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World of Hyperparameter Optimization
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Grid Search for AutoML

unknown &
expensive-to-evaluate
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Parameter Type Scale Range : Number of Options

|
Batch size Integer Log-scale [16, 512] : 10

I

|
Learning rate Float Log-scale [1e-4,1e-17 | 10

|

I
Momentum Float Linear [0.1, 0.99] : 10

I
Weight decay Float Log-scale [1e-5, 1e-1] : 10

I

I
Number of layers Integer Linear {1, 2, 3, 4} : 4

|
Max units per layer Integer Log-scale [64, 1024] : 10

I

I
Dropout Float Linear [0.0, 1.0] | 10

I
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Grid Search for AutoML
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Bayesian Optimization

Black-box optimization: unknown &
Q expensive-to-evaluate
Input hyperparameters — .‘

s Performance metric
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Bayesian Optimization

Black-box function:

-
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Goal: max,cy f(x)
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Bayesian Optimization

Black-box function: unknown &

‘ expensive-to-evaluate
X — .‘ . f

Goal: supE max f(x;)

limited #evaluations
pOIiCy t=1,2’---,T
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Bayesian Optimization

Black-box function: unknown &

‘ expensive-to-evaluate
X — .‘ . f

Goal: supE max f(x;)

limited #evaluations
pOIiCy t=1,2’---,T

Key 1dea: maintain probabilistic belief about f
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Bayesian Optimization
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Bayesian Optimization
Collect data
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Bayesian Optimization

Collect data
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Bayesian Optimization
Collect data
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Bayesian Optimization
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Classic Acquisition Functions

* Improvement-based
* Entropy-based
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* Upper Confidence Bound
* Thompson Sampling
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New Acquisition Function: Gittins Index

* Improvement-based
* Entropy-based

- Wa A

* Upper Confidence Bound
* Thompson Sampling
*My work: Gittins Index
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New Acquisition Function: Gittins Index

* Improvement-based
* Entropy-based

W *Upper Confidence Bound

* Thompson Sampling

\J \/ *My work: Gittins Index

Why another acquisition function?
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Under-explored Practical Considerations

m Varying evaluation costs
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Under-explored Practical Considerations

m Varying evaluation costs
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Under-explored Practical Considerations

m Varying evaluation costs
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Under-explored Practical Considerations

m Varying evaluation costs _

@ Smart stopping time —  New design principle:

Gittins index

T
T3 Observable multi-stage feedback |
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Under-explored Practical Considerations

m Varying evaluation costs - Gittins index

Cost-aware
% Smart stopping time Stopping-aware
I .
01 Observable multi-stage feedback - Feedback-aware
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Under-explored Practical Considerations
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Under-explored Practical Considerations

m Varying evaluation costs

% Smart stopping time

T
g Observable multi-stage feedback

7/3/25

Qian Xie (Cornell ORIE)

Gittins index

Cost-aware

Stopping-aware

Feedback-aware

Optimal 1n simplified problems

27



Coauthors

m Varying evaluation costs
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Cost-aware Bayesian Optimization

[Lee, Perrone, Archambeau, Seeger’21]
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Cost-aware Bayesian Optimization

[Lee, Perrone, Archambeau, Seeger’21]
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Cost-aware Bayesian Optimization
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Cost-aware Bayesian Optimization
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Cost-aware Bayesian Optimization
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Cost-aware Bayesian Optimization Pandora’s Box

N - [Weitzman’79]
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Cost-aware Bayesian Optimization

Pandora’s Box
[Weitzman’79]
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Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]
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Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]

*
) h. O O o
\ \
f) B =B B -EE @
N = 0 o = =
am 1 o c(®)
C (x) 0.0 0.2 0.4 0.6 0.8 1.0
Continuous Discrete
Correlated Independent
Ebc & Cps Cost-per-sample
sup E_max f(x;) T
policy t=12..T sup E[ max f(xt)—z:c(xt)
S.t. IEZ{:1 c(x;) <B policy t=1,2,..,T o

7/3/25

Qian Xie (Cornell ORIE) 45




Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]

x
) N O _cOn
F&) B == -5H - F&)
0' = = = (x)
) o oz oa 06 o8 10
Continuous Discrete
Correlated Independent
Ebc & Cps Cost-per-sample
Intractable MDP! Optimal policy: Gittins index

7/3/25

Qian Xie (Cornell ORIE)

46



Cost-aware Bayesian Optimization Pandora’s Box

[Weitzman’79]

*
) S SIS o S S 05
N \
f) B e el et aBiS
& = = B
C (x) 0.0 0.2 0.4 0.6 0.8 1.0
Continuous Discrete
Correlated Independent
Ebc & Cps Cost-per-sample

How to translate?

7/3/25

& Optimal policy: Gittins index

Qian Xie (Cornell ORIE) 47



Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]
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Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]
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Experiment Setup: Objective Functions

Ackley function

Samples from prior

Matern52

f(x)

Synthetic

Figure from [Terenin’22]

»
wn

'10 - : Figure from infpy N
Lunar Lander

Pest Control

- L

Figure from OpenAl Gym

()

Figure from ChatGPT
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Uniform-cost: Gittins Index vs Baselines

(a) Samples from prior (b) Ackley function
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Varying-cost: Gittins Index vs Baselines

(a) Samples from prior (b) Ackley function
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Stopping Rule: Gittins Index vs Baselines

Fashion-MNIST
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Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]
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Cost-aware Bayesian Optimization Pandora’s Box
[Weitzman’79]
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Gittins Index: A New Design Principle
Studied Problem Key 1dea
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Find our papers on arXiv!

"Cost-aware Bayesian Optimization
via the Pandora's Box Gittins Index."
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"Cost-aware Stopping for
Bayesian Optimization."
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