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ABSTRACT

In this paper, we consider a compressed sensing (CS) problem with multiple measurement vector (MMYV), in
which a set of sparse signals with the same support are recovered simultaneously from the corresponding
measurements. Many practical problems (e.g., active wuser detection for massive connectivity,
communication-efficient federated learning, and so on) have been formulated in this problem. Also, it is
necessary to investigate one-bit CS under the MMV framework, in order to boost communication efficiency.
Unfortunately, the best-known one-bit CS algorithms such as Bayesian matching pursuit (BMP) is not
applicable to the emerging one-bit MMV problems. In these problems, we propose novel algorithms, named

Turbo-BMP as nontrivial extensions of BMP, respectively. Simulation results demonstrate the superiority of the
proposed algorithm.
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Algorithm 1 The Proposed Turbo-BMP

1: Input Sensing matrix A, measurements
{yi:iE[L]}, sparsity level X, noise level 0%, and
parameters (ay,T).

2: Output : Common support set }m

K—
: Initialization : \,= ﬁl for Vi< [I] and TV = ¢.

4: for k=1: K do

5: for i=1:L in parallel do
* Compute u;‘"” and Ef'" for VnE[N via
(9) and (10), respectively.
* Compute the proxy function U(n | }( k))\i,yi )K,i)

for ne[MNI" " via (1),

6: end for

7. if k<, then
8 ® Compute a priori information A; via (14).

9: else

10: e Compute extrinsic information &, via (12).
11: e Update a priori information A; via (13) and (15).
12: end if

13: o Select the largest index (denoted by ﬁk via (16).

14: e Update the support set as }W = }("’”u{ﬁk}.
15: end for

Algorithm 2 M-BMP (The Benchmark Algorithm)

1: Input Sensing matrix A, measurements
{yi:iE[L]}, sparsity level A, noise level 0%, and

parameters (ao 7).

2: Output : Common support set }(k)
3: Initialization : X\= %1 for Vi€[Z] and
1=,
4: for k=1:K do
5: for i=1:L in parallel do

* Compute g'” and X" for VnE[M via (9)
and (10), respectively.

* Compute the proxy function ¥(n | }( k),Ai,yi’fii)

for n€[MNI" " via (11).
6: end for

7: o Select the largest index (denoted by ﬁk via (16).

8: e Update the support set as }( ) ](k I)U{nk}.

o

end for
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