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ABSTRACT OF THE DISSERTATION

Multidimensional Analysis of Heterogeneous
Relationships in Internet of Things

by

Lina Yao
Doctor of Philosophy in Computer Science

The University of Adelaide, 2014

The Internet of Things (IoT) describes the evolution from systems linking digital
information to systems relating digital information to real world physical items. In [oT,
real-world objects are being connected to the Internet and interacted with traditional
web entities (images, videos, texts and people in social networks), which complicates
the relationships amongst heterogeneous entities. While it is well understood that [oT
offers numerous opportunities and benefits, it also presents significant technical chal-
lenges. Among them, effective and efficient management of swift growing ubiquitous
things in the boosting IoT is a fundamental challenge facing society and research com-
munity today. The essential prerequisite is efficient acknowledging and analysis of
heterogeneous relationships existing in Internet of Things, and with it, many research

challenges can be pushed forward.

In this thesis, we have systematically explored the principles and developed a series
of methodologies of mining and modeling three types of heterogeneous relationships

existing in Internet of Things.

Implicit mutual correlations of things. We study the problem of discovering im-
plicit correlations among ubiquitous things, which have unique and challenging char-

acteristics (e.g., no uniform features, diverse, and dynamic). We explore explicit user

vi



interactions with things and develop two graph-based models, namely T-DisCor and
T-DisCor+, for discovering latent correlations among things over graphs induced from
thing usage events via modeling the contextual information and entity relationships
respectively. We demonstrate how the discovered correlations of things can contribute
to solving a number of important applications on things management. In particular, we
develop an effective and flexible feature-based method for annotating things based on

the outcome of our proposed approach.

Relationship between things and its attributes. We investigate the problem of ex-
ploiting relationships between ubiquitous things and their different attributes, we pro-

pose multiple approaches:

e Thing’s semantic labels. We propose a semi-supervised learning framework for
multi-label classification, which fully considers objects mutual affinity, semantic
label correlation, coupled by thing-label assignment relationships for effective

semi-supervised classification.

e Thing’s social tags. We explore social tags for web object classification by de-
veloping a tag-centric, unified and discriminative classification framework. We
not only use social tags conveying partial and latent information about the web
objects as a novel evidence to facilitate classifying objects on the web, but also

exploit the relative information among tags.

e Thing’s availability. We propose an algorithm to estimate the availability of
things so that those with higher availability can be selected and delivered in

applications such as things composition.

Interactive relationship between people and things. Things recommendation is a
crucial step for promoting and taking full advantage of Internet of Things, where it

benefits the individuals, businesses and society on a daily basis in terms of two main
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aspects. On the one hand, it can deliver relevant things (things have similar function-
alities that users might need) to users based on users preference and interest. On the
other hand, it can also serve to optimize the time and cost of using [oT in a particular
situation. Physical things in reality have multiple unique attributes. We propose two

novel approaches to explore things recommendation problem.

e We propose a probabilistic matrix factorization based joint model to address
things recommendation problem in Internet of Things. We fuse information
from users social networks and things correlation networks, by learning shared
latent factors stemming from the probabilistic matrix factorization on three ma-
trices, namely users relations, things correlations, and observable things usage

interactions.

e We propose a novel approach that unifies collaborative filtering and content-
based recommendations. In particular, our approach considers simultaneously
both rating data (e.g., QoS) and semantic content data (e.g., functionalities) of
services offered by things using a three-way aspect model. Unobservable user
preferences are represented by introducing a set of latent variables, which is

statistically estimated.

For each of model and approach, we have conducted extensive experiments to val-
idate and evaluate it using either public data set or datasets generated from an environ-

ment we built.

The studies presented in this dissertation lead to a series of models and real-world
applications, including things classification, things clustering and things recommenda-

tion. Some open research directions are also discussed in the dissertation.
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