FlexRecs: Expressing and Combining
Flexible Recommendations

ABSTRACT as sets of ratings or features. Providing recommendatising u
richer data representations is not straightforward. Fangpte,
a user may want recommendations ¢oursesrom userswith
similar grades and similar ratings

Recommendation systems have become very popular but neest re
ommendation methods are ‘hard-wired’ into the system ntp&ia
perimentation with and implementation of new recommeroaati

paradigms cumbersome. In this paper, we propgéiexRecs a In this paper, we propogdexRecsa framework that allows flex-
framework that decouples the definition of a recommendation ible recommendations to be easily defined, customized, amd p
cess from its execution and supports flexible recommenustiver cessed over structured data. FlexRex)sdecoupleghe definition
structured data. In FlexRecs, a recommendation approactbea  of a recommendation process from executiti declaratively de-
defined declaratively as a high-level parameterized worklom- finesa recommendation process as a high-level workflow ahd (
prising traditional relational operators and new opesatbat gen- enables generatingny recommendations withe same engine

erate or combine recommendations. We describe a prototgype fl A given recommendation approach can be expressed as a high-
ible recommendation engine that realizes the proposedeframk level workflow, which may contaitraditional relational operators
and we present example workflows and experimental resuts th such as select, project and jopius new recommendation opera-
show its potential for capturing multiple, existing or nbwecom- tors that generate or combine recommendations. A workflow can
mendations easily and having a flexible recommendatioresyst  handle data (including recommendationsjetational form.

that combines extensibility with reasonable performance. A designer can easily creataultiple, customizable workflows

for content-based, collaborative, as well as novel reconutaton
paradigms. The end user can select from them, dependingron he

1. INTRODUCTION information needs. This selection is done through a GUI ctvhi
Recommendation systems provide advice on movies, praducts also allows the user to ent@arametersfor workflows in order
travel, leisure activities, and many other topics, and Hzeome to get more accurate and personalized recommendationsin+or

very popular in systems, such as Google News [11], Amazoh [16 stance, the user may specify that her recommendations leel bas
and MovieLens [18]. Since the appearance of the first recatame on what people in her age group are watching. This choice gets
dation systems [13, 21, 25], many recommendation apprgache translated into a select condition, which is passed to tipecgpi-
have been proposed both by the industry and academia. Howeve ate workflow. This functionality is essentially similar tdvanced
most recommendation systems have a number of limitations: searches: a designer builds a set of parameterized SQLegueri

e Hard Wired The recommendation algorithm is typically em- End users can execute these queries choosing parametes t@lu
bedded in the system code, not expressed declarativelyn Fro receive different results through an advanced searctfaoer
the designer viewpoint, this fact makes it hard to modify the We describe a prototype flexible recommendation engine that

algorithm, or to experiment with different approaches. realizes the proposed framework. The system allows exegati
workflow over a conventional DBMS by “compiling” it into a se-

qguence of SQL calls. The recommendation operators maymadi u
Sunctions in a library that implement common tasks for gatig
recommendations, such as computing the Jaccard or Peamsen s
. larity of two sets of objects, or perform more fancy statistipre-
%a;;gxggc?z;?e?::?:;oﬁ:nggza%ircc))rl:ﬁrrle d;,f\',f:trg:tng(l)ngeifsrs dictions. When ppssible, library functions are compiletbithe .
) SQL statements; in other cases we can rely on external anscti
e Limited world model Recommendation approaches deal with  that are called by the SQL statements.
two types of entities, users and items (e.g., movies), sgnted

e No Flexibility: The recommendations provided are fixed. End
users are given few choices. For example, a user may be unabl
to request recommendations for movies that could be jointly
seenby her and her friendor that her recommendations be

1.1 Motivation

Our work on FlexRecs was motivated by, and has been imple-
mented as part of a social tool we have developed in our lab. Fo

Permission to make digital or hard copies of all or part o§ twork for anonymity we will refer to this tool as Syste¥n SystemX helps
personal or classroom use is granted without fee providatidbpies are students in our university to make informed choices abagsgs
not made or distributed for profit or commercial advantage that copies and take advantage of the available learning options. plajs of-

bear this notice and the full citation on the first page. Toyooherwise, to ficial university information and statistics, such as hifleourse
republish, to post on servers or to redistribute to listguies prior specific ’

permission and/or a fee descriptions, grade distributions, and results of offic@lrse eval-
Copyright 200X ACM X-XXXXX-XX-X/XX/XX ... $5.00. uations. Students can anonymously rank courses they hiceme, ta



Departments(DeplD, DepCode, Name)

Courses(CourselD, DeplD, Title, Description, Units, Url)
CourseSched(CourselD, Year, Term, InstrID, Location, TimeSlot, Days)
Instructors(InstrlD, Name, Url)

Students(SulD, Name, Class, GPA, Status)

StudentStudies(SulD, StudyPrgID)

StudyPrograms(StudyPrgID, ProgramName, Classification, DepID)
StudentHistory(SulD, CourselD, Year, Term, Grade, Rating)
Comments(SulD, CourselD, Year, Term, Text, Rating, Date)

Figure 1: Extract from the course database

add comments, and rank the accuracy of each others’ comments
They can also get recommendations, organize their classesti
quarterly schedule or devise afour year plan and track pinegress.
SystemX also functions as a feedback tool for faculty and admin-
istrators, ensuring that information is as accurate asilgessTo
support this functionality, we maintain a database thatestoich
information about the courses offered, the instructomes sthdents,

the textbooks, and so forth. Figure 1 provides a small srapsh
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Figure 2: Fixed recommendations in SystenXx

describe recommendations. These descriptions would akst to

of the database schema. The system is already used by mare tha, . 4je parameters, so that end-users could at run timernarso

9,000 students inside the university, out of a total of aligy600
students. The vast majority of users are undergraduatdshare
are only about 7,000 undergraduates in our university.

e The need for flexibility and expressivityAlthough the ini-
tial version of SystenX has been very popular [3], we received
many requests, from students and administrators, for mexibfé
recommendations: As most commercial recommendationregste
our initial version offered no choices, just a list of recoemded
courses for the student to consider, as shown in Figure 2 figthe
ure displays a general list of collaborative recommendatior a
particular student containing a Robotics course and a Spdain-
guage course. If the student is interested in Spanish causke
may prefer to see more Spanish courses. If she is interested i

ize their recommendations, e.g., by choosing a selectindition,

or by weighting recommendations that are blended. The tresul
ing FlexRecs framework has indeed made it possibl@f@4sily
capture multiple recommendation paradigms and allow udgrs
namically personalize them to fit their needs) €xperiment with
novel recommendation strategies) design a flexible and extensi-
ble system and increase developer productivity: insteaatiding
new modules, a developer needs to define a new recommendation
workflow or expand the library of reusable functions if a newne
parison or prediction model is needed. The new version of Sys
temX employs the flexible recommendation engine to support dif-
ferent features and to let end-users tailor their recomiesomas. A
user interface for flexible recommendations has been degiff.

French courses, she may not want to see any of our recommenda-

tionst. Students want to specify the type of course they are inter-
ested in (e.g., a biology class, something that satisfiesitiheer-
sity’s writing requirement). They also want to request raoeen-
dations based on a peer group they select (e.g., studeritgim t
major, or freshmen only) and based on different criteria.éxam-

ple, a student may want recommendations for CS courses fidm C
students with similar grades (i.e., with similar perforro@nand for
dance classes from students with similar ratings (i.eh wiitnilar
tastes). In some cases, students want to see the recominasdat
the system would give their best friend, not themselves.

e The need for experimentation and higher productivig rec-
ommendations comprise an integral part of the system, wé¢ twan
experiment with different recommendation approaches: [Vap-
proachX be more effective than approaghin our environment?
What are the right weights for blending two recommendat{erg.,
one based on what students like, and another based on whiaésou
are more critical for completing a major)? What is the best wa
predict, not good courses, but likely grades a student tthiom in
future courses? Implementing many different recommeadatp-
proaches and their variants from scratch, possibly asrdiffesys-
tem modules, can be time-consuming and counter-produatide
does not lend to high code reusability. It also leads to amegen-
dation system that is not easily expandable and manageadbli: a
makes experimenting with different recommendation palisés
cumbersome and slow.

Faced with the above challenges, we need a way to decldyative

!Similar stories are known from other domains [2, 6]. Foranse,

an Amazon customer that once bought a book for his 9-year-old
will be considered a kids’ books fan or be mistakenly conside
similar to other kids’ books buyers and is bound to see iveale
recommendations in his/her future transactions with tiséesy.

1.2 Contributions
In summary, the contributions of our work are as follows:

e We proposelecoupling the definitioof a recommendation pro-
cess from its execution and preséexRecsa framework for
defining flexible recommendations over structured dataldrMecs,
a recommendation approach can be defined declaratively as a
high-level parameterized workflow comprising traditiorella-
tional operators and new recommendation operators.

We introduce arextendoperator that generates a virtual nested
relation. For example, a tuple in an extended student oglati
may contain an attribute that gives all the courses takeihdiy t
student. Although there is nothing new in the concept of a
nested relation, this particular flavor of nested relat®what
makes the whole framework work: extended relations simplif
the definition of our other operators.

We definerecommendindblendoperators that capture the essence
of most recommendation workflows. The operators can be com-
posed and combined with more traditional select, projeud, a
join operators. The main challenge in designing these epera
tors is in capturing the appropriate functionality and gelity.
Without a lot of care, one can easily come up with operatas th

do not compose, are not useful for common recommendations
or are unnecessarily complex.

We provide several examples that illustrate how common rec-
ommendation strategies (found in literature or implemeiire
SystemX) can be expressed as parameterized workflows with
our operators, as well as new recommendation types.

We describe a prototypfexible recommendation engirteat
realizes the proposed framework and executes multiple work
flows transparently. Our strategy reduces the amount of data



saved in temporary relations during execution. For inganc acknowledged [6, 1] and some extensions have been recently p
extended relations are never materialized. Furthermare, o posed, such as incorporating multi-criteria ratings irgcommen-
new operators can be compiled into standard SQL for execu- dations [4]. The language RQL has been the first proposabthat
tion. Hence, recommendation workflows are converted into se lows users to formulate recommendations in a flexible mafsier
quences of standard SQL calls, which are then executed by aHowever, RQL queries are not very expressive because tley ar
conventional database system taking advantage of thelynder formulated on a pre-specified multidimensional cube ohgti

ing query optimization. The recommendation operators may In contrast to existing works on recommendations, in thigepa
call upon functions in a library. When possible, library ¢un we do not propose or extend a particular recommendationadeth

tions are also compiled into the SQL statements. We propose a general and open framework for expressing aad pr
e We present experimental results that show the potentialiof o~ €€SSing flexible recommendations over relational datadbrars
approach for capturing multiple, existing or novel, recoanm existing as well as allows capturing povel recommendat_maqhgms.
dations easily and having a flexible recommendation system AS part of our effort, we have also implemented a flexible reco
that combines extensibility with reasonable performarfeer mendation interface in our system that allows students qoest

our evaluation, we use real data from our production system. ~and customize their recommendations [1].

3. RECOMMENDATION FRAMEWORK
2. RELATED WORK

Since the appearance of the first papers on collaboratiee-filt 3.1 Data Model
ing [13, 21, 25], a lot of work has been done from improving and  Large amounts of data reside in structured form, and paatigu
evaluating recommendation methods [4, 14, 26] to desigimirsi- in relational form, such as e-store, university, corpqratel scien-
worthy systems [17, 19]. In their core, these systems peo(@)l tific data. Our own university database is relational tocerefore,
content-based recommendatidos items similar to those the user ~ We focus on databases that follow the relational model, wrsc
preferred in the past [8, 20] ob) collaborative recommendations ~ enriched with some additional features.
for items that people with similar tastes liked [9, 21] @) by- A database comprises a set of relations. A relafib(denoted
brid recommendationby combining recommendation methods [7, R when more than one relation is implied) has a Aebf at-
23]. Although a popular and highly researched area, recamme tributes. We will useR.A; to refer to an attribute itA or simply
dation systems present important limitations for users al as A; when R is understood. A tuple in R is a vector of single,
researchers and developers [6]. numerical or categorical, values. We will use the notatiph;] to

The recommendation algorithm as well as its inputs are hard refer to the value ofd; in tupler. An attribute that can be instan-
wired in the system code. Designing, implementing and éxper tiated to a single value is calledbase attribute A relation with
menting with new methods can be time-consuming and counter- Only base attributes is calldzise relation

productive [1]. Furthermore, hard-wired algorithms getemonly In addition, we introduce the concept of an extended rafatio
a predefined and fixed set of recommendations, which canpet ca DEFINITION 1. Anextended relatio’ has base attributes and
ture the real-time user information needs. For exampleoiment- extended attributes. Aextended attributé’; (A4, ... A.) is instan-
based methods, the user is limited to see items that aressitoil tiated to a relation with attributes!,, ... A..

those she liked in the past. On the other hand, collaborétige Given a tuples in the relationS, s|E;] is a relation with attributes
ing methods provide serendipitous recommendations byttiaee Ai, ... A.. If tis atuple in this nested relation, thej;] gives
problems, such as the inability to recommend new items [Agr&  the value of attributel; in this relation. We will useE;.A; to refer

have been many approaches that try to solve some of these probig an attribute that is part of an extended attribiteor simply A;
lems, such as filtering out items if they are too similar tostheeen when E; is understood, and we call; anembedded attribute

before [8] or using genetic algorithms [26]. Several recanm Consequently, under our semantics, the notion of an atéribu
dation systems use a hybrid approach to avoid certain ioita  y5jye has a broader meaning capturing scalar values assvet a
of content-based and collaborative systems [7, 23]. Howefe lations. We consider that only base relations can be partule
ten different recommendations may be required under difiecir- allowing one level of nesting. While our model and languageid
cumstances by different users. Current approaches do ppoEU  pe generalized to arbitrary nesting, we have not seen a reed f
flexible, customizable, recommendations. this generality in any of the practical recommendation ades we

Furthermore, they deal with applications that have twosyple  haye studied and implemented and we do not want to unneitgssar
entities, users and items (e.g., movies, web pages) andrétey  pyrden our design.

ommend top N items to a user. Users and items are represented ) )

by rudimentary profiles (e.g., as sets of ratings or keywoats! Example: We consider the course database with the base rela-
recommendations are based on profile comparisons. For éaamp tions shown in Figure 1. Figure 3 shows an instance obth@nts

the content-based component of the Fab system [7] recomsnend Pase relation. We can define the extended relati@students that
web pages to users and represents web page content with@he 10¢0ntains all the base attributes of a student plus an exteate
most important words. Similarly, the Syskilt Webert system trlbgte that reprgsents the ratings made by each studergingla
represents documents with the 128 most informative worh [2 ~ “unit of information” per student:

While recommendations are based on a limited understarafing Ext_Students(SulD, Name, Comments(CourselD, Rating, Date))

the world, many real applications use much richer data iregid Figure 3 shows an instance for this relation. To refer to the e
in databases. Different types of entities may co-exist ifngle tended attribute, we usBt_Students.Comments, and to the rating at-
database (e.g., books, authors, publishers, and so foittn)sew- tribute within Ext_Students, W& US€Comments.Rating Or Simply Rating.

eral attributes. Current approaches are not very expesssig., In a similar way, we can define other extended relations, such
they cannot provide recommendations for different ergtitaking as the extended relatiamt_Courses that extends the base course re-
into account different subsets of their attributes. lation with an attribute that shows all the instructors pearyand

The inherent limitations of recommendation systems haembe term that a course was taught:



Status
H
N

Class
2009
2010

Name
Paul Little
John Doe

Students

Name
Paul Little

Ext_Students Comments (CourselD, Rating, Date)

Cl
c2
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John Doe 15 Mar 2007
12 Dec 2007
22 Jun 2007
22 Jun 2007

Figure 3: A base and an extended relation.

Ext-Courses(CourselD, DeplD, Title, Instructors(Name, Year, Term))
In Section 3.3, we will show how these example extended rela-
tions can be defined using tk&tendoperator.

Extended relations can be thought of as “views” that colbet
group together information related to an individual engityd rep-
resent it as a single tuple that can be easily handled by twere
mendation operators irrespective of the database stei¢asr we
will see in Sections 3.4- 3.6).

Although the issue of whether extended relations are nadteri
ized or not is orthogonal to their definition, in practicetemded
relations may not be stored in the database. In the followirg;
sections, we describe the operators required to handladedere-
lations and formulate recommendations. We start with thedsrd
(core) relational algebra operators with set semanticsvenektend
them enabling interaction with extended relations as well.

3.2 Base Operators

We consider the following operators that can operate on&azde
extended relations.

e Selecto,, selects tuples from relatioR, for which the con-
dition ¢ holds, i.e.,
oc(R) = {r|r € R A r satisfies}
R can be a base or extended relation arngla condition that

refers tobase attributesf R. o.(R) will be a base or extended
relation depending on the type &f

Project wa, creates a new relation by projectiig into a
smaller set of its attributes, i.e.,

ma(R):={r[A]lre R}
A is a list of base, embedded or extendattkibutes fromgR.
If A contains only base attributes, then the resulting relation
is always a base one.

Join, <., creates a new relation by combining tuplesAn
andR; that meet some condition) which refers only tdase
attributesof the two relations, i.e.,

R =i Rj = {(Ti,Tj)|TZ‘ ERiNT; € Rj A1y, 1j satisfyc}
A common type of join is natural join, which connects two
relations by equating attributes of the same name, andqtroje

ing out one copy of each pair of equated attributes. This is
denotedR; < R; (the conditionc is implied.)

The base operators defined above can handle extendedmnslatio
and be combined with the new recommendation operators to be
defined next but we have kept their original semantics. Omédco
go further and define operators with extended semanticsceTibe
arich literature on nested relational algebras that dssextended,
recursive operations such as nesting, unnesting and porje@and
joins on embedded relations [10, 12, 24]. We believe thahsuc
generality is not necessary for practical recommendations

3.3 The Extend Operator

With many (normalized) database schemas, informatiorctrat
ceptually refers to a single entity (e.g., a student’s cauadings)
is often found in several relations. In our system, we wang¢poe-
sent such application entities with a single (extendedtict. For
instance, a tuple in an extended relation could contain bdse
mation on a student (e.g., name, GPA), plus the set of coarses
student has taken. For this purpose, we introduce a newtopera
that creates such extended attributes in the tuples of garela

DEFINITION 2. Extende, creates an extended relation by em-
bedding a base relatio®; into another relationR;, i.e.,

R; € Rj = {(7’7;,1))|7’7; cRi \Nv:= 7TA(7‘Z' > R])}
whereA is the set of attributes aR;.

In words, R; € R; is an extended relation that contains all the
attributes and tuples fromR; plus an extended attribute whose (ex-
tended) value for each tupte from R; is a set of tuples fronR;
that join tor; on the common attributes. If there are no joining
tuples, then the extended attribute will be an empty retdiio r;.
The default name of this extended attribute is the nam@ of

In the above definition, onlyR; is required to be a base relation
because we allow one-level nestinf}; can be a base or extended
relation, since any extended relation can have more tharerne
tended attribute. The extend operator can be defined foiptailt
level nesting as well.

Ezample: Using the extend operator we can generate the ex-
tended relatiorExt_Students described earlier as follows:

PComments := 7 {suID, CourselD, Rating, Date} (Comments)

Ext_Students := 7 (sp,Name} (Students) ¢ PComments

In order to generate the extended rela#ignstudents, we need to
combine information found in more than two relations, atofes:

Schedules := 7 { CourselD, Year, Term, Instrip } (CourseSched)

Instruct_Sched := 7 {|nstriD, Name} (INStructors) > Schedules

Ext_Courses := 70 { CourselD,, DepID, Title} (Courses) e Instruct-Sched

Note that joining over attributes with common names sinmgsifi
the presentation and the definition of the extend operatatods
not impose any real constraints on its expressivity or onréie
lations and attributes that can be used with this operatoalse
relations and attributes can be renamed accordingly. Wausan
a rename operatgs|R'(B1, ...B»)](R) that produces a relation
identical to R but with nameR’ and attributes, in order, named
B, ... B,. For example, we can renarmeomments t0 Comments in
order to have the relatiogxt_Students as shown in Figure 3:

Ext_Students := 7 (sup,Name} (Students) e p[Comments(PComments)]

3.4 The Recommend Operator

Recommendations are based on comparisons (e.g., coueses ar
rated by comparing their topics to a student’s interestslesits are
compared to a particular student based on their ratingsdardo
find similar students, and so forth). In order to “build” revmen-
dations, we will have a library of comparison functions timaple-
ment common recommendation tasks of the form defined below.

DEFINITION 3. A comparison functior:f is a parameterized
function that maps a tupleto a single scalar valua by comparing
it to another tuples.

w=cf[P](t,s)

wheret and s are the two inputs to be compared aRtdenotes the
parameters used in the function.



For example, we may wish to apply a comparison function to
some part of two tuples, i.e., to an attributeof them; then, we
would specifycf[A](¢, s). It could also be to a set of attributes for
multi-criteria recommendations [5]. We do not make anyipalar
assumptions for the tuplesands, e.g., that they should have the
same number of attributes or that corresponding attribshesild
have the same type, allowing in this way a wide spectrum of-fun
tions to be defined, as the forthcoming examples will illuatén
Also, we do not assume any properties &gt. It could be any
function that computes a relationship between its two isaised
on either probabilistic approaches (e.g., [15]) or moréitianal
item-to-item correlations, such as Pearson’s correlatt@@mdall’s
tau, Euclidean distance, and Jaccard index, as well adleSeed,
domain-specific metrics. It could also be a prediction méelint
offline (e.g., [9]). We illustrate several possibilitiedde.

e Comparisons of string valueg-or example, we could consider
a function that measures the Jaccard similarity betweerstrirag
values, each one belonging to one of the input tuples of thetiion
and treated, for the purposes of comparison, as a bag of wiads
_ AT s[A]l

t[ATU s[A]|

Using this function, we could, for example, compare course d
scriptions usinglaccard[Description] (¢, s), wheret ands represent
courses, or compare instructors on the basis of their nantas w
Jaccard[Name] (¢, s), wheret ands are two tuples imnstructors.

e Comparisons of numerical valuesor example, we could use a
function that measures the distance of two numbers, i.e.:

Jaccard[A](t, s)

Distance[A](t, s) = t[A] — s[A]

attribute A» in all tuples: and j from the nested relationg £]
and s[E], respectively, that join om;. Then, we could, for in-
stance, us@&uclidean[Comments, CourselD, Rating] (¢, s) t0 compare
students based on their common ratings, where studamids are
taken fromext_Students.

e Comparisons of single values to extended valiés could define
a comparison function that compares two values of diffetgoes,
e.g., a single value to an extended value, i.e., to a reldfiofor
example, we could define a function that tries to locate alsing
attribute value withinZ, and if it finds it, it returns the value of an
attribute B in the tuple where the value was found, i.e.:

Identify[A, E, B](t,s) = v[B] if v € s[E] s.t. t[A] = v[A]

For instance, if is a course and is a student fronExt_Students,
Identify[CourselD, Comments, Rating] (¢, s) returns the rating of stu-
dents for courset based on the course id. In Section 3.6, we will
see examples that illustrate how these functions can be fosed
generating recommendations.

Comparison functions compare one tuple to another tuplis. It
frequently desirable to compare one tuple to a set of tugles,
a student to a group of students. For this purpose, we define an
aggregation comparison function.

DEFINITION 4. Anaggregation comparison functians a pa-
rameterized function that maps a tuplé a single scalar valuer
by comparing it to a set of tuples:

w=alef, PI(t, S) = alP)({cf(t,s:)|s: € 5})

Essentiallya takes as parameter the comparison function to use for
the tuple-to-tuple comparisons and generates a list of @ispn

Such a function could be used to compare students basedion the fnction valuescf(t, s1), ...cf(t, sn), ¥s; € S, which are then

GPAs, i.e. Distance[GPA](t, s), wheret and s belong toStudents,
or to compare courses based on their units, ID&tance[units] (¢, s),
wheret ands represent courses.

e Using conditional probabilities An alternate way of computing
the similarity between two tuples is to use a measure thadsed
on the conditional probability of observing one of the tgpigven
that the other tuple has already been observed. For examgil®;-
ple comparison function that computes conditional prolishs:

_ lor. a=t[a](R) MpB 0r a=sa](R)]
lor. a=spa)] (R

This function computes the number of pairs of tuples from-a re
lation R with the same value on an attribut® and with¢[A] as
the value of the attributel in one of the pair's tuples ansA]

as the value in the other pair tuple divided by the number of tu
ples in R with s[A] as the value of the attributé. For example,
Probability[CourselD, SulD, StudentHistory] (¢, s) finds the similarity
between two courses based on the number of students (iddriifi
their sulD) that took both courselsands (identified by their course
id CourselD) divided by the total number of students that taok

e Comparisons of extended valud¥e could also define functions
for comparing two extended values, each one belonging tabne
the input tuples, using some metric, such as the Euclideardie,
Pearson coefficient, etc. For example, a comparison fumasing
the Euclidean distance is:

Probability[A, B, R](t, s)

Euclidean[B, A1, A2](t, s) = > (i[Ag] - j[A2])?
i€t[E]
jEs(E]

i[A1]=3[A1]

This function compares two tuplésand s on their extended at-
tribute £ by summing up the squared differences of the values of

combined through into a single value.

An aggregation comparison function combines all partizies
into a final one using a function, such as the maximum, thesayeer
and so forth, and essentially signifies the relationshipupfet¢
to the set of tupless. P denotes other parameters to be used in
the function. For example, we may wish to compute the weihte
average of the partial comparison values using as weightslies
of attribute A of the tuples inS:

Z silA] * cf(t, si)
s; €8
> sil4]

s, €8

W_Avg[cf, A](t, S)

As mentioned earlier, (aggregation) comparison functibke the
ones we illustrate here, will belong to a library of functoi be
used with theecommendperator.

DEFINITION 5. Recommend>.y,,, outputs the tuples of a re-
lation R; augmented with an attribute with default namere,
whose value for each tuple is computed by comparing thistupl
with the tuples of a relatiom?;, as follows:

Ri > Ry = {(rs,v)lri € Ri A v:=alcf](rs, Rj)}

In other words, thacore value of each tuple; in R; is produced
by comparingr; to each tuple inR; using functioncf and then
aggregating using functiomn

The new attribute can be renamed, if so desired. Furthermore
we may specify a condition on which tuples frafy) will be con-
sidered for each tuple iR;. For example, we may want to compare
a course only with courses offered in previous terms. Angplos-
sibility is a select operator that may follow in order to filtee out-
put of a recommend operator, e.g., selecting only tuplds sdore



Title

tl c2 Advanced 10
Programming

FriendCourses | CourselD Score

2 c5 Al Techniques 7

3 C10 Graphics 9

Title
ta cz Advanced 10
Programming

Graphics 7

ReqCourses CourselD Score

th c10

tc c22 Compilers 8

(a) different recommendations

Title

Advanced
tl, ta
« Programming 10 2

FriendCourses  ReqCourses CourselD Score Bscore

t2 c5 Al Techniques 7 1
t3 C10 Graphics 9 2
tb C10 Graphics 7 2
tc 22 Compilers 8 1

(b) occurrence-based blending

FriendCourses  ReqCourses CourselD Title Score Bscore
1 @ Advancer:l 10 07
Programming
t2 c5 Al Techniques 7 0.49
t3 C10 Graphics 9 0.63
Advanced
ta @ Programming 10 L
th C10 Graphics 7 0.7
tc Cc22 Compilers 8 0.8

(€) normalized blending

Title
Advanced

FriendCourses  ReqCourses CourselD Score Bscore

ta, t1 Cc2 Programming 10 10
t2 c5 Al Techniques 7 2.88
t3 C10 Graphics 9 7.82
th C10 Graphics 7 7.82
tc €22 Compilers 8 4.7

(d) weighted average blending
Figure 4: Blending examples.
above a threshold. In these cases, we will Bisg,,. as a short-
hand. In what follows, for simplicity, we omitf, a, andc from

the operator notation whenever they are understood or gairesl
(e.g., when there is no filtering), and we simply wite>R ;.

3.5 The Blend Operator

Ezample: Figure 4(a) shows two sets of courses, which have
been generated in different ways: them@tourses is recommended
based on degree requirements and therseliCourses is recom-
mended by a student’s friends. A course in either set is destr
by the course code, title and recommendation score. Thbuags
may have been renamed before the relations are presented in t
blend operator using a rename operator.

e A blending methodOccurrences[A,R;, R;] counts the occur-
rences of each tuple, identified by the attribdtan both relations.
Figure 4(b) shows the result of mixing the sets of coursesgusi
Occurrences[CourselD, ReqCourses, FriendCourses]. For example, the
Advanced Programming course is found in both sets in tuples
andt,. The Occurrences blending method computes the same
value for both tuples, i.eQccurrences(t1) = Occurrences(tq) =

2. This may not occur with other methods, like the next one.

e A Norm_Blend|B, w;, w;,R;, R;] method computes &score
for each tuple by normalizing the value of its attribiit@nd weight-
ing it using a real number ifo, 1]:

B v w; ifteR:
Norm_Blend[B, w;, wj, Ri, R;](t) = { ™35 cws if R
—5 *w; ITteR;.

For the two course sets, we could usSerm_Blend[Score, 0.7, 1,
FriendCourses, ReqCourses], Which gives more weight to the courses in
the second set because satisfying the requirements is mpag-i
tant. In the combined set of courses shown in Figure 4(c)Athe
vanced Programming course now appears with different bscor
a1l 0.7 = 0.7int¢; and afd « 1 = 1.0 in t,. On the other
hand, the Graphics course is highly recommended by thersfade
friends but it has a lower score according to the requiremaitin

ts in contrast to & in ¢,. However, due to giving different weight
to the two sets, théscore for t3 is % % 0.7 = 0.63 and fort, is
% * 1.0 =0.7.

e A Wavg_Blend[A, B, w;, w;,R;, R;] method computesiacore
for each tuple, identified by an attributein the two input relations,
as the weighted average of the tuple values in the attriBute

w; * t[B] + w; * t[B]
w; + wj

Wavg_Blend[A, B, w;, w;, R;, R;](t) =

For example, usindVavg_Blend[CourselD, Score, 0.7, 1,FriendCourses,
ReqCourses|, we can take into account that the Advanced Program-
ming course is recommended both based on the requiremests an
by friends and give it a high scoreTHoL0-10 — 10, as Figure
4(d) illustrates.

Often, we may want to combine recommendations generated As in the case of comparison functions, blending methods wil

through two different processing paths into one. For exampk

be part of an external library of possible blending methadshat

may have a set of courses that can be recommended based on thghe application designer does not have to code them.

student history and courses suggested by friends or cotinaesre
required for graduating, and we want to provide one reconaaen
tion. For this purpose, we introduce thkendoperator.

DEFINITION 6. Blend (s, outputs the tuples from its two in-
put relations,R; and R;, augmented with an attribute with default
namebscore, as follows:

R; Bm R :={(r,v)|r € RiUR; A v:=MI[R;, R;](r)}

Tuples in the input relations should be union-compatible.al

3.6 Recommendation Workflows

The recommend and blend operators capture the essencetof mos
recommendation approaches and they can be composed and com-
bined with the more traditional select, project, join opers to
describe recommendations.

DEFINITION 7. Arecommendation workflow (querig defined
as a series of interconnected operators that describes legamn-
mendations are generated.

Below, we present several examples of workflows that illumi-

sense, the blend operator is an advanced union, which ddes nonate the new recommendation capabilities and the expityseiv

only combine the tuples from its input relations but alsoraagts
each tuple with an attribute whose value is computed by ¢gakin
into account the tuple in perspective with the tuples confiog
both relations using a blending methdd. The name of the new
attribute can be different from the default by renaming.

the framework. These workflows describe recommendatioats th
are hypothetically requested by a student, Alice. We wibvgihow
common recommendation strategies (found in literatune besex-
pressed as parameterized workflows with our operators, bhasve
illustrate some of the new recommendation possibilities.
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Figure 5: Recommendation workflows.
Clearly, we do not expect that Alice or any user will desciiee courses would be recommended to her friend by her colleagues
sired recommendations at this level rather users will ugecgpi- with similar tastes, i.e., with similar ratings as Joannee &guld
ate user interfaces. For the sake of presentation, in eashpz, use the invers@uclidean (inv_Euclidean) function, so that stu-

we first explain the kind of comparison expected and how this i dents with more similar ratings will have higher weight. Tae
captured in the recommend operator, and then, in the workflow students could be found using,,_guclidean[Comments, CourselD, Rating] -
we use only the symbol of the recommend operator without any  Ext_Students := Students & 7 {SulD, CourselD, Rating) (Comments)

parameters since they will be understood in the context oh ea ThisStudent := osyip=444 (Ext_Students)

example. Also, we do not show some common sense operations, Other_Students := osup< > 444 (Ext_Students)

such as excluding from the set of recommended courses aiesu RStds := Other.Students > ThisStudent

already taken by Alice, or selecting the courses with théésg Then, courses could be rated by taking the weighted averfage o
recommendation scores. the ratings provided by these students. The recommend topera

applied uses thédentify comparison function to extract the user
ratings given to each course and aggregates them into oam+ec
mendation score per course using ¥WeAvg[Score] aggregation
comparison function, where the scores of the students ctady
the previous recommend operator are used to weigh theigsati

Ezample 1 (Related courses): Alice is browsing the page of a
course in the system with title “Programming: Part One” (&hd
C22). We would like to show other related courses that are also
offered in 2008. Assume that the comparison function used fo
string values isJaccard. Then, similar courses could be found

using the recommend operatef,ccardjtite] as follows: Coll_Courses := Courses>1dentify [CourselD, Comments, Rating] ,W_Avg[Score] RStds
ThisCourse := ocourseip—c22 (Courses) This workflow captures nearest-neighbor collaborativerfitig.
CandidateCourses := 0year—200s (Courses) We could use other functions in place of the inveFagclidean,
RelatedCourses := CandidateCourses > ThisCourse such as the Pearson, and also replacehé\vg with e.g., the

RelatedCourses CONtains courses with &ore attribute that reports ~ Weighted average of rating deviations from the neighborsam
the strength of the recommendation based on how similareseou  'ating. Then, our workflow would represent the GroupLensabel
is to the one currently browsed by Alice. For example, it daxdn- orative filtering approach [21]. Note that it is easy to paggerize
tain a course named “Programming: Part Two” withJadcard) our workflow (unlike with othe_r approaches), and_hence mm_o
score0.5, and a course named “Advanced Programming Method- PI€ to generate recommendation for a person (Alice) assyithit
ology” with a score0.2. This example demonstrates the use of a they are intended for a different student (e.g., Joanne).
single recommend operator for comparing a set of tuples tn-a s Atthis point, we observe that the recommend operator tetats
gle tuple. The next example shows how the recommend operatord€nt ratings as a (virtual) attribute of students (namelyiments),
can be used for comparing a set of tuples to another set afgupl I the same way that it would do with base attributes, sucthas t

Examples with multiple recommend and blend operatorsyollo description of courses in the previous example. Howeveguin

) ] relational database, student ratings are stored sepafedei the

Ezample 2 (Content-based recommendations): Alice (with rest of information regarding students, so we would havéstab

id 1234) has taken some courses on related topics (e.g., on litera-inpyts of the recommend operator multiple relations. Theme
ture, writing, etc) and she is interested in courses offémnelyear mend operator would also have to know how to join these nialtip

that will help her improve her knowledge on these topics.r&he  jnpyts making it cumbersome to define the operator. In order t
fore, she asks for suggestions on courses based on her ¢ws#se  enable our recommend operator to operate on attributestitieen

tory. Course similarity will be determined based on the selde- transparently, i.e., irrespective of whether these are btsibutes,

scriptions. Each candidate course obtains the mininfunzard such the GPA, or “extended” attributes, such as a set ofystine

similarity score when compared to the list of Alice’s cowsee., need the extend operator. In our example workflow, studeets a

we will use the recommend operatof,ccard Description],min.: extended with an attributeomments that groups their course rat-
AliceCourses := o5, ip=1234 (StudentHistory) > Courses ings, so that the set of ratings for each student can be “déag
CandidateCourses := ovear=2008 (Courses) another attribute of the student in the workflow.

RecCourses := CandidateCourses > AliceCourses

. . We can also easily define novel types of recommendations, as
Example 2 is a workflow for content-based recommendations.

the following examples illustrate.
Ezample 8 (Nearest-neighbor collaborative filtering): Alice’s

. . o e . Ezample 4 (Many recommend and blend operators): Alice
best friend is Joanne (with it444) and Alice is curious to see what

wants recommendations from students that are similar térieexd



as before but she also wants them to be as good as she is based on Finally, let us see recommendations from a different domain

GPA. So, continuing the previous example from the point ksats
have been found, we also want students that have similar GPA w
Alice. As a measure of student similarity, we can take thelise
distance of their GPAd{v_Distance), as follows:

AliceStudent := osyp=1234 (Students)

RStds2 := OtherStudents bi,y Distance[cPa] AliceStudent

Then, we can compute an overall score for students takimg int
account how similar they are to both Joanne and Alice usieg th
blending methodVavg_Blend[SuID, Score, 1, 1,RStds, RStds2]:

QStds := RStds ﬂWavg_Blend RStds2

Ezample 8 (Item-to-item movie recommendations): Alice
decided to visit her favorite online movie site, FlexMDBdatown-
load a movie. The movie site keeps the following database:

Movies(Mid, Title, Year), Viewer(Vid, Name, Age), Saw(Vid, Mid, Rating)

Say FlexMDB has adopted FlexRecs and offers various cugtomi
able recommendations. Among them, it offers recommenasitio
adopting the Amazon item-to-item collaborative filteringpeoach
described in [16]. At a high-level, item-to-item collabtiva filter-
ing consists of two distinct components: the first compomeiits
a model that captures the relations between the differemisif and

Finally, course recommendations can be obtained in the sameina second component applies this pre-computed model izeder

way as when computingoli_Courses before, with the only difference
that bscores will play the role of weights in the computatdithe
weighted average of student ratings:

StricterRecs := CourSESDIdentify[CourseID,Comments,Rating] ,W_Avg|Bscore] QStds

Consequently, this example query involves a total of these r
ommend operators plus a blend operator.

Ezample 5 (Blending recommendations): Assume we want
to blend course recommendations based on Alice’s courseris
(RecCourses) with those from similar studentscdli_Courses) giving
more weight to the latter in order to increase diversity ie fimal
recommendations. We could, for example, use a blendingodeth
VVan_Blend[CourseID7 Score, 0.7, 1,RecCourses, CoII_Courses]Z

MixedCourses := RecCourses Swavg Blena Coll_Courses

Using our framework, one can define workflows that go beyond
course recommendations, as the upcoming examples show.

the recommendations for an active user [22]. The offlinelmaittls
a similar-items table by finding items that customers tengdun
chase together, as follows:

MoviePairs := 7 tuig, mid2} (Saw D>via p[Saw(Vid, Mid2, Rating2)](Saw) )

Ext_Moviel := MoviePairs £ Saw

Ext_Movie2 := MoviePairs € p[Saw(Vid, Mid2, Rating)](Saw)

MoviePairs keeps the pairs of movies seen together. The extended
relation Ext_Moviel(Mid, Saw(Vid, Rating), Mid2)) keeps all the ratings
given by viewers for the first movie of a pair aBg_Movie2 keeps
the ratings for the second movie of a pair. To compute similar
movies, we compar@&xt_Moviel t0 Ext-Movie2 USINg the operator
Dinv.Euclidean[Saw,Vid,Rating],{ Mid,Mid2} » WhiCh ensures that only paired
movies are compared, i.e., tuples from the two relationcans-
pared if they have the samelid, Mid2}.

Model := 7 {Mid, Mid2, Score} (Ext-Moviel > Ext_Movie2)

Given the relatiormodel, the algorithm finds movies similar to

Ewample 6 (Classification): Honors students achieve high gradegn0se rated by the user, aggregates those items (we will gum u

in their course work and are often rewarded for their achiesms.
The university wants to keep track of any student with an pxce
tional performance. Hence, we would like to notify the paogr
administrators, who use our tool, of students that may fyuak
honor students. To see if Alice qualifies, we will compare her
to the honors students (having status 'H’ in our data) based o

the similarity scores of the movies to the user’s moviesydeoto
recommend the most correlated items.

AliceMovies := ovig—3232Saw Xuiqg Model

RecMovies := AliceMovies B>score, sum, Mid2 AliceMovies

AliceMovies has all the movies that Alice has rated (identified by
Mid) and movies similar to them (identified byd2). Recommended

the courses taken and grades earned. We could use again the inmovies, i.e.RecMovies, are selected from the similar movies.

verseEuclidean (inv_Euclidean) to compute student-to-student
similarity and take Alice’s average similarity to all hosmstudents

as a score for her. Hence, we will use the recommend operator

Dinv_Euclidcan[StudentHistory,CourselD,Grade],Avg:
HStudents := Ogtatus=«H» (Students) € T {suD, CourselD, Grade} (StudentHistory)
AliceStudent := osyp=1234 (Students) & T {SulD, CourselD, Grade } (StudentHistory)
IsHStudent := AliceStudent > HStudents
Note how we can parameterize the workflow and let the selec-
tion conditions being determined at run time so that the flank
compares any student to any group of students.

Ezample 7 (Recommending a magjor): We can easily devise
a new workflow that recommends a major to Alice based on her
course history and so far performance (in fact, we are ctiyren
tegrating recommendations for majors into our system.) Ve fi
need to find students that have already selected a major amd co
pare their course selections and performance to Alice’s. wille
usebinv_Euclidean[StudentHistory,CourselD,Grade] .

MajStudents := 7 tsuip} (O Classification= “major” (StudentStudies > StudyPrograms))

Ext_MajStudents := MajStudents € 7 (suiD, CourselD, Grade } (StudentHistory)

AliceStudent := osup=1234(Students) € T {suD, CourselD, Grade} (StudentHistory)

RStds := Ext_Majors > AliceStudent

Then, we will rate majors following a voting scheme. We will
sum up the scores of the students that have followed each.majo

RecMajors = StudyPrograms DIdemtify[S':udyPrng,StudyF’rgID,Score],sum RStds

Figure 5 shows possible expression trees representing sbme
the example workflows above.

With FlexRecs, it is easy to define novel recommendationsgsi
the new operators can be composed and combined with more tra-
ditional operators to form recommendation workflows. Tooexe
recommendation workflows, algebraic laws will help an ojsten
to enumerate or transform plans in search of efficient onegen-
erating the desired recommendations.

Under the general operator semantics we assume, we cannot
make any assumptions for the general properties of all tlee-op
ators. For example, we cannot make any assumption w.r.t. the
associativity or commutativity of any blend operator bessits
properties depend on the semantics assumed in any givee-impl
mentation and, in particular, on the blending method usedr F
example, the bscores of tuples may depend on the order irhwhic
the input sets of tuples are presented to the operator {leegoper-
ator may give more weight to the tuples of its first input riela)

Of course, in any particular realization of the framewonke anay
give more specific or restricted semantics to some operatbba
able to define additional rules. For example, a blend opebatged
on anOccurrences method will be always commutative. On the
other hand, the extend and recommend operators are nedtimer ¢
mutative nor associative based on their definition. Theedars
that can be derived directly from the definition of the oparst
For example, selection can be pushed through an extendfirsits



Users

invoke workflow

Application

[ User Interface |

Workflow Manager 91— define _&
designer
Workflow Parser )
Recommendation Plan Generator
O ‘
Recommendation Generator )

FlexRecs

DB Engine

Flexible recommendation engine

Database

Figure 6: System Architecture
argumento.(R; € R;) = 0.(R;) € R;.

4. SYSTEM ARCHITECTURE

In this section, we present a prototype system that comaitds
executes FlexRecs workflows on top of a database. Implet@mta
on top of an existing database system has a number of adeantag
such as implementation ease, portability and faster depoy and
testing of the framework in our course planning tool. It atdo
fers a proof of the framework’s feasibility. Extending thetabase
query engine with the processing capabilities requirecéqmport-
ing flexible recommendations is the next step in order to toyam
sophisticated optimizations. A high level representatibthe ar-
chitecture is shown in Figure 6.

Our strategy for processing workflows reduces the amount of
data saved in temporary relations during execution. Fdante,
extended relations are never materialized. On the othed, lran
sults generated by any recommend or blend operators, which a
later re-used in the same workflow are materialized for efficy.
Our workflows are converted into sequences of SQL querieshwvh
are then executed by the database system. Thus, we can take ad
tage of the underlying query optimization. ThéexRecsengine
has the following parts.

TheWorkflow Manageallows a designer to define different rec-
ommendation workflows and end-users to invoke any of the de-
fined workflows (through an appropriate user interface) witter-
ent inputs and receive customized recommendations. Thé&-Wor
flow Manager hides the details of how flexible recommendation
are generated, such as the details of the algorithms anciusies
used to implement the functionality of the operators thangose
a recommendation workflow and the execution order of opesato

TheWorkflow Parsetakes as input a workflow and constructs an
expression tree, like these shown in Figure 5, keeping tteraf
the operators as defined in the workflow, since no real proagss
is performed at this level.

The Recommendation Plan Generatakkes as input an expres-
sion tree and generates a recommendation execution plargerh
erated plan comprises a sequence of SQL statements an@bfunct
calls and specifies how and in what order operators are e@cut
and any results that are shared in a particular workflow atwd ne
to be materialized. This module leverages the underlyingedB
gine’s query optimizer for implementing the new operatansd
in particular, its ability to efficiently compute joins andgrega-

tions. In addition, it allows calling functions that implemt various
comparison functions and blending methods. When possiigse
functions are compiled into the SQL statements; in otheesas-
ternal functions can be called by the SQL statements. Invhis

the system can support new types of recommendations bydexten
ing its library. In the next section, we describe in more déke
recommendation plan generation process.

TheRecommendation Generatexecutes a plan and returns the
recommendations. It sends the SQL queries to the DB engine, a
sembles any intermediate results and invokes the functised in
the plan for comparing and blending tuples.

4.1 Recommendation Plan Generation

The system builds a recommendation plan by traversing an ex-
pression tree from its root and going down to its leaves. [Tistilate
the recommendation plan generation process and the imptame
tion of the new operators, we walk through the following epées.

Ezample 8 (cont’d): We return to Example 3 (Sec. 3.6) and we
consider its expression tree (Figure 5), which has two recend
operators. We will first see the set of queries that can bergtate
for implementing the lower operator.

The corresponding subtree contains select, project, atehex
operators, which are all combined with the root recommereat-op
ator into one SQL query (Query 1 in Figure 7). This query has
several parts (shown shaded in Query 1), each one mappinteto o
of the operators: (a) the select operators have been ircchgleon-
ditions in the WHERE clause, (b) the recommend operatorchvhi
compares students using the inverse Euclidean compatrisotidn
on their course ratings, is implemented by combining theegm;
tion functions that are supported by the underlying datab@s the
extend operator is implemented by a GROUP BY clause. Observe
how, in this example, the query does not join the relatigsgents
and Comments specified in the expression tree, because the sys-
tem can recognize that all the attributes required by thenekéind
recommend operators can be provided by the latter relafitis
query creates a temporary in-memory table that containsatwo
tributes for each student: the student id and a score.

The higher recommend operator computes course recommenda-
tions based on the ratings provided by the similar usersdaon
the previous step, i.e., it makes use of the materializedltsesf
the lower recommend operator. Queries 2 and 3 correspond to
this operator and use results generated by lower operaginse
the result of the previous recommend operator has beenajeder
by aggregating the student ratings, we need again to assatia
dents with their ratings in order to compute course reconuiaen
tions combining student scores and ratings. ThereforenQ2e
combines for each student the score and the ratings infammat
into one relation. Then, Query 3 contains a hidden extendabme
inits GROUP BY clause. The computations required by therreco
mend operator, which now uses a comparison functidartify)
and an aggregation comparison functid¥ (Avg), are again real-
ized by leveraging the database’s existing aggregatioatzkgpes.

The course recommendations may be ordered by their score for
presenting them to the user.

Instead of having Query 2 generating an in-memory table and
then Query 3 using this table, we could have generated aesingl
equivalent, query. Splitting the computations in simpleeiges and
exploiting in-memory tables allows more efficient recomutegion
processing over the DB engine that we use.

The next example shows how the blend operator can be imple-
mented on top of a database. For the sake of brevity, we oitéyl de
the parts of the recommendation plan that refer to this dpera



Query 1:
CREATE TEMPORARY TABLE temp

| SELECT t1.SulD, 1/SQRT(SUM((t1.Rating — t2.Rating) * (t1.Rating — t2.Rating))) as score

FROM Comments t1, Comments t2

WHERE [ t1.CourselD = t2.CourselD| AND [t2.5ulD = 444 AND [¢1.5ulD <> 444|

GROUP BY t1.SulD

Query2:
CREATE TEMPORARY TABLE temp2

Query 3:
SELECT Courses.*,l SUM(score*rating) /SUM(score) AS CScore

SELECT t1.*, score FROM temp2, Courses

FROM Comments t1, temp l 'WHERE temp2.CourselD=Courses.CourselD l

WHERE t1.SulD = temp.SulD; GROUP BY CourselD

ORDER BY CScore

Query4:

SELECT Courses.*, |SUM(Score )/1.7 AS BScore

FROM |((SELECT CourselD, 0.7*CScore AS Score FROM HistoryRecs] UNION ALL

|(SELECT CourselD, 1.0*CScore AS Score FROM OtherRecs)) |t1, Courses

WHERE t1.CourselD=Courses.CourselD
GROUP BY CourselD

ORDER BY BScore
Figure 7: An example recommendation plan

Ezample 5 (cont’d): We consider the expression tree corre-
sponding to Example 5 in Figure 5. Recall that this tree cpoads
to a workflow that combines recommendations based on a gtsiden
history with course recommendations from other studertis.réc-
ommendation plan for Example 3 is part of the plan for thisexa
ple, with the only difference that the results of Query 3 igle 7
are materialized as an in-memory table (for the reasonsieqa
earlier), and they are not ordered in this phase, since tieaya the
final results yet. Let us assume that this materialized tallamed
OtherRecs and that a second materialized talMigstoryRecs, holds
the recommendations based on the student history (cordsyp
to Example 2 in Figure 5). Query 4 in Figure 7 shows how the
blending methodVavg_Blend can be implemented with the help
of SQL. Scores iMtherRecs are given a greater weight than scores
in HistoryRecs. Note that all queries are built on the fly based on
the workflow. Hence, the weights are not hard-coded but tbeyc
prise inputs of the blending method specified in the workfl®his
query generates the final recommendations returned by stersy
which may be additionally ordered for presentation purpose

tion related to a single entity is grouped together using Skt
instance, Query 1, which performs the necessary aggregate
quired by the respective recommend operator, also redlizesx-
tend operator that is in the subtree of the recommend opasta
GROUP BY clause.

In addition, as we have seen, if there are more than one recom-
mend operator or if a recommend operator is followed by adlen
in an expression tree, then a separate set of queries igdngach
of these operators. The results generated by the interteedie
ommend operators are materialized in order to avoid bugldom-
plicated, possibly nested, queries and reuse results li¢reeom-
putations. The output of an intermediate recommend opeism
in-memory relation with two attributes: a tuple id and a gcor

Blend operators are treated in a similar way as recommend ope
ators. A set of queries is built that implement the requebtedd-
ing method and also combines any standard operators, sleth se
tions and projections, that are found in the subtree undderzdb
operator. We support an extensible set of blending methigisin,
we can leverage the expressivity of SQL joins and aggregsitio
implement several methods, as illustrated in Query 4. Bingd-
sults of blend operators that are internal nodes in an esioresree
are materialized as in the case of the recommend operators.

5. EXPERIMENTS

In this section, we examine the feasibility and performaote
flexible recommendations. For this purpose, we study differ
workflows with different characteristics, i.e., differeszimparison
functions, different number of operators, different inpites, and
different outputs. Our FlexRecs recommendation systenmitsamw
in Java on top of MySQL. In our evaluation, we used real datmfr
our production system. Times are in msecs.

Collaborative Filtering. This workflow (Example 3, Sec. 3.6)
generates course recommendations for a student based mt-the
ings of similar students. It is interesting because it is iy w®m-
mon approach in practice and it uses two back-to-back re@rdm
operators. Figure 8(a) shows execution times for diffestre sets
from the student relation. The sets have been generatedisatth
2.5K set is contained in theK set, which is contained in the5K
set, and so forth. The workflow is run on every user in the respe
tive set and we take average times. Similarity between stade
computed usindearson. Gen Timeis the time for building a rec-

As we have seen in the examples above, for each recommendommendation plan, i.e., building the set of SQL querRsn Time

operator, the system builds a set of queries that implentfent t
requested comparison function and group together any tmpsra
that are found in the subtree under this recommend opereter.
support an extensible library of (aggregation) compariforc-
tions. Interestingly, a large number of functions, suciPesrson,
Jaccard, Cosine, W_Avg, Avg can be implemented by comput-
ing and combining aggregations supported by the undertjatgbase

is the time required to execute a plan and collect the recardae
tions. Query execution times dominate because the quesjend
heavily on aggregations that are required for computinglaiity
scores. In what follows, our evaluation focuses on run tiordg.
Figure 8(b) shows the average execution times (on the left Y-
axis) and the worst-case execution times (on the right ¥)akir
different sizes of the student relation. Increasing the lpemof stu-

(as e.g., in Query 1 in Figure 7). In such cases, the part of the dents increases the number of comparisons (more studdhtsewi

recommendation plan that corresponds to the recommendtoper
comprises mainly aggregate queries. The standard quergtops
such as selections and projections, are mapped to app®@L
clauses, which are inserted into these queries.

Whenever there is an extend operator, no extended relatioy i
tually materialized in memory because that would requitehieg
tuples (e.g., students) in memory, augmenting them withnaate
tribute, and executing a (possibly large) number of quenesder
to populate this attribute with joining tuples (e.g., cassfrom
another relation. To save unnecessary 1/O operations gielpuo-
cessing, the joins implied by an extend operator are exéarity
when tuples are actually requested by some upper in thessipre
tree operator (typically a recommend operator) and thernimde

10

compared to the individual for who recommendations areniteel)
and ultimately increases the number of similar studentadduy
the first recommend operator, who in turn may contribute more
candidate courses as input to the second operator. On ayé¢hag
workflow scales very well as the number of students in theiogla
increases. We observed similar trends when varying theo$ites
course relation. For the sake of space, we do not report tleeen h
Depending on the courses one has rated, one may become con-
nected with other students in multiple ways. The number of co
nections affects performance and explains the worst-@ass bb-
served in Figure 8(b). Figure 8(c) shows the effect of the lInemof
connections to performance. We consider three cases inttheew
student relation 10K). The best-case user has no connections to
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Figure 8: Performance results: collaborative filtering.

other students. The most-connected student conne@®&8stu-
dents through co-rated courses. On average, a studentatsrioe
992 students in the database. This figure in combination with Fig
ure 8(b) shows that it is not the input sizes that primarifieetf
scalability but the density of ratings. However, as in mases,
our site has relatively sparse data. Only arolifid of the students
have more than 900 connections.

Figure 8(d) shows how (average) times are shaped by the com-

parison function used. We compare the workflow executiorsim
using the invers&uclidean andPearson for computing the sim-
ilarity between students. We pick these two functions fram o
library, because they are quite representative in termsofpc-
tational complexity and practical importance. In this wag can
get a sense of howflexible' the system is when objects are com-
pared in different ways. As in Figure 8(a), we ran the workflow
for different subsets of the student relation and on evesr us
the respective subset and we take average times. The figunes sh
that workflows using different functions can be executecdkasbn-
able times for different sizes of the student relation. Weehalso
observed with the other workflows that using either of the fve-
tions does not have a significant impact on performance. dlyer
the results of the collaborative filtering workflows are gowaivs
regarding the flexibility of the system w.r.t. different ggof ob-
ject comparisons and its scalability w.r.t. the data preeds

Major recommendation. This workflow (Example 7, Sec. 3.6)
recommends majors to a student based on the majors of sghilar
dents. In the evaluation, similarity between students fisneged
using thePearson correlation. We ran the workflow for different
subsets of the student relation wittsK, 5K and 10K students and
computed majors for all students in each subset. Figure @sho
the average (left Y-axis) and the worst-case (right Y-ai&cution
times of the workflow for the different sizes of the studefatien.
We observe that for the average student in our dataset, ttelow
is very efficient (it takes less thabmsec in all cases). The worst-
case times are still very good. Worst-cases are studentsatba
well-connected. It is interesting to note that the majooramen-
dation workflow, although very close to the collaborativéefing
approach for courses, is more efficient: there are few mdjots
possibly many courses to recommend.

Related courses. This workflow (Example 1, Sec. 3.6) finds
related courses for a given course. In the experiment, wd use
the Jaccard similarity function on the course title and description
and a sample 0500 randomly selected courses. For each one of
them, the workflow returned all related courses from the s®ue-
lation. Figure 10(a) shows the average execution timeshemeft
Y-axis) and the worst-case execution times (on the righki¥)a
for the workflow for different subsets of the course relatiith
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Figure 10: Performance Results: related courses workflow.

5K, 10K, 15K and 20K courses. We sliced the course relation so
that each larger set is a superset of the smaller sets. If we co
pare Figure 10(a) and Figure 8(b), we see that worst-timethé
related-course workflow are higher than the collaboratiterfing
worst execution times. Again, comparing Figures 10(b) af), 8
we observe that there are more course-to-course conng¢tiased
on common words in course title and description) than stutten
student (based on co-rated courses). The most-connecteseco
(in the sample 0500 courses) has ovei0000 connections to other
courses while the most-connected student connecfyi8 stu-
dents. On average, a course is connectedl/i® courses and the
least connected course connects to justourses. In the whole
database, over half of the courses have 6060 connections. The
above observations lead to an important conclusion: despé
fact that course-to-course connections are quite densesytem
performance is still very reasonable even in the worstsase

Friends-of-friends. Recommend operators can be combined in
sequences or trees of interconnected operators. We stedsfth
fect of a growing sequence of recommend operators to eeaibat
system performance for recommendation workflows that anemo
complex than content-based and collaborative filteringsone

We start with a workflow that contains one recommend operator
that computes the set of similar students to an individuag. dall
these students “friends” of the student. Then, we considenré-
flow of two recommend operators: the second one takes as input
the “friends” found by the first recommend operator and caiepu
“friends” of them. In the same way, we take workflows of 3, 4 and
5 recommend operators in a row, the output of one being the inp
to the other, for computing “friends” of “friends”. As thedivid-
ual who is input to the first operator, we use the most condecte
student, i.e., a student that through his ratings is coedeitt the
greatest number of students. Hence, we will study the wease
execution times of friends-of-friends workflows.

Figure 11(a) shows execution times using different fumstighbut
the same within any single workflow) for different workflovzes.
All comparisons are performed against the whole studeatiogl
(10K size). We explain these results with the help of Figure },1(b
which shows the size of the workflow output for different work
flow sizes. Essentially, this figure shows the output of eddhe
operators. Execution times for up to 3 operators reflectrtigact
of two factors: the increasing number of operators and tbeas-
ing number of tuples processed. The first operator perfoews f
comparisons (since comparing to an individual student) famts
a small number of friends (100). The second recommend finds
friends for these 100 people, so the additional time thatéds
is reasonable. But it finds many friends (over 2800), whiehfad
into the third recommend and that explains the gradual asaén
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execution times observed for three operators in a row. Thewex
tion time of the third operator dominates the first two. Hoerv
Figure 11(b) shows that the size of the output of the third aind
subsequent operators reaches an upper bound. This wagezkpec
since the size of the output could be at most equal to the $ieo
students relation, and in our case it is smaller, since mstwdents
are transitively “friends” with each other. Hence, FiguddH) re-
veals that when having more than 3 operators, we only expezie
in performance the additive effect of having more operators

Of course, we are using a worst-case scenario solely tesass
our system. In practice, we may have filters that reduce #eedi
the output of arecommend operator, i.e., by selecting {h& tnost
similar students (Figure 11(c)), or its inputs, e.g. by stihg only
a subset of students to be compared (Figure 11(d)). Toriitest
Figure 11(c) shows what happens when we select only théGop
similar students at the output of each recommend operaigurd-
11(d) shows that if we scale down the size of the input ratatiove
can scale system performance up to workflows of many operator
One known method to achieve that is to pre-cluster usersaath
user is compared only to users within the same cluster.

In summary our experiments show that with FlexRecs it is easy
to create multiple workflows and execute them transparevity
the same flexible recommendation system that combines sixten
bility with reasonable performance.

6. CONCLUSIONS AND FUTURE WORK

In this paper, we have argued that we need to decouple the defi-
nition of a recommendation process from its execution ireptd
support flexible recommendations over structured data. &ve h
presented FlexRecs, a framework for declaratively defindogm-
mendations combining traditional relational operatord apecial
recommendation operators. Using FlexRecs, designersasily e
capture multiple recommendation paradigms and experimight
novel recommendation strategies and users can dynamioatty
sonalize recommendation to fit their needs. We have prosded
eral example workflows that capture recommendation appesac
found in literature as well as novel paradigms from our liverse
planning site. As an application of declarativeness ppieciwe
have presented an extensible prototype system that reétizgpro-
posed framework over a conventional RDBMS and we have dis-
cussed experimental results that show its potential anibiliex

A nice feature of our framework is that it makes possible tolgt
the optimization of multiple recommendation workflows. Bop-
timization is analogous to what a query engine does in attoagil
database system, except that now we have to handle newagerat
We are currently working on scaling them over very large tapu
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Beyond that, the framework opens the door to researcheny to t
different implementations and optimizations, for examgeéining
more restricted semantics for the operators, extendindatebase
query engine with the processing capabilities requirecéqmport-
ing recommendations, and so forth. In addition, FlexRedmee
recommendations over relational data. Large amounts of al&t
relational. Our university data are also relational. It Vdobe in-
teresting to define flexible recommendations for XML or ootol
gies. For example, XML is a more flexible data model for han-
dling nested relations but there are challenges in definingim-
plementing the recommendation operators. Finally, ouxFées
system serves as an extensible research and developmiotrpla
for novel recommendation workflows. We are experimentintpwi
different recommendation types, such as recommendingrmajo
blending methods. Part of this effort is designing appidpriser
interfaces for enabling users express flexible recommandat
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