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Abstract—In its Release 18, the 3rd Generation Partnership
Project (3GPP) started exploring the benefits of leveraging
artificial intelligence for enhanced performance and reduced
overhead of the New Radio air interface. The Release 18 study
item focused on Channel State Information (CSI) feedback, beam
management, and positioning accuracy. Alongside CSI compres-
sion, time-domain CSI prediction at the user’s side was selected
as a representative use case to combat the channel aging issue.
In this work, we propose a two-sided, i.e., both at the user’s and
the base station’s sides, machine learning-based CSI prediction
solution to reduce uplink overhead without compromising the
downlink performance. The proposed approach is evaluated using
system-level simulations, which showed that our solution can
reduce up to 30% of the CSI feedback overhead while enhancing
the 5th percentile user-perceived throughput by up to 4% gain
over the baseline zero-order hold scenario used in legacy cellular
systems.

Index Terms—Channel state information, Control feedback
overhead, CSI prediction.

I. INTRODUCTION

Channel State Information (CSI) report is a type of control

feedback acquired by the Next-Generation NodeB (gNB) from

users to indicate the Downlink (DL) channel quality. The

reported CSI enables the gNB to optimize the DL wireless

link by fine-tuning the parameters for precoding and user

scheduling [1]. Legacy CSI feedback mechanisms used in

current Fifth-Generation (5G) systems, before enabling Ar-

tificial Intelligence (AI)/Machine Learning (ML)-based CSI

enhancements, have several issues. The first limitation is

related to the temporal lag between the moment the User

Equipment (UE) receives the CSI-Reference Signal (CSI-RS)

and the moment the gNB employs the CSI report [2]. This lag

leads to outdated CSI information at gNB and is mainly due

to channel aging (especially for high-speed UEs).

The second issue in legacy CSI feedback mechanisms is

the large feedback overhead, especially in massive Multiple-

Input Multiple-Output (MIMO) applications. Recently, the

standardization community has been studying the use of

AI/ML solutions to overcome these issues. In its Release 18

study on AI/ML for New Radio (NR) air interface, the 3rd

Generation Partnership Project (3GPP) identified two sub-use

cases under the CSI feedback enhancement use case [3]. They

include CSI compression to overcome large overhead problem

and CSI prediction to overcome channel aging issue.

CSI prediction techniques, which exploit the temporal corre-

lation between historical and future CSI data, have also been

extensively studied in the literature [4]–[6]. However, these

prior works have focused mostly on the prediction accuracy of

selected models without accounting for the potential gains of

CSI prediction in terms of network performance and providing

practical details about the introduction of the prediction mod-

ule into the current CSI framework. In fact, several questions

remain open in this regard, e.g., the placement of the CSI

predictor (i.e., UE- and/or gNB-side) and the CSI feedback

format (i.e., legacy or modified report format).

In [7], the authors present a network-side CSI prediction

framework with autoencoder-based compression. We here pro-

pose a different CSI prediction approach to not only combat

the CSI aging issue but also reduce the Uplink (UL) CSI

overhead. The proposed idea relies on two-sided, i.e., both

at UE and at gNB, CSI prediction mechanism through which

the amount of required CSI feedback information can be effec-

tively adapted to the varying prediction accuracy at different

times to minimize the UL CSI overhead without compromising

the DL throughput performance.

The rest of the paper is organized as follows. We first pro-

vide more details about the above-mentioned issues in legacy

CSI mechanisms in Section II, followed by the latest CSI

enhancements proposed by 3GPP in Section III. Section IV

introduces our CSI prediction solution for reduced UL over-

head and enhanced DL throughput performance. Numerical

results for the evaluation of our proposed solution are given

in Section V. Conclusions are drawn in the last section.

II. ISSUES IN LEGACY CSI FRAMEWORK

The legacy CSI framework in current cellular systems

suffers from two main issues; (1) high overhead, and (2)

outdated measurements.

A. High CSI Feedback Overhead

The DL performance depends largely on the quality of the

CSI feedback received by the gNB. As reporting an explicit

CSI with the channel matrix to the gNB incurs a significant

feedback overhead, NR systems reuse the Rank Indicator (RI),

Channel Quality Indicator (CQI), and Precoding Matrix Indi-

cator (PMI)-based reports from Long-Term Evolution (LTE)

systems [8]. Even though the RI/CQI/PMI approach can be

regarded as a brute-force CSI compression scheme, the UE

may still send large reports in the form of codebook-based

PMIs to support highly granular feedback.

The codebook design of CSI reports has been evolving

toward characterizing more detailed channel information. For

instance, Type II codebook-based CSI feedback reports the
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Fig. 1: Illustration of the ZOH scenario (CSI-RS and CSI report periodicities = 5 ms;

CSI processing and transmission delay = 3 ms).

wideband and subband amplitude information of the selected

beams, while Type I reports define the phase of the selected

beam only [9]. A more detailed and accurate CSI report

entails a higher feedback overhead that consumes substantial

resources of the UL channels [10].

The PMI payload of Release 16 Type II codebook is detailed

in 3GPP TS 38.212 [11]. It supports multiple parameter

configurations, where each configuration is set via the higher-

layer parameter “paramCombination-r16” and corresponds to

a different overhead. For instance, when the numbers of

antennas at the gNB and the UE are 32 and 4, respectively,

and the number of sub-bands is 13, the Type II codebook

configured with paramCombination-r16 = 1 has a maximum

feedback overhead of 111 bits, while it has a maximum

feedback overhead of 563 bits when it is configured with

paramCombination-r16 = 6 [12].

The CSI feedback overhead increases significantly with the

number of antennas, which brings considerable challenges to

codebook-based schemes in multi-user and massive MIMO

systems [13]. Measures like under-provisioning of the CSI

feedback resources and reduction of the number of reports lead

to conservative scheduling and thus poor DL performance [8].

Hence, novel solutions are needed to reduce feedback overhead

without reducing CSI accuracy.

B. Outdated CSI Measurements

In current cellular systems with periodic CSI-RS measure-

ments, the gNB uses the same CSI report to make scheduling

decisions until receiving a new report from the UE. This is

called the Zero-Order Hold (ZOH) scenario and it is depicted

in Fig. 1.

Several CSI cycles are illustrated in Fig. 1. A CSI cycle

starts with CSI-RS reception at the UE, which launches the

processes of CSI-RS-based channel estimation and CSI report

computation. The next step in the CSI cycle is the CSI report

transmission. A processing and transmission delay of 3 ms

is assumed in Fig. 1, which means that the CSI measured

by the UE at slot s (abbreviated as “CSI meas” in Fig. 1)

is actually employed by the gNB for DL scheduling starting

from slot s + 3. The gNB holds this measurement and uses

it for making scheduling decisions until receiving the next

measurement corresponding to the subsequent CSI cycle. For

instance, as a CSI report periodicity of 5 ms is assumed in

Fig. 1, “CSI meas slot 0” is utilized by the gNB scheduler

from slot 3 to slot 7.

The ZOH solution may be useful for scenarios with low

mobility of UEs, where the channel coherence time can be

higher than the CSI-RS periodicity [5]. However, in medium-

and high-mobility scenarios, the actual channel conditions

during the same CSI period are likely to undergo significant

changes due to the shorter channel coherence time. Here

emerges the CSI aging problem, where a CSI report trans-

mitted from the UE to the gNB several milliseconds away

becomes outdated [14]. Utilizing these outdated CSI reports

by the gNB scheduler in the ZOH scenario results in inaccurate

DL scheduling decisions and subsequently in performance

degradation of the DL transmission.

In the CSI feedback procedure deployed in current cellular

systems, a CSI measurement and the DL transmission based

on that measurement are performed at different time steps.

This is mainly due to inherent delays to process the CSI-RSs

at UE, transmit the CSI report to gNB, recover it at gNB,

and then apply it for scheduling, as shown in Fig. 2. The

latter depicts how a CSI measured by the UE at time t is

employed for DL scheduling at time t + d, where d denotes

the delay. Fig. 1 shows that, in addition to the CSI-RS and CSI

report periodicities, this processing and transmission delay can

aggravate the outdated measurement issue and lead the gNB

scheduler to hold the same report for a longer time.

III. AI/ML-BASED CSI ENHANCEMENTS IN 3GPP

In its Release 18 study on AI/ML for NR air interface [3],

the 3GPP identified an initial set of use cases, namely (1) CSI

feedback enhancement, (2) beam management, and (3) posi-

tioning accuracy enhancement. Spatial-frequency domain CSI

compression and time-domain CSI prediction were selected as

representative sub-use cases in the CSI feedback enhancement

use case to combat the issues of high CSI feedback overhead

(discussed in Subsection II-A) and outdated CSI measurements

(discussed in Subsection II-B), respectively.

A. CSI Compression

For CSI compression, 3GPP is considering the autoencoder

architecture, which consists of three parts; (1) the encoder (i.e.,

the UE part of the two-sided model), (2) the bottleneck (i.e.,



the codeword), and (3) the decoder (i.e., the network part of

the two-sided model). In this architecture, the UE-side encoder

compresses the input data into a codeword with a dimension

smaller than that of the original information, while the gNB-

side decoder decompresses the codeword and reconstructs the

data [15].

The two CSI data formats considered by 3GPP as in-

put/output of the AI/ML models are the channel matrix and the

channel eigenvectors. However, channel eigenvector compres-

sion attracts more interest as it aligns with the existing CSI

codebook-based CSI feedback framework (i.e., the decoder

output and the target CSI have the same format and no further

post-processing is needed at the gNB) [2].

In the channel eigenvector compression, the UE first mea-

sures the DL channel by making use of the CSI-RS. The

estimated raw channel matrix is then pre-processed using oper-

ations like Singular Value Decomposition (SVD) to acquire the

channel eigenvectors. The latter is used as input to the encoder

to create the codeword. To improve the encoding efficiency

and comply with the CSI feedback format (e.g., bit sequence),

the 3GPP study considers the quantization of the codeword

before sending it to the gNB. Once the CSI feedback is

received by the gNB, the latter performs the reverse procedures

(i.e., dequantization and decoding) to reconstruct the channel

eigenvectors and utilize them in the scheduling operations.

B. CSI Prediction

CSI prediction is seen as a key enabler for use cases

such as Multi-User MIMO (MU-MIMO) and coherent Joint-

Transmission Coordinated Multipoint (JT-CoMP), which are

sensitive to channel aging. These use cases require adaptive

precoding across multiple transmission points and rely on

accurate channel information for precoding [16]. Hence, the

capability of predicting CSI for multiple subframes ahead

based on the knowledge of CSI for several past subframes

becomes crucial to combat the channel aging issue in such

use cases.

While a two-sided architecture is selected for CSI com-

pression, one-sided CSI prediction at the UE is currently

considered by 3GPP. The latter has strategically focused on

the UE-side model for time-domain CSI prediction due to the

workload in Releases 18 and 19 [17]. The specification impact

of UE-side AI/ML models has already been investigated for

beam management and positioning use cases. Hence, the

AI/ML model Life-Cycle Management (LCM) for UE-side

CSI prediction can potentially reuse some of the frameworks

agreed upon for other UE-side use cases in Release 19.

Similarly to CSI compression, the channel matrix and the

channel eigenvectors are the two data formats considered as

input/output of the AI/ML models for CSI prediction. Pre-

liminary evaluation results published in 3GPP TR 38.843 [3]

showed that the CSI prediction performance with input channel

eigenvectors is lower than that with input raw channel matrix.

This lower performance was quantified in terms of the gain

in Squared Generalized Cosine Similarity (SGCS) achieved

by AI/ML-based CSI prediction over ZOH. According to [3],

“15 sources observe a gain of 0.46%–44.8% in using raw

channel matrix as input”, while “4 sources observe the gain

of 2.24%–19.4% using precoding matrix as input”. Although
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Fig. 2: Legacy CSI exchanges between the UE and the gNB.

eigenvectors have smaller dimensions compared to raw chan-

nel matrices (i.e., lower computational complexity of the

prediction models), the performance of the AI/ML models

can be deteriorated due to the loss of information during the

process of creating channel eigenvectors from raw channel

matrices [18].

IV. PROPOSED FRAMEWORK FOR CSI PREDICTION

The use of CSI prediction has been advocated by both

research and standardization communities to combat CSI aging

in use cases such as MU-MIMO that require accurate channel

information for adaptive precoding and multi-user scheduling.

We here exploit CSI prediction for not only combatting

the CSI aging issue but also reducing the CSI feedback

overhead. We propose a different approach that reduces the

UL CSI overhead without compromising the DL transmission

performance. The proposed idea relies on two-sided, i.e., both

at gNB and UE, CSI prediction mechanism through which

the amount of required CSI feedback information can be

effectively adapted to minimize the CSI feedback overhead

and combat the channel aging issue at the same time.

In brief, the key change that our solution brings compared

to the conventional CSI mechanism is the alternation between

legacy CSI report and low-overhead CSI report formats. The

proposed two-sided CSI prediction solution is expected to

reduce the UL CSI overhead since it allows the system to

alternate between the two formats. When the UE determines

that the prediction would be of high accuracy, the gNB can

predict the CSI on its own, i.e., there is no need to allocate

UL resources to obtain CSI report from the UE.

The flowchart of the proposed solution is given in Fig. 3.

The chart shows the flow of actions taken at both the UE and

gNB sides in one CSI cycle (i.e., one CSI-RS and CSI report

transmission). For ideal alignment on prediction performance



between the UE and the gNB, they should use the same pre-

trained predictor. However, this could be relaxed in practice,

as discussed in the sequel.

The CSI cycle in Fig. 3 starts with the conventional step of

CSI-RS reception and estimation at the UE side. Compared

to the conventional CSI framework where the immediate next

step is legacy report transmission, two new steps performed

by the UE are added in the proposed solution in Fig. 3;

(1) CSI prediction, and (2) evaluation of the CSI prediction

performance.
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Fig. 3: Our two-sided CSI prediction solution.

The step of prediction performance evaluation is used by

the UE to decide whether to send a legacy or low-overhead

CSI report. The decision is made based on the comparison

between measured CSI and predicted CSI at the UE, using

metrics like SGCS and/or Normalized Mean Squared Error

(NMSE) as recommended by 3GPP in [3]. For instance, if

the SGCS between measured CSI and predicted CSI is above

a certain predefined threshold, the UE may decide that the

CSI prediction is of adequate accuracy and may send a low-

overhead report. If the CSI prediction performance is evaluated

as poor by the UE, the system falls back to the legacy CSI

framework with no changes, as shown in Fig. 3.

In the case of a high CSI prediction performance, the UE

sends a low-overhead report with an indication to the gNB to

perform prediction. We propose that the novel low-overhead

CSI report contains two main parts; (1) flag bit, and (2)

additional features. The flag bit informs the gNB whether to

perform prediction to obtain CSI or to use the received legacy

report. The second part of the low-overhead report can include

several features that assist the gNB-side prediction when the

flag bit is equal to 1 or part 1 of the legacy CSI report when

the flag bit is equal to 0. Fig. 4 shows an example of the

features that can be used in the former case.

The 10-bit low-overhead CSI report shown in Fig. 4 contains

three features with 3-bit length each. The first feature is the

prediction window length, which represents the number of

prediction instances (i.e., single-step or multi-step prediction).

The second feature specifies the time duration between predic-

tion instances (relevant when the first feature is more than 1).

The third feature indicates the time duration between the last

observation instance and the first prediction instance. These

can provide more guidance to the gNB predictor and can

be replaced/complemented with other information, e.g., ML

performance metrics calculated by the UE for performance

monitoring at the gNB side [3].

An essential part of the proposed solution in Fig. 3 is the ML

model update step. In the case of a poor CSI prediction perfor-

mance, the UE can request a tuning or a re-training of the used

ML model as part of the LCM procedures described in [3]. The

output of the tuned ML model can be subsequently shared with

both the UE and the gNB. This enables the same pre-trained

predictor to be available at both sides. Alternatively, different

ML models or prediction algorithms could be used at the UE

and gNB as long as the prediction accuracy performance of the

model at the gNB side is at least as high as that of the model

at the UE side. To enable this, model performance statistics or

minimum accuracy performance requirements could be aligned

between the gNB and UE.

Alongside CSI feedback overhead reduction, an improved

DL performance is also expected as an outcome of the

proposed solution as the AI-aided prediction enables access

to timely CSI measurements for more accurate scheduling

decisions. Another key capability of the proposed solution lies

in the fact that it inherently provides a mechanism to adapt

to the continuous changes in the prediction accuracy of the

ML model in different scenarios and detect when there is a

need for updating the ML model to improve the prediction

accuracy.

Fig. 4: Low-overhead CSI report format.



V. NUMERICAL RESULTS

A. Simulation Methodology

We use MATLAB 5G toolbox for our System-Level Sim-

ulation (SLS)-based performance evaluation as it provides

standard-compliant functions for the modeling of NR commu-

nication systems. The main parameters of our simulations are

summarized in Table I. The communication parameters follow

the baseline SLS assumptions for ML-based CSI feedback

enhancement evaluations in [3].

TABLE I: Evaluation parameters

Category Parameter Value

Communication

Scenario Urban Macro (UMa)
Cell layout Hexagonal grid; 3

cells (ISD = 200 m);
3 UEs per cell

Channel model According to TR
38.901

Frequency band 2.6 GHz (FR1)
Bandwidth 10 MHz

SCS 15 kHz
Transmit antenna

array size
32 Tx [4 4 2 1 1]

Receive antenna
array size

4 Rx [2 1 2 1 1]

MIMO configuration MU-MIMO; Release
16 Type II codebook

CSI-RS periodicity 5 ms
CSI report periodicity 5 ms

Traffic model FTP with file size of
0.5 Mbytes

ML

Input/output data Raw channel matrix
Model LSTM
Units 10 followed by one

dense layer
Activation function tanh

Training epochs 1000
Batch size 1
Optimizer Adam

Loss function MSE
Train/validation/test

split
60/20/20%

Simulation Duration 100 ms

As for the UE- and gNB-side CSI prediction, the con-

sidered input/output data format is the raw channel matrix

H ∈ C
Nsym×Nsc×Nt×Nr , where Nsym, Nsc, Nt, and Nr are

the numbers of Orthogonal Frequency Division Multiplexing

(OFDM) symbols, subcarriers, Tx antennas, and Rx antennas,

respectively. Every Tx-Rx pair is considered as a new channel

realization.

Long Short-Term Memory (LSTM) is the ML model used

for CSI prediction in these simulations. This model is a type

of Recurrent Neural Networks (RNNs), which are often used

for applications where the data has time dependency, e.g.,

speech recognition, natural language processing, and time-

domain prediction. The considered LSTM architecture given

in Table I learns the time evolution of the channel coefficients

by means of supervised learning with the Mean Squared Error

(MSE) as a typical loss function.

LSTM receives as input channel matrices of 10 past time

instances (i.e., 10 CSI-RS transmissions) and outputs the

next channel matrix. The time duration between the 10 input

samples is 5 ms, which is similar to the time duration

between the last observation instance and the first prediction

instance and corresponds to the CSI-RS periodicity given in

Table I. According to the 3GPP study on AI/ML for NR air

interface [3], this gives an observation window of 10/5ms and

a prediction window of 1/5ms/5ms.

B. Evaluation Results

We evaluate the performance of our proposed solution in

terms of UL CSI overhead and 5th percentile User-Perceived

Throughput (UPT). We compare the performance of our so-

lution to the baseline ZOH scenario depicted in Fig. 1, where

the UE periodically (every 5 ms) sends a legacy CSI report to

the gNB. Each legacy CSI report sent from the UE is assumed

to be 315 bits in size [19], while the low-overhead CSI report

has a size of 10 bits, as illustrated in the example in Fig. 4.

As discussed in Section IV, metrics like SGCS and NMSE

are recommended by 3GPP for CSI prediction performance

evaluation [3] and can be used in our solution by the UE to

decide whether to send a legacy or low-overhead CSI report.

In our simulations, we utilize SGCS as the UE-side decision-

making metric.

Fig. 5 shows that our solution can reduce 27.97% and

30.12% of the UL CSI feedback overhead at 30 and 60 km/h

UE speeds, respectively. In the simulations, our solution is

applied over 50 ms (i.e., 10 CSI report transmissions with

5 ms CSI report periodicity). Out of these 10 CSI cycles,

2.89 and 3.11 reports have the low-overhead format (instead

of the higher legacy length) at 30 and 60 km/h UE speeds,

respectively. UEs moving at 60 km/h rely on CSI prediction

more than UEs moving at 30 km/h. Hence, higher savings in

the UL CSI feedback overhead can be obtained at higher UE

speeds.
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Fig. 5: Savings and gains achieved by our solution over

ZOH in terms of UL CSI feedback overhead and 5th

percentile UPT, respectively (SGCS threshold = 0.7).

The proposed CSI framework can reduce the UL CSI

feedback overhead, while achieving mean UPT performance

similar to ZOH. It allows the system to alternate between

the legacy CSI report (315 bits) and the low-overhead CSI

report (10 bits) without affecting the mean UPT performance.

As shown in Fig. 5, our solution can enhance the cell-edge

throughput by 5.1% and 3.9% gains over the ZOH scenario



at 30 and 60 km/h UE speeds, respectively. As Signal-to-

Noise Ratio (SNR) values are lower at the cell-edge, any

improvement brought by CSI prediction to UPT can be ex-

pected to have a larger margin for cell-edge UEs than for

cell-center UEs. This may explain the higher gains obtained

by our solution at the cell-edge.
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Fig. 6: Savings and gains achieved by our solution over

ZOH for two different values of the UE-side

decision-making metric (UE speed = 30 km/h).

Fig. 6 also reports the savings and gains of our solution

over ZOH in terms of the UL CSI feedback overhead and the

5th percentile UPT, respectively. The reported results are for

the UE speed of 30 km/h and consider two different values

of the SGCS threshold. The latter is the metric utilized for

UE-side evaluation of the CSI prediction performance in our

solution (i.e., for choosing between legacy CSI report and

low-overhead CSI report). Assuming a higher value of this

SGCS threshold introduces a more stringent requirement on

the prediction performance and thus pushes the system to fall

back to the conventional CSI report format instead of using

the low-overhead report. This can explain the lower overhead

saving and UPT gain achieved by our solution when using a

0.8 threshold.

VI. CONCLUSION

CSI feedback enhancements in next-generation cellular net-

works are essential to overcome the issues of high feed-

back overhead and outdated measurements in legacy systems.

Differently from fragmented solutions in prior works, we

proposed, in this work, a CSI prediction approach to not

only combat the CSI aging issue but also reduce the UL

CSI overhead. The proposed solution relies on two-sided CSI

prediction mechanism that effectively adapts the amount of

required feedback information to the varying CSI prediction

accuracy. We evaluated the performance of our proposed

approach and compared it to the baseline ZOH scenario.

MATLAB-based SLS showed that our solution can reduce up

to 30% of the UL CSI feedback overhead while enhancing the

5th percentile UPT by up to 4% gain over ZOH. Our solution

shows better performance for higher-velocity and cell-edge

UEs. Future directions of this work may include an extension

of the ML and network performance evaluation, and a protocol

to support the two formats of CSI reports considered in the

two-sided prediction mechanism.
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