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Core research questions

« How to support the user in navigating the
iInformation space?

 Search goals can be poorly defined. How to
understand the user’s search intent?

 Information needs are dynamic. How to adapt
with the user?



Approach

 Build practical information retrieval systems for
exploratory search using reinforcement learning

e Draw insights from user studies to understand
user behaviour and fine tune the system

« Draw insights from user behaviour to improve
user modelling (and iterate ...)



intelligent user interfaces Ignite!
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Human-machine interaction through an intelligent user interface based on
Contention Architecture
A Agah, K Tanie (RO-MAN '96 - 5TH IEEE INTERNATIONAL WORKSHOP ON ROBOT AND HUMAN
COMMUNICATION, PROCEEDINGS, 1996-01-01T00:00:00)
human-machine interaction  intelligent user interface

human-computer interaction  software agents

graphical user interface  agent  user interface
A new approach to the utilization of intelligent control to the enhancement of an interface for huma...

& Research on interaction-modes of user interface and development trend
X Fang, L Fang, B Z Zhou (APPLICATIONS OF DIGITAL TECHNIQUES IN INDUSTRIAL DESIGN
ENGINEERING-CAID&CD' 2005, 2005-01-01T00:00:00)

inte[ﬁgenl user human-computer interface  user interface  interaction style  speechrecognition  wirtual multimodal  interface
interface object ) Jassociative memory, interaction design  manipulator  multimodal user interface  human-computer interaction  multimedia
I N uman computer E user m ol computer interface
interaction — T “In the past half century, the human-computer interface style has gone through command language
B . interface, direct manipulation interface, Graphics User Interface, multimedia user interface, etc. main
ﬁngerprtnt user interface stage and is progressing in the direction of virtual reality and multimodal user interface at present.
L What's more, someone predicts that the automatic speech recognitiom technology can change the key fields
adaptlve user of technolegy in the future. This text sketches several kinds of commonly used human-computer
modelll'ng interaction forms, probes into the design principles of ideal human-computer interface, and looks
forward to the human-computer interactiom in the future.
=iy | Single robot - Multiple human interaction via intelligent user interfaces
dEiorEblit) $ * S Kumar, A Sekmen (KNOWLEDGE-BASED SYSTEMS, 2008-01-01T00:00:00)
. . human-robot interaction  mobile robots  navigation  graphical user interface  intelligent user interface  robotics
_navigation interface  interaction design learning userinterface  adaptivity
This project addresses some research issues concerning design of intelligent user interfaces for imp...
systems 1" Fingerprint identification for enhanced user interface and for secure internet

human computer interaction
':‘ adaptive user modelling
biometrics

fingerprint

user interface

intelligent user inte:

+ user interfaces

services

K Uchida (IEICE TRANSACTIONS ON INFORMATION AND SYSTEMS, 2001-01-01T00:00:00)

biometrics  fingerprint  user interface  networked services  interface  interaction  object

human-machine interaction

This paper discusses an application of fingerprint identification technolegy to enhanced human-machine
interaction, and alse to information systems, specifically teo a mobile authentication terminal for
secure networked services and to digital appliances. A “"Fingerprint User Interface (FpUI)." exploits
information regarding not only who put a finger oil its sensor but which specific finger it was. With
this user-friendly interface, a user can assign commands, data objects, status, or personalized settings
to individual fingers. A functional architecture for a mobile authenticatien terminal, ''Pocket-PID,"
with fingerprint identification capability is proposed which features: anm easy-to-use FpUI and high
security, where the identification function is totally enclosed within the unit. This enables a user's
identity authenticated without any. possibility of actual fingerprint data. being disclosed. The
rocket-PID facilitates implementation of networked services based on secure biometric user
identification.

Glowacka et al. Ul 2013, Kangasraasio et al. [Ul 2015, Kangasraasio et al. UMAP 2016
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A Brief Review of Data Mining Application Involving Protein Sequence Classification
& Authors: Suprativ Saha, Rituparna Chaki & Venue: arXiv

Data mining techniques have been used by researchers for analyzing protein sequences. In protein analysis, especially in protein sequence classification, selection of feature is most important.

New Sequence Sets with Zero-Correlation Zone o
& Authors: Xiangyong Zeng, Lei Hu, Qingchong Liu & Venue: arXiv

A method for constructing sets of sequences with zero-correlation zone (ZCZ sequences) and sequence sets with low cross correlation is proposed. The method is to use families of short

Approximation of Classification and Measures of Uncertainty in Rough Set on Two Universal Sets »
& Authors: B. K. Tripathy, D. P. Acharjya & Venue: arXiv

The notion of rough set captures indiscernibility of elements in a set. But, in many real life situations, an information system establishes the relation between different universes. This gave the

Comparing Pattern Recognition Feature Sets for Sorting Triples in the FIRST Database =
& Authors: D. D. Proctor & Venue: arXiv

Pattern recognition techniques have been used with increasing success for coping with the tremendous amounts of data being generated by automated surveys. Usually this process involves

The dependence of the abstract boundary classification on a set of curves I: An algebra of sets on bounded "
parameter property satisfying sets of curves

& Authors: B. E. Whale & Venue: arXiv
Remarks on small sets related to trigonometric series "

& Authors: Tomek Bartoszynski, Marion Scheepers & Venue: arXiv

We show that several classes of sets, like N_0-sets, Arbault sets, N-sets and pseudo-Dirichlet sets are closed under adding sets of small size.

Athukorala et al. CIKM15, Athukorala et al. IUI16, Medlar et al. SIGIR16, Medlar et al. IUI17



Why Reinforcement Learning?

» Generic framework for building user model
over a search session

 Allows a system to balance exploration and
exploitation

— Users are not trapped in a local context bubble
based on the initial query

— Users exposed to more diverse set of data
— Harder problem than expected ....



Balancing Exploration/Exploitation

 Implicit feedback (Athukorala et al. CIKM15)

— Model the relationship between exploration rate and
number of relevant documents

— Offline — one exploration rate for population

o Explicit feedback (Medlar et al. IUI17)

— Model the relationship between exploration rate and
user experience

— Online — personalised exploration rate based on
Interaction data



Balancing Exploration/Exploitation

* Too low — stuck in context bubble, too high -
results appear random ... but this is subjective

* \We want to model the relationship between
the exploration rate and user experience

* Novel approach based on interval regression



Study Design

o Simulations: exploration rates to show
different numbers of “exploratory” documents

o User study: MSc/PhD researchers in Machine
Learning, 5 ML queries using different
exploration rates

 Analysis: modelling combined with qualitative
analysis of user performance data
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Can we build a regression model to
adjust the exploration rate per user
per session?



Setting Exploration/Exploitation with
Explicit Feedback

Ordinary regression fits a model based on linear relationships
between response and explanatory variables...




Setting Exploration/Exploitation with
Explicit Feedback

Ordinary regression fits a model based on linear relationships
between response and explanatory variables, buty is a
parameter, we do not observe it!




Setting Exploration/Exploitation with
Explicit Feedback

Run experiments with random y and collect user feedback. For
some users, y was , for others y was




Setting Exploration/Exploitation with
Explicit Feedback

Don't know "true" vy, but if ,"true" y will be in interval
[0, y] and if ,"true” y will be in interval [y, o]




Setting Exploration/Exploitation with
Explicit Feedback

Fit model over censored intervals and then make predictions as
normal!




Balancing Exploration/Exploitation
with User Experience

» Users state document
diversity preferences relative
to random exploration rate

* Three user interaction
variables (knowledge level,
Interface time, clicked
documents)

 Prediction consistent with
user feedback in 80% of
cases (Medlar et al. 1UI17)

Predicted exploration rate

1.25+

1.00 -

0.75 -

0.50 -

0.25 -

0.00- »
v

More diverse

* More specific

/

I
0.00

I I I I
0.25 0.50 0.75 1.00
Experimental exploration rate




Analysing User Behaviour In
Exploratory Search

 Building new IR systems will only get us so
far...

* Need to develop a better understanding of
user behavior to improve user modelling

— Is exploratory search different from lookup
search?

— How reliable is relevance feedback (assume users
know what they want and are consistent)



User Behaviour In

Exploratory Search vs. Lookup Search

e People behave differently when performing
exploratory and lookup searches (Athukorala et al.
JASIST16): longer queries, more scrolling, longer
search sessions, more clicks, etc.

 Differences are
predictive: simple
classifier predicts i ) (mishee )
exploratory/lookup with = o
81% accuracy (amiaion s | EEEEEEEE B S

(Athukorala et al. IUI16). o=

Exploration = 0 Exploration = 1



SCIENTIFIC LITERATURE
AND ARTICLE STRUCTURE



Motivation

« We perform exploratory search
user studies on scientific literature

 Full-text retrieval has higher recall

(and lower precision) over searching

bibliographic records (title, abstract,
etc.)

 Could using abstracts for retrieval
Impact experimental results?
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Solution of Peter Winkler's Pizza Problem gz E
& Authors: J “ibulka, Jan Kynél, Viola Mészaros, Rudol 2
& Venue: arX iter Science EDate: 22/12/2

Bob cuts a pizza into slices of not necessarily equal size and shares it with Alice by alternately
taking turns. One slice is taken in each turn. The first turn is Alice's. She may choose any of the
slices. In all other turns only those slices can be chosen that have a neighbor slice already
eaten. We prove a conjecture of Peter Winkler by showing that Alice has a strategy for
obtaining 4/9 of the pizza. This is best possible, that is, there is a cutting and a strategy for Bob
to get 5/9 of the pizza. We also give a characterization of Alice's best possible gain depending
on the number of slices. For a given cutting of the pizza, we describe a linear time algorithm
that computes Alice’s strategy gaining at least 4/9 of the pizza and another algorithm that
computes the optimal strategy for both players in any possible position of the game in
quadratic time. We distinguish two types of turns, shifts and jumps. We prove that Alice can
gain 4/9, 7116 and 1/3 of the pizza if she is allowed to make at most two jumps, at most one
jump and no jump, respectively, and the three constants are the best possible.

How to eat 4/9 of a pizza gz E
& Authors: ke <nauer, Piotr k ten Ueckerdt
& Venue: arXiv Computer Science ffiDate: 8

Given two players alternately picking pieces of a pizza sliced by radial cuts, in such a way that
after the first piece is taken every subsequent chosen piece is adjacent to some previously
taken piece, we provide a strategy for the starting player to get 4/9 of the pizza. This is best
possible and settles a conjecture of Peter Winkler.

A Bloom filter based semi-index on $q$-grams gzn E
& Authors: Szymon G v Robert Susik, Marcin R zewski
& Venue: arXiv Computer Science [ Date: 10

We present a simple $g$-gram based semi-index, which allows to look for a pattern typically
only ina small fraction of text blocks. Several space-time tradeoffs are presented. Experiments
on Pizza & Chili datasets show that our solution is up to three orders of magnitude faster than
the Claude et al. \cite{CNPSTjda10} semi-index at a comparable space usage.

Graph sharing games: complexity and connectivity gz m

& Authors: J ibulk

& Venue: arXiv fDate:

We study the following combinatorial game played by two players, Alice and Bob, which
generalizes the Pizza game considered by Brown, Winkler and others. Given a connected graph
G with nonnegative weights assigned to its vertices, the players alternately take one vertex of G
in each turn. The first turnis Alice's. The vertices are to be taken according to ane (or bath) of




Abstracts vs. full-text

 Bioinformatics: article sections
(e.g. results) besides abstract
provides better representations
of certain biological concepts

and Arlene Casey
dinbssegh
Al Casey@sms.edac.uk
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Research Questions

RQ1: How well do abstracts represent the full-text of a paper
In different CS subfields?

RQ2: If there are differences between subfields, could this
Impact (perceived) retrieval performance?



Data preprocessing

8] computer Science Subjectare X+

35,137 CS papers from arXiv (2007-mid 2015) C 0 0 e B "o -
@ Cornell University i Simces PN Al TR AT ot
23% papers associated with > 1 category (40 arXiv
possible author-assigned categories)

arXiv CoRR / Computer Science Subject Areas and Moderators

Computer Science Subject Areas and Moderators

Extracted 6.7 sections per article (SD = 2.7)

subjects listed below and by using the 1938 ACM Computing Classification System. The ACM classification scheme
provides us with a relatively stable scheme that covers all of computer science. The subject areas are not
mutually exclusive, nor do they (yet) provide complete coverage of the field. On the other hand, we hope that
they better reflect the active areas of research in C5. We expect to add more subject areas and subdivide current

Classify sections as abstract, introduction, R ity sk i kg e A
backg rou nd related Work methods resu |tS Al - Artificial Intelligence - Diego Calvanese, Julien Corman, and Ognjen Savkovic

Covers all areas of Al except Vision, Robotics, Machine Learning, Multiagent Systems, and Computation and
d I d b k tt Language (Natural Language Processing), which have separate subject areas. In particular, includes Expert
iscussion, conclusions and back matter St s vt pkoogh etk nap v iAo Cunpais Ve Kowvldis
Representation, Planning, and Uncertainty in Al. Roughly includes material in ACM Subject Classes 1.2.0, 1.2.1,
123,1.24,1.2.8,and 1.2.1

CC - Computational Complexity - Christopher Umans

Classified 53% of sections based on headings

bounds. Roughly includes material in ACM Subject Classes F.1 (computation by abstract devices), F.2.3 (tradeoffs

H 0 H among complexity measures), and F.4.3 (formal languages), although some material in formal languages may be
at occurred at least twice (35% of headings

but is more likely to have Data Structures and Algorithms as the primary subject area

.
were uniqu e) G- ComputationalGeametry-Kevin Buchin,ff Ercksan

Roughly includes material in ACM Subject Classes 1.3.5 and F.2.2

CE - Computational Engineering, Finance, and Science - Paolo Blentinesi

oy - -
CI asslfled 3 3 SeCtIOnS e r artl Cle SD — 1 2 Covers applications of computer science to the mathematical modeling of complex systems in the fields of
. - . science, engineering, and finance. Papers here are interdisciplinary and applications-oriented, focusing on

techniques and tools that enable challenging computational simulations to be performed, for which the use of

supercomputers or distributed computing platforms is often required. Includes material in ACM Subject Classes
1.2,).3, and J.4 (economics).

CL - Computation and Language (Computational Linguistics and Natural Language and Speech Processing)
(subsumes cmp-ig) - Stuart Shieber

Covers natural language processing. Roughly includes material in ACM Subject Class 1.2.7. Note that work on
artificial logics, formal systems) that does not explmtlyaurlress
natural-language Issues broadly :onstrued (r I-1 processing, 3
speech, text retrieval, etc.) is not appropriate for this area.

CV - Computer Vision and Pattern Recognition - David Forsyth

Covers image processing, computer vision, pattern recognition, and scene understanding. Roughly includes
material in ACM Subject Classes 1.2.10, 1.4, and I.5.

CY - Computers and Society - Aylin Caliskan



Representation

* Full-text and sections represented
using probabilistic topic models

— Topic model inferred from full-
text + used to predict
Individual sections (100 topics)

— Multi-sections merged using
element-wise summarisation

: P(i)
and normalised )

D (PIQ) = ) P(i)log, (@

* Representativeness metric

— KL divergence: two discrete
probability distributions, P and
Q, "how much information is
lost when Q is used to
approximate P"



Abstract representativeness Is
subfield-specific
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Abstract representativeness Is
subfield-specific

* The degree to which abstracts
represent the full-text is subfield-
specific

(less
representative abstract) appear to
be more theoretical...

 Lower mean KL divergence (more
representative abstract) appear to
be more applied...

» Theoretical abstracts tend to be
shorter, but KL divergence is not
correlated with abstract length (R?
=0.003, p< 2.2 x 10°16)
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Abstract representativeness Is
correlated with retrieval performance

* What is the impact on retrieval?

o
(=2}

— Generate queries that T n
disproportionately favour specific b
subfields (most informative features °]
from multi-class SVM, removed
duplicates, manually removed junk)

Average Precision@100
o o
= [4)]
© /
/ e}

o
w
F

/

— 1,257 queries (33.1 per category, SD ] N
=14.5) =

o
o

— Retrieve top-100 results using full- . -
text and abstracts - calculate
precision@100

* Precision@100 negatively correlated
with KL divergence (R>=0.38, p = 3.65
x 107)



Section-wise representativeness captures
domain structure

* Are these trends random, or related
to some underlying structure?

HE N
— Calculate KL divergence between all
8 sections and full-text

— Do hierarchical clustering
(complete-linkage clustering with
Euclidean distance)

« Theoretical and applied subtrees,
deeper subtrees make sense

» Obvious errors explained by high
variance (e.g. Operating Systems) or
corpus bias (e.g. Networking and
Internet, 23% associated with
Information theory as well)




Questions?



