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Abstract

Cell-free massive multiple-input multiple-output (CF-mMIMO) systems have emerged
as a promising architecture for beyond-5G wireless networks because they can provide
user-centric coverage, improved spectral efficiency, and reduced cell-boundary limitations.
However, dynamic downlink power allocation remains challenging due to user mobility,
time-varying channel conditions, interference coupling, and the need to maintain Qual-
ity of Service (QoS) under practical transmit-power constraints. This paper proposes a
Deep Hybrid Intelligent (DHI) framework for dynamic downlink power allocation in
CF-mMIMO systems. The proposed framework integrates Soft Actor—Critic (SAC) rein-
forcement learning with three power-control strategies: DHI-Max-Min, DHI-Max-Product,
and DHI-Max-Sum-Rate. The SAC agent learns adaptive power-allocation policies from
the network state, while L-BFGS-B refinement is applied to the Max-Product and Max-
Sum-Rate strategies to improve the power-allocation decisions under bounded transmit
power. The framework is evaluated using a CF-mMIMO scenario with 64 access points
and 32 pieces of user equipment distributed over a 1000 x 1000 m? area. The simulation
results show that DHI-Max-Sum-Rate achieves the highest sum spectral efficiency, while
DHI-Max-Min provides the strongest QoS-oriented performance with a QoS satisfaction
rate of 93.75%. In addition, DHI-Max-Product and DHI-Max-Sum-Rate achieve mean com-
putational times of 0.0690 s and 0.0696 s, respectively, compared with 0.63 s for the DDPG
benchmark. These results demonstrate that the proposed DHI framework provides an
adaptive and computationally efficient solution for QoS-aware downlink power allocation
in dynamic CF-mMIMO networks.
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Multiple-input multiple-output (MIMO) technology has become one of the main

foundations of modern wireless communication systems because it can improve spectral
This article is an open access article

efficiency, link reliability, and network capacity by exploiting spatial diversity and mul-

distributed under the terms and
conditions of the Creative Commons  tiplexing [1]. In conventional massive MIMO systems, a large number of antennas are

Attribution (CC BY) license. usually deployed at a centralized base station to serve many users within a cell. Although
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Conventional Cellular Massive MIMO
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this architecture can provide high throughput, its performance may degrade for cell-edge
users due to path loss, shadowing, inter-cell interference, and non-uniform service quality,
as shown in Figure 1. These limitations become more critical in dense beyond-5G networks,
where a large number of users require reliable connectivity, high spectral efficiency, and
stable Quality of Service (QoS) [2].
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Figure 1. Comparison of the conventional massive MIMO and cell-free massive MIMO.

Cell-free massive MIMO (CE-mMIMO) has been introduced as a promising distributed
architecture to overcome the limitations of conventional cell-based networks [3]. In CF-
mMIMO, a large number of geographically distributed access points (APs) jointly serve
all user equipment (UE) over the same time-frequency resources with the assistance of a
central processing unit (CPU). By removing cell boundaries, CF-mMIMO can provide more
uniform coverage, reduce the cell-edge effect, and improve the reliability of user-centric
transmission [4]. However, these advantages depend strongly on efficient power allocation,
especially in the downlink, where the transmit power must be distributed among users
while controlling interference and maintaining QoS requirements [5].

Dynamic downlink power allocation in CF-mMIMO remains a challenging problem.
The channel conditions vary continuously due to user mobility, shadow fading, changing
AP-UE distances, and interference coupling among users [6]. Classical optimization-based
power-control methods, such as max-min fairness, product-based SINR optimization, and
sum-rate maximization, can improve specific performance objectives, but they often require
repeated optimization and may not adapt efficiently to fast network changes [7]. Moreover,
purely throughput-oriented strategies may improve the total spectral efficiency while
reducing the service quality of weak users, whereas QoS-oriented strategies may protect
weak users but sacrifice aggregate throughput. Therefore, a flexible power-allocation
framework is needed to adapt to dynamic network conditions while balancing spectral
efficiency, SINR behavior, QoS satisfaction, and computational cost.

Recently, artificial intelligence-based resource management has attracted significant
attention for beyond-5G and 6G wireless networks. Deep reinforcement learning (DRL) is
particularly suitable for dynamic wireless optimization because it can learn control policies
from interaction with the environment instead of solving a full optimization problem
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from the beginning at every time step [8]. Recent studies on Al-driven wireless edge
networks and reinforcement learning-based CF-mMIMO access-point clustering have
shown the potential of learning-based methods for scalable resource management. In
parallel, reconfigurable intelligent surface (RIS)-assisted MIMO systems have also been
studied as an emerging 5G/6G technology for improving wireless propagation and resource
allocation [9]. However, RIS-based studies mainly focus on modifying the propagation
environment, while the present work focuses on dynamic downlink power allocation in
CF-mMIMO using a hybrid learning-and-optimization framework [10].

To address the above challenges, this paper proposes a Deep Hybrid Intelligent (DHI)
framework for dynamic downlink power allocation in CF-mMIMO systems. The pro-
posed framework integrates Soft Actor—Critic (SAC) reinforcement learning with three
power-control strategies: DHI-Max-Min, DHI-Max-Product, and DHI-Max-Sum-Rate. The
SAC agent learns adaptive power-allocation decisions from the network state, while the
optimization objectives guide the allocation process toward different operating priorities.
DHI-Max-Min emphasizes QoS-oriented service reliability, DHI-Max-Product provides a
balanced trade-off between SINR improvement and spectral-efficiency performance, and
DHI-Max-Sum-Rate prioritizes aggregate throughput. In addition, L-BFGS-B refinement is
applied to the Max-Product and Max-Sum-Rate strategies to improve the SAC-generated
power allocation under bounded transmit-power constraints. The main contributions of
this paper are summarized as follows:

e A DHI-based dynamic downlink power-allocation framework is proposed for CF-
mMIMO systems under user mobility, time-varying channels, interference, and
transmit-power constraints.

e  The proposed framework integrates SAC-based adaptive learning with three downlink
power-control objectives, namely DHI-Max-Min, DHI-Max-Product, and DHI-Max-
Sum-Rate, to support different QoS and spectral-efficiency requirements.

e An optimization refinement stage based on L-BFGS-B is incorporated into the DHI-
Max-Product and DHI-Max-Sum-Rate strategies to improve the power-allocation
decisions while respecting bounded transmit-power constraints.

e A QoS-aware reward and evaluation structure is adopted to assess the relationship
between spectral efficiency, SINR, QoS satisfaction rate, outage probability, and com-
putational time.

The remainder of this paper is organized as follows. Section 2 reviews related work
on CF-mMIMO power allocation, optimization-based approaches, DRL-based resource
management, and recent AI/RIS-assisted wireless studies. Section 3 presents the system
model, mathematical formulation, SAC-based learning framework, and optimization ob-
jectives. Section 4 describes the simulation setup and parameter configuration. Section 5
discusses the simulation results, including spectral efficiency, SINR, QoS satisfaction, com-
putational time, and convergence behavior. Section 6 discusses limitations and practical
considerations, and Section 7 concludes the paper.

2. Related Work

Downlink power allocation in cell-free massive multiple-input multiple-output (CF-
mMIMO) systems has received considerable attention because it directly affects spectral
efficiency, interference control, Quality of Service (Qo0S), and user-centric coverage. Unlike
conventional cellular massive MIMO, CE-mMIMO removes cell boundaries by allowing
many distributed access points (APs) to jointly serve user equipment (UE) over the same
time-frequency resources. This distributed structure improves coverage uniformity and
reduces the cell-edge effect, but it also makes power allocation more challenging because
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AP-UE channel conditions, interference levels, and QoS requirements vary dynamically
across the network [11].

Early power-allocation methods mainly relied on classical optimization techniques.
Water-filling and convex-optimization-based approaches have been widely used to dis-
tribute power efficiently under ideal or semi-ideal channel assumptions. These methods
can provide strong mathematical solutions for static or slowly varying systems, but their
performance depends heavily on accurate channel state information (CSI) and repeated
optimization. In practical CF-mMIMO systems, where users may move and channel
conditions change over time, repeatedly solving the optimization problem can become
computationally expensive and less suitable for real-time operation [12].

Max-min-based power control has also been widely studied to improve user fairness
and protect weak users. In this approach, the objective is to improve the minimum user
performance so that users with poor channel conditions are not severely degraded. Al-
though this method is useful for QoS-oriented operation, it may reduce the total spectral
efficiency because more resources are allocated to weaker users. On the other hand, sum-
rate maximization aims to improve the total system throughput by allocating power to
users or links that contribute more strongly to the aggregate spectral efficiency. However,
this may reduce QoS satisfaction for users with poor channel conditions. Product-based
SINR optimization provides an intermediate strategy by improving the overall SINR distri-
bution while avoiding extreme imbalance among users. Therefore, max-min, max-product,
and max-sum-rate strategies represent different trade-offs among QoS reliability, SINR
improvement, and spectral-efficiency maximization [13].

Recently, reinforcement learning (RL) and deep reinforcement learning (DRL) have be-
come promising tools for wireless resource management. Unlike conventional optimization
methods, DRL can learn adaptive control policies through interaction with the environment
and can reuse learned experience when network conditions change. Q-learning and deep
Q-network-based methods have been applied to power control and resource allocation in
wireless networks. However, discrete-action RL methods may be less suitable for down-
link power allocation because transmit power is naturally continuous. For this reason,
actor—critic methods such as Soft Actor—Critic (SAC) are attractive because they can handle
continuous action spaces and support exploration through entropy regularization [14].

Recent Al-based studies for beyond-5G and 6G networks have also highlighted the
importance of pushing learning and decision-making capabilities closer to the wireless edge.
Such works show that Al can support integrated sensing, communication, computation,
and distributed resource management [15]. In CF-mMIMO, access-point clustering using
conventional and federated multi-agent reinforcement learning has also been investigated,
showing the relevance of distributed learning for scalable cell-free networks [16]. These
studies support the general direction of Al-driven wireless resource allocation, but many
of them focus on clustering, network-edge intelligence, or general resource management
rather than dynamic downlink power allocation with explicit QoS-aware evaluation.

In parallel, reconfigurable intelligent surface (RIS)-assisted MIMO has become an
important research direction for 5G and 6G systems. RIS can improve the wireless prop-
agation environment by controlling signal reflection, phase shifts, or operating modes.
Recent RIS-assisted studies have investigated BER minimization without CSI and joint
operating-mode and resource-allocation optimization in wireless-powered multi-user sys-
tems [17,18]. These studies are relevant because they show how 5G/6G systems can use
intelligent control to improve wireless performance. However, RIS-assisted works mainly
focus on modifying the propagation channel, while the present paper focuses on adaptive
downlink power allocation in CF-mMIMO systems.
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Although the above studies have contributed significantly to wireless power control
and Al-based resource management, several limitations remain. Classical optimization
methods may be computationally demanding under dynamic network conditions. Fairness-
oriented methods may reduce aggregate throughput, while throughput-oriented methods
may reduce QoS satisfaction for weaker users. DRL-based approaches can improve adapt-
ability, but many existing works do not clearly combine learning-based power allocation
with multiple optimization objectives and post-learning refinement. Moreover, several
studies do not provide sufficient discussion of QoS satisfaction, computational time, con-
vergence behavior, or practical deployment feasibility [12,14,16].

To address these gaps, this paper proposes a Deep Hybrid Intelligent (DHI) frame-
work for dynamic downlink power allocation in CE-mMIMO systems. The proposed
framework integrates SAC-based learning with three power-control strategies: DHI-Max-
Min, DHI-Max-Product, and DHI-Max-Sum-Rate. The DHI-Max-Min strategy emphasizes
QoS-oriented service reliability, DHI-Max-Product provides a balanced SINR and spectral-
efficiency behavior, and DHI-Max-Sum-Rate focuses on maximizing aggregate throughput.
In addition, L-BFGS-B refinement is applied to the Max-Product and Max-Sum-Rate strate-
gies to improve the power-allocation decisions under bounded transmit-power constraints.
This hybrid structure allows the proposed framework to adapt to dynamic channel con-
ditions while evaluating the trade-off among spectral efficiency, QoS satisfaction, SINR
behavior, and computational cost. Table 1 presents a summary of the related work on
power allocation and intelligent resource optimization in cell-free massive MIMO systems.

Table 1. Summary of related work.

. c e Problem . e . DHI
Cit. Year Objective Addressed Algorithm/Method Limitation Response
Introduce the Distributed AP Does not study
. cooperation and Cell-free massive dynamic downlink
[11] 2017 cell-free massive . . . v
MIMO concept user-centric MIMO architecture. power allocation
’ service. using SAC.
Improve scalable Scalability, Scalable CF-mMIMO al;/[;lrr:(l)}t] fi) réilg:(ljczln
[12] 2020 CF-mMIMO cooperation, and modeling and . v
operation power control optimization SAC-based dynamic
' ’ ’ control.
Provide Downlink/uplink Does not include
CE-mMIMO modeling, Mathematical DHI strategy
[13] 2023 . interference, and CF-mMIMO selection or v
modelin,
founda tioﬁs spectral framework. L-BFGS-B
) efficiency. refinement.
Learn adaptive Continuous Requires careful
[14] 2019 continuous action-space Soft Actor—Critic. reward design and v
control policies.  decision-making. training stability.
Discuss Broad 6G focus, not
AlLenabled 6G Edge intelligence  Al-assisted network specific to
[15] 2023 and wireless resource CF-mMIMO v
resource
management resource control. management. downlink power
& ' allocation.
Aoply learnine to AP clustering Multi-agent and Focuses on AP
[16] 2023 ng}—,mMIM Cg) and scalable federated clustering rather v
oreanization network reinforcement than downlink
& ) management. learning. power allocation.
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Table 1. Cont.
. — Problem . C DHI
Cit. Year Objective Addressed Algorithm/Method Limitation Response
. RIS-assisted . Different system
Improve wireless o Dynamic
communication - model from
[17] 2024 performance . RIS-assisted X
. and propagation . CF-mMIMO power
using RIS. optimization. .
control. allocation.
Optimize Wireless- reggl(;;lcseefﬂ?gcitlison
[18] 2025 RIS—a§s1sted powered RIS RIS—ass.lstgd resource ot CE-mMIMO «
multi-user resource optimization. .
. downlink power
systems. allocation.
control.
Does not include
Maximize Time-varying SAC-based DHI
downlink sum downlink power DQN and DDPG strategy selection,
[19] 2021  spectral efficiency  allocation and with WMMSE QoS-aware v
in dynamic high WMMSE comparison. refinement, or
CF-mMIMO. complexity. L-BFGS-B

optimization.

3. DHI Model Description

This section presents the system model, mathematical formulation, SAC-based learn-
ing structure, DHI power-control strategies, and complexity analysis of the proposed
downlink power-allocation framework for CF-rmMIMO systems.

3.1. System Model and Mathematical Formulation

This study considers a downlink cell-free massive multiple-input multiple-output
(CF-mMIMO) system consisting of M distributed access points (APs) and K single-antenna
user equipment (UE). The APs are geographically distributed over the coverage area and
connected to a central processing unit (CPU) through fronthaul links. The CPU coordinates
the downlink transmission and power-allocation decisions, while all APs jointly serve
the UE using the same time-frequency resources. In order to maintain consistency with
the adopted simulation model and scalar SINR formulation, each AP-UE connection is
represented by an effective scalar channel coefficient. This assumption corresponds to a
single-antenna AP configuration or an equivalent scalar channel after local AP process-
ing. Similar scalar-link representations are commonly used in CF-mMIMO power-control
studies to evaluate distributed transmission, large-scale fading, and user-centric power
allocation [19].

Let 11, (t) denote the effective downlink channel coefficient between AP m and UE k
at time step t. The channel coefficient is modeled as [20]

hon(£) = £/ Bk (£) 8k (t), 1)

where B,, (t) represents the large-scale fading coefficient, including path loss and shadow
fading, and g,, x(t) denotes the small-scale fading coefficient. Since the users are mobile,
the AP-UE distance changes over time, and therefore the large-scale fading coefficient
B k(t) is updated dynamically according to the user position and shadowing model.
The downlink transmit power allocated from AP m to UE k at time step ¢ is denoted
by ok (t), where
Pui(t) > 0. 2)
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The total transmit power of each AP is constrained by the maximum available AP
power Pj/**, such that [21]

Y o Omp(t) < PO =1,2,..., M. 3)

If the implementation uses an effective UE-level power vector, the AP-level power
coefficient can be written as

Pm,k(t) = Unz,k(t)Pk(t)r (4)

where py(t) is the effective power assigned to UE k, and #,,, x(t) is a non-negative AP-UE
weighting coefficient that distributes the UE-level power across the serving APs.
The received downlink signal at UE k can be expressed as [19]

M / K M
yk(t) = Zmzl pm,k(t)hm,k<t)sk + Zi =1 Zm:1 Pm,i(t)hm,k(t)si + ”k(t>/ (5)
i#k
where Sy is the intended data symbol for UE k, S; is the interfering data symbol intended
for UE i, and n(t) is the additive noise at UE k, with variance (7,?. The first term represents
the useful signal received by UE k, while the second term represents multi-user interference

caused by downlink transmission to other UE.
Accordingly, the downlink signal-to-interference-plus-noise ratio (SINR) of UE k is

defined as [21]
| Eht Vo O (1)1
Lf TN Vo Ohi(8)) + 0
i#k
This expression defines the UE-level SINR <, (t). Therefore, the notation SINR R,  is
not used as the final performance metric; instead, each UE is evaluated using the aggre-

gated SINR 7 (t), which includes the useful contribution from distributed APs and the
interference generated by transmissions to other users.

Yi(t) = (6)

The spectral efficiency of UE k is calculated as [19]

SE(t) = (1— Z—f)logz(lﬂk(t)), @)

where T, is the pilot length and 7. is the coherence block length. If pilot overhead is
not explicitly considered in the simulation, the pre-log factor can be set to one, and the
simplified expression becomes

SEi(t) =log, (1+1k(t)), (8)
The total downlink spectral efficiency of the system is then given by
K
SEsum(t) =), SEx(t) )

To evaluate the Quality of Service (QoS) performance, a minimum SINR threshold
Ymin is defined. UE k is considered to satisfy the QoS requirement if

')’k(t) 2 Ymin (10)

The QoS satisfaction rate is computed as

1
Qsat(t) = EZle I(k(t) > Ymin) x 100% (11)
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where II(+) is an indicator function equal to one when the condition is satisfied and zero
otherwise. The outage probability is then given by

Pout(t) = 100% — Qsat(t) (12)

In this work, QoS is treated as a QoS-aware performance requirement rather than
an absolute hard guarantee for every UE at every time step. This is because dynamic
channel variation, user mobility, and transmit-power limitations may prevent all users from
simultaneously satisfying the SINR threshold. Therefore, QoS performance is evaluated
using the QoS satisfaction rate and outage probability.

The general downlink power-allocation problem can be formulated as

o181 S0 13)
subject to
Y o Omi(t) S P, m=1,2,..., M, (14)
omi(H) >0,m=1,2,...,M, k=1,2,... K, (15)
Y(t) = Ymin, k=1,2,...,K. (16)

However, because the QoS constraint may not always be feasible under dynamic
channel and power-limited conditions, the proposed DHI framework handles QoS using
a QoS-aware reward penalty and evaluates the final performance using QoS satisfaction
rate and outage probability. This avoids claiming unrealistic full QoS guarantee while still
guiding the learning model toward QoS-supportive power allocation. Figure 2 illustrates
the architecture of the proposed DHI framework, which integrates deep reinforcement
learning with hybrid optimization strategies for dynamic downlink power allocation in
CF-mMIMO systems.

2. Soft Actor—Critic (SAC) Agent 3. DHI Strategy (Improvement)
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Figure 2. Architecture of the proposed DHI framework for dynamic downlink power allocation in
CF-mMIMO systems.
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3.2. SAC-Based Learning Algorithm Description

The proposed DHI framework uses the Soft Actor—Critic (SAC) algorithm to learn a
dynamic downlink power-allocation policy for the considered CF-mMIMO system. SAC
is an off-policy actor—critic reinforcement learning method designed for continuous ac-
tion spaces, making it suitable for downlink power control because transmit power is a
continuous variable rather than a discrete decision. In the proposed framework, the SAC
agent observes the current network condition, selects the downlink power-allocation action,
receives a reward based on spectral efficiency and QoS behavior, and updates its policy
using experience replay.

At each time step ¢, the interaction between the SAC agent and the CF-mMIMO
environment is formulated as a Markov decision process (MDP), defined by the tuple

m = (CS), ﬂ,@//’ﬂ/ r)/SAC)’ (17)

where § is the state space, A is the continuous action space,  represents the state-transition
probability caused by channel evolution and UE mobility, #~ is the reward function, and
Ysac is the discount factor.

3.2.1. State Space

The state vector contains the network information required by the SAC agent to make
downlink power-allocation decisions. In this work, the state at time step ¢ is defined as [22]

st = {Vec (Em/k(t),ﬂ(t),?y(t ~1),I(t—1),P(t—1) |, (18)

where Em,k(t) is the normalized large-scale fading coefficient between AP m and UE k,u(t)

contains the normalized UE location coordinates, y(t — 1) is the normalized SINR vector
from the previous time step, I(t — 1) represents the previous interference level of the

UE, and P(t — 1) is the previous downlink power-allocation vector. The operator vec(-)
converts the AP-UE fading matrix into a vector.
For a system with M APs and K UE, the state dimension is [23]

Ds = MK 4 2K + K 4+ K + K = MK + 5K (19)

For the simulation setup used in this paper, where M = 64 and K = 32, the state
dimension becomes
Ds = (64)(32) +5(32) = 2208 (20)

This explicit state representation improves reproducibility by clarifying which network
parameters are used by the SAC agent during training and inference.

3.2.2. Action Space

The action generated by the SAC actor network is a continuous vector representing
the downlink power-control decision for all UE. The action vector is defined as [24]

ay = [ay(t),ax(t), ... ag(t)]", (21)
where each action component is bounded as

a(t) € [-1,1,k=1,2,...,K. (22)
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The normalized SAC action is then mapped to the physical transmit-power range as

M(Pmax - Pmin)/ (23)

pk(t) = Ppin +
where P,,;;, and Py, denote the minimum and maximum allowable downlink transmit
power, respectively. In this study, P,;, = 0 mW and P,y = 100 mW. This mapping
ensures that the SAC-generated power allocation always remains inside the permitted
transmit-power range.

If AP-level power allocation is required, the effective UE-level power pi(t) is dis-
tributed across the serving APs using [25]

Om(£) = 1 () Pe(t), (24)
where 77, 1 (f) is a non-negative AP-UE weighting coefficient.

3.2.3. Reward Function

Since reward design is central to SAC-based power control, the proposed framework
defines the reward as a QoS-aware objective that balances spectral efficiency, SINR perfor-
mance, QoS satisfaction, and power-constraint violation. The general reward at time step ¢
is formulated as

r!) = w1 B(8) + waQuar () — w3 Vs (£) — waVi(1), 25)

where j € {Max — Min, Max — Product, Max — Sum — Rate} denotes the selected DHI
strategy, Fj(t) is the normalized objective value of the selected strategy, Qsar(t) is the QoS
satisfaction rate, V(y,5(t) is the QoS violation penalty, Vp(t) is the power-constraint violation
penalty, and wy, wy, w3, w4 are non-negative weighting factors.

The QoS violation penalty is defined as [26]

1k Ymin — Vit
Vaos(t) = EZk:l max (0/ W , (26)
where 7,,i, is the minimum SINR threshold required for QoS satisfaction. This term
penalizes the agent when the SINR of a UE falls below the QoS threshold.
The power violation penalty is expressed as

Vo(t) = Y5, max (o, W) 27)
In the current implementation, the action mapping in Equation (23) already bounds the
power values between P,;, and Py,x. Therefore, Vp(t) is normally zero, but it is retained
in the formulation to make the constraint-handling mechanism explicit.
The strategy-dependent objective F j(t) is defined according to the selected DHI oper-
ating mode. For DHI-Max-Min, the objective emphasizes the weakest UE:

min
FMufoin(t) = k SEk(t) (28)

For DHI-Max-Product, the objective improves the overall SINR distribution using a
logarithmic product form:

1
FMuxfproduct(t) = KZszl log(’Yk(t) + €) (29)

https:/ /doi.org/10.3390/ electronics15112419


https://doi.org/10.3390/electronics15112419

Electronics 2026, 15, 2419

11 of 35

where € a small positive is a constant used to avoid numerical instability.
For DHI-Max-Sum-Rate, the objective maximizes the total downlink spectral efficiency:

K
FMax—Sum—Rate(t) = Zkzl SEx(t) (30)
The objective value is normalized before being used in the reward:

: Fi(r) — F
Fi(t) = T (31)
Fmax _ ijm _|_ €
]
This reward formulation allows the SAC agent to learn power-allocation policies that
improve the selected objective while reducing QoS violations and maintaining bounded
transmit power.

3.2.4. SAC Policy and Critic Updates

The SAC agent consists of an actor network, two critic networks, and their corre-
sponding target networks. The actor network generates a stochastic policy 71p(a¢|s¢), where
@ denotes the actor parameters. The critic networks estimate the soft state-action value
functions Qp, (st|a;) and Qy, (s¢|a;), where 61 and 6, denote the critic parameters.

For each transition (s, at, 1¢, 514+1), the target soft value is computed as [22]

min

i = 1098, (5¢1,8641) — alog n¢(”t+l|5t+1)] , (32)

Yt =1+ Ysac [

where a;11 ~ 7g(+|st41), 0; are the target critic parameters, and a is the entropy-
temperature coefficient.
The critic loss is defined as [27]

Jo(0i) = Es,a,r,,5.1) ~ D [(Qei (st,ar) — yt)z}/i =12, (33)

where @ is the replay buffer.
The actor loss is formulated as [24]

min

Ju(¢) =By ~ D2 ~ 7 [alogw(at'm Ti=1,2

Qp, (st, at)] (34)

The entropy coefficient « controls the balance between exploration and exploitation.
A larger « encourages more exploration, while a smaller « encourages more deterministic
power allocation. In this work, automatic entropy tuning is used to adjust « during training.
The target critic networks are updated using Polyak averaging:

gi%TGi-i-(l—T)éi, i=1,2, (35)
where 7 is the Polyak update coefficient.

3.2.5. Replay Buffer and Training Procedure

The SAC agent stores each interaction with the environment in a replay buffer as

(St/ at, rt/st+1/dt)r (36)

where d; is the terminal-state indicator. During training, mini-batches are sampled ran-
domly from the replay buffer to update the actor and critic networks. This off-policy
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learning mechanism improves sample efficiency and reduces the correlation between
consecutive training samples.

The training process begins with environment initialization, including AP and UE
deployment, channel generation, mobility initialization, and initial power setting. At each
time step, the SAC actor selects a downlink power action, the environment computes the
resulting SINR, spectral efficiency, QoS satisfaction rate, and reward, and the transition
is stored in the replay buffer. Once the replay buffer contains enough samples, the critic
networks, actor network, entropy coefficient, and target networks are updated.

The actor and critic networks are implemented as multilayer perceptrons. The network
architecture is selected through hyperparameter optimization, where candidate architec-
tures include [64,64], [256,256], [400,300], [128,256,128], and [256,256,256]. The search also
includes the learning rate, batch size, discount factor, replay-buffer size, learning-start steps,
training frequency, and Polyak coefficient.

3.2.6. Convergence Monitoring

To evaluate the convergence behavior of the proposed SAC-based DHI framework,
the training performance is monitored using the moving average of the episode reward,
sum spectral efficiency, QoS satisfaction rate, and critic loss. The moving average reward
over a window of W episodes is calculated as

_ 1 e
Re = WZi:efijl R, (37)

where R; is the total reward of episode i. The policy is considered stable when the moving
average reward and QoS satisfaction rate no longer show large fluctuations over consecutive
training windows. Figure 3 illustrates the SAC action-generation mechanism used to
transform the unbounded policy output into a bounded downlink power allocation vector
within the predefined power constraints.

UNBOUNDED
ACTION

BOUNDED
ACTION

State / Neural Network Nlean Gaussian ( Tanh Scale to
Observation (Actor my) P pe(sg) [—| Distribution (Squashing) [Prins Pmax] Boundecitlowey
Sample 1 Vector
e (K x1) ’/\\ u, 1 Psac(t)
‘ S /I —> > - PP Psac®)
(Environment Std. Dev. s e e tanh(u,) + 1 (Kx1)
stats) S EACH =
oSt N .03 i S
J (K x1) S T tanh(u,) (Pmax = Pmin) € [Pmin, Pmax]
=/ :[= + Prin
A K(Range [-1, 1])) L Y
i Reparameterization - ;
Trick
= pao—Y BOUNDS FROM ACTION
L SPECIFICATIONS

Figure 3. SAC action-generation mechanism for bounded downlink power allocation.

3.3. DHI Power-Control Strategies and L-BFGS-B Refinement

The proposed DHI framework combines SAC-based learning with three downlink
power-control strategies: DHI-Max-Min, DHI-Max-Product, and DHI-Max-Sum-Rate.
These strategies are designed to guide the learning model toward different operating
objectives. DHI-Max-Min focuses on QoS-oriented service reliability, DHI-Max-Product
improves the overall SINR balance among users, and DHI-Max-Sum-Rate maximizes the
aggregate spectral efficiency of the CF-mMIMO system. Therefore, the proposed frame-
work does not rely on a single fixed power-control objective; instead, it provides flexible
operating modes according to the required network performance target.

https:/ /doi.org/10.3390/electronics15112419


https://doi.org/10.3390/electronics15112419

Electronics 2026, 15, 2419

13 of 35

3.3.1. DHI-Max-Min Strategy

The DHI-Max-Min strategy aims to improve the performance of the weakest UE by
maximizing the minimum spectral efficiency among all users. This strategy is suitable for
QoS-oriented operation because it prevents users with poor channel conditions from being
severely degraded. The objective is formulated as [28]

max min

P(t)k € {1,...,1<}5E’<(t)' (38)

subject to
Puin < pr(t) < Pmax, k=1,2,...,K. (39)

In this strategy, the SAC agent learns a power-allocation policy that improves the
minimum user performance. However, because the objective prioritizes weak users, the
total sum spectral efficiency may be lower than that achieved by throughput-oriented
strategies. Therefore, DHI-Max-Min is mainly suitable for scenarios where QoS reliability
and minimum user service are more important than maximum aggregate throughput.

3.3.2. DHI-Max-Product Strategy

The DHI-Max-Product strategy aims to improve the overall SINR distribution by
maximizing the product of user SINR values. Direct multiplication of SINR values may
cause numerical instability, especially when the number of users is large. Therefore, the
logarithmic form is used [29]:

{1y ket o8(Ti(E) - €), (40)

subject to
Pmin < Pk(t) < Pmﬂx, k= 1,2,. . .,K, (41)

where € is a small positive constant used to avoid log(0). This objective encourages the
model to improve the SINR of all users while avoiding excessive concentration of resources
on only a few strong users. As a result, DHI-Max-Product provides a balanced operating
mode between QoS-oriented allocation and spectral-efficiency maximization.

3.3.3. DHI-Max-Sum-Rate Strategy

The DHI-Max-Sum-Rate strategy aims to maximize the total downlink spectral effi-
ciency of the CF-mMIMO system. The objective is written as [26]

max K
P (t)zkzl SEL(t), (42)

subject to
Pmmépk(t) SPH’!HX/ k:1/2/"'/K' (43)

This strategy is suitable for throughput-priority scenarios because it allocates power
in a way that increases the total system spectral efficiency. However, this may reduce the
QoS satisfaction of users with weaker channel conditions. Therefore, in the proposed DHI
framework, the reward function includes a QoS violation penalty to reduce the negative
effect of throughput maximization on weak users.
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3.3.4. L-BFGS-B Refinement

After the SAC agent generates the initial power-allocation vector, the DHI-Max-
Product and DHI-Max-Sum-Rate strategies apply an additional L-BFGS-B refinement step.
L-BFGS-B is selected because it is suitable for bound-constrained optimization problems,
where each user power must remain within the allowable interval [Py, Prax)-

Let the SAC-generated power vector be [30]

Poac(t) = [p1(t), pa(t), ..., pi(1)]" (44)

The refined power vector is obtained as

min
P*(t) = ar Li(P(1)), (45)
(1) = arg)" 4P (1))
subject to
Pmin S Pk(t) S PmaXr k = 1,2,.. .,K. (46)

where j € {Max — Product, Max — Sum — Rate} and £j(-) is the negative form of the
selected objective. For DHI-Max-Product, the loss function is

Liiaxproduct(P(1) = — Y&, log(1x(t) +€), (47)

For DHI-Max-Sum-Rate, the loss function is

K
LMax—Sum—Rate (P(t)) - _Zk:1 SEj (t) (48)
The L-BFGS-B update can be generally expressed as

Poa= ] (P,—aB;'VL(Py)), (49)
[Pminlpmﬂx]

where g is the internal L-BFGS-B iteration index, &, is the step size, Bq’l is the limited-

memory approximation of the inverse Hessian matrix, and [, - denotes projection

Pryin Prnax]
onto the feasible power interval.

The DHI-Max-Min strategy does not require L-BFGS-B refinement in this framework
because its main purpose is QoS-oriented minimum user protection rather than gradient-
based throughput maximization. Therefore, the SAC-generated power vector is directly
evaluated using the Max-Min objective and QoS satisfaction metrics.

The final output of the DHI framework is therefore written as

Psac(t), for DHI — Max — Min,
Ppui(t) = S P*(t),  for DHI — Max — Product (50)
P*(t), for DHI — Max — Sum — Rate

This hybrid design allows the SAC agent to provide adaptive power-allocation deci-
sions under dynamic network conditions, while L-BFGS-B further refines the throughput-
oriented strategies within the bounded transmit-power range. As a result, the proposed
DHI framework can support different downlink operating requirements, including QoS-
oriented service reliability, balanced SINR improvement, and sum spectral-efficiency
maximization. The main power-control strategies integrated within the proposed DHI
framework are summarized in Figure 4, showing how the framework applies different
optimization objectives for downlink power allocation.
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Figure 4. DHI power-control strategies.

3.4. Proposed DHI Model

The overall procedure of the proposed DHI framework is summarized in Algorithm 1.
The algorithm begins by initializing the CE-mMIMO environment, including AP and
UE locations, channel coefficients, mobility parameters, transmit-power limits, and SAC
learning parameters. At each time step, the SAC agent observes the current network state
and generates a continuous power-allocation action. The action is then mapped into the
feasible transmit-power range and evaluated using the selected DHI strategy. For DHI-Max-
Min, the SAC-generated power vector is directly evaluated because the objective focuses
on minimum user QoS-oriented performance. For DHI-Max-Product and DHI-Max-Sum-
Rate, the SAC-generated power vector is further refined using the L-BFGS-B optimizer to
improve the objective value while maintaining the transmit-power bounds.

After applying the final power-allocation vector, the environment computes the down-
link SINR, spectral efficiency, QoS satisfaction rate, outage probability, and reward. The
transition is stored in the replay buffer, and the SAC actor and critic networks are updated
using mini-batch samples from the buffer. This process continues until the maximum
number of training steps or episodes is reached. The trained policy is then used for online
downlink power allocation under dynamic channel and mobility conditions.

Algorithm 1 shows how the proposed DHI framework combines SAC-based adaptive
learning with strategy-dependent power-control objectives. The SAC agent provides the
initial power-allocation decision based on the current network state, while the selected
DHI strategy determines how the decision is evaluated and refined. The DHI-Max-Min
strategy directly evaluates the SAC-generated power vector for QoS-oriented minimum
user performance, whereas DHI-Max-Product and DHI-Max-Sum-Rate use L-BFGS-B
refinement to improve SINR-product and sum-rate objectives under bounded transmit-
power constraints. This structure allows the proposed framework to adapt to user mobil-
ity and channel variation while supporting different downlink operating requirements.
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Algorithm 1: Proposed DHI Framework for Dynamic Power Allocation

Require: M, K, Pnin, Pmax, Tp, SAC parameters, and DHI strategy j
Ensure: Optimized downlink power vector ppgr(!)

1. Initialize AP/UE locations, mobility model, channel parameters, SAC networks,

and replay buffer D.
2. Set the initial downlink power vector p(0).
3. For each episode do:
4.  Reset the CF-mMIMO environment and observe the initial state s.
5. For each time step [ do:
6.  Update UE positions, channel coefficients, and interference conditions.
7. Observe the current state s;.
8. Generate SAC actiona; ~ 71y (- | 57).
9. Map g to the feasible power vector psac(!) within [Pmin , Pmax]-
10. If j = DHI-Max-Min, then:
1. Set ppui(l) < psac(l)-
12.  Else if j = DHI-Max-Product, then:
13.  Refine psac(!) using L-BFGS-B with the SINR-product objective.
14. Obtain ]ﬂDH[(l)
15. Else if j = DHI-Max-Sum-Rate, then:
16. Refine psac(!) using L-BFGS-B with the sum-rate objective.
17.  Obtain pDHI(l)
18. Endif.
19.  Apply ppui(l) to the downlink CF-mMIMO environment.
20. Compute SINR, spectral efficiency, QoS satisfaction rate, outage probability, and

reward.
21. Store (s;,a;,1;,51+1,d;) in D.
22. If D contains enough samples, then:
23. Update SAC critic networks, actor network, entropy coefficient, and target

networks.
24. Endif.
25. End for.
26. End for.

27.  Return the trained DHI policy andppp;(I).

3.5. Complexity and Practical Feasibility Analysis

The computational complexity of the proposed DHI framework depends on three
main components: the CE-mMIMO environment evaluation, the SAC learning process, and
the optional L-BFGS-B refinement used in the DHI-Max-Product and DHI-Max-Sum-Rate
strategies. Since the system consists of M distributed APs and K UE, the computational cost
increases with the number of AP-UE channel links, the number of users whose downlink
powers are optimized, the neural network size of the SAC agent, and the number of
refinement iterations required by L-BFGS-B.

At each time step, the environment computes the channel-dependent quantities, down-
link SINR values, spectral efficiency, QoS satisfaction rate, outage probability, and reward.
The dominant environment cost comes from evaluating the useful signal and multi-user in-
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terference terms for all UE. Since each UE receives useful and interfering contributions from
M APs and K — 1 interfering user streams, the SINR evaluation can be approximated as

Cono(M,K) = © (MKZ) (51)

This cost reflects the repeated computation of AP-UE contributions for each user and
interfering stream. Therefore, increasing the number of users has a stronger effect on the
environment evaluation cost than increasing the number of APs.

For the SAC component, the offline training cost depends on the number of training
time steps, the environment evaluation cost, and the actor—critic neural network update
cost. If T}, denotes the total number of training time steps and Cyy denotes the cost of one
SAC neural network update, the total SAC training complexity can be expressed as

Ctrain = Q(Ttr(cenv(M/ K) + CNN)) (52)

The neural network update cost depends on the selected multilayer perceptron archi-
tecture, batch size, and number of critic and actor updates. For a network with Ly layers
and layer widths do, dy, ..., dp, the forward-pass cost can be approximated as

L
Cforward = (9( l:i\] dl’fldl’>- (53)

Because SAC uses an actor network, two critic networks, and target critic networks,
the practical training cost is higher than a single-network forward pass. Considering a
mini-batch size B, the neural network update cost can be approximated as

Cay = O (BZ,L,Q’;V d[,ld[) (54)

This cost is mainly incurred during offline training. Once training is completed, online
deployment does not require full actor—critic updates. Instead, the trained actor network
generates the downlink power-allocation action using only a forward pass. Therefore, the
online SAC inference complexity is

Cinfer =0 (Cforwurd) (55)

This is significantly lower than the offline training cost and makes the trained policy
suitable for real-time or near-real-time downlink power control.

For DHI-Max-Product and DHI-Max-Sum-Rate, L-BFGS-B refinement is applied after
the SAC actor generates the initial power vector. Let K be the number of optimization
variables, corresponding to the UE-level downlink power vector, Iy prgs be the number
of L-BFGS-B iterations, and 1 prgs be the limited-memory correction parameter. The
complexity of the refinement stage can be approximated as

Crprcs = O (ILBPGS (Cobj(Mr K) + mLBFGSK) ) (56)

where Cpyi(M, K) is the cost of evaluating the selected objective function. Since the ob-
jective evaluation depends on SINR and spectral-efficiency computation, it is linked to
Cenv(M, K). Therefore,

CLBrGs = O (ILBFGS (MK2 + mLBFGSK))r (57)
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The total online complexity of the proposed DHI framework depends on the selected
strategy. For DHI-Max-Min, no L-BFGS-B refinement is used; therefore, the online com-
plexity is mainly the SAC actor inference and environment evaluation:

online

CHE5 — ©(Cporard + Cono(MK)) (58)

For DHI-Max-Product and DHI-Max-Sum-Rate, the online complexity includes the
SAC forward pass, environment evaluation, and L-BFGS-B refinement:

C(]mljng =0 (Cforward + Cenv(Ml K) + CLBch) , (59)

where j € {Max — Product, Max — Sum — Rate}.

In terms of scalability, the number of AP-UE links grows as MK, while the interference-
related SINR computation grows approximately as MK?. This means that user density has
a stronger impact on computational cost than AP density. As K increases, the action dimen-
sion of the SAC policy also increases because the actor outputs one power-control value for
each UE. Therefore, for larger CF-mMIMO deployments, practical scalability can be im-
proved by using user clustering, AP selection, parameter sharing, or distributed /federated
learning structures. These approaches reduce the effective number of AP-UE links and
make the learning problem more manageable.

The proposed framework is practical because the computationally expensive SAC
training process can be performed offline using a CPU, GPU, or cloud/edge server. The
trained actor policy can then be deployed online at the CPU or an edge controller to
generate power-allocation decisions through fast inference. The code implementation
supports automatic device selection among CPU, CUDA-enabled GPU, and Apple MPS
when available, which allows the training process to benefit from hardware acceleration
when supported.

From a deployment perspective, the CPU collects large-scale fading, UE location,
SINR, and interference-related information through the fronthaul network. Since the SAC
state mainly relies on slowly varying large-scale fading, mobility information, previous
SINR, previous interference, and previous power allocation, the signaling overhead can
be reduced compared with schemes that require full instantaneous CSI exchange at every
time step. However, the framework still requires reliable fronthaul signaling between
APs and the CPU to update state information and apply the optimized downlink power-
control decisions.

The measured computational times support the feasibility of the proposed approach.
In the reported results, DHI-Max-Product and DHI-Max-Sum-Rate achieved mean compu-
tational times of 0.0690 s and 0.0696 s, respectively, while the DDPG benchmark required
0.63 s. DHI-Max-Min required a higher mean duration of 0.3757 s because it focuses on
minimum user QoS-oriented behavior. These results indicate that the proposed DHI-Max-
Product and DHI-Max-Sum-Rate strategies can provide faster online execution than the
benchmark while maintaining strong spectral-efficiency performance.

Overall, the DHI framework separates offline learning from online inference. The
offline phase handles policy training, hyperparameter tuning, and convergence moni-
toring, while the online phase uses the trained actor and optional L-BFGS-B refinement
to generate bounded downlink power-allocation decisions. This structure improves de-
ployment feasibility by avoiding the need to train the full SAC model during real-time
operation. Nevertheless, the practical implementation of the proposed framework still
depends on fronthaul capacity, state-update frequency, network size, and the ability of the
CPU or edge controller to perform inference and optional refinement within the required
scheduling interval.
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4. Simulation Setup

The proposed DHI framework is evaluated using a dynamic downlink CF-mMIMO
simulation environment. The simulated network consists of M = 64 distributed APs and
K = 32 UE deployed within a 1000 x 1000 m? square area. The APs and UE are distributed
over the service region, and all APs jointly serve the UE through coordinated downlink
transmission. The system uses 7, = 20 orthogonal pilots. The large-scale fading model
includes path loss and spatially correlated shadow fading, while the small-scale fading
component follows Rayleigh fading. The shadow fading standard deviation is set to 8 dB,
the decorrelation distance is 100 m, and the shadow fading decorrelation parameter is

= 0.5.

The system bandwidth is set to 20 MHz and the receiver noise figure is 9 dB. Therefore,

the noise variance is calculated as

#3gm = —174 + 10log,, (B) + NF (60)

where B is the system bandwidth in Hz and NF is the receiver noise figure in dB. For
B =20 MHz and NF = 9 dB, the resulting noise variance is approximately —92 dBm.

User mobility is enabled to represent time-varying AP-UE distances and dynamic
channel conditions. The UE speed is randomly selected from the range 0.5-5 m/s, and
the mobility model is updated at every time step of 1 s. A maximum pause time of 5 s is
considered to model temporary UE stopping behavior. At each time step, the UE positions
are updated, the AP-UE distances are recalculated, and the corresponding large-scale
fading coefficients are updated. This allows the simulation to capture mobility-driven
channel variation and interference changes over time.

The SAC-based DHI model uses continuous power-control actions. The SAC action
is mapped to the physical transmit-power interval [Py,;;,, Prax|, where Py, = 0 mW and
Ppax = 13 mW. The initial transmit power is also set to 13 mW. The temporal reward
window size is set to 10 steps, and the positive and negative temporal reward weights are
settory, = 1 and rp = 1, respectively.

The SAC hyperparameters are tuned using Optuna. The implementation uses a TPE
sampler, median pruning, and a maximum of 200 trials with 2000 time steps per trial. The
candidate hyperparameters include the discount factor, learning rate, batch size, replay-
buffer size, learning-start steps, training frequency, Polyak coefficient, and MLP network
architecture. In the implementation, the SAC entropy coefficient and target entropy are
set to automatic tuning, and SGD is used as the optimizer. The code samples the SAC
hyperparameter search space using Optuna and fixes the temporal reward window at 10
with ry, = rg = 1. The optimizer implementation also supports TPE sampling, median
pruning, device selection, and saving the trial results to CSV and PKL files. The main
system simulation parameters adopted for evaluating the proposed downlink CF-mMIMO
system are listed in Table 2. Table 3 presents the simulation hyperparameters used to
configure the learning environment and optimization process. The implementation details
and training configuration of the proposed DHI framework are summarized in Table 4.

Table 2. System simulation parameters.

Parameter Symbol/Setting Value
Number of APs M 64
Number of UE K 32
Number of orthogonal pilots P 20
Simulation area — 1000 x 1000 m?
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Table 2. Cont.

Parameter Symbol/Setting Value
System bandwidth B 20 MHz
Receiver noise figure NF 9dB
Noise variance o? approximately —92 dBm
Shadow fading standard deviation osf 8 dB
Shadow fading decorrelation factor 5 0.5
Shadow fading decorrelation distance ddecorr 100 m
Antenna spacing — 0.5 wavelength
Angular standard deviation — 15°
Minimum transmit power Pmin 0 mW
Maximum transmit power Pmax 100 mW
Initial transmit power Pinit 100 mW
Pre-log factor — 1
UE speed range — 0.5-5m/s
Mobility time step At 1s
Maximum pause time — 5s
Pause probability Ppause 0.3
Temporal reward window Q 10 steps
Positive temporal reward weight ro 1
Negative temporal reward weight B 1
Table 3. System simulation hyperparameters.
Hyperparameter Search Space
Discount factor yYSAC {0.9,0.95, 0.98, 0.99, 0.995, 0.999, 0.9999}
Learning rate [1072,1], log-uniform
Batch size {16, 32, 64, 128, 256, 512, 1024, 2048}
{104, 10°, 10%)

Replay-buffer size
Learning starts
Train frequency
Gradient steps

Polyak coefficient t

Network architecture

{0, 10, 100, 1000}
{1, 4,8, 16, 32, 64, 128, 256, 512}
Equal to train frequency
{0.001, 0.005, 0.01, 0.02, 0.05, 0.08}

[64,64], [256,256], [400,300], [128,256,128], [256,256,256]

Auto

Entropy coefficient
Target entropy Auto
Optimizer SGD

Table 4. DHI implementation and training configuration.

Component

Setting Used in the Implementation

Learning algorithm
Policy type
Learning type
Action type
Replay buffer
Entropy coefficient
Target entropy
Optimizer
Temporal reward window size
Positive temporal reward weight
Negative temporal reward weight
Hyperparameter optimizer
Sampler
Pruner
Number of trials
Time steps per trial
Evaluation mode
Training device

Soft Actor—Critic
MLP policy
Off-policy actor—critic
Continuous downlink power-control action
Stores (st, at, rt, st+1, dt)
Auto
Auto
SGD
10
ra=1
=1
Optuna
TPE sampler
Median pruner
200
2000
Deterministic evaluation
GPU
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5. Results and Discussion

This section evaluates the performance of the proposed DHI framework for dynamic
downlink power allocation in CF-mMIMO systems. The evaluation focuses on convergence
behavior, spectral efficiency, SINR distribution, QoS satisfaction, outage probability, spatial
SINR behavior, and computational time. The three proposed DHI strategies, namely DHI-
Max-Min, DHI-Max-Product, and DHI-Max-Sum-Rate, are compared to show how different
power-control objectives affect downlink performance. DHI-Max-Min is evaluated as a
QoS-oriented strategy, DHI-Max-Product as a balanced SINR-aware strategy, and DHI-
Max-Sum-Rate as a throughput-oriented strategy. The DDPG benchmark is also included
in the sum spectral-efficiency and computational-time comparisons to assess the advantage
of the SAC-based DHI design.

The purpose of this section is not only to compare numerical values but also to
explain how each result supports the motivation of the paper. Specifically, the results
examine whether the proposed DHI framework can adapt to dynamic downlink conditions,
improve spectral-efficiency behavior, support QoS satisfaction, and reduce computational
time compared with the benchmark method.

Figure 5 presents the empirical cumulative distribution function (CDF) and probability
density function (PDF) of the downlink spectral efficiency obtained using DHI-Max-Min,
DHI-Max-Product, and DHI-Max-Sum-Rate. The CDF curves show the probability that the
spectral efficiency is below a given value, while the PDF curves indicate the concentration
of spectral-efficiency values across the simulated downlink conditions. Therefore, these
distributions provide more complete information than a single average value because they
show how each strategy affects both low-performance and high-performance users.
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Figure 5. Empirical CDF and PDF of downlink spectral efficiency for DHI-Max-Min, DHI-Max-

Product, and DHI-Max-Sum-Rate.
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The DHI-Max-Min strategy produces a more conservative spectral-efficiency distribu-
tion because its objective prioritizes the weakest UE. This behavior improves minimum
user service and supports QoS-oriented operation, but it also limits the aggregate spectral-
efficiency gain because additional power is assigned to weaker users instead of only
maximizing throughput. In contrast, DHI-Max-Sum-Rate shifts the spectral-efficiency
distribution toward higher values because it directly maximizes the total system spectral
efficiency. This confirms its suitability for throughput-priority operation. However, the
improvement in aggregate spectral efficiency may come with reduced QoS satisfaction for
users experiencing weaker channel conditions.

DHI-Max-Product provides an intermediate behavior between these two strategies.
By improving the product-based SINR objective, it avoids the excessive throughput bias
of DHI-Max-Sum-Rate while still achieving better spectral-efficiency behavior than the
QoS-oriented DHI-Max-Min strategy. This makes DHI-Max-Product suitable for balanced
downlink operation where both SINR improvement and spectral-efficiency performance
are required.

Overall, Figure 5 confirms that the three DHI strategies provide different operating
modes rather than a single fixed solution. DHI-Max-Min is more suitable when minimum
user service and QoS reliability are prioritized, DHI-Max-Product provides a balanced oper-
ating point, and DHI-Max-Sum-Rate is preferable when the main objective is to maximize
aggregate downlink throughput.

Figure 6 compares the empirical cumulative distribution function of the sum spectral
efficiency achieved by the proposed DHI strategies and the DDPG benchmark. The sum
spectral efficiency is an important metric because it measures the aggregate downlink
throughput of the CF-mMIMO system and directly reflects how efficiently the available
transmit power and distributed AP resources are used.

Empirical CDF
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Figure 6. Empirical CDF comparison of sum spectral efficiency between the proposed DHI strategies
and the DDPG benchmark [19].

The DHI-Max-Min strategy achieves the lowest sum spectral-efficiency distribution
among the proposed strategies. This behavior is expected because DHI-Max-Min prioritizes
the weakest users and attempts to improve minimum user service rather than maximizing
the total throughput. As a result, part of the available power is allocated to users with
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weaker channel conditions, which improves QoS-oriented behavior but reduces aggregate
spectral-efficiency gain.

The DHI-Max-Product strategy shifts the distribution toward higher spectral-efficiency
values compared with DHI-Max-Min. This indicates that maximizing the logarithmic SINR-
product objective improves the overall SINR balance among users while still maintaining
better aggregate throughput than the minimum user-focused strategy. Therefore, DHI-Max-
Product provides a balanced operating point between QoS-oriented service reliability and
sum spectral-efficiency improvement.

The DHI-Max-Sum-Rate strategy achieves the highest sum spectral-efficiency perfor-
mance because its objective directly maximizes the total downlink spectral efficiency. Com-
pared with the DDPG benchmark, the DHI-Max-Sum-Rate curve is shifted toward higher
spectral-efficiency values, showing that the proposed hybrid learning-and-optimization
structure provides stronger throughput-oriented performance. The DDPG benchmark
achieves a median sum spectral efficiency of approximately 35.24 bit/s/Hz, while the
DHI-Max-Sum-Rate strategy provides higher overall spectral-efficiency behavior under the
same CF-mMIMO simulation setting.

The improvement of DHI-Max-Sum-Rate can be explained by two factors. First, SAC
uses entropy-regularized stochastic exploration, which helps the agent explore different
continuous power-allocation actions during training instead of converging too early to
a narrow deterministic policy. Second, the L-BFGS-B refinement stage further improves
the SAC-generated power vector under bounded transmit-power constraints. This combi-
nation allows the proposed DHI-Max-Sum-Rate strategy to exploit both learning-based
adaptability and optimization-based refinement.

The DDPG benchmark is selected because it is also an actor—critic DRL method de-
signed for continuous control problems. Therefore, it provides a reasonable comparison for
continuous downlink power allocation. However, unlike SAC, DDPG uses a deterministic
policy and may be more sensitive to exploration noise and local convergence behavior. This
explains why the SAC-based DHI framework can achieve stronger and more stable sum
spectral-efficiency performance in the dynamic CF-mMIMO environment.

Figure 7 presents the empirical CDF and PDF distributions of the downlink SINR
under the three proposed DHI strategies: DHI-Max-Min, DHI-Max-Product, and DHI-Max-
Sum-Rate. The SINR distribution is an important indicator because it directly affects both
spectral efficiency and QoS satisfaction. While spectral efficiency measures the achievable
data rate, SINR shows how effectively each strategy controls interference and supports
reliable downlink reception.

The maximum SINR distribution shows the highest SINR values achieved under each
strategy. DHI-Max-Sum-Rate generally produces higher maximum SINR values because its
objective prioritizes aggregate throughput. This means that users with favorable channel
conditions can receive stronger power allocation and achieve higher link quality. However,
high maximum SINR alone does not necessarily indicate better QoS for all users, because it
may occur when the strategy benefits strong users more than weak users.

The minimum SINR distribution provides a more direct view of QoS-oriented behavior.
DHI-Max-Min performs better in this part because it is designed to improve the weakest
user performance. By increasing the lower tail of the SINR distribution, DHI-Max-Min
reduces the probability that users experience very poor link quality. This explains why
DHI-Max-Min achieves stronger QoS satisfaction and lower outage behavior, even though
its aggregate spectral efficiency is lower than the throughput-oriented strategy.

The mean SINR distribution shows the average SINR behavior across users and
provides a balanced view of network-level link quality. DHI-Max-Product is expected to
perform strongly in this metric because the logarithmic product-based objective encourages
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improvement across multiple users rather than focusing only on the weakest user or only
on the strongest throughput contributors. Therefore, DHI-Max-Product can be interpreted
as a balanced strategy that improves SINR distribution while maintaining better spectral-
efficiency behavior than DHI-Max-Min.

Overall, the SINR results confirm that the three DHI strategies produce different
downlink operating behaviors. DHI-Max-Min is more suitable for QoS-oriented operation
because it improves the minimum SINR. DHI-Max-Product provides a balanced SINR
distribution by reducing extreme imbalance among users. DHI-Max-Sum-Rate is more
suitable for throughput-oriented operation because it increases the higher-SINR region and
improves aggregate spectral efficiency. Therefore, Figure 7 supports the main motivation of
the paper by showing that the proposed DHI framework can adapt the power-allocation

behavior according to the required downlink objective.
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Figure 7. Empirical CDF and PDF distributions of downlink SINR for DHI-Max-Min, DHI-Max-
Product, and DHI-Max-Sum-Rate.

Table 5 summarizes the QoS-oriented performance of the proposed DHI downlink
power-allocation strategies. The QoS satisfaction rate is calculated based on the percentage
of UE whose SINR values satisfy the required SINR threshold. The outage probability
represents the percentage of UE that do not satisfy this threshold. Therefore, these two
metrics provide a direct evaluation of how well each strategy supports downlink service
reliability under dynamic channel and mobility conditions.

The results show that DHI-Max-Min achieves the highest QoS satisfaction rate of
93.75%, corresponding to an average of 30 users satisfying the required SINR threshold
out of 32 UE. It also achieves the lowest outage probability of 6.25%. This confirms that
DHI-Max-Min is the most suitable strategy when the main objective is QoS-oriented service
reliability and minimum user protection. However, this improvement is obtained at the
cost of lower aggregate spectral efficiency, with a mean sum SE of 17.50 bit/s/Hz.
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DHI-Max-Product achieves a QoS satisfaction rate of 91.04% and an outage probability
of 8.96%. Its mean sum spectral efficiency reaches 19.89 bit/s/Hz, which is higher than DHI-
Max-Min. This shows that DHI-Max-Product provides a balanced trade-off between QoS
support and throughput improvement. It does not prioritize the weakest users as strongly
as DHI-Max-Min, but it avoids the more aggressive throughput bias of DHI-Max-Sum-Rate.

Table 5. QoS-oriented performance comparison of the proposed DHI downlink strategies.

Ave. Users QoS Outage Avg. Mean Mean Sum
Strategy Meegtin QoS Satisfaction = Probability Minimum SINR (dB) SE Main Interpretation
& Rate (%) (%) SINR (dB) (bit/s/Hz)
Best QoS reliability
DHI-Max- 30.00 93.75 6.25 330 ~13.50 17.50 and lowest outage;
Min supports minimum
user service
Balanced QoS and
DHI-Max- 29.13 91.04 8.96 ~3.38 —14.74 19.89 spectral-efficiency
Product
performance
Highest
DHI-Max- 28.15 87.98 12.02 326 1624 2014  ‘throughput-oriented
Sum-Rate spectral-efficiency

performance

DHI-Max-Sum-Rate achieves the highest mean sum spectral efficiency of 20.14 bit/s/Hz.
However, its QoS satisfaction rate decreases to 87.98%, with an outage probability of 12.02%.
This behavior is expected because the sum-rate objective prioritizes aggregate throughput,
which may allocate more resources to users with better channel conditions. As a result,
some weaker users may fail to satisfy the SINR threshold.

These results clarify that QoS in the proposed framework should be interpreted as
a QoS-aware performance objective, not as an absolute hard guarantee for every UE at
every time step. This is because mobility, interference, and transmit-power limitations
may prevent all users from satisfying the SINR threshold simultaneously. Therefore, the
proposed framework evaluates QoS using QoS satisfaction rate and outage probability
rather than claiming complete QoS guarantee.

Figure 8 presents the spatial SINR heat maps obtained using the three proposed DHI
downlink power-allocation strategies: DHI-Max-Min, DHI-Max-Product, and DHI-Max-
Sum-Rate. The heat maps provide a visual interpretation of how each strategy distributes
downlink link quality across the CF-mMIMO coverage area. Unlike the CDF and PDF plots,
which summarize the statistical behavior of SINR, the heat maps show the geographical
distribution of SINR and help identify regions with strong or weak service quality.

The DHI-Max-Min heat map shows a more uniform SINR distribution across the
service area. This behavior is consistent with the objective of DHI-Max-Min, which focuses
on improving the weakest user performance. As a result, extremely low-SINR regions
are reduced, and the minimum user service is improved. However, because the strategy
allocates more resources to weaker users, it does not produce the highest SINR peaks across
the network. This confirms that DHI-Max-Min is more suitable for QoS-oriented downlink
operation rather than throughput-maximizing operation.

The DHI-Max-Product heat map shows a more balanced spatial pattern. Compared
with DHI-Max-Min, it provides higher SINR values in several regions while still avoiding
severe imbalance among users. This is because the product-based SINR objective encour-
ages the improvement of multiple users simultaneously instead of focusing only on the
weakest user or only on the strongest channel conditions. Therefore, DHI-Max-Product can
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be considered a balanced strategy for scenarios where both SINR improvement and QoS
support are required.

The DHI-Max-Sum-Rate heat map shows stronger SINR values in selected areas,
especially where AP-UE channel conditions are more favorable. This behavior is expected
because the sum-rate objective prioritizes the maximization of aggregate spectral efficiency.
However, this may create more spatial variation because users in weaker regions may
receive less relative support compared with users in stronger channel conditions. Therefore,
DHI-Max-Sum-Rate is more suitable for throughput-priority scenarios, while DHI-Max-
Min remains more appropriate for QoS-oriented service coverage.
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Figure 8. Spatial SINR heat map distribution for the proposed DHI downlink power-allocation strategies.

Overall, the heat map analysis confirms that the proposed DHI framework provides
different spatial power-allocation behaviors according to the selected strategy. DHI-
Max-Min improves spatial service uniformity, DHI-Max-Product provides a balanced
SINR distribution, and DHI-Max-Sum-Rate increases high-SINR regions to improve total
downlink throughput. These observations support the main objective of the proposed
framework, which is to provide adaptive downlink power allocation under dynamic
CF-mMIMO conditions.

T, - T
Riime(%) = ~BDPPG ~ IDHL 100 61)
Tbprc
Using this equation:
0.63 — 0.0690
DHI—Max—Product _ _ 0
Rtime ax roduc — T X 100 — 8905 /0 (62)
0.63 — 0.0696
DHI—Max—Sum—Rate _ _ 0
Rtime ax wm ae — T X 100 — 8895 /0 (63)
n _ 0.63 —0.3757
RDHI=Max=Min e X 100.=40.37% (64)

Table 6 compares the computational time of the proposed DHI strategies with the
DDPG benchmark. Computational time is an important metric for dynamic downlink
power allocation because the power-control decision must be updated within a practical
scheduling interval, especially under user mobility and time-varying channel conditions.

The results show that DHI-Max-Product and DHI-Max-Sum-Rate achieve the lowest
mean computational times, with 0.0690 s and 0.0696 s, respectively. Compared with the
DDPG benchmark, which requires 0.63 s, DHI-Max-Product reduces the mean computa-
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tional time by approximately 89.05%, while DHI-Max-Sum-Rate reduces it by approxi-
mately 88.95%. This confirms that the proposed DHI framework can provide faster online
execution for throughput-oriented downlink power allocation.

Table 6. Computational-time comparison of the proposed DHI strategies and DDPG [19].

Mean Duration

Model s) Max Duration (s) Min Duration (s) Main Interpretation
DHI-Max-Min 0.3757 0.7430 0.0001 Strongest QoS-oriented behavior,
but higher computational cost
DHI-Max-Product 0.0690 03321 0.0191 Lowest mean computational

DHI-Max-Sum-
Rate

DDPG [19]

time with balanced performance
Very low computational time
0.0696 0.3638 0.0175 with highest
throughput-oriented SE
Higher computational time than

06300 0990 the proposed DHI strategies

DHI-Max-Min records a higher mean computational time of 0.3757 s compared with
DHI-Max-Product and DHI-Max-Sum-Rate. This is expected because DHI-Max-Min fo-
cuses on minimum user service and QoS-oriented power balancing, which requires more
careful allocation to weaker users. However, DHI-Max-Min is still faster than the DDPG
benchmark, reducing the mean computational time by approximately 40.37%.

The maximum duration values further support this observation. DHI-Max-Min
reaches a maximum duration of 0.7430 s, while DHI-Max-Product and DHI-Max-Sum-Rate
require only 0.3321 s and 0.3638 s, respectively. In comparison, DDPG reaches a maximum
duration of 0.99 s. These values show that the proposed DHI strategies reduce not only
the average execution time but also the worst-case computational delay compared with
the benchmark.

The lower computational time of DHI-Max-Product and DHI-Max-Sum-Rate can be
explained by the hybrid design of the proposed framework. The SAC actor provides an
initial power-allocation decision through fast neural network inference, while L-BFGS-B
refinement improves the objective within bounded power constraints. This avoids solving
the full power-allocation problem from the beginning at every time step. Therefore, the
proposed framework separates the expensive offline training phase from the faster online
decision-making phase.

Overall, the computational-time results confirm that the proposed DHI framework
is suitable for dynamic CF-mMIMO downlink power allocation. DHI-Max-Sum-Rate is
preferable when the main objective is high spectral efficiency with low execution time,
DHI-Max-Product is suitable for balanced SINR and spectral-efficiency performance with
very low computational cost, and DHI-Max-Min is appropriate when QoS-oriented service
reliability is prioritized despite a higher computational time.

Figure 9 presents the downlink performance evolution of the proposed DHI-Max-
Min, DHI-Max-Product, and DHI-Max-Sum-Rate strategies over the simulation steps.
Figure 9a shows the moving average sum spectral efficiency, which smooths short-term
fluctuations and highlights the general performance trend of each strategy. Figure 9b
presents the instantaneous sum spectral efficiency, showing the step-by-step variation
caused by mobility, channel changes, and dynamic power-allocation decisions. The results
show that DHI-Max-Sum-Rate achieves the highest sum spectral-efficiency behavior, while
DHI-Max-Product provides a close and stable performance. In contrast, DHI-Max-Min
produces lower aggregate spectral efficiency because it prioritizes minimum user service
and QoS-oriented allocation.
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Figure 9. Evolution of downlink performance for the proposed DHI strategies.
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Figure 9c shows the estimated QoS satisfaction behavior based on the spectral-
efficiency threshold used in the evaluation, while Figure 9d presents the rolling standard
deviation of the sum spectral efficiency as a stability indicator. A lower fluctuation level
indicates more stable downlink performance over time. Overall, the figure confirms that
the proposed DHI framework can maintain stable downlink performance under dynamic
network conditions, with DHI-Max-Sum-Rate being more suitable for throughput-oriented
operation and DHI-Max-Product providing a balanced performance trend.

The overall results confirm that the proposed DHI framework provides a flexible
and adaptive solution for dynamic downlink power allocation in CF-mMIMO system:s.
Instead of using a single fixed objective, the proposed framework supports three operating
strategies: DHI-Max-Min, DHI-Max-Product, and DHI-Max-Sum-Rate. Each strategy
produces a different performance behavior according to the selected downlink objective as
shown in Table 7.

Table 7. Summary of key findings.

Strategy Main Strength Main Limitation Recommended Scenario
Lower sum spectral . .
DHI-Max-Min Highest QoS satisfaction efficiency and higher %gf;itiﬁgii?{:fslgf
and lowest outage computational time than rotection
the other DHI strategies p
Balanced SINR, QoS
: : support, spectral efficiency, Does not achieve the Balanced dynamic
DHI-Max-Product and very low highest throughput downlink operation
computational time
Highest sum spectral Lower QoS satisfaction .
DHI-Max-Sum-Rate efficiency and very low compared with Cgi?;ﬁﬁgzplzf;ggn
computational time DHI-Max-Min P

DHI-Max-Min provides the strongest QoS-oriented performance. It achieves the
highest QoS satisfaction rate and the lowest outage probability because it prioritizes the
weakest users and improves minimum user service. This makes it suitable for scenarios
where service reliability is more important than maximizing total throughput. However,
this strategy provides the lowest mean sum spectral efficiency because more power is
assigned to users with weaker channel conditions.

DHI-Max-Product provides the most balanced behavior among the three strategies. It
improves the SINR distribution across users while maintaining better spectral-efficiency
performance than DHI-Max-Min. Its low computational time also makes it suitable for
practical dynamic downlink operation. Therefore, DHI-Max-Product can be considered
an appropriate strategy when the network requires a balance between QoS support, SINR
improvement, spectral-efficiency performance, and execution time.

DHI-Max-Sum-Rate achieves the highest sum spectral efficiency. This confirms that
the sum-rate objective is effective when the main goal is to maximize aggregate down-
link throughput. However, its QoS satisfaction rate is lower than DHI-Max-Min and
DHI-Max-Product because throughput-oriented allocation may favor users with stronger
channel conditions. Therefore, DHI-Max-Sum-Rate is most suitable for throughput-priority
scenarios where maximizing total system spectral efficiency is the main requirement.

The comparison with the DDPG benchmark further confirms the advantage of the
proposed SAC-based DHI framework. DHI-Max-Sum-Rate provides stronger sum spectral-
efficiency behavior than DDPG, while DHI-Max-Product and DHI-Max-Sum-Rate achieve
much lower computational time. This improvement is mainly due to the combination
of SAC-based adaptive learning and L-BFGS-B refinement, which allows the proposed
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framework to generate effective power-allocation decisions without solving the complete
optimization problem from the beginning at every time step.

The results also clarify that QoS in this paper should be interpreted as a QoS-aware
performance objective rather than a strict guarantee for all users at all time steps. Under
mobility, interference, and bounded transmit power, it is not always feasible for every UE
to satisfy the SINR threshold simultaneously. For this reason, QoS is evaluated using QoS
satisfaction rate and outage probability. This interpretation is consistent with the reported
results and avoids over-claiming absolute QoS guarantee.

Overall, the proposed DHI framework demonstrates three main advantages. First, it
adapts to dynamic downlink conditions through SAC-based learning. Second, it provides
flexible strategy selection according to QoS-oriented, balanced, or throughput-oriented
requirements. Third, it reduces computational time compared with the DDPG benchmark,
especially for DHI-Max-Product and DHI-Max-Sum-Rate. These findings support the
suitability of the proposed framework for dynamic downlink power allocation in CF-
mMIMO systems.

6. Limitations and Practical Considerations

Although the proposed DHI framework shows promising performance for dynamic
downlink power allocation in CF-mMIMO systems, several limitations should be acknowl-
edged. First, the evaluation is based on simulation results with 64 APs and 32 UE. Larger
network sizes, heterogeneous user demands, and different mobility patterns should be
investigated in future work to further validate scalability.

Second, the system model uses an effective scalar AP-UE channel representation. This
assumption is suitable for evaluating power allocation, large-scale fading, and mobility
effects, but it does not fully capture practical multi-antenna precoding, pilot contamination,
synchronization errors, hardware impairments, or fronthaul capacity limitations.

Third, the proposed framework requires offline SAC training before online deploy-
ment. Although the trained actor can generate power-allocation decisions with low infer-
ence time, the training phase may require significant computational resources when the
network size or state dimension increases.

Fourth, QoS is treated as a QoS-aware performance objective rather than a strict
guarantee for every UE at every time step. Under mobility, interference, and bounded
transmit power, some UE may not always satisfy the SINR threshold. Therefore, QoS is
evaluated using QoS satisfaction rate and outage probability.

Finally, the benchmark comparison is mainly based on DDPG and the proposed DHI
strategies. Future work should include additional comparisons with WMMSE, fractional
programming, convex optimization, multi-agent reinforcement learning, and federated
learning approaches to provide broader validation.

7. Conclusions

In this paper, we studied the dynamic downlink power allocation in cell-free massive
multiple-input multiple-output (MIMO) networks and proposed a Deep Hybrid Intelligent
(DHI) framework, which integrates deep reinforcement single-agent learning with max-
min, max-product, and max-sum-rate strategies. The proposed framework demonstrated
promising results, with improved long-term downlink performance in spectral efficiency,
QoS support, and computational efficiency. Compared with the DDPG benchmark, the DHI-
based methods showed better spectral-efficiency behavior, achieving a mean computational
time of 0.0690 s for DHI-MAX-PROD and 0.0696 s for DHI-MAX-SUM-RATE compared to
0.63 s for DDPG. The numerical results strengthen this intuitive conclusion by highlighting
how the coupling between learning-adaptive policies and the optimization-based control
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can provide tangible gains in CF-mMIMO downlink power allocation. This work is limited
to simulation-based evaluation, the fixed network that was considered in this study, and
the limited set of benchmark comparisons. Moreover, as SAC and L-BFGS-B are integrated
together, perhaps it makes it too complex to implement in real-time, especially over big
scales. These limitations indicate helpful directions for future work: testing on larger
scenarios, more general benchmark comparisons, and implementing our solutions under
real deployment conditions.
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