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Abstract

Many situations present a social choice problem where
different self-interested agents have to agree on joint, co-
ordinated decisions. For example, power companies have
to agree on how to use the power grid, and airlines have
to agree on how to schedule takeoffs and landings.

Mechanisms for social choice are called incentive-
compatible when cooperative behavior is optimal for all
parties. The most well-known examples of incentive-
compatible mechanisms are auctions. However, the party
that receives the auction revenue has an incentive to ma-
nipulate the outcome to increase the revenue. For exam-
ple, a power grid operator has an interest to reduce capac-
ity and drive up prices. Conversely, if it provides suffi-
cient capacity to every user it derives no revenue to cover
its costs.

We present a novel mechanism for social choice that is
incentive-compatible without generating a payment sur-
plus. We give several examples of applications where it
solves the social choice problem without unwanted incen-
tives, and provides significantly better overall utility than
any other known mechanism.

1. Social Choice Problems

Agents in the modern world increasingly have to co-
ordinate their actions, typically because they involve
sharing resources or cooperating to achieve a task. The
social choice problem models such scenarios: a group of
agents has to choose an outcome that best fits their
combined preferences.

Social choice problems can be solved by simple pro-
tocols. Among them, the most commonly used is first-
come first-served: the agent that first presents a request
will be able to determine the outcome that is most fa-
vorable to it. Theater tickets, hotel rooms, and other
scarce resources are distributed in this way. Another
mechanism is voting: pick the outcome that most agents

vote for. Another possibility is to randomly flip a coin
to choose the outcome.

All these mechanisms are designed to make it impos-
sible for agents to manipulate the outcome by their ac-
tions. However, the drawback is that the outcomes are
usually far from optimal: agents could achieve much
higher combined utility through cooperation. For ex-
ample, people who bought theater tickets months in
advance may receive other invitations in the meantime
and no longer be interested in using the tickets. Peo-
ple who live in different areas may vote for an unsuit-
able option in a city planning decision.

Intelligent agent technology offers the possibility to
use more complex protocols to obtain a better solu-
tion. Coordination, cooperation and optimization algo-
rithms can serve to obtain decisions that better achieve
the agents’ objectives.

2. Social Choice as Constraint Opti-
mization

A social choice problem is a choice among a set of
possible outcomes. In order to express preferences on
outcomes with manageable complexity, it is useful to
further structure this outcome space. In particular, we
assume that the outcome space is the set of solutions to
a constraint satisfaction problem (CSP). It is defined by
a set of variables that can be assigned values in associ-
ated domains. A solution is a combination of value as-
signments to all variables such that a set of constraints
is simultaneously satisfied. Constraint satisfaction has
been used with great success for a wide variety of prob-
lems, including design, resource allocation, scheduling
and planning.

Based on the CSP formulation, we model social
choice problems as multi-agent constraint optimization
problems. These are CSP where a set of agents has de-
clared relations that specify the utilities they attach
to different value combinations. The solution of the
MCOP is the solution of the underlying CSP where



the sum of agents’ utilities is highest. Formally, we de-
fine the following notation:

Definition 1 A multi-agent constraint optimization
problem (MCOP) is a tuple < A, X, D, C, R > where:

• A = {A1, .., Ak} is a set of agents.
• X = {x1, .., xn} is a set of variables.
• D = {d1, .., dn} is a set of domains of the variables,

each given as a finite set of possible values.
• C = {c1, .., cp} is a set of constraints, where a con-

straint ci is a function di1× ..×dil → {0, 1} that re-
turns 1 if the value combination is allowed and 0 if it
is not.
• R = {r1, .., ro} is a set of relations, where a relation

ri is a function di1 × .. × dil → � giving the utility
of choosing each combination of values.
• Ri is the subset of R that gives the relations associ-

ated with agent Ai.

Definition 2 An assigment V is a combination of val-
ues x1 = v1 ∈ d1, .., xn = vn ∈ dn. It is consistent if all
constraints are satisfied, i.e. (∀ci ∈ C)ci(V ) = 1.

We write ri(V ) and ci(V ) for the result of applying ri

or ci, respectively, to the relevant variables with the as-
signments in V . We write V ∗

R for the consistent assign-
ment such that the sum of the utilities obtained by the re-
lations corresponding to R is maximal; if there are sev-
eral such assignments it is the one that is lexicographi-
cally smallest. We write v∗R(xi) for the value of xi in that
assignment.

The solution to a MCOP is the assignment V ∗
R where

R is the set of all relations of the MCOP.

An MCOP is solvable if there is at least one consis-
tent assignment. In this paper, we only consider solv-
able MCOP. When an MCOP is unsolvable, the social
choice problem itself has no solution.

For MCOP of practically interesting size, it will in
general not be feasible to compute the optimal assign-
ment V ∗

R . Instead, the mechanism and agents together
will only compute an approximation to this optimal so-
lution. We use the notation VR to denote the assign-
ment returned by this mechanism when optimizing for
the set of relations R, and vR(xi) for the value of xi in
this assignment.

The optimization could be carried out by a central
agent that computes the optimal solution using con-
straint optimization packages such as ILOG Solver or
CPLEX. Open constraint optimization techniques ([4])
can be used to limit the amount of information that
agents have to communicate to this central solver. The
computation could also be distributed among different
agents using distributed constraint satisfaction tech-
niques ([5]).

3. Example

As an example, consider a city where each neigh-
bourhood has a separate natural gas supply network.
The social choice problem is to decide what company
gets to supply gas in which neighbourhood. Thus, there
is one variable for each neighbourhood whose domain
is the set of companies that could serve it. Each com-
pany is represented by an agent. Its relations show its
utilities, given as the expected revenue minus the cost
of providing the service.

Note that this problem cannot be solved by auction-
ing the rights to serve each neighbourhood, since this
would allow the winning company the option of not
providing the service by not using the right. In the so-
cial choice problem, this option is ruled out by the fact
that every variable must be given a value.

For the example, let there be three companies rep-
resented by agents A1, A2 and A3. Each company has
a capacity to serve at most two neighbourhoods, and
can provide the service to any of the neighbourhoods
at the following costs:

Agent A1 A2 A3

Cost 3 4 5

We consider a scenario with three neighbourhoods n1,
n2 and n3 to be served. We assume that the expected
revenue from customers for each neighbourhood is 10,
and furthermore serving n1 and n2 together creates ad-
ditional opportunities and results in extra revenue of
10 to whoever serves this combination. This gives rise
to the following social choice problem:
variables: x1, x2 and x3

domains: {1, 2, 3}
constraints: at most 2 variables have the same value
relations: each Ri contains 4 relations rij , j = 1..4:
{

j=1..3: rij(xj) = 10 if xj = i, 0 otherwise;
ri4(x1, x2) = 10 if x1 = x2 = i, 0 otherwise

}

The optimal solution is x1 = 1, x2 = 1, x3 = 2.

4. Incentive-compatibility

Social choice problems become difficult to solve
when agents have conflicting preferences, as each agent
will exaggerate its preferences to obtain a better out-
come for itself. It is possible to counteract this tendency
using tax schemes where agents have to pay for the pref-
erences they claim. An example of such tax schemes are
auctions: the social choice is to decide who receives a
good, and the winner has to make a payment that de-
pends on how strongly he claims to value the good. A



method for social choice that includes selection of a so-
lution and a set of side (tax) payments is called a mech-
anism.

In an incentive-compatible (IC) mechanism, the in-
centives of each agent are aligned with those of the
group: the behavior that optimizes the utility of an in-
dividual agent also optimizes the utility of the group.
Such mechanisms rule out the possibility that an agent
can obtain unfair gains at the expense of other agents.
However, an agent could still hurt the other agents
through incompetent actions that are not in its own
best interest.

When utility optimization is left to the social choice
mechanism, IC often corresponds to each agent being
best off declaring its preferences truthfully; this prop-
erty is called truthful or strategyproof. Such a mecha-
nism makes life easy for the agents since they do not
have to choose an optimal strategy themselves, but can
leave this to the mechanism. However, it requires that
the mechanism finds the true optimal solution, which
may be a problem in practice.

The incentives of each agent can be aligned with
those of the group by making each agent pay a tax re-
flecting the cost that their preferences are causing to
others. A well-known mechanism is the Vickrey-Clarke-
Groves (VCG) tax mechanism ([13, 2, 7]). Its applica-
tion for multi-agent decision making has already been
proposed in [3].

In the VCG mechanism, each agent pays the differ-
ence in other agents’ utilities of the optimal assignment
when it is not present, V ∗

R\Ri
, and the optimal assign-

ment for all agents, V ∗
R :

V CGtax(Ai) =
∑

rl∈R\Ri

rl(V ∗
R\Ri

)− rl(V ∗
R)

In the example, we would obtain the following taxes:
Agent A1 A2 A3

Utility 24 6 0
VCGtax 27-6 = 21 29-24 = 5 0

The VCG tax has the effect of making the objec-
tives of each individual agent that of optimizing the
sum of all agent’s utilities. This can be seen by con-
sidering the utility Ut(Ai) that agent Ai achieves from
the result of a social choice using a VCG tax:

Ut(Ai) =

[ ∑
rl∈Ri

rl(V ∗
R)

]
− V CGtax(Ai)

=
∑

rl∈Ri

rl(V ∗
R) +

∑
rl∈R\Ri

rl(V ∗
R)− rl(V ∗

R\Ri
)

=
∑
rl∈R

rl(V ∗
R)−

∑
rl∈R\Ri

rl(V ∗
R\Ri

)

Since Ai has no influence on
∑

rl∈R\Ri
rl(V ∗

R\Ri
), it

maximizes its own utility by maximizing the utility
of the group,

∑
rl∈R rl(V ∗

R). Furthermore, we can see
that the utility an agent derives from participating in
the mechanism, Ut(Ai), is never smaller than the util-
ity it would get if it would let the other agents choose
their best solution. If it was, then the agent Ai could
show a better overall solution than V ∗

R by choosing the
assignment for the other agents as in V ∗

R\Ri
and select-

ing its own best matching value with it. Thus, a mecha-
nism based on VCG taxes is individually rational: every
agent has an interest to participate in it. Finally, since∑

rl∈R\Ri
rl(V ∗

R\Ri
) ≥ ∑

rl∈R\Ri
rl(V ∗

R), the VCG tax
is always non-negative.

Any tax mechanism produces a surplus of taxes that
cannot be redistributed to the agents without loos-
ing the incentive-compatible property, i.e. they are not
budget-balanced (BB). This creates incentives for who-
ever receives the surplus to manipulate the outcome.
For example, a power grid operator has incentives to
create bottlenecks to drive up fees. Converseley, if it
provides ample capacity it derives no revenue to main-
tain its network. In game theory, it has been shown
that all incentive-compatible mechanisms that apply
to general social choice problems and always generate
an optimal outcome must use a tax similar to the VCG
tax ([6]), and that such mechanisms cannot be budget-
balanced ([6, 9]).

If the social choice mechanism computes the true
optimal solution, the VCG tax makes it a dominant
strategy equilibrum for each agent to declare its utili-
ties truthfully to this mechanism. When optimization is
not perfect, the VCG tax is still incentive-compatible,
as each agent’s individual utility is still maximized by
actions that make the mechanism obtain the optimal
solution for all agents. However, as shown in [10], these
actions may include non-truthful utility declarations if
these would help the optimization algorithm to con-
verge to a better overall solution. In a distributed so-
cial choice setting, in general incentive-compatiblity is
more important than truthfulness.

However, with an imperfect optimization, two com-
plications may arise:

• in rare cases, due to shortcomings of the optimiza-
tion method, it could happen that for some Ai,∑

rl∈R\Ri

rl(VR\Ri
) ≥

∑
rl∈R\Ri

rl(VR)

In this case, the tax paid by Ai would become
negative, since its presence actually helps the op-
timization algorithm find a better solution. One
solution is to replace the solution VR\Ri

by the



better one VR, but this would eliminate the incen-
tive for Ai to find a better solution. Another so-
lution is to make the optimization mechanism pay
this negative tax.

• some Ai could obtain a better utility than in VR by
choosing the best compatible values with VR\Ri

. In
this case, for all variables of agents other than Ai,
we an set VR ← VR\Ri

, and set variables belong-
ing to Ai to the best compatible values with that
assignment. If there are several such agents, we
can select the first one by coin flip and repeat the
process until no further such agents remain. This
procedure does not affect incentive-compatibility
since it only improves VR and all agents influence
this solution anyway.

5. An Incentive-compatible, Budget-
balanced Social Choice Mechanism

The example shows that the truth-inducing prop-
erty of the tax can come at a high cost: while the over-
all utility obtained by the system is 30, the agents must
pay 26 units of tax to an outside entity. Thus, their ef-
fective total utility is only 4 units!

In the special case of auctions, the surplus can be
used to pay the sellers of the goods; the resulting VCG
scheme is called the Vickrey auction protocol. However,
in many cases, there is no use for this surplus. It re-
duces agents’ utilities, and creates incentives for the re-
ceiver of the surplus to manipulate the setting to max-
imize taxes. For example, in spectrum allocation, gov-
ernments can obtain huge windfall profits by creating
scarcity, but in so doing hurt the public in general.

We now show a simple scheme that is always strictly
budget balanced, but produces sub-optimal solutions.
We assume that the agents are solving an MCOP
whose variables, domains and constraints are fixed and
known. Furthermore, we are going to assume that the
MCOP is solvable, i.e. it has at least one consistent as-
signment.

The basic idea is to randomly select an agent or a
group of agents whose relations will receive a lower pri-
ority in the optimization. In return, this agent or group
of agents will be paid the tax collected from the re-
maining agents. The scheme is by definition budget bal-
anced since all taxes are paid between the agents them-
selves. Since the agents receiving the tax have no in-
fluence on the declarations and thus the taxes of the
remaining agents, the scheme preserves all incentive-
compatibility properties of the tax scheme itself. How-
ever, it chooses solutions that are not optimal for all
agents and is thus not Pareto-efficient.

More specifically, consider the following mechanism:

Mechanism 1 .

1. Ask each agent Ai ∈ A, i = 1..k to state its rela-
tions.

2. Choose an excluded group E of one or more agents
using a method that does not depend on the relations
stated by the agents.

3. Compute the assignment:

SE = V ∗
R\RE

where RE =
⋃

Al∈E Rl. Optionally, if there are sev-
eral equally optimal assignments, choose the one
with the best utility according to the relations in RE.

4. Make each agent Ai pay to agents in E the VCGtax
for the solution SE:

pay(Ai → E)
= V CGtax−E(Ai)
=

∑
rm∈R\(Ri∪RE)

rm(V ∗
R\(Ri∪RE))− rm(V ∗

R\RE
)

and distribute the tax among the agents in E accord-
ing to some predetermined scheme.

The excluded group can be chosen by any mechanism
that does not depend on the utility declarations of the
agents. In the interest of fairness, it will often be use-
ful to make this choice randomly. In most cases, it will
be best to let it consist of only a single agent, but it can
be used to create different expected returns for the par-
ticipants of the mechanism.

Mechanism 1 is obviously budget-balanced, since all
taxes are paid to the agents in the excluded group. For
incentive-compatibility and individual rationality, con-
sider an agent Ai. If Ai is not in E, then the mecha-
nism looks just like a VCG tax mechanism with the
subset of agents that excludes E. This is known to
be incentive-compatible and individually rational. If
Ai ∈ E, then the mechanism is incentive-compatible
as the result does not depend on Ai’s actions at all. It
is also individually rational, as Ai receives some of the
taxes and thus is at least as well off as if it had not par-
ticipated at all. Furthermore, all these properties hold
ex-post, i.e. even if Ai knew all the relations declared
by other agents.

When an optimal solution can not be computed, a
suboptimal mechanism can be used with the same con-
siderations as outlined above.

Now consider using Mechanism 1 on the gas utilities
example given earlier. Assume that it forms coalitions
of single agents and that each of these coalitions is cho-
sen to be excluded with the same probability 1/3. The
mechanism chooses between the following three solu-
tions:



Solution Assignments Utilities Payments
S1 x1 = 2 U(A1) = 0 pay(A1) = −7

x2 = 2 U(A2) = 11 pay(A2) = 7
x3 = 3 U(A3) = 2 pay(A3) = 0

S2 x1 = 1 U(A1) = 13 pay(A1) = 7
x2 = 1 U(A2) = 0 pay(A2) = −7
x3 = 3 U(A3) = 2 pay(A3) = 0

S3 x1 = 1 U(A1) = 13 pay(A1) = 8
x2 = 1 U(A2) = 3 pay(A2) = 0
x3 = 2 U(A3) = 0 pay(A3) = −8

Considering that each solution is chosen with proba-
bility 1/3, the agents have the following expected re-
turns:

Agent A1 A2 A3 total
E[Utility] 8.66 4.66 1.33 14.66
E[Payment] 2.66 0 -2.66 0
E[Net Utility] 6 4.66 4 14.66

Thus, in spite of the fact that the allocation produces
a suboptimal utility of only 14.66, there are no losses
through taxes, and overall the agents are much better
off than had they used a VCG scheme where their net
utility was only 4!

It is a well-known fact that VCG tax schemes are
vulnerable to collusion: groups of agents can act to-
gether to achieve unfair advantages over the others. In
our example, suppose that agent A4, who fares partic-
ularly badly in the optimal solution, bribes agent A3 to
help it impose solution x1 = A, x2 = A, x3 = B. The
result lowers A3’s utility by 1 but increases A4’s utility
by 6, so A4 can pay A3 3 units for its trouble and both
will benefit from the manipulation. A3 and A4 can im-
pose this solution by each adding a ternary relation be-
tween all three variables that would give utility 100 to
this value and 0 to all other combinations. Since the so-
lution would remain the same if either A3 or A4 was
removed, no agent would pay any taxes, so the manip-
ulation comes for free.

In auctions, collusion can be avoided by using mech-
anisms that make bidders pay their bid rather than the
second highest bid. Similarly, we can define a tax mech-
anism for social choice, which we call the first-price tax,
where every agent pays as tax the utility gain it gets
in the chosen solution. Obviously, the first-price tax
is not incentive-compatible, as agents have an inter-
est to claim a lower utility for the optimal solution.
However, an agent that overclaims its utilities will be
forced to pay a higher tax than its true utility should
the particular solution be chosen. Furthermore, there
are ascending-price elicitation schemes, similar to the
Ausubel auction, that allow first-price schemes to be-
come incentive-compatible in certain cases.

6. Examples and Experimental Results

As another example, consider an auction of a sin-
gle item among three agents A1, A2 and A3. It can be
represented by a variable x that represents the final al-
location of the good by an integer 1, 2 or 3 indicating
which agent gets the good. Let the agents’ valuations
be expressed by the relations r1, r2 and r3 on x as fol-
lows:

x = 1 2 3
r1 a 0 0
r2 0 b 0
r3 0 0 c

and assume that a < b < c, i.e. A3 values the good the
most. We assume that the mechanism chooses as ex-
cluded group a single agent, where each of the three
agents is chosen randomly with probability 1/3. We
have the following solutions Si = v∗R\Ri

(x):

Solution S1 S2 S3

x= 3 3 2

which gives us for the expected taxes and utilities:

Ai E[tax] pr(x = i) E[u(Ai)]
A1 1/3 (-b) 0 b/3
A2 0 1/3 b/3
A3 1/3 b 2/3 2c/3 - b/3

In comparison, in the Vickrey auction, agent A3 always
gets the good and pays tax b, and both other agents
get nothing. Only agent A3 has an expected utility of
c − b. Thus, agents A1 and A2 are always better off,
whereas A3 is better off only as long as c ≤ 2b. This
condition is likely to be satisfied in competitive mar-
kets where valuations tend to be close to one another.

The major difference with classical auction schemes
is that this way of allocating the good does not pro-
duce any revenue for a third party. Such a revenue-free
auction is often desirable for public goods such as air-
port slots, water or pollution rights, and the use of dis-
tribution networks.

It is possible to construct cases where in spite of the
wasted tax, the VCG mechanism would still achieve
better overall efficiency. This arises when leaving one
agent out of the optimization would give only a slightly
better result for the remaining agents, but a signifi-
cantly worse result for the agent that was excluded.

To determine the average performance of the
method, we have generated random coloring prob-
lems where the optimization consists of assigning
variables with colors that are as far apart as possi-
ble. Figure 1 shows the following quantities:
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Figure 1.Experimental results for randomly gener-
ated coloring problems.

• the solid black curve shows the total gain in utility
in an optimized solution versus a randomly chosen
assignment.

• the dashed curve shows the total VCG tax that
would have to be paid by the agents.

• the other two curves (almost indistinguishable)
show the degradation of the total utility when one
agent is excluded from the optimization, and the
average VCG tax to be paid per agent.

The experiment shows that the VCG tax wipes out a
large part of the utility gain that the agents derive from
cooperation. While the tax per agent tends to decrease
slightly with the number of agents, the total amount
of taxes and thus the loss of social welfare continues to
increase with problem size. Meanwhile, the cost of the
degradation incurred by having a single agent excluded
of the optimization is much smaller. In fact, it is com-
parable or even below the average VCG tax for a sin-
gle agent. This means that on average, even the agent
that is excluded from the optimization would tend to
get a comparable or better utility than it can expect in
the VCG mechanism!

Another experiment has been conducted on resource
allocation in the transportation (or communication)
network shown by the graph in Figure 2, where each
agent has different (randomly varied) costs for the arcs.
We randomly generate tasks which require using a path
between two points in the network. For each task, we
calculate up to three shortest disjoint paths and define
a decision variable whose domain is the cross prod-
uct of the path to use and the agent that executes it.
A further value is provided that corresponds to not ex-

Figure 2. Network used for resource allocation ex-
periment.

Figure 3. Utilities achieved by different mecha-
nisms in the experiment.

ecuting the task at all. Constraints specify that no two
tasks be assigned to paths that share an arc.

Figure 3 shows the performance of Mechanism 1
compared to an optimization with a VCG mechanism.
The bars show the average total utility to all agents in
the optimal (shaded) and optimal with one agent ex-
cluded (black) solutions. The curves show the average
total amount of tax in a VCG mechanism, and the re-
sulting net total utility. Even as the number of tasks in-
creases, the utility of the suboptimal solution remains
close to that of the optimal solution; the difference is
much less than the amount of tax that would be wasted
in a VCG mechanism.

7. Related Work

The dAGVA mechanism ([1]) makes each agent pay
the VCGtax minus the expected value of that tax. It
is optimal, incentive-compatible, budget balanced and
individually rational on average. However, it requires
a-priori knowledge of the true probability distributions
of the agent’s preferences, which is rarely available in
practice.

Some earlier approaches have attempted to achieve
budget balance by sacrificing optimality. For double



auctions, a special case of social choice, the trade re-
duction rule ([8]) leaves one possible exchange undone
to achieve budget balance or possibly surplus. How-
ever, it does not apply to general social choice, and
even on auctions tends to produce lower overall util-
ity than the scheme presented here.

Parkes et al. ([11]) have investigated VCG mech-
anisms which are only approximately incentive-
compatible in order to achieve budget balance. Since
it is not known a priori what benefits manipula-
tion can bring in a particular case, such a mechanism
places a burden on agents who need to evaluate po-
tential manipulations for possible gains.

Another approach is to relax the requirement of a
general mechanism that works for all valuation struc-
tures, and design a mechanism specifically for a partic-
ular scenario. Recent work on automated mechanism
design ([12]) has shown that given the exact valuations
for each of the agents’ types, it is computationally fea-
sible to search for mechanisms that have all desired
properties. However, this process requires that the un-
certainty about agent’s preferences is limited to a small
set of types rather than continuous valuations.

8. Conclusions

Intelligent agent technology allows replacing simple
protocols for social choice with sophisticated optimiza-
tion and coordination mechanisms that promise much
improved utility to all participants. However, so far
most approaches for multi-agent optimization and co-
ordination have neglected the presence of self-interest.

The best existing solutions for taking self-interest
into account are based on auctions. However, auc-
tions are not budget balanced: they generate a sur-
plus that reduces agents’ utilities and creates un-
wanted incentives for the party that receives it. Since
economists have shown many impossibility results (for
example, [6, 9]) that prove that it is impossible to
combine incentive-compatibility, optimality and bud-
get balance, it is unlikely that this can be overcome in
general. Furthermore, auctions do not apply to many
instances of social choice because they assume free dis-
posal of the items or rights received.

We have presented a mechanism based on the idea of
choosing a solution that is optimal for all but a group
of excluded agents. In this way, most tax and auction
schemes can be made budget-balanced by returning the
surplus to the excluded agents. In contrast to earlier
proposals, the mechanism we presented is generally ap-
plicable to any social choice problem with a quasilinear
utility function, and does not not require any a-priori
knowledge of agent’s preferences.

The numerous impossibility results in game theory
have long kept researchers from investigating the many
possibilities for incentive-compatible social choice in re-
stricted yet practically useful settings. Our results show
that intelligent agent technology enables social choice
mechanisms that are both incentive-compatible and
provide significantly better utility to the involved par-
ties than the simple protocols in use now. They allow
new forms of computer-mediated collective decision-
making that can make society more democratic.
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