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Summary. Efficient coordination among large numbers of heterogeneous agents
promises to revolutionize the way in which some complex tasks, such as responding
to urban disasters can be performed. However, state of the art coordination algo-
rithms are not capable of achieving efficient and effective coordination when a is
very large. Building on recent successful token-based algorithms for task allocation
and information sharing, we have developed an integrated and efficient approach to
effective coordination of large scale teams. We use tokens to encapsulate anything
that needs to be shared by the team, including information, tasks and resources. The
tokens are efficiently routed through the team via the use of local decision theoretic
models. Each is used to improve the routing of other tokens leading to a dramatic
performance improvement when the algorithms work together. We present results
from an implementation of this approach which demonstrates its ability to coordi-
nate large teams. By comparing with the market-based approach, we demonstrated
how the token-based approach has made a good trade off between team performance
and communication cost.

1 Introduction

Efficient and flexible coordination among large numbers of robots, agents and
people promises to revolutionize the achievement of complex and distributed
tasks. In domains such as disaster response [13], the military [29] and business
organizations [9], decentralized cooperative coordination can dramatically re-
duce costs and improve efficiency while lowering risks and improving safety. In
these applications, a large number of heterogeneous agents need to coordinate
in a dynamic, uncertain environment and adjust their activities according to
the status of the team and their teammates. Typically, coordination requires
tasks including plan monitoring, information delivery, role allocation and re-
source sharing.

Previous work on coordination has typically focused on only one specific
coordination task, e.g. role allocation [24] or planning [11], precluding the use
of knowledge from other aspects of coordination being used to improve the
performance of that algorithm. For example, results of the task allocation
process have not been used to guide resource allocation, although intuitively
they will improve the search.
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On the other hand, even algorithms designed for single coordination tasks
do not scale well to very large teams. The major challenges include communi-
cation limitation, decentralized control and incomplete knowledge for decision
support. Existing approaches, which are successful in small-team coordination
when apply to large teams [14, 28], are incapable of making decisions under
incomplete team knowledge with the communication limitations. Decentral-
ized communication decision approaches require accurate models of all team
members which is infeasible for agents in a large team [22, 34]. Algorithms
that are scalable, often rely on swarm-like behavior that, while robust, can be
very inefficient [6]. Other approaches, e.g., using an auctioneer [11], require
some degree of centralization which is not always desirable. Although rapid
progress has been made in developing coordination algorithms [10], teamwork
algorithms that scale to large numbers of agents while remaining efficient,
distributed and flexible are not yet available.

In this chapter, we present an integrated and scalable approach to coor-
dinating a large number of heterogeneous agents. Three novel ideas underlie
this approach. The first idea is to encapsulate all coordination interactions,
including information, assignable tasks and sharable resources within tokens.
The agent holding the token has exclusive control over whatever is represented
by that token, hence tokens provide a type of access control. Agents either
keep tokens or pass them to teammates. For example, an agent holding a
resource token has exclusive access to the resource represented by that to-
ken and passes the token on to transfer access to that resource. The resulting
movement of tokens implements the coordination by distributing information,
resources and tasks with low communication overhead.

The second novel idea is for agents to use local decision theoretic models
to determine when and where to pass tokens. When an agent passes a token
to another agent, that exchange is used to refine local models of the team.
These models are used in a decision theoretic way to determine whether and
where to forward any token the agent currently holds, so as to maximize
the expected utility of the team. Informally, agents will try to pass tokens
to where they help team performance the most by inferring from their local
models which team member will either have use for the information, resource
or task represented by the token or be in the best position to know who will.
A logical static network across the team, limits agents to forwarding tokens to
their neighbors in this network. As a result an agent directly receives tokens
from only a small number of neighbors in the network and can thus build
better models of those agents. By ensuring that the network has a small
world property [16], i.e., the distance between any two nodes in the network
is small, the effect of these better models outweighs the additional number of
“hops” a token might need to take to get where it is required.

The third novel idea in this work is to leverage all available information
for creating models of the team, specifically using the movement of one to-
ken to inform the movement of other tokens. This synergistically integrates
the execution of key coordination algorithms in a way not done before. For
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example, tokens representing resources useful for a particular task should be
passed to the same agent as the token representing that task was. Intuitively,
making use of the relationship between tokens, each coordination task be-
comes more efficient because it focuses its search based on the progress of
other coordination tasks.

In the remainder of this chapter we describe how tokens are routed around
the network to maximize the expected utility of the team. Specifically, we
begin with a Markov Decision Process (MDP) model based on the full obser-
vation of team state then make a series of approximations to develop efficient,
local reasoning for routing the tokens. To test our approach, there are two
groups of experiments. In the first group, the results show that the local rout-
ing models lead to a dramatic improvement in coordination performance and
excluding any type of token from the development of the local reasoning mod-
els decreases performance building on previously described individual token-
based algorithms [24, 12, 27, 31]. In the second group of experiments, we sys-
tematically and scientifically compare our token-based coordination with the
market-based coordination, a popular, centralized algorithm to find the opti-
mal coordination solution. Our experiment results meet the hypothesis based
on the nature of each approach. Auctions are focused on maximizing overall
utility taking into account the bids of all team members [2]. Token-algorithm
is focused on scalability, hence it minimizes communication, sometimes at the
expense of overall utility.

2 Large Scale Coordination

In this section, we provide a detailed model of the organization and coordi-
nation problem for the team.

2.1 Problem Description

Coordination is required between a team A = {α1, α2, ...., αn} of agents
that share a top level common goal G (as in [28]). Achieving G requires
achieving a number of sub-goals {g1, g2, ..., gi, ...}. When sub-goal gi is sat-
isfied the team receives a reward rewardi. For example, sub-goals of a high
level goal to respond to a disaster might be to extinguish fires and pro-
vide medical attention to injured civilians. To satisfy sub-goals, the team
follows plan templates Plan = {plan1, plan2, ..., plani, ...} represented in a
library. Each template i includes four parts and is written as plani =<
gi, conditionsi, rolesi, rewardi >. The first element is the sub-goal gi; the
second is the conditions under which it is applicable, conditionsi = event1 ∩
event2 ∩ ... ∩ eventl; the third element is the individual roles rolesi =
{r1, r2, ..., rk} which are required to achieve gi and the last part, the rewardi

is to be received by the team on successful satisfaction of gi. Each role
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ri =< taski, abilityi, resourcei > is represented by its task, i.e., a descrip-
tion of the actual thing to be done, the capabilities required to perform that
task and the resources needed to perform the role.

For example, a fire fighting template can be defined as: < planfire=(Fight
fire at location X), (Fire alarm at X ∩ Smoke at X), {r1, r2, r3}, (100) >.
This template requires two conditions before it is initiated: a fire alarm and
smoke. After this plan is initiated, three roles, {r1, r2, r3} need to be assigned
and a reward 100 will be credited to the team. The three roles in this tem-
plate are: driving the fire truck, fighting the fire and searching for victims,
i.e., r1=<(Driving the fire truck), (Skillful in driving truck), (Fire truck)>,
r2=<(fighting the fire), (Have training in fire fighting), (Hose, water)> and
r3=<(Searching for victims), (None), (Breathing equipment)>. To perform
r1, an agent is required to be able to drive and have access to a fire truck
which is an exclusive resource.

2.2 Acquaintance Network

It has been observed that in a human group, members typically maintain a
small number of acquaintances but can rapidly transmit information to any
member of the group in a series of hops, a phenomenon known as a small
world effect [16]. The most popular manifestation of this phenomenon is the
six degrees of separation concept [19]. Milgram concluded that there is a path
of acquaintances with typical length six between any two people in the United
States. By using very vague (and often incorrect) information about other
members of the population, people will pass a message to someone better
placed to find the intended recipient until the information reaches the desired
recipient.

Inspired by such social networks, we arrange the team as an acquaintance
network. The acquaintance is a graph G = (A,N), where A is the team of
agents and N is the set of links between agents. Specifically, for αi, αj ∈ A,
< αi, αj >∈ N denotes that αi and αj are acquaintances and are able to
exchange tokens directly. n(α) is defined as all the acquaintances of agent
α. Note that n(α) << |A|. We additionally require that the acquaintance
network be a small world network, which means that a relatively small number
of links separate any two agents in comparison to a regular grid network.
Previous work has shown that such networks lead to better performance of
token-based algorithms [31]. A subset of a typical acquaintance network for a
large team is shown as Figure 1. In the Figure, each node represents a team
member and when pairs of agents are connected by a line, they can exchange
tokens with each other directly.

3 Tokens for Coordination

Token-based algorithms for specific tasks have been developed by us and oth-
ers and have been shown to be effective for specific tasks [31, 24]. Control
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Fig. 1. An example of a subset of a typical acquaintance network.

information is included in the token to help the agents determine what to
do within the token. For example, for information sharing the control infor-
mation is the number of ”hops” a token can move before stopping [31]. For
task allocation, the control information is the minimum capability an agent
must have to accept a task [24]. However, while these algorithms share the
important common feature of being based on tokens, they operate separately.
In this chapter, we generalize and integrate token-based approaches to make
a complete approach to coordination.

Let Γ = {∆1,∆2, ...., ∆m} be all types of coordination tokens. These to-
kens can be classified into three basic types: information tokens, roles to-
kens and resources tokens. Each token ∆i is defined as a tuple with four
elements:∆i =< Type, Coordination, Path, Threshold >. Type = {inf, role,
res} denotes the type of coordination; it contains information, role or re-
source, respectively. Coordination captures the specific coordination element
represented by this token. In the case of an information token, it is the in-
formation to be shared. In the case of a resource token, it is a description of
the resource to which this token grants exclusive access. In the case of a role
token, it is a description of the task for which the accepter of this token is
responsible. Path records the route the token has taken through the network.
∆.path is also used as stop condition for information and role tokens when
|∆.path| > TTL where TTL is empirically set to be the maximum number
of “hops” that ∆ is allowed to be passed. Threshold generalizes the control
information for resource and role tokens but is not required for information
tokens. An agent may keep a resource if its need for that resource is greater
than the token’s threshold. Determining an agent’s requirement for a resource
is outside of the scope of this chapter. While an agent holds a resource token
∆, ∆.threshold slowly increases up to some maximum. When the token is
passed, ∆.threshold is decreased to avoid the token being passed indefinitely.
This mechanism ensures that resources can flow through the team resource.
For example, to coordinate a team of unmanned aerial vehicles (UAVs) hold-
ing tokens representing airspace, might be forced to relinquish tokens to the
longest held regions as their thresholds increased unless the airspace was crit-
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ical. Similarly, a role token ∆ will be accepted by an agent whose capability
is greater than ∆.threshold and its threshold will be decreased if it has not
been accepted. The role allocation algorithm is described in detailed in [24].

4 Routing Tokens

Token-based coordination is a process by which agents attempt to maximize
the overall team reward by moving tokens around the team. If an agent were
to know the exact state of the team, it could use an MDP to determine the
expected utility maximizing way to move tokens. Unfortunately, it is infeasi-
ble for an agent to know the complete state, however, [22] it is illustrative to
look at how tokens would be passed if it were feasible. Then, by dividing the
monolithic joint activity into a set of actions that can be taken by individ-
ual agents, we can decentralize the token routing process where distributed
agents, in parallel, make independent decisions of where to pass the tokens
they currently hold. Thus, we effectively break a large coordination problem
into many small ones.

4.1 MDP Model for Complete Team State

The basic decision model of agent α for a token ∆ can be written as an
MDP < S,Actionα, T, R >. S is the state space and its specific value in
time t defined as s(t), Actionα is the action space of α, T : S × A → S, is
the transition function that describes the resulting state s(t + 1) ∈ S when
executing χ ∈ Actionα in s(t). R : S → R defines the instantaneous reward
for being in a specific state. This model can be applied to any agent and any
token.

In this case, the state s(t) at time t is modelled as the locations of all
tokens across the team and is written as: s(t) =<< Tokens(α, t),Hα(t) >
,< Tokens(α1, t),Hα1(t) >,< Tokens(α2, t),Hα2(t) >, ... > . Tokens(α, t)
are all the tokens currently held by α and Hα(t) records all the incom-
ing and out-going tokens of α before t. For notation convenience, we write
Tokens(α, t) as Tokens(α) and Hα(t) as Hα when there is no ambiguity. Fig-
ure 2 shows an example of specific team state s(t) =<< Tokens(α), Hα >,<
Tokens(α1), Hα1 >,< Tokens(α2), Hα2 >>, where Tokens(α) = {∆,∆2},
Hα = {∆3}, Tokens(α1) = {∆5}, Hα1 = {∆}, and Tokens(α2) = {∆4},
Hα2 = ∅. Since the tokens represent resources, roles and information, s(t)
unambiguously defines who is doing what, with what resources and what in-
formation.

Actionα : S → (n(α)∪α) is to move ∆ to one of n(α) or keep it for itself.
For notation convenience, χ ∈ Actionα can be written as move(∆, b) where
b ∈ (n(α)∪α). Note, keeping a token for itself applies when the agent accepts
the role or requires the resource or information has propagated sufficiently for
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Fig. 2. An example showing part of a team. Agent α holds ∆, ∆2 and has previously
had ∆3 ; α2 holds ∆4 while α1 holds ∆5 and has previously had ∆.

across the team. In general, we define a function Acceptable(α,∆) to determine
whether ∆ should be kept by agent α.

R(s(t)) > 0 when at s(t), a sub-goal gi are achieved. The team will be
credited an instant rewards value of R(s(t)) = rewardi.

The utility of state S under a policy π is defined as

vπ(s) =
∑

t=0:∞
(dt ×R(s(t))− t× commcost)

where commcost is the communication cost and d < 1 is a predefined discount
factor. v∗(s) allows the agent to select actions according to optimal policy

π∗(s(t)) = argmaxχ∈Actionαv∗(s(t + 1))

By value iteration, v∗(s(t)) = argmaxχ∈Actionα [R(s(t)) − commcost + d ×
v∗(s(t + 1))]. This policy tells the agent where to move resources information
and roles to maximize the team’s expected utility.

We define a matrix V where each element V [s(t), b] = R(s(t))−commcost+
d × v∗(s(t + 1)) when χ = move(∆, b). Then V [b] represents the expected
utilities vector for α to send token ∆ to b at each different state s(t).

4.2 Local POMDP Model

Knowing the complete team state is only feasible for small teams. In large
teams, agents must make token coordination decisions based on a more lim-
ited view of the team. Thus the reasoning must be modelled as a Partially Ob-
servable Markov Decision Process (POMDP). Standard POMDP techniques
such as [16] and [15] could be used to solve the POMDP to determine optimal
token routing. However, for fast routing of tokens, while this local POMDP
does tell the agent the optimal action, the computational complexity is still
too high for practical applications. However, the POMDP model does provide
important hints for how to do a heuristic approach.

The POMDP model is defined as < S, Actionα, T, Θα, O, R >. In this case,
the observations of agent α are defined as Θα =< Tokens(α, t),Hα(t) > to
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include not only the tokens the agent currently holds but also all the previ-
ously incoming and out-going tokens (in Hα(t)). The observation function is
defined as O : Θα × S → Ωα. Belief state Ωα is a discrete probability distri-
bution vector over the team state s(t) inferred from current local state Θα.
For example, if S = {s1, s2, s3} and Ωα = [0.6, 0.2, 0.2], α estimates that the
probability of s(t) being s1 is 0.6 and being s2 and s3 are 0.2.

One way of solving a POMDP is via a Q-MDP [15]. Agent α makes use of
V , see above, to calculate the expected reward vector EU(Ωα) = Ωα×V . For
example, if α has acquaintances b, c, and d and EU(Ωα) = [5, 10, 6, 4], then
EU(Ωα, b) = 10 represents the expected utility to send ∆ to b according to the
Q-MDP. The locally-optimal policy π∗∗(Ωα) is argmaxχ∈Actionα

EU(Ωα, c).
This is the action the agent should take to maximize expected utility, given
that it has an incomplete view of the team state. As in the previous example,
passing ∆ to b is the best choice because EU(Ωα, b) = 10 is the maximum
value of EU(Ωα).

5 Local Heuristic Approach

In this section, we provide a heuristic approach for token-based team coor-
dination inspired by the local POMDP. The resulting approach allows fast,
efficient routing decisions, without requiring accurate knowledge of the com-
plete state. In the next section, we show that this approach is effective for
improving token routing.

5.1 Local Model

Pα is the decision matrix agent α uses to decide where to move tokens.
Each row Pα[∆] in Pα represents a vector that determines the decision
where to pass a token ∆ to one of its acquaintances. Specifically, each value
Pα[∆, b] → [0, 1], b ∈ n(α) represents α’s decision that the probability of pass-
ing token ∆ to an acquaintance b would be the action that maximize team
reward. Then our policy π∗∗∗ for this local model is to choose action χ to
argmaxχ∈ActionαPα[∆, c] where χ = move(∆, c). Figure 3 shows an example
where Pα[∆] = [0.6, 0.1, 0.3] and agent α has three acquaintances α1, α2, α3.
Pα[∆, α1] = 0.6, Pα[∆,α2] = 0.1, Pα[∆,α3] = 0.3 and π∗∗∗ will choose the
action move(∆,α1) to pass ∆ to α1. The key to this distributed reasoning lies
in how the probability model Pα for each agent α is updated. If the action
indicated by Pα matches the optimal policy π∗ from the MDP model, then
the team will act optimally.

Initially, agents do not know where to send tokens, but as tokens are
received, a model can be developed and better routing decisions made. That is,
the model, Pα is based on the accumulated information provided by the receipt
of previous tokens. For example, when an agent sends a role to an acquaintance
that has previously rejected a similar role, the team is potentially hurt because
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this acquaintance is likely to reject this role too and thus communication
bandwidth has been unnecessarily wasted.

Fig. 3. Agent α’s local model for where to send ∆. The probability that α1 is the
best to send ∆ to is 0.6 and α will pass ∆ to α1 according to π∗∗∗

From this view point, Pα can only depend on α’s history of received tokens,
Hα. The update function Update(Pα[∆],∆i) for Pα[∆] defines the calculation
of the probability vector of where to send ∆ based on previously received
token ∆i in Hα. It will be explained in detail in next section.

Algorithm 1 shows the reasoning of agent α when it receives incoming
tokens from its acquaintances via function getToken(sender) (line 2). For
each incoming token ∆, function Acceptable(α, ∆) determines whether the
token will be kept by α (line 4). When a resource is kept, its threshold is
raised (line 6). If α decides to pass ∆, it will add itself to the path of ∆
(Line 9) and Update(Pα[∆],∆i) will update how to send ∆ according to each
previously received token ∆i in α’s history (line 11). If ∆ is a resource or role
token, its threshold will be decreased (line 14). Then α will choose the best
acquaintance to pass the token to according to Pα[∆] (line 16) and record ∆
in its history, Hα (line 18).

Algorithm 1: Decision process for agent α to pass incoming tokens
1: while true do
2: Tokens(α) ← getToken(sender);
3: for all ∆ ∈ Tokens(α) do
4: if Acceptable(α, ∆) then
5: if ∆.type == Res then
6: Increase(∆.threshold);
7: end if
8: else
9: Append(self, ∆.path);

10: for all ∆i ∈ Hα do
11: Update(Pα[∆],∆i);
12: end for
13: if (∆.type == Res)||(∆.type == Role) then
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14: Decrease(∆.threshold);
15: end if
16: acquaintance ← Choose(Pα[∆])
17: Send(acquaintance,∆);
18: AddtoHistory(∆);
19: end if
20: end for
21: end while

5.2 Model Update Function

The effectiveness of the token-based approach depends on how well agents
maintain their local models so that tokens are routed to where they lead to
the highest gain in expected reward. In this section, we describe an algorithm
to update the localized decision model by utilizing previously received tokens.
The key is to make use of relationships between tokens, which we refer to as
relevance.

Deciding where to send one token based on the receipt of another relies on
knowing something about the relationship between the tokens. We quantify
this relationship as the Relevance and define the relationship between tokens
∆i and ∆j as Rel(∆i,∆j). Rel(∆i, ∆j) > 1 indicates that an agent with use
for ∆i will often also have use for ∆j , while Rel(∆i,∆j) < 1 indicates that an
agent, which has use for ∆i is unlikely to have use for ∆j . If Rel(∆i,∆j) = 1
then nothing can be inferred. Details about how relevance is computed to
ensure appropriate behavior will be explained in the next section. The update
function of Pα[∆j ] according to Hα, written as Update(Pα[∆j ],∆i) where
∆i ∈ Hα is found by using Bayes’ Rule as follows:

∀b ∈ n(α), ∀∆i ∈ Hα, d = first(n(a),∆i.path)

Update(Pα[∆j , b],∆i) =





Pα[∆j , b]×Rel(∆i,∆j) if ∆i 6= ∆j , b = d

Pα[∆j , b] if ∆i 6= ∆j , b 6= d

Pα[∆j , b]× ε if ∆i = ∆j , b ∈ ∆j .path ∩ n(α)

where Update(Pα[∆j , b], ∆i) is to update the Pα[∆j , b] in Pα[∆j ] according
to ∆i and first(n(a),∆i.path) extracts from the recorded path of the token
the acquaintance of agent α that had the token ∆i earliest. The first case in
this function is the most important. The probability that the sender of previ-
ous token ∆i is the best agent to receive the token ∆j is updated according
to Rel(∆i,∆j). The second case in the equation changes the probability of
sending that token to agents other than the sender in a way that ensures the
subsequent normalization has the desired effect. Finally, the third case encodes
the idea that α should typically not pass a token back from where it came.
Pα[∆j ] is subsequently normalized to ensure that

∑
b∈n(α) Pα[∆j , b] = 1.

To see how the updating function works, consider the following exam-
ple. Supposed agent α has five acquaintances {a, b, c, d, e} and Pα[∆j ] =
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[0.1, 0.4, 0.2, 0.2, 0.1]. Moreover, Hα = {∆i,∆k}, rel(∆i,∆j) = 1.2 and
rel(∆k,∆j) = 0.4. ∆i.path = {b, ..}; ∆k.path = {c, ..}; ∆j .path = {e, ..}.
If currently α holds ∆j , by applying our updating function to Pα[∆j ], we
get the result as Pα[∆j ] = [0.12, 0.56, 0.09, 0.23, ε] and ∆j will be most likely
passed to acquaintance b.

5.3 Token Similarity

When an agent receives two tokens that are relevant to one another they are
more likely to be usable in concert to obtain a reward for the team. While
infeasibly complex, the POMDP model can suggest how relevance should be
defined. If the local policy π∗∗∗ always matches with π∗∗, Pα[∆] will be the
normalization of EU(Ωα).

∀b ∈ n(α), Pα[∆, b] =
EU(Ωα, b)∑

c∈N(α)

EU(Ωα, c)

That is, the largest expected utility for sending a token to an acquain-
tance should result the highest probability. Following the previous example, if
EU(Ωα) = [5, 10, 6, 4], then for optimal behavior Pα[∆] = [0.2, 0.4, 0.24, 0.16].

Now we are in a position to see how the receipt of a token affects the locally
optimal policy for routing token ∆ and hence determine how to compute
relevance. Suppose that the state estimation of agent α just before a token
∆pre arrives is Ωα while after it arrives, the state estimation is changed to Ω′

α

because α gains additional knowledge from this token. Thus, according to Q-
MDP, before ∆pre is received, the expected reward of α is EU(Ωα) = Ωα×V
while after the arrival of ∆pre, EU(Ω′

α) = Ω′
α × V . Moreover, agent α’s local

model will also be updated according to ∆pre. Suppose ∆pre comes from
acquaintance b and Pα[∆, b] is the probability that α will send ∆ to b before
∆pre comes while P ′α[∆, b] is the updated probability after the arrival of ∆pre.
According to our assumption that policy π∗∗∗ (according to the Pα model)
and π∗∗ (according to the POMDP model) will choose the same action which
is to send ∆ to b. Thus, we have

P ′α[∆, b]
Pα[∆, b]

=
EU(Ω′

α, b)
EU(Ωα, b)

=
[Ω′

α × V ]b
[Ωα × V ]b

Where [Ω′
α×V ]b is the value of the component in vector of [Ω′

α×V ] according
to acquaintance b. It is the same vector as EU(Ω′

α, b).
According to the update function Update(Pα[∆, b],∆pre), we should get

P ′α[∆, b] = Rel(∆,∆pre) × Pα[∆, b]. Thus, the relationship between Rel and
our POMDP model is:

Rel(∆,∆pre) =
[Ω′

α × V ]b
[Ωα × V ]b
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From this equation, we can conclude that a received token changes the agent’s
estimation of the probability distribution of the team’s state, which in turn
directly influences the decision of where to send related tokens. If we know
a little bit of how the probability distribution changes for an agent after it
has passed a token, we can use this to predict how this agent updates its dis-
tributed decision model and therefore define the relevance between tokens. A
heuristic that captures this relationship will approximate the locally optimal
policy and hence lead to good behavior. In this chapter, we simply estimate
this value based on the similarity between tokens. Intuitively, if two tokens
are similar, receiving one token allows an agent to update its estimation of
the team state and infer where to pass the similar tokens. For example, re-
ceiving a role token from a particular acquaintance, tells the agent that it is
relatively less likely that similar role tokens will be accepted in the part of
the network accessible via that acquaintance; receiving an information token
with information about Pittsburgh tells the agent that some agents in that
part of the network must currently be in Pittsburgh.

The similarities between tokens come from the coordination they carry
and the calculation depends on the domain knowledge of applications. We
assume that, from ∆i.coordination and ∆j .coordination, we can deduce the
similarity between two tokens as sim(∆i, ∆j). sim(∆i,∆j) > 1 if ∆i and
∆j are a pair of similar tokens. For example, if two tokens both reference
Pittsburgh, we deem them similar because both are involved with the same
location; we deem two tokens which require driving a specific machine as
similar because they need the same kind of capacity; two tokens that both are
preconditions of the same plan would also be considered similar.

We distinguish the relationship between relevance and similarity of two
tokens as positively related or negatively related. For two similar tokens ∆i

and ∆j , if an agent previously received a token from an acquaintance and
would prefer to send a similar token to that acquaintance, similar tokens are
positively related to each other and Rel(∆i,∆j) = sim(∆i,∆j) . Otherwise,
if this agent is less likely to send the similar token to that acquaintance similar
tokens are negatively related to each other, so Rel(∆i,∆j) = 1

sim(∆i,∆j)

The similarity between different types of tokens potentially influences
agents’ estimation in different ways. As we have shown in the previous ex-
ample, receipt of role tokens discourages sending similar tokens to agents
along the role tokens’ paths because the previous token senders refused the
role token and are incapable of accepting the role, therefore are less likely to
be interested in the information, tasks or resources that similar tokens carry.
Thus, a previous role token is negatively related to its similar tokens. Similarly,
receipt of an information token will indicate that agents along the information
tokens’ paths are more likely to work on things related to that information
and are interested in other similar tokens. Hence, a previous information token
is positively related to its similar tokens.

If the threshold of a resource token ∆i is greater than its initial value
(init) upon arrival to current agent, this means that the resource has been
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used by the agents previously holding ∆i and that those agents are potentially
engaged in tasks requiring the resource. Therefore, if the current agent gets
similar tokens, it will be more likely to send them to the part of the network
where the previous token has been passed. In this case, the previous resource
token is positively related to similar tokens. Alternatively, if ∆i.threshold is
lower than its initial value (init), it means that agents passing the token did
not need it. In such a case, the previous resource token is negatively related
to similar tokens.

Supposing ∆i is a previously received token, we can summarize the calcu-
lation of Rel(∆i,∆j) according to sim(∆i, ∆j). No matter what ∆j .Type is,
this function only depends on the type of previously incoming token:

Rel(∆i,∆j) =





sim(∆i, ∆j) if ∆i.Type = inf

sim(∆i, ∆j) if ∆i.Type = res, ∆i.threshold > init
1

sim(∆i,∆j)
if ∆i.Type = role

1
sim(∆i,∆j)

if ∆i.Type = res, ∆i.threshold < init

6 Evaluation

In this section, we describe an empirical evaluation of our approach. Tests
were conducted using an abstract simulation called CoordSim [33] configured
to simulate a group of 400 distributed UAVs searching a hostile area. The
network topology was that of a small world network where each UAV had, on
average, four acquaintances. Simulating automatic detection rates, 200 pieces
of information were randomly sensed by UAVs and passed around the team.
Fifty plans instances, each with four independent preconditions, were given
to the team. After a plan was initiated, tokens for the four roles needed to
realize the plan were circulated through the acquaintance network. To accept
a role an agent must be close to the region the role requires and have access
to resource tokens for airspace at the role allocation. Airspace over the hostile
area was divided into fifty regions. Each of these regions was duplicated in
three resource tokens allowing a maximum of three UAVs to simultaneously
access that airspace. Each UAV needed to obtain the resource for the region
related to its task before they could be performed. If all four roles of a plan
were successfully executed, a reward of 10 units was credited to the team. A
maximum reward of 500 units (10 units x 50 plan instances) was possible.
Results for each experiment are based on one hundred trials.

The first experiment investigated the algorithm’s performance in enhanc-
ing overall team reward. Reward obtained was recorded for each tick of the
simulation which corresponded to the time taken for a token to move from
agent to agent. Five configurations of the algorithm were compared. In the
first configuration, agents passed tokens randomly if they did not keep them.
In the next three configurations, local reasoning model updating is applied to
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Fig. 4. The team gets more reward (y-axis) over time (x-axis) when all token types
are used to update local models.

only one type of token, i.e., information, resource or role, with no updating by
the other two types. The fifth configuration provided integrated coordination
using tokens of each type to update agents’ local model for routing tokens.
The results are shown in Figure 4. Use of any previous tokens for token rout-
ing improved team reward. This benefit was most pronounced when all token
types were used. In fact reward was almost doubled over random token move-
ment. Notice that early on using plan instantiation alone was more effective
than using other types of tokens but later role allocation tokens were the most
effective type. We hypothesize that as roles are allocated they become most
useful but before then it is critical to know who is initiating plans.
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types are used to create local models.
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The second experiment investigated the effect of our algorithm on com-
munication. In this experiment we compared the number of messages need for
a team to gain a particular level of reward. A message was credited to each
transfer of a token from an agent to its acquaintance. The same five configura-
tions (random, three with coordination for single token-types, and integrated)
were employed. As shown in Figure 5 configurations using token coordination
algorithm performed better. They used fewer communications to attain the
same level of reward as the random configuration. Once again, complete in-
tegrated token routing was superior to the partial token-based algorithm in
attaining the same results with substantially fewer messages. Notice also that
the total number of references is quite low, even for a large team.

The third experiment examined in more detail the scalability of our al-
gorithm to larger teams. In this experiment teams of 200 to 800 agents were
run under conditions otherwise identical to the first two experiments, how-
ever, only two configurations were used: no use of previous tokens to improve
agents’ local reasoning model versus use of all types of previous tokens to
improve agents’ local reasoning model to routing tokens. Performance was
measured using average number of messages per agent. In Figure 11, the top
configuration is to get a team reward of 200 units while the bottom one is
to get a reward of 400. Our results show that integrated token-based routing
produced lower message overload under all conditions. For both 200 and 400
reward levels observed message overhead was lower for teams of 800 agents
using the integrated algorithm than for 200 agent teams using the random
one.
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Fig. 6. The average number of messages per agent (y-axis) stays relatively constant
as the team size is increased (x-axis). This holds when tokens are used for integrated
model and when they are not.
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7 Comparing with Market-based Coordination

In addition to testing the token-based approach itself, we compare the token-
based coordination with the market-based coordination, a popular centralized
algorithm. Although this algorithm is good at finding the optimal coordination
solution, it ignores the communication costs, which are critical to large teams.
The objective for this comparison is to verify how the token-based coordina-
tion approach makes the trade off between team utilities and communication
cost.

Our implementation of market-based approach was based on TraderBots
[8]. One agent acts as auctioneer and both tasks and resources are treated
as merchandize. Agents bid for either single items or combinatorial sets of
items in order to maximize their own utilities. The auctioneer maximizes its
utility by “selling” their “merchandize”. Because of the centralized position
of the auctioneer, it develops a complete knowledge of how agents will use
a task or resource if allocated and the auctioneer can perform assignments
that maximize the team utility. Notice that several constraints also apply to
this approach. The auction should last for a fixed period of time and early
determination is infeasible; Agents are allowed to bid for resources after tasks
have been allocated. Moreover, to prevent deadlock in resource allocation,
agents are only allowed to bid for resources for their first pending task.

We designed a hybrid approach which is to combine the two different
approaches. In the hybrid approach, the auctioneer algorithm runs exactly as
before, except that instead of broadcasting announcements for auctions an
auction token is created. Each auction token is allowed to exist from the start
of the auction to the end of the auction. The auctioneer has a probabilistic
model of the team state, just as all agents do in the token-based approach.
The auction token is then intelligently routed to the agents most likely to
be able to submit the best bids. The token stops moving after the auction it
presents is closing or has visited a fixed number of teammates.

In those experiments, we only focused the comparison on task and resource
allocation which can be performed by both token and auction. The basic
experiment settings are configured as follows. There are 100 agents to perform
50 tasks with 50 resources. Each task requires only one resource which was
interchangeable with four others. In the default setup, there is only one type
of capability required and all agents have non-zero value for this capability,
i.e., all agents are at least somewhat capable of all tasks. Auctions are held
open for 40 time steps, and the task tokens and resource tokens are allowed to
move unless accepted. The initial threshold on a task token is 100, meaning
that the task will not be accepted by an agent until it can get a reward
of more than 100 by performing this task. We measured two key statistics
required to support or refute our hypothesis about the algorithms. “Reward”
is the sum of reward received by each agent. “Messages” is the number of
times agents communicated, either between themselves or with the auctioneer.
The “messages” count indicates messages sent to perform sensor fusion, plan
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initiation and information sharing. Simulation runs for 2000 time steps. The
experiment results below are based on 100 runs.

7.1 Heterogeneous Team

In the first experiment, we examined team performance by varying team com-
position and the capabilities required to perform tasks. For example, in an
emergency response experiment some agents might only be able to fight fires
while others could only provide medical treatment. As capabilities grew more
varied fewer agents were available to perform particular tasks. In this exper-
iment, we varied the number of capabilities from 1 to 46 where in the most
heterogeneous condition, only two agents on average are capable to performing
a task.

Fig. 7. The average reward for heterogeneous teams dramatically decreases in auc-
tion and hybrid approaches. Token-based approach maintains constant reward but
requires more messages

The experimental results in Figure 7 show that for heterogeneous teams,
auction and hybrid approaches earn less reward as the team becomes more
heterogeneous because there are fewer agents able to compete for the more
specialized tasks. The advantages of team wide maximization of utility by the
auctioneer decrease as there are progressively fewer feasible alternative bids.
In contrast, reward for the token-based approach remain almost flat with
increasing specialization. We propose two reasons. One is that token-based
approach greedily finds a reasonable solution rather than searching for the
optimal.

The other reason is that by passing a higher number of tokens around the
network and making use of the relevance between them, the intelligent routing
algorithm gains a better knowledge of how to route tokens. This results in a
higher number of messages but an equal amount of reward.
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7.2 Time Critical Tasks

In the second experiment, we investigated team performance when many tasks
needed to be performed within a short period of time. To increase their reward,
teams were required to perform tasks and allocate resources as rapidly as
possible. In this study we varied the number of tasks the teams were required
to finish from 20 to 182. After 2000 time steps, the accumulated reward and
message count were recorded as shown in Figure 8.

Fig. 8. Reward and messages increase dramatically with the number of tasks.

All three approaches performed more tasks in order to get higher reward.
As expected, the auction approach attained higher reward than the hybrid
or token-based approaches. Considering both reward and messages, however,
the hybrid approach performs well by almost matching the reward obtained
by the auction at just a quarter of the communication cost. The reason the
hybrid approach achieves such good performance with so little communication
overhead is that the intelligent routing algorithm limits communication to
a small number of agents while high bidders must always be informed in
auctions.

7.3 Competitive Resources

The third experiment used 200 tasks each requiring an average of four re-
sources with no interchange possibilities. As available resources are increased
from 4 to 40, competition for them declines and they become less likely to be
a bottleneck.

The experiment was stopped after 1000 time steps. Figure 9 shows that
the reward for the auction based approach increased rapidly with increases
in resources. Both the token-based and hybrid approaches remained flat with
the token-based approach earning the highest reward at all levels of scarcity
while the hybrid approach yielded very limited reward.
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Fig. 9. Reward decreases with scarcity in auction approach and is very low in hybrid
approach, but with token-based approach is uniformly high

We hypothesized that because resource contention in this experiment was
high the centralized control of the auction and hybrid approaches would often
force agents to either bid for all four resources together or miss the task
while the distributed token-based approach weakened this constraint. If our
hypothesis were true, auction and hybrid approaches would get more reward if
we either increased the simulation length or reduced the length of the auction
to weaken the constraint. Figure 10 shows the effect of shortening auction
length from 40 to 20 steps (a) and increasing session length from 2000 and 4000
steps (b). The token-based approach continues to produce its constant level
of reward while the hybrid approach obtain very little higher. The auction-
based approach, however, improves with increasing resources exceeding the
token-based approach at most levels in the two alternative experiments.

Fig. 10. Auction approach gets more reward when auction last length is 20 than it
is 40 (a) and when experiment lasts from 2000 time points to 4000 (b).
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7.4 Interchangeable Resources

In the fourth experiment, there were 100 tasks each requiring three resources.
The number of interchangeable resources was varied from one to five. Ex-
periments were stopped at 1000 steps. Results are shown in Figure 11. In-
terchangeable resources did not help the token-based approach, helped the
auction-based approach very little but substantially increased reward for the
hybrid approach. We contend that three required resources for each task is a
high constraint for a centralized auction. The constraint has been weakened
in the market-based approach because this experiment lasts long enough for
auctioneer to search bids and maximize the reward. In contrast, this con-
straint is higher in the hybrid approach because within a limited number of
moves, all resource tokens for a role are required to visit the agent who has
this task pending. This is also a reason why the hybrid approach gained such
a low reward. Moreover, interchangeable resources led to dramatic increases
in the number of messages for auction based approach because every agent
could participate in every resource auction leading to the submission of a large
number of multiple bids. For example, when interchangeable resources are 5,
an agent should submit 53 resource bids.

7.5 Conclusion

The experiment results above support our hypothesis. Auctions are focused on
maximizing overall utility by taking into account the bids of all team members
[2], but at the expense of higher communications. Token-algorithms are well
focused on scalability and make the trade off between team performance and
communication. Therefore, sometimes at the expense of overall utility. More
subtly, the performance advantage of an auction should be most pronounced
when small changes in allocations lead to big differences in performance, i.e.,
typically highly constrained cases, while the token algorithms should maximize
their communication advantage when the probabilistic models they rely on are
most advantageous, i.e., weakly constrained cases.

The hybrid algorithm only performs well under restricted circumstances. If
the problem is so tightly constrained that the auctions need to see many bids
to make good allocations then using tokens to solicit bids only adds overhead.
Conversely, if the coordination is so underconstrained that the tokens can
reliably and accurately target the best agents, then the auction only adds
unnecessary overhead.

8 Related Work

Multi-agent coordination is an extensively studied area of multi-agent systems,
but most of the existing work does not scale well to very large teams. STEAM
combined the joint intention model and the shared plan model and developed
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Fig. 11. Reward for hybrid approach increases rapidly with more interchangeable
resources

a general model of teamwork for persistent coordination in an uncertain, com-
plex, and dynamic environment [28]. Unfortunately, its coordination requires
a precise model of each individual agent. Distributed constraint-based algo-
rithms [17, 20] have high communication requirements that get dramatically
worse as the team size is increased. Swarm-inspired approaches [6] have been
used for large-scale coordination, but the behavior can be inefficient.

Centralized coordination approaches typically make improper assumptions
for scalable team coordination: complete communication with central agent,
e.g., message board [5], or central information agents which have complete
knowledge of the team [7]. Combinatorial auctions [11] have an exponen-
tial number of possible combinations of bids, and frequently use centralized
auctioneers that can become severe bottlenecks. Generalized Partial Global
Planning (GPGP) and its associated hierarchical task network representation
TAEMS (Framework for Task Analysis, Environment Modelling, and Simu-
lation) are focused on optimization to maximize the overall team utility. Un-
fortunately, this approach requires a centralized reasoning framework which
is computationally hard to coordinate a moderate or scalable team [14].

Decision theoretic approaches, such as MDPs and POMDPs, have been
used for team coordination, but MDP model requires agents have a com-
plete view of team states. Decentralized POMDP model is more realistic for
handling uncertainty in scalable teamwork; however Bernstein provided the
mathematical evidence that decentralized decisions to find the optimal joint
policy is NEXT-complete [4]. Xuan and Pynadath [10, 22, 34] recast the de-
centralized POMDP as a communication problem [22] by considering that
sending messages to teammates with a belief that they did not observe, the
team can get higher reward. But such approaches are known to be intractable
in general [22], and so are of limited use in large scale applications.

The token-based approach was first introduced from networking design
[1]. This idea was introduced to multi-agent coordination research by Wagner
[27]. He renamed tokens as “keys” and applied them to the coordination of
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dynamic readiness and repair service in aircraft simulation. Recent work fo-
cusing on scalable coordination [21] illustrates that exponential search spaces,
excessive communication demands, localized views, and incomplete informa-
tion of agents pose major problems for large scale systems. Initial work on
token-based approaches promises a way to address these challenges. The effec-
tiveness of large-scale, token-based coordination has also been demonstrated
in the Machinetta proxy architecture [25] for task allocation [24] and infor-
mation sharing [31].

Research on social networks began in physics [1, 16]. [18] showed that social
network structures in team formation can dramatically affect team abilities
to complete cooperative tasks. In particular, using scale-free network struc-
tures for agent teams facilitates team formation by balancing the number
of skill-constrained paths available in the agent organization with the effects
of potential blocking. [12] compared the merits of small world networks and
scale-free networks in the application of emergent coordination.

9 Conclusion and Future Work

This chapter presented a novel integrated token-based algorithm for team co-
ordination. By utilizing relationships between tokens we were able to use the
execution of one type of coordination algorithm to improve the performance
of the others. Our experiments show that our approach is scalable and effi-
cient. This approach opens the possibility to develop a range of new executing
applications of heterogeneous agents not possible with existing approaches.
By comparing with the market-based approach, we showed that token-based
approach makes a good trade off between quality of allocation and use of com-
munication. In some specific circumstances, its performance may outperform
the auction which tries to find the optimal solution.

While the results presented here represent a step forward, they also point
to significant challenges and exciting questions. We plan to address some of
these issues in the near future. From a scientific perspective, the effect of
the underlying acquaintance network on the coordination is clearly important
but poorly understood. We will investigate the effect of the properties of
the network on the team’s performance, specifically looking at how the small
worlds nature of the network is important. This work represented a novel
attempt at integrating coordination algorithms into a unified approach and
showing how by working together the overall performance can be improved.
However, the individual algorithms were designed without thought to future
integration. A key question is whether knowing that we will be integrating the
token algorithms allows us to build algorithms that work better with other
algorithms. Finally, but critically, we will use the token-based approach in
more realistic domains to understand its utility in the real world. Specifically,
we are currently developing large scale coordination applications for rescue
response and unmanned aerial vehicle applications.
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