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Entropy Search (ES) [2]

Journal of Machine Learning Research 13 (2012) 1809-1837 Submitted 12/11; Published 6/12

Entropy Search for Information-Efficient Global Optimization

Philipp Hennig PHILIPP.HENNIG @ TUEBINGEN.MPG.DE
Christian J. Schuler CHRISTIAN.SCHULER @ TUEBINGEN.MPG.DE
Department of Empirical Inference

Max Planck Institute for Intelligent Systems

Spemannstrafie

72076 Tiibingen, Germany
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Entropy Search (ES) [2]
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Entropy Search (ES) [2]
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Predictive Entropy Search (PES) [1]

Predictive Entropy Search for Efficient Global
Optimization of Black-box Functions

José Miguel Hernindez-Lobato  Matthew W. Hoffman Zoubin Ghahramani
jmh233@cam.ac.uk mwh30@cam.ac.uk zoubin@eng.cam.ac.uk
University of Cambridge University of Cambridge University of Cambridge
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Predictive Entropy Search (PES) [1]
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Max-value Entropy Search (MES) [4]

Max-value Entropy Search for Efficient Bayesian Optimization

ZiWang! Stefanie Jegelka'

o H|H ME4 ol AIEZD T, HCHZE y* = f(x*)Q NEZTE E0[=2 ofmy?
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Max-value Entropy Search (MES) [4]
o XX MEl ol AIEZM| B0, FCHZ ) = f(x*)Q ANEZLE F0|=U ojumf?
2584 (x, )2t y 9l “mutual information” S |cHst

argmax I ((x,y);y" | D,)
xeX

argmax { H [y | D, x] —Ey g, [H [y | Dy, y*, x]]
xeZ —_— -
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+ (B2))2 A Gumbel2X (cf. Fisher-Tippett-Gnedenko theorem) At
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Max-value Entropy Search (MES) [4]

SN g A8 eSErE S| =
ES, (B2)2 Y MEE 2AKY uj

« GP-UCB, E-E parameter f = min,cqy %x()x) Argg mjf
« PLO=y" NE=X=10i1 |

A

M

M EF: Crdot YHO MY =3
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« Gumbel 23 7|2 = ZA (CHAHH xEM(ZH 27HE M2, HEE &
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2. High-dimensional BO
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- OlA| 2¥112|F: Add-MES [4],
Add-GP-UCB [5], EBO [6]
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Add-GP-UCB [5]

High Dimensional Bayesian Optimisation and Bandits via Additive Models

Kirthevasan Kandasamy KANDASAMY @CS.CMU.EDU
Jeff Schneider SCHNEIDE @ CS.CMU.EDU
Barnabas Péczos BAPOCZOS @CS.CMU.EDU

Carnegie Mellon University, Pittsburgh, PA, USA

. GP-UCBE 7Ht B2 0H5 4 LR
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Add-GP-UCB [5]
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ALE? e.g. x = Az, where Ae RP*? d « D
EE} ?HI’E.QE E’“%H‘— 7t oxt@ EmQl X ¢ IRDOHH HO|=[ACHH, of2h 2t
L2 AeRPIL US/AZ/TE £ UST? (T2|0 ASote= gk?)

f(x) = g(Az)

Ol Al 2112|Z: Active Learning of Linear Embedding [7], REMBO [8],
SAASBO [9]
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Active Learning of Linear Embedding [7]

Active Learning of Linear Embeddings for Gaussian Processes

Roman Garnett
University of Bonn
Romerstrafie 164
53117 Bonn, Germany
rgarnett@uni-bonn.de
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Michael A. Osborne
University of Oxford
Parks Road
Oxford OX1 3PJ, UK
mosb@robots.ox.ac.uk
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Philipp Hennig
MPI for Intelligent Systems
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Active Learning of Linear Embedding [7]

- HOHPHEOR: SN (7}

X =09l & ¢ RPOJIA

HO|E[QUCIH, of2fet 22 z2

A e RP71 Q2 /% ;/”*E 2=

J[S7? (A2 4Sot= gk?)

f(x) = g(Az)
- UZIBAHZ D, EI|E SH=HR? o
Figure: R?&9| gt=E & H3iSt= 1K 7|

OO0 July 2,2025 On Bayesian Optimization 27 NI
== ATML@K


https://creativecommons.org/licenses/by-nc-nd/4.0/deed.en
https://aiml-k.github.io

REMBO [8]

Bayesian Optimization in a Billion Dimensions
via Random Embeddings

Ziyu Wang ZIYU.WANG@CS.0X.AC.UK
Department of Computer Science, University of Oxford

Frank Hutter FHQCS.UNI-FREIBURG.DE
Department of Computer Science, University of Freiburg

Masrour Zoghi M.ZOGHIQUVA.NL
Department of Computer Science, University of Amsterdam

David Matheson DAVIDM@CS.UBC.CA
Department of Computer Science, University of British Columbia

Nando de Freitas NANDOQCS.0X.AC. UK
Department of Computer Science, University of Oxzford
Canadian Institute for Advanced Research
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REMBO [8]: Random Embedding

7| Oto|L[o:
- FO{T IR B2t 2 WY MYWOZ MAIAOE &Y (& 4= AOL|7H)
- FEE SZ0M BOE & (KAHAOIL| T #{LL|7H)
- A2 2| HH Z20HE el Sl i (o1..?7! OfA| ElCk?)

« Food for thought: O|A| ¢t E| = &2t 2 JUSHIH|IR?

Qorgz|
- =71 gluct 220 ¥ =lHH|R?
+ 017 El= 27401 Ch3t 0|29l 0|0p7| = & 4 YU&LICH
- RI2ARY: DA B7H0| QBB MMt 1 HRZ0| 2 HES ORIt
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REMBO [8]: 7|2 &2|
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REMBO [8]: oo|C]|o{e| FLAi|s}

1

Ya
<t
>
&
v
(3]
%
£

x =AY convex pr&éition px(Ay)of Ayto X’

. 7L DX & ¢ RPOIM HO|E|QACHH, f(x) = g(Ay)S QHESH= oS &
A e RP7t QIgHI ...
« JFAEHEHOZE OhEN AyF0f| A HEZOf| B K LtZHR

22 otoR QAYRN
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SAASBO [9]

High-Dimensional Bayesian Optimization with Sparse
Axis-Aligned Subspaces

David Eriksson! Martin Jankowiak?

Facebook, Menlo Park, California, USA
2Broad Institute of Harvard and MIT, Cambridge, Massachusetts, USA
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SAASBO [9]
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a1
o
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SAASBO sii#! 21g|

|o|-

|2 M 74E (Sparsity Assumption)
xE TESH= tHEE2 X2 f(x)0ll Mol &2 FX| S 71Tt
. 0] Bl ANS YD2|E Col M HAHOR nu

- Sparse Axis-Aligned Subspaces (SAAS) prior 2 GPO|| &&
- Axis-aligned £&0| 112 Z2st EXQ: XAIASS FIMX| Y1, =AM MESHACH
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SAAS Priorg XMgstGP 2H
+ Automatic Relevance Determination (ARD) 25 &% E0{ 1M A{:

D
k(x,x") = cr,? exp (— Z pg (x5 — xé)z)
d=1

« SAAS prior: p; ~ HalfCauchy(r), r ~ HalfCauchy(a)
“Shrmkage” EN: i8R p,= XD (p, < 1), 28 = IA KX (Half Cauchy
. -r| Ed23dto|muietolE 12 =F

« 2X: o= ot0|m-sto|Hut2t0lE. 7|23f2 « = 0.1
- EH2: 229 043 8 I E (e.g. of ~ Log-Normal(o, 10%)
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SAASBO EZ! M|

ESREE StET 4 UYL= t Hierarchical Bayesian 74

H/HE: AFE S SHHEIX] 81, FOT AHE SO|M YRS HES = UAS

- BO @S58+ 2 = EIE A2 (A4H2 Hamiltonian Monte Carlo2t Sobol

sequence sampling, L-BFGS-BE AH23l 2A)
- SHO|MII2t0|E F'dS Sl UMY R0z & &S
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INE=Y/ION|
- JH BH: 2 TMSHs BOSS MA J|UIO R ZIHME §| HEHOZ BO 4
- SEXHER7IE: 0L R A0 HUYET BO 8. ME@sto|LL
Ahelzs Metg Mzt

AAAZ 2 W2to| SE: HIMHO| O o S X oto|?
- QEQIFAN 52| H|MY Xt H|0|HE & 37t (latent space)2E Het

z 7+Oil)\'l BO &5t ey 2 Sidt= MYtk ShE6HH = X|?
[10], VAE-BO [10], Deep Kernel Learning [11]
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VAE-DGP [12]

VARIATIONAL AUTO-ENCODED DEEP GAUSSIAN PRO-
CESSES

Zhenwen Dai, Andreas Damianou, Javier Gonzailez & Neil Lawrence
Department of Computer Science,
University of Sheffield, UK

{z.dai, andreas.damianou, j.h.gonzalez, n.lawrence}@sheffield.ac.uk

« AZM Z2 fIK0l A=, B FH|E oro|C|of 3t0[E 2| E (Variational +
auto-encoding + GP)

w

8
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VAE-DGP [12] &{&] ZOIE

~GP ~GP ~GP
@flg=@f2g=@f3g=®

Figure 1: A deep Gaussian process with two hidden layers.
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VAE-DGP [12] 34! Z3}

DGP (£=-1.01e+06)

VAE-DGP (£=-9.07e+05)

T e Sl S S T
- latento| Y2Fgo| HRX|T, ZAHORE= 2
July22025
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VAE-BO [12]

Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules

Rafael Gémez-Bombarelli, Jennifer N. Wei,"*® David Duvenaud,* José Miguel Hernéndez-LobeEto,§’#
Benjamin Sénchez-Lengeling,i Dennis Sheberla,* Jorge Aguilera-Iparraguirre,” Timothy D. Hirzel,'
Ryan P. Adams,"! and Alén Aspuru—Guzik”"J]E'L

1-Kyulux North America Inc., 10 Post Office Square, Suite 800, Boston, Massachusetts 02109, United States
45Department of Chemistry and Chemical Biology, Harvard University, Cambridge, Massachusetts 02138, United States
l[Department of Computer Science, University of Toronto, 6 King’s College Road, Toronto, Ontario M5S 3HS, Canada
$Department of Engineering, University of Cambridge, Trumpington Street, Cambridge CB2 1PZ, UK.

VGoogle Brain, Mountain View, California, United States

IPrinceton University, Princeton, New Jersey, United States

J‘Biologica]ly-lnspirecl Solar Energy Program, Canadian Institute for Advanced Research (CIFAR), Toronto, Ontario MSS 1M1,
Canada

- oS8 WO R KB A

- SEAE, 2ot X2l
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VAE-BO &} ofojC|of [12]
(a)

SMILES input ©
Cleceect
ENCODER
Neural Network Pro‘;(:t)arty
\Z)
CONTINUOUS w
MOLECULAR ¢O .
REPRESENTATION v f(z) E
(Latent Space) v E
PROPERTY
PREDICTION E
DECODER
Neural Network
SMILES output ©
= i
- VAES E

Clecceet
/™8 NC ND

Most Probable Decoding
argmax p(*lz)

=0
© @O0 July2,2025

i 2 XMXHHY latentZ LH2{ M BOS £H!
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Deep Kernel Learning in Chemistry [11]

communications chemistry Article

https://doi.org/10.1038/s42004-024-01219-x

Deep Kernel learning for reaction outcome
prediction and optimization

% Check for updates

Sukriti Singh ® < & José Miguel Hernandez-Lobato ®

« CHAISHH of ot X{E
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Deep Kernel Learning in Chemistry [11]
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Deep Kernel Learning in Chemistry [11]
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BO Tutorial Part 2: Current

3. Multi-objective BO
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ParEGO [13]

IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 10, NO. 1, FEBRUARY 2005

ParEGO: A Hybrid Algorithm With On-Line
Landscape Approximation for Expensive
Multiobjective Optimization Problems

Joshua Knowles

+ trivia: O|tH0fl= MXt7t oot A&
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ParEGO [13]
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ParEGO [13]
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ParEGO [13]
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MOBO-RS [14]

A Flexible Framework for Multi-Objective Bayesian Optimization using
Random Scalarizations

Biswajit Paria Kirthevasan Kandasamy* Barnabas Péczos
MLD, Carnegie Mellon University EECS, UC Berkeley MLD, Carnegie Mellon University
bparia@cs.cmu.edu kandasamy@eecs.berkeley.edu bapoczos@cs.cmu.edu
P [ . . o
- S S5 LEEZM scalarization2 SiFH = =2
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MOBO-RS [14]
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Expected Hypervolume Improvement (EHVI) [?] [?]

Single- and Multi-objective Evolutionary
Optimization Assisted by Gaussian Random Field
Metamodels

Michael Emmerich, Kyriakos Giannakoglou, Boris Naujoks
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EHVI= |4t £0| Bo] =C}

TN St He| Aiho] | =5 TS ASLICE: gEHVI[?]

Differentiable Expected Hypervolume Improvement
for Parallel Multi-Objective Bayesian Optimization

Samuel Daulton Maximilian Balandat Eytan Bakshy
Facebook Facebook Facebook
sdaulton@fb.com balandat@fb.com ebakshy@fb.com
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4, Closing Remarks
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