear algebra, machine learning and coding. 
After this project, the students will be able to grasp some of the difficulties of dealing with big data 
in a machine learning/optimization context and will have some experience on recommender 
systems. 
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