Mobile Edge Artificial Intelligence:
Opportunities and Challenges

Motivations

Yuanming Shi

ShanghaiTech University




Connected robotics

and

Autonomous

Systems

From Areal to
Volumetric
Spectral and
Energy
Efficiency

More Bits,
Spectrum,
Reliability

Emergence of
Smart
Surfaces and
Environments

Communicati
on with Large
Intelligent
Surfaces

Above 6 GHz Transceivers
for 6G with
Integrated
Frequency
Bands
BS5 =

a1V

Wireless Brain-

Computer
Interactions

6G: Driving Trends

Massive
Availability
of Small
Data

From SON
to Self-
Sustaining
Networks

Integrated
Terrestrial,
Airborne, and
Satellite

6G: Driving Applications

Blockchain and
Distributed

Ledger
Technologies

End of the

Convergence of
Smartphone

Communication,

Sensing, Control,

Localization, and
Computing

Fig. credit:Walid



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

(eedbac\‘

o, [ MR Y [ S,
SN
i
-
{ <I‘r' “1
. "
Cloud Center
Wireless Network . .
-==< intelligence
oo, ," [ TS g
Seltitiete N
: 'd e
s ’ D ® N e e
B i i e
. S e 2
e
pa ! ™ S,

i / T N
. ,’ o o \ Edge Offloading
on-device /I @ \ device
. . I s \ o power supply
intelligence | O \
I @ ] _ 10

Lo

1
l‘ ]
* n _ ! ro in,

LR T\ a8 i =
= \_ _,-:I.E / -
\=\l:’fia =g i = ’,l ' . . . )
@ n N - mobile edge = e U
e g Discharge

:t@ MEC server

Active Serv.
User Devices inte"igence (((r))




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
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Outline

= Motivations

» Taming nonconvexity in statistical machine learning

>

Communication challenges in distributed machine learning

= Two Vignettes:

>

Provable guarantees for nonconvex machine learning

% Why nonconvex optimization?

< Blind demixing via implicitly regularized Wirtinger flow
Communication-efficient distributed machine learning
< Why gradient quantization!?

X/

% Learning polynomial neural networks via quantized SGD



Vignettes A: Provable guarantees for
nonconvex machine learning
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Why nonconvex optimization?




Nonconvex problems are everywhere

= Empirical risk minimization is usually nonconvex
minimize f(x;0)

low-rank matrix completion

blind deconvolution/demixing

dictionary learning

phase retrieval "
mixture models
deep learning

vV V V V V V V



Nonconvex optimization may be super scary

= Challenges: saddle points, local optima, bumps,...
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= Fact: they are usually solved on a daily basis via simple algorithms like
(stochastic) gradient descent



Sometimes they are much nicer than we think

® Under certain statistical models, we see benign global geometry: no
spurious local optima

global minimum saddle point



Statistical models come to rescue

= Blessings: when data are generated by certain statistical models,
problems are often much nicer than worst-case instances

statistical models

benign
landscape

; Fig. credit: Chen
tractable algorithms



First-order stationary points

= Saddle points and local minima:

> (0 local minimum
Amin(VZf(2)) { =0 local minimum or saddle point
< 0 strict saddle point

Local minima Saddle points/local maxima



First-order stationary points

= Applications: PCA, matrix completion, dictionary learning etc.

» Local minima: either all local minima are global minima or all local minima
as good as global minima

> Saddle points: very poor compared to global minima; several such points

Strict saddle point Non-strict saddle point

= Bottomline:local minima much more desirable than saddle points

How to escape saddle points efficiently? o




Statistics meets optimization

= Proposal: separation of landscape analysis and generic algorithm design

landscape analysis [RE—_rG_—_y; SN ccneric algorithms

(statistics) B R (optimization)

all the saddle points
can be escaped

all local minima are
global minima

dictionary learning (Sun et al. ’15)

phase retrieval (Sun et al. ’16)

matrix completion (Ge et al. ’16)
synchronization (Bandeira et al. ’1 6)
inverting deep neural nets (Hand et al. ’17)

gradient descent (Lee et al. ’[6)

trust region method (Sun et al. ’16)
perturbed GD (Jin et al. ’17)

cubic regularization (Agarwal et al. ’17)
Natasha (Allen-Zhu ’17)

Issue: conservative computational guarantees for specific problems
(e.g., phase retrieval, blind deconvolution, matrix completion)



Blind demixing via implicitly regularized Wirtinger flow

initial guess "
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Solution: blending landscape and convergence analysis



Case study: blind deconvolution

® |[n many science and engineering problems, the observed signal can be
modeled as:

z(t) = f(t) * g(t)

where x is the convolution operator MU

> f(t) is a physical signal of interest

> g(t) is the impulse response of the sensory system

= Applications: astronomy, neuroscience, image processing, computer
vision, wireless communications, microscopy data processing,...

= Blind deconvolution: estimate f(t) and g(t) given z(t)



Case study: blind demixing

" The received measurement consists of the sum of all convolved signals

Z@— fz( )*gz( )

IE!I

low-latency communication for loT convolutional dictionary learning (multi kernel)

fa=Cuzs

= Applications: loT, dictionary learning, neural spike sorting,...

= Blind demixing: estimate {f;(¢)} and {g:(?)} given z(t)



Bilinear model

® Translate into the frequency domain...

z=>"._ fi®g €Cm

= Subspace assumptions: f; and gilie in some known low-dimensional
subspaces

fi=AaleC™ g, =BhleCm
where A; = [a;1, - , @i, € C"*L, B =1[by,--- b, € C™*Fand L, K < m
ij " eN(0,T) {b,} : partial Fourier basis
= Demixing from bilinear measurements:

find {z;},{h;} subjectto z; = ZS bihixz;a;j, 1<j<m 5

=1



An equivalent view: low-rank factorization

= Lifting: introduce M} = h’ 2" to linearize constraints
2= Yo bihizl ay; = Y05, b; (hix]")ay;
N——

ENE BN =N III_IIII = M € CKxL

I [ ] ]
= Low-rank matrix optimization problem
subject to z; = 21:1 b;M;a;,;, j=1,---,m
rank(Mi) — 1, 1= 1, T, S, 16



Convex relaxation

= Ling and Strohmer (TIT°2017) proposed to solve the nuclear norm
minimization problem:

S
minimize || M || « i.i.d.
; a,;cjllv CN(O,I)

-]
subject to z; = Zb;Mkakj, j=1,--,m  {b,}:partial Fourier basis
k=1

> Sample-efficient: m > s?max{K, L} log® m samples for exact recovery if
{b; }is incoherent w.r.t. {h}}

» Computational-expensive: SDP in the lifting space

Can we solve the nonconvex matrix optimization problem directly?



A natural least-squares formulation

= Goal: demixing from bilinear measurements

Given: Y; = ijhgmf*a@jj 1<7<m

m S
2
minimize f b Bk Qs — 1.
{hk:},{mk;} Z kL @k y;)

j=1 k=1
» Pros: computational-efficient in the natural parameter space

» Cons: f(-) is nonconvex: bilinear constraint, scaling ambiguity



Wirtinger flow

= | east-square minimization viaWirtinger flow (Candes, Li, Soltanolkotabi
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minimize f(h,x)
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Two-stage approach
= [nitialize within local basin sufficiently close to ground-truth (i.e.,
strongly convex, no saddle points/ local minima)

= |terative refinement via some iterative optimization algorithms
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Gradient descent theory

= Two standard conditions that enable geometric convergence of GD
> (local) restricted strong convexity

> (local) smoothness

21



Gradient descent theory

= Question: which region enjoys both strong convexity and smoothness!?

> xis not far away from xF (convexity)
» x is incoherent w.r.t. sampling vectors (incoherence region for smoothness)

Prior works suggest enforcing regularization (e.g., regularized

loss [Ling & Strohmer’|7]) to promote incoherence

22



Our finding: WF is implicitly regularized

= WF (GD) implicitly forces iterates to remain incoherent with {a;; }

% t ot f 1 y
Max1<i<s,1<j<m ‘a’ij (aimi — $Z)| S Zerogrrmm i l2

» cannot be derived from generic optimization theory

> relies on finer statistical analysis for entire trajectory of GD

region of local strong
convexity and smoothness

23



Key proof idea: leave-one-out analysis

f. {’\ —— a‘%!‘
{7} N
‘@
{ iI?f } .-‘_5.-\“ \ "\ \
A S N \
= A, |
i ' ) '
: A
\ R
S SN ;
= — = " incoherence region
war.t. ay

® introduce leave-one-out iterates a:ﬁ’(l) by running WF without I-th sample

= |eave-one-out iterate $f=(”is independent of ai

(1)

. t .
= |eave-one-outiteratex,'’ ~ true iterate x!

= z! is nearly independent of (i.e., nearly orthogonal to) a;

24



Theoretical guarantees

= With i.i.d. Gaussian design, WF (regularization-free) achieves
> Incoherence

* t .t h 1 f
maxi<i<s 1<j<m |G (%% - %)| S Fegmm 1% 2

> Near-linear convergence rate

. t
dlSt(Zt,zh) S—/ (1 o lgn) loglgm

= Summary:

» Sample size: m 2> s?max{K, L}poly logm

_ —1
> Stepsize: 71 X S 1vs. n ,"5 (sm) [Ling & Strohmer’17]

» Computational complexity: O(slog %) vs. O(smlog %) [Ling & Strohmer’17]

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



Numerical results

= stepsize: 77 = 0.1 10~
= number of users: s = 10 o
= sample size: m, = 50K < B
Ej 10
o
10—10
—13 | | |
10 0 200 400 600 800

Tteration count

linear convergence:

WEF attains - accuracy within O(slog!) iterations

26



Vignettes B: Communication-efficient distributed machine
learning

27



Why gradient quantization?

28



The practical problem

" Goal: training large-scale machine learning models efficiently

= Large datasets:

> ImageNet: 1.6 million images (~300GB)

» NIST2000 Switchboard dataset: 2000 hours
= Large models:

> ResNet-152 [He et al. 2015]: 152 layers, 60 million parameters
> LACEA [Yu et al. 2016]: 22 layers, 65 million parameters

29



Data parallel stochastic gradient descent

®  Challenge: communication is a bottleneck to scalability for large model
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Quantized SGD

" |dea: stochastically quantize each coordinate

Server 1 Server 2 Server m . . . . .

5 Q is a quantization function which can be
A ; ;& communicated with fewer bits

f]l flz 1 le fZZ fzn fm,l-fm,ZJ ---Jﬂn,n
| Qv;s] = vl - sgn(wy) - & (v, 5)
where E [g;] = 2Vfii(x) 9 . 1 ’
€+ 1)/ " With probability £ + 1 — 5 - [v;1/IIvl,,
Update: x; 41 <« x,— 1 g S /" Wthéobablw I
t/s 7 otherwise

Question: how to provide optimality
guarantees of quantized SGD for
nonconvex machine learning?

¢ = floor(s - lv;1/llvll2)

1/s




Learning polynomial neural networks via quantized SGD

X*
NS

WS
L2 L

Ly -
."— 7;‘“ /\* -~ output layer
%

/
./« hidden layer

input layer

32



Polynomial neural networks

= Learning neural networks with quadratic activation

X*
N input features: a

W
.V \‘“) I~ ’ weights: X* = [z}, -, x}]
a .é"'@‘ B 0@~

4
.é /'é' \) o output layer
./ hldden layer

input layer

output:

.2
y= 21;;1 U(GT‘E*) = 22:1(0%?)2

33



Quantized stochastic gradient descent

= Mini-batch SGD .
1
Wit =W, — p Z Vﬁigj) (W3)

j=1
» sample indices z(j')uniformly with replacement from {1,2,3,...,n}

> the generalized gradient of the loss function

VL (W) = (|7 W, |, — yi)zixl W
= Quantized SGD

K mp
1 1
Wt+1 :Wt_p}? E Qs (V{W—Lk E ﬁz.gj) (Wt)})
k=1 71=1

34



Provable guarantees for QSGD

m Theorem |:SGD converges at linear rate to the globally optimal solution

®  Theorem 2: QSGD provably maintains similar convergence rate of SGD

10!
§ 100 = 1004
s
| 107t | 102
Q o
= -2 e
g 107< + § »
S 103 5 10
£ Z —_— b=4 RN
o @ - ~
@ 10744 == m =200 310 w— h =5
= —— m =400 - w— b=6
= 10-5 m = ~
é 10 — =600 :QE 10-8] =— p=7 \\\
10-64 == m=2800 - m=800 ~.
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
iterations(t) iterations(t)
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Concluding remarks

= Implicitly regularized Wirtinger flow

> Implicit regularization: vanilla gradient descent automatically forces iterates to
stay incoherent

> Even simplest nonconvex methods are remarkably efficient under suitable
statistical models

= Communication-efficient quantized SGD

» QSGD provably maintains the similar convergence rate of SGD to a globally
optimal solution

> Significantly reduce the communication cost: tradeoffs between computation and
communication
36



Future directions

= Deep and machine learning with provable guarantees

» information theory, random matrix theory, interpretability,...

= Communication-efficient learning algorithms

» vector quantization schemes, decentralized algorithms, zero-order algorithms,
second-order algorithms, federated optimization, ADMM, ...

37
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Outline

= Motivations
> Latency, power, storage
= Two vignettes:
» Communication-efficient on-device distributed inference
% Why on-device inference!?
% Data shuffling via generalized interference alignment
> Energy-efficient edge cooperative inference

% Why inference at network edge?

% Edge inference via wireless cooperative transmission



Why edge inference?



Al is changing our lives

machine translation

AlphaGo




Models are getting larger

image recognition

16X

Model
152 layers
22.6 GFLOP
~3.5% error
8 layers
1.4 GFLOP
~16% Error
2012 2015
AlexNet ResNet

B ™ Microsoft

Fig. credit: Dally

speech recognition

10X

Training Ops
465 GFLOP

12,000 hrs of Data
~5% Error

80 GFLOP
7,000 hrs of Data

~8% Error

2014 2015
Deep Speech 1 Deep Speech 2
de
020
Baich&E



The first challenge: model size

This item is over T00MB.

Microsoft Excel will not download
until you connect to Wi-Fi.

Cancel OK

Fig. credit: Han

difficult to distribute large models through over-the-air update



The second challenging: speed

Error rate Training time

ResNet18: 10.76% 2.5 days
ResNet50: 7.02% 5 days
ResNet101: 6.21% 1 week
ResNet152: 6.16% 1.5 weeks communhnication

36% COMPLETE

sensor

long training time limits " — ey )
ML researcher’s " %
productivity g«--”&_ :
a} gwb cloud

actuator |atency

processing at “Edge” instead of the “Cloud”



The third challenge: energy

et H AlphaGo: 1920 CPUs and 280 GPUs,
O.b g) $3000 electric bill per game
OCeO

on mobile: drains battery

on data-center: increases TCO

larger model-more memory reference-more energy



How to make deep learning more efficient?

138

low latency, low power




Vignettes A: On-device distributed inference

low latency



On-device inference: the setup

weights/parameters

Training

training hardware

Inference

inference hardware



MapReduce: a general computing framework

= Active research area: how to fit different jobs into this framework

input File
N subfiles

K servers
intermediate (key, value)

(blue, 1, [a])
shuffling phase

Q keys

N subfiles, K servers, Q keys

e O SR

o

B
E

[ EE e
Clem /o

e/

BE /\\nﬁ
EE 5B

=
]
Q.
=
(n]
m

general framework

Matrix
Distributed ML
Page rank

Fig. credit: Avestimehr
12



Wireless MapReduce: computation model

= Goal: low-latency (communication-efficient) on-device inference

= Challenges: the dataset is too large to be stored in a single mobile
device (e.g.,a feature library of objects)

= Solution: stored N files {fi,--- , fn} across devices, each can only store
up to ufiles, supported by distributed computing framework MapReduce

br(di; f1,-+ , IN) = hie(gra(dis f1), -+, gk N (dis )
> Map function:wy + = gr.+(dk; ft) (drinput data)

> Reduce function: hy (wg. 1, - -+, wi N ) (W, intermediate values)



Wireless MapReduce: computation model

® Dataset placement phase: determine
the index set of files stored at each
node F, C [N]

= Map phase: compute intermediate
values locally {w, , : s € [K],t € Fi}

= Shuffle phase: exchange intermediate
values wirelessly among nodes

® Reduce phase: construct the output
value using the reduce function

hk‘(wkz,la e ?wk',N)

]

dataset

M\‘
machine 4

learning tasks 15 f2E oo f\E

atase

node 1 node 2 E YY) nodefﬂ

Map Map Map
i [ [ I ] ‘ {
® *x @ *x A * A
><‘}}<
B Heeel [ X T0IY | A Avee h
Reduce Reduce Reduce
= e i

on-device distributed inference via
wireless MapReduce



Wireless MapReduce: communication model

Access Point

"  Goal: Kusers (each with I antennas)
exchange intermediate values via a
wireless access point (M antennas)

Uplink MAC

Downlink BC

________

g {fi,- v}

> entire set of messages (intermediate

=

Ay
N
Y
A
A\
Y
'
e
S
Ay
u
g f}'.m'
User K

values) {Wy,--- ,Wr}, T = KN ’D;%fn
. User 1 =
> index set | of messages (compu'fed Ouput ¢1(di frr- - f) o [ ouput ducldici i )
locally) available at user  : 75, C [T] o2 @ &5
> index set of messages required by Ouput G2l iy I
user k: Ry C [T] wireless distributed computing system

message delivery problem with side information



Wireless MapReduce: communication model

= Uplink multiple access stage:
y = Z (H ® I)x), + n"

> Y € CM": received at the AP; &, € CE™ transmitted by user k; r:channel uses

= Downlink broadcasting stage:
zp = (H{ ® I)y + nj
> 2z, € CLm:received by mobile user k

= Opverall input-output relationship from mobile user to mobile user

K H,.. = HIH" € CLxL
Zp = Z (Hy; @ I )x; + ny, b R
i=1 = (H! ® I,)n" + n¢



Interference alighment conditions

= Precoding matrix: Vi; € CE"*4, @y, = 3. Vijs;

= Decoding matrix: Uy, € C4*Ir

K
Z=Unzr=Un Y (Hu®IL) Y Vijsj+npy
=1 J€Ti
= Ty ( 3L Y+ Za( {sj:j€ 711 )+ Zs({s; :j¢TkU{l}})+ﬁm
desired message  Jocally avail;;)lc messages intcrf(:;cnces

= [nterference alignment conditions
det ( Z Un(Hi ® Ir)Va‘i) # 0, wlog 2uer Un(Hi ® L)Vu =1

i:le€T;

Y Un(Hp@I)Vy; =0, j ¢ T, U{l}
1:j€T;

symmetric DoF: DoFg,,, = d/r



Generalized low-rank optimization

" Low-rank optimization for interference alignment

& : minimize rank(X)
XeCbxpb

subject to A(X)=0b

> the affine constraint encodes the interference alignment conditions

L L
Z Z Z Hyi[m,n) Xy 1.:.1[m,n|=I,

:l€T; m=1n=1

Z Z Z Hyi[m, n] X 1,5,;(m,n]=0, j ¢ T, U{l}

1:1€T; m=1n=1
» whererank(X) = r, X € CLKTXLIKT ') — [dKT
Xk i = [Xki,5[m,n]] = [Uk[m]Vij[n]]



Nuclear norm fails

= Convex relaxation fails: yields poor performance due to the poor
structure of A

> examplee K =N=2,u=d=L=M=1
minimize || X||.
X

* * 1/H12 0

subject to X = 01/Hy + *

> the nuclear norm approach always returns full rank solution while the
optimal rank is one



Difference-of-convex programming approach

® Ky Fan k-norm [Watson, 1993]: the sum of largest- £k singular values
k
IXIe =", 0i(X)

> The DC representation for rank function
rank(X) = min{k : || X ||« — || X|x = 0,k < min{m,n}}

" Low-rank optimization via DC programming

» Find the minimum k£ such that the optimal objective value is zero
minimize | X ||« — [| X|[|x, subject to A(X)=0b
Xe(CDXD
> Apply the majorization-minimization (MM) algorithm to iteratively solve a
convex approximation subproblem

minimize || X ||, — Tr(0]| X¢||5 X), subject to A(X)=b

X eCDxD

20



Numerical results

= Convergence results

Normalized Objective Value

——IRLS-p
DCA

0 20 40 60
Iteration

80

100

IRLS-p: iterative reweighted
least square algorithm

21



Numerical results

= Maximum achievable symmetric DoF over local storage size of each user

1

—#— Nuclear norm
—&—IRLS-p
08 DCA
o Insights on DC framework:
206 |. DC function provides a tight
g approximation for rank function
§0'4 2. DC algorithm finds better solution
. for rank minimization problem

Local Storage Size

22



Numerical results

m A scalable framework for on-device distributed inference

0.12 T ; . : ; ‘
0.1 —#— Nuclear norm |-
—=—IRLS-p
DCA

Insights on more devices:
|. More messages are requested
2. Each file is stored at more devices

. | 3. Opportunities of collaboration for
mobile users increase
0.02 {

8 10 12 14 16 18 20
Number of Users

Achievable DoF
o e
K 3

=
[an]
B

23



Vignettes B: Edge cooperative inference

2338

low power

24



Edge inference for deep neural networks

® Goal: energy-efficient edge processing framework to execute deep

learning inference tasks at the edge computing nodes

------- > uplink any task ¢x can be performed at multiple APs

— > downlink AP1 -~ AP N

ped 4 :
el Jek
s 4
o/2\» Mode \ e/=ie models
X L X
r_ﬂﬁ.:\:f:,i: Y -

L

e e \
A 4

|
|
|
|
which APs |

| output

shall compute

for me? | ™ g ;

: input : / )
| | -
| example: | il
| Nvidia's GauGAN [ 02(d: B <o (dx)

e — —— ! Userl User2 User I

pre-downloaded



Computation power consumption

= Goal: estimate the power consumption for deep model inference

= Example: power consumption estimation for AlexNet [Sze’ CVPR 7]

10®

9
8

7

mption

®  Cooperative inference tasks at multiple APs:

» Computation replication: high compute power i

3
4
0

Normalized Energy Consu

» Cooperative transmission: low transmit power

= Solution:

1 -
Layer Index

» minimize the sum of computation and transmission power consumption

Hii:__z

26



Signal model

" Proposal: group sparse beamforming for total power minimization

>
>
>

N K K
received signal at [-th mobile user: vi=) ) hlvuse +2 =) hi'vgsi, + 2z,

beamforming vector for ¢ (dx)at the 'n,-th_AP: v, € CL :

group sparse aggregative beamforming vector

U= [yll_llﬁ' t ?v}-\iflj' o }-Ull_lk)° "o avj|-\|,fk.)° te ’erK]H: T('U) = {(’n, k)"Unk ?é 0}
1 ?jk

> if v,k is set as zero, task @« (dx) will not be performed at the n-th AP

> the signal-to-interference-plus-noise-ratio (SINR) for users

SINRy, (v; hy,) = —szel
k(’U, k)_Zg¢k|h:Ul|2+O‘ﬁ

27



Probabilistic group sparse beamforming

= Goal:total power consumption under probabilistic QoS constraints

) transmission and computation
P :ver([rjlfl\’r}fL Z — “'U’HkHQ + Z kI(n k)eT (v) power consumption
n,k
s.t. (SINRk(v, hp) > ) >1—-(kelK
K
Z H’U*nkuz < ngj n € [N]. (maximum transmit power)
k=1

®  Channel state information (CSI) uncertainty
> Additive error:hy, = hy, + e, » Ele;,] = 0
> Limited precision of feedback, delays in CSI acquisition...

= Challenges: |) group sparse objective function; 2) probabilistic QoS
constraints



Probabilistic QoS constraints

" General idea: obtaining D independent samples of the random channel
coefficient vector h;;find a solution such that the confidence level of

Pr (SINRy (v; hy) > v,) > 1 —¢

isnolessthan1 — §.

= Limitations of existing methods:

>

Scenario generation (SG):
% too conservative, performance deteriorates when samples size D increases
% required sample size ZA KL=1 (.j Jel(l—e)P=1 <6

Stochastic Programming:

X/

% High computation cost, increasing linearly with sample size D

. .. 29
% No available statistical guarantee



Statistical learning for robust optimization

= Proposal: statistical learning based robust optimization approximation
» constructing a high probability region i/, such that
Pr(hy € Uy) > 1 — € with confidence at least1 — §
> imposing target SINR constraints for all elements in high probability region
SINR(v; hy) > Vi, hi € Uy
= Statistical learning method for constructing (4,
> ellipsoidal uncertainty sets U, = {hy, : (hy, — h)TS ' (hi — hi) < 55}
> split dataset into two parts D' = {h(1) ... h(P1)} D2 = (p(Dr+D) ... R(D)}
> Shape learning: hy, sample mean and X, sample variance of D!

(omitting the correlation between h,,, 3, becomes block diagonal) 30



Statistical learning for robust optimization

= Statistical learning method for constructing 1/,
> size calibration via quantile estimation for sy

> compute the function value G(§) = (£ — hi) T 1 (€ — hy)with respect to each
sample in D? = {h(P1+1) ... h(D)} set si as the jxth largest value

j* = miﬂléng—Dl{ S o (PP (1 —e)kePPik > — 5}
» required sample size: D > log §/log(1 — ¢)

m Tractable reformulation

[Pr (SINRy,(v; hy) > ) > 1 — ¢ wemd Hf! (,Y—lkvkvz ~ vm;*)Hk = Qi Ak > o]

Hy = [hy, /5rA%] . ) = Ay Al Qk:! 0 ‘_/\kINL



Robust optimization reformulation

= Tractable reformulation for robust optimization with S-Lemma

minimiz — I
@RGSUE@MM@RK E : H’Unzﬂz"‘ E PoiIn et (v)

1
subject to H}: (—vkvk Z'v‘g'v‘I )H;C = Qr, A\ > 0,Vk € [K]
Yk IZh
K

S [lowll2 < P, vn € [N].
=1
= Challenges

> group sparse objective function

» nonconvex quadratic constraints

32



Low-rank matrix optimization

" |dea: matrix lifting for nonconvex quadratic constraints

Vii(1,1] -+ V(1 N] Vir -+ Vig

_ NKL
Vij = e Sy

] :v?-*u? € CNLXNL v — o —

Vij[N,1] -+ Vi[N, N] Vi1 -+ Vkk

= Matrix optimization with rank-one constraint

mnumlze Z ( Vi[n,n]) + n;fTr(w[n,n]);éo)

subject to H:I(Y Vik — Z‘/H)Hh = Qr, A\ > 0,Vk € [K]
k 1%k

K

> Tr(Vy[n,n]) < P>, Vn € [N]

=1

V = 0,rank(V) = 1. 33



Reweighted power minimization approach

= Sparsity: reweighted ¢; -minimization for inducing group sparsity

> Approximation: Iy v, nn))-0 = wuTr(Vi[n,n]), W = wvnmanes

> Alternatively optimizing v and updating weights w.

= Low-rankness: DC representation for rank-one positive semidefinite
matrix

rank(M) =1« Tr(M) — | M|z =0

> where Tr(M) = ZN

=1

0i(M) and || M|y = o1(M)

34



Reweighted power minimization approach

= Updating v updating w,;

L 1 ] pe
Ppe minjmize Z (— + ?U?[ff(_]P,d)'I’r(Wg[n, n]) + pu(Tr(V) — |V |2)

T

_ C
Wnl = T (Vi In,n]) +7

1
subject to Hf (EV"*’ — ZVH)HK' = QA = 0,VEk € [K]
' 1#k

K
ZTI"(V“ [n,n]) < PT*,vn € [N]
=1
Vo,
= The DC algorithm via iteratively linearizing the concave part

~[Vlz — =@V 2,V),0llV]2 = uruf

> U1: the eigenvector corresponding to the largest eigenvalue of V

35



Numerical results

" Performance of our robust optimization approximation approach and

scenario generation

= ol ]
e (=} oo
T

Probability of feasibility

<
o

gl

P

Scenario Generation

Robust Approximation

¥ ¥ P

8

11 14 17 20 23 26
Target SINR [dB]
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Numerical results

= Energy-efficient processing and robust wireless cooperative transmission
for executing inference tasks at possibly multiple edge computing nodes

15

—
—_

Total power consumption [W

(]

—x— Proposed
—=—reweighted +SDR
mixed £ /¢>+SDR
| —de— CB+SDR

4 5 6 7 8 9 10 11 12
Target SINR [dB]

Insights on edge inference:

2.

Selecting the optimal set of access
points for each inference task via
group sparse beamforming

A robust optimization approach for
joint chance constraints via statistical

learning to learn CSI uncertainty set
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Concluding remarks

= Machine learning model inference over wireless networks

» On-device inference via wireless distributed computing

> Edge inference via computation replication and cooperative transmission
m Sparse and low-rank optimization framework

> Inference alignment for data shuffling in wireless MapReduce

> Joint inference tasking and downlink beamforming for edge inference
= Nonconvex optimization frameworks

» DC algorithm for generalized low-rank matrix optimization

» Statistical learning for stochastic robust optimization

38



Future directions

= On-device distributed inference

» model compression, energy efficient inference, full duplex,...

= Edge cooperative inference

> hierarchical inference over cloud-edge-device, low-latency, ...

= Nonconvex optimization via DC and learning approaches

> optimality, scalability, applicability, ...
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Mobile Edge Artificial Intelligence:
Opportunities and Challenges

Part lll: Training

Yuanming Shi

ShanghaiTech University




Outline

= Motivations
> Privacy, federated learning

= Two vignettes:
» Opver-the-air computation for federated learning
% Why over-the-air computation?
% Joint device selection and beamforming design
> Intelligent reflecting surface empowered federated learning

% Why intelligent reflecting surface?

% Joint phase shifts and transceiver design



Intelligent loT ecosystem

(Internet of Skills)
Tactile Internet

Develop computation,
communication & Al technologies:
enable smart loT applications to make

low-latency decision on streaming data




Intelligent loT applications

Smart health Smart agriculture Smart drones



Challenges

= Retrieve or infer information from high-dimensional/large-scale data

2.5 exabytes of data
are generated every day (2012)

exabyte — zettabyte — yottabyte...??

We’re interested in the information rather
than the data

Challenges:
< High computational cost

Only limited memory is available
limited processing ability <+ Do NOT want to compromise statistical accuracy

(computation, storage, ...) 5



High-dimensional data analysis

statistical models

4
(big) data \‘ ‘J jndscape
| $

MOdeIS: (d eep) tractable algorithms
machine learning

Methods:
|. Large-scale optimization

2. High-dimensional statistics
3. Device-edge-cloud computing



Deep learning: next wave of Al

Layer 1

\
/, \ N\ /-—-\ A\
/ \\
@ O
ayer £ Layer L
(Ingut) (Output)
Hicidan Layers

{The Number of Nodes in the Hidden Layers Can Be
Different from Layer to Layer)

TEXT

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

X
(eo‘\}es

o)\
ot



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)

16



Learning on the edge

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

b i - ";;ﬁ
P

robots

where to compute?

glasses self driving cars



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)

cloud

/ \
,’ o o \ Edge Offloading
1 \ device

on-device " 5 - \
computing :' & 0@ ‘f/

|‘ -8 'l

Lo | e '\ 0 @; /

[ - . = B

4
7’

Q& e o
Sena=” mobile e e Discharge
g ((T))ﬂ g
‘%

User Devices computing ' MEC server 18



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

w



Federated learning

Many devices will be offline.

T

27



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.

29



Federated learning

@

Pos
9"

3. Devices compute an
update using local training
data

%@

e
)

CO\

“\ @
-

30



Federated learning

B
@/ O

@Q—Z%

pdt t @
newmdl \ @



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

eeeee

2
=
H
]
H
%o
3
H
E
®
»
* 5
°
>z
T T

ove -
© o e e
¥ somuch too and & Management (AoT)
q‘ w.- el ra 11 yu u.- iu 0\« p: " : Management 14 e API
- Secur!ry a_nd g
asdfghijk.I & utantiaton @ °:
G z xcvbnma@ Mansgennet @ Smart Healthcare o Fema
ns 0 @ e . @
financial services keyboard prediction smart retail smart healthcare
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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?

“®
& .
a 5w -
. . -

32



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

33



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



Sparse and low-rank optimization

®  Sparse and low-rank optimization for on-device federated learning

multicasting Maximize S|

maximize |S]| X1

Smect dualit
4 subject to ||m||? — v;||lm"h;||> <0,ie S

. m|*
aubiect t D. 2“7 <
subject to (I:]:ﬂeag‘ il ||mHhi“2 =7 - H'mH2 >1

sum of feasibilities

7 : minimize x o
aamimize . Ielo M — it e
: H
subject to  Tr(M) — vy;h; Mh; < x;. _ subject to [|m||2 — yillm"h||? < a2, Vi

M =0, Tr(M) > 1 matrix lifting [m|* > 1
rank(M) =1

37



Sparse and low-rank optimization

38



Problem analysis

"  Goal:induce sparsity while satisfying fixed-rank constraint

2 : minimize llz||o
zERY MeCNXN

subject to Tr(M) — %-h!thz. < z;, Vi
M >0,Tr(M) >1
rank(M) =1

= Limitations of existing methods
> Sparse optimization: iterative reweighted algorithms are parameters sensitive

» Low-rank optimization: semidefinite relaxation (SDR) approach (i.e., drop
rank-one constraint) has the poor capability of returning rank-one solution

39



Difference-of-convex functions representation

® Ky Fan k-norm [Fan, PNAS I951]: the sum of largest-£ absolute values
k
l2ls = 2_icy 2]

> T is a permutation of {1,--- , M},where |z 1)| > -+ > |z (an)

MAXIMUM PROPERTIES AND INEQUALITIES FOR THE
EIGENVALUES OF COMPLETELY CONTINUOUS OPERATORS*

BY Ky Fan PNAS’195]

DEPARTMENT OF MATHEMATICS, UNIVERSITY OF NOTRE DAME

Communicated by John von Neumann, September 8, 1951

40



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
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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)
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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

[u—
N

# of devices
[R—
o

—a—{1+SDR .
—6—Reweighted /5,+SDR
. Prolposed' DC |

10 55 0 5 10 15 20 25 30
v [dB]

N




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
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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.

52



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}
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Numerical results

= Performance of different algorithms with different network settings
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Numerical results

" The power of IRS for AirComp
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IRS empowered federated learning system

" The power of IRS for federated learning
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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
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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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