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(1) Motivation g 6] NIRRT
Matrix Sensing Problem: g ij 0 b N W
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& Rank-Constrained Optimization Problem:

min f(X) :=%||04(X) — b||5 s.t. rank(X) <7
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(2) Problem Formulation & Methods
Conventional Method: Burer-Monteiro (BM) Factorization

Neural Network Application

(1) Problem Formulation & Methods

Training Problem:
» Generalize UDUT = UDV:

» Reparametrize X = UU', and formulate the problem: L 2
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» Update by gradient descent: site Xilallwll, <1 ZiLlyll, <1, andw; 2 0; j=12,..m

Ur+1 = U = nVuf (Ui Uy)
Vyf(UUT) = 2VvF(UUTU = 2AY(AWUUT) — b)U

» UDV classifier in neural networks

{w € Rd};-n:l {w; € R}jzl {vyeR };-nzl
> |teration k =1, 2,...; Step-size n > 0. —
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Proposed Method: W2
» Reparametrize X = UDU! with constraints, and formulate
the problem: *d y Ye
min llch(UDUT) L b”2 d Inputs ¢ Outputs
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» Update by projected-gradient descent: (2) Numerical .Experlmen.t_s &_Results
. » Regression / Classification™
Ugs1 =1y (Uk - ”Vuf(UkaUk)) » Singular Value Decomposition (SVD) based pruning
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(3) Numerical Experiments & Results e, MR
» Recover a PSD matrix Xy = UyU, € R*°0*1%0 from b € R g |
> Initialization: Uy € R1°%, U, € R0, Uy = ¢ - ﬁ”"” E L.
OllF n 1o-10 ] -®- UDV ! -®- UDV
> Noise setting: b = by + w; Noiseless if w = 0 W O TR Vi i

> |mpact of initialization ¢ > 0 and step-size n > 0

% A strong implicit bias toward truly low-rank solution

Index of the singular values

Index of the singular values

MNIST: RegNetX-32GF, MBGDM, 1le-2
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