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Visy studijy planas

Studijy metai Egzaminai Dalyvavimas Publikacijos
konferencijose
Planas Jvykdyta Planas Jvykdyta Planas Jvykdyta Bukle
1 (2019/2020) 2 2
11 (2020/2021) 2 1
111 (2021/2022) 1 1
IV (2022/2023) 1 1




Einamieji studijy metai (II: 2020/2021)

Egzaminai Dalyvavimas konferencijose Publikacijos

Planas Jvykdyta Planas Jvykdyta Planas Jvykdyta

Fundamentalieji informatikos | ISlaikyta: Jvertinimas 9.
ir informatikos inZinerijos
metodai

Lygiagretieji ir paskirstytieji Egzaminas birzelio mén.
skaiCiavimai




Moksliniy tyrimy ir disertacijos rengimo etapai(l)

Darbo pavadinimas

Atlikimo terminai

Pastabos

Moksliniy tyrimy disertacijos tema apzvalga ir analizé (Lietuvoje ir uzsienyje):
1.1. Bajeso metody globaliajam optimizavimui apzvalga.
1.2. Kity metody taikomy globaliajam optimizavimui apZvalga.

2019-10-01 - 2020-01-30
2020-02-01 — 2020-09-30

Parengta Bajeso ir kity metody taikomy
globaliajam optimizavimui apzvalgos ataskaita.

Mokslinio tyrimo vykdymas:

2.1. Tyrimo metodikos sudarymas:

2.1.1. Bajeso metody taikymo globaliajam optimizavimui probleminés srities
suformulavimas.

2.1.2. Uzdaviniy skirty nustatytoms problemoms spresti aprasymas.

2.1.3. Tyrimo metodikos parinkimas iSkeltiems uzZdaviniams iSspresti.

2.2. Teorinis tyrimas:

2.2.1. Konkreciy Bajeso metody galimy modifikacijy analizé.

2.2.2. Bajeso metody apjungimo su kitais algoritmais analize.

2.3. Empirinis tyrimas:

2.3.1. Esamy skirtingy Bajeso metody globaliajam optimizavimui palyginimas

2.3.2. Pasitlyty Bajeso metody modifikacijy ar naujy algoritmy sukdrimas ir tyrimas
2.3.3. Sukurty naujy ar modifikuoty Bajeso metody tyrimas analizuojant jy
efektyvuma su skirtingomis duomeny aibémis.

2.4. Gauty duomeny analizé, apibendrinimas, iSvady parengimas:

2.4.1. Teorinio ir empirinio tyrimo apibendrinimas.

2.4.2. Palyginti gautus rezultatus su kity mokslininky rezultatais.

2.4.3. Esminiy rezultaty iSskyrimas ir rekomendacijy parengimas

2020-02-01 - 2020-09-30

2020-10-01 —2021-09-30

2021-10-01 - 2022-09-30

2022-10-01 - 2023-03-31

Sudarytas tyrimo metodikos planas.
Nustatytos ir jvardintos probleminés sritys
aukstos dimensijos problemoms spresti.
Pasirinktos standartinés aukstos dimensijos
funkcijos, leisiancios jvertinti esamy ir naujy
metody tikslumg ir efektyvuma.

Atlikta esamy Bajeso optimizavimo metody
aukstos dimensijos uzdaviniams spresti
teoriné analizé. ISanalizuoti Gauso procesy
modeliai, kurie pagerinty Bajeso
optimizavimo efektyvuma. Pasitlytos galimos
modifikacijos leisiancios paspartinti
optimizacijos trukme. Atliekama tolimesné
modifikacijy analizé.




Moksliniy tyrimuy ir disertacijos rengimo etapai(ll)

Darbo pavadinimas

Atlikimo terminai

Pastabos

Atskiry daktaro disertacijos daliy (tyrimo metodikos, rezultaty, ginamy teiginiy, iSvady, ir
kt.) parengimas:
3.1. Apzvalga

3.2. Teorinis tyrimas

3.3. Eksperimentinis tyrimas
3.4. ISvady parengimas

2019-10-01 —2020-09-30

2020-10-01 —-2021-09-30

2021-10-01 - 2022-09-30
2022-10-01 — 2023-03-31

Parengta Bajeso ir kity metody taikomy
globaliajam optimizavimui literatdros
apzvalga.

Apzvelgti Bajeso metody trikumai ir
suformuota probleminé sritis.
Suformuluoti uzdaviniai Bajeso metody
probleminés srities sprendimui.
Pasirinkta tyrimo metodika iSkeltiems
uzdaviniams spresti.

ISanalizuoti esami Bajeso optimizacijos
algoritmai taikomi aukstos dimensijos
problemoms spresti. Pasitlyta galima
algoritmo modifikacija, galinti padidnti
optimizavimo efektivuma.

Daktaro disertacijos parengimas ir svarstymas padalinyje

2023-04-01

Daktaro disertacijos gynimas

2023-09-30




Tyrimo objektas ir tikslal

* Tyrimo objektas:
* Bajeso optimizacijos metodai.

* Tyrimo tikslas:

* Tobulinti ir modifikuoti esamus Bajeso optimizavimo metodus, siekiant didinti
jy efektyvuma.



Tyrimo uzdaviniai

* Atlikti naujausios mokslinés literattros apzvalga ir analize Bajeso
metody taikymo globalios optimizacijos srityje;

 Palyginti ir iSanalizuoti esamus Bajeso metodus ir jy modifikacijas
globaliam optimizavimui;

* Modifikacijy pasitulymas ir naujy Bajeso optimizacijos metody
kdrimas;

e Sukurty metody efektyvumo jvertinimas ir palyginimas su esamais
metodais.



2020/2021 m. m. atlikti darbai

» Isklausyti moduliai ir islaikyti egzaminai:
v' Fundamentalieji informatikos ir informatikos inZinerijos metodai, 8 kreditai. Egzaminas
iSlaikytas 2020 m. sausio 27 d., jvertinimas 9.
» Atlikti moksliniai tyrimai:
v’ 1. Atlikta esamy Bajeso metody modifikacijy teoriné analizé.
v’ 2. Pasillyta Bajeso optimizavimo modifikacija aukstos dimensijos uzdaviniams spresti.



Analysis of Bayesian Optimization methods

for High

-d

imension problems

Alzorithm Partitioming Probahbilistic moedel Apgusition fimetion
Search spaca Input dimension
Ensemble Bayasian optimization (EBO) Mondnan forest (for scalabality and parallel | Addine stroctore (reduces sampls complexity and helps Local GP with random tile codmg. TileGP constructs a hierarchical medel for | Ma-value entropy search optimuzed separately for
{Z1 Wang et al., 2018) mfarence) BO to search more efficiantly and effectively smce the | the each addifrve component,
acquisition random features. The random features are based on tile coding or Mondrian
fiunction can be optimized component-wise) ends.
Kernel: TileGP
Scalable Global Optimization via Trust Fegioms. hvparrectangle centered at | MNone Multipla local GP modeals. Thompson Sampling
Local Bayesian Optimization (TurB0) (Friksson ot al | 2019) the bast fomd solition. Switches to approximate GP based on Lanceos for larger than 1024 trainimg
points,
Kernel: hatém-3/2 kamel with ARD
High Dmensional Bayesian Optomization and Bandits wa Additive | None Additrve structure. Helps to reduce complesity of | GP medel for each additive component. UCB. cost for maximmsmg the acquisition fimetion s a key theme in

Models (Kandasamy et al., 2013) maximizing Acquizition function Structure iz leamed this paper.
randomby allocating dimenzions and then maximize marginal Kernel: 5E kemnels for each additive
likelihood. Kamels,
DIEECT alzonthm for optinmization.
Leaming Search Space Partition for Black-box Recursively partitioning regions into good | MNone. Local GP with search space boundad by region in fres node. AF optimization i based on samplmg restricted search space. Usimg
Optimization using Meonte Carlo Tree Search (L. Wang ot al, 2020) and bad using Kmeans and SV Kernel- Matém-5/2 kamel with ARD standard BO or TuwrBO.
EI for standard BO
TS for TwBO.
BOCE : Bayesian Optimuzation with Cylindrical Eemels (Oh et al, | Cylmdncal zeometric transformation of | None Standard GP. AF optimuzaiton 15 perfomed by evaluatimg &P on generated points by

201E)

search space. The

volume naar the center of tha saarch space is
expandad,

whila near the beundary is shrumk

Kernel: cylindrical kemel

sobol ssquence and using Adam optimizer.

Bayesian Opfimizztion m a Billion Dimensions w+ia FRandom

Uszing  high-dimenzional kemels
spaca is reducad to smaller subspace.

search

Fandom embedding to reduce mput dimensionality. Lew-

gifective dimensionaliy: assumption

Standard GP.
Eamel: Squared Exponentizal.

EIL
Optinization iz done in lowar dimensional subspace.

Embeddings (REMBEO) (Zivu Wang et al., 2016)

Optimization, fast and slow: optimally switching between local and | Hone HNeone Standard GP wath Matern 32 kernel. Uszes twe AF depending on P.ve Defimite test. In global case nzes PES
Bayesian { no pove definite region), else uses modifiad EI. Onee comves region 1=
Orptimization (MeLeod et al., 2018) identifiad nzas BFGE alzorithm for local optimization.

Parallalized Bayesian Optimusstion +via Thompson  Samplmg | None HNeona GP with 5E kemeal UCE.

(Kandasamy et al , 2018)

Optimization algorithm: using TS, Selecting maxmmum valus.




Analysis of Bayesian Optimization methods
for High-dimension problems(!

Azynchronouz Bateh Bavesian Optimisation with Improved Loeal | None. None. GP. UCE
Panalization (Alvi et al, 2019) Kernal:

Matern$/2 with ARD
HEB(. Heteroscadastic Evolutionary Bayesian Hone Hone (Ganszian process with an Eszzamble of EL, PI, UCE.
Optimisation (Cowen-Rivers et al., 20200 addrtrve kemsal.

Linear and Materm 3/2 Evolubionary optinizer NSGA
Batch bayesian optimization via mmlti-objective acquisition ensamble | None. None GP with ARD Ezzamble of EI, PL, UCE.

for automated analog cireuit design(Lyu et al., 2018)

squared-exponantial kemsl

Optimization algorithm:
mmlti-objective optimization based on differantial evolution.

High-Dimensional Bayesian Optinuzation
via Nested Riemanmian Manifolds (Jaquer & Bozo, 20207

Aszumes that mput space 13 Flemamman | Leams a stuctwe-preserving mappmg omto 2 low-
manifold. dmenszional latent space.

Manifold Gaussian process.

El acquisition function

Kernal: Optimization algorithm: Constrained acguisiion finctions are
Gaodesic genaralization of the 3E kamel, optimized using sequentizl lezst squaras
Programming.
High Dimsnsional Bayesian Optimization via Festricted Projection | Group-projected-additive model, covers both cases, for raduction in input space and dimensions. Each | Additre GP. Additrve UCE

Pursuit Modals (L1 et al | 2016)

additre group has i’z ovm matrix W owhich transforms full mpot dimensions to lower embeddmg for
particular additive group.

Uzad DIRECT for optimization. Kernel: SE




imitations of BO for High-Dimensional
Problems

* Gaussian Process
* Training time and space complexity 0(n3) and 0(n?) respectively.
* Fixed hyperparameters though all the search space.

* Acquisition function optimization
* For grid search or B&B methods achieving C accuracy in D dimensional search space requires
0(TP) number of function evaluations.
* Time and space complexity for sampling from high-dimensional Gaussian distribution using
Cholesky decomposition are O(n®) and 0(n?).



Space complexity in numbers

* 64-bit double type needs 8 bytes of space.

e 100D vector needs 8*100 = 800 bytes.

e Algorithm with O(n?) space complexity and 100D dataset with 10K
points will need 80GB space.



Scalable Gaussian Processes

Time complexity

Algorithm

Training Predictive
Standard GP 0(n3) 0(n?)
Sparse GP based on )
inducing points 0 (nm?) 0(nm)
Sparse GP (variational
inference, distributed 3 2
inference, Kronecker 0(m?) 0(m?)
structure)
Local GP experts 0(Km3) 0(Km?)




Properties of local GP expert models

1. Predictions are combined without the need for joint training or training meta
models;

2. The way predictions are combined depends on the input rather than fixed;
3. Combined prediction is a valid probabilistic model;
4. Unreliable predictions are automatically filtered out from the combined model.



Properties of local GP expert models(lIl)

Model 1 2 3
Mixture of Experts (MoE) (Tresp, 2001) - - +
Product of Experts (PoE) (Hinton, 1999) - + +

Bayesian Committee Machine (BCM) (Tresp,

- + +
2000)
Robust Bayesian Committee Machine (rBCM) _ + +
(Deisenroth & Ng, 2015)
Generalised Robust Bayesian Committee i + +
Machine (grBCM) (Liu et al., 2018)
Generalised product of experts (gPoE) (Cao & N + +

Fleet, 2014)




Generalized PoE

Find a distribution that would minimize weighted Kullback-Leibler divergence

plfilx) = arg min D ak(Liplpo)

p(f.x.) £

Solution with constraint Jp(f*lx*)df* =1 equivalent to gPoE model:

M
1 o
P(flx) = | [P e
i=1

where the predictive mean and precision are

M M
_ —2 _ , -2
Mgpoe = Olpae(®.) ) a(x)o 2(x)mi(x)  Tavoe(X:) = PNZEDLIED
i=1 t=1

and combination weights: .
a;(x,) o« AH;(x,) = > (log o —logaf?(x,))



Efficient Acquisition Function Optimization
using gPok

* Posterior mean and variance time complexity for standard GP at t test is O(tn)
and 0(tn?).

* Using gPoE model time complexity for mean and variance can be reduced to
O(Ktm) and O(Ktm?).

* TS and UCB most popular AF for high-dimensional BO. However, TS need to
sample from Gaussian distribution.

* Time and space complexity for exact sampling from high-dimensional Gaussian
distribution using Cholesky decomposition are O(t3) and O(t?) respectively.

 Combining UCB with gPoE seems like a natural fit.



Function value

Preliminary results
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Function value

Preliminary results
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2021 m. m. darbo planas

» ISklausyti modulius ir islaikyti egzaminus:
o Lygiagretieji ir paskirstytieji skaiCiavimai, 7 kreditai.
» Moksliniai tyrimai
o Bajeso metody apjungimo su kitais algoritmais analizé.
» Disertacijos rengimo etapas
o Teorinis tyrimas
» Dalyvavimas konferencijose
o Pristatyti teorinio tyrimo rezultatus tarptautinéje mokslingje
konferencijoje



ACiu uz démes;!



