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Outline
CSI=Channel State Information 

• 1- Context and background: CSI needs are growing very fast in large scale 
cell-free systems. 


• Case studies : 


• 2- CSI-R for massive random access - a compressed sensing problem. 


• 3- Non-explicit or ‘embedded’ CSI, learning based MU-MIMO systems. 


• 4- Federated learning for CSI-T estimation for the MU-MIMO BC : a 
preliminary study 
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1- Why are the needs for CSI increasing?
A cell-free massive access RAN can be defined as a large dimension 
linear system :
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• Exponential grows of CSI values : 

• (Nb of Txs x Nb of antennas)x(Nb of Rxs x Nb of antennas)x(Nb of ressources)x(Nb of measures per time unit)


• Higher frequencies, higher bandwidth


•  New paradigm with cell-free and IRS, joint communication and sensing : toward a distributed but controlled 
system. 


• Non asymptotic studies :  

• Small information quantities (IoT, control) : Capacity/Rates cannot capture the problem well.


• Delay/reliability with heterogeneous constraints —> static rate is not enough ! 


• Transmission conditions change continuously : mobility, transmission policies, interference

Why is CSI going to be so important ?  <latexit sha1_base64="1zS342On61r3WSjk1uqzLSbkPZ4="></latexit>

Y = H ·X(W ) +N

Imperfect channel knowledge (at transmitter or at receiver)


Trade-off : signaling overload versus accuracy 
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• Tools/methods 

• Theory : Combination of information theory, coding theory and queuing theory with 
control theory. 


• Algorithms : Leveraging on data based or machine learning to improve the 
exploitation of CSI


• Some research directions 

• Estimation of channels in Multi-user settings with a reduced number of pilots 
(ex.1)


• Pilotless, embedded pilots —> blind techniques (ex. 2)


• Compress and quantize CSI, « cooperative learning » (ex. 3)
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2- Massive Grant Free Random Access
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Joint work with Lélio Chetot and Malcolm Egan

• Scenario : grant-free random access

• 1 BS with N-antennas

• Large number of M devices w. 1-antenna, 

• Low individual transmission probability

• Slotted GF random access

• Unknown channels, unknown activity

H DATA H DATA

B BBS

Devices
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• AUDACE : Active User Detection and Channel Estimation
H DATA

H DATA

H DATA

Detector

Superposed headers
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A compressed sensing (CS) problem

Given a BS with K antennas, its coverage area:  
how many nodes (N) can be handled or how many resources (M) are required to solve  AUDaCE ?
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A compressed sensing (CS) problem

• Unknown variables 


• Transmission system


Each device uses a pseudo-random code.     Codebook 


Then the observed signal is 

Given a BS with K antennas, its coverage area:  
how many nodes (N) can be handled or how many resources (M) are required to solve  AUDaCE ?

Where H contains a small set of non null vectors
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• A joint estimation-detection problem
Detection Estimation 

Two families of algorithms :


1: Iterative algorithm with regularization : OMP, LASSO,…


2: Bayesian estimation with message passing (inc. BP, AMP, 
EP, GAMP)

Markov chain

Graph used for message passing

L. Liu, E. G. Larsson, W. Yu, P. Popovski, C. Stefanovic, and E. de Carvalho, “Sparse signal processing for grant-free massive 
connectivity: A future paradigm for random access protocols in the Internet of Things,” IEEE Signal Process. Mag.,Sep. 2018 
M. Ke, Z. Gao, Y. Wu, X. Gao, and R. Schober, “Compressive sensing based adaptive active user detection and channel 
estimation: Massive access meets massive MIMO,” IEEE Trans. Signal Process. 2020 
Q. Zou, H. Zhang, D. Cai, and H. Yang, “Message passing based joint channel and user activity estimation for uplink grant-free 
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• Introducing dependencies in the data model

Correlated group-heterogenous activity with Copula 

Something between independent and group  
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• Results with perfect model knowledge
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Research trends

• Use of non orthogonal « pilots » to fasten the detection. Codebooks: optimal codes for 
detection and taking into account decoding complexity (semi-structured codes, block-
codes, …): codebook size, minimal distance, decoding complexity : Grassmanian, 
theory of frames, … 


• Taking data information (dependencies and prior knowledge on transmission 
probabilities, time and space) into account, may help to improve the decoding itself. 
Future: learning this information from the observations.


• Additional topics : improve transmission strategies (multi-carriers, power transmission) 
to reduce mis-detections, false alarms.
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3- Learning aided MU MIMO
Joint work with Mathieu Goutay, Jakob Hoydis, Faycal Ait Aoudia

• Objectif : show learning based techniques 
allowing to reduce CSI impact on the 
transmission


• Scenario 1 : Learning OFDM 
Waveforms with PAPR and ACLR 
Constraints


Design an OFDM based transmission 
without explicit pilots 

• Scenario 2 : ML-enhanced Receive 
Processing for MU-MIMO 


Design a robust MU-MIMO receiver 
robust to CSI errors.
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Scenario 1 : Learning OFDM Waveforms with PAPR and ACLR Constraints

• Reference model


• OFDM system with M symbols and N subcarriers


• On each RE (m,n) a vector of bits is mapped : 


• OFDM suffers from high peak to average power ratio (PAPR) and high 
adjacent channel leakage ratio (ACLR) 


•
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• New system : the communication system (P2P) is modeled as an auto encoder, with 
parameter  and , on an OFDM frame, maximizing a rate under side constraints:


•

θ Ψ
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NN based architecture, end-to-end learned on simulated channels
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• Assumptions : 


• Average channel is known at the transmitter and power control is applied to achieve an 
average SNR.


• The system is trained on 3GPP-compliant urban microcell (UMi) LOS and non-LOS models


Sketch-up of the algorithmic solution with an end-to-end loss (Augmented Lagrangian based) : 

•
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Illustration of the obtained constellations

• Here, the learned constellations comply with a lax ACLR and variable PAPR constraints

• The green points are effective constellations transmitted, showing variability to cope with PAPR constraint.

• The channel is learned from the non symmetric distribution, at the receiver


•
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Low PAPR required

Higher PAPR allowed



Learning OFDM Waveforms with PAPR and ACLR Constraints

• Results


• The proposed approach outperforms 
the trade-offs (rate, PAPR, ACLR)


• Note : leakage is optimized in the 
baseline with PRTs (peak reduction 
tones)
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Scénario 2 : ML-enhanced Receive Processing for MU-MIMO
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ML-enhanced receiver : channel estimate errors
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ML-enhanced receiver : unmapping
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Results, uplink, @slow speeds
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Results, uplink, @high speeds
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Research trends

• Learning waveforms over multiple symbols allows to determine more robust detectors, 
with less (or no) pilots —> Embedded pilots, optimized receiver 

• Other End-to-end approaches including constellation shaping, encoders, … are 
proposed in the literature, e.g. :  


• The performance should be balanced with the computational complexity.
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4- Federated learning for CSI estimation
Joint work with Loukas Duque, Tan Khiem Huyn, Hadrien 
Hendricks, Florence Forbes, Malcolm Egan
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Z. Du, H. Li, L. Li, B. Zhang, Z. Liu and X. Gu, "Training CSI Feedback Model with Federated Learning in Massive Mimo Systems," 2023 
8th IEEE International Conference on Network Intelligence and Digital Content (IC-NIDC), Beijing, China, 2023



• Reference solution : CSInet 


1- Offline learning (e.g. on extensive simulations) 


2- Sharing the encoder with UEs


3- Replace standard CQI with compressed feedback
C. -K. Wen, W. -T. Shih and S. Jin, "Deep Learning for Massive MIMO CSI Feedback," in IEEE Wireless Communications Letters, 2018
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• Our (on going) work :  

• Evaluate « Distributed learning solution »  for this CSI compression problem to


• Adapt the model « encoder/decoder »  to the actual BS/UEs environment (propagation 
conditions)


• One model per BS : each BS learns its own model


• One model per UE ? Learn the encoder only or encoder/decoder ?


• Trade-off generalization-personalization  

• Scenario under investigation 

• Each UE = an agent trying to learn a model on-line.


• Exploit observations among UEs under similar channel conditions but avoid too much generalization 
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• What is Federated learning ?
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• Adaptation to CSInet for on-line  learning
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• Adaptation to CSInet for on-line  learning
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• Adaptation to CSInet for on-line  learning 


with personalization 

• Determine clusters 


• Détermine personalized models :


• Update models in the cell
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• Long term objective :
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Ĥi

Joint 
predoder

<latexit sha1_base64="IFPuNPxCp+BOjbF8l3090iAVQe8="></latexit>

Ĥi
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• Long term objective (1) :
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<latexit sha1_base64="ZoM9VDFkkpJmhNeBd5fRQgzxtW0="></latexit>

✓(c)dec(t)

Usual Data+pilots+header 
+ 

Gradient information
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• Long term objective (2) :

<latexit sha1_base64="RmYeZmjJrJFpGMNJmzkIjKPX5z8="></latexit>

Hi

<latexit sha1_base64="KFl+qVsD4fKrmFN4qSTFOarsS/Q="></latexit>

✓(i)enc(t)

Low rate CQIs   
and  

low rate gradient information

Learned 
precoder

<latexit sha1_base64="RmYeZmjJrJFpGMNJmzkIjKPX5z8="></latexit>

Hi

<latexit sha1_base64="KFl+qVsD4fKrmFN4qSTFOarsS/Q="></latexit>

✓(i)enc(t)

<latexit sha1_base64="RmYeZmjJrJFpGMNJmzkIjKPX5z8="></latexit>

Hi

<latexit sha1_base64="KFl+qVsD4fKrmFN4qSTFOarsS/Q="></latexit>

✓(i)enc(t)

<latexit sha1_base64="RmYeZmjJrJFpGMNJmzkIjKPX5z8="></latexit>

Hi

<latexit sha1_base64="KFl+qVsD4fKrmFN4qSTFOarsS/Q="></latexit>

✓(i)enc(t)

Usual Data+pilots+header 
+ 

Gradient information

Performance 
Evaluation

Perf. Indicator

Perf. Indicator

Goal Oriented

Aggregated CQIs

<latexit sha1_base64="VaEeofAl9gj8be+TgBAp0sxhiH4="></latexit>

 pcod(t)
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Research trends
• The problem is not just about using distributed learning, but ho to combine 

and optimize learning, communication and feedbacks.


• Perf. metrics are multiple : 


• Service (rate, delay, …) versus costs (bandwidth resources, energy, 
computational load)


• Finding tradeoff between generalization (global optimal algorithms) versus 
personalization


• Is personalization interesting to reduce model size, communication costs 
and complexity ?
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• CSI is a critical point to operate future wireless networks 


• Avoid to track a full CSI everywhere : not necessary, resource consuming. 


• Non-coherent approaches may embed channel information, more efficiently than 
pilots but the decoding is more complex. 


• Joint multi-dimensional processing (time/frequency/antennas) is theoretically more 
efficient but introduce higher processing complexity. 


• Extensions in cell-free and with IRS is fundamental to achieve expected high 
performance. 

5- (few) take away messages
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