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Ancestor Concepts Related to the RIS

Fig.: Optical grating Fig.: Reflect-array antennas Fig.: Hologram

@ A wireless signal is essentially an EM wave propagating in 3D
space.

@ According to the law of energy conservation, the RIS
redistributes the radiation power into different directions,
according to the information encrypted in the surface.
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Achieving Reconfigurability of the RIS

i
|
|
|

varactor -

Fig.: Schemetic diagram of the
varactor RIS

[1] Y. Liu et.al., “Reconfigurable Intelligent
Surfaces: Principles and Opportunities ",
https://arxiv.org/abs/2007.03435

@ The EM response of the

RIS, such as phase
discontinuity (phase shift),
can be reconfigured. Various
mechanisms support this
tuning (electrical voltage,
thermal excitation, optical
pump, and physical
stretching).

The most important
parameter of the RIS is the
reflection coefficient 7 at

each element (cell), defined
.x_ E _ 4-2
as: F= g =22
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Reconfigurable Intelligent Surfaces (RISs) Aided Wireless

Networks

B Advantages of RIS [1]

o Easy to deploy: RISs can be deployed on several structures,
including but not limited to building facades, indoor walls,
aerial platforms, roadside billboards, highway polls.

e Spectrum efficiency enhancement: Meet the diversified
demands of services and applications of smart
communications, e.g., receivers on the died-zones.

e Environment friendly: More energy efficient compared to
relay.

o Compatibility: RIS can be compatible with the standards and
hardware of existing wireless networks

e This is Next Generation Relay Networks or MIMO 2.0.

o Also namely as intelligent reflecting surface (IRS), large
intelligent surface (LIS), metasurface, etc.

B Challenges
e What physical models shall we use?

[1] Y. Liu, et. al. “Reconfigurable Intelligent Surfaces: Principles and Opportunities”, IEEE Communications

Survey and Tutorial, under revision, https://arxiv.org/abs/2007.03435. 5/101



Possible Application Scenarios of RIS in the Wireless

Networks [1]

(2) RIS enhanced cellular networks beyond 3G/ = (b) RIS assisted indoor communications
e o

RIS in vehicular

e :

*% robotics team agriculture

(¢) RIS in unmanned systems for smart city (d) RIS in intelligent IoT networks

Fig.: RIS in the wireless communication networks. 6/101



Modeling RIS-assisted Networks: Separate Model VS Joint

(a) Separate channel Model (b) Joint channel Model

@ The separate model applies to more general scenarios,
however, to obtain the overall channel for performance
analysis is complex: H = 3" h;el%ig; + hg.

@ The joint model is tidier. However, it applies to the scenario
where T-RIS and RIS-R links are LoS-dominate.
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Joint Model for RIS

@ An RIS is deployed in the
neighborhood to assist the
downlink transmission from
one single-antenna
transmitter to P
single-antenna users.

@ A novel physics-based RIS
channel model was

Seatering N " proposed. We consider the
1 it environment ) ~ _ A A A .
e Dirw,mm RIS and the scattering
R B B environment as a whole by
receiver | receiver 2 receiver P St u dy| n g t h e Sl g na I ,S

multipath propagation.
[1] J, Xu and Y. Liu, “A Novel Physics-based Channel Model for Reconfigurable Intelligent Surface-assisted
Multi-user Communication Systems ", IEEE Transactions on Wireless Communications, under review.
https://arxiv.org/abs/2008.00619
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Benefits of the Joint Channel Model

We can describe the magnitude of the overall channel using
well-known distributions under joint channel model. For
separate channel model, closed-form expressions for channel
distribution are usually hard to obtain.

It is easier to obtain insights about how physical parameters
of the system affect the overall channels.

The power scaling law and channel condition for special
cases of interest can be derived in close-form.

[1] J, Xu and Y. Liu, “A Novel Physics-based Channel Model for Reconfigurable Intelligent Surface-assisted
Multi-user Communication Systems ", IEEE Transactions on Wireless Communications, under review.
https://arxiv.org/abs/2008.00619
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Channel Distribution for Discrete Phase Shift RIS

At the target direction, the overall received envelope has a Rician
distribution: H(t) ~ R(KE,Q,), with shape factor and scale
factor shown as follows:

F Msinc?(A/2)
KE = 1 —sinc2(A/2) + Ky Y @)
Qp, = Q[M + (M? — M)sinc®(A/2)] + NQg, (2)

where
@ M: the number of elements of the RIS.
e A: the phase quantization error of the RIS (Discrete Phase
Shift).
e Kp: the power ratio Ko = MQ,/(NQy).
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Insights

@ Power scaling law:
A A
Py ~ Py - [sianEM2 +(1- sinCQE)I\/I]-, (3)

@ Some special cases:

Limits P, Description
A =0 | o M?>. P, | Continuous phase shift
A=27| xM-P; Random phase shift

Limits KEFF Description

Ko — 0 0 Pure Direct Link
A=0 MK_0 Continuous phase shift
Ko — oo | Ms/(1-s) Pure RIS
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Numerical Results

« ‘ o QOutage probability of

[ Simulation (random)

~— Analytical (random)

= Smulaton 1151 the good user (red)

v e decreases as M increases.
o o For the bad user, outage
- probability does not
o decrease monotonously with
e, AT the increase of M. (So what
" are the other factors?)

good user (M=10)
bad user (further M=10)
bad user (closer M=10)
good user (M=20)

bad user (further M=20)
bad user (closer M=20)
analytcal (good user)
10°5 | = — —analytical (bad user)

O+0e x|

10 15 20
SNR(dB): 10l0g10(7/%) 12 /101



Limits of the Joint Channel Model

The joint model applies the best to scenarios where the T-RIS
and RIS-R links are LoS dominated.

The separate channel model has the ability to show and
analyse the diversity gain in general scenarios.

As a result, we present another performance analysis work base on
the separate channel model [1]. In the separate channel model, the
overall channel is a summation of M sub-channels, each
associated with an element on the RIS.

[1] J, Xu and Y. Liu, “ Reconfigurable Intelligent Surface-assisted Multi-user Systems: Phase Alignment Categories

and Pattern Synthesis Schemes", IEEE Transactions on Wireless Communications, to be submitted.
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Separate Model: A Categorizing Approach

@ Even for a fixed RIS
configuration, users
experience different signal

A ] superposition conditions

vy A ] while being at different

| \ /,v” AARNAY directions w.r.t the RIS.

Relative power (dB)
. . v .
S

‘w“ | “\’ @ By proposing phase
|- alignment categories, the

-40 : U R A ' . . .

0 01 02 03 04 05 06 07 08 09 1 overall channel, (WhICh IS a

summation) can be

Fig.: Radiati ttern f 16-el t 1-D . . .
&+ radiation pattern for @ “o-eiemen categorized into different
phase scanning RIS with phase alignment

categories indicated at different angles. categories with different
performance qualities.
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Phase Alignment Categories of the Separate Model

Ha) Perfect phase @b) Coherent Hc) Random 0d) Destructive
alignment phase alignment phase alignment phase alignment
Working conditions Enhancing Broadcasting Cancelling
Phase alignment (a) Perfect (b) Coherent (c) Random (d) Destructive
E[[H]] Mh \/W/ BLyj2(—a?/(258%)) \/ Mri? /2 0
Var[|H]] M(h2 — (h)?) o? + 2% — (E[H])? MH2(4 —7)/4 | M — (b))
Diversity order M less or close to M 1 0

Table: Channel statistics different phase alignment categories (The expectation value
of random phase alignment category (E[|H|] ~ v M) is analogy to "2-D random walk
problem™)

where h = E[hy], R = ]E[hz] all hy are independent and identically distributed, o = Mhsinc(= /(2L)),
g% = Mh2[1 — sinc(m/L)]/2, and Ly /5(x) denoting the Laguerre polynomial. 15 /101



Single User Case

’ o Perfect alignment:
-0 . 4 b_
=
Sl 1A ] 0’
g ° \J‘ \ A Pout('YO) Ay -
Zg;_rzo \‘(‘ \\ J” \ a - 1 (2M)
- N R R VAN AWANNraT 4
N I H \}/ \‘/ \\ (AR AR
H | oA \\(‘ | @ Random alignment:
= | | [ [
o
o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 'YO

“ Pout('YO) 1—e M, (5)

Fig.: Radiation pattern for a 16-element 1-D

phase scanning RIS with phase alignment @ Coherent alignment:
categories indicated at different angles. . . .
Various scenarios fall into

RIS phase shift CSl Phase alignment at target direction the Category as COherent
Continuous Perfect Perfect alignment .
Continuous Partial Coherent alignment phase a | Ign ment.
Continuous None Random alignment
Discrete Perfect Coherent alignment
Discrete Partial Coherent alignment
Discrete None Random alignment
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Multi-User Case: fair comparison for RIS + Multiple

Access

Power Power

Fair comparison under
static RIS scenario 2 2

/—> Time Time Time

Indicating the RIS . . .
adjusts phase shift ~ (a) TDMA (one-time) (b) NOMA (one-time) (c) FDMA (one-time)

configuration

Frequency/Power

Power Power Frequency/Power

Fair comparison under
dynamic RIS scenario, 2

Time Time Time

(d) TDMA (dynamig  (e) NOMA (dynamic) (f) FDMA (dynamic)

It can be proved that the one-time NOMA and dynamic NOMA have superior performance than TDMA and
FDMA in both static RIS scenario and dynamic RIS scenario, respectively.
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Single User Case: users located at different angular

directions

@ As the direction of the user
moves away from the target
direction, the outage
probability increases.

10t

@ This increment is more
observable for RIS with large
number of elements (M).
(Reason: the full-diversity
order enabling beamwidth
decrease with the number of

Fig.: Outage probability for a single eIements.)
user assisted by 4-element and
8-element continuous phase shift RIS.

Outage Probability
=<
I
©

o 0=0

104l B 0=15°
o 0=30°

as

symptotic

1 2 3 4 5 6
SNR (dB)
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Multi-User Case (NOMA/OMA): One-Time and Dynamic

10°

5
SNR (dB
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Fig.: Outage probability for 4-element
continuous phase shift dynamic RIS
scenario under NOMA (dynamic) and
TDMA schemes.

Fig.: Outage probability for 4-element
continuous phase shift static RIS
scenario under NOMA (one-time) and
TDMA schemes.
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Power-Domain NOMA Basics

_____________ 0
Time Userm Subtract user || Usern
g detection m'ssignal I detection

o}
g B
Superimposed signal of
Userm User mandn Q Userm
) detection
Usern User m

e Frequency
Supports multiple access within a given resource block
(time/frequecy/code), using different power levels for
distinguishing/separating them [1].
Apply successive interference cancellation (SIC) at the
receiver for separating the NOMA users [2].

If their power is similar, PIC is a better alternative.

[1] Y. Liu et al., “Non-Orthogonal Multiple Access for 5G”, Proceedings of the IEEE; Dec 2017. (Web of Science
Hot paper)

[2] Z. Ding, Y. Liu, et al. (2017), “Application of Non-orthogonal Multiple Access in LTE and 5G Networks”, IEEE

Communication Magazine;(Web of Science Hot paper).
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Interplay Between RIS/IRS and NOMA Networks

Motivations

@ One the one hand, RIS to NOMA: 1) enhance the performance of existing
NOMA networks; 2) Provide high flexibility for NOMA networks, from
channel quality based NOMA to QoS based NOMA; 3) reduce the
constraints for MIMO-NOMA design as IRS provides additional signal
processing ability [1].

@ One the other hand, NOMA to RIS: NOMA can provide more efficient
multiple access scheme for multi-user IRS aided networks.

Challenges

@ For multi-antenna NOMA transmission, additional decoding rate
conditions need to be satisfied to guarantee successful SIC.

@ Both the active and passive beamforming in RIS-NOMA affect the
decoding order among users.
[1] T, Hou, Y. Liu, Z. Song, X. Sun, and Y. Chen “MIMO-NOMA Networks Relying on Reconfigurable Intelligent
Surface: A Signal Cancellation Based Design”, IEEE Transactions on Communications, accept to appear

https://arxiv.org/abs/2003.02117 .
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New Techniques to Investigate: RIS-NOMA

My procedure

@ Step 1: System Modeling, such as channel model (e.g., fading), signal
model (e.g., SINR expressions), spatial model.

@ Step 2: Theoretical gains over existing scheme (e.g., capacity gain from
information theoretical perspective).

@ Step 3: Find interesting ‘spark point’ to study: from simple/ideal case to
complex/practical case with existing mature mathematical tools (e.g.,
convex optimization, stochastic geometry, matching theory, etc).

@ Step 4: Ways to more 'practical’ and ‘interesting’ scenarios with
advanced mathematical tool (e.g., machine learning).

Expected Outcomes

@ Step 1: A clean and tidy model to work on with balancing the
analysis-complexity tradeoff.

@ Step 2: Good capacity gain over existing scheme, such as RIS-NOMA
over RIS-OMA, conventional NOMA, etc.

@ Step 3: Good insights compared to existing benchmark schemes (power
scaling law, diversity, etc.).

@ Step 4: Exploit the possible timely interesting results.
22/101



RIS/IRS-Aided NOMA Neworks: Uplink and Downlink

with Continues Phase Shift

Motivation

@ Exact channel statistics of the
BS-IRS-user link.

@ The performance of IRS-aided
systems.

Contributions

@ Downlink and uplink IRS-adied
BS N Blocking NOMA and OMA systems.

—— Downlink objects @ Outage probability and ergodic rate.

— — — = Uplink @ The diversity order and the
high-SNR slope are obtained.

Fig. IRS-aided NOMA system model.
@ The IRS outperforms the full-duplex

@ An IRS assists a far user. relay in the high-SNR regime.
@ Continuous phase shifts.
Y. Cheng, K. H. Li, Y. Liu, K. C. Teh, and H. V. Poor, "Downlink and uplink intelligent reflecting surface aided
networks: NOMA and OMA,” IEEE Transactions on Wireless Communications, major revision. [Online].
Available: https://arxiv.org/abs/2005.00996
23 /101



Insights Summary |

Table: Diversity order and high-SNR slope for each scenario

Downlink Uplink
d S d S
N 1 1 0 0

Multiple-access scheme | User

NOMA F msK | 0 0 1
N 1 0.5 1 0.5
OMA F msK | 0.5 | mgK | 0.5

ms = min{mg, mg}, where mg and m, are the Nakagami fading
parameters of BS-IRS and IRS-user links, respectively.
K is the number of reflecting elements in the IRS.
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RIS/IRS-NOMA: Discrete Phase shift and Imperfect SIC

IRS controller

User 1

Considering an IRS-assisted NOMA communication scenario,
where BS sends the superposed signals to M terminal users
with the assistance of an IRS [1].

Both imperfect and perfect SIC are taken into account for
IRS-assisted NOMA networks.

1-bit coding scheme is proposed to achieve the discrete

phase shift levels.

[1] X. Yue and Y. Liu, “Performance Analysis of Intelligent Reflecting Surface Assisted NOMA Networks”, 2020.
[Online]. Available: https://arxiv.org/abs/2002.09907v2.
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SINRs for RIS-NOMA users with imperfect SIC

On the basis of NOMA principle, the SINR at the m-th user to
detect the g-th user’s information (m > q) is given by

rm

Ym—q = (6)

p|lhHOh,,|? Z aj + wp|hm? +1
i=q+1

where o= 0 and w= 1 denote the pSIC and ipSIC operations.
After striking out the previous M — 1 users’ signals with SIC, the

received SINR at the M-th user to detect its own information can
be given by

M= (7)
wplm[® +1
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Obtained Remarks Based Outage Probability

@ The diversity order of the m-th user with ipSIC for
IRS-NOMA is equal to zero.

@ The diversity orders of the m-th user with pSIC for cases
QR =1and Q > 2 are mK and mP, respectively.

@ The diversity order of the m-th user are in connection with
the number of reflecting elements of IRS and channel
ordering.
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Numerical Results

Outage probability versus the transmit SNR

@ The nearest user (User 3) attains the
higher diversity order that of the distant
users (User 1)

1 @ IRS-NOMA with pSIC are superior than

that of IRS-OMA, variable gain AF

relaying, FD relaying and HD relaying.

i

+  Simulation
—#— AF relaying
-4| —p— HD relaying
—<— FD relaying
—+— IRS - OMA
5| = = — Asymptotic
—&— User 1 - Exact analysis
—e— User 2 - Exact analysis - pSIC|
_g| —8— User 3 - Exact analysis - pSIC A . .
-5 0 5 10 15 20 25 30 35 40
SNR (dB)

Outage Probability
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RIS-aided NOMA Networks: with Direct Link and

Continues Phase Shift

h
= \ e W single antenna users.
RIS N . N\
Controller \ ¢ o N RISS
‘ " @ Both direct and reflection

links are considered

@ Improve the prioritized user
with the best channel gain.

———————— > Direct Link Reflected Link Control Link

Fig.: RIS-aided NOMA Networks.

[1] T, Hou, Y. Liu, Z. Song, X. Sun, Y. Chen and L. Hanzo, “Reconfigurable Intelligent Surface Aided NOMA

Networks”, IEEE Journal on Selected Areas (JSAC) in Communications, accept to appear.
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RIS-aided NOMA Networks: Prioritized User

—+—N=4, m,=1

of = womas . T @ Passive beamforming design
" ’ - focus on maximizing the

8| —#— Conventional NOMA

¥
? A simulation . . 1 .
& prioritized user’s received
ge 2o power.

NOMA without RIS

Solid lines: The analytical result, lower bound

, Dashed lines: The analytical result, upper bound MaX ¢h + r
w w
22 23 24 25 26 27 28 29 30 31
SNR (dB) .
subject to f1--- By =1
Fig.: Ergodic rate of the prioritized
user. 01---9/\/6[0,27‘(’).

(8)
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RIS-aided NOMA Networks: Non-prioritized User

@ Non-prioritized users share
12 //539\ the leaked signals.

@ The ergodic rate ceiling
exists in the high-SNR
regime.

Ergodic Rate (BPCU)

@ Passive beamforming has
22 23 24 25 26 SNR27(GB) 28 29 30 31 32 nearly no negative impacts

Fig.: Ergodic rate of the on the non-prioritized user.
non-prioritized user.
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NOMA Assisted by Multiple IRSs with Discrete Phase

Shifts

o Motivation

@ More practical to use discrete
phase shifts.

@ The performance difference
between continuous phase shifts
and discrete phase shifts.

() The scenario where UDs cannot (b) The scenario where UDs can Contributions

communicate with the BS dircctly. communicate with the BS dircctly

@ IRS-aided NOMA systems with

Fig. IRS-aided NOMA system model.
discrete phase shifts are studied.

@ A BS, and N IRSs, N users in a @ The BS-IRS-user link can be either
NOMA group. LoS and NLoS.
@ Two scenarios. @ The high-SNR approximation of the

@ Discrete phase shifts. outage probability is derived.

@ The diversity order is obtained.
Y. Cheng, K. H. Li, Y. Liu, K. C. Teh, and G. K. Karagiannidis, "Non-orthogonal multiple access (NOMA) with

multiple intelligent reflecting surfaces,” IEEE Transactions on Wireless Communications; under review.
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Theoretical Results |

Table: Diversity order of U, (the nth user) for each scenario

Multiple access scheme NOMA OMA
Phase shifts Discrete Continuous Discrete | Continuous
Scenario | (Without direct links) nmsK nmsK msK msK
Scenario Il (With direct links) | n(my 4+ msK) | n(mp + msK) | mp+ msK | mp + msK

n is the order of user.

ms = min{mg, mg}, where mg and m, are the Nakagami fading
parameters of BS-IRS and IRS-user links, respectively.

my, is the Nakagami fading parameter of the BS-user link.

K is the number of reflecting elements in the IRS.
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Signal Cancellation Design: RIS-aided MIMO-NOMA

Networks

ey
s @ RISs are also capable of
ﬁ mitigating signals, i.e.,
| o ; interference cancellation.

@ M transmitting antennas, M
o g clusters, K users in each
Vo™ \ cluster, L receiving antenna
n at each users.

% @ Relax the constraints for
conventional MIMO-NOMA.

\CUsermt

rrrrrrrr > Direct Link Reflect Link

Fig.: RIS-aided MIMO-NOMA
networks.

[1] T, Hou, Y. Liu, Z. Song, X. Sun, and Y. Chen “MIMO-NOMA Networks Relying on Reconfigurable Intelligent
Surface: A Signal Cancellation Based Design”, IEEE Transactions on Communications, accept to appear

https://arxiv.org/abs/2003.02117 .
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Stochastic Geometry Based Analysis: Why do we need

Stochastic Geometry?

Limitations of Conventional Analysis [1]

e lIgnore the density and mobility of nodes.
e Mathematical modelling and optimization for large-scale
networks are intractable.

Advantages of Stochastic geometry

o Capture the spatial randomness of the networks.
e Provide tractable analytical results for the average network
behaviors according to some distributions.

[1] Y. Liu et al., “Non-Orthogonal Multiple Access for 5G and Beyond”, Proceedings of the IEEE; Dec 2017.

(Web of Science Hot paper)
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Stochastic Geometry Based Analysis for RIS-NOMA

Motivations of RIS-aided NOMA

o Investigate the spatial effect of RIS-NOMA in large-scale
networks for practical deployment guideline.

e Channel quality enhancement: We motivate to exploit RISs to
enhance the channel quality of blocked users.

e High flexibility on SIC: Achieve flexible decoding orders
according to the quality of service (QoS) conditions.

Challenges of RIS-aided NOMA

o Feasible analysis for single/Multi-Cell stochastic geometry
model.

e How do the RISs reflect received signals in multi-cell
scenarios?

e The correct and efficient physical model of RISs as linear
material [1].

[1] C. Zhang, W. Yi and Y. Liu, “Reconfigurable Intelligent Surfaces Aided Multi-Cell NOMA Networks: A
Stochastic Geometry Model,” IEEE Trans. Wireless Commun., https://arxiv.org/abs/2008.08457.
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Stochastic Geometry Based Analysis: MIMO-RIS Single

Cell

RIS (located at origin)

’ = . N
” dn
Mantennas
users
J LI ﬁ

Obstacle

Wireless Link Control Link ~ ~-<S)--= Blocked Link

@ M transmit antennas is communicating with M users, each
equipped with K receive antennas, where the MN surfaces
serve M users [1].

@ Homogeneous Poisson point processes (HPPPs) is used to

model the locations of users.

[1] T, Hou, Y. Liu, Z. Song, X. Sun, and Y. Chen “MIMO Assisted Networks Relying on Large Intelligent Surfaces:
A Stochastic Geometry Model”, IEEE Transactions on Vehicular Technology, under revision,
https://arxiv.org/abs/1910.00959.
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Stochastic Geometry Based Analysis: Multi-Cell RIS

t Non-interference |
Interferer BS / |
Nearest BS @) { D Area |

(0
( )

I \ D Interference Am}
! \
(‘ﬁ’) 1O risball
A |
I
f\lon interference } j Blockages

I

I

I

Connected |

|

BS I |
I

| (“ﬂm Base station }

|

|

|

I

user

i
\
+
|
7 | Typical } Reflecting
| | P user / ‘ Surface
;
_ —L_ | . / (@) I
\ P / \ Typical user ‘
§ .
7 Blockages d] 1. 9 i plengnieticanes ‘ & Connected user \
~ Surfaces UK) I é?\\ )< 1 BS 8T
O risba g W J’/_U/_U
Base station R
88 Users — hd

@ Light-of- S|ght (LoS) ball model: blocked typical user.

@ Matern cluster process (MCP) pattern of Poisson Cluster Process
(PCP): 1) BSs (parent point process) and users are modeled according to
two independent homogeneous Poisson point processes (HPPPs); 2) A
RIS (daughter point process) is uniformly deployed in the LOS ball.

[1] C. Zhang, W. Yi and Y. Liu, “Reconfigurable Intelligent Surfaces Aided Multi-Cell NOMA Networks: A

Stochastic Geometry Model,” IEEE Trans. Wireless Commun., https://arxiv.org/abs/2008.08457.. 38/101



Efficient physical model of RISs as linear material

\
Oy
gi/an -
Cro L X
Xe()  Xro= (OropYr) X = (XrpYr0)
a) Coordinates on RIS b) Angles of incidence and refection
Notions:
Or(]) : Angle from each point of RIS to BS Oy : Angles of incidence
Xgr(!) : Coordinates of each point on the RIS Opr : Angles of reflection

Xp(y: Center of RIS L: Half length of RIS~ [€[-L,L] 0= 0peT0pr

@ The BS-RIS-User angle (6) is uniformly distributed in [0, «], for each
three (BS-RIS-User) HPPP points.

2
@ Path loss Model: P:(xp,xg) = ‘ijL\IJ(I) exp (—jkQ (1)) dl| .

cos(9pr(/))+cos(9ru (1))
8my/rer(Nreu (/)
o Phase-shift function: Q(x) = rgr (/) + rru (/) — © (/).

o Amplitude function: W (x) =
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Numerical Results

1 3 1
r b
095 The typical user \ 3 08 e radius of RIS region
0.8 g 08 = [50,75,100] m i
207 The typical user So7
g : 2
| 08 ’ The connected user / 5 08 *
5 /. ks Kk
o035 @ 205
g 3
504, P 8 04
H é 0 pical user with RISs S %
0o ical user with RIS 9 0.
+-NOMA: connected user with RISs g
0. OMA: connected user with RISs 902
NOMA: connected user without RISs 3 gmm afion results
NOMA: typical user without RISs ©y esults with Ry
A N /\mh tlml T S
______ A ) ) J}Anal»ucal results with Ry
95 100 105 110 115 120 2 4 10 12
Transmit SNR p = (P,/o?) (dB) e lcugth of RISs L (m)
Fig.: A comparison: conventional Fig.: Performance versus the
NOMA, RIS-OMA and RIS-NOMA.. half-length of RISs L.

@ The achievable rates reach an upper limit when the length of
RISs increases.
E[RtRIS]lL%oo

ey =0

@ The condition L — oo holds: S = Llim
*>
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Summary and Discussions for Performance Analysis of RISs

Discussions for Conventional Analysis
e The accurate closed-form results are non-trivial to obtain. [1]

o Central-limittheorem-based (CLT-based) distribution (good
for low-medium SNR regime).

o Approximated distribution or large-scale antenna analysis (e.g.
large-number approximation).

Discussions for Stochastic Geometry Analysis

e The angle information assumption brings new challenges for
stochastic geometry analysis.

o The flexible decoding orders enabled by RIS brings new
variants for user association.

[1] Y. Liu, et. al. “Reconfigurable Intelligent Surfaces: Principles and Opportunities”, IEEE Communications

Survey and Tutorial, under revision, https://arxiv.org/abs/2007.03435.
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Capacity Characterization for IRS-aided Multi-user System:

An Information Theoretic Perspective

Motivation

Total time duration 7'

@ What is the optimal transmission
(capacity-achieving) strategy of IRS-aided
multi-user communication?

System Model

@ Let T denote the duration of one channel
coherence block, which is divided into N time
slots with duration of §, i.e., T = NJ. Let 6 the
time consumption for reconfiguring the IRS.

@ Dynamic IRS Configuration: The IRS
reflection matrix can be reconfigured at the
beginning of each time block n € A and
remains fixed within each time block, i.e.

©[n],neN.

[1] X. Mu, Y. Liu, L. Guo, J. Lin, N. Al-Dhahir “Capacity and Optimal Resource Allocation for IRS-assisted
Multi-user Communication Systems”, IEEE Transactions on Communications, major revision,

https://arxiv.org/abs/2001.03913. 42 /101



Different Setups: Static Scenario versus High-Speed

Mobile Scenario

Static Channel Modelll] (T > §)
@ Focus on one channel coherence block, where the channels remain approximately

constant, {hk,g,’:’,v, ne N} (e.g., users are static or moving slowly).

@ An artificial varying channel can be created by dynamically reconfiguring the
IRS, i.e., hy +g£’6 [Alv,n € N.

@ When N =1, the IRS reflection matrix is fixed through the whole transmission,
which has been adopted in most existing research contributions.

Fading Channel Modell?
@ High-speed mobile scenario and T is short. Focus on total Z channel coherence
blocks, i.e., {hk [1 vng [,v]i],ie I}.

@ Dynamic IRS Configuration (T ~ §): The IRS can be reconfigured for each
fading state i, the effective channel is hy [i] + g/ [[]© [i]v[i],i € T.

@ One-time IRS Configuration (T < §): All fading states share the same IRS
reflection matrix, the effective channel is hy [i] + gl [[]©v[i],i € T.

[2] Y. Guo, Z. Qin, Y. Liu, N. Al-Dhahir “Intelligent Reflecting Surface Aided Multiple Access Over Fading
Channels”,IEEE Transactions on Communications, major revision, https://arxiv.org/abs/2006.07090.
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Capacity Region Characterization: An Information

Theoretic Perspective

@ If NOMA is employed, the achievable rate of user k at the nth time block
is given by

R [n] = log, (1 + |hx + &£'® [n] v| p [n] ) e

he + gl'© [n] v‘zp,- [n] + o2

wiln]>pkln]
The average achievable rate of user k over the entire period T is
N N
Rk = % Zn:l RLV [n]
@ The capacity region achieved by NOMA is defined as
C(b,N) 2

S {f;ogn gﬁQ’,Vk}, (10)
n],p[n

which consists of the set of average rate-tuples for all users that can be
simultaneously achieved over the period T. b denotes the finite phase
resolution bits of the IRS.
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Capacity Region Characterization: Optimal Resource

Allocation

The Pareto boundary of by the capacity region can be characterized by solving
a series of sum rate maximization problems as follows:

(P1): max R" (11a)
RN ¥, {@[n],pi[n]}
s.t. Fx > axRN,Vk, (11b)
O[n] € S,Vn, (11¢)
K
Zk:l Pi [1] < Prnax, Vi, (11d)
pr [n] > 0,Vk, n, (11e)

|+ gl@ [nlv]” > |y + g'@ [l v|",if 3 [n] < juc[n] Vk,j,n,  (11F)

where a = [a1, a2, - -+ , ak] denote a rate-profile vector, au represents the rate

allocation among the K users, Zszl a, =1 and ax > 0,Vk.
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Ideal Case versus General Case

Ideal case, N — oo:
@ (P1) satisfies the time-sharing condition, and the strong duality holds.
@ The optimal solution to (P1) can be obtained via its dual problem using
the Lagrange duality method.
@ By deciding time-sharing ratio among the optimal solutions obtained from
the dual problem, the capacity region is derived.
General case, finite N:
@ Construct the IRS reflection matrix at each time slot © [n] based on the
obtained solutions in ideal case.
@ Under given O [n], solve the resulting power allocation problem (P1)
employing SCA.
@ A high-quality suboptimal solution to (P1) can be derived, namely
capacity region inner bound.
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Numerical Results for Ideal Case

Capacity/rate region in the ideal case, N — co

o 0s 1 s
Rate at user 1 (bitls/Hz) Rate at user 1 (bit's/Hz)

25 3 o 0s 25 3

1 s
Rate at user 1 (biUs/Hz)

Fig.: Capacity region Fig.: Rate region using Fig.: Comparison
using NOMA. OMA. between NOMA and
OMA.

@ Considerable capacity/rate region improvement can be achieved by
deploying the IRS.

@ More number of reflecting elements and higher phase resolution bits lead
to higher capacity gain.

@ NOMA is over OMA for ideal case (dynamic).
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Numerical Results for General Case

Capacity/rate region in the general case, finite N

tuser 2 (bitsHz)
sser 2 (bitsiHz)

Rate at

o 05 25 3 o 05 25 3 o 05 25 3

15 2 2
Rate at user 1 (biUs/Hz) Rate at user 1 (biUs/Hz)

15 2
Rate at user 1 (biUs/Hz)

Fig.: Capacity region Fig.: Rate region (inner Fig.: Comparison
(inner bound) using bound) using OMA. between NOMA and
NOMA. OMA.

@ Dynamically reconfiguring the IRS reflection matrix can increase the
capacity/rate gain, especially for OMA,;

@ NOMA not only achieves a higher capacity but also requires less
hardware complexity for real-time IRS control.

@ NOMA is over OMA for general case (one-time/dynamic). 8101



Joint Beamforming Design in NOMA-RIS Systems
(Beamformer-Based design [2])

@ An N-antenna base station serves K single-antenna users through the
NOMA protocol with the aid of an IRS with M passive reflecting elements

@ O = diag (u) € CM*M denotes the diagonal reflection coefficients matrix
of the IRS with u = [u1, u2,--- , um] and tm = Brme/’.

[1] X. Mu, Y. Liu, L. Guo, J. Lin, N. Al-Dhahir “Exploiting Intelligent Reflecting Surfaces in NOMA Networks: Joint Beamforming
Optimization”, IEEE TWC, accept https://arxiv.org/abs/1910.13636.

[2] Y. Liu, et. al., "Multiple Antenna Assisted Non-Orthogonal Multiple Access", IEEE Wireless Communications; vol. 25, no. 2, pp.
17-23, April 2018.
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IRS elements assumptions

@ Ideal IRS: Both the reflection amplitudes and phase shifts can be
optimized.

&1 = { um||um|” € [0,1]} . (12)

@ Non-ideal IRS:

e Continuous phase shifters with the unit modulus constraint.
@2 = { il [un]’ = 1,0 € [0,27)} (13)
e Discrete phase shifters with B resolution bits:
@3 = {tl[un]’ = 1,0m € D}, (14)

where D = {"22—537,n:0,1,2,-~- 72"3—1}.
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Received Signal Model

@ The received signal at user k can be expressed as
K
hk =+ rk Z WSk + N, (15)
@ Based on the NOMA principle, the received SINR of user j to decode
user k is given by

|(hf + ¢'OG) w|”

> |(nf +e0G) wil” + o2
Q(i)>Q(k)

SINR,_,; = (16)

@ The corresponding decoding rate is Rx—,; = log, (1 + SINR,HJ-).
@ Conditions of successful SIC: R¢_,; > Ri_« for Q(j) > Q (k).

51/101



Optimization Problem

The considered sum rate maximization problem:

(P1):_ max ZRM (17a)
s.t. Rk_)j > Rk_yk, Q(j) > Q(k), (17b)
(b + /' OG) wag|* < | (¥ + rOG) wag)|*, ¥k, 1,4, 2 (1) > Q) ,

(17¢)

K
> lwill® < Pr (17d)

k=1
Un € O, (17¢)
Qen. (17f)

@ & denotes different IRS assumptions.

@ [1 denotes the set of all possible SIC decoding orders.
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Proposed Solutions

Surm rate maximizaton i Difficulties:
decoding order, active and
passive beamforming . .
(non-convex) @ Decoding order and beamforming
i vectors are highly coupled.
Sum rate maximization in active . . .
and passive beamforming under @ Active and passive beamforming
given decoding order .
(non-convex) vectors both affect the conditions
L of success SIC.
ot ettty Solutions:Divide the complicated
problem into some ease of subproblems.

| SCA+SDP | | @, sca | |¢'z SROCR |¢3Qnanlimlion|

[1] X. Mu, Y. Liu, L. Guo, J. Lin, N. Al-Dhahir “Exploiting Intelligent Reflecting Surfaces in NOMA Networks: Joint

Beamforming Optimization”, IEEE Transactions on Wireless Communications, https://arxiv.org/abs/1910.13636.
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Numerical Results

Sum Rate versus Transmit Power

o, P srouR o, eL ORI, ‘ @ Significant sum rate gains can be

-0 O _2-bit Qi @ _1-bit —=— SROCR: ¢_1-bit H H 1

14 —6— Random phaseash\ﬂs Without RS~ : achieved by deploymg lRSS with
the proposed algorithms.

@ The performance gaps between
the case of ideal IRS and
continuous phase shifters can be
ignored.

Sum rate (bit/s/Hz)

@ The performance degradation
4 caused by finite resolution phase
shifters decreases as the bit
) ‘ ‘ ‘

10 15 20 25 30 resolution increases.
Transmit power P'r (dBm)
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Numerical Results

Sum Rate versus the Resolution Bits

° : : : @ The ideal IRS case achieves the
best performance, while the
discrete phase shifters case
achieves the worst performance.

@ “1-bit" and “2-bit" schemes can

Sum rate (bit/s/Hz)
~
&

N ’ achieve 80% and 90%
performance of the ideal IRS
! . pEan " ) case, respectively.
6-5/ -A scan, @ The performance loss between the
::_Zﬁ:nf:mzfn o “3-bit” scheme and the ideal IRS
° 2 3 4 5 is negligible.

Resolution bits of phase shifters
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Numerical Results

Performance Comparison with OMA

13 rson ‘ ‘ ‘ o 'Ijhe. I_RS—NOMA scheme

12 - 4 significantly outperforms the

ul IRS-OMA scheme since all users
1o can be served simultaneously
by <P =20d8m through the NOMA protocol
% il A compared with the OMA scheme.
wn 7r

6, <—P;=10dBm

sl

410 2‘0 3‘0 4‘0 50

Number of elements on the IRS, M
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Intelligent Reflecting Surface Enhanced Millimeter-Wave

NOMA Systems (Cluster Based Design [2])

@ An Nr-antenna base station
communicates with K single-antenna
users through the NOMA protocol
with the aid of an IRS.

@ The set of discrete phase shift
values is given by:

IRS

" N B
R A 27r(2 71)
—= Clusier heQ= O’%""’T
Cluster m
!\. @ The K users are grouped into M
'

clusters, K, denotes the number of
users in cluster m.

[1] J. Zuo, Y. Liu, E. Basar and O. A. Dobre, "Intelligent Reflecting Surface Enhanced Millimeter-Wave NOMA
Systems”, IEEE Communications Letters, Accepted.

[2] Y. Liu, et. al., "Multiple Antenna Assisted Non-Orthogonal Multiple Access”, IEEE Wireless Communications;

vol. 25, no. 2, pp. 17-23, April 2018.
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Received Signal Model for Cluster Based Design

@ The signal received at user k in cluster m is

Ymk = hm,ka\/ Pm,kXm,k + hm,kwm Z v/ Pm,iXm,i

ie{Km/k}

desired signal

intra—cluster interference

+ hm,k Zne{/\/t\m} Wp ZjEK,, v/ PnjXnj+ Nmk,

noise

inter—cluster interference

(18)

e For any two users with the decoding order ©, () > D, (k),
the SINR of user j to decode user k is defined as

|hm,ij|2pm,k

|hm,jwm|2pm,k + ZnE{M\m}|hm,jW"‘2 +0?’

’YJ{TL)k = (19)
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Optimization Problem Formulation

The joint active beamforming, passive beamforming and power
allocation optimization problem is formulated as

055 Zemes R 0
st Wl < Prna, (20b)
Zkelcm Pmk =1, me M, (20c)

B
9,6{0,37;7...7%(22;1)}, (20d)
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Proposed Algorithms

Orignal problem
' !

Power allocation factor
optimizaton

Convex optimization
problem
J

Active beamforming
“

The main challenges to solve the optimization problem

Passive beamforming

SCA+Quantization
Y

Alternating Optimization

@ It is a mixed integer non-linear (MINL) optimization problem.

@ The decoding order can be affected by the inter-cluster
interference and be controlled by the IRS.

@ The optimization variables are highly coupled.
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Numerical Results

Sum rate for IRS-mmWave-NOMA networks

9 Proposed algorithm

—E— ZF based algorithm
8 |—P>—IRs-mmWave-omA
—O— Random based algorithm

~

o o

Sum rate (bit/s/Hz)

IS
Sum rate (bit/s/Hz)

3 y
) [—— Upper Bound
2, / |—©—Proposed algorithm

% Upper Bound
|-~ Proposed algorithm

1 2 3 4 5 6
Lirs

Fig.: Sum rate versus the number of

Fig.: Sum rate versus the resolution bits.
reflecting elements

@ The proposed IRS-mmWave-NOMA outperforms the IRS-mmWave-OMA
design.

@ The system sum rate gap between the continuous and discrete phase
shifts gradually decreases as the resolution bits increases.
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Resource Allocation: Single-Cell RIS-NOMA

@ A single-antenna base station serves K
single-antennas users through the NOMA
protocol with the aid of an IRS.

Subchannel Assignment: there are N
subchannels, where each subchannel can
be assigned to K, users at most and each
user is assigned only one subchannel.

© = diag { &/, Noel®%2, - Ayl }
denote the reflection coefficients matrix,

with 6, € [0,27] and A, € [0,1].
[1] J. Zuo, Y. Liu, Z. Qin and N. Al-Dhahir, "Resource Allocation in Intelligent Reflecting Surface Assisted NOMA

Systems”, IEEE Transactions on Communications, Accepted.
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Optimization Problem Formulation

The optimized problem is given as

N K
max Rk, 21a
4,7,p,0@ '72::1 kE::l n,k ( )
st Ro%oi = Rokosio if o (K) < (E) : (21b)
Rnk—k = Rmin, n € N, (21(:)
N K

Zn:l Zk:l OnkPnk = Pmax, (21d)

|em:m‘ S 17 (216)
K

Zk:l 5"7k = K,,, (21f)
N

Zn:l 5"’k =1 (21g)

Th € Q. (21h)63,~101



Proposed Algorithms

Resource allocation problem

ing order Reflection coefficients
Subchannel allocation Decoflutg Ol. L Power allocation efiection ﬁm q elents
optimization optimization
? m—) : sca sca
: Exhuast search Ry ‘04 one 1 Exhuast search SDP H
matching [t : Y =
: i Alternating Optimization

The main challenges to solve resource aIIocatlon problem

@ Due to the binary constraint, it is a NP-hard problem.

@ The decoding order can be controlled by the IRS reflection
coefficients, it is difficult to obtain the optimal decoding
order.

@ The transmit power and reflection coefficients are highly

coupled.
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Numerical Results

System throughput for Single Cell IRS

: : : v
8 —E— ThreeStep-IRS-NOMA
11 {—%—NOMA-nolRS
—%— TwoStep-IRS-OMA
— 10 | —©—OMA-noIRS
: g
g 3,
H E
3 28
£ B
s 5
g g7
s £
5 £
4 —B— ExhaustIRS-NOMA g 6
& i Theostep RS NOVA 2
5 | —8— Maxmin-IRS-NOMA 5
--© - NOMA-noIRS [T
-~<} Exhaust-IRS-OMA 4
45 ~=E= TwoStep-IRS-OMA
-+ - omAnoRs 3
a4 10 15 20 25 30 35 40 45 50
2 w0 w w w0 o B
M s
Fig.: System throughput versus the Fig.: System throughput versus the
number of reflecting elements. location of IRS coordinate.

@ In comparison with OMA based algorithms, the NOMA based algorithms
yield a significant performance gain and near-optimal performance.

@ There is an optimal deployment point for IRS, which motivates us to
investigate the deployment of IRS [1].

[1] X. Mu, Y. Liu, L. Guo, J. Lin, R. Schober “Joint Deployment and Multiple Access Design for Intelligent 65 /101



From Single Cell to Multi-Cell RIS/IRS-NOMA Networks

Frequency
Radio resource
allocation

Fig.: An illustration of the system model for the IRS-aided multi-cell NOMA network,
where an IRS with M reflecting elements is deployed to assist the wireless
communication from J single-antenna BSs to / single-antenna users.

[1] W. Ni, X. Liu, Y. Liu, H. Tian, and Y. Chen, "Resource allocation for multi-cell IRS-aided NOMA networks,”
IEEE Trans. Wireless Commun., major revision, https://arxiv.org/abs/2006.11811

[2] W. Ni, X. Liu, Y. Liu, H. Tian, and Y. Chen, "Intelligent reflecting surface aided multi-cell NOMA networks, "_in

Proc. IEEE GLOBECOM Workshops, accepted to appear. 66 /101



IRS-Aided Multi-Cell NOMA Networks: Joint User

Association and Subchannel Assignment

o Let oy € {0,1} and Bjx € {0,1} denote the user association
indicator and subchannel assignment factor, respectively.
Then, the superimposed signal, xjx, broadcasted by the j-th
BS on the k-th subchannel can be given by

I
Xjk = i Bijk/PijkXijk + E t=1 0] atj Bjk/Pejk Xtjk» (22)
N—— -

signal for user i

signal for other paired users

where X and pj denote the signal and power transmitted by
BS j on subchannel k for user i, respectively.

[1] W. Ni, X. Liu, Y. Liu, H. Tian, and Y. Chen, "Resource allocation for multi-cell IRS-aided NOMA networks,"”
IEEE Trans. Wireless Commun., major revision, https://arxiv.org/abs/2006.11811
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IRS-Aided Multi-Cell NOMA: Problem Formulation

@ The sum-rate maximization problem can be formulated as

var {Oéij7/8jk7@7pijka77jk(i) ‘ Via.j7k}7 ( )
) J K
max > D 1D Rk (23b)
sit. Dp(i, i) >0, if (i) < mir(7), (23¢)
J K ]
D 1Dy Rike = Resin, Vi, (23d)

I K .

iy 2 g P < Prvay W, (23e)
J . I )

ijl aj=1,Vi, 2<% ;< Ana, V), (23f)

K ; J

Zk:l ﬁjk Z 17 VJ) Zj:l /Bjk 2 17 Vka (23g)

(23h)

)

ainBjk € {071}7 Via.j7 k’ 9m € [07277]7 vma
p,'ijO, Vi,j,k, WJkEQ, Vj,k (23i
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IRS-Aided Multi-Cell NOMA Networks: Solution Design

CUB-based algorithm for
power allocation

Joint optimization of power,

reflection, and decoding order
(Non-linear and non-convex)

SCA-based algorithm for
reflection matrix

Original problem
(MINLP)

Matching theory for user association
and subchannel assignment —

GR-based algorithm for
decoding order
Many-to-one matching for
user association

(3D matching)

Many-to-many matching
for subchannel assignment

Fig.: A roadmap for problem decomposition and proposed algorithms.

[1] W. Ni, X. Liu, Y. Liu, H. Tian, and Y. Chen, "Resource allocation for multi-cell IRS-aided NOMA networks,”

IEEE Trans. Wireless Commun., major revision, https://arxiv.org/abs/2006.11811
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IRS-Aided Multi-Cell NOMA Networks: Numerical Results

o NOMA-IRS outperforms
OMA-IRS (one-time
—1 configuration).

T n @ The IRS-aided NOMA and

= o = NOMA with RS 2, =20

v | OMA networks are capable of
T e = enjoying higher energy efficiency
than the conventional NOMA

weesfpee OMA with IRS: .. =30
=-Ae= OMA without IRS

20

Energy efficiency (bit/Joule/Hz)
i
&

17F ‘.,.....0 -4 X
b 2t S and OMA schemes, respectively.
T 4

15

50 60 70 80 90 100 110 120 130 140 150

Number of reflecting elements, M

Fig.: Energy efficiency vs. M.
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IRS Deployment and Multiple Access

z — Possible IRS
"~ Deployment Regions

IRS

@ An IRS is deployed in a predefined region to assist the downlink
transmission from one single-antenna AP to K single-antenna users.

@ The locations of the AP, the IRS, and the kth user are denoted by
b = (xb, Yb, Hb)T, s = (Xs, Vs, HS)T, and ux = (xk, y, Hk)T, respectively.

[1] X. Mu, Y. Liu, L. Guo, J. Lin, R. Schober “Joint Deployment and Multiple Access Design for Intelligent
Reflecting Surface Assisted Networks”, IEEE Transactions on Wireless Communications, under review,

https://arxiv.org/abs/2005.11544.
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System Model for Deployment

@ For small scale fading, the AP-IRS link and the IRS-user links are
modeled as Rician fading channels.

@ For large scale fading, the path loss Ljrs « between the AP and user k via
the IRS is given by

Po__Po
LIRS,k = Ta gy ) (24)
dAlAI dIUI,li

which follows the product-distance path loss model.

@ The combined channel power gain of user k can be expressed as
2
o = Lirsx|ri'Og|” = |awv|?, (25)

which is determined by the IRS reflection coefficient and deployment
location.
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Multiple Access Schemes

@ NOMA (one-time): Let 1 (k) denote the decoding order of user k. The
achievable rate of user k in NOMA can be expressed as

|axv|’ px
RY = log, , (26)
|qu| Z (k) Pi + 02

@ FDMA (one-time): AP serves the users in orthogonal frequency bands
of equal size.

F_ 1 Jaxv|’pe
R = Klog2< + o2 . (27)

@ TDMA (Dynamic): AP serves the users in orthogonal time slots of equal
size. The IRS reflection coefficients can assume different values in each
time slot, namely, time-selectivity.

T 1 |Qka‘2Pma><
Rk = ?|Og2 <1 + T s (28)
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Optimization Problem

If NOMA is employed, the weighted sum rate (WSR) maximization problem is

formulated as follows

(NOMA) : max Zkak

{pPk}v;s

s.t. s € Q,
[Vm| = 1,Vm e M,
wu(k) e D,Vk e K,

vl > lalif (k) > 1),

0 < pu < pyif u(k)>n(),
K

Zk:l Pr < Prax,

@ wy is the non-negative rate weight for user k.
@ Q denotes possible IRS deployment regions.

@ D denotes all possible decoding order combinations.

(29a)

(29b)
(29¢)
(29d)
(29¢)
(29f)

(29¢)
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Proposed Solutions

@ Monotonic Optimization (MO)-based solution:

Power allocation an, -
o pilesiem gl Monotonic
Optimization

IRS reflection
coefficient design
Original
Problem \

@ Alternating Optimization (AO)-based solution:

Power allocation design

Performance
Upper Bound

Exhaustive

IRS deployment design Search

P Alternating .
Problem coefficient design o Silluiifem

IRS deployment design

[1] X. Mu, Y. Liu, L. Guo, J. Lin, R. Schober “Joint Deployment and Multiple Access Design for Intelligent
Reflecting Surface Assisted Networks”, IEEE Transactions on Wireless Communications, under review,
https://arxiv.org/abs/2005.11544.
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Numerical Results: Performance for NOMA, TDMA and

FDMA

WSR versus the number of IRS elements

@ The proposed suboptimal AO

b algorithms achieve near-optimal
performance, closely approaching
the proposed upper bound.

—6- MO-EX-NOMA —§- MO-EX-FDMA EX-TDMA
—¥— AO-NOMA —+— AO-FDMA AO-TDMA
=X RL-NOMA = = RL-FDMA RL-TDMA

@ Significant performance gain can
be achieved by optimizing the IRS
deployment location.

WSR (bit/s/Hz)
w
&

25k AT 1 @ NOMA (one-time) has the best

e rEEL performance, TDMA (Dynamic)

proposed optimal solution is in the middle, and FDMA

Yo 15 w0 2w s w0 4 % (one-time) achieves the worst
Number of IRS elements (M) performance.
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Numerical Results: Priority Deployment Strategy

Optimal IRS Deployment Locations of Different Transmission Schemes

@ For NOMA, it is preferable to

‘ Y NOMA XX FDMA TDMA

- - deploy the IRS in an asymmetric
* % | E * | manner to achieve distinct
4L wy=025025025025) w, =[0.1020304] | channel conditions for different

users.

@ The IRS deployment strategy for
Al | OMA is more symmetric across
all users than that for NOMA.

Userl User2 User3 User4|
Py Py

30 35 40 45
X(m)
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Signal Processing Advances for RIS-NOMA Networks: A

Machine Learning Approach

Raw Data Sets Proposed Unified Machine Learning Framework Applications

|
— |
Periodicall |
Features update |

Ipredicted
o e

input

\(TM Tube]

Fig.: Artificial intelligent algorithms for wireless communications.

[1] Y. Liu, S. Bi, Z. Shi, and L. Hanzo, “When Machine Learning Meets Big Data: A Wireless Communication
Perspective”, IEEE Vehicular Communication Magazine, vol. 15, no. 1, pp. 63-72, March 2020,
https://arxiv.org/abs/1901.08329.
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Discussions for Applying Machine Learning in Wireless

Communications

B Two most successful applications for ML
e Computer Vision and Natural Language Processing
B Why and what are the key differences?

o Dataset: CV and NLP are data oriented/driven and exist rich
dataset

o Well established mathematical models in wireless
communications

B Before Problem formulation

o Can this problem be solved by conventional optimization
approach?
o If yes, what is the key advantages of using machine learning?
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Machine Learning for Deployment and Beamforming of IRS

Networks

B Motivations for deployment design of the IRS

o User behavior/peculiarity is considered: the IRS have to be
periodically repositioned accordingly.

B Motivations for invoking machine learning (ML) in
NOMA-IRS enhanced networks

e Dynamic scenario with heterogenous QoS requirements and
heterogenous user mobility

e Mixed-integer, and non-convex optimization problem
o Long-term benefits

o Interactive with environment: Dynamic Configuration
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ML Enabled IRS Deployment with Heterogenous QoS

Requirements

Single RIS

@ MISO-NOMA downlink transmission, dynamic configuration for RIS.
@ Heterogenous QoS requirements: dynamically changing during different
time period.

[1] X. Liu, Y. Liu, Y. Chen, and V. Poor “RIS Enhanced Massive Non-orthogonal Multiple Access Networks:
Deployment and Passive Beamforming Design”, IEEE Journal of Selected Areas in Communications (JSAC),

accept to appear, https://arxiv.org/abs/2001.10363.
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ML Enabled IRS Deployment with Heterogenous QoS

Requirements

Long-term energy efficiency is defined as the ratio between the system
achievable sum mean-of-sight (MOS) and the sum energy dissipation
in Joule,

i [Qra(t) + Qb (t)]

Z 5 . (30)

The total amount of power consumption is given by

L
P =3 (Iwrall + I wisl®) + KPuy + Pes + NP, (31)
I=1

where Pyy denotes the hardware energy dissipated in the k-th MU
device, while Pgs and Pirs represent the total hardware energy dissipated

at the BS and the power dissipation at the IRS, respectively.
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Optimization Problem

The energy efficiency maximization problem is formulated as follows

n 2

oh2X T (32a)

st. Rii(t)> R (t),Vk, VI, Vi € {a, b}, (32b)

|¢n()] = 1,0, (32¢)

¢ €cQ,vI,Vm, (32d)

Rib—1,a(t) > Rip—1,6(t), mi(a) > mi(b), VI, (32¢)
L

> (Iwiall® + [1wis]*) < Prma, Vk, (32f)
I=1

° err;{n(t) denotes the time-variant heterogenous QoS requirements.

@ (32e) represents the dynamic decoding order constraint.
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LSTM-based ESN Algorithm for Predicting the Data

Traffic Density

Heterogenous QoS requirements prediction with the aid of neural
network

Input Layer Hidden Layer Output Layer

A recurrent neural network model based on the architecture of an
echo state networks (ESN) model using hidden neurons
long-short-term-memory (LSTM) units.
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Decaying Double Deep Q-network (D*QN) Based

Algorithm for Jointly Deploying and Designing the IRS

B D3QN model incorporate
farsighted system evolution
instead of just optimizing
current benefits.

B D3QN model can update
decision policies timely

e learn from the environment

e learn from the users

o learn from the historical
experience

sssss

LSTM-ESN
parameter

Kiowapy
oydoy
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Numerical Results
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@ The proposed D3QN algorithm
outperforms the DQN algorithm and
Q-learning algorithm due to the
advantage of invoking the double
Q-learning concept and decaying
e-greedy policy.
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@ The NOMA-assisted IRS
system is capable of obtaining
better performance in terms
of energy efficiency compared
to the OMA-assisted IRS
system.
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ML Enabled UAV-RIS-NOMA Network with Heterogenous

User Mobility

UAV at

trajectory
time 7 - >
f%* » i UAV at

User 2 at
time

User 1 at
time ¢, User 2 at

time £,

@ Obstacle avoidance for UAVs in dense urban area based on 3D radio map

@ Heterogenous user mobility: UAVs are moving according to NOMA
Users’ mobility, high-mobility user is paring with low-mobility users for
achieving district channel differences.

@ Tackle energy limitation of UAVs via virtual LoS links generated by RIS

[1] X. Liu, Y. Liu, and Y. Chen, “Machine Learning Empowered Trajectory and Passive Beamforming Design in

UAV-RIS Wireless Networks”, IEEE JSAC, major revision ,https://arxiv.org/pdf/2010.02749.pdf.
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Problem Formulation

T

Jmin o = ;E(t) (33a)

st Re(t) > RP™ Vk,Vt, (33b)

|¢n(t)| = 1avn7Vt7 (33C)

Xmin S XUAV(t) S Xmaxy Ymin S yUAV(t) S }/math, (33d)

Rib—1,a(t) > Rib—ib(t), m(a) > m(b), VI, (33e)
ot

tr (P(H H) ) < Proa, VK, VE, (33f)

@ (33b) denotes that the data demand of all mobile users has to be satisfied
at each timeslot.

@ (33b) formulates the altitude bound of UAVSs, which indicates that the
UAV can only move in this particular area.

@ (33e) represents the dynamic decoding order constraint.
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3D Radio Map of a dense urban area for UAVs

] Dj?: 1000
1% . w0 D TEm_ =
j’ i “ WD omg =0

wg =0OJH oo =
= om
| wp el W2E FE?
400 |} EE E-E [} ]
300
e Ty, ML= K

.l 800
600 100 =m0 =0 L= 1
Al

X 0 200 400 600 800 1000

1

| TS
400
o

We model the urban city environment as a set of buildings, where each
building is modeled as a set of cubes.

89 /101



Decaying Deep Q-network (D-DQN) Based Algorithm for

Trajectory and Passive Beamforming Design

Environment

mobilit Predicting
Phase shifl
Action ’—’ of RISs Q-Value
: . New state [—Statels,., cward Fier™
L 5 Deep neural network
RISs 7
& _[Fxperience Repla t
Experienc
User data i r— ———
demand G Training
[ Action |
Section

@ Maximizing the long-term discounted rewards.

@ Learning the optimal policy via Q-learning by updating Q-values
at each timeslot.

@ Combining conventional Q-learning with neural network for
approximating Q-table.

@ Striking a balance between the exploration and exploitation by
e-greedy exploration.
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Numerical Results

‘—%— Case for minimizing energy consumption (without RIS)
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@ With the aid of the IRS, th
® With the aid of the IRS, a higher th the aid of the €
) b hieved energy consumption of the UAV is
transrfut rate can be achieved at reduced. The IRS-NOMA case
each timeslot than the case of .
. outperforms the IRS-OMA case in
without IRS. .
terms of energy consumption.
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Other Recent Work for RIS

IRS-enhanced Indoor Robot Path Planning: A Radio Map
Approach

Federated learning in multi-RIS aided systems

Deep Reinforcement learning for user grouping/clustering of
RIS-NOMA

Machine learning for mobility prediction and joint beaforming
of RIS-MIMO-NOMA networks

RIS aided multiple access over fading channel
@ PLS for RIS-NOMA

RIS for Cooperative NOMA: Cooperative or NOT?
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Move to Indoor: IRS-enhanced Indoor Robot Path

Planning

Connected Robot

@ Integrate robots into cellular networks as
robotic users to be served by BSs or APs.

@ More cost-efficient and less
computation-constrained than automated
robots.

@ Signal blockage is the major bottleneck for
the application of connected robots.

IRS-enhanced robot systems
@ Deploying an IRS to assist the communication
between APs and connected robots.

[1] X. Mu, Y. Liu, L. Guo, J. Lin, R. Schober “Intelligent Reflecting Surface Enhanced Indoor Robot Path
Planning: A Radio Map based Approach”, IEEE Transactions on Wireless Communications, under review,,

https://arxiv.org/abs/2009.12804.
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System Model

Single-user scenario

@ One mobile robotic user
communicates with the AP using
a dedicated resource block.

Mobile
Robotic User

Multiple-user scenario

@ One mobile and one static robotic user

simultaneously communicates with the

g{obnlit User
Obstacles
P o Mobile
nia Locaton §~®" Robotic User

Objective: Minimize the time/distance of the mobile robotic user from an

initial to a final location, subject to constraints on the communication quality.
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Numerical Examples (multiple-user)

Achievable rate (bit/s/Hz)
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Fig.: Rate map of OMA Fig.: Rate map of NOMA Fig.: Travelling distance
with IRS. with IRS. versus the required rate
target rm.

@ Significant rate improvement can be achieved by NOMA over OMA.

@ The robot travelling distance can be reduced and the maximum rate
target can be significantly improved by deploying the IRS and employing
NOMA.
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IRS Enhanced Federated Learning

D, Local
Learning
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5()
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Global

Device K 1L Aggregation

IRS L

Fig.: An illustration of federated learning in multi-IRS aided system. The objective of
FL is to collaboratively train a global machine learning model at the BS while keeping
the training dataset processed in a distributed manner to preserve user privacy.

[1] W. Ni, Y. Liu, and H. Tian, "Intelligent reflecting surfaces enhanced federated learning,” in Proc. IEEE

GLOBECOM Workshops, accepted. 96 /101



RIS-aided NOMA: User Clustering and Long-term

Resource Allocation

Single antemna good users | @) * Incident ray
No reflecting link
for good users 8 e
y NOMA MIMO v Reflection ray
/4 Access point
Kantennas

8

No direct link for poor users

User pair K.
User pair | User pair 2 o g) feesspont

MA MISO transm

Mobile user

XS ssion Single antenna poor users

@ A RIS-aided NOMA downlink network.

@ O = diag (q) € CN*M represents the diagonal reflection coefficients
matrix of the RIS with q = [q1,--- , qn] and g, = 3,e/%".

[1] Z. Yang, Y. Liu, Y. Chen, J. T. Zhou “Deep Reinforcement learning for RIS-Aided Non-Orthogonal Multiple
Access Downlink Networks”, in Proc. IEEE Global Commun. Conf. (GLOBECOM), 2020
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Machine learning for RIS-MIMO-NOMA Networks

Interlligent Reflecting Surfaces(IRSs)

90

K passive elements Cluster 1

D,

Base Station(BS) Obstacles

Fig.: lllustration of the IRS-aided MISO-NOMA network.

[1] X. Gao, Y. Liu, X. Liu, and Z. Qin, "Resource allocation in IRSs aided MISO-NOMA networks: A Machine
Learning Approach,” in Proc. IEEE GLOBECOM, accepted to appear.
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IRS-Aided MISO-NOMA Networks: A Machine learning

Approach

@ Since the positions of all users are not determined, which
needs to be predicted at each timeslot. Thus, the
conventional non-convex optimization method cannot be
applied to handle this difficulty. We consider employing a
machine learning method to solve this problem. The main
flowchart is shown as follows.

- Fixed time
Conn.nu‘nus User’s position ————— Clustering
prediction Output

search
‘observe

Adjnstment@ﬂf IRS Maximum sum rate Decording order

observe l ] Feedback
power allocation limit

resource allocation

Fig.: lllustration of the IRS-aided MISO-NOMA "network. 00 101



Research Opportunities and challenges for RIS

BNA

(oI~

HEEBEN

Performance Analysis for joint RIS model
Performance evaluation for different angular direction

Accurate Closed-Form analytical results for RIS OMA/NOMA
systems

Stochastic geometry analysis for RIS networks
Interference mitigation for multi-cell RIS-NOMA networks.

Effective joint beamforming design for MIMO-NOMA-RIS
networks.

Security provisioning in NOMA-RIS networks
RIS and NOMA enabled application scenarios
Machine learning for RIS/IRS

Channel estimation for RIS/IRS
Grant/Semi-Grant Free NOMA for RIS networks
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Thank you!

Thank you!
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