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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 AI.

I. INTRODUCTION

W ITH the growing demands for enhanced spectral effi-
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
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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 (GenAI), such as generative adversarial
networks (GANs), 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, GenAI
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 GenAI 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 GenAI 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 GenAI 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 GenAI

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

different BS sets in the spatial domain, thus improving the
overall performance of cooperative multi-BS reception.

� 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, Björnson 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 CSI instead 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 AI 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. Liu et al. [39] introduced a VAE-based GenAI 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 GAI-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 withNtx transmitting antennas
and the uplink base station (UBS) is equipped withNrx receiving
antennas, with the distance of adjacent antennas denoted as dH.
Define the set of UEs as I = {1, . . . , I} and the set of UBSs as
U = {1, . . . , U}. For different subcarriers k ∈ K = {1, . . . ,K}
on orthogonal frequency division multiplexing (OFDM) sym-
bol s ∈ S = {1, . . . , S}, the channel matrix Hi,u

k,s ∈ CNrx×Ntx

between UE i ∈ I and UBS u ∈ U is represented as:

Hi,u
k,s =

Np∑
p=1

√
ρi,u,pk,s

K
ej(ϕ

i,u,p
k,s + 2πk

K τ i,u,p
k,s Bw)aBS (φ

u,p
az , φu,pel )

aHUE

(
φi,paz , φ

i,p
el

)
, ∀k ∈ K, ∀s ∈ S, ∀i ∈ I, ∀u ∈ U ,

(1)

where Np represents the total number of channel propagation
paths between UE i and UBS u. Bw denotes the transmission
bandwidth. ρi,u,pk,s , ϕi,u,pk,s and τ i,u,pk,s represent the power, phase,
and delay of the p-th path, respectively. aBS(φ

u,p
az , φu,pel ) and

aUE(φ
i,p
az , φ

i,p
el ) are the array antenna responses of the UBS and

UE, where φ
u/i,p
az and φ

u/i,p
el represent the azimuth angle

and elevation angle, respectively. The mathematical expression
of the array antenna response for the UBS is defined as:

aBS (φ
u,p
az , φu,pel ) = ax (φ

u,p
az , φu,pel )⊗ ay (φ

u,p
az , φu,pel ) , (2)

Fig. 1. Cooperative uplink base station reception in FD-RAN.

in which ⊗ denotes the Kronecker product. ax(·) and ay(·)
represent the horizontal and vertical array impulse response
vectors for the UBS, respectively. Assume that the horizontal
antenna number of the UBS is N1 and the vertical antenna
number is N2, ax(·) and ay(·) are expressed as follows:

ax (φ
u,p
az , φu,pel ) =

[
1, ej2πdH sin(φu,p

el ) cos(φu,p
az ),

· · · , ej2πdH(N1−1) sin(φu,p
el ) cos(φu,p

az )
]T
,

(3)

ay (φ
u,p
az , φu,pel ) =

[
1, ej2πdH sin(φu,p

el ) sin(φu,p
az ),

· · · , ej2πdH(N2−1) sin(φu,p
el ) sin(φu,p

az )
]T
.

(4)

Note that the calculation for the UE array antenna response
aUE(φ

i,p
az , φ

i,p
el ) 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 sik,s ∈ CLi×1 as the Li-stream transmit data and yi,uk,s ∈
CNrx×1 as the signal from UE i to UBS u at the k-th subcarrier
on s-th ODFM symbol, which can be expressed as:

sik,s =
[
sik,s[1], . . . , s

i
k,s[Li]

]T
, (5)

yi,uk,s =
[
yi,uk,s[1], . . . , y

i,u
k,s[Nrx]

]T
. (6)

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

1 ≤ Li ≤ min (Ntx, Nrx) , ∀i ∈ I. (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 i is
defined as Ui. We use a binary variable xi,u to denote the con-
nected association between UE i and UBS u. xi,u = 1 indicates
that UE i is connected to UBS u and xi,u = 0 otherwise, which
are represented as:

xi,u =

{
1 if UE i is connected to UBSu,
0 otherwise

(8)

Define Xi,u ∈ CNrx×Nrx as:

Xi,u = xi,uINrx , ∀i ∈ I, u ∈ U , (9)

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

yi,1k,s
...

yi,Uk,s

⎤⎥⎥⎦
︸ ︷︷ ︸

yi
k,s∈CNiNrx×1

=

⎡⎢⎢⎣
Xi,1H

i,1
k,s

...

Xi,UH
i,U
k,s

⎤⎥⎥⎦
︸ ︷︷ ︸

XiHi
k,s∈CNiNrx×Ntx

Wis
i
k,s︸ ︷︷ ︸

∈CNtx×1

+

⎡⎢⎢⎣
Xi,1n

i,1
k,s

...

Xi,Un
i,U
k,s

⎤⎥⎥⎦
︸ ︷︷ ︸
ni

k,s∈CNiNrx×1

,

(10)

where Hi,u
k,s ∈ CNrx×Ntx is the channel between UE i and UBS u

at the k-th subcarrier of OFDM symbol s. Wi ∈ CNtx×Li is the
precoding matrix used by UE i to map Li-stream transmit data
sik,s into Ntx antenna ports. ni,uk,s ∼ CN (0, σ2INrx) ∈ CNrx×1 is
the received additive white Gaussian noise (AWGN) with the
covariance matrix denoted as σ2INrx . For UE i, the number of
UBSs that cooperatively receive the UE signal is indicated by
Ni = |Ui|. Define Xi ∈ CNiNrx×NiNrx and Hi

k,s ∈ CNiNrx×Ntx

as:

Xi = diag ([Xi,1, . . . ,Xi,U ]) , (11)

Hi
k,s =

[
Hi,1
k,s, . . . ,H

i,U
k,s

]T
. (12)

Therefore, (10) can be transformed into

yik,s = XiH
i
k,sWis

i
k,s + nik,s, (13)

where yik,s = [yi,1k,s, . . . ,y
i,U
k,s]

T and nik,s = [ni,1k,s, . . . ,n
i,U
k,s]

T

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

C. Joint Uplink Channel Equalization

After the UBSs cooperatively receive the signal yik,s from
UE i, 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 Heff ∈ CNiNrx×Li as follows:

Heff = XiH
i
k,sWi =

⎡⎢⎢⎣
Xi,1H

i,1
k,s

...

Xi,UH
i,U
k,s

⎤⎥⎥⎦Wi. (14)

Then the ZF equalizer can be calculated by taking the pseudo
inverse of the effective channel matrix as:

Eik,s =
(
HH

effHeff
)−1

HH
eff

=
((

XiH
i
k,sWi

)H
XiH

i
k,sWi

)−1 (
XiH

i
k,sWi

)H
,

(15)

in which Eik,s ∈ CLi×NiNrx is the ZF equalizer for the k-th
subcarrier of OFDM symbol s and (·)H represents the Hermitian
transpose operation. Subsequently, the received signal yik,s will
be filtered with equalizer Eik,s to obtain the post-equalization
vector ỹik,s ∈ CLi×1:

ỹik,s = Eik,sy
i
k,s

= Eik,s
(
XiH

i
k,sWis

i
k,s + nik,s

)
= Eik,sXiH

i
k,sWi︸ ︷︷ ︸

∈CLi×Li

sik,s +Eik,sn
i
k,s︸ ︷︷ ︸

∈CLi×1

. (16)

Let

Vi
k,s = Eik,sXiH

i
k,sWi, (17)

the post-equalized signal-to-interference-plus-noise-ratio
(SINR) for l-th data stream is calculated by

P_SINRik,s,l (Wi,Xi)

=

∣∣Vi
k,s [l, l]

∣∣2∑
l′ �=l

∣∣Vi
k,s [l, l

′]
∣∣2 + σ2

∑
rx

∣∣Eik,s [l, rx] ∣∣2 , (18)

where l, l′ ∈ {1, . . . , Li}, and Vi
k,s[l, l] is the element in the

l-th row and l-th column of Vi
k,s, similarly for Vi

k,s[l, l
′] and

Eik,s[l, rx]. Note that the precoding matrix has the function to
map Li streams of data into transmit symbols, therefore, Li can
be derived as the rank of the precoding matrix as follows:

Li = rank (Wi) , ∀Wi ∈ P, ∀i ∈ I, (19)

in which P = {Pl}Ll=1 denotes the predefined set of precoding
matrices and Pl is the precoding matrix set for the l-th streams,
with L being the predefined maximum stream number.

D. Calculation of Transmission Parameters

To obtain the optimal precoding matrix Wi
∗ and transmit

stream Li
∗ for cooperative UBS reception, mutual informa-

tion [43], which sums up the post-equalized communication
rates of all Li streams, is introduced and expressed as:

Rik,s =

Li∑
l=1

log2
(
1 + P_SINRik,s,l (Wi,Xi)

)
=

Li∑
l=1

log2

×
(
1 +

∣∣Vi
k,s [l, l]

∣∣2∑
l′ �=l

∣∣Vi
k,s [l, l

′]
∣∣2 + σ2

∑
rx

∣∣Eik,s [l, rx] ∣∣2
)
.

(20)

Consequently, once the optimal UE-UBS association Xi
∗

is given, the main principle for finding the optimal precoding
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matrix is to maximize the mutual information Rik,s over K
subcarriers and S OFDM symbols, represented by

Wi
∗ = argmax

K∑
k=1

S∑
s=1

Rik,s (Wi;X
∗
i )

= argmax

Li∑
l=1

K∑
k=1

S∑
s=1

log2
(
1 + P_SINRik,s,l (Wi;X

∗
i )
)
.

(21)

Afterwards, the optimal transmit stream Li
∗ is obtained as:

Li
∗ = rank (W∗

i ) , ∀i ∈ I. (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

SNR = −ζln

(
1

M

M∑
m=1

exp

(
−P_SINRm

ζ

))
, (23)

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

SNRsub = −ζ

ln

(
1

LiKS

Li∑
l=1

K∑
k=1

S∑
s=1

exp

(
−P_SINRik,s,l (W

∗
i ,X

∗
i )

ζ

))
.

(24)

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

CQI∗
mapping←−−−− argmax

SNRsub

{SNRsub | BLER (SNRsub ) ≤ 0.1} .
(25)

E. Problem Formulation

For cooperative multi-BS reception, UE throughput depends
on the transmission parameters including PMI, RI, CQI, andXi,
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 Xi 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:

max
Wi,Li,xi,u

E

(
K∑
k=1

S∑
s=1

Rik,s

)
� 1

F

F∑
f=1

K∑
k=1

S∑
s=1

Rik,s,f , (26)

where Rik,s,f 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:

max
Wi,Li,xi,u

1

F

F∑
f=1

Li∑
l=1

K∑
k=1

S∑
s=1

log2
(
1 + P_SINRik,s,l,f

)
s.t. Wi ∈ Pl, ∀i ∈ I, 1 ≤ l ≤ L, (27a)

‖Wi‖F = 1, ∀i ∈ I, (27b)

rank (Wi) = Li, ∀i ∈ I, (27c)

1 ≤ Li ≤ min (Ntx, Nrx) , ∀i ∈ I (27d)∑
u∈U

xi,u ≤ Nb, ∀i ∈ I, ∀u ∈ U , (27e)

xi,u ∈ {0, 1}, ∀i ∈ I, ∀u ∈ U , (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 || · ||F 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
Nb 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 H̃i

k,s for subcarrier k, OFDM symbol
s, and UE location i using historical F subframe channels as
data input, represented by

H̃i
k,s = CVAE

({Hi
k,s,f}Ff=1

)
, ∀k ∈ K, ∀s ∈ S, ∀i ∈ I.

(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
Wi,Li,xi,u

Li∑
l=1

K∑
k=1

S∑
s=1

log2

(
1 + P_SINRik,s,l

(
H̃i
k,s

))
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 H̃i

k,s. Due to the complexity of
large-scale mixed-integer programming 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:

p(h) =

∫
p(h, z)dz =

∫
p(h|z)p(z)dz. (30)

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

log p(h) = log

∫
q(z|h)p(h, z)

q(z|h) dz

(1)

≥
∫
q(z|h) log

(
p(h, z)

q(z|h)
)
dz

(2)
=

∫
q(z|h) log

(
p(h|z)p(z)
q(z|h)

)
dz,

(31)

where
(1)

≥ is based on Jensen’s inequality logE[X] ≥ E[logX]

and
(2)
= 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:

LELBO

= −
∫
q(z|h) log p(h|z)dz +

∫
q(z|h) log

(
p(z)

q(z|h)
)
dz

= −Eq(z|h) [log p(h|z))]︸ ︷︷ ︸
ReconstructionLoss

+DKL(q(z|h)‖p(z))︸ ︷︷ ︸
KLDivergence

. (32)

The loss function LELBO 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

Fig. 2. The structure of conditional variational autoencoder.

(KL) divergence between the approximated posterior distribu-
tion q(z|h) and prior distribution p(z), typically formulated
as a standard normal distribution N (0, I). Then, VAE utilizes
an encoder φe to model the approximated posterior distribution
qφe

(z|h), and a decoder φd to model the generative distribution
pφd

(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 i. 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) ∈ R1×I for
the UE location i is expressed as:

onehot(i)[i′] =
{
1 if i′ = i
0 otherwise

, i′ = 1, . . . , I. (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 c ∈ RKSI is denoted by

c = [onehot(k), onehot(s), onehot(i)]T ,

∀k ∈ K, ∀s ∈ S, ∀i ∈ I. (34)

Since the prior distribution p(z) follows a standard normal
distribution, the posterior distribution qφe

(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 φe as:

qφe
(z|h, c) ∼ N (μφe

,σφe
I). (35)

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:

z = μφe
+ σφe


 ε, ε ∼ N (0, I), (36)

where
 is the operation of Hadamard product for element-wise
multiplication. Based on [46], the generated channel h ∈ Rd by
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decoder φd is assumed to be d-dimentiaonal Gaussian distribu-
tion as pφd

(h|z, c) ∼ N (h̃φd
, σhId) with a fixed variance σh.

Therefore, the gradient of the reconstruction loss Lrec in (32)
can be transformed into:

Lrec = −Eqφe (z|h,c) [log pφd
(h|z, c)]

= −Eε∼N (0,I)

[
log pφd

(h|z(ε;μφe
,σφe

), c)
]

= Eε∼N (0,I)

[
1

2σ2
h

∥∥∥h− h̃φd

(
z(ε;μφe

,σφe
), c

)∥∥∥2
+
d

2
log(2π) +

d

2
log

(
σ2
h

)]
(3)� 1

2σ2
hNs

Ns∑
n=1

∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n);μφe

,σφe
), c

)∥∥∥2 ,
(37)

in whichNs is the total number of training channel samples and
h̃φd

is the generated representative channel from the decoder

network φd.
(3)� is obtained by dropping the constant term

d
2 log(2π) +

d
2 log(σ

2
h) and approximating the remaining expec-

tation with Monte Carlo sampling. This adopted approximation
is an unbiased estimator of the original reconstruction lossLrec.
Moreover, its variance decreases proportionally to O(1/Ns),
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 Lrec
be:

L̂rec = 1

2σ2
hNs

Ns∑
n=1

∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n);μφe

,σφe
), c

)∥∥∥2 ,
(38)

Then the expectation of the estimation can be expressed as:

E
[
L̂rec

]
= Eε(1),...,ε(Ns)

[
1

2σ2
hNs

Ns∑
n=1

∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n)), c

)∥∥∥2]

=
1

Ns

Ns∑
n=1

Eε(n)∼N (0,I)

[
1

2σ2
h

∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n)), c

)∥∥∥2]

=
1

Ns

Ns∑
n=1

Eqφe (z|h(n),c)

[
1

2σ2
h

∥∥∥h(n) − h̃
(n)

φd
(z, c)

∥∥∥2]

=
1

Ns

Ns∑
n=1

(
−Eqφe (z|h(n),c) [log pφd

(h|z, c)]
)
= Lrec, (39)

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:

R(n)(ε) =
1

2σ2
h

∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n)), c

)∥∥∥2 , (40)

Algorithm 1: CVAE for Representative Channel Genera-
tion.

Then, the variance of per sample is calculated by:

Var
(
R(n)(ε)

)
=

1

4σ4
h

Varε

(∥∥∥h(n) − h̃
(n)

φd

(
z(ε(n)), c

)∥∥∥2) .
(41)

Consequently, the variance of L̂rec can be expressed as:

Var
(
L̂rec

)
= Var

(
1

Ns

Ns∑
n=1

R(n)
(
ε(n)

))

=
1

N2
s

Ns∑
n=1

Var
(
R(n)

)
(4)
=

1

Ns
Var

(
R(n)

)
,

(42)

where
(4)
= 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/Ns). �

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:

DKL(qφe
(z|h))‖p(z))

=
1

2

Ns∑
n=1

(
1 + log

(
σ2
φe

)− μ2
φe
− σ2

φe

)
. (43)

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 μφe

and variance σ2
φe
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corresponding to the F subframes, as expressed by

argmin
f∈{1,...,F }

((
μ

(f)
φe
− μφe

)T (
μ

(f)
φe
− μφe

)
+

(
(σ

(f)
φe

)2 − σ2
φe

)T (
(σ

(f)
φe

)2 − σ2
φe

))
. (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
{Hi

k,s,f}Ff=1, we first flatten Hi
k,s,f into channel vector h and

compute the onehot conditional vector c base on k, s, and i. 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 H̃i

k,s.
The proposed algorithm optimizes 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 parametersφe
and the decoder parameters φd. Based on non-convex stochastic
optimization theory [47], the algorithm is guaranteed to converge
to a first-order stationary point at a rate ofO(1/√Tc), where Tc
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 requiresO(Ns(ζenc + ζdec))
operations, where ζenc and ζdec denote the forward computa-
tional costs of the encoder and decoder networks, respectively.
Therefore, for training over Tc epochs, the total computational
complexity is given by O(TcNs(ζenc + ζdec)).

B. Deep Reinforcement Learning Framework

Since problem (29) involves selecting UBS from U and
precoding matrix from P for each UE under the calculated
representative channel H̃i

k,s, 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 locx, locy , locz for the horizontal, vertical, and
altitude positions of each UE are used as the state information
for the DRL framework:

si =
[
locix, loc

i
y, loc

i
z

]T
, ∀i ∈ I. (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 setAiU , we
use the binomial coefficient

(
U
Ni

)
to indicate the choices for UE

i to selectNi UBSs from the totalU UBSs. Due to the constraint
(27e) that bounds the maximum numbers of cooperative UBSs

as Nb, Ni should be less than or equal to Nb. The action space
for all UBS cooperation schemes under this constraint can be
represented by

|AiU | =
Nb∑
Ni=1

(
U

Ni

)
=

Nb∑
Ni=1

U !

Ni!(U −Ni)! . (46)

For the action of selecting precoding matrix AiP , we use the
3GPP type-I codebook P(type-I) [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

Bn1
=

[
1 ej

2πn1 ·1
N1O1 ej

2πn1 ·2
N1O1 · · · ej

2πn1 ·(N1−1)
N1O1

]T
,

∀n1 ∈ {0, 1, . . . , O1N1 − 1}, (47)

where N1 represents the number of horizontal antennas and
O1 denotes the DFT over-sampling factor. Similarly, the DFT
beams for the vertical antenna can be attained as Bn2

, ∀n2 ∈
{0, 1, . . . , O2N2 − 1} with N2 being the vertical antenna num-
ber and O2 being the over-sampling factor. The precoding ma-
trix in type-I codebook is basically calculated in the following
mathematical form

W =M1M2 =

[
Bn1
⊗ Bn2

0

0 Bn1
⊗ Bn2

]
M2, (48)

whereinM1 is a wide-band feedback matrix constructed by the
Kronecker product of the horizontal and the vertical DFT beams
Bn1
⊗ Bn2

.M2 is a narrow-band feedback matrix that provides
a finer granularity of beam adjustment for specific sub-bands.
For the codebooks of stream 1,

M2 =
1√

2N1N2

[e, ψn3
e]T , ψn3

= ejψ
n3
2 , n3 ∈ N0, (49)

with ψn3
being a co-phasing factor. Let

Cn1,n2
= Bn1

⊗ Bn2
∈ CN1N2×1, (50)

the precoding matrices for stream 1 can be expressed as:

W(l=1)
n1,n2,n3

=
1√

2N1N2

[
Cn1,n2

ψn3
Cn1,n2

]
. (51)

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

W
(l=4)
n1,n′1,n2,n′2,n3

=
1√

4 · 2N1N2[
Cn1,n2

Cn′1,n′2 Cn1,n2
Cn′1,n′2

ψn3
Cn1,n2

ψn3
Cn′1,n′2 −ψn3

Cn1,n2
−ψn3

Cn′1,n′2

]
,

(52)
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where n1, n
′
1 ∈ {0, 1, . . . , O1N1 − 1} and n2, n

′
2 ∈

{0, 1, . . . , O2N2 − 1}. As a consequence, the total number of
precoding matrices in the type-I codebook for all data streams
forms the action space of AiP , which is denoted as:

|AiP| = |P(type-I)| =
L∑
l=1

|P(type-I)
l |. (53)

Regarding a particular UE in the network, it can arbitrarily select
the action of precoding matrix from P(type-I) 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
(27c). 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(Ntx, Nrx), ensuring compliance with constraint (27d).

3) Reward: Given a specific UE location state si, once the
action AiU for the UBS set and the action AiP for the precod-
ing matrix are selected, the reward function R(si,AiU ,AiP) is
defined as the sum of the post-equalized SINRs corresponding
to the representative channel matrix H̃i

k,s generated by CVAE,
which is expressed as:

R(si,AiU ,AiP)

=

Li∑
l=1

K∑
k=1

S∑
s=1

log2

(
1 + P_SINRik,s,l

(
H̃i
k,s

))
. (54)

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 AU to choose no
more than Nb UBSs and the precoding matrix selected by AP
from the type-I codebook, with data streams less than or equal
to min(Ntx, Nrx), 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 θU and θP will output the Q-values for |AiU | UBS
cooperation schemes and |AiP| precoding schemes, denoted
by QθU (si) = [QθU (si, 1), . . . ,QθU (si, |AiU |)]T and QθP (si) =
[QθP (si, 1), . . . ,QθP (si, |AiP|)]T, respectively. For the selected
UBS set AiU and precoding matrix AiP of the UE location state
si, the loss function of the networks θU and θP are defined as:

L(θU , θP) = 1

2

(∥∥QθU (si,AiU )−R(si,AiU ,AiP)∥∥2
+

∥∥QθP (si,AiP)−R(si,AiU ,AiP)∥∥2) . (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 γU and
γP , and are formulated in the following expression

θU = θU − γU∇θU L(θU , θP),
θP = θP − γP∇θPL(θU , θP). (56)

C. Diffusion Model Enabled Precoding Selection

The proposed DRL framework will independently output the
actions AiU and AiP to jointly calculate the reward function and

attain a feasible UBS set and precoding matrix for problem (29).
Noticed that once the action AiU for the cooperative UBS set is
decided, we can iterate all the satisfied precoding matrices in
the type-I codebook to obtain Wi

0 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
Wi

0 for each outputted cooperative UBS set AiU . 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 Wi

0 for
a given cooperative UBS set AiU , the diffusion model will
perform a forward process to gradually add Gaussian noise
to Wi

0, followed by a reverse process to recover the optimal
precoding matrix from Gaussian noise. The forward diffusion
process will be executed within T time steps and the Gaussian
noise is assumed to obey a fixed variance schedule βt, t ∈ [0, T ].
To differentiate the optimal precoding matrix across various
cooperative UBS schemes, the action AiU will be used as the
conditional information for the diffusion model. Consequently,
the forward process can be described as:

q (Wt|Wt−1,AU ) = q (Wt|Wt−1)

= N
(
Wt;

√
1− βtWt−1, βtI

)
. (57)

For simplicity of expression, we use notations W0 and AU to
represent the optimal precoding matrix Wi

0 and the conditional
UBS set AiU . The specific variance βt that determines the
amount of noise added to Wt from Wt−1 is independent of the
conditional UBS set AU and remains constant throughout the
forward process. Therefore, the distribution for the final T -th
noised precoding matrix is expressed by

q (W1:T |W0,AU ) =
T∏
t=1

q (Wt|Wt−1,AU )

=

T∏
t=1

N
(
Wt;

√
1− βtWt−1, βtI

)
.

(58)

To expedite the forward noise addition process, the diffusion
model can directly obtain the noised precoding matrix Wt for
any arbitrary time step t with Gaussian noise εt ∼ N (0, I),
which is derived based on the fixed βt schedule as:

Wt =
√

1− βtWt−1 +
√
βtεt−1

(5)
=
√
αtWt−1 +

√
1− αtεt−1

(6)
=
√
αtαt−1Wt−2 +

√
1− αtαt−1εt−2

(7)
=
√
ᾱtW0 +

√
1− ᾱtε0, (59)
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Fig. 3. DRL model for uplink BS set and precoding matrix selection based on diffusion model.

where
(5)
= is obtained by setting αt := 1− βt, and

(6)
= is upheld

based on the following expression
√
αt − αtαt−1εt−2 +

√
1− αtεt−1 =

√
1− αtαt−1εt−2,

(60)

which stems from the property of summing two Gaussian ran-
dom variables with variances σ1 =

√
αt − αtαt−1 and σ2 =√

1− αt as:

N (
0, σ2

1I
)
+N (

0, σ2
2I
) ∼ N (

0,
(
σ2
1 + σ2

2

)
I
)
. (61)

In addition,
(7)
= is attained by iterating the noised precoding

matrix Wt back to the original state W0 and by setting ᾱt :=∏t
t′=0 αt′ . As a result,Wt is directly obtained for each t ∈ [1, T ]

with the formulated distribution

Wt ∼ q (Wt|W0,AU ) = q (Wt|W0)

= N (
Wt;
√
ᾱtW0, (1− ᾱt) I

)
.

(62)

After the forward diffusion process with T -th noise addition
steps, WT is assumed to follow an isotropic Gaussian distribu-
tion. Therefore, the diffusion model performs a reverse process
from WT to W0 through sampling a data point out of N (0, I)
for WT . With regard to an intermediate transition from Wt to
Wt−1, the reverse process can be derived based on the original
precoding matrix W0 as:

q (Wt−1|Wt,W0)

(8)
= q (Wt|Wt−1)

q (Wt−1|W0)

q (Wt|W0)

= N (Wt;
√
αtWt−1, (1− αt) I) ·

N (Wt−1;
√
ᾱt−1W0, (1− ᾱt−1) I)

N (Wt;
√
ᾱtW0, (1− ᾱt) I)

= N (
Wt−1; μ̃t (Wt,W0) , σ̃

2
t I
)
, (63)

in which
(8)
= is obtained based on the Bayes’ rule and the mean

μ̃t(Wt,W0) and variance σ̃t values for Wt−1 in (63) are
calculated by the following results

μ̃t (Wt,W0) =

√
ᾱt−1βt
1− ᾱt W0 +

√
αt (1− ᾱt−1)

1− ᾱt Wt, (64)

σ̃2
t =

1− ᾱt−1
1− ᾱt (1− αt) . (65)

Nonetheless, q(Wt−1|Wt,W0) can not be computed as the
reverse process lacks information about W0. Hence, the dif-
fusion model exploits a parameterized neural network pθd to
estimate the intermediate reverse transition, which is expressed
as follows

pθd (Wt−1|Wt) = N
(
Wt−1;μθd(t),σ

2
θd
(t)I

)
. (66)

The estimated variance σθd(t) can be directly modeled as σ̃t
since σ̃t possesses a fixed value, denoted by

σθd(t) = σ̃t =

√
1− ᾱt−1
1− ᾱt (1− αt). (67)

Subsequently, the network parameter θd is optimized by
minimizing the KL divergence between q(Wt−1|Wt,W0) and
pθd(Wt−1|Wt) as:

argmin
θd

DKL (q (Wt−1|Wt,W0) ‖pθd (Wt−1|Wt))

= N (
Wt−1; μ̃t, σ̃

2
t I
) ‖N (

Wt−1;μθd(t), σ̃
2
t I
)

=
1

2

((
μθd(t)− μ̃t

)T
(σ̃2

t )
−1 (μθd(t)− μ̃t

))
=

1

2σ̃2
t

∥∥μθd(t)− μ̃t
∥∥2 , (68)

in which ‖μθd(t)− μ̃t‖2 indicates that μθd(t) should be ap-
proximated as μ̃t. A straightforward approach is to design
μθd(t) in a similar form to μ̃t and allow the network θd to
approximate the original precoding matrix W0 based on the

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



ZHOU et al.: LEVERAGING GENERATIVE ARTIFICIAL INTELLIGENCE FOR UPLINK FEEDBACK-FREE TRANSMISSION IN 6G FD-RAN 6811

Algorithm 2: Diffusion-Based Precoding Selection.

given time step t, Wt, and UBS set AU , formulated by

μθd(t) =

√
ᾱt−1βt
1− ᾱt Wθd (t,Wt,AU ) +

√
αt (1− ᾱt−1)

1− ᾱt Wt.

(69)

Therefore, (68) can be transformed into

argmin
θd

1

2σ̃2
t

∥∥μθd(t)− μ̃t
∥∥2
2
,

=
1

2σ̃2
t

ᾱt−1β2
t

(1− ᾱt)2
‖Wθd (t,Wt,AU )−W0‖2 . (70)

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

L(θd) := Et,Wt,AU
[
‖Wθd (t,Wt,AU )−W0‖2

]
. (71)

Based on the network θd, the reverse process from Gaussian
distributed WT to W0 can be executed and the intermediate
transition from Wt to Wt−1 is expressed as:

Wt−1 =

√
ᾱt−1βt
1− ᾱt Wθd (t,Wt,AU ) +

√
αt (1− ᾱt−1)

1− ᾱt Wt

+
1− ᾱt−1
1− ᾱt (1− αt) z, z ∼ N (0, I). (72)

In the context of the network structure, a U-net compo-
nent [49] is utilized within network θd to approximate the
original precoding matrixW0. The U-net component comprises
down-sampling processes Udown and up-sampling processes
Uup for reconstructing Wθd(t,Wt,AU ). Both the time step t
and the UBS set AU are embedded with fully connected (FC)
neural networks to match the dimension ofWt, which is denoted

Algorithm 3: Cooperative Uplink Feedback-Free Mech-
nism.

by

temb = FC_embedded(t), ∀t ∈ {0, . . . , T} , (73)

AembU = FC_embedded (AU ) , (74)

For the j-th down-sampling and up-sampling processes in
the U-net, the output of the down-sampling U jdown(Wt) is first
multiplied by the embedded UBS setAembU and then added to the
embedded time step temb. The resulting outcome is concatenated
with the output of the j-th up-sampling U jup(Wt) and the
detailed procedures is formulated in the following

U j+1
up =

(
AembU × U jdown (Wt) + temb

)
⊕ U jup (Wt) . (75)

With the reconstructed Wθd(t,Wt,AU ) for each time step
t and the total T -th diffusion reverse process, we can obtain
an approximated precoding matrix W̄0 of the original W0.
Euclidean distance is then used to select a precoding matrix from
the type-I codebook that is closest to W̄0, indicated by W̄cloest.
W̄cloest together with the UBS set AU 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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Fig. 4. DeepMIMO Outdoor 1 (O1) scenario.

PMI, RI, and cooperative UBS set over F stochastic subframe
channels {Hi

k,s,f}Ff=1. Utilizing Algorithm 1, CAE generates

a representative channel H̃i
k,s for subcarrier k, OFDM symbol

s, and UE i, 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 θU will output a UBS set AiU and the diffusion
model will select the precoding matrix W̄i

cloest from type-I
codebook based on Algorithm 2 to jointly calculate the reward
for UE i. Furthermore, RI for the number of data stream Li is
obtained as rank(W̄i

cloest). 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 Eqs. (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
θU and the diffusion model-based precoding network θd are up-
dated by taking gradient decent overL(θU ) = 1

2‖QθU (si,AiU )−R(si,AiU ;AiP)‖2 and Et,Wi
t,Ai

U
[‖Wθd(t,W

i
t;AiU )−Wi

0‖2],
respectively. The overall DRL framework alternately updates the
network θU and the network θd. Specifically, θU is updated while
fixing θd, 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 θU requires evalu-
ating all feasible cooperative UBS sets, leading to a per-iteration
complexity of O(|AU |ζU ), where ζU is the forward cost of θU .
The diffusion model requiring one U-Net forward computation
denoted as ζd for T denoising steps, resulting in a complexity of
O(Tζd). Additionally, the search for the closest precoding ma-
trix in the Type-I codebook costsO(|P|dP)with dP denoting the
precoding dimension. Consequently, the overall computational
complexity of the proposed DRL algorithm with TD training
steps is expressed as O(TD(|AU |ζU + Tζd + |P|dP)).

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,

Fig. 5. The position coordinates of 2 DBS and 1138 UE.

TABLE I
PARAMETERS SETTINGS

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× 1 dual-polarized transmitting antenna, with a total antenna
count of Ntx = 4, while the UBS is equipped with a 4× 1
dual-polarized receiving antenna, with a total antenna count
of Nrx = 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 Ntx = 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 Throughput =
(1−BER)× 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. 6. The training process of DRL.

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 Nb = 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 ofAiU andAiP 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

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. 9. Throughput of 1-40 UEs under CVAE, CGAN, and subframe channels.

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

Fig. 11. Throughput comparison between CVAE and subframe channels.

Fig. 12. The CDF and average BER under CSI feedback-free transmission.

latent distribution for channel generation, rather than directly
producing samples from random noise as in GANs (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

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



ZHOU et al.: LEVERAGING GENERATIVE ARTIFICIAL INTELLIGENCE FOR UPLINK FEEDBACK-FREE TRANSMISSION IN 6G FD-RAN 6815

Fig. 13. The UE throughput under different transmission mechanisms.

Fig. 14. The uncoded BER of 384 UEs under CSI feedback-free transmission.

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 10−2 and 10−4, meeting the
basic requirements for BER in current wireless communication
systems.

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
GenAI 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 AI techniques, such as large foundation models, to
enhance FD-RAN feedback-free transmission and facilitate its
practical deployment in sixth-generation wireless networks.

REFERENCES

[1] S. Elhoushy, M. Ibrahim, and W. Hamouda, “Cell-free massive MIMO:
A survey,” IEEE Commun. Surv. Tuts., vol. 24, no. 1, pp. 492–523, 1st
Quart., 2021.

[2] J. Zhao et al., “Fully-decoupled radio access networks: A resilient uplink
base stations cooperative reception framework,” IEEE Trans. Wireless
Commun., vol. 22, no. 8, pp. 5096–5110, Aug. 2023.

[3] G. Femenias and F. Riera-Palou, “Mobile edge computing aided cell-free
massive MIMO networks,” IEEE Trans. Mobile Comput., vol. 23, no. 2,
pp. 1246–1261, Feb. 2024.

[4] 3GPP, “NR; user equipment (UE) radio access capabilities,” 3rd Gen-
eration Partnership Project (3GPP), Technical Specification (TS) 38.306,
Aug. 2022, v15.17.0.

[5] H. A. Ammar et al., “User-centric cell-free massive MIMO networks: A
survey of opportunities, challenges and solutions,” IEEE Commun. Surv.
Tuts., vol. 24, no. 1, pp. 611–652, 1st Quart., 2021.

[6] R. Chopra, C. R. Murthy, and A. K. Papazafeiropoulos, “Uplink perfor-
mance analysis of cell-free mMIMO systems under channel aging,” IEEE
Commun. Lett., vol. 25, no. 7, pp. 2206–2210, Jul. 2021.

[7] Y. Xu et al., “Federated learning over fully-decoupled RAN architecture
for two-tier computing acceleration,” IEEE J. Sel. Areas Commun., vol. 41,
no. 3, pp. 789–801, Mar. 2023.

[8] X. Zhang, X. Qin, Y. Wang, Y. Xu, H. Zhou, and W. Zhuang, “Robust
downlink data transmission in leo satellite–terrestrial networks: A rate-
splitting multiple access approach,” IEEE Internet Things J., vol. 12,
no. 14, pp. 27364–27378, Jul. 2025.

[9] S. Chen, J. Zhang, E. Björnson, Ö. T. Demir, and B. Ai, “Energy-efficient
cell-free massive MIMO through sparse large-scale fading processing,”
IEEE Trans. Wireless Commun., vol. 22, no. 12, pp. 9374–9389, Dec. 2023.

[10] G. Femenias and F. Riera-Palou, “From cells to freedom: 6G’s evolutionary
shift with cell-free massive MIMO,” IEEE Trans. Mobile Comput., vol. 24,
no. 2, pp. 812–829, Feb. 2025.

[11] Q. Yu et al., “A fully-decoupled ran architecture for 6G inspired by
neurotransmission,” J. Commun. Inf. Netw., vol. 4, no. 4, pp. 15–23, 2019.

[12] B. Qian et al., “Enabling fully-decoupled radio access with elastic re-
source allocation,” IEEE Trans. Cognit. Commun. Netw., vol. 9, no. 4,
pp. 1025–1040, Aug. 2023.

[13] T. Zhang et al., “Toward handover-free mobility management in FD-RAN:
Architecture, challenges, and solutions,” IEEE Netw., vol. 38, no. 6,
pp. 433–442, Nov. 2024.

[14] N. Kim, I. P. Roberts, and J. Park, “Splitting messages in the dark-rate-
splitting multiple access for FDD massive MIMO without CSI feed-
back,” IEEE Trans. Wireless Commun., vol. 24, no. 4, pp. 3320–3332,
Apr. 2025.

[15] K. Yu et al., “Fully-decoupled radio access networks: A flexible downlink
multi-connectivity and dynamic resource cooperation framework,” IEEE
Trans. Wireless Commun., vol. 22, no. 6, pp. 4202–4214, Jun. 2023.

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



6816 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 5, MAY 2026

[16] J. Liu, J. Chen, Z. Liu, and H. Zhou, “Enabling feedback-free MIMO
transmission for FD-RAN: A data-driven approach,” IEEE Trans. Mobile
Comput., vol. 24, no. 3, pp. 2437–2454, Mar. 2025.

[17] Z. Lyu, M. Xiao, J. Xu, M. Skoglund, and M. Di Renzo, “The larger the
merrier? Efficient large AI model inference in wireless edge networks,”
2025, arXiv:2505.09214.

[18] M. Elamassie and M. Uysal, “Feedback-free adaptive modulation selection
algorithm for FSO systems,” IEEE Wireless Commun. Lett., vol. 10, no. 9,
pp. 1964–1968, Sep. 2021.

[19] Y. Xu et al., “Decentralization of generative AI via mixture of experts for
wireless networks: A comprehensive survey,” 2025, arXiv:2504.19660.

[20] M. Sheraz et al., “A comprehensive survey on GenAI-enabled 6G: Tech-
nologies, challenges, and future research avenues,” IEEE Open J. Commun.
Soc., vol. 6, pp. 4563–4590, 2025.

[21] J. Xue et al., “Cooperative deep reinforcement learning enabled power
allocation for packet duplication URLLC in multi-connectivity vehicular
networks,” IEEE Trans. Mobile Comput., vol. 23, no. 8, pp. 8143–8157,
Aug. 2024.

[22] Y. Xu et al., “Fully-decoupled ran for feedback-free multi-base station
transmission in MIMO-OFDM system,” IEEE J. Sel. Areas Commun.,
vol. 43, no. 3, pp. 780–794, Mar. 2025.

[23] Z. Liu et al., “Leveraging self-supervised learning for MIMO-OFDM
channel representation and generation,” 2024, arXiv:2407.07702.

[24] Y. Xu et al., “Leveraging multiagent learning for automated vehicles
scheduling at nonsignalized intersections,” IEEE Internet Things J., vol. 8,
no. 14, pp. 11427–11439, Jul. 2021.

[25] L. Bai, J. Xu, J. Wang, R. Han, and J. Choi, “Efficient hybrid transmission
for cell-free systems via NOMA and multiuser diversity,” IEEE Trans.
Mobile Comput., vol. 24, no. 4, pp. 3359–3371, Apr. 2025.

[26] S. Pratschner et al., “Versatile mobile communications simulation: The
vienna 5G link level simulator,” EURASIP J. Wireless Commun. Netw.,
vol. 2018, no. 1, 2018, Art. no. 226.

[27] F. Z. Morais et al., “When SDN meets C-RAN: A survey exploring
multi-point coordination, interference, and performance,” J. Netw. Com-
put. Appl., vol. 162, 2020, Art. no. 102655.

[28] H. Q. Ngo et al., “Cell-free massive MIMO versus small cells,” IEEE
Trans. Wireless Commun., vol. 16, no. 3, pp. 1834–1850, Mar. 2017.

[29] E. Björnson et al., “Massive MIMO networks: Spectral, energy, and
hardware efficiency,” Foundations Trends Signal Process., vol. 11, no. 3-4,
pp. 154–655, 2017.

[30] E. Björnson and L. Sanguinetti, “Scalable cell-free massive MIMO sys-
tems,” IEEE Trans. Commun., vol. 68, no. 7, pp. 4247–4261, Jul. 2020.

[31] 3GPP, “Evolved universal terrestrial radio access (E-UTRA); physical
layer procedures,” 3rd Generation Partnership Project (3GPP), Technical
specification (TS) 36.213, Jun. 2022, version 17.2.0.

[32] J. Shi et al., “Learning to compute ergodic rate for multi-cell scheduling
in massive MIMO,” IEEE Trans. Wireless Commun., vol. 20, no. 2,
pp. 785–797, Feb. 2021.

[33] Z. Wang, J. Zhang, H. Q. Ngo, B. Ai, and M. Debbah, “Uplink precoding
design for cell-free massive MIMO with iteratively weighted MMSE,”
IEEE Trans. Commun., vol. 71, no. 3, pp. 1646–1664, Mar. 2023.

[34] W. Jiang and H. D. Schotten, “Opportunistic ap selection in cell-free
massive MIMO-OFDM systems,” in Proc. IEEE Veh. Technol. Conf., 2022,
pp. 1–5.

[35] C. He, Y. Lu, B. Ai, O. A. Dobre, Z. Ding, and D. Niyato, “ICGNN: Graph
neural network enabled scalable beamforming for MISO interference
channels,” IEEE Trans. Mobile Comput., vol. 24, no. 10, pp. 10778–10791,
Oct. 2025.

[36] Z. Jiwei, C. Jiacheng, S. Zeyu, S. Yuhang, Z. Haibo, and X. S. Shen,
“Channel-feedback-free transmission for downlink FD-RAN: A radio map
based complex-valued precoding network approach,” China Commun.,
vol. 21, no. 4, pp. 10–22, 2024.

[37] X. Zhang, X. Qin, Z. Zhang, L. X. Cai, H. Zhou, and W. Zhuang,
“RIS-aided MIMO downlink transmission for ultradense LEO satellite-
terrestrial networks,” IEEE Internet Things J., vol. 12, no. 11,
pp. 15304–15318, Jun. 2025.

[38] W. Wang, B. Yang, and W. Zhang, “Deep learning-based radio map for
MIMO-OFDM downlink precoding,” J. Commun. Inf. Netw., vol. 8, no. 3,
pp. 203–211, 2023.

[39] J. Liu, J. Chen, Z. Liu, Y. Xu, J. Kang, and H. Zhou, “A variational autoen-
coder enabled feedback-free MIMO transmission approach for FD-RAN,”
in Proc. IEEE Glob. Commun. Conf., 2024, pp. 469–474.

[40] A. Alkhateeb, “DeepMIMO: A generic deep learning dataset for millimeter
wave and massive MIMO applications,” 2019, arXiv:1902.06435.

[41] D. Tse and P. Viswanath, Fundamentals of Wireless Communication.
Cambridge, U.K.: Cambridge Univ. Press, 2005.

[42] R. W. Heath Jr and A. Lozano, Foundations of MIMO Communication.
Cambridge, U.K.: Cambridge Univ. Press, 2018.

[43] S. Schwarz, C. Mehlführer, and M. Rupp, “Calculation of the spatial
preprocessing and link adaption feedback for 3GPP UMTS/LTE,” in Proc.
Wireless Adv. 2010, 2010, pp. 1–6.

[44] K. Shen and W. Yu, “Fractional programming for communication
systems—Part I: Power control and beamforming,” IEEE Trans. Signal
Process., vol. 66, no. 10, pp. 2616–2630, May 2018.

[45] Z.-Q. Luo and S. Zhang, “Dynamic spectrum management: Complexity
and duality,” IEEE J. Sel. Topics Signal Process., vol. 2, no. 1, pp. 57–73,
Feb. 2008.

[46] D. P. Kingma and M. Welling, “Auto-encoding variational bayes,”
2013, arXiv:1312.6114.

[47] S. Ghadimi and G. Lan, “Stochastic first-and zeroth-order methods for
nonconvex stochastic programming,” SIAM J. Optim., vol. 23, no. 4,
pp. 2341–2368, 2013.

[48] 3GPP, “NR; physical layer procedures for data,” Technical specification
(TS) 38.214, Jan. 2024, v18.1.0.

[49] J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models,”
in Proc. Adv. Neural Inf. Process. Syst., 2020, pp. 6840–6851.

[50] P. Tseng, “Convergence of a block coordinate descent method for non-
differentiable minimization,” J. Optim. Theory Appl., vol. 109, no. 3,
pp. 475–494, 2001.

[51] A. Alkhateeb, “DeepMIMO: A generic deep learning dataset for millime-
ter wave and massive MIMO applications,” in Proc. Inf. Theory Appl.
Workshop (ITA), San Diego, CA, Feb. 2019, pp. 1–8.

[52] 3GPP, “Study on channel model for frequencies from 0.5 to 100 GHz,”
Technical report (TR) 38.901, Apr. 2024, v18.0.0.

[53] 3GPP, “NR; physical channels and modulation,” Technical specification
(TS) 38.211, Mar. 2024, v18.2.0.

Haibo Zhou (Fellow, IEEE) received the PhD degree
in information and communication engineering from
Shanghai Jiao Tong University, Shanghai, China, in
2014. From 2014 to 2017, he was a postdoctoral fel-
low with the Broadband Communications Research
Group, Department of Electrical and Computer En-
gineering, University of Waterloo. He is currently
a full professor with the School of Electronic Sci-
ence and Engineering, Nanjing University, Nanjing,
China. He was a recipient of the 2019 IEEE ComSoc
Asia–Pacific Outstanding Young Researcher Award,

2023 IEEE ComSoc WTC Outstanding Young Researcher Award, 2023-2024
IEEE ComSoc Distinguished Lecturer, and 2023-2025 IEEE VTS Distinguished
Lecturer. He served as Track/Symposium Co-Chair for IEEE/CIC ICCC 2019,
IEEE VTC-Fall 2020, IEEE VTC-Fall 2021, WCSP 2022, IEEE GLOBECOM
2022, IEEE ICC 2024, IEEE GLOBECOM 2024. He is currently an associate
editor of IEEE Transactions on Wireless Communications, IEEE Internet of
Things Journal, IEEE Network Magazine, and Journal of Communications and
Information Networks. His research interests include resource management
and protocol design in B5G/6G networks, vehicular ad hoc networks, and
space-air-ground integrated networks.

Yunting Xu (Member, IEEE) received the PhD de-
gree from Nanjing University, in 2024. He is currently
a research fellow with the School of Computer Sci-
ence and Engineering, Nanyang Technological Uni-
versity, Singapore. He mainly focuses on the artificial
intelligence and networking optimization in the field
of emerging wireless networks.

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



ZHOU et al.: LEVERAGING GENERATIVE ARTIFICIAL INTELLIGENCE FOR UPLINK FEEDBACK-FREE TRANSMISSION IN 6G FD-RAN 6817

Tianqi Zhang (Member, IEEE) received the BS de-
gree in electronical information science and tech-
nology from Nanjing University, Nanjing, China, in
2021, where he is currently working toward the PhD
degree in information and communication engineer-
ing with Nanjing University. His current research
interests include dynamic resource scheduling, mo-
bility management, and machine learning in the field
of emerging wireless networks.

Xin Zhang (Member, IEEE) received the BS degree
from the University of Electronic Science and Tech-
nology of China, in 2020, and the PhD degree from
Nanjing University, in 2025. She is currently a post-
doctoral fellow with the School of Electronic Science
and Engineering, Nanjing University, Nanjing, China.
Her research interests include space-air-ground in-
tegrated networks, resource allocation, and convex
optimization theory.

Jiacheng Chen (Member, IEEE) received the PhD
degree in information and communications engineer-
ing from Shanghai Jiao Tong University, Shanghai,
China, in 2018. From 2015 to 2016, he was a visit-
ing scholar with BBCR group, University of Water-
loo, Canada. Currently, he is an assistant researcher
with Pengcheng Laboratory, Shenzhen, China. His
research interests include fully-decoupled radio ac-
cess network technologies. He has served as the guest
editor for IEEE IoTJ, and the Workshop Co-chair
for IEEE/CIC ICCC from 2021 to 2024. He was the

recipient of Journal of Communications and Information Networks (JCIN) Best
Paper Award in 2016, and the Chinese Institute of Electronics (CIE) Outstanding
Scientific Paper in the Field of Electronic Information in 2020.

Xuemin Shen (Fellow, IEEE) received the PhD de-
gree in electrical engineering from Rutgers Univer-
sity, New Brunswick, NJ, USA, in 1990. He is a
university professor with the Department of Electrical
and Computer Engineering, University of Waterloo,
Canada. His research focuses on network resource
management, wireless network security, Internet of
Things, AI for networks, and vehicular networks.
He is a registered professional engineer of Ontario,
Canada, an Engineering Institute of Canada Fellow,
a Canadian Academy of Engineering Fellow, a Royal

Society of Canada Fellow, a Chinese Academy of Engineering Foreign Member,
an International Fellow of the Engineering Academy of Japan, and a Distin-
guished Lecturer of the IEEE Vehicular Technology Society and Communi-
cations Society. He received “West Lake Friendship Award” from Zhejiang
Province in 2023, President’s Excellence in Research from the University of
Waterloo in 2022, the Canadian Award for Telecommunications Research from
the Canadian Society of Information Theory (CSIT) in 2021, the R.A. Fessenden
Award in 2019 from IEEE, Canada, Award of Merit from the Federation of
Chinese Canadian Professionals (Ontario) in 2019, James Evans Avant Garde
Award in 2018 from the IEEE Vehicular Technology Society, Joseph LoCicero
Award in 2015 and Education Award in 2017 from the IEEE Communications
Society (ComSoc), and Technical Recognition Award from Wireless Communi-
cations Technical Committee (2019) and AHSN Technical Committee (2013).
He has also received the Excellent Graduate Supervision Award in 2006 from the
University of Waterloo and the Premier’s Research Excellence Award (PREA)
in 2003 from the Province of Ontario, Canada. He is the Past President of the
IEEE Communications Society. He was the Vice President for Technical &
Educational Activities, Vice President for Publications, Member-at-Large on the
Board of Governors, Chair of the Distinguished Lecturer Selection Committee,
and Member of IEEE Fellow Selection Committee of the ComSoc. Dr. Shen
served as the editor-in-chief of the IEEE IoT Journal, IEEE Network, and IET
Communications.

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



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


