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Abstract

The huge amount of heterogeneous data that are generated from Web2.0 applications have resulted in the use of
wide tables where tuples with different schemas may co-exist. Providing users with such freedom however poses new
challenges such as difficulty in query formulation and query processing, and lack of guarantee in data quality.

In this paper, we propose an out-of-the-box approach that deals with challenges from a semantic perspective. We
interpret the semantics of each data value by a set of similar tags. Such association between values and tags provides
a layer that separates database operations from the database storage layer. This layer also serves as a platform for
users to query the databases by a group of tags. We conducted a seriesof experiments and the results confirm its
effectiveness.

1 Introduction

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

In order to accommodate data with no schema or weak schema, anemerging trend deployed by the database
community is to relax the schema, so that data can be stored and processed in a self-organizing and self-explanatory
manner, allowing data to be stored without specifying a schema. A successful case in point is Bigtable [7, 8], the data
model of Google Base, which allows users to select names for the values they want to insert into the database. The
Bigtable can be viewed as a wide table with thousands of columns, and each row can be a relation of any type, which
relates only a few to a few dozens of columns. Thus Bigtable isextremely sparse, with many empty cells. Each value
is stored in association to a column whose name is specified byusers. For example, a user may insert a record in the
format of{make: Volvo, model: XC90, contact: 123-4567}, as shown in the last row of Figure 1.make,
model andcontact are user-defined column names for the valuesVolvo, XC90 and123-4567 respectively.
Except for the three columns, all other columns are undefined. Other recent work that are similar in spirit include the
structure-free query model [31, 40], the WebTable [5], and RDF tables[30].

With the relaxation on the constraints on data insertion, additional cost is incurred during query processing. This
is because users tend to use different naming conventions for their own records and different attributes for similar
data items. For instance, user A may name the make of a car asmake, while user B may name the same thing as
manufacturer. Now there are two columns with different names in the database which refer to the same context.
Query processing is not straight forward. For example, to search a tuple by a specific value, query has to be broadcasted
over all the columns with the same semantics. Another drawback is that users may define a column likeproperty
which is too generic for database system to know what it meansand how the data in that column can be utilized for
queries.
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make model price mileage year name last name 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 jb@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, includingagents’ details

TID Data
026 BMW:{make,brand} | 3:{model} | Smith:{last name} | John:{first name} | 222-4567:{phone} | 222-5678:{handphone}
289 Ford:{make} | F150:{model,name} | John:{name,firstname} | j@b.com:{contact,email} | 234-8765:{handphone,contact}

354 Toyota:{make,manufacturer} | Camry:{name} | Yamada:{last name} | Taro:{first name} | 345-6789:{phone,contact}
571 Honda:{brand} | Civic:{model,name} | Brown:{last name} | John:{first name,name} | jb@c.com:{email,contact}
702 Ford:{manufacurer} | Focus:{model} | Tom:{name,firstname} | Davidson:{last name,name} | td@d.com:{email,contact}
886 Volvo:{make} | XC90:{model} | 123-4567:{contact,phone,handphone}

Figure 2: Values tagged with multiple tags

Therefore, the free-and-easy way of inserting data into such databases without knowing the correct columns to
insert into is undesirable. Ultimately, we would like to enjoy the benefits from databases with little schema constraint,
but without paying for the cost incurred from careless operation. Therefore, a semi-supervised way of data manage-
ment is preferred for databases with little schema constraint to deal with the following two challenges. First of all, we
wish to provide a function which can help users insert data into databases so that the quality of databases does not de-
grade after insertions from different users. Second, the database system must at the same time provide efficient support
for structure-free query model that allows users to pose queries without fully knowing the underlying schema. More
importantly, users might specify their intention differently. For example, when a user specifiedcontact, he/she
could be referring tophone, address or email.

The problem posed by two these challenges is the lack of ability to precisely describe the semantics of data values.
If we knew the semantics of data values, we would be able to solve the first challenge by reorganizing the data
from users into semantically homogeneous columns, and we could also interpret the semantics of the queries users
submitted. Therefore, our goal is to be able to describe the semantics of both data values and queries.

As discussed above, conventional database uses column names to describe the semantics of the values within this
column, but it is pre-defined and restrict other means of describing the semantics. Inspired by the method of tagging
multimedia object [1, 2] to facilitate searching, we use a set of words, which are calledtags, to describe the semantics
of each data value. Figure 2 shows the tags that are associated with selective values in Figure 1. Each value in a tuple
can be associated with multiple tags which are semanticallyclose. 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 values with an appropriate set of tags. For example, value
toyota can be associated with both tagsmake andmanufacturer, which is better than having a column with
namemake to describetoyota.

One may ask if the tags being used are equal likely to describethe semantics of data values, or if there is an order
among the tags. Consider car agents’ name in Figure 1, the first nameJohn can be tagged by bothfirst name
andname, but the tagfirst name is closer than the tagname when describingJohn, thusfirst name should
be associated closer thanname 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 value.This measure should be higher when a tag is closer to
the given value, i.e. when a tag is used more frequently for tagging this value. Thus, the direct interpretation of such
measure is on the likelihood of a tag being used to tag a given value.

Definition 1 (Probabilistic Tagging). Let T be the set of tags, for a valuev and a tagt ∈ T , probabilistic tagging
refers to the act of associating a probabilityζv,t for v andt, such that the valuev is tagged by the tagt with probability
ζv,t. The probabilityζv,t is called associated probability.
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For every tag list in Figure 2, there is a probability associated to each tag, representing the likelihood of this tag
being used to tag the value. This is presented in Figure 3. Each value is identified with tuple-ID (TID) and location-ID
(LID) to indicate which tuple it comes from and its location in the tuple. The type indicates the “type” of the value, if
it is string (S) or numerical (N). The last column is a set of tag-probability pairs. For example,John can be tagged
by first name with probability 0.7, but tagged byname with only 0.5. We do not have the constraint that the
associated probability sums up to be 1, as there is no mutual exclusion 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 〈last name, 0.8〉
John 026 6 S 〈first name, 0.7〉, 〈name, 0.5〉
Ford 289 1 S 〈make, 0.8〉, 〈manufacturer, 0.4〉
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, 0.7〉
Camry 354 2 S 〈model, 0.9〉
Yamada 354 5 S 〈last name, 1.0〉

Taro 354 6 S 〈first name, 0.9〉
Honda 571 1 S 〈manufacturer, 0.4〉, 〈brand, 0.2〉
Civic 571 2 S 〈model, 0.7〉, 〈name, 0.4〉
16000 571 3 N 〈price, 0.7〉
Brown 571 5 S 〈last name, 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, 0.8〉

Davidson 702 5 S 〈last name, 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 valueJohn in Figure 3, it is because tuples come from different data sources
with possibly different tags, and probabilities associated with these tags may also be different.

1.1 Our Contributions

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

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

• A distance measure between tags, based on the clustering of their signatures. This distance measure enables the
inference of associated probabilities between values and tags.

• A Tag-based query language that supports user queries database by a set of tags.

• A rapid online alignment between tags and data values duringquery processing.

• A customizable scoring function for arranging the result according to users’ preferences.
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1.2 Paper Outline

The following sections are organized as follows. Section 2 will give a big picture to our idea on probabilistic tagging,
which includes the introduction to our data management and our query language. Along with this introduction, issues
and challenges about probabilistic tagging will be discussed, which will be solved in Section 3 and Section 4. This
is followed by Section 5, in which we validate probabilistictagging and query processing. Section 6 will give a brief
summaryof related works on database/query relaxation, information integration and probabilistic database. Lastly,we
will conclude our results in Section 7.
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2 Issues and Challenges

We will next discuss the issues and challenges involved in supporting a probabilistic tag-based approach to querying
wide tables. This is separated into three parts. First, we will discuss the important issue on how we can associate
tags and values together with the corresponding probabilities. Second, we will discuss our approach involved in query
specification and processing of a probabilistically taggedtable. Finally, we will highlight additional issues that need
to be addressed including table updates and tag refinement.

2.1 Tag/Value Association

Since our processing is tag-centric, the first issues that need to be addressed is how tags can be associated correctly
with the values in each tuple. Based on our analysis, there are at least three ways to do this:

1. Attribute Names: Since tuples in a wide table are typically inserted by users with a schema in mind, each of these
values in the tuple will thus be associated with an attributename. 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 tag fora group of values. For example, he/she
might issue a command tag(BMW, manufacturer,0.9) which will tag all valuesBMW with the tagmanufacturer.
Obviously, there exist many alternative approaches for users to specify association between the tags and values. Fur-
thermore, checks should be in place to ensure that users do not add in spurious tags that make no meaning. Due to
space constraint, we will not elaborate on this choice but leave it as a discussion topic in future work.

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

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

2.2 Query Specification and Processing

We next describe our query model. We assume that we are querying against a singleTagTable. A TagTable is con-
structed from a set of valuesV, a set of tagsT and the associated probabilitiesζ. It has the following characteristics.

• The database consists of many tables with similar structure

• Each table is associated with one particular tagt, and stores all valuesv with probability ζv,t greater than a
preset threshold. Each tuple of the tables is a quardruple, which will be discussed in detail in Section4.

• A mega table stores all values from the same tuple sequencially in a 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 expresses a query based on tags, which we callTagQL. The
general form of TagQL can be summarized as

select ?$QTag1, ?$QTag2, . . ., ?$QTagm

from -
where $VTag1 op1 v1

and $VTag2 op2 v2

and . . .
and $VTagn opn vn

confidence δ
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TagQL is similar to a SQL select-project query. Since we are considering a wide table, there is no need to spec-
ify a table and no join operation is necessary. In TagQL,QTag1, QTag2, . . ., QTagm are the tags which are
associated with values that the users want to retrieve. To select tuples that satisfy certain conditions, a set of tags
VTag1, VTag2, . . ., VTagn are used to select values from the tuples and compare them against a set of values
v1, v2, . . . , vn using the logical operators represented byop1, op2, . . ., opn. These operators can be any of ‘=’, ‘¡¿’,
‘¡’, ‘¿’, ‘ ≤’ or ‘≥’ if the corresponding value is numerical, or be ‘=’ or ‘¡¿’ only if the corresponding value is a string.
In addition, a probability thresholdδ must be specified in order to make sure the confidence of the tagis at leastδ.

BothVTag andQTag are disjunctions of a series of tags, e.g.{make|manufacturer}. We will refer to them
ascomposite tags. This allow users to increase their chance of using the correct tag by selecting multiple tags to
retrieve a value. Semantically, the users are also providing information and telling us that the set of tags that are
enclosed within the same composite tag are in fact semantically close 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 tag,VTag/QTag and a valuev within a tuple,
the probability of theVTag/QTag being associate withv is max{ζv,t|t ∈ VTag/QTag}.

The maximum probability rule intuitively makes use of the fact that all tags in a composite tag are considered
semantically equivalent and thus we can assign the highest probability when we are drawing an association between a
value and a composite tag. As an example, let’s consider the query and the probabilistic tagging in Figure 3.

select ?${model|car name},
?${contact|email}

from -
where ${name|first name} = ‘John’

and ${make|manufacturer} = ‘Ford’
confidence δ

The value “John” is tagged with both “name” and “firstname” but with different probability of0.8 and0.5 respec-
tively. In this case, the user have indicate that “name” and “first name” are considered to be semantically close and
thus the probability of “John” being associate with{name|first name} is set at0.8.

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

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

Consider again our example query. When the user project on thetwo composite tags{name|first name} and
{contact|email}, he/she must have considered these two composite tags to be semantically different. Thus it
does not make sense to assign the same value from a tuple to these two composite tags.

The reason behind defining the above two rules is simple. Since our tuples are all probabilistic in nature, a query in
TagQL can generate many answer instances even from a single tuple. Applying these rules help us to capture certain
semantics that can cut down the number of possible instances. Even with such rules, the number of possible instances
can still be large. Thus we can only say that certain instances from the tuples have low likelihoods in answering the
query and is not as interesting as tuples with high likelihoods. Thus, we focus our effort in answer top-k queries.

Definition 4 (Top-k query answering). Given (i) a TagTable, (ii) a queryq written in TagQL, and (iii) a positive
integerk, return a tuple setRS, such that|RS| ≤ k, ∀t ∈ RS andt′ ∈ RS, which is the complementary set ofRS,
ι(t) ≥ ι(t′), whereι is the likelihood function given queryq.

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 concerns updates to the table and tag refinement. Again, due to space
constraint, we will simply highlight these issues here but will not elaborate further.

Updates
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Since tuples can be deleted and inserted into the TagTable, anatural challenge is to incrementally update the tag-
value probability as tuples are inserted and deleted. Note that since users might have previously retrieved tuples using
certain TagQL query statement, certain mechanism must be introduced to ensure the stability of the answer sets. One
solution is to maintain the historical values of the probabilistic 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 feature to have will be to have the ability to automatically assign
tags with corresponding probabilities to the values in the new tuples. Doing so is entirely possible within our existing
solution framework since we can essentially compare the values in 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 is possible that some of the returned tuples could be wrong. In

such cases, mechanisms must be provided to (1) help the usersto identify and fix the error and (2) refine the query
result based on user’s feedback and (3) improve the tagging accuracy.

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

In this section, we will developed a clustering algorithm that allow us to perform tag inference. From the start, we
simply have a set of valueV and a set of tagsT together with a set of associating probabilitiesζv,t associatingv ∈ V
and t ∈ T . Sinceζv,t is only know some pairv ∈ V and t ∈ T , we wish to infer more values ofζv,t which are
originally unknown.

Intuitively, our algorithm need to group similar tags together in order to make tag inference i.e. if a valuev is
tagged with a tagt1, then it also should be tagged with a tagt2 with high probability if the distance betweent1 and
t2, D(t1, t2) is close. Two tags are close if their semantics are close. Such closeness is reflected by the set of values
they are associated with. For example, a tag associated withnumerical values, likeprice or year is never close to
a tag associated with string values likemake or model. Based on these analysis, our procedure for tag inference can
be separated into four steps:

1. Extract “signatures” from valuesv ∈ V.

2. Cluster values inV based on extracted “signatures” from Step (1).

3. Compute the distance between tags inV, by utilizing the clustering result from Step (2). Two tags are deemed
to be close if the distribution of their associated values among the clusters are highly similar.

4. Forζv,t which are not available previously, estimateζv,t by utilizing a set of tagst1, ... ,tn which are associated
with v and which are close tot.

The first step is essentially a feature extraction process sothat clustering can be perform on the values inV. The
“signature” generated for each valuev ∈ (V ) is dependent on the tags that it is associated with. Assumingv is
associated with tagst1,...,tn, then it’s “signature” will be determined by the union of thefeatures (or dimensions) that
are generated for each of the tagt1,...,tn. For each tagti, it’s descriptive features is determine by the set of values
from (V ) that are associated with it. As an example, consider our running example whereJohn with tuple ID 289
is associated with bothname andlast name, thenJohn’s “signature” will be determine by the set of features
generated from the tagsname andlast name. In this case, the features ofname will be determine by all values like
F150, Camry that are associate with it in Figure 3.

Depending on whethert is a numeric or string tag, different approach will be used togenerate it’s feature. To
capture the characteristics of strings,q-grams [11, 12], which are substrings of lengthq or less, is a sub-structure of
strings that are often used to represent the strings in a muchlower dimension. Here, we try to find significantq-grams
(sigram) which are long and frequent. More specifically, we say aq-gramA is asigramif i) FreqA > ǫ and ii) 6 ∃B
s.t. FreqB > η · FreqA whereB is an immediate superstring ofA, given a pair of parameterǫ andη. For a pair of
parametersǫ andη, and a tagt, we can derive an algorithm to select all sigrams with respect to a tagt which is shown
in Figure 1. The algorithm essentially enumerate through all the possibleq-grams and detect sigrams by comparing
the frequency between immediate substring/superstring. The weight of a sigrams is then computed as the sum ofζv,t

wherev represent all values that are associated with the tagt and contain the sigram as a substring. Note that, asq
increases, the number ofq-grams that passǫ test shrinks, so the number of sigrams is not large.

The second type of tag, i.e., numerical tag are associate with numerical values that cannot be treated as strings to
make sigrams as their “signature”. As numerical values are often continuous, which makes it difficult to map into a set
of dimensions, thus, we take histograms as the “signature” of a numeric tag. Given a parameterm, we can represent a
range of values by 2m dimensions.

Algorithm 2 builds a set of dimensionsDt from a set of values associated with numerical tagt. Each dimension
is of widthg on the numerical domain, spread from the median for at mostm stripes towards both sides. Tagt is now
represented by a probability histogram overDt. Given two tagst1 andt2 whose values are distributed similarly, the
histograms obtained from the numerical dimensionsDt1 andDt2 will be similar too.

Together with the set of sigrams that are obtained from string tags, we now have a set of features/dimensionsD.
For a valuev ∈ V, let ψ(v) be the probability distribution representingv overD, obtained as follows. For a string
valuev and a sigramd, ψ(v, d) = k if the sigramd appears in valuev for k times; for numerical valuev and a
numerical dimensiond, ψ(v, d) = 1 if d.min ≤ v < d.max. ψ(v) is then normalized fromψ(v, d)∀d ∈ D, so that∑

d∈D
ψ(v, d) = 1.

Once the probability distribution had been determined, we can move on to Step (2) where the values inV are then
clustered using clustering algorithm that was presented in[37, 11]. Given an integerk, the fuzzy clustering algorithm
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Algorithm 1 Construction the dimension, i.e. sigrams, from string values associated with a given tagt

Input: A set of string valuesV associated with tagt
A pair of parametersǫ andη

Output: A set of sigramSQt as a set of dimensions

1: ζt ←
∑

v∈V ζv,t

2: k ← 1
3: while k = 1 or Ak−1 6= ∅ do
4: Ak ← ∅
5: for all string valuev ∈ V do
6: for all k-gramQ appears inv do
7: Ak ← Ak ∪ {Q}
8: Q.wi += ζv,t;
9: for all Q ∈ Ak do

10: for all Q′, an immediate substring ofQ, wherek > 2 do
11: Q′.ws = max{Q′.ws, Q.wi}
12: RemoveQ from Ak if k > 1 andQ.wi ≤ ǫ · ζt

13: for all Q ∈ Ak−1 wherek > 2 do
14: RemoveQ from Ak−1 if Q.ws > η · Q.wi

15: k ++;
16: ReturnSQt =

⋃
k Ak

compute the probability of membership for each valuev within the cluster setC that containk clusters. Letτ(v)
represent this distribution of cluster membership, we now define the cluster probability distribution for a tagt as the
mean of the cluster probability distributions on all valuev, weighted byζv,t, i.e.

τ(t) =
∑

v∈V

ζv,t∑
v′∈V

ζv′,t

· τ(v)

Theτ(t) defined above is the representation of tagt in the cluster spaceC. There are two factors that determine
the representation of tagt. The first factor is the set of values associated witht, i.e. τ(v), and the other factor is how
these values are distributed. Generally speaking, two tagst1 andt2 are close if their associated values are similar and
the distribution of the values are similar.τ(t) captures both the similarity from values, i.e.τ(v), and the similarity
from the value distribution, i.e.ζt. Therefore, we can make use ofτ(t) to measure the distances among tags.

To proceed with our formulation on tag distance between a pair of tags,t1 and t2(i.e. Step (3)), we define a
random variableX1 that takes values in the set of cluster probability distributionsτ(V) = {τ(vi)}

n
i=1 following the

probability measure{π1(vi)}
n
i=1 whereπ1(vi) =

ζvi,t1
P

v
ζv,t1

. Another random variableX2 takes the same set of values

τ(V) = {τ(vi)}
n
i=1, but follows a different probability measure{π2(vi)}

n
i=1 whereπ2(vi) =

ζvi,t2
P

v
ζv,t2

.

Now consider the two mutual informationI(X1; C1) andI(X1; C2) whereC1 = C2 = C are the set of clusters
following probability distributionτ(t1) andτ(t2) respectively. If tagt1 andt2 are close to each other in the space of
cluster distribution, the mutual informationI(X1; C1) should be close toI(X1; C2) asC1 andC2 are close. We first
prove the following proposition to show the relationship between the two mutual information.

Proposition 1 (Bregman Information Equality). Let X be a random variable that takes values inX = {xi}
n
i=1 ⊆ R

d

following the probability measureπ = {π(xi)}
n
i=1, given a Bregman divergenceφ and another pointy,

Eπ[dφ(X , y)] = Eπ[dφ(X , µ)] + dφ(µ, y)

whereµ = Eπ[X ].
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Algorithm 2 Construction of numerical dimensions from numerical values associated with a given tagt

Input: A set of numerical valuesV associated with tagt
A granularity parameterm

Output: A set of numerical dimensionsDt

1: ζt ←
∑

v∈V ζv,t

2: Get medianvm where
∑

v<vm
ζv,t = 1

2ζt, lower quartilevl where
∑

v<vl
ζv,t = 1

4ζt, upper quartilevu where∑
v<vu

ζv,t = 3
4ζt, minimum valuevmin and maximum valuevmax from V

3: Let g ← vu−vl

m

4: Let Dt ← ∅: the set of dimensions constructed byt
5: Let n1 ← min(m, ceil(vm−vmin

g
))

6: for all i ∈ {1, 2, . . . , n1} do
7: Construct numerical dimension on interval[vm − i · g, vm − (i − 1) · g)
8: insert this dimension intoDt

9: Let n2 ← min(m, ceil(vmax−vm

g
))

10: for all i ∈ {1, 2, . . . , n2} do
11: Construct numerical dimension on interval[vm + (i − 1) · g, vm + i · g)
12: insert this dimension intoDt

13: return Dt

Proof.

Eπ[dφ(X , y)] =
n∑

i=1

π(xi)dφ(xi, y)

=

n∑

i=1

π(xi){φ(xi) − φ(y) − 〈xi − y,∇φ(y)〉}

=
n∑

i=1

π(xi){φ(xi) − φ(µ) − 〈xi − µ,∇φ(µ)〉 (1)

+〈xi − µ,∇φ(µ)〉 + φ(µ) − φ(y) − 〈xi − µ + µ − y,∇φ(y)〉}

=

n∑

i=1

π(xi){φ(xi) − φ(µ) − 〈xi − µ,∇φ(µ)〉}

+
n∑

i=1

π(xi){φ(µ) − φ(y) − 〈µ − y,∇φ(y)〉}

= Eπ[dφ(X , µ)] + dφ(µ, y)

As
∑n

i=1 π(xi)(xi − µ) = 0, both
∑n

i=1 π(xi)〈xi − µ,∇φ(µ)〉 =
∑n

i=1 π(xi)〈xi − µ,∇φ(y)〉 = 0, that is how
the second last equation comes from.

By [4] and specifyingX = X1, xi = τ(vi), π(xi) = π1(vi), y = τ(t2) andφ(p) =
∑d

j=1 pj log pj , proposition 1
shows

I(X1; C2) =

n∑

i=1

π1(vi)KL(τ(vi)‖τ(t2))

=
n∑

i=1

π1(vi)KL(τ(vi)‖τ(t1)) + KL(τ(t1)‖τ(t2))

= I(X1; C1) + KL(τ(t1)‖τ(t2)) (2)

whereτ(t1) = Eπ1
[τ(V)].
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ThusI(X1; C2) ≥ I(X1; C1), if t2 is close tot1, I(X1;C2)
I(X1;C1)

is close to 1. However, this is not a symmetric measure,
in order to make it symmetric, we may consider the random variableX2 defined previously, which becomes

I(X1; C2)

I(X1; C1)
+

I(X2; C1)

I(X2; C2)

By applying Equation 2 again, we have

I(X1; C2)

I(X1; C1)
+

I(X2; C1)

I(X2; C2)

= 2 +
KL(τ(t1)‖τ(t2))

I(X1; C1)
+

KL(τ(t2)‖τ(t1))

I(X2; C2)

Therefore, we define distance function between tagt1 andt2 as

D(t1, t2) =
KL(τ(t1)‖τ(t2))

I(X1; C1)
+

KL(τ(t2)‖τ(t1))

I(X2; C2)

First, this distance is smaller whenτ(t1) is closer toτ(t2), as shown in Figure 4, the closures are the contour
with equal KL distance to their centers. This distance is themutual information betweenX andC as defined in
Proposition 1, soI(X1; C1), I(X2; C2) andI(X3; C3) are all about the same. Sinceτ(t3) is closer toτ(t2) thanτ(t1),
we haveD(t1, t2) > D(t2, t3). Second, when the distances are the same, distance increases as mutual information
decreases, as it makes distance relatively larger. In Figure 4,τ(t3) andτ(t4) are having the same distance toτ(t2).
However,D(t2, t3) < D(t2, t4) asI(X3; C3) > I(X4; C4).

I(X1;C1) I(X3;C3)
I(X2;C2) I(X4;C4)

τ(t1) τ(t3) = τ(t4)τ(t2)

Figure 4: An illustration of the distance function

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

With tag distance defined above, we can now go to Step (4) to perform our tag inference by taking the power of
the negative distance, i.e.e−α·D(t1,t2). α is a parameter which controls the power of inference. Whenα is set to be 0,
every value is associated with every tag; whenα is set to be infinity, there is no inference among tags.

Suppose valuev is associated to tagt1, t2, . . ., tn with probabilityζ1, ζ2, . . . , ζn respectively, given a new tagt,
the probability ofv being tagged byt is thusp = maxn

i=1 ζi · e
−α·D(t,ti). In the application, only tags with probability

above a certain threshold is worth being considered, therefore, whenD(t, ti) is large for allti, the probabilityζ will
be very small, the association betweenv andt will thus not be recorded.
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4 Tag-Based Query Processing

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

This is inspired by the way wide-table[9] is implemented. Wide-table stores their data in column-wise manner, val-
ues are stored vertically rather than horizontally. This isto save their storage by getting rid of unnecessary empty cells,
and to speed up pooling data from databases as there is no irrelevant columns occupying bandwidth in transferring.

Each table in our storage describes one tag. As an example, the table in Figure 5 stores all values associated with
make. It has four attributes,tid (the tuple ID),lid (the location ID),value (the data value) andprobability
(theζ 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 tagmake

Theoretically, for each tagt ∈ T and each valuev ∈ V, there is aζv,t to associated witht andv to represent
the fact thatv is tagged byt with probability ζv,t. But as each tag is only associates with a small proportion ofthe
total data values, the majority of probabilityζv,t is approximately 0. Therefore, only values with probabilities above a
certain threshold are stored. threshold.

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

Next, we are going to elaborate on how we process tag-based query with TagTable. Throughout the discussion,
we will use the following example query as illustration. Three values with tagsyear, price andmileage are
to be retrieved from TagTable, by supplying constraints on tags{make|manufacturer}, {model|name} and
{price}.

select ?${year}, ?${price}, ?${mileage}
from -
where ${make|manufacturer} = ‘Toyota’

and ${model|name} = ‘Prius’
and ${price} ≥ 10,000
and ${price} ≤ 20,000

confidence δ

Our query process consists of the following steps.

1. Parse the query according to the mutual exclusion rule, and group constraints together if they are under the same
composite tag

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

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

4. Apply Hungarian algorithm to find a matching between values and 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 then further 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 queryQ written in TagQL
A positive integerk
A tradeoff parameterγ on instantiation

Output: A set ofk most likely results

1: S ← ∅
2: for all composite tagS appears inQ do
3: if S 6∈ S then
4: InsertS in S
5: if S is aVTag then
6: add another value constraint toS
7: for all composite tagS ∈ S do
8: LS =select(S): refer to Algorithm 4
9: RS ← ∅: the result set containing the top-k result with their scores

10: STID ← ∅
11: while 6 ∃S ∈ S, where|Ls| = 0 do
12: ιu ← 0
13: highest← −∞
14: for all composite tagS ∈ S do
15: Let top(Ls).p is the probability at the top of the listLs whose TID is not inSTID

16: if S is aQTag and aVTag at the same timethen
17: ιu ← ιu + top(Ls).p
18: highest← max(highest, top(Ls).p)
19: else ifS is aVTag then
20: ιu ← ιu + γ · top(Ls).p
21: highest← max(highest, γ · top(Ls).p)
22: else ifS is aQTag then
23: ιu ← ιu + (1 − γ) · top(Ls).p
24: highest← max(highest, (1 − γ) · top(Ls).p)
25: if |RS| = k andιu < thekth score inRS then
26: break
27: Pop TIDtid from LS where highest is assigned fromS, break tie randomly
28: Let score=calculatescore(tid): refer to Algorithm 5
29: if |RS| < k or score> thekth score inRS then
30: popRS if |RS| = k
31: insert (score,tid) in RS
32: inserttid in STID

33: return RS

We now take the above query as an example to illustrate our query processing. The first step identified the tag
{price} in theselect clause and the two tags{price} in thewhere clause are the same tag, therefore the two
constraints are grouped together. By mutual exclusion rule, valueToyota, associated tomake with probability 0.9
andmanufacturer with probability 0.7, is now associated with composite tag{make|manufacturer} with
probability 0.9, as shown in Figure 6. In step 3, the Threshold Algorithm (TA) [18, 17] selects the most likely under
current estimation, and then build a bipartite graph as shown in Figure 6 to compute the best matching between tags
and values.

The details are given in Algorithm 3. The parsing of the queryis done from Line 1 to 6 after which the application
of maximum probability rule is executed at Line 8 (by callingAlgorithm 4). Line 9 to 33 then apply the TA algorithm.
Finally, the Hungarian algorithm is apply in Step 4 by calling Algorithm 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 able toevaluate the so-called “likely tuples”. As explained
in Section 2, we study top-k queries as the association between values and tags are probabilistic. For a given value and
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Algorithm 4 Select values with descending probability order by composite tagS

Input: A composite tagS
Output: A sorted listLS containing value-probability pairs

sorted by the descending order of probability

1: List LS ← ∅ ordered by the descending order of the probabilities
2: for all tagt ∈ S do
3: if S is aVTag then
4: Select the set of value-probability pair{(v, ζv,t)}) from tablet with value constraints and probability at least

δ, sorted by probability
5: else
6: Select value setVt from tablet with probability at leastδ, sorted by probability
7: for all v ∈ Vt do
8: if v 6∈ LS or ζv,S < ζv,t then
9: insertv in LS andζv,S ← ζv,t
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Figure 6: An illustration of matching

a given tag, there is no absolute match within our context, but a score representing how likely they can be matched,
which we calledinstantiation.

Definition 5 (Instantiation). Given a set of composite tagsS = {S1, S2, . . . , Sn} and a tuple with a sequence of values
V = {v1, v2, . . . , vm}, wheren ≤ m, Let the setF = {f |f : S →֒ V, Dom(f) = S, f(S) = f(S′) ⇒ S = S′} be
the set of bijections(matchings) fromS to V , we define the instantiationι to beι = maxf∈F

∑
S∈S

log ζf(S),s. When
S is taken to be the set of selection composite tags (VTags), it is called selection instantiation, denoted asιs; whenS
is taken to be the set of projection composite tags (QTags), it is called projection instantiation, denoted asιp.

When we evaluate the likelihood of a given tuple, we have to consider both selection instantiationιs and projection
instantiationιp. Therefore, a trade-off parameterγ is involved to balance the selection instantiation and projection
instantiation by setting the overall instantiation to beι = γ · ιs + (1 − γ) · ιp.

The TA algorithm computes the upper boundιu in the following way. For composite tags which are bothQTag
andVTag, their instantiation should be included in both selection instantiation and projection instantiation, thus their
instantiation takes the full weight of the logarithm of its associated probability. Otherwise, it takesγ of its associated
probability if it only participates in selection instantiation, i.e. aVTag, or 1-γ if it only participates in projection
instantiation, i.e. aQTag. The measureιu will cause the TA algorithm to terminate if it is no larger than thekth result
in the result setRS. Otherwise, we take the tuple whose value contributes most to ιu, and try to match it with all
composite tags, if it matches, we calculate the scoreι, and replace thekth result if ι is higher than the score of thekth

result inRS. The exact matching andι calculation algorithm is presented in Algorithm 5.
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Algorithm 5 Calculate the matching score of tupletid

Input: A set of composite tagS
A tuple id tid

Output: A score fortid matchingS
A matching between composite tags and values

1: ι ← 0
2: V ←all values in tupletid by one random access
3: for all composite tagS ∈ S do
4: if S is aQTag and aVTag at the same timethen
5: r ← 1
6: else ifS is aVTag then
7: r ← γ
8: else ifS is aQTag then
9: r ← 1 − γ

10: for all valuev ∈ V do
11: if ∃t ∈ S andt appears in the tag list ofv then
12: edge(S, v) ← r · log(max ζv,t∀t ∈ S)
13: else
14: edge(S, v) ← −∞
15: Apply Hungarian algorithm to calculate the maximum matching scoreι onS andV with the edge weight
16: if ι = −∞ then
17: return no matching
18: else
19: return score and matching betweenS andV

In line with the TA algorithm, we need to first do a random access to retrieve all values from the megatable
belonging to the tuple, together with their tag list and associated probabilities. This is at Line 2 of Algorithm 5.
With this set of values and the set of composite tags, we need to efficiently compute the best bijective functionf that
maximizes the instantiationι as defined in Definition 5.

To do so, we construct a bipartite graph with one side representing the composite tags and the other side represent-
ing the values, as shown in Figure 6. The finding of the bijection functionf has now become a problem of find the
best matching in this bipartite graph. Therefore, we adopt the Hungarian algorithm [23] to find such a best matching
efficiently. We now use the following tuple as shown in Figure6 to illustrate the algorithm.

After the random access, the values{2006, 16204, 12198, 18500, prius, toyota} are retrieved
from the megatable. Line 10 to 14 construct the weighted edgefor the bipartite graph, this scalarr scales the edge
weight depending on the composite tags. If the composite tagis only aVTag, by Definition 5, its instantiation must be
adjusted byγ, therefore all edge weight from such composite tags are scaled byγ. Same reasoning goes for composite
tags which is only aQTag, all edge weight are scaled by1−γ. However, if a composite tag is both aQTag andVTag,
its weight will not be affected byγ, the overall instantiation will take the full instantiation from this composite tag.

Once the bipartite graph is built, we use the Hungarian algorithm to find out the matching which maximizesι. We
now give a proof on the correctness of the algorithm.

Property 1 (Optimality). Let ιu =
∑

S∈S
rs·top(LS).p, whererS = 1 for S beingQTag andVTag at the same time,

rS = γ for S beingVTag andrS = 1 − γ for S beingQTag, as defined in Algorithm 3, and letιk be thekth score
defined by Definition 5, ifιu ≤ ιk, then∀t ∈ RS, 6 ∃t′ ∈ RS, such thatι(t′) > ι(t).

Proof. ∀t′ ∈ RS, w(S, v) ≤top(LS).p wherew(S, v) is the weight assigned to composite tagS and valuev.
As w(S, v) is scaled by the same scale factor as top(LS).p in Algorithm 5, the selection instantiationιs(t′) ≤∑

S∈Sv
log ζf(S),S andιp(t

′) ≤
∑

S∈Sq
log ζf(S),S whereSv andSq are the set ofVTags andQTags respectively.

Therefore,ι(t′) = γιs(t
′) + (1 − γ)ιp(t

′) ≤ ιu by its definition, therefore,∀t ∈ RS, ι(t′) ≤ ιu ≤ ιk ≤ ι(t).

This property shows that our method solves Problem 4 correctly.
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5 Experimental Study

To understand our data model and query processing better, weconducted a bunch of experiments to validate our idea.
We implemented our probabilistic tagging on top of MySQL, the interface 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 function and the tag inference based on that, to demonstrate
our distance function and tag inference are sound. The dataset we used is GoogleBase data set. We downloaded 15
vehicle related attributes with about 2 million data values. As GoogleBase provides options on attribute names for
users to upload data, the entire is in fact quite well organized, and is unlikely that there are two attributes carrying the
similar semantics. Therefore we pre-processed GoogleBasedataset as follows. For each of the attribute, we created a
number of different attribute names with the same prefix. Forexample, we created another 9 attribute namesmake a,
make b, . . . make i from the original attribute namemake. These attribute names are used to simulate different
tags from heterogeneous data sources, but with the same semantics. As we noticed that, the number of databases
decreases as the size of database increases, these 10 tags are divided into four groups with different weighting scheme.
Given a positive parameterp, the first group contains 4 attribute names,make, make a, make b andmake c, which
are assigned with weight1p, the second group contains 3 attribute names,make d, make e andmake f, which
are assigned with weight2p, the third group has only two attribute names,make g andmake h, having weight3p,
the last group, with the sole attributemake i, is assigned with weight4p. With different weights assigned to each
attribute name, we can calculate a probability distribution with probabilities proportional to their weights. The next is
to assign every value to a tag according to this probability distribution. The assignment will give associated probability
1, associated probabilities with other tags are to be inferred. For example, ifp = 0, the attributes names are uniformly
randomly assigned, ifp = 1, the probability for each one in the first group is 5%, for eachone in the second group is
10%, 15% for the third group and 20% for the last group. In the experiment, we consider each attribute name as a tag,
and then obtain the tag inference after clustering the values. The clustering ran 3 times with different initializationon
a 2% sample (∼40 thousand data values), while tags generated about 800 dimensions. We expect tags with the same
ancestor to be high.
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Figure 7: Tag distance bitmap: the closer two tags are, the darker the pixel is

Figure 7 visualizes the pairwise distance between tags. Each row and column represents a tag, the distance between
the row tag and the column tag at a given pixel is inversely related to the darkness of the pixel. Note that the tags are
arranged in the same order in both row orientation and columnorientation, and tags with the same ancestor are grouped
together. Therefore, the small squares on the diagonal are dark as the distances between tags with the same ancestor
are small. The outlier is the fourth last attributeprice and the sixth last attributemileage, their off diagonal
intersections still give a moderate greyscale, meaning these tags, although not having the same ancestor, are closer to
one another.

Figure 8 shows how the maximum of the smallest-k all pair distances change as varying parameterp. Firstly, tag
distance is very small whenk is less than 1000. As shown in Figure 7, these small distance come from tags with the
same ancestor. Secondly, the increment of the tag distance is stable regardless of the parameterp, i.e. regardless of
how the distributions are. Therefore, our distance measureis robust.
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Figure 8: Tag distance steady increases regardless of the parameterp

We validated our top-k query with the original tags in Figure 9. All values that wereassigned to other tags must be
inferred back in order to be queried by the original tags. There are two sets of parameters we validated top-k queries
against, one isk, the parameter introduced by the query itself, the other isT , the total number of composite tags
appearing in the TagQL query. The precision of all queries, as shown 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 100 tuples from the original data, therefore, Figure 9(b)
shows a steady increase in the recall, while it reaches 80% to90% whenk is the same as the number of tuples
in the result set. This shows there are some false negatives answered by our TagQL engine, which is caused by
under inference, i.e. tags with the same semantics are not detected similar. This may due to the insufficient value
overlapping. This usually happens on numerical values, asprice is similar tomileage on their values, which
caused false positives. We also plotted how the recall lookslike when there is no inference, i.e.δ = 1; this is shown in
Figure 9(c). When the number of tags reaches 6, the recall is 0,thus comparison for recall whenT = 6 andT = 8 is
not presented here. Figure 9(c) shows how important it is to do tag inference when multiple tags are used for the same
semantics.

The next set of experiments focuses on the CPU time. We have two choices of doing TA algorithm for query
processing. The first method, TA-all, retrieves a list of values no matter it is aQTag or it is aVTag. However, the
second method, TA-V, only retrieves lists forVTags, andQTags will be assigned at the matching step. Both figures in
Figure 10 show that TA-V overtakes TA-all. The reason is thatlists forQTags are comparatively longer than lists for
VTags, as there is no value constraint. On the other hand, less number of lists frees more memory for buffering from
megatable, which is expected to reduce random access. It is interesting that when fixingk = 60, the CPU time for
queries with 4 composite tags is the minimum. The reason is this, when there are more composite tags, more lists are
fed to TA algorithm, if there happens to be a list which is muchshorter 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 in term of I/O access, we used the number of access
that TA has to retrieve tuple from megatable to simulate the number of random access, given page fault keeps constant.
On the other hand, the number of sequential access is simulated by the number of times that TA algorithm poped the
lists. The real number of random access and sequential access are not proportional to the two colors in Figure 11. This
Figure once again showed the TA-V method can save as much as half of the time that TA-all needs.

Next, we are going to do an experiment that helps one integrate his or her own personal database with some other
databases to broaden the result. This experiment used two dataset. One is homogeneous, collected by Cai-Nicolas
Ziegler1 (BX dataset), which consists of five attributesISBN, Book-Title, Book-Author,
Year-Of-Publication , Publisher, and 260 thousand tuples. The other dataset is from Freebase2 (FB
dataset), which is very heterogeneous. There are as many as 25 attributes, most of which are null; there are only 1.4
million values out of 280 thousand rows.

From Figure 12 selected all pairs ofBX tags andFB tags with pairwise distance less than 10. We see that string val-

1http://www.informatik.uni-freiburg.de/ cziegler/BX/
2http://download.freebase.com/datadumps/
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Figure 9: Precision and recall by varyingk

ues with semanticsauthor, title andpublisher are close to one another. The tagYear-of-publication
is however nearer to numerical types, with the minimum distance toPublication Date.

We then selected 10 queries in SQL, first process them on the original BX data, then translated them into TagQL,
and queried in the TagTable database constructed byBX andFB together. AsFB dataset is really heterogeneous, there
are some invalid result returned by TagQL, we thus invited some of colleague to help identify which are the valid
result. The result is shown in Figure 13, the average number of valid answers has increased from about 8 to about
12, which is significant. We believe building TagTable underour probabilistic tagging framework does help people
integrate their own data with community web services to perform query more effectively.
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Figure 10: CPU time by varying k or t
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Figure 11: Number of access by varying k

6 Related Work

Query Relaxation In this recent decade, there are several efforts of driving database technologies from a strict and
well-defined manner to a relaxed and user-oriented manner. The first category of such efforts is to relax the way
of querying. Inspired by theInformation Retrieval (IR)community, a series of approaches that support keyword
search in database have been studied extensively [3, 22, 25,28, 31, 40]. while IR community focuses on processing
unstructured queries, i.e. keyword-based queries, on datawith little structure, e.g. text documents, keyword-based
search in database processes unstructured queries on structured data. With keyword search, users are freed from the
necessity of forming queries in a specific database language, but writing the queries in the same fashion of submitting
a search over Internet. So then database can be utilized evenfor users without expertise.

The limitation of keyword search is that it does not supply a function to the users about what they are looking for,
as it is a value-based approach. In order for users to specifywhat they query about, a way of describing the semantics
of the values, including the keywords and expected query results, must be provided. [10, 20, 29] have illustrated the
usage of tags, and tags has been proven to be an effective way on taxonomy building, and thus to deduce the semantics
of the objects being tagged. Tagging on multimedia objects has been 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 make database itself less constrained by
schemas. As databases evolved over time introduce significant amount of noise, or become heterogeneous by integrat-
ing with other databases,
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BX Tags FB Tags Distance

Book-Author
Book 0.622
Name 0.957
Publisher 3.129

Book-Title
Book 0.169
Name 0.357
Publisher 1.369

Publisher

Book 0.038
Name 0.052
Publisher 0.129
Placeof Publication 6.217

Year-of-publication

PublicationDate 0.390
ISBN 1.635
LCCN 2.702
OCLC Number 3.494

Figure 12: Tag distance betweenBX tags andFB tags
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Figure 13: BX dataset v.s. BX+FB dataset on the average number of valid result returned

schemas are hard to obey at all times. This drives researchers to study on malleable schemas [15, 41] or even database
without specific schemas like Bigtable [7, 8], or wide-table[9, 24]. Conceptually, Bigtable maps a unique tuple ID and
a unique column ID to a data value. Each row of data only relates a small fraction of the total number of columns,
which is in the magnitude of hundreds or thousands. Bigtableis totally schema free, user can just insert his own data
into appropriate column without worrying about the schema of the database. User may even create a new column if
there is no existing column that suits the data to be entered.Another column-wise storage, wide-table, stores column
names and values in pairs. However, under both data model, one value is assigned to a unique column, which make it
impossible to process a column whose name does not match withthe query.

Our work demonstrates a way of relaxing databases and queries at the same time. Firstly, we completely free the
data from schema like what wide-table does. Besides that, weassociate 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 uncertaintyis involved. Instead of that a
tuple is either an answer to a given query or not in RDBMS, eachtuple in probabilistic databases is associated with
a probability to match the query. Studies on probabilistic databases have been ongoing for many years. [14, 32, 33,
13]. Both our work and current researches on probabilistic databases are focusing on finding an effective method
for probabilistic data management and query processing. However, there are three essential differences, namely,
uncertainty types, data modeling and query processing. More researches on probabilistic databases has been done to
deal with the uncertainty about row existing[19, 36], valueexisting or both of them [39, 21].

In our work, both rows and values exist, but the uncertainty comes from the flexibility of assigning values to differ-
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ent columns.Possible worldis a popular model used for probabilistic database to resolve semantic ambiguity[36, 26].
But possible world semantic does not fit to our framework, as we do not consider tags being mutual exclusive, there
are correlations between tags, which also allow us to adopt statistical inference to explore a more generic relation-
ship between values and tags. Secondly, query ranking criteria are different from ours. Current query processing in
probabilistic databases try to find an appropriate aggregation that accounts for both scores and existence probabilities
of tuples[19, 27, 26, 35] However, these two measures are notconsistent with each other. In our work, we make it a
trade-off between scores and existence probabilities so that users can customize it on their own preference.

Information Integration The majority of researches in data integration or information integration maps heteroge-
neous schema to one centralized mediated schema. But it is not easy to figure out a mediated schema that every
other schema can be squeezed through without losing any information. Prior work which is close to our concept is on
probabilistic mediate schema and probabilistic schema mapping proposed by X. L. Dong and A. Y. Halevy [16, 34].
A mediated schema based on the source attribute clustering is constructed, and the probabilistic schema mapping is
produced at the same time. To assign the probability of the possible mediated schema, it is assumed that the attributes
in source data are mutually exclusive with each other. In addition, only the more frequent attributes are considered,
the less frequent ones are just omitted. Under our probabilistic tagging framework, all attributes or tags can coexist in
our system, and values associated with such tags can be inferred from other tags.
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7 Conclusions

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

In order to grant more privilege to database users who do not know much about the underlying schema while main-
taining the database quality, we propose probabilistic tagging, which associates data values to tags with probabilities.
Under this framework, we have introduced our data storage, TagTable, our query language, TagQL, the method of
doing tag inference for all values based on clustering, and the fast and effective online matching for query processing.
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