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Abstract—Cooperative uplink multi-base station (BS) reception
has emerged as a promising technology to enhance received signal
strength and improve wireless spectral efficiency. However, real-
izing the potential performance gains remains challenging due to
substantial communication overhead among cooperative BSs and
excessive delays in channel state information (CSI) feedback. This
paper investigates a CSI feedback-free mechanism that leverages
time-invariant physical layer parameters to facilitate cooperative
BS reception within a fully-decoupled radio access network (FD-
RAN). First, given the dynamically changing characteristics of the
wireless environment, we employ conditional variational autoen-
coder (CVAE), a state-of-the-art generative artificial intelligence
(GAI) approach, to generate location-specific representative chan-
nels for calculating CSI feedback-free transmission parameters.
Subsequently, to maximize the throughput of user equipment (UE),
a diffusion model-based deep reinforcement learning (DRL) frame-
work is proposed for jointly selecting cooperative BS reception sets
and precoding schemes, utilizing the representative channels gen-
erated by CVAE. Extensive simulations conducted on a link-level
simulator demonstrate that the proposed CSI feedback-free mech-
anism for cooperative multi-BS reception can effectively improve
spectrum efficiency by 17.3%, which provides a promising design
principle for the development of sixth-generation (6G) wireless
networks.

Index Terms—Cooperative BS reception, feedback-free
transmission, FD-RAN, variational encoder, generative Al.

1. INTRODUCTION

ITH the growing demands for enhanced spectral effi-
W ciency and network capacity in wireless access systems,
cooperative multi-base station (BS) reception is increasingly re-
garded as a pivotal technology to facilitate user-centric services
for next-generation wireless networks [1], [2], [3]. Compared
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to traditional point-to-point cellular systems in Long Term Evo-
lution (LTE) and fifth-generation (5G) mobile networks, coop-
erative multi-BS reception transforms interference signals from
neighboring cells into useful signals, demonstrating significant
enhancement in the received signal strength without increasing
the total transmit power [4]. However, the performance gains
achieved through multi-BS reception necessitate frequent ex-
changes of real-time channel state information (CSI) among co-
operative BSs, thus resulting in substantial communication over-
head [5]. Additionally, due to the variation in wireless conditions
across different BSs, the instantaneous CSI measured by the BSs
with large feedback delay would become outdated, failing to
accurately reflect the real-time channel status and significantly
impairing the overall performance of multi-BS reception [6].
Furthermore, when determining the cooperative BS reception
set for each user equipment (UE), the computation complexity
increases exponentially with the number of participating BSs,
making it computationally prohibitive to dynamically reconfig-
ure BS reception set based on real-time channel status [7].

To alleviate the communication and computational overhead
of cooperative multi-BS reception, long-term channel statistics,
such as covariance matrix [8] and large-scale fading (LSF)
coefficient [9], have been extensively exploited to derive the
ergodic rate expressions and calculate the cooperative BS set.
Although these statistical CSI-based schemes can theoretically
obtain the capacity upper bounds of multi-BS reception, they
fail to capture essential real-time link adaptation metrics such
as the precoding matrix indicator (PMI), rank indicator (RI),
and channel quality indicator (CQI) for practical physical layer
transmission [10]. Moreover, as LSF conditions evolve over
time, the cooperative BS set needs to be frequently recomputed,
leading to substantial overhead and limited scalability. Recently,
a CSI feedback-free transmission mechanism, introduced by
the fully-decoupled radio access network (FD-RAN) [11], [12],
[13], has emerged as a promising solution for efficient and
flexible multi-BS coordination. Different from traditional CSI
feedback mechanisms or methods relying on statistical channel
information, the FD-RAN employs fixed PMI, RI, CQI, and
cooperative BS set predetermined from the UE’s geographic
position. This feedback-free design effectively mitigates the
computational burden associated with real-time CSI processing,
and overcomes the inherent limitation of statistical CSI in link
adaptation parameter design [14], [15].

However, despite the adoption of fixed physical layer trans-
mission parameters in the feedback-free FD-RAN mechanism

1536-1233 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Waterloo. Downloaded on April 07,2026 at 16:13:24 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-6549-8917
https://orcid.org/0000-0001-6341-4698
https://orcid.org/0000-0002-3729-1812
https://orcid.org/0009-0003-9288-8931
https://orcid.org/0000-0002-2021-4570
https://orcid.org/0000-0002-4140-287X
mailto:haibozhou@nju.edu.cn
mailto:tianqizhang@smail.nju.edu.cn
mailto:xinzhang@nju.edu.cn
mailto:xinzhang@nju.edu.cn
mailto:yunting.xu@ntu.edu.sg
mailto:chenjch02@pcl.ac.cn
mailto:sshen@uwaterloo.ca

6802

to substantially reduce cooperative overhead for uplink multi-
BS reception, the determination of static transmission param-
eters remains challenging due to the dynamically changing
wireless environment [16], [17]. In particular, under rapidly
varying channel conditions with significant stochastic fluctu-
ations across different time subframes, inappropriate physical
layer parameters may lead to an elevated transmission bit error
rate (BER) [18]. Recent revolutionary advances in generative
artificial intelligence (GenAl), such as generative adversarial
networks (GANSs), variational autoencoders (VAEs), and dif-
fusion models, have demonstrated remarkable capabilities in
characterizing dynamic environmental features [19], [20], [21].
By fitting the distribution of historical channel data, GenAl
models are capable of generating a time-domain representa-
tive channel [22], which can be utilized for the calculation of
fixed physical layer transmission parameters and cooperative BS
sets. Compared to traditional statistical model-based methods,
representative channels generated through GenAl models offer
improved adaptability to dynamic channel characteristics across
different subframes, thereby providing an effective solution for
computing CSI feedback-free transmission schemes in FD-RAN
and enhancing the overall performance of feedback-free multi-
BS transmissions [23], [24], [25].

Motivated by the feedback-free FD-RAN architecture and
the superior generation capability of GenAl model, this paper
aims to design a scalable uplink multi-BS reception scheme that
maximizes UE throughput while reducing the communication
and computational overhead induced by real-time CSI feedback.
Specifically, we employ GenAl to capture the underlying chan-
nel distribution based on historical channel data collected from
multiple transmission subframes. The well-trained GenAI model
then synthesizes location-specific representative channels that
closely match the statistical characteristics of the historical CSI
data. Based on these representative channels, fixed physical-
layer parameters, including PMI, RI, CQI, and cooperative BS
selection, are computed offline to predefine the precoding ma-
trix, number of MIMO streams, modulation and coding scheme
(MCS), and BS set within the FD-RAN architecture. These pa-
rameters are consistently applied across all transmission periods,
thereby eliminating the substantial overhead associated with
real-time CSI feedback. The main contributions of this paper
are summarized as follows:

® We propose a conditional VAE (CVAE)-based GenAl

model to synthesize location-specific representative chan-
nels that match the distribution of historical channel data.
These synthesized channels are utilized to compute CSI
feedback-free transmission schemes for cooperative up-
link multi-BS reception, enabling effective adaptation to
temporal channel variations.

® We develop a deep reinforcement learning (DRL) frame-

work to jointly select cooperative BS sets and precoding
matrices for each UE location, thereby reducing the com-
plexity of multi-BS coordination and avoiding intensive
computational overhead.

® To enhance the effectiveness of the DRL proposed frame-

work, we employ a diffusion model to generate ap-
proximate precoding matrices and MIMO streams across
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different BS sets in the spatial domain, thus improving the
overall performance of cooperative multi-BS reception.

e Simulation results based on the comprehensive Vienna
Link-Level Simulator [26] demonstrate that the proposed
feedback-free uplink multi-BS reception scheme signifi-
cantly improves spectral efficiency by 17.3%.

The remainder of this paper is organized as follows. Section II
reviews the related work. Section III introduces the system
model. Section IV details the solution. Simulation results are
provided in Section V. Finally, Section VI concludes the paper.

II. RELATED WORK

Cooperative multi-BS reception enables multiple distributed
BSs to coherently aggregate UE signals, thereby enhancing
the received signal strength without increasing the UE trans-
mit power [27]. Extensive research has been conducted on
leveraging multi-BS coordination to improve spectral efficiency
and network capacity. For instance, Ngo et al. [28] evaluated
the achievable throughput of 5G small-cell and multi-BS co-
ordination within massive MIMO systems, demonstrating that
the coordinated architecture yields several-fold performance
gains over conventional small-cell deployments. In the context
of cooperative multi-BS reception, Bjornson et al. [29] de-
rived analytical expressions for uplink spectral efficiency using
centralized minimum mean square error (MMSE) combining
technology. Although the centralized coordination can achieve
optimal performance, it introduces high complexity and heavy
fronthaul burden due to the involvement of all BSs. To alleviate
this situation, cooperative BS sets were introduced in [30] to
mitigate the complexity by limiting the number of active BSs,
significantly reducing coordination overhead at the cost of a
slight performance loss in spectral efficiency.

However, realizing the performance gains of multi-BS recep-
tion relies critically on real-time CSI feedback. In current 5G
networks, where CSI is typically updated every 1 ms [31], com-
puting physical layer transmission parameters based on instan-
taneous CSI imposes substantial communication and computa-
tional overhead, particularly in scenarios involving more exten-
sive BS cooperation. Recent research has focused on exploiting
statistical CSIinstead of real-time feedback for BS coordination.
Shi et al. [32] proposed a statistical channel gain matrix-based
framework to maximize ergodic sum-rate of multi-BS reception.
Similarly, Wang et al. [33] developed closed-form expressions
for achievable SINR and optimal precoding scheme leveraging
statistical channel correlations. However, such statistical CSI
approaches inherently face challenges in accurately determining
practical link adaptation parameters, such as the number of
MIMO streams and MCS. Additionally, Jiang et al. [34] ex-
ploits large-scale fading coefficients to opportunistically select
a subset of BSs based on an average channel gain threshold.
Nevertheless, due to the dynamic nature of large-scale fading,
the cooperative BS set requires periodic recalculations, thus in-
troducing additional computational and coordination overhead.

Depart from statistical CSI-based approaches, recent studies
have investigated the use of advanced Al techniques to determine
fixed physical layer transmission parameters [35], [36], [37].
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Wang et al. [38] proposed a deep learning-based radio map that
directly maps user locations to beamforming vectors, which
effectively eliminates the requirement for instantaneous CSI
acquisition. Liuetal. [39] introduced a VAE-based GenAl model
that generates time-domain representative precoders by learning
from historical channel data, enabling robust adaptation to tem-
poral channel dynamics. Furthermore, Liu et al. [23] employed
a vector-quantized VAE (VQ-VAE) and a conditional diffusion
model to generate representative channels from user location
embeddings, supporting both single-BS and multi-BS coopera-
tive transmission scenarios. Simulation results demonstrate an
improvement of more than 10% in spectral efficiency over con-
ventional statistical CSI-based precoding schemes. Nonetheless,
while GAl-based methods have exhibited superior adaptability
to time-varying channels, existing studies still fall short of
providing a comprehensive physical layer design, particularly
with respect to the joint determination of MIMO streams, MCS,
and BS sets for cooperative multi-BS reception.

III. SYSTEM MODEL

In this section, we introduce the channel model and present
the overall process of cooperative multi-BS reception within the
context of the CSI feedback-free mechanism.

A. Three-Dimensional Channel Model

In this paper, the UE wireless signal propagation is modeled
in a three-dimensional (3D) space. Compared with traditional
two-dimensional channel models, the 3D channel model takes
into account the effects of signal propagation in both horizontal
and vertical directions, thereby more accurately characterizing
the propagation properties in real-world environments [40].
Consider that the UE is equipped with Ny, transmitting antennas
and the uplink base station (UBS) is equipped with Ny, receiving
antennas, with the distance of adjacent antennas denoted as dyj.
Define the set of UEs as Z = {1, ..., I} and the set of UBSs as
U ={1,...,U}.Fordifferent subcarriers k € K = {1,..., K}
on orthogonal frequency division multiplexing (OFDM) sym-
bol s € S ={1,...,S}, the channel matrix H;" € CNn*Nu
between UE 7 € 7 and UBS v € U is represented7as:

i o Pi-’fi’p J(ep P+ 2k P B, ) w,p P
Hlas = Z K e Koke T apg (Qsai » Pel )
p=1

allp (6. 0 ) Wk € K.Vs € S,Vi € TVu €U,
(1)

where N, represents the total number of channel propagation
paths between UE ¢ and UBS u. B,, denotes the transmission
bandwidth. p;" (", ¢} "* and 77" represent the power, phase,
and delay of the p-th path, respectively. aps(¢a;”, oy”) and
ayg( wp, (bzip ) are the array antenna responses of the UBS and
UE, where d)}fz/ “P and gb:l/ P represent the azimuth angle
and elevation angle, respectively. The mathematical expression
of the array antenna response for the UBS is defined as:

aps (Gn"s Ga”) = Az (D Ga”) @ Ay (03,7, 0a) s (2)
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Fig. 1.

Cooperative uplink base station reception in FD-RAN.

in which ® denotes the Kronecker product. a,(-) and a,(-)
represent the horizontal and vertical array impulse response
vectors for the UBS, respectively. Assume that the horizontal
antenna number of the UBS is /N7 and the vertical antenna
number is Na, a,(-) and a,(-) are expressed as follows:

8 (07, 047) = [1, e/ dnsin(657) con(i?)

az el - )

: ,ejQ”dHWl*l)Sin(¢:*)c0s<¢;:vp)}T7
(3)
a, (pLP, p4?) = [1,ej27rdHsin(¢é‘l‘p)sin(¢;,p)’
: ,eﬂ”dHW’-’—l)Sin(¢5"‘“)sin<¢;;*’>]T
(4)

Note that the calculation for the UE array antenna response
app (¢, o) in (1) follows the same procedure as that in
(2)-4).

B. Cooperative Uplink Reception

For multi-stream data transmission in MIMO-OFDM system,
define s, , € C**! as the L;-stream transmit data and y,"; €
CNox1 ag the signal from UE i to UBS w at the k-th subcarrier
on s-th ODFM symbol, which can be expressed as:

Sz,s = [8;@,5[1]’ teey 5;«:75[[’1']}’11 ’ (5)
7,U iU T
{yk),s[l]’ e 791@’,5[er}} . (6)

Since the number of independent spatial streams is limited by
the rank of the channel matrix [41], the data streams L; should
not exceed the minimum number of the UBS receive antenna
Nix and the UE transmit antenna N [42] as:

1 SL’L Smln(Ntx,er),Vl S (7)
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As shown in Fig. 1, different UBSs will jointly receive the signal
from a UE and the cooperative UBS reception set for UE 1 is
defined as U{;. We use a binary variable z; ,, to denote the con-
nected association between UE ¢ and UBS u. x; ,, = 1 indicates
that UE i is connected to UBS « and x; ,, = 0 otherwise, which
are represented as:

1 if UE‘is connected to UBS u,
Tiu = . 3
’ 0 otherwise
Define X; ,, € CNoxNex ag:
Xiw =N, Vie T uecl, 9)

we can obtain the following joint multi-BS uplink received signal
for UE i:

y;cls XZ-JHL’}S X, 1n21s
. Do Wit b

1,U
yk,s

yi €CNiNmx1 cC Ni Nixx Nig

M i N,; Nrxx1
XiHj, ni eCNiNx

(10)

where HZZ € CNo*Nu is the channel between UE 7 and UBS u
at the k-th subcarrier of OFDM symbol s. W; € C™No*Li is the
precoding matrix used by UE z' to map L;-stream transmit data
S} s into Ny, antenna ports. n]g ~CN(0,0%1y,) € CNoxl g
the received additive white Gaussian noise (AWGN) with the
covariance matrix denoted as o?I_. For UE 4, the number of
UBSs that cooperatively receive the UE signal is indicated by

N; = |U;|. Define X; € CNiNoxNilNo and H, < C NiNox Now
as:
X; = diag ([X;1,..., X00]) s (11)
L= |HELLL HkU}T (12)
Therefore, (10) can be transformed into
i = XiHy Wisp  +my (13)
where y} . = [yfﬂ’}s7 . ,yfé’f;]T and nj, , = [nZL . .mf;i]T

represent the received signal vector and noise vector, respec-
tively, from all the UBSs in the cooperative set of UE 1.

C. Joint Uplink Channel Equalization

After the UBSs cooperatively receive the signal y}, . from
UE 1, the received signal will be sent to an edge cloud for joint
channel equalization, which can reverse the channel effects and
recover the received signal to its original transmitted form. In
this paper, the commonly used zero-forcing (ZF) equalizer is
exploited to perform the channel equalization process. Denote

the effective channel matrix Heg € CNilVeXLi a5 follows:
Xi H,
Her = X;Hj W, = : W,. (14)
X; o Hy'
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Then the ZF equalizer can be calculated by taking the pseudo
inverse of the effective channel matrix as:

- (Heff Heff) Heff

. . -1 .
_ ((XiH}c’sWi)HXiH}C’SWO (x,H, ;W)™
15)
in which E?S € CLixNilNw i5 the ZF equalizer for the k-th
subcarrier of OFDM symbol s and (-)* represents the Hermitian
transpose operation. Subsequently, the received signal Y;;,s will

be filtered with equalizer E}c , to obtain the post-equalization
vector yi . € CLixl:
Yi,s = EL oYi,s

= E}Lc s (X@HZJ sWisZ' ,5 + n}c.s)

=E|, W;s,  +E, nj . (16)
_,_/ H,_/
eCLixL; eCLixl
Let
=E; X;H, W, (17)
the  post-equalized  signal-to-interference-plus-noise-ratio

(SINR) for [-th data stream is calculated by
P_SINRj, ., (W;,X,)
Vi, l] |2

(18)
L)+ o025, B

Zl,# ’V [l,rx] ’2,

where 1,1 € {1,..., L;}, and V},_[I,] is the element in the
I-th row and [-th column of V7 _, similarly for V} _[I,1'] and
E};’S[l ,1x]. Note that the precoding matrix has the function to
map L; streams of data into transmit symbols, therefore, L; can

be derived as the rank of the precoding matrix as follows:
L; = rank (W;) YW, € P,Vi € T, (19)

in which P = {P;}}-, denotes the predefined set of precoding
matrices and P; is the precoding matrix set for the [-th streams,
with L being the predefined maximum stream number.

D. Calculation of Transmission Parameters

To obtain the optimal precoding matrix W;* and transmit
stream L;* for cooperative UBS reception, mutual informa-
tion [43], which sums up the post-equalized communication
rates of all L; streams, is introduced and expressed as:

Z log

[1,1x] |2> .

(20)

L;
b= logy (1+P_SINRj ,, (W;,X,))
=1

X (1 +
S| Vis

Consequently, once the optimal UE-UBS association X;*
is given, the main principle for finding the optimal precoding

Vi L
l l/] | +02er ’E
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matrix is to maximize the mutual information RfC , over K
subcarriers and S OFDM symbols, represented by

W, = argmaXZZR (W, X7)
k=1s=1

Li

K S
> log, (1+P_SINR}, , ; (W;;X])) .

=1 k=1s=1

= arg max

21
Afterwards, the optimal transmit stream L;* is obtained as:
L;" =rank (W}),Vi € T. (22)

For the determination of CQI in the cooperative uplink UBS
reception scenario, we adopt the single UE-UBS association
approach that utilizes the exponential effective SINR mapping
(ESM) method to convert multiple post-equalized SINR mea-
surements into an equivalent signal-to-noise-ratio (SNR) of a
single-input-single-output (SISO) AWGN channel as

_SINR,,,

SNRz—(ln( Zexp( : )) (23)

where M is the total number of post-equalized SINR measure-
ments for the subcarrier and OFDM symbol of interest. ( is a
set of calibrated parameters that correspond to the alphabets of
different modulation and coding rates. Therefore, for a subframe
duration consisting of L; data stream, K subcarriers, and S
OFDM symbols, the effective SNR is calculated by

SI\IRsub = 7C
i P—SINR;CSZ(“:F7X:)
E g exp | — ’ C - .

m(_t -
"\ .xs
(24)

Finally, the optimal CQI" is obtained through the mapping of
the maximum SNRy,, that achieves a block error rate (BLER)
of less than 0.1, which can be expressed as:

CQI ™™ o max {SNRyyp | BLER (SNRyyp ) < 0.1} .
SNRsub
(25)

E. Problem Formulation

For cooperative multi-BS reception, UE throughput depends
on the transmission parameters including PMI, RI, CQI, and X,
which are used to select the precoding matrix, MIMO streams,
MCS, and cooperative UBS set. Rather than dynamically adjust-
ing these parameters across different time subframes, we employ
time-invariant PMI, RI, CQI, and X; to avoid the significant
computation overhead of CSI feedback. The overall objective
is to obtain optimal time-invariant parameters to maximize
the expectation of UE throughput over different time-varying
channels, which can be defined as:

K S 4 1 F K S )
wiis, B (ZZR%) FF 2 Bl 09

k=1s=1
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where R};’& 7 is the mutual information of the k-th subcarrier
and s-th OFDM symbol at the f-th subframe time duration. For
a total number of F' time-varying subframes, we formulate the
feedback-free cooperative uplink reception problem as:

W, L EWFZZZZlO& 1+P SINRkslf)

1 k=1s=1

st W, eP, VieZ,1<I<L, (27a)
[Willz=1, VieT, (27b)
rank (W;) =L;, VieZ, (27¢)
1 < L; <min (Ni, Nix), Vi€Z (27d)
Y wiu <Ny, VieIVuel, (27¢)
ucl
zi, €{0,1}, Vi€ Z,Vuel, (27f)

The constraint (27a) in the formulated problem ensures that
the precoding matrices used by UEs belong to the predefined
precoding set. Constraint (27b) normalizes the precoding ma-
trices into unit power, with the operation || - || denoted as
the Frobenius norm. Constraint (27c) guarantees the number
of data streams equals the rank of the precoding matrix, which
is also bounded by the minimum number of transmit and receive
antennas as specified in constraint (27d). Constraint (27e) sets
the maximum number of cooperative UBSs for a single UE as
N, and constraint (27f) indicates the association between a UE
and the UBSs. The optimization problem of (27) will determine
the time-invariant PMI, RI, and UBS set, which are then used
in the calculation of CQI based on (23)—(25) for realizing the
cooperative uplink feedback-free transmission.

IV. PROPOSED SOLUTION

Given the stochastic characteristics of the wireless channel
across different subframes and the presence of binary variables
in both the numerator and denominator of the post-equalized
SINR, (27) can be regarded as a stochastic mixed-integer pro-
gramming problem [44]. Such an optimization problem has
been demonstrated to be non-convex and non-deterministic
polynomial-time hard (NP-hard) [45], making it challenging
to obtain a global optimal solution. Nonetheless, channels at
one location exhibit high correlation in the spatial, frequency,
and time domains. Therefore, in this section, we first employ
unsupervised learning with a conditional VAE to generate a
representative channel Hl . for subcarrier k, OFDM symbol
s, and UE location usmg hlstorlcal F' subframe channels as
data input, represented by

H; , = CVAE ({Hj , ,}i_,) \Vke K,Vs € S,Vie L.

(28)

The representative channel is trained and obtained with the
aim of learning the distribution of the input data, thereby effec-
tively adapting to the F' dynamically changing subframe chan-
nels. Consequently, by substituting the F' subframe channels
with a single representative channel, the stochastic property of
formulation (27) is eliminated, transforming it into the following
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problem

maX
Li,xiu

22210@ (1+P_siwy, (F5L))

=1 k=1 s=1
s.t. (27a) — (27f).
(29)

Problem (29) targets at obtaining the optimal PMI, RI, and
UBS set for cooperative uplink transmission under the given
representative channel matrix H{ . Due to the complexity of
large-scale mixed-integer prograrﬁming in dealing with vari-
ous UBS cooperation schemes, we employ a diffusion model
based DRL framework to generate the UBS cooperation set
and the precoding decisions based on the UE location, thus
providing a feasible solution to problem (29) and obtaining the
time-invariant parameters in feedback-free transmission.

A. VAE Based Channel Generation

The fundamental basis of VAE is to model the distribution
of given channel data h by introducing latent variables z. This
scheme aims to maximize the marginal likelihood p(h) of the
channel data to the precisely generate a representative channel.
However, directly computing p(h) is usually intractable due to
the difficulty of implementing the integration over all possible
latent variables z, which can be expressed as:

() = [pih.2ydz = [p(hlz)p(e)iz.

Through denoting the approximated posterior distribution as
q(z|h), VAE calculates the log of the marginal likelihood

MMW=M/QMT3

|
= [ atelmyon (M) s

Z
@ / a(z|) log (W) "

@
where > is based on Jensen’s inequality log E[X] > E[log X

(30)

dz

(3D

and @ follows from the Bayes’ rule. Consequently, the VAE
maximizes the evidence lower bound (ELBO) of log p(h) in (31)
by employing the negative ELBO as the loss function, which can
be derived as follows:

LerBo

= —/q(z|h) log p(h|z)dz + /q(z|h) log (q(z|h)) dz
= —Ey(zjn) [log p(h|2))] + Dxr(q(z|h)|[p(2)) - (32)

KL Divergence

Reconstruction Loss
The loss function £, go consists of a reconstruction loss that

measures the expected log likelihood of the generative distribu-
tion p(h|z) given latent variables z, and the Kullback-Leibler

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 5, MAY 2026

F subframe Latent Decod
channels - Encoder variable ecoder
F l. qg,(2|h, ©) Po,(hlz(€; 1, 0),¢)
s . z~N(p, 0) Ng
» - l
[E] _ B e
Concatenatg Sampling
ez | ]
,':"'*. ‘\H i. Coricatel
2, /;;J“i: Conditions @
:. Subcarrier k -
L--__iOnehot Ve .
Channel OFDM symbols
model 7!

UE location i -r
9 i

Closest Latent ~ .;;:.-
variable e

Fig. 2. The structure of conditional variational autoencoder.

(KL) divergence between the approximated posterior distribu-
tion ¢(z|h) and prior distribution p(z), typically formulated
as a standard normal distribution A (0,I). Then, VAE utilizes
an encoder ¢, to model the approximated posterior distribution
g4, (z|h), and a decoder ¢4 to model the generative distribution
D¢, (h|z), thereby minimizing the negative ELBO through the
stochastic gradient descent method.

Fig. 2 illustrates the proposed CVAE framework to train a
representative channel based on the conditional information of
subcarrier k£, OFDM symbol s, and UE location ¢. In order to
differentiate the various conditions, we introduce the onehot
encoding to transform the condition into a vector, where the
element of corresponding condition is 1 and all other elements
are 0. For instance, the onehot encoding onehot(i) € R**/ for
the UE location 7 is expressed as:

1 ifd =i

./
. =1
0 otherwise ’

onehot(i)[i'] = { v o (33)

Subsequently, the onehot vectors of the subcarrier, OFDM
symbol, and UE location will be concatenated to form part of
the encoder input along with the original channel data, and will
also be part of the decoder input along with the latent variables

z. The concatenated vector ¢ € R¥57 is denoted by
¢ = [onehot(k), onehot(s), onehot(i)] ",

Vk e K,Vs € §,Vi € T. (34)

Since the prior distribution p(z) follows a standard normal
distribution, the posterior distribution ¢, (z|h;c) based on a
condition vector c is assumed to be a Gaussian distribution to
simplify calculations, with its mean and variance predicted by
the encoder network ¢, as:

de. (Z|h, C) ~ N(/'l'¢c ’ o'(i’e:[)

To enable the gradient back propagation of latent variables
z through the sampling process in (35), a reparameterization
technique [46] is used to sample z from Gaussian noise:

e ~N(0,1),

(35)

2= py, +os 06, (36)

where © is the operation of Hadamard product for element-wise
multiplication. Based on [46], the generated channel h € R? by
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decoder ¢4 is assumed to be d-dimentiaonal Gaussian distribu-
tion as pg, (h|2,c) ~ N (hg,,on14) with a fixed variance 7.
Therefore, the gradient of the reconstruction loss L. in (32)
can be transformed into:

Lyee = _]Eqd)e (z|h,c) [logp¢d (h|z7 C)}

= —Een(o1) [l0gps, (hlz(€ py, . 05.).¢)]

1 . 2
=Ecn(on [22 Hh — hy, (z(e; um,a%),c) H
O},
d d
—&-5 log(27) + 3 log (U%)]

Q)li‘hm)_;,()(z( ™. s o), )’2
~ 20'}2LN Pt ba a“¢7 be ’

(37)

in which N is the total number of training channel samples and
hg, is the generated representative channel from the decoder

network ¢g . (3:) is obtained by dropping the constant term
% log(27) + % log(o?) and approximating the remaining expec-
tation with Monte Carlo sampling. This adopted approximation
is an unbiased estimator of the original reconstruction loss L,.c..
Moreover, its variance decreases proportionally to O(1/Nj),
which demonstrates the tightness of the adopted approximation.
A detailed proof is provided in as follows.

Proof: Let the Monte Carlo estimator for the original £,
be:

2

rec = ’

by (2(e: 1y, 05.),¢),
(38)

Then the expectation of the estimation can be expressed as:

E |:£ATGC:|
(n) ?
B [ 30 [ B2 (st
N,
1 & 1 " ~(n) " 2
= En:lEe(n)NN(O,I) [20% Hh( ) — h¢d (z(e( ))7C)H }
N,
1 & ,
= 7 2 e [ Hh( ) H }
n=1
1 &
= E <_]Eq¢e(z\h<"),c) [Ing¢d (h|Z,C)]) = Ereca (39)
n=1

Thus, the estimator is an unbiased Monte Carlo estimator of
the true reconstruction loss. For the tightness of approximation,
let the per-sample reconstruction error be:

ﬁfj:l) (z(e(”)),c)’ ’

1
RU(e) = o th - . (40)
h
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Algorithm 1: CVAE for Representative Channel Genera-
tion.

1 Input: Original Ny subframe channels {Hj, _ }7_,.

Output: Representative channel matrix I:I}'c’s

Flatten original channel matrix into channel vector h,

repeat

Obtain a batch of channel data from p(h),

Compute the concatenated vector ¢ based on the

onehot encoding of conditions k, s, and ¢,

7 Sample the latent variables z using the output

mean . and variances o4, from the CVAE

encoder and random noise following

. (2|l €) ~ N(py,,00.1),

8 Obtain the reconstructed channel vectors

hg, (z(€; pg., 04, ), c) from the CVAE decoder,

9 Perform gradient descent with Lz, 5o based on

Eq. (37) and Eq. (43).

o until The encoder network ¢. and decoder network
o4 of the CVAE converges;

1 Utilization: Select the latent variable with the closest
mean value and variance for conditions k, s, and i to
generate Hj, , through well-trained CVAE decoder.

S i A W N

-

-

Then, the variance of per sample is calculated by:

(=822 (st} )

(41)

Var (R(")(e)) = 4—4 Var,

Consequently, the variance of L e can be expressed as:

Var ([Zrec) = Var ( Z R™ ( ”))>
- i Var (R(")> @ 1 Var (R("))
N2 =~ N, ’

(42)

where @ is obtained based on the assumption that all samples
are independent and identically distributed (i.i.d.). Therefore,
the variance of the adopted approximation in (37) decreases
proportionally to O(1/Nj). O

In addition, the gradient of the KL divergence in (32) can
be derived based on the mean values and variances of the two
Gaussian distributions:

Dxi(g¢. (2|R))[p(2))

1
iz_: 1+ log (o ) 0'3,6).

Upon completion of the CVAE training, we use one latent
variable to generate a channel matrix that most closely matches
the distribution of the original F' subframe channels. This la-
tent variable is selected such that its mean value and variance
are closest to the average mean value 1, and variance Eie

—pg, — 43)
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corresponding to the F' subframes, as expressed by

: N = N
wgmin (10 7,)" (10 -7,
P e ® e ¢

+ (@) ji) (o2 —ai€)>. (44)

Finally, we present the detailed procedures of the proposed
CVAE approach for generating representative channel matrices
in Algorithm 1. For a given set of F' subframe channels
{H], . ;}f_,, we first flatten Hj _  into channel vector h and
compute the onehot conditional vector ¢ base on k, s, and 7. The
conditional vector serves as the input to both the CVAE encoder
and decoder networks. After training the CVAE, a selected latent
variable based on (44) is used by the CVAE decoder to generate
the desired representative channel H

The proposed algorithm optlmlzes the ELBO through the
stochastic gradient descent (SGD). Since the reconstruction loss
Lrec is approximated as a mean-squared error (MSE) form in
(37), and the KL divergence possesses a closed-form expression
as given in (43), the overall ELBO is a smooth and continuously
differentiable function with respect to the encoder parameters ¢,
and the decoder parameters ¢,4. Based on non-convex stochastic
optimization theory [47], the algorithm is guaranteed to converge
to a first-order stationary point at a rate of O(1/+/T.), where T,
denotes the total number of iterations. The complexity of Algo-
rithm 1 scales linearly with both the data size and the model size.
Specifically, each training iteration requires O (N (Cene + Caec))
operations, where (¢, and (g denote the forward computa-
tional costs of the encoder and decoder networks, respectively.
Therefore, for training over 7. epochs, the total computational
complexity is given by O(TeNg(Cene + Cdec))-

B. Deep Reinforcement Learning Framework

Since problem (29) involves selecting UBS from ¢/ and
precoding matrix from P for each UE under the calculated
representative channel Hk <> the basic principle of employing
a DRL framework to solve the problem (29) is to independently
output the UBS cooperation schemes and precoding schemes,
thus avoiding the intensive joint computation of PMI, RI, and
UBS set. The state, action, and reward function of the proposed
DRL framework are defined as follows.

1) State: In the scenario of uplink FD-RAN feedback-free
cooperative reception mechanism, the time-invariant physical
layer parameters are determined exclusively based on the UE’s
geolocation information. Consequently, the three-dimensional
coordinates loc, locy, loc, for the horizontal, vertical, and
altitude positions of each UE are used as the state information
for the DRL framework:

s' = [loc,, loc), loci]T ,Viel. (45)

2) Action: The action for solving problem (29) consists of
selecting the cooperative UBS set and selecting the precoding
matrix for each UE. For the action of selecting UBS set .Ai,, we
use the binomial coefficient ( ) to indicate the choices for UE
i to select V; UBSs from the total U UBSs. Due to the constraint
(27e) that bounds the maximum numbers of cooperative UBSs
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as Ny, N; should be less than or equal to V. The action space
for all UBS cooperation schemes under this constraint can be
represented by

. Moo N Ul
il =2 (N) =2 A A
Nizl Nizl

For the action of selecting precoding matrix A%, we use the
3GPP type-I codebook P(¥PeD) [48] that defines the precoding
matrices for different data streams based on the discrete Fourier
transform (DFT) beams. Each row of the type-I codebook is
formed by DFT beam vectors with a unit norm, thus satisfy-
ing the unit power constraint (27b). The DFT beams possess
orthogonality and uniform beam directionality, rendering them
highly effective for precoding in multi-antenna systems, which
are expressed as

27ngl L 27ng 2

j 2mng(Nq-1)
1e! Mi01 ¢! N101 ...

N1Oy

Bnl =

Vny € {O,l,...,OlNl —1}, 47)

where N; represents the number of horizontal antennas and
O, denotes the DFT over-sampling factor. Similarly, the DFT
beams for the vertical antenna can be attained as B,,,, Vna €
{0,1,...,02N5 — 1} with N5 being the vertical antenna num-
ber and O, being the over-sampling factor. The precoding ma-
trix in type-I codebook is basically calculated in the following
mathematical form

By, © Bn, 0

W = MyM, =
T 0 B, ® By,

Mz, (48)
wherein M is a wide-band feedback matrix constructed by the
Kronecker product of the horizontal and the vertical DFT beams
By, ® By,. My is a narrow-band feedback matrix that provides
a finer granularity of beam adjustment for specific sub-bands.

For the codebooks of stream 1,
1

Mo = \/T[ Pnge ] s Wny = 6j1/)%3,7”b3 € Np, (49)
1V:
with ¢,,, being a co-phasing factor. Let
Chyny = Bn, ® By, € CN1N2xL (50)
the precoding matrices for stream 1 can be expressed as:
1 C
Wi s = o | o |- (51)
1,N2,n3 2N1N2 wnscnhru

The formulation of type-I codebook for other streams follows
the same principles as stream 1. For instance, the detailed
expression of the precoding matrices for stream 4 is given by

(1=4) 1

ni JL'l ;12 7/,1//2 ;N3

V42NN,

Cn’17n’2 Cnhng

¢TL3 Cn'l KON

Cn1 R Cn/1 STy
—¢n3 Cn’l Nl 7
(52)

wngcnl NP —1%3 Cnl,ng
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where  ni,n) € {0,1,...,00N; —1} and no,n) €
{0,1,...,02N5 — 1}. As a consequence, the total number of
precoding matrices in the type-I codebook for all data streams
forms the action space of At which is denoted as:

L
|-A;3| _ |zp(type-l)‘ _ Z |1Pl(type—1)‘.

=1

(53)

Regarding a particular UE in the network, it can arbitrarily select
the action of precoding matrix from P®PeD) as specified in
constraint (27a). Due to the orthogonal property of the DFT
beams, the rank of the precoding matrix is equal to the number
of data streams, thus guaranteeing the satisfaction of constraint
(27¢). Additionally, since the number of data streams should
not exceed the number of transmit or receive antennas, the
maximum data stream for precoding matrix selection is set to
min (N, Nix), ensuring compliance with constraint (27d).

3) Reward: Given a specific UE location state s’, once the
action A, for the UBS set and the action .A%) for the precod-
ing matrix are selected, the reward function R(s’, A;,, A%) is
defined as the sum of the post-equalized SINRs corresponding
to the representative channel matrix H, , generated by CVAE,
which is expressed as:

R(s', Ay, Ap)

L; K S

33 log, (1 +P_SINR] _, (])) (54

=1 k=1s=1

As a consequence, maximizing the reward function leads to
the maximization of the objective function within the problem
(29). In addition, the binomial coefficient of A;; to choose no
more than N, UBSs and the precoding matrix selected by Ap
from the type-I codebook, with data streams less than or equal
to min(Ny, Nyx), will satisfy all the constraints (27a)—(27f),
thereby providing a feasible solution to problem (29). In the
context of the proposed DRL framework, two independent
networks 6, and 6p will output the O-values for |A;,| UBS
cooperation schemes and |A%L| precoding schemes, denoted
by Qp, (Sl) = [Qeu (Si> 1),..., o (Siv |~A21,{D]T and Qg,, (SZ) =
[Qo, (s, 1),..., Qg (s, |AbL])]T, respectively. For the selected
UBS set A}, and precoding matrix A% of the UE location state
s’, the loss function of the networks 6;, and 6p are defined as:

1 o o
£(60,0p) = 5 (1| Qa, (5, Al) — RIS, Ay, 43)| |

+ | Qo (s', Ap) = R(s', Ajy, AR)[*) . (55)

The network parameters will be updated using the gradient
descent method to guarantee the converge of the DRL training
process. The updates are performed with learning rates -, and
vp, and are formulated in the following expression

Oy = Oy — 'YMquﬁ(elfﬁep)a

Op = O0p — Vo, L(Ou,0p). (56)

C. Diffusion Model Enabled Precoding Selection

The proposed DRL framework will independently output the
actions A}, and A;; to jointly calculate the reward function and
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attain a feasible UBS set and precoding matrix for problem (29).
Noticed that once the action A, for the cooperative UBS set is
decided, we can iterate all the satisfied precoding matrices in
the type-I codebook to obtain W, that maximizes the reward
function based on (21), thus enhancing the overall performance
of cooperative multi-BS reception.

Therefore, in this section, we propose utilizing a diffusion
model to approximate the iterated optimal precoding matrix
W for each outputted cooperative UBS set A,. Given the
proficiency of the diffusion models in modeling complex data
distributions, it is more effective than fully connected layers for
handling complex strategy spaces or high-dimensional inputs
in DRL tasks. The overall structure of the diffusion model for
the precoding selection within the proposed DRL framework is
illustrated in Fig. 3.

In the diffusion model enabled precoding matrix selection
process, with regard to the optimal precoding matrix W} for
a given cooperative UBS set A}, the diffusion model will
perform a forward process to gradually add Gaussian noise
to W, followed by a reverse process to recover the optimal
precoding matrix from Gaussian noise. The forward diffusion
process will be executed within 7" time steps and the Gaussian
noise is assumed to obey a fixed variance schedule S3;, ¢ € [0, T).
To differentiate the optimal precoding matrix across various
cooperative UBS schemes, the action .A}i, will be used as the
conditional information for the diffusion model. Consequently,
the forward process can be described as:

q (Wt\thAb/) =q (Wt|Wt71)

=N (Wi VT=BWer B1). (57)

For simplicity of expression, we use notations Wy and A; to
represent the optimal precoding matrix W and the conditional
UBS set A}, The specific variance /3; that determines the
amount of noise added to W, from W;_; is independent of the
conditional UBS set .4;, and remains constant throughout the
forward process. Therefore, the distribution for the final 7'-th
noised precoding matrix is expressed by

=

q (Wl:T|W07 AM) = q (Wt|wt717 Au)

~
Il

1

=N (Wt; V31— /Btwt—hBtI) .
1

(58)

!

o
Il

To expedite the forward noise addition process, the diffusion
model can directly obtain the noised precoding matrix W, for
any arbitrary time step ¢ with Gaussian noise €; ~ N (0,1),
which is derived based on the fixed 5; schedule as:

W, = mwt—l +
Y J@mWi1 VI - arer s
© o Wi + /T — ararr€r o
@ VaiWo + V1 — ayeo,

Brer—1

(59)
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where 9 is obtained by setting ai; := 1 — f3;, and @ is upheld
based on the following expression

Vo — ooy 1€ 0+ V1 — g1 = /1 — oy 1€ 0,
(60)

which stems from the property of summing two Gaussian ran-
dom variables with variances o1 = /oy — azay_1 and o9 =
V1 —ay as:

N (0,07T) + N (0,051) ~ N (0, (0 +03)I). (61

In addition, @ is attained by iterating the noised precoding
matrix W, back to the original state W, and by setting a; :=
H?:o ap. As aresult, W is directly obtained foreach t € [1,T]
with the formulated distribution

W, ~ q(W¢[Wy, Ay) = q(W[Wy)

= N(Wt; VayWo, (1 — dt)I) .
(62)
After the forward diffusion process with 7-th noise addition
steps, W is assumed to follow an isotropic Gaussian distribu-
tion. Therefore, the diffusion model performs a reverse process
from W to W through sampling a data point out of A/(0, )
for W. With regard to an intermediate transition from Wy to

‘W ,_1, the reverse process can be derived based on the original
precoding matrix Wy, as:

g (Wi1|Wy, Wy)

q(W_1|Wy)
q(W¢|Wo)

= N(Wt; \/OTtWtfl, (1 - at) I) :

N (W, 1;/a 1Wo, (1 —a;1)T)
N (Wi VaWo, (1 — ay) I)
— N (Wtfl;[l’t (Wtawo) 7&1521) )

8
(:) Q(Wt|wt—1)

(63)

DRL model for uplink BS set and precoding matrix selection based on diffusion model.

in which @ is obtained based on the Bayes’ rule and the mean
i, (W, W) and variance &, values for W;_; in (63) are
calculated by the following results

\/mt LV (o)

(Wt7W0) 1 —a

W, (64)

(65)

Nonetheless, g(W;_1|W;, W) can not be computed as the
reverse process lacks information about Wy. Hence, the dif-
fusion model exploits a parameterized neural network pg, to
estimate the intermediate reverse transition, which is expressed
as follows

po, (Wi1[Wy) =N (W15 pg, (t)70'3d (tI).

The estimated variance o, () can be directly modeled as &+
since o possesses a fixed value, denoted by

(66)

- 11—

t = = _—

oy, (t) = oy \/ a
Subsequently, the network parameter 6, is optimized by

minimizing the KL divergence between ¢(W;_1|W}, W) and
Do, (Wi_1|Wy) as:

arg min Dy, (q (Wt—l |Wt, WO) Hpod (Wt71|Wt))

Oa

(1— o). (67)

= N (Weors i, 71) [N (Wi1s pag, (1), 571)

= 3 (a0, () = 1) () (o, (1) — i)

1 _ 2
— t) — , 68
257 1#0.(8) = i (68)
in which [|peg, (¢) — f1,]|* indicates that p,,(t) should be ap-
proximated as ft,. A straightforward approach is to design
g, (t) in a similar form to f1, and allow the network 6y to

approximate the original precoding matrix W based on the
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Algorithm 2: Diffusion-Based Precoding Selection.

1 Input: The optimal precoding matrix W given the
cooperative UBS set Ay,.

Ouput: An approximated precoding matrix W of W,.

repeat
Sample ¢ ~ Uniform({1,...,T}),
Obtain Gaussian noise €y ~ A (0,1),
Calculate W, = \/a;Wq + /1 — ayeq,
Update network 6, based on

Vo, Eew.au |[Wo, (t Wi, Ay) = Wol|
8 until The network 0, converges;
9 Sample W ~ N(0,1),
10 for time step t =T,--- |1 (reverse process) do
u | if ¢ > 1, sample z ~ N(0,1) , else z = 0,
12 | Obtain W,_; = YT=LW, (8, Wy, Ay) +

1 1
\/75 aozt I)W + Ott 1 (1 _at)
13 end
14 Utilization: Obtain an approximated precoding matrix
W), find the closest precoding matrix W jges; to

W, in type-I codebook, and jointly calculate the
reward for the DRL framework with UBS set Ay,.

S I N B S

given time step ¢, Wy, and UBS set A4, formulated by

@ ap (1 —ay
Hed( ) \/ﬁﬂt (t,Wt;AL{) + \/th
(69)
Therefore, (68) can be transformed into
arg mln 2 ||u9d
Qg

~2%I\Wed(t,wtm)—w0n2. (70)

o; (1—ay)

Consequently, the diffusion model leverages the following
simpler loss function to update network 6,

£(62) = Erwia, [IWo, (Wi, A) = Wol?] . 71)

Based on the network 6, the reverse process from Gaussian

distributed W to W can be executed and the intermediate
transition from W, to W;_; is expressed as:

\/ \/ 1— oy
W, 1_M (t,Wt,Au)-i-MWt
l—Olt 1—Oét
1— oy
M (1 o)z, 2~ N(O,), (72)
].—O[t

In the context of the network structure, a U-net compo-
nent [49] is utilized within network 6, to approximate the
original precoding matrix Wy. The U-net component comprises
down-sampling processes Ugoyy, and up-sampling processes
Uyyp for reconstructing Wy, (t, Wy, Ay). Both the time step ¢
and the UBS set 4;, are embedded with fully connected (FC)
neural networks to match the dimension of W, which is denoted

Algorithm 3: Cooperative Uplink Feedback-Free Mech-

nism.

1 Input: Original Ny subframe channels {Hj, _ }7_,.

2 Ouput: Time-invariant PMI, RI, CQI and UBS set.

3 Obtain a representative channel Hl , for {Hj, f} F=1
based on Algorithm 1 to solve problem (29)

4 repeat

s | Obtain UE state s = [loc], loc;7 loci]T, Vi € T,

6 Select an action of UBS set A7, based on the

output Q-values Qp,, (s?) of the network 6y,

7 | Iterate the type-I codebook to obtain optimal W7}

given the UBS set A?

8 Select the precoding matrix W?

to W using Algorithm 2,

9 Calculate reward R (s, A7, A%;) based on Eq. (54),

10 Update network 6, based on Vg, L(0y) =

3| Qou (s Aly) = RIS, Ajys Ap) |

11 Update network 6, based on

Vo.By i, [[[Wos (Wi Aly) = Wi,

12 until The networks 6y, and 04 converges;,

13 Calculate data stream number L; = rank (Wiloest),

14 Calculate a CQI value based on Egs. (23) - (25).

15 Utilization: Use the obtained time-invariant PMI, RI,
CQI, and cooperative UBS set for cooperative uplink
feedback-free transmission across all time periods.

cloest that is closest

by
temb — FC_embedded(t),Vt € {0,...,T}, (73)
Af{nzb — FC_embedded (AH) ) (74)

For the j-th down-sampling and up-sampling processes in
the U-net, the output of the down-sampling U7_ . (W) is first
multiplied by the embedded UBS set .Afj"b and then added to the
embedded time step t°°. The resulting outcome is concatenated
with the output of the j-th up-sampling UJ,(W,) and the
detailed procedures is formulated in the following

Uit = (A X U (W) + 1) @ UL, (W) . (75)

With the reconstructed Wy, (t, W, A;) for each time step
t and the total 7-th diffusion reverse process, we can obtain
an approximated precoding matrix Wy of the original Wi.
Euclidean distance is then used to select a precoding matrix from
the type-I codebook that is closest to W, indicated by W ...
W et together with the UBS set A;; will jointly decide the
reward in (54) for the proposed DRL framework. The detailed
procedures of the diffusion model enabled precoding selection
is described in Algorithm 2.

D. Overall Cooperative Uplink Feedback-Free Mechanism

The proposed cooperative uplink feedback-free mechanism
involves the determination of time-invariant transmission pa-
rameters including PMI, RI, CQI, and cooperative UBS set
for each UE. Problem (27) is formulated to obtain an effective
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User Grid 2
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DeepMIMO Outdoor 1 (O1) scenario.

Fig. 4.

PMLI, RI, and cooperative UBS set over F' stochastic subframe
channels {Hj, , ;}7_,. Utilizing Algorithm 1, CAE generates

a representative channel ITI§H for subcarrier k£, OFDM symbol
s, and UE 4, which eliminates the stochastic property of the
wireless channel and transforms problem (27) into problem
(29). In the proposed diffusion model based DRL framework,
the network 6, will output a UBS set A/, and the diffusion
model will select the precoding matrix Wiloest from type-I
codebook based on Algorithm 2 to jointly calculate the reward
for UE i. Furthermore, RI for the number of data stream L; is
obtained as rank(W?, __ ). After the DRL training converges,
the attained PMI, RI, and UBS set of each UE will be taken
into the calculation of a CQI value based on Egs. (23)—(25). The
overall procedure to obtain a time-invariant PMI, RI, CQI, and
cooperative UBS set for the uplink feedback-free transmission
is given in Algorithm 3.

For the proposed DRL framework, the UBS selection network
0, and the diffusion model-based precoding network 6, are up-
dated by taking gradient decent over £(6y) = 1 Qq, (s, A};) —
RS, Al AD)|2 and E, vyt [[Wa, (1 Wi Af) — Wi 2]
respectively. The overall DRL framework alternately updates the
network 6, and the network 6. Specifically, 6, is updated while
fixing 64, and vice versa. This alternating procedure follows
a standard bi-level optimization mechanism, where each sub-
network is trained using SGD approach. Consequently, the DRL
training process is stable and can converge to a stationary solu-
tion [50]. In each training iteration, network 6;, requires evalu-
ating all feasible cooperative UBS sets, leading to a per-iteration
complexity of O(|.Ay|(rr), where (7 is the forward cost of ;.
The diffusion model requiring one U-Net forward computation
denoted as (4 for T" denoising steps, resulting in a complexity of
O(T'¢y). Additionally, the search for the closest precoding ma-
trix in the Type-I codebook costs O(|P|dp) with dp denoting the
precoding dimension. Consequently, the overall computational
complexity of the proposed DRL algorithm with 75 training
steps is expressed as O(Tp (| Au|Cu + T¢q + |Pldp)).

V. SIMULATION RESULTS

This section conducts extensive simulations utilizing the Vi-
enna 5G Link-Level Simulator [26] to validate the performance
of cooperative multi-BS reception. As illustrated in Fig. 4,
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Fig. 5. The position coordinates of 2 DBS and 1138 UE.
TABLE I
PARAMETERS SETTINGS
Parameter Value Parameter Value
Number of UE positions | 384 Number of UBSs 18
Number of UE antenna 4 Number of UBS antenna 8
UE dual-polarization 2 x1 UBS dual-polarization 4 x1
Number of subcarriers 72 Number of OFDM symbols 14
Center frequency 3.5 GHz Simulation subframes 100
Number of data streams | 1 -4 Subframe duration 1 ms
. QPSK - o .
Modulation scheme 64QAM Simulation duration 100 ms
Coding scheme LDPC' | Number of precoding matrix | 128

the Outdoor 1 (O1) [51] scenario from DeepMIMO is imple-
mented as the simulation environment. The simulation setup
includes all 18 BSs of the DeepMIMO O1 scenario and 384
UE positions in the red area of Fig. 4, the position coordinates
of which are shown in Fig. 5. Each UE is equipped with a
2 x 1 dual-polarized transmitting antenna, with a total antenna
count of Ny =4, while the UBS is equipped with a 4 x 1
dual-polarized receiving antenna, with a total antenna count
of Ny =8 [48]. The 3D channel model is simulated based
on DeepMIMO’s ray tracing technology, operating at a center
frequency of 3.5 GHz [52] with 100 time-varying subframe
channels. One transmission subframe consists of 72 subcarriers
and 14 OFDM symbols,which have a duration of 1 ms [53].
The total duration for 100 transmission subframes is 100ms.
Since the UE has Ny = 4 transmitting antennas, it supports
a maximum of 4 data streams for spacial transmission [42].
The MCS, precoding, MIMO streams, and cooperative BS set
are simulated based on complete physical layer module of the
Vienna 5G Link-Level Simulator, allowing for measurement of
the BER and the data volume successfully transmitted by the
UE in megabits per second (Mbit/s). The relationship between
the UE throughput and the BER is expressed as T'hroughput =
(1 — BER) x transmitted bits per second. The detailed set-
tings of the simulation parameters are provided in Table I.

A. Evaluation of Diffusion Model-Based DRL Framework

We first test the performance of the diffusion model-based
DRL framework on cooperative BS and precoding selection for
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Fig. 7. Average throughput of 384 UEs.

multi-BS reception. Fig. 6 illustrates the training process of var-
ious DRL training schemes, which select no more than N, = 5
out of 18 UBSs and one precoding matrix from 128 options in the
type-I codebook. The original DRL framework independently
outputs the actions of A}, and .A% for the cooperative BS set and
precoding matrix, resulting in the worst training performance
due to the lack of expert knowledge regarding the optimal
precoding matrix. Replacing the precoding network with MLP
layers to approximate the optimal precoding significantly im-
proves the training mutual information for multi-BS reception.
Meanwhile, in the early training stage, the diffusion-based DRL
approach performs worse than the MLP layers. When the dif-
fusion model converges, the training performance approaches
97% of the performance achieved by the DRL training using
the optimal precoding matrices, validating the effectiveness of
the diffusion model in approximate complex data distributions.
Additionally, Fig. 6 demonstrates the mutual information of
5 least path loss UBSs with optimal precoding matrices. The
simulation results indicate that the diffusion based-DRL outper-
forms this benchmark, due to the fact that the wireless channel is
influenced not only by large-scale fading but also by small-scale
fading.

Fig. 5 provides an illustration of the cooperative BS set for
UE 15, 20, and 160, respectively, based on the training results of
the proposed diffusion-based DRL approach. In Fig. 7, the pro-
posed approach achieves an average throughput of 13.54 Mbit/s,
outperforming the MLP-based variant (13.26 Mbit/s), the mini-
mum 5-UBS path-loss benchmark (13.16 Mbit/s), and the origi-
nal DRL framework without precoding approximation (12.66
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Fig. 8. CDF plot for 384 UEs’” BER.

Mbit/s). Furthermore, the throughput of the diffusion-based
DRL algorithm is only slightly lower than that of the DRL
scheme with optimal precoding (13.59 Mbit/s), demonstrat-
ing that the proposed method can effectively approximate the
optimal solution with marginal performance loss. In addition,
two benchmarks, i.e., DRL-based BS selection with random
precoding and random BS selection with random precoding,
achieve notably lower throughput. Even when adopting the op-
timal precoding matrix, the random BS selection scheme attains
only 8.55Mbit/s, which is considerably lower than the proposed
diffusion-based DRL method. These results demonstrate that
the proposed DRL framework not only optimizes the precod-
ing weights but also effectively learns the BS—-UE association
strategy.

Fig. 8 presents the cumulative distribution function (CDF)
and average values of the bit error rate (BER) for different DRL
algorithms based on the Vienna Link-Level Simulator. The DRL
training using optimal precoding matrices has the lowest BER,
followed by the diffusion model-based DRL approach, while
the fixed connection of the 5 UBSs with the minimum path loss
possesses a higher BER compared to the former two schemes.
The simulation results are consistent with the training results
in Fig. 6 and the throughput results in Fig. 7. In addition, the
gray area in Fig. 8 illustrates the BER performance gain of the
diffusion-based DRL approach compared to the benchmark of
5 minimum path loss UBSs.

B. Evaluation of Representative Channels Generated by CVAE

This subsection tests the performance of the representative
channels generated by the CVAE in comparison to other sub-
frame channels. Fig. 9 presents the throughput performance
of multi-BS transmission based on the representative channels
when connecting to 5 UBSs with the minimum path loss (not
considering the cooperative BS set). To provide a clearer com-
parison of the throughput performance, the first 40 UEs are
selected to demonstrate the average throughput across 100 sub-
frames using the transmission parameters calculated with both
CVAE-generated representative channels, subframe channels
1-5, and a conditional generative adversarial network (CGAN)
baseline. The CGAN generates representative channels using
a generator trained with the same subframe channel as the
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Fig. 10.  Throughput of 384 UEs under CVAE, CGAN, and subframe channels.

conditional input and random noise vectors as the stochastic
source, aiming to learn the mapping between conditional fea-
tures and representative channels. It can be observed that the
throughput performance achieved by the CVAE surpasses that
of both the subframe channels 1-5 and the CGAN-based repre-
sentative channels. Moreover, the CVAE achieves the maximum
throughput of the 5 subframe channels at most UE positions,
indicating that the CVAE-generated representative channels can
better capture dynamic variations and adapt to time-varying
wireless channel environments.

Fig. 10 illustrates the multi-BS reception throughput of all
384 UEs based on the PMI, RI, CQI, and cooperative BS set
calculated with the CVAE-generated representative channels,
10 different subframe channels, and the CGAN baseline. The
light blue area in the figure represents the throughput fluctuation
range with maximum and minimum values for the 10 different
subframes at each user location. Compared with both the CGAN
baseline and the 10 subframe channels, the proposed CVAE
achieves the highest throughput at most of the 384 UE positions,
and the average throughput is improved by 11.14% over the
mean value of the 10 subframes. In addition, the CVAE consis-
tently exhibits smaller throughput fluctuation compared with the
CGAN:-based method, demonstrating more stable reconstruc-
tion and better adaptation to dynamic channel variations. This
improvement arises due to the reason that CVAE can generate
multiple latent variables and select the one whose statistical
characteristics (mean and variance) are closest to the encoded
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latent distribution for channel generation, rather than directly
producing samples from random noise as in GANSs (see (44)).

Fig. 11 details the average throughput obtained by the 10
subframe channels. For the scenario where 5 UBSs with the
minimum path loss are connected, the representative channels
based on the CVAE can improve throughput performance by at
least 1.16% compared to the 10 subframe channels and achieve
a maximum throughput gain of 22.47%. For the scenario of
selecting the cooperative BS set, the representative channels can
improve throughput by at least 3.69% and realize a maximum
throughput gain of 30.11%.

Fig. 12 illustrates the CDF and the average values of BER
for the CVAE-generated representative channel and subframe
channels 1, 2, and 7. The green areas in the figure represent
the BER loss during the 100 subframe transmission process,
using the PMI, RI, CQI, and cooperative BS set calculated
with subframe channels. Additionally, it can be seen that using
the transmission parameters calculated with the representative
channel achieves the lowest transmission BER. The simula-
tion result further validates the effectiveness of time-domain
representative channels generated by GAI methods, providing
a feasible approach for implementing the CSI feedback-free
mechanism in uplink multi-BS reception.

C. Evaluation of CSI Feedback-Free Transmission

This subsection tests the performance of cooperative
multi-BS reception based on the CSI feedback-free transmission
mechanism and real-time CSI feedback mechanism across 100
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subframes. The CSI feedback-free transmission mechanism
employs time-invariant PMI, RI, CQI, and cooperative BS set
based on the CVAE-generated representative channels. For the
real-time CSI feedback mechanism, the PMI, RI, and CQI are
obtained using real-time channel matrices. However, since it
is impractical to calculate the cooperative BS set within 1 ms
subframe duration, the real-time CSI feedback mechanism
consistently connects to the BSs with the minimum path loss
during the 100 subframe transmission process.

Fig. 13 presents the average throughput performance of 384
UEs when connecting 1 to 5 UBSs for across 100 subframes.
Since the direct use of statistical parameters does not adequately
adapt to the dynamically changing channels, this method results
in the lowest average throughput. Besides, when connecting to
1 UBS, the feedback-free throughput using the representative
channels outperforms the average throughput based on the real-
time CSI feedback mechanism by 17.3%. This result arises from
the connection to the UBS with with the minimum path loss in
CSI feedback mechanism, without considering the effects of
small-scale fading and failing to achieve optimal performance.
Furthermore, Fig. 14 illustrates the BER performance during the
feedback-free transmission across 100 subframes for 384 UEs.
It can be observed that for the CSI feedback-free transmission
based on representative channels, the majority of UEs have a
uncoded BER distribution between 102 and 104, meeting the
basic requirements for BER in current wireless communication
systems.
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VI. CONCLUSION

In this paper, we have investigated a feedback-free uplink joint
reception mechanism within the FD-RAN architecture, aiming
to mitigate the substantial communication and computational
overhead caused by real-time CSI feedback. Given the temporal
dynamics of wireless channels, we have proposed a CVAE-based
GenAl model to generate time-domain representative channels
from historical CSI distributions. Furthermore, in the spatial do-
main, we have developed a diffusion-enhanced DRL framework
to jointly determine the cooperative BS sets, precoding matrices,
MIMO streams, and MCS parameters, providing a scalable
and efficient solution to physical layer optimization. Simulation
results based on a comprehensive link-level simulator demon-
strate that the proposed feedback-free scheme achieves a 17.3%
improvement in spectral efficiency compared to conventional
CSI-based designs. In future work, we will further explore
innovative Al techniques, such as large foundation models, to
enhance FD-RAN feedback-free transmission and facilitate its
practical deployment in sixth-generation wireless networks.
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