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Abstract

This paper contributes to solving effectively a specific type of
real-time stochastic resource allocation problem known to be
NP-Complete. Its main distinction is the high number of pos-
sible interacting actions to execute in a group of tasks. To ad-
dress this complex resource management problem, an adap-
tation of the Multiagent Markov Decision Process (MMDP)
model which centralizes the computation of interacting re-
sources is proposed. This adaptation is called Multiagent
Task Associated Markov Decision Process (MTAMDP) and
produces a near-optimal solution policy in a much lower time
than a standard MMDP approach. In a MTAMDP, a planning
agent computes a policy for each resource, and all these plan-
ning agents are coordinated by acentral agent. MTAMDPs
enable practically solving our NP-Complete problem.

Introduction
This paper is interested in complex stochastic resource al-

location problems with hard real-time constraints. In gen-
eral, resource allocation problems are known to be NP-
Complete (Zhang 2002). In such problems, a planning pro-
cess suggests the action (i.e. resources to allocate) to under-
take to accomplish certain tasks, according to the perfectly
observable state of the environment. In this case, the num-
ber of possible actions in a state is the combination of each
individual possible resource assignment to the current tasks.
Thus, the action space is significantly large. The very high
number of states and actions in this type of problem coupled
with the time constraint makes it very complex.

A straightforward approach to solving this problem is to
formulate both the resource allocation process and the actual
operation of the agents as a large multiagent MDP (Boutilier
1999) on the joint state and action spaces of all agents. How-
ever, this method suffers from an exponential increase in the
size of the state space, and thus very quickly becomes un-
feasible for teams of reasonable size. A common way of ad-
dressing this problem of large state spaces in MDPs is based
on problem decomposition (Meuleauet al. 1998) (Singh &
Cohn 1998) (Russell & Zimdars 2003), where a global MDP
is decomposed into several independent or loosely coupled
sub-MDPs. These sub-MDPs are usually solved indepen-
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dently and the resulting policies are then combined to yield
a (perhaps not optimal) solution to the original global MDP.

In this paper, the problem is decomposed so that a plan-
ning agent manages each specific resource. The separate
policies produced by the agents, if not coordinated, are
not optimal for two reasons. Firstly, some resources may
have positive and negative interactions since the expectation
of realizing a certain taskt1 by resourceres1 is changed
when allocating another resourceres2 simultaneously on
task t1. Secondly, the resources have to be distributed ef-
ficiently among the tasks to accomplish. Thus, the planning
agents are coordinated together during the planning process
through acentral agent, and produce a near-optimal pol-
icy. The planning agents generate a policy to allocate their
resources using a Markov Decision Process (MDP) (Bell-
man 1957), which is very convenient to model a stochastic
problem. This method is called “Multiagent Task Associ-
ated Markov Decision Process” (MTAMDP) since the plan-
ning agents are related to each other only because they have
the same tasks to accomplish. The results obtained using
MTAMDP are near-optimal, while the convergence time is
very small compared to a standard Multiagent Markov De-
cision Process (MMDP) (Boutilier 1999) approach.

Related Work
In general, there are two known approaches for allocat-

ing resources to tasks (Hosein & Athans 1990). Firstly, the
episodic approach which uses all the available resources si-
multaneously. Secondly, the sequential version, as used in
this paper, which extends the episodic version by having
a number of stages in the scenario. In this last context,
the planning process is allowed to observe the outcomes of
all engagements of the previous stage before assigning and
committing resources for the present stage. This approach
uses fewer resources and has a higher expectation to achieve
the tasks than the episodic approach.

Resource allocation problems are known to be NP-
Complete (Zhang 2002). Since resources are usually con-
strained, the allocation of resources to one task restricts
the options available for other tasks. The complexity of
this problem is exponential according to the number of re-
sources and tasks, and many approximations and heuristics
have been proposed (Meuleauet al. 1998), (Wu & Castanon
2004), (Aberdeen, Thiebaux, & Zhang 2004), (Russell &



Zimdars 2003). However, all these authors do not consider
positive and negative interactions between resources. Their
approaches are consequently not very suitable to the type
of problem tackled in this paper, since in many real appli-
cations there are positive and negative interactions between
resources. An effective approach, as considered in the cur-
rent paper, is to plan for the resources separately as proposed
by (Wu & Castanon 2004). Wu and Castanon formulates a
policy for each resource and a greedy global policy is pro-
duced by considering each resource in turn, producing an
approximate policy. Their coordination rules are sometime
very specific to the problem’s characteristics. In this paper,
a different and more general approach is described, where
each resource is coordinated by acentral agent, instead of
sequentially.

Russell and Zimdars (Russell & Zimdars 2003) pro-
pose anothercentral agent coordination scheme. Their Q-
Decomposition Reinforcement Learning coordination pro-
cess determines the Q-values which maximize the sum for
each states at each learning iteration. An important assump-
tion of this method is that each agent should have its own
independent reward function. Thus, for a resource alloca-
tion problem, there would have an agent for each task to
achieve. This is different than the approach proposed in
this paper where there are an agent for each resource type.
In their setting, their approach is optimal, but if we con-
sider resource constraints, the policy is approximative. In-
deed, the value of a state of a task would have a depen-
dence on the state of the other tasks, because of resource
constraints. The Q-Decomposition may be combined with
the MTAMDP method to further reduce the planning time.

Since resources have local and global resource constraints
on the number that be used, the problem here can be viewed
as a constrained Markov Decision Process (Bertsekas 2005),
(Feinberg & Shwartz 1996), (Wu & Durfee 2005). In this
context, dynamic programming (Bertsekas 2005), (Feinberg
& Shwartz 1996) or linear programming (Wu & Durfee
2005) may be used to obtain a policy. Much work has been
done in this field, but none of it diminishes the action and
state spaces and still provides a near-optimal policy as in
this paper.

Another interesting approach is that of Dolgov and Dur-
fee (Dolgov & Durfee 2004). They propose a mixed in-
teger linear programming formulation of a stochastic re-
source allocation problem. The planning time is greatly re-
duced compared to a large Multiagent Markov Decision Pro-
cess (MMDP) (Boutilier 1999) on the joint state and action
spaces of all agents. However, the approach by Dolgov and
Durfee supposes a static allocation of resources, while this
paper is interested in a dynamic allocation to consider con-
tingencies. The problem is now modelled in more detail.

Problem Formulation
An abstract resource allocation problem is described in

Figure 1. In this example, there are four tasks (t1, t2, t3, and
t4) and three types of resources (res1, res2, andres3) each
type of resource being constrained by the number that may
be used at a given time (local constraint), and in total (global

Tasks
Resource

types

Figure 1: Resource Allocation Problem.

constraint). The Figure shows the resource allocation to the
tasks in the current state. In this problem, a state represents a
conjunction of the particular state of each task, and the avail-
able resources. Indeed, when the state of the tasks changes,
or when the number of available resources change, then the
resource allocation usually changes also.

Markov Decision Processes MDPs
A Markov Decision Process (MDP) framework is used

to model the stochastic resource allocation problem. MDPs
have been widely adopted by today’s researchers to model
a stochastic process. This is due to the fact that MDPs pro-
vide a well-studied and simple, yet a very expressive model
of the world. In general, an MDP is given by a state space
S, actionsA(s) applicable in each states, transition proba-
bilities Pa(s′|s) for s ∈ S anda ∈ A(s), and state rewards
r(s).

In a classical MDP, the states′ that results from an ac-
tion a is not predictable but is perfectly observable, pro-
viding feedback for the selection of the next actiona′. A
solution of an MDP is a policyπ mapping statess into ac-
tionsa ∈ A(s). In this case, an optimal policy is one that
maximizes the expected total reward to accomplish all tasks.
Bellman’sprinciple of optimality(Bellman 1957) forms the
basis of the stochastic dynamic programming algorithms
used to solve MDPs. In particular, the optimal value of a
state is the immediate reward for that state added to the ex-
pected value of the next state transition probability, assum-
ing that a planning agent chooses the optimal action. That
is, the optimal value of a stateV (s) is given by:

V (s) ← R(s) + max
a∈A(s)

∑

s′∈S

Pa(s′|s)V (s′) (1)

Furthermore, one may compute the Q-ValuesQ(a, s) of
each state action pair using the following equation:

Q(a, s) ← R(s) +
∑

s′∈S

Pa(s′|s)V (s′) (2)

where the optimal value of a state is:

V (s) ← max
a∈A(s)

Q(a, s) (3)

In particular, the standard dynamic programming algo-
rithms to solve MDPs arevalue iteration(Bellman 1957)



andpolicy iteration (Howard 1960). However, these clas-
sical algorithms suffer from the so-calledcurse of dimen-
sionality: the number of states grows exponentially with the
number of variables that characterize the domain. Further-
more, the number of actions grows exponentially with the
number of available resources. Consequently, a polynomial
time algorithm can be prohibitive for a real-time application
as is the case for the problem of stochastic resource alloca-
tion, addressed in this paper . Furthermore, since the number
of possible initial situations is very large, one may not com-
pute a policy a priori.

While computing the solution of an MDP for a resource
allocation problem to accomplish a group of tasks, the re-
spective value of each task is kept. This is not a task decom-
position in any sense. At each iteration for computingV (s),
it is done by computingVt(s) for each taskt, according to
the possible actionsA(s). V (s) is obtained with the action
which maximizes the sum of the value of all tasks. Thus,
whenVt(s), or Qt(a, s) is employed in this text, this is not
a decomposition, but it simply means that only the part of
the value (or Q-value) related to taskt is considered. Multi-
Agent Markov Decision Processes (MMDPs) which extends
MDPs to multiagent environments, are now introduced.

Multi-Agent Markov Decision Processes (MMDPs)
Since resource allocation problems are known to be NP-

Complete (Zhang 2002), one may decompose the previous
problem into multiple planning agents. To do so, Multi-
Agent Markov Decision Processes (MMDPs) (Boutilier
1999) may be a very suitable modelling framework. In an
MMDP the individual actions of many planning agents in-
teract so that the effect of one agent’s actions may depend on
the actions taken by others. Furthermore, an MMDP takes
the agents to be acting on behalf of some individual; there-
fore, each has the same utility or reward functionR. Indeed,
an MMDP is like an MDP, except thatP now refers to the
probabilities of joint actions.

For a standard MMDP approach, the number of actions to
consider in a state is:

nbAgents∏

m=1

nbChoicesm (4)

wherenbChoicesm is the number of possible resource allo-
cations for agentm, andnbAgents is the number of agents.
In this case, the value of all action combinations of each re-
source have to be computed. For example, if in a specific
state, three resource types are available, with ten possible
actions for each resource type, there are103 = 1000 Q-
values to compute for this state. On the other hand, if an
agent plans for each resource type, as with the MTAMDP
approach presented in this paper, the number of actions to
consider in a state is:

nbAgents∑

m=1

nbChoicesm (5)

Here, the number of actions is the sum of the possible ac-
tions of each resource. The number of Q-values to compute

in a state, if three available resource types are available,with
each ten possible actions, is10 × 3 = 30. The value of
nbChoicesm is still, however, exponential for each planning
agent, as the number of tasks augment. Indeed, a resource
allocation problem is still an NP-Complete problem, even
when one resource type is available (Zhang 2002). Acentral
agent computes the Q-value of all action combinations using
the new efficient approach that will be detailed in the subse-
quent sections. The next section describes in a more formal
way MTAMDPs, which significantly diminishes computa-
tional complexity associated with the high number of possi-
ble resources.

Coordinating a Multiagent Task Associated
Multiagent Process (MTAMDP)

An abstract schematization of the approach proposed in
this paper, which extends MMDPs, to solve efficiently a re-
source allocation problem is described in Figure 1. This in
an extension of Figure 2 where each planning agent (m1,
m2, andm3) manages one type of resource to accomplish
the tasks. The dotted line in the Figure represents agentm1

which manages resource typeres1 to accomplish all tasks.
This way, each agent can compute a Q-value (Qm1

, Qm2
,

Qm3
). As a matter of fact, there are two reasons why a lo-

cal value function of a planning agent needs to be adjusted,
according to an action from another agent. First of all, the
resources should be divided between the tasks in the case of
possible simultaneous actions. This aspect is explained with
an example. Suppose there are two identical tasks (t1 and
t2) in the environment, which are in a particular state. Fur-
thermore, there are two planning agents (m andm′) each of
which manages one unit of resource (res1 andres2). Sup-
pose that using each resource is50% likely to achieve any
task (i.e.50% likely that the task is realized, and50% that
the task is not realized). Now, suppose that both planning
agents assign their respective resource to taskt1. In these
conditions, taskt1 is 75% likely to be achieved1, while task
t2 still has 0% of being achieved. As a consequence, there is
expected to remain0.25+1 = 1.25 tasks in the environment.
On the other hand, if both planning agents had coordinated
and used their resources on a different task, both tasks would
have been achieved at50%. In this case, there is expected to
remain only0.5+0.5 = 1 task in the environment. This sim-
ple example shows why it is better for the planning agents
to divide their resources between the tasks in the case of
possible simultaneous actions. The second reason why the
planning agents should coordinate is to benefit from posi-
tive interactions among resources and to alleviate the nega-
tive ones. Indeed, the expectation of realizing a certain task
t1 by a unit of resourceres1 could be changed positively or
negatively when allocating another unit of resourceres2 si-
multaneously on taskt1. A positive interaction between two
resources used simultaneously produces a higher percentage
to realize a task than using these two resources separately.
On the other hand, a negative interaction between two re-
sources used simultaneously produces a lower percentage to
realize a task than using these two resources separately. The

1
1 − 0.5

2
= 0.75
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Figure 3: The iterative coordination process.

general idea proposed in this paper to solve efficiently the
described resource allocation problem is to coordinate the
different agents at each iteration of the planning algorithm.
Indeed, all existing algorithms to solve an MDP are iterative,
thus the approach presented here should be pretty extensible.
Figure 3 describes this process. For example, ifn iterations
are needed for each planning agent to converge, thenn co-
ordination activities are made.

A Multiagent Task Associated Markov Deci-
sion Process (MTAMDP) is defined as a tuple
〈Res, LRes, GRes, Ag, T, S,A, P,W,R, 〉, where:

• Res = {res} is a finite set of resource types available
for a global planning process. The planning process has
Res resource type. Each resource type has a local re-
source constraintLres on the number that may be used on
a single step, and a global resource constraintGres on the
number that may be used in total.

• Ag = {m} is a finite set of agents. In an MTAMDP, a
planning agent manages one or many resources which are
used to accomplish its tasks. In this paper, a planning
agent for each resource, and amNoop planning agent
which plans only thenoop (no operation) action are con-
sidered. The expected value of thenoop action has to be
considered since it may achieve tasks.

• T = {t} is a finite set of tasks to be accomplished by the
planning agents.

• S = {sm} is a finite set of states available for each plan-
ning agent. A statesm ∈ S, represents a conjunction of
the particular statesm

t , which is the characteristic of each
taskt in the environment, and the available resources for

the planning agentm. Also, S contains a non empty set
G ⊆ S of goal states.

• A = {am} is a finite set of actions available for each plan-
ning agent. The actionsAm(sm) applicable in a state is
the combination of all resource assignments that a plan-
ning agentm can execute, according to the statesm.
Thus,am is simply an allocation of resources to the cur-
rent tasks, andam

t is the resource allocation to taskt. The
possible actions are limited byLres andGres.

• Transition probabilitiesPm
a (s′m|sm) for sm ∈ S and

am ∈ Am(sm).

• W = [wt] is the relative weight of each task, as described
in (Plamondon, Chaib-draa, & Benaskeur 2005).

• State rewardsR = [rs] :
nbTasks∑

t=1
rst

. The relative reward

of the state of a taskrst
is the product of a real number

ℜ by the weight factorwt. The rewards are not related to
any specific planning agent, since they are only associated
to the tasks, and not the resources.

The solution of an MTAMDP is a policyπm for each
planning agent in the environment. In particular,πm

t (sm
t )

is the action (i.e. resources to allocate) that should be ex-
ecuted on taskt by agentm, considering the specific state
sm

t . As in reinforcement learning, the notion of Q-value is
used for a planning agentm in the MTAMDP approach:

Qm(am, sm) ← R(sm) +
∑

s′m∈Sm

Pam(s′m|sm)V m(s′m)

(6)
, whereQm

t (am
t , sm) is the part of the Q-value related to

task t. This part is called task-Q-value. Each Q-value is
subjected to the local resource constraints for each state task
st of a global states

nbTasks∑

t=1

res(πm
t (sm)) ≤ Lres for all sm ∈ Sm (7)

whereres(πm
t (sm

t )) is the resource used by the policyπm

in statesm, considering only taskt, by agentm. The global
constraint is defined according to all system trajectories.A
system trajectory is a possible sequence of state-actions,un-
til a goal state is reached. For example, statesm is entered,
which may transit tos′m, or tos′′m, according to actionam.
The two possible system trajectories are〈(sm, am), (s′m)〉
and〈(sm, am), (s′′m)〉. The global resource constraint is:

for all system trajectoriestra

∑

sm∈Sm

tra

nbTasks∑

t=1

res(πm
t (sm

t )) ≤ Gres (8)

The value determined by a planning agentm is the one
that maximizes the Q-value of global actiona by all plan-
ning agents. To do that in an efficient way, the planning
agents have to coordinate with each other to produce the
best global value function, or policy. In this paper, such a
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Figure 4: The coordination process.

coordination is made through acentralagent. Figure 4 de-
scribes the coordination process between the different plan-
ning agents and thecentral agent. At each iteration of an
MDP algorithm, for example, value iteration, the planning
agents send their Q-values to thecentralagent. With these
Q-values, thecentralagent computes the global value of all
action combinations. A description is made in the follow-
ing sections how the central agent calculates the value of a
global action, with a set of Q-values in hand. Afterwards,
once thecentralagent knows the maximum value of a state,
it assigns the value of each agent to its respective contri-
bution (or to their adjusted Q-value as will be defined in
the next section). The Algorithm 4 (MTAMDP-VALUE-
ITERATION) gives a more formal description of this ap-
proach. To help in the reading of the algorithm, the follow-
ing functions need to be defined first: ADJUST-I(action a),
ADJUST-SA(action a), and GLOBAL-VALUE().

Adjusting the Q-value of a planning agent
The central agent permits reaching a near global opti-

mum for the planning process by coordinating the differ-
ent planning agents, as shown in the experiments. The two
reasons why the respective policies of the planning agents
should be coordinated lead to the definition of two subfunc-
tions — ADJUST-I(action a) (interactions) and ADJUST-
SA(action a) (simultaneous actions). The ADJUST-
I(action a) function is defined as follows:

Definition 1 ADJUST-I(action a): This function ad-
justs the task-Q-values of each planning agentm, consid-
ering a global actiona, in a global states. The adjustment
is made according to the interactions between the actions of
each other planning agentm′.

Before detailing the calculus to obtain the adjusted Q-
value according to the interactions with another action,
am

Intert
(am

t , s|a′m′

t ) ∈ am
t is introduced as the part of action

am
t in interaction witha′m′

t . In this context, the following
definition is given:

Definition 2 Interam

t
(am

Intert
(am

t , s|a′m′

t ), s|a′m′

t ) is

the modified efficiency of actionam
Intert

(am
t , s|a′m′

t ) in state

s knowing that actiona′m′

t is also executed.

For example, ifInteram

t
(am

Intert
(am

t , s|a′m′

t ), s|a′m′

t ) =

0.7, it means thatam
Intert

(am
t , s|a′m′

t ), knowing thata′m′

t

is also used, has its efficiency at70% of its regular one.
In addition, both the ADJUST-I(action a) and ADJUST-
SA(action a) functions need an upper bound on the value
that a state may take in a specific iteration. The definition
of this term has a great effect on the quality of the approxi-
mation obtained for the approach in this paper. In particular,
the upper bound is defined as follows:

Definition 3 UpBound
am

t

s represents the maximum
value that agentm may expect to obtain in states, when
executing actionam

t . All upper bounds are specified at each
iteration of the planning algorithm.

The heuristic used to determine the upper bound for a
states, and actionam

t by agentm, is the highest value of
a possible state transition. A possible state transition iscon-
sidered as a state for whichPam

t
(s′|s) > 0. This way, the

upper bound overestimates the possible value of a state since
it is very improbable that an action would guarantee reach-
ing the upper bound. This upper bound provides an approx-
imation of sufficient quality to address the problem at hand.
Better approximations remain possible. The Algorithm 1
to obtain the value of ADJUST-I(action a) for a specific
globala, in a states is now described. In the algorithm the
noop term signifies the no-operation action.

Algorithm 1 Considering interactions.
1: Fun ADJUST-I(actiona)
2: for all m ∈ Ag and t ∈ T do
3: if am

t 6= noop then
4: nullam

t
← Qm

t (noopam

t
, s(||resm

t −resm
t (am)||))

5: deltaam

t
← Qm

t (am
t , s) − nullam

t

6: for all m′ ∈ Ag different fromm do
7: if am′

t 6= noop then
8: inter ← Interam

t
(am

Intert
(am

t , s|a′m′

t ), s|

a′m′

t )
9: if inter 6 1 then

10: deltaam

t
← deltaam

t
× inter

11: else
12: gain ←

deltaa
m

t

UpBound
a

m

t
s −nullam

t

13: nGain ← 1 − ( 1−gain
inter

)

14: deltaam

t
← deltaam

t
× nGain

gain

15: for all m ∈ Ag and t ∈ T do
16: Qm

t (am
t , s) ← nullam

t
+ deltaam

t

Line 4 of the algorithm represents the value of an action
which has an interaction of 0. The intuition is that doing
nothing (noopam

t
), and subtracting the resource used by the

action, has the same value as doing an action which is sure
of not realizing its purpose. The results of Line 5 is the
difference of utility from not considering the interactions
to consider an interaction of 0. Afterwards, two cases to
compute the Q-value of the current planning agent, consid-
ering an interaction with another planning agent are possi-
ble. Firstly, in Line 9, negative interactions are considered
such thatinter 6 1. In this case,deltaam

t
is adjusted by



Algorithm 2 Considering simultaneous actions.
1: Fun ADJUST-SA(actiona)
2: for all t ∈ T do
3: bound ← (Rst

|st = ¬goal)
4: for all m ∈ Ag do
5: if am

t 6= noop then
6: nullam

t
← Qm

t (noopm
t , s(||resm

t −
resm

t (am)||))

7: if UpBound
am

t

s > bound then
8: bound ← UpBound

am

t

s

9: noopG ← nullam

t

10: for all m ∈ Ag do
11: if am

t 6= noop then
12: deltaam

t
← Qm

t (am
t , s) − nullam

t

13: sumt ← sumt + deltaam

t

14: valt ← valt + ((bound − noopG) − valt)

×(
deltaa

m

t

UpBound
a

m

t
s −nullam

t

)

15: for all m ∈ Ag do
16: if am

t 6= noop then
17: Qm

t (am
t , s) ← nullam

t
+ (deltaam

t
× valt

sumt

)

multiplying it with the interaction. On the other hand, if
the interaction is positive (i.e. Line 11) the adjustment is
more complex. The Line 12 represents the “gain” the cur-
rent action has made according to the upper bound it may
reach. Then, this “gain” is reviewed considering the inter-
action in Line 13. The newdeltaam

t
is obtained by multi-

plying it with a fraction of the gain of the interaction and
the gain without interaction. Finally, in Line 16 all task-Q-
values are updated considering the newdeltaam

t
. The update

of all task-Q-values is made after all adjustment have been
done, thus the reason of the summation in Line 15.

To consider simultaneous actions, the ADJUST-
SA(action a) function is used, and is defined as follow:

Definition 4 ADJUST-SA(action a): This function ad-
justs all task-Q-values of each planning agentm, consider-
ing a global actiona, in a global states. The adjustment
is made according to the simultaneous actions of all other
planning agentsm′.

Algorithm 2 details the ADJUST-SA(action a) function.
The first part of the algorithm (i.e. Lines 6 to 9) finds the
highest upper bound, considering all agents. The second
part (i.e. Lines 10 to 14) calculates two terms. Firstly,sum
represents what the agents expects to gain by planning for
their action, by planning independently. Then,val computes
the maximum value that all agents may have, considering
that they are planning on the same task. When these two
terms are computed, in Line 17 the gain of value of planning
for this action is multiplied by the fractionval/sum. In
this line, the new Q-value is also affected to this “adjusted”
gain. Like in the previous algorithm, the update of all task-
Q-values is made after all adjustment have been done.

Now, the central agent knows how to compute the ad-
justed Q-value of each planning agent in a state, given the

action of the other planning agents. The other function
the central agent uses in its coordination process is the
GLOBAL-VALUE() one.

Determining the value of a global action
To determine the action to execute in a state, thecentral

agent has to calculate a global Q-value, considering each
planning agent Q-values. This is done in a precise manner
by considering the task-Q-values. Before introducing the al-
gorithm, we recall that a planning agent for each resource
type, and amNoop planning agent for thenoop (no op-
eration) action are considered. Thenoop action has to be
considered since this action may modify the probability to
achieve certain tasks in a state.

Algorithm 3 Computing the Q-value of a state.

1: Fun GLOBAL-VALUE(Q-Value [] QAg(aAg, s))
2: Q(a, s) ← 0
3: for all t ∈ T do
4: val ← QmNoop

t (amNoop
t , s)

5: for all m ∈ Ag do
6: val ← max(Qm

t (am
t , s), val + ((1 − val)

×Qm
t (am

t , s) − QmNoop
t (amNoop

t )))
7: Q(a, s) ← Q(a, s) + val

Algorithm 3 determines a precise value of the adjusted
task-Q-value of many planning agents in a state. The cen-
tral part of this algorithm is in Line 6 where the value of a
task is computed, according to all agents. Here, the maxi-
mum between the Q-value of the current agentm, and the
gain that the current agent may offer is taken as the value
val. In this case, the Q-value of a planning agentm is sub-
tracted by themNoop planning agent, because each agent
considers also thenoop action. The last function that the
central agent needs to coordinate the planning agent in a
near-optimal manner at each iteration is described; the adap-
tation of the value iteration (Bellman 1957) algorithm for
MTAMDPs.

Value Iteration for MTAMDPs
The value iteration MTAMDP algorithm is presented in

Algorithm 4. In lines 6 to 9 of this algorithm, a Q-value is
computed for all task-state-action tuples for each planning
agent. The agents are limited byLres andGres while plan-
ning their respective policies. Afterwards, in lines 13 and
14, thecentralagent adjusts the value of all action combina-
tions, in all possible states using the ADJUST-I(action a)
and ADJUST-SA(action a) functions (i.e. Algorithm 1
and 2). When the adjusted value of each action is deter-
mined, the global valueV ′(s) is computed in Line 15. If
this global Q-value is the maximum one at present, the value
of each planning agent is assigned to the adjusted Q-value
(i.e. V ′m(sm) ← Qm(am, sm) in Line 18). The new value
of the state is also assigned to the global value obtained by
GLOBAL-VALUE() (i.e. V ′(s) ← Q(a, s) in Line 19).
When the global value function has converged, this policy is



used for execution. All the performed experiments, as pre-
sented in the next section, resulted in a convergence. This
paper does not present a formal theorem to prove the conver-
gence, or the near-optimality of the algorithm. These proofs
are for future work.

Algorithm 4 MTAMDP-VALUE-ITERATION.
1: Fun MTAMDP-VI(statesS, errorǫ)
2: returns a value functionV

{Planning agents part of the algorithm}
3: repeat
4: V ← V ′

5: δ ← 0
6: for all m ∈ Ag do
7: V m ← V ′m

8: for all sm ∈ Sm and am ∈ Am(s) do
9: Qm(am, sm) ← R(sm)+

∑
s′m∈Sm

Pam(s′m|sm)

V m(s′m)
{Centralagent part of the algorithm}

10: for all s ∈ S do
11: V ′(s) ← R(¬s)
12: for all a ∈ A(s) do
13: ADJUST-I(a)
14: ADJUST-SA(a)
15: Q(a, s) ← GLOBAL-VALUE()
16: if Q(a, s) > V ′(s) then
17: for all m ∈ Ag do
18: V ′m(sm) ← Qm(am, sm)
19: V ′(s) ← Q(a, s)
20: if |V ′(s) − V (s)| > δ then
21: δ ← |V ′(s) − V (s)|
22: until δ < ǫ
23: return V

Discussion and Experiments
Modelling a stochastic resource allocation problem us-

ing MTAMDPs allows diminishing the number of actions to
consider in a given state. The difference in complexity be-
tween MMDPs and MTAMDPs resides in the reduction of
the computational burden from using Equation 2, in contrast
to using Algorithms 1, 2, and 3 when computing the value
of each action combination.

The MMDP approach is computed as a traditional ‘flat’
MDP on the joint action and state spaces of all agents.
The domain of the experiments is a naval platform which
must counter incoming missiles (i.e. tasks) by using its re-
sources (i.e. weapons, movements). The different resources
have their efficiency modified when used in conjunction on
a same task, thus producing positive and negative interac-
tions between resources. For the experiments, 100 randomly
resource allocation problems for all combinations of num-
ber of tasks and resource types, where one agent manages
each resource type were generated. There are three types of
states. Firstly transitional states where no action is possible
to modify the transition probabilities. Then, action states,
where actions modify the transition probabilities. Finally,

there are final states. The state transitions are all stochas-
tic because when a missile is in a given state, it may always
transit in many possible states.

We compare the MTAMDP approach with an MMDP ap-
proach in Figures 5 and 6, where each agent manages a dis-
tinct resource type. The results are very conclusive. For
instance, it takes1978.0 seconds to plan for an MMDP ap-
proach with three tasks (see Figure 5). The MTAMDP ap-
proach solves the same type of problem in an average of6.93
seconds. Further results are given in Figure 6. As a matter of
fact, one can observe that when the number of possible ac-
tions increases, the planning time for MMDPs suffers much
more than for MTAMDPs.
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Figure 5: Gains in computational efficiency with five agents.
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Figure 6: Gains in computational efficiency with three tasks.

Table 1 details how far the expected value of the
MTAMDP approach is from an optimal MMDP approach.
With one agent, the MTAMDP approach is optimal since no
coordination is needed. This result suggests that Algorithm
3 is optimal, and a formal theorem to proof that is for future
work. All the tests performed with two agents resulted in
an optimal policy. This result needs further investigationto
draw any valid conclusion.



Table 1: The percentage of the optimal obtained with
MTAMDPs.

1 task 2 tasks 3 tasks
1 agent 100% 100% 100%
2 agents 100% 100% 100%
3 agents 99, 99% 99, 99% 99, 99%
4 agents 99, 99% 99, 99% 99, 98%
5 agents 99, 99% 99, 98% 99, 98%

Conclusion and Future Work
A new approach has been proposed to tackle the plan-

ning problem for resource allocation in a stochastic envi-
ronment. The Multiagent Task Associated Markov Decision
Process (MTAMDP) framework has been introduced to re-
duce the computational leverage induced by the high number
of possible resources. The experiments has shown that the
MTAMDP provides a potential solution to solve efficiently
real-time stochastic resource allocation problems with posi-
tive and negative interactions.

A way to improve the proposed MTAMDP consists of
providing a more precise upper bound on the value that a Q-
value may have. Currently, the approach simply considers
the maximum value of the possible states transitions. This
way, the upper bound overestimates the possible value of a
state since it is very improbable that an action would guar-
antee reaching the upper bound. Other heuristics need to be
explored to define the upper bound.

The Q-Decomposition approach proposed by Russell and
Zimdars (Russell & Zimdars 2003) is approximative for the
resource allocation problem considered here. However, it
may be combined with the MTAMDP method to further re-
duce the planning time. Indeed, the Q-Decomposition would
decompose the problem in tasks, and the MTAMDP method
decomposes the problem in resources. Thus, this would per-
mit two degrees of decomposition.

Another way to improve MTAMDPs may be to coordinate
the agents using a Partial Global Planning (PGP) (Decker &
Lesser 1992) approach instead of acentralagent. The PGP
approach solves the bottleneck effect induced by thecentral
agent. Furthermore, the coordination will be more precise,
as only interacting agents will coordinate with each other.
Other promising future work is to extend the MTAMDP ap-
proach with that of Singh and Cohn (Singh & Cohn 1998) to
use an upper bound and a lower bound on the value of each
state. The Singh and Cohn approach needs some modifica-
tions to be used for the resource allocation problem consid-
ered here, as positive and negative interactions were con-
sidered here. The idea is to solve the problem using the
MTAMDP approach, but with a upper and lower bounds on
the value of each state.

References
Aberdeen, D.; Thiebaux, S.; and Zhang, L. 2004. Decision-
theoretic military operations planning. InProceedings of
the International Conference on Automated Planning and
Scheduling.

Bellman, R. 1957.Dynamic Programming. Princeton Uni-
versity Press, Princeton, New Jersey.
Bertsekas, D. 2005. Rollout algorithms for constrained
dynamic programming. Technical report 2646, Lab. for
Information and Decision Systems, MIT, Mass., USA.
Boutilier, C. 1999. Sequential optmiality and coordina-
tion in multiagent systems. InProceedings of the Six-
teenth International Joint Conference on Artificial Intelli-
gence (IJCAI-99), 478–485.
Decker, K. S., and Lesser, V. R. 1992. Generalizing the
partial global planning algorithm.International Journal of
Intelligent Cooperative Information Systems1(2):319–346.
Dolgov, D. A., and Durfee, E. H. 2004. Optimal
resource allocation and policy formulation in loosely-
coupled markov decision processes. InProceedings of the
Fourteenth International Conference on Automated Plan-
ning and Scheduling (ICAPS 2004), 315–324.
Feinberg, E. A., and Shwartz, A. 1996. Constrained dis-
counted dynamic programming.Mathematics of Opera-
tions Research21:922–945.
Hosein, P. A., and Athans, M. 1990. Some analytical
results for the dynamic weapon-target allocation problem.
Naval Research Logistics.
Howard, R. A. 1960.Dynamic Programming and Markov
Processes. Cambridge, Massachusetts: MIT Press.
Meuleau, N.; Hauskrecht, M.; Kim, K.; Peshkin, L.; Kae-
bling, L. P.; Dean, T.; and Boutilier, C. 1998. Solving very
large weakly coupled markov decision processes. InPro-
ceedings of the Fifteenth National Conference on Artificial
Intelligence, 165–172. AAAI Press.
Plamondon, P.; Chaib-draa, B.; and Benaskeur, A. 2005.
Decomposition techniques for a loosely-coupled resource
allocation problem. InProceedings of the IEEE/WIC/ACM
International Conference on Intelligent Agent Technology
(IAT 2005).
Russell, S. J., and Zimdars, A. 2003. Q-decomposition for
reinforcement learning agents. InICML, 656–663.
Singh, S., and Cohn, D. 1998. How to dynamically merge
markov decision processes. InNIPS ’97: Proceedings of
the 1997 conference on Advances in neural information
processing systems 10, 1057–1063. Cambridge, MA, USA:
MIT Press.
Wu, C. C., and Castanon, D. A. 2004. Decomposition tech-
niques for temporal resource allocation. Technical report:
Afrl-va-wp-tp-2004-311, Air Force Research Laboratory,
Air force base, OH.
Wu, J., and Durfee, E. H. 2005. Automated resource-vriven
mission phasing techniques for constrained agents. InPro-
ceedings of the Fourth International Conference on Au-
tonomous Agents and Multiagent Systems (AAMAS 2005),
331–338.
Zhang, W. 2002. Modeling and solving a resource alloca-
tion problem with soft constraint techniques. Technical re-
port: Wucs-2002-13, Washington University, Saint-Louis,
Missouri.


