_ ISSN 1673-5188
An International ICT Journal CN 34-1294/TN

Featuring Industry-University-Institute Cooperation

Hr 4R IR B AR (2 3ChR )

http://zte.magtechjournal.com December 2025, Vol. 23 No. 4

Special Topic:
New Generation FTTR Communication and
Networking Technology

(See Fig. 1 on P. 50)
ISSN1673-5188

|‘ ‘ ‘ |‘ i

518253

9”771 67



The 10th Editorial Board of ZTE Communications

Chairman

Vice Chairmen

GAO Wen, Peking University (China)

XU Ziyang, ZTE Corporation (China) | XU Chengzhong, University of Macau (China)

Members (Surname in Alphabetical Order)

Al Bo

CAO Jiannong
CHEN Chang Wen
CHEN Yan

CHI Nan

CUI Shuguang
GAO Wen

GAO Yang

GAO Yue

FANG Rong

GE Xiaohu

HE Yejun

Victor C. M. LEUNG
LI Xiangyang
LIAO Yong

LIN Xiaodong
LIU Chi

LIU Jian

LIU Yue

MA Jianhua

MA Zheng

PAN Yi

PENG Mugen
REN Fuji

REN Kui

SHENG Min

SU Zhou

SUN Huifang

SUN Zhili

TAO Meixia
WANG Chengxiang
WANG Haiming
WANG Xiang
WANG Xiyu
WANG Yongjin
XU Chengzhong
XU Ziyang

YANG Kun

YU Hongfang
YUAN Jinhong
ZENG Wenjun
ZHANG Honggang
ZHANG Jianhua
ZHANG Rui
ZHANG Wengqgiang
ZHANG Yueping
ZHOU Wanlei
ZHUANG Weihua

Beijing Jiaotong University (China)

The Hong Kong Polytechnic University (China)

The Hong Kong Polytechnic University (China)
Northwestern University (USA)

Fudan University (China)

UC Davis (USA) and The Chinese University of Hong Kong, Shenzhen (China)
Peking University (China)

Nanjing University (China)

Fudan University (China)

ZTE Corporation (China)

Huazhong University of Science and Technology (China)
Shenzhen University (China)

The University of British Columbia (Canada)

University of Science and Technology of China (China)
Chongqing University (China)

ZTE Corporation (China)

Beijing Institute of Technology (China)

ZTE Corporation (China)

Beijing Institute of Technology (China)

Hosei University (Japan)

Southwest Jiaotong University (China)

Shenzhen University of Advanced Technology, Chinese Academy of Sciences (China)
Beijing University of Posts and Telecommunications (China)
Tokushima University (Japan)

Zhejiang University (China)

Xidian University (China)

Xi’an Jiaotong University (China)

Pengcheng Laboratory (China)

University of Surrey (UK)

Shanghai Jiao Tong University (China)

Southeast University (China)

Southeast University (China)

ZTE Corporation (China)

ZTE Corporation (China)

Nanjing University of Posts and Telecommunications (China)
University of Macau (China)

ZTE Corporation (China)

University of Essex (UK)

University of Electronic Science and Technology of China (China)
University of New South Wales (Australia)

Eastern Institute of Technology, Ningbo (China)

Macau University of Science and Technology (China)
Beijing University of Posts and Telecommunications (China)
The Chinese University of Hong Kong, Shenzhen (China)
Fudan University (China)

Nanyang Technological University (Singapore)

City University of Macau (China)

University of Waterloo (Canada)



CO NTE NTS ZTE COMMUNICATIONS
December 2025 Vol. 23 No. 4 (Issue 93, End of Volume)

Special Topic »

Research Papers »

Roundup »

New Generation FTTR Communication and Networking Technology

01 Editorial GE Xiaohu, ZHONG Yi
03 PON Monitoring Scheme Based on TGD-OFDR with High Spatial Resolution and Dynamic Range
ZHU Yidai, FAN Xinyu, ZHU Songlin, DONG Jiaxing, LI Guogiang, HE Zuyuan
10 Insights on Next Generation WLAN: High Experiences (HEX)
YANG Mao, LI Bo, YAN Zhongjiang
16 FTTR-MmWave Architecture for Next-Generation Indoor High-Speed Communications
CHEN Zhe, ZHOU Peigen, WANG Long, HOU Debin, HU Yun, CHEN Jixin, HONG Wei
27 A Transformer-Based End-to-End Receiver Design for Wi-Fi 7 Physical Layer
LIU Yichen, GAO Ruixin, ZENG Chen, LIU Yingzhuang
37 Root Cause Analysis of Poor FTTR Quality Based on Transformer Mechanisms
YU Weichao, LIU Yang, ZHANG Junxiong, YE Junliang, GE Xiaohu
48 QoS-Aware Energy Saving Based on Multi-Threshold Dynamic Buffer for FTTR Networks
CAI Jinhan, ZAN Mingyuan, SHEN Gangxiang
65 C-WAN for FTTR: Enabling Low-Overhead Joint Transmission with Deep Learning
ZHANG Yang, CEN Zihan, ZHAN Wen, CHEN Xiang

77 Empowering Grounding DINO with MoE: An End-to-End Framework for Cross-Domain Few-Shot
Object Detection DONG Xiugang, ZHANG Kaijin, NONG Qingpeng, JU Minhan, TU Yaofeng
86 Shortened PAC Codes and List Decoding
LIU Aolin, FENG Bowen, LIANG Chulong, XU Jin, ZHANG Qinyu
97 Full-Duplex Massive MIMO Self-Interference Suppression Based on Beamforming
ZHANG Boyu, ZHANG Ling, LI Zijing, SHEN Ying
110 A Root Cause Analysis Framework for Microservice Systems with Multimodal Data

LI Yingke, HAN Jing, SUN Yongqian, SHI Binpeng, GONG Zican

I Table of Contents for Volume 23, 2025

Serial parameters: CN 34-1294/TN*2003+q*16+122*en*P+¥30.00%2200%12% 2025-12

Submission of a manuscript implies that the submitted work has not been published before (except as part of a thesis or lecture note or report or in the form of an
abstract); that it is not under consideration for publication elsewhere; that its publication has been approved by all co-authors as well as by the authorities at the
institute where the work has been carried out; that, if and when the manuscript is accepted for publication, the authors hand over the transferable copyrights of the
accepted manuscript to ZTE Communications; and that the manuscript or parts thereof will not be published elsewhere in any language without the consent of the
copyright holder. Copyrights include, without spatial or timely limitation, the mechanical, electronic and visual reproduction and distribution; electronic storage and
retrieval; and all other forms of electronic publication or any other types of publication including all subsidiary rights.

Responsibility for content rests on authors of signed articles and not on the editorial board of ZTE Communications or its sponsors.

5101e en.l. This magazine is a free publication for you. If you do not want to receive it in the future, you can send the “TD unsubscribe” mail to
m magazine@zte.com.cn. We will not send you this magazine again after receiving your email. Thank you for your support.



ZTE Communications Guidelines for Authors

Remit of Journal

ZTE Communications publishes original theoretical papers, research findings, and surveys on a broad range of communications
topics, including communications and information system design, optical fiber and electro-optical engineering, microwave
technology, radio wave propagation, antenna engineering, electromagnetics, signal and image processing, and power engineering.
The journal is designed to be an integrated forum for university academics and industry researchers from around the world.

Manuscript Preparation

Manuscripts must be typed in English and submitted electronically in MS Word (or compatible) format. The word length is
approximately 3 000 to 8 000, and no more than 8 figures or tables should be included. Authors are requested to submit mathematical
material and graphics in an editable format.

Abstract and Keywords

Each manuscript must include an abstract of approximately 150 words written as a single paragraph. The abstract should not
include mathematics or references and should not be repeated verbatim in the introduction. The abstract should be a self-contained
overview of the aims, methods, experimental results, and significance of research outlined in the paper. Three to eight carefully
chosen keywords must be provided with the abstract.

References

Manuscripts must be referenced at a level that conforms to international academic standards. All references must be numbered
sequentially intext and listed in corresponding order at the end of the paper. References that are not cited in-text should not be
included in the reference list. References must be complete and formatted according to ZTE Communications Editorial Style. A
minimum of 10 references should be provided. Footnotes should be avoided or kept to a minimum.

Copyright and Declaration

Authors are responsible for obtaining permission to reproduce any material for which they do not hold copyright. Permission
to reproduce any part of this publication for commercial use must be obtained in advance from the editorial office of ZTE
Communications. Authors agree that a) the manuscript is a product of research conducted by themselves and the stated co-authors;
b) the manuscript has not been published elsewhere in its submitted form; ¢) the manuscript is not currently being considered for
publication elsewhere. If the paper is an adaptation of a speech or presentation, acknowledgement of this is required within the paper.
The number of co-authors should not exceed five.

Content and Structure

ZTE Communications seeks to publish original content that may build on existing literature in any field of communications.
Authors should not dedicate a disproportionate amount of a paper to fundamental background, historical overviews, or chronologies
that may be sufficiently dealt with by references. Authors are also requested to avoid the overuse of bullet points when structuring
papers. The conclusion should include a commentary on the significance/future implications of the research as well as an overview
of the material presented.

Peer Review and Editing
All manuscripts will be subject to a two-stage anonymous peer review as well as copyediting, and formatting. Authors may be
asked to revise parts of a manuscript prior to publication.

Biographical Information
All authors are requested to provide a brief biography (approx. 100 words) that includes email address, educational background,
career experience, research interests, awards, and publications.

Acknowledgments and Funding
A manuscript based on funded research must clearly state the program name, funding body, and grant number. Individuals who
contributed to the manuscript should be acknowledged in a brief statement.

Address for Submission
http://mc03.manuscriptcentral.com/ztecom



New Generation FTTR Communication and Networking Technology | Special Topic

Special Topic on

GE Xiaohu, ZHONG Yi

New Generation FTTR Communication and
Networking Technology

0 Guest Ed'tors T

"’ GE Xiaohu
e

he convergence of optical and wireless technologies is
driving the evolution of intelligent indoor networks,
with Fiber-to-the-Room (FTTR) emerging as a key ar-
chitecture for delivering gigabit connectivity in both
home and enterprise environments. By deploying optical fiber
directly to rooms and integrating it with advanced wireless so-
lutions such as millimeter-wave and Wi-Fi 7, FTTR enables
next-generation applications, including immersive Virtual Re-
ality (VR)/Augmented Reality (AR) and industrial Internet of
Things (IoT). Nevertheless, its large-scale deployment pres-
ents challenges in network management, energy efficiency, in-
terference mitigation, and intelligent root cause analysis.

Following a rigorous review process, seven high-quality pa-
pers have been selected for this special issue. These works ad-
vance FTTR technology through contributions spanning physi-
cal layer monitoring, receiver design, energy-saving mecha-
nisms, and artificial intelligence (AT) -driven optimization.

The first paper, “PON Monitoring Scheme Based on TGD-
OFDR with High Spatial Resolution and Dynamic Range,” in-
troduces a time-gated digital optical frequency-domain reflec-
tometry (TGD-OFDR) system that decouples spatial resolution
from pulse width. This breakthrough achieves both 0.3 m reso-
lution and 30 dB dynamic range, substantially enhancing pas-
sive optical network (PON) monitoring capabilities.

DOI:10.12142/ZTECOM.202504001
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The second paper, “Insights on Next Generation WLAN:
High Experiences (HEX),” identifies poor quality of experi-
ence (QoE) as the primary challenge in current wireless local
area network (WLAN) systems. The authors propose making
high experiences (HEX) the core objective for next-generation
networks through systematic architectural improvements.

The third paper, “FTTR-MmWave Architecture for Next
Generation Indoor High-Speed Communications,” proposes
a hybrid FTTR-millimeter-wave architecture, leveraging
mmWave ’ s natural isolation to reduce interference while
supporting multi-gigabit rates for ultra-high-speed indoor
communications.

The fourth paper, “A Transformer-Based End-to-End Re-
ceiver Design for Wi-Fi 7 Physical Layer,” proposes a
Transformer-based receiver for Wi-Fi 7 that directly decodes
Orthogonal Frequency Division Multiplexing (OFDM) signals
without channel estimation, achieving significant performance
gains over conventional designs.

The fifth paper, “Root Cause Analysis of Poor FTTR Qual-
ity Based on Transformer Mechanisms,” addresses network
maintenance challenges in FTTR deployments. The authors
develop a multi-task Transformer model that achieves an ac-
curacy of 96.75% in identifying degraded access points and
classifying root causes, outperforming traditional methods
significantly.

The sixth paper, “QoS-Aware Energy Saving Based on
Multi-Threshold Dynamic Buffer for FTTR Networks,” tackles
energy efficiency in dense FTTR deployments. The proposed
Multi-threshold Buffer Energy Saving (MBES) scheme intro-
duces dynamic buffer thresholds to enable intelligent sleep
cycle management while maintaining strict QoS requirements,
achieving energy savings of up to 17.75%.

ZTE COMMUNICATIONS | 01
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The seventh paper, “C-WAN for FTTR: Enabling Low-
Overhead Joint Transmission with Deep Learning,” presents
a centralized wireless access network solution that ad-
dresses synchronization and channel state information over-
head in multi-access point (AP) coordination. The proposed
deep learning model reduces sounding overhead while main-
taining transmission performance.

In conclusion, this special issue provides comprehensive
coverage of recent advances in FTTR and integrated fiber-
wireless systems. We believe that these contributions will
serve as valuable references for researchers, engineers, and in-
dustry professionals working toward next-generation communi-
cation networks. We extend our sincere gratitude to the au-
thors, reviewers, and editorial team members for their dedi-
cated efforts in making this special issue possible.
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Abstract: Conventional optical time-domain reflectometry (OTDR) schemes for passive optical network (PON) link monitoring are limited by in-
sufficient dynamic range and spatial resolution. The expansion of PONs, with increasing optical network units (ONUs) and cascaded splitters, im-
poses even more stringent demands on the dynamic range of monitoring systems. To address these challenges, we propose a time-gated digital op-
tical frequency-domain reflectometry (TGD-OFDR) system for PON monitoring that effectively decouples the inherent coupling between spatial
resolution and pulse width. The proposed system achieves both high spatial resolution (~0.3 m) and high dynamic range (~30 dB) simultaneously,
marking a significant advancement in optical link monitoring.

Keywords: passive optical network (PON); time-gated digital optical frequency-domain reflectometry (TGD-OFDR); dynamic range; spa-
tial resolution
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1 Introduction
ptical fiber, serving as a key transmission medium in
communication links, is widely deployed in data com-
munication networks owing to its advantages, includ-
bandwidth, low loss,
interference capability, low cost, material abundance, and lon-

ing large strong anti-
gevity. Its deployment in backbone and metropolitan area net-
works has significantly increased data bandwidth while reduc-
ing operational costs.

Leveraging the abundant broadband resources of optical fi-
ber, passive optical network (PON) technology has gained
prominence since its inception. As a point-to-multipoint
(P2MP) optical access technology, PON comprises an optical
line terminal (OLT) at the central office, optical network units
(ONUs) at user premises, and an optical distribution network
(ODN). To ensure reliable operation of diverse PON services
and enhance network stability, online monitoring of each PON
link status is essential. This enables the prediction of potential
optical link issues and facilitates timely corrective actions to

This work was supported by ZTE and Shanghai Jiao Tong University Col-
laborative Laboratory under Grant No. 1A20241205014.

guarantee service quality.

Traditional link monitoring primarily relies on optical time-
domain reflectometry (OTDR)™. By launching optical pulses
and analyzing the time-domain Rayleigh backscattered signal
intensity, OTDR assesses link conditions, including attenua-
tion, loss, and breaks. While achieving detection ranges of
tens of kilometers, OTDR typically provides meter-scale spa-
tial resolution.

However, a fundamental trade-off exists in OTDR between
dynamic range and spatial resolution, constrained by the optical
pulse width. The optical splitters inherent in PON architecture
introduce additional losses, demanding a higher system dy-
namic range. Furthermore, the meter-scale spatial resolution of
OTDR poses significant limitations in PONs with numerous ter-
minals. These limitations impede the development of advanced
PON monitoring solutions.

Several approaches have been proposed to address these
challenges. For instance, tunable-wavelength OTDR"™ assigns
distinct detection wavelengths to different ONUs. Alternatively,

Bl assign unique codes to branch links

pulse coding techniques
and increase the effective probe power, thereby boosting the

system dynamic range. Continuous-wave optical frequency-

ZTE COMMUNICATIONS | 03
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domain reflectometry (OFDR) enables high-spatial-resolution
PON monitoring by utilizing the unique Rayleigh backscatter
spectral “fingerprint” of individual fibers beyond the splitter',
This approach offers high precision and can discern unique
Rayleigh characteristics amidst overlapping signals from mul-
tiple fibers, serving as a powerful tool for real-time monitoring
and individual event detection in PON. However, these stud-
ies’ # still fail to achieve simultaneous long-distance reach,
high dynamic range, and high spatial resolution”’. Furthermore,
the number of ONUs that can be effectively monitored by these
methods is limited. As the splitting ratio and number of cas-
caded splitters increase, the resulting higher insertion loss im-
poses stricter demands on the system dynamic range.

In a typical PON, the optical link needs to span up to 30 km.
As the network gradually expands and the number of users in-
creases, the use of two-stage 1:8 optical splitters to connect 64
ONUs has become a standard configuration. Considering such a
PON structure featuring an optical fiber link exceeding 30 km
and incorporating two stages of 1:8 optical splitters, as depicted
in Fig. 1, a dynamic range of at least 26 dB is essential. This
budget comprises 20 dB for the two-stage splitters and 6 dB for
fiber transmission loss (0.2 dB/km @1 550 nm). Additionally, a
spatial resolution finer than 0.3 m is required for detailed event
monitoring. The high-spatial-resolution requirement renders
OTDR inadequate. Conversely, long-distance OFDR detection
is plagued by phase noise, limiting its achievable dynamic
range. To meet these demanding requirements, we introduce a
time-gated digital optical frequency-domain reflectometry
(TGD-OFDR) system into PON. TGD-OFDR enables a long-
distance link monitoring scheme achieving simultaneous high
dynamic range and high spatial resolution. Since TGD-OFDR
was first proposed by LIU et al. in 2015, many studies have
been undertaken with the aim of improving the performance of
the system. XIAO et al. employed a commercial integrated tun-
able laser assembly (ITLA) with a 100 kHz linewidth and in-
troduced a frequency-domain reciprocal distortion phase noise
compensation (FDRD-PNC) algorithm to improve the signal-to-
noise ratio'’. Consequently, a dynamic range of 21.8 dB and a
spatial resolution of 3.48 m were achieved over
a 50 km measurement fiber. Moreover, LUO et
al. proposed a novel frequency-sweeping
method by incorporating a frequency-shifting ARRRRARA s

loop into the system to mitigate fading noise!®., i Laser | § Modulator | > (Q>

This scheme effectively suppressed fading
noise without compromising spatial resolution,
thereby enabling high-performance acoustic
wave detection with high-frequency response.
A spatial resolution of 1.43 m was achieved.
For the inspection of PON structures,
FONTAINE et al. employed a polarization-
diversity coherent OFDR system to identify fi-
bers and detect events in a 1:32 split PON".
They characterized an ODN spanning 21 km

04 ZTE COMMUNICATIONS
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with a 1:32 split ratio, achieving a spatial resolution of less than
0.5 m and a dynamic range exceeding 35 dB.

In this study, we first provide a brief introduction to the prin-
ciples of the TGD-OFDR system and the methodology for con-
structing a noise-incorporated simulation model. Subsequently,
we establish the simulation model and analyze the impact of
key parameters, including laser linewidth, pulse width, and
splitting ratio, on the system’s dynamic range.

Through simulations conducted under a 100 kHz laser line-
width condition, we demonstrate that the TGD-OFDR system
meets the target specifications of 30 dB dynamic range and 0.3 m
spatial resolution, validating its feasibility for high-precision dis-
tributed sensing applications.

2 Theory

TGD-OFDR launches a long-pulse frequency-swept probe
into the fiber. By demodulating the returned Rayleigh backscat-
ter signal via digital-domain heterodyne detection, it decouples
spatial resolution from pulse width and mitigates the limiting
impact of phase noise on the dynamic range. This section
briefly introduces the basic principle of TGD-OFDR and estab-
lishes a preliminary simulation model incorporating phase noise.

Fig. 2 illustrates the basic structure of a TGD-OFDR system.
An arbitrary waveform generator (AWG) generates a linear
frequency-swept radio frequency (RF) pulse to drive an optical

ODN: optical distribution network

OLT: optical line terminal

ONU: optical network unit

OTDR: optical time-domain reflectometry

Figure 1. Structure of a typical passive optical network (PON)

Q O

Fiber under test

LFM pulse

<e= il - - IZ>E AWG !

ADC: analog-to-digital converter
AWG: arbitrary waveform generator

[ BPD } ----- 3 ADC

e %

BPD: balanced photodetector
LFM: linear frequency modulation

..........

Figure 2. Basic structure of a time-gated digital optical frequency-domain reflectometry

(TGD-OFDR) system
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modulator, producing a linear frequency-swept optical pulse.
The AWG-generated electrical signal is:

S(l) — W(;)ej[Z‘rr/;,l+TrKlz] (l),

P

where W (*) is the window function controlling the pulse shape
over the pulse duration [0, 7], f; is the RF starting frequency,
and « is the frequency sweep rate. The resulting modulated op-
tical field is:

t ilot +2mfyt + wrt?
Ep(0) = [P W |elors 2o me] 2),

P

where P, and w, are the power and frequency of the probe light
(continuous-wave carrier), respectively. After Rayleigh back-
scattering occurs along the fiber, the total backscattered optical
field returning to the receiver is:

N

i=1EiW

E,(t)=

]

T

P

[ TL-)ej[a}’(l—T‘)+211f0(t—T,)+'rrK(t—T,)2] (3)

where N is the total number of scattering points, E, is the ampli-
tude of the field from the i-th point (determined by the local
Rayleigh scattering coefficient and accumulated fiber transmis-
sion loss up to that point), and 7, is the round-trip time delay to
the i-th scattering point. The returned backscattered light is
combined with a portion of the original probe light (local oscilla-
tor, LO) and detected by a balanced photodetector (BPD). The
BPD converts the optical interference into an electrical signal:

i(t) =

N AiW(z ;Ti)sinbwfo(t —7 )+ ak(t -7 - 0.7,]4),

i=1
P

where A, is the amplitude converted by the BPD.
A continuous digital replica of the frequency-swept signal
is generated. This digital signal is mixed (multiplied) with the
acquired electrical signal as shown in Eq. (4). This mixing pro-
cess effectively down-converts the linear
frequency-swept components into distance-
dependent single-frequency signals. The
sweep rate of this digital replica matches 4
that of the optical probe signal, as illus- A
trated in Fig. 3. The resulting beat fre-
quency for each scattering point is directly
proportional to its distance along the fiber.
The amplitude of the signal component at
frequency f; reflects the local Rayleigh scat-

tering coefficient at point ¢ and the accumu-

digital signal yields a frequency spectrum. The amplitude and
frequency of each peak in this spectrum correspond to the
scattering strength and location, respectively, of each point
along the optical fiber, thus providing the distributed Rayleigh
backscatter profile.

The preceding derivation neglects phase noise. However, for
practical simulation, time discretization is required. Conse-
quently, we establish the simulation model as follows. The sens-
ing fiber is divided into N discrete scattering units, each of
length L, . Computational constraints prevent setting L to be ex-
tremely small (i.e., much smaller than the incident optical wave-
length A). However, provided L, is much smaller than the spa-
tial extent (coverage length) of the detection pulse, the statisti-
cal properties of the Rayleigh backscatter remain valid. Owing
to inherent non-uniformities in the fiber drawing process and
potential variations in temperature and strain along the fiber,
the refractive index n; within each scattering unit i is not con-
stant. The average core refractive index is typically 1.45. Each
scattering unit is represented by a single effective scattering
point, from which all scattered light originating within that unit
is assumed to emanate. The position of the scattering point
within its unit is defined by an offset 6L
unit’s input end. These offsets are independent and identically

.» measured from the
distributed (i.i.d.) random variables, each uniformly distributed
over [0, L,). The Rayleigh scattering coefficient for each scatter-
ing point is also modeled as an i.i.d. random variable with a uni-
form distribution. The round-trip time delay 7, for light propa-
gating from the fiber input end to the i-th scattering point and
back is given by:

i-1
B szx et OL,n;
T, =
¢

(5).

Therefore, the backscattered field in Eq. (3) can be ex-
pressed as:

Ey(1) = 2;\:01«/?1'\/;1'EP(£ -7;) (6),

where «; is the loss coefficient of the scattered light from the

Digital local
oscillator

/ Backscattering 2

lated transmission loss from the beginning
of the fiber to that point. Finally, applying a
Fourier transform to the down-converted

Figure 3. Schematic diagram of digital domain frequency-swept signal
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i-th point along the entire optical path:
I a 2i
o = (1010) )

where « is the unit loss of optical fiber, normally taken as
0.2 dB/km@1 550 nm.

The phase noise ¢(k), arising from the laser’s finite line-
width, is modeled as a Wiener process affecting the instanta-
neous electric field of the probe light. Its increment ¢ (k - k,) —
¢ (k — k) follows a normal distribution with a mean value of 0
and a variance of 2wAv(k, = k, )T, where Av is the linewidth.
By generating k independent and identically distributed random
variables @ following N (0,2wAvT,) and accumulating them,
the phase noise can be obtained:

d(h)=>" @, (8).

By substituting the phase noise into Eqs. (2) and (3), and re-
vising Eq. (4) according to the distances of scattering points in
the discrete case, we obtain:

i(k)=n(k)+ R [y Ja, sk -

Tl)e/'[*w,r‘ +d(k-7,)- (k)] (9)7

where R = 2G - R - mm, in which G is the gain of the
BPD. Since the BPD gain amplifies both the signal and noise
equally, it does not affect the signal-to-noise ratio (SNR). There-
fore, in the simulation, we set the BPD gain to unity (i.e., 1) for
simplified analysis without loss of generality. R is the responsiv-
ity of the BPD, which is set to 0.9 A/W in the simulation. The
system noise, denoted by 7, incorporates the effects of thermal
noise, shot noise and amplified spontaneous emission (ASE)

noise. Eq. (9) can be rewritten in the form of convolution"%:

i(k)=n(k) + R[s'(k) @ h(k)]-e" (10),

where s"(k) = s(k)-e*", which implies that the phase noise of
the laser is imposed on the phase of the electrical signal; h(k)
represents the impulse response of the opti-

cal fiber:

LY iny, +8L,n,

h(k)= [y, Jo & e (1),

First, the system bandwidth B is set ac-
cording to the total sampling rate of the simu-
lation model and its corresponding sampling
time interval T'. The length of the optical fi-
ber scattering unit L, is defined as T, /2n.

AOM: acousto-optic modulator
AWG: arbitrary waveform generator

EDFA: Erbium-doped fiber amplifier

The total fiber length is set, and the total
number of scattering points N is calculated.
Finally, the position distribution, scattering
rate distribution and attenuation distribution
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of the scattering points are defined according to Eqgs. (5) and
(7). These distributions are substituted into Eq. (11) to obtain
the optical fiber impulse response h(k).

Subsequently, we generate the frequency-swept pulsed light.
First, a single-frequency continuous light is generated accord-
ing to the incident light wavelength and the speed of light. Ac-
cording to Eq. (8), the phase noise corresponding to the total du-
ration of the optical signal is generated and imposed on the
phase of the optical signal. Then we generate the corresponding
window signal mask W (+) based on the rise time, fall time, and
acousto-optic modulator (AOM) extinction ratio. The above in-
formation is substituted into Eq. (1) to generate the frequency-
swept electrical signal s(%).

Finally, we convolve the frequency-swept electrical signal
s(k) with the optical fiber impulse response h(k), and calculate
the amplitude coefficient R resulting from the optical power, PD
gain, and responsivity. Then, according to Eq. (10), we superim-
pose the phase noise term and other noise terms n(%), and fi-

nally obtain the photocurrent from coherent reception.

3 Simulation

In conventional TGD-OFDR systems, the frequency-swept
pulse is directly applied to the AOM. However, due to the limi-
tations in the operating frequency and bandwidth of the AOM,
the frequency sweep range of the system cannot exceed hun-
dreds of MHz. To achieve a wide-range frequency sweep, we
have modified the system architecture as illustrated in Fig. 4.
A continuous frequency-swept optical signal is modulated via
an in-phase/quadrature (IQ) modulator, followed by an
injection-locked scheme for amplification and filtering. Subse-
quently, the AOM is utilized to extract the pulsed signal. After
being amplified by the Erbium-doped fiber amplifier (EDFA),
the probe signal is injected into the fiber under test for sens-
ing, and is received with the local signal through a polarization
diversity receiver (PDR). In this scheme, the AOM functions
solely as a high-speed optical switch. The overall frequency
sweep range of the system is determined by the bandwidth of
the modulator and the performance of the AWG, thereby sub-
stantially elevating the upper limit of the sweep range.

FUT: fiber under test
1Q: in-phase/quadrature
PDR: polarization diversity receiver

Figure 4. Structure of a simulated time-gated digital optical frequency-domain reflectometry

(TGD-OFDR) system
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The simulation platform was developed
within the MATLAB environment. The key
simulation parameters are shown in Table 1.

For computational efficiency in the
simulation, the fiber link was first mod-
eled as three concatenated 1 km fiber seg-
ments with 10 dB insertion loss at each
splicing point to emulate the power attenu-
ation caused by optical splitters in practi-
cal deployments; 100 independent mea-
surements were averaged to enhance sys-
tem performance. Using these parameters,
the dynamic range performance was simu-
lated for different laser linewidths (100 Hz
to 1 MHz), pulse widths (10 ws to 100 ws),
and splitting ratios (1:99, 10:90, and
50:50), respectively.

1) Linewidth

The incident optical power was fixed at
0 dBm and the pulse width at 100 ps. The
laser linewidth was varied sequentially from
100 Hz to 1 MHz, increasing by a factor of
ten at each step. Representative Rayleigh
spectra are shown in Fig. 5. The correspond-
ing dynamic ranges are compiled in Table 2.
It is evident that a tenfold increase in laser
linewidth results in an approximate 5 dB de-
crease in the dynamic range.

2) Pulse width

The laser linewidth was fixed at 1 kHz,
the source optical power at 0 dBm, and
the splitting ratio between the LO path
and the sensing path at 10:90. The pulse
width was varied from 10 ps to 100 ps.
Rayleigh spectra obtained for different pulse

widths are shown in Fig. 6. The resulting dy-

Table 1. Key parameters for the proposed TGD-
OFDR simulation model

Parameter Value
Sampling rate 8 GS/s
Wavelength 1550 nm
Speed of light 299 792 458 m/s
Extinction ratio (AOM) 40 dB
Operating frequency (AOM) 80 MHz
Gain (EDFA) 30 dB
Detection optical power 0 dBm
Fiber attenuation 0.2 dB/km

AOM: acousto-optic modulator
EDFA: Erbium-doped fiber amplifier
TGD-OFDR: time-gated digital
optical frequency-domain reflectometry
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Figure 5. Simulated Rayleigh spectra with different laser linewidths

Table 2. Statistics of dynamic ranges with different linewidths

Linewidth 100 Hz 1 kHz 10 kHz 100 kHz 1 MHz
Dynamic range/dB 44.527 2 39.9212 34.6192 29.396 1 23.8416
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Figure 6. Simulated Rayleigh spectra with different pulse widths
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Table 3. Statistics of dynamic ranges with different pulse widths

10
33.014 6

20
352348

Pulse width/ps 50

37.1523

100
39.9212

Dynamic range/dB

namic ranges are compiled in Table 3. As the pulse width in-
creases, the system’s dynamic range improves. This is because
TGD-OFDR shares similarities with OTDR, which utilizes
pulsed light for detection; thus, increasing the pulse power en-
hances the dynamic range.

3) Splitting ratio

Adjusting the splitting ratio can effectively increase the
LO power, thereby improving the system
SNR. With the incident optical power fixed
at 0 dBm, the dynamic range was simulated

PON, while maintaining the two-stage splitter configuration. The
simulation results are shown in Fig. 8. The total fiber length of
30 km corresponds to an attenuation loss of 6 dB. Combined with
the 20 dB transmission loss of the two-stage splitters, the overall
link loss reaches 26 dB. The pulse width is set to 100 ps, and
the sweep range is set from 100 MHz to 1 100 MHz. Under the
condition of linewidths of 1 kHz and 100 kHz, the total dynamic

Table 4. Statistics of dynamic ranges with different splitting ratios

1:99
26.004 2

10:90
30.182 8

Splitting ratio 50:50

314776

Dynamic range/dB

for different splitting ratios. The results are
shown in Fig. 7. Increasing the splitting ra- 10“
tio (directing more power to the LO) signifi-
cantly enhances the dynamic range by in-
creasing the LO power. Common splitting

Intensity/dB

ratios achievable with standard couplers are
listed in Table 4. However, the improve-

ment in this dynamic range is limited.
When the LO power becomes excessive, the 05 1
shot noise it generates begins to dominate
over the thermal noise, and the system SNR

becomes limited solely by the sensing path

I
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power. Conversely, increasing the splitting
ratio reduces the sensing path power, estab-
lishing a trade-off between the LO power
and sensing path power. Therefore, the
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simulations indicate that a splitting ratio of

Intensity/dB

10:90 yields the optimal dynamic range.
Finally, simulations were conducted with
the following optimized parameters: an inci-
dent optical power of 10 dBm, a splitting ratio
of 1:9, a pulse width of 100 ws, and 100 av-
erages. We extended the fiber under test to
three concatenated 10 km fiber segments with
parameters closer to those of a real-world
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range reaches 34.0135 dB and 28.157 0 dB, and the spatial
resolution (using the 3 dB width of the end reflection peak as
the benchmark) is 0.112 6 m and 0.117 4 m. These simulations
demonstrate that the system achieves a sensing distance of
30 km and a spatial resolution of less than 0.3 m, thereby meet-
ing the requirements for high-spatial-resolution and high-
dynamic-range PON monitoring.

4 Conclusions

Simulation results demonstrate that the TGD-OFDR system
overcomes key limitations of conventional OTDR, specifically in-
sufficient incident optical pulse power and the inherent con-
straint linking spatial resolution to pulse width. While maintain-
ing high spatial resolution, the system achieves a significantly
enhanced dynamic range. Compared to conventional OTDR sys-
tems, which require hundreds of thousands of averages to
achieve a dynamic range of 15 dB with a spatial resolution on
the order of meters, the TGD-OFDR technique achieves supe-
rior spatial resolution (<0.3 m) and dynamic range (>25 dB) with
significantly fewer averages (<500 times) and a much faster mea-
surement rate. When applied to PONs, the system enables the
monitoring of multi-stage optical splitters, supporting a larger
number of ONUs over an extended reach while delivering a su-
perior SNR. For a representative scenario involving two cas-
caded 1:8 splitters (imposing a minimum attenuation of ~20 dB),
the TGD-OFDR-based PON monitoring system achieves a sens-
ing distance of 30 km, a spatial resolution below 0.3 meters,
and a dynamic range approaching 30 dB. This advancement
holds significant potential for both fundamental research and
the practical realization of intelligent digital PONs.
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1 Introduction
ireless networks are an indispensable and fast-
growing technology in human lives. After more
than 20 years of development, wireless local area
networks (WLANs) and cellular networks have
become dominant types of wireless networks. WLANs are
standardized by IEEE 802.11, and IEEE 802.11be!" ¥ is the
latest commercially available WLAN standard. IEEE
802.11be, also known as Extremely High Throughput (EHT)
or Wi-Fi 7, was officially released in 2025, Now, both in-
dustry and academia are focusing on the key technology re-
search and standardization of IEEE 802.11bn, which is the
next generation of IEEE 802.11be. IEEE 802.11bn, also
called Ultra-High Reliability (UHR) or Wi-Fi 8, is expected
to be officially published in 2028 or 2029 ', In 2025,
Draft 1.0 of IEEE 802.11bn was released. It introduces sev-
eral notable features, including seamless roaming, non-
primary channel access, coordination of multiple access
points (APs), in-device coexistence, dynamic power save,
etc. It can be seen that WLAN technology and its standard-
ization process are developing very rapidly.
IEEE 802.11 has undergone eight major versions, including
IEEE 802.11a, b, g, n, ac, ax, be, and bn. Among these, only
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IEEE 802.11ax and bn take high efficiency as the technical
objective, while other WLAN standards take maximum
throughput as their key technical objective. Throughput is
quite important, because higher throughput means WLANs
can provide more capacity for the wireless traffic. However,
with the increasing diversity of wireless services, such as vir-
tual reality (VR), meta universe, ultra-high resolution online
video, real-time games, remote medical services, and industry
applications, it is increasingly difficult for WLANs to guaran-
tee the quality of service (QoS) for these diverse services.
More importantly, quality of experience (QoE) is the most im-
portant concern of wireless network users. QoE is not only re-
lated to the QoS, but also to other factors like human subjec-
tive perceptions. This makes QoE an important and urgent
consideration for wireless networks.

Poor QoE is the most challenging problem in current
WLANSs. For instance, in many parts of China, as long as the
traffic data fee for cellular networks is within budget, people
would rather choose 4G/5G than free Wi-Fi. The problem lies
not in peak performance, but in performance stability: Wi-Fi
performance changes dramatically over time. In practice, the
claimed “very/extremely high throughput” can hardly be expe-
rienced. Therefore, we believe high QoE should be the key ob-
jective of the next generation WLAN standard. The problem
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becomes serious in the fiber-to-the-room (FTTR) scenario,
since potential interference sources are complex, e.g., neigh-
boring networks, multiple intra-home cells and different kinds
of devices. Table 1 shows some comparisons between WLANs
and cellular networks. In this paper, we analyze the key tech-
nical problems that lead to poor QoE of WLANs. This is the
first work to identify poor QoE as the most challenging prob-
lem in current WLANS, and the first to systematically analyze
the technical factors behind it.

2 Overview of Key Technical Problems

Based on our analysis, there are seven key technical prob-
lems that lead to poor QoE of WLANs. They are summarized
as follows:

* Network architecture: Different from cellular networks,
WLANs adopt a fully distributed network architecture. This
architecture has its advantages, but it usually leads to a disor-
dered network status, resulting in low QoE.

¢ Channel access: Stations (STAs) and APs randomly con-
tend for the channel, resulting in chaotic channel access
among STAs.

* Transmission: IEEE 802.11be includes new features,
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such as multiple link operation (MLO), larger bandwidth (e.g.,
320 MHz), higher-order modulation (e.g., 4096-QAM), 1024-
frame aggregation, more spatial streams (16 SS), etc. These po-
tential features sound attractive. However, the actual available
performance is far from its stated high capability.

* QoS guarantee: The current QoS architecture is traffic
class based. Eight traffic identifiers (TIDs) and four access cat-
egories (ACs) cannot keep pace with the increasingly diverse
services.

* Interference management: Unlike that in cellular net-
works, random interference from the overlapping basic service
set (OBSS), intra-BSS, and non-Wi-Fi systems is ubiquitous
and complex.

* Network intelligence: Making networks more intelligent is
a natural and promising target, but there appears to be no
place for Al in the standardization process.

* Legacy dilemma: Essentially, with each evolution of the
IEEE 802.11 standard, the newly revised version has no choice
but to coexist with many versions of legacy STAs.

As shown in Fig. 1, network architecture problem is the
framework-related challenge derived from topology, deploy-
ment and composition. Channel access and transmission prob-

Table 1. Comparisons between WLANs and cellular networks

WLAN

Feature

Cellular Network

Network
deployment

Advantages: easy, open, and flexible to deploy

Disadvantages: interference is difficult to control

Advantages: easy to access the channel for each device with less

Channel access  control and management signaling

and transmission  Disadvantages: strong interference and collisions and low resource

utilization ratio

Advantages: in light traffic load scenarios, the access latency is low

because of random access strategy

QoS and QoE

and QoE are quite poor and uncertain

Disadvantages: in medium or heavy traffic load scenarios, the QoS

Advantages: interference is controllable
Disadvantages: in need of careful design and test; inflexible that only

allows the mobile operators to deploy

Advantages: collision—free; little interference and high resource utili-
zation ratio

Disadvantages: all uplink and downlink channel access and transmis-
sion need to be scheduled by the base station with heavy control and

management signaling

Advantages: high certainty
Disadvantages: high access latency because of heavy signaling in
light traffic load scenario

QoS: quality of service

QoE: quality of experience

WLAN: wireless local area network

Network architecture: fully distributed networking architecture

Interference management: ubiquitous and complicated

interference

Channel access: chaotic

random access

Network .Legacy
. . dilemma:
12telllgenc<i: heavy burden
Transmission: no place of standard
awkward “high capability” Al evolution

QoS guarantee: coarse-grained QoS architecture

QoS: quality of service

Figure 1. Architecture of the key technical problems that cause poor QoE of WLANSs
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lems are summarized from the perspective of a single BSS or
any BSS, while the interference management problem is ana-
lyzed from the perspective of multiple BSSs or the OBSS. Fur-
thermore, the QoS guarantee problem is obtained by analyzing
the problems existing in the QoS guarantee methods at all lev-
els, including channel access, transmission, and interference
management. Moreover, network intelligence and legacy di-
lemma problems are two relatively independent aspects that
have a significant impact on WLAN performance and stan-
dardization. In the following section, we analyze these techni-
cal problems in detail.

3 Analysis of Factors Influencing Key Tech-
nical Problems

3.1 Fully Distributed Networking Architecture

Different from cellular networks, WLANs adopt a fully dis-
tributed network architecture, in which there is no central con-
troller to regulate or manage the behaviors of multiple BSSs.
Even in a single BSS, the control and management functions
of the AP are limited. Typically, APs and STAs independently
make their own decisions without coordination. A distributed
architecture has its advantages, such as flexibility and easy de-
ployment, but it usually leads to a network disorder. Conse-
quently, the fully distributed architecture makes the network
inefficient, resulting in low QoE.

For example, within a single BSS, the network is distributed
even in the presence of an AP. Both the AP and STAs ran-
domly contend for channel access. The STAs can determine
their own configurations and parameters for channel access,
transmission, etc. Furthermore, coordination within an ex-
tended service set is still very limited. We highlight that net-
work architecture is of greater significance for FTTR sce-
narios, as FTTR involves more flexible yet complex in-home
network topologies. Even in deployed enterprise networks, dis-
tributed features also result in many problems, such as the
starvation problem (flow-in-the-middle), which makes it quite
difficult for some BSSs or STAs to access the channel.

The influencing factors of the fully distributed networking
architecture are summarized as follows.

* It lacks overall and top-level architecture design. Since
the inception of IEEE 802.11, WLANs have always followed
the distributed networking architecture to facilitate deploy-
ment. With the standard versions evolving from generation to
generation, this distributed architecture is more deeply rooted
and difficult to change.

* The distributed architecture is the basis of network man-
agement, control, and data transmission. This means that all as-
pects of network functions are designed and developed based
on it, making the whole system affected by this architecture.

e The current industrial, scientific, and medical (ISM)
bands are limited and the environment is complex. WLANs

operate on the ISM bands, especially the 2.4 GHz, 5 GHz, and
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6 GHz bands. The ISM band’ s frequency bandwidth is lim-
ited, which leads to insufficient resources for WLAN architec-
ture changes. Moreover, many wireless network types work on
the ISM bands, such as Wi-Fi, Bluetooth, Zigbee, and micro-
wave ovens. Thus, the channel environment is quite compli-
cated, which increases the technical and policy difficulties for
WLANS to change the distributed architecture.

3.2 Chaotic Random Access

In the media access control (MAC) layer, STAs and APs
randomly contend for the channel according to the enhanced
distribution channel access (EDCA) scheme based on the car-
rier sense multiple access with collision avoidance (CSMA/
CA) mechanism, resulting in chaotic channel access among
STAs. Chaotic random access significantly exacerbates colli-
sions, ineffective access, and transmission issues, which lead
to low QoE.

For example, STAs randomly access channels by consis-
tently using the maximum TX power, setting a transmission op-
portunity (TXOP) limit exceeding the actual demand. For
home and enterprise scenarios including FTTR, multiple BSSs
or multiple STAs within a single BSS often act as “enemies”
to one another. Moreover, IEEE 802.11be introduces re-
stricted target wakeup time (r-TWT) to improve latency perfor-
mance, but the rule “non-AP EHT STAs may behave as if
overlapping quiet intervals do not exist” exacerbates random
collisions.

The factors influencing chaotic random access are summa-
rized as follows.

* Deep-rooted random channel access: In the first version
of IEEE 802.11, CSMA/CA mechanism was adopted. Al-
though the channel access mechanism has been improved
during the WLAN standard evolution, such as the transition
from distributed channel function (DCF) to EDCA, the
CSMA/CA mechanism based on the idea of random access is
still deep-rooted.

* Rigid clear channel assessment (CCA) and energy detec-
tion (ED) thresholds incompatible with diverse scenarios: In
order to support CSMA/CA, IEEE 802.11 adopts the ED
threshold and the CCA threshold to determine channel status.
However, the rigid CCA and ED thresholds do not dynami-
cally change as the environmental status varies.

* Lack of a well-designed channel access structure: Well-
designed channel access mechanisms, such as scheduled
channel access and reservation-based channel access, have
several performance advantages. These mechanisms can be
important supplements to random channel access and further
form a more complete channel access structure.

* Inappropriate channel access rules for new bands: Origi-
nally, a clean 6 GHz band was available for Wi-Fi, but we ad-
opted the CSMA/CA mechanism directly and contaminated this
frequency band. If there are new bands for WLANs in the fu-
ture, we can fully seize the opportunity to carry out new designs.
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3.3 Awkward “High Capability”

Several new features for IEEE 802.11be have been men-
tioned in Section 2. While these potential features appear
promising in theory, their actual performance falls far short of
the claimed capabilities. A series of valuable technologies can-
not be implemented in practice, and thus, high-quality user
experiences are also unattainable.

For example, in high-density deployment scenarios, com-
plex interference among multiple BSSs and STAs makes it
nearly impossible to achieve 320 MHz bandwidth; instead,
20 MHz or 40 MHz is normal. Furthermore, 4 096-QAM or
even 1 024-QAM is difficult to use because of the demanding
signal-to-interference and noise ratio (SINR) threshold. Nota-
bly, 5G only uses 256-QAM as the highest modulation order. In-
creasing the number of spatial streams is also challenging be-
cause of inter-stream interference and complex user grouping.

The influencing factors behind the awkward “high capabil-
ity” are summarized as follows.

* Complicated channel environment and interference: The
WLAN operates at the ISM band, resulting in more cross-
system interference. The fully distributed architecture and the
chaos random access significantly increase the inter-BSS and
inter-STA interference. In this case, the channel environment
and interference become quite complicated, making the condi-
tions of the potential high performance enabling technologies
hard to meet.

* Lack of mechanisms to realize these valuable technologies
in practice. There are few mechanisms to guarantee that the con-
ditions required by the potential high-performance enabling tech-
nologies can be met. This makes these technologies remain high-
performance only in theory rather than in real-world applications.

* Declining efficiency: The higher the peak throughput, the
lower the efficiency. The primary reason is that higher peak
throughput leads to relatively larger protocol overhead. The
transmission duration of the control frames, channel access
time, and the inter-frame space do not decrease with the data
transmission rate. Moreover, some rules restrict each other; for
example, the maximum physical layer protocol data unit
(PPDU) length restricts the aggregation size.

3.4 Coarse-Grained QoS Architecture

The current QoS architecture is traffic class-based. Traf-
fic received from upper layers is mapped to eight TIDs and
four ACs. But traffic (or service) types are getting increas-
ingly diverse. Thus, the current class-based QoS mecha-
nism cannot keep pace with the increasingly diverse ser-
vices. QoS is the premise of QoE, and poor QoS will inevita-
bly lead to poor QoE.

For example, increasingly diverse services (such as VR,
real-time cloud games, the metaverse, digital twins, and re-
mote healthcare) require highly diverse and challenging QoS.
Furthermore, it seems we have to achieve the “unattainable”
low-latency objective. Although low latency is a feature of
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IEEE 802.11be, there are few effective solutions in IEEE
802.11be except r-TWT. Several standard proposals discuss a
latency guarantee of less than 1 ms, which seems “unsolv-
able” for Wi-Fi. Moreover, complicated environments lead to
unstable resource acquisition, further resulting in inconsistent
performance.

Some new scenarios like FTTR and Internet of Things (ToT)
are considered important application scenarios. Various types
of applications coexist in FTTR scenarios, such as videos,
screen casting, and VR. The QoS and QoE requirements of
these applications are quite different. However, WLANs only
pursue increasingly larger bandwidth and other enablers, mak-
ing them “unfriendly” to FTTR and IoT.

Mobility support is increasingly important for WLANs.
However, seamless Wi-Fi roaming is challenging for the cur-
rent standards.

The influencing factors of the coarse-grained QoS architec-
ture are summarized as follows.

* Need for QoS architecture with appropriate granularity:
The current class-based QoS mechanism (especially its eight
TIDs and four ACs) cannot meet the requirements of the in-
creasingly diverse services. Thus, other QoS mechanisms (e.
g., packet-level or finer granularity) should be fully studied.
It is worth noting that we propose a particle access method
and theory for wireless networks by treating each packet with
several attributes as an “information particle”"?. After opti-
mally combining some information particles into an informa-
tion particle group, a low-complexity scheduling strategy is
used to deploy packet-level resource allocation and provide
the packet-level QoS guarantee, ensuring the latency and the
throughput requirements of the “particle” are met.

* Fine scalability: The QoS mechanism should keep pace
with the continuous evolution of wireless services. Thus, bet-
ter scalability is quite important.

e Lack of truly effective solutions for low latencyl/jitter:
WLANSs face great challenges in ensuring low latency. If low
latency/jitter cannot be guaranteed, the future of WLANs will
be bleak.

* Stable resource acquisition: Only with stable access to re-
sources can QoS and QoE be improved. However, there is a
lack of mechanisms for resource acquisition.

* Integrated wide-band systems and narrow-band IoT: ToT
usually requires a small bandwidth (narrow band) in many sce-
narios because of energy consumption and cost. But large
bandwidth has always been the technical goal of WLANs. For
the future, if wide band and narrow band systems cannot be in-
tegrated in the WLAN standard, the WLAN will probably not
keep up with the development tide of the IToT.

* Seamless Wi-Fi roaming: As the operating frequency be-
comes higher, the BSS becomes smaller and denser. Thus the
mobility of nodes has to be considered. If QoS cannot be guar-
anteed during the node movement, QoE will be seriously af-
fected. The challenge lies in the fact that, unlike cellular net-
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works, WLAN did not take supporting mobility as an impor-
tant goal at the beginning.

3.5 Ubiquitous and Complicated Interference

Quite different from cellular networks, random interfer-
ences from OBSS, intra-BSS, and non-Wi-Fi systems are ubiq-
uitous and complicated. Interference leads to poor network
performance, which in turn results in poor QoE.

For example, high-density deployment scenarios will be typi-
cal in future wireless networks. WLAN devices made by differ-
ent vendors adopt different implementations to select channels,
bandwidth, access parameters, etc., which makes interference
among BSSs extremely complicated. IEEE 802.11ax introduces
spatial reuse (SR), which further increases interference among
BSSs. Moreover, cross-system interferences may come from
various non-Wi-Fi systems such as licensed assisted access
(LAA), LTE-u, Sparklink (Nearlink), etc.

The influencing factors of the ubiquitous and complicated
interference are summarized as follows.

* Lack of inter-BSS coordination: As deployment scenarios
become increasingly dense, ubiquitous and complicated inter-
ference emerges. However, the inter-BSS coordination is very
limited in current WLANs.

e Complicated ISM band interference. WLANs operate on
the ISM band. Many heterogeneous systems, such as Blue-
tooth, LAA, LTE-u, Zigbee, work on the same band. More im-
portantly, devices cannot understand frames sent from differ-
ent systems, making cross-system interference ubiquitous.

e Lack of explicit technical rules for WLAN coexistence
with other systems. For the coexistence of the heterogeneous
systems, there is a lack of explicit technical rules, such as
channel access rules among different systems, which aggra-
vates interference complexity.

* Shortage of new bands for WLANs. New bands can miti-
gate interference, but spectrum resources are limited.

3.6 “No Place” for Al

User experience is subjective and complex. Making net-
works more intelligent is a natural and promising target for
WLANSs, but it seems there is “no place” for Al in standard-
ization. Network intelligence can help us evaluate complex
user experience and choose the optimal method to guarantee
QoE. Many studies on supervised learning and reinforcement
learning without deep learning have been proposed in recent
years, but they lack support from standards, making Al solu-
tions difficult to extend.

For example, several standard proposals discuss the impor-
tance of Al for WLANs. However, machine learning is usually
considered an internal tool for each individual module in a
single device. Such a kind of Al obtains limited performance
gains and poor scalability. Moreover, there are lots of Al mod-
els, training methods, and algorithms. Simply standardizing a
specific one is not scalable.
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To better embrace Al, we need to answer the following ques-
tions: What can Al do for WLANs? What can standardization
do for AI? What is the Al standardization architecture in

IEEE 802.117 At least, network Al does not simply mean
implementing specific Al models or algorithms.

3.7 Heavy Burden of Standard Evolution

Different from cellular networks, every time the IEEE
802.11 standard evolves, it has no choice but to coexist with
many versions of legacy STAs, which is a heavy burden for
standard evolution. Dropping the heavy burden of legacy is
beneficial to the technical innovation, as it allows us to focus
on and further guarantee the user experience enhancement of
the new-generation standard.

For cellular networks, standard evolution is unfettered, fea-
turing new bands, new designs, new frame formats, etc. How-
ever, for WLANSs, standard evolution has to keep good back-
ward compatibility, which is a “double-edged sword”. For ex-
ample, a clean 6 GHz band was available for Wi-Fi, yet we
simply incorporated all the old technologies. Moreover, the
frame format is continuously patched. As the standard
evolves, these patches have become fragmented.

The influencing factors of the heavy burden of standard evo-
lution are summarized as follows.

* Old and new versions share the same bands. This makes
it difficult for new-generation standards to break free from co-
existence constraints and carry out new designs.

* Devices, especially APs installed with new standards,
have to serve all old versions. This makes it impossible for the
new standards to break away from compatibility limitations
and carry out new designs.

* Frame formats are full of patches, but little emphasis is
placed on scalable designs or clean-sheet designs.

4 Conclusions

In this article, we point out that poor QoE is the trickiest
problem affecting the evolution and user growth of WLANs.
More importantly, we analyze in detail seven technical prob-
lems that cause poor QoE of WLANs. To the best of our knowl-
edge, this is the first work to point out that poor QoE is the
most challenging problem for current WLANs, and also the
first to systematically analyze the technical problems that lead
to poor QoE of WLANSs. Table 2 summarizes the key technical
problems and further analyzes the threat types and the impor-
tance of each problem.

The vision of wireless networks is, in our opinion, to enable
people to enjoy wireless connectivity and to enhance ubiqui-
tous interconnection. We are glad that WLANs have achieved
and continue to achieve great success. It is time for us to care-
fully think about things from the users’ perspective. There-
fore, to achieve high quality experiences is highly suggested
as the key objective of the next-generation WLAN: Wi-Fi 9.
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Table 2. Summary of the key technical problems that lead to poor quality of experience of WLANSs

Feature Problem Threat Importance
Network architecture Fully-distributed networking architecture Disorder * % Kk k Kk
Channel access Chaotic random access Disorder * Kk K %k Kk
Transmission Awkward “high capability” Low efficiency * %k k
QoS guarantee Coarse-grained QoS architecture Weak adaptability * %k X
Interference management Ubiquitous and complicated interference Disorder * k kK
Network intelligence “No place” for Al Weak adaptability * *
Legacy dilemma Heavy burden of standard evolution Hindering evolution * %k

QoS: quality of service
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1 Introduction
ver the past two decades, fixed broadband access
technologies have continuously evolved to provide
high-speed internet connectivity to end-users
worldwide. The rise of new audio-visual media ser-
vices such as augmented reality (AR), virtual reality (VR),
8K high-definition video, and cloud gaming has created
higher demands for network throughput, coverage, and la-
tency from content producers to end-users. The quality of
fixed wireless broadband access significantly impacts the
end-user experience, affecting factors like maximum service
throughput, network stability, ease of installation, and easy
management capabilities!" 7.
Currently, mainstream commercial wireless local area
networks (WLANs) and cellular networks primarily operate
in the sub-6 GHz frequency band, which has limited data

transmission bandwidth and struggles to meet the demands
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of these new services. For example, for highly interactive,
extreme cloud VR video transmission, a home network must
guarantee a stable rate of at least 4.4 Gbit/s, with round-trip
latency and jitter not exceeding 10 ms. High-quality VR
headsets are typically connected via High-Definition Multi-
media Interface (HDMI) cables, which can transmit up to
40 Gbit/s and require next-generation wireless ultra-high-
speed interconnection technologies to provide users with an

1 The millimeter-wave

immersive, untethered experience
(mmWave) band offers vast, continuous spectrum, which
can provide greater transmission bandwidth. Furthermore,
due to the short wavelength of mmWave, the transmitting
antennas can be very small, which is conducive to making
devices lightweight. To achieve higher wireless communica-
tion speeds, researchers across academia and industry have
conducted extensive research on mmWave channel charac-
terization, system architectures, software algorithms, hard-

22]

ware circuits, and multiple standards” **' over the past two
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decades. Based on home network scenarios and use cases,
the challenges of 60 GHz mmWave transmission have been
investigated"”. Efforts have also been dedicated to channel
measurements and modeling at 45 GHz and 60 GHz""?' "2,
Similarly, the use of beamforming in short-range communica-
tion has been widely studied!* 'S

The emergence of Fifth-Generation Fixed Networks (F5G)
has seen the proposal of Fiber-to-the-Room (FTTR) technol-
ogy. FTTR extends fiber optic cables to each room, providing
gigabit broadband coverage for entire indoor spaces™ *!. By
leveraging the fiber infrastructure laid into each room, FTTR
creates a large-bandwidth connection channel for high-speed
mmWave communications, enabling efficient mmWave cover-
age in every room. At the same time, the high wall-
penetration loss of the mmWave band creates a favorable con-
dition for eliminating interference between wireless commu-
nication systems in different rooms. This allows FTTR to
achieve same-frequency networking and ensure information
security. To address the demands of new scenarios and ser-
vices, China Unicom’s Ultra-Converged Access Network (U-
CAN) hyper-converged access network architecture inte-
grates advanced technologies like 50 Gigabit-capable Pas-
sive Optical Network (50G-PON), FTTR, and next-generation
Wi-Fi 8 to support the continuous development of indoor
tens-gigabit services”®. New services, such as video produc-
tion, cloud PCs, and XR computing buses, have stringent re-
quirements including deterministic latency, mobile roaming,
and multi-domain networking. Consequently, the architecture
proposes a new frequency division duplex access protocol for
the next-generation Wi-Fi 8 mmWave air interface, efficient
beam management and scanning mechanisms, and a high-
low-frequency collaboration mechanism to address mmWave
obstruction issues.

Furthermore, a multi-band hybrid networking solution is
used to solve challenges like continuous indoor mmWave
coverage. The Centralized/Cloud Wireless-Optical Access
Network (C-WAN) is a centralized Wi-Fi architecture. It
aims to provide full-house network coverage and efficient re-
source management through the synergy of optical networks
and Wi-Fi. Its core features include 1) centralized control, in
which a master device collects information and makes deci-
sions, enabling unified and coordinated configuration of opti-
cal links and air interface links; 2) seamless roaming, which
ensures fast handover of terminals between different access
points, thereby enhancing the user experience; 3) interfer-
ence optimization through Wi-Fi power balancing and inter-
ference mitigation. By innovating both the FTTR C-WAN ar-
chitecture and air interface technology, the system effec-
tively addresses issues of lagging and roaming in home and
enterprise Wi-Fi applications, further improving the experi-
ence of short-range indoor wireless networks and enhancing
efficiency™ %,

This paper reviews the U-CAN architecture enabled by

FTTR-mmWave Wi-Fi technology, with a primary focus on
recent advances in Chinese mmWave chips and modules for
next-generation FTTR-mmWave Wi-Fi applications. It is or-
ganized as follows. Section 2 briefly reviews the evolution of
Wi-Fi and mmWave standards and the FTTR-mmWave sys-
tem architecture. Section 3 focuses on the design of typical
millimeter-wave chips, as well as recent Chinese commercial
mmWave chip and module developments. Finally, Section 4
concludes the paper.

2 Wi-Fi and MmWave Standard Evolution
and FTTR-MmWave Solution

2.1 Wi-Fi and MmWave Standard Evolution

In 1990, the IEEE 802.11 committee was established to
promote research and development of standards for WLANs.
In 1997, the first version, 802.11-1997, was officially re-
leased™. The Wi-Fi Alliance was founded in 1999 to apply
the 802.11 standard to the industry and facilitate compatibil-
ity among different manufacturers. With the growth of WLAN
technology and the proliferation of mobile wireless devices, it
has become a crucial technology for household network cover-
age. The release of the 802.11n protocol in 2009 was a major
milestone, significantly increasing Wi-Fi network speeds
with features like multiple antennas and beamforming that
are still used today. Currently, 802.11ax technologies and
network devices are widely used, and Wi-Fi 7 (802.11be) is
poised to offer a better wireless network experience.

Millimeter-wave refers to electromagnetic waves with a
wavelength between 1 mm and 10 mm, corresponding to a
frequency range of 30 GHz to 300 GHz. The mmWave band
offers vast spectrum resources. According to Shannon’s theo-
rem, the communication capacity of the system is propor-
tional to the channel bandwidth, giving mmWave systems a
natural advantage in channel capacity. By 2018, several
mmWave-related standards had been introduced globally.
The ECMA-387 standard primarily defines the characteris-
tics of the physical layer (PHY), protocol adapter layer (PAL)
for HD media interfaces, and media access control (MAC)
layer in the 60 GHz band, mainly providing high-speed au-
dio and HD video transmission. The IEEE 802.15.3¢ stan-
dard, operating in the 57 - 66 GHz band, primarily specifies
the PHY and MAC layers for Wireless Personal Area Net-
works (WPANs). WPANs have an effective transmission dis-
tance of 10 m and are mainly used for high-speed network
downloading. The 802.11ad physical layer supports various
modes, including Single Carrier (SC) and Orthogonal Fre-
quency Division Multiplexing (OFDM). As an evolution of
802.11ad, IEEE 802.11ay enhances theoretical speeds (theo-
retically up to 20 Gbit/s) and expands application scenarios.
The IEEE 802.114aj standard is intended for indoor wireless
communications, with frequency ranges of 42.3 - 48.4 GHz

and 59 - 64 GHz. The MAC layer is designed similarly to
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other TEEE 802.11 protocol standards, while the physical
layer introduces analog beamforming and antenna array tech-
nologies to improve mmWave coverage. The next-generation
Wi-Fi 8 (802.11bq) standard working group has included
both the low microwave band (sub-7.25 GHz) and the
mmWave Q/V bands (42 - 71 GHz) as candidate working fre-

quency bands.

2.2 FTTR-MmWave System Architecture

The combination of FTTR and mmWave WLAN technol-
ogy is a recent research topic that is expected to become an
optimal solution for service and data transmission in F5G.
One such architecture is the U-CAN, which defines a unified
access architecture from the cloud to the terminal side and
flexibly supports the allocation of transmission resources for
industry applications. The U-CAN integrates 50G-PON,
FTTR, C-WAN, Wi-Fi 8 (mmWave band), and other tech-
nologies to achieve a comprehensive upgrade of the next-
generation hyper-converged access network. In this new ar-
chitecture, fiber optic cables are laid into each room to pro-
vide a high-capacity mmWave backhaul channel. With fiber
penetrating into each room, using mmWave has two distinct
advantages: extremely high speed enabled by more available
spectrum and less interference between adjacent networks
due to high wall-penetration loss. In this setup, each FTTR
terminal can be cascaded with an mmWave access point
(AP) on the downlink while connecting to the same Optical
Network Terminal (ONT) on the uplink, as shown in Fig. 1.

M

ntelligent networking
and automatic slicing

Compared to traditional Wi-Fi, the FTTR-mmWave system
can eliminate interference and conflicts between different
rooms, effectively improving data rates and transmission reli-
ability while reducing latency. This performance is superior
to that of traditional Wi-Fi Mesh network architectures. Cur-
rently, a Chinese company has designed an FTTR mmWave
prototype using 4X4 multi-input multi-output (MIMO), which
has achieved communication rates higher than 10 Gbit/s,
validating the performance of the FTTR mmWave system for
indoor communications.

3 MmWave Chips for FTTR-MmWave Wi-
Fi Applications

FTTR technology is now in large-scale commercial use to
address the high-rate transmission requirements of enter-
prises and homes. However, the bottleneck for even higher
transmission rates lies in the fiber-to-wireless transition link.
Given its high bandwidth and low latency, the mmWave band
is an excellent solution to high-speed wireless transmission.
This section focuses on the development of mmWave chips
operating in 26 GHz, 40 GHz, and 45 GHz for next-
generation indoor high-speed communication applications.
While ensuring low cost and high integration, these chips
are designed to optimize key metrics such as system band-
width, power, noise, and linearity to meet the requirements
of 16-QAM to 64-QAM modulation schemes to achieve

higher transmission rates.

1@ al
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-------- age nperatiin}""nnm Host FTTR G
w0d| A | Q :
Content i [y R o | % Wi-Fi 8 L] ®
production tg Cu.l; W aakh 0 mmWave
OLT o 50G-PON e “\{H\ N Slave FTTR mmWave-| mmWave-|
— » | — d i * AP&ONT] AP&ONT) 1
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N
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Information y
Next Gen. PON Beyond 50G 2 office
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I
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interconnection
Next Gen. Wi-Fi R o Wi-Fi 8
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(a)
AP: access point
C-WAN: Centralized/Cloud Wireless-
Optical Access Network

FTTR: Fiber-to-the-Room
mmWave: millimeter wave
ONT: Optical Network Terminal

P2MP: Point-to-Multipoint
PON: Passive Optical Network
U-CAN: Ultra-Converged Access Network

Figure 1. Schematic diagram of FTTR-mmWave cascading in the U-CAN architecture: (a) overall U-CAN architecture and (b) FTTR-mmWave system
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results are presented in Fig. 3d. OTA
measurement at 25 GHz with 16-QAM
modulation and a distance of 1.1 meters Figure 2. Block diagram of the 24 - 29.5 GHz chipset: (a) Tx chip and (b) Rx chip
achieved a data rate of up to 8 Gbit/s. Un-
der 64-QAM 5G New Radio (NR) modula-

I-Q: In-phase and Quadrature ~ LO: local oscillator SPI: Serial Peripheral Interface

tion with 400 MHz bandwidth at 25 GHz, process, which includes a transmitter chip and a receiver

the measured EVM remains below —33 dB. Across the 24 - chipmj. In the transmitter, the power amplifier output incor-

29.5 GHz band, the EVM level remains below =30 dB. porates a T-shaped second-harmonic termination to improve

its linearity. Additionally, its output stage employs a power

3.2 45 GHz IEEE 802.11aj Transceiver in SiGe Process detector based on a self-mixing method to enable precise im-
The TEEE 802.11aj standard is designed specifically for age signal and local oscillator (LO) leakage calibration.

short-range high-speed wireless personal area networks The OTA measurement setup is shown in Fig. Sc. The

(WPAN). Figs. 4 and 5 show the block diagram and micro- modulated baseband signals were generated by the M8190A
graph of a fully integrated IEEE 802.11aj direct-conversion arbitrary waveform generator with a roll-off factor of 0.25.
transceiver chipset, fabricated using a 130-nm SiGe BiCMOS The Agilent DSO 91304A digital oscilloscope with the Agi-
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Figure 3. Chip micrograms and measurement results: (a) micrograph of the 24 - 29.5 GHz Rx chip; (b) micrograph of the 24 - 29.5 GHz Tx chip;
(c) over-the-air (OTA) measurement setup; (d) measured EVM with single carrier modulation signal
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3.340 GHz Integer-N Phase-Locked
Loop in CMOS Process
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This subsection presents a 40 GHz
integer-N phase-locked loop (PLL) featur-
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| : ing a linearized CMOS LC voltage-

Buffer

controlled oscillator (VCO), implemented
in a standard 90-nm CMOS process. Its
u ! block diagram and micrograph are shown

in Figs. 6 and 7, respectively™. The VCO
uses a tri-coupled inductor to couple the

Buffer

varactor diode pairs, achieving gain linear-

0:

90° [+0O !

0: T .

LO ization through mutual compensation. The

tri-coupled inductor eliminates the need

for a tuning voltage offset circuit or DC-

blocking capacitors, making it suitable for
high-performance mmWave design.

Measurement results show the linear

VCO has a tuning bandwidth of 15.8% and

a phase noise of —100.7 dBc/Hz at 1 MHz

offset, yielding a figure of merit (FOMT) of
- 181.8 dBc¢/Hz. The designed PLL, using

DAC: Digital-to-Analog Converter
DC: direct current

LNA: Low-Noise Amplifier
LO: local oscillator

PA: Power Amplifier

PD: Photodiode

I: In-phase
IF: intermediate frequency

Figure 4. Block diagram of the 45-GHz direct-conversion chipset: (a) Tx chip and (b) Rx chip

lent 89600 vector signal analyzer was used to evaluate con-
stellation and EVM performance. During the wireless data
transmission measurement, the distance between the trans-
mitter and the receiver was fixed at 1 m. At 42 GHz, 45 GHz,
and 48.5 GHz, the measured EVMs of the SC 64-QAM signal
(with a baud rate of 100 Mbit/s) were —29.11 dB, —29.44 dB,
and —28.56 dB, respectively. As demonstrated in Fig. 5d, the
measured 64-QAM constellations over the IEEE 802.11aj fre-
quency band show high quality. Within the IEEE 802.11aj
working band of 42.3 - 48.4 GHz, the transmitter achieved an
output 1 dB compression point (OP1 dB) of 14.6 - 16.4 dBm,
with a conversion gain (CG) exceeding 24 dB. Within the
IEEE 802.11aj band, the receiver exhibited a noise figure of
3.8 - 4.1 dB, an input 1 dB compression point ranging from
—-22 dBm to —18.7 dBm, and a conversion gain greater than
43.8 dB. Overall, the measured transceiver fully meets the
IEEE 802.11aj EVM requirements for 64-QAM modulation.
In the OTA measurement with a T/R distance of 1 meter, the
measured EVM from the transmitter to the receiver is better

than —28.5 dB.

PS: Phase Shifter

Q: Quadrature

RF: radio frequency

VGA: Variable Gain Amplifier

this linear VCO, can lock stably from
38.61 GHz to 44.55 GHz. At 40 GHz, it ex-
hibits an in-band phase noise of =81 dBc/Hz
at 100 kHz offset and an out-of-band
phase noise of —114.5 dBc¢/Hz at 10 MHz
offset, with a total power consumption of
76 mW. Compared with other reported re-
search, the proposed linearization method
results in very small variations in VCO
gain. The developed PLL demonstrates
good stability and minimal loop bandwidth
variation across its entire operating fre-
quency range, suitable for wideband mmWave low phase noise
LO signal generation.

3.4 Recent Advances in Chinese Commercial Millimeter-
Wave Chipsets and Modules

After years of research and development, Chinese RF chip
design companies have developed competitive silicon-based
millimeter-wave multi-channel beamforming chips and up/down
conversion chipsets. For instance, the MSTR111 and MSTR205
chips from MiSic Microelectronics Co., Ltd. integrate eight RF
transceiver channels in a single chip at 26/28 GHz (Fig. 8). The
P1dB transmit power of a single channel reaches 20.5 dBm.
Meanwhile, in Q-band (45 GHz), the MSTR201 (Fig. 9) sup-
ports the IEEE 802.11aj (45 GHz) standard. It integrates dual-
channel transceivers, frequency conversion units, and a low-
phase-noise PLL, with the P1dB of the transmit channel reach-
ing 18 dBm and the noise figure (NF) of the receive channel
below 6 dB, making it suitable for high-speed indoor
millimeter-wave Wi-Fi application scenarios™. The mmWave
AP and terminal prototype have also been developed based
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Figure 5. Chip micrographs and measurement results for the 45 GHz transceiver: (a) Tx chip;
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(b) Rx chip; (¢) OTA measurement setup; (d) measured 64-QAM constellation
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on the millimeter-wave Wi-Fi architecture
by Nanjing Ziwei Technology Co., Ltd., as
shown in Fig. 10. The system operates in
the 24 - 26 GHz frequency band, adopt-
ing the millimeter-wave module and the
commercial 802.11ax baseband. The sys-
tem uses active phased array antennas,
each containing 2X2 antenna units, which
can cover a distance of over 100 meters,
with a maximum data rate of 1.6 Gbit/s.

3.5 Challenges in Future MmW-Wi-Fi
Applications

Compared to classical sub-6GHz Wi-Fi
technology, mmWave Wi-Fi presents dis-
tinct challenges that require further re-
search. Beamforming (BF) technologies im-
prove mmWave communication capability
by focusing the transmitted signal towards
the receiver to provide additional link
gain. To enhance coverage in the Q/V-
band, the conventional approach is to use
a phased array front-end with a moderate
16-element array size, which is a good bal-
ance between complexity and perfor-
mance. In some application cases, the ter-
minals rarely move after deployment,
where the real-time BF can be omitted. In
other cases, it needs multiple beam cover-
age for multiple high-throughput terminal
users. The analog BF needs multiple sub-
arrays for each beam. However, consider-
ing the cost and extra power consumption
for multi-beam tracking, it is also a good
choice to use several well-planned wider
beams from the AP side to the mobile ter-
minals coverage with MIMO techniques.
Meanwhile, efficiently coordinating
mmWave Wi-Fi with the classical Wi-Fi
remains a significant challenge. This re-
quires an advanced digital baseband chip-
set with integrated analog-to-digital and
digital-to-analog converters (ADCs/DACs).

4 Conclusions

The integration of FTTR and mmWave
technologies is a crucial means to achieve
highly stable connections and low-latency
transmission. The study of mmWave chip
technology and system applications under
the new FTTR architecture will be a sig-
nificant research topic for the develop-
ment of next-generation high-speed wire-
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Figure 6. Block diagram of the 40 GHz Integer-N PLL

less access technologies in fixed access scenarios. Based on

the advantages of the FTTR-mmWave architecture, it is of

great research significance to design mmWave chips and sys-

tems with high transmission rates, low latency, high reliabil-
ity, and low cost, while fully utilizing both sub-7.25 GHz and
mmWave Wi-Fi frequency resources to achieve multi-band
collaborative transmission. This work briefly reviews the U-
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Figure 7. Micrograph of the 40 GHz Integer-N PLL
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Figure 8. The 26/28-GHz 8-channel TR and Up/Down-conversion chipsets (Image courtesy of MiSic Microelectronics Co. , Ltd. )
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CAN architecture with FTTR-mmWave Wi-Fi
technology, as well as the recent Chinese
mmWave chipset and RF module develop-
ments. The combination of fiber optics and
mmWave will effectively solve problems re-
lated to indoor mmWave signal coverage, high-
throughput traffic, and interference between
wireless access points. As the key element in
this system, the recent mmWave chip and RF
module developments have made rapid prog-
ress, providing key support for indoor 10-giga-
bit and higher-speed traffic and millisecond-

level transmission services.
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1 Introduction
he proliferation of data-intensive applications, ranging
from immersive virtual reality and high-definition
streaming to industrial automation and the Internet of
Things (IoT), has continuously driven the evolution of
wireless communication standards. As the next generation of
Wi-Fi technology, the IEEE 802.11be standard, commer-

"2 is poised to meet these demands

cially known as Wi-Fi 7'
by delivering higher throughput, lower latency, and enhanced
reliability. Key technological advancements such as 320 MHz
channel bandwidth, Multi-Link Operation (MLO) Bl and
higher-order 4 096-Quadrature Amplitude Modulation (QAM)
are at the core of Wi-Fi 7’ s performance gains. While these
innovations push the theoretical limits of data transmission,
they simultaneously introduce significant complexity to the
physical layer (PHY) receiver design.

The traditional Wi-Fi PHY receiver architecture operates

This work was supported by the Huawei Technologies Co., Ltd. under
Grant No. TP20250612004.

as a cascaded chain of independent signal processing blocks,
including time-frequency synchronization, channel estimation,
equalization, and decoding. Each module is meticulously de-
signed and optimized based on expert knowledge and math-
ematical models of the communication channel. However, this
modular, block-by-block approach suffers from two fundamen-
tal limitations. First, the performance of each module is highly
sensitive to the imperfections of its preceding stages, leading
to a “domino effect” where errors propagate and accumulate.
Second, the explicit channel estimation module, while crucial,
can be computationally intensive and may not always accu-
rately capture the complex, time-varying nature of wireless
channels, especially in multi-path and multi-antenna environ-
ments. As Wi-Fi 7 leverages multi-antenna technologies, the
intricate spatial and temporal correlations across the received
signals present a formidable challenge that conventional meth-
ods struggle to address holistically.

In recent years, the paradigm of applying artificial intelli-
gence (Al)/deep learning (DL) to wireless communication sys-
tems has attracted significant attention as a promising alterna-
tive to traditional model-based designs. Early works have dem-
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onstrated the potential of convolutional neural networks
(CNNs)¥, deep neural networks (DNNs) and recurrent neural
networks (RNNs) ®~7 for signal processing blocks such as
channel modeling®, coding/decoding”, channel estima-
10 and equalization. DONG et al. applied CNNs to
millimeter-wave large-scale multiple-input multiple-output

tion

(MIMO) channel estimation, effectively utilizing the local
correlations of the channel in the space-frequency-time do-
main. However, CNNs rely on stacked convolution layers to
perceive global information, and this inherent local process-
ing mechanism makes it insufficient when directly modeling
long-distance, non-local dependencies within the channel
matrix. Ref. [5] used RNNs with bidirectional Long Short-
Term Memory (LSTM) to recover data directly from the re-
ceived signal, effectively simplifying the receiver design.
However, the model’ s understanding of the entire Orthogo-
nal Frequency Division Multiplexing (OFDM) symbol is
based on sequential information propagation rather than a
one-time global perception. Ref. [6] used RNNs to predict
MIMO channels and performed offline training using com-
plex hybrid evolutionary algorithms. However, the inherent
sequential processing paradigm of RNNs limits their ability
to capture long-range correlations in channel time series ef-
fectively, and their performance is heavily dependent on spe-
cific offline training processes, making it difficult to adapt to
dynamic changes in the channel environment. Ref. [7] pro-
posed a receiver framework based on DNNs that predicts fu-
ture channel coefficients by learning the time-domain corre-
lation of the channel, thereby effectively reducing pilot over-
head. However, this method relies on a recurrent structure
for sequence prediction, which makes it difficult for the
model to capture long-term dependencies in channel
changes; as a result, prediction errors accumulate over time.
As mentioned above, the cascaded architecture suffers from
the performance limitations, and emphasis has shifted to the DL-
based end-to-end (E2E) PHY design by interpreting a communi-
cation system as an autoencoder that jointly optimizes the trans-
mitter and receiver over simplified channels? . Ref. [12] pro-
vides the theoretical justification for introducing DL to PHY
and incorporates Radio Transformer Networks to embed physi-
cal priors, thereby enhancing the model’ s interpretability and
generalization ability. AIT AOUDIA and HOYDIS" systemati-
cally evaluated E2E learning for OFDM systems under time-
frequency selective fading and channel aging scenarios, and
demonstrated that learning only the receiver can maintain bit
error rate (BER) performance with sparse pilot tones. SONG et

14 conducted a systematic benchmark evaluation of E2FE au-

al.
toencoders, re-evaluating the actual gains of autoencoders un-
der more standardized training assumptions and improved
baselines. However, they lacked a systematic assessment of
complexity, scalability, and training costs. Moreover, these
studies mainly consider single-antenna or small-scale systems

with Additive White Gaussian Noise (AWGN) or simple fading
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channels and predominantly rely on fully connected networks
or CNNs rather than Transformer architectures.

The Transformer, originally a cornerstone of natural lan-
guage processing, excels at processing sequential data by em-

151 More re-

ploying a multi-head self-attention mechanism
cently, Transformer architectures have been extensively ex-
plored in the context of semantic communications and joint
source-channel coding (JSCC). HUANG et al. proposed a
JSCC framework for semantic communications of images'®,
which combines deep source coding with a hyper-prior model
and conventional digital channel block coding, and derived a
two-step rate control algorithm that adapts the source-channel
rate split to the channel signal-to-noise ratio (SNR). For image
transmission, BOURTSOULATZE et al. introduced a deep
JSCC scheme that directly maps image pixels to complex
channel symbols using a convolutional autoencoder, with the
noisy channel implemented as a non-trainable layer in the net-
work. In parallel, Transformer-based decoders have been pro-
posed for algebraic block codes and Low-Density Parity-
Check (LDPC) codes!"”, showing that self-attention can effec-
tively capture the code structure and improve soft-decoding
performance.

In contrast to the above studies, this paper targets the bit-
level demodulation in a practical Wi-Fi MIMO-OFDM system
and proposes a novel DL-based E2E receiver for the Wi-Fi 7
PHY layer, leveraging the power of the Transformer architec-
ture, which can inherently capture long-range spatial and tem-
poral dependencies across subcarriers and antennas of the
synchronized OFDM symbols. By learning these intricate rela-
tionships, our proposed E2E model completely bypasses the
need for an explicit channel estimation block, directly extract-
ing crucial channel and signal features from the input data.
This unified approach not only simplifies the receiver architec-
ture but also offers a more robust and adaptive solution to the
complexities of Wi-Fi 7 channels. Our experimental results
validate the efficacy of this design. The key contributions of
this work are summarized as follows:

1) We propose a receiver-only, encoder-only Transformer
architecture for the Wi-Fi 7 MIMO-OFDM system, which oper-
ates directly on the synchronized multi-antenna OFDM fre-
quency grid and outputs the coded bitstream, thereby replac-
ing conventional channel estimation and equalization, and bit-
detection chain while keeping a standard Wi-Fi 7 transmitter.

2) We design a complexity-aware lightweight head, consist-
ing of a Convolutional Feature Enhancement Module (CFEM)
and a compact bitstream recovery layer, which jointly exploit
global (Transformer) and local (1D-CNN) features, making the
model suitable for resource-constrained receivers.

3) We present a comprehensive experimental validation
showcasing the superior performance of the proposed design
in terms of BER compared to conventional methods.

The rest of this paper is organized as follows. Section 2 de-
scribes the system model and architecture. Section 3 presents
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the proposed DL-based E2E receiver design. Following that,
the algorithm verification and application experiment are de-
scribed in Section 4. Finally, Section 5 concludes the paper.

2 System Model

We consider a single-user MIMO OFDM communication sys-
tem, which serves as the equivalent model for our Wi-Fi 7 physi-
cal layer simulation. The number of transmit and receive anten-
nas is configured with N=4, N =4. The traditional modular de-
sign of PHY transmission, from the transmitter to the receiver, is
depicted in Fig. 1. The following subsections provide detailed
descriptions of the key settings for the transmitter, the TGax
Non-Line-of-Sight (NLOS) office channel model, and receiver.

2.1 Transmitter Design

At the transmitter, a PHY Service Data Unit (PSDU) stream
is generated as the source message, followed by forward error
correction coding (FEC), QAM, OFDM waveform generation,
and other processes to generate the waveform to be transmitted.
Specifically, the original data length of the PSDU is 2 792 bit.
A 16 bit service field is then added to the data header, and af-
ter concatenation, a 2 808 bit payload is formed, which serves
as the basic data unit for PHY transmission. Following this,
the data is scrambled using a bitwise Exclusive OR operation
with a pseudo-random sequence, and then forward error cor-
rection coding is applied using a low-density parity-check
code, expanding the original data block into a 3 744 bit code-
word. Finally, the data stream is modulated into data symbols
using 16-QAM modulation, and OFDM symbol generation is
completed through operations such as spatial stream partition-
ing and subcarrier mapping.

2.2 Channel Model

To simulate complex indoor environments and effectively
characterize multipath effects and time-varying fading charac-
teristics, we adopt the TGax NLOS office channel model
(Model-D), as defined in the IEEE 802.11ax standard. Based on
the Model-D channel, a large-scale shadow fading model char-
acterized by a log-normal distribution is superimposed to simu-
late the path loss and occlusion attenuation of signals during
long-distance transmission. This combined channel model con-

PSDU Traditional NLOS office Traditional
multi-module scenario channel multi-module
framework model & AWGN framework

Channel

Transmitter Receiver

AWGN: Additive White Gaussian Noise
NLOS: Non-Line-of-Sight
PSDU: PHY Service Data Unit

Figure 1. A traditional modular design of PHY transmission
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forms to the signal attenuation characteristics of typical office
environments. In addition, to simulate a real noisy environment,
AWGN is added to the channel output, and the SNR parameter
is adjusted to achieve noise intensity control within the dy-
namic range of 0 - 34 dB, reproducing the signal transmission
characteristics in complex wireless communication scenarios.

For each OFDM subcarrier, the baseband input-output rela-
tion can be written as

¥, = Hyx, + n, (1),

where x, € C**'

is the collection of the N_ spatial data
streams (1 < N, < 4), y, € C""" is the received signal vector,
H, e C""" is the effective MIMO channel matrix on subcar-

rier k, and n, ~ CN(0,0‘%I) denotes AWGN. In our main
simulations, we set N, =N, =N =4, so that four spatial
streams are transmitted simultaneously.

The MIMO channel H, is estimated in the traditional base-
line receiver using the Wi-Fi 7 preamble structure. Specifi-
cally, least-squares (LS) channel estimation is performed based
on the orthogonal pilot symbols transmitted in the Extremely
High Throughput Long Training Field (EHT-LTF) fields, which
enables recovery of the full 4 X 4 MIMO channel matrix across
all subcarriers. The estimated channels are then used to con-
struct a singular value decomposition (SVD)-based minimum
mean square error (MMSE) equalizer, as detailed in Section
2.3. The spatial multiplexing characteristics of this multi-
stream channel lead to a linear superposition of multipath com-
ponents at the receiver, resulting in spatial correlation that
must be handled by the equalizer or, in our proposed approach,
by the Transformer-based neural receiver.

2.3 Traditional Receiver Design

The details of the traditional receiver scheme are described
in this subsection. The receiver employs a multi-stage signal
processing framework that incorporates time-frequency syn-
chronization, channel estimation, and equalization to achieve
precise signal recovery. The detailed flowchart of the receiver
is shown in Fig. 2.

The initial synchronization phase aims to correct time and
frequency deviations. By leveraging the periodic characteris-
tics embedded in the pilot symbols, the system deploys an
autocorrelation-based detection mechanism to precisely lo-
cate the starting boundary of the OFDM signal, thereby en-
abling packet detection and coarse timing. Subsequently, the

carrier frequency offset (CFO) .., is precisely estimated by

offset
analyzing the phase difference between known periodic struc-
tures as follows:

- ¢
Ad = 2w
ful'l'sel = Ad)%

s
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Figure 2. Operation flowchart of the receiver

where ¢, Ad, f,, and T, are the phase angle, normalized phase
difference, sampling rate, and symbol period, respectively. In
the next stage, the channel frequency response (CFR) is esti-
mated based on the Least Squares (LS) algorithm as follows:

Y=HX+ N 3)
H=(X"X)"x"y ’
where X, H and N are the original transmitted signal, CFR,
and AWGN, respectively. The average channel response H
is obtained by performing a time-domain average of the pilot
estimate values. Finally, the noise variance o is calculated
as follows:

pw=H-H

2 2 (4),
o,=1- EDM| ]
where I is the identity matrix. Using this estimate as a basis,
SVD is first used to decompose H into independent parallel
subchannels, with each subchannel ¢ corresponding to a singu-
lar value S;:

H=USv" (3),
where the columns of U span the received signal space, S =

diag(S,,"++, Sp) contains the singular values corresponding to

the P spatial subchannels, and V" is the orthogonal basis of
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the transmitted signal space, mapping the equalized signal
back to the transmitted signal space. We seek a linear equal-
izer W such that £ = Wy minimizes the mean square error

E{" x— Wy ||2} Under the standard assumption E{xxH} =1
and E{nnﬁ} = 021, the MMSE solution is

Wy = V(S"S + a21)'S"U" (6),

which assigns different weights to each singular mode accord-
ing to its channel gain and the noise variance. Finally, the
equalization matrix is applied to the received signal to obtain

. oS,
%= Wyysey = ;m%(u”) (7).
where S, is the i-th singular value, and u, and v, are the i-th
columns of U and V, respectively. This expression shows that
the MIMO channel is decomposed into P parallel subchan-
nels, each employing an MMSE scalar coefficient for equaliza-
tion. In the traditional baseline, the subsequent step is to de-
modulate and decode x to reconstruct the original transmitted
bitstream. In contrast, our DL receiver replaces this entire LS+
MMSE equalization and bit-detection chain with the proposed
neural network.

3 Transformer-Based End-to-End Receiver

Design

In a single-user 4x4 MIMO baseband transmission sce-
nario, the spatial multiplexing characteristics of the channel
cause the received signals to exhibit linear superposition of
multipath propagation signals, resulting in spatial correlation.
Traditional receiver architectures, such as those based on
MMSE or zero-forcing equalizers, rely on the accuracy of chan-
nel state information (CSI) obtained through pilots, which in-
troduces unavoidable pilot overhead; on the other hand, in
typical Wi-Fi indoor environments, characterized by multipath
fading, dynamic interference, shadow effects, and high-
intensity noise, accurate CSI estimation is highly challenging,
leading to a significant degradation in the performance of lin-
ear equalizers. Additionally, the complex scrambling and
channel coding modules on the transmitter side, while enhanc-
ing link reliability, significantly increase the system’s compu-
tational complexity and processing latency.

To address the limitations of traditional approaches, we ex-
plore the feasibility of modeling physical layer signal process-
ing as an E2E-DL network. Specifically, given the Trans-
former model’ s strong global feature extraction capabilities in
sequence data modeling, we propose a lightweight receiver
based on a Transformer encoder, as shown in Fig. 3. At the
transmitter (TX), a random TX PSDU bitstream is processed
by a Wi-Fi 7 (IEEE 802.11be EHT) baseband chain and trans-
mitted over a TGax NLOS MIMO-OFDM channel. At the re-
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Figure 3. Lightweight encoder framework of the proposed Transformer-based receiver

ceiver side, the conventional front-end performs packet detec-
tion, time-frequency synchronization, Fast Fourier Transform
(FFT), data demodulation, and phase tracking/correction. The
resulting multi-antenna frequency-domain data symbols, after
the above pre-processing stage, are used as the input to the
proposed neural receiver, while the corresponding TX PSDU
serves as the label. Thus, the network is trained to recover the
original bitstream directly from the demodulated MIMO-
OFDM data, effectively replacing the traditional chain of noise
variance estimation, channel estimation and equalization, and
bit-level detection.

The proposed neural receiver comprises three main compo-
nents: an encoder-only Transformer, a CFEM, and a bitstream
recovery layer. The Transformer encoder provides a robust rep-
resentation of the MIMO-OFDM signal by exploiting multi-
head self-attention over antenna and time/frequency dimen-
sions. The CFEM further refines these features and reduces
the effective sequence length. The final multi-layer perceptron
(MLP)-based bitstream recovery layer maps the hierarchical
features to bit-wise logits, which are trained with a binary
cross-entropy with logits (BCE-with-Logits) loss and converted
into hard decisions during evaluation. The following subsec-
tions will provide a detailed explanation of the model’ s net-

work structure and operational principles.

3.1 Lightweight Encoder Framework

The encoder consists of six layers of identical structures
stacked together, with each layer containing four self-attention
heads, residual connections, layer normalization, and a feed-
forward network (FFN). This design focuses on modeling the
spatial correlation of signals across antennas, processes
MIMO-OFDM signals through multi-layer feature extraction
and nonlinear transformations, and provides a highly robust
feature representation for subsequent signal detection and de-
modulation.

3.1.1 Tokenization

The number of data subcarriers in the OFDM system is set
to N, = 234. Each antenna on each subcarrier carries one in-
formation symbol (N, = 1). After synchronization and OFDM
demodulation, the received signal yields a complex signal ma-
trix S, e R™*". Since the model supports processing real-
valued data, the complex numbers are decomposed into two in-
dependent dimensions based on their real and imaginary
parts, resulting in the signal tensor S, € R"*"*?* The signal
received by each antenna can be regarded as a “token” for the
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model input. By calculating the correlation weights between
different antennas via self-attention, the model can dynami-
cally learn which antenna signals are more important for re-
storing specific transmitted data.

The corresponding original randomly generated data bit-
streams are directly used as supervision labels to construct the
“signal feature-original bit” mapping pairs required for E2E
training. The number of bits is N, = N, X N, X N, = 936. The
data in the dataset is input into the model after being re-
shaped, with a signal dimension of inputs T e R™*™ 312
where N, is the number of signals while also adapting to the
Transformer encoder dimension

original input

[batchsize, sequencelenth, d, ., ] The supervised label dimen-

sion is £ e RY+* M,

3.1.2 Input Embedding and Positional Encoding

In the embedding module, the encoder employs a linear pro-
jection layer to expand the input to 512 dimensions. This en-
hancement improves the model’ s ability to represent features,
allowing it to learn more complex representations. Based on
empirical findings, the value of d_,, is 512, demonstrating its
feasibility and effectiveness in NLP and sequence modeling
tasks. Following this, layer normalization is applied to each
sample to stabilize the training process and help the model
converge more effectively.

Finally, the Leaky Rectified Linear Unit (LeakyReLU) is
used as the nonlinear activation function. Unlike the standard
ReL.U function that has a zero gradient in the negative value
region, LeakyReLU maintains a slight positive slope in this in-
terval ™. This design avoids the “dying ReLU” problem,
where neurons fail to update their weights due to continuously
outputting negative values and thus lead to permanent failure
during training. The concrete formula is as follows:

X = LeakyReLU (LayNorm (W, - X, +b.))  (8).

embedding

In the position encoding module, a cosine-based position
encoding function is used to compensate for the Transformer’s
lack of sensitivity to sequence order. This function generates
position vectors corresponding to the antenna index to distin-
guish the spatial characteristics of different receiving anten-
nas. The position vector, whose dimension is consistent with
the embedding dimension, is added element-wise to the sig-
nal features. This explicitly embeds the position information
into the model so that the model can better understand the

spatial characteristics between antennas. The concrete for-
mula is as follows:

PE
PE

)= sin (pos /100002i/d,.w )
, = cos (pos/ 10000 )

(pos, 2i

9),

(pos,2i + 1

where i € [O,(d

position vector.

1)/2] represents the n-th element of the

model
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3.1.3 Multi-Head Attention Mechanism

The multi-head attention mechanism can focus on feature
correlations from different angles in the received signal, im-
proving the model’s accuracy and robustness. This model uses
a 4-head self-attention mechanism to process different feature
subspaces in parallel and independently, which helps improve
overall computational efficiency. Simultaneously, the model
analyzes the input sequence from multiple perspectives to in-
tegrate a more comprehensive set of features. Finally, the out-
puts from each head are concatenated and subjected to linear
projection as follows:

head, = Attention (QW?, KWX, VW)

10).
MultiHead (Q, K, V) = Concat (head,...., head, )W " (10)

3.2 Convolutional Feature Enhancement Module

After the Transformer encoder completes the sequence mod-
eling of the received signal, we design a CFEM further to ex-
tract the local spatio-temporal features of the signal. This hier-
archical feature extraction strategy, which combines global
and local information, significantly improves the accuracy of
signal recovery.

The architecture of this module is as follows: first, a one-
dimensional CNN (1D-CNN) processes the output features of
the Transformer. The convolutional kernels in this layer map
the input channel count from 4 to 16, with a stride of 4,
thereby compressing the sequence length from 512 to 128.
This operation not only expands the feature dimension but also
serves as an effective downsampling mechanism to reduce
computational complexity. Following the convolutional layer
are two components: a BatchNorm layer to accelerate conver-
gence and prevent overfitting, and a LeakyReL.U activation
function to introduce nonlinearity. Additionally, to ensure the
integrity of the information flow and optimize the training pro-
cess, we introduce a skip connection that adds the module’s in-
put to the output after convolution, normalization, and activa-
tion on an element-wise basis. This residual structure pre-
serves the original global features and provides a shortcut for
gradient flow during backpropagation, thereby enhancing the
network ’s trainability.

3.3 Bitstream Recovery Layer

The bitstream prediction head serves as the terminal of the
network, with its core task being to decode from hierarchical
feature representations into the final bitstream. This module is
implemented as a MLP, with the specific process as follows:

1) Feature integration and transformation

First, the feature tensor (16x128) output by the upstream
convolutional module is flattened into a single 2 048-dimen-
sional vector, effectively integrating all the high-level features
extracted by the network across antennas and time-frequency
domains. Next, the first fully-connected layer (FC, also known
as the feature transformation layer) linearly maps this vector to
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3744 dimensions, aligning its dimension with the number of
bits (N,) in a single prediction.

2) Normalization and nonlinear activation

Before the nonlinear transformation, layer normalization is
applied to normalize the distribution of activations, thereby ac-
celerating convergence and improving training stability. We
then use the LeakyReLU activation function. This choice is
consistent with the selection for input embedding: LeakyReLU
preserves a small gradient for negative inputs, enabling better
handling and propagation of negative feature components re-
lated to signal phase. For phase-sensitive modulation schemes
like 16-QAM, this property helps minimize information loss.

3) Regularization and output projection

The activated features pass through a Dropout layer with a
dropout probability of 0.4, reducing the risk of overfitting in
the FC layer. The second FC layer (output projection layer)
then performs a final linear transformation of these features to
refine the prediction results.

During the training phase, LogitsLoss is used to directly op-
timize the log odds output, avoiding the Sigmoid saturation
problem. The loss expression is as follows:

L= [-blogo(h) -~ (1= b )log(1 = ()] (11)
. . . A 3744
During the testing phase, bitstreams b € {0, 1} are gener-

ated through hard decisions with a threshold of 0.5 to generate
the final bits as follows:
- {] , Ju(x), =05

(12),
0, otherwise

where f; (x), is the FC layer function. Finally, the output re-

sults are compared with the label data bit by bit to count the

number of errors, and the bit accuracy is calculated based on

the total number of error bits as:

N

b, — b,

"“\“1»1
i=1

N, x N

BitAc =1 —

test

3.4 Complexity Analysis
The per-layer computational complexity of a standard multi-

model di-

seq?

head self-attention block with sequence length L

mension d, ., and H heads (each of size d,., =d, ./H)
scales approximately as:
O<L§eqdmudel) + O (Lst‘qdfnudel ) (14)5

where the first term corresponds to attention score computa-
tion (QK" and softmax-weighted V), and the second term corre-
sponds to the FFN. In our receiver, the effective sequence

length is L, = N, X N_, e.g., four receive antennas and 234

seq
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active subcarriers give L, = 936. We note that the bit-length
N, = 3744 is the output dimensionality of the final fully-
connected head and does not directly enter the attention com-
plexity. Moreover, to further reduce inference latency and
memory footprint, we append CFEM that downsamples the se-
—d, . We

model red*

quence dimension by a stride s, and projects d

1 1
choose d,, € [g dmodel,zdmod?l} and set d,, = 128 by default
(d

wodel = 512), which is approximately one head width when
H =4(d,., = 128). This choice preserves the information ag-
gregated by the encoder and makes the final dense bit head
operate on a compressed representation, rather than on the

full L

seq

X d, . tensor. In practice, this reduces the size of the
final linear layer and lowers on-chip activation bandwidth.

4 Experiment

This section evaluates the performance of the proposed DL
Transformer receiver against a traditional physical layer base-
line via numerical simulation.

4.1 Experiment Settings

4.1.1 Baseline Scheme

The baseline was evaluated using the Monte Carlo method.
We measured its BER performance over an SNR range of 0 to
34 dB, in 2 dB increments. To ensure statistical validity, each
SNR point was assessed by transmitting a sufficient number of
packets over independently realized random channels. In
cases of packet detection failure, all bits within the packet

were considered erroneous.

4.1.2 DL Transformer Receiver

1) Dataset generation: The proposed receiver was trained
and evaluated on a large-scale simulated dataset. The data
were generated using the same transmission link as the base-
line, but with the transmitter’s scrambling and channel coding
modules disabled. To promote model generalization, each data
sample corresponds to an independent channel realization.
Both large-scale fading and small-scale fading were fully ran-
domized to cover typical NLOS conditions.

2) Dataset configuration and preprocessing: The training
and validation sets were generated at a fixed SNR of 30 dB,
whereas dedicated test sets were generated for each evaluated
SNR point (0 - 34 dB). Concretely, the training set consists of
1 200 mini-batches with 64 samples in each mini-batch, re-
sulting in 76 800 training samples in total. The validation and
test sets each contain 120 mini-batches with 64 samples per
mini-batch, i.e., 7 680 samples per set, which corresponds to
an approximate 10:1:1 ratio for training, validation, and test
data. For each sample, we first generate a fresh random bit-
stream and then reset the channel model with new random
seeds and parameters, such that the transmitter-receiver dis-
tance, path loss, shadowing, multipath delays, and fading co-
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efficients (both large-scale and small-scale) are indepen-
dently randomized. As a result, every sample is associated
with an independent channel realization, covering a represen-
tative dynamic range of NLOS channel conditions and produc-
ing diverse fading characteristics, path loss levels, and noise
realizations. For preprocessing, complex-valued signals were
decomposed into their real and imaginary components. Fur-
thermore, we applied data augmentation to the training set by
adding zero-mean Gaussian noise (o = 0.05) to enhance
model robustness.

4.2 Training Strategy and Stabilization Techniques

To ensure stable and efficient training of the proposed neu-
ral receiver and to mitigate both underfitting and overfitting,
we adopt the following training strategy.

1) Initialization and normalization

Network parameters are initialized according to the type of
layer and activation. Layers with Gaussian Error Linear Unit
(GELU) activations (e.g., in the Transformer encoder) use
Xavier initialization, which balances the variance of forward
and backward signals. Layers with LeakyReL.U activations (e.g.,
in the CFEM) use Kaiming initialization, which is tailored to
ReLU-type nonlinearities. For LayerNorm and BatchNorm,
the scale parameters are initialized to 1 and the biases to 0 so
that normalization does not distort the feature distribution at
the beginning of training. The self-attention projection matri-
ces in the Transformer are also initialized with Xavier to keep
the variance of dot-product attention stable.

2) Optimizer and learning-rate scheduling

We use the AdamW optimizer to decouple weight decay
from the gradient update, which provides more controlled regu-
larization than classical Adam. Unless otherwise stated, the
hyperparameters are set to weight decay 107, 8, = 0.9, 8, =
0.999, and € = 107%. A Reducel.LROnPlateau scheduler moni-
tors the validation loss and reduces the learning rate by a fac-
tor of 0.8 if no improvement is observed for five consecutive
epochs. This strategy accelerates convergence in the early
stage while allowing finer adjustments near convergence.

3) Gradient clipping

To avoid gradient explosion and overly large parameter up-
dates, we apply gradient-norm clipping with a maximum /[,
norm of 2. This improves the stability of training, especially
given the long input sequences and the depth of the encoder.

4) Regularization and stabilization

To enhance robustness and prevent overfitting, we combine
several standard regularization techniques. L2 weight decay is
applied through AdamW; Dropout and LayerNorm are used
within the Transformer encoder and the fully connected lay-
ers; and BatchNorm is applied after convolutional layers in
the CFEM to stabilize feature statistics across mini-batches.

With this training setup, the network learns to map the de-
modulated MIMO-OFDM symbols directly to the transmitted
bitstream in an end-to-end fashion, enabling joint optimization
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of signal detection and recovery under realistic Wi-Fi 7 chan-
nel conditions.

4.3 Experiment Results
The experiment used BER as the core evaluation indicator,
defined as

BER — Berror

B (15).

total

Fig. 4 shows the performance curve of the BER of the tradi-
tional scheme as a function of SNR. This curve exhibits three
distinct regions. In the low SNR region (SNR < 10 dB), system
performance is primarily constrained by intense channel
noise, resulting in a sharp decline in BER from a high error
level. Some errors originate from frequent packet detection
failures during this phase. As the SNR enters the medium
SNR range (10 dB to 26 dB), the slope of the BER curve slows
significantly, indicating that system performance improve-
ments are beginning to be constrained by non-noise factors. In
the high SNR region (SNR > 26 dB), the BER decreases rap-
idly again, and when the SNR reaches 32 dB, the system ap-
proaches error-free transmission, achieving highly reliable
communication.

Figs. 5a and 5b illustrate the learning dynamics of the pro-
posed model over 1 300 epochs. The model exhibits a conver-
gence pattern. In the initial training phase (approximately the
first 200 epochs), the training and validation losses decrease
sharply. Correspondingly, accuracy rises rapidly from the ran-
dom guess baseline of 0.5, indicating that the model is effec-
tively capturing the underlying data features. Following this
initial phase, the learning process enters a stable convergence
regime. A consistent generalization gap emerges between the
training and validation curves, stabilizing in later epochs at
approximately 0.05 for the loss and 0.045 for the accuracy.

— Traditional multi-module receiver

107
107

1077

107
0 5 10 15 20 25 30 35
SNR/dB

BER: bit error rate SNR: signal-to-noise ratio

Figure 4. BER performance of the traditional scheme
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Figure 5. Training and validation curves: (a) loss versus epochs;
(b) accuracy versus epochs

Crucially, the validation loss plateaus without a significant up-
ward trend, which suggests that while minor overfitting is pres-
ent, the model’s generalization ability remains well-controlled.
The minor fluctuations observed across the curves are attribut-
able to the stochastic nature of minibatch gradient descent
when applied to a complex and diverse dataset.

In summary, the leveling off of the validation metrics indi-
cates that the model ’ s performance has likely saturated,
given its capacity and the complexity of the dataset. While
this confirms the effectiveness of the proposed architecture,
it also suggests that its performance ceiling is constrained by
either its representational power or the intrinsic noise within
the data.

Fig. 6 shows the BER performance of the proposed deep
learning receiver, demonstrating that the model achieves ex-
cellent signal recovery capability. As shown in the figure, the
BER begins to decline when the SNR reaches approximately
10 dB, demonstrating that the model has successfully learned
effective features capable of robustly countering channel noise
and fading. When the SNR exceeds 23 dB, the decline rate of

the BER curve significantly slows down, exhibiting a conver-
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Figure 6. BER performance of the proposed scheme

gent trend, indicating that the model has reached its perfor-
mance limit. Overall, these results demonstrate that the pro-
posed deep learning model can successfully learn the E2E sig-
nal recovery task without explicit channel estimation and
equalization modules. The model exhibits strong robustness
across the entire evaluated SNR range, with its achieved low
BER meeting the performance standards for high-reliability
communication.

5 Conclusions

This paper proposes and validates a novel DL-E2E receiver
based on the Transformer architecture, designed to overcome
the limitations of traditional multi-module designs in Wi-Fi 7
environments. Our work demonstrates that the model’ s multi-
head self-attention mechanism is effective at implicitly learn-
ing and jointly performing noise estimation, channel estima-
tion, and equalization, thus bypassing the need for the explicit
modular design. The experimental results underscore the supe-
riority of this data-driven paradigm: The proposed receiver
achieves an excellent BER performance across a wide range of
SNRs, meeting the requirements for high-reliability communi-
cation and serving as a compelling proof-of-concept for Al-
native wireless systems.

Building on these promising results, future efforts will be di-
rected toward two critical areas. First, we will investigate the
practical implementation and deployment of this architecture,
focusing on complexity reduction and optimization for real-
time processing on hardware platforms. Second, we will pursue
research into the theoretical interpretability of the network s
learned features, aiming to move beyond a “black-box” under-
standing and gain deeper insights into how the model makes

its decoding decisions.
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1 Introduction
iber-to-the-Room (FTTR)" is a key framework for next-
generation home and enterprise networks, with global
deployment accelerating due to its broad application
prospects. Built on an all-optical fiber network archi-
tecture, this technology delivers ultra-high bandwidth (ranging
from 1 Gbit/s to 10 Gbit/s), low latency, high stability, and
seamless coverage to end users. It effectively supports band-
width- and performance-intensive applications such as 4K/8K
ultra-high-definition video streaming, cloud gaming, virtual re-
ality/augmented reality (VR/AR), smart home systems, and re-
mote work and education”. As global fixed broadband net-
works progress toward gigabit and ten-gigabit capabilities, the
deployment scale of FTTR continues to expand, accompanied
by a steady increase in market penetration. This trend under-

This work is supported in part by the National Key R&D Program of China
under Grant No. 2024YFE0200504, NSFC key international joint project
under Grant No. 62120106007, and Interdisciplinary Research Program of
HUST under Grant No. 2024JCYJ022.

scores FTTR as a critical direction in the evolution of next-
generation broadband access technologies.

In December 2020, the European Telecommunications Stan-
dards Institute (ETSI) included FTTR in the fifth-generation
fixed network (F5G) standard system', reflecting international
recognition of its technological innovation and standardization
progress. Currently, ten-gigabit access solutions that integrate
50G passive optical networks (PON) and FTTR are progress-
ing through pilot testing and commercial deployment stages.
Many service providers are actively promoting this technology
as a strategic initiative to enhance user experience, capture
high-end market segments, and strengthen competitive advan-
tage. Furthermore, as end-users increasingly demand high-
quality indoor coverage and stable network performance,
achieving high reliability, efficient operation and mainte-
nance, and consistently superior user experiences in FTTR
networks has become a central focus for both academic re-
search and industrial development.

The rapid expansion of FTTR networks, coupled with their
highly complex topology, which includes primary gateways,

ZTE COMMUNICATIONS | 37
December 2025 Vol. 23 No. 4



Special Topic | Root Cause Analysis of Poor FTTR Quality Based on Transformer Mechanisms

YU Weichao, LIU Yang, ZHANG Junxiong, YE Junliang, GE Xiaohu

secondary gateways, optical splitters, fiber links, and Wi-Fi
environments, has introduced new operational challenges.
First, fault localization is challenging. Issues such as slow net-
work speed, connection interruptions, and high latency may
originate from multiple sources, including abnormal optical
power, hardware or software failures, configuration errors, Wi-
Fi interference, or user-side problems. Actually, PON-side is-
sues do not directly cause Wi-Fi performance degradation but
rather affect the performance of the entire end-to-end link. For
instance, optical power attenuation can lead to high bit error
rates and packet retransmission in the link, while optical line
terminal (OLT) congestion can result in increased latency and
packet loss. These issues degrade the Quality of Service (QoS)
for data flows. Since Wi-Fi is the last segment of the network
connecting to users, problems occurring in intermediate links
are sometimes erroneously attributed to Wi-Fi performance
degradation. Moreover, faults often exhibit complex interde-
pendencies across multi-level devices, rendering manual in-
spection inefficient and error-prone. Second, root cause analy-
sis (RCA) is time-intensive. Traditional approaches that rely
on alarms and expert knowledge struggle to quickly and accu-
rately identify the true cause amid vast volumes of multi-
source data, such as performance metrics, alarm records, con-
figuration logs, and environmental information. This results in
prolonged mean time to repair (MTTR), which negatively af-
fects user experience and operator profitability. Third, intelli-
gent capabilities are limited. Current operational systems lack
automated and intelligent analysis functions, including root
cause inference, making them ill-suited for the efficient and
precise management of large-scale FTTR networks. Therefore,
establishing an automated operational decision-making cycle
has become an urgent and critical priority.

The accelerating pace of enterprise digital transformation,
combined with the deep integration of technologies such as
cloud computing, big data, and artificial intelligence, has led
to a significant increase in the complexity of intelligent sys-
tems. During daily business operations and the maintenance
of core systems, organizations may experience system failures
or performance degradation. To ensure continuous and stable
system operation, it is essential to accurately identify the root
cause of issues—not only locating the fault but also under-
standing the underlying reasons—to develop effective preven-
tive strategies. This process is known as RCA, which focuses
on employing systematic methodologies to uncover the funda-
mental factors behind problems, rather than simply addressing
surface-level symptoms. Currently, RCA methods can be
broadly classified into two categories: data-driven and
causality-driven approaches. Due to the high complexity in-
volved in achieving complete causal inference, data-driven
methods, such as association rule mining, machine learning,
deep learning, intelligent agents, and knowledge graphs, have
become the dominant approach in practice.

The data utilized for RCA primarily consists of three types
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of heterogeneous data: 1) Location-time data: This type re-
cords the physical or logical location and associated timing of
fault occurrences, thereby supporting the identification of fail-
ure propagation paths. For example, in FTTR networks, this
includes AP deployment topology, user mobility trajectories,
and timestamps of roaming events; 2) Physical data: This cat-
egory captures the physical state of the system. Wireless met-
rics such as the received signal strength indicator (RSSI), the
signal-to-noise ratio (SNR), and air interface utilization fall
into this category; 3) Log and behavioral data: This type en-
ables in-depth causal inference and includes examples such
as device kernel logs, 802.11 protocol packet captures, and
user authentication records. However, the heterogeneity of
multi-source data and the presence of temporal delays remain
key challenges. There is an urgent need to achieve efficient
feature alignment and real-time analytical capabilities.

Among data-driven methods, association rule mining aims
to identify abnormal combinations of attributes to locate root
causes. For example, the classification based on associations
(CBA) algorithm utilizes class association rules (CARs) to
identify fault causes, demonstrating high accuracy in applica-
tions such as fault diagnosis in chiller systems'*. However, the
effectiveness of this method heavily depends on the setting of
thresholds for minimum support and minimum confidence. Its
performance tends to be unstable across different datasets,
and it is prone to combinatorial explosion in high-dimensional
scenarios” .

Machine learning methods are extensively employed in en-
vironments with labeled data, where they demonstrate strong
performance. Neural network classifiers and k-nearest neigh-
bors (KNN) algorithms can construct feature vectors from his-
torical data to train supervised classification models, enabling
accurate fault attribution”. However, this approach is heavily
dependent on the availability of large quantities of high-
quality labeled samples. In unsupervised or semi-supervised
scenarios, the interpretability and performance of these meth-
ods are often constrained.

Deep learning methods enable automatic feature extraction
and pattern recognition from high-dimensional and complex
data. They demonstrate superior performance in multimodal
fusion and sequence modeling, allowing the application of hy-
brid architectures such as CNN-BiLSTM-Attention for pro-
cessing alarm sequences or leveraging Transformer-based
models to integrate multi-source information for fault diagno-
sis®® 1% While deep learning is highly sensitive to nonlinear
relationships and latent patterns, its effectiveness in causal in-
ference remains dependent on the comprehensiveness of fea-
ture extraction and the quality of the input data. Furthermore,
model training typically demands large volumes of labeled
data and significant computational resources'"' '\

In recent years, knowledge graphs and intelligent agent
methods have been gradually applied to RCA. Knowledge
graphs enable interpretable reasoning through structured



Root Cause Analysis of Poor FTTR Quality Based on Transformer Mechanisms

Special Topic

YU Weichao, LIU Yang, ZHANG Junxiong, YE Junliang, GE Xiaohu

causal networks and probabilistic models. Agents built on
large language models (LLMs), such as ReAct and RCAgent,
utilize interactive tool calls and dynamic reasoning loops to
cope with complex and dynamic fault scenarios, significantly
enhancing system interpretability and real-time responsive-
ness'”® 'L These methods exhibit complementary characteris-
tics. Association rule mining is suitable for extracting highly
interpretable rules. Machine learning is effective for well-
labeled classification tasks. Deep learning excels at handling
high-dimensional and complex patterns. Knowledge graphs
and agent-based methods enhance causal reasoning and inter-
active adaptability, thereby improving the interpretability and
dynamic performance of RCA.

This paper, based on artificial intelligence methods, ad-
dresses the challenge of Wi-Fi quality degradation in FTTR
networks caused by complex factors. The main contributions
are as follows:

1) To tackle the difficulty of locating Wi-Fi-side quality
degradation and performing RCA in FTTR networks, a multi-
task learning model based on Transformer mechanisms is pro-
posed, enabling simultaneous AP localization and root cause
type identification.

2) A discrete-event simulation platform using MATLAB is
designed and implemented to simulate various network degra-
dation scenarios (e.g., weak coverage, congestion, and interfer-
ence), generating a multi-label dataset for model training and
validation.

3) Experimental results show that the proposed Transformer-
based multi-task learning model achieves an accuracy of

96.75% in root cause classification tasks, significantly outper-
forming baseline models such as LSTM, GRU, Random Forest,
and XGBoost. This demonstrates its superiority in temporal fea-
ture extraction and complex pattern recognition, highlighting its
high practical value.

The rest of this paper is organized as follows. Section 2 in-
troduces the system model, including the centralized/cloud
wireless-optical access network (C-WAN)-based FTTR archi-
tecture, the RCA framework for performance degradation, and
the channel access mechanism. Section 3 elaborates on the
Transformer-based multi-task RCA algorithm, including prob-
lem modeling, model structure, and loss function design. Sec-
tion 4 validates the effectiveness of the proposed method
through simulation experiments, including dataset generation,
baseline comparisons, and ablation studies. Future research
directions are outlined in Section 5. Finally, Section 6 con-
cludes the paper.

2 System Model

This section introduces the FTTR system model based on
the C-WAN, including its architecture, the framework for
RCA of performance degradation, and the channel access

mechanism.

2.1 FTTR Network Architecture Based on C-WAN

As shown in Fig. 1, the C-WAN system is functionally di-
vided into three planes: the management plane, the control
plane, and the data plane. The management plane is respon-
sible for monitoring device status, maintaining topology infor-

Management plane

FTTR remote
management platform

Master device
management entity

Slave device
management module

Control plane

Real-time
communication

status reporting .
Controller Control entity
Command
dispatching
OLT ODN PON — L2+ — TRx IFDN TRx L2+

——

——

| Wi-Fi |

| ETH | | Wi-Fi |

Data plane ‘ ’ ETH ‘

ETH: Ethernet
FTTR: Fiber-to-the-Room

IFDN: indoor fiber distribution network
ODN: optical distribution network

OLT: optical line terminal
PON: passive optical network

Figure 1. Centralized/cloud wireless-optical access network architecture
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mation, and interfacing with operator platforms to achieve op-
erational and maintenance objectives. The control plane pri-
marily collects information from both air interfaces and optical
links, enabling intelligent allocation and decision-making for
optical-wireless resources through unified scheduling. The
data plane consists of multiple devices responsible for the ac-
tual forwarding of user packets and provides transmission
channels for operation and control signaling. Within this archi-
tecture, the OLT can gather various types of status information
from all APs and possesses strong computational capabilities.
This makes it well-suited for centralized analysis of network
quality degradation causes. Detailed explanations will be pro-
vided in subsequent sections.

2.2 Framework for Root Cause Analysis of FTTR Perfor-
mance Degradation

In FTTR networks where dense user and AP coexistence is
common, the causes of performance degradation are complex
and involve factors such as air interface collisions, channel
contention, and uneven resource allocation. Therefore, this pa-
per establishes an RCA framework for FTTR performance deg-
radation based on the C-WAN architecture. This framework le-
verages real-time status data collected by the OLT, including
channel utilization, collision counts, packet error rates, modu-
lation and coding scheme (MCS), etc., and the low-latency op-
tical fiber links to identify key factors contributing to network
quality deterioration through feature extraction and correlation
analysis. The analysis results can be used to guide resource re-
configuration and transmission strategy adjustments, thereby
forming a closed-loop operational mechanism of “detection-
analysis-optimization”. This enhances network reliability and
service quality.

The system model consists of a centralized OLT connected
to multiple APs via optical fibers. Each AP, in turn, estab-
lishes wireless local area network (WLAN) connections with
multiple stations (STAs). Leveraging low-latency optical links,
the centralized OLT can promptly collect and aggregate multi-
source status data generated by all APs and STAs across the
network. This enables the construction of a multi-dimensional
performance indicator system spanning the physical layer,
link layer, and network layer. Furthermore, thanks to the edge
computing module deployed at the OLT, AI models can be de-
ployed to extract and integrate high-dimensional features.
This capability allows for the identification of potential root
causes of degradation, such as roaming issues, interference,
collisions, congestion, and weak coverage. Based on the analy-
sis results, optimization strategies can be formulated and deliv-
ered to the corresponding APs for execution via the C-WAN
control mechanism. This architecture fully leverages the cen-
tralized advantages of C-WAN, significantly enhancing the
service assurance capabilities of FTTR networks in high-
density environments.
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2.3 FTTR Network Channel Access Mechanism

In FTTR systems, the channel access mechanism comprises
both PON and Wi-Fi components, aiming to achieve efficient
and low-collision data transmission.

On the PON side, the data transmission mechanism in-
cludes downlink broadcast and uplink time division multiple
access (TDMA). For downlink transmission, the OLT sends
data via broadcasting, and each optical network unit (ONU) fil-
ters and receives data based on its logical identifier. For up-
link transmission, multiple ONUs share the same fiber chan-
nel, and the OLT centrally schedules time slot allocations to
prevent collisions. The OLT uses Gate control frames to assign
transmission windows to ONUs, which then send data and Re-
port frames within designated time slots to report their buffer
status. The transmission time slots have a minimum granular-
ity to ensure sufficient processing time for ONUs. For ex-
ample, in EPON, the basic unit is 16 ns, and the minimum al-
location unit is 1 024 such basic time slots (i.e., 16.384 s ).
Additionally, the system periodically executes discovery and
registration procedures to maintain the active status of ONUs
and prevent watchdog timer timeout. Control frames (such as
Gate and Report) are assigned a higher transmission priority
than data frames.

In Wi-Fi networks, the enhanced distributed channel ac-
cess (EDCA) mechanism is employed to enable service differ-
entiation and QoS management. This mechanism defines four
access categories (ACs): AC_VO, AC_VI, AC_BE, and
AC_BK. Each AC corresponds to specific contention param-
eters, including minimum contention window (CWmin), maxi-
mum contention window (CWmax), arbitration inter-frame
space number (AIFSN), and transmission opportunity limit
(TXOPLimit). The AIFS duration is calculated as follows:

AIFS[AC] = SIFSTime + AIFSN[AC] X SlotTime  (1).

In the EDCA mechanism, SIFSTime and SlotTime are
physical layer parameters. Each AC independently executes
a backoff procedure. When the channel remains idle for the
duration of the AIFS, a random backoff timer is triggered. If
an internal collision occurs, the higher-priority AC gains
transmission rights, while the lower-priority AC must double
its backoff window. Once the transmission is successful, the
contention window is reset to the CWmin value. If the trans-
mission fails, the window continues to double until CWmax
is reached.

3 Transformer-Based Multi-Task Root

Cause Analysis Algorithm

3.1 Problem Formulation

The overall network architecture of FTTR comprises two
major components: the PON and Wi-Fi access. In practical de-
ployments, the PON section utilizes optical fiber as the trans-
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mission medium, offering high bandwidth, low latency, strong
anti-interference capabilities, and generally stable operation
with a low probability of network quality degradation. In con-
trast, the Wi-Fi section operates in open wireless frequency
bands, making it highly susceptible to environmental interfer-
ence, diverse terminal behaviors, physical obstructions, and
other factors. Consequently, Wi-Fi has become the primary
source of overall network quality degradation. Relevant statis-
tics indicate that over 80% of user experience issues originate
from the Wi-Fi side. Building on this, this paper focuses on
analyzing and modeling Wi-Fi-related network quality issues
in FTTR systems.

The analysis of FTTR network quality degradation can be
formulated as a multi-task time series classification problem.
Consider a network system comprising n APs. At each time
step £, the system monitors N, feature metrics, forming a fea-
ture vector x, € RY.

Given an observation time window of length L, the model in-
put can be represented as a feature matrix :

X=|:xl,x2,-~-,x,l:|vrERLXN’ (2),

where each feature vector x, te[ 1,-+,L], includes three types
of metrics: 1) AP-specific metrics: d)(AjI), where i € {1,2,---,n}
denotes the AP index, and jrepresents the metric type (e.g.,
number of STAs, channel status); 2) AP performance metrics:

l//(f]l, , reflecting the performance of each AP (e.g., throughput,

interference level); 3) Global network metrics: @™, describing
the overall network state (e.g., total user count, average chan-
nel utilization).

The model outputs two vectors, Root Cause Localization (a
root cause probability vector Y,, € [0, 11" indicating the prob-
ability that each AP is the root cause AP) and Root Cause

where C is the number of root cause types). The root cause
types considered in this paper include Normal, Weak Cover-
age, Congestion, Collision, Roaming, and Interference.

The model needs to learn a mapping function F as ex-
pressed in Eq. (3):

F(X; @) = [YAPv YType] (3),

where O represents the parameters of the function, consisting
of the Transformer-based multi-task learning model and its
output heads.

3.2 Model Architecture: Transformer-Based Multi-Task
Learning Model
The core architecture of the model is illustrated in Fig. 2.
Each feature vector is mapped from dimension N, to dimen-
sion N, through a fully connected layer. Here, W, is the
weight matrix, and b, is the bias vector.

HY=X-W, +b, (4),

HY =09 +p (5).

Since the Transformer mechanism does not employ recur-
rent or convolutional structures, it cannot inherently capture
the sequential relationships among elements in the se-
quence. The positional encoding P, a tensor with the same
shape as H", is learned and added to H'® to enable the
model to utilize the temporal order information of the time
steps in the sequence.

The Transformer encoder consists of N, identical layers
stacked together, each containing a multi-head self-attention
mechanism and a feed-forward neural network. The multi-
head self-attention mechanism allows any time step in the se-

Type (a root cause type probability distribution ¥, € [0, 11, quence to directly attend to all other time steps, effectively
Residual Residual
connection connection
Input [:> [:> :> > [ > > Output
Linear Positional Self— FFN Classification
encoding liferniion heads
Transformer

FFN: feed-forward network

Figure 2. Multi-task Transformer mechanism
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capturing long-term dependencies and interactions among fea-
tures. This is crucial for analyzing the temporal causal rela-
tionships in network state metrics. The feed-forward neural
network primarily applies non-linear transformations to the
outputs of the self-attention layer, enhancing the model’ s ex-
pressive power. Each sub-layer incorporates residual connec-
tions and layer normalization, which help mitigate gradient
vanishing issues in deep networks and accelerate training.

H( M) = TransformerEncoder(H(o)) (6).

After processing through N, layers of the Transformer en-
coder, we obtain a sequence H** rich in contextual informa-
tion. The output of the last time step, hy, . is used as a com-
prehensive representation of the entire input sequence. It is
fed into two separate classification heads to produce the model

outputs ¥, and Yy, .

Y= softmax(h W+ bAP) (7),

final

Y.

Type

= softmax(h Wine + b'rype) (8).

final " Type

3.3 Loss Function
The total loss function is defined as the weighted sum of the
two task-specific losses:

Lyga = oLy + BLyy,. 9),
where a and B are the weights for the two tasks. Both losses
employ the cross-entropy function. The objective of model
training is to minimize this total loss function.

3.4 Computational Cost Analysis

The computational cost of the model primarily originates
from the initial projection layer, the Transformer encoder, and
the output layer. The following analysis is based on computa-
tional complexity, where the sequence length is L, the model
dimension is N, the input feature dimension is N, and the
number of Transformer layers is N,.

The operation of the initial projection layer involves matrix
multiplication X - W, and bias addition. Its complexity is
O(L - N, - N,). Since N; and N, are fixed dimensions, the
complexity is linearly related to the sequence length L.

The complexity of each Transformer encoder layer is deter-
mined by the multi-head self-attention and the feedforward
neural network.

1) Multi-head self-attention: The complexity of computing
the attention matrix QK" is O(L? - d, ), where d, = N ,/h (with
h being the number of heads). Since there are h heads, the to-
tal complexity is O(h - L* - d,)= O(L* - N,), because d, =
N,/h.

2) Feedforward neural network: The complexity of the two
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linear transformations is O(L - N, - dff). Since dj, o< N, , the
complexity is O(L - Nd2 ).

Thus, the total complexity of each Transformer layer is
O(L*- N, + L - N,?). The entire encoder has N, layers, so
the total complexity is O(N, - L* - N, + N, - L - N,*).

The operations of the output layer involve matrix multiplica-
tion and softmax for two classification heads. The complexity
isO(C,p - N, + Cy,. - N,). Since C,;, and C
constant, this part of the complexity is negligible.

are small and

Type Type

In conclusion, the total computational cost is:

O(L-N;+N,+N, -L*-N,+N, -L-N>+
Cipp* Nyt Cpyp - N,) (10).

Based on the above analysis, the total computational cost of
the model is primarily dominated by the Transformer encoder,
i.e., O(N,-L*-N,+N,-L-N,”). The computational cost
mainly depends on the sequence length L and the model di-

mension V.

4 Simulation

4.1 Dataset Generation

To train and evaluate an Al model capable of accurately de-
termining the root causes of WLAN network issues, we devel-
oped a discrete-event simulation platform based on MATLAB.
This platform simulates key mechanisms of the IEEE 802.11
protocol’ s MAC and physical layers to replicate various net-
work quality degradation scenarios. The architecture of the
simulator and the detailed process for generating a multi-label
dataset are described below.

Our simulator follows an object-oriented design philosophy,
with its core classes and interactions illustrated in Fig. 3.

The Simulator module is the core scheduling system of the
simulation, responsible for maintaining the global clock and a
list of APs. It advances the simulation by scanning and execut-
ing the earliest occurring events. The AP module models the
behavior of real APs, maintaining a state machine that in-
cludes states such as BACK_OFF, HOLD, and SEND. The
Callback module contains functions scheduled to execute at
specific future time points, handling events such as the end of
backoff, the start of frame transmission, and acknowledge
(ACK) character timeout checks. The Events module records
the details of each transmission attempt, including start time,
end time, and status. The Mobile module simulates STA mo-
bility and roaming behavior, tracking the positions of STAs
and APs. It calculates the received signal strength based on
real-time distance and a path loss model, triggering roaming
decisions when the signal strength falls below a certain thresh-
old. The ChannelQuality module calculates the received sig-
nal power, aggregates interference from co-channel APs and
external sources, and computes the signal-to-interference-
plus-noise ratio (SINR). It also determines the packet error
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Figure 3. Simulator modules: core classes and interactions

rate (PER) using a PER-SINR mapping model, taking into ac-
count different modulation and coding scheme (MCS) levels.
The LoadMonitor module monitors network load conditions,
collecting statistics such as channel utilization, queue length,
and collision count for each AP, and subsequently calculates
the collision rate.

Data generation is achieved through multiple simulation
runs, each configured with specific parameters to simulate par-
ticular problem scenarios. Roaming issues are simulated using
STA mobility models, where STAs continuously move between
two APs; Coverage deficiencies are simulated by setting low
AP transmission power or placing STAs at the edge of cover-
age areas; Congestion issues are simulated by increasing the
number of APs or raising the STA’ s transmission rate to el-
evate the load; Interference issues are simulated by adjusting
AP topology to cause mutual interference or by introducing ex-
ternal APs outside the FTTR system; Severe collision sce-
narios are simulated by configuring small contention windows
or a large number of STAs.

The dataset generation process integrates the previously
mentioned modules. The first step is simulation initialization,
where parameters such as the number of APs, number of
STAs, physical locations, transmission power, and traffic load
are configured. All AP, Mobile, ChannelQuality, and Load-
Monitor modules are initialized.

During the simulation, the simulator employs an event-
driven time-step advancement mechanism. At each sampling
interval, it performs unified sampling of all APs to create time-
stamped data samples. Each sample includes the following fea-
ture sets:

1) Network load features: the total number of STAs, the
number of STAs currently associated with each AP, and sys-
tem load imbalance degree (used to quantify load distribution
differences among APs);

2) Channel state features: channel number occupied by
each AP, the number of co-channel interfering APs, SINR for
each AP, and RSSI for each AP;

3) Performance metrics: total downlink throughput per AP,
maximum communication delay, frame retransmission rate,
channel utilization, and the MAC-layer data frame collision rate;

4) Roaming behavior features: the number of roaming event
triggers and that of failed roaming attempts per AP.

Each sample is automatically annotated with two labels.
The root cause label identifies the primary network problem.
The categories include roaming issues, coverage deficiency,
congestion, interference, severe collisions, and normal condi-
tions. The labeling logic is determined by the simulation con-
figuration. The problem AP label identifies the device 1D of
the AP responsible for the root cause. For coverage deficiency
and roaming issues, this label is the ID of the currently serv-
ing AP; for interference issues, it is the ID of the primary inter-
fering AP; for congestion and severe collision scenarios, it is
the ID of the overloaded AP. Finally, the feature vectors of all
samples and their corresponding labels are stored in a matrix
form to create the final dataset for model training.

In the subsequent experiment, using the aforementioned
method, we conducted simulations for six different scenarios,
each simulated 300 times with a time-step of 300 s. By chang-
ing the random number seeds, a dataset comprising 540 000
samples with 39 features was constructed. The dataset was
partitioned into training, validation, and test sets in a 70%,
15%, and 15% ratio, respectively. Both the root cause label
and problem AP label exhibit a uniform distribution.

4.2 Baseline Model Performance Comparison

The dataset generated using the aforementioned method
was used to train the models. As shown in Fig. 4, as the
number of training iterations increases, the loss gradually
decreases, and the accuracy gradually improves, eventually
stabilizing.

To comprehensively evaluate the performance of the pro-
posed Transformer-based multi-task learning root cause analy-
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Figure 4. Baseline model performance comparison: training results

sis algorithm for FTTR networks, we compared it against sev-
eral representative baseline models, including classical se-
quence models and traditional machine learning methods. The
selected baseline models are two sequence models: Long
Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU), and two traditional machine learning models: Random
Forest and eXtreme Gradient Boosting (XGBoost).

As shown in Fig. 5, the proposed Transformer-based multi-
task learning model achieved the highest accuracy in both AP
localization and root cause type identification tasks, demon-
strating its excellent capability in temporal feature extraction
and complex pattern discrimination.

*AP localization task: The Transformer-based multi-task
learning model achieved an accuracy of 80.92%, outperform-
ing LSTM (79.54%), GRU (79.02%), Random Forest
(74.64%), and XGBoost (76.29%). This indicates that the self-
attention mechanism is superior to recurrent structures and
tree models in capturing global dependencies. However, the
overall accuracy rates were relatively low, primarily because
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when network quality degrades, non-root-cause APs may ex-
hibit similar features. For example, if AP1 is interfered with
by AP2, AP2 may also experience interference from AP1, re-
sulting in highly similar features between the two APs.

*Root cause type classification task: The Transformer-
based multi-task learning model achieved an accuracy of
96.75%, surpassing all baseline models. Traditional machine
learning methods performed significantly worse in this task,
highlighting the advantage of deep sequence models in fine-
grained, multi-category classification scenarios.

In summary, the Transformer-based multi-task learning
model is well-suited for root cause analysis in FTTR network
quality degradation scenarios.

4.3 Ablation Study on Transformer Mechanisms

To conduct an in-depth analysis of the contributions of key
modules in the Transformer-based multi-task learning model, we
performed an ablation study to systematically evaluate the indi-
vidual effects of positional encoding and the multi-head attention
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Figure 5. Accuracy comparison of AP localization and root cause type identification

mechanism. Specifically, we designed two variant models.
1) Transformer-NoPos: The positional encoding module
was removed; 2) Transformer-SingleHead: The multi-head
attention mechanism was replaced with a single-head at-
tention mechanism.

Upon removing positional encoding, the AP localization ac-
curacy dropped by 1.35%, and the root cause type classifica-
tion accuracy decreased by 2.63%. These results indicate that
encoding sequential information is essential for fault sequence
interpretation. Without explicit positional cues, the model has
difficulty distinguishing the temporal order of events. The rela-
tively moderate performance degradation is mainly due to the
use of simulation-generated data, where each scenario is pre-
configured with a specific fault type. For instance, in the cov-
erage deficiency scenario, the entire simulation consistently
exhibits coverage-related issues, and the features exhibit mini-
mal temporal variation.

Replacing multi-head attention with single-head attention
led to performance declines in both tasks. The root cause clas-
sification accuracy decreased by 2.95%, confirming that the
multi-head structure enhanced the model’ s expressive capac-
ity and robustness by integrating diverse features from mul-

tiple representation subspaces.

Overall, the ablation study demonstrates that both posi-
tional encoding and the multi-head attention mechanism are
critical components of the Transformer-based multi-task learn-
ing model, thus significantly contributing to its accuracy and
generalization performance in root cause analysis tasks.

5 Future Work and Challenges

The current model faces two major challenges. First, it re-
lies on simulated data with inherent limitations, resulting in
insufficient generalization capability and credibility due to the
absence of real data; second, it performs poorly in root-cause
AP localization. Accordingly, we will address these two as-
pects separately by elaborating on the current issues and pro-
posing future improvement plans.

Currently, our experiments rely on simulated data. There
are significant differences between real data and simulated
data, among which we consider the following to be particularly
important: 1) The simulated data does not emulate real
queues, thus lacking scenarios of overflow-induced packet
loss, and the measured latency data does not include waiting
delays in queues; 2) The simulation of actual service flows is
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inadequate, as our packet transmission process is relatively
stable and lacks simulation of burst traffic; 3) Transmission
control protocol (TCP) mechanisms (such as sliding windows,
congestion control) are difficult to simulate. Therefore, we
plan to use real data in the future to enhance the credibility of
our model.

Through collaboration with the industry, we have currently
set up an FTTR test environment. In the future, we will first in-
tegrate a timer within the AP to periodically measure the pa-
rameters and metrics we need, and transmit the data to a PC
via Ethernet (without interfering with Wi-Fi data transmis-
sion). Subsequently, we will attempt to label the data based on
real environmental data, which will be a challenging yet criti-
cal task. We cannot simply label data based on specific met-
rics (for example, marking it as a “coverage issue” when the
RSSI falls below a certain threshold), as this would cause the
model to learn our labeling methodology, which is not the de-
sired outcome. Therefore, the rationality of the labeling ap-
proach will directly impact the final accuracy and generaliza-
tion performance of our model. Finally, we will retrain and
fine-tune our model using real environmental data to enhance
its practical utility.

Regarding root-cause AP localization, our analysis reveals
that localization performance is the poorest in congestion sce-
narios. Further data investigation indicates that this is due to
limitations inherent in the simulated data itself. Specifically,
the simulation fails to accurately model TCP-related mecha-
nisms and does not account for queuing delays caused by Wi-
Fi queues. As a result, the round trip time (RTT), which
should ideally reflect feature differences between root-cause
and non-root-cause APs in congestion scenarios, fails to ex-
hibit discriminative characteristics. In addition to utilizing
real-world data, we will explore the following approaches in fu-
ture work to further enhance model performance in root-cause
AP localization tasks: 1) incorporating device-specific atten-
tion mechanisms, 2) introducing additional highly discrimina-
tive features, and 3) experimenting with models trained on
single-AP data.

6 Conclusions

This paper addresses the challenges of identifying the
source of quality degradation and analyzing the complex root
causes in FTTR networks by proposing a multi-task root cause
analysis model based on the Transformer mechanisms. The
model is capable of simultaneously detecting faulty APs and
determining the types of root causes. Experimental results
show that the model achieves strong performance on a simu-
lated dataset, with a root cause classification accuracy of
96.75%, surpassing several traditional machine learning and
deep learning baselines. Ablation studies further confirm the
critical role of positional encoding and the multi-head atten-
tion mechanism in enhancing model performance. However,
during network quality degradation, non-root-cause APs may
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display similar symptoms, leading to relatively lower accuracy
in fault localization. Additionally, the current study is based
on simulated data, where temporal feature variations may not
fully capture real-world dynamics. Future work will focus on
validating the model’ s generalization using real-world net-
work data, exploring online learning mechanisms, improving
interpretability, and integrating technologies such as knowl-
edge graphs to enhance the transparency and reliability of the
reasoning process. This study offers an effective technical so-
lution for intelligent operation and maintenance in FTTR net-
works, contributing to improved network reliability and user
satisfaction.
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1 Introduction
he rapid development of emerging services such as
ultra-high-definition video, immersive extended reality
(XR), smart education, and cloud-edge collaboration
has presented unprecedented challenges to indoor ac-

cess networks in terms of bandwidth, latency, and connection

stability"’
ber access architecture,

. To meet these demands, a next-generation indoor fi-
Fiber-to-the-Room (FTTR), has
emerged”. Through the centralized control by a main fiber unit
(MFU) and the distributed coverage by multiple subordinate fi-
ber units (SFUs), FTTR integrates the functions of a passive op-
tical network (PON) optical network unit (ONU) with Wi-Fi ac-
cess points (APs), achieving direct fiber connections and high-
performance Wi-Fi coverage across the whole home'. This ar-
chitecture effectively overcomes the signal attenuation, insuffi-
cient coverage, and severe interference issues of traditional
single-point Wi-Fi in multi-room, multi-device scenarios, pro-

This work was partially supported by the National Nature Science Foun-
dation of China under Grant No. W2411058.
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viding a transmission guarantee with high bandwidth, low la-
tency, and high reliability for emerging services'. However,
while FTTR enhances network performance, the significant in-
crease in access devices leads to a sharp rise in system energy
consumption. In common low-load or no-traffic scenarios, de-
vices continue to power most of their modules, causing signifi-
cant energy waste. This issue has become a key bottleneck hin-
dering the green and large-scale deployment of FTTR".

Existing research on energy savings in access networks pri-
marily focuses on two separate domains: PONs and Wi-Fi.
While research specifically targeting the FTTR architecture re-
mains scarce, findings in these related areas offer important ref-
erences for its energy-saving design. In the context of PONs,
successive standards from Gigabit-capable PON (GPON) and
10-Gigabit-capable PON (XG-PON) to 50-Gigabit-capable
PON (50G-PON) have introduced sleep mechanisms for ONUs,
such as the doze mode, the cyclic sleep mode, and the watchful
sleep mode (WSM), among which WSM, in particular, has be-
come a key reference for standard energy-saving solutions in
FTTR! ?. Significant research has focused on optimizing ONU
sleep. For instance, YAN et al.'"” proposed uplink-centric and
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downlink-centric scheduling to achieve a trade-off between la-
tency and energy savings. SHI et al."" designed a differentiated
ONU sleep-scheduling scheme based on service-level agree-
ments to meet multi-level Quality of Service (QoS) demands.
ZHANG et al."? introduced a modular energy-saving method
that reduces power consumption by dynamically deactivating in-
ternal ONU transceiver modules. Other works have explored as-
pects such as adaptive sleep-mode optimization'", the integra-
tion of sleep mechanisms with dynamic bandwidth allocation,
power-consumption modeling for various PON technolo-

15218 and energy-efficiency analysis for multi-level ONU

power states with intelligent sleep-duration adjustments'’’ %,

gies

These studies provide valuable insights into the trade-off be-
tween energy consumption and QoS in PON systems. In the do-
main of Wi-Fi networks, energy-saving mechanisms primarily
concentrate on stations (STAs). The Wi-Fi 6 standard intro-
duced the Target Wake Time (TWT) mechanism, which allows
STAs to negotiate with APs to enter the sleep mode during non-
essential periods"”. LORINCZ et al.”™ and PACK et al.”! pro-
posed STA sleep-control methods based on load and adaptive
intervals, effectively improving the balance between energy con-
sumption and performance. In contrast, research on the energy
consumption of APs remains relatively limited. However, exist-
ing works have explored aspects such as component-level

[22]

power consumption™, power characteristics under different

[23]

configurations'™, and traffic-based power-prediction model-

2 providing support for the design and management of

ing!
energy-saving wireless networks.

In converged fiber-wireless networks, studies have shown
that a lack of coordination between the independent energy-
saving mechanisms of PONs and Wi-Fi can lead to degraded

[25

overall performance™’. To address this, researchers have pro-

including
[26]
2

posed various joint energy-saving strategies,

threshold-based ONU sleep with wireless traffic aggregation

27 and

dynamic scheduling combined with wireless rerouting
coordinated optimization of Wi-Fi access and PON sleep
modes®!. These methods reduce energy consumption while, to
a certain extent, guaranteeing latency and throughput. Despite
advances in independent and partially joint energy-saving opti-
mizations for PONs and Wi-Fi, these approaches face notable
limitations in FTTR scenarios. First, many schemes rely on a
single load threshold, which makes it difficult to differentiate
services with diverse latency requirements (e. g., voice versus
video). Second, they do not fully exploit the MFU’ s centralized
control capabilities or its advantage in monitoring the Wi-Fi-
side status.

To fill this gap, this paper proposes an energy-saving scheme
based on a multi-threshold buffer energy saving (MBES)
scheme for FTTR networks, which achieves a balance between
energy consumption and service performance through differenti-
ated caching at the SFU side and centralized scheduling at the
MFU side. The main contributions of this paper are as follows.
First, we propose an FTTR uplink energy-saving framework

that reduces system power consumption while meeting diverse
QoS requirements. Second, we design an SFU-side multi-
threshold caching mechanism that differentiates services by pri-
ority to balance latency and energy saving. Third, we develop
an MFU-side centralized scheduling algorithm that adaptively
adjusts buffer thresholds based on Wi-Fi delay feedback, en-
abling QoS-aware closed-loop energy control.

The remainder of this paper is organized as follows. Section 2
introduces the FTTR network architecture and the uplink QoS as-
surance mechanism. Section 3 establishes the power consump-
tion models for the SFU and MFU, along with the system energy
consumption model. Section 4 elaborates on the proposed MBES
strategy, detailing the SFU’ s multi-threshold wake-up mecha-
nism and the MFU’ s cooperative scheduling algorithm. Section 5
evaluates and analyzes the performance of the strategy through
simulations. Conclusions are drawn in Section 6.

2FTTR Architecture and Uplink QoS

Mechanisms

This section introduces the FTTR system architecture, focus-
ing on its network structure, uplink data transmission process,
and QoS assurance mechanisms. This provides the foundation
for the design of the energy-saving strategy presented later in
this paper.

2.1 FTTR Network Architecture

Fig. 1 illustrates the basic architecture of an FTTR network.
The network consists of an MFU, an indoor fiber distribution
network (IFDN), and one or more SFUs. Serving as the gateway
and control center of the home network, the MFU connects to
the external optical line terminal (OLT) through the PON proto-
col. Meanwhile, it manages SFUs deployed in different rooms
via the IFDN using indoor fiber protocols such as G.fin”. At the
data flow level, the MFU receives downstream data from the
OLT and distributes it to the SFUs. For upstream data from
SKUs, the MFU either forwards the traffic to the target SFU or
transmits it to the OLT according to the destination address.
Compared with traditional optical network terminals (ONTS),
the MFU can not only receive broadcast information from the
OLT but also provide centralized control of the entire FTTR net-
work, including bandwidth allocation, roaming management,
and energy-saving control for SFUs. As the terminal devices of
the network, SFUs integrate the functionalities of ONUs and
wireless APs. Each SFU is equipped with a G.fin module and
Wi-Fi/Ethernet modules, enabling the conversion between opti-
cal and wireless frames. Specifically, the SFU encapsulates up-
link data from user terminals into G.fin frames and transmits
them to the MFU, and decapsulating downstream G. fin data
from the MFU and delivering it to STAs via wireless links.

2.2 Uplink Transmission and Associated QoS Assurance in
FTTR

In the FTTR architecture, all uplink data transmissions are

ZTE COMMUNICATIONS | 49
December 2025 Vol. 23 No. 4



Special Topic | QoS-Aware Energy Saving Based on Multi-Threshold Dynamic Buffer for FTTR Networks

CAl Jinhan, ZAN Mingyuan, SHEN Gangxiang

ance, many SFUs may carry only a

IFDN

@ '\\\ STA
OLT &

SFU

(T) (“!’)) STA

small amount of bursty traffic or even
.\\\ @ remain idle for long periods. However,
under the current SR-DBA process,

an SFU must frequently wake up its

SFU . .
@ power-hungry optical transmitter to
send DBRu reports, even when its
MFU @ © \\\ STA pors, I
! ! queues are empty, so as to maintain
its presence in the scheduling system.
SFU

@ This communication leads to unneces-

sary power consumption and consider-
able energy waste, which constitutes
the key problem addressed in this pa-
per.

FTTH FTTR

FTTH: Fiber-to-the-Home
FTTR: Fiber-to-the-Room
IFDN: indoor fiber distribution network

MFU: main fiber unit

Figure 1. FTTR network architecture

centrally controlled by the MFU. When service data from an
STA reaches its associated SFU through a Wi-Fi link, the SFU
provides differentiated QoS by classifying packets into transmis-
sion container (T-CONT) queues according to service priorities.
The four Wi-Fi access categories (ACs) —voice (VO), video
(VI), best effort (BE), and background (BK)—are mapped to
four T-CONT queues (T-CONT 1 - 4) with different scheduling
attributes. Among them, T-CONT 1 is allocated fixed band-
width to serve the highest-priority services; T-CONT 2 is as-
signed assured bandwidth, while T-CONT 3 and T-CONT 4 are
used to carry low-priority services.

After packets enter the T-CONT queues, their uplink trans-
mission is fully scheduled by the MFU through a dynamic band-
width allocation (DBA) mechanism, in which the status-report-
based DBA (SR-DBA) process is commonly adopted. This
scheduling operates in a periodic cycle, as illustrated in Fig. 2.
Specifically, each cycle begins with the MFU broadcasting a
bandwidth map (BWmap), which specifies the exact timeslots
and lengths for uplink transmissions of the T-CONT queues at
each SFU. Upon receiving authorization, an SFU transmits data
and appends dynamic bandwidth report upstream (DBRu) infor-
mation to the data frame to indicate the real-time queue status.
Based on the collected DBRu information from all SFUs, the
MFU executes its DBA algorithm to generate a new BWmap al-
location for the next cycle, thereby completing one scheduling
loop and initiating the next cycle.

Although the SR-DBA mechanism can effectively guarantee
bandwidth utilization and QoS, its inherent energy efficiency is-
sues have also become evident. In common home network sce-
narios characterized by significant spatiotemporal traffic imbal-
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OLT: optical line terminal
SFU: subordinate fiber unit

3 FTTR Device Power and
System Energy Con-

sumption Models
This section establishes the power

N e

STA: station

consumption models of the SFU and

MFU, as well as the overall system en-

ergy model, providing a quantitative

foundation for the energy-saving strat-
egy discussed in Section 4.

3.1 SFU’s Power Consumption Model

The data transmission and reception of an SFU are influ-
enced by the operating states of both its optical and wireless
modules. Treating the SFU as a single entity for energy control
makes it difficult to balance energy efficiency and communica-
tion latency. Therefore, this paper adopts a modular approach to
model SFU power consumption. As shown in Fig. 3, the overall
power consumption of an SFU is decomposed into three core
components: the base module, the optical module, and the Wi-
Fi module. The base module encompasses critical subsystems,
including the processor, buffer, and power supply, all of which

OLT

|
ONU \—1 DBRu,
BW,

BW: bandwidth
DBRu: dynamic bandwidth report

upstream

OLT: optical line terminal
ONU: optical network unit

Figure 2. Status-report-based dynamic bandwidth allocation process
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are indispensable for sustaining the
device’ s core functionality. The opti-

@

cal module consists of the optical P Py P
transmitter, receiver, and control cir- _ —_————
cuits, which handles data transmission . il T o
over the fiber link. The Wi-Fi module SFU )
comprises the Wi-Fi control unit and AR BTen e Optical module
radio frequency (RF) units, with the \/ B
control unit responsible for multiple- RF, unit = mfjfle Management
input multiple-output (MIMO) opera-
tions and transmission power adjust- CPU
ment. Based on the modular division, Wi-Fi DS
the total power consumption of an control
SFU can be expressed as: Cleels

Pypy = Phye + Ppoy + Py (1), ; RF, unit = Memory RX
where P, . is the power consumption

of the base module, P,y is the power
consumption of the optical module
dominated by the transmitter and re-
ceiver, and P\, is that of the Wi-Fi
module, primarily determined by the
number of RF units as well as their
transmission power and maximum data rate.

The base module of the SFU is configured to remain continu-
ously active in energy-saving design. Keeping this module ac-
tive allows its internal clock synchronization circuits to respond
promptly to wake-up requests, thereby minimizing synchroniza-
tion latency with the MFU, which is essential for maintaining
QoS. In addition, the buffer units inside the base module must
operate continuously to process uplink data, preventing packet
loss and retransmission that would occur if the module were
turned off. More importantly, the power consumption of the base
module is much lower than that of the high-power optical and
Wi-Fi modules. Thus, considering it as a primary energy-saving
target is suboptimal, given the marginal potential gains.

The power consumption of the optical module is mainly de-
termined by its transmitter and receiver, which can be ex-
pressed as:

Proy = vy Py + vy P, (2),
where P;_and P_are the power consumptions of the transmitter
and receiver, respectively, and v, and v, are binary variables (0
or 1) indicating the on/off states of the transmitter and receiver.
In FTTR systems, optical-side energy saving is mainly achieved
by turning on/off the transceiver. When no uplink traffic is pres-
ent for a long period, the SFU turns off the transmitter and peri-
odically activates the receiver to detect MFU downlink data or
wake-up instructions, thereby reducing power consumption.

The power consumption of the Wi-Fi module consists of the
RF module and dynamic power consumptions, shown as:

CPU: central processing unit

SFU: subordinate fiber unit

Figure 3. Functional modules and power consumption breakdown of the SFU

Py = Pre + Py 3),
where Pg; is the RF module power consumption and P, is the
dynamic power consumption. Furthermore, Py is determined by

the base power consumption and transmission power, given by:

Prp = Prp poe t Pre 1y (4),
where Py ;... is the base power consumption of the RF module
and Py q, is the transmission power of the RF unit. Py 1, is an
adjustable parameter that determines the coverage of Wi-Fi sig-
nals. In practice, the received signal strength indicator (RSSI)
at the STA side is commonly used as the evaluation metric.
When the RSSI exceeds a predefined threshold, the SFU is
deemed capable of maintaining stable communication with the
STA at the current transmission power.

Following the RF link power consumption model used in
Ref. [5], the transmission power of the i-th RF unit, Pg
(dBm), first undergoes antenna path loss o (dB), then combines
with antenna gain G, (dBi), and subsequently passes through
free-space path loss L, (dB) and obstacle loss L, (dB) before fi-
nally reaching the STA receiver. The received RSSI can be ex-
pressed as:

RSSI =Py -0 +G,~ L ~1L, (5).

The free-space path loss L, is calculated as:

L, =324 + 20log,,D + 20log,,M (6),

where D is the distance between the SFU and STA (km), and M
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is the frequency (MHz). The obstacle loss L, is given by:

K

L= > (jW,) (7).

K=

where W, (dB) denotes the attenuation caused by the k-th type
of obstacles, and j, is the number of such obstacles. Based on
the above model, by setting the RSSI in Eq. (5) as the target
threshold, the minimum transmit power required to ensure com-
munication quality can be derived as:

Pueri = RSSI + 0 - G, +

K

> (i) (8).

k=1

(32.4 + 20log,, D + 20log,, M) +

Considering that both the SFU and STA may incorporate mul-
tiple RF units, the overall RF transmit power Py, is obtained
by summing the transmit power of each unit:

N

RF “Tx — z RF_Txi (9)7

where Ny is the number of RF units. Similarly, the total base
power consumption of the RF module, Py ..., is calculated as
the sum of the base power of all RF units. In practice, the trans-
mit power is also constrained by the effective isotropic radiated

power (EIRP). The limit power P, is expressed as:

P z2P.,,.—-0+GC (10).
L RF_Tx A

Considering the EIRP constraint, the final transmit power
Py 1 s given by

N Ny
zPRFi 2 RF_Txi P +0'_G)

Py = ) ' (11).
P, - z RF_Txi P to- GA)

Thus, by substituting the EIRP-constrained transmit power of
Eq. (11) into Eq. (5), the actual received signal strength at the
m-th STA, RSSI,,

The dynamic power consumption of the Wi-Fi module in the

can be obtained.

SKU, P,, mainly arises from protocol processing at the base-
band and media access control (MAC) layers, and is positively
correlated with the actual data transmission rate. A higher data
rate increases the processing load for modulation/demodulation
and coding/decoding on the chip, thereby leading to a higher
power consumption. For a single STA, its actual transmission
rate R, is constrained by the maximum negotiated link rate R.™
with the SFU and varies dynamically with the current RSSI, .
This nonlinear relationship between rates and RSSI can be ap-

proximated by a sigmoid function'.
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R, = R, (12)

m (120 + RsSI,, ) - ¢,
1+e E

where parameters ¢, and ¢, are set according to experimental
data in Ref. [29] to model the growth characteristic of through-
put as signal strength varies. Accordingly, the total SFU trans-
mission rate R, at a given time is the sum of the rates of its
connected STAs.

loldl z R ( 13)

m=1

The dynamic power consumption of the SFU is then calcu-

lated as
R
Pl) = P Op° R""a] (14)7
where P is the total power consumption of the device at maxi-

mum load, and «, is the proportion of maximum dynamic power
relative to total power. Therefore, P, -/, represents the upper

bound of dynamic power consumptlon R, = 2“ R? s the

sum of the maximum negotiated link rates of all STAs, repre-
senting the maximum achievable total rate.

3.2 MFU’s Power Consumption Model

Following the modeling approach of the SFU, the total power
consumption of the MFU in an FTTR system, P, can also be
divided into base power consumption P, . . and dynamic

power consumption Py ;.

Py = Py pue + P M_Dynamic (15).

As the control center of the network, the MFU is usually re-
quired to remain continuously active to manage all SFUs, and
its power characteristics differ from those of the SFU. Its base
power consumption is a fixed value, while its dynamic power
consumption mainly depends on the number of active SFUs un-
der its management, calculated as:

Py pae = Po a0 pase
— P Naclivc

M_max a M_Dynamic - N

» (16),

M_Dynamic

where P, .. is the maximum power consumption of the MFU,
and 5. and ;. oave the proportional coefficients of the
base power and the maximum dynamic power relative to the
maximum total power consumption, respectively. The model as-
sumes that power consumption increases linearly with the num-

ber of active SFUs, N When all SFUs are active, the dy-

namic reaches its

active®

power  consumption upper  limit,

PMJnﬂx s M_Dynamic*
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3.3 FTTR System Energy Consumption Model

The total energy consumption of the FTTR system, Ky,
consists of the energy consumption of the MFU and the sum of
all SFUs, which is expressed as:

N
EF'l"l'K = E,VIFU + z EgFU (17)9
i=1

where N denotes the set of SFUs in the system. As the MFU
must remain active as the central network controller, its energy
consumption can be expressed as the accumulation of its instan-
taneous power consumption Py over the total operational
time T’ :

T T
EMFU = fO PMFUdz = PM?Bﬂse. Tlol + J’O PﬂLDynmni(: dl (18)'

Unlike the MFU, the SFU is the primary target of energy-
saving strategies, as its operating state dynamically switches ac-
cording to the employed mechanism. Therefore, the energy con-
sumption of an SFU must be calculated by summing its con-
sumption in different states. For a single SFU, based on the on
or off state of its optical transceivers, three states are defined:
active, doze, and sleep. The energy consumption of the i-th SFU
is given by:

E =E' +E'+E +E (19),

where E?, EY, E:, and E? represent the energy consumed in the
active, doze, sleep, and state-transition modes, respectively.
When the SFKU is active, all modules remain on; in the doze
state, the transmitter is turned off; and in the sleep state, both
the transmitter and receiver are turned off. The energy con-
sumption in each state can be calculated as:

E} = (Pbase + Py + PWiFi)'tha =

(Pl)ase + Py o+ Py PWiFi)'Tia (20),
E? = (Phasc + Py + P\xif‘i)'Tid (21),
Ei = (Pbase + PWiFi)‘ Tis (22)5

where T, T?, and T denote the time durations of the SFU in
the active, doze, and sleep states, respectively. In addition,
when an SFU switches from sleep to the active state for data
transmission, the processes of clock recovery, synchronization
with the MFU, and laser activation are required. The transition
overhead time is calculated as:

Tio = max {Tire(: + Tisync’ Tilaser} (23)’
where T* is the clock recovery time, 7" is the synchroniza-

tion time, and Tilaser is the laser activation time. For downlink re-
ception, the receiver must be woken up earlier, corresponding

10 T yowmovethend = 1o+ T For uplink transmission, the trans-

mitter must be activated in advance, corresponding to
las . .

T poerheas = T Assuming the instantaneous power consump-

tion during the wake-up process equals the active-state power
of the corresponding modules, the transition energy is

B = (P + Py ) T? (24).

In summary, by substituting Eqgs. (18) - (24) into Eq. (17),
the total energy consumption of the FTTR system can be ex-
pressed as:

T
Eppg = (P My T, + fo P M_Dynamic dr) +

(P
(P

+ Py + Py Py ) T+ (P
+ PWiFi).T; + (PTx + an)'TiO

cd
base base + PRx + PWiFi) Ti +

base

(25).

4 QoS-Aware Energy Saving Based on
Multi-Threshold Dynamic Buffer

Based on the FTTR system and energy consumption models
described in the previous section, this section elaborates on the
MBES scheme. It first analyzes the limitations of existing
energy-saving mechanisms and then presents the key concept
and implementation of MBES, including the SFU-side multi-
threshold wake-up mechanism and the MFU-side cooperative
scheduling algorithm.

4.1 Limitations of Existing Energy-Saving Mechanisms in
FTTR

The current G.fin standard for FTTR networks inherits WSM
from the XG-PON protocol for energy management. WSM em-
ploys an instant wake-up strategy: whenever traffic arrives at
the Wi-Fi interface of an SFU, the device immediately transi-
tions from the low-power mode to the full-power mode. How-
ever, this approach exhibits two major limitations in addressing
the spatially and temporally unbalanced traffic patterns com-
monly observed in FTTR networks. First, the strategy is coarse-
grained and lacks differentiated QoS support. In scenarios with
only small amounts of low-priority traffic, frequent instant wake-
ups lead to unnecessary energy consumption. A buffer-based
delayed wake-up mechanism, where wake-up is triggered only
after traffic accumulates beyond a certain threshold, can miti-
gate this issue. Nevertheless, traditional single-threshold
schemes risk degrading high-priority services (e.g., voice and
video), which may experience excessive latency while waiting
for low-priority packets to fill the buffer, thereby failing to meet
stringent QoS requirements. Second, the strategy lacks cross-
domain coordination and adaptive capability. Conventional
PON energy-saving decisions rely solely on optical link status,
overlooking conditions on the Wi-Fi side. One of the key advan-
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tages of FTTR architecture is that the SFU, as a converged node
for optical and wireless domains, can collect cross-domain met-
rics such as Wi-Fi access latency and relay this information to
the MFU for centralized analysis®. However, the existing WSM
fails to leverage this architectural benefit and cannot dynami-
cally adjust energy-saving parameters based on end-to-end ser-
vice performance, making it difficult to achieve an optimal bal-
ance between energy efficiency and QoS assurance.

In summary, existing schemes are primarily single-threshold-
based, lack cross-domain coordination, and seldom incorporate
end-to-end latency feedback for closed-loop control. These limi-
tations motivate the design of MBES, which differentiates queue
priorities, leverages the MFU’ s centralized control capabilities,

and dynamically adjusts threshold settings based on latency
feedback.

4.2 SFU’ s Multi-Threshold Wake-Up Mechanism

On the SFU side, a differentiated wake-up mechanism based
on multi-threshold buffering is adopted. This mechanism per-
forms fine-grained buffer management and wake-up control ac-
cording to QoS. Specifically, an independent buffer threshold is
configured for each T-CONT queue, which corresponds to the
four service categories: VO, VI, BE, and BK. High-priority ser-
vices (e.g., VO) are assigned lower thresholds so that even a
small amount of data can trigger the optical transmitter to wake
up and request bandwidth, thereby meeting their low-latency re-
quirements. In contrast, low-priority services (e.g., BK) are as-
signed higher thresholds to aggregate more packets and reduce
unnecessary wake-ups, thus maximizing the energy-saving cycle.

Fig. 4 shows the process of the SFU
multi-threshold wake-up mechanism.
When the buffered data of any T-
CONT queue reaches its preset thresh-
old, the optical transmitter of the SFU
is awakened and reports the current

0 start

1) Buffer constraint

Assume there are N SFUs in the system, and each SFU sup-
ports K T-CONT queues with different priorities. For the k-th
priority queue of the i-th SFU (i e {1,--,N},k e {1,+-,K}),
let the current buffered data be denoted as (), and the preset
wake-up threshold as Th".

An SFU reports its buffer demand for all queues to the MFU
only when at least one queue buffer reaches or exceeds its
threshold; otherwise, the SFU remains in an energy-saving
mode without reporting. This relationship can be expressed as:

30, = Th™ k=1,--,K
Risk = Ql’h Q”k ik (26)’

0, otherwise

where R, represents the buffer information of the k-th queue of
the i-th SFU reported to the MFU. In addition, the configuration
of all thresholds must comply with the physical buffer-capacity
constraint of each SFU. Let the maximum buffer capacity of the
i-th SFU be B, The sum of thresholds of all priority queues
must not exceed this limit:

z ThYse < (27).

k=1

2) Transmitter shut-down strategy

The switching strategy of the transmitter follows certain strict
timing constraints. We define the start and end time of the j-th
bandwidth allocation cycle as [T}, T},4)- Within this cycle, if
the i-th SFU is assigned an uplink timeslot starting at 7" with

1 start TZ start 3 start T4 start

buffer status of all queues to the MFU
to request bandwidth. After complet-

MFU B

ing the data transmission, the transmit-
ter is turned off again. For the down-
link, since the MFU operates with a
fixed broadcast cycle, the receiver of

the SFU adopts a periodic listening SKU,

strategy. It only wakes briefly when it
needs to receive downlink data or sig-
naling, while remaining off during Buffer
other times to save energy.

To ensure the effectiveness of this

mechanism, its operating model and
constraints are constructed from three

aspects: buffer-capacity constraints,

BE: best effort

transceiver switching strategy, and the BK: background

relationship between buffer threshold
and latency.
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Figure 4. Process of the SFU’s multi-threshold wake-up mechanism
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length Len, ;, this timeslot must be fully contained within the
cycle, satisfying the following boundary conditions:
T’jstart < T:;m (28)7

T+ Len, < T (29).

jend
To transmit data on time, the SFU must wake up its transmit-
ter in advance. If the transmitter requires a start-up overhead

T

the wake-up time is determined as:

upoverhead?

T,"‘V;ke — T;tjart -T (30)

upoverhead

After completing one uplink transmission, the SFU can shut
down its transmitter to save energy. However, this operation is
beneficial only if the idle interval between two consecutive
transmissions is sufficiently long. Specifically, the idle time
from the end of transmission j — 1 to the beginning of transmis-
sion j must be greater than or equal to the transmitter start-up

overhead T

upoverhead*

start
T, + Len, ;|

+T T (31).

wpoverhead S

In addition, to ensure fairness in energy saving among mul-
tiple SFUs, the MFU should maintain a fixed relative order in
the allocation of uplink timeslots.

3) Receiver shut-down strategy

Let Ti?j denote the moment when the i-th SFU parses the
downlink frame from the MFU and obtains its allocated timeslot
in the j-th bandwidth allocation cycle. It is calculated as:

1= Ty + Ty + T+ 15 (32)

J start

Where T‘jstart
tation overhead of DBA, T/™" is the propagation delay from the
MFU to the i-th SFU, and TE™ is the processing time for the

SFU to parse the downlink frame. If the duration of receiving

is the start time of the j-th cycle, T, is the compu-

the downlink data frame is denoted as T, the completion
time of the i-th SFU receiving all downlink traffic in the j-th
cycle is:
I _ o
T.,=T

04T (33).

down

After completing downlink reception, the SFU decides
whether to shut down its receiver based on energy-saving ben-
efits. The prerequisite for executing the shutdown operation is
that the idle interval from the completion of this reception (7))

to the start of the next reception (7., ,) must be greater than or

ij+ 1
equal to the receiver start-up overhead T

downoverhead*

TS, =T, >T

ij+1 downoverhead

(34).

4) Relationship between SFU buffer thresholds and latency
In the FTTR energy-saving scenario, the end-to-end latency

of the k-th priority packet at the i-th SFU, denoted as T',;, can

be expressed as:
T,=T"+T"N+T
(r. +T

report upoverhead

— pWiki
trans Ti.k *

FT) 4 T (35),

trans
where T} is the latency on the Wi-Fi side caused by conten-
ane 15 the optical transmission de-
lay. Since the distance between the SFU and MFU in FTTR sys-
tems is very short, T

trans

tion or retransmission, and T

can be ignored. The optical-side la-
tency Tii,m\ is further decomposed into three parts: the reporting
overhead T’ .
T, and the transmitter start-up overhead T

the actual sleep waiting time in the queue
upoverhead-

To satisfy QoS requirements, T, must not exceed the latency
bound D,, i.e., D, = T,;,. When a packet arrives at an SFU, its
T, is already fixed. Therefore, the maximum tolerable optical-
side latency can be derived and translated into the maximum al-
lowed number of waiting cycles, denoted as n,,. This value rep-
resents the maximum number of scheduling cycles that a
packet can wait in the SFU buffer without violating its latency

bound:

Wiki
_ Dk - Ti,k - Trcporl - Tupnvcrh(‘ad 6
0, = . (36)

cycle

The SFU does not need to track the countdown of each
packet individually. Instead, it maintains a global minimum
waiting cycle, denoted as n;, which is the smallest value among
all n,,. This represents the “most urgent” packet in the buffer.
When a new packet (the m-th arrival) enters, the SFU calcu-

lates its n;, and updates the global counter.

i,k,m

= min {0 g, ) (37).

The counter n; acts as a mandatory countdown timer and de-
creases by one at the end of each scheduling cycle. When n,
reaches zero, the SFU must wake up and request bandwidth to
meet latency targets, regardless of buffer thresholds. Thus, the
unified bandwidth-reporting condition that combines latency-
triggered and buffer-threshold-triggered events is

Qi,ka EIQi,k Z Thi,kvk =1,k
R,=10Qin,=0 (38).

0, otherwise

Under the QoS constraint, buffer thresholds are further ad-
justed dynamically to optimize energy saving, with Thizse serv-
ing only as the initial value. The threshold directly affects the
balance between energy saving and latency: a high threshold
yields better energy saving but larger latency, while a low
threshold does the opposite. For the i-th SFU in the j-th band-
width allocation cycle, if the bandwidth allocated to priority £ is
G, the newly arrived data is Q,;;, and the bandwidth demand

ZTE COMMUNICATIONS | 55
December 2025 Vol. 23 No. 4



Special Topic | QoS-Aware Energy Saving Based on Multi-Threshold Dynamic Buffer for FTTR Networks

CAl Jinhan, ZAN Mingyuan, SHEN Gangxiang

reported in the previous cycle is R;;_,,. The total amount of
data at the beginning of the current cycle is:

Qiﬁl = sz— e Gz}j,k + Qi,f,k (39).

When Q' ' > Th}+, a bandwidth report is triggered. It is evi-

dent that the time to reach the threshold depends on the packet

arrival rate A,. To adapt the thresholds to traffic variations, the

arrival rate is estimated by averaging over the previous r cycles:
1 5 Qs

N= X (40),

r j=n-r+1 Yij
where 1, is the effective observation duration in cycle j. Accord-
ingly, the adaptive threshold update mechanism driven by the
arrival rate is defined as:

Thi,/ﬁ = ak.)\k.(ni,k. Ttycle) (41)7
where «, is the weight factor of the priority-k service, and

(n,°T
thresholds decrease adaptively for high-priority services or traf-

wyele ) 18 its maximum waiting time. With this design, the
fic bursts to suppress queueing latency, while the thresholds in-
crease for low-priority or low-traffic services to maximize energy

savings.

4.3 MFU’ s Cooperative Scheduling and Dynamic Thresh-
old Adjustment

The MFU allocates bandwidth to multi-priority services
based on buffer reports and Wi-Fi-side latency information
from SFUs. During this process, it dynamically adjusts buffer
thresholds to meet QoS requirements. Since wake-up is per-
formed locally by SFUs, the MFU does not require additional
state decisions, which reduces signaling overhead and allows it
to focus on global scheduling. Specifically, the MFU first col-
lects the bandwidth requests R;, from all active SFUs. It then
calculates the end-to-end latency D,, = T}"™ + T3, which
combines the Wi-Fi-side latency 7, and the sleep-induced la-
tency T:°". The MFU sorts the set {Di_’k} in descending order to
obtain the index mapping o (i), and reorders the bandwidth re-
quest set {Ri’k} accordingly into {Ru-(é).k}' This ensures that

SFUs with longer latency are prioritized in bandwidth alloca-
tion. For SFUs whose buffer thresholds are not reached, the
MFU retains their scheduling order but does not assign band-
width, thereby maintaining overall fairness. Bandwidth is then
allocated from T-CONT 1 to T-CONT 4 in descending order of
priority. Let the uplink frame length be L, (ws), the total avail-
able uplink capacity be C (bit/s), the maximum proportions for
different priorities be y,, v,, v;, and y,, and the number of ac-
tive SFUs be n.

For bandwidth-guaranteed services T-CONT 1 and T-CONT
2, each active SFU first receives a basic bandwidth BW ,, pro-
portionally divided according to the service proportion and the
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number of active SFUs.

LC-

BW,, = "L L4 (42),
’ n
L-C-

BW = L2 (43).
” n

For the highest-priority T-CONT 1 services, a “fixed alloca-
tion and excess grant” mechanism is adopted. If its reported de-
mand R;, exceeds the basic bandwidth, the MFU grants addi-
tional bandwidth to ensure the timely transmission of latency-
sensitive traffic. Thus, the actual bandwidth G, allocated to
each active SFU for T-CONT 1 is:

=
n
after deducting the basic bandwidth of T-CONT 2, ensuring that

all active SFUs of T-CONT 1 obtain transmission opportunities.

where represents the upper allocation bound

T-CONT 2 follows a similar allocation logic, but its actual
granted bandwidth is limited by the allocation result of T-
CONT 1:

G, = min max{BWil,Rﬂ},# (45).

After allocating bandwidth to T-CONT 1 and T-CONT 2, the
MFU distributes the remaining bandwidth to T-CONT 3 and T-
CONT 4 in sequence. The granted bandwidth is subject to both
the services’ bandwidth cap and the residual link capacity. For

T-CONT 3, the allocation is

L-C-
BW,, = LY
n
. 1 (46).
G5 = min{ BW3.R 5.1 C — E(Gi.l + Gi,z) - z Gi,3}
i i
Similarly, for T-CONT 4, the allocation is
L-C-
BW,, = <
n
(47).

L

G = min{BWiA?Ri.AvL/'C - i(ci.l + Gt Gi,}) - ’7101'.4}
i=1 1

Through this mechanism, the highest-priority services re-
ceive rigid guarantees, the second-highest priority services ob-
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tain conditional guarantees, and the lowest-priority services are
scheduled only when surplus bandwidth is available.

After completing the bandwidth allocation, the MFU pro-
ceeds to dynamically adjust the buffer thresholds for each SFU.
This adjustment process adheres to two fundamental principles.
First, the threshold should be corrected based on the deviation

L o~
between the services’ measured latency 7"

and its target
latency deadline D,. Second, after adjustment, the threshold of
a high-priority queue must remain no greater than that of a low-
priority queue to maintain the priority order. If the measured la-

tency of a certain priority class exceeds its requirement, that is

Ak — T}:neasured _ Dk > 0 (48)’

and then in the next scheduling cycle, its buffer threshold is de-
creased:

Thiy" = Thiy = m, Ay (49),

where 7, is the step size for decreasing the threshold of priority
k. To prevent the violation of priority order, a correction is ap-
plied:

Thy" = min (T, THE o

Conversely, when A, < 0 and this condition holds for n, con-
secutive cycles, it indicates that the threshold is overly conser-
vative. In this case, the threshold can be moderately increased:

ThE = min {Thy™, T - B, A, } (51),

max

where Th;"™ is the maximum allowable buffer threshold for pri-
ority k, and B, is the step size for increasing the threshold.

In summary, the MFU’ s energy-saving bandwidth allocation
follows three principles. First, it allocates bandwidth among ac-
tive SFUs in order of service priority, meeting latency require-
ments of different services. Second, within the same priority
class, it prioritizes the scheduling of SFUs with higher Wi-Fi
side latency to improve end-to-end latency performance. Third,
it dynamically adjusts buffer thresholds based on service la-
tency feedback, achieving a balance between QoS assurance
and energy saving.

5 Simulation Results and Analyses

This section evaluates the performance of the proposed
MBES using a simulation environment built on the Java plat-
form. The MBES is compared with two other baseline strategies:
the no energy saving (NES) scheme and the single-threshold
buffer energy saving (SBES) scheme. The simulation scenario is
configured as a home network, with average system latency and
energy consumption as the primary performance metrics. This
evaluation aims to assess the effectiveness of energy saving by
the different strategies under service performance constraints,
thereby validating the efficiency of MBES.

5.1 Parameter Setting

Given the small scale of FTTR deployments in residential
settings, the number of SFUs is limited and each SFU typically
serves only a few STAs. In our simulations, each SFU is there-
fore assumed to serve two STAs, while the total number of SFUs
varies from 2 to 5. Each STA generates a constant aggregate
traffic load of 120 Mbit/s, apportioned equally across four prior-
ity services—VO, VI, BE, and BK—at 30 Mbit/s per service.
Traffic arrivals follow a Poisson process with an average flow
duration of 1 s, and packet sizes are fixed at 1 500 bytes. On
the wireless side, we model IEEE 802.11ax and use the en-
hanced distributed channel access (EDCA) mechanism. De-
tailed PHY/MAC parameter values are listed in Table 1.

For the optical link, key parameters are configured according
to the G.fin protocol standard®. The downlink and uplink ca-
pacities are set to 10 Gbit/s and 2.5 Gbit/s, respectively, and
the physical fiber length between the MFU and SFUs is 10 m.
The bandwidth allocation period is 125 ws. In the MFU sched-
uling strategy, bandwidth assignment considers both real-time
SFU requests and predefined service-level constraints. To re-
flect differentiated service priorities, the maximum proportions
of the total uplink bandwidth that T-CONT 1 - 4 queues can oc-
cupy are set to 0.2, 0.5, 0.3, and 0.1, respectively, as shown in
Table 2. Importantly, their sum is not required to equal 1, allow-
ing the MFU to flexibly perform statistical multiplexing based
on real-time traffic demand. Two baseline schemes are imple-
mented for comparison. In NES, all SFUs remain continuously
active, and the MFU applies the classic GIANT algorithm®”,
simplified by setting the service interval of all services to 1 to
guarantee allocation in every cycle. In SBES, each SFU em-
ploys a single global buffer threshold to trigger its optical trans-
mitter; once active, it follows the same allocation procedure as

in NES. The MFU-side bandwidth scheduling parameters used

Table 1. Simulation scenario, traffic, and EDCA parameter settings

Scenario Settings

Number of SFUs 2/3/4/5 Number of Stations per SFU 2
Traffic Settings
VO data rate 30 Mbit/s VI data rate 30 Mbit/s
BE data rate 30 Mbit/s BK data rate 30 Mbit/s
Packet size 1500 B Traffic duration ls
EDCA Settings
Access category CWmin CWmax AIFSN
VO 3 7 2
VI 7 15 3
BE 15 1023 6
BK 15 1023 9

AIFSN: arbitration inter-frame space number EDCA: enhanced distributed
BE: best effort

BK: background

CWmax: maximum contention window

channel access
SFU: subordinate fiber unit
VI: video

CWmin: minimum contention window VO: voice
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Table 2. MFU bandwidth scheduling parameter settings

Scenario Settings

MFU-SFU distance 10 m Total uplink bandwidth 2.5 Gbhit/s
SFU uplink rate 2.5 Gbhit/s = Total downlink bandwidth 10 Gbit/s
Proposed Scheme (MBES)
DBA Type MBES Allocation period and frame 125 ps
length
T1 total ba'ndwuith 0.2 T2 total bandwidth ratio 0.5
ratio
L bz%ndwuith 0.3 T4 total bandwidth ratio 0.1
ratio
Baseline Scheme (NES/SBES)
DBA Type GIANT Allocation period and frame 125 ps
length
T1 Total Béndmdlh 0.2 T2 total bandwidth ratio 0.5
Ratio
LSl Bzfndw1dth 0.3 T4 total bandwidth ratio 0.1
Ratio
ST 1 ST 1

DBA: dynamic bandwidth allocation SBES: single-threshold buffer
MFU: main fiber unit energy saving
MBES: multi-threshold buffer energy saving ~ SFU: subordinate fiber unit

NES: no energy saving

Table 3. Parameter settings for the power consumption model

Parameter ~ Value  Parameter Value Parameter Value
P ... 1 P, 1.2 Py, 0.8
Pip pace 0.6 P 6 o, 0.2
D S5m o 1dB G, 3 dBi
M 5 GHz W,(5G) 15 dB Tk 0
P,(5G)  23dBm  R" (5G) 2402Mbit/s  RSSI -40 dBm
Py 10 I 0.4 W gt 0.6
T poverhead 125 s T voverhend 125 ps

in the simulations are summarized in Table 2.

For the energy consumption analysis, the power param-
eters of the SFU and MFU functional modules are listed in
Table 3. These values are normalized based on data from ac-

1732 The SFU’ s base power consumption is

tual products
set to 1 unit, while its optical transmitter and receiver con-
sume 1.2 and 0.8 units, respectively. The wake-up overhead
for the optical transceiver is 125 ps'™!. The SFU’ s maximum
power consumption is capped at 6 units, with dynamic power
consumption accounting for up to 20% (1.2 units). The MFU’
s maximum power consumption is set to 10 units, with the
base and maximum dynamic power consumptions accounting
for 40% and 60%, respectively; it is assumed to operate at
full power throughout the simulation. On the Wi-Fi side,
each RF module has a base power consumption of 0.6 units.
The dynamic transmission power of the Wi-Fi module is cal-

culated according to link parameters. According to the Wi-Fi
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6 standard, the simulation models Wi-Fi transmission in the
5 GHz band with a 160 MHz channel bandwidth, using modu-
lation and coding scheme (MCS) index 11. The SFU is assumed
to support 2X2 MIMO with a maximum transmission rate of 2
402 Mbit/s, and the STA parameters are configured to match.
To determine the RF module’ s transmission power, the initial
target RSSI at the STA is set to —40 dBm™!. The actual trans-
mission power under the EIRP constraint and the resulting re-
ceived RSSI are calculated using the channel parameters in
Table 3 and Eqs. (5) - (11), which determine the final dynamic
power consumption of the Wi-Fi module.

Under the MBES strategy, the buffer thresholds and latency
requirements of different priority services directly influence the
on/off timing of SFU transmitters, thereby affecting both energy
efficiency and service latency. Table 4 summarizes the latency
requirements, buffer thresholds, adjustment step sizes, and pa-
rameter settings used for the SBES comparison scheme. For
high-priority services, the initial buffer thresholds are deter-
mined based on traffic arrival rates and latency requirements
and are dynamically adjusted during operation according to the
parameters in Table 4. For comparison, the buffer threshold in
the SBES scheme is set to the sum of all priority-specific thresh-
olds used in the multi-threshold strategy.

5.2 Result Analysis

This subsection analyzes the latency and energy consump-
tion of the proposed MBES scheme. In the result figures, the
legends NES, MBES, and SBES represent the respective
schemes, while VO, VI, BE, and BK denote voice, video, best-
effort, and background services, respectively.

Fig. 5 illustrates how the average system latency of the FTTR
network varies with the number of SFUs. Under the NES
scheme, in which SFUs actively report in every cycle and the
MFU bandwidth is sufficient, latency for all service priorities re-
mains stable, with BK service latency staying below 5 ms. In
contrast, the energy-saving schemes introduce additional la-
tency because SFUs enter a sleep state when their buffer thresh-
olds are not reached, delaying reporting and increasing optical-
side latency. Among these, the MBES scheme demonstrates su-
perior performance over SBES: by assigning lower thresholds to
high-priority services, MBES triggers earlier reporting, enabling

Table 4. Buffer threshold parameter settings

Parameter VO VI BE BK
Latency requirement/ms 2 10 30 50
Initial buffer threshold/kB 3 30 60 100

Step size (decrease/increase)/(kB/ms) 2/1 2/1 2/1 2/1

Consecutive cycle threshold (cycle) 10 5 5 5
Maximum buffer threshold/kB 100 200 500 1000
Single threshold buffer/kB 196
Physical buffer constraint /MB 32

BE: best effort ~ BK: background ~ VI: video VO: voice
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Figure 5. Average system latency under the NES, SBES, and MBES schemes (STA=2): (a) end-to-end latency of high-priority services, (b) end-to-end
latency of low-priority services, (c) optical-side latency of high-priority services, and (d) optical-side latency of low-priority services

the concurrent transmission of lower-priority traffic and effec-
tively reducing overall latency. Conversely, SBES uses a single
unified buffer threshold for all services, causing SFUs to report
less frequently, accumulate larger data bursts, and ultimately
experience higher latency. The results in Figs. 5¢ and 5d show
that under the energy-saving schemes, the optical-side latency
of BK services increases most significantly, and this effect be-
comes more pronounced as the number of SFUs increases. The
impact is especially severe in the SBES scheme, where BK traf-
fic must wait for high-priority transmissions and can remain buff-
ered for extended periods when bandwidth is insufficient. The
MBES scheme alleviates this problem because frequent report-
ing triggered by high-priority services increases the scheduling
opportunities for BK traffic. Additionally, under the SBES
scheme, the optical-side latency of VO services is comparable
to, and in some cases slightly higher than, that of VI services.

This is because, with a unified threshold, VO traffic often enters
the MFU buffer and is reported and transmitted together with VI
traffic, reducing the latency gap between the two. As the number
of SFUs increases, system bandwidth allocation becomes more
constrained, amplifying the reporting delays introduced by
energy-saving schemes. The MBES strategy achieves a balance
between energy savings and latency by applying differentiated
buffer thresholds, whereas the SBES strategy, with its longer re-
porting cycles, not only increases queuing delays for low-priority
services but also weakens the scheduling advantage of high-
priority services. These findings highlight that setting appropri-
ate buffer thresholds and dynamically adjusting them based on
service priorities is essential for maintaining service perfor-
mance while optimizing energy efficiency in FTTR systems.

Fig. 6 compares the total FTTR system energy consumption
and the average SFU energy consumption of the NES, MBES,
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Figure 6. System energy consumption under the NES, SBES, and MBES
schemes (STA=2): (a) FTTR system energy consumption and
(b) average SFU energy consumption

and SBES schemes as the number of SFUs increases from 1 to
5. System energy consumption is calculated according to Eq.
(25) and expressed in power units. As shown in Fig. 6a, the NES
scheme exhibits the highest total energy consumption. The
SBES scheme achieves the lowest consumption, reducing energy
use by approximately 9.50% to 10.43% compared with NES.
The MBES scheme consumes slightly more than SBES but still
provides savings of about 4.58% to 7.28% compared with NES.
Fig. 6b further shows that the average SFU energy consumption
follows a similar trend. Consumption is the highest under the
NES scheme and the lowest under the SBES scheme, achieving
savings of 13.02% to 17.76% compared to NES. Although
slightly higher than SBES, the MBES scheme also provides sub-
stantial energy savings of 6.17% to 13.62% compared with NES.
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Furthermore, with the uplink rate fixed at 2.5 Gbit/s, the energy-
saving effect tends to diminish when the number of SFUs in-
creases to five, rather than improving continuously. This occurs
because adding more SFUs reduces the available bandwidth per
SFU. Once an SFU reaches its buffer threshold and triggers a re-
port, it must activate its optical transmitter more frequently and
use additional transmission cycles to send the buffered data,
thereby lowering the overall energy-saving efficiency.

In the FTTR system, the SFU optical transmitter can operate
at a higher uplink rate of 10 Gbit/s in addition to 2.5 Gbit/s.
Therefore, the simulation also evaluates the performance of
the proposed energy-saving strategy at this higher rate. For the
10 Gbit/s system, the SFU optical transmitter power consump-
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Figure 7. System energy consumption with a 10 Gbit/s uplink rate under
the NES, SBES, and MBES schemes (STA=2): (a) FTTR system energy
consumption and (b) average SFU energy consumption
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tion is assumed to be 2 units, with a maximum of 6.8 units. All
other power parameters remain consistent with those listed in
Table 3. Fig. 7 presents the simulation results at 10 Gbit/s.
With the substantial increase in transmitter power, the energy-
saving effects of both MBES and SBES are more pronounced
than at 2.5 Gbit/s. Furthermore, the advantages of both schemes
increase as the number of SFUs grows. Specifically, for the total
system energy consumption, the maximum savings achieved by
SBES and MBES relative to NES reach 21.41% and 17.75%,
respectively, compared with 10.43% and 7.28% at 2.5 Gbit/s.
For average SFU energy consumption, the maximum savings

are 29.11% (SBES) and 23.30% (MBES), substantially higher
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than the 17.76% and 13.62% observed at 2.5 Gbit/s. These re-
sults demonstrate that the energy-saving potential of buffer-
based schemes increases significantly with higher SFU optical
transmitter power. This finding also highlights the effectiveness
of the proposed strategy for next-generation FTTR systems,
which are expected to adopt PONs with even higher data rates,
such as 50G PON.

To evaluate the impact of the number of STAs on energy-
saving performance and service latency, the number of SFUs is
fixed at 2, while the number of STAs per SFU is increased from
1 to 4. Traffic and scheduling parameters are listed in Tables 1
and 2, respectively. Fig. 8 shows the change in average FTTR

—a&—NES-BE SBES-BE ~ —m—MBES-BE
- A- NES-BK SBES-BK - - MBES-BK
100
90
B
80 ] J
/
70 1 /
/
60 ; /
/
50 ] i
/
40 1 !
'
30 4
/
20 P
=
10 1 S -
0 === u
1 2 3 4
Number of STAs per SFU
(b)
—aA— NES-BE SBES-BE ~—m— MBES-BE
- A- NES-BK SBES-BK - £- MBES-BK
9
8 .
7 1

4 7
3 B
2 4
17
I i A 5 1
1 2 3 4
Number of STAs per SFU
(d)

STA: station
VI: video
VO: voice

saving

SFU: subordinate fiber unit

Figure 8. System latency under the NES, SBES, and MBES schemes (SFU=2): (a) end-to-end latency of high-priority services, (b) end-to-end latency
of low-priority services, (c) optical-side latency of high-priority services, and (d) optical-side latency of low-priority services
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system latency as the number of STAs increases. When two
SFUs are deployed, end-to-end latency for all priority services
rises with the number of STAs under both MBES and NES
schemes. This is primarily due to increased contention on the
Wi-Fi side, leading to higher EDCA-based access latency. Un-
der NES, optical-side latency fluctuates only slightly because
SFUs report every cycle and system bandwidth is sufficient. In
MBES, more STAs increase the traffic arrival rate at the SFU,
allowing buffers to reach thresholds faster, reducing SFU sleep
time and optical-side latency. However, sleep duration is
largely governed by the low thresholds of high-priority services,
so SFUs do not enter long sleep periods even under low traffic
loads. Consequently, optical-side latency fluctuations under
MBES remain minor, and end-to-end latency is dominated by
EDCA contention. As shown in Figs. 8¢ and 8d, although
optical-side latency for BK services increases when the number
of STAs reaches 4, end-to-end latency is still primarily deter-
mined by Wi-Fi access contention. Under SBES, with a small
number of STAs, end-to-end latency is mainly affected by the
queuing delay needed to fill the buffer. As the number of STAs
increases, higher traffic volumes allow thresholds to be reached
faster, reducing this delay. However, beyond a certain number
of STAs, EDCA contention dominates, causing latency to rise
again. For BK services, optical-side latency increases signifi-
cantly when the number of STAs is 4, because BK traffic lacks
guaranteed bandwidth; even after the buffer threshold is met, its
scheduling is often postponed by high-priority traffic, leading to
accumulated latency.

Fig. 9 compares the total FTTR system energy consumption
and the average SFU energy consumption under the NES,
MBES, and SBES schemes as the number of STAs per SFU in-
creases from 1 to 4, with the number of SFUs fixed at 2. The re-
sults show that as the number of STAs grows, higher traffic vol-
umes cause the buffer thresholds in the energy-saving schemes
to be reached more quickly. This prompts SFUs to activate their
optical transmitters more frequently for data reporting and trans-
mission, reducing sleep time and gradually diminishing the
energy-saving effects of all three schemes. Specifically, for total
system energy consumption, savings from MBES decrease from
9.12% to 4.65%, while SBES savings decrease from 10.33% to
7.39%. For average SFU energy consumption, MBES savings
decline from 17.05% to 8.70%, and SBES savings decrease
from 19.32% to 13.83%.

To evaluate the impact of buffer threshold settings on the
energy-saving strategy, we compare the performance of MBES
under dynamic and fixed thresholds. The scenario uses 2 SFUs,
each connected to 2 STAs. Three MBES configurations are
tested: dynamic thresholds (starting from low fixed values),
fixed low thresholds (VO threshold set to 1 500 B, with other
priorities scaled proportionally), and fixed high thresholds (VO
threshold set to 20 KB, with other priorities unchanged). Traffic
parameters, dynamic threshold adjustment parameters, and la-
tency requirements are provided in Tables 1 and 4. As shown
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Figure 9. System energy consumption under the NES, SBES, and MBES
schemes (SFU=2): (a) FTTR system energy consumption and
(b) average SFU energy consumption

in Fig. 10a, the fixed-high-threshold scheme achieves the best
energy savings, reducing average SFU consumption by 14%
and total system consumption by 7.4%. However, the higher
buffer threshold increases the buffer filling time, resulting in a
significant reporting delay. Fig. 10b shows that VO service la-
tency rises to 2.36 ms—an increase of 1.82 ms compared to the
NES scheme—failing to meet the QoS requirement. In contrast,
the fixed-low-threshold scheme ensures latency performance,
with VO latency increasing by only 0.05 ms, but its energy sav-
ings are limited, achieving only 4.8% reduction in average SFU
consumption and 2.5% reduction in total system consumption.
Finally, the dynamic threshold scheme provides a better trade-
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Figure 10. System latency and energy consumption under dynamic and
fixed buffer thresholds: (a) latency comparison and
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off between energy and latency. By starting with low thresholds
and gradually increasing them for services that consistently
meet latency requirements, this approach reduces transmitter
activation frequency and improves energy efficiency. Simula-
tion results indicate that dynamic thresholds increase VO la-
tency by only 0.083 ms while reducing average SFU consump-
tion by 9.7% and total system consumption by 5.1%. Thus, the
dynamic threshold scheme, through its adaptive adjustment
mechanism, overcomes the limitations of fixed-threshold ap-
proaches and achieves co-optimization of latency assurance and
energy savings.

6 Conclusions

This paper proposes an MBES scheme to address the increas-
ing energy consumption in FTTR networks. By leveraging the
architectural features of FTTR, the scheme enables efficient co-
ordination between the MFU’ s centralized scheduling and the
SFU’s differentiated buffering mechanism, reducing system en-
ergy consumption while maintaining multi-level QoS. Specifi-
cally, at the SFU side, independent and dynamically adjustable
buffer thresholds are assigned to different priority services, pro-
viding differentiated handling for latency-sensitive traffic. At
the MFU side, the algorithm incorporates cooperative schedul-
ing and dynamic threshold adjustment, taking Wi-Fi access la-
tency into account during bandwidth allocation and using real-
time performance feedback to form a closed-loop, cross-domain
adaptive energy-saving mechanism.

Simulation results validate the effectiveness of the proposed
MBES scheme. Compared with NES and SBES, MBES has
achieved superior performance in meeting the strict latency re-
quirements of high-priority services, such as VO and VI, while
significantly reducing system energy consumption. It also pro-
vides better control over average system latency than SBES and
maintains stable QoS guarantees under high-load, multi-user
scenarios. In terms of energy savings, MBES has demonstrated
considerable potential, particularly in future 10 Gbit/s sce-
narios with higher-power optical modules, achieving savings of
up to 17.75%. Furthermore, for the MBES scheme, comparisons
between dynamic and fixed threshold configurations show that
the dynamic adjustment mechanism delivers a superior balance
between latency and energy consumption, adaptively optimizing
the performance-efficiency trade-off as traffic conditions vary.
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Abstract: Fiber-to-the-Room (FTTR) networks with multi-access point (AP) coordination face significant challenges in implementing Joint
Transmission (JT), particularly the high overhead of Channel State Information (CSI) acquisition. While the centralized wireless access net-
work (C-WAN) architecture inherently provides high-precision synchronization through fiber-based clock distribution and centralized sched-
uling, efficient JT still requires accurate CSI with low signaling cost. In this paper, we propose a deep learning-based hybrid model that syner-
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1 Introduction
n recent years, the extensive deployment of Fiber-to-the-
Home (FTTH) has enabled gigabit and even multi-gigabit
bandwidth capabilities for household access networks'".
However, the in-home wireless segment, constrained by
issues such as uncontrolled medium competition over the air
interface, has increasingly become a performance bottleneck
affecting user experience. It often fails to deliver the high-
speed, low-latency, and reliable connectivity promised by
FTTH, thereby limiting the end-to-end network performance

P To fundamentally address the wireless

perceived by users
coverage and capacity challenges in this last segment of the in-
home network, Fiber-to-the-Room (FTTR) technology has
emerged and is being widely deployed. This trend marks a
new era of high-density, multi-access point (AP) coordinated
deployment for home Wi-Fi systems'”.

In a typical FTTR system, a Main FTTR Unit (MFU) is con-
nected via fiber or hybrid fiber to Subordinate FTTR Units
(SFUs) deployed in individual rooms, forming a star topology.
This architecture, by independently deploying SFUs in each
room, significantly mitigates signal attenuation caused by ob-

stacles like walls, achieves seamless high-speed coverage

throughout the entire household, and greatly enhances net-
work coverage capability and achievable data rates. However,
the deployment of high-density APs also introduces a series of
new challenges, the most critical being how to effectively
achieve coordination among multiple SFUs to avoid co-
channel interference and exploit potential cooperative gain.
Multi-AP  coordinated transmission, particularly Joint
Transmission (JT) technology, is regarded as the key to un-
locking the performance potential of FTTR networks. JT al-
lows multiple SFUs to cooperatively serve the same Station
(STA) on the same time-frequency resources*. Through co-
herent superposition of signals over the air, the Signal-to-
Noise Ratio (SNR) at the receiver is significantly improved,
thereby enhancing throughput and spectral efficiency". How-
ever, the practical deployment of JT technology faces two core
challenges'®. First is the PHY layer synchronization chal-
lenge. JT requires the participating transmitters to maintain
high consistency in frequency, time and phase. Any Carrier
Frequency Offset (CFO) or transmission timing deviation can
disrupt the coherence of the signals, leading to a loss of com-
bining gain, or even triggering a negative cooperation effect,
resulting in performance degradation'”. Second is the Chan-
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nel State Information (CSI) acquisition overhead challenge.
The performance of JT highly depends on accurate and timely
downlink CSI. Traditional methods require frequent over-the-
air sounding to acquire CSI, which consumes substantial wire-
less resources and generates significant signaling overhead in
high-density AP scenarios, consequently reducing the effec-
tive throughput of the system.

For the first challenge, when multiple Analog-to-Digital
Converters (ADCs) on a single AP use the same source clock
and are managed uniformly by a local processor, there is no
time-frequency synchronization problem among the antennas.
However, when extended to multiple APs, each AP employs
an independent local oscillator, introducing CFOs between
antennas of different APs, which severely affects JT perfor-
mance. To address the synchronization problem in distributed
multi-AP systems, Ref. [8] proposed that subordinate APs
could perform frequency calibration and time synchronization
based on the Null Data Packet Announcement (NDPA) frame
sent by the master AP. However, this imposes high computa-
tional requirements on the subordinate APs, and non-ideal
factors over the air make it difficult to guarantee the calibra-
tion effectiveness. Ref. [9] proposed that subordinate APs
calibrate their local oscillators by snooping the directional
synchronization signals sent by the master AP to achieve
time-frequency synchronization. However, this method intro-
duces additional delay and over-the-air overhead. Meanwhile,
Ref. [10] proposed a pre-calibration matrix to compensate for
random phase offsets among distributed arrays, yet this solu-
tion requires manual calibration efforts. Although Ref. [11] in-
troduced a master controller (MC)-based architecture that im-
proves AP scheduling for JT, it fails to address the fundamen-
tal synchronization requirement for simultaneous multi-AP
transmissions, consequently forcing sequential channel
sounding across APs and resulting in even greater over-the-
air overhead. These synchronization approaches share a com-
mon limitation: their reliance solely on over-the-air signaling
mechanisms without leveraging the underlying FTTR infra-
structure inevitably leads to substantial overhead. This funda-
mental constraint underscores the necessity of an
architecture-level solution.

For the second challenge, as noted by Ref. [12], the inher-
ent correlations of wireless channels across spatial, fre-
quency, and temporal domains allow CNN-based techniques
(originally successful in high-resolution image inpainting) to
be adapted for pilot reduction and CSI interpolation. Simi-
larly, DL-based schemes have been proven effective in com-
pressing CSI feedback payload by exploiting these physical
correlations'”. For instance, Ref. [14] introduced a one-sided
deep learning framework that leverages plug-and-play priors
to recover CSI from linear projections, effectively capturing
spatial and frequency-domain characteristics without requir-
ing joint encoder-decoder training. Meanwhile, in high-
mobility scenarios, the method proposed in Ref. [15] esti-
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mates full downlink CSI from partial uplink measurements by
exploiting both spatial correlation and temporal dependency,
demonstrating strong performance even with incomplete CSI.
While these data-driven approaches have shown promise,
they are predominantly designed and evaluated within the
context of independent APs. A critical limitation of such
frameworks is their inherent lack of architectural support for
system-wide time-frequency synchronization and unified trig-
gering. Consequently, they fail to coherently align and exploit
the rich spatial correlation across multiple, distributed APs,
which is precisely the key to unlocking the full performance
potential of coordinated systems like JT. This architectural
gap underscores the necessity of a deeply integrated solution
that co-designs the network architecture and the learning al-
gorithm, which is the core contribution of our proposed C-
WAN framework.

This paper aims to address the aforementioned challenges
by proposing a low-overhead JT solution coupled with the C-
WAN architecture of FTTR. The C-WAN architecture uses

6l enabling high-

the MFU as the centralized control center
precision clock distribution and joint triggering to each SFU
through the fiber fronthaul network. This solves the multi-
node synchronization problem at the physical layer, laying a
solid foundation for the application of JT technology. Further-
more, this paper focuses on overcoming the CSI acquisition
overhead challenge under the C-WAN architecture. We fully
utilize the characteristic of centralized computing power at the
MFU and the inherent spatiotemporal correlation of indoor
channels to propose a DL-based CSI acquisition framework.
The core of this framework is a hybrid deep learning model. It
employs a temporal prediction branch and a spatial recon-
struction branch to leverage historical CSI sequences for pre-
dicting future channel states and utilize observations from a
subset of antennas to reconstruct full-dimensional CSI, respec-
tively. The temporal prediction branch serves as the core com-
ponent that delivers accurate estimates of future channel
states, while the spatial reconstruction branch plays a comple-
mentary yet crucial role in both accelerating loss function con-
vergence and providing performance improvements. This ap-
proach can substantially reduce the frequency of sounding
and the number of antennas required per sounding instance,
thereby significantly lowering over-the-air resource overhead
while guaranteeing JT performance.

The remainder of this paper is organized as follows. Section
2 introduces the system model and formally defines the key
challenges in JT implementation. Section 3 presents the C-
WAN architecture and elaborates on its inherent advantages
for overcoming synchronization limitations. Section 4 details
the proposed deep learning-based CSI acquisition framework,
including the hybrid model design and specialized loss func-
tion. Section 5 provides comprehensive experimental results
and performance analysis. Finally, Section 6 concludes the pa-
per with summary remarks and future research directions.
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2 System Model and Challenges in JT Imple-
mentation

2.1 FTTR System Architecture and JT Transmission
Model

A typical FTTR system, as shown in Fig. 1, consists of one
MFU and K SFUs distributed in different rooms, connected
via a fiber network in a star topology. The MFU acts as the
control center of the system, responsible for network manage-
ment, resource scheduling, and data exchange; while the SFUs
serve as distributed wireless access points, responsible for sig-
nal transmission and reception.

Within this architecture, JT is employed as a key technique
to enhance the quality of service for STAs. Its core idea is that
multiple SFUs cooperatively transmit the same data stream to
the STA on the same time-frequency resource block. Under
ideal conditions, these signals combine coherently at the STA’s
receiver, significantly enhancing the SNR.

For quantitative analysis, we establish the following JT sys-
tem model for the general case. Consider K SFUs participating
in JT transmission to a single STA. The received signal at the
STA can be expressed as:

y = imhkeﬁ*sk+n (1),

=1

where P,, h,, and 6, represent the transmit power, complex
channel gain, and phase offset (relative to a common refer-
ence) of the k-th SFU, respectively. Here, s, denotes the trans-

mitted symbol of k-th SFU satisfying E[| s |2] =1, and n is the

additive white Gaussian noise (AWGN) with power a'i. Under
ideal synchronization conditions (i.e., perfect frequency, time,

07-18) and narrowband

and phase alignment among all SFUs
channel assumptions neglecting Inter-Symbol Interference
(ISI), the expression simplifies as the phase terms become co-
herent. In this case, the power of the useful signal component

is given by:

K 2
S P,

K=l

(2).

For comparison, in non-cooperative transmission (where
each SFU independently transmits non-coherent signals to the

STA), the bY Y non - coop =
K
2 /P, h,s, + n, and the total received power is simply the

i=1
sum of the individual received power from each independent

. K
hnk: Prx, non — coop zk = 1P

ditional coherent combining gain, expressed as P_/P

received signal is given

2
k|hk| . In contrast, JT achieves ad-
X, non = coop?
which is typically greater than 1. This gain significantly en-
hances both spectral efficiency and transmission reliability
compared to non-cooperative transmission.
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Figure 1. Typical Fiber-to-the-Room (FTTR) system

2.2 Key Challenges in JT Implementation

Although JT offers significant theoretical gains, its imple-
mentation in traditional distributed FTTR architectures (Fig.
2a), where SFUs operate independently, faces two major chal-
lenges: the PHY layer synchronization challenge and the CSI
acquisition overhead challenge.

2.2.1 PHY Layer Synchronization Challenge

Each SFU uses an independent local oscillator, whose in-
herent crystal oscillator drift introduces CFOs (Af,). Simulta-
neously, the lack of a unified transmission trigger mechanism
among distributed nodes introduces random transmission de-
lay deviations (Az,), which subsequently translate into phase
offsets (A, = 2mf,Az,). In this case, the received signal be-

comes time-varying:

y(t)= i«/ﬁkhks(l_ﬁ)é(hhﬂb‘) (3),

k=1

where 5(t) is the transmitted symbol waveform, 7, is the propa-
gation delay, f, is the carrier frequency, and ¢, is the initial
phase. Considering the two-SFU (K =2) scenario, the re-
ceived power can be expanded as:

2 2
P (t)=P\|h| + Pyh,| +
2 /PP, |h hy|cos(2mAf - 1 + Ad) (4),
where Af = Af, = Af, and Ap = Ap, — Ad,. The cosine time-
varying term in this expression indicates that the received

power fluctuates periodically at the difference frequency Af,
causing unstable SNR and increased Bit Error Rate (BER),
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Figure 2. (a) Traditional distributed Fiber-to-the-Room (FTTR) architecture; (b) FTTR/centralized wireless access network (C-WAN) architecture

which severely disrupts the coherent combining effect of JT.

2.2.2 CSI Acquisition Overhead Challenge

The performance of JT also highly depends on accurate and
timely downlink CSI. Each SFU needs to perform precoding
based on CSI to adjust its beam direction precisely towards
the target STA!"". However, acquiring the joint CSI for mul-
tiple APs requires frequent over-the-air sounding procedures.

In the traditional distributed architecture, to perform multi-
AP channel sounding, a leading AP is needed to coordinate
other APs to send Null Data Packet (NDP) frames in a roughly
synchronized manner to the STA. The STA then needs to feed
back the measured CSI. This process introduces substantial
over-the-air signaling overhead and feedback delay, consum-
ing significant air interface resources and severely constrain-
ing the system’ s effective throughput. Furthermore, it is diffi-
cult to guarantee the simultaneity of CSI measurements across
distributed nodes, and CSI aging occurs during backhaul and
processing, leading to precoding distortion that also signifi-
cantly reduces JT gain.

3 C-WAN Architecture and its Enabling
Role for JT

The aforementioned limitations indicate that addressing the
implementation challenges of JT necessitates innovation at the
network architecture level. A novel C-WAN architecture pres-
ents a viable solution to these challenges®”.

3.1 C-WAN Architecture Overview

The innovation of C-WAN over the traditional FTTR archi-
tecture lies in its master-slave control and functional recon-
figuration. As shown in Fig. 2b, this architecture comprises
two core functional layers. The first is MFU (the central pro-
cessing unit), which acts as the role of the traditional home
gateway while also integrating baseband processing capabili-
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ties and a centralized controller. All core signal processing
(e.g., channel coding, precoding, scheduling) and coordination
algorithms are completed within the MFU. The second layer is
formed by SFUs (distributed radio units): The functionality of
the SFUs deployed in various rooms is simplified, primarily
handling radio frequency transmission and reception and
simple PHY layer functions. They are connected to the MFU
via a fiber fronthaul network.

This architecture transforms the traditional problem of dis-
tributed AP coordination into a centralized computing prob-
lem within a single central processing unit, thereby making
high-precision JT feasible at the system level.

3.2 Solution of C-WAN to JT Synchronization Challenge

The C-WAN architecture addresses the issues of CFO and
transmission timing synchronization at their root through the
following mechanisms.

3.2.1 High-Precision Clock Distribution and Frequency Offset
Elimination

C-WAN leverages the low-loss, high-stability physical char-
acteristics of fiber links to distribute a unified reference clock
from the MFU to all SFUs. Protocols like White Rabbit, which
utilize precise hardware timestamps and delay compensation
algorithms, can be employed to achieve sub-nanosecond clock
synchronization accuracy. Measurements indicate that this
scheme can achieve clock synchronization with a standard de-
viation below 100 ps in FTTR scenarios™.

Taking the 160 MHz channel bandwidth in the IEEE
802.11ax standard as an example, its sampling period is 6.25 ns.
The synchronization error of C-WAN (100 ps) constitutes only
about 1.6% of the sampling period, far below the typical sym-
bol synchronization tolerance required for JT (usually <10%).
This means the local oscillators of all SFUs can be effectively
locked to the same frequency reference, eliminating CFO and

laying a solid foundation for phase coherence®.
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3.2.2 Centralized Scheduling and Joint Triggering

In the C-WAN architecture, the MFU acts as the sole sched-
uling center, possessing the capability to accurately measure
and compensate for the fiber transmission delay of signals to
each SFU. When JT transmission is required, the MFU issues
joint trigger commands containing precise transmission time-
stamps to each SFU. Each SFU adjusts its transmission timing
according to these instructions, thereby achieving symbol-
level transmission synchronization and eliminating the phase

deviation (A¢) caused by trigger randomness' ™.

3.3 C-WAN Support for Data and Computing Centralization

The value of C-WAN extends beyond solving the synchroni-
zation problem; it creates uniquely favorable conditions for de-
ploying advanced algorithms such as deep learning to over-
come the CSI overhead challenge. This advantage stems from
three facets of centralization: 1) Data centralization: The MFU
centralizes the raw In-Phase/Quadrature (IQ) or CSI data from
all SFUs, naturally forming a global, consistent joint channel
dataset. This provides the essential and unique data founda-
tion for training deep learning models that require multi-AP
data as input, which is difficult to obtain in a distributed archi-
tecture. 2) Computing power centralization: The MFU can inte-
grate substantial computational resources, which are neces-
sary for handling the computational load for deep learning
model training and inference. 3) Control centralization: The
centralized scheduler in the MFU may directly and rapidly is-
sue unified precoding matrices and transmission instructions
to all SFUs based on the prediction results of the deep learn-
ing model. This avoids the delays and inconsistencies associ-
ated with distributed decision-making, ensuring that the pre-
dicted CSI is applied timely and accurately.

On this basis, the next section will elaborate in detail on
how deep learning can be leveraged within the C-WAN archi-
tecture to significantly reduce CSI acquisition overhead.

4 Deep Learning-Based Low-Overhead CSI

Acquisition Method

Although the C-WAN architecture solves the JT synchroni-
zation challenge and aggregates computing and data resources
at the MFU, adopting the traditional full-dimensional, periodic
channel sounding method would still impose immense over-
the-air overhead, severely constraining the effective through-
put of the FTTR system.

Fortunately, the indoor FTTR C-WAN scenario provides
three advantageous conditions for optimizing CSI acquisi-
tion. First, temporal correlation arises from the low mobility
of STAs, leading to slow channel variation and small Dop-
pler shifts. Historical CSI sequences contain the potential
for predicting future CSI®¥. Second, spatial correlation is
inherent because the positions of SFUs are fixed after de-
ployment, and the channel responses between their antenna
arrays exhibit structural properties in the spatial domain.
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This structure exists not only within individual SFUs but
also between different SFUs. Therefore, the MFU may infer
the channel state of all antennas using observations from a
subset of antennas per SFU. Third, protocol adaptability al-
lows the MFU to select clusters of antennas that contribute
more significantly to channel reconstruction to participate
in the sounding process, based on learned iterative weights.
Since the C-WAN architecture virtualizes all SFUs as one
large AP, this adjustment is transparent to the STA side, re-
quires no additional signaling overhead, and offers excel-
lent compatibility.

Leveraging the above advantages, this section proposes a
deep learning-based low-overhead CSI acquisition framework
that fully integrates with the FTTR C-WAN architecture®’,
Its goal is to significantly extend the sounding period by uti-
lizing historical CSI to predict future CSI, while maintaining
JT performance. Furthermore, during sounding, it uses obser-
vations from a small number of antennas to reconstruct the
CSI for all antennas, reducing the resource occupation per

sounding instance.

4.1 Problem Definition
The traditional scheme requires full-dimensional sounding

every T meaning all antennas across all SFUs participate

frame?

in probing. Its overhead is:

N X KX Ly

OH,,, o< T

(5),

frame

where N, denotes the number of sounding antennas per SFU,
K is the total number of SFUs, and L, represents the number
of Long Training Field (LTF) symbols required per antenna.
The objective of this paper is to reduce the overhead to:

11

proposed = ? x E X OHfu]l (6)9

OH
where T > 1 is the sounding period extension factor, and R =
N,/N, > 1 is the antenna compression ratio (N, is the number
of antennas actually participating in sounding), corresponding
to the proportion of required HE-LTF symbols®®. Specifically,
this paper addresses the following problem: Given the histori-
cal L . CSI sequence of all antennas ﬁ(t -L+ 1),~-,ﬁ(t)

and the partial antenna observations H, (¢ + 1) at time instant

frame

t + 1, the objective is to learn a mapping function f( -; @)

that accurately estimates the full-dimensional CSI at

timet + 1:
A+ 0)=f({H(- L+ 1) H ()],
Hy(1+1);0) (7).
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4.2 Hybrid Deep Learning Model Design

To fully exploit the advantage of the C-WAN architecture in
acquiring global CSI, this paper proposes a dual-branch hy-
brid deep learning model. It achieves high-precision estima-
tion and reconstruction of full-dimensional CSI by synergisti-
cally utilizing the temporal and spatial correlation of the chan-
nel. This model enables accurate CSI estimation with reduced
sounding overhead, thereby improving the overall throughput
of JT transmission.

The structure of this hybrid model is shown in Fig. 3. It
adopts a dual-branch parallel processing architecture, com-
prising three core components: a spatial reconstruction
branch, a temporal prediction branch, and an adaptive fusion
module. The outputs of the spatial reconstruction branch and
the temporal prediction branch are fused using adaptive
weighting, collaboratively leveraging the temporal and spatial
correlations of the channel. Finally, the complete CSI matrix
is output through convolutional layers, dimension reshaping,
and complex number reconstruction, achieving high-precision

estimation of the full-dimensional CSI.

1) Spatial Reconstruction Branch: The purpose of this branch
is to recover missing spatial information from the partial an-
tenna observations. Leveraging the global channel information
characteristic provided by the C-WAN architecture, the model
selects the half of the antennas per SFU that contribute most to
the reconstruction (based on the loss function) for sounding.
This effectively reduces the dimensionality of the original CSI
matrix. The original matrix, which encompasses all antennas,
has dimensions [N, ANT,, ANT ,NUM, f, . After reduc-
tion, the matrix contains only partial antenna observations, with

dimensions [ N, ANT, /2, ANT,, NUM,../....ic. ] This reduc-

tion lowers the overhead of the sounding process. Here, N de-
notes the batch size; ANT, and ANT, are the number of anten-
nas in the x- and y-directions of the array, respectively; NUM

ubcarrier ]

is the number of transmitters, and f is the number of

ubcarrier

OFDM subcarriers. After preprocessing steps such as com-
plex number separation and spatial dimension flattening, the

-
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Figure 3. Hybrid model architecture that fuses CNN and ResNet
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core of the perception branch lies in multi-level feature learn-
ing. The model employs a combination of deconvolutional lay-
ers, convolutional layers, and residual blocks for feature ex-
traction, ultimately generating the Spatial Feature Map.

2) Temporal Prediction Branch: Targeting the characteristics
of indoor FTTR scenarios where STA movement is slow, chan-
nel variation is continuous, and Doppler shift is low, this branch
aims to predict the channel state by leveraging the temporal cor-
relation of historical CSI sequences””. The input to this branch
is the historical complete CSI matrix spanning T, time steps,
with dimensions [N - T, ANT , ANT , NUM,, [, micr }- After
data preprocessing including complex number separation and
spatial dimension flattening, a feature representation is ob-
tained. The core of the temporal prediction branch lies in
multi-scale temporal modeling. The model employs two suc-
cessive dilated residual blocks and a 1X1 convolutional block.
This design allows the model to expand its temporal receptive
field, enabling it to capture time dependencies at various
scales. The output dimension of each dilated residual block re-
mains consistent, ensuring uniformity in feature dimensions
and ultimately generating the Temporal Feature Map. The in-
troduction of dilated convolutions allows the model to gain
richer temporal context information without a significant in-
crease in the number of parameters, thus improving the accu-
racy of temporal prediction®,

3) Adaptive Fusion Module: To exploit the complementarity
of spatial and temporal information, the model integrates an
adaptive weighted fusion module. This module combines the
outputs of the spatial reconstruction branch and the temporal
prediction branch for more precise CSI estimation. The fusion
formula is as follows:
soc Fspatial + (l - 0[) . Ftcmpoml (S)a

reconstructed

where F_ ., represents the output features of the spatial re-
construction branch, F . represents the output features of
the temporal prediction branch, and « is a trainable weight pa-
rameter initialized to 0.5. Through the end-to-end training pro-
cess, the model can adaptively learn the optimal weight ratio
between spatial and temporal information. The fused features
undergo further deep feature optimization through two addi-
tional residual blocks. Finally, the complete CSI matrix with
dimensions [ N, ANT , ANT , NUM,, f ] is output via 1X1 con-
volutional layers, dimension reshaping, and complex number
reconstruction.

4.3 Loss Function Design

The optimization objective of this paper is to maximize the
JT transmission performance, rather than directly minimize
the Mean Squared Error (MSE) between the predicted CSI H
and the true CSI H. Therefore, we design a Signal-to-
Interference-plus-Noise Ratio (SINR) -oriented loss function
based on the precoding matrix, constructed as follows.
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Our design employs Zero-Forcing (ZF) precoding, a choice
motivated by the generally high-SNR conditions inherent in
FTTR deployments due to dense AP placement and short
transmission distances. Under such propagation environ-
ments, ZF not only achieves near-optimal performance but
also benefits model training through its sensitivity to channel
inaccuracies.

The loss function construction proceeds as follows. First,
based on the true CSI matrix H and the predicted CSI matrix

H, the precoding matrices are calculated using ZF precoding:

W= H"(HH")" 9),
N ~ A A -1
W= A"(An") (10).

Subsequently, the predicted precoding matrix W is used for
signal transmission, and the received signal power and inter-
ference components are calculated. The useful received signal
power is:

P, = |||

2
(11).

P
Due to the mismatch between the precoding matrix and the
true channel, additional interference is introduced. The

equivalent noise power P_ . includes the thermal noise power

P, (which can be estimated via Received Signal Strength Indi-
cator (RSSI)) and the aforementioned interference power.
Finally, the loss function is defined as the negative value of
the sum of achievable spectral efficiency across all subcarri-
ers, aiming to optimize the overall throughput of the JT trans-

mission. The SINR on the i-th subcarrier is:

R
SINR, = %L = — (12),

Pnnise,i
zj #1

A

aw

+o!?
ij

where o represents the thermal noise power, obtainable by
measuring background noise power during packet intervals.
The overall loss function is:

1
L= —N—Elogzu + SINR,) (13).

sci=1

This loss function directly penalizes the SINR degradation
caused by precoding mismatch due to CSI prediction errors,
reflecting the fundamental requirements of the communication
system for high throughput and reliable transmission.

4.4 Synergistic Integration of Hybrid Model Within
FTTR C-WAN Architecture
As illustrated in Fig. 3, the proposed low-overhead sound-
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ing process operates as follows: leveraging the C-WAN’ s
logical abstraction of all SFUs as a single virtual AP, the
MFU initiates a coordinated sounding process. It transmits
an NDPA frame declaring a reduced number of antennas (a
subset determined by the model’ s spatial reconstruction ca-
pability). Subsequently, the MFU uses its synchronized trig-
gering mechanism to instruct the selected antennas across
different SFUs to transmit NDP frames simultaneously. From
the perspective of the STA, this process is indistinguishable
from a standard sounding procedure; it responds with a Com-
pressed Beamforming (CBF) report based on the declared an-
tenna count, remaining unaware of the underlying antenna se-
lection strategy.

Upon receiving the STA’ s feedback, the MFU, housing the
centralized computational resources, executes the hybrid
model. The model fuses the limited real-time observations
from the partial antenna sounding with the rich historical
channel information available in the centralized dataset.
Through its temporal prediction and spatial reconstruction
branches, it reconstructs the full-dimensional CSI for all an-
tennas involved in the JT transmission. This end-to-end pro-
cess, from coordinated partial sounding to centralized CSI re-
construction, achieves a significant reduction in over-the-air
overhead while maintaining full backward compatibility with
existing standards, as no changes are required at the STA side.

5 Experimental Results and Analysis

This section presents a comprehensive evaluation of the
proposed C-WAN architecture and hybrid deep learning
model for low-overhead JT in FTTR networks. The experi-
ments are designed to validate the effectiveness of our solu-
tion in addressing both synchronization challenges and CSI
acquisition overhead. Through systematic testing on a real-
world synchronized channel dataset, we demonstrate the per-
formance of our approach in terms of CSI estimation accu-
racy, spectral efficiency, and overall system throughput com-
pared to baseline methods.

5.1 Channel Model and Dataset

In our experimental setup, which is based on the C-WAN
architecture where the MFU acts as the central controller for
acquiring downlink JT precoding CSI, we leverage the channel
reciprocity of TDD systems''®. Since direct downlink CSI ac-
quisition through STA feedback is complex and introduces sig-
nificant overhead, we use uplink channel sounding measure-
ments as a practical substitute to generate the training data for
the proposed model.

This study utilizes a real-world channel dataset (espargos-
0005 for model development and validation. This dataset
was collected using 4 distributed ESPARGOS antenna arrays
(each with 8 antennas) deployed around the perimeter of a
room, acting as receivers (simulating 4 SFUs). A moving trans-
mit antenna (simulating a STA) transmitted Wi-Fi signals
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within a 7X7X3 meter laboratory. Using a common external
clock and synchronous triggering mechanism, all arrays syn-
chronously collected CSI at a sampling rate of 100 Hz, simu-
lating the synchronous multi-AP channel measurement envi-
ronment of the C-WAN architecture. Thus, the channel of the
k-th SFU at time ¢ can be represented as a matrix M € C" ™",
where the number of antennas per SFU N, = 8 and the number
of subcarriers N, = 117. The dataset contains CSI samples for
186 879 time instances. To strictly simulate the actual online
prediction scenario, the data is split chronologically into a
training set (70%), a validation set (15%), and a test set (15%).

Model performance is evaluated using two key metrics: the
Normalized Mean Squared Error (NMSE) for assessing CSI es-
timation accuracy, and the spectral efficiency loss function
(defined in Section 4) for quantifying the impact of predicted
CSI on JT transmission performance. The NMSE is calculated
between the predicted channel matrix H and the true channel
matrix H, serving as a key metric to quantify the accuracy of

N 2
H—H]F

our CSI estimation, with the expression NMSE = |2
.

In simulations, we select the following three baseline meth-
ods for comparison: 1) the Full Sounding (Oracle) Method,
which assumes perfect and real-time full-dimensional CSI is
available and thus represents the theoretical upper bound of
JT transmission performance, used to measure the gap be-
tween the proposed method and optimal performance; 2) the
Temporal Prediction Method, an ablated version of the fusion
model that disables the spatial reconstruction branch (i.e., the
H, (¢ + 1) input), and can only rely on historical information

up to time ¢ — 1 to predict the channel at time t; 3) the Spatial
Reconstruction Branch, a counterpart ablation that retains
only the spatial reconstruction branch while disabling the
temporal prediction component, thereby estimating the full
CSI solely from the partial antenna observations H, (¢ + 1) at
the current time instant without leveraging any historical
channel information.

5.2 Model Training Results Analysis

To validate the effectiveness of the proposed hybrid deep
learning model, we trained the model using the Adam opti-
mizer with a batch size of 64. Fig. 4a shows the change in
NMSE on the training and test sets versus training iterations,
while Fig. 4b shows the convergence curve of the spectral effi-
ciency loss function L. It can be observed that both loss func-
tions decrease steadily with iterations, and the validation loss
does not show a significant increase, indicating good general-
ization capability of the model. The spectral efficiency loss on
the training and test sets eventually converges to similar val-
ues, further proving the strong adaptability and stability of
the model.

As shown in Fig. 5a, we conducted experiments with vary-
ing numbers of sounding antennas (N, = 1, 2, 4, 6) to evaluate
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their impact on CSI reconstruction performance. The results
demonstrate that under the C-WAN architecture, the channel
CSI exhibits significant spatial correlation, with larger N, val-
ues yielding better prediction accuracy. In Fig. 5b, we further
compare two antenna selection strategies: random selection
and structured selection. Due to the close proximity of an-
tenna arrays in the dataset, the difference in loss function con-
vergence between these strategies was minimal. Considering
the FTTR deployment scenario where APs are distributed
across different rooms and antennas within the same AP pos-
sess stronger spatial correlation, we adopted N, = 4 with a

structured selection approach, which used one antenna from

each of the two antenna arrays per AP, for subsequent experi-
ments. This configuration maintains a balance between recon-
struction accuracy and practical deployment constraints.

Fig. 6a illustrates the evolution of trainable weights in the
model’ s adaptive fusion module across training iterations,
where the temporal prediction branch ultimately achieves an
average weight of 0.98 after multiple iterations. This result in-
dicates that in indoor low-mobility scenarios, channel varia-
tions exhibit strong temporal correlation. Relying solely on the
historical CSI sequence is sufficient to make highly accurate
estimates of the future channel state, while the corrective ef-
fect of the observations from the partial antennas at the cur-
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rent moment is relatively limited. This finding empirically sup-
ports a new paradigm for channel acquisition dominated by
prediction and assisted by sounding, suggesting that the
sounding period can be significantly extended, thereby offer-
ing the potential for substantially reducing system overhead.

Although the temporal prediction branch dominates the
model, the spatial reconstruction branch still provides indis-
pensable value. To quantitatively evaluate its contribution, we
conduct an ablation study comparing three model variants: the
temporal-prediction-only model, the spatial-reconstruction-
only model, and the full hybrid model with adaptive a. As il-
lustrated in Fig. 6b, the inclusion of the spatial branch accel-
erates the convergence of the loss function and yields measur-
able performance gains. These results confirm the unique role
of the spatial reconstruction branch in feature enhancement
and training stabilization.

5.3 System Performance Evaluation

To further evaluate the practical effectiveness of the pro-
posed method in the JT transmission scenario, we compared
the Spectral Efficiency (SE) achievable by the system after
employing the predicted CSI for precoding. Fig. 7 shows the
Cumulative Distribution Function (CDF) curves of the SE on
the test set for the proposed hybrid model and the two base-
line methods.

The results show that the Oracle scheme with complete real-
time CSI achieves the optimal spectral efficiency, represent-
ing the theoretical upper bound for JT transmission perfor-
mance. The SE curve of the proposed hybrid model is the clos-
est to the Oracle performance among all practical (non-oracle)
methods, with a median SE gap of less than 5%, indicating
that the hybrid model can effectively maintain JT gain even
with low sounding overhead.
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Notably, the simplified model with only the temporal predic-
tion branch (i.e., ablated spatial reconstruction branch) per-
forms the worst. This further confirms the important role of the
spatial reconstruction branch in compensating for instanta-
neous channel information and improving the completeness of

CSI estimation.

6 Conclusions

This paper addresses the critical challenges associated with
implementing efficient JT in FTTR networks. To overcome
physical layer synchronization issues, the proposed C-WAN
architecture leverages a fiber fronthaul network to provide
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Figure 7. Cumulative Distribution Function (CDF) of achievable spec-
tral efficiency for different CSI acquisition methods
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high-precision clock distribution and coordinated transmis-
sion triggering. This approach effectively eliminates carrier
frequency offsets and timing deviations, establishing a robust
PHY-layer foundation for JT. To mitigate the overhead of CSI
acquisition, we develop a hybrid deep learning model that uti-
lizes the centralized data, computation, and control capabili-
ties of the C-WAN architecture, along with inherent spatiotem-
poral correlations in indoor channels. By integrating temporal
prediction and spatial reconstruction branches, the model
achieves highly accurate CSI estimates while drastically re-
ducing the need for frequent sounding. Experimental results
based on a real-world synchronized channel dataset demon-
strate that the proposed solution significantly reduces over-
the-air resource consumption while maintaining JT perfor-
mance close to that achieved with ideal CSI. This work offers
a practical and efficient framework for high-performance coor-
dinated transmission in next-generation FTTR systems. Future
work will explore transfer learning and domain adaptation
techniques to fine-tune or train the model on test sets of vary-
ing scenario scales, thereby enhancing its generalization capa-
bility across diverse deployment environments. Additionally,
assessing the feasibility and effectiveness of deploying our al-
gorithm on hardware platforms will also be considered as part
of future work.

References

[1]ZHANG D Z, ZENG T, YANG Z Y, et al. FTTR-B technology exploration
and practice [C]/Proc. IEEE International Conference on Communications
Workshops (ICC Workshops). IEEE, 2024: 37 - 41. DOI: 10.1109/1CC-
Workshops59551.2024.10615937

[2] NUNEZ D, SMITH M, BELLALTA B. Multi-AP coordinated spatial reuse
for Wi-Fi 8: group creation and scheduling [C]//Proc. 21st Mediterranean
Communication and Computer Networking Conference (MedComNet).
IEEE, 2023: 203 - 208. DOI: 10.1109/MedComNet58619.2023.10168857

[3] SHEN G X, LI J, CAI J H, et al. Enhancing fiber-to-the-room (FTTR) tech-
nologies: addressing key challenges and solutions (invited tutorial) [C]//
Proc. Conference on Lasers and Electro-Optics Pacific Rim (CLEO-PR).
IEEE, 2024: 1 - 2. DOI: 10.1109/CLEO-PR60912.2024.10676562

[4] SUNDARAVARADHAN S P, PORAT R, TOUSSI K N. Increasing spatial
multiplexing gain in future multi-AP WiFi systems via joint transmission
[J]. IEEE communications standards magazine, 2022, 6(2): 20 - 26. DOI:
10.1109/MCOMSTD.0001.2100085

[5] CHEN B H, JIAO X J, LIU W, et al. An experimental study of Wi-Fi joint
transmission with multiple openwifi access points [C]//IEEE Wireless Com-
munications Networking Conference (WCNC). IEEE, 2025: 1 - 67. DOI:
10.1109/WCNC61545.2025.10978612

[6] HAMED E, RAHUL H, ABDELGHANY M A, et al. Real-time distributed
MIMO systems [C]//Proc. 2016 ACM SIGCOMM Conference (SIGCOMM '
16. Association for Computing Machinery, 2016: 412 - 425. DOI: 10.1145/
2934872.2934905

[7] TITUS A, BANSAL R, SREEJITH T V, et al. Decision problems for joint
transmission in multi-AP coordination framework of IEEE 802.11be [C]/
Proc. International Conference on COMmunication Systems & NETworkS
(COMSNETS). IEEE, 2021: 326 - 333. DOL: 10.1109/
COMSNETS51098.2021.9352818

ZHANG Yang, CEN Zihan, ZHAN Wen, CHEN Xiang

[8] LEVINBOOK Y, EZRI D, MELZER E. AP cooperation in Wi-Fi: joint
transmission with a novel precoding scheme, resilient to phase offsets be-
tween transmitters [J]. Signal processing, 2024, 220: 109432. DOI:
10.1016/j.sigpro.2024.109432

[9] KUNNATH GANESAN U, SARVENDRANATH R, LARSSON E G. Beam-
Sync: over-the-air synchronization for distributed massive MIMO systems
[J]. IEEE transactions on wireless communications, 2024, 23(7): 6824 -
6837. DOI: 10.1109/TW(C.2023.3335089

[10] HE J L, YAO H, ZHAO D S, et al. Multi-channel phase synchronization
method for independent asynchronous local oscillators based on pre-
calibration matrix [C]//Proc. IEEE International Symposium on Antennas
and Propagation and INC/USNC - URSI Radio Science Meeting (AP-S/
INC-USNC-URSI). IEEE, 2024: 449 - 450. DOI: 10.1109/AP-S/INC-
USNC-URSI52054.2024.10687303

[11] VERMA S, RODRIGUES T K, KAWAMOTO Y, et al. A survey on multi-
AP coordination approaches over emerging WLANs: future directions and
open challenges [J]. IEEE communications surveys & tutorials, 2024, 26
(2): 858 - 889. DOI: 10.1109/COMST.2023.3344167

[12] LIU Z Y, ZHANG L, DING Z. Overcoming the channel estimation barrier
in massive MIMO communication via deep learning [J]. IEEE wireless
communications, 2020, 27(5): 104 - 111. DOI: 10.1109/
MWC.001.1900413

[13] JIANG W, SCHOTTEN H D. Deep learning for fading channel prediction
[JI. IEEE open journal of the communications society, 2020, 1: 320 -
332. DOI: 10.1109/0JCOMS.2020.2982513

[14] CHEN W, WAN W X, WANG S Y, et al. CSI-PPPNet: a one-sided one-
for-all deep learning framework for massive MIMO CSI feedback [J].
IEEE transactions on wireless communications, 2024, 23(7): 7599 -
7611. DOI: 10.1109/TWC.2023.3342735

[15] BANERJEE B, ELLIOTT R C, KRZYMIEN W A, et al. Machine learning
assisted DL CSI estimation for high-mobility multi-antenna users with
partial UL CSI availability in TDD massive MIMO systems [C]//Proc.
IEEE Globecom Workshops (GC Wkshps). IEEE, 2022: 1579 - 1585.
DOLI: 10.1109/GCWkshps56602.2022.10008644

[16] WANG J Z, LIU W C, MENG J, et al. Fiber to the radio/C-WAN archi-
tecture and its performance analysis [C]//Proc. IEEE International Con-
ference on Communications Workshops (ICC Workshops). IEEE, 2024:
709 - 713. DOI: 10.1109/ICCWorkshops59551.2024.10615771

[17] ZHENG J K, ZHANG J Y, BJORNSON E, et al. Impact of channel aging
on cell-free massive MIMO over spatially correlated channels [J]. IEEE
transactions on wireless communications, 2021, 20(10): 6451 - 6466.
DOI: 10.1109/TWC.2021.3074421

[18] EUCHNER F, KELLNER D, STEPHAN P, et al. CSI dataset espargos-
0005: four phase- and time-synchronous ESPARGOS antenna arrays in a
lab room [EB/OL]. [2020-05-01]. https://darus. uni-stuttgart. de/dataset.
xhtml?persistentld=doi:10.18419/DARUS-4754

[19] VIEIRA J, RUSEK F, TUFVESSON F. Reciprocity calibration methods
for massive MIMO based on antenna coupling [C]//2014 IEEE Global
Communications Conference. IEEE, 2014: 3708 - 3712. DOI: 10.1109/
GLOCOM.2014.7037384.

[20] WU X M, ZENG Y, SI X S, et al. Fiber-to-the-room (FTTR): standards
and deployments [C]//Proc. Optical Fiber Communication Conference
(OFC) 2023. Optica Publishing Group, 2023: 1 - 3. DOI: 10.1364/
o0fc.2023.tu3f.6

[21] JIMENEZ LOPEZ M, GUTIERREZ RIVAS J L, DIAZ ALONSO J. A
white-rabbit network interface card for synchronized sensor networks [C]//
Proc. SENSORS, 2014 IEEE. IEEE, 2014: 2000 - 2003. DOI: 10.1109/
ICSENS.2014.6985426

[22] XU Y L, RAJAGOPALA A D, FRUITWALA N, et al. Multi-FPGA syn-
chronization and data communication for quantum control and measure-
ment [EB/OL]. [2025-06-11]. https://arxiv.org/abs/2506.09856

[23] BALAN H V, ROGALIN R, MICHALOLIAKOS A, et al. AirSync: en-
abling distributed multiuser MIMO with full spatial multiplexing [J].
IEEE/ACM transactions on networking, 2013, 21(6): 1681 - 1695. DOI:

ZTE COMMUNICATIONS | 75
December 2025 Vol. 23 No. 4



Special Topic | C-WAN for FTTR: Enabling Low-Overhead Joint Transmission with Deep Learning

ZHANG Yang, CEN Zihan, ZHAN Wen, CHEN Xiang

10.1109/TNET.2012.2230449

[24] LIU X, LI J W, WU X M, et al. Fiber-to-the-room (FTTR) technologies for
the 5th generation fixed network (F5G) and beyond [C]/Proc. IEEE Fu-
ture Networks World Forum (FNWF). IEEE, 2022: 351 - 354. DOI:
10.1109/FNWF55208.2022.00068

[25] LI J L, ZHANG Q, XIN X J, et al. Deep learning-based massive MIMO
CSI feedback [C]/18th International Conference on Optical Communica-
tions and Networks (ICOCN). IEEE, 2019: 1 - 3. DOIL: 10.1109/
ICOCN.2019.8934725

[26] NAKAMURA T, BOUAZIZI M, YAMAMOTO K, et al. Wi-Fi-based fall
detection using spectrogram image of channel state information [J]. IEEE
Internet of Things journal, 2022, 9(18): 17220 - 17234. DOI: 10.1109/
JIOT.2022.3152315

[27] SEGUEL F, SALIHU D, HAEGELE S, et al. Complex-valued deep learn-
ing for WiFi-based indoor positioning: method and performance [C]//Eu-
ropean Wireless 2024; 29th European Wireless Conference. VDE, 2024:
59 - 65

[28] BAI S J, KOLTER J Z, KOLTUN V. An empirical evaluation of generic
convolutional and recurrent networks for sequence modeling [EB/OL].
[2018-04-19]. https://arxiv.org/abs/1803.01271

Biographies

ZHANG Yang received his BE degree in communication engineering from
Sun Yat-sen University, China in 2023. He is currently pursuing the MS degree

in integrated circuit engineering at Sun Yat-sen University. His research inter-

76 ZTE COMMUNICATIONS
December 2025 Vol. 23 No. 4

ests include multi-AP coordination and distributed MIMO technologies.

CEN Zihan received his BE degree in electronic information engineering from
Central South University, China in 2024. He is currently pursuing the MS de-
gree in communication engineering at Sun Yat-sen University. His research in-
terests include artificial intelligence and AI-RAN.

ZHAN Wen (zhanw6@mail.sysu.edu.cn) received his BS and MS degrees from
the University of Electronic Science and Technology of China in 2012 and
2015, respectively. He obtained his PhD from the City University of Hong
Kong, China in 2019, where he later worked as a research assistant and a post-
doctoral fellow. Since 2020, he has been with the School of Electronics and
Communication Engineering, Sun Yat-sen University, China, where he is cur-
rently an Associate Professor. His research interests include Internet of Things,
modeling, and performance optimization of next-generation mobile communica-

tion systems.

CHEN Xiang received his BE and PhD degrees from the Department of Elec-
tronic Engineering, Tsinghua University, China in 2002 and 2008, respective-
ly. From July 2008 to December 2014, he was with the Wireless and Mobile
Communication Technology Research and Development Center (Wireless Cen-
ter) and the Aerospace Center, Tsinghua University. In July 2005 and from
September 2006 to April 2007, he visited NTT DoCoMo Research and Devel-
opment (YRP), and the Wireless Communications and Signal Processing (WC-
SP) Laboratory, Taiwan Tsing Hua University, China. Since January 2015, he
has been with the School of Electronics and Information Technology, Sun Yat-
sen University, where he is currently a Full Professor. His research interests in-
clude 5G/6G wireless and mobile communication networks and the Internet of
Things (IoT).



Empowering Grounding DINO with MoE: An End-to-End Framework for Cross-Domain Few-Shot Object Detection

Research Papers

DONG Xiugang, ZHANG Kaijin, NONG Qingpeng, JU Minhan, TU Yaofeng

Empowering Grounding DINO with MoE:
An End-to-End Framework for

Cross-Domain Few-Shot Object Detection

DONG Xiugang, ZHANG Kaijin, NONG Qingpeng, DOI: 10.12142/ZTECOM.202504009

JU Minhan, TU Yaofeng
(Nanjing R&D Center, ZTE Corporation, Nanjing 210012, China)

https://kns.cnki.net/kcms/detail/34.1294.TN.20250915.1501.002.html,
published online September 15, 2025

Manuscript received: 2025-08-15
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mance on in-domain datasets like Common Objects in Context (COCO) after only few-shot fine-tuning. However, their generalization capabili-
ties in cross-domain scenarios remain substantially inferior to their in-domain few-shot performance. Prior work on fine-tuning Grounding
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the MoE architecture to enhance adaptability in cross-domain settings. Our approach demonstrates a significant 15.4 Mean Average Precision
(mAP) improvement over the Grounding DINO baseline on the Roboflow20-VL benchmark, establishing a new state of the art for cross-
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1 Introduction
pen-set object detectors, such as Grounding
DINO" and Grounding DINO 1.5 have attracted
significant attention due to their ability to detect ar-
bitrary objects described by natural language, even
those unseen during pre-training. Leveraging vast internet-
scale pre-training data, these models exhibit compelling per-
formance on numerous in-domain datasets, such as Common
Objects in Context (COCO)™! often requiring only minimal
few-shot fine-tuning to adapt to specific tasks. This capabil-
ity makes them highly promising for real-world applications
where exhaustive annotation is impractical.

Despite their impressive performance in in-domain sce-
narios, the generalization capabilities of these detectors in
cross-domain settings remain a substantial challenge! .
Cross-domain few-shot object detection (CD-FSOD) aims to
recognize and localize novel objects in target domains that ex-
hibit significant discrepancies from the source domain (i.e.,
the internet-scale pre-training data), using only a limited
number of annotated examples. The inherent domain shift,

coupled with the severe data scarcity, leads to considerable
and often prohibitive performance degradation for models
like Grounding DINO. This substantial drop in accuracy and
reliability critically undermines their practical utility in real-
world applications where target data diverges from pre-
training data and the available annotations are limited, such
as autonomous systems, medical diagnosis, or remote sens-
ing. Prior work™®" on adapting Grounding DINO for CD-
FSOD has mainly focused on isolated techniques such as
data augmentation, leaving broader systemic optimizations
largely unexplored.

To address this critical gap, our work introduces the first
comprehensive end-to-end fine-tuning framework specifi-
cally designed to optimize Grounding DINO for CD-FSOD.
This novel framework covers a holistic pipeline, spanning
from dataset construction optimization to multi-stage
model training, ensuring maximal data utilization and ro-
bust adaptation.

A central and pioneering contribution of this framework is
the Mixture-of-Experts (MoE)-Grounding DINO, a novel ar-
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chitecture that integrates the MoE"”' module. While MoE has
been widely adopted in large language models (LLMs) such
as Mistral® and DeepSeek-V2!! its application to open-set
object detection, particularly for CD-FSOD, remains unex-
plored. MoE allows a model to selectively activate different
“expert” sub-networks based on the input, effectively in-
creasing the model capacity!"”. We argue that this architec-
ture is particularly well-suited for CD-FSOD since it pro-
vides a flexible mechanism to learn more diverse representa-
tions, allowing different experts to specialize in varied visual
characteristics from the limited cross-domain training data.

Experimental results demonstrate the efficacy of our pro-
posed framework. Notably, our approach achieves a signifi-
cant 15.4 Mean Average Precision (mAP) improvement over
the standard Grounding DINO baseline on the challenging
Roboflow20-VL!""" benchmark, establishing a new state-of-
the-art model for CD-FSOD. Our contributions can be sum-
marized as follows:

1) We propose the first end-to-end framework specifically
designed for the task of CD-FSOD;

2) We are the first to integrate the MoE architecture into
the domain of open-set object detection;

3) Our framework establishes a new state-of-the-art model
on the Roboflow20-VL benchmark by fine-tuning Grounding
DINO for CD-FSOD.

2 Related Work

2.1 Open-Set Object Detection

Compared to traditional object detection models that can
only detect objects from a pre-defined set of categories, open-
set object detection detects objects based on arbitrary user-
provided textual category descriptions. Among influential ap-
proaches, Grounded Language-Image Pre-Training (GLIP)!"?
demonstrates particularly effective performance by formulat-
ing object detection as a visual grounding task, aligning region
embeddings with text embeddings. RegionCLIP"* enhances
open-set object detection by first generating region proposals
via a Region Proposal Network (RPN) and then comparing
similarities between region and text embeddings encoded by
Contrastive Language-Image Pre-Training (CLIP)",

Grounding DINO"! is an open-set object detector built on
the DINO"* architecture. It consists of an image encoder and
a text encoder, followed by a transformer-based feature en-
hancer and cross-modality decoder to effectively align visual
and textual modalities. Grounding DINO is pre-trained on
large-scale detection and grounding datasets, including Ob-
jects365"%, Graphical Question Answering (GQA)"™, ete. Tt
achieves a zero-shot performance of over 53.0 mAP on the
COCO benchmark. Building upon Grounding DINO, Ground-
ing DINO 1.5"' further advances the model and becomes the
state-of-the-art model by leveraging larger image backbones
and over 20 million pre-training data. However, since
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Grounding DINO 1.5 is a closed-source model, we use
Grounding DINO as an alternative in our experiments.

2.2 Few-Shot Object Detection

Few-shot object detection methods can generally be catego-
rized into meta-learning-based approaches and transfer-
learning-based approaches.

Meta-learning-based approaches learn class prototype rep-
resentations for each base category and infer novel categories
by aligning regions of interest (Rol) with prototype representa-
tions. For example, Meta Region-Based Convolutional Neural
Networks (R-CNN)"®! conducted meta-learning over Rol fea-
tures, using a support branch to create a category attention
vector, which is then fused with Rol features for object detec-
tion. Ref. [19] leveraged LLMs to perform few-shot adaptation,
relying on prototypes generated from DINO v2?* and region
proposals extracted using Deformable Detection Transformer
(DETR)"™'. The two-stage fine-tuning approach (TFA)* pro-
posed a two-phase fine-tuning method based on Faster R-
CNN surpassing prior meta-learning-based approaches by
freezing the trained base class parameters and fine-tuning
only the detection heads.

On the other hand, transfer-learning-based approaches fo-
cus on fine-tuning pre-trained object detectors using few-
shot data. For example, Ref. [24] fine-tuned Grounding
DINO to the agricultural domain in a few-shot setting by re-
placing the text encoder with randomly initialized trainable
text embeddings.

CD-FSOD was initially proposed by Refs. [4] and [5]. They
highlighted the importance of evaluating and enhancing the ef-
ficacy of pre-trained object detectors across varied domains
that are rarely encountered in conventional internet-scale ob-
ject detection pre-training datasets. Ref. [4] additionally out-
lined a couple of enhancements for adapting open-set object
detectors (such as Grounding DINO and Detic®)) for CD-
FSOD, including prompt engineering, federated fine-tuning,
and multi-modal prompting. Concurrently, Ref. [6] focused on
optimizing data augmentation techniques when fine-tuning
Grounding DINO for CD-FSOD.

Despite these efforts, to the best of our knowledge, no prior
research has focused on developing a comprehensive end-to-
end framework tailored for fine-tuning Grounding DINO spe-

cifically within CD-FSOD scenarios.

2.3 Mixture-of-Experts

The core concept of the MoE architecture is to enable dif-
ferent components (experts) of a model to specialize in differ-
ent aspects of the data''’. In recent years, MoE has gained sig-
in LLMs, 11
DeepSeek-V2°.. A common application of MoE in such mod-

nificant  popularity including  Mistra and

els is to replace the traditional feed-forward network (FFN)

with an MoE-based variant, as seen in Switch Transformer>"

and Open-MoE"””. Each MoE layer consists of multiple ex-
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perts, with only a subset activated for a given input. This se-
lection is governed by a gating function (router), which dy-
namically routes different inputs to different experts. While
MoE has been extensively explored in LLMs, to the best of our
knowledge, we are the first to incorporate it into open-set ob-
ject detection.

3 Method

3.1 End-to-End Framework for Cross-Domain Few-Shot
Object Detection

In this work, we present a novel end-to-end framework that
leverages the pre-trained Grounding DINO to address the chal-
lenge of data scarcity specifically in CD-FSOD. To the best of
our knowledge, this is the first end-to-end framework for CD-
FSOD. Our framework consists of three key stages, as concep-
tually illustrated in Fig. 1.

Firstly, an LLM-based text prompt optimization module is
used. Given the raw category descriptions from the data, this
module utilizes an LLM to generate more representative and
effective text prompts, which are crucial for guiding Ground-
ing DINO to better recognize novel concepts.

The second stage aims to adapt Grounding DINO to the tar-
get domain. In the CD-FSOD setting, since few bounding box
annotations are available per category, not all target objects
within an image are labeled. Therefore, we use a pseudo-
labeling strategy to maximize the data utilization. This process
generates additional training signals to enhance the fine-
tuning performance of Grounding DINO.

In the last stage, we fine-tune our proposed MoE-Grounding
DINO. This novel architecture is initialized from the Ground-
ing DINO adapted in the second stage, and is further trained
to substantially boost the overall model performance in the
challenging CD-FSOD setting.

The detailed methodologies for each stage of this framework
will be elaborated in subsequent sections.

3.2 LLM-Based Text Prompt Optimization

Grounding DINO leverages and aligns text and image mo-
dalities for object detection tasks. Its robust performance is at-
tributed to pre-training on extensive internet-scale datasets,

LLM-based text prompt optimization

Text

Goalie. Longpole. Referee.
Shortstick

LLM: large language model

rompt
@Qwenz.s-wJ—pL

leading to a well-established alignment between text and im-
age modalities. Therefore, when fine-tuning it on a down-
stream dataset, the quality of the text prompts (i.e., category
descriptions here) becomes crucial. This is especially critical
in CD-FSOD scenarios, where data scarcity limits the model " s
adaptation. In addition, an optimal alignment between the text
prompts and Grounding DINO’ s pre-training data is also es-
sential for maximizing the fine-tuning performance.

However, the quality of text prompts in downstream datas-
ets is often a significant hurdle. For instance, in the actions-
zzid2-zb1hq-fsod-amih dataset from the Roboflow20-VL!"
benchmark, the class “Attack” is described as “Players hit
the ball over the net”, and the class “Set” is described as
“Players push the ball upwards with their fingertips”. Such
vague or overly simplistic prompts can make it difficult for
Grounding DINO to learn robust representations, potentially
leading to slow convergence or suboptimal performance during
fine-tuning. Consequently, optimizing these text prompts be-
fore they are fed into Grounding DINO for fine-tuning is essen-
tial for achieving desirable results.

To address this, as illustrated in Fig. 2, we propose a three-
an LLM,
Qwen2.5-VL*! 10 optimize category descriptions. In the first

step methodology that leverages specifically
step, Qwen2.5-VL is prompted with images from the dataset to
generate concise scenario descriptions that capture the es-
sence of the dataset effectively. In the second step, Qwen2.5-
VL is tasked with generating detailed category descriptions for
each class. In detail, given an image with a target object en-
closed within a red bounding box, Qwen2.5-VL is prompted to
produce multiple informative, representative and distinctive
descriptions tailored to the target object based on the original
category description and the dataset description generated in
Step 1. In Step 3, we craft the ideal text prompt for each class.
For each category, we fine-tune Grounding DINO with ran-
domly combined textual descriptions generated in Stage 2,
aiming to identify the most effective combination that serves
as the optimal text prompt for that particular class.

3.3 MoE-Grounding DINO
In few-shot object detection, maximizing the object detec-
tor’ s ability to extract supervision from scarce data is crucial.

Training Grounding DINO with Training MoE-
pseudo-labeling Grounding DINO
Pseudo-labellingﬂ
Model
Grounding ® weights MOE_, ®
DINO Grounding
DINO

MoE: Mixture-of-Experts

Figure 1. An illustration of the proposed end-to-end framework for cross-domain few-shot object detection (CD-FSOD)
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® - N
®
Qwen2.5-VL
Optimal text prompt generation
Description:
Prompt: Given an image, generate The image is about the sport Comilsfmafons )
. P of lacrosse. . ® ()ptlmal
one concise description of the of text prompts Grounding
ain scenario depicted. R h g f 2.5 1 DINO B
main scenario depicted. Remem- rom Qwen2.5- prompts
ber to focus on the general theme VL
or scenario, rather than details.
f N\
® @ Qwen2.5-VL
Description:

1. Goalie

Prompt: You are assisting in improving object detection by generating op-
timal category terms in the context of [the sport of lacrosse]. Given an im-
age with a red bounding box and an initial category description [Goalic],

2. Goalie, the

%

your task is to produce five enhanced short category terms.

5. Goaltender
|

from entering the goal
3. Goalkeeper
4. Goal defense

player responsible for preventing the ball

Figure 2. An example of the LLM-based text prompt optimization stage

In CD-FSOD, beyond the few-shot

domain setting further increases the difficulty, as detectors
usually require additional supervision to effectively adapt to a
new domain. Therefore, success in CD-FSOD hinges on maxi-

constraint, the cross-

mizing supervision and enabling the model to learn as much

as possible from the limited training data.
The MoE architecture has demonstrated significant efficacy

across LLMs. MoE functions by replicating individual experts

multiple times and employs a dy-
This

mechanism enables different experts

namic  routing mechanism.
to specialize in distinct aspects of the
input data, thereby empowering the
model to capture more diverse and in-
It

tively provides models with a broader

formative representations. intui-
parameter search space for learning,
making it particularly well-suited for
the CD-FSOD scenario.

We introduce MoE-Grounding DINO,
a novel architecture built upon Ground-
ing DINO. As depicted in Fig. 3, it in-
corporates the MoE module
Grounding DINO by substituting the
FFN layers of the cross-modality de-
coder with MoE-FFN layers. The
MoE-FFN layer, as detailed in Fig. 4,
is designed to consist of a shared FFN
and N routed FFNs (i.e., experts). For

into
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MoE_FFN(x« ; 6, {
FFN_s(x) + Zf:

a given input, the router dynamically determines K routed
FFNs to activate. The outputs of the shared FFN and K acti-
vated routed FFNs are then aggregated to form the output of
the MoE-FFN layer. This process can be expressed as:

FFN_r}_|,FFN_s) =
(w5 0). /(x5 FEN_r))

(a) Grounding DINO de

coder layer ‘

’ (b) MoE-Grounding DINO decoder layer ‘

Updated cross-
modality query

!

|

| ¥

FN }

T

Text

**){ Text cross-attention }
features KV

3

fo

Image *W{ Image cro

ss-attention }

features

o

{ Self-attention }

Q.K.V

Cross-
modality query

FFN: feed-forward network  LLM: large language model

Updated cross-
modality query

Text
T Text cross-attention
features KV }
f o
Image — Image cross-attention }
features K,V
fo
{ Self-attention }
0, K,V
Cross-

modality query

MoE: Mixture-of-Experts

Figure 3. An illustration of the MoE-Grounding DINO decoder layer

(1),
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Routed
FFN 2

FFN: feed-forward network

Figure 4. An illustration of the MoE-FFN layer

Hax; O)j = softmax(TopK (g(x; 6) + R, ... K))j (2),

Jf;(x; FFN_r;) = FFN_r;(Dispatcher(x);) (3),

where FFN_r denotes individual routed FFNs, FFN_s refers to
the shared FFN, g(x ; 6) represents the routing function, R ;.
is the noise term, and Dispatcher refers to the operation that
dispatches the input to each expert.

Following Ref. [10], an additional auxiliary load balancing
loss is applied during training. This loss is crucial for encour-
aging a more balanced utilization of the experts, preventing
certain experts from dominating the model’s learning.

The MoE-FFN module is seamlessly integrated into Ground-
ing DINO without the need for retraining, as it can be initial-
ized from the weights of Grounding DINO. This initialization
process will be detailed later.

Frozen model Original labels
Grounding DINO —> Grounding DINO +
pseudo-labels
. Raw data Generate
Finetune annotations pseudo-labels

["1: raw annotation

3.4 Training Strategy

Our proposed end-to-end framework (Fig. 3), is structured
into three distinct stages: LLM-based text prompt optimiza-
tion, Grounding DINO fine-tuning with pseudo-labeling, and
MoE-Grounding DINO fine-tuning. This section elaborates on
the methodologies and procedures employed for model train-
ing in Stages 2 and 3.

3.4.1 Grounding DINO Fine-Tuning with Pseudo-Labeling

The second stage is dedicated to fine-tuning the pre-trained
Grounding DINO, augmented by a pseudo-labeling strategy.
In CD-FSOD, only a limited number of bounding box annota-
tions are typically provided per category. This often means
that not all target objects within an image are initially labeled.
To maximize the utilization of available data and compensate
for annotation sparsity, we apply a simple pseudo-labeling ap-
proach to enhance Grounding DINO’s performance.

As illustrated in Fig. 5, we first fine-tune Grounding DINO
on the provided limited labeled training data. Subsequently,
the fine-tuned model is employed to infer predictions on train-
ing instances. We only retain high-confidence predictions to
ensure the quality of these inferred labels. This is followed by
rigorous post-processing steps, such as Non-Maximum Sup-
pression (NMS), to refine the generated pseudo-labels. The
original ground-truth annotations are then combined with
these high-confidence pseudo-labels to construct a refined
training dataset. Finally, the fine-tuned Grounding DINO un-
dergoes further training on this newly constructed refined data-
set, leveraging the increased data volume to enhance its ro-
bustness and generalization.

3.4.2 MoE-Grounding DINO Fine-Tuning

The third stage involves fine-tuning our proposed MoE-
Grounding DINO. For initialization, all components of MoE-
Grounding DINO inherit the parameters from the Grounding

Refined data

annotations

i

LI
3

Finetune

Grounding DINO

[1: pseudo-label

Figure 5. Illustration of the stage of fine-tuning Grounding DINO with pseudo-labeling refinement
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DINO model fine-tuned in Stage 2, except for the newly intro-
duced MoE-FFN layers. For these MoE-FFN layers, the
shared FFN is initialized with the weights of the fine-tuned
Grounding DINO to provide a solid foundation, while the
routed FFNs are initialized with the weights from the pre-
trained Grounding DINO model to encourage diversity among
experts and facilitate robust training. The router, implemented
as a simple FFN layer, is initialized randomly.

When fine-tuning MoE-Grounding DINO, we only allow the
MoE-FFN layers, the bounding box regression head, and the
classification head to be trainable to ensure stable training. As
before, MoE-Grounding DINO is trained on the refined dataset
constructed in Stage 2.

3.5 Data Augmentation

The success of object detectors in CD-FSOD hinges on
learning robust and domain-invariant features from limited
data. Therefore, we apply strong data augmentation techniques
during fine-tuning to maximize the information extracted from
constrained training data and to enhance feature diversity.
Specifically, we combine RandomFlip, RandomResize, Ran-
domCrop, YOLOXHSVRandomAug, and Copy-Paste to miti-
gate overfitting and enhance the variability of the training data.

4 Experiments

4.1 Datasets

We evaluate our approach on the Roboflow20-VL data-
set' a widely adopted benchmark for CD-FSOD. This data-
set is specifically designed to assess the generalization ability
of object detectors on out-of-domain data, presenting a signifi-
cant challenge as it contains concepts rarely encountered in
internet-scale pre-training datasets. Roboflow20-VL com-
prises 20 datasets spanning seven diverse domains: Aerial,
Document, Flora & Fauna, Industrial, Medical, Sports, and
Others. To rigorously evaluate cross-domain adaptability, we
adopt the provided 10-shot learning setup (i.e., only 10 bound-
ing box annotations per class). Models are evaluated using the
mAP metric independently for each class. We follow Ref. [29]
for efficient dataset management.

4.2 Implementation Details

All experiments were conducted within the PyTorch frame-
work on eight NVIDIA V100 GPUs. We used the Swin-L ver-
sion of Grounding DINO with pre-trained weights from the
mmdetection implementation (MM-GDINO-L*)B which rep-
resents the best-performing open-source model available. This
model was pre-trained on large-scale datasets, including Ob-
jects365-V2“6J, OpenlmageV6mJ, GoldGP?, COCO, and Ref-
COCO™. For LLM-based text prompt optimization, we used
Qwen2.5-VL 7B. Our MoE-Grounding DINO was configured
with N=3 experts and a top-K=2 routing mechanism.

During fine-tuning, we set the learning rate to 27 for
Grounding DINO and 17 for MoE-Grounding DINO. Both
models were fine-tuned for 24 epochs. All other training pa-
rameters (e.g., loss weights, number of queries) followed the
default settings of Grounding DINO. For pseudo-label genera-
tion, we applied a confidence threshold of 0.5 and a Non-
Maximum Suppression (NMS) Intersection over Union (IoU)
threshold of 0.5. The relatively high confidence threshold was
chosen empirically to prioritize label quality, as missing anno-
tations only reduce data utilization, whereas incorrect annota-
tions can significantly degrade model performance.

4.3 Main Results on Roboflow20-VL

Table 1 summarizes the CD-FSOD performance on the Ro-
boflow20-VL benchmark, comparing our framework with
TFA"®, Federated Detic™, and Grounding DINO". While the
representative baseline TFA achieves competitive perfor-
mance on in-domain few-shot benchmarks such as COCO, it
struggles to generalize under the CD-FSOD setting (yielding
only 9.8 mAP overall). Federated Detic, which employs feder-
ated fine-tuning to mitigate the impact of negative categories,
performs better than TFA (20.3 mAP overall) but is still out-
performed by directly fine-tuned Grounding DINO. Notably,
directly fine-tuning Grounding DINO delivers a substantial im-
provement of 16.2 mAP over its zero-shot baseline (33.3 mAP
vs. 17.1 mAP). However, this result remains far below its fine-
tuning performance on the in-domain COCO dataset, which
reaches 60.3 mAP as reported in Ref. [26]. This contrast un-
derscores a crucial point: while fine-tuning Grounding DINO
exhibits high performance on conventional object detection da-

Table 1. Comparison of performance of zero-shot, fine-tuned Grounding DINO with our proposed framework on Roboflow20-VL

Flora & Fau-

Framework Aerial Document na Industrial Medical Sports Other All

TFA™ 9.4 3.8 16.8 14.4 2.7 1.3 10.2 9.8
Federated Detic'! 11.6 14.3 30.8 24.7 8.9 17.4 21.0 20.3
Grounding DINO (zero-shot) 30.6 5.0 33.9 13.0 0.4 5.5 16.8 17.1
Grounding DINO (sft) 39.8 34.5 45.6 37.8 23.3 26.3 24.7 33.3
ETS 41.6 27.4 48.1 49.2 27.4 30.9 33.7 36.9

Our framework 49.6 46.3 55.0 61.3 42.5 41.2 45.1 48.7

ETS: enhance then search  TFA: two-stage fine-tuning approach
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tasets like COCO, its performance under the CD-FSOD setting
lags significantly behind expectations.

Table 1 clearly demonstrates that our proposed CD-FSOD
framework notably outperforms directly fine-tuning Grounding
DINO across all domains in the Roboflow20-VL benchmark.
Specifically, our framework achieves an impressive overall en-
hancement of 15.4 mAP. In detail, our framework surpasses
the baseline by 9.8 mAP, 11.8 mAP, 9.4 mAP, 23.5 mAP,
19.2 mAP, 14.9 mAP and 20.4 mAP in the Aerial, Document,
Flora & Fauna, Industrial, Medical, Sports, and Others do-
mains, respectively.

Furthermore, our work achieved first place in the Roboflow-
20VL Few-Shot Object Detection Challenge!"'! at the Work-
shop on Visual Perception and Learning in an Open World at
CVPR 2025, where it was also prominently featured.

These results not only underscore the efficacy of our pro-
posed framework, but also highlight its versatility and robust-
ness across diverse domains under the CD-FSOD setting. The
significant performance gains achieved through our methodol-
ogy demonstrate its potential in enhancing object detection
tasks in varied real-world scenarios.

4.4 Ablation Experiments

We conducted a series of ablation experiments to systemati-
cally evaluate the effectiveness of each component of our frame-
work in the overall performance. Additionally, we explored the
impact of the number of routed experts N in our proposed MoE-
Grounding DINO architecture.

1) LLM-based text prompt optimiza-

techniques we detailed before provides an additional benefit of
4.3 mAP (Table 2). This improvement highlights the impor-
tance of enhancing the diversity and variability of the training
data, particularly in few-shot scenarios where data scarcity is
a major challenge. By increasing data diversity, our augmenta-
tion strategies enable the model to generalize better to unseen
instances.

3) Pseudo-labeling. After continuing to train Grounding DINO
on a dataset augmented with pseudo-labels generated from an
initial fine-tuned model, we observe a further performance im-
provement of 1.9 mAP (Table 2). This demonstrates the effec-
tiveness of our pseudo-labeling approach in maximizing data uti-
lization under the CD-FSOD setting, allowing the model to learn
from a larger and more comprehensive set of examples, thereby
mitigating the limitations of limited labeled data.

4) Fine-tuning MoE-Grounding-DINO. We evaluate the im-
pact of fine-tuning our proposed MoE-Grounding DINO. Build-
ing upon the previously fine-tuned Grounding DINO, incorpo-
rating the MoE modules further boosts the overall detection
performance by 2.2 mAP (Table 2). This significant improve-
ment highlights the effectiveness of employing the MoE mod-
ule to seamlessly expand the parameter space of Grounding
DINO, thereby handling the data scarcity challenge present in
the CD-FSOD context.

5) Effect of the number of routed experts. Using three
routed experts yields the optimal performance, as shown in
Fig. 6. Using a larger number of experts provides no addi-

tion. As shown in Table 2, fine-tuning 42.0

Grounding DINO with our optimized 415

text prompts yields a significant im- 410 e |
provement of 7.0 mAP compared to =

fine-tuning with the original dataset. % 405

This substantial gain underscores the ;‘g; 40.0

critical role of high-quality text 39.5 /.

prompts in the CD-FSOD setting and 390

validates the effectiveness of our pro- 185

posed LLM-based text prompt optimi- 0 2 3 4 5 6

zation module in generating more de-

scriptive and discriminative prompts.
2) Dala augmentation strategies.

Employing the data

augmentation

Number of routed experts N

Figure 6. Effect of the total number of routed experts (N) in MoE-Grounding DINO, evaluated on the
Sports domain, with K fixed at 2. An N value of 0 indicates the baseline model without the MoE module

Table 2. Effectiveness of different components in our end-to-end framework on Roboflow20-VL

Flora & Fau-

Component Aerial Document ha Industrial Medical Sports Other All
Grounding DINO (sft) 39.8 34.5 45.6 37.8 23.3 26.3 24.7 333
+ text prompt optimization 39.9 40.2 49.7 47.4 36.2 33.8 34.8 40.3 (+7.0)
+ data augmentation 48.2 42.5 53.6 52.0 37.8 38.1 40.2 44.6 (+4.3)
+ pseudo-labeling 49.6 44.0 54.6 56.4 40.2 39.2 41.6 46.5 (+1.9)
+ MoE-Grounding DINO 49.6 46.3 55.0 61.3 42.5 41.2 45.1 48.7 (+2.2)
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tional benefit. We attribute this to the few-shot learning sce-
nario, where the limited number of training samples may be in-
sufficient to effectively fine-tune a larger number of experts.

S Conclusions

In this paper, we introduce the first end-to-end framework
for cross-domain few-shot object detection, which significantly
advances the state of the art on the Roboflow20-VL bench-
mark. Our framework uniquely integrates LLM-based text
prompt optimization and a multi-stage training pipeline with
pseudo-labeling. Another core contribution of our work is the
novel MoE-Grounding DINO, which marks the pioneering ap-
plication of the mixture-of-experts in open-set object detection.

Although representing a significant advancement, our
framework still faces certain limitations. Firstly, the pseudo-
labeling effectiveness can be sensitive to the initial model’s
performance and the severity of the domain shift. Noise in
pseudo-labels can potentially propagate errors. Secondly, the
substitution of MoE modules introduces computational and
memory overhead, challenging real-time deployment and
resource-constrained devices.

These limitations require further attention and improvement
in future research to enhance the robustness and applicability
of our framework. In addition, we will integrate the MoE archi-
tecture into other open-set object detectors to validate its effi-
cacy and generalizability beyond Grounding DINO.
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1 Introduction
olar coding is a high-reliability channel coding tech-
nique"’, which has been widely used for control infor-
mation in 5G communication systems. In wireless com-
munications, rate-matching is a key step for polar
codes to adjust the block length and code rate to fit actual re-
quirements, since the block length of polar codes follows N =
2", In 3GPP TS 38.212"%, puncturing or shortening is applied
to polar codes when the required block length E satisfies N/2 <
E < N. The standard specifies the puncturing when the actual
required code rate K/E < 7/16. In this case, (N — E) bits are
deleted from the mother codeword. These punctured bits are
unknown to the receiver and can be considered as bits trans-
mitted over zero-capacity channels. In contrast, the shorten-
ing of polar codes is applied when the actual required code
rate K/E > 7/16. When constructing a shortened polar code-
word, (N — E) bits are deleted and their values are fixed by
freezing the correlated source bits or by applying dynamic fro-
zen bits (DFBs). Therefore, the corresponding (N — E) sub-
channels can be considered as one-capacity channels, and the

This work was supported in part by the National Natural Sciences Foun-
dation of China (NSFC) under Grant Nos. 62301185 and 62027802, in part
by ZTE Industry - University—Institute Cooperation Funds, and in part by
The Major Key Project of PCL under Grant No. PCL2024A01.
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shortening is also known as capacity-one puncturing, as de-
scribed in Ref. [3].

Polarization-adjusted convolutional (PAC) coding is a rep-
resentative pre-transformed polar coding scheme'®. As shown
in Ref. [5], with sequential or list decoding, PAC codes at
short block lengths can achieve better block error rate
(BLER) performance than their underlying polar codes. The
construction of PAC codes involves rate-profiling and convo-
lutional pre-transform prior to the code-rate-1 polar coding.
PAC codes can be viewed as a concatenated coding scheme
with polar coding as the inner code. Hence, the block length
of PAC codewords is also N =2". Consequently, rate-
matching is also required for PAC codes. However, the pre-
transform enables the information bits of PAC codes to uti-
lize more sub-channels'®, thereby providing a concatenated
gain. This makes it difficult to obtain capacity-one sub-
channels for PAC codes via the conventional one-to-one bit
freezing used in shortened polar codes. To implement short-
ened PAC codes without using DFBs, a sufficient number of
one-capacity sub-channels must be reserved and cannot be
allocated to information bits. This reservation reduces the
channel utilization of the resulting PAC codes, thus diminish-
ing the gain provided by the pre-transform and causing a per-
formance loss.

In this paper, we focus on the construction of shortened



PAC codes and the corresponding list decoding.

First, we discuss the limitations in constructing shortened
PAC codes. We present three conventional approaches for con-
structing shortened PAC codes, by referencing the shortening
schemes of polar codes. The first approach allocates more
well-polarized locations to frozen bits, thereby obtaining
enough one-capacity sub-channels. The second approach par-
tially relaxes the pre-transform constraint to free sufficient
one-capacity sub-channels. The third approach employs DFBs
to ensure the deleted bits remain fixed.

Second, we propose a novel scheme for constructing short-
ened PAC codes by exploiting the multi-path nature of list
decoding. Unlike conventional schemes where the deleted
bits are restricted to fixed values, the values of the deleted
bits are considered valid in at least one path during the ini-
tial stage of list decoding. In this case, the corresponding
sub-channels can be regarded as conditional one-capacity
channels. To aid decoding, several bits are frozen and used
to carry pre-designed bits that depend on the values of the
deleted bits.

Third, the corresponding list decoding is introduced, where
multiple decoding paths are activated to accommodate the re-
sults derived from various possible combinations of values for
the deleted bits. The corresponding values of the pre-designed
bits are then calculated and assigned to each path.

With the slightly modified list decoding, the proposed short-
ened PAC codes achieve better BLER performance than com-
parable shortened or punctured polar codes.

2 Preliminaries

2.1 Rate-Matching of Polar Codes

The polar codeword with block-length N = 2" is generated
by x = uG,", where the generator matrix G, = FS"B,, in
which the involutory matrix B refers to bit-reversal operation
and F" refers to the n-order Kronecker product of the kernel
matrix F, = l:l O}.

1 1

The puncturing of polar codes has been extensively studied.
Among the notable works, Ref. [7] introduces the quasi-
uniform puncturing (QUP) for polar codes. The indices in the
QUP pattern P, = ,BW(Z/[ N E) are located quasi-uniformly in
the mother codeword. The reversal function is an(g) =

Uanzn(Uzn,é’). In Ref. [8], a worst quality puncturing (WQP)

pattern is formed by the indices of the least reliable sub-
channels. In contrast, Ref. [9] selects puncturing positions
based on columns with the minimum column weight (MCW).
A low-complexity method in Ref. [10] provides a bit-reversed
QUP (BRP) pattern, given by Py, = &), _,. Moreover, the
changes in sub-channels’ reliability caused by puncturing are
discussed. A mandatory frozen subset B, (24, _,) C A" is pro-

vided to avoid transmitting information bits over zero-capacity
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sub-channels. Based on the changes in sub-channels’ reliabil-
ity, an information set approximation puncturing (ISAP) pat-
tern is proposed for low-code-rate codewords''", where certain
guard bits are set as unpuncturable. Furthermore, Ref. [12]
defines a minimum reliability score (MMRS) as the objec-
tive and devises a puncturing pattern to maximize this
score. The MMRS pattern performs particularly well for
high-code-rate codewords.

Research on shortening of polar codes has also yielded sev-
eral important schemes. In Ref. [13], a criterion is established
to obtain an £ X E reduced-dimensional generator matrix by
searching for columns with weight 1. The shortening pattern &
consists of the indices of the deleted (N — E) columns of the
generator matrix. The index set of the deleted rows is called
the mandatory frozen subset, denoted as F . with
F e © A°. This subset ensures the existence of (N — E) one-
capacity sub-channels. Since the unreversed generator matrix
F?" is a lower-triangular matrix, Ref. [13] also provides a
simple shortening pattern by setting the mandatory frozen sub-

set as F .. ={E+ 1,E+2,: N} Ref. [14] adapts the

method in Ref. [13] and provides fundamental insights into
the shortening of PAC systematic codes. In Ref. [15], the
shortening pattern and the frozen set are jointly optimized to
achieve lower bit-error probability, and the DFBs are applied
to part of the bits of u, to ensure that the values of the de-
leted bits are fixed. In Ref. [9], a low-complexity method is
introduced to select both puncturing and shortening patterns,
where a WANG-LIU bit-reversed shortening (BRS) pattern is
used. The same pattern is also presented in Ref. [16]. In
Refs. [17] and [18], a shortening pattern is introduced based
on evaluating the reliability of sub-channels via Gaussian ap-
proximation (GA). Ref. [19] redesigns a subblock-wise inter-
leaver to improve rate-matching performance, based on an
analysis of the locations of zero-capacity and one-capacity
sub-channels.

2.2 PAC Codes and List Decoding
In PAC codes, a convolutional transform is employed as a
precoding stage before the polar transform, providing a signifi-

20 -21

cant concatenated gain® *!. The construction proceeds in

two steps. First, the information bit vector d is mapped to a
data carrier word v = {v |, 1)/44} via rate-profiling, i.e., v , = d
and v . = 0. Second, the interim codeword u is obtained by

the convolutional pre-transform w = oT,. Ty = (Lu b) is
: . T a b el

the N-dimension generator matrix of convolutional codes, ex-

panded from ¢ = (cl,cz;--,cg), where
L = Chousis ifa<b<a+s W
t , =0, otherwise ’

a,b

and where /) refers to the integer sequence U, = {1, 2,000, N}.

Therefore, each interim bit can obtained by
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S
uLZZij,.,/-H (2).
=

Finally, the PAC codeword x is obtained by x = uG /¥,
In the list decoding of PAC codes, the Log-Likelihood Ratio
(LLR) corresponding to bit u,, i € Uy on each decoding path is

Pr(y.dy, [€1[€]=0)
Pr(y. iy [€11a,0€]1=1)

where y refers to the received symbols of the PAC codeword,

and u,;[ €] is obtained from Eq. (2). This LLR is derived ac-
cording to the recursive formulas in Ref. [1], given by

expressed as L/[€]=1n e L,

L;'*'[,Jr,,[g]:L;‘:ul“zp—1[€]EEL’2V:':'$+2,,[€] 3)
A K2 B KA R A R B AT F

where the operation af3b = 2tanh™ (tanh (a/2)tanh (5/2)),
pel, , 20 =

and the parameters are m € I/ -

n’

el . -

- ‘2,,-2"“”,1 L“Gz"(uz/"p) . .
2"""™ and V[{€]=(-1) ¥ . Path-metric (PM) is

used to evaluate the reliability of each candidate path, which
is expressed as:

PM; = XBMW] = iln(l +e! —2’2,[4])L;’[f’]) (),
=

Jj=1

where BM, |, refers to the branch metric (BM) of the path € at
the i-th bit. Up to L paths with smaller PMs are retained.

3 Encoding and Decoding Schemes for
Shortened PAC Codes

3.1 Limitations in Construction of Shortened PAC Codes
The unreversed generator matrix of PAC codes is Hy =
T\ F¥", which can be expressed as:

C

HN = I:A(N—g+ 1)x(s—1) e

(N‘—e+1)x(N’—g+1)] (5)
D(s—l)x(c—l)

(s-Dx(N-s+1)

where the submatrix C is lower-triangular. The reversed gen-
erator matrix of PAC codes is J, = HyB,. The minimum

. . S .
column-weight of J is now z ,¢» so there is no longer a col-
=

umn with weight 1. To make the existing shortening methods
of polar codes applicable to PAC codes, we propose the follow-
ing three straightforward modification schemes.

1) Expanding the mandatory frozen subset F

According to Eq. (2), the value of u; depends on the bits

v , where supp(-) refers to the set-theoretic support

i+ 1 - supp(e)
function, i.e., the indices of the non-zero elements in the set.
To obtain the same shortening pattern & as the shortened po-

lar codes, the indices of all dependent bits of uj should be

included in the mandatory frozen subset, i.e.,

8 8 ZTE COMMUNICATIONS
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Fore 2{f, + 1 = supp(e)}, Yf; e F, ... (6),

where F,,. refers to the mandatory frozen subset of PAC
codes with v = 0. Therefore, the information set .4 is nar-

rowed down to {uw\fmc}- The strengths and weaknesses of

this scheme are as follows.

* Strengths: The decoding of the PAC code does not need to
be modified.

* Weaknesses: Compared to shortened polar codes, more in-
dices corresponding to unfavorably polarized sub-channels
have to be selected to carry the information bits, which dimin-
ishes reliability. For the WANG-LIU pattern, the mandatory
frozen subset is expanded to F,.={E-s+ 1, E. E +
1,---, N}. For the other shortening patterns, more elements are
included in F,, causing a significant performance loss. In
particular, the BRS pattern is not directly applicable.

2) Reconstructing the pre-transform matrix T

By reconstructing T,, we can avoid the expansion of the
mandatory frozen subset caused by the pre-transform and

make the original subset F, valid, i.e. 7}, = F .- The re-
constructed pre-transform matrix T = (f“ ) can be ex-
: “abel,
pressed as:
tNM =cy_,41» fas<b<a+s&be fpolar
=1, elseifa = b&b e F . (7).
t,,=0, otherwise

In this case, the interim codeword generated from T, satis-
fiesuy =wg ,and the corresponding deleted bits % are ac-
tually the polar code bits. The characteristics of this scheme
are summarized below.

* Strengths: It retains an identical shortening pattern and
mandatory frozen subset as conventional shortened polar
codes, ensuring compatibility.

* Weaknesses: It requires a modified decoding procedure:
standard polar code decoding rules are used for bits v, ,

while PAC code decoding rules for the remaining bits, thereby
increasing receiver complexity.

3) Applying dynamic frozen bits to v

The expansion of the mandatory frozen subset can be pre-
vented by applying DFBs, which constrain the deleted bits to
zero, i.e., x 3= 0 and Fp, = F

polar*

The mandatory frozen bits
vy, are designated as DFBs. Their values are derived from a
linear combination of information bits. This combination can
be expressed as:

vy =glv)=v,K(: A" (8),

where the matrix K is the reduced row echelon form obtained
by applying Gaussian elimination to J,(:, &)". The submatrix
K(:, Fpy) should be an identity matrix, while J,(:, &) refers



to the submatrix consisting of the S-th columns of J .

For this scheme, the one-capacity sub-channels of shorten-
ing are conditionally present in the decoding graph. When
the information bits v , are correctly decoded, the results of
the DFBs are accurate, and the one-capacity sub-channels
exist. Once the bits v 4 are decoded incorrectly, the DFB re-
sults become unreliable and the one-capacity sub-channels
no longer exist.

The strengths and weaknesses of this scheme are discussed
as follows.

* Strengths: The shortening pattern and the mandatory fro-
zen subset are the same as those of shortened polar codes.

* Weaknesses: The decoding process needs to be modi-
fied. The linear function g(-) should be taken as the inputs
for decoding, serving as an additional step to decode the
DFBs. The function g(-) varies with different block-lengths

and code-rates.

3.2 A Novel Shortening Scheme for PAC Codes

We provide a novel idea to allow x ¢ to be undetermined at
the receiver, aiming to reduce the size of F,,.. A subset 7 is
removed from F,,. and incorporated into the information set;
thus, the mandatory frozen subset becomes { 7.\ Z }. All pos-
sible values of x ; are assigned to the paths during the initial-
ization of list decoding, ensuring that at least one path con-
tains the true value.

Similar to the DFB scheme, the one-capacity sub-channels
of shortening are conditionally present in the list decoding pro-
cess. When the paths assigned with the true value of x, can
be retained in the list during decoding, the one-capacity sub-
channels exist in these paths and contribute to reliable decod-
ing performance. Therefore, despite x ; being undetermined at
the receiver, this scheme is essentially a shortening scheme
rather than a puncturing one.

The number of possible combinations of the value of x4 is
up to 27, denoted as xs[€]=0,[¢1J,(Z,S), €€ Uy,
where J, (Z, &) refers to the submatrix consisting of the Z-th
row and Stth column of J,, and 9,[ €] e {0, 1}m. Therefore,
the main task of this scheme is to eliminate the incorrectly
assigned paths early in the decoding process while retaining
the correct one.

1) Findings from list decoding

We can activate 27 paths in list decoding to contain the dif-
ferent results derived from various value-combinations of %,
when L > 2", The initial LLR corresponding to the €-th path
is expressed as:

(1 =2x,[€]) - oo, ifieS
Pr(ylx,[€]=0) 9).

L?[f] - n otherwise
Pr(ylz,[€]1=1)"

Before starting path-killing, the PM derived from the cor-

rect value-combination xg[ € | needs to be lower than the
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other PMs, to avoid killing the correct path €. The expected
values of the PMs of the correct path € and incorrect path
(e {I/{ V€ } should have

o7

<AA> = <PM _ - PM _ > >0 (10),
¢ Boinay-1 L €] By €]

where {-) refers to the expected value function. To diminish
the adverse impact of incorrect paths, the minimum value

min(<A?>) should be as large as possible.

According to the recursive formula (3), the LLR results
Lz,y[f] derived from the full codeword’ s initial LLRs Lg,‘[€]

are equivalent to those derived from the sub-codeword’ s
LLRs L;, [ €], where the sub-codeword is expressed as =7,
» ”

and the corresponding LLRs are

M
el= M

== DM+ 1

L[eliel

20

Cel,, (11).

Example 1: Consider an example in which the codeword

is with the block length N = 32, and the initial LLRs are
{LO1€1, L3 €]+, L3, [ €]}. The LLRs of the sub-codeword
xi,x can be obtained by {(L?[H = LO[¢1EBL[ € 1BLI ¢ 1H
LOL€1), - (L[ €]= L[ € 1ELS, [ € 1BLY, [ ¢ 1L, [€])].
For an integer A, where 2°7' < A <2°, we can obtain
the reversal of Z,, which is expressed as R, =, (),
where the reversal function is an(g“) = L/Tan(L/z",{). We
define the coefficients of the sub-codeword bits x% in

each path € as:
WL E1A R 13" €], ie R, (12).

The coefficients h'{é\[€] can be partitioned into two
parts. One part, denoted as h'[€]={h5[€]},rCR,, is
influenced by the initial infinite LLRs L[ €]. According
to Eq. (11), L2[ €] can be mapped to the sub-codeword’ s
LLRs as:

L;"[€]=L;"[E]-(Hsgn(L?[e])sgn(Li’[?])) (13),

se 8,

where sgn(-) denotes the sign function. The subset &5 C & is
expressed as:

$3={se8:5=[2m—‘} (14),

where [ -] denotes the ceiling function. These coefficients satisfy:
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hplel= @ 925[6]69925[2]), Véer (15).

The other part of the coefficients h% [ €] are not affected
by the initial infinite LLRs.

Example 2: Extend Example 1 where A = 6 and E = 27 by
applying the WANG-LIU pattern & ={32, 16,24, 8,28}. The
coefficients h%h[g] ,Re=11,5,3,7,2,6} can be divided into
two sets: set h!'[€]= {h%[e 1,h3[ €], hel € ]}, influenced by
the infinite LLRs {L%[ €], L$[€],L3,[ €]}, and its comple-
ment, hjp  [€]={RI[€],h2[€],h3[ €]}, which is not af-
fected by the infinite LLRs.

To better distinguish between correct and incorrect paths,
we impose a structure on this part by freezing the bits v, to

specific values.
The effect on this part is formulated as:

hz 1 €]1= (ﬁu\w]@ﬁui ¢ ])JZ,,(Z/{A,RA\r) (16).

In this case, we have the following lemma.
Lemma 1: A lower bound exists for the expected PM differ-

ence <AZ> between the incorrect path € and the correct path

£ before path-killing, which is expressed as:
<AH>>
¢

where ¢ = min(supp((ﬁ}"@\[ ¢ 1Dk [ ¢ ])Cz,,(RA,UA)))-

(e ]>‘ (17),

Proof: Since u,[ ¢ I=1-4,[ €] denotes the first differ-

ence between the two result paths of the interim codeword, the

corresponding resulting LLR satisfies L[ Z 1=L'[ E |. There-

(L)

Eq. (4). According to Lemma 1 in Ref. [22], a front erroneous

fore, we can obtain <BMA[ZJ - BM*[?J> > from
0, o[ €

decision reduces the magnitude of subsequent resulting LLRs,

<L7[ ¢ ]> <L:[ ¢ ]> ‘ where 7€ {¢ + 1,--, N}. There-

fore, the corresponding BMs satisfy <BMA P J> > <BM >
K B1]

ie., >

2) The selection of Z and the value of 1324\ [€]
The unfrozen set Z can follow that Z C B, (&) to ensure the

value-combinations x5[ €], € € U,. are independent. Accord-

ing to Lemma 1, we design the coefficients h'{{‘\[f] to maxi-
mize the lower bound min(<Az> ) The sub-codeword is con-

structed as x%\[ﬁ] = uB[f]Cz,,(B,'RA ). where ugz[€]=
{0, l}m. GA is an ideal way to approximate the LLR magni-
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tude and thereby identify a small set B C %/, to

<Lf[ ¢ ]>

raise the lower bound. This set is composed of indices

(L)

beﬁz,,(r) with the largest LLR magnitudes

d

which can be expressed as:

B = argmax z <LZ[Z]>‘ (18).

B'CB, (B =111 'c B

Consequently, an upper bound of the block error probabil-
ity, derived from Lemma 1, is given by

=

Example 3: Building on Example 2, where B = {4, 6} is al-

Pr(PMA _ < PMA. [E]) < lel"fc

NER 2

(19).

ways selected from B, (r) = {4, 5, 6}, the generator matrix of

the sub-codewords becomes:

0

1 1110
GS({4,6}9{1957377’2’6})=|:1 1 0 0 1 1

] o

The minimum distance of all the possible sub-codewords
is 4.

An appropriate set A can be determined by lowering this
upper bound while minimally impacting the selection of the in-
formation set .4. The unfrozen set Z is then selected via a one-
to-one mapping from B.

Lemma 2: For each element b € B, there is always a corre-
sponding element (N +b - 2") € Foac

Proof: Assume & € 8,,(b). Then, the corresponding set S
can be obtained from Eq. (14). From Lemma 1 in Ref. [23],
the elements follows that CN(N +b- 2”,53) = 1. Therefore,
Uy, »should be frozen bits or DFBs.

According to Lemma 2, we provide a simple way to obtain Z
from B, which is expressed as:

I=B+N-2° (21).

Once the unfrozen set 7 is determined, we need to examine
whether all the coefficients in A" [ €] are affected by the value
of xg.

Actually, due to the Kronecker-product construction of the
generator matrix, there will be a part of elements g ={r\r_,}
whose corresponding coefficients hy[€], 0 € g are fixed to 0
for each path € € ., if 1S,| is even. In other words, only the
coefficients h}' [ € ] are affected by the the initial infinite LLRs.

Proposition 1: For the WANG-LIU pattern, the indices of
the actually affected part k" [ €]can be obtained as follows:



Uy MU, if|_E/2”J is even
u\u

E%2"

supp( B, (rn)) =

otherwise

Proof: From the coefficient derivationin Eq. (15), we have

»@5 x[€]= }EBS 07 €1Jy(Zs), where

0, if|Sa‘is even

(23).
[ €1Jy(Z,2" - §), otherwise

D 5,0€1J,(ZL,s) 2%
se S,

Eq. (23) is obtained because v;[ €]J(Z,S,) is an all-zero
(or all-one) sequence when the WANG-LIU pattern is ad-
opted. Therefore, we have r_, = {5:’85‘is odd }. We assume

sub T

that 8" is the bit-reversal result of 8, i.e., 8’ = BZP(5). In this
case, the event that ‘85| is odd is equivalent to the event that
‘Q5,| is odd, where Q; = {s e F:6' = s%ZF}. Consequently,
Eq. (22) is obtained.

Example 4: We examine a specific case of Example 2 where
E =20. Under this condition, the actually affected coeffi-
cients are h',':m[f] = {h%[g] NHEAR hé[f ]} The indices of
these coefficients are r_, = {1, 5,3, 7}. Here, an additional co-
efficient h3[ €] is affected by {LS[ €], L[ €]}. Since L[ €]=
L3[ €], the effects of L)[ € ]and L3[ € ]on h3[ € ] are offset.

We now introduce an effect on the unaffected part by as-

signing specific values to 9, [ €] for each path. Following

Lemma 1, the corresponding sub-codeword bits of each path

should  be % [ €]=
v €] JN( Z, 2"'( 'RA\rsuh) ) According to Eq. (16), the specific

bits 13”‘\ [ €]of each path € € Z/,, can be calculated as:

constructed to satisfy

by, [€)= 9,0 €10 Z2" (R V) ) IS (RN Uy ) (24),

-1 —1 . . -1 . . .
where J,, = G, T, . The inverse matrix T, exists, since T, is

an upper triangular matrix.
Example 5: Revisit Example 2, where the sub-codewords
should be constructed via Eq. (16). The part «} [€]=

{923 [€1,%3[€],%2]€ ]} has been obtained by the effects from

initial infinite LLRs, which can be expressed as:

(B[e],#20€1,22001) = {%(1 — sen(L%[€1)).

%(1 —sgn(ﬁ[ﬂ)),%(l —sgn(L&[f]))}; (25).
(20,1 €1, 20 €1,2%1 €1}

Consequently, the bits &5, [€]={&}[€].&2[€], %[ €]}

should be constructed to satisfy:
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(&[], 220 €], %2 €)=
{0351 €1, 051 €1} J5({28,30},{4, 20, 12}) (26).

Therefore, the specific bits ﬁub[e] must be set to ﬁuﬁ[f] =

{8l €1,850 €1} ({28, 30},14,20, 12} ) J3' (11,5, 3} U, o
ensure that Eq. (26) can be obtained.

In summary, when constructing the shortened PAC codes,
the values of the frozen bits v, need to be calculated from the

bits v, using Eq. (24). The proposed construction of shortened
PAC codes is detailed in Algorithm 1.

Algorithm 1: Construction of shortened PAC codes

Input: Shortening pattern &, information bits d, J, and A
Output: Shortened PAC codes %,

1 Calculate the mandatory frozen subset F,.

2 Select the small set B C 2/, based on Eq. (18).

3 Calculate 7 based on Eq. (21).

4 Select the information set A4 from {{UN\UA} \ {fPAC\I} } via
rate-profiling.

Sv, < d.

6 Calculate v,, from the bits v; by Eq. (24).

7 Construct the mother PAC codeword by x = vJ,.

3.3 List Decoding for Proposed Shortened PAC Codes
Section 3.2 has provided a brief discussion on the list de-
coding of the proposed shortened PAC coding scheme. Here,
we detail the list decoding of the proposed shortened PAC
codes. The decoding is provided in Algorithm 2. In the initial-
ization of list decoding, 27" paths are activated. For each acti-
vated path €, a unique value combination is assigned to the
bits 9,1 €1 ie. o [€1={by.b,_ 1,---,1)1}/ = d2b(€ - 1),
where d2b(-) refers to a decimal-to-binary converter. Thereby,
the initial LLRs Lg\ [€]can be computed from 9, € ]. Simulta-
neously, the specific bits 17”\ [ €] are calculated using Eq. (24).

Algorithm 2: List decoding of shortened PAC codes
1 for € € U, do

pd

2 Calculate the variable bits x4[ € 1= v,[€]1J(Z,S), where
5oL €1= (bbb, = d2b(E - 1),
J

3 Calculate initial LLRs Lg,\ [ €]according to Eq. (9).

4 Calculate the specific bits 1324\ [ € ]according to Eq. (24).
5 end

6 //Initialization differs from conventional one.
7fori=11toNdo

8 for € € p do

9 Derive the resulting LLR L[ € ] according to Eq. (3).
10 ifi <AorieZ then
11 AL Degb, ., L]

i=1
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12 //No need to make decisions.

13 elseifi ¢ A then

14 DL€ 0, @, L€]« D e,d . [€1
=

15 else

16 DL (0,1}, 0,0 €] Degd, . €]

=y

17 end

18 Calculate PM; |, according to Eq. (4).

19 end

20 //PM-updating process is slightly changed.
21  ifi e A then

22 if the number of candidate paths exceeds L then
23 Retain L paths with smaller PMs PM; ;.

24 else

25 Retain all candidate paths.

26 end

27  end

28  //Path—killing process is unchanged.

29 end

30 €" <= argmin, _ . PM; [,

31 return v, | €]

In the PM-updating process of the list decoding, decisions
are unnecessary for bits 13“‘\[6] and v,[ € ], because they have

been already assigned during initialization. For the remaining
bits, PM-updating follows the conventional list decoding for
PAC codes. The path-killing process is also unchanged.
According to Algorithm 2, the decoding complexity remains
dominated by the derivation of resulting LLRs, although the
computation of the bits 13”\[{7] in the initialization introduces

a small amount of addition computation. The complexity of the
decoding can still be expressed as O(LN log, N ).

3.4 Application of Dynamic Frozen Bits to Proposed Scheme
As described in Section 3.1, DFBs can be applied to en-
force Fp\o = F

polar?

which can also be applied in the proposed
scheme. In this case, the bits vy serve as DFBs. Since the

subset Z C F,,. is also included in the information set .4, the
actual information bits appearing in the data carrier word are
v 47- The remaining |Zl information bits are implied in the spe-
cific bits v, .

The shortened codeword is constructed as follows. First, the
data carrier word v is still mapped from d, comprising the in-

formation bits v, = d and the frozen bits » , = 0. Assuming

y
that Z consists of the e-th index in 4 where e € &, i.e.,
7T = A,, we have v; = d.. Second, the values of the special

bits v, are calculated from v, via Eq. (24). Then, the values of

DFBs vy are updated as:

T
05, = 0r, v, K UNFC) (27),
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where the matrix K is identical to that in Eq. (8). The vector
vy on the right-hand side of Eq. (27) is composed of three

partsi {3, 1y, = deJy( L2 (RN ) I (R Frne UL, ),

'}f,,,“_\(zuu\) =0,9; = ds}'

Therefore, the values of the bits »; are updated, and v, do
not appear as information bits. Finally, the PAC codeword is
generated from v and then shortened using pattern . From
Eq. (27), we obtain K" = vy . Therefore, the value of the de-

leted bits is given by:

x5=0y R (28).

where R is an elementary matrix with J,(:, $)" = RK. Unlike
conventional DFB schemes, x ¢ are not constrained to zeros in
this design. Overall, the construction of the proposed short-
ened PAC codes with DFBs is summarized in Algorithm 3.

Algorithm 3: Construction of shortened PAC codes with DFBs

Input: Shortening pattern &, information bits d, J, and A
Output: Shortened PAC codes x;, s

1 Execute Lines 1 to 6 of Algorithm 1.

2 Update the DFBs v _using Eq. (27).

3 Execute Line 7 of Algorithm 1.

Accordingly, the decoding is modified. During initializa-
tion, 2 paths are activated. Different from conventional de-
coding, the length of the data carrier word result is N + |71
for each path, i.e., v, [€] For each path, the specific bits
17“‘\[6] are calculated from »;[ €] according to Eq. (24),
where v;[€]= d2b(€ — 1). Moreover, the values of v,[{]

need to be copied into ﬁnwum[g]’ i.e., ﬁ;\uum[g] =v,0C]
The value combination of x4[ € ] for each path is then deter-
mined, and the initial LLRs are calculated accordingly. Ac-
cording to Eq. (28), we have zg[€]= ﬁfw [€]R" for each
path € € 2/,

In the PM-updating process, no decision is required when
reaching the specific bits. For each DFB o[ {],f e Fy,.

where fis the j-th element in F,, its value is calculated as:
A A . T
Ble1=5,1C1K(j.U) (29).

€] and in-

The decision processes for the frozen bits o .., [
formation bits 9 ;[ € ] remain unchanged.

Upon completing the PM-updating and path-killing pro-
cesses, the values v, [ €] are copied back into 9] €], be-
cause +Z/{m[€] match with the specific bits ﬁu\[(f]. The de-

coding procedure is formalized in Algorithm 4.
Algorithm 4: List decoding of shortened PAC codes with DFBs
1for € € U, do

Pl
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). input additive white Gaussian noise (BI-AWGN) channel. The
set ¢ = (1, 0,1,1,0,1, 1) is applied to construct T. List de-
coding is employed with a list size L = 8. Parameters are set
as 1Z1 =3 and A = 28. Since the proposed scheme can be
readily adapted for polar codes, its performance under this
adaptation is also simulated for comparison. We evaluate the
three schemes described in Section 3.1: expanding F, recon-
structing Ty, and applying DFB. All simulations utilize the
WANG-LIU shortening pattern'”!. For further comparison, we
also include simulation results for the rate-matching of polar
codes specified in the 3GPP TS 38.212 (Release 17) stan-
dard”?, employing both cyclic redundancy check (CRC)-8 and
the standard CRC.

Fig. 1 illustrates the BLER performance under the condi-
tions of £ = 104 and R = 1/3. For PAC codes, under WANG-
LIU pattern and RM rate-profiling, the reconstruct T, and
DFB schemes achieve optimal performance, yielding a gain
exceeding 0.2 dB over other schemes. Under the BRS pattern
and RM rate-profiling, the schemes utilizing DFB outperform
those without DFB. Additionally, all proposed schemes for
PAC codes surpass the CRC-Polar scheme from the TS
38.212 standard. Fig. 2 presents the BLER performance un-
der the conditions of £ = 104 and R = 1/2. For PAC codes,
under the WANG-LIU pattern and RM rate-profiling, the pro-

2 o[ €]= 13w+am[€] ={byuby-yoreuby )= d2b(€ - 1
3 Calculate the specific bits 9, [ € ] according to Eq. (24).
4 Calculate the variable bits by x[ € 1=, [{] R".
5 Calculate initial LLRs Lﬁ,\ [ €]according to Eq. (9).
6 end
7j=1
8fori=1toNdo
9 for € € pdo
10 Derive the resulting LLR L} [ € ] according to Eq. (3).
11 if i e {U\F,,\.}ori e Zthen
12 Q101 Degb, ., €]

=1
13 //No need to make decisions.
14 elseifi € 7, then
15 ﬁi[l]%ﬁuL[l]K(j,Z/Ii)T,
16 je g+ 1,
17 QL] Deyb, .1

=1
18 else if i € { A°\F,, ) then
19 DL€ 0,0, €]« Deyd, ., [€]

=
20 else
21 o[ €1 (0,1},
Q€] Degd, . €]

=y
22 end
23 Calculate PM; |, according to Eq. (4).
24 end
25 ifi e A then
26 if the number of candidate paths

exceeds L then
27 Retain L paths with smaller
PMs PM; |,

28 else
29 Retain all candidate paths.
30 end
31  end .
32 end 107
33 for € = 110 2" do
34 o[ bl vy, [€]
35 end 10

36 € < argmin,_.PM; |,
37 return ﬁux[(f* ].

4 Simulation Results

4.1 Comparison of Shortened Schemes
of PAC and Polar Codes

We simulate the performance of the pro-

posed shortened PAC codes over a binary-

PAC, WANG-LIU, proposed scheme, RM
— — —PAC, BRS, proposed scheme with DFB, RM
—— PAC, WANG-LIU, reconstruct T, /DFB, RM
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—#— CRC-Polar, TS 38.212
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Figure 1. BLER performance of shortened PAC and polar codes with £ = 104 and K = 35
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posed scheme and the reconstruct T de-
liver optimal performance, offering an ap-
proximate 0.3 dB gain over the CRC-Polar
scheme from the TS 38.212 standard at
BLER =1 x 107°. Fig. 3 shows the BLER
performance under the conditions of E =
104 and R = 3/5. For PAC codes, under
the WANG-LIU pattern and RM rate-
profiling, the proposed scheme and the ex-
pand F achieve optimal performance, pro-
viding about a 0.25 dB gain compared to
the CRC-Polar scheme from the TS 38.212
standard at BLER = 1 x 107

Fig. 4 depicts the BLER performance
under the conditions of
E e {84, 120, 180} and R = 1/3. A total of
six proposed shortening schemes are
evaluated. Fig. 4a presents the schemes
without DFB, while Fig. 4b shows those
with DFB. As seen in Fig. 4a, the pro-
posed scheme, reconstruct T, and ex-
pand F have the same property that the
performance improves gradually as the
block length increases at a fixed code
rate. However, Fig. 4b reveals an incon-
sistency in the performance trend of the
DFB-based schemes as the block length
grows.

Based on the above analysis, a promising
hybrid approach is to adopt the proposed
scheme with DFB for low code rates and
the proposed scheme without DFB for me-
dium to high code rates. This combination
is expected to enhance the overall perfor-
mance of shortened PAC codes.

S Conclusions

This paper explores the feasibility of ap-
plying existing shortening patterns of po-
lar codes to PAC codes. A novel shorten-
ing scheme for PAC codes is proposed,
which incorporates specially designed bits
into the encoding process and introduces a
minor modification to the list decoding al-
gorithm. For short block lengths and over
a portion of the low-to-medium rate range,
the proposed shortened PAC coding
scheme demonstrates superior BLER per-
formance compared to existing shortened
polar coding schemes, the standard rate-
matching scheme, and conventional short-
ened PAC coding schemes.
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Abstract: The complexities of hardware and signal processing make it especially challenging to develop self-interference cancellation (SIC)
techniques for full-duplex (FD) massive multiple-input-multiple-output (MIMO) systems. This paper examines an FD massive MIMO system
featuring multi-stream transmission. Specifically, it adopts an architecture where a single transmit or receive radio frequency (RF) channel is
connected to three antennas in the same polarization direction, effectively reducing the number of transmit and receive RF channels by half.
The SoftNull algorithm serves as the primary method for SI suppression, leveraging digital precoding during transmission. Additionally, this
study outlines a design strategy to enhance SIC in the proposed system. Simulation results highlight the efficacy of the SoftNull algorithm,
which achieves a remarkable total SIC of up to 64 dB. Furthermore, combined with measures such as antenna isolation and increased trans-

ceiver array spacing, the resulting sum rate can be twice that of a half-duplex system.
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1 Introduction
n recent years, the full-duplex (FD) and massive multiple-
input-multiple-output (MIMO) technologies have emerged
as key research focuses in wireless communications' .
As a key technology of 5G, FD technology allows radios to
simultaneously transmit and receive in the same frequency
band, which theoretically doubles the spectrum utilization rate

561 As another

compared with the traditional duplex system
key technology of 5G, massive MIMO can improve the spectral
efficiency and reliability of a system by equipping a large num-

=1 In 5G wireless technology implementa-

ber of antennas
tions, the combination of various technologies has become a
trend"?” . Both FD and massive MIMO technologies have the
characteristics of high spectral efficiency, so the combination of
the two can further improve the spectral efficiency.

In FD communications, signals sent by the wireless trans-
ceiver bring self-interference (SI) to its reception'"*. Strong SI
signals may overwhelm useful information and cause errors in
the received data. For a low noise amplifier (LNA) at the re-
ceive radio frequency (RF) channel, it may also exceed the dy-
namic range of its input, bringing harm to receiver hardware.
Therefore, SI cancellation (SIC) is critical for realizing FD
communications'. For FD massive MIMO systems, each re-

ceive antenna will be interfered by multiple transmit anten-
nas, and SIC becomes more challenging as the number of an-
tennas increases.

Numerous SIC algorithms have been proposed to solve the
issues of strong SI in FD massive MIMO systems. In Ref. [16],
an adaptive filter structure with analog least mean square
(ALMS) loops is proposed, which only realizes SIC in the ana-
log domain. Although the number of taps used is greatly re-
duced, additional taps are still needed and the hardware com-
plexity is high. To further reduce hardware complexity, some
studies have put forward a combination of digital beamforming
and analog SIC to reduce SI. For FD MIMO systems, Ref. [17]
introduces a novel analog SI canceller which utilizes the flex-
ible signal routing of Mux/DeMux to reduce the taps’ number
in the analog SI canceller. It also develops a novel optimiza-
tion framework for the joint design of the analog canceller and
TX/RX digital beamforming parameters. The burden of SIC is
shared between digital beamforming and analog SI cancellers,
which greatly reduces the hardware complexity. In Ref. [18], a
joint design framework of TX-RX beamforming and SIC
scheme based on the minimum mean square error (MMSE) is
introduced to realize SIC under the constraint of analog can-
celler tap limits. Hybrid precoding/combining (HPC) tech-
niques have also been discussed recently. A novel angular-
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based joint hybrid precoding/combining technique is explored
in Ref. [19] for FD massive MIMO systems, combining transmit/
receive REF beamformers and receiver combiners to achieve
SIC. In Ref. [20], the authors propose a hybrid beamforming de-
sign for FD massive MIMO systems, which jointly designs the
transmit RF beamformer, the precoder, and the combiner to
suppress SI. However, all the HPC-based SIC technologies rely
on RF beamformers, resulting in an increased signal processing
complexity. In Ref. [21], a SIC algorithm, SoftNull, is proposed
that uses only transmit digital precoding. It requires no addi-
tional analog SI cancellers, nor does it need to be designed with
an RF beamformer, which drastically reduces both hardware
and signal processing complexity.

Focusing on the multi-stream FD massive MIMO communi-
cation system!'”), this paper studies a SIC method based on a
3D geometry-based millimeter wave (mmWave) channel
model. In the proposed system model, the transmit and receive
antennas are all 45" polarized, and one transmit or receive
RF channel is connected with three transmit or receive anten-
nas in the same polarization direction. The number of required
RF channels is reduced by half, greatly reducing the volume
and cost. At the same time, the 3D geometry-based mmWave
channel model is used to model the intended and the SI chan-
nels. In view of the above system architecture, the SoftNull al-
gorithm based only on transmit digital precoding is selected to
realize SIC, which requires neither additional hardware struc-
ture nor RF beamformer processing. Specifically, the proposed
method takes advantage of the high degree of freedom pro-
vided by large antenna arrays to split the conventional trans-
mit digital precoding matrix into two submatrices: one for tra-
ditional digital precoding and the other for SIC. In this way, it
can minimize the total SI power while preserving a certain de-
gree of freedom for traditional digital precoding.

In addition, concerning the proposed system architecture,
the method of improving SIC ability using the SoftNull algo-
rithm is analyzed theoretically. The analysis results indicate
that the ability of SIC can be enhanced by measures such as
designing polarization isolation degree between transceiver ar-
rays with different polarization directions, changing the array
layout, and increasing the size of transmit/receive uniform
rectangular arrays (URA). Simulation results demonstrate that
the SoftNull algorithm can achieve up to 64 dB of SIC under
the proposed system architecture. To achieve higher system
performance, joint antenna isolation and the SoftNull algo-
rithm are proposed. Simulation verifies that when the antenna
isolation is increased to 50 dB, the sum rate is 1.7 times
higher than that of the standalone SoftNull algorithm and
twice as high as the half-duplex algorithm at low signal-to-
noise ratios (SNRs). Furthermore, system performance can be
further improved by increasing the size of transmit/receive
URAs. Simulation results show that the sum rate of the Soft-
Null algorithm can be improved by up to 54% compared with
the same antenna isolation when the size of the transmit/re-
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ceive URA is increased to 5 wavelengths, and it remains
nearly double that of the half-duplex state at high SNRs.

The rest of this article is organized as follows. Section 2
presents the system model and channel model. In Section 3, a
SoftNull algorithm is introduced and the method of enhancing
the SIC effect is analyzed theoretically. Section 4 demon-
strates the effectiveness of the algorithm under the proposed
system architecture, and simulations are carried out by further
improving the system performance. Finally, Section 5 con-
cludes this paper.

2 System Model and Channel Model

We consider a system model for the FD massive MIMO sys-
tem, where the base station (BS) has a precoder (with a precod-
ing matrix Vg e C" ) and a combiner (with a matrix
Uy e C" "), as shown in Fig. 1.

The transmitter and the receiver of BS, which operate in a
full-duplex mode, are equipped with N, and N, antennas, and
by Ny, and Ny, RF chains, respectively. Each transmit or re-
ceive RF chain is attached to three dedicated transmit or re-
ceive antenna elements via a power combiner or power di-
vider, where Ny, = N,/3, Ny, = N,/3. Each power divider is
applied to make three copies of the signals processed at a TX
RF chain before these signals enter the TX antenna elements.
Similarly, each power combiner is used to add the signals re-
ceived by three RX antenna elements before these signals en-
ter the RX RF chain. The proposed system decreases the hard-
ware cost and complexity of traditional FD massive MIMO sys-
tems, due to the number of RF channels being reduced from
N, + N, to Npp, + Ny, = (N, + N,)/3. The half-duplex (HD)
single-antenna users in the system are divided into K, users
transmitting in the uplink mode and K, users receiving in

Down
the downlink mode, which are denoted as nodes “Up” and
nodes “Down”, respectively, where Ky Kpgun S {NRFA’,, NRFJ}.

The transmitter of BS employs both traditional digital pre-
coding and SI suppression using the matrices B and A of size
fo X Ky, and Ny, X f, to process the baseband signal
Sps, € €' in the frequency domain, respectively. The
beamformed signal undergoes Ny, transmission RF channels
and the N, transmission antenna, and this generates as a down-
link transmission signal S. f), represents the degree of freedom
available for traditional digital precoding, that is, the degree of
freedom allocated for downlink traditional beamforming. Addi-
tionally, it should be guaranteed that K, < f, < Ngp,. The
downlink transmission signal can be mathematically ex-
pressed as:

_ H
xps, = CF VisSys (1),
where Vi = AB e € " is the equivalent transmission

“Mus denotes the fast

Fourier transform matrix. The elements [F] = with m,k =

VRE.

digital precoding matrix, and F € C"

m.k
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Figure 1. FD massive MIMO communication system with multi-stream transmission

0,1,---,N — 1 take eijzmm\/«/ﬁ. C e " N represents the

matrix from the transmitting RF channel to the TX antenna on

the BS side, which is obtained as:

1
Ct = g ENI(I'/

T
® [EA E,. EA}
where E denotes the n-th order unit array.

As shown in Fig. 1, when the BS transmits
data to the node Down and the node Up trans-
mits data to the BS, the corresponding in-
tended channel matrix between them is de-

/ N, x Ky,

noted as H,,, € C* " and Hy, eC ',
respectively. Moreover, H e C"™" repre-
sents the SI channel at the BS due to the FD
transmission. It is assumed that there is no in-
terference between the nodes Down and Up.
We model both the intended channel and the
SI channel in the following content.

Fig. 2 illustrates the application scenario,
where the transmitter and receiver employ a uni-
form rectangular array (URA) with £45" polariza-
tion on the BS side. For convenience, we use po-
larization 1 and 2 to denote polarization +45
and —45". The transmit or receive antennas with
different polarizations are placed in the same
position. The number of transmit or receive an-
tennas with polarization k is N'=N, X

N A

IS {t,r},k € {l, 2},where u e {t, r} repre-
sents either the transmitter side for u = ¢ or the

uy? u

N?and N! = N2
The transmit and receive URAs of BS located in the x-o-y

RX Y
UE 1
RXY
UE Ky,
Up
X ¥
UE 1
X ¥
UE KUp
Down

receiver side for u = r. Here, N, and N, represent the anten-

nas along the x-axis and the y-axis, respectively, where N, =

), plane are placed next to each other, where d, represents the dis-

tance between the transmit and receive URAs along the x-axis.

® Receive antenna
® Transmit antenna
* Up user

Down user

down.y

tor

LOS: line-of-sight

NLOS: non-line-of-sight

Figure 2. Application scenarios of FD massive MIMO system
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Consider a wall parallel to the transmit and
receive URAs, with a distance d, between them.
The wall’ s center point o, is at the same

ante
height as the center point o,,,, of transmit and re-
ceive URAs. Both the nodes Down and V4 are
located on the plane of the wall, which are re-
spectively located on the positive y-axis and the
negative y-axis. Uplink user 1 and downlink

user | are at the same height as o . at the angle

ante
of o, and .

We assume that there are K, , and K,  u
link users regularly arranged along the negdtlve
x-axis and the positive y-axis with an interval of

dU[) X

Nyp, uplink users regularly arranged along the

and d, . Similarly, there are K and

Down .x
negative x-axis and the positive y-axis with the
intervals of d,,, .

KUp,x X KU 4 H = H

p,y? 77 equ

and d,,,, .. where K =
A.

Fig. 3 shows the structure of transmit and re-

Down , equ

ceive URAs, where each transmit or receive RF
chain is connected to three dedicated transmit
or receive antenna elements in the same polar-
ization. NI’;F.“, ue {t, r}, ke {1, 2} indicates the
number of transmit or receive RF chains at-
tached to the antenna with polarization k, where
NI]{F .= Nip, and Nyg = Nge .

N, and N, transmit antenna elements in the same polar-
ization are arranged with equal intervals d,, and d,  along the
po%itive x-axis and the negative y-axis, respectively. Similarly,

N, and N,

tion are drranged with equal intervals d,,

_transmit antenna elements in the same polariza-
and d,,

positive x-axis and the negative y-axis, respectively.

along the

Intended channels are modeled using the 3D geometry-based
mmWave channel model and the system application scenario.
We assume that the intended channels contain C,; scattering
clusters and L,, paths in the c-th cluster with ¢ = 1,2,---,C..

c

zLi,c paths between the transmitter and re-
c=1

ceiver in total. The intended channel matrix is derived as:

There are L, =

¢ 1
H, = z leng, r,, 'Y,L[a'yul )d’ﬁ(%t[)ﬁ’gt?) = ¢rJGi¢t.i

(3),

where HeC"*" (R,T) e {(KDOM,Nt),(Nr,KLP)}; J and ¢ are
the receive and transmit nodes of the intended channel, satis-
fying  (j.i) € {(Down,BS),(BS,Up)|.  When (j.i)=
(Down,BS), there is (R,T)=(K,,.,N,). When (j,i)
(BS, Up). (R.T)=(N.K,) G

[

there is

;Z’gix,ﬂ) e C""" represents the diagonal path

diag(rl}’gi,, ;T

ZTE COMMUNICATIONS
December 2025 Vol. 23 No. 4

100

Figure 3. Base station transceiver’s uniform rectangular array structure

gain matrix, 7,, and gi_’l~CN(0,1/Li) denote the distance and

complex path gain of the [-th path in the c-th cluster, respec-
e CF*h

respectively represent the receive and transmit

tively. m is the path loss exponent. @ . and
L, XT

D . eC

phase response matrices of intended channels, which is

given by:

oL (v

(v )
b, = : (5),
o1 (v )

where ¢, (75{?;’)’5,{2/) eC"' (Uu)e {(R, ), (T, t)} denotes
the phase response vector of the [-th path in the c¢-th cluster,

which can be expressed as:

¢u.i(7x,7;):[17 ST e'ﬂﬂd""w_l)%]T(g

(w,, - I)Y\T

(6).
|: 1 ej21'rd”J Y, . el.z'”dw
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y(,t: and 7(,1,) include the elevation angle-of-arrival (AoA)
and azimuth AoA information of the receive antenna of the 1-
th path in the c-th cluster at node j, which can be written as

follows:
vy = sin(6,, )eos (¢, ) (7).
Yy = sin(6,, )sin(y,,) (8).

The elevation AoA 6, and azimuth AoA ¢, are the angle

between the path and the positive x-axis and that between the

projection of the path on the y-o0-z plane and the positive z-
(x) (y)

(X5 (X

axis, respectively. ;% and 7y, indicate the elevation angles of
departure (AoD) and azimuth AoD of the transmit antenna of
the [-th path in the c-th cluster at the node i, and can be math-

ematically expressed as:

Yii, = sin(8,, )eos (i) ),
¥, = sin(6,, )sin () (10),
where 6,, and ¢, respectively represent the elevation AoD

and azimuth AoD of the [-th path in the c-th cluster.

According to the application scenario in Fig. 2, SI channels
can be divided into the residual near-field SI channel
H, e C"*" and the far-field SI channel Hy g, € C""" af-
ter antenna isolation, which can be obtained as:

Hy=H, s+ Hy s (11).

With the transmit and receive URA structure in Fig. 3, H|
is derived as:

H! H"
o=l ] )

where HE' e ™ Nog ke {1,2} represents the residual near-
field SI channel between the element with polarization g of re-
ceive array and the element with polarization k of the transmit
array. We assume that the antenna polarization isolation be-
tween each transceiver array element is Py, 5 =
~10logl0(K) e C¥* ™ g # k. Eq. (12) is equivalent to:

1 1
H = l: s KGHLOS:' (13).
KOH[s  Hiy
The residual near-field SI channel H|l between transmit
and receive array elements with polarization 1 is detailed in
the following. The element of the [(u = 1)N,, + v ] row and
[(m = 1)N,, + n] column of H\, which is the channel be-
tween the ()n,n)-th transmitter and (u,v)-th receiver in Fig. 3,

ZHANG Boyu, ZHANG Ling, LI Zijing, SHEN Ying

can be given by
Hi([(u= DN, +v],[(m= 1N, +n])=

K -2
7‘6 T2 ) G (14),

(m,n) — (uw)

2
where k, is a constant satisfying 10log { E [ ” H\ ”F]} =-Pou

P gy is the antenna isolation, and A( ) is the distance

m,n) — (uw
from the (m,n)-th transmitter to the (u,v)-th receiver. A, ..,
is defined as follows:

A =

(m,n) — (uw

)
[(m = 1)d,, +(u-1)d, +D, P+ (ndm, - U(lr‘),)z (15).

Similarly, the far-field SI channel can be obtained as

11
— l: HNLnS

KOH}! g}
= o 16),
NS T KO (16)

1

Hy s
where H)| € C" " represents the far-field SI channel be-
tween the receive and transmit array elements with polariza-
tion 1. We utilize the 3D geometry-based mmWave channel to
model H\ .. Suppose there are C scattering clusters, and ¢

cluster contains Ly, non-line-of-sight (NLOS) paths with ¢ =
C.

1,2,--+,Cy,. In total, there are Ly = zLSl,n paths between the

c=1
transmitter and receiver. According to Eq. (3), it can be math-
ematically expressed as

H]\IJILOS = ¢SI,rGSI¢SIJ (17),

where Gg = diag(rgl’?lgﬂ’],---,T;ﬁLﬂgSLLﬂ) e C"*"  denotes
the diagonal path gain matrix, 74, and gg, ~ CN((),I/LSl) re-
spectively represent the distance and complex path gain of the
[-th path in the c-th cluster. @y e C""" and @y, e C*"
denote the receive and the transmit phase response matrices
of the far-field SI channel, respectively. We assume 6y, and

¥, indicate elevation AoA and azimuth AoA of the [-th
NLOS path in the c-th cluster. 6, and g, respectively rep-

resent elevation AoD and azimuth AoD of the [-th NLOS path
in the c-th cluster. Therefore, Eq. (11) is equivalent to:

H. = HSII] KQHSIII (18)

ST RKOPL HU ’
I I

where HY' = H'\s + HY; < € C"" ™ is the SI channel between

transmit and receive array elements with polarization 1.

In the downlink transmission, the received signals
yup, € C* " at nodes Down are obtained as:
Yuer = Hppu%ps, + 0yg (19),
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where n, ~ CN(O,O'IZJEIKM ) e CM*" denotes the additive

white Gaussian noise (AWGN) vector at nodes Down.

The BS simultaneously transmits messages to nodes Down
in the downlink and receives information from nodes Up in the
uplink in the FD mode. Hence, the received signal vector
Yis, € C" " at the receiver of BS includes the downlink trans-
mission signals xpg, through the SI channels and the uplink
transmission signals %, € C"*" through the uplink chan-
nel. It can be expressed as:

Yis., = HprUE.t + Hgxpg, + ngs (20),

where nyg ~ CN(O, ol ) e €V is the AWGN vector at

the BS receiver.

Upon signal y 4, reception at the BS, RX RF chains first pro-
cess signals received at the RX antenna elements. Assuming
that output signals of the RX RF chains are processed in the

frequency domain by the received digital combiner
Uy e "t M vector Sps, € C" s derived as:
Sps.r = UgsFC ygs, (21),

where C, = %Ew,”._, 029 |:E/v,_,v E, . Ex:| e "M s the

equivalent matrix from the receive antenna to the receive RF
channel at the BS. We utilize H,,,, .., = Hp,,.,C, € ¢l N
and Hy, ., =CH, e C""* " 1o represent the equivalent of
downlink channel from the TX RF channel at the BS to nodes
Down and the uplink channel from nodes Up to the RX RF
channel at the BS, respectively. The equivalent SI channel
from the TX RF channel to the RX RF channel at the BS is
noted as H = CHyC, e C" " Eq.(19)is derived as:

Down

SIequ

yUE.r = HDown,cunHVBSSBS,t + Ny (22)'

Eq. (21) is obtained as:

Sns,r = UBSFHU[),equxUE.t + UBSFHSI.eunHVBSSBS,t +
UpFC oy (23).
3 SoftNull Algorithm for FD Massive

MIMO System

To achieve SIC, the SoftNull algorithm based on the trans-
mit digital precoding matrix is adopted in this paper. The algo-
rithm has two primary design objectives for the transmit digi-
tal precoding matrix: ensuring the useful signal power and
minimizing the total SI signal power. By splitting the transmit
digital precoding matrix V4 into two sub-matrices, we have:

Vi = AB (24).
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The implementation block diagram is shown in Fig. 4. On
the BS-side, K

are first passed through the conventional digital precoding ma-

Down OTiginal parallel transmit data streams S,
trix B to obtain f), parallel data streams, and then through the
SIC matrix A to obtain Ny, parallel data streams, which are
subsequently fed into the V., transmit RF chains.

The first-stage matrix B is used for conventional digital pre-
coding to suppress inter-user interference. At this point, the
available degrees of freedom for conventional digital precod-
ing are f),. Matrix B can be derived using conventional digital
precoding algorithms, such as Zero Forcing (ZF), MMSE, and
singular value decomposition. In this paper, ZF is adopted for
the design. By computing the pseudo-inverse of the channel
matrix, signals in all directions other than the user direction is
forced to zero, thus avoiding inter-user interference. Under the
system architecture of this paper, the expression of matrix B is
given as:

equ equ

-1
B = aequHH (HequHH ) = OlequEVZF,equ (25)7

K .
where a,, = —IH is the power control factor
tr(W. W, )

ZF equ ZF equ
and K, is a constant; H,,, = H

equ Down ,equ

A is the equivalent chan-
nel. Therefore, when designing the first stage matrix B, only
the information of the equivalent channel H is required, and it
is not necessary to obtain the information of the downlink
channel H and matrix A separately.

The second-stage matrix A is used to minimize the total SI
signal power while preserving the degrees of freedom f;, for the
conventional digital precoding matrix B. Therefore, the design
objective of matrix A is to minimize the total SI signal power
while preserving the required degrees of freedom f, for the
conventional digital precoding. Assuming that the equivalent

SI channel H; ., is known, the design problem is formulated

51, equ
as follows:
A i A ’
= argmin ‘Hsm . H ]
z ol (26),
. H —
stA"A=E,
—
Traditional
. SIC .
Down precoder S : A Ny,
> B
— >

SIC: self-interference cancellation

Figure 4. FD massive MIMO system with transmitting digital precoder
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where ” H, . A ”i is the total SI signal power and |- ||i is the

Sl equ
square of the Frobenius parametrization; the constraint A" A =
E, ., denotes that A has F orthogonal columns and is used to
ensure that the required degrees of freedom f), are preserved
for conventional digital precoding. The solution to Eq. (26) is:

4= [vm_, ) Nho2) v(wm_,)} o,

where rank(H )2 r is assumed. 0 ,,0,,*-,0, are the r

SLequ
positive singular values of Hy, .. The singular value decompo-
sition of matrix Hg; . is Hy; ., = USV", where U e ¢ Mo
and Ve " " are both unitary matrices, 3 =
diag(ﬁl,52,-",5,,0,0,"-,0) e CMv M iy g diagonal matrix,
and §, is a complex number satisfying ‘ Si‘ = ;v is the i-th
column of the matrix V.

It can be seen that SI suppression matrix A is con-
structed by projecting onto the f, right singular vectors cor-
responding to the f;, least singular values of the equivalent
SI channel H
ing the f,-dimensional subspace in the original transmis-

si.eque LD €ssence, this process involves identify-
sion space €' that minimizes the total SI received by the
BS. Therefore, the greater the number of zero singular val-

ues of matrix H (i.e., the smaller the rank r of the matrix

SILequ
Hy .), the closer the f)-dimensional subspace that mini-

mizes the total SI received by the BS is to the zero space,
and the better the SIC effect will be.

Next, the value of r is discussed for the proposed system ar-
chitecture. Assume that Ny, = Npp, = Ny, N=N, =N,
N'=N/'=N Ny =Ny, =Ny, N=N, =N, and N =
N,, = N,,. At this point, C, = C,", and rank(Ct) = Npp. We
let C=C,and r}f = 1rank(HSII1 ) First, we discuss the case of
channel matrix HY' with a full rank, i.e., r{f = N'. When K =
BJ (where J C"'"V' is an all-ones matrix), the polarization

isolation between each transceiver array element in different

polarization directions is given by Pypr s =
~10log10(B)with 0 < B < 1. Eq. (18) is equivalent to:
Hy'  pHy
HSIz{ i i (28).
BH  Hg

The values of r are discussed for each of the three cases 0 <
B<1,B—0andB = 1.

When 0 <B <1, with chunk matrix multiplication, the
equivalent self-interfering channel matrix expression is ob-
tained as:

C’ITIHS]IICH BC’II‘]HS]IICII

Hy . = (29),
Heea ﬁC;FlH;IlCll CIFIHS]IICII }
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where €|, ¢V M, and rank(C“) = Ny It can be obtained
that:

r=2xrank(C! HYC ) < Ny (30).

Similarly, when 8 — 0,

r=2xrank(Cl HYC ) < Ny, (31).
WhenB =1,
r=rank(ClTlHSIIIC“)<NéF (32).

In summary,

Niew 0<B<1
r<iNg, B—0 (33).
Nges B=1

For 0 < B8 < 1, i.e., when the polarization isolation between
the transmit and receive elements of different polarization di-

rections is greater than 0 dB, the matrix H may not have

Sl equ
any zero singular values. That is to say, théqu—dimensional
subspace constructed by the f, right singular vectors that mini-
mize the total SI of BS reception is not completely close to the
zero space, and the SIC effect is not good. When 8 — 0, i.e.,
the polarization isolation between the transmit and receive ele-
ments of different polarization directions approaches infinity,
the number of Hy, ,, singular values of zero does not change
significantly compared with 0 < 8 < 1. In other words, the SIC
performance does not improve significantly as polarization iso-
lation increases. When 8 =1, i.e., the polarization isolation
between each transmit and receive array element with differ-
ent polarization directions is 0 dB, it is evident from the struc-
ture of the transceiver URA that Ny > Ny . At this time, the

number of H singular values taking zero is at least Ny, —

Sl equ
N > 0, whi(:hqmeans that the f)-dimensional subspace con-
structed by the f), right singular vectors is closer to the zero
space, and the SI cancellation effect is obviously enhanced.
Therefore, the polarization isolation can be reduced to 0 dB to
improve the SIC capability, if the polarization isolation be-
tween each transceiver array element in different polarization
directions is the same.

According to the actual measurement of the engineering
prototype, the polarization isolation between each transmit
and receive array element with different polarization direc-
tions at different locations is not the same, indicating that the
elements in the matrix K are not exactly equal. Therefore, the
case of r at K # BJ is further discussed as follows. At this

point, rank(K@H;ll) <ry =N" For matrix K = (kiJ.)

N x N

we express it as:
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K= I:kl’ k,, vk;\e‘:l = |:g;1" g'zl" 7g;£‘:|T (34),

where kjeC““'“,j: 1,2,---,N',  and gieclx“",i:
1,2,--,N'. We let Hg = (hi'j)e\“'x/\‘" At this point, the expres-

sion of the equivalent SI channel H is:

11 12
- HSI .equ HSI equ [ ——
SILequ H 12 H—l 1

Sl.equ SI.equ

SI.equ

chKOHY)C, (35),
C;rl H;IICII

CLH{C),
ch(koHn)c,

where

rank(H”

1
Sl,equ) < NRF’

rank(K@H;II) rank(K@Hslll) < Npp
. Denote the j-th col-

N rank (KOHJ') > Ny,
umn Of H;ll,equ and HSIIZ.,equ as h;ll,equ . and h’;lz,equ,j

i 12
where the elements of hy; ., ; and hg ., ; ave h
ki = ON 2N,

(i = 1727...,]\/)" 3N_V + 1,3N}, +

12
rank ( Hy ... ) <

respectively,

i+ kj+ Do

and z k
ki = 0N, 2N,
s I
2 AN e N = 1, 2,000, Ny,
To minimize the rank r of the matrix Hy .
2

in Eq. (35) is equal to the
i.e., the following condition must be

i+k,j+lhi+k,,'+l

it is neces-
sary that the j-th column of H;lyequ
1"

J-th column of H

Sl.equ *
satisfied.
ki+k?j+lhi+k,j+l: hi+k,/'+[ (36),

Il = ON 2N, k= 0N 2N,
which can be rewritten as:

ki+k‘j+l =1 (37)’
where i = 1,2,---,N,3N, + 1,3N + 2,---,4]\/),,-“,]\/1, k1=
0,N,,2N,. Eq. (37) is equivalent to:

T
b=k, y =k, =[1. 1, - 1] (38).

In other words, the polarization isolation between each
transmit and receive array element with different polarization
directions at the corresponding position of Eq. (38) is close to
0 dB. According to the structure of the transmit-receive URA,
the polarization isolation between the transmit array element
connected to the j-th transmit RF channel and all the receive
array elements is 0 dB under this condition. Similarly, r can
be reduced when the i-th row of H ;ﬁequ
that of Hsl]lyequ, ie.,

gi:g”w,:ginw,:[lv Lo 71] (39).

in Eq. (35) is equal to

At this point, the polarization isolation between the receive
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array connected to the i-th receive RF channel and all trans-
mit arrays is O dB. Note that W is the set of column numbers of
the column vector k; satisfying Eq. (38), P is the set of row
numbers of the row vector g, satisfying Eq. (39), w = |W | is
the number of elements in the set, and p =| P|is the number

of elements in the set P. We have:

r=rank([H,,, HS . ])=w-p (40),

where
11 12
rank ([HSI Lequ HSI equ ] ) <

Ny + rank (KOH')  rank (KOHY') < Ny )
41).
Ny rank(K@HSlll) > NliF

At this point, r is related to the rank of matrix KOHY' and
the number of unit row (or column) vectors in matrix K. There-
fore, in practical engineering implementations, K can be de-
signed so that either the rank of KOH{ is less than Ny, , or
the polarization isolation between the transmit (or receive) ar-
ray elements connected to as many transmit (or receive) RF
channels as possible and all the corresponding receive (or
transmit) array elements is O dB, in order to achieve better
SIC performance. It should be noted that when using the K
method, if the rank of KOH' is only reduced but remains
greater than N\, it will not yield a significant improvement in
SIC capability.

In practice, the antenna array placement of massive MIMO
does not always result in completely uncorrelated and inde-
pendent channels. In such cases, channel matrix Hg' is non-
full rank, i.e., rif < N'. The corresponding value of rank r
when ry < N' is analyzed below. When K = BJ , the same
three cases are discussed in terms of 0 <8< 1, B—0
andB = 1.

When rlf < Npp,

2, 0<B<1
rank(Hy ) <121, B—0 (42).
ry, B=1

1 1
When rg = Ngy,

Nyes 0<B<1
rank(Hy ) < N, B0 (43).
Nger B=1

Therefore, when Nj, <rif < N', r does not change much
compared with the case where H{' is full rank. When
rl: < N,;F, r decreases, and at this time, the number of zero sin-
is at least Ny, — 2rd] (0 < Ny — 28 <
Nygp)- Thus, the f,-dimensional subspace constructed by f)

gular values of Hy...
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right singular vectors is closer to the zero space, and the SI
canceling performance is significantly enhanced. Conse-
quently, in practical engineering implementation, to enhance
SIC performance by changing the rank rl} of HY', rlf should be
reduced to at least less than the number of transmit or receive
RF channels connected to the antenna array elements with the
same polarization direction.

When K # BJ, it can be obtained similarly that

r = I'al'lk([H;]l equ Hsllzequ ]) Tw=p (44)7
where,
rank([Hslllequ HSllzequ ] ) <
rSI + rank(K@Hslll) rSI < NliF

]\[11(F + rank ( K@Hslll ) R
Ny » rank (KOHY') = N}

rank(K@Hgll) < Nllu < rs[ (45).

Thus, when K # BJ, the rank r is related not only to the
rank of KOHY' and the number of unit row (or column) vec-
tors in K, but also to the rank r{} of HJ/'. Accordingly, in practi-
cal engineering implementations, to enhance the SI cancella-
tion capability, in addition to designing K to minimize the
rank of KOH{/' (i.e., ensuring it is less than Ny), or maximiz-
ing the number of transmit (receive) array elements connected
to transmit (receive) RF chains for which the polarization isola-
tion with all corresponding receive (transmit) array elements is
0 dB, ri] can also be reduced to less than the number of trans-
mit or receive RF channels connected to the antenna array ele-
ments with the same polarization direction .

In this paper, we also consider whether the SIC perfor-
mance can be further enhanced by changing the array place-
ment. The transmitting and receiving URAs placed vertically
along the x-axis in Fig. 3 are reconfigured to a diagonal place-
ment along the same axis. The equivalent SI channel matrix
H

This is because using different array placements only changes

si.equ Obtained at this point is the same as that in Eq. (38).
the values of the elements of the sub-matrix H., but the trans-
mit or receive array elements of both polarization directions

are still in the same position. Thus the form of H will not

Sl equ
change. Therefore, the rank rY] of the channel matrljc H)' can
be minimized by changing the array placement, so that the
SIC performance can be improved.

According to the above analysis, the SI cancellation effect
can be enhanced from three perspectives: 1) by designing ma-
trix K so that the rank of KOH{, is less than the number of
transmit or receive RF channels connected to the antennas
with the same polarization direction; 2) by making the polar-
ization isolation between the transmit (receive) array elements
connected to the same transmit (receive) RF channel and all
receive (transmit) array elements 0 dB; 3) by reducing the
rank 7l of Hy' to be smaller than the number of transmit or re-
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ceive RF channels connected to antennas with the same polar-
ization direction, such as changing the array placement and
widening the transceiver URA spacing. Although the channel
is modeled as narrowband in the above analysis, beamforming
is also applicable to the wideband channel model. This is be-
cause beamforming targets frequency-domain data and is
implemented at the subcarrier level.

4 Illustrative Results

In this section, the SoftNull algorithm performance for the
proposed system is evaluated through simulations from the sum
rate and SIC. The downlink achievable rate can be given by:

(46),

Ry, = logz‘ I, + RysWo,
where R = E{nULnUh} and E{-} denotes the statistical ex-

pectation. W, represents the received covariance matrices of
the downlink channel, which is defined as:

G HII

WDL = H Down .equ (47)7

Down ,equ

where Gy = FTV E{S,, Ik |VIF. Similarly, the uplink

(UL) rate is expressed as:

+ (RBS + QBS)ilWUL (48)7

1 = log,| Iy

where Ry = UBSFE{nBSngS}FHU[Z denotes the power of re-
ceived noise, Qs and Wy, are the downlink receive covari-
ance matrices for the SI and intended signal on the BS side, re-
spectively, defined as:

Qs = UBSFHSIA,eun qu eunHUH (49),
WUL = UBSFHUp.eun HLII_{J eunHU]g (50)9
where G = E{er,x[r,} Accordingly, the achievable rate

can be written as:

R, =R, +Ry, = logz‘ I

sum

+ RE:SWDL’ + log,| 1

(RBS + QBS)ilWUL (51).

The parameters are summarized in Table 1, where A is the
wavelength. It is assumed that the NLOS path between each
transmit and receive antenna pair is reflected by the point 0.

In Fig. 5, we investigate the SIC of each receiving RF chan-
nel versus the degrees of freedom f), reserved for traditional
digital precoding under the SoftNull scheme. We assume that
the antenna isolation is 0 dB and the URA spacing is 0.2 m,
which is 1.7 times the wavelength.

As can be observed, a decrease in f), corresponds to an in-
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Table 1. Simulation parameters of full-duplex massive MIMO system

Parameter Value
Bandwidth 100 MHz
Center frequency 2.595 GHz
Transmit power of base station 30 dBm
Transmit power of user 30 dBm

Number of base station antennas N,

Number of base station RF channels

=N,=6x8x2=96

Nip, = Ny, =32

70 ; ;
SoftNull
G — AB-JBPC!"
60 E
g
S sof 1
190}
x =]
o
8
Z 40 1
-
301 1
I \;
20g 16 24 32

Freedom for downlink, f;,

SIC: self-interference cancellation

Number of uplink users Ky, =2x4=8
Number of downlink users Ky =2%4=8
Antenna spacing along x-axis d,=d, =067r
Antenna spacing along y-axis d, =d, =052
URASs spacing d, =0.51
User spacing along x-axis dy, ., = dpgyn . = 2.6795m
User spacing along y-axis dy,, = dpgyn, = 2.6795m
Cross-polarization isolation Pypras = 25dB
Path loss factor n =292
Number of uplink channel multipaths Cyo =1Ly, =1L =1
Number of downlink channel multipaths ~ C,,, = 1, Ly, . = 1, Lp,,, = 1
Number of SI channel multipaths Cy=1,Ly, =1,Ly=1

URA: Uniform rectangular array

Achieved SIC/dB

L s

1234567 8 910111213141516 17 181920 2122 2324 2526 272829 30 3132

Received RF channel number

RF: radio frequenc SIC: self-interference cancellation

Figure 5. Impact of /), on SIC in received RF channels

crease in the SIC performance for each receive RF chain. This
is because a reduction in the degrees of freedom assigned to tra-
ditional digital precoding invariably increases the degrees of
freedom available for SIC, resulting in enhanced SIC perfor-
mance. Additionally, the SIC performance of different receive
RF channels fluctuates to varying degrees, since the design
goal of the SI suppression matrix is to minimize the total SI sig-
nal power rather than the SI signal power of each receiving RF
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Figure 6. Impact of /,, on total SIC

channel. In Fig. 6, we further investigate f}, versus the total SIC.
However, when we utilize the SoftNull scheme in the pro-
posed system architecture, the total SI channel power can be
suppressed by up to 64 dB as shown in Fig. 6, including a
path loss of 21 dB. The total SIC performance exhibits an in-
creasing trend with a decrease in the degrees of freedom used
for downlinks, similar to the SIC for each receive RF channel.
Compared with AB-JHPC"” with only transmit beamforming,
the proposed SoftNull scheme achieves higher SIC perfor-
mance when the reserved degrees of freedom are less than 24.
Accordingly, SoftNull can achieve different SI suppression
effects by changing the value of f}, within the proposed system

architecture. However, the degrees of freedom available for

180 - —
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Figure 7. Impact of /), on sum rate
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downlink traditional beamforming also change. We further in-
vestigate the impact of f), adjustment on the sum rate. Fig. 7
plots the relationship between f;, and the sum rate under Soft-
Null, along with a performance comparison of HD, ideal FD,
and AB-JHPC with only transmit beamforming.

It can be observed that the achievable sum rate increases
with the increase of f,. The maximum sum rate is improved by
16% compared with that of HD, when all available degrees of
freedom are used for traditional digital precoding. However,
the achieved SIC is only 21 dB from path loss, showing that
the SI power on the UL reception is higher than the received
desired signal power. It not only causes RF saturation of the
receiver but also induces harm to the receiver hardware. Thus,
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we should choose a reasonable value of f), to balance the trade-
off between the achieved SIC and the sum rate. In this way, a
higher sum rate can be achieved without saturating the receive
RF channels on the BS side.

In addition, the achievable sum rate is much smaller than
that of the ideal FD. This is because reducing f;, can enhance
SIC performance to improve the signal-to-interference plus
noise ratio (SINR) and achieve a higher uplink rate, while it
has a negative impact on the downlink rate. The uplink rate
gain achieved by enhancing SIC performance is unable to com-
pensate for the downlink rate loss. Thus, even when a certain
SIC is achieved, the sum rate is low.

To improve the performance of the proposed full-duplex mas-
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Figure 8. Impact of antenna isolation on sum rate

ZTE COMMUNICATIONS
December 2025 Vol. 23 No. 4

| 107



Research Papers | Full-Duplex Massive MIMO Self-Interference Suppression Based on Beamforming

ZHANG Boyu, ZHANG Ling, LI Zijing, SHEN Ying

sive MIMO system with large antenna arrays, antenna isolation
is used to further suppress the received SI, thereby enabling a
higher sum rate while enhancing the total SIC performance. Fig.
8 depicts the sum rate with different antenna isolation.

Increasing antenna isolation further reduces the received SI
signal, so that the uplink rate is improved. When more an-
tenna isolation is utilized, the sum rate increases under differ-
ent f;,. The received SI power is much smaller than the re-
ceived intended signal power. And the achieved sum rate is
higher than that of HD and approaches the ideal FD, when the
antenna isolation is increased to 50 dB and f}, = 32. The re-
sults with the sum rate are increased by 26.7% compared with
those using only the SoftNull algorithm, and 67% to 100%
higher than the HD.

As an increase in antenna isolation causes a corresponding
decrease in the received SI power, the received UL SINR is in-
finitely close to the received SNR. Thus, the sum rate under
SoftNull cannot increase linearly with the increase of antenna
isolation. The lower the received SNR, the smaller the total
SIC required to achieve the same rate situation.

The SIC performance and the sum rate can also be further
enhanced by increasing the spacing between the transmit and
receive URAs. Fig. 9 depicts the sum rate with different an-
tenna isolation when d, is increased to SA.

As can be observed, an increase in the distance between
transmit and receive URAs under the same antenna isolation
corresponds to an increase in the sum rate compared with that
in Figs. 8¢ and 8d. When the antenna isolation is 50 dB, the
sum rate can be increased by up to 54%, which is 90% to
100% higher than that of HD. The f,-dimensional subspace
found under the same available degrees of freedom and an-
tenna isolation is closer to the null space by increasing the dis-
tance of the transceiver URAs, which reduces the rank rlj.
Thus, the received UL SINR and the sum rate performance are
improved. It is necessary to reasonably select f}), antenna isola-
tion, and d, with the requirements when using SoftNull to
achieve SI elimination under the proposed system architec-
ture, so as to improve the sum rate while achieving the re-

quired SIC.

S Conclusions

In this paper, a structure for the FD massive MIMO commu-
nication system with multi-stream transmission, where one
transmit or receive RF channel is connected with three trans-
mitting or receiving antennas in the same polarization direction,
is proposed. This structure greatly reduces power dissipation
and cost. To avoid LNA saturation caused by SI signals, the
SoftNull algorithm based on transmit digital precoding is pro-
posed. In addition, the method of enhancing the SIC under the
algorithm is analyzed. We consider the method of antenna isola-
tion and increasing the distance between receive and transmit
URASs to improve system performance. Simulation results show
that the SoftNull algorithm can achieve SI suppression in the ar-
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Figure 9. Impact of antenna isolation on sum rate with transceiver
uniform rectangular array spacing of 5A

chitecture. Moreover, the method of joint antenna isolation and
increasing the distance between the transmit-receiver URAs
can further enhance system performance.
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Abstract: In recent years, microservice architecture has gained increasing popularity. However, due to the complex and dynamically chang-
ing nature of microservice systems, failure detection has become more challenging. Traditional root cause analysis methods mostly rely on a
single modality of data, which is insufficient to cover all failure information. Existing multimodal methods require collecting high-quality la-
beled samples and often face challenges in classifying unknown failure categories. To address these challenges, this paper proposes a root
cause analysis framework based on a masked graph autoencoder (GAE). The main process involves feature extraction, feature dimensionality
reduction based on GAE, and online clustering combined with expert input. The method is experimentally evaluated on two public datasets

and compared with two baseline methods, demonstrating significant advantages even with 16% labeled samples.
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1 Introduction
he cloud-native system deploys various types of sys-
tem instances, including network devices (e. g., rout-
ers, switches, and firewalls), servers, containers, mi-
croservices, middleware, etc. These system instances
generate diverse modalities of data, such as traces, logs, and
metrics, enabling comprehensive system monitoring from dif-
ferent perspectives. In the event of a failure in one or more sys-
tem instances of the cloud-native system, the failure gradually
propagates to parts or even the entire cloud platform, leading
to performance degradation or interruption and posing signifi-
cant risks to service stability!' "*. In order to promptly conduct
root cause analysis, operations personnel continuously gather
operational data like traces, logs, and metrics from each sys-
tem instance to solve failure events.
Traditional anomaly detection methods based on single-

-3 -9 and metrics!"" ',

modal data, such as traces logs
have been widely studied. Nevertheless, recent research ac-
knowledges that a more comprehensive understanding can be
achieved by integrating the information from all three modali-

ties (see Section 2.1 for details). This is attributed to their

This work was supported by ZTE Industry-University-Institute Coopera-
tion Funds under Grant No. HC-CN-20221123003.
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ability to offer a holistic perspective on the overall system sta-
tustL A failure in one instance of a cloud-native system can
propagate to other instances or even the entire system, poten-
tially leading to user dissatisfaction and revenue losses for ser-

1317 have also

vice providers. In recent years, some methods
been proposed to integrate multimodal data for more effective
root cause analysis results.

However, the practical application of multimodal intelligent
diagnosis still faces the following challenges:

1) Multimodal data often suffers from high-dimensional raw
data, leading to low-quality features. The high dimensionality of
raw data results in sparse data features and an excessive num-
ber of ineffective features, thereby impairing feature quality.

2) Most existing root cause analysis methods employ super-
vised learning, requiring a substantial number of labeled
samples for training. Since these models are trained on a lim-
ited set of samples from known failure categories, they will
achieve low F1 scores when classifying unknown failure cat-
egories in practice.

To address the limitations of existing methods, this paper
proposes a framework based on a masked Graph Autoen-
coder (GAE).

The main contributions of this paper are summarized as follows:

* To tackle the first challenge, we use a masked GAE for
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feature dimension reduction. GAE effectively mitigates the im-
pact of noise and compresses high-dimensional data into a
lower-dimensional space that better captures the essence of
the data.

* To address the second challenge, we have devised an on-
line streaming clustering and classification framework. Specifi-
cally, we employ a cosine similarity metric to diagnose fail-
ures based on feature vectors, resulting in several clusters.
These clusters are then presented to operations personnel,
who investigate and assign corresponding normal or failure
types to each cluster. This enables accurate identification of
failure categories, providing targeted troubleshooting guidance
for operations personnel, enhancing operational efficiency,
and simultaneously reducing the workload of expert feedback
annotations.

We conduct experiments on datasets collected from two
benchmark microservice systems. Our method is compared
with two industry-adopted approaches, demonstrating its effec-
tiveness and efficiency.

2 Background

2.1 Multimodal Data Description

Compared with data from a single
modality, the combination of multi-
modal data gains more valuable in-
sights and delivers a more compre-
hensive view of the overall system
status'"?, In this section, we provide
a detailed introduction to the defini-
tion of multimodal data. As shown
in Fig. 1, in cloud-native systems,
various types of instances such as

\

physical machines, virtual ma-

of the machine (e.g. CPU utilization and memory utilization),
and most of it is more complex fine-grained metric data. The
metric data in this paper refers to the second type of data.

Logs are a type of semi-structured text, produced by run-
ning programs and containing information such as timestamps,
verbosity levels, and raw messages. Generated by developers
using logging modules, they record the richest source data.
Therefore, operators can discover the causes of issues by ex-
amining the logs.

For microservice systems, traces are a critical type of moni-
toring data. Unlike logs or metrics that focus on individual ser-
vices, traces concentrate on interactions between services.

+75 was proposed, it has become an

Since distributed tracing'
important component of the microservice architecture. For
each user request, several microservices are called, and a
trace is formed to record the tree-like call dependencies be-
tween microservices and the time consumption of each call
node. Trace-based anomaly detection can detect anomalies in
system execution based on the structure of traces (e.g., miss-
ing service calls) and metrics (e.g., latency). Due to its ability
to better reflect the correlation between response times and
call paths, this method has been widely used.

<admin>10-54-8-111@node_cpu_usage

/\/\/\/\/\"\/"\/‘M\/\/\/\/\/\/\/\

<sec-uac>zte-sec-uac-policies@container_cpu_usage
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chines, containers, microservices,

and middleware coexist, generating

a vast number of metrics, logs, and L
0g

trace data.
Metric data is a type of time se-
ries data with specific significance

{"log":"\u0009ssl.provider = null\n","stream":"stdout", "time":"2023-12-
12T713:20:45.5243788137"}

{"log":"\u0009ssl.trustmanager.algorithm =
PKIX\n","stream":"stdout","time":"2023-12-12T13:20:45.5243875967"}
{"log":"\n","stream":"stdout","time":"2023-12-12T13:20:45.524392007Z"}

obtained through timed sampling, in
the format of (timestamp, value).
Service-level metric data is usually
a minute-level statistical metric at
the internet business level (e.g., the
number of online users of the ser- Trace
vice, the average service response
time for users), most of which are
seasonally smoothed metric data

used to reflect the quality and scale

Instance: frontend2-0

operation_name: hipstershop.hipstershop.Frontend/Recv.
TracelD: a749971b1c4dboba1c2d25437c09916e

SpaniD: 3c6b1e0f01e91248 Parent span: Root Span

duration: 66427(ms)
statuts_code: http 0

Instance: frontend2-0

operation_name: hipstershop.ProductCatalogService/GetProduct
TracelD: a749971b1c4db9b41c2d25437c09916e

SpaniD: ael1f84eflab23ae3 Parent_span: 3c6b1e0f01e91248

duration: 9853(ms)
statuts_code: rpc_0

Instance: productcatalogservice2-0

operation_name: hipstershop.ProductCatalogService/GetProduct
TracelD: a749971b1c4db9b41c2d25437c09916e

SpanliD: 8d12400332a4a5e8 Parent span: ael1f84eflab23ae3

duration: 7238(ms)
statuts_code: rpc_0

of services. Machine metric data is
usually a second-level statistical
metric that reflects the health status

Span

Figure 1. Multimodal data examples
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2.2 Challenges and Analysis

1) Challenge 1: extracting high-quality features from multi-
modal data. Multimodal data, due to its diverse sources, often
presents challenges such as high dimensionality and signifi-
cant noise. This paper utilizes a streaming peaks-over-
threshold (SPOT) algorithm“m to calculate thresholds for each
type of time series data and extracts two features: the degree
of deviation and the duration of anomalies in the time series
data, both calculated based on these thresholds. If the original
features are directly used as input, there is a challenge of ex-
cessive data noise and high dimensionality, significantly di-
minishing the accuracy of the root cause analysis model. To
address this challenge, the paper employs a GAE for feature
dimensionality reduction. GAE is chosen because it can miti-
gate the impact of noise, compressing high-dimensional data
into a lower-dimensional space that better reflects the essence
of the data.

2) Challenge 2: achieving more accurate classification re-
sults. Most existing methods rely on supervised learning, re-
quiring a large number of annotated samples for training. Ad-
dressing this challenge is particularly crucial for establishing
a robust and accurate failure classifier. Recent methods, such
as Eadro and DiagFusion, struggle to effectively classify un-
seen failure categories since the models are trained on limited
samples of known failure categories. Consequently, the lack of
sufficient training samples for newly emerging failure types
could lead to a degradation in classifier performance, hinder-
ing accurate failure predictions. To tackle this, we employ a
semi-supervised learning approach, where clustering is inte-
grated with annotations from operations personnel, and a map-
ping layer is maintained to form a closed loop. This contrib-
utes to enhancing the classifier’s generalization capability, en-
abling effective performance in novel failure scenarios.

2.3 Preliminaries

1) GAE"": It can reconstruct inputs given a context and has
demonstrated successful applications in prediction tasks and
graph clustering. GAE integrates graph neural networks
(GNNs) and autoencoders (AEs) to facilitate representation
learning and the reconstruction of graph data. The training
goal of GAE is to minimize reconstruction error, which mea-
sures the discrepancy between reconstructed and original
graphs. The earliest works, such as GAE and VGAE", take a
2-layer GCN as the encoder and dot product for link predic-
tion decoding. Subsequent GAE mostly adopts the structural
reconstruction (e.g., ARVGA!') following VGAE, or a combi-
nation of structural and feature reconstruction (e.g., MGAE!"®!,
GALA", and GATE") as their objectives. Inspired by Graph-
MAEP", we introduce masks into the traditional GAE design
and replace mean squared error (MSE) with softmax cross-
entropy (SCE) as the loss function to address the design short-
comings of GAE in graph representation learning.

2) Generative self-supervised learning

-l -I 2 ZTE COMMUNICATIONS
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Self-supervised learning extracts supervisory information
from a large amount of unsupervised data and constructs
pseudo-labels using inherent information of the dataset. In rep-

resentation learning, it holds significant potential to replace

21]

traditional supervised learning?. Contrastive learning has

dominated self-supervised graph learning, yet the success of

most such methods often relies on high-quality data augmenta-

21 Alternatively, training stability can be achieved

23 -24]

tion
through additional strategies' . Generative self-supervised
learning aims to recover missing parts of input data and recon-
struct the intrinsic features of the data, without relying on the

aforementioned factors.

3 Approach

In this section, we introduce our multimodal root cause
analysis framework. After processing multimodal data into
time-series data and generating a topological graph, we em-
ploy a generative graph autoencoder to perform masked encod-
ing on graph data to obtain high-quality features. Subse-
quently, we cluster the features, and experts label the result-
ing clusters. A mapping layer corresponding to the labeled
clusters is then generated, forming a closed-loop root cause
analysis system. This framework is primarily divided into
three parts: SPOT threshold-based feature extraction, genera-
tive GAE training, and clustering with expert labeling. To ad-
dress challenge 1, we utilize a masked graph autoencoder to
extract high-quality feature vectors. For challenge 2, we de-
sign an online streaming clustering classification method. Af-
ter clustering, experts label and generate a mapping layer,
where each label corresponds to a failure cause for each clus-
ter. Our framework is illustrated in Fig. 2.

3.1 Feature Extraction

3.1.1 Data Preprocessing

In multimodal data processing, we standardize the logs, met-
rics, and invocation chain data of the cases into time-series
data. Metrics are inherently time-series data that require no
additional processing.

Log data processing is based on the existing method
Drain3'*". Drain is an online real-time log parsing method that
utilizes a fixed-length tree model, commonly used for extract-
ing log templates. It transforms unstructured log information
into structured log templates and template parameters. This
part of the work involves two main aspects of log processing.
First, regular expressions are used for masking in Drain. They
are primarily employed to mask frequent occurrences such as
IP addresses, dates, URLs, port numbers, and IDs. Frequent
occurrences of these elements may cause the Drain model to
mistakenly consider them as template constants when, in real-
ity, they are template parameters. Second, to present the tem-
plates more concisely, consecutive masked parameters are
merged into one. Due to the large and heterogeneous nature of
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Figure 2. Framework of proposed multimodal root cause analysis method

the collected historical log data, there is a risk of significant
noise in the extracted templates. Many templates, such as “re-
quest starting http/2 post <*> application/grpc”, may interfere
with root cause analysis. To mitigate this situation, it is neces-
sary to filter the extracted log templates. For example, in the
2022 AlOps Challenge dataset, this work filters out log tem-
plates containing useful information, such as “severity: info
message: <*>”, “severity: debug message: <*>", “severity: er-
ror message: <*>", “severity: warning message: <*>" and
“file <*> line <*> in <*>". Noise templates like “request start-
ing http/2 post <*> application/grpc” are uniformly defined as
an “other” template.

Based on preliminary research and analysis of actual fail-
ure cases, this paper observes that different categories of fail-
ures result in significant differences in the types and frequen-
cies of log entries. For example, log entries with templates
like “file <*> line <*>in <*>" may only be recorded during
certain failure scenarios, while templates like “severity: warn-
ing message: <*>" may be extensively recorded in specific
types of failure cases. Based on this observation, each log
template is treated as a type of time-series data, and the fre-
quency of appearance per minute is recorded as a numerical

value. This transforms logs into time-series data for subse-
quent processing.

For call chain data, the focus is primarily on the call la-
tency, call frequency, and returned status codes recorded. To
unify it into time-series data, we first aggregate the call chains
by microservice instances. We then calculate the count and
average latency per minute for each execution segment. Subse-
quently, we filter out abnormal return status codes (such as
rpc_9 and http_13) and record the frequency of each type per
minute. This yields time series data derived from the call
chain data.

3.1.2 Feature Extraction Based on SPOT Dynamic Thresholds
We utilize the SPOT algorithm based on extreme value
theory to compute thresholds and subsequently calculate
anomaly scores for the windowed data of each metric. This ap-
proach effectively filters out irrelevant metrics without anoma-
lies while extracting root cause features for anomalous met-
rics. Initially, historical data from all instances within the
same microservice system over the past day are collected. The
SPOT algorithm is applied to the entire dataset for initializa-
tion, calculating thresholds for each metric. Each instance
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then uses the corresponding metric threshold during subse-
quent anomaly score calculations. Two types of anomaly
scores are defined in this paper: deviation severity and time-
weighted abnormal duration scores, which measure the degree
of metric deviation from normal values and the time-weighted
duration of abnormalities, respectively.

1) Deviation severity score: It measures the dimensionless
deviation of an indicator from its normal value. A higher value
indicates a higher degree of anomaly, suggesting a higher
probability of the indicator being relevant to a failure cat-
egory. The calculation for deviation severity is shown in Eq.
(1), where T represents the duration of the failure, ¢ represents
a specific moment within the failure duration, x, represents the
indicator value at time ¢, and z, represents the SPOT threshold
for that indicator.

xl_ q

|

2) Time-weighted abnormal duration score: Based on the

(1).

Score = max
teT

max (O,

Z([

analysis of historical failures and empirical findings, indica-
tors relevant to failure categories exhibit two characteristics in
the time dimension: longer abnormal durations and earlier
anomaly occurrences. Hence, abnormal duration is incorpo-
rated as a feature. Additionally, to highlight the universality of
the empirical observation that earlier anomalies are more
likely to be root cause indicators, time weighting is incorpo-
rated into the calculation of the abnormal duration score. The
feature is defined in Eq. (2), where T represents the failure du-

ration, ¢. . . the moment of failure occurrence, ¢ is the moment

> Vinject
within the failure duration when the indicator value exceeds
the corresponding SPOT threshold, vy is the time-weighting dis-

tribution exponent (with a default value of 1 assumed in this

paper), and [ represents the time gap between two consecutive
data records of the indicator.

1

teT
(‘t - tinjeot

;

3.2 GAE-Based Feature Dimensionality Reduction

Duration = z x [ (2).

The network architecture of the graph autoencoder selected
in this paper is illustrated in Fig. 3.

Details regarding model inputs, outputs, and the computa-
tion process are as follows:

1) Model input: Each feature vector of microservice in-
stances obtained through feature extraction and the graph fea-
ture samples constructed from the topology graph are used as
the model inputs.

2) Masked feature reconstruction: Inspired by Graph-
MAE™", we adopt a masked autoencoder. Actually, the idea of
employing masking as the corruption strategy in masked auto-
encoders has found wide applications in computer vision (CV)
and natural language processing (NLP). Formally, we sample a
subset of nodes 7 C v and mask each of their features with a
token [MASK], e.g., a learnable vector %, 3 The node feature %,
of vev in the masked feature matrix X can be defined in

Eq. (3).

‘ (3).

X, V; &V

The objective is to reconstruct the masked features of nodes
in # given the partially observed node signals X and the input
adjacency matrix A.

3) SAGEConv layer: This layer computes the vector repre-
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sentation of each instance in the topology graph by aggregat-
ing information from neighboring instances. The computation
process is expressed in Egs. (4) and (5). Here, i denotes the in-
stance node to be computed, N, represents the set of neighbor-
ing instances of the instance node i, and “aggregate” denotes
the aggregation method for neighboring instances; h!*' is the
({+1)-th feature vector representation for instance node i.

Rl = aggregate({h}, Vje Ni}) (4),

Rt = U(W . concat(hf,hf\,f])) (5).

4) Scaled cosine error: It is adopted in our framework in-
stead of MSE used by existing GAE models to tackle imbal-
ance between easy and hard samples during reconstruction.
The intuition is that we can down weight easy samples’ contri-
bution in training by scaling the cosine error with a power of
v = 1. Formally, given the original feature X and the recon-

structed output Z =fD(A, ﬁ), SCE is defined in Eq. (6):

1 x!z.
Ly, = E z (1 = ),y =1 (6),

e CI N &

which is averaged over all masked nodes. The scaling factor y
is a hyper-parameter adjustable over different datasets. This
scaling technique can also be viewed as adaptive sample re-
weighing, and the weight of each sample is adjusted with the

reconstruction error. This error is also known in supervised ob-

: i

| i
Distance < threshold *>| -

: ;

i
Distance | = = =  |Bremsmmeeee—
calculation

A !_ ____________

Vector of

a new case

ject detection as the focal loss.

3.3 Online Clustering

As shown in Fig. 4, to accurately identify failure categories
and facilitate targeted troubleshooting for operations person-
nel, an online clustering process is designed based on the fea-
ture vectors previously obtained. The main components of the
process include distance measurement, maintenance of cluster
center sample caching, and mapping of clusters to failure cat-
egories based on expert feedback. This method does not re-
quire continuous attention from operations personnel; instead,
only when new categories appear in the cluster cache, they are
required to be annotated, improving operational efficiency
while reducing the workload of expert feedback annotations.

The maintenance strategy for cluster center sample caching
is as follows: If the current sample is assigned to a cluster
where the number of center samples is less than the buffer
limit (set to 5 in the algorithm), it is directly added to the
cache; otherwise, the algorithm compares its distance with the
existing samples in the cluster center cache. If the distance is
smaller, it replaces the sample with the largest distance from
the cluster center in the cache; otherwise, there is no need to
update the cluster center sample cache.

To ensure more precise classification results and meaning-
ful clusters, we introduce a mapping of clusters to failure cat-
egories based on expert feedback in the process. This involves
experts labeling each cluster and maintaining a mapping layer
from cluster categories to failure categories.

For each input failure to be detected, if its clustering result
maps to a known failure category, the failure category can be

Report

2
I

Category
M
P

Cluster center sample caching

Figure 4. Online clustering process
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directly output as the diagnostic result. If it belongs to an un-
known failure category, a new cluster is created, reported to
the operations personnel for failure category labeling, and the
cluster center sample cache and mapping layer are simultane-
ously updated according to a predefined strategy.

4 Experiment and Evaluation

In this section, we evaluate the performance of our frame-
work with the following research questions (RQs):

* RQ1: How effective is our framework in multi-modal root
cause analysis?

* RQ2: How effective is the improvement of the model’ s
performance with multimodal data and the use of GAE?

4.1 Experimental Setup

1) Datasets

This paper evaluates the performance of the method for mi-
croservice systems using two datasets: 22AI0ps (we define it
as D1) and 21AIOps (D2).

D1 is derived from the 2022 AlOps challenge, focusing on
“failure identification and classification in microservice archi-
tecture e-commerce systems”. The dataset was adapted by the
organizers based on the open-source HipsterShop from
Google, simulating a microservice architecture in an e-
commerce system. The system comprises 10 microservices,
each deploying 4 instances. Each microservice has its corre-
sponding container monitor, and the deployed virtual ma-
chines have associated monitoring data. The failure scenarios
in this dataset are derived from real system failures and are re-
played in batches. To collect failure records, operators con-
ducted a failure replay in the system for several days in May
2022. The recorded failures were then labeled with their re-
spective actual root cause instances. Injected failures repre-
sent five common failure types identified in the industry, i.e.,
CPU-related, memory-related, Java virtual machine (JVM) -
CPU-related, JVM-memory-related, and input/output (I10)-re-
lated failures, with corresponding annotations for injected fail-
ure root causes. The dataset consists of 174 microservice-level
failure cases, which are divided into training and testing sets
with a ratio of 8:2.

D2 is sourced from the 2021 AIOps Challenge, focusing on
“real-time failure detection and root cause localization in com-
mercial bank application systems in cloud environments”.
This dataset is generated by simulating real applications from
two large commercial banks. The system includes 9 microser-
vices, each deploying 2 instances. Similar to the 2022A10ps
dataset, the injected failures represent five common failure
types with corresponding root cause annotations. The dataset
comprises 159 microservices-level failure cases, which are di-
vided into training and test sets with a ratio of 8:2. The details
are shown in Table 1.

2) Baselines

-l-lé ZTE COMMUNICATIONS
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We compare our framework with two baselines: Cloud-
RCA" and DiagFusion"” . They both use GNNs to capture
and learn the topological features of microservices. Diagku-
sion integrates and processes traces, logs, and metrics from
multiple sources, transforms them into structured events, gen-
erates unified embeddings for diagnosis, and learns from his-
torical failure cases to identify root cause instances and failure
types. CloudRCA""" uses both metrics and logs. It uses the PC
algorithm to learn the causal relationship among anomaly pat-
terns of metrics, anomaly patterns of logs, and types of failure,
and constructs a hierarchical Bayesian network to infer the
failure type.

3) Evaluation metrics

We use Precision, Recall, and F1-Score as our evaluation
metrics, which are defined as follows. Taking the failure type
“A” as an example: True Positive (TP) represents the frame-
work correctly predicts the presence of a fault. False Positive
(FP) indicates the model incorrectly identifies a fault as type
A when the real cause is type B. False Negative (FN) refers to
cases where the model fails to classify a fault as type A when
the real cause is type A. Precision represents the proportion of
actual positive samples among those predicted as positive; Re-
call indicates the proportion of actual positive samples among
all positive samples in the entire dataset; F1-Score combines
Precision and Recall, with values ranging between 0 and 1,
where a higher value indicates better classification perfor-
mance of the model.

.. _ 1 N TPL
Precision = N X ziz lm X num; (7).
1 N TP,
Recall = N X Zi: lm X num, (8)7

1 y 2 X Precision, X Recall,
Fl—Score=NX2 X num

i=1 Precision; + Recall,

4.2 Experimental Results
1) RQ1: How effective is our framework in multi-modal root

Table 1. Datasets’ details

D1 D2
Dataset Training Testing Training Testing
Set Set Set Set
Number of failure Cases 139 35 127 32
Number of system microservices 10 9
Number of microservice instances 20 18
Number of involved failure cate- 5 5

gories
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cause analysis?

We compare our framework with two baselines: DiagFusion
and CloudRCA. The results are shown in Table 2, where both
DiagFusion and CloudRCA show poor precision and recall
performance, which can be ascribed to the utilization of datas-
ets with low label ratio. They demand a substantial quantity of
well-labeled failure cases for effective training; otherwise,
achieving satisfactory performance will be difficult. Further-
more, DiagFusion has a specific constraint that the number of
output neurons must be equal to that of nodes in the system.
This limits its applicability in scenarios where the number of
nodes dynamically changes, such as in systems with dynamic
scaling or evolving architectures. CloudRCA, by contrast,
uses only metrics and log data (trace modality is not in-
cluded). Moreover, CloudRCA uses the PC algorithm, which
infers causal relationships and learns graph structures based
on observational data. This approach usually requires suffi-
cient sample data for conducting conditional independence
tests and inferring causal relationship inference; a lack of
such data will reduce the accuracy of failure diagnosis.

The experimental results show that our framework has good
performance for complex datasets in practice. Our method
adopts GAE, which can alleviate the influence of noise by
compressing high-dimensional data into a lower-dimensional
space that more effectively captures the essence of the data.
Moreover, it does not rely on supervised learning methods,
eliminating the need for a large number of labeled samples for
training. This contributes to the stability of our performance.

In addition, we utilize t-Distributed Stochastic Neighbor
Embedding (1-SNE) to reduce the dimensionality of feature
vectors for classification, aiming to observe the distribution of
feature vectors for the same failure type, as shown in Fig. 5. Tt
can be seen that the failure category distribution of the D2 da-
taset is more concentrated than that of the D1 dataset. When
the distribution of feature vectors is more concentrated, the
overlap between categories decreases, allowing classifiers to
differentiate more easily between different categories based
on the values of the feature vectors. This explains the reason
why both baselines perform better on the D2 dataset than the
D1 dataset.

2) How effective is the improvement in the model’ s perfor-
mance achieved by using multimodal data and GAE?

As mentioned above, we use three types of data along with

t-SNE visualization
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Figure 5. T-SNE visualization of feature vector distribution for the same

GAE. In this RQ, we will verify the effect of the main parts of failure type
Table 2. Comparison of proposed framework with two baselines
Dataset D1 D2
Approach Precision Recall F1-Score Labeled Ratio Precision Recall F1-Score Labeled Ratio
DiagFusion 0.955 0.239 0.382 0.161 0.879 0.424 0.572 0.163
CloudRCA 0.160 0.154 0.191 0.161 0.382 0.367 0.361 0.163
Our method 0.833 0.879 0.851 0.161 0.839 0.824 0.824 0.163
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Table 3. Verification of main part of proposed framework without trace
data, metric data, log data, or GAE

Dataset 22 AlOps Dataset
Approach Precision Recall F1-Score
OM w/o trace data 0.733 0.799 0.754
OM w/o log data 0.710 0.747 0.713
OM w/o metric data 0.256 0.506 0.340
OM w/o GAE 0.738 0.678 0.625
OM 0.833 0.879 0.851

GAE: graph autoencoder ~ OM: our method

the framework on its effectiveness, by removing race data, met-
ric data, log data, and GAE. The results are shown in Table 3.

The experimental results indicate that each modality of data
contains certain failure category information, with the metric
data being the most information-rich. Therefore, the combined
use of metrics, logs, and call chain data for root cause analysis
can significantly enhance the effectiveness of this task. The re-
sults also demonstrate that the use of graph autoencoders for
dimensionality reduction has the most pronounced impact on
model performance, validating the capability of this module to
mitigate the influence of noise and compress high-dimensional
data into a lower-dimensional space that better reflects the in-
trinsic nature of the data.

5 Related Work

Previous anomaly detection approaches are usually based
on system logs'® %, KPTs!"" "2 or both®"! targeting traditional
distributed systems without complex invocation relationships.
Recently, combining multimodal data to conduct root cause
analysis has drawn increasing attention. PDiagnosis'” com-
bines metrics, logs, and traces to identify root causes. It em-
ploys lightweight anomaly detection across all three modalities
to detect anomalous patterns. Based on a voting strategy, it se-
lects the component with the most severe anomalies as the
root cause. CloudRCA!7, using both metrics and logs, em-
ploys the PC algorithm to learn the causal relationships among
anomaly patterns of metrics, anomaly patterns of logs, and
types of failure.It then constructs a hierarchical Bayesian net-
work to infer the failure type.

In recent years, there has been a growing trend of using
GNNs to capture and learn the topological features of mi-
croservices. Eadro'"® unifies multimodal data into vectors and
performs joint training for both anomaly detection and root

131 on the other hand, unifies

cause localization. DiagFusion
multimodal data into events, generates unified embedding rep-
resentations, and identifies root cause instances and failure
types by learning from historical failure cases. However, both
methods share a limitation: they require a large number of
high-quality labeled failure cases for method training; other-
wise, it is difficult to achieve good performance.

-|-|8 ZTE COMMUNICATIONS
December 2025 Vol. 23 No. 4

6 Conclusions and Future Work

This paper primarily investigates a root cause analysis
method for microservice systems based on a masked graph
auto-encoder. It first introduces the background and practical
application value of root cause analysis in microservices sys-
tems. Subsequently, it reviews the current domestic and inter-
national state-of-the-art research on the topic and outlines the
contribution of this paper. The proposed method consists of
three key components: feature extraction based on the SPOT
threshold, feature dimensionality reduction using a masked
graph auto-encoder, and online clustering combined with ex-
pert feedback. Based on the designed workflow, this paper
conducts specific experiments, validates the results, and ana-
lyzes the outcomes. It demonstrates the effectiveness of the
proposed method for microservice systems based on a masked
graph auto-encoder in root cause analysis tasks, showcasing
certain advantages over various baseline methods. Neverthe-
less, the design of our method can be further improved in the
following areas:

* The experiments in this paper evaluate the effectiveness
of the root cause analysis method on the datasets of the AIOps
Challenge in 2021 and 2022. However, its effectiveness has
not been validated in large-scale production environments
with microservice systems.

* This paper transforms logs and call chains into time se-
ries data for the fusion of multimodal data. However, it does
not consider the mutual influence between multimodal data.
The method simply converts multimodal data inputs into a uni-
fied form. How to organically integrate multimodal data and
simulate the propagation of failures between data modalities is
a future research direction.
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