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Abstract—This paper presents MAPS —a personalized Multi-
Attribute Probabilistic Selection framework— to estimate the
probability of an item being a user’s best choice and rank the
items accordingly. The MAPS framework makes three original
contributions in this paper. First, we capture the inter-attribute
tradeoff by a visual angle model which maps multi-attributeitems
into points (stars) in a multidimensional space (sky). Secw,
we model the inter-item competition using the dominating aeas
of the stars. Third, we capture the user’'s personal preferenes
by a density function learned from his/her history. The MAPS
framework carefully combines all three factors to estimatethe
probability of an item being a user’s best choice, and produes
a personalized ranking accordingly. We evaluate the accuy
of MAPS through extensive simulations. The results show tha
MAPS significantly outperforms existing multi-attribute r anking
algorithms.

I. INTRODUCTION

better. In this situation, the inter-attribute tradeoffeds to

be considered. Existing approaches concentrate on batanci
weights of multiple attributes for each item. In this paper w
argue that only considering inter-attribute tradeoff mapt n
be sufficient. We observe that when it is hard to compare
items with contradicting inter-attribute tradeoff, a usdso
makes his/her best choice decision based on other factors,
especially the competition between sellers with similaces

and reputations in the eBay case. This motives us to inteduc
the next factor.

The second factor isnter-item competition. The proba-
bility of an item being a user’s best choice depends on not
only its own attribute values, such as price and reputation o
the seller, but also other similar items that are in competin
value ranges. For example, the existence of an iPhone seller
will reduce the probabilities of other iPhone sellers, wiawéd

Social networks and online communities are one of thgrices and reputations similar to this seller, being thet bes
most successful collaborative computing platforms in thehoice. In this paper, we show that inter-item competitioh n
computing and communication history. Personalized ramkimnly plays an important role in determining the probabitfy

capability is fundamental for search, question answeidmngl,

an item being the best choice, but also helps in making inter-

recommendation in eCommerce and social networks relatattribute tradeoff in the situation where the multiple iatites
applications. Such applications require ranking a set dfimu of items being ranked do not agree with one another. Thus, we
attribute items to help a user find his/her best choice amoaggue that a ranking algorithm should incorporate intemit

all items. For example, Alice wants to buy an iPhone 8@ompetition by jointly considering other similar items whe
using eBay. There are many sellers selling the iPhones 8@&culating an item’s ranking score.

with different prices and reputations. Alice expects eBay t The third critical factor ispersonalized user preferences
provide her a personalized ranking of all sellers with higiWe argue that both inter-attribute tradeoff and inter-item
ranking accuracy. By high ranking accuracy, we mean thedmpetition can vary significantly for different users or foe
given a user and a set of multi-attribute items from whickame user under different contexts. In eBay, we observe that
the user needs to select one as his/her best choice, the beste users prefer sellers with low price and reasonableaepu
choice should be ranked as high as possible in the rankimgn, some users prefer high reputation and reasonable,pric
list. Concretely, thebest choiceof Alice refers to the seller and some extreme users always choose the items with the
from which Alice will purchase an iPhone after an exhaustiMewest price. Furthermore, a user may prefer sellers oigeri

search over all available sellers.

low price when purchasing a cheap product, and prefer seller

In this paper, we argue that there are three key factors in deith high reputation when purchasing an expensive product.

signing a personalized multi-attribute ranking algorithrith
high accuracy: inter-attribute tradeoff, inter-item caatifon,
and personalized user preferences.

The first factor isinter-attribute tradeoff . Different items

Thus, a ranking algorithm should capture personalized user
preferences with respect to inter-attribute tradeoff ameri
item competition.

Unfortunately, most existing multi-attribute ranking aig

often have different attribute values. When the items wittithms rank a set of items based solely on inter-attribute
multiple attributes can be compared, it is straightforwtyd tradeoff and personalized user preferences on how sudh inte
rank them. In eBay, if one seller has higher reputation aradtribute tradeoff is handled. However, they fail to addres
lower price than another, this seller is clearly a betterigsho inter-item competition. Concretely, existing multi-dtrte
However, if one seller has higher reputation and higherepricanking algorithms fail to capture the background knowkedg
than another seller, it is hard to determine which one &f a user about how he/she has handled the inter-item compe-



tition in the past when items being ranked have contradictition. Typically only a subset of the attributes is used for
attribute values. We show in this paper that existing athoré  ranking (e.g., unit price, shipping cost, and reputatioff
work well only in simplistic scenarios and tend to fail diast call this subset of attributes the ranking attributes. €hes
cally for users with slightly more sophisticated preferefhan m ranking attributes form theattribute set, denoted by
terms of inter-item competition. As a result, existing ramgk A*¢* = {A1,..., A,,}. For example, in eBay, Alice selects
algorithms produce low ranking accuracy, i.e., placingerss the best iPhone seller based on two ranking attributese pric
best choice at low position on the ranking list. (sum of unit price and shipping cost) and reputation.

With these challenges in mind, we present MARSa In general, a user considers the tradeoff between the rgnkin
personalized Multi-Attribute Probabilistic Selection frame-  attributes @¢*) of the items £%¢!) based on his/her personal
work. The MAPS is unique in three aspects. First, MAP$references, and chooses the best one. We refer to thisrchose
presents a visual angle model, a novel approach to modelmge as the user'bsest choice denoted bySg. The goal of
items such that inter-attribute tradeoff and inter-itenmpe- the multi-attribute ranking algorithm is to rank the itent se
tition can be elegantly captured using the same underlyin§a context for a given user, such that the user’s best choice
model of items. Second, MAPS presents a methodical sche(g) is ranked as high as possible in the top-down ranking
to modeling personalized user preferences by capturing fist of items. For presentation convenience, we may simply
past behaviors of a user in terms of how the user makase attributes to refer to ranking attributes in the resthef t
the best choice selection. Third but not the least, MAP&per when no confusion occurs. Similarly items and sellers
develops a probability-based ranking algorithm. It estesa may be used interchangeably.
the probability of each item being a user’s best choice as theln the rest of the paper we will focus the discussion more
ranking score to rank the items that match to a user’'s quergn the original contributions of MAPS. Thus, we assume that

We evaluate MAPS through extensive simulations. Wte users considered in this paper are rational in the sbase t
show that MAPS offers higher ranking accuracy comparehey only choose the sellers that are not worse than any other
to existing multi-attribute ranking algorithms. Furtherma, one in the seller set. For example, if a seller offers higher
MAPS requires a short learning curve and can scale to a laggice and lower reputation compared to another seller, none
number of items. To the best of our knowledge, MAPS is thef the rational users will choose this obviously “worse”lsel
first multi-attribute ranking algorithm to date that iddie$ since none of its attributes is competitive compared to the
and incorporates inter-item competition into both the gk other seller. Therefore, we assume that all seller§41 are
score computation and the personalized user preferenfilepreskyline sellers[1], so none of the sellers considered in our
construction processes. seller set will be worse than another seller.

The rest of the paper is organized as follows. Section |l ) ) .
describes the problem formulation and illustrates thettimi B- Ranking quality metric
tions in existing ranking algorithms. We introduce MAPS in Let V; denote the ranking score of itef} and Vg denote
detail in Section Ill. We evaluate the performance of MAP$he ranking score of the best choice. Since the items are
in Section IV and conclude in Section VI. ranked according to their ranking scores, which repredesit t
likelihood of being the best choice within the item st
we evaluate multi-attribute ranking algorithms withnking
quality, which is the percentage of the items whose ranking

The problem of personalized multi-attribute ranking faesis scores are smaller than the ranking score of the best choice.
on providing a ranking list of items in response to a giverruse . . {S; € S*¢t|V; < V1
query. The goal is to ensure high accuracy in the sense that Ranking quality = Sset| — 1 1)

the user’s best-choice item, which the user will chooseraftwe useR; to denote the ranking position of the iteff, which
an exhaustive search over all items, should be ranked as mﬁgans the position of this item on the ranking list of the

as possible on the ranking list. Existing multi-attribua@king jtams in 55¢t. We useRy to denote the ranking position of
algorithms address the problem solely based on intebat&i e pest choice. The highest rank is 1 and the lowest rank is

tradeoff through weight function design and differ from ong \re can also formulate ranking quality as follows.
another mainly in terms of concrete weight functions. Irsthi n— Rp

paper we argue that the multi-attribute item ranking shdad Ranking quality =
based upon a user’s personal preferences on both inteaugetr
tradeoff and inter-item competition.

Il. PROBLEM DEFINITION
A. Problem formulation

: (2)
n—1
This ranking quality metric amounts to say that if the best

X . . . choice has ranking position 1, the ranking quality is 1, so
e e o PO 451 e anking core of e st hokce i he gt amor a
the e-market has sellers selling it. These sellers form ’thet © |_tems. V\{hep the best Cho'c‘? has ranking positiothe .

. . ' set ranking quality is 0, so the ranking score of the best choice
?g”eg set 05[ t}heDI;(f(fag:e:'ce:)rlgdﬁi?se(r)?tl,endﬁg\?;egiﬁbefent s:elleris the smallest among all the items. Thus, the higher is the
1502y ceey Oy = . . . . .
sets. We refer to the different products as the diffecemtexts ranking quality, the better accuracy is the ranking algonit
or queries of our ranking problem. C. Example
A seller has many attributes, such as name, location, spedo clearly state our formulation, we give an example used

cialty, product name, unit price, shipping cost, and reputthroughout this paper. In eBay, a user sends a query segrchin



Seller ID | Price | Reputation
Sh $480 49
S3 $667 352 US)=a-r+(1—a) (—p). (4)
S5 $685 1560
Sy $778 5885 With the sellers in Table I, the utility scores are calculiate
TABLE | asU(S1) = 529« — 480, U(S2) = 1019« — 667, U(S3) =
SKYLINE SELLERS OF IPHONE 8G IN EBAY 22450 — 685, U(S,) = 6663a — 778.

] ) ) From a survey with 30 real users, we find that most of
for “iPhone 8G” sellers. This user judges the sellers basggh, chooseS; as their best choice. So we examine what

on two attributes: price and reputation. The reputation of g, parameten should be to makes have the largest utility

seller is .calculated as the number of the seller’s previ(mmigl score among the four sellers. This means ;) should be
transactions subtracted by the number of the seller’'s puavi larger thanU (S1), U(Ss), andU(S4), as shown in equation
bad transactions. In general, a user prefers high repuotatid (5), (6), and (7).

low price. Among the seller set returned for this query, ¢her

are four skyline sellers, denoted I8}, S, Ss, and Ss. The U(Ss) > U(S1) = a > 0.119. (5)
seller IDs §;), price p;), and reputations{) are shown in U(S3) > U(S2) = a > 0.015. (6)
Table I. Note that the data in Table | are real data collected U(Ss) > U(Ss) = o < 0.021. @
from eBay.

We explain the meaning @&nking qualitywith an example.
Assume that Alice will chooses; as her best choice from
the four sellers.Algorithm, rank the items ass; > Sy >
Ss > S which meansRp = 3, so the ranking quality is
(4—-3)/(4—1) =0.33. Algorithms rank the items a$s >
Sy > S5 > 57 which meansRp = 1, so the ranking quality
is (4—1)/(4—1) = 1. Algorithmg rank the items a$, >
S1 > S4 > S3 which meansRp = 4, so the ranking quality
is (4 —4)/(4 —1) = 0. We can conclude that the rankin
quality of Algorithmsy is the best and the ranking quality of
Algorithmsg is the worst.

However, the condition o in equation (5) conflicts with
that in equation (7). It means that there is no valid choice of
« for those users who choos$g as their best choice.

It is important to point out that this problem is the conse-
guence of the linear combination of multiple attributestie t
utility functions. It does not depend on the specific formha t
utility functions. We can prove that if a point (item) is a tke

oint but not a convex hull point, it will never get the highes
tility score among the point set. The proof is omitted due to
page constraint. Therefore, some users’ best choices tanno
be described or captured by simply applying weight-based
multi-attribute ranking approach. This is the first limicat

) ) ) ] ) of personalized ranking of items that only considers inter-

The problem of ranking items with multiple attributes,ihte tradeoff using weight-based multi-attributekiag
has been addressed in literature [2]-[4]. Different memo%pproach.

simply provide different weight functions in terms of how t0 "o\, we demonstrate the second limitation of weight-based
combine the attributes of items for ranking. This weigh$é. i attribute ranking using the same real-user study. We
multi-attribute ranking is currently used in some comn’@rmasked 30 real users to rank the items according to the items’

systems, such as eBay [5]. . . probabilities to be their best choice in two scenarios. k& th
In the weight-based multi-attribute ranking approachityti it scenario, there are only three sellers in the seller set

scores are calculated by utility functions that combinetipid {S1, 2, S4}; In the second scenario, there are four sellers in
attributes with different weight values. The most wideleds o seller set{Sy, Sz, Ss, Si}.

utility function is a linear combination of the transformed .. the first scenario. 22 of the users ranked the items as
attribute values, as shown in equation (3). S, >89 > S, 0rS, > S, > 5. However for the second

D. Limitations in weight-based ranking approach

m m scenario, all of these 22 users switched their ranking dist t
U(S) = ai-Fia;) with d a;=1. (3) S3> 81 >8> S>0r S3> 85 > 51 > Ss. It means that
i=1 i=1 when.Ss is not in the seller set, the probability 6% is larger

U(S) is the utility score of sellelS, a; is the attribute value than the probability ofS;; when S5 is added into the seller

of A; for sellerS, «; is the weight value assigned to attributeset, the probability of5; is smaller than the probability f;.

A;, and F;(x) is the transformation function for attribut¢;. So on the ranking lists produced for these users, the order of

The most widely used transformation functions &t¢xr) = = Sy and S; is affected by whethef; exists.

and F;(x) = log(z). The sellers are ranked according to their The reason behind this phenomenon is that &fteis added

utility scores. into the seller set, it competes with the other sellers tohiee t
However, we find two limitations in the weight-based multibest choice. Since the attribute valuesSefis the closest to the

attribute ranking approaclkirst, by solely using weight to attribute values ofS; (see Table 1), it will greatly reduce the

combine attributes, some skyline sellers have no chanceptmbability of S; and make the probability of; smaller than

be ranked as the best choic®econd existing weight-based all the other items. From further interviews with these aser

multi-attribute ranking algorithms fail to capture the cept we find that inter-item competition mostly happens between

of inter-item competition. the sellers with similar attribute values. There is sigaific
We demonstrate the first limitation through a case study. Lebmpetition betweert; and S;, some competition between

us use the following utility function: Ss and Sy, but nearly no competition betweety and S, .



The above case study demonstrates that the ranking score 1.00
of a multi-attribute item should depend on not only its own
attributes (inter-attribute tradeoff), but also the atites of 0.80
other similar items (inter-item competition). In fact, éntitem
competition is the reason of why adding or removing an item
may change the ranking order of other items. In contrast,
weight-based ranking algorithms consider only interidate
tradeoff and compute the utility score of an item only based
on its own attributes. Thus, they fail to take into account of
inter-item competition introduced by those items with $ami 020
attributes. As a result, whenever the inter-item compmatiti @

0.60

0.40

Normalized reputation

" . . o -~ 5%s1=5°
plays a critical role or inter-item competition changessrsas 00— ——— 38125

. . . . . . 0.00 0.20 0.40 0.60 0.80 1.00
adding or removing an item, the weight-based multi-attebu _ .
Normalized price

ranking algorithms will fail miserably. , ,

The above limitations in weight-based approach to perd: 1+ Starmy sky of iPhone 8G sellers
sonalized ranking of items motivate us to design MAPS, @ perform the normalization of an attribute valug in the
Multi-Attribute Probabilistic Selection framework for @®n-  gecond class:
alized multi-attribute ranking. A unique feature of MAPS a;
is its capability to produce a ranking of items by carefully Glaj) =1~ m' ©)
combining three critical factors: inter-attribute traffemter- S

item competition, and personalized user preferences. There are three remarks on the normalization step. First, in

both normalization function (8) and function (9),is the only
I1l. THE MAPS FRAMEWORK parameter that is system-defined. Once it is set, all thesuser
In this section we describe the MAPS framework byvill use the same value. We will evaluate the effect of difatr

focusing on the design and development of the three kg§tings off3 in Section IV-C. Second, we have evaluated a
components of MAPS: the visual angle model, the dominatify™mPer of popular normalization functions and found that
area, and the density function. We will illustrate theseaeqs e performance of MAPS is not sensitive to the choice
with the example shown in Section II.C. Further detail oRf the normalization function. Third, for the attributestwi
the MAPS framework and its high dimensional model can B8N€r properties, we can also design normalization funstio

found in our technical report [6]. accordingly [7]. _ _
After normalization, an selle§; with two attributes can be

A. Visual angle model normalized into a point in a two dimensional space, denoted

In MAPS, a visual angle model is designed for the eBa§s(i,y:), wherexz; andy; represent the normalized price and
case in two steps. In thirst step, given a set of items with the normalized reputation of selle.
two attributes, we map all items into points (stars) in a two Based on the eBay example in Section II-C, Figure 1
dimensional space with each dimension representing oneSgPws the four sellers in Table | marked as four stars, each
the attributes. The goal of such mapping is two folds. Firdgpresenting one of them. We sétas 10° in this example.
we want to utilize the two dimensional space to devise a Visua In the second stepa preference space is constructed by a
angle model to capture the intrinsic relationship amongwe Visual angle model with two objectives: to capture the inter
attributes of each item (inter-attribute tradeoff). Setowe attribute tradeoff and to establish the foundation for nliode
want to build a foundation for capturing inter-item comfieti  inter-item competition. First, we represent each item as th
by comparing items in terms of the relative angle distan@®gle of the ray from the origin to the point of the item in
between their multiple attributes. With these objectivas SPace.
mind, we need to normalize all attributes into the same valueln our eBay example, the sellers are mapped into 2D space
range, say the range of [0,1], and make sure that a lardéth normalized price as x-axis and normalized reputatisn a
normalized attribute value indicates a higher prefererfce oYy-axis (Figure 1). For each sellef;, we choose the angle
user. between the ray —from the origin to the corresponding star
In general, we can divide all types of attributes into tw®f S: in the 2D space— and the x-axis to represent this seller.
classes. The first class of attributes carries the semaaticsThis angle is calculated as:
the-larger-the-better within the range [6f +o0), such as the 2z = arctan(y; /). (10)
reputation attribute of eBay sellers. For an attribute &dhu
the first class, say;, function (8) is used to perform the|n Figure 1, the solid lines show the rays from the origin

normalization: marked by an eye symbol to the four stars. Using the visual
Fla;) = W (8) angle model to represent the items gives two useful prageerti
a; - a; + 8 First, the visual angle can uniquely represent an item in the

The second class of attributes carries the ordering seosanttem set. If two items in the item set have the same visual
of the-smaller-the-better within the range [of +oc), such angle, they will be directly comparable. One of them will be
as the price attribute of eBay sellers. Function (9) is usetearly worse and thus never be chosen by any rational user.



As we discussed in Section II-A, to simplify the presentatio
we assume that all items in the item set are skyline items such
that none of the items is worse than another. Thus we focus
on the challenging case to compare and rank the items with
different visual angles.

Second, the visual angle representation of an item can
describe the inter-attribute tradeoff. For example, inuFégl,
a seller with a large visual angle (e.g., sellep) means that
the seller has high reputation but relatively worse price. |
contrast, a seller with a small visual angle (e.g., sefiey |
means that it has low reputation but relatively better price Origin  Remove S3 Add S5

In addition, the angle value could be used to capture a user’s Scenario _ o
personal preferences. For example, a user, say Alice,li@‘lgo Fig. 2. The change of dominating areas when adding or rergaamitem
at the starry sky of iPhone sellers (Figure 1). If Alice prefe that each sellerS; is represented by an angle valug in
the sellers with high reputation and moderate price, shei®mthe eBay example. Assume that all items are ordered
likely to look at the sky with a large visual angle. So she mayccording to their visual angles from low to high. 154S;) =
find that.S; has the smallest angle distance to her own Visupbw@«i’ ’U;pp@’l"i] denote the dominating area of |te$m, where
angle, and ChOOS€4 as her best choice. However, if Alicelowe” and upper; denote the lower boundary and the upper

prefers the sellers with low price and moderate reputasha, poundary of the angle range of the dominating aR{a;).
is more likely to look at the sky with a small visual angle. JhiThen®(S;) is defined as follows:

time, S; may have the smallest angle distance to Alice’s visual

Il Dominating area of S1
Il Dominating area of S2
Il Dominating area of S3
I Dominating area of S4
Il Dominating area of S5

Visual angle

angle and be chosen as Alice’s best choice. This motivates us [0, 222 if i=1,
to define apreference spacebase on the angle model for our R(S;) = [%ﬂi, ”%] if 1<i<nmn, (13)
eBay case: The whole preference space is the angle value of [zn712+zn ,90] T

[0°,90°]. A user’s preferences are described by the user’s tast

. SWe use the sellers in Table | to compute their dominating
on visual angles over the preference space.

areas. Recall Figure 1, the visual angles of the four seflers
B. Dominating areas of items z1 = 5°, 29 = 37°, z3 = 63°, andz, = 69°. Their dominating

In MAPS, dominating area is introduced to capture intefr€as are calculated &.5,) = [0°, 21°], R(S52) = [21°,50°],
item competition. The motivation of defining the dominatingt(53) = [50°,66°], and®(S4) = [66°,90°]. In fact, we can
area of an item comes from the following observation. When>§€ from Figure 1 that the entire preference space fom
user looks at the multidimensional space with a specificatisf® 90° is divided by three angle bisectors, = % =
angle, sayz.,, this user will select the item with the smallesg!®s L2 = zps = 50°, and Ly = 232 = 66°, into four
angle distance to his/her visual angle as the best choice. @@ninating areast(s1), 3¥(Sz), R(5s), andR(Ss). _
refer to this selected item as the dominating item of thizige  BOth equation (13) and the example above show that during
visual angle. the calculation of the dominating area of an item, we conside

Let z; denote the angle of iterfi; and z,, denote the visual N0t only the attributes of this seller but also the competing

angle of a specific user U. The angle distance betwgeand neighborhood sellerdnter-item competition happens when
~; is calculated as: two items have adjacent dominating areas. Thus we défime

AnaleDist B 11 neighbors of an itemas the items whose dominating areas
ngleDist(pu; pi) = [zu = il (11)  are adjacent to the dominating area of this item. For example

We define thedominating area for item S; as the angle the neighbors of; are 51 and 5.

range that satisfies the following condition: If a user looks Obviously, the dominating areas will chqnge if an item is
at the sky within the dominating area of itefy, the angle removed from or added to the item set. Figure 2 shows the

distance between, and z; is the smallest compared to thedomlnatlng areas of three scenarios for the eBay exampde; th

angle distance from any other items tq. Formally, the x—a;qs means d|ffer:antﬂ;scef_natr|os and_the yl—aX|s '15 tTﬁ whole
dominating itemsS; for z, should satisfy the follows: preterence space. In he nrst scenario (column 1), there are
four sellers as shown in Figure 1. In the second scenario

AngleDist(zy, z;) < AngleDist(zy, 2;),V1 < j <n (12) (column 2),Ss is removed from Figure 1. Thus the dominating

fi igh ill i . In the thi
This property ensures that increasing the dominating a‘reazlreas of its neighborss, and Sy, will increase. In the third

. . o . . “aenario (column 3), a new sell&i; with price $500 and
an item Tor a given user W'” increase its probability of bS’Emreputation 200 is added; this new seller will compete with it
th.e users_best choice. _S|r_10e a user can only look at the SA(é(ighborsSl and.S,, and their dominating areas will reduce.
with the visual angle within the preference space, the 4inter
item competition can be captured by the competition amoyy Density functions of users
different items in partitioning the preference space ititeirt Beside inter-attribute tradeoff and inter-item competifi
dominating areas. the third key factor that plays a critical role in achievinghn

For our eBay case, we introduce a concrete approachatccuracy for multi-attribute ranking is to capture the déity
define the dominating area of itesy (1 < i < n). Recall and uncertainty in users’ preferences. Naturally, difieresers



—a— Density block 1

may have different preferences over the same set of multie.os; 1=o1 12-50 iL3=66 0.06 Density block 2

attribute items. For instance, Alice and Bob may not choose
the same iPhone seller as their best choices. Such preéareng®
may depend on the life styles and income levels of thg

. 0.02
users and may change over time. Second, even the safie
user may have different preferences under different casitex |

o
o
=

o
o
S

Probability

! - 0.00;
For example, by analyzing the past selection behaviors of a b Raamge ¥ O @
user, we observe that this user prefers the sellers with high (a) One density function (b) Two density blocks

reputations and moderate prices sometimes, but prefers ﬁ'%‘?
sellers with low prices and moderate reputations at somer oth
times. Now we answer the second question lafw to infer a
In order to capture such uncertainty and diversity, wereference density function from a user's past selection
propose to use a probability density function to capture kghaviors. Assume that we have a set of past selection
user’s personal preferences based on his/her past itentisale behaviors, denoted by *** = {H,, Hy, --- , H.}, for a given
behaviors. Concretely, LeD(z) denote the probability that user and the size of the past selection behaviaks Bach past
this user looks at the space with the visual angleAs selection behavior/{; € H*") records an item set5¢’), and
z varies, D(z) changes. Different probabilities on differenthe best choiceqs,) of this user within this item set.
visual angles reflect this user’s personal preferenceshén t Recall our eBay case, we construct one density function
eBay example, the density function of Alice could look likeover the preference space from the past selection behawiors
the one shown in Figure 3(a). In this figure, the x-axis meafi®0 steps: (1) We represent each past selection behavior as a
the preference space ranging frofito 90°. The y-axis means density block. (2) We accumulate these density blocks into a
the probability of Alice to look at the sky with a specific vidu density functionD(z) for the user.
angle. First, we use kernel density estimation [8] to construct one
In the remainder of this section, we will answer twdlensity block from thej’" past selection behavior. We use
questions: (1) how to estimate the probability of an itermgei d;(z) to denote the density block for thg" past selection
the best choice given a user's density function, and (2) hd¥¢havior. LetSp, denote the user's best choice asg“
to estimate a user's density function from this user's pagenote the item set in this past selection behavior. 46t
selection behaviors. denote the angle value dfg,. Note that this angle descries
First, we will discusshow to estimate the probability of the user’s preference in thé" past selection behavior.
an item being the best choiceGiven the dominating area of The density blockd;(z) is a shape of Gaussian distribu-
item S; and the density function of a user, we can calculat®®on. We choose Gaussian distribution since its mathematic
the probability that the user chooses this item as his/hst béundation in kernel density estimation [8]. However, MAPS

choice by accumulating the density function within thisrite framework can use other probability distributions to geter
dominating area: density blocks. Formally, we constru¢f(z) in our eBay case

Vi = D(2)dz. (14) as follows.
z€RN(S;) dj(Z) ZN(uj,(Sj), (15)
Recall thatV; is the ranking score of;. We can then rank
all items {5y, Ss,...,S,} according toV; (1 < i < n) from
high to low.
In the eBay example, based on Alice’s density function Mj = ZB;- (16)
shown in Figure 3(a) and the dominating areas shown in Fi
ure 2 (the first scenario), we calculdie = 39%, V5 = 11%,

3. Example of density function and density blocks

The meanof d;(z), denoted byu;, is the visual angle of the
user’s best choice in thg" past selection behavior.

¥he variance of d;(z), denoted byd;, is the average angle

; i ) distance fromSp, to its neighbors. If we assume that all the
Vs = 31%, and Vy = 19%. (The dashed lines in Figureje o in the item set are ranked by their angles from small to
3(a) divide the density function for the four sellers based Qarge, we know the two neighbors 6. is i, _1 andSg, 41.
their dominating areas.) Thus, for Alice, the four sellelif w The exception happens only whéi, Jis the inrst item o’r the

be ranked in the order oy > S3 > Sy > S2. HOWeVer, |at jtem in the item set since it will only have one neighbor.
in the second scenario whefg is removed from Figure 2, rparefore we can calculate the variance as follows.
the probabilities for sellerssy, S, S, becomeV; = 39%,

Vo = 14%, and V3 = 47%, which yields the ranking 2Bl — 2B, if B:=1
.. . . . 5 +1 B;+1 i ’
order of S4 > S; > S,. Similarly, in the third scenario 5. =  Br1—2p,)—(eB;—2B; 1) & 1B gset
where S5 is added to Figure 2, the ranking order becomes™ 2 '_ < Bj <t| 5
53 > 55 > Sl > 54 > SQ. ZBj — #Bj—1 if Bj = |SJ8'6 |
The equation (14) and the above discussion on the running (17)

eBay example show that both a user’s density function and theThe choice of the mean and the variance ensures two
inter-item competition between neighboring items infliengroperties. First, the density block constructed from jHe

the probability of an item being the best choice of the usqrast selection behavior mainly resides in the dominatieg ar
To the best of our knowledge, MAPS is the first work thaf the best choice in that selection. Second, there is non-
addresses inter-item competition. zero probability that the density block resides in othemié



dominating areas to capture the uncertainty and diversitghaviors, (3) implementation of MAPS, (4) implementation

inherent in the user’s selection behaviors. of weight-based multi-attribute ranking algorithms, ari (
Figure 3(b) shows the example of two density blocks for thgerformance evaluation criteria.

eBay scenario. One is marked by the red circle curve and (8@ nerating seller sets. To generate the seller set for a query,

other is marked by the black rectangle curve. If Alice chse ;e need to determine the number of selleny &s well as

as her best choice previously and we know that the angle valygir prices and reputations. Based on real data collected f

of 53 is 63° from Figure 1, then this past selection behaviokmazon and eBay, we obtain the following observations. The

introduces a Gaussian shape density block with 63°. In hice s mostly within [10, 1000]; the reputation is mostly

the 2D space of Figure 1, we calculate the variance as QWhin [0,10°]; the number of sellers for a query is mostly

average angle distance from the user's best choice t0 its fyanin [20,100]; and both price and reputation follow power

ne|ghbor§. Fo.63, its neighbors areSs Wlth V|§ual angle37°  |aw distributions. Based on these observations, we gemerat

and 5;% VZ'})th(‘égsuﬁl) angle69°. The variance is calculated ase seller set for each query as follows.

5 = (C=0E=50 — 16°. This density block is represented First, the size of seller set, denotedibyis randomly chosen

as the black rectangle curve in Figure 3(b). _within [20, 100]. We will evaluate larger item set in Section
In MAPS, when the system knows a user’s best choices o

the pastl selection behaviors, the system con.strtlatﬂer)sity Sécond, the minimum price and maximum price are ran-
blocks asd;(z) for 1 < j < L. The overall density function of domly chosen within [10, 1000]. Them different price

a given user is constructed by normalizing the correspcgwdigalues are generated according to the power-law distabuti
L density blocks as:

L within the range of minimum price and maximum price. Let
D(z) = > -1 45(2) (18) {p1,p2, -+ ,pn} denote these price values, ordered from low
Jy’ i dj(2)dz to high.

. L . . Third, the minimum reputation and maximum reputation are
The density function in Figure 3(a) is normalized from the o 6 . )

. N randomly chosen within [010°]. Then,n different reputation
two density blocks in Figure 3(b). values are generated according to the power-law distabuti
We now discuss how to estimate the probability of the 9 9 P .

item being the best choice of the user based on the den%NIthln the range of minimum reputation and maximum rep-

iy .
function constructed from function (18). In the first prooe g%tel?gd If_r?)trr{wrllo,vﬁt.).ﬁiézb} denote these reputation values,

implementation of MAPS, we use function (19) to cumulate’ _ . . .
Finally, combine reputations and prices to generateems

the dense function of Gaussian distribution with mégarand here itemsS: h ati d ori By doi I
variancehs from —oo 10 z. where itemS; has reputatiom; and pricep;. By doing so, a

x—h items are skyline items.
Fla by he) = (1+erf(S=—2))/2, @9 1o 2€ Y | |
V2 hs Simulating users’ selection behaviors To our best knowl-
whereer f(z) = iﬂ fow e~t’dt is the well-known error func- edge, none of the existing work provides usable models to
tion encountered in integrating Gaussian distribution [8]  simulate the users’ uncertain and diverse selection betsvi

We can prove that the computation complexity of MAPS foF herefore, we interviewed 30 people to understand theécsel
the eBay case i®)(n - L). For storage, MAPS only needs totion principles when choosing eBay sellers, and summarized
store the mean and variance values (i.g.and ;) for each their behaviors into four categories. Although this apptoa
past selection behavior. This yields low storage compjexitnay not cover all possible user behaviors, it provides good
since the storage cost depends only on the length of therfistguidance to generate synthetic but representative usersrin
(L). From our later experiment, we know that = 32 is simulations. The categories of synthetic users are suragthri
enough for accurate prediction. as follows:

IV. EXPERIMENT Behavior category I: price threshold Users in this cat-

. . egory first filter out the sellers whose price is larger than
We evaluate MAPS through both synthetic simulations arg? y P d

| . s | thetic simulati e price threshold Their best choice is the remaining seller
real-user experiments. In synthetic simulations, we cowmaes 0 highest reputation. The price thresholds are often
on the comparison between MAPS and existing we|ght—bas|;?

lti-atiribut ki laorith The factors that afféh ighly correlated to the price of the items in the seller set.
multi-attribute ranking algorithms. 1he tactors that alitne ;g category, we construct one synthetic user, denated a

accuracy of MAPS are also gxamlned: In real-user eXpeU}, whose price threshold is the average price of the sellers
ments, we evaluate MAPS using the first prototype systeM i o seller set

of MAPS [9] with 50 real users. The experiments reported in Behavior category II: dynamic reputation threshold.

this section concentrate on the eBay scenarios used tmuugrbﬁers in this category first filter out the sellers whose rep-

the paper. The e_xperlments on high dimensions and with "¢Ration is lower than @eputation thresholdTheir best choice
users are given in our technical report [6].

is the remaining seller with the lowest price. The reputatio

A. Simulation configuration threshold is related to the price which means that the more
We simulate the scenario that a user selects his/her favogpensive of the item, the higher of the reputation threthol

seller for a particular product in e-market, such as Amazmh aln this category, we construct one synthetic user, denased a

eBay. The simulation environment is composed by five parigz, whose reputation threshold i) x average price

(1) generating seller sets, (2) simulating a user’s selacti Behavior category lll: fixed reputation threshold. Users
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Fig. 4. Ranking quality of different algorithms for the usen four categories

in this category have similar behaviors as the users in oagegEvaluation method The performance of weight-based multi-
II, except that the reputation threshold is fixed. We corts$truattribute algorithms is very sensitive to the selection tod t
one synthetic user, denoted &g, whose reputation thresholdweight valuec. It requires to learn the best value setting
is 1000. for each individual user in a given context, which is considie
Behavior category IV: extreme selectionUsers in this cat- one of the difficult tuning parameter for them. Instead of
egory consider only one attribute and neglect other atethu investigating specific ways to obtain the best settingsyof
We construct two synthetic userE, selects the seller with value in our experiments, we compare MAPS with the upper
the highest reputation arid; selects the seller with the lowestbound performance of weight-based multi-attribute akjons
price. by measuring the performance with varyingvalues within
We would like to point out that after conducting simulationthe o range. The upper bound performance of weight-based
for many synthetic users with different threshold valuee, wmulti-attribute algorithm is represented by the highesn{so
observe that the performance of MAPSimsensitive to the on the curves of the algorithm. Since the curves for MAPS
threshold settings in the four behavior categories. In thige constant as it does not dependogrwe will compare the
section we show the results for the five representative usef8IAPS line with the highest points of the curves for weight-

Implementation of MAPS ~ We set the MAPS parametersbased multi-attribute algorithms.
as 8 = 108 and L = 32 in Section IV-B, and evaluate We would like to point out that this comparison method is

the performance of MAPS when varying these parametersfgr since it uses the best possible settings:@b compare the
Section IV-C. weight-based multi-attribute ranking algorithms with M3P
In fact none of the existing weight-based multi-attribuae k-
Apg algorithms can yield the best choicecofor different types
of users in a given context, especially when there is dityersi
and uncertainty in users’ selection behaviors.

Implementation of weight-based multi-attribute ranking
algorithms For these algorithms, we implement three typic
utility functions. The first is a linear combination of priead

reputation as
_ Comparison in terms of ranking quality Figure 4 shows
U S,' = - Ty 1-— \—=DPi)- 20 . L .
(Si) =a-ri+ {1 =a)-(=p) (20) the comparison between MAPS and the weight-based multi-
Recall thatU(S;), r;, andp; denote the utility score, reputa-attribute ranking algorithms with three most popular tytili

tion, and price for selless;, respectively. functions (recall Section IV-A). The x-axis represents the
The second utility function adopts the log function [10]yarious settings ofa for the weight-based multi-attribute
[11]. ranking algorithms and the y-axis shows the measured rgnkin

B ‘ quality of MAPS and the measured ranking quality of the
U(Si) = a-log(l+mi) + (1 —a) - (~log(1+pi)) (21) \yeight-based multi-attribute algorithms.

The constant valud is added to avoid negative logarithm Figure 4(a) shows the result for synthetic users (d7g),

values when reputation or price is smaller than 1. in Category |. The ranking quality of MAPS for this category
The third utility function adopts the normalization furais  Of users is 0.83. This means that the best choice for users
(8) and (9) used in MAPS. of U; type is ranked higher than 83% of items in the item
i Di set. The performance upper bounds of weight-based multi-
U(Si) = Q'WJFU —a): (1—m)- (22)  attribute approach with linear, log, and normalizatiorlityti

functions are at best 0.57 wheris around 1. This experiment

Performance evaluation criteria We useranking quality . ) .
defined in equation (1) in our evaluation. The example ungQWS that MAPS improves ranking quality Bg% over the

L . . weight-based multi-attribute approach, no matter whicltyut
to explain it is given in Section II-C. L ! o
) . . . . function is used and what value is set. Clearly, this ia
For each configuration, we run simulations for 1,000 times_ ... .
to obtain the average result Significant performance improvemeior users ofU; type.
) Figure 4(b) measures the ranking quality for the synthetic
B. Comparing MAPS with weight-based multi-attribute rankdsers (e.gl/>) in Category Il with varyingy values. Similarly,
ing algorithms MAPS improves the ranking quality over the weight-based
To facilitate the understanding of our experiments, weulti-attribute algorithms by20% comparing to the highest
discuss the evaluation method used to compare MAPS amaghking quality of the weight-based multi-attribute aligfom
weight-based multi-attribute ranking algorithms befome-p with normalization based utility function. Similar obsation
senting the results. is shown in Figure 4(c) for the synthetic users (elgd;) in
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Finally, we run the performance comparison for Category . _. . ) . . .
IV users with simplified selection behaviors (.8 andt;) ) Diferent item size - (b) Different history () Different 3
in Figure 4(d) and Figure 4(e). In these extreme cases usEgs5. Performances of MAPS with different parameters
simply prefer those items (sellers) based only on one at&ib o ] N
That is, U; always chooses the highest reputation dng !tems. This _mdlcates that MAPS is not sensitive to the size o
always chooses the lowest price. It is obvious that both MAP§M set being ranked.
and weight-based multi-attribute algorithms can achidwe tEffect of history length In the previous simulations,
best ranking quality. It is worth to point out that the weightthe density functions are estimated from 32 past selection
based multi-attribute approach can only achieve good tesWehaviors, i.e.. = 32. In Figure 5(b), we vary the history
for Category IV users whemn is properly chosen, which is length L from 1 to 128 (x-axis), and measure the ranking
known to be a hard problem for weight-based multi-attribuiguality (y-axis). We see that increasing the length of tiséany
algorithms. can increase the ranking quality. However, afferreaches

The group of experiments in Figure 4 also shows that ti32, the ranking quality does not change much. Therefore,
performance of weight-based multi-attribute approactombt MAPS in most cases would need no more than 32 past
depends on the choice of but also depends on the choice ofelection behaviors to accurately predict a user’s besteho
utility function. For instance, the weight-based multisiute More importantly, even when only a couple of past selection
with normalization function can achieve the best results ftbehaviors are known (wheh = 1, 2, 4), MAPS achieves good
users of typelUs (Figure 4(b)), but the log function is theresults (about 0+0.78 for Category | users, 0.78.85 for
best for users of typé/; (Figure 4(c)). In comparison, we Category Il users, and 0.98.0 for Category Ill users). This
evaluate the performance of MAPS for different normalizati shows that MAPS can reach high ranking quality with a very
functions and the results are similar, which shows that tishort learning curve.
choice of normalization function does not have any significagffect of parameter 3 The parametess is used in the
impact on the MAPS performance. normalization equation (8) and (9). In Figure 5(c), the jsax

This group of experiments shows that MAPS achieves mugithe 3 value varying from10° to 10'°, and the y-axis is
better performance than the upper bound performance tgé ranking quality. We can see that (1) the ranking quality
weight-based multi-attribute ranking algorithms. The @tv increases with the increase 6fand (2) the ranking quality
tage of MAPS comes from its unique features: the visual angiges not change much aftéreacheg08. This is becausg is
representation of items and user preferences, the congiutakjmply a system-level parameter used in the normalizaind,
of best-choice probability based on inter-attribute trfle the setting of its value only depends on the value range of the
and inter-item competition, and its modeling of diversityttributes. For the experimental datasets, MAPS can aghiev
and uncertainty of users’ selection behaviors through ilensthe best results when thvalue is comparable to the square
functions. Also MAPS does not rely on setting certain Spgyf reputation and price. Since most of the reputation ancepri
cific parameters for different users (see the next section fgg|ues is within [0,10%] due to power-law distributions, we
detail), whereas existing weight-based multi-attribwteking  only need to se = 10% in our experiments. In MAPS3 is

algorithms are sensitive to the choice of utility functionda 5 system-defined parameter applied to all users once it.is set

the proper setting of weight value.
V. RELATED WORK

C. Factors affecting MAPS performance The personalized multi-attribute ranking problem and the
In this section, we investigate how the performance @roposed solution are related to many research topicsydncl
MAPS is affected by three factors: the seller set sizg the ing recommender systems [12], web search [13], and database

history length (), and thes value in equation (8) and (9). queries [14]. In this section, we review related work acaugd
Since the ranking quality for extreme users in Category I the challenges in our problem: (1) modeling inter-attréb

will not change much with respect to, L, 3, we only show tradeoff, (2) modeling inter-item competition, (3) infiery

the results for users in the first three categories, reptedena user’s personal preferences, and (4) fundamental ranking
by Uy, Us, andUs. methodology.

Effect of seller set size In the previous simulations, the Modeling inter-attribute tradeoff: There are two types of
size of seller setr{) is randomly chosen between 20 and 10@xisting approaches that address the tradeoff among reultip
Now we run different tests by changing from 50 to 500. attributes. The first type focuses on identifying the atiiéis

In Figure 5(a), the x-axis represents the various values ofthat are important for ranking. The goal is to provide a
and the y-axis measures the ranking quality for eactalue. personalized set of attributes to determine skyline pditf$.

We can see that even in such a wide range ofhe ranking Some work further organize these attributes into an impoga
quality of MAPS is still larger than 0.8. Namely, the rankindnierarchy [16], [17]. The work may reduce the number of
score of the best-choice item is larger than 80% of the oth&tyline items but they cannot rank them. In the second type,
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