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User-Centric Resource Allocation in FD-RAN: A
Stepwise Reinforcement Learning Approach
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Abstract—To improve resource utilization flexibility and
enhance resource cooperation, a novel fully decoupled radio
access network (FD-RAN) architecture was conceived, allowing
separate resource allocation of uplink and downlink. One of the
envisions of FD-RAN and future 6G is to provide personalized
services to users, namely, satisfying users’ demands differently.
To achieve this goal, we utilize the idea from user-centric resource
allocation (UCRA), which specifically takes into account users’
subjective values of services during resource allocation. We
first define a novel user utility function based on the prospect
theory. Then, we study a subchannel allocation problem with an
underlying heterogeneous network. Confronted with the complex
solution space, we develop a stepwise reinforcement learning
(RL) method which takes an action for only one user at each
step. Furthermore, an action filter is utilized to select only
feasible actions that meet the problem’s constraints, such that
the generated training data samples for RL are all valid, making
training more efficient and stable. The method is also extended
to multiagent case, where users can choose their actions with
their own agents. Owing to the stepwise action process, the
nonstationary environment problem in standard multiagent RL
is naturally avoided. As a result, our method can be scaled to
more agents. We have performed extensive simulations and the
results validate the effectiveness of our proposed methods.

Index Terms—Deep reinforcement learning (DRL), fully decou-
pled radio access network (FD-RAN), multiagent reinforcement
learning (RL), UL/DL decoupling, user-centric resource alloca-
tion (UCRA), value of services.

I. INTRODUCTION

FLEXIBILITY of resource allocation is critical for
enabling cooperation among multiple heterogeneous base

stations (BSs), such that both resource utilization efficiency
and users’ service quality can be improved. For this purpose,
the fully decoupled radio access network (FD-RAN) [1]
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was developed by Yu et al. as a novel 6G paradigm
which considers uplink and downlink separately, promising
more flexible association and resource allocation for each
link [2].

The benefits of FD-RAN need to be embodied through a
well-designed resource allocation method, which essentially
addresses the conflict between users’ various demands for
services and the network’s supply of transmission resources.
Traditionally, resource allocation is conducted from the
network’s perspective, either optimizing the conventional
performance indicators, such as throughput, latency, Quality
of Service (QoS), and coverage rate [3] for the network, or
maximizing system utility defined as function of revenues [4].
By involving the concepts like Quality of Experience (QoE)
and user utility, users are further taken into account in resource
allocation. However, the definitions of these concepts are still
based on the conventional performance indicators for users
[5], [6].

Given that 5G has focused on vertical industry applications,
we think 6G should provide personalized service for each
individual user [7], [8]. As a matter of fact, when users request
services through the network, what they actually obtain are the
values brought by these services. These values are subjective
to users, thus they can be different for different users even
if they request the same services. Therefore, users’ subjective
values of requested services should be considered in resource
allocation. Appropriately allocating resources to achieve more
total values is a common principle for economists. It can also
be explained through a special case: if one user is requesting
a remote surgery service while another is requesting a gaming
service, then the first user should have a higher priority in
resource allocation, since remote surgery is more valuable to
the first user than gaming to the second user. Unfortunately,
in the current network, due to the oversight of users’ values of
services in resource allocation, the total values delivered from
consuming the network resources are not optimized, and users
cannot experience personalized services even if they value
their services differently.

To this end, user-centric resource allocation (UCRA) [7]
has been proposed, which takes into account users’ subjective
values of services, and can be optimized to deliver more
total values to users. UCRA enables personalized service
transmission through investigating users’ true demands, i.e.,
the extent of desire for the requested services. Yet, it is still
very challenging in several aspects to realize UCRA in a
network like FD-RAN, considering the flexibility of resource
allocation and cooperation among multiple heterogeneous BSs.
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First of all, we need a way to model the user’s extent of
desire for services. This is accomplished through defining a
novel user utility function, which characterizes a user’s sub-
jective view on a specific service through a profile containing
two factors, namely, the minimal data rate requirement and
the value of service. Further, our approach treats the uplink
and downlink of a service separately since they are often not
symmetrical with respect to these two factors. For instance,
during an online video conference, uplink is more important
for the presenter while downlink is more important for the
listener. Adopting the decoupling of uplink and downlink is
also for exploiting the flexibility of resource allocation in FD-
RAN. With the above considered variables, we then need a
mathematic function for passing in these variables to calculate
the utility or disutility that a user will obtain after resources
are allocated. We resort to prospect theory [9] in the field of
behavior economics. Intuitively, prospect theory summarizes
the properties of utility functions that align with most human
behaviors, i.e., diminishing gain, diminishing loss and loss
aversion.

Given the user utility function, we study a subchannel allo-
cation problem so as to optimize the sum utility of all users.
We consider an underlying heterogeneous network (HetNet)
consisting of macro BSs (MBSs) with larger coverage and
small BSs (SBSs) with higher density. The flexibility of
resource allocation is further embodied in that the uplink and
downlink of a user can be associated with any BS. Such kind
of HetNets can optimize the resource utilization efficiency
through more flexible link association [10], [11].

However, flexibility brings a larger and more complicated
solution space, meaning that it becomes more difficult to
optimize subchannel allocation. Besides, although we propose
a specific user utility function in this article, we still want
our approach for resource allocation to be generalized to other
potential forms of user utility definitions. For such sakes, we
employ deep reinforcement learning (DRL), which has been
widely used to solve various resource allocation problems
[12], [13], [14], [15]. Rather than developing an algorithm
for each specific problem, DRL treats the problem as a black
box environment and leverages reinforcement learning (RL)
to train a deep neural network through interactions with the
environment. In this way, our DRL-based approach can be
easily adapted for other subchannel allocation problems with
various user utility definitions.

The main challenges for adopting DRL-based approaches lie
in how to properly embed the original problem into the DRL
framework. This requires providing problem-specific defini-
tions of state, action, reward, episode, and agent. Furthermore,
since our subchannel allocation problem is constrained, impos-
sible actions that violate constraints must be carefully handled.
Additionally, the action space should be reduced to a much
lower level than the space of decision variables so as to
simplify and stabilize DRL training.

To overcome these difficulties, we develop a stepwise RL
method where only one user’s decision variable is determined
per step in an episode. This technique greatly reduces the
action space. Further, the action space is no longer correlated
with the number of users, allowing our method to be scaled

to more users. To make the stepwise RL feasible, we encode
the actions taken by all users (i.e., the global state of actions)
in the state vector. We apply an action filter at each step so
that only feasible actions can be selected. Then, all generated
training data samples from the environment are valid and
useful, so training efficiency and stability can be enhanced.
Building on this single-agent version, we also develop the
multiagent stepwise RL where users’ actions are determined
by different agents, namely, by different neural networks
with their own parameters (weights). Owing to the stepwise
learning technique, the nonstationary environment problem in
standard multiagent RL can be avoided naturally, as there will
be no joint actions determining the next environment state
together. As an overview, the main contributions of our study
are summarized as follows.

1) To provide personalized data transmission services to
users in FD-RAN, we investigate UCRA, and propose a
novel definition of user utility that specifically takes into
account users’ different subjective values on requested
services.

2) We then formulate a subchannel allocation problem that
optimizes the sum utility of all users. The problem is
studied under a HetNet, while considering flexible link
association and resource allocation.

3) To solve the problem, we develop a stepwise RL method
to reduce the dimension of action space. To facilitate the
stepwise process, we include the global state of actions
in state vector. We also utilize action filter as a critical
technique to meet the constraints of the problem and
guarantee the usability of training data samples.

4) We further extend the stepwise RL to multiagent case.
Compared with standard multiagent RL, the nonstation-
ary environment problem is avoided naturally, so the
proposed method can be scaled to more users.

The remainder of this article is organized as follows. In
Section II, we present a review of relevant literature on utility-
based resource allocation, and DRL based resource allocation.
Section III introduces the fully decoupled network model
and problem formulation. The stepwise RL method and its
extension to multiagent case are elaborated in Section IV,
which is followed by Section V showcasing the simulation
results and analyses. Finally, we draw the conclusions in
Section VI.

II. RELATED WORKS

A. Utility-Based Resource Allocation

There have been a wide range of objectives for wireless
resource allocation, e.g., system throughput, fairness, energy
efficiency, QoS/QoE, profit, just to name a few. In some liter-
atures, a system/network utility is also defined. Lin et al. [3]
studied the user association and spectrum allocation problem
in HetNet. A proportionally fair utility function based on
the coverage rate is defined, and is used as the objective
of optimization. In [5], a QoS-aware joint user association,
resource and power allocation approach is proposed. The
objective is to maximize the number of serving users, under the
constraint that users’ QoS demands are satisfied. The metric of
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QoS is chosen as the minimum required data rate for reliable
communications to users. Luong et al. [4] summarized the
objectives for applying economic and pricing models in 5G,
including system utility. Here, system utility is described as the
sum utility of both users and network operators. The former is
defined based on data rate, and the latter is based on revenue.
Hence, the motivation is to consider the benefit of both
sides when designing resource allocation schemes. In another
work, Tadayon and Aissa [6] designed an auction-based radio
resource allocation. In the theory of auction, users bid with
a valuation of the item. Tadayon and Aissa [6] mentioned
that it is natural to use instantaneous spectral usage as the
valuation. Tan et al. [16] explained the utility from economics
and defines utility as a mapping from allocated bandwidth to
users’ satisfaction level. This article further formulate utility
according to specific traffic type, such as multimedia, and
give the shape of utility for hard QoS, soft QoS, and best
effort QoS traffic. In [17], a post-disaster resource allocation
is studied, and utility is used to reflect the urgency of
requirement, i.e., exigency. Different from these works, we
explicitly consider users’ subjective (personalized) values of
the requested services in the utility. Thus, we introduce a new
user-specific dimension to the metrics considered in resource
allocation. The advantages of the utility definition in this
article are threefold. First, when doing resource allocation, the
total value that the network brings to users can be optimized,
and the network can understand user’s true demands so as to
provide personalized services to different users. Second, uplink
and downlink are considered differently to accommodate the
services whose uplink and downlink are asymmetric, as well
as to fit the decoupling of uplink and downlink in the fully
decoupled HetNet. Last, prospect theory is utilized to shape the
utility function, such that it aligns with most human behaviors,
i.e., diminishing gain, diminishing loss and loss aversion.

B. Deep Reinforcement Learning-Based Resource Allocation

With the success of a variety of deep learning methods, a
lot of research works have attempted to enhance the wireless
cellular network with intelligence [18], [19]. Among all such
efforts, DRL has been one of the most popular approaches for
solving various kinds of problems in wireless communications,
including resource allocation. Chang et al. [20] introduced a
distributive dynamic spectrum access approach. The secondary
users adopts DRL to learn spectrum access strategies based
on the current and past spectrum sensing outcomes. recurrent
neural network (RNN) is utilized to capture the underlying
temporal correlation. Another work [14] studies a general
multichannel access problem and derives distributed access
actions via multiuser DRL so as to maximize the network
utility. He et al. [12] proposed a channel assignment problem
in the nonorthogonal multiple access (NOMA) system, where
each channel can be multiplexed by two users with different
power allocation. An attention-based neural network is used
with RL to perform channel assignment.

DRL has also been applied for resource alloca-
tion in HetNets [21], [22], device-to-device (D2D)
networks [23], [24], and vehicular/vehicle-to-vehicle (V2V)

networks [25], [26], [27]. Specifically, Liang et al. [26]
used a fingerprint-based deep Q-network (DQN) for
distributed resource management in high-mobility vehicular
environments. Each V2V link is treated as an agent, and
learns to find spectrum and power allocation. In order to
stabilize the multiagent training, the authors utilize a technique
in [28] by adding fingerprints (training iteration number and
rate of exploration) in the state vector. However, only four
V2V links are considered in the simulation, so it is unknown
whether the multiagent DRL (MADRL) can be scaled to
more users. To tackle the nonstationary issue in multiagent
environment, Xiang et al. [27] utilized several techniques,
including hysteretic Q-learning and concurrent experience
replay trajectory (CERT).

To summarize, the following design choices have to be
made when adopting DRL: 1) the neural network architec-
ture, such as fully connected, convolutional neural network
(CNN), RNN, and graph neural network (GNN); 2) the RL
architecture, such as DQN and actor–critic (AC); and 3) the
decomposition of action space, such as single agent and
multiagent. Different combination of the above choices will
lead to a variety of DRL-based methods. The novelty of
our stepwise RL belongs to the third choice. Specifically, in
single-agent case, the dimension of action space is reduced
to constant by taking action for users in a stepwise way and
encoding the global state of actions in the state vector. Also,
a filter can be applied during the process of taking actions so
as to keep feasible actions only. Further, in multiagent case,
the nonstationary environment problem is naturally avoided,
thus the method can be scaled to more users. Note that in
this article we mainly compare with the standard multiagent
RL given in the third choice. Novel algorithms belonging to
the first and second choices can be easily integrated with our
proposed methods.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a fully decoupled HetNet with MMBS macro
base stations and MSBS small base stations serving N users
in total. We also assume MMBS < MSBS, indicating that the
density of SBSs is higher than MBSs. Thus, users are more
likely to be closer to SBSs, while they are within the coverage
of MBSs. The network allows decoupled access of uplink and
downlink for users. Put it another way, uplink and downlink
traffic of the same user can be served (but not necessarily)
by different BSs. We can easily derive the four possible
cases for a user to access BSs for both uplink and downlink
transmission, as illustrated in Fig. 1. Decoupled access is a
natural mode in the FD-RAN proposed by Yu et al. [1], where
BSs are physically decoupled into three types, namely, control
BSs, uplink BSs, and downlink BSs. Uplink and downlink
can be treated as separate links, leading to flexibility. Thus,
the heterogeneous BSs and network resources can be utilized
more efficiently. Our network model is general in terms of
user association pattern, so it is straightforward to apply our
proposed methods to other conventional network architectures.
We assume that MBSs (SBSs) have Ku

MBS and Kd
MBS (Ku

SBS

Authorized licensed use limited to: Nanjing University. Downloaded on April 09,2025 at 11:23:54 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: USER-CENTRIC RESOURCE ALLOCATION IN FD-RAN 24213

Fig. 1. Illustration for the four possible cases of decoupled access.

and Kd
SBS) orthogonal subchannels for uplink and downlink

transmission, respectively.
In this article, we focus on joint BS selection and sub-

channel allocation, which belongs to the MAC layer function.
Generally, the MAC layer takes the physical layer mea-
surement as input, and outputs the corresponding resource
allocation results. We mainly consider the signal-to-noise ratio
(SNR) from physical layer, an important indicator typically
used for determining the serving BS and allocated subchannels
of a user. In this way, the MAC layer does not have to know
the details of the physical layer, e.g., how the signal propagates
through the channel with various fading effects, since all the
details are finally represented through the SNR. Then, the
physical layer model can be represented through the Shannon
formula, which gives the transmission rate of a link as

r = BWlog2

(
1+ gPT

PN

)
(1)

where BW is the total bandwidth of allocated subchannels for
the link, PT is the transmit power, and PN is the noise power,
and g denotes the channel gain. Without loss of generality, we
assume that each user has only one serving BS for uplink and
one serving BS for downlink.

B. Problem Formulation

We first model the utility of users when using the network.
In the following, if not explicitly mentioned, the defined
variables are used to describe a certain user. Also, since access
is decoupled, we consider uplink and downlink separately and
use different superscripts. In fact, this is more realistic because
uplink and downlink are not symmetric in most cases. We
only consider duplex services, which require both uplink and
downlink data rates.

The transmission rate demands of users are modeled by
minimum rate demands ru

min and rd
min for uplink and downlink,

respectively. The minimum rate demands model users’ basic
usage of the network. However, the actual rates ru and
rd allocated to users can be much higher, and users can
experience far beyond their basic usage. For example, users
can watch videos with low definition (e.g., 480p), but they can
also watch with a higher definition (e.g., 1080p) if the available
rates are larger. The basic usage can also be regarded as a

bundle of indispensable apps, such as mail, instant messaging,
and news recommendation, but more apps such as social media
and video streaming can be supported by more allocated rates.

Users use the network to request various kinds of services,
because these services can bring value to them. Hence, in
UCRA [7], resources are allocated in an economically efficient
manner, that is, to the services that can bring more value to
users. From the perspective of network, it provides personal-
ized services to users. We use vu and vd to denote the values of
users’ requested services for uplink and downlink, respectively.
The value is essentially the maximum price that users are
willing to pay for acquiring the services. Correspondingly,
the actual prices for using the BSs at the current time are
denoted by pu and pd for uplink and downlink, respectively.
By mentioning the current time, we mean that the prices can
be dynamic. Dynamic pricing of mobile data has been studied,
such as [29] and our previous work [30].

Given the above definitions, we use the 4-tuple profile
(ru

min, vu, rd
min, vd) to characterize the requested services of

users. Then, the user utility is given by

Utility
(

ru, rd, pu, pd
)

= ωf
(
S1(r

u − ru
min)

)+ (1− ω)f
(

S1(r
d − rd

min)
)

+ ωf
(
S2(v

u − pu)
)+ (1− ω)f

(
S2(v

d − pd)
)

(2)

where f (·) is the utility function, S1(·), S2(·) are the scaling
functions that confine the output inside a specific region, and
ω ∈ [0, 1] is a variable that weights the relative importance
between uplink and downlink. Furthermore, the utility function
f (·) is given by prospect theory [9], and have the properties of
diminishing gain, diminishing loss and loss aversion. A classic
utility function is given below

f (x) =
{

xα, x ≥ 0

−λ(−x)
β
, x < 0

(3)

where α, β, λ are parameters that shape the curve of utility
function. α, β ∈ (0, 1) reflect the diminishing gain (when
x > 0) and diminishing loss (when x < 0) property, respec-
tively. A smaller value means that the gain/loss diminishes
faster. λ > 1 reflects the loss aversion property, and a larger
value indicates more significant loss compared with gain.

The user utility defined above takes into account two
major factors, namely, transmission rate and value of services.
Specifically, if the actual rate is higher than the minimum
rate demand, then users’ utility will increase, but the speed
of increasing will become slower as the rate gets larger.
Otherwise, if the actual rate is lower than the minimum
rate demand, then the utility becomes negative and decreases
sharply at the beginning. Similarly, if the value of requested
services is larger than the current price, then users gain utility,
otherwise users gain disutility. The user’s profile will also
influence the resources allocated to the user. From (2), a
larger value of service will lead to more user utility, thus
more resources will be allocated to the user. Also, a lower
minimum rate demand means less resources are required to
gain positive utility, so resources will be allocated with higher
priority. Users can set the minimum rate demand and value
for various requested services through specifically designed
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interfaces such as cybertwin [7], [31]. Users can also directly
feedback their experience to the network in simple ways. For
example, if the user feels not satisfactory, then a high-level
feedback is delivered to the network. Then, the value of service
parameter in the user’s utility will be increased, such that more
resources can be potentially allocated to the user.

We study a general subchannel allocation problem in the
decoupled-access HetNet scenario described above. The objec-
tive is to maximize the sum utility of all users. With such
an objective of resource allocation, not only the transmission
efficiency is considered, but also the total value delivered
to users is taken into account. Especially, the latter is not
considered in traditional networks that does not use the UCRA
criterion. We use N = {1, . . . , N} to denote the set of all
users, and M = {1, . . . , M} to denote the set of all BSs. A
user is represented by i, i ∈ N , and the BSs that serve the
uplink and downlink of the user are represented by j ∈ M
and j′ ∈ M, respectively. N u

j and N d
j′ represent the set of

users whose uplink and downlink is served by BSs j and j′,
respectively. Furthermore, we use χu

i,j and χd
i,j′ as decision

variables to represent the number of uplink and downlink
subchannels allocated to user i. Users are either allocated both
uplink and downlink subchannels or nothing. If a user is not
allocated uplink or downlink subchannels, then we set j or
j′ to 0, and use χu

i,0 and χd
i,0 instead. For users who are not

allocated subchannels (i.e., their actual rates are zero), we only
calculate the transmission rate part of utility, since they do not
pay any price for the services that are not transmitted. The
problem formulation is given below.

Objective:

max
∑
i∈N

Utilityi

(
ru

i , rd
i , pu

j , pj′
d
)
. (4)

s.t. ∑
i∈N u

j

χu
i,j ≤ Kj

u ∀j ∈M (5)

∑
i∈N d

j′

χd
i,j′ ≤ Kj′

d ∀j′ ∈M (6)

(
χu

i,j > 0 ∧ χd
i,j′ > 0

)
∨

(
χu

i,0 = 0 ∧ χd
i,0 = 0

)
∀i ∈ N . (7)

Constraints (5) and (6) mean that the total number of allocated
uplink and downlink subchannels cannot exceed the total
subchannels of the BSs. Constraint (7) indicates that a user is
either allocated both uplink and downlink subchannels or no
subchannels at all.

IV. STEPWISE REINFORCEMENT LEARNING AND

MULTIAGENT EXTENSION

The formulated problem given by (4)–(7) is a classical
combinatorial optimization problem. In practice, such a kind
of problem is usually solved by heuristic algorithms such
as greedy algorithms. The time complexity depends on the
number of iterations conducted in these algorithms. Also,
the results are mostly suboptimal. Furthermore, the designed
algorithms are often specific to the formulated certain problem,
and cannot be generalized to other similar resource allocation

problems. To this end, in this article, we resort to the DRL [32]
framework and attempt to present a general solution for such
a kind of combinatorial optimization problems. Another major
motivation for using DRL is that the utility given by (2) as
well as the optimization objective given by (4) can be changed
with another criteria of resource allocation. In what follows,
we first highlight the key points of DRL and introduce the
DQN family, leading to the expressions of D3QN, which will
be used by our stepwise RL in the following. Then, we present
our proposed stepwise RL methods for solving the subchannel
allocation problem, consisting of a single-agent version and a
multiagent extension.

A. Deep Reinforcement Learning and DQN Family

RL [33] solves a kind of problems that can be modeled by
the Markov decision process (MDP). The mathematical defi-
nition MDP has been extensively introduced in literature, so
we only explain its structure. In MDP, an agent takes an action
in the environment at each step, such that the environment
changes due to the action, and the agent obtains a feedback
(a.k.a reward) from the new environment. Specifically, the
4-tuple ξ = (s, a, s′, r′) can be used to describe the above
process, where s ∈ S is the state vector representation of the
current environment and S denotes the state space containing
all possible values of s, a ∈ A is the action that is taken only
based on s and A denotes the action space, s′ is the next state
given s and a, and r′ ∈ R is the reward derived from the new
state s′. The goal of RL is to find an optimal policy π :s→ a
for the agent that maximizes the sum of discounted rewards
R obtained from all steps in an episode. R is given by

R =
∑

l=0,1,2,··· ,Lep

γ lrl|π ′ (8)

where l is the step index, Lep denotes the last step of an
episode, rl|π ′ is the reward obtained from step l after taking
action by following a policy π , and γ is the discounting factor.

Traditional RL algorithms, such as Q-learning, utilize a
Q-table to store the Q-value Q(s, a) of each state–action pair
and updates the Q-table by the Bellman equation. However,
the size of Q-table will become too large when the state space
increases, such that these algorithms are no longer efficient.
To deal with the problem, deep learning has been integrated
with RL due to its advantage in generalization. The basic idea
is to use a deep neural network to replace the Q-table and
model the Q-value function directly. The input of the neural
network is s, and outputs are the Q-values of all actions. The
neural network is also trained based on the Bellman equation.

The most famous DRL architecture is DQN [34]. DQN
exploits two important techniques. One is experience replay,
which saves a large number of training samples with a
memory buffer. Then, training is conducted by randomly
selecting a mini-batch of samples from the memory buffer and
performing parameters update with stochastic gradient descent.
Another is introduction of the target network, which updates
its parameters for every τ steps by copying from the evaluation
network. The loss function for DQN is given by

loss(θ) = E

[(
r′ + γ maxa′Q

(
s′, a′|θ ′)− Q(s, a|θ)

)2
]

(9)
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TABLE I
6-BIT ENCODING OF ACTION STATE FOR A USER

where θ and θ ′ are the parameters of evaluation network
and target network, respectively. Further, the double DQN
(DDQN) [35] improves DQN by selecting the best action of
state s′ using the evaluation network (parameterized by θ)

instead of the target network (parameterized by θ ′). The loss
function of DDQN is given by

loss(θ) = E

[(
r′ + γ Q(s′, arg maxa′Q(s′, a′|θ)|θ ′)− Q(s, a|θ)

)2
]
.

(10)

By using the dueling network architecture [36], the original
network Q(s, a|θ) is replaced by two networks, namely,
V(s|θV) for estimating the state value and A(s, a|θA) for
estimating the state–action value. Then, the representation of
Q-value becomes

Q(s, a|θV , θA)

= V(s|θV)+
⎛
⎝A(s, a|θA)− 1

|A|
∑
z∈A

A(s, z|θA)

⎞
⎠. (11)

The combining of (10) and (11) is also known as D3QN, which
exploits all the advantages. For clarity, we still use the notation
of Q(s, a|θ), where θ = θV ∪ θA.

B. Stepwise Reinforcement Learning

In order to solve the subchannel allocation problem
described in Section III-B, we need to know the number of
uplink and downlink subchannels allocated to each user. In
practical networks, the overheads of connection establishment
between BSs and UEs usually limit the potential number
of BSs that the UEs can access. For example, in 3GPP
standards, only dual-connectivity is supported currently. Thus,
for now, we assume that a user is only accessible to one
MBS and one SBS. We also limit the number of allocated
subchannels for each link to 2, considering the fairness of
resource allocation among users. Then, there are total 16
different cases of decision variable, including a special case,
in which no subchannel is allocated to the user. In this way,
we have reduced the dimension of the problem’s action space
from O(NMK) to O(N), so as to make the training of DRL
more practical.

For the single-agent DRL, the agent needs to determine
the decision variables for all users with a single D3QN.
Although we have reduced the problem’s action space, it is
still proportional to the number of users N, which means
the DRL-based solution cannot scale when N becomes larger.
To this end, we develop a stepwise subchannel allocation
method. Instead of determining all the decision variables
simultaneously, the agent subsequently determines the decision
variable for each user with a fixed sequence. Thus, an episode

contains N steps, and in the lth step, an action is selected
such that user l’s associated BSs and number of allocated
subchannels for both uplink and downlink are determined.
The action space is then reduced to the space of decision
variable for a single user, which is a constant size 16 given the
above settings on BS association and subchannel allocation.
Hence, the DRL-based solution becomes scalable. The reason
for fixing the sequence of allocating subchannels to users is
that the action taken in the current step can be inherently
mapped to the user.

For a specific user, the state vector consists of three
parts. The first part contains the 4-tuple (ru

min, vu, rd
min, vd)

that describes the user’s service requests and values. The
second part is formed by the SNRs with the user’s acces-
sible MBS/SBS for uplink and downlink, namely, SNRu

MBS,
SNRd

MBS, SNRu
SBS, SNRd

SBS. In the last part, we include
the state of action of the user, which is encoded with 6
bits, as given in Table I. The first bit indicates whether the
user’s action has been taken or not. The second bit indicates
whether the user has been allocated subchannels or not. The
third to sixth bits indicate the specific action taken for the
user, representing the user’s associated BSs and allocated
subchannels. For the stepwise RL, keeping the global states of
action for all users is necessary, such that the agent can take
action with the knowledge of previous actions. The overall
state vector is the concatenation of the state vectors of all users.
Thus, the size of state vector is 14N. Note that we consider
the prices of BSs are stationary for a relatively long period,
so the state vector does not include the prices of BSs.

In an episode, at each step, an action should be taken.
During the training process, the selection of action follows
the ε-greedy strategy, with ε decaying at a constant rate.
However, the action is not selected from the whole action
space. Instead, we apply an action filter, which outputs the
feasible actions at the current step, i.e., actions satisfying (5)
and (6). A conventional strategy for handling the case when
an impossible action is selected is to return a large negative
reward. However, such a strategy has several drawbacks. First,
since the action is impossible, the 4-tuple ξ = (s, a, s′, r′)
saved in the memory buffer is a less valuable sample for
training D3QN. Second, the episode has to be terminated early
as soon as an impossible action is chosen. As a result, the
total samples will be much fewer given a certain number
of episodes. Third, even after the D3QN is trained, there is
still a chance that an impossible action is selected, so the
trained D3QN cannot guarantee a feasible output. Last, as a
hyperparameter, the value of large negative reward is difficult
to set. If the value is too large, then it will be back propagated
and make huge influence, such that the agent will become
conservative on taking actions that allocate more subchannels,
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Algorithm 1: Single-Agent Stepwise RL
1 Initialize: istep ← 0, Nseed ← seeds, iseed ← 0;
2 for episode = 1, . . . , Nep do
3 Reset environment randomly with seed iseed ;
4 for user i in N do
5 s← current state;
6 Af ← action filter of user i under s;
7 a← selected action from Af with ε-greedy;
8 s′ ← updated state by taking action a on user i;
9 r′ ← reward from (2) with user i;

10 A′f ← action filter of user i+ 1 under s′;
11 Save (s, a, s′, r′,A′f ) into memory buffer;
12 if istep > N ∗ |Nseed| & istep%2 = 0 then
13 Retrieve a mini-batch of samples randomly from memory

buffer;
14 Calculate Q(s, a|θ);
15 Calculate Q(s′, a′|θ) for all a′ ∈ A, and set Q(s′, a′|θ) to

a large negative value for a′ ∈ A−A′f ;
16 Calculate loss(θ) by (10);
17 Update θ ;
18 Update θ ′ ← θ for every τ updates of θ ;
19 end
20 istep ← istep + 1, iseed ← (iseed + 1)%|Nseed|;
21 end
22 end

leading to decrease in rewards. On the contrary, the action filter
does not have the above drawbacks. Besides, when calculating
the loss function given by (10), we explicitly set the Q-values
of impossible actions to a sufficiently large negative value,
which is a more appropriate value for impossible actions, so
that arg maxa′Q(s′, a′|θ) returns a feasible action. After an
action from action filter is chosen for the step, the state vector
updates, and a reward is given. The reward is simply the
utility of the user corresponding to the action, given by (2),
where ru, rd are calculated from (1) with BW equals to the
bandwidth of allocated subchannels, and pu, pd are the prices
of the associated MBS/SBS. The complete training process of
stepwise RL is given in Algorithm 1.

C. Adopting Standard Multiagent RL

MADRL is used for solving problems that involve multiple
agents taking actions simultaneously. We discuss how to adopt
the standard MADRL for our subchannel allocation problem.
Each agent is responsible for taking action for only one user,
thus the action space for each agent can be reduced to constant
as single-agent stepwise RL. For an agent, an episode only
contains one single step, namely, allocating subchannels for
the corresponding user. All the agents take actions simultane-
ously, and the subchannel allocation for all users are finished.
Each agent only needs to use the state vector for a single user
defined above, so the state of action part is no longer required.
Since the agents are homogeneous, we adopt a technique
called parameter sharing, such that all the agents actually use
the same set of parameters. Therefore, only a single D3QN is
required, and the training costs will be significantly reduced.
However, in order to distinguish each agent, an additional part
that encodes different agent’s ID is added to the state vector.
Then, the state vector is comprised of 4-bit encoding of agent
ID (for N ≤ 16), 4-tuple (ru

min, vu, rd
min, vd), and 4 SNR values

SNRu
MBS, SNRd

MBS, SNRu
SBS, SNRd

SBS.

At the beginning of an episode, joint actions a1, . . . , aN

are chosen by agents. Then, the environment is updated by
applying these actions, and (5) and (6) are checked, since there
is no action filter that guarantees the feasibility of actions. If
the constraints are violated, i.e., the total allocated subchannels
exceed the total available subchannels, then the reward for all
agents is set to an appropriate negative value as a penalty.
Otherwise, the reward for all agents is the sum utility of all
users. With parameter sharing, each agent’s state si, action
ai, and reward r′ (same for all agents) are saved as training
samples in the memory buffer, and are used for updating the
shared parameters during the learning steps.

D. Multiagent Stepwise Reinforcement Learning

However, one of the main challenges in MADRL is the
nonstationary environment [32]. Specifically, the next state s′
of environment as well as the reward r′ to all agents depends
on the joint actions a1, . . . , aN taken by all agents. Thus, from
the perspective of each agent, the upcoming state and reward
can be different even the agent’s action is the same. Then,
it becomes difficult to train a stable neural network for each
agent.

To this end, we still utilize the stepwise subchannel alloca-
tion, and adapt it into the multiagent RL framework. Compared
with the single-agent counterpart that relies on a single D3QN
to generate the actions of all users, each user is represented
by an individual agent, and each agent only needs to decide
its own action. The parameters of each agent are denoted
by θ1, . . . , θN , respectively. Basically, with more agents,
which mean more parameters and more training episodes to
converge, the performance of multiagent case will be improved
compared with the single-agent case. Furthermore, each agent
takes action in turn instead of simultaneously, so that the
nonstationary environment problem is avoided. Besides, unlike
the single-agent case that uses a fixed user sequence, the
sequence can be changed among different episodes in the
multiagent case, since each agent is responsible for taking
action for only one user.

We still use the same state vector as defined in the single-
agent case for each agent. In en episode, at one step, an agent
takes an action, then state is updated and reward is feedback
to the agent. Thus, a training sample is saved for the agent.
The loss function for an agent i is given by

loss(θ) = E

[(
r′ + γ Q(s′, arg maxa′Q(s′, a′|θ i+1)|θ ′i+1)− Q(s, a|θ i)

)2
]
.

(12)

From the above equation, we can see that the target value is
calculated by the next agent i+ 1. During a learning step, the
parameters of each agent are updated sequentially. However,
we reverse the sequence that users take actions, such that
the parameters of agent i + 1 is updated before, and can be
used in (12) for agent i. For simplicity, we still use a fixed
user sequence, so the training process of multiagent stepwise
RL is similar to Algorithm 1. The differences are described
below. First, at line 7, a is selected by using agent i’s D3QN.
Second, at line 11, the training sample is saved in agent i’s
memory buffer. Third, the learning process from lines 12 to 19
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Fig. 2. Illustration of the (a) Single-agent stepwise RL, (b) Multiagent
stepwise RL, and (c) Standard multiagent RL.

is conducted for all agents in the sequence of N, . . . , 1, and
the loss is calculated by (12). Besides, since there are more
D3QNs to be trained, more episodes should be run, such that
the number of training samples in the memory buffer of each
agent is at the same level of single-agent case.

E. Summary of Different RL Methods

At the end of this section, we summarize and compare
the three introduced RL methods through illustrative figures
shown in Fig. 2. In single-agent stepwise RL [Fig. 2(a)],
only one network parameterized by θ is used. In each step,
the action of a user is determined by the network, and the
action is encoded into the state vector. Also, action filter is
adopted such that only feasible actions can be selected. In
multiagent stepwise RL [Fig. 2(b)], the main difference is
that separate networks parameterized by θ1, θ2, . . . , are used
for users. In each step, the action of a user is determined

by its own network. In standard multiagent RL [Fig. 2(c)],
different agent’s networks use shared parameters θ , so there is
actually only one network. All users’ actions are determined
by the network by inputting their own states s1, s2, . . . ,. The
state encodes users’ IDs so as to distinguish between different
users. The actions are taken simultaneously in one step and a
common reward is feedback. Also, done is feedback together
with reward, which indicates that the episode ends.

From the above summary, the time and space complexity
of different RL methods can be straightforwardly known. The
time complexity of single-agent stepwise RL for calculating
the subchannel allocation results is O(N), in terms of the
number of forward propagations (namely, the inference pro-
cess) through a single D3QN network. For both multiagent
RL methods, the time complexity is constant. However, the
space complexity of multiagent stepwise RL is O(N), in terms
of the number of different D3QNs (namely, different sets of
D3QN parameters). On the contrary, the space complexity of
single-agent stepwise RL and standard multiagent RL (with
parameter sharing technique employed) is constant.

V. SIMULATION RESULTS

A. Simulation Setting

We consider a network with one MBS and three nonover-
lapping, equally separated SBSs surrounding the MBS. We
totally generate 100 random environments with different seeds,
80 for training, and 20 for testing. Resource allocation results
will be given and evaluated for each environment for all
the algorithms. In each environment, NSBS = N/3 users are
generated at random locations within the coverage of each
SBS such that each user is accessible to both the MBS as well
as one SBS. Considering that the various channel effects will
finally lead to SNR variations, the SNR values input to the
MAC layer should be random such that the algorithms can be
evaluated in a relatively practical communication environment.
In the simulation, the SNR values of all links are derived from
randomly generated user locations considering the large-scale
channel fading effect. Note that although more channel effects,
such as small-scale fading, can be further considered, it will
essentially make no difference to the training and testing of
RL algorithms, since from the perspective of MAC layer, the
input SNR values are still random after superimposing the
other random variations from more channel effects. Hence,
the simulation can fit the actual communication scenario. In
order to validate that our proposed stepwise RL methods can
be scaled to more users, we train different D3QNs for N =
6/9/12/15 users and test their performance. We quantize the
value of services and price of BSs to 10 levels [1, . . . , 10].
Users’ values of services are randomly generated within the
range. The prices of BSs are set beforehand, and the price of
MBS is higher than SBSs, since more users can access the
MBS. The parameter settings used in the simulation are listed
in Table II.

The neural network architecture of D3QN contains three
layers, namely, the input layer and two fully connected
layers with 128 neurons. All the values in state vector are
normalized to [0, 1] before inputting the neural network. For
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Fig. 3. Training processes of different learning methods for 12 users. (a) Single-agent stepwise RL. (b) MA. (c) MA-j. (d) MA-f.

TABLE II
PARAMETER SETTINGS

the three different algorithms introduced in Section IV-B,
Section IV-D, and Section IV-C (denoted by SA, MA and MA-
j, respectively), we run different number of episodes during
training process. We also evaluate the multiagent RL algorithm
in [26] (denoted by MA-f), which adopts a fingerprint-based
approach [28] to stabilize training and address the nonsta-
tionary environment problem. The algorithm is implemented
based on MA-j, while adding the current training episode
and ε value into the state, as described by [26]. The trained
networks are then used to for different environments generated
from the test seeds. The parameter settings relevant to the
learning process are listed in Table III. As the baseline without
utilizing learning and UCRA, a greedy algorithm (denoted
by SNR-g) that allocates subchannels to users based on the
SNR values is further given. For the uplink/downlink of a
user i, the MBS or SBS with higher SNR is selected, and
χi,j = min{2, K̄j} subchannels are allocated, where K̄j is the
remaining subchannels of the selected BS j. If K̄j = 0, then
the other BS j′ is selected. If K̄j′ = 0 for either uplink or
downlink, then the user is not allocated any subchannels.

B. Results

We first show the training processes of different learning
methods, namely, SA, MA, MA-j, and MA-f in Fig. 3. We
use the case of 12 users as examples, and plot the score of
each training episode, which is actually the sum of reward

TABLE III
PARAMETER SETTINGS FOR LEARNING

of each step in the episode. From our definition of reward
and the stepwise RL process, each episode corresponds to an
environment, and the score is the objective of our subchannel
allocation problem, namely, the sum, utility of all users in the
environment. In order to observe the trend more clearly, we
also plot the score averaged over a window of the last 100
episodes. From Fig. 3, we can see that the average scores of
all the four methods become steady after a certain number of
training episodes. This indicates that the subchannel allocation
results obtained from these methods for each environment
become stable. In other words, the parameters of neural
networks have converged (no further updates even with more
training episodes), and the neural networks have completed
training. In our simulation, the number of episodes to reach
convergence is near 20000 for MA-j. On the one hand, this
value is usually quite different for different RL methods
in literatures, since the underlying environment settings, the
complexity of problem, and the definition of training episodes
are very distinct. For example, about 200000 training steps are
required to converge in [20]. On the other hand, compared to
SA, the nonstationary environment problem in MA-j makes
the training process more unstable and difficult to converge.
Further, MA is the most stable method, and achieves the
highest average score when the training curve becomes steady.
As mentioned earlier, the main advantage of MA compared to
SA is that it utilizes a separate neural network for each user.
Both MA and SA do not have the nonstationary environment
problem, so they perform better than MA-j and MA-f. Another
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Fig. 4. Scores of ten test environments for 12 users.

reason is the action filter, which can only be used in MA
and SA due to the stepwise process. The advantage of action
filter is clearly observed from the beginning episodes, where
the scores of MA-j and MA-f start from −100, indicating the
reward penalty due to impossible joint actions that lead to
more allocated subchannels than the total number.

To further demonstrate the performance improvement of
proposed algorithms, we show the scores of ten test environ-
ments (generated from seeds [1, . . . , 10]) of SA, MA, MA-j,
MA-f and SNR-g in Fig. 4. First of all, we can find that the
scores of different test environments vary dramatically, due to
the randomness of generated environment. This phenomenon
corresponds to the oscillations observed in the score of each
episode in Fig. 3, since the score of each episode is determined
by the randomly generated environment. It is clear that the
performance of all the learning-based algorithms is better than
the baseline SNR-g for all test environments. Notably, in tests
#4, #5, #6, SA and MA are much better than SNR-g, MA-j
and MA-f, which means that they are capable of finding better
subchannel allocation schemes in these environments. Also,
MA has much higher scores than SA in tests #2, #3, #6, #8, #9,
while SA is much better than MA in tests #1, #4. Thus, MA
can generally outperform SA, but it is obviously not impossi-
ble for all test cases. We can further observe that the results
of MA-j and MA-f are the same for these test environments
(as well as others, such as seeds [91, . . . , 100]), indicating
that they derive the same subchannel allocation decisions. We
conclude that the fingerprint method adopted by MA-f does not
lead to significant changes to MA-j after the neural network is
fully trained (also can be observed from the training process
in Fig. 3), therefore the nonstationary environment problem is
still not well solved by MA-f. Intuitively, the performance of
both MA-f and MA-j will not be comparable to our proposed
methods. In the following comparison results, MA-f will not
be shown in the figures for clarity.

In order to make a thorough comparison among these
methods, we further test 20 environments (generated from
seeds [1, . . . , 10] and [91, . . . , 100]) for different number
of users (N = 6, 9, 12, 15). The results are given from
Figs. 5–8. Specifically, we plot the kernel density estimate

Fig. 5. Comparison of different methods for six users. (a) KDE. (b) CDF.

Fig. 6. Comparison of different methods for nine users. (a) KDE. (b) CDF.

(KDE) and cumulative distribution function (CDF) of scores
from these test environments for different methods. KDE is
an estimation of probability distribution function (PDF) with
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Fig. 7. Comparison of different methods for 12 users. (a) KDE. (b) CDF.

underlying data (i.e., the scores from test environments). By
using KDE and CDF, the distribution of scores can be visually
shown. From these figures, we have the following observa-
tions. First, the SA and MA learning methods perform better
than the baseline method SNR-g and the standard multiagent
RL method MA-j, thereby demonstrating the superiority of
these two methods. Second, when the number of users gets
larger, SA and MA can still work well. Furthermore, the
performance gap between SA/MA and MA-j becomes larger,
and the performance of MA-j is also not stable. The main
reason is that the nonstationary environment problem becomes
more influential in MA-j. For example, in Fig. 6, we can
see that even SNR-g is better than MA-j. Last, when the
number of users is small, e.g., the 6 users case in Fig. 5, the
learning-based methods can still find out better subchannel
allocation solutions, given that subchannels are sufficient and
all users can be allocated subchannels. We should clarify that
the performance improvement of SA/MA against comparative
methods may seem not that huge, and it is because in most
cases there are almost no subchannels left after the allocation.

VI. CONCLUSION

In this article, we have studied UCRA in FD-RAN with an
underlying HetNet, such that the flexibility of resource allo-
cation is exploited for realizing personalized service provision
to users. We have designed a new user utility function by
specifically considering users’ different subjective values on
services. A subchannel allocation problem was formulated,

Fig. 8. Comparison of different methods for 15 users. (a) KDE. (b) CDF.

and a stepwise RL method was designed to solve it. We
have also extended the method to multiagent case. Various
techniques were employed to make the proposed RL methods
more stable and efficient, and suitable for more users/agents
in multiagent case (without having to face the nonstationary
environment problem). The framework of our proposed step-
wise RL approach can be used to general resource allocation
problems with other objective functions and constraints. It
can also be adapted to other kind of network topologies.
Furthermore, our defined user utility is not restricted to specific
user requirements. Our future work will consider the core
network and protocol/interface design for UCRA in FD-RAN.
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