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. Introduction

Background

** G|O|E{ AJO|2A MBE= Engineeringdt © 4= ¢
* GIOJE] AfO|O1A BHO|ZAOIZ : [H|0[E] 47 — —~ - ] =[] = -

gjo

HIO|E{ ALO|AA IO|Zx2}Ol (240]ZALO|F)

- Data . ) . Feature
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Model re-
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Hyperparameter Tuning
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Data Scientist, Engineering
Google Mountain View, CA, USA  Sunnyvale, CA, USA  New York, NY, USA  + 3 more locations

Responsibilities A

Waork with large, complex data seis. Solve difficult, non-routine analysis problems, applying advanced analytical methods

as needed. Conduct analysis that includes data gathering and reqguirements specification, processing, analysis, ongeoing
deliverables, and presentations.
Build and prototype analysis pipelines iteratively 1o provide insights at scale. Develop comprehensive knowledge of

Google data structures and metrics, advocating for changes where needed for product development.

https://careers.google.com/jobs/results/103340634112172742-data—scientist-engineering/
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39 5o What data scientists spend the most time doing
4%

® Building training sets: 3%
® (leaning and organizing data: 60%
® (Collecting data sets; 19%
Mining cata for patterns: 9%
® Refining algorithms: 4%
® Other:5%

https://www.forbes.com/sites/qilpress/2016/03/23/data-preparation-most-time—-consuming-least-enjoyable-data—-science-task-survey-says/?sh=5a6d0c866f63
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Full Stack Deep Learning - UC Berkeley Spring 2021

https://en.wikipedia.org/wiki/Perceptron

https://fullstackdeeplearning.com/spring2021/
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DEEP LEARNING TRANSFORMERS
BILLIONS OF GPT-4

PARAMETERS GREW >1,000,000% FROM 2018-2021 cooge (Estimoted)
1000 Brai

NVIDIA
Megatron LM

Microsoft
Turing NLG

Dec-20 Jun-21

Building the Metovearse e
Jon Rodoft

https://medium.com/building-the-metaverse/the-metaverse—and-artificial-intelligence-ai-577343895411

https://github.com/hibayesian/awesome-automl|-papers
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‘U Gaussian Process-based

Red Bayesian Optimization

< Bandit-based Algorithm Selection

& Multi-fadelity Optimization

¢ Random Forest-based

U Grid Search

0 Gradient-based
) < Search Strategy
‘U Genetic Algorithm
¥ ionary i h4 Adiebaced Al
4 Particle Swarm Optimization ‘

@ Random Search

¥ Ensemble Learning

0 Learning Curve-based Prediction |

% Constrainad jan Optimi

U Multi-objective Optimization

O Varient

‘U Pareto Front

' Bayesian Optimization

U Evolutionary Algorithm

‘U Gradient Descent

< Search Strategy

T Reinforcement Learning

< sMBO

¥ Cell-based Search Space

T Multi-task Optimization O Varient

fed Multi-objective Optimization

' Data Augmentation

< Model €

rassi & "

¢ Semantic Hashing

T Proxy Metrics

U Learning Curve Extrapolation

Q Network Morphisms

‘U One-shot Architecture Search

' Performance Estimation Strategy

< Auto Clean

< Auto FE

& Auto Statistician

o4 Learning from Model Evalutions

@ Meta-Learning

*  https://medium.com/building-the-metaverse/the-metaverse-and-artificial-intelligence—ai-577343895411

»  https://qithub.com/hibayesian/awesome-automl-papers
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Preliminaries

*¢* Model-parameter vs Hyper—parameter
* TXHe) : o5 O|O|E{0f| MBt=[0{0Fet %k (e.g. 2R 715 X[ w)
=)

=

* SXH®) : 3% HIO|E{O| QJoHA HATIX| o= 2 (e.g. 2 20| d)

Hyperparameters

n_iter

Model Parameters )
test_size
max_depth

random_state :
= n_neighbors

alpha C

N7  gamma

n_components

metric
kernel

n_folds

penalty cV

https://towardsdatascience.com/model-parameters—and-hyperparameters-in—-machine-learning-what-is-the-difference-702d30970f6
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Hyper—parameter/} &==c2t™ 0|0 CHot

O
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»  https://towardsdatascience.com/model-parameters—and—hyperparameters—in-machine-learning-what-is-the—difference-702d30970f6
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Preliminaries

Data > > Feature
[ Data Collection H Understanding H Data Analysis Data Engineering Engineering

)

Model re-
calibration

< Model Validation
[Model MomlanngH Deployement }“ and Evaluation ]¢

Model drift testing

Hyperparameter Tuning

*¢* Model Training) vs Hyper-parameter Optimization(HPO)(e)

* MXH@)= Model parameterE st&8 (™=l hyperparameter A0|A) : Inner Loop

SXH@)= Hyper-parameterE &t&g (ALY Cigt Meta—optimization) : Outer Loop

—

Model Training vs Hyper—parameter Optimization(Tuning)

Hyperparameter
tuning @

Best

hyperparameters

Hyper—parameter combination 2

Model Model Model
training P8 training training
o — Best model — Best model Best model
® parameters

Hyper—parameter combination 1

Validation Accuracy : 80%

Hyper—-parameter combination 2

Validation Accuracy : 95%

/HVK—parameter combination 3

Validation Accuracy : 85%

https://learning.oreilly.com/library/view/evaluating-machine-learning/9781492048756/ch04.html#idp 1753984
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Data Feature
[ Data Collection H Understanding }—>[ Data Analysis ]—D[Da?a Engmeenrm}—’[ Engineering }

Model re- .
calibration Hyperparameter Tuning

. I n t I'Od u Ct | on [sostmortrns f—{ oapoymam |+—{odet vrsion . | Hf i
| |

Model drift testing

Preliminaries

*¢* Model Training@) vs Hyper—parameter Optimization(HPO))

=2 XIS

* MXH@): Cost = ¥ loss(y,y) E Z|A36h= shE Of2t0Ef w E &3
» d=1:(F=fW)a=f(wi,wo)1 = wix + wp)
» d=2:0=fW)a=fWz,wy,wp)y = wox? + wyix + wp)
> d=6:(=fWa=fWeWs, ..,wp) = Wex® + wsx® + -+ wp)

* SXH@): f(w)y &, Validation set0f| L3t Ms(e.g. Valdiation Acc.)0| 742 £H| BtEE TrialQ| d AMEH

X X » X X
o X X X
R
a X X
X
x
house size house size house size
d=1 d=2 d=6

+  https://scipy-lectures.org/packages/scikit-learn/auto_examples/plot_bias variance.html
Data Minin H
A% Quoity nytics =2+ COL s
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. Introduction

Taxamony

¢ Classic taxamony of hyper-parameter optimization(HPO)

Grid Search

Random Search

Black-Box

Optimization Bayesian Optimization

Simulated Annealing

Hyperparameter
Optimization

Genetic Algorithms

Modeling Learning
Curve

Multi-Fidelity
Optimization

Successive Having ]

Bandit Based

Hyper-Band ]

Figure 5: A Taxonomy for the Hyper-parameter Optimization Techniques.

https://arxiv.org/pdf/1906.02287.pdf
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. Introduction

Taxamony

Hyperparameter
Optimization

Multi-Fideliry
Dptimization

¢ Classic taxamony of hyper—parameter optimization(HPO)
1. Searching method(sampler)
*  ‘ZIZEZ(pruning) 20| U trial2 ETIX EHY”
* Grid Search
* Random Search

optuna.samplers

optuna.samplers.GridSampler

optuna.samplers.RandomSampler

* Bayesian Optimization
. Evolutionary Search optuna.samplers.TPESampler

optuna.samplers.CmaEsSampler

2. Scheduling method

*  “Searching ZZ0 550/ ot E2 Trial2 Z£7|Z 2 (prune)oflf Fix EHY £ 1~ tﬁh_é»
*  Successive Halving (tune.schedulers)
* HyberBand / BOHB / ASHA ASHA

* Population Based Training

Median Stopping Rule
HyperBand

BOHB

Population Based Training

Population Based Bandits

https://arxiv.org/pdf/1906.02287.pdf
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J —_ ¢ ’
W 0|3 AME BE HHE2 02 HPO 2I0|E 2|28 E ‘28A A 27ts
N
tune Ray Tune (79(1 74k) (Made by UC Berkley, Widely used for distributed computing)
@ Optuna (3%:5.2k) (CMA-ES Accepted @(AAAI2021), Compatibe with majority of the ML tech stacks (sklearn,PyTorch, TF, XGBoost,..)

@ FLAML ($%:1.3k) (Made by Microsoft, accepted @(MLSys, AAAI2021, ICLR2021, ICML2021), Current(2021.09) SOTA @AutoML Benchmark)

¥ BlendSearch Blended Search

1_ U n e @ CFO Cost-Frugal hyperparameter

Optimization
Scheduler
ASHA
optuna.samplers
Median Stopping Rule . .
optuna.samplers.GridSampler Sampler using grid search.
HyperBand . .
optuna.samplers.RandomSampler Sampler using random sampling.
BOHB ) ) )
optuna.samplers.TPESampler Sampler using TPE (Tree-structured Parzen Estimator) algorithm.
Population Based Training i
optuna.samplers.CmaEsSampler A sampler using cmaes as the backend.

Population Based Bandits
+  https://github.com/optuna/optuna

+  https://github.com/ray—project/ray
«  https://qithub.com/microsoft/FLAML

Data Mining e, PR -
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Methods
Searching method

% Baby Sitting

* QX LRt Aol 7|Eot 2&0| A ofO| MO0l =78

XSE HIK| 4502

(=13
=

® Graduate Student Descent(GSD) 2t =

L tore?
Search for Good Hyperparameters:

» Define an objective function.
Most often, we care about generalization performance.

Use cross validation to measure parameter quality.

» How do people currently search? Black magic.

Grid search
Random search
Grad student descent

Forced march

https://twitter.com/GuyZys/status/592847074170896384/photo/1
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Searching method

<& .
*%* Grid Search
* AMA HO|=l nk MO| Hyper-parameterE EfA (02 G|A|: Num of Trials = n* =32 =9)

* (+) 70| /R0, Z Trial0| =HX0|22 HE3 0|

® (-) Brute—force EMM0|0{, Global optimume 37| 2lohA= EM HRIE £50F FoiLI7I0fgt
Grid search Grid search (repeated..)
M@, Model accuracy
& ] o : ]
@ : @ e o o
g e o o - $--0-0 o
= I repeat —
] i @ e o o
— =2
2 Of-@--0 @ 2
[1+] 18]
5 5
Q. e o o a
£ £
o o=
) )
Important parameter Important parameter

https://www.researchgate.net/figure/Comparison—-between—a-grid-search-and-b-random-search-for-hyper—parameter-tuning-The fig2 341691661
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Searching method

¢ Random Search
o AMX HO|E Grid MU RE|Z2 3l nAO| Hyper—parameterS EfAH (o2} 0IA| : Num of Trials = n = 9)
* (+) 30| MM, 2 Trial0] SXM0|22 HBS} 80| + A|ZHEEEE= 0(n) (cf: Grid Search 0(n*)
* (+) "L X0| FOAM Grid searchOf| H|al| global optimumE %2 80| § =2 [Bengio et al.(2012)]
* () Grid Search0i| H|5 Z2} 5{A10] 0{24Z

Grid search Random search
Mﬁw Model accuracy

|

a , I

o I o !

£ ' 5 :
|

o ® , ® E .-é @

(4] 1 - —_— .

= a

£ —-o--@ © 2 ® ®

g : o

() T

o @]

g @ @ @ E' o o

- a—

= 5

Important parameter Important parameter

https://www.researchgate.net/figure/Comparison—-between—a-grid-search-and-b-random-search-for-hyper—parameter-tuning-The fig2 341691661
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Searching method

“Grid search / Random search®| ="

S trial2 7|& TrialE9 W7t ME(loss,acc)?t S&I&0]|7|0f,

ME0| EX| UUH IHME DS TIIX| EMBHOY HAKIIS HH|5HA| 2

* https://www.researchgate.net/figure/Comparison-between-a-grid—search-and-b-random-search-for-hyper—-parameter-tuning-The fig2 341691661
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Searching method
¢ Bayesian Optimization

e “7|1Z TrialE9| MEZ 0|25l0 $2 Trial®| Hyper—-parameter2 Me — ST Q5 X1AD |7

° M HHE &Eol0 z/X3t5H = MO|A Sequential model-based optimization 22 25

[HPOQO] Grid vs Random vs Bayesian Bavesian search example

Loss function

i N A A
Hyperparameter B

|

nnnnanN
T

VT U]

BEEREEE

-10.0 ] 5.0 2.5
Hyperparameter A

https://quantdare.com/wp-content/uploads/2020/05/hyper2-1150x580.png
https://miro.medium.com/max/770/1*BaYQTFhOR9T3sf2¢7tUfTQ.png

N =t heal
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Searching method

¢ Bayesian Optimization

* 0t0|C|Of : “7|= TrialS2| MEE 0|&56t0 $ Trial®| Hyper-parameters MEY

v 22 2 £ (e.g. Neural network)2 Off trialti E= H|&0| H 2™ 25 HH=2517| 02 (7|1& Search
v A2 ALHH|Z0| MM oZ X

|

Of

Data +
Hyper—-parameter

Hyper—parameter

http://www.hylap.org/meta_data/adaboost/

Data Mining e, -~
o.:.b Quality Analytics r\'a

Accuracy = f(Data, Hyperparameters)

2ot gt p 2 Ot IHEE 2

a
E Soll ‘€2 Trial' £ 20| Hyper-parameter $2E SERT

FH 4800 =

oA

(Black—box) Criterion
Model : f (e.g. Val Acc.)

Surrogate PDF of
Model : p Criterion

p(Accuracy | Hyperparameters)

Accuracy

Mumber of Product T

umber of lterations

0.0

=

k)
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Searching method

“JHCHH {EYAH O Trial? Hyperparameter 42 1E71?

*  http://www.hylap.org/meta_data/adaboost/
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HEfst 2ARUS BHS 4 K| @)

¢ Bayesian Reasoning
2 GOO[EAIZ|H O Fefal

+ 37} HHR J|E HE0US ¥
e Of2f GllA| : Bayeisan reasoning 22 = 3}LIQ! Gaussian process(-—-, )
*  IEX|(@)7F F71=0]| M2t AKX 22 (-)0| Gaussian process RE0| ZFEHX| T A2 2ZH0| FOIRIE &0l
LEX|7} 270 O A LEX|7} 77 Q1 A
= Target
& Cobservations
== Prediction

w— Target
95% confidence interval

& Cobservations
==+ Prediction
95% confidence interval

et
S ———
———
~~~~~

(x)

‘‘‘‘‘

i,
S

-----
i

f(x)

https://nanonets.com/blog/hyperparameter—optimization/
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Searching method

* . .
*%* Selection Function
* {20l 1 E hyperparameter ¥ : x, = argmax(a;(x)) (y: current score, y*: best score, x: hyperparameters)

* a.(x) = ExpectedImprovement(x) = E[max ((y —y*),0)] = [*_ (y* = p&Ix)dy = [ (v* — y)N@Iu(®), 0(x))dy

Gaussian Process and Selection function after 2—5—7 steps

— Target

& (Cbservations

==+ Prediction

95% confidence interval

-
- -
Sem——

f(x)

= Utility Function

100
205 ¢ Next Best Guess
5 o
025
2 0 2 4 g 0

ooa

https://nanonets.com/blog/hyperparameter—optimization/

https://www.cs.toronto.edu/~rgrosse/courses/csc321_2017/slides/lec21.pdf

https://medium.com/criteo—engineering/hyper-parameter-optimization—algorithms-2fe447525903

https://towardsdatascience.com/bayesian—-optimization-and-hyperparameter-tuning-6a22f14cb9fa

N
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Data + (Black-box) Criterion
Hyper—parameter Model : f (e.g. Val Acc.)

SRR HSSEEE

Searching method

*¢* Bayesian Optimization
* (+) “BO(-TPE)7} Random searchE Lt I HIZH| global optimum| =2 [Bergstra et al.(2013)]
* (=) Surrogate 2f5=7} Gaussian Process A AIZFET L7} 0(n?) + A& HPO ST ME7ts
* — Surrogate &7t Tree—Parzan Estimation & A= AIZIEEEE O(nlogn) / 2E S79| Ha0| HE7}s.

— LIOI7}t TPEE ZHEHA 0| U= hyper-parameter &(e.g. SVM kernel 20| @2} HE kernel2t0| ZH= hyperparameter)2
2 MHMHOE HE7HS0H0f BO-GPELH SVM 22 ZH0A 2l HPO 450] £8

Bayesian Optimization(TPE) result on three image datasets

: : : . 0.30 :
@
030, © eoo Random| .| 8§89 eeeo Random s eeo Random
8 : 0.28) ¢ 8
_ 028 o2e TPE C o050 ° e e2e TPE - I e2o TPE
k& . ° o ! !..oo o
tozs o — : '.......... o 0.26 l'::o.
T 0045 o 0000 ©0OGOO v 8 o © o ¥ie
c0.24 '."“"oooo gomo‘gooooooooooooo 5024 ...'.::::
50220 pOOO0OO000OOOOOOBO '%' E=] Ia"l"""""""
o (18] 0.8.......@.......
CgopF — =0 — 4 - —————— —— — — - B 035 o o e
© © o0 30.22- e e W SRR A o o
>0.18 (Pinto and Cox, 2011) > 0.30 %00 ,000 > T R ] T P—
0.16 ©C%o000000000000 0.25 0.20
' ' Hand-tuned (Coates and Ng, 2011)
0 360 400 600 800 0 100 200 300 400 500 600 700 800 0.18; 200 400 600 800
n. trials n. trials n. trials

http://proceedings.mir.press/v28/bergstral3.pdf
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Searching method

*¢* Evolutionary Search
* MEO Rt E4= A= VXS EFO0| Chz MICHOA Fo{ZHTE
* (Initialize — Fitness function — selection —» mutation — crossover) - (...) = -

Natural selection

Some Mice
N mice are reproduce,
eaten by giving next
birds generation
— —

Because black mice had
a higher chance of leaving

Tan mice are more visible
to predatory birds than

A population of mice has
moved into a new area

where the rocks are very
dark. Due to natural
genetic variation, some
mice are black, while
others are tan.

https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.html|

N

Data Mining
Quality Analytics
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black mice. Thus, tan mice
are eaten at higher frequency
than black mice. Only the
surviving mice reach
reproductive age and leave
offspring.

offspring than tan mice,

the next generation contains
a higher fraction of black
mice than the previous
generation.
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Searching method

*¢* Evolutionary Search
o 22 §49| objective function(f (x))2| gradientS 21X F6tX| 2622, A SEEH S py(X)2 7|&

E MEdEl (Initialize — Fitness function — selection — mutation — crossover)

1.0 ) xi~pe(x) ZRE D = {(x;, f(x1))} & MZE

2.( ) D 2to| sample?| MBIz (e.g. MET)E LIt
b

EUE I HR(e.g. €S0 EUE x

3.( ) 20N MYZI I EUE &2 = 0|18st0{ 0 HHIO|E

il
[

)

« Bayesian optimization2} H|1!
v (B2EX) £ Lt Y2l objective function f& ZAISH= &4p2 50| II2}0|E{ XX 5} 434

(xl-OlI‘I) Bayesian Optimizationg mutation 7HL|:'=||O| 81% (Initialize — Fitness function — selection — mutation — crossover)

Data+ (Black—box) Criterion
Hyper—parameter(x) Model : f (e.g. Val Acc.)

_ Surrogate PDF of
Hyper—parameter(x) Model - p Criterion

...\ Data Mining . e, md
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Data+ (Black—box) Criterion
Hyper-parameter(x) Model : f (e.g. Val Acc.)

~ Surrogate PDF of
Hyper-parameter(x) Mode! - po Criterion

Searching method

*¢* Evolutionary Search (simple Gaussian Evolution Strategies)
* 0= (u, 0), pg(x) ~N(u,0%1) = u+ oN(0,I) € R™", x € R™" where n = types of hyperparameters

HEHXIAZE oN(0,1) Off 2loHM oA 7|=E

(Initialize — Fitness function — selection - mutation — crossover)

ARLO| ZA uilt |sotropicst

° 712

The process of Simple-Gaussian-ES, given z € R"

1. Initialize = #(®) and the generation counter ¢ = 0
2. Generate the offspring population of size A by sampling from the Gaussian distribution

Initialize
D) = D | gD — ) 4 509D where o) ~ NM(2[0,1), i =1,...,A}
Fitness function & 3. Selecta top subset of A samples with optimal f(z; ) and this subset is called elite set.
selection Without loss of generality, we may consider the first k samples in D1 to belong to the
elite group — Let’s label them as

D(imll = { (t+1) | m§t+1) = D(t+1),i =1,..., A< A}

4. Then we estimate the new mean and std for the next generation using the elite set

mutation &

crossover
1 A
(t+1) - a’Vg(De;: ) X Z €t+1)
i=1
(t+1) 12 (t+1) t
" = var(DG) = 3 (Y — uy?

i

i=

Repeat steps (2)-(4) until the result is good enough ¢

5. 5 "
https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.html|

Data Mining e, Nd
[\
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M et h Od S Data+ (Black-box) Criterion
Hyper-parameter(x) Model : f (e.g. Val Acc.)
n

SearChlng methOd Hyper-parameter(x) Surrogate PDF of

Model : pg Criterion

“ pg 20| isotropic(oN (0, 1)) RI M7= ZHE?”

- D= IS Ofo 22(0)7t 2222 CZ MM B M (sample)E
olO|mIft0[E] SZH0f| O M2 kl= Jek0| Hoik|X| et
- " [ &01OFSH 21} XA £0t0Fst 20| sampling ME7}F 2% &

+  https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.html
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. Methods

Searching method

<& .
*%* Evolutiona ry Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))

“JZHLCIH EXNHISHe.g learning rate)o]| CHSt

hyper-parameter =& 3 7|2 ZI7| Ci=A| KE|O[Es5| 2 XH
— Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))

" 20i1)S J|Z02 20 S AdaptivestH SIH|0|E?”
— (1) 2tA trial&2| ZZ(history) : Evolution path(path,, path;)
— (2) pe =22 ™A X2l T 7|(step size)Q! a2}

H'E ofO|HIf=t0| B Bfetdu JHEA S 7|sok= ¢ AE

+  https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.html
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Methods

Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
®* 0=(uo0,C), po(x) ~N(u,0o%C) = u+ oN(0,C) (cf:Vanilla-ES, 8 = (1, 0), po(x) ~ N(i,02I) = p+ oN(0,1))
* 1. BEMMH(C)E 0|50 £ 0|2510 20| U= HE 7t9| pairwise dependencyS HE340HH(cf:Vanilla-ES= HH2 isotropic)

® 2. 0|0, 2tA Trial2| ME(evolution path (p,,p))E 71ZC 2 § UH|O|E (cf:vanilla-ES= HIZ M stepte M2{sts e CMA-ESE MA| ZE 12])

(Initialize — Fitness function - selection —» mutation — crossover)

Algorithm 1 CMA-ES: Covariance Matrix Adaptation Evolution Strategies Symbol Meaning
Require: Gy, Qg, Qep, el Qe > Learning rates ;};E” e R" the i-th samples at the generation (t)
ReqU}re: d, > Dam‘pmg factor ) e RY o9 =yt 4 gle-1yl0
Require: ¢ = 0 > Generation counter % ° b
Require: ;¥ ¢ R*, 0 € E, > Inputs: initial mean vectors and step size u" mean of the generation (t)
Require: C") =17, pUO) =0, p((;o) =0 > Initialize covariance matrix and evolution paths. &t step size
repeat (t+1) ’ ci covariance matrix
Sample z; = u® +®) y; where y; ~ N(0,C1), i=1,...,A .
(t+1) . Bl a matrix of C's eigenvectors as row vectors
Select top A wnup]( s with the best performance x; = L A §
M(H—l) — 'u(r) ta,t ! Z,— ( (t+1) “(r)) D a diagonal matrix with C's eigenvalues on the diagnose.
(t) M DR - P T
—— (t4+1) _ (#) evaluation path for e at the generation (t)
P (1 — o)l + /oo (2 —ag)h 00 g e .
glaslii Gt exp ( ( “T’“ | _ )) p,[_'] evaluation path for C at the generation (t)
ds \ EIN(0,I)]| ; ;
(#+1) _ (1) oy, learning rate for p's update
pgﬂ) — (1-— (},.p)p(. + V(2 — acp) A B—F8 . _
!+1) (t+1)T 2 o learning rate for p,
(t+1) _ v(t)
c (1= aa)C% +a p'( | )T ) yT d, damping factor for a's update
1(E+1) - - ’“ ' t+1) (t+1 (t4+1) (t+1
¢ = (1 Eex = el )C T Q1 Pe Pc T Qe § Za—l Y; J ey learning rate for p,.
(5 L
until hit stopping criteria ¥, learning rate for C's rank-min(A, n) update
return pm, U(t), c® O learning rate for C's rank-1 update

+ https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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Methods

Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
® 0= (u0,C), po(x) ~N(u,0%C) = u+ oN(0, C) (cf:Vanilla-ES, 8 = (1, ), po(x) ~ N(i,02I) = p+ oN(0,1))
* 1. %‘E‘ﬂ 3ol.l-r_L.:q'(C)% 0|%5f0=| % Ol'g'él'o:l —E—EO‘" %E E% .7_|'9-| pairWise dependency% Eé._iél'm (cf:Vanilla-ESE E#=5tH isotropic)

® 2. 0|0, 2tA Trial2| ME(evolution path (p,,p))E 71ZC 2 § UH|O|E (cf:vanilla-ES= HIZ M stepte M2{sts e CMA-ESE MA| ZE 12])

Algorithm 1 CMA-ES: Covariance Matrix Adaptation Evolution Strategies Symbol Meaning
Require: ay, aq, qep, Qe1s Qex > Learning rates ;};E” e R" the i-th samples at the generation (t)
Require: d, > Damping factor o T
Require: ¢ =0 b Generation counter % €& @ =pt oy,
Require: ;(® ¢ R*, 0 € E, > Inputs: initial mean vectors and step size u" mean of the generation (t)
Require: c0 =7 ; pf,m =0, p,(;o) =0 > Initialize covariance matrix and evolution paths. &t step size
repeat (t+1) ) ot covariance matrix
Sample z, = 1 4 g where y; ~ N(0,C®), i=1,..., A .
. (t+1) . Bt a matrix of C's eigenvectors as row vectors
Select top A samples with the best performance x; A= Lvasn X ] =
3 i D! a diagonal matrix with C's eigenvalues on the diagnose.
,‘.t(i“) “— 'u(t) + a, % E;\:l(.l_gr+l) - ,um} a diagonal matrix with C's eigenvalues on the diagnose
—1 (t4+1)_ () () evaluation path for o at the generation (t)
IV (1 - a)p$ + /g (2 — ap)h CO 72 Bt — Le B ! .
gl g (8 exp (%"— (E_g_rillli;(?i’l)ln — 1)) p,[_'] evaluation path for C at the generation (t)
= d learning rate for p's update
(t+1) (t) (t+1) _ ,(8) a, g
Pe — (1= aep)pe’ + Va2 —ag)r £ PO .
t+1) (t+1)T Qy learning rate for p,,
(t+1) — (t) ¥
C — (1 —aa)C + a1 pe pe : . e T d, damping factor for o's update
(t4+1) _ _ (t) (t41) (¢+1 152 t+1) (t+1
c = (1=aex = aa)CY +aa pe pe T 3 Zf:l Y Yi Qep learning rate for p,.
t+—t+1
until hit stopping criteria 0, learning rate for C's rank-min(A, n) update
return pl.(t), G(”, C(t) O learning rate for C's rank-1 update

+ https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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Methods

Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))

* 0=(o,0), pe(x) ~N(po?C) =+ 0aN(0,C)

(f+1) — (1—a,)pd (t)

Po

ay(2 —a,)A CH "2

)

llp (t+1)
(EHN(O Nl

) - O %l0|X} - Increase o

* (t) 2’1 0 — ”]J’j—(}ll),j =1,..,t: A step HESS = ¢ ot (1) exp(
® Key Idea
* A MHOZ SXI0| O|AEQI AZ(~E(N(0,1)) vs B: 1A MHZE SEIHH step MIEH S| 8Hp, )
® Case 1. |A| > |B| : “H7I ZQ5t4 AQUCH(=M=LC}) » 0| 2XI0|X| L1 1 20| Z=5HKt —» Decrease o
® Case 2. |B| < |A| : XIZ7HX| 2 ZA1} 0] 2H0j|= 0t~ E=Z(global optimumO| SICH(=ZZ| S&/Y
Biasez

Berase1

Single steps cancel each
other off and thus
evolution path is short.
— Decrease ¢

A: Random selection

Ideal case: single steps
are uncorrelated.

— Increase ¢

Single steps point to the
same direction and thus
evolution path is long.

k. pld) — -1
T oG

One
step

ji=12,...

https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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. Methods

Searching method

<& N
*%* Evolutiona ry Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
* 9= (uo,0), pg(x) ~N(u,o°C) =p+oN(0,C)
(t+1)

P (1= o)+ VB ag)n o
)

t+1) ”

t j_uG-1 B =o| = 5
° ( ) Zﬂ ) — %,] 1,..,t:2}A step HIESS| & & D) L o) exp( (E||‘|:tj)\f(0 —

® Techniques
* 1.p, updateA| A&te| HE3IE ¢
* 2. zZ MME MCH pathdll § 2 75 X|E FAL - learning rate : a,

ol ZAAHZE(~N(O, D)7t EHER E RE

Technigue 1. Conjugate Prior Form

A i+1
(t+1) _ 1 2 g:( "= o) — @
Y; R o) — )

> | =
'M»

k2

(D) 1 Oy L A0
y; SN (0,2C) ﬁc ) = (1—a,)pd + /e (2 —a,)A €O

_1 g, (t41) (t)
Thus A C® %NN(O,I)
a

> | =
M»

I
R

i

https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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#(Hl) o ‘u(t)
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Technigue 2, Learning rate+ polyak averaing

2

(t+l)
(t)

1) _ #(i)



Methods

Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
* 9= (uo,0), pg(x) ~N(u,o°C) =p+oN(0,C)
* 1. ZEM HMHE(C)E 0|25 £ 0|5t 20| U= HE 7t9| pairwise dependencyS EHGHH (cf:vanile-Ese E261 isotropic)

® 2.0|m, 27 Trial®| MY (evolution path (p., p-))E 7|ZOE 0 HH|O|E (cf:Vanilla-ES= B2 & stepBte Ta{sh= ¥He CMA-ESE XA 22 12i)

Algorithm 1 CMA-ES: Covariance Matrix Adaptation Evolution Strategies

Require: «y, as, Gep, @er, e > Learning rates
Require: d, - Damping factor
Require: t =0 > Generation counter
Require: ;¥ ¢ R*, 0 cE > Inputs: initial mean vectors and step size (t+1)
;s : #(0) 0) _ . (0) st . : : : : 1 +1) 1 Ez 1 %; v — pt) #(HL) *Hm
Require: C'Y' =1, ps’ =0, pc" =0 > Initialize covariance matrix and evolution paths.  — —
repeat A A a(t) olt)

Sample :L'("'H) = p® +®) gy where y; ~ N(0,C®), i =1,..., A

'M» [ M»

1 1 1 1
Select top A samples with the best performance 1( M i=1,...,) X yt.(tﬂ) ~ XN'(O, /\C'(t)) ~——C®? N(0,1)
(t+)  ® 2D _ 0 = VA
H —u +GJ’1)\21 1 — pl¥) L (1) ®
S G o | — |
p8 « (1-a,)pd + \/Ota' (2 —a,)A C® ST » Thus /A C 2% ~N(0,I
O.(H-l)  o®ex ( ( IS0 1)) o
P EINO.D]
(1) ()
ng =il O‘rrP)PC + v aep(2 — agp)A & g(nu p D —
(t4+1) (t+1) T ki N(U,C)

COHD — (1 — a)C® + e pe ' pe
-
t4+1) (t+1 t4+1) (t+1
ol (I (1 7(16)\70’61)C( )+G P( )ngr ) + ey /\Z:—IJ'E I( )
t+—t+
until hit stopping criteria
return p(, o), ¢

+ https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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. Methods

Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
* 0= (H,O’,C), PQ(X)NN(I"UZC) =M+O’N(O,C)

* 1. "‘Eﬂ‘ OOHE(C)E Ol'g'ol'o:l Ol'g'ol'o:l —I—EO'” OI._ EE |7_|'9| pairWise dependenc % Eédél'n:‘ (cf:Vanilla-ESE E#=5tH isotropic)

® 2. 0|0, 2tA Trial2| ME(evolution path (p,, 2 ))S 71ZO 2 0 UH|O|E (cf:vanila-ES= HIZ M stepte 2{sts e CMA-ESE MA| Z2 12])

Algorithm 1 CMA-ES: Covariance Matrix Adaptation Evolution Strategies

Require: oy, ag,, acp, e, Qe > Learning rates
Require: d, > Damping factor
Require: t =0 > Generation counter
Require: ¢ € R, 0 € E, > Inputs: initial mean vectors and step size
Require: C% =T, pS,” =0,pc’' =0 > Initialize covariance matrix and evolution paths.
repeat
Sample T( T = 4® +® g, where y; ~ N(0,00), i =1,...,A

Select top A samples with the best performance z,

(t+l)

1
'u,(t+1) — ru(t) -+ a# X Zz 1 (t+ ) (t))

D

((rt+1) ( - aa pa) + \Vaes - (10) C(t)_z H“_L

t+1 t IIP““’II
ol "”eXp( (E—nmonn 1

(t+1)

De

(£4+1) _ (8
= (1 = a(:p)pc(: ) 2 Ofr:p(2 = Ofrp)}‘ %

=
Ct+1) (l—a(l)C(' i o p£f+1)p£t+1)

C(t+1

— (1 —aex — 0aq)CO + a, p(f+1) (t+1) T +og L E (t+1)y(t+1)

217

t+—t+1 \_Y_) L . J

until hit stopping criteria

Rank-one update Rank-min update

return ,u(t), a®), Cc®) (M| A’ sign info’) (R1gx M5

+ https://lilianweng.github.io/lil-log/2019/09/05/evolution-strategies.htm
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Searching method

o Evolutionary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
* 1. Covariance matrixS Al2ol2 2 EtY 9| population 22 MM 7Hs (EXN WSOz  EfM Jts)

* 2. Vanilla—ESEL} gt(sampling 2% 3 7|)7} &M SSXOZ AUH|0|E (exploration/exploitation s 1)

2D X3t FX|0l CMA-ES stepH H3l B

Generation 1 Generation 2 Generation 3

Generation 4 Generation 5 Generation 6

https://en.wikipedia.org/wiki/CMA-ES
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Searching method

<& N
*%* Evolutlonary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))

* (+) Non—convex?dt search—spaceoﬂkl Ef SfH=ESHL 4ot Ms (e.g Six-hump Camel Function)

* (+) SOTA(Best performance out of over 100 black-box optimization methods for various benchmark problems)[1]

° (_) A||7_|-§JI§||-E : O(nZ) / CMA_ESQ" 7C:>|_CI)_ %1_7':_36! E‘JIK_ HPO Dlxl"o.:'l(ﬁfxlt.'_f 2t0|E2{2] LHOIA S =0l ChaliAl= RIS 22 TPE-Sampler ALE)

CMA Evolution Strategy for Six-hemp camel function

Six-Hump Camel Function

T 1 T T T T
- 2.0 ‘ Random
02| | cmaes i
L pycma -
1.5 4 15 L sep-cmaes
o | i
1.0 4 1.0 ]
® I e
\\d ” = -0.2 | .
0.5 N 0.5 % | '—\
(5] Lt
2 -0.4 = %~—1 B
0.0 0.0 5 = -
I =
)“ 1
-0.5 N -0.5 a oer I‘ i
@\ |
), ® \
-1.0 - -1.0 -0.8 | 2 E
b
-1.5 -1.5 < il o e "ﬁ'—ku-—_._‘_ 3
-2.0 T -2.0 1.2 | | I L L
-3 -2 =X 0 1 2 3 0 50 100 150 200 250

Budget

« [1]11. Loshchilov, M. Schoenauer, and M. Sebag. Bi-population CMA-ES Algorithms with Surrogate Models and Line Searches, GECCO Workshop, 2013.

*  https://medium.com/optuna/introduction-to-cma-es-sampler-ee68194c8f88
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Searching method

o Evolutionary Search (Covariance Matrix Adaptation Evolution Stretegy(CMA-ES))
* |POP-CMA-ES(Increasing POPulation size) : Local minima0f| X2 I population size 1
* WS-CMA-ES(Warm Starting) : H|=8t HPO task2| Z|&M3} ZE AESI0|, HPO Mt -[1]
« 509/, data distribution shift= 2loff HPOS 7|82 = oliF0f ot= & FFHEU N 7|& HPO BitE
Ct712= HPO2| prior knowledgeZ AR7ts

IPOP-CMA-ES Himmelblau function trial=6 popsize=6 . .
HPO of LightGBM on full Toxic Challenge data

7N & CMA-ES
T \ 0.045 - < WS5-CMAES
S /fff"
N
INS U 0.040 -
=
c
14 @ 0.035 -
=
|
0 & B
= 0030
_1 B E
m
i = 0.025-
— | §
beooe00s -
X L&
0020 - e 9*’”9999'&0999.969,99
&
o T | 0 x
2 a1 o 1 0 5 10 15 20 25 *

Trials

[1] M. Nomura, S. Watanabe, Y. Akimoto, Y. Ozaki, M. Onishi. Warm Starting CMA-ES for Hyperparameter Optimization, AAAI, 2021.
https://medium.com/optuna/introduction-to-cma-es-sampler-ee68194c8f88
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Scheduling method

[(Sequential) Searching met

Multi-Fidelity
Optimization

nod = ARE 9| oHA|]

DE Trial2 2XHO 2 THK| FME[DZ £ AFSHO| B

*  https://arxiv.org/pdf/1906.02287.pdf
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Scheduling method

/ . . .
** Successive Halving Algorithm (SHA)
* 718 Jt56t XH(budget = B)UM, X7|0ll= 2E hyper-parameter A7)0l i3 b = B/n 2t2 X HiE

® min_resource n'~! OICh MA| 22 & XZ 1/n /S SHEL, Y RS LIHX| 20| HiR5H0,

LIHX| 222 b < n b 2 XAE2Z HY

2= (02 G|Al: n = 27,7 = 3, min _resource = 1,i = 1,2,3,4)

®* (+) Random search2LC} §2X (2E Trial2 Z7HX| 2 ST T2 2))

® (-) (MEiE|= configuration £) vs (H

=== budget) & 0{=30f| § HIES FOIGH=71? - Sol : HyperBand / ASHA

[ SFAl vs ®TL A = [Configuration & %, budget] VS [Configuration 84, budget%]

® (=) O Rung MMA|, & Top 1/n 2 1EM a4 7|Ct2{0F8H - Bottleneck — Sol: ASHA

Ir € (0.1,0.01,0.001)
ﬁ momentum € (0.85,0.9,0.95)
WeightDecay € (0.01,0.001,0.0001) A
Rung j Configurations Remaining  Epochs per Configuration
Rungl 27 1 . .
Validation
Rung2 9 3 Metric (min)
Rung3 3 9
Rung4 1 27
0 malx’

https://blog.ml.cmu.edu/2018/12/12/massively—parallel-hyperparameter—optimization/
https://wood-b.github.io/post/a-novices—guide-to—hyperparameter—optimization-at=scale/sha.qgif

Data Mining e, s
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Scheduling method

¢ HyperBand

* SHA 2X: [(a) 2 S| vs (D)HTT FAH] - “&7| X+ HiE(config)df| M2t £|Z Best configuration0| E2tX|

tions. However, for a fixed B, it is not clear a priori whether we should (a) consider many
configurations (large n) with a small average training time; or (b) consider a small number
of configurations (small n) with longer average training times.

Loss

) 50 100 150 200 250 300 350 400
Resources Allocated

Figure 2: The validation loss as a function of total resources allocated for two configurations
is shown. v; and v, represent the terminal validation losses at convergence. The
shaded areas bound the maximum distance of the intermediate losses from the
terminal validation loss and monotonically decrease with the resource.

https://arxiv.org/abs/1603.06560
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Scheduling method

¢ HyperBand
* SHA EH|: [(@%1 SfAl vs (0BT HA| » “F7| X4 HHR20i| M2tA £F Best configuration0| HetX|l= EH|”

® Solution : 042 =7| Zgk(n;, ;) O CHoll Ck S2{= X} (Of2f O|A| : brackets s = 4,3, ..., 1,0)
—
s= 5 =13 s =2 g=1 s=0 Algorithm 1: HyPERBAND algorithm for hyperparameter optimization.
tlmg wm|lm m mg o | mp oy v input : R, 1 (default n = 3)
081 1 27 3 9 9 6 27 | B 81 initialization : s;.x = UOgn(R)J: B = (Smax =+ 1)R
1127 3 |9 9 |3 272 81 1 for s € {Smax; Smax — 1,...,0} do
209 9 |3 271 sl 2 | n=[gekyl, r=Rr®
313 27 1 1 81 // begin SUCCESSIVEHALVING with (n,7) inner loop
411 81 3 T =get _hyperparameter_configuration(n)
4 | forie{0,...,s} do
5 n; = |nnp¢|
The values of n; and r; for the brackets of HYPERBAND 6 T = f,-ni
corresponding to various values of s, when R = 81 and 5 = 3. P L = {run_then return val loss(t,r;) : t € T}
8 T =topXk(T, L, |ni/n|)
9 end
10 end
11 return Configuration with the smallest intermediate loss seen so far.

+  https://arxiv.org/abs/1603.06560
+  https://arxiv.org/pdf/1810.05934.pdf
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Scheduling method

¢ HyperBand

* BudgetO| 2= lil= 2 E2= of, budgetO| 0| W2t 21 0] SO=LE
o

° o= 284S B2 &= YQSMY

. “2 BudgetlME £

HyperBand vs Random Search

107! e

—»— Random Search
—4— Hyperband

regret

10—3 \ L] L1l L1 l
10* 102 102 10*

wall clock time [s]

http://proceedings.mlr.press/v80/falkner18a/falkner18a.pdf
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Scheduling method

% Bayesian Optimization with HyperBand (8oHs)

* Vanilla HyperBand(randomSearch+HyperBand)2| 45 2IHS Bayesian OptimizationQE ==
* BudgetO| 2 [f Random Search2t2| AX} : 4x — 5bx

HyperBand vs Random Search

BOHB vs HyperBand vs BO vs RS

. —1
107! ¢ s - e 107! ¢
N —w— Random Search —w- Random Search
—4— Hyperband A B tan Optimizats
20x speed up 20x speed up —=— Bayesian Optimization
—4— Hyperband
> - -o- BOHB
& 1072 5 102
& & 10
— T
=
103 4 — ‘ — 3 | |
1 2 3 4 5 6 10
wall clock time [s]

wall clock time [s]

http://proceedings.mlr.press/v80/falkner18a/falkner18a.pdf
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Scheduling method

¢ Asynchronous Successive Halving Alogrithm (AsHA)
®* SHA 2AX| : 0f Rung MMAl, & Top 1/n 2 1E(promote) I worker 02| 7HE AtEdH=
® Sol. 2] workerE AtEStCL gH---

o StA
o

H

ol

b O BYO7EK| 7|CH0E

a

1. Y2[2] worker2| 20| ELIH 0| free workere Z|CH2IX] 231 Of2i@F ZH0| £ 0| CHA| S0
2. H1X promotable config?t U=X] &2l (Top 1/n 0] OF&] O Z24El rungdi| H220{A &g

3. QICHH bottom rung= M4 (MZ configuration set0f| L3l exploration 4=34)
4. "1-3'2 desired condition PIESYTEX| A& L&t (e.g. & Trial 3l%)

Algorithm 2 Asynchronous Successive Halving (ASHA)

input minimum resource 7, maximum resource R, reduc- function get_job()
tion factor 77, minimum early-stopping rate s // Check if there is a promotable config.
function 2sHA() for k = Uom? R/r)] —s—1,...,1,0do
repeat candidates g k|/n)
for for each free worker do promotable = {¢ & candidates : f not promoted }
(8,k) = get_job() if [promotable| > 0 then
run_then_return_val_loss(f, rp**tF) return promotable[0], k + 1
end for end if
for completed job (4, k) with loss [ do // If not, grow bottom rung.
Update configuration @ in rung k with loss /. Draw random configuration .
end for return 6,0
until desired end for
end function end function

https://blog.ml.cmu.edu/2018/12/12/massively—parallel-hyperparameter—optimization/
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. Methods

Scheduling method

¢ Asynchronous Successive Halving Alogrithm (AsHA)
* ASHA(L)O| Z2 &M 211 U 20| ELHH 7|CH2|X| 11, THE U1

2 2(1.promote config / 2. grow bottom rung)2
285IE2M, Synchronous$t HESKF)HC 22 A|ZH otof 52 & 84(Resource Efficiency)2 EY

Successive Halving (Asynchronous) . Jobs for each Worker

Resource Efficiency: 100%

£
8
S
E:
i B . =
0 80 12
Hyperparameter Cenfigurations Workers
Successive Halving (Synchronous) Jobs for each Worker
27 rung 4 10
Resource Efficiency: 100%
s
g
:—*AI
s
]

ung 1 : e | I f § ¥ |

Hyperparameter Configurations

https://blog.ml.cmu.edu/2018/12/12/massively—parallel-hyperparameter—optimization/
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. Methods

Scheduling method

** Asvnchronous Successive Halving Alogrithm (ASHA)
y
* (left) Single Worker : SHA A Z112|F ALO[0f 2 Xt0] SIS
* (right) Multi-Worker : ASHA > PBT > BOHB > SHA

._C.'FARN Using Small Cuda Convnet Model CIFAR10 Using Small Cuda Convnet Model

i — 0.2
SHA —#— ASHA == ASHA
0.25 it —— Hyperband  —+— Hyperband (async) 0.25 -~ —— PBT
{l Random —— BOHB —— SHA
0.24- | — PBT 5
024- | —— BOHB
= 0.23- pS
£ 5023- TR
o b ! —
w2 0.22 W g.22-
1] ] 1.
~ 0.21- 021 - g
I 0.20- S
o 01 R e
0.18~ ' i ' ' 0 0.18- | . | '
0 500 1000 1500 2000 2500 40 60 80 100 120 140
Duration (Minutes) Duration (Minutes)
. 2(%}IFARIO Using Small CNN Architecture Tuning Task CIFAR10 Using Small CNN Architecture Tuning Tasl
- ™| L H 0.26 - 14 H 1
~ —— SHA —#— ASHA 11 |
0.25 - i\ —— Hyperband —<— Hyperband (async) 0.25 - i
Random ~—— BOHB
0.24 - 0.24-
“ =
= :
5.0.23 - 5 0.23-
- i
& 0.22- = 0.22-
—— ASHA
0.21- 0.2~ IiE
—— SHA
0.20- 0.20- —— BOHB L
0 500 1000 1500 2000 2500 0 20 40 60 80 100 120 140

Duration (Minutes) Duration (Minutes)

+  https://arxiv.org/pdf/1810.05934.pdf
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Scheduling method

*¢* Population-Based Training (8T

[Preliminaries]

1. Model hyper-parameters

— 22 Xx2| X HElE 2Fot= of0|HIt=t0|E

2. Algorithm hyper—parameters(optimizer parameters)

— DHO| WE WAS AMSHE Sl0|HIIEH0|E

— E.g.) SI&E, EEOIRE, -

https://deepmind.com/blog/article/population-based-training—neural-networks
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. Methods

Scheduling method

*¢* Population-Based Training (8T

* PBT = "Evolutionary Strategy + Parallel Search” (&, algorithm hyper-parameter@ HPO 7t5)
° (b)2t s LAOZ RTISISHK|T, F7|HOZ exploit/explore Al
> If (4 population &5 < L+E population H5):

C+2 population?| hyper-parameterZ update(=exploit);

TH7H ™ S hyper-parameterS mutate(=explore);

(a) Sequential Optimisation

— p‘:rgnﬂ:: [ I — | =
o o= Hyperparameters O—*O O—’O i O
— R — ' | [ Em—" | [ ——— {]

Weight
(b) Parallel Random/Grid Search (c) Population Based Training

— = = = oy

S, I - e . 'O O, O
Weights U ..... B .,.D - ,D L _D

— = = —=
O o O O b cxploit
D __________________ D I - U ___________________ D _ s .

O. . O o—-cxplun'-o.__.. o

O 0. O.-. O U ................ ..,|:| [:I [l ...... 3 D

D ___________________ [:l _____ - D D —

https://arxiv.org/pdf/1711.09846.pdf
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. Methods

Scheduling method

*¢* Population-Based Training (8T

® (+) Algorithm hyper—parameter HPOO| &dliA{= SOTA Ms

7|t7ts

(+) £3| Hyperparameter?t 22 & Transformer 22 HPOO| 2 =20| &

(=) Algorithm hyper-parameter HPO2t 7t5

(=) PBT= population &EHE K&GHOF &|7| W20 &2 TE0AM +HoH0re 220| SIHMCR B3
* Cf) PBT= & Ray Tunet NNI 2t0|22{2[0| M2t X|&. (34 Y1252 PB22 Ray Tune 0|2

PBT&PB2 @RayTune

PBT performance against baseline (best hand-tuned architecture)

Scheduler

12 040 10 tune
a o [0}
o v U 035 PBT
5 10 PET I & o & |-- ASHA
: o E E o :
2 ¢ 8 5 8

08 --dd B3 L, & 1 1
= _ 5 - " Tms ¥ E Median Stopping Rule
a < o a &4 c o
k-1 o« o b= o ° = & o
& o6 a 3 oz a B 5 a z
@ = 5] n 02 5 o 2 HyperBand
= = ® o w2 E =
E. E E o 2 5 s
2 2 g ] B *° BOHB

0 (B m a

g g g g g
E 0z E E oo s Population Based Training
pu o4 = I

o noo » e Population Based Bandits

DM Lab Atari StarCraft Il Machine Translation GAN I

https://arxiv.org/pdf/1711.09846.pdf

https://arxiv.org/pdf/2002.02518.pdf
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Experiments
Classic methods

** HPO methods to the (RF/SVM/KNN) classifier on the MNIST dataset
GS/RS : AlZt 80| |2
* BO-GP: Hazi ZOLt AIZHER0| ZX| %2

* BO-TPE : 2745 0] ZH= HPOO| E2H&(SVIV)

Table 4
Performance evaluation of applying HPO methods to the RF classifier on the MNIST

dataset.
® Hyperband : GS/RSELCt 23 Lt2 NE
o XMBIC O 52 A = = Optimization Algorithm Accuracy (%) CT (s)
BOHB : d=i=2t 284 2% 25 Default HPs 90.65 0.09
GS 93.32 48.62
RS 93.38 16.73
BO-GP 93.38 20.60
BO-TPE 93.88 12.58
Hyperband 93.38 8.89
BOHB 93.38 9.45
Table 5 Table 6
Performance evaluation of applying HPO methods to the SVM classifier on the MNIST Performance evaluation of applying HPO methods to the KNN classifier on the MNIST
dataset. dataset.
Optimization Algorithm Accuracy (%) CT (s) Optimization Algorithm Accuracy (%) CT (s)
Default HPs 97.05 0.29 Default HPs 96.27 0.24
GS 97.44 32.90 GS 96.22 7.86
RS 97.35 12.48 RS 96.33 6.44
BO-GP 97.50 17.56 BO-GP 96.83 112
BO-TPE 97.44 3.02 BO-TPE 96.83 2:33
Hyperband 97.44 11.37 Hyperband 96.22 4.54
BOHB 97.44 8.18 BOHB 97.44 3.84

*  https://www.sciencedirect.com/science/article/pii/S0925231220311693
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Experiments

Classic methods

‘0

GS/RS : AlZt &20] 2/}

* BO-GP: M=t FOLI AZHER0| X 942

* BO-TPE : 2745 0] ZH= HPOO| E2H&(SVIV)

Table 9

Hyperband : GS/RSELH 23 L2 H&
®* BOHB: H&otaE2d ZF £

Performance evaluation of applying HPO methods to the KNN regressor on the

Boston-housing dataset.

Optimization Algorithm MSE CT (s)
Default HPs 81.48 0.004
GS 81.53 0.12
RS 80.77 0.11
BO-GP 80.77 0.49
BO-TPE 80.83 0.08
Hyperband 80.87 0.10
BOHB 80.77 0.09

*  https://www.sciencedirect.com/science/article/pii/S0925231220311693

N

Data Mining e, ~a
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+* HPO methods to the (RF/SVM/KNN) classifier on the Boston—housing dataset

Table 7

Performance evaluation of applying HPO methods to the RF regressor on the Boston-

housing dataset.

Optimization Algorithm MSE CT (s)
Default HPs 31.26 0.08
GS 29.02 4.64
RS 27.92 3.42
BO-GP 26.79 17.94
BO-TPE 25.42 1.53
Hyperband 26.14 2.56
BOHB 25.56 1.88
Table 8

Performance evaluation of applying HPO methods to the SVM regressor on the

Boston-housing dataset.

Optimization Algorithm MSE CT (s)
Default HPs 77.43 0.02
GS 67.07 133
RS 61.40 0.48
BO-GP 61.27 5.87
BO-TPE 59.40 0.33
Hyperband 73.44 032
BOHB 59.67 031



. Experiments et

"netG_1r": lambda: np.random.uniform(le-2, 1e-5),

SOTA methOdS (W|th ASHA, PBT) "netD_1r":

"betal": [0.3,0.5,0.8]

lambda: np.random.uniform(le-2, le-5),

** DCGAN on MNIST (10 samples)
* RS9 AL M| Trial®llA flatdt inception scoreE EQl (HIH BOE= SHHOZ =)

is_score

Random
Search

Bayesian e -
Optimization ok A

e https://wandb.ai/wandb/DistHyperOpt/reports/Modern—Scalable—Hyperparameter-Tuning-Methods——VmlldzoyMTOxODM
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. Experiments T

_ "netG_1r": lambda: np.random.uniform(le-2, 1e-5),
SOTA methods (Wlth ASHA, PBT) "netD_1r": lambda: np.random.uniform(le-2, le-5),

"betal": [0.3,0.5,0.8]

** DCGAN on MNIST (10 samples)
* ASHAE Z=710f 712 9l Trial2 W2 £0HLHUS / SHH PBT= exploit/explore @2 2| TrialQ| Z| T NSO +H

is_score

is_score

= dogan_train_bagde_8aedl = doghn_train_bagde_Hed7 tr babde_daoad = an_t babide_iog Qan_tr babde_popas =

-
o
—

e https://wandb.ai/wandb/DistHyperOpt/reports/Modern—Scalable—Hyperparameter-Tuning-Methods——VmlldzoyMTOxODM
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. Experiments confi = ¢

"netG_1r": lambda: np.random.uniform(le-2, 1e-5),

SOTA methods — 1 (ASHA, PBT) "netD_1r": lambda: np.random.uniform(le-2, le-5),
"betal": [0.3,0.5,0.8]

% DCGAN on MNIST
i PBT(sampIes=5)°=.PBT(sampIes=10)Z ASHA(sampIes=20) > BO(sampIes=10) > RS(samples=10)

Zt HPO B 29| |nception Score H| Wl

wn

(%]

Step

* https://wandb.ai/wandb/DistHyperOpt/reports/Modern—Scalable-Hyperparameter-Tuning-Methods——VmlldzoyMTOxODM
e https://arxiv.org/pdf/1810.05934
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. Experiments

SOTA methods — 1 (ASHA, PBT)

Test Error

40

config = {

"netG_1r": lambda: np.random.uniform(le-2, 1e-5),

"netD_1r": lambda: np.random.uniform(le-2, le-5),

"betal": [0.3,0.5,0.8]

5 CIFAR10 Using Small Cuda Convnet Model

== ASHA

| : —— PBT
L _—
\ = —— BOHB

60 80 100 120 140
Duration (Minutes)

2 %IFARlO Using Small CNN Architecture Tuning Tasl

0i25=

0.24 -

Test Error

0.23-

1EE At

PBT
SHA
BOHB

20

40 60 80 100 120 140
Duration (Minutes)

* https://wandb.ai/wandb/DistHyperOpt/reports/Modern—Scalable-Hyperparameter-Tuning-Methods——VmlldzoyMTOxODM

e https://arxiv.org/pdf/1810.05934
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. Experiments

SOTA methods - 2 (FLAML)

* https://www.anyscale.com/blog/fast-automl-with-flaml-ray-tune

NS

+* FLAML

BlendSearch Blended Search

CFO Cost-Frugal hyperparameter

Optimization

® 2712| SOTA Searcher &112|& : Cost-Frugal Optimization(CFO) & BlendSearch
® (Made by Microsoft, accepted @(MLSys, AAAI2021, ICLR2021, ICML2021), Current(2021.09) SOTA @AutoML Benchmark)

* Optuna® CMA-ES%t H=0{

Normalized score (100 for CFO)

Normalized score (100 for CFO)

[
o
-3

©
[

U7TTee

o
o

°
& o

RS BOHB GPEl GPEIPS SMAC CFO-0

(a) Scores in tuning XGBoost

[}
a

RS BOHB GPEl GPEIPS SMAC CFO-0

(b) Scores in tuning DNN

*  https://arxiv.org/pdf/2005.01571.pdf

*  https://openreview.net/pdf?id=VbLH04pRA3

N
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e —- ‘
. RS
io O os%
BOHB
V 94%
> GPEI
35 O s9%
GPEIPS
¥ gow
SMAC
Gk A g1
cFo-0
100%
-
&)25 p— CFO
n
s
o
Q20
15
10
S}
5
S
[
20 92 102

94 96 100
Normalized score (100 for CFO)

(c) Scores in tuning XGBoost, the higher the
better. The legends display the fraction of
datasets on which the scores are over 90 for
each method

Sl 71 &2 B27ts¢et SOTA Searcher

1
RS

« oA o
as X v
o P
v =
a0 - 1 8%
x X ., GPEIPS
X Hoa
35 % e SMAC
bYe v 15%
=—C -
30 ;
M7 %E i 3252,
&7 —— budget
EZS X< X = x &
J: > 0oy
m
B2 XXX
i
x
15 % §
10 X
% %
5 PaS
X
% =
0 = =

o 500 1000 1500 2000 2500 3000 3500 4000
Time to reach best score

(d) Time used in reaching best score for XG-
Boost. The legends display the fraction of
datasets on which the best score can be reached
within 1h
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Frameworks

\J ‘ ]
o X274 A= BE GHEL o2 HPO 2i0|E22|25EEH ‘&eA ArIts
N
tune Ray Tune (*1 74k) (Made by UC Berkley, Widely used for distributed computing)
@ Optuna (3%:5.2k) (CMA-ES Accepted @(AAAI2021), Compatibe with majority of the ML tech stacks (sklearn,PyTorch, TF, XGBoost,..)

@ FLAML ($%:1.3k) (Made by Microsoft, accepted @(MLSys, AAAI2021, ICLR2021, ICML2021), Current(2021.09) SOTA @AutoML Benchmark)

¥ BlendSearch Blended Search

1_ U n e @ CFO Cost-Frugal hyperparameter

Optimization
Scheduler
ASHA
optuna.samplers
Median Stopping Rule ; =
optuna.samplers.GridSampler Sampler using grid search.
HyperBand . .
optuna.samplers.RandomSampler Sampler using random sampling.
BOHB ) i =
optuna.samplers.TPESampler Sampler using TPE (Tree-structured Parzen Estimator) algorithm.
Population Based Training i
optuna.samplers.CmaEsSampler A sampler using cmaes as the backend.

Population Based Bandits
+  https://github.com/optuna/optuna

+  https://github.com/ray—project/ray
«  https://github.com/microsoft/FLAML
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. Frameworks

rﬁﬁa Ray Tune x:17.4k)

“* Ray Tune2 £AX{2|Q GPUZt4E XIRI5H= Wrapper 2102212
* Searching method= wrapping® native 2t0|E2{2|(OptunaSearch/BlendSearch/---) mr MEH
* Scheduling method= Ray TuneWA] nativeZ X|&HE|[H, ZQA| MEISHA AIZSIHH F

* Ray Tune AF&A| : (+) 24K 2|,GPUZt4,Scheduler AH87ts / (-) 22 native 7|52 A E7ts

SearchAlgorithm Summary

Random search/grid search  Random search/grid search @
AxSearch Bayesian/Bandit Optimization R ¥
eports
1 — P [——————Manages
L]

Implements and leverages—| rasults |

BlendSearch Blended Search f
- une
CFO Cost-Frugal hyperparameter . Scheduler
Optimization I .
Runs
DragonflySearch Scalable Bayesian Optimization Beararales in parallel ASHA
k.
. R ~ ™
SkoptSearch Bayesian Optimization P .
Tree-Parzen .| Hyperparameter &l Trial 1 Median Stopping Rule
HyperOptSearch Tree-Parzen Estimators Estimators " configuratinn 1 & GPU1
A - HyperBand
BayesOptSearch Bayesian Optimization - -
i o _—
TuneBOHB Bayesian Opt/HyperBand Og:nyﬁzsgr;n —3=| ?gm;ﬂ?;:i??er P Trial ... BOHB
NevergradSearch Gradient-free Optimization Population Based Training
B y - =

OptunaSearch Optuna search algorithms Other great saarch Hypefparameler . GPU 2

: L | : : > Trial n ‘-(—I Population Based Bandits

o algarithms configuration n
ZOOptSearch Zeroth-order Optimization ) .
SigOptSearch Closed source
HEBOSearch Heteroscedastic Evolutionary Bz
Optimization

*  https://medium.com/optuna/scaling-up-optuna-with-ray-tune-88f6ca87b8c7
* https://docs.ray.io/en/latest/tune/api_docs/suggestion.html
* https://docs.ray.io/en/latest/tune/api_docs/schedulers.html
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. Frameworks

mne Ray Tune (x:17.4k)

“* Ray Tune2 2At%2|2t GPU7I&E X|R5H= Wrapper 2t0|2212]
® Searching method= wrapping & native 2t0|22{2|(OptunaSearch/BlendSearch/--) # MEH
® Scheduling method= Ray TuneW|A| native= X|& |, TA| ME4SHA AISHH E
® tune.run()0fl S Z &= XA CZ {Data, model, train, evaluation}2 & 4= UH AP 74
® tune.report()0l= ZX 3ot XL 6H= objective function?| criterion(e.g. mean acc.)2 report
® tune.run() 21X} = configdll EHAESt hyper—parameter HQIE & O|SHCt
® tune.run() 02| 2IXt= HPO MHzf(search_alg, scheduler, metric, mode, num_samples, )2 H2|

def train_mnist(config): .
. . analysis = tune.run(
use_cuda = torch.cuda.is_available()

device = torch.device("cuda" if use_cuda else "cpu") train_mnist,

train_loader, test_loader = get_data_loaders() con-Fig={

del = ConvNet().to(devi .
mode onvet().to(device) "lr": tune.loguniform(le-4, le-2),

SpEini s oot in Sohy momentum": tune.uniform(@.1l, ©.9),

model.parameters(), lr=config["lr"], momentum=config["momentum"]) },

metric="mean_accuracy",

for i in range(2@):
; T : : mode="max"
train(model, optimizer, train_loader, device) *

acc = test(model, test_loader, device) SEQr‘Ch_alg:C'j‘f7;#;{_;;,‘f~-_()-‘
tune.report(mean_accuracy=acc) num_samples=10)
*  https://medium.com/optuna/scaling-up-optuna-with-ray-tune—-88f6ca87b8c7 print(f"Best config: {analysis.best_config}")

* https://docs.ray.io/en/latest/tune/api_docs/suggestion.html
* https://docs.ray.io/en/latest/tune/api_docs/schedulers.html
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.‘:\ Quality Analytics r‘\'a -




optuna.

optuna.

optuna.

optuna.

optuna.

optuna.

optuna.

optuna.

optuna.

optuna.

Frameworks

Optuna (x:5.2k)

% “E} ML 2}0|E2|S0f| CH

samplers.
samplers.
samplers.
samplers.
samplers.
samplers.
samplers.
samplers.
samplers.

samplers.

* (O PyTorch

rol

—_

- - - .
e n -
- lldlll el

F SEAT ALR

0 2 HPO 2jo|22{2)"

,i(”GBoosr

* LIS Searcher(Sampler)2t Scheduler(Pruner)?t Native 2 SA|0f| X|&E(CH2H GPU 7142 OHE)
* XX = HPO Z10)| CHet CrFet A Ztet et XIS

Optuna Searcher (Sampler)

BaseSampler

GridSampler

RandomSampler

TPESampler

CmaEsSampler

PartialFixedSampler

NSGAIISampler

MOTPESampler

IntersectionSearchSpace

intersection_search_space

+  https://github.com/optuna/optuna

N
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Base class for samplers.
Sampler using grid search.

Sampler using random sampling.

Sampler using TPE (Tree-structured Parzen Estimator) algorithm.

A sampler using cmaes as the backend.
Sampler with partially fixed parameters.
Multi-objective sampler using the NSGA-II algorithm.

Multi-objective sampler using the MOTPE algorithm.

A class to calculate the intersection search space of a Basestudy .

Return the intersection search space of the Basestudy .

a

optuna.

optuna.

optuna

optuna.

optuna.

optuna.

optuna.

optuna.

pruners

pruners.

pruners

pruners

pruners

pruners

pruners

pruners

Optuna Scheduler (Pruner)

.BasePruner

MedianPruner

.NopPruner

.PatientPruner

«PercentilePruner

.SuccessiveHalvingPruner

.HyperbandPruner

.ThresholdPruner

Base class for pruners.

Pruner using the median stopping rule.

Pruner which never prunes trials.

Pruner which wraps another pruner with tolerance.
Pruner to keep the specified percentile of the trials.
Pruner using Asynchronous Successive Halving Algorithm.
Pruner using Hyperband.

Pruner to detect outlying metrics of the trials.



. Frameworks

Optuna (x:5.2k)
¢ “Et ML 2t0|22{2|S0]| C{5t S3tAMut ALK} TO|AM0| Z22 HPO 2t0|E 22/

i OPyTOFCh & Chainer "W TensorFlow Keras @ MXNet . Scikit-Learn J?GBDOS{ k] LightGBM
* Cfot Searcher(SampIer)Qf Scheduler(Pruner)7t Native= SA[0 X[ (ctet, GPU 7k42 )
e XIMA™MOZ HPO Z1t0| CHgt CHFSt interactive A|Zt3t & M|& (0f2= TensorBoard?t X8| S= 29| plot)

v history plot, contour plot, hyperparameter importance

Optimization History Plot
Contour Plot

c
1 = (Dbjective Value g 1
—— Bast Value 2 o, Ub]e?tlve Value
0.995 ‘;: o
= EI 0.6
0.99 &
S
F-1
3 0.85
E
L 0.9 ]
= =]
g E
% 0.97 =
© 8
0.9 -
2
Q
96 E
I
0.9 =
£
o
[ =4
ag =1 7 A0 60 A0 100
o 20 0 B0 BO d 2 20 il ae 100
#Trials bagging_fraction bagging_freq min_child_samples

https://github.com/optuna/optuna
https://optuna.readthedocs.io/en/stable/tutorial/10_key features/005 visualization.html

https://wandb.ai/site
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. Frameworks

Optuna (x:5.2k)

o Wandb log results
val_loss v, created Parameter importance with respect to
Le .E il val_loss b

=

-@
[
i

Config parameter Importance () ~ Correlation

® features_start

num_layers
batch_size
Ir

| [ |
grad_batches - =

- .

| [

[ | a

] (|

bilinear

B a6 P 9B e b b P
PR O N R UL CROT. T Y,
N T S
L e ﬂ‘m“ 1®
W

® L ®
Ut et gt et Wt et

i g epochs
BB
wet ot e

et

batch_size features_start num_layers bilinear Ir grad_batches val_loss
4.0 130 5.0, o~ P 08

\ Sk

38 7ol N
36
34
32
30
28
26
24
22

2.0

. v . 14(” as
+  https://qgithub.com/optune, vy w e !

«  https://optuna.readthedocs.io/en/stable/tutorial/10_key features/005 visualization.html
*  https://wandb.ai/site
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Optuna (x:5.2k)

< “Ef ML 2t0|=22{2| 0] CH5t

e () PyTorch % Chaine

° ME YH

kCBoosr

al Scikit-Le

1. Wrap model training with an objective function and return accuracy

2. Suggest hyperparameters using a trial object

3. Create a study object and execute the optimization

o AF| FE GA])

orch
i O PyTorch

optuna

# 1. Define an objective function to be maximized.
s(trial):

n_layers = trial.suggest int( 5 15 3)
layers - []

in_features
i (n_layers):
out_features - trial.suggest int( 3 (i), 4, 128)
layers.append(torch.nn.Linear(in_features, out_features))
layers.append(torch.nn.ReLU())
in_features out_features
layers.append(torch.nn.Linear(in_features, ))
layers.append(torch.nn.LogSoftmax(dim-1))
model torch.nn.Sequential (“layers).to(torch.device( ))

accuracy

# 3. Create a study object and optimize the obj
study - optuna.create study(direction-'maxi
study.optimize(objective, n_trials=108)

+  https://github.com/optuna/optuna
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1.

i
xgboost xgh
optuna
Define an obje function to be maximized.
(trial):
param = {
: i
¢ trial.suggest categorical( SLE
: trial.suggest_loguniform( 3 3 1e0)
: trial.suggest loguniform( a » 1e-8, 1.9)
h

bst - xgb.train(param, dtrain)

accuracy

Create a study object and optimize the obj

study - optuna.create study(direction-"maximize')
study.optimize(objective, n_trials-160)

Z2 HPO 20|E 2]
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Frameworks
) FLAML @130

¢ “Ht21 7182 SOTA AutoML 2t0|=2{2)”
* 7|5 1. Data®f task2t H2|oiZ=H HPOIX| 25 OFX|= AutoML
«  AMEJIsEH : [XGBoost, LightGBM, RandomForest, AnyCustomLearner]
7ts8t task : [8]H, 25, AMAIGHS, ]

s A basic classification example.

from flaml import AutoML
automl = AutoML()

I automl.fit(X_train=X_train, y_train=y_train, time_budget=68, estimator_list=['lgbm'])

retrieve best model and best configuration found'''
i Sl andl constrant print('Best ML model:', automl.model)
automl_settings - | print('Best hyperparameter config:', automl.best_config)

"time budget": 1@, n se ds

"metric”: 'accuracy’,

"task": 'classification’,

"log file name": "test/iris.log",
}
X_train, y train d_iris(return_X_y=True)

rain=y_train,
**automl_settings)

_proba(X_train)})

from flaml import tune

tune.run(train_with_config, config={..}, low cost partial config={..}, time budget ==3680)

«  https://github.com/microsoft/FLAML

+  https://www.anyscale.com/blog/fast-automl-with—flaml-ray-tune

N
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. Conclusion
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P D /OO[E|= AR

* Single batch0| HMX] overfitting0| 7t5

3| O

B It (Andrej Karpathy)

< 220l HPO SO0{7t7| Z0i| 5t0|Hmt2to|E{0f CHSH hECQ| 2+ HA ZEX} (T

* E.g.) YHIXMOZ | earning ratel| BIZEE= 2
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o LR AO]AS] B2 Offf =AM EL

Do you want to optimize both model
Y .
and algorithm hyperparameters?

Try ASHA/RS Optimize model Optimize algorithm
hyperparameters? hyperparameters?
Try AHSA/BO
ASHA/CFO Try AHB/RS HFI’DO ;nlght not
ASHA/BlendSearch € for you Wlll you be retramm%

Try ASHA/CMA-ES your model often?

Try PBT

L)

L)

* HPO Framekwork H|W! : https://neptune.ai/blog/best-tools—for-model-tuning—and—hyperparameter—optimization

* o1 A|™ HPO 2t0|E2{2| & RayTunelt Optuna(+FLAML)7t AtE6t7| E0|6tH Y112l 71¥ %

https://wood-b.github.io/post/a—-novices—quide-to—hyperparameter—-optimization—at-scale/#schedulers-vs—search-algorithms
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“Weaker models with well-tuned

hyperparameters can Thank you

stronger, fancier models” [Melis et al. 2018]

On the State of the Art of Evaluation in Neural Language Models (Melis et al. 2018)
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