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Spatial and power domains user multiplexing using linearly precoded rate splitting & SIC

Properties:
® Partially decode interference and partially treat interference as noise
® Bridge the extremes of NOMA and SDMA (more general and powerful)

Benefits:
® Special cases: SDMA, NOMA, OMA and multicasting
® — Improved Spectral and Energy Efficiency

Optimal DoF for perfect and imperfect CSIT

Robust against SDMA  OMA NOMA
® arbitrary user deployments

® CSIT inaccuracy
® network load @




More on RSMA LUJ oF Bramen

IEEE ComSoc Special Interest Group on RSMA:

https://sites.google.com /view/ieee-comsoc-wtc-sig-rsma

Upcoming tutorial:

e |[EEE ICC 2021 Tutorial on Rate Splitting Multiple Access for Beyond 5G: Principles,
Recent Advances, and Future Research Trends, Montreal, Canada

® Date: 14-18 June 2021
® Speakers: Prof. Bruno Clerckx, Dr. Yijie (Lina) Mao
® More info: https://icc2021.ieee-icc.org/program /tutorials#tut-03


https://sites.google.com/view/ieee-comsoc-wtc-sig-rsma
https://icc2021.ieee-icc.org/program/tutorials#tut-03
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® M transmit antennas and K single-antenna users: K = {1,..., K}

Message Splitting: W, 25 (W, x, Wy}

°
encode . encode
® Common stream: {W,1,..., Wk} — s, Private streams: W, — s,
® |linear Precoding: x = p.S. + p1s1 + ... + PxSk-
® Average power constraint: [|pc||? + > e [IPxl|? < P
Y1 7
¢ User-1
X1 :
2 g i’ﬂ‘g N Vi Decode | W . All users decode s, first,
) = 5 3 < SIC  [Encode, | before decoding sy, (for user k)
X @ 8 g Mo ;;_Channel« Precode Wi
% gD Sls, | 8 - channel
B 2 == .QE’ ' Rate of user-k has been split:
5 § e User-k
%) W i x% : rate of s + part of the rate of s,
Transmitter ) y Wi
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User Rate

> rex Uk (Cr 4 1og(1 4+ 1)) < w=0,P.=1: Weighted Sum Rate
max
propes i ([pell? + Ypex I1Pxl?) + Fe

pC)C171277p
: ‘thPCP
st. Y. < min
Tk {Zjelc|thpj|2+1
[P pi|?
o,k < I7i B
> jerc\k by 2 +1
<
Zk’elc Crr <log(1+ )
Vk : C), > max {0, Rih —log(1+ ’Yp,k)}

Ipel? + 3", ol < P

ur = 1: Energy Efficiency

Tx Power Constraint



University
Problem Statement LUJ of Bremen

User Rate
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User Rate
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Problem Types:
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Problem Types:

max 2kek Uk (Cr + log(1 + vpk)) Unicast Beamforming
;?Cl,’c';k’yf,{(y; iz (HPcH2 + D ke Hpk||2) + P Multicast Beamforming
) hH 2
s.t. 7. < min > | |;256|‘|2+1 NP-hard:
jek 1M Pj Sum Rate Power Allocation [1]
|Rfpy|? Multicast Beamforming [2]
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[1] Z.-Q. Luo and S. Zhang, “Dynamic spectrum management: Complexity and duality,” IEEE JSAC, Feb. 2008.
[2] N. D. Sidiropoulos, T. N. Davidson, and Z.-Q. Luo, “Transmit beamforming for physical-layer multicasting,” IEEE TSP, June 2006.
[3] M. Bengtsson and B. Ottersten, “Optimal downlink beamforming using semidefinite optimization,” in Proc. Allerton, 1999.
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Problem Types:
Unicast Beamforming
Multicast Beamforming

NP-hard:
Sum Rate Power Allocation [1]
Multicast Beamforming [2]

Observation:
Optimal Beamformers are
rotationally invariant [3]: p} = pfe/®

[1] Z.-Q. Luo and S. Zhang, “Dynamic spectrum management: Complexity and duality,” IEEE JSAC, Feb. 2008.
[2] N. D. Sidiropoulos, T. N. Davidson, and Z.-Q. Luo, “Transmit beamforming for physical-layer multicasting,” IEEE TSP, June 2006.

[3] M. Bengtsson and B. Ottersten,

“Optimal downlink beamforming using semidefinite optimization,”

in Proc. Allerton, 1999.
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Global ’ nonconcave function ‘

® Multiextremal problem
Local ® Goal: Global maximum
Local | o

‘ Polynomial time methods:
X Find local maximum at most

/ | \

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values

Branch-and-Bound type algorithm
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
W) )
@ @ @7&

/
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M University
GlObal SOlUtlon @ of Bremen

Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:

® Partition feasible set systematically

® On each partition element: Compute upper and lower bound on feasible objective values

® Successively refine partition

® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0

. S %\
Iteration ki g\@ ;%@ %“&

| |

! ! ——

Feasible Objective Values Infeasible Objective Values

/
[ ]

Branch-and-Bound type algorithm

+
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0

P *
Iteration ko > k1 \@\f\;&@\
| |

/
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Branch-and-Bound type algorithm
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
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Branch-and-Bound type algorithm
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
AN A\ ) .
%Q? WC\X $<? %6&

1

\
R

/
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Branch-and-Bound type algorithm

Iteration k1
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
. /\4‘7\ %\
Iteration k2 ;\@ x\r& %&@*
I 1

N Not done yet!

/
[ ]

Branch-and-Bound type algorithm
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Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Local |

‘ Polynomial time methods:
X Find local maximum at most

/

® Branch-and-Bound principle:
® Partition feasible set systematically
® On each partition element: Compute upper and lower bound on feasible objective values
® Successively refine partition
® |f convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
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Local

X.

Global ’ nonconcave function ‘

Multiextremal problem

Local Goal: Global maximum

Polynomial time methods:
Find local maximum at most

/

/
[ ]

Branch-and-Bound type algorithm

® Branch-and-Bound principle:

Partition feasible set systematically
On each partition element: Compute upper and lower bound on feasible objective values
Successively refine partition
If convergence criteria met: Upper — Lower — 0 as size(partition elements) — 0
WY
Iteration k3 ® ¥
W B
| |

Overlap = &" is n-optimal

Finite Procedure (i.e., an algorithm) only if convergence provably after < oo iterations
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b pi|?
Yok < H,o |2
2jercnk Py pil* 41
H._ 2 H. 2
& |hy prl va,k<g jeK\k\hkPﬂ +1)

® Exploit rotational invariance: Fix thpk as nonnegative real [1]
® New constraints: ®{hfp,} >0 and S{hfp,} =0

® Challenging constraint:

[1] M. Bengtsson and B. Ottersten, “Optimal downlink beamforming using semidefinite optimization,” in Proc. Allerton, 1999.
[2] E. Bjornson and E. A. Jorswieck, “Optimal Resource Allocation in Coordinated Multi-Cell Systems,” FnT Commun. Inf. Theory, Now, 2013.



N M University
Unicast Beamforming LUJ of Eromion

b pi|?
Yok < H,o |2
2jercnk Py pil* 41
H._ 2 H. 2
& |hy prl va,k<g jeK\k\hkPﬂ +1)

® Exploit rotational invariance: Fix thpk as nonnegative real [1]
® New constraints: ®{hfp,} >0 and S{hfp,} =0

® Second order cone constraint: hi py > \/%vk(z

® Challenging constraint:

H,, |2
jGIC\k|hk Pil +1)

[1] M. Bengtsson and B. Ottersten, “Optimal downlink beamforming using semidefinite optimization,” in Proc. Allerton, 1999.
[2] E. Bjornson and E. A. Jorswieck, “Optimal Resource Allocation in Coordinated Multi-Cell Systems,” FnT Commun. Inf. Theory, Now, 2013.
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bt pr|?

® Challenging constraint: Yok <
ik b2+ 1
H, |2 H,_ |2
> .
s b prl? > <Zj€,c\k Ihi'p;[? + 1)
® Exploit rotational invariance: Fix thpk as nonnegative real [1]
® New constraints: ®{hfp,} >0 and S{hfp,} =0
. v pH S ( Hop (2 )
Second order cone constraint: hj’ p; > \/yp,k ZjGK\k |hy pj|? +1
[

Convex for fixed 7,

® Nonconvexity of unicast beamforming: only in SINR ,

[1] M. Bengtsson and B. Ottersten, “Optimal downlink beamforming using semidefinite optimization,” in Proc. Allerton, 1999.
[2] E. Bjornson and E. A. Jorswieck, “Optimal Resource Allocation in Coordinated Multi-Cell Systems,” FnT Commun. Inf. Theory, Now, 2013.
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bt pr|?

® Challenging constraint: Yok <
ik b2+ 1
H, |2 H,_ |2
> .
= |hk pr|” > Vp.k <Zj€lC\k ‘h’k pj‘ + 1)
® Exploit rotational invariance: Fix thpk as nonnegative real [1]
® New constraints: ®{hfp,} >0 and S{hfp,} =0
. v pH S ( Hop (2 )
Second order cone constraint: hj’ p; > \/yp,k ZjGK\k |hy pj|? +1
[

Convex for fixed 7,

® Nonconvexity of unicast beamforming: only in SINR ,

Branch-and-Bound over v, ;. [2]

Reduces nonconvex dimension from 2N to 1

[1] M. Bengtsson and B. Ottersten, “Optimal downlink beamforming using semidefinite optimization,” in Proc. Allerton, 1999.
[2] E. Bjornson and E. A. Jorswieck, “Optimal Resource Allocation in Coordinated Multi-Cell Systems,” FnT Commun. Inf. Theory, Now, 2013.
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® Challenging constraint: Ve < mk@n{

R p.|? }

Ejelc‘thij_‘_l
H 2 H 2
& Vk: |hip)? > . (Zje,clhkpjl +1)

® Rotational invariance helps only with one expression (do it for & = 1)

® k> 1: Argument Cuts [1]
® Idea [1]: Branch-and-Bound over argument of hi’p.

Z(hfipe)

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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® Challenging constraint: e < min ’thpc‘Q
Tk | ZjechipiP 1

H, |2 H,_ |2
& ke 20 (Y Inlpi 4 1)
® Rotational invariance helps only with one expression (do it for & = 1)

feasible

® k> 1: Argument Cuts [1]
® Idea [1]: Branch-and-Bound over argument of hi’p.

infeasible

Z(hfipe)

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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® Challenging constraint: e < min ’thpc‘Q
Tk | ZjechipiP 1

H, |2 H,_ |2
& ke 20 (Y Inlpi 4 1)
® Rotational invariance helps only with one expression (do it for & = 1)

cut

® k> 1: Argument Cuts [1]
e Idea [1]: Branch-and-Bound over argument of hi’p.

Z(hfipe)

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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® Challenging constraint: e < min ’thpc‘Q
Tk | ZjechipiP 1

H, |2 H,_ |2
& ke 20 (Y Inlpi 4 1)
® Rotational invariance helps only with one expression (do it for & = 1)

relaxed cut

® k> 1: Argument Cuts [1]
e Idea [1]: Branch-and-Bound over argument of hi’p.

® Relax to convex envelope (linear)

Z(hfipe)

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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® Challenging constraint: e < min ’thpc‘Q
Tk | ZjechipiP 1

& Vk: | hp) > . (ZJGK |hilp;|” + 1)

® Rotational invariance helps only with one expression (do it for & = 1)

relaxed cut

k> 1: Argument Cuts [1]

Idea [1]: Branch-and-Bound over argument of h//p,

Relax to convex envelope (linear)

Consistent bounding (important for convergence)

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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k Ejelc‘thpj‘z"‘l
& Vk: | hp) > . (ZJGK |hilp;|” + 1)

® Rotational invariance helps only with one expression (do it for & = 1)

hH 2
® Challenging constraint: Ve < min{ [P Pl }

relaxed cut

® k> 1: Argument Cuts [1]
e Idea [1]: Branch-and-Bound over argument of hi’p.
® Relax to convex envelope (linear)

e Consistent bounding (important for convergence)

® Result: BB procedure over (v, ve, [Z(hE py)]x=1) with SOC bounding problem

[1] C. Lu and Y.-F. Liu, “An efficient global algorithm for single-group multicast beamforming,” IEEE TSP, July 2017.
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e Complexity (= nonconvexity) is in feasible set — Convergence issues in BB procedures

State-of-the-Art (unicast beamforming):

® Direct implementation of SOC bounding problem
® Difficult feasible point acquisition — infinite procedure
® Numerical issues in bounding problem (tiny feasible set)
® Direct implementation with modified SOC bounding problem
® Fixes numerical issues
® Even harder feasible point acquisition leads to slower (or no) convergence
® Line search feasible point acquisition
Direct implementation
Line search to obtain feasible point in every iteration
Adds several SOCP for each partition element

L]
]
L]
® |ncreased computational complexity but finite convergence
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e Complexity (= nonconvexity) is in feasible set — Convergence issues in BB procedures

State-of-the-Art (unicast beamforming):
® Direct implementation of SOC bounding problem
® Difficult feasible point acquisition — infinite procedure
® Numerical issues in bounding problem (tiny feasible set)
® Direct implementation with modified SOC bounding problem

® Fixes numerical issues
® Even harder feasible point acquisition leads to slower (or no) convergence

® Line search feasible point acquisition

Direct implementation

Line search to obtain feasible point in every iteration
Adds several SOCP for each partition element

Increased computational complexity but finite convergence

Successive Incumbent Transcending Scheme:
® Modified BB procedure: numerically stable & guaranteed finite convergence
® Details: Paper & ICASSP Tutorial T-3
Efficient Global Optimization and its Application to Wireless Interference Networks
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Visit our Tutorials for in-depth treatment of
® Global Optimization: ICASSP & ICC 2021
Matthiesen & Jorswieck: Efficient Global Optimization and its Application to Wireless Interference Netw.
e Rate Splitting Multiple Access: ICC 2021
Clerckx & Mao: RSMA for Beyond 5G: Principles, Recent Advances, and Future Research Trends

Join us at the Poster!
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