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Letter from the Editor-in-Chief

Election Results

The Technical Committee on Data Engineering (TCDE) is the sponsoring technical committee within the |EEE
Computer Society both for the Data Engineering Bulletin that you are currently reading and for the International
Conference on Data Engineering (ICDE). The members of the TCDE elect a chair who then appoints an execu-
tive committee. Paul Larson of Microsoft, who was put forward by the nominating committee, has been elected
asthe new chair in ajust completed election. Erich Neuhold of Fraunhofer isthe retiring chair of the TCDE.
The Data Engineering Conference (ICDE) is the flagship conference of the TC on Data Engineering. Erich
Neuhold is aso the retiring chair of the ICDE Steering Committee, the committee that organizes and oversees
ICDE. During Erich’s tenure, ICDE has become one of the most highly selective, top rated conferences in the
database area. His replacement, elected this fall by steering committee members, is Calton Pu of Georgia Tech.

The Current Issue

"Web-scale” really does mean something new. | can personally attest to this, having been involved in adesign
effort for aweb-scale system. Web-scale platforms give a new meaning to system size— think hundreds or thou-
sands of processors, hundreds or thousands of disks, ultra-high availability, rock bottom hardware, software and
operations costs... These characteristics force are-thinking of amost everything about database and associated
systems. For example, low cost suggests using cheap disks. High availability perhaps suggests the opposite.
To achieve both simultaneously suggests resorting to pervasive replication using the cheap disks. Driving down
costs implies automating operations since people are increasingly the high cost component. Even power costs
become important, something we have rarely considered in the past.

| was delighted when Dan Suciu, our current issue editor, suggested web-scale as the topic for the December
issue. The issue contains papers from a cross section of the "web scale” industry, Yahoo, Google, IBM, and
Microsoft. Getting some clue about what these companies are doing at web scale should be of intense interest our
entire database community. Theissue contains, aswell, two interesting articles about querying web information.
"Web scale” represents avery important part of the future of the database field. You can surely expect web scale
to be a relevant research topic for many years to come. | want to thank Dan for a fine job in suggesting and
bringing this issue together. | can strongly recommend it to you.

David Lomet
Microsoft Corporation



Letter from the Special Issue Editor

The field of data management faces new challenges generated by Web-scale data. The amount and kind of
data found on the Web, and the need to offer large-scale Web services for email, IM, socia networking, photo
sharing, etc, requires us to rethink the data models, the processing models, and the platform architectures for
supporting large-scale services. Increasingly, more Web “documents’ have in fact structure, and are best mod-
eled using database concepts, such as schemas, attributes, and tuples. Web communities generate huge amounts
of both structured and unstructured data, such as user profiles, blogs, listings, advertisements. Large-scale, high-
availability Web services require are-design of the data management infrastructure and find new waysto operate
it. Inthisissue of the Data Engineering Bulletin we have invited six paperstoillustrate the new challenges faced
by Web-scale data. Most of this research is done at the major Web portal companies, which have access to the
data, have an infrastructure for search, offer large-scale Web-services, and have the financia resources needed
to build the expensive platforms that can cope with Web-scale. But new ideas also emerge from research groups
in academia, who are already thinking about the next generation Web-scale data management techniques.

We start with a paper by Bernstein, et al from Microsoft Research that describes very clearly the chal-
lenges and tradeoffs faced by large Web services platforms. The authors report from their own experience with
Windows Live’™ | and discuss design tradeoffs in such large scale platforms. The second paper, from Yahoo!
Research, illustrates a different set of issues that arise from managing and combining Web communities, Web
services, and advertising services, and highlights the need to support both high-throughput storage/retrieval and
analytical processing.

In the next paper Madhavan et a. from Google discuss the structure of data on the Web. It includes a
classification of the types of structure, and a discussion on querying both structured and unstructured data. Alba
et a. from IBM Research, present in the fourth paper their experience in designing and building the IBM
Semantic Super Computing platform, which stores, manages and queries billions of documents.

The last two papers of this issue are representative of the new ideas coming from academic research groups.
Agichtein, from Emory University, is proposing to understand the user needs, in order to better guide the infor-
mation extraction tasks, while Cafarella et a. from the University of Washington discuss novel approaches for
expressing queries over both structured and unstructured data on the Web.

Dan Suciu
University of Washington



Data Management Issues in Supporting Large-Scale Web Services

Philip A. Bernstein, Nishant Dani, Badriddine Khessib, Ramesh Manne, David Shutt
Microsoft Corporation
Redmond, WA, 98052-6399
{phil.bernstein, nishant.dani, badriddine.khessib, ramesh.manne, david.shutt} @microsoft.com

Abstract

This paper discusses technical problems that arise in supporting large-scale 24 x 7 web services based
on experience at MSN with Windows Live’ ™ services. Issues covered include multi-tier architecture,
costs of commodity vs. premium servers, managing replicas, managing sessions, use of materialized
views, and controlling checkpointing. We finish with some possible research directions.

1 Introduction

Large-scale web services supported by fee-for-service or advertising revenue are heavy users of database tech-
nology. Such services include email, instant messaging, socia networking, blogs, photo sharing, maps, shop-
ping, and classifieds. They aso include search services, though these typically use custom indexing engines, not
relational database systems.

By large-scale, we mean systems with millions of users and thousands of servers. For example, Windows
Live Messenger has thousands of servers and tens of millions of simultaneous online connections. It processes
hundreds of millions of logins per day and has over 250 million unique users per month. Each login translates
into queries to backend database servers for authentication and authorization. Users send billions of messages
per day. The message transfer itself takes place independently of the database. Similarly large numbers have
been reported for Hotmail® [1, 2].

These types of services are big business. The trailing 12-month revenue of Google, Windows Live, and Ya-
hoo! combined is over $16B/year, most of which comes from such services. This annual revenue is comparable
to the size of the market for database software products.

In general, these services require a lot of computing power, which is expensive to acquire and operate. A
high-end commodity server to run a database system application currently costs upwards of $20K. A typical
such system has 1-4 processors, 2-24GB of main memory, and 12-24 SCSI (Small Computer System I nterface)
disk drives. The size and technology of the disk system is a strong determinant of overall system price. For
example, in August 2006 the best price/performance reported on TPC-C uses a Dell server with one Intel dual-
core processor, 24GB of RAM, and 90 SAS (serial-attached SCSl) disk drives [3]. The disk subsystem cost is
approximately $45K out of atotal system cost of $64.5K. If aRAID configuration isneeded for high availability,
then the costs rise even higher. Multiplying that by the number of servers required to run a large-scale web
service, we see that the system can cost tens or hundreds of millions of dollars.
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In addition to hardware cost, there is the cost of a building to house the system, power to run it, and system
managers to keep it running. Minimizing these costs is critical to a company’s ability to offer the service at
competitive fees-for-service or advertising rates and still earn a profit. In this paper, we explore the sources of
these costs and optimizations to reduce them.

2 System Architecture

To enable scalability across a large number of machines, most back-end systems supporting a large-scale web
service at Microsoft use afairly classical multi-tier design. Users submit transactions, which can be queries or
updates, usually viaaweb browser. Each transaction request isreceived by aweb server, which routes the request
to a mid-tier server, which in turn calls database servers. In some cases, such as Windows Live Messenger, a
client process communicates using SOAP directly to a mid-tier server with no web server in between.

Usually, the web servers, mid-tier servers and database servers run on different machines. Machines running
web servers and mid-tier servers have limited storage requirements and therefore can run on less expensive
machines than database servers.

Since databases are quite large, they are partitioned across multiple servers. For good performance, most
transactions need to execute entirely on one partition. Therefore, each transaction needs an application-supplied
parameter that the mid-tier can map to the database partition that can execute the transaction. Windows Live
services use three different partitioning schemes, based on hashing, value ranges, or table-look-up. Hash-based
and range-based partitioning are commonly used in database systems, especially when the servers do not share
disks. In a table-look-up-based scheme, each parameter value, such as a user-id, is explicitly mapped to a
particular partition. The table-look-up scheme offers several advantages over the other two. First, it gives fine-
grained control over load balancing. For example, when anew user-id is assigned, the mid-tier can assignitto a
lightly-loaded server. Second, it can offer unique features for each user. For example, users who pay an annual
fee receive specia services not available to users who opt for free services. And third, it enables the system to
minimize the time a user is affected by a schema upgrade by upgrading users one-by-one. By contrast, with
hash-based and range-based partitioning, while a partition is being upgraded, the application would not know
whether to access a user’s data in the partition using the old or new format. Thus, all of the usersin a partition
would be inaccessible while the upgrade was in progress. Of course, these benefits come at a cost, namely,
a database of <parameter-value, partition-id> pairs. For large services, the database may store hundreds of
millions of parameter values. A case study of the table-look-up scheme appearsin [5].

Each database partition isreplicated for high availability. If adatabase server fails, its query load is absorbed
by the replicas of the failed server’s primary database partitions. |f a database server needs to be taken off-line
(e.0., because it isfailing too frequently), its queue of committed updates must be drained to its replicas, so that
its query and update load can be absorbed by its replicas.

3 Using Commodity Servers

The main sources of expense in running a large-scale service are hardware, data center infrastructure, power,
networking, and system managers. Given the cost of premium servers as described in Section 1, one approach
to reducing the expense is to move from such servers that cost (say) $40K to commodity servers that cost (say)
$4K. Thisis surely beneficial, but it must be accompanied by attention to the other factors: the data center and
people requirements. Some of these expenses are proportional to the number of machines and hence increase
with alarger number of cheaper machines. The increase is usually sublinear and may be logarithmic for well-
managed systems with excellent system management software. In this section, we discuss the factors that affect
total cost and walk through a hypothetical calculation. Our goal isto give afeeling for the importance of certain



factors and for the ratios involved. Our numbers and ratios depend on many factors, so they are merely rough
estimates.

The data center isamajor cost. Some of the cost factors are floor space (i.e., the building), communications,
power, and cooling. Often these factors are in conflict. For example, arural location might offer inexpensive real
estate, but might have higher constructions costs and require new fiber for sufficient communications bandwidth.
The server configuration can be designed to minimize its footprint and hence its real estate and construction cost.
Power is an expense that can be controlled by moving the data center to a cheaper source of power, by using
better cooling techniques, or by configuring servers that require less power. The latter usually lowers cooling
requirements too.

Power is not only a cost but also a constraint. A large server installation can require tens of megawatts of
power, which limits the locations where the installation can be built. It is therefore not surprising that Google,
Microsoft, and Yahoo! have recently been building data centers near large hydroelectric facilities [4].

On the other hand, many installations have been set up in locations with excellent network connectivity. But
these are often in locations where power is expensive. The move to rural locations with plentiful inexpensive
power may be in part aresponse to the industry deciding to trade off power costs for networking costs.

System management is a major expense. System managers are responsible for monitoring load, diagnos-
ing malfunctioning components, replacing failed components, and upgrading software to new releases. Job
skills range from technicians who swap boxes to third-tier support engineers who diagnose subtle problems of
performance, reliability, etc.

Given these considerations, let’s do a hypothetical cost-benefit analysis of moving from premium to com-
modity machines. Consider awrite-heavy application that is currently using premium four-way multiprocessor
machines including RAID storage, and replicating each database partition for high availability. Using such pre-
mium machines, server costs dominate at about 50% of the total expense. About 25% of the cost is floor space,
and less than 10% is people cost.

Getting a comparable level of reliability on commodity machines entails replicating each data partition on,
let’s say, four machines. Given that the commodity machines use slower disks, we might need as many as eight
of them to replace each premium machine. This 8:1 ratio gives us more processor and memory capacity than
we had before. But it might nevertheless be needed to get enough 1/O capacity, especialy if there’s insufficient
locality of reference to benefit from more caching.

Some networking costs are proportional to the number of ports required. Since we increase the number of
machines, we potentially increase the number of network ports that are needed. Avoiding this increase requires
some adjustment in the hardware configuration so that each rack has its own switch, which in turn connects to
the main switch connected to the Internet.

The biggest effect of moving to commodity serversis people cost. Given the much larger number of servers
and their lower reliability, there are many more system failures that require attention. Therefore, in our hypo-
thetical cost analysis, system management explodes to 50% of total cost, which actually increases by 45% over
the premium server configuration. The cost breakdown is 25% for servers, 15% for floor space, and 50% people.

Clearly, the solution is to automate many of the system management tasks, such as detecting faults, logging
them, and analyzing logs to identify servers that should be reimaged or taken out of service and replaced. With
the right tools, people costs can be brought down to the same level as with the premium server configuration.
Thetools have some cost to develop and maintain, but for large configurations thisis small relative to the savings
in systems management. Asaresult, total cost is now 25% lower than the premium configuration.

Another metric that addresses the same issue is the number of machines a system manager can handle.
Suppose the fully loaded cost of a system manager is $200K /yr. To get the 25% lower total cost, we need system
management cost to be about 25% of the server cost. If servers are depreciated over 3 years, that means asystem
manager must be able to handle $2.4M worth of machines, or about 600 machines. If a typical machine fails
once amonth, that means a system manager needs to handle 20 failures per day. Clearly, substantial automation
is needed.



4 Performance Challenges and Solutions

Good performance is important both for customer satisfaction and to reduce hardware costs. In a large-scale
application, the importance of many standard issues is magnified, such as the size of each attribute, the choice
of indexes, disk layout, and the size of main memory. In this section we discuss some performance issues that
are less widely known but also very important.

Replication: Each server holds primary copies of some partitions and replicas of other partitions. When a
database server D fails, the database servers holding D’ sreplicas need enough spare processor and 1/0O capacity to
handle D’sload in addition to their own. Thisextra capacity is part of the cost of high availability. To reduce this
cost, each database partition that is being replicated is further partitioned into sub-partitions. Each sub-partition
isreplicated to adifferent machine. Thisreduces the headroom required on each machineto handle the additional
load due to afailed primary partition. Thus, the more partitions the better. However, the sub-partitioning has a
cost, namely, the fixed cost of 1/0O, memory and processing that the replication system consumes to support the
additional replicas. For each replica, the primay has some partition-specific control information, an additional
storage area to store commands to be forwarded to the replica, and an agent to do this work. These costs are
independent of the number of updates. For an application with an update intensive workload, four sub-partitions
has proven to be a good compromise between saving the cost of too much headroom and incurring the cost
of sub-partitioning during normal operation. If the update workload is light, then less of the database server's
spare capacity is needed for processing updates, so more of it can be used to handle alarger number of sessions.
Hence, alarger number of partitions can be used in this case.

Replicas might also be useful to pick up some of the query load when the primary is overloaded and the
machines that host its replicas are not. However, it isworthwhile to implement such aload-balancing mechanism
only if such askewed load is common. Since an important goal of partitioning tablesisto spread the load evenly
across partitions, most applications do not experience sustained skewed load. Hence, in most cases there is not
much value in using replicas to handle queries except in failover situations.

Some applications have fan-out queries that access al partitions. As the workload increases, one can scale-
out such an application by adding more servers and placing fewer partitions on each server. Although this
increases the number of sub-queries required to execute a query, each sub-query has less work to do and there
iS more processing power to run them, so the overall system capacity isincreased. If each server has just one
partition, then one cannot scale out any further this way. So the next step isto split partitions into sub-partitions
and place each sub-partition on a separate server, which enables more servers to be added. At some point,
spreading the load in this way does more harm than good, since it may replace sequential 1/0 (to access alarge
partition) by random 1/O (to access several sub-partitions albeit on different servers). In addition, there’s afixed
overhead to run aquery on each server and return its results, which increases with the number of servers. If the
datais stetic or if reading datathat is slightly out of date is acceptable, then other solutions may be preferable.
Session Management: In the multi-tier architecture described in Section 2, each mid-tier server needs a
database session to each database partition that it accesses. These sessions consume resources. In our expe-
rience, a high-end commodity machine (as in Section 1) running Microsoft SQL Server ™ can handle up to
several thousand database connections. As the number of connections increases much beyond that, the server
can become unsteady or even unresponsive.

For example, suppose each database server has d databases and there are x mid-tier servers. If each mid-tier
server has a session to every database, then each database server has x x d sessions. If alarge scale web service
has athousand mid-tier servers with 4 databases per server, then each database server’s session load istoo high.

One way to avoid this problem is to partition the mid-tier servers so that each partition has sessions to only
asmall subset of the database servers. This greatly reduces the number of sessions to each database server. To
do this, an application-supplied parameter is needed to direct each transaction request to a particular mid-tier
partition, not just to a particular database server as described in Section 2. Front-ends should randomly select a
particular mid-tier server in a partition, to spread the load evenly among them.



Suppose that a mid-tier server creates additional sessions to a database server that seems sluggish. This
enables the mid-tier server to have more active database requests and hence continue to handle its load despite
that database server’s sluggishness. If the sluggishness is temporary and the extra sessions are dropped when
they’re no longer needed, then this might be a good strategy. However, if the sluggishness lasts long enough that
al = mid-tier servers experience it, then they all create more sessions to that database server, let’s say n sessions
per database, which impliesz x d x n sessions per database server. Even after partitioning the mid-tier servers,
the number of mid-tier servers per database server (i.e., ) may be in the hundreds. So again each database
server may have more sessions than it can handle. The same problem can arise after a database server failure,
where the load on that server is transferred to replicas. At this point we have exceeded the capacity for which
the system was designed, so we must throttle back the incoming traffic.

One approach to avoid this is to have mid-tier servers control the database server load. Each has only a

small fixed number of connections (e.g., 2) to the database serversit needs. The mid-tier server can then manage
a queue of requests that pass through these connections. If the mid-tier server detects a major degradation of
a database server’s response time, it lets requests back up on its queue to prevent the database server from
thrashing.
Materialized Views: In many Windows Live applications, data entry transactions and queries need different
keys for indexing and clustering the data they access. For example, suppose the Users table is partitioned by
user-id. Users have multiple credentials, such as email address and fingerprint encoding. They also have some
other attributes, such asdate of birth, country, gender, and preferences. If we often search for user by acredential,
such as email address, then we need an index that maps email address to user-id. If we use the database system’s
indexing mechanism to do this, we would need to have it maintain an index with each partition. Since it regards
each partition as a separate table, this doesn't help much; to access an email address, we would need to probe
the index in every partition. Rather, we want the index to be partitioned by email address, so that given an
email address we can access the unique index partition that stores it. We can do this by creating a table with
two columns, email address and user-id, which is partitioned by email address. It still requires two database
accesses to retrive user information, first to find the user-id for an email address and then to access the Users
table. But this is the same disk access cost as would be incurred if the database system implemented this itself.
The consistency of this table is maintained outside the database system. If the dataisn’t too critical, we can just
choose a known order to write the information and live with the lack of transactional consistency guarantees.
Otherwise, we can take the performance hit and wrap it in a distributed transaction. Most consumer services
will opt for higher performance.

Thisworkswell when the index has low fanout (e.g., one record for each key value in the previous case). For
larger fanouts, a materialized view may be needed. For example, an entertainment application typically captures
movie reviewsfor each user. Since each user wantsto be able to see all of hisor her reviews, the table of reviews
is partitioned by user-id. Users also want to read all the reviews of a given movie. Using the above approach,
we can create a table that maps movie name to the user-id’s of users who have written reviews. For each movie,
there may be many such users, which are scattered across many partitions of the movie reviews table. Thus,
many disk accesses will be required to retrieve them. To avoid this expense, we can have a second copy of the
movie reviews table that is partitioned by movie. Thisisamaterialized view where all of the reviews for agiven
movie are clustered together. Other examples are classified ads where ads are clustered by advertiser for data
entry and by product category for querying, and shopping where products are clustered by vendor for data entry
and by product category for querying.

Reducing checkpoint overhead: A database checkpoint flushes dirty buffers to disk, to reduce recovery time
after afailure and to permit log truncation to avoid log overflow. Checkpoints can consume alot of 1/O band-
width, so it isimportant to control their frequency and duration.

There are four times that Microsoft SQL Server initiates a checkpoint: (1) as a result of a DBA command
such as backup and restore, removing alog file, taking the database online/offline, turning off database mirroring,
etc.; (2) when the log becomes too long to allow recovery within the “recovery interval,” which is the maximum
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Figure 1: 1/0O operations on the database before reducing the number of checkpoints

recovery time specified by the database administrator (DBA); (3) when it isin “automatic log truncation mode”
and the log is 70% full; and (4) when a DBA procedure calls the checkpoint command, which specifies a
checkpoint duration, the amount of time for the checkpoint to complete. The latter enables SQL Server to
calculate the number of writes per second required to flush al of the dirty pages in cache.

Many applications require frequent checkpoints, such as one per minute, to ensure fast recovery from failure
and hence high availability. However, we found that in many applications taking checkpoints every half-hour is
good enough, for three reasons. First, thereisno risk of overflowing the log because |og backups are taken every
half-hour on the primary databases, after which the log is truncated. Second, as explained earlier, we ensure
high availability by using replication, so fast |og-based recovery is not crucia. Third, thelog file generated in a
half-hour interval is very small (approximately 20MB). If each log record is 200 bytes, then the log references
100K database pages. At 100 random I/Os per second per disk and, say, 20 disks, the recovery time is about a
minute. So even if log-based recovery is needed, we expect it to be fast.

During a quick experiment on a production server, we set the recovery interval to avery large value. This
eliminated automatic checkpoints on the primary databases except those triggered by log backup (which happens
every half-hour). We still saw some automatic checkpoints on the replicas, which we believe are due to the small
log files alocated to those databases and hence could be eliminated. In Figure 1 the red line (i.e., with highest
peaks) and green line (i.e., with highest plateau and fewest peaks) show the writes/second and reads/second
(respectively) without the checkpoint reduction. Figure 2 shows them with the checkpoint reduction. Notice the
reduction in the number of spikes, which represents the I/0 bottleneck asaresult of checkpoints being generated.

Reducing checkpoints to once per half-hour risks having moredirty buffersto flush per checkpoint. However,
in the above experiment, the number of buffers flushed per checkpoint did not increase when the inter-checkpoint
interval increased from 1 to 30 minutes, for two reasons. First, in between checkpoints, alazy writer iswriting
some of the dirty pages to make clean buffers available in response to memory pressure. An 8GB machine using
8K B/page has nearly 1M database pages in RAM. At 1000 writes/second, the lazy writer will write 1.8M pages
in 30 minutes, which is almost twice the number of pagesin RAM. So infrequently updated pages will certainly
be flushed during that period to free up space for reads and will not require flushing at checkpoint time. The
second reason is that during the half-hour, hot pages are written many times but only need to be flushed once at
checkpoint time, so the large number of writes to these hot pages do not add to the checkpoint load.

A second checkpoint optimization is to spread each checkpoint’s writes over alonger time period, to avoid
overwhelming the /O subsystem. One approach is time-based. We assign a checkpoint duration that paces
checkpoint 1/Os to finish exactly within our half-hour time limit. For example, if a server has 8 databases, each
database checkpoint should finish within 30/8 = 3.75 minutes. If each checkpoint writes about 15,000 buffers,
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Figure 2: 1/0O operations on the database after reducing the number of checkpoints

then it will issue 67 writes/sec.

An alternative approach could be quota-based, where the user assigns a maximum 1/O rate for each check-
point and the database system ensures that this quota is not exceeded. When a checkpoint reaches the quota, it
stops writing for a short time to avoid using too much /O bandwidth. This guarantees that a checkpoint will not
degrade the 1/O rate available to applications below the given threshold, even when the checkpoint load is high.
The cost is ho upper limit on the checkpoint duration.

5 Research Approaches and Opportunities

The design of large-scale on-line systems has undergone continual change since their introduction in the late
1960's for airline reservation. The growing popularity of large-scale web services has changed things once again.
These systems need to scale out to very large databases and user populations, often with hundreds of millions
of users. They need to offer a mixture of transaction processing, document storage, and search functionality.
They need to make the best use of the latest technology, inexpensive disk capacity, main memory, and flash
memory. In particular, they need to cope with the changing hardware performance ratios, notably that disk
capacity isincreasing much faster than bandwidth and operations per second. And given the rapidly declining
cost of hardware, they need to optimize for other major cost factors, notably system management. These factors
present a challenge to designers of large-scale web services. They also present opportunities to researchers to
discover waysto improve performance, availability, manageability and ease of programming, and to reduce cost.
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Content, Metadata, and Behavioral Information: Directions for
Yahoo! Research

The Yahoo! Research Team *

Abstract

In mid-2005, Yahoo! Inc. began an ambitious program to create a world-class industrial research lab
focusing on how to deliver services over the web to a range of stakeholders, including advertisers, site
owners, content publishers, and users. The resulting organization, Yahoo! Research, has embarked on a
number of research directions. In this document, we report on these directions, with a particular focus
on the data engineering problems we see as critical to our mission.

1 Introduction

Yahoo! Research (Y!R) sits at the nexus of more than half a billion unique users per month, severa terabytes
per day of data of various forms, several billion dollars of advertising revenue, and over one hundred distinct
properties offering capabilities ranging from email, online news, and Web search to classifieds, personals, and
horoscopes. Our goal is to shape the future of the internet, and we are focusing on a number of key research
directions that we consider to be foundational.

Within Y!R, there are teams focusing on five research areas: search and information retrieval, machine
learning and data mining, microeconomics, community systems, and media experience and design. Most projects
draw from several of these five areas collaboratively. Common themes have emerged in these projects, many of
which center around acombination of massive datasets and the Web as the delivery channel. In thisoverview, we
highlight some key research directions rather than cataloging activities in each focus area, in order to reflect the
synergy across areas at Y!R. In subsequent sections, we will cover work taking place in platforms, advertising
and search.

Before describing the work itself, we will briefly describe the environment in which we see Yahoo! oper-
ating in the future. Figure 1 illustrates the situation. One may view Yahoo! as a match-maker that aggregates
user attention by providing a wide range of high-quality content and community. We collaborate with content
providers and site owners to accomplish this, and we then sell differentiated streams of user attention to adver-
tisers, whose dollars flow to Yahoo!, as well as our partners, in order to fund the next round of improvements to
the content and user-experience. We view all four stakeholders as central to our research initiatives, and we will
give amore detailed perspective on how each research direction allows them to engage more effectively.

Within this environment, we see three overarching trends that we believe will shape the future of online
interactions:

Copyright 2006 |IEEE. Personal use of this material is permitted. However, permission to reprint/republish this material for
advertising or promotional purposes or for creating new collective works for resale or redistribution to servers or lists, or to reuse any
copyrighted component of this work in other works must be obtained from the IEEE.
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*Contact authors for this article, all at Yahoo! Research, are Raghu Ramakrishnan, Andrew Tomkins, and Ravi Kumar
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Figure 1: Key playersin the Yahoo! ecosystem.

The emergence of structure. The highly heterogeneous data types we see range from text and html documents
to query logs, user profiles, vertical content, listings, many forms of advertisements, user interactions, images,
and video. In all these cases, there are distinct and interesting types of structure that can be useful both within
and across datasets. We believe that capturing and exploiting such structure is a key to next-generation Web
applications, including search and advertising. While exploitation of structure is a natural topic of discussion,
we observe that capture of structure is aso nontrivial: in many cases structure is either user-provided (and
sometimes designed to mislead) or automatically extracted (and potentialy error-prone).

The use of many different types of large-scale data could benefit from additional, integrated structure. First,
existing content repositories often do not expose structure explicitly (e.g., individuals home pages often contain
contact information, but embedded in free text), and even when they do, rarely conform to uniform metadata
standards (e.g. price on one shopping site might correspond to cost on ancther), and are not readily interoperable.
Structure extraction technology ranging from entity extraction to site wrappers is currently applied only to a
limited degree; it is likely this will change. Second, we have massive assets of user behavioral information
that could significantly improve the user experience. But this information is not yet fully exploited due to data
scale, the imperative to safeguard privacy, and the need to marry increasingly sophisticated user modeling to
application logic. Finally, we see a growing stream of user-contributed content becoming a key resource. In
many cases, it conforms to alarge and growing set of schemas meant to incorporate specifics of either datatype
(question/answer pairs, new articles, blog posts, Web pages), or domain data (auto repair, medical information,
etc). Asavariant of user-contributed content, we see user-contributed metadata in the form of reviews, tags,
bookmarks, ratings, or even clicks.

Design and dynamics of social systems. Online communities are a fundamental and increasingly important
part of the web. A new science that brings to bear the mathematics of socia networks, an economic theory of
onlineinteractions, and user experience design isrequired to further our understanding of how communitiesform
and evolve, how we can facilitate their interactions, and how we can learn from shared community activities to
enhance Web applications [8]. Increasingly, online applications in diverse domains must incorporate community
tools simply as table stakes, and the richness of the baseline community offerings is growing rapidly. We
routinely see bulletin boards with presence and real-time chat, tagging and folksonomy data arrangement, rating
and reputation systems, and other such capabilities, on a wide range of sites. Further, as Web application
development methodol ogies mature, it becomes easier for developers to “drop in” such capabilities. Today, it is
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simple to grab modules providing rich community semantics based on alocal MySQL instance. But already the
seeds are visible for hosted application providers that make such capabilities available, with potential advantages
such as single authentication, integrated payment systems, and shared personalization. We view Yahoo! as a
natural focal point for this evolution.

The Web as a delivery channel. The Web has become a powerful and ubiquitous means of delivering arange
of end-user (e.g., email) and collaborative (e.g., IM, Y! Answers) applications to hundreds of millions of users.
As online application development moves in the direction of “mash-ups’ of online APIs (to a wide range of
capabilities that may be combined into an application), the requirements on the backend change substantialy.
This has created a radically different approach to developing and distributing applications, disrupting the tra-
ditional software distribution model. In turn, it has chalenged us to develop new types of service-oriented
software platforms, new kinds of customizable application environments, and forced usto think about massively
distributed systems with novel quality of service guarantees, fail-over mechanisms, and the ability to manage
massive numbers of application instances. Furthermore, the landscape shifts very quickly, making it difficult
to settle on business models and interaction paradigms. For example, advertisers are only now beginning to
understand per-impression advertising (in which an advertiser is charged when a user |oads a page containing a
certain ad), and aready, AJAX and related technologies are calling into question the entire notion of pageviews,
as different parts of a page may update asynchronously in response to user activity or exogenous events.

With these themes in mind, we proceed as follows. Section 2 describes key directions in platform design
and development. Then Sections 3 and 4 describe advertising and search respectively, which are key consumers
of platform technologies; we conclude in Section 5.

2 Platforms
Datais central to Yahoo!s business. Some common workload patterns are:

e Nugget storage/retrieval. User-facing properties constantly store and retrieve data nuggets. In some
cases dll that isrequired isget and put based on akey, e.g. store/retrieve Bob's stock portfolio. Increas-
ingly, more complex retrieval tasks are required, e.g. get Bob's friends’ favorite restaurants in cities on
Bob'stravel itinerary.

e Canned large-scale processing. Many properties additionally rely on large-scale preprocessing of mas-
sive data sets. The obvious example is search, which performs link analysis over the many-billion page
Web graph, to generate features used in ranking. However, many other Yahoo! properties also rely on
large-scale data preprocessing, e.g. classification, clustering, entity extraction or wrapper induction over
large corpora of webpages, news or advertisements. Typically, the same processing is run periodically,
with every new version of the data set. Some cases require very short periods, in the limit becoming
continuous queries over streams.

e Ad-hoc large-scale processing. Yahoo! analysts are constantly poring over our data sets, looking for
patterns to inform the design of new products (and tune existing ones). Data sets of interest include Web
crawls, click streams, advertisement entries, and various derived data. These “R&D queries’ tend to be
ad-hoc, and make heavy use of user-defined transformations, aggregation, and in some cases joins.

While these workloads are reminiscent of ones that have been studied extensively in the past, the sheer
magnitude of the data creates new challenges. Extreme parallelism is the name of the game. We have two
research initiatives on this front, one aimed at storage/retrieval workloads (Section 2.1) and one aimed at large-
scale processing workloads (Section 2.2).
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2.1 High-throughput storage/retrieval in an enormous database

We are investigating challenges underlying avery parallel storage/retrieval service that can support indexes for
social-search and geo-search, and handle the types of workloads that arise in delivering a range of advertising,
structured search, and community-oriented applications.

As we stated earlier, the Web has become a channel for delivering a range of end-user and collaborative
applications to many users. Where users and organizations once had no option but to buy and install a stack of
software ranging from database systems to middleware to specific applications, and to provision and maintain
complex hardware and software installations, now they have the choice of going to a Web site such as Yahoo!
or SalesForce.com and simply creating an instance of the application they want (e.g, an email account, a new
Yahoo! group, or collaborating online in asocial networking site such as Flickr or Y! Answers.)

The growing popularity of the application-as-service model makes it inevitable that more and more appli-
cations will become available as online services. This is a disruptive change to the way applications, and in
particular data-driven applications and database management systems, have been traditionally designed. Now,
we are challenged to develop systems that must be incredibly inexpensive on a per-application instance basis (the
revenue fromaY! group cannot pay for dedicated hardware!), be easy to manage (afew operations people must
oversee hundreds of thousands of groups), and very robust (since failures potentialy affect thousands of appli-
cation instances). One way to see this challenge is that we must build systems that allow us to be cost-effective
database administrators (not to mention application developers and maintainers!) to the world, rather than ven-
dors of DBMS software. On the other hand, since a given installation is intended to support many instances of
a given application template, we have extensive knowledge of the workload, which is likely to be comprised
of large numbers of requests (updates or queries) drawn from arelatively small set of request types. Similarly,
there is often considerable latitude in the kinds of inconsistency that can be tolerated on specific requests.

Building systems to provide online applications as a service is one of the most intriguing challenges faced
by the database community in many years. It requires us to leverage the lessons we have learned from designing
parallel [3] and distributed database systems[9, 5], and to develop anew class of massively parallel, self-tuning,
robust systems. It islikely that we will have to rethink almost ever aspect of database systems — What kinds
of data? What mix of relational and text-based ranking queries? What models of concurrency and consistency?
— to achieve the performance criteria required. A number of internal storage solutions at Yahoo! address these
issues; see dso [1].

2.2 Analytical processing over enormous data sets

For queries that perform wholesale analysis over data such as web crawls and search query logs, we focus on
intra-query parallelism. The higher the degree of parallelism, the faster the response time for individual queries,
which is critical for continuous queries and for ad-hoc R& D queries.

In principle, if we have a data set of size | D| to analyze, and we divide the data and processing among n
nodes, then each node need only handle around | D|/n data. Grouping or joining may require repartitioning the
data, which only doubles the amount of data each node needs to handle. In general, if datais to be repartitioned
k times, we expect (k + 1) - |D|/n units of work per node. Hence for a given query, doubling the number of
nodes should halve the response time.

Unfortunately it is not possible to achieve thisideal scale-up behavior in practice. Moreover, we are finding
that parallel query processing techniques that exhibit near-ideal scale-up when n = 10 or perhaps n = 100, do
not continue to do so when n = 1000 or more. We are studying new architectures and algorithms aimed at good
scale-up for n = 1000 or even n = 10, 000, so that we can answer ad-hoc queries over multi-terabyte data sets
in minutes [2, 7, 4, 6]. We expect this capability to be a key enabler of R&D activity and business intelligence
applications going forward.
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Asour platform becomes used to provide analytic servicesto alarge number of internal R&D “customers,” a
second major challenge will emerge: intelligent physical design to optimize the overall workload. In the parallel
data management space, physical design includes data partitioning, aswell as the usual degrees of freedom with
respect to the choice of indexes and materialized views. We expect this problem to be very difficult to solve,
based on the experience in other distributed computing environments such as grid computing, but it is aso very
important. If we do not do a good job, then our “customers’ will not accept physical data independence, and
will spend valuable cycles tinkering with the physical design by hand.

3 Advertising

Web advertising spans Web technol ogy, sociology, law, and economics. It has already surpassed some traditional
mass media like broadcast radio and it is the economic engine that drives Web development. It has become a
fundamental part of the Web eco-system and touches the way content is created, shared, and disseminated—all
the way from static html pages to more dynamic content such as blogs and podcasts, to social media such as
discussion boards and tags on shared photographs. This revolution promises to fundamentally change both the
media and the advertising businesses over the next few years, altering a $300 billion economic landscape.

Asin classic advertising, in terms of goals, Web advertising can be split into brand advertising, whose goal
is to create a distinct and favorable image for the advertiser’s product, and direct-marketing advertising, which
involves a“direct response”: buy, subscribe, vote, donate, etc., now or soon.

In terms of delivery, there are two magjor types.

1. Search advertising refers to the ads displayed alongside the “organic results on the pages of search
engines. This type of advertising is mostly direct marketing and supports a variety of retailers from large to
small, including micro-retailers that cover specialized niche markets.

2. Content advertising refers to ads displayed a ongside some publisher produced content, akin to traditional
ads displayed in newspapers. It includes both brand advertising and direct marketing. Today, almost al non-
transactional Web sites rely on revenue from content advertising. This type of advertising supports sites that
range from individual bloggers and small community pages, to the web sites of major newspapers. There would
have been alot less to read on the Web without this model!

Web advertising is a big business, estimated in 2005 at $12.5B spent in the US alone (Internet Advertising
Board—www.iab.com). But thisis still less than 10% of the total US advertising market. Worldwide, internet
advertising is estimated at $18B out of a $300 total. Thus, even at the estimated 13% annua growth, there is
still plenty of room to grow, hence an enormous commercial interest.

At Yahoo! Research we are exploring designs for next generation advertising platforms for contextual and
search ads. From an ad-platform standpoint, both search and content advertising can be viewed as a matching
problem: a stream of queries or pages is matched in real time to a supply of ads. A common way of measuring
the performance of an ad-platform is based on the clicks on the placed ads. To increase the number of clicks,
the ads placed must be relevant to the user’s query or the page and their general interests.

There are severa data engineering challenges in the design and implementation of such systems.

Thefirst challenge isthe volume of data and transactions. Modern search engines deal with tens of billions of
pages from hundreds of millions of publishers, and billions of ads from tens of millions of advertisers. Second,
the number of transactions is huge: billions of searches and hillions of page views per day. Third, thereisonly a
very short processing time available: when a user requests a page or types her query, the expectation is that the
page, including the ads, will be shown in real time, allowing for at most afew tens of milliseconds to select the
best ads.

To achieve such performance, ad-platforms usually have two components. a batch processing component
that does the data collection, processing, and analysis, and a serving component that serves the adsin real time.
Although both of these are related to the problems solved by today’s data management systems, in both cases
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existing systems have been found inadequate for solving the problem and today’s ad-platforms require breaking
new ground.

The batch processing component of an ad-system processes collections of multiple TB of data. Usually the
datais not shared and a typical processing cycle lasts from afew minutes to afew hours over alarge cluster of
hundreds, even thousands of commaodity machines. Here we are concerned only about recovering from failures
during the distributed computation, and most of the time data is produced once and read one or more times.
Commercia database systems deployed on the same scale would be prohibitively expensive. The reason for this
isthat database systems are designed for sharing data among multiple users in the presence of updates and have
overly complex distribution protocols to scale and perform efficiently at this scale. The backbone of Web data
batch processing components (see Section 2.2) is therefore being built using ssimpler distributed computation
models and distributed file systems running over commaodity hardware. Several chalenges lie ahead to make
these systems more usable and easier to maintain. The first challenge is to define a processing framework and
interfaces such that large scale data analysis tasks (e.g., graph traversal and aggregation) and machine learning
tasks (e.g., classification and clustering) are easy to express. So far there are two reported attempts to define such
query languages for data processing in this environment [6, 7]. However, there has been no reported progress
on mapping these languages to a calculus and algebra model that will lend itself to optimization. Conversely,
to make the task easier, new machine learning and data analysis algorithms for large scale data processing are
needed. In the data storage layer, the challenge is to co-locate data on the same nodes where the processing is
performed.

The serving component (see Section 2.1) of an advertising platform must have high throughput and low
latency. To achieve this, in most cases the serving component operates over a read-only copy of the data re-
placed occasionally by the batch component. The ads are usually pre-processed and matched to an incoming
query or page. The serving component has to implement business logic that, based on a variety of features
of the query/page and the ads, estimates the top few ads that have the maximum expected revenue within the
constraints of the marketplace design and business rules associated to that particular advertising opportunity.
Thefirst challenge here is developing features and corresponding extraction algorithms appropriate for real-time
processing. As the response time is limited, today’s architectures rely on serving from a large cluster of ma-
chines that hold most of the searched data in-memory. One of the salient points in the design of the ad server is
an objective function that captures the necessary trade-off between efficient processing and quality results, both
in terms of relevance and revenue.

In summary, today’s search and content advertising platforms are massive data processing systems that
apply complicated data analysis and machine learning to select the best advertisements for a given query or
page. The sheer scale of the data and the real-time requirements make this a very challenging task. Today’s
implementations have grown quickly, and often in an ad-hoc manner, to deal with a $15B fast growing market.
Thereisaneed for improvement in almost every aspect of these systems as they adapt to even larger amounts of
data, traffic, and new business models in Web advertising.

Looking beyond, in the context of auctions for internet advertisement, microeconomics and data analysis go
hand in hand. Using thetools of microeconomics one can make theoretical predictions regarding how advertisers
would respond to changes in an auction mechanism (such as changing reserve price or alowing advertisers to
submit separate bids for ads targeted to different demographics). With careful data analysis one can estimate
how such changes would impact Yahoo! and its users and advertisers. Doing thiskind of dataanalysisispossible
only with a high-performance advertisement platform.

4 Search

The Search focus area at Yahoo! is broadly concerned with research that enables users to satisfy an information
need. The scoping is intentionally broader than Web search aone. Yahoo!'s content portfolio ranges well
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beyond simple Web pages, and the types of objects that must be retrieved are broadly heterogeneous, and in
some cases extremely complex. For example, a search across a selection of publicly-accessible bulletin boards
could return an appropriate message, athread consisting of hundreds of posters and thousands of posts, or aboard
with thousands of members. In the near future, it may well return a much richer structure containing multiple
overlapping embedded bulletin boards, multimedia content, questions and answers, news articles, perhaps an
online marketplace, and so forth. Effective ranking over such complex objectsiswell beyond the state of the art.

Search technology is in flux. It is common for employees even at technically sophisticated organizations
to have access to enterprise search tools that are markedly inferior to what is available on the Web, despite the
much higher average quality of enterprise content. We are pursuing four key research directions, as discussed
below.

4.1 User-generated metadata analysis

Thefirst direction is classically responsible for the success of Web search. It involves the incorporation of social
information: there are key cues (such as incoming anchortext) that allow internet search engines to employ the
aggregate perspective of an enormous number of users in deciding which resultsto return. And we are currently
at the center of arapid shift in the nature of this social input. Historically, search engines have drawn primary
leverage from hyperlinks and anchortext. In other words, most of the input has come from a relatively small
number of elite Web users who are capable of authoring and serving html content. Today, however, the number
of distinct users generating useful metadata is growing rapidly due to three factors. First, the emergence of
simple Web authoring tools such as hosted blogging software makes it possible for authorship to migrate from
the elite to a much larger base of online users motivated to express themselves. Second, the introduction of
new models for explicit creation of metadata versus content, such as tagging and bookmarking (e.g., through
del.icio.us), the creation of rich profiles (e.g., myspace.com), or even the creation and publishing of
multimedia content (e.g., youtube . com) lowers the barrier from authorship to lighter-weight interactions like
commenting on somebody else's content. And finally, there are situations in which content consumption itself
is a generator of useful metadata. For example, when a search engine shows alist of results, the result clicked
by a user is potentially helpful information. In the extreme, companies such as Google allow users optionally
to share their entire browsing behavior with the search engine. The privacy implications of such sharing have
not yet been fully explored, but if the social contract between users and online tools expands to include such
activities then another order of magnitude of data scale becomes available to help us understand the quality of
content.

4.2 Aggregate analysis

The second key direction in search is the aggregation of data and metadata across multiple dimensions, at mul-
tiple levels of granularity. By aggregation, we mean something more than simple rollups using straightforward
algebraic functions; instead, we mean sophisticated analysis making use of al information available for a nat-
ural grouping of content objects. For example, we might consider al pages on awebsite, or all content related
to medical matters, in order to extract common topics and classify content according to which of the common
topics are being discussed. We will speak to the key forms of aggregation in one more level of detail.

First, there is aggregation at the level of content sources, for instance awebsite, community, or blog, which
may be viewed as a cohesive generator of potentially useful content over time. Understanding the reputation,
topical focus, authorship, affiliation, quality, and reliability of each content source becomes akey advantage in
aggregating content from these sources. The aggregation may happen at multiple levels, such as awebsite and a
key subdirectory or subsite of the website. The type of information to be aggregated is not limited to information
extracted from the content itself. For instance, it is clearly useful to know if there are coherent groups of users
who are the typical exploiters of a content source.
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Second, in addition to aggregation at the level of content sources, there are aso cross-source forms of
aggregation, such as topical aggregation (as in our earlier example of analyzing all content around medical
matters), target aggregation (for instance, anayzing the content which draws 14-16 year old male viewers),
entity aggregation (all content regarding George Bush, or the Samsung HL S6187 high-definition TV), and so
forth.

4.3 Cross-content analysis

The third trend is analysis to extract insights that are accessible only in the combination of multiple giant
databases of disparate schemas. Thisform of analysis arises in two settings. We begin with the first and ssmpler
setting, which isrelated to federated search or distributed information retrieval.

Queries to a Web search engine are primarily answered by providing a link to a relevant Web page, but
increasingly, other sources are being federated in. For example, queries for local restaurants, or musical artists,
or movies, or products already receive special handling, as do queries that may be syntactically identified as be-
longing to a specia class, such as airline flights or package tracking identifiers. These tricks may be performed
with minimal query processing overhead. Additionally, however, parallel queries to other corpora such as col-
lections of images or video are being performed in Web search to determine whether other classes of content
might be appropriate. Yahoo! already federates responses from its Answers corpus, and Google's Coop alows
sophisticated users to generate plugins directing certain queries in paralel towards alternate user-specified cor-
pora. Of particular interest to the data management community is the trend towards including structured records
in results, as for instance in Google Base or Yahoo! shortcuts to shopping data.

Generally, the move towards retrieving results from numerous disparate corporaiswell on itsway. However,
as yet there is no truly successful work on providing the user with a single cohesive set of results. The best of
breed approach is smply formatting the result page so that it is clear which results come from which corpus,
and employing only the simplest techniques to merge modules from each relevant corpus onto aresult page.

Finally, there is a second setting in which cross-content analysis arises; this latter setting moves beyond the
scope of finding results from multiple corpora, namely, the problem of simultaneous batch mining of multiple
datasets in order to extract insights or results that are unavailable from any collection singly. For instance, the
combination of Web content, site-aggregated metadata, click data, and publicly available user profile data might
give a perspective on potential query responses that is far beyond the current model.

4.4 Community analysis

Increasingly, there is now widespread acceptance that meeting a user's information need on the Web is more
than a matter of human-computer interaction: it is also a matter of human-human interaction. As an example,
consider the remarkable success of “knowledge search,” as provided by Naver in Korea and many other related
offerings, both in Southeast Asia and increasingly elsewhere in the world (for instance, Yahoo! Answers is a
global offering of this form). A user enters a question, which is routed to other online users who might be
able to provide an answer. Typically multiple answers are received in well under a minute. Clearly in this
case traditional approaches to indexing have little to contribute, and whole new questions around answerer
competencies become relevant. Further, there is a completely new question regarding the fusion of online
knowledge (either in traditional documents, or in other forms such as answers to prior questions) with human
knowledge that resides in wetware but might be accessible at significant latency through the paradigm of asking.

Community analysis throws open a wide array of questions in microeconomics, including incentives and
markets that emerge as a result of online human-human interactions. Microeconomic models can be used to
derive effective reputation feedback mechanisms that are resistant to gaming. Experimenting with intelligently
designed reputation feedback systems and carefully analyzing the data generated by such experiments can help
to improve such mechanism and to identify ideas that work in practice as well as predicted by the theory.
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5 Conclusions

In this paper, we have outlined three key trends in the future of online interactive media: heterogeneous struc-
tured content; online socia systems; and web-delivered applications. Based on these trends, we have described
anumber of heavily data-centric research directions that Yahoo! Research will pursue, in the areas of platforms,
advertising, and search.

References

[1] F Chang, J. Dean, S. Ghemawat, W. C. Hsieh, D. A. Wallach, M. Burrows, T. Chandra, A. Fikes, and
R. Gruber. Bigtable: A distributed storage system for structured data. In Proc. 7th Symposium on Operating
System Design and Implementation, pages 205-218, 2006.

[2] J. Dean and S. Ghemawat. MapReduce: Simplified data processing on large clusters. In Proc. 6th Sympo-
sium on Operating System Design and |mplementation, pages 137-150, 2004.

[3] D.J Dewitt, S. Ghandeharizadeh, D. A. Schneider, A. Bricker, H.-I. Hsaio, and R. Rasmussen. The Gamma
database machine project. |EEE Transactions on Knowledge and Data Engineering, 2(1):44-62, 1990.

[4] M. Isard, M. Budiu, Y. Yu, A. Birrel, and D. Fetterly. Dryad: Distributed data-parallel programs from
sequential building blocks. Technical Report M SR-TR-2006-140, Microsoft Research, October 2006.

[5] J. B.R. J., P.A. Berngtein, S. Fox, N. Goodman, M. Hammer, T. A. Landers, C. Reeve, D. W. Shipman,
and E. Wong. Introduction to a system for distributed databases (SDD-1). ACM Transactions on Database
Systems, 5(1):1-17, 1980.

[6] C. QOlston, B. Reed, R. Kumar, D. Meredith, U. Srivastava, and A. Tomkins. Querying enormous data with
Pig, 2006. Manuscript.

[7] R.Pike, S. Dorward, R. Griesemer, and S. Quinlan. Interpreting the data: Parallel dataanalysiswith Sawzall.
Scientific Programming Journal, 13(4):277-298, 2005.

[8] D. Watts. Sx Degrees: The Science of a Connected Age. W. W. Norton & Company, 2003.

[9] R. Williams, D. Daniels, L. Haas, G. Lopis, B. Lindsay, P. Ng, R. Obermarck, P. Selinger, A. Walker,
P. Wilms, and R. Yost. R*: An overview of the architecture. In P. Scheurman, editor, Improving Database
Usability and Responsiveness, pages 1-27. Academic Press, New York, 1982.

18



Structured Data Meets the Web: A Few Observations

Jayant Madhavan, Alon Halevy, Shirley Cohen, Xin (Luna) Dong,
Shawn R. Jeffery, David Ko, Cong Yu
Google, Inc.
jayant@google.com, halevy @google.com, shirleyc@cis.upenn.edu, lunadong@cs.washington.edu,
jeffery@cs.berkeley.edu, dko@google.com, congy @eecs.umich.edu

Abstract

The World Wide Web is witnessing an increase in the amount of structured content — vast heterogeneous
collections of structured data are on the rise due to the Deep Web, annotation schemes like Flickr, and
sites like Google Base. While this phenomenon is creating an opportunity for structured data man-
agement, dealing with heterogeneity on the web-scale presents many new challenges. In this paper we
articulate challenges based on our experience with addressing themat Google, and offer some principles
for addressing them in a general fashion.

1 Introduction

Since its inception, the World Wide Web has been dominated by unstructured content, and searching the web
has primarily been based on techniques from Information Retrieval. Recently, however, we are witnessing an
increase both in the amount of structured data on the web and in the diversity of the structures in which these
data are stored. The prime example of such datais the deep web, referring to content on the web that is stored in
databases and served by querying HTML forms. More recent examples of structure are avariety of annotation
schemes (e.g., Hickr [4], the ESP game [14], Google Co-op [6]) that enable people to add labels to content
(pages and images) on the web, and Google Base [7], a service that alows users to load structured data from
any domain they desire into a central repository.

Googleis conducting multiple efforts whose common goal isto leverage structured data on the web for better
search and to help people create structure that aids search. This paper describes some of our initial observations
regarding the problem and some of the challenges entailed by them.

To begin, we look at what kinds of structure can be associated with data on the web. Asis typical when
managing structured data, there is a trade-off between the investment in creating the structure and the benefit
obtained from having the structure. On the Web, the trade-off is atrickier one, because we are trying to appeal
to amuch larger audience, both to create the structure and to benefit from it. We discuss how the different efforts
fall w.r.t. this trade-off.

Next, we consider how structured data is integrated into today’s web-search paradigm that is dominated by
keyword search. We argue that a critical aspect of any use of structured data on the Web is that it be seamlessly
integrated with standard web search. We discuss how our different efforts address this challenge.
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Finaly, we pinpoint (what we believe to be) the key reason that makes querying structured data on the web
so challenging. Specifically, on the web we model all domains of possible interest to users. We cannot make
any assumptions about the scope of the domains for which we have structured data, and because of that, creating
aschema is out of the question. We describe some of the challenges involved in providing access to data about
anything, and some of our initial steps addressing these challenges.

2 Structured Data On the Web

In this section we describe three kinds of structured data that exist on the Web today. We then discuss the level
of structure for each kind of data and how it is currently integrated into Web search.

2.1 The Deep Web

The deep (or invisible) web refers to content that lies hidden behind queryable HTML forms. These are pages
that are dynamically created in response to HTML-form submissions, using structured data that lies in backend
databases. This content is considered invisible because search-engine crawlers rely on hyperlinks to discover
new content. There are very few links that point to deep web pages and crawlers do not have the ability to fill out
arbitrary HTML forms. The deep web represents a major gap in the coverage of search engines. the content on
the deep web is believed to be possibly more than the current WWW, and typically is of very high-quality [1].

A simple count of the number of forms on the Web would be very misleading if our goal is to understand
how much deep web content exists. For instance, there are numerous forms that appear on a large number of
web-pages, but direct the user to the same underlying data source. A significant number of forms on the web are
simply redirects of site-specific searches to amajor search engine. Another large source of forms involves Web
2.0 applications, where users contribute data to online communities. Further, forms are also used for applications
such as logins, subscriptions, feedback, etc., none of which yield useful structured data. In [12] we offer some
evidence from our explorations at Google that predict the number of deep web sources (that do not fall into the
above categories) to be in the tens of millions.

The content on the deep web varies wildly. Many of the sources have information that is geographically
specific, such as locators for chain stores, businesses, and local services (e.g., doctors, lawyers, architects,
schools, tax offices). There are many sources that provide access to reports with statistics and analysis generated
by governmental and non-governmental organizations. Of course, many sources offer product search. However,
there is a long tail of sources that offer access to a variety of data, such as art collections, public records,
photo galleries, bus schedules, etc. In fact, deep web sites can be found under most categories of the ODP
directory [13]. Further, sources vary from those offering only keyword queries through a single text box, to
those with detailed forms with many select-menus and other refinement options.

2.2 Google Base

The second source of structured data on the web that we discuss, Google Base, is an attempt to enable content
owners to upload structured data into Google so it can be searched. The intention of Google Base is that data
can be about anything. In addition to the mundane (but popular) product data, it aso contains data about clinical
trials, event announcements, exotic car parts, people profiles, etc. Google indexes this data and supports simple
but structured queries over it.

The data model for Google Base data is purposely kept very simple. Users describe the data they upload
into Google Base using an item type and attribute/value pairs. For example, a classified advertisement for a
used Honda Civic has the item type vehicle and attributes such as make = Honda, model = Civic, location = San
Francisco, CA, etc. While Google Base recommends popular item types and attribute names, users are free to
invent their own. Users, in fact, do often invent their own item types and labels, leading to a very heterogeneous
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collection of data. Theresult isthat Google Baseisavery large, self-describing, semi-structured, heterogeneous
database. It is self-describing because each item has a corresponding schema (item type and attribute names).
It is semi-structured and heterogeneous because of the lack of restrictions on names and values.

Heterogeneity in Google Base occurs at the level of item types, attributes, and attribute values. Lessthan a
year since its launch, Google Base already contains well over 10,000 item types that together contribute almost
100,000 unique schemata (unique set of attributes names associated with some item). There are over 1000
item types that have more than 10 items. In addition to the sheer number of item types, we observe two other
important aspects of Google Base data. First, the large number of item types form a specialization hierarchy.
For example, an item can aternately be described as a product, acar part, or ahigh performance car part. Users
choose such different item types naturally and this leads to a proliferation of item types. Second, in addition to
naturally occurring heterogeneity, we find that heterogeneity occurs in a different, almost malicious way, that
is typically not considered in discussions of data heterogeneity — users provide different item-type names or
attribute names deliberately in an attempt to improve the ranking of their items. We are thus witnessing a kind
of database design by the masses.

To get afeel for the diversity of data at the attribute-level, we looked at the items of type vehicle, and found
that there are over 50 attribute names that occur in 10 or more items. While this might seem to be a large
number, there is a smaller core set of attributes that occur in a large number of items. This includes common
attributes like make, model, location, color, and price. A commonly occurring attribute-level heterogeneity is
one of complex attributes. For example, color for some items includes both the internal color and the external
color of avehicle, while for others there are separate attributes.

Finally, we note that Google Base data al so displays significant heterogeneity at the level of attribute values.
For example, considering the different values for the attribute color of vehicles, we found that there are over
250 different colors with 5 or more items. In addition to more frequent colors like silver, white, and black, there
are cars with the colors polished pewter and light almond pearl metallic. An interesting heterogeneity challenge
arises in the extrapolation of domain specific similarities for attribute values, e.g., polished pewter is similar to
metallic silver, and incorporating these similarities into query processing. We note that the presence of structure
(colors of cars in this case) makes it possible to perform such reconciliation which would not be possible for
purely unstructured data.

2.3 Annotation Schemes

There is a third class of structured data on the web which is the result of a variety of annotation schemes.
Annotation schemes enable users to add tags describing underlying content (e.g., photos) to enable better search
over the content. The Flickr Service by Yahoo! isaprime example of an annotation service for photo collections.
von Ahn [14] took this idea to the next level by showing how mass collaboration can be used to create high-
quality annotations of photos.

Recently, Google created the Google Co-op service that enables users to create customized search engines
(see http://data.cs.washington.edu/coop/dbresearch/index.html for a search engine developed for the database
research community). To create a custom search engine, a user identifies a set of labels or categories (known
as facets in Google Co-op) that are of interest to the community at hand. For example, in the case of database
research, these facets include professor, project, publication, jobs. Web-pages that fit the various categories
are manually (or otherwise) annotated, e.g., we would annotate the homepage of a database faculty with facet
professor and pages that appear in DBLP with the facet publication. The important point to note is that the
annotations are very light-weight — we only annotate which facet the page belongs to and nothing else. These
annotations are uploaded in an XML format to Google Co-op. The annotations can be used to either query for
web-pages that specify a particular facet, or to refine the results returned for an earlier query. Facets can also
be automatically triggered, e.g., if we were to search for data integration publications, the publication facet will
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be triggered, and the answers would include only the pages annotated as publications: Google Co-op uses a
collaboration model to manage annotations contributed by different users — the creator or a customized search
engine approves a list of collaborators. Only the annotations contributed by collaborators get included in the
customized search engine.

2.4 A Spectrum of Structure Levels

Data on the web, and in particular the kinds of data we described above, vary significantly initslevel of structure.
The trade-offs involved in structuring data are quite obvious: it takes an effort to create the structure (i.e.,
create schemata, fit the data into the schema, run a database system), but the benefit is more powerful querying
capabilities.

On the Web, this trade-off becomes even more critical. First, our goa is to enable a much broader set of
people to create structured data (e.g., in Google Base and with annotation schemes), and therefore the process
must be very easy. Second, our user baseisincredibly diverse, and therefore querying needsto be easy, structured
data needs to be seamlessly integrated with unstructured data, and when structured data appears, it must be easy
to explain to the user how to interpret it or query it further. Third, the Web offers us some novel points on the
structure spectrum that are valuable to explore. We now examine each of the three cases mentioned above.

The deep web: The deep web represents the most structured data on the web. Although many forms offer search
over document collections, the mgjority of forms offer search into data that is stored in back-end databases and
the form queries get trandated into queries on the database. Hence, the deep web represents a point in the
spectrum where the content creators invested most effort.

Ironically, in many cases, the return on investment for deep web content creators is low. In the early days
of the web, high quality collections of structured data were very few, and therefore they became well known
and thus were able to attract traffic. Today, however, there are too many high-quality sources, but since web-
crawlers do not crawl past forms, the content is invisible to the mgjor web-search engines (and hence to many
users looking for the data). As aresult, these sites get a fraction of the traffic that is relevant to them.?

Google Base: Google Base had to take a much more flexible approach to structuring data. As mentioned before,
the ideais that any content provider can contribute structured data to Google Base, without having any expertise
in data management. There are afew aspects in which Google Base makes it easier to create structure. First, the
data model is kept very simple (objects fall into item types and have attributes). Second, content providers are
not forced into any schema. They can choose item types and attribute names from what Google offers, but can
invent their own. The same applies to values of attributes in the data. Third, the data can be as semi-structured as
the content provider wishes. Specifically, afeed to Google Base can provide as few or as many attributes. Much
of the information associated with a Google Base entry can be in unstructured form or even in aURL pointed to
by the Google Base entry. Aswe discuss later, this relaxed approach to structure raises challenges for ranking
algorithms.

Annotation schemes: Annotation schemes represent the other extreme of structured data on the web. They
require the users to provide very minimal structure (specifically, only the annotations). In asense, itisasif we
attach to every piece of content an attribute isAbout and the annotations provide the values for that attribute.
Clearly, annotations can beincorrect and heterogeneous, i.e., use multiple wordsto say the same thing. However,
the minimal structure provided is already enough to offer improvements in search experience.

Thereis afallback to general web search if there are no results from the customized search engine.
2In some cases, sites have learned to materialize some of their content to enable easier access to web-crawlers.
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3 Integrating Structured and Unstructured Data

The redlity of web search characteristics dictates the following principle to any project that tries to leverage
structured data in web search: querying structured data and presenting answers based on structured data must be
seamlessly integrated into traditional web search. This principle trans ates to the following constraints:

e Queries will be posed (at least initially) as keywords. Users will not pose complex queries of any form.
At best, users will pick refinements (by filling out aform) that might be presented along with the answers
to akeyword query.

e Queries will be posed from one main search destination, e.g., the main page of a search engine. Users
will find it hard to memorize the existence of specialized search engines, especially ones that they use
occasionally. The onus is hence on the general search engine to detect the correct user intention and
automatically activate specialized searches.

e Answers from structured data sources need to (as far as possible) appear along-side regular web-search
results. Ideally, they should not be distinguished from the other results. While the research community
might care about the distinction between structured and un-structured data,® the vast majority of search
users do no appreciate the distinction and only care if the results meet their requirement.

Hence, a significant challenge for each of the efforts mentioned above is to fully integrate into web search.
We now describe the approach that each of the projects take and the challenges they face in pursuing them.

Deep Web: Thetypical solution promoted by work on web-data integration is based on creating avirtual schema
for a particular domain and mappings from the fields of the forms in that domain to the attributes of the virtual
schema. At query time, auser fills out aform in the domain of interest and the query is reformulated as queries
over al (or a subset of) the forms in that domain. In fact, in specific domains (e.g., travel, jobs) this approach
is used to create vertical search engines. For general web search, however, the approach has several limitations
that render it inapplicable in our context.

The first limitation is that the number of domains on the web is large, and even precisely defining the
boundaries of a domain is often tricky (as we describe in the next section). Hence, it is infeasible to design
virtual schemata to provide broad web search on such content.

The second limitation is the amount of information carried in the source descriptions. Although creating
the mappings from web-form fields to the virtual schema attributes can be done at scale (e.g., using techniques
described in[3, 10, 11]), source descriptions need to be much more detailed in order to be of use here. Especialy,
with the numbers of queries on amajor search engine, it is absolutely critical that we send only relevant queries
to the deep web sites; otherwise, the high volume of traffic can potentially crash the sites. For example, for a
car dite, it isimportant to know the geographical locations of the carsit is advertising, and the distribution of car
makes in its database. Even with this additional knowledge, the engine may impose excessive loads on certain
web sites.

The third limitation is our reliance on structured queries. Since queries on the web are typically sets of
keywords, the first step in the reformulation will be to identify the relevant domain(s) of a query and then
mapping the keywords in the query to the fields of the virtual schema for that domain. Thisis a hard problem
that we refer to as query routing.

Finally, the virtual approach makes the search engine reliant on the performance of the deep web sources,
which typically do not satisfy the latency requirements of a web-search engine.

The above disadvantages led us to consider a surfacing approach to deep web content. In this approach, deep
web content is surfaced by simulating form submissions, retrieving answer pages, and putting them into the web
index. The main advantage of the surfacing approach is the ability to re-use existing indexing technology; no
additional indexing structures are necessary. Further, a search is not dependent on the run-time characteristics

3In fact, even as database people investigate the issue deeper, it appears that the distinction is fuzzy to them as well.
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of the underlying sources because the form submissions can be simulated off-line and fetched by a crawler over
time. A deep web source is accessed only when a user selects aweb page that can be crawled from that source.
Similarly, the query-routing issue is mostly avoided because web search is performed on HTML pages as before.
In terms of schemata and source descriptions, the needs of the surfacing approach are lighter. Instead of creating
schemata for individual domains and providing detailed source descriptions, it is enough to identify some way
of crawling the data by filling values for a subset of the form fields (in a sense, finding some access path to the
data). Hence, this approach can be more easily applied to a much broader collection of domains.

Of course, surfacing has its disadvantages, the most significant one is that we |lose the semantics associated
with the pages we are surfacing by ultimately putting HTML pages into the web index. Still, at least the pages
are in the index, and thus can be retrieved for many searches. Other disadvantages are that it is not always
possible to enumerate the data values that make sense for a particular form, and it is easy to create too many
form submissions that are not relevant to a particular source. For example, trying al possible car models and
Zip codes at a used-car site can create about 32 million form submissions — a number significantly larger than
the number of cars for sale in the United States. Finally, not all deep web sources can be surfaced: sites with
robots.txt as well as forms that use the POST method cannot be surfaced.

Google Base: Google Base faces a different integration challenge. Experience has shown that we cannot expect
users to come directly to base.google.com to pose queries targeted solely at Google Base. The vast mgjority
of people are unaware of Google Base and do not understand the distinction between it and the Web index.
Therefore, it is crucia to access Google Base in response to keyword queries posed on Google.com. This leads
to two main challenges:

e Query routing: given akeyword query, decide if there is data relevant in Google Base and map it to a set
of relevant item types in Google Base.

¢ Result ranking: to fully integrate Google Base results we need to rank results across properties. Specifi-
cally, for the query “Honda Civic Mountain View, CA”, there might be answers from multiple item types
in Google Base, from listings of Honda dealers in the bay area (stored in the Google Local database), and
from web documents that may be highly ranked w.r.t. the query.

In some cases, the answer offered by Google Base may be a specific entry (or set of entries) in Google Base.
But in most cases, the answer consists of a few example entries from Google Base and aform that enables the
user to refine the search results. Hence, an additional challenge Google Base needs to address isthat of proposing
appropriate refinements. Google Base proposes a set of attributes with candidate values in select-menus. For
example, choosing vehicle as an item type leads to possible refinements based on the attributes make, model,
color, and location. The user can further continue to restrict search results by choosing specific values in the
select-menus for the attributes. With each successive user refinement, Google Base recomputes the set of further
candidate refinements.

Google Base proposes query refinements by computing histograms on attributes and their values during
query time. It chooses the attributes that best help the user refine the current query. For example, if the user is
interested in “Honda Civic” and the location is restricted to “Mountain View, CA”, then the select-menus values
for color change to reflect only the colors of Honda Civics available in the Mountain View area.

Annotation Schemes: The integration problems faced in the context of annotation schemes are somewhat
simpler. Typically, the annotations can be used to improve recall and ranking for resources that otherwise have
very little meta-data associated with them (e.g., photos, videos).

In the case of Google Co-op, customized search engines can specify query patterns that trigger specific
facets as well as provide hints for re-ranking search results. The annotations that any customized search engine
specifies are visible only within the context of that search engine. However, as we start seeing more custom
search engines, it would be desirable to point users to different engines that might be relevant.
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4 A Database of Everything

The utility of structure-aware search engines has already been demonstrated to some extent by the success of
specialized search engines in specific domains (e.g., travel, weather and local services). Handling content in a
domain-specific way can potentially lead to better ranking and refinement of search results.

However, the challenges described in the earlier sections lead us to the crux of the problem of querying
structured data on the Web: data on the Web is about everything. If the domain of structured data on the web
were well defined, many of the issues we outlined above would disappear (asin the case of successful specialized
search engines).

One could argue that the problem is simply that there are many domains (perhaps a few hundred) and we
should simply model them one by one. However, the issue is much deeper. Data on the Web encompasses much
of human knowledge, and therefore it is not even possible to model all the possible domains. Furthermore, it is
not even clear what constitutes a single domain. Facets of human knowledge and information about the world
are related in very complex ways, making it nearly impossible to decide where one domain ends and another
begins. The only broad attempt to model human knowledge, the Cyc Project [2], has been going on for about
two decades and has met with only limited success.

Evenif it were possible to build arepresentation of all the domainsthat appear on the Web, the representation
would be inherently brittle and hard to maintain. It is hard enough to manage heterogeneity in a single domain,
imagine trying to do it at such scale. And if that was not bad enough, you need to maintain the representation in
over ahundred languages.

Currently, several solutions are being deployed for addressing the needs of each of the existing services. In
parallel with addressing these needs, we are devel oping some general concepts that will enable us to deal with
such challenges in a unified way.

The key idea we are pursuing is that of a system that integrates data from multiple sources but is designed
to handle uncertainty at its core. Specifically, uncertainty in such a system can have severa sources:

e mapping keyword queries into structured queries on a structured data feed,

e mappings between the schemas of disparate data sources, and

e uncertainty about the actual datain the system, that may have been extracted from unstructured document

using automatic techniques.

In the contexts described above, such a system will enable us to let many structures (i.e., schemas) exist
but without the need to completely integrate them as required by today’s data integration systems. Instead of
necessarily creating mappings between data sources and a virtual schema, we will rely much more heavily
on schema clustering. Clustering lets us measure how close two schemas are to each other, without actually
having to map each of them to avirtual schemain a particular domain. As such, schemas may belong to many
clusters, thereby gracefully handling complex relationships between domains. Keyword queries will be mapped
to clusters of schemas, and at that point we will try to apply approximate schema mappings in order to leverage
data from multiple sources to answer queries. The system we envision is an instance of a dataspace support
platform [5, 9], where we structure the datain the system in a pay-as-you-go fashion. We offer some more detail
about such asystemin [12].

5 Conclusions

There are staggering amounts of structured data on the Web today, and we must finally address the challenge
of leveraging such data and combining it with unstructured data. This paper described three main sources
of structured data, the deep web, Google Base and a variety of annotation schemes, and outlined the main
challenges involved in querying this data.
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From the perspective of data management, we are used to thinking in terms of a dichotomy between struc-
tured data and unstructured data, and the Structure Chasm that lies between them [8]. Web-scale heterogeneity,
i.e., datain millions of disparate schemata, presents a unique point between the two ends of the chasm. Our goal
isto build a data management platform that can be applied to these collections of data, but to do so, we need to
change some of the assumptions we typically have when dealing with heterogeneous data. We believe that the
most significant of these challenges is building a data management system that can model all data, rather than
datathat in a particular domain, described by a single schema.
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Abstract

IBM’s Semantic Super Computing platform has been designed to ingest, augment, store, index and
support queries on hillions of documents. 1t faces a number of requirements and challenges not found in
similar, smaller content management systems. e describe some of these challenges and |essons |earned
in the areas of solution design, hardware, operations, middleware, algorithms and testing.

1 Introduction

As document repositories approach the multiple billion document level, users are finding that simple search no
longer meets al of their information retrieval requirements and traditional approaches to other content man-
agement functions are proving to be inadequate. As a result, research is focusing on new architectures and
technol ogies that enable the development of the next generation of advanced information management applica-
tions.

Over the last 8 years we have built a Web-scal e content management system [12, 8] to collect, analyze, store
and serve billions of documents. In doing so, we have encountered a number of ways in which such systems
must differ from traditional content management systems. Even though our initial focus was Web data, we've
found that many companies have similarly large collections of data and information needs.

In this paper, we present several of our hard-won lessons for handling information storage, retrieval and anal-
ysis requirements at the multiple billion document level. These include new insights in the areas of information
discovery, data sampling, performance management, system administration and operations.

2 System Considerations

2.1 Discovery is more than Search

Corporate document archives have rapidly moved to the multiple billion document level under the pressures of
various regulatory and compliance rulings. Asour clients begin to leverage increasingly valuable information
out of these unstructured document archives, they are finding that ssmple search, while a valuable tool, is not
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Figure 1: Discovery is more than search. An analyst may be interested in the names of companies most fre-
guently mentioned with OPEC ministers, and the relationship between the ministers and the companies based on
Internet data (Ieft). Another analyst might be interested in the TV networks watched most by users of a popular
on-line community site, broken down by male and female users (right). In both cases the information being
sought is aggregated at a high level and presented in a business intelligence like manner - very unlike traditional
search responses.

enough. Any one search request may match a very large number of documents. Simply listing the 150,000 hits
is not an option. Analysts need tools similar to the “big picture” business intelligence reports common in the
structured data domain.

We refer to such suites of tools as Discovery. Discovery applications support the production of charts,
graphs, plots and other visualizations, as well as alowing drill-down to the source documents that support them
(see Figure 1 for examples). They allow the definition of complex annotations and taxonomies, with subsequent
application of such knowledge structures to arbitrary corpora. For example, if the corpus was a corporate email
spool being examined for a compliance application, an annotator might be looking for something that could
be construed as a stock tip. A pharmaceutical company might want to scour web data for potential patent
violations. Discovery systems must support aerts or triggers, which run when new data enters the system or
conditions change. Analysts need to be able to track atopic over time [14].

These more mature information needs impact the underlying infrastructure with anumber of novel functional
and non-functional requirements. There are certain query operators that are not common to the pure search
domain, such as aggregation and reporting of accurate matching result cardinality (as opposed to the “ estimates”
that traditional search engines might provide — see Broder et. al. [5] for an example of the problems here). Since
many of these plots require multiple (often thousands) of underlying “searches’, the system has fairly rigorous
performance requirements so as to be able to return the results to the user in seconds rather than hours.

Unstructured data requires the generation of metadata in documents to support general and task-specific
queries. Most authors do not (and in many cases cannot) anticipate all of the tags that might be needed someday,
and the size of the corpus makes manual tagging impossible. Robust automatic metadata annotation systems,
such asUIMA [9, 11], are required to derive the higher-level concepts that need to be queried. Inthe examplein
Figure 1 (right), we are looking at “network prime time shows” mentioned on the web, even though that exact
phrase probably does not occur. Instead, at ingestion time, an annotator examines each document and identifies
shows that are being mentioned in any of a number of ways, and then annotates the document with metadata
indicating which network the show is carried on.
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Figure 2: Enhanced search with additional result set statistics displayed in the sidebar.

Once the results are assembled, they need to be presented in a meaningful way. Such visualization also
requires the ability to drill down to the supporting documents, as the underlying information may not be as
accurate as is typical in more structured domains. Because of this, analysts find the ability to rapidly “spot
check” certain results essential.

Thisis not to say that the system doesn’t support keyword search queries. We've observed that most users
begin to explore the system using keyword search, asit provides afamiliar interface and a“feel” for the under-
lying data. Search therefore remains a core function of any unstructured management system and has to be done
well.

Providing areasonable level of abstraction between the applications and infrastructure requires awell defined
API by which the applications can issue their questions and receive answers. This semi-structured query lan-
guage alows traditional business intelligence style aggregation operators (e.g., COUNT, GROUPBY, UNION,
INTERSECTION and their combinations) over lower level more search like subqueries such as ("IBM” or
"1.B.M.") NEAR "DB2". Due to the complex nature of these queries we use a tree structure (i.e., XML) to
represent queries rather than aleft-to-right structure, but it otherwise the API strongly evidences its SQL roots.

2.2 People are not going to learn something new unless they have to

A user interface for discovering information buried within a large corpus of data poses challenges in itself,
namely how the users interact with and drive the system. We have found that our clients are not naive users, thus
a certain amount of analytic expertise and sophistication can be assumed. Nevertheless, a successful solution
needs to be simple enough to provide a shallow learning curve, but powerful enough to allow experienced users
to achieve maximum benefit. We are guided by the following principles:

e Don't overly complicate the system — it should be simple to start using the tools, even though the tools
themselves may be quite complex. We shouldn’'t require the users to thoroughly understand everything
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before they can start achieving results. To quote Alan Kay, “Simple things should be simple, complex
things should be possible”

e Employ paradigms users are familiar with — if the users just want to do a simple search, let them. Use
familiar visual cues, such as search bars, graphs and navigation (links) between tools. It doesn't matter if
a“better” approach istwice asfast if it takes years to learn how to use it.

e Interconnect as much as possible — relate functions together so that users can move between different
tools/views of data. We provide applications that go beyond search. Combining search with other func-
tions puts users in a familiar setting while augmenting the results with more detail, such as aggregate
data. People understand search, but visualizing more information than just aresult list can provide afuller
picture of the underlying data. For example, searching on a keyword returns a page showing not only a
subset of matched documents, but also a distribution of the top k instances of various entities as found in
the entire result set, e.g. names, email addresses, and dates. Users can then drill down or filter on any of
these entities. See Figure 2 for an example of such a system.

e Grasping capabilities is not easy — users can start with search, and through it learn to harness more power
of the analytics. However, thisis a system for analysts — actually understanding the big picture in the data
returned requires the experience to separate the valuable details from the chaff.

e Give users the power to narrow the corpus — alowing users to run analytics over a smaller set of docu-
ments lets them work within a manageable problem domain and reduces noise from irrelevant data. For
example, users can reduce the scope by collections of sites; sets of entities such as documents containing
names, emails or other sets; and other queries. Thisis especially useful when the users can create source
collections of “authoritative” sources for aparticular domain. Depending on the query, authoritative might
be the MTV web site, or the American Heart Association — but few queries benefit from including both.

2.3 Sample early, sample often, and leave everything to chance

The benefits of sampling in traditional structured databases in the context of business intelligence type queriesis
well known. We have found that similar benefits can be derived from equivalent approaches in the unstructured
content management domains that our clients are interested in.

If one has over 2 petabytes of data, streaming the entire corpus off disk and through the processors can
take severa days, even for afairly large cluster. This means that for real-time query processing some kind of
sampling isamust, especialy for business intelligence style applications. Fortunately, statistical sampling pro-
vides significant performance advantages over traditional full-scan systemswhile still delivering highly accurate
results.

Making a virtue out of this requirement, we have found that embracing random distribution simplifies and
enhances many aspects of our platform. Documents are randomly distributed across the cluster by hashing a
primary key (e.g. URL) to a cryptographically random 128 bit Unique Entity Identifier (UEID) and using the
low order bits of this UEID to determine which node of the cluster to assign the document to.

This random assignment allows for the even distribution of documents across the cluster with minimal
overhead, and makes it easy to determine where any given document resides on the cluster. A uniform and
random distribution can be assumed, enabling analytics to pursue several approaches for random sampling.

In addition, the index on each node returns documents in UEID order (that is, fixed but random). Thus any
sample out of an index is an unbiased sample of al the data on that node, which is an unbiased sample of all
the data on the cluster. This allows queries such as “how many documents mention IBM in the same sentence
as adatabase” to be processed through an estimator that converges like a standard polling sample. Typical 99%
confidence level on a 50% true response from the entire population would have a margin of error:

MoE ~1.29/v2n
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The factor of 2 is due to the index only returning positive hits (the negatives being the documents the index
doesn’t return). So if 10,000 samples are pulled (even off just a single node), the margin of error is 0.91% —
probably good enough for most purposes. It should be noted that this serves as an upper bound. The actual
MoF converges faster if the sample represents more or less than half the documents. Larger samples can easily
be drawn nearly as quickly by consulting multiple nodes, but the M oFE decreases non-linearly due to the square
root. Unsurprisingly, it is much faster to pull 10,000 examples than it isto pull the entire 6 billion documents.

One example application which takes advantage of this sampling in our system allows users to search for the
top websites (as opposed to web pages) discussing a specific query topic. Without storing website information
directly in postings lists, this type of query would take prohibitively long without random sampling: it would be
necessary to look up the hosthame for each document hit, and aggregate across all matches. Random sampling
allows us to examine arelatively small portion of the entire corpus, while retaining confidence in the accuracy
of the result set.

New approaches to sample from a sorted index have recently been published in [5, 6]. However, the number
of disk seeks required by these solutions is still orders of magnitude higher compared to using an index that
already provides a uniform and random distribution. Most discovery applications rely on sampling to provide
summaries of the underlying data. As such, we have found that an infrastructure that is optimized for these use
cases is beneficial.

3 Hardware Observations

3.1 /O isthe bottleneck

With very large amounts of data it is almost always the case that the data an application is looking for isnot in
local memory — it either resides on local disk, or on a machine somewhere else on the local network. Any 1/0
operation goes through multiple layers. application call in user space, the file system or TCP stack in the kernel,
and the network card or disk system in reality. Not surprisingly, with all these steps, there are very few analytics
that do not end up bounded at some point by the amount of available I/O bandwidth.

For the disk subsystem, a sequential read performance on the order of 100 MB/sec is typical when using
enterprise class drives and aRAID configuration. However, with discovery applications sequential accessisrare.
Much more common is randomly accessing many small files (on the order of 30kB each). Due to inefficiencies
in every level of the I/O stack, a more redistic performance point for these smaller data units is 1-10 MB/sec,
a drop of one or two orders of magnitude. This “narrow straw” to the data means that for semantic super
computing systems handling billions of text documents, performance is often more limited by slow 1/O than by
lack of processing power.

One solution is to increase the number of “straws’. Thisis one of the pressures that drives semantic super
computing systems to scale out to large numbers of commodity systems: each provides one such straw. Taken
together, a 256-node system can begin to process data at rates that allow reasonable performance at billions.

3.2 Newton’s Law trumps Moore’s Law

Why are the disk seek times so poor? Ultimately the culprit is that disk seek times have not shrunk nearly as fast
as CPU speed has grown, because there are fundamental limitations on how fast a disk head can be accelerated
and decelerated. This meansthat thetimeit takes to seek to alocation on adisk and read a document (in this case
around 30kB) quickly becomes alimiting factor. Making this even worse is that disk sizes are rapidly growing,
thus leading to a tendency to reduce the number of disks that can be working in parallel.

Techniques like Asynchronous 1/0 (AlO) and Tagged Queuing emerging on SATA drives have helped, but
ultimately some classes of problems are limited by this underlying seek time. This means that the most mean-
ingful way to improve performance are optimizations throughout the 1/0O stack to limit seek counts. Additional
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strategies are to get more disks working on the problem in parallel through further distribution of the RAID
arrays, optimization of allocation strategy, and the optimization of directory structure balancing algorithms.

Even with the directory tree traversal requiring multiple seeks, astonishing performance for both random
reads and writes for file systems with up to one million files has been achieved. However, as one moves to
billions of files, the overhead of managing thousands of separate file systems becomes prohibitive. We hope that
in the near future, commercial file systems will be able to scale comfortably to over abillion files.

Until then, distribution of data across multiple file systems is the only solution. Taking advantage of dis-
tributed solutions leads to the question of how many nodes are required. Even at 256 nodes, each node needs to
manage roughly four million files to reach abillion. At first glance, this seems to be well within the theoretical
limit for the most commonly available file system implementations. In practice, as available space for allocation
shrinks, a whole set of factors such as disk response time, RAID overhead, directory tree size and file system
fragmentation can have a negative effect. The performance implications of storing well over 20 million filesinto
afile system are significantly worse than initialy anticipated. Overall performance deteriorates by more than
60% on average.

Some file system implementations deteriorate more rapidly than others. However, the trend is shared among
al examined file systems, with significant performance degradation at volumes lower than 50% of their maxi-
mum theoretical limits. The good newsisthat off-the-shelf file systems can cope with millions of filesin asingle
file systemif the directory layout is carefully designed. The random reads required by discovery applications are
more than an order of magnitude more costly than sequential reads. This single consideration seems to dominate
effective read performance within our experiments. Intuitively, one would think that smaller directories with a
three- or four-level deep directory structure would be optimal for such file systems as ReiserFS or XFS. How-
ever, thisis not the case, as they often perform better when the millions of files are stored in a single directory.
The results of our experiments suggest that systems need to be developed that perform well in al variations of
the Create, Read, Update, Delete (CRUD) process, even when scaled to billions of files.

4 Operational Aspects

4.1 Cluster management by log file doesn’t work

Like a high-performance race car, any large-scale computing environment requires a solid base supported by
constant tuning. Spend too much time sifting through mountains of system and application details and key
trends, alerts, cycles and patterns are missed. Typical IT shops achieve a server-to-admin ratio of about 20:1.
To improve that ratio by an order of magnitude, one must develop and deploy the proper toolset that provides
efficiency and automation. In our environment, we leverage a variety of complementary technologies and prod-
ucts that enable us to achieve desired uptime and monitoring goals, as well as drastically reduce the number
of administrators required. The suite of technologies employed ranges from a proprietary cluster management
solution to freely available open source toolsets such as Nagios [3], MRTG [2], System Imager [4], etc.

We established Nagios as our central repository for the critical system and operational data, then used its
robust alerting engine to build proper rules. Using Nagios' SNM P capabilities, we configured our cluster to gen-
erate alerts on avariety of issues such as disk failures, RAID rebuild warnings, high environment temperatures,
SSL certificate expiration, and more. Through the use of custom plug-ins, we extended the use of Nagios to
monitor thousands of web services in our service oriented architecture.

MRTG's graphing engine is used to graph any numerical output. We use MRTG to visualize al real-time
performance and operational status, whether it be SNMP or application-generated data. As problems occur, this
technique reduces the time spent performing costly root cause analyses, and also serves as a key quality control
tool. The ability to get high-level summaries of trends and issues is critical as examining low-level alerts from
thousands of machines on adaily basis is laboriously expensive.
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System Imager excels at deploying images to identical or similarly-configured hardware configurations.
Using a static DHCP and PXE-based boot process, cluster installations for 1000 servers can be performed in
under 12 hours by a single person. It aso makes for an effective disaster recovery tool. We deployed two
enterprise management tools created by IBM Research to improve our operational efficiencies. IBM’s Cluster
Management System launches and manages the thousands of web services in our cluster, organizing services
and machines into logical groupings that enabled one-click operations. We also implemented BlueBoard [15],
a touch screen-based tool that utilizes variable-length, multi-dimensional “star” icons to represent system or
application status. An operator can spend a few minutes reviewing the cluster operations using this interactive
tool, with problem details and closure being only afew finger taps away.

Finding the right toolset for a cluster environment is key. By reducing the time administrators spend col-
lecting and analyzing an environment’s system and operational data, they will have more time to fine-tune your
high-performance race car.

4.2 SLAs are odd

Negotiating service level agreements with hosting centers for a semantic super computing cluster differs from
the traditional data center expectations, where upwards of 99% server availability is the rule. Hosting a very
large cluster under such a simple performance metric is not particularly meaningful, as well as cost-prohibitive.
Thiskind of machine-level availability isrequired if the ability to query the data hinges on every machine being
responsive. In such cases, given:

e A node count of N
e A node availability rate of P(SA)
e An assumption that node failures are independent

the probability of query availability (P(QA)) can be expressed by

P(QA) = P(SA)Y

Assuming a 256-node cluster with one machine per node, to achieve a typical data availability target of 95%
would require an expensive node availability target of 99.98%. Traditionally, this would often be implemented
with redundant hardware, double-ended access to storage volumes, and other fairly expensive approaches.

Fortunately, due to sampling, our business intelligence style analytics do not require near-complete data
availability to be able to support meaningful sampling and aggregation. As discussed in Section 2.3, we ran-
domly distribute the data across the cluster, so sampling can be done on any available nodes without bias. For
a given query, we merely need to identify how many nodes are needed to provide an estimate within the error
bounds required of the sample.

We have found that for the kinds of questions our clients are interested in, solutions will perform well if at
least 80% of the nodes are available. Thus, for our 256 node example we need:

256 956
o neqp o (256—n)
CEED) (%0 pesara- pisay
To achieve a data consistency service level of 95%, we only need a single-node service availability of 85% - a
much more cost effective service point.

Why all this focus on SLAs and availability? With large systems, failures are not arisk but a certainty. Our
super computing cluster experiences over 350 hard drive failures a year, 20 CPU failures, and numerous power
supply failures, memory module failures, etc. The moreflexibility available to address these problems, the lower
the cost of doing so. While not quite “fail in place” [10], the 85% target provides us the ability to handle small
and medium outages without degradation of data quality for our customers and their analytic applications.
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5 Middleware Characteristics

5.1 Scatter/gather is non-trivial at 256 nodes and up

The promise of scale-out performance improvement is predicated on the ability to efficiently scatter queries to
a cluster and gather the results back. Initially, seamless linear scaling can be achieved with simple solutions.
As the degree of system scale-out increases, so does its complexity, both from hardware- and software-stack
perspectives. Logicaly a client connects to a multiplexer component for a single entry point which hides the
underlying large-scale complex system. Ideally, clients maintain a high degree of abstraction both at the logical
and physical layers. The client should only be aware of very simple interaction parameters, which in this case
are mostly time constants on query response. Redlity though, is somewhat more complex. Consider what can
go wrong when a query is sent out to 256 nodes:

e Some of the 256 nodes will almost certainly not be online (see Section 4.2).

e Of those online, afew might be either hung or responding very slowly due to hardware issues, machine
load, periodic maintenance or upgrades, etc.

e The network switch or the multiplexer machine may become overwhelmed with traffic and start dropping
or corrupting packets, run out of resources such as memory or socket descriptors.

e Mismatched network driver configurations may result in packet errors or performance degradation due to
different MTU sizes or default duplex settings, which are not uniform in multi-vendor environments.

e Other issues include exceeding the maximum number of open file handles; inconsistencies within the
system-wide configuration (kernel, memory, binaries, etc); and inconsistent access control configuration
on runtime directories.

We have seen all of these problems and more. Asaresult, there isno such thing asa“maximum time” aquery to
the cluster may take, since at least one node will always time out. The multiplexer abstracts out this complexity,
by hiding the detailed configuration and states of the system. It is required to handle error conditions, failures
and partial failures of all related components. The multiplexer is aso responsible for scattering the request to
the individual components and gathering the results back. Each component executes independently, without
any information about other nodes. Through the use of a highly optimized multiplexer, near-linear performance
scaling has been achieved as the system scaled to the hundreds of nodes.

Thereisno single error-handling strategy that fulfills the needs of al clients. Instead, the state of each node
isreported, so that the client can decide what the appropriate course of action is. The client can specify the mode
of operation, which is used to tune the query execution.

6 Data Representation and Algorithmic Insights

6.1 One kilobyte per document over 6 billion documents is 6 terabytes

When dealing with very large numbers of documents it becomes necessary to pay a high degree of attention to
the way storage trade-offs are handled that is quite foreign to today’s programmers. Considerable thought must
go into trading space for speed, data representations, and blob storage, or the system can quickly run out of
space and/or get bogged down in 1/0O.

Semantic super computing systems constantly need to balance CPU usage against storage usage. Disk space
can be preserved by compressing data and metadata or by generating metadata on demand — trading additional
CPU overhead for less storage and 1/0. Conversely, if the system has to respond as fast as possible, storing
everything uncompressed may be the best solution. What to store and how to store it gainsin importance, as the
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size of the corpus grows. One additional kilobyte per document over one billion documents requires an extra
terabyte of storage. Furthermore, a larger corpus complicates the migration from one data format to another.
Analyzing the storage footprint of an annotator and peer-reviewing the chosen data format becomes increasingly
important.

Finding a good trade-off between CPU and storage can be tricky. We found that the best solutions are often
counter-intuitive. In semantic applications that focus on unstructured textual information, standard compression
using gzip[7] provides an excellent level of space savings at a reasonable performance cost. We apply gzip to
the whole document and all metadata before committing it to disk. One surprising insight isthat human-readable
formats can outperform “hand tuned” binary formats after compression [13]. For example, representing an array
of numbers as astring of white space separated valuesyields same or better data size after compression compared
to abinary representation using BER encoding[1]. In addition, human readability clearly benefits devel opers as
it smplifies debugging.

Another finding is that the use of Base64 encoding (a typical approach for placing “blobs” in XML) has
surprisingly severe CPU and storage overheads. Some of this is obvious — Base64-encoded documents are
roughly 30% larger than the original content, but thereisamoreinsidious effect when compression is considered:
the encoded content compresses quite poorly because arepeated sequence of bytesin the original document may
be encoded in three different ways depending on the alignment in the data string, resulting in a potentially large
decrease in compression efficiency.

Most data structures in our system contain large amounts of textual data, augmented with some binary data.
One example is tokenized content, which contains each token (string), an offset (integer) and alength (integer).
Wefound that converting the binary integer data to text resultsin better performance, lower storage requirements
and easier debugging, than serializing such a data structure into a binary representation.

6.2 The need for speed, and 5% is only 1 part in 20

As is the case with any project that has a strong research component, there is aways a desire to improve the
algorithms used. But because we deal with such large volumes of data, this desire for increased accuracy must
be balanced against the net performance impact when applying the algorithm across billions of documents.

Consider an algorithm that has been improved to produce results which are 5% more accurate than its
predecessor. If oneis given an infinite amount of time, and/or infinite computing resources, then the algorithm
could be applied to a complete corpus and would result in an improvement in accuracy.

But in the absence of infinite time or computing resources, trade-offs need to be made. If the improved
algorithm is quite a bit slower than the older algorithm, then it will process fewer samples in its alotted time.
Fewer samples would likely produce overall less accurate results, even after taking into account the improved
precision.

Due to the use of sampling for much of our work there is one aspect where it is almost aways worthwhile
to strive for improved algorithms: the removal of bias. Algorithms that introduce systematic bias or errors will
produce bad results no matter how many samples are used.

7 Testing

7.1 When testing in the billions, “good enough” is not good enough

According to Murphy’s law, whatever can go wrong will gowrong. Thisis especially applicable when designing
asolution that is meant to process billions of documents. Consider the implementation of an efficient tokenizer,
which needs to process thousands of pages per second. To avoid costly memory allocations, it may assume
that no token is larger than 32 bytes, and pre-allocate memory accordingly. This implementation may work
on atest run of amillion documents, but will invariably encounter problems when applied to billion document
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corpora. For example, long concatenated nouns are common in German. Moreover, some data sources provide
lower-quality data, such as Web pages with thousands of words and not a single white-space separator.

The above example may seem trivia, but when architecting a robust analytics platform that leverages in-
house and third-party annotators [9, 11], and needs to survive whatever oddity it encounters, the only way to
copeis by defensive design. No amount of testing can cover al scenarios that may eventually occur. The system
must be able to gracefully handle crashing annotators without requiring manual intervention.

On the other hand, too much self-healing may degrade overall performance, necessitating the termination
of a defective annotator. Unfortunately, most complex annotations depend on a chain of annotators that work
in concert, and having one of them ejected can produce unpredictable results. Once again, there is no perfect
solution. Just because acomponent was tested against a million documents, doesn’t mean that it will survive the
rigors of abillion pages.

8 Conclusions

In this paper, we presented our hard-won lessons for handling information storage, retrieval and analysisrequire-
ments at the multiple billion document level. We showed how, at this level, some of the traditional approaches
to information management no longer apply, and how some of the best approaches may initially seem counter-
intuitive. We hope that our experience proves useful for those designing their own large scale document systems.
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Abstract

Web search engines have become the primary method of accessing information on the web. Billions of
gueries are submitted to major web search engines, reflecting a wide range of information needs. While
significant progress has been made on improving the relevance of the results, web search process often
remains a frustrating experience. At the same time, web information extraction has seen tremendous
progress, such that knowledge bases of millions of facts extracted from the web are now a reality. Yet
itisnot clear how effectively these knowledge bases support common user information needs. We posit
that a key for web information extraction to significantly impact the web search experience isto connect
the extraction process with user modeling, particularly with automatic methods for inferring user in-
formation needs and anticipated interaction patterns. In this paper we overview some recent efforts for
user modeling and inferring user preferences in the context of closing the gap between web information
extraction and user modeling.

1 Introduction

The ultimate goal of web search is to provide answers for user information needs — where the answers may be
documents, lists of items for sale, lists of structured objects, or even multi-document summaries. According
to recent studies, between 39% and 60% of the queries submitted to web search engines are informational in
nature [9]. The information needs behind the queries have been specifically classified into Directed, Undirected,
Advice, Locate, and List categories. Of these, the Directed, Undirected, and L ocate categories account for more
than 56% of al queries [35]. Many of these information needs may be answered more effectively by providing
structured information —by allowing precise queries, and integrating and aggregating relevant information from
multiple documents.

Significant progress has been made on scalable and accurate web information extraction, alowing state-of-
the-art systems to automatically extract knowledge bases of millions of facts from hundreds of millions of web
pages (e.g., [17, 31]), thus bridging the gap between structured and unstructured data. These efforts have focused
on accuracy and scalability of information extraction. Yet, a different gap —between user modeling to infer user
information needs and the information extraction process— remains largely open. Recently, user behavior has
been shown to be one of the most valuable indicators for accurate web search (e.g., [1]), and is becoming
increasingly useful as more powerful and unobtrusive monitoring and analysis techniques are developed. The
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guestion we explore in this paper is how user behavior —via user modeling— might be useful to guide and tune
web information extraction. We describe the building blocks towards bridging the gap between web information
extraction (Section 2) and user modeling (Section 3), and outline related research questions that we currently
pursuing (Section 4).

2 Web Information Extraction: User Control vs. Effort

We briefly survey web information extraction from the user perspective —focusing on the experience of a casual
web searcher rather than a developer or sophisticated analyst. Information extraction refers to the process of
representing information in text in a structured form, and representative tasks include identifying entities, facts,
events and relations extracted from the documents in either the surface web [28] or in the “deep web” [32]. We
briefly review different types of extraction systems, categorized by the way the user input is solicited, and how
it isincorporated into the extraction process. Thisis not a comprehensive review, and we only mention a few
representative systems among the many influential information extraction systems reported.

Language Engineering: This approach to information extraction has stood the test of time as the resulting
systems performed consistently well in DARPA-sponsored complex information extraction scenarios such as
terrorist attacks, natural disasters, and corporate succession events extracted mostly from newspaper text. These
systems offer rich development environments for constructing, manipulating, and testing extraction rules and
lexicons for a variety of information extraction steps. With sufficient domain knowledge, resources, and expert
tuning, this approach can result in highly accurate systems. A prominent example is the PET system [38],
developed by the Proteus project at the New York University. PET allows a system user (typically a domain
expert or developer) to create, generaize, and test extraction patterns based on the manual examination of
example text documents. Another example of a language-engineering environment is GATE [15], a system
developed at the University of Sheffield. In both systems, the actual users of the final extraction system either
need to acquire the expertise with the engineering environment (an unlikely prospect), or more commonly must
interact with the developers to build a system that supports the users information needs. Typically thisis an
iterative process that may require weeks or months depending on the complexity of the task.

Supervised Machine Learning: A promising approach is to automatically train an information extraction
system and generate rules or extraction patterns for new tasks. The training is done over a large manually
tagged corpus, where a system can apply machine learning technigues to generate extraction patterns. Examples
of such systems include CRY STAL [20], BWI [25], and Rapier [11], and successful extraction tasks include
address segmentation, entity tagging, resume field extraction, gene and protein interactions and many others. A
drawback of this approach is the need for alarge tagged corpus, which involves a significant amount of manual
labor to create. To reduce the amount of required annotation, the AutoSlug system [33] generated extraction
patterns automatically by using a training corpus of documents labeled as either relevant or irrelevant for the
topic. This requires less manual labor than annotating the documents, but nevertheless the effort involved is
substantial. In all cases above, alarge annotated corpus was created - a daunting prospect for most casual users.
In this setting, the user “interacts’ with the system by defining the target entity types and relations or templates,
and providing many tagged training instances. The user needs are then “frozen” in the beginning of the training
process. Unfortunately, as user needs evolve, or the text corpus changes, the labeling process would have to be
re-done, potentially from scratch.

Partially Supervised Machine Learning: A powerful approach to exploiting large amounts of un-annotated
text was proposed in [14, 39], where starting with afew seed extraction patterns, a system can acquire and refine
additional patterns. In this setting, the user may either provide patterns directly, select and possibly extend some
subset of patterns in the system, or interact with the environment (e.g., Proteus) to build patterns. A significant
improvement to the approach was introduced by the KnowltAll system [17] and subsequent variants, which starts
with general patterns (shared by all extraction tasks) and proceeds to automatically refine and generate specific
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rules for particular classes of entities or relationships. A different approach was recently developed in the ODIE
project [23, 36] for automatically clustering and classifying co-occurring pairs of entities given a description of
the topic of interest. In this setting, the user input is limited to a description (e.g., a few keywords) for atopic,
and the system attempts to discover important relations and entities. More recently, the URES system [19] was
introduced that operates similarly, but focuses on the rare tuples by generating more flexible extraction patterns
(e.g., with gaps). These approaches are —by design— almost completely unsupervised, or data-driven, and hence
the user has minimal participation in the extraction process per se. Rather, a user may provide restrictions at
query time by specifying the type(s) of entities or relations to use to process the query.

A complementary approach for extracting relations was introduced by DIPRE [8] and significantly extended

in the Showball system [5, 6]. Snhowball starts with a few user-provided examples, or seed tuples, for the
target relation. To identify new tuples, the named entities of interest must be embedded in similar contexts as
the seed tuples. Showball was designed to be flexible about variations inherent in natural language text and
can in some cases discover a vast majority of the tuples in a collection while starting with just a few example
tuples. This variant of partially-supervised extraction allows a user to focus on particular subset of tuples by
manipulating the seed tuples. Nevertheless, both pattern-seeded and tuple-seeded approaches assume a “batch”
mode of interaction (i.e., that the same relations will be used in the future) and is not amenable to “one-of”
guestion answering, or on-demand extraction; Also, such systems may have to be re-tuned (albeit at much lower
costs) for new tasks or with changes in the user information needs.
Web Question Answering: The task of returning short answers to natural language questions — where the
user information need is inferred at query time is commonly referred to as question answering (QA). Many
question answering systems are represented in the yearly TREC Question Answering competition (e.g., [37]).
For example, Moldovan et al., and Aliod et al. [29, 3] present systems that re-rank and postprocess the results
of regular information retrieval systems with the goa of returning the best passages. Cardie et al. [12] describe
a system that combines statistical and linguistic knowledge for question answering and employs sophisticated
linguistic filters to postprocess the retrieved documents and extract the most promising passages to answer a
guestion. In all cases, the user (in principle) can specify any information need over supported answer types at
query time. In practice, the questions usually are simple “factoid” question —that could be extracted from a short
string in a single document, and thus a QA system typically cannot support aggregate queries, range queries and
joins that would be possible if the information was pre-computed by an information extraction system. In order
to pre-extract the necessary information to answer such queries, good understanding of the user information
needs and the anticipated interactions and access patterns is required, as we discuss next.

3 User Modeling: What Do Users Want?

Understanding user information needs and query intents are crucial tasks for accurate information retrieval and
web search. Asinformation needs vary widely, user modeling research evolved largely aong two paths: care-
ful manual analysis of the queries and the information needs behind them, as well as automatically inferring
information need through models of observable actions of varying complexity (e.g., query refinements, result
interactions, and browsing patterns). Again, this section is not meant to be a comprehensive overview of user
modeling (please refer to excellent books on the subject, e.g., [27]). Rather, we focus on techniques we devel-
oped recently that may be helpful for improving web information extraction performance.

3.1 Manual Analysis of User Information Needs

Among many domains that have benefited from information extraction, some of the most extensive user and
guery modeling and analysis has been done for factoid question answering [37], and an important variant of the
task, medical question answering (e.g., [26]). Other domains include shopping, image and library search (e.g.,
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faceted search and browsing [16]) for which distinct user model s have been devel oped based on extensive manual
analysis. In the TREC domain, fine-grained question types have been developed, such as the 140 question-type
Webclopedia question taxonomy [21], with associated rules for mapping questions to answer types. As another
related approach, [22] used alarge number of dictionaries, or lists, some of which were constructed dynamically
by querying sites such as Amazon.com based on careful analysis of previous, and anticipated, TREC QA queries.

100 FeET Relation Dype 2 |Insiance %
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Figure 1. Coverage of queries by type and token (a) and the list of the most frequently queried relation types
(b) [4].

In the web search domain, questions do not necessarily follow the TREC model as the TREC questions are
grammatical, and well-formed, whereas the web questions are often short, and vague. To better understand the
user needs expressed in web search, we performed an extensive examination of more than 2,000 question-like
queries sampled from the millions of queries submitted to the web-searchable Microsoft Encarta. Specifically,
we focused on questions that could be answered by some binary (and possibly tertiary) relation. Interestingly,
afairly small set of relations cover alarge fraction of user queries. Figure 1 (a) reports the number of relations
(horizontal axes) that results in the reported coverage as a percentage of factoid questions in the sample (vertical
axes). For illustration, Figure 1 (b) lists the relations identified by our annotators as most frequently needed to
answer the questions in query log. From the sample, fewer than 25 relations are needed to cover more than 50%
of the queries, with a very skewed frequency distribution of both relation types and relation instances. Refer-
ence [4] isapromising step towards answering factoid questions using knowledge bases extracted from trusted
resources or the web. The skewed distribution of relationships observed in the annotated queries indicates that a
limited number of fact tables can cover the bulk of user factoid questions. This approach could be extended to
handling complex questions through decomposition into simpler factoid questions. Our results suggest focusing
computational and annotation resources on extracting fact tables for frequently queried relationships, and on
mapping user questions to appropriate relations. While for particularly important resources or questions types
we could manually analyze query logs for re-tuning extraction, a more promising approach would be to auto-
matically identify user interests, preferences, and access strategies from observable behavior data as we describe
next.

3.2 Automatic Analysis of User Behavior to Infer Information Needs and Preferences

The best indicator of user intent and interest and relevance of resultsis explicit human feedback. Unfortunately,
such feedback is expensive, and often not realistic to obtain. Hence, reducing the dependence on explicit human
judgments by using implicit relevance feedback has been an active topic of research. Severa research groups
have evaluated the relationship between implicit measures and user interest. For example, reference [30] pre-
sented a framework for characterizing observable user behaviors using two dimensions-the underlying purpose
of the observed behavior and the scope of the item being acted upon. Reference [10] studied how several im-
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plicit measures related to the interests of the user using a custom browser to gather data about implicit interest
indicators and to probe for explicit judgments of Web pages visited. Reference [10] also found that indicators
such as the time spent on a page, and the amount of scrolling on a page have a strong positive relationship with
explicit interest.

In the context of web search, Fox et al. [18] explored the relationship between implicit and explicit measures.
Reference [18] built an instrumented browser to collect data and devel oped Bayesian models to relate implicit
measures and explicit relevance judgments for both individual queries and search sessions. They found that
clickthrough was the most important individual variable but that predictive accuracy could be improved by using
additional variables. Joachimset al. [24] presented an empirical evaluation of interpreting clickthrough evidence.
By performing eye tracking studies and correlating predictions of their strategies with explicit ratings, the authors
showed that it is possible to accurately interpret clickthrough events in a controlled, laboratory setting. More
recently, Radlinski and Joachims [34] exploited session-level implicit feedback to improve ranking further.

Recently, we presented areal-world study of modeling the behavior of web search usersto predict search re-
sult preferences [2]. We introduced more robust probabilistic techniques for interpreting clickthrough evidence
by aggregating across users and queries, resulting in more accurate than previously published results on interpret-
ing implicit feedback. Specifically, we focused on the deviations of user behavior from the “expected” behavior
—estimated from the aggregated behavior patterns computed across all users and queries. Figure 2 illustrates this
idea for one particular indicator, result clickthrough frequency. Figure 2(a) reports the overall clickthrough fre-
guency, while Figure 2(b) separates the queries by the position of known top relevant result (PTR), and subtracts
the “expected” clickthrough fraction at each corresponding position —thereby computing the deviation from the
“expected” clickthrough at that position. For example, on average clickthrough at position 2 may be 0.55, but
for queries with first relevant result at 2, clickthrough at position 2 is 0.65 for positive deviation of 0.1. By
modeling these deviations, we can significantly increase the accuracy of clickthrough interpretation [2].
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Figure 2: Overdl clickthrough rate (a) and (b) Deviations from expected clickthrough rates for varying positions
of top relevant result, per [2].

Furthermore, reference [2] introduced a general model for interpreting post-search user behavior that in-
corporates clickthrough, browsing, and presentation features. A sample of features, derived from server and
client-side instrumentation, are shown in Figure 3(a). By considering the complete search experience after the
initial query and click, we demonstrated prediction accuracy dramatically exceeding that of interpreting only the
limited clickthrough information. Automatically learning to interpret user behavior resultsin substantially better
performance than the human-designed ad-hoc clickthrough interpretation strategies, as reported in the pairwise
agreement plot in Figure 3(b). The horizontal axes refers to the fraction of pairwise preferences (explicitly
stated) that a system was able to predict correctly, and the vertical axes measures the fraction of preferences for
which a prediction was attempted, that were predicted correctly. The full model, reported as UserBehavior, sig-
nificantly outperforms the clickthrough Deviation model, which in turn outperforms the previous state-of-the-art
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clickthrough model.
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Figure 3: Sample user behavior features (a) and the accuracy of predicting user pairwise result preferences (b),
per [2].

While our techniques perform well on average, our assumptions about clickthrough distributions (and learn-
ing the user behavior models) may not hold equally well for all queries. For example, queries with divergent
access patterns (e.g., for ambiguous queries with multiple meanings) may result in behavior inconsistent with
the model learned for all queries. Specificaly, for informational queries, the user models and behavior patterns
are expected to be divergent from navigational queries. In particular, we showed that we can distinguish naviga-
tional queries (and their target websites) from the rest of the queries by automatically classifying user behavior
patterns [ 7]. The classification framework we developed is amenable to easy maintenance and updating, in par-
ticular to be tuned for evolving user behavior patterns and query distributions. A promising direction is how to
extend and apply these models to identify implicitly structured queries (i.e., the queries that would benefit from
information extraction) as such queries appear to also have distinct interaction patterns. Thisis one step towards
integrating information extraction and automatic user modeling, as we discuss next.

4 Towards Integrating Web Information Extraction and User Modeling

So far we have considered some of the recent information extraction and user modeling research. If we knew the
expected workload of types of relations to expect, we could more effectively optimize the resource allocation
for the information extraction process accordingly. Unfortunately, alarge gap remains between detailed manual
analysis directly usable for extraction tuning (e.g., [4]) and the more course-grained automatic user modeling
(e.g., [2]). The missing piece is the ability to automatically analyze the query and interactions stream, and to
automatically identify the relations and entities that would have been helpful if pre-extracted for processing
these queries. An interesting approach to improving question answering accuracy by automatically indexing the
more frequent answer types was introduced recently by Chakrabarti et al. [13]. The distribution of entity types
to be indexed is computed according to workload distribution of questions and answers from the TREC QA
benchmark [37]. For the types of questions well represented in the TREC benchmark, this strategy is feasible.
Unfortunately, web search queries exhibit different properties from the TREC questions, and hence tuning on
the TREC set exclusively may not be optimal for the web search setting.

The gap between automatic user modeling and information extraction suggests a promising area of research
that requires addressing multiple challenges. First, we need to identify queries amenable to answers from infor-
mation extraction output. To do this, we can train a classifier (e.g., asin reference [7]) to identify queries and
behavior patterns indicative of a user searching for a specific answer that could be pre-computed by informa-
tion extraction. After such queries are identified, the next step is to infer the actual information need (and not
just the documents likely to be relevant) — in effect to identify the types of answers appropriate for the query.

42



We are currently improving techniques for mining the user behavior information to improve the “resolution” of
automatically identifying user information needs. Finally, the ranking of candidate answers generated from the
extracted information could be improved by incorporating intelligent user modeling techniques and past user
behavior.

To summarize, there is a large potential in “closing the loop” between web information extraction and au-

tomatic user modeling. However, so far the user need analysis for information extraction has been primarily
manual. At the same time, automatic user modeling to infer information needs and preferences have so far
focused on general web search, due to availability of both user data and explicit ratings. We described some of
our recent results in user modeling —manual and automatic— that could potentially serve as first steps towards
automatically tuning web information extraction systems, thus closing the gap between the information extrac-
tion process and user information needs.

ACKNOWLEDGEMENTS: The experimental results were reported in prior work ([4, 2, 7]) done at Microsoft
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Abstract

The Web contains a vast amount of text that can only be queried using simple keywords-in, documents-
out search queries. But WeDb text often contains structured elements, such as hotel location and price
pairs embedded in a set of hotel reviews. Queries that process these structural text elements would
be much more powerful than our current document-centric queries. Of course, text does not contain
metadata or a schema, making it unclear what a structured text query means precisely. In this paper
we describe three possible models for structured queries over text, each of which implies different query
semantics and user interaction.

1 Introduction

The Web contains a vast amount of data, most of it in the form of unstructured text. Search engines are the
standard toolsfor querying thistext, and generally perform just onetype of query. In response to afew keywords,
a search engine will return a relevance-ranked list of documents. Unfortunately, treating Web text as nothing
but a collection of standalone documents ignores a substantial amount of embedded structure that is obvious to
every human reader, even if current search engines are blind to it. Web text often has a rich, though implicit,
structure that deserves a correspondingly-rich set of query tools.

For example, consider a website that contains hotel reviews. Although each review is a self-contained
text that is authored by a single person, the set of all such reviews shows remarkable regularity in the type of
information that is contained. Most reviews will contain standard values such as the hotel’s price and general
quality. Reviews of urban hotels might discuss how central the hotel’s location is, and reviews of resorts will
mention the quality of the beach and pool. In other words, the hotel reviews have amessy and implicit “schema’
that is not designed by any database administrator but is nonetheless present.

If aquery system made this structure explicit, users could navigate the hotel reviews using, say, a fragment
of SQL. A user could easily list all hotels that are both very quiet and in central Manhattan, even though doing
so would be impossible with a standard search engine.

Note that we are not suggesting that the hotel site publish any sort of structural metadata. We do not ask
Web publishers to add any additional information about their text. Our proposed query systems preserve the
near-universal applicability of search engines, using only structural elements that are already present in the text

Copyright 2006 IEEE. Personal use of this material is permitted. However, permission to reprint/republish this material for
advertising or promotional purposes or for creating new collective works for resale or redistribution to servers or lists, or to reuse any
copyrighted component of this work in other works must be obtained from the IEEE.
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Figure 1. In the Schema Extraction Model, the query system receives some Input Text and runs it through
an information extraction system. The result is a set of Unstructured Tuples, consisting of a set of unique
keys plus affiliated values and possible attribute labels. We then use these tuples to choose an Output Schema,
and thus create a domain-appropriate structured database. The InfoExtraction stage is provided by an external
system, but the SchemaExtraction stage is novel.

or in auser’s query. Of course, some text (e.g., poetry) might not contain any reasonable structure, but this text
isaso unlikely to be the subject of a structured query.

This paper discusses an ongoing research program at the University of Washington to explore structured
gueries over the Web text corpus. Combining techniques from databases, information retrieval, and artificial
intelligence, we are investigating three different models for processing structured text queries. They are quite
different, but all involve some amount of information extraction and a novel query language. The models differ
in how much structure they attempt to extract from the text, and how much they gather from the query.

Although we believe some of our query models present use scenarios that are quite compelling, it is still too
early to determine a single best method for querying Web text. Indeed, it may be that different applications will
require different query models.

2 The Schema Extraction Model

The Schema Extraction Model is the one described in our example in the introduction. The goal isto examine
the corpus of Web text and create a “ structured overlay” that describes data contained in the text. This struc-
tured overlay is essentially arelationa database consisting of values found using an information extraction (IE)
system. Users can then query this structured overlay using a fragment of SQL.

Figure 1 shows the execution pipeline. We start with a series of input texts; in the example here, some movie
reviews. We then run an |E system, such as TextRunner, KnowltAll, or Snowball, over the text to obtain a series
of fact-like assertions[2, 7, 1]. For agiven identified object (e.g., Frenzy) we have a series of extracted values,
each of which has at least one accompanying attribute name (for Frenzy, perhaps values 1972 and A1fred
Hitchcock, with attributes year and director). We cal the extracted sets of values for one object an
unstructured tuple.

These |IE systems have shown to be quite effective at extracting small pieces of information embedded in
text. For example, the KnowltAll system used the Web to compile alist of US states with precision 1.0 at recall
0.98 (that is, it made no incorrect guesses and missed only one of 50) and alist of countries with precision 0.79
at recall 0.87 [6].

We would like to assemble these unstructured tuples into arelational database that will form the structured
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overlay. However, the unstructured tuples do not have a uniform set of attributes, so the correct schema is
unclear. Although most pages in a domain will contain similar information (here, title, year, €c), many
will have missing values or off-topic extraneous ones. These missing and spurious values may be dueto variance
in the original text, or due to the inevitably-flawed |E mechanism. Some attributes will appear in nearly every
unstructured tuple, whereas others will appear very rarely. The set of unstructured tuples may even describe a
subset relationship (e.g., horror movies may share only some attributes with action movies).

How can we generate a high-quality schema for these tuples? One approach is to create a relational table
for each unique attribute signature in the unstructured tuples. If the unstructured tuples had no variance in their
attributes (i.e., they are “perfect”), this naive agorithm would work well. However, in practice the result is
a barogue and unusable schema, containing many similar but non-identical tables. In a small experiment, we
mutated 20% of the cellsin a set of perfect unstructured tuples. The result was asingle-row table for every input
tuple. Clearly, such a schemawould be unsatisfactory to any query-writer.

For real-world data, especially data derived from many distinct texts without any explicit structure require-
ments, there will be no single indisputably “best” schema. Even if al the input data had been generated with
a single schema in mind, some fields will be absent and some eccentric ones will appear. We must be willing
to accept a“lossy” database that drops some extraneous extracted values found in the Unstructured Tuples. We
must also accept NULLswhere the appropriate value simply could not be recovered.

Of course, there is no genuine dataloss here, since the original Web text still survives. But the lost dataiis not
present in the structured overlay, so it will be unavailable to structured queries. An imperfect structured overlay
is regrettable, but the only aternative is a “lossless’ one that is so complicated as to be useless for querying.
Choosing the lossy output that isleast offensive for query-writers isamajor challenge of this approach.

The Schema Extraction Model places the entire structural burden on the Web text itself. All of its technical
challenges arise from the automated schema design. The structured query language itself is no more interesting
than SQL.

Of course, if we can somehow find an extremely large corpus of schemas, then a dlight variant of the Schema
Extraction Model ispossible. Instead of computing aschemadirectly from the extracted values, we can use these
extractions to rank all schemas in the corpus, and then choose the best one. This schema corpus would have to
be much larger than any corpus we have seen; it might be possible to compile it by crawling structured HTML
tables, deep web services, etc.

3 The Text Query Model

For the Text Query Model, consider a dightly different scenario. Imagine a student who wants to know when
a favorite band will be playing nearby. The band’s itinerary is available on its website. In a single query, the
user would like to a) extract the city/date tuples from the band’s website, b) indicate the city where she lives, c)
compute the dates when the band’s city and her own city are within 100 miles of each other. Of course, the user
only wants to know about appearances in the future, even if old datais still on the website.

We might write that query asfollows:

SELECT bandCity, bandDate
FROM ("http://thebandilike.com/*x",
["to appear in <string> on <date>", bandCity, bandDate])

WHERE
bandDate > 2006 AND
geographicdist (bandCity, "Seattle") =< 100

In the Text Query Model, the user must indicate every relevant part of the query’s structure. The FROM
clause indicates a relevant set of web pages, an extraction expression that can be applied to the text to generate
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Figure 2: In the Text Query Model, we do not do any information extraction ahead of time. Instead, we exten-
sively index the Web text so that we can efficiently run users' extraction-driven queries.

a table with two columns, and labels for those columns. The WHERE clause tests the date to see if it is valid,
declares the user’s current city, and uses a built-in function to measure the distance between two cities. The user
is completely explicit about which structural elements are useful for answering the query.

A naive execution model requires downloading pages at al possible URLSs that match the FROM clause,
parsing them using the extraction phrase in the second part of the FROM clause, and finally testing the selection
predicates on the resulting set of tuples. Previous Web query systems, such as Squeal, WebSQL , and W3QL,
have not followed this algorithm exactly, but have fetched remote pages in response to a user’s query (rather
than, say, using preindexed and prefetched pages) [12, 10, 8]. Theresult isthat this simple query would take an
extremely long time to run over the entire Web, in stark contrast to search engine queries that routinely execute
in under a second.

The standard indexing tools used by search engines and traditional relational databases cannot help us much.
Consider a search engine's inverted index, which efficiently maps words to documents. We could start to exe-
cute the above query by using the inverted index to find documents that contain strings to appear in and
on within the thebandilike.com domain. This inverted-lookup step, the basic component of all search
engine queries, is very efficient. However, we still need to run selection predicates on the strings that match
the <string> and <date> variables. These strings can only be found by examining and parsing the original
document text. The inverted-lookup step gave us the document IDs, but fetching each such document from the
disk will require a disk seek.

The resulting inverted-index query plan requires a very large number of disk seeks. Even if the selection
predicates are so aggressive that they disqualify every possible result from being returned, the query needs to
examine each document in the relevant domain. Query time will scale directly with the size of the document
set being considered. The resulting query time should be much faster than the naive approach, but still seems
needlessly slow.

It is not as clear how to model this problem using a relational query engine, but it is till possible. One
approach isto automatically create arelational table of extracted values using the FROM clause, and then execute
the selection clauses against the resulting database. Even with a technique to efficiently find documents in the
indicated domain, this technique is very expensive, requiring that we parse and process al the relevant text
before we even begin running selection predicates. If our workload features repeated common FROM clauses, it
might be profitable to index the extracted table, but such a workload seems unlikely.

We believe that a system that is built to process these mixed extractive and structural queries can do substan-
tially better than any of the approaches listed above. For example, we could construct a neighbor index, which
folds small amounts of the document text into an inverted index [3]. In the above example, such an index allows
usto extract valuesfor <strings> and <date> immediately from the index itself, without loading the original
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Figure 3: In the Extraction Database Model, we use the output of several |E systems to create a series of
tables for the Web Data Model. These tables describe very primitive data relationships, such as facts, is-a
relationships, synonym constraints, and others. Each tuple retains a probability of being true. We place the
tuples into a probabilistic database and run user queries over that database.

documents and incurring disk seek costs. We can push selection predicates down into the inverted index lookup,
saving time when the predicates eliminate possible results.

The neighbor index is not appropriate for al queries, as it can only efficiently handle queries that return
strings up to afixed length. For example, we could pose a query whose execution requires a neighbor index much
larger than the original document set, losing the efficiency of an inverted index. However, the neighbor index
is an example of the kind of novel optimization technique we believe the Text Query Model both demands and
makes possible. (Another possibility is the multigram index, which enables fast regular expression processing
over alarge corpus [4].) Thisisan active area for our research into structured query techniques for text.

4 The Extraction Database Model

The Extraction Database Model takes a middle approach. As with the Schema Extraction Model, we use
information extraction techniques to discern useful tuples from Web text. However, we do not attempt to assem-
ble these extractions into a full and coherent schema. Rather, we store the tuples until query time. The user's
query contains additional structural information that describes the desired output schema. Unlike the previous
two models, we obtain structural hints from both the text and the user’s query.

Figure 3 shows the series of steps needed to create an Extraction Database query system. Note that our
model of 1E output is somewhat different. We assume that extractions come in one of a handful of forms. Most
come in the form of fact triples, which consist of two objects and a linking predicate, and are similar to the
unstructured tuples of the Schema Extraction Model. We aso obtain types, which describe an is-a relationship
between two objects. Also, we extract constraints, which describe various relationships between predicates.
There are well-known mechanisms to generate each of these extraction types, such as TextRunner for trinary
facts, KnowltAll for is-arelationships, and DIRT for synonyms|[2, 7, 9]. Together, we call these extracted values
the Web Data Model.

Finally, we a so retain probabilities for all extractions. Because we can only determine a tuple’s importance
in light of a relevant query, we cannot threshold away low-likelihood extractions (as we could in the Schema
Extraction case). We place all of these tuples into a probabilistic database, such asthe MY STIQ system [5, 11].

Users pose queries against the stored tuples using a SQL-like notation. It is easy to translate queries in
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the Extraction Database query language into a probabilistic SQL query over the Web Data Model tables. For
example, in order to search for all scientists born before 1880:

SELECT s FROM scientist
WHERE

born-in(s, y) AND

y IN year AND

y < 1880 AND

This query returns just the value bound to variable s, which is constrained to be of type scientist, to
appear asthefirst object in afact with predicate born- in. The second object in that fact must be of type year.
We also require that the value bound to variable y be less than 1880. All Extraction Database queries elicit
probabilistic tuples, which will be returned in descending order of probability.

Note that unlike the Schema Extraction Model, we do not try to discern before query-time whether, say,
born-in isasdient attribute of an instance of scientist. The probabilistic store contains good and spu-
rious extractions alike. We rely on the user’s query to tell us that the born-in attribute is actually a good
one to test. However, unlike the Text Query Model, the query does not do al the hard work; for example, the
query-writer does not have to know about the actual text layout of real web pages. The Extraction Database
Model tries to strike a balance between the two, by extracting facts that might be useful in the future, but not
making firm decisions about the schema until the user’s query provides more information.

Efficient probabilistic query processing is a difficult problem, described elsewhere at length [5, 11]. We
exacerbate it here by the sheer scale of our extracted tables. A single high-quality page of text could generate
several extractions for each sentence, depending on the actual |E systems and parameters being used. Query
processing poses a substantial problem with the Schema Extraction Model, and is an area of current research.

5 Conclusions

Web text contains huge volumes of useful data, most of it now out of reach. Current keyword-driven search
engines give access to single Web pages, ignoring the implicit structure in Web text that is apparent to every
user. By recognizing this structure and making it available to query-writers, we can offer a query system that is
hugely more powerful than current systems, all without asking publishers for any additional effort.

We have described three possible structured query models for Web text: Schema Extraction, Text Query, and
Extraction Database. These systems offer different advantages regarding the information extraction technology
required and the expressiveness of the queries. Each promises, in adifferent way, to take better advantage of the
vast amounts of text available to us.
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