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ABSTRACT

Top-N recommender systems automatically recommend N items for users from huge

amounts of products. Personalized Top-N recommender systems have great impact

on many real world applications such as E-commerce platforms and social networks.

Sometimes there is no rating information in user-item feedback matrix but only im-

plicit purchase or browsing history, that means the user-item feedback matrix is a

binary matrix, we call such feedbacks as implicit feedbacks. In our work we try

to learn Top-N recommender systems with implicit feedbacks. First, we design a

heterogeneous loss function to learn the model. Second, we incorporate item side

information into recommender systems. We formulate a low-rank constraint mini-

mization problem and give a closed-form solution for it. Third, we also use item side

information to learn recommender systems and in this model we use gradient descent

method to learn our model.

Most existing methods produce personalized top-N recommendations by minimizing

a specific uniform loss such as pairwise ranking loss or pointwise recovery loss. In

our first model, we propose a novel personalized Top-N recommendation approach

that minimizes a combined heterogeneous loss based on linear self-recovery models.

The heterogeneous loss integrates the strengths of both pairwise ranking loss and

pointwise recovery loss to provide more informative recommendation predictions. We

formulate the learning problem with heterogeneous loss as a constrained convex min-

imization problem and develop a projected stochastic gradient descent optimization

algorithm to solve it.
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Most previous systems are only based on the user-item feedback matrix. In many

applications, in addition to the user-item rating/purchase matrix, item-based side

information such as product reviews, book reviews, item comments, and movie plots

can be easily collected from the Internet. This abundant item-based information

can be used for recommendation systems. In the second model, we propose a novel

predictive collaborative filtering approach that exploits both the partially observed

user-item recommendation matrix and the item-based side information to produce

top-N recommender systems. The proposed approach automatically identifies the

most interesting items for each user from his or her non-recommended item pool by

aggregating over his or her recommended items via a low-rank coefficient matrix.

Moreover, it also simultaneously builds linear regression models from the item-based

side information such as item reviews to predict the item recommendation scores

for the users. The proposed approach is formulated as a rank constrained joint mini-

mization problem with integrated least squares losses, for which an efficient analytical

solution can be derived.

In the third model, we also propose a joint discriminative prediction model that

exploits both the partially observed user-item recommendation matrix and the item-

based side information to build top-N recommender systems. This joint model ag-

gregates observed user-item recommendation activities to predict the missing/new

user-item recommendation scores while simultaneously training a linear regression

model to predict the user-item recommendation scores from auxiliary item features.

We evaluate the proposed approach on a variety of recommendation tasks. The ex-

perimental results show that the proposed joint model is very effective for producing

top-N recommendation systems.
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CHAPTER 1

INTRODUCTION

1.1 Top-N Recommender Systems

Recommender Systems are information filtering systems that seek to predict the ”rat-

ing” or ”preference” that users would assign to an item. In the era of Internet, online

shopping has become a close part of peoples daily life. To facilitate consumers’ on-

line shopping experience, help consumers to find their interested items from the huge

amount of online items and hence encourage online item purchases, effective Top-N

commercial recommendation systems, which suggest a small list of items that best

match each consumers taste from the large amount of product items, have become

increasingly important. Top-N recommendation systems automatically predict the

recommendation scores over each item in the whole product item pool for each con-

sumer, and recommend top-N items with high scores to the consumers. They can

be widely used in many real world applications. Recommender systems can be ap-

plied to recommend different kinds of things. Such as music [89, 29, 30, 80], movies

[23, 17, 19], news [37, 18, 42, 36], products [40, 45], articles [84], blogs [9, 88]. Fur-

thermore, people also try to recommend personalized social links [92, 13, 47, 96]

and point-of-interest [41, 93, 35, 39, 22]. Amazon.com has a huge amount of on-

line products, while consumers may not know all the special items they would like.

A Top-N recommendation system, which can effectively suggest a set of personalized

1



Recommender Systems Application Related Company

Movie Recommendation
Netflix
Hulu

Music Recommendation
Apple
Spotify
Yahoo!

Products
Amazon
Ebay

News
Google
Yahoo!

Articles
Google
Springer

Blogs
Tumblr
Twitter

Social Links
Facebook
LinkedIn
Twitter

Points-of-Interests
Yelp
FourSquare

Table 1.1: Recommender Systems Applications and Related Companies

selected products for each consumer, can significantly increase the user-item purchase

probability. Similarly, Netflix Inc. has thousands of online movies and TV shows, a

personalized recommendation for users can help them to find the videos they may like.

Yahoo! and Apple Itunes have millions of musics, Top-N recommendation systems

can help users to find the musics they may like and provide a recommendation list to

each user. In summary, an effective Top-N personalized recommendation system can

have significant real world commercial impacts. Google and Yahoo! can recommend

personalized news to the users based on their click history. Yelp can help users to

find their favorite restaurants, hotels and so on. In Table 1.1 we give a summary of

different recommender system applications and related companies.

2



Figure 1.1: Top-N Recommender Systems

1.2 Top-N Recommender Systems with Implicit Feedbacks

1.2.1 Explicit Feedbacks vs Implicit Feedbacks

Traditional Recommender Systems rely on explicit feedbacks, that means the input

is a sparse rating matrix M ∈ Rn×d , where n is user numbers and d is item number.

For example, in Netflix challenge [6], Netflix collects ratings(from 1 to 5) for movies

of each user. Yelp provides ratings from users to restaurants. However, sometimes

explicit feedbacks are not available. For example, when we purchase products from

Amazon, sometimes we wont give a rating for them. When we browser from Internet,

we only leave the click history without any explicit feedbacks. In such situations,

the user-item feedback matrix is a binary matrix with values 0 and 1. We call such

feedbacks implicit feedbacks. In our works, we try to build Top-N recommender

systems based on implicit Feedbacks.

In figure 1.2, we show the explicit and implicit feedbacks. In the figure, each row

u represents one user and each column I represents one item. We can see that in

explicit feedbacks, the entries have values from 1 to 5 while in implicit feedbacks, the

entries only have values 0 and 1.

1.3 Importance of Top-N Recommender Systems

Nowadays, with the information explosion, it is necessary to filter the huge amount of

information. Recommender systems are very popular in recent years. In this chapter

3



Figure 1.2: Implicit and Explicit Feedbacks

we briefly explain why recommender systems are very important for companies and

users.

1.3.1 Importance of Top-N Recommender Systems for Companies

Apple sells billions of songs every year by using iTunes. There are millions of items

in Amazon. There are huge amounts of news every day from Yahoo!. People upload

lots of videos to Youtube. If there is no personalized recommender systems, those

companies can not push items efficiently to users. With the help of recommender

systems, users can get personalized recommendations easily from huge amount items,

people may buy more items, click more news links or videos. This will help companies

get more revenue.

1.3.2 Importance of Top-N Recommender Systems for Users

Top-N recommender systems also bring values to users. Think about such a situation,

when you want to explore new musics you never heard before from iTunes, it’s hard

4



for you to get musics of your taste easily. One Top-N recommender system can

recommend you new musics based on your history and other users history. It will

save you a lot of time and you can find good musics recommender systems learned

for you. Similarly, when you want to go to a restaurant when you travel, you are not

familiar with the new place and it’s very difficult for you to find a good restaurant.

Recommender systems can learn your taste and recommend restaurants you may like.

It really makes your life easier.

1.4 Design Top-N Recommender Systems

Since Top-N recommender systems is very important, in this book, we try to design

novel Top-N recommender systems. Different recommender systems algorithms are

designed for special usages. In our recommender systems, we try to make the rec-

ommendation results better than state-of-the-art models. Particularly, we will design

new loss functions to learn a better Top-N recommender system. In addition, besides

user-item feedback matrix(Figure 1.2), we also try to use item side information to

improve the performance of our model.

1.5 Organization

The remainder of this work is organized as follows. In the following chapter, we give

a brief review of existing methods for Top-N Recommender Systems. After that,

we present top-N Recommendation with Heterogeneous Loss in Chapter 3. In this

chapter, a new loss function is designed and the stochastic gradient descent algorithm

is applied to optimize . We then show the work Predictive Collaborative Filtering

with Side Information in Chapter 4 and Chaper 5. Finally we conclude the work and

discuss the future work in Chapter 6.
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CHAPTER 2

BACKGROUND

A variety of works have been developed in the literature to address recommender

systems. We provide a brief review below on the most related collaborative filter-

ing approaches and side information assisted approaches. Collaborative filtering ap-

proaches make recommendations by using both the target users’ previous recommen-

dation activities and other users’ history behaviors [79], which include two groups of

methods, neighborhood-based methods [66, 20, 28] and latent factor-based methods

[7, 25, 62, 64, 86, 32, 17, 75].

2.1 Neighborhood-based Collaborative Filtering

Figure 2.1: Implicit Feedbacks. Each column is treated as item feature to calculate
item-item similarity

6



Neighborhood-based collaborative filtering methods make recommendations by

exploiting similarities among items within the user-item recommendation matrix. As

showed in Figure 2.1, In the neighborhood-based Collaborative Filtering models, each

item column is treated as one instance vector, each user is one feature dimension.

Once item-item similarities are computed, the prediction on a new item for a user

is obtained by considering the particular users past recommendation activities on

similar items. For example, the work in [66] proposed to use similarity weighted

sum prediction to recommend new items for a target user. In order to measure the

item-item similarities, various similarity schemes have been investigated, including

cosine similarity, correlation similarity, adjusted cosine similarity [66], and conditional

probability similarity [20]. Suppose we have a binary feedback matrix Y ∈ {0, 1}n×d,

d items, we use W ∈ Rd×d to represent the similarity matrix. Take the implicit

feedback matrix in Figure 2.1 as example, the similarity between item 1 and item 2

W12 can be calculated as:

W12 =
Y T
:,1Y:,2

|Y:,1||Y:,2|
= (1, 1, 1, 1)× (1, 0, 1, 1)/(2 ∗

√
3) = 0.866 (2.1)

2.2 Latent Factor-based Methods

Unlike the neighborhood-based methods, which directly employ the user-item recom-

mendation matrix for prediction, the latent factor-based collaborative filtering meth-

ods assume that the true feedback matrix Ŷ has a low rank k. They first identify a

set of latent factors for users U ∈ Rn×k and items V ∈ Rd×k respectively. They then

train a prediction model on the latent space to make recommendations. In order to

identify the latent factors, a variety of models have been employed.

For example, the pure singular value decomposition (PureSVD) method [17] use

SVD to factorize the feedback matrix. After they get U , V from the factorization,

they use top-K component to reconstruct the matrix and get a low rank matrix Ỹ .

Ỹ = Uk ∗ V T
k (2.2)
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Similarly, in [25], LSA [7] is used to decompose the feedback matrix. In [62, 86] the

maximum margin matrix factorization methods are used to learn the user and item

latent features.

2.3 Other Methods

In addition to these two groups, some other collaborative filtering recommender sys-

tems have also been developed in the literature [31, 50]. Koren [31] proposed an asym-

metricSVD based hybrid approach to address recommendation problems, which com-

bines the similarity-based neighborhood method and the latent factor-based method

together for recommendations. Ning and Karypis [50] proposed a sparse linear method

to address Top-N recommendation problems, which computes the recommendation

score on a non-purchased/non-recommended item for a target user using sparse ag-

gregation of purchased/recommended items of the particular user. Shi et al. [73]

proposed a collaborative less-is-more filtering approach, which maximizes the mean

reciprocal rank to address recommendation problems in social networks.

In addition to the traditional matrix factorization methods, Neural Network mod-

els [34, 5] have also been used for collaborative filtering. For example, in [64, 81],

the authors use a restricted Boltzmann Machine(RBM) to build collaborative fil-

tering models. In [70], the authors use an autoencoder framework to learn a col-

laborative filtering model. In [85], the authors use the Bayesian stacked denoising

autoencoder and deep learning model to learn the side information and rating matrix

together for collaborative filtering. In [38], the authors use marginalized denoising

autoencoder(mDAE) [12] to learn side information and then incorporate the learned

representation into matrix factorization model to learn better user and item represen-

tations. In [52], convolutional neural networks(CNN) [33] is used on music content

to learn new representations. In [16], deep learning is used to recommend youtube

contents to users.

8



2.4 Analysis Top-N Recommender Systems based on Loss Function

Existing top-N recommendation methods have mostly focused on minimizing a uni-

form type of recommendation recovery loss to predict the recommendation scores.

Based on the type of the losses, these recommendation systems can be categories into

two main groups. The first group exploits point-wise comparison losses and the sec-

ond group exploits pairwise ranking losses. Pointiwise comparison methods. Many

traditional Top-N recommendation algorithms perform learning by minimizing the

point-wise (entry-wise) divergence of the reconstructed recommendation matrix from

the original observation matrix. These include the collaborative filtering methods

[68, 79, 26, 86, 94], and the sparse linear aggregation methods [50, 14, 28, 15]. For

example, a weighted regularized matrix factorization (WRMF) model has been de-

veloped in [26], which minimizes the point-wise difference between the reconstructed

matrix produced by the inner product of the user and item latent representations

and the training matrix. Similarly, the work in [94] enforces the pointwise similarity

between the training matrix and reconstructed matrix. It uses a non-locking parallel

computing algorithm to perform matrix completion. In [50], a sparse linear method

(SLIM) was proposed to recover the missing recommendation entries. It exploits

the item-item correlations to reconstruct the incomplete recommendation matrix and

minimizes the pointwise reconstruction loss between the reconstructed matrix and

the input training matrix. Pairwise ranking methods. Given a pair of items, a user

naturally will prefer one to another, which forms the important pairwise preference

structure of the recommendation data. The pointwise comparison methods however

ignored this user personalized preference information. Recently, pairwise ranking

methods are proposed to produce top-N recommendation systems by optimizing the

preference structure consistency between the original matrix and the reconstructed

recommendation matrix [86, 77, 11, 3, 56, 60]. Pairwise ranking methods treat train-

ing data as a set of triplet instances; for example, the triplet (i, j, k) is an instance

9



that encodes the i-th users preference to item j over item k. Different pairwise ranking

losses have been exploited in these works. For example, the pairwise ranking methods

in [60, 3] optimize AUC scores; the work in [86] optimizes a normalized discounted

cumulative gain; Yun et al. [94] explored the connection between the metric dis-

counted cumulative gain and the binary classification to change the ranking problem

into binary classification problems; Park et al. [56] proposed a large-scale collabora-

tive ranking method that exploits a max-margin hinge ranking loss to minimize the

ranking risk in the reconstructed recommendation matrix. Nevertheless, these pair-

wise ranking methods ignored the entrywise consistency between the reconstructed

matrix and the original matrix.

2.5 Recommender Systems with Side Information

Besides user-item feedback matrix. Other information can be collected easily from

Internet. As showed in Table 2.1, user age, education, salary et.al are useful infor-

mation to improve the performance of recommender systems. Similarly, item side

information such as item price, description, category, reviews and so on can also be

incorporated into recommender systems. In fact lots of works use user/item side

information when learning recommender systems. In [51], they use item reviews as

item side information to learn a Top-N recommender system. In [74], Shin et.al use

tumblr tags and text as side information to recommend blogs to users. In [38], De-

noising Autoencoder(DAE) [83] is used to extract item side information as better

representations to improve the recommender systems performance.

2.6 Recommender Systems with other information

Besides side information, other information are also used in recommender systems.

For example, in [44, 91], social networks are exploited to enhance the performance of

recommender systems. In [1, 72, 101, 100], context-aware recommender systems are

learned. When they recommend items to users, real-time context such as weather,
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Table 2.1: User and Item Side Information Example
User Side Information Item Side Information

Age Price
Education Description
Hobbies Category
Salary Reviews
Gender ...

... ...

location, time and so on are considered to help the recommender systems to decide

what items to be introduced to people.

2.7 Challenge of Top-N Recommender Systems

Recommender Systems has always been a hot topic. People try to use Recommender

Systems in different situations and always meet challenges. In our work, we mainly

try to solve two challenges: the first one is designing a loss function to improve the

performance of top-N recommender systems. The second one is that we try to use a

better way to incorporate side information into recommender systems to improve the

performance.

2.7.1 Loss function design

As discussed before,there are two kinds of different loss functions to learn the recovery

matrix: point-wise consistency and pair-wise consistency. Different kinds of loss

functions are designed to learn recommender systems. In [73, 72, 71, 3, 56], different

loss functions are designed to optimize special metrics. How to design a good loss

function is very important to the performance of recommender systems.

2.7.2 Side Information Incorporation

User/item side information are used in recommender systems. In [51, 74], algorithms

are proposed. In [38], Li et.al try to use deep learning methods to improve the

side information representation. However, these methods improve the performance

11



slightly. In order to make the performance better,more smart algorithms still need to

be proposed.

2.7.3 Large Scale Recommender Systems

In real-world recommender system applications, user size and item size are very large.

For example, Amazon has more than 200 million users, Apple iTunes has more than

800 million users. Recommender systems in real-world applications should be de-

signed to be suitable for large-scale problems. Several works tried to solve large-scale

problems. In [67, 61], people try to design large-scale recommender systems. In [16],

large-scale recommender system is designed to recommend youtube contents to users.

2.7.4 Cold-Start Problem

User-item feedback history is a sparse matrix. Sometimes users do not have any

feedbacks on any items or new item do not have any feedbacks from users. When lots

of users and items do not have records in the feedback matrix, collaborative filtering

models will fail to work in such a case. For example in Figure 2.2. user 4 and item 4

do not have any record. Though different algorithms try to use various information

besides feedbacks to enhance the performance [69, 27, 57, 102, 2], cold-Start is still a

challenge problem that need to be explored.

Figure 2.2: Cold-Start Problem Example
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2.8 Contributions

Traditional methods have two problems. First, they only use point-wise comparison

methods or pairwise ranking methods to learn Top-N recommender Systems. Second,

they only use user-item feedback matrix to recommend items for users. Our contri-

butions are trying to solve two problems.

First, Different from all these existing methods, we propose a novel personalized top-

N recommendation approach that uses a combined heterogeneous loss function based

on linear self-recovery models [97]. The heterogeneous loss integrates the strengths

of pairwise ranking loss and point-wise recovery loss to enforce both entry-wise con-

sistency and preference structure consistency between the recommendation recovery

and the observations, which leads to improved recommendation predictions. We for-

mulate the learning problem with this heterogeneous loss as a constrained convex

minimization problem and develop a projected stochastic gradient descent optimiza-

tion algorithm to solve it. The proposed approach is evaluated on a set of personalized

top-N recommendation tasks. The experimental results show the proposed approach

outperforms a number of state-of-the-art methods on top-N recommendation.

Second, we propose a novel predictive collaborative filtering approach to generate a

list of top-N items with the highest recommendation scores for each target user [99].

The proposed approach exploits the item-based side information in addition to the

conventional user-item recommendation matrix. To be more specific, it automatically

identifies the recommendation scores for non-recommended items via low-rank aggre-

gation over the users already-recommended items to recover the full recommendation

matrix for all items. Simultaneously, it incorporates the item-based side information

as an item-feature matrix and trains a regularized linear regression model to predict

the recommendation scores from the item features for each user. We formulate this si-

multaneous user-item matrix self-recovering and predictive regression model training

process as a joint low-rank constrained minimization problem, and derive an efficient
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analytical solution for it. To evaluate the proposed approach, we conduct a set of

experiments on a number of real world Amazon datasets with recommendation items

such as books, beauty products, etc. The experimental results demonstrate that the

proposed approach is very effective and efficient in producing top-N recommender

systems, and achieves superior recommendation performance than the comparison

methods.

Finally, we propose another recommender system model which also use side informa-

tion [98]. We propose a joint discriminative prediction model that exploits both the

partially observed user-item recommendation matrix and the item-based side informa-

tion to build top-N recommendation systems. This joint model aggregates observed

user-item recommendation activities to predict the missing/new user-item recommen-

dation scores while simultaneously training a linear regression model to predict the

user-item recommendation scores from auxiliary item features. We evaluate the pro-

posed approach on a variety of recommendation tasks. The experimental results show

that the proposed joint model is very effective for producing top-N recommendation

systems.
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CHAPTER 3

IMPROVING TOP-N RECOMMENDATION WITH
HETEROGENEOUS LOSS

In this chapter, we propose our work Improving Top-N Recommendation with Het-

erogeneous Loss. Different from all the existing methods our proposed approach

integrates the strengths of both point-wise comparison loss and pair-wise ranking

loss.

3.1 Introduction

In the era of Internet, online shopping has become a close part of people’s daily

life. To facilitate consumers’ online shopping experience, help consumers to find their

interested items from the huge amount of online items and hence encourage online

item purchases, effective top-N commercial recommendation systems, which suggest

a small list of items that best match each consumers taste from the large amount of

product items, have become increasingly important. Top-N recommendation systems

automatically predict the recommendation scores over each item in the whole product

item pool for each consumer, and recommend the items with high scores to the

consumers. They can be widely used in many real world applications. For example,

Amazon.com has a huge amount of online products, while consumers may not know
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all the special items they would like. A top-N recommendation system, which can

effectively suggest a set of personalized selected products for each consumer, can

significantly increase the user-item purchase probability. Similarly, Netflix Inc. has

thousands of online movies and TV shows, a personalized recommendation for users

can help them to find the videos they may like. Yahoo! and Apple Itunes have millions

of musics, Top-N recommendation systems can help users to find the musics they may

like and provide a recommendation list to each user. In summary, an effective top-

N personalized recommendation system can have significant real world commercial

impacts.

Many methods have been developed in the literature to build top-N recommendation

systems [63]. One classical technique is collaborative filtering (CF) [68, 79] which

models the relationships between users and the correlations between items to identify

new user-items relationship scores. Two main types of collaborative filtering methods

include neighborhood-based CF [65, 66, 20, 82] and model-based CF [62, 60, 17,

75, 26, 73, 43]. Standard model-based CF methods perform matrix factorization to

complete the missing recommendation entries, which exploits the low-dimensional

subspace representations of the users and items [26, 86, 95]. Besides CF, sparse

aggregation methods that exploit the linear correlations between items have also

been explored in a few works [50, 14, 28, 15] to improve top-N recommendation

performance. These methods have mainly pursued recommendation score recovery

by minimizing the pointwise comparison loss between the reconstructed user-item

matrix and the observed incomplete user-item matrix.

3.2 Related Work

Existing top-N recommendation methods have mostly focused on minimizing a uni-

form type of recommendation recovery loss to predict the recommendation scores.

Based on the type of the losses, these recommendation systems can be categories into

two main groups. The first group exploits pointwise comparison losses and the second
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group exploits pairwise ranking losses.

3.2.1 Pointwise Comparison Methods

Many traditional top-N recommendation algorithms perform learning by minimizing

the pointwise (entrywise) divergence of the reconstructed recommendation matrix

from the original observation matrix. These include the collaborative filtering meth-

ods [68, 79, 26, 86, 95] and the sparse linear aggregation methods [50, 14, 28, 15]. For

example, a weighted regularized matrix factorization (WRMF) model has been de-

veloped in [26], which minimizes the pointwise difference between the reconstructed

matrix produced by the inner product of the user and item latent representations

and the training matrix. Similarly, the work in [95] enforces the pointwise similarity

between the training matrix and reconstructed matrix. It uses a non-locking parallel

computing algorithm to perform matrix completion. In [50], a sparse linear method

(SLIM) was proposed to recover the missing recommendation entries. It exploits

the item-item correlations to reconstruct the incomplete recommendation matrix and

minimizes the pointwise reconstruction loss between the reconstructed matrix and

the input training matrix.

3.2.2 Pairwise Comparison Methods

Given a pair of items, a user naturally will prefer one to another, which forms the

important pairwise preference structure of the recommendation data. The pointwise

comparison methods however ignored this user personalized preference information.

Recently, pairwise ranking methods are proposed to produce top-N recommendation

systems by optimizing the preference structure consistency between the original ma-

trix and the reconstructed recommendation matrix [86, 77, 11, 3, 56, 60]. Pairwise

ranking methods treat training data as a set of triplet instances; for example, the

triplet (i, j, k) is an instance that encodes the i-th user’s preference to item j over

item k. Different pairwise ranking losses have been exploited in these works. For
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example, the pairwise ranking methods in [60, 3] optimize AUC scores; the work in

[86] optimizes a normalized discounted cumulative gain; [94] explored the connection

between the metric discounted cumulative gain and the binary classification to change

the ranking problem into binary classification problems; [56] proposed a large-scale

collaborative ranking method that exploits a max-margin hinge ranking loss to min-

imize the ranking risk in the reconstructed recommendation matrix. Nevertheless,

these pairwise ranking methods ignored the entry-wise consistency between the re-

constructed matrix and the original matrix. Different from all these existing methods,

our proposed approach will perform top-N recommendations by optimizing a hetero-

geneous loss that integrates the strengths of both a pointwise comparison loss and a

pairwise ranking loss.

3.3 Approach

We assume a partially observed user-item recommendation/purchase matrix X ∈

Rn×m over n users and m items is given. For implicit feedbacks, the recommenda-

tion/rating values are within {0, 1}, where the entry Xij = 1 indicates a transaction

or purchase record for the i-th user on the j-th item. The entry Xij = 0 on the

other hand means either the i-th user never purchased the j-th item or the trans-

action record has been removed and need to be predicted. We aim to identify the

most interesting items for each user from his unrecommended/un-purchased list of

items. Below we first we first introduce the general learning framework for Top-

N recommendations and then instantiate it with novel objective losses. We finally

present a stochastic gradient descent algorithm to solve the recommendation problem

formulated.

3.3.1 A General Learning Framework for Top-N Recommendation

Given the input user-item recommendation/purchase matrix X, a general framework

for Top-N recommendation performs learning by minimizing a regularized reconstruc-
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tion loss function:

minimize
W

L(X, X̂(W )) +R(W ) (3.1)

where X̂ denotes the reconstructed recommendation matrix with a parametric model

with parameter matrix W , L(·) denotes a convex reconstruction loss function and R

denotes a regularization function. By substituting L(·) with different loss functions

and employing different reconstruction models (denoted by the parameter W ), many

existing methods can be produced from this general framework as specific examples.

For example, by using a matrix factorization model that reconstructs X as X̂ = UV

and a least squares point-wise loss function L(X, X̂) = ||X − X̂||2F , we can produce

the simple pure singular value decomposition based (PureSVD) matrix factorization

method [17] with proper constraints. Similarly, by reconstructing X with a linear

aggregation model X̂ = XW and using a least squares point-wise loss function L(·)

and an integrated l2 and l1 norm regularization function R(W ) = β||W ||2F + λ||W ||1,

the sparse linear method (SLIM) [50] can be produced from the framework with

additional proper constraints.

Moreover, the state-of-the-art pairwise ranking methods can also be produced as

specific examples from this framework. For example, given the set of preference

triplets, by using a matrix factorization model to reconstruct X as X̂ = UV , a max-

margin hinge loss function Lrank(X) = max(0, 1 − x)2, and l2 norm regularizers on

U and V , we can produce the large scale pairwise ranking method (AltSVM) in [56]:

minimize
U,V

∑
(i,j,k)∈Ω

L(Yijk · Ui(Vj − Vk)
T ) +

β

2
(||U ||2F + ||V ||2F ) (3.2)

where Yijk is a function of X and such that Yijk = 1 if user i prefers item j over item

k in X and Yijk = 1 otherwise; || · ||Fdenotes the matrix Frobenius norm; Ui denotes

the i-th row of U and Vj denotes the j-th row of V.

Our proposed approach can be conveniently formulated within this general learning

framework as well. We integrate two types of losses into a novel heterogeneous loss
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based on linear self-recovery models.

3.3.2 Novel Heterogeneous Loss

Pairwise ranking methods have demonstrated great top-N recommendation perfor-

mance in the literature [56]. However, with the matrix factorization reconstruction

function, the scalable learning problem produced in Eq 3.2 is a non-convex optimiza-

tion problem. To introduce a convenient convex formulation with pairwise ranking

losses, we propose to adopt a linear self-recovery model to reconstruct X. In par-

ticular, we use a linear reconstruction function X̂ = XW with constraints W 0 and

diag(W ) = 0. This linear function exploits the statistical positive item-item corre-

lations distributed among all the users to reconstruct the missing recommendation

scores. The constraints are used to avoid trivial solutions. Then with a pair-wise

ranking loss function Lrank(·), we can formulate the following convex pair-wise rank-

ing problem to perform Top-N recommendation:

minimize
W

∑
(i,j,k)∈Ω

L(Yijk ·Xi(Wj −Wk)
T ) +

β

2
||W ||2F

s.t. W ≥ 0, diag(W ) = 0.

(3.3)

Note for each user i, if he/she purchased item j but there is no purchase record for

item k in the training matrix X, we say that user i prefers item j over item k and

we have Xij > Xik. The set in the formulation above contains all the triplets (i, j, k)

where Xij > Xik. To maintain the same pairwise preference structure, we assume

that if Xij > Xik in the original matrix X, one should also have X̂ij > X̂ik in the

reconstructed matrix X̂. The loss function Lrank(·) aims to encode the pairwise pref-

erence ranking divergence between the given matrix X and the reconstructed matrix

X̂. In our implementation, we use the max-margin squared hinge loss function as

the ranking loss, i.e., Lrank(x) = max(0, 1 − x)2. By minimizing such a ranking loss

function, the model will increase the consistency of the pair-wise preference rank-
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ing between the reconstructed matrix X̂ and the original matrix X. However, the

consistency is only maintained at the pair-wise relative level. It does not necessarily

guarantee the good quality of point-wise reconstruction, which might consequently

hamper the accurate inference of unseen pairwise relationships. We nevertheless have

an easy solution. The linear self-recovery model X̂ = XW naturally allows one to

encode the point-wise recovery loss between the entries of the reconstructed matrix X̂

and the original matrix X, e.g., Lpoint(X, X̂) = ||X − X̂||2F . Previous works [50] have

also demonstrated good Top-N recommendation performance with a least squares

point-wise recovery loss. Hence we propose to combine both the pairwise ranking

loss and the point-wise recovery loss to produce a new heterogeneous loss function for

Top-N recommendation. Our learning problem with the heterogeneous loss function

can be formulated as below:

minimize
W

∑
(i,j,k)∈Ω

L(Yijk ·Xi(Wj −Wk)
T ) +

α

2
||X −XW T ||2F +

β

2
||W ||2F

s.t. W ≥ 0, diag(W ) = 0.

(3.4)

3.3.3 Optimization Algorithm

Due to the large size of the user-item matrix, standard gradient descent algorithms

are not efficient for solving the minimization problem in Eq. 3.4. Moreover, though

the learning problem is convex, the hinge loss function for pairwise ranking is non-

differentiable and subgradients are typically needed. Hence in this work, we develop

a projected stochastic gradient descent (SGD) algorithm to solve our target learning

problem. The SGD technique has been widely used in recommendation systems with

pairwise ranking [60, 11, 94], and it can also be extended to perform parallel compu-

tations [103, 59, 95].

With the pair-wise ranking loss, we use the user-item-item triplet (i, j, k) instances

for the stochastic gradient descent procedure. In each iteration, we randomly choose
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a triplet (i, j, k) ∈ Ω and make a SGD update:

wT+
j ← wT

j − η{L′
(wT

j ) +
α

|Ωj |
XT (XwT

j −X:,j) +
β

|Ωj |
wT
j }

wT+
k ← wT

k − η{L′
(wT

k ) +
α

|Ωk|
XT (XwT

k −X:,k) +
β

|Ωk|
wT
k }

(3.5)

where |Ωj| and |Ωk| denote the number of comparisons in that involve item j and item

k respectively. L
′

wT
j
and L

′

wT
k
mean the derivation on wT

j and wT
k respectively, such that

L
′
(W T

j ) =

{
2XT

i (Xi(W
T
j −W T

k )− Yijk), Yijk ·Xi(W
T
j −W T

k ) ≤ 1

0, Yijk ·Xi(W
T
j −W T

k ) > 1
(3.6)

L
′
(W T

k ) =

{
−2XT

i (Xi(W
T
j −W T

k )− Yijk), Yijk ·Xi(W
T
j −W T

k ) ≤ 1

0, Yijk ·Xi(W
T
j −W T

k ) > 1
(3.7)

The η parameter in the SGD update is the step size of gradient descent. We used a

fixed small step size value in our experiments. The overall learning algorithm is given

in Algorithm 1.

Algorithm 1 Projected Gradient Descent Algorithm to Learn W

Input: initialize α > 0, β > 0, η > 0; W 0 = 0m×m.
Set W = W 0

for iter = 1 to MaxIter do
Randomly select (i, j, k) ∈ Ω
Update wj by using (3.5)
Project updated entries into feasible set: Wj(:) = max(Wj(:), 0), Wjj = 0;
Update wk by using (3.5)
Project updated entries into feasible set: Wk(:) = max(Wk(:), 0), Wkk = 0
if converge then
break

end if
end for
return W

3.4 Experiments

In this section, we describe the setup of the experiments in detail. We report the

experiment settings of our proposed method. We compare our method with other
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state-of-the-art methods using standard measurement. Experiment results prove the

efficiency of the proposed method. Moreover, We also evaluate parameter sensitivity.

Finally, performance at different iteration times is also reported.

3.4.1 Setup

Dataset We use Y ahoo!WebscopeTM music ratings v1.0 and movie ratings v1.0

dataset, MovieLens100k(ml − 100k), MovieLens1M(ml − 1m) and Netflix in our

experiements. Y ahoo!Music dataset contains ratings for songs, the ratings are sup-

plied by users during normal interaction with Yahoo! Music services. Smilarly,

Y ahoo!Movie dataset contains ratings for different movies. In all datasets, we change

the entries with positive values to 1 and convert the user-item matrix to implicit

feedback matrix. Since the original rating matrix is sparse, for Y ahoo!Movie and

Y ahoo!Music we keep the users with more than 20 ratings and items with more than

5 ratings. For ml − 100k we use original implicit feedback matrix. For ml − 1m and

Netflix we use the same dataset as [3]. For ml − 1m, each user rate from 20 to 500

items and items are rated by 20 to 500 users, for Netflix, each user rate from 20

to 500 items and items are rated by 5 to 500 users. The statistic summary of the

dataset is in Table 3.1.

Table 3.1: Statistic summary for experimental datasets
dataset #user #item #trns density

Yahoo! Music 2689 994 86907 3.95%
Yahoo! Movie 2382 924 104459 4.75%

ml-100k 943 1682 100000 6.3%
ml-1m 3850 2273 315869 3.6%
netflix 2979 2544 114865 1.5%

Statistic summary for experimental datasets. The columns of #users, #users and #trns show the number of
users,items, and non-zero transactions respectively in each dataset. The columns of #rsize and #csize show the
average number of transactions for each user and each item respectively. The column density shows the density of
non-zero transactions for each dataset.

Evaluation Methods For each dataset, we split it into a training and a testing

set. For each user, we randomly selected ten feedbacks and place them to the test
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set, the rest are used as training set. Training set is used to build a model to learn

the item-item correlation matrix. After training a ranked list of items are generated

according to their scores in reconstruction matrix. We get Top-N(Default value is 10)

recommendation list for each user from our ranked list and compare it to the testing

set for this user. We evaluate the performance of proposed method and compare it

with other methods by using two standard performance metrics: Top-N prediction

precision Precision@N and the mean average precision MAP@N. The definition of

Precision@K is as follows:

Precision@N(i) =
1

N

N∑
j=1

T (i, Pi(j)) (3.8)

where T denotes the test matrix and P(i) . Precision@K is average of Precision@N(i)

over all the users.

MAP@N detotes the mean average precision ot the Top-N predictions. The average

precision (AP) of Top- prediction for the i-th user can be defined as:

AP@N(i) =

∑N
j=1 Precision@j(i)× T (i, Pi(j))∑N

j=1 T (i, Pi(j))
(3.9)

MAP@N can be computed as the mean of the average precision of the Top-N predic-

tions for all users, such that

MAP@N(i) =
1

n

n∑
i=1

AP@N(i) (3.10)

In our experiment, we randomly split each dataset into training and test matrices for

five times and report the average test results in terms of these two evaluation metrics.

Compared Methods We compared the proposed method with four methods devel-

oped in the literature: WRMF [26], SLIM [50], RobiRank [94] and AltSVM [56].

Parameter Selection For the proposed method, we have two parameters: the
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weight control parameter α and the regularization parameter β. α is selected from

{10, 100, 1000, 5000, 10000} and β is selected from {1e−3, 1e−2, 1e−1, 1, 10, 100, 1000}.

For WRMF, the latent factor dimension f is selected from {10, 20, 50, 100, 200, 500, 1000}

and regularization parameter λ is selected from {0.1, 1, 10, 100, 1000}. For SLIM, l2

regularization parameter β is selected from {1, 10, 100, 200, 500, 1000} and l1 regu-

larization parameter λ is selected from {1e − 3, 1e − 1, 1, 10}. For RobiRank, the

latent feature dimension f is selected from {10, 20, 50, 100, 200, 500, 1000} and the

regularization parameter λ is selected from {1, 10, 100, 200, 500, 1000}. For AltSVM,

latent dimension is selected from {100, 200, 500, 1000} and regularization parameter

λ is selected from {100, 1000, 10000}. For each approach we report the best results

and the corresponding parameter settings.

3.4.2 Experimental Results

The selected parameter settings and the experimental results in terms of Preci-

sion@N and MAP@N with N ∈ {5, 10} for all the comparison approaches are re-

ported in Table3.2. We can see that among the four comparison methods, RobiRank

has poor performance and it produces the most inferior results on four datasets,

Y ahoo!Music, Y ahoo!Movie, Netflix and ml − 1m. SLIM performs much bet-

ter than RobiRank and it even outperforms RobiRank on the remaining dataset

ml-100k across three measurements except Precision@10. The pairwise preference

ranking method, AltSVM , produces the best results on Y ahoo!Movie in terms of all

the measurements among the four methods, and has similar performance as SLIM

on other datasets. The WRMF method, which uses regularization control and ap-

plies different weights for the entries, outperforms all the other three methods on

both Y ahoo!Music and Nexflix in terms of the four measurements. But it has poor

performance on ml − 100k. Our proposed approach on the other hand outperforms

all these four methods with remarkable margins on all the datasets across the four
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measurements. These results suggest the proposed approach is indeed an effective

method for Top-N recommendation.

3.4.3 Parameter Sensitivity Analysis

We have also conducted parameter sensitivity analysis for the proposed method on

Y ahoo!Movie and Y ahoo!Music datasets. First, we tested different α values from

{0, 10, 100, 1000, 5000, 10000} by setting β to the fixed value used before. The exper-

imental results are reported in Figure 3.1. We can see that for Y ahoo!Movie dataset,

the precision values increase when α increases from 0 to 5000. When α = 5000, the

model performs the best. Similar results can be observed on Y ahoo!Music dataset.

According to our objective function in Eq 3.4, if α = 0, the model will only use the

pair-wise ranking loss and will not combine the point-wise recovery loss. On the other

hand, if α is too big, the contribution of the pairwise ranking loss can be diminished

and the model will become a special version of the SLIM method. Our parameter

analysis results suggest that we need a parameter in the middle to keep both types

of losses, which indicates the two types of losses can complement each other. To fur-

ther validate this, we have also compared our proposed approach to its variants that

only use each individual loss. We call the variant that drops the point-wise recovery

loss(α = 0) as pureRanking and the variant that drops the pair-wise ranking loss as

variant of SLIM. The comparison results are reported in Figure 3.3. We can see that

the proposed approach with integrated heterogeneous loss outperforms both variants

that only use a uniform type of loss component. This validated our algorithm design

of using heterogeneous losses. We also conducted parameter sensitivity analysis on

the l2−norm regularization parameter β. We fixed the value of α as 5000 and choose

β value from {0, 1e− 3, 1, 10, 1e3, 1e6}. The experiment results with different values

are reported in Figure 3.2. We can see that the Top-N recommendation performance

is not sensitive to the values when β ≤ 1000.
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Table 3.2: Comparison of Performance of Top-N Recommendation Algorithms

method
Yahoo! Music

params Precision@5 Precision@10 MAP@5 MAP@10

WRMF 200 100 - 0.282± 0.002 0.226± 0.001 0.521± 0.002 0.482± 0.002
SLIM 100 1 - 0.273± 0.002 0.213± 0.001 0.504± 0.003 0.472± 0.002

RobiRank 10 100 - 0.261± 0.001 0.209± 0.001 0.461± 0.002 0.430± 0.002
AltSVM 500 1000 - 0.275± 0.003 0.219± 0.002 0.504± 0.003 0.470± 0.002
Proposed 5000 0.01 - 0.318± 0.001 0.244± 0.001 0.572± 0.002 0.526± 0.002

method
Yahoo! Movie

params Precision@5 Precision@10 MAP@5 MAP@10

WRMF 200 100 - 0.390± 0.001 0.316± 0.001 0.595± 0.003 0.554± 0.003
SLIM 100 1 - 0.378± 0.002 0.303± 0.001 0.577± 0.003 0.539± 0.003

RobiRank 10 100 - 0.358± 0.002 0.290± 0.002 0.520± 0.003 0.483± 0.002
AltSVM 500 1000 - 0.391± 0.002 0.316± 0.001 0.608± 0.003 0.561± 0.003
Proposed 5000 0.01 - 0.430± 0.001 0.337± 0.001 0.657± 0.001 0.606± 0.001

method
ml-100k

params Precision@5 Precision@10 MAP@5 MAP@10

WRMF 200 100 - 0.299± 0.001 0.243± 0.001 0.515± 0.003 0.481± 0.002
SLIM 200 1 - 0.323± 0.002 0.247± 0.001 0.553± 0.003 0.516± 0.003

RobiRank 20 100 0.317± 0.003 0.254± 0.001 0.520± 0.003 0.477± 0.002
AltSVM 200 1000 - 0.316± 0.002 0.245± 0.002 0.552± 0.003 0.516± 0.003
Proposed 5000 0.01 - 0.342± 0.001 0.269± 0.001 0.574± 0.002 0.524± 0.002

method
ml-1m

params Precision@5 Precision@10 MAP@5 MAP@10

WRMF 1000 100 - 0.193± 0.002 0.160± 0.002 0.365± 0.002 0.355± 0.002
SLIM 200 1 - 0.193± 0.003 0.156± 0.002 0.372± 0.003 0.359± 0.002

RobiRank 20 1000 0.188± 0.002 0.154± 0.002 0.358± 0.003 0.349± 0.002
AltSVM 200 1000 - 0.189± 0.002 0.159± 0.002 0.362± 0.002 0.352± 0.002
Proposed 5000 1 - 0.211± 0.002 0.167± 0.001 0.397± 0.003 0.382± 0.002

method
Netflix

params Precision@5 Precision@10 MAP@5 MAP@10

WRMF 200 100 - 0.199± 0.002 0.163± 0.002 0.374± 0.002 0.364± 0.002
SLIM 100 0.1 - 0.192± 0.002 0.153± 0.002 0.372± 0.002 0.363± 0.002

RobiRank 20 100 0.143± 0.002 0.115± 0.001 0.261± 0.002 0.267± 0.001
AltSVM 500 1000 - 0.195± 0.003 0.159± 0.002 0.367± 0.002 0.358± 0.002
Proposed 5000 0.1 - 0.220± 0.002 0.173± 0.002 0.416± 0.003 0.396± 0.002

Average test results of Top-N recommendations for all the comparison methods. The params columns contain the
parameter settings for each approach. WRMF , RobiRank and AltSVM have two parameters, the latent factor
dimension and the regularization parameter. SLIM has two parameters, l2 and l1 norm regularization parameters.
The proposed approach has two parameters, the weight control parameter and the regularization parameter.
Bold-font indicates the best results.
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Figure 3.1: Analysis of parameter sensitivity of α on Yahoo! Movie and Yahoo!
Music datasets

3.4.4 Iteration Number Analysis

There are more than 100 million pairwise comparisions for all datasets. In our al-

gorithm, it will cost too much time if we try to use every comparision. In our SGD

optimization algorithm, we randomly select one comparision from set Ωfor 1 million

times. Since each comparision can be selected repeatedly, there are less than 1 million

pairwise comparisions be selected. This raises the question: Is that enough for us to

train a good model? Can the model perform better if we use more iterations? In

order to answer this question, we choose different iteration number: The Iteration

numberMaxIter is selected from {1e3, 1e4, 5e4, 1e5, 5e5, 1e6}. We record the Predic-

tion Accuracy of different iterations on Y ahoo! movie and music datasets. The results

are in Figure 3.4. From the figure we can find that accuracy increases as the iteration
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Figure 3.2: Analysis of parameter sensitivity of β on Yahoo! Movie and Yahoo!
Music datasets
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Figure 3.3: Performance of proposed method, SLIM and pureRanking(α = 0)
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number increases from 1e3 to 5e5. After that, the prediction results become stable.

This means it is not necessary to use more iterations to pick more comparisions to

train the model.
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Figure 3.4: Analysis of Iteration Numbers on Yahoo! Movie and Yahoo! Music
datasets

3.5 Conclusion

In this paper, we proposed a novel personalized Top-N recommendation approach

that exploits novel heterogeneous loss functions based on linear self-recovery mod-

els. The heterogeneous loss integrates the strengths of both pairwise ranking loss

and point-wise recovery loss to enforce both entry-wise consistency and pairwise pref-

erence structure consistency between the reconstructed recommendation matrix and

the original observation matrix. We formulated the training problem with the hetero-
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geneous loss as a constrained convex minimization problem and develop a projected

stochastic gradient descent optimization algorithm to solve it. The proposed approach

was evaluated on a set of real world personalized Top-N recommendation tasks. The

experimental results showed that the proposed approach not only outperforms its two

variants that only used either the comparison recovery loss or the pair-wise ranking

loss, but also outperforms a number of state-of-the-art methods on Top-N recommen-

dation.
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CHAPTER 4

PREDICTIVE COLLABORATIVE FILTERING WITH SIDE
INFORMATION

In this paper, we propose a novel predictive collaborative filtering approach to gener-

ate a list of Top-N items with the highest recommendation scores for each target user.

The proposed approach exploits the item-based side information in addition to the

conventional user-item recommendation matrix. To be more specific, it automatically

identifies the recommendation scores for non-recommended items via low-rank aggre-

gation over the users already-recommended items to recover the full recommendation

matrix for all items. Simultaneously, it incorporates the item-based side information

as an item-feature matrix and trains a regularized linear regression model to predict

the recommendation scores from the item features for each user.

4.1 Introduction

Item-based recommender systems aim to recommend new items to a target user based

on the user’s previous recommendation activities (e.g., previous purchases, ratings,

or clicks) [66, 7, 20, 53]. Recommending a ranked list of new items, which may be

very attractive to the user but have not been observed in the user’s previous rec-

ommendation activities, can encourage additional purchase or visits, which is very
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important in real application scenarios. Recommender systems have been popularly

studied due to their important impacts in E-commerce platforms such as Amazon

and eBay, social networks such as Facebook and LinkedIn, and search engines such as

Google and Bing [63]. A variety of works have been developed in the literature to ad-

dress different recommender systems such as movie recommendations [55, 32, 60, 28],

book recommendations [51], music recommendations [50], advert recommendations

[78], news recommendations [54] and channel/program recommendations [26]. There

are many different recommendation approaches, including content filtering-based ap-

proaches [48, 58] and collaborative filtering-based approaches [66, 20, 25]. The content

filtering based approaches make recommendations to a target userby only using this

particular users profile information (e.g., previous recommendation activities), while

the collaborative filtering-based approaches also exploit other users’ profile informa-

tion. Usually, these recommender systems work on the user-item recommendation

matrix and generate a list of top-N potential interesting items with the highest rec-

ommendation scores for each target user from the users non-recommended item pool.

They typically retrieve relevant interesting items for target users by only using users

history recommendation activities on items, but ignoring the existing valuable side

information such as the reviews for books, or the plots for the movies, which limits

their recommendation capacity and performance. In this paper, we propose a novel

predictive collaborative filtering approach to generate a list of top-N items with the

highest recommendation scores for each target user. The proposed approach exploits

the item-based side information in addition to the conventional user-item recommen-

dation matrix. To be more specific, it automatically identifies the recommendation

scores for non-recommended items via low-rank aggregation over the users’ already-

recommended items to recover the full recommendation matrix for all items. Simul-

taneously, it incorporates the item-based side information as an item-feature matrix

and trains a regularized linear regression model to predict the recommendation scores

from the item features for each user. We formulate this simultaneous user-item matrix
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self-recovering and predictive regression model training process as a joint low-rank

constrained minimization problem, and derive an efficient analytical solution for it.

To evaluate the proposed approach, we conduct a set of experiments on a number

of real world Amazon datasets with recommendation items such as books, beauty

products, etc. The experimental results demonstrate that the proposed approach is

very effective and efficient in producing top-N recommender systems, and achieves

superior recommendation performance than the comparison methods.

4.2 Related Work

A variety of works have been developed in the literature to address item-based rec-

ommender systems. We provide a brief review below on the most related collabo-

rative filtering approaches and side information assisted approaches. Collaborative

filtering approaches make recommendations by using both the target user’s previ-

ous recommendation activities and other users’ history behaviors [79], which include

two groups of methods, neighborhood-based methods [66, 20, 28] and latent factor-

based methods [7, 25, 62, 64, 86, 32, 17, 75]. Neighborhood-based collaborative fil-

tering methods make recommendations by exploiting similarities among items within

the user-item recommendation matrix. Once item-item similarities are computed,

the prediction on a new item for a user is obtained by considering the particular

user’s past recommendation activities on similar items. For example, the work in

[66] proposed to use similarity weighted sum prediction to recommend new items

for a target user. In order to measure the item-item similarities, various similar-

ity schemes have been investigated, including cosine similarity, correlation similarity,

adjusted cosine similarity [66], and conditional probability similarity [20]. Unlike

the neighborhood-based methods, which directly employ the user-item recommen-

dation matrix for prediction, the latent factor-based collaborative filtering methods

first identify a set of latent factors for users and items respectively. They then train

a prediction model on the latent space to make recommendations. In order to iden-
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tify the latent factors, a variety of models have been employed, including the pure

singular value decomposition (PureSVD) method [17], the Gaussian probabilistic la-

tent semantic analysis method [25], the latent Dirichlet allocation method [7], the

matrix factorization method [32], the maximum margin matrix factorization methods

[62, 86], the pairwise comparison method [60], the restricted Boltzmann machines [64],

and the weighted non-negative matrix factorization method [75]. In addition to these

two groups, some other collaborative filtering recommender systems have also been

developed in the literature [31, 50, 73]. Koren [31] proposed an asymmetric-SVD

based hybrid approach to address recommendation problems, which combines the

similarity-based neighborhood method and the latent factor-based method together

for recommendations. Ning and Karypis [50] proposed a sparse linear method to ad-

dress top-N recommendation problems, which computes the recommendation score

on a non-purchased/non-recommended item for a target user using sparse aggrega-

tion of purchased/recommended items of the particular user. Shi et al. [73] proposed

a collaborative less-is-more filtering approach, which maximizes the mean reciprocal

rank to address recommendation problems in social networks. Different from collabo-

rative filtering approaches, which only exploit previous recommendation activities in

user-item matrix, side information assisted approaches also exploit additional meta-

data information (e.g., product reviews, film plots, etc) to recommend new items for

a target user [78, 24, 19, 51]. Stern et al. [78] proposed to use both user meta-

data such as a user’s job, age, gender and id, and item meta-data such as a movie’s

genre and id. They represented these meta-data as feature vectors for the users and

items respectively and incorporated the meta-data information into the collaborative

filtering recommender system. The work in [24] incorporated both the user-item rec-

ommendation information and the item meta-data into a unified Boltzmann machine

to form a hybrid recommender system. Similarly, the work in [19] developed a hybrid

recommender system based on Bayesian networks over user nodes, item nodes, and

item-feature nodes. The approach propagates content-based information from recom-

35



mended items to nonrecommended items via the item-feature nodes, and propagates

collaborative-based information via item nodes. [51] proposed to incorporate item-

based side information into the sparse linear method [50] to learn the aggregation

coefficient matrix and address top-N recommendation problems, which has demon-

strated superior performance over conventional recommender systems without side

information. Different from these previous methods, our proposed approach performs

a joint predictive recovery of the user-item matrix for top-N recommendations by in-

tegrating the partially observed user-item matrix and the item-based side information

such as reviews in a discriminative and mutually complementary manner. A few re-

cent works [4, 45, 87] have exploited user reviews for building recommender systems,

while [10] provides a survey of such recent attempts. However most of these methods

require the reviews to be directly associated with the user ratings, while our approach

treats reviews as side information and can exploit reviews from auxiliary resources

that have no direct relationships with the target users.

4.3 Approach

In this section, we present the proposed predictive collaborative filtering approach

for item-based Top-N recommender systems. We assume an observed item-user rec-

ommendation matrix Y ∈ Rn×t, which contains the observed recommendation (or

purchase) activities of t users over n product items. In this matrix, an observed entry

Yij (with an indicator value 1 or a positive recommendation score) indicates the i-th

product item has been recommended (or purchased) by the j-th user, while an unob-

served entry Yij = 0 only indicates an unknown relationship between the j-th user and

the i-th product item, i.e., the recommendation (or purchase) action of the j-th user

over the i-th item has not been observed in the users past recommendation activities,

but it is possible that the j-th user can be interested in the i-th item. As item-based

side information in the form of product reviews for E-commerce applications or film

plots for movie recommendations exists in many application domains, we take the
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item-based side information into account as well. In particular, we assume there is

an item-feature matrix X ∈ Rn×d, whose each row contains a feature vector for the

corresponding product item and presents the item-based side information. We aim

to automatically identify the most promising interesting product items, in particular

the Top-N items, for each target user from his non-recommended items by using both

the observed item-user recommendation matrix Y and the item-feature matrix X.

Below we first present a matrix self-completion component based on the item-user

recommendation matrix, and then incorporate the predictions from the item-feature

matrix to form a joint prediction model. We finally derive a convenient analytical

solution for the proposed joint learning method. In the rest of the paper, we use 1 to

denote a column vector of all 1s, while assuming the size of the column vector can be

inferred from the context. We use In to denote an identity matrix with size n. For

any matrix X, ||X||F denotes its Frobenius norm, and X† denotes its pseudo-inverse.

4.3.1 A joint Prediction Model

Given the past recommendation/purchase activities in the observed item-user rec-

ommendation matrix Y , the recommendation score on a non-recommended/non-

purchased item vi for a user uj can be calculated as a linear aggregation of the items

that have already been recommended/purchased by uj , that is, Ỹij = wTY:j, where Y:j

denotes the j-th column of Y . Such a linear recovery model can be built for all items

with Y : j = WY:j , while the linear functions have to be learned from the statistical

item aggregation relationships existed in the observed data for all the users. This leads

to a matrix self-recovery (self-completion) formulation Ỹ = WY , where W is an n×n

linear aggregation coefficient matrix that is shared across all the t users. A meaningful

matrix self-recovery should automatically complete the unobserved recommendation

scores in the matrix without affecting much the observed recommendation scores. We

hence enforce the self-recovered item-user matrix to maximally preserve the original

matrix values and formulate the self-recovery model as the following learning problem:
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minimize
W

||Y −WY ||2F

s.t. rank(W ) ≤ λ

(4.1)

To avoid the trivial solution of setting W as an identity matrix, we assume the co-

efficient matrix W should be low rank and encode this low rank property using a

rank constraint with a hyper parameter λ. This low rank property can also allow the

model to implicitly exploit the latent low-dimensional representations of the items.

In addition to the item-user recommendation matrix Y , we also have explicit item-

based side information available as an item-feature matrix X, where each item feature

vector describes the properties of a given product item. Note that this product item

side information is common to all users. But different users may have different tastes

over the same product item. The recommendation scores of each user over the set

of product items depend on the properties of the product items. Hence we propose

to predict the recommendation score of each user over a product item from the fea-

ture vector of this product item. In particular, we can use a linear regression model,

fj(x) = xT q + b, for the j-th user to predict his or her recommendation score y from

the item feature vector x. Given the observed item-feature matrix X and the re-

covered item-user recommendation matrix Ỹ , the linear regression model fj for the

j-th user can be trained on the data by minimizing a least squares regression loss

||Xq + b1 − Ỹ:j||2 over the model parameters q and b. Thus the linear regression

model is specifically tailored to the j-th user and can help to capture user-specific

preferences of the product items when making recommendations. For all the t users,

we will train t linear regression models from the data by minimizing the following

regularized least squares loss function:

minimize
W

||XQ+ 1bT − Ỹ ||2F + β||Q||2F (4.2)
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where Q ∈ Rd×t and b ∈ Rt are the model parameters for the t linear regression

models, such that fjx = xTQ:j + bj for the j-th user.

Since Ỹ = WY is a self-recovered matrix via Eq.4.1, by integrating the recommen-

dation matrix recovery in Eq.4.1 and the linear regression model training in Eq.4.2

together, we formulate a joint recommendation prediction model as follows to perform

joint recommendation score prediction in a mutually complementary manner:

minimize
W

||XQ+ 1bT − Ỹ ||2F + β||Q||2F + γ||Y −WY ||2F

s.t. rank(W ) ≤ λ

(4.3)

where β and γ are the trade-off parameters. By solving this joint minimization prob-

lem, we expect to integrate both the existing recommendation activity information

and the item-based side information to predict the recommendation scores of each user

over his or her non-recommended/non-purchased items. The Top-N recommendations

for a user uj can be produced by sorting uj’s non-recommended/non-purchased items

in a decreasing order based on their predicted recommendation scores.

4.3.2 Learning Algorithm

The learning problem in Eq.4.3 is a joint minimization problem over both the linear

regression model parameters {Q,b} and the linear aggregation coefficient matrix W .

We first perform minimization over the linear regression model parameters assuming

fixed W , which produces the following closed-form solutions for Q and b:

Q = (XTHX + βId)
−1XTHWY (4.4)

b =
1

n
(WY −XQ)T1 (4.5)

where H = In − 1
n
11T is centering matrix.

By plugging the solutions for the regression model parameters Q in Eq.4.4 and b in
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Eq.4.5 back into the objective function in Eq.4.3, the joint learning problem can be

equivalently reformulated into the following minimization problem over W ,

minimize
W :rank(W )≤λ

||BWY ||2F + β||AWY ||2F + γ||Y −WY ||2F (4.6)

where A = (XTHX+βId)
−1XTH and B = H(XA− In). By further introducing the

following replacement matrices,

F =

 B√
βA√
γIn

 , S =

[
O(n+d)×t√

γY

]
(4.7)

where O(n+d)×t denotes a (n+d)× t matrix with all 0s, the problem 4.6 can be rewrit-

ten as:

minimize
W :rank(W )≤λ

||FWY − S||2F (4.8)

Though the optimization problem in Eq.4.8 is still a non-convex problem due to the

rank constraint, below we will derive a convenient analytical solution for it.

For matrix F , we denote its thin SVD as F = UFΣFV
T
F . Two projections can be

defined consequently as PF,L := UFU
T
F and PF,R := VFV

T
F . Similarly, we can define

projections PY,L and PY,R for matrix Y . We then have the following theorem.

Theorem 1 For N ∈ λ ≤ rank(PF,lSPY,R), let M = PF,lSPY,R, then

W ∗ = F †M(λ)Y
† (4.9)

is a solution to the minimization problem in 4.8, where the operation M(λ) extracts

the truncation of M by setting all of its singular values as zeros except the λ largest

ones, i.e.,

M = UMΣMV T
M ,M(λ) = UM Σ̂M(λ)V T

M (4.10)
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and hatΣM(λ) is the truncation of Σ by keeping only the largest λ diagonal values of

Σ and setting all others as zeros. The solution is unique iff the λ-th and (λ+ 1)-th

largest singular values of M are different.

Theorem 1 was proved by [76] and [21]. It provides an analytical closed-form solution

for our rank constrained minimization problem 4.8. The overall learning algorithm is

summarized in Algorithm 2.

Algorithm 2 Learning Algorithm

Input: X, Y , β > 0, γ > 0, λ > 0.
Procedure:
1. Compute auxiliary matrices F and S with Eq. 4.7
2. Perform singular value decomposition over F and Y , compute PF,Land PY,R,

and let M = PF,LSPY,R.

3. Compute a solution W̃ ∗ using Eq. 4.9, and set Ỹ ∗ = WY .

The complexity of Algorithm 2 is dominated by the three singular value decom-

position operations on F , Y and M respectively. This leads to a computational

complexity of O((2n + d)n2 + min(n2t, nt2) + min((2n + d)2t, (2n + d)t2)) for the

proposed algorithm when a standard full SVD algorithm is used [8]. Moreover, based

on the definitions of F and S in Eq. 4.7 and the definition of M in Theorem 1, it

is easy to conclude that rank(F ) = n and rank(M) ≤ rank(S) = rank(Y ). The

item-user recommendation matrix Y is typically low rank due to the existence of

dependencies and correlations among the users activities. Hence if r = rank(Y ), one

could have r ≪ min(n, t). In this case, the computational complexity of Algorithm2

can be further reduced to O((2n+ d)n2 + r(3n+ d)t) by using a fast SVD algorithm

in [8].

After obtaining the solution W ∗in Eq.4.9 for the coefficient matrix, we can get the

recovered item-user recommendation matrix Ỹ ∗ by setting Ỹ ∗ = WY , which con-

tains the predicted recommendation scores for the originally non-recommended/non-

purchased items of each user. We then perform Top-N recommendation in the follow-

ing way. For the j-th user, Ỹ ∗
:j denotes his predicted recommendation scores over all

the product items. We rank the scores for non-recommended items in a non-increasing
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Table 4.1: Statistic summary for the experimental datasets.
dataset #items #users #trns rsize csize density
Beauty 7034 5294 23576 4.45 3.35 0.063%
Office 6167 2389 10988 4.60 1.78 0.075%
Sports 7085 7971 32742 4.10 4.62 0.058%

Gourmet Foods 8322 4780 23553 4.93 2.83 0.059%
Health 7877 9121 38215 4.19 4.85 0.053%

order and consider the first N items as the predicted recommendation items.

4.4 Experiments

In this section, we present our empirical evaluations and discussions of recommender

systems on real-world datasets.

DatasetsWe conducted experiments on five real-world Amazon datasets[45], Beauty,

Office, Sports&Outdoors, GourmetFoods and Health, each of which corresponds

to one category of Amazon products. For each category, the original dataset contains

transactions between different product items and users, indicated with non-zero mul-

tivariate rating values. We converted the multivariate rating values to 1s and filtered

those less popular product items and users that appeared less than three transactions

to construct the item-user recommendation matrix. The statistic summary of the

produced datasets is presented in Table 4.1. For each dataset, we present the number

of items (#items), the number of users (#users), the number of transactions (#trns),

the average number of transactions for each item (#rsize), the average number of

transactions for each user (#csize) and the density value (#trns/(#users×# items)).

Item-based Side Information For each dataset, we used the product reviews

as the item based side information for the product items. We extracted the unigram

features from the review articles with stop words being removed. We further selected

the most frequent 5000 unigram features as the item features and represented each

product item as a bag-of-word feature vector with term frequency feature values(Ftf ).
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We denote the recommender systems without item-based side information as Fno.

Comparison Approaches We compared our proposed approach with the follow-

ing approaches for recommender systems: (1) Pure Singular Value Decomposition

(PureSVD), which is a baseline collaborative filtering method based on singular

value decomposition [17]; (2) Bayesian Personalized Ranking for matrix factoriza-

tion (BPRMF), which exploits pairwise comparison [60]; (3) Sparse Linear Model

(SLIM), which learns a sparse coefficient matrix to induce recommendation scores

[50]; and (4) Collective Sparse Linear Model (cSLIM), which incorporates item-based

side information into the SLIM model to generate the Top-N recommendations [51].

These methods address collaborative filtering from different aspects and have demon-

strated effective performance in the literature.

Evaluation Criteria We used the commonly used leave-one-out cross validation to

evaluate the performance of each recommendation algorithm over five runs. For each

run, we randomly chose one transaction for each user and put it into the test set.

The training set is the masked item-user transaction matrix with the transactions of

the test set removed. We ran each recommender system five times based on random

partitions of the training and test sets. The evaluation is conducted on the top-N

items recommended for each user by the recommender system. We set N=10 and

used the following two criteria to evaluate the top-N recommendation performance:

HitRate(HR) and AverageReciprocalHitRank(ARHR) [20],

HR =
#hits

#users
, ARHR =

1

#users

#hits∑
i=1

1

pi
, (4.11)

where #users is the number of users, #hits is the number of users with the test item

recommended in the Top-N list, and pi is the position of the item in the Top-N ranked

list. Larger HR and ARHR values indicate better performance.
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4.4.1 Experimental Results

We compared the five comparison methods PureSV D, BPRMF , SLIM , cSLIM ,

and Proposed on the five datasets using the evaluation criteria presented above. The

average comparison results for all these methods in terms of HR and ARHR are

presented in Table 4.2. We can see that the baseline PureSVD method does not

work well on all the datasets comparing to the other systems, which shows that the

pure singular value decomposition-based collaborative filtering method is far from

enough to develop a good recommender system without using other information.

The BPRMF and SLIM methods on the other hand work much better than the

PureSVD method on all the datasets in both measurements. The cSLIM method,

which utilizes item-based side information, outperforms PureSVD, BPRMF and SLIM

across all cases except on Health in terms of ARHR. This shows that the item-

based side information is useful for improving the recommendation performance. Our

proposed approach on the other hand consistently produced the best results among

all the comparison methods on all the five datasets in terms of both measurements.

This demonstrates that our proposed approach provides an effective mechanism to

integrate information from the item-user matrix and the item-based side information

for producing Top-N recommender systems. Moreover, we also recorded the model

learning time and the recommendation test time for all the comparison approaches

in all these experiments. These running times are reported in Table 4.2 as well.

We can see that with an analytical solution our proposed method is very efficient

in learning. It significantly reduced the training time by comparing not only to the

cSLIM method which also utilizes item-based side information, but also to SLIM and

BPRMF that are not able to incorporate side information. On the datasets with larger

recommendation matrices such as Gourmet Foods and Health, the differences between

the model learning times of the proposed method and the cSLIM method are quite

dramatic. Though the PureSVD method runs faster than our proposed approach,
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this baseline cannot exploit side information and produced very poor performance.

Our proposed approach on the other hand maintains both efficiency and effectiveness.

All these results demonstrate that the proposed approach is an effective and efficient

state-of-the-art solution for Top-N recommender systems.

4.4.2 Integration Model Study

To verify the effectiveness of the integration mechanism of the proposed joint model,

we also compared the two individual components, the self-completion component

and the sideinformation based prediction component, to the proposed joint model in

terms of top-N recommendation performance. The comparison results in terms of

HR and ARHR are reported in Table 3. We can see that the proposed joint model

consistently outperforms both of the individual components. With each component

alone, the model cannot achieve a state-of-the-art performance. This suggests that

our proposed model provides an effective integration over the individual information

sources.

4.4.3 Parameter Sensitivity Analysis

The proposed approach has three parameters (β, γ, λ), we then conduct sensitivity

analysis for them. We used the same experimental setting as before and conducted

five-time leave-one-out cross-validation. For the item side information, we used term

frequencies (Ftf). Note that the parameter γ weights the component of using the

conventional item-user recommendation matrix. We chose γ from {1e − 3, 1e −

2, 0.05, 0.1, 1, 10} while fixing the other two parameters. We then present the av-

erage test results (HR and ARHR) over five runs on three datasets in Figure 4.1 and

4.2. As we can see, the performance varies as we change γ, which is understandable

since it controls the importance of the two components of our recommender system.
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feature method
Beauty

params HR ARHR mt tt

Fno

PureSVD 100 - - 0.214± 0.005 0.178± 0.005 112s 0.5s
BPRMF 500 0.01 - 0.264± 0.001 0.234± 0.002 1900s 0.6s
SLIM 10 0.01 - 0.289± 0.001 0.258± 0.001 3500s 5s

Ftf
cSLIM 1e-6 10 0.01 0.299± 0.001 0.263± 0.001 38000s 5s

Proposed 200 0.01 2000 0.346± 0.001 0.284± 0.002 1800s 10s

feature method
Office

params HR ARHR mt tt

Fno

PureSVD 100 - - 0.095± 0.005 0.075± 0.005 21s 0.3s
BPRMF 200 0.01 - 0.132± 0.003 0.095± 0.001 800s 0.1s
SLIM 100 0.001 - 0.166± 0.003 0.110± 0.002 1200s 2s

Ftf
cSLIM 1e-6 100 0.001 0.177± 0.002 0.111± 0.002 2800s 2s

Proposed 100 0.1 2000 0.219± 0.001 0.151± 0.001 600s 6s

feature method
Sports&Outdoors

params HR ARHR mt tt

Fno

PureSVD 500 - - 0.154± 0.005 0.126± 0.005 200s 2s
BPR 500 0.01 - 0.186± 0.002 0.158± 0.001 3500s 0.3s
SLIM 10 0.01 - 0.221± 0.001 0.185± 0.001 4300s 7s

Ftf
cSLIM 1e-6 10 0.01 0.224± 0.001 0.187± 0.001 46000s 5s

Proposed 200 0.05 2000 0.238± 0.001 0.187± 0.001 1000s 10s

feature method
Gourmet Foods

params HR ARHR mt tt

Fno

PureSVD 500 - - 0.069± 0.005 0.045± 0.005 150s 0.5s
BPRMF 200 0.01 - 0.076± 0.002 0.053± 0.001 2100s 0.4s
SLIM 10 0.01 - 0.122± 0.002 0.074± 0.001 4800s 6s

Ftf
cSLIM 1e-6 10 0.01 0.129± 0.002 0.081± 0.001 52000s 5s

Proposed 200 0.05 2000 0.173± 0.001 0.089± 0.001 1400s 9s

feature method
Health

params HR ARHR mt tt

Fno

PureSVD 100 - - 0.122± 0.005 0.095± 0.003 250s 2s
BPRMF 500 0.01 - 0.162± 0.001 0.121± 0.001 4500s 1s
SLIM 1 0.01 - 0.191± 0.001 0.159± 0.001 8000s 12s

Ftf
cSLIM 1e-7 1 0.01 0.209± 0.001 0.155± 0.001 70000s 10s

Proposed 200 0.05 2000 0.211± 0.001 0.161± 0.001 1400s 14s

Table 4.2: Performance for all approaches in Sports&Outdoor, Office, and Beauty.
The params columns contain the parameter setting for each approach. PureSVD
has one parameter f , indicating the number of latent factors; SLIM method has two
parameters, the ℓ2-norm regularization parameter β and the ℓ1-norm regularization
parameter λ; cSLIM method has three parameters, the side-information weighting
parameter α, the ℓ2-norm regularization parameter β and the ℓ1-norm regularization
parameter λ. The proposed model has three parameters, β, γ, λ. The mt-column
records the model learning time and tt-column records the test time in seconds (s).
Bold-format indicates the best results.

46



Table 4.3: Performance of two seperate components compared to proposed Integrated
method

method
Beauty

HR ARHR
Side Infromation 0.048± 0.000 0.022± 0.000
Purchase Matrix 0.286± 0.002 0.256± 0.002

Proposed 0.346± 0.002 0.284± 0.001

method
Office

HR ARHR
Side Infromation 0.057± 0.000 0.019± 0.000
Purchase Matrix 0.152± 0.001 0.102± 0.001

Proposed 0.219± 0.001 0.151± 0.001

method
Sports&Outdoors
HR ARHR

Side Infromation 0.034± 0.000 0.011± 0.000
Purchase Matrix 0.216± 0.001 0.183± 0.001

Proposed 0.238± 0.001 0.187± 0.001

method
Gourmet Foods
HR ARHR

Side Infromation 0.048± 0.000 0.022± 0.000
Purchase Matrix 0.113± 0.001 0.070± 0.001

Proposed 0.173± 0.001 0.089± 0.001

method
Health

HR ARHR
Side Infromation 0.036± 0.000 0.0138± 0.000
Purchase Matrix 0.185± 0.003 0.154± 0.002

Proposed 0.211± 0.001 0.161± 0.001

Average performance in terms of HR and ARHR for different components on Beauty, Office, Sports&Outdoors,
GourmetFoods and Health.

A large γ favours the recommender system based on the conventional item-user rec-

ommendation matrix while a small γ favours the item side information component.

Our recommender system achieves the best prediction results when it finds a good

balance between those two components. Those results do demonstrate the usefulness

of both components in the proposed top-N recommender system.

The parameter λ is directly related to the recovery matrix M , which indicates the

rank of the induced matrix should below λ. The dimensionality of M is n× n, then

we chose {100, 500, 1000, 1500, n} while fixing the other two parameters. Similarly,
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Figure 4.1: Parameter sensitivity analysis in terms of HR scores for γ, λ, β on Office,
Beauty and Sports&Outdoor datasets.

we conducted five-time leave-one-out cross-validation and used term frequency (Ftf)

for the item-feature matrix X. We then present the average performance in Figure

4.1 and 4.2. As we can see that, the performance improves as we start to increase

λ from 100. When reaching a certain range (about 1000), its performance does not

change too much if we continue to increase λ.

Finally, we investigate the parameter β, which controls the regularizer of the linear

regression model parameter matrix W . We chose β from {1, 10, 100, 200, 1000} and

fixed the other two parameters. After running each task over five times, we then

provide experimental results in Figure 4.1 and 4.2. As we can see, the performance

varies as we change its value. It achieves the best results within the range of 100 to

200.
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Figure 4.2: Parameter sensitivity analysis in terms of ARHR for γ, λ, β on Office,
Beauty and Sports&Outdoor datasets.

4.5 Conclusion

In this paper, we presented a novel joint prediction approach that exploits both the

conventional user-item recommendation matrix and the item-based side information

in a complementary manner to generate Top-N recommendations for target users.

We formulated the simultaneous user-item matrix recovering and item-based linear

regression model training process as a joint low-rank constrained minimization prob-

lem, and derived an analytical closed-form solution for it. We conducted a set of ex-

periments on five real world Amazon datasets with different recommendation items.

The experimental results demonstrated that the proposed approach is effective and

efficient in producing Top-N recommender systems, and outperforms the comparison

methods.
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CHAPTER 5

LEARNING DISCRIMINATIVE RECOMMENDATION SYSTEMS
WITH SIDE INFORMATION

In this chapter, we propose a joint discriminative prediction model that exploits both

the partially observed user-item recommendation (rating/purchase) matrix and the

item-based side information such as item contents (product reviews and movie plots)

to build top-N recommendation systems. The item information used in this work can

be viewed as descriptions of the items and hence can produce feature representation

vectors for the items. We propose a novel component that predicts the user-item

recommendation (purchase) scores discriminatively from the item features with linear

regression models, and integrate this component together with an aggregation model

on the user-item matrix to jointly predict the unknown user-item recommendation

(purchase) scores. The joint prediction of the recommendation scores from both

information sources is expected to increase the performance of top-N recommendation

systems. We formulate this joint prediction model as a convex minimization problem,

which can be solved using a projected gradient descent algorithm. We evaluate the

proposed approach by conducting experiments on several real world datasets. The

experimental results show that the proposed approach can outperform both popular

top-N recommendation methods that only use user-item matrix and state-of-the-art
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algorithms that exploit additional side information. Moreover, our empirical study

also reveals an interesting observation: the discriminative prediction component that

predicts the recommendation scores from the item features (i.e., side information)

contributes to most of the recommendation capacity of our joint prediction model,

and the prediction component itself already outperform other comparison methods.

This observation encourages researchers to explore prediction models for building

top-N recommendation systems.

5.1 Introduction

Top-N recommendation systems automatically predict the missing recommendation

scores over the set of product items for each consumer, and recommend a short list of

N items with highest scores to each consumer. With the increasing popularity of on-

line shopping, effective top-N commercial recommendation systems become of great

importance in helping consumers to find their interested items and hence encouraging

online item purchases. For example, a top-N recommendation system can effectively

help consumers to find their potential interested products from Amazon.com and buy

them online, and help users to find movies that best match their interests on Netflix.

In such real world application domains, effective top-N recommendation systems can

make significant commercial impacts.

Many algorithms have been developed in the literature to build top-N recommenda-

tion systems [63]. Most of them use a user-item rating matrix to build the recom-

mendation models. A classical technique is collaborative filtering (CF) [68], which

models the relationships between users and the correlations between items to identify

new user-items relationship scores. Ranking methods have also demonstrated good

performance for top-N recommendations [86, 77, 11, 3, 56]. In addition to CF and

ranking, sparse aggregation methods that exploit linear correlations between items

have been explored in a few works to improve top-N recommendation performance

[50, 14, 28, 15]. Nevertheless, all these methods focus solely on the user-item rating
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(or purchase) matrix, without exploring any additional information.

In many applications, in addition to the user-item rating/purchase matrix, item-based

side information such as product reviews, book reviews, item comments, and movie

plots can be easily collected from the Internet. This abundant item-based informa-

tion can be used for recommendation systems. The work in [48] used books titles,

reviews, and comments as item features; the work in [46] used item contents to enrich

the sparse rating matrix. These recommendation systems however either only focus

on user profiles or item contents without fully considering the user-item rating matrix

or simply use item contents to pre-process the sparse rating matrix to produce small

improvements. Moreover, they have not addressed the top-N recommendation prob-

lems. A recent work [51] incorporated item-based side information to improve top-N

recommender systems, which however assumes that user-item matrix and item-based

side information matrix are reproduced by the same linear aggregation model and

does not exploit the discriminative power of the side information.

In this paper, we propose a joint discriminative prediction model that exploits both

the partially observed user-item recommendation (rating/purchase) matrix and the

item-based side information such as item contents (product reviews and movie plots)

to build top-N recommendation systems. The item information used in this work can

be viewed as descriptions of the items and hence can produce feature representation

vectors for the items. We propose a novel component that predicts the user-item rec-

ommendation (purchase) scores discriminatively from the item features with linear

regression models, and integrate this component together with an aggregation model

on the user-item matrix to jointly predict the unknown user-item recommendation

(purchase) scores. The joint prediction of the recommendation scores from both in-

formation sources is expected to increase the performance of top-N recommendation

systems. We formulate this joint prediction model as a convex minimization problem,

which can be solved using a projected gradient descent algorithm. We evaluate the

proposed approach by conducting experiments on several real world datasets. The
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experimental results show that the proposed approach can outperform both popular

top-N recommendation methods that only use user-item matrix and state-of-the-art

algorithms that exploit additional side information. Moreover, our empirical study

also reveals an interesting observation: the discriminative prediction component that

predicts the recommendation scores from the item features (i.e., side information)

contributes to most of the recommendation capacity of our joint prediction model,

and the prediction component itself already outperform other comparison methods.

This observation encourages researchers to explore prediction models for building

top-N recommendation systems.

5.2 Related Work

In this section, we review related works, including standard top-N recommendation

systems and recent recommendation approaches that exploit item-based side infor-

mation.

Collaborative filtering (CF) technology is widely used in top-N recommendation sys-

tems. CF methods explore the purchase history of all the users, relationships between

the users and correlations between the items, and can be divided into two types,

neighborhood-based CF and modelbased CF. Neighborhood-based CF methods ex-

ploit similarities between all the items and users to make recommendations [20, 82].

Model-based CF methods learn latent factors for users and items to reconstruct the

user-item matrix. For example, the work in [17] developed a singular value decompo-

sition (SVD) method to directly learn latent user factors and item factors. Though

simple, this method has good performance for top-N recommendations. In [26, 75],

a weighted regularized matrix factorization (WRMF) model is formulated to learn

the latent factors based on implicit user-item feedbacks. The work in [73] proposed

to learn the latent factors by directly maximizing the mean reciprocal rank. The

work in [43] addressed top-N recommendation in dynamic situations. The authors of

[60] proposed a Bayesian personalized ranking optimization method for personalized
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ranking.

Weimer et.al [86] considered the top-N recommendation problem as a ranking prob-

lem, and used maximum margin matrix factorization to optimize ranking scores in-

stead of rating scores. Following this work, a number of methods have been developed

in this direction. The work in [77] addressed top-N item recommendation in the non-

random missing situation by optimizing the metric of area under top-N curve. The

work in [11] assumed that a user’s preference is on a set of products instead of only

one, and proposed to learn pairwise preferences over item-sets. The work in [3] fo-

cused on implicit feedbacks where preferences are given in the form of binary ratings,

and proposed to optimize the ranking score within a margin maximization paradigm.

The authors of [56] developed a large-scale optimization algorithm for ranking based

matrix completion. In addition to collaborative filtering and ranking methods, a

few sparse linear aggregation methods have recently been developed in the literature.

The work in [50] proposed a novel sparse linear method (SLIM) to perform top-N rec-

ommendation. It learns a sparse aggregation coefficient matrix for items by solving

an l1-norm and l2-norm regularized optimization problem, and aggregates the user

purchase/rating profiles to produce the top-N recommendations. The work in [28]

developed a factored item similarity model to tackle the situation where user-item

matrix is very sparse and the SLIM method may fail to capture the item-item similar-

ity. It learns the similarity matrix as the product of two low dimensional latent factor

matrices and overcomes the sparsity problem. The work in [14] proposed a low rank

SLIM method to improve SLIM, which adds a nuclear norm constraint to enforce a

low rank aggregation matrix. The methods in [15] extend item pairwise similarities

to higher orders, and capture more information with high order item correlations to

better reconstruct the user-item matrix.

Instead of only focusing on the user-item matrix, a few works in the literature have

incorporated contextual information [101, 73], user social networks [90], and informa-

tion from linked open data [53] to improve recommendation performance. Moreover,
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a number of methods have used more easily obtained item-based information to de-

sign recommendation systems. For example, the work in [48] used a Bayesian learning

algorithm to build a content-based recommender system based on the item-based fea-

tures, without using the user-item recommendation matrix. The work in [46] used

item contents to pre-process the sparse rating matrix to overcome the sparsity of

user-item purchase matrix. These two methods though are not designed for top-N

recommendations, they verified the usefulness of item contents for item recommenda-

tion systems. More recently, the authors of [51] proposed a collective SLIM (cSLIM)

method to incorporate item-based side information such as the reviews of the items

into the SLIM to improve top-N recommender systems. This method assumes that

user-item purchase matrix and itembased side information matrix are reproduced by

the same sparse linear aggregation matrix, which is a very strong assumption in many

real applications. A few recent works [4, 45, 87] have also exploited user reviews for

building recommender systems. However these methods require the reviews to be

directly associated with the user ratings, while our approach can exploit reviews from

auxiliary resources that have no direct relationships with the target users.

5.3 Approach

In this section, we present a novel joint prediction model to produce personalized

top-N recommendation systems. We assume an item purchase matrix Y = {0, 1}n×t

over n product items and t users is given, where Yij = 1 indicates an observed

purchase relationship between the i-th product item and the j-th user while Yij = 0

indicates an unknown relationship between them. Note that an unobserved entry

does not mean that the corresponding user is not interested in the particular product

item. It only shows that the purchase record is not observed in the given user’s past

purchase history. The recommendation system will predict the unobserved entries

and recommend to each user the top-N items with highest prediction scores from the

unobserved item pool. We also assume the existence of item-based side information,
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which could be in the form of product reviews for ecommerce applications or film

plots for movie recommendations. Different from some literature works [4, 87] that

exploited product reviews to build direct relationships between the considered users

and products, we only require reviews provided as ”side-information”, which have no

assumed connections to the target group of users. For simplicity, we assume the side-

information will be presented as an item-feature matrix X ∈ Rn×d, whose each row

contains features for a product item. We will use both X and Y to jointly recover an

item-user recommendation matrix Ŷ , which contains the predicted recommendation

scores for all product items. We then can produce a list of top-N most interesting

items for each target user based on the predicted scores.

In the rest of the paper, we will use 1 to denote a column vector of all 1s, assuming

the size of the column vector can be inferred from the context. We use In to denote

an identity matrix with size n; use ||X||F to denote the Frobenius norm of matrix X;

use X:j to denote the j-th column and Xij to denote the (i; j)-th entry of matrix X

respectively.

5.3.1 A joint Prediction Model

We aim to predict the unobserved recommendation entries in the item-user matrix

by exploiting both the given item-user matrix and the item-based side information

matrix. The proposed joint recommendation prediction model hence has two com-

ponents, a self-recovery component that recovers a full item-user recommendation

matrix Ŷ from Y and a linear regression prediction component that predicts Ŷ from

the item-based side information matrix X. We will first describe each component

below and then present the joint model.

Self-Recovery of the Recommendation Matrix

Given the partially observed item-user recommendation matrix Y , we propose to au-

tomatically recover the full recommendation matrix Ŷ and fill the recommendation

56



scores in the unobserved entries of Y by aggregating the existing item-user recom-

mendations. Specifically, we assume an unobserved recommendation score for the

j-th user on the i-th item, Yij, can be calculated as a nonnegative linear aggregation

of the observed item recommendations for the j-th user; that is

Ŷij = wTY:j (5.1)

for mathbfw ≥ 0. Such a linear recovery model can be built for any items, Ŷ:j =

WY:,j. The principal behind the linear recovery models is that one assumes the items

chosen by the same user have nonnegative linear correlation patterns. Assuming the

same linear aggregation pattern for each item is shared across different users, we

then have a matrix self-recovery formulation Ŷ = WY with W ≥ 0, where W is an

n × n linear aggregation coefficient matrix that is shared across all the t users. The

matrix self-recovery aims to recover the unobserved recommendation entries without

affecting much the observed recommendation scores. Hence, to pursue a meaningful

matrix self-recovery we should minimize the changes of the recovered matrix Ŷ from

the pre-given item-user recommendation matrix Y . Moreover, to avoid the trivial

solution of setting W as an identity matrix, we enforce the diagonal of W to be zeros.

This leads to the following matrix self-recovery problem:

minimize
W

||Y −WY ||2F + β||Q||2F s.t. W ≥ 0, diag(W ) = 0 (5.2)

The constraints force each entry to be recovered from the other entries for the same

user and hence encourage the statistical discovery of consistent item aggregation

models across all the users. Moreover, with this constrained learning problem, the

observed entries of the recommendation matrix Y may not be exactly maintained

in the recovered matrix WY . To overcome this problem, we simply combine the

original observed entries and the recovered unobserved entries together to form our

final recovered item-user recommendation matrix Ŷ ; that is we set Ŷ = Y + (WY ) ◦

(1− Y ), where ◦ denotes Hadamard product operator.
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Discriminative Prediction from the Side Information

Given the item-based side information expressed as an item feature matrix X, where

each feature vector describes the properties of a given product item, we propose to

learn a prediction model from the item-feature matrix X to predict the user ratings.

Our intuition is that though the item-based side information is common to all the

users, different parts of the item properties may correspond to the interests of different

users. That is, different users may have different tastes, reflected by the recommen-

dation scores or purchase activities, over same item, which can be related to the

different features or feature subsets of the item. We hence assume the recommenda-

tion scores/purchase activities of each user over the set of product items can depend

on the properties of items, and propose to predict the recommendation scores of each

user over a product item from the feature vector of this product item. In particular,

we can use a linear regression model, fj(x) = xT q + b, for the j-th user to predict

his recommendation score y for the item described with feature vector x. Given the

observed item-feature matrix X and the recovered item-user recommendation matrix

Ŷ , the linear regression model fj for the j-th user can be trained by minimizing a

least squares regression loss ||Xq + b1 − Ŷ:,j||2 over the model parameters 1 and b.

For all the t users, we will then train t linear regression models by minimizing the

following regularized least squares loss function

minimize
W

||XQ+ 1bT − Ŷ ||2F + β||Q||2F (5.3)

where Q ∈ Rd×t and b ∈ Rt are the parameters for the t linear regression models, the

regularization term over Q is used to avoid over-fitting. When Ŷ is unknown, these

linear regression models will contribute to the prediction of the unknown entries of

Ŷ . This prediction component is a novel component, which is fundamentally different

from the previous methods in the literature by predicting the recommendation scores

directly from the item-based side information.
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Integration Model

With the bridge equation Ŷ = Y + (WY ) ◦ (1 − Y ), finally we can integrate the

two components presented above, the recommendation matrix self-recovery compo-

nent(i.e., Eq.5.2) and the linear regression prediction component(i.e., Eq.5.3), into

the following joint matrix prediction model:

minimize
W,Q,b

||XQ+ 1bT − Y + (WY ) ◦ (1− Y )||2F + β||Q||2F + γ||Y −WY ||2F

s.t. W ≥ 0, diag(W ) = 0

(5.4)

where the trade-off parameter γ is introduced to balance the contribution of the two

components. This joint model integrates information from both the partially observed

item-user recommendation/purchase matrix Y and the item-feature matrix X, and

is expected to further improve top-N recommendation systems.

In terms of learning a linear aggregation model to reconstruct the item-user matrix.

our proposed method is related to the SLIM method and the cSLIM method developed

in the literature. However, SLIM does not exploit side information, while cSLIM

exploits the item-based side information with the same aggregation matrix W used

for the matrix self-recovery. Our proposed approach is significantly different from

these two methods in exploiting the item-based side information with linear regression

models and integrating the two components via joint predictions.

5.3.2 Optimization Algorithm

The learning problem we formulated in Eq.5.4 is a joint convex minimization prob-

lem over two sets of parameters, the linear regression model parameters {Q,b} and

the linear aggregation coefficient matrix W . For a fixed coefficient matrix W , the

minimization problem in Eq.5.4 over Q and b becomes a standard linear regression

problem, which has the following closed-form solution:

b =
1

n
(Y + (WY ) ◦ (1− Y )−XQ)T1 (5.5)
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Q = (XTHX + βI)−1XTH(Y + (WY ) ◦ (1− Y )) (5.6)

where H = I − 1
n
11T is a centering matrix. By pluging these solutions bck into the

objective function of Eq.5.4, we can reformulate Eq.5.4 equivalently into the following

minimization problem over W:

minimize
W,Q,b

||B(Y + (WY ) ◦ (1− Y ))||2F + β||A(Y + (WY ) ◦ (1− Y ))||2F + γ||Y −WY ||2F

s.t. W ≥ 0, diag(W ) = 0

(5.7)

where A = (XTHX + βI)−1XTH and B = H(XA− I). This remains to be a linear

constrained convex minimization problem. We next develop a projected gradient de-

scent algorithm to solve it.

Let f(W ) denote the objective function of Eq.5.7. The projected gradient descent

algorithm will iteratively minimize f(W ) subjecting to the constraints. In each iter-

ation, given the current W , the gradient of the objective function can be computed

as:

∇f(W ) = 2γ(WY − Y )Y T + 2((1− Y ) ◦ ((BTB + βATA)(Y + (WY ) ◦ (1− Y ))))Y T

(5.8)

With this gradient, it will first take a gradient descent step over W and then project

the new W into the feasible set defined by the constraints. The overall algorithm is

described in Algorithm 3: where the step size parameter η for the gradient descent is

Algorithm 3 Projected Gradient Descent Algorithm

Input: X, Y , parameters β > 0, γ > 0.
Initialize: W as zeros
while not converged do
1. find an optimal step size τ ⋆ ∈ [0, 1] with line search
2. gradient descent: W = W − τ ⋆∇f(W )
3. project onto feasible set: W = max(W, 0), diag(W ) = 0

end while

determined using a standard backtracking line search:

τ ⋆ = argmin
0≤τ≤1

f(W − τ∇f(W )) (5.9)
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5.4 Experiments

We conducted experiments on a few real world datasets. In this section, we will first

describe the experimental setup and then present experimental results and discus-

sions.

5.4.1 Experimental Setup

We used the real world Amazon user rating and product review data for five cate-

gories of products, Beauty, Office, Sports& Outdoors, Health and Gourmet

Foods, to conduct experiments. For each category, the original dataset we down-

loaded contains the ratings of the users over the products and the product reviews.

Following [50, 51], we converted the rating values to 1s and produced implicit feed-

back matrices to use. The initial implicit feedback matrices are extremely sparse. We

selected the top ten thousand items based on the purchasing times for each item, and

then selected the top four thousands of users to use. We further preprocessed the

datasets by selecting users with at least 3 purchases and filtering the items without

any purchases. Finally we obtained five item-user matrices.

For each item-user purchase (feedback) matrix produced, we used the product re-

views as the item-based side information. The reviews are given in plain text and

we preprocessed each item review in the following way. We first extracted unigram

features from the review articles, and then removed the stopping words and selected

the top 5000 frequent unigram features as the item features. Finally each product

item is represented as a bag-of-word feature vector in terms of these 5000 unigram

features. We used the term-frequency feature values as the item-feature data.

The statistic summary of the produced datasets is presented in Table 5.1. For each

dataset, we present the number of items (#items), the number of users (#users), the

number of transactions (#trns), the average number of transactions for each item

(#rsize), the average number of transactions for each user (#csize) and the density

value (#trns/(#users×# items)).
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Table 5.1: Statistic summary for the experimental datasets.
dataset #items #users #trns rsize csize density
Beauty 2275 1965 11051 4.86 5.62 0.247%
Office 2107 1888 8307 3.94 4.40 0.209%
Sports 1789 1324 7947 4.44 6.000 0.336%

Gourmet Foods 3343 2813 15264 5.43 4.57 0.162%
Health 2899 2518 14530 5.77 5.01 0.199%

Comparison Methods

We compared our proposed method with the following methods for top-N recommen-

dation systems:

(1) Pure Singular Value Decomposition (PureSVD) [17], This model-based collab-

orative filtering method performs singular value decomposition directly on the item-

user purchase matrix, and reconstructs the matrix with the top subsets of singular

vectors.

(2) Weighted Regularized Matrix Factorization(WRMF) [26]. WRMF extracts the

latent factors for the users and items by performing weighted regularized matrix fac-

torization. The reconstructed item-user matrix based on the extracted factors is then

used for top-N recommendations.

(3) Sparse Linear Model (SLIM) [50]. SLIM learns an item-item aggregation sparse

coefficient matrix by minimizing a constrained reconstruction loss. It uses the coeffi-

cient matrix to reconstruct the item-user purchase matrix.

(4) Collective Sparse Linear Model (cSLIM) [51]. cSLIM incorporates side informa-

tion into the SLIM model by enforcing the item-feature matrix to share the same

aggregation matrix with the item-user matrix.

(5) Inductive Matrix Completion(IMC) [49]. IMC is a state-of-art matrix completion

method that exploits side information. We applied it to produce top-N recommenda-

tion systems.
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(6) Side Information SVD(Side-SVD) [99]. We introduce Side-SVD in Chapter 4.

We already showed that Side-SVD outperforms state-of-the-art models in Chapter 4.

In this chapter, we also compare our proposed method with our formal model.

Evaluation Metrics

We evaluated our proposed method and the comparison methods using 5-fold Leave-

One-Out-Cross-Validation (LOOCV). For each fold, the dataset is divided into a

training set and a testing set: We randomly chose one transaction for each user and

placed it to the test set, and the rest is used as training set. The training set is used

to perform training. Then a ranked list of top N items are generated from the un-

observed items for each user according to their scores in the reconstructed item-user

matrix. The test results are produced by comparing the selected top-N items for each

user to his observed test set item. If there is a match between the test set item and

the top N items, it is counted as one hit. The default N value used in our experiments

is 10. We used two measurements to evaluate the test results: Hit Rate(HR) and the

Average Reciprocal Hit Rate (ARHR) [20], which are defined as

HR =
#hits

#users
, ARHR =

1

#users

#hits∑
i=1

1

pi
, (5.10)

where #users is the total number of users, #hits is the number of hits of the top-N

recommendations across all users, and pi is the position of the test item in the ranked

recommendation list. ARHR is a weighted version of HR, which takes the ranking

position of the test item in the top-N recommendation list into account.

5.4.2 Comparison Results

We compared the six comparison methods (pureSV D,WRMF, SLIM, cSLIM , IMC

and Side−SV D) with the proposed approach on the five Amazon datasets using the

evaluation metrics HR and ARHR. The average results and standard deviations for
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all the methods are reported in Table 5.2. We can see that within the three meth-

ods that do not exploit side information, SLIM outperforms the other two methods,

pureSV D and WRMF . By using the item-based side information, cSLIM consis-

tently outperforms all the three methods that do not exploit side information across

all the datasets, and IMC outperforms the three methods on four out of the five

datasets. This suggests that side information is useful, which is consistent with the

results reported in [51]. However, the improvements produced by cSLIM and IMC

over the other three methods, especially over SLIM , are relatively small. Our pro-

posed approach on the other hand consistently outperforms all the five comparison

methods across all the datasets. The improvements achieved by our approach are

notably large. For example, on Office, the proposed approach outperforms cSLIM

by 6.4% and 4.0% in terms of HR and ARHR respectively, and outperforms IMC by

6.7% and 3.9% in terms of HR and ARHR respectively. Theses results demonstrate

that our proposed approach provides an effective mechanism for exploiting the item-

based side information to improve top-N recommendation systems.

From the table we can also see that both Side − SV D and the proposed model

outperform other methods. Generally, the proposed model performs better than

Side − SV D. On Sports&Outdoors, Side − SV D is slightly better than the pro-

posed model. But on Beauty, Office, GourmetFoods and Health, the proposed

model performs better than Side− SV D on both evaluation measurements.

5.4.3 Results with Different N Values

To investigate how much the N value affects the performance of each method, we

further conducted sets of experiments with different N values to compare the perfor-

mance of the five methods for top-N recommendations. We tested a set of different N

values such as N ∈ {5, 10, 15, 20}. For each N value, the same experimental setting

as described above is used. The average results and the standard deviations in terms

of HR and ARHR are reported in Figure 5.1. From the figures, we can see that by
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increasing the value N , the top-N recommendation performance in terms of HR and

ARHR in general improves for all the comparison approaches. This is reasonable since

larger N values allow using more candidates to match each test item. Nevertheless,

our proposed approach consistently outperforms all the other four comparison meth-

ods across all the N values on Beauty, Office, Sports&Outdoors, GourmetFoods

and Health. Our proposed method is only slightly worse than Side − SV D on

Sports&Outdoors dataset. This further validated the effectiveness of the proposed

approach for top-N recommendations.

5.4.4 Component-wise Study

The proposed approach integrates two components, the self-recovery component and

the linear regression prediction component, together to jointly perform item-user

matrix reconstruction. How does each component contribute to the final top-N rec-

ommendations? Which component is more important? To answer these questions,

we conducted another set of experiments to compare the proposed approach to its

two individual components, each of which uses only one type of information, side

information or the purchase matrix. The linear prediction component based on side

information can be obtained by simply γ = 0 in the proposed objective function

Eq.5.4 to drop the self-recovery component. The self-recovery component on item-

user purchase matrix can be obtained by dropping the linear regression models from

Eq.5.4. This component can be viewed as a variant of the SLIM method without the

regularization terms onW . We compared the two components with the proposed joint

model on all the five datasets. The comparison performance are showed in Figure 5.2

and the exact results are reported Table 5.3. We can see that the performance of the

prediction component with side information outperforms the self-recovery component

with only purchase matrix with large margins across all the datasets. By comparing

the results in both Table 5.2 and Table 5.3, we can see that the linear prediction com-

ponent even consistently outperforms the most effective comparison methods, cSLIM
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Figure 5.1: Comparison results of all the methods with respect to dif-
ferent N values (N ∈ {5, 10, 15, 20}) for top-N recommendation systems on
Office, Beauty, Sports&Outdoor,GourmetFoods and Health.

and IMC, across all the datasets. This suggests that our novel prediction component

that uses linear regression models to predict the item-user recommendation scores

from the item-based side information is very effective. Nevertheless, our proposed

approach that integrates the two components together consistently outperforms each

individual component, which suggests the two components contain complementary

information and our proposed model can effectively capture such information to im-

prove top-N recommendation performance.
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Figure 5.2: Evaluation Results of only using item side information, only using pur-
chase matrix and the proposed method with respect to different values of N in top-N
(N=5, 10, 15, 20) recommendation systems on Office, Beauty, Sports&Outdoor,
Gourmet Foods and Health.
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5.4.5 Parameters Sensitivity Study

Our proposed approach(Eq 5.4)has 2 parameters:

β and γ need to be selected. Parameter β is the linear regression regularization

parameter and γ controls the weight of item-user purchase matrix self-recovery. The

larger γis, the more purchase matrix contributes. In this section we analysis the

sensitivity for them. The experimental settings are the same as before. When we

test the sensitivity of one parameter, we fix another by using the selected value in

Table 5.2. We tested different β values from {1, 10, 100, 200, 1000} while is selected

from {1e− 3, 1e− 2, 0.05, 1e− 1, 1, 10}. We present the average test results over five

runs on all the 5 datasets. Experimental Results are showed in Figure 5.3 for β and

Figure 5.4 for γ. From the figures we can see that for all the datasets, HR and ARHR

precision get the best results when γ is around 0.05 and 0.1. This means item side

information and purchase matrix get to a balance. But when γ is bigger than 1, the

accuracy will be worse than the results when γis 0. For parameter β, we an see that

HR and ARHR are relatively stable. Results will increase when β increases until

the value gets up to 200. When β is bigger than 200, the recommendation quality

decreases.

5.5 Conclusion

In this paper, we proposed a novel joint discriminative prediction model for person-

alized top-N recommendations. The proposed model integrates information from the

standard item-user purchase matrix with a linear aggregation matrix and from the

auxiliary item-feature matrix with linear regression models to predict the unobserved

recommendation entries. We formulated this method as a joint convex optimization

problem and solved it using a projected gradient descent algorithm. We conducted

experiments on five real world Amazon datasets, and the proposed approach out-

performs a number of top-N recommendation methods developed in the literature.
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Figure 5.3: Sensitivity Analysis of HR and ARHR scores for parameter γ on the
five datasets.

Moreover, the experimental results also demonstrated the efficacy of the novel linear

regression prediction component of the proposed model, which suggests it is effective

to exploit the item-based side information in a discriminative way and encourages

researchers to explore prediction models for building top-N recommendation systems.

69



1 10 100 200 1000

0.2

0.3

0.4

Beauty

β

H
R

1 10 100 200 1000
0

0.1

0.2

0.3

Office

β

H
R

1 10 100 200 1000
0

0.1

0.2

0.3

Sports&Outdoors

β

H
R

1 10 100 200 1000

0

0.1

0.2

Gourmet

β

H
R

1 10 100 200 1000

0

0.1

0.2

0.3

Health

β

H
R

1 10 100 200 1000

0.1

0.15

0.2

0.25

0.3

0.35

Beauty

β

A
R

H
R

1 10 100 200 1000

0

0.1

0.2

Office

β

A
R

H
R

1 10 100 200 1000

0

0.05

0.1

0.15

0.2

0.25

Sports&Outdoors

β

A
R

H
R

1 10 100 200 1000

−0.1

−0.05

0

0.05

0.1

0.15

Gourmet

β
A

R
H

R

1 10 100 200 1000

0

0.1

0.2

Health

β

A
R

H
R

Figure 5.4: Sensitivity Analysis of HR and ARHR scores for parameter β on the
five datasets.
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Table 5.2: Comparison of Performance of Top-N Recommendation Algorithms

method
Beauty

params HR(%) ARHR(%)
PureSVD 100 - - 33.1± 0.3 29.3± 0.2
WRMF 10 50 - 36.8± 0.3 31.9± 0.2
SLIM 10 0.01 - 39.0± 0.2 35.2± 0.003
cSLIM 10 0.01 1e-6 39.4± 0.3 35.2± 0.3
IMC 200 1 - 39.3± 0.2 35.4± 0.2

Side-SVD 100 0.05 1000 43.7± 0.3 37.9± 0.3
Proposed 200 0.1 - 44.8± 0.4 39.7± 0.3

method
Office

params HR(%) ARHR(%)
PureSVD 100 - - 11.8± 0.3 9.1± 0.2
WRMF 10 50 - 18.3± 0.3 11.8± 0.2
SLIM 10 0.01 - 20.1± 0.4 13.7± 0.3
cSLIM 1e-6 10 0.01 21.2± 0.4 14.2± 0.3
IMC 200 0.001 - 20.9± 0.3 14.3± 0.2

Side-SVD 200 0.01 1000 25.6± 0.4 14.4± 0.3
Proposed 200 0.1 - 27.6± 0.5 18.2± 0.4

method
Sports&Outdoors

params HR(%) ARHR(%)
PureSVD 200 - - 38.6± 0.5 34.8± 0.5
WRMF 10 50 - 41.2± 0.3 36.5± 0.4
SLIM 1 0.01 - 42.4± 0.4 39.0± 0.3
cSLIM 1e-7 1 0.001 42.7± 0.4 39.1± 0.3
IMC 200 1 - 45.0± 0.4 40.6± 0.3

Side-SVD 200 0.1 1000 48.0± 0.3 43.3± 0.3
Proposed 200 0.05 - 46.9± 0.4 42.3± 0.4

method
Gourmet Foods

params HR(%) ARHR(%)
PureSVD 100 - - 9.9± 0.3 5.6± 0.2
WRMF 10 50 - 14.0± 0.2 7.9± 0.2
SLIM 10 0.01 - 14.3± 0.1 9.1± 0.1
cSLIM 1e-6 10 0.01 15.3± 0.2 9.3± 0.1
IMC 200 0.001 - 14.3± 0.2 8.4± 0.1

Side-SVD 200 0.05 1000 18.7± 0.2 10.3± 0.1
Proposed 200 0.05 - 23.9± 0.1 13.7± 0.1

method
Health

params HR(%) ARHR(%)
PureSVD 100 - - 21.6± 0.3 18.2± 0.3
WRMF 10 50 - 26.2± 0.3 21.5± 0.3
SLIM 10 0.01 - 27.0± 0.4 23.8± 0.3
cSLIM 1e-6 1 0.01 28.7± 0.4 24.0± 0.3
IMC 200 0.001 - 28.1± 0.2 24.3± 0.2

Side-SVD 200 0.05 1000 30.9± 0.3 25.7± 0.2
Proposed 200 0.1 - 32.2± 0.4 27.5± 0.3

The params columns contain the parameter setting for each approach. PureSV D has one parameter f , indicating
the number of latent factors. WRMF has two parameters, regularization trade-off parameter λ and the latent factor
dimension f . SLIM has two parameters, thel2 and l1 norm regularization parameters β and λ. Beyond β and λ,
cSLIM has another parameter, the side information weight parameter α. The IMC has two parameters, hidden
dimensison f and regularization parameter λ. Side− SV D has three paramters, regularization parameterβ, trade-off
parameter γ and rank parameter λ. The proposed method has two trade-off parameters, β and γ.
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Table 5.3: Comparison of the individual components of the proposed approach and
the integrated model in terms of top-N recommendation performance.

method
Beauty

HR(%) ARHR(%)
Linear Prediction 42.3± 0.3 37.8± 0.3
Self-Recovery 37.6± 0.3 34.4± 0.2
Joint Model 44.8± 0.4 39.7± 0.3

method
Office

HR(%) ARHR(%)
Linear Prediction 23.0± 0.4 15.9± 0.3
Self-Recovery 18.5± 0.3 12.6± 0.3
Joint Model 27.6± 0.5 18.2± 0.4

method
Sports&Outdoors
HR(%) ARHR(%)

Linear Prediction 46.0± 0.4 41.6± 0.3
Self-Recovery 42.6± 0.3 39.0± 0.2
Joint Model 46.9± 0.4 42.3± 0.4

method
Gourmet Foods
HR(%) ARHR(%)

Linear Prediction 20.6± 0.2 11.7± 0.2
Self-Recovery 13.3± 0.2 8.3± 0.2
Joint Model 23.9± 0.1 13.7± 0.1

method
Health

HR(%) ARHR(%)
Linear Prediction 30.4± 0.4 26.4± 0.3
Self-Recovery 27.5± 0.3 24.2± 0.2
Joint Model 32.2± 0.4 27.5± 0.3
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CHAPTER 6

CONCLUSION

There are different kinds of challenges when designing top-N recommender systems

on implicit feedbacks. We try to learn and solve two of these challenges: designing

a better loss function and using side information in a better way. In particular, we

propose three novel top-N Recommender Systems with Implicit Feedbacks.

6.1 Loss function Design

The first approach uses a heterogeneous loss to improved recommendation predictions.

In this approach, a combined loss function is introduced. We combine point-wise

consistency and pair-wise ranking loss functions together. We try to capture these

two structures in the recovery feedback matrix. In order to optimize our loss function,

projected stochastic gradient descent method(SGD) is used. We conduct experiments

to compare the proposed method with state-of-the-art methods and it outperforms

all the other models. In addition, we compare the proposed method with model only

uses point-wise consistency and model only uses pair-wise ranking consistency. The

experimental results proved that the heterogeneous loss enhances both of the loss

function and performs better than them. In addition, when we use the projected

gradient descent method to learn the model, we find that by using only a limited
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number of triples we can reach very good performance.

6.2 Side Information incorporation

User/item side information can represent users and items and these information can

also enhance the performance. In the thesis, we also explore the method to incorporate

side information into the recommender systems.

6.2.1 Closed Form Solution with Rank Constraint

We first use item-user feedback matrix and item side information feature matrix

together to learn a jointly model. Besides, we also set a low-rank constraint to our

jointly model. We derived an analytical closed-form solution for it. The items will

be recommended based on the learned recovery matrix. We use Amazon real-world

dataset to conduct experiments. The experiment results show that our proposed

model can use the side information efficiently to improve the performance of top-N

recommender systems. The proposed method also outperforms other methods which

also use item side information.

6.2.2 Convex Minimization Solution by using Gradient Descent

In the third model, similar to the former model, we also use item side information.

This time we do not have low-rank constraint. But the learned item-item aggregation

matrix should be non-negative and in order to avoid trivial solution, the diagonal

entries should be zero. We use projected gradient descent method to optimize the ob-

jective function. We conducted experiments on Amazon datasets, and the proposed

approach outperforms top-N recommendation methods in the literature. Moreover,

the experimental results also demonstrated the efficacy of the linear regression pre-

diction component of the proposed model. It encourage others to exploit similar way

to learn recommender systems by using side information.
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6.3 Future Work

In this section we give two directions of the future work for top-N recommender

systems.

6.3.1 Large-Scale recommender systems

Recommender systems are mainly used for applications which have huge amount

items and users. In real-world recommender system applications, user size and item

size are very large. For example, Netflix and Amazon has million users and items. In

real-world applications, recommender systems should be designed to deal with such

big data problem. In [67, 61], people try to design large-scale recommender systems.

In [67], the authors try to split users into clusters and neighborhood algorithm is

applied in every cluster. In [61], Rendle et.al proposed an on-line update algorithm

which is proper for huge datasets.

Generally, algorithms should be designed suitable for large-scale problems and the

models should have low time complexity or can be learned by parallel computing.

6.3.2 Deep Learning for recommender systems

Deep learning is a very hot topic in the field of machine learning. People also try to

use deep neural networks to learn recommender systems. In [64, 81, 70], the authors

use deep neural networks to build collaborative filtering models. In [52, 16], deep

neural networks are used to learn new representations for music and videos and the

learned representations are used in recommender systems. New deep neural network

based representations of items still need to be explored. New deep structures for

collaborative filtering also need to be designed.
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