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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:
o 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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Why is CSI going to be so important ? Y :@ X(W)+ N

 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 (loT, 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

Imperfect channel knowledge (at transmitter or at receiver)

Trade-off : signaling overload versus accuracy
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e 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

e Some research directions

e 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 CSl, « cooperative learning » (ex. 3)
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2- Massive Grant Free Random Access

Joint work with Lelio 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

Devices
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e AUDACE : Active User Detection and Channel Estimation

Superposed headers

V

A H

Decoder |:> DATA

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 72, NO. 7, JULY 2024
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Hybrid Generalized Approximate Message Passing
for Active User Detection and Channel Estimation
With Correlated Group-Heterogeneous Activity

Lélio Chetot™, Malcolm Egan™, and Jean-Marie Gorce™, Senior Member, IEEE

Abstract— The random access procedure is a bottleneck to
the development of wireless networks supporting the use cases
of massive machine-type communication and ultra reliable and
low-latency communication. Such networks are densely and mas-
sively popupated and must meet stringent latency and reliability
requirements. Due to these characteristics, grant-free random
access is envisioned to alleviate the control overhead gener-
ated by the classical random access procedure. However, active

| user detection and channel estimation algorithms are required.

wired links, which are able to support a massive number
of ultra reliable and low-latency communication (uRLLC)
links. Unfortunately, wired connections are both expensive and
time-consuming to reconfigure. An alternative approach is to
exploit wireless links, as in [3], between plant sensors and the
cloud. While uRLLC links are now an integral part of 5G,
existing systems are still of a small size. A massive scaling
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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

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 ?

e Unknown variables . .
0 < UE n 1s 1nactive
Sp = . .
" 1 & UE n i1s active
_ - NxK
H = |hglienxg € CVX

 Jransmission system
Each device uses a pseudo-random code. Codebook

Then the observed signal is

Y=XH +W

X = [Xn]nep1,ng € CH 2

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

Markov chain s—H-—-Y
Detection Estimation
5= jé%on:?i’( Psiv (s Y)and H=EH |Y] fusay(H,s |Y)=fyn(Y | H)fus(H | s) Ps(s)
K M
fCNxK _fS,H,Y(S-.H-.Y)dH fY|H(Y ’ H) — H H fymk|hk(ymk ‘ hk)
PS|Y(3 | Y) _ Z(Y) k=1 m=1
K N
Zs . Nfs,H,Y(SfH',Y) <(H — < (hpk | sn
fuy (| ) = S50 208 e B ) = L 0 vt B 00

Graph used for message passing

Two families of algorithms :
1: lterative algorithm with regularization : OMP, LASSO,...

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

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 MIMOQO,” 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 Sn

massive MIMO systems with low-precision ADCs,” IEEE Signal Process. Lett. 2020 10 On |eqrning (S| for 6G - 10 oct. 2024 - Inria Sqdqy




* Introducing dependencies in the data model

Correlated group-heterogenous activity with Copula

C— (q — S.

Something between independent and group

B T
c ~ Norm(Op 1, K) q= [(Fqnl © FC")(cn)]néﬂl‘,N]
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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
probabillities, 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

* Obijectif : show learning based techniques
allowing to reduce CSI| impact on the

transmission \4 Y
V%
 Scenario 1 : Learning OFDM Y
Waveforms with PAPR and ACLR :
Constraints . 7
Design an OFDM based transmission Y
without explicit pilots 3 Y

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

Design a robust MU-MIMO receiver

robust to CSl errors.
On learning CSI for 66 - 10 oct. 2024 - Inria Saclay



Scenario 1 : Learning OFDM Waveforms with PAPR and ACLR Constraints

\%
* Reference model Y
\4
« OFDM system with M symbols and N subcarriers
* On each RE (m,n) a vector of bits is mapped : /< :'7
Bor € {0,139 — 2, €C Y

« OFDM suffers from high peak to average power ratio (PAPR) and high

adjacent channel leakage ratio (ACLR) v « PFFAH
~ = P
: ‘ -— </ | i i
s(t) 0 pr————— : : - - : :
0 , max(s(t)) ; : T !
. ¥ | .
E ~10 e a
gﬁ * =) j L | —_——
= = + - —
E: ' f | | o 20 | » . : -
7 \‘Vll Il ‘ ” =z
—30 44311 - _
| || if“ '““" "\ |' ,ﬂ ‘| " ‘ ' w I | —~——— R 7
U ‘ y —— OFDM with 16-QAM .\l( o
0 2 10 60 - | I - |
Time (normalized by sample duration) s -1 \;(LLI?1nlircli) frcqu:'.)ﬁgv l
Example of time-domain OFDM signal Power spectral density (PSD) of OFDM signals
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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:

maximize
0.y

subject to

C(0,9)
PAPR (9) = "Ypeak

ACLR ( 0 ) S '))lcuk

Achievable information rate

Target PAPR

Target ACLR

(

& Ind-to-End System )
T = Yy
5 et Al - T E
- R f— T = SHIY|E 2
wochCE — = = B-lme B
v ’-; i .- 3 é > : :.U < :J
— i =V ot o ~
Z Ei 8 s & i N~
=i Z ] , ~
........... :

LLRs
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End-to-End Learning of OFDM Waveforms with
PAPR and ACLR Constraints

Mathieu Goutay**, Faycal Ait Aoudia, Jakob Hoydis', and Jean-Marie Gorce?

*Nokia Bell Labs, Paris-Sac

lay, 91620 Nozay, France

TNVIDIA, 06906 Sophia Antipolis, France
TUniversité de Lyon, INSA Lyon, Inria, CITI, 69100 Villeurbanne, France
mathieu.goutay @nokia.com, {faitaoudia, jhoydis}@nvidia.com, jean-marie.gorce @insa-lyon.fr

Abstract—Orthogonal frequency-division multiplexing
(OFDM) is widely used in modern wireless networks thanks
to its efficient handling of multipath environment. However, it
suffers from a poor peak-to-average power ratio (PAPR) which
requires a large power backoff, degrading the power amplifier
(PA) efficiency. In this work, we propose to use a neural

ot NN ] 0 ]

the transmission. Although the presented autoencoder shows
promising results, the PAPR is minimized based on a non-
oversampled time-discrete signal, which is not fully represen-
tative of its analog waveform [3]. Moreover, the autoencoder
operates on symbols, meaning that QAM mapping and demap-
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NN based architecture, end-to-end learned on simulated channels

Yy

4 real Trancmittor: ) 4 * )
I\uudllmn\ml[(u CP Removal
= ZIr= i - + DF1
= Q ) = il < > -~
sliiS |z 2[S9 5| ~N Nx2 | 2
by || = (=2 E S TS P X C" - R o
B ¢ = [|.2 || & = || = N [ mmmm—— ~
= o p= v >, ] N — b T W
O lil2IZZIL X || E || R O =
oS 2l a iz S || = 2D Sep. Conv | : &
A ¢ | i 4 :.o
CNN ; Multple 2D | =
- - - -/ |ResNet Blocks| :
b s y [ 2D Sep. Conv | :
—| Neural Transmitter )X— _— —_— P

(a) Neural Transmitter. (b) Neural Receiver.
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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) :

Z(G. w, )\P? )\1 9/17” /L[) — LC‘(O' 1/))

1
T AI—’lj'ylw.ak(e) o“]"L puk( )|2
1

% Q,Ul (maX(O’ Ar -+ /l'lL.Blcak(B))z — A

where 4, 4;, i, u; are optimization parameters

)

18

Algorithm 1: Training procedure

Initialize 6,4, Ay ", )\ 0) <0)'u;j0)

for

end

u=>0,...do
> Perf()rm multiple steps of SGD

on L(6,¢, A, Ar. iy, 1) wort. 8 and ¢
> Update optimization hyperparameters :
/\Lu lo_)\lu + p)[« ‘9)

,\('” ) — max (O A “)[*..ﬁc.». (9.))
(u+1) ' ()
Al ¥
u ) u
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lllustration 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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Learning OFDM Waveforms with PAPR and ACLR Constraints

e Results

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

 Note : leakage is optimized in the
baseline with PRTs (peak reduction
tones)

@ E2E system, [ = —20 dB
—4—E2E system, [ = —30 dB
/+E2E system, [reak = —40 dB

Average rate per RE [bit]

—B- Baseline

DO DO — o) Q0 o DO — -
| | | | | | | |

I l I l

D 6 7 8 9
PAPRp-3 [dB]

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

[ Users H Channel J

> Received

Signal
Enhance multiple blocks
with ML components

s . N
Base Station
= Channel Est. User 1 1 £ ———»  Demapping User | > LLRs'"
H X (1)
Y 20 | B
| lqualizanon
‘ ‘ -~ ) X( J\r;.-,) . (Nt )
el Channel Est. User N H E >3 Demapping UserN; > [LLRs'"*/
& /
4 _ N
............ " RCCCI\"CI'
----- » User | Channel Estimation | = User 1 Demapping i
................................................................... T
5 User k£ Channel Estimation Bl . User & Demapping Esti d Bi
~ ——— o Equalizaton — —3m 1 stmated B
~ |[CNN; | |CNNgyy, ), | § Bxp- Decay i, || CNN Demapper || 7| Probabilities
= User N Channel Estimation >~ User Ny Demapping i
e T )
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Machine Learning tor MU-MIMO Receive
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ML -enhanced receiver : channel estimate errors

Pilots

Problem: The estimates of E are sub-optimal

s . S R
User 1 Channel Estimation
LNINISE ryl1) ryl 1)
Y( l‘)' =3 Clannel st Hp‘ L - NIRE H - -~
P At Pilots Approximition Stack - H
S -
! _\],\l,‘ﬁ}’, | l"..tlmrl Sp:'ali:d . Nearest-pilol > .
pu Fan x'.( o E( 1) Con, Matmices F( 1) Approximation E( 1) Sum o E
L At Pilods PlL) “(fEP) ) al
( User N Channel Estmation },
\
Resource Grid .. 4 0
o0
T 10- - — 10
- m
O ©
‘u . m 20 il —8 - m
C = + 9
= Y 1Y) —
-~ ™
:ZT E = 10 <"
Z= L I —
L 4 -12
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= X| e
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72 0. 70
&
— 0 10

Solution: Use a CNN to estimate E

and use a complex exp decay model

e ButEisatensorofdimensionNXMXLXL!

 The CNN will learn the error statistics during training

— The CNN outputs 2 parameters as ¢, Br+ per RE

s . o : ~
Llser | Channel Estimation
(1) o (1)
Yo -~ (1"“'“?:; Hyi S| NIRE H" .
2 =3 IRIBICE T Aporoximation oL T
~ ™ At Pilots L’ CNN, [/ L . Stack H
2 -l
o »  ONN; > Exp. Decay > ~
Positions » ﬁ( 1) Sum B
>
\ J
[ User N Channel Estumation }_

55 On learning CSI for 66 - 10 oct. 2024 - Inria Saclay



ML-enhanced receliver : unmapping

mL[ Channel }

Problem

Equalized symbols suffer from channel aging

Base Stanon i
Chasnnd Ea User | ﬁ 2 Demapping User | 3 LLRs'"
X
Y > .
! Faquabzanon -
L > i( Ny -
Chaemd B2 User Ny E e Demappiog UserN, |—> LLRs'"*Y)
. =

1 Pilot Pattern

Solution
Use a CNN to demap the symbols jointly on all REs

 The CNN can estimate the channel aging by looking
at the entire OFDM Resource Grid
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Results, uplink, @slow speeds

- 16-QAM, code rate n = 1/2 « Baseline : traditional ch. est. and demapper
+ K =4users « ML ch. est : ML channel estimator only
* L =16Rxantennas « ML receiver : ML ch. est. + ML demapper
» 3GPPUMINLOS (Ge”?rated “f'th Quadriga)  Perfect CSI : perfect H at pilot, perfect E everywhere
«  35Ghz, 15Khz subcarrier spacing
. Spectral interp. : - Baseline . ML ch. est ¢ ML receiver - Perfect CSI
Trained on speeds from 0 to 45km/h 7= “ ‘ ; “
IP pattern : ML receiver trained with Ny =2 |
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(a) 1P pilot pattern at 0 to 15kmh—!. (b) 1P pilot pattern at 15 to 30km h—1. (c) 1P pilot pattern at 30 to 45kmh—1.
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Results, uplink, @high speeds

BER
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(d) 2P pilot pattern at 50 to 70km h™~*.

Baseline : traditional ch. est. and demapper
ML ch. est : ML channel estimator only

ML receiver : ML ch. est. + ML demapper

Perfect CSI : perfect H at pilot, perfect E' everywhere

Baseline " MIL. ch. est. B ML receiver @ Perfect CSI
2P pattern, dual interp. : - =~ Baseline - +- ML rec.
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(f) 2P pilot pattern at 110 to 130 kmh~1.
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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.q. :

Aoudia, F. A., & Hovydis, J. Waveform learning for next-generation wireless
communication systems. IEEE Transactions on Communications (2022)

* The performance should be balanced with the computational complexity.
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4- Federated learning for CSI estimation

Joint work with Loukas Duque, Ian Khiem Huyn, Hadrien
Hendricks, Florence Forbes, Malcolm Egan

I)‘ L\ 18 1 - ,
- :7 - 1“ S oneen 7 > lime Doman
- ~ t t"'l - t e
<7 ‘7 ' ~ 1, ' Spatial Domain = V% Kel
;? Hy k.1 Hymk.0' | : —
7 < Y | #RX #1X
\V/ S/ Hiake - Hoke] |1, . ~ X
. Leoe | =— FNXMXKXT
Hhaae - Himo i | JJ HeC ™7
: 'DV ik, 141 &
K User Equipments :RX g # subcarriers
Hnoae o0 HN oM . .
Frequency Domain
X

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
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e Reference solution : CSinet

removed: Encoder Tx Decoder
: ’ .-.-'-o-c-v-' Rx ' ........ O e e e - ————— .- - - -
' | 1 . 1
E i :\ CSI encoder ﬁ H CSldecoder |1 ReﬁneNet :
2 ! i : 2 8 16 2 2
- D ! | feedback . T T m [ s
\Ué ' ..II\CI .1[\1' ' :
15 : ! i - : :
Input ! : E W Copy ’ Dense; Linear E !I I | o> Ol g | & output
' . B . A - ' 8
A :m i T ) Reshape M LeakyRelU alpha = 0.3 t . X N = :
I o : mp Conv 3x3; batch nom : - 3 3 ’3 3 E '
. " : = : g’ m) Conv 3x3; batch norm; Sigmoid g | e e Te Te |
o I'__,_..._. - g 5 1 - f
angle T TTTTTTT ‘-3. Conv 3x3; batch norm; a o ’ 4 | angle
(a) LeakyRelU alpha = 0.3 (b) ~r=-='= o e e R
: - : : - L(Ocpnc, 0 =E|NMSE(H, 0.y, 0
1- Offline learning (e.g. on extensive simulations) (Oenc, Odec) (NMSE(H, Ocnc, Odec)

1 Hfdec (fenc (H7 ‘genc) 7‘9dec) _HtH2
— TZ
t

2- Sharing the encoder with UEs | Hel|?

3- Replace standard CQIl 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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e 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

e Scenario under investigation
 Each UE = an agent trying to learn a model on-line.

* EXxploit observations among UEs under similar channel conditions but avoid too much generalization
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 What is Federated learning ?

Algorithm 1: Local SGD

Input: Local datasets, number of communication

rounds T, number of local steps K, local e Each client performs K SGD step on their
learning rate 7, global learning rate 7, local model between each communication
Output: Wy round
Initialize wy ; - .
fort=0,...,T —1do e Communication step to prevent divergence
server selects a set N; of N available clients ; .. :
: ¢ Communication cost dominates!
server broadcast w; to every selected client ;
for each client m € N; do
w1 4 LocalUpdate (w¢, 7y, K) ; i oK
client sends Wrnltl to the server ; i O >0,
end s
server update: , ) wtof o o— ... E ,(’:QT—__)O Wi
Wryl < Wr — —,5— EmGNt (Wt+1 — Wt) w! w? w,
end
Function LocalUpdate (wp, 1;, K): W TS -
for e=1,...,K do wlt? =Mk
Receive sample x. from the stream ; '
We +— We—1 — NV im (We—1: xe) Figure: Local drift
end
Result: wy
end
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* Adaptation to CSlnet for on-line learning

Low rate CQls
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» Adaptation to CSlnet for on-line learning

G

O We need an additional control channels to update
the system parameters

2N S
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e Adaptation to CSinet for on-line learning A{ encs dec}

9(0) (0) }

9
encs Y dec enc’ “dec

{00005} 8///:;
0\\\5'

AR

Learning strategies:
- |learn both parameter sets, without immediate use
- Learn encoder parameters, under fixed decoder
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e Adaptation to CSinet for on-line learning A{ encs dec}

[ 9O 1

enc  “dec

i) (1)) . )
{600, g0 o
?{eé;)c(i)yeé?c(i)} O/#ieén)c@)?edecj

Lo0). 60 ) Lo0). 60 ) oy
) 0
8§{9&)@’ Qc(z?c(i)} O\‘{HS&( ), 6’§ze)c}
{000,000 {000,000}
Averaged model or gradient sum-gradient
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o . _ . . 1
Adaptation to CSlnet for on-line learning {‘9((31@)@ ec(li)c} _ = Z {981)6(2'), 6&13)0(2)}

{9(1)(7;) 9(1)(75)}

enc ?“dec

% {egl)c(i)’ Hc(ile)c(i)
enc? dec}

t s i 0

8\§:’ {000, 6! O\‘{Hé% ; Qée)c}

L6060 {9&)(@» 9&2}

enc 7’ “dec

{000, 0%}
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1 1
(o002} = L om0 = o2+ - S

» Adaptation to CSlnet for on-line learning

{9(1)(7;) 9(1)(75)}

enc ?“dec

| | p- , (D) p(0) ]
% {(9(9,/)6(2)7 Hfile)c(Z) } .’// <\ Henc ’ edec )>
{9(0) 9&0)} Oé
enc? ec | O
\ {96(371%)6(7;)796(;)6(@} 9896(@),9&)0}

L6000 {9&)(@» 9&2}

enc 7’ “dec
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» Adaptation to CSlnet for on-line learning
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* Adaptation to CSlnet for on-line learning

with personalization

{001, 62))
 Determine clusters O/g
(O) (9(0)

enc7 dec

(60,02}

e Détermine personalized models :

1
{96(31;,)@9&16)0} A > 05).(i), 0es (i) = 040 (4) +A9}
cc C .

 Update models in the cell
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0% (t)

* Long term objective %
Low rate CQls

and
low rate gradient information

predoder

4

0% (t)
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 Long term objective (1) :

Low rate CQls
and
low rate gradient information

4

0% (t)

Usual Data+pilots+header
+
Gradient information

enc(

G;’LC (t)
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\ijcod (t)

* Long term objective (2) : Aggregated CQls

Low rate CQls
and
O/ low rate gradient information

H jeelhy

0% (¢

enc

H_..
Usual Data+pilots+header

9<z> *
enc Gradient information

H =l
057c(t)

H il

Ofe(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 :

e Service (rate, delay, ...) versus costs (bandwidth resources, energy,
computational load)

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

e |s personalization interesting to reduce model size, communication costs
and complexity ?
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5- (few) take away messages

 CSlis 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.

e 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.
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