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Abstract—Antenna selection (AS) is a signal processing tech-
nique that activates a selected subset of available antennas in
multi-antenna systems, based on which a performance-hardware
tradeoff can be achieved by reducing the number of costly
radio-frequency (RF) chains. The biggest challenge of AS is the
combinatorial complexity that arises from the classic K-out-
of-N problem, which makes it more challenging for massive
MIMO systems equipped with large-scale antenna arrays. In
addition, for massive MIMO systems with limited RF chains, the
amount of radio resources dedicated to channel state information
(CSI) measurement will increase tremendously, which may highly
degrade the overall performance of AS. In this paper, we consider
the transmit AS problem in time division duplexing (TDD)
massive MIMO systems, where K out of N transmit antennas are
selected to maximize the total throughput of M single-antenna
users in the downlink. We propose an online learning scheme
and introduce Thompson sampling techniques to update the set
of active antennas with partial CSI. The idea behind is to find an
efficient tradeoff between the exploitation of high-performance
antennas and the exploration of antennas with uncertain CSI with
low complexity. Our proposed scheme is validated by using COST
2100 channel model, and simulation results show that it greatly
outperforms the conventional power-based and convex relaxation
based schemes, in terms of the total downlink throughput.

Index Terms—Antenna selection, massive MIMO, online learn-
ing, Thompson sampling.

I. INTRODUCTION

Massive MIMO has been recognized as one of the key

technologies in the upcoming 5G networks, which serves mul-

tiple single-antenna users in the same time-frequency block by

equipping base stations with a large-scale antenna array. Many

studies have shown that it can greatly improve the performance

in spectral and energy efficiency by exploiting the spacial

diversity brought by massive number of transmit antennas.

However, the amount of corresponding radio-frequency (RF)

hardware (e.g., low noise amplifiers, frequency up/down con-

verters, and analog-to-digital/digital-to-analog converters) that

increases linearly with the number of antennas can become

a challenging issue for both implementation complexity and

financial cost [1]. In fact, for millimeter-wave (mm-Wave)

massive MIMO systems, a fully digital signal processing
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structure is physically impractical due to the tight space

between mm-Wave antennas [2]. Therefore, signal processing

techniques using reduced number of RF chains have gained

great attentions in the massive MIMO literature.

Antenna selection (AS) is a signal processing technique

that activates a selected subset of available antennas in multi-

antenna systems, which achieves a performance-hardware

tradeoff by reducing the number of required RF chains. It

has been been widely studied in conventional MIMO systems,

which shows it significantly improves the performance in

terms of diversity, capacity and energy efficiency, compared

with systems using the same number of antennas and RF

chains [3]–[5]. In [3], the authors studied the receive AS

problem in MIMO for spatial multiplexing from a theoretic

point of view, and proposed two greedy AS algorithms with

low computational complexity. In [4], the authors studied

the transmit AS problem in single-stream MIMO systems,

which shows that it can be a competitive technology compared

to transmit beamforming in terms of the energy efficiency

performance. In [5], the authors proposed an AS scheme under

the multi-armed bandit framework to maximize the system

energy efficiency. However, this work considers a static sce-

nario where the channel parameters are time-invariant, which

makes it completely different from our work that considers a

dynamic setting of wireless channels from an online point of

view. And their proposed algorithm based on upper confidence

bound is different from our proposed online algorithm based

on Thompson sampling.

AS is then naturally introduced in massive MIMO, which

suffers more in the issue of RF hardware implementation. The

challenge comes from two aspects. The first is the combinatori-

al complexity that arises from the classic K-out-of-N problem,

which increases exponentially with the number of both RF

chains and available antennas. The second is the amount

of radio resources dedicated to channel state information

(CSI) measurement, which grows linearly with the number

of simultaneous users and available antennas, for uplink and

downlink pilots, respectively. This challenge is aggravated

by the use of AS, as it may require multiple time of pilot

transmissions to achieve full CSI due to the reduced number

of RF chains. Most studies in the literatures have focused on

the first challenge, for which a variety of low-complexity AS

algorithms have been proposed. In [6], the authors proposed

a low-complexity algorithm based on sorting and shifting
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techniques for transmit AS in massive MIMO, which shows

great performance in spectral efficiency. In [7], the authors

transformed the transmit AS problem in massive MIMO into

a convex optimization problem by using relaxation techniques,

and proposed two AS algorithms based on convex relaxation

and power distribution. In [8], the authors formulated the

AS problem with fixed power allocation at receivers as a

maximum entropy sampling problem by leveraging its sub-

modularity, and proposed a greedy AS algorithm with low

computational complexity.

We note that the extra pilot overhead brought by AS may

significantly degrade the performance of massive MIMO sys-

tems. In this paper, we consider the transmit antenna selection

problem in time division duplexing (TDD) massive MIMO

systems, in which K out of N transmit antennas are selected

to maximize the total throughput of M single-antenna users in

the downlink. In order to reduce pilot overhead, we introduce

an online paradigm using partial CSI measurement, in which

the AS strategy is updated by using the partial CSI measured

in previous time slots. Specifically, we formulate the online

AS scheme as a combinatorial multi-armed bandit (CMAB)

problem, for which we propose a low-complexity algorithm by

using Thompson sampling techniques. The idea behind online

AS is to find an efficient tradeoff between the exploitation

of high-performance antennas and the exploration of antennas

with uncertain CSI by using low-complexity techniques. And

its effectiveness is guaranteed by the temporal correlation of

wireless channels. We validate our proposed online AS scheme

by using the COST 2100 channel model, and simulation results

show that it greatly outperforms the conventional power-based

and convex relaxation based schemes, in terms of the total

downlink throughput.

The rest of the paper is organized as follows: In Section II,

we give the system model. In Section III, we show how it can

be formulated as a CMAB problem. In Section IV, we propose

the online AS scheme using Thompson sampling. In Section

V, the proposed scheme is validated by using the COST 2100

channel model, and compared with conventional schemes. And

in Section VI, we conclude our work.

II. SYSTEM MODEL

We consider the downlink transmission of a TDD multi-user

massive MIMO system with one base station and M mobile

users. As shown in Fig. 1, the base station is equipped with

N antennas and K RF chains. The number of antennas is

much greater than the number of mobile users, i.e., N ≫
M , and the number of RF chains is smaller than the number

of antennas, i.e., K < N . We denote N = {1, 2, ...N} as

the set of all available antennas at the base station. For each

transmission slot, an antenna subset K = {a1, a2, ...aK} with

exact K antennas, are selected and connected to K RF chains,

respectively, through the RF switch shown in Fig. 1. We denote

S(N ) as the set of all feasible antenna sets, i.e., S(N ) = {s ⊂
N | |s| = K}.

For each subcarrier l, we denote xl ∈ C
K as the transmit

signal vector of K antennas at the base station, and yl ∈
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Fig. 1. Transmit antenna selection in massive MIMO systems.

C
M as the received signal vector of M users. The channel

matrix between K antennas and M users is denoted by HK
l ∈

C
M×K , which is normalized such that each element hK

m,k has

unit energy in average. The superscript K indicates the set of

selected antennas. Thus, we have

yl =
√

MρHK
l xl + nl, (1)

where ρ represents the normalized transmit signal-to-noise

ratio (SNR) per user and nl ∈ C
K is the complex Gaussian

noise with zero mean and unit variance. Note that the total

transmit power Mρ is independent of the number of selected

antennas K, while the average received SNR per-user Kρ
increases as the number of selected antennas increases.

We denote WK ∈ C
K×M as the precoding matrix of the

base station, and s ∈ C
M as the transmit signal vector for M

users. Thus, we have

xl = WKs, (2)

where s is normalized as E{‖s‖2} = 1 and WK is normalized

as E{‖xl‖
2} = 1. ‖ · ‖ represents 2-norm of a vector. In this

paper, we consider the zero-forcing precoding matrix [9]

WK =
(

HK
l

)H
(

HK
l

(

HK
l

)H
)−1

, (3)

where (·)H represents the conjugate transpose of a matrix.

Therefore, the received signal-to-interference-plus-noise ra-

tio of user m is given by

SINRm(K) =
Mρ

∣

∣hK
mwK

m

∣

∣

2

Mρ
∑M

m
′ 6=m

∣

∣hK
mwK

m′

∣

∣

2
+ 1

, (4)

where hK
m is the m-th row of the channel matrix HK

l , and

wK
m is the m-th column of the precoding matrix WK. And

the system capacity with AS K ∈ S(N ) is then given by

C(K) =

M
∑

m=1

log2 (1 + SINRm(K)) . (5)

III. ANTENNA SELECTION AS COMBINATORIAL

MULTI-ARMED BANDIT PROBLEM

In TDD massive MIMO systems, according to the reci-

procity characteristics of wireless channels, the downlink CSI
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Fig. 2. Slot structure of full and partial CSI AS in TDD massive MIMO.

is acquired with the received uplink pilots. The overhead of

uplink pilots is determined by the number of simultaneous

users M . However, when the RF chains are less than the

available antennas, i.e., K < N , the base station requires

⌈N/K⌉ times channel estimation to achieve full CSI of all

antennas, which greatly increases the pilot overhead as shown

in Fig. 2(a). Thus, the actual throughput of AS K ∈ S(N )
with full CSI is given by

Rf (K) =

Tslot −

⌈

N

K

⌉

Tpilot

Tslot

C(K), (6)

where Tslot is the slot length and Tpilot is the length of a

single pilot sequence in the uplink.

To reduce the pilot overhead, we consider an online frame-

work in which only partial CSI is updated by using single

channel estimation in each transmission slot, as shown in

Fig. 2(b). The corresponding online strategy needs to decide

the current AS K(t) ∈ S(N ) based on partially updated CSI.

Thus, the average throughput of an online AS sequence K(1),
K(2), · · · is given by

Rp ({K(t)}t≥1) =
Tslot − Tpilot

Tslot

lim
T→∞

1

T

T
∑

t=1

C(K(t)). (7)

To maximize Rp ({K(t)}t≥1), the online strategy needs to

decide the antenna set K(t) ∈ S(N ) that not only helps to

maximize the current system capacity C(K), but also helps

the AS decision in the next transmission slot by updating CSI

of uncertain channels. This online problem can be formulated

as a CMAB problem, in which the expected reward in the long

run is maximized by making a combinatorial choice in each

round, when the properties of each choice are only partially

revealed from each of its previous rewards [10], [11].

Specifically, in each time slot t, the reward of choice K(t) ∈
S(N ) is the corresponding system capacity C(K(t)). We

denote π = {π(t)}t≥1 as an online strategy of the considered

CMAB problem, in which each element π(t) : Rt−1 → S(N )
determines the AS K(t) at time slot t by using the previous

rewards C(K(1)), C(K(2)),... C(K(t − 1)). Therefore, the

optimal online strategy is given by

π∗ = argmax
π

lim
T→∞

1

T

T
∑

t=1

C
(

Kπ(t)(t)
)

. (8)

We note that the optimal solution is a combinatorial optimiza-

tion problem which is NP-hard in general. Also, due to the

dynamic nature of wireless channels, the capacity function

C : S(N ) → R is also time-varing, which makes it an even

harder dynamic combinatorial optimization problem.

IV. ONLINE ANTENNA SELECTION

We develop an online AS algorithm by using Thompson

sampling techniques. The key idea is to balance the benefit of

exploiting high-performance antennas, and the cost of explor-

ing antennas with uncertain performance. Also, we introduce

discount factors to track the time-varying CSI of wireless

channels.

A. Thompson Sampling

Thompson sampling is based on Bayesian posterior credible

intervals. It targets on choosing the arm with the maximum

reward by using sampling techniques in multi-armed bandit

problems. The key idea is to approximate an unknown variable

by using of a general distribution with tunable parameters

which are iteratively updated according to the sampling results

in each round [12].

Assume an antenna-specific reward exists, which is denoted

by rn(t) for each antenna n at each slot t, and the total

reward R(K(t)) is the sum of the corresponding antenna-

specific rewards, i.e., R(K(t)) =
∑

n∈K(t) rn(t). The antenna-

specific reward is normalized by an interval [rmin, rmax], in

which rmin and rmax are lower and upper bounds of rn(t),
respectively, for all n ∈ N . The normalized reward is then

given by

r̂n(t) =
rn(t)− rmin

rmax − rmin

. (9)

Note that r̂n(t) is within interval [0, 1].
For each antenna n, r̂n(t) is approximated by sampling

a random variable with Beta distribution, the probability

distribution of which is given by

pn (Θn) =
Γ (Sn + Fn)

Γ(Sn)Γ(Fn)
ΘSn−1

n (1−Θn)
Fn−1

, (10)

where Γ is the gamma function, Sn and Fn are Beta distri-

bution parameters. The value of Θn is between [0, 1] with

mean Sn/(Sn+Fn) and its variance decreases with Sn+Fn.

Thus, from a statistic point of view, the sampling result of

Θn increases with Sn and decreases with Fn, and it will be

concentrated around its mean value if Sn + Fn increase. We

denote θn(t) as the sampling result of Θn for time slot t. Then,
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the set of antennas that maximizes the approximated reward

is selected as the current transmit antenna set, i.e.,

K(t) = argmax
K∈S(N )

∑

ak∈K

θak
(t). (11)

Note that this optimization problem can be easily solved by

selecting the antennas with the largest samples. The corre-

sponding system capacity C(K(t)) is determined after the

selection of antenna set K(t). We distribute it equally to the

K antennas in K(t) and the antenna-specific reward rn(t) is

then uniformly given by

r(t) = rn(t) =
1

K
C(K(t)). (12)

The normalized antenna-specific reward r̂(t) is then utilized

to update the corresponding parameters of the Beta distribution

Beta(Sn, Fn). Specifically, for each antenna n, we take a sam-

ple bn(t) from a Bernoulli variable with success probability

r̂n(t). If bn(t)=1, then Sn increases by 1 while Fn remains

unchanged. Otherwise, Fn increases by 1 while Sn remains

unchanged. Thus, the iterative strategy of Sn and Fn are given

by
Sn(t+ 1) = Sn(t) + bn(t),

Fn(t+ 1) = Fn(t) + 1− bn(t).
(13)

As we can see from (13), if the antenna-specific reward r(t)
is large, then there is a high probability to increase Sn by

1, which increases the mean value of Θn that approximates

rn. If the antenna-specific reward r(t) is small, then there

is a high probability to increase Fn by 1, which decreases

the mean value of Θn that approximates rn. As Sn and Fn

increase, the variance of Θn decreases and the sampling result

θn will be concentrated within a small interval around its

mean value, until it approaches the antenna-specific reward r̂n.

The exploitation and exploration tradeoff is natrually captured

by the sampling process, which prefers to select antennas

with stable high-performance after sufficient times of channel

estimation, as well as antennas with uncertain performance

when channel estimation is not enough.

B. Discount Factors

In practical systems, the time-varying nature of wireless

channels will make the achieved CSI in previous slots outdated

after a certain period of time, which implies the antenna-

specific reward r(t) as well as the corresponding parameters

rmin and rmax should be dynamically updated. Specifically,

we introduce two discount factors αu ∈ (0, 1) and αl > 1
to update the value of rmin and rmax, respectively. If the

antenna specific reward r(t) is within interval [rmin, rmax],
i.e., rmin ≤ r(t) ≤ rmax, we shrink the interval as follows:

rmax = αurmax,

rmin = αlrmin.
(14)

Otherwise, if the antenna specific reward r(t) is greater than

rmax, i.e., r(t) > rmax, we keep the lower bound unchanged

and update the upper bound as

rmax = r(t), (15)

Algorithm 1 Online Antenna Selection

1: Initialize the Beta distribution factors Sn, Fn for each

antenna n ∈ N , and the reward bounds rmax and rmin.

2: for t = 1, 2, 3 · · · ; do

3: Sample θn(t) from Beta distribution

Beta(Sn, Fn) for each antenna n ∈ N ;

4: Select antenna set K(t) ∈ S(N ) as given in (11);

5: Calculate r(t) as given in (12) and r̂(t) based on (9);

6: if rmin ≤ r(t) ≤ rmax then

7: Update rmax, rmin using (14);

8: else if r(t) > rmax then

9: Update rmax using (15);

10: else if r(t) < rmin then

11: Update rmin using (16);

12: end if

13: for each antenna n ∈ K(t), do

14: Sample bn(t) from Bernoulli distribution with suc-

cess probability r̂(t);
15: Update Sn, Fn using (17);

16: end for

17: end for

and if the antenna specific reward r(t) is less than rmin, i.e.,

r(t) < rmin, we keep the upper bound unchanged and update

the lower bound as

rmin = r(t). (16)

Therefore, the interval [rmin, rmax] can track the changes of

antenna-specific reward r(t).
Also, we note that the previous CSI outside channel coher-

ence time is irrelevant for estimating the current CSI. Thus,

we introduce a discount factor γ to eliminate the influence

of outdated CSI. The iterative strategy given by (13) is then

rewritten as

Sn(t+ 1) = γSn(t) + bn(t),

Fn(t+ 1) = γFn(t) + 1− bn(t).
(17)

The overall online AS algorithm is given in Algorithm 1.

V. SIMULATION RESULTS

In this section, we validate the proposed online AS algorith-

m by using the COST 2100 channel model [13], and compare

it with two conventional AS algorithms, i.e., the power-based

and the convex relaxation based algorithms [7]. In the power-

based algorithm, the antennas with the highest K received

power are selected as the transmit antennas in each slot. In

the convex relaxation based algorithm, the optimal antenna set

is calculated by using convex relaxation techniques. For the

proposed online algorithm, the supper parameters are given by

αu = 0.95, αl = 1.05 and γ = 0.999.

The COST 2100 specification defines a geometry-based

stochastic channel model, in which the environment is static

and the users are moving at a uniform speed. Therefore, the

dynamic and time-variant channel behavior can be evaluated

by setting different speeds of mobile users. Specifically, we

consider a system with a bandwidth of 10 MHz at central
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TABLE I
SIMULATION PARAMETERS

Parameter Value

Slot length 0.5 ms

Pilot length 0.071 ms

Central frequency 1 GHz

Total bandwidth 10 MHz

Interference-free per-user SNR ρ = [−5, 20] dB

Number of base station antennas N = 128
Number of RF chains K = [24, 80]

Number of mobile users M = 4
Velocity of users v = [0, 40] m/s
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Fig. 3. Capacity C as a function of time slots. The number of RF chains is
K = 32, the user velocity is v = 0 m/s, and the interference-free per-user
SNR is ρ = −5 dB.

frequency 1 GHz in an outdoor scenario. The interference-

free per-user SNR ρ ranges from −5 to 20 dB. The number

of available antennas is N = 128. The number of RF chains

ranges from 24 to 80 so that the length of pilots does not

occupy the entire slot of full CSI and the advantages of AS

can be guaranteed. The number of mobile users is M = 4,

and their velocities are uniformly given between 0 and 40 m/s

to simulate pedestrian and vehicular movement. We adopt the

slot structure of a massive MIMO testbed proposed in [14],

in which the slot length is Tslot = 0.5 ms and each pilot

consists of 7 symbols, i.e., Tpilot = Tslot/7. The parameters

are summarised in Table I.

In Fig. 3, we show the system capacity as a function of

time slots, in which the number RF chains is K = 32, the

interference-free per-user SNR is ρ = −5 dB and the users are

assumed to be static, i.e., v = 0 m/s. As we can see, the curve

converges after about 2000 times iterative channel estimations,

which implies that the antenna-specific reward can be well

approximated by the corresponding Beta distribution and the

selected antenna set that maximizes the system throughput

becomes stable.

In Fig. 4, we show the average throughput as a function
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Fig. 4. Average throughput R as a function of the interference-free per-user
SNR ρ. The user velocity is v = 1 m/s and the number of RF chains is
K = 32.
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Fig. 5. Average throughput R as a function of the number RF chains K.
The user velocity is v = 1 m/s and the interference-free per-user SNR is
ρ = −5 dB.

of the interference-free per-user SNR when the user velocity

is v = 1 m/s and the number of RF chains is K = 32. As

we can see, the proposed online algorithm outperforms the

power-based and the convex relaxation based algorithms by

61%−83% and 100%−110%, respectively. The reason for the

improvement is that the pilot overhead is highly reduced in the

proposed online algorithm. In the power-based and the convex

relaxation based algorithms, in order to achieve full CSI of

all available antennas, ⌈N/K⌉ = 4 symbols are utilized for

uplink pilot transmission in each slot, while in our proposed

online algorithm, only partial CSI is required, and 1 symbol

is utilized for uplink pilot transmission in each slot.

In Fig. 5, we show the average throughput as a function of

the number of RF chains when the user velocity is v = 1 m/s

500
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ρ = −5 dB. The data is fitted as an exponential function f(x) = a ·exp(−b ·
x) + c with a = 11.7, b = 0.12 and c = 46.0.

and the interference-free per-user SNR is ρ = −5 dB. The

number of RF chains ranges from 24 to 80. As we can see,

The throughput increases with the number of RF chains. For

the proposed online algorithm, the system capacity increases

with the number of transmit antennas, and thus, it increases

smoothly with the number of RF chains. However, for the

algorithms using full CSI, the throughput is influenced not

only by the real-time capacity, but also the data transmission

time of each slot, which is a step function of RF chains. Thus,

we can see the throughput hops at K = 24, 28, 40, and 60
as in Fig. 5. As the number of RF chains K approaches the

number of available antennas N , the pilot overhead of full CSI

algorithms decreases and the average throughput approaches

the performance of massive MIMO without AS. Meanwhile,

the proposed online scheme can achieve a nearly full CSI

update in each slot, and it can track the capacity change of

the channels with a competitive performance.

In Fig. 6, we show the average throughput as a function of

the user velocity when the number of RF chains is K = 32 and

the interference-free per-user SNR is ρ = −5dB. The velocity

of mobile users increases from 1 m/s to 40 m/s in the COST

2100 channel model. As we can see, the average throughput

is fluctuating with increasing velocity, and we fit a curve for

these points. We see that the average throughput as a function

of the user velocity can be fitted into an exponential function

f(x) = 11.7exp(−0.12x) + 46.0. The fitted curve shows that

the throughput performance is degraded by the increase of user

mobility. The average throughput is decreased by 20% at v =
20 m/s, compared with the scenario when the users are static.

The reason for the degradation is that the increase of user

mobility will reduce the channel coherence time, which makes

it more difficult to track the dynamics of wireless channels by

using our proposed online algorithm.

VI. CONCLUSION

In this paper, we have considered the transmit AS in TDD

massive MIMO systems, in which K out of N transmit

antennas are selected to maximize the total throughput of

M single-antenna users in the downlink. We have formulated

the AS problem as a combinatorial multi-armed bandit prob-

lem and proposed an online algorithm by using Thompson

sampling techniques, which highly reduces the pilot overhead

by tracking the dynamics of wireless channels with partial

CSI. The proposed algorithm can provide a tradeoff between

the benefits of exploiting high-performance antennas and the

cost of exploring antennas with uncertain performance through

the sampling process. Simulation results have shown that the

proposed online AS algorithm has a significant performance

improvement in system throughput, as compared to power-

based and convex relaxation based algorithms. For a system

with 60 out of 128 antennas selected, 4 pedestrian users with

velocity 1 m/s and interference-free per-user SNR −5 dB,

the throughput improvement is 23% and 19%, respectively,

compared to the power-based and convex relaxation based

algorithms. The improvement is higher when the number of

RF chains is small and the user mobility is low.
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