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Abstract—In networks with fast changing environments, the
continuous acquisition of Channel State Information (CSI) is
often infeasible. In such cases, only statistical CSI is avail-
able at the transmitters (CSIT). In this paper, we study the
mode selection problem for a cooperative network, consist-
ing of a source, a buffer-aided (BA) Full-Duplex (FD) relay,
and a destination. In this setting, at every time frame, the
network can operate in either FD mode (in different power
levels), or, switch to half-duplex (HD) transmission/reception
when FD operation is not feasible. Aiming to choose the best
mode of operation, a mode selection mechanism is proposed,
named MABAMS, which is based on a multi-armed bandit
learning approach that uses the acknowledgements/negative-
acknowledgements (ACK/NACK) observations in order to extract
useful information about the statistics of the channels. As a conse-
quence, MABAMS avoids the need for channel state information
acquisition and exchange. We assess the performance in terms of
outage probability, average throughput, and accumulated regret
over time, in order to demonstrate an interesting performance-
complexity trade-off when compared to the case in which
the channel statistics are known. In addition, we demonstrate
significant performance improvements over the cases without any
power adaptation.

Index Terms—Full-duplex relaying, buffer-aided relaying,
multi-armed bandits, mode selection, statistical CSIT.

I. INTRODUCTION

Towards meeting the increasingly demanding objectives of
sixth generation (6G) wireless communications, cooperative
relaying has evolved as an important technique to improve
the quality of wireless transmissions. Based on the ability of
the relay for simultaneous transmission and reception, Full-
Duplex (FD) and Half-Duplex (HD) relaying provide a trade-
off between spectral efficiency and interference avoidance. FD
relays transmit and receive at the same time and on the same
channel, thus achieving higher spectral efficiency. However,
Loop Interference (LI) from the relay’s transmitting antenna
to its receiving antenna leads to performance degradation [1].

For relays without buffers, a hybrid FD/HD scheme was
proposed in [2], outperforming schemes based on either FD or
HD relaying. When relays are equipped with buffers, Buffer-
Aided (BA) relaying offers increased flexibility in algorithmic
design and improved performance; see, e.g., [3] and references
therein. In a HD network, max− link selection was proposed
in [4] where in each time frame, a BA relay is selected
to receive or transmit, thus achieving a diversity gain twice

the number of relays for large buffer size. For single-relay
networks, as is the case in this paper, Zlatanov et al. [5]
showed that BA relaying improves the throughput of FD
systems, due to improved robustness. The authors in [6]
consider a single-relay network with a non-saturated source
and FD/HD relaying and where statistical CSIT is exploited,
in order to maximize the packet arrival rate at the source under
a power constraint. However, their scheme concerned only FD
relaying and the main goal was to maximize the end-to-end
capacity. When multiple BA relays are available, Successive
Opportunistic Relaying (SOR) can also be deployed for recov-
ering the spectral loss of HD relaying. For example, Nomikos
et al. [7] consider a network with a saturated source, fixed-
rate transmissions, multiple BA FD relays, statistical CSIT
and instantaneous CSI at the receivers and they proposed a
hybrid FD/SOR/HD link selection algorithm that aimed at
maximizing the throughput per energy unit of the network.

In 6G mobile networks, dense deployments of small cells
are envisioned where machines and mobile users will be
competing for wireless access. In such complex scenarios
with dense deployments, overhead for signaling and feedback
messages is necessitated for efficient operation of the network.
However, this overhead may become so significant that it
can affect the performance of the network. To alleviate this
overhead, machine learning techniques have been deployed in
wireless communications, showing promising results for facili-
tating low-complexity coordination mechanisms (see, e.g., [8]–
[10]). We aim at developing a low-complexity mode selection
mechanism for a simple BA FD relay network. Towards this
end, we adopt a reward-based machine learning framework,
called multi-armed bandits (MAB), which has been already
deployed in several 5G cases aiming to overcome the com-
plexity of network coordination through learning; see, e.g.,
[11]. The problem that is closest to ours is [12], where the
problem of power control in a network with a single FD relay
is investigated, modeling the power level selection as a MAB
game.

In this paper, an online policy for selecting the mode of
operation of the cooperative network and assigning the power
level in the case of FD is developed. The different modes of
operation, as well as the power levels in the FD mode, are
combined in a MAB game. Thus, in each time frame, the



relay observes the ACK/NACK messages from the destination
for the previous transmissions, as well as whether or not the
receptions from the source were successful. Our contributions
are the following.
• A bandit-based mode selection mechanism (MABAMS) is

proposed, relying on local observation by the relay of the
outcome of the source’s signal reception and ACK/NACK
feedback from the destination, such that the relay does not
need to perform channel estimation.

• Different versions of MABAMS, based on various upper
confidence bound (UCB) policies are evaluated and results
are given in terms of outage probability, average through-
put and accumulated regret against: i) FD with optimal
power allocation (known CSIT), ii) FD without power
allocation, and iii) HD (max− link).

II. SYSTEM MODEL

A two-hop network consisting of a source, S, a destina-
tion, D, and a BA FD decode-and-forward (DF) relay R
is considered, as depicted in Fig. 1. Due to severe fading,
communication is only established via the relay, which is
equipped with a buffer of size L, where L denotes the
maximum number of packets that can be stored. The number
of packets in R’s buffer is denoted by Q (Q ∈ {0, 1, . . . , L}).

Time is divided into “frames” of one packet duration (e.g.,
fixed-size packets). At any arbitrary time-frame K, for the
link {i→j}, the channel coefficient hij is modeled as sta-
tistically independent complex normal random variables with
zero mean, and variance σ2

ij , i.e., hij ∼ CN (0, σ2
ij). The

envelope of the channel coefficients is Rayleigh distributed,
i.e., |hij | ∼ Rayleigh(σij). The channel gains gij ≜ |hij |2 are,
therefore, exponentially distributed, i.e., gij ∼ Exp(σ−2

ij /2).
We assume that the distribution of the channels is strict-sense
stationary (SSS) during the operation of the system.

The source is assumed to be saturated and the information
rate, r0, for successful reception at the destination is fixed
(and depends on the application). So, a transmission from a
transmitter i to a receiver j is successful, if the SNR Γij at the
receiver is greater than or equal to the capture ratio γj . This
framework is equivalent to the capture model. The thermal
noise variance at the relay and the destination are denoted by
σ2
R and σ2

D, respectively, and they are assumed to be additive
white Gaussian noise (AWGN). At each time-slot, there are
two modes of operation; namely, full-duplex and max-link [4].

In the full-duplex mode, the source and the relay transmit
a packet simultaneously, using power levels PS and PR, re-
spectively. As FD relaying is supported, self-interference (SI)
exists and hRR denotes the instantaneous residual SI between
the two antennas of relay R, following a complex Gaussian
distribution and taking values in the range (0, σ2

RR). For the
packet on the {S→R} link to be successfully received, we
require that the signal-to-interference-and-noise ratio (SINR)
is such that

ΓR(PS) =
gSRPS

gRRPR + σ2
R

≥ γR . (1a)
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Fig. 1. A buffer-aided full-duplex relay network.

For the packet on the {R→D} link to be successfully received,
we require that the signal-to-noise ratio (SNR) is such that

ΓD(PR) =
gRDPR

σ2
D

≥ γD . (1b)

In this setup, it is assumed that the power of the source (PS)
is fixed, whereas the power of the relay (PR) can be adjusted
in order to maximize the end-to-end throughput.

In the max-link mode, either the source or the relay
transmits a packet. As a result, no interference component
is included. In this case, in order to maximize the SNR
on the {R→D} link, the maximum power at the relay is
deployed, i.e., PR = PR,max. On the {S→R} link there is
no interference and hence (1a) becomes

ΓR(PS) =
gSRPS

σ2
R

≥ γR . (1c)

Retransmissions are based on an Acknowledgements-
/Negative-Acknowledgements (ACKs/NACKs), where re-
ceivers broadcast short-length error-free packets over a sep-
arate narrow-band channel. A link is feasible if it is not
in outage and fulfills the queue conditions (i.e., for non-
full buffers in {S→R} links and for non-empty buffers in
{R→D} links).

III. PROBLEM STATEMENT

Usually, it is assumed that statistical CSIT is available at
each frame, and the during operation the target is to ensure
that the success transmission probability over a link is greater
than or equal to a pre-defined threshold qth (that can be
application- or condition-dependent), i.e., P{Γi(Pj) ≥ γi} ≥
qth. When this condition cannot be satisfied by both {S→R}
and {R→D} links during full duplex operation, some papers
propose switching to a single-link selection instead; see, e.g.,
[7]. In this paper, while we assume that the distribution of
the channels is SSS throughout the operation, the statistical
CSIT of the links is not initially available. As a result, it is
not possible to know a priori which mode of operation (full-
duplex or max-link) is the best and which power level the
relay should choose. Towards resolving this issue, we aim at
deploying a learning algorithm that will allow the relay (who
is the main decision maker in this network setup) to decide
which mode of operation is better and if FD is selected finds
the power level that maximizes the end-to-end throughput.



In order to understand the complexity of the problem, in
what follows we provide the probabilities for successful trans-
mission for each link and the different options for transmission
at each time frame.

Inequality (1a) can be written as

gSRPS − gRRγRPR ≥ γRσ
2
R .

This linear combination of exponentially distributed variables
gSR ∼ Exp(µ) and gRR ∼ Exp(λ), λ, µ > 0, can be shown
to have the following distribution [7]:

fX(x) =
λµ

λPS + µγRPR


exp

(
− µ

PS
x

)
, if x ≥ 0,

exp

(
λ

γRPR
x

)
, if x < 0.

The probability that inequality (1b) holds, P
(
(1b)

)
, since gRD

is exponentially distributed (i.e., gRD ∼ Exp(ν), ν > 0), it
can be easily expressed as

P
(
(1b)

)
= 1− FgRD

(
γDσ2

D

PR

)
= exp

(
−ν γDσ2

D

PR

)
, (2)

where FW (w) denotes the cumulative distribution function
(cdf) of a random variable W ; for the exponential distribution,
this is given by FW (w) = 1 − exp(−λWw). Similarly, the
probability that inequality (1a) holds, P

(
(1a)

)
, is given by

P
(
(1a)

)
= 1− FgSRPS−γRgRRPR

(γRσ
2
R)

=
PSλ

PSλ+ γRPRµ
exp

(
−µγRσ

2
R

PS

)
. (3)

When there is no interference on the {S→R} link, the
distribution reverts to an exponential distribution, i.e.,

P
(
(1c)

)
= exp

(
−µγRσ

2
R

PS

)
. (4)

At each time frame k, the relay (decision maker) has to
select between three options:
O1 Deploy the FD mode and have both the source and the

destination transmit a packet. The source transmits with
fixed power PS , whereas the relay transmits with power
level PR[k]. The power level PR[k] is selected with
the aim of maximizing the end-to-end throughput of the
transmission; details will be explained in Section V. In
this case, the relay needs to have at least one packet in
the buffer (Q > 0) and no more than L − 1 packets in
the buffer (Q < L) (since a packet remains in the queue
if it is not successfully transmitted).

O2 Have the source transmit only on the {S→R} link with
fixed power PS . In this case, the relay needs to have at
most L− 1 packets in the buffer (Q < L).

O2 Have the relay transmit only on the {R→D} link with
fixed power PR = PR,max, where PR,max is the max-
imum power with which the relay can transmit. In this
case, the relay needs to have at least one packet in the
buffer (Q > 0).

IV. MAB MODELING

A. The MAB Problem

The goal of the learner is to maximize the expected accu-
mulated reward in the course of her interaction. If the reward
distributions were known, this goal would have been achieved
by always selecting the arm with the highest mean reward. To
identify the optimal arm, the learner has to play various arms
so as to learn their reward distributions (exploration) while
ensuring that the gathered knowledge on reward distributions
is exploited so that arms with higher expected rewards are
preferred (exploitation).

The performance of the learner in implementing such an
exploration-exploitation trade-off is measured through the
notion of regret, which compares the cumulative reward of
the learner to that achieved by always selecting the optimal
arm. The regret is defined as the difference between the reward
achieved when the best arm is pulled and the player’s choice.
For our setup, the objective is to identify a policy over a finite
time horizon T that maximizes the expected number of packets
successfully transmitted or simply what we call the throughput.
Equivalently, we aim at designing a link selection and power
level selection policy that minimize the regret. The regret of
a policy π ∈ Π (Π being the set of all feasible policies) is
defined by the performance loss and it is found by comparing
the performance achieved under policy π to that of the best
static policy, i.e.,

Rπ(T ) = max
ℓ∈L

E

{
T∑

t=1

Uℓ,t

}
− E

{
T∑

t=1

UIπ
t ,t

}
, (5)

where Uℓ,t denotes the instantaneous utility obtained from
choosing link ℓ at time-slot t under feasible configuration
ℓ ∈ L. Moreover, UIπ

t ,t denotes the instantaneous utility
obtained from the link Iπt chosen under policy π at time-slot t.
In our setup, the relay either receives, transmits with PR,max,
or is in FD mode and transmits with a power from a set of
discrete power levels, PR (the number of power levels |PR|
and their values depend on the radio configuration). Therefore,
in the MAB framework, each arm corresponds to O1,i with i
one of the |PR| power levels, O2 and O3 (so, in total there
are |PR|+ 2 arms).

In their seminal paper, Lai and Robbins [13] characterize a
problem-dependent lower bound on the regret of any adaptive
policy, indicating that the lower bound grows logarithmically
with time horizon T . More precisely, they show that for any
uniformly good adaptive learning algorithm π1,

lim inf
T→∞

Rπ(T )

log(T )
≥ c(µ) , (6)

where µ denotes the vector of mean rewards of various arms,
and c : [0, 1]|L| → R is a deterministic and explicit function.

1An algorithm π is uniformly good if for any sub-optimal arm i, the number
of times arm i is selected up to round t, ni(t), satisfies: E[ni(t)] = o(tα),
for all α > 0.



B. Upper Confidence Bound (UCB) Policies

UCB policies are based on the optimism in the face of uncer-
tainty principle (or for short, the optimistic principle) proposed
by Lai and Robbins [13], and for MAB problems their regret
grows logarithmically with the time horizon. The underlying
idea of an optimistic algorithm is to replace the unknown mean
rewards of each arm with a high-probability UCB on it. To
further specify the generic form of an optimistic algorithm,
let us first introduce some notations. In what follows, when
the choice of the algorithm is clear from the context, we let
It denote the arm selected at time t. Furthermore, we let
nj,t denote the number of plays of arm j up to round t,
i.e., nj,t :=

∑t
s=1 1{Is=j}, where 1A denotes the indicator

function of the event A. We let q̂j,t represent the empirical
average reward of arm j built using the observations from j
up to t:

q̂j,t =
1

nj,t

t∑
s=1

rj,s1{Is=j} , (7)

where rj,t is the reward of arm j at round t.
An optimistic algorithm π maintains an index function q̄j

for each arm j, which depends only on the past observations
of j only (e.g., q̂j,t, nj,t, etc.), and that q̄j,t ≥ qj with high
probability for all t ≥ 1. Then, π simply consists in selecting
the arm with the largest index q̄j,t at each round t:

It = argmax
j∈L

q̄j,t. (8)

In the sequel, we briefly introduce UCB1 [14], a popular
index policy for stochastic MABs. UCB1 is an index policy
designed based on Hoeffding’s concentration inequality for
bounded random variables. The UCB1 index (or for short,
UCB) is defined as follows:

q̄UCBj,t = q̂j,t +

√
3 log(t)

2nj,t
. (9)

Note that, other policies, such as KL-UCB [15] and KL-
UCB++ [16] can be used for improved performance.

V. MABAMS: MAB-AIDED FULL-DUPLEX/MAX-LINK
MODE SELECTION

A. Preliminaries

At each time frame k, the relay has to decide in which mode
to operate: HD (either O2 or O3) or FD (O1) along with its
power level PR in order to minimize the long term regret
of the overall system. Unlike standard MAB communication
problems (described in Section IV), in this case, the choices
are coupled in many ways. For example, option O1 includes
the {R→D} link of option O3, but while it is difficult to
extract information about the {S→R} link in O1 due to the
complicated distribution (see, equation (3)), we can extract
information about the distribution of the {R→R} link, that
can help us better understand the effect of SI.

If we first assume that the distribution of the channels are
already known (which is not the case in this work), we will
find the optimal relay power, P ∗

R, such that the end-to-end

throughput in the FD mode is maximized. The optimization
problem can be expressed as follows:

P1: max
PR

{
min

{
P
(
(1b)

)
,P

(
(1a)

)}}
(10a)

s.t 0 ≤ PR ≤ PR,max. (10b)

This problem is equivalently written as follows:

P2: max
PR

z (11a)

s.t P
(
(1b)

)
≥ z, (11b)

P
(
(1a)

)
≥ z, (11c)

0 ≤ PR ≤ PR,max, (11d)
0 < z ≤ 1. (11e)

where z serves as the epigraph of the function

f(PR) ≜ min
{
P
(
(1b)

)
,P

(
(1a)

)}
.

Since P
(
(1b)

)
is a monotonically increasing function of PR

and P
(
(1a)

)
is a monotonically decreasing function of PR, the

optimal solution to this problem is achieved with equality for
both (11b) and (11c). Therefore, after algebraic manipulations,
we obtain the following:

P ∗
R =

νγDσ2
D

ln (1/z∗)
=

PSλ (α(µ)− z∗)

γRµ
, (12)

where α(µ) = exp
(
−µγRσ2

R

PS

)
and z∗ is the solution to the

optimization problem P2, which is obtained by solving the
equality in (12), since all the distribution parameters, PS , γR,
γD, σ2

R, and σ2
D are assumed to be known (can be computed

using simple line search methods, such as bisection). Note that
the boundaries of PR can be justified separately.

From this preliminary discussion, we observe that if the
channel distribution parameters λ, µ, and ν were known, one
could compute directly P ∗

R, thus concluding directly which
mode of operation is better, based on the overall throughput
of the system for each mode of operation. However, in this
case, the distributions are initially unknown. For solving this
problem, in what follows, we propose an algorithm, herein
called MABAMS, with which the channel distribution param-
eters are implicitly estimated and the best available option is
obtained.

B. Online Learning Model
Since we consider a scenario in which the distributions

of the channels are SSS during the operation of the system,
the success probabilities for the different modes and power
levels are assumed to be fixed but unknown. Each power level
corresponds to an arm, and pulling an arm corresponds to a
packet transmission using the selected power level.

More formally, if in time frame k FD transmission is
selected with power level j, a reward r

(FD)
j,k is obtained, where

r
(FD)
j,k =


2, if {S→R} and {R→D} trans. successful,
1, if one of the trans. successful,
0, otherwise.

(13)



If, however, in time frame k HD transmission is selected
(either {S→R} or {R→D} link), then a reward r

(HD)
j,k is

obtained, where

r
(HD)
j,k =

{
1, if trans. successful,
0, otherwise.

(14)

Even though there are correlations between the arms and
one can infer information from one outcome about the other,
in this work we do not exploit this available information.

C. MABAMS Algorithm

We are now ready to describe MABAMS. We expect that
after the initial exploration phase, MABAMS will reveal the
best mode of operation (FD or HD) and if FD is the best
mode of operation, also provide the power level yielding the
maximum reward, in terms of end-to-end throughput in order
to minimize the regret. Note that the arm selection yields a
random reward, which corresponds to the link/links (i.e., links
{S→R}, {R→R}, and {R→D}) involved. The procedure
followed in each time frame is given in Algorithm 1.

Algorithm 1 MABAMS at each time frame.
1: input Set of power levels PR, PR,max, Q, capture ratios

γR and γD, thermal noises σ2
R and σ2

D

2: set PR[0] = PR,max

3: for k = 0, 1, 2, . . . do
4: if Q = 0 then
5: Choose O2 and compute q̂µ,k (7) and then q̄µ,k
6: else if Q = L then
7: Choose O3 and compute q̂ν,k and q̂λ,k (7) and then

q̄ν,k and, q̄λ,k, respectively
8: else if 0 < Q < L then
9: Compute q̂j,k (7) and then q̄j,k, , where j ∈

{O1,i, O2, O3}, i = {1, 2, . . . ,M}
10: Select mode j (with power level i ∈ {1, 2, . . . ,M}

if option O1 is chosen) for transmission at time-slot
k using (8)

11: nj,k+1 ← nj,k + 1{Ik=j} for all j
12: if j = O2 OR j = O3 then
13: if transmission is successful then
14: r

(HD)
j,k = 1

15: end if
16: end if
17: if j = O1,i (i.e., with power level i) then
18: if transmission is successful on both links then
19: r

(FD)
j,k = 2

20: else if transmission is successful on one link then
21: r

(FD)
j,k = 1

22: end if
23: end if
24: end if
25: end for

VI. PERFORMANCE EVALUATION

Here, the average throughput performance of MABAMS is
evaluated. More specifically, MABAMS is compared against
FD relaying with CSI-based optimal power control (opt-PC
FD), no power control (no-PC), random power level selec-
tion (rnd) and BB-PC [12]. In each link, the transmit SNR
ranges from 0 dB to 40 dB, corresponding to the ratio of
the maximum available transmit power at each transmitter,
considering PS = PR,max = Pmax over the noise power.
Also, in the figures, the x-axis corresponds to the transmit
SNR in the {R→D} link, being equal to Pmax/nD. Then,
for each transmit SNR value, we perform 104 transmissions
over which, the results are averaged. Furthermore, a fixed
transmission rate r0 = 3 bps/Hz is assumed in a single-relay
topology where transmit power is selected from six different
levels, i.e., P1 = Pmax, P2 = 0.50Pmax, P3 = 0.30Pmax,
P4 = 0.20Pmax, P5 = 0.05Pmax, P6 = 0.01Pmax [17]. When
FD relaying takes place, the SI channel is characterized by
average channel SNR γ̄SI = 0 dB or γ̄SI = −10. Table I
lists the simulation parameters that are considered in the
performance comparisons.

TABLE I
SIMULATION PARAMETERS

Parameter Value
No. of transmissions per SNR value 104
Buffer size L 10 packets
Transmission rate r0 3 bps/Hz
Average SI channel SNR γ̄SI {-10, 0} dB
Transmit SNR Pmax/nD range {0, 40} dB
No. of relay power levels 6

When a strong SI with γ̄SI = 0 dB degrades the FD
performance, the average throughput results are depicted in
Fig. 2. The most important observation here is the superior
performance of MABAMS for transmit SNR values between
0 and 20 dB. As MAB-aided mode switching is enabled,
MABAMS addresses cases where FD relaying can not be
performed, exploiting the buffering capabilities of the relay.
After 20 dB, the optimal CSI-based power control provides the
best performance as the relay chooses the optimal power level.
It should be noted that the throughput results for the optimal
power control do not consider losses from CSI overheads,
i.e. CSI acquisition and exchange, and thus, in practice,
MABAMS outperforms the CSI-based approach when CSI
overheads account for 10% or more of a time-slot’s duration.
For higher transmit SNR values, MABAMS switches to FD
operation more often and performance is closer to BB-PC.
Finally, random power level selection and no-PC can not cope
with the strong SI conditions, offering the worst performance.

Next, an SI channel characterized by γ̄SI = −10 dB is
assumed and the results are shown in Fig. 3. It can be observed
that CSI-based optimal power control provides the throughput
upper bound for transmit SNR values above 12 dB. Again, for
low transmit SNR, MABAMS provides the best performance,
as the network switches to the HD modes, exploiting buffer-
aided operation. In addition, MABAMS outperforms BB-PC
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Fig. 2. Average throughput comparisons for different power control algo-
rithms with γ̄SI = 0 dB.
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Fig. 3. Average throughput comparisons for different power control algo-
rithms with γ̄SI = −10 dB.

throughout the transmit SNR range, while their performance
gap is reduced in the high SNR regime since both algorithms
adopt FD relaying with BB-aided power control. Moreover,
the worst performance is provided from the scheme without
PC as SI is not mitigated, being surpassed by random transmit
power selection after 20 dB.

VII. CONCLUSIONS AND FUTURE DIRECTIONS

In this paper, we propose MABAMS, a heuristic algorithm
with which the mode of operation is chosen. While this
algorithm seems to provide good efficiency and exploit the
hybrid nature of the scheme, the optimal learning approach to
solving this problem remains an open problem.

Ongoing research is focusing on the following issues: While
we provide a method for reaching the best option eventually,
it would be very interesting to consider a strategy tailored to
the problem structure in order to find the optimal policy for

learning the parameters of the network, while at the same time
maximizing the network throughput (our main performance
objective). Moreover, the transmissions on the {S→R} link
should be efficiently used to extract information about the
involved channels; this information has not been exploited in
this work. Finally, it would be very interesting to consider the
case in which the power level of the source is a (discrete)
decision variable as well.
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