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Abstract. This article presents an overview of recent methodological
advances in developing nearest-neighbor-based recommender systems
that have substantially improved their performance. The key compo-
nents in these methods are: (i) the use of statistical learning to estimate
from the data the desired user-user and item-item similarity matrices,
(ii) the use of lower-dimensional representations to handle issues associ-
ated with data sparsity, (iii) the combination of neighborhood and latent
space models, and (iv) the direct incorporation of auxiliary informa-
tion during model estimation. The article will also provide illustrative
examples for these methods in the context of item-item nearest-neighbor
methods for rating prediction and Top-N recommendation. In addition,
the article will present an overview of exciting new application areas of
recommender systems along with the challenges and opportunities asso-
ciated with them.

1 Introduction

Recommender systems [1] are designed to identify the items that a user will
like or find useful based on the user’s prior preferences and activities. These
systems have become ubiquitous and are an essential tool for information filter-
ing and (e-)commerce [2]. Over the years, collaborative filtering (CF) [3], which
derives these recommendations by leveraging past activities of groups of users,
has emerged as the most prominent approach in recommender systems. Among
the multitude of CF methods that have been developed, user- and item-based
nearest-neighbor approaches are the simplest to understand and are easy to
extend to capture different user behavioral models and types of available infor-
mation. However, in their classical forms [3–8], the performance of these methods
is worse than that of latent-space based approaches [9–14].

In this article, we present an overview of recent methodological advances
in developing nearest-neighbor-based CF methods for recommender systems
that have substantially improved their performance. In specific, we overview the
methods that (i) use statistical learning to estimate from the data the desired
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user-user and item-item similarity matrices, (ii) use lower-dimensional represen-
tations to handle issues associated with sparsity, (iii) combine neighborhood and
latent space models, and (iv) directly incorporate auxiliary information during
model estimation. We provide illustrative examples for these methods in the
context of item-item nearest-neighbor methods for rating prediction and Top-N
recommendation. We also briefly discuss the reasons as to why such methods
achieve superior performance and derive insights from there for further devel-
opment. In addition, we present an overview of exciting new application areas
of recommender systems along with the challenges and opportunities associated
with them.

2 Review of Previous Research

In the conventional nearest-neighbor-based CF methods [3–8,15–17], the user-
item ratings stored in the system are directly used to predict ratings or pref-
erences for a user on certain items. This has been done in two ways known as
user-based recommendation and item-based recommendation. In user-based rec-
ommendation methods such as those used in GroupLens [6], Bellcore video [15]
and Ringo [17], a set of nearest user neighbors for a target user is first identified
as the users who have most similar preference patterns as the target user over
a set of common items. Then the preferences from such neighboring users on a
certain item are leveraged to produce a recommendation score of that item to
the target user. In item-based approaches [3,5,7], on the other hand, a set of
nearest item neighbors for a certain item is first identified as those that have
been preferred in a most similar fashion as the item of interest by a set of com-
mon users. Then the recommendation score of the item to a user is generated
by incorporating the user’s preferences on the neighboring items.

The fact that the conventional nearest-neighbor-based CF methods work
well in practice is largely due to that the available information of user-item pref-
erences is typically very sparse, but such CF methods can capture and utilize
the most important signals among the sparse data using simplistic and non-
parametric approaches. Nearest-neighbor-based CF methods are intuitive, easy
in computation, and very scalable to large e-commerce datasets and thus suit-
able for really applications. Although there have been numerous other recom-
mendation methods developed over the years, particularly the latent-space-based
methods [9–14], which involve more complicated modeling, demand much more
computational resources and could achieve better recommendation performance,
nearest-neighbor-based CF methods still remain as a strong baseline particularly
when the trade-off between computational costs and performance is a major con-
sideration.

3 CF from Data-Driven Nearest Item Neighbors: SLIM

Conventionally, the item-item similarities used in CF methods are calculated
using a pre-defined similarity function, typically cosine similarity, correlation
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coefficient or their variations. A drawback of using pre-defined similarity func-
tions is that they cannot adapt to different datasets and therefore may lead
to poor neighborhood structures and thus sub-optimal recommendation results.
A recent advance is to derive the similarity matrices from data rather than use
any pre-defined similarity functions. A representative neighborhood-learning rec-
ommendation method is the Sparse LInear Methods (SLIM) [18]. In SLIM, the
recommendation score r̃ui for a user u on an item i is predicted as a sparse
aggregation of existing ratings in a user’s profile, that is,

r̃ui = ruwT
i ,

where ru is the user u’s rating profile over items and wT
i is a sparse row vector

of item similarities with respect to item i. The non-zero entries in wT
i corre-

spond to the nearest items neighbors of item i. The item neighborhood matrix
W = [w1,w2, · · · ,wn] is learned by minimizing the reconstruction error of the
user-item data R using item-based CF with item neighbors represented in W .
In specific, the optimization problem is formulated as follows,

minimize
W

1
2
‖R − RW‖2F +

β

2
‖W‖2F + λ‖W‖1

subject to W ≥ 0
diag(W ) = 0,

where both the non-negativity constraint and the �1 regularization on W enforce
a sparse and positive neighborhood for each item. Extensive experiments as in [18]
demonstrate that SLIM outperforms the state-of-the-art latent-space-based
methods in terms of recommendation performance. Meanwhile, SLIM is scal-
able to large datasets, which makes SLIM much more applicable in real appli-
cations. The success of SLIM validates CF as a fundamental framework for
recommendation problems, and meanwhile demonstrates the advantage of data-
driven item neighborhoods over the conventional hand-crafted similarity metrics
in real problems.

4 CF from Factorized Item Similarities: FISM

A remaining issue for SLIM is that when the use-item data is very sparse, it is
difficult to well estimate W . The data sparsity issue has substantially challenged
almost all the CF based recommendation methods, while latent-space-based
(LS) methods provide an appropriate remedy that consequently inspires the
combination of CF and LS. The Factorized Item Similarity Method (FISM) [19]
represents a recent effort along this line. In FISM, the recommendation score
r̃ui for a user u on an item i is calculated from an aggregation of the items that
have been rated by u and that are also similar to item i, where the item-item
similarity between two items i and j is factorized and calculated as a dot product
of two latent item factors pj and qi. In specific, r̃ui is calculated as follows,

r̃ui = bu + bi + (n+
u )−α

∑

j∈R+
u

pjqT
i , (1)
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where R+
u is the set of items that have been rated by user u, n+

u = |R+
u |, and

bu and bi are user and item bias, respectively. The learning of pj and qi can be
done by minimizing the reconstruction error or by minimizing the ranking diver-
gence using Eq. 1 on the training data. The experiments in [19] show that when
the user-item data is sparse, FISM outperforms SLIM in the recommendation
performance. FISM provides a general framework that combines neighborhood-
based CF and LS-based factorization of data-driven item-item similarities so as
to effectively handle the data sparsity issues and achieve good recommendation
performance.

5 CF from User-Specific Feature-Based
Similarities: UFSM

In addition to leveraging advanced modeling and learning techniques as in FISM
to accommodate for data sparsity, an alternative is to leverage additional infor-
mation sources. The increasing amount of auxiliary information associated with
the items in E-commerce applications has provided a very rich source of informa-
tion that, once properly exploited and incorporated, can significantly improve
the performance of the conventional CF methods. Thus, a recent trend is to
incorporate auxiliary information to improve nearest-neighbor-based CF meth-
ods [20–22]. For example, in the User-specific Feature-based Similarity Models
(UFSM) [20], the recommendation score r̃ui for a user u on an item i is cal-
culated as the aggregation of multiple user-specific item-item similarities (i.e., l
different similarity functions sim(i, j)), that is,

r̃ui =
∑

j∈R+
u

l∑

d=1

mu,d simd(i, j),

where simd(i, j) is the d-th similarity between item i and item j, and it is esti-
mated from the feature vectors f i and f j of items i and j, respectively, as
follows,

simd(i, j) = wd(f i � f j)
T,

The Feature-based factorized Bilinear Similarity Model (FBSM) proposed
in [21] extends UFSM by modeling the item-item similarity sim(i, j) as a bilinear
function of their features, that is,

sim(i, j) = fT
i Wf j

where W is the weight matrix which captures correlation among item features,
and it is further factorized as follows so as to deal with data sparsity issues
during learning,

W = D + V TV,

where D is a diagonal matrix and V is low-rank.
UFSM and FBSM calculate item-item similarities only from item features.

This characteristics enables them to conduct cold-start recommendations for
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new items when there is no existing rating information for the new items. As
demonstrated in [20] and [21], the performance of UFSM and FBSM for cold-
start recommendations is superior to that of the state-of-the-art methods.

A different way to leverage auxiliary information is to use such information
to bias the learning of an existing CF method. For example, SLIM is extended
to incorporate item features in such a way [22]. In the collective SLIM method
(cSLIM), it is imposed that the item-item similarities calculated from user-
item information and the item-item similarities calculated from item features
are identical, while in the relaxed collective SLIM (rcSLIM), the item-item
similarities calculated from both aspects are close. In these methods, the item
features are used to bias the learning of item neighbors so that the neighbor
structures conform to and also encode the information from item features. It is
demonstrated in [22] that when the user-item information is sparse, item features
can play an important role for CF methods that use such information to achieve
good recommendation performance.

6 Future Directions on Nearest-Neighbor-Based CF

There have existed other methods that have substantially improved conven-
tional CF methods. Such methods include the ones that can capture high-order
relations among item similarities [23], the methods that learn and utilize non-
linear relations among items [24], etc. However, to make CF methods fully
personalized, highly scalable and sufficiently robust against data sparsity and
meanwhile produce high-quality recommendations, significant efforts from rec-
ommender system communities have been continuously dedicated. It has been
recognized [25] that items may fall into clusters and thus item-item similarities
may have local structures that may be sufficiently different from other local struc-
tures and from global structures, which leads to potential future research that
discovers and incorporates local item neighbors into conventional CF methods.
Fast and scalable learning algorithms are demanded for such methods once non-
linear similarity structures are involved. On the other hand, dynamic components
(e.g., user preferences change over time) have become ubiquitous among recom-
mender systems, which may result in dynamically evolving user/item neigh-
borhood structures. Such evolvement may exhibit interesting signals from which
novel knowledge can be derived and used to predict future user preference/needs
and make recommendations correspondingly (e.g., to recommend TV shows, to
recommend courses). Another interesting research topic would be to develop
scalable and efficient methods that can effectively incorporate heterogeneous
auxiliary information from various static/dynamic sources in a systematical way
into CF methods.
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