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What will future communications look like in 20307
Creatingdhe ‘augmented humany

Multi-model mixed reality telepresence

Learn from/with machines

High resolution mapping

Automatic security

Augment our Intelligence Mixed reality-co-design

In-body monitoring

Augment our experience

Domestic robots

Remote & self driving
Drone/robot swarms

Augment our control
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The enabling<foundation for that future...

Digital World

Physical World ) 3 Biological World
Real time
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Six key technologies for 6G

Al/ML Air-Interface

New Spectrum Technologies

Network as a sensor

RAN-Core Convergence &
Specialization

S /

Extreme Connectivity

OO

OO

Security and Trust
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Role of ML for 5G

SMFE

AMFE UPFE

Slice orchestration
VM management
Anomaly detection

Random Access detection
Symbol demapping Load balancing
MIMO detection

Channel estimation

MIMO User Pairing Beam Prediction

Complexity

((-))) A
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Deployment optimization ‘ User localization

: _ Trajectory prediction
Carrier Aggregation

Handover prediction

Interference Management

Algorithms not optimal Lack of accurate models
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What it®G was built so that ML could optimize
parts of the PHY'& MAC if needed?
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Possible benefits

Custom signaling and
access schemes

Bespoke waveforms,
constellations & pilots

Reduced standardization
effort

Optimally adapted to
hardware limitations

No heuristic
parameter settings

Faster development &
deployment time
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Al-Native Airinterface (Al-Al) for 6G

Data Al-Al Hardware Environment Hardware Al-Al Application
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Environment, hardware & application dependency feedback

“Post Shannon”: Not about reliably transmitting bits anymore, but rather serving an application with data in an optimal way
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A roadmap te an Al-Native Air Interface for 6G
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3. ,Mk'designs part of the PHY itself

J
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Case study:

From Neural-Receivers to
Pilotless Transmissions
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SISO doubly=selective channel

pilots Spectral correlation

*  [Relix = iy Sie/?mriPsbri=)

» Subcarrier spacing Ar = 30 kHz
» Delay spread D; = 100 ns

« TDL-A power delay profile

72 Subcarriers

Temporal correlation
o [Relie =Jo (2n2 febr (i — K))

Resource » Carrier frequency f, = 3.5 GHz
element (RE) 14 OFDM symbols « Speedwv =50km/h
Y=HoX<+N Modulation & Coding
« 064 QAM
vec(H) ~ CV(0,R;®R) « 5Gcoden=1024,r=2/3
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Baseline receiver
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Receiver

Symbol

/
CiEm Equalization
Estimation g demappin
-

\
%

» Least-squares channel estimation at pilot positions

» Equalization using the nearest pilot
* ExactLLR computation assuming a Gaussian post-equalized channel
» Textbook sum-product BP decoder with 40 iterations

LS estimate

REs equalized
using the nearest pilot
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Potential performance enhancements
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—B— Baseline

—*— Perfect CSI
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Deficits of the baseline
OFDM symbols
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Imperfect channel estimation.&channel aging lead to
» Mismatched LLR computation
* SNR degradation
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Neural demapper (symbol-wise)
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Neural demapper (grid-wise)

10°

Receiver

=ik
Channel . . 107" 5
) ) Equalization Decodin
Estimation q g
- \\
- -2 ]
e S & 10
- NS m

- ~

10—3 J

O HE
Re{X}, Im{X}, SNR]—» % — LLR
72 x 14 x 3 72 % 14'% 6 10 ,A
é _é_ 110 1'2 114 1‘6
EpiNo [dB]

® Baseline @& Neural Demapper (Symbol)
—*— PerfectCSI —&— Neural Demapper (Grid)

16/28 NOKIA Bell Labs



Neural network architecture is keyto success
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Fully convolutional ResNet Dilated separable convolutions

M. Honkala, et al., “DeepRX: Fully Convolutional
Deep Learning Receiver”, arXiv2005.01494

H. Talebi et al., “Learned perceptual image enhancement”,arXiv:1712.02864
17/28 F.Yuetal, Multl scale context aggregatlon by dilated convo\ut\ons arXiv:1511.07122 NDKIA Be” La bS
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https://medium.com/@zurister/depth-wise-convolution-and-depth-wise-separable-convolution-37346565d4ec

Neural receiver
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End-to-end learning with Neural receiver
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Learned constellation for pilotless‘communication
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F. Ait Aoudia, J. Hoydis, “End-to-end Learning for OFDM:

=

From Neural Receivers to Pilotless Communication”, arXiv2009.05261
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Important research topics for end-=to-end learning

* New waveforms for new spectrum

 _Learning for systems with (extreme) hardware constraints
. Joined communications.+ X

+ Signals conveying afew bits of information

« Application-specific end-to-end learning

* Semantic communications

« Decentralized & federated learning

« Transfer & meta learning

21/28

NOKIA Bell Labs



The next frontier:
Protocel fearning
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Emerging a RAN protocol

3GPP Way ML Way
®

MAC Protocol

A. Valcarce and J. Hoydis, “Towards joint learning.of optimal MAC
signaling and wireless access channel access”, arXiv.2007.09948v2
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Thank youl!



