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Abstract – This paper discusses the prediction 

process, which is the main step of the online 
monitoring process for a multi-agent plan. The 
monitoring process uses a relational model to estimate 
the internal status of the system, which is dynamic 
(changes over time). Unfortunately, the agents have 
partial observability of the environment; thus, the 
monitoring process cannot accurately determine the 
system status (known in the literature as belief state) at 
any instant. The prediction process is composed of two 
stages: a simulation stage (prediction of all possible 
system states at the succeeding time) and a clipping 
stage (elimination of states that are incompatible with 
the observations or with the constraints from predicted 
system states).  
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Plan, Belief State, Prediction Process. 
 
 
1. Introduction 

 
Although many methods of online diagnosis 

exploit the multi-agent system (MAS) context to 
diagnose complex systems, it is also necessary to 
diagnose the MAS itself. This paper discusses 
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methods to diagnose the MAS, particularly on 
methods where the MAS corresponds to a multi-
agent plan (MAP) execution. In this situation, a set of 
agents called executors carry out simultaneous 
operations, following a preexisting global plan and in 
the context that is partly visible. We choose this 
system because in real planning circumstances, the 
execution of a specific plan is usually decentralized 
and is performed by parallel agents. Moreover, the 
closed monitoring cycle in MAP execution includes 
multiple tasks. 

The first challenge is related to the development of 
new methods for planning (for example the ones 
mentioned in [1]) to determine a global plan where 
concurrent operations are assigned to a set of 
collaborating agents. 

A further crucial problem is the execution of the 
current plan in the real world. As argued in [2], the 
success of a plan execution is menaced by 
unpredicted incidents that depend on the domain, 
which may cause operation failure. Plan menaces can 
be problems in the coordination process such as 
conflicts between agents [3], competition between 
agents to use some resources [4], or imperfections in 
software/hardware of agents’ features [5], [6]. 

Planners dealing with a specific class of menaces 
that are domain-dependent have two choices: prevent 
the menaces or deal with them separately as they 
appear [7]. Note that some classes of menaces can be 
prevented at planning level, but unfortunately, the 
planner cannot expect or forecast all classes of 
menaces in general. For example, in [8], their 
approach copes with plans that are presumed to be 
without coordination failures (e.g., competition for 
resources access) considering that the occurrence of 
errors cannot be avoided, and they are taken into 
account during the plan fulfillment. 

In addition, the option of a conformant planners’ 
case [9] appears to be impossible because of the 
computational cost. Actually, a conformant planner 
must expect all probable menaces; this task may be 
very complicated because in reality, plans consist of 
several operations and each activity can go wrong in 
different (multiple) manners. In particular, the 
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occurrence of unexpected interactions between the 
executors may be a very difficult issue to manage by 
a conformant planner. 

Consequently, we cannot preclude menaces from 
occurring, and we cannot entirely expect them at the 
planning level. However, plan execution cannot be a 
blinded process; preferably, it needs to be carefully 
handled online to find out anomalies (i.e., 
inconsistencies among the expected behaviors and 
the noticed ones) as early as they appear. 
Furthermore, in real applications, because of 
usefulness requirement, the plan execution should be 
robust (fault tolerant). This implies that the system 
continues operating properly in the event of 
unpredicted circumstances (for example, by 
reconfiguring the system) and attain the goals in spite 
of exception occurrences. Nevertheless, the system 
adaptation must be deduced from the root causes of 
the exceptions. Hence, identification of exceptions is 
insufficient; exceptions must be clarified by a 
diagnostic explanation that determines the plan 
menaces, which are the sources of those exceptions 
[8]. 

The purpose of this study is to elaborate a solution 
of MAP online monitoring problems by proposing a 
new model that expands the existing techniques. 
Mainly, we consider complex (non-atomic) actions. 
In particular, our model describes the correct and 
incorrect operation behaviors. We start by 
developing a system model that must be adequately 
adjusted in line with the operations executed by the 
executors. To this purpose, we apply a compositional 
mechanism defined in previous model-based 
approaches [1]–[6]. 

Furthermore, we assume that the context, where 
the MAP is performed, is not completely visible. The 
incomplete perception of the system context affects 
the precision of the monitoring stage outputs. The 
monitoring estimates a belief state (a list of possible 
system states). Note that the belief state size could be 
very large because we are aiming to store all 
predicted states (not just the most probable states); 
thus, the challenge is how to describe adequately the 
extremely complex belief states because this will 
affect the accuracy of the diagnoses. 

This work focuses on the prediction process, which 
is responsible for enumerating all possible states in 
which the system can exist by computing the belief 
state at each moment. The remainder of this paper is 
organized as follows. Section 2 presents the 
fundamental and necessary elements of the 
centralized online monitoring approach and 
introduces related works. The third section discusses 
the proposed approach: the centralized prediction 
process. Because the centralized monitoring 
approach possesses some limitations, in particular, 
the approach scalability, a distributed approach for 

the monitoring, which overcomes the issues of the 
centralized one, is described in Section 4. Section 5 
proposes a distributed prediction process, which 
computes a globally consistent belief state. Finally, 
Section 6 concludes our work and discusses future 
research directions.  
 

 
2. Centralized Online Monitoring Approach 

 
The centralized online monitoring process 

performs three activities: 
 

− Holds an accurate local description of belief state 
(all possible system states); 

− Determines the operation completion state 
(success, delay, or failure); 

− Executes a diagnosis process at the end of the 
operation to infer possible explanations of the 
operation outcomes. 
 

Supervision refers to the evaluation of the system 
status at each instant, i.e., online detection and 
storage of the plan progress. Unfortunately, we 
cannot deduce the system status based only on the 
currently running operations, because at some point, 
the system behavior cannot be predicted (for 
example, a harmful interaction between agents arise 
or an operation evolves in an unexpected way). 
Therefore, the monitoring process uses the 
information observed from the environment (agents 
and sensors) to refine the system status. Furthermore, 
the perceived information is partial and does not 
provide the supervisor with a complete picture of the 
system status. Generally, sensors provide only some 
important points of the context; thus, sometimes, the 
agents cannot discover relevant events including the 
presence of errors. In other words, the supervision 
deals with a context that is partially visible. 
Consequently, the supervisor will not be able to 
determine the accurate system status; instead, the 
supervisor determines all possible system states 
(called belief states), which are compatible with the 
perceptions obtained at that point. 

For a given scheduled plan (SP), a plan execution 
monitoring (PEM) is formally defined as a tuple 

>=< ],0[,, 0 TobsBSPPEM , where: 
 

− SP  represents the scheduled plan, 
− 0B  describes the system belief state at 0=t , 
− ],0[ Tobs  defines the list of collected information 

from system context during the time interval 
],0[ T , where T  expresses the value of a lenghtly 

path in SP  
 

Certainly, at a particular moment ],1[ Tt∈ , the 
supervisor considers only the available observations 
at that time called )(tobs (received messages from 
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sensors and other agents at t ). In our model, the 
PEM solution is simply a history 

)0:(/],,,[ 10 TtBBBBH tT = , which represents 
possible system states at instant t . In other words, 
H is a set of all belief states computed during ],0[ T . 

Our work focuses on a prediction process, which is 
responsible for belief state computation at each 
instant. Indeed, the supervisor determines, at each 
instant t, the system status by considering the actual 
running operations )(tactiveOps  and the plan threats 
that occurred. 

  In a previous study [8], we defined and modeled 
the necessary features required for the MAP 
dynamics. As demonstrated, these features identify 
all possible events (including failures), which can 
occur while executing the MAP. Nevertheless, these 
features cannot be used directly for monitoring the 
execution of a specific MAP instance SP for two 
reasons: these features are patterns and must be 
instantiated, and they describe only changes in 
particular components but do not model the global 
plan dynamics. Usually, a modification in one 
component can lead to modifications in other 
components, and the impact broadcasting cannot be 
modeled by applying these features as separate 
information pieces. By way of illustration, it is clear 
that the occurrence of an error in executor’s feature 
will affect the status of the operation carried by this 
executor. Therefore, the proposed model should 
clarify the evolvement of the entire system. 

 

Our suggested approach contains two phases: 
 

1. Development of a model that focuses on a 
particular operation instance >< iexop,  by 
synchronizing the available set of fundamental 
items. This model is described by a transition 
relation >< iexop,∆  of the operation instance 

>< iexop, . 
2. Development of a global transition relation from 

the models >< iexop,∆  of the actual running 
operations. 
 

Note that the second phase can be performed by 
creating a monolithic transition relation of the 
system, which is composed of >< iexop,∆  of all running 
operations. However, this technique has serious 
shortcomings; actually, the monolithic transition 
relation size can be extremely large; thus, its 
processing is difficult from a computational 
perspective. Furthermore, in our MAS context, the 
transition relation is dynamic and varies with time 
because it depends on the current operations 
performed by executors. Consequently, at the end of 
each operation, a new global transition relation 

should be computed, and unfortunately, this activity 
needs to be executed online very effectively. 

Our proposed approach does not build a monolithic 
transition relation. Our global transition relation ∆ is 
defined as the collection of all relations >< iexop,∆  at 
each moment. Thus, updating of ∆ is very easy 
(directly add or delete some of the >< iexop,∆ ). 
However, we must consider the fact that relations 

>< iexop,∆  are dependent because of shared resources 
(interdependency between parallel operations). In our 
model, the global transition relation partitioning is 
achieved by copying the status of resources and by 
defining resource constraints to preserve coherence 
between all copies. 

 
The belief state: Theoretically, the global transition 
relation ∆ is used by a supervising module to predict 
the actual status of the system )(tS  based on a prior 
status )1( −tS . Two problems must be considered: 
 

• is a nondeterministic relation because it is a set 
of ∆∆ ∈>< iexop, , which are nondeterministic, and 
other transitions are not perceptible. Thus, the 
monitoring cannot usually predict the accurate 
system status )(tS . However, the monitoring 
estimates a list of all possible system states, 
which are acceptable because they are all 
compatible with the resource constraints and the 
perceptions gathered at that point. This list is 
called belief state and will be expressed as tB . In 
contrast to several model-based diagnosis 
techniques [10], the belief state includes only the 
most probable systems states. Sometimes, the 
current system status falls out from the actual 
belief state. For this reason, these techniques are 
equipped with a backtracking service. We 
proposed [8], [11] the belief states that contain 
all alternative system states; accordingly, we 
avoid the backtracking. 

• Initial system status: Actually, the actual status 
)0(S  at 0=t  is sometimes partially unknown. In 

our case, we assume that at time 0, the belief 
state 0B  must contain the current system status 

)(tS and fulfill all global constraints. Note that 
this assumption is independent of the current 
status of executors (thus, some of the executor 
status can be abnormal at time 0); obviously, the 
initial belief state should contain the actual 
system status and should be compatible with the 
resource constraints. 
 

Conclusively, we formally describe a belief state 
tB , which is a list of all possible system states, 

where: 
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1. tBS ∈∀  is compatible with the resource 
constraints and available perceptions at t 

2. The current system status S at t must belong to tB  
3. tB  is compatible with the prior belief state 1tB −  

and the global ∆: tBS ∈∀ is estimated from 

1tBS −∈′  and ∆ 
 

The last condition inherently imposes that the belief 
state is compatible with the historic prior belief 
states. 
 
3. Centralized Prediction Process 

 
The prediction process is the main step in the 

online monitoring algorithm, and it is formalized in 
this section. Note that the belief state tB  is a relation; 
thus, the entire supervision process can be defined 
using relational operators. Formally, each tuple 

tBb∈ and ><∈
iexopd ,∆ are modeled as follows, 

 

>=< )(,),(
1

tStSb
nexex   

>−=< )(,,),1( tSmlistexlisttSd
ii exex  

where: 
 

• )(tS
iex  represents the iex status at instant t , 

• exlist  represents the external input events list, 
and 

• mlist  is the received messages list (possibly 
empty) 
 

Let ),( >< it exopPS  be the prediction set of the 
expected progressions of operation >< iexop, , and it 
can be computed by joining the relations 1−tB  (prior 
belief state) and ><∆ iexop, (transition relation). 
Formally, 

 

1tit BexopPS −=>< ),( ⨝ >< iexop,∆  
where ),( ><∈ it exopPSp  has the form, 

>−−=< )(,,),1(,),1(
1

tSmlistexlisttStSp
in exexex   

 

Therefore, each tuple p  includes the prior system 
state )1( −tS  and foresees the iex  status at instant t . 
Accordingly, any two operations >< ii exop ,  
and >< jj exop ,  in )(tactiveOps  satisfy the relation, 
 

φ=><∩>< ),(),( jjactiveiiactive exopVexopV  
 

This characteristic is a direct consequence of the 
partitioning of status variables of the system (realized 
by duplicating the resource variables). Consequently, 
the variables controlled by ><∆ ii exop ,  are always 
entirely disjoined from those controlled by ><∆ ii exop , . 
Because the relational ⨝ is commutative, we deduce 
that, 

tB( ⨝ ), >< iexiop∆ ⨝ =>< kexkop ,∆ tB( ⨝ ), ><∆ kk exop ⨝

>< iexiop ,∆  
 
This characteristic signifies that the >< jj exop ,  
progression does not affect the >< kk exop ,  
progression and vice versa. 

The prediction phase can be described by using the 
⊕ operator based on the relational join. 

 
Proposition: At any time t , the prediction set tPS  is 
computed as ∆⊕−1tB , where, 

1tt BPS −= (( ⨝ ), >< 11 exop∆ ⨝ ) ⨝ >< nn exop ,∆  
Particularly, tPS  is progressively computed as 

111 −=>< tt B)ex,op(PS ⨝ ><∆ 11 ex,op  

)ex,op(PS)ex,op,ex,op(PS tt ><=><>< 112211 ⨝ ><∆ 22 ex,op  
  

)ex,op,,ex,op(PS nnt ><>< −− 1111  ⨝ tex,op PS
nn

=∆ ><  
 

Consequently, the predictions determined using 
>−−< 1iex1iop ,∆  are joined with those determined using 

>< iexiop ,∆  ( ni 2: ). Thus, tPSp∈∀  can be expressed 
as 
 

>−−=< )t(S,),t(S,mlist,exlist),t(S,),t(Sp
nn exexexex 

11
11  

 

Unfortunately, the prediction set tPS  contains false 
data because the operator ⊕ does not consider the 
observations collected at instant t . In this case, tPS  
is cleaned by discarding the estimations incompatible 
with )(tobs . The selection σ operator is applied to 
select only predictions that are compatible with 

)(tobs  from tPS . Specifically, 
 

)}(/{)( tobsmlistPSpPSSP tttobst ⊆∈==′ σ  
 

where mlist  is the list of messages identified in p. 
Therefore, p is preserved in tSP ′  if and only if all the 
predicted messages in mlist  belong to )(tobs . 

At this point, we are sure that tSP ′  is compatible 
with )(tobs , but unfortunately, it is not necessarily 
compatible with the resource constraints. The 
operator ⊕ estimates the operation progress and 
ignores the possibility of simultaneous access to 
shared resources. Consequently, for a particular 
resource hres , there is a tuple tSPp ′∈  for 
which )( ihiex resS  and )( khkex resS  do not fulfill the 
constraint CONSconsh ∈  related to hres  ( CONS  is a 
list of constraints on resources used). To remove 
predictions p that do not satisfy the resource 
constraints, the selection operator is again used as 
follows, 

><′∈=′σ=′′
n1 exextttobst SSSPpSPSP ,,/{)(  ˫ }CONS  
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At this point, tSP ′′  contains all predictions that are 
compatible with )(tobs  (collected observations) and 
CONS (resource constraints). 

tB , representing the belief state at time t is computed 
by applying the relational projection tπ . Formally, 

}SP)t(S,mlist,exlist),t(S:p/)t(S,),t(S)t(S{     
)SP(B

texex
ttt

n
′′>∈−<>=<=

′′π=
1

1


As soon as tB  is computed, the prediction process 
will be iterated in order to estimate the succeeding 

1tB + . tB  is ∆ predicted from 1tB −  if and only if tB  is 
computed as, 
 

)))((( )( ∆⊕σσπ= −1ttobsCONStt BB  
 

 
Figure 1. Centralized Prediction Process 

 
Figure 1. describes the different steps of the 
centralized prediction process. This process is 
performed on every pair of successive times 

],,1[/)),1(( Tttt ∈− . It follows that the PEM 
solution can be modeled as the belief state history 

],,,[ T10 BBBH = , where: 
1. 0B  is the initial belief state of the system. 
2. For each ],,1[ Tt ∈ , HBt ∈  if and only if tB  is 

∆ predicted from 1tB − . 
The ∆ prediction assures that any belief state tB  is 
compatible with the historic prior belief state. Thus, 

tB  will be considered as ∆ predicted from 1tB −  if and 
only if it is computed according to the described 
prediction process, which is summarized in Figure 1. 
 
 
 
 
 
 

4. Distributed Monitoring Architecture 
 
This section is dedicated to a different system 

architecture, where the SP monitoring is assigned to 
a team of software agents called Agts . Particularly, 
the SP monitoring task is broken down into sub-
tasks, and each agent Agtsi∈  is responsible for the 
execution of one sub-task, which involves the 
supervision of the executor iex behavior [11]. In this 
situation, we assume that the agent i  receives only 
the messages from sensors as reaction to events 
related to iex . Thus, )(tobsi  represents the list of 
available observations collected by agent i at time t . 

The task decomposition, as explained above, does 
not assure total independency between sub-tasks. 
Actually, as harmful interactions can occur, the 
current progression of iex ’s operation depends on the 
communication involving iex  and iex 's status. 
Nevertheless, agent i  cannot always identify the 
occurrence of interactions because it perceives only a 
partial picture of the system. Therefore, agent i  
needs to cooperate with others to preserve a 
compatible representation of the executor iex  status 
at a global level. 

In order to achieve an effective collaboration 
between agents, we adopt two reliable approaches in 
the distributed system [10]. Initially, we start by 
decreasing the number of collaborating agents. In 
particular, at each instant, the agent Agtsi∈  detects 
the dependency set online that contains the list of 
other agents, which collaborate with agent i : agent i  
considers the actual running operations by all agents. 
Definitively, because the running operations set is 
dynamic (changes over time), then the collaboration 
between agents also needs to be dynamic; the agent 
dependency set needs to be computed at each instant. 

The following step is related to the identification 
of exchanged data between agents to achieve an 
efficient collaboration. Rather than having each agent 
sends its data (received from monitored executor and 
sensors), the agents interchange incomplete 
information, which will be proceeded later on. 
Particularly, the processing step integrates all 
received information from all agents in the one 
dependency set and then excludes the conflicting 
states (incompatible at the global level). 

 

Thus, the distributed monitoring process is 
performed in two steps: 

 
 
 
 
 
 
 
 
 

obs(t): observations 

),( HBInsert t

)()( ttCONSt SPGSP ′←′′

)( ttt SP ′′π←β

1-tB  get

1tt BPS −⊕∆←

)()( ttobst PSGSP ←′

t: time 
H: History 

Start 

CONS: global constraints 

1-tB

tPS

tSP ′

tSP ′′

tβ

End 
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1. Determination of the dependency set of agent i  

denoted as )(tdepi . 
2. Cooperation between agents in the same 

dependency set to identify dependency beliefs 
that are globally compatible. 

 
Dependency set determination: To compute the 
dependency set of agent i , some challenges should 
be considered:  
 

• Agents gather a part of existing observations. 
• The global SP  is unknown to agents; they know 

only iSP .  
• The dependency set computation is performed at 

each time because it is related to the current 
running operations )(tactiveOps . 

• The operation can fail or completes with delay; 
thus, it is impossible to expect the dependency 
sets offline based on SP. 
 

Because agents possess insufficient information to 
compute the dependency set alone, their 
collaboration is required. Fundamentally, the 
collaboration is realized by information exchange. 
Each agent will exploit the information received 
from other agents to determine its dependency set 
locally. In our proposed approach, we suppose that 
the communication between agents uses a shared 
memory, particularly, an array activeOps  
representing the set of actual running operations 

)(tactiveOps . The ith entry of the array holds the 
operation executed by iex , i.e., 

 

>=< ii exopiactiveOps ,][
 

 

Figure 2. shows the synchronization algorithm 
required to control access to the shared structure 
activeOps during the collaboration process. The main 
idea of the collaboration algorithm is that every agent 
i  notifies the other agents when it starts a new 
operation execution. In summary, whenever the 
variable changed becomes true, it implies that a new 
operation >< ii exop ,  will be executed, and it should 
be added to the array ][iactiveOps . However, the 
usage of a shared variable ( ][iactiveOps ) must be 
controlled for synchronization purpose. Particularly, 
we identify two agent functions: writer and readers. 
The writer is an agent that modifies an entry in 

][iactiveOps , whereas the reader is an agent that 
accesses ][iactiveOps  to determine the dependency 
set. Note that multiple readers can access 
simultaneously activeOps  while writers access 
activeOps  in mutual exclusion. For this reason, the 
algorithm uses two semaphores: writer and readers. 
The initial value of writer is 1 to guarantee the 

mutual exclusion access to activeOps . On the other 
hand, reader is initialized to Ags (number of agents 
in the system); thus, readers can access activeOps if 
and only if all writers are not using activeOps . 
 

 
Figure 2. Synchronization Algorithm 

 
The agents can compute their dependency set by 

just accessing information from activeOps  and as the 
operation >< ii exop ,  contains information about the 
resources required by iop . This approach works 
properly even with delays or failure in the current 
operations because it is independent of the operation 
status. 
 
5. Distributed Prediction Process 

 
This section describes the computation of 

dependency belief I
tB , which is globally consistent. 

An instinctive approach to this is as follows: first, 
each agent computes its dependency belief set 
locally, which is compatible with its local 
observations, and then the global dependency belief 
will be the composition of all executor dependency 
beliefs sets. Unfortunately, this approach is 
unworkable. Even if the computed dependency belief 
is globally consistent, in some situations, it contains 
impracticable states (i.e., impossible partial states). 
An accurate prediction process must discard 
impracticable states from the global dependency 
belief. In short, we have to predict states that are 
compatible with prior historic states. 

Start 

)(readersSignal

)(readerswait

I return

)activOps,i(SetDependencyComputeI −←

)writer(wait

><← ii ex,op ]i[activOps

)writer(Signal

True 

False 

Changed? 
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To determine a dependency belief I
tB , which 

contains only practicable states, the agents exchange 
further with the predicted belief state i

tB  the entire 
transition from I

1tB ′
−  to i

tB , where )1( −=′ tdepI i  is 
the dependency set of the agent i at time )( 1t − . 
Specifically, the agents will exchange the transition 
set i

tD  described as follows: 
Assume that I represent the dependency set, and 
Ii∈  is an agent responsible for supervising an 

executor iex . The set of transitions determined by 
agent i denoted as i

tD  is computed as follows, 
 

)(tobs
i
t i

D σ= ( I
1tB ′

− ⨝ >< ii exop ,∆ ) 

More precisely, }:{
iex

Ei
t SD →στ=  such that: 

− I
1tB ′

−∈σ , 
− )(tobsE i= , and 
− 

iexS  is the possible state of executor iex  at time t 
resulting from the prediction process. 

Hence, i
tD  is exchanged between agent i  with all 

other agents in )(tdepi .  

Consider two agents i and j , where ji ≠ ; thus, 
− )(tobs

i
t i

D σ= ( I
1tB ′

− ⨝ >< ii exop ,∆ ) 

− )(tobs
j

t j
D σ= ( J

tB ′
−1⨝ >< jj exop ,∆ ) 

where )( 1tdepI i −=′  ( )( 1tdepJ j −=′ ) is the 
dependency sets of agent i  (agent j ) at instant 

)( 1t − . We define the composition of i
tD  and j

tD  if 
and only if )()(, tdeptdepIji ji ==∈  (agents i and j  
belong to the same dependency set at instant t), and 
using relational operators, it is defined by, 
 

i
tCONS

j
t

i
t DDD (σ=⊗ ⨝ )j

tD  
 

The function CONSσ  eliminates all tuples where the 
global constraints are unsatisfied. 
Consequently, the dependency belief calculated by 

j
t

i
t DD ⊗  is defined as )( j

t
i
tt

I
t DDB ⊗=Π . 

The dependency belief state prediction algorithm is 
described in Figure 3. 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Distributed Dependency Belief Estimation Flowchart 
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6. Conclusion 
 
In this paper, we discussed the prediction process, 

which is the foundation of online monitoring 
algorithm for MAS. More exactly, we first presented 
a centralized approach, where a global belief state is 
determined. We pointed out that the essential element 
of the centralized monitoring is the prediction 
mechanism, which allows estimating how the entire 
system can evolve at each instant. It is worth noting 
that, contrary to existing approaches [9] where the 
belief includes only the most probable system states, 
our proposed prediction process includes all possible 
system states, which are compatible with received 
perceptions. 

Furthermore, a distributed solution for the online 
monitoring problem was discussed where the original 
MAP to be supervised is broken down into sub-plans, 
and a specific agent is responsible for supervising 
one sub-plan. We also demonstrated that usually, the 
decomposition does not produce independent sub-
plans. Consequently, as pointed out in [10], agents 
need to collaborate during the prediction phase. This 
paper described the collaboration strategy in depth. 

Moreover, in fact, a complex   may maintain a 
huge number of possible system states. 
Consequently, providing a belief state for diagnosis 
may not be informative at all. A useful solution for 
characterizing extremely ambiguous belief states is 
the usage of the symbolic mechanisms for knowledge 
representation (especially the ordered binary decision 
diagrams). 
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