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Abstract

Due to the potential value of social relations [125] [34], social recom-

mendation has attracted a lot of attention recently in the research

communities.

Modelling time drifting data is a central problem in this area. Tempo-

ral changes, such as the emergence of new products or services and the

changes in users’ purchase behaviour pattern, bring unique challenges.

The need for modelling time changes at the level of each individual

significantly reduces the amount of available data for detecting such

changes. Thus we should resort to more accurate techniques that

suffice the dynamic nature of social recommendations.

Besides, the essence of social recommendation methods is utilizing

users explicit social connections to improve recommendation results.

However, explicit social connection information is not always available

in real-world recommender systems. Only few Web sites have imple-

mented the social or trust mechanisms, like Epinions and Douban.

Lacking social recommendation data greatly limits the impact and uti-

lization of social recommendation methods. Fortunately, in case that

we do not have explicit social information, we can always compute

a set of implicit social information to improve the recommendation

performance.

To this end, we propose a new Implicit Social Recommendation(ISR)

model from cascade data (a variant of time series) in Chapter 3, which

makes recommendations based on the inferred latent social network.

It can sufficiently mine the information contained in time by mining

the cascade data and identify the dynamic changes in the users in time

by using the latest updated social network to make recommendations.



Further, since the temporal information is crucial in social recommen-

dation, we explore the temporal behaviour pattern from users’ time

series data in Chapter 4. The main challenge is finding the discrimina-

tive and explainable features (shapelets) that can best represent the

raw time series data. We build an economical shapelet learning model

that can automatically-learn shapelets without labels. Specifically,

a novel Unsupervised Discriminative Subsequence Mining (UDSM)

model that automatically-learn shapelets from unlabelled time series

data.

Another challenge in social recommendation is the continually ap-

peared new users and new items. In real-world application, this prob-

lem is unavoidable. How to involve this kind of trapezoidal data

streams and how to handle this problem smoothly must be consid-

ered. Most of the existing research either builds a general model in a

sample scenario such as ignoring the dynamic nature of the system and

the problem of new users and items, or only focuses on some specific

fields, such as dynamic restaurant recommendation and timely news

recommendation. We propose a new Online Learning with Streaming

Features (OLSF) algorithm and its two variants OLSF-I and OLSF-II

for mining trapezoidal data streams in Chapter 5. OLSF and its vari-

ants combine online learning and streaming feature (i.e. continuously

appeared new items) together to handle the double-streaming data.

Finally, we introduce a novel General Online Dynamic Social Rec-

ommendation(GODSR) model in Chapter 6, which combines network

inference from cascade data, double-streaming users and items, and

collaborative filtering together in an iterative process. By inferring

the latent dynamic core social networks from cascade data, identify-

ing the drift of a users preferences and involving new users and items

in the online learning process, GODSR method reacts rapidly and

makes accurate recommendations to users when new data arrive.
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Chapter 1

Introduction

1.1 Background

Data mining is a fundamental task and has drawn increasing interest in the last

decade, due to the ever increasing of gigantic data and the demand for discovering

useful information from large scale data. Traditional data mining algorithm per-

forms on data represented by a flat table with instance-feature format. However,

due to the rapid development of electronic devices, networking, and social me-

dia technologies, recent years have witnessed an increasing number of applications

where data is no longer represented in simple instance-feature format, but exhibit

as complex network structures indicating dependency relationships. Due to the

potential value of social relations [125] [34], social recommendation has attracted

a lot of attention recently in the research communities of information retrieval

[147], machine learning [172] and data mining [99]. We have witnessed the many

popular commercial social recommender systems such as Movielens [51], Epinions

and Douban [81].

Modeling time drifting data is a central problem in recommender system.

Often, data is changing over time, and up to date modeling should be continuously

updated to reflect its present nature. The analysis of such data needs to find the

right balance between discounting temporary effects that have very low impact

on future behavior, while capturing longer-term trends that reflect the inherent

nature of the data. This led to many works on the problem, which is also widely
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known as concept drift [113] [134].

Modeling temporal changes in customer preferences brings unique challenges.

One kind of concept drift in this setup is the emergence of new products or

services that change the focus of customers. Related to this are seasonal changes,

or specific holidays, which lead to characteristic shopping patterns. All those

changes influence the whole population, and are within the realm of traditional

studies on concept drift. However, many of the changes in user behavior are driven

by localized factors. For example, a change in the family structure can drastically

change shopping patterns. Likewise, individuals gradually change their taste in

movies and music. All those changes cannot be captured by methods that seek a

global concept drift. Instead, for each customer we are looking at different types

of concept drifts, each occurs at a distinct time frame and is driven towards a

different direction.

The need to model time changes at the level of each individual significantly

reduces the amount of available data for detecting such changes. Thus we should

resort to more accurate techniques than those that suffice for modeling global

changes. For example, it would no longer be adequate to abandon or simply

underweight far in time user transactions. The signal that can be extracted from

those past actions might be invaluable for understanding the customer herself or

be indirectly useful to modeling other customers. Yet, we need to distill long

term patterns while discounting transient noise. This requires a more sensitive

methodology for addressing drifting customer preferences. It would not be ad-

equate to concentrate on identifying and modeling just what is relevant to the

present or the near future. Instead, we require an accurate modeling of each

point in the past, which will allow us to distinguish between persistent signal

that should be captured and noise that should be isolated from the longer term

parts of the model.

Modeling user preferences is relevant to multiple applications ranging from

spam filtering to market-basket analysis. Our main focus in the thesis is on

modeling user preferences for building a recommender system, but we believe

that general lessons that we learn would apply to other applications as well.

Automated recommendations is a very active research field [12]. Such systems

analyze patterns of user interest in items or products to provide personalized
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recommendations of items that will suit a user’s taste. We expect user preferences

to change over time. This may stem from multiple factors, some are fundamental

while others are more circumstantial. For example, in a movie recommender

system, users may change their preferred genre or adopt a new viewpoint on an

actor or director. In addition, they may alter the appearance of their feedback.

E.g., in a system where users provide star ratings to products, a user that used to

indicate a neutral preference by a “3 stars” input, may now indicate dissatisfaction

by the same “3 stars” feedback. Similarly, it is known that user feedback is

influenced by anchoring, where current ratings should be taken as relative to other

ratings given at the same short period. Finally, in many instances systems cannot

separate different household members accessing the same account, even though

each member has a different taste and deserves a separate model. This creates a

de facto multifaceted meta-user associated with the account. A way to get some

distinction between different persons is by assuming that time-adjacent accesses

are being done by the same member (sometimes on behalf of other members),

which can be naturally captured by a temporal model that assumes a drifting

nature of a customer.

All these patterns and the likes should have made temporal modeling a pre-

dominant factor in building recommender systems. Nonetheless, with very few

exceptions, the recommenders literature does not address temporal changes in

user behavior. Perhaps, because user behavior is composed of many different

concept drifts, all acting in a different timeframe and different directions, thus

making common methodologies for dealing with concept drift and temporal data

less successful at this setup. We are showing that capturing time drifting patterns

in user behavior is essential to improving accuracy of recommenders. This also

gives us hope that the insights from successful time modeling for recommenders

will be useful in other data mining applications.

On the other hand, the essence of social recommendation methods is utilizing

users explicit social connections to improve recommendation results. However,

explicit social connection information is not always available in real-world rec-

ommender systems. Only few Web sites have implemented the social or trust

mechanisms, like Epinions (http://www.epinions.com, a general consumer review

site that was established in 1999, where users can also add other users into their
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trust list) and Douban (http://www.douban.com, the largest Chinese Web 2.0

site devoted for movies, books, and music reviews that was launched in 2005).

Lacking of social recommendation data greatly limits the impact and utilization

of social recommendation methods. Fortunately, in case that we do not have

explicit social information, we can always compute a set of implicit social infor-

mation for each user. In summary, we would like to build generalized dynamic

social recommendation models and algorithms to explore the dynamics, the im-

plicit social networks and the typically influence groups in the users to further

improve the recommendation performance.

1.2 Motivations and Significances

1.2.1 Implicit networks in social recommendation

The researches on social recommendation can be divided into two types: explicit

and implicit social recommendation. The existing and available social network

information is often used to enhance the performance of a recommender system,

i.e. explicit social recommendation [85] [63] [64][84]. The most successful and

common strategy is to integrate social information, either trust or friendship,

into a collaborative filtering model in a certain way.

However, social information data may not necessarily be available for every

recommendation scenario due to practical difficulties or privacy concerns. For

example, Taobao, the most popular online shopping platform in China which

would be greatly improved by a social recommender system, has not built a

social network module for its users. On the other hand, most of the signals that

a user provides about his preferences are implicit, such as watching a video or

clicking on a link.

Furthermore, for most applications with disclosed social relationships, data

are usually given as a binary decision value(e.g., whether two people are friends),

while the strength of their relationship is missing. Knowing the strength of so-

cial relationships is very helpful for a recommender system, as it is reasonable

to assume people have more trust in their close friends compared to their ac-

quaintances. In addition, the quality of the given social information is sometimes
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questionable. Since most social data are collected from the web or social net-

work services, inevitably they contain noise. Although it is generally believed

that trust or friendship are positively correlated with the level of common-taste

of people, the work in [3] shows that two users may not have similar rating tastes

even though they strongly trust each other. Thus, an absolute acceptance of the

given social connections can harm recommendation performance.

These concerns emerge another research direction named implicit social rec-

ommendation, which aims at mining implicit user social relationships from his-

torical rating data for better recommendations. Implicit social recommendation

can be further divided into two types, one is to determine the social connection

strength of the existing binary social network [35] [36] to enhance the quality of

recommendation based on the given rating data. The other is data to generate

an implicit social network from given historical ratings without any explicit social

data [46] [77] [81] [85]. The pseudo links and/or their strengths can then act as

a surrogate of the explicit social network [39] [161] to be incorporated into any

explicit social recommendation model.

However, most of the existing implicit social recommendation research ignore

the dynamic nature of the users. They only use the rating data to study the

implicit social relationships, and ignore the dynamic information propagation.

The dynamic nature of users’ preferences means that they may drift over time

in dynamic recommendation, resulting in users having different preferences for

particular items at different times [126] [164]. For example, if the user gets

married or moves to another city, his preferences are likely to change dramatically,

and it is natural for him to turn to new friends for advice rather than old friends.

A recommender system should take a user’s actions into account instantaneously

and adapt recommendations to the user’s most recent preference. In fact, the

fresher the feedback, the more informative it is on the user’s current preference.

Thus it is much desired that the dynamic social information can be effectively

utilized to capture the dynamic drift of the users’ preferences and give exact

recommendations in time, and finally improve the recommendation performances.

To this end, Implicit Social Recommendation (ISR) should be proposed to

capture the most recent preferences of the users and give exact recommendations.

On the other hand, same as the traditional collaborative filtering methods
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which adopt batch-trained algorithms, IDSR suffers from two major drawbacks

[79]. Firstly, they scale poorly. The nature of many collaborative filtering al-

gorithms make them hard to be parallelized and recently there are a few works

try to investigate this approach. Before training, they require that all data are

available. During training, at each iteration, all ratings must be scanned through

once to perform the algorithms. This is very expensive since real-world datasets

cannot be loaded into the memory easily. The second drawback of batch-trained

algorithms is that they are unsuitable for dynamic ratings. A recommender sys-

tem may change in many ways, such as the appearance of the new users and new

items; new purchase and new reviews of the users. In these cases, to capture

the change, the batch-trained collaborative filtering methods have to rebuild the

model, which is very expensive. Considering these actual situation, we try to

overcome the two main drawbacks of IDSR method with an online learning ap-

proach. Thus, we first introduce an online learning method which is suitable for

the doubly-streaming data, then we apply it to the IDSR method.

1.2.2 Temporal Pattern learning from User behaviours

Based on the inferred latent social network, we want to further explore the salient

behaviour pattern of the users from their behaviour timeline. It can be formulated

as a problem of significant feature learning from unsupervised time series. The

main challenge is finding the discriminative and explainable features that best

distinguish the time series from others [5]. To solve this challenge, a line of work

that extract shapelets from time series [93] [155] has recently been proposed.

Shapelets are maximally discriminative subsequences in a time series that enjoy

the merits of high prediction accuracy and are easy to explain [150]. Hence,

discovering shapelets has become one research focus in time series data analytics.

The seminal work on shapelet discovery [150] demands a full-scan of all possi-

ble time series segments, which are then ranked according to a predefined distance

metric, such as information gain. The segments that best predict the class labels

are selected as shapelets. This method suffers from high time complexity and

much effort has been expended to speed-up the algorithm [90] [102] [16]. How-

ever, all these methods still face the difficulty of a large number of time series
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segments as candidates to choose from [45]. For instance, the Synthetic Control

data set [66] contains 600 samples of time series and each is 60 in length, which

means the number of candidate segments for all lengths is 1.098 × 106! Such a

massive number brings a huge challenge to shapelet selection approaches.

A recent work, [45], proposed a brand new perspective on shapelet discovery in

time series. Instead of searching for shapelets in a candidate pool, they borrowed

from the strengths of regression learning and opened a new door for learning

shapelets from time series. The beauty of their method is that the shapelets are

detached from the candidate segments, and the learned shapelets differ from any

candidate segment [4]. More importantly, in addition to the efficiency, shapelets

are also robust to noise [130].

However, the above shapelet learning approach requires supervised learning,

and has a labelling cost problem when applied to a large data set. This motivates

us to build a more-economical shapelet learning model that can automatically-

learn shapelets without the effort of human labelling.

To this end, a new unsupervised discriminative subsequence mining method

should be proposed to further explore the typical features in the time series data

which is the typical influence path between the users.

1.2.3 Dynamics in doubly-streaming Data

For the real-world social recommendation problem, the data normally appear in a

doubly-streaming scenario where both data volume and data dimensions increase

with time, since there will be new users enter the market and new features of users

will continuously appear. This scenario also suits for many other problems, such

as in graph node classification, both the number of graph nodes and the node

features (e.g., the ego-network structure of a social network node) often change

dynamically. In text classification and clustering, both the number of documents

and text vocabulary increase over time, such as the infinite vocabulary topic model

[157] to allow the addition, invention and increased prominence of new terms to

be captured.

We refer to the above doubly-streaming data as trapezoidal data streams where

data dynamically change in both volume and feature dimension. The problem of
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learning from trapezoidal data streams is much more difficult than existing data

stream mining and online learning problems [159, 160]. The main challenge of

learning from trapezoidal data streams is how to design highly dynamic classifiers

that can learn from increasing training data with an expanding feature space.

Obviously, existing online learning [68, 70], online feature selection [132] and

streaming feature selection algorithms [136] cannot be directly used to handle

the problem because they are not designed to deal with the simultaneous change

of data volume and data dimension.

Online learning algorithms [70] were proposed to solve the problem where

training instances arrive one by one but the feature space is fixed and known a

prior before learning. The algorithms update classifiers using incoming instances

and allow the sum of training loss gradually to be bounded [70]. To date, online

learning algorithms, such as the Perceptron algorithm [107], the Passive Aggres-

sive algorithm [19] and the Confidence-Weighted algorithm [20], are commonly

used in data-driven optimizations, but cannot be directly used to handle a dy-

namic feature space.

Online feature selection algorithms [70, 132] were proposed to perform feature

selection in data streams where data arrive sequentially with a fixed feature space.

Online feature selectors are only allowed to maintain a small number of active

features for learning [132]. These algorithms use sparse strategies, such as feature

truncation, to select representative features. Sparse online learning via truncated

gradient [70] and the OFS algorithm [132] are typical algorithms. However, these

algorithms cannot solve the trapezoidal data stream mining problem because they

assume the feature space is fixed.

Online streaming feature selection algorithms [136] were proposed to select

features in a dynamic feature space where features arrive continuously as streams.

Each new feature is processed upon its arrival and the goal is to select a “best

so far” set of features to train an efficient learning model. It, in some ways, can

be seen as the dual problem of online learning [136]. Typical algorithms include

the online streaming feature selection (OSFS) algorithm [137] and the fast-OSFS

[136] algorithm. However, these algorithms consider only a fixed training set

where the number of training instances is given in advance before learning.

To this end, an online learning algorithm towards on streaming features is
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needed to explore the special kind of double-streaming data, and be further in-

troduced to the social recommendations.

1.2.4 All-in-One: Online dynamic implicit social recom-

mendation

Ultimately, we would like to build a general and dynamic social recommendation

algorithm which can make timely and accurate personalized recommendations.

The quicker the recommender system responds, the greater the likelihood that

it will identify the user’s current preferences and needs. For instance, after a

user books a flight, hotels and places of interest in the destination city should

be recommended to the user in a timely fashion. Also many recommendations

should be given to users in advance due to capacity and budget issues, such

as hotel recommendations which should be provided several days or months in

advance so as to allow the user sufficient time to choose and book a hotel in a

lower price. However there are still three main challenges in this area.

The first one is the drift of a user’s preferences and needs over time. A recom-

mender system needs to capture users’ dynamic preferences and needs rapidly and

deliver the right recommendations at the right time[162]. For instance, if the user

has recently become pregnant, her preferences are likely to change dramatically

to baby-related goods such as toys, buggies and car seats etc.

The second challenge is how to obtain the latent dynamic core social networks

of users. A core social network is different from the general explicit social net-

work, as it only contains the very close friends of the users who truly influence

him. However, this is difficult to obtain since it is dynamic and implicit. For

instance, supposing a user has recently moved to a new city, it is natural for him

to ask for recommendations from his friends in the new city rather than other

people. But this change is difficult to reflect in the whole large explicit social

network which contains a large amount of redundant information and noise. If

we consider the whole explicit social network, it will divert much attention from

the network of real influence and harm the final performance. On the other side,

most disclosed social data are normally binary decision values, e.g. whether two

people are friends or not, so the strength of their relationship is missing [35]. Also
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many signals of user’s preferences are implicit [36], such as watching a video or

clicking on a link, like Google News [23]. The complete core social network with

weights is important for a social recommendation model and would improve the

recommendations significantly.

The last challenge is how to deal with new users and new items which appear

in the system. In reality, this problem is unavoidable. New users and new items

enter the recommender system continuously, so how to involve them and how to

handle this problem smoothly must be considered.

However, to the best of our knowledge, currently there is no research that

tries to address these challenges simultaneously. Most of the existing research

either builds a general model in a sample scenario such as ignoring the dynamic

nature of the system and the problem of new users and items, or only focuses on

some specific fields, such as dynamic restaurant recommendation [17] and timely

news recommendation [23].

To this end, combining the three techniques introduced above, a generalized

online dynamic social recommendation model is proposed to address these chal-

lenges simultaneously and effectively.

1.3 Research Problems

As each subtask is essential in real-life applications, our research examines the

unique challenge of each task carefully and exploits several research problems

accordingly.

1.3.1 Implicit social recommendation with cascade data

Implicit Social Recommendation should be proposed to capture the most recent

preferences of the users and give exact personalized recommendations. In this

problem, we use cascade data to infer latent social network and attempts to

identify the dynamic changes in the users’ preferences to improve the performance

of recommender system. Cascade data are defined as the observed action time

stamps of users on certain items. We follow the idea of the generative probabilistic

model to infer both the structure and the strength of the latent social network.
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By jointly learning the social relationships and ratings from the data, our model

can absorb the potential damage caused by a noisy explicit social network. By

exploring the information in time data, we capture the most recent preferences

of the users and give exact recommendations.

1.3.2 Unsupervised user behaviour pattern learning

User influence path learning, which is as same as unsupervised discriminative

subsequence mining, should be proposed to further explore the influence path

among the users, i.e. typical features in the time series.

To this end, we propose a novel Unsupervised Discriminative Subsequence

Mining (UDSM) model that automatically-learn shapelets from unlabelled time

series data. We first introduce a pseudo-label to transform unsupervised learning

into supervised learning. Then, we use the popular regularized least-squares technique

along with spectral analysis to learn both the shapelets, the pseudo-class labels,

and the pseudo classification boundaries. A new shapelet regularization term is

also added to avoid learning similar shapelets. We adopt a coordinate descent

algorithm to simultaneously obtain the pseudo-class labels and learn the best

shapelets in an iterative manner. Compared to existing unsupervised shapelet

selection models [155] [93], our method aims to learn shapelets instead of simply

selecting shapelets from unlabelled time series data.

1.3.3 Online learning with streaming features

Online Learning with trapezoidal data which are in double-streaming scenario is

needed to deal with the now appeared users and items. The new coming data is a

popular problem in social recommendation. The algorithms would combine online

learning and streaming feature selection to continuously learn from trapezoidal

data streams. Specifically, when new training instances carrying new features

arrive, a classifier updates existing features by following the passive-aggressive

update rule used in online learning and updates the new features by following

the structural risk minimization principle. Then, feature sparsity is introduced

by using feature projected truncation.

11



1.3.4 Generalized online dynamic implicit social recom-

mendation

Generalized Online Dynamic Social Recommendation is needed to address the

complex real recommendation challenges: the drift of a user’s preferences over

time; the inference of the latent dynamic core social networks of users; the ap-

pearance of new users and new items. Specifically, we combine network inference,

online learning and collaborative filtering together in an iterative process. By in-

ferring the latent dynamic core social networks from cascade data, identifying

the drift of a user’s preferences and involving new users and items in the online

learning process, it reacts rapidly and makes accurate recommendations to users

when new data arrive.

1.4 Thesis Contributions

The thesis addresses a number of fundamental problems of dynamic social rec-

ommendation from four aspects: implicit social recommendation; discriminative

feature learning from time series; online learning with trapezoidal data streams

and generalized online dynamic social recommendation. The main contributions

of this study can be summarized in four parts, accordingly.

1.4.1 Implicit social recommendation with cascade data

Contributions:

1) We study a new problem of implicit social recommendation, which infers

the latent social network from cascade data and uses rating data to make

recommendations based on the inferred latent social network. It can suffi-

ciently mine the dynamic information propagation and identify the dynamic

changes of users’ preferences in time.

2) We propose a new Implicit Social Recommendation (ISR) model to com-

bine the learning of social network and rating prediction together as an

unified optimization problem, which is different from most of the exist-

ing approaches of implicit social network recommendations which treat the
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learning of the social networks and recommendations as two independent

tasks.

3) We use two new real-world datasets (Zomato and Douban movie data)

we collected, and a public MovieLens dataset to evaluate the performance

of the proposed model. Experiments show that the proposed model out-

performs the state-of-the-art solutions in both explicit and implicit social

recommendation scenarios on these three real-world datasets.

Outcome:

• The implicit social recommendation algorithm was published in ICDM-

2016 [162].

1.4.2 Feature learning from unsupervised time series

Contributions:

1) UDSM, the proposed new unsupervised discriminative subsequence mining

model, extends supervised shapelet learning models to unlabelled time series

data by combining the strengths of pseudo-class labels, spectral analysis,

shapelet regularization and regularized least-squares techniques.

2) We empirically validate the performance of the proposed method on a syn-

thetic data set and 36 real-world data sets. The results show promising per-

formance compared to the state-of-the-art unsupervised time series learning

models.

Outcome:

• The feature learning algorithm for time series was published in IJCAI-2016

[161].

1.4.3 Online learning with trapezoidal data streams

Contributions:
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1) We study a new problem of learning from trapezoidal data streams where

training data change in both data volume and feature space;

2) We propose a new learning algorithm OLSF and its two variants. OLSF com-

bines the merits of online learning and streaming feature selection methods

to learn from doubly-streaming data;

3) We theoretically analyze the performance bounds of the proposed algo-

rithms;

4) We empirically validate the performance of the algorithms extensively on

14 real-world data sets.

Outcome:

• Our online learning algorithm for trapezoidal data was published in ICDM-

2015 [163], and we further explored it, and published a paper in TKDE-2016

[164].

1.4.4 Online dynamic implicit social recommendation

Contributions:

1) We study a new problem of online dynamic social recommendation with

latent core social networks, which addresses the concerns of the continuous

drift of a user’s preferences and needs, the dynamic core social network of

users and the problem of newly appearing users and items to make timely

and accurate recommendations.

2) We propose a new General Online Dynamic Social Recommendation method

which combines network inference, online learning and the collaborative fil-

tering techniques together in an iterative process to make timely and ac-

curate recommendation. It addresses the three aforementioned concerns

simultaneously and effectively, which is different with most current re-

searchers that tried to design the methods in a defined specific scenario.

3) We use two real-world datasets (Zomato and Douban movie data) we crawled,

and the public MovieLens dataset to evaluate the performance of the pro-
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posed model. Experiments show that the proposed model outperforms the

state-of-the-art solutions on these three real-world datasets.

Outcome:

• Our generalized online dynamic social recommendation algorithm will be

submitted to ACM International Conference on Knowledge Discovery and

Data Mining (SIGKDD) in February 2018.

1.5 Thesis Overview

The thesis is structured into four parts: implicit social recommendation with

cascade data; user influence path learning; online learning with trapezoidal data

streams and generalized online dynamic social recommendation. Table 1.1 gives

the overall structure of our research with the chapters of this thesis. The detailed

roadmap of the thesis is summarized as follows:

Table 1.1: Structure of the thesis with references to the chapters.

Research Task Chapter Related publication

Introduction & Literature Review Chapter 1, 2 – –

Implicit social recommendation with cascade data Chapter 3 [162]

Feature learning from time series Chapter 4 [161]

Online learning with trapezoidal data streams Chapter 5 [163] [164]

Online dynamic social recommendation Chapter 6 – –

Conclusion and Future works Chapter 7 – –

Before formally studying the sub-problems, we review all related works from

different aspects in Chapter 2, including implicit social recommendation with

cascade data, online learning with trapezoidal data streams, feature learning from

time series and generalized online dynamic social recommendation.
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Chapter 3 presents the algorithm on implicit social recommendation, which

infers the latent social network from cascade data and uses rating data to make

recommendations based on the inferred latent social network. It can sufficiently

mine the dynamic information propagation and identify the dynamic changes of

users’ preferences in time. It combines the learning of social network and rating

prediction together as an unified optimization problem, which is different from

most of the existing approaches of implicit social network recommendations which

treat the learning of the social networks and recommendations as two independent

tasks.

Chapter 4 depicts a new unsupervised discriminative subsequence mining

model which extends supervised shapelet learning models to unlabelled time se-

ries data by combining the strengths of pseudo-class labels, spectral analysis,

shapelet regularization and regularized least-squares techniques.

Chapter 5 describes a new online learning algorithm for trapezoidal data

streams and its two variants to deal with the new problem of learning from

trapezoidal data streams where training data change in both data volume and

feature space. It combines the merits of online learning and streaming feature

selection methods to learn from doubly-streaming data.

Chapter 6 studies a new problem of online dynamic social recommendation

with latent core social networks, which addresses the concerns of the continuous

drift of a user’s preferences and needs, the dynamic core social network of users

and the problem of newly appearing users and items to make timely and accurate

recommendations. We propose a new General Online Dynamic Social Recom-

mendation method which combines network inference, online learning and the

collaborative filtering techniques together in an iterative process to make timely

and accurate recommendation. It addresses the three aforementioned concerns

simultaneously and effectively, which is different with most current researchers

that tried to design the methods in a defined specific scenario.

Chapter 7 summarizes the whole thesis and point out several future directions

of this study in this chapter.
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Chapter 2

Literature review

This thesis studies several fundamental problems for dynamic social recommen-

dation. As a result, this work is closely related to a variety of works from dif-

ferent aspects: explicit and implicit social recommendation, online learning with

trapezoidal data, feature learning from time series and online dynamic social

recommendation. In this chapter, we review the related work accordingly.

2.1 Implicit social recommendation

In this section, we review several major approaches to social recommendations.

Firstly we briefly introduce the principle of social recommendation, then we in-

troduce the recent research on the two main categories: explicit social recommen-

dation which uses external social networks and implicit social recommendation

which uses the social networks inferred from the rating data.

2.1.1 Traditional recommender systems

Social recommendation [84] is defined as any recommendation with online so-

cial relations as additional input, i.e., augmenting an existing recommendation

engine with additional social signals [123]. Social relations can be trust rela-

tions, friendships, memberships or following relations and so on [85] [61]. The

underlying assumption is that users are correlated when they establish social

relations [84] [88].
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One of the most commonly-used and successfully-deployed recommendation

approaches is collaborative filtering [85] [61]. It can predict user interests directly

by uncovering complex and unexpected patterns from a user’s past behaviors such

as product ratings without any domain knowledge. The underlying assumption

of collaborative filtering based recommender systems is that if users have agreed

with each other in the past, they are more likely to agree with each other in

the future than to agree with randomly chosen users. The general idea of ma-

trix factorization is to model the user-item interactions with factors representing

the latent characteristics of the users and items in the system, like the prefer-

ence class of users and the category class of items [145]. Numerous social matrix

factorization based RSs have recently been proposed to improve recommenda-

tion accuracy [147] [84] [146]. In the field of collaborative filtering, two types

of methods are widely studied: memory-based approaches and model-based ap-

proaches [123].

Memory based approaches use either the whole user-item matrix or a sample

to generate a prediction. The key problems a memory-based collaborative filter-

ing method has to solve are computing similarity and aggregating ratings [123].

Model based methods assume a model to generate the ratings and apply data

mining and machine learning techniques to find patterns from training data [123],

which can be used to make predictions for unknown ratings. Compared to mem-

ory based collaborative filtering methods, Model based collaborative filtering

methods have a more holistic goal to uncover latent factors that explain observed

ratings [123] [152]. Factorization based collaborative filtering methods [110] are

representative method in this field, which assume that a few latent patterns in-

fluence user rating behaviors and perform a low-rank matrix factorization on

the user-item rating matrix. Collaborative filtering based recommender systems

are competitive for they are domain-independent and can recommend any items.

However, collaborative filtering based systems have their own limitations such as

the cold-start problem and the data sparsity problem [123].
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2.1.2 Explicit social recommenders

Explicit social recommender uses rating data and all the information from ex-

ternal social networks. Early research [63] [88] searches the trust network to

determine the recommended items. Later on, researchers started to bring so-

cial information into matrix factorization models with diversified assumptions

for integration. SoRec [84] proposes shared user latent factors for both rating

matrix and social matrix factorization. RSTE [82] predicts a user’s ratings by

the linear combination of the user and their trusted friends’ latent factors vec-

tors. SocialMF [64] defines that a user’s latent factors should be close to the

linear combination of his or her trusted friends’ latent factors. Social Regular-

ization [85] considers a pairwise assumption that two users who trust each other

should have similar latent factors, and thus appends a regularization term to the

classical matrix factorization model. Moreover, social influence is also considered

in social recommendation, such as conditional random field [139] and probabilis-

tic Poisson factorization [14]. TrustSVD [48] incorporates trust networks with

SVD++, a variant of matrix factorization modelling implicit influence from user

latent factors through observed ratings.

2.1.3 Implicit social recommenders

Implicit social recommender attempts to extract latent social correlation between

two users from historical rating behaviors. The generated information serves as

the surrogate for explicit social networks in explicit social recommender systems.

Since it is time-consuming to evaluate the quadratic number of pairwise users

or item social relations, several studies assume that an explicit social network is

available but the explicit edge strength information is missing. Fazeli et al. [36]

survey and compare the performance of different trust strength metrics on an ex-

plicit social network combined with SocialMF. Fang et al. [35] use support vector

regression with matrix factorization to learn both the ratings and strengths from

an explicit trust network. However, in order to train this model, a binary social

network is still required. Despite the quadratic time complexity of evaluating re-

lations, Guo et al. [46] study user-based collaborative filtering that recommends

items using a trust network generated from predefined trust metrics. With the
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existence of extra features, Lin et al. [77] (rating time ) and Guo et al. [47] (text

review) present methods to obtain implicit social networks. There are also several

studies that apply matrix factorization techniques on implicit social networks [83].

And Social Regularization [81] reads implicit social networks generated by the

evaluation of cosine similarity and Pearson correlation respectively together with

predefined thresholds to determine the social connections.

In some cases, the existing explicit and implicit social recommendation can-

not achieve appropriate performance, because they ignore the dynamic changes

of uses’ preferences. To address this issue, an implicit dynamic social recommen-

dation is proposed in Chapter 3 to learn the structure and the dynamic strength

of social connection through cascade data simultaneously, which is more general

because implicit signals such as clicks can be used to obtain the cascade data.

Furthermore, by modelling the rating prediction and social strength learning as

a joint optimization task, the proposed model mutually reinforces the quality of

each to achieve better results.

2.2 Feature learning from unsupervised time se-

ries

2.2.1 Shapelets selection

The works, [150] [101], introduce selecting short time series segments that best

predict class labels. The central idea of shapelet discovery is to score all the seg-

ments of some given training data against how predictive they are with respect

to the given class labels [135] [33]. The seminal work in the study of time series

shapelets, [150], builds a decision-tree classifier by recursively searching for infor-

mative shapelets over distances determined by information gain. In addition to

information gain, several new measures, such as Kruskall-Wallis, Mood’s median

and F-Stat are also used in shapelet selection [56] [78].

Since time series data usually have a large number of candidate subsequences,

using brute force to select shapelets results in infeasible runtimes [45] [161].

Therefore, a series of techniques have been proposed to speed up these methods.
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Some are smart implementations that use entropy pruning on the information

gain heuristic and abandon distance computations early [150]. Others prune the

search space and re-use computations [90] [151]; prune candidates by searching for

potentially interesting candidates in a SAX representation [102]; or use infrequent

shapelets [52] [50].

2.2.2 Shapelet learning

Instead of searching shapelets exhaustively, a recent work, [45], proposes learning

optimal shapelets, and reports statistically significant improvements in accuracy

compared to other shapelet-based classifiers. Instead of restricting the pool of

possible candidates to those found in the training data and simply searching

them, they consider shapelets as parameters that can be learned through regres-

sion learning. This type of learning method does not consider a limited set of

candidates, but rather it can choose from arbitrary shapelets.

2.2.3 Unsupervised seature selection

A series of unsupervised feature selection methods are proposed to select discrimi-

native features from unlabelled data [28] [106]. A traditional criterion in unsuper-

vised feature learning is to select the features that best preserve data similarity,

and construct the manifold structure from the original feature space [54] [168] [10].

However these methods fail to incorporate important information implied within

data, and which cannot be directly applied to our shapelet learning problem. Ear-

lier unsupervised feature selection methods evaluated the importance of features

individually, and selected the best features one by one [54] [168], on the assump-

tion that correlation among different features would be neglected [10] [169].

State-of-the-art unsupervised feature selection algorithms select features by si-

multaneously exploiting discriminative information and feature correlation [149]

[76] [115] [73]. Unsupervised discriminative feature selection [149] selects the

most informative features for representing data by considering its manifold struc-

ture. Since the most discriminative information in feature selection is normally

encoded in the labels, it is popular to predict good cluster indicators as pseudo-

class labels for unsupervised feature selection [76] [75] [74]. Another important
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factor that significantly effects the performance of feature selection is outliers and

noise data [91]. Real-world data is normally not distributed in an ideal fashion:

outliers and noise in the data are common place [44] [138]. Thus it is impor-

tant and necessary to make unsupervised feature selection robust to outliers and

noise [91] [98].

2.2.4 Shapelets for clustering

Shapelets also have been used to cluster time series [155] [156] [2]. Jesin et al. [155]

proposed a method that uses unsupervised shapelets (u-Shapelets) for time series

clustering. The algorithm selects u-Shapelets to separate and remove a subset

of the time series from the rest of the data set. It then iteratively repeats the

search process in the remaining data until no data remains. This is a greedy

search algorithm that attempts to maximize the gap between the two groups of

time series divided by a u-Shapelet [129].

The k-shape algorithm, proposed in [93], clusters time series. K-shape is a

novel algorithm for shape-based time series clustering. It is efficient and domain

independent [72]. It is a scalable iterative refinement procedure that creates

homogeneous and well-separated clusters. Specifically, k-Shape uses a distance

measure which is invariant to scaling and shifting [24]. It adopts a normalized

cross-correlation measure as a distance measure, unlike [37], to consider the shape

of each time series. Based on a normalized cross-correlation, the method computes

cluster centroids in each iteration and updates the assignment of the time series

to the clusters.

Our work in Chapter 4 differs from the above research streams in that we in-

troduce unsupervised shapelet learning to auto-learn shapelets from an unlabelled

time series by combining the strengths of shapelet learning and unsupervised fea-

ture selection.

2.3 Online learning from trapezoidal data streams

The third part of our researches, i.e. online learning from trapezoidal data

streams, are also closely related to online learning, online feature selection and
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online streaming feature selection.

2.3.1 Traditional online learning

Traditional online learning represents an important family of efficient and scalable

data mining and machine learning algorithms for massive data analysis [60] [96].

In general, online learning algorithms can be grouped into two categories, the

first-order and second-order learning algorithms [60].

The first-order online learning algorithms exploit first order information dur-

ing update. The Perceptron algorithm [107] [38] and Online Gradient Descent

algorithm (OGD) [173] are two well-known first-order online learning methods.

Moreover, a large number of first-order online learning algorithms have been pro-

posed recently by following the criterion of maximum margin principle [132], such

as the Passive Aggressive algorithms (PA) [19], Approximate Maximal Margin

Classification algorithm (ALMA) [40], and the Relaxed Online Maximum Margin

algorithms (ROMMA) [40].

The second-order online learning algorithms, which can better explore the

underlying structure between features[60], have been explored recently. Most

second-order learning algorithms assume that the weight vector follows a Gaussian

distribution. The model parameters, including both the mean vector and the

covariance matrix, are updated in the online learning process [60]. The Second-

Order Perceptron (SOP) [12], Normal Herding method via Gaussian Herding

(NHERD) [22], Confidence-Weighted (CW) learning, Soft Confidence Weighted

algorithm(SCW) [20], online learning algorithms by Improved Ellipsoid (IELLIP)

[143], and Adaptive Regularization of Weight Vectors (AROW) [21], New variant

of Adaptive Regularization (NAROW) [92] are representative of the second-order

online learning algorithms.

2.3.2 Traditional feature selection

Traditional feature selection is a widely used technique for reducing dimension-

ality. Feature selection aims to select a small subset of features minimizing re-

dundancy and maximizing relevance to the class label in classification. Feature
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selection can be categorized into supervised [133] [118], unsupervised [32] [89] and

semi-supervised [140] [166] algorithms.

Supervised feature selection can be categorized into the filter models, wrapper

models and embedded models [122]. The filter models separate feature selection

from classifier learning so that the bias of a learning algorithm does not interact

with the bias of a feature selection algorithm. The Relief [117], Fisher score [30]

and Information Gain based methods [95] [141] are the representative algorithms.

The wrapper models use the predictive accuracy of a predetermined learning

algorithm to determine the quality of selected features. The embedded methods

[6] [1] [171] aim to integrate feature selection into model training. It achieves

model fitting and feature selection simultaneously [100] [121]. The embedded

methods are usually the fastest methods.

Unsupervised feature selection attempts to select features that preserve the

original data similarity or manifold structures, and it is difficult to evaluate the

relevance of features [31] [122]. Laplacian Score [53], spectral feature selection

[167], and recently proposed l2,1-norm regularized discriminative feature selec-

tion [148] are representatives of unsupervised feature selection. Semi-supervised

feature selection is between the supervised methods and unsupervised methods.

Under the assumption that labelled and unlabelled data are sampled from the

same population generated by the target concept, semi-supervised feature selec-

tion uses both labelled and unlabelled data to estimate feature relevance [166].

2.3.3 Online feature selection

Online feature selection [132] and sparse online learning [29] [70] aim to learn

a sparse linear classifier from a sequence of high-dimensional training instances.

Online feature selection combines feature selection with online learning and re-

solves the feature selection in an online fashion by developing online classifiers

that involve only a small and fixed number of features for classification. OFS and

OFSP [132] are the representative algorithms proposed recently.
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2.3.4 Online streaming feature selection

Online streaming feature selection algorithms have been studied recently [41]

[136] where features arrive one by one and training instances are available be-

fore the training process starts. The number of training instances remains fixed

through the process [137]. The goal is to select a subset of features and train an

appropriate model at each time step given the features observed so far.

Compared with the above learning methods, the problem studied in Chapter 5

is more challenging because of the doubly streaming data scenario. Existing online

learning, online feature selection and online streaming feature selection algorithms

are incapable of learning from trapezoidal data streams.

2.4 Online dynamic social recommendation

In this section, we review the recent works in the most closely related areas on

online dynamic social recommendation. Firstly, we briefly introduce the offline

recommendation methods, and then the recent research on online recommenders

in detailed.

2.4.1 Offline recommenders

The wide interest in personalized recommendations has sparked substantial re-

search in this area [17][9]. The most common approaches are content-based ap-

proaches [94] and collaborative filtering [23] [110]. There are two types of collabo-

rative filtering methods, which power most modern recommenders: neighborhood-

based approaches and model-based approaches [85]. Neighborhood-based meth-

ods mainly focus on finding similar users [65] [23] or items [25] [111] for recom-

mendations. Model-based approaches use the observed user-item rating to train a

compact model that explains the given data, so that ratings can be predicted via

the model instead of directly manipulating the original rating database, as occurs

in neighborhood-based approaches [80]. Algorithms in this category include the

clustering model [43], the aspect models [58] [116], the latent factor model [59],

the Bayesian hierarchical model [165] and the ranking model [80].
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2.4.2 Online recommenders

Recently, it has been recognized that offline recommender approaches suffer from

the cost of retraining the model, they do not necessarily match online user behav-

ior and fail to capture preference drifts. These realizations have initiated devel-

opments towards building continuously learning– online learning recommenders

[17]. An online training method based on a compressed representation of the ma-

trix is presented in [119], which is performed with a combination of variational

message passing and expectation propagation. The work [23] builds an online rec-

ommendation engine for making personalized recommendations on a large web

property for Google News, which combine recommendations from collaborative

filtering using MinHash clustering, Probabilistic Latent Semantic Indexing and

visitation counts together using a linear model. The work in [17]develops a prefer-

ence elicitation framework and an online learning setting to address the cold-start

problem in restaurant recommendations by asking a new user a few questions to

quickly learn their preferences and taking advantage of the latent structure in

the recommendation space using a probabilistic latent factor model. The work in

[9] introduces an ε-greedy online user-user neighbor-based collaborative filtering

method.

However, none of these methods simultaneously consider all the three con-

cerns we have introduced, especially the latent dynamic core social networks and

the newly appearing users and items. To this end, we develop our general online

dynamic social recommendation algorithm to make timely and accurate person-

alized recommendation.
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Part I

Implicit Social Recommendation

with cascade data
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Chapter 3

Inferring Latent Network from

Cascade Data for Social

Recommendation

3.1 Introduction

Social recommendation, a study aimed at incorporating the social information of

users into a recommender system, has attracted much attention in recent years.

It can further be divided into two types: explicit and implicit social recommen-

dation. The existing and available social network information is often used to

enhance the performance of a recommender system, i.e. explicit social recommen-

dation [85] [63] [64][84]. The most successful and common strategy is to integrate

social information, either trust or friendship, into a collaborative filtering model

in a certain way.

However, social information data may not necessarily be available for every

recommendation scenario due to practical difficulties or privacy concerns. For

example, Taobao, the most popular online shopping platform in China which

would be greatly improved by a social recommender system, has not built a

social network module for its users. On the other hand, most of the signals that

a user provides about his preferences are implicit, such as watching a video or

clicking on a link.
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Figure 3.1: An example of Implicit Social Recommendation (ISR) framework. We infer
both the structure and the strength of latent dynamic social network A from cascade
data C to catch the dynamic changes of the users by using a generative probabilistic
model. Based on the inferred latent dynamic social network A, ISR model learns the
low-rank item matrix V and user matrix U to predict the missing values in rating data
R. By jointly learning the social relationships and missing ratings from both rating
and cascade data, ISR can absorb the potential damage brought up by noisy explicit
social network and capture the most recent preferences of the users and give the exact
recommendations.

Furthermore, for most applications with disclosed social relationships, data

are usually given as a binary decision value(e.g., whether two people are friends),

while the strength of their relationship is missing. Knowing the strength of so-

cial relationships is very helpful for a recommender system, as it is reasonable

to assume people have more trust in their close friends compared to their ac-

quaintances. In addition, the quality of the given social information is sometimes

questionable. Since most social data are collected from the web or social net-

work services, inevitably they contain noise. Although it is generally believed

that trust or friendship are positively correlated with the level of common-taste

of people, the work in [3] shows that two users may not have similar rating tastes

even though they strongly trust each other. Thus, an absolute acceptance of the

given social connections can harm recommendation performance.

These concerns call for another research direction named implicit social rec-
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ommendation, which aims at mining implicit user social relationships from his-

torical rating data for better recommendations. Implicit social recommendation

can be further divided into two types, one is to determine the social connection

strength of the existing binary social network [35] [36] to enhance the quality of

recommendation based on the given rating data. The other type of implicit social

recommendation is to generate an implicit social network from given historical

ratings without any explicit social data [46] [77] [81] [85]. The pseudo links and/or

their strengths can then act as a surrogate of the explicit social network [39] [161]

to be incorporated into any explicit social recommendation model.

However, most of the existing implicit social recommendation research ignore

the dynamic nature of the users. They only use the rating data to study the

implicit social relationships, and ignore the dynamic information propagation.

The dynamic nature of users’ preferences means that they may drift over time

in dynamic recommendation, resulting in users having different preferences for

particular items at different times [126] [164]. For example, if the user gets

married or moves to another city, his preferences are likely to change dramatically,

and it is natural for him to turn to new friends for advice rather than old friends.

A recommender system should take a user’s actions into account instantaneously

and adapt recommendations to the user’s most recent preference. In fact, the

fresher the feedback, the more informative it is on the user’s current preference.

Thus it is much desired that the dynamic social information can be effectively

utilized to capture the dynamic drift of the users’ preferences and give exact

recommendations in time, and finally improve the recommendation performances.

To this end, in this chapter, we propose a new Implicit Social Recommen-

dation (ISR) model which uses cascade data to infer latent social network and

attempts to identify the dynamic changes in the users’ preferences to improve the

performance of recommender system. We define cascade data as the observed

action time stamps of users on certain items. We follow the idea of the genera-

tive probabilistic model to infer both the structure and the strength of the latent

social network. By jointly learning the social relationships and ratings from the

data, our model can absorb the potential damage caused by a noisy explicit social

network. By exploring the information in time data, we capture the most recent

preferences of the users and give exact recommendations. Figure 3.1 shows an
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example of the ISR framework. Experiments show that the proposed solution

outperforms the state-of-the-art models in both explicit and implicit scenarios.

The contributions of this chapter are summarized as follows:

1) We study a new problem of implicit social recommendation, which infers

the latent social network from cascade data and uses rating data to make

recommendations based on the inferred latent social network. It can suffi-

ciently mine the dynamic information propagation and identify the dynamic

changes of users’ preferences in time.

2) We propose a new Implicit Social Recommendation (ISR) model to com-

bine the learning of social network and rating prediction together as an

unified optimization problem, which is different from most of the exist-

ing approaches of implicit social network recommendations which treat the

learning of the social networks and recommendations as two independent

tasks.

3) We use two new real-world datasets (Zomato and Douban movie data)

we collected, and a public MovieLens dataset to evaluate the performance

of the proposed model. Experiments show that the proposed model out-

performs the state-of-the-art solutions in both explicit and implicit social

recommendation scenarios on these three real-world datasets.

The rest of this chapter is organized as follows: Sections 3.2 and 3.3 intro-

duce the problem and ISR model in detail. Section 3.4 discusses the proposed

algorithm. Section 3.5 describes the experiments and Section 3.6 concludes the

paper.

3.2 Problem definition

The rating data is denoted by matrix R ∈ RN×M , where N is the number of users

and M is the number of items. An observed or non-missing entry Rij, records

a numerical rating score that user i, 1 ≤ i ≤ N , gives to item j, 1 ≤ j ≤ M , as

a training instance. An adjacent matrix A ∈ RN×N denotes the social network,
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where entry Aij is a positive value which represents the strength of the edge from

node i to node j.

Time observations are also recorded on the N users and consist of a set C of

cascades {t1, . . . , tM}. Each cascade tc is a record of observed action time stamps

within the population during a time interval of length T . A cascade is an N -

dimensional vector tc := (tc1, . . . , t
c
N) recording when nodes’ actions are observed,

tck ∈ [0, T ]∪{∞}. The symbol ∞ labels users that are not observed acting during

observation window [0, T ], which does not imply the nodes will never act. Each

cascade is reset to start at 0 as we are not concerned about the specific time but

the relative time. Lengthening the observation window T increases the number

of observed infections within a cascade tc and results in a more representative

sample of the underlying dynamics [105].

Our goal is to mine the implicit social network A from cascade data C, and

predict the missing value of the original rating matrix R simultaneously by solving

an optimization problem.

3.3 The proposed ISR model

The formula of the Implicit Social Recommendation (ISR) model, which

consists of dynamic social network inferring term and social recommendation

regularization term, is shown in Eq. (3.1).

min
A,U,V

− 1

2

∑
c∈C

logf(tc, A) +
λ1

2

n∑
i=1

n∑
j=1

Ai,j‖Ui − Uj‖2

+
λ2

2

n∑
i=1

m∑
j=1

Iij(Rij − UT
i Vj)

2 +
λ3

2
‖U‖2F +

λ4

2
‖V ‖2F

s.t. A ≥ 0, U ≥ 0, V ≥ 0

(3.1)

where Iij is the entry of indicator matrix I. Iij is equal to 1 if user ui rates

item vj and equals to 0 otherwise. Matrix U ∈ RK×N and V ∈ RK×M with

K << min(M,N) are two low-rank matrices to approximate the rating matrix

R. Matrix A ∈ RN×N is the inferred social network and the entry Aij represents

the strength of the influence from user i to user j. N is the number of users,
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M is the number of items as previously introduced. tc ∈ C is a N-dimensional

cascade vector. λ1, λ2, λ3 and λ4 are positive parameters to control the weight of

each term.

Indeed, the model in Eq. (3.1) mainly comprises three terms. The first term

−1
2

∑
c∈C logf(tc, A) is the dynamic social network inferring. The second term

λ1

2

∑n
i=1

∑n
j=1 Ai,j‖Ui−Uj‖2 is the social recommendation regularization, and the

third term λ2

2

∑n
i=1

∑m
j=1 Iij(Rij − UT

i Vj)
2 is the standard matrix factorization

based recommender system, with the last two terms λ3

2
‖U‖2F and λ4

2
‖V ‖2F been

added to avoid overfitting. Our model conducts the learning of social network and

rating prediction together as a unified framework. By using the dynamic social

network inferring term, the proposed model can infer the latent social network

from cascade data which sufficiently mine the dynamic information propagation

and catch the latest dynamic changes of the users in time to improve the perfor-

mance of recommendation.

3.3.1 Dynamic social network inference

In this section, we introduce the method of inferring dynamic social network from

cascade data. We first introduce the pairwise transmission likelihood, then we

give the formula of likelihood of a cascade, and finally show the social network

inferring term.

• Pairwise transmission likelihood. With the cascades data, we calculate the

pairwise transmission likelihood as follow. We assume that infections can occur at

different rates over different edges of a network, and aim to infer the transmission

rates between pairs of nodes in the network. Define f(ti|tj, Aj,i) as the condi-

tional likelihood of transmission between a node j and node i. The transmission

likelihood depends on the infection times (tj, ti) and a pairwise transmission rate

Aj,i. A node cannot be infected by a node infected later in time. In this chapter,

we estimate the well-known exponential parametric likelihood model (3.2)

f(ti|tj;Aj,i) =

⎧⎨
⎩Aj,i · e−Aj,i(ti−tj), if tj < ti

0, otherwise
(3.2)
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where Aj,i ≥ 0 is transmission rate. If Aj,i → 0, the likelihood of infection tends

to zero and the expected transmission time becomes arbitrarily long.

The cumulative density function F (ti|tj;Aj,i) is computed from the trans-

mission likelihoods [112]. Given that node j is infected at time tj, the survival

function of edge j → i is the probability that node i is not infected by node j by

time ti:

S(ti|tj;Aj,i) = 1− F (ti|tj;Aj,i) = e−Aj,i(ti−tj) (3.3)

The hazard function [112][105], or instantaneous infection rate, of edge j → i is

the ratio

H(ti|tj;Aj,i) =
f(ti|tj;Aj,i)

S(ti|tj;Aj,i)
= Aj,i (3.4)

• Likelihood of a cascade. We compute the probability that a node survives

uninfected until time T , given that some of its parents are already infected.

Consider a cascade t = (t1, . . . , tN) and a node i, which is not infected during

the observation window (i.e., ti > T ). Since each infected node k may infect i

independently, the probability that nodes 1 . . . N do not infect node i by time

T is the product of the survival functions of the infected nodes 1 . . . N |tk ≤ T

targeting i, ∏
tk≤T

S(T |tk;Ak,i) (3.5)

Since we assume infections are conditionally independent given the parents of

the infected nodes, the likelihood factorization over nodes is

f(t≤T ;A) =
∏
ti≤T

f(ti|t1, . . . , tN\ti;A) (3.6)

where t≤T = (t1 . . . , tN |ti ≤ T ). Given an infected node i, we compute the

likelihood of a potential parent j to be the first parent by applying Eq. (3.5),

f(ti|tj;Aj,i)×
∏

j �=k,tk<ti

S(ti|tk;Ak,i) (3.7)

With Eq. (3.6), the likelihood of the infections in a cascade is shown in
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Eq. (3.8) by removing the condition k 
= j,

f(t≤T ;A) =
∏
ti≤T

∏
k:tk<ti

S(ti|tk;Ak,i)×
∑

j:tj<ti

f(ti|tj;Aj,i)

S(ti|tj;Aj,i)
(3.8)

Eq. (3.8) only considers infected nodes. We add the multiplicative survival

term from Eq. (3.5) to include the information of the nodes which are not infected

during the observation window and also replace the ratios in Eq. (3.8) with hazard

functions,

f(t;A) =
∏
ti≤T

∏
tm>T

S(T |ti;Ai,m)

×
∏

k:tk<ti

S(ti|tk;Ak,i)
∑

j:tj<ti

H(ti, tj;Aj,i)
(3.9)

Assuming independent cascades, the likelihood of a set of cascades C =

{t1, . . . , tM} is the product of the likelihoods of the individual cascades in Eq. (3.10)

∏
tc∈C

f(tc;A) (3.10)

• Social Network inferring. We aim to find the strength Aj,i of every pair of

nodes such that the likelihood of an observed set of cascades C = {t1, . . . , tM}
is maximized. Thus, we can solve the following optimization problem (3.11) to

obtain the latent social network from the given cascade data,

min
A

−
∑
c∈C

logf(tc;A)

s.t. Aj,i ≥ 0, i, j = 1, . . . , N, i 
= j

(3.11)

where A := {Ai,j|i, j = 1, . . . , n, i 
= j} are the variables. The edges of the

network are those pairs of nodes with transmission rates Aij > 0.

3.3.2 Social recommendation regularization term

In the real world, it is usual to turn to friends for movie , music or book rec-

ommendations since we have confidence in the tastes of our friends. Due to the

assumption that the closer the relationship between the users, the more similar
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preferences they have, we set the social regularization term in Eq. (3.12)

N∑
i=1

N∑
j=1

Aij‖Ui − Uj‖2 (3.12)

where N is the number of users, Aij, 1 ≤ i ≤ N, 1 ≤ j ≤ N is the inferred implicit

social network matrix.

3.3.3 Low-rank matrix factorization.

An efficient and effective approach to recommender systems is to factorize the

user-item rating matrix, and utilize the factorized user-specific and item-specific

matrices to make further missing data prediction [85] [104] [109] [110] [154]. The

premise behind a low-dimensional factor model is that there is only a small num-

ber of factors influencing the preferences, and that a user’s preference vector is

determined by how each factor applies to that user[104].

In this chapter, we consider an N ×M rating matrix R describing N users’

numerical ratings on M items. A low-rank matrix factorization approach seeks

to approximate the rating matrix R by a multiplication of K-rank factors, where

K << min(N,M), and the singular value decomposition method is traditionally

utilized [85] to approximate a rating matrix R by minimizing 1
2
‖R−UTV ‖2F where

U ∈ RK×N , V ∈ RK×M , and ‖ · ‖2F denotes the Frobenius norm. However, due to

a large number of missing values contained in R, we only need to factorize the

observed ratings in it. In order to avoid overfitting, two regularization terms are

added. Hence, objective function is changed to

min
U,V

1

2

N∑
i=1

M∑
j=1

Iij(Rij − UT
i Vj)

2 +
α

2
‖U‖2F +

β

2
‖V ‖2F (3.13)

where α, β > 0, and Iij is the indicator function that is equal to 1 if user Ui rated

item Vj and equal to 0 otherwise.

The optimization problem in Eq. (3.13) minimizes the sum-of-squared-errors

objective function with quadratic regularization terms.

According to the above discussions, the implicit social network inferring term,
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Algorithm 1 Implicit Social Recommendation

Require:
C = {t1, . . . , tM}: Cascade data;
R ∈ RN×M : Rating data;
λ1, λ2, λ3 and λ4: Tradeoff parameters;
K: Latent feature space dimension parameter.

Ensure:
U ∈ RK×N : User matrix;
V ∈ RK×M : Item matrix;
A ∈ RN×N : Social network matrix.

1: Initialize: U0 = E, V0 = E,A0 = E where E is the identity matrix;
2: while Not convergent do
3: At+1 ← Apply Eq. (3.16) with Ut to update At;
4: Ut+1 ← Apply Eq. (3.20) with At+1, Vt to update Ut;
5: Vt+1 ← Apply Eq. (3.24) with At+1, Ut+1 to update Vt;
6: t ← t+ 1;
7: return A∗ = At; U

∗ = Ut, V
∗ = Vt.

the social recommendation regularization term and the traditional matrix factorization-

based recommender system term, are unified in our ISR model for implicit social

recommendation.

3.4 Algorithm

In this section, we use a coordinate descent algorithm to solve the ISR model.

We first introduce the algorithm in Section 3.4.1, and analyze its convergence and

time complexity in Section 3.4.2 and Section 3.4.3 respectively.

3.4.1 Implicit social recommendation algorithm

In the coordinate descent algorithm, we iteratively update one variable by fix-

ing the remaining two variables. The steps will be repeated until convergence.

Algorithm 1 summarizes the steps.

• update A with fixed U and V
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With fixed U, V , model (3.1) degrades to problem (3.14)

min
A≥0

−1

2

∑
c∈C

logf(tc, A) +
λ1

2

N∑
i=1

N∑
j=1

Ai,j‖Ui − Uj‖2 (3.14)

where f(tc, A) is shown in Eq. (3.9) with t replaced by tc. Problem (3.14) is

convex and consistent [105]. For the fixed i and j, problem (3.14) degrades to

problem (3.15)

min
A≥0

1

2

∑
c:tci≤T,tcj>T

(T − tci)Aij +
λ1

2
‖Ui − Uj‖2Aij

+
1

2

∑
c:tci<tcj ,t

c
j≤T

((tcj − tci)Aij − logAij)

(3.15)

To set the derivative of Aij equal to 0, we can obtain the update strategy of

At+1
ij as Eq. (3.16)

A∗
ij =

2N C̃
ij∑

c∈Ĉij
(T − tci) +

∑
c∈C̃ij

(tcj − tci) + λ1‖Ui − Uj‖2
(3.16)

where Ĉij = {c ∈ C : tci ≤ T, tcj > T}, C̃ij = {c ∈ C : tci < tcj, t
c
j ≤ T} and N C̃

ij is

the number of the cascades in C̃ij for the fixed i, j.

• update U with fixed A and V

With fixed A, V , model (3.1) degrades to problem (3.17)

min
U≥0

λ2

2

N∑
i=1

M∑
j=1

Iij(Rij − UiV
�
j )2 +

λ3

2
‖U‖2F

+
λ1

2

N∑
i=1

N∑
j=1

Ai,j‖Ui − Uj‖2
(3.17)

Problem (3.17) is convex and consistent with variable U . It is equal to prob-
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lem (3.18)

min
U≥0

λ2

2

N∑
i=1

M∑
j=1

Iij(Rij −
K∑
p=1

UipVjp)
2 +

λ3

2

N∑
i=1

K∑
p=1

U2
ip

+
λ1

2

N∑
i=1

N∑
j=1

K∑
p=1

Aij(Uip − Ujp)
2

(3.18)

For the fixed i and p, the derivative of Uip is in Eq. (3.19)

∇F

∇Uip

=− λ2

M∑
j=1

IijVjp(Rij −
K∑
q=1

UiqVjq) + λ3Uip

+ λ1

N∑
j=1

Aij(Uip − Ujp)

(3.19)

Make the derivative equal to zero, we can obtain

U∗
ip =

λ2

∑M
j=1 IijVjp(Rij −

∑K
q=1,q �=p UiqVjq) + λ1

∑N
j=1 AijUjk

λ2

∑M
j=1 IijV

2
jp + λ3 + λ1

∑N
j=1 Aij

(3.20)

• update V with fixed A and U

With fixed A,U , model (3.1) degrades to problem (3.21)

min
V≥0

λ2

2

N∑
i=1

M∑
j=1

Iij(Rij − UiV
�
j )2 +

λ4

2
‖V ‖2F (3.21)

Problem (3.21) is equal to problem (3.22)

min
V≥0

λ2

2

N∑
i=1

M∑
j=1

Iij(Rij −
K∑
p=1

UipVjp)
2 +

λ4

2

M∑
j=1

K∑
p=1

V 2
jp (3.22)

For fixed j and p, the derivative of Vjp is

∇F

∇Vjp

= −λ2

N∑
i=1

IijUip(Rij −
K∑
q=1

UiqVjq) + λ4Vjp (3.23)
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Make the derivative equal to zero, we can obtain

V ∗
jp =

λ2

∑N
i=1 IijUip(Rij −

∑K
q=1,q �=p UiqVjq)

λ4 + λ2

∑N
i=1 IijU

2
ip

(3.24)

3.4.2 Convergence analysis

Algorithm 1 is an typical coordinate descent algorithm, which will convergent to

the local optimums. When updating A,U and V , in each step, the degraded opti-

mization problem, which only contain one variable, is a convex optimization. We

can obtain the temporary optimum in each step, which would make the objective

function decrease persistently until convergent to one of its local optimums.

3.4.3 Complexity analysis

In Algorithm 1, ISR takes constant time for the initialization (line 1). When

update social network matrix A, suppose the maximum number of cascades, in

which ti < T contained, is Ic, it takes O(IcN
2) (line 3). When update matrix U ,

since rating matrix R is very sparse, it takes O(εM+N) for each entry, where ε is

the sparse rate. Thus, this part takes O(εMNK +N2K) (line 4). When update

matrix V , it takes O(εN) for each entry, so the actual time expense of line 5 is

O(εNMK). To sum up, the total worst-case time complexity of Algorithm 1 is

O(εMNKC + N2KC + N2IcC) where C is the maximum number of iterations

until convergence.

3.5 Experiments

In the following, we first introduce the details of the datasets and metrics we use

in Section 3.5.1 and Section 3.5.2 respectively. We then introduce the experimen-

tal setup and benchmark methods. Finally, we describe the comparison in detail

with three aspects. Firstly, we evaluate the performance of the proposed algo-

rithm with respect to MAEs and RMSEs compared with the five state-of-the-art

benchmark methods in Section 3.5.4. Secondly, we explore the performance of the

ISR method in terms of data freshness (time distances between the target ratings
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and historical ratings) in Section 3.5.5, and finally we explore the performance of

ISR method in terms of observation window T in Section 3.5.6. All experiments

are conducted on a Windows 8 machine with 3.00GHz CPU and 8GB memory.

3.5.1 Datasets

We evaluate the performance of the proposed ISR model on three real-world

datasets, i.e., Zomato 1, MovieLens 2 and Douban movie 3 dataset. The statistics

of the datasets are show in Table 3.1. The sparsity shown in the table is defined

as 1− nonzero entries
total entries

.

Zomato is a restaurant search and discovery service website founded in 2008.

It operates in many countries, including the United States, Australia, India etc.

It features restaurant information such as scanned menus and photos sourced by

local street teams, as well as user reviews and ratings.

We collect the ratings (1-5) data and the time points of the posted reviews

of 5336 users for the most popular 1012 restaurants in Sydney from September

2008 to April 2016. We also collect information on the existing social networks

provided by the website, and the followers’ and followees’ data, which will be used

in some of the benchmark methods for comparison. This dataset is very sparse

with a 0.0031 sparsity value.

MovieLens datasetis a web-based research recommender system that de-

buted in the autumn of 1997. Each week, hundreds of users visit MovieLens to

rate and receive recommendations for movies. MovieLens is a popular dataset

used in social recommendation researches. It was collected through the Movie-

Lens website4 during the seven-month period from September 19th, 1997 to April

22nd, 1998. The dataset consists of 100,000 ratings (1-5) from 943 users on 1682

movies and each user has rated at least 20 movies. This data has been cleansed

that users who had less than 20 ratings or did not provide complete demographic

information were removed from this data set. Detailed descriptions of the data

file can be found in [51]. And the sparsity of this dataset is 0.0630.

1https://www.zomato.com
2http://www.grouplens.org/node/73
3http://movie.douban.com
4https://movielens.org/

41



Table 3.1: Statistics of Datasets

Dataset Douban MovieLens Zomato

# of users 249408 943 5336

# of items 100 1682 1012

# of ratings 877572 100000 38367

sparsity 0.0330 0.0630 0.0031

Average cascade length 8755.70 59.45 38.06

Longest cascade length 29234 583 302

Shortest cascade length 480 1 3

Time interval
2015.1.1 1997.9.17 2008.9.21

-2016.4.30 -1998.4.22 -2016.4.30

Table 3.2: Performance Comparisons with 80% of data as training set

Dataset Metrics BaseMF SocialMF SR1pcc SR2pcc SRu+−
i+− ISR

Douban

MAE 0.9260 0.8019 0.7946 0.7831 0.7049
0.6609

Improve 28.64% 17.59% 16.83% 15.61% 6.25%

RMSE 1.0525 1.0308 1.0257 1.0083 0.9710
0.9484

Improve 9.90% 8.00% 7.54% 5.95% 2.33%

Movielens

MAE 1.0187 0.8984 0.8814 0.8772 0.7849
0.7375

Improve 27.61% 17.91% 16.33% 15.93% 6.04%

RMSE 1.0964 1.0505 1.0587 1.0331 0.9909
0.9511

Improve 13.25% 9.46% 10.16% 7.93% 4.01%

Zomato

MAE 0.9773 0.8505 0.8537 0.8317 0.7489
0.7038

Improve 27.99% 17.25% 17.56% 15.38% 6.02%

RMSE 1.1027 1.0558 1.0333 1.0249 0.9870
0.9319

Improve 15.49% 11.73% 9.81% 9.07% 5.58%

Douban is one of the most websites in China. It comprises several parts:

Douban Movie, Douban Read and Douban Music, etc. Douban Movie provides

the latest movie information, and users can record the movies they wish to watch

and rate them after they have watched them. They can also share their reviews

with their friends.
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Table 3.3: Performance Comparisons with 60% of data as training set

Dataset Metrics BaseMF SocialMF SR1pcc SR2pcc SRu+−
i+− ISR

Douban

MAE 0.9469 0.8618 0.8622 0.8497 0.7637
0.7046

Improve 25.59% 18.24% 18.28% 17.08% 7.74%

RMSE 1.1059 1.0893 1.0414 1.0336 1.0641
0.9500

Improve 14.09% 12.78% 8.77% 8.08% 10.72%

Movielens

MAE 1.0464 0.9386 0.9452 0.9335 0.8981
0.8284

Improve 20.84% 11.75% 12.36% 11.26% 7.77%

RMSE 1.1962 1.1660 1.1536 1.1316 1.1297
1.0067

Improve 15.84% 13.66% 12.73% 11.03% 10.88%

Zomato

MAE 0.9958 0.9117 0.9292 0.8948 0.8150
0.7402

Improve 25.67% 18.81% 20.34% 17.28% 9.18%

RMSE 1.1136 1.1019 1.1042 1.0934 1.0562
0.9934

Improve 10.79% 9.84% 10.03% 9.14% 5.95%

We collect the ratings and the time stamps of the rating data on the 100 most

popular movies in Douban. It includes 877572 ratings (1-5) and the time stamps

of 249408 users from January 2015 to April 2016. In this dataset, the data of

time stamps are very dense, where the average length of cascades is 8755.7 with

the longest one is 29234. The sparsity of this dataset is 0.0330.

3.5.2 Metrics

Recommender systems research has used several types of measures to evaluate

the quality of recommender systems. Root Mean Square Error (RMSE) and

Mean Absolute Error (MAE) are the most popular metrics used to evaluate the

deviation of recommendations from their true user-specified values. Specifically,

RMSE and MAE are defined in Eqs. (3.25) and (3.26) respectively.

RMSE =

√
1

Ntest

∑
i,j

(Rij − R̂ij)2 (3.25)
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MAE =
1

Ntest

∑
i,j

|Rij − R̂ij| (3.26)

where Rij denotes the rating user i gives to item j, R̂ij denotes the rating user

i gives to item j as predicted by the method, and Ntest denotes the number of

ratings in test set. From the definitions, we can see RMSE gives higher weights

to larger errors as the errors are squared before taking their average. It is always

larger or equal to MAE. The lower the values of RMSE and MAE, the more

accurately the recommendation engine predicts.

3.5.3 Experimental setup

Training and testing data setup In many studies [111] [69], the training and

testing data are randomly chosen for the experiments. But this is unsuitable for

the evaluation of dynamic recommendation in which we can use only historical

data but not future data for current predictions in real applications. Follow-

ing [71] [126], we split the training and testing data based on time and evaluate

the performance. Specifically, we sort the entire data set in normal time order,

and use the earlier part as the training set to adjust all parameters in the recom-

mendation algorithm. We run algorithms on the test set then and generate the

estimated rating for each user-item pair and compare the estimated ratings with

real rating to calculate RMSEs and MAEs.

Parameter settings focus on the meanings and settings of the parameters.

We implement the proposed algorithm and compare it with benchmark methods

under these parameters. ParameterK controls the dimension of the latent feature

space. If K is too small, it is difficult for the model to make a distinction among

users or items. If K is too large, users and items will be too unique for the system

to calculate their similarities and the complexity will considerably increase. Here

we choose the best value of K through grid search from 5 to 50 in steps of 5.

The tradeoff parameters λ1, λ2, λ3 and λ4 in Eq. (3.1) control the weights of each

part in the model and we choose the best value for them through grid search in

[10−8, 108] with the step of 102.

Benchmark methods To evaluate the performance of our method, we com-
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pare the proposed ISR with the following five approaches.

• BaseMF is the baseline matrix factorization approach proposed in [110],

which does not take the social network into account;

• SocialMF [64] improves the recommendation accuracy of BaseMF by

taking into account the social trust between users. It always uses all social

links available in the dataset;

• SR1pcc [85] imports average-based regularization in social recommenda-

tion regularization term to form the social recommendation model;

• SR2pcc [85] is another social recommendation method where individual-

based regularization is imported as its social recommendation regularization

term;

• SRu+−
i+− [81] is an implicit social network recommendation approach which

uses both implicit similar and dissimilar user information as well as similar

and dissimilar item information in its recommendation model.

3.5.4 Comparisons

In this section, we compare the recommendation results of the proposed approach

ISR with all benchmark methods to evaluate the effectiveness.

For the three datasets, we use different training data settings (80% and 60%)

to test the algorithms. Training data 80%, for example, means we use the first

80% of the cascade and rating data as the training data to predict the last 20%

of the ratings. The experimental results are shown in Table 3.2 and 3.3. For

the MovieLens and Douban datasets, social network data are not provided, so we

choose the five most similar users for each user as her/his friends and build the

explicit social network which is used in the benchmark methods.

From the results, we can observe that our method consistently outperforms

the other approaches in all the settings of the three datasets. Firstly, we can

see our algorithm generates significantly better results than the BaseMF method
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which does not take the social network into account. There is an average 26.05%

improvement in MAEs (max 28.63%, min 20.84%), and an average 13.23% im-

provement in RMSEs (max15.84%, min 9.90%) on all the three datasets. This

observation illustrates that employing implicit user social information helps in-

crease the recommendation quality.

Furthermore, our method performs better than the state-of-the-art explicit

social recommendation algorithms SocialMF, SR1pcc and SR2pcc on all the three

datasets. Specifically, the proposed ISR achieves 16.93% improvement on aver-

age (max 18.81%, min 11.75%) in MAEs and 10.91% improvement on average

(max 13.66%, min 8.00%) in RMSEs compared with SocialMF. Compared with

the other two explicit social recommendation approaches SR1pcc and SR2pcc, our

method achieves on average 16.95% (max 20.34%, min 12.36%) and 15.42% (max

17.28%, min 11.26%) improvement in MAEs respectively and an average 9.84%

(max 12.73%, min 7.54%) and 8.54% (max 11.03%, min 5.95) improvement in

RMSEs respectively. These observations demonstrate that in many situations,

implicit social networks can much more accurately describe a user’s preferences

compared with explicit social networks and avoid the noise contained in the ex-

plicit social networks.

Compared with the implicit social recommendation approach SRu+−
i+− , our al-

gorithm also achieves better results an average 7.17% (max 9.18%, min 6.02%)

improvement in MAEs and an average 6.58% (max 10.88%, min 2.33%) improve-

ment in RMSEs. This observation shows that our implicit social recommendation

model also outperforms the state-of-the-art static implicit social recommendation

systems.

3.5.5 Performance in terms of data freshness

In this section, we explore the performance of the proposed model in terms of data

freshness. All the three datasets contain abundant rating records and cascade

data which are collected over a reasonable period of time and are different in

composition and dynamic in nature. We define the time distances between the

target ratings and historical ratings as data freshness. We manually assign twelve

different data freshness values by classify the cascades into multiple phases, i.e.,
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within 1 week, within 2 weeks,..., within 12 weeks.

Figure 3.2 shows the MAEs and RMSEs of our ISR using the data in different

setting of data freshness on the three datasets. It is clear that the more fresh

the data, the better the performance. Such observation means using closer data

sources to train recommender system, the difference between the original ratings

and the predicted ones becomes smaller.

3.5.6 Performance in terms of observation window

In this section, we explore the performance of the ISR model in terms of observa-

tion window T . We use different sized training sets. For MovieLens and Douban

datasets, we rebuild four new training datasets based on the original one. In the

new training datasets, the rating data were proposed within 1 week, 1 month,

3 months and 6 months respectively while for the Zomato dataset we rebuild

four new training datasets in 1 year, 2 years, 3 years and 6 years due to its high

sparsity.

Figure 3.3 shows the results of ISR with different observation windows. We

can see in most cases, MAEs and RMSEs are large when the observation windows

are very short. With longer observation windows, MAEs and RMSEs decrease at

first and then increase again, which means the predicted results become better

at first and then become worse later. This is because the longer cascades may

contain more noise which harms the predicted results. However, if the cascades

are too short, they do not contain enough information to infer the whole latent

social network, which also harms the algorithm performances.

3.6 Conclusion

In this chapter, we formulate a new implicit social recommendation problem

where the inferred latent dynamic social network is used for enhancing the social

recommendation performance. We proposed a new model ISR which uses cas-

cade data to infer implicit social networks. ISR addresses the commonly existing

preference drafting issues in real social recommendation studies, and identifies

dynamic changes in the users closely by taking advantage of the information
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contained in time. This is different from most of the existing implicit social

recommendation approaches which only use rating data to infer implicit social

networks. The proposed ISR model also undertakes the learning of social struc-

tures and rating predictions together in a unified optimization problem, rather

than treating the learning of social networks and recommendations as two in-

dependent tasks. The experiments demonstrate that the proposed ISR model

outperforms the state-of-the-art models in both explicit and implicit social rec-

ommendation scenarios.
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Figure 3.2: MAEs and RMSEs obtained by ISR algorithm in terms of different data
freshness (time distances between the target ratings and historical ratings) values on
the three datasets.
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Figure 3.3: MAEs and RMSEs obtained by ISR algorithm in terms of observation
window on the three datasets.
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Part II

Exploration on users’ temporal

behaviours
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Chapter 4

Discriminative Subsequence

Mining for Unsupervised Time

Series

4.1 Introduction

We abstract the temporal information of users’ behaviors as a set of time series,

and learn the most discriminative features from them to explore their behavior

patterns.

Time series research has been widely used in real world applications, such

as finance [108] [127], medicine [57] [67], trajectory analysis [11] [55] and human

action segmentation [42] [170]. The main challenge is finding the discriminative

and explainable features that best predict time series class labels [5]. To solve

this challenge, a line of work that extract shapelets from time series [93] [155] has

recently been proposed. Shapelets are maximally discriminative subsequences in

a time series that enjoy the merits of high prediction accuracy and are easy to

explain [150]. Hence, discovering shapelets has become one research focus in time

series data analytics.

The seminal work on shapelet discovery [150] demands a full-scan of all possi-

ble time series segments, which are then ranked according to a predefined distance

metric, such as information gain. The segments that best predict the class labels
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Shapelet 2

Shapelet 1

Shapelet 1

Shapelet 2

Figure 4.1: The top left blue curve is a rectangular signal with Gaussian noise while
the bottom left blue curve is a sinusoidal signal with Gaussian noise. The short curves
on the right, marked in bold red, are learned shapelets. We observe that the learned
shapelets differ from all the candidate segments and are robust to noise.

are selected as shapelets. This method suffers from high time complexity and

much effort has been expended to speed-up the algorithm [90] [102] [16]. How-

ever, all these methods still face the difficulty of a large number of time series

segments as candidates to choose from [45]. For instance, the Synthetic Control

data set [66] contains 600 samples of time series and each is 60 in length, which

means the number of candidate segments for all lengths is 1.098 × 106! Such a

massive number brings a huge challenge to shapelet selection approaches.

A recent work, [45], proposed a brand new perspective on shapelet discovery in

time series. Instead of searching for shapelets in a candidate pool, they borrowed

from the strengths of regression learning and opened a new door for learning

shapelets from time series. The beauty of their method is that the shapelets are

detached from the candidate segments, and the learned shapelets differ from any

candidate segment [4]. More importantly, in addition to the efficiency, shapelets

are also robust to noise [130] as shown in Fig. 4.1.

However, the above shapelet learning approach requires supervised learning,

and has a labelling cost problem when applied to a large data set. This motivates

us to build a more-economical shapelet learning model that can automatically-
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learn shapelets without the effort of human labelling.

In this chapter, we propose a novel UnsupervisedDiscriminative Subsequence

Mining (UDSM) model that automatically-learn shapelets from unlabelled time

series data. We first introduce a pseudo-label to transform unsupervised learning

into supervised learning. Then, we use the popular regularized least-squares technique

along with spectral analysis to learn both the shapelets, the pseudo-class labels,

and the pseudo classification boundaries. A new shapelet regularization term is

also added to avoid learning similar shapelets. We adopt a coordinate descent

algorithm to simultaneously obtain the pseudo-class labels and learn the best

shapelets in an iterative manner.

Compared to existing unsupervised shapelet selection models [155] [93], our

method aims to learn shapelets instead of simply selecting shapelets from unla-

belled time series data. Our main contributions are summarized as follows:

• UDSM, the proposed new unsupervised discriminative subsequence mining

model, extends supervised shapelet learning models to unlabelled time series

data by combining the strengths of pseudo-class labels, spectral analysis,

shapelet regularization and regularized least-squares techniques.

• We empirically validate the performance of the proposed method on a syn-

thetic data set and 36 real-world data sets. The results show promising per-

formance compared to the state-of-the-art unsupervised time series learning

models.

The remainder of the chapter is as follows: Section 4.2 provides the preliminar-

ies. Section 4.3 introduces the proposed UDSM model. Section 4.4 introduces the

learning algorithm and provides its analysis. Section 4.5 details the experiments.

And the conclusions are given in Section 4.6.

4.2 Preliminaries

In this chapter, scalars are represented by letters (a, b, ...;α, β, ...), vectors are

represented by lower-case bold letters (a,b, ...), and matrices are represented by

bold-face upper-case letters (A,B, ...). a(k) is used to denote the k-th element of
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Figure 4.2: The framework of the proposed Unsupervised Discriminative Subsequence
Mining (UDSM) model. From the original time series 1©, we first learn shapelets using a
shapelet similarity minimization principle 2©. Then we calculate the minimum distance
between the time series and the learned shapelets 3©. We transform the time series into
a shapelet-based space 4©. In low-dimensional shapelet-space, the UDSM learns the
pseudo-class labels and a pseudo classifier using spectral analysis and regularized least-
squares minimization 5©. Then, we update the shapelet with the new learned pseudo-
class labels and the pseudo classifier 2©. This process is repeated until convergence.
Finally, the UDSM ensures the optimal shapelets and the pseudo-class labels.

vector a, and A(ij) is used to denote the element located at the ith-row and j-th

column in matrix A. A(i,:) and A(:,j) denote the vectors of the i-th row and j-th

column of the matrix. In a time series example, ta,b denotes the segment starting

from time point a to time point b.

Consider a set of time series examples T = {t1, t2, . . . , tn}. Each example ti

(1 ≤ i ≤ n) contains an ordered set of real values denoted as (ti(1), ti(2), . . . , ti(qi)),

where qi is the length of ti. We wish to learn a set of the top-k most discriminative

shapelets S = {s1, s2, . . . , sk}. Similar to the shapelet learning model in [45], we

set the length of the shapelets to expand r to different length scales starting at
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a minimum of lmin, i.e. {lmin, 2 × lmin, . . . , r × lmin}. Each length scale i × lmin

contains ki shapelets and k =
∑r

i=1 ki. Obviously, S ∈ ⋃r
i=1R

ki×(i×lmin) where

r × lmin  qi keep the shapelets compact.

4.3 Unsupervised shapelet learning

In this section, we formulate the unsupervised discriminative subsequence min-

ing model shown in Eq. (4.7) (Subsection 4.3.6). It combines with the spectral

regularization term, the shapelet similarity regularization term and the regular-

ized least square minimization term. A conceptual view of the proposed UDSM

framework is illustrated in Fig. 4.2.

To introduce the UDSM, we first introduce the shapelet-transformed represen-

tation [45] of the time series, which transfers the time series from the original space

to a shapelet-based space (Subsection 4.3.1). We then introduce the pseudo-class

label, spectral analysis, least-squares minimization and shapelet similarity regu-

larization, that are essential components for the learning model (Subsections 4.3.2

to 4.3.5).

4.3.1 Shapelet-transformed representation

Shapelet transformation was introduced by [78] to downsize a lengthy time series

to a short feature vector in the shapelet feature space. The orderliness of the time

series and shapelet-transformation can preserve shape information for clustering

and classification.

Given a set of time series examples T = {t1, t2, . . . , tn} and a set of shapelets

S = {s1, s2, . . . , sk}, we use X ∈ Rk×n to denote the shapelet-transformed matrix,

where each element X(si,tj) denotes the distance between shapelet si and time

series tj. For simplicity, we use X(ij) to represent X(si,tj) which can be calculated

as

X(ij) = min
g=1,...,q

1

li

li∑
h=1

(tj(g+h−1) − si(h)), (4.1)

where q = qj − li + 1 denotes the number of segments of length li from series tj,

and qj, li are the lengths of time series tj and shapelet si respectively.
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Given a set of shapelets S, X(ij) is a function with respect to all candidate

shapelets S, i.e. X(S)(ij). For simplicity, we omit the variable S and use X(ij)

instead.

The distance function in Eq. (4.1) is not continuous and thus is non-differential.

Based on [45], we approximate the distance function using the soft minimum func-

tion

X(ij) ≈
∑q

q=1 dijq · eαdijq∑q
q=1 e

αdijq
, (4.2)

where dijq = 1
li

∑li
h=1(tj(q+h−1) − si(h)), and α is a parameter to control preci-

sion. The soft minimum approaches the true minimum when α → −∞. In our

experiments, we set α = −100 following the research of [78] in the experiments.

4.3.2 Pseudo-class labels

Unsupervised learning faces the challenge of unlabelled training examples. Thus,

we introduce pseudo-class labels. Consider clustering a time series data set into c

categories, i.e. the pseudo-class label matrix Y ∈ Rc×n contains c labels , where

Y(ij) indicates the probability of the j-th time series example belonging to the

i-th category. Time series examples sharing the same pseudo-class label fall into

the same category. If Y(ij) > Y(i,j), ∀i, then the time series example tj belongs

to the i-th cluster.

4.3.3 Spectral analysis

Spectral analysis was introduced by [26] and has been widely used in unsupervised

learning [131]. The guiding principle is that examples near to each other are likely

to share the same pseudo-class label [124] [131]. Assume that G ∈ Rn×n is the

similarity matrix of time series based on the shapelet-transformed matrix X, then

the similarity matrix can be calculated in Eq. (4.3), where σ is the RBF kernel

parameter.

G(ij) = e−
‖X(:,i)−X(:,j)‖2

σ2 . (4.3)

Based on G, we expect similar data instances will share the same pseudo-class
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labels. Therefore, we can formulate a spectral regularization term as follows:

1

2

n∑
i=1

b∑
j=1

G(ij)‖Y(:,i) −Y(:,j)‖22,

=
1

2

c∑
k=1

n∑
i=1

n∑
j=1

G(ij)(Y(ki) −Y(kj))
2,

=
c∑

k=1

Y(k,:)(DG −G)Y(k,:),

= tr(YLGY).

(4.4)

where LG = DG −G is the Laplacian matrix and DG is a diagonal matrix with

the diagonal elements defined as DG(i, i) =
∑n

j=1 G(ij).

4.3.4 Least-squares minimization

Based on the pseudo-class labels, we wish to minimize the least-squares error.

Let W ∈ Rk×c be the classification boundary of the pseudo-class labels, and the

least-squares error minimizes the following objective function:

min
W

‖WTX−Y‖2F (4.5)

4.3.5 Shapelet similarity minimization

We wish to learn shapelets with diverse shapes. Specifically, we penalize the

model if it outputs similar shapelets. Formally, we denote the shapelet similarity

matrix asH ∈ Rk×k, where each elementH(si,sj) represents the similarity between

two shapelets si and sj. For simplicity, we use H(ij) to represent H(si,sj) which

can be calculated as

H(ij) = e−
‖dij‖2

σ2 , (4.6)

where dij is the distance between shapelet si and shapelet sj. dij can be calculated

by following Eq. (4.2).

58



4.3.6 Unsupervised discriminative subsequence mining

The formal unsupervised discriminative subsequence mining (UDSM) model is

given in Eq. (4.7). It is a joint optimization problem with respect to three vari-

ables: the pseudo classification boundary W, pseudo-class labels Y and the can-

didate shapelets S.

min
W,S,Y

1

2
tr(YLG(S)Y

�) +
λ1

2
‖H(S)‖2F

+
λ2

2
‖WTX(S)−Y‖2F +

λ3

2
‖W‖2F

(4.7)

In the objective function, the first term is the spectral regularization that

preserves local structure information. The second term is the shapelet similarity

regularization term that prefers diverse shapelets. The third and fourth terms

are the regularized least square minimization to learn optimal pseudo-class labels

and pseudo classifier.

Note that matrix LG in Eq. (4.4), matrix H in Eq. (4.6), and matrix X

in Eq. (4.2) depend on the shapelets S. We explicitly write these matrices as

variables with respect to shapelets S in Eq. (4.7), i.e. LG(S) , H(S) and X(S)

respectively. We propose a coordinate descent algorithm subsequently to solve

the proposed model.

4.4 The algorithm

Here, we first introduce a coordinate descent algorithm to solve the UDSM model,

and then analyze its convergence properties, initialization methods and the com-

plexity analysis.

4.4.1 Learning algorithm

In the coordinate descent algorithm, we iteratively update one variable by fixing

the remaining two variables. The steps are repeated until convergence. Algo-

rithm 2 summarizes the steps.
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Algorithm 2 UDSM

Require:
T: unsupervised time series
k, r, lmin: parameters on shapelet number and length
imax: maximum internal iterations
η: learning rate
λ1, λ2, λ3: weight parameters
α, σ: similarity parameter and kernel parameter

Ensure:
S∗: best shapelets
Y∗ ∈ Rc×n: optimal pseudo-class labels

1: Initialize: S0,W0,Y0

2: while Not convergent do
3: Calculate: Xt(T, St|α) based on Eq. (4.2)
4: LGt(T, St|α, σ) based on Eq. (4.4)
5: Ht(St|α) based on Eq. (4.6)
6: update Yt+1, Wt+1:
7: Yt+1 ← λ2W

T
t Xt(LGt + λ2I)

−1

8: Wt+1 ← (λ2XtX
T
t + λ3I)

−1(λ2XtY
T
t+1).

9: update St+1:
10: for i = 1, . . . , imax do
11: Si+1 ← Si − η∇Si

12: ∇Si =
∂F(Si|Xt+1,Yt+1)

∂S
is from Eq. (4.17)

13: end for
14: St+1 = Simax+1

15: t ← t+ 1
16: return S∗ = St+1; Y

∗ = Yt+1; W
∗ = Wt+1.

4.4.1.1 Update Y by fixing W and S

By fixing W and S, the function in Eq. (4.7) degenerates to Eq. (4.8),

min
Y

F(Y) =
1

2
tr(YLGY

T ) +
λ2

2
‖WTX−Y‖2F (4.8)

The derivative of Eq. (4.8) with respect to Y is,

∂FY

∂Y
= YLG − λ2(W

TX−Y)

= Y(LG − λ2I)− λ2W
TX

(4.9)
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Let Eq. (4.9) equal 0, the solution for Y can be obtained from

Y = λ2W
TX(LG + λ2I)

−1. (4.10)

where I is an identity matrix. Thus, the update of Y is

Yt+1 = λ2W
�
t Xt(LGt + λ2I)

−1. (4.11)

4.4.1.2 Update W by fixing S and Y

By fixing S and Y, Eq. (4.7) degenerates to

min
W

F(W) =
λ2

2
‖WTX−Y‖2F +

λ3

2
‖W‖2F (4.12)

The derivative of Eq. (4.12) with respect to W is,

∂FW

∂W
= λ2X(WTX−Y)T + λ3W

= (λ2XXT + λ3I)W− λ2XYT
(4.13)

Let Eq. (4.13) equal 0, we obtain the solution for W as

W = (λ2XXT + λ3I)
−1(λ2XYT ). (4.14)

Thus, the update of W is

Wt+1 = (λ2XtX
�
t + λ3I)

−1(λ2XtY
T
t+1). (4.15)

4.4.1.3 Update S by fixing W and Y

By fixing W and Y, Eq. (4.7) degenerates to

min
S

F(S) =
1

2
tr(YLG(S)Y

T )

+
λ1

2
‖H(S)‖2F +

λ2

2
‖WTX(S)−Y‖2F

(4.16)

Eq. (4.16) is non-convex and we cannot explicitly solve S as we could in finding
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W and Y. Instead, we resort to an iterative algorithm by setting a learning rate

η, i.e. Si+1 = Si − η∇Si, where ∇Si =
∂F(Si)
∂S

. The iterative steps guarantee the

convergence of the objective function. The derivative of Eq. (4.16) with respect

to S(mp) is
∂F(S)

∂S(mp)

=
1

2
YTY

∂LG(S)

∂S(mp)

+λ1H(S)
∂H(S)

∂S(mp)

+λ2W(WTX − Y )
∂X(S)

∂S(mp)

(4.17)

where m = 1, . . . , k, and p = 1, . . . , lm.

Because LG = DG−G and DG(i, i) =
∑n

j=1 G(ij), the first term in Eq. (4.17)

turns to calculating ∂G(ij)/∂S(mp) as shown in Eq. (4.18),

∂G(ij)

∂S(mp)

= −2G(ij)

σ2
(

k∑
q=1

(X(qi) −X(qj)))(
∂X(qi)

∂S(mp)

− ∂X(qj)

∂S(mp)

), (4.18)

and

∂X(ij)

∂S(mp)

=
1

E2
1

qij∑
q=1

eαdijq((1 + αdijq)E1 − αE2)
∂dijq
∂S(mp)

, (4.19)

where E1 =
∑qij

q=1 e
αdijq , E2 =

∑qij
q=1 dijqe

αdijq , qij = qj − li + 1 and dijq =
1
li

∑li
h=1(tj(q+h−1) − si(h)).

∂dijq
∂S(mp)

=

{
0 if i 
= m
2
lm
(S(mp) − Tj,q+p−1) if i = m

}
(4.20)

The second term in Eq. (4.17) turns to calculating Eq. (4.21),

∂H(ij)

∂S(mp)

= − 2

σ2
d̃ije

− 1
σ2 d̃

2
ij

∂d̃ij
∂S(mp)

(4.21)

where d̃ij is the distance between shapelets si and sj. The calculation of d̃ij and
∂d̃ij

∂S(mp)
is similar to X(ij) and

∂X(ij)

∂S(mp)
respectively.

In summary, we can calculate the gradient ∇Si = ∂F(S)
∂Si

using Eqs. (4.17)-

(4.21). In the following, we discuss the convergence of the coordinate descent
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Table 4.1: Statistics of the benchmark time series data sets

No. Data set # Train\Test Length classes

1 ArrowHead 36\175 251 3
2 Beef 30\30 470 5
3 BeetleFly 20\20 512 2
4 BirdChicken 20\20 512 2
5 Car 60\60 577 4
6 ChlorineConcentration 467\3840 166 3
7 Coffee 28\28 286 2
8 DiatomSizeReduction 16\306 345 4
9 DistalPhalanxOutlineAgeGroup 400\139 80 3
10 DistalPhalanxOutlineCorrect 600\276 80 2
11 ECG200 100\100 96 2
12 ECGFiveDays 23\861 136 2
13 GunPoint 50\150 150 2
14 Ham 109\105 431 2
15 Herring 64\64 512 2
16 Lightning2 60\61 637 2
17 Meat 60\60 448 3
18 MiddlePhalanxOutlineAgeGroup 400\154 80 3
19 MiddlePhalanxOutlineCorrect 600\291 80 2
20 MiddlePhalanxTW 399\154 80 6
21 MoteStrain 20\1252 84 2
22 OSULeaf 200\242 427 6
23 Plane 105\105 144 7
24 ProximalPhalanxOutlineAgeGroup 400\205 80 3
25 ProximalPhalanxTW 400\205 80 6
26 SonyAIBORobotSurface1 20\601 70 2
27 SonyAIBORobotSurface2 27\953 65 2
28 SwedishLeaf 500\625 128 15
29 Symbols 25\995 398 6
30 ToeSegmentation1 40\228 277 2
31 ToeSegmentation2 36\130 343 2
32 TwoLeadECG 23\1139 82 2
33 TwoPatterns 1000\4000 128 4
34 Wafer 1000\6164 152 2
35 Wine 57\54 234 2
36 WordsSynonyms 267\638 270 25
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algorithm in solving Eq. (4.7).

4.4.2 Convergence

In Algorithm 2, convergence depends on the stepwise decent. When updating Y

or W, we know that Yt+1 = Y∗(Wt,St) and Wt+1 = W∗(Yt+1,St), thus the

objective functions in problems (4.8) and (4.12) keep decreasing in each itera-

tion. When updating S, the objective function in Eq. (4.16) is not convex and a

closed-form derivative is difficult to obtain. So, we introduce an internal iterative

process (line 10-13) using a gradient descent algorithm to update S. In the inter-

nal iterations, as long as we set an appropriate learning rate η that is usually very

small, the objective function in Eq. (4.16) will decrease to convergence. There-

fore, Algorithm 2 converges to its optima as long as it adopts a small learning

rate.

In addition, the objective function in Eq. (4.7) is non-convex but has a lower

bound of 0 because it is non-negative, which means Algorithm 2 can only con-

verges to the local optima. In the experiments, we run the algorithm several

times under different initializations and choose the best solution as the output.

4.4.3 Initialization

Since Algorithm 2 only converges to its local optima, we discuss initialization

skills here to improve the performance. The algorithm expects to initialize S0,

Y0 and W0. Specifically, we initialize S0 using the centroids of the segments

with the same length as the shapelets, since the centroids can typically represent

the main patterns behind the data. Based on S0, we transfer the original time

series into the shapelet-based space and obtain the shapelet-transformed matrix

X(S0). In shapelet-based space, we initialize Y0 with the cluster labels and W0

with the centers of the clusters obtained by k-means. This initialization enables

fast convergence.
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4.4.4 Complexity analysis

In this section, we discuss the computational cost of the proposed UDSM algo-

rithm .

As start in Algorithm 2, UDSM takes a constant amount of time for the

initialization (line 1). Then, it is solved iteratively. When matrix Xt is calculated

in each iteration (line 3), suppose the maximum length of the time series in T

is q, the maximum length of shapelets is l, it takes O(qnkl), where n is the size

of T and k is the number of shapelets learned. Similarly, when calculate matrix

LGt (line 4) and Ht (line 5), it takes O(kn2) and O(l2k2) respectively. When

update pseudo-class label matrix Yt+1 and pseudo classifier Wt+1 (line 6-8), it

takes O(ckn+ cn2 + n3) and O(nk2 + k3 + nkc+ k2c) respectively where c is the

number of clusters. When update St+1 (line 9-14), it takes O(imax(q
2n2 + n2c +

k2l2 + k3 + ckn)) where imax is the maximum number of the internal iterations.

To sum up, the total worst-case time complexity of Algorithm 2 is O(I(qnlk +

kn2+ lk2+ cnk2+n3+ kn+ cn2++k3+ k2c+ imax(q
2n2+n2c+ k2l2+ k3+ ckn))

where I suppose to be the maximum number of iterations of the whole algorithm.

Since l  q, k  n and c  n, the total time complexity cost of the proposed

method is O(I(n3 + q2n2imax)).

4.5 Experiments

A series of experiments are carried out to validate the performance of UDSM.

All experiments are conducted on a Windows 7 machine with 3.00GHz CPU and

8GB memory.

4.5.1 Data sets

We use 36 time series benchmark data sets downloaded from the UCR time series

archive [66] [13] to validate the performance of proposed algorithm in this section.

Each data set contains between 40 and 7164 sequences. The sequences in each

data set are in equal length, while the sequence length varies between 80 and 637

from one data set to another. These data sets are annotated and every sequence

belongs to only one class. The data sets are split into training and test sets. We
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use the training sets for tuning the parameters and the test sets for evaluation.

The details are shown in Table 4.1.

4.5.2 Measures

Existing measures, used to evaluate the performance of time series clustering,

include the Rand Index (RI) [103], Jaccard score [87], Normalized Mutual Infor-

mation (NMI) [158], and the Folkes and Mallow index [49] [155]. Among these,

the Rand Index and Normalized Mutual Information are the most popular, while

the remaining measures can be considered variants. As such, we use the Rand

Index and Normalized Mutual Information as our evaluation methods.



Table 4.2: Rand Index (RI) comparisons on 36 time series data sets.

Data set k-means UDFS NDFS RUFS RSFS KSC KDBA k-shape u-shapelte UDSM

ArrowHead 0.6905 0.7254 0.7381 0.7476 0.7108 0.7254 0.7222 0.7254 0.6460 0.7159
Beef 0.6713 0.6759 0.7034 0.7149 0.6975 0.7057 0.6713 0.5402 0.6966 0.6966
BeetleFly 0.4789 0.4947 0.5579 0.6053 0.6516 0.6053 0.6053 0.6053 0.7316 0.8105
BirdChicken 0.4947 0.4947 0.7316 0.5579 0.6632 0.7316 0.6053 0.6632 0.5579 0.8105
Car 0.6345 0.6757 0.6260 0.6667 0.6708 0.6898 0.6254 0.7028 0.6418 0.7345
ChlorineConcentration 0.5241 0.5282 0.5225 0.5330 0.5316 0.5256 0.5300 0.4111 0.5318 0.4997
Coffee 0.7460 0.8624 1.0000 0.5476 1.0000 1.0000 0.4841 1.0000 1.0000 1.0000
DiatomSizeReduction 0.9583 0.9583 0.9583 0.9333 0.9167 1.0000 0.9583 1.0000 0.7083 1.0000
Dist.Phal.Outl.AgeGroup 0.6171 0.6531 0.6239 0.6252 0.6539 0.6535 0.6750 0.6020 0.6273 0.6650
Dist.Phal.Outl.Correct 0.5252 0.5362 0.5383 0.5252 0.5327 0.5235 0.5203 0.5252 0.5098 0.5962
ECG200 0.6315 0.6533 0.6315 0.7018 0.6916 0.6315 0.6018 0.7018 0.5758 0.7285
ECGFiveDays 0.4783 0.5020 0.5573 0.5020 0.5953 0.5257 0.5573 0.5020 0.5968 0.8340
GunPoint 0.4971 0.5029 0.5102 0.6498 0.4994 0.4971 0.5420 0.6278 0.6278 0.7257
Ham 0.5025 0.5219 0.5362 0.5107 0.5127 0.5362 0.5141 0.5311 0.5362 0.6393
Herring 0.4965 0.5099 0.5164 0.5238 0.5151 0.4940 0.5164 0.4965 0.5417 0.6190
Lighting2 0.4966 0.5119 0.5373 0.5729 0.5269 0.6263 0.5119 0.6548 0.5192 0.6955
Meat 0.6595 0.6483 0.6635 0.6578 0.6657 0.6723 0.6816 0.6575 0.6742 0.7740
Mid.Phal.Outl.AgeGroup 0.5351 0.5269 0.5350 0.5315 0.5473 0.5364 0.5513 0.5105 0.5396 0.5807
Mid.Phal.Outl.Correct 0.5000 0.5431 0.5047 0.5114 0.5149 0.5014 0.5563 0.5114 0.5218 0.6635
Mid.Phal.TW 0.0983 0.1225 0.1919 0.7920 0.8062 0.8187 0.8046 0.6213 0.7920 0.7920
MoteStrain 0.4947 0.5579 0.6053 0.5579 0.6168 0.6632 0.4789 0.6053 0.4789 0.8105
OSULeaf 0.5615 0.5372 0.5622 0.5497 0.5665 0.5714 0.5541 0.5538 0.5525 0.6551
Plane 0.9081 0.8949 0.8954 0.9220 0.9314 0.9603 0.9225 0.9901 1.0000 1.0000
Prox.Phal.Outl.AgeGroup 0.5288 0.4997 0.5463 0.5780 0.5384 0.5305 0.5192 0.5617 0.5206 0.7939
Prox.Phal.TW 0.4789 0.4947 0.6053 0.5579 0.5211 0.6053 0.5211 0.5211 0.4789 0.7282
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Table 4.3: Rand Index (RI) comparisons on 36 time series data sets (continued with Table 4.2).

Data set k-means UDFS NDFS RUFS RSFS KSC KDBA k-shape u-shapelte UDSM

SonyAIBORobotSurface 0.7721 0.7695 0.7721 0.7787 0.7928 0.7726 0.7988 0.8084 0.7639 0.8105
SonyAIBORobotSurfaceII 0.8697 0.8745 0.8865 0.8756 0.8948 0.9039 0.8684 0.5617 0.8770 0.8575
SwedishLeaf 0.4987 0.4923 0.5500 0.5192 0.5038 0.4923 0.5500 0.5333 0.6154 0.8547
Symbols 0.8810 0.8548 0.8562 0.8525 0.9060 0.8982 0.9774 0.8373 0.9603 0.9200
ToeSegmentation1 0.4873 0.4921 0.5873 0.5429 0.4968 0.5000 0.6143 0.6143 0.5873 0.6718
ToeSegmentation2 0.5257 0.5257 0.5968 0.5968 0.5826 0.5257 0.5573 0.5257 0.5020 0.6778
TwoPatterns 0.8529 0.8259 0.8530 0.8385 0.8588 0.8585 0.8446 0.8046 0.7757 0.8318
TwoLeadECG 0.5476 0.5495 0.6328 0.8246 0.5635 0.5464 0.5476 0.8246 0.5404 0.8628
wafer 0.4925 0.4925 0.5263 0.5263 0.4925 0.4925 0.4925 0.4925 0.4925 0.8246
Wine 0.4984 0.4987 0.5123 0.5021 0.5033 0.5006 0.5064 0.5001 0.5033 0.8985
WordsSynonyms 0.8775 0.8697 0.8760 0.8861 0.8817 0.8727 0.8159 0.7844 0.8230 0.8540

Average 0.5975 0.6077 0.6402 0.6478 0.6543 0.6582 0.6334 0.6419 0.6402
0.7676

(improvement) 28.47% 26.31% 19.90% 18.49% 17.32% 16.62% 21.19% 19.58% 19.90%
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Table 4.4: Normalized Mutual Information (NMI) comparisons on 36 time series data sets.

Data set k-means UDFS NDFS RUFS RSFS KSC KDBA k-shape u-shapelte UDSM

ArrowHead 0.4816 0.5240 0.4997 0.5975 0.5104 0.5240 0.4816 0.5240 0.3522 0.6322
Beef 0.2925 0.2718 0.3647 0.3799 0.3597 0.3828 0.3340 0.3338 0.3413 0.3338
BeetleFly 0.0073 0.0371 0.1264 0.1919 0.2795 0.2215 0.2783 0.3456 0.5105 0.5310
BirdChicken 0.0371 0.0371 0.3988 0.1187 0.3002 0.3988 0.2167 0.3456 0.2783 0.6190
Car 0.2540 0.2319 0.2361 0.2511 0.2920 0.2719 0.2691 0.3771 0.3655 0.4650
ChlorineConcentration 0.0129 0.0138 0.0075 0.0254 0.0159 0.0147 0.0164 0.0000 0.0135 0.0133
Coffee 0.5246 0.6945 1.0000 0.2513 1.0000 1.0000 0.0778 1.0000 1.0000 1.0000
DiatomSizeReduction 0.9300 0.9300 0.9300 0.8734 0.8761 1.0000 0.9300 1.0000 0.4849 1.0000
Dist.Phal.Outl.AgeGroup 0.1880 0.3262 0.1943 0.2762 0.3548 0.3331 0.4261 0.2911 0.2577 0.3846
Dist.Phal.Outl.Correct 0.0278 0.0473 0.0567 0.1071 0.0782 0.0261 0.0199 0.0527 0.0063 0.1626
ECG200 0.1403 0.1854 0.1403 0.2668 0.2918 0.1403 0.1886 0.3682 0.1323 0.3776
ECGFiveDays 0.0002 0.0600 0.1296 0.0352 0.1760 0.0682 0.1983 0.0002 0.1498 0.6502
GunPoint 0.0126 0.0220 0.0334 0.2405 0.0152 0.0126 0.1288 0.3653 0.3653 0.4878
Ham 0.0093 0.0389 0.0595 0.0980 0.0256 0.0595 0.0265 0.0517 0.0619 0.3411
Herring 0.0013 0.0253 0.0225 0.0518 0.0236 0.0027 0.0000 0.0027 0.1324 0.1718
Lighting2 0.0038 0.0047 0.0851 0.1426 0.0326 0.1979 0.0850 0.2670 0.0144 0.3727
Meat 0.2510 0.2832 0.2416 0.1943 0.3016 0.2846 0.3661 0.2254 0.2716 0.9085
Mid.Phal.Outl.AgeGroup 0.0219 0.1105 0.0416 0.1595 0.0968 0.1061 0.1148 0.0722 0.1491 0.2780
Mid.Phal.Outl.Correct 0.0024 0.0713 0.0150 0.0443 0.0321 0.0053 0.0760 0.0349 0.0253 0.2503
MiddlePhalanxTW 0.4134 0.4276 0.4149 0.5366 0.4217 0.4486 0.4497 0.5229 0.4065 0.9202
MoteStrain 0.0551 0.1187 0.1919 0.1264 0.2373 0.3002 0.0970 0.2215 0.0082 0.5310
OSULeaf 0.0208 0.0200 0.0352 0.0246 0.0463 0.0421 0.0327 0.0126 0.0203 0.3353
Plane 0.8598 0.8046 0.8414 0.8675 0.8736 0.9218 0.8784 0.9642 1.0000 1.0000
Prox.Phal.Outl.AgeGroup 0.0635 0.0182 0.0830 0.0726 0.0938 0.0682 0.0377 0.0110 0.0332 0.6813
Prox.Phal.TW 0.0082 0.0308 0.2215 0.1187 0.0809 0.1919 0.2167 0.1577 0.0107 1.0000
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Table 4.5: Normalized Mutual Information (NMI) comparisons on 36 time series data sets (continued with Table 4.4)

Data set k-means UDFS NDFS RUFS RSFS KSC KDBA k-shape u-shapelte UDSM

SonyAIBORobotSurface 0.6112 0.6122 0.6112 0.6278 0.6368 0.6129 0.5516 0.7107 0.5803 0.5597
SonyAIBORobotSurfaceII 0.5444 0.4802 0.5413 0.5107 0.5406 0.5619 0.5481 0.0110 0.5903 0.6858
SwedishLeaf 0.0168 0.0082 0.0934 0.0457 0.0269 0.0073 0.1277 0.1041 0.3456 0.9186
Symbols 0.7780 0.7277 0.7593 0.7174 0.8027 0.8264 0.9388 0.6366 0.8691 0.8821
ToeSegmentation1 0.0022 0.0089 0.2141 0.0880 0.0174 0.0202 0.2712 0.3073 0.3073 0.3351
ToeSegmentation2 0.0863 0.0727 0.1713 0.1713 0.1625 0.0863 0.2627 0.0863 0.1519 0.4308
TwoPatterns 0.4696 0.3393 0.4351 0.4678 0.4608 0.4705 0.4419 0.3949 0.2979 0.4911
TwoLeadECG 0.0000 0.0004 0.1353 0.1238 0.0829 0.0011 0.0103 0.0000 0.0529 0.5471
wafer 0.0010 0.0010 0.0546 0.0746 0.0194 0.0010 0.0000 0.0010 0.0010 0.0492
Wine 0.0031 0.0045 0.0259 0.0065 0.0096 0.0094 0.0211 0.0119 0.0171 0.7511
WordsSynonyms 0.5435 0.4745 0.5396 0.5623 0.5462 0.4874 0.4527 0.4154 0.3933 0.4984

Average 0.2132 0.2240 0.2764 0.2624 0.2812 0.2808 0.2659 0.2841 0.2777
0.5443

(Improvement) 155.30% 142.99% 96.92% 107.43% 93.56% 93.84% 104.70% 91.59% 96.00%
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To calculate the Rand Index, we compare the cluster labels Y∗ generated by

the clustering algorithm with the genuine class labels Ltrue

Rand index =
TP + TN

TP + TN + FP + FN
, (4.22)

where TP is the number of time series pairs that are assigned to the same cluster

in Y∗, and belong to the same class in Ltrue, TN is the number of time series

pairs that are assigned to different clusters in Y∗ and belong to different classes

in Ltrue, FP is the number of time series pairs that are assigned to the same

cluster in Y∗ but belong to different classes in Ltrue, and FN is the number of

time series pairs that are assigned to different clusters in Y∗ but belong to the

same class in Ltrue.

Normalized Mutual Information, NMI, can be calculated using the following

equation:

NMI =

∑M
i=1

∑M
j=1 Nijlog(

N ·Nij

|Gi||Aj |)√
(
∑M

i=1 |Gi|log |Gi|
N

)(
∑M

j=1 |Aj|logAj

N
)

(4.23)

where N is the total number of time series in the data set. |Gi| denotes the

number of time series in cluster Gi, |Aj| is the number of time series in cluster

Aj, and Nij = |Gi ∩Aj|represents the number of time series in the intersection of

the two sets.

In these two measures, values close to 1 indicates high quality clustering [155] [93].

4.5.3 Baseline methods

We compare UDSM with nine representative unsupervised feature selection and

feature learning methods for time series. They consist of three type of algo-

rithms: original-timeseries-based unsupervised feature selection methods, includ-

ing k-means, UDFS, NDFS, RUFS and RSFS; distance-based unsupervised time

series clustering methods, including KSC, k-DBA, k-shape and shapelet-based

unsupervised feature learning methods, i.e. the u-shapelet method. The details

are as follow:

• K-means: Using k-means on the entire time series.
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• UDFS [149]: Unsupervised discriminative feature selection which simulta-

neously explores local discriminative information, feature correlations and

the manifold structure.

• NDFS [76]: Nonnegative discriminative feature selection which adopts l2,1

regularized regression and nonnegative spectral analysis as a joint frame-

work to select features.

• RUFS [98]: Robust unsupervised feature selection which uses local learn-

ing regularized robust orthogonal nonnegative matrix factorization to per-

form robust label learning and l2,1-norms minimization to perform robust

feature learning jointly.

• RSFS [115]: Robust spectral learning for unsupervised feature selection,

which joins sparse spectral regression with the robustness of graph embed-

ding.

• KSC [142]: Using k-means for clustering by adopting a distance measure

for pairwise scaling and shifting the time series and computing the spectral

norm of a matrix for centroid computation.

• k-DBA [97]: k-means adopts dynamic time warping distance as a distance

measure and uses a DBA method for centroid computation.

• k-shape [93]: uses a normalized version of the cross-correlation measure to

consider the shapes of time series and relies on a scalable iterative refinement

procedure which is efficient and accurate.

• u-shapelet [155]: a time series clustering method that deliberately ignores

the rest of the data and uses local patterns to cluster the time series.
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(d) SonyAIBoRobotSurfaceII

Figure 4.3: An illustration of UDSM on the four data sets: Coffee, DiatomSizeReduction, ECG200 and SonyAIBoRobotSur-
faceII. The left part of each figure shows the two shapelets S1 and S2 learned from the original time series. The middle shows
the closest match of the learned shapelets to the original time series examples, where T1 and T2 are drawn from one of the
classes and T3 and T4 are drawn from the other class. We can see that the learned shapelets are discriminative features. The
right shows the shapelet-transformed plots of the original time series data set. Different colors show different class labels.
The dots in red circles and blue squares are the labels obtained by UDSM, which closely matches the original class labels.
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We tune the parameters of these benchmark methods according to the de-

scriptions in their original papers. To establish the best parameters for our novel

method, UDSM, we tune a series of hyper-parameters. We use a grid search ap-

proach: the number of shapelets k is searched in a range of {1, 2, . . . , 5}, and the

minimum length of shapelets is searched in the range of lmin ∈ {0.05, 0.1, . . . , 0.25},
which represents a fraction of the length of time series, e.g. lmin = 0.05 means

5% of the original time series length. Parameter r is searched from {1, 2, 3}. The
weight parameters λ1, λ2, λ3 are searched from {10−8, 10−6, . . . , 108}. The learn-

ing rate is kept fixed at η = 0.01, and the maximum number of iterations is set to

50 which has been experimentally proven to be sufficiently large. The number of

clusters is set to be as same as the number of classes of original data to evaluate

the performance. Additionally, we set α = −100 by following [45] and set σ = 1

experimentally.

4.5.4 Comparison

We compare our method UDSM against the selected baselines using RI and NMI

measures. Experimental results on the 36 data sets are summarized in Tables 4.2

to 4.4. The best result for each data set is highlighted in bold.

From the two tables, we observe that the UDSM approach is effective, and

performance is significantly improved. UDSM achieves the best RI results on 27

data sets and achieves the best NMI results on 29 data sets of the 36. The average

improvement in terms of RI compared with the nine baselines is 20.85% (greatest

28.47%, least 16.62%), while the average improvement in terms of NMI is 109.15%

(greatest 155.30%, least 91.59%). This verifies that the proposed UDSM is able

to select discriminative shapelets as features with good clustering results. We

attribute the significant improvement to the following reasons. First, UDSM

learns the pseudo class label indicators and the best shapelets simultaneously,

which enables UDSM to learn the most discriminative features in a supervised

learning way. Second, the spectral structure of the data and the similarity of

the learned shapelets are explored simultaneously, which means that similar time

series share the same pseudo-class label and the learned shapelets are devised,

thus the clustering performance is improved. Third, the shapelets are learned
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from the original time series rather than selected from the candidate segments

which avoids redundant noise.

Fig. 4.3 shows an illustration of UDSM on four data sets: Coffee, Diatom-

SizeReduction, ECG200 and SonyAIBORobotSurfaceII, due to space limitations.

For each data set, we illustrate two learned shapelets first, then show the mapping

of the original data in the two-dimensional shapelet-based space. We see UDSM

can extract the most significant shapelets for clustering from the original data

which makes the time series distinguishable from each other. For all four data

sets, after mapping the original time series to the shapelet-transformed space,

clear pseudo classification boundaries are obvious. The dots in red circles and

blue squares are the cluster labels obtained by UDSM, which closely match the

original class labels.

4.5.5 Time series with unequal length

In this section, we show the generalizability of the proposed algorithm using a

synthetic data set which is generated by following the work of [114] and [155].

Shapelet 2

Shapelet 2

Shapelet 1

Shapelet 1 Shapelet 1

Shapelet 2

Figure 4.4: An example of the generalizability of UDSM on sinusoidal signals and
rectangular signals. The top left blue curves are rectangular signals with Gaussian
noise of length 100 while the bottom black curves are sinusoidal signals with Gaussian
noise of length 200. The top right short curves marked in bold red are two learned
shapelets of lengths 12 and 30 respectively. We see that UDSM can generally handle
both the time series and shapelets of different length. The RI and NMI obtained by
UDSM for this data set are both 1, which means perfect clustering.
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Figure 4.5: The performance of UDSM with respect to the number and the length of
the learned shapelets (measured by the Rand index, the NMI and the running time). In
terms of RI and NMI, UDSM reaches its best performance at the top-middle or top-right
corners. And the running time continuously increases with an increase in the number
and the length of the shapelets. This shows that the UDSM does not need to learn
long shapelets since short shapelets achieve sufficient or better clustering performance
and also save time. In terms of the number of shapelets, it is not necessary to set a
large value. In most of the data sets too many shapelets would lead to repeating or
overlapping. For the time series sets with complex lines, like SonyAIBORobotSurfaceII,
a reasonably large number of shapelets can be set to learn the numerous distinct shapes
of the original time series. In summary, the length and the number of shapelets, in
practice, does not need to be large values.
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Figure 4.6: An illustration of the shapelets learned by UDSM on the four real world
data sets. The left shows time series examples of the original data sets. Time series from
the same class are shown together. The right shows the learned shapelets. Shapelets
in blue are learned by increasing the length from 10 to 60 with a step 10. Shapelets in
red are learned by increasing the number from 1 to 6 with a step of 1. We see when
increasing the length of shapelets, there is a heavy overlap in learned shapelets. When
varying the shapelet number, the learned shapelets change but they still overlap. These
observations confirm that in practice the length and the number of shapelets does not
need to be large values. 77



It consists of ten examples from two classes. The first class contains sinusoidal

signals of length 200. The second class contains rectangular signals of length

100. We randomly embed Gaussian noise in the data. Heterogeneous noise is

generated from five Gaussian processes with a mean of ν ∈ [0, 2] and a variance

of σ2 ∈ [0, 10] chosen uniformly at random.

Fig. 4.4 shows an example of two shapelets learned by UDSM. Shapelet 1

is a sharp spike of length 12 which matches the most prominent spikes of the

rectangular signal. Shapelet 2 is a subsequence with a length of 30, which is very

similar to the standard shape of a sinusoidal signal. From the results, we observe

that UDSM can automatically-learn representative shapelets from unlabelled time

series data. The results in Fig. 4.4 show the great generalizability of UDSM by

handling both time series and shapelets of unequal length. In addition, UDSM

produces the highest RI and NMI value of 1 on this data set, which equate to

perfect clustering result. By contrast, the work in [114] reaches 0.9 even when

using class label information during training.

4.5.6 Parameter study

In this section, we test two key parameters in UDSM, i.e. the number of shapelets

k and the minimum length of shapelets lmin. We varies k from 1 to 10 with a step

of 1 and lmin from 0.05 to 0.4 of the length of original time series with a step of

0.05. The parameter r is set to 1 for simplicity, which means in this experiment

we only learn shapelets of the same length (lmin).

Fig. 4.5 shows the variations in the RI, NMI and running time with respect

to the different lengths and different number of shapelets learned on the four

data sets. We observe that the RI and NMI values reach their peak at the

top-middle area on the first three data sets, and at the top-right corner on the

SonyAIBORobotSurfaceII data set. The running time continuously increases with

an increase in the number and length of the shapelets. This shows that UDSM

does not need to learn long shapelets: short shapelets achieve sufficient or better

clustering performance and also save time. It is also not necessary to learn too

many shapelets, as in most data sets this leads to repeating or overlapping. For

time series sets with complex lines, like SonyAIBORobotSurfaceII, a reasonably
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(a) Coffee (b) DiatomSizeReduction

(c) ECG200 (d) SonyAIBORobotSurfaceII

(e) Coffee (f) DiatomSizeReduction

(g) ECG200 (h) SonyAIBORobotSurfaceII

Figure 4.7: Running time with respect to the length and number of time series.
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large number of shapelets can be set to learn the numerous distinct shapes of the

original time series.

Fig. 4.6 illustrates the shapelets learned by UDSM on the four real-world data

sets. The length of shapelets is varied from 10 to 60 with a step of 10 while the

number of shapelets is fixed at 2 at first. The learned shapelets are shown in blue.

Subsequently, we vary the number of shapelets from 1 to 6 and fix the length of

each shapelet to 10. These learned shapelets are shown in red. The results show

that when increasing the length of shapelets, there is a heavy overlap in learned

shapelets. When varying the shapelet number, the learned shapelets change but

they still overlap. These observations confirm the previous conclusions that, in

practice, the length and the number of shapelets does not need to be large values.

4.5.7 Running time and convergence curve

This section explores the variation in running time with respect to the length of

the original time series, the size of the data sets and the convergence curves of

the UDSM.

In the first experiment, we vary the length of training time series from 5% to

100% of the original ones with a step size of 5%. In the second experiment, we

varies the number of training time series from 5% to 100% of the total number of

time series in the data set with a step of 5%. The remaining parameters are fixed.

The reported running time is an average of ten repeated experiments. Fig. 4.7

shows the experimental results. We observe that the running time increases

approximately linearly with respect to both the length of training time series and

the size of the data set, which means it scales well to large data sets.

In the third experiment, we explore the convergence curves of UDSM. As

shown in Algorithm 2, the algorithm is an iterative process. The convergence

curves of the iterative process in UDSM are presented in Fig. 4.8 over the four

data sets. From these figures, we can see that the proposed algorithm UDSM is

effective and converges quickly.
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4.6 Conclusions

In this chapter we propose a new optimization model for unsupervised discrim-

inative subsequence mining for time series by integrating the strengths of pseudo-

class labels, spectral analysis, shapelet regularization, and regularized least-squares

minimization that can automatically-learn the most discriminative shapelets from

unlabelled times series data. Experiments on both synthetic and real-world data

sets show that the UDSM model can learn meaningful shapelets with promising

performance results compared to state-of-the-art unsupervised time series learn-
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Figure 4.8: Convergence curves of UDSM over Coffee, DiatomSizeReduction, ECG200
and SonyAIBORobotSurfaceII data sets.
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ing models.
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Part III

Online Learning with

double-streaming data
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Chapter 5

Online Learning from

Trapezoidal Data Streams

5.1 Introduction

Recently we have witnessed an increasing number of applications on doubly-

streaming data where both data volume and data dimensions increase with time.

For example, in graph node classification, both the number of graph nodes and

the node features (e.g., the ego-network structure of a social network node) often

change dynamically. In text classification and clustering, both the number of

documents and text vocabulary increase over time, such as the infinite vocabulary

topic model [157] to allow the addition, invention and increased prominence of

new terms to be captured. Fig. 5.1 gives an example of doubly-streaming text

data where both new documents and new text vocabulary arrive over time.

We refer to the above doubly-streaming data as trapezoidal data streams where

data dynamically change in both volume and feature dimension. The problem of

learning from trapezoidal data streams is much more difficult than existing data

stream mining and online learning problems [159, 160]. The main challenge of

learning from trapezoidal data streams is how to design highly dynamic classifiers

that can learn from increasing training data with an expanding feature space.

Obviously, existing online learning [68, 70], online feature selection [132] and

streaming feature selection algorithms [136] cannot be directly used to handle
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Figure 5.1: Each column is a document set. We observe document sets continuously
arrive as a stream. In each column, words in colored boxes are new words introduced
by document sets and the number associates with each word is the importance rank for
classification. For example, in document set 16, the word ”wolverin” in the blue box
was first observed and then became one of the most important words for classification
in Document set 39.

the problem because they are not designed to deal with the simultaneous change

of data volume and data dimension.

Online learning algorithms [70] were proposed to solve the problem where

training instances arrive one by one but the feature space is fixed and known a

prior before learning. The algorithms update classifiers using incoming instances

and allow the sum of training loss gradually to be bounded [70]. To date, online

learning algorithms, such as the Perceptron algorithm [107], the Passive Aggres-

sive algorithm [19] and the Confidence-Weighted algorithm [20], are commonly

used in data-driven optimizations, but cannot be directly used to handle a dy-

namic feature space.

Online feature selection algorithms [70, 132] were proposed to perform feature
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selection in data streams where data arrive sequentially with a fixed feature space.

Online feature selectors are only allowed to maintain a small number of active

features for learning [132]. These algorithms use sparse strategies, such as feature

truncation, to select representative features. Sparse online learning via truncated

gradient [70] and the OFS algorithm [132] are typical algorithms. However, these

algorithms cannot solve the trapezoidal data stream mining problem because they

assume the feature space is fixed.

Online streaming feature selection algorithms [136] were proposed to select

features in a dynamic feature space where features arrive continuously as streams.

Each new feature is processed upon its arrival and the goal is to select a “best

so far” set of features to train an efficient learning model. It, in some ways, can

be seen as the dual problem of online learning [136]. Typical algorithms include

the online streaming feature selection (OSFS) algorithm [137] and the fast-OSFS

[136] algorithm. However, these algorithms consider only a fixed training set

where the number of training instances is given in advance before learning.

In this chapter, we propose a new Online Learning with Streaming Features

(OLSF ) algorithm and its two variants OLSF -I and OLSF -II for mining trapezoidal

data streams. OLSF and its variants combine online learning and streaming fea-

ture selection to continuously learn from trapezoidal data streams. Specifically,

when new training instances carrying new features arrive, a classifier updates

existing features by following the passive-aggressive update rule used in online

learning and updates the new features by following the structural risk minimiza-

tion principle. Then, feature sparsity is introduced by using feature projected

truncation. Theoretical and empirical studies validate the performance of the

proposed algorithms. The contributions of the chapter are summarized as fol-

lows:

1. We study a new problem of learning from trapezoidal data streams where

training data change in both data volume and feature space;

2. We propose a new learning algorithm OLSF and its two variants. OLSF com-

bines the merits of online learning and streaming feature selection methods

to learn from doubly-streaming data;

3. We theoretically analyze the performance bounds of the proposed algo-
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rithms;

4. We empirically validate the performance of the algorithms extensively on

14 real-world data sets.

The remainder of the chapter is organized as follows: Section 2 introduces the

setting of the learning problem. Section 3 discusses the proposed OLSF algorithm

and its variants. Section 4 analyzes the performance bounds. Section 5 conducts

experiments and Section 6 concludes the chapter.

5.2 Problem setting

We consider the binary classification problem on trapezoidal data streams. Let

{(xt, yt)|t = 1, . . . , T} be a sequence of input training data. Each xt ∈ Rdt is a

dt dimension vector where dt−1 ≤ dt and class label yt ∈ {−1,+1} for all t. At

each round, the classifier uses information on the current instance to predict its

label to be either +1 or −1. After the prediction is made, the true label of the

instance is revealed and the algorithm suffers an instantaneous loss which reflects

the degree of infelicity of the prediction [19]. At the end of each round, the

algorithm uses the newly obtained instance-label pair to improve its prediction

rule for the rounds to come.

We restrict the discussion to a linear classifier based on a vector of weights

w which is the common setting in online learning. The magnitude |w · x| is
interpreted as the degree of confidence in the prediction. wt ∈ Rdt−1 denotes the

classifier, i.e., the vector we aim to solve in the algorithm at round t. wt has the

same dimension of the instance xt−1, and has either the same or less dimension

as the current instance xt, for all t = 2, . . . , T , and w1 is initialized with the same

dimension of x1. For the loss function, we choose the hinge loss. Specifically,

l(w, (xt, yt)) = max{0, 1− yt(w · xt)}, where w and xt are in the same dimension.

In our study, the ultimate dimension dT is very large, so we also introduce feature

selection into our learning algorithm. Table 5.1 demonstrates the symbols and

notations used in this chapter.
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Table 5.1: Symbols and Notations.

Symbol Description

B B ∈ [0, 1], proportion of selected features (projected feature space)
C C > 0, tradeoff in the objective function of OLSF -I and OLSF -II
dt, t = 1, . . . , T dt ≤ dt+1, dimension of instance xt

dwt , t = 1, . . . , T dimension of classifier wt

λ λ > 0, regularization parameter
lt, t = 1, . . . , T lt = l(w, (xt, yt)), hinge loss on instance (xt, yt)
l∗t , t = 1, . . . , T l∗t = l(Πxtu; (xt, yt)), hinge loss on instance (xt, yt) based on the classifier u ∈ Rdt

LT LT =
√∑T

t=1 l
2
t

M the number of false predictions by OLSF -I in Theorem 3
∇t, t = 1, . . . , T − 1 ∇t = ‖wt − Πwtu‖2 − ‖wt+1 − Πwt+1u‖2
R upper bound for the L1-norm of xt, t = 1, . . . , T
T T ∈ N+, total number of instances
u u ∈ RdT , arbitrary vector in RdT

UT UT =
√∑T

t=1(l
∗
t )

2

wt, t = 1, . . . , T wt ∈ Rdt−1 , t = 2, . . . , T, w1 ∈ Rd1 , classifier built at round t
|wt · xt|, t = 1, . . . , T confidence degree of xt with respect to classifier wt

w̃t+1, t = 1, . . . , T − 1 w̃t+1 = Πwtwt+1, vector of elements wt+1 projected to feature space wt

ŵt+1, t = 1, . . . , T − 1 ŵt+1 = Π¬wtwt+1, vector of elements wt+1 not projected to the feature space wt

w̄t+1, t = 1, . . . , T − 1 intermediate variable of new classifier after the update operation
w̌t+1, t = 1, . . . , T − 1 intermediate variable of new classifier on the L1 ball without truncation
Πwt+1/wtu, t = 1, . . . , T − 1 vector of elements u projected to the feature space of wt+1 but not to wt

xt, t = 1, . . . , T xt ∈ Rdt , input training instance at time t in dt dimensions
x̃t, t = 2, . . . , T x̃t = Πwtxt, xt ∈ Rdt , wt ∈ Rdt−1 , dt−1 ≤ dt, vector of elements xt projected to the feature

space of wt

x̂t, t = 2, . . . , T x̂t = Π¬wtxt, xt ∈ Rdt , wt ∈ Rdt−1 , dt−1 ≤ dt, vector of elements xt not projected to the
feature space of wt

{(xt, yt)|t = 1, 2, . . . , T} sequence of input training data
ξ slack variable
yt, t = 1, . . . , T yt ∈ {−1,+1}, real label of instance xt

ŷt, t = 1, . . . , T ŷt = sign(wt · Πwtxt), predicted label of instance xt

τt, t = 1, . . . , T learning rate variable
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5.3 Online learning with trapezoidal data streams

In this section we present the Online Learning with Streaming Features algorithm

(OLSF ) and its two variants for mining trapezoidal data streams. There are two

challenges to be addressed by the algorithms. The first challenge is to update

the classifier with an augmenting feature space. The classifier update strategy

is able to learn from new features. We build the update strategy based on the

margin-maximum principle. The second challenge is to build a feature selection

method to achieve a sparse but efficient model. As the dimension increases over

time, it is essential to use feature selection to prune redundant features. We use a

truncation strategy to obtain sparsity. Also, in order to improve the truncation,

a projection step is introduced before the truncation.

The pseudo-codes for the OLSF algorithm and its two variants are given in

Algorithms 1, 2 and 3 (OLSF -I and OLSF -II are different to OLSF in parameter τt

during updates). The vector w1 is initialized to a zero vector with dimension d1,

i.e., w1 = (0, . . . , 0) ∈ Rd1 for all the three algorithms, where d1 is the dimension

of the first instance for each algorithm. Then, online learning is divided into the

update step and the sparsity step.

The update strategy

The three algorithms are different in their update strategy. We first focus

on the update strategy of the basic algorithm. At round t, with the classifier

wt ∈ Rdt−1 , the new classifier wt+1 = [w̃t+1, ŵt+1] ∈ Rdt is obtained as the solution

to the constrained optimization problem in Eq.(2), where w̃ = Πwtwt+1 ∈ Rdt−1

represents a projection of the feature space from dimension dt to dimension dt−1,

it is a vector consisting of elements of wt+1 which are in the same feature space

of wt, and ŵ = Π¬wtwt+1 ∈ Rdt−dt1 denotes the vector consisting of elements of

wt+1 which are not in the feature space of wt,

wt+1 = [w̃t+1, ŵt+1]

= argmin

w = [w̃, ŵ] :

lt = 0

1

2
‖w̃ − wt‖2 + 1

2
‖ŵ‖2 (5.1)
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Algorithm 3 The OLSF algorithm and its two variants OLSF -I and OLSF -II

Require:
C > 0: the tradeoff parameter of OLSF -I and OLSF -II
λ > 0: the regularization parameter
B ∈ (0, 1]: the proportion of selected features

Ensure:
W ∗: the optimal classifier

1: Initialize w1 = (0, . . . , 0) ∈ Rd1

2: For t = 1, 2, . . . do
3: receive instance: xt ∈ Rdt

4: predict: ŷt = sign(wt · Πwtxt)
5: receive correct label: yt ∈ {+1,−1}
6: suffer loss: lt = max{0, 1− yt(wt · Πwtxt)}
7: update step:
8: set parameter :

τt = Parameter Set(xt, lt, C) (See Algorithm 4)
9: update wt to w̄t+1:

w̄t+1 = [wt + τtytΠwtxt, τtytΠ¬wtxt]
10: sparsity step:
11: project w̄t+1 to a L1 ball:

w̌t+1 = min{1, λ
‖w̄t+1‖1}w̄t+1

12: truncate w̌t+1 to wt+1:
wt+1 = Truncate(w̌t+1, B) (See Algorithm 5)

13: endfor
14: return W ∗ = Wt+1;

Algorithm 4 Update strategy: τt = Parameter Set(xt, lt, C)

1: if OLSF :
2: τt =

lt
‖xt‖2

3: else if OLSF -I:
4: τt = min{C, lt

‖xt‖2}
5: else if OLSF -II:
6: τt =

lt
‖xt‖2+ 1

2C

7: end if

where lt = l(w, (xt, yt)) is the loss at round t , which can be written as,

lt = l(w, (xt, yt)) = max{0, 1− yt(w̃ · x̃t)− yt(ŵ · x̂t)}. (5.2)

90



Algorithm 5 Sparsity strategy: w = Truncate(w̌, B)

1: w̌ ∈ Rdw̌

2: if ‖w̌‖0 ≥ B · dw̌ then
3: w = w̌B; w̌B is a vector that remains the max{1, f loor(B · dw̌)} largest

elements of w̌ and set others to zeros, where floor{x} is the largest
integer smaller then x.

4: else
5: w = w̌
6: end if

Note that the definition of x̃t = Πw̃xt and x̂t = Πŵxt are similar to the ones of w̃

and ŵ respectively.

In the above constrained optimization problem, if the existing classifier wt

predicts the right label with the current instance xt, i.e., lt = max{0, 1 − yt(wt ·
x̃t)} = 0, then we can easily know that the optimal solution is w̃ = wt, ŵ =

(0, . . . , 0), that is, wt+1 = [wt, 0, . . . , 0].

On the other hand, if the existing classifier makes a wrong prediction, the

algorithm forces the updated classifier to satisfy the constraint in Eq. (5.1). At

the same time, it also forces w̃t+1 close to wt in order to inherit information and

let ŵt+1 be small to minimize structural risk and avoid overfitting. The solution

to Eq. (5.1) has a simple closed form,

wt+1 = [wt + τtytx̃t, τtytx̂t], where τt = lt/‖xt‖2 (5.3)

We now discuss the derivation of the update strategy.

• In case that the dimension of the new classifier does not change, i.e., dt =

dt−1, the problem degenerates to an online learning problem where ŵt+1

disappears and wt+1 = w̃t+1.

• In case that dt > dt−1 and lt = 0, the optimal solution is w̃t+1 = wt and

ŵt+1 = (0, · · · , 0).

• In case that dt > dt−1 and lt > 0, we solve Eq. (5.1) to obtain the solution.

To solve Eq.(5.1), we use the Lagrangian function and the Karush-Khun-
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Tucker conditions [8] on Eq.(2) and obtain

L(w, τ) =
1

2
‖w̃ − wt‖2 + 1

2
‖ŵ‖2

+ τ(1− yt(w̃ · x̃t)− yt(ŵ · x̂)),
w̃ = wt + τytx̃t; ŵ = τytx̂t

(5.4)

where τ is a Lagrange multiplier. Plugging the last two equations into the first

one, taking the derivative of L(τ) with respect to τ and setting it to zero, we can

obtain

L(τ) = −1

2
τ 2‖x̃t‖2 − 1

2
τ 2‖x̂‖2 + τ − τyt(wt · x̃)

τt =
1− yt(wt · x̃t)

‖x̃‖2 + ‖x̂t‖2 =
lt

‖xt‖2
(5.5)

So, the update strategy is wt+1 = [wt + τtytx̃t, τtytx̂t], where τt = lt/‖xt‖2. In
addition, this update rule is also applied when lt = 0. So we can take it as a

general update rule.

From Eq. (5.1), we can see that the update strategy of the OLSF algorithm is

rigorous because the new classifier needs to predict the current instance correctly.

This may make the model sensitive to noise, especially label noise [19]. In order

to avoid this drawback, we give two general updated variants of the OLSF algo-

rithm which use the soft-margin technique by introducing a slack variable ξ into

the optimization problem. The first one is abbreviated as OLSF -I. Its objective

function scales linearly with ξ, namely,

wt+1 = argmin
w = [w̃, ŵ] :

lt ≤ ξ; ξ ≥ 0

1

2
‖w̃ − wt‖2 + 1

2
‖ŵ‖2 + Cξ

(5.6)

The second one, OLSF -II, is the same as OLSF -I except that its objective

function scales quadratically with the slack variable ξ, i.e.,

wt+1 = argmin
w = [w̃, ŵ] :

lt ≤ ξ

1

2
‖w̃ − wt‖2 + 1

2
‖ŵ‖2 + Cξ2

(5.7)

In these two optimization problems, parameter C is a positive number which
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is a tradeoff between rigidness and slackness. A larger value of C implies a more

rigid update step.

The update strategy of OLSF -I and OLSF -II also shares the simple closed form

wt+1 = [wt + τtyT x̃t, τytx̂t], where

τt = min{C, lt
‖xt‖2} (I) or τt =

lt
‖xt‖2 + 1

2C

(II).

The update strategies of OLSF -I and OLSF -II are similar to the OLSF algorithm,

so we omit their details due to space constraints.

The sparsity strategy

In many applications, the dimension of training instances increases rapidly

and we need to select a relatively small number of features.

In our study, we introduce a parameter to control the proportion of the fea-

tures used. For example, in each trial t, the learner presents a classifier wt ∈ Rdt−1

to classify instance xt ∈ Rdt where dt−1 ≤ dt . After the update operation, a pro-

jection and a truncation are introduced to prune redundant features based on the

parameter B, which locates in [0, 1]. Namely, we require the learner only retain

at most a proportion of B nonzero elements of wt ∈ Rdwt , i.e. ‖wt‖0 ≤ B · dwt .

Specifically, if the resulting classifier wt has more than a proportion of B nonzero

elements, we will simply keep the proportion of B elements in wt with the largest

absolute weights, as demonstrated in Algorithm 3. In this way, at most a pro-

portion of B features are used in the model and sparsity is introduced.

We introduce a projection step because one single truncation step does not

work well. Although the truncation selects the B largest elements, this does not

guarantee the numerical values of the unselected attributes are sufficiently small

and may potentially lead to poor performance [132]. When projecting a vector to

an L1 ball, most of its numerical values are concentrated to its largest elements,

and then removing the smallest elements will result in a small change to the

original vector. Specifically, the projection is,

w̌t+1 = min{1, λ

‖w̄t+1‖1}w̄t+1, (5.8)
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where λ is the a positive regularization parameter.

5.4 Theoretical analysis

In this section, we derive performance bounds of the OLSF algorithm and its two

variants OLSF -I and OLSF -II. There are four theorems and one lemma in this

section. The first theorem discusses the upper bound of the cumulative squared

hinge loss of OLSF when data are linearly separable, and the second derives the

bound when data are linearly inseparable. The third and the fourth theorems

relate to the upper bounds of the OLSF -I and OLSF -II algorithms respectively.

If instance xt is falsely predicted, then yt(wt ·Πwtxt) < 0, and the loss function

lt > 1. So the cumulative squared hinge loss
∑

t l
2
t is an upper bound of the

number of false predictions [19]. Therefore, the loss bound will be the upper

bound of the total number of false predictions and the cumulative squared hinge

loss. Our bounds essentially prove that our algorithms cannot do much worse

than the best fixed prediction, which is chosen in hindsight for any sequence of

instances.

For clarity, we use two abbreviations throughout the chapter. We denote by

lt the instantaneous loss suffered by our algorithm at round t. In addition, we

denote by l∗t the loss of an off-line predictor at round t. Formally, let u ∈ RdT be

an arbitrary vector in RdT , we define lt and l∗t as follows,

lt = l(wt; (Πwtxt, yt)) and l∗t = l(Πxtu; (xt, yt)) (5.9)

Then, we have Lemma 1 as follows.

Lemma 1. Let (x1, y1), . . . , (xT , yT ) be a sequence of training instances,

where xt ∈ Rdt , dt−1 ≤ dt and yt ∈ {+1,−1} for all t. Let the learning rate τt ∈{
lt

‖xt‖2 ,min{C, lt
‖xt‖2}, lt

‖xt‖2+ 1
2C

}
, as given in Algorithm 2. Then, the following

bound holds for any u ∈ RdT ,
∑T

t=1 τt(2lt − τt‖xt‖2 − 2l∗t ) ≤ ‖u‖2

Proof. Define ∇t to be ‖wt−Πwtu‖2−‖wt+1−Πwt+1u‖2. We prove the lemma by

summing up all ∇t over t in 1, . . . , T and bounding this sum. Note that
∑

t ∇t
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is a telescopic sum which collapses to

T−1∑
t=1

∇t =
T−1∑
t=1

(‖wt − Πwtu‖2 − ‖wt+1 − Πwt+1u‖2)

= ‖w1 − Πw1u‖2 − ‖wT − ΠwT
u‖2,

(5.10)

where w1 is initialized as a zero vector, and ‖wT − ΠwT
u‖2 ≥ 0 always holds.

Thus, we can upper bound the right-hand side of the above equation by ‖Πw1u‖2
,

T−1∑
t=1

∇t ≤ ‖Πw1u‖2. (5.11)

We now turn to bound every single ∇t. If the minimum margin requirement

is not violated on round t , i.e. lt =0, then τt = 0 and hence ∇t ≤ 0. Now

we only focus on rounds on which lt > 0. With the update strategy w̄t+1 =

[wt + τtytΠwtxt, τtytΠ¬wtxt] where Π¬wtxt is a vector consisting of elements in x

which are not in the same feature space of wt. And in light of the fact that

w̌t+1 ≤ w̄t+1 and wt+1 ≤ w̌t+1 we have

∇t =‖wt − Πwtu‖2 − ‖wt+1 − Πwt+1u‖2
≥‖wt − Πwtu‖2 − ‖wt + τtytΠwtxt − Πwtu‖2

− ‖τtytΠ¬wtxt − Πwt+1 wtu‖2
=− 2τtytΠwtxt(wt − Πwtu)− τ 2t ‖Πwtxt‖2
− ‖τtytΠ¬wtxt − Πwt+1/wtu‖2

(5.12)

From lt = 1−yt(wt ·Πwtxt) and l∗t ≥ 1−yt(Πxtu ·xt), we have yt(wt ·Πwtxt) =

1− lt and yt(Πwtu ·Πwtxt) + yT (Πwt+1/wtu ·Πwt+1/wtxt) ≥ 1− l∗t . Using these two

facts in Eq. (5.12) gives,

∇t ≥2τt(ytΠwtxtΠwtu+ ytΠwt+1/wtxtΠwt+1/wtu

− ytΠwtxtwt)− τ 2t ‖xt‖2 − ‖Πwt+1/wtu‖2
≥τt(2lt − 2l∗t − τt‖xt‖2)− ‖Πwt+1/wtu‖2.

(5.13)

Summing up ∇t over all t and comparing the lower bound of Eq. (5.13) with
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the upper bound in Eq.(5.11), we can obtain

T∑
t=1

τt(2lt − 2l∗t − τt‖xt‖2) ≤ ‖Πw1u‖2 +
T−1∑
t=1

‖Πwt+1/wtu‖2.

The lemma is proved.

Below we first prove a loss bound for the OLSF algorithm in the linearly

separable case. We assume that there is a classifier u ∈ RdT such that yt(Πxtu ·
xt) > 0 for all t ∈ {1, . . . , T}. Without loss of generality, we assume that classifier

u is scaled such that yt(Πxtu · xt) ≥ 1. The loss of u is zero on all T instances in

the sequence. Then, we have the following bound of the cumulative squared loss

of OLSF .

Theorem 1. Let (x1, y1), . . . , (xT , yT ) be a sequence of instances where xt ∈ Rdt,

dt−1 ≤ dt, yt ∈ {+1,−1} and ‖xt‖ ≤ R for all t. Assume that there exists a

classifier u such that l∗t = 0 for all t. Then, the cumulative squared loss of OLSF

on the sequence is bounded by

T∑
t=1

l2t ≤ ‖u‖2R2.

Proof. Since l∗t = 0 for all t , Lemma 1 implies that,

T∑
t=1

τt(2lt − τt‖xt‖2) ≤ ‖u‖2. (5.14)

According to the definition τt =
lt

‖xt‖2 , we have

T∑
t=1

l2t
‖xt‖2 ≤ ‖u‖2

and
T∑
t=1

l2t ≤ ‖u‖2R2.

Hence, the theorem is proved.
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The following theorems generalize the linearly separable case. We consider

that the classifier u cannot perfectly separate the training data. In addition, we

assume that the input sequence is normalized so that ‖xt‖2 = 1. Then, we have

the following bounds of the cumulative squared loss of the OLSF algorithm.

Theorem 2. Let (x1, y1), . . . , (xT , yT ) be a sequence of instances where xt ∈ Rdt,

dt−1 ≤ dt, yt ∈ {+1,−1} and ‖xt‖2 = 1 for all t. Then, for any vector u ∈ RdT ,

the cumulative squared loss of OLSF on the sequence is bounded by

T∑
t=1

l2t ≤
⎛
⎝‖u‖+ 2

√√√√ T∑
t=1

(l∗t )2

⎞
⎠

2

. (5.15)

Proof. Since ‖xt‖2 = 1 , τt and lt are equal, according to Lemma 1, we have∑T
t=1 l

2
t ≤ ‖u‖2 +∑T

t+1 2lt · l∗t . Denote

LT =

√√√√ T∑
t=1

l2t and UT =

√√√√ T∑
t=1

(l∗t )2.

By using the Cauchy-Schwartz inequality to bound the right-hand side of Eq.(5.15),

we obtain

L2
T ≤ ‖u‖2 + 2LTUT .

Therefore, to obtain an upper bound of LT , we need to find the largest solution

of L2
T − 2UTLT − ‖u‖2 = 0, i.e.,

UT +
√
U2
T + ‖u‖2.

Using the fact that
√
α + β ≤ √

α +
√
β , we have

LT ≤ ‖u‖+ 2UT .
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Furthermore, we can obtain

T∑
t=1

l2t ≤
⎛
⎝‖u‖+ 2

√√√√ T∑
t=1

(l∗t )2

⎞
⎠

2

and the theorem is proved.

Next we derive the bound for OLSF -I. The following theorem provides an error

rate bound of OLSF -I based on the total number of falsely predicted instances

that yt 
= sign(wt · Πwtxt) .

Theorem 3. Let (x1, y1), . . . , (xT , yT ) be a sequence of instances, where xt ∈ Rdt

, dt−1 ≤ dt , yt ∈ {+1,−1} and ‖xt‖2 ≤ R2 for all t. For any vector u ∈ RdT ,

the number of false predictions by OLSF -I is bounded by,

max{R2,
1

C
}
(
‖u‖2 + 2C

T∑
t=1

l∗t

)
,

where C is the parameter in OLSF -I.

Proof. If OLSF -I outputs a false prediction at round t, then yt(wt ·Πwtxt) ≤ 0, so

lt ≥ 1. Under the assumption ‖xt‖2 ≤ R2 and the definition τt = min{lt/‖xt‖2, C},
for the error occurring at round t, we have

min{ 1

R2
, C}M ≤

T∑
t=1

τtlt,

where M is the number of false predictions by OLSF -I.

Based on the definition of τt , we know that τtl
∗
t ≤ Cl∗t and τt‖xt‖2 ≤ lt .

Plugging these two inequalities into Lemma 1 gives the result,

T∑
t=1

τtlt ≤ ‖u‖2 + 2C
T∑
t=1

l∗t .
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Combining the above two inequations, we obtain that

min{1/R2, C}M ≤ ‖u‖2 + 2C
T∑
t=1

l∗t .

The theorem is proved by multiplying both sides of the above inequation with

max{R2, 1/C}.
Now, we turn to the bound analysis for OLSF -II.

Theorem 4. Let (x1, y1), . . . , (xT , yT ) be a sequence of instances where xt ∈ Rdt,

dt−1 ≤ dt, yt ∈ {+1,−1} and ‖xt‖2 ≤ R for all t . Then, for any classifier

(vector) u ∈ RdT , the cumulative squared loss of OLSF -II is bounded by,

T∑
t=1

l2t ≤
(
R2 +

1

2C

)(
‖u‖2 + 2C

T∑
t=1

(l∗t )
2

)
.

Proof. Lemma 1 states that

‖u‖2 ≥
T∑
t=1

(2τtlt − τ 2‖xt‖2 − 2τtl
∗
t ).

Define α = 1/
√
2C, and by subtracting the non-negative term (ατt− l∗t /α)

2 from

each result on the right-hand side of the above inequality, we can obtain

‖u‖2 ≥
T∑
t=1

(2τtlt − τ 2‖xt‖3 − 2τtl
∗
t − (ατt − l∗t /α)

2)

=
T∑
t=1

(2τtlt − τ 2(‖xt‖2 + α2)− (l∗t )
2/α2).

(5.16)

Plugging in the definition of α, and using the definition τt = lt/(‖xt‖2 +

1/(2C)), we can obtain the following lower bound,

‖u‖2 ≥
T∑
t=1

(
l2t

‖xt‖2 + 1
2C

− 2C(l∗t )
2

)
.

Replacing ‖xt‖2 with its upper bound of R2 and rearranging the terms gives
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the desired bound.

5.5 Experiments

In this section, we empirically evaluate the performance of OLSF and its two

variants OLSF -I and OLSF -II
1.

The experiments are conducted from four aspects. Firstly, we evaluate the

performance of the proposed three algorithms with respect to classification ac-

curacy, projected feature space B, and tradeoff C in Section 6.1. Secondly, we

evaluate the update strategy and the sparse strategy used in the three algorithms

by comparing with three benchmark methods in Section 6.2. Thirdly, we com-

pare the proposed algorithms with the state-of-the-art online feature selection

algorithms in Section 6.3. Finally, we test the applications of the proposed algo-

rithms on two real-world trapezoidal data streams in Section 6.4.

Experimental setup. We test on 12 UCI data sets and two real-world

large-scale streams as listed in Table 5.2.

To simulate trapezoidal streams, we split the data sets into 10 chunks, where

each chunk carries only 10% instances and a variant number of features. For

example, the first data chunk carries the first 10% instances with the first 10%

features. The second data chunk carries the second 10% instances with another

10% features (in total 20% features).

We measure the performance in terms of the average prediction accuracy. The

experiments are repeated 20 times with a random permutation on the data sets.

The results are reported by an average over the 20 repeats.

We set λ to be 30, C from 10−4 to 104 with a step of 101, and B from 0 to 1.

The parameters are chosen with cross validation.

1The Matlab source codes are available online at
https://github.com/BlindReview/onlineLearning.
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Table 5.2: The data sets used in the experiments

Dataset � instances � Dimensions

wpbc 198 34
ionosphere 351 35
wdbc 569 31
isolet 600 618
wbc 699 10
german 1,000 24
svmguide3 1,234 21
splice 3,175 60
HAPT 3,266 562
spambase 4,601 57
magic04 19,020 10
a8a 32,561 123
rcv1 697,641 47,236
URL 2,396,130 3,231,961

5.5.1 Experiment I: Comparisons between OLSF and its

two variants

In this part, we present the empirical results of the three algorithms on the 12

UCI benchmark data sets.

Table 5.3 summarizes the performance of the three algorithms on a projected

feature space. We can observe that OLSF -I performs the best on six data sets,

a8a, german, HAPT, magic04, spambase, wpbc, OLSF -II performs the best on the

remaining six date sets, ionosphere, isolet, splice, svmguide3, wbc, wdbc. Among

the three algorithms, OLSF performs the worst on all the 12 data sets. This is

because the 12 UCI data sets contain noise, OLSF which relies on a strict update

strategy overfits the noise and thus performs the worst. In contrast, OLSF -I and

OLSF -II using a “soft” update strategy can avoid overfitting. Furthermore, we

can see that OLSF -I scales well on large data sets, while OLSF -II performs the

best on small data sets. This is because OLSF-I scales linearly with the slack

variable.

Fig. 5.2 shows the error rate with respect to the streaming iterations on the

12 data sets. Similar to the above results, we can observe that both OLSF -I

101



Table 5.3: The average number of prediction errors on the 12 UCI data sets

Algorithms a8a german HAPT

OLSF 12673.5± 75.9 415.9± 15.6 257.0 ± 8.5
OLSF -I 11204.7±713.1 366.9±8.8 167.0 ± 7.1
OLSF -II 11317.2±233.1 366.9±12.8 191.0 ± 9.9

Algorithms ionosphere isolet magic04

OLSF 55.0 ± 2.8 23.5 ±4.9 8051.3± 49.0
OLSF -I 55.0 ±2.8 21.5±2.1 6732.3±73.3
OLSF -II 50.5 ± 6.4 18.0±4.2 6924.5± 39.6

Algorithms spambase splice svmguide3

OLSF 1132.1± 29.7 1314.6± 30.3 396.7± 15.8
OLSF -I 1004.5±25.6 1243.7± 13.6 359.1± 42.9
OLSF -II 1013.2±26.1 1238.8±16.8 357.5±26.9
Algorithm wbc wdbc wpbc

OLSF 37.5 ± 0.7 43.5 ± 3.5 88.5 ± 2.1
OLSF -I 35.5 ± 0.7 39.5 ± 0.7 82.0 ± 8.5
OLSF -II 34.0 ± 4.2 38.5 ± 4.9 83.0 ± 1.4

and OLSF -II consistently outperform OLSF . In addition, the performance gain

of OLSF-I and OLSF-II raises with a large probability when new training in-

stances arrive. This observation validates that OLSF -I and OLSF -II, by using

slack variants to obtain soft update, can avoid overfitting to noise.

Fig. 5.3 shows the performance of the three algorithms under different pro-

jected feature space B. We can observe that OLSF -I and OLSF -II often out-

perform OLSF . The results show the robustness of OLSF -I and OLSF -II under

different subspace defined by B.

Fig. 5.4 shows the performance of the three algorithms under different tradeoff

C. From the results, we can observe that varying the parameter C can alter the

error rate of OLSF -I and OLSF -II. The larger of C, the closer of OLSF -I to OLSF .

This is because the parameter τt in OLSF -I is smaller than both parameter C and

τt in OLSF . When C is very large, OLSF -I degenerates to OLSF .
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Figure 5.2: Comparison among the proposed three algorithms OLSF , OLSF -I and
OLSF -II on the 12 UCI data sets. We can observe that OLSF -I and OLSF -II outperform
OLSF because their “soft” update strategies can avoid overfitting to noise.
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Figure 5.3: Performance comparison with respect to the projected feature space B. The
results show that OLSF -I and OLSF -II are robust algorithms under different projected
subspaces B.
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Table 5.4: The average number of error predictions on the 12 UCI data sets with respect to parameter B.

Algorithms a8a german HAPT magic04

B = 0.04
OLSF -I 87.2 ± 8.8 56.8 ± 21.3 19020.0 ± 0.0 313.2 ± 55.2
OLSF I-rand 133.0 ± 4.5 190.2 ± 10.0 19020.0 ± 0.0 1318.6 ± 31.8
OLSF I-per 141.9 ± 6.3 92.5 ± 40.6 19020.0 ± 0.0 737.0 ± 171.8

B = 0.16
OLSF -I 83.2 ± 6.9 15.7 ± 3.9 7379.2 ± 98.2 164.1 ± 14.8
OLSF I-rand 112.5 ± 6.4 144.4 ± 8.3 13107.3 ± 53.1 1158.1 ± 27.9
OLSF I-per 141.2 ± 5.8 35.4 ± 12.4 13143.5 ± 52.7 441.0 ± 51.1

B = 0.64
OLSF -I 82.6 ± 3.7 25.6 ± 2.9 5882.2 ± 105.3 182.4 ± 41.9
OLSF I-rand 91.3 ± 4.8 69.7 ± 5.6 8361.8 ± 60.0 779.6 ± 15.2
OLSF I-per 83.4 ± 3.5 32.5 ± 3.1 6864.1 ± 49.5 420.6 ± 17.7

B = 1.00 OLSF I-all 79.3 ± 3.3 16.7±1.8 6634.3 ± 35.2 157.0 ± 8.9

Algorithms spambase splice ionosphere isolet

B = 0.04
OLSF -I 788.4 ± 38.2 628.6 ± 42.5 108.7 ± 38.4 683.0 ± 0.0
OLSF I-rand 1041.0 ± 9.3 791.2 ± 11.1 375.8 ± 7.3 683.0 ± 0.0
OLSF I-per 1034.7 ± 29.0 868.3 ± 18.2 469.4 ± 14.1 683.0 ± 0.0

B = 0.16
OLSF -I 348.3 ± 49.4 402.2 ± 39.7 65.8 ± 13.1 77.2 ± 15.7
OLSF I-rand 720.3 ± 13.3 582.4 ± 11.3 240.5 ± 10.4 405.5 ± 7.8
OLSF I-per 828.9 ± 51.2 711.9 ± 17.1 327.0 ± 14.1 529.6 ± 8.5

B = 0.64
OLSF -I 364.4 ± 11.0 326.7 ± 7.0 40.6 ± 4.3 31.3 ± 3.0
OLSF I-rand 570.2 ± 20.3 456.0 ± 18.9 87.4 ± 7.0 79.2 ± 7.7
OLSF I-per 368.3 ± 51.7 365.0 ± 9.8 63.4 ± 3.8 85.9 ± 6.3

B = 1.00 OLSF I-all 360.9 ± 7.2 344.1 ± 7.1 57.5 ± 3.7 82.9 ± 6.4

Algorithms svmguide3 wbc wdbc wpbc

B = 0.04
OLSF -I 100.9 ± 12.4 850.2 ± 69.9 1397.2 ± 176.1 7488.4 ± 93.7
OLSF I-rand 234.7 ± 6.3 2026.5 ± 26.5 2808.7 ± 28.1 18249.4 ± 59.3
OLSF I-per 225.3 ± 8.6 2221.1 ± 43.5 2980.9 ± 80.9 20265.0 ± 285.0

B = 0.16
OLSF -I 63.3 ± 8.7 728.1 ± 20.7 835.3 ± 109.0 8680.3 ± 316.9
OLSF I-rand 186.6 ± 6.4 1532.0 ± 30.4 1935.5 ± 38.0 16087.6 ± 102.8
OLSF I-per 220.5 ± 7.0 1308.8 ± 34.5 1248.8 ± 96.3 9659.6 ± 1444.9

B = 0.64
OLSF -I 54.8 ± 3.1 683.7 ± 14.2 571.1 ± 15.3 9265.4 ± 115.4
OLSF I-rand 115.9± 8.5 1464.2 ± 33.4 1601.9 ± 23.4 15341.5 ± 71.0
OLSF I-per 60.0 ± 4.7 1244.8 ± 25.3 1003.7 ± 26.9 11325.6 ± 127.5

B = 1.00 OLSF I-all 55.3 ± 2.7 1236.1 ± 29.5 983.6 ± 21.7 10243.0 ± 109.8

105



10
−4

10
−2

10
0

10
2

10
41.1

1.15

1.2

1.25

1.3x 10
4

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(a) a8a

10
−4

10
−2

10
0

10
2

10
4360

380

400

420

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(b) german

10
−4

10
−2

10
0

10
2

10
4150

200

250

300

350

400

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(c) HAPT

10
−4

10
−2

10
0

10
2

10
450

60

70

80

90

100

Parameter C

#
 o

f 
e

rr
o

rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(d) ionosphere

10
−4

10
−2

10
0

10
2

10
415

20

25

30

35

Parameter C

#
 o

f 
e

rr
o

rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(e) isolet

10
−4

10
−2

10
0

10
2

10
46500

7000

7500

8000

8500

Parameter C
#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(f) magic04

10
−4

10
−2

10
0

10
2

10
41000

1050

1100

1150

1200

1250

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(g) spambase

10
−4

10
−2

10
0

10
2

10
41220

1240

1260

1280

1300

1320

Parameter C

#
 o

f 
e

rr
o

rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(h) splice

10
−4

10
−2

10
0

10
2

10
4340

360

380

400

420

440

Parameter C

#
 o

f 
e

rr
o

rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(i) svmguide3

10
−4

10
−2

10
0

10
2

10
434

36

38

40

42

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(j) wbc

10
−4

10
−2

10
0

10
2

10
435

40

45

50

55

Parameter C

#
 o

f 
e
rr

o
rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(k) wdbc

10
−4

10
−2

10
0

10
2

10
480

85

90

95

100

Parameter C

#
 o

f 
e

rr
o

rs

 

 

OL
SF

OL
SF

−I

OL
SF

−II

(l) wpbc

Figure 5.4: The average number of error predictions with respect to parameter C. We
can choose the best parameter for the algorithms on the 12 UCI data sets.
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5.5.2 Experiment II: Comparisons with benchmarks

We compare the proposed algorithms with three benchmark methods. Accord-

ing to the similar performance of OLSF -I and OLSF -II, we use OLSF -I as the

representative algorithm in this part.

Now we introduce the three benchmark methods. The first algorithm is

OLISF -all. Different from OLSF -I that only uses a small projected feature space

for learning, OLISF -all uses all features for learning. The second algorithm is

OLISF -rand which uses randomly selected features for learning. The third algo-

rithm is OLISF -per which uses the Perceptron update strategy for learning, i.e.,

wt+1 = [wt+ytxt, ytxt] [107]. We still use the 12 UCI data sets for our evaluation.

The parameter settings are the same as in Experiments I.

Table 5.4 lists the average number of error predictions of the four algorithms

on the 12 UCI data sets with different values of the parameter B. First, we can

observe that OLSF -I obtains the best results on 10 data sets out of 12. It even

beats the OLISF -all algorithm which uses all the features for learning. Compared

to the other two algorithms OLISF -rand and OLISF -per, OLSF -I outperforms

them under different B. The OLSF I-rand algorithm randomly chooses a fixed

proportion of features which receives the worst performance on all the 12 data

sets. The OLSF I-per algorithm which uses the Perceptron update strategy has

higher error rates than OLSF -I on all the 12 data sets, which shows that our

update is better than the Perceptron update.

To sum up, the results show that the sparsity strategy in OLSF -I can signif-

icantly improve the performance and our update strategy outperforms the Per-

ceptron update strategy.

Fig. 5.5 shows the results of the online average error rates during the online

learning on the 12 data sets. We can observe that the error rate of the algorithms

decreases rapidly and becomes stable. OLSF -I obtains the best results on all the

data sets, which OLISF -rand obtains the worst results. The observation validate

the results in Table 5.4.

To further examine the performance of these four algorithms, Fig. 5.6 shows

the performance of the four algorithms with respect to different feature sets.

The OLSF -I algorithm outperforms the other three benchmark algorithms under
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Figure 5.5: Comparison of the four algorithms under online learning setting. We can
observe that OLSF -I obtains the best results on all the 12 data sets because its sparsity
strategy can significantly improve the performance and outperforms the Perceptron
update strategy.
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the same feature sets. In particular, OLSF -I significantly outperforms the others

when the subspace is very sparse, i.e., the parameter B is very small. The results

show that the OLSF -I algorithm can gain better sparsity and OLSF -I performs

well under a sparse feature space. This encouraging result verifies the efficacy

of the proposed algorithms. Compared to OLSF I-all that uses all features for

learning, OLSF -I achieves better results with sparser feature available.

5.5.3 Experiment III: Comparisons with the state-of-the-

art online feature selection algorithms

In this section, we compare the proposed OLSF -I and OLSF -II algorithms with

the Online Feature Selection algorithms (OFS for short) proposed by J. Wang et

al. [132] and its variant OFSP , i.e., OFS with partial feature sets.

The OFS algorithm can access all the features for training and efficiently iden-

tify a fixed number of relevant features for prediction by using a gradient-based

online learning update strategy and an l2-norm projected truncation approach.

OFSP assumes only a partial number of features can be selected based on a

Bernoulli distribution and then used for learning. The original codes of OFS and

OFSP can be obtained online http://OFS.stevenhoi.org/.

In this part, we set the parameter B = 0.1, i.e., we use 10% features for

learning at each round t. The tradeoff parameter C ranges from 10−4 to 104.

OLSF -I and OLSF -II use 50% of the features for learning before 10% training

instances are observed. Then, the algorithm continuously observes additional

10% features at each new data chunk.

Table 5.5 and Fig. 5.7 show the average number of error predictions of the

four algorithms. We can observe that OLSF -I obtains the lowest error rate on the

six data sets. Moreover, OLSF -I significantly outperforms both OFS and OFSP .

When comparing OLSF -II with OFSP and OFS, we can observe that OLSF -

II performs better on the six data sets than OFSP . OLSF -II also outperforms

OFS on four data sets. This is because OLSF -I and OLSF -II have better update

strategies than OFS and OFSP by adding a flexible learning rate τt. We can

also observe that OLSF -I and OLSF -II are more stable because their standard

deviations are significantly lower than OFS and OFSP .
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Figure 5.6: Online classification accuracy with respect to the parameter B. We can
observe that OLSF -I performs the best especially when the feature space is sparse, i.e.,
B is very small.

110



Table 5.5: Comparison with respect to the average number of error predictions.

Algorithms a8a german magic04

OFS 9424.4 ± 2545.8 432.8 ± 13.6 6023.4 ± 1342.3
OFSP 16931.0 ± 164.6 589.3 ± 33.9 10274.2 ± 172.1
OLSF -I 9322.7 ± 41.1 318.5 ± 7.3 5858.4 ± 29.6
OLSF -II 10709.3 ± 56.0 348.7 ± 11.6 5917.9 ± 55.9
Algorithms spambase splice svmguide3

OFS 913.1 ± 157.8 735.4 ± 68.3 400.9 ± 66.8
OFSP 1954.2 ± 78.7 1418.1 ± 70.5 701.5 ± 42.5
OLSF -I 616.6 ± 12.2 725.5 ± 18.8 374.2 ± 10.8
OLSF -II 690.7 ± 14.0 748.7 ± 16.0 382.1 ± 11.4
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Figure 5.7: Comparison with respect to the average number of error predictions. We
can observe that OLSF -I and OLSF -II performs better than OFS and OFSP by adding
a flexible learning rate τt.

Furthermore, we compare the online prediction performance in Fig. 5.8. We

can observe that the error rate varies at each iteration, where the curves of OLSF -

I and OLSF -II descend much faster than those of OFS and OFSP and eventually

become stable with better results.
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Figure 5.8: Comparison with respect to online prediction. We can observe that the
curves of OLSF -I and OLSF -II descend much faster than those of OFS and OFSP and
eventually become stable with lower error rates.
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Table 5.6: Comparison with respect to the average number of error predictions (B =
0.001).

Algorithms rcv1 URL

OLSF -I 239582.0±1104.2 599352.0±8888.1
OLSF I-all 235280.8±1459.4 607019.6±8051.6
OLSF I-rand 482310.1±443.5 1520743.8±12546.3
OLSF I-per 329572.6±1113.5 602546.8±9063.3

5.5.4 Experiment IV: Applications to real-world trape-

zoidal data streams

In this part, we evaluate the performance of the proposed algorithms on two

real-world data streams. The data sets can be downloaded online [15].

The task of the URL dataset [86] is to detect malicious URLs from Webpage

streams using lexical and host-based features of URLs. In the task, URLs arrive

continuously as streams, where each URL carries lexical and host-based features

that we have never seen before. The purpose is to continuously learn a URL clas-

sifier that can identify malicious Webpages from normal ones. Thus, the learning

problem can be formulated as online learning from trapezoidal data streams. The

task of rcv1 text classification is to categorize the JMLR articles into different

groups. Because new articles are published continuously with new research topics,

the problem can be also defined as online learning from trapezoidal data streams.

Table 5.6 shows the experimental results of the average number of error pre-

dictions of the four algorithms. We set the parameter B = 0.001. The tradeoff

parameter C = 0.1. From the results, we can observe that OLSF-I that uses only

0.1% features performs similarly to OLSF-all that uses all the features on rcv1

dataset. Fig. 5.9 shows the performance of the algorithms with respect to the

number of training instances when B = 0.01, i.e., using 1% features to learn. We

can observe that OLSF -I, OLSF -all, OLSF -per converge fast when the number of

training instances increases. Moreover, OLSF -I performs better than the other

three algorithms and converges to the lowest error rates.
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5.5.5 Discussions

Multi-class classification. There are two methods One vs Rest and One vs

One [120] that can extend the proposed algorithms to multi-class classification

by converting the problem to be multiple binary classification problems [7]. For

a c-class problem in One vs One, it often requires to build c(c − 1)/2 binary

classifiers. From the model formulation perspective, we can directly extend the

vector-based models to matrix-based models.

Semi-supervised classification. In many applications, labels are provided

only for a few data points [128] [153]. Here, pseudo-labels can be used to enlarge a

labelled training set. Specifically, we can use the classifiers trained from labelled

examples to predict class labels (pseudo-labels) of unlabelled examples. Then,

a semi-supervised learner can be built from both labelled and pseudo-labelled

examples.

5.6 Conclusions

In this chapter we studied a new problem of online learning from trapezoidal

data streams where both data volume and feature space increase by time. We

proposed a new Online Learning with Streaming Features algorithm (OLSF ) and

its two variants OLSF -I and OLSF -II as the solution. Theoretical and empirical

analysis have shown the performance of the proposed algorithms.

114



10
2

10
4

10
60.3

0.4

0.5

0.6

0.7

0.8

0.9

1

# of instances

R
at

e 
of

 e
rr

or
s

 

 

OLI
SF

−per

OLI
SF

−all

OLI
SF

−rand

OL
SF

−I

(a) rcv1 text classification

10
2

10
4

10
60.3

0.4

0.5

0.6

0.7

0.8

0.9

1

# of instances

R
at

e 
of

 e
rr

or
s

 

 

OLI
SF

−per

OLI
SF

−all

OLI
SF

−rand

OL
SF

−I

(b) URL data set

Figure 5.9: Performance on real trapezoidal data streams(B = 0.01).
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Part IV

Dynamic implicit social

recommendation
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Chapter 6

Online dynamic implicit social

recommendation

6.1 Introduction

Social recommendation is an everyday process that frequently touches people’s

lives. A general and dynamic social recommendation which can make timely

and accurate personalized recommendations is urgently needed. The quicker the

recommender system responds, the greater the likelihood that it will identify the

user’s current preferences and needs. For instance, after a user books a flight,

hotels and places of interest in the destination city should be recommended to the

user in a timely fashion. Also many recommendations should be given to users

in advance due to capacity and budget issues, such as hotel recommendations

which should be provided several days or months in advance so as to allow the

user sufficient time to choose and book a hotel in a lower price. However there

are still three main challenges in this area.

The first one is the drift of a user’s preferences and needs over time. A recom-

mender system needs to capture users’ dynamic preferences and needs rapidly and

deliver the right recommendations at the right time[162]. For instance, if the user

has recently become pregnant, her preferences are likely to change dramatically

to baby-related goods such as toys, buggies and car seats.

The second challenge is how to obtain the latent dynamic core social networks
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Figure 6.1: The framework of the General Online Dynamic Social Recommendation
method. When a new record (usern, itemn, tn, rn) arrives, we first find out whether
a new user or/and new item has appeared or not. If the answer is yes, we go to
the extension and initiation step, otherwise we go to the loss calculation step directly.
Then, if it suffers loss in this current record, we go to the update step to improve the
model, otherwise we skip this record and go to the next loop with the following new
record.

of users. A core social network is different from the general explicit social net-

work, as it only contains the very close friends of the users who truly influence

him. However, this is difficult to obtain since it is dynamic and implicit. For

instance, supposing a user has recently moved to a new city, it is natural for him

to ask for recommendations from his friends in the new city rather than other

people. But this change is difficult to reflect in the whole large explicit social

network which contains a large amount of redundant information and noise. If

we consider the whole explicit social network, it will divert much attention from

the network of real influence and harm the final performance. On the other side,

most disclosed social data are normally binary decision values, e.g. whether two

118



people are friends or not, so the strength of their relationship is missing [35]. Also

many signals of user’s preferences are implicit [36], such as watching a video or

clicking on a link, like Google News [23]. The complete core social network with

weights is important for a social recommendation model and would improve the

recommendations significantly.

The last challenge is how to deal with new users and new items which appear

in the system. In reality, this problem is unavoidable. New users and new items

enter the recommender system continuously, so how to involve them and how to

handle this problem smoothly must be considered.

However, to the best of our knowledge, currently there is no research that

tries to address these challenges simultaneously. Most of the existing research

either builds a general model in a sample scenario such as ignoring the dynamic

nature of the system and the problem of new users and items, or only focuses on

some specific fields, such as dynamic restaurant recommendation [17] and timely

news recommendation [23].

To this end, in this chapter, a novel General Online Dynamic Social Recom-

mendation(GODSR) model is proposed to address these challenges simultane-

ously and effectively. Specifically, we combine network inference, online learning

and collaborative filtering together in an iterative process. By inferring the latent

dynamic core social networks from cascade data, identifying the drift of a user’s

preferences and involving new users and items in the online learning process, it

reacts rapidly and make accurate recommendations to users when new data ar-

rive. We illustrate the framework of the proposed model in Fig. 6.1. Experiments

on three real-world datasets demonstrate the effectiveness of the proposed model

compared with other state-of-the-art solutions.

The main contributions of the chapter are as follows:

1) We study a new problem of online dynamic social recommendation with

latent core social networks, which addresses the concerns of the continuous

drift of a user’s preferences and needs, the dynamic core social network of

users and the problem of newly appearing users and items to make timely

and accurate recommendations.

2) We propose a new General Online Dynamic Social Recommendation method
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which combines network inference, online learning and the collaborative fil-

tering techniques together in an iterative process to make timely and ac-

curate recommendation. It addresses the three aforementioned concerns

simultaneously and effectively, which is different with most current re-

searchers that tried to design the methods in a defined specific scenario.

3) We use two real-world datasets (Zomato and Douban movie data) we crawled,

and the public MovieLens dataset to evaluate the performance of the pro-

posed model. Experiments show that the proposed model outperforms the

state-of-the-art solutions on these three real-world datasets.

The rest of this chapter is organized as follows: Section 6.2 introduces the de-

tails of the problem setting, and Section 6.3 introduces the algorithm. Section 6.4

describes the experiments and Section 6.5 concludes this chapter.

6.2 Problem setting

In this section, we consider the general online dynamic social recommendation

problem. The records of users’ actions appear one by one over time in the online

learning scenario. We denote each record as a tuple (usern, itemn, tn, rn), n =

1, 2, . . ., which represents that usern rated itemn at time tn with the rate of rn.

n = 1, 2, . . . is the index of the record. Users and items can appear repeatedly. tn

is the time of the n-th record. Since we are not concerned about the specific time

but the relative time of the records, we set t1 = 0 and tn < tn+1, n = 1, 2, . . ..

rate rn are normally positive numbers that in [0, 5].

Historical data from a long time ago has little contribution to current recom-

mendations, so we only use observations over a limited time period. Assume the

observation window is [0, T ], thus tn ∈ [0, T ], n = 1, 2, . . .. The records of the ob-

served action time stamps by users on a certain item, such as item j, constitute to

a cascade data c(j) = [(u
(j)
1 , t

(j)
1 ); (u

(j)
2 , t

(j)
2 ); . . . ; (u

(j)
nj , t

(j)
Nj
)] where Nj is the length

of the cascade. u
(j)
p , p = 1, . . . , Nj is the i-th user that rated item j at time t

(j)
p ,

and t
(j)
p ≤ t

(j)
p+1 is always satisfied. Assume at the end of the observation window,

i.e. at time T , there are N users and M items appeared in total. Thus there are

M cascades in total, i.e. C = {c(1), . . . , c(M)}. The length of each cascade can be
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smaller than N because not all users rated the related item, or it can be larger

than N since same user can rate a certain item at different times. Appropriately

lengthening the observation window T increases the number of observed actions

in a cascade c(j) and results in a more representative sample of the underlying

dynamic networks [105].

Our goal is to build a social recommendation model to make timely and accu-

rate recommendations and to address the three concerns previously raised, these

being: the drift of a user’s preferences and needs, the dynamic core social net-

works of users and the problem of newly appearing users and items.

6.3 General online dynamic social recommenda-

tion

In this section, we describe our general online dynamic social recommendation

algorithm. During the observation window [0, T ], the records of the actions

taken by users to the related items appear one by one. When a new record

(user i, item j, tij, rij) arrives, we expect a small difference between the real rate

rij and predicted one r̂ij = UT
i Vj where Ui, Vj are the latent feature vectors of

user i and item j respectively. We assume K is the dimension of the latent fea-

ture space, so Ui, Vj ∈ RK×1. The smaller the difference, the more accurate the

recommendation. By defining function FL = |rij − r̂ij|, a reasonable loss function

can be

L(user i, item j, rij) =

⎧⎨
⎩0, if FL ≤ ε

1, if FL > ε
(6.1)

where ε is a threshold value to control the strictness of the algorithm.

With the loss function, two main problems need to be addressed. The first

one is how to update the parameter matrix, i.e. user feature matrix U , item

feature matrix V and core social network matrix A, when a new record arrives

without new users and new items. To address this problem, we adopt the idea

of the probabilistic generation method to infer the implicit core social network

and update the low-rank user matrix and item matrix by following the idea of

the collaborative filtering approach. The second problem is when a new user
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Algorithm 6 GODSR Algorithm

Require:
K: Latent feature space dimension parameter;
λ1, λ2, λ3, λ: Tradeoff parameters and learning step size;
ε: Threshold parameter for loss function

Ensure:
U∗, V ∗, A∗: User matrix, item matrix and Social network matrix;

1: Initialize U (0) = Φ, V (0) = Φ and A(0) = Φ, where Φ
is the empty matrix;

2: For n = 1, 2, . . . do
3: receive data: (usern, itemn, tn, rn)
4: if itemn is a new item
5: extend V (n−1) to V (n) = [V (n−1), 1K ]

6: record the index of the itemn as j = N
(V )
n

7: else
8: find the index j of itemn

9: endif
10: if usern is a new user
11: extend U (n−1) to U (n) = [U (n−1), 1K ];
12: extend A(n−1) to A(n) with Eq. (6.14)

13: record the index of usern as i = Nn
U in H

(j)
U

14: record time tn as the latest record of useri
rated itemj in H

(j)
T ;

15: else
16: find the index i of usern
17: endif
18: calculate loss: Ln = L(rn, Ui, Vj)
19: if suffer loss, i.e. Ln > 0
20: update Ai with Eq. (6.8)
21: update Ui with Eq. (6.12)
22: update Vj with Eq. (6.13)
23: endif
24: endfor
25: return U∗ = U (n), V ∗ = V (n), A∗ = A(n);

or/and a new item appears with the coming record, how to involve them in

the recommender system. To address this problem, we dynamically extend the

three matrices, U, V,A, by adding the related latent user/item feature vector and

network influence weight vector to the matrix and update them continuously.
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The pseudo-codes for the GODSR algorithm are given in Algorithm 6 and the

complexity analysis is provided in Section 6.3.3. The three main matrices, user

matrix U ∈ RK×N , item matrix V ∈ RK×M and social network matrix A ∈ RN×N

are initialized as an empty matrix firstly, where K is the dimension of the latent

feature space. N and M are the total number of users and items which appear

at the end of the observation respectively. In the following, we firstly overview

the general online update strategies, and then discuss the strategy taken in the

scenario when a new user or/and a new item appears.

6.3.1 Online update strategy

We first consider the general scenario that neither a new user nor a new item

appears when the n-th record (usern, itemn, tn, rn) arrives. Assume the indexes

of usern and itemn are i and j respectively, the n-th record can be rewritten

as (user i, item j, tij, rij). Then, we go to the specific update strategies of the

three matrices, core social network matrix A, user matrix U and item matrix V ,

respectively.

6.3.1.1 Update A

To infer the implicit core social network, we need to consider the pairwise inter-

actions. With the cascade data, we assume that infections can occur at different

rates over different edges of a network, and aim to infer the influence rates be-

tween pairs of users in the network [105]. The influence likelihood between user

p and i depends on the action time pair (tpj, tij) in cascade c(j), and the pair-wise

influence rate Ap,i. A user cannot be influenced by a user who has never appeared

before. In other words, user p who appeared at time tp may influence user i at

time ti only if tp < ti. Following the work of [105], we define the conditional like-

lihood of the influence between user p and user i with the well-known exponential

parametric likelihood function which is shown in Eq. (6.2),

f(tij|tpj;Api) =

⎧⎨
⎩Api · e−Api(tij−tpj), if tpj < tij

0, otherwise
(6.2)
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where Api ≥ 0 is the influence rate between user p and i. If Api → 0, the likelihood

of influence tends to zero and the expected transmission time becomes arbitrarily

long.

When the n-th record (user i, item j, tij, rij) arrives, the users who previously

rated item j may influence user i. We use H
(j)
U = [u

(j)
1 , u

(j)
2 , . . . , u

(j)
Nj
] to record the

indexes of the users who rated item j before time tij and H
(j)
T = [t

(j)
1 , t

(j)
2 , . . . , t

(j)
Nj
]

to record the related time stamps. Nj is the number of the users who have ap-

peared in cascade c(j). We would like to maximize the joint likelihood of between

the historical users H
(j)
U and the current user i in Problem (6.3)

max

Nj∏
p=1

f(tij|t(j)p , A
u
(j)
p ,i

) (6.3)

In combination with Eq. (6.2), the problem is equal to minimizing the following

optimization problem, i.e. Eq. (6.4)

max
A>0

FA =

Nj∑
p=1

((tij − t(j)p )A
u
(j)
p ,i

− logA
u
(j)
p ,i

) (6.4)

We follow the idea of coordinate gradient decent to optimize the related elements

in A. The derivative of A
u
(j)
p ,i

is

∇FA

∇A
u
(j)
p ,i

= tij − t(j)p − 1

A
u
(j)
p ,i

(6.5)

where p = 1, . . . , Nj. The final update strategy for A
u
(j)
p ,i

, p = 1, . . . , Nj is

A
u
(j)
p ,i

=
1

tij − t
(j)
p

(6.6)

Further, we introduce the exponential technique to make it more smooth, i.e.

A
u
(j)
p ,i

=
1

etij−t
(j)
p

(6.7)
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and the final update stratege for A
u
(j)
p ,i

, p = 1, . . . , Nj is

A
(l+1)

u
(j)
p ,i

= A
(l)

u
(j)
p ,i

+
1

etij−t
(j)
p

(6.8)

and the remaining elements of matrix A remain unchanged.

6.3.1.2 Update U and V

For user matrix U and item matrix V , when record (user i, item j, tij, rij) arrives,

we try to shrink the difference between the real rate rij and the estimated rate

r̂ij = UT
i Vj, where Ui is the i-th column of matrix U and Vj is the j-th column

of the matrix V representing the latent feature vector of user i and item j re-

spectively. With the inferred social network A, we also want to make the new

latent feature vector of user i similar to the ones of their close friends’. Following

the idea of collaborative filtering, we update the related feature vectors Ui, Vj by

minimizing the following optimization problem (6.9)

min
Ui,Vj

FR =
1

2
(rij − UT

i Vj)
2 +

λ1

2
‖Ui‖2

+
λ2

2
‖Vj‖2 + λ3

2

NU∑
p=1

Api‖Ui − Up‖2
(6.9)

where NU is the total number of the users who have appeared before time tij

which is also the same as the size of social network matrix A. ‖ · ‖2 is the l2-norm
of the vector. λ1, λ2, λ3 > 0 are tradeoff parameters. The second and third terms

are two regularization terms to avoid overfitting. The last term is the social

regularization term based on the latent core social network inferred above.

Following the idea of the coordinate gradient descent algorithm, we update

Ui with fixed Vj. Problem (6.9) degrades to problem (6.10)

min
Ui

FU =
1

2
(rij − UT

i Vj)
2 +

λ1

2
‖Ui‖2

+
λ3

2

NU∑
p=1

Api‖Ui − Up‖2
(6.10)
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where the problem is convex and consistent with variable Ui, and the derivative

of Ui is shown in Eq. (6.11)

∇FU

∇Ui

=− Vj(rij − UT
i Vj) + λ1Ui

+ λ3

NU∑
p=1

Api(Ui − Up)
(6.11)

Making the derivative equal to zero, we can obtain the update strategy of Ui as

U∗
i =

rijVj + λ3
∑NU

p=1ApiUp

V T
j Vj + λ1 + λ3

∑NU
p=1Api

(6.12)

And the update strategy of Vj is similar to Ui which is shown in Eq. (6.13) directly

by omitting the intermediate steps,

V ∗
j =

rijUi

UT
i Ui + λ2

(6.13)

6.3.2 The scenario with newly appearing users and items

We first consider the scenario when a new user appears, i.e., usern appears for

the first time with the n-th record (usern, itemn, tn, rn). For the historical data,

we assume Nn−1
U users and Nn−1

V items have already appeared. Thus, the learned

user matrix U (n−1) at the last step is in the size of K×Nn−1
U , learned item matrix

V (n−1) is in the size of K ×NN−1
V and learned social network matrix A(n−1) is in

the size of Nn−1
U ×Nn−1

U . When new usern appears, we first initialize the latent

feature vector of the new user with a column vector of one, i.e. extend user matrix

U (n−1) to U (n) = [U (n−1), 1K ] ∈ RK×Nn
U where 1K is a column vector in dimension

of K and all the elements are one and Nn
U = Nn−1

U +1. Further we need to explore

the core social network of the new user. We need to find out which users appear

to influence the new user a lot and how the new user influences the next newly

appearing users. So, we extend the existing network matrix A(n−1) to

A(n) =

[
A(n−1) ONn−1

U

OT
Nn−1

U

1

]
, (6.14)
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where 0Nn−1
U

is a column vector in dimension of Nn−1
U and all the elements are

zero. The size of the square matrix A(n) becomes Nn
U .

On the other hand, when itemn is a new item, we need to initialize the related

latent feature vector of the new item by extending the existing item matrix V (n−1)

with a column of one, i.e. V (n) = [V (n−1), 1K ] ∈ RK×Nn
V where Nn

V = Nn−1
V + 1.

After the extension and initialization of the related matrix, we can adopt the

general update strategy introduced in section 6.3.1 to update the latent feature

vectors and the related core social network of the new users and items.

6.3.3 Complexity analysis

In Algorithm 6, GODSR takes constant time for the initialization (line 1). In the

n-th loop, the record (usern, itemn, tn, rn) arrives. It takes O(Nn−1
V ) to find the

index of itemn (line 4-9) and O(Nn−1
U ) to find the index of usern (line 10-17). In

the loss function calculation, it takes O(K) (line 19). In the update step, it takes

O(Nn
U) to update Ai (line 20), O(K +Nn

U +K ∗Nn
U) to update Ui (line 21) and

O(K) to update Vj (line 22). To sum up, the total worst-case time complexity

of algorithm 6 is O(N ε(N + M + K + K ∗ N)), where N ε is the total number

of records that suffers loss and ε is the parameter for loss function to control

the strictness of the algorithm. Since K  min{M,N}, the complexity can be

simplified to O(N ε(M +N +M ∗N)).

6.4 Experiments

In this section, we describe several experiments conducted to compare the recom-

mendation qualities of our approaches with other state-of-the-art recommenda-

tion methods. We first introduce the details of the datasets and metrics we use.

We then introduce the experimental setup and benchmark methods. Finally, we

compare the performance of the proposed algorithm with respect to MAEs and

RMSEs. All experiments are conducted on a Windows 8 machine with 3.00GHz

CPU and 8GB memory.

Datasets. We evaluate the performance of the proposed GODSR model
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Table 6.1: Performance Comparisons in terms of MAE

Dataset Training online-MF online-SocialMF online-reciprocal GODSR

Douban

40%
2.1626 1.8151 2.4458

1.6312
(24.57%) (10.13%) (33.31%)

60%
2.1483 1.8036 2.4444

1.5422
(28.21%) (14.49%) (36.91%)

80%
2.0191 1.7985 2.4378

1.4929
(26.06%) (16.99%) (38.76%)

Movielens

40%
1.6456 1.5183 1.7103

1.2652
(23.12%) (16.67%) (26.03%)

60%
1.6439 1.4985 1.6924

1.2408
(24.52%) (17.20%) (26.68%)

80%
1.6187 1.4937 1.6734

1.2437
(23.17%) (16.73%) (25.68%)

Zomato

40%
2.4874 2.3380 2.5496

1.9615
(21.14%) (16.10%) (23.07%)

60%
2.4163 2.2395 2.5507

1.9304
(20.11%) (13.80%) (24.32%)

80%
2.3791 2.2021 2.5695

1.7635
(25.88%) (19.92%) (31.37%)

on three real-world datasets, i.e., Douban movie 1, MovieLens 2 and Zomato 3

datasets. Of these, the Douban movie and Zomato datasets were crawled from

the related websites by us while the MovieLens dataset is a public dataset which

is popularly used in the research of recommender systems.

The Douban movie dataset contains the records of users’ actions during the

period from January 2015 to April 2016 on the 100 most popular movies. It

includes 877,572 ratings (1-5) and the time stamp data given by 249,408 users

with a sparsity of 0.0330 which is calculated as 1− nonzero entries
total entries

. The MovieLens

dataset was collected from the MovieLens website during a seven-month period

1http://movie.douban.com
2http://www.grouplens.org/node/73
3https://www.zomato.com
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Table 6.2: Performance Comparisons in terms of RMSE

Dataset Training online-MF online-SocialMF online-reciprocal GODSR

Douban

40%
2.2909 2.0053 2.5360

1.8536
(19.09%) (7.57%) (26.91%)

60%
2.1753 2.0007 2.5386

1.7440
(19.83%) (12.83%) (31.30%)

80%
2.1352 1.9893 2.5241

1.7426
(18.39%) (12.40%) (30.96%)

Movielens

40%
1.9161 1.8902 1.8550

1.3741
(28.29%) (27.31%) (25.92%)

60%
1.9162 1.8970 1.8636

1.3783
(28.07%) (27.34%) (26.04%)

80%
1.9019 1.8876 1.8398

1.3670
(28.13%) (27.58%) (25.70%)

Zomato

40%
2.5987 2.4979 2.6587

2.0589
(20.77%) (17.58%) (22.56%)

60%
2.3681 2.2942 2.6370

2.0671
(12.71%) (9.90%) (21.61%)

80%
2.3264 2.2479 2.6285

2.0334
(12.60%) (9.54%) (22.64%)

from September 1997 to April 1998. The dataset consists of 100,000 ratings (1-5)

from 943 users on 1,682 movies and each user has rated at least 20 movies with

a sparcity of 0.0630. Detailed descriptions of the data file can be found in [51].

The Zomato dataset includes records of 5,336 users’ actions on the most popular

1,012 restaurants in Sydney from September 2008 to April 2016 with a sparsity

rate of 0.0031.

Metrics. We use Root Mean Square Error (RMSE) and Mean Absolute

Error (MAE) as the metrics in this chapter, which are the most popular metrics

used to evaluate the deviation of recommendations from their true user-specified

values. Specifically, they are defined as RMSE =
√

1
Ntest

∑
i,j(Rij − R̂ij)2 and

MAE = 1
Ntest

∑
i,j |Rij−R̂ij| where rij denotes the real rate user i gives to item j,

r̂ij denotes the predicted rate user i gives to item j. Ntest denotes the number of
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rates in the test set. The lower the values of RMSE and MAE, the more accurate

the predictions of the recommendation engine.

Experimental setup. In the general online dynamic social recommenda-

tion algorithm, only historical data but not future data can be used for current

parameter learning. Following [71] [126], we split the training and testing data

based on time and evaluate the performance. Specifically, we sort the entire data

set in normal time order, and use the earlier part (40%, 60%, 80%, respectively)

as the training set and the remaining part as the testing set.

For parameter selection, we choose the best value of K through a grid search

from 5 to 50 in steps of 20. And we choose the best value for the tradeoff

parameters λ1, λ2, and λ3 with grid search in [10−4, 104] with the step of 101. The

learning step size is set to 0.01 empirically and the threshold parameter for the

loss function is fixed as 1.

Benchmark methods. In order to show the effectiveness of our proposed

recommendation approach, we compare the recommendation results of the fol-

lowing methods:

• online-MF is based on the baseline matrix factorization approach pro-

posed in [110], which does not take the social network into account. We

introduce online learning technique to it, turning it to online-MF;

• online-SocialMF is based on the method proposed in [64] which im-

proves the recommendation accuracy of baseline matrix factorization ap-

proach by taking into account the social trust between users. It always uses

all social links available in the dataset. We also introduce online learning

technique to it, make it to online-SocialMF;

• general online with reciprocal is the baseline method which is same

with GODSR except the implicit social network is built with the reciprocal

technique but not the exponential technique.

• GODSR, which is proposed in this chapter, combines the social network

inference, online learning, and collaborative filtering in a joint iterative

process to make timely and accurate recommendations.
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Result comparisons. Table 6.1 and 6.2 list the details of the performance

comparison between the proposed GODSR algorithm and the benchmark meth-

ods. We can observe that our method consistently outperforms the others on

the three datasets. Firstly, we can see our algorithm generates significantly bet-

ter results than the Online-MF method which does not take the social network

into account. There is an average 24.09% improvement in MAEs (max 28.21%,

min 20.11%), and an average 20.87% improvement in RMSEs (max28.29%, min

12.60%) on the three datasets. This observation illustrates that employing social

networks helps to increase the recommendation quality.

Furthermore, our method performs better than Online-SocialMF and Online-

reciprocal. Specifically, the proposed GODSR achieves 15.78% improvement on

average (max 19.92%, min 10.13%) in MAEs and 16.89% improvement on average

(max 27.58%, min 7.57%) in RMSEs compared with Online-SocialMF. Compared

with Online-reciprocal, our method achieves on average 29.57% (max 38.76%, min

23.07%) and 25.96% (max 31.30%, min 21.61%) improvement in MAEs and RM-

SEs, respectively. These observations demonstrate that general online dynamic

social recommendation can explore a user’s preferences and their core social net-

work much more accurately while avoiding the noise contained in explicit social

networks. Furthermore, timely feedback from the recommender system improves

the performance of the recommendations.

Further, we use the method proposed in Chapter II to learn the influence path

among users. Fig 6.2 shows some samples on the three data sets. Confirmed with

the inferred network, we can find the users that in the same influence paths have

higher similarities among them.

6.5 Conclusion

In this chapter, we aim to make timely and accurate recommendations with an

inferred dynamic core social networks and to address the three concerns described

in this chapter: the continuous drift of a user’s preferences and needs, the dy-

namic core social networks of users and the problem of newly appearing users

and items. A new General Online Dynamic Social Recommendation algorithm

is proposed, which combines network inference, online learning and collaborative

131



1429 112 49452484 100
User Id

0.526

0.528

0.53

0.532

0.534

0.536

In
flu

en
ce

 in
te

rv
al

42541274 25 382 4335 112 2799
User Id

0.525

0.53

0.535

0.54

0.545

In
flu

en
ce

 in
te

rv
al

994 92 2558 315 120 912 507
User Id

0.525

0.53

0.535

0.54

0.545

0.55

In
flu

en
ce

 in
te

rv
al

(a) Douban

445 548 822 852 794 441 835 339
User Id

0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

In
flu

en
ce

 in
te

rv
al

234 830 325 197 618 484
User Id

0

0.01

0.02

0.03

0.04

0.05

0.06

In
flu

en
ce

 in
te

rv
al

625 280 883 334 643 650
User Id

0

0.005

0.01

0.015

0.02

0.025

In
flu

en
ce

 in
te

rv
al

(b) Movielens

82 83 84 85 86 87 88 89
User Id

0.527

0.528

0.529

0.53

0.531

0.532

0.533

0.534

In
flu

en
ce

 in
te

rv
al

162 150 163 164 165 166 167 168
User Id

0.5275

0.528

0.5285

0.529

0.5295

0.53

0.5305

0.531

In
flu

en
ce

 in
te

rv
al

1842109146151 56 137420 36 1283047
User Id

0.525

0.53

0.535

0.54

0.545

In
flu

en
ce

 in
te

rv
al

(c) Zomato

Figure 6.2: Examples for influence paths on the three data sets
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filtering in an iterative process. It is different to most of the existing social rec-

ommendation approaches which tried to solve this problem in a defined specific

scenario. Experiments on three real-world datasets demonstrate the effectiveness

of the proposed model compared with other state-of-the-art solutions.
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Part V

Conclusions and future works
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Chapter 7

Conclusions and Future Works

This chapter summarizes the whole thesis and provides some further research

directions.

7.1 Summary

Due to the potential value of social relations [125] [34], social recommendation has

attracted a lot of attention recently in the research communities of information

retrieval [147], machine learning [172] and data mining [99].

Modelling time drifting data is a central problem in social recommendation.

Often, data is changing over time, and up to date modelling should be continu-

ously updated to reflect its present nature. The analysis of such data needs to

find the right balance between discounting temporary effects that have very low

impact on future behavior, while capturing longer-term trends that reflect the

inherent nature of the data[113] [134].

Especially, modelling temporal changes in customer preferences brings unique

challenges. One kind of concept drift in this setup is the emergence of new prod-

ucts or services that change the focus of customers. Related to this are seasonal

changes, or specific holidays, which lead to characteristic shopping patterns. All

those changes influence the whole population, and are within the realm of tradi-

tional studies on concept drift. However, many of the changes in user behavior

are driven by localized factors. For example, a change in the family structure

can drastically change shopping patterns. Likewise, individuals gradually change
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their taste in movies and music. All those changes cannot be captured by meth-

ods that seek a global concept drift. Instead, for each customer we are looking

at different types of concept drifts, each occurs at a distinct time frame and is

driven towards a different direction.

Hence, we propose a new Implicit Social Recommendation model in Chapter

3, which infers latent social network from cascade data. It can sufficiently mine

the information contained in time by mining the cascade data and identify the

dynamic changes in the users in time by using the latest updated social network

to make recommendations. Experiments and comparisons on three real-world

datasets show that the proposed model outperforms the state-of-the-art solutions

in both explicit and implicit scenarios.

Another challenge is how to deal with the continuously appeared new users

and new items in the system. In reality, this problem is unavoidable. New users

and new items enter the recommender system continuously, so how to involve

them and how to handle this problem smoothly must be considered. Most of

the existing research either builds a general model in a sample scenario such

as ignoring the dynamic nature of the system and the problem of new users

and items, or only focuses on some specific fields, such as dynamic restaurant

recommendation and timely news recommendation.

To this end, in this thesis, a novel General Online Dynamic Social Recommen-

dation model is proposed in Chapter 6 to address these challenges simultaneously

and effectively. Specifically, we combine network inference, online learning with

the double-streaming data introduced in Chapter 5 and collaborative filtering to-

gether in an iterative process. In addition, we also apply the unsupervised time

series feature learning algorithm introduced in Chapter 4 to learn the influence

path among users to further explore the core social networks and improve the

performance of the recommendation. By inferring the latent dynamic core social

networks from cascade data, identifying the drift of a users preferences and in-

volving new users and items in the online learning process, it reacts rapidly and

make accurate recommendations to users when new data arrive. Experiments

on three real-world datasets demonstrate the effectiveness of the proposed model

compared with other state-of-the-art solutions.
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7.2 Future Work

As more and more emerged applications of big data involve large volume, high

velocity, and a variety of data sources, social recommendation has drawn and will

continue to draw more and more attention in the research communities. Here,

we outline some social recommendation problems that remains unexplored in the

research community, from the perspective of dynamic social recommendation, as

follows:

• Detecting communities and the evolutions in dynamic social net-

works Although a large body of work is devoted to finding communities in

static social networks, only a few studies examined the dynamics of com-

munities in evolving social networks. Dynamic stochastic block model for

finding communities and their evolution in a dynamic social network should

be explored. Unlike the existing approaches [144] [62] for modelling social

networks that estimate parameters by their most likely values (i.e., point

estimation), the model should capture the evolution of communities by ex-

plicitly modelling the transition of community memberships for individual

nodes in the network.

• Personalized recommendation on dynamic content In Web-based

services of dynamic content (such as news articles), recommender systems

face the difficulty of timely identifying new items of high-quality and pro-

viding recommendations for new users [18]. Feature-based machine learn-

ing approach to personalized recommendation that is capable of handling

the cold-start issue effectively should be further explored. The profiles of

content of interest, in which temporal characteristics of the content, e.g.

popularity and freshness, are updated in real-time manner, and also the

profiles of users including demographic information and a summary of user

activities. Based on all features in user and content profiles, the models

to provide accurate personalized recommendations of new items for both

existing and new users shuold be proposed and can be general and flexible

for other personalized tasks.

• Prediction and recommendation across heterogeneous social net-
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works Social network analysis is a fundamental problem in prediction and

recommendation problem. The key challenge comes from the sparsity of

networks due to the strong disproportion of links that they have potential

to form to links that do form. Most previous work tries to solve the problem

in single network, few research focus on capturing the general principles of

link formation across heterogeneous networks. However, due to the intu-

ition that people make friends in different networks with similar principles

[27], the recommendation across heterogeneous networks should be explored

which will effectively improve the predictive performance.
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