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Abstract— Coordinated multi-base station (BS) transmission
has emerged as a fundamental access technology to augment
network capability and improve spectrum efficiency. However,
the computation-intensive feedback of channel state information
(CSI) poses significant challenges in determining physical-layer
parameters for coordinated BSs. In this paper, we investigate a
feedback-free mechanism that leverages fixed precoding matrix
indicator (PMI), rank indicator (RI), and channel quality indica-
tor (CQI) for coordinated BS transmission over a fully-decoupled
radio access network (FD-RAN). Aiming to maximize user equip-
ment (UE) throughput without CSI feedback, we calculate an
optimal feedback-free parameter across spatial, frequency, and
time domains only through UE geolocations. First, to determine
MIMO transmission layer and precoding strategy in the spatial
domain, we introduce a hierarchical reinforcement learning
(HRL) framework to jointly select PMI and RI for coordinated
BSs. Subsequently, for designing a more fine-grained subband
transmission, transformer module is employed to capture the
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subcarrier correlations within OFDM symbols. Finally, given the
unpredictable channel variations, we leverage a diffusion model
to generate representative channel for fixed PMI, RI, and CQI
over time-varied networks. Simulations demonstrate that 2 BSs
feedback-free transmission can enhance 13% throughput com-
pared with 1 BS CLSM transmission, which provides a design
principle for next-generation transceiver technologies.

Index Terms— 6G, fully-decoupled RAN, feedback-free trans-
mission, generative AI, diffusion model.

I. INTRODUCTION

WITH the ever-increasing demand for higher data rates
and improved spectral efficiency in wireless networks,

coordinated transmission among multi-base station (BS) has
evolved as an innovative paradigm to support user equipment
(UE) service for next-generation wireless networks (6G) [1],
[2], [3], [4]. One of the state-of-the-art technologies in wire-
less coordination, namely co-frequency diversity employed by
multi-BS transmission, has demonstrated significant potential
in optimizing spectrum utilization and augmenting network
capacity [5]. Nevertheless, the fundamental property of the
performance gain brought by co-frequency diversity is criti-
cally dependent on the feedback of channel state information
(CSI), especially for multiple-input multiple-output (MIMO)
systems [6]. In current fifth-generation (5G) wireless net-
works, the real-time CSI is acquired by transmitting reference
signals from the BS to the UE, enabling the calculation of
physical-layer parameters, including precoding matrix indica-
tor (PMI), MIMO rank indicator (RI), and channel quality
indicator (CQI), for orthogonal frequency-division multiplex-
ing (OFDM) symbol transmission [7]. The PMI, RI, and CQI
will be subsequently fed back to the BS and be dynami-
cally adjusted across different subframes. Consequently, when
confronted with the joint determination of physical-layer
parameters for multi-BS, the intensive computation and com-
munication of real-time CSI feedback has posed significant
challenges for the exploitation of co-frequency diversity [8].

Targeting at reducing CSI feedback overhead while guaran-
teeing the wireless data rate, extensive network optimization
technologies, e.g., sparse [9] and quantized [10] CSI feed-
back, have been investigated in the past few years. However,
these approaches cannot essentially reduce the complexity
and frequency for the joint calculation of physical-layer
parameters involving multi-BS [11]. Recently, an evolutionary
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fully-decoupled radio access network (FD-RAN) architecture,
which employs a feedback-free mechanism for physical-layer
transmission, has been proposed to enable the extensible and
flexible design for multi-BS transmission [12], [13], [14].
Instead of relying on the frequent feedback of CSI to calcu-
late physical-layer parameters, the feedback-free mechanism
in FD-RAN leverages fixed PMI, RI, and CQI across all
transmission periods based on the geolocation information
of UE’s position. The fixed physical-layer parameters will
be precalculated with geolocation-related statistical channel
data, thus avoiding the intensive real-time CSI processing.
This innovative transmission design has been regarded as a
promising resolution for multi-BS cooperation [15].

Nevertheless, although the feedback-free mechanism of
FD-RAN simplifies the frequent CSI feedback process, the
determination of time-invariant physical-layer parameters for
each UE location remains a significant challenge. Given the
dynamic and stochastic characteristics of the wireless channel
across different subframes, directly utilizing geolocation-based
statistical channel data may result in unsatisfactory perfor-
mance [16]. However, channels at one location exhibit high
correlations in the spatial, frequency, and time domains. With
the recent revolutionary development of generative artificial
intelligence (GAI) technologies, cutting-edge GAI algorithms
such as the diffusion model and variational autoencoder (VAE)
have shown considerable potential in accurately capturing the
correlation within dynamically changing environments [17],
[18]. Consequently, through learning the distribution of the
statistical channel data across the spatial, frequency, and time
domains, GAI is capable of generating a representative channel
that adequately adapts to a wide range of time-varied wireless
conditions [19], [20]. The generated representative channel can
be exploited to obtain the time-invariant physical-layer param-
eters for coordinated multi-BS transmission, thus providing an
effective solution for the feedback-free mechanism of the FD-
RAN architecture.

Based on the aforementioned investigation, we summarize
the challenges and motivations of utilizing the innovative FD-
RAN architecture for multi-BS transmission as follows
• Communication overhead: To eliminate the necessity for

frequent real-time CSI feedback between the UE and the
coordinated BSs, FD-RAN consistently employs the time-
invariant PMI, RI, and CQI across all subframes, thus
significantly reducing the communication overhead for
coordinated multi-BS transmission.

• Computation overhead: The complexity of the joint calcu-
lation for physical-layer parameters grows exponentially
with the number of coordinated BSs, making it com-
putationally prohibitive for each subframe transmission.
FD-RAN precalculates the time-invariant physical-layer
parameters based on statistical channel data, thereby sub-
stantially reducing the intensive computation overhead.

• Dynamic wireless environment: The stochastic char-
acteristic of the changing wireless channel results in
unsatisfactory performance for the fixed parameter trans-
mission of FD-RAN. Through learning the distribution of
statistical channel data across different subframes, GAI
can generate a representative channel to tremendously

enhance the performance of FD-RAN feedback-free
transmission.

To this end, this paper targets at enhancing the feedback-free
transmission performance of FD-RAN for coordinated multi-
BS transmission in MIMO-OFDM system. We formulate a
problem that aims to maximize the UE throughput, with an
optimization of physical-layer parameters within the spatial,
frequency, and time domains based GAI technologies. Specif-
ically, the PMI will be tailored to each subcarrier in an OFDM
symbol to enable more fine-grained subband transmission, the
RI will decide the joint transmit data layer for all coordinated
BSs, and the CQI will select a modulation and coding scheme
(MCS) to determine the overall throughput of the coordinated
multi-BS transmission. The detailed process of the FD-RAN
feedback-free mechanism includes: (1) Leverage location-
based statistical channel data to precalculate the PMI, RI,
and CQI for coordinated BSs; and (2) Consistently apply
these physical-layer parameters across all transmission peri-
ods. The main contributions of this paper are highlighted as
follows

• We design a hierarchical reinforcement learning (HRL)
framework to jointly optimize PMI and RI on co-
frequency transmission. The higher-tier of HRL will
determine the MIMO spatial layer and the lower-tier
will select the precoding matrix for all coordinated BSs,
which provides an efficient way to handle the complicated
precoding problem in the spatial domain.

• We employ the transformer encoder with a scaled
dot-product attention module to capture the inherent cor-
relations of subcarriers within an OFDM symbol, which
offers a more fine-grained subband transmission in the
frequency domain compared with OLSM1 mechanism.

• Given the continuous and unpredictable channel vari-
ations in the time domain, we exploit a conditional
diffusion model, one type of GAI, to generate a repre-
sentative channel for calculating the MSC, which will
be effective for a wide range of dynamic time-varied
conditions.

• Extensive simulations have been conducted in the
Vienna 5G Link Level Simulator [22] with a complete
physical-layer module. The results have verified that a
feedback-free transmission of 2 BS can enhance the
UE throughput by 13% compared to 1 BS CLSM2 and
reach 94% performance of a heuristic codebook iteration
(HCI) method, which provides a design principle for the
development of next-generation wireless networks.

The rest of this paper is structured as follows. Section II
introduces the related work. Section III presents the sys-
tem model. Section IV describes the feedback-free resolution
and the simulation results are given in Section V. Finally,
we conclude the contributions in Section VI.

1Open-loop spatial multiplexing (OLSM) corresponds to the transmission
mode (TM) 3 in Long Term Evolution (LTE) [21]. OLSM provides the
feedback information using a predefined PMI sequence for each subcarrier
in an OFDM symbol, along with an RI and a CQI.

2Closed-loop spatial multiplexing (CLSM) corresponds to the TM 4 in
LTE [21]. CLSM provides the feedback information using a PMI for all
subcarriers in an OFDM symbol, along with an RI and a CQI.
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II. RELATED WORK

The field of coordinated multi-BS transmission has wit-
nessed substantial development in recent decades owing to its
potential to enhance spectrum utilization and augment network
capacity [23]. State-of-the-art techniques such as coordinated
multi-point (CoMP) transmission and cell-free massive MIMO
leverage the co-frequency diversity to enhance signal strength,
thereby improving UE throughput and ensuring more reliable
connectivity across extensive networks [24]. However, the
current physical-layer transmission mode relies on the UE
periodical measurement report of CSI feedback, which is
computation-intensive and results in high communication over-
head due to the exponential increased coordination complexity
with the number of BSs. To alleviate this situation, consid-
erable research works have been conducted utilizing limited
CSI feedback technologies. Chen et al. [9] leveraged sparsity-
inducing mean-squared error (MSE) minimization for cell-free
transmission. Silva et al. [10] proposed a low-complexity BS
block compression method to relieve the fronthaul burden
in distributed MIMO system. These technologies have been
demonstrated to achieve nearly equivalent spectral efficiency to
the transmission attained with perfect CSI, while significantly
reducing the overhead of CSI feedback.

To further address the challenges posed by real-time
computational complexity in CSI feedback procedure, the
mechanism of physical-layer transmission without any CSI
information has received extensive attention. Bletsas et al. [25]
explored a zero-feedback scheme wherein carrier synchro-
nization is abandoned among distributed transmitters and
verified the possibility of deploying the zero-feedback scheme
in low-cost sensor networks. Hanna et al. [26] proposed a
destination-feedback-free approach that leverages coarse radio
mobility and destination information for distributed beam-
forming process. Simulations have demonstrated an effective
signal to noise ratio (SNR) improvement of 9 dB in the
beamforming direction, achieved through a broad placement
of four radio units. In addition, the UE location based
feedback-free mechanism has been widely adopted to optimize
the network performance. Chikha et al. [27] formulated a
radio environment map (REM) for inter-cell coordination
in massive-MIMO systems. Wang et al. [28] proposed a
location-aware beamforming method in cell-free millimeter
wave scenario. Furthermore, Yu et al. [12] leveraged UE
location to obtain a fixed PMI, RI, and CQI in coordination
BS transmission. which provides an efficient way to simplify
operations and enhance coordination efficiency.

Apart from the flexibility benefits that feedback-free
transmission affords in BS coordination, there remains sig-
nificant potential for performance improvement through the
employment of advanced AI technologies with geolocation

information [29], [30], [31]. Ji et al. [32] proposed a
multi-agent deep reinforcement learning method with rate
splitting multiple access for beamforming configuration.
Xu et al. [33] introduced a reservoir computing structure-
based network (RC-net) to realize the rank and link adaptation
for MIMO-OFDM Detection. Recently, generative AI has
shown enormous potential in the optimization of physical-
layer performance [34], [35]. Ye et al. [36] used a generative
adversarial network (GAN) based channel agnostic commu-
nication to realize an efficient physical-layer transmission.
Liu et al. [19] leveraged the VAE to generate a represen-
tative precoding matrix with a location based feedback-free
mechanism. Kim et al. [37] exploited a diffusion model for
end-to-end (E2E) channel coding design, which demonstrates
extensive capability in creating an effective solution over
complicated time-varied channels and achieves significant
throughput enhancement.

III. SYSTEM MODEL

In this section, we present the wireless channel model
and the transmission process of multi-downlink BSs (DBSs)
coordination over FD-RAN architecture.

A. Channel Model

Consider that the UE is equipped with Nr receive antennas,
and each DBS has Nt transmit antennas, we use the clustered
delay line (CDL) defined in 3GPP 38.901 [38] to model the
channel impulse response (CIR). As given in Eq. (1), as shown
at the bottom of the page, the time-variant CIR hr,t(τ) of the
r-th receive and t-th transmit antenna is formulated by adding
the line of sight (LoS) channel hLoS

r,t (τ,∆τLoS) to the non-
line of sight (NLoS) components hr,t,c,p(τ,∆τc,p), where τ
denotes the time instant, ∆τLoS and ∆τc,p are the time delay
of LoS and NLoS paths, respectively, c ∈ [1, C] describes
the modeled channel clusters, and p ∈ [1, Npc ] is the subpath
of cluster c. The subpath p in the same cluster will share
similar angle of arrival (AoA) and angle of departure (AoD),
having the angle gains of GAoA and GAoD, respectively. The
DBS transmit antenna is considered to be a dual-polarized
uniform planar array (UPA), which consists of Nt1 horizontal
and Nt2 vertical antennas. The transmit antenna number can be
calculated as Nt = 2Nt1Nt2 and the antenna gain is denoted
as Gt. The UE received antenna is considered to be a single-
polarized uniform linear array (ULA) with an antenna gain of
Gr. Consequently, the channel gains of GLoS and Gc,p are
expressed as

GLoS/c,p = GrGAoAGtGAoD. (2)

Besides, the Ricean K-factor KR in Eq. (1) describes the
scaled power ratio of LoS path and NLoS paths. ϕLoS and

hr,t(τ) =
√

KR

KR + 1
hLoS

r,t (τ,∆τLoS) +
√

1
KR + 1

C∑
c=1

Npc∑
p=1

hr,t,c,p(τ,∆τc,p)

=
√

KR

KR + 1
GLoSej(ϕLoS+2πfc∆τLoS)δ (τ −∆τLoS) +

√
1

KR + 1

C∑
c=1

Npc∑
p=1

Gc,pej(ϕc,p+2πfc∆τc,p)δ (τ −∆τc,p) . (1)
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Fig. 1. Coordinated multi-DBS transmission in FD-RAN.

ϕc,p are the initial phases of the channel paths, fc is the carrier
signal frequency, and δ(·) is the Dirac delta function to model
the unit channel impulse that includes the time delay effect.

B. Coordinated Downlink Data Transmission

As shown in Fig. 1, different DBSs in FD-RAN will coor-
dinately transmit the same signal to a UE and the coordinated
DBS set is defined as D = {1, · · · , D}. For OFDM symbol i,
the UE received signal in time domain yi

r,t(τ) is expressed as

yi
r,t(τ) =

D∑
d=1

αdh
i
d,r,t(τ) ∗ xi(τ) + ni(τ), (3)

where αd and hi
d,r,t(τ) denote the pathloss and the CIR

between DBS d and the UE, respectively, xi(τ) and ni(τ)
are the transmit symbol and received noise in time domain,
and ∗ denotes the convolution operation. Since OFDM is
typically transmitted in frequency domain, hi

d,r,t(τ), xi(τ)
and ni(τ) will be sampled at a sampling rate of Ns∆f to
obtain the discrete sequences hi

d,r,t[n], xi[n], ni[n], and yi
r,t[n],

n = 0, · · · , Ns − 1, where Ns denotes the sampling number
and ∆f is the subcarrier spacing. Given that different DBSs
transmit the same OFDM symbol to the UE, the signals from
different DBSs can be looked upon as multi-paths transmis-
sion. Therefore, the inter-symbol interference (ISI) caused by
multi-paths effect can be effectively mitigated using the cyclic
prefix (CP) technique. Consider the delay of all paths from
DBS ∀d ∈ D to be less than the duration of CP, for a specific
subcarrier k, the discrete UE received signal yi

r[k] at antenna
r is calculated as the sum of discrete signal yi

r,t[k] from all
transmit antennas as follows:

yi
r[k] =

Nt∑
t=1

yi
r,t[k] =

Nt∑
t=1

D∑
d=1

hi
d,r,t[k]xi[k] + ni[k], (4)

where yi
r,t[k], hi

d,r,t[k], xi[k], and ni[k] are the discrete Fourier
transform (DFT) of yi

r,t[n], αdh
i
d,r,t[n], xi[n], and ni[n],

respectively. An example of DFT{xi[n]} is given as follows:

xi[k] = DFT{xi[n]} =
Ns−1∑
n=0

xi[n]e−j 2π
Ns

nk. (5)

The detailed derivation of Eq. (4) is provided in Appendix A.
Remark 1: The normal CP duration tcp is defined as 5.21 µs

in 3GPP 38.211 [39] for subcarrier spacing ∆f = 15 KHz.
The difference distance of multi-paths ∆d is calculated by

multiplying the CP duration with the speed of light v, i.e.,
∆d = tcp × v, to possess the value of 1563 m. Consequently,
the ISI caused by different channel paths of DBS ∀d ∈ D
can be eliminated once their propagation distance difference
is less than ∆d (1563 m), which satisfies almost all situations
under the coverage range of current 5G BSs.

Consider the MIMO transmission with multiple layer data,
let xi

k ∈ CNℓ×1 be the Nℓ layer transmit data and yi
k ∈ CNr×1

be the received signal at subcarrier k defined as follows:

xi
k =

[
xi

1[k], · · · , xi
Nl

[k]
]T

, (6)

yi
k =

[
yi
1[k], · · · , yi

Nr
[k]
]T

. (7)

Then, Eq. (4) is transformed into

yi
k =

∑
d∈D

(
Hi

d,kWd,k

)
xi

k + ni
k, (8)

where Wd,k ∈ CNt×Nℓ is the precoding matrix of DBS d to
map the Nℓ-th layer data xi

k into Nt transmit antenna ports.
Hi

d,k ∈ CNr×Nt is the channel matrix with its r-th row and
t-th column Hi

d,k(r, t) = hi
d,r,t[k]. ni

k ∼ CN
(
0, σ2INr

)
is

the noise with variance σ2. The transmit layer Nℓ should not
exceed the least number of transmit and receive antennas as

1 ≤ max (Nℓ) ≤ min (Nt, Nr) . (9)

C. Channel Equalization

After UE receives the signal yi
k from all DBS, a channel

equalization process will be performed using zero forcing (ZF)
or minimum mean square error (MMSE) equalizer. We use
Hi

kWk ∈ CNr×Nℓ to denote the effective channel matrix as

Hi
kWk =

D∑
d=1

(Hi
d,kWd,k), (10)

where Hi
k ∈ CNr×DNt and Wk ∈ CDNt×Nℓ are defined as

Hi
k =

[
Hi

1,k, · · · ,Hi
D,k

]
, (11)

Wk =
[
WT

1,k, · · · ,WT
D,k

]T
. (12)

The equalization process will reverse the channel effects,
thus recovering the received signal to the original transmitted
signal. We consider the ZF equalizer that uses the pseudo
inverse of effective channel matrix Hi

kWk as

Zi
k =

((
Hi

kWk

)H
Hi

kWk

)−1 (
Hi

kWk

)H
, (13)

where (·)H is the Hermitian transpose and Zi
k ∈ CNℓ×Nr is

the ZF equalizer for subcarrier k in i-th OFDM symbol. After
filtering the received signal yi

k with Zi
k, the post-equalization

symbol vector ỹi
k ∈ CNℓ×1 can be calculated as

ỹi
k = Zi

ky
i
k = Zi

k

(
D∑

d=1

(
Hi

d,kWd,k

)
xi

k + ni
k

)
= Zi

kH
i
kWk︸ ︷︷ ︸

Ei
k∈CNℓ×Nℓ

xi
k + Zi

kn
i
k︸ ︷︷ ︸

CNℓ×1

, (14)
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where Ei
k = Zi

kH
i
kWk recovers the received signal for Nℓ

transmit data layers. Based on Eq. (14), we obtain the post-
equalization signal-to-interference-plus-noise ratio SINRi

k,l

for layer l ∈ {1, · · · , Nℓ} in the following expression

SINRi
k,l =

∣∣Ei
k(l, l)

∣∣2∑
l′ ̸=l

∣∣Ei
k(l, l′)

∣∣2 + σ2
∑

r

∣∣Zi
k(l, r)

∣∣2 , (15)

where Ei
k(l, l′) is the l-th row and the l′-th column of Ei

k.
Through the mitigation of the effective channel effects, post-
equalization SINR offers a more accurate representation for the
received signal quality after the channel equalization process.

D. Problem Formulation

To measure the influence of precoding matrix Wd,k, ∀d ∈
D for coordinated DBSs transmission, the definition mutual
information M i

k based on post-equalization SINR is introduced
in this paper, which is calculated as the sum rate of all spatial
layers based on the channel capacity of Shannon Theory [40]:

M i
k =

Nℓ∑
l=1

log2

(
1 + SINRi

k,l (Wk)
)

=
Nℓ∑
l=1

log2

(
1+

∣∣Ei
k(l, l)

∣∣2∑
l′ ̸=l

∣∣Ei
k(l, l′)

∣∣2 + σ2
∑

r

∣∣Zi
k(l, r)

∣∣2
)

.

(16)

The basic idea to choose the optimal precoding matrix is to
find W∗

k = [W∗T
1,k, · · · , W∗T

D,k]T that maximizes the mutual
information over the total system bandwidth and subframe
duration, i.e., over subcarrier- (1, . . . ,K) and temporal-range
of OFDM- (1, . . . , I), as can be expressed as follows:

W∗
k = arg max

Wk∈W

K∑
k=1

I∑
i=1

M i
k (Wk)

= arg max
Wk∈W

K∑
k=1

I∑
i=1

Nℓ∑
l=1

log2

(
1 + SINRi

k,l

)
, (17)

where W = {Wl}Ll=1 is the predefined L layer precoding
matrices withWl being the l-th layer precoding matrix set. If a
precoding matrix Wd,k ∈ Wl, the transmit layer is determined
by rank(Wd,k) = l. Therefore, once W∗

k is given, we can
obtain the optimal transmit layer Nℓ

∗ for DBS d ∈ D

Nℓ
∗ = l = rank

(
W∗

d,k

)
, ∀d ∈ D, (18)

and rank(W1,k) = rank(W2,k) = · · · = rank(WD,k) since
DBS d ∈ D will transmit the same OFDM symbols and
possesses the same transmit layer.

For CQI selection of transmissions from multi-DBS, we fol-
low the single BS-UE connection strategy that averages the
post-equalization SINR over the frequency-time resources of
interest. Effective SINR mapping (ESM) methods map several
post-equalization SINR values into an equivalent SNReff value
of an additive white gaussian noise (AWGN) channel [41].
The equivalent AWGN channel has similar block error rate

(BLER) to the original OFDM system. A general mathematical
expression of ESM is given by

SNReff = βf−1

(
1

Npe

Npe∑
pe=1

f
(

SINRpe

β

))
, (19)

where the value of β is predefined in 3GPP 38.214 [42]
for different MCSs. f can be the exponential function for
exponential effective SINR mapping (EESM) method, and
Npe is the total number of post-equalization values SINRpe.
The result of SNReff corresponds to the CQI that specifies the
modulation scheme and coding rate.

The UE throughput is jointly decided by PMI, RI, and CQI.
Instead of dynamically updating these parameters through real-
time CSI feedback, the feedback-free scheme will employ
fixed PMI, RI, and CQI across all subframes. The objective
is to find the optimal PMI, RI, and CQI of each location to
maximize the UE throughput. Consequently, we can maxi-
mize the expectation of mutual information to obtain W∗

k,
i.e.,

max
Wk

E

[
K∑

k=1

I∑
i=1

M i
k (Wk)

]
, (20)

Then, SINRi
k,l (W

∗
k) will be taken into Eq. (19) to cal-

culate the optimal CQI. However, the expectation of mutual
information is difficult to obtain given the continuous channel
variations over time. Therefore, we leverage the Monte Carlo
method [19] to approximate the expectation with Nf subframe
channels and the objective function is reformulated as

max
Nℓ,Wd,k

1
Nf

Nf∑
f=1

K∑
k=1

I∑
i=1

Nℓ∑
l=1

log2

(
1 + SINRi

k,l

(f)
)

(21a)

s.t. 1 ≤ max (Nℓ) ≤ min (Nt, Nr) , (21b)
Wd,k ∈ WNℓ

, Nℓ ∈ L, ∀k ∈ K, ∀d ∈ D, (21c)
rank (Wd,k)=Nℓ, Nℓ ∈ L, ∀k ∈ K, ∀d ∈ D, (21d)
∥Wd,k∥F = 1, ∀k ∈ K, ∀d ∈ D. (21e)

Eq. (21a) aims to maximize the average Nf frame mutual
information, i.e., 1

Nf

∑Nf

f=1[
∑K

k=1

∑I
i=1 M i

k (Wk)], thereby
replacing the expectation operation E[·] in Eq. (20). Con-
straint (21b) bounds the minimum and maximum number of
transmit layers. Contraints (21c) and (21d) ensure that Wd,k

of all DBS d ∈ D belong to the Nℓ-th layer precoding matrix
set with L = {1, · · · , L}. || · ||F in constraint (21e) is the
Frobenius norm that guarantees the precoding matrix is scaled
with unit power. Subsequently, the optimal precoding matrix
W∗

d,k obtained by problem (21) will be used in the calculation
of SNReff using the EESM method, which transforms the
Eq. (19) as

SNReff = −β

ln

 1
NfKINl

Nf∑
f=1

K∑
k=1

I∑
i=1

Nℓ∑
l=1

exp

−SINRi
k,l

(f)

β


(22)
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Fig. 2. Transformer encoder based HRL framework for codebook selection by using geolocation information.

where NfKINl is the total number of the post-equalization
SINR values. The final CQI is obtained by looking up the
SNR to CQI Mapping_Table [22] as

Mapping_Table (SNReff) −→ CQI. (23)

IV. PROPOSED FEEDBACK-FREE SOLUTION

In this section, we first propose a transformer encoder based
HRL algorithm to obtain optimal precoding matrices under
a specific subframe. The higher tier of HRL network will
select the option for transmit layers and the lower tier will
sequentially output the Q-values for all precoding matrices.
Subsequently, a conditional diffusion model is employed to
generate a representative channel hr

k, ∀k ∈ K for the original
Nf subframe channel matrices, transforming problem (21) into

max
Nℓ,Wd,k

K∑
k=1

I∑
i=1

Nℓ∑
l=1

log2

(
1 + SINRi

k,l(h
r
k)
)

(25a)

s.t. (21a)− (21e). (25b)

Then, a transmit layer Nℓ and a precoding matrix Wd,k can
be obtained by solving problem (25) based on the output of
the proposed HRL network and the generated representative
channel. The obtained transmit layer Nℓ and the precoding
matrix Wd,k will be fixed over the Nf subframe channels,
thus providing a feasible solution to problem (21). In addition,
the generated representative channel will be used to calculate
the post-equalization SINR to obtain the optimal CQI based
on Eq. (22) and Eq. (23).

A. Transformer Encoder Based HRL Algorithm

Fig. 2 presents the proposed HRL framework to train a
codebook selection strategy based on geolocation information.
We define the training state, action, and reward as follows.

1) State: The feedback-free transmission mechanism will
select physical layer parameters only through geolocation
information. Therefore, the three-dimensional coordinates px,
py , and pz of the UE position p are used as the state informa-
tion. Besides, in order to model the feature of subcarrier, the
onehot(k) ∈ C1×K encoding for subcarrier k is introduced,
with its k′-th element expressed as

onehot(k)k′ =

{
1 if k′ = k

0 else
, k′ = 1, · · · , K. (26)

Consequently, the network state is formulated as

sk
p = [px, py, pz, onehot (k)]T , ∀k ∈ K. (27)

2) Action: In the HRL framework, we exploit two-tier
actions to jointly optimize the RI and PMI. Each DBS is
modeled as an agent to choose their own actions. For agent
d, if the selected transmit layer is l ∈ L, we define the higher
tier action for DBS d as Ahigh

d = l. The maximum value of
Ahigh

d is limited to min (Nt, Nr), ensuring that the transmit
layer does not exceed the least number of transmit and receive
antennas in constraint (21b). Based on the transmit layer l,
each DBS agent will choose the precoding matrix Wd,k for
the low tier actions Alow

d from the l-th layer precoding setWl

for all subcarrier k ∈ K. Therefore, we formulate the HRL
action {Al,d}Dd=1 for all DBS agents with l transmit layers as

{Al,d}Dd=1 =


Ahigh

d = l, l ∈ L, ∀d ∈ D,

Alow
d = {W1,k, · · · ,WD,k︸ ︷︷ ︸

Wd,k∈Wl, ∀d∈D

}. (28)

Remark 2: We leverage the predefined Type I codebook
WTypeI = {Wl}Ll=1 for the HRL action. 3GPP 38.214
[42] defined the layer 1 to layer 8 precoding matrix for
Type I codebook. The number of precoding matrices in the
set of Wl is denoted as NWl

. In this paper, we leverage

vqt1 ,nt1
= rqt1

× vnt1
= diag

([
1 e

j
2πqt1 ·1
Nt1Ot1 e

j
2πqt1 ·2
Nt1Ot1 · · · e

j
2πqt1 ·(Nt1−1)

N1Ot1

])
×
[
1 e

j
2πnt1 ·1

Nt1 e
j
2πnt1 ·2

Nt1 · · · e
j
2πnt1 ·(Nt1−1)

Nt1

]T
=
[
1 e

j
2π(nt1Ot1+qt1 )·1

Nt1Ot1 e
j
2π(nt1Ot1+qt1 )·2

Nt1Ot1 · · · e
j
2π(nt1Ot1+qt1 )·(Nt1−1)

Nt1Ot1

]T
, qt1 = 0, 1, · · · , Ot1 − 1, nt1 = 0, 1, · · · , Nt1 − 1.

(24)
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the multi-agent mechanism that enables each DBS agent
to independently generate its actions, thereby avoiding the
exponential dimensionality O(ND

Wl
) for the action space of

D DBSs. The basic idea of precoding matrix component is
to use an over-sampled rotation factor r with coefficient q to
refine the DFT beam v. We give an example of DFT beam

vnt1
=
[
1 e

j
2πnt1 ·1

Nt1 · · · ej
2πnt1 ·(Nt1−1)

Nt1

]T
∈ CNt1×1, nt1 =

0, 1, · · · , Nt1 − 1 for Nt1 UPA horizonal antennas. The
over-sampled value is denoted as Ot1 and the rotation factor
rqt1

∈ CNt1×Nt1 with qt1 = 0, 1, · · · , Ot1 − 1 is given in
Eq. (24), as shown at the bottom of the previous page. Based
on the DFT beam basis, we provide the formulation of
Type I codebook in Appendix B.

3) Reward: When the UE position p is obtained from the
environment, we employ the encoder module of transformer to
sequentially input the states of all subcarriers, i.e., sk

p,∀k ∈ K,
which is indicated by sp = {s1

p, · · · , sK
p }. Subsequently, for a

specific sp, we define the reward function for action {Al,d}Dd=1

as the sum of mutual information as

γ(sp, {Al,d}Dd=1) =
K∑

k=1

I∑
i=1

Nℓ∑
l=1

log2(1 + SINRi
k,l). (29)

Therefore, maximizing the reward will maximize the objective
function (21a) when Nf = 1. Meanwhile, all DBS agents
will use the higher tier action of transmit layer l to choose
a precoding matrix from Wl, thus ensuring compliance with
constraints (21b) and (21d). The precoding matrices in Type I
codebook are normalized with unit power, thereby guarantee-
ing the satisfaction of constraint (21e).

In the encoder module of the transformer, for transmit layer
l, each DBS agent d will output Qθl,d

(sp,Al,d) for for all NWl

precoding matrices in precoding set Wl as

Qθl,d
(sp,Al,d)=

[
Qθl,d

(sp,A1
l,d), · · · ,Qθl,d

(sp,ANWl

l,d )
]T
(30)

where θl,d denotes the layer l network parameters of DBS
agent d. To determine the higher tier action for each training
epoch, we calculate the sum of the maximum Qθl,d

(sp,Al,d)
of all D agents, i.e.,

∑D
d=1 maxAl,d

Qθl,d
(sp,Al,d), which

serves as a score indicator to identify the best transmit layer
l. The higher tier action Ahigh

d is finally obtained with a
probability of 1− ϵAhigh to choose the best layer, and with a
probability of ϵAhigh to randomly select from L as follows:

Ahigh
d =


arg max

l∈L

(∑D

d=1
max
Al,d

Qθl,d
(sp,Al,d)

)
,

with prob. = 1− ϵAhigh ,

l ∈ L, with prob. = ϵAhigh .

(31)

The probability ϵAhigh in Eq. (31) will linear decays with
∆ϵAhigh to guarantee that a better transmit layer is selected
during the training process. In the transformer encoder module,
the scaled dot-product attention with multi-heads [43] is
employed to capture the inherent correlations between the
subcarriers of an OFDM symbol. The state of each subcarrier

will be first embedded into a tensor of dm features as follows:

semb
p = embedding

(
[s1

p, · · · , sK
p ]T

)
, (32)

through a fully connected (FC) neural network. Consider that
the head number is NH , we define the components of query
Qhi

l,d, key Khi

l,d, and value V hi

l,d in the scaled dot-product
attention for the hi-th head of layer l and agent d as

Qhi

l,d = semb
p X

Qhi

l,d

Khi

l,d = semb
p X

Khi

l,d , l ∈ L, d ∈ D, hi ∈ [1, NH ],

V hi

l,d = semb
p X

V hi

l,d

(33)

where X
{Q/K/V }hi

l,d denotes the hi-th head network parameter
with dm

NH
features for the query, key, and value components,

respectively. The output of the hi-th attention is calculated by

T hi

l,d = softmax

(
Qhi

l,d(K
hi

l,d)
T√

dm/NH

)
V hi

l,d, (34)

in which T hi

l,d possesses the feature number dm

NH
and operation

softmax is to utilize the exponential function to normalize the
output vector. The outputs of NH heads will be concatenated
into a tensor with dm features, which will be fed forward
through residual block, layer normalization, and FC layer to
obtained Qθl,d

(sp,Al,d) for precoding matrices in Wl. For
simplicity, we use R(·) to indicate these processes as

Qθl,d
(sp,Al,d) = R

(
[T 1

l,d, · · · , T
NH

l,d ]T
)

. (35)

Algorithm 1 Transformer Encoder Based HRL Algorithm.

1 Input: Three-dimensional coordinates px, py , and pz .
2 Output: The Qθl,d

(sp,Al,d) values of precoding matrix.
3 for Episode e = 1, 2, · · · , NE do
4 Arbitrarily obtain a position p from the environment;
5 Obtain sk

p with onehot encoding based on Eq. (27);
6 Obtain the state of all subcarriers sp = {s1

p, · · · , sK
p };

7 if prob. = 1− ϵAhigh then
8 Ahigh

d =
arg maxl∈L

(∑D
d=1 maxAl,d

Qθl,d
(sp,Al,d)

)
;

9 else
10 Ahigh

d = l ∈ {1, 2, · · · , L};
11 end
12 for DBS agent ∀d ∈ D do
13 Compute Qθl,d

(sp,Al,d) using Eqs. (32) - (35);
14 Obtain current Al,d based on ϵ-greedy strategy;
15 Obtain γ(sp, {Al,d}Dd=1) based on Eq. (29);
16 Store [sp,Al,d, γ(sp, {Al,d}Dd=1)] in replay buffer;

if e ≥ batch size Ne then
17 Update l layer network using Eqs. (36)-(37)
18 end
19 end
20 Update ϵAhigh with ϵAhigh ← ϵAhigh −∆ϵAhigh

21 end
22 Utilization: Obtain optimal MIMO transmit layer l∗ and

precoding matrix W∗
d,k based on maxAl,d

Qθl,d
(sp,Al,d).

Authorized licensed use limited to: Nanjing University. Downloaded on April 02,2025 at 11:34:10 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: FULLY-DECOUPLED RAN FOR FEEDBACK-FREE MULTI-BS TRANSMISSION IN MIMO-OFDM SYSTEM 787

Fig. 3. Conditional diffusion model for representative channel generation with the subcarrier information.

Denote the number of training episode as NE , for episode
e, current action Ae

l,d will be selected by an ϵ-greedy strategy,
i.e, with probability ϵ to choose an action obtained from
maxAl,d

Qθl,d
(sp,Al,d) and with probability 1−ϵ to randomly

choose any action. Ae
l,d will be taken into the calculation of

the current reward γ(sp, {Ae
l,d}Dd=1) based on Eq. (29) and

will be stored in a reply buffer for batch-size training. Let
the number of batch-size be Ne, the loss function for the
{[se,Ae

l,d, γ(sp, {Ae
l,d}Dd=1)]}

Ne
e=1 tuples is expressed as

L(θl,d)=
1

2Ne

Ne∑
e=1

∥∥Qθl,d
(se,Ae

l,d))−γ(se, {Ae
l,d}Dd=1)

∥∥
2
.

(36)

According to the loss function, the l-th layer network param-
eters of agent ∀d ∈ D will be updated using gradient descend
approach with a learning rate of α, which is formulated as

θl,d ← θl,d − α∇θl,d
L (θl,d) , l ∈ L, ∀d ∈ D. (37)

The detailed procedures of the proposed transformer encoder
based HRL algorithm is given in Algorithm 1.

B. Conditional Diffusion Model for Channel Generation

The optimization problem Eq. (21) involves the calculation
of mutual information over Nf subframe channels, which
is computationally prohibitive for traditional model-based or
rule-based methods. To adapt to the Nf time-varied channels,
we employ conditional diffusion model to generate a represen-
tative channel for Algorithm 1, thus reducing the long-term
computation overhead throughout the transmission process.

In the diffusion model depicted in Fig. 3, the original chan-
nel h0 is sampled from its data distribution h0 ∼ q(h|k). The
label of subcarrier k is used as the conditioning information to
provide more fine-grained channel representation in frequency
domain. A forward process wherein random noise will be
gradually added to the time-varied channel data is modeled as
a Markov chain and the noise is assumed to obey the Gaussian
distribution with a variance of bt, t ∈ [0, T ]. Therefore, the
forward diffusion process is defined as

q (ht|ht−1, k) = q (ht|ht−1)

= N
(
ht;
√

1− btht−1, btI
)

, (38)

where the condition k is proved to be an independent vari-
able [44]. Consequently, the posterior probability from the
original data h0 to the final hT can be formulated by

q (h1:T|h0, k) =
T∏

t=1

q (ht|ht−1, k)

=
T∏

t=1

N
(
ht;
√

1− btht−1, btI
)

. (39)

The forward noise adding process can be directly obtained
given an arbitrary time step t with the following closed-form

ht =
√

1− btht−1 +
√

btεt−1

at:=1−bt=
√

atht−1 +
√

1− atεt−1

(1)
=
√

atat−1ht−2 +
√

1− atat−1εt−2

āt:=
∏t

t′=0 at′=
√

āth0 +
√

1− ātε0, (40)

wherein εt=0:T ∼ N (0, I) and
(1)
= is obtained by√

at − atat−1εt−2 +
√

1− atεt−1 =
√

1− atat−1εt−2, (41)

which is upheld based on the sum property of two Gaussian-
distributed variables as

N
(
0, σ2

1I
)

+N
(
0, σ2

2I
)
∼ N

(
0,
(
σ2

1 + σ2
2

)
I
)
. (42)

Therefore, the channel ht with added noise at time step
t ∈ [1, T] can be obtained by the following distribution

ht ∼ q (ht|h0, k) = q (ht|h0)
= N

(
ht;
√

āth0, (1− āt) I
)
. (43)

After T time steps of the noise addition process, the
channel hT will follow an isotropically independent Gaussian
distribution. In consequence, we can sample a data point
from N (0, I) and execute a reverse diffusion process to
obtain a representative channel from the original channel data
distribution as hr

k ∼ q(h|k). The reverse process is tractable
when h0 is known, which can be calculated as

q (ht−1|ht, h0, k) = q (ht−1|ht, h0)
(2)
= q (ht|ht−1)

q (ht−1|h0)
q (ht|h0)

(3)
= N

(
ht−1; µ̃t (ht, h0, k) , b̃tI

)
, (44)
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Algorithm 2 Conditional Diffusion Algorithm.

1 Input: The original channel data h0 of subcarrier k.
2 Ouput: A representative channel hr

k ∼ q(h|k).
3 repeat
4 Obtain an original channel h0 ∼ q(h|k),
5 Obtain t ∼ Uniform({1, . . . , T}),
6 Obtain Gaussian noise ε′ ∼ N (0, I),
7 Obtain εθ

(√
āth0 +

√
1− ātε

′, t, k
)

through Unet,
8 Take gradient descent step with

∇θ

∥∥ε′ − εθ

(√
āth0 +

√
1− ātε

′, t, k
)∥∥2

9 until The noise predicted network εθ converges;
10 Obtain hT ∼ N (0, I),
11 for sampling step t = T, · · · , 1 do
12 Obtain z ∼ N (0, I) if t > 1, else z = 0,

13 Obtain ht−1 = 1√
at

(
ht − bt√

1−āt
εθ (ht, t, k)

)
+ btz

14 end
15 Utilization: Generate representative channel for ∀k ∈ K.

wherein
(2)
= is based on the Bayes’ rule and µ̃t(ht, h0) in

(3)
=

is calculated by

µ̃t (ht, h0, k) =
√

āt−1bt

1− āt
h0 +

√
at (1− āt−1)

1− āt
ht

(4)
=

1
√

at

(
ht −

bt√
1− āt

ε (ht, t, k)
)

, (45)

where
(4)
= is derived by reparameterizing ht using Eq. (43) as

ht (h0, ε) =
√

āth0+
√

1− ātε(ht, t, k) (ε(ht, t, k) ∼ N (0, I)
is simplified as ε). Therefore, we have

h0 =
1√
āt

(
ht (h0, ε)−

√
1− ātε

)
, (46)

and thus the result of µ̃t(ht, h0, k) in Eq. (45) can be obtained.
Besides, b̃t in Eq. (44) is formulated as

b̃t :=
1− āt−1

1− āt
bt ≈ bt. (47)

The details for the derivation of
(3)
= can be found in [45].

As a consequence, the training process of diffusion is to exploit
a parameterized model ρθ to approximate the reverse process

ρθ (ht−1|ht, k)=N
(
ht−1; µθ (ht, t, k) , σ2

θ (ht, t, k) I
)
, (48)

the mean value µθ (ht, t, k) of which is constructed as

µθ (ht, t, k) =
1
√

at

(
ht −

bt√
1− āt

εθ (ht, t, k)
)

, (49)

with εθ(ht, t, k) denoting a Gaussian noise computed by the
noise predicted network εθ. The variance of the predicted
noise is assumed to possess a fixed value and is formulated as

σ2
θ (ht, t, k) = bt. (50)

Therefore, the reverse process can be executed by sampling
ht−1 ∼ ρθ(ht−1|ht) with the reparameterization technique as

ht−1 =
1
√

at

(
ht −

bt√
1− āt

εθ (ht, t, k)
)

+ btz, z ∼ N (0, I). (51)

The optimization for the noise predicted network εθ is to
use the variational bound on the negative log likelihood of
ρθ(h0|k) as the loss function

E [− log ρθ (h0|k)]≤Eq

[
− log

ρθ (hT:0|k)
q (hT:1|h0, k)

]
=:L (εθ) ,

(52)

where ρθ(hT:0|k) is defined as

ρθ (hT:0|k) := ρθ (hT|k)
1∏

t=T

ρθ (ht−1|ht, k) . (53)

Through effective verification in [45], a simpler loss func-
tion based on a variant of the variational bound is given by

L′(εθ) := Et,k,h0,ε′

[∥∥ε′ − εθ

(√
āth0 +

√
1− ātε

′, t, k
)∥∥2
]
,

(54)

in which ε′ ∼ N (0, I) is the sampling Gaussian noise. The
network of εθ exploits a U-Net framework that consists of
down-sampling Sd and up-sampling Su processes to predict
the noise. The down-sampling module leverages convolutional
layers followed by max pooling operation to reduce the spatial
dimension and increase the feature number. The up-sampling
modules uses transposed convolutions to inversely increase the
spatial dimension and reduce the feature representation. In U-
Net, the label of conditional subcarrier k will first perform the
Onehot encoding and be embedded with FC layers as

Cemb(k) = embedding (Onehot (k)) , ∀k ∈ K. (55)

The time step t will also be embedded to combine with
Cemb(k) for refining the output of the up-sampling process in
U-Net, which is expressed as

Temb(t) = embedding (t) , ∀t ∈ {1, · · · , T} , (56)

with the combination operation defined as

Sj+1
u =

(
Cemb(k)× Sj

d + Temb(t)
)
⊕ Sj

u, (57)

where ⊕ indicates the concatenation operator and j is the j-th
module in the U-net. Once the training of the noise predicted
network converges εθ, we can generate representative channels
for all subcarriers ∀k ∈ K. Through conditioning on subcarrier
k, the channel dimensionality is significantly reduced, which
alleviates memory usage and speeds up calculations in each
step, enabling a more efficient channel generation process for
the diffusion model. The detailed procedures of the proposed
conditional diffusion model is given in Algorithm 2.

Finally, we give the overall feedback-free mechanism for
multi-DBS transmission in Algorithm 3. The fixed trans-
mission parameters of PMI, RI, and CQI are obtained based
on UE positions using Algorithm 1 and Algorithm 2.
The proposed conditional diffusion network will first gen-
erate a representative channel matrix from Nf time-varied
channels. The Nf channels are no needed to be stored after
the diffusion model has been trained to convergence, thereby
avoiding excessive consumption of cache resources. Subse-
quently, the generated representative channel is employed to
attain the transmit layer (RI) and precoding matrix (PMI)
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Algorithm 3 Feedback-Free Transmission Mechanism.

1 Input: The original channel data and UE position.
2 Ouput: The fixed physical layer transmission parameters.
3 for Each position p do
4 Generate a representative channel Hr

k,∀k ∈ K based
on Algorithm 2,

5 Use the representative channel in Algorithm 1 to
obtain transmit layer Nl and precoding matrix Wd,k,

6 Calculate the post-equalized SINR based on Eq. (15),
7 Calculate SNReff using EESM method with

SNReff = βf−1
(

1
Npe

∑Npe

pe=1 f
(

SINRpe

β

))
,

8 Mapping_Table (SNReff) −→ CQI
9 end

10 Utilization: Fix PMI, RI, and CQI for all time periods.

TABLE I
PARAMETERS SETTINGS

through the transformer encoder based HRL framework,
which will be used to calculated the post-equalization SINR
with Eq. (15). By leveraging the EESM method, the post-
equalization SINR of Nf subframes is equivalent to a value
of SNReff , through which we can obtain the CQI value from
a lookup Mapping_Table as expressed in Eq. (23).

V. SIMULATION RESULTS

In this section, we conduct simulations based on the 5G
Link Level Simulator [22] to evaluate the performance of the
proposed transformed encoder based HRL algorithm and the
conditional diffusion model. We use the Outdoor 1 scenario
provided by DeepMIMO [46] as shown in Fig. 4. The 3D
ray-tracing technology and CDL channel model in MATLAB
are utilized to simulate the time-varied channels operating at
3.5 GHz center frequency. We consider a simulation setting
consisting of 2 DBS and 1138 UE positions, the position
coordinates of which are illustrated in Fig. 5. The DBS equips
8 × 1 dual-polarized transmit antennas with Nt = 16, and a
UE has 4× 1 singel-polarized receive antennas with Nr = 4.
A transmission subframe includs 72 subcarriers and 14 OFDM
symbols, with a duration of 0.1 ms. We utilize 100 subframes
to simulate the time-varied channels, which possess a total
time period of 10 ms and are assumed to approximate a
wide-range channel variation. Besides, this paper employs
LDPC channel coding and CQI values ranging from 1 to 15,
covering code efficiencies from QPSK at 0.1523 to 64QAM at
5.5547. Based on the complete physical-layer module, we can
obtain the UE throughput with the amount of successfully
transmitted data per unit of time, measured in megabits per
second (Mbit/s) within this paper. The calculation for the
UE throughput is associated with the bit error rate (BER),
which can be expressed as Throughput = (1 − BER) ×

Fig. 4. DeepMIMO 3.5 GHz 3D ray-tracing scenario.

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

Fig. 6. The training process of HRL.

number of transmitted bits per second. The detailed
parameter settings are presented in Table I.

A. UE Throughput Performance in 1-Th Subframe

We first validate the performance of transformer encoder
based HRL (T-HRL) algorithm in one specific subframe.
Fig.6 shows the training process of precoding matrix selec-
tion for 2 DBSs. Since the minimum transmit and receive
antennas is 4, the training action will select the precoding
matrix from 1 to 4 layer precoding set {Wl}4l=1. If using
a centralized network to output the Q-values for all 4 layer
actions, the large action size will make the network difficult
to converge thus resulting in the worst training performance.
The proposed HRL outperforms the 1 network training but
is slightly worse than using 4 independent networks for the
4 layer precoding actions. This is due to the essential property
that HRL algorithm is a trade-off between the 1 network
and 4 networks training. For the proposed T-HRL algorithm,
transformer encoder sequentially outputs the actions for all
subcarriers within an OFDM symbol, which is a more fine-
grained subband transmission scheme compared with the other
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Fig. 7. Throughput of the 1-st subframe.

Fig. 8. CDF plot for the 1-st subframe.

three training mechanisms. Therefore, the T-HRL possesses
the best training performance.

Based on the training results of the T-HRL algorithm,
we obtain the PMI, RI, and CQI in one subframe, which is
used to validate the feedback-free mechanism of FD-RAN.
A heuristic codebook iteration (HCL) method that traverses all
precoding matrices with a linear complexity is used as the per-
formance benchmark. HCI can be looked upon as a feedback
mechanism, thereby possessing the best performance. Note
that the detailed process of the HCI method is provided in
Appendix C. Another comparative method is the CLSM mech-
anism, which is currently employed as an optimal transmission
scheme in 5G wireless networks. However, its application
to multi-BS transmissions is computationally prohibitive due
to its exponential complexity in iterating the codebook for
all BSs. As shown in Fig.7, the feedback-free mechanism
in FD-RAN, when utilizing the T-HRL training, achieves up
to 97% UE throughput of the HCI method and significantly
enhances the performance of the CLSM transmission. This
result demonstrates the efficiency of feedback-free transmis-
sion within a single subframe. Furthermore, we present the
performance gain for the fine-grained subband transmission
scheme, enabled by the transformer encoder, with the sum
mean UE throughput in Fig.7 and the cumulative distribution
function (CDF) in Fig.8. Nevertheless, when utilizing the PMI,
RI, and CQI calculated in one subframe consistently across all
100 subframe transmission periods, the 2 DBSs feedback-free
mechanism possesses almost the same throughput as 1 DBS
CLSM mechanism, which indicates a need for physical-layer
parameter optimization in time domain.

Fig. 9. The heatmap of UE throughput based on location.

Fig. 10. Throughput enhancement based on 1-st subframe parameters.

Fig. 11. Comparison of the throughput between FD-RAN, CLSM, and HCI.

B. Performance Over 100 Subframes

We further evaluate the performance of conditional diffusion
model in adapting to dynamically changing channels. The
U-net structure down-samples the channel matrices in the pro-
cess of (16, 16)→ (7, 7)→ (1, 1), where (16, 16) is obtained
by 2 DBSs, 16 transmit antennas, 4 receive antennas, and
2 elements of the complex channel values. We sample a repre-
sentative channel generated by the conditional diffusion model
based on the original 100 subframe channels. Fig. 9 illustrates
the heatmap of the UE throughput at 1138 locations using
the PMI, RI, and CQI calculated by the representative chan-
nel. The heatmap roughly demonstrates a certain correlation
between the throughput and the geographical location. Fig. 10
presents the performance comparison with the transmission
using the parameters calculated in one subframe. To better
elaborate the benefits brought by diffusion model, we give the
sum mean throughput of the 1138 UE poistions in Fig. 11.
The simulation result shows that the 2 DBSs feedback-free
transmission based on the generated representative channel
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Fig. 12. The bit error rate of 1138 UE positions in FD-RAN.

Fig. 13. The CDF and mean value of bit error rate in FD-RAN, CLSM, and
HCI.

Fig. 14. UE throughput of GAI methods with different subframe numbers.

can enhance the UE throughput by 13% compared to 1 DBS
CLSM and reach 94% performance of the HCI method.

After performing a complete 2 DBSs coordinated physical-
layer transmission, the BERs of the feedback-free mechanism
at the 1138 UE locations are given in Fig. 12. Most of
the BERs are distributed between 10−2 and 10−4, which is
an acceptable range for a wireless communication system.
Besides, the CDF and mean BER values are depicted in
Fig. 13. The 2 DBSs HCI and 1 DBS CLSM mechanism
possess the minimum BER values since they are operated on
a feedback mechanism. The BER of the feedback-free mecha-
nism has been significantly reduced after channel decoding and
is less than the transmission with one subframe parameters,
which further validates the efficiency of the diffusion model.

Finally, we compare the feedback-free transmission perfor-
mance with an averaged reward method and a conditional VAE
approach in [19]. The detailed procedures of VAE for repre-
sentative channel generation are provided in Appendix D. The
averaged reward method uses the average Nf frame mutual
information as the reward in the T-HRL training to adapt to Nf

subframe channels. The simulation results in Fig. 14 validate
the effectiveness of this method, however, it can only be used
within 10 subframe due to the exhausted computation capacity
in the fine-grained subcarrier transmission. The conditional
VAE can find a best channel representation in the latent space,
thus performing better than the conditional diffusion model in
the case of only one generated channel. As the number of
generated channel increases, the conditional diffusion model
possesses the highest UE throughput, which demonstrates
extensive capability in reconstructing the representative chan-
nel for complicated time-varying channels.

VI. CONCLUSION

In this paper, we have investigated the feedback-free
mechanism in FD-RAN for coordinated multi-BS transmis-
sion through UE geolocation. The optimization for fixed
physical-layer transmission parameters have been formulated
to maximize the UE throughput within the spatial, frequency,
and time domains, respectively. Considering the stochastic
and unpredictable channel variations of wireless network,
generative AI technique has been employed to create feasible
resolutions for modulation and coding scheme under the
dynamic time-varied environment. Simulation results based
on a versatile link-level simulator have demonstrated the
significant effects of the feedback-free mechanism in facil-
itating the efficient and flexible transmission of multi-BS
coordination, which offers a guiding principle for the design of
next-generation transceiver technologies. In our future work,
we will further investigate the implementations of both single
BS and multi-BS connection to improve the overall network
performance.

APPENDIX A
DERIVATION OF EQUATION (4)

We first prove the following equation for transmit antenna t,
once the signals from different DBSs are looked as multipaths
and the ISI effect is eliminated during the CP duration

yi
r,t[k] =

∑
d∈D

hi
d,r,t[k]xi[k] + ni[k], 0 ≤ k ≤ Ns − 1. (58)

By substituting yi
r,t(τ), hi

d,r,t(τ), xi(τ) and ni(τ) with
discrete time sequences yi

r,t[n], hi
d,r,t[n], xi[n], and ni[n],

Eq. (3) is transformed into

yi
r,t[n] =

∑
d∈D

αdh
i
d,r,t[n] ∗ xi[n] + ni[n], (59)

in which 0 ≤ n ≤ Ns− 1. Omit the pathloss αd and perform
DFT{yi

r,t[n]}, then we can obtain yi
r,t[k] for subcarrier k

yi
r,t[k] =

Ns−1∑
n=0

yi
r,t[n]e−j 2π

Ns
nk

=
Ns−1∑
n=0

{ ∞∑
m=0

D∑
d=1

hi
d,r,t[m]xi[n−m] + ni[n]

}
e−j 2π

Ns
nk

=

{ ∞∑
m=0

D∑
d=1

hi
d,r,t[m]

Ns−1∑
n=0

xi[n−m]

}
e−j 2π

Ns
nk

+ ni[k]
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=
∞∑

m=0

D∑
d=1

hi
d,r,t[m]e−j 2π

Ns
mk

Ns−1∑
n=0

xi[n−m]

e−j 2π
Ns

(n−m)k + ni[k]. (60)

Let j = n−m, we have
Ns−1∑
n=0

xi[n−m]e−j 2π
Ns

(n−m)k =
Ns−1−m∑

j=−m

xi[j]e−j 2π
Ns

jk. (61)

Since CP is a copy of the end part of an OFDM symbol,
xi[j]e−j 2π

Ns
jk is periodic with the period of Ns once m is less

than the CP duration, which means that the delay of different
channel paths are less than CP duration. Based on the property
of the periodic sequence, we have the following expression

Ns−1−m∑
j=−m

xi[j]e−j 2π
Ns

jk =
Ns−1∑
j=0

xi[j]e−j 2π
Ns

jk = xi[k]. (62)

Consequently, Eq. (60) can be converted to

yi
r,t[k] =

∞∑
m=0

D∑
d=1

hi
d,r,t[m]e−j 2π

Ns
mkxi[k] + ni[k]

=
D∑

d=1

Ns−1∑
m=0

hi
d,r,t[m]e−j 2π

Ns
mkxi[k] + ni[k]

=
∑
d∈D

hi
d,r,t[k]xi[k] + ni[k]. (63)

Finally, by the sum of discrete signals from all trans-
mit antennas, we can obtain the received signal yi

r[k] =∑Nt

t=1 yi
r,t[k] in frequency domain for subcarrier k and

received antenna r.

APPENDIX B
TYPE I CODEBOOK MATRIX

Let n1 = nt1Ot1 + qt1 , DFT beam vqt1 ,nt1
of the Nt1

horizontal antennas in Eq. (24) can be transformed into

vn1 =
[
1 e

j
2πn1·1
Nt1Ot1 e

j
2πn1·2
Nt1Ot1 · · · e

j
2πn1·(Nt1−1)

Nt1Ot1

]T
,

n1 = 0, 1, · · · , Ot1Nt1 − 1. (64)

We can obtain the DFT beam vn2 , n2 = 0, 1, · · · , Ot2Nt2 −
1 in the same form for the Nt2 vertical antennas with an
over-sampled value Ot2 . A precoding matrix W is basically
composed by wide-band W1 and sub-band W2 properties as

W = W1W2 =
[
Bn1,n2 0

0 Bn1,n2

]
W2, (65)

where Bn1,n2 denotes the Kronecker product of vn1 and vn2

Bn1,n2 = vn1 ⊗ vn2 , (66)

and W2 is designed for dynamic beam selection under dif-
ferent antenna polarizations. For layer 1 precoding matrices,
we have W2 = 1√

2Nt1Nt2
[e, φn3e]T with co-phasing φn3 as

W(1)
n1,n2,n3

=
1√

2Nt1Nt2

[
Bn1,n2

φn3Bn1,n2

]
, (67)

φn3 = ejπ
n3
2 , n3 = 0, 1, 2, 3. (68)

We also give the expression of layer 4 precoding matrix as
follows. The details can be obtained in 3GPP 38.214 [42].

W(4)
n1,n′1,n2,n′2,n3

=
1√

4 · 2Nt1Nt2[
Bn1,n2 Bn′1,n′2

Bn1,n2 Bn′1,n′2
φn3Bn1,n2 φn3Bn′1,n′2

− φn3Bn1,n2 − φn3Bn′1,n′2

]
.

(69)

APPENDIX C
HEURISTIC CODEBOOK ITERATION METHOD

The HCI method first uses a precoding matrix of DNt

transmit antennas W′
k ∈ CDNt to obtain the physical-layer

transmission parameters. Then, Eq. (6) can be reformulated as

yk = [H1,k, · · · , HD,k]

 W1,k

...
WD,k


︸ ︷︷ ︸

W′
k∈CDNt×Nl

xk + nk.
(70)

Subsequently, we can obtain an optimal precoding matrix
W′

k
∗ by maximizing the following mutual information

max
W′

k∈WDNt

E

[
K∑

k=1

I∑
i=1

M i
k (W′

k)

]
, (71)

and the transmit layer for all DBS d ∈ D is attained by

Nl
∗ = rank

(
W′

k
∗)

. (72)

However, we cannot direct obtain Wd,k,∀d ∈ D since
Wd,k belongs to the precoding set of Nt transmit antennas,
which is different from W′

k ∈ CDNt . Therefore, we propose
the following heuristic codebook iteration procedure for obtain
the optimal precoding matrix of W∗

d,k

H1,k −−−→
HCI

W∗
1,k

[H1,k,H2,k];W∗
1,k−−−−−−−−−−−→

HCI
W∗

2,k −→ · · ·
[H1,k,··· ,HD,k];W∗

1,k,··· ,W∗
(D−1),k−−−−−−−−−−−−−−−−−−−−−−→

HCI
W∗

D,k =⇒ {Wd,k
∗}Dd=1 ,

(73)

where the operation −−−→
HCI

can be expressed as

W∗
d,k = max

Wd,k

E

[
K∑

k=1

I∑
i=1

M i
k (W1,k, · · · ,Wd−1,k)

]
. (74)

Finally, the CQI is obtained based on Eq. (22) - Eq. (23).

APPENDIX D
CONDITIONAL VAE FOR CHANNEL GENERATION

The conditional VAE first compresses the original Nf time-
varying channels into Nf latent variables using an encoder
module. These latent variables are assumed to follow Gaussian
distributions with their mean values and variances denoted
by µf and σ2

f , f = 1, · · · , Nf , respectively. Subsequently,
the conditional VAE will exploit a decoder module to recover
Nf channel matrices based on the Nf latent variables. With
regard to the objective to generate a representative channel,
a representative latent variable is selected to be the input of
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the VAE decoder module. The representative latent variable
can be decided with its mean value and variance closest to
the average mean value µ and variance σ2 over Nf latent
variables, which is expressed by

arg min
f∈{1,··· ,NF }

((
µf − µ

)T (
µf − µ

)
+
(
σ2

f − σ2
)T (

σ2
f − σ2

))
. (75)

Consequently, a representative latent variable can be sam-
pled based on the selected mean value and variance to generate
a representative channel by the VAE decoder for the original
Nf time-varying channels.
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