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4. Local Convergence of IHT 7. A Practical Guide to Parameter Selection
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2. Problem Formulation 8. Numerical Result
Table 1. Parameter selection and convergence rate of different first-order methods for minimizing a convex quadratic function
f(z) = 32T Az + bTx + ¢, where z € R? and puly < A < LI,. Asterisks indicate algorithms with optimal fixed step sizes.
Approach Problem formulation Property The last column describes the proportional numbers of iterations needed to reach a relative accuracy e, 1.e., Ha:("“) —zF||, <
€ Hm([}) — x*||,- All algorithms share the same computational complexity per iteration. m=50,n =40
min | X[, s.t. Xs = Ms v Rigorous guarantees r=3s=1000
Convex _ . > ‘
relaxation min A ||X ||=|= 2 HXS — Ms HF X Slow convergence Method Update at each iteration Step size selection Rate #Iters. needed —SVT
—— SVP (o = 5
: 1 2 : . . k= T.32s
min 7 || X]|, + 5 | X2 s.t. Xs = Ms X High complexity Gradient 20 — 21 _ 07 (kD) o=t 1-£ ﬁlﬂg(l/&) ————SVP (optimal)*
| ant* = 2 _2n 1L ——IHTSVD
min rank(X) s.t. Xs = Ms v Fast convergence Gradient T Tiw L+ 2 ( +1)log(1/¢) i .
JI— ———— HB-IHT (optimal)
> Nesterov | y®) = z(F=1) — oV f(z(k—1) a=+1,0= Vi _ Vi Llog(1/e) HB-IHT (estimated) | -
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T E——————— 5. Accelerated IHT

- * The local convergence of IHT for matrix completion can be characterized by the eigenvalues of
Algorithm 1 IHTSVD ¥ Xij if(i,j)es Algorithm 2 HB-IHT the linearized update operator.
[ S]ij “ o if (i,j) € S€ |- X(O) _ X(l) — Ms * As the size of the matrix grows, the eigenvalue distribution approaches the limiting ESD of the
1: for k=1,2,... do 5 for k — 1.9 do MANOVA ensemble in random matrix theory.
- (k) — (k—1) : I  Heavy Ball method can be applied to improve the local convergence of IHT.
x> K _ PY k) X) = Xsec + M 3 XD = P (X —ay [XK) — M]s) + Bk (X *) — X (k1)) ' a i ;
3: y (k) — PM,S (X( )) Pum.s(X) = Xse + Ms * Future works:
* Extend the analysis to the case where inputs are noisy or close to being low-rank.
) zr: () (X)T Method 4 Ops. / Iter. | Local conv. rate | #lters. needed * Convergence under a simple initialization suggests potential analysis of global convergence.
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