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ABSTRACT

In many practical scenarios, nonexpert users need to aitesith
relational databases without being familiar with SQL, thevplent
query language for such databases. In this work we investi@ga
novel approach to solving the problem of translating nétiana:
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crowdsourcing, in translating natural language statesiatd SQL
queries. We envision a system where nonexpert users cagetiele
to a large worldwide on-demand freelance workforce the tfsk
formulating SQL queries, given natural language desanigstiof
the characteristics of the desired results. We describBrthsteps

guage questions into SQL queries. We propose the use of erowd we took towards implementing the natural language interfand

sourcing as the backbone of our solution: leveraging laogencu-
nities of workers remunerated by micropayments for drgfand
refining translations. In addition to describing some atitdeas
towards this end, we introduce a measure that quantifiesudiéyg
of produced translations, and present an experimental@ah of
our work using this measure.

1. INTRODUCTION

In many real life scenarios, users need to interact with leta
systems without being familiar with the query languagesleygal
by these systems. As an example, natural scientists wittank-b
ground in computer science need to extract information freny
large datasets stored in relational databases. The lgacuirve
they need to overcome before becoming familiar with SQL, the
prevalent query language for relational databases, caniteesteep.
Moreover, instead of directing their efforts towards theu® of
their research, these users need to spend a considerahlatanfio
time and effort before reaching a SQL query formulation firat
duces the desired results when run over the available datauld
thus be very desirable to provide to nonexpert users ofioelalt
database systems a capability that allows them to retrideenna-
tion stored in the database via questions in natural largguastead
of specialized technical languages such as SQL.

Previous work focused on automatic translation of nataragjlage
statements into SQL queries by leveraging techniques oleed|

in the natural language processing community. Howevegesin
semantic processing of natural language constructs isioosy
difficult, these techniques have lead to not very successiod
main specific implementations of natural language intedao re-
lational databases. In this report we present a new apprimach
providing such a natural language interface. More pregiseé
propose the use of a specific kind of cloud computing, namely

evaluate the effectiveness of our initial techniques.

In a traditional cloud computing setting, a client that reexcarry
out a computation task uploads the task to a service prowitleh
is responsible to distribute the task to a (large) numbeioafu-
tation nodes and returning the results to the client. A fomelatal
observation that lead to the emergence of crowdsourcingiygsea
of cloud computing is that certain tasks are very difficutt dom-
puters, but relatively easy to carry out by human users. Tomp
nent examples of such tasks are image categorization andahat
language processing. In a crowdsourcing scenario, the a@mp
tion nodes are replaced by human workers executing such tiaak
require human intelligence in order to be carried out effiety.

The most widely used platform for crowdsourcing, espegiall

the realm of simple to medium complexity tasks, is the Amazon
Mechanical Turk [3]. Using this infrastructure, requestean post
task descriptions, while workers can browse through thaskst
They can choose some tasks to work on, and submit their sesult
back to the requesters. The requesters can, based on tlitg qtial
the work, either accept the results and thus trigger the payiior

the workers, or reject them and block payment.

In this work, we took some initial steps towards using the Mec
ical Turk as an intermediary between nonexpert users posihg
ral language questions and relational databases. Amongahg
possible approaches to this problem, we focused first onhemrat
straightforward technique. In a first step, ask the workergite
their version of an SQL query corresponding to a naturaluage
statement. As a second step, among the answers, choosethesqu
that appear to match the closest the semantics of the giteraha
language statement through a voting round where workenessp
their preferences by voting among multiple query formolasi. Fi-
nally, aggregate the results corresponding to the quegizsiving
most votes, and return the aggregated results to the endTlser
is a very simple workflow and there is ample room for alternate
more sophisticated techniques. Some of our ideas regaditiec
tions we would like to pursue are presented in Section 6.

The outline for the rest of this report is as follows. In Sewt8, we
give an overview of the Amazon Mechanical Turk [3] service. |
Section 4, we describe in more detail our techniques fostadimg



natural language questions into SQL queries via the Mechhni
Turk. In Section 5, we introduce a quality metric for the festia
translation process, and use this metric to experimentatijyuate
our approach. Moreover, we present some interesting citsens
that emerged while conducting the experiments. In Sectiare6
present some possible directions for future work, whileti®ac7
concludes our report.

2. RELATED WORK

Amazon’s Mechanical Turk is a popular platform for outsduogc
tasks that are generally difficult for computers to do [3]. e3@
tasks often fall into one of two categories. Tasks that algesd
tive and require a human opinion, and tasks which compuratio
methods can’t currently achieve. An example of the latteuld/be

a worker tasked on Mechanical Turk with describing an image a
giving a "tag” for that image. We discuss the utility and rteof
Mechanical Turk further in the next section.

Psychologists, HCI experts and economists have investigatd
analyzed the effects of incentive-based web applicatioich ss
Amazon’s in [10], [7] and [9]. These studies discuss that rmezo
lation does not necessarily exist between a financial ineeand
quality of work. In fact, they show that this is not the caseldt
This counter-intuitive result can possibly be attributedvorkers
in Mechanical Turk not taking their tasks seriously or notihg a
real need for financial gain [9].

Our problem space of converting natural language to SQLiegier
is not a new endeavor. Examples of such research can be found i
[7,8]. To date, however, no method we're aware of has hadgtro
results in converting natural language to SQL queries. d&iaft
attempted to have a natural language converter for its SQiege
product, but the project was later abandoned [2]. Researalso
being done in a similar context under the banner of Gener&to-
gramming, made popular by Czarnecki and Eisenecker in [ayT
describe many methods and generative techniques; of glartio-
terest is the use of transformations that occur between walat
language set of software requirements and the resultincuédale
code to be generated.

A few organizations have taken the approach of moderatelyifrg

a user in order to create valid SQL. Microsoft's Access idtrced
the notion of having a GUI available to aid an end-user (with a
bit of knowledge and training) on how to execute queries @ver
dataset based on their high-level requirements. Micrasaftcess
software has a relatively similar interface to its Excebwsafe, but
allows a user to construct a query by "design” or "wizarde' ditter
being a step-by-step walkthrough of the user’s requiresnamd the
dataset with which they intend to derive their results [1ini&rly,
OpenOffice’s Base software also allows for SQL code germrati
via a graphical user interface and is made freely availatjle |

Where Access and Base take the approach of educating theouser
be able to execute SQL queries, domain specific languagdss)DS
rely on intimate user knowledge within a specific area ofrigge

A decent example of a DSL might be Mathematica, a utility that
often used to interpret mathematical expressions and camptl
sults in the form of charts, graphs and datasets. The magfibeh

a domain specific language is that, once created, the DSlLeca@ s
the purposes of an end-user (who has little or no coding knowl
edge) and eliminate the need to interface with a softwaraerg

in order to get a result or product.

Many techniques exist in trying to bridge the gap betweemn-nat
ral language and executable SQL (or code). These technajues
ten take one of the three formats described above: eductting
end-user about a domain (as with Microsoft Access), taitpthe
software to meet a vertical need (as with Mathematica) orra pu
means of converting natural language to SQL (where resdeeh
not produced significant results to date).

Utilities are also starting to appear which enable userake ad-
vantage of Mechanical Turk’s APl in a streamlined fashionrKit
[8] is one example of a software utility that enables useddce a
persistent state for tasks that are iterative by natureKitaflows
users to input a javascript-based HTML form and for the danat
of that particular task’s execution, only one HIT ID (i.eskdD) is
created, as opposed to one HIT ID being generated for evangr it
tive task. As discussed in the implementation section, wiglresl
the pros and cons of using this utility for our unique needsiige
deciding to build our own infrastructure.

3. THE AMAZON MECHANICAL TURK

Amazon’s Mechanical Turk [3] is a product that builds on tlee n
tion of Human Intelligence Tasks, or HITS. At a high level, i3l

can be any sort of task that a user can complete via a web hrowse
HITS are used for tasks that generally are hard for computers
solve on their own with modern day algorithms. Amazon’s ioiady
usage of Mechanical Turk was for removing duplicate protiatt

ings on its website. A few months before Amazon released many
of its cloud-computing services such as the Elastic Compldad,
SimpleDB, and Simple Storage Service, they released Médlan
Turk for public usage.

Whereas Amazon'’s other offerings allow users to create nrany
stances of databases and servers, Mechanical Turk all@asier
zations to quickly leverage a large set of users through dsowrc-
ing. The individuals participating in crowdsourcing aréreed to

as workers on Mechanical Turk who have the capability of com-
pleting tasks made available by requesters, which are tiena-
tions/persons who create the tasks.

Workers are offered (in general) a small financial rewardifiing

a given task. The listings on Mechanical Turk indicate theg or

two cents is a normal wage for many tasks. We refer the reader
to [10] for more information on wage/income related issuéh w
Mechanical Turk. For an interesting article on worker gepic

and demographic information, please see [6].

Users can create tasks on Mechanical Turk in two ways: a gnoegr
matic API, and a task designer. The task designer includesia b
WYSIWYG editor that produces an HTML form. When a worker
completes a task, the entire contents of the completed HTdvin f
are stored by Mechanical Turk and are able to be downloadeéd an
stored as a CSV file.

Mechanical Turk’s API allows programmers to interface with-
chanical Turk through a variety of different programmingdaages
and virtually any piece of information, short of persondbima-
tion about workers, is accessible to programmers. Code Ilsamp
for many major programming and scripting languages such#as C
Java, PHP and JavaScript are available, as well as forurharha
often contributed to by the development teams at Amazon.nd-sa
box allows the programmers to test their applications inNtee
chanical Turk environment as either a worker or a requesté.
found the sandbox to be extremely valuable in generatingasis
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Figure 1: Mechanical Turk’s user interface is a means for wokers to complete tasks provided by requesters from all overtte world.

for testing purposes. written. We preserve the state of each of our workflows in ftlex
format which is regularly updated/modified based on the @sg
Both the API and task designer can be used to produce HTML of our task (i.e. how many workers have completed the taskyat a
forms which are then stored and processed by Amazon andsacces given point in the tasks lifetime). Once we received ansviers
ble via the API. Whenever a worker completes a task, a timgsta  each of our tasks (generally 2, 3, 5 or 8 workers were asked to
of the worker’'s completion is stored, along with a unique fdhat complete each task) or our time limit expired, we have cotegle
worker, the reward, and any answers/choices made by th&ewor  our first checkpoint. In summary, this first checkpoint metad
If a requester finds their task’s results to be inadequatpiasters we've sent out a batch of tasks, assigned various rewardsiwanel
have the option of denying particular workers payment fdopsu bers of workers assigned to each task, and stored each tasils
jobs. Figure 3 shows the main GUI that workers/requestegs se setin a text file.
when logging into Mechanical Turk.

——

4. TRANSLATION FROM NATURAL LAN- EatabaieNL
schema
GUAGE TO SQL | [ ——
The system we built on top of Mechanical Turk is a Java/PHRdas
application coined SQLTurk. The high level specificationhae at |
the onset of this project was that we had to: 1) have an easgsnea

of creating a large number of tasks, 2) be able to store/eptiat

. S ; uery writin
state of our tasks while the application is in execution mauohel Query s

3) be able to verify and analyze our results upon completfmuo - tasks
tasks. These three ideas encapsulate many points of intéthi %’
our implementation of converting natural language to SQL. L N L N
E : : : Return .

very task we sent to Mechanical Turk required a few pieces of . Query voting
information. We supply a database schema and a naturaldgegu elfelreeion o tasks
query over the schema for each of our tasks. Each natural lan- results
guage query has a resulting "truth” query associated wiffat our | ‘ )
test datasets, we supplied example natural language ahd3QL
queries. When workers write queries for one of our tasks; &ne Return
also offered a validation button, which tests the syntaeiadity Return top aggregation of
of the SQL they have created in a roundtrip call to our datbHs result top k results
a worker does not give a syntactically valid SQL statemenbute
put an error message specifying what portion of the synteswth
an error message. This means of real-time validation eashes Figure 2: Our translation workflow displays the steps involved
workers get paid for submitting correct queries and helpsdwent in generating SQL from a natural language statement. The
syntactically incorrect SQL from entering our system. query writing and query voting tasks are performed by work-

ers on Amazon’s Mechanical Turk.

We abstractly defined a workflow for every task we created in Me
chanical Turk in order to maintain and update the state ofamk. At our next step, we have the choice of either taking an aggiay
Workflows store elements such as the number of workers to com- of all of our results (i.e. returning the intersection of gvealid
plete the same task, the reward given to each completioraskaa SQL query and analyzing the results), or creating a simplago
database schema with a corresponding natural languagg, ther workflow which allows workers on Mechanical Turk to vote for
resulting answers provided by every worker as well as thenker the best answer when supplied with a schema, natural larguag
ID’s and completion times. In this case, our answers pralioe query and the set of all answers to a given query writing wowvkfl

workers consists of the actual SQL statements the workers ha Our voting workflow is quite similar to the original workflom i



that we send out a task to be completed by a number of workers, schemas. From this notion of similarity, we then derive thream

but in addition to the natural language statement and schema
supply the list of valid SQL queries from the first checkpaand
the worker picks what they consider the best answer.

Once our tasks are completed or the lifetime of our votingkwor
flow has expired, we again reach a checkpoint. At this point we
post-process the results submitted by the workers. We deresi
two alternative ways of doing this. We can take the query with
the highest number of votes (or arbitrarily pick the highesthe
event of a tie), or take the intersection of the results pceduby

a predefined number of top queries. A summary of our traosiati
processes are shown in Figure 4.

To illustrate the intersection of two SQL queries, we offdreef
example. The schema of the intersection result consisté asra-
mon attributes selected in each of those queries. For icstan
query of "select * from Employee” might return five distindt a
tributes (first name, last name, ID number, etc.). A secorhqof
"select firstName from Employee” would return just one httté
and it's corresponding values. The intersection betweegselwo
queries means that we take only the one attribute of "first®am
when performing an analysis on our results. To understarettven

or not the attribute "firstName" is the same between two &gble
we make use of equivalence classes which tell us this informa
tion. Equivalence classes maintain information pertajnawhich
columns are semantically equivalent for a given set of iaiat
tables. Equivalence classes are derived by analyzinggiodey
constraints within a table or set of tables. It is quite passto
have a foreign key constraint within the same table, suchithsav
"managerID” attribute and "employeelD” attribute thatlbabrre-
spond to the same type of data within the same table.

We make use of foreign key constraints for finding attributes
different tables that are semantically equivalent (fornegke an

employee name in the Employee table might be equivalent to an

employee name in an Invoice table).

5. EXPERIMENTAL EVALUATION

We will first introduce the performance metric we used to quan
tify the effectiveness of our techniques. Then, we will presour
experimental settings consisting of a diverse query waidkland
two relational datasets. Finally, we will present the resof the
experimental evaluation of our techniques in these setting

5.1 Performance Metric

For a given query translation task, we would like to compheere-
sults returned by our techniques to the results (which weiltalled
reference results) produced by executing the "correct” SQL formu-
lation for a specific natural language statement. Our ifdans to
use a precision/recall style metric that would give us aicatibn
of how much of the returned result is actually valuable, ab ase
how well the returned result covers the reference resultvéver,
traditional precision and recall measures applied at tigviel have
a level of granularity that is too coarse for our needs. Thesa
of the returned result may be different than the schema aketiee-
ence result. Moreover, the returned result may contain soige
partially correct tuples, which would be discarded by tiiadal tu-
ple level measures. We would like to take these aspectsdiotouat
in our measure.

To alleviate the aforementioned problem, we introduce a §ireined
notion of similarity between two relations over possiblffefient

sures of precision and recall that will be used in our expenital
evaluation. We start by defining a measure of similarity leet
two tuplest andt’ as follows:

[{A|3A" t.A=t".A"and A, A’ compatible}|
It]

Intuitively, the above measure captures how many of theegain

t can be recovered from the valuestbfon compatible attributes.
By compatible, we mean either the same attribute, or distic
tributes belonging to the same equivalence class, as inteatlin
the previous section. In our current implementation, tvgtidct at-
tributes belong to the same equivalence class if theresexishain
of key/foreign key constraints connecting them. This vatueor-
malized by the arity of. As a next step, we use the similarity
between a tuple and an instancé’, as the maximum value of the
similarity betweert and any of the tuples if/';

Sim(¢,t') =

Sim(t, I") = max Sim(¢, ")
tel’

Finally, the measure of similarity between two instanEgkE is the
sum of similarities between each tuplefimand the second instance
I, normalized by the number of tuples in the first instance:

1 . )
i > " Sim(t, I')

tel

Sim(I,1') =

Given an instancd returned by our techniques, and a reference
instancel’ that is the result of running the correct SQL query, we
define the precisio® and recallR measures as follows:

P=Sim(I,I') R=Sim(I,I)

Having introduced our performance metric, we are now ready t
present some results concerning the effectiveness ofanslation
techniques.

5.2 Experimental Results

Setting We considered two datasets: a database containing geo-
graphical and demographical information that is used asrpka
scenario for the MySQL database server, as well as a car model
online store database, which is used for demonstrationogesin

the Eclipse BIRT project. Our query workload consisted ofia m

of 10 queries, ranging from very simple selections basedritim-a
metic comparisons on single relations, to queries comyi8iway
joins, selections, grouping and aggregation.

Findings We considered the resulting queries and several points in
our translation workflow and computed the quality of thesulés
in terms of the precision and recall measures defined above.

The first kind of result we considered was the aggregationllof a
the queries produced in the query writing phase by the werkiss
described in Section 4, we computed the intersection ofdkelts
produced by all the submitted queries. However, since tladitgu
of these queries varied significantly from one worker to hant
the result of the intersection was of very low quality. In tncesses,
since there was at least one query for which the results hgdite
tle overlap with the other queries, the result of the intetise had
good precision, but extremely low recall. Given this obaéon,
we discarded the intersection immediately after the queiting
phase as a viable option.

The second kind of result we considered was the result ofdtiegy
phase: we picked the query with the highest number of votds an
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Figure 3: The influence of different translation parameterson the quality of the output result: precision (dark grey) and recall (light

grey) in percentage points.

returned its result to the user. We considered differentagfor the
number of query writers, their reward, as well as for the nemb
of voter workers and their reward. A summary of our results is
presented in Figure 5.

The first global observation that we can make is that the dvera
quality of the results is rather good: both precision analieare

in most cases in the 60% - 70% range. This is encouraging for ou
future work, since these results reflect our initial effdrésed on
some rather simple ideas. We expect to be able to improvesse th
numbers with more thought into refining our techniques.

The influence of the reward given to each query writer on tre-qu
ity of the end result is given in Figure 5(a). We observe that t
quality of the results does not increase with the amount efréh
ward. This is counterintuitive, but it is in line with otheuslies [9]

on crowdsourcing, which show that for creative tasks (sscB@L
query writing in our case), the quality of submitted workped a
lower threshold, in many cases does not improve when therdewa
is increased. Moreover, a second justification of this fathat we
required a rather specialized skill: SQL query writing. Tlopula-
tion of workers on Mechanical Turk having this skill is ratHien-
ited. Although proposed over nonoverlapping time intesyalur
task sets corresponding to different reward levels had sivagap

in the groups of workers who solved them. Since the profigienc
of workers in SQL was quite unlikely to increase from one det o
tasks to another, it is understandable why there were ndfis@m
changes in the quality of results from one reward level tatzamo
Another observation, backed by Figure 5(b), is that indrepthe
number of query writers improves the quality of the resulikis

is intuitive, and stems from the fact that there is a highemcle

of having at least one high quality query among a larger nurabe
candidate queries.

The last two graphs in Figure 5 depict the influence of the rdwa
per voter, and the number of voters, respectively, on thétyud

the results. We find that both increasing the reward for eatéry
and the number of voters employed in each task, leads torbette
results. Both of these results are intuitive. Regardingréveard
per voter, this is in line with other studies [9, 10] on croedscing
who found that for most relatively simple tasks and wherativity
does not play a major role, quality of work is directly coateld

to the reward. Increasing the number of workers has a pesitiv
influence on the quality of results. First, more votes carelothie
effect of "outlier" or random votes. Moreover, consideratarger
number of "honest" votes has a higher chance of making thitres
of the vote converge towards the good quality candidateiegier

We also considered the possibility of aggregating the tesiithe
top 2 or 3 queries following the voting phase. For our experital
settings and for the batch of experiments we ran, more often t
not it was the case that the top query was significantly bétter
quality than the query ranked second. This meant that takiag
intersection of their results produced an aggregated tre$ubw
quality. However, more experiments are needed to clarifgtiver
this is a consistent phenomenon. Our choice of aggregafierae
tor (intersection) played an important role here as well.pléa to
consider alternative aggregation operators in our futurekw

Further observations. We noticed there were some minimal levels
of reward for gaining the interest of workers on MechaniaalKiin
solving our tasks. For query writing, this reward was $0\bile
for voting it was $0.02.

We found that the best time to submit tasks to the Mechaniged, T

in terms of minimizing the waiting time for results, was betamn
6PM PDT and 3AM PDT. This corresponds to post-business hours
in the US, and to daytime in East Asia. This result is in synihwi



our observations regarding the demographics of the warkérish
showed that the majority of the people who solved our tasig or
inated in South India. In terms of delay until the completafn
all of the tasks we submitted in one batch (correspondingn® o
level of reward), we noted that the number of incoming respsn
peaked within the first 12 hours (for query writing) and 6 reofior
voting). The vast majority of the responses for each batctewe
collected within approximately 24 hours (for query writjrapd 12
hours (for voting).

6. FUTURE WORK

Our experimental results motivate us to pursue other destin
using the Mechanical Turk for natural language to SQL tratitsh.

Among the variations on our current voting technique, weczan
sider a setting where different workers vote on differefitsais of
the candidate queries, followed by vote aggregation. Weatsm
consider using a filtering phase for voting workers: do naival
workers to vote unless they first pass a qualification testhinv
ing some basic SQL skills. We do not currently allow workers t
modify candidate queries they analyze in the voting phasee O
variation would be to allow workers to make changes to predos
queries.

The choice we made for the aggregation operator (intes®cti
proved to be not very useful since it allowed one query outfe
poor quality in a group of queries to drastically worsen toalg
ity of the final result. We plan to investigate alternativpagaches
to aggregate results of different candidate queries that baen
deemed of having good quality, potentially after a votinggs

Another change to our voting scheme would be to show workers
not alternative query formulations, but alternative resglven by

the candidate queries on the same synthetic input exampfe. A
important challenge here would be the choice of the inputngte

that will be able to "distinguish" among the candidate ceeeri

Aradically different approach to the entire translatioogass would
be to use not the SQL writing skills of the workers, but onlgith
natural language knowledge comprehension skills. Thislaviet
quire doing, in an initial phase, some primitive naturalgaage
processing on the input statement. Then, workers would e pr
sented with simple questions about the natural languagenséat.
These questions, which would be problematic to an automatic
ural language processor, would provide answers that caulgsbd
by our system to infer properties of the desired SQL queryis Th
method poses significant challenges, but has the poterfit@n
siderably reducing the cost and time needed for the traoslpto-
cess, since the Mechanical Turk tasks would be much simgtelr,
thus cheaper.

7. CONCLUSIONS

Our experiments have shown that it is quite possible to usa-Am
zon's Mechanical Turk as a means for producing SQL from a nat-
ural language statement. Seeing precision and recalleaétrihe
60-70% range in most of experiments indicates that our aomoaf
closing the gap between natural language and SQL is witlaispgr
We believe that with further refinement we will be able to i
these metrics even further, as our current methods take eveoan
basic approach in generating a solution.

We found that some of our approaches were more worthwhilte tha
others. Taking an intersection of the top few queries ofesuited

in an empty result set, which proved problematic. Similawhg
would like to get a more statistically significant set of resgents

to our tasks to be able to understand some of the trends wensaw i
our experiments section. That being said, we were able tqusse

ity results that, with some refinement, may prove to be exthgm
useful to individuals who have no domain knowledge of SQL.
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