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Reconfigurable intelligent surface assisted
grant-free massive access

(invited paper)

Xingyu Zhou, Keke Ying, Shicong Liu, Malong Ke, Zhen Gao*, and Mohamed-Slim Alouini

Abstract: Massive machine-type communications (mMTC) is envisioned to be one of the pivotal scenarios in the fifth-

generation  (5G)  wireless  communication,  where  the  explosively  emerging  Internet-of-Things  (IoT)  applications  have

triggered  the  demand  for  services  with  low-latency  and  high-reliability.  To  this  end,  grant-free  random  access

paradigm  has  been  proposed  as  a  promising  enabler  in  simplifying  the  connection  procedure  and  significantly

reducing access latency. In this paper, we propose to leverage the burgeoning reconfigurable intelligent surface (RIS)

for  grant-free  massive  access  working at  millimeter-wave (mmWave)  frequency  to  further  boost  access  reliability.  By

attaching  independently  controllable  phase  shifts,  reconfiguring,  and  refracting  the  propagation  of  incident

electromagnetic  waves,  the  deployed  RISs  could  provide  additional  diversity  gain  and  enhance  the  access  channel

conditions.  On  this  basis,  to  address  the  challenging  active  device  detection  (ADD)  and  channel  estimation  (CE)

problem,  we  develop  a  joint-ADDCE  (JADDCE)  method  by  resorting  to  the  existing  approximate  message  passing

(AMP)  algorithm  with  expectation  maximization  (EM)  to  extract  the  structured  common  sparsity  in  traffic  behaviors

and  cascaded  channel  matrices.  Finally,  simulations  are  carried  out  to  demonstrate  the  superiority  of  our  proposed

scheme.

Key words: reconfigurable  intelligent  surface  (RIS);  massive  machine-type  communications  (mMTC);  grant-free  random

access (GF-RA); active device detection; channel estimation; approximate message passing (AMP)

1    Introduction

With  the  emergence  of  diverse  demand-intensive

vertical  industries,  including  industry,  agriculture,  e-

health,  smart  city,  etc.,  the  Internet  of  Things  (IoT)  is
expected  to  provide  unprecedented  massive
connectivity  for  myriad  IoT  devices[1].  Distinct  from
conventional  human-type  communication,  IoT  is
mainly  driven  by  massive  machine-type
communication  (mMTC),  which  is  characterized  by
sporadic traffic behavior, i.e., the potential IoT devices
are activated intermittently, and transmit short and low
data packets over the uplink.

To  cater  to  these  stringent  requirements  of  mMTC,
the  grant-free  massive  access  paradigm  has  been
proposed  as  a  pivotal  enabler  to  provide  efficient
random access (RA) for ubiquitous IoT devices[2]. This
protocol advocates to merge the RA process with data
transmission  by  removing  the  complicated  control
signaling request procedures, i.e., before delivering the
uplink  payload  data,  the  awakened  IoT  devices  only
need  to  transmit  brief  preambles  for  facilitating  the
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detection  of  the  active  device  set  (ADS)  at  the  base
station  (BS),  rather  than  the  complicated  grant
acquisition-related  procedure.  Besides,  by  allocating
non-orthogonal  signature  patterns,  most  grant-free
massive  access  paradigms  generally  encourage
aggressive  resource  reusing  to  support  the  massively
deployed  IoT  devices  with  limited  time-frequency
radio  resources[2].  In  this  way,  the  grant-free  massive
access  solutions  are  promising  to  substantially  cut
down  the  signaling  overheads,  improve  the  system
capacity, and achieve some key performance indicators
(KPIs) such as low-latency and high-reliability[2].

In this context,  the most challenging problems to be
addressed  in  the  grant-free  paradigms  turn  into  active
device  detection  (ADD)  and  channel  estimation  (CE).
By exploiting the intrinsic  sporadic traffic  behavior  of
mMTC,  the  joint  ADD  and  CE  (JADDCE)  can  be
formulated as a typical sparse signal recovery problem
and  be  solved  with  compressive  sensing  (CS)
techniques. Park et al. developed an iterative JADDCE
scheme  by  leveraging  the  sparsity  of  delay-domain
channel  impulse  response  (CIR)  and  combining  an
identified  user  cancellation  approach  for  enhanced
performance[3]. With the full knowledge of the a priori
distribution of the channels and the noise variance, Liu
and  Yu  proposed  an  approximate  message  passing
(AMP)  based  scheme  for  massive  access  in  massive
multiple-input multiple-output (MIMO) systems[4].

In this paper, we propose to leverage the burgeoning
paradigm of reconfigurable intelligent surface (RIS) to
enhance the performance of grant-free massive access.
RIS has been envisioned to be an enabling technology
for  the  next  generation  wireless  communication
network  to  substantially  improve  the  link  quality  and
the  coverage  range[5].  An  RIS  consists  of  a  myriad  of
programmable  passive  elements  with  ultra-low  power
consumption  and  low  hardware  costs,  and  thus  can
reconfigure the propagation of incident electromagnetic
waves  by  attaching  independently  controllable  phase
shifts  to  each  element.  In  view  of  these  advantages,
RIS  has  attracted  extensive  research  interests,  and  the
implementation  and  superiority  of  RIS  for  various
scenarios  have  been  widely  investigated,  e.g.,  dead
zone  communication,  physical  layer  security

enhancement,  cell-edge  service  enhancement,  massive
device-to-device (D2D) communications, simultaneous
wireless  information  and  power  transfer  (SWIPT),
etc.[5−8] For  wideband  channels,  the  orthogonal
frequency  division  multiplexing  (OFDM)  technology
has  been  amalgamated  with  the  RIS  to  efficiently
transform  a  frequency-fading  channel  into  multiple
parallel frequency-flat subchannels for low-complexity
single-tap  equalization.  In  fact,  the  problems  of
beamforming  and  CE  have  been  widely  investigated
for RIS-OFDM systems[9].

Nevertheless,  most  of  the  aforementioned  work  of
RIS-assisted  communication  is  based  on  the  provision
of  the  functionality  of  signal  reflection,  where  signals
that impinge upon one of the two sides of a surface are
completely  reflected  towards  the  same  side.  To  some
extent, this considerably limits the service coverage. To
remedy  this  drawback,  Cai  et  al.  further  proposed  an
intelligent  omni-surface (IOS)-assisted communication
system[10],  which  is  capable  of  enabling  simultaneous
reflection  and  refraction  and  providing  ubiquitous
wireless  coverage.  Similar  to  the  RIS,  an  IOS  is
composed of multiple passive programmable elements,
which  are  elaborately  designed  and  configured,  to
customize  the  propagation  environment.  Therefore,
note  that  we  no  longer  distinguish  between  RIS  and
IOS hereafter.

For  this  purpose,  we  introduce  a  refractive  RIS-
assisted  grant-free  massive  access  scheme  tailored  for
mMTC  working  at  millimeter-wave  (mmWave)
frequency  to  exploit  the  potential  additional  channel
diversity  provided  by  RISs.  Our  contributions  are
summarized as follows.

● First of all, we introduce a cluster of RIS subarrays
operating  in  reflection  mode  to  assist  the  grant-free
massive access in the IoT. By exploiting the additional
degree  of  freedom  of  RIS  subarrays  and  appropriate
refraction  matrices  design,  the  proposed  system
architecture  has  the  potential  to  improve  the  access
channel  conditions  and  enhance  the  quality  of  access
services.

●  Theoretical  derivation  shows  that  the  challenging
JADDCE  problem  in  this  context  has  the  same
mathematical form as the traditional grant-free massive
access.  Therefore,  on  this  basis,  we  propose  to  utilize
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the  efficient  AMP  algorithm  with  expectation
maximization  (EM)  proposed  in  Ref.  [11],  to  perform
JADDCE  and  extract  the  structured  sparsity  of  the
uplink  channel  matrices  for  reducing  preamble
overheads and enhancing performance.

●  Finally,  in  an  effort  to  demonstrate  the
effectiveness  and  superiority  of  our  proposed  scheme,
we  carry  out  numerical  simulations  and  compare  our
proposed scheme with the state-of-the-art solutions.

[X]m,n (m,n)

X ∈ CM×N [X]m,: [X]:,n m

n X

(·)T (·)∗ (·)H

|K|c K supp{·}

E{·} IN

N ×N 0M×N M×N

CN(µ,ν)

µ ν U[a,b]

[a,b]

Notation: Throughout this paper, scalar variables are
denoted  by  normal-face  letters,  while  boldface  lower
and  upper-case  letters  denote  column  vectors  and
matrices, respectively.  is the -th element of
matrix .  and  are  the -th  row
vector  and  the -th  column  vector  of ,  respectively.
The  transpose,  complex  conjugate,  and  conjugate
transpose  operators  are  denoted  by , ,  and .

 is  the  number  of  elements  of  set ,  and 
denotes the support set of a vector or matrix. Moreover,

 represents  the  statistical  expectation.  is  the
 identity matrix, and  is a  zero matrix.

Finally,  denotes  the  complex  Gaussian
distribution  with  mean  and  variance ,  and 
represents the uniform distribution on interval .

2    System model

MRIS = MRIS
x ×MRIS

y

MBS = MBS
x ×MBS

y K
MBS

x

MBS
y

Ka

Ka≪ K

As  illustrated  in Fig.  1,  we  consider  a  typical  RIS-
assisted grant-free  massive access  scenario  working at
mmWave  frequency  in  a  smart  factory,  where P RIS
subarrays are deployed on the wall of the factory. Each
RIS  is  equipped  with  passive
elements  working in the reflection mode to refract  the
incident  signals  of  different  devices  with  controllable
phases  and  enhance  the  massive  access  channel
conditions.  Besides,  there  is  one  BS  equipped  with  a
uniform  planar  array  (UPA)  composed  of

 antennas to serve  potential single-
antenna  IoT  devices  in  the  smart  factory,  where 
and  are the numbers of antennas on the x-axis and
y-axis,  respectively.  Due  to  the  sporadic  traffic
behavior  in  typical  IoT,  the  number  of  active  devices

 can  be  much  smaller  than  the  number  of  all
potential  devices  within  a  given  time  interval,  i.e.,

[2].  The active IoT devices transmit RA signals

αk k

K = {k|αk,1 ⩽ k ⩽ K}
Ka = |K|c

consisting  of  a  preamble  as  well  as  the  subsequent
payload  data,  and  the  inactive  remain  silent.  To
represent  the  activity  status  of  devices,  we  define  an
activity indicator , which is equal to 1 when the -th
device is active and 0 otherwise. Meanwhile, the ADS
is  defined  as ,  and  its  cardinality

.
N

n

t

Besides,  OFDM  with  subcarriers  is  employed  to
combat  frequency-selective  effect  of  channels.
Consequently, the received signal at the BS for the -th
pilot  subcarrier  in  the -th  time  slot,  which  is  the
superposition  of  signals  received  from  all  active
devices  with  phases  adjusted  by P RIS  subarrays,  can
be expressed as
 

yt
n =

K∑
k=1

P∑
p=1

αk Hp
nΘ

php
n,k st

n,k +wt
n (1)

Hp
n ∈ CMBS×MRIS

n p

Θp ∈ CMRIS×MRIS

p hp
n,k ∈ C

MRIS×1

n

p k

st
n,k k

wt
n ∈ CMBS×1 ∼ CN(0MBS×1,σ

2
wIMBS )

where  denotes  the  subchannel  of  the
-th  subcarrier  between  the  BS  and  the -th  RIS

subarray,  is  the  diagonal  refraction
matrix  of  the -th  RIS  subarray, 
represents  the  subchannel  of  the -th  subcarrier
between the -th RIS subarray and the -th IoT device,

 is  the uplink RA preamble transmitted by the -th
device,  and  is  the
additive  white  Gaussian  noise  (AWGN)  at  the  BS  for

 

BS NLoS

LoS

RIS
subarray

Active device

Inactive device

 
Fig. 1    Illustration  of  an  RIS-assisted  grant-free  massive
access  in a  smart  factory,  where a cluster of  RIS subarrays
working in the refraction mode are deployed on the wall  of
the factory.
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n tthe -th pilot subcarrier in the -th time slot.

hp
n,k

In  accordance  with  the  typical  mmWave  MIMO
channel model,  can be modeled as follows[12]:
 

hp
n,k =

√
MRIS

LD
p

LD
p∑

l=1

βk,le−j
2πn fsτk,l

N a(Θp,k
l ,ϕ

p,k
l ) (2)

LD
p

βk,l ∼ CN(βk,l;0,1) τk,l

l a(Θp,k
l ,ϕ

p,k
l ) ∈ CMRIS×1

p

where  denotes  the  number  of  multi-path
components (MPCs),  and  denote
the  propagation  gain  and  delay  corresponding  to  the
-th path, respectively,  is the steering

vector associated with the -th RIS subarray, i.e.,
 

a(Θp,k
l ,ϕ

p,k
l ) = 1√

MRIS

[
e−j2πd sin(Θp,k

l ) sin(ϕp,k
l )m1/λ

]
⊗[

e−j2πd cos(Θp,k
l )m2/λ

] (3)

λ d

λ/2 m1 =
[
0,1, . . . ,MRIS

x

]T
m2 =

[
0,1, . . . ,MRIS

y

]T
Hp

n

where  is  the  carrier  wavelength,  is  the  antenna
spacing  usually  satisfying , ,

and .  Similarly,  we  consider  a
Rician fading mmWave channel for  as Eq. (4)[13],
 

Hp
n =√

MRISMBS

LBS
p +1

[√
γp

γp+1
a(Θp

r,LoS,ϕ
p
r,LoS)a(Θp

t,LoS,ϕ
p
t,LoS)H+

√
1
γp+1

LBS
p∑

l=1

βp,le−j
2πn fsτp,l

N a(Θp
r,l,ϕ

p
r,l)a(Θp

t,l,ϕ
p
t,l)

H


(4)

LBS
p

γp

p

a(Θp
t,LoS,ϕ

p
t,LoS) a(Θp

t,l,ϕ
p
t,l)

p a(Θp
r,LoS,ϕ

p
r,LoS)

a(Θp
r,l,ϕ

p
r,l)

where  the  first  term  corresponds  to  the  line-of-sight
(LoS)  component,  the  other  terms  are  associated
with  the  non-LoS  (NLoS)  MPCs.  is  the  Rician
factor for the channel between the -th RIS arrays and
the  BS,  and  are  the  steering
vectors  for  the -th  RIS  array,  and

 are  the  steering  vectors  for  the  BS,
respectively, both of which share the similar form with
Eq. (3).

3    CS-based  active  device  detection  and
channel estimation scheme

In  this  section,  we  first  formulate  the  problem  of
JADDCE with the uplink RA preambles. Subsequently,
we  propose  to  jointly  optimize  the  phases  of  RIS
subarrays  to  improve  the  access  channel  conditions.
Finally,  we  present  an  AMP-EM  based  JADDCE
algorithm  with  reduced  preamble  overheads  and

enhanced  performance  by  leveraging  the  structured
sparsity of the uplink channel matrices.

3.1    Problem formulation

G

(T −G)

Np Nd

Np Nd Nd ≫ Np

The  frame  structure  of  the  uplink  RA  signals  is
illustrated  in Fig.  2.  The  frame  consisting  of T time
slots can be divided into two phases, where the first 
time  slots  are  allocated  to  transmit  preambles  and  the
remanent  time  slots  are  reserved  for  payload
data  transmission.  The  discrete  Fourier  transform
(DFT)  length  of  OFDM  for  the  preamble  and  data
transmission  are  denoted  as  and ,  respectively,
where  and  usually satisfy  to ensure the
payload data transmission efficiency[14].

By  considering  the  effective  cascaded  channels
between  IoT  devices  and  the  BS,  Eq.  (1)  can  be
rewritten as
 

yt
n =

K∑
k=1

αk h̃n,k st
n,k +wt

n = Hnst
n+wt

n (5)

h̃n,k =
∑P

p=1 Hp
nΘ

php
n,k ∈ C

MBS×1

k

Hn =
[
α1 h̃n,1,α2 h̃n,2, . . . ,αK h̃n,K

]
∈ CMBS×K st

n =[
st

n,1, s
t
n,2, . . . , s

t
n,K

]T ∈ CK×1

G

where  is  the  effective
cascaded channels between the -th device and the BS,

,  and 
. Furthermore, by considering

the received preambles in  successive time slots,  Eq.
(5) can be further represented by
 

Yn = SnXn+Wn (6)

Yn=
[
y1

n, y2
n, . . . , yG

n

]T ∈CG×MBS Sn=
[
s1

n, s2
n, . . . , sG

n

]T
∈ CG×K Xn = HT

n ∈ CK×MBS Wn =
[
w1

n,w1
n, . . . ,wG

n

]T
∈ CG×MBS

where , 

, ,  and 
.

To  ensure  the  reliable  system  performance,  we  will
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Fig. 2    Frame structure of the uplink RA signals.
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{Xn}
Np
n=1

unveil  the  structured  common  sparsity  inherent  in
.

(1) Spatial  structured  sparsity:  On  one  hand,  the
sporadic  traffic  behavior  observed  at  different  receive
antennas is identical as
 ∣∣∣∣supp

{
[Xn]:,1

}∣∣∣∣
c
= · · · =

∣∣∣∣supp
{
[Xn]:,MBS

}∣∣∣∣
c
= Ka≪ K (7)

{Xn}
Np
n=1

(2) Frequency  structured  sparsity:  On  the  other
hand,  also  exhibits  a  common  sparsity  pattern
for different subcarriers as
 ∣∣∣supp {X1}

∣∣∣
c = · · · =

∣∣∣∣supp
{
XNp

}∣∣∣∣
c
= Ka≪ K (8)

{Sn}
Np
n=1

{Xn}
Np
n=1

k

st
n,k ∼ CN(0,1)

In view of this fact, Eq. (6) is a typical sparse signal
recovery  problem,  where  the  RA  preamble  matrices

 serve  as  measurement  matrices.  To  meet  the
mutual  coherence  property  (MCP)[15] of  the
measurement  matrices  for  reliable  recovery  of  sparse
vectors ,  we  choose  to  generate  the  preambles
associated  with  the -th  device  from  a  standard
complex  Gaussian  distribution,  i.e., .
Besides, distinct preamble patterns should be allocated
across different subcarriers to provide diversity gain for
ADD  and  CE  in  line  with  the  distributed  CS  (DCS)
theory[12].

3.2    Refraction matrices design for RISs

a(Θp
t,LoS,ϕ

p
t,LoS) a(Θp

r,LoS,ϕ
p
r,LoS)

Since the locations of BSs and RISs are fixed once they
are  deployed,  the  LoS  angles  of  arrival  (AoAs)  and
angles  of  departure  (AoDs)  connecting  BS  and  RISs
would  remain  unchanged  for  a  long  time.  Therefore,
the steering vectors  and 
can  be  regard  as  the  accurate a  priori information  for
designing refraction matrices of RISs[16].

p

(Θp
max,ϕ

p
max)

(Θp
max,ϕ

p
max) p

We assume the main beam of the -th RIS subarray
points  to  the  direction .  Thus,  the  LoS
component of cascaded channel beween the BS and the
direction  via the -th RIS subarray can be
expressed as
 

h̃LoS
n,p = β̃n,pa(Θp

r,LoS,ϕ
p
r,LoS)ζp (9)

β̃n,p ζp

p

where  is  the  effective  propagation  gain,  and  is
the maximum effective array gain provided by the -th
RIS subarray, i.e.,
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p
max) (10)
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max)With  the  above  discussion  in  mind, 

satisfies
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(Θp
max,ϕ

p
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p

Consequently,  when  is  fixed,  the
optimization  problem  for  the  refraction  matrix  of  the

-th RIS can be formulated as
 

Θ̃p = argmax
Θp

|ζp|,

s.t.
∣∣∣[Θp]i,i

∣∣∣ = 1, 1 ⩽ i ⩽ MRIS
(12)

Since Eq. (10) could be further rewritten as
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Θpthe optimum solution of  can be given by[17]

 

[Θ̃p]i,i =
[
a(Θp

t,LoS,ϕ
p
t,LoS)

]
i

[
a(Θp

max,ϕ
p
max)
]∗
i
,1 ⩽ i ⩽ MRIS

(14)

(Θp
max,ϕ

p
max)

Furthermore,  in  view  of  the  typically  rich  wireless
scattering  environment  in  the  indoor  factory,  to  share
the  array  gain  between  the  potential  devices  equally
and efficiently,  is set as follows:
 

(Θp
max,ϕ

p
max) = (Θp

0 ,
pπ

P+1
), 1 ⩽ p ⩽ P (15)

Θ
p
0 pwhere  is the fixed elevation angle beween the -th

RIS subarray and the floor.

3.3    Proposed JADDCE scheme

{Xn}
Np
n=1

Xn αk,∀k,

Xn

In  this  case,  the  JADDCE  task  is  translated  into  the
estimate  of .  On  one  hand,  in  line  with  the
nonzero rows of , the activity indicator  can be
determined  accordingly.  On  the  other  hand,  the
estimated values of non-zero elements of  determine
the CE result.

{Xn}
Np
n=1

As  an  advanced  sparse  signal  recovery  method,  the
AMP algorithm fully exploits  the a priori information
of  the  sparse  vectors  and  leverages  the  Gaussian
approximation  to  simplify  the  belief  propagation,  as  a
result  of  which  it  substantially  enhances  the  accuracy
of  signal  recovery  with  reduced  computational
complexit[18]. Consequently, we are motivated to resort
to  the  AMP  algorithm  to  explore  the  aforementioned
structured  sparsity  of  for  more  accurate  signal
recovery.
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{Xn}
Np
n=1

The  Bernoulli-Gaussian  distribution  is  usually
utilized to model the a priori distribution of  as
 

p0(Xn) =
MBS∏
m=1

K∏
k=1

p0(xn
k,m) (16)

p0(xn
k,m)In Eq. (16),  satisfies[19]

 

p0(xn
k,m) = (1−ρn

k,m)δ(xn
k,m)+ρn

k,mCN(xn
k,m;µn,m

0 , τ
n,m
0 )
(17)

xn
k,m (k,m) Xn ρ

n
k,m

µn,m
0 τn,m0

Xn

where  is  the -th  element  of ,  is  the
sparsity  ratio,  and  are  the a  priori mean  and
variance.  Since  the  target  of  signal  recovery  is  to
minimize  the  mean  square  error  (MSE)  of  the
estimated signal, the minimum MSE (MMSE) estimate
of  is the posterior mean[20], i.e.,
 

x̂n
k,m =

w
xn

k,m p(xn
k,m|Yn)dxn

k,m,∀k,m,n (18)

p(xn
k,m|Yn) =

r
p(Xn|Yn)dXn\k,m

Xn\k,m{
xn

k,m

}1⩽i⩽K,i,k;

1⩽ j⩽MBS, j,m.

where  is  the  marginal
posterior  distribution  and  denotes  the  collection

of the 

ξn =
{
µn,m

0 , τ
n,m
0 , (σ

n,m
w )2,ρn

k,m,∀k,m
}

ξn

Unfortunately,  the  knowledge  of  the  hyper-
parameters  of a  priori distribution  and  the  noise
vairance,  i.e., ,  is
inevitablely  absent  in  practice.  To  this  end,  the  EM
algorithm can be integrated with the AMP algorithm to
estimate  and  approximate  the a  posteriori
distribution.  The  main  principle  of  the  EM  algorithm
incorporated with AMP algorithm is to iterate between
expectation step and the maximization step[11], i.e.,
 

Q(ξn,ξi
n) = E

[
ln p(Xn,Yn)|Yn;ξi

n

]
(19)

 

ξi+1
n = argmax

ξn

Q(ξn,ξi
n) (20)

ξi
n ξn i

p(Xn,Yn) Xn

Yn

where  is  the  estimate  of  in  the -th  iteration,
 is  the  joint  distribution  of  the  variables 

and the measurements , i.e.,
 

p(Xn,Yn) = p(Yn|Xn)p0(Xn) =
CN(Yn;SnXn,σ

2
wI)p0(Xn) (21)

E[·|Yn;ξi
n]

p(Xn|Yn;ξi
n)

and  denotes  the  expectation  with  respect  to
the posterior distribution .

p(Xn|Yn;ξi
n)

The  computational  complexity  of  calculating  the
accurate a posteriori distribution  could be
intolerable  due  to  the  high-dimensional  integrals.
Fortunately,  the  AMP  algorithm  approximates  the

effective  solution  with  considerably  reduced
complexity  in  the  large  system  limit,  and  it  can  be
expressed as[19]

 

p(Xn|Yn;ξi
n) ≈

MBS∏
m=1

K∏
k=1

q(xn
k,m|R

n,i
k,m,Σ

n,i
k,m) (22)

q(xn
k,m|R

n,i
k,m,Σ

n,i
k,m)where  is given by

 

q(xn
k,m|R

n,i
k,m,Σ

n,i
k,m) =

p0(xn
k,m)CN(xn

k,m;Rn,i
k,m,Σ

n,i
k,m)

Z(Rn,i
k,m,Σ

n,i
k,m)

(23)

Z(Rn,i
k,m,Σ

n,i
k,m) Rn,i

k,m

Σ
n,i
k,m

 is  a  normalization constant,  both  and
 are the variable nodes of the probability graph, and

their  update  rules  are  listed  in  the  steps  4  and  5  of
Algorithm 1. Combined with Eq. (17), Eq. (23) can be
further rewritten as
 

q(xn
k,m|R

n,i
k,m,Σ

n,i
k,m) = (1−πn,i

k,m)δ(xn
k,m)+

πn,i
k,mCN(xn

k,m; En,i
k,m,F

n,i
k,m)

(24)

where[11]
 

Fn,i
k,m =

τn,m,i0 Σ
n,i
k,m

τn,m,i0 +Σ
n,i
k,m

(25)

 

En,i
k,m =

τn,m,i0 Rn,i
k,m+µ

n,m,i
0 Σ

n,i
k,m

τn,m,i0 +Σ
n,i
k,m

(26)

 

πn,i
k,m =

ρn
k,m

ρn
k,m+ (1−ρn

k,m)exp(−L)
(27)

 

L = 1
2

ln
Σ

n,i
k,m

Σ
n,i
k,m+τ

n,m,i
0

+
(Rn,i

k,m)2

2Σn,i
k,m

−
(Rn,i

k,m−µ
n,m,i
0 )2

2(Σn,i
k,m+τ

n,m,i
0 )

(28)

ξn

ρn
k,m,∀k,m,n

αk,∀k

The  complete  procedures  of  JADDCE  based  on  the
AMP-EM algorithm[11, 19] are collected in Algorithm 1.
Specifically,  steps  2  and  3  and  steps  4−7  update  the
factor  nodes  and  the  variable  nodes,  respectively,  in
accordance  with  the  principles  of  AMP  algorithm  to
obtain  the  approximate  solution  of  the a  posteriori
probability in Eqs. (22)−(24). Steps 8−11 optimize the
hyper-parameters  in line with the maximization step
in  Eq.  (20).  Based  on  the  structured  common  sparsity
of  the  channel  matrices  in  the  spatial  and  frequency
domains,  the  sparsity  ratio ,  is  further
refined  in  step  12.  After  the  end  of  iteration,  the
activity  indicator ,  is  estimated  with  the  sparsity
ratio  in  step  14.  Meanwhile,  the  estimated  channel
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{X̂n}
Np
n=1

x̂n,i+1
k,m ,∀k,m,n

matrices  can be reconstructed with the posterior
mean .

4    Simulation results

In  this  section,  we  will  verify  the  effectiveness  of  our

K = 500 Ka = 50

fc = 28 B = 20

Nd = 2048

Np = 2

(NBS
x ,N

BS
y ) =

(5,5) P = 3

(NRIS
x ,N

RIS
y ) =(5,5)

25

LD
p LBS

p

[8,14]

γp = 0 Tamp = 200 ηth = 10−5

Nsim = 2×103

proposed  scheme  through  simulation  investigations.
The  pivotal  simulation  parameters  are  set  as  follows:
The  number  of  potential  IoT  devices  and  the  active
devices are fixed at  and ,  respectively.
The carrier frequency and the bandwidth of the system
are  GHz  and  MHz,  respectively.  The
OFDM  adopts  subcarriers  for  the  payload
data  transmission  and  subcarriers  for  the
preambles  to  reduce  computational  complexity.
Furthermore,  the  BS  is  equipped  with  a 

 UPA,  and  there  are  evenly  spaced  RIS
subarrays  equipped  with  a  UPA on
the wall of the factory. The signal-to-noise-ratio (SNR)
of  the  received  signals  at  the  BS  is  fixed  at  dB.
Finally,  the  number  of  MPCs  of  the  RIS-device
channels  and the  BS-RIS channels  and  are  the
random integers  in  the range of ,  and the Rician
factor is  dB. Furthermore, , ,
and  all  simulation  results  are  obtained  by  averaging
over  simulation runs.

Pe

For performance evaluation,  we define the detection
error probability  for ADD as
 

Pe =
1
K

K∑
k=1

|α̂k −αk | (29)

and the normalized mean square error (NMSE) for CE
as
 

NMS E =

∑Np
n=1 ∥X̂n−Xn∥2F∑Np

n=1 ∥Xn∥2F
(30)

Θp = IMRIS , ∀p

Θp

U[0,2π)

Moreover,  we  consider  a  benchmark  scheme  for
comparison, which resorts to the state-of-the-art greedy
CS  algorithm,  simultaneous  orthogonal  matching
pursuit  (SOMP)[21],  to  perform  JADDCE  by  solving
Eq. (6). To demonstrate the superiority of the proposed
refraction  matrices  design,  we  further  set  up  two
benckmark schemes for comparison: Without RIS: the
phase  of  incident  signals  are  not  affected  by  the  RIS,
i.e.,  the  refraction  matrices ;  Random
phase  RIS:  each  diagonal  element  of  is  given  a
random phase following uniform distribution .

Figure  3a exhibits  the  ADD  performance  with
respect to the variation of preamble overheads. As can
be  observed,  on  one  hand,  the  proposed  RIS-assisted

 

Algorithm 1　AMP-EM based JADDCE scheme

{Yn}
Np
n=1

{Sn}
Np
n=1 Imax

ηth

Input: Measurement signals , measurement matrices
, the maximum number of iterations , and the

termination threshold .
α̂k ,∀k

{X̂n}
Np
n=1

Output: Estimated activity indicator  and the channel
matrices .

i = 1 ξ1

Vn,0
g,m = 1 Zn,0

g,m = yn
g,m

x̂n,1
k,m = µ

n,m,1
0 νn,1k,m = τ

n,m,1
0

1: Initialization: , initialize the hyper-parameters  as Ref.
[11] suggests to avoid local optima, and , ,

, ;
∀g,m,n　Factor nodes update, :

Vn,i
g,m =

∑
k |sn

g,k |
2νn,ik,m2: ;

Zn,i
g,m =

∑
k sn

g,k x̂n,i
k,m −

Vn,i
g,m

σ2
w +Vn,i−1

g,m
(yn

g,m −Zn,i−1
g,m )3: ;

∀k,m,n　Variable nodes update, :

Σ
n,i
k,m =

∑g

|sn
g,k |

2

(σn,m,i+1
w )2 +Vn,i

g,m


−1

4: ;

Rn,i
k,m = x̂n,i

k,m +Σ
n,i
k,m
∑

g

sn
g,k
∗(yn

g,m −Zn,i
g,m)

(σn,m,i+1
w )2 +Vn,i

g,m
5: ;

x̂n,i+1
k,m = πn,i

k,mEn,i
k,m6: ;

νn,i+1
k,m = πn,i

k,m

(∣∣∣∣En,i
k,m

∣∣∣∣2 +Fn,i
k,m

)
− |x̂n,i+1

k,m |
27: ;

∀k,m,n　Hyper-parameters update, :

ρn,i+1
k,m = πn,i

k,m8: ;

µn,m,i+1
0 =

∑
k π

n,i
k,mEn,i

k,m∑
k π

n,i
k,m

9: ;

τn,m,i+1
0 =

∑
k π

n,i
k,m

[∣∣∣∣µn,m,i+1
0 −En,i

k,m

∣∣∣∣2 +Vn,i
g,m

]
∑

k π
n,i
k,m

10: ;

(σn,m,i+1
w )2

∑
g

 |yn
g,m −Zn,i

g,m |2∣∣∣1+Vn,i
g,m/(σ

n,m,i
w )2

∣∣∣2 + (σn,m,i
w )2Vn,i

g,m

(σn,m,i
w )2 +Vn,i

g,m


GMBS11:  = ;

∀k,m,n　Sparsity ratio refinement, :

ρn,i+1
k,m

1
MBSNp

∑
m
∑

n ρ
n,i+1
k,m12:  = ;

i← i+1 i > Imax∑
n ∥X̂i+1

n − X̂i
n∥2F < ηth

∑
n ∥X̂i

n∥2F

13: , back to step 2 until  or
;

∀k　Activity indicator estimation, :

α̂k =

 1,
1

MBSNp

∑
m

∑
n
ρn,i+1

k,m ⩾ ηbi = 0.5;

0, otherwise.
14: 
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Pe

scheme can provide substantial ADD performance gain
in  contrast  to  the  solution  without  RIS  by  enhancing
the access channel conditions. On the other hand, when
RISs  employ  the  phase  shift  strategy  proposed  in  Eq.
(15),  the  RIS-assisted scheme is  capable  of  harvesting
more noticeable performance elevation compared with
the  random  phases  based  solution.  In  addition,  the
ADD  performance  of  our  proposed  AMP-EM  based
solution  outperforms  the  SOMP-based  benchmark
given  the  same  preamble  overheads.  In  other  words,
the  proposed  solution  can  further  cut  off  the  access
latency  with  the  reduced  preamble  overheads  for  a
fixed target .

G ⩾ Ka

Figure  3b further  depicts  the  CE  performance  with
respect  to  the  variation  of  preamble  overheads.  The
proposed RIS-assisted massive access scheme shows a
similar superiority in the CE as ADD. It is noteworthy
that  the  SOMP-based  scheme  requires  to
implement  the  reliable  least  squares  (LS)  procedure,

G

G Pe

Pe

Nsim = 2×103

which  means  the  performance  of  CE  could  go
divergent  with  limited  preamble  overheads.  However,
the AMP-EM based scheme tends not  to  be slaved by
this  requirement.  Besides,  it  is  noteworthy  that  in
Fig.  3b,  the  AMP-EM  with  random  phase  RIS  and
AMP-EM  with  designed  RIS  curves  finally  coincide.
As  the  preamble  overhead  increases,  the
performance  of  sparse  signal  recovery  improves
gradually and reaches a platform. Therefore,  when the
preamble  overhead  is  large  enough,  the  and
NMSE  performance  gains  resulting  from  refraction
matrices  design  are  negligible  in  this  case.  In  fact,  as
Fig.  3a  shows,  the  performance  of  the  AMP-EM
with  random  phase  RIS  and  AMP-EM  with  designed
RIS  also  approaches  gradually  (in  the  low  detection
error probability region, the 10 dB gap may mean only
one  active  device  error  over  simulation
runs), which agrees with the trend of NMSE in Fig. 3b.

5    Conclusion

This paper investigated a refractive RIS-assisted grant-
free  RA  paradigm  for  accommodating  massive  IoT
devices  with  low-latency  and  high-reliability.  By
attaching  independently  controllable  phase  shifts  and
reconfiguring  the  propagation  of  incident
electromagnetic  waves,  RISs  can  be  deployed  to
enhance  the  massive  access  channel  conditions  and
provide  additional  diversity  gain.  On  this  basis,  we
further  developed  a  JADDCE  scheme  to  address  the
challenging  ADD  and  CE  problems  for  the  proposed
RIS-assisted  grant-free  massive  access  paradigm  by
exploiting  the  structured  common  sparsity  of  the
cascaded  BS-RIS-device  channels  and  the  inherent
sporadic  traffic.  Resorting  to  the  existing  advanced
AMP-EM  algorithm,  which  fully  takes  advantage  of
the a priori information, we significantly improved the
performance of JADDCE.
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