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Abstract

The huge amount of heterogeneous data that are generated fro.O\égbplications have resulted in the use of
wide tables where tuples with different schemas may co-exist. Providierg with such freedom however poses new
challenges such as difficulty in query formulation and query procesaimjlack of guarantee in data quality.

In this paper, we propose an out-of-the-box approach that deals kdtlenges from a semantic perspective. We
interpret the semantics of each data value by a set of similar tags. Siathiad®n between values and tags provides
a layer that separates database operations from the database stpeag@hés layer also serves as a platform for

users to query the databases by a group of tags. We conducted ao$enig@eriments and the results confirm its
effectiveness.

1 Introduction

Schema is the core structure that defines the properties atbhake, and therefore database design, implementation
and query processing are all heavily dependent on the scbtina database. However, with the huge amount of data
generated from Web 2.0 applications, it has become a nécéssdatabase technologies to support heterogeneous
data, which usually comes with no schema or a weak underghgma. It is difficult and unrealistic to transform all
forms of heterogeneous data into standard tuples in orderdommodate the pre-defined schema.

In order to accommodate data with no schema or weak schemamarging trend deployed by the database
community is to relax the schema, so that data can be stodedracessed in a self-organizing and self-explanatory
manner, allowing data to be stored without specifying a stheA successful case in point is Bigtable [7, 8], the data
model of Google Base, which allows users to select nameéovdlues they want to insert into the database. The
Bigtable can be viewed as a wide table with thousands of aediligind each row can be a relation of any type, which
relates only a few to a few dozens of columns. Thus Bigtabéxfiieemely sparse, with many empty cells. Each value
is stored in association to a column whose name is specifiedéns. For example, a user may insert a record in the
format of {make: Vol vo, nodel : XC90, cont act: 123- 4567}, as shown in the last row of Figure fake,
nodel andcont act are user-defined column names for the valMesvo, XC90 and123- 4567 respectively.
Except for the three columns, all other columns are undefideder recent work that are similar in spirit include the
structure-free query model [31, 40], the WebTable [5], afid-Rables[30].

With the relaxation on the constraints on data insertiodjtamhal cost is incurred during query processing. This
is because users tend to use different naming conventiorthdéa own records and different attributes for similar
data items. For instance, user A may name the make of a qasles, while user B may name the same thing as
manuf act ur er . Now there are two columns with different names in the datalehich refer to the same context.
Query processing is not straight forward. For example, anctea tuple by a specific value, query has to be broadcasted
over all the columns with the same semantics. Another drakisathat users may define a column ligeoperty
which is too generic for database system to know what it meadshow the data in that column can be utilized for
queries.



make | model | price | mileage | year | name | lastname | first_name | contact email phone | handphone
BMW 3 31900 | 190500 Smith John js@a.com| 222-4567| 222-5678

Ford F150 | 15900 | 198405 | 2002 | John j@b.com 234-8765
Toyota | Camry 191278 | 2004 Yamada Taro 345-6789
Honda | Civic 16000 2004 Brown John 9,1st St | jp@c.com| 567-1234

Ford Focus 189038 Tom | Davidson td@d.com 678-2345
Volvo | XC90 123-4567

Figure 1: An example of wide table on car database, includgents’ details

TID Data

026 || BMW:{make,brangl | 3:{modell | Smith{lasthnameg | John{firstnamg | 222-4567{phong | 222-5678{handphong

289 || Ford{make | F150{model,namé | John{name,firsnameg | j@b.com{contact,emall | 234-8765{handphone,contakt

354 || Toyota{make,manufacturér| Camry{nameg | Yamada{lastnamg | Taro{firstnameg | 345-6789%{phone,contagt

571 || Honda{brand | Civic:{model,namé | Brown:{lastnameg | John{first. name,namg | jb@c.com{email,contact

702 || Ford{manufacuref | Focus{modell | Tom:{name,firsmame | Davidson{lastname,namg | td@d.com{email,contact

886 || Volvo:{make | XC90:{model | 123-4567{contact,phone,handphcne

Figure 2: Values tagged with multiple tags

Therefore, the free-and-easy way of inserting data inth slatabases without knowing the correct columns to
insert into is undesirable. Ultimately, we would like to @nthe benefits from databases with little schema constraint
but without paying for the cost incurred from careless opena Therefore, a semi-supervised way of data manage-
ment is preferred for databases with little schema comgtraideal with the following two challenges. First of all, we
wish to provide a function which can help users insert datadiatabases so that the quality of databases does not de-
grade after insertions from different users. Second, thebdae system must at the same time provide efficient support
for structure-free query model that allows users to poseigsigvithout fully knowing the underlying schema. More
importantly, users might specify their intention diffetlgn For example, when a user specifiednt act , he/she
could be referring tphone, addr ess orenai | .

The problem posed by two these challenges is the lack otyatilprecisely describe the semantics of data values.
If we knew the semantics of data values, we would be able teesible first challenge by reorganizing the data
from users into semantically homogeneous columns, and wiel @so interpret the semantics of the queries users
submitted. Therefore, our goal is to be able to describegh®astics of both data values and queries.

As discussed above, conventional database uses columrs naiescribe the semantics of the values within this
column, but it is pre-defined and restrict other means ofrifeiag the semantics. Inspired by the method of tagging
multimedia object [1, 2] to facilitate searching, we useteo$evords, which are callethgs to describe the semantics
of each data value. Figure 2 shows the tags that are assbuidkeselective values in Figure 1. Each value in a tuple
can be associated with multiple tags which are semanticldise. Likewise, a tag might be associated with multiple
values in a tuple if these values are deemed similar.

The challenge here is to describe the semantics of valudsanitappropriate set of tags. For example, value
t oyot a can be associated with both tagske andnmanuf act ur er, which is better than having a column with
namemake to describd oyot a.

One may ask if the tags being used are equal likely to desthrébsemantics of data values, or if there is an order
among the tags. Consider car agents’ name in Figure 1, thendimseJohn can be tagged by bothi r st _nane
andnane, but the tag i r st _nan® is closer than the tagame when describinglohn, thusf i r st _nanme should
be associated closer thaane in the tag list ofJohn. To deal with such kind of associability, a measure is to be
proposed to measure how close a tag is from a given data vethiemeasure should be higher when a tag is closer to
the given value, i.e. when a tag is used more frequently fygitay this value. Thus, the direct interpretation of such
measure is on the likelihood of a tag being used to tag a giakrey

Definition 1 (Probabilistic Tagging) Let 7 be the set of tags, for a valueand a tagt € 7, probabilistic tagging
refers to the act of associating a probabilify, for v andt, such that the value is tagged by the tagwith probability
Cv,¢- The probability¢, ; is called associated probability.
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For every tag list in Figure 2, there is a probability asswdao each tag, representing the likelihood of this tag
being used to tag the value. This is presented in Figure 3 #loe is identified with tuple-ID (TID) and location-ID
(LID) to indicate which tuple it comes from and its locationthe tuple. The type indicates the “type” of the value, if
it is string (S) or numerical (N). The last column is a set @f-paobability pairs. For exampld,ohn can be tagged
by fi rst _name with probability 0.7, but tagged byane with only 0.5. We do not have the constraint that the
associated probability sums up to be 1, as there is no mutahlsgon among the tags, a value is absolutely possible
to be tagged by more than one tag.

Value | TID | LID | Type Probabilistic Tagging
BMW | 026 | 1 S (make, 0.4, (brand, 0.3
3 026 | 2 S (model, 0.6, (name, 0.4
31900 | 026 | 3 N (price, 0.8
Smith | 026 | 5 S (lastname, 0.8
John | 026 | 6 S (first. name, 0.7, (name, 0.5
Ford 289 | 1 S (make, 0.8, (manufacturer, 04
F150 289 | 2 S (model, 0.4, (name, 0.2
15900 | 289 | 3 N {price, 0.3
John 289 | 6 S (name, 0.8, (first.name, 0.5
Toyota | 354 | 1 S (make, 0.9,(manufacturer, 07
Camry | 354 | 2 S (model, 0.9
Yamada | 354 | 5 S (lastname, 1.0
Taro 354 | 6 S (firstname, 0.9
Honda | 571 | 1 S | (manufacturer, 04 (brand, 0.2
Civic 571 | 2 S (model, 0.%, (name, 0.4
16000 | 571 | 3 N (price, 0.7
Brown | 571 | 5 S (lastname, 0.4, (color, 0.5
John 571 | 6 S (first.name, 0.8, (name, 0.4
Ford 702 | 1 S (make, 0.7, (brand, 0.2
Focus | 702 | 2 S (model, 0.5, (name, 0.2
Tom 702 | 4 S (first.name, 0.3
Davidson| 702 | 5 S (lastname, 0.9
Volvo 886 | 1 S (make, 0.6
XC90 | 886 | 2 S (name, 0.5

Figure 3: An illustration of probabilistic tagging

There are three tuples containing valiehn in Figure 3, it is because tuples come from different datacssu
with possibly different tags, and probabilities assodatéth these tags may also be different.
1.1 Our Contributions

Our main contribution is the proposal of probabilistic tamgg which allows data values tagged by multiple tags with
different probabilities and to be queried based on the tagsrder to fully support such flexibility in querying based
on tags, we contribute the following:

e A signature to sketch the values associated to a tag.

¢ A distance measure between tags, based on the clusteringio$ignatures. This distance measure enables the
inference of associated probabilities between valuesagsl t

A Tag-based query language that supports user queriesadatlly a set of tags.

A rapid online alignment between tags and data values dayilegy processing.

A customizable scoring function for arranging the resuttaading to users’ preferences.
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1.2 Paper Outline

The following sections are organized as follows. SectiorilPgive a big picture to our idea on probabilistic tagging,
which includes the introduction to our data management andjoery language. Along with this introduction, issues
and challenges about probabilistic tagging will be disedssvhich will be solved in Section 3 and Section 4. This
is followed by Section 5, in which we validate probabilistigiging and query processing. Section 6 will give a brief
summaryof related works on database/query relaxatioorrmtion integration and probabilistic database. Lastéy,

will conclude our results in Section 7.
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2 Issues and Challenges

We will next discuss the issues and challenges involved jiparing a probabilistic tag-based approach to querying
wide tables. This is separated into three parts. First, wedigcuss the important issue on how we can associate
tags and values together with the corresponding prohiakiliSecond, we will discuss our approach involved in query
specification and processing of a probabilistically taggdade. Finally, we will highlight additional issues thatatk

to be addressed including table updates and tag refinement.

2.1 Tag/Value Association

Since our processing is tag-centric, the first issues thed te be addressed is how tags can be associated correctly
with the values in each tuple. Based on our analysis, theratdeast three ways to do this:

1. Attribute Names: Since tuples in a wide table are typically inserted by usétis asschema in mind, each of these
values in the tuple will thus be associated with an attrilmatee. Thus, a trivial way to associate at least one tag with
each of the values is to assign the attribute name as a tag.

2. User Specified:Alternatively, a user might want to simply specified a tagdgroup of values. For example, he/she
might issue a command t&8NW manuf act ur er ,0.9) which will tag all value8MMwith the tagmanuf act ur er.
Obviously, there exist many alternative approaches forsusespecify association between the tags and values. Fur-
thermore, checks should be in place to ensure that userstdaldan spurious tags that make no meaning. Due to
space constraint, we will not elaborate on this choice kaudadt as a discussion topic in future work.

3. Tag Inference: Given a reasonably accurate tagged table, a third altgeniatito apply data mining techniques to
infer additional tag-value pairs. While there exist manyimgralgorithms each with different strength and weakness,
in this paper, we propose the use of clustering algorithniHerpurpose of tag inference.

However, it is not trivial to apply clustering method for taderence. First, data values are heterogeneous, the
space where clustering of data values is done already pasdbkem. More importantly, even if there is such a space,
tag inference is not simply decided by how close the tagsii®also determined by the “scope” of the tags. The
“scope” of a very specific tag is very small, the distance noakllarger under such scenario. Therefore, tag inference
must also cater to the modeling of each individual tag in Hreesspace as the clustering algorithm.

2.2 Query Specification and Processing

We next describe our query model. We assume that we are ggesgainst a singl@agTable A TagTable is con-
structed from a set of valuég, a set of tagg and the associated probabilitieslt has the following characteristics.

e The database consists of many tables with similar structure

e Each table is associated with one particular tagnd stores all values with probability ¢, ; greater than a
preset threshold. Each tuple of the tables is a quardrugiefwyill be discussed in detail in Section4.

e A mega table stores all values from the same tuple sequbnicia row. This helps retrive the entire row at one
go, rather than retrieving them from many tables.

With TagTable, we now propose a query language that exgesgeery based on tags, which we @afQL The
general form of TagQL can be summarized as

sel ect ?$Qlag;, ?$Qrags, ..., ?%$Qrag.,.
from -
wher e $VTag; op: v

and $VTag, ops v

and

confidence ¢
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TagQL is similar to a SQL select-project query. Since we amsilering a wide table, there is no need to spec-
ify a table and no join operation is necessary. In TagQLag;, Qrag., ..., Qrag,, are the tags which are
associated with values that the users want to retrieve. [Eetseiples that satisfy certain conditions, a set of tags
VTag,, VTag., ..., VTag, are used to select values from the tuples and compare thenshgaset of values
v1,vs, ..., U, USINg the logical operators representedoby, ops, . . ., op,. These operators can be any of ‘=, ‘i¢’,
i, ¢, <'or'>"if the corresponding value is numerical, or be ‘=" or ‘¢, 'lgiif the corresponding value is a string.
In addition, a probability threshol@ must be specified in order to make sure the confidence of this tadeast.

Both VTag andQrag are disjunctions of a series of tags, e{gake| manuf act ur er }. We will refer to them
ascomposite tags This allow users to increase their chance of using the cbtag by selecting multiple tags to
retrieve a value. Semantically, the users are also prayidiformation and telling us that the set of tags that are
enclosed within the same composite tag are in fact seméwtitase from their point of view. In or query processing,
we capture this semantic by adopting the following rule:

Definition 2 (maximum probability rule(MPR)) Given a composite tagyTag/QTag and a valuev within a tuple,
the probability of thevTag/Qrag being associate with is maxz{(, |t € VTag/QTag}.

The maximum probability rule intuitively makes use of thetfthat all tags in a composite tag are considered
semantically equivalent and thus we can assign the highelsaipility when we are drawing an association between a
value and a composite tag. As an example, let’s considertbg/g@nd the probabilistic tagging in Figure 3.

sel ect ?${nodel | car _nane},
?${contact| email }

from -

wher e ${nane| first_nane} = ‘ John’

and ${make| manuf acturer} = ‘ Ford’
confidence ¢

The value “John” is tagged with both “name” and “firshme” but with different probability di.8 and0.5 respec-
tively. In this case, the user have indicate that “name” dirdt‘name” are considered to be semantically close and
thus the probability of “John” being associate withane| f i r st _name} is set al.8.

Aside from the maximum probability rule, we also have a muéxalusion rule.

Definition 3 (mutual exclusion rule(MER)) Two composite tags that does not contain exactly the sanaf sags
cannot be instantiate with the same values from a tuple.

Consider again our example query. When the user project amwtheomposite tagénane| fi r st _nanme} and
{cont act | emai | }, he/she must have considered these two composite tags &nisnscally different. Thus it
does not make sense to assign the same value from a tuplestiie composite tags.

The reason behind defining the above two rules is simple eSiactuples are all probabilistic in nature, a query in
TagQL can generate many answer instances even from a supdée AApplying these rules help us to capture certain
semantics that can cut down the number of possible instaiees with such rules, the number of possible instances
can still be large. Thus we can only say that certain instwfroen the tuples have low likelihoods in answering the
guery and is not as interesting as tuples with high likeldsadlhus, we focus our effort in answer tbmueries.

Definition 4 (Top-k query answering)Given (i) a TagTable, (ii) a query written in TagQL, and (jii) a positive
integerk, return a tuple seRRS, such tha RS| < k, vt € RS andt’ € RS, which is the complementary setBF,
() > ('), wheree is the likelihood function given query

In Section 4, we will look at processing TagQL in more details

2.3 Updates and Refinement

The last issue that we will discuss in this paper concernatasdo the table and tag refinement. Again, due to space
constraint, we will simply highlight these issues here bilitnot elaborate further.

Updates
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Since tuples can be deleted and inserted into the TagTahktueal challenge is to incrementally update the tag-
value probability as tuples are inserted and deleted. Natiesince users might have previously retrieved tuplesggusin
certain TagQL query statement, certain mechanism mustthmdinced to ensure the stability of the answer sets. One
solution is to maintain the historical values of the probatic tag so that user can choose to adopt the probabilistic
tagging within a period of choice.

In addition, when new tuples are inserted, a nice featurave lill be to have the ability to automatically assign
tags with corresponding probabilities to the values in tew tuples. Doing so is entirely possible within our existing
solution framework since we can essentially compare theegain the new tuple against our clusters and associated
the corresponding tag of the clusters to these values.

Refinement

Since our retrieval is probabilistically in nature, it isgsible that some of the returned tuples could be wrong. In
such cases, mechanisms must be provided to (1) help thetosdentify and fix the error and (2) refine the query
result based on user’s feedback and (3) improve the taggitigacy.

There are many alternatives for implementing these meshendliscussed above. For (1), since we are finding the
most probable instances for each tuple given the query/lib@ialso useful to give users the flexibility of browsing
the next best instance from a particular tuple so that the as®judge whether there are better instances that suite
their purpose more. It will also be useful to list high proltibtags that are associated with each value of an output
instance so that users can judge the validity of the instabhased on these tags. For (2), if the users specified that
certain instances of the tuple are definitely wrong or cayriden certain statistical or machine learning techniques
can be applied to extract rules which can subsequently biéedpp fix results of other tuples. For example, if it is
found that “selling price” must be also greater than “buyjmige”, then such a rule can be enforced on all instances
of the query result. Finally, for (3), if certain tags are fiolto be consistently the reason for correct or wrong results
Then it make sense to adjust their associated probability the tuple values accordingly.
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3 Tag Inference Processing

In this section, we will developed a clustering algorithrattallow us to perform tag inference. From the start, we
simply have a set of valug and a set of tag¥ together with a set of associating probabilitigs associating) € V
andt € 7. Since(, . is only know some paip € V andt € 7, we wish to infer more values &, ; which are
originally unknown.

Intuitively, our algorithm need to group similar tags tdwgstin order to make tag inference i.e. if a valués
tagged with a tag;, then it also should be tagged with a tagwith high probability if the distance between and
ta, D(t1,t2) is close. Two tags are close if their semantics are closeh Sloseness is reflected by the set of values
they are associated with. For example, a tag associatechasitierical values, likgr i ce oryear is never close to
a tag associated with string values likeke or nodel . Based on these analysis, our procedure for tag inference ca
be separated into four steps:

1. Extract “signatures” from valuase V.
2. Cluster values iv based on extracted “signatures” from Step (1).

3. Compute the distance between tag¥®jrby utilizing the clustering result from Step (2). Two tage deemed
to be close if the distribution of their associated valuesiagthe clusters are highly similar.

4. For(¢,  which are not available previously, estimatg by utilizing a set of tags,, ... £,, which are associated
with v and which are close to

The first step is essentially a feature extraction proceslatalustering can be perform on the value®’inThe
“signature” generated for each valuec (V) is dependent on the tags that it is associated with. Assumiisg
associated with tags, ..., then it's “signature” will be determined by the union of fleatures (or dimensions) that
are generated for each of the tag...£,. For each tag;, it's descriptive features is determine by the set of values
from (V) that are associated with it. As an example, consider ouringnexample wherdohn with tuple ID 289
is associated with bothane and| ast _nane, thenJohn'’s “signature” will be determine by the set of features
generated from the tagegne andl ast _nane. In this case, the features oéne will be determine by all values like
F150, Canr y that are associate with it in Figure 3.

Depending on whetheris a numeric or string tag, different approach will be usedéoerate it's feature. To
capture the characteristics of stringsgrams [11, 12], which are substrings of lengtbr less, is a sub-structure of
strings that are often used to represent the strings in a touar dimension. Here, we try to find significapgrams
(sigram) which are long and frequent. More specifically, we saygram A is asigramifi) Freqq > € and ii) AB
s.t. Freqg > n - Freqa whereB is an immediate superstring df, given a pair of parameterandr. For a pair of
parameters andn, and a tag, we can derive an algorithm to select all sigrams with resfgea tagt which is shown
in Figure 1. The algorithm essentially enumerate througthal possible;-grams and detect sigrams by comparing
the frequency between immediate substring/superstring.\ieight of a sigrams is then computed as the sugy pf
wherew represent all values that are associated with the &gl contain the sigram as a substring. Note that;, as
increases, the number gfgrams that passtest shrinks, so the number of sigrams is not large.

The second type of tag, i.e., numerical tag are associatenuinerical values that cannot be treated as strings to
make sigrams as their “signature”. As numerical values #iem@ontinuous, which makes it difficult to map into a set
of dimensions, thus, we take histograms as the “signatdra’nomeric tag. Given a parameter we can represent a
range of values bys2 dimensions.

Algorithm 2 builds a set of dimension3; from a set of values associated with numericaltagach dimension
is of width g on the numerical domain, spread from the median for at mostripes towards both sides. Tag now
represented by a probability histogram ovr. Given two tags; andt, whose values are distributed similarly, the
histograms obtained from the numerical dimensitisand D,, will be similar too.

Together with the set of sigrams that are obtained fromgtiags, we now have a set of features/dimensibns
For a valuev € V, lety(v) be the probability distribution representingover D, obtained as follows. For a string
valuev and a sigraml, ¢(v,d) = k if the sigramd appears in value for k times; for numerical value and a
numerical dimensiowd, ¢ (v,d) = 1 if d. min < v < d. max. 1 (v) is then normalized fromy (v, d)¥d € D, so that
>gep ¥(v,d) =1.

Once the probability distribution had been determined, areroove on to Step (2) where the valued/imre then
clustered using clustering algorithm that was present¢8inl1]. Given an integek, the fuzzy clustering algorithm
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Algorithm 1 Construction the dimension, i.e. sigrams, from string galassociated with a given tag

Input: A set of string valued” associated with tag
A pair of parameters andn
Output: A set of sigramSQ); as a set of dimensions

1 Ct — ZvGV C’U,t

2. k1

3: whilek=1orA,_; #0do

4 Ak — @

5. forall string valuev € V do

6 for all k-gram@ appears in do

7: A — AL U {Q}

8 Q-wi += Cv,t;

9. forall Q@ € Ay do

10: for all @', an immediate substring ¢j, wherek > 2 do
11: Q' .ws = max{Q .ws, Q.w;}

12: RemoveQ from A, if £ > 1andQ.w; <e€-(;
13:  forall Q € A,_; wherek > 2do

14: RemoveQ from A, if Q.ws > n- Q.w;

15:  k ++;

16: ReturnSQ: = U, A

compute the probability of membership for each vatueithin the cluster se€ that containk clusters. Letr(v)
represent this distribution of cluster membership, we nefing the cluster probability distribution for a tags the
mean of the cluster probability distributions on all vatyeveighted by, , i.e.

Z Cv,t
Z'LJ’EV Ci)’,t

veV

Ther(t) defined above is the representation of tag the cluster spacé. There are two factors that determine
the representation of tag The first factor is the set of values associated wijtte. 7(v), and the other factor is how
these values are distributed. Generally speaking, twottagsdt, are close if their associated values are similar and
the distribution of the values are similar(t) captures both the similarity from values, i.e(v), and the similarity
from the value distribution, i.e};. Therefore, we can make usexf) to measure the distances among tags.

To proceed with our formulation on tag distance between a qfaiags,t, andis(i.e. Step (3)), we define a
random variableX; that takes values in the set of cluster probability distidns (V) = {r(v;)}-, following the

probability measurén, (v;)}_, wherem (v;) = ﬁ Another random variabl&’, takes the same set of values

T(t) = -7(v)

7(V) = {7(v;)}_,, but follows a different probability measufers(v;)}_; wherems(v;) = EC%
v 5Vt
Now consider the two mutual informatiof{X;;C;) andI(X};Cs) whereC; = Co = C are the set of clusters
following probability distributionr (¢1) andr(t2) respectively. If tag; and¢, are close to each other in the space of
cluster distribution, the mutual informatiai{X;;C;) should be close td(X;;Cs) asC; andC, are close. We first

prove the following proposition to show the relationshifvaeen the two mutual information.

Proposition 1 (Bregman Information Equality)Let X be a random variable that takes valuestin= {x;}1 , C R?
following the probability measure = {=(x;)}?_,, given a Bregman divergengeand another poiny,

Er [d¢(X7 y)] =Er [dqb(X» N)} + d(b(/‘a y)

wherey = E, [X].
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Algorithm 2 Construction of numerical dimensions from numerical valassociated with a given tag

Input: A set of numerical value®” associated with tag
A granularity parametet
Output: A set of numerical dimensionB,

L Ct — ZUGV C’u,t

2: Get mediarv,, where)_ _ G, = 3, lower quartiley, where) . Coi = 1¢:, upper quartile,, where
> e, ot = 3¢, minimum valuev,,,;,, and maximum value,,,, from v

s Letg «— et

Let D; « 0: the set of dimensions constructedty

Letn; < min(m, ceil (*==2min))

:forall i e {1,2,...,n,} do

Construct numerical dimension on interVal, — i - g, v, — (i — 1) - g)

insert this dimension intd®,

: Letny « min(m, ceil (mez=tm))

10: forall i € {1,2,...,ny} do

11:  Construct numerical dimension on interVal, + (i — 1) - g, v + 4 - g)

12:  insert this dimension intd®,

13: return D,

e N2 M

Proof.

= D m@a){o@) = () = (i = 1, Vo(u)) (1)

= Eq[do(X, 1)) + dg(p,y)

AS Y (i) (i — 1) = 0,both Y0 (i) (s — o, V() = S0y w(as) (@i — u, V(y)) = 0, thatis how
the second last equation comes from. O

By [4] and specifying¥’ = X1, z; = 7(v;), w(x;) = m1(v;), y = 7(t2) ande(p) = S20_, p; log p;, proposition 1
shows
I(X1;Co) = Zﬂl(vi)KL(T(vz‘)HT(tz))
= Zﬁl(vz‘)KL(T(vi)HT(fl)) + KL(7(t1)ll7(t2))

= I(X1;C1) + KL(7(t1) |7 (t2)) 2

wherer(t;) = E., [T(V)].
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ThusI(X;Cq) > I(AX1;Ch), if to is close toiq, ﬁﬁigfi is close to 1. However, this is not a symmetric measure,

in order to make it symmetric, we may consider the randonatéeiX, defined previously, which becomes

I(X1;02)+I(X2;C1)
I(X1;C1)  1(X3;Co)

By applying Equation 2 again, we have

I(X1;C)  I(Xs;Ch)

I(X1;C1)  I(Xa;C)
B KL(r(t)||7(t2))  KL(1(t2)||7(t1))
= 24 I(X;Ch) + I(Xy;Co)

Therefore, we define distance function betweenttaandi, as

KL(7(t1)|7(t2)) N KL(7(t2)|7(t1))
I(X;C) I(X3;Co)

D(ty,t2) =

First, this distance is smaller whettt;) is closer tor(t2), as shown in Figure 4, the closures are the contour
with equal KL distance to their centers. This distance isnhgual information betwee’r’ andC as defined in
Proposition 1, sd(X;;Cy), I(Xe;C2) andI(Xs; C3) are all about the same. Sineéis) is closer tor(t2) thant(ty),
we haveD(t1,t2) > D(t2,t3). Second, when the distances are the same, distance ircesasautual information
decreases, as it makes distance relatively larger. In Eidur(t3) andr(t4) are having the same distancert@s).
However,D(ta,t3) < D(ta,t4) asl(Xs3;C3) > I(Xy;Cy).

A

L]

Figure 4: An illustration of the distance function

Note that the computation of this distance function onlyolmes the weighted KL distance around each tag
and pairwise KL distance between tags. Therefore, withcpraputation of cluster probability distribution and the
weighted KL distance on all tags, the computation time fetatice function only is two times as much as that for KL
distance.

With tag distance defined above, we can now go to Step (4) forpeiour tag inference by taking the power of
the negative distance, i.e-*P(*1:t2)  is a parameter which controls the power of inference. Whénset to be 0,
every value is associated with every tag; wheis set to be infinity, there is no inference among tags.

Suppose value is associated to tag, ¢, ..., t, with probability {1, (s, ..., {, respectively, given a new tag
the probability ofv being tagged by is thusp = max?_, ¢; -e~*P(**)_ In the application, only tags with probability
above a certain threshold is worth being considered, tbereivhenD(¢, t;) is large for allt;, the probability¢ will
be very small, the association betweeandt will thus not be recorded.
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4 Tag-Based Query Processing

In order to process tag-based queries, we store both vahaetha associated probability according to tags, i.e., each
individual tag is an individual table in our TagTable moded,shown in Figure 5.

This is inspired by the way wide-table[9] is implemented dé/table stores their data in column-wise manner, val-
ues are stored vertically rather than horizontally. Thisisave their storage by getting rid of unnecessary emply, cel
and to speed up pooling data from databases as there is lmvamecolumns occupying bandwidth in transferring.

Each table in our storage describes one tag. As an exampl&ghite in Figure 5 stores all values associated with
make. It has four attributeq,i d (the tuple ID),l i d (the location ID)val ue (the data value) angr obabi | ity
(the( association probability between values and tags).

TID | LID | Value | Probability
026 | 1 BMW 0.4
289 | 1 Ford 0.8
354 1 Toyota 0.9
702 | 1 Ford 0.7
886 | 1 Volvo 0.6

Figure 5: Table for tagrake

Theoretically, for each tag € 7 and each value € V, there is &, ; to associated witl andv to represent
the fact that is tagged byt with probability ¢, ;. But as each tag is only associates with a small proporticdhef
total data values, the majority of probabiligy ; is approximately 0. Therefore, only values with probaleifitabove a
certain threshold are stored. threshold.

Similar to wide-table, TagTable does not store unnecesapty cells, however TagTable may store more than
one copy of the same value as the value can be associated uliibletags. The larger the average number of tags
that values are associated with, the larger storage theabdgTakes. Though this is not a plus point for TagTable,
paying this cost is essential to support a flexible retriemaguage like TagQL.

Next, we are going to elaborate on how we process tag-bassg with TagTable. Throughout the discussion,
we will use the following example query as illustration. &arvalues with taggear, pri ce andmi | eage are
to be retrieved from TagTable, by supplying constraintsags{make| manuf act ur er }, {nodel | nane} and
{price}.

sel ect ?${year}, ?${price}, ?${m | eage}

from -

wher e ${make| manufacturer} = ‘ Toyota’
and ${nodel | nane} = ‘ Prius’

and ${price} > 10,000
and ${price} < 20,000
confidence ¢

Our query process consists of the following steps.

1. Parse the query according to the mutual exclusion rutbgesup constraints together if they are under the same
composite tag

2. Apply the maximum probability rule to select a list of vetuordered by the descending of probabilities

3. Apply the TA algorithm on the generated lists until one leérh is empty, or the estimated upper bound of
likelihood is lower than that of thg!" result found so far

4. Apply Hungarian algorithm to find a matching between valaad composite tags so that the likelihood is
maximized while satisfying the mutual exclusion rule.

The entire algorithm is shown in Algorithm 3. Step 2 is thertHar expanded in Algorithm 4 while Step 4 is
elaborated in Algorithm 5.
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Algorithm 3 Top-k algorithm for TagQL queries

Input: A query@ written in TagQL
A positive integelk
A tradeoff parametey on instantiation
Output: A set of k most likely results

1. S0
2: for all composite tagh appears i) do
if S¢S then
InsertS in S
if S'isaVTag then
add another value constraint.$o
. for all composite tagh € S do
Lg =selectf): refer to Algorithm 4
: RS « (: the result set containing the tdpresult with their scores
10: Stip «— 0
11: while AS € S, where|L;| = 0 do
12: 4, <0
13:  highest— —
14:  for all composite tagh € S do

©e N aR®

15: Let top(Ls).p is the probability at the top of the lidt; whose TID is not inS;p
16: if S'isaQrag and avTag at the same timéen
17: Ly — Ly +1OP(Lg).p

18: highest— max(highesttop(L;).p)

19: else if S is aVTag then

20: Ly — Ly + 7y -top(Ls).p

21: highest— max(highest~ - top(Ls).p)

22: elseifSis aQrag then

23: by — by + (1 —7y) - top(Ls).p

24: highest— max(highest (1 — ) - top(Ls).p)
25. if |RS| = k and., < thek!" score inRS then

26: break

27.  Pop TIDtid from Lg where highest is assigned fraff) break tie randomly
28: Let score-calculatescore(id): refer to Algorithm 5

29: if |RS| < k or score> thek'" score inRS then

30: popRSif |RS| =k

31 insert (scoretid) in RS

32: inserttidin Strp

33: return RS

We now take the above query as an example to illustrate ouyquecessing. The first step identified the tag
{price} inthesel ect clause and the two tadpr i ce} in thewher e clause are the same tag, therefore the two
constraints are grouped together. By mutual exclusion kallie Toyot a, associated taake with probability 0.9
andnanuf act ur er with probability 0.7, is now associated with composite {agke| manuf act ur er } with
probability 0.9, as shown in Figure 6. In step 3, the Thredidgorithm (TA) [18, 17] selects the most likely under
current estimation, and then build a bipartite graph as shawigure 6 to compute the best matching between tags
and values.

The details are given in Algorithm 3. The parsing of the qusigone from Line 1 to 6 after which the application
of maximum probability rule is executed at Line 8 (by callidiggorithm 4). Line 9 to 33 then apply the TA algorithm.
Finally, the Hungarian algorithm is apply in Step 4 by cajlidlgorithm 5 to find the tuple with maximum likelihood
while satisfying the mutual exclusion principle.

However, one key issue is that the TA algorithm must be abdeatuate the so-called “likely tuples”. As explained
in Section 2, we study top-queries as the association between values and tags ardijisitza For a given value and
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Algorithm 4 Select values with descending probability order by contpdag.S

Input: A composite tagd
Output: A sorted listLg containing value-probability pairs
sorted by the descending order of probability

1: List Ls « 0 ordered by the descending order of the probabilities
2: for all tagt € S do
3. if SisaVTag then

4: Select the set of value-probability pdifv, ¢, +)}) from tablet with value constraints and probability at least
6, sorted by probability
5. else
6: Select value sét; from tablet with probability at least, sorted by probability
7. forall v e V;do
8: if v Lgor¢,s < (. then
9: insertv in Lg and(,, s <« Cu ¢
‘(‘
o’“&e
5o e
690&, \
A 0 M
N 2508 PR
0.9
0.9
'{\0'% \)Oﬂoij}

Figure 6: An illustration of matching

a given tag, there is no absolute match within our contextatacore representing how likely they can be matched,
which we callednstantiation

Definition 5 (Instantiation) Given a set of composite tags= {51, Ss, . . ., S, } and a tuple with a sequence of values
V = {vy,v9,...,un}, wheren < m, Letthe set" = {f|f : S — V,Dom(f) = S, f(S) = f(S') = S = 5’} be
the set of bijections(matchings) frafito 1, we define the instantiatiarnto be: = maxyer > g 510g (4(s),s- When

S is taken to be the set of selection composite t&F®(s), it is called selection instantiation, denotediaswhenS

is taken to be the set of projection composite t&gBags), it is called projection instantiation, denoted gs

When we evaluate the likelihood of a given tuple, we have tsidar both selection instantiatiopand projection
instantiation:,,. Therefore, a trade-off parameteris involved to balance the selection instantiation andemtipn
instantiation by setting the overall instantiation toibe v - ¢5 + (1 — ) - ¢,.

The TA algorithm computes the upper boungdin the following way. For composite tags which are b&@irag
andVTag, their instantiation should be included in both selectimstantiation and projection instantiation, thus their
instantiation takes the full weight of the logarithm of itssaciated probability. Otherwise, it take®f its associated
probability if it only participates in selection instarti@n, i.e. aVTag, or 1+ if it only participates in projection
instantiation, i.e. &Tag. The measure, will cause the TA algorithm to terminate if it is no larger thae k" result
in the result setkS. Otherwise, we take the tuple whose value contributes neost, tand try to match it with all
composite tags, if it matches, we calculate the scoaed replace thg!” result if . is higher than the score of thé"
resultinRS. The exact matching andcalculation algorithm is presented in Algorithm 5.
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Algorithm 5 Calculate the matching score of tupie

Input: A set of composite ta§
Atuple id tid
Output: A score fortid matchingS
A matching between composite tags and values

11«0
2: V «all values in tupleid by one random access
3: for all composite tagh € S do

4. if SisaQrag and avTag at the same timéhen
5: r«1

6: elseifSisaVTag then

7 Ty

8: elseifSisaQrag then

9: r—1—vy

10: forall valuev € V do

11: if 3¢ € S andt appears in the tag list afthen
12: edgef, v) « r - log(max (, ;Vt € S)

13: else

14: edgef, v) — —o0

15: Apply Hungarian algorithm to calculate the maximum matghécore. on S andV” with the edge weight
16: if L = —oo then

17:  return no matching

18: else

19:  return score and matching betweénandV

In line with the TA algorithm, we need to first do a random asctsretrieve all values from the megatable
belonging to the tuple, together with their tag list and a&gled probabilities. This is at Line 2 of Algorithm 5.
With this set of values and the set of composite tags, we reeffitiently compute the best bijective functigrthat
maximizes the instantiationas defined in Definition 5.

To do so, we construct a bipartite graph with one side repteggthe composite tags and the other side represent-
ing the values, as shown in Figure 6. The finding of the bigecfunction f has now become a problem of find the
best matching in this bipartite graph. Therefore, we adoptHungarian algorithm [23] to find such a best matching
efficiently. We now use the following tuple as shown in Figar illustrate the algorithm.

After the random access, the valugd06, 16204, 12198, 18500, prius, toyota} are retrieved
from the megatable. Line 10 to 14 construct the weighted éadigthe bipartite graph, this scalarscales the edge
weight depending on the composite tags. If the compositestagly aVTag, by Definition 5, its instantiation must be
adjusted byy, therefore all edge weight from such composite tags areddsly. Same reasoning goes for composite
tags which is only &Tag, all edge weight are scaled khy-+. However, if a composite tag is boti#ag andVTag,
its weight will not be affected by, the overall instantiation will take the full instantiatidrom this composite tag.

Once the bipartite graph is built, we use the Hungarian &lgurto find out the matching which maximizeswe
now give a proof on the correctness of the algorithm.

Property 1 (Optimality). Lets, = > g s 7stop(Ls).p, Wherers = 1 for S beingQTag andVTag at the same time,
rs = v for S beingVTag andrs = 1 — v for S beingQTag, as defined in Algorithm 3, and let be thek" score
defined by Definition 5, if, < ¢, thenVt € RS, At’ € RS, such that (') > ().

Proof. ¥t € RS, w(S,v) <top(Ls).p wherew(S,v) is the weight assigned to composite tdgand valuev.
As w(S,v) is scaled by the same scale factor as fgg(p in Algorithm 5, the selection instantiation (') <
Y ses, 108 risy,s andu,(t') < Zsesq log C¢(s),5 WhereS, andS, are the set o¥/Tags andQTags respectively.
Thereforey(t') = vis(t') + (1 — 4)ep(t') < 1y, by its definition, thereforeyt € RS, o(t') < 1y < v < o(2). O

This property shows that our method solves Problem 4 cdyrect

TRA1/10 15



5 Experimental Study

To understand our data model and query processing betteoraricted a bunch of experiments to validate our idea.
We implemented our probabilistic tagging on top of MySQle thterface is written in C++. It is set up on a PC with
Intel(R) Core(TM)2 Duo CPU at speed 2.33GHz and 3.5GB memory

Firstly, we are going to validate the tag distance functiod ¢he tag inference based on that, to demonstrate
our distance function and tag inference are sound. Theetatasused is GoogleBase data set. We downloaded 15
vehicle related attributes with about 2 million data valués GoogleBase provides options on attribute names for
users to upload data, the entire is in fact quite well orgashiand is unlikely that there are two attributes carryireg th
similar semantics. Therefore we pre-processed Googlettaset as follows. For each of the attribute, we created a
number of different attribute names with the same prefix.example, we created another 9 attribute nansdse _a,
make_b, ... make_i from the original attribute nameake. These attribute nhames are used to simulate different
tags from heterogeneous data sources, but with the samesesnaAs we noticed that, the number of databases
decreases as the size of database increases, these 1@tdiggad into four groups with different weighting scheme.
Given a positive parameter the first group contains 4 attribute nameske, nake_a, make_b andnake_c, which
are assigned with weight”, the second group contains 3 attribute nanmeske_d, make_e andnake_f , which
are assigned with weigl??, the third group has only two attribute nameske_g andnake_h, having weight3?,
the last group, with the sole attributeke_i , is assigned with weight?. With different weights assigned to each
attribute name, we can calculate a probability distributiath probabilities proportional to their weights. The hex
to assign every value to a tag according to this probabilgtrithution. The assignment will give associated probgbil
1, associated probabilities with other tags are to be iaterFor example, ip = 0, the attributes names are uniformly
randomly assigned, jf = 1, the probability for each one in the first group is 5%, for eank in the second group is
10%, 15% for the third group and 20% for the last group. In ttieeiment, we consider each attribute name as a tag,
and then obtain the tag inference after clustering the gallibe clustering ran 3 times with different initialization
a 2% sample~40 thousand data values), while tags generated about 8Ghdioms. We expect tags with the same
ancestor to be high.

body_type
color
condition
doors
drivetrain
engine
fuel_type
hull material
make

mileage
model

price
transmission
vehicle_type
year

Figure 7: Tag distance bitmap: the closer two tags are, tHeadthe pixel is

Figure 7 visualizes the pairwise distance between tagsh Escand column represents a tag, the distance between
the row tag and the column tag at a given pixel is inverselgteel to the darkness of the pixel. Note that the tags are
arranged in the same order in both row orientation and coloremtation, and tags with the same ancestor are grouped
together. Therefore, the small squares on the diagonalaakead the distances between tags with the same ancestor
are small. The outlier is the fourth last attribuygei ce and the sixth last attributgi | eage, their off diagonal
intersections still give a moderate greyscale, meaninggtiegs, although not having the same ancestor, are closer to
one another.

Figure 8 shows how the maximum of the smallesti pair distances change as varying paramgtdkirstly, tag
distance is very small whehis less than 1000. As shown in Figure 7, these small distamoe drom tags with the
same ancestor. Secondly, the increment of the tag distarstalile regardless of the parameter.e. regardless of
how the distributions are. Therefore, our distance measubust.
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Figure 8: Tag distance steady increases regardless of tamptemn

We validated our toge query with the original tags in Figure 9. All values that wassigned to other tags must be
inferred back in order to be queried by the original tags.ré&laee two sets of parameters we validated Aapieries
against, one ig, the parameter introduced by the query itself, the othdr,ishe total number of composite tags
appearing in the TagQL query. The precision of all querieshown in Figure 9(a), reaches as high as 1, this shows
the result returned from our query engine are all valid ones.

As we purposely choose some query which returns around p0€stérom the original data, therefore, Figure 9(b)
shows a steady increase in the recall, while it reaches 8090% whenk is the same as the number of tuples
in the result set. This shows there are some false negathv@geaed by our TagQL engine, which is caused by
under inference, i.e. tags with the same semantics are mettdd similar. This may due to the insufficient value
overlapping. This usually happens on numerical valuegrase is similar toni | eage on their values, which
caused false positives. We also plotted how the recall lbk&svhen there is no inference, i.& = 1; this is shown in
Figure 9(c). When the number of tags reaches 6, the recalkigi®,comparison for recall whéh = 6 andT = 8 is
not presented here. Figure 9(c) shows how important it iottad inference when multiple tags are used for the same
semantics.

The next set of experiments focuses on the CPU time. We havelwices of doing TA algorithm for query
processing. The first method, TA-all, retrieves a list ofues no matter it is Tag or it is aVTag. However, the
second method, TA-V, only retrieves lists féfags, andQTags will be assigned at the matching step. Both figures in
Figure 10 show that TA-V overtakes TA-all. The reason is tistd for QTags are comparatively longer than lists for
VTags, as there is no value constraint. On the other hand, lesberumf lists frees more memory for buffering from
megatable, which is expected to reduce random access.nkeiesting that when fixing = 60, the CPU time for
queries with 4 composite tags is the minimum. The reasorigswen there are more composite tags, more lists are
fed to TA algorithm, if there happens to be a list which is mahbrter than others, this list will be exhausted rapidly,
thus will make CPU time shorter.

To confirm that TA-V method is better than TA-all method innteof I/O access, we used the number of access
that TA has to retrieve tuple from megatable to simulate tivaler of random access, given page fault keeps constant.
On the other hand, the number of sequential access is sedutgtthe number of times that TA algorithm poped the
lists. The real number of random access and sequentialssamegot proportional to the two colors in Figure 11. This
Figure once again showed the TA-V method can save as muchfas tiee time that TA-all needs.

Next, we are going to do an experiment that helps one intedniator her own personal database with some other
databases to broaden the result. This experiment used tiaseda One is homogeneous, collected by Cai-Nicolas
Ziegler® (BX dataset), which consists of five attriouteSBN, Book- Ti t | e, Book- Aut hor,

Year - Of - Publ i cati on , Publ i sher, and 260 thousand tuples. The other dataset is from Freéb@®
dataset), which is very heterogeneous. There are as maryyatributes, most of which are null; there are only 1.4
million values out of 280 thousand rows.

From Figure 12 selected all pairsBX tags and-B tags with pairwise distance less than 10. We see that stailhg v

http://www.informatik.uni-freiburg.de/ cziegler/BX/
2http://download.freebase.com/datadumps/
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Figure 9: Precision and recall by varyikg

ues with semanticaut hor ,ti t| e andpubl i sher are close to one another. The tégar - of - publ i cati on
is however nearer to numerical types, with the minimum distetoPubl i cat i on_Dat e.

We then selected 10 queries in SQL, first process them on ifi@alrBX data, then translated them into TagQL,
and queried in the TagTable database constructé&@XandFB together. A4B dataset is really heterogeneous, there
are some invalid result returned by TagQL, we thus invitethesof colleague to help identify which are the valid
result. The result is shown in Figure 13, the average numbealm answers has increased from about 8 to about
12, which is significant. We believe building TagTable under probabilistic tagging framework does help people
integrate their own data with community web services togrenfquery more effectively.

TRA1/10 18



0.3

TA-all
0.25 & TA-V e

(8] (&)
) @
£ ©» 02¢
g g
= i 0.15¢
oY oY
@) G 01}

~ 0.05+

0 == : ‘ 0 : ‘ : : :
2 4 6 8 10 20 40 60 80 100 120
# of Tags k
(a) CPU time by varying T (b) CPU time by varyinge

Figure 10: CPU time by varying k or t

[J RA number
[l SA number

80,000
70,000
60,000
50,0001 [ At b o

40,0001 b= i B BB BB Bl

# of Accesses

30,000 -
20,000 -

10,000( -

T T Ty T oo
| | ) | |
Rl

10 20 30 40 50 60 70 80 90 100 110 120

TA-V
A
A
TA-all
TA-V

Figure 11: Number of access by varying k

6 Related Work

Query Relaxation In this recent decade, there are several efforts of drivatglzthse technologies from a strict and
well-defined manner to a relaxed and user-oriented manniee fifst category of such efforts is to relax the way
of querying. Inspired by thénformation Retrieval (IRxommunity, a series of approaches that support keyword
search in database have been studied extensively [3, 228281, 40]. while IR community focuses on processing
unstructured queries, i.e. keyword-based queries, onwi#ttdittle structure, e.g. text documents, keyword-based
search in database processes unstructured queries oistdudata. With keyword search, users are freed from the
necessity of forming queries in a specific database languagevriting the queries in the same fashion of submitting
a search over Internet. So then database can be utilized@avesers without expertise.

The limitation of keyword search is that it does not supplyiaction to the users about what they are looking for,
as it is a value-based approach. In order for users to spebidy they query about, a way of describing the semantics
of the values, including the keywords and expected quemlteesnust be provided. [10, 20, 29] have illustrated the
usage of tags, and tags has been proven to be an effectiventayanomy building, and thus to deduce the semantics
of the objects being tagged. Tagging on multimedia objeasslieen widely applied on web 2.0 application [1, 2], as
a way to describe the content of the semantics of such object.

Database Relaxation The other category to relax database queries is to makeak#tatself less constrained by
schemas. As databases evolved over time introduce sigrtiioaount of noise, or become heterogeneous by integrat-
ing with other databases,
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Figure 12: Tag distance betweBX tags and-B tags
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Figure 13: BX dataset v.s. BX+FB dataset on the average nuaibalid result returned

schemas are hard to obey at all times. This drives researtthstudy on malleable schemas [15, 41] or even database
without specific schemas like Bigtable [7, 8], or wide-tg8)24]. Conceptually, Bigtable maps a unique tuple ID and
a unique column ID to a data value. Each row of data only relatemall fraction of the total number of columns,
which is in the magnitude of hundreds or thousands. Bigtattietally schema free, user can just insert his own data
into appropriate column without worrying about the scherhthe database. User may even create a new column if
there is no existing column that suits the data to be entekadther column-wise storage, wide-table, stores column
names and values in pairs. However, under both data modelalne is assigned to a unique column, which make it
impossible to process a column whose name does not matchhsitiuery.

Our work demonstrates a way of relaxing databases and guertee same time. Firstly, we completely free the
data from schema like what wide-table does. Besides thagsseciate each value to a set of columns so that values
can be accessed from different columns.

Probabilistic Database Once the database constraints are relaxed, the uncerisimyolved. Instead of that a
tuple is either an answer to a given query or not in RDBMS, daple in probabilistic databases is associated with
a probability to match the query. Studies on probabilistitalases have been ongoing for many years. [14, 32, 33,
13]. Both our work and current researches on probabilistiatthses are focusing on finding an effective method
for probabilistic data management and query processingweMer, there are three essential differences, namely,
uncertainty types, data modeling and query processingeNesearches on probabilistic databases has been done to
deal with the uncertainty about row existing[19, 36], vadxésting or both of them [39, 21].

In our work, both rows and values exist, but the uncertaintpes from the flexibility of assigning values to differ-
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ent columnsPossible worlds a popular model used for probabilistic database to ress#wmantic ambiguity[36, 26].
But possible world semantic does not fit to our framework, asie not consider tags being mutual exclusive, there
are correlations between tags, which also allow us to adafistical inference to explore a more generic relation-
ship between values and tags. Secondly, query rankingiardee different from ours. Current query processing in
probabilistic databases try to find an appropriate aggi@y#tiat accounts for both scores and existence probaisiliti
of tuples[19, 27, 26, 35] However, these two measures areardistent with each other. In our work, we make it a
trade-off between scores and existence probabilitiesataiders can customize it on their own preference.

Information Integration  The majority of researches in data integration or infororathtegration maps heteroge-
neous schema to one centralized mediated schema. But it isasg to figure out a mediated schema that every
other schema can be squeezed through without losing anyriafen. Prior work which is close to our concept is on
probabilistic mediate schema and probabilistic schemgpimgproposed by X. L. Dong and A. Y. Halevy [16, 34].

A mediated schema based on the source attribute clustaricanstructed, and the probabilistic schema mapping is
produced at the same time. To assign the probability of tilssipte mediated schema, it is assumed that the attributes
in source data are mutually exclusive with each other. Irtiafg only the more frequent attributes are considered,
the less frequent ones are just omitted. Under our prokéibitagging framework, all attributes or tags can coexist i
our system, and values associated with such tags can besithfeom other tags.
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7 Conclusions

There can be many extension based on this framework, oneiohugto reduce the storage space, as each value has
been stored multiple times under multiple tag tables in omrent model. We now conclude our paper as follows.

In order to grant more privilege to database users who domawknuch about the underlying schema while main-
taining the database quality, we propose probabilistigitayy which associates data values to tags with probadsiliti
Under this framework, we have introduced our data storaggTdble, our query language, TagQL, the method of
doing tag inference for all values based on clustering, hadést and effective online matching for query processing.
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