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Introduction Contributions

. . NN s P
O Focus: Improving stability of Bi-level Hyperparameter | O Propose to stabilize alternating gradient based bi-level | MY regularlz.at.loh of fis fl/ﬂ(')_ -— i f(:r) + &l — 2l
Optimization for ill conditioned problems. HPOs through our Moreau-Yosida regularized algorithm. O Steps 2, 3 minimize Moreau-Yosida regularized L, Ly
_ _ _ which adds stability under ill-conditioned settings.
Hyperparameter Optimization (HPO) Q Provide convergence analysis for MY-HPO algorithm. Q Step 4 lends to additional stability by ensuring the primal
Q Provid irical lts i t of thod. constraint w = A ¢ is not considerably violated.
U HPO is indispensable for optimal ML model building. rovige empirica’ resuts In stpport of our metho Y

Moreau-Yosida Regularized bi-level HPO (MYHPO)

O Broadly two generic approaches, U German Traffic Sign '30” vs. '80’ Recognition Data:

— Algorithm _independent approaches: Grid Search, Q Ref_ormulate the*HPO problem to solve, — Validation Loss: Ly = 5= 3", oy, log(1 + e~ %)
Random Search, Bayesian Optimization, Bandit-Based I)I\lm Ly(w,\*) + Ly (A, qu*()\)) B _ Training Loss: L1 = NLTZx‘ETbg(lJre—yinxi)+6AHW||%
Search. ’ * * * — Train (N ; ize = imension =
Where, W = qu* (/\) _ )\(f)l + ¢0 = A ¢*, A= [/\I\I] Train (N7) ,Val (Ny) , Test set size = 1000. Dimension = 1568 (HOG)
— Direct Optimization approacheS' Bi-Level optimization * Table 1: Loss values compared to popular HPO algorithms in Auptimizer [2].
* ’ )\* ¢* — i _ iS an Optlma| SOIution given by OraCIe HPO SHO MyHPO (C) MYHPO (BT) RaNDOM GRID HYPEROPT SPEARMINT
i i ; . TRAIN (<10 °)| 6.83 £ 1.04 3.26 =25 431 +12 47.48=117.3 0.09£0.01 11.9+£30.5 0.09£0.0
Analytlc Bound based model selection. ¢0 \Ij\r\: ((xxllu‘z) 104,35 il'z..‘n 14,3512.38 13,913 ilz.s 39.85 1175.'1 23.5 + 6.6 i&&)i 11.7 2.‘5:‘5j:6‘61

Bi—Level Hyperparameter Optimization D Proposition 1 ShOWS Solvlng (3) :> (2) '1‘ESTC><1(]_2) 14.04 £ 1.82 13}?:&.2‘25 18.59+1.9 38.6 £+ 70.6 21\.;~Lazltiz.a2tiol:ﬁj:8.5 21.8 5.2

Q Casts HPO as bi-level optimization, U (MY-HPO Algorithm) Solving (3) involves the stkeps, 5 =
+1 _ k+1 s =
. . Vv v = S
A" e arg)l\nm Ly (A, argmin Lr(w, \)) (1) [Step 1]: ¢ ™' = v+l = ZU;?H; Py = —k = =
w - 8 - g
k+1 __ : J k - -
LV = Validation LOSS A — Hyper parameters Where V + - argmln LT(V’ A ) 107 104 10% 107 104 10
v Number of iterations Number of iterations
Lt = Training Loss w = Model Parameters [Step 2];Wk+l = argmin Lt (W, Ak) + (uk)T(w — Akq§k+1) Fig.1 Convergence behavior of SHO vs. MY-HPO for different step-sizes.
w 0 — MY-HPO algorithm outperforms the baseline algorithms.
ko k+1)2 - . . .
Q Popular approach SHO [1] use best-response function, + 5”“’ — ATz = SHO destabilizes for higher step sizes (Fig. 1)
. — MY-HPO accommodates higher step-size and improves convergence.
. . Step 3]: \*t! = argmin Ly () A
At e argimn Ly (A, Gg(A)) s.t. Gg(A) € argmin Ly (w, A) [Step 3] g/\ V( ’G‘f’kJrl( )) — Additional results available in paper.

: 2) p
ere, Galh) XD 16 5 € angmin Lo (A 61 )T = AGH) & L A y
where, G (A) = Ay + ¢ ;b € arg;nm r(A6,)) Q Proposed MY-HPO algorithm to stabilize bi-level HPO.

Lokl k k41 pAk+1 g k+1
[Step 4]: u =uw +p(w AT U Provide convergence guarantees for MY-HPO algorithm.

U Solved through alternating gradients (see SHO [1])

(| Thzorletlcal convergence analysis are provided in Prop. 2 Q Provide empirical results in support of our method.
and Claim 1.
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