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Preconditioner - Results
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Figure: Matrix recovery with n = 213 _1=28191; r =20; a = 0.2; fully
observed



Prior Algorithm

Algorithm 1 Hankel Structured Newton-Like Descent (HSNLD)

1:

A

Input: Il f: partial observation on the corrupted Hankel matrix in reweighted vector form; r:
the rank of underlying Hankel matrix; p: observation rate; a: outlier density; {yx}: parameters
for sparsification operator; 7: step size; K: maximum number of iterations.

: Initialization: Let Lo, Ry be produced by (6).

for k=0,1,..., K —1 do
zp1 = G* (L RY)
sk+1 = Dypap(Ma(f — 2z41))
|:Lk+1:| =P [Lk — 1V Ll(Lk, Ry; 841) (RZRk)fl]
Ryq1 € |Ry — 1V RO(Lk, Ri; 8p41) (LELE) !

: end for
: Output: zoupus = G*(Lx R} : recovered Hankel matrix in vector form.

Figure: Original HSNLD Algorithm (Cai et al., 2025)



Proposed Algorithm

Input: Ilnf: 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; {Py}: learned matrix preconditioners
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Proposed Algorithm

Input: Ilnf: 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; {Py}: learned matrix preconditioners

Initialization: Let Ly, Ry be produced by spectral initialization

for k=0,1,..., K —1do
zp41 = G (LeRy)
Sk+1 = SCkJrl (HQ(f - Zk—i—l)
Lk:-i—l = Lk — VLE(Lk, Rk; Sk+1) . Pk
Rii1 = Ry — VRO(Lg, Ry sey1) - Py
end for



Dataset

| am working with a (69,69,4416) Hankel tensor with sparse entries
on NYC traffic data
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Figure: Replicated speed map from Xinyu Chen'’s repository



Thank You!

Questions?



