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ABSTRACT Reconfigurable Intelligent Surfaces (RISs) offer a promising means of reshaping the wireless
propagation environment, yet practical methods for configuring large passive arrays to achieve reliable
signal equalization remain limited. Equalization is essential in wideband links to counteract multipath-
induced pulse distortion that otherwise degrades symbol recovery. This work investigates RIS-assisted
pulse response equalization and signal boosting using both classical adaptive filtering and model-free
deep reinforcement learning (DRL). We develop a steepest descent (SD) method that exploits cascaded
base station-RIS-user equipment (UE) channel information to configure RIS coefficients for multipath
mitigation and SNR enhancement, and we show that the tradeoffs between SD and DRL primarily arise
from the extensive channel estimation required for accurate equalization with passive RIS hardware. Unlike
traditional adaptive filtering, which updates delayed filter coefficients after signal reception, our approach
uses the RIS positioned within the cascaded channel to perform equalization without delay elements,
prior to reception at the UE. In this framework, the channel is estimated before equalization, forming
the basis of what we term adaptive RIS equalization (ARISE). To overcome the reliance on channel
estimation required for ARISE, we explore several DRL algorithms–DDPG, TD3, and SAC–that optimize
RIS coefficients directly from the received pulse response without explicit channel estimation. Through
extensive simulations across diverse channel conditions and RIS sizes, we show that SAC achieves fast,
stable convergence and equalization performance comparable to ARISE while offering significantly lower
implementation complexity. These results highlight the potential of DRL as a practical and scalable solution
for real-time RIS control in future wireless systems.

INDEX TERMS Reconfigurable intelligent surface (RIS), steepest descent (SD), deep reinforcement
learning (DRL), wireless channel equalization, deep deterministic policy gradient (DDPG), twin-delayed
DDPG (TD3), soft actor critic (SAC).

I. INTRODUCTION

RECONFIGURABLE Intelligent Surfaces (RISs) have
emerged as a promising technology for next-generation

wireless networks, offering the ability to reshape the prop-
agation environment through nearly passive, low-power
hardware [1], [2]. By adjusting the phase of incident sig-
nals, RISs can enhance coverage, mitigate interference, and
improve link reliability between the base station (BS) and
user equipment (UE) without requiring active radio frequency
(RF) chains. However, realizing these benefits in practice
requires efficient methods for configuring large RIS arrays
under realistic channel conditions. A central challenge is
achieving reliable signal equalization and boosting without

relying on full channel state information (CSI), which is
difficult to obtain due to the cascaded BS-RIS-UE chan-
nel structure and the high dimensionality of RIS-assisted
links [3]. These limitations become even more pronounced
in dynamic or richly scattered environments, where rapid
adaptation is essential for maintaining link quality [4]. These
challenges motivate the need for approaches that can tune
RIS configurations for optimal signal integrity without rely-
ing on full CSI acquisition or repeated pilot transmissions,
particularly in dynamic environments.

A substantial body of work has explored RIS opti-
mization using classical signal processing and model-based
techniques, primarily focusing on maximizing the received
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power, improving signal-to-noise ratio (SNR), maximizing
sum rates, or enabling beamforming and focusing [3], [5], [6],
[7], [8], [9], [10], [11], [12], [13], [14], [15], [16], [17]. While
effective in controlled scenarios, these methods often assume
access to accurate CSI and face scalability issues as RIS sizes
grow and channel estimation overhead becomes prohibitive.
Researchers have proposed reduced-complexity estimation
schemes, compressive sensing techniques, and analytical
optimization frameworks for CSI acquisition, which alleviate
some system requirements and overhead but do not eliminate
the channel estimation phase [18].

Despite these advances, RIS-based signal equalization
remains relatively underexplored. Most existing RIS lit-
erature focuses on spatial beamforming or spatial-domain
equalization, while the temporal shaping of the received
signal–critical for mitigating multipath distortion and ensur-
ing reliable symbol recovery–has received limited attention.
Spatial shaping adjusts the angular distribution of multi-
path components to improve SNR or suppress interference,
but it does not directly reduce delay spread or mitigate
ISI. Equalization remains essential in high-speed links to
mitigate intersymbol interference (ISI) caused by multipath
distortion, making RIS-assisted temporal shaping particularly
relevant. In wideband channels where the multipath delay
spread becomes comparably larger than the symbol duration,
conventional receiver-side equalizers become increasingly
complex and noise-enhancing. In this work, we consider a
symbol duration of Ts = 16.3 ns, where the signal is prone
to distortion as practical wideband deployments (e.g., dense
urban microcells or indoor industrial environments) often
exhibit RMS delay spreads in the range of 50–150 ns [19].

For exponentially decaying power delay profiles, the max-
imum excess delay is proportional to the RMS delay spread,
with the proportionality factor depending on the power
threshold used to define the last resolvable path (typically
on the order of 5–10× for thresholds between −20 dB and
−40 dB) [20]. Such delay spreads span multiple symbol
intervals and require long feed-forward equalizers (FFEs) or
decision-feedback equalizers (DFEs) with many taps. Long
feedforward filters amplify noise, and long feedback filters
increase error-propagation risk, while requiring higher power
consumption and processing complexity at the UE.

A few recent works have begun to address this gap. For
example, [21] demonstrates that RISs can be configured to
suppress or align multipath components prior to reception to
minimize ISI. We note that [21] refers to ISI mitigation using
RIS as “spatial equalization,” but in our work we refer to
this concept as “temporal equalization,” since ISI reduction
and multipath delay distortion fundamentally affects the
delay-domain impulse response of the channel. Similarly,
[22] shows that RISs can compensate for channel distortion
with minimal receiver-side processing, enabling “over-the-air
equalization” in constrained environments. However, these
studies represent early steps, and the practical constraints of
passive RIS hardware introduce additional challenges: effec-
tive equalization may require large or finely tuned coefficient

sets, and there is an inherent tradeoff between signal gain
and equalization accuracy.

In this work, the RIS simultaneously performs both spa-
tial and temporal equalization. Spatially, the RIS aligns
multipath components to enhance the main tap and increase
the received SNR through constructive beamforming. Tem-
porally, the RIS reshapes the delay-domain impulse response
by suppressing or realigning delayed paths, thereby reducing
channel memory and mitigating ISI. By placing the RIS
at an intermediate physical layer node–the midpoint of the
BS-RIS-UE wireless link–we directly manipulate the propa-
gation environment to counteract multipath-induced distor-
tion and focus the signal power towards the desired UE
direction. By reducing the effective channel memory, our
RIS-based over-the-air equalization framework enables the
UE to operate with a shorter and less noise-enhancing equal-
izer. The RIS therefore complements, rather than replaces,
digital equalization.

We present a comprehensive study of RIS-assisted sig-
nal equalization and boosting using both classical and
learning-based methods. We first develop a steepest descent
(SD)-based approach that leverages estimated cascaded
BS-RIS-UE channels to configure RIS coefficients for pulse
response equalization and SNR enhancement, thus achieving
both temporal equalization and spatial beamforming using
the RIS. The algorithm we develop, although based on
SD, differs in implementation from conventional SD; for
this reason, we refer to it as adaptive RIS equalization
(ARISE). Although effective, ARISE depends on precise
cascaded CSI for accurate equalization, which introduces
substantial communication overhead and delays before RIS
optimization can begin. These challenges, along with the
hardware-related limitations of the physical RIS, motivate
a comparison between classical adaptive filtering techniques
and modern deep reinforcement learning (DRL) approaches
for RIS-assisted equalization.

Learning-based methods–particularly DRL–have gained
traction as a model-free alternative for RIS-aided spatial-
domain optimization [23], [24], [25]. DRL enables RIS
configuration directly from observed performance metrics,
bypassing the need for explicit CSI and offering robustness in
environments where analytical models are unreliable. Some
DRL algorithms implemented in the literature include:
• Deep Deterministic Policy Gradient (DDPG) [23],

[26]–used to maximize channel rates by optimizing
the transmitter beamforming matrix and RIS reflection
coefficients for multiple user scenarios, while including
practical phase shifts;

• Twin Delayed DDPG (TD3) [27]–applied to maximize
secrecy energy efficiency in uncrewed aerial vehicle
(UAV)-assisted RIS systems;

• and Soft Actor-Critic (SAC) [24]–used to optimize the
channel rate under realistic hardware impairments in
RIS-based systems.

These DRL algorithms demonstrate strong potential for
real-time deployment due to their scalability and support
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for continuous action spaces. Moreover, practical wireless
systems inevitably suffer from hardware impairments, such
as amplifier nonlinearities, local oscillator phase noise, jitter,
and quantization noise at the UE, as well as RIS phase
shift errors–all of which can significantly degrade the perfor-
mance of advanced beamforming architectures. Recent works
have analyzed these effects in the context of reconfigurable
holographic surfaces and proposed corresponding modeling
and mitigation approaches in cell-free and satellite networks
[28], [29], [30]. The model-free nature of DRL algorithms
allows them to operate effectively even under these physi-
cal constraints, along with RIS hardware limitations which
may exhibit nonlinearities, coupling effects, or frequency-
dependent behaviors that are difficult to capture analytically.

In this work, we utilize three DRL algorithms towards tem-
poral channel equalization using the RIS, specifically DDPG,
TD3, and SAC. These algorithms optimize RIS coefficients
directly from the received pulse response without requiring
channel estimation overhead. While DRL has been applied
to RIS beamforming and spatial optimization, its use for
temporal equalization introduces a fundamentally different
role for learning. In contrast to prior DRL-based RIS methods
that optimize spatial gains or coverage, our formulation treats
the RIS as a model-free spatial and temporal equalizer that
learns to reshape the received pulse response purely through
interaction with the environment. This removes the need for
cascaded CSI, bypasses the analytical constraints of passive
RIS models, and enables adaptation even when the RIS
exhibits the hardware-impaired behaviors discussed previ-
ously. Thus, the DRL component is not merely an application
of existing algorithms to a new cost function–it represents
a shift from model-driven to model-free RIS equalization,
allowing the RIS to learn temporal shaping policies that
classical methods such as ARISE cannot realize without full
channel knowledge. To the best of our knowledge, no prior
work has investigated model-free temporal equalization using
RISs in wideband channels.

Through extensive simulations across diverse channel
conditions and RIS sizes, we demonstrate that SAC con-
sistently achieves fast, stable convergence and performance
comparable to ARISE, while offering significantly lower
implementation complexity. In particular, SAC begins opti-
mizing the RIS immediately from raw pulse response
observations, avoiding the CSI acquisition delay inher-
ent to ARISE and enabling faster adaptation in time-
varying channels. This work makes the following key
contributions:

• RIS-based equalization and SNR-enhancement
framework: We formulate the problem of RIS-assisted
pulse response equalization and signal boosting and
analyze its challenges under realistic passive RIS
constraints.

• SD-based RIS optimization: We derive an SD algo-
rithm that uses cascaded channel estimates to configure
RIS coefficients and characterize its performance, com-
plexity, and tradeoffs. Because of its difference with

respect to conventional SD, we call this algorithm
ARISE.

• Model-free DRL methods for RIS control: We
develop and evaluate DDPG, TD3, and SAC algorithms
that optimize RIS coefficients directly from received
signal observations, eliminating the need for channel
estimation.

• Comprehensive comparative analysis: We compare
the ARISE and DRL approaches in terms of convergence
behavior, computational complexity, communication
complexity, equalization performance, and robustness
across channel types and RIS sizes.

• Identification of SAC as a practical solution: We
show that SAC achieves rapid, stable convergence and
performance on par with ARISE, positioning it as a
strong candidate for real-time RIS control in future
wireless systems.

The paper is organized as follows: Section II presents
the system and channel models and defines the optimiza-
tion problem. Section III derives the ARISE algorithm
and provides simulation results to compare with baseline
cases. Section IV introduces the three DRL algorithms and
discusses their complexities. Section V shows comparative
simulation results among the ARISE and DRL algorithms
across diverse environmental models.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. SYSTEM MODEL
The RIS-assisted wireless communication network consists
of a single-antenna BS, an M-element metasurface-based
RIS, and a single-antenna UE. The RIS elements are metal-
lic patches arranged in a single-row uniform linear array
(ULA) structure and separated by a distance dx along the
x direction, electrically controlled by varactor diodes with
continuous voltage biases to modulate the reflection phases.
The reflection coefficient of each RIS element m is given by
Γm = |Γm|e jφm , with phase shift φm. Assuming RIS element
passivity, we set |Γm| = 1 for all m = 1, 2, . . . ,M.

In this study, we adopt an idealized RIS model com-
monly used in the literature, where each element applies
a frequency-flat, lossless, and memoryless reflection coeffi-
cient. This allows us to isolate and evaluate the fundamental
feasibility of RIS-based spatial and temporal equalization
before incorporating hardware-specific effects such as ele-
ment losses, frequency-dependent responses, nonlinearities,
and mutual coupling. In our simulations, the signal bandwidth
is less than 100 MHz and therefore the signal experiences
multipath delay spread while the RIS elements are approx-
imated as frequency-flat. This behavior is consistent among
many RIS models from the literature [11], [31], [32], [33],
[34], [35].

In the downlink scenario shown in Fig. 1, the UE receives
two main rays of signals: the first coming directly from
the BS and the second is the reflected signal from the BS
through the RIS. All channels are assumed to be far-field
and frequency-selective due to multipath delay spread. We
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FIGURE 1. Illustration of the downlink RIS scenario. LoS paths are marked by solid
lines, while NLoS paths are marked by dotted lines. Delayed paths and ISI components
are created by reflections from obstacles.

assume that there is no dominant LoS path between the
BS and the UE due to obstacles, thus the channel impulse
response is mainly characterized by Rayleigh coefficients

hBU(t) = (βBU)1/2hNLoS(t), (1)

where βBU is the path loss related to the distance between
the BS and the UE, βBU = Gd−αBU. Here, G accounts for
transmitter gains, receiver gains, and normalized path losses,
dBU is the distance between the BS and the UE, and α is
the path loss exponent [21], [36]. The NLoS components
are distributed as standard circularly symmetric complex
Gaussian random variables hNLoS(t) ∈ CN (0, σ2(t)) whose
variance σ2(t) depends on the arrival time of the signal at
the receiver due to the delayed channel components from
multipath effects, with σ2(0) = 1 [37].

The channels characterizing the reflection links between
the BS and UE through the RIS elements are modeled by the
impulse response vector

hBRU(t) = (βBRU)1/2R1/2Γ̃h(θBRU, t), (2)

where βBRU = G′(dBRdRU)−α is the path loss related to
the distances between the BS and the center of the RIS,
and between the center of the RIS and the UE, denoted
by dBR and dRU, respectively [38], [39]. We set Γ̃ =

diag[Γ1,Γ2, . . . ,ΓM]. We define the steering vector by the RIS
for the LoS channels as a function of the azimuth angle θ,
hLoS(θ) =

�
1, e jω(θ), . . . , e j(M−1)ω(θ)

�T with spatial frequencies
ω(θ) = 2πdx( fc/c) sin(θ), where fc is the carrier frequency
and c is the speed of light [3]. The BS illuminates the RIS
with normal incidence and the azimuth angle between the
BS, RIS, and UE is θBRU.

We model the channel fading parameters using Rician
coefficients. For a given transmitted symbol, we define t = 0
as the time at which the main tap (the first sample with
dominant signal power) is received. At this instant, we write

h(θ, t = 0) =

r
κ

κ + 1
hLoS(θ) +

r
1

κ + 1
hNLoS(t = 0), (3)

where κ, 0 ≤ κ < ∞, is the Rician factor. For subsequent
delayed components, where the LoS contribution is negligi-
ble, we assume purely NLoS propagation and model them
as

h(θ, t) = hNLoS(t), t > 0. (4)

This reflects a dominant early LoS component followed by
scattered multipath. We adopt a quasi-static block-fading
model and neglect small-scale common phase variations due
to UE micro-mobility, as our focus is on assessing the
feasibility of the proposed RIS-based spatial and temporal
equalization framework.

Additionally, the channels are correlated by the positive
semidefinite spatial correlation matrix R with elements

[R]n,m = sinc
�

2||un − um||

c/ fc

�
n,m = 1, . . . ,M, (5)

where un and um are the positions along x of the RIS elements
n and m, respectively, and sinc(x) = sin(πx)/(πx) is the sinc
function [40], [41].

For a transmitted signal s(t), the received baseband signal
at the UE is expressed as

y(t) =

 
hBU(t) +

MX
m=1

ΓmhBRU,m(t)

!
∗ s(t) + n(t), (6)

where n(t) is additive white Gaussian noise (AWGN) and ∗
is the convolution operator.

B. PROBLEM FORMULATION
Our objective is to configure the RIS so that the received
pulse contains a strong, well-aligned main tap with maximal
signal power while suppressing the delayed components that
generate ISI. Because the RIS is passive and cannot introduce
its own temporal delays, unlike traditional equalizers such as
the FFE or the DFE, it must rely on the natural multipath
structure of the channel: by selecting appropriate phase shifts,
the surface can steer and combine the reflected paths in a
way that reduces overlap between delayed replicas of the
transmitted pulse. The RIS therefore acts simultaneously as
a beamformer and as a temporal equalizer, shaping the com-
posite channel to provide the UE a cleaner, more concentrated
pulse.

Mathematically, we define the ISI as the signal energy
arriving at integer multiples of the symbol period T other
than the main tap of the pulse response y(t). Assuming the
dominant component of the pulse arrives at the receiver at
time t = 0, the total ISI is written as

I =
X
k,0

y(t − kT )|t=0, (7)

where the transmitted discrete-time baseband signal is the
pulse given by

sk =

(
1 k = 0
0 k , 0.

(8)

The RIS configuration is chosen by optimizing
over the reflection coefficient phase-shift vector
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FIGURE 2. Left: conventional feedforward equalizer (FFE) at the receiver vs. right:
our proposed RIS-based equalizer. The conventional equalizer processes the
baseband signal after reception using n delay taps, whereas the RIS-based equalizer
is at the midpoint of the cascaded BS-RIS-UE link and equalizes the signal before
reception by using each one of its M reflection coefficients and their corresponding
channels.

Φ = [φ1, φ2, . . . , φM]T . The optimization problem is defined
as

(P1) : max
Φ

η, (9)

where

η = sgn
�
<{y(0)}

�
·
�
<{y(0)}

�2
−
X
k,0

|y(t − kT )|2 . (10)

The metric η is designed to explicitly reward a strong, cor-
rectly phased main tap of the received pulse response while
penalizing residual ISI energy. The first term, sgn

�
<{y(0)}

�
·�

<{y(0)}
�2, promotes a large real-valued peak at t = 0 (con-

sistent with the real-valued transmitted pulse) and enforces
phase alignment through the sign factor. Otherwise, the
received symbols may be rotated over the real and imaginary
axes, as demonstrated in some of the constellations in Figs. 7
and 11. This accounts for the spatial equalization task of
the RIS. The second term, −

P
k,0 |y(t − kT )|2, suppresses the

power of all the ISI components and will be minimized for an
equalized pulse, thus representing the temporal equalization
part of the metric.

III. ADAPTIVE RIS EQUALIZATION
A. THE ARISE ALGORITHM
A popular approach to minimize the ISI of a signal is to
use the SD algorithm and adaptively adjust the equalizer
coefficients to produce a desired target signal [42]. This is
done either by sending a pilot pattern, such as a pseudo-
random binary sequence (PRBS), or with single-bit pulses
to capture the pulse response of the channel for the given
data rate [43]. In the case of the RIS-based equalizer, the
equalizer coefficients would be the RIS reflection coefficients,
as demonstrated in Fig. 2. Note the important distinction
in Fig. 2 that while the conventional SD algorithm on the
left-hand side achieves channel equalization via the memory
elements in the n-tap FFE, the structure we propose on the
right-hand side of Fig. 2 does not have any discrete memory
elements in the RIS and uses the RIS reflection coefficients
Γ1,Γ2, . . . ,ΓM to achieve signal equalization. It is important

to note that the RIS does not contain physical delay lines
or discrete memory elements; it is a passive, memoryless
surface that instantaneously modifies the reflection coefficient
of the incident wave. Here, the multipath channels contain
the delay elements required for temporal equalization. In the
conventional equalizer, an SD algorithm would only need to
process the input signal at the receiver, x(t) = s(t) ∗ h(t),
where h(t) is the channel from the transmitter to the receiver.
Assuming s(t) is known, then the filter coefficients can be
tuned directly to minimize the squared magnitude of the error
signal e(t) = s(t) − y(t) at the desired sampling instances
t = kT , where y(t) = x(t)∗c(t) and c(t) is the impulse response
of the equalizer.

In the case of the RIS-based equalizer, the RIS reflection
coefficients Γ serve as the equalizer coefficients; when com-
bined with the cascaded channels hBRU, they result in phase-
and magnitude-shifted versions of the transmitted signal s(t),
each given by xm(t) = ΓmhBRU,m(t) ∗ s(t) for m = 1, 2, . . . ,M.
The resulting signal at the receiver is a combination of the
RIS-aided propagation and the direct channel from the BS to
UE and can be written as y(t) = s(t) ∗ hBU(t) +

PM
m=1 xm(t),

similar to (6) but with the noise term omitted. By adjusting
the coefficients correctly and combining all of these signals
at the receiver, we may eliminate (or at least minimize)
the signal distortion and ISI caused by multipath scatter-
ing associated with the direct BS-UE link and with the
BS-RIS-UE links themselves. Because we have M such
signals due to the M RIS elements, we will need to estimate
M cascaded BS-RIS-UE channels in order to compute the
gradients correctly and minimize the resulting error signal,
as demonstrated by the SD update rule derived and dis-
cussed in this section. This channel estimation introduces
both additional computational complexity and communica-
tion complexity, as this SD algorithm, called ARISE, can only
begin tuning the RIS after all the CSI for the hBRU channel
matrix have been obtained. This discussion is elaborated
further in Section IV-E.

We assume the receiver samples y(t) with period T at
integer time indices k. Going forward, we use the discrete-
time signal notation yk as the equivalent to y(kT ) for all k, and
the array notation y as [y0, y1, . . . , yL] where L is the number
of ISI components in the received pulse. For a given received
pulse response y, the ARISE algorithm seeks to match it
to the transmitted signal s, given by the 1 × (L + 1) array
s = [1, 0, . . . , 0], to solve the optimization problem (P1). We
define a cost function J as the mean of the squared error
magnitudes

J = E[εkε
∗
k ], (11)

with the error signal εk at each discrete time index k, defined
by

εk = sk − yk. (12)

By observation of the optimization problem (P1), we note
that the RIS acts as both an equalizer and a signal booster,
since it has the capability to beamform and increase the SNR
of the signal while also reducing the ISI. If the magnitude
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FIGURE 3. Representative converged pulse responses real and imaginary parts at UE location (−20, −20), M = 100,» = 10,nr = 10.

FIGURE 4. Representative converged QPSK constellations at UE location (−20, −20), M = 100,» = 10,nr = 10.

of s0 is significantly larger than the tap magnitudes of y, the
algorithm will see most of the error contribution at the main
tap and thus will focus mostly on power maximization and
less on ISI minimization. On the contrary, if s0 is relatively
small, the algorithm will attempt to minimize the ISI while
keeping the main tap small, because the magnitude of the
ISI error in εk, k > 0, will become larger relative to the
main tap error in ε0. Note that the received pulse at sampling
time t = 0 will go through a phase shift due to the channels
and will include imaginary components and its real part may
become negative. For these reasons, we normalize y based
on its magnitude at k = 0 to match the desired pulse s. This
normalization accounts for the loss in signal power as the
signal passes through the channel, while ensuring the ISI
components are weighed correctly with respect to the main

tap. Furthermore, to maximize the signal power by using the
RIS as a beamformer, we scale the signal by the number of
RIS elements to account for the maximum achievable gain
of the passive RIS. We define a scaling variable αs and the
scaling factor

ys = αsM|y0|, (13)

using the main tap y0 of the initially received pulse, to scale
y during iterations of ARISE. At high SNR, noise is not the
dominant impairment, so more aggressive ISI suppression is
beneficial and a smaller αs can be used.

At low SNR, where noise dominates, a larger αs prevents
ARISE from over-equalizing and preserves signal power
(e.g., αs = 0.25 in Fig. 4 achieves the highest SNR, whereas
αs = 0.1 in Fig. 7 achieves the highest SNR under the same
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FIGURE 5. Converged CDFs over 1000 random channel realizations under the random walk scenario, M = 100,» = 10,nr = 10.

FIGURE 6. Representative converged pulse responses real and imaginary parts at UE location (−20, −20), M = 100,» = 0,nr = 50.

noise power but with different main tap amplitudes due to
channel losses and RIS configurations). This heuristic can be
implemented by allowing the receiver to estimate the noise
variance relative to the signal power and provide ARISE
with a coarse SNR estimate, from which αs can be selected
accordingly. Importantly, this guideline does not modify the
optimization metric η used in the paper, as the ARISE cost
function remains based on the difference between main tap
power and ISI power. The scaling factor simply determines
the relative emphasis placed on main tap preservation within
this metric, and the SNR-based heuristic provides a principled
way to choose it without altering the underlying objective.

To minimize the cost function J, the ARISE algorithm will
directly modify the RIS reflection coefficients Γm to obtain
stable gradients, rather than the reflection phases φm which
affect the received signal in a nonlinear manner. The objective
function of ARISE thus becomes

min
Γ

E[εkε
∗
k ], (14)

with the gradient descent update rule of the reflection coef-
ficients Γ = [Γ1,Γ2, . . . ,ΓM]T as

Γt+1 = Γt + µE

"
LX

l=0

h∗BRU,ls
∗
k−lεk

#
, (15)

following the derivation in Appendix A, where Γt =

[Γt,1,Γt,2, . . . ,Γt,M]T is the reflection coefficient vector Γ
at time t. We take the expectation over L + 1 sig-
nal taps–essentially as a sliding window across the pulse
response–to calculate the ensemble average and therefore the
“true gradient” during each time step [42]. The expectation is
carried out using time averages under the standard assump-
tion of ergodicity. To enforce the passivity of the RIS, we
normalize the magnitude of each reflection coefficient after
every update using

Γt+1,m ←
Γt+1,m

|Γt+1,m|
(16)

for m = 1, 2, . . . ,M.
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FIGURE 7. Representative converged QPSK constellations at UE location (−20, −20), M = 100,» = 0,nr = 50.

FIGURE 8. Converged CDFs over 1000 random channel realizations under the random walk scenario, M = 100,» = 0,nr = 50.

In practice, the pulse responses after each RIS gradient
update can be obtained by either:

• Updating the RIS configuration during each step
and measuring the new pulse response from the
receiver.

• Calculating the expected pulse response offline assuming
the RIS is updated, using the expression in (6).

Note the tradeoff between the two approaches above: the
first requires live communication with the receiver while
the RIS is being optimized, whereas the second approach
requires channel estimation for the direct hBU vector for
accurate computation of the expected pulse responses.

The full ARISE algorithm is outlined in Algorithm 1. The
step size for gradient descent is given by

µ =
αµ(L + 1)P

k |yk |
, (17)

with an arbitrary scaling factor αµ and signal components |yk |

taken from the initially received pulse response. The stopping
condition for convergence is based on comparing the absolute
difference between normalized versions of η, defined as

ηn =
ηP

k |yk |
2 , (18)

over ten consecutive steps against a predetermined threshold
ηth. For an additional safety measure, we define ηn,max,
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FIGURE 9. Illustration of the DRL-based RIS equalizer implementation. The actor
(policy) DNN takes the state from the environment and outputs the action
corresponding to RIS reflection coefficients that should improve the signal integrity.
The RIS controller updates the RIS reflection coefficients and the environment
changes accordingly. The environmental states (pulse responses), actions (RIS
reflection coefficients), and rewards (normalized ”n metrics) are stored in a replay
buffer, from which training batches are extracted to optimize the DNN
hyperparameters. The actor is also trained using the output of the critic (Q-function).

Algorithm 1 Adaptive RIS Equalization (ARISE)
1: Initialize Γ, hBRU, s, ηn,max, ηd, ηth, αµ, αs.
2: Initialize y by transmitting s and recording the received

signal from (6).
3: Initialize µ← αµ(L+1)P

k |yk |
.

4: Initialize ys ← αsM|y0|.
5: Initialize i← 0.
6: repeat
7: ε ← s − y/ys.
8: Calculate η using (10) and ηn using (18).
9: if ηn > ηn,max then

10: ηn,max ← ηn.
11: end if
12: Update Γ using (15).
13: Normalize Γ using (16).
14: Obtain new received pulse y′ from (6).
15: Calculate new objective functions η′ using (10) and η′n

using (18).
16: if η′n < ηn,max − ηd then
17: µ← µ

2 .
18: ηn,max ← −1.0.
19: end if
20: if |η′n − ηn| < ηth then
21: i← i + 1.
22: else
23: i← 0.
24: end if
25: if i ≥ 10 then
26: break
27: end if
28: until convergence

initially set to -1, to track the highest achieved objective
function. We also introduce an auxiliary parameter ηd to
monitor the difference between the current objective and the
best recorded objective, and reduce the step size in case the
algorithm overshoots and begins to diverge.

Although we are using a steepest descent approach by
applying the expectation operator as in the update rule
in (15), we note that a stochastic gradient descent-based
implementation of ARISE is also achievable, similar to the
least mean squares (LMS) algorithm [44]. The update rule
becomes

Γt+1 = Γt + µ

LX
l=0

h∗BRU,ls
∗
k−lεk. (19)

Then, instead of processing the pulse response via a sliding
window and averaging the errors before each RIS update,
we use the stochastic gradient obtained from processing
the pulse (or any other desired pilot signal) during only a
single window per time step. This approach would have less
computational complexity per RIS update step, but would
likely require more steps until convergence and result in noisy
gradients. In the simulation results discussed in this work, we
use the update rule with the expectation operator as in (15)
to take complete advantage of every sample in the received
pulse response, thereby equalizing the signal using a smooth
gradient.

B. ARISE SIMULATION RESULTS
The RIS environment consists of a single-antenna BS, single-
antenna UE, and by default, an M = 100-element RIS. The
spacing between the RIS elements is dx = 20 mm and the
wireless signal carrier frequency is fc = 2.45 GHz. We use
a symbol duration T = 16.3 ns with a modulated signal
bandwidth of B = 61.44 MHz, in accordance with the 3GPP
standard for 5G New Radio (NR) [45]. The normalized gain
factors are G = G′ = −43 dBm, as in [21], and the noise
power is Pn = −96 dBm in the AWGN signal n(t). We
define a 2-dimensional coordinate system with the BS at the
center with coordinates (in meters) (0, 0). The BS directly
illuminates the RIS, located at (10, 0), at normal incidence.
The starting location for the UE is at (−20,−20) and the UE is
allowed to move within the rectangular area bounded between
the points (−100,−100) and (−10, 100). At the start of each
channel coherence block, the NLoS channels are randomly
generated and the UE moves in a random walk fashion, each
time in a random direction and a random distance up to 20 m
away from the previous point, both uniformly distributed.
Considering the ISI paths between the BS and the RIS may
also be scattered and delayed in the RIS-UE link, we define
the relationship between the number of delayed paths nr and
number of ISI terms L as L = 2nr.

We define two baseline RIS reflection coefficient schemes
for comparison:
• Random Phases–the RIS reflection phases are sampled

uniformly between [−π, π].
• Inverse Phases–the RIS reflection coefficients are the

complex conjugates of the M channel coefficients in
hBRU,k, evaluated at the sampling instance k = 0 and
normalized to unity magnitude, e.g.,

Γ = exp(− j∠hBRU,0), (20)
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FIGURE 10. Representative converged pulse responses real and imaginary parts at UE location (−20, −20), M = 100,» = 10,nr = 10.

FIGURE 11. Representative converged QPSK constellations at UE location (−20, −20), M = 100,» = 10,nr = 10.

intending to produce a coherent sum at the receiver for
y0 [11].

For the ARISE algorithm, we set the threshold parameter
ηth = 10−5 and the overshoot parameter ηd = 0.5. We scale the
step size µ by αµ = 10 for rapid convergence.

The first simulation compares the baseline schemes with
the converged results from ARISE using various scaling
factors αs for a single representative scenario. In this case, the
Rician factor for the BS-RIS-UE link is κ = 10 and the link
between the BS and UE is characterized by Rayleigh fading
due to obstacles in the path–modeling pre-existing signal
distortion and highlighting the dependency of the wireless
environment on the RIS. The number of delayed paths is
nr = 10, thus the number of ISI terms is L = 20. The
converged pulse responses for each algorithm are plotted in
Fig. 3, assuming the unit interval (UI) T = 16.3 ns. The corre-
sponding QPSK constellations, obtained from PRBS signals
using the same channels and converged RIS configurations,
are presented in Fig. 4. The simulation was then repeated
using the random walk method over 1000 random channel
coherence blocks. At the beginning of each channel realiza-
tion, the RIS reflection coefficient matrix Γ̃ is initialized with
random reflection phases and unity magnitudes. The CDF
plots of the converged η and normalized ηn metrics across
those 1000 simulations are presented in Fig. 5.

The pulse responses reveal that under the Random Phases
configuration, the channel exhibits a long ISI tail with sub-
stantial real and imaginary components, while the main tap
is significantly weaker than many of the interfering terms. A
conventional receiver would struggle to recover the signal
data under such conditions to achieve low bit error rate
(BER). Under the Inverse Phases configuration, the main
tap amplitude is restored, but the ISI tail remains largely

intact. The advantage of ARISE becomes evident when
comparing the subsequent configurations: for a scaling factor
αs = 1, ARISE achieves a main tap amplitude near-equal
to the Inverse Phases case while simultaneously reducing
the ISI power. As αs decreases and temporal equalization
is prioritized over spatial beamforming, the ISI components
are progressively suppressed and eventually become nearly
negligible. The main tap amplitude remains stable down to
αs = 0.5, after which it decreases slightly–yet this reduction
is accompanied by a substantial suppression of ISI, yielding
a cleaner overall pulse response. This behavior is further
reflected in the QPSK constellations in Fig. 4, where ARISE
yields both an SNR boost and a noticeable reduction in
symbol variance. The CDF results in Fig. 5 reinforce this
trend: although ARISE and Inverse Phases achieve near-equal
η values, ARISE consistently attains higher normalized ηn,
highlighting its superior equalization capability. A similar
pattern appears in a more challenging setting where the
main tap path is entirely NLoS (κ = 0), and the number
of ISI terms increase to L = 100 as nr = 50. As shown
in the representative single-run scenarios in Figs. 6 and 7,
and in the corresponding CDF results for the same initial
configuration using the random walk method over 1000
random channel realizations (Fig. 8), ARISE continues to
suppress ISI effectively and maintain a strong main tap
component even under these harsher propagation conditions.

The observed convergence behavior of ARISE can be
understood through the structure of the underlying opti-
mization problem. Unlike classical equalization, where the
optimization variables enter linearly and lead to a quadratic
(convex) objective, RIS-based equalization involves phase
variables that affect the channel multiplicatively through
complex exponentials, resulting in a nonconvex optimization
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landscape. Therefore, ARISE is a projected steepest-descent
method applied to a smooth but generally nonconvex objec-
tive. Under standard step-size rules (e.g., fixed small step or
backtracking), the algorithm ensures monotonic decrease of
the objective and convergence to a first-order stationary point,
with iterates remaining bounded due to the unit-modulus
phase constraint; these properties follow from standard results
in smooth nonconvex optimization. In practice, convergence
speed depends on channel conditioning, but stable behavior is
observed across channel realizations in our simulation results,
and warm starts across coherence intervals further accelerate
convergence. While global optimality is not guaranteed due
to nonconvexity, multiple initializations or warm starts can
be used to mitigate local minima, with negligible additional
overhead in slowly varying channels.

The feasibility of ARISE critically depends on the avail-
ability of accurate CSI, since its update rule in (15) requires
explicit knowledge of the cascaded channel matrix hBRU
to suppress the dominant ISI components. Estimating this
high-dimensional channel matrix becomes increasingly bur-
densome as the RIS scales, and eliminating L ISI taps in
principle requires M(L + 1) coefficients associated with the
M RIS elements and the (L+1) signal components (main tap
and ISI). Although practical estimators may jointly recover
the main and delayed channels using fewer than M(L +
1) pilot configurations, the design of such estimators for
RIS-aided wideband channels with ISI lies outside the scope
of this work [3], [34], [46]. Importantly, ARISE cannot begin
optimizing the RIS until channel estimation is completed,
introducing additional delay and communication overhead
due to the need for repeated pilot transmissions across
multiple RIS configurations. Moreover, ARISE implicitly
assumes a linear and frequency-flat RIS response, whereas
realistic RIS hardware exhibits element coupling, ampli-
tude losses, phase errors, and frequency-dependent reflection
coefficients–effects that complicate accurate modeling, espe-
cially in wideband scenarios [31], [47], [48], [49]. These
issues are further discussed in Section IV-E. We address
the above problems by using the DRL-based methods dis-
cussed in the following sections, which avoid explicit channel
estimation altogether and are inherently model-free. These
algorithms only require a single pilot symbol transmission to
obtain the pulse response at each time step, and the agent
can begin optimizing the RIS as soon as a minimal number
of samples are stored in its memory.

IV. DEEP REINFORCEMENT LEARNING
In this section, we will review general concepts behind DRL,
relate it to the RIS equalizer scenario, and introduce three
different algorithms to solve the optimization problem (P1).

A. BACKGROUND
In the most general sense, reinforcement learning (RL)
involves an agent that takes actions in a specific environment
and receives different rewards for different actions. The goal
is to learn a policy that guides the agent to choose actions

that maximize long-term rewards through trial and error. In
the case of DRL, we employ deep neural networks (DNNs)
to model the environment and the agent. The key elements in
RL, applied to our RIS case, are described as follows [23],
[50]:

1) State: A set of parameters characterizing the environ-
ment. We define the state at time t as st ∈ S as a
function of the received pulse response y at time t,
denoted by yt, where S is the continuous state space.
We define the notation yt,k to identify the sample at
index k from the received pulse response yt. Since
the pulse response is complex due to reflection phase
shifts in the channel, we expand the pulse of length
L + 1 to an array of length 2(L + 1) which contains
the real and imaginary parts of each sampled point
in the pulse, to be used as inputs to the DNNs. The
state is defined as the resulting array st = y′t where
y′t = [<{yt,0},={yt,0}, . . . ,<{yt,L},={yt,L}].

2) Action: The choice at ∈ A of the agent at each
time step to move from the current state of the envi-
ronment st to the next state st+1, sampled from the
continuous action space A. We define the action as
the RIS reflection coefficients Γ at time t that will
aim to improve the quality of the pulse response,
i.e., at = Γ′t . Here, we also split the real and
imaginary parts of the M-dimensional reflection coef-
ficient vector Γt into an array of length 2M as Γ′t =

[<{Γt,1},={Γt,1}, . . . ,<{Γt,M},={Γt,M}]T .
3) Reward: An instantaneous performance metric pro-

vided by the environment to inform the agent of the
quality of its action at at state st as it moves to the
next state st+1. Here, the reward rt+1 is defined as
the normalized version of η according to (18), ηn,
expressed by

rt+1 =
ηP

k |yt+1,k |
2 . (21)

This normalization ensures the rewards are always
between −1 at the worst case and + 1 at the best
case, to provide stable gradients when the DNNs are
trained. Note that per the definition of η in (10) and
due to the normalization here, the reward function is
penalized when the received signal yt is dominated
by ISI, when the real part of yt,0 is small, and when
the imaginary part of yt,0 is significant, by accounting
for the power at each sampled index of yt. This also
indicates that there will exist different local optima in
RIS configurations, similar to how the performance of
ARISE depends on the scaling of the received signal.
This problem invokes the tradeoffs between exploration
and exploitation of the DRL algorithms, which will be
discussed later.

4) Experience: Previous observations and interactions of
the agent with the environment stored in memory as
(st, at, rt+1, st+1).
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5) Policy: Determines the probability of choosing a spe-
cific action based on the current state, denoted by
π(at |st) and satisfying

P
at∈A π(at |st) = 1. Our goal is

to determine a policy that will quickly find a set of
stable RIS reflection coefficients to reduce the ISI and
improve the SNR of the received wireless signal.

6) State-action value function: The quality of taking
action at in state st based on the potential future
rewards.

To ensure a fair comparison between ARISE and the
DRL-based methods, all algorithms are designed to optimize
the same objective. ARISE minimizes the mean-squared
error between a scaled version of the received pulse and
a desired target pulse, and its convergence is monitored
through the normalized equalization metric ηn. The DRL
algorithms directly maximize this same normalized met-
ric, but do so through stochastic policy-gradient updates
rather than deterministic gradient descent. Thus, although
the optimization procedures differ–ARISE relying on full
cascaded CSI and deterministic updates, and DRL relying on
exploration and stochastic training–the underlying objective
definition remains consistent across all methods.

Amplification effects are also implicitly reflected in the
DRL reward: because ηn measures the difference between
main tap power and ISI power, normalized by the total
received power, any RIS configuration that increases the main
tap amplitude improves the reward, while configurations that
reduce the main tap or increase ISI penalize it. The normal-
ized form of the metric is used in the DRL setting to avoid
reward-scale variations across different channel realizations,
since the receiver does not know the absolute path loss.
This normalization ensures stable learning behavior across
coherence blocks while preserving the same equalization
objective used by ARISE.

We define Vt as the future cumulative discounted reward

Vt =

∞X
τ=0

γτrt+τ+1, (22)

where τ takes values from nonnegative integers and 0 < γ < 1
is the discount rate. The state-action value function is given
by the Q-function, which satisfies the Bellman equation

Qπ(st, at) = Eπ[Vt |st = s, at = a]
= Eπ[rt+1|st = s, at = a]

+ γ
X
s′∈S

Pa
ss′

 X
a′∈A

π(a′|s′)Qπ(s′, a′)

!
(23)

and can be learned recursively to find the optimal policy by
utilizing the Q-learning algorithm [51]. In the above, Pa

ss′

is the transition probability from state s to state s′ given
action a in the Markov decision process (MDP). A target
Q-function is initialized and then learned to achieve the opti-
mal Q-function, with the expectation taken over all possible
next states st+1,

Q∗(st, at) = E
�

rt+1 + γmax
at+1

Q∗(st+1, at+1)
�
, (24)

using the update rule

Q∗(st, at)← (1 − α)Q∗(st, at)

+ α

�
rt+1 + γmax

at+1
Qπ(st+1, at+1)

�
, (25)

where α is the learning rate. By definition, the Q-function
determines the future cumulative discounted rewards based
on a given policy, the current state, and the choice of action.
The optimal Q-function–the one that would yield the highest
future rewards for the current state and action–would follow
the desired optimal policy, π∗.

Considering the context of this work, the action space
is high-dimensional and scales with the size of the RIS,
prompting the use of machine learning to estimate the
Q-function and optimal policy using two DNNs. The critic
DNN estimates the Q-function based on the states, actions,
and rewards as the agent acts in the environment. Using the
symbol θ to represent the critic DNN parameters (neuron
weights, activation functions, number of layers, etc.), we
have Q(st, at) = Qθ(st, at). The actor DNN seeks the optimal
policy, taking the current state as the input and estimating
an action at the output. Depending on the algorithm choice,
each of the two DNNs may also split into training and target
DNNs [52]:
• Training critic Qθ(st, at) learns the Q-function via gra-

dient descent.
• Target critic Qθtarg (st, at) provides a slowly updated copy

of the critic used to provide stable time-difference (TD)
targets.

• Training actor µφ(st) is the policy network and is
optimized using the deterministic policy gradient.

• Target actor µφtarg (st) is a slowly updated copy of the
actor used to generate stable next-state actions for loss
function computations during training.

Note that the DNNs can now be trained by updating
their weights using stochastic optimization algorithms and
backpropagation as

θt+1 = θt − µ∇θl(θ), (26)

where µ is the learning rate and ∇θl(θ) is the gradient of
the loss function l(θ) [53]. Modern machine learning frame-
works like TensorFlow [54] automatically compute gradients
through backpropagation, so we do not need to derive these
expressions manually.

Another key component of DRL is the experience replay
buffer, which stores the interactions of the agent with
the environment. Training the DNNs on randomly sam-
pled batches from this buffer, rather than on consecutive
states, reduces the strong temporal correlations present in
the data. This increased stochasticity helps prevent the net-
works from overfitting to recent experiences and becoming
trapped in local optima, thereby improving overall learning
performance. This mechanism also interacts with the broader
concept of exploration versus exploitation: exploration seeks
out new states, often through noisy or randomized actions,
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while exploitation leverages previously collected experiences,
such as those stored in the replay buffer, to refine the policy.

The principles discussed in this subsection provide the
foundation for the DRL algorithms presented next: DDPG,
TD3, and SAC, where these ideas are applied in concrete
algorithmic frameworks.

B. DDPG
Deep Deterministic Policy Gradient (DDPG) is an off-policy
(learns a target policy from data generated by a differ-
ent behavior policy [55]), model-free actor-critic algorithm
designed for continuous control tasks. It combines the deter-
ministic policy gradient framework with techniques from
DRL, using separate actor and critic networks along with
target networks and a replay buffer. The critic learns an
action-value function, while the actor is updated by back-
propagating the gradient of the critic with respect to the
action, enabling the learning of a deterministic policy in high-
dimensional continuous action spaces [52], [55]. The actor
DNN takes the state as its input and outputs the continuous
action based on its learned policy, and the critic takes the
state and the action, and outputs the estimated Q-function
Q(st, at) according to (23) [23]. Referring to (25), the role
of the actor is to find the best action that will result in
the maxat+1 Qπ(st+1, at+1) term, thus eliminating the need for
exhaustive search and non-convex optimization. DDPG uses
a deterministic policy µφ(st), which serves the same role as
a stochastic policy π(at |st) but outputs a single action rather
than a distribution over actions.

The top-level algorithm is outlined as follows. We have an
RIS-aided environment as described in the previous section,
where the current state st is defined as the received sampled
pulse response at time t, y′t , and the current action at = µφ(st)
is the update to the reflection coefficients of the RIS by pass-
ing y′t into the policy DNN, yielding Γ′t . We normalize the y′t
array to the limits [−1, 1] to produce stable gradients when
training the DNNs using backpropagation [53]. We define the
current “step” as the current state of the environment with
the current RIS configuration, and the current “episode” as
the time frame during which the wireless channels remain
coherent. At each state, we induce exploration by adding
a random noise vector ε to the RIS reflection coefficients,
clip the reflection coefficients to [−1, 1], and assign unity
magnitudes after combining the separated real and imaginary
parts from Γ′t into Γt and using (16). After updating the
RIS reflection coefficients, we obtain the next (normalized)
state st+1 = y′t+1 and next reward rt+1 from (21), and store
(st, at, rt+1, st+1) in the replay buffer D.

To update the DNNs, we randomly sample a batch B
of size B from the replay buffer, compute and apply the
gradients to all DNNs as shown in Algorithm 2. The loss
function used to train the critic with gradient descent is given
by the mean-squared Bellman error (MSBE) function, used to
determine how close Qθ(s, a) comes to satisfying the Bellman
equation from (24) [56],

l(θ) = E
h�

Qθ(s, a) − (r′ + γQθtarg (s′, µφtarg (s′)))
�2
i
, (27)

Algorithm 2 Deep Deterministic Policy Gradient (DDPG)
for RIS Equalizer

1: Initialize both training and target DNNs for both actor
and critic, assign φtarg ← φ, θtarg ← θ.

2: for episode in Nep do
3: for t in Nsteps do
4: Observe state st ← y′t and set RIS coefficients

Γ′t ← clip(µφtarg (y′t) + ε,−1, 1),

ε ∼ N (0, σ2
a)2M×1.

5: Set at ← Γ
′
t .

6: Update RIS reflection coefficients as

Γt ← [Γ′t,1 + jΓ′t,2, . . . ,Γ
′
t,2M−1 + jΓ′t,2M]T

and normalize using (16).
7: Observe new state st+1 ← y′t+1.
8: Calculate rewards rt+1 using (21).
9: Store (st, at, rt+1, st+1) in the replay buffer D.

10: if |D| ≥ B then
11: for i in Ntrain do
12: Sample batch B = {(s, a, r′, s′)} from D.
13: Calculate l(θ) using (27).
14: Update critic:

θ ← θ − µc∇θl(θ).

15: Calculate l(φ) using (28).
16: Update actor:

φ← φ − µa∇φl(φ).

17: Soft-update target critic:

θtarg ← τθ + (1 − τ)θtarg.

18: Soft-update target actor:

φtarg ← τφ+ (1 − τ)φtarg.

19: end for
20: end if
21: end for
22: end for

where the expectation is taken over a randomly selected batch
of (s, a, r′, s′) from the replay buffer D. The actor is trained
using gradient ascent with the loss function

l(φ) = E
h
Qθ

�
s, µφ(s)

�i
, (28)

to learn a policy that maximizes the Q-function. The target
DNNs are updated using Polyak averaging [57] with a
weighting factor τ,

θtarg ← τθ + (1 − τ)θtarg. (29)

Note that during each time step t, the actor and critic DNNs
may be trained Ntrain times by sampling random batches from
the replay buffer. However, they will only start training once
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the replay buffer contains sufficiently many samples to form
a batch.

C. TD3
Although DDPG can achieve strong performance, it often
suffers from overestimation bias in the learned Q-function,
which can destabilize training and increase sensitivity to
hyperparameters [58]. Twin Delayed DDPG (TD3) is an
algorithm that builds on the foundation of DDPG and seeks
to address the above issues. It introduces the concept of
clipped double Q-learning, where two “twin” critic networks
are learned (each with its own training and target networks),
Qθ1 and Qθ2 . During the gradient update, we modify the loss
function in (27) to take the minimum between the two target
critic Q-function estimators

l(θi) = E
��

Qθi (s, a)

− (r′ + γmin
i=1,2

Qθtarg,i (s′, µφtarg (s′)))
�2
�
, (30)

thus accounting for the overestimation bias.
Additionally, TD3 introduces delayed policy updates to

reduce the error in the value function estimates and decrease
the risk of divergence, by updating the actor network and
target networks every dTD3 steps. This allows the critic to
make more progress among policy updates, reducing the
propagation of critic estimation errors into the policy.

Finally, TD3 uses target policy smoothing regularization
during training. When computing the target value to train the
critic, TD3 adds clipped noise to the output of the target actor
µφtarg (s), encouraging the critic to learn a smoother Q-function
and preventing exploitation of sharp value peaks.

The pseudocode for the TD3 algorithm is given in
Appendix B as Algorithm 3.

D. SAC
Soft Actor-Critic (SAC) extends the actor-critic framework
by introducing maximum entropy reinforcement learning,
which augments the standard objective with an entropy
term that encourages exploration and robustness [59]. Unlike
DDPG and TD3, which rely on deterministic policies,
SAC learns a stochastic policy πφ(a|s) that maximizes both
expected return and policy entropy. The resulting objective
is

J(π) = Eπ

"
∞X

t=0

γt (r(st, at) + αH(π(·|st)))

#
, (31)

where α is the temperature parameter that controls the
tradeoff between reward maximization and the entropy H(·),
and γ is the discount rate from (22). Note that the exploration
in DDPG and TD3 solely depends on adding noise to the RIS
reflection coefficients that are selected from the policy DNN.
In the case of SAC, the stochastic policy yields different
actions by producing Gaussian distributions for each RIS
reflection coefficient and randomly sampling from them.

SAC employs three main DNNs: a stochastic policy net-
work πφ as the actor, and two Q-function approximators Qθ1

TABLE 1. Per-step computational complexities of the proposed algorithms.

and Qθ2 as the critics (with their training and target networks).
The two critics resemble the double Q-learning introduced in
TD3 to mitigate overestimation bias by taking the minimum
of their outputs when forming the target for the loss function.
However, SAC differs in that the loss function incorporates
both the next-state value and the entropy of the policy. The
new MSBE loss function to train the critics thus becomes

l(θi) = E
��

Qθi (s, a)−�
r′ + γ

�
min
i=1,2

Qθtarg,i (s′, µφtarg (s′)) − α log πφ(a′|s′)
���2�

. (32)

The actor aims to maximize both the expected future
rewards and the expected future entropy. The actor loss
function is

l(φ) = E[min
i=1,2

Qθi (s, a) − α log πφ(a|s)]. (33)

A key feature of SAC is the automatic temperature tuning
mechanism, which adjusts α during training to maintain a tar-
get entropy level [60]. This allows the algorithm to adaptively
balance exploration and exploitation without manual tuning
of the entropy weight, using the loss function for gradient
descent

l(logα) = E[− logα(log πφ(a|s) −H)], (34)

where H = − dimA = −2M is the target entropy and A is
the action space corresponding to the 2M real and imaginary
parts of RIS reflection coefficients. We update the log value of
α to avoid accidental negative α values and ensure smooth
and stable gradients. The pseudocode for SAC is given in
Appendix B as Algorithm 4.

Overall, SAC provides several advantages over determin-
istic methods such as DDPG and TD3, mainly due to its
improved exploration through stochasticity, reduced sensi-
tivity to hyperparameters, and enhanced stability due to
entropy regularization and double Q-learning. All the above
algorithms are effective contestants for high-dimensional con-
tinuous control tasks such as the RIS equalization problem
discussed in this work. In the following subsection, we
discuss the computational and communication costs of each
of these algorithms to provide a fair comparison between
them and the ARISE algorithm.

E. COMPLEXITY ANALYSIS
Following the structure of the update rules in DDPG, TD3,
and SAC, we derive the per-update computational cost in
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terms of the number of forward/backward passes through the
actor and critic networks. To our knowledge, no prior work
provides a formal asymptotic complexity analysis of these
algorithms. We define the cost of a single forward/backward
pass per batch through a single DNN as C, which depends
on the architecture and hyperparameters of each DNN and
the batch size. We assume all batch sizes are the same and
the DNN architectures across the three different algorithms
are similar such that C does not vary significantly among the
algorithms. Note that the overall computational complexity
until convergence of each algorithm would vary depending
on its performance for the RIS equalization problem–whether
training is required over a long period of time, or if the
reflection coefficients can be optimized quickly. The per-step
complexities of all the algorithms are summarized in Table 1.

For DDPG, we update the actor and critic DNNs Ntrain
times per step, yielding TDDPG = O(Ntrain(Ccritic + Cactor)),
where Ccritic is the cost per critic update, and Cactor is the
cost per actor update. We leave the target DNN updates out
of this expression, since the complexity of Polyak averaging
is insignificant compared to that of a forward/backward pass
through a DNN.

In the case of TD3, we have two critic DNNs and a
single actor. The actor updates every dTD3 iterations, yielding
TTD3 = O

�
Ntrain

�
2Ccritic +

1
dTD3

Cactor

��
. SAC also has two

critic DNNs and a single actor, with an actor update every
iteration. Assuming the temperature and target updates are
negligible compared to the backpropagation required for
DNN training, we obtain TSAC = O(Ntrain(2Ccritic + Cactor)).

To derive the per-update complexity of ARISE, we refer
to the update rule in (15). We perform vector multiplications
on M-dimensional vectors L + 1 times due to the length of
the captured pulse response. Under the assumption that each
time step introduces a new pulse response with L + 1 taps
to equalize, we take the expectation over L + 1 signal taps
to create the ensemble average, yielding a final per-step cost
of TARISE = O(M(L + 1)2) [42]. Note that for the stochastic
gradient descent (SGD) version of ARISE in (19), the cost
becomes TARISE-SGD = O(M(L+1)) as the pulse is processed
only a single time per RIS update, without averaging an
ensemble.

The per-step complexity ultimately depends on the size
of the DNNs and their activation functions that yield Ccritic
and Cactor. Depending on the available hardware at the RIS
controller, the training of the DNNs may be accelerated to
reduce the amount of time required per step.

The computational and signaling complexity of the pro-
posed approach scales linearly with the number of RIS
elements M. In the ARISE algorithm, each iteration updates
M phase variables, resulting in per-iteration complexity on
the order of O(M), while the total cost scales as O(NI M)
with the number of iterations NI . For DRL-based methods,
at deployment, the inference complexity scales approximately
linearly with M for standard network architectures, as the
output dimension of the policy DNN scales linearly with M
in our implementation. The control signaling overhead is also

O(M), as M quantized phase values must be conveyed to
the RIS per update, which occurs at the channel coherence
timescale rather than the symbol rate. These complexities
remain manageable even for large RIS arrays due to the
relatively slow update rate and the absence of per-symbol
adaptation. This linear scaling is comparable to that of
conventional large-array beamforming systems.

Beyond computational and signaling complexity, the
proposed approach benefits from a natural separation of
timescales between fast symbol-level dynamics and slower
channel variations. In representative deployment scenarios
such as indoor industrial environments or fixed backhaul
links, channel coherence times are typically on the order
of milliseconds, compared to symbol durations in the
nanosecond range, allowing RIS configurations to be updated
infrequently relative to the symbol rate. Consequently, con-
trol latency requirements are moderate and compatible with
current RIS implementations, while still enabling effective
over-the-air equalization without the need for rapid per-
symbol adaptation.

Furthermore, the communication complexities associated
with ARISE and DRL are significantly different from each
other. We note that the success of our ARISE algorithm
primarily depends on available CSI of the hBRU cascaded
channel matrix for the gradient descent rule to work correctly.
As documented in prior RIS channel estimation works,
CSI acquisition with an M-element RIS typically requires
configuring the RIS into at least M orthogonal patterns
(e.g., DFT-based or ON/OFF patterns) so that the cascaded
channel can be uniquely identified. Although feasible, this
procedure additionally requires computationally intensive
channel estimation algorithms that scale with the RIS size,
as documented in recent works such as [3], [18], [61], [62],
[63], and [64].

To quantify the overhead associated with ARISE, estimat-
ing the full BS-RIS-UE channel hBRU ∈ CM×(L+1) requires
M(L + 1) pilot symbols. Furthermore, to capture the pulse
responses after each RIS update in practice, we either need to
calculate the expected pulse offline (which requires channel
estimation for the BS-UE link hBU), or reconfigure the RIS
and obtain the pulse response from the receiver. For ARISE-
SGD, more time steps would be required until convergence
due to noisy gradients. In our baseline simulation setup
with a 100-element RIS and a 21-tap pulse response, this
corresponds to 100×21 = 2100 pilots that must be collected
before ARISE can perform its first gradient update. For an
episode consisting of 2000 RIS updates, ARISE therefore
incurs a front-loaded pilot block that is comparable in size
to the entire optimization horizon and must fit within the
channel coherence time.

In contrast, the DRL algorithms require only a single
measured pulse response per RIS update–2000 measurements
in total if optimization lasts the entire episode–which can
be conveyed via a low-rate out-of-band (OOB) link and
eliminate the need for explicit CSI [65]. Crucially, DRL
does not require any channel estimation before optimization
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TABLE 2. Communicational overheads of the proposed algorithms.

begins: it can start adapting the RIS immediately, using only
the received pulse responses as feedback.

While the absolute overheads are similar in this particular
configuration, the structural difference is significant: ARISE
concentrates its overhead into a large pilot block that must be
reacquired whenever the cascaded channel changes, whereas
DRL distributes its measurements over time and remains
agnostic to the underlying channel model. Moreover, the
scaling behavior strongly favors DRL. For example, with
a larger RIS (e.g., M = 128) and a shorter episode (e.g.,
100 updates), ARISE would require 128 × 21 = 2688
pilots before the first gradient update, versus only 100 pulse
measurements for DRL while optimizing the RIS, yielding
more than an order-of-magnitude reduction in overhead.
These examples illustrate that the reliance of ARISE on full
cascaded CSI becomes increasingly impractical as RIS size
grows or coherence time shortens, whereas DRL maintains
consistent and scalable communication efficiency. Further-
more, the model-free operation enabled by DRL allows it to
naturally accommodate RIS nonlinearities, coupling effects,
and frequency-dependent behavior, making it a more scalable
and robust approach for wideband RIS-aided equalization.

In summary, although ARISE is computationally
lightweight in terms of its per-update gradient operations,
its reliance on full cascaded CSI makes it increasingly
impractical as RIS size grows or coherence time shortens.
On the contrary, DRL maintains scalable, model-free
operation with consistent communication efficiency. A
summary of the communication overheads is provided in
Table 2.

V. COMPARATIVE SIMULATION RESULTS
We use the same simulation setup as in Section III-B to
compare the performance of the DRL algorithms with that
of ARISE. Based on the results in Section III-B, we use a
scaling factor αs = 0.10 for the ARISE algorithm to enhance
its equalization capability and provide a strong baseline to
compare against the DRL algorithms. Here, we define an
“episode” as a channel coherence block. At the beginning
of each episode, the UE moves according to a random
walk and the NLoS components are generated randomly,
ensuring randomized channel realizations across episodes. A
“time step” corresponds to a change in the RIS reflection
coefficients, after which the resulting pulse response and the
corresponding reward are obtained. Each episode consists of
2000 time steps. We use reward scaling by multiplying each
rt+1 by 100 before saving it in the replay buffer to boost the

TABLE 3. DRL implementation parameters.

learning rates of the networks. The replay buffers are updated
in a first-in-first-out (FIFO) policy with a maximum buffer
size Dmax. At the beginning of each episode, we reset the
replay buffers and learning rates of all DNNs, as well as the
SAC temperature coefficient α. Exclusively for DDPG, we
also randomize the weights of the actor and critic networks
to avoid remaining stuck at local optima.

The noise added to the actions for DDPG and TD3 is
scaled each time step by 10−τdt to provide a decaying noise
schedule which promotes exploration at the beginning of each
episode, and more exploitation at the end of each episode to
promote convergence stability, where t is the current time
step index, t = 0, 1, . . . , 1999, and resets at the beginning of
each episode. Furthermore, we reduce the number of trainings
per time step and actor learning rates depending on the
average of the latest five consecutive rewards achieved by
each algorithm. For instance, we start with µa = 10−3 and
Ntrain = 4. When the average of five consecutive rewards are
over 0.75, we set µa ← 0.8µa, Ntrain ← Ntrain−1, and increase
the reward target by 0.05. We repeat the same for rewards
being over 0.8, then 0.85, etc., while setting the minimum
bound for Ntrain to 1, to ensure the networks continue learning
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FIGURE 12. Objective functions over time from a representative scenario, M = 100,» = 10,nr = 10.

while promoting stability and reducing training iterations at
higher reward values. All the other relevant implementation
parameters are shown in Table 3.

All actor and critic DNNs are implemented as shown in
Fig. 9 with two hidden layers, with 512 nodes per hidden
layer and ReLu activation functions [66]. Specifically for
DDPG, we employ layer normalization after each hidden
layer of the actor and critic networks to improve the training
stability of the algorithm. All layers are initialized using the
Random Normal initializer with zero mean and 0.1 standard
deviation [67]. The networks are trained using TensorFlow
Keras [54] in Python, using the Adam optimizer [68].

We first analyze the performance of the DRL algorithms
compared with the ARISE algorithm for a stationary UE
located at (−20,−20), with the assumption of Rayleigh fading
for the BS-UE link, Rician factor κ = 10 for the BS-RIS-
UE link, and nr = 10 delayed paths (such that L = 20
ISI components). The simulated scenario has 10 episodes
where at the beginning of each episode, the NLoS channels

change randomly. For fairness, we assume ARISE has access
to the full cascaded CSI at the start of each episode, even
though in practice this would require a dedicated channel esti-
mation phase involving multiple RIS configurations before
optimization could begin. The converged pulse responses at
the end of the tenth episode of a single-run representative
scenario are plotted in Fig. 10 and their corresponding
QPSK constellations in Fig. 11. Additionally, we show the
adaptation over time of the normalized rewards rt+1 and the
objective function η from this same single-run representative
trajectory in Fig. 12. The CDFs quantifying the reward
values over the entire 10-episode simulation are also included
in the same family of plots. We observe that the DRL
algorithms all perform very differently from each other. SAC
achieves equalization performance comparable and at times
exceeding that of ARISE for the same channel coefficients,
with very rapid convergence, taking less than 1000 steps
at the beginning to converge to high reward values and
staying at consistently high rewards over time afterwards,
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FIGURE 13. Normalized rewards ”n for each step over the duration of 100 episodes,
M = 100, » = 10, nr = 10.

even when the channels are changing. Next, TD3 takes longer
to converge than SAC, but seems to converge to high reward
values after a few episodes and remain stable. DDPG is
trailing behind and gets stuck at local optima, often unable
to achieve the performance of TD3. Comparing the objective
function η realized by each algorithm, ARISE consistently
attains the highest objective mainly due to its amplification
capabilities when attempting to match an attenuated signal
with an amplified and equalized version of itself. The rewards
defined for the DRL algorithms did not explicitly require
signal amplification because they are normalized with respect
to the sum of the absolute pulse response samples. On aver-
age, the RIS optimized using ARISE has around 3 dB more
power gain than the RIS optimized using SAC, even though
both achieve near-identical equalization capabilities for the
given scenario. This is particularly notable because SAC
attains ARISE-level temporal equalization without requiring
the extensive pilot transmissions and full cascaded channel
estimation that ARISE depends on, thereby reducing the
communication overhead associated with RIS optimization.

Next, we employ the random walk model and compare the
performance of each algorithm over more rigorous cases to
evaluate their applicability to different RIS-based scenarios.
In Fig. 13, we use the random walk model of the UE for
the duration of 100 episodes and compare the normalized
rewards ηn over time, still using the same RIS size and
environment as in the previous case. Even though both the
LoS and NLoS components change entirely at the beginning
of each episode, SAC consistently maintains high and rapid
equalization capabilities with normalized rewards higher
than 0.75 for more than 80% of the time, approaching
the performance of ARISE. Unlike ARISE, which would
require repeated channel re-estimation as the UE moves,
SAC adapts directly from received pulse responses, avoiding
this additional communication burden. TD3 converges slower
than SAC but maintains high rewards most of the time, while
DDPG trails behind.

FIGURE 14. Converged normalized rewards ”n versus number of delayed paths nr,
M = 100, » = 10.

FIGURE 15. Converged normalized rewards ”n versus number of RIS elements M ,
nr = 10, » = 10.

FIGURE 16. Converged normalized rewards ”n versus Rician factor », M = 100,
nr = 10.

In Figs. 14, 15, and 16, each data point represents the
average normalized rewards from the last 10 steps of 10
consecutive channel realizations (episodes), starting with
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random seeds for both the DNNs and the channel coefficients.
The error bars show the standard deviations of the normal-
ized rewards above and below the mean value. In Fig. 14,
we compare the converged normalized rewards versus the
number of delayed paths nr, with a total number of ISI
components given by L = 2nr. SAC and ARISE still achieve
similar performance with high stability, shown by the small
standard deviations and high average normalized rewards,
while TD3 and SAC have smaller rewards with SAC having
more variance among episodes. Importantly, SAC maintains
this performance without the need to estimate the increasing
number of cascaded channel coefficients required by ARISE
as the number of ISI components grows.

The overall performance of the 100-element RIS as an
equalizer remains consistent as more ISI terms are introduced
to the signal. We evaluate the equalization capability of the
DRL algorithms as the RIS scales in Fig. 15. We note that
modifying the number of RIS elements M would alter the
output dimension of the actor DNN, while changing the
number of delayed paths nr may alter the input dimensions
of the actor and critic DNNs (depending on the choice
of the RIS operator to equalize a specific number of ISI
terms). In our experiments, we modify the input and output
dimensions of the actor and critic DNNs to correspond
with each variable change, while keeping their hidden layers
fixed. In the scenario in Fig. 15, we observe that when
the RIS size is small, its equalization capability is consid-
erably lower than the previous simulated cases, across all
algorithms, with ARISE leading. As the RIS size grows,
the algorithms systematically achieve greater performance
and increasing stability. Additionally, ARISE continues to
improve marginally as the number of RIS elements increases
above 200, whereas the DRL algorithms seem to plateau.
This is most likely a consequence of the hidden layers of the
DNNs maintaining the same sizes, struggling to adhere to
the increasing number of random channels while being able
to generalize enough to eliminate most of the ISI.

Finally, we assess the performance of each algorithm with
respect to the Rician factor of the BS-RIS-UE main tap
link, κ, in Fig. 16. For the Rayleigh case, ARISE attains
a considerably better performance than the DRL algorithms
with ηn ≈ 0.85, with DDPG being completely unable to
equalize the signal, TD3 slightly better, and SAC consistently
achieving close to an average value of ηn ≈ 0.6. As the Rician
factor increases and the DNNs are able to learn the geom-
etry of the LoS components of the wireless channels, their
performance improves significantly, with SAC achieving the
same equalization performance as ARISE. The performance
parity is achieved despite SAC operating without explicit CSI
acquisition and RIS model, further underscoring its advantage
in communication efficiency.

We overall demonstrate the ability of the DRL algorithms
to successfully configure the RIS as an equalizer, with
SAC achieving the same performance as ARISE in most
cases and a comparable performance in others. Though
requiring a higher per-step computational cost than TD3 and

DDPG, it provides a means to quickly and efficiently boost
the signal integrity of the link without requiring excessive
channel estimation. In SAC, the incorporation of an entropy-
regularization term fundamentally alters the optimization
dynamics by explicitly encouraging high-entropy policies
to induce exploration. This mechanism mitigates premature
convergence and reduces the susceptibility to suboptimal
deterministic behaviors commonly observed in TD3 and
DDPG, both of which rely on the external addition of noise
to learn the action space. The resulting exploration incentive,
coupled with the reward signal from the environment, enables
SAC to more effectively discover advantageous regions of the
continuous action space during training. Moreover, entropy
regularization smooths the underlying optimization land-
scape, promoting policies that represent distributions over
effective actions rather than collapsing to narrow optima.
Combining the stochastic policy formulation and dual-critic
architecture in SAC yields improved robustness, increased
stability, enhanced sample efficiency, and superior perfor-
mance in complex continuous-control environments. Taken
together, these results show that SAC quickly achieves
ARISE-level equalization accuracy while incurring substan-
tially lower communication complexity and only moderate
computational overhead, making it a more scalable solution
for practical RIS deployments.

VI. CONCLUSION
In this work, we demonstrated the utility of RIS tech-
nology as both a signal booster (spatial beamformer)
and a temporal equalizer across diverse channel condi-
tions and wireless environments. We developed a steepest
descent-based approach–ARISE–that leverages the estimated
cascaded BS-RIS-UE channels and showed its ability to
configure the RIS coefficients to equalize the received pulse
response and enhance the SNR. We also examined the
challenges of applying ARISE to passive RISs, particu-
larly the extensive channel estimation required for accurate
equalization and the resulting tradeoff between signal gain
and equalization performance–an effect that may necessitate
iterative optimization or deeper SNR analysis.

As an alternative, we explored several DRL
methods–DDPG, TD3, and SAC–that operate without
channel estimation and rely solely on the received pulse
response to optimize the RIS coefficients, enabling faster
adaptation and reduced latency in dynamic environments.
Through comparative analysis of computational complexity
and achievable performance, we found SAC to be the
most effective, converging rapidly to stable solutions
across varying channels and RIS sizes, and achieving
performance comparable to ARISE. Crucially, SAC
attains this performance without the heavy channel
estimation requirements of ARISE by reconfiguring the RIS
immediately from raw pulse response observations, resulting
in a significantly reduced communication complexity and a
more practical overall optimization pipeline. Its model-free
nature makes SAC inherently robust to RIS nonlinearities,
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element coupling, and frequency-dependent reflection
behavior, which are difficult to capture in analytical channel
models. Overall, DRL emerges as a promising and potentially
integral component of future RIS-assisted wireless systems
due to its implementation simplicity, robustness, and strong
performance.

The proposed RIS-based equalization is particularly well-
suited to indoor industrial environments and high-frequency
(mmWave/THz) backhaul links, where large bandwidths and
multipath propagation result in pronounced channel fre-
quency selectivity and ISI. In these settings, implementing
equalization solely at the receiver can be costly and noise-
enhancing, while transmitter-side precoding may be limited
by CSI acquisition overhead. By contrast, an RIS can reshape
the propagation channel itself through passive phase control,
enabling over-the-air equalization that reduces receiver com-
plexity and improves robustness under practical constraints.
These are representative scenarios where delay spreads on
the order of tens of nanoseconds over multi-GHz bandwidths
lead to significant ISI and thus where benefits are clear.

Finally, we note that the proposed RIS-based over-the-air
equalization does not alter the fundamental information-
theoretic capacity of the channel. Because the RIS is a passive
structure, it introduces no additional power or degrees of
freedom; rather, it reshapes the existing propagation envi-
ronment. By coherently combining multipath components
and suppressing detrimental delayed paths, the RIS modifies
the effective channel impulse response, enabling improved
achievable performance under practical receiver and CSI
constraints without altering the underlying capacity laws.

Following the contributions of this study, future work
should analyze the performance of ARISE and the DRL-
based optimization in the presence of multiple users,
micro-scale UE movements and Doppler spread effects, and
multiple-antenna base stations, and extend the RIS archi-
tecture from a ULA to a uniform planar array (UPA).
Incorporating physical RIS constraints with hardware restric-
tions such as frequency-dependent reflection coefficients,
mutual coupling between elements, and nonlinearities will
further refine the concept of RIS-based temporal and spa-
tial equalization, and broaden its applicability in practical
multiple-input multiple-output (MIMO) systems with realis-
tic hardware and propagation conditions.

APPENDIX A
ARISE ALGORITHM DERIVATION
We wish to minimize the mean squared error (MSE) between
a desired signal s and the received signal y

y =

 
hBU +

MX
m=1

ΓmhBRU,m

!
∗ s (35)

via gradient descent on the RIS reflection coefficients Γm for
m = 1, 2, . . . ,M. The cost function is defined by J = E[εkε

∗
k ]

with error signal ε = s − y, where the expectation is taken
over all desired sample indices k under the assumption
of ergodicity. Here, s = [1, 0, . . . , 0] is the transmitted

Algorithm 3 Twin Delayed DDPG (TD3) for RIS Equalizer
1: Initialize both training and target DNNs for both actor

and critic, assign φtarg ← φ, θtarg ← θ.
2: for episode in Nep do
3: for t in Nsteps do
4: Observe state st ← y′t and set RIS coefficients

Γ′t ← clip(µφtarg (y′t) + ε,−1, 1),

ε ∼ N (0, σ2
a)2M×1.

5: Set at ← Γ
′
t .

6: Update RIS reflection coefficients as

Γt ← [Γ′t,1 + jΓ′t,2, . . . ,Γ
′
t,2M−1 + jΓ′t,2M]T

and normalize using (16).
7: Observe new state st+1 ← y′t+1.
8: Calculate rewards rt+1 using (21).
9: Store (st, at, rt+1, st+1) in the replay buffer D.

10: if |D| ≥ B then
11: for i in Ntrain do
12: Sample batch B = {(s, a, r′, s′)} from D.
13: Add noise to a:

a← clip(a + clip(ε,−ce, ce),−1, 1)

ε ∼ N (0, σ2
t ).

14: Calculate l(θi) using (30) for i = 1, 2.
15: Update critics:

θi ← θi − µc∇θi l(θi).

16: Calculate l(φ) using (28).
17: if i mod dp == 0 then
18: Update actor:

φ← φ − µa∇φl(φ).

19: Soft-update target critics:

θtarg,i ← τθi + (1 − τ)θtarg,i,

i = 1, 2.

20: Soft-update target actor:

φtarg ← τφ+ (1 − τ)φtarg.

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

discrete-time pulse. We can express Γm as the composition
of its real and imaginary parts

Γm = am + jbm, (36)

thus expressing y as

y =

 
hBU +

MX
m=1

(am + jbm)hBRU,m

!
∗ s. (37)
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Algorithm 4 Soft Actor-Critic (SAC) for RIS Equalizer
1: Initialize actor DNN hyperparameters φ, training and

target critic DNNs, assign θtarg ← θ.
2: Initialize temperature parameter α.
3: for episode in Nep do
4: for t in Nsteps do
5: Observe state st ← y′t .
6: Sample action from stochastic policy:

at ∼ πφ(at | st).

7: Clip RIS coefficients: Γ′t ← clip(at,−1, 1).
8: Update RIS reflection coefficients as

Γt ← [Γ′t,1 + jΓ′t,2, . . . ,Γ
′
t,2M−1 + jΓ′t,2M]T

and normalize using (16).
9: Observe new state st+1 ← y′t+1.

10: Calculate rewards rt+1 using (21).
11: Store (st, at, rt+1, st+1) in replay buffer D.
12: if |D| ≥ B then
13: for i in Ntrain do
14: Sample batch B = {(s, a, r′, s′)} from D.
15: Sample next actions and log-probabilities:

a′ ∼ πφ(a′ | s′), log πφ(a′ | s′).

16: Calculate l(θi) using (32) for i = 1, 2.
17: Update critics:

θi ← θi − µc∇θi l(θi).

18: Sample actions for actor update:

a ∼ πφ(a | s), log πφ(a | s).

19: Calculate l(φ) using (33).
20: Update actor:

φ← φ − µa∇φl(φ).

21: Calculate l(logα) using (34).
22: Update temperature:

logα← logα − µα∇logαl(logα).

23: α← exp (logα).
24: Soft-update target critics:

θtarg,i ← τθi + (1 − τ)θtarg,i,

i = 1, 2.

25: end for
26: end if
27: end for
28: end for

The error gradient with respect to Γm is defined as

∂ε

∂Γm
=

∂ε

∂am
+ j

∂ε

∂bm
(38)

and is related to y by

∂ε

∂am
= −

∂y
∂am

;
∂ε

∂bm
= −

∂y
∂bm

. (39)

Expanding the convolution operator and considering each
term in y, yk, we obtain

∂yk

∂am
=

LX
l=0

hBRU,m,lsk−l (40)

and
∂yk

∂bm
= j

LX
l=0

hBRU,m,lsk−l. (41)

Differentiating the cost function yields

∂J
∂am

= E
�
∂εk

∂am
ε∗k +

∂ε∗k
∂am

εk

�
= E

"
−

LX
l=0

hBRU,m,lsk−lε
∗
k −

LX
l=0

h∗BRU,m,ls
∗
k−lεk

#
(42)

and

∂J
∂bm

= E
�
∂εk

∂bm
ε∗k +

∂ε∗k
∂bm

εk

�
= E

"
− j

LX
l=0

hBRU,m,lsk−lε
∗
k + j

LX
l=0

h∗BRU,m,ls
∗
k−lεk

#
.

(43)

Combining, we get

∂J
∂Γm

= E

"
−2

LX
l=0

h∗BRU,m,ls
∗
k−lεk

#
(44)

and the final gradient is

∇Γ = −2E

26664
PL

l=0 h∗BRU,1,ls
∗
k−lεkPL

l=0 h∗BRU,2,ls
∗
k−lεk

...PL
l=0 h∗BRU,M,ls

∗
k−lεk

37775 . (45)

Finally, we have the update rule for Γ given by gradient
descent

Γt+1 = Γt −
1
2
µ∇Γt

= Γt + µE

"
LX

l=0

h∗BRU,ls
∗
k−lεk

#
, (46)

where µ is the step size. To accommodate the passivity
requirement of the RIS, we normalize the magnitudes of the
reflection coefficients after every update by

Γt+1,m ←
Γt+1,m

|Γt+1,m|
(47)

for all m = 1, 2, . . . ,M.
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APPENDIX B
TD3 AND SAC ALGORITHMS PSEUDOCODES
The pseudocode for the TD3 algorithm is given as
Algorithm 3 and the pseudocode for the SAC algorithm is
given as Algorithm 4 in this appendix.
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