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Abstract—Distributed multiple-input multiple-output (D-
MIMO) offers a pathway to achieve massive MIMO gains while
mitigating the physical constraints of co-located antenna arrays.
However, the reliance on fiber connections for distributed radio
units restricts deployment flexibility and elevates infrastructure
expenses. To address these limitations, mobile D-MIMO (MD-
MIMO) was recently introduced, an innovative extension where
distributed antenna arrays connect wirelessly to the base station,
and all radio nodes possess mobility. We present a novel MD-
MIMO architectures for cooperative downlink communication,
detailing the system design and key enabling technologies, such
as MIMO precoding and channel prediction. Performance eval-
uation using realistic 3GPP mobile channel models demonstrates
the significant potential of the proposed MD-MIMO system to
enhance network throughput and reliability.

Index Terms—Wireless, Mobile Networks, Distributed MIMO.

I. INTRODUCTION

Multiple-input multiple-output (MIMO) significantly en-
hanced capacity and reliability in 4G networks, paving the
way for 5G’s massive MIMO [1] to further boost network
performance. However, the physical limitations of deploying
numerous antennas at a single base station constrain achievable
gains. To address this, distributed MIMO (D-MIMO) has
emerged as a promising architecture where geographically
separated radio units (RUs) collaborate to serve users through
joint transmission or cooperative reception. Evolving from
4G’s Coordinated Multi-Point transmission (CoMP) [2] and
refined by techniques like joint transmission with channel
feedback [3] and advanced beamforming, this concept has
been integrated into 5G New Radio (NR) standards as multiple
Transmission and Reception Point (mTRP) [4].

Nevertheless, the need for mobile D-MIMO (MD-MIMO)
arises from several key challenges and evolving demands in
wireless communication networks, particularly as we move
towards next generation (NextG) networks [5]. We refer to
MD-MIMO as an evolution of D-MIMO that allows all nodes,
including the base station, to be mobile or portable, thereby
enabling full control over both micro- and macro-diversity.

In [6], a two-phase coherent joint-transmission scenario is
analyzed from a capacity perspective to illustrate the capacity
trade-off inherent in MD-MIMO network topology. Building
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upon the MD-MIMO concept introduced in [5] within the
context of 3GPP standards, we note that few prior works
have thoroughly addressed the associated design challenges.
To this end, we introduce a novel MD-MIMO architecture
design for distributed cooperative downlink (DC-DL). We
present detailed system and algorithm designs, along with
comprehensive performance evaluations using realistic 3GPP
mobile channel models for different scenarios.

Prior work has explored cooperative distributed antenna
systems [7]-[9]. However, our work distinguishes itself by
emphasizing novel algorithm designs that confront the critical
challenges due to the mobility of both the gNB and RUs — a
significant aspect not thoroughly investigated previously.

The remainder of this article is structured as follows: Sec-
tion II reviews existing D-MIMO technologies and highlights
the core challenges in their extension to MD-MIMO. We then
present a detailed description of the proposed MD-MIMO
architecture and key algorithm designs in Section III. Section
IV follows with comprehensive system-level simulation results
across diverse mobile scenarios and analyzing the trade-offs
between reliability and capacity. Finally, Section V concludes
the current work and outlines future research directions.

II. MD-MIMO OVERVIEW

Distributed MIMO operation refers to a range of techniques
wherein multiple geographically distributed radio nodes col-
laborate to facilitate data transmission between source and
destination nodes, as illustrated in Figure 1. We provide a
concise review of recent progress in D-MIMO, particularly
within the context of 3GPP standards, and highlights the
critical technical challenges for its extension to MD-MIMO.

A key advantage of D-MIMO over co-located MIMO is
its ability to enable flexible MIMO operation,including joint
transmission [10] and interference coordination [11], while
circumventing the physical size constraints at the base station
[8]. Achieving independent channel realizations in sub-6 GHz
bands requires antenna spacing of at least a half wavelength,
which can be spatially and economically prohibitive. In con-
trast, the unconstrained geographical distribution of D-MIMO
nodes provides macro diversity, mitigating large-scale fading
and shadowing [12].

In the context of 5G networks, Remote Units (RUs) capable
of coherent joint transmission can function as a large virtual
antenna array, enhancing spatial multiplexing and antenna
diversity. Simpler D-MIMO approaches, such as Distributed
Antenna Systems (DAS) and Dynamic Point Selection (DPS),
leverage macro diversity from geographically dispersed RUs to
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Fig. 1. Illustration of a distributed MIMO network

improve coverage [13]. Joint Transmission Coordinated Multi-
Point (JT-CoMP) [2] takes advantage of coherent transmission
from multiple nodes to create a large virtual array, exploiting
channel micro diversity [9]. Recent years have witnessed
successful experimental demonstrations of coherent D-MIMO
operation [14], with commercial entities also showcasing high-
performance D-MIMO prototypes [15]. Looking ahead, cell-
free architectures, another promising next-generation technol-
ogy, will leverage the D-MIMO strategy to enhance system
capacity by eliminating inter-cell interference through coherent
cooperation among distributed nodes [16], [17].

The significant potential of MD-MIMO is accompanied by
several design and implementation challenges. Overcoming
wireless front-haul bandwidth limitations, a consequence of
replacing wired connections, requires sophisticated MIMO
precoding, efficient data sharing strategies, and reduced control
overhead. The reliable frequency and timing synchronization
offered by fiber must be replicated through new protocols
and algorithms suitable for wireless RUs. Moreover, adapt-
ing to the dynamic distributed MIMO channels necessitates
improving conventional precoding and detection techniques,
with channel prediction becoming a prerequisite for good per-
formance and lower feedback. Lastly, the distributed mobility
of nodes necessitates the development of new cooperative
transmission and reception algorithms.

Realizing the proposed MD-MIMO designs requires several
critical algorithms that extend existing methods for D-MIMO
systems. We detail critical system design aspects, includ-
ing network topology, transmission and reception procedures,
channel estimation/prediction, and precoding for the DC-DL in
Section III. We briefly discuss performance trade-offs from an
algorithm design perspective, with system-level performance
evaluation presented in Section IV.

III. DISTRIBUTED COOPERATIVE DOWNLINK

To extend D-MIMO to MD-MIMO for multi-user scenarios,
we propose a novel architecture for distributed cooperative
downlink (DC-DL). In distributed downlink scenarios, UEs at
the cell edge often experience degraded transmission/reception
performance due to weak signals or blockage. Employing
distributed RUs and the gNB for cooperative transmission can
enhance the reliability and throughput for these UEs.

The downlink transmission follows a two-phase procedure
as illustrated in Figure 2. In phase-1, the gNB broadcasts the
user data to participating RUs, and in phase-2 the gNB and
RUs can form a coherent distributed array to simultaneously
transmit user data to multiple destination UEs.
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Fig. 2. Distributed cooperative downlink Scenario

In phase 1, the gNB can leverage the standard physical
downlink shared channel (PDSCH) to simultaneously broad-
cast data to multiple participating RUs. For phase 2, the RUs
can extend PDSCH for this purpose.

The channels from the gNB to multiple RUs form a broad-
cast channel, where the capacity is limited by the lowest rate
among the receiving RUs. Consequently, careful selection of
participating RUs is necessary; including more RUs for the
first transmission phase can reduce overall throughput. Con-
versely, the aggregate throughput of the second transmission
phase typically increases with more transmitting RUs. Optimal
transmitting node selection is coupled with the precoding
procedure in both phases, making it difficult to achieve.
In this work, we decouple the node selection process from
the precoding algorithm design and use the channel quality
indicator (CQI) for selecting the best transmitting nodes.

Although a precoding strategy that accounts for both com-
mon information in phase one and multi-user precoding in
phase two is crucial for maximizing the capacity, it unfor-
tunately results in a non-convex optimization problem, com-
plicating numerical solutions. In [18], a distributed precoding
algorithm is presented to decompose the optimization problem
into a sequence of convex subproblems.

Effective precoding for joint transmission for both phases
demands channel state information (CSI) for all distributed
links. After the gNB collects the CSI and compute the pre-
coding matrices for both transmission phases, it sends then to
the RUs for distributed signal processing. Participating RUs,
chosen by the gNB based on connection quality, can provide
CSI feedback for the gNB-RU links. For the RU-UE and
gNB-UE links, two feedback mechanisms are possible: direct
reporting from the UEs or relaying the information via the
RUs, with the latter introducing a substantially greater delay.

The considerable number of distributed links introduces a
substantial overhead associated with CSI feedback, presenting
a significant design challenge. Additionally, the inherent de-
lays between CSI feedback acquisition and precoding matrix
application often cause the CSI to become stale in rapidly
evolving network topologies. Consequently, the gNB is re-
quired to implement channel prediction to sustain acceptable
precoding performance.

A. Precoding for Broadcast Data

The gNB S broadcasts the same data to all its associated
UEs in preparation for the coherent joint transmission in
forwarding phase which requires that all nodes in the set
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{Us, S} have the same data x. Each node Ug(7) receives a
signal yz/5(;) as

Yus) = Hugs),sPsX + nyg i) (1)

Hg ;) € CYv*No denotes the channel between nodes S

and Us (i), where Ny and Ny are the number of antennas at
a user node and the transmit squad gNB node, respectively,
x € C! is the information symbols vector, Pg € CNo*!
is the precoder matrix that can be designed to accommodate
I < Ny spatial streams since it is assumed that Ny < N, and
noise is denoted by ny ;) € N(O,o’f,s(i)) where ‘7515(1') =

H . . . .
E (nMs(i)nus(i)) is the noise covariance matrix.

The collective channel H = [H§ o, H§ 1y ju4s1-1)]"
represents a MIMO broadcast channel with common informa-
tion (MIMO-BC) [19]. The precoder P € CNo*! [ < Ny
design criterion to maximize the probability of data arriving
intact at all nodes in Ug, with minimum error correction
coding overhead. To do so, the objective function is chosen
to ensure a minimum level of performance for the worst case
node, which can be formulated in terms of the following max-
min optimization problem [20].
max min
Qs i€{0,..,[Us|—1}
st. r(Q) <P

rank (Q) < Ny

log |INU + az}j(l)Hus(l),SQHgs(l),Sl

2
where P, denotes the maximum transmit power of the gNB.
The solution Q is then factorized into PP to find the
required precoder. We note that the second constraint makes
the optimization problem non-convex. Relaxing the problem
by ignoring this constraint, the problem becomes convex and
the unique solution is found. Now we satisfy the second
constraint by selecting the IV, x [ sub-matrix from the solution
P that maximizes the given objective function.

B. ML-based Channel Prediction

The large number of antenna elements in MD-MIMO sys-
tems introduces substantial challenges for channel estimation
and feedback. Although 3GPP standards provide downlink
channel estimation procedures and codebook-based CSI feed-
back mechanisms to mitigate overhead [21], the necessary
codebook size scales exponentially with the number of trans-
mit antennas, making frequent CSI feedback impractical.

Several machine learning-based techniques, such as CSI
compression [22], optimized codebook design [23], and chan-
nel prediction [24], have been explored to mitigate these
challenges. However, these methods typically require extensive
offline training, and any statistical mismatch for real-time
channel conditions can severely impair performance [25].

Addressing the challenges of CSI feedback overhead in MD-
MIMO necessitates machine learning techniques capable of
online, adaptive reduction. Reservoir computing (RC), a par-
ticular class of recurrent neural networks (RNNs), has recently
emerged as a potent methodology for addressing problems in
wireless communications in an online and real-time fashion.

RC-based methods have demonstrated effectiveness in wireless
communication tasks such as symbol detection [26], show-
casing their ability to learn spatio-temporal correlations. This
lightweight training makes RC highly adaptable to dynamic
environments [27], positioning it as a strong candidate for
online channel prediction within MD-MIMO systems.

An Echo State Network (ESN) is a specific kind of RC,
which consists of an input layer, a recurrent reservoir layer,
and an output layer, as shown in Figure 3. The input and
reservoir layers are fixed and randomly initialized while only
the weights of the output layer are trained. This makes the
training of ESNs simple and fast, making them ideal for
high-speed applications such as communication systems. We
construct an ESN-based channel prediction algorithm which
makes predictions using limited training data.
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Fig. 3. ESN reservoir structure

The internal state of an ESN with N neurons in the
reservoir, s(t) € CV*1, is given by:

s(t)=f (Ws(t—1)+ W,,H(t)), 3)

where s(—1) is initialized as a zero vector, f(-) is the
activation function, W e CWN*N) is the reservoir weight,
Wi, € CVxNee) s the input weight matrix and H(t) €
CNsex1 is the channel for each OFDM symbol with Ny,
subcarriers. The output of the ESN is expressed as:

i(f’) = fout(Woutz(t))a (4)

where f,,:(+) is the activation function for the output layer,
Wi € CNeeX(N+Noe) ig the output weight matrix and 2z (t) =
[s()T, H(t)T]T e CN+Nse)x1 ig the concatenation of the
internal state and the input. The only trainable weights are
the output weights, which are learned through a closed-form
least-squares solution which aims to minimize the mean square
error between the output &(¢) and the intended output x(t).
The regression procedure can be defined as:

Wout = arg min Z Ha}(t) - m(t)H%
Wout i—o (5)
_ : s 2
arg min || — (|7

out

where Nipqin is the number of OFDM symbols used for
training, & = [£(0),2(1), - (Nipain — 1)] € CNeeXNerain
and x = [£(0), (1), - &(Nrain—1)] € CNseXNerain are the
concatenation of the output signal and target transmit signal
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matrices, respectively. In the training period, the concatenated
vector z(t) is recorded and forms the following matrix:

Z =[2(0),2(1), -, 2(Nirgin — 1)] € CNFNee)xNerain
(6)

The least square solution assuming linear activation is:
Wour = 22", (7

where Z7 is the Moore-Penrose pseudo inverse of Z. In this
work, we adopt (7) to compute Wouts despite employing a
nonlinear activation function as it offers a low-complexity
approximation with good empirical performance.

IV. PERFORMANCE EVALUATION

In this section, we present preliminary performance evalua-
tion for the introduced MD-MIMO architectures. We evaluate
bit error rates (BER) and throughput performance in different
scenarios and analyze the trade-off for system reliability and
capacity. We also highlight the performance improvement with
ML-based channel prediction as compared with conventional
methods. The simulation parameters for the following evalua-
tions are summarized in Table I.

TABLE I
SIMULATION PARAMETERS FOR DISTRIBUTED DOWNLINK
System Parameters Values
Center Frequency 2.5 GHz
Subcarrier Spacing 15 kHz
Number of Subcarriers 512
¢NB Antennas (Tx/Rx) 4
UE Antennas (Tx/Rx) 2
gNB Transmit Power 35 dBm
UE Transmit Power 26 dBm

The network performance is evaluated under three different
scenarios with different mobility settings, as listed in Table
II. For each scenarios, multiple random topologies are used
to generate Monte-Carlo simulation results. We utilize the 3D
Spatial Channel Model frameworks developed by 3GPP for
New Radio (NR). These models, grounded in geometry-based
stochastic principles, address channel characteristics across
both standard cellular environments, as specified in TR 38.901,
and vehicular contexts as outlined in TR 37.885.

TABLE II
MOBILITY SCENARIOS FOR PERFORMANCE EVALUATION

Mobility ¢NB ground speed UE relative speed
Low 0.5 km/h 0.05 km/h
Medium 5.0 km/h 0.5 km/h

High 20.0 km/h 2.0 km/h

Figure 4 presents the average downlink throughput for
three distinct mobility scenarios. In all tests, we used a fixed
number of 6 RUs besides the gNB for cooperative transmis-
sion. Throughput was maximized by adaptive modulation and
coding schemes (MCS) and scheduling transmissions to UEs
with the best channel conditions. For comparison, we use the
direct gNB to UE link without additional RUs as the baseline.
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Fig. 4. Average downlink throughput in different mobility scenarios
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Fig. 5. Average downlink throughput in low mobility scenarios

As the summary indicates, average throughput drops consid-
erably with higher mobility when channel prediction is absent.
A critical reason for this is poor precoding performance caused
by outdated CSI. Notably, implementing channel prediction
allows the distributed downlink scheme to achieve substantial
improvements in medium and high mobility scenarios.

To assess the impact of RUs, we evaluated average through-
put with varying numbers of RUs. As Figure 5 illustrates,
increasing the number of RUs generally improves throughput
by effectively leveraging spatial multiplexing gains. However,
these gains are difficult to achieve with outdated Channel
State Information (CSI), which consistently reduces achievable
throughput in medium and high mobility scenarios, as shown
in Figure 6 and 7. Therefore, accurate CSI via channel
prediction is essential to maintain performance.

To further analyze the effects of mobility, Figure 8 displays
the average uncoded and LDPC-coded BER for the distributed
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Fig. 6. Average downlink throughput in medium mobility scenarios

== No prediction
With CSI prediction

Throughput (Mbps)

=
=3

0
2 RUs 4 RUs 6 RUs 8 RUs

Fig. 7. Average downlink throughput in high mobility scenarios
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Fig. 8. Average uncoded/coded BER in medium mobility scenario

downlink in a medium mobility scenario. We used 16QAM
modulation and rate 1/3 LDPC across all runs, maximizing
throughput by scheduling transmissions to UEs with optimal
channel conditions. With channel prediction, increasing the
number of RUs significantly reduces the average BER, which
improves both system reliability and throughput.

As shown in Figure 9, channel prediction delivers even more
significant performance improvement in high mobility scenar-
ios. For these tests, we used QPSK modulation and rate 1/3
LDPC, maximizing throughput by scheduling transmissions to
UEs with optimal channel conditions.

,_.
2

Average BER

—*— Uncoded BER - No prediction
LDPC BER - No prediction

—— Uncoded BER - With CSI prediction

—4— LDPC BER - With CSI prediction

2

1072

—~

8

4 6
Number of RUs

Fig. 9. Average uncoded/coded BER in high mobility scenario

V. CONCLUSIONS AND FUTURE WORK

This paper details the key design aspects of the proposed
distributed cooperative downlink architecture for MD-MIMO.
We provide comprehensive performance evaluations of en-
abling technologies like distributed precoding and channel
prediction, using realistic 3GPP channel models in different
mobility scenarios. Our results demonstrate significant im-
provements in both reliability and system capacity, underscor-
ing the critical role of channel prediction. Future work will be
needed to address the unique design challenges in cooperative
uplink scenarios for MD-MIMO.
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