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The Problem Formulation

What is RBO?
® The bilevel optimization problem with variables lying on manifolds
(Mg, M,).
® Formulation:

min  F(z) := f(z,y*(x)),

st.  y*(x) = argming(z,y),
yEM,,

e Applications: Riemannian meta-learning, hyperparameter
optimization, low-rank adaptation.
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Comparisons with Related Works

Table 1: Comparisons of first-order and second-order complexities for reaching an
e-stationary point.

Methods Space Adaptive Type Gy Gy JV, HV,
D-TFBO Euc , bee O/ 0O/ 0(/g O/
S-TFBO O(1/e) O(1)e)  O(1)e)  O(1/e)

RHGD-HINV O(1/e) O(1/e)  O(1/e) NA
RHGD-CG Det O/ O(lfe)  0O(1/e) O(1/e)
RHGD-NS Rie X O(1/e) O(1/e)  O@1fe) O(1/e)
RHGD-AD O(1/e) O(1/e)  0O@1/e) O@1fe)

RSHGD-HINV FS  O(1/&) 0(1/) 0(1/&) NA
RieBO Rie X Det  O(1/e) O(1/e)  O(1)e) O(/e)
RieSBO Sto  O(1/2)  O1/2) 0@1/E) O(1/)

RF2SA Ri X Det O(1/72) O(1/S72)  NA NA

RF2SA © Sto  O(1/€7/2) O(1/€/?)  NA NA
AdaRHD-GD (Ours) Rie v Det O(1/e) O(1/e?)  0(1)e) O(1/€?)
AdaRHD-CG (Ours) O(1)e) 01/ 01/ O@/e)
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Adaptive Riemannian Hypergradient Descent

Main Idea: A fully adaptive step size strategy that requires no prior
parameter knowledge.
Strategy: Adapting the step sizes based on accumulated Riemannian

(hyper)gradient norms.
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Adaptive Riemannian Hypergradient Descent
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(hyper)gradient norms.
Inner Loops (Find §; and 0, €, = ¢, = 7):

* While ||gyg($tayf)”ib~ > €y
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hd Wh|le ”VUR(xtaytI(ta’Utn)”iKt > €y -
t

CiJrl = 0721 + ||VUR(xt7ytvv?)”32}ta
n+1 n 1 N n
v =0 — ——V R(t, G, vf).

cn+1

Or @t = TSCG(Hyg(xhyth);gyf($tvyth)7/Uga€U)'
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Adaptive Riemannian Hypergradient Descent

Main Idea: A fully adaptive step size strategy that requires no prior
parameter knowledge.
Strategy: Adapting the step sizes based on accumulated Riemannian
(hyper)gradient norms.
Outer Loop (Update z):

e Compute approximate hypergradient:

Q\F(mhythavin) = ng(.fCt7ytK") - giyg(xtaytl(t)[vivt]’
e Update adaptive term: a2, = a2 + ||GF (a, y*, v]¥)||?

e Update z: 2441 = Expmt(—rﬂgF(mt,yf{t,vivf))
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Adaptive Riemannian Hypergradient Descent

Main Idea: A fully adaptive step size strategy that requires no prior
parameter knowledge.
Strategy: Adapting the step sizes based on accumulated Riemannian
(hyper)gradient norms.
Outer Loop (Update z):

e Compute approximate hypergradient:

Q\F(mhythavin) = ng(.fCt7ytK") - giyg(xtaytl(t)[vivt]’
e Update adaptive term: a2, = a2 + ||GF (a, y*, v]¥)||?

e Update z: 2441 = Expmt(—rﬂgF(mt,yf{t,vivf))

AdaRHD is the first fully adaptive, parameter-free algorithm for
RBO.
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Theoretical Guarantees

Theorem 1

The sequence {z;}1_, generated by AdaRHD satisfies,

r—1
1 2 C 1
— < —_— = —_—
7 2 I6F @I, < 7 =0 (T> ,

where C' is a constant.
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Theoretical Guarantees

The sequence {z;}1_, generated by AdaRHD satisfies,

r—1
1 , _C (1
7 2 I6F@)l, < 7= 0 <T> ’

where C' is a constant.

Why is this important?
® This complexity matches the rate of existing non-adaptive methods.
® We achieve that:

@ Practicality: No need to know or tune parameters carefully.
@® Efficiency: Same theoretical convergence speed.

® The same guarantee holds when using computationally cheaper
retraction mappings instead of exponential mappings.
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Experiments: Demo Problem

max trace(M*(W)XTYW )

West(d,r)
s.t. M*(W) = argmin (M, X"X)+ (ML, WYTYW ' +\I).
Mesq |
k I S —
Time(s) ® % Chpoens T Time(s) ® % Chpoens T

Figure 1: Performances of methods in Figure 2: Performances of methods in
n = 100. n = 1000.
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Hypergrad Norm

Experiments: Robustness is Key

o Z y;l' 10g(SPDl’let(Di;A1,AQ,A3)B*(A1,A2,A3))

min
D, J
A1, Az, As i€Dyal Dl
s.t. 5*(A1,A27A3) =
.
. y; log(SPDnet(D;i;A1,A2,A3)8) | A 2
argmin — Y. D] + 5 11B1°,
BeERT(r+1)/2  4€Dy,
A e St(d, dl), A, € St(dl,dg), Aj e St(dg,’l‘),
Ours (AdaRHD-CG) Baseline (RHGD-20)
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Converges for all step sizes. Fails for large step sizes.
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