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Problem Statement



System Model

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

• Nt = 16 transmit antennas, Nr = 64 receive antennas

• Lt = 2 transmit RF chains, Lr = 4 receive RF chains

• Ns = 2 data streams

• K = 256 subcarriers
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Channel Model

• dth delay tap of the Extended virtual channel model:

Hd ≈ ÃR∆v
d Ã∗T, 0 ≤ d ≤ Nc − 1,

where

• ∆v
d ∈ CGr×Gt is a sparse matrix containing the path gains of

the quantized spatial frequencies

• ÃR ∈ CNr×Gr and ÃT ∈ CNt×Gt are the array steering matrices

• Frequency domain representation of subcarrier k :

H[k] ≈ ÃR

( Nc−1∑
d=0

∆v
de
−j 2πk

K
d

)
Ã∗T ≈ ÃR∆v[k]Ã∗T
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• Concatenated rx signal of M training frames in subcarrier k : y(1)[k]
...

y(M)[k]


︸ ︷︷ ︸

y[k]

=

 Φ(1)

...

Φ(M)


︸ ︷︷ ︸

Φ

Ψ hv[k] +

 n(1)[k]
...

n(M)[k]


︸ ︷︷ ︸

n[k]

,

where

Φ(m) = q(m)T F
(m)T
tr ⊗ W

(m)∗
tr , Ψ = ¯̃AT ⊗ ÃR

Pilot signal
RF Precoder

RF Combiner

Sparsifying

Dictionary

vec(∆v[k])

Colored Noise
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Noise Whitening

• Noise covariance matrix:

Cw = E [n[k]n∗[k]] = blkdiag{

Known apriori at the Rx︷ ︸︸ ︷
W

(1)
tr

∗
W

(1)
tr , . . . ,W

(M)
tr

∗
W

(M)
tr }

• Cholesky decomposition of Cw = D∗wDw

• Noise whitened rx signal:

yw[k] = D−∗w y[k] = D−∗w ΦΨhv[k] + D−∗w n[k]

= ΦwΨhv[k] + nw[k]
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• Concatenated Rx signal of K subcarriers:

Yw =
[
yw[1] . . . yw[K ]

]
= ΦwΨ

[
hv[1] . . . hv[K ]

]
+
[
nw[1] . . . nw[K ]

]
= ΦwΨHv + Nw.

• Hv is joint row sparse

• GOAL: Estimate ΨHv given Yw and Φw

• How do we initialize Ψ?

• Row truncated DFT matrices used as array steering matrices

to generate Ψ

• Appropriate for uniform linear arrays

• Gr and Gt set to 256
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Proposed Solution



Outline of the Proposed Solution

Input: Yw, Φw

SW-OMP [1]

Refine Ψ

Noise Variance Estimation

Sparse Bayesian Learning [2, 3]

Delay Domain Denoising

Output Hv

N times

Learn Ψ
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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

• Expectation maximization (EM) algorithm for estimation

• Delay domain thresholding for channel denoising

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

• Scope for further research to provide mathematical

guarantees

• Guaranteed convergence

• Exploits sparsity in both beamspace and delay domains
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Stage 1: Multi-level Greedy Search (MLGS)

Input: Yw, Φw, Ψ̃, N, S, ∆θ, ∆φ

Initialize: ÂR = ∅, ÂT = ∅, Y′w = Yw

Set Ψ̂ = Ψ̃

î = arg maxi
∑K

k=1

(ΦwΨ̂
)∗

y′w[k]
2

Extract AoA φ
î
, AoD θ

î
, Update Ψ̂ = f (φ

î
, θ

î
,∆θ,∆φ)

ÂR =
[
ÂR aR(θ

î
)
]
, ÂT =

[
ÂT aT (φ

î
)
]
, Compute Ψ̂ = (

¯̂
AT ⊗ ÂR)

Channel Estimate: Ĥv =
(

ΦwΨ̂
)†

Yw, Residual: Y′w = Yw −ΦwΨ̂Ĥv

Output: Ψ̂, Noise variance σ2
n

N times

S times
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Stage 2: Sparse Bayesian Learning

Input: Yw, Φw, Ψ̂, σ̂n

Initialize: γ = [γ1, . . . , γS2 ], Γ = diag(γ)

Compute Υ̂w = ΦwΨ̂

Expectation Step:

ΣY = σ̂2
n IMLr

+ Υ̂wΓΥ̂
∗
w

ΣH = Γ− ΓΥ̂
∗
wΣY

−1Υ̂wΓ

Channel Estimate: Ĥv = 1
σ̂2
n

ΣHΥ̂
∗
wYw

Maximization Step:
Hyperparameter update: For n = 1, . . . ,S2,

γn = 1
K

∑K
k=1 |Ĥ

v[n, k]|2 + ΣH[n, n]

Output: Ĥv, {γ1, . . . , γS2}

Until convergence

Hidden variable Hv∼CN (0,Γ),
Hyperparameters γ

to promote row sparsity

Q(γ|γprev) , E[log P(Yw,H
v;γ)]

w.r.t P(Hv|Yw,γ
prev)

Maximize Q(γ|γprev) w.r.t. γ
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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

Pilot Frames: 40 −11.87 dB −12.79 dB −14.20 dB

Pilot Frames: 80 −13.62 dB −16.23 dB −20.08 dB

FINAL PERFORMANCE SCORE: −9.16 dB

11



References



References
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