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Introduction 

 Information overload – services like Amazon, 

Yelp, Netflix, and Last.fm give users access to a 

huge amount of information and product choices. 

They can’t possibly process it all, so how can we 

help? 

 



Recommender Systems 

 Recommenders provide an alternative to search 

as another way for users to find items of interest 

 There are many varieties of recommenders 

 Top-N recommendation vs rating prediction 

 Collaborative filtering (CF) vs content based 

recommenders 

 



Recommender Systems 

 For CF, models using matrix factorization are the 

state-of-the-art 

 Sparsity of the data set is a key challenge 

 In real world datasets there are many items and typical 

users only provide ratings on a very small subset 

 Many methods rely on the co-rating relationship to learn 

item similarities 



Preliminaries 

 C and D represent the sets of user and items, 

respectively 

 |C| = n, |D| = m 

 R is the n x m user-item implicit feedback matrix, 

a binary matrix having rui  as 1 if user u has 

provided feedback on item i and 0 otherwise 



Related Work 

 SLIM (Sparse Linear Models) learns a sparse 

matrix S, the aggregation coefficient matrix, and 

recommendation scores for a user are obtained 

using the equation 

 While similar in nature to a traditional item-based 

nearest neighbor approach, SLIM learns S from 

the data by minimizing the following 



Related Work 

 A few properties of SLIM 

 S >= 0 ensures only positive aggregations 

 diag(S) = 0 constraint ensures that rui is not used to 

compute the recomendation score for item i 

 the L1-norm of S is used to learn a sparse matrix 

 SLIM can only learn relationships between items 

which have been co-rated, and therefore misses 

the transitive nature of such relations 



Related Work 

 NSVD learns an item-item similarity matrix 

 Low rank matrices P and Q are learned to approximate 

the similarity between items as a product of their latent 

features 

 Ratings are predicted using 

 P and Q are learned by optimizing 



FISM 

 Motivation: overcome the sparsity related issue 

inherent in SLIM by incorporating a matrix 

factorization model for item similarity similar to 

NSVD 

 Projection into a latent space helps FISM to learn 

transitive relationships implicitly 

 Recommendation score is computed with 

 



FISM 

 The term           controls the degree of agreement 

between items rated by user u with regard to their 

similarity to item i 

 Alpha is a dataset dependent parameter set empirically 

between 0 and 1, at the extremes 



FISM 

 Two variations 

 FISMrmse: loss computed using RMSE error loss 

function 

 FISMauc: ranking error based loss function based on 

Bayesian Personalized Ranking 



FISM 

 Estimated value of rui explicitly excludes the 

current item, i 

 Important difference between FISM and NSVD 

 



FISM 

 Stochastic Gradient Descent is used to learn P 

and Q for both variations 

 FISMrmse optimizes 

 

 

 

 FISMauc optimizes 



Evaluation Methodology 

 Datasets 



Evaluation Methodology 

 5-fold Leave-One-Out-Cross-Validation 

 For each fold, select one item per user to exclude from 

the training data 

 Using the training data, learn the models 

 Predict a top-N list for each user 

 Measure performance based on whether (and where) 

the excluded item for each user appears in their list 



Baselines 

 ItemKNN (cos) 

 ItemKNN (cprob) 

 ItemKNN (log) 

 PureSVD 

 BPRkNN 

 BPRMF 

 SLIM 



Effect of Bias 

 Biases affect performance 

 Item bias has more affect on performance 



Effect of Neighborhood Agreement 

• Alpha between 0.4 

and 0.5 seems to 

yield the best 

performance 

• FISMauc more 

stable than 

FISMrmse 

because user bias 

is nullified 



Performance on Sparse Data 

• Minimal reduction 

in performance up 

to density in the 

range of 0.1 to 

0.15 

• Average time to 

compute 

recommendations 

for each user is 

drastically reduced 



Effect of Estimation Approach 

• Excluding the item under 

consideration yields better 

results as k increases 



Comparison with Baselines 

 



Comparison with Baselines 

• FISM outperforms all competitor methods across all 

datasets, even across different values of N 

• Unexpectedly, FISMrmse outperforms FISMauc which is 

contrary to other reported results 



Effect of Sparsity 

As the data becomes 

more sparse, FISM 

increases its lead (in 

terms of HR) over 

competitor methods 



Conclusion 

 FISM learns item similarities as the product of two 

low rank matrices 

 FISM generates high quality top-N 

recommendations even on sparse datasets 

 Fast prediction can be achieved by intentionally 

introducing sparsity with a minimal reduction in 

quality 


