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Abstract—To enhance flexibility and facilitate resource coop-
eration, a novel fully-decoupled radio access network (FD-RAN)
architecture has been proposed. The decoupling of uplink and
downlink in FD-RAN renders the current channel feedback mech-
anism ineffective, particularly when factoring in the feedback
overheads and delays inherent in realistic scenarios. To this
end, we investigate the feedback-free MIMO spatial multiplexing
transmission in FD-RAN. Specifically, we generate a mapping
from geolocation to MIMO transmission parameters from the
historical channel data. We first obtain optimal precoders from
singular value decomposition (SVD) of channel data. Then,
a variational autoencoder (VAE) is trained using the optimal
precoders, and the representative precoder for each geolocation
is selected from the latent Gaussian representations of VAE.
Simulations are performed on a link-level simulator using ray-
tracing channel data, and the results demonstrate the effectiveness
of our scheme, showcasing its feasibility for adoption in FD-RAN.

Index Terms—6G, fully-decoupled RAN, MIMO, variational
autoencoder.

I. INTRODUCTION

OMMERCIALIZATION of the fifth generation (5G) mo-

bile network is ongoing worldwide, yet some fundamental
challenges have not been fully addressed. Firstly, the scarce
spectrum resources are still not efficiently utilized. Secondly, it
is still difficult to guarantee users’ quality of experience (QoE).
Thirdly, the costs of network infrastructure and operation are
very high. To address the above issues, the fully-decoupled
radio access network (FD-RAN) architecture has been pro-
posed for 5G and the upcoming sixth generation (6G) mobile
network [1]. It decouples the base station (BS) functionalities
into control BS (C-BS), downlink BS (DL-BS), and uplink BS
(UL-BS). Then, control and resource allocation flexibility can
be exploited to meet the requirements of 6G.

However, such a decoupled architecture makes the existing
feedback schemes employed in 5G ineffective. For example,
in conventional DL transmission, BS first transmits channel
state information (CSI) reference signals (CSI-RSs) to user
equipment (UE). Then, UE estimates the channel and calculates
the transmission parameters, namely the CSI, which are fed
back to the BS for carrying out multiple-input and multiple-
output (MIMO) transmission. In closed-loop spatial multiplex-
ing (CLSM) transmission mode [2], CSI includes precoder,
the number of spatial streams, and modulation and coding

scheme (MCS). In FD-RAN, DL-BS is unable to obtain the
CSI feedback from UE directly, since UL-BSs and DL-BSs are
physically separated. The feedback delay will severely affect
the accuracy of CSI and MIMO performance. Furthermore,
as the number of transmit antenna increases, the overheads of
CSI-RSs and CSI become much higher, effectively reducing
the resources for transmitting user data. Thus, implementing
MIMO transmission without CSI feedback is a significant
challenge for FD-RAN.

To this end, we investigate the feedback-free MIMO trans-
mission in FD-RAN. Instead of relying on feedback to acquire
channel information, we exploit the knowledge learned from
historical channel data and only use UE’s geolocation to
determine transmission parameters. Intuitively, such a data-
driven approach is feasible because the channel and the corre-
sponding transmission parameters are strongly correlated with
geolocation, when the signal propagation environment does
not change dramatically. Although the channel is generally
time-varying, we expect the performance loss can be mitigated
by saving resources from pilots and feedback. Other implicit
feedback and zero feedback transmission schemes have also
been studied in [3]-[5].

In this paper, we aim to realize the same capability as
CLSM, namely MIMO spatial multiplexing, using transmission
parameters derived solely from geolocation. Existing works
mainly concentrate on beamforming and use only one data
stream [6]-[8]. For this purpose, we need to jointly choose
transmission parameters, namely precoder, rank indicator (RI),
and channel quality indicator (CQI). The precoder and RI can
be determined at the same time, since RI indicates the rank of
precoder. Then, proper CQI can be derived based on the chosen
precoder and RI. An improper choice of these parameters
would lead to severe performance degradation, considering RI
and CQI are quantized discrete values.

To address the above challenges, we propose a non-
codebook-based approach to realize feedback-free MIMO
transmission for FD-RAN DL. Although 5G Type I codebook
[9] provides a set of pre-defined precoders, they are not optimal
due to quantization. Thus, we utilize the optimal precoders cal-
culated from singular value decomposition (SVD) of the chan-
nel matrix. Then, we exploit variational autoencoder (VAE)
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Fig. 1. The feedback-free downlink MIMO transmission in FD-RAN.

[10] to discover the latent representations of optimal precoders
in lower dimensions, and find the appropriate transmission
parameters used for each location. Note that we consider
transmission on narrow bands, thus the same transmission
parameters are applied to all subcarriers. To summarize, the
contributions of this paper are listed as follows:

o« We propose a novel feedback-free approach to realize
MIMO spatial multiplexing for FD-RAN. The approach
is data-driven in that it learns from the historical channel
data of BS and only utilizes geolocation to determine all
the transmission parameters.

o We formulate the problem of feedback-free MIMO trans-
mission, and a VAE-based spatial multiplexing transmis-
sion approach is proposed, in which VAE is used to
select the transmission parameters from latent Gaussian
representations for each geolocation.

o We perform simulations based on a high-fidelity link-
level simulator and realistic ray-tracing channel data.
The results demonstrate the effectiveness of the proposed
approach. Compared with feedback-based 5G CLSM,
we showcase the same level of throughput performance,
considering the saved overheads of pilots and feedback.

The remainder of this paper is organized as follows. The
system model and problem formulation are given in Section
II. The VAE-based approach is presented in Section III. Simu-
lation results and discussions are given in Section IV. Finally,
Section V concludes the whole paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

In this paper, we study the DL single-user MIMO (SU-
MIMO) transmission of FD-RAN. Fig. 1 illustrates the system
model, where a control BS coordinates with multiple DL-BSs
and UEs. The control BS obtains the locations reported by
users and informs the DL-BS. Then, exploiting the mapping,
DL-BS can find out transmission parameters and carry out
MIMO transmission based on UE’s geolocation. Although
the feedback of location information through control BS also
has delay, the influence on the transmission performance is
limited. On the one hand, the user’s location will not signifi-
cantly change in seconds in typical scenarios. Also, the fixed

transmission parameters will not change dramatically at close
locations. On the other hand, the user’s location is usually easy
to predict when it changes fast, e.g., when the user is inside
a car or high-speed train. Meanwhile, integrated sensing and
communication (ISAC) can be utilized to sense the location of
UE. In this study, we only focus on the performance at static
user locations.

The whole signal processing procedure is based on or-
thogonal frequency division multiplexing (OFDM) and MIMO
technologies. Leveraging the discrete Fourier transform (DFT),
OFDM transforms the frequency selective broadband channel
into K flat narrowband channels, and k € £ = {1,...,K}
refers to the k-th orthogonal subcarrier. The DL-BS and UE
are assumed to be equipped with Ny, transmit antennas and
N, receive antennas, respectively. Then the received symbol
vector ¢, € CNr=X1 on the subcarrier k at any sampling time
instant can be expressed as

c. = HWs,+n,, kek, (1)

where Hj, € CNr=*Niz ig the channel matrix that the trans-
mitted symbol vector s € CL*! with normalized unit power
experiences on the subcarrier k. n; ~ CN(0,¢2I) is the
additive zero means complex-valued white Gaussian noise with
variance ¢2. W € CNe=*L s the employed precoding matrix
and L € {1,...,T} is the number of employed layers for
spatial multiplexing. The maximum value of L is defined by
T = min{N,., Ny}, which represents the minimum of the
number of receive and transmit antennas. Note that since we
do not infer in the frequency domain, the same precoder is used
for all subcarriers. RI corresponds to the rank of precoder W,
which is equal to L.

At the receiver side, HW and noise variance m; are
estimated by demodulation reference signals (DM-RSs). Then,
the received symbol vector ¢y is equalized by an equalizer,
which is denoted by E; € CE*Nre The post-equalization
received symbol vector my, € CE*1 is written as

my, = Epc, = ELH, Ws, +Exn,, kelk. 2)

We denote the multiplication of three matrices E H; W as
G, € CL*L which can be seen as the equivalent channel
between transmitter and receiver. Then SINR of /-th layer after
equalization is given as

1G4 Ol

it i G (6 8) 5 + 63 035 1| Bx (4 z'>||%(’3)
where k € K,0 € L = {1,...,L} and | - || denotes the
Frobenius norm. G (¢, ) denotes the element of the equivalent
channel Gy, that lies in the ¢-th row and i-th column. Thus, the
numerator of (3) represents the desired signal power of layer ¢
on subcarrier k. The first term of the denominator refers to the
inter-layer interference and the second is the enhanced noise.

Then, the post-equalization SINRs over all subcarriers C
and all layers £ are mapped into one effective SNR of an
equivalent single input and single output (SISO) system with

SINR; ; =

470

Authorized licensed use limited to: Nanjing University. Downloaded on April 02,2025 at 12:18:49 UTC from IEEE Xplore. Restrictions apply.



2024 IEEE Global Communications Conference: Selected Areas in Communications: Machine Learning for Communications

AWGN channel, which has similar transmission performance
with the MIMO OFDM system. The mapping is defined as

SNRi = af ! <K1L SIS (Sn‘f“» L@

keK el

where f denotes the mapping function and f~1! is its inverse.
Here, the mutual information effective SNR mapping (MIESM)
is adopted, and f is the bit interleaved coded modulation
(BICM) capacity. « is the adjustment factor that adapts the
block error rate (BLER) performance of the equivalent channel
to approximate that of the original channel as much as possible.
At last, the CQI value is chosen to be the maximal MCS value
that keeps BLER lower than 0.1.

B. Problem Formulation

In essence, the problem of feedback-free MIMO is to esti-
mate a mapping from geolocation to transmission parameters,
ie, o = (z,y,2) — {W,L,CQI} based on the channel
data. x, y and z are Cartesian coordinates in Euclidean space.
The objective is to counter performance loss caused by fixing
transmission parameters in the time domain.

We consider the coverage area of a DL-BS and we assume
that the environment will not change significantly over the
studied long time span. Specifically, the channel data is a set of
channel matrices H, where every element is a channel matrix
H, ;. , with dimension N,, X Ny,. t € T ={1,...,T} refers
to index in the time domain. Note that ¢ does not need to be an
actual time point, since we will not do any inference in the time
domain. Different values of ¢ only indicate that the channel
matrices are different due to the time-varying characteristics
of the channel. k£ denotes the k-th subcarrier, which relates to
the channel in the frequency domain. ¢ € Q = {1,...,Q} is
the location index, corresponding to the channel sample at a
certain geolocation. Therefore, |H| =T x K x Q.

In feedback-free MIMO, utilizing the mapping derived from
the channel data, we aim to maximize the throughput at all time
and location samples in 4. The problem can be formulated as

By 5 T (W 01

teT keK qgeQ
H ,,eH, VteT VEeK,VgeQ

G IWalk =1, Yoo
- Ly=r(W,) e{1,...,T},
CQl, € {1,...,15},

Vg € Q
Vg € Q,

where T denotes the throughput, and it depends on the channel
and transmission parameters. Here, throughput is not calculated
on the theoretical formula. ||[W||% = 1 indicates the power of
precoder is normalized to 1. r(-) refers to the rank of a matrix.
CQI is an integer, ranging from 1 to 15 [9]. Since we fix the
transmission parameters in time and frequency domains, we
only use the subscript ¢ to denote the transmission parameters
at location g, which are the same for any time point ¢ and
subcarrier k.

III. VAE-BASED APPROACH
A. Optimal Precoders Based on SVD

The quantization of spatial beams in the 5G Type I codebook
brings in loss of accuracy of the precoder, yet the optimal
precoder can be calculated from the SVD of the channel for
it eliminates the interference among layers. The SVD of Hy
can be expressed as Hy = UkAkV,f, where U;, and V, are
the left and right unitary matrices, respectively. (-) denotes
the Hermitian transpose operation. Then, the optimal precoder
V,f can be obtained as the first L columns of V.

The mutual information when precoder W is employed can
be expressed as Iy (W) = logy(1 + SINRy ((W)), where
ke K, ¢ € L, and SINRy (W) indicates the SINRy ,
defined in (3) if precoder W is adopted. For 5G CLSM,
the appropriate precoder can be chosen to maximize the sum
mutual information over all subcarriers /C and all layers £ by
an exhaustive search in codebook [11]. Similar to CLSM, the
best precoder from SVD of the channel at any time and location
indexes can be chosen as follows:

W* = argwmax Z Z I o (Wy)

i keKileLl
VL
st. Wy = —F— e Wsyp, Vie{l,...,[Wswl}, ©
IVilr

Vke K, VLe{l,...,T},

where Wsyp is the set of precoders obtained from the SVD of
the channel at a certain location, and |[Wsyp| = K x T. W*
is the optimal precoder for the whole system bandwidth. Note
that V,’;J is a unitary matrix and its power equals to L. Hence,
it is divided by |[VE|| £ to satisfy the power constraint in (5).
RI is the rank of W*. CQI is then mapped from the effective
SNR defined in (4) given the precoder and RI.

B. Selecting Transmission Parameters

Autoencoder consists of an encoder and a decoder, which
are constructed by multiple layers of neural networks. The
encoder compresses the initial inputs and the decoder recovers
them from lower-dimensional latent space. VAE is introduced
in [10] to make the latent space continuous. Instead of directly
mapping data into points, VAE’s encoder returns a distribution
over the latent space. Then, the decoder uses points sampled
from latent space to recover the inputs. Since the latent space of
VAE is regular, we can sample any point from it to generate
new data via decoder, which fits well for understanding the
high dimensional precoders and fixing them in time domain.
The proposed VAE architecture is shown in Fig. 2.

Specifically, d; is denoted as the ¢-th independent and
identically distributed sample of dataset Dyag for VAE, where
i € {1,...,|Dvag|}. The encoder network’s parameters are
denoted as 1), and the decoder network’s as &. The latent
space of VAE is represented by the latent variable zo with
dimension N, x 1. The encoder maps the input d; into
vectors of mean p; and variance o; to obtain the posterior
approximation Py (zo|d;). Since the sampling operation of
latent space lacks gradient information, the reparameterization

471

Authorized licensed use limited to: Nanjing University. Downloaded on April 02,2025 at 12:18:49 UTC from IEEE Xplore. Restrictions apply.



2024 IEEE Global Communications Conference: Selected Areas in Communications: Machine Learning for Communications

Encoder

AZ110JIIA

Reparameterization

Decoder

uonezieuosoyiQ
UOHBZI[EULION

Reconstructed precoder

Fig. 2. The proposed VAE architecture to deal with precoders.

trick is used in VAE to make the back-propagation of the
error terms possible. Then, the sampled latent variable can be
expressed as @ = p + o © &, where € ~ N (0,I) and ©®
denotes the element-wise product. Denote the output of VAE as
d;, which can be viewed as the estimate of input d;. Utilizing
the evidence lower bound on the log-likelihood [10], the loss
function of VAE can be defined as

Loss = LoSSecon + SLOSSKL, 7

where the first term indicates the reconstruction loss and equals
to ||d; — d;||? in squared error form. The second term refers
to the Kullback-Leibler (KL) divergence loss between the
posterior appr 0x1mat10n and the prior of latent variable, which
yields 5 8 > ()5 2+ (04)3 — log((04)3) — 1) in Gaussian
case, where (ul) and (0;); are j-th element of vectors w; and
o;. B is an adjustable hyperparameter to balance the tradeoff
between reconstruction loss and KL divergence loss.

Since precoders of different layers have different dimen-
sions, T VAEs are required to be trained corresponding to
distinct input dimensions. However, how to prepare the input
precoder dataset remains a problem. Basically, the optimal
precoders Wy - at any time ¢ and location ¢ can be derived
from (6). If we fix the rank of precoder L obtained from SVD
of channel to v in (6), we can obtain "optimal" precoders of
rank t, denoted as W™, Then, the chosen indexes of time and
location for precoders with higher ranks are also applicable to
precoders with lower ranks. The downward compatible set of
layer choice for precoders of rank v is denoted as £, where

= {t,...,T} and v € {1,...,T}. Specifically, the time
and location indexes for the selected precoders W** can be
determined by applying constraints to the original optimal
precoders W*. First, the location index set Q° for precoders of
rank t is chosen as Q' = {glmode(R,(W3 ) € £,q € Q},
where R,(W7 ) = {r(W; )|t € T} is the rank set of
optimal precoders at location index ¢ and mode(-) indicates the
mode value of the set. Next, time index set 7 at location q for
precoders of rank v is selected as 7 = {t|r( tq) ELtE
T},Vq € QF. Finally, the dataset of VAE DVAE for precoders
of rank v can be expressed as Dy,p = {W; g € Q°,t € T}

Since the values of W* = V*/||V*HF are small due
to the power normalization, the optimal precoder without
power normalization V* is employed in VAE dataset. Besides,
an orthogonalization operation is performed to the recovered
precoder V* to make it satisfy the property of the unitary
matrix. The orthogonalization operation is done by QR de-

composition of V*, which is given by V= VQVR VQ is
an orthogonal matrlx and VR is an upper triangular matrix.
Finally, VQ / ||VQ|| r is decided as the generated or recovered
precoder, with power normalized and columns orthogonalized.
In this paper, we fix transmission parameters at locations in
‘H to evaluate the performance loss of feedback-free MIMO.
We need to first fix RI such that the representative precoder
of a specific rank can be chosen. Specifically, we define
a percentage count threshold Cyoq. If no fewer than Cyoq
percents of 7' RIs obtained from (6) at location ¢ are elements
in £ when the mode of R, (W7 ) is v, then L, is fixed to t,
otherwise t — 1. Thus, apart from locations where the highest
rank of precoder is employed, the set of location QE;&’““‘ where
the fixed RI is v consists of two parts: the indexes that satisfy
the constraints described above when the mode of R,(W7- q)
is v and those that don’t when the mode of R,(W- ) is t+1.
QFCwis C QO and Z . |Q & = | Q] = Q. A higher value
of Cypolq indicates a more conservative choice of fixed RI.
Exploiting the latent variables obtained by the encoder of
VAE, the precoder at location ¢ can be fixed, as illustrated
in Fig. 3. Specifically, the representative latent variable =o'
at location ¢ for precoders of rank v can be chosen based on
its proximity to the mean values of the mean and variance
vectors of all latent variables at location ¢. The time index for
the representative latent variable can be selected as follows:

arg min[(p; g — fg)" (ki g — Pg)+
(05 )* = (3)") (07 )* = (G, VE € T,
ZfET‘ ut 4/|T; | is the averaged mean vector at
location ¢, and (679)* = >, 7 (of,)?/|TS| is the averaged
variance vector. Since the probablhty of obtaining the mean of
a Gaussian variable is highest, we take the mean vector p*
of wy’* as its sampled values. Finally, p3* is input into the
well-trained decoder to obtain the representative precoder.
At location ¢, the CQI set CQI, (W) = {CQI, ,(W,)|t €
T} can be determined when the fixed RI and precoder obtained
from VAE are employed. Then, the fixed CQI is decided as

the floor of the mean value of CQI (W) since fixed SVD
precoder may lead to more fluctuations in time domain.

()

where fip, =

IV. SIMULATION RESULTS AND DISCUSSIONS
A. Simulation Setup

1) Environment: In this study, throughput is obtained by
signal processing in the physical layer based on the Vienna

472

Authorized licensed use limited to: Nanjing University. Downloaded on April 02,2025 at 12:18:49 UTC from IEEE Xplore. Restrictions apply.



2024 IEEE Global Communications Conference: Selected Areas in Communications: Machine Learning for Communications

Well-trained decoder

!
|

Sampled mean vector
of representative latent variable

f

Eq. (8) 7
 ——
| Tf | latent variables Representative latent variable

Fig. 3. Illustration of selecting the representative precoder in time domain
utilizing VAE (with precoders of rank 4 as an example).

5G link level simulator [12]. BS is equipped with N;, = 16
dual polarized transmit antennas with horizontal and vertical
configurations (Ny, N2) = (8,1) and UE is equipped with
N,, = 4 single polarized receive antennas. Y is given by
min{ N;,, N, } = 4. A total of K = 72 subcarriers are used to
carry MIMO transmission for UE. The center frequency is 3.5
GHz and the subcarrier spacing is 15 kHz. Low-density parity-
check (LDPC) channel coding is employed and the equalizer
is chosen based on minimum mean square error (MMSE).

Meanwhile, simulations are conducted based on the realistic
ray-tracing dataset: DeepMIMO [13]. Using accurate ray-
tracing data obtained from Remcom Wireless InSite, cluster
delay line (CDL) channels between BS and UE are generated,
serving as the dataset in this paper. We focus on using BS/
to transmit data to UEs in User Grid 1 of OI scenario in
DeepMIMO. The training set consists of channels generated
between BS/ and UEs of 126 rows from R715 to R1465 in O1
with equal spacing, where each row contains 30 distinct user
locations. Thus, |Q| = 3780. Besides, 100 different samples
of channels in time domain are considered.

2) VAE: Although a higher accuracy of the recovered
precoder can be obtained if the network in VAE gets deeper,
we found that the loss wouldn’t reduce too much after more
than four layers are employed for both encoder and decoder
networks. Hence, they are both designed as four-layer fully
connected neural networks. For the encoder, the input dimen-
sion is Ny X L x 2 = 32L. The following three layers
for the encoder are of size 400, 128, and N;, x 2, where 2
indicates the means and log variances of the latent variable.
Ny is set to 10L. In this study, we output the log variance
of the latent variable to ensure the variance is always positive.
Leaky rectified linear unit (ReLU) is chosen to be the activation
function for the encoder. For the decoder, the input dimension

is Ny, Conversely, the following three layers for the decoder
are of size 128, 400, and 32L. The activation functions for the
decoder are also leaky ReLLU, except that the last layer is Tanh
to obtain the outputs whose values are between -1 and 1.
During the training process, a minibatch of 128 samples
is used to calculate the gradients. S in (7) is chosen to be
0.01. Then, the parameters of networks in VAE are updated
for 100 epochs using the adaptive moment estimation (ADAM)
optimization algorithm with 10~2 learning rate. Despite fine-
tuning may be helpful, we found that the proposed VAE
approach works well under many values of hyperparameters.

B. Evaluations and Discussions

In the following, we first verify the proposed VAE-based
approach at location samples suitable for transmitting four data
streams and then extend to all locations in H. Here, samples
suitable for transmitting four streams refer to locations that
utilize precoders of rank 4 at all time indexes based on the
results of SVD obtained from (6). We compare the performance
of the proposed VAE-based approach with feedback-based 5G
CLSM, which is recognized for achieving the highest capacity
among various transmission modes in 5G.

1) Verification of VAE-based Approach: Fig. 4 shows the
average throughput comparison when the VAE dataset is made
up of non-unitary matrices or unitary ones. Note that the SVD-
based precoding and the proposed scheme with CQI feedback
are implemented in Fig. 4 to demonstrate the reconstruction
performance of VAE, where LD refers to latent dimension,
and VAEO indicates VAE with orthogonalization. Employing
precoders of unitary matrices as the VAE dataset shows sig-
nificantly better reconstruction performance than directly using
the energy normalized precoders since the values of normalized
ones are too small. Besides, the orthogonalization operation
offers large performance gains since it keeps the multiple
streams orthogonalized to each other to reduce interference. As
stated before, the proper choice of Rl is critical to this problem.
In Fig. 5, we assess the performance loss of the VAE-based
approach compared to Type I codebook-based CLSM when the
criterion for RI selection changes. As a result, we set Cojq to
100 to fix RI so that the VAE-based approach can obtain the
best performance. Note that the performance loss does not take
the saved overheads of pilots and feedback into consideration.

2) Comparison at All Locations in the Dataset: Fig. 6(a)
demonstrates the average throughput comparison of CLSM and
the proposed VAE-based approach for feedback-free MIMO
at all locations in H, while Fig. 6(b) details the cumulative
distribution function of the average throughput. Note that chan-
nel variations are obvious, as evidenced by the performance
loss in CLSM with only 1 transmission time interval (TTI)
feedback delay. Due to the fixed transmission parameters in
time domain, the VAE-based approach exhibits a performance
loss of 16.34% after a conservative choice of RI, yet still
outperforms CLSM with feedback delay. Fig. 6(c) presents the
average throughput gap ratio of the VAE-based approach to
CLSM, which intuitively shows that the proposed approach can
outperform CLSM if UE is close to BS. Considering the saved
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Fig. 6. Comparisons between VAE-based approach and CLSM at all locations in H when C1q = 100.

overheads of pilots and feedback, the proposed VAE-based
approach for feedback-free MIMO can potentially achieve
comparable or even higher performance than 5G CLSM.

V. CONCLUSION AND FUTURE WORKS

In this paper, we have studied feedback-free MIMO for FD-
RAN, which only utilizes geolocation to determine all the
transmission parameters based on the knowledge learned from
historical channel data. A VAE-based approach is proposed,
where the representative precoder for each location is selected
from the latent Gaussian variables. Simulation results based
on a link-level simulator and realistic ray-tracing channel data
manifest the effectiveness of the proposed approach and its
feasibility for application in FD-RAN. In our future work, we
will consider the inference of transmission parameters in space
domain and extend to multi-user scenarios.
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