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Hankel matrices appear often in signal processing problems

o Addresses limitations of the discrete Fourier transform

e Hankelized signals can be decomposed to learn underlying
frequencies

We aim to advance the state of the art in Hankel recovery
algorithms

e Learnability
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Progress Update

Runtime of HSNLD vs Input Size
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Figure: Runtime of HSNLD with PyTorch
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Figure: Runtime of HSNLD with PyTorch

Given an algorithmic complexity of O((r?n + rnlog n) log(1/¢))
tested with r = 10 and € = 1 x 1074, this graph scales nicely but
shows a high runtime



Learning: Current Algorithm

Algorithm 1 Hankel Structured Newton-Like Descent (HSNLD)

1: Input: IIg 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; {7 }: parameters
for sparsification operator; 7: step size; K: maximum number of iterations.

2: Initialization: Let Lj, R; be produced by A

3 for k=0,1,..., K —1 do

4 zk41 = G (LeRy)

5yl = Dyap(Ua(f = 2141))

= Lini] _p, [Ex - ,,sz(Lk_Rk;skH)(R;RL.)*‘]
Ri1 Ry — nVR{(Ly, Ry sps1) (L L) ™
7: end for

8: Output: z,utput = G*(Lix R) : recovered Hankel matrix in vector form.

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



Learning: Learned RPCA

Algorithm 1 Learned Robust PCA (LRPCA)

: Input: Y = X, + S,: sparsely corrupted matrix; r: the rank of underlying low-rank matrix;
{¢x}: aset of learned thresholding values; {n}: a set of learned step sizes.
// Initialization:

SO = SCO (Y)
[Uo, 2o, Vo] = SVD,(Y — So)
i/2 1/2

Ly=Uo%,  Ro=WZ;

// Tterative updates:
while Not(Stopping Condition) do

== Si+1 = Sgin (Y — LiRy)

9 L1 =Ly — o1 (LR + Sey1 — V)R (R Ry) ™!

100 Rpy1 = Ry — qpy1(LpR] + Spy1 — Y) T Ly (L] L) ~?

11: end while

12: Output: X =L KR}: the recovered low-rank matrix.

—_

PRGN hWhH

Figure: LRPCA Algorithm (Cai et al., 2021)



Next Steps & Contributions

def forward(self, Yo_t, r, U Vo_t, num_1):

viel)
Yo_ r, niter = 4)|
signa))

torch.nm(R, Sigsqrt)

Main Loop in LRPCA

Ukernel = torch.inverse(U_t.t() @ U_t)
Unew = U_t + self.stej

] % (torch.mm(E_t,V_t) @ Vkernel)
_t + self.step[t] * (torch.mn(U_f

£0),E_t).t0) @ Ukernel)

tion in training
(torch.mm(u_t, V_t.t())
turn loss

loss

torch.mm (U8

0_t.t())).norm()

Figure: The forward pass in LRPCA's FRMNN model
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niter = 4)

art)
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Figure: The forward pass in LRPCA's FRMNN model

Next, | will reimplement the FRMNN model on HSNLD



Thank You!

Questions?



