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Abstract

Effective coordination in partially observable MAS requires
agent actions to be based on reliable estimates of non-
local states. One way of generating such estimates is to
allow the agents to share state information that is not di-
rectly observable. To this end, we propose a novel strat-
egy of delayed distribution of state estimates. Our empiri-
cal studies of this mechanism demonstrate that individual
reinforcement-learning agents in a simulated network rout-
ing problem achieve a significant improvement in the over-
all success, robustness, and efficiency of routing compared
with the standard Q-routing algorithm.

1. Introduction

In partially observable MAS, the agents need reliable esti-
mates of the world states to effectively coordinate their ac-
tions. Moreover, in dynamic systems, these estimates need
continuous and effective updates and to this end, reinforce-
ment learning [4] (RL) is often used. However, while RL
can generate reliable estimates, it relies on the agents hav-
ing access to information about unobserved states. One way
of achieving this is to have the agents cooperatively share
such information. Given this, the focus of this paper is on
the strategies that can be used to manage this process.

Previous research on the use of communication to im-
prove learning lacks a sufficiently detailed investigation to
understand its benefits and drawbacks. For example, a value
search algorithm [4] is used by Boyan and Littman [2]
where agents learn the estimates of packet routing delays
in a communication network using the information received
only from their immediate neighbours. In [1] and [8], on
the other hand, the agents use policy search algorithms [3]
to learn the optimum policy by globally broadcasting the re-
wards received by all agents at all times. These represent the

extremities of the space of possible communication strate-
gies for multi-agent learning (from very restricted commu-
nication in [2] to unrestricted communication in [1, 8]) and
both have limitations. In a real-world MAS, it is typically
not possible to broadcast individual reward information to
all agents (due to excessive bandwidth usage and the com-
munication latency involved). Also, updating estimates us-
ing the information of only immediate neighbours can po-
tentially suffer from the count-to-infinity problem [5] and
the error in the non-local state estimates can become arbi-
trarily high in dynamic systems (hence causing sub-optimal
action selection).1

Therefore, in this paper, an alternative information shar-
ing strategy is proposed to address the above limitations.
Specifically, we consider a cooperative MAS in which the
actions of the agents should be chained together to success-
fully complete tasks. Thus, the individual agents should take
the appropriate actions to accomplish parts of the overall
task and, subsequently, hand over the task to another agent
who continues with this process until the task is completed.
In this case, the agents learn the estimates of the states
of other agents to choose the subsequent agent such that
the probability of successful task completion is maximised
without any global coordination. We propose that the agents
should take their individual actions based on their current
estimates of the states of other agents (as opposed to asking
the immediate neighbours for their current estimates [2], or
waiting for the feedback of all other agents [1, 8]). Then,
after completing their current task, they should communi-
cate their state information to one another (thus, delaying
communication until task completion) to allow them to up-
date their prior estimates of these states. Note that the agents
cooperate by voluntarily communicating state information
to others to mutually expedite the learning process and im-
prove their collective routing decisions.

The motivation for this communication mechanism is the

1 We are currently working towards a formal proof of this intuition.



following. The states of the agents change as they carry out
a given task. Therefore, by delaying the transmission of in-
formation until the task is completed, our protocol ensures
that all those agents who participated in the task comple-
tion process are informed about these state changes. Using
this information, these agents subsequently reinforce their
prior estimates of these states. This should not be confused
with conventional supervised learning [7] where the actual
outcome of a multi-stage prediction problem is fed back to
the individual learners (predictors). Instead, in our work, we
use the standard Q-learning approach [6] and concentrate on
developing practical and effective means of distributing the
non-local state information among the learners.

The principle of delayed communication is evaluated in a
simulated telephone network (TN) domain where the agents
work together to allocate bandwidth to connect circuits. The
agents use Q-learning to estimate the bandwidth usage at
other nodes. Further, the agents distribute information about
their individual node bandwidth usage after completing the
routing of calls from source to destination nodes. Such in-
formation distribution uses two heuristics that we have for-
mulated, based on the above motivation, in the context of
the TN domain.2 The performance of these heuristics is
benchmarked against the widely cited Q-routing approach
of [2]. Empirical results indicate (statistically) significant
improvements in performance over the benchmark by us-
ing our communication principle.

The following section formulates the communication
heuristics. Section 3 analyses the performance of these
heuristics based on empirical studies in the TN domain. Fi-
nally, section 4 concludes and identifies future directions.

2. Communication Heuristics

We present three different formulations of cooperative in-
formation sharing in the TN domain. Section 2.1 emulates
the strategy of [2]. Section 2.2 and 2.3 present two heuris-
tics based on the principle of delayed communication pro-
posed in this paper.

The formulations are based on the following notion.
Each agent in our network (with a total of

�
agents) acts

as a routing node with a certain amount of bandwidth units,
each of which can be used to route one call. It also main-
tains estimates (Q values) of the available bandwidth on
all routes from each of its neighbouring agents to all other
agents. Thus, the Q table entry �������	��
� indicates agent ��� ’s
estimate of the bandwidth availability on all paths from its
neighbour ��� to another node ��� . The information received
from other agents is used as the “reward” to update these

2 We believe that our approach is generic and communication strate-
gies based on the same principle can be formulated in other coopera-
tive MAS.

estimates (according to the standard model-free Q-update
rule).

While routing a call, an agent probabilistically selects a
neighbour for which it has the best (maximum bandwidth
availability) estimate 3 and forwards it to that neighbour af-
ter reserving a bandwidth unit for the call. This forward-
ing process is aborted if either a node is reached that has no
available bandwidth (hence, it is unable to route any more
calls) or the time taken to forward exceeds a certain “setup”
time, which is equivalent to the maximum (worst case) de-
lay that a caller can experience between dialling a number
and hearing the ring tone. In either case, the call fails to
connect and the reserved bandwidth units of all nodes on
the partially completed path are deallocated. A call success-
fully connects when it reaches the destination node. In that
case, the bandwidth units of all nodes on the call path re-
main reserved for the duration of the call.

2.1. Continuous Inform and Update (CIU)

In this model of information sharing, an agent, ��� , while for-
warding a call to its destination ��� , asks each of its imme-
diate neighbours, ��� , for their best Q-estimate for that des-
tination. It then uses the estimate ����������� received from ��� ,
whom it selects (using Boltzmann exploration) to forward
the call, to update its prior estimate �������	����� as ����������������! #"%$&���'�����	������()$*�+��������� , where $ is the learning rate.
Note that agent � � ’s prior estimates of its other neighbours
remain unchanged. Therefore, this model allows informa-
tion sharing and estimate updates on a continuous basis
while the agents keep forwarding the call.

2.2. Delayed Inform Average Capacity (DI-A)

This is the first of two formulations of the delayed commu-
nication principle. The agents forward a call from source
to destination using their current Q estimates (thus, not re-
questing neighbours like CIU). When the call reaches its
destination ��� , it appends its bandwidth usage ,-���.� (the
fraction of the total bandwidth units available at that node)
to a message /10 and sends this to the previous agent (node
before the terminal node). This process is repeated by ev-
ery agent on the path that the call was routed until the
source node is reached. Upon receiving the / 0 , an agent� � using the DI-A model computes a reward 2 � by aver-
aging the ,-�3��� values of all nodes � � on the route from � �
to ��� as 2��54

687:9<;>=@?BA>C D D D C EGF�H�I �:JK IML =>N L E J , where OP���B�G�G���Q� is the
hop count (or, the number of agents) on this route from� � to � � . Then, it updates it prior estimate � � ���	��R&(S Q� as,�'�������GRT(8 Q���U�� V"W$*�G�'�G�����GRT(8 Q�X(%$Y2�� .
3 Here standard Boltzmann exploration is used.



2.3. Delayed Inform Minimum Capacity (DI-M)

This model is similar to DI-A: but instead of the average
bandwidth availability, the minimum is used as reward.4 For
example, agent ��� using the DI-M model computes the re-
ward 2 � 4 ����� �3,-� RY(S ��:�������@��,-���B��� . This is a more conser-
vative estimate of bandwidth availability than the average
capacity model. Thus it has the advantage that the proba-
bility of an agent overestimating the bandwidth availability
at other nodes (hence, the chance of forwarding to an agent
with no bandwidth causing a failure) is reduced.

3. Experimental Evaluation

This section reports the observations from empirical evalu-
ation of the heuristics described in section 2. Their perfor-
mance is also compared against a theoretical optimum strat-
egy that works by globally searching for a call path and con-
necting the call instantaneously (the learning agents route
calls one hop every simulated time step, thereby, incurring
a finite delay) if such a path exists. Experiments are con-
ducted on a number of different network topologies (fig-
ures 1, 2, and 3) to verify that the observations hold across
a variety of conditions. Also, the impact of increasing net-
work load on the performance is tested by increasing the
probability with which calls originate at each simulation
time step. Specifically, the performance of the three strate-
gies is compared against the following properties in the con-
text of the TN domain.

Call success rate: The total number of calls successfully
routed to their corresponding destinations measures
the overall success of the MAS. Specifically, the ratio
of the total number of calls generated (

�	�
) to the to-

tal number of these calls successfully connected (
�	


)
is measured in steady state to indicate the overall call
success rate ( � 4���

���
) in the system. Also,

�	

is

computed for the theoretical optimum strategy to indi-
cate the optimum success rate, ��������4 ���������

���
. The per-

centage deviation ( � ������� �
� �����

) of the success rates from
the theoretical optimum is also measured for compari-
son.

Success rate of different call lengths: This measures the
success rate of calls ( �T�+4 ���

E
���

E
) that have their source

and destinations at a distance � (in terms of minimum
hop count) apart. It indicates how effective a given
communication strategy is in successfully routing calls
at a given distance from the source node. Because rout-
ing a call to destinations further away is more difficult
than to route to closer destinations,the communication

4 Minimum is chosen because the maximum number of calls that can be
routed along a path depends on the node with the minimum available
bandwidth.

Figure 1. 36 node irregular grid

Figure 2. 50 node random graph

strategy that achieves a higher value of � � for larger� would be considered to generate more robust rout-
ing policies.

Message rate: The communication messages that contain
the node state information contribute directly towards
the quality of the estimates learned. Nevertheless, such
messages pose an overhead to the system. The to-
tal number of these messages generated in the sys-
tem, therefore, determine the “cost” of the correspond-
ing communication strategy. Under identical simula-
tion conditions, the strategy that achieves a better per-
formance (in terms of any of the aforementioned mea-
sures) than the others at a lower message rate can,
therefore, be considered the most cost efficient.

The following parameter values are chosen: $ = 0.03,
temperature (in Boltzmann exploration) = 0.1, number of
bandwidth units per node = 10 (so, each node can simul-
taneously handle 10 calls), infinite capacity to handle the
reward information messages, call setup time is the num-
ber of simulation time steps equal to the number of nodes
in the topology used, call duration = 20 times setup time.
One simulation run is 500,000 simulation time steps when
figure 1 is used; 1,000,000 for figure 2; 2,000,000 for fig-
ure 3. Results are averaged over 10 simulation runs which
means values are statistically significant at the 95% confi-
dence level.



Figure 3. 100 node random graph

Load CIU DI-A DI-M
Rate Deviation Rate Deviation Rate Deviation

0.1 50.98 29.9 50.94 29.3 51.85 26.2
0.2 32.41 46.6 32.64 46.1 33.02 43.9
0.4 19.99 63.9 20.27 63.3 20.38 61.4
0.6 14.87 72.9 15.07 71.8 15.08 70.2

Table 1. Call success rates for all strategies
— topology of figure 1

3.1. Results — Call Success Rate

Tables 1, 2, and 3 show the average steady state call success
rate and its deviation from the optimal for all three strategies
under various loads for the topologies of figures 1, 2, and 3,
respectively. DI-M achieves the highest rate of successful
call connections and the least deviation from the optimal —
both indicative of better performance than the other strate-
gies. The success rate and the deviation values worsen with
increasing network load. This is because the nodes have a
fixed number of bandwidth units and, hence, fail to connect
the majority of the calls as they increase in number.

We also study the improvement in the deviation values
achieved by a DI strategy over the benchmark (for different
network loads) in figures 4, 5, and 6. The graphs indicate
how much closer is the success rate to the optimal for DI-
A and DI-M relative to CIU. These values are measured as�����

�
�������

� ����� , where 	 � is the success rate deviation from opti-
mal of strategy � for a given load. Hence, the smaller these
values (the more negative), the better is the performance of
the corresponding DI strategy relative to CIU. Again, DI-M
achieves a significant benefit relative to CIU under all loads
and all topologies.

Load CIU DI-A DI-M
Rate Deviation Rate Deviation Rate Deviation

0.1 58.15 29.9 57.31 28.8 58.49 27.7
0.2 37.32 46.8 37.11 45.7 37.65 44.9
0.4 22.98 62.6 23.35 62.7 23.51 61.1
0.6 17.17 70.8 17.47 71.5 17.49 69.6

Table 2. Call success rates for all strategies
— topology of figure 2

Load CIU DI-A DI-M
Rate Deviation Rate Deviation Rate Deviation

0.1 35.79 46.2 35.86 45.3 37.34 40.4
0.2 24.56 57.9 24.17 58.5 24.8 54.3
0.4 16.16 70.6 15.88 70.9 16.18 68.1

Table 3. Call success rates for all strategies
— topology of figure 3

3.2. Results — Success Rate at Different Lengths

The percentage improvement in the values of � � (defined

earlier in this section), 
�� 4 �
������E

� �
�����E

�
�����E (where, � is �

or � ), for increasing values of � , are shown in figures 7, 8,
and 9 for the three topologies using different network loads.
For calls that need to be routed very short distances (e.g.,
values of 1 and 2 on the “minimum hop count” axis in fig-
ure 7), CIU performs slightly better than the DI strategies
(indicated by a small negative 
�� ). Nevertheless, the advan-
tage of the DI strategies is obtained in their significantly
higher rate of success for calls at longer distances (indi-
cated by the positive 
�� ). Additionally, the 
�� values are
higher for longer distances as the network load increases.
Thus the impact of load on the DI strategies is less (thus,
indicating greater robustness) in connecting long-distance
calls (although all strategies suffer with increasing load as
shown in section 3.1) — further substantiating the useful-
ness of the principle of delayed communication.

3.3. Results — Information Message Rate

The number of information messages transmitted in the en-
tire system per unit time step is shown in tables 4, 5, and 6
for all three strategies with different loads and topologies.
Both DI-M and DI-A achieve significant amount of savings



Figure 4. Improvement of success rate devia-
tion over CIU — topology of figure 1

Figure 5. Improvement of success rate devia-
tion over CIU — topology of figure 2

in the number of messages exchanged compared to CIU, in-
dicating a greater efficiency of the delayed information prin-
ciple in terms of communication cost. Also, the increase in
the number of messages exchanged due to increasing load is
much less in DI strategies than CIU — further establishing
their benefit. The main reason for the difference in the mes-
sage rate of CIU and DI-M or DI-A is that the agents using
the DI strategies transmit their state information only after
a call connects. So, for all failed calls (which happen more
with increased network load), they do not transmit any mes-
sages whereas those using CIU continue to do so.

Load Strategies % Saving
CIU DI-A DI-M DI-A / CIU DI-M / CIU

0.1 0.39 0.26 0.251 33.3 35.64
0.2 0.66 0.281 0.275 57.42 58.33
0.4 1.1 0.289 0.284 73.73 7418
0.6 1.45 0.2894 0.285 80.04 80.34

Table 4. Information message rates for all
strategies — topology of figure 1

Figure 6. Improvement of success rate devia-
tion over CIU — topology of figure 3

Figure 7. Call success rates at various dis-
tances. DI-M vs. CIU (top), and DI-A vs. CIU
(bottom) — topology of figure 1

4. Conclusions and Future Work

In this paper, we have proposed the principle of delayed in-
formation sharing to improve learning in cooperative MAS.
Its advantages are demonstrated using empirical studies on
a simulated network routing problem. Two communication
heuristics, based on this principle, are designed for this do-
main and shown to achieve better performance than the
widely adopted protocol in [2].

Extending our current work, we aim to theoretically ex-
plain the impact of this communication principle on learn-
ing quality and, hence, on the overall system performance.
Also, further experiments will be conducted to study per-
formance dependence on domain properties such as traffic
patterns and network structures.
Acknowledgement: This research is part of the EPSRC-
funded project MOHICAN (GR/R32697/01).



Figure 8. Call success rates at various dis-
tances. DI-M vs. CIU (top), and DI-A vs. CIU
(bottom) — topology of figure 2

Figure 9. Call success rates at various dis-
tances. DI-M vs. CIU (top), and DI-A vs. CIU
(bottom) — topology of figure 3

Load Strategies % Saving
CIU DI-A DI-M DI-A / CIU DI-M / CIU

0.1 0.33 0.23 0.23 30.3 30.3
0.2 0.55 0.26 0.25 52.73 54.55
0.4 0.9 0.27 0.26 70.0 71.11
0.6 1.2 0.272 0.267 77.33 77.75

Table 5. Information message rates for all
strategies — topology of figure 2

Load Strategies % Saving
CIU DI-A DI-M DI-A / CIU DI-M / CIU

0.1 0.58 0.214 0.21 63.1 63.79
0.2 0.83 0.235 0.229 71.69 72.41
0.4 1.26 0.249 0.241 80.24 80.87
0.6 1.63 0.253 0.245 84.48 84.97

Table 6. Information message rates for all
strategies — topology of figure 3
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