
Intelligent Reflecting Surface-Aided
Millimeter Wave Small-Cells
Communications: The First Step
Diogo Pereira
Ph.D. Student at Nova School of
Science and Technology

System Model
The network scenario in Fig. 1 illustrates a mmWave IRS-aided MISO

communication system formed by two small-cells implemented by two base stations
(BSs) that serve two user-equipment (UEs) in the downlink direction. Specifically, each
BS is responsible for transmitting to a single UE through its 𝑀 antennas. However,
the signal transmitted by the 𝑡-th BS can also be reflected by the 𝑁 reflecting elements
at the IRS, which is assumed to be a uniform planar array (UPA). We assume that one
BS serves one UE, and is assisted by the IRS, while the other BS is assigned to a
different UE and is not assisted by the IRS. Moreover, each BS adopts a time-
division duplex protocol, and channel reciprocity is assumed, meaning that the channel
state information in the downlink can be known through the uplink training.

Fig. 1: IRS-aided small-cell MISO communication system.
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Considering the characteristics of the communication system scenario, the signal
received at the 𝒖-th UE is written as 𝒚! = 𝐼!𝑯!

"𝚯#,!𝑮# + 𝑫#,!∗ 𝑾#,!𝒙!, where 𝑾#,! is
the beamforming vector and 𝚯#,!,& = 𝑒'𝜽!,#,$ the reflecting coefficients of each IRS
element. The indicator function 𝐼! ∈ {0,1} represents the action of assigning the IRS to
assist the 𝑢 -th UE communication and 𝒙! denotes the transmitted signal. The
instantaneous achievable rate at the 𝒖-th UE is defined as

𝑟! = log) 1 +
|(𝐼!𝐇*"𝚯#,!𝑮𝒕 + 𝑫#,!∗ ) 𝑾#,!|)

𝜎) ,

where 𝜎) represents the noise variance. Finally, the optimization of the
communication system is computed through 𝐦𝐚𝐱𝑾𝒕,𝒖,𝚯𝐮,𝐭,𝑰𝒖𝒓𝒖.

Wireless communication systems have evolved over the years to overcome the
challenges of each wireless network generation. Similarly, the requirements for the
sixth generation (6G) communication systems are being proposed, which will require
extremely reliable and low latency communications. Consequently, the upcoming
wireless networks need to combine existing and disruptive technologies to create a
high-capacity ultra-reliable network capable of serving a massive number of devices.

Intelligent reflecting surface (IRS) is one of the promising technologies to increase
the capacity of wireless communication systems through the manipulation of
electromagnetic properties of the signal reflected by the surface [1]. An IRS is a planar
surface formed by numerous passive reflecting elements, which dynamically adjust
the amplitude and phase of the signals reflected by the surface [2]. Concerning the
dynamic control of the reflecting elements, it is usually embodied under a performance
optimization problem to maximize different goals, such as achievable rate and energy
efficiency [3]. However, the optimization problems are typically NP-hard or non-
convex due to the constraints of each IRS reflecting element. Considering the
complexity associated with the optimization of a communication system assisted by an
IRS, we propose the following research question:
What algorithm can be implemented to maximize the capacity of a downlink

millimeter wave (mmWave) multiple-input-single-output (MISO) communication system
with an IRS placed on the edge of two small-cells?

Introduction

Proposed Solution
To optimize the communication system, we design a two-stage algorithm, which

is depicted in Fig. 2. In the first stage, an RL agent selects the communication
system configuration considering the mobility of each user. Specifically, the decision
of which BS will transmit to each UE and which transmission the IRS will assist (Step 2)
is produced considering the spatial characteristics of the communication system
(Step 1), i.e., the 𝑥, 𝑦, and 𝑧 coordinates of each network element. Then, after the
assignment of the BSs and IRS, the algorithm enters the second stage, where 𝑾
and 𝚯 coefficients are computed considering the communication system selected by
the RL model (Step 3). Regarding the computation of each coefficient, we propose a
sub-optimization problem considering the maximization of 𝑟!. The sub-optimization
problem is solved through the solution proposed in [4], where the 𝑾 and 𝚯 coefficients
are obtained using an alternative optimization (AO) algorithm. The impact of the

communication system selected by the two-stage algorithm, in particularly by the RL
agent, is assessed through the computation of the instantaneous achievable rate
for each user (Step 4).
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Fig. 2: Two-stage algorithm concept model.

Performance Evaluation
To validate the performance of the proposed algorithm, we simulate the environment

described in Fig. 1 using the Deep MIMO dataset [5]. Moreover, the proposed two-
stage algorithm is compared with three policies:

•Max. bound: a brute force policy that selects at each time step the communication
system configuration considering max𝑾!,#,𝚯),*,0#𝑟!;
•Min. bound: a brute force policy that selects at each time step the communication
system configuration considering min𝑾!,#,𝚯),*,0#𝑟!;
•Random: two discrete Uniform distributions are adopted to select the BS assigned
to each UE and which communication the IRS assists.

Following the decision of the communication system configuration, the AO algorithm is
used to compute 𝑾 and 𝚯. Finally, Fig. 3 and Tables I and II evaluate how far the
performance of the proposed algorithm is from the optimal one considering the sum-rate
and computation time, respectively.

Fig. 3: Sum-rate at the receiver for 
different transmit power levels.

Model Comp. Time [𝒎𝒔]
Max. bound 185.859 ± 0.274
Min. bound 186.080 ± 0.247
Random 32.430 ± 0.007
RL agent 38.716 ± 0.299

Table I: Computation time 
associated with each policy model.

Model Comp. Time [𝒎𝒔]
AO 436.433 ± 4.192

Table II: Computation time 
associated with computation of 𝑾

and 𝚯 coefficients.

Conclusions
This work has considered a downlink scenario where the IRS can be selected to

assist a MISO link between a BS and a specific UE through the UEs' location. Several
performance results compare the proposed RL agent with minimum and maximum
performance bounds, showing its suitability to achieve close to optimal sum-rate
values. The proposed solution can be enriched through the adoption of other
optimization algorithms to compute the beamforming and IRS coefficients. In
future work, we plan to increase the complexity of the scenario adopted in this work
by considering the interference caused by other UEs inside each small-cell. Finally,
we intend to assess the learning and prediction performance of our model when a user-
centric cell-free MIMO is adopted.
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