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Introduction

m Goal: Make convergence of generalized approximate message passing

(GAMP) [1] robust to the matrix A. 2 P ()

m GAMP is a computationally efficient approach to MAP or approximate MMSE |, (4,].)
inference of € R that exploits:

pX2<°>
mknown separable signal prior px(x) = ][, px,(Zn),

p 2|22 )
m known separable py,(y|2)=]1,,py 2, (Ym|2m), where z, 2alx. iz (Y2")

]T. pX3(°>

msufficiently large, dense, and random A = |a4,...,ay

. . . . . . p3|23(y3‘.)
m GAMP admits rigorous analysis in the large-system limit y

.. . Px ()
for i.i.d zero-mean sub-Gaussian A. '

mFor some A, GAMP can diverge. Figure 1 : GAMP factor graph.

m “Swept” GAMP (SwGAMP) [2] improves convergence by estimating {x,}_, and {z,,}*L,
sequentially, so it cannot exploit BLAS or fast matrix operations, and thus can be slow.

Adaptively Damped GAMP

m To make convergence robust to the operator A, we damp the updates of GAMP.

m Not enough damping can result in GAMP divergence, while too much damping can slow GAMP convergence
m [ hus, we damp adaptively by monitoring the cost function.

mWhen GAMP converges, it minimizes the cost [3],[4]:
MAP: JMAP(£> S _ 1npy,z(y\A£) — lnpx(i)
MMSE: Tpethe(bx; b2) = D (be|lpx) +D (b,||lpyeZ2 ")+ Hpr (by) s.t. E{z|b,} = A E{x|bx}.

m To evaluate Jpqie(bx, b,) before convergence, we need to evaluate certain fixed-point quantities, and for
this we use a Newton-based method.

Mean Removal

m [o mitigate problems with non-zero-mean A, we augment z = Ax via

p— — ~~~ p— —

Z A 1 T
¥ by bisly m~y are row averages of A.
M1 T b211]|_\|f —bo1bz 0 LN+ m c are shifted column averages of A.
LeM+2] b31C 0 —ba1bis | [ TN+2] mb;; equalize row/column norms.
%ﬁ ~
L 5 274 L r m A has zero row and column averages.

with trivial GAMP signal priors and strict likelihoods on the augmented entries, i.e.,
Dy fo(Uml|zm) = 8(z) for me{M+1, M+2}, Py (Tp) x 1 for n € {N+1, N+2}.
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Numerical Results

mGoal: Recover NV = 1000 Bernoulli-Gaussian & under various py,(y|Ax) and “difficult” A:

(a) Non-zero mean: i.i.d a,,, ~ N (u,+) for a specified p # 0.

(b) Low-rank product: A:%UV with U e RM™*E Ve RN “and ii.d up, v ~N(0, 1), for a specified R.

(c) Column-correlated: Rows of A are ind. Gauss-Markov processes with corr. p = E{a,nal) 1}/ E{|amn|*}-

(d) Ml-conditioned: A = UXV" where U and V" are the left and right singular vector matrices of an i.i.d A(0, 1) matrix
and [X);i/[Zis1i41 = (k)Y ™MNE with a specified condition number £ > 1.

mReport average NMSE = || — Z||5/||||, runtime, and iterations over 100 realizations.
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Figure 2 : SNR = 60 dB AWGN. Figure 3 : SNR = 60 dB AWGN with 10% corruption
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5 Table 1 : Average runtime (in seconds) and # iterations for
various problem types and matrix types.
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Figure 4 : y = sgn Ax (1-bit)

m [ he original GAMP algorithm diverges for mildly non-iid A.
m The proposed Mean-removed adaptive damping GAMP (MAD)-GAMP is much more robust to non-iid A.
m SWGAMP is also robust to some types of non-iid A, but less so for non-zero-mean matrices.

m SWGAMP takes fewer iterations to converge, but (M)AD-GAMP has faster average runtime.
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