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Abstract

Traditionally information retrieval (IR) researchash focussed on a single user
interaction modality, where a user searches tosfgain information need. Recent
advances in both web technologies, such as thaldeciveb of Web 2.0, and computer
hardware, such as tabletop interface devices, &iaabled multiple users to collaborate on
many computer-related tasks. Due to these advdhessis an increasing need to support
two or more users searching together at the same, tin order to satisfy a shared
information need, which we refer to @gnchronous Collaborative Information Retrieval

Synchronous Collaborative Information Retrieval [BCrepresents a significant
paradigmatic shift from traditional IR systems. drder to support an effective SCIR
search, new techniques are required to coordinsgéesuactivities. In this chapter we
explore the effectiveness of sharing of knowledggolicy on a collaborating group.
Sharing of knowledge refers to the process of pgsslevance information across users,
if one user finds items of relevance to the setask then the group should benefit in the
form of improved ranked lists returned to each cear.

In order to evaluate the proposed techniques walatmtwo users searching together
through an incremental feedback system. The simualaissumes that users decide on an
initial query with which to begin the collaboratigearch and proceed through the search
by providing relevance judgments to the systemrandiving a new ranked list. In order
to populate these simulations we extract data fitben interaction logs of various
experimental IR systems from previous Text REtri&@nference (TREC) workshops.

1 Introduction

The phrase Collaborative Information Retrievalhas been used in the past to refer to
many different technologies which support collaliorain the information retrieval (IR)
process. Much of the early work in collaborativeermation retrieval has been concerned
with asynchronous, remote collaboration via theseeof previous search results and
processes in collaborative filtering systems, ¢milative re-ranking, and collaborative
footprinting systems. Asynchronous collaborativieimation retrieval supports a passive,



implicit form of collaboration where the focus i3 improve the search process &or
individual.

Synchronous collaborative information retrieval (BLCis an emerging form of
collaborative IR in whicka groupof two or more users are explicitly collaboratinga
synchronised manner in order to satisfy a sharednration need. The motivation behind
these systems is related to both the ever-growongus of human knowledge on the web,
the improvement of social awareness on the inteausaty, and the development of novel
computer interface devices. SCIR systems represeangnificant paradigmatic shift in
focus and motivation compared with traditional IRstems and asynchronous
collaborative IR systems. The development of newetfRiniques is needed to exploit this.
In order for collaborative IR to be effective thereeds to be both an appropridigsion
of labour, and an effectiveharing of knowledgacross collaborating searchers (Zeballos,
1998; Foley et al., 2006). Division of labour eresbéach collaborating group member to
explore a subset of a document collection in otdareduce the redundancy associated
with multiple people viewing the same documentsarBly of knowledge enables
collaborating users to benefit from the knowleddetheir collaborators. Early SCIR
systems provided various awareness cues such awiclimws, shared whiteboards and
shared bookmarks. By providing these cues, thestersg enabled the collaborating
searchers to coordinate their activities in ordesc¢hieve a division of labour and sharing
of knowledge. However, coordinating activities amsinusers can be troublesome,
requiring too much cognitive load (Adcock et aD0Z).

Recently we have seen systems to support a maensysediated division of labour
by dividing the results of a search query amongatchers (Morris and Horvitz, 2007), or
defining searcher roles (Adcock et al., 2007). Hesvethere has been no work to date
which addresses the system-mediated sharing of lkexge across collaborating searchers.
In this chapter we introduce our techniques tosafior effective system-mediated sharing
of knowledge. We evaluate how a sharing of knowéepiglicy affects the performance of
a group of users searching together collaborativBlyt first, in the next section, we
provide a comprehensive account of work to datesymchronous collaborative
information retrieval.

2 Synchronous Collaborative Information Retrieval

Information retrieval (IR), as defined by Baeza-&&tand Ribeiro-Neto (1999), is
concerned with the representation, storage, orgaorsof and access to information items.
The purpose of an IR system is to satisfy an in&drom need.

Synchronous collaborative information retrieval (Bsystems are concerned with
the realtime, explicit, collaboration which occuvBen multiple users search together to
satisfy a shared information need; these systepresent a significant paradigmatic shift
in IR systems from an individual focus to a groapus. As such these systems represent a



more explicit, active form of collaboration, wheresers are aware that they are
collaborating with others towards a common, andaliglexplicitly stated, goal. This
collaboration can take place either remotely, oraico-located setting. These systems
have gained in popularity and now with the everagng popularity of the social web (or
Web 2.0, support for explicit, synchronous collaborativgormation retrieval is
becoming more important than ever.

The benefit of allowing multiple users to searcetiher in order to satisfy a shared
information need is that it can allow fodavision of labourand asharing of knowledge
across a collaborating group. Division of labour ame that each member of a
collaborating group can explore a subset of infaromathereby reducing the redundancy
associated with two or more people viewing the salmeuments, and improving the
efficiency of a search. Some methods proposed inetede increasing the awareness
amongst users of each collaborative searcher’srgseg[Diamadis and Polyzos, 2004;
Smeaton et al., 2006) or system-mediated splitting task (Foley et al., 2006; Adcock
et al., 2007). The ability to effectively sharearmhation is the foundation of any group
activity (Yao et al., 1999). Sharing of knowledggass group members involved in a
collaborative search can occur by providing awassnef other searchers’ progress
through the search, and this can be achieved ylirgalirect chat facilities (Gianoutsos
and Grundy, 1996; Gross, 1999; Krishnappa, 200gyaup blackboards (Gianoutsos and
Grundy, 1996; Cabri et al., 1999) so that braimstog activities can be facilitated.

The first examples of SCIR tools were built usinglistributed architecture where
software enabled communication across groups ofotenusers. Recently the
development of new computing devices has facilitatee development of co-located
SCIR tools. We will now outline research to dateach of these areas.

2.1 Synchronous Remote Collaborative Information Rigieval

SCIR systems have been developed to enable rersets 1o search and browse the web
together. These systems often require users tmlama particular service or may require
the use of particular applications in order tolftatie collaboration.

GroupWeb (Greenberg and Roseman, 1996) representgady collaborative
browsing environment and was built upon the GrouaigiKkoupware toolkit (Roseman and
Greenberg, 1996). In GroupWeb, several users doglanto a collaborative browsing
session and the web browser was used as a groegefgation tool”. A master browser (or
“presenter”) selected a page and this page wasaglexih to each group member using a
form of “What You See Is What | See” (WYSIWIS). Theystem also supported
synchronous scrolling and independent scrollingaveb page and supported the use of
telepointers (showing others’ mouse pointers orptge) in order to allow users to focus
the attention of the group and to enact gesturesugiVeb provided an annotation
window where groups could attach shared annotatmpsges when viewing and these



annotations could be viewed by all group member&rnoupWeb, group members were
tightly coupled. Enabling each user to see the sdowments increases awareness
amongst group members but can be an inefficietinigoe for exploring the vastness of
the web.

The W4 browser (Gianoutsos and Grundy, 1996) exeride GroupWeb system to
allow users to browse the web independently wisysichronising their work. In W4, a
user could view all pages viewed by other usersy ttould chat with each other, share
bookmarks (i.e. documents deemed relevant), and skared WYSIWIS white-board to
brainstorm. Users could also embed chat sessimks, &and annotations directly into a
web-page. A similar approach was employed by Cetbai. (1999), which used a proxy
server to record documents viewed by others. Thesements were then displayed to
each user in a separate browser window. The syatemmmade others aware of these
viewed documents by editing the HTML mark-up in @agiewed by each collaborating
searcher (links to pages already viewed by othersuis a session were indicated using
different colours).

The above systems all required users to expliddly onto a service to support
collaborative searching. Systems have been deweloperder to make users who are
browsing the web aware of others who maynearbyin order to facilitate a more
spontaneous collaboration. Donath and Robertsdjl®eveloped a tool which enabled
people to see others currently viewing the samepege as themselves. The system also
allowed them to interact with these people and dioate their activities in order to travel
around the web as a group. Sidler et al. (1997@radd this approach in order to allow
users to identify other searchers within thegighbourhoodto enable spontaneous
collaboration.

SearchTogether (Morris and Horvitz, 2007) was atqgiype system which
incorporated many synchronous and asynchronous to@nable a small group of remote
users to work together to satisfy a shared infoilonateed. SearchTogether was built to
supportawarenesof others,division of labouy and persistenceof the search process.
Awareness of others was achieved by representeiggraup member with a screen name
and photo. Whenever a team member performed a eavehs the query terms were
displayed in a list underneath their photo. Bylkshg on a search query a user could see
the results returned for this query, and this reduthe duplication of effort across users.
When visiting a page, users could also see whitierotisers had visited that page
previously. Users could also provide ratings foggsusing a thumbs-up or thumbs down
metaphor. Support for division of labour was achgkthrough an embedded text chat
facility, a recommendation mechanism, and a spareh and multi-search facility. Using
split search a user could divide the results af $earch with a collaborating searcher and,
using multi-search, a search query could be subdith different search engines, each
associated with different users.



The Adaptive Web Search (AWS) system proposed bpl¥a007) represented a
combination of personalised, social and collabveatearch. The system was a type of
meta-search system in which users’ could searchgusiultiple search engines and
maintain a preference vector for a particular eeadgiased on their long and short term
search contexts, user goals and geographic locdlgers could perform social searching
by having their preference vector influenced byeoshldepending on a level of trust.

A commercial application of synchronous collabamtiR is available in the popular
Windows Live Messenger, an instant messaging serfdaring a chat session, users can
search together by having the results from a sedisgtayed to each user (Windows Live
Messenger, 2007). Netscape Conferencer (Netscapki@acer, 2001) allows multiple
users to browse the web together using WY SIWIS revbae user controls the navigation
and chat facilities and whiteboards are implemeitdddcilitate communication.

2.2 Synchronous Co-located Collaborative Informatia
Retrieval

Recent advances in ubiquitous computing devicels aaanobile phones and PDAs have
allowed researchers to begin exploring technigaesgontaneous collaborative search.

Maekawa et al. (2006) developed a system for cotktive web browsing on mobile
phones and PDAs. In this system a web page wadetiinto several components and
these components were distributed across the dewicenllaborating users. WebSplitter
(Han et al., 2000) was a similar system for prawjdpartial views to web pages across a
number of users and potentially across a numbeéevwtes available to a user (e.g. laptop,
PDA).

Advances in single display groupware (SDG) techgypl(Stewart et al., 1999), have
enabled the development of collaborative searctesysfor the co-located environment.
The advantages of such systems are that they iraptm awareness of collaborating
searchers by bringing them together in a face-te-fenvironment. Increased awareness
can enable both a more effective division of labanunl a greater sharing of knowledge.

Let's Browse (Lieberman et al., 1999) was a cotedaveb browsing agent which
enabled multiple users standing in front of a strgeojected display onto a wall) to
browse the web together based on their user psofleiser profile in the system consisted
of a set of weighted keywords of their interestd mas built automatically by extracting
keywords from both the user’s homepage and thogesgaound it. Users wore electronic
badges so that they could be identified as theyogmh the screen. A collaborating group
of users using Let's Browse were shown a set aimeuended links to follow from the
current page, ordered by their similarity to thgr@gated users’ profiles.

The tangible interface system developed by Blacketedl. (2004), allowed a group of
users to perform “Query-By-Argument” whereby a sgrof physical tokens with RFID
transmitters could be arranged on a table to devel@am’s query.



The TeamSearch system developed by Morris et @6Renabled a group of users
collaborating around an electronic tabletop to #iftough a stack of pictures using
collaborative Boolean query formulation. The systenabled users to locate relevant
pictures from a stack by placing query tokens agcisp widgets which corresponded to
predefined metadata categories for the images.

Fischlar-DiamondTouch (shown in Figure 1) was a thuder video search
application developed by the authors and othetsea€entre for Digital Video Processing
at Dublin City University (Smeaton et al., 2006js¢hlar-DiamondTouch was developed
on an interactive table known as DiamondTouch (Daetd Leigh, 2001) and used the
groupware toolkit DiamondSpin (Shen et al., 200Q4)1f Mitsubishi Electric Research
Labs (MERL). The system allowed two users to caltake in a face-to-face manner in
order to interact with a state-of-the-art videwoiestal application, Fischlar (Smeaton et al.,
2001). Users could enter a free text query usingrascreen keyboard. This query was
then issued to the search engine and a list &Qhep ranked keyframes (an image from a
video chosen as a representative of a particutleovshot) were displayed upon the screen
(the most relevant in the middle and decreasimglevance as the images spiralled out).
Keyframes were rotated to the nearest user in dadprovide for an implicit division of
labour. Two versions of Fischlar-DiamondTouch weraluated in TRECVid 2005
(Foley et al., 2005), one which provided for inGee awareness amongst users and one
which was designed for improved group efficienchisTrepresented the first time any
group had performed collaborative search in any CTRETRECVid workshop.



Figure 1: Fischlar-DiamondTouch

In an effort to improve collaborative search efiiemtess through
“algorithmically-mediated collaboration”, the “Cériemo” system was developed by the
FXPAL TRECVid team (Adcock et al., 2007). Cerchiamas designed to support two
users working together to find relevant shots adewis. Two users worked under
predefined roles of “prospector” and “miner”. Thader of the prospector was to locate
avenues for further exploration, while the roleltg miner was to explore these avenues.
The system used information from users’ interagiom determine the next shots to
display on-screen and provide a list of suggestentygterms.

In this section we have described work to date ynckronous collaborative
information retrieval (SCIR). Early SCIR systemsuesed on providing tools to increase
awareness across collaborating users. Researcsupgested that the performance of a
group searching in a SCIR system can be improvedllbwing for a division of labour



and sharing of knowledge. In early SCIR systems,aius for coordinating the group’s
activities was placed on the users. Work has beene dinto allowing for a
system-mediated division of labour, but no work,yag has attempted to implement a
system-mediated sharing of knowledge in order tpraowe the quality of ranked lists
returned to users searching together in an adterclséask.

3 Sharing of Knowledge in Synchronous Collaborative
Information Retrieval

Suppose two users are searching together to satisfyared information need using a
state-of-the-art SCIR system as described in tbeigus section. When two or more users
come together in an SCIR environment, there areraéways in which to initiate the
collaborative search. For example, users may eaciuel to formulate their own search
guery, or users may decide on a shared, group gheming generated an initial ranked
list for an SCIR search, either as a result of aresth query or a separate query for each
collaborator, these results can be divided acressswsing a simpl®und-robinstrategy.
Where, for a collaborative search involving tworgseith a shared initial query, user 1
would receive the first document in the ranked liser 2 would receive the second ranked
document, user 1 the third, and so on until allitesare distributed across the users. This
is the approach proposed by Morris and Horvitz 208s users examine documents and
find those relevant to the search, they may sasm tio a “bookmarked” area. What these
users are doing is providingxplicit relevance judgment® the search engine. In
traditional, single-user IR, these relevance judgimare often used in a process known as
relevance feedbadio improve the quality of a user’'s query by refatating it based on
this relevance information. Over a number of refeeafeedback iterations, an IR system
can build a short term profile of the user’s infation need. At present, SCIR systems do
not use this new relevance information directlythe search process to re-formulate a
user’s query, instead it is used simply as a bookraad therefore we believe that this
information is wasted. No attempt is made to itisis relevance information during the
course of an SCIR search to improve the performahaeollaborating group of users. As
a consequence, the collaborating group does nottleeebenefit of this relevance
information in their ranked lists.

Relevance feedback is an IR technique wlak been proven to improve the
performance of the IR process through incorporagixtga relevance information provided
by users (in the form of documents identified dsvant by a user) into an automatic query
reformulation process. The basic operation of @hee feedback consists of two steps: (1.)
query expansion — whereby significant terms frontuhoents judged relevant are
identified and appended to the user’s original guand (2.) relevance weighting — which
biases weights of each query term based on tlesaete information.



If we provided a relevance feedback mechanism irs@fR system, then when a
member of an SCIR group initiates a relevance faeklloperation, if their search partner
has provided relevance judgments to the system,caowdd incorporate both users’
relevance judgments into the feedback process.cthikl enable better quality results to
be returned to the user. Furthermore such a shafikigowledge policy could allow users
to benefit from the relevance of a document withimaxning to view the contents of the
document. It is not clear, however, how multi-uselevance information should be
handled in a relevance feedback process.

3.1 Collaborative Relevance Feedback

One of the simplest ways to incorporate multi-uségvance information into a feedback
process is to assume that one user has providégealelevance judgments made by all
users and then initiate a standard, single-uségyaece feedback process over these
documents. There may, however, be occasions wheie desirable to allow for a
user-biased combination of multi-user relevancermttion. Therefore, we will outline
how the RF process can be extended to allow foeigited combination of multi-user
relevance information in aollaborative relevance feedback proce€ombination of
evidence is an established research problem inCiRf, 2002), in our work we are
interested in investigating the combination of mutter relevance information within the
relevance feedback process. In our work we usprthtgabilistic model for retrieval which

is both theoretically motivated, and proven to hecgssful in controlled TREC
experiments first shown in (Robertson et al., 1982)he probabilistic retrieval model the
relevance feedback processes(fery Expansiorand Term Reweightingare treated
separately (Robertson, 1990). Figure 2 presentseeptual overview of the collaborative
relevance feedback process for two users are segrobgether. When the relevance
feedback process is initiated, user 1 has provileglevance judgments and user 2 has
provided 4. As we can see, we have a choice as&b stage in the relevance feedback
process we can combine this information.
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Figure 2: Combining relevance information, the 3 cbices

In particular we have identified three stages ie finocess at which we can combine
relevance information.

3.1.1 Combining Inputs to the Relevance Feedback &cess (A)

The relevance feedback process uses all availaleieance information for a term in order
to assign it a score for both query expansion am reweighting. If we have relevance
information from multiple co-searchers, combinimgstinformation before performing
relevance feedback should result in an improvedotoed measure of relevance for these
terms. This is the rationale behind this novel mdttor combining relevance information,
which we refer to apartial-user weightingas the evidence for relevance or non-relevance
of a term is composed of the combined partial ewsdefrom multiple users.

We will now outline the derivation for the partiaer relevance weight and
partial-user offer weight. From Robertson and Spdones (1976), we can see that the
probability of relevance of a term is defined as:
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pd- a) (1)

i) =1
w(i) =log——— al- p)

where
p = probability that a document contains tergiven that it is relevant
g = probability that a document contains temiven that it is non-relevant

The appropriate substitutions feandq are the proportions:

)

q=——1 (3)

where
= Number of relevant documents in which taratcurs
R = Number of identified relevant documents
= Number of documents in the collection in whichrié occurs
N = Number of documents in the collection

The probability that a document contains tergiven that it is relevanp, is equal to the
proportion of all relevant documents in which tleenti occurs. The probability that a
document contains terimgiven that it is non-relevang, is equal to the proportion of all
non-relevant documents that contain the term. Apglyhese substitutions to equation 1
we get the standard relevance weighting formuldb@Rson and Sparck Jones (1976)):

i 1- nl rl

rw(i) =log R N-R (4)
n-r o
N-R R

If we assume that in a collaborative search sessienhaveU collaborating users
searching. Then the proportions forandq, in equations 2 and 3 respectively, can be
extended as follows:
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r.
p= a,_- ®)
u=0 Ru
U-1 n-r.
q= a, " (6)
u=0 N - Ru

where
ni, N are as before
rui= Number of relevant documents identified by usar which termi occurs
R,= Number of relevant documents identified by user

«= Determines the impact of user u’s proportionshenfinal term weight, and
u-1

a, =1
u=0

Therefore we have extended the proportions usitigear combination of each user’s
relevance statistics. Using this approach, the gdvdity that a document contains term
given that it is relevant, is equal to the sumhefproportions for relevance from each user.
The probability that a document contains teygiven that it is not relevant, is equal to the
sum of the proportions of non-relevance. Each et¢hvalues is multiplied by a scalar
constant , which can be used to vary the effect of each’siggoportion in the final

calculation, and a default value é can be used to consider all users equally.

One important consideration when combining mulgruselevance information is
what to do when a term has not been encounteradibgr (i.e. the term is not contained in
the user’s relevance judgments). There are twocelsdiere, we can either allow the user
that has not encountered the term to still contela the shared weight, or we can choose
to assign a weight to a term based solely on tlegaace and non-relevance proportions of
users that have actually encountered the term.

If we wish to incorporate a user’s proportionsdderm regardless of whether the term
appears in any of the user’s relevance judgmemés, the term will receive a relevance
proportion,p, of 0 (%) and a non relevance proportimpfﬁ , from a user who has
not encountered the term (as O for that user).

If we do not wish to incorporate a user’s propartfor a term, in the case that they
have not encountered the term, then the sharedarete and non-relevance proportions of

12



p andq in equation 5 and equation 6 respectively willydmé composed of the proportions
from users who have encountered the term.

Applying the extended proportions mandg, in equations 5 and 6 respectively, to the
probability of relevance from equation 1, resulisour partial-user relevance weight

(purw):

Ul Ut -
g A h
. u=0 u=0 -
punw(i) = log—— — (7)
n -1 Fui
a 1- a, ™

u=0 UN'RU u=0 ’

For practical implementation of the standard redeeaweighting formula (equation 4),
and to limit the errors associated with zeros agtividing by zero, a simple extension is
commonly used that adds a constant to the valuabeanproportions. Applying the
proportions suggested in Robertson and Sparck Ja8&$), known as the Jeffrey prior,
to equation 7, results in:

vt o, +05 1 Ut oon-r, +05

a, - a,
u=0 Ru +1 u=0 N - I:'2u +1
1 n-r,+05 Ut r,+05
a———— 1 a

(8)

purw(i) =log

u=0 ) I\I_Ru-i_l u=0 - Ru+1

So far we have shown how the partial-user methodbsaapplied to the standard
relevance weighting formula which is used for reyiing terms in the relevance
feedback process. Now we will consider applying secbeme to the offer weighting
formula (Robertson (1990)), which is used to raerknis for query expansion:

oW =r.~ rw 9)

Using a linear combination approach thevalue in equation 9, can be extended to
include a weighted combination of each collabomtuser'sr; value, to produce a
partial-user offer weigh(puow):
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u-1

puowi) = a,r,” purw(i) (10)

u=0
where

«= Determines the impact of each user'galue on the final weight, and
u-1

a, =1
u=0

3.1.2 Combining Outputs of the Relevance Feedbackdtess (B)

This method of combination operates at a higheelle¥ granularity than the previous
method by treating the relevance process as a laxkIn this method, for each user,
relevance weighting and offer weighting are cal®daseparately using only a searcher’s
own relevance statistics (i.e. terms from documealdstified as relevant by the user and
their distribution in these relevant documents)e Blatputs from these processes (i.e. the
scores) are combined to produce a combined wegithbination is therefore performed
at a later stage in the relevance feedback prabasgshe method proposed in the previous
section.

For relevance weighting, we calculate the combireéevance weightcfw) using a
linear combination of relevance weight scores falhusers:

u-1
crw(i)= a,’” rwy (11)
u=0
For offer weighting we can follow the same approamph calculating the offer weight
separately for each user and then combining aftelsvéo produce a combined offer

weight cow):

U-1
cowi)= a,” ow; (12)
u=0
where

v = determines the impact of each user’s contribudiorthe final score, and
u-1

a, =1
u=0
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As with the partial-user method, we can either udel or leave-out a user’s
contribution to either the combined relevance weighcombined offer weight if they
have not encountered the term in their own se¢lef/ance judgments. Once again the
variable can be used to control the impact of emsenr’s evidence on the combination and

1 . N
a default value can be set@for all users to give all users the same weighting

3.1.3 Combining Outputs of the Ranking Process (C)

This stage of combination operates at a higherl lebgranularity than either of the
previous methods, as here we treat the entirelseagine as a black box and combination
is performed at the ranked list or document level.

Combining the outputs from multiple ranking algbnts has become a standard
method for improving the performance of IR systerasking (Croft, 2002).

In order to produce a combined ranked list, a retdated query is generated for each
collaborating user, based on their own relevandernmation, and these relevance
feedback queries are then submitted to the seargime= in order to produce separate
ranked lists, one for each user. These rankeddistshen combined in order to produce a
combined ranked list. Combination at the documewllcan be achieved, as before, by
performing a linear combination of the documentes@roduced by the search engine, to
arrive at a combined document scaréy:

cd(d,q)=  a,” s, (13)

where
Sud= the relevance score for document d in relatioanstr u’s query

v = determines the impact of each user’s contriloutio the final document score,
U-1
and a,-=1
u=0

In this section we have outlined how a system-ntediaharing of knowledge can be
achieved in an SCIR search, by incorporating eachpgmember’s relevance judgments
into a collaborative relevance feedback process.Haie proposed three methods by
which the standard relevance feedback formula carexiended into a collaborative
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relevance feedback process. Evaluating these maobsiwill allow us to establish how a
sharing of knowledge policy, via collaborative relace feedback, impacts on the
performance of a collaborating group. In the nextisn we will outline how we plan to
evaluate these techniques.

3.2 Experimental Setup

In this chapter, we are evaluating many differgppraaches to combining relevance
information. It would have been infeasible to ewattu each of these approaches
thoroughly using real user experiments. Insteadjdygsimulationswe can evaluate our
proposed approaches effectively while ensuring ¢liatevaluations are realistic.

3.2.1 Requirements Analysis

Previous IR experiments that have used user simntahave focussed on a single user’s
interactions with an IR system. Here we are attérgpto simulate a synchronous
collaborative IR environment, a dynamic, collabm@asimulation. We are conscious that
the simulation should be realistic of future systemany device or interface which could
support SCIR search, i.e. desktop search, tabktapch, PDA or Apple iPhone search,
etc.

Our SCIR simulationw/ill simulate a search involvingvo collaborating users. Recent
studies of the collaborative nature of a searck tes/e shown how the majority of
synchronous collaborative search sessions involweliaborating group of size two
(Morris and Horvitz, 2007), and therefore we betidhat this group size is the most
appropriate to model, though the techniques prapoeald scale to larger groups.

One of the important considerations for any SCIRtay is how to begin a
collaborative search. For the experiments repdrezd the search assumes that one initial
guery has been formulated. In a real system, tesygcould be formulated by one user or
by both users collaboratively. By only requiringeoquery from the set of users, we can
limit the interactions needed by users with thedeaystem. Although querying may be
easy using the standard keyboard and mouse condnipatteractions with phones or
other handheld devices can be difficult.

In these experiments we are interested in evalgainv a system-mediated sharing of
knowledge policy can operate alongside an exgdiwitsion of labour policy. Therefore,
the simulated SCIR system will implement a systeadiated division of labour where
the results returned to a searcher at any poitttersearch are automatically filtered in
order to remove:

1. Documents seen by their search partner.

2. Documents assumed seen by their search pafinese are documents that are in
their search partner’s current ranked list.
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In our simulations, users do not manually reforrteutédneir queries during the search,
instead, in order to receive new ranked lists dytire search, users use a simple relevance
feedback mechanism. In any SCIR search, users mayide multiple relevance
assessments over the course of the search seaswitherefore we have a choice as to
when to initiate a relevance feedback operation example, we could choose to perform
feedback after a user provides a relevance judgnoerdfter the user has provided a
certain number of relevance judgments. For the ggep of the experiments reported in
this chapter, our SCIR simulations operate byatiitig a relevance feedback operation for
a user each time they provide a relevance judgriereby returning a new ranked list of
documents to the user. This approach is knowmaemental Relevance Feedbaek
method first proposed by Aalbersberg (1992). Usihegincremental RF approach, a user
is provided with a new ranked list of documentsaéiach relevance judgment, rather than
accumulating a series of relevance judgments tegeitid issuing them in batch to the RF
process. This can enable users to benefit immeygiften their relevance judgments.
Furthermore, studies have shown that applying feekllafter only one or two relevant
documents have been identified can substantiallyrare performance over an initial
query (Sparck Jones, 1997).

Another choice for any SCIR system, related to liee# granularity, is whether to
present a user with a new ranked list only whey gegform feedback themselves or when
theyor their search partneprovides feedback. Presenting users with a nekedafist
when their search partner performs relevance feddiveay allow users to benefit more
quickly from their partner’'s relevance judgmentsowgver deployment of such an
intensive SCIR system would require designers ield@ novel interface techniques to
allow for the seamless updating of a user’s rarlstdFurthermore, users searching in
such an intensive system may suffer fromgnitive overloady being presented with new
ranked lists, seemingly, at random. In this chaptemwill evaluate the effects of both of
these interaction environments on an SCIR search.

Figure 3, presents a conceptual overview of theRSEyktem we will simulate in our
evaluations.
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Figure 3: A simulated SCIR session

Referring to Figure 3, the data required to poputair SCIR simulations is:

* An initial query (Q) — as outlined above, the siated SCIR session begins with an
initial query entered by the set of two users.

» Series of relevance judgments (RJ) — these gpécéxindications of relevance
made by a user on a particular document.

» Timing information — this represents the times@tonds, relative to the start of the
search session at which relevance judgments wede.rais timing information is
used to order relevance judgments in an SCIR stimuland allows us to model
SCIR sessions in which collaborating searcherpiaréding relevance information
at distinct times and at different rates in thecpss.

3.2.2 Methodology

In order to populate these simulations we have dhiaa from previous TREC interactive
search experiments. The Text REtrieval ConfereA@@EC) is an annual workshop
established in 1992 under the auspices of the Natidnstitute for Standards and
Technology (NIST) in an attempt to promote reseanth IR. For each TREC, a set of
tasks ottracksare devised, each evaluating different aspectiseofetrieval process. The
purpose of the TREC (Text REtreival Conferencegrattive task is for a searcher to
locate documents of relevance to a stated infoonatieed (a search “topic”) using a
search engine and to save them. For the intera¢tasck at TREC 6 — TREC 8
(1997-1999), each participating group that submiitéssults for evaluation was required to
also includeich format datawith their submission. This data consisted ofsaipts of a
searcher’s significant events during a search, ssctheir initial query, the documents
saved (i.e. relevance judgments), and their timiigrmation. For our simulations we
extracted data from several groups’ submissionERBEC 6 — TREC 8. Unfortunately, it
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was not possible to extract data for our simulaidrom all participating groups’
submissions to these TRECs. This was due to atyasfereasons but typically some
groups had either failed to submit rich format datahe data they submitted was not
complete as it lacked some of the data neededilid daur simulations. In our simulations
we used this extracted data to simulate two useng originally searched the topic
separately as part of their group’s submissionchirag together with an SCIR system.

Figure 4 shows a conceptual overview of a simul&€dR session involving two
users whose rich format data was extracted fromJ’@&ta, searching on a TREC topic
entitled “Hubble Telescope Achievements”. From Fegd, we can see that the search
begins with the group query “positive achievemdnibble telescope data”, which is the
concatenation of both users’ original queries. Bg time user 1 provides their first
relevance judgment on documdnf921-7107 user 2 has already provided a relevance
judgment, on documertT944-128 By the time user 2 makes their second relevance
judgment on documer&T924-286 user 1 has made their first relevance judgment on
FT921-7107

User 1 RJ RJ RJ RJ RJ
FT921- FT824- FT944- FT841 FTS43
7107 86 128 17652 11617
positive K k
achievements
Bubble ~ pTTTTTTTTinienesemsssssssss SCIR System s,
tole dafg Tt s | ...........................................................
T / FTQ"M- ) FI(Q:M- / FTQN-)FTCH- j
? 128 286 6554 17652
RJ RJ RJ RJ
| | ! | L e
I I I T I
User 2 4} 49 86 150 177 368

Figure 4: Conceptual overview of two searchers seelning together

By extracting rich format data associated withetiint users’ interactions on a search
topic, we can acquire multiple heterogeneous sitiwulg, where the data populating our
simulations is from real users searching to sattbiy same information need on a
standardised corpus. There were a total of 20 Beéapics used in these TREC workshops,
with varying degrees of difficulty and thereforer@aimulations were evaluated across
these 20 topics.
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3.2.2.1 Relevance Judgments

The SCIR simulations proposed thus far are basadkingstaticrich format data, which
records a user’'s previous interactions with a paldr search engine, and imposing our
SCIR simulated environment on this data. By impgsiar own simulated environment on
this rich format data, we cannot assume that usewd have saved the same documents
as that they did during their original search,ex®rded in the rich format data. Before we
can proceed with our simulations we need to refdlaese static relevance judgments with
relevance judgments based on the ranked listssihatlated users are presented with.
Although in any simulation we can never predicthwabsolute certainty, the actions of a
user, in the simulations used in our experimentss iimportant that the relevance
judgments are a reasonable approximation of reat behaviour. Our solution is to
simulate the user providing a relevance judgmenthanfirst relevant document, i.e.
highest ranked, on their current ranked list, whieearelevance of the documents is judged
according to the TREC relevance assessments faopie(“grels”).

Although we can never be fully certain that a us#ralways save thdirst relevant
document that they encounter on a ranked listr@ther than the second or third), recent
studies have shown that users tend to examinetsezswlts from top to bottom, “deciding
to click each result before moving to the next” d€well et al., 2008). Therefore we
believe that this approximation of a real useraacis reasonable.

Before finalising our simulations, we also needetdorce an upper limit on the
number of documents a user will examine in ordelotmte a document on which to
provide a relevance judgment. For example, it wingldinreasonable to assume that a user
would look down as far as raf®0in the ranked list in order to find a relevant dment.
Instead, we limit the number of documents thatrautated user will examine to the top 30
documents in their ranked list. Although in a re@kld system, users may be willing to
examine more or less documents according to thieelévey are using for searching, we
feel that 30 is a reasonable figure to assume wglrsxamine in any SCIR search.

After performing relevance feedback, the relevajuckyments made by a user are
never returned to them again for the duration at search. As our baseline SCIR system
will implement a division of labour policy, we alsemove theseeendocuments from
their search partner’s subsequent list. Furtherpasrgve assume that users will examine a
maximum of 30 documents, our baseline system &t e&emove these documents from
their search partner’s ranked list.

3.2.3 Evaluation Metric

At each stage in an SCIR session, each collabgrasar will have associated with them a
ranked list of documents. This list could have bextarned to the user either as a result of
the initial query or after performing relevancedback. In traditional, single-user IR the

accuracy of each individual searcher’s ranked ksts be evaluated using standard IR
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measurements such as average precision (AP), aireealich favours systems that rank
relevant documents higher in a returned rankedofisilocuments. In our work we are
concerned with the performance ofjeup of users, and therefore we need to be able to
assign a score to the collaborating group at arnycpéar point in the search process. What
we need is a measure which captures the qualityeedsity across collaborating users’
ranked lists. Our solution is to calculate tb&al number of unique relevant documents
across user’s ranked listg a certain cut-off and use this figure asgraup scoreln our
simulations as we assume that users will examiaéa 30 documents in the ranked list,
our measure of quality is taken at a cut-off oi@@uments from each users list (i.e. a total
of 60 documents). This performance measure wilbknas to capture both the quality and
diversity across collaborating users’ ranked lestd in particular the parts of the list that
they will examine.

As described earlier, in our simulations, befortein@ng a new list to a searcher, all
relevance judgments made by the searcher are re@inbwe the purposes of calculating
the group score we also include these saved dodsnmetine calculation.

3.2.4 Measurement Granularity

In our simulations of SCIR search, a user is priesewith a new ranked list of documents
each time they make a relevance judgment. Takingheasurement of the group
performance after each of these events allows usafiure the change in group
performance over the course of a search.

Figure 5 illustrates the procedure followed to uokdte the performance of a group
over the duration of an SCIR simulation involvingot collaborating users. The SCIR
simulation begins with a shared query, at this p@e measure the total number of
relevant documents in the top 60 positions oflikigtop 30 for each user). As this figure
represents the initial group score before any ezleg feedback is provided to the system,
it is plotted at position O on the x-axis of thegin at the bottom of Figure 5. The first
relevance feedback iteration is initiated afterr@sprovides a relevance judgment after 63
seconds. At this point, user 2’s current list islafed as a result of a feedback iteration,
however user 1 is still viewing the results of ithiéal query. We calculate the group score
at this point by counting the total number of uqelevant documents across these two
ranked lists (labelled “GS”) including the one radace judgment made. As this is the first
relevance feedback iteration in the SCIR sesstlen AP for this merged list is plotted at
position 1 on the graph. The measurement proceetlsis manner, by calculating the
number of unique relevant documents across eaatsusarent ranked list after each
relevance judgment, these figures are plotted &eh relevance feedback iteration in
order to show the group’s performance over thesmof the entire search.
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Figure 5: Measurement granularity used in experimets

From this graph, we can also generate a singlegeéance figure for the entire search,
by averaging the group score after the initial guserd each subsequent feedback iteration.

3.2.5 Significance Testing

We will use this single performance figureonder to test for significance in our
results. In this chapter we use randomisationrtggtkempthorne and Doerfler, 1969), a
non-parametric significance test, to test for statal significance and use a significance
threshold of p < 0.05. All results with p valuesdehan this threshold are considered as
significant These tests will allow us to understand whetlseoved differences in
performance are due to chance or point to reatidiffces in system performance. Due to
the lack of assumptions made by the randomisagéish) it can be applied to data whose
underlying distribution would not satisfy the cotains for a parametric test. Furthermore
even when the conditions for parametric testswstfied, the randomisation test has been
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shown to be of similar power to these tests.

In this section we outlined our proposed evaluatioethodology. We proposed a
novel method by which a group of users can be sitedlsearching together. We also
proposed techniques for measuring the performahagup of searchers at any point in
the search. In the next section we will presentésealts from our evaluation.

3.3 Results

In this section we present the results from oudwateons of each of the collaborative
relevance feedback techniques (Type A, B and C3crideed in section 3.1. We also
evaluate the performance of a standard singleret®mrance feedback mechanism, which
assumes that all relevance judgments made in #relserere made by ompseudo-user
Through these experiments we will investigate ggiag relevance information across
searchers in the feedback process can improve # &frch over a baseline SCIR
system that implements just a division of labourgyo For both the partial-user (A) and
combined weighting technique (B), we will run twariations of the technique, one which
allows a user who has not encountered a term inriflevance judgments to contribute to
its relevance and offer weigh€¢ntr), and another which only considers the weightorg f
a term from the user that has encounteiém Cont).

As outlined in the previous section, an importamsideration for any SCIR system is
when to provide users with the relevance inforrmafrom their search partner. In these
experiments, we evaluated bothdgnamicintensive environment, where users’ ranked
lists are updated when either they or their se@aitner make relevance judgments,
alongside a morstatic environment, where users ranked lists are onlhatgutlafter they
make judgments themselves.

Figure 6 plots the performance of all combinatiechniques for both the static SCIR
environment and the dynamic SCIR environment, alitg the baseline system of an
SCIR system implementing just a division of labpalicy (SCIR + Full Div). The graph
at the top shows the performance of the techniquesthe entire search, while the graph
at the bottom shows the performance of systems theerfirst few iterations only.
Table 3.3 shows the single performance figure acms topics for all runs. When
examining Figure 6, it should be noted that asdivedues are computed across a number
of simulated runs with differing numbers of relegagudgments, values at later iterations
(i.,e. > 11 on x-axis) may not be representativarobverall trend than values for earlier
iterations. For example, the sudden drop-off atiado35 relevance judgments is due to
this value being calculated based on only one ordimulated runs.

As we can see from Table 3.3, all collaborativevahce feedback techniques, except
the document fusion technique (C), provide smafirorements in performance over the
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SCIR + Full Div system. With the best performingt®m, the dynamic partial user (A) no
contr technique, providing a 1.5% improvement. Rogrsignificance testing over the

single performance figures, however, reveals noifsogint difference between any SCIR
system implementing a collaborative relevance faeklbprocess for either feedback
environment (i.e. static or dynamic), and the SGN&tem with no combination of

relevance information (SCIR + Full Div). When weasethe significance threshold, we
find in the static environment, that the combinegighting (contr) (B) method and the
pseudo user method outperform the SCIR + Full Pstesn at significance values of p =
0.165 and p = 0.186 respectively. While in the dgitaenvironment, the partial user (no
contr) (A) and combined weighting (B) techniquepmrform the SCIR + Full Div system

at significance values of p = 0.186, and p = 9.6&pectively.

Comparing the performance across collaborative étlrtiques from Figure 6 and
Table 3.3, it does appear that the document fusachnique for both the static and
dynamic environments does not perform as well as tbrm-based techniques.
Significance tests reveal that the dynamic collabee RF techniques of pseudo user,
partial-user (A), and combined weighting (B) alyrsficantly outperform the dynamic
document fusion technique (C). However, no diffeeeoould be found at the significance
threshold between any static term-based techniquk the static document fusion
technique. When we relax our significance threshold threshold of p < 0.1, we do find
that the techniques of pseudo user, partial-uselr,cambined weighting perform better
than the static document fusion technique. Althonghstrictly significant according to
our threshold, these p values, suggest that thdtsese unlikely due to chance.

Comparing the overall performance of the contrifmutiversus no contribution
techniques for both partial-user (A) and combinegghting (B), we find no significant
difference.

Examining the bottom graph in Figure 6, we cantBatthe combination of relevance
information techniques do provide a more substanticrease in performance over the
SCIR system with just a division of labour for thest few iterations. Our significance
tests confirm that for iterations 2 - 5 all collahtive RF techniques, for both static and
dynamic environments, significantly outperform 8@IR system with full division. With
the best performing system, the dynamic combinegjivii@g no contr technique (B)
providing a 4.8% improvement over the SCIR + Full Bystem for these iterations.

Next we compare the performance of static versumuayc feedback environments.
From Figure 6 and Table 3.3, it appears that thlRystems operating in a dynamic
feedback environment provide a modest increase erfopnance over their static
counterparts. Our significance tests reveal that thre partial-user technique (A) shows
any significant difference between the runninghef technique in static versus dynamic
mode and no significant improvement could be fobetiveen any dynamic collaborative
relevance feedback technique and the static cordbiréghting technique.
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Figure 6: Comparison of collaborative relevance fegback techniques and baseline
division of labour system across all topics
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Table 3.3: Single performance figure comparison ofollaborative relevance feedback techniques and belfne division of labour system across all topics
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3.4 Discussion

We explored the effects of a collaborative relewarieedback technique operating
alongside an explicit division of labour policyarsynchronous collaborative information
retrieval system. We hypothesised that by inconoogaeach user’s relevance information
into a collaborative relevance feedback mechanigm, ranked lists returned to the
searchers could be improved.

Firstly, comparing the performance of the collabiwearelevance feedback techniques,
we found that the term-based techniques of psesdo-partial user and combined
weighting all outperform the document fusion tecjus. However no significant
difference could be found at a significance thrédhad p < 0.05. When we relax the
threshold we do find that all term-based technigoetperform the document fusion
technique. These results suggest that for bothdyimamic and static environments a
term-based technique can outperform the documessichiaision technique.

Over the entire search, no significant differencesld be found across term-based
techniques. In particular the collaborative teches) of partial user and combined
weighting perform similarly to the standard singker (pseudo-user) method.

Our results show small improvements can be made swene techniques by
implementing an intensive, dynamic environment. ldegr due to the slenderness of
these differences and the fact that not all stattbniques can be significantly improved
upon, it may not be worthwhile implementing suchpalicy due to the discussed
difficulties that such an environment presentsoioth the system designer and the user.

Our results show that over the entire search, tlkalorative relevance feedback
techniques do provide modest increases in perfazenawner the SCIR system with just a
division of labour. Although at the significancedbhold of p < 0.05 no significance can
be found, improvements could be found at lowerifigance thresholds. However when
we examine the performance of the group over tisé few iterations of feedback, we do
find that all the collaborative relevance feedbgatniques in both the static and dynamic
environments significantly improve the performamser the SCIR + Full Div system.
This result is interesting, and suggests that afjhousers may benefit from gaining
relevance judgments from their search partner eartie search, that after a number of
iterations this benefit is reduced.

We believe that the collaborative relevance feeklipaocess of aggregating relevance
information is causing users’ ranked lists to beeomoo similar. Although, by
implementing the division of labour policy we amsaring unique documents across the
top 30 ranked positions for both users, we fedl i@ aggregation may be causing a loss
of uniqueness across users’ lists. In order togtigate this hypothesis, in Figure 7 we plot
the proportion of unique documents across the @) Hocuments of each user’s ranked
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lists for the SCIR system with full division onlyh@ all static collaborative relevance
feedback techniques.
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Figure 7: Comparisons of the total amount of uniquedocuments across users'
ranked lists for SCIR system with collaborative RFand without, across all topics

As we can see, there is a clear difference in tha number of unique relevant
documents across users between the collaboratisearece feedback systems and the
SCIR + Full Div system. This difference is sign#rd for all techniques and across all
topics. This result confirms our hypothesis, thHa tollaborative relevance feedback
process is causing users’ ranked lists to becomsitnilar. This finding is intuitive- one
of the great advantages of having multiple useridléaa search task is that the task can be
divided. By ensuring a complete division of labaarthe SCIR + Full Division system,
we are allowing users to make unique relevancemaidgs, however by implementing a
collaborative relevance feedback process in suckmaironment, where the relevance
feedback process for a user uses the relevancenation of their search partner, we are
causing users to loose this uniqueness. Interégtimgyvever, the gap is less substantial
between the SCIR system with full division and 8@&R system implementing document
fusion. The fact that the document fusion technigrevides substantially more unique
documents than all the term-based techniques stsgied the term-based techniques are
causing the selection of similar terms for expam$éietween users. The document fusion
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technique, allowing for a later stage of combimatdmes not suffer from this problem,
however as our results in this section have shdwsi1does not lead to this technique
outperforming the others in terms of discoveririgvant uniqgue documents. This does not,
of course, mean that the introduction of uniqueudoents degrades performance, but that
the collaborative relevance feedback mechanism sdedstrive to allow for the
introduction of more unique relevant documents.

4 Future Trends

Our results have shown that the proposed, termdbasd#laborative relevance feedback
techniques perform similarly to the standard singler relevance feedback formula. This
result is not surprising as all techniques arengtteng to aggregate each user’s relevance
information. The advantages of the collaboratiwahteques over the standard single user
technique are that they can allow for a user-biasedbination (by changing thé value
associated with each user), but in these experanbig ¢ has set to 0.5 to consider all
users equally. In a real-world system, an SCIResystould exploit this¢ value in order

to allow users to bias the relevance feedback geoae favour of their own relevance
judgments or in favour of their search partnereiiatively an SCIR system could use this
¢ value to enable an SCIR system to bias the cofidlye relevance feedback process in
favour of expert searchers throughaarthority weightingnechanism.

Our results have shown how a collaborative relegdaedback mechanism causes a
loss of uniqueness across collaborating users’ediikts. An alternative way of using
multiple users’ relevance judgments in an SCIRde& to implement &omplementary
Relevance Feedbat&chnique. Whereas the collaborative relevancabfeek techniques
discussed in this chapter attempt to make useresiegi more similar, a complementary
technigue would make them more distinct.

5 Conclusions

Synchronous collaborative information retrievalersfto an explicit and active form of
collaboration whereby users are collaborating aitirae to satisfy a shared information
need. The benefits that such a system can prowvideusers searching independently are
that it can enable bothdivision of labourand asharing of knowledgacross collaborating
searchers. Although there has been some work ®indtt system-mediated division of
labour, there has been no work which has investijaow a system-mediated sharing of
knowledge can be realised in an adhoc search wdainhbe either remote or co-located,
despite the fact that SCIR systems in the liteeatave allowed users to make explicit
relevance judgments in the form of bookmarks.

In this chapter, we have outlined how to make usthese bookmarks in order to
benefit the group. We have proposed several teaksigy which the standard relevance
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feedback formula can be extended to allow for @hee information from multiple users
to be combined in the process. We have also odtineovel evaluation methodology by
which a group of users, who had previously searébed search topic independently as
part of a TREC interactive track submission, weneutated searching together.

Our results have shown that over an entire SCIRckedhe passing of relevance
information between users in an SCIR search doesmuove the performance of the
group. However, over the first few iterations otdback only, the combination of
relevance information does provide a significanpiavement. This is an interesting result
and encourages us and others to pursue furtheriwaohis area.
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