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Internet of Things (loT)

@ loT describes physical objects that connect and exchange data
with other devices and systems over the Internet or other
communications networks

@ Things include sensors, robots, smart meters, vehicles, etc.

@ Typical loT applications include smart health care, smart
homes, smart manufacturing, smart transportation, smart
surveillance, etc.

@ loT will impact the way we live and work in near future
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Figure: Typical loT applications
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Massive machine-type communication (mMTC)

@ mMTC provides connections to a large number of devices that
intermittently transmit small amount of traffic without the
involvement of a human

@ The total number of connected devices in the world will be
approximately 75.44 billion in 2025 and 125 billion in 2030

o Very few devices from a large number of potential devices are
active and send data at a time

s Key performance indicators (KPIs) include number of
connected devices, reliability, latency, etc.

@ mMTC has been identified as one of the three main use cases
for 5G, along with enhanced mobile broadband (eMBB) and
ultra reliable, low-latency communications (URLLC)
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Grant-free access for mMTC

@ Grant-free access is proposed to eliminate the dynamic
scheduling request and grant signaling overhead for uplink
data transmission in mMTC

@ Grant-free access relies on non-orthogonal pilot sequences
(preambles) and operates in two phases

@ Each device is assigned a unique non-orthogonal pilot
sequence, also serving as device ID

@ In phase |, active devices send pilot sequences, and the BS
detects device activities and estimates active devices' channels

@ In phase Il, active devices directly transmit data, and the BS
detects transmitted data

‘ - ‘ . ‘ Grant-free access Grant-based random access
Pre-Assigned preambles Random preambles
. Phase | Phase Il Unique preambles (ID) Non-unique preambles
F|g[_| re: Grant-free Non-orthogonal preambles Orthogonal preambles
Access grant not needed access grant needed
acces§. Base Sution Accurate detection of colliding users Accurate detection of non-colliding users
High access success probability Low access success probability
High data transmission efficiency Low data transmission efficiency
Low terminal energy consumption High terminal energy consumption
High complexity Low complexity
Figure: Grant-based Table: Grant-free access vs. grant-based random
random access. access.
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Grant-free access for mMTC

@ Challenges of grant-free access
o Activity detection and channel estimation for colliding devices
with non-orthogonal pilot sequences
@ Three application types
¢ Devices just report their activities and do not send data
@ Device activity detection is sufficient
@ Active devices have very few data to send

@ Data can be embedded into pilots, and joint activity and data
detection (extension of device activity detection) can be
conducted

@ Active devices have more data to send

@ Separate activity detection and channel estimation (for
detected devices with conventional methods) or joint activity
detection and channel estimation can be conducted

@ Focus on device activity detection (more fundamental)
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Existing work

@ Compressed sensing (CS)-based methods
¢ AMP-based joint device activity detection and channel
estimation [Liu & Yu (2018)]
@ Group LASSO-based joint device activity detection and
channel estimation [Qin et al. (2013); Cui et al. (2021)]
@ Maximum likelihood (ML) estimation-based methods
@ ML estimation-based device activity detection
[Fengler et al. (2021); Chen et al. (2020)]
@ ML estimation-based joint device activity and data detection
[Chen et al. (2019)]
@ ML estimation-based methods have higher detection accuracy
and computational complexity than AMP-based methods
@ Limitations
@ Do not properly consider inter-cell interference
@ Do not properly consider device activity patterns
@ We aim to improve device activity detection accuracy by
considering inter-cell interference and exploiting prior
distributions of device activities and interference powers
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System model
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Network model

Figure: Multi-cell network model.

@ Consider a multi-cell network which consists of many
M-antenna BSs and single-antenna loT devices

@ BSs' locations are distributed according to the hexagonal grid
model with the side length of each hexagonal cell R
s Can be extended [TWC'21]

@ The BSs and their cells are indexed by j € 7, J = {0,1,---}
@ The devices are indexed by n€ N, N = {1,2,---}
@ N denotes the set of N; devices in cell j
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Channel model

@ Consider large-scale fading
@ g, denotes the path loss between device n and BS j
s Can be extended to incorporate shadowing effect [TWC'21]
@ Consider a narrow-band system and adopt the block flat
Rayleigh fading model for small-scale fading
@ h,; € CM denotes the channel vector between device n and

BS j in a coherence block
o hyj,neN,jeJ areiid. CN(0,ly)
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Grant-free access

@ Adopt a grant-free access scheme
o Each device n is assigned a length-L pilot s, = (sp¢)eec € Ch,
where £ = {1,2,--- L} and L< N
@ s,,neN areiid. CN(0,1)
o S; £ (sp)nen; € CH*N denotes the pilot matrix for the devices

in cell j
° ;= (an)nen; € 10, 1}Ni denotes the activities of the devices
in cell j
@ In each coherence block, all active devices synchronously send
their pilots

@ The receive signal over L signal dimensions and M antennas
at BS j, Y; € CBXM s
1 T R
Y= saangihl;+Z;, jeJ
neN
o Z; € CtXM denotes AWGN with all elements i.i.d. CN(0,0?)

@ Consider device activity detection at a typical BS at the origin
@ The typical BS is denoted as BS 0
o The six neighbor BSs of BS 0 are indexed with 1,2,--- ,6
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ML and MAP estimation-based non-cooperative detection

Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021 13 /53



Non-cooperative device activity detection
@ Non-cooperative device activity detection

@ BS 0 knows the pilot matrix Sg for the devices in cell 0 and the
path losses go = (gn.0)icA, between devices in cell 0 and BS 0
@ BS 0 detects the activities of the devices in cell 0 from Y (or

sufficient statistics)
@ The receive signal Yole Ct*M at BS 0 can be rewritten as:
Yo = SoA0G2H0 + Z Sp&x ngnOhnO + Zo
neN\No
o Ag = diag(aw), @0 = (an)neny, Go = diag(go),
Ho £ (hn0)nens

Figure: Non-cooperative device activity detection.
Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021

14 / 53



Non-cooperative device activity detection
o All M columns of Yp are i.i.d. CN(0,SoAgGoSh + X + 621;)
with z( = ZnGN\/\/o Qp gn,OSnSII;I
o X € CL¥L represents the covariance matrix of inter-cell
interference and has also to be estimated
@ X is diagonally dominant, as s,, n € A are i.i.d. CN(0,1,)
[Chen & Yu (2019)]
o Approximate X with X £ diag(x), x £ (x¢)eec € RE,
xp & ZnGN\/\/o Qp g,,,0|s,,7g\2 to reduce the estimation
complexity [Chen et al. (2019); Choi (2019)]
o Diagonal elements x € Ri of X € RiXL can be interpreted as
the inter-cell interference powers over the L signal dimensions

@ All M columns of Y are approximated as i.i.d. CA(0,Xq, x)
with an,x = SvoGoS(’)_’ + X+ (52|1_ e Ctxt
@ X, x represents the covariance matrix of Yo . m, m € M
@ The likelihood function of Yy is:

exp (—tr (E;é,xYoY(’;’))

foox(Yo) = M| oy <M
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Joint ML estimation without BS cooperation

@ Assume that ag and x are unknown deterministic quantities

@ Joint ML estimation of ap and x without BS cooperation:

210ir)1< fur (o, x) 2 log [Sag x| + tr(E;(}’Xf]yo)

s.t. a, € {0,1}(relax to: a, €[0,1]), ne€ Np
x>0, el

° f)yo £ LYoY{ € CH*L represents the sample covariance
matrix of Yo . m, m € M and is a sufficient statistics for
estimating a and x
fi = — L log fu, x(Yo)— L log(r)

o fur (oo, x) 17 108 feo x(Yo) — L log(7

o Jointly estimate No + L variables, g and x, from L2

observations, Xy,

@ The problem is non-convex
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Coordinate descent (CD) method for joint ML estimation

@ At each step of one iteration, optimize fyir, (o, x) w.r.t. one
coordinate in (e, x) with the others being fixed
o Optimization w.r.t. «, equals to optimization of increment d
in iy Minge|—q, 1—a,) fuL(co + deg, X)
s Optimization w.r.t. x; equals to optimization of
increment d in xg: Minge[_y,,+o0) L (oo, x + dey)
s Obtain closed-form optimal increments

Theorem (Solutions of Optimizations w.r.t. «, and x;)

Hy—1 -1 Hy—1
o _1 A - Sh an,xEYo Eag,xsn — S, an,xsn
d (= ap) = min < max —oan p,1—an
ML,1,n @q,X? Hys—1 > ) )
gn,O(Sn an,xsz)

—i & =il —il
* =il A eZEOLo’XEYoEOLo,XeZ - eZ—an,xez
dML,2,Z(Ea0,x7Xl) = max Tw—1 ) y —Xe
(e[ an,xel)
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Prior distribution of device activities

@ Assume that ap is random, and its p.m.f., po(cy), is known
to BS 0

@ We adopt the MVB model to represent a general prior
distribution of the Bernoulli random vector
[Ding et al. (2011)]:

po (c) = exp Z (Cw H an> + by

weV new

@ Wy is the set of the nonempty subsets of Ny

o b 2 108(Y o 0.1y XX ey, (6o TTne, an)) is the
normalization factor

8 ¢, is the coefficient reflecting the correlation among a,,, n € w

e ¢,,w € Yy can be estimated based on the historical device
activity data using existing methods [Ding et al. (2011)]

@ Given pg (av) in any form, the coefficients ¢,,,w € Wy can be
calculated [Ding et al. (2011), Lem. 2.1]
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Prior distribution of interference powers

@ Assume that x is random and its p.d.f., g(x), is known to BS 0
@ Assume that the locations of the active interfering devices in
N\ N follow a homogeneous Poisson point process (PPP)

with density A
@ Adopt the power-law path loss model for interfering devices
® gno=d,g,n €N\ Ny, where d, o denotes the distance
between device n and BS 0, and v > 2 denotes the path loss
exponent
o Commonly used for large-scale random networks
@ Approximate the p.d.f. of x with a Gaussian distribution with
the same mean and variance
ZeeL(XZ - N)z)

g(x) ~ W exp (- 552

Lemma (Mean and variance for hexagon model)

If Cell 0 is modeled as a hexagon with side length R, then we have:
V3

oo = X
= 12,\/ /3 (2 +y?) " $dydx, 8% = 12,\/ /3 (2 + y?)~“dydx
V3R MR Jo
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Prior distribution of interference powers

@ The Gaussian distribution with the same mean and variance is
a good approximation of the exact p.d.f. of x

7
10 x10

i I [_IMonte Carlo Simulation
Gaussian Approximation

8

6

pdf of

Figure: Comparison between the histogram of x; (reflecting the
p.d.f. of x¢) and its corresponding Gaussian approximation.
R =200, A = 0.0005, and v = 4.
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Joint MAP estimation without BS cooperation

@ The posterior density of (a, x) after observation Y
(conditional density of (cxg,x) given Yjp) is given by:

fovo x| Yo (€00, %, Y0) = fay x(Yo)Po(cx0)g (%)

_exp (—tr (857, YoYe')) ( 3 <cw 11 an) +bo— ) M)

2
M| Sg, |M(v/278)t By e X

@ Joint MAP estimation of ap and x without BS cooperation:

min  fuap(ao,x) £ fuL(a x)—iz c Ha +iZM
min fmap(@o, ML(Q0, X) =17 w n i 252

weW, new el
s.t.  ap€0,1], neNMN

x>0 (el

o Estimator relies less on prior knowledge and more on
observations as M increases, as |fap (oo, x) — fur (g, X)|
decreases with M

@ Prior knowledge is essential at small M
@ The problem is non-convex

Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021 21 /53



Coordinate descent (CD) method for joint MAP estimation

@ At each step of one iteration, optimize fjap(cg,x) w.r.t. one
coordinate in (e, x) with the others being fixed

@ Optimization w.r.t. «, equals to optimization of increment d
in ap:

min fuar(ao + dep, x)
de[—ap,1—an)]

s Optimization w.r.t. x; equals to optimization of
increment d in xp:

min fMAP(ao,X+ deg)
de€[—xg,+00)

o Obtained closed-form optimal increments
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Coordinate descent (CD) method for joint MAP estimation

Theorem (Solution of Optimization w.r.t. a,)

Riap, 1,0 (Sag 0 @n)
min {max {sp(ao,x), —an},l1 —an}, C, <0

Hy—1 ¢ )2
. &n,o(s, = sn)

_ J)arg min fag,n(d, 0,x), 0< Cp < an"A—o‘o’xfl

= de{sp(ag,x),1—an} 4s an x2vg S ,xSn

1 2
1 @ C > gn 0(5 20‘0 XS,,)
- n n - -1 @ w—1 _
’ TELD SR SIS S e

1 (1 L 4cnsﬁz;g,xiyoz;g,xsn) B 1
2C, gn,O(sr’;IE;(},xsn)Z gn,OSnHzaé,xgn,O

1S —1
dgn,OS#E IEYOan,XSn
-1
14 dgn,Osfi;IEag,xSn

(o I o)

wCNp:n€w n’ Ew,n/#n

sn(cg,x) £

feg,n(d, g, x) £ log(1 + dgn,os,, an, Sn) —
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Coordinate descent (CD) method for joint MAP estimation

Theorem (Solution of Optimization w.r.t. x,)

1 A
dRrap,2,0(BagxoXe) = arg min fr,e(d, o, x)
de Xy (oo, x)U{—x;}

Xp(ap,x) £ {d € [—xg,+00) : hy (d, a0, x) = 0}
dtxg—p ] o xSvoSanxer eZE;é,xez

hy o(d, ag,x) £
ol B 210,29 M&2 (1+defSaler)?  1+del=al.e

2 e —ptdP  deSag SivoTager

f e(d, ap,
tld, e 2Mo? 14 de] S51 e

+ log(1 + de/ = I~ L oep)
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Algorithm for non-cooperative device activity detection

Algorithm (Non-cooperative Device Activity Detection)

© o

10:
11:

12:
13:

1
2
3
4:
5.
6

© Initialization: choose 315} = 1, g =0, x = 0.
. repeat
: for n € Ny do
Calculate dp = dyy; | (Zag . an) (ML) or dn = diiap 1 o (Zagx @n) (MAP).
Update ap = ap + dn (CD update).
Update =51, = 351, — Bz 3050 B (estimated covariance matrix up-
g ,x g, 1+dngn5,';’2(;é,x5n P
date).
end for
for £ € L do
Calculate dy = dfy; 5 ((ZagooXe) (ML) or dp = diap o ((Zagx xe) (MAP).
Update x; = x; + dp (CD update).
Update 31, = 23! —M(estimated covariance matrix update)
P ap,x — “ag,x 1+deegTE&é,xee p .
end for
until ap and x satisfy some stopping criterion.

@ The algorithm converges to a stationary point
@ The computational complexities of each iteration are O(NoL? + L3) and

O(Ng2Mo + NoL? + L3), respectively
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ML and MAP estimation-based cooperative detection
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Cooperative device activity detection

@ Cooperative device activity detection
o Nop= Ufzo./\/} denotes the Ng £ Z?:o N; devices in the 7 cells

@ BS 0 knows the pilot matrices So £ (S;);c(0,1,... 6} for the devices in the
7 cells and the path losses g; £ (8n.1)nenry 4 € {0,1,- -+ ,6} between the

devices in the 7 cells and 7 BSs

® Each BS j € {1,2,---,6} transmits Y; (or sufficient statistics) to BS 0

& BS 0 detects the activities of the devices in the 7 cells from
Yo £ [Yo, Y1, -+, Ys] (or sufficient statistics) and obtains ag
® The receive signal at BS, Y€ (CLXM can be rewritten as:
Y; 7SOA0G2H + > snangnjhnj +2;, je{0,1,---,6}
neN\Ng
8 Ag £ diag(aw), ap 2 (a”)neN’o Gj 4 diag(gj), H; £ (h",f)neﬁg

Figure: Cooperative device activity detection.
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Cooperative device activity detection

e Y je{0,1,---,6} are independent and for all
j€{0,1,---,6}, the M columns of Yj are i.i.d.

CN(0,50R0G;Sy + 3 perniv, nlnsSush + 0711)

1
o Forall j€{0,1,--- ,6}, approximate Zne/\/\ﬁo oz,,g,ijs,,s,’;’
with X; £ diag(x;), xj £ (.0)eec, i = Y angnjlsnel?
nEN\No

@ X; can be interpreted as the inter-cell interference powers over
the L signal dimensions in Y;
@ All M columns of Y are approximated as i.i.d.

= _ =~ =cH
CN(O, Ej,ao,xj) with 2j7607xj = SvoGjSO + X_,‘ + 0‘2|L
o X, represents the covariance matrix of Y. m, m € M
@ The likelihood function of Y; and Y are:

_ exp (—tr (ZJ aoxYYH))
fi o x: (Yj) =
J,ao.,xj( J) ﬂ-LM‘Ej,OLO,Xj‘M
Feto. %0 (Y0) ﬁf (Y;) exp(—zj Otr(EJ"‘OxJYYH>> %o 2 [xd 17
@, %\ Y0) = o, (Yj) = 3 »X0 = [Xg, " 1 Xe
! mrtM Hj:O ‘Ejyao,xj‘w
Ying Cui IEEE ICICSP 2021 28 / 53
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Joint ML estimation with BS cooperation

@ Joint ML estimation of & and Xy with BS cooperation:

6
P < =1
min  Fa(@o,%0) 2 D ((1og [Fanug | + t1(Zjagn =v,) )

@0, X0

Jj=0
e, j(@o,%;)

s.t. a,€0,1, ne N
Xj,fzov _].6{0,1,"',6},£6£

° f]yj = 4 Y;Y] € CH<E represents the sample covariance
matrix of Y;. », m € M and is a sufficient statistics for
estimating &g and Xg

o fur(@o,%0) = —ﬁ log 1%07;0(70)77L log()

@ Jointly estimaE\e N + 7L variables, &g and Xo, from 712
observations, Xy,,j € {0,1,---,6}

@ The problem is non-convex
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Coordinate descent (CD) method for joint ML estimation

@ At each step of one iteration, optimize FML(HO,XO) w.r.t. one
coordinate in (@, Xp) with the others being fixed

@ Optimization w.r.t. a, equals to optimization of increment d
in ap: B
min fML(ao —+ den,fo)

de[—anp,1—ap)]

o Optimization w.r.t. x;, equals to optimization of
increment d in X; ¢

in  fuwj(@o,x; + de
LI ML,j(@0, ; + dey)

o Obtain closed-form optimal increments
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Coordinate descent (CD) method for joint ML estimation

Theorem (Solutions of Optimizations w.r.t. a, and x; )

— % — — A . = — —
dML,l,n(a()yEJ,ao, ) = o arg min faﬂ"(d’ a07X0)
d€Ap(ag,X0)U{—an,l—an}

1 1
2} o, xEY 2} ‘10 &0 — € EJ o, «&
7_XJ'7Z

i = =il s
duw,2,(00, Xj 5, z) = max

(eZ Bo ao xez)z

_where _
An(EO,YO) = {d € [_aﬂa 1— a"] : ha "(d ao,YO) = 0}
1 H 1

Fa,n(d7ao, Xo é Z 8n.jSn 21 ao x5 _ &n.jSn 21 @0, XEY EJ ot x2

= 1+ dgnJSn ;) 040 «Sn (1 + dgﬂJSH j, ag xS )

6 1

_ dgn jSh oS~ Z 3
Fe.n(d, 00, %0) A log(1 + dg,ws,, 7 ao, Sn) — 8hn,j J, ao x&Y; J,ao, Sn

=0 1 + dgﬂ,JSH fiy ag xs
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Prior distribution of device activities

@ Assume that atj, j € {0,1,--- ,6} are random, and their
p.m.fs pj(ej),j € {0,1,--- ,6} are known to BS 0

@ We adopt the MVB model to represent a general prior
distribution of the Bernoulli random vector o, for all
j€{0,1,--- ,6} [Ding et al. (2011)]:

pi(a) = exp ( > ( 11 an) * "f>

wev; ncw

@ V; is the set of the nonempty subsets of N;

° b £ |°€(Eaje{o,1}'“f eXP(Ewewj(Cw [Tnee, @n))) is the
normalization factor

8 ¢, is the coefficient reflecting the correlation among a,,, n € w

9 ¢,,w € W; can be estimated based on the historical device
activity data using existing methods [Ding et al. (2011)]

@ Given p; (a;) in any form, the coefficients ¢, w € W; can be
calculated [Ding et al. (2011), Lem. 2.1]
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Prior distribution of interference powers

@ Assume that x;, j € {0,1,--- ,6} are random, and their
p.d.fs, g(x;j), are known to BS 0
@ Assume that the locations of the active interfering devices in
N\ Ny follow a homogeneous PPP with density A
@ Adopt the power-law path loss model for interfering devices
° gnj=4d,/,ne N\ No,je{0,1,2,..,6}, where d,; denotes
the distance between device n and BS j, and « > 2 denotes
the path loss exponent
@ Commonly used for large-scale random networks
@ Approximate the p.d.f. of x; with a Gaussian distribution with
the same mean and variance

()= 1 >eec(e — 1)
gI(XJ)_ (\/ﬂdj)L eXp( 25_12

>,je{0,1,...,6}
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Prior distribution of interference powers

Lemma (Mean and variance for hexagon model)

— 122 s % dydx — 12X e, 2)=%dyd
Ho ik (X+y) ydx — e Jo (x*+y°) ydx

3 5\/_R
—+6)\ (x +y) 2dydx—2)\ x+y) 2dydx
3R V3R Jup(x)

je{t,---,6}
V3 3v3R
212 [T [Ty edyax— 1 [0 [0 1 y2)edyd
0 = i (x* +y%) " “dydx — or (x* +y%) " “dydx
5\/_R
:—+ / / x+y)‘1dydx—2)\/ / (x* + y?)~“dydx
ViR Up(
JE{lwwﬁ}
= VIR < x < 3R By +R, V3R < x < 23R
Up(x) = § —Lx+2R, VIR<x<3BR Ui(x)={ -Lx14R, 3LR<x<2V3R
0, WER < x ~¥3x+3R, 2V3R<x< BLR
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Prior distribution of interference powers

@ The Gaussian distribution with the same mean and variance is
a good approximation of the exact p.d.f. of x;

x10° x107

[ IMonte Carlo Simulation A [ IMonte Carlo Simulation
16 i
—— Gaussian Approximation 12 ——Gaussian Approximation

pdf of o,

(a) BS 0

Figure: Comparison between the histogram of x; ; (reflecting the p.d.f. of
xj.¢) and its corresponding Gaussian approximation. R = 200, A = 0.0005
and a = 4.

Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021 35 /53



Joint MAP estimation for cooperative activity detection
@ The conditional density of &g and Xg, given Yy, is given by:

[ (am?OvVO) = _Eo,io(Yo)(lipj(aj)) (ﬁ)a(xﬁ)

g et (55 (1) ) (55 )

L
Jj=0 wev; iEw 0 (=1

@ Joint MAP estimation of @ and Xg with BS cooperation:

6
min  favap(@o,%o) £ Fur (@, %0)— -, Z > <Cw 11 an) + % >N XJ[T

L
0% M= wev; nEw j=0 =1
s.t. an €[0,1], n€ Ny
Xj,ZZO7 16{071776}7£€L
o Estimator relies less on prior knowledge and more on
observations as M increases, as |fyiap(@o,%o0) — Fur (2o, Xo)|
decreases with M
@ Prior knowledge is essential at small M
@ The problem is non-convex
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Coordinate descent (CD) method for joint MAP estimation

@ At each step of an iteration, optimize fyap(@o,Xg) w.r.t. one
coordinate in (@, Xp) with the others being fixed
@ Optimization w.r.t. «, equals to optimization of increment d
in ap:
min ?MAP(EO + den,io)
de[—ap,1—ap]

o Optimization w.r.t. x; ¢ equals to optimization of
increment d in X; ¢

. — 0 — i+ d)?
min fMLJ(ao,Xj + deg) + M

de[—xj,0,400) 2Moj?

o Obtained closed-form increments

Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021 37 /53



Coordinate descent (CD) method for joint MAP estimation

Theorem (Solutions of Optimizations w.r.t. a, and x; )

— . 1 ) ~ .
dMAP,l,n(a()?Ej,ao’;) = _ arg min fay"(dv a07X0)
deAn(ag,X0)U{—an,1—an}

—% _ —1 . z —_ =
dMAP,Q,Z(O‘Oij,aO’;) = arg min &!j,[(d, ao,xo)

deX; y(@o,%0)U{—x; ¢}

where
-Zn(amio) = {d S [_O(m = O(n] . Fa,n(d,aojo) = 0}7
X o(Go,%0) 2 {d > —x;,¢ ¢ hejo(d, a07?0) =0}

fan(dao,xo)—fan(damxo——Z Z (Cw H o‘n’)

j=0 weV;incw o @, n'#n
~ def %4 EYE - (xj,6 — pj + d)?
fejo(d, @0, %0) 2 log(1 + de] =71 ep) — o x jaon®t | (g0 = 1y
et ) ( Freex®l) 1+de] =] e 2Mo?
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Algorithm for cooperative device activity detection
Algorithm (Cooperative Device Activity Detection)
: Initialization: choose E;é = ﬁIL, a@y=0,x=0.

1
2: repeat

3: for n € Ny do
4

Calculate dn = HK/ILJ,D(EO,EJ-_%OY;) (ML) or dn = E;/IAPJ,D(EO,E_I

(MAP).

5: Update an = an + dn (CD update).

6: -1 -1 d"g”zjiéo,?s"s”jzjtéo,; ¢ 8

© Update 3, = - = 3.5~ — 1+dngn5,’;’2fé0 -~ ,j € {0,1,---,6} (estimated

covariance matrix update).

7: end for

8: for j =0 to 6 do

9: for /e L do

10:  Caleulate dp = dyp 2 (@0, ;% 5) (ML) or dp = dyjap.a,¢(@0, ) 5
(MAP).

11:  Update xp = x¢ + d¢ (CD update).

=i Ts—1
diz‘,ao,ie£e£ >

12:  Update E;éo,i = E;éo,? = ’ljrdlezzﬁéogzoi (estimated covariance matrix
update).
13: end for
14: end for
15: until @y and X satisfy some stopping criterion.
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Algorithm for cooperative device activity detection

@ Under the mild condition that each coordinate optimization
has a unique optimal solution, the algorithm converges to a
stationary point

® The computational complexities of each iteration are
O(NoL? + L3) and (’)(Z?:O N;2Ni + NoL2 + L3), respectively
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Outline

Numerical results
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Simulation setup

)

)

Np devices are uniformly distributed in cell 0, and each device
in cell 0 is active with probability p, (marginal p.m.f.)
The locations of the devices out of cell 0 are distributed
according to a homogeneous PPP with A

o The number of active devices in any other cell is random and

has average 37‘/31?2/\

Treat the devices in cell 0 and the other cells differently to
separate the impacts of Ny and inter-cell interference intensity
for non-cooperative detection
Independently generate 2000 realizations for the locations of
devices, sp, ap, n € N and h,j, ne N, j€{0,1,--- ,6}, and
evaluate the average error probability over all 2000 realizations
Choose R =200, A = 0.005, p, = 0.05, Np = 500, v = 3,
L =40, M =60, and 02 = %, unless otherwise stated
Consider three baseline schemes: AMP (non-cooperative)
[Liu & Yu (2018)], AMP (cooperative) [Chen et al. (2020)],
ML [Fengler et al. (2021)] with numerically optimized
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i.1.d. device activities

D, nterfering Devices A 10t

(a) L (b) M (c) A
Figure: Error probability versus pilot length L, number of antennas M,
and density of active interfering devices .
@ Proposed ML (non-cooperative) significantly outperforms ML,
especially in the high interference regime
o The gain comes from the explicit consideration of interference

@ Proposed MAP (non-cooperative) significantly outperforms
proposed ML (non-cooperative), and the gain decreases with L and
M and increases with A

o The gain derives from the incorporation of the prior
distributions of the device activities and interference powers
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i.1.d. device activities

D,

(a) L (c)
Figure: Error probability versus pilot length L, number of antennas M,
and density of active interfering devices .

@ Each proposed cooperative scheme significantly outperforms its
non-cooperative counterpart

o The gain is due to the exploitation of more observations from
neighbor BSs and the utilization of more network parameters
@ Performance of proposed MAP (cooperative) is similar to that of
proposed ML (cooperative)

& Prior knowledge becomes less important when more
observations are available
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i.1.d. device activities

\ [ proposed ML (roncooperaive)
—o— proposed M ve)

(a) L
Figure: Error probability versus pilot length L, number of antennas M,
and density of active interfering devices \.

@ The statistical estimation schemes (i.e., proposed joint MLs,
proposed joint MAPs, and ML) significantly outperform AMPs

@ The error probability of each scheme decreases with L and M and
increases with A
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Correlated activities for each two-device group

[
Correlation Coefficient ;

Figure: Error probability versus correlation coefficient 7.

@ The error probabilities of proposed MAP (non-cooperative) and the
proposed MAP (cooperative) significantly decrease with 7, while the
error probabilities of the other schemes nearly do not change with 7

o Demonstrate the value of exploiting the correlation among
device activities
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Identical activities for each multi-device group

003

0.025

Error Probability

5 6
Group Size NIK

Figure: Error probability versus group size % L = 30.

@ When N/K increases, the variance of the number of active devices
increases and the sample space of device activities reduces

@ The error probabilities of proposed ML (non-cooperative), proposed
ML (cooperative), and ML increase with 7
o The error probability significantly increases when the number
of active devices is large if correlation is not utilized
@ The error probabilities of proposed MAP (non-cooperative) and
proposed MAP (cooperative) decrease with %
o The exploitation of correlation narrows down the set of
possible activity states

Shanghai Jiao Tong University Ying Cui IEEE ICICSP 2021 47 / 53



Outline

Conclusion
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Conclusion

)

We consider non-cooperative device activity detection and
cooperative device activity detection in a multi-cell network
Under each detection mechanism, we formulate the problems
for the joint ML estimation and the joint MAP estimation of
both device activities and interference powers

We propose an iterative algorithm to obtain a stationary point
of each problem using the coordinate descent method

Each proposed joint ML estimation extends the existing ML
estimation by additionally estimating interference powers

Each proposed joint MAP estimation further enhances the
corresponding joint ML estimation by exploiting prior
distributions of device activities and interference powers

The proposed cooperative joint ML and MAP estimations
outperform their non-cooperative counterparts, at the costs of
increasing backhaul burden, knowledge of network parameters
and computational complexities
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