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Abstract—Dense device-to-device (D2D) communication net-
works with a huge number of directly communicating devices
necessitate an efficient radio resource management to maximize
network performance. To this end, we first propose a novel intel-
ligent channel reuse based on deep deterministic policy gradient
(DDPG) to maximize efficiency of the radio resource usage. In
the real-world, any channel reuse inevitably imposes additional
interference requiring to i) allocate properly transmission power
at individual reused channels and ii) knowledge of a high
number of interference channels among devices. Such practical
challenges are addressed in existing literature commonly via
deep neural networks (DNNs). However, simple coexistence of
multiple naturally sub-optimal machine learning models, such
as DNN for channel quality prediction, DNN for transmission
power allocation, and DDPG for channel reuse leads to a problem
with a propagation of inevitable small errors in the prediction
by individual models. Consequently, even a small error in the
decision taken by one model can mislead decisions taken by
other models. To solve this challenge, we further propose a low-
complexity Generalized Coordinated Learning (GCL) allowing a
coordination of multiple light-weight machine learning models.
The GCL employs feedback loops among machine learning
models to jointly optimize multiple radio resource management
parameters in a coordinated way with awareness of decisions
taken by other models. Simulation results demonstrate that the
proposed GCL reaches near-optimal performance even in dense
D2D networks and improves sum capacity and ratio of users
meeting their required communication capacity by up to 69.6%
and 22.1%, respectively, compared to state-of-the-art works.

Index Terms—D2D communication, machine learning, coor-
dination, channel reuse, transmission power allocation, channel
quality prediction.

I. INTRODUCTION

Future mobile networks should provide high data rates for
a diverse range of connected devices, such as smartphones,
machines, Internet of Things (IoT) devices, or vehicles, each
with unique Quality of Service (QoS) requirements. In order
to fulfill such requirements, direct communication between
two nearby devices, referred to as Device-to-Device (D2D)
communication, is regarded as a promising innovation [1], [2].
The D2D communication improves data rates and spectral effi-
ciency in the mobile networks. Such improvement is enabled,
since a D2D transmitter and a D2D receiver, creating together
a D2D pair, communicate directly with each other bypassing
a base station (BS) [3], [4].

The D2D communication operates in two modes: 1) shared,
where the D2D pairs use resources allocated to cellular
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devices (i.e., the devices communicating via the BS), and 2)
dedicated, where the D2D pairs communicate over resources
not assigned to the cellular devices [5]. The shared mode
generally provides a higher spectral efficiency than the dedi-
cated mode. However, the higher spectral efficiency is at the
cost of complex solutions required to cope with interference
between cellular devices and D2D pairs [6]. Consequently, it
is complicated to ensure reliability and QoS for the devices in
the shared mode due to varying and unpredictable interference
[7]. Hence, the dedicated mode is preferred in scenarios with
high requirements on QoS and/or reliability, such as vehicular
or public safety applications [8]. For this reason, we focus on
the dedicated mode for D2D communication in this paper.

In the dedicated mode, spectral efficiency can be improved
by reusing the resources initially allocated to individual D2D
pairs [9]. In [10], the authors propose a channel reuse for
the D2D pairs with the objective of minimizing interference
while also minimizing the total number of reused channels.
In [11], the authors explore channel reuse, allowing multiple
D2D pairs to share single channel, while each D2D pair
cannot use more than one channel. In [9]–[11], the channel
reuse is limited to a low number to cope with naturally high
complexity of the channel reuse. Nevertheless, such limitation
is at the cost of a limited sum capacity.

The reuse of multiple channels by multiple D2D pairs in
the dedicated mode is considered in [12], where the solution
is based on a coalition structure generation problem. However,
the complexity of the solution increases significantly with the
number of D2D pairs making it impractical for a high number
of D2D pairs. Then, in [13], the authors employ many-to-
many matching theory for D2D channel reuse considering
interference interpreted in a form of graph. Similar to [12], the
complexity of many-to-many matching theory limits practical
application, as the number of possible matchings grows expo-
nentially with both the number of pairs and the interference
edges in the interference graph. Note that the reuse of multiple
channels by multiple D2D pairs is addressed also, e.g., in [14]
or [15], however, these papers target the shared mode, where
the channel reuse is determined directly based on the channel
usage by the cellular devices. Thus, the reuse developed in
these works cannot be applied to the dedicated mode.

Since the channel reuse always leads to an additional
interference, power allocation deployed on top of channel
reuse is suggested to mitigate this additional interference. The
authors in [16] propose greedy algorithm for channel reuse and
transmission power setting according to the maximum allowed
power for each D2D link. In [17], the authors jointly optimize
the channel reuse and the power allocation using an iterative
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TABLE I
COMPARATIVE ANALYSIS OF PROPOSED FRAMEWORK WITH STATE-OF-THE-ART ALGORITHMS.

Reference Channel
Reuse

Power
Allocation

Channel Quality
Knowledge Key Objective Optimization Scalability Computational

Complexity
[9]–[11] Limited No Perfect Min interference Non-convex Low Medium

[12] Full No Perfect Min interference Coalition structure Low Very High
[13] Full No Perfect Max capacity Many-to-many matching Low Very High

[14], [15] Limited No Perfect Max capacity Analytical Medium Low
[16] Limited Yes Perfect Max capacity Greedy algorithm Low High
[17] Limited Yes Perfect Max capacity Iterative decomposition Low High
[18] Full No Perfect Max capacity GNN Medium Medium
[19] Full Yes Predicted Max capacity GNN Medium Medium
[20] Full Yes Perfect Max capacity GNN Medium Medium

[22], [23] Full Yes Perfect Max capacity DRL Medium Medium
[24] No Yes Perfect Min interference DNN High Low
[25] Full Yes Perfect Max energy eff. Federated DRL High Medium
[26] Full Yes Perfect Max capacity Federated RL High Medium
[34] No Yes Predicted Max energy eff. Simple coordinated learning Low Low

Proposal Full Yes Predicted Max capacity Generalized coordinated learning High Low

decomposition employing matching theory for the reuse and
fractional programming for transmission power optimization.
In [16], [17], mutual dependency of transmission power and
channel reuse leads to high complexity and, thus, it is feasible
only for low number of D2D pairs.

To deal with the high complexity, various machine learning
approaches can be adopted. For example, in [18], graph neural
network (GNN) is applied specifically for channel reuse.
In contrast, [19], [20] utilize a GNN framework to jointly
optimize both channel reuse and power allocation. While GNN
improves a performance, training of GNN is challenging due
to GNN’s strong dependence on the input graph structure
making GNN more sensitive to variations in input data and
output tasks compared to other neural networks [21]. More-
over, as GNN is tailored to handle graph-structured data,
the complexity of managing both channel reuse and power
allocation hinders effective optimization. To this end, a rein-
forcement learning for joint channel reuse and transmission
power allocation is adopted in [22], [23]. In [23], the authors
present a reuse of multiple D2D channels while guaranteeing
certain QoS for the D2D pairs. Nevertheless, the channel
reuse is not designed to maximize the sum capacity due to
potential interference at the reused channels. Additionally, in
[22], [23], the joint channel reuse and power allocation results
in a suboptimal performance due to the interdependencies
between inputs and outputs of deep reinforcement learning.
In [24], the authors propose a deep neural network (DNN)
for transmission power prediction across the reused channels
to minimize interference. However, the authors minimize
interference while not proposing a new channel reuse and also
neglect QoS requirements of the devices.

Moreover, federated learning approaches can be used for
channel reuse. The authors in [25] propose a federated deep
reinforcement learning framework for joint channel reuse and
transmission power allocation in D2D-assisted heterogeneous
networks. Similarly, in [26], the authors investigate federated
reinforcement learning for decentralized resource allocation
in D2D-aided digital twin edge networks for Industrial IoT
scenarios. Nevertheless, works in [25], [26] suffer from limited
global network awareness and slower convergence in dense
D2D deployments.

All works on the channel reuse as well as on the joint

channel reuse and power allocation discussed so far assume
perfect and complete information on the channel quality
among all D2D pairs. However, measuring D2D channel
quality for a high number of D2D pairs is not feasible, since
a high number of measurements (equal to square number of
D2D pairs) would be required [27]. Such process is time and
energy consuming and requires significant amount of radio
resources. Still, D2D channel quality can be predicted by DNN
from information on the channel quality to few BSs, as this
information is known to the network [28].

The problem of channel quality prediction and optimization
of multiple radio resource management aspects, such as power
allocation or channel reuse, can be solved jointly via big Arti-
ficial Intelligence (AI) models represented by a large DNN, as
suggested in [29]. Nevertheless, big AI models are of a high
complexity with prolonged convergence time. Thus, a model
compression or similar techniques are adopted together with
big AI models [30]. Still, when jointly handling multiple radio
resource management tasks, big AI models face significant
challenges, including scalability issues, constraint violations,
and training inefficiencies arising from the interdependency
among radio resource management parameters not properly
captured in big AI model [31], [32]. Also, big AI models tend
to diminish interpretability and increase the risk of negative
transfer, where performance deteriorates when applied to tasks
that deviate even slightly from the original training [33].

To cope with challenges related to big AI models, integrated
small specialized machine learning models for individual radio
resource management tasks can ensure lightweight training,
easy generalization, and improved compliance with individual
task constraints, as shown in [34]. However, [34] focus on
D2D communication scenarios with a relatively small num-
ber of D2D pairs, aiming at energy efficiency maximiza-
tion through a simple tight integration of DNNs for power
control and channel quality prediction via a loss function.
This approach, while effective for small-scale networks, does
not adequately address the complexity and interdependence
among multiple radio resource management parameters in
dense D2D environments. A summary of comparison of the
proposed framework with state-of-the-art works is presented
in Table I.

Motivated by the challenges of severe interference and com-
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plex channel reuse in dense D2D networks, we first propose an
intelligent channel reuse scheme based on Deep Deterministic
Policy Gradient (DDPG) to enhance the efficiency of radio
resource utilization. The reason why we adopt DDPG as a
deep reinforcement learning-based algorithm is since it is well
suited for wireless radio resource management, efficiently han-
dling high-dimensional state and action spaces, and complex
radio resource tasks [35]. In practice, however, the channel
reuse inevitably introduces additional interference and requires
detailed knowledge of numerous interference channels among
devices, making purely model-driven optimization infeasible.
To cope with these challenges, existing works suggest using
DNNs for channel quality prediction or for transmission
power allocation. Nevertheless, the independent operation of
several naturally sub-optimal machine learning models leads
to performance degradation, since even a minor inaccuracy
in one decision adversely affects other decisions [34]. To
overcome this, we develop a low-complexity Generalized
Coordinated Learning (GCL) framework that integrates mul-
tiple lightweight machine learning models through structured
feedback loops, enabling joint optimization of multiple radio
resource management parameters. The proposed coordinated
approach achieves near-optimal performance in dense D2D
environments while maintaining low computational complex-
ity and practical feasibility for deployment at common BSs in
the next-generation mobile networks. The major contributions
of this work are summarized as follows:

• We propose a novel intelligent channel reuse mechanism
based on the DDPG algorithm to maximize the efficiency
of radio resource utilization in dense D2D networks.

• As a key innovation, we introduce the GCL framework,
a low-complexity approach that enables coordination
among multiple lightweight machine learning models for
joint optimization of multiple radio resource management
parameters. Through feedback loops, GCL allows effi-
cient integration of the proposed DDPG-based channel
reuse with other radio resource management techniques,
such as DNN-based power allocation and channel quality
prediction, to jointly optimize multiple radio resource
management parameters while fostering mutual aware-
ness of each other’s decisions.

• Via simulations, we show that the proposed GCL
achieves near-optimal network performance in dense
D2D environment and improved sum capacity and ratio
of users satisfied with communication capacity by up to
69.6% and 22.1%, respectively. These results highlight
the novelty and effectiveness the coordinated learning,
offering a significant and timely contribution to resource
management in future dense D2D networks.

Note that this paper is based on our prior conference
paper [36] that employs coordination among machine learning
algorithms via a basic single-objective feedback. The prior
paper does not allow joint optimization of multiple radio
resource management parameters and does not provide any
generalized and optimized coordination mechanism.

Fig. 1. System model with D2D pairs reusing channel originally allocated to
individual pairs. The D2D pairs 1 and 2 reuse channel k3 of D2D pair 3 and
D2D pair 3 reuses channels k1 and k2 of D2D pairs 1 and 2, respectively.
Transmitting power for each pair at each channel is allocated with awareness
of interference imposed to other D2D pairs.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first introduce the network and commu-
nication models. Then, we provide an overview of the baseline
machine learning approaches adopted in our paper for the
prediction of channel quality and power allocation. Finally,
we formulate and discuss the targeted problem.

A. Network and communication models

In our model, we consider L BSs and M D2D devices
organized into N = ⌊M/2⌋ D2D pairs, operating in the
dedicated mode. The adoption of the dedicated mode for
D2D communication ensures reliability and allows to fulfill
stringent QoS requirements of the D2D pairs [37]. We assume
there are K communication channels, each assigned to one
D2D pair, i.e., K = N . In our work, any allocation of
bandwidth Bk,n for the k-th channel of the n-th D2D pair can
be adopted without changing the proposed solution. Thus, for
simplicity and clarity of expressions, we adopt equal initial
(before reuse) channel bandwidth for each pair. Any k-th
channel can be reused by multiple D2D pairs to increase
spectral efficiency. Then, if the k-th channel is reused by the
n-th D2D pair, the observed SINR is:

γk,n =
pk,ngn,n

Bk,n(Ik,n + σ2)
(1)

where pk,n represents the transmission power of the trans-
mitter within the n-th D2D pair at the k-th channel, gn,n
corresponds to the channel quality between the transmitter
and the receiver of the n-th D2D pair, σ2 represents the noise
level, and Ik,n is the total interference from all pairs reusing
the k-th channel to the receiver of the n-th D2D pair, i.e.,:

Ik,n =
∑i=N

i=1,i̸=n
αk,ipk,igi,n (2)

where pk,i represents the transmission power of the i-th
interfering D2D pair at the k-th communication channel, gi,n
denotes the channel quality between the i-th interfering D2D
pair and the receiver of the n-th D2D pair, and αk,i indicates
whether the k-th communication channel is reused by the i-th
D2D pair (αk,i = 1) or not (αk,i = 0).
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Then, the communication capacity of the n-th D2D pair
reusing multiple channels is given by:

cn =
∑K

k=1
αk,nBk,n log2(1 + γk,n) (3)

where αk,n indicates whether the k-th channel is reused by
the n-th D2D pair or not. Note that the number of channels
reused by the n-th pair is K re

n =
∑K

k=1 αk,n .

B. Architecture of machine learning tools for prediction of
D2D channel quality and power allocation

In this section, we present existing DNN-based solution for
channel quality prediction (DNN-CQ). Then, we outline ex-
isting DNN-based power allocation (DNN-PA) for individual
D2D pairs to split the power across reused channels. Note that
neither DDN-CQ nor DNN-PA introduces own novel solution
and we only adopt existing works as a basement for major
contribution of our work, which consist in the coordination
of machine learning models solving different sub-problems of
radio resource management.

1) DNN-CQ: Traditional algorithms for radio resource
management in D2D usually require prior knowledge of D2D
channel qualities. However, measuring quality of a large
number of D2D channels in the networks with a large number
of D2D pairs and the ad-hoc communication nature among
the D2D pairs is expensive in terms of time, energy, and radio
resources, see [38], [39]. Therefore, we adopt existing solution
based on DNN predicting the D2D channel quality for radio
resource management purposes with a low complexity and
with a high accuracy, as proposed in [28]. The DNN-CQ is
composed of an input layer, Hc hidden layers, and an output
layer. The inputs to the DNN-CQ are channel qualities from
individual devices in the D2D pair to few (typically three or
four [28]) nearby BSs. The DNN predicts D2D channel quality
by learning the correlation between BS-to-device links and
D2D links [28]. This idea, loosely inspired by triangulation,
has been validated using real-world data in [40]. The channel
qualities from the D2D pair to the BSs undergo processing
across the hidden layers. The h-th hidden layer is composed of
Xh neurons, and the neurons in the h-th layer have the weights
[w1

h, . . . , w
Xh

h ]. The hidden layers are fully connected and
employ the sigmoid function for activation. Mathematically,
the output aih for the i-th neuron at the h-th hidden layer is:

aih = sig
(∑Xh−1

j=1
wi

ha
j
h−1

)
+ bih (4)

where ajh−1 is the output of the j-th neuron in the (h− 1)-th
layer, wi

h is the weight of i-th neuron in the h-th layer, bih is
the bias for the i-th neuron in the h-th layer and sig(.) is the
sigmoid activation function. The output layer of DNN-CQ is
activated by a regression function, which predicts the channel
quality between the two devices in the n-th D2D pair. The
predicted D2D channel quality ĝn,n is expressed as:

ĝn,n = reg(a0Hc+1) (5)

where reg(.) is the regression activation function and a0Hc+1

is the output of the output layer, i.e., layer Hc+1. The
training and inference of DNN-CQ are performed at each BS
individually without requiring any coordination among BSs.

2) DNN-PA: Similar to DNN-CQ, also for power alloca-
tion, we adopt existing solution proposed in [41] and DNN-PA
is not our contribution. The model of DNN-PA consists of an
input layer, Hp hidden layers, and an output layer [41]. The
inputs to the DNN-PA are the predicted D2D channel qualities
ĝn,n between the transmitter and the receiver of the n-th D2D
pair (i.e., output of DNN-CQ). The predicted D2D channel
qualities undergo processing across the Hp hidden layers. The
hidden layers are fully connected and are activated using the
sigmoid function. The sigmoid function guarantees that the
output power allocation value remains constrained within the
desired range. The mathematical description of hidden layers
of DNN-PA is exactly the same as for the DNN-CQ.

The output layer is activated by a regression function, which
predicts the transmission power p̂k,n of the transmitter in the
n-th D2D pair at the k-th channel, expressed as:

p̂k,n = reg(a0Hp+1) (6)

where a0Hp+1 is the output of the DNN-PA’s output layer.

C. Problem formulation

In this paper, our objective is to maximize the sum capacity
of D2D pairs, where multiple D2D pairs may access multiple
communication channels. The objective is attained by the
prediction of the D2D channel quality g ∈ R1×N , allocation
of power p ∈ R1×N for each D2D pair at each reused channel,
and channel reuse α ∈ {0, 1}N×K of the D2D communication
channels. Note that the accurate channel quality prediction
contributes to efficient power allocation and channel reuse,
thus maximizing sum capacity. The problem of maximizing
the targeted sum capacity is formulated as:

g∗,p∗,α∗ = argmax
g,p,α

∑N

n=1
cn

a) cn ≥ cmin, ∀n
b) 0 ≤

∑
k
pk,n ≤ pmax, ∀n

c) αk,n ∈ {0, 1}, ∀k,∀n

(7)

where g∗, p∗, and α∗ are the optimal values of g, p, and α,
respectively. The constraint (7a) guarantees that the capacity
of each D2D pair is at least equal to the minimum required
capacity cmin. Note that we use an equal cmin for all D2D pairs
for a clarity of presentation. However, the solution remains
unchanged even if different cmin is required by each D2D pair.
The constraint (7b) guarantees that the power assigned to the
D2D pair over all communications channels does not exceed
the maximum allowed transmission power pmax. The constraint
(7c) limits the channel reuse indicator α to binary variable so
that the k-th communication channel is either reused (αk,n =
1) or not (αk,n = 0) by the n-th D2D pair.

The targeted problem defined in (7) is a mixed integer
non-linear programming (MINLP) problem, as it incorporates
both continuous optimization variables (g, and p) and integer
variable (α). Besides, the objective function exhibits a non-
linear relationship with respect to the optimized variables.
Thus, the problem defined in (7) is NP-hard, rendering a direct
numerical solution impractical, especially if the number of
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D2D pairs is high. To address this challenge, we utilize a
combination of state-of-the-art solutions based on machine
learning tools (to solve g∗ and p∗), and novel proposed
machine learning-based solution (to solve α∗). The proposed
channel reuse based on machine learning (described in Section
III) is combined with standard state-of-the-art solutions for
power allocation and channel quality prediction. The machine
learning-based optimization of multiple parameters, however,
leads to an accumulation of errors resulting from individual
machine learning tools. Therefore, in Section IV, we propose
a novel framework for coordination among individual machine
learning tools to mitigate the accumulation of inherent predic-
tion errors.

III. PROPOSED CHANNEL REUSE BASED ON DDPG

In this section, we provide a detailed description of the pro-
posed DDPG for the D2D channel reuse (labeled as DDPG-
CR). First, we outline the actor-critic architecture adopted for
our DDPG, which operates over a continuous state space and
a discrete action space [42]. Then, we elaborate extension
of the basic actor-critic architecture towards architecture with
primary and target networks for DDPG, as such extension
allows a stable and efficient learning for D2D channel reuse.
While the DDPG-CR architecture is well-designed and capa-
ble of effectively managing the channel reuse, any machone
learning is naturally sub-optimal and depends on inputs from
other machine learning models (in our case from DNN-PA
and DNN-CQ), that are inherently and naturally also a subject
to sub-optimality and prediction errors [43], [44]. Note that
the sub-optimality of decisions taken by DDPG-CR is then
effectively addressed by key novelty of our paper represented
by the coordinated learning, described in Section IV.

A. Actor-critic DDPG for D2D channels reuse

For channel reuse, we employ DDPG with the actor-critic
reinforcement learning-based architecture composed of two
DNNs: the actor DNN and the critic DNN. We use the actor-
critic DDPG, as the conventional reinforcement learning-
based framework with a Q-table would lead to an exponential
increase in the number of states and actions when the number
of D2D pairs increases. Thus, it is impractical and costly to
compute and store all the value functions for every state-
action pair within the Q-table. In contrast, the actor-critic
DDPG provides a fast convergence and prompt learning and
adaptation of policies that optimize the sum capacity [45].
The adaptation of actor-critic-based DNNs in DDPG-CR
improves learning stability, ensuring smooth convergence and
low variance in the estimated values leading to accurate and
consistent evaluations.

The modular and coordinated design of the proposed frame-
work ensures scalability as system parameters change. The
scalability is facilitated via learning, inference, and coor-
dination being performed independently at individual BSs.
Therefore, an increasing number of BSs does not increase the
computational burden of individual models. Moreover, each
radio resource management task, i.e., transmission power, and
channel reuse, is handled by a dedicated machine learning

module, so adding new tasks introduces additional modules
without affecting the complexity of existing ones. This modu-
lar decomposition acts as a form of dimensionality reduction,
converting high-dimensional raw channel information into
compact intermediate representations, preserving learning ef-
ficiency while maintaining sufficient observability for accurate
decision-making.

The proposed framework relies only on standard channel
quality measurements already available in contemporary mo-
bile networks. After training, the learned policies are executed
locally at the BS using only locally available inputs, thus,
enabling real-time inference with low computational require-
ments.

In our DDPG-CR with actor-critic DNNs, the action space,
state space, and reward are similar for both the actor and critic
DNNs and are defined as follows.

State Space: The state space represents the current attributes
of the system, in our case, providing relevant information
about interference, thus, affecting channel reuse. Hence, we
consider following two attributes: 1) D2D channel quali-
ties, ĝ1,1, · · · , ĝN,N , predicted using DNN-CQ (see Section
II-B1); and 2) power allocation over all reused channels,
p̂1,1, · · · , p̂K,N , predicted by DNN-PA (see Section II-B2).
The state space for DDPG-CR is defined as:

S(t) = {[ĝ1,1, · · · , ĝN,N ], [p̂1,1, · · · , p̂K,N ]} (8)

Action Space: To enable informed decision-making, the
DDPG-CR framework is implemented at the BS, which is
functioning as the agent. The DDPG-CR controls the channel
reuse via the actions. The action ak,n is represented by the
reuse of the k-the channel by the n-th D2D pair, i.e., the action
consists in setting α̂k,n to 1 (in case of reuse) or 0 (no reuse).
Then, the action space of DDPG-CR is defined as:

A(t) = {α̂1,1, · · · , α̂K,1, · · · , α̂1,N , · · · , α̂K,N} (9)

Reward: The system computes the immediate reward based
on the taken action and, then, updates the system state. The
objective of channel reuse is to maximize the overall sum
capacity; hence, the immediate reward R(s,a)(t) in the time
slot t is formulated as:

R(s,a)(t) = max[
∑N

n=1
cn] (10)

where max represents the maximization of the sum capacity.
The maximization of the sum capacity (10) is used for
maximization of the cumulative reward, which represents the
system’s profit accumulated over a long-term period of T time
slots, defined as:

R = maxE[
∑T

t=1
R(s,a)(t)] (11)

where maxE[.] denotes the maximization of the expected
cumulative reward obtained by a decision-making policy at
the time instance t.

Now, lets discuss the operations between the actor and
critic DNNs used in DDPG-CR. Inputs to the actor DNN are
represented by states composed of factors related to the D2D
communication, i.e., the D2D channel qualities and the D2D
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Fig. 2. Principle of primary and target networks for DDPG-based channel
reuse and mutual interaction of both parts of the DDPG with each other and
with the environment represented by mobile network.

power allocation (see Fig. 2). The output, then, is the prob-
ability distribution of the action A(t), i.e., the channel reuse
for all N D2D pairs and all K channels. The states undergo
processing through the actor’s hidden layers Ha

CR that are
fully interconnected and are subsequently activated using the
rectified linear unit (ReLU) function. The ReLU function is
computationally efficient and introduces non-linearity to the
model, which is crucial in the learning process for complex
D2D environmental patterns imposed via interference caused
by the channel reuse. The actor DNN aims to maximize the
cumulative reward R (i.e., the sum capacity) defined in (11).

The critic DNN evaluates the channel reuse actions chosen
by the actor and provides feedback (in a form of the im-
mediate reward R(s,a)(t)) on the effectiveness of the chosen
actions for the given state. The inputs of critic DNN are
also represented by the states related to the D2D environ-
ment. Then, Hc

CR hidden layers in the critic DNN capture
the complex relationships between the input state and the
feedback (immediate reward R(s,a)(t)). The output layer of
the critic DNN returns action A(t), which estimates values of
the channel reuse. The critic DNN minimizes the difference
between the cumulative reward R and the target cumulative
reward R′ = R(s,a)(t) + maxE[R(s,a)(t+ 1)].

The proposed DDPG-CR framework employs a uniform
experience replay buffer to store past state-action-reward
transitions and sample them during training. This mechanism
improves learning stability and convergence by breaking cor-
relations between consecutive experiences and enabling more
effective gradient updates. The adoption of uniform replay also
ensures a fair and standardized configuration commonly used
in existing deep reinforcement learning-based radio resource
management [46]. Nevertheless, the proposed framework is
independent of the replay buffer architecture and can be
readily extended to incorporate advanced replay strategies,
such as quantum-inspired experience replay [47], to improve
performance in dense and dynamic networks, while preserving
the modularity and scalability of the proposed design.

B. Primary and target networks in DDPG for stable and
efficient reinforcement learning

To improve learning stability and efficiency of the proposed
DDPG-CR, we enhance the DDPG to the concept of cooper-

ating primary and target learning networks, each with actor-
critic architecture (see Fig. 2). The primary network explores
and learns a suitable and efficient reuse of communication
channels by D2D pairs based on channel quality and allocated
power. In contrast, the target network, which is a delayed copy
of the primary network, ensures consistent and reliable updates
by continuously monitoring the performance of the primary
network. The coexistence and cooperation of the primary and
target networks ensure a robust and consistent training with
suppressed oscillations and with improved (faster) conver-
gence. The processes performed by both networks with actor
and critic DNNs to determine the channel reuse of D2D pairs
are described in detail in the following subsections.

1) Primary Network: First, the actor DNN in the primary
network defines a parameterized policy for the channel reuse
and determines the channel reuse for all D2D pairs based on
the channel qualities and power allocation. Then, the critic
DNN in the primary network evaluates the current policy
by processing the cumulative reward R, as defined in (11).
Both the critic and actor DNNs in the primary network are
updated based on the loss function representing the difference
between the estimated value and the true value of the state-
value function V (s(t)). The state-value function V (s(t)) is
determined by the estimated cumulative reward R̄ (represented
by the sum capacity of all D2D pairs) defined in (11), which
aims to maximize the sum capacity starting from a specific
state s(t) and continuing until a terminal state is reached. The
terminal state refers to the state in which the decision making
process ends. The state s(t) follows the policy π(s(t)), where
π(s(t)) represents the probability of each possible action when
the system is in the state s(t). Thus, the state-value function
V (s(t)) is defined as:

V (s(t)) = E[R̄|s(t), π(s(t))] (12)

and V (s(t)) represents the expected (E[.]) cumulative reward
over all possible states under the policy π(s(t)). The critic
DNN determines the target cumulative reward R′, which is
employed to calculate the state value function V (s(t + 1))
based on the given state space s(t). The critic DNN of the
primary network learns to improve its predictions over time by
comparing the estimated cumulative reward R̄ with the target
cumulative reward R′.

The loss function Lpr for updating the actor and critic DNNs
in the primary network is defined as:

Lpr(t) = V (s(t+ 1))− V (s(t)) (13)

The critic DNN updates its parameters (weight and biases)
wpr

t according to the loss function Lpr(t) so that:

wpr
t+1 ← wpr

t + βc(Lpr(t))2 (14)

where βc is the learning rate of the critic DNN and the squared
loss function helps to amplify discrepancies, aiding efficient
gradient-based optimization, and ensures non-negativity and
smoothness in convergence.

Now, the actor DNN in the primary network determines the
channel reuse with the objective to maximize the cumulative
reward R. To this end, the parameters θpr

t , representing weights
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and biases of all neurons of the actor DNN in the primary
network are updated using the loss function and the policy
gradient as follows:

θpr
t+1 ← θpr

t + βaδθpr [log πθpr(a(t)|s(t))]Lpr(t)] (15)

where βa is the learning rate of the actor DNN and
πθpr(a(t)|s(t)) is the output probability for each action com-
puted by the actor DNN.

2) Target Network: The target network of DDPG also
consists of the actor and critic DNNs. The actor DNN in the
target network serves as a target for the primary actor DNN
during the training. Thus, the actor DNN in the target network
maintains a copy of the weights θtr

t , which are periodically
updated from the primary actor DNN’s weights θpr

t to stabilize
the learning process. The update rule for the target actor
DNN’s weights is defined as:

θtr
t+1 ← (1− τ)θtr

t + τθpr
t (16)

where τ ∈ ⟨0, 1⟩ is the constant that controls the rate of update
and determines the extent to which the primary network’s pa-
rameters are incorporated into the target network’s parameters.
For τ = 1, θtr

t is fully replaced by θpr
t illustrating that the

target network parameter is updated immediately to match the
primary network parameter. For τ = 0, θtr

t remains unchanged
and no update occurs. In general, larger values of τ closer to
1 provide a faster convergence, since the updates are more
significant. In contrast, smaller values of τ closer to 0 result
in slower updates and slower convergence. We demonstrate
impact of τ in the performance evaluation (Section V).

The critic DNN of the target network serves as a reference
for the primary critic DNN. The target critic DNN maintains
a copy of the weights wtr

t , which are periodically updated by
the primary critic DNN’s weights wpr

t so that:

wtr
t+1 ← (1− τ)wtr

t + τwpr
t (17)

C. Summary of proposed DDPG-CR

To sum up, in the primary network, the actor DNN is
used for a policy generation while the critic DNN is used
for a value estimation. In the target network, the actor DNN
stabilizes policy updates and the critic DNN stabilizes the
value estimation updates. Using the actor and critic DNNs for
the primary and target networks in DDPG enhances training
stability and convergence. Such a framework also provides a
faster convergence to optimal policies and improves targeted
performance metrics (sum capacity in our case).

The individual steps performed by the proposed DDPG-
CR are summarized in Algorithm 1. First, initialization of
parameters (weights and biases) of the primary actor DNN
θpr
t , the primary critic DNN wpr

t , the target actor DNN θtr
t ,

and the target critic DNN wtr
t is done (see line 1 in Algorithm

1). The parameters of each DNN are initialized using a
normal distribution, considering the number of input and
output neurons. Then, in each iteration and at each time step
(lines 2-12), the action a(t) is selected and executed (line
4). After executing the action a(t), the reward R(s,a)(t) is
observed (line 5) and the new state s(t+1) is selected (line 6).

Algorithm 1 Proposed DDPG-CR for channel reuse
1: Initialize parameters θ

pr
t , wpr

t , θtr
t and wtr

t
2: for each iteration do
3: for each time step t do
4: Select and execute action a(t)
5: Observe reward R(s,a)(t)
6: Determine new state s(t+ 1)
7: Update primary critic DNN w

pr
t+1 using (14), (13)

8: Update primary actor DNN θ
pr
t+1 using (15), (13)

9: Update target critic DNN wtr
t+1 using (17)

10: Update target actor DNN θtr
t+1 using (16)

11: end for
12: end for

The primary critic DNN is updated using (14) and (13) (line
7) and the primary actor DNN is updated using (15) and (13)
(line 8). The target critic and actor DNNs are updated using
(17) and (16) (lines 9 and 10), respectively. After completing
the iterations, Algorithm 1 selects the channel reuse that
maximizes the sum capacity.

D. Complexity of the proposed DDPG-CR

The proposed DDPG-CR for channel reuse is of a low
computational complexity proportional to the number of math
operations performed by DDPG-CR in the primary actor
and critic DNNs, and target actor and critic DNNs. Such
metric for the evaluation of computational complexity of a
neural network is commonly adopted in literature [48]. The
number of operations for each DNN is O = 3 × N ×X1 +∑h=H−1

h=1 XhXh+1 + XH , where X1, Xh, and XH denotes
the sizes of the input layer, h-th hidden layer, and output
layer, respectively, of DNNs in DDPG-CR. For illustration
of complexity, lets assume N = 32 (M = 64) and DDPG
with the actor DNN including three hidden layers with 28,
14, and 8 neurons, and the critic DNN with two hidden layers
with 20 and 10 neurons (note that this setting corresponds to
the DDPG architecture adopted in this paper). Then, the total
number of math operations for whole DDPG-CR is 11 776.
Hence, we can claim that the required computational resources
are marginal and do not limit real-time processing assuming
commuting power in the existing mobile networks making the
proposed DDPG-CR suitable implementation to existing BSs,
which commonly handle the resource allocation for D2D.

The proposed DDPG-CR also maintains low memory us-
age and inference latency due to the compact size of the
adopted actor and critic DNN architectures. Specifically, the
lightweight architecture involves a limited number of trainable
parameters, thereby reducing memory requirements during in-
ference. In addition, during inference, the forward propagation
process involves low-dimensional matrix multiplications and
nonlinear activation operations, resulting in a low processing
latency suitable for real-time radio resource management.
Since the training process is executed offline or periodically
updated at the network controller, the real-time computational
burden imposed on the BS hardware remains relatively small.

IV. PROPOSED GENERALIZED COORDINATED LEARNING

Solving the problem defined in (7) by independent machine
learning tools for individual variables leads to an accumulation
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of natural prediction errors among individual machine learning
tools. Then, even small prediction errors of individual machine
learning tools are mutually amplified and impact negatively
overall performance of the network, since the amplified error
misleads decisions taken by DNNs and DDPG. To tackle
this challenge, we propose a novel generalized coordinated
learning, where the DNN-CQ, DNN-PA, and DDPG-CR do
not operate in isolation and, instead, cooperate via a set of
feedback, which facilitate ongoing learning and adaptation
of the trained models. The coordination is implemented us-
ing feedback derived from carefully designed loss functions,
which quantify the discrepancy from various constraints and
performance goals, such as minimum capacity and maximum
transmission power. The loss functions not only promote ca-
pacity maximization, but also enforce system-level constraints.

In the following subsections, we first outline training of
supervised DNN-CQ and DNN-PA and we explain a use of
transfer learning to speed up the supervised training process.
Then, the coordination of DNN-CQ, DNN-PA, and DDPG-
CR during the exploration (inference) of the trained machine
learning models is discussed.

A. Transfer learning for DNN-CQ and DNN-PA training

Before explaining major novelty consisting in the coordi-
nation of machine learning tools in inference phase, let us
introduce details of DNNs training.

For the training of DNN-CQ, M x L′ channel qualities
serve as inputs (features) to the input layer, where L′ ≤ L
is the number of BSs used for prediction, see [28]. The
training target (output) of DNN-CQ is represented by N
actual D2D channel qualities. The features and targets build
up the dataset for DNN-CQ training. The training samples
for DNN-PA are composed of the features represented by
N D2D channel quality predicted by DNN-CQ. The targets
of DNN-PA are in a form of the D2D transmission power
for all N D2D pairs over all K channels set so that the
minimum required capacity is provided to D2D pairs, i.e.,

pk,n =
(2(cmin/K

re
nBk,n)−1)×(σ2+Ik,n)

gn,n
. To obtain the targets for

DNN-PA training, the actual D2D channel qualities gn,n are
used along with the channel reuse based on game theory yield-
ing close to optimum sum capacity (but with high complexity)
proposed in [12]. If the sum transmission power would exceed
pmax in the n-th pair, the transmission power all (re)used
channels by the n-th pair is reduced to pn,k × pmax∑

k αk,npn,k
.

To speed up the training process, we exploit the knowledge
gained by DNN-CQ training for the training process of DNN-
PA. To this end, we adopt transfer learning, as illustrated in
Fig. 3. More specifically, DNN-CQ acts as a teacher DNN,
guiding the DNN-PA (a student DNN). The transfer learning
consists in a transfer of the learned layers of DNN-CQ along
with the predicted channel quality to DNN-PA. The transfer
of learned layers from DNN-CQ to DNN-PA is beneficial, as
the features learned by DNN-CQ capture essential patterns
and representations of the channel quality that are highly
relevant for the power allocation. In particular, DNN-PA keeps
a first part of the hidden layers of DNN-CQ frozen and
retrains only few last hidden layers and the output layer of

the original DNN-CQ. This approach preserves the general
features learned by DNN-CQ in DNN-PA and allows for the
retraining of the last hidden layers to reflect the specifics
of the power allocation in DNN-PA. The student DNN-PA
now learns to adjust and refine these specifics for the power
allocation, optimizing the allocation process using the channel
quality information provided by the teacher DNN-CQ. During
the training, DNN-PA uses the features and representations
previously learned by the DNN-CQ leading to speed up the
training and for a more accurate testing due to the quality of
features pre-learned by DNN-CQ. In addition, such transfer of
learned layers enhances the ability of DNN-PA to generalize
the learning to unseen scenarios.

Note that transfer learning is not applied from DNN-
CQ to DDPG-CR, since DDPG-CR employs reinforcement
learning for a continuous policy optimization while DNN-
CQ utilizes supervised learning for a direct prediction of
the channel quality. Similarly, reverse transfer learning from
DNN-PA to DNN-CQ is not applied, since the two DNNs
learn different feature representations. In particular, DNN-
CQ learns generalized representations related to the channel
conditions, interference patterns, and link quality across the
network, providing a transferable knowledge that benefits
from the predicted power allocation by DNN-PA. In contrast,
DNN-PA learns task-specific representations optimized for the
power allocation under particular channel and interference
conditions. These representations mainly capture decision-
oriented optimization patterns and, therefore, provide only
limited useful information for the channel quality prediction in
DNN-CQ. Consequently, transferring the learned layers from
DNN-CQ to DNN-PA improves the initialization and learning
efficiency of DNN-PA, whereas reverse transfer introduces
overly specialized representations that can hinder convergence
and reduce the generalization capability of DNN-CQ.

B. Coordination of DNNs and DDPG during the inference

The coordination of DNN-CQ, DNN-PA, and the proposed
DDPG-CR during D2D communication is essential to mitigate
the propagation and multiplication of the prediction errors that
inherently occur in individual machine learning tools. For such
a purpose, we implement two ways of coordination. First, we
introduce the coordination of DDPG-CR with DNN-PA, as the
channel reuse is directly affected by the allocated power. Sec-
ond, the coordination of DNN-PA with DNN-CQ and DDPG-
CR is considered, since the power allocation is influenced by
the predicted channel quality and channel reuse. Both types of
coordination are implemented via feedbacks, shown in Fig. 3,
to minimize a potential error in the predictions of power
allocation, channel quality, and channel reuse. We introduce
and discuss both feedbacks in the following subsections.

1) Feedback from DDPG-CR to DNN-PA: We employ
the coordination from DDPG-CR to DNN-PA by adopting
a loss function as the feedback. In the loss function used
as the feedback from DDPG-CR to DNN-PA, we exploit a
logarithmic component that continuously encourages high sum
capacity. In addition to this, we incorporate penalties in case
the constraints of the optimization problem are not fulfilled,
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i.e., the penalty applies if the differences (cmin − ck,n) and
(pk,n − pmax) are positive. In other words, we give penalties
to DNN-PA and DDPG-CR in the form of loss function to
ensure fulfillment of the constraints. Unlike the traditional loss
functions based on mean square error, we add the penalties to
satisfy the constraints in (7). Hence, the loss function used as
feedback DDPG-CR to DNN-PA is defined as:

Lcr =

K∑
k=1

N∑
n=1

(
− log(ck,n/cmin) + max(0,

cmin − ck,n
cmin

)
)

+

N∑
n=1

max(0,

∑
k pk,n − pmax

pmax
)

(18)

The term − log(ck,n/cmin) penalizes low capacity in line with
the objective to maximize capacity. Using log instead of log2
(commonly adopted in Shannon) avoids unnecessary scaling
from 1/ ln(2) and leads to improved gradient stability and
aids smoother convergence, which is beneficial for avoiding
vanishing or exploding gradients during DNN weight update.
The terms max(0,

cmin−ck,n

cmin
) and max(0,

∑
k pk,n−pmax

pmax
) apply

penalties when the capacity or the transmission power exceed
allowable limits. Thus, these penalties are linear to directly
indicate level of constraint violation.

The loss function is calculated at each iteration of inference.
Any iteration is a single update step during which the loss
function is calculated and the parameters (weights and biases)
of DNN-PA are updated. The loss function is calculated for
each D2D pair and each channel based on the current network
state and actions. Then, the loss functions for each pair and
channel are aggregated across all D2D pairs and channels to
form a total loss Lcr. The DNN-PA undergoes updates at each
iteration to ensure that the learning process is continuously
fine-tuned. The weights of DNN-PA are updated based on the
objective function’s gradients during the training so that:

θcr
q+1 ← θcr

q + ϵ▽θcrLcr(θcr
q ) (19)

where index q represents the iteration of the update and one
iteration typically occurs at every time slot (or transmission
time interval according to 3GPP terminology [39]), 0 < ϵ≪ 1
is the initial learning rate of both DNNs (note that both
DNNs are initialized with the same initial learning rate to
maintain synchronization and a similar learning speed of
both), ▽θcrLcr(θcr

q ) is the gradient of the loss function Lcr for
the parameters θcr

q at the iteration q, and ▽θcr is the gradient
element, which is computed concerning the loss function and
is used to adjust the parameters to minimize the loss. The
value of the gradient is determined by the partial derivatives
of the loss function ▽θcrLcr = (∂L

cr

∂θcr
1
, ∂Lcr

∂θcr
2
, ..., ∂Lcr

∂θcr
η
) concerning

each layer’s parameters, where index η represents the number
of parameters.

2) Feedback from DNN-PA to DNN-CQ and DDPG-CR:
Similar to the feedback from DDPG-CR to DNN-PA, we
employ a loss function as the feedback from DNN-PA to
DNN-CQ and DDPG-CR. Like in (18), the loss function
includes a logarithmic component encouraging sum capacity
maximization and a term related to the constraint on cmin (i.e.,

Fig. 3. Proposed coordination of machine learning tools for training (by
means of transfer learning) and inference (incorporated via feedback ex-
changed among all blocks, i.e., among DNN-CQ, DNN-PA, and DDPG-CR).

Algorithm 2 Coordination of DNNs and DDPG via feedback.
1: for each iteration q do
2: Predict [g1,1, . . . , gN,N ] using DNN-CQ
3: Predict [p1,1, . . . , pK,N ] using DNN-PA
4: Calculate Lpa using (20) to ensure cn > cmin
5: Determine channel reuse via DDPG-CR actions A(t)
6: Determine Lcr using (18) to ensure

cn > cmin & 0 <
∑K

k=1 pk,n ≤ pmax
7: Update θ

pa
q+1 using (21) and θcr

q+1 using (19)
8: end for

(cmin− ck,n)). There is no penalty on the transmission power,
as this feedback is directly from DNN-PA, which manages the
transmission power itself. The loss function is defined as:

Lpa =

K∑
k=1

N∑
n=1

(
− log(ck,n/cmin) + max(0,

cmin − ck,n
cmin

)
)
(20)

During the inference, the weights of DNN-CQ and of the
actor and critic DNNs in DDPG-CR are updated using the
objective function’s gradients, similar to (19), i.e.,

θpa
q+1 ← θpa

q + ϵ▽θpaLpa(θpa
q ) (21)

C. Summary of coordination among machine learning tools

The proposed coordination during the exploitation (infer-
ence) of the trained DNNs and DDPG is summarized in
the following steps (see Algorithm 2): i) the D2D channel
qualities [g1,1, . . . , gN,N ] are predicted using DNN-CQ (line
2); ii) the predicted D2D channel qualities are fed into DNN-
PA to predict the transmission power [p1,1, . . . , pK,N ] for the
N D2D pairs and K channels (line 3); iii) the loss function
Lpa is calculated through (20) (line 4); iv) using the predicted
D2D channel qualities and power allocation, the channel
reuse [α1,1, . . . , αK,1, . . . , α1,N , . . . , αK,N ] is determined by
DDPG-CR (see line 5); v) the loss Lcr is determined using
(18) (lines 6); vi) the weights of DNN-PA and DDPG-CR are
updated via feedback using (19) and (21) to maximize the
sum capacity of all D2D pairs over all channels via mutual
coordination of individual machine learning tools (line 7).
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D. Complexity of proposed coordinated learning

The proposed coordinated learning-based framework is of
a low computational complexity proportional to the number
of math operations in the enumerations of (18) and (20).
Specifically, assuming N = K = 32, the total number
of math operations is 5 120 (5 × K × N ) and 3 072
(3×K×N ) to enumerate (18) and (20), respectively. Hence,
we can claim that the required computational resources do
not limit realtime processing assuming commuting power in
the existing networks. Thus, both DNNs and DDPG can be
implemented directly at the BS, which commonly handles the
radio resource management in mobile networks. Moreover,
due to the compact architecture of the adopted DNN-CQ,
DNN-PA, and DDPG-CR, the proposed coordinated learning
framework also maintains low memory requirements and
inference latency suitable for real-time BS implementation.

V. PERFORMANCE EVALUATION

This section first outlines the simulation scenario and
models followed by settings of machine learning algorithms.
Then, description of evaluated competitive state-of-the-art
algorithms is provided and performance metrics are defined.
The code of implemented proposal with all datasets used for
evaluation are available at GitLab 1.

A. Simulation scenario and models

We consider four BSs and between 16−112 devices forming
8− 56 D2D pairs in an area of 1000 m× 1000 m. The maxi-
mum transmission power for the D2D transmitters is set to 23
dBm [41]. The carrier frequency of 2 GHz with a bandwidth of
20 MHz are considered along with a thermal noise of −110
dBm. We assume channel encompassing line-of-sight (LoS)
and non-LoS (NLoS), where large-scale propagation effects
dominate and fast fading is averaged out, hence not commonly
considered for radio resource management decisions.

The path loss for case of LoS is modeled according to
the 3GPP outdoor-to-outdoor environment defined in [49].
The NLoS channel, obstructed by one or more buildings,
experiences an additional attenuation of 10 dB per wall [28].

In the simulation area, we randomly generate (with uniform
distribution) the positions of D2D pairs while the maximum
distance between the D2D transmitter and its corresponding
receiver is 50 meters [50]. Besides, location of buildings
and their dimensions are also randomly generated following
uniform distribution. The buildings’ length and width range
from 50 to 150 meters, and height is between 20 and 30
meters. The total number of buildings is set to 12 and the
buildings are arranged to prevent overlaps. An example of 2D
projection of the simulation area is illustrated in Fig. 4.

We run 1000 simulation drops, each drop representing
different (random) building placement and positions of D2D
pairs. At the end, the simulation results are averaged out over
all simulation drops to obtain statistically valid results.

1https://gitlab.fel.cvut.cz/mobile-and-wireless/codes/publications/coordinated-
machine-learning-for-rrm-in-d2d

Fig. 4. Example of simulation deployment with N = 16 and L = 4 and
several buildings (fixed obstacles), D2D pairs, and BSs.

B. Machine learning setup and configuration

Both DNN-CQ and DNN-PA consist of five hidden layers
with 20, 18, 15, 12, and 8 neurons, respectively, as in [28].
The hidden layers are fully connected and employ the sigmoid
function for activation. The output layer of DNN-CQ is
activated by a regression function. The batch size is set to
32, as this value ensures efficient updates without excessive
variance. Then, the learning rate is set to 0.01 for both
DNN-CQ and DNN-PA to facilitate stable convergence during
training. Note that setting of DNNs is determined through a
trial-and-error approach. The transfer learning is facilitated so
that the DNN-PA reuses first three hidden layers of the DNN-
CQ and these layers are frozen (do not change during DNN-
PA training). Remaining two hidden layers and the output
layer of DNN-PA are retrained to capture specifics of the
DNN-PA. In DDPG-CR, the actor DNN includes three hidden
layers with 28, 14, and 8 neurons, while the critic DNN has
two hidden layers with 20 and 10 neurons. The number of
hidden layers and neurons are determined again by trial-and-
error approach yielding the highest sum capacity. Besides,
the experience buffer length is 106 that provides sufficient
memory to store experiences. The discount factor is set to
0.99, as this value provides an appropriate balance between
immediate rewards and target rewards. The mini-batch size
is 64 to ensure sufficient memory for gradient updates. The
actor learning rate is set to 0.001, and the critic learning rate
is set to 0.01. The learning rates of actor and critic DNNs are
adjusted to facilitate stability in training.

C. Competitive Algorithms and Performance Metrics

We compare the performance of our proposed coordinated
machine learning for DNN-CQ, DNN-PA, and DDPG-CR to
the following competitive state-of-the-art approaches:

• Basic Coordinated DDPG, which employs only a basic
coordination and a fundamental DDPG architecture, as
proposed in our previous work [36].

• Proposal without coordination (denoted as Proposal w/o
coord. in figures), which corresponds to the proposed
DDPG-CR based channel reuse (Section III) integrated
with the power allocation and the channel quality pre-
diction, however, the coordination introduced in Section
IV is not implemented and individual parts are simply
interconnected without any feedback.
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(a) (b) (c)

Fig. 5. Sum capacity of D2D pairs for varying: (a) number of D2D pairs (cmin = 19 Mbps, pmax = 23 dBm), (b) cmin (N = 48, pmax = 23 dBm), and (c)
pmax (N = 48, cmin = 19 Mbps).

• Big DDPG for channel reuse and power allocation
(denoted as Big DDPG for PA and CR), corresponds to
a single big DDPG used for joint power allocation and
channel reuse for D2D communication. Note that channel
quality prediction is handled by independent DNN-CQ.

• Graph neural network for channel reuse and power
allocation (denoted as GNN-CR-PA) proposed in closely
related state-of-the-art work [19] integrated with the
DNN-CQ. The DNN-CQ is implemented exactly as in the
proposal, but without coordination. The concept adopted
in [19] corresponds to “Big AI models” (see [29]), where
one large AI model is used to solve multiple radio
resource management problems.

• Minimum interference-based channel reuse (denoted as
MI-CR) proposed in [10] integrated with DNN-CQ and
DNN-PA implemented as in our proposal for a fair
comparison, but without coordination to show gain of the
proposed DDPG-CR over state-of-the-art channel reuse.

• Reinforcement learning for channel reuse and power
allocation (denoted as RL-CR-PA) proposed in [22] is
integrated with the DNN-CQ implemented as in the
proposal, but without coordination. The RL-CR-PA also
belongs to Big AI models.

• Upper bound determined by combination of actual chan-
nel quality (instead of the predicted one) with the optimal
transmission power allocation derived by waterfilling
proposed in [51] and the channel reuse proposed in [12].

We evaluate performance of the proposal and competitive
approaches considering following metrics: i) Sum capacity:
defined as communication capacity achieved by all D2D pairs
in the system, formulated as

∑N
n=1

∑K
k=1 αk,nBk,n log2(1 +

γk,n), ii) Ratio of satisfied D2D pairs: understood as the
ratio of the number of D2D pairs having

∑K
k=1 ck,n ≥

cmin divided by the total number of pairs in the network,
and iii) Interference: refers to the degradation in commu-
nication performance caused by multiple interfering D2D
pairs reusing the same communication channel, formulated
as

∑i=N
i=1,i̸=n αk,ipk,igi,n. Note that device mobility is out

of scope of the paper. The proposal is designed for low-
complexity radio resource management, enabling decision
updates on a per-transmission time interval basis, similarly
to current 5G radio resource management operation. Hence,

whenever the channel conditions or network topology vary due
to device mobility, the framework promptly generate updated
radio resource management decisions to maintain adaptability
under dynamic network conditions.

VI. DISCUSSION ON SIMULATION RESULTS

In this section, we demonstrate benefits of the proposal
compared to competitive state-of-the-art works in terms of
the sum capacity and ratio of satisfied D2D pairs. Then, we
show a fast convergence of the sum capacity and the impact of
DDPG update rate τ (see (17), (16)) on the proposed solution.

A. Sum capacity

First, lets investigate impact of various parameters on sum
capacity. In Fig. 5(a), we show an impact of the number
of D2D pairs on the sum capacity of our proposal and
competitive algorithms. For all algorithms, the sum capacity
first increases with the number of D2D pairs, reflecting a more
efficient channel utilization. Then, the sum capacity starts
saturating for a high number of D2D pairs due to an increased
interference and due to less bandwidth for each pairs (total
bandwidth remains the same disregarding number of D2D
pairs, hence, narrower band remains for each pair).

Compared to our prior work with basic cooridnation and
basic DDPG Basic Coordinated DDPG), our proposal demon-
strates a gain in the sum capacity by up to 13.9%. The gain is
attributed to the use of the universal feedback and advanced
DDPG architecture, which significantly reduces prediction
error. Furthermore, the coordination among machine learning
tools introduced in our proposal leads to a gain of 20.3%
compared to the case without coordination (see lines for
Proposal and Proposal w/o. coord.). This gain is a result of
a successful mitigation of the prediction error accumulation
by the proposed coordination of DNNs and DDPG. Then,
compared to Big DDPG for CR and PA, the gain introduced
by the proposal is up to 29.3% and stems from the ability to
ensure efficient channel reuse by leveraging input from the
predicted power, which allows the proposal to make more
informed decisions about channel allocation. Furthermore,
Fig. 5(a) shows a gain of up to 57.7% introduced solely by the
proposed DDPG-CR compared to the state-of-the-art channel
reuse MI-CR (compare Proposal w/o. coord. and MI-CR). The
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Fig. 6. Ratio of satisfied D2D pairs for varying: (a) number of D2D pairs (cmin = 19 Mbps, pmax = 23 dBm), (b) cmin (N = 48, pmax = 23 dBm), and (c)
pmax (N = 48, cmin = 19 Mbps).

gain is due to the effectiveness of the proposed DDPG in
channel reuse while considering mutual interference.

The proposal also provides a gain of up to 43.5% and
171.9% compared to the recent state-of-the-art solutions han-
dling jointly power allocation and channel reuse via GNN
and reinforement learning (compare Proposal with GNN-CR-
PA and Proposal with RL-CR-PA), respectively. The degrada-
tion in the performance of GNN-CR-PA and RL-CR-PA with
respect to the Proposal is caused by the inability of these
works, representing “Big AI models”, to accurately capture
dependencies between channel reuse and power allocation due
to the joint nature of their respective solutions integrating
both problems into a single big AI model. Last, Fig. 5(a)
demonstrates that the Upper bound sum capacity, assuming
accurately known all channel qualities and optimally deter-
mined transmission power and channel reuse, is only a few
percent above the Proposal (up to 3.1%) even if the Upper
bound is not feasible in practice.

Fig. 5(b) illustrates the effect of the minimum required
capacity cmin on the sum capacity of all D2D pairs. The
sum capacity remains constant for low values of cmin (approx.
cmin < 19 Mbps) for all algorithms. For such low cmin, the
Proposal demonstrates a gain of up to 10.9% and 19.1%
compared to Basic Coordinated DDPG and Proposal with-
out coordination, respectively, as the proposed coordination
effectively suppresses the accumulation of prediction errors
across machine learning tools. Similar trend is observed for
Big DDPG for CR and PA, where the gain of Proposal is up
to 28.7%. The gain introduced solely by the proposed DDPG-
based channel reuse is up to 42.7% compared to the state-of-
the-art MI-CR. The Proposal incorporating both DDPG-CR
and coordinated learning introduces a gain of up to 33.5%
and up to 136.4% compared to GNN-CR-PA and RL-CR-PA,
respectively. Such high gain results from an inability of the
“Big AI models” to capture properly interdependences be-
tween channel reuse and power allocation. We also show that
the Proposal reaches sum capacity close to the Upper bound
with only a marginal degradation (up to 4.1%). For cmin > 19,
the sum capacity starts decreasing for all algorithms, as the
higher cmin reduces flexibility in reuse and power allocation.
Nevertheless, the relative gain in sum capacity of the Proposal
compared to related works become even more notable. This
indicates robustness of the Proposal, which can handle even

high cmin requirements.
In Fig. 5(c), we illustrate the impact of the maximum

transmission power pmax on the sum capacity. In general, the
sum capacity increases with pmax for all algorithms due to
improved channel quality. However, for higher values of pmax,
the sum capacity starts slowly saturating due to significant
interference in the system. As depicted in Figs. 5(a) and 5(b),
also Fig. 5(c) demonstrates that the coordination introduced
in the Proposal leads to a notable gain compared to Basic
Coordinated DDPG (up to 12.1 %) and Proposal without
coordination (up to 20.8 %). The Proposal introduces a gain
of up to 30.1% compared to big DDPG for CR and PA
due to more informed decision related to channel reuse. The
proposed DDPG-based channel reuse further amplifies the
sum capacity by up to 40.3% over the MI-CR. Compared to
“Big AI models” for joint channel reuse and power allocation,
the Proposal improves the sum capacity by up to 38.9%
over GNN-CR-PA and 121.8% over RL-CR-PA. For all tested
transmission power settings, the Proposal remains very close
to the Upper bound (maximum degradation by 3.6%). By
jointly optimizing channel reuse, transmission power, and
channel quality prediction through coordinated lightweight
models, the Proposal achieves substantial gains in sum ca-
pacity, showing practical value for practical implementation
in the next-generation networks.

B. Ratio of satisfied D2D pairs

Now, we investigate performance in terms of the ratio
of D2D pairs satisfied with experienced capacity. Figure
6(a) shows the ratio of satisfied D2D pairs decreases with
increasing number of D2D pairs for all algorithms. This trend
is due to limited radio resources, which become insufficient
to meet the minimum capacity requirements as the network
grows. Consequently, some D2D pairs, especially those with
poor channel conditions, fail to achieve the required quality of
service. This is a common issue in dense networks affecting
all resource allocation algorithms. The novel coordination
employed in the Proposal yields an increase in the satisfaction
ratio of up to 7.9%, 10.3%, and 13.1% compared to the
Proposal without coordination, Basic Coordinated DDPG,
and Big DDPG for CR and PA, respectively, thanks to more
informed decisions regarding channel reuse. The proposed
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Fig. 7. Interference among D2D pairs for varying: (a) number of D2D pairs (cmin = 19 Mbps, pmax = 23 dBm), (b) cmin (N = 48, pmax = 23 dBm), and
(c) pmax (N = 48, cmin = 19 Mbps).

DDPG-CR introduces a gain of up to 20.4% over the state-of-
the-art channel reuse MI-CR. Besides, Proposal demonstrates
an improvement of up to 17.1% and 55.6% in the satisfaction
ratio over GNN-CR-PA and RL-CR-PA, respectively. The lower
performance of GNN-CR-PA and RL-CR-PA is due to the
dependencies between tranmission power and channel reuse
not properly captured by these “Big AI models”. Practically
infeasible Upper bound, assuming accurately known channel
quality, optimal transmission power allocation, and channel
reuse is only a few percent (up to 4.9%) above the Proposal.

Fig. 6(b) illustrates the impact of cmin on the ratio of
satisfied D2D pairs. As cmin increases, the ratio of satisfied
pairs decreases for all algorithms. This decrease is attributed
to the limited radio resources within the system. The co-
ordination among machine learning tools in the Proposal
yields an improvement of up to 6.8% and 10.2% compared to
the Basic Coordinated DDPG Proposal without coordination,
respectively, due to efficiently mitigating the accumulation of
the prediction errors. Moreover, the Proposal increases the
ratio of satisfied D2D pairs by up to 14.3% over Big DDPG
for CR and PA. Employing the proposed DDPG-CR-based
channel reuse instead of the state-of-the-art MI-CR increases
the satisfaction by up to 26.1%. The Proposal achieves gain
of up to 18.1% and 69.8% over the most recent state-of-the-
art GNN-CR-PA and RL-CR-PA, respectively. At the same
time, the Proposal still reaches close to the Upper bound
performance with a gap of only up to up to 6.7%.

In Fig. 6(c), we demonstrate that the ratio of satisfied D2D
pairs increases with pmax, because higher pmax gives more
freedom in maximizing capacity and, thus, allows to satisfy
more D2D pairs. The coordination among the machine learn-
ing algorithms in the Proposal leads to an improvement of up
to 10.3%, 14.2%, and 17.4% compared to Basic Coordinated
DDPG, Proposal without coordination, and Big DDPG for
CR and PA, respectively. The proposed DDPG-CR also boosts
the satisfaction ratio by up to 23.7% compared to MI-CR and
outperforms recent state-of-the-art GNN-CR-PA and RL-CR-
PA by up to 22.1% and 56.2%, respectively. The maximum
satisfaction ratio reached by the Upper bound is only 3.5%
above the Proposal, demonstrating the effectiveness of our
Proposal employing both DDPG-CR and coordination. The
coordinated optimization ensures more D2D pairs meet the

capacity requirements, thus, improving user satisfaction and
demonstrating feasibility in dense mobile network deploy-
ments.

C. Interference
In Fig. 7, we investigate interference mitigation capabilities

of the Proposal. In Fig. 7(a), we show that the level of
interference among D2D pairs increases with the number of
D2D pairs across all algorithms, as the availability of more
D2D pairs for reuse results potentially in a higher interference.
The Proposal shows improved performance, achieving gain
up to 2.25 dBm (7.1%), 3.56 dBm (9.4%), and 4.08 dBm
(12.7%) compared to the Basic Coordinated DDPG, the
Proposal without coordination and Big DDPG for CR and PA.
Solely the proposed DDPG-CR-based channel reuse reduces
interference by up to 6.45 dBm (23.8%) over state-of-the-art
MI-CR. Additionally, the Proposal achieves an interference
reduction of up to 5.79 dBm (18.6%) and 13.94 dBm (61.6%)
when compared to GNN-CR-PA and RL-CR-PA, respectively.
We also demonstrate that the Proposal achieves performance
very close to the theoretical Upper bound, with only a minor
increase in interference of up to 1.67 dBm (4.5%).

In Fig. 7(b), we illustrate the impact of cmin on the inter-
ference. As cmin increases, the resource demand grows and
more channels are required to be reused, hence, interference
becomes stronger. The coordination incorporated in the Pro-
posal provides an improvement of up to 2.16 dBm (6.3%),
3.11 dBm (8.9%), 4.05 dBm (12.1%), 6.82 dBm (22.7%),
5.56 dBm (17.8%), and 13.51 dBm (58.6%) compared to
Basic Coordinated DDPG, the Proposal without coordination,
Big DDPG for CR and PA, MI-CR, GNN-CR-PA, and RL-CR-
PA, respectively. Finally, the interference for the Upper bound
is only 1.78 dBm (4.7%) below that of the Proposal.

Fig. 7(c) illustrates that the increasing transmission power
level results in a higher interference among D2D pairs for
all algorithms. The coordination in the Proposal reduces
interference by up to 3.93 dBm (12.5%), 5.89 dBm (20.1%),
6.75 dBm (24.3%), 6.36 dBm (27.2%), 8.31 dBm (30.3%),
and 15.7 dBm (84.5%) compared to Basic Coordinated
DDPG, the Proposal without coordination, Big DDPG for
CR and PA, MI-CR, GNN-CR-PA, and RL-CR-PA, respec-
tively. The interference reached by the Upper bound is
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only 1.01 dBm (2.5%) lower than that Proposal. Through
interference-aware channel reuse and power allocation, the
proposed framework effectively mitigates mutual interference,
enabling efficient radio resource management.

D. Convergence

In Fig. 8, we delve into the convergence of the Proposal
with coordination and compare it with the convergence of the
Proposal without coordination. The coordination introduced
in Section IV for the Proposal exhibits a rapid convergence,
notably faster than the Proposal without coordination and and
Big DDPG for CR and PA. The Proposal with coordination
converges after about 205 iterations for 48 D2D pairs (96
devices) and 195 iterations for 24 D2D pairs (48 devices),
whereas the Proposal without coordination requires about 420
iterations for 48 D2D pairs (96 devices) and 400 iterations
for 24 D2D pairs (48 devices). The Big DDPG for CR and
PA convergences even bit later, after around 500 iterations.
Note that a drop in the sum capacity for and Big DDPG
for CR and PA at approx. 300 iterations suggests gradient
interference from task overlap. The model later recovers as it
adapts and stabilizes its policy across both tasks (CR and PA).
This confirms the effectiveness of the proposed coordination
and its positive impact on convergence.

Figure 9 illustrates the effect of the parameter τ on the
convergence of the Proposal. The parameter τ controls the
update rate, determining the degree to which the primary
network’s parameters are integrated into the target network’s
parameters in DDPG-CR (see (16) and (17)). When τ exceeds
0.5, the target network’s weights are updated slowly, incorpo-
rating only a small portion of the primary network’s weights
at each step. This gradual approach helps to maintain stable
targets for updates, contributing to smoother and more stable
convergence, as demonstrated for τ = 0.5 and τ = 1. In
contrast, when τ is close to 0, the target network rapidly ad-
justs to the primary network’s changes. While this allows for a
faster tracking of the primary network, it can lead to increased
instability in convergence due to the less gradual updating
process. Setting τ to a higher value promotes stability and
smoother convergence, whereas a lower value can accelerate
adaptation at the cost of potentially compromising stability. In
our case, τ between 0.5 and 1 leads to similar performance
and strikes a balance between stability and adaptability.

E. Computational Complexity

To demonstrate the computational efficiency of the pro-
posed framework, we evaluate the number of mathematical
operations required for different network sizes. The modular
and coordinated design of the proposal ensures that each
D2D pair and radio resource management task is handled
efficiently, keeping the per-BS computational load low even
in dense deployments. This efficiency allows the framework
to achieve near-optimal sum capacity, high user satisfaction,
and low interference while remaining suitable for real-time
implementation in large-scale 6G networks. We compare the
computational complexity of the proposal and most relevant
related works in Table II for 16, 64, and 112 D2D devices.

Fig. 8. Convergence of machine learning, (cmin =
19 Mbps, pmax = 23 dBm).

Fig. 9. Impact of update rate τ of primary network parameters
in DDPG-CR on convergence of proposal.

The Proposal is of a lower complexity than GNN-CR-PA
and MI-CR. Only RL-CR-PA reaches lower complexity than
the proposal. However, lower complexity of RL-CR-PA is at
the cost of significant performance degradation and the sum
capacity of the proposal is from 75% to 170% above that of
RL-CR-PA, as shown in previous subsection. In summary, the
proposed coordinated learning framework achieves a balanced
combination of near-optimal performance, fast convergence,
scalability, and computational efficiency, addressing the key
challenges of real-time radio resource management in dense
D2D networks.

TABLE II
COMPUTATIONAL COMPLEXITY (NUMBER OF MATH OPERATIONS)

No. of devices Proposal GNN-CR-PA MI-CR RL-CR-PA
16 13,988 49,152 1.8×1019 1,600
64 23,716 786,432 1.5×1048 6,400
112 36,504 2,007,552 7.9×1097 12,544

VII. CONCLUSION

In this work, we have addressed challenge of efficient reuse
of D2D communication channels in dense D2D mobile net-
works, where interference and mutual channel reuse severely
impact performance. We have proposed novel low-complex
DDPG-based channel reuse strategy to enhance sum capacity
of D2D pairs, suitable for scenarios with a large number
of D2D devices. Then, proposed DDPG is integrated with
DNNs for transmission power allocation and channel quality
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prediction. To mitigate the propagation of inherent prediction
errors among naturally sub-optimal machine learning mod-
els, we introduced GCML that enables DNNs and DDPG
to work in synergy towards joint optimization of multiple
radio resource parameters. Simulation results demonstrate
that proposed framework notably improves all investigated
performance metrics compared to state-of-the-art approaches.

Future research should investigate advanced experience
replay mechanisms, cooperative multi-base station coordina-
tion, and decentralized learning architectures, e.g., as outlined
in [2] [3], to further improve scalability, convergence, and
adaptability in large-scale and highly dynamic environments.
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