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Introduction
Difficulties of Hyperparameter Tuning

김주원교수님 길라임신입생

길라임양,
일주일 후에 하이퍼파라미터 튜닝한

Lasso linear regression 모델 결과 가지고 연구미팅합시다.

Y가 연속형인 회귀분석 문제 (Regression)

X Y

설명변수
예측변수

종속변수
반응변수
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Introduction
Difficulties of Hyperparameter Tuning
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Parameter

Hyperparameter

모델의 파라미터(매개변수)가 결정되기전에
하이퍼파라미터(초매개변수) 결정이 필요

하이퍼파라미터(초매개변수) 결정??
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Introduction
Difficulties of Hyperparameter Tuning

Training

Testing

𝜆 ∶ 0.001, 0.01, 0.1, 1.0, 10.0, …

10개의후보
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Introduction
Difficulties of Hyperparameter Tuning

.

.

.

10 fold cross validation

𝜆 ∶ 0.001, 0.01, 0.1, 1.0, 10.0, …

Training

Testing

Training

Training

Training

Validation

Validation

Validation

일반화 성능을 최적화시키는
하이퍼파라미터 찾기

1시간

10개 하이퍼파라미터 후보
× 1시간 = 10시간
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Introduction
Difficulties of Hyperparameter Tuning

길라임신입생
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Introduction
Difficulties of Hyperparameter Tuning

길라임양,
일주일 후에 하이퍼파라미터 튜닝한

Elastic Net linear regression 모델 결과 가지고 연구미팅합시다.

Y가 연속형인 회귀분석 문제 (Regression)

X Y

설명변수
예측변수

종속변수
반응변수

김주원교수님 길라임신입생
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Introduction
Difficulties of Hyperparameter Tuning

𝜆1 ∶ 0.001, 0.01, 0.1, 1.0, 10.0, …
𝜆2 ∶ 0.001, 0.01, 0.1, 1.0, 10.0, …
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2

…

𝜆1

𝜆2

Training

Training

Training

Validation

Validation

Validation

K fold cross validationGrid search

0.001

0.01

0.1

10

100

0.001 0.01 100

10개 하이퍼파라미터 후보
× 10개 하이퍼파라미터 후보
× 1시간 = 100시간 ≈ 4.17일
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Introduction
Difficulties of Hyperparameter Tuning

길라임신입생

min𝛽 ෍

i=1

n

yi −෍

j=0

p

xij𝛽j

2

+ 𝜆1
∗ ෍

j=0

p

𝛽j + 𝜆2
∗ ෍

j=0

p

𝛽j
2

ෝyi = ෢𝛽0xi0 +෢𝛽1xi1 + ෢𝛽2xi2+. . . +෢𝛽pxip



11/55

Introduction
Difficulties of Hyperparameter Tuning

길라임양,
일주일 후에 하이퍼파라미터 튜닝한

Neural Networks 모델 결과 가지고 연구미팅합시다.

Y가 연속형인 회귀분석 문제 (Regression)

X Y

설명변수
예측변수

종속변수
반응변수

김주원교수님 길라임신입생
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Introduction
Difficulties of Hyperparameter Tuning

Hyperparameters

• Learning rate

• # of iterations

• Minibatch size

• # of hidden layers

• # of hidden nodes

• Type of activation functions

• ......
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Introduction
Backgrounds

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
...

Mini

batch

size

Generalization

performance

0.001 1000 3 16 ... 128 100

0.001 100 3 16 ... 128 200

0.001 1000 5 16 ... 128 300

0.001 100 5 16 ... 128 800

... ... ... ... ... ... ...

0.01 1000 3 16 ... 128 500

0.01 100 3 16 ... 128 150

비효율!

사전에 정해놓은 하이퍼파라미터 집합 모든 후보들 일반화 성능을 확인한 후

가장 좋은 하이퍼파라미터를 찾기
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Snoek, J., Larochelle, H., & Adams, R. P. (2012). Practical bayesian optimization of machine learning algorithms. In Advances in neural information processing 

systems (pp. 2951-2959).

Grid search Random search

Introduction
Backgrounds
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Introduction
Backgrounds

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
...

Mini

batch

size

Generalization

performance

0.001 1000 3 16 ... 128 100

0.001 100 3 16 ... 128 200

0.001 1000 5 16 ... 128 300

0.001 100 5 16 ... 128 800

... ... ... ... ... ... ...

0.01 1000 3 16 ... 128 500

0.01 100 3 16 ... 128 150

Bayesian Optimization

관계 파악

(사전지식)

의사결정
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Introduction
Backgrounds

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
...

Mini

batch

size

Generalization

performance

0.001 1000 3 16 ... 128 100

0.001 100 3 16 ... 128 200

0.001 1000 5 16 ... 128 300

0.001 100 5 16 ... 128 800

... ... ... ... ... ... ...

0.01 1000 3 16 ... 128 500

0.01 100 3 16 ... 128 150

Bayesian Optimization

의사결정

관계 파악

(사전지식)
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Introduction
Backgrounds

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
...

Mini

batch

size

Generalization

performance

0.001 1000 3 16 ... 128 100

0.001 100 3 16 ... 128 200

0.001 1000 5 16 ... 128 300

0.001 100 5 16 ... 128 800

... ... ... ... ... ... ...

0.01 1000 3 16 ... 128 500

0.01 100 3 16 ... 128 150

Bayesian Optimization

효율적!
빠르게!
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X Y
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X

Surrogate Model

Y

하이퍼파라미터 집합과 일반화 성능의 관계를 모델링
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X

Surrogate Model

𝒇

Y

𝒙newi

: 새로운
하이퍼파라미터집합

𝒇(𝒙newi)

𝜇 xnewi

: 일반화 성능

𝜎 xnewi

: 불확실성
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X Y

𝑥∗ = argmax유용성
xnewi ∈ 𝑋

다음 후보로 제일 유용한 하이퍼파라미터 집합 구하기
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X Y

𝑥∗ = argmax유용성
xnewi ∈ 𝑋

유용성 ?
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𝑥∗ = argmax Acquisition function
xnewi ∈ 𝑋

Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200
X Y

착취(exploitation)과 탐험(exploration) 사이 균형 맞추기 중요
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200

유용하다고 판단된 하이퍼파라미터 집합 추가, 실제 일반화 성능 확보

𝒙∗



26/55

Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200X’ Y’

Surrogate Model

𝒇’
𝒙newi

: 새로운
하이퍼파라미터집합

𝒇’(𝒙newi)

𝜇 xnewi

: 일반화 성능

𝜎 xnewi

: 불확실성

종료 조건 만족할 때까지 반복
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200X’ Y’

𝑥∗ = argmax Acquisition function
xnewi ∈ 𝑋

종료 조건 만족할 때까지 반복
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Learning 

rate

# of 

iterations

# of hidden 

layers

# of hidden 

nodes
... ...

Mini

batch

size

Generalization

performance

0.001 1000 3 5 ... ... 128 100

... ... ... ... ... ... ... 200

종료 조건 만족할 때까지 반복 (개수, 성능향상 기준)

유용하다고 판단된 하이퍼파라미터 집합 추가, 실제 일반화 성능 확보

𝒙∗
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Surrogate Model Acquisition Function

• Gaussian Process Model

• Tree-structured Parzen Estimators

• .....

• Maximum Expected Improvement 

• Upper Confidence Bound

• Entropy Search 

• ...
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian Optimization

Surrogate Model Acquisition Function

Gaussian Process
Regression

Maximum
Expected

Improvement



31/55

Surrogate Model
Gaussian Process Regression

Bayesian Optimization

Surrogate Model Acquisition Function

Gaussian Process
Regression

Maximum
Expected

Improvement
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Surrogate Model
Gaussian Process Regression

Gaussian Process Regression

X

𝑦1

x1 x2 x3

𝑦2

𝑦3
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Surrogate Model
Gaussian Process Regression

Gaussian Process Regression

X
x1 x2 x3

𝑦1

𝑦2

𝑦3
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Surrogate Model
Gaussian Process Regression

Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1
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Surrogate Model
Gaussian Process Regression

Gaussian Process Regression

X
x1 x2 x3

𝑦1

𝑦2

𝑦3
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Surrogate Model
Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1

𝜇 x𝑛𝑒𝑤1

𝜎 xnewi

Gaussian Process Regression
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Surrogate Model
Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1

𝜇 x𝑛𝑒𝑤1

𝜎 xnewi

Y~Gaussian Process
= y~Gaussian distribution의차원확장
≈ 𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

Gaussian Process Regression

Baye’s Rule
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Surrogate Model
Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1

𝜇 x𝑛𝑒𝑤1

𝜎 xnewi

Y~Gaussian Process
= y~Gaussian distribution의차원확장
≈ 𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

Gaussian Process Regression

데이터갯수 ∶ 𝑁(확보한데이터) + 1(평가할데이터)

𝑃 𝑌𝑁+1 ~𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝑃 𝑦𝑁+1|𝑌𝑁 ?

𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒
𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑡ℎ𝑒𝑜𝑟𝑚

Prior
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Surrogate Model
Gaussian Process Regression

Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1

𝜇 x𝑛𝑒𝑤1

𝜎 xnewi
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Surrogate Model
+ alpha

2020년 4월 17일 이지윤 연구원 세미나 [Bayesian Deep Learning for Safe AI] 장표
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Surrogate Model
+ alpha

Springenberg, J. T., Klein, A., Falkner, S., & Hutter, F. (2016). Bayesian optimization with robust Bayesian neural networks. In Advances in neural information 

processing systems (pp. 4134-4142).
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Acquisition Function 
Maximum Expected Improvement

Bayesian Optimization

Surrogate Model Acquisition Function

Gaussian Process
Regression

Maximum
Expected

Improvement
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Acquisition Function 
Maximum Expected Improvement

𝑥∗ = argmax Acquisition function(xnewi)
xnewi ∈ 𝑋new

𝑥∗ = argmax Expected Improvement xnewi

≔E max 0, f xnewi −max f xj
xj ∈ 𝑋

xnewi ∈ 𝑋new
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Acquisition Function 
Maximum Expected Improvement

X

현재까지가장 max값

x1 x2 x3

𝑥∗ = argmax E max 0, f xnewi −max f xj
xj ∈ 𝑋

xnewi ∈ 𝑋new

𝑦1

𝑦2

𝑦3
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Acquisition Function 
Maximum Expected Improvement

X
xnew1 xnew2 xnew3 xnew4 xnew5

현재까지가장 max값

하이퍼파라미터집합후보

𝑥∗ = argmax E max 0, f xnewi −max f xj
xj ∈ 𝑋

xnewi ∈ 𝑋new
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Acquisition Function 
Maximum Expected Improvement

X
하이퍼파라미터집합후보

현재까지가장 max값

xnew1 xnew2 xnew3 xnew4 xnew5

Surrogate Model
Gaussian Process Regression 결과값

N(𝜇(xnew1), 𝜎 xnew1 2)

N(𝜇(xnew2), 𝜎 xnew2 2)

N(𝜇(xnew3), 𝜎 xnew3 2)

N(𝜇(xnew4), 𝜎 xnew4 2)

N(𝜇(xnew5), 𝜎 xnew5 2)

𝑥∗ = argmax E max 0, f xnewi −max f xj
xj ∈ 𝑋

xnewi ∈ 𝑋new
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Acquisition Function 
Maximum Expected Improvement

X
하이퍼파라미터집합후보

현재까지가장 max값

xnew1 xnew2 xnew3 xnew4 xnew5

= 𝒙∗

EI(xnew1) EI(xnew2) EI(xnew3) EI(xnew4) EI(xnew5)

𝑥∗ = argmax E max 0, f xnewi −max f xj
xj ∈ 𝑋

xnewi ∈ 𝑋new
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Acquisition Function 
Maximum Expected Improvement

Frazier, P. I. (2018). A tutorial on bayesian optimization. arXiv preprint arXiv:1807.02811.
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Acquisition Function 
Maximum Expected Improvement

Frazier, P. I. (2018). A tutorial on bayesian optimization. arXiv preprint arXiv:1807.02811.

최적화방법론활용최적해도출가능
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Example

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html

실제정답함수

목표

관측데이터

예측값 (Surrogate Model : GPR의평균값)

95% 신뢰구간 (Surrogate Model : GPR의표준편차활용)

Acquisition Function (EI) 값

EI에서추출된다음후보값

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html
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Example

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html

관측데이터

예측값 (Surrogate Model : GPR의평균값)

95% 신뢰구간 (Surrogate Model : GPR의표준편차활용)

Acquisition Function (EI) 값

EI에서추출된다음후보값

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html
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Applications

 최적 하중 도출을 위한 다음 시뮬레이션 세팅 값?

실제 하중과 시뮬레이터 하중 차이를 최소화 시키는 다음 세팅 값은?

로드 시뮬레이터
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Applications

 원하는 성질을 갖는 신물질 탐색 (화학, 의료, 재료 등)

 후보 분자 집합에서 적은 수의 탐색만으로 원하는 성질에 가까운 분자를 찾음

 최적 설계 값 도출

 원하는 특성을 갖춘 최적 설계 값을 적은 수의 탐색만으로 찾음

Zhang, Y., Apley, D. W., & Chen, W. (2020). Bayesian Optimization for Materials Design with Mixed Quantitative and Qualitative Variables. Scientific 

Reports, 10(1), 1-13.
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Appendix: Introduction

Difficulties of Hyperparameter Tuning

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html

Grid search (균등한 전역 탐색) Random search (랜덤 샘플링)

http://research.sualab.com/introduction/practice/2019/02/19/bayesian-optimization-overview-1.html
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Appendix : Surrogate Model

Gaussian Process Regression

X
𝑥𝑛𝑒𝑤1

𝜇 x𝑛𝑒𝑤1

𝜎 xnewi

Y~Gaussian Process
= y~Gaussian distribution의차원확장
≈ 𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

Gaussian Process Regression

데이터갯수 ∶ 𝑁(확보한데이터) + 1(평가할데이터)

𝑃 𝑌𝑁+1 ~𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝑃 𝑦𝑁+1|𝑌𝑁 ?

𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒
𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝑡ℎ𝑒𝑜𝑟𝑚
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Appendix : Surrogate Model

Gaussian Process Regression

https://www.edwith.org/aiml-adv/joinLectures/14705

https://www.edwith.org/aiml-adv/joinLectures/14705
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Appendix : Surrogate Model

Gaussian Process Regression

https://www.edwith.org/aiml-adv/joinLectures/14705

https://www.edwith.org/aiml-adv/joinLectures/14705
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Appendix : Surrogate Model

Gaussian Process Regression
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Overview of Bayesian Optimization
Bayesian Optimization

Bayesian
Optimization

Surrogate Model Acquisition Function

Gaussian Process Regression Maximum Expected Improvement


