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Abstract
Many recommendation algorithms suffer from popularity bias in their output: popular items
are recommended frequently and less popular ones rarely, if at all. However, less popular,
long-tail items are precisely those that are desirable for increased user satisfaction. In this
paper, we introduce a flexible regularization-based framework to enhance the long-tail coverage of recommendation lists in a learning-to-rank algorithm. We show that regularization
provides a tunable mechanism for controlling the trade-off between accuracy and coverage.
Moreover, the experimental results using two data sets show that it is possible to achieve
higher coverage of long tail items without substantial sacrifice of ranking performance.
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Introduction

Recommender systems have an important role in e-commerce and information sites, helping
users find new items. One obstacle to effectiveness of recommenders is in the problem
of popularity bias: collaborative filtering recommenders typically emphasize popular items
(those with more ratings) much more than other “long-tail” items [11]. Although popular
items are often good recommendations, it is important that recommender systems achieve a
balance between popular and less-popular items.
Figure 1 illustrates the long-tail phenomenon in the well-known MovieLens 1M dataset [6].
The y axis represents the number of ratings per item and the x axis shows the product rank.
The first vertical line separates the top 20% of items by popularity – these items cumulatively
have many more ratings than the 80% long tail items to the right. These “short head”
items are the very popular blockbuster movies that garner much viewer attention. Similar
distributions can be found in books, music, and other consumer taste domains.
The second vertical line divides the long tail of the distribution into two parts. The first
part we call the medium tail : these items are accessible to collaborative recommendation,
even though recommendation algorithms often do not produce them. Beyond this point,
items receive so few ratings that meaningful cross-user comparison of their ratings becomes
noisy and unreliable. For these items, the distant long tail or cold-start items, contentbased and hybrid recommendation techniques must be employed. Our work in this paper is
concerned with collaborative recommendation and therefore focuses on the medium tail.
In this paper, we present a flexible framework for fairness-aware optimization built on the
top of a learning to rank algorithm. When applied to long-tail items, this approach enables
the system designer to tune the application to achieve a particular tradeoff between ranking
accuracy and the inclusion of long-tail items. However, the framework is sufficiently general
that it can be used to control recommendation bias for or against any group of items.

1.1

Related Work

Recommending serendipitous items from the long tail are generally considered to be valuable to users [14, 1], as these are items that users are less likely to know about. Brynjolfsson
and his colleagues showed that 30-40% of Amazon book sales are represented by titles that
would not normally be found in brick-and-mortar stores [2]. Access to long-tail items is a
strong driver for e-commerce growth: the consumer surplus created by providing access to
these less-known book titles is estimated at more than seven to ten times the value consumers
receive from access to lower prices online.
Long-tail items are also important for generating a fuller understanding of users’ preferences. Systems that use active learning to explore each user’s profile will typically need to
present more long tail items because these are the ones that the user is less likely to have
rated, and where user’s preferences are more likely to be diverse [10, 13].
Finally, long-tail recommendation can also be understood as a social good. A market that
suffers from popularity bias will lack opportunities to discover more obscure products and
will be, by definition, dominated by a few large brands or well-known artists [4]. Such a
market will be more homogeneous and offer fewer opportunities for innovation and creativity.
The idea of the long-tail of item popularity and its impact on recommendation quality
has been explored by some researchers [2, 11]. In those works, authors tried to improve the
performance of the recommender system in terms of accuracy and precision, given the longtail in the ratings. Our work, instead, focuses on reducing popularity bias and balancing the
presentation of items across the popularity distribution.
2

Learning to Rank

We focus on matrix factorization approaches to recommendation in which the training phase
involves learning a low rank n × k latent user matrix P and a low-rank m × k latent item
matrix Q, such that the estimated rating r̂ui can be expressed as r̂ui = pTu qi where pTu is the
uth row of P, qiT is the ith row of Q, and k is the chosen dimension of the latent space. P and
Q are learned through the minimisation of an accuracy-based objective [8].
Since we are interested in ranking rather than rating prediction, we focus on the learning
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Figure 1: The long-tail of item popularity.

to rank objective function proposed originally in [7] and further developed in [15]:1
XX X
cui
sj [(r̂ui − r̂uj ) − (rui − ruj )]2
u∈U i∈I

(1)

j∈I

The role of cui is to select user-item pairs corresponding to positive feedback from all possible
pairs. We consider the implicit feedback case in which cui = 0 if rui = 0, and 1 otherwise.
sj is an importance weighting for item j. In this work, because we are trying to reduce the
influence of popular items, we use uniform importance weighting sj = 1, for all j.
3

Fairness-aware Regularization

This work was inspired by recent research by Wasilewski and Hurley [16] in which regularization is used to enhance recommendation diversity in a learning to rank setting, specifically
using the RankALS algorithm [15]. The authors calculate a pair-wise dissimilarity matrix D
for all pairs of items, demonstrate that intra-list diversity (ILD) can be represented in terms
of this matrix, and then experiment with different ways that increased ILD can be made
into a optimization objective.
Following a similar approach, we explore the use of regularization to control the popularity
bias of a recommender system. We start with an optimisation objective of the form:
min acc(P, Q) + λreg(P, Q)
P,Q

(2)

where acc(.) is the accuracy objective, reg(.) is a regularisation term, and λ is a coefficient
for controlling the effect of regularizer.
Our goal therefore is to identify a regularization component of the objective that will be
minimized when the distribution of recommendations is fair. As an initial assumption, we
define a fair recommendation list as one that achieves a 50/50 balance between long-tail and
short-head items. We intend to generalize this objective in future work.
Wasileski and Hurley start from a dissimilarity matrix D, which contains all pair-wise dissimilarities between items. The regularizer is computed from D in such a way that it pushes
the optimization solution towards recommendation lists that balance ranking accuracy with
intra-list diversity (ILD).
In our case, we define two sets of items Φ and ∼Φ corresponding to the short-head and
medium-tail items, and define a co-membership matrix D, over these sets. For any pair of
items i and j, d(i, j) = 1 if i and j are in the same set and 0 otherwise.2
Our equivalent for intra-list distance is a measure of fairness for the two sets of items in a
given recommendation list Lu . We define intra-list binary unfairness (ILBU) as the average
value of d(i, j) across all pairs of items i, j.
ILBU (Lu ) =

X
1
d(i, j)
N (N − 1) i,j∈L

(3)

u

1

A number of such objectives have been proposed in the literature and the regularisation method we
propose here could be incorporated with any such pair-wise objective.
2
We exclude distant long-tail items here. Extending this approach to content-collaborative hybrids is a
topic for future work.

where N is the number of items in the recommendation list. The fairest list is one that
contains equal numbers of items from each set, which can be easily seen: if we take a
balanced distribution and move one item to the other set, there will be more non-zero pairs
and therefore a greater sum over all pairs. Therefore, in this case unlike in [16], the regularizer
should be minimized using a positive λ as lower values correspond to an evenly-balanced list.
A more readily interpretable but closely related metric of success we will use for evaluation
is the Average Percentage of Tail items (APT) in the recommendation lists, which we define
as follows:
AP T =

1 X |{i, i ∈ (L(u) ∩ ∼Φ)}|
|Ut | u∈U
|L(u)|

(4)

t

where |Ut | is the number of users in the test set and L(u) is the recommendation list for user
u. This measure tells us what percentage of items in users’ recommendation lists belongs to
the medium tail set.
Note that we do not in our definition of fairness require that each item have an equal chance
of being recommended. There are many fewer short-head items and we are, essentially,
allocating half of the recommendation list to them.3 The 50/50 heuristic is a starting point
for exploring the effectiveness of our regularization-based technique.
As our ILBU value has the same form as the ILD measure used in [16], we can take
advantage of their experience in deriving various regularization terms from it. We chose the
LapDQ regularizer, which performed well in Wasilewski and Hurley’s experiments: we plan
to examine additional regularizers in future work. LapDQ is based on the Laplacian LD of
the D matrix and has the form tr(QT LD Q), where tr is the trace of the matrix. This version
of the regularizer only influences the item factors and therefore the p step of the RankALS
algorithm, which computes the user factors, is unchanged.
For the details of the derivation of the regularizer, readers are referred to [16]. One way to
understand the function of LapDQ is to note that our D matrix is block-structured, and has
the same structure as the adjacency matrix for a graph consisting of two separate components
of fully interconnected items. For such a graph, the eigenvector corresponding to the largest
eigenvalue represents the partition of the graph. In our case, we already know what this
partition is – it is the division of the nodes into short-head and medium-tail items. The
trace of QT LD Q is the product of each latent factor with the Laplacian with the original Q
vectors. If the item factors most resemble the partitioning eigenvector – that is, they contain
elements from both partitions in opposite signs, then this vector product, and therefore the
matrix trace, is minimized. The regularizer therefore pushes each item factor to span both
partitions.
4

Experimental results

We used two datasets in our experiments. The first one is the well-known Movielens 1M
dataset that contains 1,000,209 anonymous ratings of approximately 3,900 movies made by
6,040 MovieLens users who joined MovieLens in 2000 [6]. The second dataset is the Epinions
3

Note that it would be possible to adjust the balance between long-tail and short-head items by creating
a smaller penalty for larger numbers of short-head items. These possibilities we leave for future work.
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Figure 2: The nDCG, APT, and total long-tail coverage tradeoff (Movielens)
dataset which is gathered from a consumers opinion site where users can review items (such
as cars, books, movies, and software) and assign them numeric ratings in the range 1 (min)
to 5 (max) [9]. This dataset has total number of 664,824 ratings given by 40,163 users to
139,736 items. In Movielens, each user has a minimum of 20 ratings but in Epinions, there
are many users with only a single rated item.
Our examination of the data showed that users with longer profiles were much more likely
to have long-tail items in their profiles. From each dataset, we removed users who had less
than 30 ratings. The retained users were those likely to have rated enough long-tail items
so that our objective could be evaluated in a train / test scenario. We also removed distant
long-tail items from each dataset, using a limit of 30 ratings. This has a very significant
impact on the Epinions dataset, as there is a huge distant part of the tail containing many
cold-start products with only one rating.
After the removal of short-profile users and distant long tail items, the Movielens dataset
has 5,289 users who rated 2,836 movies with a total number of 972,471 ratings, a reduction of
about 3%. Applying the same criteria to the Epinions dataset decreases the data to 157,887
ratings given by 5,383 users to 3,423 items, a reduction of more than 75%.
For the purposes of this experiment, we define the short-head of the distribution (the set
Φ) to be the top 20% of the items. For Movielens, the short-head items were those with more
than 400 ratings. In Epinions, a short-head item need only to have more than 46 ratings –
which demonstrates the more skewed nature of ratings in the Epinions data.
We used Librec [5], an open source Java framework for recommender system implementation, modified by the inclusion of our regularized version of RankALS. We used a random
split of 80% of the data for training and the remaining 20% for testing. For each user
in the test set, we recommended a list of 10 items using three different algorithms: most
popular(P op), standard ALS (ALS) and our fairness-aware regularized ALS (ALS + Reg).
We evaluated the results for ranking performance in terms of normalized Discounted Cumulative Gain, nDCG@10. For the fairness-aware aspect of the algorithm, we evaluated
the system based on the APT measure, the proportion of medium-tail items in the average
recommendation list, and we also measured medium-tail coverage, the total number of items
from the medium-tail set that are recommended to any user in the test data. This is a
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Figure 3: The nDCG, APT, and total long-tail coverage tradeoff (Epinions)
holistic view of how well the system is avoiding popularity bias.
Figure 2 shows the trade-off between nDCG@10, the medium-tail proportion, and the
total number of medium-tail items covered in the recommendations, evaluated for different
values of λ for the Movielens dataset. As expected, increased weight for the regularizer is
associated with more tail items in each list, with increased total medium-tail coverage and
with lower ranking performance. The APT measure approaches 20% for the highest lambda
values – corresponding to 2 medium-tail items in each list on average. Without the fairnessaware approach, these lists have only short-head items. Notably, there is a fairly substantial
region in which coverage increases with minimal measurable nDCG loss.
Full cross-validation results were not available as of this writing, but partial results show
very little variation from the single fold results reported here. On the Movielens dataset at
λ =7.0E-5, which seems to be an optimal point in terms of nDCG and medium-tail coverage
tradeoff, we see a statistically-significant increase in average medium-tail coverage: 5.6 to
114 (p < 1.0E-5) with statistically-insignificant loss of nDCG: 0.1449 to 0.1441 (p > 0.25).
Figure 3 shows a similar pattern for the Epinions dataset. The nDCG performance drops
a little more noticeably in this dataset, but there is still a region that has increased mediumtail coverage with minor ranking loss. At lambda =2.0E-6, the increase in average mediumtail coverage is smaller, but still significant (p < 1E-4) and the difference in nDCG is not
significant at p < 0.05, actual p-value = 0.066.
What we see in these results is similar to the findings of [16], namely that a regularization
term incorporating list-wise properties of interest can be incorporated successfully into a
learning to rank framework. In Wasilewski and Hurley’s work, this was a similarity-based
term that enabled them to enhance list-wise diversity; in our case, it is a group-membershipbased term that enables us to enhance list-wise coverage of medium tail items.
Note in particular that because this loss function is pair-wise and local to individual
recommendation lists, it does not aim to increase catalog coverage in the medium tail directly.
It is possible, in a pathological case, to increase list-wise coverage of medium tail items
(i.e. low ILBU / high APT) by providing the same items to all users. This minimizes the
objective without enhancing medium-tail coverage. Our results show that, for these datasets
the optimization of our local objective also increases overall coverage of medium-tail items

across the test data.
5

Conclusion and Future Work

Long-tail items are an important key to practical success for recommender systems. Since
short-head items are likely to be well known among many users, the ability to recommend
items outside of this band of popularity will determine if a recommender can introduce users
to new products and experiences. Yet, it is well-known that recommendation algorithms
have strong biases towards popular items.
In this paper, we have concentrated on the medium tail – that part of the long tail
for which there is sufficient data for collaborative filtering to be effective. Within this set
of items, we have shown that it is possible to model the tradeoff between long-tail catalog
coverage and ranking accuracy as a multi-objective optimization problem. Our regularization
framework, built on related work in diversity optimization, provides a mechanism for tuning
the RankALS algorithm to achieve a desired point in this tradeoff space. This fairness-aware
regularization approach can, in principle, be applied in any learning algorithm in which
the objective is formulated as a pair-wise function of items, such as Bayesian Personalized
Ranking [12]. We plan to explore this possibility in future work.
This work suggests a number of other possible extensions. We have defined our objective
as a balanced 50/50 presentation of short-head and medium-tail items. However, in some
applications, this may be impractical or undesirable. In our future work, we will examine
how the co-membership matrix D may be manipulated to target different levels of long-tail
item presence (80/20, for example).
Our fairness criterion was formulated relative to two fixed sets. One could imagine generalizing this idea to a situation in which fairness is defined in other ways. For example,
in [3], the authors discuss a scenario which fairness across multiple product suppliers is
sought. In our future work, we will examine if our regularization approach can be extended
to encompass this situation as well.
The presence of the distant long tail – items that cannot be integrated into a collaborative
filtering framework – suggests the need for a hybrid strategy that incorporates contentbased recommendation as well. Content-based recommendation does not depend on peer
evaluations and is immune to popularity bias, but may be less effective when content data is
noisy or incomplete. Our fairness-aware approach points the way to novel hybrids sensitive
to the shape of the popularity distribution.
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