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Abstract—The significance of the freshness of sensor and
control data at the receiver side, often referred to as Age of
Information (Aol), is fundamentally constrained by contention
for limited network resources. Evidently, network congestion
is detrimental for Aol, where this congestion is partly self-
induced by the sensor transmission process in addition to the
contention from other transmitting sensors. In this work, we
devise a decentralized Aol-minimizing transmission policy for
a number of sensor agents sharing capacity-limited, non-FIFO
duplex channels that introduce random delays in communication
with a common receiver. By implementing the same policy,
however with no explicit inter-agent communication, the agents
minimize the expected Aol in this partially observable system. We
cater to the partial observability due to random channel delays by
designing a bootstrap particle filter that independently maintains
a belief over the Aol of each agent. We also leverage mean-
field control approximations and reinforcement learning to derive
scalable and approximately optimal solutions for minimizing the
expected Aol collaboratively.

Index Terms—partial observability, reinforcement learning,
mean-field control, network resources, age-of-information

I. INTRODUCTION

Age of Information (Aol) is a measure that quantifies the
freshness of information of a sender, e.g., a sensor, calculated
using the time elapsed since the last update message was
received at the receiver. It is an important metric in real-time
applications such as UAV-assisted communications, Internet-
of-Things, sensor networks, information processing systems,
and cooperative, connected automated mobility [1], [2], [29].

We consider Aol-based systems where multiple sensors use
the same channel, which has limited resources, to send their
messages. This results in the need for congestion control and
scheduling algorithms to regulate the network traffic while
minimizing the Aol. Various scheduling algorithms have been
presented for this purpose, see [16]-[18], [24] and references
therein. We do not only consider channels of limited capacity,
but also the standard assumption that it induces some random
delays on the messages that are transmitted such that these
may arrive out of order [10], [21]. It is this non-FIFO channel
behavior in combination with agents lack of knowledge of the
state of other agents or the system, that results in the partial
observability of the state of the system since the sensors/agents
do not possess instantaneous information about the updated
Aol at the receiver when they decide on transmitting the next
message. Here, we present a bootstrap particle filter [7] which
uses the delayed, out-of-order messages to maintain a belief
over the Aol of the agent.

Partial observability in Aol-based systems has been con-
sidered in recent works, where the system is modelled as a
(partially observable)-Markov decision process (PO-MDP) and
then solved using methods from (deep) reinforcement learning
(RL). Authors in [6] propose a proactive deep reinforcement
learning algorithm to optimize the performance of a vehicle-
to-vehicle network for Aol-aware radio resource management,
where the partial observability arises due to agents working in
a decentralized manner. In [13], and similarly [5], [14], the
authors use the partially observable Markov game framework
to model a decentralized wireless communication network and
apply deep Q-learning to find the scheduling and power control
policy for minimizing the average Aol. Decentralized POMDP
(Dec-POMDP) is a state-of-the-art framework for modeling
such coordination problems [19] by explicitly considering
the uncertainty and partial observability of the environment.
However, this framework can be computationally expensive,
especially as the number of agents and/or states increases [3],
which hinders its application [25]. A recently popular scalable
method for multi-agent systems is mean-field approximation,
which has now also been used to learn policies for Aol-based
systems [2], [27], [31]. We note that mean-field control, which
is the collaborative mean-field formulation, has successfully
been used to model multi-agent systems in the past [4], [11],
but not for Aol-based optimization systems.

In this work, we develop a collaborative algorithm adapted
from our recent decentralized partially observable mean-field
control framework [8] to model the multi-agent Aol-based sys-
tem as a single agent MDP. Our main contributions are: (i) We
model a system where agents obtain delayed acknowledgments
of their Aol leading to partial observability; (ii) We design a
particle filter to cater to this uncertainty by maintaining a belief
over the true Aol at the receiver; (iii) We adapt a partially
observable mean-field control framework to learn scalable,
collaborative policies for the decentralized system. Note that
an extended version of this work is available at [26].

II. SYSTEM MODEL

We consider a multi-agent system having N sensors (called
agents), that each send status updates as ordered messages,
m, for the message index m € N and n € N with
N ={1,..., N}, to a single receiver, through a finite capacity
channel Cy. The Aol process z,(t) € R>( associated with the
messages of agent n, describes how old is the last received
fresh update message at the receiver from that agent. Our
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system model is illustrated in Fig 1. Next, we illustrate the
dynamics of all components of this figure.

a) Receiver Dynamics: Upon receiving a fresh message
from agent n € N at time t, the receiver updates the Aol,
xn(t), associated with the messages of agent n, independently
of the other agents [29]. A fresh message is defined as an arriv-
ing message m,, with an index m larger than all the previously
received message indices of agent n. The age of information
process of agent n, is given as z,,(t) = {x,(t) | t € R>o} as

Tp(t) =t — max(Tom | Thm < 1) (1)

meN ?

where ¢t € R> denotes the current time, 7, , is the sending
time of the message with index m € N of agent n into channel
Cy and 7, ,,, denotes the reception time of the message m,,
at the receiver. The message m is transmitted through channel
C, which incurs a random delay that we assume to be i.i.d
sampled per message from an exponential distribution with
rate A;. We hence call this one way delay d{;m ~ Exp (A1),
where superscript f indicates delay in the forward direction
from the sensor agents to the receiver. This leads to the
following reception time at the receiver of the message m
by agent n: T;hm = Tnm + d{wn.

We assume that the channel does not enqueue the packets
and the agent is able to directly transmit the message upon
creation. Note that the reception times are not necessarily
ordered, i.e., it might well be the case that Té’m > T,’L’m,,
for m’ > m. The channel delay causes out-of-order delivery
of messages to the receiver from each agent, making it a non-
FIFO system [21]. The receiver, however, discards the outdated
messages and only uses the fresh ones to update the Aol using
Eq. (D).

In the following, we assume a measurement model for Aol,
xn(t), of agent n at the receiver at time points 7, = {7 }jen
of the reception of only fresh messages, i.e.,

< t) AVt € Rzo ,

Mn,j = {T;l,j
2

where j € N. We assume noise-free measurements {2, ;}jen
of the process ,,(t): 2n ;(t) = % (1n,;)". Upon receiving a
fresh message the receiver immediately transmits an acknowl-
edgment of the received message to the sender, containing
the reception time, 1), ;, and the correspondingly updated
Aol z,,(n,, ;). These acknowledgments y,, are received by the
agent n at time points nim, which are detailed in Sect. III.
Fig. 2 shows one realization of the Aol process, z,(t), of
agent n along with its key components.

b) Channel Dynamics: The considered system consists
of two independent finite capacity channels, a forward chan-
nel C; and a backward channel Cs as depicted in Fig. 1.
In congruence with the delay model, we consider a forward
channel that consists of a number of paths H where each path
can serve exactly one message before idling again. We assume
a fixed channel utilization (overbooking ratio), specifically, in

L /
J = argmax(Tnm | Tm
meN

I'We use both terms interchangeably due to the lack of noise

Sensors

o
Pl

| Receiver |

%’

0 /\ 4
b Lv/ ‘/‘«W‘

" /I/M/ v/M/‘

Qi

Fig. 1: Collaborative Aol system model having N sensors
(agents), each sending its message my through channel C;
and receiving acknowledgments yx through channel Cs. The
graphs on the right denote the Aol processes of the different
sensors over time.
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Fig. 2: Aol, z,(t), of agent n, showing out-of-order delivery
of acknowledgements y,,, back to agent n at times 7;, ;.

terms of the ratio of the number of sensors to the number of
paths, i.e., H = kN, where x < 1. At any time, when all
the paths in the channel C are occupied, any new incoming
message is dropped and the sending agent is informed. In the
considered discrete-time agent action model the total number
of messages admitted into the channel at every time step is at
most equal to the total number of free paths. We note that the
system runs in continuous time, however, the agents observe
the system and correspondingly take actions only at discrete
time points. Channel C; chooses messages to admit uniformly
at random out of all incoming messages, meaning an agent can
have more than one message in C} at any time. As mentioned,
each path in the channel delivers its message to the receiver
after a delay, df ,, ~ Exp (\1). At any time ¢, the state of a
path in the channel is s;,(t) € S = {0,1}, for h € {1,..., H},
where s;,(t) = 0 indicates that the path is free and s, (t) =1
indicates an occupied path. The channel load, i.e., the ratio of
occupied paths at time ¢, is: v1(t) = % Zle 1, #)=1. The
second channel C5 is a designated channel used by the receiver
to only send back acknowledgments, y, to the respective sensor
agents. The capacity C' of channel C5 is set equal to that of
channel C since that the receiver only acks fresh messages
which cannot be greater than H. Now the delay model for Cs
is chosen similarly as dj, ,, ~ Exp (\2), where the superscript
r denotes the delay in reverse direction.

c) Agent Dynamics: An agent n generates and immedi-
ately sends a fresh message to the receiver according to some
policy that defines the inter-transmission times. Upon receiving
a message, if it is not outdated due to out-of-order arrivals, the
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receiver updates the Aol for that agent at time points 7,,. We
assume that the only information an agent can access from the
environment is the current channel load, v (¢).

Given the assumed delay distributions, the full state of agent
n at time t is defined as X, (t) = (2, (t), ML(t), M2(t)),
where x,,(t) is the current Aol for the agent n at the receiver,
M (t) is the number of messages in channel C from the agent
n and M2(t) is the number of messages (acknowledgments) in
channel C'5 from the receiver to agent n. The agent n receives
observations, y,, which essentially are the acknowledgments
sent by the receiver. These acknowledgments, y,,, contain (i)
the reception time, 7, ;, of the fresh message for that agent,
and (ii) the corresponding value of the updated Aol, x,, (1, ;).
at the receiver.

Now, we assume that the agents do not have this full
information, X,,(¢) and that it only has the count of the number
of its unacknowledged messages, u,, (t) = M} (t)+M2(t), and
it can keep a belief over its Aol x,, ; using the received ob-
servations ¥,, and the parameters of the channel delay model.
As we will show later, we assume that the agent does not
observe the continuous time processes u, x but rather samples
its observations at discrete times and also takes actions on
this discrete timescale. The actions, which will be illustrated
in detail in the system design section, are mainly whether to
generate and send a fresh message in this discrete time step or
not. Finally, we assume that the agent n can only obtain the
state of the forward channel when it sends to it, irrespective
of whether its message is dropped or not. This leads to the
considered system being partially observable.

d) Reward function: The agents aim to learn a policy 7
that decides whether to generate and transmit fresh messages,
in order to maximize a reward. Since we have limited capacity
channels being shared by all agents, we assume that the
agents are willing to implicitly cooperate in order to maximize
the global reward, which is to minimize the expected Aol
over all agents. Hence, we fix the following reward function,
O(t) = =% X nen Tn(t), where N'= {1,..., N}. Note that
other Aol related cost functions can be used here, as surveyed
in [29]. For instance, one can simply penalize message drops
in the reward function. Since the agents are working in an
implicit cooperative manner to maximize this reward, we
assume that this global reward is distributed to all agents.

IIT. Aol MINIMIZATION UNDER PARTIAL OBSERVABILITY

Next, we first illustrate the effect of the random channel
delay on the observation model of the agents. We then propose
a bootstrap particles filter for the agents in order to cater for
the delayed observations. Lastly, we introduce the partially
observable mean-field framework that is used to obtain decen-
tralized policies for the agents to minimize their Aol.

a) Agents’ Partial Observability: Recall, that the mea-
surements from the receiver {z, ;};cn are not immediately
observed by the corresponding agent n. The receiver sends the
acknowledgment over the channel C5, where each acknowl-
edgment is subjected to a random i.i.d delay, dy, ; ~ Exp (\2).
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Fig. 3: Visualization of two particles, (z'(t), 22(t)) € &, for
the true Aol process x(t) of the agent from Fig. 2 (We drop
the subscript denoting the agent for brevity).

The observations y,, i.e., the delayed acknowledgment mes-
sages, are then received by agent n at time points, 777’1’ =
Nn,j + d, ;- Due to this channel delay, the acknowledgments
received by the agents can also be out-of-order. And we make
use of all these received observations (acknowledgments) to
update our particle filter.

The ordered sending times from the receiver, p, =
{pn,j}jen, for sent acknowledgments of agent n are then
given as the order statistic of the sequence 7,, = {n;}jen:
{pni} = {1} Vk €N, where (-),, &) denotes the kth
order statistic, or the kth smallest value of the set 77,,. Addition-
ally, I(k) : N — N denotes the corresponding index of this
value in the set 7, [9]. Also, the sequence of observations
Yn = {Ynjljen is given as: {yn;jljen = {znik)}tren
Similarly, the ordered sequence of sending time points is then
determined at the agent as: {pn j}jen = {Nn,i(k) fren-

We use the information contained in the acknowledgments
to feed the particle filter of each agent to independently
update the belief over its own Aol, which is explained next.
And we assume that the agent correctly knows the delay
distributions. Finally, even though the agent only obtains the
state of occupied paths in C; when it sends to it, the agent does
not maintain a belief over the ratio of occupied paths, v1(t).
Since calculating this belief is non-trivial and intractable, since
each agent then needs to know the policy or the last timestep
action of other agents.

b) Particle Filter: In order to make informed decisions
while receiving delayed acknowledgments, the agents maintain
a belief over their Aol, x,(t), using a particle filter [7], [22].
For ease of notation and without loss of generality, we have
removed the subscript n from the following description, since
each agent maintains its own belief independent of the others.

Let I denote the number of observations obtained by the
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agent, i.e., the acknowledgments, until time point ¢, i.e., the
(sender) agents’ observation time points 7] < 75 < -+ <
1y < t and the corresponding receiver side ordered sending
times (of the acknowledgments) p; < p2 < -+ < pr < t.
We compute the posterior distribution of the latent path of the
Aol process x[p,; given the observations y.7 = {y:}_,, their
receiving times 7)., = {n/}!_,, and the sorted sending times
p1.1 = {pi}_,. We denote the path of = between two time
points ¢ < t' as x4 == {x(s) | t < s < t'}. This posterior
inference p(x[ 4 | Y1.1, p1:1,71.7) is hard to compute, hence,
we use a particle filter to represent this distribution in terms of
a set of B particles, z°, for b = {1,..., B}. The likelihood,
for our noise-free model, is given by a discrete distribution as
p(yr | z(pr)) = 0(yx — x(pK)), where K is the number of
observations in the interval [0,77] and z(px) = z((k)) is the
ordered measurement.

We use the bootstrap particle filter in which the importance
distribution is assumed to be the same as the prior distribution,
so the weights only depend on the likelihood, see [7], [22] for
more details. This is hard to achieve given the Dirac form of
the likelihood when the filter updates the particles, especially
if the state is continuous. Hence, the particles are reset to the
last received observation, ¥k, and their weights remain equally
likely after every update.

The designed particle filter is explained using the example,
depicted in Fig. 3. Here z(t) is the true Aol not known to the
agent and 2! (t) and 22 (¢) are the two particles the agent uses
to maintain a belief over x(¢). Given an observation y; for
the message k € N, containing the pair {z, pr }, the agents’
Aol at the receiver at time 7); is now known to the agent since
zpr = 2. Once this observation is received, irrespective of
the sequence order, all the particles of the agent are updated
by going back in time to p; and updating the value of all S
particles to z((x))-

In Fig. 3 we show two such particles x!(¢) and z2(t).
They both start at a time ¢ = 0 using the initial belief,
21(0) = 22(0) = 0. The particles are simulated at a rate
of 1 (as the Aol advances) until a time point where a sent
message m; may have been received by the receiver. The solid
line is the simulation of the particle filter without observations
and knowing the delay model distributions. The particles keep
propagating in this manner until an observation y; is received
at the time n; Upon receiving y;, each particle in the set
is back-propagated in time to p; and value z(j()), (value of
x(p;) at the receiver at time). The dashed lines are simulations
based on a back propagated observation that was received
until the current time ¢. Using the particle states, 2°(t) where
b = {1,...,B}, the agent can compute its mean belief
Aol, pup(t) = % Zle x°(t), and the corresponding standard

deviation, o(t) = \/% S (b (t) — pp(t))?, at any time
t. Fig. 4 shows the performance of our particle filter for one
agent over a time period of 50 seconds. It can be seen that
the agents’ belief of its Aol (red) is close to the true Aol at
the receiver (black). This indicates that we can use the belief
state to learn a good control policy for the agent actions.

— True State
—= Mean Belief
Std. Belief

0 10 20 30 40 50
Time [s]

Fig. 4: Realization of our bootstrap particle filter estimate.

¢) Partially Observable Mean-Field: Mean-field repre-
sentations are a successful way of learning scalable solutions
in multi-agent systems, both in cooperative [11] and compet-
itive settings [28]. Our system model fits the former since we
aim to reduce the expected Aol of the entire system. Note
that learning a decentralized mean-field policy in partially
observable systems still remains relatively uncharted, see [8].

We adapt the framework of [8] which presents a decen-
tralized partially observable mean-field control (Dec-POMFC)
model and assumes permutation-invariant agents to reduce an
N-agent system to a single agent Markov decision Process
(MDP). There, it is assumed that the problem dynamics,
i.e. the distribution of Aol and messages in the channel,
and rewards are Lipschitz in the mean field, which can be
verified for our setting. A scalable policy for this MDP is then
learned using the state-of-the-art single-agent RL policy gra-
dient method known as Proximal Policy Optimization (PPO).
In essence, the approach assumes the usage of an “upper-
level” policy, 7, during training. This policy assigns for any
current mean field (full system state, see Sec. IV) the action
probabilities for all agents with a particular current belief of
Aol.

As stated in the agent dynamics above, the full state
of the agent n at time ¢ has three components X, (¢f) =
(xn(t), ML(t), M2(t)) and the observations are denoted ,,.
For the Dec-POMFC representation, a joint distribution,
1(t) = % 32, 0x,. (1), over the three components of the state
X, (t), is considered of all agents. The number of total mes-
sages in channel C; at time ¢, i.e., J¢, (), is instantaneously
observed by an agent only when it sends a message to channel
C, but can be calculated from the full state of all agents at
any time ¢, as Jo, (1) = Zivzl M} (t). From this, the ratio of
currently occupied paths is obtained as 4 (t) = Jc}{(t), and
the empirical distribution over channel filling is calculated as
v = vy, v1], where vg =1 — 1.

In contrast to [8], to learn the upper-level policy, 7, for the
Dec-POMFC model we make use of the mean and standard
deviation of all three components of the state, X,,(t) for all
n € N agents and v(¢) as a lower-dimensional and efficient
input representation of the mean-field. Note that the mean,
11, and standard deviation, &, are just a specific function of
the true distribution of the joint state distribution, u(t), and
can be a good approximation to the otherwise computationally
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intractable p(t). The learned upper-level policy, 7, can then be
used to extract the lower-level policy for each agent, w,(t) ~
w(u(t)), i.e. the probability to send update messages given
any current Aol, which decides on the agent actions a, (t) ~
un(t, ,(t)) based on its own (belief) Aol. Note that although
the upper-level policy 7 accesses the full system information
1(t) during training, we can perform decentralized execution,
i.e., without knowledge of u(t), after training the policy [8].
And, if agents don’t have up-to-date information on their Aol,
the particle filter is used to maintain a belief over it [22].

IV. SYSTEM DESIGN

Next, we give our system design in terms of the action space
and observation space, the values of the parameters used, as
well as, a description of the solver. We first explain our training
process for learning the policy and how it is then evaluated
on the system when the NV is large.

a) Action space: The agents learn a policy, , that
dictates whether to generate and send a new message at the
current time step or not. So, the action space is, a € A =
{0,1}, where a = 1 denotes a new message is generated and
sent. The policy tells the agent what action to take based on
the state in which the agent is, here, the state is the known
(or the belief) Aol of each agent. As the Aol z,(t) € R>q
is a continuous variable, learning a policy for this space state
will need a long training time or will result in a non-optimal
policy. Since values of Aol close to each other will have a
similar policy, we quantize the Aol x,,(¢) into finite ¢ levels,
{[0,1),[1,2),...,[¢ — 2,q — 1),[¢ — 1,00]}, which dictates
then the size of our action space for each agent n given as
a, = {al,a?,... a1}, where a’, € {0,1} fori=1,...,q, is
an action for each quantized state level. Note that any arbitrary,
finite number of quantization levels can be used.

b) Observation space: We consider the following three
models for learning the policy, each differing in terms of the
information used by the agents for policy training.

« POMFC model: This is the lower-dimensional repre-
sentation of our partially observable mean-field model
(Dec-POMEFC), discussed in Sect. III-Oc. To learn the
POMEC policy the input observation is a vector con-
taining the mean and standard deviation over the full
state of all agents and channel state information, o =
(Al (), A(MA(D)), R(M2(2)),
F(xn(t)),a(ML(t)),5(M2(t)),v1(t))n=1.. n. Once an
upper-level policy 7 is learned it is used to extract the
lower-level policy u,(t) for each agent from which the
agent can choose its actions based on its individual Aol,
an (1) ~ up(zn(1)).

o NA model: This is the N-Agent scenario where the Aol
of each agent is assumed known and directly used to
learn the policy, leading to the input observation: o =
((t))n=1,... n. Note that the input observation of this
model is the same as that used by the lower-level policy
U, (t) in our proposed POMFC model.

o NA-Dec model: This is the N-Agent scenario that uses
the channel state information and the total unacknowl-
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Fig. 5: Performance comparison of (a) both POMFC policies
and (b) NA-Dec policies.

edged messages of each agent to learn the policy. The
input observation is: 0 = (2, (1), en(t), v1(t))n=1,... N>
where e,,(t) = M} (t) + M2(t) is the total unacknowl-
edged messages of each agent.

Based on the channel-induced delay we consider the fol-
lowing two variations of observations

o TrueState version: This is the scenario where we assume
that the agent perfectly observes its true Aol, z,(t),
without delay and also knows about the channel state,
v1(t), at all times.

o AvgBelief version: This is the scenario where the
channel-induced delay is taken into account and the
agents only have access to delayed acknowledgments
in the form of observations. Each agent then uses the
above designed particle filter to maintain a belief over its
true Aol which is used to calculate the average belief,
fin.B(t), and the standard deviation, &, g(t), of each
agentn = 1,..., N. Additionally, for the channel state of
C1, we only use the last observation of each agent which
they received upon the last attempt to use the channel.

For the NA-Dec model, in the AvgBelief version, we
use as input observation all the particles directly, instead
of their mean and standard deviation. The input observation
for this NA-Dec-Particles version is then given as o =
(@n,b(t), €n(t), Un,1(t))n=1,.. Np=1,. 5. We use this model
to understand if using the lower-dimensional representation
(mean and standard deviation) is enough to learn a well-
performing policy.

¢) Solver: In order to learn a policy 7 for each agent
we use the state-of-the-art proximal policy optimization al-
gorithm [23], which has shown promising results for both
discrete and continuous state and action spaces. The reward
function, ©, used focuses solely on minimizing the average
Aol of the system. To cater for partial observability of the
channel and delayed observations of the acknowledgments, we
use recurrent neural networks [30] with PPO. The experiments
use the RLIib implementation of PPO [15].

d) Evaluation: Once a policy is learned it can then be
used to extract the action a,,(t) for an agent in a decentralized
manner by using the (true or belief) Aol state, x,,(t), of that
agent. This only requires the quantized index g,(t) which
reflects in which quantization level, a,, = {al,a?,... a2},

n 'n?

the Aol lies for the agent n. The Python implementation of
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waysSend. (b) The average drops of 100 Monte Carlo simu-
lation are calculated at every time step and their cumulative
total after 50 times steps is shown here.

our system and policies is available as open source 2.

V. EVALUATION RESULTS

Next, we present the results of our experiments. We use PPO
to learn a policy that maximizes the given reward, ©, and the
training method falls in the category of centralized training and
decentralized execution (CTDE) [12], with parameter sharing
[20], in order to circumvent the non-stationarity issue common
in the Multi-agent RL setup.

For all the presented results, the learned policy is evaluated
on a range of agents: N = {10,100, 200,500, 1000, 2000}.
For every N the evaluation comprises of 100 Monte Carlo sim-
ulations with corresponding confidence intervals. The POMFC
policies were trained on N = 100 agents which can be
considered enough to define a large system, although the
POMFC framework is scalable, and a higher number of agents
could have been used. The NA policies were trained using 10
agents only, due to the lack of scalability, as higher number
of agents results in a much higher training convergence time.

Zhttps://github.com/AnamTahir7/Collaborative-Optimization-of-the-Age-
of-Information-under-Partial-Observability/tree/main

2000

All the policies are compared based on the average Aol in the
system, i.e., the average of the Aol of all N agents, which
reflects the reward function, ©.

In addition to the above introduced learned policies we
have also compared to the following fixed policies: (i) Con-
stantRate: based on a fixed rate, w, a subset of agents are
randomly chosen to send their messages at every time step. (ii)
AlwaysSend: every agent is sending a fresh message at every
time step regardless of its Aol or channel state. This is bound
to perform badly, especially in terms of message drops in the
system. (iii) Threshold: every agent sends a fresh message if
their true Aol exceeds certain threshold, a.

Fig. 5(a) shows that the learned POMFC-TrueState policy
outperforms its finite system version NA policies as well as
validating that it outperforms the POMFC policy using the
average belief instead of the true state. Further, the figure
shows that the POMFC-AvgBelief policy performs better than
both NA policies, even given delayed observations. This result
is an indication that the proposed particle filter works well,
as also shown in Fig. 4. Hence, if the true Aol is not
instantaneously available for learning the policy, then making
use of the agents belief also obtains a well-performing policy.

Fig. 5(b) shows the performance comparison of the three
versions of NA-Dec: TrueState, AvgBelief, and Particles. It
can be seen that the policies using average belief and particles
have a very similar performance and they both outperform
the TrueState policy. Note that the TrueState policy in this
scenario learns from the true values values of the Aol while in
contrast the model that uses the particle filter uses additional
information such as standard deviation over particles or the
whole set of particles to learn a more explored and thus better
policy. The particle filter is surely also able to maintain an
accurate belief over the true state.

Fig. 6(a) shows the average Aol for the ConstantRate policy
for a wide range of rates w. The rate w denotes a constant
laod on the channel, i.e., a constant proportion of the agents
(chosen uniformly at random at every time step) that send
a message. Hence, w = 1 is equivalent to the AlwaysSend
policy. It can be seen that there exists a non-trivial optimum
over the rate w. We have chosen the constant rate of w = 0.5
for further comparisons to other policies, i.e., at every time step
half of the agents chosen uniformly at random will be sending
new messages. Fig. 6(b) gives the performance comparison for
using different Aol threshold values, o, where here too a non-
trivial optimum exists. In further comparisons we use the value
o = 4. These two results show that such fixed policies cannot
yield optimal performance and there is a need for learning a
dynamic policy.

Finally, Fig. 7 shows the performance comparison of our
proposed POMFC policies to the best performing (i) NA
(NA-TrueState), (ii) NA-Dec (NA-Dec-AvgBelief) (iii) Con-
stantRate at w = 0.5 and (iv) Threshold at @ = 0.4,
policies. It can be seen that our MDP-based POMFC-TrueState
policy outperforms all other policies in terms of the average
Aol of the system. Additionally, we show the comparison
of the cumulative average number of message drops, where
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the average is calculated at each time step. Here also our
POMFC-TrueState policy has the least number of average
drops, which intuitively goes hand in hand with minimizing
the average Aol. Finally, our POMFC-AvgBelief policy, which
uses our proposed particle filter, performs better than all the
other learned and fixed policies (except when knowing the
TrueState for POMFC), both in terms of average Aol and
average message drops. This indicates that our particle filter
performs well and is suitable for training where true Aol is
not instantaneously available to the agents.

VI. CONCLUSION

We addressed the challenge of minimizing the expected Age
of Information (Aol) in a multi-agent system using delay-
inducing finite capacity forward and backward communication
channels, which render the system partially observable. In
particular, we considered agents that operate independently
without global state awareness. Our approach leverages a
bootstrap particle filter to update individual Aol beliefs per
agent based on delayed acknowledgments. We employed a
partially observable mean-field control (POMFC) framework
to simplify the system into a single-agent MDP, which is
solved using the PPO algorithm. The results show the superi-
ority of the POMFC approach over fixed and other learned
policies while underscoring its potential in complex multi-
agent environments.
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