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Abstract. Existing Cooperative Distributed Problem Solving systems
frequently employ fixed coordination strategies to achieve global consis-
tency or global optimality. However, these strategies generally do not
exploit the characterstics of the particular problem they are used on. In
this paper we propose an algorithm that given a problem formulated as a
Distributed Bayesian Network, finds a coordination strategy which min-
imizes the communication costs while achieving the desired confidence
level of the global solution. We develop a system based on this algorithm
which models the communication decision process for any given problem
structure as a Markov Decision Process and use dynamic programming
to produce the optimal communication strategy.

1 Introduction

Cooperative Distributed Problem Solving (CDPS) is a major focus of research
in Multi-Agent Systems (MAS). CDPS studies how large scale problems can be
solved using a group of agents working together. Much work on CDPS-based
systems is focused on Distributed Sensor Interpretation (DSI), which implicitly
assumes that the local solutions produced by the agents would play a critical role
in producing global solutions without excessive communication among the agents
[2]. If the system can get global solutions by communicating mainly the high level
local solutions instead of the raw data, the amount of information transmitted
will be drastically reduced. Recent research [1] suggests that the reason why
”local solution strategies” have been successful may be that many DSI domains
are nearly monotonic, and it proposed a measurement of monotonicity called All
Subsets Monotonicity Measure (ASMM). It has also provided some empirical
results that give some intuition about the relationship between the amount of
communication and ASMM.
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Inspired by this research, we asked ourselves some additional questions. Given
a problem structure, is there any way to predict the least amount of commu-
nication needed to ensure a certain level of confidence in the global solution
produced? Furthermore, when and what information should the agents transmit
to reach the optimal communication cost?

Most recent research done in the area of CDPS uses Bayesian Networks as a
representation of the problem structure and inference tool. For example, Xiang
used Multiply Sectioned Bayesian Networks (MSBN) to study how to regain
global consistency in CDPS systems [3].

In our research, we use two layered Distributed Bayesian Networks (DBN)
to represent the underlying structure of the problem that needs to be solved [1].
For our problem, we make the following assumptions:

(1) There are two agents in the system.
(2) Every agent has access to the grammar (and corresponding DBN).

(3) Evidence is distributed among the agents.

(4) Each agent knows what evidence the other agent has access to.

Bayesian Networks is a powerful tool to calculate conditional probabilities,
and we have developed an algorithm that can reason about remote data using
DBNs. Even without exchanging any information at all, an agent can use our
algorithm to compute the likelihood of a hypothesis H being the globally optimal
solution based on its local data and direct the agent to ask for critical information
from the remote agent in order to reach a higher level of confidence in the global
solution. On the simple examples we constructed, the algorithm works fairly well
in reducing the communication cost.

We are now implementing a system based on this algorithm. With this sys-
tem, given any DBN problem structure, an agent will be able to dynamically
construct a Markov Decision Process (MDP) and learn the optimal policy in
terms of what data to ask for from the remote agent and in what order. With
the smart conversation thus carried out by the agents, we expect the communi-
cation cost of the system to be significantly reduced.

2 Reasoning about remote data

In CDPS systems, a problem is decomposed into a set of subproblems and each
subproblem is distributed to an agent who will be responsible for solving the sub-
problem. The existence of interactions between subproblems means that CDPS
agents cannot simply solve the subproblems individually and then combine local
solutions together. To ensure that the local solutions are globally consistent they
must communicate during the problem solving process. A coordination strategy
is needed to specify how agents will interact: when they will communicate, and
what information they will send or request.

One of the common coordination strategies used in CDPS systems is Con-
sistent Local Solutions Strategy (CLSS) [2]. According to this strategy, agents
first independently solve their local subproblems and then transmit their local



solutions to all other agents. If these agents’ local solutions are consistent with
each other, they are merged without further verification of what the globally
optimal solution is. If the local solutions are not consistent, lower level data is
transferred to ensure the global consistency.

There are several key problems with CLSS. First, there is no way to ensure
that the globally consistent solution is the globally optimal solution or that
it has reached the desired confidence level. Secondly, there can be significant
delays in problem solving when agents require substantial amounts of raw data
from other agents. Hence, we propose the idea of transmitting data incrementally
when global consistency or global optimality is not achieved. By ”incrementally”
we mean that not all of the local raw data is transferred at once. Instead, it is
transmitted as needed until global consistency is achieved. This raises another
question: in what order should the raw data be transmitted when it is necessary?

Instead of giving a one-size-fits-all strategy, we are trying to design an algo-
rithm that can produce a strategy for every given problem structure that requires
as little communication cost as possible to achieve the desired confidence level
of the final global solution.

Fig. 1. An example of DBN problem structure. There are two events F; and E». Data
di, d2 and ds are distributed to two agents. A; has access to d; and ds, while Ay can
only see ds. The objective is for A1 and A» to figure out what E1 and E» are without
too much communication.

We use a two-layered Bayesian Network to represent the problem structure
(Figure 1). The top level nodes are the events that are the cause of the observed
data, while the leaves are the raw data gathered, which are distributed to various
agents. The objective of the CDPS system is to figure out what the events are
with as little communication as possible.

Notation 1 Agent A;. In Figure 1, there are two agents {A;|i = 1,2}.



Notation 2 FEvent E;. The possible events in the environment which caused the

observed data. For example, in Figure 1 there are two possible events {E;|i =
1,2}.

Notation 3 Data d;. The data observed by agents. In Figure 1, we have 3 data
(a1 <i <3},

Notation 4 Hypothesis H;. The possible hypotheses the agents might draw from
the data. Normally they are possible combinations of the events. For example, in
Figure 1 we have four possible hypotheses {H;|1 <1i < 4}, as shown in (1).

H, Hy Hy H,y
E; 110 0 (1)
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Notation 5 FEvidence €;. The data set possibly observed by one agent. They are
possible combinations of the data set of the agent. For example, in Figure 1 agent
A1 has four possible evidence {€;|1 < i < 4}, as shown in (2).
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Notation 6 Actual evidence €4,. Every agent can only observe one data value

combination from the possible evidence set. In Figure 1, Ay can only observe
€4, € {e|l <i <4}

Notation 7 Confidence C4,. Based on the evidence observed, an agent can cal-

culate the conditional probabilities of every hypothesis based on the evidence, i.e.,
CAi (H) = P(H|€Ai)'

Let us now assume that A, has not received any information from A;. With
the knowledge of its own data and the Bayesian Network structure, A, can still
do some reasoning to decide what information it needs to determine the globally
best hypothesis. We illustrate this with an example.

In our example, A has access only to d3 = 0 and the BN structure shown in
Figure 1. Does A; need to send all the data? What information should As request
from A;? Can A save communication cost by requesting only the necessary
data? Naturally, As will put itself in the place of A; to reason about A;’s data.
It calculates the probabilities of the four possible evidence of A; given d3 = 0 as
follows:

P(61|d3 = 0) = 0.0679, P(62|d3 = 0) = 0.0987
P(e3|ds = 0) = 0.1632, P(e4|ds = 0) = 0.6701. (3)

Aj can also calculate the probabilities of the four hypotheses assuming the evi-
dence of Ay, i.e. P(H;le; Ad3 =0),1<i<4,1<j<4asin Table 1.



€1 €2 €3 €4
H,;|0.872(0.576|0.346/0.061
H>|0.065(0.364|0.625|0.932
H3|0.063(0.059(0.029(0.007
Hy| O 0 0 0

Table 1. Reasoning about what to request: P(Hjle; Ads = 0)

Notation 8 Compound Probability CP(e;lea) is a pair (P(e;|ea), H;), where
Jj = mazarg;P(Hj|e; A €4). It indicates that given the local evidence ea, with
probability of P(e;|ea), H; is the best hypothesis, where €; are all the possible
evidence of the remote agent.

In our example, from (3) and table 1, Ay has the compound probabilities of
the four possible remote evidence as follows:

CP(€1|d3 = 0) = (00679,H1), CP(€2|d3 = 0) = (00987, Hl)
CP(€3|d3 = 0) = (01632,H2), CP(€4|d3 = 0) = (06701,H2) (4)

It is obvious that based on Ay’s data, Hs is the most probable hypothesis.
However, from (4), we can see that for €; and €3, H; is the best hypothesis,
while for €3 and €4, H» is. The conclusion is thus: with probability of P(e;|ds =
0) + P(ez|ds = 0) = 0.1666, H; is the globally optimal hypothesis, and with
probability of P(esz|ds = 0) + P(e4|ds = 0) = 0.8333, H is the globally optimal
hypothesis. So, we are able to collapse (4) into:

CP(Gl \% 62|d3 = 0) = (01666,H1)

CP(es V eg|ds = 0) = (0.8333, Ha). (5)
If we collapse (2) into:
dq
€1 \Y €2 1 5 (6)
€3 \A 0

it is easy to see that what makes the difference of choosing H; or H, as the
globally optimal hypothesis is d;. Consequently, As will be able to determine
the globally optimal hypothesis if A; sends it the observed data d;. Based on
this knowledge, As only needs to ask A; for d; instead of both d; and dy. This
saves communication cost.

What is more, from (5), we can see that with probability of 0.8333, Hy is
the globally best hypothesis. As a result, if we only need to reach the confidence
level of 80%, A does not even need to request A; to send it data d;. Only
when the confidence requirement is above 83%, data request is needed. The
compound probabilities enables us to see what data to request to reach the
desired confidence level and only communicate as little as needed.

Now we can summarize the algorithm as follows:



Algorithm 1 1. Calculate the probabilities of the possible evidence of the remote
agent A; based on the local data, i.e. P(e;lea,)-
2. Calculate the probabilities of the hypothesis of assuming the remote evidence,
P(Hi|€j A 6,42).
. Calculate and collapse the compound probabilities.
4. Group the evidence according to the most probable optimal hypothesis, and col-
lapse the evidence table.
5. Request data according to the collapsed evidence table and the required confidence
level of the final solution.

w

The advantage of Algorithm 1 is evident. With CLSS, A; will have to trans-
mit both raw data d; and dy to get a globally consistent solution, while using
Algorithm 1, we only need to transmit d; to ensure the globally optimal solution
and there is no communication at all to reach the confidence level of 80%.

One thing worth noting is that we are assuming that only A, is doing the
reasoning in our algorithm. This is reasonable since there will often be one agent
who is responsible for assembling the global solution. A more interesting case is
when A; is simutaneously reasoning about what data it should provide to As.

3 Communication Strategy System

Algorithm 1 has answered the question of what to request (communicate). Now,
we have another equally important question to answer: if there are more than
one piece of critical data, in what order and combination the data should be
transmitted to minimize the communication cost. This is essentially a solution
to step 5 of the algorithm.

To answer this question we frame the problem as an MDP and use dynamic
programming to find the optimal communication strategy. Each state of the
MDP includes the current known remote data set, the current best solution and
its compound probability, i.e.,

S= Dknownfremotea CP(eunknownfremote|6knownfremote A 6loca,l)

= Dinown—remote> (P(eunknown—remote |6known—remote A 6local); H) (7)

where Dyyown—remote 18 the known remote data set, €ynknown—remote 1S the un-
known remote evidence for with the highest P(€ynknown—remote |€known—remote N
€local), and H is the corresponding hypothesis and hence the current best solu-
tion. The action set of the MDP is all the possible combination of the critical
data.The cost of each state-action pair is the amount of communication needed
to take this action in this state. We assume that the cost of a request message
is 1 no matter how many data pieces are requested, and each data transmitted
costs 1. The MDP starts at the state where no remote data is known and the
best global solution is based on its own local information. It stops when the
desired confidence level is reached.

As an example, we will construct an MDP (Fig 2) for (8). Please note that
(8) is different from (4) in the fourth equation where the best hypothesis for €4



is H3 which does not exist in the example in the previous section. All the other
assumptions are essentially the same as the previous example. The existence of
H3 makes our example sufficiently complex to illustrate the algorithm.

P(€1|d3 = O) = (00679,H1), CP(62|d3 = O) = (00987, H]_)
P(€3|d3 = 0) = (01632,H2), CP(€4|d3 = 0) = (06701,H3) (8)

Without knowing any remote data, A, may determine that the best global
solution is H3 with the confidence of 0.67. Going through Algorithm 1, it decides
that the critical remote data set is {d;,d»}. As a result, the action set for A
is {(d1), (d»), (d1,ds)}. If it takes the action (di,ds), it will get the globally
optimal solution no matter what the reply is. If it asks for d;, with a probability
of 0.0679 + 0.0987 = 0.1666, d; = 1 and H; is the globally optimal solution with
confidence of. If d; = 0, the remote data can be either €3 or €4. As a result, A,
can only decide that Hj is the best solution with confidence of 0.6701/(0.1632 +
0.6701) = 0.80. If it still wants to improve its confidence level, it will need to
take further action, asking for da, after which it can draw the best conclusion
with full confidence. The cost for path SO — S3 is 3 and that for path S0 — S1
is 2, while the cost for path S0 — S2 — S3 is 4

S4: {d2}, (0. 7061, H2)

d1), 0. 1666

(dl) 0. 8333
S0: 0, (o 6701, H3)

— 76
SS (d2) (0.8715, H3)

(d1)

sz (dl) (0. 8042, H3)

Fig. 2. Framework of the Communication Strategy System

We are now implementing a system to dynamically construct an MDP for
any given problem structure based on this algorithm. The general framework of
this system is illustrated in Figure 3. The input of the Communication Strategy
System is the problem structure represented in the form of a DBN, and the
output is the optimal communication strategy the agent should deploy. The BN
toolkit is used to calculate all the necessary conditional probabilities (step 1-3
in Algorithm 1) and the decision tree data structure is employed to collapse
the truth table and find data critical to the globally optimal solution according
to Algorithm 1 (step 3 and 4). The system then use dynamic programming to
produce the optimal communication action sequence for the MDP constructed
this way(step 5).
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Fig. 3. Framework of the Communication Strategy System

4 Future Work

Once the system is implemented and data sets are collected from experiments,
we plan to compare the result with the data collected from a previous system
[1] without communication planning. Some formalization based on the statis-
tics result will also be done to predict the amount of information that needs to
be exchanged to reach a certain level of confidence. Furthermore, we will try
to apply some approximation techniques to reduce the computational complex-
ity inherent to Bayesian Networks. Dynamic programming will guarantee the
optimality of the solution, but it is also time consuming and computationally
expensive. We are considering applying some reinforcement learning techniques
such as Q-learning to approximate the optimal policy.

The reasoning about what data to request gives us some insight into the
relation between the confidence level in the hypothesis and the communication
needed. In Carver [1], we have seen some experimental results on this relation
in the context of different near monotonicity levels. This work may help us
explain those results. We are currently looking into the relation between the
near monotonicity measures used by Carver [1] and the method used here, in
hope of finding such explanations.
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