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Problem and Motivation

Non-Convex Constrained Optimization.

Homeomorphic Constrained Optimization
Original Space

Performance Analysis

Hom. Space Assumptions.

min fp(x), st x € K, ® Smooth objective and constrained functions

min fy(x) s.t.x € Ky mzin Hy(z) st.ze B
X

; w ; ® ¢, is the INN approximation error (including function and

e x € R” is the decision variable R o x = ®4(2) 7T 4 J:::gbian approximation)
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* Jo can be non-convex P SO T S ® KKT stationary point equivalence. A point is a KKT stationary

e Ky = B for any 6 and is non-convex & 2= 3:1(x) point of (P) if and only if it’s a KKT stationary point of (H) under
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: . : ’ Convergence Rate of Hom-PGD+.

/ Non/LOW_Conve rgence for CIaSSICaI prOJeCtlon-based methOdS @ Initial point == [teration trajectory % Optimal point Objective: Hg(z) = fg(Py(z)) Constraint: §= (I)(;]()C) g

Theorem. Hom-PGD+ with a constant step-size can find an € +
O (\/€nn) approximate KKT stationary point in O (e ™) iterations.
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High complexity to ensure feasibility Learned Homeomorphism in Practice: Invertible Neural Network

Research Gap: efficient optimization over a structured
non-convex set with fast convergence and low per-
iteration cost

Per-Iteration Complexity: O (/) where W is the INN size. Usually,
W = 0(n?) make excellent performance in practice.

lllustration Example: QCQP
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We propose Hom-PGD+ as the first projection-efficient, learning-based first-
order framework capable of solving optimization over a broad non-convex
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Gradient descent: z; 1 = z; — . VHg(z})
Projection: z;..; < BPg (zx+1) if Po(zr+1) € Ko

set while achieving the fastest convergence rate in the SOTA methods

end for
Output: xx = (I)o(ZK)

(b) ALM iter.

(c) Hom-PGD" iter.




