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1. Context & Motivation: Bilevel Optimization 2. Penalty Based Global Analysis
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Second order information: SGD-based [Ghadimi & Wang, 18], [Hong et al, 23], [Ji et al, 21], [Chen et \ ]
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Fully first order information: Strongly convex lower-level [Kwon et al, 23], [Chen et al, 23]; convex = the PL condition of f(x,y) and g(x,y) — g*(x) has ladditivity
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Local minimum convergence.

Adding random uniform noise helps escape saddle points [Huang et al, 23, Chen et al, 23] 4 Theo retl Cal An aIySIS & Case Stu dy

Importance of global convergence: 0 Additivity of PL functions: A special case

Global solution in high-stakes field: Theorem (Additivity of PL functions)

reliability, safety, and cost-effectiveness Linear composited with strongly convex functions hi(Az),h2(Bz) are PL

functions. Moreover, the addition of them hi1(Az) + he(Bz) is PL function.
NP hard in general. [Vicente et al, 94]

Computationally heavy or special problem PL functions — linear composited with strong convex function has additivity
setting. [GUmuUs et al, 01], [Jeyakumar et al,
16], [Muu et al, 03], [Wang et al, 21, 22], ...  Data hyper-cleaning: Blockwise PL condition
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[ g(z,y) convex J S(z) PBGD-B converges almost linearly to the global optimal solution of the data hyper-cleaning
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For overparameterized setting, £ (u,v) Is joint PL over the PBGD-J trajectory.
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PBGD-J converges almost linearly to the global optimal solution of the representation learning
3. Penalty Based Algorithms 5. Empirical Validation and Future Direction
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—  Theorem (almost linear convergence to global optimum)

] . . -
Under either joint PL or blockwise PL conditions and lower-level PL condition, consider running PBGD-B/J converges almost linearly to the global optimal solution:

PBGD-J or PBGD-B for £ = 1, 2, ...., K. With small enough step sizes and T, > loge ' , it holds Future Direction:

Ly (@x,yx) —minLy(2,y) < (L - ap)” (ﬁv (%0, 90) = f?,%,nﬁ'v(mvy)) 0  Extend the global analysis to neural network model
 Investigate more bilevel coupling structures

= Withy = €793, it implies the O((loge™')?) iterations to global optimum
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