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Beyond the Elves:
Making Intelligent
Agents Intelligent
Craig A. Knoblock, José Luis Ambite, Mark Carman,
Matthew Michelson, Pedro Szekely, and Rattapoom Tuchinda

I The goal of the Electric Elves project

was to develop software agent technology
to support human organizations. We
developed a variety of applications of the
Elves, including scheduling visitors, managing a research group (the Office Elves),
and monitoring travel (the Travel Elves).
The Travel Elves were eventually deployed
at DARPA, where things did not go exactly as planned. In this article, we describe
some of the things that went wrong and
then present some of the lessons learned
and new research that arose from our
experience in building the Travel Elves.

he goal of the Electric Elves project
(Chalupsky et al. 2001, 2002) at the
University of Southern California
(USC) was to develop software agents to
support human organizations. The project
was quite successful with impressive prototypes and many papers on the research.
In fact, DARPA, which funded the project,
was so enthusiastic about the results that
it asked us to deploy a version of the Elves
for use at DARPA. The original application
of the Elves deployed at USC was for the
office environment (called the Office
Elves) (Scerri, Pynadath, and Tambe 2002;
Pynadath and Tambe 2003) and required
detailed information about the calendars
of people using the system. Deploying this
application at DARPA raised a host of
issues including privacy and access to
internal services. Thus, we decided to
deploy a new application of the Electric
Elves, called the Travel Elves. This application appeared to be ideal for wider deployment since it could be hosted entirely outside an organization and communication
could be performed over wireless devices,
such as cellular telephones.
The mission of the Travel Elves (Ambite
et al. 2002, Knoblock 2004) was to facilitate planning a trip and to ensure that the
resulting travel plan would execute
smoothly. Initial deployment of the Travel Elves at DARPA went smoothly. Program
managers and office directors began using
the system. We trained the DARPA travel
administrator on how to enter the travel
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information into the system. But over
time things began to go wrong: agents
would fail to correctly execute their
assigned tasks, information got delayed or
was not sent at all, the underlying sources
were continually changing, and each user
wanted the system to operate in different
ways. In this paper, we first review the
work on the Travel Elves and describe
what the system did and how it worked.
Then we describe the real-world problems
that arose in deploying this application
and the underlying causes of these failures. Finally, we will present some lessons
learned and recent research that was motivated by our experiences in deploying the
Elves at DARPA.

The Travel Elves
The Travel Elves introduced two major
advantages over traditional approaches to
travel planning. First, the Travel Elves provided an interactive approach to making
travel plans in which all of the data
required to make informed choices is
available to the user. For example, when
deciding whether to park at the airport or
take a taxi, the system compares the cost
of parking and the cost of a taxi given other selections, such as the airport, the specific parking lot, and the starting location
of the traveler. Likewise, when the user is
deciding which airport to fly into, the system not only provides the cost of the
flights but also determines the cost of
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Figure 1. Heracles: Airport Propagates to Drive Subtemplate.
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ground transportation at the destination, thus providing an accurate total cost. This cost information
is integrated from several web sources.
Second, once a trip is planned, the Travel Elves
launches a set of monitoring agents that attempt
to make the trip as smooth and convenient as possible. The agents react to possible changes and
respond according to the user preferences. For
example, beyond simply notifying a traveler of
flight delays, an agent will also send faxes to the
hotel and car rental agencies to ensure that the
room and car will be available.
These innovations in travel planning and monitoring are made possible by two underlying AI
technologies. The first is the Heracles interactive
constraint-based planner (Knoblock et al. 2001,
Ambite et al. 2005). Heracles captures in a constraint network the relationships between all the
information in the system, both retrieved from
remote sources or resulting from user choices. The
constraint network is partitioned into modules,
called templates, that consist of closely related
variables and constraints. The templates correspond to the task structure of the planning problem and are organized hierarchically similarly to a
hierarchical task network. In addition, Heracles
automatically generates a graphical user interface
that is very intuitive for users. When the users
make choices in the interface, the constraint network ensures that all the displayed data is consistent with the latest inputs. This happens behind
the scenes, and users just experience that the information is aligned with their other choices.
The second innovation is the Theseus information agent platform (Barish and Knoblock 2005,
2002), which facilitates the rapid creation of information-gathering and monitoring agents with
complex behaviors. These agents provide data to
the Heracles planner and keep track of information
changes relevant to the travel plans. Each agent
corresponds to a streaming, dataflow Theseus plan.
A plan may include data access operations (from
web sources or databases), data manipulation (for
example, relational algebra operations, aggregation), database updates, notifications operations
(such as email or fax), as well as user-defined operations. The plans can combine the operations
using conditionals and recursion. We briefly
describe these technologies by example and invite
the reader to consult the references for the details.
The Heracles user interface and the constraint
network are illustrated in figure 1. Assume that the
system has suggested that the user fly to Washington, D.C. departing from the Los Angeles International Airport (LAX) at 11:55 p.m. The user’s preference is to arrive an hour before the departure
time. Using a remote source (Yahoo! Maps) the system calculates that it takes 24 minutes to drive
from the user’s home to LAX, thus Heracles rec-

Articles

(a) Flight-Status Agent: Flight delayed message
Your United Airlines flight 190 has been delayed. It was originally scheduled to depart at 11:45 AM and is
now scheduled to depart at 12:30 PM. The new arrival time is 7:59 PM.

(b) Flight-Status Agent: Fax to a hotel message
Attention: Registration Desk
I am sending this message on behalf of David Pynadath, who has a reservation at your hotel. David Pynadath
is on United Airlines 190, which is now scheduled to arrive at IAD at 7:59 PM. Since the flight will be arriving
late, I would like to request that you indicate this in the reservation so that the room is not given away.

(c) Airfare Agent: Airfare dropped message
The airfare for your American Airlines itinerary (IAD - LAX) dropped to $281.

(d) Earlier-Flight Agent: Earlier flights message
The status of your currently scheduled flight is:
#190 LAX (11:45 AM) - IAD (7:29 PM) 45 minutes Late
The following United Airlines flight arrives earlier than your flight:
#946 LAX (8:31 AM) - IAD (3:35 PM) 11 minutes Late

Figure 2. Actual Messages Sent by Monitoring Agents.

ommends leaving by 10:31 PM. When the user
changes the departure airport from LAX to Long
Beach airport (LGB), the system retrieves a new
map and recomputes the driving time. Changing
the departure airport also results in a different set
of flights. The recommended flight from LGB
departs at 9:50 p.m., and driving to LGB takes 28
minutes. Thus, to arrive at LGB by 8:50 p.m., the
system now suggests leaving home by 8:22 p.m.
Given the final travel plan, Heracles automatically generates a set of Theseus agents for monitoring the plan. In figure 2 we show some of the
messages sent by these agents. For example, the
Flight-Status monitoring agent uses the ITN Flight
Tracker site to retrieve the current status of a given
flight. If the flight is on time, the agent sends the
user a message to that effect two hours before
departure. If the user’s flight is delayed or canceled,
it sends an alert through the user’s preferred device
(for example, a text message to a cellular telephone). If the flight is delayed by more than an
hour, the agent sends a fax to the car rental counter to confirm the user’s reservation. If the flight is
going to arrive at the destination airport after 5
p.m., the agent sends another fax to the hotel so
that the reserved room will not be given away.

Some of the other agents include the Airfare
monitoring agent, which notifies the user if the
price drops by more than the ticket rebooking fee;
the Flight-Connection agent, which tracks the
user’s current flight and, a few minutes before it
lands, sends the user the gate and status of the connecting flight; and the Restaurant-Finder agent
that, on request, locates the user based on either a
global-positioning system (GPS) device or his or
her expected location according to the plan, and
suggests the five closest restaurants, providing cuisine type, price, address, telephone number, latitude, longitude, and distance from the user’s location.

What Went Wrong
The success of the Electric Elves project lead to a
request from DARPA to deploy the system for use
within DARPA. In early discussions with the
DARPA technical staff it quickly became clear that
this would be challenging for nontechnical reasons, including concerns about privacy and security as well as challenges in integrating with the
DARPA internal systems. In response to these challenges, we decided to build the Travel Elves, which
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could operate on our own servers and would be
largely independent of the internal DARPA systems. Since DARPA already has a travel office that
handles travel plans and reservations, we decided
to deploy just the portion of the system for monitoring travel. The one challenge was how to get the
detailed information about a user’s travel plans
into the system. To address that problem, we built
a simple interface that made it possible to quickly
enter the detailed travel plans.
The initial testing and deployment went well.
We starting using the system ourselves and discovered we often had much better access to the relevant data than even the organizations that controlled the data. For example, landing at an airport,
the airline might announce that it had no connecting flight information available, but we found
the arrival gate, departure gate, and departure time
of the connecting flight would all be available from
the Elves. Initial testing and use looked very promising for a compelling demonstration of the Elves
technology.
The DARPA travel office began entering real travel plans, and a DARPA office director, a deputy
director, and several program managers began
using the system. Unfortunately, problems began
to arise. There were a number of causes of these
problems. First, the most common source of problems was failures in the data sources. Sources went
down, sources changed, or they simply generated
unexpected results. A challenge with the Elves was
that we depended on many different sources of
information that we had little control over, and if
any of them changed or became unavailable, then
problems could arise. In addition, some of the data
sources were simply unreliable. For example, in
one instance, the DARPA program manager contacted us to find out why the Elves had sent the
reminder message about his connecting flight after
the flight had already departed. It turns out that
this was caused be a time zone exception in a web
source where the particular airport he had been
traveling through was in a different time zone than
what the Elves had thought, so the message got
sent an hour late.
A second significant source of problems was that
it was very difficult to determine in advance exactly what we wanted the Elves to do in various situations. The best example of this was that we wanted the system to notify a user of delays and
cancellations when they happened so that a traveler would have as much time as possible to deal
with the problem. Naturally, a flight delay then
occurred in the middle of the night, resulting in a
message to a user’s cell telephone at 3 a.m. to say
that the 8 a.m. flight had been delayed. In this case
the agent worked as designed, but not everyone
wants a message at 3 a.m. about a flight delay. This
is an example of the larger issue that came up
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repeatedly, which was that each user wants the
agents to behave in slightly different ways depending on how they use the system. Ideally, we would
like a system where the users could individually
define their own monitoring agents.
A third source of problems was that the system
operated as planned but produced unexpected
behaviors. A good example of this is the monitoring agent that sent messages whenever the ticketed price changed. The purpose of this agent was to
provide opportunities for price saving when a ticket price dropped, but early on we did not distinguish price decreases from increases. We were also
surprised by the number and frequency of the
price changes, many of which could be quite small,
and they would sometimes get annoying. Later we
distinguished price decreases from increases and
set a threshold for a total change before a user
would be notified of the change (it had to be more
than the change fee for it to make sense to notify
the user).

Lessons Learned
In the remainder of this article we describe some of
the technologies that arose due to our experience
from the Elves and the challenges in dealing with
many of the real-world data sources. In particular,
we describe our work on automatically modeling,
integrating, and monitoring new sources of data,
methods for allowing end users to define their own
agents tailored to their individual needs, and finally, work on trying to exploit some of the unexpected behaviors, such as the frequent price
changes.

Discovering New Sources
A key aspect of Travel Elves was its ability to monitor Web sources and provide relevant information
to users. A problem it faced was that those sources
could sporadically become unavailable. One solution is to program the agents to access multiple
redundant sources. Augmenting an existing system
with new sources can be very time consuming,
however, and a more sustainable approach is to
have the agents discover those sources themselves.
Unfortunately, since service providers rarely agree
on common service interfaces (aka parameter
names and method signatures), the problem of
service discovery is nontrivial. It can be divided
into three phases as shown in figure 3.
The first phase involves searching for relevant
sources by accessing a service registry (for example, UDDI) or Web index (such as Google). In our
example, the keywords “airport weather” are used
to discover a service named NOAAWeather. To
improve search performance, systems have been
developed for classifying services into predetermined categories (Heß and Kushmerick 2003) and
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Search String

“airport weather”

Web Service
Search
Service
Endpoint

Semantic Type
Annotation
Input/Output
Signature

Functional
Modeling

Declarative Service
Description

NOAAWeather
Input: Aport
Output: Htemp, Ltemp, Humid

NOAAWeather
Input: Aport <AirportCode>
Output: Htemp <Temperature>
Ltemp <Temperature>
Humid <Percentage>

Def($Aport, Htemp, Ltemp, Humid):location(Aport, lat, lon),
weather(lat, lon, high, low, Humid),
fahrenheit(high, Htemp),
fahrenheit(low, Ltemp).

Figure 3. Discovering and Modeling New Information Sources.

clustering similar services together (Dong et al.
2004).
In the second phase, we start to model what the
service does by determining what type of data it
requires as input and produces as output. We
assign semantic types such as Temperature (as
opposed to syntactic types like integer) to the
attributes of the service. This task can be viewed
as a classification problem where the metadata
labels (for example, “Htemp”) are the features
(Heß and Kushmerick 2003). In our work (Lerman, Plangrasopchok, and Knoblock 2006), we
have extended the set of features to also include

the data generated by the service (for example,
“21?F”), resulting in improved performance.
In the third phase, we determine how the output
is related to the input. In the example, the service
returns two temperature values. In order to use the
service, we will need to know which if either of these
is the high temperature. This information is
described in the source definition at the bottom of
the figure. We have built a system capable of inducing such definitions automatically (Carman and
Knoblock 2007b, Carman 2006, Carman and
Knoblock 2007a). The system works by searching the
space of plausible source definitions and comparing
the output they produce with that of the new source.
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Figure 4. Example of a Simple Table, and the Query That Karma Induces
Based on the Data Examples the User Has Provided.

Building Agents without Programming
The Travel Elves are personal agents working on
behalf of individual users. Because all users have
slightly different requirements and preferences, a
one-size-fits-all agent is not appropriate. Users of
the Travel Elves reported that they wanted the
agents to adapt or wanted to be able to easily customize their agents. The main impediment for
building or customizing agents is programming.
Over the past few years, we have worked on tools
to enable casual users to create agents without having to program. These agents’ behavior can range
from simple (that is, retrieving data from a web) to
complex (that is, monitoring data from multiple
web sources and acting upon it once the data satisfies the criteria specified by a user.)
Initially, we developed a tool called Agent Wizard (Tuchinda and Knoblock 2004) that let users
construct Travel Elves agents by answering questions. The agent-building process is similar to
online tax software, where future questions are
based on what users answer in the past. However,
the limitation of Agent Wizard is that when there
are many data sources integrated into an agent,
users have to answer too many questions on how
to integrate those data sources together. We
address this limitation in our current tool called
Karma (Tuchinda, Szekely, and Knoblock 2007). In
Karma, users provide examples of data they want,
and the system automatically constructs a plan
that delivers the requested data by integrating multiple sources. Karma starts by presenting the user a
blank table into which users can type examples of
data. Initially, when the table is empty, there are
no constraints, but as users enter values, constraints are formulated to select relevant data
sources and attributes available for users to select
from in each column of the table. When users
select a blank cell, a menu allows the user to type
partial values. Karma then offers suggestions for
completing the value typed so far by matching
against all values in all sources that are consistent
with the value the user has typed so far. Once users
specify a few examples, the system offers options
for filling other cells in the table and can also make
suggestions about additional columns of data that
are compatible with the information users have
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entered so far. When the constraints are satisfied
uniquely, Karma automatically fills the relevant
blank cells.
For example, figure 4 shows a snapshot of Karma
where the user’s goal is to retrieve reviews of Japanese restaurants in Los Angeles and their corresponding health rating. In this example, the restaurant
review information and the health rating information belong to different sources. The user starts from
the blank table by providing example values of “Los
Angeles” and “Japanese.” Karma automatically
deduces the corresponding attribute and fill outs
attributes city and cuisine. Next, the user selects the
attribute restaurant name from the suggestion list
on the left side. At any point in time, the user can
click the fill button and Karma selects the relevant
sources and automatically constructs the join conditions that integrate the data from these sources in
a way that satisfies the constraints. The orange box
in the figure shows the queries that Karma produces
based on the constraints it has induced from the
examples and the source definitions to populate the
restaurant list. The key feature of Karma is that the
user never has to see those queries, which can grow
quite complex for larger tables.

Predicting Prices
One of the issues that arose during the deployment
of Travel Elves was the excessive number of notifications about airfare changes. The price of a flight
can change multiple times in a day. So, even with
travel plans laid out, the traveler is often left with
the question of when to buy the tickets.
To address this issue we decided to study ticket
pricing, so we monitored the pricing of air tickets
of two direct domestic routes over the course of
two months. Initially, the pricing appeared to be
too haphazard to see any pattern. Figure 5 shows
the very erratic pricing of a single flight collected
over a one-month period. However, the airlines are
using an underlying revenue management algorithm that adjusts the price according to some set
of criteria that includes factors such as the seat
availability, number of days before take off, and so
on.
Since airlines fly the same fixed schedule day
after day or week after week, we realized that we
could monitor a particular flight from one day to
the next to capture the overall pricing behavior for
that daily or weekly flight. For example, we could
gather the airfare for every American Airlines flight
192 that departs from Los Angeles International
airport (LAX), which would be roughly 30 flights a
month. By exploiting the pricing of the flights on
all of the previous days, we realized that we could
then predict the pricing of the flight on same day
in the future. Thus, we implemented a system
called Hamlet1 (Etzioni et al. 2003), which learns
the hidden pricing models implemented by the
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American Airlines Flight 192 from LAX to BOS
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Figure 5. Pricing for American Airlines Flight 192 Departing LAX on
January 2, 2004, and returning from BOS on January 9, 2004.
airlines. Hamlet works by combining the results of
three learning algorithms through stacked generalization (Ting and Witten 1999): time series
(Granger 1989), Q-learning (Sutton and Barto
1998), and rule learning (Cohen 1995). Hamlet can
predict with surprisingly high accuracy whether a
traveler should buy a ticket right away or wait to
buy a ticket to minimize the cost of a trip. For
example, in a simulation using real-world flight
data, Hamlet was able to achieve a savings of
61.8% of the optimal possible savings. The technology underlying Hamlet was licensed to a company called Farecast (www.farecast.com), and this
company now collects data on routes throughout
the United States, and travelers can go to this site
to get predictions to answer the question of when
to buy an airline ticket.

Discussion
In this article we have described specific research
directions that we have pursued to address some of
the issues that arose in the Elves. More generally,
there is still the need to develop general solutions
to building agents that can operate in the real
world. In particular, we need agents that can
robustly accomplish their tasks, responding appropriately to failure, that can learn from their past
experience, that can communicate flexibly with

humans and other software agents, and that can
explain their behavior both on success and failure.
DARPA has continued to fund work on this topic
in the DARPA personalized agents that learn (PAL)
program, where the focus is on developing learning technology so that agents can learn to solve
tasks “in the wild.” While we have made significant progress on many of these issues, there is still
much work to be done before we will consider
these agents intelligent.
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Three Anecdotes
from the
DARPA Autonomous
Land Vehicle Project
Dan Shapiro

he DARPA Autonomous Land Vehicle (ALV) was a 12-foot tall, eight-wheeled robot with multiple sensors, tasked to go from point A to point B without human intervention in the hills outside of Denver
in about 1985. This was a large applied research effort that presented many opportunities for unusual
experiences.
In one such experience, I was called in, at the last minute, to help improve our ALV proposal. The proposal was a 300-page document that segued smoothly from problem description to corporate capabilities and
managerial plan, omitting any mention of technical approach. This taught me a rule of thumb I have seen
validated many times: the larger the project (in dollars and scope), the poorer the technical proposal.
In a second experience, I was demonstrating a dynamic programming algorithm at a quarterly review. The
algorithm found minimum time paths from all points to a goal, set in an open field. I clicked a starting point,
and the system traced a route that detoured to use a nearby road. I clicked closer to the goal, and the detour
was more pronounced. When I clicked right next to the goal, the optimal path was horribly convoluted—it
went away from the goal and to a road, which it followed around a long hogback ridge before departing crosscountry for the objective. I had to offer the sponsor something by way of explanation, so I looked at him and
said, “We just spent $200,000 of your money to learn that roads are a good idea.”
A third experience occured when I was at the computer, writing code for a new route-planning algorithm.
A senior manager and a vice president of the firm came in, so I told them what I was doing. One said, “make
it more AI-like,” while the other wanted “a more engineering approach.” That goal conflict literally ran backwards from my fingertips, through my corporate management, and into DARPA, where they were debating
the same question. The resolution pushed the ALV project in the applied direction and influenced later DARPA
efforts.
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Note
1. “To buy or not to buy....”
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Simplicity Rather
Than Knowledge
William Bricken
’ve spent over 20 years implementing algorithms for Boolean minimization, with particular application
to area optimization of large semiconductor circuits. This exploration has included almost all published
algorithms, dozens of conventional and exotic data structures, over two dozen programming languages
and styles, and almost every level of implementation, from reconfigurable silicon through customized instruction sets, conventional programming languages, and very high-level languages such as Mathematica.
The huge, randomly generated CNF formulae used to study SAT phase transition have attracted many creative approaches (such as variants of unit propagation, differential equations, probabilistic moments, component connectivity, cutting planes, and so on). However, I’ve learned one thing about the nature of Boolean
minimization that seems obvious now. No matter how clever an algorithm is, no matter how extensively the
structure of a problem is analyzed, no matter how much adaptive learning and lemma caching is used, the
most successful approach to the general Boolean minimization problem is to use the simplest possible algorithm—brute force applied to lexicographically sorted formulae and implemented in reconfigurable silicon.
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