LANGUAGE, STRUCTURE, TIME AWARE
KNOWLEDGE BASE COMPLETION

PRACHI JAIN

DEPARTMENT OF COMPUTER SCIENCE & ENGINEERING
INDIAN INSTITUTE OF TECHNOLOGY DELHI
October 2022



©Indian Institute of Technology Delhi - 2022



LANGUAGE, STRUCTURE, TIME AWARE
KNOWLEDGE BASE COMPLETION

by
PRACHI JAIN

Department of Computer Science and Engineering

Submitted

in fulfillment of the requirements of the degree of Doctor of Philosophy

INDIAN INSTITUTE OF TECHNOLOGY DELHI
October 2022



This dissertation is dedicated to
my loving grandparents
and

my son Arinjay — may you never stop learning.



Certificate

This is to certify that the dissertation titled Language, Structure, Time aware Knowledge
Base Completion being submitted by Ms Prachi Jain for the award of Doctor of Philosophy
in Department of Computer Science and Engineering is a record of bonafide work carried out
by her under my guidance and supervision at the Department of Computer Science and En-
gineering, Indian Institute of Technology Delhi. The work presented in this dissertation has
not been submitted elsewhere, either in part or full, for the award of any other degree or diploma
unless otherwise stated explicitly. In particular, work done in Chapters 4, 5, 6 and 7 were done
jointly with undergraduate students. In each case, the part done by the collaborators appeared

in their respective bachelor’s thesis.

Mausam Soumen Chakrabarti

Professor Professor

Department of Computer Science and Engg.  Department of Computer Science and Engg.
Indian Institute of Technology Delhi Indian Institute of Technology Bombay
New Delhi- 110016 Powai, Mumbai, Maharashtra- 400076






Acknowledgements

“It’s all about the journey, not the outcome.”
Carl Lewis

As I am about to end my past-due PhD journey. I want to look back and extend my gratitude
to all the people whom I met in the course of my PhD, without whom the long journey would
have looked very dull.

I would like to express my deepest gratitude to my advisors Mausam and Soumen for their
guidance and support during my PhD. Mausam’s drive to do high-quality research and a con-
stant push to go beyond the limits always kept me on my toes. His honest critical feedback
always empowered me to be the best I can be. On the other hand, Soumen’s passion for the sub-
ject and ability to pay attention to the minutest of details always kept me motivated and pushed
me to do my best. I have vastly benefited from this unique mix of advisors. In these last two
years, there were times when work life was unavoidably affected by events outside work. I am
so grateful to Mausam and Soumen for caring, understanding, and prioritizing their students’
well-being. Thank you Mausam and Soumen, for patiently being there in this period of my life
and my career and always showering me with the wisest of advice.

I am thankful to Dr Denial Bernhardt and Apoorv Saxena for hosting me for an internship
at Facebook. I would also like to thank Dr Sebastian Riedel, Sara Khodeir, and Gerard Goossen
for their constant feedback and support during the internship.

I also want to acknowledge the TCS PhD fellowship for supporting me financially during
my PhD. I am also thankful to Microsoft Research, Xerox Research, Google Research, IJCAL,
and ACL student travel grants for supporting my travel to numerous conferences at various
points in my PhD. I would also like to acknowledge the administrative staff (especially Rekha
mam and Hemant bhaiya) at the Computer Science Department in IIT Delhi for their continuous
help throughout these years. I was very lucky to have collaborated with some of the brightest
undergraduate students on campus — Shikhar Murty, Kabir Chhabra, Pankaj Kumar, Mukund
Mundhra, Sushant Rathi. I learnt a lot from them.

I would like to thank the organizing committee of the CIFAR Deep Learning + Reinforce-

ment Learning (DLRL) Summer School and the Lisbon School of Machine Learning Summer

11



School (LxMLS) for organizing amazing summer schools. I learned a lot and made good friends
during the summer schools. I would also like to thank them for supporting my travel. I will al-
ways remember the interesting discussions and fun trips with Disha during my time at DLRL
summer school.

I'have made lifelong friends over the last few years — Ankit, Happy, Himanshu and Yashoteja
(aka JHAMP). Thank you for all the laughter, food, and wisdom to keep me moving over these
years. | will always look upto them for any professional or personal advise. There are many
more wonderful friends I made in my PhD — Yatin, Keshav, Vishal, Dilpreet, Jatin, Chandrika,
Deepak, Madhulika, Prajna and Sanchi.

Finally, I would like to express my heartfelt gratitude to my parents for the numerous sacri-
fices they have made to support me and my education. Their unwavering faith always helped me
sail through all the ups and downs of my PhD journey. I would also like to thank my grandpar-
ents, husband, sister, brother and parent-in-laws, without their love, support and encouragement

I would not have achieved this feat.



Abstract

Large Knowledge Bases (KBs) have been built to access a comprehensive collection of facts in
a machine readable automatic format. Although these KBs are large, their coverage is far from
complete. Most relations between entities are found to be missing in many widely-used KBs.
Inference can be used to improve the coverage of such KBs and hence make them more suitable
for practical applications like search, dialogue and question answering. This inference process
is called Knowledge Base Completion (KBC).

In this dissertation, we analyze existing KBC systems and propose various new KBC meth-
ods and models. In particular, we exploit various attributes of KBs — language, structure and
temporal attributes to improve KBC performance. We also extensively study the evaluation of
KBC models and propose fair evaluation policies.

First, we studied different aspects of modeling KB structure and their impact on KBC per-

formance:

* KBC models can be categorized on the basis of the way they represent entities. Matrix
factorization (MF) models have a vector defined for each entity-pair, while tensor factor-
ization (TF) models maintain a vector for each entity. We compared the effectiveness of
the MF and TF paradigms for the general task of KBC. We recognized that special care is
needed to handle out-of-vocabulary entity-pairs when evaluating MF against TF. We also
propose the first fair unified KBC evaluation protocol to compare MF and TF approaches
for KBC.

* Our analysis of KBC models reveals that they often make entity predictions that are in-
compatible with the type required by the relation. For example, DistMult incorrectly pre-
dicts ‘Akira Isida’ (type-person) for the query ‘Chief Phillips (type-film), released_in_region,
?’. We propose an unsupervised typing gadget, which enhances KBC models (like Dist-
Mult and Complex) with type-compatibility checkers. The enhanced models (TypeDM
and TypeComplEx) showed improved KBC performance over the base models. Further
analysis revealed that our models better represent the latent types of entities and their
embeddings also predict supervised types better than the embeddings learned by baseline

models.



While implementing the above models, we found that the norm (L1, L2, or L3) used for reg-
ularization or measuring distances, and the rate of negative sampling used to train the models,
can have significant consequences for KBC accuracy, sometimes overturning conventional wis-
dom about how various models compare with each other. Through our investigation of these
issues, we implemented a very competitive version of ComplEx KB embedding, better than
some follow-up systems.

Next, we study temporal KBs, which associate a relational fact (s, 7, 0) with a valid set of
times (often an instant or interval). We propose TIMEPLEX a Temporal Knowledge Base Com-
pletion (TKBC) model, primarily targeted to the link-prediction and time-interval prediction
tasks. To the best of our knowledge, this is the first work that predicts the time interval in which
the given fact is valid in a general model-independent manner. Also, this is the first work that
proposes a time-aware evaluation strategy for TKBC.

Finally, we study Open KBs where entities and relations are represented via textual schema-
free strings. Open KBC is generally performed using an inference rule corpus. Using linguis-
tic insights, we develop an algorithm —- Knowledge Guided Linguistic Rewrites (KGLR) —
which provides independent verification for statistically-generated Open KB inference rules.
The generated high precision rule corpus eventually helps in improving the KBC task perfor-

mance.
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