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1 Algorithm Analysis

In this section, we provide a rigorous analysis on the properties and behaviours of the optimisation
algorithm formulated in Section 3.3 (Algorithm 1) of the main paper.

Proposition 1 Eg. (9) has and only has one solution.

Proof. Because 8 > 0, A® s positive definite, i.e., A > 8 > 0 (¢ = 1,...,d). Similarly, B®
is positive semidefinite, i.e., all of its eigenvalues satisfy: /\é’- >0(j =1,...,k). The eigenvalue
decompositions of A(*) and B® are denoted as: A®) = VX ,VT (S, = diag{\?, ..., A2}, VIV =
I),BO = UspUT (Sp = diag{\}, ..., A}, UTU = I). Therefore, Eq. (9) is reformulated as:
SAVIWED T LVTWED gy g = VTCOU, Let W = VIW DT and C = VT CHOU. We
have: S AW + WEp = C.ie. (M +X)wy; =¢; (i =1,...,d; j =1,...,k). Since Af + A5 >0
and W = VIWUHD U Eq. (9) has and only has one solution. O

Proposition 2 Given AW®) = W) — W) ywe have: lim;_, o, |[AW® |2, = 0, ie., Algo-
rithm 1 is a convergent iterative algorithm.
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Proof. Without loss of generality, we normalize all of ||x( )||2, [Ix Hy ||2, and [|y;
to 1 (see Eqs. (6)—(8)). We can easily have: |[AAC—D|2 = |A® — (t 1)HF < ay_1AA,
[ABCD = [BY-BOV} < oy 1 AB, and ACC Y} = [ CO-CE D} < a1 AC,
where AA AB and AC are all positive constants. Moreover, according to the proof of Prop. |1} we
have: ()\“+)\b)w” =€y (i=1,...,d; j =1,..., k). Given that \{ + X? > 3 > 0, we have: |wm\ <
@i;]/8. Since W = va<t+1>U and C = vTé<t>U, we have: ||vv<t+1>\|§m < ICW2./8% <
Mc /3%, where M is a positive constant. By subtracting Eq. (9) at ¢ — 1 from Eq. (9) at ¢, we thus
obtain: AWAW® + AWHB® = AD(~), where AD(~1) = AC(—D — AAC-DW®) —
W®AB-, According to the proof that ||W(t+1)||2 < ||C(t)|| /8%, we can similarly obtain:
[AW® |2, < [AD¢D|2./82%. Since [[AD® V|2 <, 1[AC + (AA + AB)M¢ /B and
limy 100 1 = 0, we have: lim;_, o [AW®||Z = 0. O
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