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Abstract—The problem of access point (AP) to device associa-
tion in a cell-free massive multiple-input multiple-output (MIMO)
system is investigated. Utilizing energy efficiency (EE) as our
main metric, we determine the optimal association parameters
subject to minimum rate constraints for all devices. We incorpo-
rate all existing practical concerns in our formulation, including
training errors, pilot contamination, and central processing unit
access to only statistical channel state information (CSI). This
EE maximization problem is highly non-convex and possibly
NP-hard. We propose to solve this challenging problem by
model-free deep reinforcement learning (DRL) methods. Due to
the very large discrete action space of our posed optimization
problem, existing DRL approaches can not be directly applied.
Thus, we approximate the large discrete action space with
either a continuous set or a smaller discrete set, and modify
existing DRL methods accordingly. Our novel approximations
offer a framework with tolerable complexity and satisfactory
performance that can be readily applied to other challenging
optimization problems in wireless communication. Simulation
results corroborate the superior performance of the modified
DRL methods over conventional approaches.

Index Terms—Deep reinforcement learning, Cell-free massive
MIMO, Energy efficiency, Pilot contamination, Imperfect CSI.

I. INTRODUCTION

As one of the recommended technologies for 6G imple-
mentation [1], cell-free (CF) massive multiple-input multiple-
output (MIMO), also known as distributed massive MIMO,
enjoys many benefits due to its decentralized nature. Specifi-
cally, it can maintain large coverage, provide uniformly good
service to all users, and increase diversity due to the favorable
propagation conditions. In the CF massive MIMO, every AP
can be asked to support all users. This All-AP approach
leads to energy inefficiency as distant users suffer from low
channel qualities at far-away APs. Subsequently, the additional
power consumed by these far-away APs can hardly improve
quality of service (QoS) for distant devices. As a result, it is
recommended to find a subset of APs for serving each user to
optimize energy efficiency. Recently, three general directions
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have been pursued to address this problem. Heuristic solu-
tions are provided in [2]–[5], while optimization techniques
are utilized in [6]–[13]. Also machine learning methods are
advocated [14]–[22]. Finally, the performance analysis of AP
selection algorithms have been carried out in [23], [24], which
utilized stochastic geometry tools to evaluate energy efficiency
and delay of an AP selection algorithm.

In [2] and [5], each AP selects N users whose channels
have the largest Frobenious norms and then allocates non-
zero power control coefficients to the selected users. The goal
in [2] is to maximize uplink and downlink energy efficiency
(EE), while [4], [5] maximize uplink and downlink spectral
efficiency (SE). In [3], a method known as the largest large-
scale fading-based selection has been used for the AP selection
problem to maximize downlink EE. The proposed solution
first selects a subset of APs that form a given percentage
of the total channel power for each user and then assigns
those APs to that particular user. Power control coefficients
are selected afterwards. All these methods are heuristic and
do not rely on any optimization formulation. Therefore, if
there exist implementation constraints such as the minimum
required data-rate for users, it is not possible to incorporate
them in this design. In addition, there is a possibility that some
users will not be selected by any AP in [2], [5].

AP selection problem is formulated to minimize total con-
sumed power of APs at downlink in [6], [10], while [11]
optimizes SE. Maximizing the uplink sum-rate is consid-
ered in [12] by utilizing the Hungarian algorithm. However,
[12] assumes perfect channel state information (CSI) for the
optimization which can be difficult to obtain in practice.
Maximization of the worst-case rate of all devices at uplink
subject to fronthaul capacity constraints has been investigated
in [13], assuming no pilot contamination. Optimizing EE
has been investigated by [7]–[9]. In [7], a full-duplex CF
massive MIMO system is considered, where a weighted sum
of EE and SE is maximized over AP-user associations, uplink
power coefficients, sleeping APs, and downlink beamforming
vectors. While [7] assumes perfect CSI in its first optimization
problem, it formulates a second problem to address pilot con-
tamination by minimizing the worst-case mean-square error
(MSE) between different users. Due to separate formulations,
imperfect CSI and pilot contamination are not considered in
the optimization of weighted sum of EE and SE. In [8], [9], it
is proposed to turn a number of APs off in order to maximize
EE. The formulated problem in [8] is NP-hard and they resort
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to heuristic methods. In [9], greedy backward search is utilized
in order to turn off one AP in each iteration to maximize uplink
and downlink energy efficiencies.

Machine learning in general [15]–[17], and deep reinforce-
ment learning (DRL) specifically [18]–[20], [22], have been
applied to the AP selection problem in CF massive MIMO.
The objective in [20] is to maximize sum-rate, while [19]
maximizes minimum rate/signal to interference plus noise ratio
(SINR). Maximizing total downlink SE is looked at by [15],
[18], while minimum downlink SE is optimized in [16]. In
[17], it is assumed that even large-scale fading coefficients
are difficult to collect. Hence, it decides AP assignments
with partial large-scale fading knowledge using an inductive
graph learning framework. Contrary to our EE maximization
objective, [17] focuses on finding best graph embeddings. In
[22], a general function of signal-to-noise ratios (SNRs) is
maximized for downlink in a mmWave setup assuming perfect
CSI. The approach selects the optimum analogue beamformers
via DRL and optimizes the digital beamformers via convex
optimization. However, they do not consider EE. To the best of
our knowledge, maximizing EE by selecting AP-user associa-
tions via machine learning has only been studied in [21] which
assumes perfect instantaneous CSI at the DRL agent. The
approach in [21] overlooks all practical considerations such as
CSI estimation error, pilot contamination and mere statistical
CSI knowledge at the optimizing entity. Given aforementioned
references and their limitations, our main contributions can be
enumerated as follows:
• We investigate a practical scenario which includes all

sources of imperfection such as training error and pilot
contamination. Furthermore, we assume that the central
processing unit (CPU) knows only statistical CSI. To the
best of our knowledge, no other work has considered all
these limitations in EE maximization.

• We propose to solve the formulated optimization problem
via model-free DRL methods. Given the very large dis-
crete action space of the AP selection problem, available
DRL methods cannot be readily applied. Thus, we pro-
pose two general modifications to these methods to ensure
reduced complexity as well as satisfactory performance.
They involve approximating the large discrete action
space with either a continuous set or a lower dimensional
discrete set.

• Our proposed approximations introduce a framework that
can be applied to any optimization problem that demands
high complexity. For our EE optimization problem, it is
revealed that the proposed algorithms outperform existing
approaches.

The rest of this paper is organized as follows: Section II
describes the system model and formulates the corresponding
optimization problem. Section III provides the two major
modifications to available DRL algorithms that will be utilized.
Section IV presents numerical results and Section V concludes
the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a time division duplex (TDD)-based CF mas-
sive MIMO system operating in uplink as in Fig. 1. This

Fig. 1: Cell-free massive MIMO system

system is composed of M APs and K users, which are
randomly placed in the environment. Each AP is equipped
with O antennas, while each user has a single-antenna. All
APs are connected to the central processing unit (CPU) via
error-free and high capacity fronthaul links. In TDD-based
scenarios, every coherence interval τc is divided into three
phases: (i) uplink training, (ii) downlink data transmission, and
(iii) uplink data communication. Given that we are interested
in the uplink mode only, the downlink data transmission phase
is not considered. Therefore, by assuming a duration of τp for
uplink training, the remaining coherence interval, τc − τp, is
reserved for uplink data communication.

A. Transmission Model

During uplink training, all K users simultaneously broad-
cast their pilot sequences to all APs, where each AP estimates
the channel from all users. Let

√
τpζkφ

H
k ∈ C1×τp denote

the transmitted pilot sequence of user k, where 0 < ζk ≤ 1
demonstrates the pilot power control coefficient of the k-th
user, and φHk denotes the normalized pilot sequence corre-
sponding to user k with ||φk||2 = 1. Then, the m-th AP
receives

Yp,m =
√
τpρp

K∑
k=1

gmk
√
ζkφ

H
k + Wp,m, (1)

where index p indicates the pilot stage, ρp equals the SNR of
each pilot symbol which is normalized by the received noise
power N0, Wp,m stands for the O × τp circularly symmetric
complex white Gaussian noise matrix whose elements are
independent and identically distributed (i.i.d.) CN(0, 1), and
gmk denotes the channel vector between the k-th user and
m-th AP given by

gmk =
√
βmkhmk. (2)

Here, βmk is the large-scale fading between the k-th user and
m-th AP which dose not depend on the antenna index at the
AP, and hmk represents an O × 1 vector of the small-scale
fading. We assume that the elements of hmk are i.i.d. random
variables with CN(0, 1). To estimate the channel gain vector
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gmk for all k = 1, ...,K by the m-th AP, projection of Yp,m

onto φk is carried out

ỹmk = Yp,mφk =
√
τpρpgmk

√
ζk

+
√
τpρp

∑
` 6=k

gm`
√
ζ`φ

H
` φk + Wp,mφk.

(3)

The minimum mean-square error (MMSE) estimate of ĝmk
given ỹmk is denoted by [25]

ĝmk = E{gmkỹHmk}(E{ỹmkỹHmk})−1ỹmk = cmkỹmk, (4)

where cmk is defined as [26]

cmk :=

√
τpρpβmk

√
ζk

τpρp
∑K
`=1 βm`ζ`|φH` φk|2 + 1

. (5)

The estimated channel ĝmk includes O components. The
mean-square of the o-th component is denoted by γmk

γmk := E{|[ĝmk]o|2} =
√
τpρpβmk

√
ζkcmk. (6)

It should be mentioned that because τp < K, pilot sequences
for different users are not necessarily orthogonal. Thus, pilot
contamination may arise which is modeled in both cmk and
γmk.

Once uplink training is complete, uplink data transmission
ensues where all K users simultaneously transmit their data.
The received signal at the m-th AP is given by

yu,m =
√
ρu

K∑
k=1

√
ηukgmkqk + wu,m, (7)

where ρu is the maximum uplink SNR of user k normalized by
noise power N0, 0 < ηk ≤ 1 denotes the data power control
coefficient of the k-th user, qk represents the symbol of the k-
th user with E[|qk|2] = 1, and wu,m indicates the noise vector
with CN(0, 1) components.

Given that some APs are far-away from a specific user, it
is not efficient to utilize all APs for combining the signals of
that specific user. Therefore, we allow each AP to serve only a
subset of users. As a result, we define the assignment variables
αmk ∈ {0, 1} for k = 1, ...,K, and m = 1, ...,M , which
equals 1 when the k-th user is served by the m-th AP, other-
wise, αmk = 0. Also, we assume maximum ratio combining
(MRC) for all users. Subsequently,

∑O
o=1 αmk[ĝmk]∗o[yu,m]o

is transmitted to the CPU via the fronthaul links, and the CPU
detects qk from the received signal ru,k given as

ru,k =

M∑
m=1

O∑
o=1

αmk[ĝmk]∗o[yu,m]o. (8)

Assuming that the CPU only knows the channel statistics, the
received signal ru,k can be rewritten as [27]

ru,k = dk qk + bk qk +
∑
` 6=k

uk` q` + z, (9)

where dk, bk, uk`, and z are respectively the strength of
the desired signal, the beamforming gain uncertainty, the
interference caused by the `-th user, and the received effective
noise, and are given by

dk =
√
ρuE

{
M∑
m=1

O∑
o=1

αmk
√
ηuk [gmk]o[ĝ

∗
mk]o

}
, (10)

bk =
√
ρu

(
M∑
m=1

O∑
o=1

αmk
√
ηuk [gmk]o[ĝ

∗
mk]o

− E

{
M∑
m=1

O∑
o=1

αmk
√
ηuk [gmk]o[ĝ

∗
mk]o

})
,

(11)

uk` =
√
ρu

M∑
m=1

O∑
o=1

αmk
√
ηu` [gm`]o[ĝ

∗
mk]o, (12)

z =

M∑
m=1

O∑
o=1

αmk[wu,m]o [̂g
∗
mk]o. (13)

Using the worst-case Gaussian noise argument [28], the
spectral efficiency of the k-th user is computed by

Rk =
τc − τp
τc

×

log2

(
1 +

|dk|2

E{|bk|2}+
∑K
` 6=k E{|uk`|2}+ E{|z|2}

)
.

(14)
Upon evaluating the expected values in (10), (11), (12), (13), a
closed form expression for the uplink spectral efficiency of the
k-th user is obtained as (15) on top of next page [26] where

χ :=

M∑
m=1

αmkγmk
√
ηu`

√
ζ`
ζk

βm`
βmk

. (16)

The sum of the spectral efficiency of users is given by

SEu =

K∑
k=1

Rk. (17)

B. Power Consumption Model and Energy Efficiency

The total uplink power consumption is modeled as [10]

Ptotal = ρuN0

K∑
k=1

1

νk
ηuk +

M∑
m=1

Pm +

M∑
m=1

Pfh,m. (18)

The first term in (18) represents the power consumption of
users for transmitting data, where 0 < νk ≤ 1 indicates
the power amplifier efficiency at the k-th user, and N0 is
the received noise power in the receiver. The second term
equals the power consumption for RF chains, antennas, and
processing circuit of all APs, and the third term is related to
the power consumption of the fronthaul network. It is assumed
that processing circuit power is significantly smaller than the
RF chains. Then, the antenna power consumption becomes

Pm = sgn
( K∑
k=1

αmk

)
OPtc,m, (19)

where sgn(.) represents the sign function, Ptc,m is the internal
power for each antenna of the m-th AP, required to run
the circuit components (e.g. converters, mixers, and filters).
According to (19), if the m-th AP does not serve any user, the
RF chains and antenna power consumption Pm will be zero.
The fronthaul network power consumption Pfh,m is given as

Pfh,m = Pfix,m +B

K∑
k=1

αmkRkPft,m. (20)
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Rk =
τc − τp
τc

log2

(
1 +

O2ρu
(∑M

m=1 αmk
√
ηukγmk

)2
O2ρu

∑
` 6=k(χ)2|φH` φk|2 +Oρu

∑K
`=1

∑M
m=1 αmkη

u
` γmkβm` +O

∑M
m=1 αmkγmk

)
, (15)

The first term in (20) represents the fixed power consumption
of each fronthaul link, which depends on the system topology
and the distances between the APs and the CPU. In contrast,
the second term in (20) Pft,m depends on data traffic (in Watt
per bit/s), because the fronthaul network is used to transfer the
data between the APs and the CPU, so its power consumption
is proportional to the sum of spectral efficiency. The total
uplink energy efficiency (bit/Joule) is defined as the sum of
the uplink spectral efficiency of users (bit/s) divided by the
total uplink power consumption (Watt) in the network, as

EE =
B × SEu
Ptotal

, (21)

where B is the system bandwidth.

C. Problem Formulation

In this paper, we address the problem of selecting APs to
serve each user in order to maximize the energy efficiency
under the constraints on per-user spectral efficiency as

max
α={αk,m}

EE (22a)

s.t. αmk ∈ {0, 1}, ∀k,m (22b)
Rk ≥ Rth, ∀k (22c)

where Rth is the minimum spectral efficiency required for
the k-th user. We assume the same minimum Rth for all
users because CF systems have the advantage of providing
satisfactory uniform service to all network users. Problem
(22) is solved by the CPU in a centralized fashion. It is
noteworthy that our objective contains all practical sources of
imperfection that can arise in a CF setup. We have modeled
pilot contamination as well as imperfect and noisy CSI at APs.
Also, we assume only statistical CSI knowledge at the CPU
thus obviating the need to communicate small-scale fading
coefficients from APs to CPU. The problem in (22) is an
integer program and the feasible region consists of 2MK

discrete points without constraint (22c). If we consider (22c),
some of the discrete points might become infeasible. Due to
its discrete structure, the feasible region is non-convex and the
formulated problem is non-differentiable. Furthermore, both
EE and rates are highly non-concave functions of αmk’s.
To solve this problem efficiently, we propose DRL methods
that can achieve sub-optimal solutions yielding satisfactory
objective values in the following section.

III. PROPOSED DRL-BASED AP SELECTION

Given the plethora of existing DRL methods, we limit our
attention to model-free algorithms that are well-suited to solve
optimization problems. Being model-free, these algorithms
do not rely heavily on the posed problem structure, thus
they can be applied to any optimization problem with minor
modifications. In Sub-Section III.A, RL concepts are briefly

introduced and their corresponding parameters are specified
for our problem. Then, we motivate why DRL is needed
instead of RL to solve (22). In Sub-Sections III.B and III.C,
we present two general directions to modify existing DRL
algorithms to tailor them for efficiently solving (22).

A. Reinforcement Learning (RL)

To describe RL, the following definitions for five important
elements are needed [29].

• State space S is the set of states s observed by an
agent in the environment. In our problem, the large scale
fading coefficients of channels βmk are considered as the
state space. Thus, the state space maintains KM positive
continuous variables.

• Action space A is the set of actions a taken by an agent
in each state. In our AP selection (APS) problem, joint
selection of all αmk form the action space composed of
2KM discrete points.

• Immediate reward function r(s, a) for taking action a ∈
A in state s ∈ S is considered as

r(s, a) = EE− λ
K∑
k=1

u0(Rth −Rk), (23)

where u0(x) is a step function which is zero for x ≤ 0
and one, otherwise. It should be pointed out that if we
penalize the SE constraints in (22c) and bring them into
the objective, we can form the Lagrangian. Unfortunately
the problem (22) is non-convex and hence strong duality
does not hold. It is notable that step functions are added
in (23) to create a uniform penalty for all users whose
minimum rates are not met. As λ grows large, solving
(23) will be equivalent to solving (22).

• Policy π which could be stochastic i.e., a distribution
over actions π(a|s) given we are in state s, or deter-
ministic π(s) ∈ A. The stochastic policy determines the
probability of taking each action a ∈ A according to the
observed state s ∈ S, and the deterministic policy maps
the observed state s ∈ S to the actions a ∈ A that will
be taken by an agent in those states.

• State-action-value function qπ(s, a) which is the long-
term reward that is defined as the expected cumulative
discounted reward in the future for the action a ∈ A that
is taken by an agent in the state s ∈ S under policy π.

RL aims to select the optimal policy π∗(s) for every state
s that maximizes qπ(s, a). Upon defining a discount factor
η ∈ [0, 1], qπ(s, a) is expressed as

qπ(s, a) = E

{ ∞∑
t=0

ηtr(st, at)|s0 = s, a0 = a

}
, (24)
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where expected value is taken over Markov transition proba-
bilities pstst+1(at). The optimal policy per state is found by

π∗(s) = arg max
a∈A

qπ(s, a). (25)

When both S and A are discrete and finite, Q-learning
algorithm [29] can be applied to solve (25) [30]. However,
in our problem S is continuous as large-scale fading values
can assume any positive value. Furthermore, A is finite but
extremely large. Subsequently, Q-learning can not be directly
applied. Thus, we rely on deep neural networks (DNNs) to
implement reinforcement learning.

Most DRL algorithms are designed to handle continuous
states as in deep Q-learning (DQL) [30]. However, a large
discrete action space poses a major challenge for them.
Subsequently, we propose two general directions to modify
existing DRL methods and tailor them to handle large discrete
action spaces. First approach is to approximate the large
discrete structure with a continuous set. After obtaining the
best continuous action, we round it to the nearest available
discrete action. Two well-known algorithms designed with
continuous action profiles in mind are continuous soft actor
critic (C-SAC) [31] and deep deterministic policy gradients
(DDPG) [32]. While C-SAC finds optimum stochastic policies,
DDPG finds optimum deterministic policies. We will present
both DDPG and C-SAC modifications in Sub-section III.B.

Second direction for DRL modification is to utilize a method
designed for discrete action space, but introduce certain ap-
proximations in their DNN structure to ensure a satisfactorily
small action space at the output layer of DNN. Two well-
know algorithms designed for discrete action profiles are
discrete soft actor critic (D-SAC) [33] and deep Q-learning
(DQL) [30]. While D-SAC finds optimum stochastic policies,
DQL finds optimum deterministic policies. We will present
D-SAC modifications in Sub-section III.C. However, we will
skip DQL as its performance was not satisfactory in the
simulations. It needs to be noted that complete derivations
of these methods are out of the scope of this work. Thus, we
only provide algorithmic details of each and direct the reader
to corresponding references for the complete derivation.

B. Continuous Approximation of Discrete Action Space

When dealing with continuous states and actions, the most
prevalent approach is to utilize separate actor and critic
networks, where actor network (AN) decides the next action
and critic network (CN) predicts the Q-value for that specific
action. To elaborate, current state is fed to the actor as input,
where an action is produced as output. Then, the proposed
action alongside the current state are fed to the critic, which
yields the predicted Q-value for the given state/action pair.
Afterwards, the action is taken and the immediate reward ob-
tained is stored in replay memory. These information are later
utilized to update AN/CN weights. This type of algorithms
are generally referred to as actor-critic (AC). Both DDPG and
C-SAC utilize this structure but with certain differences.

In order to solve problem (22) with DDPG, we approximate
every αmk with a continuous value. The states and rewards
are similar to those discussed in the previous subsection. To

Algorithm 1: Modified DDPG Algorithm

1 Randomly initialize CN Qθ(s, a) and AN πφ(s) with
weights θ and φ.

2 Initialize target networks Qθ̄(s, a) and πφ̄(s) with
θ̄ ← θ, φ̄← φ.

3 Initialize replay buffer D which is empty.
4 Fix a given value for the covariance matrix Υ, initial

state s1, and target update rate κ ∈ (0, 1].
5 for t ≥ 1 do
6 Generate a random vector Vt ∼ N(0,Υ).
7 Select continuous action vector at = πφ(st) + Vt.
8 Set each element of action vector α to one

(αmk = 1) if [at]mk is greater than zero,
otherwise set αmk = 0.

9 Execute action α and observe reward r(st, at) and
new state st+1.

10 Store transition (st, at, r(st, at), st+1) in D.
11 Sample a random batch of maximum Ñ transitions

from {(sit, ait, r(sit, ait), sit+1)}i∈D which we
represent by Dt.

12 Set Qtar(sit, a
i
t) = r(sit, a

i
t) + ηQθ̄(s

i
t+1, πφ̄(sit+1))

for all i ∈ Dt.
13 Update CN weights θ by implementing one

steepest descent step to minimize the loss
function:
J(θ) = 1

|Dt|
∑
i∈Dt(Qtar(s

i
t, a

i
t)−Qθ(sit, ait))2.

14 Update AN weights φ by one step of steepest
ascent on the following objective function:
Jπ(φ) = 1

|Dt|
∑
i∈Dt Qθ

(
sit, πφ(sit)

)
.

15 Update the target networks weights as

θ̄ ← κθ + (1− κ)θ̄, (26)
φ̄ ← κφ+ (1− κ)φ̄. (27)

16 t← t+ 1
17 end

ensure better stability of the algorithm, it is common practice
to define two DNNs for actor and critic. The one utilized
for decision making is usually referred to as target network,
while the other network weights are updated by the algorithm.
Every once in a while target network weights are substituted
by the other trained network weights. Proceeding with DDPG
formulation, target actor network (TAN) receives KM large-
scale fading coefficients of channel as input and outputs
KM continuous actions corresponding to αmks. Since, we
apply a hyperbolic tangent function in going from the last
hidden layer of AN to the output layer, all actions ranges
are in the interval [−1, 1]. Target critic network (TCN) gets
a pair (s, a) with 2KM dimensions as input and determines
Qθ̄(s, a), where θ̄ represents the TCN weights. After taking
the action and observing the reward, AN and CN weights are
updated. Lastly, to determine the values of each αmk, if the
continuous action proposed by TAN is greater than zero, we
set αmk = 1, otherwise we set αmk = 0. Our modified DDPG
is summarized in Algorithm 1.
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As a common approach to ensure proper exploration in
AC methods, an entropy term is added to the objective
function leading to soft AC (SAC). Given that the additive
term corresponds to the entropy of policy, it will enforce
some randomness, and thus exploration, in the policy. The
optimal stochastic policy π∗ is obtained from maximizing the
following objective function [31]

π∗ = arg max
π

∑
t

E(st,at)∼p

[
ηt
(
r(st, at)+ψH

(
π(at|st)

))]
,

(28)
where p is the (unknown) Markov transition probabilities,
H
(
π(at|st)

)
is equal to − log

(
π(at|st)

)
, and ψ is the weight

that determines the importance of the entropy value relative to
the reward, and thus controls the randomness of the optimal
policy. The advantage of using this objective function is the
wider exploration of the environment, which in turn increases
the learning speed of the algorithm. One limitation of this
objective function corresponds to the optimal method to tune
the weight as it is difficult to tune it manually. A systematic
approach to tune ψ can be found in [31] and we utilize it here
as well.

To solve problem (22) with C-SAC, the states and rewards
are fixed as in previous sections, and each αmk is treated
as a continuous action. AN requires MK input neurons and
2MK output neurons to get the large scale fading coefficients
βmk as inputs and provide the mean and variance of each
αmk as output. Moreover, CN and TCN require 2MK input
neurons and one output neuron to receive the large scale fading
coefficients βmk and the selected actions provided by ANs
as inputs and output the state-action-value of the observed
state and the selected action. To select actions, a Gaussian
distribution is constructed for each αmk with the mean and
variance obtained from AN. In the exploration phase, each
distribution is sampled and in the exploitation phase, the mean
of each αmk obtained from AN is used as the selected sample.
Then tanh is applied to the selected samples to bring them
in the limited range of [-1,1]. Subsequently, if the obtained
sample is greater than zero, αmk = 1, otherwise αmk = 0.
It should be noted that C-SAC does not have a TAN, but
utilizes two CNs and two TCNs to mitigate positive bias [31].
Modified C-SAC is summarized in Algorithm 2.

C. Low-Dimension Discrete Approximation of Large Discrete
Action Space

D-SAC is similar to C-SAC but it is designed for discrete
action spaces. The only difference between C-SAC and D-SAC
is that the output of AN for D-SAC maintains as many neurons
as there are actions and the value of each neuron directly
determines the value of πφ(at|st) for that particular action
instead of specifying the mean and variance of the policy. In
D-SAC, CN only receives the state as input, and provide as
output the state-action-values for all possible actions given the
observed state [33]. To implement D-SAC, the state and reward
are similar to those discussed in the previous subsections.
Since the AP selection coefficients αmk form the action
space, and they assume binary values, the action space is
of size 2MK which is too high to implement in a DNN.

Algorithm 2: Modified C-SAC Algorithm

1 Randomly initialize AN weights φ and CNs weights
θ1 and θ2.

2 Initialize TCNs with θ̄1 ← θ1, θ̄2 ← θ2.
3 Initialize replay buffer D which is empty, and the

initial state s1.
4 for t ≥ 1 do
5 Sample vector εt from standard jointly Gaussian

distribution.
6 Set [at]mk = [µφ(st)]mk + [εt]mk[σφ(st)]mk for all

m, k, where µφ, σφ’s are AN outputs from input
st.

7 Apply tanh to each element of at to project them
to the limited range [−1, 1].

8 Consider action αmk = 1 if [at]mk is greater than
zero, otherwise set αmk = 0.

9 Execute action α in the environment. Observe next
state st+1 and reward r(st, at)

10 Store (st, at, r(st, at), st+1) in replay buffer D.
11 Sample a random batch of maximum Ñ transitions

from {(sit, ait, r(sit, ait), sit+1)}i∈D which we
represent by Dt.

12 For all i ∈ Dt, generate ait+1 according to steps
5-7 but with st replaced with sit+1.

13 Evaluate
Qimin := min

{
Qθ̄1(sit+1, a

i
t+1), Qθ̄2(sit+1, a

i
t+1)

}
.

14 Update CNs by a single steepest descent step on
the objective as

JQ(θ1) =
1

|Dt|
∑
i∈Dt

[(
Qθ1(sit, a

i
t)−

[
r(sit, a

i
t)

+η
(
Qimin − ψ log(πφ(ait+1|sit+1))

)])2]
,

where same computation should be carried out for
θ2 as well.

15 For all i ∈ Dt, generate a vector ε̃it whose entries
come from a standard Gaussian distribution.

16 Update AN by a single steepest ascent step on the
objective as

Jπ(φ) =
1

|Dt|
∑
i∈Dt

[
Qθ
(
sit, µφ(sit) + ε̃itσφ(sit)

)
− ψ log

(
πφ
(
µφ(sit) + ε̃itσφ(sit)

))]
,

where the value of Qθs appearing in the gradient
is substituted by the minimum of two CNs.

17 Update TCNs by the weights of CNs after
TC−SAC steps.

18 t← t+ 1
19 end

Thus, we propose the following modification to actor and
critic networks compared to the original D-SAC algorithm. We
assume that each AP-user association is selected independently
from others. Thus, we have KM actions that can be either
zero or one. Subsequently, every output neuron represents the
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Q-function for Q(s, amkj), for m = 1, . . . ,M , k = 1, ...,K,
j = 0, 1, and j represents if the corresponding association was
made or not (one or zero). Thus our DNN for Q will have
2KM output neurons and KM input neurons for the large-
scale fading coefficients. For each m, k, in the exploration
phase Q(s, amkj) is selected randomly from {0, 1} and in the
exploitation phase the highest Q value Q(s, amkj) between
j = 0, 1 is selected for every amk. Thus, Q-values for every
amk is evaluated separately. In order to minimize the loss
function for training CNs, the same reward is assigned to all
the assignments independently. Thus, average value of the Q
values and the target Q’s over KM selections are obtained
and used for estimating loss function, which is given by

JQ(θ) = Est∼D
[

1

KM

M∑
m=1

K∑
k=1

(
1

2

(
Qθ(st, atmkj)

−
(
r(st, atmkj) + η

1∑
j=0

π(a(t+1)mkj |st+1)

×
(
Qθ̄(st+1, a(t+1)mkj)− ψ log(πφ(a(t+1)mkj |st+1))

)))2
)]
,

where D denotes the replay memory of all previ-
ous state-action-reward-next state experiments. Furthermore,
r(st, atmkj) is the same for all selected actions atmkj at time
step t and obtained from (23). The loss function that must
be minimized for updating the weight vector φ for the AN is
defined as

Jπ(φ) = Est∼D
[ 1

KM

M∑
m=1

K∑
k=1

1∑
j=0

π(atmkj |st)

×
[
ψ log(π(atmkj |st))−Qθ(atmkj , st)

]]
.

Focusing on AN, for each amk, there exist two output neurons
in AN which indicate the probability that amk is zero or one
via a soft-max function. As a result, AN requires MK input
neurons and 2MK output neurons to receive the large scale
fading coefficients βmk as inputs and provide π(atmkj |st) for
m = 1, ...,M , k = 1, . . . ,K, and j = 0, 1 as output. For each
m, k, in the exploration phase, the action atmkj is selected
by sampling from the exact action distribution π(atmkj |st)
provided by the AN. In the exploitation phase, the action with
the highest probability is selected. A summary of D-SAC is
provided in Algorithm 3.

IV. NUMERICAL RESULTS

Network topology consists of M APs and K users that
are randomly distributed within a disk of 0.5 km radius,
where it is assumed that M ∈ [10, 60], and K = 10
in most simulations unless otherwise specified in the text.
We refer to every random topology generated as above by
a positioning instance. Random pilot assignment is utilized
where every user is randomly assigned a pilot sequence from
a pool of τp orthogonal pilots of length τp. Furthermore, λ in
(22) is selected heuristically as λ = 106. Large-scale fading
coefficients are modeled as in [27]

βmk = 10
PL(dmk)+σshzmk

10 , (29)

Algorithm 3: Modified D-SAC Algorithm

1 Randomly initialize AN weights φ and CNs weights
θ1 and θ2.

2 Initialize TCNs with θ̄1 ← θ1, θ̄2 ← θ2.
3 Initialize replay buffer D which is empty, and the

initial state s1.
4 for t ≥ 1 do
5 Select action [at]mkj ∼ πφ([at]mkj |st) for all m, k

and j = 0, 1.
6 Execute action at in the environment.
7 Observe next state st+1 and reward r(st, at). Store

(st, at, r(st, at), st+1) in D.
8 Sample a random batch of maximum Ñ transitions

from {(sit, ait, r(sit, ait), sit+1)}i∈D which we
represent by Dt.

9 For all i ∈ Dt, generate ait+1 according to steps 5
but with st replaced with sit+1.

10 Evaluate
Qimin := min

{
Qθ̄1(sit+1, a

i
t+1), Qθ̄2(sit+1, a

i
t+1)

}
.

11 Update CNs by a single steepest descent step on
the objective:

JQ(θ1) =
1

|Dt|
∑
i∈Dt

1

KM

K∑
k=1

M∑
m=1

[(
Qθ1(sit, [a

i
t]mkj)

−
[
r(sit, a

i
t) + η

1∑
j=0

π([ait+1]mkj |sit+1)
(
Qimin

− ψ log
(
πφ([ait+1]mkj |st+1)

) )])2
]
,

12

where same computation should be carried out for
θ2 as well.

13 Update AN by a single steepest ascent step on the
objective:

Jπ(φ) =
1

|Dt|
∑
i∈Dt

1

KM

K∑
k=1

M∑
m=1

1∑
j=0

[
π
(
[ait]mkj |sit

)
×
[
Qθ
(
[ait]mkj , s

i
t

)
− ψ log

(
π([ait]mkj |sit)

) ]]
,

where the value of Qθs appearing in the gradient
is substituted by the minimum of two CNs.

14 Update TCNs by the weights of CNs after
TD−SAC steps.

15 t← t+ 1
16 end

where zmk ∼ N(0, 1) is the shadow fading random variable
with standard deviation σsh = 8 dB. Furthermore, PL(dmk)
is the three-slope path-loss model in dB which is given by
[27], [34]

PL(dmk) = −140.7− 35 log10(dmk) + 20c0 log10

(
dmk
d0

)
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TABLE I: Simulation parameters.

System bandwith, B 20 MHz
Coherence interval, τc 200 symbols
Length of upling training, τp 5 symbols
Normalized SNR of each pilot symbol, ρp 0.2/N0
Pilot power control coefficient, ζk, ∀k 1
Normalized uplink SNR, ρu 1/N0
Data power control coefficient, ηk,∀k 1
Refrence distances, (d0, d1) (10,50)m
Noise power at receivers, N0 -104 dBm
Rate threshold, Rth 0.5 bits/s/Hz
Power amplifier efficiency, νk,∀k 0.4
Internal power consumption, Ptc,m,∀m 0.2 W
Fixed power consumption, Pfix,m,∀m 0.825 W
Traffic-dependent power, Pft,m 0.25 W/(Gbits/s)

+ 15c1 log10

(
dmk
d1

)
,

where d0 and d1 denote two reference distance in km, and
dmk represents the distance between m’th AP and k’th user
in km. Other system parameters are selected as in Table I,
which are similar to [7], [3].

Table II shows the selected hyperparameter values for
each of the three reinforcement learning algorithms. Given
DQL poor performance, it has been omitted from all figures.
Also, we set the value of discount factor, η to 0.99, and
batch size Ñ to 512 for all proposed algorithms. Given the
exorbitant processing demand i.e., power and time of optimal
hyperparameter selection schemes [35], our hyperparameters
were selected heuristically. In addition, the rectified linear
unit (ReLu) activation function is used in each layer of all
DNNs, and the Adam optimizer is applied to update the DNNs
weights in all algorithms. As shown in Table II, 5 hidden
layers, with 512 neurons in each layer, are considered for
DDPG and D-SAC. Different number of layers is selected for
various algorithms, because DDPG and D-SAC with 5 layers
outperformed a 7 layer setup, while C-SAC with 7 layers
outperformed a 5 layer setup.

Apart from the three DRL algorithms, namely DDPG, C-
SAC, and D-SAC, the following three classic methods are
implemented for comparison:

i. All-AP: In this method, all the M APs serve all the K
users without considering APS at all.

ii. Delta-APS: The k-th user is served by Mk ≤ M APs
maintaining the Mk largest large-scale fading coeffi-
cients [3]. Mk is selected as the smallest natural number
that satisfies ∑Mk

m=1 βmk∑M
m=1 βmk

≥ δ, (30)

where {β1k, ..., βMk} denote the sorted set of
{β1k, ..., βMk} in descending order, and δ is a known
constant denoting the presumed percentage of the total
channel power which is exploited for each user. In order
to select the best value of δ, we consider a set of δis
from zero to one with 0.1 increments. For each δi, Delta-
APS is applied and the energy efficiency is calculated.
Finally, the δi which can meet the Rth for a larger
number of users and has the highest energy efficiency is
selected. In the so-called “Ideal” Delta-APS, the best
value for δ is separately evaluated for each different

10 20 30 40 50 60
Number of APs M

2.00

2.25

2.50

2.75

3.00

3.25

3.50

Av
er
ag

e 
en

er
gy

 e
ffi
cie

nc
y 

(M
bi

ts
/Jo

ul
e)

All-AP
Ideal Delta-APS
Average Delta-APS
Ideal N-APS
Average N-APS
DDPG
C-SAC
D-SAC

Fig. 2: Average energy efficiency w.r.t. the number of APs
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Fig. 3: Average spectral efficiency w.r.t. the number of APs

positioning instance. However, in the “Average” Delta-
APS, a fixed average value of best δs is utilized for all
positioning instances. While Ideal Delta APS performs
better, Average Delta-APS maintains a lower complexity.

iii. N-APS: Each user selects N ≤M APs whose channels
have the largest gains. To select the best value of N , we
consider a set of Nis from 1 to M . For each Ni, N-APS
is performed and the corresponding energy efficiency is
calculated. Finally, the Ni is selected which can meet
the Rth for a larger number of users and has the highest
energy efficiency. In the “Ideal” N-APS, the best value of
N is selected differently for each positioning instance.
However, in the “Average” N-APS, the value of N is
considered fixed for all positioning instances and this
fixed value is selected as the average of the best values
of N for each positioning instance. While Ideal N-
APS performs better, Average N-APS maintains a lower
complexity.

A. Low-Velocity Users

In this scenario, the location of users are considered constant
over time. Average performance over 100 positioning instances
is plotted. Because for each positioning instance, user locations
are fixed, states st and next state st+1 are equal in all DRL
algorithms. Fig. 2 and Fig. 3 illustrate the average EE and
SE versus the number of APs, respectively. Evidently, as the
number of APs increases, average SE increases since users can
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TABLE II: Hyper parameters of DRL algorithms.

DDPG

Number of AN, CN, TAN and TCN fully connected hidden layers 5
Number of neurons per layers (512,512,512,512,512)
AN learning rate λAN−DDPG 0.0001
CN learning rate λCN−DDPG 0.0001
V noise variance Υ 0.0001
Soft update parameter κ 0.9

C-SAC

Number of AN, CN, and TCN fully connected hidden layers 7
Number of neurons per layer (256,256,512,512,512,256,256)
Entropy target −|A|
Learning rate λC−SAC 0.0001
Target update TC−SAC 100

D-SAC

Number of AN, CN, and TCN fully connected hidden layers 5
Number of neurons per layer (512,512,512,512,512)
Entropy target −0.98 log( 1

|A| )
Learning rate λD−SAC 0.0001
Target update TD−SAC 100
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Fig. 4: Average number of users whose rate is above the
threshold

be served by more APs. At the same time, EE first increases,
and then decreases because of the power consumption growth.
As depicted in Fig. 2, the Delta-APS and N-APS in both ideal
and average versions improve EE compared to All-AP due to
their selective AP strategy. However, our proposed algorithms
DDPG, C-SAC, and D-SAC outperform these classic methods.
In addition, as revealed in Fig. 3, Delta-APS and N-APS do
not improve SE of the system since they do not consider the
interference between various users in their selection strategy.
On the other hand, DDPG, C-SAC, and D-SAC improve
both EE and SE simultaneously in spite of the fact that they
are designed with only EE in mind. Among the proposed
DRL algorithms, D-SAC and DDPG have almost the same
performance, and outperform C-SAC. In Fig. 2 and Fig. 3, the
gap between C-SAC and D-SAC is approximately 0.3 × 106

and 0.1, respectively.
Finally, the number of users whose minimum rate constraint

Rth are satisfied for the value of λ = 106 is plotted in Fig.
4 versus the number of APs. Given that none of the existing
approaches in Fig. 4 can guarantee minimum rate for all users,
we also fixed the value of λ heuristically. We should note
that as λ → ∞, our algorithms can guarantee QoS for all
users. However, to avoid numerical instability we fixed λ to
106 and plotted the average number of devices whose QoS are
satisfied. As shown in Fig. 4, by increasing the number of APs,
the number of users meeting Rth also increases. The Average
Delta APS and Average N -APS are capable of serving more

users than All-AP for M ∈ [10, 40], and the Ideal versions
perform even better. Again, the proposed DRL algorithms
DDPG, C-SAC, and D-SAC outperform the classic methods.
Among the DRL algorithms, DDPG and C-SAC serve almost
the same number of users, while D-SAC outperforms all other
methods.

In all simulated DRL algorithms, in order to improve
exploration, the improvement approach in [33] is utilized.
Reference [33] suggests that before starting the learning
process for each of the DRL algorithms, T random actions
are generated and their corresponding EE is evaluated and
stored in replay memory as experiences. For this purpose, T
positioning instances as states and corresponding T random
actions are generated. Then, based on the given states and
actions, rewards i.e., EEs are calculated. Parameter T is set to
20000 in all simulations. It is noteworthy that this random data
generation and collection can be performed offline. Hence, it
does not adversely affect algorithm delay in its online stage.

To address practical concerns regarding how DRL conver-
gence delays can adversely affect performance, three remarks
will be made.

Remark 1: Since the input to all DRL algorithms are large-
scale fading coefficients, the DRL convergence delay can be
on the order of a fraction of large-scale coherence time. For
low-velocity users, this large-scale coherence time can be very
large. As a result, by assuming a high-speed CPU or the
possibility of performing the DRL algorithms in the cloud,
convergence time can be dragged below a satisfactory limit. It
is notable that each DRL iteration amounts to EE evaluation
and does not need any interaction between APs and users. As
a result, DRL algorithms can converge in reasonable time.

Remark 2: As a second alternative, before the convergence
of the DRL algorithm, one can apply the sub-optimal Ideal N-
APS, which has the best performance among classic methods
in the beginning of each large-scale coherence time. As soon
as the DRL algorithm converges, its APS strategy can replace
that of Ideal N-APS.

Remark 3: Upon assuming that the channel model is not
block-fading but is slowly varying over time, the tracking
ability of DRL algorithms can be utilized to our advantage.
This means that after convergence, DRL algorithm can track
the changes in optimal APS strategy in real-time as large-scale
fading coefficients change slowly.
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Fig. 5: Average collected reward w.r.t. time

B. Multiple Antenna APs and 3GPP Urban Microcell Model

Here, we consider O = 2 antennas per AP, a 3GPP Urban
Microcell model [36], and a denser network compared to Sub-
section IV.A. Our aim is to demonstrate the competitiveness of
our proposed DRL algorithms over various scenarios. Network
topology consists of M ∈ [20, 80] APs and K = 20 users that
are randomly distributed within a disk of 0.5 km radius. Every
user is randomly assigned an orthogonal pilot sequence from
a pool of τp = 10 pilots of length τp = 10. Large-scale fading
coefficients are modeled as in [36]

βmk = −30.5− 36.7 log10

(
dmk
1m

)
+ Fmk, (31)

where βmks are in dB, dmk is the distance between k’th user
and m’th AP in meters, and Fmk ∼ N(0, 42) represents the
shadow fading. Shadowing between an AP m to user k and
AP i to user j are correlated as

E{FmkFij} =

{
42 × 2−δkj/9

m

m = i,

0 m 6= i,
(32)

where δkj is the distance between k’th user and j’th user.
The first row in (32) denotes the correlation of shadowing
between a single AP and two different users. Second row
in (32) accounts for the correlation of shadowing between
two different APs and arbitrary users, which is negligible
since we assumed a separation of at least 50 meters between
adjacent APs leading to 2−50/9 = 0.02 ≈ 0. Given that we
are still investigating low-velocity users, the location of users
are considered constant over time. Average performance over
100 positioning instances is plotted.

To the best of our knowledge, a rigorous proof for the
convergence of model-free actor-critic methods or any RL
approach that utilizes neural network approximations is an
open problem, see e.g., [30, p. 241]. Therefore, we have
illustrated the convergence of our proposed DRLs numerically
for the given parameters, and plotted the collected reward
versus time in Fig. 5. It can be observed that all three modified
algorithms converge in terms of average collected reward. We
have set M = 30 and K = 20 in Fig. 5. According to Fig.
5, D-SAC, DDPG, and C-SAC converge after approximately
250, 1000, and 1250 time steps, respectively.
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Fig. 6: Average Energy efficiency w.r.t. number of APs
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Fig. 7: Average spectral efficiency w.r.t. number of APs
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Fig. 8: Average number of users whose rate is above the
threshold

Average performance in terms of EE and SE are plotted in
Figs. 6 and 7 respectively. According to these figures, D-SAC
and DDPG clearly outperform existing approaches, while C-
SAC maintains a small but visible gain over the alternatives.
The number of users whose minimum rate constraint are
satisfied for the value of λ = 106 is plotted in Fig. 8. Again,
it can be observed that D-SAC/DDPG, and C-SAC outper-
form existing approaches by significant and visible margins
respectively.
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Fig. 9: Energy efficiency w.r.t. time
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Fig. 10: Spectral efficiency w.r.t. time

C. High-Velocity Users

To model user movements, two different scenarios are
considered. In the first scenario, an initial location and a
velocity in range of [0,100] km/h are selected for each user. It
is assumed that each user moves from its initial location with
the predetermined velocity in a direction, which is randomly
selected from the range of [0,2π]. The selected velocity of
users remains constant along the trajectory. In each coherence
time τc, the direction of users is changed randomly. It is also
considered that if the user reaches the edge of the environment,
the direction of its movement will change π degrees. In this
scenario the state st and the next state st+1 are not equal,
since user moves along trajectory over time. The number of
APs M is considered equal to 30.

In this scenario, the proposed DRL algorithms DDPG, C-
SAC and D-SAC are compared with the aforementioned All-
AP, Ideal Delta-APS, and Ideal N-APs in 40000 time steps.
Fig. 9 and Fig. 10 illustrate a 50-wide moving average of
the instantaneous EE and SE versus time steps. Observa-
tions indicate that the proposed DRL algorithms begin with
weak performance and continuously improve over time. After
approximately 1000 time steps, D-SAC outperforms other
methods. DDPG also outperforms Ideal N-APS after 8000
time steps and reaches the same level as the performance of
D-SAC after 17000 time steps. However, it is observed that
DDPG has greater fluctuations than D-SAC and suffers a sharp
performance drop in the 15000 and 27000 time steps. Finally,
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Fig. 11: Energy efficiency w.r.t. time
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Fig. 12: Spectral efficiency w.r.t. time

after 15000 time steps, C-SAC outperforms Ideal N-APS but
is less energy efficient than D-SAC.

In the second scenario, most settings are taken to be similar
to the first setup. However, the direction of each user’s move-
ment does not change in every time step. Instead, direction
changes randomly every 200 time steps. As a result, the
location of users changes more rapidly than the first scenario.
The number of APs M equals to 30.

Fig. 11 and Fig. 12 illustrate a 2000-wide moving average
of the instantaneous EE and SE versus time step. The same
behavior as the first scenario is observed. D-SAC outperforms
other methods from the beginning, and after about 20000 time
steps a visible gap exists between D-SAC and Ideal N-APS.
C-SAC and DDPG methods begin with a weak performance,
and they constantly improve over time. After about 18000 time
steps, DDPG outperforms Ideal N-APS and comes close to the
D-SAC. C-SAC outperforms N-APS after 20000 time steps
and is less efficient than D-SAC and DDPG.

V. CONCLUSION

We have investigated the problem of AP-user association for
uplink CF massive MIMO, where we incorporate all sources
of practical limitation such as erroneous CSI at the APs,
pilot contamination during training, and statistical CSI at the
CPU. We have proposed modified DRL algorithms that can
tackle this problem with both satisfactory performance and
complexity. While D-SAC, DDPG, and C-SAC performed
satisfactorily, DQL was revealed to perform poorly and even
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worse than heuristic methods. These observations suggest that
while DRL approaches usually perform superior to existing
prior art, a wrong choice of DRL algorithm, e.g., DQL,
can have a large negative impact on their performance. As
future directions, we can utilize a continuous approximation
of discrete constraints to reach a possibly high quality sub-
optimal solution via derivative-based optimization methods.
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