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Preliminary - Hankel Matrices
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We can construct the Hankel matrix:
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Figure: Direction of Arrival (DOA) radar problem
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e Missing data
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We propose an algorithm that can recover a Hankel matrix in these
circumstances, in a way that is learnable and scalable



DeepHankel - Deep Unfolding
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Figure: Deep unfolding process for DeepHankel, learning (i and P, at
each layer k



DeepHankel - Inference

Algorithm 1 DeepHankel
Input: IInf: Partially observed Hankel matrix in reweighted vector form; r:
rank of the underlying Hankel matrix; p: observation rate; a: outlier density;
K: number of layers; {(x}: learned thresholding values; {P;}: learned
matrix preconditioners
Initialization: Let Ly, Ry be produced by spectral initialization
for k=0,1,..., K —1do
zr41 = G (LyR})
Sk41 = Tepp (HMa(f — Zx41)
Lis1 = Lg — Vol(Lg, Ry;8k41) - Pie
Ris1 = Ry — VRE(Lg, Ry;spq1) - Py
end for

Figure: Inference algorithm for DeepHankel, after learning (i and Py for
all layers



Preliminary Numerical Results
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Figure: Runtime comparison between HSNLD and DeepHankel for n =
8191 observations, r = 10 rank, and 20% outlier rate. DeepHankel
achieves a roughly 3x speedup compared to HSNLD.
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