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Problem Statement
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Fig. 1. Millimeter wave MIMO system based on a hybrid architecture [1]

N; = 16 transmit antennas, N, = 64 receive antennas

L; = 2 transmit RF chains, L, = 4 receive RF chains
e N, = 2 data streams

e K = 256 subcarriers



Channel Model

e dt" delay tap of the Extended virtual channel model:
Hy ~ ARAYA%, 0<d<N.—1,

where

e A} € CO*C js a sparse matrix containing the path gains of
the quantized spatial frequencies
o Ag € CV*6 and Ap € CMeXC are the array steering matrices

e Frequency domain representation of subcarrier k:
N1 e N ; ;
H[k] ~ AR< > Ag,eJiid> A% ~ ARAV[K]A%
d=0



e Concatenated rx signal of M training frames in subcarrier k:

y[K] o) n([4]
: = : W hV[k] + : 7
y(M)[K] »M) n(M)[«]
(K] ®
y[k
vec(AY[k]) n[k]
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Noise Whitening

e Noise covariance matrix:

Known apriori at the Rx

C. = E [n[k]n*[k]] = blkdiag{W WV . wM WMy

e Cholesky decomposition of C,, = D},D,,

e Noise whitened rx signal:

yw[k] = Dy "y[k] = D,,"®Wh[k] + D,,"n[K]
= &, Wh'[k] + ny[K]



Concatenated Rx signal of K subcarriers:
Yo = lyalll - yulK]]
=0, 0[] . WK+l K]
=&, WVHY + N,,.

HV is joint row sparse
GOAL: Estimate WHY given Y, and ®,,

How do we initialize W?

e Row truncated DFT matrices used as array steering matrices
to generate W

e Appropriate for uniform linear arrays

e G, and G; set to 256



Proposed Solution




Outline of the Proposed Solution
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Important Aspects of the Proposed Solution

Fast greedy search integrated with high performing sparse
Bayesian learning (SBL)

¢ Dimensionality reduction using SWOMP
e Expectation maximization (EM) algorithm for estimation
e Delay domain thresholding for channel denoising

Off-grid effects modelling to recover AoD/AoD outside the
quantized beamspace (spatial frequencies)

e Scope for further research to provide mathematical
guarantees

Guaranteed convergence

Exploits sparsity in both beamspace and delay domains



Stage 1: Multi-level Greedy Search (MLGS)

[Input: Yu, O, W, N, S, A6, Ad)]

|
’ Initialize: Ag = 0, A =0, Y}, = YW‘
|
{ Set W = W ‘
|
= arg max; Zle ‘ (¢W®)* yo [kl ‘ ?
| |
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|
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Stage 2: Sparse Bayesian Learning

Hidden variable H'~CN(0,T),
Hyperparameters ~
to promote row sparsity

[lnput: Yy, Gy, W, En]

Initialize: v = [v1,...,7s2], [ = diag(y)
Compute Ty, = &, ¥

Q177" 2 Ellog P(Yu, H'; )] l
w.r.t P(HY|Yw, ")

Expectation Step:
~ ~ %
kf_ Sy = 8121|ML, + Twl Ty,
Th=T-TT, Sy 1Tl
Channel Estimate: HY = L X7, Yw
Maximization Step: )

Hyperparameter update: For n=1,...,57,
i K 0 2
Until convergence Y = ’1< Zk:l [AY[n, k]| >uln, nl

|
/ [Output: HY, {11,782 }]

Maximize Q(~v|vP"") w.r.t. v
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NMSE Results on Test Datasets

NORMALIZED MEAN-SQUARED ERROR TABLE

SNR (dB) [-20, —11) | [-11, —6) | [-6, 0]

Pilot Frames: 20 | —7.66 dB | —10.97 dB | —12.34 dB

—12.79dB | —14.20 dB
Pilot Frames: 80 | —13.62 dB —16.23 dB

Pilot Frames: 40 | —11.87 dB

—20.08 dB

FINAL PERFORMANCE SCORE: —9.16 dB
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