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Online Inverse Linear Optimization: 
Efficient Logarithmic-Regret Algorithm, Robustness to 
Suboptimality, and Lower Bound

[Sakaue, Tsuchiya, Bao, Oki, NeurIPS’25]

Optimal Estimation of the Best Mean
in Multi-Armed Bandits
[Osogami, Honda, Komiyama, NeurIPS’25] 

For 𝑡 = 1,… , 𝑇:

Agent

Observe feasible region 𝑋𝑡 and

take action 𝑥𝑡 ∈ argmax
𝑥∈𝑋𝑡

𝑐∗, 𝑥 .

Make prediction Ƹ𝑐𝑡 ∈ 𝔹𝑛 of 𝑐∗.

Forward optimization

Learner

Problem Setting

Observe 𝑋𝑡, 𝑥𝑡 and update from Ƹ𝑐𝑡 to Ƹ𝑐𝑡+1.

Goals
• Return an interval of width 2𝜀 that contains the best mean 𝜇⋆ ≔ max

𝑖∈ 𝐾
𝜇𝑖 with 

probability ≥ 1 − 𝛿

• Minimize the sample complexity 𝔼[𝜏]

Applications: Estimating the worst performance of AI models across tasks, users, 

etc. with minimal test cases

Main results

Lower bound: For Gaussian rewards with variance 𝑅2, the sample complexity 

𝔼[𝜏] of any correct algorithm must satisfy

liminf
𝛿↓0

𝔼 𝜏

log 1/𝛿
≥ 2𝑅2𝑓(𝝁)

Upper bound: For 𝑅-sub-Gaussian rewards, EllipsoidEst is correct, and its 

sample complexity satisfies

lim
𝛿↓0

𝔼 𝜏

log(1/𝛿)
= 2𝑅2𝑓(𝝁)

Key ideas
Stopping rule based on confidence ellipsoid

⟹ Stop sampling when

෍

𝑖∈ 𝐾

𝑁𝑖 𝑡 Ƹ𝜇𝑖 𝑡 − 𝑈 𝑡 + 2𝜀 +
2 ≥ 𝛽 𝑡, 𝛿

for correctness

Ƹ𝜇𝑖 𝑡 ≔
1

𝑁𝑖 𝑡 + 𝜆
෍

𝑚=1

𝑁𝑖(𝑡)

𝑥𝑖,𝑚

𝛽 𝑡, 𝛿 ≔ 2𝑅2 log(1/𝛿) + 𝐾𝑅2 log 𝑡 + 𝐾𝜆𝑆2

ෝ𝝁(𝑡)
𝛽(𝑡, 𝛿)

𝑁1(𝑡)

𝛽(𝑡, 𝛿)

𝑁2(𝑡)

Confidence interval for 𝜇2

Confidence interval for 𝜇1

𝜇1

𝜇2

Confidence ellipsoid:

𝝁 is in the ellipsoid for all 𝑡 
with high probability

𝑈(𝑡)𝑈(𝑡) − 2𝜀

𝑈(𝑡)

𝑈(𝑡) − 2𝜀

Can stop with ellipsoid

Regret

𝑅𝑇
𝑐∗ ≔ σ𝑡=1

𝑇 𝑐∗, 𝑥𝑡 − ො𝑥𝑡 = σ𝑡=1
𝑇 𝑐∗, 𝑥𝑡 − σ𝑡=1

𝑇 𝑐∗, ො𝑥𝑡 for  ො𝑥𝑡 ∈ arg max Ƹ𝑐𝑡 , 𝑥 𝑥 ∈ 𝑋𝑡 . 

Opt. val. Val. of learner’s action

𝑐∗ ∈ 𝔹𝑛 : linear objective vector of forward optimization.

𝑋𝑡 ⊆ 𝔹𝑛 : feasible region of forward optimization.

Our results

• ONS-based method with 𝑅𝑇
𝑐∗ = 𝑂(𝑛 log 𝑇); the per-bound 

complexity is independent of 𝑇.

–The first method to have these two desirable properties!

• MetaGrad-based method to handle suboptimality of 𝑥𝑡.

• Lower bound of 𝑅𝑇
𝑐∗ = Ω(𝑛).

Geometric Resampling in Nearly Linear Time for Follow-
the-Perturbed-Leader
with Best-of-Both-Worlds Guarantee in Bandit Problems

[Chen, Lee, Honda, ICML’25]

▪ We study the complexity and optimality of Follow-the-Perturbed-Leader 
(FTPL) policy in    -armed bandit problems, which is known to:

1. Achieve Best-of-Both-Worlds (BOBW) optimality. [1]
2. Suffer             computational cost at each round for the procedure called 

Geometric Resampling (GR).
→ It’s important to improve the computational efficiency.

▪ We propose a novel technique to replace GR.
→ Reduce the average complexity to                      with better regret.

(Under Fréchet distribution with 𝛼 = 2) 

# of resampling

better

Regret of FTPL: CGR II ≤ CGR I ≤ Original GR, thanks to the smaller variance.

◼ Expected number of resampling: CGR II < CGR I.
◼ Cost of resampling once: CGR I < CGR II (though both are ).
→ Runtime: CGR I always runs faster than CGR II.

CGR I Samples More Than CGR II but Runs Faster:

Experimental results in adversarial setting; results in stochastic setting (shown in paper) is similar.

Corrupted Learning Dynamics in Games
[Tsuchiya, Ito, Luo, COLT’25]
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