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CSI acquisition presents another critical challenge in RIS-assisted commu-
nications. The majority of the existing literature assumes full CSI availability,
an impractical requirement given the large number of RIS elements in realistic
deployments. Although codebook-based RIS optimization methods have been
proposed as potential solutions [14], the associated beam training overhead re-
mains a signi cant implementation barrier. As RIS surfaces grow larger with
hundreds or thousands of elements to meet coverage and capacity demands, ac-
quiring full CSI becomes increasingly impractical and resource intensive due to
the massive overhead. In [10], the authors addressed this challenge by introduc-
ing a scalable DL model called RISnet which was further improved in [9]. RISnet
introduced two variants: one assumed the availability of the full CSI and another
used partial CSI from just a few active elements to con gure the phase shifts
of the RIS elements. Although their studies showed that RISnet with partial
CSI performs well compared to RISnet with full CSI scenarios in deterministic
channels, the approach did not estimate the complete channel information.

In our paper, we are motivated by the fact that obtaining full CSI will enhance
the RIS phase shift con guration, as it would provide comprehensive channel
knowledge for the optimization process. Therefore, to improve the phase shift
prediction and the WSR, we propose a novel two-stage DL model, called deep
super-resolution network (DSRnet), to estimate the full CSI from the partial
inputs. The DSRnet consists of a super-resolution sub-network and a denoising
sub-network. In the rst stage, the super-resolution sub-network estimates the
full CSI from partial representation. Then, the estimated full CSI is re ned by
the denoising sub-network. Finally, the re ned full CSI is input into the RISnet
model introduced in [10] for phase shift prediction, aiming to maximize WSR.
The main contributions of our work are summarized as follows:

{ We propose a novel two-stage network that e ciently estimates the full CSI
from partial measurements through a hierarchical design. It begins with a
super-resolution sub-network to generate an initial estimation, followed by a
denoising sub-network that employs re nement techniques. This cascade de-
sign enhances phase shift accuracy while minimizing the overhead associated
with CSI measurements.

{ The denoising sub-network employs inception-inspired parallel dilated con-
volution layers to e ectively capture local and global CSI features across
various scales. In addition, it integrates channel attention mechanisms to
adaptively weight di erent channel regions based on their relevance. This
dual-mechanism design enhances the accuracy of CSI estimation by e -
ciently suppressing noise while preserving critical channel characteristics.

{ Extensive simulations are conducted to evaluate the performance of our pro-
posed DSRNet-enhanced hybrid model in improving WSR. The comparative
study reveals that feeding the estimated full CSI from our DSRnet approach
into the existing RISnet. This results in an approximate 15% improvement
in WSR.

The remainder of the paper is organized as follows. Section 2 discusses the
system model, while Section 3 provides the architecture of the proposed model.
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Section 4 presents numerical results and includes an ablation study to evaluate
the performance of the proposed model. Finally, Section 5 o ers concluding
remarks on the ndings of our study.

2 System Model

In this paper, we consider a multi-user MISO system where RIS serves a single
multi-antenna base station (BS) and Ng users, as shown in Fig. 1. The BS is
equipped with N antennas, and the RIS consists of N, re ecting elements. The
antenna arrays of the BS, as well as the RIS, are arranged in a uniform linear
array. The channel from BS to RIS is denoted by Hgsrjs 2 CYMXNT | The
channel from RIS to users is indicated by Hgjs.user 2 CV<*Mv and the direct
channel from BS to the user is indicated by Hpirect 2 CV<*NT, The objective
is to employ space-divison multiple access to maximize the users’ sum-rate. The
BS performs precoding under a maximum transmit power constraint Er,.. Each
RIS element receives the signal from the BS, applies a complex phase shift to
it, and re ects the signal without altering its amplitude. The RIS applies phase
shifts to the incident signals through a diagonal matrix =~ 2 C¥MXNm \where
the diagonal element ,, = e/9m, represents the phase shift, ,, 2 [0;2 ) applied
by the m** RIS element.

Fig. 1. System model of the RIS-aided MISO system with partial CSI.

The received signal vector y 2 CV<*1 at the users can be represented as
follows: Y = (Hris.user Has-ris + Hpirect) VX + 1; (1)
where V 2 CNTxNk js the precoding matrix, x 2 CV<*1 js the transmitted
signal, and n 2 CN«*x1 is the thermal noise.

In practical implementations, obtaining the full CSI for all RIS elements
poses substantial overhead. Therefore, this paper considers partial CSI instead
of full CSI. Speci cally, we consider a system where only Ng N, elements are
equipped with RF chains for channel estimation, yielding partial CSI, Hpgartial 2
CNxxNs Tpe ectively process this partial CSI, we de ne channel features that
capture both amplitude and phase information. For user k and re ecting element
m, we construct a feature vector fj, ,,, as:

— jHPartiaI k.mj 2x1.
f m o 2R y 2
b [arg(HPartial,k,7rL):| ( )
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Fig. 2. Architecture of the proposed DSRnet for CSI estimation.

CSl input, with dimensions of 4 4, passes through the rst conv block, featuring
a kernel size of 9 9, followed by a Leaky ReLU (LReLU) activation function.
The LReLU is de ned as:

LReLU(z) = {

Z; ifz>0;
z; otherwise.

©

where is a hyper-parameter that scales the negative values of z. This initial
layer captures a broad spatial context. The resulting feature map is then upsam-
pled to a resolution of 12  12. Following this, a1 1 conv layer is applied to
re ne the upsampled features without increasing the spatial dimensions. Subse-
quently, the output undergoes an additional upsampling step to achieve a 36 36
resolution. The nal step involves a conv block with a5 5 kernel, which re nes
and accurately reconstructs the high-resolution CSI output to match the original
full-resolution dimension.

Fig. 3. (a) Super-resolution sub-network, (b) Spatial feature extraction block, (c) Local
residual block, (d) Channel attention block.

3.2 Denoising Sub-Network

The denoising sub-network is designed to re ne the estimated full CSI. This
sub-network consists of two sequential spatial attention modules (SAM). The
output from the super-resolution sub-network is rst passed through the ini-
tial SAM, which enhances critical spatial features while suppressing noise. This
re ned output is then additively combined with the original output of the super-
resolution sub-network, forming an intermediate representation. This combined





















