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Joint Beamforming for RIS Assisted ISAC Systems

with Discrete Phase Shifts: A DRL Based Approach
Zain Mustafa, Faisal Akram, Ahsan Khan

Abstract—Integrated sensing and communication (ISAC) is
regarded as a promising approach to alleviate spectrum con-
gestion in future communication networks. Leveraging recent
breakthroughs in programmable meta-materials, re-configurable
intelligent surfaces (RIS) enhance communication systems by
enabling multiple input multiple output (MIMO) transmission
without requiring additional radio frequency (RF) chains. There-
fore, integrating RIS into ISAC systems presents a promising
avenue to address the fundamental challenge of enhancing
ISAC system performance through only active beamforming,
especially in adverse channel conditions. This correspondence
investigates the joint optimization of transmit beamforming and
RIS reflection coefficients to maximize the sum capacity of
ISAC systems. The study adopts a more practical approach
by constraining each RIS element to use only a discrete set of
phase shifts. Resulting non-convex optimization problem has been
addressed using the deep deterministic policy gradient (DDPG)
and the twin delayed deep deterministic (TD3) policy gradient
deep reinforcement learning (DRL) algorithms. The numerical
results and analysis demonstrate the superior performance of
TD3 compared to DDPG in terms of the improved sum capacity
of ISAC system.

Index Terms—Integrated sensing and communications (ISAC),
re-configurable intelligent surfaces (RIS), multiple input multiple
output (MIMO), deep deterministic policy gradient (DDPG), twin
delayed deep deterministic (TD3), deep reinforcement learning
(DRL).

I. INTRODUCTION

THe frequency spectrum currently allocated for wireless

communications is becoming increasingly scarce due to

the exponential growth of the wireless industry. However,

large portions of the spectrum currently reserved for radar

applications can be shared with communication systems [1].

There are two primary techniques in the literature for com-

munication and radar spectrum sharing (CRSS). The first

technique, known as radar communication coexistence (RCC),

aims to create effective interference control plans so that there

is minimal interference between the two systems while they

are operating [2]. The second technique, dual functional radar-

communication (DFRC), tries to create cooperative systems

that are capable of wireless communication and sensing at the

same time [3]. DFRC is also known in literature as radar-

communications (RadCom), joint radar and communications

(JRC), joint communications and radar (JCR) and the more

recent term ISAC [4].

MIMO-based ISAC systems are more prevalent in the

literature compared to single-antenna ISAC systems due to

their spatial multiplexing capability. MIMO-based ISAC stud-

ies typically fall into two categories: information embedding

[5], where communication signals are embedded into the

radar waveform and transmit beamforming [6], which employs

separate waveforms for each purpose, resulting in higher data

rates and improved radar performance.

A fundamental challenge in MIMO based ISAC systems

lies in optimizing transmit beamforming to balance commu-

nication and radar sensing functionalities. Despite efforts to

enhance performance through active beamforming, conven-

tional approaches encounter limitations, especially in adverse

channel conditions [7]. To overcome these constraints, the

concept of RIS has surfaced, offering a ground-breaking ap-

proach to augment degrees of freedom (DoF) by intelligently

manipulating propagation environments [8], [9].

The integration of RIS into ISAC systems has become a

focus of recent research. To improve communication quality

of service (QoS) while adhering to power constraint and radar

sensing requirements for beampattern similarity, the transmit

waveform and the reflection coefficients of RIS are jointly

designed in [10]. Under user SNR-based QoS constraints for

single user, the transmit precoding matrix and the passive

reflection matrix of the RIS are concurrently optimized with

the goal of maximizing the radar detection performance [11].

The authors in [12] extended the idea to a multi-user scenario,

enhancing the system’s applicability and robustness. However,

these studies consider communication QoS constraint which

is otherwise good in high power ISAC systems. Moreover,

the authors in [13] looked into joint beamforming for RIS-

assisted ISAC systems in order to optimize sum capacity

while adhering to the limitations of maximum power, RIS

reflection coefficients, and beam pattern similarity. However,

this study considered continuous values of RIS phase shifts

for simulation which are difficult to achieve in practice due to

hardware limitations [14].

Aforementioned works used different mathematical opti-

mization tools for solving optimization problems which re-

sults in sub-optimal solutions. The emphasis of research has

recently switched to machine learning (ML) in order to handle

large amounts of data and non-convex optimization issues

that arise in wireless communication systems [15]. Through

combined optimization of the transmit beamforming and RIS

reflection coefficients using DRL for continuous RIS phase

shifts, the authors in [16] increased the sum capacity of a mul-

tiuser MISO system. Moreover, DRL was used to maximize

the total capacity and radar sensing capability of an ISAC

system by optimizing active and passive beamforming [17].

However, this work also considered continuous RIS phase

shifts and used only communication waveform for transmit

beamforming. Use of individual waveform for communication

and sensing increases the available DoF for beamforming at

the base station (BS) [18].

Motivated by the insights assembled from previous re-
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search, this study investigates the joint optimization of transmit

beamforming and RIS reflection coefficients for the RIS-

assisted ISAC system with constraints of max power, RIS unit

modulus, RIS discrete phase shifts, and beam pattern simi-

larity. The resulting problem is non-convex due to multiuser

interference and use of classical mathematical optimization

tools like iterative search to find optimal solution is difficult for

large scale networks. Moreover, use of alternating optimization

techniques will result in suboptimal solution. Therefore, this

correspondence uses DDPG and TD3 DRL algorithms to

jointly optimize the transmit beamforming matrix and RIS

phase shift matrix. Contributions of the study include:

• Adoption of a more practical approach by utilizing dis-

crete phase shifts for each RIS element.

• Utilization of independent communication and sensing

waveforms for transmit beamforming.

• Application of DDPG and TD3 DRL algorithm to address

the optimization problem.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Fig. 1. RIS assisted ISAC system.

We consider an ISAC based BS with M transmit/receive

antennas, RIS with N elements and K single antenna users as

displayed in Fig. 1. BS is communicating with users through

RIS as well as line of sight (LoS) path and simultaneously

sensing T targets which are considered to be point-like. It

is assumed that RIS is positioned near users and away from

targets. Moreover, target echo signals that reflect through RIS

and reach receiver are comparatively faint and insignificant

since targets have robust LoS linkages with BS. Furthermore,

we suppose that the channel matrix from the BS to the RIS

H1 ∈ C
N×M , channel vector from RIS to the k-th user hr,k ∈

C
N×1, ∀k, and channel vector from BS to k-th user hb,k ∈

C
M×1, ∀k, are known at the BS and RIS. It should be noted

that CSI acquisition is a complex task and requires installation

of dedicated RF chains which is not scope of this paper [16].

Signal received at the k-th user is expressed as

yk = (h
H
r,kΦH1 + hH

b,k)Gx+ wk, (1)

here yk is the received signal of the k-th user, G = [GcGr] ∈
C

M×(K+M) is the transmit beamforming matrix which is

concatenation of communication beamforming matrix Gc ∈
C

M×K and radar beamforming matrix Gr ∈ C
M×M . Sim-

ilarly, x = [x
H
c xH

r ]H ∈ C
(K+M)×1 shows signal transmitted

from the BS which is concatenation of communications signal

vector xc ∈ C
K×1 with E{xcx

H
c } = IK and radar probing

signal vector xr ∈ C
M×1 with E{xrx

H
r } = IM , where I

shows identity matrix. Additive white Gaussian noise at the

k-th user is denoted by wk. RIS phase shifts are given by

the diagonal matrix Φ ≜ diag[ϕ1, ϕ2, ..., ϕN ] ∈ C
N×N . Here,

we assume that each element of RIS changes only phase

of reflected signal and this reflection is lossless. Realizing

continuous RIS phase shifts is difficult in practice, therefore

we consider discrete phase shift values for RIS. We assume

B = 2b as the total discrete phase shift levels or angular

resolution of each RIS element, where b shows bits per RIS

element. The continuous phase shifts in the range of [0, 2π)
can then be uniformly quantized and the set of these phase

shifts is S ≜ {0,∆ω, . . . , (B − 1)∆ω} with ∆ω = 2π
B . For

each RIS element n (where n = 1, 2, . . . , N ), the continuous

phase shift ϕn is quantized to the nearest discrete phase shift

ϕ′n as

ϕ′n =

⌊

ϕn mod 2π

∆ω
+ 0.5

⌋

·∆ω, (2)

the quantization error for the n-th element is given by the

difference between the continuous phase shift and quantized

phase shift ψn = ϕn − ϕ′n. Given that the phase shifts are

uniformly quantized, the mean absolute discretization error

(MADE) for a single RIS element can be calculated as the

expected value of the absolute quantization error

MADEn = E[|ψn|] =
∆ω

4
=

π

2b+1
. (3)

In order to determine SINR of the k-th user, Eq. (1) can be

written in terms of desired signal and interference signal

yk = (hH
r,kΦH1 + hH

b,k)gkxk+

K+M
∑

j=1,j ̸=k

(hH
r,kΦH1 + hH

b,k)gjxj + wk,
(4)

where gk shows k-th column vector of transmit beamforming

matrix G and xk shows data for k-th user. The first term in

Eq. (4) represents actual signal intended for user k and second

term shows interference from signals of remaining users and

targets. Therefore, the SINR of the k-th user can be written

as

ρk =

∣

∣

∣
(hH

r,kΦH1 + hH
b,k)gk

∣

∣

∣

2

∑K+M
j=1,j ̸=k

∣

∣

∣
(hH

r,kΦH1 + hb,k)gj

∣

∣

∣

2

+ σ2
k

, (5)

the achievable capacity of the k-th user for each Hertz of

bandwidth is given as

Rk = log2(1 + ρk), (6)

and the achievable sum capacity for all the users can be

expressed as

R(G,Φ,H1,hr,k,hb,k) =
K
∑

k=1

Rk. (7)
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Focusing the signal intensity towards the target and lowering

it elsewhere is a common tactic used in radar sensing to

enhance target identification and estimate [13]. A beampattern

similarity metric is frequently used to compare the given beam-

pattern with the ideal one to evaluate sensing performance.

For instance, steering vector for a direction θ is defined as

a(θ) = [1, ej2πδ/λ sin(θ), ..., ej2π(M−1)δ/λ sin(θ)]T ∈ C
M×1,

where δ represents antenna spacing and λ signifies signal

wavelength. The designed transmit beampattern can be cal-

culated as [19]

Pd(θ;G) = E{
∣

∣aH(θ)Gx
∣

∣

2
} = aH(θ)GGHa(θ), (8)

where Pd(θ;G) represents designed beampattern for angle

θ and beamforming matrix G. The beampattern similarity

measure ϵ can be calculated as the mean squared error (MSE)

among the ideal and designed beampatterns [13], i.e.,

ϵ(α,G) =
1

L

L
∑

l=1

|αPi(θl)− Pd(θl;G)|
2
, (9)

where θl shows the l-th sampled angle, Pi(θl) shows ideal

beampattern at angle θl, and α is a scaling factor for ideal

beampattern Pi(θl). By adjusting the value of α, we can

adjust the level of beampattern similarity between the ideal

and designed beampatterns.

The goal here is to maximize the sum capacity R by finding

the optimal values for the transmit beamforming matrix G and

the RIS phase shifts matrix Φ. The optimization problem is

given as

max
G,Φ

R(G,Φ,H1,hr,k,hb,k) (10a)

s.t
1

L

L
∑

l=1

|αPi(θl)− Pd(θl;G)|
2
≤ ϵ, (10b)

tr{GGH} ≤ P, (10c)

|ϕn| = 1, ∀n = 1, 2, 3, . . . , N, (10d)

∠ϕn ∈ S, ∀n = 1, 2, 3, . . . , N, (10e)

where P shows the total power available at transmitter. The de-

scribed optimization problem is non-convex due to constraints

like multi-user interference and discrete RIS phase shifts.

Conventional mathematical optimization tools often rely

on iterative search methods that may converge to subopti-

mal solutions, especially in scenarios with high-dimensional

constraints. Such tools are also computationally intensive,

making them impractical for large-scale networks or real-time

applications where quick adaptability is crucial. Moreover,

the use of alternating optimization techniques will result in

suboptimal solution. Large amount of data and non-convex

optimization problems inherent in wireless communication can

be effectively handled using machine learning tools. Therefore,

we use TD3 and DDPG DRL algorithms to address our

optimization problem.

III. DRL BASED DESIGN

A. DRL Based Modeling of the Problem

Fundamental components of any DRL problem are state,

action, and reward. For problem (10), these fundamental

components can be defined as:

1) State: State at time t, st, represents the condition of the

environment at that particular time instant. For problem (10),

state at time t consists of channel state matrix from the BS to

RIS, H1 ∈ C
N×M , channel state vector from RIS to the k-th

user hr,k ∈ C
N×1, ∀k, and channel state vector from BS to k-

th user hb,k ∈ C
M×1, ∀k. It also includes the action from the

last time step at−1 (which comprises of both G ∈ C
M×(K+M)

and Φ ∈ C
N×N ) and beampattern similarity metric ϵ. Thus,

dimension of state space = 2(N · M + N · K + M · K +
M(K +M) + N) + 1. Here, 2 has been multiplied to show

that real and imaginary part of each complex entity is given

as separate input to the deep neural networks (DNN) and 1

has been added for beampattern similarity metric ϵ.

2) Action: Action at time t at, refers to the decision or

choice made by the agent in response to the state received

from the environment. For problem (10), agent can optimize

either transmit beamforming G ∈ C
M×(K+M) or RIS phase

shifts Φ ∈ C
N×N . Therefore, the action space dimension =

2(M(K +M) +N).

3) Reward: Indicates the feedback or response of the

environment to the agent based on its action, thus facilitating

learning and adaptation. For a particular value of state at time t,

st and corresponding action obtained from the actor network

at, reward has been defined as the sum capacity R of the

system at that time step.

B. Algorithm Description

We use both DDPG and TD3 DRL algorithms to achieve

the optimization objective. DDPG is an actor-critic based

DRL algorithm designed for continuous action spaces. It uses

a deterministic policy, where the actor network generates

specific actions, and a critic network evaluates them through

Q-value predictions [20].

TD3 is an advanced DRL algorithm designed to address

overestimation bias in deterministic policy gradients [21]. The

key components of TD3 are an actor network, which represents

the policy and outputs actions based on current states, and

two critic networks, which estimate Q-values to prevent over-

estimation by using the minimum value. Additionally, target

networks for both the actor and critics are updated slowly to

stabilize the training.

IV. NUMERICAL RESULTS AND ANALYSIS

This section evaluates the efficiency of the proposed TD3

algorithm against the DDPG algorithm for both discrete and

continuous values of RIS phase shifts. For simulations, we

use a Rayleigh distribution to randomly create the channel

matrix H1, vector hr,k, and vector hb,k. We presume that the

environment’s shadowing effects and large-scale path loss have

been taken into account. Consider an ISAC based BS with

M = 8 antennas communicating with K = 8 users through

RIS which has N = 8 elements and simultaneously sensing

T = 2 targets. Total power available at transmitter P = 10 dB,

number of bits per RIS element b = 5, and angular resolution
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per RIS element B = 25 = 32. The ideal beampattern Pi(θl)
for sensing is given as

Pi(θl) =

{

1, θl ∈
[

θt −
∆θ
2 , θt +

∆θ
2

]

, t = 1, . . . , T

0, otherwise,
(11)

where θt represents the angle of the t-th target. Angle of

target-1 θ1 = −35◦, angle of target-2 θ2 = 35◦ and beam

width ∆θ = 10◦. The hyperparameters for the TD3 and DDPG

algorithms are detailed in Table I. Results are averaged over

200 episodes, with each episode lasting 8,000 time steps.

TABLE I
DESCRIPTION OF HYPERPARAMETERS

Hyperparameter TD3 DDPG

Discount factor 0.99 0.99

Replay buffer size 10
6

10
6

Batch size 100 64

Learning rate 10
−3

10
−3

Policy update frequency 2 1

Figure 2 shows comparison of proposed TD3 DRL algo-

rithm with DDPG algorithm. The graph clearly shows that

after nearly identical starting point, the TD3 DRL algorithm at-

tains higher average rewards compared to the DDPG algorithm

for both discrete and continuous RIS phase shifts. Steeper

learning curve for TD3-based approach displays its higher

convergence rate than DDPG. The TD3 algorithm requires

approximately 4,000 time steps to converge, whereas the

DDPG algorithm requires around 6,000 time steps. Moreover,

performance of both algorithms for the discrete phase shifts

scenario is lower as compared to continuous phase shifts

scenario due to reduced DoF in terms of selection of optimal

phase shifts at RIS.
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0
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TD3 (Discrete)

DDPG (Discrete)

Fig. 2. Average rewards vs. time steps (M = 8, N = 8,K = 8, P = 10 dB).

Sum capacity for different number of RIS elements is

depicted in Fig. 3. An increase in the number of RIS elements

allow higher spatial DoF which results in an increase of sum

capacity for both algorithms. However, this increase in sum

capacity is at the cost of higher computational resources to

learn optimal RIS phase shifts. Moreover, the steeper slope

of the TD3-based approach compared to DDPG indicates

that the proposed TD3 algorithm performs better in complex

environments resulting from an increase in RIS elements.

Consequently, TD3 in the discrete setting surpasses DDPG in

the continuous setting once the RIS elements number exceeds

45.
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Fig. 3. Sum capacity vs. RIS elements (M = 8,K = 8, P = 10 dB).

Figure 4 displays the relationship between sum capacity and

transmit power as angular resolution B of each RIS element is

increased by increasing number of bits per RIS element b. An

increase in the transmit power results in higher sum capacity

of ISAC system for all values of b. Moreover, an increase in

the angular resolution further enhances sum capacity of ISAC

system due to higher DoF in terms of choosing optimal phase

shift at RIS. However, increase of sum capacity with angular

resolution gradually slows down and the ideal continuous

phase shift scenario is nearly achieved when b = 10.
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3

4

5

6

7

8

9

Transmit Power (dB)

S
u

m
C

ap
ac

it
y

(b
p

s/
H

z)

Continuous b = 10

b = 8 b = 6

b = 4 b = 2

Fig. 4. Sum capacity vs. transmit power(M = 8, N = 8,K = 8).

Figure 5 illustrates the trade-off between communication

performance, measured by sum capacity versus radar sensing

performance, measured by the MSE between ideal and de-

signed beampatterns (ϵ) for different system settings. An ϵ

value of 0 signifies perfect similarity between the ideal and

designed beampatterns, indicating optimal radar performance,

and vice versa. The figure shows that as ϵ increases from
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0 to 1, communication performance improves in terms of

sum capacity. This improvement occurs because a higher

MSE between the ideal and designed beampatterns allows

for greater DoF to direct beams towards users. Moreover,

increase in transmit antennas, RIS elements or users further

improves the sum capacity of the system. However, while

increase in transmit antennas leads to a steeper capacity plot,

increase in RIS elements and users results in a more gradual

slope. This occurs because the MSE between the ideal and

designed transmit beampattern is closely related to the number

of transmit antennas.
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Fig. 5. Sum capacity vs. MSE (P = 10 dB).

V. CONCLUSION

In this correspondence, we explored the joint optimization

of transmit beamforming and RIS reflection coefficients in a

RIS assisted ISAC system, considering constraints of maxi-

mum power, RIS unit modulus, RIS discrete phase shifts, and

beam pattern similarity. We considered the setting where a

MIMO-based BS detects several targets as well as communi-

cates with multiple single-antenna users using RIS. The pro-

posed approach leverages the DDPG and TD3 DRL algorithms

to achieve the optimization objective. The numerical results

and analysis demonstrate the superior performance of TD3

compared to DDPG in terms of the improved sum capacity of

ISAC system.
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