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Outline

Bilevel optimization
Setup & goals
Algorithmic literature
Examples



Bilevel optimization
Goals

minimize ¢''(x) .
(simple BP)
subject to x € argmin ¢'?)

> Pick the “best” among solutions

> “simplest” > (group-) sparsest

> minimum norm > least noisy

> Origins in game theory (Stackelberg competition)
minimize ®'"(x, ) leader

subject tox € argmin ®?( -, y) follower

> (simple BP) includes many optimization setups (more on this later)
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Bilevel optimization
Goals

minimize ¢'"'(¥)

subject to x € argmin ¢'?)

(simple BP)

> Hard version of regularization

loss

I
minimize o' + ¢?
| S
reqularizer

as o \,0
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Bilevel optimization
Goals

minimize ¢'''(x) i
(simple BP)
subject to x € argmin ¢'?)

> Hard version of regularization

loss
, I
minimize o' + ¢?
| S

reqularizer

as o \,0

> Example: sparse solutions to linear system

minimize o/ v, + ||Ax — b]|? Lasso
subject to x € R"

minimize ||x|}; (N)LP

subject to Ax = b (requires b € range A)

minimize ||x||; Bilevel

subject to x € argmin ||A - — b||?
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Bilevel optimization
Goals

minimize ¢'"'(¥)

subject to x € argmin ¢'?)

(simple BP)

> Hard version of regularization

los>

minimize O'(p "+ (p

ug‘mwc zer

as o \,0

> Suggests penalty-type approach:

1. choose ot < o
2. findx* € argminot 't + @@

3. (o, x) + (ot xT)
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Bilevel optimization
Goals

minimize ¢'"(x)

subject to x € argmin ¢'?)

(simple BP)

> Hard version of regularization

loss

, I
minimize o' + ¢?
| S

reqularizer

as o \,0

> Suggests penalty-type approach:

1. choose ot < o
2. find x* € argminot ™ + 3  HARD!

3. (o, x) + (ot xT)
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Bilevel optimization
Goals

minimize ¢''(x) .
@ (simple BP)

subject to x € argmin ¢

> Hard version of regularization |
0SS

minimize 0‘(p I+ (p

reqularizer

as o \,0

> Suggests penalty-type approach:

1. choose 0 < o (not too small...)

P ﬁﬁdﬂd;e—&rgﬂﬂ-ﬁ;‘;fpﬂJ—k—@lZl Y*:ProxGradGW, 1) . (p(z)(x)

3. (o, x) + (ot, xT)
v/ This talk: (simple BP) without inner solvers

> Throughout, everything convex
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Bilevel optimization

Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ (! lower level ¢ (2)

. ) explicit?
f‘\‘ :\,m f(z) g(z) P

2/12 (9 /46)



Bilevel optimization

Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ (1) lower level ¢ (2) .
c(1) (1) F@ e explicit?
[ Cabot X X \ X

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
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Bilevel optimization

Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ !

lower level ¢ (2)

f(1) (1) F@ e explicit?
Cabot! X X X
MNG? C1, str. cvx X (@ &p X

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
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Bilevel optimization

Algorithmic literature

minimize '/ (x) -

o) (\]

S

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ !

lower level ¢ (2)

.
f(1) N F@ e explicit?
Cabot! X X X
MNG? C1, str. cvx X et &p X
BiGSAM? Ch', str. cvx X Cl, str. cvx v

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014

3. Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017
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Bilevel optimization

Algorithmic literature

minimize " (x) + ¢ (x)

S

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

1pper level ¢ (1) (2) .
U };(‘ “ evel ¢ s lo;v(ezr) level ¢ g(z) explicit?
Cabot! X X X
MNG? C1, str. cvx X et &p X
BiGSAM? Ch', str. cvx X Cl, str. cvx v
iterative-3D* c! X e v

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
35, Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017

4G, Garrigos, L. Rosasco and S. Villa, “Iterative regularization via dual diagonal descent”, J. Math. Imag. Vision 60:189-215, 2018
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Bilevel optimization
Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

uppcr‘ level ¢ (1) lower level ¢ (2) explicit?
»f‘x‘ f\" ) f(Z) g(z)
Cabot! X X X
MNG? C1, str. cvx X et &p X
BiGSAM? Ch', str. cvx X Cl, str. cvx v
iterative-3D* ! X e v
Solodov® cht X ch 5p v

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
35, Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017
4G, Garrigos, L. Rosasco and S. Villa, “Iterative regularization via dual diagonal descent”, J. Math. Imag. Vision 60:189-215, 2018
SM. Solodov, “An explicit descent method for bilevel convex optimization”, J. of Conv. Anal. 14(2):227, 2007
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Bilevel optimization

Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

uppcr‘ level ¢ (1) lower level ¢ (2) explicit?
,f“‘ f\" ) f(Z) g(z)
Cabot! X X X
MNG? C!, str. cvx X cLl Sp X
BiGSAM® Ch!, str. cvx X Ch', str. cvx v
iterative-3D* cL1 X et v
Solodov® cht X ch 8p v
this talk — adaBiM ch+ cL—+ v

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
35, Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017
4G, Garrigos, L. Rosasco and S. Villa, “Iterative regularization via dual diagonal descent”, J. Math. Imag. Vision 60:189-215, 2018
SM. Solodov, “An explicit descent method for bilevel convex optimization”, J. of Conv. Anal. 14(2):227, 2007
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Bilevel optimization
Algorithmic literature

minimize " (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ (1) lower level ¢ (2) explicit?
R B CR
Cabot! X X X
MNG? C1, str. cvx X et &p X
BiGSAM? Ch', str. cvx X Cl, str. cvx v
iterative-3D* e X e v
Solodov® cht X ch 5p v
this talk — adaBiM ch+ cL—+ v

> Solodov & adaBiM both “adaptive”: estimate local Lipschitz moduli

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
35, Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017
4G, Garrigos, L. Rosasco and S. Villa, “Iterative regularization via dual diagonal descent”, J. Math. Imag. Vision 60:189-215, 2018
SM. Solodov, “An explicit descent method for bilevel convex optimization”, J. of Conv. Anal. 14(2):227, 2007
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Bilevel optimization
Algorithmic literature

minimize /"' (x) + ¢ (x)

subject to x € argmin f'?) + ¢(?)

Proximal gradient structure: ') smooth, og") + ¢?) “prox-friendly”

upper level ¢ (V) lower level ¢ (2) explicit?
A i
Cabot! X X X
MNG? C1, str. cvx X et &p X
BiGSAM? Ch', str. cvx X Cl, str. cvx v
iterative-3D* e X e v
Solodov® cht X ch 5p v
this talk — adaBiM ch+ cL—+ v
this talk — staBiM cL! CcL! v

> Solodov & adaBiM both “adaptive”: estimate local Lipschitz moduli

> adaBiM “fully adaptive”: insensitive to param. initialization (more on this later)

TA. Cabot, “Proximal point algorithm controlled by a slowly vanishing term: applications to hierarchical minimization”, SIAM J. Opt. 15(2):555-572, 2005
2A. Beck and S. Sabach, “A first order method for finding minimal norm-like solutions of convex optimization problems”, Math. Prog. 147(1-2):25-46, 2014
35, Sabach and S. Shtern, “A First Order Method for Solving Convex Bilevel Optimization Problems”, SIAM J. Opt. 27(2):640-660, 2017

4G, Garrigos, L. Rosasco and S. Villa, “Iterative regularization via dual diagonal descent”, J. Math. Imag. Vision 60:189-215, 2018

SM. Solodov, “An explicit descent method for bilevel convex optimization”, J. of Conv. Anal. 14(2):227, 2007
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Bilevel optimization
Examples: primal-dual splitting

In the previous talk: primal-dual splitting methods

minimize f(x) + g(x) + h(Ax)

/ feCl (eg.feC?
> g,h “prox-friendly”
v linesearch-free (traditionally, either f € C!'' or LS needed)

CY*: locally Lipschitz differentiable functions
cLl. ” ” ”
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Bilevel optimization
Examples: primal-dual splitting

In the previous talk: primal-dual splitting methods

minimize f(x) + g(x) + h(Ax)

/ feCl (eg.feC?
> g,h “prox-friendly”
v linesearch-free (traditionally, either f € C!'' or LS needed)

Bilevel reformulation

minimize f(x) + g(x) + h(z)

subject to (x,z) € argmin [|Au — v||?

1,0

CY*: locally Lipschitz differentiable functions
C] . ” ” ”
3/12 (19/46)



Bilevel optimization
Examples: primal-dual splitting

In the previous talk: primal-dual splitting methods

minimize f(x) + g(x) + h(Ax)

/ feCl (eg.feC?
> g,h “prox-friendly”
v linesearch-free (traditionally, either f € C!'' or LS needed)

Bilevel reformulation
Fm g

1 | E— |
minimize f(x) + g(x) + h(z)
subject to (x,z) € argmin [|Au — v||?
U, ‘(—2)'
f

CY*: locally Lipschitz differentiable functions
C] . ” ” ”
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Bilevel optimization
Examples: nonlinear programs

Nonsmooth nonlinear programs:

minimize f(x) + g(x)
subject to Ax =b, h(x) <0

v fiheC' (eg.f,heC?)
> ¢ “prox-friendly”
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Bilevel optimization
Examples: nonlinear programs

Nonsmooth nonlinear programs:

minimize f(x) + g(x)
subject to Ax =b, h(x) <0

v fiheC' (eg.f,heC?)

> ¢ “prox-friendly”

Bilevel reformulation

minimize f(x) + g(x)

subject to x € arg min ||Au — b||* +
u

convex and Ch+

\J
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Bilevel optimization
Examples: nonlinear programs

Nonsmooth nonlinear programs:

minimize f(x) + g(x)
subject to Ax =b, h(x) <0

v fiheC' (eg.f,heC?)
> ¢ “prox-friendly”

Bilevel reformulation
FO g

— |
minimize f(x) + g(x)
subject to x € argmin ||Au — b||* +

£

convex and Ch+

\J
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Outline

An adaptive proximal gradient solver
Precursors
adaBiM
staBiM



An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD
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An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < 0y_1
> Idea: projected gradient step on penalized problem

minimize oy V) (x) + f?) (x)  subjecttox € D
L
fe(x)
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An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < 0y_1
> Idea: projected gradient step on penalized problem
minimize oy V) (x) + f?) (x)  subjecttox € D
L
fe(x)
2. 2 =TT (6 — o V(1))

5/12 (27/46)



An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < Ok—1
> Idea: projected gradient step on penalized problem

minimize oy 1 (x) + f?) (x)  subjecttox € D
fre(x)
2. xb =TIp (1 — o Vi (xF 1))
0 = OtmaxN™, with m € IN the smallest such that

Seld) el + v (VA 2 =)
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An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < Ok—1
> Idea: projected gradient step on penalized problem

minimize crkfm (x) +f(2) (x) subjecttox € D
fre(x)
2. b =TIp (1 — o Vi (xF1))
O = OmaxN™, with m; € IN the smallest such that

SeldR) < el + (VAT 2 =)

> v,n € (0,1) and otmay fixed at initialization
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An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < Ok—1
> Idea: projected gradient step on penalized problem

minimize crkfm (x) +f(2) (x) subjecttox € D
fre(x)
2. b =TIp (1 — o Vi (xF1))
Ok = OmaxN™, with m € IN the smallest such that

FF) AT v (VAT 6 =24

> v,n € (0,1) and amay fixed at initialization

X cost evaluations v no gradient evaluations
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An adaptive proximal gradient solver

Precursors

Solodov’s method (fV), f?) ¢ cl:+)

minimize f M (x)

subject to x € argminf® (u)
ueD

Iteration k
1. choose inverse penalty o < Ok—1
> Idea: projected gradient step on penalized problem

minimize oy 1 (x) + f?) (x)  subjecttox € D
L —
fe(x)

2. b =TIp (1 — o Vi (xF1))
O = OmaxN™, with m € IN the smallest such that

Seld) el + v (VA 2 =)

Omax fixed = not “full)y” adaptive
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize f(x) + ¢ (x)

subject to x € argminf? + ¢(?)
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize ™ (x) + ¢ (x)

subject to x € argminf? + ¢(?)

Iteration k
1. choose inverse penalty o < Ox_1

> Same idea: proximal gradient step on penalized problem
minimize oy f™") (x +f —|— Gkg D) +¢% ()
Jilx 8k (¥)
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize f(x) + ¢ (x)

subject to x € argminf? + ¢(?)

Iteration k
1. choose inverse penalty o < Ox_1
> Same idea: proximal gradient step on penalized problem
minimize oy f™") (x +f —|— Gkg D) +¢% ()
fielx 8k (x)

(xkfl _ O(,/\ka(xkfl))

k
2. x = Pprox, .
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize f(x) + ¢ (x)

subject to x € argminf? + ¢(?)

Iteration k
1. choose inverse penalty o < Ox_1
> Same idea: proximal gradient step on penalized problem
minimize oy f™") (x +f + GAg D) +¢% ()
fie(x 8k (x)
k_ k— —
2. 2 =prox_ (1 — o V()
o = g™, with m; € IN the smallest such that

(Vfi(xk) = VHi(x*1), 2k — k1)
" EEEEIE

<v
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize ™ (x) + ¢ (x)

subject to x € argminf? + ¢(?)

Iteration k
1. choose inverse penalty o < Ox_1
> Same idea: proximal gradient step on penalized problem
minimize oy f™") (x +f + cng D) +¢% ()
Jilx 8k (¥)
k—1 k—1
X8k (x - (kaﬁf (x ))

o = o™, with my € IN the smallest such that

<ka(xk) - ka(xk_l)a xk - xk_1>
&k [k — 1|2

2. xk = prox

<v

> v,mn € (0,1) fixed at initialization, o “fully” adapting to local geometry

X gradient evaluations v no cost evaluations
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An adaptive proximal gradient solver
adaBiM

adaBiM (f(1) (2 ¢ cl+)

minimize f(x) + ¢ (x)

subject to x € argminf? + ¢(?)

1— 4( )cxke‘z]
K1 = min T (1 + pp) = oty e T Oty
Ok—1 O'k+1 2\/ocklk[ockck71]+ Ok+1

g = ST VEETDAAT) ey (OB
- ||k —xk =112 k= F 1|2
0 = - I _ o
F T (R ) T k1) ok T) Pk = o wm

recovers adaPGM! (previous talk) when o} constant

Ip, Latafat, AT, L. Stella and P. Patrinos, “Adaptive proximal algorithms for convex optimization under local Lipschitz continuity of the gradient”,

arXiv:2301.04431, 2023
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An adaptive proximal gradient solver
adaBiM

adaBiM (fV r?) ¢ cl+)

minimize f(x) + ¢ (x)

subject to x € argminf @ 4 ¢

1— 4(177)%(&(2]
1 = min T (1 + pg) = oty A T Oty
Ok—1 Uk+1 2~/ ol logep—1] 4 Ok+1

g = ST VEETDAAT) ey (GO d )
= 12 = F—F 12
> o = AAEH-VEEE D)2 — oK%
o (e (k)= i (k1) ok —xk—T) Pk = 5 i

recovers adaPGM! (previous talk) when o} constant

v 0tmax can be set arbitrarily large (speed/backtracks unaffected)

Ip, Latafat, AT, L. Stella and P. Patrinos, “Adaptive proximal algorithms for convex optimization under local Lipschitz continuity of the gradient”,

arXiv:2301.04431, 2023
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A nonadaptive proximal gradient solver
staBiM

staBiM (f(1), f2) ¢ cb1)

minimize f(x) + ¢ (x)

subject to x € argminf? + ¢(?)

When Vf) are globally Lipschitz with known moduli L,

- v
okLeay + Ly

works, without linesearch

X Conservative choice, prone to slower convergence

> Evenif L) known, adaptive tuning of adaBiM is preferable

7/12 (39/46)
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Simulations
Logistic regression
Integral equations
Minimum {!-norm problems
Number of backtracks



Simulations

Minimum €2-norm logistic regression

minimize ||x||?
subject to x € arg min % > {yilogsi(w) + (1 —y;) log(1l —s;(w))}
w

> si(x) = (1+ exp(fa;rx) )1 logistic sigmoid function

> in Solodov-¢, otmax = /Loy

[-e-2daBiM - - staBiM —— BIGSAM -5 Solodov-1 -6~ Solodov-10 -6~ Solodov-100

mushroom dataset (m = 8124,n = 112, density = 0.19) aSa dataset (m = 6414, = 123, density = 0.11) phishing dataset (m = 11055, 1 = 68, density = 0.44)
. : . o . , . . . .
T = 101 \\\\»
feasibility £ \N\KM
Ivf @) E
o .
~t-e e
o Tow 20w 30w o T zow 30w o T 200 3000

10

optimality 10 Lo
) —gp*
max{1,[p*[} 1001 1001
0 1000 2000 3000 0 1,000 2000 3000 0 T000 2000 3000
#of calls to V£V + # of calls to V% #of calls to V") + # of calls to V2

#of calls 10 Vf™ +# of calls to Vf®
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Simulations

Solution of integral equations

> Q= LTL+1, with L discrete gradient

minimize } ||x||2Q

subject to x € argmin{HAw— b|* + 5;0(10)}
w

> in Solodov-c, Xmax = /Loy

feasibility
o]

optimality

) —g*
max {1,[¢*}

1041 where v € 6@y

[-e-2daBiM - x- staBiM - BIGSAM —&- Solodov-1 &~ Solodov-10 -6~ Solodov-100

= 1000, ¢ = 001, foxgood

=100, ¢ = 0.01, phillips

10/

100

107

10

102

10"

100 200 300 400
#of calls to T/ + # of calls to V)

°

500 1000 1500
#of calls 1o V0 + # of alls to /)

200 400 600 800
#of calls to V) + # of calls to V™
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Simulations

Minimum €!-norm problems

> logistic regression and linear inverse problems (¢ = ¢ = || - ||1)

> only adaBiM and staBiM can handle a nonsmooth upper cost

> staBiM can stagnate on ill-conditioned problems

‘mushroom dataset (m = §124,1 = 112, density = 0.19)

~6-adaBiM - x- staBiM

m =400, = 1000, n, = 100

m =400, n = 4000, n, = 100

feasibility
oo™

10°

10!

107!

107

2500 5000 7500 10,000

2500 5000 7500 10,000

optimality

o) —¢*)
max (1,1 * 1)

0 200 400 600 800 1000
#of calls to U + # of calls to V@

R T

2500 5000 7500 10,000
#of calls to Tf ™) + # of calls to /2

2500 5000 7500 10,000
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Simulations
Cumulative number of backtracks

adaBiM Solodov
> unaffected by parameters choice > max severly affects performance
> # of backtracks counted in > # of backtracks not counted in
previous plots previous plots
(each involves 1 Vfi-eval) (each involves 1 fr-eval)

-0~ adaBiM —5- Solodov-1 -5~ Solodov-10 &~ Solodov-100

aSa dataset (m = 6414,n = 123, density = 0.11) m =400, n = 4000, n, = 100 = 1000, ¢ = 0.01, baart

cumulative # of backiracks
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Conclusions

Bilevel problems
> very general framework
> active area of research

adaBiM
> extends adaPG? to bilevel problems
> handles nonsmoothness on both levels
> ~parameter-free, (fully adaptive)

> (even when not needed)
All the details in

P. Latafat, AT, S. Villaand P. Patrinos, “AdaBiM: An adaptive proximal gradient
method for structured convex bilevel optimization”, arXiv:2305.03559, 2023

termination criteria
non“simple” bilevel programs

ox: adaptive penalty selection

2p, Latafat, AT, L. Stella and P. Patrinos, “Adaptive proximal algorithms for convex optimization under local Lipschitz continuity of the gradient”,
arXiv:2301.04431, 2023
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