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Motivation

• Compressed sensing (CS) has various applications in imaging and communications

•Measurements always quantized, sometimes low resolution preferred

• Approximate Message Passing (AMP) [1] efficient algorithm to solve CS problems

• AMP only works well for (sub-)Gaussian measurement matrices with AWGN output channels

• Extensions to arbitrary output channels [2] or broader range of measurement matrices [3] possi-
ble

• Vector AMP for generalized linear models (GLM) [4] combines both features

• VAMP described from estimation theory perspective and adapted to quantized CS (QCS)

System Model

A + Q(·)
x ∼ pX(x) z u y

w

• System model: y = Q(Ax +w) with

– Signal of interest x ∈ RN with known prior distribution px(x) =
∏N
n=1 px(xn) and

px(xn) = (1− η)δ(xn) + ηN (0, σ2x) with sparsity rate η ∈ [0, 1]

– Measurement matrix A ∈ RM×N with SVD A = USV T

– Noise w ∼ N (0, σ2wI)

– Scalar quantizer Q : R → Y maps real values onto a finite set of codewords Y with cardi-
nality ‖Y‖ = V such thatQ(u) = vi bi < u ≤ bi+1 ∀ i ∈ [1, ..., V ]

– Measurements y ∈ YM

VAMP for QCS

Scalar Estimator for x
gx(r1, σ

2
r1)

Assumptions:
x ∼ p(x)

e ∼ N (0, σ2r1)
r1 = x + e

Calculations:
x̂1 = E{x|r1}

σ2x̂ = 〈VAR{x|r1}〉
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Vector Estimation: Linear MMSE Estimator
Implicit Assumptions:

x ∼ N (r2, σ
2
r2I), p2 = Ax +N (0, σ2p2I)

Calculations:

x̃ = r2 + V ST
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z̃ = Ax̃
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Scalar Estimator for z
gz(p1, σ

2
p1)

Assumptions:
z ∼ N (p1, σ

2
p1)

y = Q(z + w)

Calculations:
ẑ = E{z|y; p1}

σ2ẑ = 〈VAR{z|y; p1}〉

x̂, σ2x̂

r2, σ
2
r2

x̃, σ2x̃

r1, σ
2
r1

ẑ, σ2ẑ
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Numerical Results

• Performance evaluation in terms of normalized mean squared error for N = 2048

• a) varied M for fixed σ2w = 10−3

• b) varied the noise power σ2w for fixed M = 2048

• Set η ∈ {1/64, 1/8}, cardinality of the quantizer V ∈ {24, 25} and measurement matrix
Gaussian or partial DCT
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