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Abstract—The increasing interest of fluid antenna systems is
reinforced by an unprecedented way of achieving multiple access,
by exploiting moments of deep fades in space. This phenomenon,
referred to as fluid antenna multiple access (FAMA), allows the
fluid antenna at each user to be switched to a location in space
(i.e., port) where the sum-interference power collectively suffers
from a deep fade, resulting in a decent signal reception without
the need of complex signal processing. Nevertheless, selecting the
best port is an arduous task, which requires a large number of
channel observations to obtain the high performance gain. This
letter aims to devise a low-complexity port selection scheme for
FAMA where each user has a small number of port observations
only. We assume slow FAMA (s-FAMA) so that the selected port
remains unchanged until the channel conditions change. A deep
learning approach is proposed to infer the signal-to-interference
plus noise ratios (SINR) at all the available ports given only a
small number of observations. The simulation results exhibit that
the proposed scheme is able to attain significant reductions in
outage probability, and improvements in multiplexing gain, from
a relatively small number of available port observations, showing
great potential for future multiple access technologies.

Index Terms—Deep learning, Fluid antenna, Multiple access,
Multiuser communications, Slow FAMA.

I. INTRODUCTION

THE explosive growth of smart devices and an increasing
influx of new applications have sparked a paradigm shift

in wireless communication networks. Such an upsurge is also
coupled with the advances in mobile communication technol-
ogy, from multiuser multiple-input multiple-output (MIMO) in
fourth generation (4G) to massive MIMO in fifth generation
(5G) networks [1]. The strength of MIMO originates from its
unique ability to create artificial signal peaks as well as nulls
by mixing multipath signals intelligently, essentially creating
bandwidth out of space and enabling multiple access entirely
in the spatial domain when multiple antennas are employed at
the base station (BS) and/or user equipment (UE), resulting in
extraordinary capacity and performance gains.

Even though MIMO has been standardized as a quintessen-
tial element of almost all future communication networks, it
suffers from the drawback of sophisticated signal processing
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Fig. 1. An illustration for a two-user FAMA system in the downlink.

requirements in order to support more users. Though massive
MIMO alleviates this issue to some extent by utilizing the law
of large numbers and increasing the number of BS antennas to
64 in 5G, the number of BS antennas needs to be much greater
than the number of UEs [2]. This motivates us to search for
alternative methods to reap the benefits from spatial diversity
in a much simpler way. One emerging technology attempting
to achieve this goal is fluid antenna system [3], [4].

Fluid antenna system refers to a new type of antenna that is
able to alter its shape and/or position dynamically to extract
the best signal in space. This is made possible by the advent
of liquid antennas [5] and reconfigurable pixel antennas [6],
[7] in recent years. Early studies on considering such position-
adaptable antenna for single-user channels were given in [8],
[9], demonstrating great diversity and capacity benefits. Since
then, researchers have stepped up in studying the performance
of fluid antenna systems in more general fading channels [10]–
[12] and designing new coded modulation schemes [13].

Remarkably, a rather surprising result is that multiple access
becomes possible by accessing to the natural interference null
in a small space through a position-adaptable fluid antenna at
each user. This approach is referred to as fluid antenna multiple
access (FAMA) [3] and was first presented in [14]. As shown
in Fig. 1, two users can be served on the same channel in the
downlink by having each BS antenna transmitting to one of
the users and each user has a fluid antenna to scan the entire
fading envelope in its space, and switch to the position (i.e.,
port) where the interference signal disappears naturally due to
multipath fading. FAMA with more users is also possible.

Specifically, it can be a fast FAMA (f -FAMA) system which
requires each fluid antenna to switch to the best port on a
symbol-by-symbol basis to exploit the sum-interference signal
null [14] whereas a more practical approach is the slow FAMA
(s-FAMA) scheme that switches to the sum-interference plus
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noise power null. The latter only needs to switch the port of
fluid antenna when the channel changes [3]. FAMA reduces
multiple access to a simple port searching task at the UE side
without precoding and channel state information (CSI) at the
BS. In this letter, our focus is on the s-FAMA system.

However, how to choose the best port is still a challenging
problem. This is because s-FAMA generally requires a large
number of switchable positions (or ports) to exploit the deep
fades occurring in narrow regions but acquiring observations at
all the ports is infeasible. Similar to [15], this letter leverages
deep learning to infer the best port given only a few observa-
tions over the ports. Nonetheless, one fundamental difference
is that [15] investigated a single-user system while this letter
addresses the multiuser s-FAMA network. In particular, [15]
attempts to estimate the UE’s channel envelopes of all the
ports whereas this work’s objective is to estimate the average
signal-to-interference plus noise ratios (SINRs) over the ports.
Another major difference is that this letter uses a more accurate
channel model to emulate the spatial correlation over the ports,
showing more importance on the size than resolution of fluid
antenna, contrary to the results in [15]. Our main contribution
is a deep learning method that can infer the SINR at all the
ports from a few observations for selecting the best port for s-
FAMA. Simulation results will demonstrate that the proposed
scheme is able to obtain near-optimal performance, with just
15 − 20% of the ports observed. Remarkably, s-FAMA can
serve 5 users, achieving a multiplexing gain of 4.

II. SYSTEM MODEL

A. The s-FAMA Network
We consider a downlink system as shown in Fig. 1, where

a multi-antenna BS is adopted to transmit messages to U user
equipments (UEs) on the same time-frequency resource unit.1

The BS employs fixed antennas, each of which is responsible
for transmitting messages to one of the UEs while each UE
is equipped with a fluid antenna occupying a linear space of
Wλ in which λ is the wavelength. The fluid antenna has N
ports,2 the positions evenly distributed over the space, to which
its radiating element can be switched instantly. Each port is
assumed to behave like an ideal point antenna, meaning that
each UE has the ability to effectively switch its antenna to one
of the N positions to optimize its performance.

The received signal at the k-port of UE u is given by

y
(u)
k = g

(u,u)
k su +

U∑
ũ=1
ũ6=u

g
(ũ,u)
k sũ + η

(u)
k , (1)

where g(ũ,u)k denotes the channel from the ũ-th BS antenna to
the k-th port of UE u, su is the information symbol intended
for UE u, with E[|su|2] = σ2

s , and η(u)k denotes the zero-mean
complex Gaussian noise at the k-th port of UE u with variance
of σ2

η . Also, U denotes the number of UEs.

1The proposed s-FAMA approach in fact can be directly applied even if
the UEs are served by different BSs because no preprocessing or precoding
is required from the BS side and the UEs operate exactly in the same way.

2Mutual coupling does not exist among the ports in a liquid-based fluid
antenna because there is always only one radiating element. Note also that
fluid antenna does not suffer more non-ideal effects such as radiation pattern,
cross-polarization interference and etc. than conventional fixed antennas.

B. Channel Model

All of the channels are assumed to be zero-mean complex
Gaussian so that the amplitude, |g(ũ,u)k |, follows a Rayleigh
distribution, with probability density function (pdf)

p|g(ũ,u)k |(r) =
2r

σ2
e−

r2

σ2 , for r ≥ 0,with E[|g(ũ,u)k |2] = σ2.

(2)
Since {g(ũ,u)k }∀k correspond to the channels at closely located
ports, they can be very strongly correlated. In [15], [16] and
all other related works, a so-called generalized channel model
which was originated from [17], was employed to maintain
mathematical tractability. Nonetheless, the model actually has
a very limited degree of freedom (DoF) to control the spatial
correlation between the channels. Different from the previous
works, we propose to model g(ũ,u)k by

g1
g2
...
gN

 =


a11 a12 · · · a1N
a21 a22 · · · a2N

...
. . .

...
aN1 · · · aNN




x1
x2
...
xN

 (3)

⇐⇒ g = Ax, (4)

in which the superscript (ũ, u) has been omitted for concise-
ness, {xk}Nk=1 are independent, identically distributed (i.i.d.)
standard complex Gaussian random variables, and A plays the
role of ensuring that the channels, g, have the necessary cross-
correlation structures. For a line-shaped fluid antenna of length
Wλ in a rich, 2D isotropic scattering environment, the cross-
correlation of the channels between any two ports is known
to follow the Jake’s model [18] and given by

E[gkg
∗
` ] = φk,` = σ2J0

(
2π(k − `)W
N − 1

)
. (5)

Defining Φ , [φk,`] and with (5), we require

Φ = E[gg†] = AA†, (6)

where g , [g1 · · · gN ]T . Using eigenvalue decomposition, we
write Φ = VDV† where D is a diagonal matrix containing
the eigenvalues and V is a unitary matrix of eigenvectors. As
a result, A can be chosen as A = VD

1
2 to meet (5).

C. Port Selection Maximizing SINR

At each UE, say u, the SINR at the k-th port is given by

γ
(u)
k =

σ2
s |g

(u,u)
k |2

σ2
s

∑U
ũ=1
ũ 6=u
|g(ũ,u)k |2 + σ2

η

. (7)

To achieve s-FAMA, UE u finds and switches to the port, k∗,
that maximizes the SINR, i.e.,

k∗ = argmax
k

γ
(u)
k . (8)

Given a target SINR, γth, the reception performance can be
characterized by the outage probability

pout = Prob

(
γ
(u)
k∗ = max

k
γ
(u)
k < γth

)
. (9)
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With i.i.d. UEs,3 the capacity scaling can be measured through
the multiplexing gain which is found as

m = U(1− pout). (10)

III. LOW-COMPLEXITY DEEP LEARNING-BASED
PORT SELECTION

A. SINR-based Utility Inference

If {γ(u)k }Nk=1 are all known, then the maximization of SINR
is straightforward. In s-FAMA, however, N is supposed to be
large, e.g., N = 100, in order to have sufficient resolution to
resolve the interference. This means that obtaining the SINR
at all N ports is unviable, and in practice, the SINR of only a
small subset of the ports will be available. The UE will need
to estimate the SINR of the unobserved ports in order to find
the best port for maximizing the overall SINR. Denoting P as
the set containing the indices of the observed ports and Q as
that of the unobserved ports, UE u aims to find

k̃∗ = argkmax
{
{γ(u)k }k∈P , {γ̃

(u)
k }k∈Q

}
, (11)

where γ̃(u)k is the estimate of the SINR at the k-th port.
To achieve (11), our objective is to develop an approach to

infer the SINR of the unobserved ports based on the SINR of
the observed ports by utilizing the spatial correlation over the
ports, which we will address in the next subsection.

B. Long Short Term Memory (LSTM) for SINR Estimation

Deep learning techniques have recently received consider-
able interest and are being widely utilized in applications, such
as channel estimation [19] and tracking [20]. The strength of
deep learning lies in its ability to extract useful patterns and
information from data without any prior knowledge about the
characteristics of the data and environment. To track the space-
varying characteristics, as in our case, it is important to give
the neural networks an ability to learn the correlation across
the spatial domain. Recurrent neural networks and LSTM are
two widely considered methods for solving these tasks.

As an enhancement of recurrent neural networks, LSTM
is a gradient-based learning method which is able to connect
previous information to current task [21]. LSTM can deal with
long-term dependencies, which improves the capacity of the
network to process data. We exploit this property of LSTM to
consider the SINR information over the ports as a time (space)
series, to estimate the received SINR at the unobserved ports.
The LSTM model is stacked with supervised learning to train
using mean-squared error (MSE) as the loss function

LMSE = E

[
1

|Q|
∑
k∈Q

(γ
(u)
k − γ̃(u)k )2

]
, (12)

where the expectation is taken over all the examples in the
dataset. Moreover, we employ a bidirectional LSTM structure
to combine both forward and backward directions to utilize
both prior and future information. TABLE I summarizes the
key parameters of the LSTM network we use.

3The proposed approach works in the same way even if the assumption
does not hold. This assumption is adopted to simplify discusion.

TABLE I
LSTM NETWORK SETTINGS

Parameter Value
Layer 1 50 LSTM cells (Bidirectional); Rectified

Linear Unit (ReLU); shape = (|P|, 1)
Layer 2 50 LSTM cells (Bidirectional); Rectified

Linear Unit (ReLU)
Layer 3 Dense (Time distributed); |Q| neurons

Batch size 128
Epochs 50

Optimizer ADAM with MSE as loss function
Learning rate 0.001

At each UE, the channel samples for the N -port fluid an-
tenna were generated according to the statistical distributions
in Section II-B. The samples were divided into ‘observed’ and
‘estimated’ channels using the scheme in [15]. The observed
channels are inputs to the LSTM network, while the estimated
channels represent the outputs of the LSTM network. As the
channel data were all simulated, the exact channels (i.e., the
labelled data) of the to-be-estimated channel ports were known
and used to train the LSTM network using supervised learning.

LSTM, by default, takes a three-dimensional array as input,
which is composed of the batch-size (training examples), the
number of time/space-steps (the number of observed ports),
and the number of features (one in this case as only channel
gains for one instance). In the same way, the LSTM network
gives a two-dimensional output composed of the batch-size
and the predicted time/space steps (estimated channel gains).
Additionally, the methodology for dividing the data into train-
ing and validation sets, was the standard 70-to-30 ratio, with
70% of the generated data used for training, and 30% data for
validation of the training process.

IV. SIMULATION RESULTS

In this section, we present the simulation results to evaluate
the performance of the proposed deep learning based s-FAMA
system with U users, each of which employs an N -port fluid
antenna of length Wλ. All of the UEs have the same SINR
threshold, γth. In the simulations, the average received signal-
to-noise ratio (SNR) at each UE is set to 10dB. Besides the
proposed technique labelled as ‘Proposed’ in the figures, two
benchmarks are considered. The first is ‘Ideal’ which assumes
availability of the SINR at all the ports for port selection while
‘Reference’ selects the best port only among those observed
ports. In other words, ‘Ideal’ is the performance upper bound
while ‘Reference’ is the performance lower bound.

Fig. 2 demonstrates an example indicating how the SINR
estimation of the proposed method improves as the number of
observed ports increases, for a 2-user s-FAMA system when
W = 2 and N = 100 for the fluid antennas. As expected, the
prediction performance improves if more ports are observed
and interestingly, the results show that with only 25% of the
ports observed, the proposed method can produce the SINR
estimates almost perfectly, enough to be used for port selection
for maximizing the SINR. For this reason, in the following,
‘Proposed’ refers to the proposed LSTM method for estimating
SINR when only 20% of the ports are observed.

The results in Fig. 3 are provided for the outage probability
of the fluid antenna systems with N = 100. First, we observe
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(a) 10 observed ports (b) 15 observed ports (c) 25 observed ports

Fig. 2. The SINR prediction performance of the proposed LSTM network when W = 2, U = 2 and N = 100.

(a) W = 0.5 (b) W = 1 (c) W = 3

Fig. 3. Outage probability for 2-user s-FAMA systems against the number of observed ports for different γth when N = 100.

Fig. 4. Outage probability for the s-FAMA systems against the size of fluid
antenna at each user, W , for different U with N = 100 and γth = 5dB.

that when the number of observed ports increases, the outage
probability decreases. Also, as expected, if the SINR threshold,
γth, increases, the outage probability will increase. The size,
W , of each fluid antenna is another major factor that affects the
outage probability. In particular, a larger W will considerably
bring down the outage probability. Moreover, the performance
difference between ‘Proposed’ and ‘Reference’ indicates the
remarkable gains from utilizing the proposed LSTM approach.
The results illustrate that with 25 − 30% ports observed, our

proposed method achieves performance very close to ‘Ideal’.

Fig. 4 investigates the outage probability performance of the
fluid antenna systems against the normalized size of each fluid
antenna, W , when N = 100 and γth = 5dB. As expected,
increasing W lowers the outage probability and increasing the
number of users, U , raises the outage probability.

While outage probability indicates the interference immu-
nity of each user, the multiplexing gain of the network serves
to quantify the capacity advantage over a single-user system
occupying the same amount of bandwidth. In Fig. 5, the results
are provided for the multiplexing gain of the fluid antenna
systems when W = 2 and γth = 0dB. As can be observed,
the multiplexing gain grows with the number of ports and the
proposed method converges to ‘Ideal’ very quickly although
a system with more users will need a larger N to reach the
capacity scaling of the ‘Ideal’ method. Additionally, the results
show that s-FAMA does not need a large number of ports to
support several users. In particular, we only need N = 50
ports to support U = 4 users achieving a multiplexing gain of
close to 3.4 while a U = 3 user system needs only N = 40
ports at the fluid antenna to obtain a multiplexing gain of 2.85,
close to the maximum capacity scaling for a 3-user system.

We conclude this section by considering the results in Fig. 6
where the multiplexing gain for the s-FAMA systems is plotted
against the number of users for different W . In the figure, we
have assumed that N = 100 and γth = 0dB. First of all, we
observe that the proposed method achieves nearly the same
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Fig. 5. Multiplexing gain for the s-FAMA systems against the number of
ports at each fluid antenna, W , for different U , with W = 2 and γth = 0dB.

Fig. 6. Multiplexing gain for the s-FAMA systems against the number of
users, U , for different W when N = 100 and γth = 0dB.

performance as ‘Ideal’ although the difference gets slightly
bigger when W is larger. In addition, the results demonstrate
that the multiplexing gain of the s-FAMA systems begins to
increase as the number of users increases but then reaches the
maximum and starts to drop if the number of users continue to
increase. The reason is that the multiplexing gain should rise
with the number of users if the fluid antenna at each user is
able to resolve the interference. However, when the number of
users is too large, the outage probability at each user becomes
very large and the network capacity begins to suffer. Despite
this, the results indicate that s-FAMA can support 5 users on
the same time-frequency resource and achieve more than 4
multiplexing gain (i.e., 4 times the capacity).

V. CONCLUSION

This letter proposed an LSTM-based port selection scheme
for s-FAMA systems which exploited moments of deep fade
of the interference to extract the best received signal. The
proposed approach needed only a small number of correlated
SINR observations, and yet could deliver near-maximal multi-
plexing gain performance. Our simulation results exhibited the
effectiveness of the proposed scheme in reducing the outage

probability and enhancing the multiplexing gain. The results
further revealed that s-FAMA could support a large number of
users for high multiplexing gain, without the need of precoding
at the BS nor multiuser detection at each mobile user.
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