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Abstract

Writer's Aid is a collaborative system that works
simultaneously with an author editing a docu-
ment providing assistance in identifying and in-
serting citation keys and autonomously finding
and caching potentially relevant papers and associ-
ated bibliographic information from various on-line
sources. At the core of Writer’s Aid is a domain-
independent planning system. The use of a plan-
ner in Writer's Aid enables an efficient division of
labor between a human user and the computer sys-
tem that autonomously creates and executes plans
for getting the bibliographic information while the
author concentrates on writing. The collabora-
tive model of human-computer interaction imple-
mented in Writer's Aid places new requirements
on the planner, which must posess the expressive
power to formulate complex planning goals, effi-
ciently represent and reason about an incompletely
specified domain, interleave planning with execu-
tion of partial plans, and dynamically re-plan in
case of execution failure while avoiding redundant
information gathering, all in real time.

In the demonstration the participants will be able
to use the system and evaluate its unique design in
which information integration occurs within a con-
text of a writing task that is the source of the user’s
information need.

User Interactions

Writer's Aid is activated when an author working orA&gX

document in Emacs text editor inserts a citation command in-
side the body of the document. In the citation command the
author specifies the keywords that identify the potentially rel-
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Digital Library, caching viewable versions of papers and,
upon the user’s request, presenting the results of the search in
a formatted list. At this point, the author may select a paper
reference from the list, and the system will make sure that the
citation is ready for compilation of the document’s reference
list.

While planners have been widely used in information in-
tegration systems (e.glBarish et al, 2000; Lesseet al,
200Q) the distinguishing feature &¥riter's Aid is that it sup-
ports a simultaneous ongoing user’s activity that is the source
of the information request. A smooth integration of the search
and selection of cited papers with the process of writing is a
key requirement ofwVriter's Aid’s interface: the user can in-
sert new citation commands and access possibly incomplete
results of the search for any of the citation commands at any
time while editing the paper.

2 System Architecture

Figure 1 depicts the key components of the system. The Goals
database recordd/riter’s Aid’s planning goals, while The
State Of Knowledge (SOK) database records its knowledge
about papers, their locations, user preferences, and other re-
lated domain information. Both databases useRB&PLAN
[Babaian & Schmolze, 2000epresentation. The kernel of
the system is a Planning Problem Manager (PPM) that uses
the PSIPOP-SE algorithm to plan and execute the search for
bibliographic information.

A user’s request to obtain papers relevant to a set of key-
words is formulated as three separ®8IPLAN goals that
collectively can be summarized in the following statement

For each paper that is relevant to a set of specified
keywords according to some local or remote bibli-
ography preferred by the user, get that paper and
get the bibliographic record for it.

evant papers, and whether s/he is interested in obtaining thEhe Goal Reduction module picks up a goal posted to the
viewable version of the papers or the bibliographic record$30als database and separates the part of the goal that is en-
only. While the author continues writing and inserting cita- tailed by the SOK and thus is already accomplished, from
tion commandsWriter's Aid dynamically creates and exe- the part that still remains to be achieved. The latter part is
cutes plans for obtaining the bibliographic records from thePassed to the Planning Problem Manager, which creates an
available author’s personal bibliographic collections and preinstance of a planning problem and hands it toRi&POP-

ferred on-line collectiond such as Researchindex or ACM SE planner. The planner constructs and executes a plan or

The set of the preferred bibliographies is specified manuallyduring the initial tune-up of the system to a new user.
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4  Planning

Goal Most of theWriter's Aid’s planning problems do not have a
Reduction State of solution plan thaprovablyachieves the goal. It is possible,
Goals Knowledge h . i L
N (SOK) ouwever, to construct the solution by interleaving the pro-

cess of planning with execution of some information gather-
ing steps. Combining planning with execution®$IPOP-
SE is implemented as a search in a spacehygbothetical
plans Hypothetical plans are partial plans in which the
achievement of the goal may be conditioned on certain out-
comes of sensing. Hypothetical plans condition on the value
of an unknown subgoal; by verifying a hypothesis via execu-
tion of a sensing action the planner eventually collects enough
information and reduces the incompleteness of knowledge
enough to find a solution plan or establish the goal to be unsat-
isfiable. For example, having no information on the location
of a paper, the planner may adopt a hypothesis that the paper
is available from a certain collection, and verify the informa-
tion by querying that collection.
Given arich set ofVriter's Aid’s sensing actions, the space
of all hypothetical plans is very large and must be explored
i ) ) i gradually to avoid combinatorial explosion resulting from a
reports failure if the planning problem is unsolvable. Upo”high degree of incompleteness. The parameteiRBA#POP-
executing the plan actions, the SOK database is appropriatelye ses to control the size of the search space is called the
updated to reflect all changes in the knowledge about the StaFﬁ/pothetical levebf a plan: it is the maximum number of
of the world. consecutive hypotheses supporting a single subgoal in a plan.
When a user issues a command to view a list of records anBSIPOP-SE starts by considering plans with hypothetical
papers corresponding to a citation, this information is derivedevel 0, that is, the classical plans with no hypothesis, and
from the SOK, formatted, and presented in a separate windownly increases the hypothetical level of considered plans after

Editor
(Emacs

7

Action
Executors

Figure 1: Components of th&riter's Aid’s architecture.

for browsing and selection. all plans with lower hypothetical levels have been considered
and their hypothesis verified, a kind itérative deepening in
hypotheticals

3 Prioritizing and Reducing Goals A more detailed description of the system and the results

of a laboratory user study are presentedBabaian, Grosz,

Writer’s Aid starts out having no or little knowledge about the & Shieber, 2002

papers and their locations, and therefore substantial amouﬁ f

of information gathering from various on-line sources may eierences

be required to satisfy a user’s requests. However, it is veryBabaian & Schmolze, 2000Babaian, T., and Schmolze, J.
likely that the author will be satisfied with only a subset of 2000. Psiplan: Open world planning withforms. InAr-
the search results. To guarantee a quick delivery of the most tificial Intelligence Planning and Scheduling: Proceedings
likely relevant results, the goals arising from the informa- of the Fifth International Conference (AIPS’Q@92-300.

tion requests are prioritized. For instance, papers and bi ‘Babaian, Grosz, & Shieber, 200Babaian, T., Grosz, B. J.
liographic records that are listed in the author's own personal 54 Shieber. S. M. 2002. A writer's collaborative assis-

collection are more likely to be cited antiriter's Aid will tant. InProceedings of Intelligent User Interfaces,02-
work on the goal of getting them first. 14. ACM Press.

To make the partial results call of the issued requests [Barishet al, 2004 Barish, G., Knoblock, C. A., Chen, Y.-
quickly available to the user, the planning goals are processe(?S Minton S., Philpot ‘A and Shahébi. C. 2000, The

by the Planning Problem Manager in a round-robin fashion. - tyaatar oc virtual application. IAAAI/IAAIL 980—987.
As there may be significant overlap in the information related '

to different citation commands (e.g., location of the papers|Lessert al, 2000 Lesser, V., Horling, B., Klassner, F.,
authors’ web sites) each goal posted in the goal database is Raja, A., Wagner, T., and Zhang, S. 2000. Big: An agent
reduced to account for already available information prior for resource-bounded information gathering and decision
to being sent off to the planner. Such reduction separates Making.Artificial Intelligence118:197-244.

the part of the goal that has not yet been achieved, ensur-

ing more efficient operation of the planner. To further ensure

non-redundancy of operation, all planning problems share the

same database of knowledge, which is updated after each ex-

ecution of an action to reflect the changes in the world and

theWriter’s Aid’s state of knowledge.
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Protecting the population from chemical-biological attacks
and outbreaks of infectious disease is a fundamenta goal
of government entities such as the Center for Disease
Control (CDC), as well as state and local health agencies.
Early warning is critical for saving lives and implementing
an effective response, including characterizing disease
sources, preventing proliferation, and treating patients.
However, such biosurveillance activities are inherently
challenging due to a number of complications:

» Coordinating participants and disseminating
information: Biosurveillance requires coordination
between local, state, and federal authorities. Loca
entities such as treatment facilities must collect
information and disseminate to decision-making
entities, constrained by communication costs as well
astime.

 Determining the relevance and reliability of
information: The ability of atreatment facility to offer
a diagnosis with high confidence is in part a function
of resources and expertise at their disposal. Thus,
entities receiving symptom and diagnosis information
must determine information relevance qualified by
source reliability.

e Drawing epidemiological conclusions from symptoms
and diagnoses. Significant expertise is required to
analyze symptoms and diagnoses to assess public risk.
Such assessments consider an entire region, drawing
together information from all contributing sources.
Often few epidemiologists are responsible for
monitoring a large area, resulting in anaysis and
communication overload.

To support epidemiologists and increase the
effectiveness of biosurveillance activities, the Laboratory
for Intelligent Processes and Systems at the University of
Texas at Austin (UT:LIPS) is applying its Sensible Agent
(SA) multi-agent system (MAS) technology to the
biosurveillance domain. Specific SA features and their
applicability to the biosurveillance domain follow:

1. Evaluation of Information and Information Source
Trustworthiness by considering 1) level of uncertainty
of symptom and diagnosis information and 2)
reliability of sources (eq., treatment facilities)
transmitting that information to agents responsible for
epidemiological analysis[3].
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2. Adaptive Decision-Making Organization Formation
(ADMF) to establish collaborations among agents
associated with epidemiologists, treatment facilities,
pharmacies, schools, and other entitiess. ADMF
capabilities involve searching for potential partner
agents, evaluating those partners and ranking their
capabilities, selecting one or more partners, and
determining the “best” distribution of decision-making
control and execution obligations among selected
partners|[2].

3. Coordinated Planning and Execution among
distributed decision-making agents, allowing them to
share preferences and constraints during the planning
process. For example, agents may coordinate
interrogation of information sources, motivated by
reduced overall communication cost.

In Texas, biosurveillance is conducted by the Texas
Department of Health (TDH) in cooperation with local and
federal authorities.  Resident epidemiologists gather
patient symptom and diagnostic information from
hospitals, clinics, and other treatment facilities from
throughout the state. TDH is currently a single point of
contact, and has solicited approaches for other network
configurations that allow them to reduce burden and
provide more rapid response. UT:LIPS has suggested a
variety of options for distributing decision-making and
information monitoring using agent technol ogy.

Figure 1 depicts one configuration of agent roles
suggested by UT:LIPS and characterized in this
demonstration.  The existing two-layer network is
expanded to three layers, where an interim layer consists
of Sensible Agents acting as “Disease Agents,” each
dedicated to the analysis of a particular disease being
monitored. Symptom and diagnosis data is sent from
information sources (e.g., hospitals and clinics) to disease
agents, which evaluate the information and send
appropriate epidemiological assessments to a centralized
TDH agent. In making an assessment, disease agents
incorporate source reliability and the confidence values
associated with information assigned by those sources.
Disease agents may also collaborate in acquiring and
evaluating symptom and diagnosis data. This demo
illustrates the application of the Sensible Agent Testbed to
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Figure 1: Network of biosurveillance agents in this demonstration

to demonstrate better
performance (i.e.

the biosurveillance domain through various scenarios, each
emphasizing one of the SA features described above. The
Testbed offers a suite of tools to assist in the experimental
testing of multi-agent systems. Tool facilities include
execution visualization and configuration of repeatable
experimental runs, alowing the user to specify what
parameters to test and what data to record [1].

In one scenario, case agents consisting of local hospitals
send patient case symptom and diagnosis information to
disease agents. It should be noted that case agents are
simple reactive agents responsible for period reporting and
are not endowed with Sensible Agent capabilities such as
trust evaluation and ADMF. The disease agent assigns an
initial reputation to case agents based on the case agent’s
quality of facilities, available resources (e.g., equipment
and dotaff expertise) and history for providing
reliable/unreliable data. Disease agents collect information
on a given patient from multiple case agents, generating a
“net belief” about patient symptoms and diagnoses,
qualified by confidence values on respective data and the
reputations of the case agents. The number of patients
with a given disease is calculated from net beliefs and
compared to a series of threshold values associated with
standard degrees of epidemiological alarms. None, Low,
Guarded, Elevated, High, Severe. Generated alarms are
passed to the TDH agent and reflected on a simulation
visualization.

Other scenarios involve collaboration between disease
agents in acquiring and analyzing case information.
Motivation for collaboration is based on reducing
communication costs, where collaborators can benefit by
(i) sharing information acquired previoudly; (ii) leveraging
lower communication costs such as time to communicate
between selected disease agents and case agents; and (iii)
applying economies of scale by “bundling” multiple
queries, thereby amortizing the cost of query initiations
across multiple requests. Disease agents agree to establish
collective decision-making frameworks that impact which
agents will perform planning (i.e. plans to acquire and
evaluate case data) on behalf of framework members and
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GSTP: A Temporal Reasoning System
Supporting Multi-Granularity Temporal Constraints *
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1 Introduction terms of hours with a minimum of 1 hour and a maximum of
hours. (The number 95 takes into account a check clear-
| . L e . nce at the beginning of a Friday and a shipment at the end
Milan with the objective of providing universal access to the ;¢\ o+ \Monday according to the constraint.) However, if the
implementation of a set of algorithms for multi-granularity heck is cleared on Monday, the new constraint would allow

:%ﬁg;ﬂgogtrggg dsiﬁtlc?]fea(lzi?grr;tu-{gio:n%nn% fg:g?%'grrg?rgi?% shipment on Thursday which is clearly a violation of the
9 prop P riginal constraint. Approximate conversion algorithms are

Satisfaction Problems (TCSP) have essentially ignored thgxtensively discussed [Bettini et al1994. We have shown

subtleties involved in the presence of multiple time granu-y, o consistency algorithm adopting these conversions as
larities in the temporal constraints. Examples of simple con;

straints specified in terms of a time granularity are the fol-the only tool to reduce the problem to a standard CSP is in-

lowing: “package shipment must occiee next business day evitably incomplete, and have proposed a different algorithm,

after check clearance” and “package delivery should occug?g?go'gge’ which has been proved to be compléettini

during working hours More technically, the GSTP sys-
tem allows the user to specify binary constraints of the formrit
Y — X € [m,n]G, wherem andn are the minimum and
maximum values of the distance betwe€mndY” in terms of
granularityG. Variables take values in the positive integers,
and unary constraints can be applied on their domains. Thii .
can be considered the extension of SDRchteret al 1991 The Algorithms
to multiple and arbitrary granularities. The most interesting part of the system is perhaps the imple-
A first issue in the representation and processing of thesmentation of the ACG algorithm which has been recently pro-
constraints is the need for a clear semantics for time grarposed in[Bettini et al2003. It is based on arc-consistency,
ularities. Business daydor example, may really have dif- and it is essentially an extension of the AC-3 algorithm
ferent meanings in different countries or even in differentifMackworth et al1984 to deal with possibly infinite (but
companies. In this respect GSTP adopts a formalism, firgberiodic) domains and with constraints in terms of multiple
introduced in[Wang et al1997; Bettiniet al199d, which  periodic granularities. This extension is not trivial since it in-
can model arbitrary user-defined time granularities and hasgolves the algebraic manipulation of the mathematical char-
a clear set-theoretic semantics. In order to guarantee a facterization of granularities. ACG also derives thimal
nite representation, granularities in GSTP are limited to thosegolution for the constraint network.
that can be defined in terms of periodic sets. Hours, days,

The GSTP system has been developed at the University

GSTP, in addition to implementing the reasoning algo-

hms, assists the user in the definition of constraint net-
works, in their submission to a remote processing service and
in the analysis of the output.

weeks, business days, business weeks, fiscal years, and aca- Repeat
demic semesters are common examples. 1. Conversion+PC
A second issue is related to the difficulty to reduce a net- 2. ACG
work of constraints given in terms of different granularities 3. RefineEdgesFromNodes()
into an equivalent one with all constraints in terms of the same Until no change is observed .
granularity, so that some of the standard algorithms for CSP, Return Inconsistenbr NewNetwork+solution

like consistency checking through arc- or path-consistency
[Bessiere 1994; Dechtaat al1991], could be successfully

applied. Indeed, any conversion necessarily introduces an . o . .
approximation; For example, the above constraint imposing Despite several optimizations have been introduced in the

delivery to start the next business day may be translated ifnplementation, ACG greatly benefits from any preprocess-
ing phase that can refine some of the original constraints. This

*This work has been partially supported by Italian MIUR (FIRB is the main reason why GSTP integrates with ACG an approx-
"Web-Minds” project). imate algorithm, proposed iiBettini et al1994, and based

Figure 1: The main loop of the constraint solver
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on the conversion of constraints in different granularities fol-networks, to submit them to the constraint solver, and to ana-

lowed by path consistency. The interaction of the two algodyze results. In particular, it is possible to have views in terms

rithms is also used to further refine the original constraints. of specific granularities, to visualize implicit constraints, to
Fig. 1 shows the three main steps behind the GSTP corbrowse descriptions of domains, and to obtain a network so-

straint solver. In step 1, the original network is decomposedution. Fig. 3 shows a screenshot from the interface.

in as many networks as are the granularities appearing in the

constraints; each network has the explicit constraints given i — ERE

in terms of one granularity as well as constraints in the same _ al=lg/[w[o]e]s] «a/afs] &[a]a] =« 2[5

granularity obtained by conversion from others on the same |52 e :

2 B

edge, but in terms of different granularities. Then, standard [ tmumem ) v i

n-a

Edit praprieties
ies

2]

path consistency is applied to each network. The resulting
network most likely has refined constraints with respect to
the original one. Any inconsistency captured by this process-
ing has the effect of terminating the constraint solver report-
ing the inconsistency status. However, if this is not the case,
the network may still be inconsistent and it will go through
ACG, the complete consistency algorithm (step 2). From the
node domains returned by ACG, itis possible to further refine
some of the constraints (the function doing this job in step 3
is calledRefineEdgesFromNodels()The steps are repeated,
since path consistency applied to the refined constraints may Figure 3: The User Interface
lead to some changes. Our experiments show that after few .

iterations of the main loop a fixpoint is always reached. Credits

Many people contributed to the implementation of the GSTP
3 The GSTP Architecture system. R. De Sibi, G. Gabrielli, M. Colombo, S. Ruffini,
rr‘?md V. Pupillo worked at the implementation of the temporal
erﬁ:asoning_ algorithms; S. Gotta and S. Mascetti worked at the
service, which enables external access to the solver, and gphlcal interface; C. Cestang worked at the web service ar-
user interface that can be used locally or remotely to desigﬁ ltecture. The theory underlying GSTP is due to the au_thors
and analyze constraint networks. of [_Bett|n| et aI200_2]. S. Wang gave valuable suggestions

on implementation issues. C. Bettini coordinated the system
implementation and worked closely with all of the above.

108hday, d bhday,

o ]t tinonts Ml 11 4 morih;
et L[>

10 Payment Collection Begin
5| | 11-Payment callection End _[~] /]

Edit your net in the input panel

Fig. 2 shows the general architecture of the GSTP syste
There are three main modules: the constraint solver, the w

nnnnn lient 3 =1olx|
[o]=m] [S[E[e] [*]ale[u] [&[s]s] [s[
i ‘ | References
Input | Outpit | Status
SOAP/HTTP " [Bessiere 1994 C. Bessére. Arc-Consistency and Arc-
o Consistency AgainAtrtificial Intelligence65(1):179-190,
—— 1994,

z = [Bettini et al1994 C. Bettini, X. Wang, S. Jajodia. A Gen-
- eral Framework for Time Granularity and its Application

= S— to Temporal ReasoningAnnals of Mathematics and Arti-
= ficial Intelligence22(1,2):29-58, 1998.
¢ ’ [Bettini et al2004 C. Bettini, X. Wang, S. Jajodia, Solving
e o GSTP constraint solver Multi-Granularity constraint networks Artificial Intelli-
gence 140(1-2):107-152, 2002.
Figure 2: The GSTP Architecture [Dechteret al.199] R. Dechter, I. Meiri, J. Pearl. Tempo-
ral constraint networks Atrtificial Intelligence49:61-95,
1991.

The constraint solver is the C implementation of the al-
gorithms described above, and it runs on a server machingMackworthet al.1989 A. Mackworth, E. Freuder. The
The Web Service defines, through a WSDL specification, the complexity of some polynomial network consistency al-
parameters that can be passed to the constraint solver, includ- gorithms for constraint satisfaction problemgrtificial
ing the XML schema for the constraint network specification; Intelligence25:65-74, 1985.

It accepts connections through soap/http from client app”IWanget al1997 X. Wang, C. Bettini, A. Brodsky, S. Ja-
cations or other web services which require constraint pro- jodia. Logical design fo'r temporal ’databases V\,/ith multi-

cess_ing, it invokes the solver after valiqlating the parameters, ple granularitiesACM Transactions on Database Systems
and it passes back the results. The third module is a remote 22(2):115-170, 1997.

java-based user interface, which is extensively described in
the system demo. It allows the user to easily edit constraint
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Centrum Leo Apostel, Vrije Universiteit Brussel
Krijgskundestraat 33, Brussels, 1160, Belgium
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Abstract

A public virtual laboratory is presented, where
animats are controlled by mechanisms from different
cognitive paradigms. A brief description of the
characteristics of the laboratory and the uses it has
had is given. Mainly, it has been used to contrast
philosophical ideas related with the notion of
cognition, and to elucidate debates on “proper”
paradigms in Al and cognitive science.

1. Introduction

Virtual laboratories have been used in very different areas with
different purposes. They are especially useful when they
simulate situations which are difficult to reproduce, control, or
observe. Cognitive science studies phenomena that fall in this
category.

A virtual laboratory has been developed for the
comparison of different cognitive paradigms. Experiments
carried out in this virtual laboratory were used as “opaque
thought experiments” for discussing the notion of cognition
(Gershenson, 2003). Detailed information about the virtual
laboratory can be found in Gershenson (2002).

2. A Virtual Laboratory

Following the ideas presented in Gershenson, Gonzalez,
and Negrete (2000), a virtual laboratory was developed for
testing the performance of animats controlled by mechanisms
proposed from different perspectives in a simple virtual
environment. Programmed in Java with the aid of Java3D
libraries, this software is available to the public, source code
and documentation included, at
http://student.vub.ac.be/~cgershen/cogs/keb/. The software
allows the user to create and repeat controlled experiments for
comparing the different animats in different situations in a
friendly and informative fashion.

In the virtual laboratory, the user can create different
phenomena, such as rocks (grey cubes), food sources (green
spheres), rain (blue semitransparent cylinders), lightnings
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(black cylinders), and spots of different colours (circles):
randomly or in specific positions. These also can be generated
randomly during the simulation at a selected frequency.
Lightnings turn into rain after ten time steps, and rain turns
into food after fifty time steps.

All the animats have an energy level, which decreases
when their hunger or thirst are high, and is increased when
these are low. An animat dies if its energy is exhausted. Eating
food decreases their hunger. They can decrease their thirst by
drinking under rains. Hunger and thirst are increased if they
attempt to drink or eat “incorrect” stimuli. They lose energy if
they touch lightnings or rocks. Basically, an animat in order to
survive needs to eat when hungry, drink when thirsty, and
avoid lightnings and rocks. We can say that they are cognitive
systems if they are successful, because they would know how
to survive (Gershenson, 2003). The animats can leave a
coloured trail in order to observe their trajectories.

1

Figure 1. Screenshot of virtual environment.

There are many models that would solve the problem of
surviving is such an environment, but it was decided to
implement representative models of different paradigms in
order to observe their differences and similitudes. These
models are as follows: a rule-based system typical of
traditionalknowledge-based and expert systems; Maes’ (1990)
action selection mechanism, an already classical behaviour-
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based system; an original architecture of recursive concept

development (Gershenson, 2002) as an example of the novel

concept-based approach; a simple feed-forward artificial
neural network; and a Braitenberg-style architecture

(Braitenberg, 1984). All the animats survive fairly well in the

simple environment. A short description of each mechanism

follows:

*  The rule-based animats have a set of rules (if... then).
These receive information from “cheater” sensors, i.e.
with meaning given by the programmer (e.g. food
perceived, hungry, obstacle close, etc.), and produce
behaviours (e.g. explore, approach food, eat, avoid
obstacle, etc.), with which a motor system has to deal.

* The behaviour-based animats also have “cheater”
perceptual and motor systems, but the control is
determined by a network of behaviours (e.g. approach
food, eat, avoid obstacle, etc.) which inhibit and excite
according to the types of connections they have.

*  The concept-based animats only have basic sensors (e.g.
redness, hardness, flavour, etc.), and they develop
recursively concepts that they associate by reinforcement
learning with predetermined behaviours.

* The neural animats have three sensor pairs and two
motors. Each sensor perceives if a phenomenon (food,
rain, or rock) is left or right of the animat. These signals,
and signals from the internal medium (hunger and thirst)
are inputs to a three-layered feed-forward neural network
with fixed weights. The outputs go straight to the motors.

*  The Braitenberg animats also have six sensors and two
motors, but they are directly connected: food and rain
sensors to the inverse motors (left to right, right to left),
and rock sensors to the corresponding motors (left to left,
right to right).

3. Comparison

Several experiments were performed in the virtual laboratory
to compare the different properties of the architectures that
control each type of animat (Gershenson, 2002). The reader is
invited to download the virtual laboratory and compare the
different architectures as well.

We could see that we can describe the different animats in
the same terms, because it can be said that they perform the
same behaviours, independently on how these were
implemented. Also, distinguishing which architecture controls
which type of animat is not possible for a naive observer.

We observed that there is no general “best” architecture
for the simple task of surviving in the virtual environment. We
can say that each animat is better in different situations. Y et it
seems that this is more a consequence of the particular
implementation than of the paradigm on which it stands,
because the models can be adjusted and refined to any desired
degree of detail. In order to judge which architecture is better,
we need to refer to a particular context. Their performance
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cannot be generally measured, but only relatively to specific
tasks.

Some models were very easy to implement in software
code, others not so much, but occasionally it is a different
story if we want to implement an architecture in a real robot.
Moreover, if a model works in a simulation and/or robot, it
does not mean that animals function in the same way. Some
models are very robust. Others would break up quite easily.
Some models are quite good if we have just practical purposes,
and this also depends on the experience of the engineer. Still,
if we are interested in using them as explanatory models, the
simplicity of their implementation might be secondary. Also,
if we would like to increment the systems, for example to
include more environmental stimuli and internal variables,
some would need to be redesigned, others could be easily
extended. Some models would have more ease in adapting to
changes of their environment than others, but this does not
mean that we cannot adjust different architectures in order to
obtain the desired behaviour.

We can say that different models, architectures, and
paradigms, study different aspects of cognition. Will we find
ever a “best” model? It depends on our purposes and our
context. Generally speaking, we cansay thatall approaches are
useful, since they illustrate different aspects of cognition.

The observations in the virtual laboratory were useful for
discussing and illustrating ideas related to the notion of
cognition (Gershenson, 2003), and to clarify debates
concerning the “proper” paradigm for studying cognition
(Gershenson, 2002).

4. Conclusions

Virtual laboratories allow us to explore different avenues than
physical laboratories. This virtual laboratory was useful for
illustrating questions such as “what makes a system
cognitive?”. It helped in showing that the observer plays a
great deal in the cognition of the system, and that cognition is
independent of the implementation of the system.
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Humans are often able to communicate effectively to
solve a joint task, even when they do not speak much of
a common language, for instance, when buying a train
ticket in a foreign country. Although the conversation
might not be fully fluent and error-free, the commu-
nication does not break down; instead, through clari-
fications, confirmations and inferences, the dialog can
proceed towards solving the common task. Key to this
is the ability to note an error (or miscommunication),
assess it, and address it. We believe that these prin-
ciples of human dialog repair can be used to enhance
the conversational abilities of task oriented interactive
systems, allowing them to interact more smoothly with
human users (Perlis, Purang, & Andersen 1998). To
this end, we are developing an agent that can act as an
interface between the user and a task-oriented system,
providing a bed for dialog correction and repair.

Our agent, ALFRED (Active Logic for Reason En-
hanced Dialog) is built on a time-tracking, logical
framework called active logic (Elgot-Drapkin et al.
1993; Elgot-Drapkin & Perlis 1990). Active logic works
by combining inference rules with a constantly evolving
measure of time (a “Now”) that can itself be referenced
in those rules. As an example, from Now(t)-the time
is now “t”—one infers Now(t+1). Special rules govern-
ing the persistence of formulas in the database, includ-
ing rules for disinheriting direct contradictions, along
with a quotation mechanism which allows formulas to
refer to one another, give active logic the expressive
and inferential power to monitor its own reasoning, al-
lowing it to watch for errors (such as mismatches be-
tween conveyed and intended meanings), note tempo-
ral conversational cues such as pauses that may signal
a turn change, and to exert reasoned control over its
past and upcoming inferential processes, including re-
examination and alteration of beliefs and inferences.

Capabilities

Some of the capabilties that ALFRED currently has are
as follows.

1. Understanding the use-mention distinction

Copyright © 2003, American Association for Artificial In-
telligence (www.aaai.org). All rights reserved.
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ALFRED is sensitive to whether a word is being used
or mentioned, and interprets the relevant utterance
accordingly. Following (Saka 1998), we have chosen
to characterize the use-mention distinction in terms
of the possible ostensions of words. That is, we con-
sider X is being “used”, if the speaker intends to di-
rect the thoughts of the audience to the extension of
X; and X is being “mentioned”, if he intends to direct
the thoughts of the audience to some item associated
with X other than its extension. See (Anderson et al.
2002) for more details. The features that ALFRED
uses to make this distinction are context, cues and
meta-dialog.

. Using meta-dialog

ALFRED is capable of engaging in meta-dialog with
the human user when necessary, in order to identify
miscommunication problems and perform dialog re-
pairs.

. Learning new words

ALFRED can learn new names that refer to already
existing objects in the domain. It can also learn new
ways to accept known commands. This feature can
allow a given user to negotiate a more comfortable
vocabulary for interaction, and helps to increase the
vocabulary of the system as a whole. We are working
on methods of structuring and manipulating concep-
tual relations to allow ALFRED to learn genuinely
new objects and concepts.

. Maintaining context

ALFRED maintains the context of the ongoing con-
versation by keeping track of user intentions (inter-
pretations of past utterances), needs and expecta-
tions. A “need” is created when there is some re-
quirement (like determining the meaning of a word)
that has to be met before the system can interpret
a user utterance. An “expectation” is created when
the system expects a particular kind of response from
the user.

. Identifying miscommunication

ALFRED recognizes miscommunication problems by
looking for contradictions in its interpretations of the
user’s intentions (Traum et al. forthcoming).
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6.

Connecting to different domains

ALFRED functions as a kind of translator between
human natural language and the specialized language
of the task-oriented domain, and enhances the per-
formance of the original system interface by incor-
porating a suite of dialog error detection and repair
strategies. These can allow a dialog to continue even
in the presence of various kinds of miscommunica-
tions.

The upshot of this is that ALFRED can act as a nat-
ural language interface between a user and any task-
oriented system as long as the specialized language
of the task-oriented system is specified explicitly to
ALFRED. This specialized language can vary from
menu driven commands in the simplest case to nat-
ural language-like commands in a more complicated
scenario. However, since the same principles and rea-
soning strategies are being used in each case to en-
hance the dialog, orienting ALFRED to a different
domain is as easy as changing the files specifying the
specialized language for that domain.

Example

Consider a task-oriented system whose domain is de-
fined by the following objects and commands.

e Domain objects

train: Metroliner, Northstar, Bullet; city: Baltimore,
Richmond, Buffalo

e Domain commands

send: [send train city]

A stepwise example of command translation and in-

tentional discernment follows:

1.

User types “Send Metro to Baltimore”; the parser
sends output to ALFRED

. Since it is a request for an action, ALFRED first

checks whether it is a command for the domain or
for itself.

. Since it is a domain command, ALFRED will get

the structure of the command from the domain com-
mands knowledge base. In this case, the command
structure is send - [send train city].

. ALFRED then tries to disambiguate the object ref-

erences in the user utterance by finding the mapping
from these object references to known domain objects
of the types specified in the structure.

. Since there is no direct mapping between “Metro”

and any existing train in the domain, ALFRED now
“needs” the meaning of the word “Metro”. This
“need” causes ALFRED to temporarily stop further
interpretation of the utterance until this “need” gets
satisfied.

. This “need” then causes ALFRED to introspect (to

examine its existing knowledge base or try to reason)
about the meaning of the word “Metro”. Since it
does not get an answer after introspection, it asks the
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user: “What does ‘Metro’ mean?”, and “expects” the
user to provide the answer. This “expectation” helps
in keeping track of the context of the conversation,
which is essential for understanding the dialog state,
and has particular use in helping distinguish whether
a word is being used or mentioned in an utterance.

7. The user says “Metroliner”. The expectation, above,

helps ALFRED to interpret this elliptical utterance
as “ ‘Metro’ means Metroliner”. Hence ALFRED
would learn this meaning so that at any later point
in time, if the user says “Metro”, ALFRED would be
able to identify the correct referent by introspection.

8. Once ALFRED gets the meaning of “Metro”, the

“need” created above is satisfied, which in turn causes
the further interpretation of that user utterance.

Conclusion

ALFRED can enhance the interactive capability of a
task-oriented computer system by adding the ability to
detect and recover from miscommunication problems,
including ambiguous references, incompatible or con-
tradictory user intentions (Traum et al. forthcoming),
and the use of unknown words.

This technology can already be usefully applied to
current application domains, such as home-control soft-
ware, and we expect that the techniques employed can
be refined and extended to handle more sophisticated
domains.
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Summary

The Broadcast News Navigator (BNN) is a fully im-
plemented system that incorporates image, speech,
and language processing together with visualization
and user preference modeling to support intelligent,
personalized access to broadcast news video. The
demonstration will illustrate the use of the system’s
underlying machine learning enabled story segmen-
tation and processing, called the Broadcast News
Editor (BNE). A live, scenario-based demonstration
will illustrate the use of named entity search, tempo-
ral visualization of entities, story clustering and geo-
spatial story visualization, discovery of entity rela-
tions, and personalized multimedia summary genera-
tion. By transforming access from sequential to di-
rect search and providing hierarchical hyperlinked
summaries, we will demonstrate how users can ac-
cess topics and entity specific news clusters nearly
three times as fast as direct search of digital video. In
short, we will demonstrate intelligent news on de-
mand enabled by a suite of Al technologies.

1 Intelligent Segmentation

Fundamental to BNN is the exploitation of text, audio,
and imagery streams and associated cues which are used
to detect story and commercial segment boundaries and
to select media elements to use for summaries and mul-
timodal displays. We will demonstrate how certain cross
media cues such as language content (e.g., frequent
weather or sports terms, funding and/or copyright no-
tices), discourse cues (e.g., “coming up next”), music
(e.g., characteristic jingles), silence indicating breaks to
commercial, and visual cues (e.g., logos, anchor booth vs
report shots) help signal program start/end, anchor/report
shots, commercials, and/or story shifts. Underlying BNN
is a set of machine learned, time-enhanced finite state
automata modeling news structure that take into account
the above cues and probabilistic, temporal models of
event occurrence [Boykin and Merlino, 2000].

INTELLIGENT SYSTEMS DEMONSTRATIONS

2 Named Entity Search and Retrieval

BNN supports the retrieval of stories based on user
query, either keyword, named entity, or topics. For ex-
ample, the user can specify source, date ranges, key-
words, subjects, or named entities. As show in Figure 1,
after selecting news programs (e.g., CNN NewsNight,
ABC World News Tonight, Fox News) and indicating
date ranges (in this case January 6-9, 2003), a user can
simply type in keywords in the text box (e.g., “Korean
weapons of mass destruction”). In addition, if a user is
unfamiliar with retrieval terms, they can display an al-
phabetic listing of all the named entities extracted for the
time period and from the programs of interest, such as
shown in the person, organization, and location searchers
in Figure 1. Note the evidence of information extraction
errors such as “English” under location or “reserve” un-
der organization. We will demonstrate how information
extraction [Aberdeen et al., 1995] on noisy data such as
closed caption or speech transcription (as opposed to less
errorful newswire text) drops from about 90% precision
and recall to about 70-80%.

If the user selects “North Korea” in Figure 1, they are
provided access to the 39 stories detected during the
week, as presented in the “Story Skim” display shown in
the left of Figure 2. In this case the system shows the
source and date, the top 3 named entities in each story,
and a representative key frame from each selected seg-
ment extracted using heuristics based one the type of
story segment (e.g., anchor, reporter, interview). Note
the stories range from several sources (CNN, CNN
Money Line, CNN NewsNight with Aaron Brown), dates,
and times of day. The media elements used in “story
skim” and “story details” were selected after careful em-
pirical study of the optimal combination of multimedia
elements for video retrieval and extraction tasks [Merlino
and Maybury, 1999]. The current system [Maybury 2003]
allows the user to interactively customize these to their prefer-
ence.
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Figure 2. January 2003 North Korean “Story Skim” and
“Story Details”

3 Relevancy Feedback

Users can navigate directly from the Story Skim of Fig-
ure 2 on the left to a “Story Details” display as shown on
the right. “Story Details” include the key frame, one line
summary (the story line containing the most named enti-
ties), all extracted named entities, and pointers to video
source, transcript, and relevant stories. The user can ei-
ther review the story or engage in further query refine-
ment, accomplished with an underlying Local Context
Analysis (LCA) algorithm.

4 Visualization and Discovery

As shown in Figure 3, users can visualize named entity
frequencies by collection, source, or date range, visualize
temporal occurrences, and display story occurrences as-
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sociated with geospatial regions, animated over time.
Finally, users can interactively run data mining algo-
rithms to discover relationships among named entities
(e.g., people associated with locations or organizations),
and automatic detection of topic clusters. In addition,
users can set profiles that specify their media (e.g., text
summary, image key frames, summary), and navigation
preferences (e.g., overviews or not, links to related sto-
ries). We demonstrate live how BNN users can find video
stories and answer questions about two to three times as
fast as with original sources, with no performance loss.
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Figure 3. Entity and Trend Analysis; Geospatial Display
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1 Resear ch Overview

Future manned space operations are expected to include a
greater use of automation [Cooke and Hine, 2002] This
automation will function without human intervention most
of the time. However, humans will be required to
supervise the automation, and they must be on-call to
respond to anomalies or to perform related tasks that are
not easily automated. In such an environment, humans
perform other tasks most of the time, and their interaction
with the automation may be remote and asynchronous. As
automation becomes more prevalent, better support for
such interaction is needed. The Distributed Collaboration
and Interaction (DCI) environment, being developed at
NASA, investigates the use of software agents to assist
humans in this type of remote, distributed space operations.

The DCI approach has been applied for use by control
engineers at the Johnson Space Center (JSC) who are
investigating advanced technology for life support such as
the water recovery system, or WRS [Schreckenghost, et al,
2002]. The WRS recycles wastewater through biological
and chemical processes to remove impurities and produce
potable water. Managed by an autonomous control
program called 3T [Bonasso, et al, 1997], the WRS ran
unattended in a continuous 24/7 integrated test from
January 2001 through April 2002 [Bonasso, et a., 2002].
WRS control engineers periodically monitored for
network, hardware, or power failures from remote
locations, while spending the majority of their time
carrying out their daily tasks on unrelated projects. The
current prototype of the DCI environment uses a simulation
of the WRS 3T system for both demonstration and
continuing development. The DCI implementation creates
an environment in which humans and the 3T control
automation together form an integrated team to ensure
efficient, effective operation of the WRS.

2 Approach: DCI Architecture

The DCI approach uses intermediate liaison agents called
Attentive Remote Interaction and Execution Liaison
(ARIEL) agents to provide an interfacing layer between the

Copyright © 2002, American Association for Artificial Intelligence
(www.aaai.org). All rights reserved.
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human and the control automation. In the DCI system,
these liaison agents provide a variety of services, which
together support (1) human supervision of automated
control systems, (2) direct human control of processes such
as crew life support, (3) activity tracking and coordination
among humans and automated systems interacting with the
same process, and (4) asynchronous information exchange
among distributed, remote humans and automated systems.
In addition to liaison agents, DCI provides augmenting
software. This software includes new capabilities used by
all ARIEL agents (e.g., software to detect events from a
control agent) or DCI tools used to integrate existing
software into the DCI environment (e.g., an interface to a
centralized planner). In Figure 1, the Event Detection
Assistant (EDA) and the Conversion Assistant for Planning
(CAP) are representative pieces of augmenting software.
The EDA monitors data produced by the control
automation for data patterns that are of interest to humans
supervising this system. The CAP augments a centralized
hierarchical task net (HTN) planner, (the prototype uses
AP [Elsaesser and Sanborn, 1990]), for interfacing to
humans and their ARIEL agents. The entities with black
backgrounds in Figure 1 (the human, the WRS system and
its control software, and the centralized planner)
participate in but are not part of the DCI environment.

planner i i i
P) Conversion AS(SCI,SAtg)m for Planning WRS Life
Support
# System

]

Task

ARIEL

WRS control
Interrupt Status Location
Handle (TSS) Ls)
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(EDA)
Interactive \—g_/ Interactive
Procedure Event
User
(PS) Interface (IES)

(urs)

Y

GUI I Situation Viewer ||

Figurel. DCI Architecture
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ARIEL agents, as pictured in Figure 1, provide the
following services for and on-behalf-of their human users:
the State Management Service maintains a model of the
user’s current context, including task, role, and location;
the User Interface Service manages different modalities,
such as display, pager, or email, to present information;
the Notification Service extends communication
protocols to support distributed, assynchronous
collaboration and to ensure the proper routing of
information to users based on their roles, location, etc.;
the Task Status Service tracks human activity and
provides completion status to the automated planner; and
the Location Service provides human location
information for use in tracking the completion status of
user activities, determining how to notify the user of
events, and customizing the presentation of information.
Three services included in the DCI design have not yet
implemented:
the Command and Authorization Service will assist a
human in commanding the automation by reconfiguring
the automation when transitioning between manual and
automated commanding and by detecting and resolving
potential command conflicts among distributed users ;
the Interactive Procedure Service will allow a user to
specify new operations by modifying an automated
procedure and triggering the control automation to
perform this procedure; and
the Interactive Event Service alows a user to
interactively define temporary or new operational events
and to control automated monitoring for these events.
ARIEL services work together to support an individual
human’s interaction with automation software and with
other humans that are geographically and/or electronically
distributed.

3 Demonstration

The DCI demonstration shows the potential benefits of the
DCI system and ARIEL agents in the following typical
scenario involving the WRS and its three control
engineers: the “Prime” engineer, who is the first called in
for WRS problems, a “Backup” engineer, and a
“Coordinator,” who oversees the work of the other two.

1) A loss of controls communication in the WRS control
software requires a human to reinitialize the software.

2) The Prime engineer’s ARIEL notifies him about the
problem and the assignment of a new WRS repair task.

3) The Prime engineer is offline and doesn't respond to
the pager notification in atimely manner.
4) The Prime engineer's ARIEL
assignment acknowledgement request with

urgency.

5) The Prime engineer still does not respond, and his
ARIEL indicates to the planner that the task assignment
has not been acknowledged. The planner reassigns the
repair task to the Backup who is located off-site from JSC.

6) The Backup engineer’s ARIEL notifies him about the
assignment of a new WRS repair task.

re-issues a task
increased
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7) The Backup engineer is online and responds to the
reguest to acknowledge the change in his schedule.

8) The Backup engineer travels on-site to JSC, to fix the
problem in the WRS.

9) In the Water Processing Facility, the Backup engineer
reviews a summary of the anomaly situation via a notice
previously logged by his ARIEL. Based on that review, he
determines how to respond.

10) Once the problem is fixed, the Backup engineer’s
ARIEL natifies him when the water system has returned to
normal and he leaves the Lab.

11) When the Prime logs into the DCI environment later,
he reviews his ARIEL’ s notifications about how the control
team coordinated to resolve the situation and what if any
impacts the problem had on his schedule.

12) Throughout this interchange, the Coordinator relies
on his ARIEL to inform him of events in the WRS and the
response of the control engineers on his team.

The DCI demonstration showcases the potential to
provide unprecedented support for distributed collaboration
among humans and automation in the context of future
manned space operations. The DCI approach also holds
future promise for extended application because similar
increases in the use of automation can be seen in other
domains ranging from process control to smart houses.
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Introduction

We describe how spoken dialogue interfaces make a
simulation-based trainer and an intelligent tutoring system
into a powerful package for Naval damage control
education. An advanced simulator gives a student real-time
experience that would otherwise be extremely costly to
provide. The dialogue interface to the simulator uses a
simple finite-state script to allow the user to issue orders
and requestsin aredlistic way. Subsequently, the reflective
tutor communicates to the student about their experience
with the simulator entirely through a ‘conversationally
intelligent' dialogue system, with capabilities like topic
management and coordination of multi-modal input and
output.

Dialogue Systems

Dialogue systems can range from very simple finite-state
scripts defining the bounds of interaction, to complicated
plan-oriented agents that can have very complex
conversational intelligence (Allen 2001). The two systems
discussed below are among the extremes, one being very
simple and the other containing more advanced forms of
conversational intelligence, but both serving their purposes
with a good degree of success.

DC-Train 4.1 Dialogue M anager

The shipboard Damage Control Trainer, or DC-Train, is a
simulator of damage control aboard large Navy ships.
There is a physical simulator of fire, flood, and smoke, as
well as simulated shipboard damage control personnel. A
student is placed in front of the simulator and presented
with one or more damage control crises to solve. This
involves giving orders to the various simulated agents,
which should occur verbally not only for training purposes,
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but also to recreate the stressful nature of the job as
accurately as possible.

To handle such interaction, it was possible to simulate
the command-receiving agents using the ssimplest kind of
diadlogue system, a finite-state scripted system.
Furthermore, only 3 states are needed: the agent is ready to
receive a new command, the agent has an incomplete
message and is awaiting a missing value(s), or the agent is
actualy issuing the command to the personnel that will
carry it out.

The emphasis for the spoken interface to the simulator is
on providing a redlistic experience. Other benefits include
not having to learn locations and organizations of simulator
graphical menus when the spoken commands are aready
familiar, and gaining the speed of verbal interaction. We
use clarification sub-dialogues to provide a way to address
speech recognition problems, and to allow for building up
complex commands incrementally.

SCOT Dialogue M anager

The Spoken COnversational Tutor (SCOT) is on the
opposite end of dialogue-supporting capabilities from the
simple finite-state script used in DC-Train. Thereisamore
robust conversational intelligence (Cl) at work in SCOT's
dialogue manager which is necessary to facilitate a
prolonged conversation about damage control doctrine.
Since the utterances here are not simply mapped into
commands and parameters the dialogue structure becomes
much more important. Topic management and
coordination of multi-modal input and output (gestures) are
among the improvements over a simple finite-state script to
reach a more human-like level of conversation.

An annotated record of the student’s performance with
the DC-Train simulator is fed into SCOT, from which an
initial plan is created. This plan is made by the tutoring
component of SCOT, which is completely separate from
the dialogue manager side. This extra ‘planner’ is one of
the necessities with CI of topics and goals. The dialogue
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manager will only have limited abilities to manipulate the
plan and attach a user utterance to the relevant place. It
understands that there are topics and sub-topics, but the
dialogue manager obvioudly has no knowledge of what the
tutorial goals are or how they relate to each other. Dealing
with these concerns is the job of an outside agent. The
separation of the ClI from the tutoring knowledge allows the
dialogue manager to be generic and usable for any domain,
provided an outside agent contains the semantic
understanding of the goals and topics.

The ability to reshape the current and future dialogue
threads is a mgjor advantage over a finite-state model. It
creates an interactive style which comes much closer to
humans, where topics can explored in more or less detail,
or put aside for later, new topics can spring up at whim and
old topics can never be brought back if it becomes
unnecessary. The tutor agent monitors the conversation
and makes these changes as it sees fit to suit the overall
tutoring strategies for teaching and specific tactics applied
to get points across.

This dialogue manager can also handle creating gestural
output to the user and timing that with the speech, as well
as interpreting gestural input from the user (in the form of
mouse clicks). Gestures are a large part of typical human-
to-human interaction (Clark 1996), and the more the
student is able to interact with a common workspace which
SCOT shares, the more natural-feeling and effective the
interaction will be. Currently the student can only point at
designated times, but ideally all mouse movement would be
analyzed for pointing, just as al hand movements in
conversation could be looked at for gestural meaning.

Voicelnteraction

Of the major technical difficultiesto overcomein creating a
robust dialogue system the input and output is obviously
one of the more pertinent. The concerns of good speech
recognition are one of the limiting factors to how much
variance in input is alowed. The audio side of speech
output is somewhat less restrictive, but that varies based on
how realistic the voice needs to be. However, both the
input and output are governed by an underlying grammar
which gives the system the ability to intelligently parse user
input and create complex output using semantic constructs,
or logical forms (LFs), rather than using canned phrases or
sentences.

Gemini

The Gemini NLP system (Dowding et al. 1993) uses a
single unification grammar both for parsing strings of
words into logical forms (LFs) and generating sentences
from LF inputs. This enables us to give precise and
reliable meaning representations which alow us to identify
the discourse move types (eg., a question) given a
linguistic input or output; e.g., the question “What
happened next?’ hasthe LF: (ask(wh([past,happen]))).
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Nuance

The Nuance speech recognition server takes a user
utterance and a recognition model, which we compile
directly from a Gemini grammar, and attempts to turn the
utterance into text. The grammar plays a key role in
defining the bias of the recognizer towards words and
phrases within the current domain, as well as assuring that
every recognized utterance has a corresponding LF.
Limiting what a user can say has the bonus of significantly
better recognition of expected utterances, but has the
undesired effect of sometimes turning out-of-grammar
phrases into in-grammar phrases, which would obviously
cause problems. This is where a well engineered grammar
plays an important role.

Festival and Festvox

The Festival text-to-speech system turns any text into audio
output. How usable a speech-enabled system will be
depends highly on how understandable the output is. There
are a variety of voices to choose from when using Festival,
but they are ‘computer-sounding’ and lack the clarity and
subtle inflections of a real human voice. One solution to
this is to use the Festvox add-in to Festival, which allows
one to create a voice which sounds exactly like the person
who creates it. This process involves recording a large
number of phrases covering the range of words in the
desired domain. These recordings are then analyzed along
with the corresponding text, and a voice is compiled which
uses the discovered human-sounding words to generate the
audio output.
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Travel Agent Game in Agentcities (TAGA) is a framework
that extends and enhances the Trading Agent Competition
(TAC) system to work in Agentcities, an open multiagent
systems environment of FIPA compliant systems. TAGA
makes several contributions: auction services are added to
enrich the Agentcities environment, the use of the seman-
tic web languages RDF and DAML+OIL improve the
interoperability among agents, and the DAML-S ontology
is employed to support service registration, discovery and
invocation. The FIPA and Agentcities standards for agent
communication, infrastructure and services provide an
important foundation in building this distributed and open
market framework. TAGA is intended as a platform for
research in multi-agent systems, the semantic web and/or
automated trading in dynamic markets as well as a self-
contained application for teaching and experimentation
with these technologies. It is running as a continuous open
game at http://taga.umbc.edu/ and source code is available
for research and teaching purposes.

1 Introduction

The Trading Agent Competition (TAC) [7] is a test bed
for intelligent software agents that interact through
simultaneous auctions to obtain services for customers.
TAC trading agents operate within a travel market sce-
nario, buying and selling goods to best serve their given
travel clients. TAC is designed to promote and encourage
research in markets involving autonomous trading agents
and has proven to be successful after three consecutive
year’s competition.

Although TAC’s framework, infrastructure and game
rules have evolved over the past three competitions, the
assumptions and approach of TAC limit its usefulness as
a realistic test bed for agent based automated commerce.
TAC has used centralized auctions as the sole mechanism
for service discovery, communication, coordination,
commitment, and control among the participating soft-
ware agents. The agents communicate with the central
market servers through simple socket interfaces, ex-
changing pre-defined message. The abstractness and
simplicity of the TAC approach helped to launch it as a
research vehicle for studying bidding strategies, but are
now perceived as a limiting factor for exploring the wide
range of issues inherent in automated trading in open
environments.

Agentcities [4] is an international initiative designed to
explore the commercial and research potential of agent-
based applications by constructing an open distributed
network of platforms hosting diverse agents and services.
The ultimate goal is to enable the dynamic, intelligent
and autonomous composition of services to achieve user
and business tasks, thereby creating compound services
to address changing needs.
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Inspired by TAC, we developed Travel Agent Game in
Agentcities (TAGA) built on the foundation of FIPA
technology and the Agentcities infrastructure. The agents
and services use standard FIPA supported languages,
protocols and services to create the travel market envi-
ronment providing TAGA with a stable communication
environment in which messages in expressive semantic
languages can be exchanged. . The travel market is the
combination of auctions and varying markets including
service registries, service brokerage, wholesalers, peer-
to-peer transactions, bilateral negotiation, etc. This
provides a much richer test bed for experimenting with
agents and web services as well as a rich and interesting
scenario to test and challenge agent technology.

2. TAGA Game and Agents

We have designed TAGA as a general framework for
running agent-based simulations and games. Our first
use of TAGA has been to build a travel competition
along the lines of that used in the first three TACs. In
this competition, customers travel from City A to City B
and spend several days there. A travel package includes a
round-trip flight ticket, corresponding hotel accommoda-
tion and ticket to entertainment events. A travel agent (an
entrant to the game) competes with other travel agents in
making contracts with customers and purchasing the
limited travel services from the Travel Service Agents.
Customer selects the travel agent with best travel itiner-
ary. The objective of the travel agent is to acquire more
customers, fulfill the customer’s travel package, and
maximize the profit.

TAGA provides a flexible framework to run the travel
market game. Figure 1 show the structure of TAGA. The
collaboration and competition among six kinds of agents
that play different roles in this market, simulating the real
world travel market. We have found that basing our
implementation on FIPA compliant agents has made the
framework extremely flexible. We’ll briefly describe the
different agents in our initial TAGA game.

The Auction Service Agent (ASA) operates all of the auctions
and markets in TAGA. Market types currently include English
and Dutch auctions as well as other dynamic markets similar to
Priceline and Ebay’s fastbuy.

A Service Agent (SA) offers travel related service units such
as airline tickets, lodging and entertainment tickets. Each class
of travel related service has multiple providers with different
service quality level and with limited service units;

A Travel Agent (TA) is a business that helps customers ac-
quire travel service units and organizes travel plan. The units
can be bought either directly from the service agents, or
through an auction server.

A Bulletin Board Agent (BBA) provides a mechanism
through which helps customer agents can find and engage one
or more travel agents.
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A Customer Agent (CA) represents an individual customer
who has particular travel constraints and preferences. Its goal is
to engage one or more TAs, negotiate with them over travel
packages, and select one to try to purchase.

The Market Oversight Agent monitors the simulation and
updates the financial model after each reported transaction and
finally announces the winning TA when the game is over.

Figure 1: TAGA Architecture

The basic cycle of the game is as follows. A customer-
generating agent creates a new with particular travel
constraints and preferences chosen from a distribution.
The CA registers with the BBA, which facilitates contact
with a set of TAs, each of which must decide whether to
propose a travel package for the CA. Those that do,
contact the necessary ASAs and SAs and assemble an
itinerary to propose to the CA. Note that a TA is free to
implement a complex strategy using both aggregate
markets (ASAs) as well as direct negotiation with SAs.
The final proposal to a CA includes a set of travel units, a
total price and a penalty to be suffered by the TA if it is
unable to complete the transaction. The CA negotiates
with the TAs ultimately selecting one from which to
purchase an itinerary based on its constraints, preferences
and purchasing strategy (which might, for example,
depend on a TAs reputation). Once a TA has a commit-
ment from a CA, it attempts to purchase the units in the
itinerary from the ASAs and SAs. There are two out-
comes possible: the TA acquires the units and completes
the transaction with the CA resulting in a satisfied CA
and a profit or loss for the TA, or the TA is unable or
unwilling to purchase all of the units, resulting in an
aborted transaction and the invocation of the penalty
(which can involve both a monetary and a reputation
component).

3. Discussion

TAC relies on a few centralized market servers to handle
all interactions and coordination, including service
discovery, agent communication, coordination, and game
control. In contrast, TAGA framework uses a distributed
peer-to-peer approach based on standard agent languages,
protocols and infrastructure components (FIPA [8],
Agentcities), emerging standards for representing ontolo-
gies, knowledge and services (RDF, DAML+OIL,
DAML-S [1]) and web infrastructure (e.g., Sun’s Java
Web Start). Several FIPA platform implementations are
currently used within TAGA, including Jade [2] and APP
[5], demonstrating agent interoperability.
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We see two contributions in our work. First, TAGA
provides a rich framework for exploring agent-based
approaches to ecommerce like applications. Our current
framework allows users to create their own agent (per-
haps based on our initial prototype) to represent a TA,
SA and to include it in a running game where it will
compete with other system provided and user defined
agents. We hope that this might be a useful teaching and
learning tool. Secondly, we hope that TAGA will be
seen as a flexible, interesting and rich environment for
simulating agent-based trading in dynamic markets.
Agents can be instantiated to represent customers, aggre-
gators, wholesalers, and service provides all of which can
make decisions about price and purchase strategies based
on complex strategies and market conditions.

4. Conclusion and future work

As a role-playing market game, TAGA can be used for
business research on marketing and auction strategy. In
the Agentcities community, TAGA serves as a test-bed
for FIPA agent communication in a distributed and open
environment. For our own research, has allowed us to
explore the integration of multi-agent systems technology
(FIPA) and the semantic web.

The Agentcities project is exploring the delivery and
use of agent-based services in an open, dynamic and
international setting. We are working to increase the
integration of TAGA and emerging Agentcities compo-
nents and infrastructure and will include agents running
on handheld devices using LEAP [3]. We are also
working to enhance the ontologies which underlie TAGA
and to move them from RDF and DAML+OIL to the
W3C’s Web Ontology Language OWL [5].
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Abstract

Collective choice settings are the heart of soci-
ety. Game theory provides a basis for engineering
the incentives into the interaction mechanism (e.g.,
rules of an election or auction) so that a desirable
system-wide outcome (e.g., president, resource al-
location, or task allocation) is chosen even though
every agent acts based on self-interest.

However, there are a host of computer science is-
sues not traditionally addressed in game theory that
have to be addressed in order to make mechanisms
work in the real world. Those computing, commu-
nication, and privacy issues are deeply intertwined
with the economic incentive issues. For example,
the fact that agents have limited computational ca-
pabilities to determine their own (and others’) pref-
erences ruins the incentive properties of established
auction mechanisms, and gives rise to new issues.
On the positive side, computational complexity can
be used as a barrier to strategic behavior in settings
where economic mechanism design falls short.

Novel computational approaches also enable new
economic institutions. For example, market clear-
ing technology with specialized search algorithms
is enabling a form of interaction that I call expres-
sive competition. As another example, selective in-
cremental preference elicitation can determine the
optimal outcome while requiring the agents to de-
termine and reveal only a small portion of their
preferences. Furthermore, automated mechanism
design can yield better mechanisms than the best
known to date.

*This material is based upon work supported by the National Sci-
ence Foundation under CAREER Award IRI-9703122, Grant IIS-
9800994, ITR 11S-0081246, and ITR 1IS-0121678.
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1 Introduction

Collective choice settings are the heart of society. Citizens
voting determines a president, producers and consumers bid-
ding determines a set of trades, and surfers hitting links in
web browsers determines a bandwidth allocation. A key dif-
ficulty in collective choice is that the agents generally have
conflicting preferences over the outcomes (e.g., presidents,
resource allocations, or task allocations). Work in mechanism
design, a subfield of game theory, provides a basis for engi-
neering the incentives into the interaction mechanism (e.g.,
rules of an election or auction) so that a desirable—according
to some objective—outcome is chosen even though every
party acts based on self-interest.

However, there are a host of computer science issues not
traditionally addressed in game theory that have to be ad-
dressed in order to make mechanisms work in the real world.
Those computing, communication, and privacy issues have
to be handled while simultaneously handling the economic
incentive issues. This is a particularly exciting research area
because those issues are intimately intertwined, as I hope to
convey. For example, the fact that agents have limited com-
putational capabilities can ruin the incentive properties of es-
tablished auction mechanisms, and give rise to new game-
theoretic issues. On the positive side, computational com-
plexity can be used as a barrier to insincere strategic behavior
in settings where economic incentive engineering is known to
fall short.

Novel computational approaches and algorithms can also
enable new economic institutions. For example, sophisti-
cated market clearing technology with specialized search al-
gorithms enables a new form of interaction that I call ex-
pressive competition: empowering market participants with
potent expressiveness akin to human-to-human negotiation
while at the same time harnessing the forces of competition,
the global scale of the Internet, and the speed and accuracy
of algorithmic market clearing with all relevant information
in hand. Furthermore, even the mechanism itself (such as the
rules of an auction) can be designed automatically—in many
cases yielding better mechanisms than the best known to date.
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This writeup begins from distributed peer-to-peer negotia-
tion (Section 2), and transitions to markets that have have a
mediator such as an auction server (Section 3). In this context
I will lay out the vision and technology for expressive com-
petition. Section 4 discusses multiagent preference elicitation
in auctions and voting settings: can the mediator elicit the
information needed to determine the optimal outcome with-
out requiring the agents to determine and reveal their prefer-
ences about impertinent aspects of the problem? The issue of
how carefully computationally constrained agents should de-
termine their preferences is addressed in Section 5. It turns
out that the computational constraint undermines desirable
incentive properties in established auction mechanisms, and
gives rise to new game-theoretic issues, in particular a phe-
nomenon which I call strategic computing: using one’s lim-
ited computing to approximate others’ preferences at the cost
of approximating one’s own. The reverse is shown in Sec-
tion 6: computational complexity can be used as a barrier to
undesirable strategic behavior. I illustrate this in voting.

Section 7 discusses a new idea which I call automated
mechanism design: designing the interaction mechanism
computationally for the specific setting at hand. Section 8
shows how mechanism design can not only be used to lead to
a desirable outcome in a multiagent system, but also to deter-
mine a way to execute the outcome. In particular, the writeup
looks at safe exchange mechanisms for carrying out trades
among anonymous parties on the Internet. Finally, conclu-
sions, perspective, and promising avenues for future research
are presented.

2 A first tack: Peer-to-peer negotiation

Work on automated negotiation began in peer-to-peer con-
texts where the negotiating agents (humans or software) make
deals with each other. A key insight for analyzing such ne-
gotiation is to think about the negotiation process as an Al
search algorithm where the outcome is characterized by deci-
sion variables to which the negotiation assigns values [Sathi
and Fox, 1989; Sandholm, 1991; Conry et al., 1991; Sycara et
al., 1991; Sandholm, 1993]. For example, in task allocation
negotiation there is a decision variable for each task, and the
variable’s value is the name of the agent that the task is allo-
cated to. There are several high-level families of peer-to-peer
negotiation search algorithms. For example, the agents might
negotiate one variable at a time, committing to the assign-
ment before moving on to the next variable. This is analogous
to constructive search in Al. As another example, the search
might start from a status quo assignment of values to vari-
ables (for example, the initial assignment of tasks to agents
before any negotiation begins), and then the agents might iter-
atively change the variable assignments whenever the agents
relevant to the variables in question agree [Sandholm, 1991;
1993]. (For example, the current holder of a task can real-
locate the task to another agent if they both agree.) This is
analogous to iterative refinement search in Al

2.1 Contracting based on marginal cost
calculations

In the original contract net framework [Smith, 1980], agents
allocated tasks among themselves. However, the frame-
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work was for cooperative agents only: an agent was as-
sumed to take on a task whenever that was feasible. For self-
interested agents, more sophisticated methods are needed.
A key idea toward this direction was contracting based on
marginal costs [Sandholm, 1991; 1993; 1996]. When a con-
tract is proposed to an agent, the agent evaluates the cost of
taking on the contract obligations (e.g., tasks) by solving its
local planning problem once with the new obligations and
once without. The difference in the costs of those two lo-
cal plans is the marginal cost of the obligations. An agent
using this scheme accepts the proposal if the proposer pays
it more than its marginal cost. Similarly, when proposing a
contract, an agent computes its marginal value of unloading
some obligations, and pays another agent up to that amount
for the other agent to take on those obligations. A desirable
engineering facet of this framework is that it separates the
domain specific marginal cost calculator (planner) from the
agent’s domain independent negotiation module.

One practical consideration is that in many settings the lo-
cal planning problems are intractable, so the marginal costs
have to be approximated. For example, in the TRACONET
system for automatically reallocating trucking tasks among
dispatch centers, the local planning problems were N P-
complete vehicle routing problems with several side con-
straints. The TRACONET work included heuristic meth-
ods for deciding how carefully to approximate marginal
costs [Sandholm, 1991; 1993; 1996; Sandholm and Lesser,
1995b]. This issue is revisited more formally in Section 5.

2.2 Iterative reallocation and combinatorial
contracts

Another early idea in automated negotiation was to have
the agents iteratively reallocate the items (tasks) [Sandholm,
1991; 1993]. An agent that had accepted a task could later
contract out that task to some other agent, who in turn could
contract it out, and so on. This proved to be highly effective
in the TRACONET system. Marginal cost based contract-
ing guarantees that every contract improves the utilities of
the contract parties. Therefore, every agent’s utility increases
monotonically in the distributed negotiation that keeps real-
locating tasks. It follows that the agents can enter and exit the
negotiation dynamically without risking a loss.

The marginal cost based iterative reallocation negotiation
can be viewed as a distributed hill-climbing search where the
height on the hill is the sum of the agents’ utilities [Sand-
holm, 1998]. Under this interpretation it is easy to show
that contracting one item (task) at a time against a payment
(aka. original (O) contract) does not generally lead to an
optimal outcome: the search gets stuck in a local optimum.
This can be addressed by combinatorial contracts that enlarge
the neighborhood in the hill-climbing search: contracts where
multiple items are exchanged for a payment (cluster (C) con-
tracts),' where items from one agent are exchanged against
items from another—potentially with a side payment—(swap
(S) contracts), and where the contract can involve more than

'The TRACONET system was the first to use combinatorial bid-

ding to allocate trucking tasks—an approach widely used commer-
cially for procuring trucking services today.
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two agents (multiagent (M) contracts). If all of these con-
tract types are allowed in a single contract (OCSM contract),
then agents that contract using the marginal cost principle will
reach a global optimum (that is, a task allocation that maxi-
mizes social welfare, which is simply the sum of the agents’
utilities) in a finite number of contracts—and no subset of
those contract types suffices [Sandholm, 1998; 2000a]. Thus
the agents can myopically make contracts in any order. From
a hill-climbing search perspective, the neighborhood is large
enough that from any allocation of tasks, a profitable con-
tract exists that takes the agents to any other task allocation.
Therein also lies a key weakness. Especially in a distributed
setting, it can be difficult to find a combinatorial contract (in-
volving multiple items and multiple agents) that will improve
the current solution. Also, the sequence of hill-climbing con-
tracts can be exponentially long in the worst case. There-
fore, in practice, the optimal outcome is not found. Nev-
ertheless, the combinatorial contracts help reach better out-
comes than O-contracts [Andersson and Sandholm, 1999;
20001.

Another approach for avoiding local optima in search is
backtracking. It turns out that a backtracking instrument can
be constructed for negotiation as well, as the next section
shows. It can easily be applied to the reallocation negotiation
discussed in this section, instead—or in conjunction with—
the combinatorial contract types [Andersson and Sandholm,
1998]. With that instrument, a backtracking option can be
added to each (or only some) of the contracts. However, the
backtracking instrument applies to basically any negotiation
setting, and I will discuss it in that broader context.

2.3 Leveled commitment contracts to enable
backtracking

Negotiating agents usually have to act under uncertainty,
yielding behavior that is suboptimal in hindsight. For the
purposes of the ensuing discussion, I divide the uncertainties
faced by agents in negotiation into two high-level classes:

¢ Domain uncertainty stems from an agent not knowing
how its local situation will change. Such changes affect
the value (cost) and feasibility of the deals that the agent
has made. For instance, which of an agent’s resources
will break (or become available) that affect the agent’s
costs—or even feasibility—of handling different combi-
nations of its tasks??

e Negotiation process uncertainty stems from an agent
not knowing what future negotiation events will occur.
Consider, for instance, the following uncertainties that
an agent may face. Which of my pending bids will get
accepted? Which (parts) of my tasks will I be able to
subcontract out in the future, and at what prices? What
tasks will I be offered and at what prices? The answers
to all of these questions affect the cost of taking on (or
letting go of) other obligation due to complementarity

2An additional source of uncertainty arises through the other
agents’ non-negotiation actions. Specifically, how will the others
act regarding aspects that have not been contractually bound (this
is pertinent in domains where those actions can affect the agent’s
utility by hindering or helping the agent)?
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and substitutability: the cost of taking on an obligation
usually depends on what other obligations one has.

In automated negotiation systems for self-interested
agents, contracts have traditionally been binding. They do not
allow agents to accommodate future events that are uncertain
due to domain uncertainty or negotiation process uncertainty.
Both of these classes of uncertainty may also include subjec-
tive uncertainty due to an agent’s limited capability to pro-
cess information—for example computationally limited ca-
pability to do mental lookahead in a (sequential) negotiation
process. If, in a negotiation, an agent has made a commitment
that turns out unprofitable in hindsight, the agent would like
to backtrack that commitment. For example, more lucrative
offers can arrive later, or handling a task can turn out more
costly than anticipated.

Backtracking in negotiation search can be enabled using an
instrument called a leveled commitment contract, where each
contract party can unilaterally decommit from the contract
by paying a predetermined penalty [Sandholm and Lesser,
1995b; 2001; 2002]. This mitigates both domain uncertainty
and negotiation process uncertainty, whether objective or sub-
jective.> A concern with this is strategic breach: a rational
self-interested agent is reluctant to decommit because there
is a chance that the other party will decommit, in which case
the former agent gets freed from the contract, does not have
to pay a penalty, and collects a penalty from the breacher.
(This is an example issue that arises due to self-interest, and
renders inapplicable traditional backtracking techniques like
distributed constraint satisfaction (e.g., [ Yokoo, 2000]) which
assume that all parties execute the distributed algorithm faith-
fully.) Given the contract price, decommitting penalties, and
the agents’ prior distributions of the value of the contract, one
can conduct a Nash equilibrium analysis of the decommitting
game (in other words, one can find decommitting strategies
for the agents such that each agent’s strategy is a best re-
sponse to the other’s). Each agent’s best-response strategy is
defined by a threshold on the value of the contract for that
agent. If the value is below that threshold, the agent will
decommit. It turns out that strategic breach indeed occurs:
an agent does not decommit when the contract’s value drops
below the point where paying the decommitting penalty is

3A practical type of subjective uncertainty stems from the fact
that computing the value (cost) of taking on the obligations of a con-
tract is often intractable—as discussed—so the agents have to resort
to approximate marginal value calculation. Leveled commitment al-
lows an agent to bid based on a rough value calculation. If the agent
wins the bid, the agent can invest a more thorough value calculation.
If the contract no longer looks beneficial in light of this more refined
calculation, the agent can decommit. The fact that only the winning
bidders carry out a refined calculation can save computation system
wide. Also, the negotiations can be carried out faster because agents
can bid based on less computation.

Leveled commitment can be used to increase the speed of ne-
gotiation in an additional way as well. An agent can make (low-
commitment) offers to multiple recipients although those offers are
mutually exclusive from the agent’s perspective. In case more than
one recipient accepts, the agent can backtrack from all but one. This
allows the agent to address the recipients in parallel instead of ad-
dressing them one at a time and blocking to wait for an answer be-
fore addressing the next.
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worth it; rather it needs to drop to a level further down before
the agent decommits. However, despite such strategic breach,
leveled commitment contracts improve the expected payoffs
of all contract parties compared to any contract where back-
tracking is not an option [Sandholm and Lesser, 2001]. It
follows that leveled commitment also enables contracts that
would not be mutually beneficial without the backtracking
option.

Leveled commitment contracts differ based on whether
agents have to declare their decommitting decisions sequen-
tially or simultaneously, and whether or not agents have to
pay the penalties if both decommit. These mechanisms lead
to different Nash equilibria. It is easy to see that in the se-
quential mechanisms the second mover never decommits if
the first mover does; if the first mover does not, then the sec-
ond mover will decommit if the value of the contract to him
turns out to be so low that it is worth paying the penalty. In
the simultaneous game where both pay the penalties if both
decommit, as an agent’s penalty approaches zero, the agent
becomes truthful. On the contrary, in the simultaneous game
where neither pays if both decommit, as an agent’s penalty
approaches zero, the agent does not become truthful but the
other contract party does! Despite the fact that the equilibria
of these mechanisms differ, surprisingly, among risk-neutral
agents each of the mechanisms leads to the same expected
payoffs to the agents if the contract price and decommitting
penalties are optimized for each mechanism separately [Sand-
holm and Zhou, 2002]. For agents with risk attitudes, the dif-
ferent mechanisms yield a different sum of utilities, and the
relative ranking of the mechanisms varies based on the exact
utility functions.

Computing plays a key role in operationalizing the idea
of leveled commitment. Given the contract price, the de-
committing penalties, and piecewise linear prior distributions
on the contract’s value for the different contract parties, the
Nash equilibrium decommitting thresholds for each mecha-
nism can be computed in polynomial time in the number of
pieces [Sandholm et al., 1999]. Furthermore, given the piece-
wise linear priors, it turns out that the contract price and de-
committing penalties that maximize the sum of the contract
parties’ payoffs can be determined in polynomial time in the
number of pieces for each of the leveled commitment mech-
anisms. The reader is invited to try a leveled commitment
contract optimizer prototype, eCommitter, on the web [Sand-
holm, 2002b]. Leveled commitment contracts and the algo-
rithms also generalize to deals that involve more than two
agents.

The theoretical results discussed above pertain to a single
contract. In negotiation there is usually a web of contracts,
and an agent’s breach can cause the victim of the breach to
want to breach on another contract, and so on. There is gen-
erally a tradeoff between allowing enough backtracking to
sufficiently explore the space for a good outcome and not
wasting time in deep cascades of decommits—or even infi-
nite loops of decommitting and recommitting. That trade-
off can be controlled by carefully increasing the decommit-
ting penalties over time [Andersson and Sandholm, 2001;
1998].
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3 A paradigm shift to mediated clearing

The Achilles heel of peer-to-peer negotiation is negotiation
process uncertainty. Agents make commitments without vis-
ibility into what is going to occur later on in the negotia-
tion process (and what has already transpired in negotiation
among other agents). Leveled commitment contracts reduce,
but do not eliminate, the negative impact of such uncertainty.
This uncertainty also introduces strategic problems. For ex-
ample, if an agent expects a better deal in the future (which
it cannot profitably handle if it takes on the contract currently
offered to it), the agent may want to pass on the current offer.
So, the agent is not best off acting myopically—not even in
marginal cost based contracting or leveled commitment con-
tracts as the basic analysis discussed in the previous section
assumes. Rather, a rational agent would want to look ahead
into the future, which in turn requires speculating what the
other agents will do. Acting rationally equates to solving for
the agent’s best strategy in a game tree whose depth is at least
the number of contracts that can occur in the system. Such
lookahead is intractable in practice (although leveled com-
mitment contracts have been studied in this context with a
small number of tasks to allocate [Andersson and Sandholm,
2001]). Even if an agent can conduct such lookahead, un-
certainty about the other agents’ private information (their
preferences, tasks, resources, efc.) causes the agent to make
commitments that are suboptimal—in light of later negotia-
tion events—for the agent and for social welfare [Andersson
and Sandholm, 2001]. As discussed, there is an additional
problem in peer-to-peer negotiation: it can be prohibitively
complex to find a contract that improves the current solution,
especially when using combinatorial contracts involving mul-
tiple items and multiple agents.

In light of these problems, it is clear that in many settings,
economically better solutions can be obtained by collecting
the agents’ information to a mediated clearing point such as
an auction server, and conducting a search (aka. a clearing)
there to determine the outcome, rather than conducting a dis-
tributed “negotiation” search. The reason is that the mediated
clearing has all the information in hand while the distributed
search makes decisions based on incomplete views. Further-
more, the mediated clearing can be programmed to execute
the search algorithm faithfully while in the distributed search
the agents will act based on self-interest—potentially caus-
ing the search not to find an optimal outcome.* The mediated
approach can be structured so that it motivates the agents to
reveal their information truthfully; this will be discussed in
Section 3.6. In short, the mediated approach removes the
negotiation process uncertainty. (The domain uncertainty re-
mains, and the leveled commitment methodology can be used
to mitigate it.) In most electronic commerce applications the
mediated approach also saves communication because there
is many-to-one communication instead of many-to-many, and
because each issue needs to be communicated only once—
rather than repeatedly as is commonly the case in peer-to-peer

“In the distributed search it can even be difficult to identify
when an optimal solution has been found, and special termination
detection algorithms are usually needed [Sandholm, 1993; 1996;
Walsh and Wellman, 2000].
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negotiation.

The shift to mediated clearing introduces the need for tech-
nology for conducting the clearing. The following subsec-
tions describe the mediated approach in more detail, different
forms of the clearing problem, and algorithms for solving it.

3.1 A canonical example: Combinatorial auction

Consider a setting where multiple distinguishable items (e.g.,
a right shoe and a left shoe) are auctioned sequentially, and a
bidder’s valuation for a bundle of items is not the sum of those
items’ valuations. Most multi-item allocation settings exhibit
such nonadditivity, for example, strategic sourcing, alloca-
tion of trucking lanes, electricity markets, as well as many
task and resource allocation problems in computer science.
To bid appropriately for the item that is auctioned first (right
shoe), a bidder needs to guess which other items he will win
in the later auction(s). This requires lookahead in a game tree,
which is intractable if numerous items are auctioned. Even
with exact lookahead, the bidder generally does not know de-
terministically what will transpire in the auction—due to in-
complete information about the other bidders’ valuations of
the items. For example, some other bidder could be a col-
lector of left shoes who also likes right shoes somewhat, but
less than our bidder. This can cause our bidder to win just the
right shoe that has no value to him, that is, a bundle of items
that is undesirable to the bidder given the prices. While un-
desirable to our bidder, the outcome (that is, allocation of the
items to the agents) also does not maximize social welfare. It
would have been better to give both shoes to the other bidder.
In general, the outcome might not maximize social welfare
even if each bidder wins a bundle that is worth more than the
bidder had to pay for it: an even better allocation of the items
to the bidders might exist.

These problems, that are due to the negotiation process un-
certainty of a sequential auction, can be overcome via a com-
binatorial auction where bids can be submitted on combina-
tions (bundles) of items [Rassenti ef al., 1982]. For exam-
ple, a bidder can say: “I am willing to pay up to $100 for
items 2,3, and 7 together”. This removes the need for looka-
head and for speculation about others because the bidder can
evaluate the value of item 2 in the known context where the
bidder hypothetically receives items 3 and 7 as well. The bid-
der cannot get stuck with item 2 in an unprofitable way. This
removal of the so called exposure risk makes bidding easier.
It also causes the bidders to bid more aggressively because
they do not have to factor in the potential downside of getting
stuck with undesirable bundles; the aggressive bidding makes
the seller better off. Finally, social welfare is maximized be-
cause the goods are allocated to the bidders that value them
the most.

3.2 Substitutability and XOR-constraints

The model discussed above, and most other work on com-
binatorial auctions (see for example [Rothkopf et al., 1998;
DeMartini et al., 1999]), are based on a setting where each
bidder can bid on bundles of items, and any number of a bid-
der’s bids can be accepted (except, of course, that bids on
overlapping bundles cannot be accepted). This works well
when bids are superadditive: b;(S U S’) > b;(S) + b;(S’),
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where b; is the bid of agent i, and .S and S’ are disjoint sets
of items. In other words, the current techniques focus on cap-
turing synergies (complementarities) among items. However,
in many auctions in practice, some items can at least partially
substitute for others (e.g., when bidding for an umbrella and
a raincoat). For instance when bidding for landing slots for
a given airplane flight, the bidder is willing to take any one
of a host of slots, but getting more than one adds only slight
value because extra slots beyond the first one obtained only
serve as backup. Substitutability causes bids to be subaddi-
tive: b;(SUS") < b;(S) + b;(S”"). This can lead to problems.
For example, what happens if agent i bids b;({1}) = $5,
b;({2}) = $4, and b;({1,2}) = $7, and there are no other
bidders? The auctioneer could allocate items 1 and 2 to agent
1 separately, charging $5 + $4 = $9 instead of $7.

This problem can be removed by using a bidding language
where the bidders can submit XOR-bids, that is, bids on bun-
dles such that only one of the bids can get accepted [Sand-
holm, 2002al. This allows the bidders to express general
preferences with both complementarity and substitutability.
In other words, the bidder can express any value function
v : 2™ — |R, where m is the number of items for sale in
the auction. For example, a bidder in a 4-item auction may
submit the following input to the auctioneer:

({1},$4) XOR ({2},$4) XOR ({3},$2) XOR
({4},$2) XOR ({1,2},$8) XOR ({1,3},$6) XOR
({1,4},$6) XOR ({2,3},$6) XOR ({2,4},$6) XOR
({3,4},$3) XOR ({1,2,3},$10) XOR
({1,2,4},$10) XOR ({1,3,4},$7) XOR
({2,3,4},$7) XOR ({1,2,3,4},$11)

While XOR-bids are fully expressive, representing one’s
preferences in that language often leads to large numbers of
bids that are all combined with XOR. To maintain full ex-
pressiveness, but at the same time to make the representa-
tion more concise, one can use a bidding language called
OR-of-XORs [Sandholm, 2002b; 2000b]. In this language,
a set of bids can be combined with XOR, forming an XOR-
disjunct. Multiple XOR-disjuncts can then be combined with
non-exclusive ORs to represent independence (much like a
lack of an edge represents independence in a Bayes net). For
example, a bidder who wants to submit the same offer as in
the example above, can do so by submitting the following
more concise input to the auctioneer:

({1}, 84)]

OR

({2}, 84)]

OR

[({3},52) XOR ({4},52) XOR ({3,4},83)]
The XOR-bidding language is a special case of the OR-
of-XORs language. Therefore, the shortest way to repre-
sent any particular value function in the OR-of-XORs lan-

guage is never longer than in the simple XOR-bidding lan-
guage. The reader is invited to try out XOR bidding and
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OR-of-XORs bidding in our Internet auction server pro-
totype, eMediator (see http:// www.cs.cmu.edu/"
amem/eMediator). Later other logical bidding languages
were proposed, namely the XOR-of-ORs language where
XORs combine OR-disjuncts, and the OR* language where
XOR-constraints can be submitted between arbitrary pairs of
bids [Nisan, 2000]. Recently, recursive logical bidding lan-
guages have also been proposed [Hoos and Boutilier, 2001;
Boutilier, 2002].

3.3 Expressive competition beyond combinatorial
auctions

One can view combinatorial auctions as an extremely special
case of a broader approach that I call expressive competition.
The vision is to empower market participants with potent ex-
pressiveness akin to human-to-human negotiation while at the
same time harnessing the forces of competition (rather than
1-to-1 negotiation), the global scale of Internet auctions, and
the speed and accuracy of algorithmic market clearing with
all relevant information in hand.

Market types

There are three high-level market types for expressive com-
petition, each of which can involve bidding on bundles, and
expressions of substitutability (for example with XOR con-
straints using the OR-of-XORs language). In a combina-
torial auction, there is one seller, and multiple buyers who
bid. The clearing problem (aka. winner determination prob-
lem) is that of determining which bids win and which lose
s0 as to maximize the sum of the winning bids’ prices—
under the constraint that every item can be allocated to at
most one bid. In a combinatorial reverse auction, there is
one buyer with a set of items he wants to procure, and mul-
tiple sellers who bid [Sandholm, 2002b; Sandholm et al.,
2002]. The clearing problem is that of determining which
bids win and which lose so as to minimize the sum of the
winning bids’ prices—under the constraint that every item
in the set gets procured. In a combinatorial exchange (aka.
combinatorial double auctions) there are multiple buyers and
multiple sellers [Sandholm, 2002b; Sandholm et al., 2002;
Walsh er al., 2000]. A bidder can also act both as a buyer
and as a seller, even in one bid. For example, one of his bids
may state: “I want to buy a car, sell a boat, buy a bike, and
get paid $150”. There are two natural clearing objectives for
exchanges [Sandholm and Suri, 2003]. In surplus maximiza-
tion, the goal is to maximize the sum of the payments col-
lected from winning bids that offer a payment, minus the sum
of the payments paid to winning bids that require a payment.
In liquidity maximization, the goal is to maximize the number
or dollar volume of trades. In an exchange, the constraint on
the clearing is that among the winning bids, supply meets de-
mand on every item (if the exchange sells an item to someone,
it also has to buy it from someone).

For each of these market types, there are two variants: the
single-unit variant (described above), and the multi-unit vari-
ant. In the latter, there are multiple indistinguishable units of
each distinguishable item in the market [Sandholm, 2002b;
Sandholm and Suri, 2003; Leyton-Brown et al., 2000b;
Gonen and Lehmann, 2000; Sandholm et al., 2002]. For ex-

1654

ample in a reverse auction, a buyer may want 200,000 nuts
and 100,000 bolts. A bidder’s bid may state: “I offer 50,000
nuts and 20,000 bolts for $2,500”.

Finally, markets differ based on whether or not extra units
can be thrown away for free. This is called free disposal.
Most markets have free disposal. It makes the clearing prob-
lem easier because any solution where supply equals or ex-
ceeds demand is feasible. Without free disposal, supply needs
to equal demand on every item.

Side constraints on the clearing: A form of extremely
concise expressiveness

Expressive bidding enables the bidders to express their
strengths and to avoid the exposure problem. Bidding on bun-
dles (potentially with a language such as OR-of-XORs to en-
able substitutability to be expressed) is a simple form of ex-
pressive bidding, but representing one’s preferences in such
a language may require an expression of exponential length
in the number of items. More concise forms of expressive-
ness can be used instead—or better, in addition. A key ap-
proach for accomplishing this is to allow bidders to express
side constraints on the clearing [Sandholm and Suri, 2001b;
Kalagnanam et al., 2001]. For example in a reverse auction, a
bidder could submit a number of bids (maybe on bundles, and
potentially with XOR constraints), but in addition he could
state that his capacity to produce tomatoes is only 60 tons.
This would render infeasible all clearing solutions in which
he is allocated more than 60 tons of tomato production. This
is an instance of a class of constraints that I call unit con-
straints. Similarly, in an auction, a bidder could submit a
number of bids (maybe on bundles, and potentially with XOR
constraints), but in addition he could state that he has a bud-
get constraint of $35,000,000. This is an instance of a class
of constraints that I call cost constraints. Yet another form of
concise expressiveness is to allow bidders to submit discount
schedules, e.g., “If I get to supply at least $9,000,000 of toma-
toes to you, I will give you a 2% discount. At $15,000,000,
I will raise the discount to 3%.” Or the bidder could sub-
mit a supply (demand) curve where the per-unit price of
tomatoes is a function of the quantity [Sandholm, 2002b;
Sandholm and Suri, 2001a; 2002].

While work on combinatorial auctions has traditionally fo-
cused on increasing the expressiveness for the bidders, I view
expressive competition as having two equally important parts,
expressive bidding and expressive bid taking. A key approch
toward expressive bid taking is to allow the bid taker to sub-
mit side constraints on the clearing. This allows him to model
and honor legal constraints, for example the following cost
constraint: “minority bidders have to win 10% of the auc-
tion”. It also allows the bid taker to honor contractual obli-
gation. For example, the buyer in a reverse auction for trans-
portation services may have a contract that states that Joe’s
Trucking has to get at least $30,000,000 of business. This can
be modeled as a side constraint in the clearing, and the clear-
ing algorithm will decide exactly what services are procured
from Joe’s Trucking and what services from other providers.
This approach allows one to reap the benefits of both long-
term contracts and dynamic pricing—modes of trade tradi-
tionally considered mutually exclusive. Finally, the bid taker
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can submit his business rules as side constraints. He may use
counting constraints such as “I don’t want to deal with more
than 200 winning suppliers, and I do not have the capability
to handle more than 3 at my plant in Chicago”. He may also
use cost constraints like “I don’t want any one supplier to win
more than 15% of the business (so that my supply chain stays
competitive for the long run)”.

The use of side constraints allows one to find a market
clearing solution that is implementable in the world because
the real-world constraints are honored. By changing side con-
straint and running the clearing algorithm again, the bid taker
can also conduct quantitative what-if analyses. For example,
“How much would my procurement cost in this reverse auc-
tion increase if I decrease my supply base down to 17 sup-
pliers?” Or, “How much more would I save in this reverse
auction if I did not go with a sole-source contract for elec-
trical supplies in my Cincinnati plant, but rather allowed 2
suppliers?”

In the 70 markets with expressive competition that we have
fielded to date (see, e.g., [CombineNet, Inc., 2003e; 2003c;
2003b; 2003d; 2003al), we have seen hundreds of side con-
straint types. We abstracted them into seven general classes,
the most prevalent of which are cost constraints, unit con-
straints, and counting constraints. This abstraction allows the
clearing algorithm to be designed for a few classes rather than
for hundreds of constraint types.

Non-price attributes in the clearing

An additional form of expressive competition stems from the
fact that in many markets there are non-price attributes that
are pertinent to the clearing problem, such as color, width,
delivery date, quality, insurance terms, and so on. There are
at least two reasons for introducing multi-attribute techniques
into the clearing problem. First, in a basic combinatorial auc-
tion (or reverse auction or exchange), each item has to be
completely specified. In many settings, this is overly restric-
tive. It is more desirable to leave some of the item attributes
unspecified, so that each bidder can propose in his bids the
attribute vector that is most suitable to him. Each bidder can
also submit multiple bids with alternative attribute vectors,
which is desirable because different attribute vectors are gen-
erally not equally valuable to the bid taker. Second, a bid
from one bidder can be more valuable than the same bid from
another bidder (due to bidder attributes such as historical data
on timeliness and quality), and this should be taken into ac-
count in the clearing.

Multiattribute considerations can be integrated into combi-
natorial auctions and reverse auctions as follows [Sandholm
and Suri, 2001b]. Let a; be a vector of attributes. These can
be item attributes and/or bidder attributes. Some of the at-
tributes can be specific to one bid (say j) while others might
not (such as quality of a certain line of products). The vec-
tor can include attributes revealed by the bidder as well as
attributes whose values the bid taker gets from other sources
such as historical performance databases. The bid prices can
be re-weighted based on the additional attributes. The new
price of any bid j is p;. = f(p;,da;), where p; is the origi-
nal price of that bid. The re-weighting function f is usually
expressed by the bid taker (seller in an auction, buyer in a re-
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verse auction)—either before or after the auction to character-
ize his preferences. (For example, the buyer of sea freight ser-
vices may give a 4% advantage to bids that include less than
3 interim ports on the route from source to destination.) The
clearing problem is then solved using these revised prices.

Unlike in auctions and reverse auctions where multiple at-
tributes can be handled in a preprocessor to the clearing prob-
lem as shown above, in exchanges multiple attributes cannot
be handled in a preprocessor. The reason is that in an ex-
change there are multiple bid takers (each buyer and each
seller is a bid taker in this sense), and they may have dif-
ferent preference functions f over attribute vectors. Multiple
attributes can still be handled, but their handling has to be
incorporated into the clearing problem itself. This can be ac-
complished as follows. Treat items that have different values
of the item attributes as different items. Then use a separate
decision variable not just for each such item, but for each (
item, buyer, seller ) tuple. This way each buyer (seller) can
condition his bid price on the item attributes and on whom he
is buying from (selling to). Conditioning on whom he is buy-
ing from (selling to) is pertinent when bidder attributes have
to be taken into account.’

3.4 Complexity of the clearing problem

Expressive competition is a new way of conducting business,
and has a host of advantages as discussed above. However,
it requires solving the clearing problem—a combinatorial op-
timization problem. Many variants of it are hard, and the
variants span an intriguing spectrum of worst-case complex-
ity when it comes to the complexity of finding a feasible so-
lution, an approximately optimal solution, or an optimal so-
lution:

e As discussed, in the canonical combinatorial auction
there is one unit of each item, bids can be submitted
on bundles (and bids on overlapping bundles cannot
both win), there is free disposal, and there are no XOR-
constraints or other side constraints. Optimal clearing in
this setting is N P-complete [Rothkopf et al., 1998].

e That problem is also inapproximable: no polynomial-
time algorithm can guarantee a solution that is better
than a bound n'~¢ from optimal, where n is the num-
ber of bids (unless P=ZPP) [Sandholm, 2002a].

e Optimal clearing in a combinatorial reverse auction and
a combinatorial exchange is N P-complete even if there
is only one unit of each item, free disposal, and no XOR-
constraints or other side constraints [Sandholm et al.,
2002].

e Combinatorial reverse auctions are not as inapprox-
imable as combinatorial auctions: a bound (1 + In M)
can be obtained in polynomial time even in the multi-
unit case, where M is the largest number of units that

There also exist auctions and reverse auctions where the multi-
attribute aspects cannot be handled in a preprocessor. This occurs if
the bid taker’s way of evaluating attributes depends on which bids
win. In such cases, as in exchanges, the way in which the attributes
are to be taken into account can be modeled in the clearing problem
itself.
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any bid contains [Sandholm er al., 2002]. (This assumes
the canonical setting where there is free disposal, and no
XOR-constraints or other side cosntraints.)

e Finding a feasible solution is trivial in combinatorial
auctions (accept no bids, or any one bid) and in com-
binatorial reverse auctions (accept all the bids; if this
does not cover the demand, then nothing will). Without
free disposal, even finding a feasible solution is N P-
complete in these variants, even in the single-unit case
with no XOR-constraints or other constraints [Sandholm
et al., 2002] (this implies inapproximability to any ra-
tio bound). The same results apply to combinatorial ex-
changes (the hardness applies if the trivial “no bids ac-
cepted” solution is excluded).

e XOR-constraints do not change the approximability
of canonical combinatorial auctions [Sandholm er al.,
2002]. However, XOR-constraints make finding a fea-
sible solution N P-complete in combinatorial reverse
auctions (even in the single-unit case with free dis-
posal) [Sandholm er al., 2002]. In other words, com-
binatorial reverse auctions are more approximable than
combinatorial auctions, but this ordering reverses when
XOR-constraints are introduced.

e Combinatorial exchanges inherit the inapproximability
of both combinatorial auctions and combinatorial re-
verse auctions [Sandholm et al., 2002].

e Cost constraints and unit constraints do not affect the
complexity class of the clearing problem when bids can
be submitted on bundles: the basic case where bids have
to be accepted all or nothing remains N P-complete,
and the case where bids can be accepted fractionally
can be solved in polynomial time using linear program-
ming [Sandholm and Suri, 2001b]. However, XOR-
constraints and other counting constraints make even
the fractional case A/ P-complete [Sandholm and Suri,
2001b]. There exist severe side constraints that restrict
the search space enough so that even the case where bids
have to be accepted all or nothing is optimally clearable
in polynomial time [Sandholm and Suri, 2001b].

o If bids can be accepted fractionally, a combinatorial ex-
change (and auction and reverse auction) can be opti-
mally cleared by accepting a very small number of bids
fractionally: m + 1 if the objective is to maximize sur-
plus, and m + 2 if the objective is to maximize lig-
uidity [Kothari et al., 2003]. Here m is the number of
distinguishable ifems in the market. This clearing can
be found using linear programming. However, if XOR-
constraints are allowed, finding the surplus-maximizing
clearing is N P-complete even in the fractional case,
even if there is just one item in the market with multi-
ple units of it [Kothari ez al., 2003].

e In an auction where bids can be submitted on indi-
vidual items only (not on bundles), winner determina-
tion is trivial: simply accept the highest bid on each
item. Under budget constraints, optimal winner de-
termination becomes N P-complete. Curiously, if in-
stead of a budget constraint each bidder submits a con-
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straint on the number of items he wins, the auction
can be optimally cleared in polynomial time using b-
matching [Tennenholtz, 2000]. If bids can be accepted
fractionally, winners can be determined in polynomial
time using linear programming even with budget con-
straints. Under XOR-constraints (or other counting con-
straints), clearing is A/ P-complete even if bids can be
accepted fractionally [Sandholm and Suri, 2001b]. (If
each bidder places an XOR-constraint between every
pair of his bids—so that at most one of his bids can
be accepted—then the problem becomes the assign-
ment problem [Sandholm and Suri, 2001b]. The assign-
ment problem can be solved in polynomial time [Kuhn,
1955].)

e Even if there is just one item in the market (multi-
ple units of it), piecewise linear supply/demand curves
are N P-complete to clear optimally (in an exchange,
auction, and reverse auction), but with linear sup-
ply/demand curves, optimal clearing can be done in
polynomial time [Sandholm and Suri, 2001a; 2002].

In summary, there is a tradeoff between expressiveness
(with its economic and usability advantages) and the com-
putational complexity of clearing the market. While many
variants of the clearing problem are hard in the worst case, in
practice problems of real-world sizes can usually be solved.
(This is most likely due to the co-evolution of clearing tech-
nology and expressive markets.) Experiments show that com-
binatorial reverse auctions tend to be easier to clear optimally
than combinatorial auctions, which in turn are easier than
combinatorial exchanges [Sandholm ef al., 2002].

3.5 Algorithms for the clearing problem

While the idea of a basic canonical combinatorial auction is
two decades old, combinatorial auctions have traditionally
not been used. The main reason is that the clearing problem
is tough. In the last few years, hardware and especially clear-
ing algorithms, have reached a level of scalability that enables
combinatorial auctions of real-world sizes to be cleared opti-
mally. As a consequence, numerous combinatorial auctions
have emerged in industry.

The rest of this section focuses solely on clearing algo-
rithms that find an optimal solution. Optimal clearing is im-
portant because real money is at stake, because approximate
clearing yields solutions extremely far from optimal (at least
in the worst case), because a large change in the winners can
occur even if the solution changes slightly from optimum, and
because suboptimal clearing ruins the incentive properties of
the market (as will be discussed in the next subsection).

The first-generation special-purpose clearing algorithms
for the canonical combinatorial auction used a search tree
where branching was on items (Figure 1 left) [Sandholm,
2002a; 2000b; Fujishima et al., 1999]. The newer, and sig-
nificantly faster, clearing algorithms use a search tree where
branching is on bids instead (Figure 1 right) [Sandholm and
Suri, 2003; Sandholm et al., 2001]. It has the advantage that
there is more flexibility in variable ordering: at each branch
point, commitment occurs on only one bid rather than on
all of the bids that include a specific item. Another ben-
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efit is that, unlike the branch-on-items tree, the branch-on-
bids tree easily supports all of the market designs for expres-
sive competition discussed above [Sandholm and Suri, 2003;
Sandholm et al., 2002].

Bids in this example (only items of each bid are shown; prices are not shown):
{125, {23}, {3} (1.3}

Branch-on-items formulation Branch-on-bids formulation

*  Bid graph G
Dummy bids: {1}, {2} .

item 1

Figure 1: Branching on items vs. branching on bids.

Interestingly, although the problem is A/ P-complete, both
the branch-on-items tree [Sandholm, 2002a] and the branch-
on-bids tree [Sandholm and Suri, 2003] are of polynomial
size in the number of bids even in the worst case (and expo-
nential in the number of items). This is desirable because the
auctioneer usually controls the number of items for sale, but
not the number of bids that happen to be submitted.

The techniques that make the branch-on-bids search fast
in practice include bid ordering heuristics that dynamically
choose the next bid to branch on, techniques for dynam-
ically choosing the bid ordering heuristic itself based on
context, upper bounding based on a linear programming re-
laxation of the remaining subproblem (and intelligent ad-
dition of cutting planes that reduce the size of the linear
programming polytope, but do not cut out the optimal in-
teger solution), lower bounding based on rounding tech-
niques, decomposition of the problem when the bid graph
(Figure 1 right) splits into independent components, tech-
niques for enhancing upper and lower bounding based on in-
formation from sibling components, and methods for iden-
tifying and solving potential polynomially-solvable special
cases at each node. In the interest of flow, I will not go fur-
ther into those techniques here. Many of them are described
in detail in specialized papers [Sandholm and Suri, 2003;
Sandholm et al., 2001].

Suffice it to say that the CABOB algorithm [Sandholm et
al.,2001] is, by and large, the fastest algorithm for the canon-
ical combinatorial auction clearing problem currently, based
on the widely adopted approach of evaluating clearing al-
gorithms on standard randomly generated benchmark distri-
butions [Sandholm, 2002a; Fujishima et al., 1999; Leyton-
Brown et al., 2000a; Andersson et al., 2000]. Interest-
ingly, economically motivated random distributions (specif-
ically the ones from CATS [Leyton-Brown et al., 2000al)
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tend to be very easy compared to totally random distribu-
tions [Sandholm ef al., 2001]. Similarly, real clearing prob-
lems are often easier than totally random ones. Our fielded
algorithms systematically solve real reverse auctions with up
to tens of thousands of items, hundreds of thousands of bids,
and hundreds of thousands of side constraints to optimum.

3.6 Incentives to bid truthfully: The
Vickrey-Clarke-Groves (VCG) mechanism

One concern is that bidders may bid insincerely. For example,
in an auction where each winning bidder is charged the sum
of the prices of his winning bids, the bidders are motivated to
bid less than their true valuations of the items.

This issue can be overcome under the traditional assump-
tion that each bidder ¢ has a quasilinear utility function:
u; (S, pi) = v;(S) — p;, where S is the bundle that bidder ¢
wins, and p; is the price that he has to pay. It turns out that un-
der this assumption, a fully expressive bidding language com-
bined with an optimal clearing algorithm is sufficient [Sand-
holm, 2002b; 2000b] and necessary [Nisan and Ronen, 2000]
for being able to design auction mechanisms that yield a so-
cial welfare maximizing allocation and where every bidder’s
dominant strategy is to bid truthfully.® With such technology,
bidding truthfully can be made a dominant strategy by using
the Vickrey-Clarke-Groves (VCG) mechanism [Vickrey, 1961;
Clarke, 1971; Groves, 1973]. This means that each bidder is
motivated to bid truthfully regardless of how others bid—thus
rendering speculation about others futile.”

The VCG mechanism can be applied to markets with ex-
pressive bidding as follows. The optimal clearing outcome is
first computed as usual. The amount that an agent needs to
pay is the sum of the others’ winning bids had the agent not
participated, minus the sum of the others’ winning bids in the
actual optimal outcome. So, the clearing problem has to be
solved once overall, and once per winning agent without any
of that agent’s bids or side constraints.®

4 Preference elicitation in multiagent systems

Most, but not all, game-theoretic interaction mechanisms are
so called direct-revelation mechanisms, where each partici-
pant reveals all of his private information (e.g., bundle valu-
ations in combinatorial auctions) completely up front. There

®Under extremely strong assumptions about the bidders’ util-
ity functions, truth-dominance can be accomplished with approxi-
mate clearing (see e.g., [Lehmann et al., 2002; Mu’alem and Nisan,
2002]), but because the clearing problem is inapproximable, the al-
location is extremely far from optimal in the worst case.

"The VCG mechanism has also been used in mediated plan-
ning among software agents [Ephrati and Rosenschein, 1991; 1993;
Ephrati, 1994].

81n auctions, the mechanism is budget balanced: the seller col-
lects the nonnegative amounts paid by the bidders. In exchanges, an
external benefactor is usually needed. In fact, with private valuation
information on both the buy side and the sell side of the market, there
is no mechanism for general quasilinear utility functions—even with
just one unit to trade and only one buyer and one seller—that mo-
tivates the parties to participate in the mechanism, yields the social
welfare maximizing outcome, and is budget balanced [Myerson and
Satterthwaite, 1983].
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are fundamental results that show that, in the absence of com-
putation/communication limitations, this restriction comes at
no loss in any sense (c¢f. the revelation principle [Mas-
Colell et al., 1995]). However, in practice such mechanisms
are problematic because the agents may need to determine
their own preferences via costly deliberation (e.g., comput-
ing [Sandholm, 1993; 1996; 2000c; Larson and Sandholm,
2001b; 2001c¢]) or information gathering, and communicat-
ing complete preferences may be undesirable from the per-
spective of privacy or conserving bandwidth.

This issue can be addressed using a methodology where the
mediator incrementally elicits the agents’ private information
on an as-needed basis in a manner directed to being able to
determine the outcome (that would have come about had the
agents revealed all of their private information to the medi-
ator) [Conen and Sandholm, 2001]. It turns out that often
the outcome can be determined while eliciting only a small
portion of the agents’ private information. A key insight is
that in multiagent systems, what information is needed from
a party depends on what information the other parties have
revealed. This is a central motivation for interleaved prefer-
ence elicitation from multiple agents. The approach offers
the advantages of incremental problem solving (as in peer-
to-peer negotiation) while reaping the benefits of mediated
clearing discussed earlier. The rest of this section studies this
approach as applied to combinatorial markets and voting.

4.1 Preference elicitation in combinatorial
auctions

Preference elicitation is crucial in combinatorial markets be-
cause each agent has an exponential number of bundles
to evaluate (and again, each such evaluation problem can
be hard [Sandholm, 1993; Sandholm and Lesser, 1995b;
Sandholm, 2000c; Larson and Sandholm, 2001b; 2001c]).
Each agent would like to focus on a small number of bun-
dles in order to minimize evaluation effort, communication,
and loss of privacy. On the other hand, the social welfare
among the agents, the seller’s revenue, and the agent’s utility
will usually suffer if the agent’s evaluation of a bundle that
he would win is not communicated to the auctioneer. In a
usual combinatorial auction it is difficult for the agent to de-
cide which bundles to bid on because others’ bids determine
what bundles the agent would be competitive on.

To address this problem, we developed a methodology
where an elicitor software, residing at the auctioneer, incre-
mentally builds a model of the agents’ valuation functions
v; [Conen and Sandholm, 2001]. The elicitor queries the
agents about v;, and fully assimilates the answers into its
model. The next query to be asked is always chosen based
on the answers so far. The elicitor in a sense opens up the
clearing algorithm and elicits the inputs needed for determin-
ing the optimal outcome (allocation of items to agents). The
agents are never asked for information that the elicitor can
already infer from the answers, or that is known to be im-
pertinent for determining the optimal allocation. The elicitor
terminates the process when it has found a provably optimal
allocation.

The rest of this section will focus on combinatorial auc-
tions under the usual free disposal assumption, which almost
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always holds in practice. It gives structure to the elicita-
tion problem because for each agent, the value of a bundle
is no greater than the value of any superbundle of that bundle
(v;(S) < v;(S") whenever S C S").

The general case

Even with free disposal, the worst-case communication com-
plexity for even approximately optimally clearing the market
is exponential in the number of items, regardless of the query
types or the elicitation policy [Nisan and Segal, 2003]. The
discussion below will focus on natural value queries: “what is
your valuation of bundle S?” (Other query types can increase
the efficiency of elicitation [Conen and Sandholm, 2001;
Hudson and Sandholm, 2002; Conen and Sandholm, 2002b;
2002al.”) It turns out that in practice elicitation is very
promising: only a vanishing fraction of all the queries are
asked before the elicitor can clear the auction provably opti-
mally [Hudson and Sandholm, 2002]! The preference elici-
tation methodology is also very promising in combinatorial
reverse auctions [Hudson and Sandholm, 2003a] and combi-
natorial exchanges [Smith et al., 2002].

One may also ask whether there exists a universal revela-
tion reducer for combinatorial auctions, that is, a general elic-
itor algorithm that saves some elicitation (finishes finding an
optimal outcome and proving its optimality without asking all
value queries) on all instances where some instance-specifc
elicitor saves some elicitation (that is, where the shortest cer-
tificate for verifying that a proposed outcome is optimal is
shorter than the number of agents times the number of bun-
dles). It turns out that a deterministic universal revelation
reducer cannot exist, but randomized ones are easy to con-
struct [Hudson and Sandholm, 2003b].

Restricted preferences for which the worst-case number
of queries is polynomial in items

For restricted classes of v; functions, the worst-case number
of value queries needed is polynomial in the number of items
being sold. Many of these classes are rich enough to exhibit
both complementarity and substutitability. This subsection
will present classes like that, which are also arguably natural
for capturing valuation functions.

First, consider read-once formulas. A read-once formula
is a function that can be represented as a tree, where the
items for sale in the auction are at the leaves, together with
the bidder’s valuations for the individual items. The for-
mula’s output value is obtained by feeding in a bundle S
of items to the leaves and reading the valuation v;(.5) from
the root. A leaf sends the item’s valuation up the tree if
the item is included in S, otherwise the leaf sends 0. Dif-
ferent types of gates can be used in the nodes of the tree.
A SUM node sums the values of its inputs; a MAX node
takes the maximum value of its inputs; an ALL node sums
its inputs unless one of the inputs is zero, in which case

9Ascending combinatorial auctions (e.g., [Bikhchandani et al.,
2001; Parkes and Ungar, 2000; Wurman and Wellman, 2000]) can
be viewed as a special case of the preference elicitation framework
where the queries are of the form: “Given these prices on items
(and possibly also on bundles), which bundle would you prefer the
most?”.
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the output is 0. For example, a legal function on 3 inputs
might be ALL(2z1, MAX(10x2, 4x3)), which gives value 12
to the bundle {1,2}, 6 to bundle {1,3}, and O to bundle {2,3}.
Read-once formulas of this type allow for many natural pref-
erences. For example, suppose items are flights and hotel
rooms in different locations (e.g., input x; ;o represents the
ith flight to location j, and x; ; 1 represents the ith hotel room
in location j) and we want to take just one trip. Then for
each location j we could compute ALL(MAX{v; ; 0% 0}
MAX{v; j 1% j1}:), and then at the root of the tree we would
take a MAX over the different destinations. More general
gates are also possible. Let MAX} output the sum of the &
highest inputs, and ATLEAST}, output the sum of its inputs
if there are at least k positive inputs, and O otherwise. Finally,
let GENERALy ; be a parameterized gate capable of repre-
senting all the above types of gates. For instance, imagine that
on a vacation to the Bahamas, Alice wanted entertainment. If
she got to go out on at least three nights, then the trip would
be worthwhile. Otherwise, she would rather stay home. Each
night, she takes the maximum valued entertainment option.
Then there is an ATLEAST3 node combining all of the dif-
ferent nights. In a different situation, imagine that Joe wants a
more relaxing vacation in Hawaii, where he does not want to
go out more than three nights. In this case, a MAX3 gate will
be useful. For each night, he chooses the best possible enter-
tainment given to him. Then, he takes the best three nights of
entertainment. Finally, imagine that Maggie wants a moder-
ately active vacation, and is interested in going to Paris for a
week, and wants at least three but no more than four nights of
entertainment. Then a GENERAL3; 4 gate will describe her
preferences. It turns out that if the user’s valuation function
v; can be expressed as a read-once formula with these gates
(even if the user is not aware of that), then v; can be elicited
with a number of value queries that is polynomial in the num-
ber of items in the auction even in the worst case [Zinkevich et
al., 2003].1° Furthermore, if a bidder’s valuation function v;
is close to some read-once function with the gates discussed
above, then a close model of v; can be constructed with a
polynomial number of value queries.

Second, consider the class of preferences that can be ex-
pressed as monotone polynomials. For example, v;(xz) =
ar1Te + broxsry + cxsxy. This class is called Toolbox DNF
because it captures settings where each agent has a set of tasks
to accomplish (one per term in the polynomial), each task re-

19An analogous issue arises with shopping agents. Consider the
following scenario. Alice goes to her software agent and asks it
to help her purchase a vacation. In order to act on her behalf, the
agent first needs to find out Alice’s preferences (how much is a trip
to Hawaii worth compared to a trip to the Bahamas, does it sub-
stantially increase the value to her if she can get some entertainment
booked in advance, etc.). Then, after scouring the Internet, the agent
needs to solve the computational problem of deciding on the best
vacation package—the one that maximizes Alice’s valuation minus
the cost of the trip. In this scenario, there is no auctioneer. Rather,
the elicitor is the buyer’s helper. Again, the amount of querying can
be prohibitively large when the buyer has general (monotone) pref-
erences, but with these types of read-once preferences, Alice’s val-
uation function can be determined in a polynomial number of value
queries.
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quiring a specific set of tools (the variables in the term) and
each having its own value (the coefficient on that term). For
example, the tools may be medical patents, and producing
each medicine requires a specific set of patents. The value of
a set of items to the agent is the sum of the values of the tasks
that the agent can accomplish with those items. It turns out
that any toolbox DNF valuation function v; can be elicited
in a polynomial number of value queries [Zinkevich er al.,
2003].

The power of interleaved preference elicitation from
multiple parties

The above two example classes of valuation functions can be
elicited efficiently even if there is only one party whose pref-
erences are to be elicited. So, the efficiency does not derive
from the fact that information from other agents restricts the
amount of information needed. The next class, on the other
hand, derives its ease of elicitation from this phenomenon.

Consider a combinatorial auction with two buyers that have
their valuation functions in the form of the XOR bidding lan-
guage discussed earlier, where each bidder can submit bids
on bundles, and all of the bidder’s bids are mutually exclu-
sive. It turns out that if no bid includes more than log, m
items (where m is the number of items in the auction), then
the provably optimal allocation of items to the bidders can
be determined in a worst-case polynomial number of value
queries [Blum er al., 2003].

Interestingly, there are classes of v; functions where learn-
ing the functions requires an exponential number of value
queries, while the provably optimal allocation can be con-
structed in a polynomial number of value queries [Blum et
al., 2003]. For other classes of v;, being able to elicit enough
to find the provably optimal allocation in a polynomial num-
ber of value queries implies that the v; functions themselves
can be learned in a polynomial number of value queries. So,
sometimes there is an exponential benefit to interleaving the
queries made to the different parties, while at other times the
benefit between that and eliciting each agent’s preferences
separately is polynomially bounded.

Incentives to answer truthfully: Ex post equilibrium in an
incremental push-pull multiagent elicitation mechanism

Motivating the bidders to answer queries truthfully is another
key issue, and is exacerbated by the fact that the elicitor’s
queries leak information to the bidder about the answers that
other bidders have given. Recently, a methodology was pro-
posed by which elicitors can be made incentive compatible
in the sense that every bidder (with a quasilinear utility func-
tion) answering the queries truthfully is an ex post equilib-
rium [Conen and Sandholm, 2001]. This means that bidding
truthfully is each bidder’s best strategy (for any prior proba-
bility distribution that he may hold about the other bidders)
given that the other bidders bid truthfully. In other words,
truthful bidding strategies form a (Bayesian) Nash equilib-
rium even in hindsight. (This does not mean that bidding
truthfully is a dominant strategy; if some of the other agents
bid insincerely and conditional on the elicitor’s query stream
to them, one may do better by bidding insincerely. In sum-
mary, implementation in ex post equilibrium is stronger than
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implementation in (Bayesian) Nash equilibrium, but weaker
than implementation in dominant strategies.)

The methodology is the following. The mechanism is
structured so that if all the bidders answer truthfully, the final
allocation and payments follow the VCG mechanism. The
amount a bidder has to pay is the sum of the others’ re-
vealed valuations for the bundles they get had the bidder not
been given any of the items, minus the sum of the others’
revealed valuations for the bundles they get in the actual op-
timal allocation. The elicitor can determine these payments
by asking enough queries to be able to determine the welfare
maximizing allocation overall, and by asking extra queries
to determine the welfare maximizing allocation for the auc-
tions where each agent is ignored in turn. The extra queries
needed to determine the VCG payments are a negligible frac-
tion of the queries needed to determine the optimal allocation
in practice [Hudson and Sandholm, 2003al, and in some elic-
itation policies that information comes purely as a side effect
with no extra queries at all [Conen and Sandholm, 2002b;
2002al.

Truthful answering is an ex post equilibrium even in elici-
tation mechanisms where the bidders are allowed to pass on
some queries (as long as they answer enough queries to de-
termine the optimal allocation and the VCG payments) and to
answer queries that were never asked [Conen and Sandholm,
2001]. This yields a pull-push mechanism where the elici-
tor guides the preference revelation, but each bidder can also
proactively reveal values on bundles on which it thinks it is
competitive.

4.2 Preference elicitation in voting

Multiagent preference elicitation can also improve the effi-
ciency of running elections [Conitzer and Sandholm, 2002d].
To determine the optimal outcome for a given voting proto-
col, itis generally not necessary to elicit complete preferences
from all voters, and some voters’ preferences may not need
to be elicited at all. Selective preference elicitation increases
privacy, and reduces the cost of voting (traveling to the vot-
ing site, spending time, efc.). Again, what, if any, information
should be elicited from an agent depends on what other agents
have revealed about their preferences so far.

However, it turns out that effective vote elicitation gives
rise to challenging computational problems. In the Sin-
gle Transferable Vote protocol (defined later), even knowing
when enough has been elicited to determine the provably opti-
mal outcome is A P-complete, while this is easy for all other
common voting protocols (defined later). Even for these pro-
tocols, determining whose votes to elicit is A/ P-complete,
even with perfect suspicions about how the agents will vote.
(The exception is the plurality protocol—the most common
voting protocol. There, everyone votes for one candidate and
the candidate with the largest number of votes wins. In that
protocol, effective elicitation is easy.) If the elicitor’s sus-
picions are imperfect, then effective elicitation can even be
PSPAC E-hard.

Elicitation can also introduce additional opportunities for
strategic manipulation by the voters because the elicitor’s
queries leak information among the voters. In coarse elic-
itation (where each voter’s entire ranking of candidates is
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elicited if the voter is queried at all) this can be avoided by
making sure that the voter does not know how many voters
have been queried before him. In fine elicitation (where a
voter is asked pairwise preferences one pair of candidates at
a time) this can be avoided by making sure that the voter does
not know what/how many queries have been made to others,
and by making sure that the order in which queries are made
to this voter is fixed up front rather than dependent on others’
answers.

5 Hard valuation problems

As discussed in the previous section, preference elicitation
can significantly reduce the agents’ effort of evaluating bun-
dles in combinatorial auctions. However, it cannot eliminate
the need to evaluate at least some bundles to some extent. In
this section I present a deeper look into an agent’s evaluation
problem with an explicit model of computation, and illustrate
new strategic issues that stem from it.

In many markets, even computing one’s valuation for a sin-
gle bundle (or individual item) is complex. For example when
bidding for trucking lanes (i.e., tasks), this involves solving
two A/ P-complete local planning problems: the vehicle rout-
ing problem with the new lanes of the bundle and the problem
without them [Sandholm, 1993]. The difference in the costs
of those two local plans is the cost (valuation) of taking on
the new lanes.

However, in practice bidders (humans or their software
agents) have limited computation and time, so they cannot
exactly evaluate all, or even any, bundles—at least not with-
out cost!

This leads to interesting incentive issues. For example,
even in an auction where one object is being sold, should a
bidder evaluate the object if there is a cost to doing so? Ac-
cording to traditional auction theory, truthful bidding is the
dominant strategy in the celebrated Vickrey auction where the
object is given to the highest bidder at the price of the second-
highest bid [Vickrey, 1961] (this is the VCG mechanism, dis-
cussed earlier, applied to single-object auctions). However, it
turns out that the Vickrey auction loses its dominant-strategy
property if the bidder has the option to evaluate the object or
not [Sandholm, 2000c]. Whether or not the bidder should pay
the evaluation cost depends on the other bidders’ valuations.

The issues run even deeper. If a bidder has the opportunity
to approximate its valuation to different degrees, how much
computing time should the bidder spend on refining its val-
uation? If there are multiple items for sale, how much com-
puting time should the bidder allocate on different bundles?
A bidder may even allocate some computing time to evaluate
other bidders’ valuations (e.g., how much it would cost for a
competing trucking company to take on a given set of lanes)
so as to be able to bid more strategically; I call this strategic
computing.

To answer these questions, we developed a deliberation
control method called a performance profile tree for pro-
jecting how an anytime algorithm (a blackbox from the per-
spective of the deliberation controller) will change the valu-
ation if additional computing is allocated toward refining (or
improving) it [Larson and Sandholm, 2001c; 2001b; 2001a;
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2002]. Unlike earlier deliberation control methods for any-
time algorithms, the performance profile tree is a fully nor-
mative model of bounded rationality: it takes into account all
the information that an agent can use to make its deliberation
control decisions. (This is necessary in the game-theoretic
context; otherwise a self-interested agent could take into ac-
count some information that the model does not.) Specifi-
cally, the projection of the anytime algorithm’s performance
is conditioned on the path of the run on the current problem
instance, as well as static instance features.

Using this deliberation control method, the auction can be
modeled as a game, where computing actions are part of the
game. At every point, each agent can decide on which bun-
dle to allocate its next step of computing as a function of the
agent’s computing results so far (and in open-cry auction for-
mat also the others’ bids observed so far). At every point,
the agent can also decide to submit bids. One can then solve
this model for the (Bayesian) Nash equilibrium, where each
agent’s (deliberation and bidding) strategy is a best-response
to the others’ strategies. I call this a deliberation equilibrium.
Table 1 shows in which settings strategic computing can and
cannot occur in equilibrium. First, this depends on the auction
mechanism.!! Interestingly, this also depends on whether the
agent has limited computing (such as a free desktop computer
on which it can run until the auction’s deadline) [Larson and
Sandholm, 2001b] or costly computing (such as being able
to buy any amount of supercomputing time where each cycle
comes at a cost) [Larson and Sandholm, 2001c]."?

Strategic computing?
Auction Speculation by Limited Costly
mechanism perfectly computing computing
rational agents?

Single item First price yes yes yes
Dutch yes yes yes
English no no yes
Vickrey no no yes
[ Multiple items [ First price | yes [ yes [ yes
| | VCG \ no | yes | yes

Table 1: Does strategic computing occur? The most interest-
ing results are in bold. As a benchmark from classical auction
theory, the table also shows whether or not perfectly rational
agents, that can determine their valuations instantly without
cost, would benefit from considering each others’ valuations
when deciding how to bid.

""The Vickrey and VCG mechanisms were discussed earlier.
The first-price auctions are sealed-bid auctions where the winning
bidders pay their winning bid prices. The Dutch auction is a
descending-price auction where the first bidder gets the object at the
current price. The English auction is an open-cry ascending auction
where the highest bidder wins and pays the price of his bid.

"’In these settings one can also determine how much such self-
ish computing hurts social welfare in the worst deliberation equilib-
rium [Larson and Sandholm, 2003].
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6 Using computational complexity as a
barrier to strategic manipulation

As the discussion of valuation computation in the previous
section shows, agents’ computational limitations can have ad-
verse effects on the incentive properties of interaction mech-
anisms. This section demonstrates that the reverse can also
be made to be true: one can use the fact that agents are com-
putationally limited to achieve things that are not achievable
via any mechanism among perfectly rational agents. In par-
ticular, I illustrate in a voting context that computational in-
tractability can be used as a barrier to undesirable strategic
behavior, thus circumventing a seminal economic impossibil-
ity result.

One key problem voting mechanisms are confronted with
is that of manipulation by the voters. An agent is said to
manipulate (vote strategically) when it does not rank the al-
ternatives according to its true preferences, but rather so as to
make the eventual outcome most favorable to itself. For ex-
ample, if an agent prefers Nader to Gore to Bush, but knows
that Nader has too few other supporters to win, while Gore
and Bush are close to each other, the agent would be better
off by declaring Gore as its top candidate. Manipulation is an
undesirable phenomenon because collective choice schemes
are tailored to aggregate preferences in a socially desirable
way, and if the agents reveal their preferences insincerely, a
socially undesirable candidate may be chosen.

The issue of strategic voting has been studied extensively.
A seminal negative result, the Gibbard-Satterthwaite theo-
rem, states that if there are three or more candidates, then in
any nondictatorial voting scheme, there are candidate rank-
ings of the other voters, and preferences of the agent un-
der which the agent is better off voting strategically than
sincerely [Gibbard, 1973; Satterthwaite, 1975]. (A voting
scheme is called dictatorial if one of the voters dictates the
outcome no matter how the others vote). So, a reasonable
general nonmanipulable voting protocol does not exist! One
approach around this impossibility is to construct desirable
general nondictatorial voting protocols (under which manip-
ulations exist by the impossibility theorem), but under which
finding a beneficial manipulation is prohibitively hard com-
putationally.

In order to discuss specific hardness results, I first review
the most common protocols. In each protocol, each voter ex-
presses his preferences as a linear order over candidates. The
protocol then takes those expressions and imposes one of the
candidates as the chosen outcome. In the protocols that are
based on scores, the candidate with the highest score wins. In
each of the listed protocols (even the ones that have multiple
rounds), the voters submit their preferences up front. That is,
the voters are not allowed to change their preference revela-
tions during the execution of the protocol.

e scoring protocols. Let & = {ayq, ..., a.) be a vector of
integers such that a; > as... > «,. For each voter,
a candidate receives g points if it is ranked first by
the voter, a if it is ranked second efc. The score sz
of a candidate is the total number of points the candi-
date receives. The Borda protocol is the scoring proto-
col with @ = (¢ — 1,¢ — 2,...,0). The plurality pro-
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tocol (aka. majority rule) is the scoring protocol with
a = (1,0,...,0). The veto protocol is the scoring pro-
tocol with @ = (1,1,...,1,0).

e maximin (aka. Simpson). For any two distinct candidates
i and j, let N (i, j) be the number of voters who prefer ¢
to j. The maximin score of i is s(i) = min;»; N(3, j).

e Copeland. For any two distinct candidates ¢ and j, let
C(i,7) = +1if N(i,5) > N(j,4) (in this case we say
that ¢ beats j in their pairwise election), C(i,j) =
N(j,i). The Copeland score of candidate i is s(7)
2 C 6 4)-

o single transferable vote (STV). The protocol proceeds
through a series of ¢ — 1 rounds. At each round, the
candidate with the lowest plurality score (i.e., the least
number of voters ranking it first among the remaining
candidates) is eliminated. The winner is the last remain-
ing candidate.

0
<

o plurality with run-off. In this protocol, a first round elim-
inates all candidates except the two with the highest plu-
rality scores. Then votes are transferred to these (as in
the STV protocol). After that, a second round determines
the winner among these two.

e cup (sequential binary comparisons). The cup is defined
by a balanced binary tree 7" with one leaf per candidate,
and an assignment of candidates to leaves (each leaf gets
one candidate). Each non-leaf node is assigned the win-
ner of the pairwise election of the node’s children; the
candidate assigned to the root wins. The cup protocol
assumes that the assignment of candidates to leaves is
known by the voters before they vote. In the random-
ized cup protocol [Conitzer and Sandholm, 2002b], the
assignment of candidates to leaves is chosen uniformly
at random after the voters have voted.

There are two natural alternative goals of manipulation. In
constructive manipulation, the manipulator tries to find an or-
der of candidates that he can reveal so that his favorite candi-
date wins. In destructive manipulation, the manipulator tries
to find an order of candidates that he can reveal so that his
hated candidate does not win. These are special cases of the
utility-theoretic notion of improving one’s utility, so the hard-
ness results carry over to that setting.

6.1 Complexity of manipulation when the number
of voters and the number of candidates grows

Unfortunately, finding a constructive manipulation is in P for
the plurality, Borda, and maximin voting protocols [Bartholdi
et al., 1989], which are commonly used. The only voting
protocol for which constructive manipulation is known to be
N P-hard is the STV protocol [Bartholdi and Orlin, 1991].13

However, by slightly tweaking the voting protocols that
are easy to manipulate, they can be changed into ones that
are hard to manipulate. In particular, we revise them so

It is A'P-hard also for the Second Order Copeland proto-
col [Bartholdi ef al., 1989], but the hardness is driven solely by the
tie-breaking rule.
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that before the original protocol is executed, one pairwise
elimination round is executed among the candidates, and
only the winning candidates survive to the original proto-
col (so, about half of the candidates are eliminated in the
preround). This makes the protocols N P-hard, # P-hard,
or PSPAC E-hard to manipulate constructively, depending
on whether the schedule of the preround is determined be-
fore the votes are collected, after the votes are collected, or
the scheduling and the vote collecting are carefully inter-
leaved, respectively [Conitzer and Sandholm, 2003e]. We
proved general sufficient conditions on voting protocols for
this tweak to introduce the hardness, and showed that the
plurality, Borda, maximin, and STV protocols satisfy those
conditions. So, these commonly used voting protocols can
be made hard to manipulate by simply using one elimination
round.

6.2 Complexity of manipulation when the number
of candidates is constant

All of the hardness results discussed above rely on both the
number of voters and the number of candidates growing. The
number of candidates can be large in some domains, for ex-
ample when voting over task or resource allocations, but in
many elections—such as presidential elections—the number
of candidates is small. If the number of candidates is a con-
stant, both constructive and destructive manipulation are in
P, regardless of the number of voters [Conitzer and Sand-
holm, 2002b]. This holds even if the voters are weighted, or
if a coalition of voters tries to manipulate, but not both. When
a coalition of weighted voters tries to manipulate, complexity
can arise even for a constant number of candidates, as sum-
marized in Tables 2 and 3 [Conitzer and Sandholm, 2002b;
Conitzer et al., 2003]. One lesson is that randomizing over
instantiations of the mechanisms (such as schedules of a cup)
can be used to make manipulation hard.

[ Number of candidates | 2 | 3 [ 456 [ >7 |
Borda P [ NP-compl. | N P-compl. | N P-compl.
veto P | N'P-compl. | N P-compl. | N P-compl.
STV P | N P-compl. | N P-compl. | N P-compl.
plurality with runoff P | NP-compl. | N P-compl. | N P-compl.
Copeland PP N P-compl. | N P-compl.
maximin PP N P-compl. | N P-compl.
randomized cup P | P P N P-compl.
cup P P P P
plurality P | P P P

Table 2: Complexity of constructive weighted coalitional ma-
nipulation.

Number of candidates | 2 [ >3 |

STV N P-compl.
plurality with runoff N P-compl.
randomized cup ?

Borda
veto
Copeland

maximin

cup
plurality

)| 9| 9| 9| 9| 9| YD

)| 9| 9[99 9|

Table 3: Complexity of destructive weighted coalitional ma-
nipulation.
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All of the hardness results discussed above hold even if the
manipulators know the nonmanipulators’ votes exactly. Un-
der weak assumptions, if weighted coalitional manipulation
with complete information about the others’ votes is hard in
some voting protocol, then individual and unweighted ma-
nipulation is hard when there is uncertainty about the others’
votes [Conitzer and Sandholm, 2002b].

Computation not only serves as a means to circumventing
incentive problems as dicussed above, but it can also serve as
the means for designing appropriate incentives as discussed
in the next section.

7 Automated mechanism design

The aggregation of conflicting preferences for choosing an
outcome is a central problem in multiagent systems, be the
agents humans or software. The key difficulty is that the
agents may report their preferences insincerely (i.e., manip-
ulate, as we just discussed in a voting setting). Mechanism
design is the art of designing the rules of the game so that the
agents are motivated to report their preferences truthfully and
a desirable outcome is chosen.'* The desirability objective
can be, for example, social welfare, seller’s revenue, fairness,
or some tradeoff among these.

Mechanism design has traditionally been a manual en-
deavor. The designer uses experience and intuition to hy-
pothesize that a certain rule set is desirable in some ways, and
then tries to prove that this is the case. Alternatively, the de-
signer formulates the mechanism design problem mathemat-
ically and characterizes desirable mechanisms analytically in
that framework. These approaches have yielded a small num-
ber of canonical mechanisms over the last 40 years, each of
which is designed for a class of settings and a specific objec-
tive. For example, the VCG and dAGVA [d’ Aspremont and
Gérard-Varet, 1979; Arrow, 1979] maximize social welfare
among the agents in the class of settings where the agents
have quasilinear utility functions. Mechanism design re-
search has also yielded impossibility results that state that no
mechanism works across a class of settings (for varying def-
initions of “works” and varying classes). For example, the
Gibbard-Satterthwaite theorem discussed in the previous sec-
tion states that for the class of general preferences, no mech-
anism works in the sense that 1) the mechanism’s outcome
can be any one of at least three candidates, 2) the mechanism
is nondictatorial, and 3) every agent’s dominant strategy is to
reveal his preferences truthfully.

In sharp contrast to manual mechanism design, I envision
a systematic approach where the mechanism is automatically
created for the setting and objective at hand. This has sev-
eral advantages. First, it can be used even in settings that do
not satisfy the assumptions of the classical mechanisms. Sec-
ond, it may allow one to circumvent the impossibility results:
when the mechanism is designed to the setting (instance) at
hand, it does not matter that it would not work on prefer-
ences beyond those in that setting (e.g., for a class of settings).

4 A central result in game theory, the revelation principle, allows
the designer to restrict attention to such truthful mechanisms without
loss in the objective [Mas-Colell er al., 1995].
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Even when the optimal mechanism—created automatically—
does not circumvent the impossibility, it always minimizes
the pain entailed by impossibility. Third, it may yield better
mechanisms (in terms of stronger nonmanipulability guaran-
tees and/or better outcomes) than the canonical mechanisms
because the mechanism capitalizes on the particulars of the
setting (the probabilistic information that the mechanism de-
signer has about the agents’ preferences). Given the vast
amount of information that parties have about each other to-
day, it is astonishing that the canonical mechanisms (such as
first-price reverse auctions), which largely ignore that infor-
mation, have prevailed thus far. I foresee an imminent revolu-
tion, where future mechanisms will be created automatically.
For example, imagine a Fortune 1000 company automatically
creating its procurement mechanism based on its statistical
knowledge about its suppliers (and potentially also the public
prices of the suppliers’ inputs, efc.). I call this vision auto-
mated mechanism design [Conitzer and Sandholm, 2002c].'?

7.1 The computational problem

As a first step toward fulfilling this vision, we modeled mech-
anism design as an optimization problem, and studied its
complexity. In the model, each agent can have any one of
a finite number of utility functions. An agent’s utility func-
tion is private information. The mechanism designer has a
prior probability distribution over each agent’s possible util-
ity functions. The first constraint to the problem (the incen-
tive compatibility constraint) is that each agent has to be moti-
vated to reveal its utility function truthfully regardless of what
utility function the agent has. This comes in two variants. In
the first (called dominant strategy implementation), the agent
has to be no worse off by revealing his true utility function
regardless of what utility functions the other agents reveal.
In the second, the agent has to be no worse off, in expec-
tation, by revealing his true utility function. (The expecta-
tion is taken as a weighted average over the possible truth-
ful utility function revelations of the other agents). The sec-
ond constraint to the problem (the participation constraint) is
that each agent has to be no worse off by participating in the
mechanism than not participating (otherwise a rational agent
would not participate). This again comes in two variants. In
the first, the agent has to be no worse off regardless of what
utility functions the other agents reveal. In the second, the
agent has to be no worse off in expectation. The input to the
optimization also includes the designer’s objective. The out-
put is a mapping from utility function revelations to outcomes
(or in the case of randomized mechanisms, to probability dis-
tributions over outcomes).

In settings without side payments, such as voting, design-
ing an optimal (e.g., expected social welfare maximizing) de-
terministic mechanism is \V P-complete [Conitzer and Sand-
holm, 2002c].'® If side payments are allowed, designing a

SNote that automated mechanism design is completely different
from so called algorithmic mechanism design [Nisan and Ronen,
2001]. In the latter, the mechanism is designed manually with the
goal that executing the mechanism is computationally tractable. On
the other hand, in automated mechanism design, the mechanism it-
self is designed automatically.

1$This actually holds for any solution concept from noncoopera-
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deterministic mechanism is easy if the designer’s objective
is social welfare, but A/ P-complete more generally (for ex-
ample, if the objective is to maximize the expected revenue
collected from the bidders—as is the objective in some auc-
tions) [Conitzer and Sandholm, 2003b]. Interestingly, if one
allows randomized mechanisms, the mechanism design prob-
lem becomes solvable in polynomial time using linear pro-
gramming.!” In other words, the designer can tackle the com-
putational complexity, introduced by its uncertainty about the
agents, by making the agents face additional uncertainty. This
comes at no loss, and in some cases at a gain, in the mecha-
nism designer’s objective.

If the agents’ utility functions are additively decomposable
into independent issues, the input to automated mechanism
design can be represented (potentially exponentially) more
concisely. In that representation it is A/ P-complete (even
under strong restrictions) to design a mechanism that maxi-
mizes one of the following objectives: 1) expected social wel-
fare when payments are not possible, 2) a general objective
function even when payments are possible, and 3) expected
revenue collected from the agents [Conitzer and Sandholm,
2003c]. Again, a randomized mechanism can be designed in
polynomial time. So, the complexity as a function of the input
length is the same in the concise representation as it is in the
flat representation. In other words, due to its potentially ex-
ponentially shorter input length, the structured representation
allows potentially exponentially faster automated mechanism
design.

7.2 Applications

In initial experiments, automated mechanism design pro-
duced the following highlights [Conitzer and Sandholm,
2003al:

e It reinvented the celebrated Myerson auction [Myerson,
1981], which maximizes the seller’s expected revenue in
a 1-object auction.

e It created expected revenue maximizing combinatorial
auctions. This has been a long-standing recognized open
research problem in (manual) mechanism design [Av-
ery and Hendershott, 2000; Vohra, 2001]. The general
form for such an auction is still unknown, but automated
mechanism design created prior-specific optimal mecha-
nisms. (In the manual mechanism design literature, even
the problem with only two objects for sale is open; only
a case with very special form of complementarity and no
substitutability has been solved [Armstrong, 2000].)

e It created optimal mechanisms for divorce settlements,
both with a benevolent arbitrator that tries to maximize
the sum of the divorcees’ utilities (with and without side
payments), and an arbitrator that tries to maximize rev-
enues collected from the divorcees.

e It created optimal mechanisms for a public good prob-
lem (deciding whether or not to build a bridge). The

tive game theory [Conitzer and Sandholm, 2002al, not just the ones
discussed through the constraints above. All of the hardness results
discussed in this section hold even with just 2 agents.

This holds for any mechanism design objective that is linear in
the outcome probabilities.
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VCG mechanism could be used in this setting as long
as each agent’s utility function is quasilinear. However,
in the VCG mechanism, nonnegative payments are col-
lected from the voters (intuitively, the payments are col-
lected in order to avoid the free rider problem), and those
payments have to be burned. According to a seminal
impossibility result, this problem plagues any mecha-
nism that applies to general quasilinear utility functions,
yields a social welfare maximizing decision, and makes
truthful reporting of utility functions a dominant strat-
egy [Green and Laffont, 1979]. The automated mecha-
nism design approach allowed us to incorporate money
burning as a loss in the social welfare objective, and
maximize that revised objective. We had automated
mechanism design create an optimal mechanism for the
bridge building scenario under each variant of the incen-
tive compatibility constraint discussed above (with the
deterministic participation constraint). In neither vari-
ant was money ever burned. In the probabilistic variant,
the bridge was always built if and only if that was best
for the agents. (In the deterministic variant this was not
always the case.) For the probabilistic variant of incen-
tive compatibility, the general-purpose dAGVA mecha-
nism could be used to yield the social welfare maximiz-
ing choice without burning money [d’Aspremont and
Gérard-Varet, 1979; Arrow, 1979]. However, a seminal
economic impossibility result shows that no mechanism
for general quasilinear utility functions yields the social
welfare maximizing choice, maintains budget balance,
and satisfies the participation constraint (even the prob-
abilistic variant) [Myerson and Satterthwaite, 1983]. As
the experiment above showed, automated mechanism
design can circumvent this impossibility. It constructed
a mechanism that satisfies all these desiderata, and actu-
ally the deterministic (i.e., stronger) variant of the par-
ticipation constraint.

e It created optimal mechanisms for public goods prob-
lems with multiple goods. This is the public goods ana-
log of combinatorial auctions.

8 Safe exchange mechanism design

Mechanism design is not only needed for deciding on an out-
come among agents. It is also key for executing the outcome.
For example, if the outcome is a joint plan, how should it be
executed so that no agent is motivated to deviate along the
way [Braynov, 1994; Braynov and Sandholm, 1999]? From
the perspective of markets, an important type of joint plan
is the plan for exchanging items and payments between par-
ties. Nondelivery is a major problem in exchanges, especially
in electronic commerce: the supplier might not deliver the
goods or the demander might not pay. A recent study shows
that 6% of consumers with on-line shopping experience re-
ported products or services that were paid for, but never re-
ceived [National Consumers League, 1999].

8.1 Deal chunking

In some settings, mechanism design can be used to enable
safe exchanges without legal enforcement or escrow compa-
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nies. One such approach is our methodology where the ex-
change is split into chunks which the agents deliver in alterna-
tion [Sandholm, 1996; 1997].'% The mechanism is practical
when such splitting incurs little cost, as is the case with digital
goods, computation time, many web services, and many in-
vestment instruments, for instance. eExchangeHouse, a safe
exchange planner prototype, automatically determines a safe
exchange plan for the exchange setting at hand such that nei-
ther party has incentive to vanish before completing the ex-
change [Sandholm and Ferrandon, 2000]. Only some ways
of splitting the exchange into chunks and some sequences of
delivering the chunks are safe in this sense [Sandholm, 1996;
Sandholm and Lesser, 1995al. The planner’s algorithms for
chunking and chunk sequencing provably find a safe ex-
change plan if one exists, and determine the shortest safe
plan. The algorithms, as well as the amount of input that is
solicited from the users, vary based on whether the exchanged
items and units of each item are dependent or independent in
terms of their value to the exchange parties.

8.2 A general model for safe exchange

In order to more broadly study the possibilities of using
mechanism design to enable safe exchange, we developed
a unified model of exchange mechanisms [Sandholm and
Wang, 2002]. A key idea behind the model is that at any point
of the exchange, each agent has a (potentially empty) set of
items that he possesses, and a (potentially empty) allocation
set that includes the items that he can reallocate—except not
to himself—or destroy. The two sets need not be the same.
An item can simultaneously be in one agent’s possession set
and in another agent’s allocation set. Other aspects of the
model include transfer costs and defection costs (how much
of a reputation loss or risk would an agent face if he defaulted
before completing the exchange).

The model captures the disparate earlier safe exchange
approaches such as cryptographic coin ripping [Jakobsson,
1995], digital signatures, and our game-theoretic chunking
mechanism discussed above. It also allows one to creatively
and systematically think about, and analyze, novel exchange
mechanisms. For example, our reputation locking mechanism
stemmed from this model. It works as follows: 1) agent A al-
lows agent B to encrypt A’s reputation in the public database
(e.g., eBay), 2) agent B delivers to A, 3) agent A delivers to
B, and 4) B decrypts A’s reputation back into plaintext. In
this mechanism, A’s reputation is used as a virtual item that
is is temporarily transferred into B’s allocation set. If A does
not deliver, B does not give back the reputation.

Being an overarching framework, the model also allows
one to study what is inherently possible and impossible in
safe exchange (with and without a trusted third party, and
with an offline third party that only gets involved if the ex-
change fails).

9 Conclusions and perspective

Collective choice settings are ubiquitous and important,
whether the agents are humans or software. Game theory

8Similar protocols have recently been studied by others,
e.g., [Matsubara and Yokoo, 2000].

COMPUTERS AND THOUGHT AWARD PAPER

provides a basis for engineering the incentives into the inter-
action mechanism so that a desirable outcome is chosen even
though every agent acts based on self-interest. However, a
host of computer science issues not traditionally addressed
in game theory have to be addressed in order to make mech-
anisms work in the real world. Those computing, commu-
nication, and privacy issues are deeply intertwined with the
economic incentive issues, as this writeup has illustrated.

Here, I would like to draw some high-level conclusions
from the results presented above. Peer-to-peer negotiation
suffers from negotiation process uncertainties that can be
eliminated by using a mediator, such as an auction server, that
collects the agents’ private information and runs a clearing
algorithm on that data to determine the outcome.!® Domain
uncertainty remains even in this approach, and leveled com-
mitment contracts can be used to mitigate it to the economic
benefit of all contract parties.”’ Expressive competition is a
new form of interaction that empowers market participants
with potent expressiveness akin to human-to-human negotia-
tion (this has economic advantages and makes bidding easier)
while at the same time harnessing the forces of competition,
the global scale of the Internet, and the accuracy of market
clearing with all relevant information in hand. The mediated
approach with optimal clearing is feasible at a grand scale
even with expressive competition, despite the fact that most
variants of the clearing problem are hard and inapproximable
in the worst case. The economic and computational efficien-
cies that mediated expressive competition offers suggest that
in the future, marketplaces will merge into larger ones. To a
certain extent this trend is already underway. For example,
in the last couple of years large corporations have undergone
a massive transition from plant-based procurement to global
procurement.

The mediated approach can be made to require dramati-
cally less information from the agents—especially in combi-
natorial markets—by using selective incremental multiagent
preference elicitation. This decreases the agents’ valuation
determination costs (and other preference determination ef-
forts) and communication costs. It also enhances privacy. It
can be made into an incentive-compatible push-pull mecha-
nism where the information revelation is guided by both the
elicitor (auctioneer) and each agent. This makes sense be-

The clearing algorithm—usually a specialized tree search—can
run on multiple machines. This is usually the case in large-scale
applications, but the machines are usually co-located rather than at
each agent’s location. Also, there is no notion of one machine repre-
senting one agent. So, the distribution that is motivated by compu-
tational efficiency does not correspond to the distribution of agents
(that is, the distribution of self-interest and private information).

2L eveled commitment can also mitigate the negotiation process
uncertainty that arises if an agent participates in negotiations medi-
ated by different mediators, and the negotiations’ outcomes are not
independent from the perspective of the agent’s valuation. In that
sense, leveled commitment can serve as part of the “glue” needed
between marketplaces. Furthermore, leveled commitment can be
used to mitigate the uncertainty that arises if one mediator runs mul-
tiple clearings over time, for example at fixed intervals or every
time a new bid arrives. (For online algorithms for market clearing,
see [Blum et al., 2002].)
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cause each agent has private information that suggests what
should be revealed by the agent, and the auctioneer accrues
information about the other agents that affects what informa-
tion from the agent is pertinent.

A deeper look into an agent’s evaluation problem shows
that valuation determination costs ruin the incentives of clas-
sical auction mechanisms, and give rise to a new phenomenon
I call strategic computing: using one’s limited computing to
approximate others’ preferences at the cost of approximating
one’s own. Whether strategic computing occurs depends on
the auction mechanism and the type of computational con-
straint (costly computing vs. limited computing).

While computational constraints can cause strategic prob-
lems, the reverse can also be made to be the case. Compu-
tational hardness can be used as the barrier to manipulation.
This is especialy desirable in settings where economic mech-
anism design (incentive engineering) is known to fall short.

Computing can also be used to automatically design the
mechanism, for instance the rules of a divorce settlement,
auction, or public goods problem. Because the mechanism is
designed for the specific setting at hand (objective and infor-
mation about the agents), it often yields a better mechanism
than the ones known to date. It can also circumvent seminal
impossibility results.

Carefully designed mechanisms are needed not only for
choosing an outcome, but also for executing the outcome,
such as a joint plan. I illustrated this in the context of de-
signing safe exchange mechanisms for anonymous parties in
Internet commerce.

10 Future research directions

This is a fertile and relatively new area where Al and com-
puter science at large can have enormous theoretical and prac-
tical impact. Work on expressive competition includes the on-
going quest for faster clearing algorithms and the pursuit of
concise—perhaps application-specific—forms of expressive
bidding that are easy to use in bidding and elicitation, and fast
to process by a clearing algorithm. Automated mechanism
design is still in its infancy, and holds significant promise for
future research. It should be tested on new classes of prob-
lems, and applied to real-world settings. It could also be ap-
plied to design safe exchange mechanisms (using the general
safe exchange model that we introduced)—an endeavor that
has traditionally taken considerable creativity, yet has not de-
livered mechanisms (or impossibility results) for all settings.
Known game-theoretic results that characterize properties of
mechanisms could be used to reduce the search space in au-
tomated mechanism design. Furthermore, automated mech-
anism design could be used on a variety of settings (real or
artificially generated) to see whether new canonical mecha-
nisms and mechanism design principles can be inferred.
Another significant research stream arises from the obser-
vation that mechanism design should take into account the
agents’ computational constraints. Our performance profile
tree based deliberation control method together with the idea
of deliberation equilibrium provide a normative model of
bounded rationality in multiagent systems, which is needed
to determine how computationally constrained self-interested
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agents would behave in a given mechanism. This allows
one to evaluate mechanisms for computationally constrained
agents, and hopefully paves the way to designing such mech-
anisms. Not only auction and voting mechanisms, but also
multiagent preference elicitation mechanisms should be de-
signed with this methodology. This methodology could also
be used to design mechanisms that are computationally hard
to manipulate, where hardness is measured not in terms of
worst-case complexity, but informed by game-theoretic delib-
eration control. (Other approaches to improving upon worst-
case measures include designing mechanisms where manipu-
lation is average-case hard, or even hard on every—carefully
constructed—instance such as in factoring.) This methodol-
ogy could even yield new mechanism design principles. As
discussed, the central design principle in mechanism design,
the revelation principle, ceases to meaningfully hold under
computational or communication constraints. In such set-
tings it can be better to use multi-stage mechanisms such
as preference eliciation, unlike the principle suggests. Also,
in such settings it has been theoretically demonstrated that
there is some benefit to allowing for mechanisms where in-
sincere preference revelation occurs [Conitzer and Sandholm,
2003d], unlike the principle suggests. Is there a significant
practical benefit to be gained from such mechanisms? What
would such mechanisms look like? Are there principles for
constructing them?

Finally, are there unforeseen novel ways—beyond enabling
expressive competition, multiagent preference elicitation, and
automated mechanism design—of using computing to en-
hance collective choice?
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