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What will 6G be?

= 6G networks: from “connected things” to “connected intelligence”

User experienced dala rate (Gbps) Connections density (10°Km’)
0710 1 Gbps t million connectionsXm®

2020 2025 2030
5G: connected things 6G: connected intelligence

[Ref] K. B. Letaief, W. Chen, Y. Shi, J. Zhang, and Y. Zhang, “The roadmap to 6G - Al empowered,
wireless networks,” IEEE Commun. Mag., vol. 57, no. 8, pp. 84-90, Aug. 2019.



Connected intelligence via Al

= Make networks full of Al: embed intelligence across whole network

to provide greater level of automation and adaptiveness
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Success of modern Al

= Two secrets of Al’s success: computing power and big data

» Computing power: Intel i386, Intel 1486, Intel Pentlum Intel Core, Nvidia GPU,
pinaN ‘ar.;y > | -

Google TPU, Google quantum supremacy,...
> Big data: the world’s most valuable resource

is no longer oil, but data

The world's most
wvaluable resource

»»»»»»»

Data and the new rules
of competition



Challenges of modern Al

16X

Model
152 layers
22.6 GFLOP

-3.5% error

8 layers
1.4 GFLOP

~16% Error
2012 2015
AlexNet ResNet

model size

238

energy

sensor
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= Explicit Consent for Data Usage

privacy

cloud



Solution: mobile edge Al

" Processing at “edge” instead of “cloud”

Sensors Personalization



Levels of edge Al

Level 6
All on-device
Reduced amount ‘
or shorten path of
data offloading

N

Training
on the cloud

Cloud Intelligence
Training and inference on the cloud

Six levels of edge Al
based on the path of data
offloading: cloud-edge-
device coordination via
data offloading

Fig. credit: Zhou



This talk

= Part I: mathematics in edge Al
» Provable guarantees for nonconvex machine learning
» Communication-efficient distributed machine learning
= Part ll: edge inference process
» Communication-efficient on-device distributed inference
> Energy-efficient edge cooperative inference
= Part lll: edge training process
» Over-the-air computation for federated learning

> Intelligent reflecting surface empowered federated learning

























































































































































































































































Deep learning: next wave of Al

image speech natural language
recognition recognition processing



Cloud-centric machine learning




The model lives in the cloud

@



We train models in the cloud

training
data







Make predictions in the cloud
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Gather training data in the cloud




And make the models better

training
data



Why edge machine learning?



Challenges to modern Al

= Challenges: data privacy and confidentiality; small data and fragmented
data; data quality and limited labels

s Brian Acton

Market summary = Facebook, Inc. Common Stock It is time. #deletefacebook

NASDAQ: FB - Mar 19, 2:21 PM EDT s i

172.32 50 ¥12.77 (6.90%) s oo OODE DS &
1 day 5 day 1 month 3 manth 1 year 5year max

170,27 Mon, Mar 19 1200 PM . ® No Autonomous Modeling and Decision

® Interpretability of Model Decisions

] - ® Users'Right for Data to be Forgotten
- - <l @ Data Privacy By Design

® Explicit Consent for Data Usage

Div yield

Facebook’s data privacy scandal the general data protection regulation (GDPR)
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Learning on the edge

= The emerging high-stake Al applications: low-latency, privacy,...
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Mobile edge Al

" Processing at “edge” instead of “cloud”

t\nﬂ,\) '
Offline Power Sensors

Personalization




Edge computing ecosystem

= “Device-edge-cloud” computing system for mobile Al applications

Shannon (communication)

meets Turing (computing)
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Edge machine learning

= Edge ML: both ML inference and training processes are pushed down
into the network edge (bottom)

training/inference Low-Latency Low-Latency communication
ML for communication
.......... »
Machine (MLC) Ty
#devices Learning oy o _' J /:Idevices
model size ~S8calable (ML) . Communication for ML - Scalable =~ throughput
N CeMy -~
training convergence — -

low generalization error

3

P

suucecsful reception
1

y Flellable e U8, low latency variance
1
1
\

& ‘& .F ’L Fig. credit: Park
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Vignettes A: Over-the-air computation for
federated learning

21



Federated computation and learning

Goal: imbue mobile devices with state of the art machine learning
systems without centralizing data and with privacy by default

Federated computation: a server coordinates a fleet of participating
devices to compute aggregations of devices’ private data

Federated learning: a shared global model is trained via federated
computation

22



Federated learning
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Federated learning

Many devices will be offline.

T
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Federated learning

Many devices will be offline.

1. Server selects
a sample of e.g.
100 online

devices. @

28



Federated learning

@

2. Selected devices
download the current
model parameters.
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Federated learning
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Federated learning
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Federated learning




Federated learning: applications

= Applications: where the data is generated at the mobile devices and is
undesirable/infeasible to be transmitted to centralized servers
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Federated learning over wireless networks

" Goal:train a shared global model via wireless federated computation

Aggregation
st Ties, il

Base Station

2t

System challenges

» Massively distributed

Global » Node heterogeneity
Model

Statistical challenges

X/

s Unbalanced

s Non-IlID

Device 1 Device 2 Device M .
) e % Underlying structure

on-device distributed federated learning system

31



How to efficiently aggregate models over wireless networks?
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Model aggregation via over-the-air computation

= Aggregating local updates from
mobile devices

1
z > res | Dkl ZkGS |Dk|zk

> weighted sum of messages

» M mobile devices and one N-antenna
base station

> S CH{l,---, M}is the set of
selected devices

> |Dg| is the data size at device k

Aggregation

Base Station I

Over-the-air computation:
explore signal superposition of

a wireless multiple-access
channel for model aggregation
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Over-the-air computation

" The estimated value before post-processing at the BS

j = LmHy = LpH by 4 MM
g=_smy=_m Zies h;b;z; + Y
> b; is the transmitter scalar, m is the received beamforming vector, nis a
normalizing factor

> target function to be estimated: g = Zieg D |z

> recovered aggregation vector entry via post-processing:Z = ﬁ g
1ES v

= Model aggregation error:
. 20_2 2 2
MSE(g,g9;S,m) = % = %O mMax;cs |Di|2m—,&”2

(m"h)"
[mHh;|?

» Optimal transmitter scalar: b; = \/7|D;|

34



Problem formulation

= Key observations:
> More selected devices yield fast convergence rate of the training process

> Aggregation error leads to the deterioration of model prediction accuracy

&~

144

—o—# devices = 2
e # devices = 4
# devices =6
—*—# devices = 8
+—4# devices = 10

3
L]

—o—# devices =2
—e—# devices = 4
# devices = 6
—*—# devices = 8
+~—# devices = 10

Training loss
1S

o0
[u—

Prediction accuracy
=]

6" : 0
0 5 10 15 20 0 5 10 15 20
Round Round
(a) Training loss (b) Relative prediction accuracy
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Problem formulation

= Goal: maximize the number of selected devices under target MSE
constraint

2
e |S|  subject to (I?Ea§<|D¢2 HJLW!;HQ) =7

> Joint device selection and received beamforming vector design

> Improve convergence rate in the training process, guarantee prediction
accuracy in the inference process

» Mixed combinatorial optimization problem

36















Difference-of-convex functions representation

= DC representation for sparsity function
|l=llo = min{k : |[[y — [|z[lx = 0,0 <k < M}
= DC representation for rank-one positive semidefinite matrix

rank(M) =1« Tr(M) — || M|l =0

> where Te(M) =Y 0;(M) and | M]|> = o1 (M)

=1

[Ref] J.-y. Gotoh, A. Takeda, and K. Tono, “DC formulations and algorithms for sparse optimization
problems,” Math. Program., vol. 169, pp. 141- 176, May 2018.
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A DC representation framework

= A two-step framework for device selection

Induce sparsity structure Check the feasibility of

of vector « via solving selected devices via
problem g, solving problem #¢,

= Step |:obtain the sparse solution such that the objective value achieves
zero through increasing k from0to M

Ps1 : minimize [|z{l — [z +Te(M) — [|M]2

subject to Tr(M) —v;h'Mh; < z;,Vi=1,--- | M
M>=0, Tr(M)>1,z>0

42



A DC representation framework

= Step ll:feasibility detection
» Ordering x in descending order as T (1) = - 2 Tx (M)
» Increasing k from 1to M, choosing Sl*! as{n(k),n(k+1),--- ,7(M)}

= Feasibility detection via DC programming

find M
subject to Tr(M) — v;hHMh; <0,Vi € SW
M > 0,Tr(M) > 1,rank(M) = 1

2% minli\ffnize Tr(M) — || M]||2

subject to Tr(M) — ;b Mh; <0,Vi € S

M =0, Tr(M)=>1

43



DC algorithm with convergence guarantees

" Pg1and Pso: minimize the difference of two strongly convex functions

minimize f(X) = g(X) — h(X)

> €. g=Te(M) + Io,(M) + 2| M]|2% and h = | M + 2| M]3

® The DC algorithm via linearizing the concave part
Xt = arginfxcx ¢(X) — [R(XH) + (X — XM 05101 h)]

» converge to a critical point with speed O(1/t)

44



Numerical results

= Convergence of the proposed DC algorithm for problem Zq,

o 107
‘% |
N béyﬂdB Py 1'11i111i\}1nize Tr(M) — | M]||2
O .21 ‘
e :
5 10 | subject to Tr(M) — %-h';Mhz‘ <0,
2 M =0, Tr(M)>1
S g4 | 5B |
107

10 20 30 40 50
Iteration

o
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Numerical results

= Probability of feasibility with different algorithms

1 ISDR T v ' v ! v T li
—6— Global Optimization
Proposed DC

O
o0

o
o

find M
subject to Tr(M) — y;hH Mh; <0,Vi € S
M > 0,Tr(M) > 1,rank(M) =1

<
~

Probability of feasibility
o
o

o4 o
15-10 55 0 5 10 15 20 25 30 35
v [dB]



Numerical results

= Average number of selected devices with different algorithms

20
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Numerical results

= Performance of proposed fast model aggregation in federated learning

> Training an SVM classifier on CIFAR-10 dataset

Training loss

14
L

4

I —&— Benchmark
—a— /| +58DR
Reweighted+SDR
~—e— Proposed DC

Prediction accuracy

—&— Benchmark
1 —a— £,+5DR
Reweighted+SDR
| —#— Proposed DC

0 5 10 15 20 25
Epoch Epoch

(a) Training loss (b) Relative prediction accuracy
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Vignettes B: Intelligent reflecting surface empowered
federated learning

49



Smart radio environments

m  Current wireless networks: no control of radio waves

> Perceive the environment as an “unintentional adversary” to communication
» Optimize only the end-points of the communication network

> No control of the environment, which is viewed as a passive spectator

= Smart radio environments: reconfigure the wireless propagations
“dumb” wireless

“smart’’ wireless

QQg

E / /(( ,))

®

BS,

. . 50
Fig. credit: Renzo




Intelligent reflecting surface

= Working principle of intelligent reflecting surface (IRS): different
elements of an IRS can reflect the incident signal by controlling its
amplitude and/or phase for directional signal enhancement or nulling

_ - Supercellofk-“‘-”-' ‘‘‘‘‘‘ —
scattering particles O .
Incidence === R I no an)' active
? e Ougen | transmit module
I > \\ Generalized Snell’s Law 2. Oper’ate in fu”-
3 emﬂmion\
Reflected . i = Ojncidence \,\ duplex mode
wave " 1 PIN e 9 F 'Y
ol " diodes e 7

Fig. credit: Renzo 51

improve spectral and energy efficiency



Intelligent reflecting surface

= Architecture of intelligent reflecting surface

— &
Control circuit &
y

v

board

4

Copper backplane

u IRS controller

Reflecting
clement/meta-atom Equivalent circuit

Lo L, o
= NP R

Fig. credit:Wu

|. Outer layer: a large number of
metallic patches (elements) are
printed on a dielectric substrate
to directly interact with incident
signals.

2.Second layer:a copper plate is
used to avoid the signal energy
leakage.

3. Inner layer: a control circuit
board for adjusting the reflection
amplitude/phase shift of each
element, triggered by a smart
controller attached to the IRS.
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Intelligent reflecting surface meet wireless networks

I e NN I B e
I [ I - - O - intelligent reflecting surface
L - .. T L .
wh / | /" & M/ g Wb meets wireless network:
-/ ‘o ¥ epitimate user / * . . .
) / \ /) W e Iy N * over-the-air computation
L . $ {.‘-ﬁ-_':__ Eavesdropper @ S e “‘ R . .
é T “ ‘8 — é"’ | "o i} e edge computing/caching
‘ | bestimcuert e e wireless power transfer
(a) User at dead zone (b) Physical layer security (e} User at cell edge
- e . * D2D communications
—t N _——== .
o hy, ﬂ" * massive MIMO
o Myt oo LT
- - . S = . L4 N OMA
/! / |er \\\\\ R IIII | Information i_“. . W
Y/ N | beam 3
& j - \\\\\@ - | o gx. mmyvvave
fo | S-—- 20 > [ ie — °
@ ~ L —z . \\__--) .
G-~ &5 S LIPS
(d) Massive D2D communications (e} Wireless information and power transfer in an loT network Flg Credit: Wu 53



IRS empowered AirComp

® [ntelligent reflecting surface (IRS): s
|
» overcoming unfavorable signal |
propagation conditions NG
G =
» improving spectrum and energy / hi —
efficiency (2)
P P
> tuning phase shifts with M passive A B
- ATl
elements . =
— di 361 ... Beif : :
© = diag(Be’™, -+, fe’7M) IRS aided AirComp system:

w.lo.g. assuming 3 =1 build controllable wireless environments

to boost received signal power




Problem formulation

= Received signal at the AP: y = 3, (GOh], + hi)bisi + n
w.l.o.g. suppose target function: s := SO sk

= Aggregation error:

o2 || . .
MSE = — m received beamforming vector
(M) = B B A (GOh + B[P &

HGen,+hi)H"
H(GOh,+h{)?

» optimal transmitter scalar:b;, = /77

= Proposal:joint design for AirComp transceivers and IRS phase shifts

N Z . minimize  |m|?
minimize | max m,®

[m? )
S ko |mM(GOhT + hi)|? —

subject to m" (GO, + h!)||? > 1,VEk.
subject to 0<80, <2m,¥Yn=1,---,N. ] H ( k WI” 2 i

0<6, <27r,Yn=1,---,N.
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Nonconvex bi-quadratic programming

= Nonconvex bi-quadratic programming problem
% : minimize  |m|?
m,®
subject to  ||m" (GO}, + h{)|* > 1, VE,
0<0, <2r,Yn=1,---,N.
m Challenges:

» nonconvex quadratic constraints with respect to m and ©

= Solution:
» Alternating minimization for m and ©®

» Matrix lifting to alternatively linearize nonconvex bi-quadratic constraints  *



An alternating DC framework

®  Goal: updating receiver beamforming vector m with fixed IRS phase shifts ®

minimize  ||m||?
m

subject to  ||m™M (GO, + h})||? > 1, Vk.

matrix lifting M = mm! / o
[ D DC programmin
min}i\/rfnize trace(M) ' min}{gﬂze Tr(M) + p(Tr(M) — || M||2)

subject to trace(M Hy) > 1,Vk, - subject to Tr(MH}y) > 1,Vk,
M > 0,rank(M) = 1, M = 0,

DC representation rank(M) =1 < Tr(M) — |M||2 = 0
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An alternating DC framework

®  Goal: updating phase shifts with fixed beamformerv = diag(®) = [¢7%, ... ei04]T
H
denoting R, = [?ﬁgﬁ a"{f’“} b= m .al! = mNGdiag(hy), i, = mMhd
find v find v
subject to  |m"(Gdiag(h})v + h{)[> > 1,vk. wemmp  subject to " RyD + |cx|® > 1,VE,
lon? =1,Vo=1,---,N. lon|?=1,Yv=1,---,N,
DC programming matrix lifting v = 53" l
min%rfnize Te(V) — ||[V||2 find V

subject to  Tr(R.V) + |ex|® > 1, VE, _ subject to  Tr(Ri V') + |cx|> > 1,VE,
Von=1Vn=1,---,N Von=1Vn=1,--- N,
V = 0. DC representation V =0, rank(V)=1.
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Numerical results

= Convergence behaviors of the proposed alternating DC algorithm

0.3

0.2

0.1}

MSE

0.05

0.02

—&— Proposed alternating DC
Alternating SDR

[terations

/ —
! = (lﬁi)
/ IRS (:1) ==
=}

(50, 50, 40)

layout of AP, IRS and users
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Numerical results

= Performance of different algorithms with different network settings

MSE

0.25

027
0.15

0.1

0.05r

0.03

—&—Proposed alternating DC
—#—Random phase shift
Alternating SDR

6 8 10 12 14 16
Number of antennas at AP

1 0()

—8— Proposed alternating DC
—#—Random phase shift
Alternating SDR

10

20 30 40
Number of elements at IRS

50

60
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Numerical results

" The power of IRS for AirComp

! OU

10—2 L

MSE

10

10°°

|

—8—With IRS
—=#—Without IRS

4 6 8 10 12 14 16
Number of users

Insights: deploying IRS in AirComp
system can significantly enhance the
MSE performance for data
aggregation
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IRS empowered federated learning system

" The power of IRS for federated learning

—8— Benchmark 0.7
2.2 1 —— Alternating SDR
—&— DC without IRS
20+ == Proposed alternating DC 0.6
1.8 1 0.5
>
o 1.6 S
o [¥]
c 804
o 4 W
= 1.4 o
03
1.2 1
0.2 -8~ Benchmark
1.04 ' ~#- Alternating SDR
—— DC without IRS
0.81 01 —+— Proposed alternating DC
0.0 25 5.0 7.5 100 125 150 175 200 0.0 2.5 5.0 715 100 125 150 175 200
Epoch Epoch

training loss prediction accuracy



Concluding remarks

= Federated learning over “intelligent’ wireless networks
> Federated learning via over-the-air computation
» Over-the-air computation empowered by intelligent reflecting surface
= Sparse and low-rank optimization framework
> Joint device selection and beamforming design for over-the-air computation
> Joint phase shifts and transceiver design for IRS empowered AirComp
= A unified DC programming framework

» DC representation for sparse and low-rank functions

63



Future directions

= Federated learning

> stragglers, security, provable guaranteses, ...

= Over-the-air computation

» channel uncertainty, synchronization, security, ...

= Sparse and low-rank optimization via DC programming

> optimality, scalability,...
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To learn more...

= Web: http://shiyuanming.github.io/publicationstopic.html

= Papers:

= K. B. Letaief, W. Chen, Y. Shi, . Zhang, and Y. Zhang, “The roadmap to 6G - Al empowered wireless networks,” [EEE Commun.
Mag., vol. 57, no. 8, pp. 84-90, Aug. 2019.

= ]. Dong and Y. Shi, “Nonconvex demixing from bilinear measurements,” IEEE Trans. Signal Process., vol. 66, no. 19, pp. 5152-5166,
Oct., 2018.

= M. C Tsakiris, L. Peng, A. Conca, L. Kneip, Y. Shi, and H. Choi, “An algebraic-geometric approach to shuffled linear regression,”
IEEE Trans. Inf. Theory., under major revision, 2019. https://arxiv.org/abs/1810.05440

= K. Yang, Y. Shi, and Z. Ding, “Data shuffling in wireless distributed computing via low-rank optimization,” IEEE Trans. Signal Process.,
vol. 67, no. 12, pp. 3087-3099, Jun., 2019.

= K. Yang, Y. Shi, W. Yu, and Z. Ding, “Energy-efficient processing and robust wireless cooperative transmission for edge
inference,” submitted. https://arxiv.org/abs/1907.12475

= S, Hua, Y. Zhou, K. Yang, and Y. Shi, “Reconfigurable intelligent surface for green edge inference,” submitted.
https://arxiv.org/abs/1912.00820

= K. Yang, T. Jiang, Y. Shi, and Z. Ding, “Federated learning via over-the-air computation,” IEEE Trans. Wireless Commun., under minor
revision, 2019. https://arxiv.org/abs/1812.1 1750

= T. Jiang and Y. Shi, “Over-the-air computation via intelligent reflecting surfaces,” in Proc. IEEE Global Commun. Conf. (Globecom),
Waikoloa, Hawaii, USA, Dec. 2019. https://arxiv.org/abs/1904.12475
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https://arxiv.org/abs/1907.12475
https://arxiv.org/abs/1912.00820
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https://arxiv.org/abs/1904.12475
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