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Abstract.  Information personalization is fertile ground for application
of Al techniques. In this article | relate personalization to the ability to
capture partial information in an information-seeking interaction. The
speci c focus is on personalizing interactions at web sites. Using ideas
from partial evaluation and explanation-based generalization, | presert
a modeling methodology for reasoning about personalization. This ap-
proach helps identify sewen tiers of “personabletraits’ in web sites.

1 Intro duction

Web personalization has becomeso pervasive that, as an enabling technology,
it transcendsa constartly growing set of applications in electronic commerce,
knowledgemanagemet, information accessscocial schemesfor decisionmaking,
and user interfaces. In someapplication contexts, personalization has come to
occupy such a certral role that it is now di cult to imagine a user experience
without it. For instance, Riedl [1] estimatesthat there are at least 23 di erent
typesof personalization at Amazon's e-commercesite!

The word “personalization’ lends itself to many individual interpretations,
all of which indisputably provide someform of customization. There are broadly
two schools of thought. The rst adopts the viewpoint that to qualify asperson-
alization researdt, an approach must employ someform of user model, obtained
implicitly or explicitly. The notion of user model is itself a rich one, and can
range from simple aggregationsof usage patterns by analyzing weblogs|[2, 3]
or transaction records to richer represenations of capabilities, interests, and
preferences.e.g., seereseard in adaptive hypermedia[4]. The secondschool of
thought de-emphasizesisermodelsin favor of a exibilit y of information access,
typically via multiple interaction pathways or dialogs through a site. Here the
idea is that by placing fewer constraints on interaction, the user experiencecan
be more personalized,although there is no “understanding' of the user per se by
the system.Exampleshere are facetedbrowsing interfaces[5] and corversational
systems|[6].

This chapter grew out of an attempt at trying to answer the question: What
does it mean for a web site to be personable?Rather than stop at the cliched
obsenation that there are many forms of personalization [7], we are interested
in deriving somelong lasting attributes of personalization solutions, especially



with an eye toward accommalating both scools of thought mertioned above.
Of course,this is a di cult goal and we will necessarilymake somesimplifying
assumptions.Nevertheless,the ideasdescribed here are not too abstract asthey
capture a wide variety of practical personalization situations, referred to here as
traits.

2 Personalizing Interaction

Let us start with the working assumptionthat a websiteis personableif it allows
a user'sinformation seekinggoalsto be met e ectively. A user'sinteraction with
a web site can be thought of as a dialog between the user and the underlying
information system, using the communication facilities a orded by the web site.
Thus, whenthe userclicks on a hyperlink or submits data in a form, information
is implicity communicated from the userto the system.In response,the system
preserts information back to the user (including opportunities for further user
input). Many such dialogs happen in a browsing context.

Consider a hierarchical US Congressionalwebsite, where the user progres-
sively makes choicesof politician attributes| state at the rst level, branch at
the secondlevel, followed by levelsfor party, and district/se at|b y browsing (see
Fig. 1). Imagine how a userwould pursue the following tasks:

1. Find the webpage of the Democratic Represetative from District 17 of
Florida.
2. Find the webpageof each Democratic Senator.

The rst task can be satis ed by typical drill-down browsing becauseit in-
volvessupplying responsiveinformation at ead level (click “Florida' rst, "House'
next, and soon). Sud an interaction where the user merely clicks on presered
hyperlinks is called an in-turn interaction (see Fig. 1). The word in-turn' is
drawn from conversational nomenclature and refers to a turn-taking scenario
wherethe website queriesfor a certain aspect of politician at ead turn, and the
usermakeschoicesfor theseaspectsin the order in which they are requested.No-
tice that ead hyperlink click, or in-turn input, communicatespartial information
about the desired politician. Achieving the secondtask by communicating only
in-turn information would require a painful seriesof drill-downs and roll-ups, in
order to identify the statesthat have at least one Democratic Senator, and to
aggregatethe results. While the user has partial information about the desired
politicians, s/he is unable to communicate it by in-turn means.For instance, at
the outset the user would like to specify that sheis interested in Demaocratic
Senatorswhereasthe website is requesting a speci cation of state instead.

Out-of-turn interaction is our solution to support exible communication of
partial information not currently requestedby the system. One manifestation
is to allow the speaking of utterances into the browser. Fig. 2 describes how
we can useit to achieve Task 2 above. At the top level of the site, the useris
unable to make a choice of state, becauses/he is looking for states that have
Democratic Senators. S/he thus speaks "Demccrat’ out-of-turn, causing some
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Fig. 1. In-turn interaction with a website.

statesto be pruned out (e.g., Alaska). At the secondstep, the site again solicits
state information becausehis aspecthasnot yet beencommunicated by the user.
The userspeaks Senate'out-of-turn, causingfurther pruning (e.g., of American
Samoa),and retaining only regionsthat have Democratic Senators.At this point,
the goal hasbeenachieved (the usernotices 31 states satisfying the criteria), and
s/he proceedsto browsethrough the remaining hyperlinks. Notice that theseare
contextually relevant to the partial information supplied thus far, sothat when
"Georgia' is clicked, there is only one choice of seat (Senior) implying that the
other Senatorial seatis not occupied by a Democrat.

Out-of-turn interaction shouldbe cortrasted with the typical solution adopted
in today's websites,namely faceted browsingthat enumeratesall possibledialog
options in the site design,i.e., in-turn. Directly supporting all permutations of
facetsin the browsing structure in this manner results in a cumbersomesite de-
sign, with a mushrooming of choicesat ead step. Out-of-turn interaction must
also be viewed distinctly from seard engines,which are characterized by spec-
i cation of completeinformation. In this case,the interaction is terminated by
returning a at list of results, which curbs the user-sitedialog. OOT interaction
continues the dialog and situates future dialog choices(e.g., hyperlink options)
in the context of previously supplied partial information.

Sinceout-of-turn interaction is unintrusiv e, optional, and presenesthe closed
nature of navigation through the site, it can be interleaved with hyperlink clicks
as many times as desired (the stateful implementation of these interactions de-
scribed below also allows the user to utilize the back-button for badktracking
purposes).Such an interaction, with both in-turn and out-of-turn elemers, is
called a mixed-initiative interaction [8,9]. An interaction with only in-turn in-
puts, in contrat, can be referredto as a site-initiate d interaction.



Fig. 2. A web sessionillustrating the use of out-of-turn interaction in a US congres-
sional site. This progressionof interactions shows how the (Democrat, Senate, Georgia,
Senior) interaction sequence,which is indescribable by browsing, may be realized. In
steps1 and 2, ‘Democrat’ and “Senate'are spoken out-of-turn (resp.) when the systems
solicits for state. In step 3, the user clicks "Georgia' as the state (an in-turn input).

The screenat step 4 shows that only the Senior Senator from Georgia is a Democrat,
and leads the user to his homepage.



2.1 Represen tational Approac h

Interestingly, both site-initiated and mixed-initiativ e interactions can be sup-
ported in the samedialog programming model! To seehow, it is helpful to think

of modeling a website as the program of Fig. 3 (left) where the nesting of con-
ditionals re ects the hierarchical hyperlink structure and eat program variable
denotesa hyperlink label. For an in-turn sequencethe top seriesof transforma-
tions in Fig. 3 depicts what we want to happen. For the interaction of Fig. 2,

the bottom seriesof transformations depicts what we want to happen (For ease
of presenation, we are consideringonly the party, state, and branch of Congress
aspects). Notice that both sequencestart and endwith the samerepreseration,

but take di erent paths.

Fig. 3. Staging dialogs using program transformations. The top seriesof transforma-
tions mimic an in-turn dialog with the user specifying (Georgia: Senate: Democrat),
in that order. The bottom series of transformationscorrespond to a mixed-initiativ e
dialog where the user speci es (Democrat: Senator: Georgia), in that order.

The rst sequenceof transformations corresponds to interpreting the pro-
gram in the order in which it is written, i.e., when the user clicks on "Georgia,'
that variable is setto oneand all other state variables(e.g., Alabama') are setto
zero,and the program is interpreted. This leadsto a simpli ed program that now
solicits for branch of congress.The secondsequenceof transformations involves
‘jumping ahead' to nested program segmeits and simplifying them even before
outer portions are evaluated. Such a non-sequetial evaluation is well known in
the programming languagesliterature to be partial evaluation ([10]; seeFig. 4),
a technique for specializing programs given some (but not all) of their input.
Thus, when the user says "Demccrat’ out-of-turn, the program is partially eval-
uated with this variable setto one (and "Republican’ setto zero). The simpli ed
program continuesto solicit for state at the top level, but somestates are now
removed since the corresponding program segmeits involve dead-ends.Notice
that since PE can be usedfor interpretation, it can support the rst interaction
sequenceas well.



int pow(int base, int exponent) f int pow2(int base) f
int prod = 1; return (base * base);
for (int i =0; i < exponent, i++) |g

prod = prod * base;
return prod,;

g

Fig. 4. lllustration of the partial evaluation technique. A general purp ose powver func-
tion written in C (left) and its specialized version (with exponent statically setto 2) to
handle squares(right). Automatic partial evaluators (e.g., C-Mix) usetechniques such
as loop unrolling and copy propagation to specialize given programs.

This simple example shaws that what is important is a represenation of
interaction and an expressiwe operator (PE) for supporting personalization. We
say that arepreseration is personablefor a user'sinformation-seeking activit y if
there is a sequenceof partial evaluations of the represenation that can support
the activity.

A realistic dialog model for interacting with websites requires a complete
suite of represenation and transformation options, for details see[11]. In addi-
tion, there are often interesting dependenciesunderlying attributes that should
be harnessedn the personalization system. For instance, if the user says “Senior
seat,' he is referring to a Senator, not a Represetativ e. Saying "North Dakota'
and "Represetativ €' in the current political landscape de nes a unique member
of Congress(no party information is needed),and so on. This is very similar
to query expansion strategies utilized in information retrieval systemsor asso-
ciation rules applied to web site restructuring [2]. For instance, the assaiation
rule “SeniorSeat) Senator' holds with con dence 100%in the site structure,
immediately suggestinga possibleexpansionof the input. In [11] we generalize
theseideasand presert a theory of “staging transformations' that helps reason
about what partial input hasbeenspeci ed thus far, whether it is legal, whether
such input can be expanded,and perhaps even remove the needfor further in-
teraction. Essertially, we can think of staging transformations as a combination
of site transformations and pruning operators, basedon partial input. The cited
referencefurther describesrobust and scalable XML-based technology for large
websitesas well as user studies with this approach.

3 More Choices of Representations

Partial ewaluation is one way to exploit partial information via a represena-
tion. Explanation-based generalization (EBG) is another. Even though they are
computationally equivalent [12], we will begin by making a distinction and later
show the implications of their equivalencefor personalization.

With PE, a user experiencespersonalization becausethe site allows him
to provide partial information. With EBG, a user experiencespersonalization
becausethe site knows somepartial information about him. EBG is thus best



understood here as a technique that incorporates partial information prior to
a user interaction, whereasPE incorporates partial information during a user's
interaction.

We introduce EBG by considering a very di erent form of personalization.
Consider a book-reader (Linus) revisiting the amazon.comwebsite; a greeting
prompts "Welcomebadk Linus.' After Linus selectsa book for purchase,the web-
site skips the questionsfor credit card and shipping addresswhen processingthe
order. This is presumably becausethe answersto these parts of the interaction
are being reusedfrom a previous session.Admittedly , this is a useful form of
personalization.

Bo ok Selection:
if (Mystery)
if (Harry Potter)

else if (Science) Bo ok Selection:
if (John Nash) if (Mystery)
if (Harry Potter)
Paymen t:
if (MasterCard) else if (Science)

if (John Nash)
else if (Visa)

Shipping Options:
if (Fedex)

Fig. 5. (left) Default interaction represeration experienced by Amazon users. (right)
Interaction represertation experienced by Linus. Lines such as ‘Paymen t:' are com-
ments intended to show program structure.

Fig. 5 shows two represenations, the default represenation seenby Amazon
usersand the represeration experiencedby Linus. It is as if the site has per-
formed some “free' partial evaluations just for Linus! According to our original
de nition, both represenations are personablefor Linus's activity but Linus has
to provide two extra piecesof information with the represenation of Fig. 5 (left).
Per EBG terminology, we say that there is a di erence betweenthem in terms
of operationality. Operationality dealswith the issueof whether the site should
remenber Linus's credit card and payment information or whether it should
require Linus to supply it during every interaction. This dilemma is actually at
the heart of EBG.

3.1 Using EBG

Before we study EBG in more detail, we will make some preliminary obsena-
tions. The above dilemma is actually a dilemma for the designerof the personal-



ization systemand reducesto the problem of identifying templates of interaction
for users. A template | sud asthe returning customertemplate | de nes a
starting point for a userinteraction and identi es the program variablesthat can
beinvolvedin the interaction. The tradeo in designingtemplatesis betweenthe
partial evaluations performed by the site (in the template) beforethe interaction
beginsand the partial evaluations conducted by the userduring the interaction.

We can appreciate the di erence by consideringmore usersthan just Linus.
If the designis set up sothat the site performs most of the partial evaluations,
then a lot of templates will be neededto support all possibleusers.Each tem-
plate provides a considerableamourt of personalization but every user has to
determine the right template for his interactions. A mushrooming of template
choicescan causefrustrations for users. Conversely we can attempt to reduce
the number of templates but then someusersmight nd that there is no tem-
plate that directly addressestheir information-seeking goals. They might then
proceedto use a default vanilla template sud as Fig. 5 (left) (assuming that
it is supported). Such usersmay be able to satisfy their goals but will expe-
rience longer interaction sequencesand a not-so-personalizedinteraction. The
trick is to compressmany intended scenariosof interaction into a few template
structures.

EBG is a systematicway to cluster the spaceof usersand to determine dense
regionsof repetitiv e interactions that could be supported. In Amazon, oneimpor-
tant distinction is that made betweenreturning customersand new customers.
The top-level prompt at the site makesthis distinction (this is automated with
cookies) and transfers are made to di erent interaction sequences.

How and why did Amazon decide on these two templates? Why not a dis-
tinction sud as ‘reading for pleasureversusreading for businessor education?'
Or, “studerts versusprofessionals? Two issuesare important here. First, given
a customer, can the right template be determined easily? Determining if a cus-
tomer is a new or returning customer is admittedly easierto automate than
determining if the personreadsfor pleasure! Second,the distinctions used for
templating interactions should translate into signi cantly dierent interaction
sequencesElse, the distinction is uselesdn practice. In the caseof the returning
customer, for instance, Amazon can provide more personalizedrecommendations
and exhibit a greater understanding of the customer's preferencesand habits.
Balancing theseconsiderationsis a long-studied problem in EBG,; it is interesting
that it surfacesin such a natural way in the personalization context.

At this point it should be clear that PE and EBG support di erent typesof
personalization. While PE addressesthe expressivenesswith which a user can
supply partial information to the system, EBG addresseshe expressienessby
which the system exploits partial information about the user. While with PE
we assumethat the user provides the partial information in the current visit,
EBG requires past navigation experiencesto create ‘templates' which are then
operationalised. Hence EBG is more aligned toward the web mining approac
to personlisation [3], involving an oine model building and then an online
application of the model.
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Fig. 6. Explaining a user'sinteraction as completing an information-seeking task.
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Fig. 7. Dierent choices of operationality boundaries lead to dierent templates of
personalized interaction.



3.2 Operationalit y Considerations

EBG is an approadch to reasonfrom specic scenariosof interaction to general
templates of interaction that should be supported. A user's unpersonalizedin-

teraction with a web site is obsened and a generaltemplate is derived from it.

The rst step is to usea domain theory to explain the user's interaction. For
our purposes,a domain theory captures the site layout, task models, browsing
semartics, and their role in information-seekinginteractions. Explaining a user's
successfulinteraction at a site with respect to the domain theory will help iden-
tify the parts of the interaction that contribute to adhieving the personalization
objectives.DeJong[13] shows that an explanation can be viewed asa tree where
ead leafis a property of the examplebeing explained, ead internal node models
an inferenceprocedureapplied to its children, and the root is the nal conclusion
supported by the explanation (namely, that the scenariowas an example of suc-
cessfulinteraction). The explanation tree is usedto de ne a spaceof personable
represerations. Searding within this spaceis the secondstep in EBG and is
called operationalization.

Considerthat Linus rst usedthe Amazon site to selecta book about John
Nash (which he found by browsing through the Sciencesection of the site),
paid with his Discover card, and choseFedexto ship the book. Explaining this
interaction of Linus would lead to the proof tree shown in Fig. 6. The tree
shows how Linus satis ed the requiremerts of an Amazon interaction; in this
case,by satisfying the requiremerts for selectinga book, specifying a payment
information, and specifying his shipping details. Each of these sub-requiremeris
were in turn satis ed by particular interaction sequencesOperationalization
can then be thought of as drawing a cutting plane through the explanation
tree. Every node below the plane is too speci c to be assumedto be part of all
scenarios.The structure above the plane is consideredthe persistert feature of
all usagescenariosand is expressedin the personalization system design. The
user is then expected to supply the details of the structure below the plane so
that the proof can be completed. Recall that since the proof below the plane
is provided by the user's clicks and selections,it can be performed in a mixed-
initiativ e manner.

Fig. 7 shows three ways of drawing a plane through the tree of Fig. 6. The
top left really draws the plane at the level of an Amazon interaction, implying
that the site will capture no personalization aspects. Every detail is meart to be
supplied by the userin his interaction. It is not even assumed,for instance, that
the user will buy a book. This gives us the vanilla template that caters to all
users.The top right of Fig. 7 draws the cutting plane to include the selectionof
the book as subsumedby the system,leaving the payment and shipping address
to be supplied by the user. This is obviously a very strange notion of opera-
tionalit y! The template resulting from this option would be appropriate only if
the sameJohn Nash book is to be purchasedover and over again with di erent
credit card and shipment options! The bottom slice of Fig. 7 is probably the
reasonableone where the payment and shipping options are subsumedby the



system, leaving the userto selectthe book. It recognizeghe fact that in a future
interaction, the useris likely to purchasea di erent book.

Deriving a generalizedtemplate of interaction also depends on the class of
usersit is intended to support. Is the template obtained from Linus supposedto
apply only to his future interactions or canit be applied to other usersas well?
Once again, there is a tradeo . For instance, if we have multiple usersin mind
then Fig. 7 (top right) no longerlookssilly. Implementing this template amournts
to creating a 'If you would like to buy the John Nash book, click here to give
payment options' link. Contrarily , Fig. 7 (bottom) would be strange here since
payment information and shipping details are not transportable acrossusers.

After a template is derived, we have the option of explaining another user's
interaction and deriving a new template, if this user's interaction is not well
captured by the existing template. As mentioned earlier, we needto be careful
about an explosionin the number of templates if this processis repeated. Typi-
cally, the default vanilla represenation is always retained asone of the templates
sincethere will be many usersabout whom the site has no prior information.

3.3 Domain Theories for Information-Seeking Interactions

Operationality is thus a matter of utilit y and an example correspondsto a sce-
nario of interaction. We can evaluate operationality choicesby conducting us-
ability studies and determining the coverageof templates; example scenariosof
interaction can be obtained by obsenation and think-aloud protocols.But where
do domain theories come from?

While there is signi cant understanding of information-seeking interactions,
there are no large, pertinent, domain theoriesavailable for the studies considered
here. In [14], we handcrafted a domain theory for reasoningabout interactions
at the "Pigmerts through the Ages' website (http://w ebexhibits.org/pigments)
and usedit with EBG to designa personalization system. Pigments is a web-
site that usespigment analysis catalogs to identify and reveal the palettes of
painters in dierent eras and genres.The domain theory involved an explicit
crawl of the site and a "Badkground' webpageat the site that outlined a schema
for how the website should be used. A group of 10 participants were identi ed
and, after a period of acquaintance, were asked to identify one speci c query
(or analysis) and usethe facilities at the site to answer their query. The exact
interaction sequencegincluding clicked hyperlinks, manual information integra-
tion) wasrecordedfor all the participants and then explained using the domain
theory. This processrevealedthat starting from either artists, paintings, or eras,
the users systematically browsed through subcategoriesor compared palettes
to arrive at the relevant pigments (used by that artist, in the painting, or in
that era, respectively). Furthermore, all pigments share common modes of in-
formation seeking, such as browsing through their history of use, procedures
for preparation, and technical details of their chemical composition. We hence
operationalized the explanation structure(s) as two function invocations in se-
quence,the rst to determine an appropriate pigment category, and the second
to browsethrough the erntries in that categoryby various means.We thus arrived



at a single structure in support of all the 10 scenarios.This structure wasthen
evaluated with a set of 15 (di eren t) userswho provied 35 scenarios,all except
two of which passedour test. The two unrealizable scenariosinvolved ambiguity
of the query that required more contextual information than wasmodeledin our
study.

At the end of this process,there is someoptimism that domain theories can
be prototyped for certain recurring themes of information-seeking interactions.
Besidessupporting the construction of explanations, domain theoriescan help in
organizing software codebasedor information systemdesign.In other application
domains e.g., voice interface designand directory accessprotocols, this form of
codebaseorganization is already taking place. For instance, commercial speed
recognition APls provide support for task-oriented dialogs (e.g., con rmations,
purchaseorder processing)that make it easyto prototype applications. Sud an
organization will greatly benet the study of information personalization.

4 Personable Traits

| have preseried two ways to think about personalization; both represert an
information-seeking interaction and exploit partial information to deliver a cus-
tomized experience.Together, they can help capture a variety of personalization
scenarios.The EBG viewpoint is more prevalent than the PE viewpoint because
the way EBG harnesseartial information lendsbetter to implementation tech-
nologies. These obsenations point us to identifying the expressivenessin which
partial information can be utilized by and communicated to an information sys-
tem.

In Fig. 8, | identify sewentiers of personabletraits along such an axis, from
most simple to most sophisticated. Alongside ead tier is alsolisted the primary
way in which partial information is modeledand harnessedPE or EBG or both).
In reading the following paragraphs, the reader should keepin mind that the
presenceof EBG is a situation where the site knows something about the user
whereasPE capturesa situation wherethe usercorveyssomethingto the site. It
should alsobe remarkedthat many of the personalizationsolutions surveyed here
do not have explicit EBG or PE leanings;it is only our modeling of interaction
that permits thinking of them in this manner.

Remem brance

This is an EBG mode of exploiting partial information and refersto the case
where simple attributes of a user are remembered, suc as credit cards and
shipmert options. Amazon is a prime example; Citibank Inc. usedto provide
a toolbar that provided the samefunctionality. The partial information is thus
being exploited in a per-user manner. Web sites that capture and summarize
simple form of interaction history (e.g., top 10 visited pages)also fall into this
category. Here, explanations from multiple user sessionsare operationalized at
the leaf level into a single template. This enablesa type of personalization that



Improving the Addressability of Information PE+EBG
Dialog Structuring and Management PE+EBG
Context Creation and Use PE+EBG

Abstract Interaction PE

User Profiling EBG

Flexible Interaction PE

Remembrance EBG

Fig. 8. Sewn tiers of personalization, from simplest (bottom) to most sophisticated
(top).

is not speci ¢ to any user. For an EBG technique that can support this form of
specialization, see[15].

Flexible Interaction

This is a PE mode of personalization and supports simple forms of mixed-
initiativ e interaction. The partial information is expectedto be supplied by the
user and personalization enhancesthe way in which it can be supplied. A good
exampleis websitesthat allow the provision of expected, but out-of-turn infor-
mation, sud asin the US Congressapplication described earlier. Voice-activated
systemsare more advancedthan websitesin their support for this type of per-
sonalization [16].

User Pro ling

Our third tier is another example of EBG and is considerably more involved
than rementbrance. Here, what the site knows about a useris not restricted to
simple attribute-v alue information but is actually a sophisticated model of prior
interactions. For instance, Amazon suggests Sinceyou liked Senseand Sensibil-
ity, you will alsolike Pride and Prejudice.' A user's prior interaction is captured
and explained. The explanation is operationalized at the level of an internal rep-
reseration, to be usedin a future interaction. This form of personalization has
becomevery popular and many machine learning techniques have beenusedto
induce the internal represenation (e.g., to learn a pro le of the user). Someof
thesetechniquesare now very sophisticated and try to work with many implicit

indicators.

Abstract Interaction

Just asuserpro ling extendsremenbrancein an EBG mode, abstract interaction
extends exible interaction in a PE mode. Here the partial information that a



usercan supply is not restricted to valuesfor program variablesbut canbe some
abstract property of her interaction. For instance, the user could be interested
in movies that featured the lead actor in Titanic, but may be unable to frame
her partial information as "maovies where Leonardo Di Caprio acted.' | am not
aware of any websites that provide such a functionality in any general way.
Transformation techniques for supporting suc abstract interpretation are also
scarce(but see[17,18]).

Context Creation and Use

This tier of personalizationinvolvesboth EBG and PE. An exampleis the shop-
ping basket at Amazon that allows a userto begin an interaction (PE) and save
the state of the interaction to be resumedlater (EBG). When the userreturns to
the site, the shopping basket can be cheded out by providing the payment and
delivery information. The ultimate goal of this tier is to usecontext creation ca-
pabilities to help stageinteractions. In many casessud staging naturally breaks
down into a context creation phaseand a context usagephase.

Dialog Structuring and Managemen t

| have said that EBG and PE utilize partial information in di erent ways. How-
ever, if the operationality boundary is moved down, then information meart to
be supplied by the userbecomesprior knowledgealready known to the site. This
shows that “designinga personalization system' versus "using a personalizaton
system'is quite an arti cial distinction. The former just correspondsto choosing
a level of operationality (a partial evaluation, of the domain theory), and the
latter correspondsto capturing user requests(again, via further partial evalu-
ations, in this caseof the template). This argumert leadsto the equivalence
between EBG and PE establishedin [12]. This tier of personalization removes
the distinction betweenEBG and PE and the interaction resenbles more a di-
alog, with all the assaiated bene ts of a cornversational mode. There are not
many websitesthat support suc a tier of personalization but this problem has
beenstudied in other delivery mechanismssud as speed technologies[8].

Impro ving the Addressabilit y of Information

The holy grail of personalizationis to provide constructs that improve the ad-
dressability of information. Consider how a personcan communicate the home-
pageof, say, the Al Magazineto another. One possibility is to specify the URL;
in casethe reader is unaware, the URL is quite lengthy. Another is to just say
\Goto google.com,type Al Magazine and click the “I'm feeling Lucky' button."
The advantage of the latter form of description is that it enhancesthe address-
ability of the magazine'swebpage,by using terms already familiar to the visitor.
This tier of personalization thus involves determining and reasoningabout the
addressability of information asafundamertal goal, beforeattempting to deliver



personalization. All the previoustiers have madeimplicit assumptionsabout ad-
dressability. Solutionsin this tier take into accourt various criteria from the user
(or learn it automatically from interactions) and usethem to de ne and track
addressability constraints. Such information is then usedto support personaliza-
tion. This helps exhibit a deeper understanding of how the user's assumptions
of interaction dovetail with his information-seekinggoals.The rst stepstoward
understanding addressability have been taken [19]. However, the modeling of
interaction here assumesa completeinformation view, rather than partial infor-
mation.

5 Discussion

My view of personalizationis admittedly a very simple one. It only aimsto cap-
ture the interaction aspectsunderlying a personalizedexperienceand not many
others such as quality, speed, and utilit y. For instance, Amazon's recommender
might produce better recommendationsthan someother bookseller'sbut if they
have the sameinteraction sequencesthen the modeling methodology preseried
here cannot distinguish betweenthem. The cortribution of the methodology is
that by focusingsolely on modeling interaction, it providesa vocabulary for rea-
soning about information-seeking. One direction of future work is to prototype
software tools to support the types of analysesdiscussedabove (in a manner
akin to [20]).

While | have resistedthe temptation to unify all meaningsof the word “per-
sonalization,' | will hastento add that EBG and PE are only two ways of har-
nessingpartial information. Any other technique that addressesthe capture,
modeling, or processingof partial information in the context of interactions will
readily nd useasthe basisfor a personalization system. The operative keyword
hereis, thus, partial . A long-term goal is to develop a theory of reasoningabout
represerations of information systems,especially as pertaining to information-
seeking[21]. The ideaspresened here provide a glimpseinto what such a theory
might look like.

Acknowledgemen ts

This article is a gift to my mother, who suggestedthe title. My view of person-
alization has bene ted from interactions with Robert Capra, Saverio Perugini,
Manuel Perez,John Riedl, JosephKonstan, and Ed Fox.

References

1. J. Riedl. Personalization and Privacy. |IEEE Internet Computing, Vol. 5(6):pages
29{31, Nov-Dec 2001.

2. B. Mobasher, R. Cooley, and J. Srivastava. Automatic Personalization Based on
Web UsageMining. Communications of the ACM, Vol. 43(8): pages142{151, 2000.



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

M.D. Mulv enna, S.S.Anand, and A.G. Buchner. Personalization on the Net using
Web Mining. Communications of the ACM, Vol. 43(8): pages122{125, 2000.

P. Brusilovsky. Adaptiv e Hyp ermedia. User Modeling and User-Adapted Inter ac-
tion, Vol. 11(1-2):pages87{110, 2001.

M. Hearst, A. Elliott, J. English, R.R. Sinha, K. Swearingen, K.-P. Yee. Finding
the Flow in Web Site Seardh. Communications of the ACM, Vol. 45(9):pages42{49,
2002.

C.A. Thompson, M.H. Goker, and P. Langley. A PersonalizedSystemfor Conversa-
tional Recommendations. Journal of Arti cial Intel ligence Resarch, Vol. 21:pages
393{428, 2004.

D. Riecken. Personalized Views of Personalization. Communications of the ACM,
Vol. 43(8):pages26{28, 2000.

J.F. Allen, D.K. Byron, M. Dzikovska, G. Ferguson, L. Galescu, and A. Stent.
Towards Conversational Human-Computer Interaction. Al Magazine, Vol.
22(4):pages27{37, Winter 2001.

S. Perugini and N. Ramakrishnan. Personalizing Websites with Mixed-Initiativ e
Interaction. IEEE IT Professional Vol. 5(2):pages9{15, Mar-Apr 2003.

N.D. Jones. An Introduction to Partial Evaluation. ACM Computing Surveys Vol.
28(3):pages480{503, September 1996.

M. Narayan, C. Williams, S. Perugini, and N. Ramakrishnan. Staging Trans-
formations for Multimo dal Web Interaction Managemert. In Proceedings of the
Thirte enth International World Wide Web Conference (WWW'2004) , New York,
NY, pages212-223,May 2004.

F. van Harmelen and A. Bundy. Explanation-Based Generalisation = Partial Eval-
uation. Articial Intelligence, Vol. 36(3):pages401{412, 1988.

G. DeJong. Explanation-Based Learning. In A.B. Tucker, editor, The Computer
Science and Engineering Handbook, pages499{520. CRC Press, 1997.

N. Ramakrishnan, M.B. Rosson, and J.M. Carroll. Explaining Scenariosfor In-
formation Personalization. Technical Report ¢s.HC/0111007, Computing Researd
Repository (CoRR), http://xxx.lanl.go v/abs/cs.HC/0111007.

N.S. Flann and T.G. Dietterich. A Survey of Explanation-Based Methods for
Inductiv e Learning. Machine Learning, Vol. 4:pages187{266, 1989.

N. Ramakrishnan, R. Capra, and M.A. Perez-Quirones. Mixed-Initiativ e Inter-
action = Mixed Computation. In P. Thiemann, editor, Proceedings of the ACM
SIGPLAN Workshop on Partial Evaluation and Semantics-Basal Program Manip-
ulation (PEPM) , pages119{130. ACM Press, January 2002.

C. Consel and S.-C. Khoo. Parameterized Partial Evaluation. ACM Transactions
on Programming Languagesand Systems Vol. 15(3):pages463{493, July 1993.
N.D. Jones, C.K. Gomard, and P. Sestoft. Partial Evaluation and Automatic Pro-
gram Generation. Prentice Hall International, June 1993.

W. Jones, H. Bruce, and S. Dumais. Keeping Found Things Found on the Web. In
Proceedings of the ACM International Conference on Information and Knowledge
Management (CIKM) , pages119{126. ACM Press, November 2001.

A. Wexelblat and P. Maes. Footprints: History-Ric h Tools for Information For-
aging. In Proceedings of the ACM Conference on Human Factors in Computing
Systems (CHI'99) , pages270{277. Pittsburgh, PA, 1999.

G. Marchionini. Information Seeking in Electronic Environments. Cambridge Uni-
versity Press, 1997.



