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EE-SE Trade-off in Deep Learning Based URLLC

Cell-Free Massive MIMO Systems
Shuaicheng Yan, Donggen Li, Weiheng Jiang, Wenjiang Feng, Pei Xiao, Senior Member, IEEE,

Kanapathippillai Cumanan, Senior Member, IEEE, Alister Burr, Senior Member, IEEE

AbstractÐIn smart Internet of Things (IoT) factories with
dense terminal access, the communication scenarios and require-
ments differ significantly between ground terminals (GTs) and
aerial terminals (ATs). Consequently, their demands for the two
key performance indicators under URLLC constraintsÐEnergy
Efficiency (EE) and Spectral Efficiency (SE)Ðalso exhibit distinct
characteristics and variations. To achieve differentiated trade-
offs between EE and SE for these two types of terminals, this
letter proposes an unsupervised power allocation network (U-
ESTPANet) and designs a differentiated trade-off mechanism.
Compared with traditional iterative algorithms, it exhibits supe-
rior real-time performance and adaptability to complex scenarios.
In contrast to fully supervised deep neural networks, this
network can enhance the stability and real-time performance of
outputs without the need for labeled training samples. Simulation
results demonstrate that the proposed unsupervised method can
effectively optimize the spectral efficiency and energy efficiency
of the system.

Index TermsÐSmart IoT factory, energy efficiency, spectral
efficiency, unsupervised learning, differentiated trade-off.

I. INTRODUCTION

By leveraging the architectural advantages of distributed ac-

cess points (APs), the cell-free massive MIMO (CF-mMIMO)

system provides a solid foundation for large-scale dense termi-

nals in smart Internet of Things (IoT) factories. Ultra-reliable

low-latency communication (URLLC) effectively ensures real-

time and reliable data transmission in factory environments

[1]. However, the system’s high-performance requirements

significantly increase energy consumption, leading to opera-

tional costs and exacerbating environmental impact. Thus, in

resource allocation, besides spectral efficiency (SE), energy

efficiency (EE) must be fully considered to meet green com-

munication requirements.

Nevertheless, maximizing SE requires higher transmission

power, which in turn leads to a reduction in EE, thereby im-

posing a mutual constraint between the two [2], [3]. Moreover,

communication scenarios and application requirements differ

significantly across terminal types. Certain ground terminals
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(GTs) generate small data volumes and operate over extended

periods, necessitating EE operation. In contrast, certain aerial

terminals (ATs) prioritize high data throughput to support

time-critical applications, thereby emphasizing SE [4]. The

trade-off optimization between EE and SE is thus imperative.

Traditionally, the trade-off between EE and SE has been

addressed using iterative optimization algorithms, such as

swarm intelligence-based optimization algorithms (SIOAs)

and Successive Convex Approximation (SCA) [6]. However,

such algorithms generally have high complexity and face

difficulties in convergence in complex application scenarios,

making them unable to meet the strict real-time requirements

of URLLC. In recent years, deep neural networks (DNNs)

have been widely applied to resource allocation problems in

CF-mMIMO systems [5], demonstrating efficient and stable

performance advantages. DNN training typically adopts two

approaches: supervised learning and unsupervised learning.

The former requires a large amount of high-precision labeled

data, leading to high data preparation costs [7]. In contrast,

the latter optimizes the objective function by capturing the

intrinsic feature structure of data, thus exhibiting higher flex-

ibility. Nevertheless, due to the lack of guidance from labels,

unsupervised models often have insufficient generalization

capabilities [8].

Against this background, we propose an unsupervised EE-

SE trade-off power allocation network (U-ESTPANet) for GTs

and ATs in the CF-mMIMO uplink system of smart IoT

factories. The main contributions are as follows:

• We design an unsupervised power allocation network (U-

ESTPANet) to explicitly capture the distinct channel char-

acteristics of GTs and ATs. This network employs dual-

stream parallel inputs to independently extract spatial

multipath features from GT and AT channels and oper-

ates without labeled data, significantly reducing training

complexity compared to supervised learning approaches.

• We propose a weight-driven trade-off mechanism em-

bedded within the unsupervised learning framework. By

utilizing the weights to flexibly navigate the SE-EE trade-

off relationship, the network determines a target operating

point, thereby achieving a precise, customized balance

between EE and SE that addresses the differentiated

service requirements of GTs and ATs.

• Numerical simulations verify the proposed method’s ef-

fectiveness, showing it achieves differential EE-SE trade-

offs for GTs and ATs and outperforms traditional iterative

algorithms in comprehensive and real-time performance.
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Fig. 1. Smart IoT factory CF-mMIMO system.

II. SYSTEM MODEL AND PROBLEM

FORMULATION

Consider a CF-mMIMO uplink system in a smart IoT

factory scenario, where M APs with L antennas collectively

serve K terminals. These terminals include GTs and ATs, each

subject to block fading channels caused by physical obstacles

and electromagnetic interference common in industrial envi-

ronments. All APs connect to a central processing unit (CPU)

via error-free fronthaul links for joint signal processing. The

system operates in the time-division duplex (TDD) mode with

time-frequency resources partitioned into coherence blocks.

Each terminal transmits a D-bit short data packet within N

channel uses (CUs), where N = BTtm, B is the system

bandwidth [9], and Ttm is the transmission delay [10].

A. Uplink Signal Transmission

To satisfy the requirements of URLLC, pilot sequences

s(p),k ∈ C
1×n(p) and transmitted data s(d),k ∈ C

1×n(d) with

block length n(p) and n(d) are encapsulated into a short data

packet for transmission. For the k-th AT, the channel to the

m-th AP follows a Rician distribution, which is expressed as:

Hm,k =

√
ρβm,k

ρ+ 1
h

(L)
m,k +

√
βm,k

ρ+ 1
h

(N)
m,k. (1)

However, for the k-th GT, due to the obstruction of complex

terrain, the channel to the m-th AP degrades to a Rayleigh

distribution [11], i.e., ρ = 0:

Hm,k =
√

βm,kh
(N)
m,k, (2)

where ρ is the Rician factor, and βm,k denotes the large-scale

fading coefficient, which includes the path loss and shadowing

effect between the k-th terminal and the m-th AP. h
(L)
m,k =

[ejθm,k,1 , · · · , ejθm,k,L ]T ∈ C
L×1 is a random variable vector

of LoS, j =
√
−1, and θm,k,l(l ∈ {1, · · · , L}) is a random

variable uniformly distributed between [−π, π]. h
(N)
m,k ∈ C

L×1

is a NLoS random variables following an independent and

identically distributed (i.i.d.) CN (0, 1), respectively.

Thus, the received signal at the m-th AP is expressed as:

Ym =
K∑

k=1

√
pkHm,k

[
S(p),k,S(d),k

]
+

[
N(p),k,N(d),k

]
, (3)

where pk represents terminal transmission power, N(p),m ∈
C

L×n(p) and N(d),k ∈ C
L×n(d) denote the additive white Gaus-

sian noise (AWGN) of pilot and data signals with independent

and identically distributed (i.i.d.) CN (0, 1), respectively.

To avoid the impact of pilot contamination, different ter-

minals are assigned mutually orthogonal pilot signals with a

specific blocklength, i.e.,
∥∥s(p),k

∥∥2 = n(p), s(p),ks
H
(p),k̂ =

0 (k̂ ̸= k), and E(
∣∣s(p),k|2

)
= 1. The data signals s(d),k are

statistically uncorrelated with each other, i.e., E(|s(d),k|2) = 1

and E(s(d),kĵs(d),kj) = 0 (ĵ ̸= j).

In the considered CF-mMIMO system, all APs estimate the

approximate channel state via pilot signals. Herein, a low-

complexity least squares (LS) method [12] is used for channel

estimation, with the estimated channel coefficient between the

m-th AP and k-th terminal denoted by

Ĥm,k =
1

n(p)
√
pk

(√
pkHm,kS(p),k +N(p),k

) (
S(p),k

)H

= Hm,k + Ŵm,k,

(4)

where Ŵm,k =
Nm,k(S(p),k)

H

n(p)
√
pk

∈ C
L×1 is the estimation error.

To accurately determine the data, a two-stage signal de-

tection method is designed to suppress inter-user interference

(IUI) caused by all users sharing spectrum resources. Specifi-

cally, the estimated channel Ĥm,k is applied as a weight to the

received signal of each AP, and then the normalized large-scale

coefficient η̂m,k =
βm,k∑

K
q=1 βm,q

is used as an additional weight

for the CPU. However, the CPU is unaware of the actual chan-

nel Hm,k. The APs considered in this work are equipped with

large-scale antenna arrays, leading to the channel hardening

effect [13], that is, ĤH
m,kĤm,k ≈ E[ĤH

m,kHm,k]. The post-

processing signal of the k-th terminal is expressed as:

γk = (DSk)S(d),k +

K∑

i=1
i ̸=k

(ITki)S(d),i

−
K∑

i=1

(EWki)S(d),i +AWki,

(5)

where DSk =
∑M

m=1

√
pkη̂m,kĤ

H
m,kĤm,k denotes the de-

sired signal, ITki =
∑M

m=1

√
pkη̂m,iĤ

H
m,kĤm,i denotes the

IUI, EWki =
∑M

m=1

√
pkη̂m,kĤ

H
m,kŴm,i denotes the es-

timation error, and AWki =
∑M

m=1 η̂m,kĤ
H
m,kN̂m,k de-

notes AWGN, respectively. For simplicity, define EAki =
E |EWki|2 + E |AWki|2, then the signal-to-interference-plus-

noise ratio (SINR) [9] of the k-th terminal is given by

δk =
E

{
|DSk|2

}

∑K
i=1
i ̸=k

E

{
|ITki|2

}
+
∑K

i=1 EAki

. (6)
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B. Performance Analysis

In this subsection, the closed expressions of reliability,

delay, EE, and SE are formulated for the CF-mMIMO sys-

tems under URLLC constraints. Since the traditional Shannon

formula capacity is insufficient to accurately characterize the

achievable transmission rate under short data packet condi-

tions, current research typically employs the finite blocklength

(FBL) theory to characterize the short data packet transmission

error probability (EP) [4]. Specifically, the EP of the k-th

terminal is expressed as:

ϵk = Q


 log2(1 + δk)−Rk√

V (δk)
n(d)


 , (7)

where Q(c) = 1√
2π

∫∞
c

e−t2/2dt is the probability that

a random variable with independent and identically dis-

tributed CN (0, 1) exceeds a constant value c, V (δk) =[
1− (1 + δk)

−2
]
log22 e is the channel dispersion coefficient

under the FBL regime, and Rk denotes the achievable data

rate of the k-th terminal.

EE and SE are other key metrics not discussed in URLLC

requirements but play a pivotal role in system performance. In

the absence of power outage events, the system SE is expressed

as the average of the achievable rates of all users (in bps/Hz),

expressed as

SE =

∑K

k=1 Rk

K
. (8)

The system EE is defined as the ratio between the sum of

SE and the total energy consumption, denoted by (in bits/J)

EE =
B ×

∑K

k=1 Rk∑K

k=1(pkµk + σk)
, (9)

where µk denotes the reciprocal of the power amplifier

efficiency, and σk represents the static circuit power. The

denominator reflects the total user-side power consumption,

focusing on the energy expenditure of uplink terminals.

From Eqs. (7), (8) and (9), a trade-off relationship between

EE and SE is demonstrated. To facilitate joint optimization,

we propose a novel normalized metric:

Ω = Ωg +Ωa, (10)

where Ωg = (λ − αg)S̃Eg + αgẼEg and Ωa = αaS̃Ea +

(λ−αa)ẼEa. αg , αa (∈ [0, 0.5]) are the trade-off parameters,
and distinct configurations assign customized trade-off targets
to terminals. The proportional constant λ is set to 0.5. Based
on the boundary values of EE and SE obtained from dataset
statistics, the normalized SE and EE are defined as follows:

S̃Eg =
SEg − SEmin

g

SEmax
g − SEmin

g

, ẼEg =
EEg − EEmin

g

EEmax
g − EEmin

g

, (11)

S̃Ea and ẼEa follow the same principle. Finally, the opti-

mization model is formulated as

max
pk (k=1,2,...,K)

Ω,

s.t. pmin ≤ pk ≤ pmax,

tE ≤ tQoS,

ϵk ≤ ϵQoS.

(12)
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Fig. 2. The architecture of the proposed U-ESTPANet.

where pmax and pmin denote the maximum and minimum

transmission powers, tE is the end-to-end delay, tQoS and ϵQoS

represent the URLLC latency and EP constraints, respectively.

However, the fractional form of EE, defined as the ratio

of SE to power, renders the optimization non-convex. This

is further complicated by the nonlinear reliability constraint

in Eqs. (7) under FBL theory. Consequently, such joint EE-

SE problems are non-convex and intractable for traditional

iterative algorithms [2], [5]. For this reason, we adopt a deep

learning-based framework to achieve efficient solution.

III. UNSUPERVISED LEARNING FOR RESOURCE

OPTIMIZATION

To address the non-convexity of joint EE-SE optimization

and high latency of iterative algorithms, we propose an unsu-

pervised1 power allocation network (U-ESTPANet). As shown

in Fig. 2, the framework adopts a dual-stream differentiated

perception architecture and comprises three core modules:

Preprocessing Module, Independent Spatial Feature Extraction

Module, and Global Interference Modeling Module.

Let Kg and Ka denote the sets of GTs and ATs, respectively.

Given the significant divergence in their channel distributions,

we construct two parallel preprocessing pipelines to generate

independent input tensors X
(g)
k and X

(a)
k .

For an arbitrary terminal k, the complex channel matrix

is first converted to a real-valued matrix Hreal
k . To eliminate

magnitude fluctuations caused by path loss and extract pure

spatial multipath waveforms, Instance Normalization (IN) is

applied:

H̄k = InstanceNorm(Hreal
k ). H̄k ∈ R

M×2L (13)

Subsequently, to explicitly preserve macroscopic geometric

features critical for power allocation, we align the large-

scale fading coefficient βk via logarithmic mapping: ek =
log10(βk). Finally, these components are concatenated along

the feature dimension to construct physically consistent inputs:

X
τ
k = [H̄τ

k ∥ e
τ
k] ∈ R

M×(2L+1)
, τ ∈ {g, a} (14)

where [· ∥ ·] denotes the concatenation operation along the

feature dimension, and τ identifies the terminal type.

To capture the distinct spatial features of GT and AT,

two convolutional neural network mapping functions with

independent parameters are designed: Φ
(g)
CNN(·) and Φ

(a)
CNN(·):

Z
conv
k = Φτ

CNN(X
τ
k), k ∈ Kτ (15)

1Here, ªunsupervisedª means training without explicit labels by directly
optimizing the formulated loss.
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where Zconv
k ∈ R

dcnn×M denotes the intermediate feature map,

and dcnn is set to 128. Subsequently, an Attention Pooling layer

is employed to aggregate features along the AP dimension,

which suppresses noise interference from invalid APs and

generates the compact embedding vector vk ∈ R
dcnn :

vk = AttnPool(Zconv
k ). (16)

To capture global interference, terminal features are ag-

gregated into V ∈ R
K×dcnn and processed by a 2-layer

Transformer. The attention matrix at layer l is computed as:

A
(l) = softmax

(
Q(l)(K(l))T√

dcnn

)
, (17)

where Q(l) = V(l−1)WQ and K(l) = V(l−1)WK . This

mechanism captures the interference topology and yields the

context-aware features V(N) ∈ R
K×dcnn .

Finally, V(N) is fed into a shared MLP to predict normal-

ized power coefficients. A sigmoid activation is applied to

strictly satisfy power constraints [pmin, pmax]:

p = pmin + (pmax − pmin) · σ(MLP(V(N))), (18)

where σ(·) denotes the Sigmoid activation function, and the

MLP consists of a single affine transformation layer.

Accounting for the differential optimization requirements of

GTs and ATs, the loss function is formulated as [5]:

loss = γ1loss1 + γ2loss2, (19)

where loss1 = avg(ϵk − ϵQoS) (k ∈ K and ϵk > ϵQoS)

and loss2 = 1
1+Ω are designed to ensure that all terminal

devices satisfy the URLLC reliability requirements. γ1 and γ2
denote the weights of the respective loss components, which

are empirically set to 5 and 1 in this work.

IV. SIMULATIONS AND RESULTS

A. Simulation Parameter Setting

In this section, the performance of the proposed algorithm is

simulated, with specific simulation parameters listed in Table

I [14]. In particular, a CF-mMIMO uplink system with a

side length of 1000 meters is considered. In this scenario, a

total of M uniformly distributed APs are deployed to serve

K randomly distributed terminals, where the ratio of GTs to

ATs is maintained at 1:1. Referring to [15], the large-scale

fading coefficient between the k-th terminal and the m-th AP

is modeled as:

βk,m = −30.5− 37.6 log10(dk,m) + Ψ, (20)

where di,j denotes the distance (in meters) between the i-th

user equipment and the j-th access point, and Ψ is the shadow

fading coefficient with a standard deviation of 8.

B. Analysis of Experimental Results

This subsection evaluates U-ESTPANet against maximum

power and CVX-solved SCA baselines, focusing on the EE-

SE trade-off for GTs and ATs under strict URLLC constraints.

In terms of network configuration, we set the batch size to

8, the initial learning rate to 0.001, and the training duration

Table I. Simulation Parameters

Parameters Value

Carrier frequency (GHz) 1.9
Bandwidth (MHz) 10
Frame length of data (bits) 32
Frame length of pilot (bits) 64
Delay constrain of URLLC (ms) 0.5
Blocklength of data (CUs) 2000

Error probability constraint of URLLC 10
−5

Number of antennas per AP 16
Number of APs 64
The ratio of ATs to GTs 1:1
Maximum transmission power (W) 1
Minimum transmission power (W) 0.001

Fig. 3. Comparison of SE and EE across the number of GTs.

Fig. 4. Comparison of SE and EE across the number of ATs.

to 200 epochs, utilizing the Adam optimizer for acceleration.

Regarding the dataset, 1500 sets of large-scale coefficients are

generated according to Eq. (20) and divided into training and

testing sets with a 9:1 ratio. The simulations are conducted on

a computing platform equipped with an Intel i7 processor (2.10

GHz), 8 GB RAM, and a GTX 2060 GPU, using PyCharm

2023.2.1. Additionally, for the sake of intuitive visualization,

we uniformly set αg and αa as α in this analysis.

Figs. 3 and 4 show the comparison results of SE and EE

for GTs and ATs under different quantities, where the trade-

off parameter α = 0.25 (representing the maximum trade-off

between SE and EE). As the number of terminals K increases,

the interference between devices gradually intensifies, leading
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Fig. 5. Comparison of SE and EE across α in GTs.

Fig. 6. Comparison of SE and EE across α in ATs.

to a decrease in SINR and data rate. Consequently, both EE

and SE of all power allocation schemes show a downward

trend with the increase of K, thereby reducing the optimization

objective Ω.

Relative to the pmax benchmark, U-ESTPANet improves

both the EE and SE for GTs and ATs by effectively max-

imizing the optimization objective Ω, though performance

gains diminish as the system scales. Regarding computational

overhead, the SCA algorithm, with a per-iteration complexity

of O(K3), incurs prohibitive latencies of 4.23 s at K = 10 and

14.21 s at K = 60 after 20 iterations, failing to satisfy strict

URLLC requirements. In contrast, the proposed unsupervised

model executes a single forward inference with O(KML +
lK2dcnn) complexity without requiring label generation. It

achieves a stable average runtime of 0.36 ms, providing a

reliable solution for URLLC systems in IoT factories.

Figs. 5 and 6 illustrate performance variations against α for

K = 50 devices. At this scale, the traditional SCA algorithm

fails to fully converge, yielding oscillating and inferior results.

In contrast, U-ESTPANet remains stable and enables flexible

resource reconfiguration: a higher setting (α = 0.4) prioritizes

energy efficiency for GTs (EE ≈ 2715 kbits/J), whereas a

lower setting (α = 0.1) maximizes throughput for ATs (SE

≈ 0.44 bps/Hz). This verifies U-ESTPANet’s superiority in

convergence stability and differentiated EE-SE trade-offs.

V. CONCLUSION

We propose U-ESTPANet, an unsupervised deep learning

framework optimizing the EE-SE trade-off in URLLC CF-

mMIMO uplinks. By tailoring power allocation to diverse

terminal requirements, it overcomes the limited adaptabil-

ity of traditional iterative algorithms. It enhances real-time

performance and eliminates labeled data preparation costs.

Simulations confirm it substantially optimizes EE and SE

while maintaining stability.

By learning channel state-to-power mappings, U-ESTPANet

generalizes to other URLLC scenarios (e.g., smart grids) and

adapts to various constraints by adjusting objective functions.

This efficient solution highlights the broad prospects of unsu-

pervised learning in next-generation networks.
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