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Some figures, industry trends, and the data explosion

Today,
@ 66 % sleep with smart phone (USA)

@ 84 % choose Internet over partner or car (Germany)
@ 67 % would cut anything but mobile broadband (UK)

By 2017, there will be!

@ 13 x more mobile data traffic than in 2012
@ 10,000, 000,000 connected devices

@ 2/3 of the total traffic generated by mobile video streaming and communications

Source: Cisco, Yankee
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Challenges for the next years

How can we

@ provide the necessary area spectral efficiency?

> Without new spectral resources (< 6 GHz) or technological breakthroughs.

@ avoid that the backhaul becomes the bottleneck?

> While increasing the flexibility and cost of access point deployment.

o keep the energy consumption in the infrastructure and the terminals low?

> Mobility is not anymore limited by coverage but rather by the battery duration.
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Possible solutions

Today, network densification is the only answer to the capacity crunch:
@ Small cells: Network capacity scales linearly with the cell density.

o Massive MIMO: Interference can be almost entirely eliminated.

Fortunately, both technologies can also significantly reduce the radiated power.
Increasing capacity while simultaneously reducing the energy consumption is possible!
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Outline

© Massive MIMO

Benefits

@ Favorable propagation conditions

@ Channel estimation and pilot contamination
o

°

Hardware impairments
Research topics

e Massive MIMO and HetNets
@ Small cells, a two-tier network architecture, and the role of TDD
@ An idea from cognitive radio
@ Translate this idea to HetNets

© Massive MIMO for wireless backhaul
@ Motivation and advantages
@ Power and “antenna” minimization problem
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The benefits of MIMO
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o Spatial multiplexing: C ~ min(Nx, Ni) log,(SNR) as SNR — oo
o Diversity: Poys ~ SNR™Noxex

o N-fold receive and W—fold transmit beamforming gain

@ Spatial division multiplexing (SDMA) or Multi-user (MU) MIMO
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Scaling things up

Source: www.fotopedia.com/users/zIXpkbZmHZw

Massive MIMO is nothing new; but it takes MIMO to an entirely new level:

A base station (BS) with hundreds or even thousands of antennas simultaneously serves
tens of user equipments (UEs) on the same time-frequency resource.
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Massive MIMO: Uplink benefits

N antennas

UE 1 UE 2

‘y=h1X1+thz+n‘

Assumptions

@ hy,hy € C"*" have i.i.d. entries with zero mean and unit variance
@ hy, hy perfectly known at the base station (BS)

o E [|x1|2] =F [|X2|2] = SNR

o n~CN(0,ly)
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Massive MIMO: Uplink benefits

The BS applies a simple matched filter to detect the symbol of UE 1:

1 1 1< 1<
H,  _ 12 * . *
*Nh1y = Xl*N ;:1 | h1i +X2*N ;:1 hyihai + N ;:1 hiini

useful signal interference noise

By the strong law of large numbers:

N
%Z hiihai ﬁ) E[hi1h21] = 0 (interference vanishes)
i=1
1
N Z hiin; ﬁ) E[hjym] =0 (noise vanishes)
i=1

Thus,

1 as. L
Nthy —>N x1E [|h11|2] =x1 (SNR can be made arbitrarily small)
— 00
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How fast can the SNR be scaled down with N?
The received SINR of UE 1 can be written as:

Lht'h
SINR}'" = Vo
RN LN T
N | TTha] NSNR
. 1 n
Average signal power: E {Nhl hl} =1
R Y
. . 1 jhth b 1
Average interference power: E N | Tl ] N
Average noise power: L
' NSNR

The SNR can be made inversely proportional to N without performance loss
Remark

The matched filter is optimal:
Q for any N, if SNR — 0,
@ for any SNR, if N — oco.
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Is the matched filter really optimal?

Rate (bits/channel use)

&)
U

0 200 400 600 800 1000
Number of antennas N

With a MMSE detector the following ergodic rate for UE 1 is achievable

-1
RMMSE _ g |:Iog2 <1 +ht! (h2h2 + SITRIN) h1>]

How much do we gain over the matched filter RMF = E [log,(1 + SlNRMF)]
For SNR = £ one can show that limy_ e RM" = limy_ 0o RMMSE = log,(1 + P).
@ For SNR = P we have limy_ oo RMMSE RMF > 0.

The MF can be far from optimal [1], but can be implemented in a distributed manner. )
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Massive MIMO: Downlink benefits

N antennas

i i

UE 1 UE 2

All of the previous conclusions hold similarly for the downlink [2]:
@ Noise and interference vanish as N — oco.
@ The transmit power per UE can be scaled down as 1/N without performance loss.
@ Maximum ratio transmission (MRT) is optimal if the power is scaled down.

@ However, regularized zero-forcing can achieve the same performance with a
significantly reduced number of antennas [1].
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On favorable propagation conditions

Whenever %h?hg — 0 as N — oo, we speak about favorable propagation conditions [3].

Definition
To measure the “orthogonality " between two N-dimensional channel vectors, we define
the average correlation factor as

H 2
ovn=E |:‘hlh2‘:| S [0, 1]

[CARCE

How does dy behave

for i.i.d. fading channels?
when there are line-of-sight components?
with antenna correlation?

channels obtained from ray-tracing?

for measured channels?

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 16 / 96



Channel orthogonality for the i.i.d. model

N .. .
Let hy,h, € C “! have i.i.d. elements with zero mean, then

2
it _p [ [ht'h,
(b | [z

1

N

Is this the best we can hope for?
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Channel orthogonality for LOS links

L d;
hi= a e N e(yi)
d, B N N> N——
attenuation phase offset array response vector
3 UE 1
@
(pz) @ ) is the wavelength
d @ uniform linear array:
2 T
B e (90) — |:17 efi7r ccys(«p)7 e efi(Nfl)ﬂ- cos(<p):|
UE 2

One can show that (e.g., [4, (7.35)])
2

1
=0 (W>7 Vi1 # pa.

LOS
5,\] ==

sin (N5 [cos(2) — cos(s1)]) ’
N'sin (5 [cos(p2) — cos(¢1)])

Remark

For sufficiently large angular separation, the correlation factor decays much faster than
for i.i.d. channels. Thus, LOS can be desirable for massive MIMO.
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Channel orthogonality with antenna correlation
Let

1 1
h1:R12W1, h2=R22W2

@ wi,w; have i.i.d. elements, distributed as CA/(0,1)

NxN . .. . _
o Ri,R; € C"*" are deterministic Hermitian nonnegative-definite

One can show that

5cor ~ tr Rl R2
N tr R1tr R»
Examples:

o R; = Ry, = UU", where U € C"*" has orthonormal columns. Then, )il

o Let Ri, Ry such that tr RiR2 = 0. Then, 65" = 0 < 64,

Remark

=1>0y.

iid

Antenna correlation can either increase or decrease the channel orthogonality. This can

be, for example exploited by smart user scheduling algorithms.
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Two useful results of random matrix theory
Lemma ([5, Lemma B.26], [6, Lemma 14.2])

Let Ac C"" and x = [xi...xn]" € C" be a random vector of i.i.d. entries,
independent of A. Assume E [x] =0, E [|xi|*] = 1, E [|x|?] < oo, and
limsupy||Al| < oo, almost surely. Then,

1 4 1 a.s.
NX Ax — NtrA mo

Lemma ([6, Lemma 3.7])

Let y be another independent random vector with the same distribution as x. Then,

1 H a.s.
Micka el

Remark

For A = ly, these results are simple consequences of the strong law of large numbers:

N N
1w 1 2 as 2] _ 1y 1 «  as o q
NX |NX—N;|X;|—,V:;0—>E|:|X;| ] =1, Nx INy—N;x,-y;mE[x,yi]—O.

v
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A simple correlation model

° “One-ring” model (see, e.g., [7]): elevated BS, UE surrounded by local scatterers
[Ré]kj = I¢E+A i —j)sin(a)da7 1 < k7j7 < N

pr—A

It was recently shown [8] that tr RiRy 2= 0 if
o1 — A, o1+ Al N [p2 — A, 2 + A] = 0.

It also holds that rank (R;) ~ N |cos (¢¢)sin (A)|, A ~ tan~'(r/d)
Example: ¢, =0°, r =50m, d = 250m = rank (R;) ~ ¥.
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Channel orthogonality: Ray tracing and measurements

Ray tracing:

@ Channel impulse responses created by ray
tracing (WISE Tool [9])

o Very detailed 3D model of the ALU campus

@ Average correlation factor computed over
random position-pairs

Channel measurements:

a

m

Soe000000 @ Channel impulse responses taken from a
....0'. 10 .
] s measurement campaign on the ALU campus [10]

o Virtual antenna array with up to 112 antennas
| P ' ... @ Average correlation factor computed over
02 %5 . .
........02'5° random pairs of measurement positions
ssse b

16
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Channel orthogonality: Theory versus reality
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Impact on achievable rates
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Achievable rates with different precoding schemes for a broadcast channel with K = 8
UEs over i.i.d. and measured channels for N =10 (l.) and N = 112 (r.) BS-antennas.

@ 4dB performance loss for the measured channels (MMSE precoding, N = 112)
@ MRT (or beamforming (BF)) highly suboptimal for large N and SNR
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Lessons learned |

o

(2]

With very large antenna arrays, noise and interference vanish and the SNR can be
made inversely proportional to the number of antennas N without performance loss.
This holds for the uplink and downlink.

The above conclusions hold with perfect CSI at the BS and under favorable
propagation characteristics, i.e., the channel vectors between to different UEs
become orthogonal as N grows.

The channel orthogonality factors scales as 1/N for the i.i.d. model and as 1/N? for
pure LOS links.

Antenna correlation can have positive or negative effects depending on how UEs are
scheduled. For a the one-ring model, the larger the angular separation between two
UEs, the more orthogonal the subspaces spanned by the correlation matrices.

Ray tracing and channel measurements show that we can expect favorable
propagation conditions in practice. However, the orthogonality scaling is slower than
predicted by theory.

What happens if the channel must be estimated?
What is the impact of hardware imperfections? J

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 25/ 96
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Channel estimation and the role of TDD

@ Channel knowledge at the BS is a must for precoding/beamforming and coherent
detection.
@ The channel coherence time fundamentally limits the number of BS-antennas
and/or UEs:
> FDD: Downlink training + feedback as well as uplink training necessary

—Pilot overhead proportional to the number of antennas
(unless certain channel conditions hold [8])

> TDD: Only uplink training needed

—Pilot overhead proportional to the number of UEs
—We can add antennas at the BSs for “free” [11]

Remark

TDD relies on reciprocity of the uplink and downlink channels. While reciprocity holds
without doubt for the physical propagation channel, it does not without calibration for
the transceiver RF chains. However, end-to-end reciprocity can be established by
different internal and external calibration mechanisms, as has been demonstrated in
practice (see, e.g., [12]).

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 27 / 96



Uplink channel training

N antennas

T
h; hy
| pilots | data
<T>

UE 1 UE 2

@ The UEs transmit mutually orthogonal pilot sequences ¢; € C™* of length 7:

T
Y = (hlhz) (Z-lr) + N
2

where Y,N € C"*" and vec(N) ~ CN(0, Iy,).

@ The BS correlates Y with Hg-iHQ:

where fi; ~ CN(O0, ||o:]| In).

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13
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Uplink channel training (cont.)

Let hy, h be independent and denote R; = E [hih}'] for i =1,2.

@ The BS calculates the linear MMSE estimate of h; based on Y ¢

i i i 2 N 2

@ We can now decompose

h; = h; + h;
where E [ﬁ,ﬁ,ﬂ — R (R,— n WIN)7 R 2 ® and E [ﬁ,ﬁ,ﬂ B —
@ Due to the orthogonality principle of the MMSE estimator, E [ﬁ,“ﬁ,} =0.If
h; ~ CN'(0,R;), then h; ~ CN(0,®;) and h; ~ CN(0,R; — ®)).

Assumptions for asymptotic considerations (as N — 00):
@ trR; = ¢;N for some 0 < ¢; < 1 (linear energy growth)
o liminfy §rank(R;) > 0 (infinite degrees of freedom)

o limsupy||Ri|]| < oo (finite energy per degree of freedom)

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13
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Achievable rates with imperfect CSI

@ During T — 7 channel uses, the UEs transmit their data:
y(t) = Z hixi(t) + n(t) = Z ( b ) xi(t) + n(t)
i=1
o The BS estimates x;(t) after the projection of y(t) on h;. An achievable rate for
UE 1 is given as [13]
(LA
ﬁi‘ (hzh;I +E [ﬁll"‘lmﬁl] + SNRIN) ﬁl

Rlz(l—;)E log [ 1+

@ For large N, we can find the following approximation:

Lird,)?
Rlz(1—;)|og 14 (qtr ®1)
;R @, (R ()
Ntr 2+Ntl' 1(R1 — l)+NSNRNtr 1
N——
interference imperfect CSI noise

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13
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How does imperfect CSI affect the power scaling?

o Let Ri = Ry = Iy.

@ Then, one can show that:

1

L S L N
N 612N SNR/ " NSNR
~—~ ——

interference

Rlz(l—;)log 14

imperfect CSI noise

o Let ||¢1]> ~ N2, SNR~ N~*
@ Only if a+ b <1, we have liminfy Ry > 0.

Remark

With imperfect CSl, the rate at which the transmit power can we reduced with the
number of antennas is smaller than for the case of perfect CSI. For equal pilot and data
power, i.e., a=b = %, the power can be made only proportional to 1/\/N in contrast to
1/N for perfect CSI.
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Pilot contamination

@ The number of orthogonal pilot sequences is limited by the channel coherence time.
Thus, the pilot sequences must be reused in neighboring cells.
@ Assume that both UEs transmit the same pilot sequence ¢, € c™

¢T
Y = (hihy) ( )+N
&1
The BS correlates Y with b

CXES
Y ”(‘;’1”2 — i+ ho 4 iy
1

...and calculates the linear MMSE estimate

-1

- o1

h; = R; (R1+R2+ N> Y——
AR ll#4l1?

s,

o E [h“lﬁg'] 2 ¢, =R, (R1 TR+ WIN) "Ry and E [ﬁlﬁ;'] —R;— &,

Remark

The channel estimate h; is correlated with hy. This effect is called pilot contamination. J
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Achievable rate with pilot contamination
@ Similar to the case without pilot contamination, an achievable rate is given by

_r (LY
Rim (1= 7)E [log Y (h2h§+E[ﬁjﬁ§']+sNﬂa'N) hs

N large
W ze (1— ;) log (1 + 1)

where

1 2
y = (Ntrd)l)
LI R; + L SHRS+1t¢(R o)+ ! 1t¢+ L, SR ’
—tr —_— —tr - —tr —tr
Tz 1 o2 1R2S1+ 1 tr @ (Ry U+ enr v ety SR
interference imperfect CSI noise pilot cont.
e As N — oo,
1 2
. . yir®: Ry=Rp=I
lim~y; = lim ( ) 2(1 Ro=Iv) 4
N N L -1
LerRy (Ri+ R+ iplv) R
Remark
As N — oo, pilot contamination can become a limiting factor. J
IMSS'13 33 /96
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When does pilot contamination become dominating?
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r (dBm
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0

Powers of different parts of the received signal at the BS for R; = d,-_3'6IN with
di = 200m, d» = 500m, and ||¢||> = SNR = 121 dB.
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What can we do against pilot contamination?

o Correlation helps [14]: Let R; = U;D;U! and R, = U,D,UY such that
UYU> = Oy. Then, Ry — oo as N grows. Idea: Assign pilot sequences based on
second-order channel statistics in order to reduce pilot contamination.

o Blind or EVD-based channel estimation [15, 16]: Let R; = Sily for i = 1,2 and
assume B1 > B2. The BS observes the data transmissions during T time slots:

Xl(l) e X1(T)

Y = (h:h N

(hihe) (XZ(1) oe(m)) T

where x;(t), Vi, t, are i.i.d with zero mean and unit variance and N;; ~ CN(0,1).

Let Y = [u1...uy]DV". Then, as T,N — 0o, N/T — c and 1 > /<,

uth, —2>—0

1 1
N TR RE s b/
Thus, the BS can detect xi(t) either blindly based on u!'Y or estimate the effective
channel ul'h; from pilots without pilot contamination.

W2 22
N, T—o0

o Other techniques: Pilot contamination precoding (multi-cell precoding based on
channel statistics and user data sharing) [17], Time-shifted pilots (UEs in different
cells transmit the pilots at different times) [18], many more...

Pilot contamination is not a fundamental limitation and can be efficiently mitigated! )
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What about FDD?

@ Channel estimation for the uplink is essentially the same as for TDD.

o Estimating the downlink channel at the BS requires downlink training and feedback
from the UEs which is proportional to N.

@ Antenna correlation can be exploited to reduce this overhead!

@ Let the received signal at a UE be
y= h'wx + n

where w € C""" is a precoding vector, h ~ CN(0,R), rank(R) = L, with SVD
R=UDU" and U € C"*".

@ Assuming that R is known, the BS can apply an “outer”-precoder U which reduces
the N-dimensional channel h to the L-dimensional effective channel U"h, i.e.,
w=Uw, w e C"". The UE only estimates and feeds back the coefficients of the
effective channel. This overhead is proportional to L.

@ This idea can be extended to multiple UEs [8]: Group users with similar covariance
matrices together, use MU-MIMO on the effective channel to separate the UEs of a
group, simultaneously schedule groups with almost orthogonal covariance matrices.
The number of UEs per group is limited by the rank of the covariance matrix .
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Joint Space-Division and Multiplexing (JSDM)

An idea from [8]: UEs in different circles of the same color have covariance matrices
which span (nearly) orthogonal sub-spaces. They are simultaneously served by a
combination of a deterministic pre-beamforming matrix and MU-MIMO schemes based
on the reduced-dimensional effective channel. The BS is elevated from the ground and
has a 2-dimensional array which makes it possible to separate UE-clusters in the azimuth
and elevation angular domain.

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 37 /96
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Hardware impairments

o Any transceiver suffers from hardware impairments which

> create a mismatch between the intended and emitted signal
> distort the received signal

@ The distortions depend in general on the transmitted or received power.

@ Sources of impairments are:
> oscillator phase noise
> amplifier non-linearity (especially for OFDM with high PAPR)
> 1Q imbalance due to imperfections in the quadrature mixer
> quantization noise
@ Hardware impairments are known to limit the performance in the high-SNR regime

but much less is known for the large-N regime [19].

@ For massive MIMO cheap, low-power, and low-cost transceivers are desirable.

What are the impacts of hardware imperfections?
Can the hardware quality be reduced by increasing N7 J

All of the results in this part are taken from [20, 21] .
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Uplink system and channel model

Uplink Downlink

Pilot & | Uplink Data Pilot & Downlink Data
Control | Transmission Control Transmission
Signals Signals

Tiiien Tiata Tiiion T

data

Coherence Period T..oper

Base station

User equipment

Uplink : yBS =h (xUE + ntUE) + ans +nBS

where E UXUEH = p"F, n®> ~ CN(0,S), and h ~ CN(0,R).
Additive distortion

t P

o UE transmit distortion: 1y ~ CA (0, x¢"p"F)
o BS receive distortion: 92> ~ CN(0, k2°p Ediag(|hi|?, .. ., |An|?))

The parameters xF and xE° are usually in the range [0,0.03]. The smaller these values,
the more accurate and expensive is the corresponding transceiver hardware component.
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Channel estimation with hardware imperfections
@ The BSs computes the linear MMSE estimate of h based on a single uplink pilot
UE _ 2 _UE .
xt=d [d=p~: .
h= d*RZ—lyBS

where Rji is the ith diagonal element of R and
Z=E[y*(y*)"] = p" (14 #") R+ p"" diag(Rus, ..., Run) +S.
@ We can decompose the channel as h = h + b, where
E [hh"] =R -C
E [RR"] = c
C=R-p"RZ7'R.

Remarks

@ Due to the distortion noise, the MMSE estimator is very complicated to derive and
not identical to the LMMSE estimator.

o h and h are neither independent nor jointly complex Gaussian, but only uncorrelated
with zero mean.
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Channel estimation with hardware imperfections: Insights

Impact of pilot power

For R=S = Iy, we have

1 1
C=1(1- Iy, Im C=(1——-+—+———=)Ipn.
( 1+nltJE—|—/€rBs+pllJE> " pUE 00 < 1+N?E+mBS> N

Thus, even with infinite pilot power, perfect estimation accuracy cannot be achieved and
the performance is limited by the sum of the hardware impairments at the UE and BS.

Impact of pilot length

If the UE sends B pilot tones, the estimation accuracy can be improved by averaging B
separate LMMSE estimates

ua\
Ua\

=gk g

If the errors h; are uncorrelated, they average out as B increases. However, the distortion
might be correlated and increasing B decreases the time for data transmission.

v
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Channel estimation with hardware imperfections: Numerical results

B KYE =kBS =015?

Va) o oY g

KYE =kB> =012
2| KYE =kBS =0.05?

kYE=kB5> =0

Relative Estimation Error per Antenna
>

—©&— LMMSE Estimator
Error Floors

0 5 10 15 20 25 30 35 40
Average SNR [dB]

10

Relative estimation error g—g for N =50 over SNR = pUEg—:. The matrix R is generated

by the exponential model [22] with correlation coefficient p = 0.7 and S = ly.
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Channel estimation with hardware imperfections: Numerical results

Relative Estimation Error per Antenna

Relative estimation error
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Channel estimation with hardware imperfections: Numerical results

10
g
§ e
= A
< | 4|V~
5 10 N T T e -
a N~ o -
<2 e
]
5 Case 1: Uncorrelated
k- T RERRERY Case 2: Exp.Mod., » = 0.7
% T Case 3: One-Ring, 20 deg
8 10~ - . _Ri |
o 10 Case 4: One-Ring, 10 deg 30dB
2 <
© AN
[} N~=. -
o S-S -l ‘__‘_)‘_‘ - _—T"ZJ
10° ‘ ‘
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Number of Base Station Antennas (V)
Relative estimation error g—g over N for kY& = k8% = 0.052.
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Channel estimation with hardware imperfections: Discussion

o Perfect channel estimation with hardware imperfections is impossible.

@ The estimation accuracy is fundamentally limited by

> Distortions for high SNR
> Coherence time and correlation of distortion noise for long pilot sequences

o Hardware qualities of the UE and the BS are equally important.

@ The channel model largely impacts the estimation accuracy:
Correlated channels are easier to estimate [23].

o For large N, accurate estimates of R and S are difficult to obtain. The impact on
the estimation performance is unclear.

@ In practice [24], one would expect additive and multiplicative distortions. The latter
are more difficult to analyze and can make things only worse.
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Downlink channel model with hardware imperfections
D”’Vn/i b p
ﬁ% Nk Pilogs & Dy Uplink Downlink
“ Pilot & | Uplink Data Pilot & Downlink Data
Control | Transmission
Signals

Control

Transmission
Signals
TUL UL DL DL
>y Toio Tiata Thitor Tiata
lors & P,
Ua Coherence Period Tigper
Base station

User equipment

Downlink : y'® = h" (waS + n?s) +nE 4+ nYF

where E [|XBS|2] = pYE, |lw|| = 1, and n"E ~ CN(0, o).
Additive distortion

o BS transmit distortion: n° ~ CN(0, xE°p®diag(|wi |, . . ., |wn|?))
o UE receive distortion: 7°F ~ CA(0, x’EpB%|h"w])
Remark

Despite channel reciprocity, the UE needs to estimate the effective SISO channel h'w.
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Capacity upper bounds

Assuming perfect CSI at the BS and UE and Gaussian signaling, one can show that the
ergodic UL and DL capacities are bounded from above by

H BS
UL h ( Dy, + UE )
CUt < _data |log, [ 14 -
Tcoher 14+ I{%JEhH ( BSDh + %S) h
TUL GUL
< CUL é data lo (1 + )
- e Tcoher €2 1+ NltJEGUL
DL h* ("”vtBSDh + 55 ') h
CDL < %]E Iog2 1+ —
2
coher 1+ KUERH (HtBSDh + ZgSE |) h
TDL GDL
< CDL é data lo (1 + )
- e Tcoher & 1+ NyEGDL

1 2 —1
where GUL = E {h” (K?SD,, + ﬁs) h], GPL=F [h” (N?SD,, + %I) h} and

Dy, = diag(|h1f, ..., [An[?).
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Asymptotic behavior of the upper bounds

High-SNR regime

uL Tdata

I Gy = T log, ( 1+
pUE—> coher
Tt

lim  Clper = =2 log, ( 1+
pBSH coher

.
WES + N

N
KBS + NkUE

Large-N regime

uL
lim C =
Nesoo —uPPEr

Tcoher

UL
Tdata |0g2 <1 o %) ,
L7

N— oo

DL
lim Cypper =

Tiais ( 1 >
lo 14+ —
T coher 2 F’JPE

Observations

@ The UL/DL capacities have finite ceilings which depend on the hardware quality.

@ The UE impairments are N times more influential than the BS impairments.
@ As N — oo, only the UE hardware limits the performance; the BS distortion

averages out.

v
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Capacity lower bounds
One can show that the ergodic UL/DL capacities are bounded from below by ([25, 13])

TUL
CUL 2 Clower = % IOgZ <1 + SINRIower)
coher
TDL
CDL 2 Clower = % |0g2 <1 + SINRIower)
coher
where vUL, vPL are functions of h and
[E [V
SINRIower = OE 5 5 N UL ]E[(VUL)HSVUL]
(14 wYE)E IO 2] [ [W0t] [ 4 w8 S0, [l ] + R
[E [h*vPH]|*
SINRI/:)wer - > > BS N DL o2
(1 -+ ) W0 ] — [ (WP 585 I E 1 PPR) + 5
Remarks

@ The bounds hold for any vUb, vPL; especially for vUb = vPL = ”2” .

o CIOWer depends only on nUE n,BS while Cl'gvber depends on all k-parameters.

@ The impact of xBS vanishes as N — oo.

@ One can show that, if xYF =0, limy_, o0 Cupper CPL_ = 0. This does not happen for

n,BS = 0. Thus, the capacity limit is mainly determined by the impairments at the UE.
v
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Capacity bounds: Numerical results

—— Capacity: Upper Bounds
1 | — - — - Capacity: Lower Bounds b
Asymptotic Limits (Upper & Lower)

Spectral Efficiency [bits/channel use]

0 . n
0 100 200 300 400 500
Number of Base Station Antennas ()

Lower and upper bounds on the capacity for R=S =1
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Capacity bounds: Numerical results

3.5

Decreasing with

R4 Increasing i
o impairments:
I KBS €40, 0.05%,0.15%}
I
25 |

1 Capacity: Upper Bounds
"I (R Capacity: Lower Bounds
P Asymptotic Limits (Upper & Lower)

Spectral Efficiency [bits/channel use]
w

2 . n
0 200 400 600 800 1000
Number of Base Station Antennas (V)

Lower and upper bounds on the capacity for R =S = | and xVE = kUE = 0.052. The
impact of the hardware impairments at the BS vanishes asymptotically.
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Scaling down the power or hardware quality

o Uplink: Let p"® ~ L 0<t< or kP~ N, 0<t<}i Then,
lim Cc' >lo 1+ _
Nih S = 08 2KV + (KVE)2

o Downlink: Let p®° ~ 1o pU® ~ —io. tes + tye < 1,tes > 0,0 < tye < 3 or

KPS~ NB, KPS~ N2, 0 <ty +t < L. Then,

1
lim C° > log, ( 1
N = %62 ( + kYE + KVE + HPEH%’E)

Remark

The transmit powers can be roughly reduced as ﬁ or the hardware quality of the BS

transceiver can be reduced as \/17 while still a non-zero capacity is achieved.
N

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 53 / 96



Lessons learned Il

o With TDD, the pilot overhead is independent of N.
@ The effects of imperfect CSI vanish as N — oo.

@ The transmit power can be made proportional to 1/v/N when channel estimation is
taken into account (in contrast to 1/N with perfect CSI). This holds even with
hardware impairments.

@ Pilot contamination can be a performance bottleneck, but it is not a fundamental
limitation. It can be mitigated by blind channel estimation schemes, scheduling, or
precoding.

@ Hardware imperfections seem to be a fundamental limitation.
@ The quality of the UE-transceiver is more important than that of the BS-transceiver.

@ The quality of the BS-transceivers can be decreased as N grows (roughly
proportional to N_%).
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Outline

© Massive MIMO

@ Research topics

© Massive MIMO and HetNets

e Massive MIMO for wireless backhaul
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Some interesting areas for future research

o Channel modeling: Measurements, ray-tracing, new statistical models [26, 10]

@ New deployment models: Distributed massive MIMO, antennas in building facades
or windows [27], massive MIMO in HetNets [28, 29, 30]

o New applications for massive MIMO: Wireless backhaul [31], sensor networks

o Estimation of covariance matrices: Impact for channel estimation,
precoding/detection

@ Hardware impairments: Fundamental limits and ways to mitigate them [20]
@ Cost and impacts of TDD reciprocity calibration
o Combination of massive MIMO and stochastic geometry [32, 33]

o Total energy efficiency of massive MIMO systems [34, 28, 20, 21]
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Outline

© Massive MIMO and HetNets
@ Small cells, a two-tier network architecture, and the role of TDD
@ An idea from cognitive radio
@ Translate this idea to HetNets
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Outline

© Massive MIMO

© Massive MIMO and HetNets
@ Small cells, a two-tier network architecture, and the role of TDD

© Massive MIMO for wireless backhaul
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Massive MIMO versus Small Cells

o From a coverage as well as area spectral efficiency point of view, it is preferable to
distribute the available antennas as much as possible [35].

o However, with small cells deployed below the roof tops, it is difficult to

> ensure coverage

> support highly mobile UEs (due to frequent handovers)
o But, massive MIMO is particularly suited to

> provide coverage of large areas
> support highly mobile UEs (TDD reduces the turnaround time)

Can we integrate the complementary benefits of both? J
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A two-tier network architecture

Massive MIMO BS
ap '

Smal cell

@ Massive MIMO BSs overlaid with many small cells (SCs)
@ BSs ensure coverage and serve highly mobile UEs

@ SCs drive the capacity (hot spots, indoor, etc.)

There is a large number of excess antennas in the network, which should be exploited. )
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The role of TDD

A network-wide synchronized TDD protocol has the following advantages:

@ The downlink channels can be estimated from uplink pilots.
— Enable massive MIMO

@ Channel reciprocity holds for the desired and interfering channels.

— Knowledge about the interfering channels can be acquired for free
at every device (BS, SC, UE).

Idea: “Sacrifice’ excess antennas to reduce intra- and inter-tier interference. )
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Outline

© Massive MIMO

© Massive MIMO and HetNets

@ An idea from cognitive radio

e Massive MIMO for wireless backhaul
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A simple idea from cognitive radio [36]

Primary

i

@ The secondary BS listens to the transmission from the primary UE:
y=hx+n
@ ...and computes the covariance matrix of the receive signal:

E [yy”] = hh" 4+ SNR™YI
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A simple idea from cognitive radio [36]
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© With the knowledge of the SNR, the secondary BS designs a precoder w which is
orthogonal to the sub-space spanned by hh''.
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A simple idea from cognitive radio [36]

© With the knowledge of the SNR, the secondary BS designs a precoder w which is
orthogonal to the sub-space spanned by hh"'.

@ The interference to the primary UE can be entirely eliminated without explicit
knowledge of h.
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© Massive MIMO

© Massive MIMO and HetNets

@ Translate this idea to HetNets

e Massive MIMO for wireless backhaul
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Translate this idea to HetNets

Massive MIMO BS .
N

Every device estimates its received interference covariance matrix and precodes (partially)
orthogonal to the dominating interference subspace.

Advantages

@ Interference to the directions from which a device received most interference is
reduced.

@ No feedback or data exchange between the devices is needed.

o Every device relies on locally available information alone.

@ The scheme is fully distributed an scalable.
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Baseline scenarios:

FDD, TDD, RTDD, and co-channel deployment

frequency

FDD TDD
Sc DL
s/l scuL sc DL
SCuL g
BS DL &
BS UL BS DL
BS UL

time

co-channel TDD

time

co-channel reverse TDD

frequency

SC UL

BS UL

SC DL

BS DL

frequency

SC DL

BS UL

SC UL

BS DL

FDD: Channel reciprocity does not hold

time

TDD: Only intra-tier interference can be reduced

co-channel TDD: Inter and intra-tier interference can be reduced
reverse (R) TDD: Order of UL/DL is reversed in one of the tiers
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TDD versus reverse TDD (RTDD)

TDD RTDD
BS A MUE BS A MUE
AN 54 o A
:1 B ’ |: |:
N h N
, %N h h
ASRNN N i
4+ AN Kl Kl
sC A suE sC A SuE
desired signal = - - - - - > cross-tier interference

@ Order of UL/DL periods decides which devices interfere with each other:
» TDD
* BS and small cell UEs (SUEs)
* SCs and macro UEs (MUEs)
* Intra-tier interference (SC-SUE, BS-MUE)
» RTDD
* BS and SCs
* MUEs and SUEs
* Intra-tier interference (SC-SUE, BS-MUE)

@ The BS-SC channels change very slowly (quasi-static). Thus, covariance estimation

becomes easier for RTDD.
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Co-channel TDD: Uplink signaling

B BSs with N antennas

K single-ant. MUEs per BS

S SCs per BS with F antennas
1 single-ant. SUE per SC

Received signals at the ith BS and jth SC in cell i

Z (Z \/mhiiMUE MUE_’_Z@P‘E}ESUE SUE> +n?5

b=1

B
sc SC-MUE _ MUE SC-SUE _SUE sc
yi = E (E vV Pmuehipi ™ Xxpe - + E v/ Psuehijjss™ " Xps >+”U
b=1 s=1

k=1

Jakob Hoydis (Bell Labs) Massive MIMO and HetNets IMSS'13 69 / 96



Co-channel TDD: Uplink rates

@ BSs and SCs have perfect knowledge of the direct channels and the individual
receive covariance matrices:

Q® =E[y*06™)"], @ =E[505)"]

@ Achievable rates of the MUE k and SUE s in cell i with MMSE detection:

T
Ry MVE = TU_L log, (1 + Puue (hieMUE)! (Q,-BS Puuehfe MUE("%E’MUE)H) hie MUE)

Isis Isis Isis Isis

TuL
ngsJL,sug - log, (1 1 Py (hSSSUE)H (lec PsyghSCSUE (nSS-SUE)H ) hSC SUE)

where T is the channel coherence time and Ty is the duration of the uplink cycle.

On the CSI assumption

In practice, the direct channels must be estimated by uplink pilots. For a sufficiently long
coherence time, the covariance matrices can be estimated by simple time averages. It is
implicitly assumed that the transmit powers and noise variances are perfectly known.
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Co-channel TDD: Downlink signaling
Received signals at the jth MUE and jth SUE in cell i:

P
YMVE _ / PBs Bs-MuE) SC-MUEH,, SC, SC MUE
<§ (hp7 whexge + E V Psc(hpg; Wihs sz> +nj

[P,
SUE _ BS BS- SUE H BS BS / SC- SUE H., SC, SC SUE
Yij (Z hblj + Z Psc (hbsu Wbs Xbs > + UH

The BSs and SCs apply linear beamforming to serve their UEs:
—1

whe = rge | (1—)Puue D hgs "B (g5 + aQES(1 — a)Noly | hEZME
j
-1
WS = k5 (1= B)Psuehf% B (MSSUE) + BQSE + (1 — B)Nol)  hGSVE

where o, 3 are regularization parameters and x5, k3¢ normalize the vector norms to one.

About the regularization parameters

For a, B = 0, the BSs and SCs transmit as if they were in an isolated cell, i.e., MMSE
precoding (BSs) and maximum-ratio transmissions. By increasing «, 3, the precoding
vectors become increasingly orthogonal to the interference subspace.
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Co-channel TDD: Downlink rates
Achievable downlink rates of the MUE k and SUE s in cell i:
T,
RDLMUE _ (1 - %) log, (1 + SINRR-MUE)

T
DL,SUE __ UL DL,SUE
RDLSUE — (17 ?) log, (1 + SINRE-SU)

where
SINR?('-'MUE _ PBS }(th MUE)H 3S|2
No + 58 36,400 ‘("E,Sk MUE)HWBS‘ + Psc X [(REGMUE)HwES |
SINRDLSUE — Psc |(hiss%SUE)HWiSsC|2

2 2
No+ 55,0 ‘(hEIEfSUE)HWEjS (hSQ—SUE)HWEJC’

bjis

+ Psc 2 2(b,5)4(1,)

Other duplexing schemes

The other duplexing schemes work similarly, by adapting the covariance matrices and interference
terms. In FDD, covariance knowledge cannot be exploited as channel reciprocity does not hold.
Without co-channel deployment, there is only intra-tier interference.
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Numerical results

1000 m

® BS O SC O MUE A SUE

3 x 3 grid of BSs with wrap around
S =81 SCs per cells on a regular grid

K = 20 MUEs randomly distributed in
each cell

1 SUE per SC randomly distributed on
a disc around each SC

channel model with path loss,
shadowing and fast fading, N/LOS links
from [37]

TX powers: 46 dBm (BS), 24dBm
(SC), 23dBm (MUE/SUE)

20 MHz bandwidth, 2 GHz center
frequency

no user scheduling, power control

averages over channel realizations and
UE locations

Tu.=05T
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Downlink rate regions
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Downlink rate regions
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Downlink rate regions
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Downlink rate regions
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Downlink rate regions
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Uplink rate regions

Small cell UL sum-rate (b/s/Hz/km?)
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Observations

@ Increasing the number of antennas at each device leads to tremendous performance
improvements for all duplexing schemes (N = 20 — 100, F = 1 — 4, FDD):

-+200% BS UL, +150% BS DL, +100% SC UL, +50% SC DL

@ TDD channel reciprocity allows for intra-tier interference reduction (o, 8:0 — 1):

+50% BS DL, +30% SC DL

@ Even a few “excess” antennas at the SCs leads to significant gains.
@ With RTDD, the SCs cannot reduce interference towards the BS (since F < N).

@ With the proposed precoding scheme, a co-channel deployment of BSs and SCs
leads to the highest area spectral efficiency (o = 8 = 1, 20 MHz bandwidth):

| uL | DL
Area throughput | 7.63Gb/s/km” | 8.93 Gb/s/km?
Rate per MUE 38.2Mb/s 25.4Mb/s
Rate per SUE 84.8Mb/s 104 Mb/s

@ As the scheme is fully distributed and requires not data exchange between the
devices, the rates can be simply increased by adding more antennas to the BSs/SCs
or increasing the SC-density.
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Discussion

@ Channel reciprocity requires:

> Hardware calibration [38, 39, 40, 12]
> Scheduling of UEs on the same resource blocks in subsequent UL/DL cycles.

@ The network-wide TDD protocol requires tight synchronization of all devices:

> GPS (outdoor)
» NTP/PTP (indoor)
> BS reference signals

Channel estimation will suffer from pilot contamination.

o Covariance matrix estimation becomes difficult for large N, F [41, 42].

We have considered a worst case model with fixed cell association, no power control
or scheduling. Location-dependent user scheduling and interference-temperature
power control could further enhance the performance [43].

@ Band switching duplexing could be used to reduce duplexing delays [44].
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Outline

© Massive MIMO for wireless backhaul
@ Motivation and advantages
@ Power and “antenna” minimization problem
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© Massive MIMO and HetNets

e Massive MIMO for wireless backhaul
@ Motivation and advantages
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Massive MIMO for wireless backhaul

@ The unrestrained SC-deployment “where needed” rather than “where possible”

requires a high-capacity and easily accessible backhaul network.

@ Already for most WiFi deployments, the backhaul capacity (10-100 Mbit/s) and not
the air interface (54-600 Mbit/s) is the bottleneck.
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@ The unrestrained SC-deployment “where needed” rather than “where possible”
requires a high-capacity and easily accessible backhaul network.

@ Already for most WiFi deployments, the backhaul capacity (10-100 Mbit/s) and not
the air interface (54-600 Mbit/s) is the bottleneck.

Why not provide wireless backhaul with massive MIMO [31]7 )
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Massive MIMO wireless backhaul: Advantages

o No standardization or backward-compatibility required

BS-SC channels change very slowly over time:

> Complex transmission/detection schemes (e.g., CoMP) can be easily implemented
> FDD might be possible due to reduced CSI overhead

@ Provide backhaul where needed:

> Adapt backhaul capacity to the load
> Statistical multiplexing opportunity to avoid over-provisioning of backhaul

@ SCs require only a power connection to be operational

Line-of-sight not necessary if operated at low frequencies

Remark

Interestingly, the backhaul load is highest in lightly loaded cells where a single UE with a
very good channel achieves the maximum possible data rate on the wireless link [45].
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Massive MIMO wireless backhaul: Is it feasible?

How many antennas are needed to satisfy the desired backhaul rates with a given
transmit power budget? J

Assumptions:

Every BS knows the channels to all SCs.
The BSs can exchange some control information.
Full user data sharing between the BSs is not possible.

Single-antenna SCs, BSs with N antennas

TDD with channel reciprocity

Check if the power minimization problem with target SINR constraints for the multi-cell
multi-antenna wireless system is feasible [46]. J
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© Massive MIMO for wireless backhaul

@ Power and “antenna” minimization problem
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The multi-cell multi-antenna power minimization and beamforming problem

P 1: Power minimization problem [46]

. H
min E W s Whs
bs

st. SINRbs > 75 1<b<B,1<s<S

@ Wy is the beamforming vector of BS b towards SC s in its cell
@ ~ps is the target SINR of the backhaul link to SC s in cell b

@ SINRs is the SINR of the backhaul link to SC s in cell b:
|Wgshbbs’2

SINRps = " 2 H 2
Zl#s |Wb/hbb5| + Zm;zb,/ |Wm/hmb5| + No

where hpps € C"*! is the channel from BS m to SC s in cell b.

Remark

The problem is always feasible if N > B x S since zero-forcing can be applied.
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Solution to the power minimization problem

@ Find through a classic fixed-point algorithm the values A\ satisfying
1

(14 ) b=, g
where Tp = Iy + 32, ; Aishp i,sh} ;.

@ Compute the optimal “uplink” receive filters.

Abs =

Vb, s

1 __
Wps = N—O): 5 thoss  Vb,s

© Find the downlink beamformers by scaling of Wps:
Wps = 5bswbs
where & = [611, ..., 815,001, -, ps] " is given by § = F~ 15N, with

1 . 1B 1 |aH 2 . .
F F Uh”/ ,m=in=j

_ . . . im _ N . .
F= P [F ],-n* —[Wahyl” o m=in;
L F g2 m

Remark

The computational complexity of this algorithm grows quickly with N, B and the
convergence speed of step 1 increases with the target SINRs ~yps.
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“Antenna” minimization problem

P 2: Minimization of N

min NV

1 H
st g bZWbsts < Pss
s

where wys are given by the solution of the power minimization problem P 1.

@ Solution of P 1 becomes prohibitive for large N, S: Large system approximation [47]

> computed based on the second-order statistics of the channels
> complexity is independent of N
> solution is asymptotically optimal (for N, S — o)

o By UL/DL duality, the same target DL SINRs 755 can be achieved in the UL with
the receive filters Wys at the BSs and the SC transmit powers \ps. However, the
individual power budgets of the SCs are not respected in this case.

@ Numerical results based on the 3 X 3 macro-cell setup as described earlier. The
downlink TDD cycle is twice as long as the uplink cycle.
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Massive MIMO backhaul: Numerical results
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Average minimum number of required BS-antennas N to serve S € {20,40, 81} randomly
chosen SCs with the same target backhaul rate and with 46 dBm maximum average
transmit power per BS.
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Massive MIMO backhaul: Numerical results

Minimum transmit power per BS (dBm)

Minimum average required transmit power per BS to serve S € {20,40, 81} randomly
chosen SCs with the same target backhaul rate and the smallest possible number of

BS-antennas N.
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Discussion

@ Is there an advantage to serve UEs via SCs rather than directly by the BSs?
> Long coherence time of the BS-SC channels enables complex precoding schemes.
» Uplink transmit power can be drastically reduced.
> SCs with wireless backhaul are essentially relays which can cover hidden areas.

o Low frequencies are suited for (NLOS) backhaul (small propagation losses) while
higher frequencies are suited for SCs to reduce interference.

@ Given enough BS-antennas, even in-band backhaul could be provided.
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Is there an advantage to serve UEs via SCs rather than directly by the BSs?

> Long coherence time of the BS-SC channels enables complex precoding schemes.

» Uplink transmit power can be drastically reduced.

> SCs with wireless backhaul are essentially relays which can cover hidden areas.

higher frequencies are suited for SCs to reduce interference.

@ Given enough BS-antennas, even in-band backhaul could be provided.

Low frequencies are suited for (NLOS) backhaul (small propagation losses) while

@ SCs could preload popular files on integrated hard discs [48] based on learning and

prediction algorithms to reduce the backhaul bandwidth.
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Lessons learned Il

Massive MIMO and SCs have distinct advantages which complement each other:

> Massive MIMO for area coverage and mobility support
» SCs for capacity and indoor coverage

TDD and the resulting channel reciprocity allows every device to fully exploit its
available degrees of freedom for intra-/inter-tier interference mitigation.

@ A co-channel deployment of massive MIMO BSs and SCs can achieve a very
attractive rate region.

@ Massive MIMO BSs can provide wireless backhaul to a large number of SCs:
With N = 466 antennas per BS, it is possible to provide 81 SCs with 100 Mb/s
(DL)/ 50 Mb/s (UL) backhaul.
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Thank you!
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