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Abstract

is the ability to (re)allocate tasks (or analogously, other
types of items, e.g. securities, bandwidth slices, Mega
Watt hours of electricity, or collectibles) among the
agents. Generally, the tasks have a dependency upon
each other, as well as upon the agents. That is, some
of the tasks are synergistic and preferably handled by
the same agent, whereas others interact negatively and
are better handled by di erent agents. The agents can
also have di erent resources that lead to di erent costs
for handling the various tasks.1 Furthermore, an agent
may not be capable of handling all combinations of the
tasks.
De nition 1.1 Our task allocation problem [12] is
de ned by a set of tasks T , a set of agents A, a
cost function ci : 2T ! < [ f1g (which states the
cost that agent i incurs by handling a particular sub-

The capability to reallocate items|e.g. tasks, securities, bandwidth slices, Mega Watt hours of electricity, and collectibles|is a key feature in automated
negotiation. Especially when agents have preferences
over combinations of items, this is highly nontrivial.
Marginal cost based reallocation leads to an anytime
algorithm where every agent's utility increases monotonically over time. Di erent contract types head toward di erent locally optimal task allocations, and contracts from a recently introduced comprehensive contract type, OCSM-contracts, head toward the global optimum. Reaching it can take impractically long, so it is
important to trade o solution quality against negotiation time. To construct negotiation protocols that lead
to the best achievable allocations in a bounded amount
of time, we compared sequences of four contract types:
original, cluster, swap, and multiagent contracts. The
experiments show that it is pro table to use multiple
contract types in the sequence: signi cantly better solutions are reached, and faster, than if only one contract
type is used. However, the best sequences only include
original and cluster contracts. Swap and multiagent
contracts lead to bad local optima quickly. Interestingly,
the number of contracts using any given contract type
does not always decrease over time: contracts play the
role of enabling further contracts.

set of tasks), and the initial allocation
of tasks among
S
init = T , and
agents hT1init; :::; Tjinit
i
,
where
T
i2A i
Aj
Tiinit \ Tjinit = ; for all i 6= j .2

In our example problem the agents incur di erent
costs for handling the tasks, however all the agents
have the capability to handle any task. The agents
in the example problem are self-interested and myopically individually rational. This means that an agent
agrees to a contract if and only if the contract increases
the agent's immediate payo which consists of the side
payments received from other agents (for handling their
tasks) minus the cost ci of handling tasks. Recently,
new types of contracts were introduced [9, 11, 12] to
be used in contract nets [16]. In earlier research we
have applied each of these contracts to a task allocation
problem and found the local optima the di erent protocols reach [1, 2]. In order to improve the achievable
social welfare, these contract types can be sequenced

1 Introduction
The importance of automated negotiation systems is
increasing as a consequence of the development of technology as well as increased application pull, e.g., electronic commerce [5], electricity markets [17], and transportation exchanges [9]. A central part of such systems

1 The dependencies between tasks in human negotiations are
discussed in [7]. The concepts of linkage and log-rolling are also
presented, which are similar to swapping tasks and clustering
tasks.
2 This de nition generalizes the "Task Oriented Domain" presented by [8] by allowing di erent cost functions among agents,
and the possibility of some agent not being able to handle some
task sets (corresponds to in nite costs).

 This material is based upon work supported by the National Science Foundation under CAREER Award IRI-9703122,
Grant IRI-9610122, and Grant IIS-9800994. An early version of
this paper appeared at the Agent-Mediated Electronic Trading
(AMET) Workshop, Minneapolis, MN, May, 1998.

1

in a number of di erent ways. In this paper the entire
negotiation is divided into ve intervals, and in each
interval only one of the contract types is used. In this
manner performance pro les for all possible sequences
of contract types are created.
The rest of the paper is organized as follows. The
example problem is de ned in Section 2. A summary of
the contract types and how they are sequenced is presented in Section 3, followed by the experimental setup
in Section 4. Section 5 covers the results. Section 6
presents conclusions and potential future research directions.

2 Example Problem: multiagent TSP
The multiagent TSP is de ned as follows [1, 2]: Several salesmen will visit several cities in a world that
consists of a unit square, Figure 1. Each city must
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An example problem instance of a multiagent TSP consisting of ve cities (*) and two
salesmen (X). If salesman A contracts out city 1
to salesman B, the social welfare will increase due
to less travel, i.e., lower costs.
Figure 1.

be visited by exactly one salesman, and each salesman
must return to his starting location after visiting the
cities assigned to him. A salesman can visit the cities
assigned to him in any order.
Solution quality is measured in social welfare, i.e.,
the negative of the sum of the costs (distances traveled) of the salesmen. Initially the location of the cities
and starting points of the salesmen are randomly chosen as is each salesman's initial assignment of cities

to visit. After this initial assignment, the salesmen
can exchange cities with each other. The payo of a
salesman consists of the side payments received from
other salesmen (as compensation for handling their
tasks) minus the side payments paid to other salesmen (to compensate them for handling some of this
agent's tasks) minus the cost of travel. Each salesman
is individually rational and myopic, which means that
he agrees to a contract if and only if the contract increases his immediate payo . Therefore, contracts are
made only when they improve the utility of all contract parties. It follows that social welfare increases
monotonically, i.e., total travel distance decreases.

3 Contract Types and Their Sequencing
The contract most commonly used in multiagent
contracting systems only allows for one task to move
from one agent to another at a time [4, 15, 16]. We
will refer to this type as an original (O) contract. For
more ecient contracting, new types of contracts were
recently introduced [9, 11, 12]: cluster (C), swap (S),
and multiagent (M) contracts, as well as all the above,
including the original contracts, combined (OCSMcontracts ). These new contract types allow more than
one task to be transferred between the agents participating in the contract. C-contracts transfer at least two
tasks from one agent to another, while the S-contracts
let two agents swap tasks with each other (one task
is transferred from each agent to the other). In the
M-contracts exactly three tasks are being transferred
between exactly three agents. These limitations were
introduced so that the length of the intervals would be
of the same order.3 Each agent gives away only one
task, but can receive more than one task.
In this paper di erent sequences of the elementary
contract types, i.e., original, cluster, swap, and multiagent contracts are studied. The total time of contracting is divided into ve intervals. In each interval, one contract type is applied. All possible sequences of contract types were investigated, that is,
all 4  4  4  4  4 = 1024 sequences of contract types
were applied to each TSP instance.
In each interval, all contracts that are possible to
construct with the contract type in question were
tried.4 Because of this, the length of the intervals varied for di erent contract types and task allocations.

3 If all possible M-contracts including more than three agents
and three tasks were to be checked in an interval, that interval
would be much longer than the intervals for the other contract
types [2]. A simpler version of multiagent contracts where bids
were grouped into cascades were studied by [14].
4 The possible contracts depend on the current allocation of

This does not mean that a local optimum is necessarily
reached in each interval because one contract can enable another contract. If this other contract was tried
earlier in the interval, it will not be retried in the same
interval. A contract was only performed if it was individually rational to all the agents participating in it.
3.1

Sequencing of Contracts within an Interval

When searching for a good task allocation, the contract types used in the negotiation are applied repeatedly for all possible combinations of agents and tasks
that suit the contract type. Although the algorithm
heads toward a local optimum, it does not always reach
one after trying just ve contract types sequentially
(and all possible contracts within each type). This
is because some contracts enable others that may not
have been pro table initially. The algorithm knows
that a local optimum with respect to a particular contract type has been reached when no contracts of the
given type have been made during one interval, that is,
all possible contracts of the type have been tried but
none have been performed.
The next subsections discuss the order of trying different contracts within each contract type, i.e., within
each interval. The agents are numbered from 1 to jAj,
and each agent's tasks from 1 to jTij.
3.1.1 Sequencing of Original Contracts

An O-contract allows one agent to move one task to
one other agent. The former agent pays the latter for
accepting the contract at least as much as it costs the
latter agent to handle the task, and at most as much
as it costs the former agent to handle it. In our experiments, O-contracts were sequenced as follows. First,
agent 1's tasks are attempted to be moved, one at a
time, to agent 2. If any contract (move of a task)
is pro table, it is performed and the next contract is
tried. After having tried to move all tasks one at a
time from agent 1 to 2, agent 1 tries to move its tasks
to agent 3. This continues until agent 1 has attempted
to move all its tasks to all the other agents. Then the
procedure continues with agent 2, which tries to move
its tasks to agent 1, followed by all the other agents
in increasing order. When agent jAj has attempted to
move all its tasks to all the other agents this interval
is nished and the negotiation process continues with
the next contract type.
tasks among the agents.

3.1.2 Sequencing of Cluster Contracts

In a C-contract one agent moves at least two tasks to
one other agent, and a side payment is used as with Ocontracts. C-contracts were sequenced as follows. We
start by trying out all combinations of two tasks followed by all combinations of three tasks, and so on.
The order in which the tasks are tried to be moved
is: (1,2), (1,3), . .. , (1, jT1 j), (2,3), (2,4), .. ., (jT1 j-1,
jT1j), (1,2,3), (1,2,4), . .. If any contract is pro table,
it is performed and the next contract is tried. After
having tried to move all tasks (one at a time) from
agent 1 to 2, agent 1 tries to move its tasks to agent 3.
This continues until agent 1 has attempted to move all
its tasks to all the other agents. Then the procedure
continues with agent 2, which tries to move its tasks
to agent 1, followed by all the other agents in increasing order. When agent jAj has attempted to move its
tasks to all other agents, this interval is nished and
the negotiation process continues with the next contract type.
3.1.3 Sequencing of Swap Contracts

In an S-contract, one agent transfers one task to another agent and it also receives one task from that
agent. If the S-contract is acceptable, i.e., social welfare improving, a side payment can be used so that
each one of the two agents is better o than before the
contract. S-contracts were sequenced as follows. One
at a time, agent 1 tries to move its tasks to agent 2,
and in exchange agent 2 tries to move one task to agent
1. For every task agent 1 tries to move, agent 2 tries to
move all its tasks to agent 1 one at a time before agent
1 continues with its next task. If any contract is profitable, it is performed and the next contract is tried.
When all contracts that include agent 1 and agent 2
have been attempted, all possible contracts including
agent 1 and agent 3 are tried according to the procedure above. When agent 1 has attempted all contracts
with all the other agents, agent 2 tries all contracts, according to the procedure above, with agent 1 followed
by the other agents in increasing order. When agent jAj
has attempted to exchange tasks with all other agents,
this interval is nished and the negotiation process continues with the next contract type.
3.1.4 Sequencing of Multiagent Contracts

In an M-contract three tasks are moved between three
agents, and each agent can only move one task to one
other agent. If the M-contract is acceptable, i.e., social
welfare increasing, side payments can be used so that
each contract party is better o than before the con-

tract. M-contracts were sequenced as follows. First,
all combinations which include agent 1 are tried in the
following order: (1,2,3), (1,2,4), : : :, (1,2,jAj), (1,3,2),
(1,3,4), : : :, (1,jAj , 1,jAj). Then, all combinations of
agents including agent 2 are tried: (2,1,3), (2,1,4), : : :,
(2,1,jAj), (2,3,1), (2,3,4), : : :, (2,jAj , 1,jAj), etc., until all combinations have been tried successively for all
agents. At that time the interval ends.
For each combination of agents, di erent task transfers are tried. The order in which the tasks are tried
are (from the rst agent to agent no., from the second
agent to agent no., from the third agent to agent no.):
(2,1,1), (2,1,2), (2,3,1), (2,3,2), (3,1,1), (3,1,2), (3,3,1),
(3,3,2). If one of the agents does not have the task
needed, that combination is skipped.

4 Experimental Setup
In principle our contracting system implementation
can be used to solve task reallocation problems with
any number of agents and tasks. The simulations of
this paper focus on the multiagent TSP domain with
8 agents and 8 tasks per problem instance. 1000 instances were generated. The initial locations of the
cities and the start locations of the salesmen in each instance were randomly chosen in the unit square. Each
instance was solved with each of the protocols, i.e., sequences of contract types. In addition, an exhaustive
enumeration of task allocations was conducted in order
to nd the globally optimal allocation.
In the experiments, each problem instance was tackled in two phases: rst all possible TSPs (i.e., TSPs
with any of the salesmen getting any combination of
cities to visit5) were solved to determine the cost functions, ci , and then simulations using di erent contracting protocols were conducted to solve the task allocation problem. The IDA* search algorithm [6] was used
to solve the TSPs. To ensure that the optimal solution
was reached, an admissible ^h-function was used. It
was constructed by under-estimating the cost function
of the remaining nodes by the minimum spanning tree
of those nodes, i.e., nodes not yet on that path of the
search tree, the last city of that path of the search tree,
and the nish (=start) location of the salesman [3].
4.1

Evaluation Criteria

To compare the solution quality obtained by di erent protocols, the ratio bound was used. Let xlj denote
5 Salesman 1 visits city 1, salesman 1 visits city 2,.. . , salesman 1 visits cities 1 and 2,... , salesman 2 visits city 1,... , salesman 8 visits all eight cities.

the social welfare of the task allocation achieved by protocol l on problem instance j , j 2 f1; : : :; 1000g. Let
xGj denote the social welfare of the global optimum (or
equivalently OCSM-contracts). The ratio bound, rjl , is
the optimal welfare divided
by the welfare obtained by
Gj
x
l
a given protocol: rj = xlj . The average ratio bound
1 P1000 l
is rl = 1000
j =1 rj . CPU-time usage, the number of
contracts tried, and the number of contracts performed
were also calculated as an average over the 1000 problem instances.

5 Results
To study which sequences of contract types performed best, all 1024 sequences were ordered according
to ascending average ratio bounds. The 15 best protocols are shown in Table 1. Di erent protocols led to
very di erent solution qualities. For example, the best
protocol found task allocations that were 3.1% from
optimum on average while the worst protocol led to
solutions 89.3% o optimum.
Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
Table 1.

Sequence Average ratio bound
OCOCO
1.03113
OOCCO
1.03268
OCCOC
1.03276
OOCOC
1.03279
OCOOC
1.03413
SOCOC
1.03488
SOCCO
1.03536
COCOC
1.03755
OCOCC
1.03857
MCOCO
1.03945
OCCCO
1.03954
MOCCO
1.03988
MOCOC
1.04001
MCCOC
1.04304
COCCO
1.04407

The 15 best sequences of contract types.

The best sequences are close to each other (Table 1
and Figure 2): the best protocol is 3.1% from optimum,
and the 12 best protocols are all between 3% and 4%
from optimum. The best 24 protocols are within 5%
from optimum, and the best 181 are within 10% from
optimum.
If the same contract type is applied in all ve intervals, the solutions are signi cantly worse on average than if di erent contract types are used, Table 2.
The two worst sequences both consisted of only one
contract type: S-, and M-contracts, respectively. The
sequence with only O-contracts performed better, but

The four best and the four worst sequences, the cases where only one contract type
was used in all intervals, and the results when Oand C-contracts are allowed to reach a local optimum. The local optimum for S- and M-contracts
was reached in the bottom two cases.

3.5

Ratio Bounds of Social Welfare

Rank Sequence Average ratio bound
1
OCOCO
1.03113
2
OOCCO
1.03268
3
OCCOC
1.03276
4
OOCOC
1.03279
375
C-local
1.13557
565
O-local
1.2025
579 OOOOO
1.21298
696
CCCCC
1.23515
1021
CSSSS
1.61181
1022 CMMMM
1.65965
1023 MMMMM
1.76634
1024
SSSSS
1.89321
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is still in the bottom half. The same is true for Ccontracts (which are still, after the ve intervals, doing
worse than O-contracts). O- and C-contracts did not
reach their respective local optima in the ve intervals,
so this result says that it is better to switch to another
contract type even before reaching the local optimum
using one contract type.
When O- and C-contracts were allowed to continue
their computation until a local optimum was reached,
C-contracts were better than O-contracts|with average ratio bounds 1.14 and 1.20, respectively. This can
also be seen if the curves for the two protocols are extrapolated in Figure 3. Even if the local optimum is
computed for C-contracts, a sequence of mixed contract types achieves better allocations, and in a shorter
amount of time. Figure 3 shows that M-contracts get
stuck in a local optimum in the rst interval, and Scontracts in the second.
Figure 4 shows the number of contracts tried and
performed. For C-contracts, more contracts are tried
and performed in the second interval than in the rst,
i.e., the curve is convex. This is because after the
rst interval of C-contracts the resulting task allocation makes more C-contracts possible to perform,
because C-contracts concentrate the tasks among a
smaller number of agents. In the subsequent intervals the number of individually rational C-contracts
decreases, resulting in fewer contracts performed, i.e.,
the curve is concave.
Figure 5 shows how social welfare increases as more
contracts are tried. As is desirable in an anytime algorithm, most of the savings are achieved quickly, and diminishing returns to computation follow. The length of
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Figure 2.

the intervals di er both within and between the curves
in Figure 5 since the number of contracts tried within
each interval might di er. This is because of the varying task allocations among the agents and the di erent
number of contracts possible to form with the di erent
contract types.
If two contract types are mixed in a sequence, the
social welfare is greater than with either contract type
alone in the sequence. Also, more mixing|i.e., not
having the same contract type applied several times
in a row|led to higher social welfare. In those cases
where the social welfare of a mixed sequence was worse
than that of one of its contract types applied alone,
the mixed sequence consisted mostly of one contract
type. In no case were a mixed sequence between two
contract types worse than both the sequences where
the two contract types were applied alone.
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The capability of reallocating tasks is a key feature
in automated negotiation systems. The use of marginal
cost based task reallocation leads to an anytime algorithm where every agent's utility increases monotonically over time. Di erent contract types head toward
di erent locally optimal task allocations, and OCSMcontracts head toward the global optimum. Reaching the global optimum can take an impractically long
time, so in real world applications it is important to be
able to trade o solution quality against negotiation
time.
In order to construct negotiation protocols that lead
to the best achievable task allocations in a bounded
amount of time, we compared sequences of four contract types: original, cluster, swap, and multiagent
contracts. The results regarding solution quality
achieved by the di erent sequences provide guidelines
for system builders regarding what contract types to
use and how to sequence them when negotiation time
is limited.
It is clearly pro table to mix di erent contract
types in the sequence: signi cantly better solutions
are reached, and in a shorter amount of time than if
only one contract type is used. Interleaving contract
types more often was better than clustering the same
contract types together in the sequence. The best sequences alternated between intervals of original and
cluster contracts. Swap and multiagent contracts led
to bad local optima quickly.
Interestingly, the number of contracts performed using a given contract type does not always decrease over
time. When a contract type is applied, the number
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6 Conclusions
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ones in which only one contract type was used.
Figure 4.

of contracts performed (and tried) can increase after a
while because the task allocation arising from contracts
of that type can make more contracts of the same type
possible.
The results apply directly to the allocation of other
items besides tasks once one interprets the cost functions ci as value functions that the agents want to maximize instead of minimize. Such applications include
most many-to-many (after)markets where agents have
preferences over bundles instead of simply over individual items (in the latter case original contracts can be
trivially used to reach the optimal allocation). Many
signi cant markets are of this type, e.g. markets for
securities, bandwidth, Mega Watt hours of electricity,
and collectibles.
Future research includes formally comparing the results of sequences that mix contract types to sequences
that do not. We would also like to study changing the
contract type for each contract as opposed to keeping

Ratio Bounds of Social Welfare
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the type xed within each interval. Additionally, we
would like to apply di erent numbers of contracts of
one contract type before changing the type, or sequencing the contract types in a way where a local optimum
is found with one type before switching to another.
Yet another interesting area for future work is combining the di erent contract types, thus forming atomic
contracts having characteristics of more than one of
the O-, C-, S-, and M-contracts, but not all of them
(unlike OCSM-contracts). These composite contract
types would not guarantee that individually rational
agents will reach the globally optimal task allocation,
but they would lead to a local optimum faster then
OCSM-contracts, and most likely to higher average social welfare than O-, C-, S-, or M-contracts.
Also, we would like to study agents that may lie
about their marginal costs of handling the task sets
under negotiation [8, 10]. Finally, we plan to study the
use of backtracking in contracting, which is nontrivial
to implement among self-interested agents [13].
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