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Abstract—Age of information (AoI) has been recently
considered as a performance metric to measure the freshness
of information for time-critical wireless communications
application. In this paper, we consider AoI minimization in a
wireless ad hoc network, where nodes exchange status updates
with one another over shared spectrum. The network needs to be
formed in a dynamic fashion in the sense that each node either
broadcasts or receives updates in a slot and attempts to keep
the updates in both directions fresh. We aim to minimize the
average AoI of each node by a joint broadcast scheduling and
power control policy. Each node decides its transmitting/receiving
mode and the transmission power based on its local observation
of the system state. We formulate a Markov game and develop
a multi-agent deep reinforcement learning algorithm based on
deep recurrent Q-network. The simulation results show that the
proposed approach outperforms the baselines significantly.

I. INTRODUCTION

Age of information (AoI) has been recently introduced as
a suitable metric to measure the freshness of information in
wireless communication networks where timely information
update is critical, for instance, beacon message exchange
in vehicular networks [1]. AoI is defined as the time
elapsed since the generation of the latest successfully received
information. In [1], AoI of a point-to-point communication
system is characterized and analyzed from a queuing theoretic
perspective. It has been shown in [1] that AoI minimization
offers different insights from delay minimization. Minimum
AoI design in various systems since then has received extensive
attention [2]–[6].

In this paper, we investigate AoI in a wireless ad hoc
network. Although wireless ad hoc networks have been studied
extensively over the decades, AoI minimization in wireless ad
hoc networks is a new research direction critical in information
transfer among peer-agents, for example, in the context of
Internet of Things (IoT). Major application domains in this
paradigm include wireless sensor networks and vehicular
ad hoc networks. The general service requirement of such
networks is to periodically update information among peer
nodes on a short timescale in order to convey the states of the
dynamic processes of the underlying cyber-physical system.
AoI thus serves as an appropriate metric that characterizes the

trade-off between the congestion of the network and the timely
generation of updates.

In this paper, we consider a scenario of spreading
information in a wireless ad hoc network, where each node
broadcasts its status updates from time to time and receives
updates from others when not sending. Broadcast scheduling
and power control have to be carefully designed to mitigate the
interference caused by simultaneous transmissions over shared
spectrum. The cross-layer design of scheduling and power
allocation has been widely studied in terms of throughput
maximization and found to be computationally complex [7]. In
this paper, we consider online scheduling and power control
jointly for AoI minimization based on the dynamics of AoI
state and the SINR constraint which guarantees the quality of
updates.

Wireless ad hoc networks have no static infrastructure
or centralized coordination. The nature of peer-to-peer
transmission and reception necessitates distributed protocols
for broadcast scheduling and power control. Each individual
node takes its action only based on the local observation
of the overall system. We formulate a Markov game for
this problem, where each agent aims to maximize its own
utility. Due to the lack of an accurate system model at each
node, we utilize a reinforcement learning framework to find
the online policy. In [4], a reinforcement learning algorithm
is used to learn unknown system parameters to minimize
long-term average AoI. Here, we propose a multi-agent deep
reinforcement learning algorithm. Deep reinforcement learning
(DRL) is a powerful tool to design a dynamic control for the
system with a large dimensional state space. It has become
popular in solving challenging problems in game playing
and robotics [8]. Recently, DRL has been highlighted by
its applications in wireless networks. A growing number of
papers have studied various wireless communication networks
via DRL due to its capability of dealing with model-free
and large dimensional systems. In [9], distributed dynamic
spectrum access is studied via DRL and game theoretic
analyses are given. Reference [10] studies transmit power
control and interference mitigation in a large-scale network
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Fig. 1. System model.

via a multi-agent deep Q-learning algorithm, which provides
near-optimal performance. In our proposed multi-agent DRL
algorithm, recurrent neural network (RNN) is adopted to
address the partially observable game. Simulation results verify
its efficacy and remarkable performance improvement.

II. SYSTEM MODEL

We investigate a wireless ad hoc network consisting of K
fully-connected nodes as in Fig. 1. The system is time-slotted
with slot length τ . Nodes, indexed by k ∈ K = {1, 2, . . . ,K},
are synchronized over T slots. The nodes are equipped with
half-duplex transceivers, i.e., each node is either transmitting
or receiving in a slot. All share the same frequency band.
Each node aims to communicate status information with all the
others, i.e., it broadcasts its status updates to the other nodes
and receives others’ updates when not sending. Multiple nodes
are allowed to transmit simultaneously. The receiving nodes
decode the messages by successive interference cancellation.
We assume all nodes can communicate with each other via a
single hop, i.e., there are K(K − 1)/2 bidirectional links.

We assume block fading channels. In slot t, t = 1, 2, . . . , T ,
the channel gain between node k and j, k ̸= j, is

hkj(t) = αkjβkj |ϕkj(t)|2, (1)

where αkj and βkj denote the path loss and log-normal
shadowing that are assumed to be constant over the session.
ϕkj(t) is circularly symmetric complex Gaussian with zero
mean and unit variance CN (0, 1), i.e., we have Rayleigh
fading. Similar to [10]–[12], we adopt Jakes model to
characterize the temporal correlation between two consecutive
slots,

ϕkj(t) = ρϕkj(t− 1) +
√
1− ρ2n(t), (2)

where ρ denotes the correlation and n(t) ∼ CN (0, 1) is
the independent randomness. The correlation is determined
by ρ = J0(2πfdτ) with Bessel function of the first kind
of order 0, J0, and Doppler frequency fd [13]. Let pk(t)
denote the transmission power of node k at slot t. The
signal-to-interference-plus-noise ratio (SINR) received at node
j is given by

Γkj(t) =
hkj(t)pk(t)∑

i≺k hij(t)pi(t) + σ2
, (3)

where i ≺ k signifies that the received signal power of node
i is smaller than that of node k and σ2 is the received noise
power.
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Fig. 2. AoI (infinitesimal τ ). Solid black curves represent AoI of Rx at node
k for updates from node j with function gjk , blue dash lines represent AoI
of Tx at node j, green arrows indicate generation instants of updates. The red
dot lines illustrate the relationship of AoI of Tx and AoI of Rx. The second
and fifth updates are overwritten by new updates before broadcasted.

At each node, update generation follows a stationary random
process, whose distribution is generally unknown to the node.
There is a buffer to store the generated data packet. The new
packet overwrites the old one if it has not been broadcasted
before the generation of the new one. Each transmission
empties the buffer if no new packet is generated. Thus, only
the newest data is transmitted, which is consistent with the
requirement of information freshness in practical applications.
In the following, we use “status update” and ”data packet”
interchangeably.

In most work up to date, a linear model of AoI is adopted,
where AoI is defined as the time duration between the current
time t and the generation instant of the most recent received
packet by t. Specifically, the linear age of status updates from
node j to node k is given by

∆jk(t) , t− ujk(t), (4)

where ujk(t) is the generation time of the most recent received
update by t. Here, we use the linear model to count the age of
the packet in each node’s buffer from a transmitter perspective,
namely, AoI of Tx. We use qk(t) to denote the time elapsed
since the generation of the stored packet at node k, where
qk(t) = 0 indicates there is no packet in the buffer. On the
other hand, as a receiver (Rx), node k also records the age of
the received updates from other K − 1 nodes, namely, AoI of
Rx, which is denoted by Ajk(t) for updates from node j, j ̸=
k. We consider a general model for AoI at the Rx. Specifically,
AoI of Rx for node k is given by Ajk(t) , gjk(∆jk(t)), where
the function g : [0,∞) 7→ [0,∞) is assume to be measurable,
non-negative, and non-decreasing [3]. For instance, g could be
the power function g(x) = xc, c > 1. This general age model
is introduced to represent the dissatisfaction for data staleness
and indicate the weights of status update for different links.
We consider a general setup that the function gjk, which is
determined by the receiver k, is unknown at the associated
transmitter j, but only ∆jk(t) is recorded at j over time.



We assume that an update can be successfully delivered
by the end of each slot if a received SINR constraint is
satisfied [13]. As shown in Fig. 2, the AoI increases between
successfully delivered updates and drops to the age of the
update when an update is delivered. Specifically, with a
successful update from transmitting node j, AoI of Rx at
receiving node k decreases to gjk(qj(t) + τ) at the beginning
of slot t+1, i.e., ∆jk(t+1) = qj(t)+τ . Otherwise, it increases
to gjk(∆jk(t+ 1)). Thus, the AoIs of Tx and Rx for node k
evolve as follows.

qk(t+ 1) =


0, if transmitting in slot t

or no packet arrives,
qk(t) + τ, otherwise.

(5)

Ajk(t+ 1) =

{
gjk(qj(t) + τ), if Γjk(t) ≥ Γmin,

gjk(∆jk(t+ 1)), otherwise.
(6)

After a slot, in which node k transmits an update, it receives
a 1-bit feedback from each receiving node, indicating whether
the packet is successfully delivered. By collecting feedback
from all receiving nodes, the transmitting node can infer
the transmitting/receiving status of all other nodes, which
facilitates decisions in the slots onwards.

III. PROBLEM FORMULATION

We aim to derive an online policy that dynamically
schedules the broadcasting nodes and their transmission
power to minimize the expected average AoI at each
node. We consider a distributed setting without central
coordination or system state information exchange to manage
the scheduling. Each node can only partially observe its local
state information. Thus, a partially observable Markov game
[14], [15], is formulated. A Markov game for K agents is
defined by a set of states S for all agents, a set of actions
P1, . . . ,PK and a set of observations O1, . . . ,OK for each
agent. Each agent chooses its action according to its policy
πk : Ok 7→ Pk, which leads to a new state. The state
transitition is according to the function T : S × P1 × · · · ×
PK 7→ S . After taking the action, agent k obtains a reward
rk : S × Pk × P−k 7→ R, which depends on other agents’
actions P−k. Each agent receives a new observation associated
with the new state: ok : S 7→ Ok, and attempts to maximize
its expected return Rk =

∑T
t=1 γ

t−1rk(t) for time horizon
T , where γ ∈ [0, 1) is a discount factor. Next, we define the
components of the Markov game in our system.

Action: The action taken in slot t for node k is its
transmission power pk(t) ∈ P , where P is a set of discrete
power levels same for all nodes [11]:

P ,
{
0, Pmin

(Pmax

Pmin

) i
|P|−2

, i = 0, . . . , |P| − 2
}
, (7)

where Pmin and Pmax are the minimum (non-zero) and
maximum transmission power, respectively. In particular,
pk(t) = 0 indicates that the node is in receiving mode.

State: The system state, denoted by s(t) ∈ S, consists of
AoI of Tx, AoI of Rx, and channel gain for all nodes, i.e.,

s(t) = (q(t),A(t),h(t)), where q(t) is a vector with entries
qk(t), and A(t), h(t) are K × (K − 1) matrices with entries
Akj(t), hkj(t), ∀j, k, j ̸= k, respectively.

Observations: Node k, ∀k, observes a local state of the
system ok(t) ∈ Ok, which includes AoI of Tx qk(t),
AoI of Rx associated with the updates from other nodes:
A k(t) , [Ajk(t)]j ̸=k, linear age of packets from itself to
other nodes: ∆k (t) , [∆kj(t)]j ̸=k, and the latest updated
channel gain: h̃k(t) = [h̃kj(t)]j ̸=k, obtained from the most
recent transmission. Specifically, h̃kj(t) = hkj(t1), where
t1 is the most recent slot by t that an update is sent or
received at node k or j. Node k can also infer from the 1-bit
feedback signal the transmitting/receiving status of all nodes,
denoted by z(t − 1) = [zk(t − 1)]k∈K, with zk(t − 1) = 1
indicating k transmits in slot t − 1 and zk(t − 1) = 0
indicating k receives. Thus, the observation at time t is
ok(t) = (qk(t),A k(t),∆k (t), h̃k(t), z(t− 1)).

Reward: The reward at each node is its age utility, which is
defined as the negative sum of the AoI of Rx associated with
its transmitted and received updates,

rk(t) = −
∑
j ̸=k

(
Akj(t) +Ajk(t)

)
. (8)

The aim is to maximize the discounted expected return over
an infinite horizon:

Jk = Eπk

[ ∞∑
t=1

γt−1rk(t)
]
, (9)

which can be used to approximated the following average
return as γ → 1 [16],

Jk = lim sup
T→∞

Eπk

[ 1
T

T∑
t=1

rk(t)
]
. (10)

The expectation is taken over policy πk of node k. Without
knowing the transition function of the system, each node learns
its policy by deep reinforcement learning introduced next.

IV. DEEP REINFORCEMENT LEARNING ALGORITHM

In this section, we first give a brief background of Q-learning
and deep Q-network (DQN) and then introduce the proposed
multi-agent deep recurrent Q-learning algorithm.

A. Preliminaries

Q-learning is one of temporal-difference (TD) methods in
reinforcement learning [17]. It is a model-free method that is
able to estimate expected return by learning from the temporal
difference of the value function without requiring prior
knowledge of the system model. It has been widely applied
in various decision-making problems. Q-learning approximates
value function of optimal policy by the update

Q(s, a)← (1− η)Q(s, a) + η
(
r + γmax

a′
Q
(
s′, a′)

)
, (11)

where s and a denote the state and action, respectively,
0 < η < 1 is the learning rate. The policy is chosen
as the one that maximizes the Q-value at each step.



Q-learning uses the table memory to save the Q-value of each
state-action pair; this prevents the method from addressing
high-dimensional problems. DRL, in general, is a combination
of deep learning and reinforcement learning to deal with
this curse of dimensionality. DQN proposed in [8] remarks
the first success of such a combination. DQN evaluates
the Q-value of all possible actions by taking advantage of
function approximation of neural networks. An approximate
value function Q(s, a|θ) is parameterized by θ, the weights
of the neural network. To stabilize the learning process, a
target network Q̄ parameterized by θ̄ is employed and updated
periodically from the estimation network Q. The weights of
Q are updated by minimizing the following loss function in
each step:

L(θ) = E
[(

r + γmax
a′

Q̄(s′, a′|θ̄)−Q(s, a|θ)
)2]

. (12)

Moreover, the generated samples are stored in a memory buffer
and randomly sampled to feed the training process in each step,
namely, experience replay.

B. Multi-Agent Deep Recurrent Q-Learning

In many real-world applications, the learning agents only
partially observe the environment without complete state
information but need to make the best decision at each
step based on the partial observation. Multiple agents further
complicate learning since interactions among the agents
reshape the environment and each agent observes the outcomes
not only led by its own action but also depending on the
behavior of others [18]. To facilitate the agent to learn the true
state of the system, we incorporate a recurrent neural network
(RNN) structure, i.e., a long-short term memory (LSTM) layer
into the network [19], [20]. An LSTM unit consists of a cell,
an input gate, an output gate, and a forget gate. The cell tracks
the dependencies of the elements in the input sequence, and the
three gates control to which extent a value is fed into the cell,
used to calculate the output, and to be retained in the cell,
respectively. The LSTM structure helps the agents maintain
an internal state and aggregate the history of observations,
from which the agents can infer the system state. At each
agent, we train a deep recurrent Q-network (DRQN) in parallel.
Specifically, the input of the network at node k is a sliding
window history including the actions and observations of the
past M slots,

Hk(t) ,
(
[pk(i)]

t
i=t−M+1, [ok(i)]

t
i=t−M+1

)
. (13)

The input is directly fed into a 2-layer LSTM of sequence
length M , whose output goes into a hidden linear layer.
Finally, a linear layer outputs the Q-values for |P| actions. A
ε-greedy exploration policy is adopted to control the trade-off
of exploration and exploitation. The action is selected by

pk(t) =

argmax
p∈P

Qk

(
Hk(t), p|θk

)
, w.p. 1− ε,

randomly select from P, w.p. ε,
(14)

Algorithm 1 Multi-Agent Deep Recurrent Q-Learning
1: Input episode number N , step number T , learning rate η,

hard update rate µ, exploration probability ε
2: Initialize the estimation network Qk with random weights

θk, and initialize the target network Q̄k by θ̄k ← θk, ∀k
3: for episode n = 1, . . . , N do
4: Reset the simulation environment and receive initial

state sk(1)
5: for step t = 1, . . . , T do
6: for node k = 1, . . . ,K do
7: Select action pk(t) according to (14);
8: Execute action pk(t), receive reward rk(t), and

obtain the next state Hk(t+ 1);
9: end for

10: Store transition {Hk(t), pk(t), rk(t),Hk(t + 1)}k∈K
in the memory buffer;

11: Randomly sample a mini-batch of B transitions;
12: Update the estimation network Qk by minimizing the

loss in (15) with the mini-batch, ∀k;
13: Update target network for every µ episodes.
14: end for
15: end for

where ε is the exploration probability. At each step, a
new transition (Hk(t), pk(t), rk(t),Hk(t + 1)) is stored
in the memory buffer and a mini-batch of B transitions
{(Hi, pi, ri,H′

i)}Bi=1 is randomly sampled from the buffer. By
minimizing the following loss function, the weights of the
estimation network Q are updated.

L(θk) =
1

B

B∑
i=1

(
ri +max

p∈P
Q̄k

(
H′

i, p|θ̄k
)
−Qk

(
Hi, pi|θk

))2

(15)
The target network Q̄ is updated for every µ episodes. The
algorithm is summarized in Algorithm 1.

V. SIMULATION

In the simulation, we consider networks for K = 5, 10,
20. The nodes locate uniformly and distributedly in a square.
The parameters of the system setup are listed in Table. I.
The path loss model is chosen according to the LTE standard
for picocells [21]. For the structure of the Q-network, we
have a two-layer LSTM with output size 256. The size of
the hidden linear layer is 256×128. ReLU activation function
and optimizer Adam are used [22]. The hyper-parameters for
training are N = 2000 episodes, T = 100 steps (slots),
learning rate η = 1e-4, hard update rate µ = 10, exploration
probability ε = 0.1, batch size B = 32, discount factor γ =
0.95. The testing result is averaged over 100 runs with T =
10000 for each.

The proposed DRQN algorithm is compared with the
round robin (RR) scheduler combined with two different
power allocation methods, namely, RR-MaxPower, and
RR-PowerControl. In round robin scheduling, nodes are
scheduled to transmit in a fixed order. When it is the node’s



TABLE I
SIMULATION PARAMETERS.

Carrier frequency 2 GHz
Bandwidth 1 MHz
Noise power -174 dBm/Hz
Area size 100 m × 100 m
Path loss model 38 + 30 log 10(d), d in km
Log-normal shadowing 6 dB standard deviation
Doppler frequency 10 Hz
Slot length 10 ms
Maximum power 200 mW
Minimum power 1 mW
Power level 10

Fig. 3. Moving average linear AoI of Rx per link for K = 5 heterogeneous
nodes.

turn, an update is sent if the node has a packet, otherwise, no
one transmits. RR-MaxPower refers to when maximum power
Pmax is used in transmission. With RR-PowerControl, if a node
is scheduled to transmit, it calculates its transmission power
by minimizing the power consumption subject to the SINR
constraint based on the local channel state information, and the
closest larger power level is chosen. For the proposed DRQN,
the node takes an action if it has a packet to transmit; if not,
it can still receive. In all algorithms, each node only has the
local information of channel gain that is updated since the last
transmission or reception as aforementioned in Sec. III.

TABLE II
SETUP OF HETEROGENEOUS NODES

gjk(·) d̄ (m) κ Γmin (dB) Return

Node 1 1 1 1 1 59.7 0.1 -3 -387.7
Node 2 1 0 0 0 35.7 0.05 0 -284.7
Node 3 1 1 0 0 34.5 0.2 0 -204.6
Node 4 0 0 1 0 54.9 0.1 3 -175.5
Node 5 1 0 1 0 36.4 0.2 -3 -148.4

In Fig. 3, we show the moving average linear AoI of Rx
per link, i.e., 1

tK(K−1)

∑t
i=1

∑
k

∑
j ̸=k ∆jk(i), for a network

with K = 5 heterogeneous nodes. The nodes have different
functions gjk for AoI of Rx, average distance to others d̄,
update generation probabilities κ, and SINR requirements
Γmin. A detailed setup of the nodes is given in Table. II.

Fig. 4. Moving average reward of individual node for K = 5.

Fig. 5. Moving average linear AoI of Rx per link for K = 5 homogeneous
nodes.

For AoI of Rx in each link, we either use identity function
gjk(x) = x or power function gjk(x) = x1.5, denoted by 0 and
1 in Table. II, respectively. The update generation probability
is i.i.d. over slots. As shown in Fig. 3, the proposed DRQN
achieves a significantly smaller average AoI compared to the
baselines. This verifies that the nodes learn from the local
observations to take actions. The average return of individual
node obtained in DRQN is plotted in Fig. 4. By the reward
defined in (8), we observe that the average return of each node
correctly reflects its circumstance of sending and receiving
status updates.

Fig. 5, 6 and 7 illustrate the moving average linear AoI
of Rx per link for different numbers of homogeneous nodes,
K = 5, 10, 20, respectively. The update generation probability
for each node is κ = 0.2 and the SINR requirement is
Γmin = 0 dB. It can be observed that the proposed DRQN
algorithm outperforms all baselines and shows significant
superiority when the number of nodes is large so that more
nodes are allowed to transmit simultaneously. In Table III,
we list the average power consumption per transmission.



Fig. 6. Moving average linear AoI of Rx per link for K = 10 homogeneous
nodes.

Fig. 7. Moving average linear AoI of Rx per link for K = 20 homogeneous
nodes.

The proposed algorithm shows a remarkable energy-efficient
advantage compared to RR-MaxPower and even a lower
consumption than RR-PowerControl for N = 20.

TABLE III
AVERAGE TRANSMISSION POWER

DRQN RR-MaxPower RR-PowerControl

N = 5 18.8 mW 134.4 mW 1.8 mW
N = 10 13.3 mW 178.4 mW 12.7 mW
N = 20 11.7 mW 197.6 mW 14.0 mW

VI. CONCLUSION

In this paper, we have studied AoI minimization in a
wireless ad hoc network via DRL. With the objective of
minimizing the expected average AoI of each node, we have
formulated a Markov game. The framework of DRL has been
used to derive an online policy for broadcasting scheduling and
power control without knowing the system transition function.
A multi-agent deep recurrent Q-learning algorithm has been

proposed to address the partial observability. Simulation results
have verified the proposed algorithm can be implemented
distributedly with significant performance improvement over
baselines. This study thus indicates that deep reinforcement
learning is helpful in providing timely updates in an ad-hoc
network in a distributed fashion. Future work may include
extensions to large scale networks, and reward structures
tailored to specific applications.
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