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Abstract

Nowadays more and more information becomes available itatlifgrm. To
be able to guide users through this wealth of informationossibility is to only
provide the user with relevant information, where releyeiscdetermined by the
preferences of the user. To determine the precise reladbmden relevancy and
preferences, we somehow need to formalize both concepts p@iper proposes a
way to formalize the preferences of a user by grounding threpossible histories
of the user. We explore this technique and its relationshergbossible models.

1 Introduction

We are dealing with systems that, upon an implicit or expleguest by a user, pro-
duce an output that takes into account the preference ofsiébre The preferences may
depend on the context the user is in, hence the adjectivexisatvare. Our goal is
to model the context-aware preferences a user has in a maticahway. The mathe-
matical objects that represent preferences are calledsaageast behavior, the current
situation, explicit preferences, etc. can all place camsts on the agent. Berent
agents could model the same person and haierdnt or similar predictions, but we
could also imagine groups of persons modeled by a singletagberefore, it should
be possible taombineagents into a resulting agent which predicts in accordaritte w
the agents of which it is a combination. If these agents caagree on a integrated
prediction, the resulting agent shall not predict anyttahgll. Since it is not expected
that an agent can predict exactly what the user prefershatthe user even has these
preferences explicitly, we expect the agent to be able tegmteits beliefs about the
preferences of the user by giving multiple options togethigh a measure of confi-
dence.

In this work we will try to define these agents using probdibsi, focussing on how
to merge diferent agents and how to express context-aware prefergorederences
which depend on the situation the user is in. We start ourrtepith the postulates
that form the basis for the rest of our discussion in Sectiow@ then present two ap-
proaches on defining these agents using Dempster-Shafeciio® 3, from which we
conclude that we need support for reasoning about ratiogetest preferences. There-
fore we introduce in Section 4 our new model based on podsitiieries which address
this constraint. In Section 5 we explore the relation thigleidnas to probability theory.
We conclude our report and summarize open issues in Section 6



2 Basics

Before we try to model the user we first introduce the notatiamwe will use through-
out this report.

First we defind’refas the set of of Ptionsthat the user has. The options that can be
described with these properties are subse®sef For examplePref = {Jazz Eightieg
indicates that the properties of the options of the userisi@ning to jazz music and
listening to eighties music. Given thigref, listening to jazz music from the eighties
is described by the s¢flazz Eightieg and listening to nothing at all by means of the
empty set.

Furthermore, we definBitas the set of properties 8ftuationghat the user can be
in. Similar to the options, the situations that can be déscriwith these properties are
subsets ofit For example, if we tak8it = {CoffeeroomHappy} we can indicate that
the user can be happy aondnor in the cdfeeroom.

As a running example throughout the report we will use a usat has prefer-
ences on jazz arar/nor eighties music while being happy dagnor in the cdree-
room. Therefore, from now on, we will represent Jazz musit, asusic of the eighties
asE, being in the cfeeroom a€, and being happy ad.

3 Agents based on Dempster-Shafer theory

3.1 Introduction to Dempster-Shafer

Since we want to be able to combine agents having (maytereint) evidences about
the preferences of a user, the use of Dempster-Shafer t(i28)[1] seems a natural
choice since it is concerned with the combination of eviésrto calculate the proba-
bility of an event. In this section we will make two attempasmodel the agents and
their combination using DS, we will therefore begin by imtueing the basic concepts
of DS.
First of all, theframe of discernmer{FoD) defines the hypotheses about which the

agent can have beliefs:

Definition 1. A frame of discernmeris an exhaustive set of mutually exclusive hy-
potheses about some domain.

Second, théasic probability assignmemixpresses the relative confidence in sub-
sets of the FoD:

Definition 2. Let setD be a frame of discernment, then a function 2° — [0..1]
is called abasic probability assignmenabbreviated as bpa, whenewe({®) = 0 and
XscomM(S) =1

The quantitym(S) expresses a relative confidence in exa&lyThe total confi-
dence inS, which we call belief, is the sum of the probability assigmtsecommitted
to all subsets 0§ .

Finally, to combine two bpa’'sy andm, into a new bpa one can ug§empster’s



rule of combinationwhich defines the combined bpa , as follows:

My 2(0) = 0
m]_’z(A) = ﬁ Z ml(B)mZ(C)
BNC=A
K= > m(B)myC)
BNC=0

HereK is a measure of the amount of conflict, and the vpais only defined ifK # 1.

DS defines belief, plausibility and ignorance as measuresdfofidence; the belief
of a set defines the total confidence in this set, and plaitgibit upper bound on the
probability of this set:

Bek(A) = > m(B)

BCA
PI(A) = 1 - Bel(—A)

3.2 Agents on situations and options

In our first attempt we want our agents to speak over bothtsittmand options. We
will thefore define the FoD of the agent Bs= P(Situ Pref). This is possible because
there is a bijective functioi which mapsP(Situ Pref) on P(Sit) x P(Pref). Now we
define an agent as a bpa over the frame of discernment whera asbjgnment over
a single item of the FoDhpa({s, p}) = v, indicates that we have a relative confidence
of sizev in a preference for optiop in situations. A bpa assignment over a set,
bpaS) = v, means that we have a relative confidence of girethe combinations of
preferences for options and situations inSet

For example, suppossit = {C} andPref = {J} and henc® = {{J,C}, {C}, {I},{}}.
If an agentm has a relative confidence wfthat a user prefers jazz and is in the cof-
feeroom, we can represent thisrag{J,C}}) = v. Furthermore, if we have an agent
mwhich hasm({{J, C}, {E, C}}) = v, it means that this agent has a relative confidence
of v that the user either has a preference for jazz and is in tifeeroom or has a
preference for eighties and is in thefiaeroom. Moreover, the belief function for
an agentmn can be used to express the confidence in a set of options; &fongEgr
Bel({{J, C},{E,C}}) = V = Y ycacecy M(X) means that the total confidence of agent
mthat the user has a preference for jazz or eighties and igiodfeeroom, isv.

Problems arise when we want to represent conditional pibitedy such as, ‘the
confidence that the user has a preference for jazz mutgdnishe is in the cfieeroom
equals B'. Such property cannot be represented by assigning alesaiues to out-
puts ofm. We can, however, represent it as a constraintatating the ratio between
m({{J, C}}) andm({{C}}) as follows:

m({{J, C}}) : m({{C}}) =8: 2
We will continue on this path in Section 4, but first lets seatwke can do without
ratios.
3.3 Agents on options only

Although in current DS theory there are no operations orestants about ratios, in
this section we want to show that DS can help us if we focus erptieferences and



forget, for one moment, the situations in which these pegfees hold. In this case
the agent is, similar to the previous section, defined as plaeolver a FoD. Since we,
however, only look at options we define the FoD of the ageim asP(Pref).

A bpa assignment over a single item of the Fope({p}) = v, indicates that we
have a relative confidence of sizén a preference for optiop and a bpa assignment
over a sebpa(S) = v, means that we have a relative confidence iofthe preferences
for options in set.

For example, suppoderef = {J, E} and hence the frame of discernment{i3},
{J, E}, {E}, {}}. If we have an agenty with m({{J}, {J, E}}) = 0.8 this is interpreted
that, with a relative confidence of&) the user represented by this agent prefers ei-
ther jazz music which is not from the eighties or jazz musierfithe eighties. Since
>scp M(S) should be 1, we have to say something about the remaining &fG¥e
cases, if we want to fixy completely. Suppose that in the remaining cases we don’t
know anything at all about the preferred option, then we sag{{J}, {J, E}, {E},
) =02.

Now, suppose we have an agent with my({{J, E}, {E}}) = 0.7, representing a
user that likes music from the eighties with a relative caariice of 07, and we also
assume that this agent does not know anything about the 889érmy({{J}, {J, E},
{E}, {}}) = 0.3. If both agents are valid in the same situation, we can coentlie
two agents using Dempster’s rule of combination. Applyinig tule gives (since K is
zero)::

1
mu2({{J}, {J E},{E}L, {}}) = T Kk* (0.2%0.3) = 0.06

1
m2({{3, B} (EN) = 7= *(02%0.7) = 0.14
1
1-K

m2(({J}L,{J E}}) = % (0.8+0.3) = 0.24

myo({{J, E}}) =

T *(0.8+0.7)=056

Suppose we want to compare the four options: jazz music franeighties, jazz
music not from the eighties, and playing nothing at all, we waite down the belief
and plausibility for each option as follows:

Hypothesis se{ Bel Pl

{JEY 056 1

{IH 0 0.3
{EH 0 0.2
{} 0 0.06

This indicates that the new agent represents a total coridainQ56 in the user pre-
ferring jazz music from the eighties. It has no confidenceotber options, but places
upper bounds on their probability expressing that a prefsgdor jazz music is more
plausible than a preference for eighties music. Based srirtformation a system can
decide for example, given the music available, which musjday.



|0 {(C} (€3} ... {CH} (CHJ ... (CHJE}

f 0.1 0.4 0.3
f’ 0.8 0.0 0.1
fII

Table 1: Example agent

4 Agents as sets of functions

From the previous section we may conclude that for non-cttaeare preferences,
Dempster-Shafer seems a suitable technique to model aniceimeliefs about these
preferences. However, to try to include both situations prederences in the same
model, and meanwhile support the ratios for representingcel of users in situations
as mentioned in Section 3.2, we will in this section try apralative method of defining
the agents in terms of sets of functions on the frame of dignent, distributing a
probability mass among this set. We motivate this by assgrtiiat the user prefers
the same properties of options in new situations as he diduat®ns with the same
properties in his history. This history we will calperfect historyperfect for purposes
of determining the preferences of a user in new situatiarg),we want to model this
history. We first provide a formal definition and operatorsdombining agents and
extending their domain. We end the section by giving an exarmaphow to derive
information from an agent by introducing some constraints.

Since in this section and in the rest of the report we oftenudis the domain of
the agents, we will, from now on, represent the domain (andh@FoD) asD. The
domain is in our cas8itu Pref.

Definition 3. An agentM is defined aM c {f : D — 0.1 Y, f(X) = 1}, where
D = Situ Pref.

Such a set of functions indicates that the history of the osmteled by this agent
is described by either one of these functions. WHgr = v, means that iny(x 100)%
of the casesx was the case. For example, for the dom@&nH, J, E}, the history of
the user modeled in Table 4 is eithigror f’, or f””. The motivation behind providing
possible historiess that we might be unsure about the whole history, for exampl
because knowledge about the history came frafiedint sources. It is possible though
that we know certain ratio’s between certain options in thst|in a certain situation,
for example resulting from datamining sensor informatiba specific location. These
ratios can be represented using these agents.

For example, to represent a user who 80% of the time listamg@¥ music when
he was in the cfeeroom, using an ageh;, we can write:

Mi={f:PD1 > 0.1 > f()=1A > f(): > f(x=8:2

x3C,J x2C,3J

with, for exampleD; = {J,C}.
A specific functionf from My is:

9 0
{Cy |04 o1
y |05 00




In this table, a valuer at row x and columny means thaf(x Uy) = r. As another
example, consider a user who 70% of the time listened to naidiwe eighties when
he was happy, represented by agéiat with D, = {E, H}:

M2={f:7>D2—>O..1|Zf(X)=1/\ Z f(x) : Z f(x)=7:3

x3E,H xoH,2E

4.1 Extending the domain of an agent with hypothesis about e
statements

To be able to combine agents withffégrent domains, we have to be able to extend the
domain of an agent.
For this purpose we will define trdlomain introduction operato as follows:

Moid <« Dext = Mpew =

surjective

AF : Mpew —  Moig, such that
vaMold;gEMnew d Fg =fe g eG

,whereG = {g|Vxcpy, | F(X) = Z 9 p

YCDnew YNDoig=X

, WhereDpew = Doig U Dext

In words: If agentM,ey is an extension oM g with domainDey;, this means that
Mnew CONsists of, for each functiofi in Mgyg, the set of all possible combinations
of functions that, if we sum their output for input values wathiintersected with the
domain ofMgq give a certain input valug the result is equal té(x) in the old agent.

The intuition behind this is that the new agent does not hayecanstraints on the
added domain but keeps the constraints on the old domain.

Since we are mainly interested in ratios betwedfediént outcomes, we want to
prove that ratios in a certain agent also exist in all extarsof the agent:

Moid < Dext = Mpew =
vPsQQDo\d((vaMo\df(P) : f(Q) =a. b) e
Y geMpen Z g(P): Z g(@)=a:h)
P’CDnewlP’NDoig=P Q’gDnele’mDo\d:Q

Because all functions iMney can be mapped on a functionyg, if a ratio is present
in all functions ofMgq, it will also be present in all functions dfl,e,. Therefore, it
sufices to prove that the ratios of each individual functfon Mgy are also present in
the functionsy of Mpew that map onf.

Vrapa(f(P) 1 f(Q) =a:b =
Y geMneu Fo=f > 9(P) : > g(Q)=a:b)

P’CDnewlP’NDoilg=P Q CDnewlQ NDoia=Q

Since for each of these functiogsthat map onf, we know that~g = f, we can use
the requirements of the mapping functibrio show that:

Vxeo [fO = >0 g(¥)

YCDne YNDoig=X



This means that (even) the values toandb are the same fof and the sum of its
counterparts iy, and hence, also the ratio betweseandb.

We presume that, next to these ratios present in the origig@ht, no new con-
straints will introduced in the extended agent. For examniplee want to extend the
domain of agenM; with the domain of agentl, the domain becomes’ = D; U D,
and we presume that the agent becomes:

M/ = (f :P(D’l)—>0..1|Zf(x)=1/\ Z f(x) : Z f(x)=8:2

x3C,J x>C,2J

Note that, because in agemt we represented the values over which we have to do the
summation as set inclusion, we don’t have to change the i@nist

4.2 Combining agents

We will use a combination operata, to combine two agents. For this we first extend
the domain of the two agents to a common domain as shown inréwiops section,
after which we intersect the resulting agents:

Definition 4. For two agentdM; and M, the combination operatog is defined as
(M1 «D2) N (M2 « Dy)

The motivation behind this way of combining agents is thahlagents represent
a set of possible histories which satisfy their knowledgessuining both agents are
correct, the real history of the user must be in both sets s$ipte histories so we can
take the intersection of them.

As a result, if the agents have conflicting constraints oir faactions the result-
ing agent has an empty set of functions. For example, if webdoeagentM; from
Section 4 with the following agent:

Meonfiict = {f : PD1 — o..1|z f(x)=1A Z f(x) : Z f(x)=9:1

x3C,J x3C,3J

the resulting agent i8 and we have no knowledge about the history of the user.

Example If we want to combine agentd; andMj in the previous example to a new
agentMj », D1, becomesJ, C, E, H} and the new ageml; » becomes:

Mo = {f :PD1p — 0.1 ) F(x) = 1A
X

Z f(x) : Z f(x)=8:2

x3C,J x>C,2J
AYER: DY f=T7:3
x>E,H xoH,2E

4.3 Deducing information from agents

In this section we try to show how to deduce usefull informatbut of an agent in a
specific situation, by introducing some constraints. lis tase, we are interested in
the type of music to play if the user is happy and in th&eeroom, based on agent



M1.2, which is the combination frorvl; and M (as introduced before). To repeat, the
constraints on the agent were:

Z f(x) =1 (1)
D ) f(=8:2 )
x>C,J x3C,3J
D Y f(0=7:3 A3)
x>E,H xoH,2E

The assumption we make is that constraints of the consdrafratgentsvi; andM,
are independent of the situations of the other; if the usér the cdfeeroom, being
happy doesn’tinfluence the like or dislike for Jazz and regitieing in the cfieeroom
influences the like or dislike of eighties music, given the tiser is happy. Or, repre-
sented as ratios, whether the user is happy or not, doesfharice the ratio between
jazz and not jazz, when the user is in théfeeroom and whether or not the user is in
the cdfeeroom, does not influence the ratio between eighties arelgitttes, when the
user is happy. A reason for this assumption could be thag isesimply no information
about any dependency between the two constraints and thaiit best guess.

This can be translated to adding the following constraiotsli », which we will
call M3 ,:

DORLIC EE DR (C E S (I D 6 )

x2J,CH x2C,H,x»J x2J,C,xpH x2C,xpJH
= Z f(x) : Z f(x) (5)
x3J,C x3C,x3J
NG D 1Y S S (¢S ER D 6 (6)
x3E,C,H x3C,H,x»E x3E,H,x3C xoH,x3E,C
= > 0 > X (7)
x>E,H XoH,x3E

Here (5) follows from (4), and (7) follows from (6) by simpletametic only.

Suppose we want to choose between four options of music Wétptoperties:
{J, E}, {3}, {E}, {} and we want to know the relative probabilities that ag\agg has that
these combinations of properties were chosen during therfisf the user:

Z f(X) (8)

x>JE,CH

f(X) 9)
x2J,C,H,x3E

f(x) (10)
X3E,C,H,x»J

f(X) (11)
x>CH,x3JE

We therefore use the constraints of aghtjt, on the options. Based on equation
(5) and (2) we know that the agent has the constraint:

Z f(x) Z f(x) =8:2 (12)

x2JC,H x3C,H,x»J



And similarly, from equation (7) and (3), we know our agerds ki@e constraint:

f(x) : Z f(x) =7:3 (13)
x>E,C,H x>C,H,x3E
From equation(12) and (13), it follows that:
(eq8+eq9): (eql0+eqgll) =8:2
(eq8+eql0): (eq9+eqgll) =7:3

Because we wanted to have relative probabilities we canlilist a mass of one
among the options. This gives, if we adhere to the constaint

f(xX) = 0.56+ x

x>J E,CH
f(x) = 0.24-x

x2J,C,H,x3E
f(x) =0.14-x

X3E,C,H,x»J
f(x) = 0.06+ x

x2C,H,x»JE

With x such that the all values are greater than zero. We can use ¢bestraints to
determine what music to play when the user is happy and indfieeroom.

5 In perspective: Relation to probability theory

In this section we will explain how our agent relates to ptiliy theory. First of
all, our agent could be mapped to probability theory as audigjon of probability
distributions. For an agem, with domainD this results in:

\ (/\ P(raexd Arepix 1) = £(X)

feM xcD

This follows almost immediately from the definition of an agewhere the histories
translate to probability distributions on the domain. Faaraple, the agent in Table 4,
can be translated to the following distribution:

(p(C,-H,=J,-E) =0.1A..ApP(C,H,=J,-E) =0.4A ... Ap(C,H, J E) = 0.3)
v (p(C,-H,~J, -E) =08 A ... Ap(C,H,=J-E) =0.0A ... A p(C,H, J E) = 0.1)
V...
Similarly we can go back from constraints on the probabsipace to an agent.
We thereby distinguish between completely known probgidistributions and “un-

certain” distributions. In case the complete distribui®iknown, we can represent the
constraint with an agent of one function:

M = {f}, where/ycp f(X) = P(Agexd Arepyx )

In case we do not completely know the probability distribatithe information we
know from the distribution is translated to constraints the functions of the agent.



This means that all possible probability distributions @gresented as a single func-
tion (which can lead to an infinite amount of functions). SoggQ represents the set
probability distributions that comply with a certain camaént, this constraint is mod-
eled using the following agemd:

M = {f|FpeqVxep F(X) = P(Agexd Areprx )

A special constraint on probabilities is the conditionablmbility which can be
translated to a ratio, for alh, BC D with AN B = 0:

P(AB) = X & M = {f| Z f(x) : Z =x: (1- %)}

A,BCx BCX,ANX=0
For example:
D = {J E,C,H}
A={JE)
B=(C,H)
PJEICH) =09 M=(f| > f(): » =09:01

x>JE,CH xaC,H,x3JE

Example using conditional probabilities To show the similarity between our ap-
proach and probability theory, we model the agents with tamgs from Section 4.3
using probability theory with conditional probabilitiegVe still assume that the user
prefers the same properties of options in new situationseatichin situations before
with the same properties. In this case our knowledge thaigkeelistened 80% of the
time to jazz music when he was in thefi@eroom and listened 70% of the time to music
of the eighties when he was happy, is represented by two ttondli probabilities:

P(JIC) = 0.8
P(EIH) = 0.7

The assumption that the constraints of ageviisand M, were independent of the
situations of the other translates to:

P(JIC, H) = P(JIC)
P(E|H,C) = P(EIH)

Now, if we know that the user is happy and in theffeeroom, we know that
P(C, H) = 1 which means that from the agent it follows that:

P(J,C, H) = P(JIC,H)P(C, H) =0.8
P(E,C, H) = P(EIC,H)P(C, H) =07

From probability theory it follows that:
P(J,C,H) = P(J,C,H,E) + P(J,C,H,-E) =038 (14)

P(E,C,H) = P(E,C, H, J) + P(E,C, H, -J) =07 (15)

10



Suppose we have to choose again between our four optionssi mith the prop-
erties:{J, E}, {J},{E}, {}. We can distribute the probabilities of equations (14) &) (
over the four diferent options. This results in the same probabilities asigent based
approach (as the reader may check):

P(J,E,C, H) = 0.56+ X
P(J,-E,C, H) = 0.24- x
P(-J,E,C,H) = 0.14— X

P(~J,—E,C, H) = 0.06+ x

With x, again, such that the all values are greater than zero.

6 Conclusions and Future Work

In this report we discussed a way to predict the prefererreesder has by modeling
the user as an agent; relating properties of situationsdpesties of options the user
prefers. We first looked at these agents as belief probab#isignments in Dempster
Shafer theory (DS), from which we concluded that DS could $efull but we needed
support for reasoning about ratios between outputs of thefipeobability assignment
function, to reason about conditional probabilities.

Therefore we presented an alternative by defining an agsrdssat of functions,
motivated by the notion gbossible historiesWe explored the relation to probability
theory; formally and with an example. From this, we concltiti with the current
definition, we cannot express more things than in ordinaopability theory nor did
we, for the example, arrive at easier ways of deducing inédion from the agents.

However, we expect that the contribution of our work is in tiescription of the
“prediction” of (preferred) situations by looking atftérent indicators, and modeling
them and their integration as possible histories. We sekcafipns for this method in
the combinatiofintegration of rules from rule mining systems. Another elgselated
direction of future research is to assigrfdient strengths to the constraints on the
agents. This could for example result from the integratibdifierent agents that had
different confidence in their possible histories. Related te mining systems, we
could imagine that by assigning these strengths, we coulread botltonfidencend
supportof rules when using rules for prediction.
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