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Abstract
We propose extensions to traditional low-rank matrix completion methods used in movie recommendation systems, with the ability to recommend out-of-sample movies. We have implemented three
recommendation systems; the first is a standard SVD model which learns abstract features for prediction and generalizes to out-of-sample movies using a nearest neighbor search. The second model is a
constrained matrix completion using interpretable features instead of latent features. The third model
is constrained matrix completion using LASSO regularization. We found that model 3 generalizes best
due to the intrinsic sparsity of user preferences.

Related Work
Matrix completion and collaborative filtering techniques have been popular and successful in predicting user
ratings for movies based on the ratings of many similar users [3]. However, these methods fail to provide any
insight as to which factors users take into consideration when making choices, since these models often learn
latent factor representations, for which there is no natural interpretation [1]. The idea behind collaborative
filtering techniques is to leverage the known scores of similar users to fill in missing ratings [2]. Therefore,
these techniques cannot be used to predict ratings on a movie which none of the users in the dataset have
seen. Such a movie is called out-of-sample. Predicting the reception of out of sample movies can be of great
interest to content creators because it allows them to cater towards user preferences.

Introduction
One weakness in using latent factors is that it is unclear how to find the latent feature representation
for an out-of-sample movie. Thus, to make the feature space generalizeable to new movies, we use an
intepretable feature space. We also suspect that for an interpretable feature space, user preferences will be
sparse. For example, a person may choose movies heavily based on their favorite genre or favorite actor,
without paying too much attention to the director, runtime, release year, or movie rating. Sparse preference
vectors are also easier to interpret and localize which factors a particular user sees as most important. Thus
from both an operational perspective and an interpretation perspective, we believe the problem structure
is intrisically sparse, which is confirmed in our experimental results. Inspired by this, we propose three
approaches to address the issues of interpretablility and extension to out-of-sample movies, all of which
utilize an interpretable feature space instead of using latent features. The inputs and outputs for all three
approaches is the same: for a given movie ID and a specified user, we output a score estimate from 1 to 5
indicating how much we believe the user will like the movie. In section 1, we introduce our data set and
our construction of an interpretable feature set. Section 2 describes in detail all three of our approaches.
We report the results of our experiments and compare with related works in Section 3 and conclude with a
discussion and future ideas in Section 4.
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Notation
• The feature size k is the number of features we use to make recommendations. k is a positive integer. The
regimes where k  m and k  n is what we are considering.
• A movie feature vector is a vector of k parameters that we use to represent the properties of a movie.
• Similarly, a user feature vector is a vector of k parameters that we use to represent the corresponding
emphasis or preference toward a particular movie property.
• The User Matrix U ∈ Rm×k is a matrix which describes the preferences of m users. The ith row of U is the
user feature vector for user i.
• The Movie/Media Matrix V ∈ Rn×k is a matrix with describes the attributes of the media files in our
database. The ith row of V is the movie feature vector for movie j.
• For a vector v, we use the notation vi to represent the ith component/entry of v.
• For a matrix A, we use the notation that Ai∗ is the ith row of A, and A∗j is the jth column of A.

1

Data set and Features

For our experiments, we used the 20M dataset from Movielens [10] which contains 20 million ratings of 27,000
movies by 138,000 users.1 . We chose the 20M dataset because it has the largest sample variance and would
give our techniques the most opportunity to demonstrate their effectiveness. We wrote a python script to
extract information from IMDB for all of the movies in the 20M set about the genre, runtime, release date,
rating (G, PG, etc.), IMDB score, leading actors and directors and language in the movie. We then created a
feature mapping Ψ : N → Rk which takes a movie ID/index and produces the corresponding feature vector.
For a given movie index v, Ψ(v) is constructed as a concatenation of indicator functions. For example, we
distinguished between 22 different genre types, so the genre portion of Ψ(v) will have 22 components, each
of which will have a value of 1 if the movie indexed by v falls into that genre category, and 0 otherwise.
This pre-processing was done in MATLAB, however, the 20M MovieLens set was too large for MATLAB
to import, so we had to implement most of our learning algorithms from scratch in C (with the exception
of LASSO). We developed several optimizations to the code in order to speed up training, including the
use of multithreading and emphasizing sequential memory accesses (to help with cache locality). Although
actors and directors certainly influence a user’s preference, we couldn’t find a way of encoding them without
blowing up our feature dimension. We used genre, rating, year of release, and runtime, each of which has
dimension 22, 7, 10, and 5, to define Ψ with 44 features.

2

The Models

The following notation is for all three models. We have a database with m users and n movies, and for
T
movies in the database, our estimate of the score that the ith user would give the jth movie is Ui∗ Vj∗
+ cij
T
m×n
where cij is a bias term depends on i, j. Therefore, the matrix U V ∈ R
+ C is such that the (i, j)
entry is our estimate of the score that the ith user gives to the jth movie. The training data of size S has
the form S = {yi , ui , vi }Si=1 , which is to be interpreted as the ui th user gave the vi th movie a rating of yi .

2.1

Model 1: Biased SVD & Nearest Neighbor

In this first model, in addition to the matrices U, V , our model uses two bias vectors b ∈ Rm and b0 ∈ Rn .
Given a particular pair 1 ≤ i ≤ m, 1 ≤ j ≤ n of a user and a movie, our estimate of the score that i would
give j is
T
sbij := Ui∗ Vj∗
+ bi + b0j
(1)
1 The

data set we used can be found here: http://grouplens.org/datasets/movielens/
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We also employ `2 regularization to the entries of U and V , to prevent overfitting, therefore the objective
function for our algorithm is:
L(U, V b, b0 ; S) = λU ||U ||2F + λV ||V ||2F +

S
X

yi − Uui ∗ VvTi ∗ − bui − b0vi

2

i=1

Where λU , λV are the `2 regularization constants, and || · ||F is the Frobenius norm for matrices. We
minimized this objective using stochastic gradient descent. (1) is then used to estimate the scores of all
movies by all users in the database. To handle recommendation of out-of-sample movies, we proceed using a
nearest neighbor approach. For an out-of-sample movie v, even though it is not in the database, we can still
compute Ψ(v), since the features comprising Ψ are interpretable statistics. Next we find the indices N (v) of
its L nearest neighbors, in the Ψ-feature space.
X
||Ψ(v) − Ψ(vi )||2
(2)
N (v) = arg min
N ⊂[n],
|N |=L i∈N

Then if we wish to predict the score that user i would give to v, we take an average of the scores that i gave
to the movies in N (v).
1 X
sbij
sbi (v) :=
L
j∈N (v)

2.2

Model 2: Feature Constrained Least Squares

In this model, V is pre-determined by our feature mapping Ψ, (for 1 ≤ j ≤ n, the jth row is Ψ(j)) therefore
U, b, b0 are the only set of free parameters. The objective function is the same as in the first model, however
now the optimization is done over U only with V fixed, again by gradient descent.
L(U, b, b0 ; V, S) = λU ||U ||2F +

S
X

yi − Uui ∗ VvTi ∗ − bui − b0vi − y

2

i=1

Again, we can use (1) to estimate the unseen scores of movies in the database. Since this method produces
user preferences with respect to an interpretable feature set, for an out-of-sample movie v and a particular
T
user i, we can predict the rating by sbi (v) = Ui∗
Ψ(v).

2.3

Model 3: Feature Constrained LASSO

This approach is similar to that of model 2, however we enforce sparsity constraints to the user feature
vectors in this model. As described in the introduction, sparsity is both convenient for interpretation and
expected to be intrinsic to the underlying data generating mechanism. An intuitive approach to enforce
sparsity is to solve a modified version of linear regression
min0

U,b,b

S
X

yi − Uui ∗ VvTi ∗ − bui − b0vi

2

+ λ||U ||0

i=1

Where ||U ||0 is the “`0 norm” of U which is the same as the number of non-zero entries in U .2 Despite being
a simple idea, this optimization is NP hard because there are exponentially many different supports that
need to be considered. However, a powerful result [4] shows that doing `1 regularization via LASSO instead
2 Note that this not actually a norm because it fails the absolute homogeneity property ||cv|| = |c| · ||v|| for any scalar c and
vector v.
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of `0 produces a near optimal solution. This is important because the `1 problem is a convex optimization
problem and is tractable. With this in mind, in this model we employ LASSO
min0

U,b,b

S
X

yi − Uui ∗ VvTi ∗ − bui − b0vi

2

+ λ||U ||1

i=1

with V fixed. Once U is obtained through LASSO, we can use (1) to estimate the unseen scores of movies
in the database. Since this method produces user preferences with respect to an interpretable feature set,
T
for an out-of-sample movie v and a particular user i, we can predict the rating by sbi (v) = Ui∗
Ψ(v). Our
implementation of LASSO is a modified version of the code in [9].

3

Experiments & Discussion

Throughout all of our experiments, our performance metric is root mean square error (RMSE) with λU =
λV = 0.035, and a learning rate of 0.001 (note that these parameters are irrelevant for the LASSO method).
We used λ = 1.0 in our implementation of LASSO. The learning rate was tuned on the unconstrained SVD
model by observing how the train RMSE changed per epoch. We tuned λU and λV on the unconstrained
SVD model by holding out a portion of the training set for validation (roughly 20 percent). Once these
parameters were determined for the unconstrained model, we used the same parameters in the constrained
model for consistency, and the validation set was put back into the training set to improve the performance
of our models. We chose λ for the LASSO model in a similar manner.

3.1

Matrix Completion: Estimating In-Sample Movie Ratings

In this experiment, we partitioned the 20 million known user-movie ratings from the 20M Movielens dataset
into two sets, a training set (75 percent) and a hold-out test set (25 percent). For the model 1, we ran our
optimization with 60 latent factors. For models 2 and 3 we use our 44 feature space. Stochastic gradient
descent was run for 60 epochs. The table below summarizes our results:

Train RMSE
Test RMSE

Model 1
0.697
0.774

Model 2
0.762
0.839

Model 3
0.823
0.942

Sample Mean
1.05
1.04

The relative performances of the three models is not surprising. Model 1 is the standard SVD for matrix
completion, model 2 has V fixed, and model 3 has V fixed as well as a sparsity constraint. Thus, it makes
sense that model 1 has the best performance during training and testing since it has the largest parameter
space. These results are comparable to [6] which achieved a test RMSE of 0.815 via collaborative filtering
on the 1M Movielens data set. While model 2 achieved an RMSE of 0.823, which is very close to the RMSE
of [6] using interpretable features, it is important to note that we had more training data, since we worked
with the 20M set.

3.2

Beyond Collaborative Filtering: Estimating Out-Of-Sample Movie Ratings

In this experiment, we chose 5 percent of movies in the 20M set at random and held out all ratings for those
movies. The non-held out ratings served as the training set, so our algorithms do not get to see any ratings
for any of the movies in the hold out set, effectively making these movies out-of-sample. Gradient descent
was used for 60 epochs for all three models during training. The table below summarizes the results:

Train RMSE
Test RMSE

Model 1
0.695
0.995

Model 2
0.768
0.960
4

Model 3
0.833
0.931

Sample Mean
1.044
1.052
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Remarkably, the performance of the three models is the complete opposite from what happened in the first
experiment. In terms of training error, the same argument about the number of constraints applies, and it
is expected that model 1 outperforms model 2 which outperforms model 3. However, on the test set, the
sparsity of user preferences enforced by LASSO for model 3 allows it to generalize to out-of-sample movies to
achieve a RMSE similar (0.942 in experiment 1). The other models, however, suffer heavily from overfitting,
and model 3 ends up with the best test RMSE. This confirms our belief that sparsity is intrinsic to the
structure of our problem.

3.3

Interpretability

We do a case study to demonstrate the interpretability of our feature representation. The first two rows in
the below table shows the preferences recovered for four genres for user 2 in the MovieLens data set.

Constrained SVD
LASSO & SVD
Avg rating by Genre

Action
0.2896
3.454
4.44

Adventure
0.3213
0.470
4.75

Biography
-0.0305
0
3.50

Crime
-0.035
0
3.64

The next row shows the average score he gave to movies with a specific genre. The average rating given
out by user 2 is 3.99. The user preferences recovered by both models tells us that user 2 likes action and
adventure genres, which is reflected by the fact that user 2 assigns higher ratings to movies of this genre
than the typical 3.99. Conversely, both models claim that user 2 does not care much for the biography or
crime genres, which is again reflected by the fact that user 2 scores those kinds of movies much lower than
his/her typical score of 3.99.

4

Conclusion and Goals

We proposed three methods of extending low-rank matrix factorization approaches to estimating ratings
of out-of-sample movies. While the RMSE of predictions based on interpretable features was worse than
that of latent factor models, the reduction in accuracy is not too severe and additional insight about user
preferences is gained. Finally, we saw that enforcing sparsity in user preferences for our interpretable feature
space improves generalization RMSE on out-of-sample movies, confirming our intuition that users typically
make decisions based on a small set of personal tastes. Moving forward, there are several things that can be
done to gain more insight and better performance. Further refinement of the interpretable feature mapping Ψ
in order to make the features more comprehensive in their descriptions would help the learning process. Also,
it seems that the 20M MovieLens data set has intrinsically low variance. The sample mean rating estimator
which just estimates the average of all known scores achieves an RMSE of 1.05 across the entire dataset,
which means that the sample variance of the data set is only about 1.1. We believed that some of our ideas
were not able to shine because of the lack of variety in the data set. Aside from constraining the features
to be interpretable, another idea that we had is to first learn k latent features using a more conventional
algorithm, and then try to find a reasonably well-behaved function3 f which can map the abstract features
into an interpretable feature set. We do not expect linear functions to perform much better than method 2,
so we expect such an f to be nonlinear.

3 Of

course, the smoothness and regularity of f is needed to ensure the model has low variance.
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