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Introduction

Laser’s parameters

Solid target parameters
Given What is the 

laser energy 

absorbed by 

the target?

How high is 
good? Depends 

on the physics 

story

For now, we wanted as maximal as 
possible : optimization problem

Injection parameters
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Motivation

Parameter of interests Objective function “The Objective”

The goal is to maximize the objective, through simulation, 
in which, the corresponding parameter of interests will be 

the set of optimal parameters, which can be used to 

advise experiment’s design

Aka Black Box
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10

Motivation

Parameter of interests Objective function “The Objective”

Aka Black Box

𝑓(𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛))𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛) 𝑌 = 𝑓( Ԧ𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛))

𝑌∗ = arg max
𝑋∗

𝑓(𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛))Goal :

(𝑋∗, 𝑌∗)The maximal objective obtained:
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• Uses Bayes’ theorem to iteratively improve assumption:

Methods

𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ×  𝑝𝑟𝑖𝑜𝑟
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• Uses Bayes’ theorem to iteratively improve assumption:

Methods

𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ×  𝑝𝑟𝑖𝑜𝑟

𝑝 𝑓 𝐷𝑁 =
𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝑝(𝐷𝑁)
Evident
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Methods: Prior

𝑝 𝑓 𝐷𝑁 =
𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝑝(𝐷𝑁)

• Before seeing any data, what do we believe about the 
objective function, 𝑓? 

• By default, Gaussian Process (aka Surrogate Model) is 
used for prior function:

𝑝(𝑓(𝒙)) = 𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)
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Methods: Prior

𝑝 𝑓 𝐷𝑁 =
𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝑝(𝐷𝑁)

• Before seeing any data, what do we believe about the 
objective function, 𝑓? 

• By default, Gaussian Process (aka Surrogate Model) is 
used for prior function:

𝑝(𝑓(𝒙)) = 𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 , 𝑘 𝒙, 𝒙′ )

Injecting our assumption…
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Methods: Prior

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 , 𝑘 𝒙, 𝒙′ )

• The mean function and kernel together express our prior 
assumptions: 

• Typically, that 𝑓 is smooth, that nearby inputs give similar 
outputs, 

• the function varies on certain characteristic length scales
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Methods: Prior : Mean function

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 , 𝑘 𝒙, 𝒙′ )
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Methods: Prior : Kernel Function

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 , 𝑘 𝒙, 𝒙′ )
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Methods: Likelihood

𝑝 𝑓 𝐷𝑁 =
𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝑝(𝐷𝑁)

𝐷𝑁 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 • Likelihood said : “Given a candidate 

function 𝑓, how plausible is the data we 

actually observed?”
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Methods: Likelihood

𝑝 𝑓 𝐷𝑁 =
𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝑝(𝐷𝑁)

𝐷𝑁 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁

𝑦𝑖 = 𝑓 𝑥𝑖 + 𝜀𝑖 𝜀𝑖  ~ 𝒩(0, 𝜎𝑛𝑜𝑖𝑠𝑒
2 )

• Likelihood said : “Given a candidate 

function 𝑓, how plausible is the data we 

actually observed?”

• Noise term is introduced:

𝑝 𝑦𝑖 𝑓 𝑥𝑖 = 𝒩(𝑦𝑖|𝑓 𝑥𝑖 , 𝜎𝑛𝑜𝑖𝑠𝑒
2 )

Equivalently,



20

Methods: Posterior

𝑝 𝑓 𝐷𝑁 = 𝑝 𝐷𝑁 𝑓 𝑝(𝑓)

𝐷𝑁 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 • After applying Bayes' theorem, the 

posterior is *also* a Gaussian Process!

• The evident function cancels out each.

• The computed posterior, has an 
updated mean and variance (from the 
prior).

• The prior belief change, in light of 
new observation (aka iteration)
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Methods: Iterative Baye’s Theorem

• Before any data present, the prior: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 = 0, 𝑘 𝒙, 𝒙′ = 𝜎2)

• After observing the data, the prior belief is updated: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 ≠ 0, 𝑘 𝒙, 𝒙′ ≠ 𝜎2)
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Methods: Iterative Baye’s Theorem

• Before any data present, the prior: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 = 0, 𝑘 𝒙, 𝒙′ = 𝜎2)

• After observing the data, the prior belief is updated: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 ≠ 0, 𝑘 𝒙, 𝒙′ ≠ 𝜎2)

Precisely:

𝜇𝑁 𝑥 = 𝑘∗
𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒

2 𝐼)−1𝑦 𝜎𝑁
2 𝑥 = 𝑘 𝑥, 𝑥 − 𝑘∗

𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒
2 𝐼)−1𝑘∗
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Methods: Iterative Baye’s Theorem

• Before any data present, the prior: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 = 0, 𝑘 𝒙, 𝒙′ = 𝜎2)

• After observing the data, the prior belief is updated: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 ≠ 0, 𝑘 𝒙, 𝒙′ ≠ 𝜎2)

Precisely:

𝜇𝑁 𝑥 = 𝑘∗
𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒

2 𝐼)−1𝑦 𝜎𝑁
2 𝑥 = 𝑘 𝑥, 𝑥 − 𝑘∗

𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒
2 𝐼)−1𝑘∗

1. The mean is no longer flat, it bends to follow the 

observations.

2. The variance is no longer uniform, it shrinks near 

training points and stays large far from them.

3. AKA, you can see that the optimization is in progress!! 
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Methods: Iterative Baye’s Theorem

• Before any data present, the prior: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 = 0, 𝑘 𝒙, 𝒙′ = 𝜎2)

• After observing the data, the prior belief is updated: 

𝑓(𝒙)~ 𝒢𝒫(𝜇 𝒙 ≠ 0, 𝑘 𝒙, 𝒙′ ≠ 𝜎2)

Precisely:

𝜇𝑁 𝑥 = 𝑘∗
𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒

2 𝐼)−1𝑦 𝜎𝑁
2 𝑥 = 𝑘 𝑥, 𝑥 − 𝑘∗

𝑇(𝐾 + 𝜎𝑛𝑜𝑖𝑠𝑒
2 𝐼)−1𝑘∗

We need a decision theory, using the updated muon 

and variance, to predict the next data points.

1. The mean is no longer flat, it bends to follow the 

observations.

2. The variance is no longer uniform, it shrinks near 

training points and stays large far from them.

3. AKA, you can see that the optimization is in progress!! 
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• The acquisition function 𝛼(𝑥) takes the posterior mean 
𝜇𝑁(𝑥) and variance (encoding the uncertainty) 𝜎𝑁

2(𝑥), 
combines them into a single scalar score.

• The score said how desirable is it to evaluate 𝑓 at 𝐱 next?

• The simple acquisition function is UCB (Upper Confident 
Bound):

Methods: Acquisition Function

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

• The 𝜅 is the explore rate:
• 𝜅 = 0 is exploit

• 𝜅 ≠ 0 trade-off between exploitation and exploration 
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• The next query is chosen by maximizing 𝛼.

• This is a separate, cheap optimization problem solved on 
the surrogate — no expensive simulations involved. The 
maximization itself is typically handled by gradient ascent, L-
BFGS, or a multi-start search.

Methods: Cheap maximization

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

𝑥𝑛 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)
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Bayesian Optimization

Objective 

function

𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛)

Parameter of interest

objective

𝑋∗ = {(𝑥∗, 𝑦∗)}
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Bayesian Optimization

𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛)
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Surrogate model

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)
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Bayesian Optimization
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Bayesian Optimization

𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛)
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𝑋∗ = {(𝑥∗, 𝑦∗)}
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function

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)

Surrogate model

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)

Acquisition function

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

Prediction

𝑥𝑛+1 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)
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Bayesian Optimization

𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛)

Parameter of interest

objective

𝑋∗ = {(𝑥∗, 𝑦∗)}

Objective 

function

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)

Surrogate model

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)

Acquisition function

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

Prediction

𝑥𝑛+1 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)
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Bayesian Optimization

𝑋 = ( Ԧ𝑥1, Ԧ𝑥2, … , Ԧ𝑥𝑛)

Parameter of interest

objective

𝑋∗ = {(𝑥∗, 𝑦∗)}

Surrogate model

Acquisition function

Prediction

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

𝑥𝑛+1 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)

Objective 

function

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)

Depend on 

number of 

iteration
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Bayesian Optimization

Parameter of interest

objective

𝑋∗ = {(𝑥∗, 𝑦∗)}

Surrogate model

Acquisition function

Prediction

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

𝑥𝑛+1 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)

Objective 

function

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)

Depend on 

number of 

iteration

𝐷𝑁 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁
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Bayesian Optimization

Parameter of interest

objective

𝑋∗ = {(𝑥∗, 𝑦∗)}

Surrogate model

Acquisition function

Prediction

𝛼𝑈𝐶𝐵 𝑥 = 𝜇𝑁 𝑥 + 𝜅𝜎𝑁(𝑥)

𝑥𝑛+1 = arg max
𝑥

𝛼(𝑥|𝐷𝑁−1)

𝑓(𝒙)~ 𝒢𝒫(𝜇, 𝜎2)

Objective 

function

𝑋𝑛+1 = (𝑥𝑛+1, 𝑦𝑛+1)

Depend on 

number of 

iteration

𝐷𝑁 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁

BO components
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Bayesian Optimization

Hyperparameters: They are not part of 𝑓itself; they are the **knobs 
that define the shape of the prior** (and the noise model)
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Bayesian Optimization

Hyperparameters:

Signal variance, 𝝈𝟐 Length scale, 𝒍𝒊 Noise variance, 𝝈𝒏𝒐𝒊𝒔𝒆
𝟐

Whole 

workflow 

is called 

Bayesian 

optimizati

on
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• Bayesian Optimization with a GP surrogate efficiently 
optimizes expensive, noisy, black-box objectives.

• The GP prior (RBF kernel + length scales) and Gaussian 
likelihood combine via Bayes' theorem to yield a closed-
form posterior.

• The UCB acquisition function balances exploration and 
exploitation; hyperparameters are auto-tuned via marginal-
likelihood maximization.

• Far fewer evaluations are needed than grid or random 
search, making BO well-suited to simulation-driven tasks.

Conclusion
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• Alternative acquisitions — benchmark UCB against EI, PI, and 
Thompson Sampling. 

• Richer kernels — explore Matérn kernels to capture less 
smooth features. 

• Multi-objective BO — jointly optimize efficiency, beam quality, 
and operational cost. 

• Batch / parallel BO — propose multiple candidates per iteration 
to leverage parallel compute. 

• Trust-region BO (TuRBO) — improve scaling to higher-
dimensional parameter spaces. 

• Physics-informed priors — encode domain knowledge into the 
GP mean function.

Future Work


	Slide 1: Bayesian Optimization with Gaussian Process: A Beginner’s Guide
	Slide 2: Introduction
	Slide 3: Introduction
	Slide 4: Introduction
	Slide 5: Motivation
	Slide 6: Motivation
	Slide 7: Motivation
	Slide 8: Motivation
	Slide 9: Motivation
	Slide 10: Motivation
	Slide 11: Methods
	Slide 12: Methods
	Slide 13: Methods: Prior
	Slide 14: Methods: Prior
	Slide 15: Methods: Prior
	Slide 16: Methods: Prior : Mean function
	Slide 17: Methods: Prior : Kernel Function
	Slide 18: Methods: Likelihood
	Slide 19: Methods: Likelihood
	Slide 20: Methods: Posterior
	Slide 21: Methods: Iterative Baye’s Theorem
	Slide 22: Methods: Iterative Baye’s Theorem
	Slide 23: Methods: Iterative Baye’s Theorem
	Slide 24: Methods: Iterative Baye’s Theorem
	Slide 25: Methods: Acquisition Function
	Slide 26: Methods: Cheap maximization
	Slide 27: Bayesian Optimization
	Slide 28: Bayesian Optimization
	Slide 29: Bayesian Optimization
	Slide 30: Bayesian Optimization
	Slide 31: Bayesian Optimization
	Slide 32: Bayesian Optimization
	Slide 33: Bayesian Optimization
	Slide 34: Bayesian Optimization
	Slide 35: Bayesian Optimization
	Slide 36: Bayesian Optimization
	Slide 37
	Slide 38: Conclusion
	Slide 39: Future Work 

