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ABSTRACT

In this demonstration, we will presenElaRNPADS, a fully auto-
matic system for generating ad hoc data processing toolsenWh
presented with a collection of ad hoc data, the system (1) ana
lyzes the data, (2) infers eaDS [4, 5] description, (3) generates
parser, printer, validation and traversal libraries anditks these
libraries with format-independent tool suites to form staone
applications. These applications provide statisticalyeis XML
conversion, CSV conversion, the ability to query with thda®a
XQuery engine [3], and the ability to graph selected datmelds,
all directly from ASCII ad hoc data without human intervemti
SIGMOD attendees will see both the user experience WithRN-
PADS and the internals of the multi-phase inference algorit
which lies at the heart of the system.

Categories and Subject Descriptors
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1. INTRODUCTION

An ad hoc data source is any semistructured data source for
which useful data analysis and transformation tools areuiely
available. XML, HTML and CSV arewot ad hoc data sources as
there are numerous programming libraries, query langyagas-
uals and other resources dedicated to helping analystgmate
data in these formats. Despite the existence of these sthfafa
mats, ad hoc data arises often in many fields ranging from aemp
tational biology to finance to networking.

The goal of therADS project [8] is to improve the productivity
of data analysts who must regularly cope with new and evglvin
ad hoc data sources. Our core technology is a domain-spkeific
guage in which programmers can specify the structure anebteg
properties of ad hoc data sources, whether they be ASChyyin
Cobol or a mixture of formats [4, 5]. These specificationsiclvh
resemble extended type declarations from conventionajrpno-
ming languages, are compiled into a suite of programmirrgilies,
such as parsers and printers, and end-to-end data pragé¢ssla
including a query engine and several format translators,[2].

Unfortunately, it often takes substantial time and expertio
write a PADS description for a new ad hoc data source — days or
even weeks for complex sources. To address this problem, we
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have developed a multi-phase algorithm that automaticafsrs
the structure of ASCII data sources and produeess descrip-
tions. From these descriptionsEARNPADS generates libraries
and the set of tools supported by theDs system. Analysts can
simply use these tools or write their own programs to protiess
data using the generated parser and printer. The techmitzlsdof
the inference system appear in our recent paper [6]. The wgbé p
http://ww. padsproj . org/ | earni ng-deno. ht nl has
a live demo, which would constitute a portion of our demaatstn
Space precludes a discussion of related work here; howaver,
recent paper [6] contains an overview of related work inrimfa-
tion extraction, regular expression inference, and schinchaction.

2. USER EXPERIENCE

Individual network administrators, systems researcheddarge
corporations like AT&T must constantly monitor the perfemee,
reliability and security of their systems. In the procebgytoften
have to ingest new kinds of data as new kinds of machines with
new log file formats come online. This ingestion processiregu
understanding the physical layout of the data source argkepties
of the data such as value ranges and correlations. In thier pap
use a tiny web server log filai . 3000 as a simple example of
the kinds of data sources such analysts must develop taol$\fo
sample record has the form:

www. proxy. aol .com- - [16/ Qct/1997:08: 20: 45 -0700]
"GET /tk/pan.gif HTTP/1.0" 200 15944

To process this data with our system, the user would enter

kzhu@wyhost > | earn dat a/ ai . 3000

This command analyzes the web server data and generates a col
lection of useful artifacts including each of the following

e A completePADS description that analysts can examine for
syntactic information about their data source. This descri
tion can be edited, if desired, and used to regenerate any of
the tools listed below or to generate a collection of C lan-
guage libraries for parsing, printingc.

An accumulator tool that produces a statistical report about
the data source. This tool may be run on any data sharing the
format of the original data. It catalogs the number of errors
and the distribution of values in all fields of the data. Fegur

1 shows the result of applying this programatio. 3000.

A formatting program that converts the ad hoc data into a
tabular form with user-defined delimiters such as commas or
vertical bars for loading the data into a relational databas
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<top> : struct Struct_149
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good val s: 3000 bad val s: 0 pcnt - bad: 0. 000

[ Descri bing each field of <top>]
. OW TTED . ..
o e o
<top>.var_70 : enum Enum 70
o e o

good val s: 3000 bad val s: 0 pcnt - bad: 0. 000
Characterizing enum Enum 70 val ues: mn POST ( 0) max CET ( 1)
=> distribution of top 2 values out of 2 distinct val ues:
val : GET ( 1) count: 2999 pcnt-of -good-val s: 99. 967
val : PGST ( 0) count: 1 pcnt-of-good-vals: 0. 033
SUWM NG count: 3000 pcnt-of-good-vals: 100.000

Figure 1: A Fragment of the Accumulator Report

e An XML trandator to convert raw data in the original format
into a canonical XiL representation.

e A graphing tool that allows analysts to extract and plot feld
of the raw data using GNUPIot. Figure 2 presents a graph of
web transaction volume during some time periods in a day,
computed from thai . 3000 data.

In the demo, we will run the format inferencing engine on aetgr

of data formats. We will show the resulting PADS descripgiand

the output of these generated programs when run on datasimil
the training data.
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Figure 2: A graph generated from ai.3000

3. HOW IT WORKS

After showing the experience of using our tool, we will demon
strate how it works by walking through the steps of the atpaoni
on the following simple data file:

0123, 14:

1721, Harry:
1574, Herm one:
. 9378, 56:

112, Hogwarts:
: 112, Ron:

Figure 3 gives an overview of the architecture of the systEne.
input data, or “training set,” is first partitioned into chkap each
chunk is a piece of recurrent data such as a line, a paragoaph,
a file (if the input consists of multiple files). The user sfiesi
this unit of repetition when invoking the tool. Each chunktien
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Figure 3: Architecture of LearnPADS

divided into a series of tokens. Each token can be a punotuati
symbol, a number, a date, a time, or a number of other basistyp
Our learning system has a tokenization scheme skewed t@yard
tems data, but users may specify a different scheme for their
domain through a configuration file. For example, computatio
biologists may want to specify new base types for DNA striogs
gene names. When applied to our sample file, this phase meduc
the following output, in which each line is a chunk and each se
guence within brackets is a token:

[ Wi t e]
[ Wi t e]
[ Wi t e]
[ Wi t e]
[ Wi t e]
[ Wi t e]

[Int] [
[String] [
[String] [:
[Int] [:
[String] [
[String] [

——————
[ P p—

[Int]
[Int]
[Int]
[Int]
[Int]
[Int]

I nt

In the structure discovery phase, we use a top-down, diaidk-
conquer scheme inspired in part by the work of Arasu and Garci
Molina on information extraction from web pages [1]. Thissme
calculates frequency distributions for tokens within dkaurit uses
this information to decide the top-level structure for thigks,
either aPst ruct, aParray, or aPuni on, corresponding to
a tuple, a variable-length sequence, or an alternationerdia.
The system then partitions the data accordingly and theitigo
recursively analyzes subchunks.

For example, when applied to our sample data file, the finst ite
ation of this process determines that the tokens [Whitglafid [,]
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Figure 4: Histograms calculuated from sample data file (fromleft to right): (a) first iteration, (b) second iteration (context 1) and (c)
second iteration (context 2)

have similar frequency distributions (histograms with #0€over- Pstruct(ld = BTy_20 6, raw. 287.759b)

age in one single spike) as shown in Figure 4(a). Hence wepgrou [ StringConst] ":" (Id = BTy_1 6, raw 11.044b);

these tokens into a cluster and identify them @&sar uct . The [Pint] (Id =BTy 3 6, raw 65.839b);
[StringConst] ", " (Id = BTy_6 6, raw. 17.044b);

system then partitions the initial chunks into: Punion(ld = BTy 13 6, raw 175.421b)

[Pint] (1d = BTy_15 2, raw. 19.332b);
[String] (Id = BTy_10 4, raw. 149.044b);

. . End Puni on;
where[:],[,] [Wite] and[:] delimitthe subchunks. [StringConst] ":" (Id = BTy_18 6, raw 11.044b);
In the second iteration, we compute histograms of the tokens end Pstruct

in context 1 and context 2, shown in Figure 4(b) and Figurg 4(c

[:] <context 1> [,] [Wite] <context 2> [:]

respectively. We can infer context 1 is a simple integer asdken Finally, a pretty printer translates the final IR into a leBADS

[Int] has 100% coverage. In context 2, the histograms fatiri§} specification, which the PADS compiler uses to generate t& sui

and [Int] do not show strong struct characteristics, so tgerdhm of useful tools (Only the XML converter and the accumulat@ a

introduces @&uni on. included in Fig. 3). The PADS description inferred for oumgde
We represent the structure inferred by this recursive @®irean data source follows:

intermediate representation (IR) that has expressive psinelar
to the PADS language [5]. We annotate each node in this repre- Punion Union_ 13 {
sentation with metadata comprising a unique id, the coeedy EPQE ??n\éacggsylo'

the node, and an information-theoretic score labelled "réhat . -
characterizes how well that part of the description charas the Precord Pstruct Struct 20 {
data. The IR computed for our example file follows. T
Pi nt 64 var_3;
Pstruct(ld = BTy_20 6, raw. 432.183b) Y

[Gher](:) (Id = BTy_1 6, raw. 50.372b); Uni on_13 var _13;
Pstruct(ld = BTy_5 6, raw. 70.883b) B

[Pint] (Id = BTy_3 6, raw. 65.839b); };

End Pstruct; Psource Parray entries_t {
[CGher](,) (Id = BTy_6 6, raw. 50.372b); Struct_20[];
[White] (Id = BTy_8 6, raw. 17.044b); };

Punion(ld = BTy_13 6, raw 185.510b)

Pstruct(ld = BTy_12 4, raw. 154.089b)

[String] (Id = BTy_10 4, raw. 149.044b); 4. REFERENCES
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