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User-defined objective functions

Model   configured by  hyper-parameters f : X × Λ → Y n λ = (λ1, …, λn) ∈ Λ
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Let  be an i.i.d. calibration set used for selecting a 
hyper-parameter combination .

Chosen combination is -risk controlling if:
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δ/T Correct for multiple hypothesis

Configuration selection as Hypothesis Testing - null hypothesis  Hλ : ℓ(λ) > α

Hyper-parameter dimension

Computation
Statistical Power

i ∈ {1,…, c + 1}

Computationally and statistically efficient method for selecting model 
configurations that control multiple risks while minimizing an additional free 
objective function.

Idea

Learn then Test [Angelopoulos et.  al.  ,2021]

Problem Formulation

Pareto Testing [Laufer-Goldshtein et.  al.  ,2023]
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Year 0

1. Compute empirical risk 2. Compute p-values 

3. Test

Pareto front includes irrelevant configurations
•High risk - unlikely to pass the test 
•Low risk - inefficient w.r.t. the free objective 

It might be too sparse near the limit

•Solve a multi-objective optimization problem 
•Recover the Pareto front 
•Perform fixed sequence testing over the front

• Define a region of interest in the objective space.
• Focus on configurations that are both efficient and 

valid.
• Include values that are likely to correspond to 
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Region of Interest

• Given an approximated Pareto front , the 
hypervolume indicator:

  ,   

.
The Hypervolume improvement (HVI): 

• Modify HVI to capture the region of interest.
• Define  to enclose the desired region.
• Incorporate into a Bayesian optimization procedure. 
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HV(𝒫̂; r) = ∫ℝd
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H(𝒫̂; r) = {z ∈ ℝd : ∃ p ∈ 𝒫̂ : p ≺ z ≺ r}

HVI(ℓ(λ), 𝒫̂; r) = HV(ℓ(λ) ∪ 𝒫̂; r) − HV(𝒫̂; r)
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Hyperparameters

Loss weights

Control data balance

Control data balance 
and selection threshold
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per time
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KL regularization weight & 
latent space dimensionality
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