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Abstract

Recently, the mission critical vehicle-to-everything (V2X) services, such as safety

alarming, remote deriving, and vehicle platooning, play a vital role in the future intel-

ligent transportation systems (ITS). To achieve high reliability and low latency V2X

services, the intelligent reflecting surface (IRS) has received much attention due to

its ability to reconfigure the wireless environment by adjusting the phase of the in-

cident signal. By employing IRS, the wireless environment can be improved to meet

the reliability and latency requirements of various V2X services. However, finding the

optimal solution of the IRS phase shift matrix, multi-vehicle scheduling, and resource

allocation are very arduous, due to their joint optimization problem is mixed-integer

linear programming. In this paper, we propose a deep learning-based IRS phase shift

and power allocation control (D-PPC) scheme, that minimizes the transmission latency

while guaranteeing the quality-of-service (QoS). Specifically, we exploit the convolu-

tional layer to determine the phase shift and power allocation in consideration of the

spatial characteristics of the channel passing through IRS. From the simulation re-

sults, we demonstrate that the proposed deep learning-based scheme outperforms the

benchmark schemes by a large margin.

keywords: Wireless communication, Vehicular communications, Intelligent reflecting

surface, Phase shift, Power allocation, Low latency, Deep neural network

student number: 2020-26724
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Chapter 1

INTRODUCTION

With the rapid development of intelligent transportation systems (ITS), a growing

number of vehicular applications have emerged to provide an entirely new experience

for our daily life [1]. Previously, sensor-based services were mainly used, but now ser-

vices that incorporate communication into vehicles called V2X (vehicle-to-everything)

services are drawing attention. Among various vehicular applications, mission-critical

vehicular services, such as vehicle platooning, safety alarming, and remote driving,

play a vital role in the blueprint of the future intelligent transportation systems (ITS).

These services are accelerating the need for the well-organized V2X communica-

tions including vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-

to-network (V2N). However, what is important is that failure to meet the reliability

and latency requirements in V2X system can lead to serious accidents when vehi-

cles exchange safety messages such as cooperative awareness messages (CAMs) and

distributed environmental notification messages (DENM). For example, in platooning

scenarios where vehicles form a coordinated group with low inter-vehicle spacing, au-

tonomous vehicles share their trajectories and driving intentions with each other to

guarantee the vehicle safety [2]. Since the intervened vehicles should exchange the

information accurately and quickly, reliability and latency are of great importance to

ensure the quality of mission-critical V2X services.

1



Figure 1.1: Description of the V2X systems.

To accommodate emerging services requiring low end-to-end latency with high

reliability, ultra-reliable and low-latency communications (URLLC) has been intro-

duced as a new service category in 5G New Radio (NR) [3]. In order to support

URLLC, 3GPP (Third Generation Partnership Project) sets a strict requirement that

a packet should be delivered with 10−5 packet error rate within 1 msec end-to-end

latency. In this paper, we employ intelligent reflecting surface (IRS) to minimize the

end-to-end latency between vehicles by increasing the channel capacity. The IRS, a

planar metasurface consisting of a large number of reflecting elements, has recently

gained much attention since it can significantly enhance the spectral efficiency and
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channel capacity of communication systems by reconfiguring the wireless propaga-

tion environments [4]. Recently, research into the IRS-aided wireless communication

system has been actively conducted, such as IRS-aided unmanned aerial vehicle (UAV)

system [5], IRS-aided secure communication [6], IRS-aided terahertz multiple-input-

multiple-output (MIMO) system [7]. Each element in IRS can reflect the incident sig-

nal with a desired phase shift [8]. By adaptively adjusting the propagation of the re-

flected signal, IRS generates additional line-of-sight (LoS) channels on existing links,

which can be expected to improve channel capacity, expand coverage, and improve

reliability. Unlike conventional technologies such as amplify-and-forward (AF) relay,

backscatter communication, and MIMO beamforming [9], signal amplification and

complex signal processing are unnecessary in IRS. Thus, employing IRS in V2X net-

works can be a promising solution to meet the demands for URLLC system.

An aim of this paper is to propose an IRS phase shift control scheme for the

mission-critical V2X systems. However, the IRS phase shift needs to be jointly op-

timized with multi-vehicle scheduling and resource allocation. Therefore, to ensure

QoS for each V2X communication link, we need to design algorithms that jointly op-

timize phase shift and multi-vehicle resource allocation. In this paper, we will address

the resource allocation in the scenario where V2V links and V2I links coexist. In or-

der to satisfy the QoS requirement of applications with different types of connections

and improve V2X communication performance, the goal is to minimize the latency of

V2I connections while guaranteeing the signal-to-interference-plus-noise ratio (SINR)

conditions of V2V links. The joint optimization problem is formulated over the bases-

tation (BS) power allocation and IRS phase shift. To solve this NP-Hard problem, we

proposed an effective deep learning-based algorithm: The two deep neural networks

can determine the optimal phase shift and power allocation, respectively, to solve the

above problem. From the numerical evaluations on the V2X systems, we demonstrate

that the proposed deep learning-based phase shift and power allocation control (D-

PPC) scheme outperforms the benchmark schemes that random phase shift and with-
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out IRS by a large margin. Specifically, we observe that the D-PPC scheme improve

44% reduction in V2I transmission latency over the random phase shift scheme. Fur-

thermore, the superiority of IRS-aid V2X communication could be verified through

the fact that IRS can overcome the limitations in V2X communication.
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Chapter 2

System Model and Problem Formulation

In this section, we present the IRS-aided V2X communication systems. We first dis-

cuss the vehicular communication system and the IRS-aided channel model and then

formulate the latency minimization problem.

2.1 IRS-Aided V2X Communication System Model

As shown in Figure 2.1, we consider the vehicular communication network consist-

ing of a BS with single antenna, ground vehicles with single antenna, and an IRS is

deployed on the wall of the building.

The V2I links are connections between the vehicles and the BS. LetM = {1, · · · ,M}

denotes the M cellular-vehicle user equipments (C-VUEs) communicating through

V2I links. The V2V links are connection between the vehicle and the vehicle. Device

to device vehicle user equipments (D-VUEs) communicate through device-to-device

(D2D) mode when they are close to each other, and the set of D2D-V2V pairs is de-

noted by L = {1, · · · ,L}.

The IRS is equipped with a uniform linear array (ULA) [10] with N reflecting

elements and a controller can adjusting the phase shift of each reflecting element.

Furthermore, the channel gain from the BS to the mth V2I UE, denoted by hb,m, is
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Figure 2.1: IRS-aided vehicular communications.

modeled as Rayleigh fading, i.e., hb,m =
√
ρd
−αb,m

b,m h̃b,m, where ρ is the path loss at

the reference distance d0 = 1m [5], αb,m is the corresponding path loss exponent of

the BS to the mth V2I UE, db,m denotes the distance between the BS and the mth

V2I UE, and h̃b,m represents a random scattering component modeled by complex

Gaussian distribution with zero mean and unit variance.

The channel gain from the BS to the IRS hb,r ∈ CN×1 follows the Rician distri-

bution, [11] which can be expressed as

hb,r =
√
ρd
−αb,r

b,r

(√
ζb,r

1 + ζb,r
hLoSb,r +

√
1

1 + ζb,r
hNLoSb,r

)
, (2.1)

where αb,r is the corresponding path loss exponent of the BS to the IRS. It is noted

that the first reflecting element of the IRS is considered as the reference point. db,r

is the distance between BS and the reference point of the IRS and ζb,r is the Rician

factor related to small-scale fading. The line-of-sight (LoS) component hLoSb,r ∈ CN×1
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consists of ULA’s array response. Each element of hNLoSb,r is i.i.d. complex Gaussian

distributed with zero mean and unit variance.

Let hr,m ∈ CN×1 denote the channel gain between the IRS and the mth V2I UE,

which follows Rician distribution. The specific expression of hr,m is similar to (2.1).

Similarly, we can obtain the channel gain from the transmitter of the l th V2V pair to

the IRS hl,r ∈ CN×1, and the channel gain from the IRS to the receiver of the l th

V2V pair hr,l ∈ CN×1, respectively. Let hl denote the channel gain of the desired

transmission for the l th V2V pair. In addition, let hb,l denote the interference channel

gain from the BS to the receiver of the l th V2V pair and hl,m denote the interference

channel gain from the transmitter of the l th V2V pair to the mth V2I UE.

The IRS phase shift vector is defined as θ = [θ1, θ2, · · · , θN ] and the diagonal ma-

trix Θ = diag
(
ejθ1 , ejθ2 , · · · , ejθN

)
denotes the phase shift matrix of the IRS, where

θn ∈ [0, 2π) represent the phase shift of the nth IRS reflecting element, respectively.

In fact, the phase shifts are usually selected from a finite number of discrete values

that vary between 0 and 2π. For simplicity of analysis, we assume that the phase shifts

can be continuously varied in [0, 2π) [4] . Note that the phase shifts of IRS reflecting

elements are configured by the BS through a dedicated control link. The combined

channel gain from the BS to the mth C-VUE is |hHr,mΘhb,r + hb,m|2 and the com-

bined channel gain of the lth D2D-V2V pair is |hHr,lΘhl,r + hl|2. We assume that the

channel state information (CSI) of all channels involved is perfectly known at the BS.

Let Pm and Pl denote the transmit powers of the basestation to mth V2I UE and the

transmitter of the l th V2V pair respectively. To this end, the received SINRs of the

mth V2I UE and the receiver of the l th V2V pair can be expressed as

γm =
Pm|hHr,mΘhb,r + hb,m|2∑

l∈L Pl|hHr,mΘhl,r + hl,m|2 +Wσ2
(2.2)

and

γl =
Pl|hHr,lΘhl,r + hl|2∑

m∈M Pm|hHr,lΘhb,r + hb,l|2 +Wσ2
(2.3)
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respectively, where σ2 is the noise power spectrum density, and W is the transmission

bandwidth. Then the achievable downlink rate of the mth V2I UE and the achievable

transmission rate of the l th V2V pair can be given by Rm = W log2 (1 + γm) and

Rl = W log2 (1 + γl), respectively. And the transmission latency of the mth V2I

UE can be given by Tm = Dm/Rm, where Dm is the size of the transmitted safety

message to mth V2I UE.

2.2 Latency Minimization Problem Formulation

To satisfy different QoS requirements for V2X links, the latency of the V2I UEs should

be minimized. In particular, it is intended to minimize the latency of the vehicle with

the longest latency among V2I UEs. So we want to minimize the maximum latency

among the M V2I UEs while guaranteeing the minimum SINR of the V2V pairs, by

jointly optimizing the BS power allocation P = {P1, · · · , PM} and the IRS phase shift

matrix Θ, subject to the constraints of the IRS phase shift coefficients, and transmit

power limitation. The problem is formulated as follows

P : min
P,Θ

max
m∈M

Tm (2.4a)

s.t.
∑
m∈M

Pm ≤ Pmax, (2.4b)

Pl ≤ Pmaxl , ∀l, (2.4c)

Pm ≥ 0, Pl ≥ 0, ∀m, l (2.4d)

|Θn,n| = 1, ∀n (2.4e)

γl ≥ γreq,∀l, (2.4f)

where γreq is the minimum SINR needed to be satisfied for V2V pairs in (2.4f). (2.4c)

restricts that the transmission power of each transmitter of the V2V pair does not ex-

ceed the maximum transmit power limit, and (2.4d) ensures the non-negativity of the

allocated power. (2.4e) constrains the phase shift coefficients of the IRS. We note that
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it is very arduous to obtain the globally optimal solution of (2.4a), due to the coupling

of the optimization variables P and Θ and the non-convex unit modulus constraint in

(2.4e). Therefore, we developed an effective phase shift and power control algorithm

based on deep learning (DL) scheme.
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Chapter 3

Deep Learning-Based Phase Shift and Power Control

The primary goal of the proposed D-PPC scheme is to find out the optimal IRS phase

shift Θ and the BS power allocation P = {P1, · · · , PM} minimizing the transmission

latency, while guaranteeing the QoS. As mentioned, it is very burdensome to jointly

optimize the Θ and P. The inability to determine them in real time is a major fac-

tor limiting the performance of IRS. To handle this issue, we exploit the DL-based

technique to learn the non-linear mapping f between the channel information and the

desired phase shift Θ̂ and g between the channel information and the desired BS power

allocation P̂, respectively. The channel information input can be divided into channel

passing through IRS hr and the direct path channel hd. Before start training, we re-

shape channel vector hr into three-dimensional (N × N ×K) matrix Hr. Where K

is the number of channel elements. Since our decision problem can be expressed as

Θ̂ = f (Hr,hd; Γ) , P̂ = g (Hr,hd; Γ) , (3.1)

where Γ is the set of D-PPC network parameters. In general, a supervised learning

strategy utilizing a large number of pairs of the input vectors and desired output vec-

tors is often used for the loss function design. However, as the optimization problem

(2.4a) belongs to the mixed-integer programming, obtaining such a large number of

input and output pairs is computationally infeasible. Hence, in this work, we use the
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unsupervised learning strategy. To be specific, by using the synthetically generated

dataset including the several channel information, we construct the loss function con-

sisting of a latency term and a penalty of constraint violation term. After that, we train

the network parameters to find out the optimal phase shifts and minimizing the trans-

mission latency.

3.1 D-PPC Network Training

In the training phase, the network parameters are updated iteratively to minimize the

loss function. The loss function should be designed so that the parameters that mini-

mize the loss produce outputs that minimize transmission latency without violation of

constraints. Hence, we design the loss function J (Γ) as a weighted sum of two terms:

CT and Cs. The corresponding loss function is

J (Γ) = CT + λsC
s, (3.2)

where λs is the weight determining the ratio among the terms of the loss function.

Specifically, we design the loss terms for transmission latency CT and V2V pair

SINR constraint Cs as

CT = max
m∈M

tanh(T̂m), (3.3a)

Cs =
L∑
l=1

[fReLU(γreq − γ̂l)]2, (3.3b)

where T̂m is the transmission latency of mth V2I UE, obtained through f (Hr,hd; Γ)

and g (Hr,hd; Γ) estimated through the parameter Γ. In addition, γ̂l, which is the

SINR of the lth V2V pair, is also obtained through parameter Γ.

To find out proper parameter Γ that minimizes the loss function, stochastic gradient

descent (SGD) method is widely used. SGD starts with some random initial values of

Γ = Γ0 and then in the j-th iteration, the parameter Γj is updated in the direction of

the steepest descent:

Γj = Γj−1 − η∇ΓJ(Γj−1), (3.4)
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where η > 0 is the learning rate determining the step size at each iteration and ∇Γ is

the gradient operator with respect to Γ. Although there are a large number of param-

eters whose gradient must be calculated, the backpropagation (BP) algorithm quickly

does that by using the chain rule [12]. By minimizing the loss function using the SGD

method, the D-PPC network learns the mapping between the input channel [Hr, hd],

the desired IRS phase shift Θ̂, and the BS power allocation P̂.

3.2 D-PPC Network Architecture

Figure 3.1 depicts the architecture of the D-PPC network. D-PPC consists of multiple

building blocks including several network layers. As depicted in Fig 3.2, FC block

consists of fully-connected (FC) layer, batch normalization (BN) layer, and rectified

linear unit (ReLU) layer. CNN block consists of convolution layer and max pooling

layer, and other softmax, elementwise-division (ED), and arc-tangent layers are in-

cluded in our network. There are two networks inside the D-PPC network: phase shift

network and power control network, and the structure of the two networks is almost

the same except in the output stage.

As mentioned, the training data x consists of Hr and hd. We feed Hr and hd

into the D-PPC network separately instead of stacking them into one vector. In each

training process, we use D training data x(1), · · · ,x(D). Inside of the FC block, the

output vector z̄
(d)
f,1 ∈ RU×1 of the first FC layer is

z̄
(d)
f,1 = Winhd

(d) + bin, for d = 1, · · · , D (3.5)

where Win and bin are the initial weight and the initial bias, respectively. After pass-

ing the FC layer, D output vectors are stacked in the batch B = [z̄
(1)
f,1 · · · z̄

(D)
f,1 ]T . Then,

the normalization process (often called the batch normalization) is performed [13].

The normalized output vector z̃
(d)
f,1 is expressed as

z̃
(d)
f,1 = β

 z̄
(d)
f,1 − µB√

σ2B

+ δ, (3.6)
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Figure 3.1: Detailed architecture of D-PPC network.
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where µB = 1
D

∑D
d=1 z̄

(d)
f,1 and σ2B,i = 1

D

∑D
d=1

(
z̄
(d)
f,1 − µB

)2
are the batch-wise

mean and variance, respectively, β is the scaling parameter, and δ is the shifting param-

eter. When the magnitude of input values are quite different, it is difficult to regularize

the input vector so that the quality of training convergence would be degraded. Since

the batch normalization enforces the input to have a constant mean and variance, vari-

ation in x becomes small and thus the D-PPC would guarantee the stable training.

After that, an activation function is applied to z̃f,1 to determine whether each hidden

node (unit component of hidden layer) is activated or not. In our network, the ReLU

function fReLU (x) = max(0, x) is used as the activation function [14].

The input to CNN block is a fixed-size N × N × K channel information matrix

Hr.

Hr = [Hb,r; H(1)
r,m; · · · ; H(M)

r,m ; H(1)
l,r ; · · · ; H(L)

l,r ; H(1)
r,l ; · · · ; H(L)

r,l ], (3.7)

where Hb,r ∈ CN×N , and all the other elements are the same. Hr has spatial char-

acteristics according to the distribution of the IRS reflecting elements. As the input

data Hr passes through the convolution layer and the max pooling layer, the feature

ẑc considering the spatial characteristics of the channel passing through the IRS is ex-

tracted. To be specific, the Hr is passed through a stack of convolution (conv.) layers,

where we use filters with a very small receptive field: 3× 3 (which is the smallest size

to capture the notion of left/right, up/down, center). The convolution stride is fixed at

1. The spatial padding of the conv. layer input is set to 1 so that the spatial resolution

is preserved after convolution. Max-pooling is performed over a 2 × 2 window, with

stride 1.

3.2.1 Phase Shift Network

After Hr and hd pass through FC block and CNN block respectively, we concatenate

these two output vector as z̄ = [ẑf ; ẑc]. In the next step, we add a FC layers to adjust

14



the weights of zf and zc. The output zPS ∈ R2n of the FC layers is expressed as

zPS = WPS z̄ + bPS , (3.8)

where WPS and bPS are the weight and bias, respectively. After that, we apply an

ED layer to scale zPS to the non-saturation region of the arc-tangent function. Indeed,

since the gradient of arc-tangent in the saturation region is close to zero, the updating

of weights and biases is extremely slow down (this phenomenon is called gradient van-

ishing problem) [15]. By applying the ED layer, therefore, the phase shift network can

prevent the gradient vanishing problem. The output zED of the ED layer is expressed

as

zED =

[
zPS1

zPSN+1

,
zPS2

zPSN+2

, · · · ,
zPSN
zPS2N

]
. (3.9)

By mapping the output of the arc-tangent layer to the exponential layer, we get

IRS phase shift vector as

Θ̂ = diag
(
ejκ arctan(zED)

)
, (3.10)

where κ is a constant that ensures the output of phase shift network is restricted to

(−π, π], consistent with the phase shift range.

3.2.2 Power Control Network

Similar to the phase shift network, the power control network also inputs z̄ into the FC

layers. In this case the FC layers producesM -dimensional output vector zPC ∈ RM×1

given by

zPC = WPC z̄ + bPC , (3.11)

where WPC and bPC are the corresponding weight and bias, respectively. Then,

to convert the values of the output FC layers into the BS power allocation ratio for

each V2I vehicle, we use the softmax layer. In the softmax layer, M probabilities

(p̂1, · · · , p̂M ) are generated by the softmax function given by

p̂m =
ez

PC
m∑M

i=1 e
zPC
i

, for m = 1, · · · ,M. (3.12)

15



where p̂m represents the power allocation ratio of the mth user to the maximum power

of the BS. Finally, the power allocation vector P̂ is obtained by multiplying the power

allocation ratio p̂ by the maximum power Pmax.
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Figure 3.2: Detailed architecture of D-PPC network.
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Chapter 4

Simulation

4.1 Simulation Setup

We consider the V2X messages transmission in the single-carrier frequency division

multiple access (SC-FDMA) system. We use ITS 5.9 GHz band (carrier frequency

fc = 5.9 GHz) with the 20 MHz bandwidth (W = 20 MHz). As a channel model, we

use multi path Rician fading channel and Rayleigh fading channel. We set M = 3 (the

number of V2I vehicles), L = 2 (the number of V2V vehicle pairs). The vehicles are

dropped on the roads according to the vehicle density depends on the vehicle speed,

where the average distance between vehicles is 2.5 v (v in m/s). The absolute vehicle

speed is set to v = 70 km/h. The coordinates of the BS and IRS are (20m, 8m) and (24

m, 0), respectively. We set the path loss exponents for BS-VUEs link, BS-IRS link and

IRS-VUEs link are 3, 2.2 and 2.5, respectively. The Rician factor is configured as 10

dB. Other related system parameters are set as follows: σ2 = −174 dBm/Hz, ρ = −20

dB, γreq = 5 dB, and Pmaxl = 0.2 W.

In the D-PPC network, we consist two hidden layer FC Block, two hidden layer

CNN block, and two hidden layer selection block. In our simulations, we generate

1014, 1012, 1012 examples synthetically and use them as the training, validation, and

testing dataset respectively. In the training phase, we use an Adam optimizer [16],
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which is a variation of SGD method, with η = 0.001 (learning rates) for both the

PS network and the power network. We set U = 100 (the number of hidden layer

units),D = 1024 (batch size). As performance measures, we consider the transmission

latency of V2I vehicle Tmax. Tmax is defined as the maximum latency for V2X safety

message transmission between BS to the V2I vehicles.

For performance evaluation, we compare the proposed D-PPC with two bench-

mark schemes: 1) Random Θ : the elements in IRS reflection-coefficient matrix are

randomly set to |Θn,n| = 1; 2) Without IRS: vehicular communications without IRS.

In both benchmark schemes, BS power allocation is equally allocated to V2I vehicles.

4.2 Simulation Result

In Figure 4.1, we plotted the value of loss function J and the V2I transmission la-

tency of the proposed D-PPC with respect to the training epoch. We can observe that

the value of the loss function decreases consistently as the training progresses, and

becomes saturated. In addition, as the value of the loss function decreases, the V2I

transmission latency also decreases.

In Figure 4.2, we evaluate the latency performance of the proposed D-PPC scheme

as a function of the maximum transmit power. We observe that the proposed scheme

outperforms the benchmark schemes across all the maximum transmit power regimes.

Here we assume that the number of IRS reflecting elements N = 64. For example,

when the maximum transmit power Pmax = 0.15 W, the proposed scheme can reduce

about 42% and 71% of transmission latency, respectively, compared to the benchmark

scheme random phase shift and without IRS.

Next, we evaluate the latency performance as a function of the number of IRS

reflecting elementsN . In Figure 4.3, we plot the transmission latency under the various

N . We observe that the proposed scheme outperforms the benchmark schemes by a

large margin at all N regimes. Here we assume that the maximum transmit power
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Pmax is 0.2 W. For example, when the number of IRS reflecting elementsN = 64, the

proposed scheme can reduce about 46% and 67% of transmission latency, respectively,

compared to the benchmark scheme random phase shift and without IRS. Specifically,

as the number of IRS reflecting elements increases, the latency for random phase shift

also decreases, but the latency of the proposed scheme decreases more rapidly.
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Figure 4.1: Loss function and transmission latency vs. training epoch.
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Figure 4.2: Maximum V2I transmission latency vs. maximum transmit power.
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Figure 4.3: Maximum V2I transmission latency vs. number of IRS elements.
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Chapter 5

Conclusion

In this paper, we proposed a deep learning-based IRS phase shift and power allocation

control scheme to minimize the transmission latency of IRS-aided V2X systems. The

key idea behind the proposed D-PPC scheme is to determine optimal IRS phase shift

and BS power allocation in real-time by using deep learning. By dint of deep learning

using CNN, the spatial property of the channel can be exploited and the IRS phase

shift and power allocation of basestation can be intelligently determined. We demon-

strated from the numerical evaluations that the proposed D-PPC scheme is effective in

improving the latency.
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초록

지능형교통시스템의급속한발전과함께자율주행,군집주행및안전경보서

비스와같은주행안전,주행편의서비스가미래중요기술로주목받고있다.이러한

서비스를 지원하기 위해서는 높은 신뢰도와 낮은 지연시간을 가지는 통신이 매우

중요하다. 다양한 차량 서비스에서 요구하는 신뢰도 조건과 지연시간 조건을 충족

시키는방법으로지능형반사평면 (IRS)을이용하여무선통신환경을개선하고자

한다. IRS를 적용함으로써 다양한 차량 서비스의 신뢰성 및 지연시간 요구사항을

충족하도록무선환경을개선할수있다.그러나 IRS의위상변이와스케줄링,무선

자원할당을동시에최적화하는문제는혼합정수선형계획법 (mixed-integer linear

programming)에 해당하여 최적의 해를 찾아내는 데 어려움이 있다. 또한 최적해를

찾아낸다고 해도 이를 실시간으로 결정하지 못한다면 지능형 반사 평면의 성능을

제한하는 요인이 된다. 본 논문에서는 서비스 요구조건을 만족시키면서 전송 지연

시간을 최소화하는 딥러닝 기반 IRS 위상변이 및 기지국 전력 할당을 결정 기법을

제안한다. 심층 신경망 네트워크 내에 사용된 합성곱 신경망은 IRS를 지나는 무선

채널의 공간적인 특성을 고려하여 위상변이와 전력 할당을 결정한다. 실험을 통하

여제안하는딥러닝기반의위상변이및전력할당기법이다른비교기법들이비해

지연시간성능을나타냄을보인다.

주요어: 무선 통신, 차량 통신, 지능형 반사 평면, 위상변이, 전력 할당, 지연 시간,

심층신경망

학번: 2020-26724
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