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Abstract

De novo design is a subdisciplinecbémoinformatics concerned with designing novel chemical
entities insilico that fit a predefined property profile. A fundamental limitation of de novo design is
creating molecules that chemists can readily synthesise. Reaction Mmted de novo desigams

to overcome this limitation by utilising reaction transformations mined from chemistry literature to
build molecules of interest. However, de novo design utilising reaction vectors has been limited due
to the reliance on complete enumeration, leaditigga combinatorial explosion of products.

Moreover, issues with local optima along sequential paths of reaction vectors have led to poor

performance.

This project details the development of a novel tree search algorithm utilising reaction vectors. The
Monte Carlo treesearch MCTS) was first identified as a promising approach to overcoming the
limitations of reaction vectebased de novo design. The MCTS approach was implemented utilising
the reaction vector methodology. To test the approach, a validatrithmark was constructed. The
reaction vectofbased Monte Carlo tree search (RVMCTS) performance was then investigated via a
series of ablation studies utilising the validated benchmark. The studies revealed several limitations

of the approach, which proded fruitful avenues for further modification.

First, the simulation component of the RVMCTS approach was investigated and modified by
leveraging machine learning techniques. A further series of modifications were then investigated,
including improved treé¢raversal and reaction vector prioritisation utilising reinforcement learning.
These modifications were screened against the validated benchmark and combined to form REACTS
(REACtion Tree Search), a novel tree search algorithm. Finally, REACTS wagdaistea series of

de novo design problems from the literature. REACTS demonstrated comparable performance
against established deep learnibgsed approache§hus REACTS demonstrated it can effectively

chart a path through chemical space utilising teguential application of reaction vectors to

regions of interest.
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Chapter 1Introduction

The desigrand creatiornof novel moleculesrivesthe pharmaceutical industryVith the rapid

adoption of computer systems and tierth of chemoinformatics, computeaiided drug design has
become a cornerstone of many drug discovery campadigtise pharmaceutical industr§Sliwoski et

al., 2014) A subdisciplne of chemoinformatics is de novo desigMillett, 2008) De novo design is
concerned with designing molecules from scratch. Early approaches established in the 1980s and
1990s struggled to build molecules that could be easily synthesisable in tffediaheider &

Fechner, 2005)With the improvement of computers, more molecules could be generated; however,
the resulting generated molecules remained a synthetic challenge. Therefore, an actiseches
direction has been using reactidrased de novo design approaches to build up molecutegiao

via synthetic reaction transformations acquired from the chemistry literaiiakers et al., 2003A
prominent reactionbased de novo design approach is the reaction ve@af)imethodology(Patel,
2009; Patel et al., 2009R\6 were created for storage and search of chemical reactions in computer
systemgqBroughton et al., 2003)'hey were then applied to structure generation whiglan

ongoing area of researdGhiandoni, 2019; Ghiandoni et al., 2019, 2020; Gillet et al., 2013; Hristozov
et al., 2011; Wallace, 2018jowever, the existing approaches BMbased de novo design have two
main limitations.First,R\\based de novo design relies on a full enumeration of all applicafleand
reagents. Second, intermediate molecules may score poorly using the final desigtivelgeores.

The first limitation prevents longer synthetic routes, and thus more complex molecules, being
designed due to a combinatorial explosion of products. The second limitation leads to molecules
that score poorly but could lead to promising compdarbeing ignored during a seardtherefore,

this thesis aims to overcome these issues via the use of reinforcement learning as part of a tree

search algorithm.

Chapter2is an overview of molecular representation, including linear notations;limaar
notations,and storage of molecules on computers. Additionally, an overview of reaction storage,

classification and a description of synthesis planning is provided

Chapter3 presentsde novo desigmand thethree core componentsequiredof a denovo desgn
software. First, molecular scoring is reviewed, followed by molecular construction and fsedich
and optimisationThe final section is dedicated to generative methods such as those inspired by text

generation methods in natural language procegsamd deep learning.



Chapter4 describesRVsand overviews their creation and usage as part of structure generafiois.
chapter will review the original implementation B\VqPatel, 2009) and a revised algorithm

approach(Hristozov et al., 2011)

Chapter5 overviews machine learning and covers the algorithms and methods used to build
machine learning model$urthermore, this chapter also overviews machine learning on large
datasets and covers reinforcement learning, a popular subset of machine learning dedicated to

improving algorithms by interaction with an environment.

Chapter6 introduces the Monte Carlo tree sear@MCTSalgorithm a multistep reinforcement

learning algrithm initially designed for generalised game playing (GGP) and its suitability for
reactionbased de novo design. The MCTS algorithm is made of four comgogelection,

expansion, simulation, and backpropagation. An implementation of reaction vbakad MCTS
(RVMCTYS) is then described. Additionally, the chapter also describes the selection and creation of a

validated benchmark used as part of this thesis.

Chapter7 then explores the performance of each component of the RVMCTS. In particular, the study
utilises an ablation study approach. By leveraging the ablation study approach, each RVMCTS

component is investigated systematically.

Chapter8 further explores the simulation component of the RVMCTS approach. This chapter first
explores the usage of random simulation and highlights the complexities of the approach. Finally,
the chapter introduces a machine learning approach to reduce the cortipntd expense of

simulation.

Chapter@ modifies the RVMCTS with a variety of modificatigksingle step reinforcement learning
algorithm approach is introduced which utilises contextual bandits. Modifications are then tested,
and the best performing nwiifications are identified. These are then combined to form REACTS

which then demonstrated to solve problems from the validated benchmark.

ChapterlOexplores the use of REACTS on several de novo design problems. Three benchmark
problems by (Brown et al2019) and four design problems explored previously by existing reaction
based de novo design softwafButton et al., 2019)The results of the REACTS approach on the de

novo design mblems are presented.



Chapter 1lprovides conclusions and limitations of the REACTS approach and overviews avenues for

future work.



Chapter 2 Molecularand reactiorrepresentation
Molecules are physical entities made up of atoms and bonds. Molecules andiookeatmolecules

have been studied and compiled in detail since ancient times. Moreover, in the last 100 years, with
an increased output by chemists and the growth of computer systems, there was a growing need to
represent molecules on computers for a wide range of taskisally, these taskwere centred on
information retrieva) where chemists would retrievehemical informatiorfrom database¢Baker et

al., 1980; Weisgerber, 199'However, & chemical information grew and the needs of users of
chemical information systems became more complex, the field of chemoinformatics wagRayr&
Kirsch, 1957)although the term chemoinformatics was not coined until much la&sra result,
chemoinformatics has grown to encompassrioustasks includingstructure search, molecular
representation, the prediction of molecular abibactive properties, reaction informatics, and

compound desigiiwillett, 2011b)

This chapter first explores different approachesriolecularnotations including linear and non
linearnotationsand staing of molecules. Additionallyhe first section of this chapter will then
explore the usage of chemical graph theand the chemical graph representatidiocusing on
applications sch as structuresearch substructure search, molecular descriptors, aidilarity

search.

The second part of this chapter witview reaction informatics and the principles of representing,
retrieval,andclassification of chemical reactiari@nally, @plications of chemical reactions to the

problem of synthesis planning will be presented.

2.1 Molecular representation

Chemical information systems require a machieadable formathat captures the essential
information of a chemical structure. Thaternational Union oPure ard Applied ChemistrflUPAC)
have a unique naming systeimat can convert a chemical structure to a nathat can identify a
molecule an example of which is shawin Figure2-1. However, the naming approach of I[UP&C
cumbersome and does not allow the usage of common nafieegxample the common name bF
(4-hydroxyphenyl)acetamidis paracetamgl In addition tonaming limitations it may be tempting

to represent a chemical structure as a 2D depictgiown right inFigure2-1. However, the
depiction of a moleculéhat is an intuitive approach to describing chemistry for many chemists is

also not suitable for storing @hemical structure.

Therefore,several notations, both linear and ndimear, havebeen developed to allow machine
readable and writeable descriptions of chemical structuesseral examples of linear notations are

also shown irFigure2-1. Moreover,non-linear notations have been developed to capture 3D



information of a chemical structuren example of whicfs the grid of values at the bottom of

Figure2-1. Ultimately, &pending on the chemical information required, differemtationswill be

used.

Common names: Paracetamoal, Acetoaminophen

IUPAC name: N-(4-hydroxyphenyl)ethanamide
Formula: CH,NO, C I |3

SMILES string: CC(=0)Nclccc(O)ecl
InChi/InChi key: 1S/C8HINO2/c1-6(10)9-7-2-4-8(11)5-3-7/h2-5,11H,1H3,(H,9,10)
Mrv2003 090521185520 O

11110000 999 V2000
0.0000 3.3000 0.0000C 000000000000
0.0000 24750 0.0000C 000000000000
-0.7145 2.0625 000000 000000000000
0.7145 2.0625 0.0000N 000000000000
0.7145 12375 0.0000C 000000000000
1.4289 08250 0.0000C OO0OOO0O0QOOO0OO0OQ
1.4289 -0.0000 0.0000C 000000000000
0.7145 -0.4125 0.0000C 000000000000
0.7145 -1.2375 0.00000 00OO0O0QCO0O0OO0O0O0O0O0O
0.0000 0.0000 0.0000C 000000000000
0.0000 0.8250 0.0000C 000000000000
1210000

2320000 OH
2410000

4510000

5620000

6710000

7820000

8910000

8010000

101120000

51110000

M END

NH

Figure2-1 Paracetamol and correspondingtations

2.1.1 Linear notations

Linearnotations describe a molecule in a single line of charactérear notations were first
developed to overcome the limitations in memahat early chemical information systems
possessed. One of the most popular linear notations from the earlier periodeshoinformatics
was the Wiswesser Lideormula Notatio WLN)(Wiswesser, 1952WLNwas later supeseded by
the, Simple Molecular Input Linear Entry SystSMILES)NVeininger, 1988)SMILES became more
popularthan WLNdue toit being compact antiumanreadable andit beingpossible to encode
more complex chemical informaticdhan WLN(Warr, 201). SMILEStrings are a linear
representation where the atoms and bonds are described basedatking a path across the
molecule Alimitation of the SMILES approach is tlygnerating a SMILES strigiges rot yield
unique representationsThis limitdion is often overcome by usirestablishedchemoinformatics
software(RDKit 2021)anda canonical approach tencoding the SMILES striyeininger et al.,
1989)whereby a unique wlering of the atoms is determined and a unique SMILES generated

described further below.



An dternative linearnotation to the SMILES string is thidternational CHemical Identifi€nChl)
(Heller et al., 2015)nChl is a linear notatiotlesigned by the InCHtustto be a machinereadable
writable format that uniquely describes a molecule. An important distinction is that the InChl
notation was designed such that a single InChl is unambigddwsinChhotationis a hierarchical
identifier generated using software developed by the In@ast. The hierarchical approach is used
to encode different chemical informatioMoreover, the InChl hierarchicalotation has limited use
RdzS (2 NBiee AOKI N2 yO iodrdgmendtatidm oRtheyCBaracter string making up the
InChlon some computesystemsHence, InChl keys are an alternativeear notationoften usedas

a unique identifier The InChl key is a hashegresentation of thestandard InCh{Heller et al.,
2015 YR R2S&a y2W 002y il Ay GKS a

2.1.2 NonlLinear notations

Molecules are 3D entities, and chemists will often go to great lengtdstermine the 3D structure
of a molecule Hencean amenablealternative approachhat allows the storing of 3D chemical data
is viaconnection tablesFurthermore, vith the advent ofgreater memory capacity, storing chemical

structures as connection tabléms becomepreferred(Warr, 2011)

Several differentypes ofconnection tables exishowever, the most common isthe MDL

connection tablgDalby et al., 1992An MDL connection table is shownHigure2-1 andis

comprised of blocks. Each block contains different information about the molecule. In MDL format,
the atoms of the moleculeral their coordinates are described in theans block. The bonds are
described in the bonds blocks theatoms blockallowscoordinatesto be storedthis allows the

MDL format to store 3D informatiors a result,ie MDL connection table format hasogyn in
popularity. Several data file types use the MDL approach for molecule representation. iblesk
SDFwhichextend the MDL approach to include a data bldtkt can capture additional metadata

about the molecule

2.1.3 Canonicalisation

An issue of both linear and ndimear moleculanotationsis that some notations such as SMILES are
non-unique To overcome this core limitation of chemical notationkemical structureare often

pas®d through canonicaliation procesgs Canonicalisation is the process of acquidangnique
notation for a molecule. Canonicalisation approaches have been developédth linear and non
linear notationsOne of the main approaches to canonicalisatis via theVlorganalgorithm

(Morgan, 1965) TheMorganalgorithm aims to overcome the limitations of notatis by annotating
each atom with a unique identifier. This identifier is then used as part of the generation of the

uniquenotation, and thus the notation becomes coupled to the annotated atoms.



TheMorganalgorithm can be summarisadgingtwo steps. Firstall atoms are labelled with a value
of one. Then a recursive summation of the atom neigliedegirs. The recursive summation adds
all the atom neighbuor values to the initial valuef onefor all atoms in the molecule. For examgfe
an abm in a moleculés connected tofour single atoms, then the recursive summation would yield
a value offive (four neighbaurs + itself).The recursive summation process repeats until the number
of individualatom reighbou values does not increase. The im® ae now uniquely labellecand
canonicalised notation can be generaté&ktensions to thélorganalgorithm have been developed
to take into account stereochenry (Wipke & Dyott, 1974)Futhermore, similarapproaches are
used to canonidése SMILES strin@d/eininger et al., 1989Finally, whileeanonicakation

overcomes several limitations génerating molecular notationganoncilisation does not reconcile
that structures can exist in several stagmultaneouslyfor example, throughiesonanceand

tautomerism)(Warr, 2011)

2.2 Chemical graph theory

So farmolecules have been treated as a set of notatighisalternative view iso represent

moleculesasa chemical graphGraphs are mathematical structures composed of nodes and
connected by edgeddolecules are composed of atoms connected by bonds. Therefore, a chemical
graph isa graphwherethe atoms are thaodes,and the bond are the edges benefit of the

intuitive representation of a molecule as a chemical graph is that several algorithms and approaches
first explored in mathematics can be readily apglie chemical probleméGarciaDomenech et al.,

2008) Oneof the criticalareas of development from chemical graph theory hasrbstructure,

substructure and similaritysearch.

2.2.1 Structure search
Chemists often need to know if a compound is contained withiatatlthse. The first approac¢h

structure searching is an exact match seatohgraph theorythe problem of an exact match search
is known as the graph isomorphism problefm exact match search needs a query molecule and a
list of moleculegrom the datdaseto searchthrough.As molecules are stored in databases using
notations it is possible to hash the notation using a hashing fundtiereland et al., 19797 hash

is an alphanumeric string obtained as outputrfra hashing function. Hashes have sevbealeficid
properties including sortability and minimisation of data redundaifciashing). To search a
database of molecules quickly, the list of molecule notations is converted to a list of hashes. The
guery mokcule notation is also hasheBinally, he query hash is compared to thist of database
hastes If one of these ishe sameas the querythen the record fothe database hash is returned to

the user.



An extension of exact matching is substructure manch As the name suggests, often chemists wish
to query databases for moleculézat contain a specific substructure. A substructure is a collection

of atoms and bonds which are present in a molecule. Substructure searching is more complex than
exact querymatching due to thenanypossible orientationgn which a substructure query may

appear in a moleculdzrom graph theory, this problem is known as the subgraph isomorpl8§t)
problem. The SGiroblemfor chemical graphs means thasaglesubstructurecan be verified

quickly to exists in the query molecule, however finding all substructures of a molecule to check

scales quickly witAnincreasing number of atoms.

Initially, substructure searching relied arsimple backtrackingpmputationon every compound in

the databasgRay & Kirsch, 1957)he simple apprazh, however, is computational expensive and
therefore becomes infeasibles the number of molecules in the database increa$kss, a the

number ofmoleculesncreased in chemical databasasdthe complexity of queries bghemiss
increasedit became tear that alternative approaches needed to be taken to allow substructure
gueries to occurThe two main approaches to improving the performance of substructure searching
in chemical databases came throutie usage of more performant subgraph isomorphism
algorithms(Ullmann, 1976and the use of screeningdamson et al., 1973; Crowea., 1970;

Feldman & Hodes, 1975; Hodes, 1976)

More advanced subgraph isomorphism expddlie chemical graph representation of molecules, an
example othe Uliman algorithn(Ullmann, 1976)The Ullman algorithm relies on graph theory to
convert molecules to adjacency matrices. An adjacency matrix of a chemical graph describes the
connectivity between atoms and bonds. The adjacent matrices are then searchgdausimplex
matching process. Ultimately, the implementation of Ullr@aalgorithmsubstantially improved the

performance of substructure searching and was more effective than simple backtracking

The second approach to impriog performance in the SGI dolem relied on the heuristic removal
of molecules based on structural screenkays A structural key is a feature present in a molecule
and ®veral structural keys make up a vectdhe vector of structural keys is often referred toaas
molecularfingerprint. Oftenmolecular fingerprints areomprisedof zeros and ones and are called
bit veciors. Each molecule in the database is converted to its bit vector. Tirewet computation

of substructure matchingvas achieved by converting the query substructure into a bit vector of
structural keys and then comparing the query bit vector to thevbitors stored in the chemical
database. The idea of coarse filtering substantially reduceahtimber of compounds required to

be searched usingraSGI algorithnfHodes, 1976)



2.2.2 Molecular fingerprints

Molecule are represented by descriptors for many chemoinformatics applications. A descriptor is a
numerical representation of a molecu{€odeschini & Consonni, 200@escriptors can be intuitive
chemical @scriptions such as molecular weight (MW) or the number of hydrogen bond acceptors
(HBA) or more esoteric descriptions such as structural fragments based upon analysis of the

molecule or even guantum mechanical properties.

Due to their simple formulation and ease of use, molecular fingerprints have found application in
many different chemoinformatics domains, such as similarity searching, virtual screening, QSAR, and
scaffold hopping CereteMassagué et al., 2015; Lewis & Wood, 2014; Vogt et al., 2010; Willett,

2011a) As a result, rany different fingerprints encoding different information have been designed

and created CeretoMassagué et al., 2015%everal key distinctionsowever, separate the different

types ofthe fingerprint. First, fingerprints can be separated into binary (bit), count, or continuous
fingerprints depending on the&ncoding otthemical data. Binary fingerprintas described above

encode thepresenceor absene of structural features Count fingerprints encode the number of

times a structural feature is observdeinally, ontinuous fingerprints are based on continuous

features of the moleculsuch as their physicochemigabperties.

Furthercategorisation ofingerprintscan be made according the process of genetig the
molecular descriptorfrom which the fingerprint is composed. Structural kegs described above
encode individual structural featurefor exampleghe 166-bit Molecular ACCess SystéMACCS)
keys(Durant et al., 2002and thePub®em fingerprint(PubChem Substrture Fingerprint v1.3.
2018) A further category ia path or topology fingerprint. A path or topology fingerprint traverses
the chemical graph and encodes paths of atoms and bonds up to a fixed length. The traversed paths
are hashed and folded intofangerprint of fixed lengthSeveral approaches to topolotpased
fingerprints existOnetype of topological fingerprint is the Atom P&kP) fingerprin{Carhart et al.,
1985) AP fingerprints capture the atom typing of a starting atom and then traverse the chemical
graph to an end atom ith an atom type. The number of bondsossed between the starting and
end atoms isalso encodedtopological distanceCircular fingerprints are a further example of
topologicalfingerprints butare different to standard path fingerprints due to relying artircle of

set radius, iteratively expanding to capture neighbourhood informatiwotably, after capturingthe
neighbourhood information, theaptured information is hashed and folded into a fixedgth

fingerprint.

Asignifiant hashed circulamoleaular fingerprintused in this work is thextended connectivity

fingerprint(ECFP)Rogers & Hahn, 2010)o calculate m ECFRa process similar to thielorgan



algorithm for canonicalisation is employdtlis a nontrivial processhowever, it can be summarised
as follows A 32bit integer identifier is assignetd each atom The identifiers are hashed using a
hashing functionNext, a circle of radius onis drawn around each atom which captures the
neighbaurs of the atom. The identifiersf all neighboursre then summed and hashed using the
samehashing functionAgain, aother circle is drawsthis time ofradiustwo. This captures more
neighbourdurther away from each atom. This process of expanding the numbeeighbours
continues until a set value ofadiusis reached. Thhashedidentifiers are finally foldd into a vector.
Folding meangapplyingmodular arithmetic to the hashed identifier such that only the remainder is
stored. The process of generating/@rganfingerprint will return a molecular fingerprint whose bits
are set based upon the substructufahtures of the moleculeéAn opensource implementation of
the ECFP is used in this wdthpwn as theMorganfingerprint (RDKif 2021)

2.2.3 Similarity search

Anessentiatenant of drugdiscovery is theoncept that similar chemical structures maintain similar
chemicalproperties Thetenanis2 T i Sy 1jdz2GSR | & (KS (BRPROARSONI&NI t NP LJS
Maggiora, 199Q)The SPP is an empirical observatioat structurally similar molecules have similar
bioactivity profiles As with ary empirical observatiorthis is not always the cagkajiness, 1991)
However, the SPfPequently motivates chemists to search ttugh databases for similar compounds
for varioustasks(Willett et al.,1998) Performing a similarity search is similaitihe process of
substructure matchingrirst, achemist has a query molecule and a list of molecules they wish to
search throughNext, the query and list of molecules are converted to molecular fipgets.

Finally, the query molecule fingerprint is compared to each molecular fingerprint in th&Hist
comparison involves a similarity or distance computatetween the query fingerprint and the
molecular fingerprint in the listGenerallysimilarty anddistancecomputations can beivided

basedon whether the fingerprint is binary or continuous.

2.2.3.1 Metrics for binary descriptors

Smilarity or distance metrickor binary descriptorare based on the counts of the number of bits
set ono W mnd, sonetimes, alsdits set off(0) in the quenfingerprintand the reference

fingerprint to be comparedror example, aommonsimilarity and corresponding distance metric is
the Tanimoto similarity coefficien(Tc)and theSoergel distance metri¢Willett et al., 1998)The

equations for theTanimoto andSoergel distane metrics are giveequation( 1) below:

Ywe QaeYme 5 5 & Ye Q1 "QQA'Yw
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Where A is the amber of bits set ibinaryfingerprint A, B is the number of bits setimary
fingerprint B, and C is the number of bits set in bbitmary fingerprintsA and B. Aius, he Tanimoto
value is bounded betweereroandone. TheSoergel dstance ig1-Tanimdo) and is also bounded

betweenzeroandone.

TheTchas become a popular similarity measure dugtmd empiricaperformance on a wide range
of tasks(Maggiora et al., 2013)n particulay Tchas become popular as an objective score for testing
moleculedesign algorithmg¢Brown et al., 2019While theTcis a common approach for similarity
searching in chemoinformatic¥animotodoes come with some distinct limitations. Tanimoto tends
to be biased towardse size of the molecul@Holliday et al., 2003fFor example, if a molecule has
many substructures that are hashed to unique bits in the fingerprintctresficientwill become

biased by the omits compared to molecules of smaller size with fewer on bits. Additionally, at the
Tanimoto distribution's tails, the molecules appear very dissimilar at low coefficient values or
become almost equivalent structures at high coefficient vallidswer, 1998)Inthe case of using

the Tcwith the ECFP fingerprint, a low valueTofcanimply that molecules are structurally

dissimilar, howeverstructures could maintain similarity in other representations. Lastly,
distributions of Tanimoto tend to a mean value of 0.3, as reporteGbgden et al(Godden et al.,
2000) This value was computed, utilising both simulated data of a fingerprint of 67 bits in length and
experimentally utilising alparmacophoridinary fingerprint of 1024 bits in length. Additionally,
Todeschinet al.(Todeschini et al., 201#8emonstrated on simulated data of a binary fingerprint of
1024 bits in length, that the Tc value will have a mean of 0.4. However, this valuarwill

depending on the dataset under study and the number of bits set in the fingerprint.

It is essential to note several benefits of using Taaimoto similarity, even with the limitations
described. Firstly the calculation of theefficientis fast dugo not requiring any complex
operations and therefore can be optimised using bitwise operatidague et al., 2011)Secondgthe
Tchasbeen usedsuccessfulljor the clustering moleculg®arnard & Downs, 1992; Butina, 1999)
therefore, theTccan be used as a neateneighbour approximator similar to a QSAR model. As a

result, for this work, thélcwill be leveraged throughout.

2.2.3.2 Continuous distance metrics

Often moleculadescriptorsare based on continuous descriptors. Similarity or distance
computations are slightly more complex when using continaalsed molecular fingerprints. One

of the most popular distance measurements used in similarity searching is the Euclidean distance
(Willett et al., 1998) The Euclidean distance is based on the tri¢engtistance between two points.

The merits of using the Euclidean distance is that the computation of Euclidean distance is relatively
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easy to calculatesatisfiesthe triangle inequality, and relies on the low values present in the vector
for comparisorfWillett et al., 1998)A limitation of the Euclidean distance is thiaere is no upper
limit on the distance that can be computed atidisit often needs to be normalised through further
processingHence, when handling continucualued fingerprints, an alternative distance measure
that can be used is the cosine distarf@éillett et al., 1998) The cosine distance is based on the
angle etween two molecular fingerprintsThe main benefit is that the cosine distance is bounded
between [0,2] However, the core limitation of the cosine distance is that it does not adhere to the
triangle inequality, as zero dimensions are ignofédllett et al., 1998)The equations for the

Euclidean and cosine distances gieen in equatiorf 2 ):

ARES!
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Where®andware vectors, andd and® are the'®h element in the corresponding vectors

2.3 Reaction representation

Chemical reactionsirethe physical interaction betwen two moleculesChemists often wish to
guerycollections of reactions and retrieve reaction informati@®arr, 2014) In contrast to

molecules, chemical reactions are substantially nmplicated Chemical reactions are composed
of two partst aset of reagent@nda set of productsTheset of reagents encongsses all the
molecules which are reacted togethdihe set ofeagents can includmoleculesknown as agents
needed for the reaction to occur but are not participatory such as catalysts or solvents. Finally, the
set of products denotes all molecules generated during the chemical transformatidadingthe
significantproduct and side producisuch as gas amdesirable molecules\ reaction is readeft to

the right, with reagents on the left and products on the right. The separating arrow is called a

reaction arrow. A depiction of a chemical reaction is shownhaible2-1.

2.3.1 Reactiomotations
The most popular approach for storing chemical reactions is the reaction S(Wekfhger, 1988)

A SMILES string represents each molecule in the rea&amh molecule in reaction SMILES is

& S LI NI G STRe réagents areBlip@ndon the Iefhe reaction arrovehowing the direction of

the reaction is showfrom reagents to ppductsandA & NI LINE &S ghar&&ionmgentéare
inserted in the middle to signify they will not be used during the reaction. Finally, the products are
shown on the rightTable2-1 below shows an example of a reactiSBMILE®r a bromination

reaction glectrophilicaromaticsubstitution).
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Reaction Defction

Br

Br,
e HB
© FeBry * '

Reaction SMILES

C1=CC=CC=C1>BrBr.Br[Fe](Br)Br>BrC1=CCBCC=C1.

Reagents Cl=CC=CC=C1
Agents BrBr.Br[Fe](Br)Br
Products BrC1=CC=CC=C1.Br

Table2-1 Shows a bromination reaction via electrophilic aromatic substitution. The reaction depiction is shown. The

reaction SMILE@nmapped) for the complete reaction is shown. The reagents, agents, and products of the reaction in

reaction SMILES are also shown.

An alternative linear approach t@action representation is thedRction International Chemical
identifier (RINChljGrethe et al., 2018)The purpose of RINChl is the sarsealae InChl but extended

to chemical reactions. RINChl aims to encode a unique representation for a given reflcdon

RInChl follows the same hierarchical structure as InChl and uses software developed by the InChl

Trust.
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2.4 Reactiormapping

Often when storing and retrieving chemical reactigihe essentialpart of the transformation is the
reactioncentre. The reaction centre ibe part ofthe reaction where bonds are being made and
broken, and atomshange(Chen et al., 2013; \déts, 1963) Thus, @fining a reaction centre is
crucial as it facilitatethe searching of chemical transformations rather than searching based on

functionality in the starting materigdSM)(the primary reagentdr the product(Warr, 2014)

A process known agom-atom mapping (AAM or reaction mapping) identifies the reaction centre
AAM isa processvhere each atom in the reagents is given a number,each atom in the products
isgiven a numberThe numbering is performed such that the atoms identified in reagents are
tracked andgiven the same numben the productsAn example of AAM is givenTiable2-2. The

mapped reaction is an amide condensation. Atdmg andsixare exchanged during the reaction.

Reaction dejction 1 1
with H3C . H,C
corresponding 50—=(3 j + NHy ——— 50=—=(3 + H204
AAM.

OH 6NH,
Reaction SMILES [CH3:1][CH2:2][C:3]([OH:4])=[0:5]. [NH3:6]>>[CH3:1][CH2:2][C:3]([NH2
with AAM 0:5].[0H2:4]

Table2-2 A depiction of an amide condensation with AAM is shown. The corresponding reaction SMILES with AAM is also

shown

AAM mapping has been explored extensively due tontaeessity of identifying the reaction centre
for variousapplicationgChen et al., 2013 heprimarygoal of AAM is that the mapping occurs
without any human intervention and is therefore performed entirely using reaction mapping
algorithms. Broadly reaction mapping can be split ifii@e categoriesstructure, search and
heuristichased AM. Structurebased AAM uses processes derived from maximum common
substructure searching to identifyhanging bonds and atonf8postolakis et al., 2008; Funatsu et al.,
1988; Kumar & Maranas, 2014; Mcgregor & Willett, 1981; Rahman et al.,.20t6htrast search
based AAM attempts to traverse a bonthking and breaking search spdodind the shortest path
between reactant and produgfAkutsu, 2004, Litsa et al., 2018)nally, heuristibbased methods

rely on chemical heuristics to determine the most appropriate A8avorski et al., 2019)
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2.5 Reaction databases

Similar to moleculedargechenical reaction databases habeencompiled(Warr, 2014)Databases
of chemical reactions can be split first intwo categoriescomprehensive and utility.
Comprehensive databases cover an entire area of chemical readimisas those from a specific
scientificjournal (for example CASREAGBlake & Dana, 1990)Utility databases are reaction
databases dedicated to collecting reactidosa specific function, and therefore the reactionsare
sourced from various locations without a guarantee of complete coveffagexample Organic
SynthesegOrganic Synthese2021). Afurther subdivision is categorisatiorbased on whether the
databases areommercial or freeCommerciatlatabases contain reactiortisat are pre-processed
or stored ina machinereadable formaiReaxygElsevier2021). Freeuse databases are often
sourced frompubliclyavailable stores of reactions such as patent literatiu@wve, 2012)Table2-3

below describes several kegactiondatabases.

Database Availability Source Total number of
reactions

SPRESInfoChem Commercial Journals and Patens >4.6M
DeepMatter 2021)
Reaxsys Commercial Journalspatentsand  >42M
(Elsevier2021) Crossindexedsources
CASREACT Commercial Journalspatents >139M
(CAS Reaction2021) theses andCross

indexedsources
Organic Syntheses Free Verified reactions >5.5k

(Organic Syntheses
2021)

Open reaction Free Patents, Submissions >2.2M
databasgOpen

Reaction Database

2021)

WebReactions Free Merged databases 4.5M
(Openmolecules2021)

Table2-3 A table of free andommercial reaction databases. The databases are characterised by their source and total

number of reactions.
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2.6 Reaction classification

Chemists intuitively think about reactions based different reaction classe# reaction class is a
label applied to aet of chemical reactianwhich maintain similar feature$herefore, reactions
must be annotated sthat chemists camuicy interrogate reaction databases and retrieve known
transformations. Unlike moleculgékat have either a IUPAC name omdnChl, eactions have no set
labelling system. Several labelling systems have been develspeld as RXN@hich the Royal
Society oflthemistry createdo standardise the reaction nomenclatuf@seOntologies/Rxno: Name
Reaction Ontologyn.d.) Recently, th&sheffield Hierazhical REaction ClassificatiBHREC)
(Ghiandoni et al., 201%as been propsed whereby each reaction is labelled using a hierarchical
label which can be broken down into separate clasgégh the large numbers of reactions being
generated by chemists ahaverincreasing ratethe goal of reaction classification isaatomate
classifying reactions without the need for human labelling. Different approaches to reaction
classification have been explored extensively. The main categories are-troakl approaches
relying on expert rules or representations to separate tems into different classesind data

driven approaches relying am analysis of reaction data to separate the reactions into clagsely.
attempts relied on trackingond-making and breaking during reactiowhichwere then annotated
with symbols bas# on expert rulegTheilheimer, 1960)urther work extended the model approach
for specific cyclic reaction{8alaban, 1967)his approach for cyclic reactions was thendate
generalised to include more complernxyclic reactiongHendrickson, 1997By annotating
reactions with bond breaking and making informatiogactions could be sorted into different
categories. Similarjyan approaclho storing reactions abypergraphs was developd¥léduts,

1963) Hypergraphs are the fusion of multiple graphs into termge, connectedtructure. This
connected structure contasthe reaction centre and surrounding environment related to the
reaction.Storing reactions as hypergrapfacilitated easier extraction of reaction features, which
could then be used to group reactions together in databakegther extensions to the concept of
reaction hypergraphs were explored fyujita, 1986and thenlater (Hendrickson, 1997JFinally, i
terms of modern modebased approaches to reaction classification, the concept of the reaction
hypergraph was reintroducei the literature as part of the condensed graph of reaction (GOR)

Luca et al., 2012; Nugmanov et al., 2019; Varnek et al., 2005)

In contrastto the reaction hypergraph approachesdidferent popular approach tanodeldriven
reaction classification is theugundjiUgi model(Ugi & Dugundji, 1973Yhe models based m the
creation of abond and electron matrito describethe molecules. Thegoalof the DugundjitUgi

model is to encode the reagents, reaction transformation, and end products in a series of matrices
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(B,R,E). The reagent matrix (beginning) encodes thedsobetween the atoms of th8M, the
reaction transformation matrix captures the change in the bonds based on bond arttthe
product matrix encodes the bonds between the atoms of the produéte DugundjiUgi model

formspart of several reaction seeling systemgGasteiger et al., 1987, 2002)

A limitation of themodelbasedapproachis that the models are limited to chemistry relating

directly to the reaction centrdf reactions are influenced by other parts of the moleculesinthe
reactioncentre,then model driven approaches do not capture that information well. Hence, rather
than enforcing a reaction model, it is instead more flexible to allow for transformations to naturally

group dependent upon on reaction data directly.

Data driven approachesely on the reaction data itself to separate out distinct classes of
transformaion. Moreover, as the size and complexity of reaction data has increased data driven
approachea have become more popul@WVarr, 2014)Datadriven approaches to reaction
classification use theoncept of knowledge discovewhere features are derived from reaction

examples directlyChen et al., 2013)

The first approaches to datdriven reaction classification relied on creating reaction graph data
structuresdirectly from reaction examplbased on connected graphs of reagents and products
These connected graph data structuneberethen mined for generalised features. By utilising the
reaction examples directlyhis allows for a natural grouping of reactior{8Vilcox & Levinson, 1986)
The approach was further extended as part of the SYNQl@eMrnter et al., 2003nd RETROSYN
(Blurock, 1990knowledge bases.

One of the first approaches to classification of reactions via molecular descriptors was HORACE
(Rose & Gasteiger,19%#) | hw! / 9Q& | oAfAGe G2 OfFaair¥fe NBI
inclusion of more advanced physiedlemical features. The introduction of selfganising maps

(Chen & Gasteiger, 199fdrther enhanced the approach by allowing clustering and better
visualisation of the reaction space. Sal§anising mapéSOMSs) rely on networks of functis to

create clusters of reactions relying on the physidamical features of reactions.

Alternatively, rather than relying on physiediemical descriptors, topological or path descriptors
can be used instead. For example ASSIFKraut et al., 2013)y infoChem utilises hasig of the
reaction centre based on spheres of increasing sizASSIFilds thehash codedased on
different sized spheres surrounding atoms in the reaction centre in an automated fashion depending

on how much information is required. The unique haskescanthen be identified and grouped.
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This approach has been further extended as part of the Reaxys database. However, a fundamental

limitation of the CLASSIFY approach is that stereochemistry is lost during the hashing process.

Analternative approach to encoding topological information of a reaction is a difference vector
(Daylight Chemical InformatioSystems Inc, n.doased upon atom pairsncoded into a data
structure. Reaction vectorgRVshre a form of difference vector thaely on the difference between
starting material SM)atom pairs and product atom pairR\s were patentedy (Broughton et al.,
2003)and late adaptedand improved for molecular structure generation, reaction analysis, and
classification(Ghiandoni, 2019; Ghiandoni et al., 2019, 2020; Hristozov et al., 2011; Patel, 2009;
Patel et al, 2009; Wallace, 2016pue to their importance as a method of structure generatioat

is central toin the work of this thesisa comprehensive description BAs and their development is
given inChapter 4. Finally, in related worlSchneideet alalso explored alternative approaches to
encoding topological difference vectaaad developed corresponding machine learning model to

classify reactions based upon fingerpri(@hneider et al., 2015)

As reaction datasets have become more extensive and more readily avéidaldle Lowe, 2012)

deep learning has become more popular to aid the construction of reaction classification models.
For example, recent work uses deep neural networks relying on reaction SMILES as thetimgput to
network to classify reactions on a cleaned public patent reactioiSstwaller et al., 2021)
Furthermore, additional applications of deep neural networks as part of a reaction iclatssif

scheme have been proposed, such as leveraging deep highway networks trained on products from

retrosynthetic analysigBaylon et al., 2019)

2.7  Synthesis planning

An essential motivation for creating large reaction databaseseas facilitating and aiding
chemists in designing synthetic routes to molecules. A synthetic route is a sequential path of
reactions that a chemist carries out to synthesise a desired compound. A synthetic route can be
singlestep or multistep. The proess of designing a synthetic route on a computer is known as

computeraided synthesis planning (CASP).

One of the most common approaches to synthesis planning is retrosynthesis. Retrosynthesis starts
from the desired molecule that needs to be made. Disemts on the molecule are then made. This
forms a tree data structurevhere thenodes cosist ofmolecules andhe edgesrepresent
disconnections. Importantlydisconnections should be reversible such that the disconnected
molecule can be recombined usiagorward reactionThe tree is grown until a molecule is

generated that cannot be disconnectedisavailable in a collection @Ms; this is a leaf node. The

path from the lednode to the root node is then traversed, forming the synthetic schem& (orey
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(Corey, 1967jirst described the concept of retrosynthesis. However, the first tool to use
retrosynthesis was the LHASA progré@arey et al., 1972) HASA used hand encoded reactions to
assist chemists in the process of retrosynthesis. Possible disconnections were suggested to the
chemist based upon the furicnhality present in the molecule. LHASA was improved over time by the
inclusion of a more extensive knowledge base of disconnections. As the knowledggdastere

was a combinatorial explosion in the number of possible disconnectiodstherefore several

heuristics was also included to prioritise specific disconnections. However, these heuristics had to be
hand encoded. An important limitation of the LHASA program was that a trained chemist needed to
interact with the program to navigate the tree disconnections to form a path frostarting

materialto product. As a result, alternative programs such as SYNCHE&kstnter et al., 1977nd

later SYNCHEMAgarwal et al., 1978yere developedSYNCHEM usé@dnd encoded reaction

libraries and faster searchimg the retrosynthetic tree utilising better heuristics coupled with

parallel computing. Importantly, however, SYNCHEM was autonomous and did not rely on human

interaction.

Both LHASA and SYNCHEM utilised a knowledge base of reaction transformatiodsidn, ad
approaches utilising thBugundjiUgimodd were developedvhich aimed to discover novel
reactions to propose synthetic pathwaygithout the need forexplicitknowledge basedor

example IGORUgi et al., 1993and EROGGasteiger et al., 1987)

Recently, machine learning has become a popular approach to synthesis planning. A notable
exampleis AlphaChen{Segler et al., 2018yhich relieson deep neural networks to prioritise

reaction templates used to disconnect molecul&phaChentoupled with a Morg CarloTree
Sarch(MCTSapproach to prioritise possible reactions Hesendemonstrated asble topropose

synthetic schemes to molecules of similar quality as PhD level chefrhstslCTSapproach is

further described irChapter 6. Furthermore, the cocept of utilising neural networks have been
proposed for retrosynthetic planning relying on learnt rewaf8shreck et al., 2019 inally, an

alternative approach to synthetic planning is part of teematica program. Chematida{ 1 & Y1 dzd S
al., 2016utilises a large corpus of synthetic transformati@gn50k) hand encoded by a team of

expert chemists. Moreover, this extensive knowledge base has been coupled with large databases of
reactionsto form an interconnected network of organic chemistRatential ynthetic routes to

moleculesare found by travesingpaths in tte network.

It should be noted that while syntlsésplanning is an essential tool in the synthetic chemist's
arsena] it cannotbe used todesign molecules from scratch based on a-geéned property profile.

However synthesiglanning tods can be coupled with de novo design wheralyoleculés first
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designedrom scratch (de novo design) and then a synthetic planningisasedo propose

synthesis routes to the designed compound.

2.8 Conclusions

Molecule and chemical reaction represetitm is a core part of chemical information systems. This
chapter first described different molecular representations starting with linear andinear
representations and then detailing canonicalisation approaches and strategies to convert molecules
into fingerprint descriptrs. The second part of this chapter focussed on the reaction representation
and overviewed several approaches to encoding reaction information. Finally, a review of synthesis
planning and different approaches to retrosynthesis wekeg. The next chapter explorédse idea

of de novodesign andhe expansie ecosystem of software available to explore and search chemical

spacefor new molecules
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Chapter 3De novo design
De novo design is the stdiscipline ofchemoinformatics focussed on molecular design. The goal of

de novo design is to construct novel molecules which fit a predefined property profile. A predefined
property profile is the biological and physicdilemical characteristics that the designed maolec

must maintain. To generate molecules of interest, a de novo design software traverses the chemical
spacewhichis the search space that contains all possible molecules. Chemical space is vast. Drug
like chemical space, a subset of chemical space thaams all possible drug moleculesd thus

only a fraction of all possible molecules, has been estimated to #aridleculesBohacek et al.,

1996) a veritable universe of small molecules. Hence, de novo design software must be carefully
constructed to identify moleculehat fulfil a predefined property profile effectively. Principally de
novo design software comprises three padsnolecule scoring moduje molecule construction
module and a search and optimisation module. Molecule scoring aims to assess molecelé®bas
objectives that are part of the property profile. Molecwenstruction is the process of how the
molecules are built ksilico. Finally, search and optimisatiaimto combine scoring and

construction to identify a path to regions of interest. Each module must be carefully designed to

identify desired molecules in the chemical space.

This chapter focusses on the wide variety of different approaches to de novandbkaighave been
developed in recent decad€éSchneider & Fechner, 200&0d is separated into five partsSirst,

molecule scoring approaches are reviewed exploring single parameter and therparaltheter
optimisation, and then ligandand receptorbased scoringSecond, an overgiv of molecule
construction is given, including atorinagment,and reactiorbased construction methods. Third,
search and optimisation is then reviewed, including stochastic, evolutionary and then deterministic
methods. Fourth, generative design methods dle novo design are reviewed, including deep neural
network-based approaches. Finallyglidation and testing of de novo design approaches are

discussed.
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3.1 Molecular scoring

Molecule scorings the process ofonveringa molecule into a number or vector of nuersthat is
then compared to the desigobjective.The design objective is oftenpre-defined property profile
which isthe ideal values ahe propertieswhich the designed compoundg$iouldhave.A de novo
desigq software will use a objectivescoring function based on the property profigroadly, scoring
functions aresplit intotwo categories. Single objectiy@oblems (SOP) andhultiobjective poblems
(MOP)(Liu etal., 2021; Nicolaou & Brown, 2018)OPs are more compkedue to the competition
between objectivesin a drug design campaign, a fusion of different scoring methoglsequired
Multiobjective approacheattempt to score a molecule either via timeergingof individual
objectivesin a process known as scalarisat{@ollette& Siarry, 2004)or via the assessment of a
paretofront (Gilletet al, 2002) Scalarisation réson the use ofa function to combine multiple
objectives togetherA simple approach to scalarisatiato take the average of the objectise
however, this can lead to a single objective compensating for harder to optimise objectives. An
alternate approach is to utilise the geometric mean. The geometric mean is panerbsscoring
functions in theGuacaMobe novo design benching marking syiBrown et al., 2019The
geometric mean is particularly useful for scalarisation due to any objectives with a value of zero
instantly leadhgto a molecule sconig zero overalnd it, therefore,requires thatall objectivesare
satisfiedto some extent However, frequently more complex approaches are usedexamplea
weighted summation of objectivgiicolaou et al., 2007)lthough how theelative weights of the

objectivesare determineds nontrivial.

A pareto front assessment is based on assessment cfinaminated solutionsHaving a non

dominated solutiormeans that any improvement tany objectiveisto the detriment of the other

objectives.! £ f &2fdziAz2zya GKIFG SEA&G 06 SKAY RHdwkEr aLd NB (i 2
more and more objectives are addedstharder to obtain balanced solutiarf&nally, for norrivial

problems there is also a computational performance cost when using such methods

In practice whether the goal is scoring via SOP or MtBE scoringobjectivescan bedividedinto

two categoriesligandbased scdng and receptoibased scoringHartenfeller & Schneider, 2011a)
Ligandbased scoring often requiréle usage of chemical descriptons amilarity searcingto form
the objectivesin receptorbased scoring, thebjective valuas derived from the docking of a ligand
to a target protein.The aim of dcking is to virtually position a molecule into a target protein in an
attempt to mimic thebinding of the molecule in a real protejileng et al., 2012)Receptotbased
scoring relies odlifferent metrics used to assess fit of the molécin the targetReceptorbased

objectives have anore significantcomputational cost compared to ligadzhsed objectives
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In the de novo design ecosystem, a wide variety of different software have been developed using
different scoring approaches. The first examples of de novo design softwiksed receptorbased
scoring such adSite/2D skeletonfDanziger & Dean, 1989a; Lewis & Dean, 1989a, 128@b3D
SkeletonqGillet et al., 1990)Remarkably, even thi amore considerableomputational cost the
trend of utilising receptobased approaches to scoring continued with L{Hdhm, 1992a, 1992b,
1993, 1994)NEWLEADT schinke & Cohen, 1993PLICEo & Marshall, 1993proupBuild
(Rotstein & Murcko, 1993bLONCEPTBearlman & Murcko, 1998nd SPROU{Gillet et al., 1993,
1994; Mata et al., 1995l)he first published approach of using a ligdorated approach was in

G/ KSYA Ol {Gleb & Ragn@, L3050 more recent work, objectives in de novo design have
primarily focussed on liganrtdased scoring due to the methods generating large numbers of
compoundgqBradshaw et al., 2020; Guimaraes et al., 2017; Olivecrona 20all; Yang et al.,
2017)

Further examples digand and receptofrbased scoringn de novo design are given below

3.2 LigandBased methods

Ligandbased scoring objectives exploit the SPP via molecular descrigtatsnvolve comparing
generated componds toa reference compoun(Hartenfeller & Schneider, 2011H)he calculated
molecular descriptorsould,for examplebe atomic mass weight (AMW) partition coefficient

(Logh. Alternatively, ligandased objective functions could also utilise 2D similarity metrics derived
from molecular fingerprintslerived from molecular fingerprintsSeveral de novo design softwares
have relied on the use difjandbased objective scoring such as Chemical Ge(@&s & Payne,

1995) SkelGer{Dean et al., 2006; Stahl et al., 2002; Todorov & Dean, 188éhbar(Nachbar,

1998 2000) FLUXFechner & Schneider, 2006, 203D G{Hartenfeller et al., 2012Molecule
Evoluator (Lameijer et al., 2006 ReMPolishchuk, 2020and DINGO$Button et al., 2019)
Furthermore 3D-based method¢Damewood etl., 2010; Proschak et al., 2008)iant onthe 3D

structure of thereference compound have been proposed.

Ligandbasedmethods are generallihe most computationally efficienvbjectivesused in de novo
designas they relyon methodssuch as similay searching, substructure matching @escriptor
calculations which are highly optimiseddditionally as the amount of data has increased overtime
guantitativestructureactivity relationshigf QSAR) models have become popular as part of ligand
based scang to drive the search towards regions of chemical space that are pronjig#sgard et
al., 2012)QSAR models rely on building a function which maps between structure and biological

activity. These models are often built from moleculagérprints which are fast to compute.
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Recent work has also suggested that over reliance on the SPP using ligand based methods prevents

de novo design methods from accessing more novel chemical §phomas et al., 2021)

3.3 ReceptoBased Methods

Receptorbasedscoringattempt to assess a molec@fit to a particlar bindingsite. The
approaches of fitting a molecule to a binding in site and are similar to virtual screening docking
approacheslin principle, there ar¢hree main strategies foreceptorbasedmolecular scoring that
can be usedmolecular force fieldsempirical functions andknowledgebasedscoring functions
(Hartenfeller & Schneider, 2011 emarkably, early de novo design software such as HSITE
(Danziger & Dean, 198916(JONCEPTBearlman & Murcko, 1993and SPROUGilet et al., 1993,
1994; Mata et al., 1993l relied on the use of receptdrased strategies. Due to the ubiquitous
availability of bioactivity data and the rise of generative methods ES@ehese approaches have
fallen out of popularity. On the other hand, as highlighted earlier, recent \Widnkmas et al., 2021)
suggests that using receptiased scoring functions mdead to accessing more novel chemical

space. listherefore instructive to illustrate the different approaches to recepbased scoring.

3.3.1 Molecular force fields
In de novo desigfand virtual screeninghere is a requirement to obtain scores quicwlith auser

defineddegree of acgracy. In de novo design due to the largeamberof molecules being

generated, molecular force fields anelpful due to the fast compute time antheir customisability.

At the core of any molecular force field approaigs the exploitation of simple physcial properties.

In particular force fields rely omphysicalprinciples, to modeintra- and intermolecular interactions
andarebasedon@. I £ £ YR { LINARY 3¢ YgaRdDbond.(Here theatainse S v
treated assphereswith differing degrees of hardneandthe bonds areireated as springs with

different degrees of stiffnesdVithin this setup, the energy of the molecuteobtainedthrough the

summationof the individual contributing energy terms.
An example of a generalised forfteld modelis shownbelow.

O O O O O O © (3)
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Different methods of calculating each term give rise differflente fieldsWhen a molecule is
generated, molecular force field scoring aims to return the energy3id pose of the molecule.
Generating a 3D pose however, is romial (Hawkins, 2017)0ften multiple poses will be calzued
and inserted into a binding site. Hence, a traaf€exists between fastcoring and time spent
generating better poses. Fordeld based approaches to de novo design were first explored with
the LEGEND algorithfNishibata & Itai, 1991, 1993jorce field based approaches were further
explored in afragment shuffling algorithm which used a force field amach to estimateenergies
which were then added tthe atoma Mfeta-data to decide on fragments to proritigdlisius &
Rester, 2009)

3.3.1.1 Empirical Scoring

Empirical scoring attempts to derive an equation that relates interaction terms to the binding
energies basg on a set of proteidigand complexe€mpirical scoring can be as simple as counting
the number of hydrogen bond donors and hydrogen bond acceptors of receptor and.ligansl
complex multicomponent methodsnayinvolve the surface areanteractions between the ligand
and receptor.Theadvantageof usingan empirical scoring function over a forfield is thatit can be
faster to computeA significantlimitation of the empirical scoring function approachhst the
scoring functioris highly dependent upon the training data used to derive finection (Guedes et
al., 2018) However, when care is taken in building an appropriate empirical scoring function, a
substantial computation time save can be achiedddDI(B6hm, 1992aljirst used empircal scoring
functions as part of its objective scoring ftino. More recently, the LigBuilder softwaf@/ang et

al., 2000; Yuan et aR011, 2020)tilises an empirical scoring function.

3.3.1.2 Knowledgébased scoring functions

Knowledgebasedscoring functiongMuegge, 2006are based around statistical approximations of
interactions with binding sites\ knowledgebased scorinfunctionis computedby taking a

database of ligangbrotein complexes either from sources such as small molecule crystal structures
or large curatedlatabasesfor examplethe Cambridge structural databasethe Protein Data Bank
(PBD) and using them to parameterise the force field potentials. The principle of knovlaedge
methods ighat statistical potential€anbe obtainedvia careful data mimg and balancing of the
ligandreceptor bindnginteractiors. Like empirically derived receptdmrased scoring functions,
knowledgebased scoring functions require careful tuning and selection of appropriate examples to
be able to achieve competitive perfnance.Several examples of software which use knowledge
based scoring functions are SM@@Witte et al., 1997; DeWitte & Shakhnovich, 1996; Ishchenko &
Shakhnovich, 2002PrugScoréGohlke et al., 2000andDrug Score efénded (DSXNeudert &

Klebe, 2011)
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3.3.1.3 Pharmacophore methods

An alternative approach to receptdrased scoring is the usage of pharmacophore modeglRegidy

et al., 2013; Wermuth et al., 1998) pharmacophore is an arrangement of features in 3D space that
conserveghe essentiabinding structurafeatures.The molecules are scored using ittt to the

spatial arrangement of binding features. Several de novo design tools have been created to exploit
pharmacophore features. Examples include Skel®ean et al., 2006; Stahl et al., 2002; Todorov &
Dean, 1997and PhDOHuang et al., 2010)n particular, PhDD, refiéeavily on pharmacophoric
modelling for positioning of fragments in a binding pocket. It is irtgrdrto note that often
pharmacophore scoring is also used as a ligand scoring approach, sa@CasSHartenfeller et

al., 2012)and DINGO@utton et al., 2019)which used 2D pharmacophoric based descriptors.

3.4 Molecule construction

Molecule construction is the approach taken to build the molednHsilica Broadly three
categories of constructiondst, atom basel, fragment based, and reactidrased(Meyers et al.,
2021) Atom-based methods construct moleculeat-by-atom. Fragmenbased approaches bind
together individual molecular fragments to build moleculReactiorbasedapproachesise
synthetic transformations to combine molecules together to form novel structliggire3-1,
showsa schematic othe different approaches to molecule construction. The first is atmased
(top) wherea bromine is added to a six membered ring. Second is fragment bawsadl€),wherea
fragment is added to a six membered ring. Third, is readii@msed where a bromine is added to an

aromatic ring via a bromination reaction.

Br

Br

Br
Br
Br-Br + Br-Fe + © —_— + Br-H
Br

Figure3-1 Schematic of different approaches to molecule construction. Atom based (top), fragmen(inéiceid), and

reactionbased bottom.
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3.4.1 Atom-based methods
Atom-by-atom methods as the name suggestare a form of molecule construction where a

molecule is dsigned by adding a single atom each time. Atoyratom methods, start from either

an emptygraph,aseed atomor from a starting fragment and grow by adding an atom sequentially
to form the moleculeThe growth can aim to build an entirely new molecule or link two separate
molecules togetherAtom-by-atom molecule generation allows for firgrained control of the
molecule being constructed. Atotmy-atom methods were one of the first de novo design molecule
construction approache® beimplemented for example, theCONCEPT&ethod uses this
approach(Pearlman & Murcko, 1993Atom-based methods aarely on using the molecular graph
representation as parof their construction methocénd ®veral modern implementations of atom
based de novo design have used the grhplsed representation such as MolpHeéloksza et al.,
2014)and GBGA(Jensen, 2019)

In contrast to atorbased methods utilising molecular gragpn 1993 a patentvas filledand later
grantedon the basis of molecule construction using SMILES notafWesinger, 1995)SMILES
basedatom construction relies orhie creation of the linear SMILEStation charactetby-character
Thiswas an attractive approach #@sallowed a large number of structures to be generavdth little
computation expense anitl has regaineghopulaity with several recent works using SMILES as their
construction mediun{Kwon & Lee, 2021; Yang et al., 2017; Yoshikawa et al.,.2018)

De novo design usirafom based methods areften limited by thed / 2 Y 6 A Y E iR NAfA 2 vV ©
possible configurations of atontlsat could be constructed fas moleculeof a reasonable sizé&or
example estimates of the size of drdée chemical space vary fromZ2@o 10 molecules, with

the common value being $#®moleculegBohacek et al., 1996; Ertl, 2003; Polishchuk et al., 2013)
Hence while atombasedmethods afford faster computation they come at a calesable cost.
Remarkablyhowever, atom-based methods have seen a resurgance in populdtigy/to the

popularity of ceep learning based approachesich are described isection3.6.

3.4.2 Fragmemntbased methods

Fragmentbased methodsise parts of molecules as fragments to constmoiecules. Fragments

can range frontomplexring systems to single atomigloreover, the concept of fragmetiased de
novodesign is firmly supported by the broader fragmelpased drug discovery paradigiMurray &
Rees, 2009Fragmentbased methods have been used in molecule construction since the beginning
of de novo design, with both HSI{Banziger & Dean, 1989b) and 3D Skeletons (Gillet et al., 1990)

using carborbasedfragments.
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Fragmentbased methods utilise large collections of fragments, either created by breaking apart
(fragmentation)(Lewell et al., 1998; Liu et al., 20Df )prexisting molecules or the use of small
molecules which exist in prexisting datd@aseqIrwin et al., 202Q)The benefits of using these
fragments is that they are derived directly from known molecusleshat thereis an increasa
liklihood (but no guaantee) that the final constructed molecule is chenigdeasible(that is

satisfies chemical valance rules)d synthetically tractable.

One ofthe essentiabenefitsof fragmentbased drug discovery is the flexibility associated with the
pool of fragmens. Modern fragmentbased construction methodsuch as CRelfPolishchuk, 2020)
utilise fragment libraries in the 10s of millions of distinct fragments. Moreover, fragrhased
construction methods dependn the fragment pool thats utilised Asdifferent molecules can be
produceddepending on which library is utiliselis allows adcusto be placedon particular
requirementssuch asyntheticaccessibilitfErtl & Schuffenhauer, 2008y commercial availability
(Enamine, 2021)

Due to the attractive nature of fragmeittased de novo design methgds extensive ecosystem of
fragmentbased de novo design softwahnas een developedncluding:LUDIB6hm, 1993)
CONCERTBeariman & Murcko, 19963 KELGH®ean et al., 2006; Stahl et al., 2002; Todorov &
Dean, 1997)COLIBREHartenfeller et al., 200815AND[(Dey & Caflisch, 2008ADAPTPegg et al.,
2001) FLUXFechner & Schneider, 2006, 200FpPA$Schneider et al., 2000)EA3ODouguet et
al., 2005)LigBuilde(Wang et al., 2000; Yuan et al., 2011, 20@penGrowth(Chéron et al., 2015)
MOARKFirth et al., 2015and LiGen(Beccatri et al., 2013)

There are numerous different wayswhich fragments can be combined to form valid molecules.
These methods encompass three general classes; fragment growing, fragment Ankirigngment
shuffling(Hartenfeller & Schneider, 2011ragment growing aims to grow a single fragment by
addition of new fragments. Fragment linking aims to link together two separate fragments such that
the new fragment is a combination of the two designed owatditionally, more complex fragment

combination strategiesxist andwill be described separately.

3.4.2.1 Growing

Fragment growingas the name suggestsims to grow fragments in a sequential manreéragment
growingbuilds molecules up one fragment at a time, usually withmandarywhichthe molecule
is confined tosuch as a binding pock&everal examples of the growing strategy in fragrizaded
de novo design ar&roupbuild(Rotstein & Murcko, 1993bFMoG(DeWitte et al., 1997; DeWitte &
Shakhnovich, 1996lFlexNovdDegen & Rarey, 200&hd OpenGrowth(Chéron et al., 2015)
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Fragment growing is essentially a coarser version of digratom constructionexcept in fragment
growing the building blocks are larger. Téfre, fragment growing can obviously lead to molecules
being generated which are chemically unfeasible as the individual fragments cannot coexist in the
same molecule. Moreover, the bonds that connect the fragments together may not be possible and
therefore, synthetically intractable. In addition to issues surrounding synthetic tractability a key
difficulty is the ordering by which the fragment growing occurs. This ordering is often dictated by a

search algorithm for which there are many antlichare desribed in more detail in sectiof3.5).

3.4.2.2 FragmentLinking

An alternative to fragment growing is fragment linking. Fragment linking ainesniéragments
togetherby usingan intermediary fragmento link the fragments together. T intermediary

fragment is called a linker. Often large databases of linkers wilsbd,and constraints based upon

3D geometry or 2D geometry are utilised. Fragment linking further constrains the search space by
forcing a substructural requirement ohe designed molecules, that the designed molecules must

contain the desired starting fragments.

A difficulty of using fragmertased methods is that exploring the orientation of the individual
building blocks is not trivial. One of the first dipptions of this techniquevasLUDI(Bohm, 1993)
wherea decision tree ofiard-codedrules was used to generate intextgon sites. Followinthis, the
interaction sitesvere linkedwith small fragmentsvhich were then linked tareat the moleculesA
more modernapproach tafragment linkingvasdeveloped apart of GAND(Dey & Caflisch, 2008)
and AutoGrow(Durrant et al., 2009, 2013; Spiegel & Durrant, 20@@grefragmentare linked

usingreactionbased de novo design (see secti.3.

3.4.2.3 Advanced Methods of Fragment based construction

Over time, several more advanced apaches to fragment construction have begeveloped.
Thesemethods can be seersaerivatives of growing and linking. Atable methodis the BREED
algorithm(Pierce et al., 2004yhichuses a superposition of two ligandad identfieskey strategic
bonds The fragments attached to thkeystrategic bonds are then swapped to produce two new
moleculesin asimilar manner to BREED, fragment shuff(iNgsius & Rester, 2009grforms a
similar process of identification of key fragments which are then interchangsignificant
limitation with fragment shuffling techniqueas with most fragmenbased approachess that the
superpositionor swapping process of key fragments doescuisidersynthetic accessibility during
construction. Therefore, unless synthetically accessiliditgcludedwithin the scoring function in

some waythere is no guarantee that theolecule is syntheticallgccessiblén the lab.
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An alternative method of growing is to grow across a grid of points for examgie BUILDER
software(Lewis et al., 1992BUILDER is part of the lattice sampling class of fragivesed
construction methodsBUILDER took docké@gments andtonstructed arnirregularseries of latite
pointsbased on the docked fragments. The irregular lattice of poirte then sampledThe
sampled lattice points were theoverlaid with fragnents to construct new molecules 1995the
seconditeration of BUILDER\Roe & Kuntz, 199%)as released. Several improvements to the
BUILDER strategy weadded The firsimprovement wado the construction and sampling dfi¢
lattice. The second improvementas the introduction ofinimprovedpathfinding algorithm tdink
individual docked fragments together. Further small updates inclumgter atom typing and bond

characterigtion.

3.4.3 ReactiorBased de novo design

In the lab molecules are constructed using reactidngeaction is a transformation a chemist will
carry outthat modifies one molecul¢o form another(see sectior2.3). Reactiorbased denovo
designtherefore uses reaction transformatioms construct molecules in a logical discrete manner.
Reactionbased de novo design is a beneficial approach to molecule construction as the molecules
have a greatechance of being synthetically tractabMoreover, by using reaction transformations

it decreases the overall size of the search space to molecules which should have a higher degree of
synthetic tractability compared to other construction approach®&s .eaction collections increase in
size, the size dhe available space of molecules that can be constructed incre@besteaction
transformations used ineactionbased de novo design can be as simple as adding an atom, or
incredibly complex such as therfmation of novel ring systenikeactionbased de novalesign

utilises templates for reactions. These templates can be derived from ddtatmndcrafted Early
examplesincluding TOPASchneider et al., 20005 YNOPS(8inkers et al., 2003and FLUX

(Fechner & Schneider, 2006, 200&ljed on smal{<20) highly curated reaction templates.

Templates tend to focus on reaction centres and ignore the surrounding mol@ehieh could

prevent the reaction occurring ithe lab). In reation vectors(RVs)a prominent approach for
reactionbased structure generatiofGhiandoni, 2019; Gillet et al., 2013; Patel, 2009; Patel et al.,
2009; Wallace, 2016)ecent work has been developed to overcome these limitations via the use of
machine learnindgGhiandoni et al., 2020Finally, a series of reactions which are used to construct a
new moleculeshould betransferableto the latoratory with minimal alteration, thus avoiding the

need for synthetic planning tools grely.

A number of de novo design methods have been developed that construct molecules by applying
transformations based on known reactions such as, Auto@Dwrant et al., 2009, 2013piegel &

Durrant, 2020)DOGSHartenfeller et al., 2012PINGO%Button et al., 2019Molecule Chef
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(Bradshaw et al., 2019ChemBdKorovina et al., 2019)Apollo106(Q Gottipati et al., 202Q)
REACTO@Iorwood & Noutahi, 202nd Synthesis DaG8radshaw et al., 2020articularly

important to this thesis ardRVsRVsencode transformations directly through the use of reaction
collections rather than the hand crafted approacheseaction selection such as that of DOGS,
DINGOS and AutoGrdButton et al., 2019; Hartenfeller et alQ22) Moreover, the process of
usingR\s as part of a structure generation approach has developed substantially over recent years

anda detailed overview of the approach is giverCrapter4.

3.5 Searching and solution optimisation

The final part of a daovo design software is the search component. In essence, to build compounds
with desired propertiesa sequence of construction stepsedsto be createdand this leads to what
isoften referred to aghe da O2 YO A Yy I (12 NA | £ 2 [bié seYuerkcwillitrarafgid the JNRP o f SY @
starting point (a blank graplfragment,or molecule), over successive construction steps to a final
designed compound-dowever, there are many possibilities to explore at each construction step with
the number of distinct molecules b grown increasing exponentially at each st&parch
strategiesaretherefore needed totraverse the possible chemical space accessible from the starting
point to compounds which maximise tlggven property(Hartenfeller & Schneider, 2011b; Meyers et
al., 2021) A major imitation in traversing chemical spadeesides its vastness that chemical space

is not smooth(Lajiness, 1991Yhis leads t@hemical space containing maagtima. As a result of

the inherentroughnessit is thereforeimportant that methodscanmovefrom local minima which
aremerelyregions in chemical space hiag properties which are desirable but may not be the best
solution. Ultimately the goal when searching chemical spaces is to find the gighaia.

Consequently, it is imperative that searching methodsjump out of local minima and be ahie

identify the global minima correctignd manydifferent strategieshave been developethat aim to
navigate the chemical spaedfectively Search strategies can be split into stochastic and

deterministic search.
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3.5.1 Stochastic search methods
Stochastic search leverages the use of randomness to traverse the chemicahbipetallows a

search to escape local optiniy sampling probability distributions. To leverage stochastic search,
the Metropolis algorithm can be employdtetropolis et al., 1953)TheMetropolis algorithm
accepts changes to a molecule depending on the scoring critdfgumation( 4 ) for the Metropolis

algorithm is given below.

0 OMOOQRIOE IphQ (4)

In the context of de novo desidgP(accept) is the probability of accepting a change to the molecule.
3"Yo ¢ is the change in score between starting material and product. A limitation dftéteopolis
algorithm is that it is easily trapped in local optima at the start of the search due to relying on delta
score to form the probability distribution. Hence, itieneficial to slowly decrease the amount of
exploration over time, thus allowing the search to explore widely and then slowly converge upon an
optimum. This is performed by including@mperatureT. This algorithm is known as simulated

annealing and ish®wn in equation 5) below (Kirkpatrick et al., 1983)

(5)

0 OOOQRIOE oo —
The temperature tam, T, isdlecreasedver timeusing different approaches. These are known as
schedules. For example, a linear schedule decreases the temperature using a linear calculation based
on the length of time which has elapsed since the start of the search. Simulated annealing leads to
the probability of accepting a change to the molecule dechegisver time and thus convergee
upon a minimum in the search space. Due to the flexibility and ease of implementation, stochastic
search with and without simulated annealing has been implementedvaral de novo design
software, includingcONCEPTBearlman & Murcko, 1993LONCERTBearlman & Murcko, 1996)
MCDNLGGehlhaar et al., 19953MoG(DeWitte et al., 1997; DeWitte & Shakhnovich, 198&])
SYNOPS(Sinkers et al., 2003)

A natural datastructure to randomly traverse chemical space isMharkov chain. Th#larkov chain
is a connected graph where the edges are the transition probabilities. Stochastic search is then
performed bysampling thdransition probabilitiedo choose fragments toanbine or deleteFar
example, Fo@utchukian et al., 2013)sed a Markov chain structure to traverse chemgce to

compounds of interest.

While stochastic searatan certainly traverse huge areas of chemical space, care needs to be taken

in constructing the probability distributions thare sampledMoreover, the approaches inherently
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require multiple searchgto achieve consistent result¥he approach of sampling probability
distributions forms the basis of many deep neural netwbdsed generati design algorithms (See
3.6).

3.5.1.1 EvolutionaryMethods

An alternative approach to stochastic searshbvolutionary inspired approaésto search.

Evolutionary algorithmsiman to find individuals in a population thaatisfy a set of objectiveg¥ikhar,

2017) The methods are inspired Hyarwinian evolutior(Darwin, 1859)Individuals in a population

are encoded as chromosomes. The encoded chromosomes are then mutated using genetic
operators.A genetic operator is an operator appliedanindividualin the population to causa

changeto the individud The main types odperatorsare mutation and crossover. Mutation applies

a change to a single individual, such as addition of an atom or fragment. In contrast crossover swaps
atoms and fragments from the population of individudsolutionary algorithra rely on the

following process to search through the chemical space:

1) Initialise population of individuals.

2) Score the individuals in the population.

3) Select the besperforming individuals from the population.
4) Apply operators to generate a new population.

5) Repeat step?2) to 4) until an end criterion is reached.

The most popular evolutionaflyased search approach is the genetic algoritomd several de novo
design algorithms have usegknetic algorithrs as part of their search approadcbne of the first
published approaches to de novo design with genetic algorittvars Gemical Genesis which used
3D graphbased method$or structure representatior{Glen & Payne,295) Moreover, the usage of
graphbased representations for genetic algorithms have been explored as part diBtodn et al.,
2004) ACSESRupakheti et al., 2015; Virshup et al., 2QXBBGA(Jensen, 2019 GBEPI(Verhellen
& Van Den Abeele, 2028hd STONEMligam et al., 2021Another early example is the SMIEES
based evolutionary algorithm patented Ifyeininger, 1995)The patented approach mutated

SMILES strings to generate molecules that fit the desired property profile.

In 1996 a genetic algorithbased approach was introducdidlat wascoupled to a neural netwdr
(Devillers, 1996)The neural network as used tescore the molecules aritte geneticalgorithmto
search for better scoring compounds. The approach was recently reintroduced to the literature

utilising a deep neural network for molecule scor{higam et al., 2019)
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In contrast toatom-based construction approachedsagmentbased methods can utilise additional
geneticoperatorssuch as the grow and link operators in Ligbuil@#ang et al., 2000; Yuan et al.,
2011, 2020)AutoGrow(Durrant et al., 2009, 2013; Spiegel & Durrant, 208DAPTPegg et al.,
2001) PERBudin et al., 2001)GAND[Dey & Caflisch, 2008)

Even with the rise in popularity of deep learning approaches (see s&Bjmenetic algorithms
have demastrated themselveas highly competitive in designing small molecuigscently, in the
GuacaMobenchmark(Brown et al., 2019p popular de novo design benchmark designed to
compare and contrast differerte novo desigsoftware, GBGA demonstrated exemplary

performanceout performing more computational expensive approacf@nsen, 2019)

An alternative approach to using a genetic algorithm is genetic program(ikorzp 1994) Genetic
programming(GP) utilises a trebased structure to construct individuals which are then mutated
following the same principk as genetic algorithms. A tree is a graph structure starting from a root
node. GP utilises tree structures asaternative to chromosomes. GP applies mutations and
operations to the tree directly. For example, branches can be exchanged, or individual nodes in the
tree can be replaced/enkatasubramaniafVenkatasubramanian et al., 1996jroduced a limited
approach to treebased GP which was further improviegd NachbafNachbar1998 2000) Nachbar
used a tree of characters as the molecule representation. The mutation assouer operations
included changing nodes in the tree or swapping entire branches from other trees generated in the
population Nachbar also extended the GP approach to includeap®ning, ringclosing, and vicinal
atom exchange. Compilation of the fimablecule is obtainetby simply traversing the tree structure.
The main limitation of the approach by Nachbar was that it was writtéddthematica,andit did

not generate Complex structures.

A more recent examplissthe molecule evoluato(Lameijer et al., 2006)The molecule evoluator
usesthe same approach as Nachbar, exciepitilisesa modified SMILES notation known as tree
SMILES. Tree SMILE®duced a linear notation derived from SMILES strings, allowing mutations

and crossover to occur at specific substitution points in the molecule.

Further to evolutionary approaches are memetic approaches. Memetic approaches attempt to
search a search ape by mimicking a swarof insects in grocess known as swarm intelligence.
Initially, a population of individuals is created. Then, the individuals are allowed to traverse the
search space. If an individual in the population finds a region of intehest,that region's

coordinates are communicated to the rest of the individuals in the population. The individuals then
bias their traversalcloser to the region of interest untiéventually, the population converges upon

the desirable region. Swarm intelligence algorithms derive their traversal from different natural
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swarms such as bees and ants. The most general approach to swarm intelligesntiels swarm
optimisation(PSQ)An example of a de novo design software utilising PSO is CO(HERERfeller
et al., 2008) COLIBREE wssestarting scaffold and ideified attachment points. The attachment
points act as particlegs moleculeisthen grown fom each attachment poirdndthen evaluated. If
a good scorésidentified, thisisthen be communicated to other particles via a swarm memory
which records high scoring fragments and linkers. The approach siilisee data structure to
traverse the space. A more recent approach to PSO is Molecule Swarm Optim{st8io)Winter

et al., 2019) MSO traverses a latent space encoded via a deep neural network.

Another swarm intelligence approach explored for de novo design is the Molecular Ant Algorithm
(MAnNtA)(Hiss et al., 2014; Reutlinger et al., 20MANtA is an ant colony optimisation approach
(Dorigo & Blum, 2005; Dorigo & Di Caro, 1989 ntArelies on the creation of trails in the chemical
space mimicking Y iple@mone trails. The trails act as a biasing approach to force agents closer to
a minimun. Ant colony optimisation relies on previous trails increasing in strength as more agents
passover the same region of space compared to particle swarm optimiseiiiomlar to COLIBREE,

MAnNtArelieson fragmentbased approaches to construct molecules.

3.5.2 Deterministic methods

Deterministic methods are search methodologies used to traverse the chemical space that rely on
rule- or functionbased approaches. Deterministic methods are generally less popular compared to
stochastic counterparts due to chemicabsge being both large and exceptionally rougherefore,

it is hard to build deterministic search algorithms that can move through the chemical space
effectively. However, it is important to note that many early de novo design software relied upon

deterministic search methods with the approach still being utilised.

Search is often constructed via the use of the search tree. A tree is a graph containing nodes and
edges, starting from a root node. The nodes contagleculesand the edges are transformatien
between molecules. Trees are a common part of de novo design algorithms. To grow a tree, two
strategies exist breadtfirst and depthfirst search. Breadtfirst scores all nodes and then
enumerates the next level of the tree. This process is repeattitiaither an entire tree igrown,or

a computational limit is reacheth contrast, a depth firstearchgrows the tree to a particular

depth, returns to a level and then desceratgain via a different branclBoth approaches have

benefits when being uskin a de novo design context.

The breadtHfirst search yields a complete tree in an enumerative appragoére all moleculesre
expandedone step at a timeThe main limitation of théreadth first search is that vast numbers of

moleculesare generated. Often an additional part of the breaditist search is the inclusion of a
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pruning step. Pruning is the removal of nodes from the search tree. Often pruning of the search tree
is carriedout by simply scoring the molecules and then selecting thepeiorming molecules to

expand nextThis pruning approactan,however, lead to limited performance due to the presence

of local optima along paths of sequential molecule construction stdpaever, several de novo

design methods have used the approatith some succesgor exampleHSITEDanziger & Dean,
1989b) LUD(B&hm, 19923)NEWLEAD schinke & Cohen, 1993JO0OKEisen et al., 1), MCSS
(Miranker & Karplus, 1991RASSEuo et al., 1996)PRO_SELE®Aurray et al., 1997)BREED

(Nisius & Rester, 2009pOG$Hartenfeller et al., 2012 Reactiornvectors(Patel, 2009; Patel et al.,

2009) DINGO®Button et al., 2019)RENATEBhiandoni, 2019 nd DESMILE®aragakis et al.,

2020)

In depthirst search, a tree is grown to a specific depth by selecting one node at each level. This
prevents a combintarial explosion from occurringnowever, this can lead to poor quality solutions
being generated if only the best scoring molecule is seleatedch tree levelDepthirst is often
combined with a backtracking approach. Backtracking is a process \ecat®ptima can be

avoided byrevisitedearlier nodes which arexpanded down to the correct depth. Several
approaches to de novo design using defitht search have been createfibr example3D Skeletons
(Gillet et al, 1990) Diamond LatticéLewis, 199Q)SPLICHo & Marshall, 1993fzenstarRotstein &
Murcko, 1993a)Groupbuild(Rotstein & Murcko, 1993bPRO_LIGANEIark et al., 1995)
DycoblockZhu et al., 2001and FDycoblockZhu et al., 2001)

3.6 Generative design

In recent yearsde novo design utilising deep learnibgsed methodologies has increased in
popularity. Deep learninased de novo design is often referred to as generative design. The
popularity of generative design can be attributed to several fadtmrkidngimprovements in
computer hardwareleveraging natural language processing researaireasing volume of available
data; and the availability of opesource toolkits to develop deep neural networkehe
improvements to computer hardware allowed fitre development of deep neural networks utilising
large scale parallel computati(Raina et al., 2009These, in turnJed to significant improvements in
the modelling of sequences in teklased representationfor natural language processing (NLP)
(Yaung et al., 2018)Generative desighasbenefitted from these improvements NLP as molecules
can be represented as SMILES strings which can be modelled as sequences. As NLPRassearch
advancedthe deep neural network architectures popular withimet NLP communitizave been
adaptedfor molecular design task€hen et al., 2018; Xu et al., 2019hese networks are further
fuelled by a large amount of available data across many public databases such as ChEMBL and ZINC

(Davies et al., 2015; Irwin et al., 2020; Mendez et al., 2019; Sterling & Irwin,. Z3A48lly as deep
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learning has become more popular, this has also led to improvements in open source libraries which
allow practitioners to build deep neural networiGSholletet al,, 2015; Googl®esearch, 2015;

Paszke et al., 2019; The Theano Development Team et al.,, #i6allowing for the development

of generative design specific architectuf&dton et al., 2019; Meyers et al., 202ih) this sectiona

description of methodologies utilising deep neural networks for de novo design is given.

The basic structure of @eural network (NN) comprises an input layer, a hiddsr,and an output
layer. An input layer takes the inputs, a hidden layer istattransformations that occur to a set of

inputs, and the output layer transforms the hidden layer into a recognisable output.

A deep neural network (DNN) is a more advanced version of a neural network and is characterised
by having severdlidden layers for data to pass through prior to the output lagdames et al.,

2021) Hence a deep neural network comprises an input lageetof hidden layers and an output
layer. The input layer takes the inputle firsthidden layer transforms the inputs to a set of outputs
which are passed to the second hidden layer which transforms them to outputs and so on until
finally, the last hiddemayer passes the outputs to the output layer which transforms thera to
recognisable output. Many different configurations of deep neural networks exist; these are known

as architecturegElton et al., 2019)

In de novo design, the goal is for the DNN to output a molethdefits a predefined property

profile. Often generative design approaches utilise SMILES strings to represent output molecules. To
allow a DNN to train and generate molecules effectivBMILES strings are grown from a starting
character to an endingharacter During training, the DNN learns the relationship between a

sequence of SMILES characters and the probability of generating the next SMILES chaaauitey.

data for generative design methodsoften taken from preconstructed molecule databas.

A fundamental building block of mamychitectures which are used generative design approaches

is the recurrent neural networRNN]EIlton et al., 2019; Liu et al., 2018 RNN takesnanput and
predicts two outputs; the first output is a single character, and the second output is the values from
the hidden layer. The output character is saved and inserted intaéxeinput layer. The hidden

layer output is also inserted into the nexidden layer. This process repeats until the RNN generates

an ending character. This is shown in Eigure3-2 below:
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Figure3-2 Folded RNN, U are the input weightssthe weights of the hidden layer h, and W are the outpaights. An

input is provided such as a starting character and the RNN is sampled until an ending chsuaitened.

RNN's are popular due to their relative ease of implementation and ability to learn from large
amounts of training data. Extensions to RNNs include long-séiwrt memory(LSTMS) cells,
whereby memory cells are addea the network to prevenforgetting earlier learnt information.
RNNs have been further improved by a process known adufirieg. Here a RNNis first trained on

a collection of molecules and then refined on a smaller, more focused library of compounds with
desired properties. Téresulting RNN then can generate molecules that fit the requirements of the
smaller library. Alternatively, a popular approach has been to utilise a tree search approach to
prioritise SMILES fragments which are then completed using a trained RNN. Toesatrele

approach used is the Monte Caifleee Search which will be described {Ehapter 6.

Variational autoencoder8/AE) are an alternative and recently popular approach to generative de
novo design and are based on Autoencod&®). Akrely onanencodng and then decoding

process, ags shownin Figure3-3. Molecules are passed into the encoder and then decoded by the
decoder. The goal of trainingtisen to minimise the error between input and outpiloreover, by
training an AE, the hidden layers form a latent space between the encoder and decoder. The latent
space is then sampled, and new molecules are generated. VAES take a probabilistic agproach t
encoding and decoding the inputs and outpueveral different apprazhes to VAES have been
created such as ChemVAEOmMezBombarelli et al., 2018\ GraphVAESimonovsky & Komodakis,
2018)and SEVAKEDai et al., 2018)
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Figure3-3 An input molecule is passed into the encoder and is transformed via a latent space and decoded by the decoder.

During training the goal is to minimise the differences between input and output

Deep reinforcement learninPRL) is aapproach to generating SMILES strings by training an agent
which interacts with an environment. The agents' goal is to maximise the sum of rewards by
choosing specific actions. In a generative DRL approach, the actions are SMILES characters. An agent,
which is usually an RNN, is trained to predict the probable reward of each SMILES character based
on a list of input characters. Chosen SMILES characters are stored in the list, and a reward is
generated via Monte Carlo samplioglising the REINFORQHilliams, 1992algoiithm (see section
5.7.1). The agent is given the sampled reward, and the RNN is updated. The process then repeats
until the list of characters is full, and a completelecule is formedThe generative approach
RelLeaSHopova et al., 2018&jtilised the REINFORCE algorithm to successfully design small
molecules of interest. Additional reinforcement learning generative design approaches include
REINVEN{DIlivecrona et al., 201Tjkilising a Bayesian loss function, and Drugkix et al., 2019)

which introducedan additional exploration ten.

Generative adversarial network&AN) are DNN architecture split into two components: a generator
and a discriminator. The generator generatesleculesand the discriminator attempts to

distinguish the molecules generated by the generator from datuzlecules provided from a

dataset. The output from the discriminator is passed to the generator. Over sequential training
iterations, the generator improves such that the discriminator cannot distinguish generated
molecules from the real dataset exampldhe methodology is similar to the approach in @89
(Devillers, 1996)which reli@l on a genetic algorithm coupled with a neural netw@kyveral
approaches to GANs have been developed for generative design including QR@#ibllraes et al.,

2017)and MolGANDe Cao & Kipf, 2018)

Thecrucial limitation of all the approaches described soig#hat synthetic accessibility is not
considered. Recently, deep learning approaches have been introduced that attempt to utilise
reactionbased de novo design. These approaches use DNNs coufhedadtion data to build

molecules sequentially. Several approaches utilise Deep RL approaches to select reactions, such as

REACTO@iorwood & Noutahi, 2020ChemB@Korovina et al., 2019and Apollo 106QGottipati et
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al., 2020) Alternatively, methods such as Molecdleef (Bradshaw et al., 201@nd synthesis

directed acyclic graph generatofBradshaw et al., 2020¢ly on more complex representations.

Finally, a notable reaitin-based deep learninmethod isthe DINGOS approachggign of

innovative NCEs generated by optation strategie¥(Button et al., 2019)DINGOS usa DNN
approach to select buildg blocks from an extensive collection of molecules. The building blocks
were then combined using reaction templat€INGOS was used as part of a prospective de novo

design study withmoleculesdesigned synthesisedand tested for biological activity.

Fially, the output of a DNN is dependent on the training data of the DNN. For example, the choice
of SMILES strings, while efficient, limits the creation of complex ring systems or heterocyclic
structures! RRAGA2Y Il fft &% 5bb YSiKz2aRkherefotditishardte O 6 2 E ¢
interpret why a DNN chose to generate a specific SMILES charsitéanpts utilising reaction

based templates are a promising directimnovercoming these limitationdHowever, these methods

rely on large amounts of reactidraining data and extensive building block collections.

3.7 Validationof de novo design methods

Testing and validation of de novo design softwiarerucial to understanding its practical utility.
Broadly, testing of de novo design is split into two categgretrospective validation and

prospective validation. Retrospective validatiomvisere the aim is to recreata known molecule

often as part of a set of rediscovery problems. Prospective validation is when a scoring function is
defined, the molecules ardesigned by the de novo design softwarel thenmade and tested in

the lab. Prospective validation requires extensive resources.

Additionally, comparative studies between de novo design software are difficult to achieve for
several reasondor examplescoring functions are not explicitly defined, data is often not made
available, and only the begfenerated molecules are published. Finally, many early de novo design
software is not publicly available, and therefore crassnparison is difficult. Thisak led to

difficulties due to survivorship bias and reproducibility bias, as frequently only positive results in de

novo design are published, and many methods are not reproducible.

Recently with the adveraf open sciencéMurray-Rust, 2008; Wdée et al., 2011)here has been a
concerted effort to improve code availability and benchmarking approa(Besvn et al., 2019;
Polykovskiy et al., 2020 notable suite of de novo design problems that has become a popular
benchmark is th&suacaMobenchmark(Brown et al., 2019)GuacaMols a set of de novo design
problems that have been created along with a set of training datotoparemodern generative de

novo design approaches. Two types of problems exist in benchmarkligeeted and distributional

40

- L



learning. Goatlirected learning attempts to design molecules that fit a predefined property profile.
In comparison, distributional learning aims to generate a distribution of molecules with a specific
property. AGuacaMoleaderboard has also been created to compare diffed@nhovo design

approaches.

3.8 Conclusion

This chapter has outlined the history of de novo design, from the 1980s to modern generative
design. The chapter has focused on three &mas:molecule scoring, molecule construction, and
molecule search and optigation. A fundamental limitation of many de novo design approaches

identified in this chapter has been molecules having limited synthetic tractability.

Reactionbased de novo design is a promising direction to overcome this limitation via synthetic
transformations encoded from literature synthetic schemB&4based de novo design is an
established approach to reactidmased de novo design. However, a key limitatioR@based
search is the overeliance on completenumeration via breadth first sear@ndissues with
sequential application dRVVdue to the presence of local optima. The next chaptescribesR\
based de novo design as a form of molecule construdgtiome detaidue to itforming the

foundation of the methods developed in this thesis.
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Chapter 4 Reaction Vectors
Reaction vectoréRVsencode structural transformations etarting materials (SM$d products

based on the difference betweeédMdescriptos and product descriptor@roughton et al., 2003)

The following equation is often used to descrilveR\

Yw 0 YO Y (6)

Where RV is the reaction vector which is a collection of descriptors encoding the transformation
betweenSMand product, SMepresentsdescriptors present in thetarting material R is the

descriptors present in the reagents. Finally, P istecriptors present in the products.

The descriptors in RVs abased upon atom pairgsnatom pair (AP)is a topological molecular
descriptor that encodes a pair of atoms separated by a given topological distance. Atom pairs can
vary depending upon theumber of bonds between the corresponding atoms. For example, AP2
describes a pair of atoms joined by a bond, AP3 descailpedr of atoms separated liwo bonds.

Atom pairs are ideal for usage in reaction encoding due to the richness of bond and atom

information stored in the descriptor.

In the latest implementation dRVsextended from(Patel, 2009; Patel et al., 2009) custom AP

descriptor is used of the following form:
& QM h YOO & QmA (7)

Where® and&® are the corresponding atom typing di¢ two atoms’Q and™Q represent the

number of connections to nehydrogen atomghat are attached to atononeandtwo, respectively.

ne, andng are the number of pi electrons shared by the atom and is determined based on the bond
order of the bonds camecting to the atomi andi is the ring membership coumtf atomsoneand

two respectivelyVis the separatoindicating the number of atomg-inally Odescribes the
corresponding bond order between the two atoms for AP2 descripgiohg Single bonds have a BO

of one; double bonds have a BOtwfo, triple bonds have a BO tifree; and aromatic bonds have a
bond order offour. No explicit stereochemistry between the atoms nor any explicit hydrogens are
described usinghe modified AP desiptor therefore stereochemistry isot consideredn the RV

framework
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A simple example of computing all AP2 descriptors using the custom AP descriptor si@kitein

4-1
Molecule Unigue atom pairs with their
occurrences
3 0(1,0,02(1}C(2,0,0)=1

PN Br(1,0,0)2(1)C(2,0,0)=1

H3C Br C(2,0,02(1)}C(1,0,0)=1

Table4-1 Exampleshowingtwo simple examples of AP2 descriptfmsethanol and bromoethane

ARVis computedby subtracting the atom pairs of the reaction(s) from those of the product(s) and
can result in negative and positive counts of atom pairs. When more complex reaction
transformations are encoded in tHgVformalism, the number of atom pairs can increase

significantly.

Reaction Negative AP2 Positive AP2 Reaction Vector AP2

HC SOH — He” Br O(1,0,002(1)C(2,0,0) Br(1,0,0)2(1}C(2,0,0) Br(1,0,0)2(1}C(2,0,0)=1
0(1,0,092(1)C(2,0,0)=1

Table4-2 Example of @AP2RVand corresponding negative and positive AR2s simplesubstitution reaction

R\5 for structure generation are encoded as a list of AP2 and AP3 desc(ipabes 2009; Patel et
al., 2009) An example of a ringlosingreaction described in thRVformalism is shown iffable4-3

below. The ringclosingreaction highlights the complexity that can arise when encoé&ig
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Reaction

Negative AP2 and AP3

Positive AP2 and AP:

Reaction Vector

©\/\)C\H3
Cl

CHs;

— Q0

C(2,0,02(1}C(2,0,0)
C(2,0,02(1}C(2,0,0)
C(2,1,12(1}C(2,1,1)
C(3,0,02(1}C(1,0,0)
C(3,0,02(1}C(2,0,0)
C(3,1,12(1}C(2,0,0)
C(3,1,12(1}C(2,1,1)
C(3,1,12(2)C(2,1,1)
CI(1,0,02(1}C(3,0,0)
C(2,0,08-C(1,0,0)
C(2,0,08-C(2,0,0)
C(2,1,}3-C(2,0,0)
C(2,1,13-C(2,0,0)
C(2,1,18-C(2,1,1)
C(2,1,18-C(2,1,1)
C(3,0,08-C(2,0,0)
C(3,1,13-C(2,0,0)
C(3,1,18-C(2,1,1)
C(3,1,18-C(2,1,1)
Cl(1,0,08-C(1,0,0)
Cl(1,0,08-C(2,0,0)

C(2,0,02(1}C(2,0,0)
C(2,0,02(1}C(2,0,0)
C(2,1,12(1}C(2,1,1)
C(3,0,02(1}C(1,0,0)
C(3,0,02(1}C(2,0,0)
C(3,1,12(1}C(2,0,0)
C(3,1,12(1}C(2,1,1)
C(3,1,12(2)C(2,1,1)
CI(1,0,02(1}C(3,0,0)
C(2,0,13-C(1,0,0)
C(2,0,13-C(2,0,1)
C(2,1,13-C(2,0,1)
C(3,0,133-C(2,0,1)
C(3,0,1-C(2,1,1)
C(3,1,23-C(1,0,0)
C(3,1,25-C(2,0,1)
C(3,1,28-C(2,0,1)
C(3,1,28-C(2,0,1)
C(3,1,28-C(2,1,1)
C(3,1,28-C(2,1,1)
C(3,1,28-C(2,1,1)
C(3,1,28-C(2,1,1)
C(3,1,28-C(3,0,1)

C(2,0,02(1)C(2,0,0)=2
C(2,0,12(1}C(2,0,1)=2
C(2,11)2(1)C(2,1,1)
C(3,0,02(1)C(1,0,0)=
C(3,0,02(1)C(2,0,0)=
C(3,0,12(1)C(1,0,0)=1
C(3,0,12(1)C(2,0,1)=1
C(3,1,12(1)C(2,0,0)
C(3,1,12(1)C(2,1,1)
C(3,1,12(2)C(2,1,1)
C(3,1,22(1)C(2,0,1)=1
C(3,1,22(1)C(2,1,1)=2
C(3,12)2(1)C(3,0,1)=1
C(3,1,22(2)C(3,1,2)=1
CI(1,0,02(1}C(3,0,0)=1
C(2,0,03-C(1,0,0)1
C(2,0,03-C(2,0,0)
C(2,0,18-C(1,0,0)=1
C(2,0,18-C(2,0,1)=1
C(2,1,183-C(2,0,0)=2
C(2,1,18-C(2,0,1)=1
C(2,1,18-C(2,1,1)=2
C(3,0,03-C(2,0,0)
C(30,1)3-C(2,0,1)=1
C(3,0,18-C(2,1,1)=1
C(3,1,183-C(2,0,0)
C(3,1,18-C(2,1,1)=2
C(3,1,23-C(1,0,0)=1
C(3,1,23-C(2,0,1)=3
C(3,1,28-C(2,1,1)=4
C(3,1,283-C(3,0,1)=1
CI(1,0,08-C(1,0,0)=1
CI(1,0,08-C(2,0,0)=1

Table4-3 Table of positive and negative AP2 and AP3 descriptors encodedRNfibrenalism.

It is important to note that &RVis not explicitly aware of incorrect chemistry. That is, t\s

computed solely onite AP2 and AP3 descriptors. Therefore, it is at the user's prerogative to

appropriately clean reactions before encoding R¥

TheRVencodes the reaction centre by using the AP2 and AP3 descriptors to encode the

transformation. In the framework of reactn representation, a RVis a datadriven approach to

reaction representation. One of the main usage®® has been to &sR\é as a knowledgbased

molecule construction approach.
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4.1 Molecule construction with reaction vectors

Molecule construction withR\& (structure generation) has been extensively explored in recent
years. Moreover, th&Vimplementation has also improved over subsequent years since the original
approach in 2009Patel, 2009)Structure generation is performed usiRYs by first removal and

then addition of AP2 andP3 descriptors from a reaction and optional reagent. The first approach of
usingR\s for molecule construction was explored and validated by retrospective valid@tadel,

2009; Patel et al., 2009 this case, a set of reactions where the starting molecule and products
were known wasised to encode a set &8\5. TheR\s were then applied to the starting molecules

to observe whether the product could be regenerated.

Moreover, Patel also investigated usiRYs for structure generation in various de novo design
scenarios. Following the dation success, further work was carried out to improve the structure
generation algorithm and demonstrated that a list of AP2 and AP3 descriptors was an adequate
balance of encoded information and generalisabiliyistozov et al., 2011 Additional applications
have been explored since then including, de novo design using Pareto ré@klaget al., 2013)
reaction sequence vecto(§Vallace, 2016and RENATEseudoRetrosynthEtidesigN using
reAcTion vEctorg¥shiandoni, 2019)Due to theirextensive use throughout this work, it is useful to
provide anoverview bothof the original method of structure generation proposed(Batel et al.,
2009)and the more efficient approach to structure generatigiristozov et al., 2011)sed in this

work.

4.1.1 Structure generation prerequisite components
To be able to usR\s for structure generation, three components are require&M a set of

reagents, and a collection 8\&. TheSMis the molecule that will be transformed. The reagents are
a list of molecules (can be empty) that can be combined thighcorrespondingM The collection
of R\ is a set oR\6 that have been previously collected from other reaction examplesRMWaare

stored in aRVdatabase, which can store additional metadata.

4.2  Structure generatioq original approach

As highlightegreviously, structure generation can be effectively described as removing negative
atom pairs and adding positive atom pairs to @il In the original approac{Patel, 2009)the

molecule is firsbroken downusing the negative atom pairs. The negative fragmentation
(decomposition) yields a fragment with additial atom metadata used to describe the

fragmentation points. The positive atom pairs are then added. Unfortunately, there are many ways
to add additional atom pairs back to the decomposed fragment. Hence, a tree of possible additions

is created and is seehed using the breadtfirst search algorithm. Molecules are heuristically

45



removed from the tree if thegontainatom pairs that are not present in the expected product. It is
important to note that the number of molecules generated during the additiofragfments can be
more than one. A schematic of the original algorithnirigure4-1 below shows a simple halogen
interconversion reaction. A more comglexample of an epoxide rirmpening is shown ifigure

4-2. The steps are as followtsie molecules negative atom pairs are removed from the molecule
based on theRV(blue above the reaction arrow). Attachment points are denoted by an asterisk (*).
The positive atom pairs are then added (shown in red above the reaction arrow). The molecule(s)
generated are then checked against the expected list of AB&rgi¢ors. If the molecule contains all
expected AP3 descriptors, it is considered valid. For examptégume4-2, two possible products
could be genmted. However, only the benzodiaz®bl contains the appropriate AP3 descriptors.
Finally, it is essential to note that the addition of AP2s occurs sequentially, with many different

possible structures needing to be traversed based on the bond formatioress.

Reaction exampléHalogen interconversion)

Br—\ \ : Cl—\_\

CH, CH,
Structure generation usin@ reaction vecto(Halogen interconversion)
Br— = *
Br - 5

Br(1,0,0)-2(1)-C(2,0,0)

Cl(1,0,0)-2(1)-C(2,0,0) | Cl—=

Cl

v

Figure4-1 Smple halogen interconversion reaction usR. The blue fragment is the substructure removed and i
encoded by the negative AP descriptors. The red fragment is the substructure added and is encoded by the posi

pairs.
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Reaction exampléepoxide ringopening)

1 NH HO NH
) T V%
N N
Structure generation usin@ reaction vector(epoxide ringopening)
O
0 N\
NH * .—N >H
P
P |,
N XN
HO\(\ / /\/OH
OH
HO NH NH
V% Y
N N
v X

Figure4-2 Epoxide ringppening using &Vbased on the original structure generation approach{fgtel, 2009; Patel et
al., 2009) The blue substructure is the AP2 descriptors to be removed. The red is the AP2 descriptors that will be
this example, it is important to note that the AP2 descriptors can be addea idifferent ways. Yielding either

benzodiazeb-ol(left) orbenzodiazelr-ol(right). benzodiazel7-ol does not contain the expected AP3 of the products ar

is therefore rejected (cross maikyample adapted frorfGhiandoni, 2019)

Remarkably, even utilising a near exhaustive searchottiggnal approach of th&Vstructure

generation yielded exemplary performance on validation again 5.6k reactions (85% successful
validation). However, if more complex molecules or reaction centres are used, the original approach
slowed down substantiallyn part due to the large number of possible products which could be

generated from extensive positive AP2 descriptors. Hence, several improvements were made to

improve the overall performance of tHeVapproach.
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4.3 Reaction vectorsurrent implementation

As highlighted above, the core premise of a structure generation Wisds simply removing and
adding APs. The original approach utilised a simple search approach to traverse the bond making
and breaking tree. However, to improve the overall performaotte structure generation,
additional information was stored within theVdatabase(Hristozov et al., 2011 he additional

information is a numbered list of substructural fragments which is known as a recombination path.

To generate a recombination path, the following procedure is carried out. First, for a given reaction,
calculate itsRV Then, apply th&®/to SMs and products. ApplyingRVin this context means
fragmenting theSMs structure based on the negative AP2 and AP3 descriptors. Likewise, applying a
RVin this context means fragmenting the product's structure based on the positive AP2 and AP3
descriptors. This fragmentation process is termed "reverse fragmentation”. Following reverse
fragmentation, two sets of fragments are generated: a starting set of fragments and a product set of
fragments. The fragments are then partitioned into two groupshanging set of fragments called

the sharedfragments,and a set of unchanging fragments called the base fragments. First, the largest
unchanging fragment is determined using a maximum common substructure algorithm. Next, the
largest unchanging fragmentriemoved from the product, resulting in a separate fragment called

the reacting fragment. The product molecule, largest unchanging fragment and reacting fragment
are then used to find a sorting of the shared fragments such that the product molecule can be
created from the largest unchanged fragment. If an order can be determined, the sorted list of
shared fragments and the largest unchanged fragment is stored, known as the recombination path.

A schema of the fragmentationrecombination approach is shown Figure4-3 below.
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Recombination path generation

Reaction
example
Generate
reaction
vector
Starting
material
T -
Fragmentation (Negative AP2 & AP3) Fragmentation (Positive AP
Starting Product
fragments fragments
Identify ing) and base
Shared Base
fragments fragments

l

Recombination

Product —

2 & AP3)

path
identification

Recombination path identification

Base
fragments

MeS

Largest base
fragment

Shared
fragments

Reacting
Praduct " fragment

Sorted list of
shared

fragments

Praduct ‘

Figure4-3 Process of generating a recombination path from a given reaction example. The figure is split into two parts the

general recombination path schema, then a more detailed recombination path identification. First, two segsnefnfis

are generated, a base set and a shared set. The identification of the recombination path then begins (second schema). The

base fragment is identified via an MCS. The MCS is removed from the product yielding the reacting fragment. Next, the list

of shared fragments is sorted to give the reacting fragment starting from the base fragment and finishing with the product.

This sorted list is stored as the recombination path along with the base fragment.
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An important consideration when generating recombioatpaths is how to handle failure during

the generation process. Examples of failure in the generation process arerrespondence

between fragment sets, or the reacting fragment cannot be regenerated from the base fragment to
the product. If a failur@ccurs during the recombination path generation process, the original
reaction vector algorithm is used instead. If recombination path generation and the original reaction

vector algorithm fail, the reaction is discarded and not stored in the reactiorowedetabase.

The generation of recombination paths was validated against the same dataset of reactions as the
original algorithm(Hristozov et al., 2011Yhe validation resulted in 89% of the reactions being
successfully encoded. However, the distribution of reaction classes encoded by the new
recombination path approach differed. Notably, the recombinatiothfsaretrieval speed was orders

of magnitude quicker than the original algorithm (0.015s vs 3.15).

When structure generation is applied in a prospective manner using the recombination path
approach theSMis fragmented based on the negative AP2 and ARBri&ors contained in RV

The remaining fragment is then combined with the sorted list of fragments stored in the
recombination path in th&kVdatabase. This overcomes the expensive traversal of generating
products while applying the positive AP2s désed in the original approactiPatel et al., 2009)
Following structure generation, a cleaning process is applied using the(RDKit 2021) The
cleaningprocess involves sanitising the molecule by checking for incomplete bonds, incorrect
valences, or issues with aromaticity. If the generated molecule fails during the RDKit sanitisation

process, the molecule is rejected.

It should be noted that a single nezule may have multiple points on the molecule, wheRR\a
could be applied. Therefore, multiple possible reaction centres lead to a relationship between the
SMandR\&. That is, on&Mcan have manfR\é applicable to it.

An example of structure generation using a recombination path is showigume4-4.
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Reaction vector (AP2 and AP3)

C(2,0,0)-2(1)-C(2,0,0)=-1
C(2,0,1)-2(1)-C(2,0,1)=1
C(2,1,1)-2(1)-C(2,1,1)=-1
o o C(3,1,0)-2(1)-C(2,0,0)=-1

al C(3,1,1)-2(1)-C(2,0,0)=-1
—_— C(3,1,1)-2(1)-C(2,0,1)=1
C(3,1,1)-2(1)-C(2,1,1)=-1

C(3,1,1)-2(2)-C(2,1,1)=-1

C(3,1,2)-2(1)-C(2,0,1)=1
Generate reaction vector, fragment, and generate C(3,1,2)-2(1)-C(2,1,1)=2
recombination path C(3,1,2)-2(1)-C(3,1,1)=1
C(3,1,2)-2(2)-C(3,1,2)=1
CI(1,0,0)-2(1)-C(3,1,0)=-1
0(1,1,0)-2(2)-C(3,1,0)=-1

. 0(1,1,0)-2(2)-C(3,1,1)=1

Recombination path (base and reacting fragment) § : jé Eg”;gggg?;if
* C(2,1,1)-3-C(2,1,1)=-2
C(3,1,0)-3-C(2,0,0)=-1
C(3,1,1)-3-C(2,0,0)=-1
C(3,1,1)-3-C(2,0,1)=1

C(3,1,1)-3-C(2,1,1)=-1
C(3,1,2)-3-C(2,0,1)=3
C(3,1,2)-3-C(2,1,1)=4

o ' o
. . C(3.1,2)3-C(3,1.1)=1
o — m CI(1,0,0)-3-C(2,0,0)=-1
. . CI(1,0,0)-3-0(1,1.0)=-1

0(1,1,0)-3-C(2,0,0)=-1
0(1,1,0)-3-C(2,0,1)=1
0(1,1,0)-3-C(3,1,2)=1

Figured-4 A recombination path is generated based on &\ To apply thékVto a new molecule, thEMis fragmented
based on the negative AP2 and AP3. The reacting fragment shown here is stored as a sorted list of fragments

sequentially added to the molecule left over from fragmenting & Adapted(Ghiandoni, 2019; Wallace, 2016)

4.3.1 Multi-reagent reactions
So far, only singl8Mtransformations have been described. In practice, however, chemical reactions

typically involve &Mand a reagent as a second molecule. The process of includingpleult
molecules is straightforward based on the recombination path approach. The negative AP
descriptors are computed for all molecules on the-ledind side of the reaction arrow to use muilti
reagent reactions. ThRVis therefore stored with negative ARstriptors of all reagents. The
corresponding recombination path is generated and stored using the process sh&iguies-3.
When using &Vduring structure generation, the negative AP descriptors inRNare removed
from the SM If all negative AP descriptors in tR&are not found in theSMs, then the reagent pool
is queried for molecules containing those missing atom pair descriptoespicess of using the

recombination path is, however, unchanged.

4.4  Additional improvements

Since the improve®Valgorithm was proposed in 2011, there have been minor improvements over
time. These improvements include indexing R&database to improveetrieval of AP descriptors

and improved hashing to better match fragments during the structure generation pr¢déstace,

2016) Finally, the database's metadata has also improved with reaction classes based on the SHREC

ontology(Ghiandoni et al., 2019)
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4.5 Conclusions
This chapter has described the origitRatel, 2009; Patel et al., 200)d currentRV

implementations (Hristozov et al., 201R\s ae the difference between product and reagent atom
pair descriptors. By utilising the atom pair approach, the reaction centre and a surrounding region
could be encoded. Storage and retrievaRdé allowedR\5 to be applied prospectively as part of a
structure generation process. Moreover, improvement to tR&¥approach has facilitated the use of

everlarger collections of reactions and reage(@hiandoni, 2019)

Finally, de novo design usiRys as a structure generation method has been a long term research
focus(Ghiandoni, 2019; Gillet et al., 2013; Patel, 2009; Wallace, 20h&)main limitation of these

prior approaches has been an ovetiance on a "full enumeration”. A full enumeratita naive

brute force search approach used duriRifbased de novo design. Full enumeration is an

exhaustive application of every applicalii®and corresponding applicable reagent. Thus, full

enumeration is susceptible to a combinatorial explosion ofpgme products. Moreover, as reaction
collections have increased, the usage of the full enumeration approach has led to a substantial
decrease in the utility oR\s for de novo design. Hence, in the next chapter, machine learning and

the reinforcementleaming are overviewedtb build a foundation which can be used to overcome the
fAYAGEFOGAZ2Y 2F GKS aFdA f SydzYSNIGA2yé | LILINBI OK®
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Chapter 5Machine learning

5.1 Introduction

Machine learning (ML) is a subfield of computer science that aims to pediterns in data rather
than rely on rules from domain expergslurphy, 2012) ML has exploded in populgr due to the
increase in the amount of data available, the development of computer hardwaréndsdiscilitated
massively parallelised calculations, and improved computational me{Bogds et al., 2019; Davies
et al., 2015; Mendez et al., 2019; Raina et al., 208&) example, utilisation of Graphldarocessing
Units(GPUSs) coupled with parallelised computation led to the rise of deep learning, enabling
improved performance across a wide range of domains and (&en et al., 2018; Lo et al., 2018;
Schneider et al., 2020

In chemistryML has become ubiquitous in both academia and induéBghneider et al., 2020J his
broad adoption is attributable to the large amount of chemical dat is now beingyenerated, the
availability of improved computer hardware and open source machine learning software libraries
(Vamathevan et al., 2019)

Due to the size of the ML field, this chapter focuses on ML approaches that are directly relevant to
this work First, a basic overview of ML is givartludingtraining, testing of ML algorithms. Second,
the chapter discusses using largeale ML, a subfield of ML dedicated to learning on large datasets.
Thid, an overview of validation of machine learning modgfsresented.Fourth reinforcement

learning (RL), focussing on singlad multistep Rls presated. Finally, the chapter finishes with an

overview of dimensionality reduction techniques.

The rationale for focusing on large scale ML ant Based on the following reasons. Firstly,
machine learning allows for approximating computationally expeniinctions via learnt models
whichare inexpensive to evaluat&his technique is employed in Chapter 8 for computing values for

large numbers of molecules.

Second, de novo design often generates vast numbers of molecules which are then represented as
feature vectors withmanydimensions. The large number of dimensions coupled with the
considerable size of datasets leads to issues with memory during training. Large scale ML is

employed later in the thesias a solution to this memory issue.

Finally, Risdescribed as RL is primarily concerned with selecting optimal actions from a set of
applicable actions. The selection of optimal actions is particularly pertinent for reaction \e=ed

de novo design, where the number of actions per molecule is veyg.la

53



5.2 Machine learning overview

The goal of machine learning (ML) is to learn a function that maps inplabetdedoutputs

(Murphy, 2012) The learnt mapping between inputs and outputs is known as a model and the
process of learning the mappingkisown as training. Given a series of inputs, the model will
approximate the values of the true labels. The process of approximating based on input data is

known as a predictiaiMurphy, 2012)

To train a model, a series of inputs is provided as training, @atzh inputis labelled with a ground
truth. The labelledtraining data ighen passed into anachine learning algorithm. An ML algorithm is
used to learn the model. Following training, a series of unlabelled data is passed into the learned
model, and predictions are made for each input. The predictions are compared to the ground truth
in a step kown as testing which relies on the use of testing metrics to provide a humeric score by
which the learnt model can be assessed. It is hoped that given a collection of training data, a
machine learning algorithm will learn a function that generalises welugh such that the quality of
the predictions is higMurphy, 2012)

Several different categories of ppings between inputs and outputs can be used. The categories
are classificatiorregressionand ranking. If a predicted value is a continuous value, the task is
known as a regression task or simply regres§itastie et al., 2001)f the output is a discrete or
binary variable, the task is a classification t@dkirphy, 2012) Fnally, if the output is a series of
rankings, the task is known as a ranking tgdkaydin, 2014)ML models can differ further
depending upon the number of tasks that need to be carried out. If a single input is mapped to a
single output, it is known assingle task. If a single input is mapped to multiple outputs, then the
task is known as multitagRuder, 2017hb)

5.3 Regression

Regression takes a set of inputs and assigns a continuous output value to those inputs. Thus,
regression requires graw truth values to learn a mapping between inputs and outputs. In

chemistry, for example, regression tasks include predicting melting points of molecules or bioactivity

predictions such as pIC%Bosc et al., 2019; McDonagh et al., 2015)

An input to a regression model is described using a set of features. For example, in the problem of
bioactivity prediction using plIC50s, the input representation is a set of molecular ésadnd the
mapping between the features and bioactivity is legiBtitler et al., 2018)n practice, multiple

different input examples need to be provided with corresponding output values. Different input
examples allow the model to learn a robust function which in the context of regression means that

the function learnt is neither overfitted nor underfitteHastie et al., 2001}itness measures how
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close a regression model can predict the ground truth value given a previously unseen input. If a
regression model is overfitted, thehé model will predict well only on the training data and poorly
on unseen input data. In contrast, if a regression model is underfitted, then the model cannot
predict well on either the training or unseen input data. To prevent overfitsingtegies exissuch

as havinga diverse set of training examplesregularisationGong et al., 2019; Hastie et al., 2001)
For example, a large, diverse set of molecules with annotated training values would be preferred
over a small set of closely relateablecules with annotated training valudskewiseyegularisation
relies on penalisation of the fitted models coefficiemsfurther discussion of regularisation is

provided in sectiorb.4.1

5.4 Machine learning algorithms

Algorithms which learn regression functions are many and vdHedtie et al., 2001)f'wo key
categories of regression are linear and Horear regression. In linear reggsion, the learnt function
is a linear mapping between inputs and outputs weighted by coefficients. These coefficients are
determined during the training proce¢3ames et al., 2021n nonlinear regression, more complex
approaches are used to map between inputs and outpBtgh, linear models and nolinear

models have ben explored in chemistry. Linear models have been used extensively in various
applications, such as modelling via Fi&d@son analysigFree & Wilson, 1964)whereby

relationships across analogue series can be determined. In contrast bioactivity prediction or
synthetic tractability predictiomelies on nodinearapproaches such as decision tree based methods
including gradient boosted decision trees and random fd®&stridan et al., 2016; Svetnik et al.,

2003; Thakkar et al., 2021)
The section below describes several approaches utilised for regression modelling.

5.4.1 Linear regression

One of the most straightforward approaches to regression is to fit a linear function to a data set.
Linear regression models are easily interpretable, easy to train on modest hardware, and have a
myriad of different extensiongAgarwal et al., 2014Figure5-1is an example of simple linear model.
During training, the goal is to minimise the distance between the points and the linear function. The
distance between a point and the linear function is called the residual. The goal is to mithenise
error which is equivalent to minimising the sum of the squared residuals. If a small number of data
points are available and the number of dimensions is low, then the best line can be found
analytically using a process known as least squitastie et al., 2001)f, however, the dataset is

too large to fit into memory then a method known as stochastic gradient descent is re(Bireolu
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et al., 2018; Robbins & Monr@951; Ruder, 2017aMoreover, linear regression can be further
extended with the introduction of better feature processiagd regularisationRegularisation
introducesa penalty term in addition to théoss functionMurphy, 2012) Two different approaches

to regularisation exist L1, and L2. L1 regularisation relies on the summation of absolute ¥ahees o
coefficients of the fitted modeg(Tibshirani, 1996)Whereas L2 relies on the summation of the
squared coefficients of the fitted modéNg, 2004; Nigam et al., 199%dditionally, the amount of
penalisation can be tuned using a lambda coefficient parameter and requires tuning to find an
optimal value. In bdt cases by penalising the fitted model based on its coefficients it minimises the
influence of irrelevant features thus preventing overfitting. Finally, a further methodology to avoid
overfitting in sparse domains is to only use values observed agemwonin this case only nerero

values are used as part of the fitted model and the rest are simply ignored.

Due to the importance of linear regression in this work a description of advanced approaches to

linear regression on large datasetpisvided(seesection5.5).

O Datapoint
- — — - Residual

Fitted Linear model

Figure5-1 9mple linear model

5.4.2 Decision trees

A decision tree encodes a collection of r@sinlan, 1986)The rules are in nodes in thi@ected

tree. The root node is the starting rule, and the tree is grown by adding rules to partition the data.
The terminal nodes (leaves) are output values based on the average of each partition. During
training, the collection of rules is constructedch that the sum of the square residuals is minimised.
Due to the sequential nature of the applied rules, decision trees can encodbinean relationships.
Further improvements can be made depending on the method by which new rules are added to the

tree (James et al., 2021)

Additionally, the approach of utilising decision trees can be further extended into forest approaches.

Here multiple trees i@ grown, and the average of the resulting leaves are taken. These forest
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approaches include random forests, whereby a large collection of trees are grown utilising random
splitting and then pruningBreiman, 2001)Alternatively, gradient boosted decision trees further
improve the basic decision tree approach by sequentially growing trees utilising information from
the previous tregFreund & Schapire, 1998othapproaches have seen significant interest in the

process of building quantitative structugetivity relationship models for bioactivity prediction.

There are, however, several limitations to trbased approaches. First, the tree's growth requires
the camputation of an error function (usually the sum of squared residuals). This requires all data to
be present in memory. For most chemistglated tasks with annotated training labels, this is

manageable, however, it poses a severe limitation at largersdaitsizeAvellaneda, 2019)

Additionally, the approach of building decision trees is susbkpto a phenomena known as

concept drift(Gama et al., 2014; Lu et al., 2019; Schlimmer & Granger, 1986; Widmer, THa6is,

a set of rules is grown in a decision tree basedhendata features. If the distribution of data

features shifts over time, the decision tree becomes stale, and accurate predictions can no longer be
made. Finally, in decision trees, most approaches such as random forest and gradient boosting

decision tres cannot be updated over time and must instead béeaant from scratch.

5.5 Large scale machine learning

Machine learning algorithms struggle with large number of examples. These limitations are due to
the reliance on the entire dataset being available iemory. For large datasets, this approach is not
feasible. Therefore, alternative approaches relying on online leaf@hgare required(Agarwal et

al., 2014)

OLis the approach of learning from a smaller subset of training data in an incremental fashion. The
size of the subsetis always smaller than the overall size of the data3éis the subsets can be
readilyinserted into memory and training performeahd Olcan be carried out using the gradient

descent algorithm.

5.5.1 Gradient descent
When many data points and dimensions are used when fitting a regression model, it is often

impossible to find theninimumvalue of the cost function analytically. To overcome this limitation,
instead of solvingnalytically the derivative can be computagsing gradient descent. Gradient
descent works by iteratively computing the cost function uihtitaches a minimum or a
computational budget is uséMurphy, 2012) This gradient descent process first randomly fits a
model to the data, computes the derivative of the cost function, and then updates the fitted model
to minimise the derivative. This processridively repeats until a minimum is fouwdth each

update being controlled by a learning rate paramefine simplesform of gradient descent is
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known as batch gradiemtescent BGD) and is where the entire dataset is used to calculate the
derivative ofthe cost function. However, a fundamental limitation of this approach is that the
computing of the gradient can be expensive when there are many data points and dimensions.
Furthermore, when using a complex roanvex cost function, gradient descent isceible to
becoming trapped in local optim@aldi, 1995)For large datasets, this approach is not feasible.

Therefore, alternative approaches relying Ohare required.

OLis the approach of learning from a smaller subset of training data in an incremental fashion. The
size of the subsets is always smaller than the overall size of the dat&sestthe subsets can be

readily inserted into memory and training performedLcan be carried out using the stochastic
gradient descent algorithi(SGDJKiefer & Wolfowitz, 1952Robbins & Monro, 1951)

In SGD, random subsets of the training data are used to compute the derivate. These subsets are
known asmini batches This reduces the computational burden and can facilitate the use of
vectorised updates. However, a limitatiof using minbatches is that a balance needs to be found
between the size of the mifiatch and the computation required; moreover, as the batch size

increases, the likelihood of trapping increases, similar to BGD.

An extreme case of SGD used in the/pal wabbit(Agarwal et al., 2014/owpal Wabbit 2021)

library is where the derivative is computed on a single point. This single point can be sampled
randomly or observed from a data stream. This approach is beneficial for several regsohs:

method allows for fast updates and thus many more iterations to be executed. 2) Byonsing

single datapoint, less data needs to be held in memory. 3) The meitwdovercome local minima
due to the noisier updates of the derivative.4) Thedal can adapt quickly if the data generated

drifts from the original distribution. However, particularly in the case of noisy updates, this can also
be a limitation as it can require a significant number of points before convergence occurs. In this
work, vowpal wabbit is utilised, which uséi. This library was chosen due to extensive

optimisations of usage with big data.

5.5.2 Adaptive gradient descent (AdaGrad) and feature normalisation
When using stochastic gradient descent, the learning rate is ofteassatconstant value. This

means that the size of the step taken during training is constant. However, a constant learning rate
can lead to several issues. The first issue is that the learning rate assumes no information about the
data being learnt. For exaple, if a molecule is represented using structlays,then it is assumed

that all structural keys appear at approximately the same frequency. In practice, some structural

features are very rare in molecules. Therefore, it is helpful to adapt the learning rate to cope with
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highly sparse features. This is merhed using the adaptive gradient descent (AdaGrad) algorithm
(Duchi et al., 2010)AdaGrad changes the learning rate depending upon the data used to train the
models. It does this by keeping track of the gradients calculated previously on a fegtieature
basis. When a new instance of the feature apgs, then the learning rate increases a significant
amount. This is to prevent overfitting to rarely seen features. In contrast, when a feature appears
regularly, the learning rate is low which allows for better fitting on features that occur with aggreat

frequency.

A significant limitation of the AdaGrad approach is that the summation of gradients is used to
calculate the learning rate; as the summation increases, the learning rate decreases to 0. This means
that if enough training steps are taken, th#re algorithm will no longer improve performance. The

most accessible approach to overcome this limitation is through normalig&ass eal., 2013)

Normalisation overcomes the assumption that features will be of a similar scale. In practice, this is
not true, and therefore normalisation of features is an excellent strategy to improve the

performance of stochastic gradient descent. Heee as stochastic gradient descent uses a process
that means that the entire dataset and thus all features are not read in at once into memory, the
normalisation process usir@Lis nontrivial and relies on storing the magnitude of different

features aghey are observed. The magnitudes are then used to normalise the features for each data
point. This process can be combined with stochastic gradient descent to produce flexible easy to
train linear regression models. This process is part of the vowpalindiiary which is used

extensively throughout this worfdgarwal et al., 2014/owpal Wabbit 2021)

5.6 Machine learning model validation

Following training of a machine learning algorithm, it is important that a model is tested to access
likely performance on unseen data. Testing is where the machine learning model is provided with a
set of inputs and predictions are made, and the predictions are then compared to real measured
values. For example, in chemistry a model of biological actif/#éysmall molecule against a single
target protein could be trained. To assess the model, molecules with known bioactivity values
against the single target are predicted using the trained model, and the resulting bioactivity

predictions are compared to thmeasured values using testing metrics.

One of the most commometricsis to calculate the $of the model against a set of data. THaER
the coefficientof determination and measures how much variation can be captured by the

predictions of anodel. For example, the calculation cfi®shown below:
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Bw o
Wherew, is the measured data pointp is the predicted value angls the mean value.Rs
boundedbetween H and 1. A value of 1 would suggest that the model explains all variations in
the dependent variable. A value of 0 would suggest a horizontal model that does not consider any
variation of the dependent variable. Finally, negativevBuld imply a negativeetationship

between the predicted output and the dependent variable.

Several limitations of #have been identified and reported in the literatug@lexander et al., 2015;
Barrett, 1974) Firstly, theR does not consider the residuals or coefficients of the model. Therefore,
R does not provide an estimate of error. SecondRec&h be susceptible to outliers, leading to

spurious high values ofR

Alternative metrics are Rodlean SjuaredBror (RMSEand Mean Absolute ErrdMAE) These are
measured values of the difference between predicted and true values. For example, low values of
RMSE and MAE would suggest that the prediction is close to the true value. The equations for

computing the RMSE andAE are shown below:

A (9)
5602 ©
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Using the same definitions as described for the calculatiorf.di&e, MAE and RMSE differ in how
the difference between true and predicted values are scaled. RMSE utilises a square root rather than

an absolute value in the case of MAE. In both cases, the MAE and RMSE capture the model's error.

A core limitation of he metrics described is that they assume that the test data distribution will

match the distribution of data that will be seen when predictions are made. As highlighted
previously, this assumption is not necessarily true for all data sources and cao leaacept drift.

For example, the model may perform poorly if molecules are being generated that lie far outside the
training dataset. This is an obvious limitation encountered in de novo design as search methods are

likely to traverse outside the originahining dataset.
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model will likely perform in practic&requently, more complex approaches to training and assessing

model performance are performed. Mor@mplex approaches are utilised to allow for the

identification of optimum model parameterd&. common approach is to partition the dataset into a

training set and a test sedis shown irkigure5-2, referred to adrain-test. However, frequently,
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more complex approaches to training and assessing model performance are performed to allow for
the identification of optimum model parameterBor examplecrossvalidation is arapproach

where the training data is divided into a series of smaller individual-teshproblems Cross

validation is a valuable technique to avoid overfit(iHgstie et al., 2001)his is because partitioning
the data into araining set and testing set could inadvertently lead to overfitting where specific

features are only present in one dataset and not the other.

The methodology is often further characterised based on the partitioning of the-teainsplit and

the numbe of individual folds usedlypical cross validation folds might be fivefold or tenfold. In the
case of fivefold, a model is trained using four training folds, and testing of the model is carried out
on the remaining fold. The testing will return a singletric or set of metrics for that fold. This
process is repeated such that every fold is used exactly once as a set of testing data. Following
testing on all folds, the metrics are then averaged. Following, araligation a set of parameters is
chosen coesponding to a specific model, and the entire training data (all folds) is then used to fit a
final model. This final model is then tested against the testing set, and the final computed metrics
are determined.The ratio of train and test and the numbef folds used during crosslidation

depend on the dataset size and the domain for which the dataset is devivieigpical splits are

80:20 or 70:30 train:tesf70:30 means that the train test problems consist of 70% for training and

30% for testing.

Different approaches to validation can be carried out and are common in machine learning for
chemistry. For example, in biological activity prediction, often temporal validation will be carried out
(Bosc et al., 2019; Lenselink et al., 20T&mporal validation is where the datannotated with a
timestamp. During cross validation, the data is partitioned such that the model is trained on data
collected at the earliest time stamps and tested on data with later timestamps. Temporal validation
mimics the process of data being ealled at the beginning of the drug discovery project to build

models which are then used to direct the desigaketest-analyse cycle.
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Figure5-2 Visual representation of the crosalidation process. Adapted fro(8cikitlearn, 2021)
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5.7 Reinforcement learning

Reinforcement learning is a subfield of machine learning. Reinforcement learning aims to train an
agent which interacts with aanvironment to choose optimal actiof8utton & Barto, 2018)Several
components are required for a reinforcement learning algorithm. An agent that eseations and
receivesrewards. An environment that is an entity that is acted on by the agent and returngea sta
and a reward. A state is the snapshot of an environment. The reward is a continuous value that the
agent acquires when acting upon the environment. The goal of training is for the agent to learn
which actions can maximise the sum of rewards that it e Figure5-3 below shows the

interplay between agent and environment.

Observation

Reward ’

Agent Enviroment

]

Figure5-3 Smple reinforcemet learning environment

Over successive iterations of the agent choosing actions and receiving rewards, the agent learns the
mapping between features and expected reward. In reinforcement learning, the term policy is used
instead of modelThere are two tyes of learningsingle-step learning and mukstep learning.

Singlestep learning receives the full reward after a singfiep. Multistep learning receives a partial
reward and only sees the sum of partial rewards at the end of the chain of stepsrddes of

training a reinforcement learning algorithm is described below:

1) Initialise an agent and a starting state
2) Agent chooses an action based on the state
3) The action is applietb the environment

4) The environment returns a new state and a reward to tgerat

In singlestep learning, stepwvo to four return a reward, and the agent immediately learns from the
reward and the action taken. In the muttiep case, steptsvo to four are repeated until a terminal
criterion is reached. The muittep agent then learns the mapping between the sum of rewardb a

the actions taken.
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5.7.1 Singlestep reinforcement learning algorithm's
The process of learning a mapping between state, action and the reward has been explored

extensively. A popular approach to singtep reinforcement learning is the contextual bandit
algorithm (CB) The CB algorithigBietti et al., 2021; Langford & Zhang, 20@&es a set of inputs (a
context) and predicts a probability distribution. The inputs are the current state the agent is in and
the actions the agat can choose from. During training, the CB algorithm is given a state with a set of
actions and an action is chosen by sampling the reward which is returned to the CB algorithm. The
CB algorithnmupdates,and the process is repeated until a computationatiet is reached.

Following training, the CB algorithm should have learnt to build a probability distribution over each

action such that actions which yield high rewards are ghigherprobabilities.

A CBalgorithm can be separated into two parts: a Ilear and an exploration algorithm. The learner
learns the relationship between inputs and rewards, and the exploration algorithm maps the
relationship between the predicted rewards of the learner and a probability distribution of the
rewards. Many differenalgorithms can be used to learn the relationship between inputs and
predicted rewards. A popular approach is to utilise a linear regression model trained via normalised
stochastic gradient descent, as described above. The exploration algorithms thatimak:B

approach are varied, however, a popular approach is utilising the softmax eq@totes, 218)
Thesoftmax approach takes the predicted values and scales them based upon a softmax function. In
the case ofCBsthe softmax approach is further modified by constructing the probability distribution

based on equatiof10):

‘0 z h (10)

Where_ is a scaling parameter and score is the predicted reward based on the current state x, and

action a.

5.7.2 Multi-stepreinforcement learning algorithms
In multi-step reinforcement learning algorithms, a partial reward is given at each step and the agent

maintains a sum of rewards at each step. During the agent's training, the mapping between an
action and the sum of rewards is learnt from each step. As the reward is obtained at the end of a set
of steps, this is equivalent to traversing a Markov Biea Proces (MDP). An MDP is a generalised
extension of a Markov chain described in Chagtand is a directed graph with each state being
connected by transition probabilities. Importantly an MDP rewards the agent after each step with a

partial reward summed ovesuccessive steps.
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In contrast to singlestep approaches, mulstep algorithms need to map between an action and the
final sum of rewards and thus learn the underlying transition probabilities of the MDP. In CBapter

a multistep reinforcement learninReLeaSEPopova et al., 2018approach for de novo design was
described which lilises the REINFORCE algorifiilliams, 1992)REINFORCE chooses an action by
sampling a deep neural network. The partial reward is then computed via Monte Carlo sampling. The
concept of returning a reward at the end of a series of actions forms the basis of the Karite

Tree SearcliCoulom, 2006; Kocsis dt,&2006) which is described further in Chaptr

5.8 Dimensionality reduction techniques

Frequently chemical datasets are constructed of many high dimensional features. For example, the

Morgan fingerprint which is a popular fingerprint choice for machéaening often exceeds 1024
RAYSy&aArzya Ay SyaaGkKeo ! fAYAGFEGAZ2Y 2F YIlyeée YI OKA
curse of dimensionality is where the distances between data points increases as the number of
RAYSyaA 2y gBalmany1061BasiieSetial., 200This leads to models being able to fit to

data better due to easier portioning of the feature space, however, the model is likely to be overfit

to a sparse distribution of points.

A common approacto overcoming the curse of dimensionality can be achieved through reduced
representationgVan Der Maaten et al., 2009Reduced representations are the result of applying a
dimensionality reduction technique to a set of data to reduce the number of dimensiongtand

better model. Generally, dimensionality reduction technigues rely on methods such as principal
component analysis (PCAXistributed stochastic nearest embedding (TSNE), or universal manifold
approximation projection (UMARMcInnes et al., 2018; Pearson, 1901; Van Der Maaten & Hinton,
2008) PCA relies on the correlation between features to reduce the overall number of features that
describe a single data poirESNE relies upon finding a model which minimises the similarity
between points. TSNE iglistributed due to relying upon a T distribution to measure similarity
between neighbours. TSNE is stochastic due to relying on a random positioning of poitsén a |
dimensional (embedding) space than the starting feature space. UMAP relies upon building a series
of connected graphs between points in the high dimensional space and then projecting that graph
onto a manifold (an object that maintains some distanetw®en points). The manifold is

manipulated to minimise the distance between nodes on a connected graph and maximise the

distance between nodes in adjacent graphs.

Dimensionality reduction techniques often suffer limitations especially for large dat&smts.
example, PCA suffers memory and speed limitations when there are large number of data points to

calculate the correlations between, and likewise TSNE struggles to minimise the positions of large
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numbers of data point§van Der Maaten & Hinton, 2008; Zhang & Yang, 2Fi8ally, UMAP can be
limited for large datasets by the requirement of calculating neanesghboursfor a large number of

points (Mclnnes et al., 2018)

5.9 Conclusions

This chapter has provided an overview of timachine learning methods that are relevant to the
experimental parts of this thesis including a general overview optbeess of training and testing
machine learning algorithms. Machine learning algorithmsaapepular approach to learning
patterns from data. Severabmmonly usednachine learning algorithms wemresentedincluding
linear regression and decision treasd the memory limitations of both methods were highlighted.
OLapproacheghat overcome merry issues were then presented includistgchastic gradient
descent and the online version gfadient descent. Moreover, improvements to online algorithms
were also providedAdditionally, validation methods of machine learning algorithms were discussed
such as crosgalidation. Rinforcement learning wathen described including the training process

of reinforcement learning algorithmsinddifferent single and mulstep reinforcement learning
algorithms.In the final part of this chapter dimensiongliteduction techniques were presented such
as PCA, TSNE, and UMARe next chapteintroducesthe Monte Carlo Tree Search algorithm, a
popular multistep reinforcement learningpproach, and describes how it has been adapted

reactionbased de novo dégn.
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Chapter 6 Monte Carlo Tree Search

Reactionbased de novo design (RBDD) has two main shortcomings. First, RBDD suffers from the

GAYUSNNYSRAFUS LINROESYé GKSNBOE& AYUSNYSRAIFIGS Y2¢f €

against a set of objectives even though they may lead to desired products. S&BD® is limited

by the combinatorial explosion of molecules generated during the search process. In this chapter, a
methodology designed around solvibgth issuesare outlined. An approach known as Monte Carlo
Tree Search (MCTS) is used. The firstgfatte chapter focuses on an overview of the MCTS

algorithm leading to a discussion of strengths and weaknesses of the approach. The second section
describes the prerequisites needed to run the algorithm and an implementation dfi@iESor

RBDD.

6.1 TheMonte Carlo Tree Search

TheMCTSalgorithm (Coulom, 2006; Kocsis & Szepesvari, 268p)ores a search space by growing a
tree through the search spade identify nodeghat satisfy a goal objective. The MCTS was
introduced as an extension of Monte Carlo planning inegal game playing. The MCTS explores the
search space throughseries of node expansisiand node evaluatiog) advancing through the
search space until either a computational limit hee®n reachear the goal haveen found The

MCTS approach was desighwith the purpose of overcoming massive combinatorial explosions
found in domains with large humbers of decisions to choose from, by balancing exploration and
exploitation of regions of the search space. This balancing of exploration and exploitatisridesn

asymmetric tree being grown.

The MCTS algorithm relies on a tree data structure to explore the search 3paealata structures
arecommonin computer science and are hierarchidabrexample a simple tree data structurean
representa sequatial decision chain. Each decision in the chain is an,enhgka noderepresents

the outcome of a decisiarnmhe edgesn the MCT@retherefore directedso that the MCTS &
directedtree data structure Figure6-1 shows a simple directed tree structure where the node are
coloured, depending on their properties in the tree. The root node is coloured green, and the child
nodes are coloured blué\ rootnode is the starting point for the tree. A child node is generated by
applying an action (decision) to a node and is linked to the originating node (the parent) via a
directed edge. Ifrigure6-1, the green root node is also a parent node connecting to two child
nodes, resulting from two different actionsy many tree datatructures each node represents a

problem state, and an edge represents thartsformation from one state to another
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Figure6-1 Tree structure blue nodes connected by orange edges.

Tree structures are commonly used to represent sequential domains, for example, in games such as
Go and chess which are both sequential decision processes. In both Go and chess, a node represents
a board state and an edge represents a move which generates a new board state. At each stage in
both Go and chess, there are typically many moves to choose &gtayer will choose a move on

their turn to build a sequential chain of moves from the starting board to the end of the game. The
sequential chain of edges and nodes is called a path. The path of moves built up in a game is a single
path amongst a largsearch space of possible paths. The purpose of a search algorithm is to find the
best path of moves for the player to win. An approach such as an exhaustive search would involve
applying all moves to all nodes from which the best path could be extractedever, this is

unfeasible in most cases. The MCTS was utilised in the game of Go, whdretif I&WD y ¢
performance was achievg@&chrittwieser et al., 2020; Silver et al., 2017; Silver et al., 2bil6)e

MCTS, a selection function is used to determine which nodeggand next. The result is that an

asymmetric tree is grown, which represents different paths through the search space.

The MCTS algorithm consists of four stegdection, expansiorsimulation,and backpropagation.
Selection is the process of choosingagle to expand next to grow the tree. Expansion is the process
of generating a new node (or nodes) from the selected node. Simulation is the process of assessing
the value of the new node and is achieved by growing a temporary subtree beneath the expanded
node and scoring the leaves of the temporary subtree against a goal objective. The scores obtained
from the temporary subtree leaf nodes are aggregated and attributed to the expanded leaf node.
Backpropagation then takes the score acquired during the lsitiom stage and adds it to all parent
nodes from the expanded node to the root nodé.the end of backpropagation, another cycle of

four steps begins startingith selection A singlesequene of the four steps is called an iteration.

The MCTS continuemtil either a set number of iterations is complete, a computational budget is

used up, or the goas found
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Simulation Backpropagation

Expansion

Selection

Figure6-2 Diagram of the MCTS algorithm. Each step is described from left to right, startingdhection and finishing

with backpropagation. After backpropagation, one iteration is completed, and the process starts again from selection with
the new expanded nadincluded in the tree with the updated node information.

Figure6-2 providesan oveview of the stages of the MCTS. The MCTS grows through the search

space in an asymmetric manner, through each cycle of the algorithaetdileddescriptionof each

step and how the separate steps are combined in the MCTS is provided below.
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6.1.1 Basic algorithm
In this section, a description of the basic MCTS d#lguris given. The prerequisite definitions are

described first, followed by the node and edge data structures. Then the four steps of selection,
expansionsimulation,and backpropagation are described. Where appropriate, examples in domains

are providedo illustrate more technical concepts.

6.1.1.1 Prerequisite definitions
The MCTS requires four components to be defined. A state, an action, an evafuattaon,and a

stopping criterionEach must be defined before the search occurs. The definitiondemaibed in

Table6-1 below.

Component Purpose Example
State A snapshot of the search space Game state, set of items,
molecules
Action Atransformation which converts Move in a game, adding or
a given state into another removing items from a set,RV
transformation
Evaluation function A function that transforms a A fundion returning a value,

state to a score that assesses  Tanimoto similarity coefficient

how well the state meets a QSAR model.
design goal

Stopping criterion The criterion for ending the The number of iterations, the
search goal molecule has been found, «

a computational resource has

been used up.

Table6-1 Prerequisits for creating an MCTiScluding the component, purpose and examples from different domains.
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Action

Node; Node;

Figure6-3 A description of a state action pair. The nodes contain the states. The action is a transformation which is applied

to stateonegenerating stateéwo. Statetwo is stored in nodévo.

An example of a state in Go and chisssspecificconfiguration of the board, that is, the pieces, part
way through a game. An example of an action in Go and chess is a single move, which transforms the

board from one specific configuration of pieces to another specific configuration of pieces.

The evaluation function detemines how states are assessétie evaluation function takes the state

stored inside aode andreturns a value that reflects how well the state meets the goal criterion.

Depending on the domain, the output of an evaluation may be a single integer otiawgmrs

value. For example, in Go and chess, the evaluation function assesses the winning chances for the
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The stopping criterion defines when the search is terminated. A stoppitegion can either be
domainriindependent or domairdependent. For example, the search could end when the number of
iterations has reached a predefined limit or naetonvergence criterionA convergence critéon

could be(maximal)delta improvementn the objective function score over a set number of
iterationssimilar to the process of early stopping in evolutionary computiighalewicz, 1996)
Alternatively, the domain itself can dictate the stopping criterion. For example, in Go or chess, a
stopping criterion for the search would be when the game has reached a terminabsicieas

checkmatewhere a payer has won.
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6.1.1.2 Node and edge objects
The MCTS builds a tree constructed using node objects. Node objects contain metadata of the

states. The metadata is outlined Trable6-2 below.

Metadata Purpose

Visit count The cumulative number of times the node and ¢
nodes in the subtree beneath it have been

simulated.

Total score The summation of all scores, obtained through
the simulation of the node and simulations of alll

nodes that exis in the subtree beneath it.

Parent The parent of the node
Children The children of the node
State The problem state the node represents

Table6-2 A description of mtadata stored in a nodalong with the purpose of the metadata to carry out the search
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summation of the node score returned from the simulation and the scores from the simulations that
occur in the subtree beneath the node. Both visit count and total score are updated during

backpropagation.
The tree contains three types nbdes the root rode, intermediate tree nodes and leaf nodes.

1 Root node: The root node forms the start point for the MCTS and does not have a parent
node. The root node is the only node in the tree that is manually defined.

1 Intermediate tree node: An intermediate tree de has both a parent node and at least one
child node

1 Leaf node: A leaf node is a terminal node and does not have any children.

Edges are not defined explicitly in the baaigorithm;they are implicit and represented by storing
data on the parent node and child node. More advanced modifications of the MCTS use dedicated

edge data structures.
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6.1.1.3 Selection
The selection process (shownRigue 6-5) determines which node is expanded next in the tree. It

involves tracing a path from the root node to a leaf node. The order in which the nodes are
traversed is determined by what is knowntae UCT equation which balances the search strategies

of exploitation and exploration. The UCT values are calculated as the tree is traversed as follows:

(1) Given a node (Ap Calculate the UCT value for all children
(2) Select the child node with the highesCU value.

(3) Repeat stepsneandtwo until a terminal leaf node is reached.

When the path traced arrives at a terminal leaf node, the selection process terminates, with the
terminal leaf node passed to the expansion stage. As a result, a subtree onhersechduring

selection and the single leaf node in the subtree with the highest UCT value is chosen.

The UCT equation is defined as follows:

cot (11)

€
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o is the mean rewardtotal score divided by the total number of visit#)tained so farG is an
exploraion parameter used to tune the amounf exploration ¢ is the number of visits to the

node so farand¢ is the number of visits to the no@parent.

The UCT eqti@mn can also be written as:

onyr Leng T s 3 N (1 )|
- Yé O"WoE 1 Q . ¢l 18 6 a QD Qi 6Qp di Q& o

YO Y————————F .C .0 —
€0 d D Qi QQOI €0 a0 QI Qoi

Where the total score is
"YE OWX0E | THOES BMDO T | EEOMBI wéd QA Q1 Qe (13)
The two terms in the UCT equation can be separated into separate terms:

YO YO Gé QOOOMEET Do QE ¢ (14)
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This function is recursive, for example the total score is the score of the current node and sum of the
OdzZNNBy il y2RSQa OKAfRNBYyd ¢KS a02NBa 2F (GKS OdzNNE
summation of theilOKA f RNBy Qa &a02NBa yR a2 2y o

A brief worked example of the UCT value being calculated for a node with three child nodes which

are also leaf nodes is showmFigure6-4.

State = S;
Visit count =9
Total Score =7
Node ID=1

State =S,
Visit count =5
Total Score =5
Node ID=4

State = S3
Visit count=3
Total Score =1
Node ID=3

State = S;
Visit count=1
Total Score=1
Node ID=2

The UCT scores for nod®®, three andfour are shown below usingquation(12):

P . ¢l lw

YooY = ¢ 6 8
o o -+
rn e, P ., ¢l Tw
Yé gy = - 8
] s ¢ 0 - Fm
Yty - g S 8
v c v F

Figure6-4 A worked example of the selection process is shown. The process occurs every time the selection routine is

running.

For a given node, the UCT is calculated for each child node and the one with the highest value is
traversed next. The example highlights two practical considerations relating to the usage gf the C
term. If G is high, then selection of node S2 occeven though noddour has a higher total score,
and this is, therefore, an example of exploration with ndoler penalised relative to nod&vo due

to it having been visited more. Fog €0 then the order of the UCT scores is UCT2>UCT3>UCT4. In

74



contrast,if G = 0 then nodéwo and nodefour have equal UCT scores. If two or more nodes have

the same UCT value, then a tie occurs. Depending on the domain, ties can be common or infrequent.
The standard approach is to break the tie at randémthe example abee, ifnodetwo is a leaf

node, and if €> 0, then selection terminates here, if not then the process repeats for the children of

nodetwo until a leaf node has been reached.
Several behaviours arise from the selection process:

1 All the data used to compute the UCT equation is stored in the metadata in the nodes,
therefore, the selection stage is very fast to compute.

1 G dictates how often lessisited nodes are seen. Higher values gde@d to more
exploration and a broad trewith nodes with poor scores received during the simulation
phase being visited more often, compared to lower values,oTlis is because for high
values of gthe second term in the UCT dominates so there is little to distinguish between
nodes.

1 A small alue of Gleads to a deep tree as highlighted above when thfn is set to zero.

9 For child leaf nodes with a visit ofie, the node with the highest total score is always

selected so that the selection of leaf nodes is always greedy.

Selection

Figue 6-5 Diagram showing the selection process moving down the tree

The selection routine is vital in minimising the combinatorial explosion in two ways. First, selection
returns a single node to pass on to teepansion stage and leads to throttling of the growth of the
tree. Second, selection explores a single subtree of the total tree leading to certain parts of the tree

never being explored.
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6.1.1.4 Expansion
Expansion (shown iRigure6-6) is the process of generating new states which are stored in nodes.

Expansion involves the application of an action. Depending on the domain, an action may generate
one ormultiple states. The states are then stored in one or multiple nodes, respectisgignsion is

domainspecific and, for example, in Go and chess, one board move gives one state.

Expansion

Figure6-6 Shows expansih being applied, and new child (state) being created

The expansion process can be improved by the exploitation of dedegiandent characteristics or
action prioritisation. These improved expansion methods can be based on machine learning

approaches or nances of the domain.

6.1.1.5 Simulation
The simulatiorprocess ghown inFigure6-8) is the evaluation step of the MCTS. A temporary

subtree is grown beneath the node generated during the expansion phase and the evaluation occurs
at the states contained in the subtree. Thewth of the subtree relies on the same process used in

the expansion phase, whereby an action is applied to a state and generates a new state. The subtree
grows until a stopping criterion is reached, the stopping criterion can be demd&pendent or
domain-dependent. Domain independent criteria can be features such as the depth of the subtree
from the expanded node to the terminal leaf node. Domain dependent stopping criteria can be the
gameending,or a particular feature of the state being achieved. Wltlee subtree is terminated,

the evaluation function is used to score the states found in the terminal leaf nodes.
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The simulation routine occurs as follows.

1) Given a state, apply a single valid action chosen at random.

2) Generate a new state.

3) Repeat stepsne andtwo using the new generated state each time in a sequential manner
until the stopping criterion is met.

4) Evaluate the final state at the end of the subtree.

The score generated at the end of stigir of the simulation routine is the score whichlMae used

by the backpropagation phas€he evaluation function can generate a score which is either

continuous or discrete depending on the problem domain. Only the terminal state of the subtree is
evaluated. By evaluating the end state, the simulatioatine allows for the passing over of local

YAYAYEF FYR AYGSNYSRAFGS adlriSa FyR ARA Ay &a2f @A

Modifications of the simulation subroutine are common and are carried out to maximise the amount
of information gained while concurntly minimising the run time of the simulation. In the

description above, the simulation routine occurs in a sequential process with each state being used
to generate new states in a single chain until the final state is reached. The simulation subroutine
can be modified to have multiple actions applied in parallel generating multiple chains forming a
directed tree from the starting state. If multiple terminal states are generated, then mathematical
transformations can be introduced in the simulation roetito transform the end states into a single
value that is attributed to the expanded node. The process of transforming multiple evaluations into
I aAy3atS @rftdzS Ory €tSIFIR (G2 @SNE | OOdz2NY GS S@I t dzl
example, a simutéon routine that generates aingle chain resuin the evaluation of a single

endpoint. Whereas a simulation routine which allows 1000 chaingo be generated in parallel will

lead to 1000 terminal states being reached and evaluated with the scoieg transformed into,

for example, a mean. The parallel routine estimates the average value of the expanded state much
better than the evaluation at the end of the single routine. As the evaluation function is called at the
end of a simulated sequencetlife simulation ends on a poor scoring state, the expanded node will
also score poorly. In contrast, a simulation with multiple actions averages out the performance, and

is therefore more likely to lead to a better score being assigned to the expanded node.

There are different ways of incrementing the visit count for the expanded node when multiple
endpoints are generated during simulation. The visit count can be incremented once for all
endpoints or once for each endpoint. If the visit count increases tmroeach endpoint, then the
LIKNI 88 aYdz GALX S &aAYdA FGA2yaéd Aa dzaSRO
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In domains where the application of an action is computationally expensive, the simulation routine
can be challenging to execute computationally. In contrast, domains where theatmtiof an

action is cheapllow for a large subtree to be generated in parallel with many terminal leaf nodes.
Since the simulation is applied to each newly expanded node in the MCTS, the MCTS algorithm
scales poorly with the number of nodes that are generatédure6-7 demonstrates the increasing

computational expense unfolding from a range of simulation times.

Time spent simulating v. number of nodes within the tree
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Figure6-7 Demonstating the effect of increasing the time spent in simulation versus the total number of nodes in the tree.

Each line represents a separate hypothetical search with simulation taking different lengths dgfer®own lines a

search where each simulatistep takes 10s, in contrast the blue line represents a search which where each simulation step
Gr1Sa nomad ¢KS STFFSOG 2F KIFIQGAy3a | f2y3ASNI aAYdz +dhe2y GAYS |

tree grows.

In practice, there ia tradeoff between accuracy and speed in the simulation and across all
domains, a major aim during implementation is to reduce the time taken when calling the simulation

routine.
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Simulation
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Figure6-8 Shows the simudtion stage extending to a terminal state

6.1.1.6 Backpropagation
The final stage of the MCTS is the backpropagation step (showigure6-9). The backpropagiin

step reinforces the path identified during the selection process with the new information generated
during the simulation phase. Backpropagation starts at the expanded leaf node with the new score
generated during the simulation phase being added ® shore of the expanded node. The score is
0KSY IRRSR (G2 SIOK LI NByl y2RSQa YSUFRIGFE AY
selection phase. The backpropagation routine occurs as follows.
1) Add the score returned during the simulation routineth® expanded node to form the
total score used in the UCT equation.
2) Increase the visit count of the expanded node by 1. This is the visit count used in the UCT
equation
3) ldentify the parent node
4) Increase the visit count of the parent node by 1.
5) Add the score returned during the simulation routine to the total score of the parent node.

6) Repeat steps-5 moving up the tree until the root node has been updated.

Backpropagation updates the metadata of the nodes. Updating the path traced duringaelect
from the newly expanded node to the root allows the path to be reinforced or weakened with the
updated information. Backpropagation allows previously poor scoring paths to be updated and

reinforced with positive information obtained from the simulatioyutine. In contrast,
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backpropagation also allows for previously good paths that reach a dead end to be weakened. As
backpropagation updates visit count and total score once per visit, strong performing paths take

many iterations to weaken, and weak pemiting paths take many iterations to improve.

Backpropagation

Figure6-9 Backpropagation of terminal state information up the tree

6.1.1.7 Policies
A policy is a strategy used to direct the search. In the MCTS two pekist® tree policy, and the

default policy (shown iffable6-3). The tree plicy controls the growth of the tree. In the MCTS, the
selection and expansion phases are controlled by the tree policy. The default policy controls how the
simulation routine is constructed. Backpropagation updates information in the tree and is natfpart

either the tree or the default policies.

Policy Purpose
Tree Direct the growth of the tree
Default Direct the simulation and evaluation of the nod

Table6-3 Purpose of the Tree policy and Default Policy

In a standard implementation of the MCTS with no modifications, the tree policy is the UCT equation
with a single application of an action during the expansion phase. The default policy determines how
the simuation routine is implemented. In a basic implementation, the default policy consists of a

single simulation.
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6.1.2 Summary
This section provided an overview of the basic algorithm and each subroutine used in the MCTS

approach. A complete iteration of the appmais independent of the previous one. The values of

the metadata in each node updated during backpropagation are known at the beginning of the next
iteration, all other values used during the search are calculated from the metadata. As the MCTS is a
multi-step algorithm, a full worked example includinatulations of the UCT equation at eastiage

is provided imppendix A
The next subsections describe the strengths of weaknesses of the MCTS.

6.1.3 Strengths of the MCTS
The section discusses a humber of strengths of the M@gbEthm. First is that the algorithm can

manage the combinatorial explosion while simultaneously hagdtisal minima. The combinatorial
explosion is mitigated by the selection phase, while both the simulation and backpropagation
routines handle the local minima issue. All parts of the MCTS work in tandem while allowing the
MCTS to converge on a selectedrpd’he MCTS will converge upon the best path given a high
enough exploration constant and enough computational tifBeowne et al., 2012However,

guarantee of convergence to the best possible action only applies when a standard implementation
of the UCT is used with noadifications and assumes an unlimited computational budget. The
speed at which the convergence occurs depends on the average number of child nodes generated
per state, which is known as the branching factor and on the domain being explored. When
convergene occurs the same node will always be selected and over several iterations of the MCTS
algorithm an asymmetric tree is generatd®ly choosing the best node, this means certain portions

of the search space go unexploréithe asymmetric nature of the seartriee prevents the

combinatorial explosion of products generatddis is of particular benefit in search spaces with a

high branching factor such as reaction based de novo design.

The MCTS is an iterative approach to searching; hence the search canatygiate (even in an
iteration). Not only does this allow the MCTS to be paused, but it also allows the growing of large
trees to be saved and distributed across computational resources. Thus the MCTS can be
interrogated at each step which ultimately alle the MCTS to be an easily interpreted transparent

algorithm.

The MCTS algorithm approaches the problem of traversing a search space via forward sampling.

Forward sampling is how humans would traverse an unknown search space. Humans often look a

few steps into the future to ascertain the value of making a decision. Forward sampling is used as it
LNBOSyita 68SAy3 GNFLILSR Ay f20Ff 2LIGAYEF YR YAUGAS
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there could be a move (n+1) steps away, causing a sigrifibange to the value of the decision

being made at step n, yet this move is not seen as it is beyond the horizon of an algotihm. Forward
sampling mitigates the horizon effect by looking beyond the immediate horizon. The horizon effect
is the same as thefermediate problem irR\tbased search where intermediate molecules

generated along the sequence R% can score poorly compared to the final molecule in the

sequence.

6.1.4 Weaknesses of the MCTS
While there are a multitude of benefits in utilising the MCpfraach as outlined in 2.1.10, there

are several key limitations which need to be discussed. These weaknesses are frequently overcome

with the appropriate modifications.

When the search space being explored is highly branched and each node hamitatggrs of
possible children to choose from, a basic implementation of the MCTS can struggle to achieve
convergence to the correct solution in an appropriate time fraifige reason why substantial
branching factors can be an issue is that it is not comjmally tractable to simulate such a large

number of children.

Furthermore, a problem can arise when a decision between two similar actions must be taken. For
example, when individual UCT scores are very close in value, and their difference does fegtmani
itself until deep in the search tree, it can require a lot of sampling and the construction of a large

tree to separate the values of these individual nodes. Hence, the amount of computational resources

to separate these decisions can be significant.

A further limitation with introducing a large number of MCTS modifications is that they can lead to a
severe computational performance decrease and can lead to the node score value being poorly
estimated. As a result, this may lead to the strongest penfog decision sequences not being found
(Berthieret al.,2010). Enhancements can provide both positive and negative benefits when used

together.

Comparing enhancements to the basic implementation is therefore essential to understand if
improvements are ozurring. From the domain explored, there should be a metric to define success.
Often, the primary metric used is the target objective; however, there are many secondary measures

that can be used to evaluate success, such as features of the tree grown.
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6.2 MCTSAnalysis

This section describes different factors which can be used to analyse a tree search. These are
separated intahree sections: Algorithm performance, Resource usage, RobudiBasset al.,
1995)

6.2.1 Algorithm performance
The most important aspect of algorithdesign and development is performance against the

problem being solved. In the MCTS, performance will depend upon the domain being explored. In
games, it can be the highest score, or the win percentage against an opponent. In de novo design, it
could be tle molecule which has the maximum score of the molecule found during the search such
as similarity to a known active compound or a QSAR score. Further extensions of algorithm
performance can focus on average score of the states found. In all cases algueitionmance is

often compared to a baseline, so performance can be measured relative to another method.

6.2.2 Resource usage
When an algorithm is implemented, an important metric to understand the performance of the

algorithm is the amount of resources usea itnportant resource in the MCTS is the computational
time used for the search to complete. In particular, the MCTS as a reinforcement learning algorithm,
benefits, from more computational time but resources are limited. Therefore, understanding of the
MCTS resource usage such as the amount of time take for the search to complete, how many states
are generated, and branching factor is important in understanding the overall computational

efficiency of the approach.

6.2.3 Robustness
When an algorithm is developeit is important to understand how the algorithm performs over

multiple different problem types and instances. The MCTS was originally designed to be used in
many different domains and robustness would be tested by applying the same implementation of
the MCTS to multiple domains and comparing the same implementation to the baseline in each

domain respectively. This would allow a qualitative assessment of algorithm robustness.

The above metrics are important for understanding the overall performance olganitam

approach. Thenetrics,however, need to be combined with appropriate experimental design to
understand specific algorithm performance. For example, the metrics shown above can be used to
investigate performance of a modification to the base MAg8raghm. This is the basis of many

domain specific applicatior{8rowne et al., 2012)
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6.3 MCTS in Chemistry

The application ofhe MCTSn the chemistry domain has only occurred recently and has focussed on
retrosynthesis andtom-based de novo desigfirst,retrosynthesids the process of breaking down

a molecule in a stepwise process to identify synthetic transformations which can be used to build
the molecule up fronEMs. Second, the MCTS was used in abmsed de novo design to construct
sequences of SMILES charactehnich correspond to molecules satisfying predefined objectives.
Both retrosynthesis and atofnased de novo design suffer from a combinatorial explosion of
decisions at each state hence the use of the MCTS. While both retrosynthesis anbasedde

novo cesign are examples from the chemistry domain, as the problems are different, this has led to

differences in the implementation of the MCTS for epobblem

First,as part of the AlphaChem proje@egler et al., 2018)he MCTS and three separate neural

networkswere used to obtairhigh-performanceretrosynthetic planning.

CHj

OH O° "0

OH
CH,

HO—  +
0

Figure6-10 Example of a retrosynthesis plgihe bluemolecules areeagentswhich have been identifieid adatabase. In
contrast the red molecule is a molecule thegedsto befurther split apart The starting molecule at the tapto be

synthesizethspirin) the red molecule is an intermediate. The bloelecules exidh the database

Retrosynthetic planning is illustrated figure6-10 which showsa simple treaunfoldingfrom the
molecule aspirivhen plaminga synthetic schemeSynthetic plannings computationally expensive

to solve due to the large number of actions to explore for each intermediate molecule that needs to
be split apart. The actions AlphaChem armolecular transformation rulesiined from a large

corpus of reaction information consisting 2.4 million singlestep reactions, which were cleaned

and separated into two sets one for expansion and one feimulation. The expansion set contains
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more robust reactions compared to the simulation set. The reasoning for this is the simulations are
not added to the tree and instead are only used for node evaluasortransformations being valid

is not a priority instead what matters ighat the transformations can be performed quicldgd

efficiently. The expansion set is used to grow the tree where a higher success rate of the number of

valid transforms is essential.

In AlphaChem, thredeep neural networks were constructéam the simulation and expansion
transformation sets, respectivelyhe neural networks used in expansion and simulatiave two
distinct functions in theetrosynthesis planner. Firdgh the expansion policy networkhe networkis
trained to select a limited number of transforms from the expansion set for a gtata The
network acts as a filter to select the most feasible transforms to afdpig second neural network is
Iy -seoS/e  Of whickid areliditibidal filter which aims to determine when a reati
transformation is applicablandis trained on a set of scrambled reactio@ven a set of reactions,
the products of the reactionare scrambledand a classifidouilt whose purpose is to classify the
unscrambled reactions asie and the scrambled reactions as 0. As inple classifier takes the
product of the reaction and the reaction fingerprint, as a concatenated infne.underlying
assumption ighat the scrambledeactiors themselves are applicable, while this might not always
be explicitly trueThe expansion phase takes about 90ms to iderfiifgy, and apply reaction
transformations The third neural network, which is used for simulations, is less accurateslaster
and takes 10ms talentify applicable transformations from the simulation sempared to 90ms for
the expansion process. The training process for the networks occurs &ffifoee the search begin

and involves using the corpus of reactioneX LJt S& (2 af S NYyé¢ GKAOK NBIF OGA

In many respectghe usage of two separate sets of actions one for simulation and another for
expansion is a modification of the MCT8e use ofwo setsof actionsof two different sizes, can

lead to apossible asymmetry in the searchhe search spadkroughwhich the tree is growis a

subset of the largespace encompasseéd the simulation set. When the simulation set is used in
conjunction with the simulation routine, the estimations during the giation reflect the

performance of a given node in a different search spackirther modification to the MCTS in
AlphaChem is the use of a modified version of the UCT equation, this modified UCT equation, uses
the probabilities of a reaction transformati being applicable from the expansion neural network

directly in the UCT equation to balance the exploration and exploitation during the search.

AlphaChem demonstrated that solutions could be generated to solve previously difficult
retrosynthetic problems with the use of the MCTS and a series of neural networks. By using neural

networks in the MCTS, the interpretability as to why a particular ieads chosen is lost. Moreover,
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by using scrambled reactions and a ddtaven approach to identify applicable reactions no
physicochemical characteristics of individual reaction classes are considered. Finally, by scrambling

the reactions this does notugrantee that the reaction could not occur in practice.

Retrosynthetic planning is well suited to MCaS3he algorithm minics the forward samplinbased
behaviar of chemistsCK SYA aGa 2F0Sy af221¢ ASOSNIf ifRAaAO2yYySC
disconnection from the current molecule is good. Furthermore, retrosynthesis benefits from a large
well-defined solution space. The solution space is often constructed from large astalof

commaercial building blocks or small molecul&mnally retrosyrthesis can be framed as a more

classical game frameworkhe scoring can be framed as a 0/1 win or lossiagdunction whereone

is the molecule exists in the catalogue and O if the molecule does not exist in the catalogue.

Following the successful imphentation of the MCTS algorithm for retrosynthesis, attempts have
been made to applthe MCTS0 de novo design. The Chem(Faing et al., 201 rogramuses the
MCTS to generate SMILES strings which correspond to a molecule with desired characteristics. The
MCTS implementation was modified by using the SMILES characters as nodes, and the edges to
represent bondsThe selection stage chooses a charagtehe SMILESequence to explore next,

and 30 new child nodes aexpanded at once. Each nevdypanded node corresponds to a new
SMILES character attached to the sequence. Each SMILES fragment pindoedike is then

passed taa neural networkin the simulation phasehere the SMILES fragmestcompleted to a

final molecule. The molecule is scored and the score is backpropagated up the tree. Over time this
leads to the MCTS driving a global seawith the neural networkperforming a local search via the
simulation.An interesting feature o€hemT$s that itonly produces valid high scoring molecules

the simulation step, noin the tree itself. The tredtself contains onh\sMILE&agments which are

then completed during the simulation phase.

ChemTSuffers from the drawback of using SMILES strings to generate the moldbaleis the
generative model that is used during the search is likely to generate molecules that are in the
training set, the resulting molecules lack structural diversity and synthetic accessibility is not taken
into account Furthermore, time is required to train theeural networkand allow for the network to
learn the underlying grammar of a SMILES stafthpugh, this only has to occur once. Yang and
coworkers daclarifythe method can produce 40.89 molecules/min but do not state the percentage
of these which are valid upon generatidrhe approach of ChemTS was further explored, in NIER

(J. Zhang et al., 2028BMolGeriMa et al., 202), and GBGM-MCTSJensen, 2019yhich was

tested as part of th&suacaMobenchmark(Brown et al., 2019)
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It is important to noteAlphaChem and ChemT&ve beerassessethased on algorithm performance

and resources used as describeddtion6.2. In AlphaChem, this is the number of routes

successfully solved and in ChenitTiS the score of the designed molecules. Both methods further
discuss resources used based on the time taken to generate solutiomgver the problem

domains of AlphaChem and Chenar&substantially differentAlphaChem is a method for

retrosynthesis ad is therefore not directly comparable to the method developed in this thesis.
ChemTsS is a de novo design method and therefore aims to address the same problem as the method
developed in this thesis, however is atom based de novo designethodand therdore cannot be

easilycompared to noratom based de novo design methods.

Finally while the MCTS is an obvious chdicedomains with high branching factgrseveral other
tree search approaches exeihd have beemppliedin chemoinformaticandde novodesign(see
section3.5.2. These includereadthfirst search (BF@)ee, 1961; Moore, 195%epth-first search
(DFS)Tarjan, 1972)A*(Hart et al., 1968)Iterative deepening AfIDA)(Korf, 1985)and| §

minimax searcl{Brudno, 1963; Knuth & Moore, 1975; Samuel, 1959jhe case of BFS and DFS,
these search approaches struggle when handling large branching fatdhsapproaches struggle
with storing vast numbers of molecules in memory while beinfficiently performant to search
through the tree. Alternative search methods are A*, and Ihich areboth heuristicbased
searchmethods Howeverboth methods struggle in domains where heuristic functions are hard to
define. Although these heuristic apprdees are not incompatible with the problem of reaction
vectorbased de novo design, the time required to define an appropriate heuristic function can be
excessive. Finally, the problem of de novo design can be definethgke'player"; therefore,
approactes that rely on the minimisation of opponents moves such as minimax with -hiptasare

less appropriate as there is no adversarial element to the problem.

6.4 Methods and implementation

Thissection describes the implementation of the MCTS algorithnRBBED which will be referred to
as RVMCTShe section begins with tharerequisite definitions and then describes the selection,
expansionsimulation,and backpropagation steps. The application of the MiGTiSe problem of
RBDD is such that some modificatsao the basic implementation of the MCTS are required to
adapt the algorithm for RBDD specific features. When the implementation differs from the basic

implementation, examples and reasoning are provided.
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6.4.1 Reaction Vector Monte Carlo Tree Search
Theimplementation is written in JAWAith a python interpreter for evaluationwhich allows for

objectorientated programming structureda JAVAo be usedor the MCTS and the flexibility of the
Python scientific programming ecosysteGeverncomponents musbe defined tomplement the
RVMCTSearch.The definition of each component used in the RVMCTS is provideblet-4

below.
Component Definition
State Molecule represented as a SMILES String
Action The application of a single applicalil®and reagent
Evaluation Tanimoto similarityto a pre-definedtarget molecule usingraRDKitMorgan
function fingerprint 2048 bits in length with a radius of 2
Stopping 50iterations
criterion
Exploration 0.001
constant
RVdatabase H2 Database containing a storeR¥s
Reagent pool A file containing a list of SMILES strings representing reagents

Table6-4 Definitions of each componemthe RVMCTS

In the table above, the definitions allow for minimum memory footprint and fast manipulation
where appropriate. The evaluation function is the Tanimoto similarity to a predefinedculeleThe
choice of Tanimoto similarity using a Morgan Fingerprint of 2048 bits in length with a radius of two
was twofold: first Tanimoto similarity is a standard similarity metric used in cheminformatics (see

Chapter 2) and second the Tanimoto similaigyfast to compute.

The stopping criterion was set at 50 iterations. The choice of 50 iterations was primarily based on
the expected runtime of a structure generation of a single molecule using a reaction vector database
and a modest reagent pool. Forawple, GhiandoniGhiandoni et al., 202@emonstrated that a

single expansion of one molecule would take appratety 38 secondautilising a RV database of

11.6k In the case of the JMedChem database, fewer reaction vectors are being used compared with
Ghiandoni {1.6k vs 4.5khence, it would be expected that eaehumerationtakes approximately
15seconds to compte. Additionally, each molecule generated during the expansion is then
simulated, utilising the enumeratioiMoreover, by sequentially growing a tree, the time expected

for each iteration to continue will increase as the search progresses based upoxptbheted
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branching factor. Unfortunately, prior to the search, it is unknown what the branching factor will be.
Hence 50 iterations were chosen as the stopping critesioia default choiceDifferent evaluation
functions and different values for the stomgj criterion are explored later in the thesis. The values
chosen for these experiments are to understand the algorithm's performance on a problem of

restricted scope

The exploration constant is a hyperparameter that has been explexeghsively in the MCTS

literature (Browne et al., 2012)The exploration constant will take any real vadung is usually

bounded between @k ® Ly LIN} OGA OS3 ( KAThe cidlicé ad£500brahesé dzy S R
experimentds based on the expected Tanimoto simthaof a set of randomly sampled molecules.

This average valugas determinedo range between @ and 0.4 form binary fingerprint(Goddenet

al., 2000; Todeschini et al., 201R)is therefore assumed thahe average similaritpf the

molecules generated in a subtree of the MCTS wilhlibe same rangeln this case, the exploration
factor should be set to a value that forces the exation term to be within the same order of
magnitude It is important to note that the exploration constant is multiplied by the exploration

term as shown in equatiof12). Finally, it is known that the exploration term, when tuned high,

leads to more exploration and thus a broader trée the rediscovery problem setting, a deeper tree
needs to be grown. As a result, there needs to be a slight bias towards exploitation. However, in
advance of the search occurring, it is unknown what the optimal exploration parameter value should
be. Herre, the value of 0.001 was chosen as a starting point to demonstrate the algorithm's
performance but not necessarily tuned to the most optimal choice. Ideally, for each ablation study,
an exhaustive grid search would be carried out to find the most optitmaice of exploration

parameter for that study. However, thigould be too computationally expensive to carry out based

upon a similar analysis of the number of iterations.

6.4.2 Nodes and Actions (molecules and reactions)
In the RVMCTS a problem statecodedwithin a nodeis a single molecule. The representation used

is aSMILES string of the molecLildhe SMILES representation vamsen aSMILE&as a small
memory footprint and interfaces well with theVengine(Wallace, 2016)A node also stores
metadata associated with theRMMCTSNo modifiations to metadata are made from the basic

approach outlined imable6-2.

Only the root node at the beginning of the search needs to be defined. ddtimode contains the
starting state for the search and is created by providing a start SMILES structure from which the tree

grows.
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6.4.3 Selection Choosing which node to investigate
Selection proceeds as outlinathoveandis based onhe UCT equation. No adibnal modifications

are made.

6.4.4 Expansion Taking a node and applying an action
Expansion is a domain specific process. The main difference from the basic MCTS implementation is

that rather than a single action being applied, all applicable actiRisand reagents) are applied at

once. Following selection, the expansion routine is called as follows

1) For the molecule contained in the selected node, queryRMelatabase for all applicable
R\5.

2) For each applicablRVdetermine all applicable reagents

3) Apply all unigue combinations &\s and reagents to the state contained in the selected
node

4) For each new product generated, form a new node referencing the selected node as the
parent node

5) Pass all newly generated nodesthe simulation stage.

The RVMCTS expansion process differs from the basic implementation of the MCTS to take
advantage of th&RVengine. The expansion routine in the RVMCTS is an example of leaf
parallelisation(Chaslot et al., 200&)nd is carried out to avoid querying the database too many

times. Furthermore, querying the database and reagent pool and thenrgéneg all possible

structures in one pass saves on the computational expense compared to repeated calls to the
expansion step with a single action per expansion. Applying multiple actions in each expansion also

speeds up the growth of the tree.

6.4.5 Simulation Ascertaining molecule score
The simulation takes each nevdypanded nodén turn and seeks t@assesshe performance of the

node by growing a subtree from the nodehe RVMCTSmulationsub procesgroceeds asollows.

1) For the molecule contained in ¢éhnewly expanded node, query tf®/database for all
applicableR\s.

2) For each applicablRVdetermine all applicable reagents

3) Apply all unigue combinations &\ and reagents to the state contained in the newly
expanded node.

4) For each new produdenerated, store in a list.

5) Increment the simulation depth reached by 1
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6) Repeat steps-b using the new list of products identified () as starting points until a
predefined depth is reached.

7) For all molecules which are at the predefined depth, scorenthising the scoring function.
If molecules cannot be scored, they are given a scorg.of

8) Transform the list of scores generated into a single number using a mathematical
transformation.

9) Pass the single number generated in (8) to the backpropagatiomeut

10) Discard all molecules generated during the subroutine.

This subroutine is carried out sequentially for each node generated in the expansion stagax Step
requires the user to set how deep the subtree generated during the simulation should grow. The
depth of the simulation is problerspecific,and the default value set heredme. Steptenis
implemented to reduce memory footprint. An alternative approach would be to transfer the
molecules generated in the simulation to the main tree. One differdoeteveen the RVMCTS and
the base implementation is that the score takes a continuous value beteesrandone (as the
scoring function is the Tanimoto coefficient), rather than a birrampor oneresponse. Another key
difference between a standard MCagd the RVMCTS is that the simulation step is a dep#full

enumeration.

An additionaldeviationfrom the base implementation is the reliance on an enumerated simulation
routine. Although thereare two optionsthat could be consideredtdevelop a moratochastic
simulation routing(randomly choose reaction vectg@nd randomly choose generated molecules
following the enumeratiohthe exhaustivapproach was chosen in the preliminary stuhhe to
practical consideration The reaction vectogngine has been optimised to allow bulk storage and
retrieval of reaction vectors. This means that the SQL queries and database have focused on
retrieving all applicable reaction vectors and then enumeratitmus from an implementation
perspective and taemonstrate the utility of the MCTS methodology, the enumeration approach

was utilised Simulationis explored in more detaiih Chapter 8

Finally, here is a limitation of the utility of the scores backpropagatdten thelookaheaddepth is
shortfor examplein single step enumerative simulatiohlowever, this limitation is mitigateoly the

shortness of the paths generated dueftagments being added rather than single atoms

6.4.6 Backpropagatiog Updating from leaf to node.
Backpropagation is the processthe MCTSvhere the path traced during the selection stage is

updated with the information generated during the simulation phase. The backpropagation is the
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final stage of a single iteration. The backpropagation routine used during the R\AWC&&ds a

outlined above forthe general descption of the algorithm.

As there are several nodes generated during the expansion routine, backpropagation updates the

paths sequentially in the same order as the nodes were simulated.

At the end of backpropagation erteration has been completed and the process either starts again

or is terminated.

6.4.7 Postprocessing
Following the completion of the RVMCTS, the final tree is exported via a complete recursive trace

through the tree. The exporting process proceeds asvi@lo

1) Generate a list of all nodes generated during the search and the root node
2) For each node in the list write out the following: the state; the state of the parent node; the
score of the state from the evaluation function; the UCT value of the nodetdtsion in

which the node was generated; and the timestamp of the node generated.

6.4.8 Prerequisites for the RVMCTS
The RVMCTS implementation requires a scoring functi® & RVdatabase, and a reagent pool.

The scoring function an8Ms are easily createand are not discussed further as they are problem
specific. Th&kVdatabase and the reagent pool used in the initial implementation are described

below.

6.4.8.1 Reaction vector database creation
The RVMCTS is designed for RBDD and applicationgidiscoveryThe following section discusses

how a set of medicinal chemistry reactions were extracted from the literature and endondeRlvV

databasewnhich is used as a pool of actions for the RVMCTS

The top 15,000 reactions citdd the Journal of Medicinal Chemistup to 2017as determined by
ReaxygElsevier2021)were exported. Following this, a validated cleaning proeess carried out.
Figure6-11 outlinesthe general cleaning process used to generateRMelatabase. This process is

implementedin KNIME and has beealidated by GhiandorfiGhiandoni et al., 2019)

Filtering of
»| unmapped
compounds

Data frame
filter

Input Balancing Encode in DB

A\
Y
Y

Figure6-11 Database cleaning and encoding scheme
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InInput, the reactions are read in and standardised as follows:

1) The reactionsare splitinto SMs and products.
2) BothSMs and producmolecules on both sides of the reaction are starised.
3) The standardise&Ms and products are combined into cleaned reaction SMILES

4) Theindigo reaction atom mappés applied to the standardised reaction SMILES.

The dataframe filter removes any misy) data generated in the input standardisation process. Such

as unreadable reaction SMILES.

Infiltering, unmappedcompounds, molecules which do not take part in the reactimsed on the
atom mapping process are removed. The filtering process removescaoies such as solvents and

catalysts. If the atom mapping process fails, then the reaction is removed.

In balancing the reactions are balanced by passing them through a reaction balancinglattace,
2016) which removes salts and balances the number of carbon atBalancing generatedean

reactions ready for the encoding process.

Inencode in DB, the clean reactions are taken, R\ are calculatednd stored in an H2 database
with duplicates removedlhe database encoding processntains further checks ensure theRVis
expected b work The database encoding process has been extensively exploi@igce
(Wallace, 2016and Ghiandon{Ghiandoni, 2019)The reagents used alongside 15 in the

original clean reaction are also stored and are called internal reagents.

The 15,000 reactions mined from the Journal of Medicinal Chemistry were encoded into 4491
uniqueRVM ® ¢ KS RIGFO6F&AS Aa yIFIYSR awWaSR/RESEMndplé YR
reagents for the RVMCTS.

6.5 Conclusions

In this chapter, a description of the basic domaidependent MCTS was given, following which a

brief overview of the MCTS strengths and weaknesses as a method of the search was provided. As
the base implementadn of the MCTS is domaindependent, a brief overview of the current uses

of the MCTS for chemistry was given, including usages such as retrosynthetic planning and atom

based de novo design. The latter half of this chapter turned to the detailed deéeariptthe
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implementation of theR\tbased Monte Carlo tree search (RVMCTS) for de novo ddsign.
conclude, a description of the cleaning and encoding process d®aatabase is provided.
Chapter7 focusses on the testing of the RVMCTS to understangé¢himrmance of the approach

and how each subprocess influences the overall search.
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Chapter 7RVMCTS Ablation Studies

7.1 Introduction

The RVMCTS is the first implementation of the MCTS for RBDD, and this chapter focuses on a series
of ablation type experiments to understand the utility of each gubcess within the RVMCTS. An
ablation study is the removal of a component of a complex entity to observe its effect on the
functionality of the entity. For example, in studies on understagdire function of different parts

of the brain in early neuroscience, segments would be removed from lab animals to observe the
change in their behavio(€Carlson & Birkett, 2017The same principle has been applied here to
understand the processes of the RVMCTS, by removal or modification of different parts of the
RVMCTSp establish a direct cause and effect relationship for different components of the

algorithm.

Previous experiments using the MCTS algorithm have focused on empirical proof of the success of
the algorithm or on theoretical contributions focussed on estéltig operational bounds of the

UCT equatioiiBrowne et al., 2012)n the context of the chemistry domain, previous experiments
using the MCTS in synthetic planning and de novo design have concentrated entirely on empirical
performance compared to other established meth@@egler et al., 2018pDbserved performance
relative to a benchmark can provide an understanding of an algorithm's robustness rg@ige
practical use; however, purely empirical observation does not allow for an understanding of the
parts of the algorithm which work best or areas that can be improved. To direct the development of
the RVMCTS, a validated rediscovery benchmark hasdreated to systematically investigate the
operational performance of the RVMCTS and then to investigate each component of the RVMCTS.
The goal is to understand the contribution of each part of the RVMCTS algorithm and to establish a
causeand-effect relationship between each syjprocess and the overall performance of the

algorithm.
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7.2 Methods

The rediscovery problem which forms the basis of the ablation studies refers to the rediscovery of a
known final compound from a know®M A working definition for the rediscovery problem type is

provided below.

The recreation of a predefined goal molecutem a predefinedSMwithin an allocated

computational budget.

This definition is referred to as a working definition since there is no one agneea definition of
the requirements of a rediscovery problem, and more broadly, success for a de novo design

approach is difficult to defin@Brown et al., 2019)

7.2.1 Generating the benchmark datasets

A small set of validated rediscovery problems has been created as a benchmark. When constructing
the rediscovery bechmark, a set of predefined "goal objectives" need to be created. However, this
process could lead to bias being introduced. Benchmarking bias in this context is similar to selection
bias in that a naive choice of problems can lead to a lack of diffatentiin performance during the
experiments. For example, if a synthetic scheme is of length one, then as the RVMCTS performs a full
enumeration at the first level of the tred,the required reagents anR\s are present in the dataset,

it would solve allength one problems regardless of RVMCTS setup and configuration. Hence, a
benchmark consisting only of singdeep problems would not alloghe performance of the

algorithmto be investigatedin contrast, if the benchmark is composedswpithetic schemes of

length 15+, then the opposite effect would be observed where the problems are far too difficult.
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The process for creating the validated benchmark is shown in the block diagramFiglme7-1:

JmedChem
4.5k

Qualitative Transcribe Clean reactions X
Drug anq de assessment and synthgtlc schemes and encode into Valldale using
novo design selection from literature into the Reaclion reaction vector f——————=| Validated
Benchmark

Synthetic
Chemistry
Literature

literature campmmds Reaction SMILES vector database engine
by hand

'y

Y

Store Starting
material and
product

Figure7-1 Block diagram of the creation of the validated benchmark. The process begins with selecting candidate molecules
and their syntheticoutes from the drug and de novo design literature by a qualitative assessment process. The reactions
are cleaned and encoded usingtbrocess described @apter6. The resultindR\s are then validated to ensure that the
known product can be generatém theSM The validatedR\& are then combined with the JIMedChem4.5k set to create

the final validated benchmark.

Figure7-1 describes the process ofaating the validated benchmark. Each block represents a

subprocess and the rest of this section will describe each subprocess in turn.

7.2.1.1 Starting molecule poalDrug and de novo design literature.
The starting point for creating the benchmark for RBDe@ding on a set of target molecules that

will be used as the goal states. The dataset the molecules are takersfrontdbe relevant to drug
discovery, and the molecules must be synthesisable in the lab. The dataset chosen was the top 200
small moleculalrugs by sales in 2018, which is a part of fangning series of compilations of the

top drugs by sales starting from 20@dcGrath et al., 2010)The dataset was chosen due to the

diversity of compounds itontains, its direct medicinal chemistry relevance, and due to the

popularity of the drug molecules; they will typically have a large, diverse collection of preparation
routes from experimental to large scale process chemistry. Finally, the dataset hasidexk

previously to test the robustness of RENAGRiandoni, 2019)an RBDD system. When testing

RENATE, the dataset was curated using an automated process to select molecules with a high chance

to be designed using RBDD. This curation process returned 70+ molecules.

7.2.1.2 Qualitativeassessment and subjective filtering
A subset of the top 200 molecules was chosen to act as a benchmark. The main criterion for

selecting these was that they are theoretically solvable using the RV approach. The RV approach has
previously been shown to la limitations with some types of molecules, especially those with
complex scaffolds including complex heterocycle ring systems. For example, morphine (shown left in

Figure7-2) is a highly complex natural product with several fused ring systems and is not amenable
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to synthesis via the RV approach, whereas, aripiprazole (shown riglgure7-2) is much simpler,

with a heterocycle connected via an aliphatic ester to piperazine and to dichlorobenzene and it is
expected that this would be synthesisable using the RV approach. It was also decided to limit the
benchmark to molecules contabnly specific atoms (C, N, O, F, Cl, Br, I, S, and P which are the most
common atom types in drutike molecules). Following visual inspection of the top 200 compounds

based on these criteria, the molecules which were chosen are shokigume7-3 below.

(\N/\/\/O

HN
Cl
Cl O
Morphine Aripiprazole
Figure7-2 Morphine andaripiprazole. Morphine on the left would not be expected to be synthesisableRiging
Aripiprazole, on the right, would be expected to be synthesisable B&1g
He S O HC~0
NH A0
e O D Y <
\/5 H,C-0 .\OYN | o :ZN;@V@/ © @EC\ HN
HO, o™ o'y ) cl o
OH CHy ) NH
1) 2) 3) 4)
M -CH HO._O "
J

Q
N///Qj@[: C‘\@: %N;N O E'NﬁN

Figure7-3. Tencandidate molecules with medicinal chemistry relevance taken from the top 200 small molecules by sales
2018 followinga visual inspection. 1) Albuter@l) ambrisentan 3) apixaban 4) aripiprazole 5) bosutiniky 6) clobazam, 7)
deferasirox 8) eltrombopag, 9) paracetamo) 10) alogliptin.
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7.2.1.3 Transcription and encoding of reaction vectors
The ten candidate compounds were forwarded to the next step of the benchmark creation process,

which is the selection of the synthetic schemes. The synthetic schemes dlangenbetween
steps. The schemes were chosen from the medicinal chemistry literature, the patent literature with

yields, and the process chemistry literature.

The selection of routes from these literature sources is an attempt to guarahtgdtie schemes
are possible irsilico. Each scheme was chosen based on amenabilRy&and a general focus on
schemes without large structural changes such as deprotection, cyclisatigiopening, hydride

shifts, rearrangements. Schemes are preferred ify/thee linear and not convergent.

The names of each compound, the length of the synthetic schemes, and their references are shown
in Table7-1.

Name Scheme length Literature reference
Albuterol 4 steps (Wang et al., 2018)
Ambrisentan 4 steps (Riechers et al., 1996)
Apixaban 6 steps (Pinto et al., 2007)
Aripiprazole 3 steps (Oshiro et al., 1989)
Bosutinib 4 steps (Boschelli et al., 2004)
Clobazam 3 steps (Kumar et al., 2016)
Deferasirox 2 steps (Roatsch et al., 2019)
Eltrombopag 6 steps (Revill et al., 2006)
Paracetamol 3 steps (Ellis, 2002)

Alogliptin 3 steps (Feng et al., 2005)

Table7-1 Scheme lengths and literature references forittemntified moleculesvhichwill form the benchmark.

The synthetic schemes were then manuathniscribed into reaction SMILEe reason for manual
transcription is that frequently when writing syntheticheenes, chemists will include several
reactions within one reaction arrow. So even though a synthetic scheme might be writtereas

step, in practice, the transformation may involve several sub reactions. These sub reactions might
form intermediates that Wl not be isolated and therefore will be ignored by the synthetic chemist.
Instead, a synthetic chemist will prefer to write out only those molecules which will be
characterised. In contrast, when generating structures \Kib, all molecules and reacticteps are

written out in full even if, in reality, they may only appear briefly during a synthetic scheme.

Following transcription, the synthetic schemes were then encoded int®RNgatabase. The

encoding process proces as outlined below iRigure7-4, and as was discussed@hapter 6.
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Figure7-4 Process of encoding the database. The encoding prisqesvided in more detail in Chapter 6. For the creation of
database for the validation process the process is unchanged.

Following encoding, the next step was to validate the encdeed

7.2.1.4 Valdation of reaction vectors using a starting material
Validation is a straightforward process, as showhRigure7-5. The aim is to determine if the

reaction can be reproduced algorithmically.

RVDE (only
transcribed
steps)

! !

Starting material Reaction vector Reaction vector Reactionvector | -
engine engine ’ engine

Figure7-5 Sequential validation process. TBBlis passed to th&Vengine, and all applicablR\s are applied. The

expansion process generates the pool of products which is then passed iRgethgine.Again,all applicableR\é are
applied generating productsThis process repeats until the end of the synthetiersehThus there would be two

expansions for a synthetic scheme of length two.

TheSMwas that used in the literature scheme, the reagents were those which exist within the
internal reagents of the encadl R\é (Chapter6). The expansion step was repeated the same

number of steps as the length of the expanded, cleaned synthetic scheme. Therefore, if the scheme
is five steps long, five sequential full enumerations were carried out. The final step was to determine

if the known product was obtained.

The resllts of the transcription, encoding and validation of the reaction schemes are shown in the
following Table7-2, where Y means successful validation &hneheans unsuccessfll.depiction of

the successfully transcribed schemes giieen in @pendix BThe note column provides a potential
reason for why the scheme failed to encode or failed to validate. However, it was not always
possible to determine the precise reason. First, encoding is a complex pressibed in Chapter

4 and6 and in more detd by WallacgWallace, 2016)Brieflysummarised here, the reason for

failure in the encoding process is that following fragmentation of the molecule into constituent
parts, the fragments are then reconstructed using a recombination path. Unfortunately, when this
recombination occurs, theraia time limit set on how long the recombination of the fragments to

the molecule will take (<30s). The exact reason for failure to encode is not provided and instead is
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simply attributed as a timeout error. Second, failure can occur on the applicat@Rdfor a similar

reason as outlined above. When tBMis fragmented, the product is built using the applicaRis

recombination path; however, this recombination may not generate a valid molecule at the end of

the path.

Name Successfully validated Note

Albuterol N Fails to encode, stefwo Bromine
SN2

Ambrisentan Pass

Apixaban N Fails application due to stepree
alkene halogenation coupling

Aripiprazole Pass

Bosutinib N Fails application due to the first
stage ringclosing reaction. The
ring-closing reaction contains a
nitrogen heterocycle

Clobazam N Fails to encode stefvo due to
Chlorine SN2

Deferasirox N Fails to encode due to
recombination. Nitrogen
cyclisation

Eltrombopag N Fails to encode stepnedue to
the nitro reduction

Paracetamol N Fails to encode due to the
nitration step

Alogliptin Y Pass

Table7-2 The selected moleculeslidation outcomend attributionof possibldailure.

The reactions for thealidated schemes were then encoded in a larger database alongside the

JMedChem4.5RVset, which acts as noise. By introducing noise toRNelatabase, the problems

were made more realistic by increasing the number of applicRh=Eor each molecule while

guaranteeing that the correct synthetic route was present in the database.
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Figure7-6 Final step creating the
Validated benchmark

Finally,a potential concern arising fromavingonly threeschemes in théenchmark relates to the
generalisability of the result$élowever, it was felt that three examples are sufficient to evaluate the
method on this specific type of de novo design problem plasehis chapter which is the ability to
regenerate a known target molecule based on similarity to that target. Furthermore, this scale of
benchmark for this type of problem is typical of the way in which other novel de novo design
approaches have beervaluated in the literatur@Brown et al., 2019; Segler et al., 2017; Zaliani et
al., 2009) Different types of design problems and scoring functions are explored latez thesis.
These resulthowever,do not allow any reasonable prejudgement of the quality of future generated

solutions for different scoring functions.

Reaction map

To visually demonstrate that the reaction transformations that have been hand encaukd a
transcribed into the validated database are relevant medicinal chemistry transformations, a map of
reaction space was built. The validated database as shoWwigime7-6 contains reactions from the
Journal of Medicinal Chemistry and the hand encoB&#, therefore, the visualisation shows the
relative proximity of the hand encoded reactions to the literature medicinal chemistry reactions. The

procesof building the reaction map used the following routine shown below:

1) Convert cleaned reactions in®Vfingerprint (Ghiandoni et al., 2019)

2) For each reaction, classify it using the SHREC ont@Bgsndoni et al., 2019)

3) Perform a PCA to reduce the number of dimensions of the reaction descriptors down to 256
dimensions

4) Perform a UMAP supervised dimensionality reducfidicinnes et al., 2018 two
dimensions using the reaction labels from the SHREC ontology with the 256 dimension PCA
components.

5) Plot the resulting 2D dimensions in a scatterplot

A visual representation @ghe process is shown below.
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Figure7-7 A visual representation of the workflow to generate the reaction map

The reaction map is shown kigure7-8 with different reaction classes shown in different colours.

The reaction map shows that the reaction classes have separated well based on the SHREC labelling.
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Figure7-8 Map of reaction transformation space. This map was generated using -&&hvised UMAP process. Clear

separation can be seen between clusters of different reaction types.
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Figure7-8 shows that the reaction transformation space that is encoded is diverse; however, the
colour map chosen makes it hard to identify where in the space the goal transformations exist.
Figure7-9 below is the same colour map; however, the goal transformations are coloured in brown,
and the reaction transformations present in the JMedChem 4.5k sataogired in blue. The

reaction map shows thanost ofthe goal reactions are embedded in the clusters of the reaction

transformation space.

® Goal
Noise

O

Figure7-9 The same reaction map generatedRigure7-8, with a contrasting colour map to highlight where the goal

transformations are in reaction transformation space.
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In total, there are terR\é that are encoded from the seeded reaction scherhesyever, in the
above plot, there are only eight visible dots. This is due to two reactions having the same descriptors

and they are therefore positioned on top of each other.

Scoring function

The scoring function used in the RVMCTS is Tanimoto sim(lEgjtyo the goal molecule using the
MorganFingerprint radius 2, hashed and folded to 2048 bits as implementRDKit Release
2020.03.3.

The choice of the Tanimoto coefficient is as a replacement for a more complex scoring function that
could exist;tiis not uncommon to use the Tanimoto coefficient as a proxy for a QSAR (Booeh
et al., 2019)

Table7-3 below shows theSMs and their corresponding similarities to their respective goal

molecules.
Problem SM Tanimoto similarity
Alogliptin of 0.08
HNT S
O)\N 0
H

Aripiprazole NH, 0.18

Cl
Ambrisentan O 0.21

O

Table7-3 problem nameSMdepiction, and animoto similarity of theSMto the final goal structure
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7.2.1.5 RVMCTS Parameters
The RVMCTS requires several parameters to b&age7-4 below is a summary of those

parameters.

Parameter Description

Total Iterations Number of iterations the MCTS will
undergo before completion

Exploration Constant The parameter whickcales the
amount of exploration that is occurring

Simulation type Dictates what type o$imulationoccurs

Backpropagation type What information is passed up the tret

from the leaf node.

Table7-4 Parametes used in the RVMCTS, total iterations, exploration constant, simulation type, backpropagation type.

Deciding on appropriate parameter values for the RVMCTS in advance is difficult as good parameter
ranges in the MCTS will vary substantially between dosnaitd specific problem instances. The two
primary considerations when deciding the parameter values for the RVMCTS in this experimental
setting were the time that a single search takes to complete and the probability of success. First,
time is important beause long searches can last weeks if a poor choice of the number of iterations
is made. Second, the parameter selection has to lead to a reasonable probability of success; for
example, if a poor choice is made for the exploration constant, it could ldltiedinal goal can

never be found in the allocated computational budget. Hence conservative estimates are required
for the base parameters, and these were determined through a mix of trial and error and domain
knowledge. Finally, parameter optimisatiand large part of tuning the MCTS for optimal
performance. While optimal performance is the desired goal within the context of solvingioekal
problems, the purpose of these ablation studies was to observe how the RVMCTS performs when

individual parts ee removed.

Visualisation of the search space and the trees

The processes of visualising the molecules generated and the tree growth during the search are
important qualitative tools to understand how the ablation of different components leads to
different search performance. The visualisation of the tree is focused on the shape of the tree,
whereasvisualisation of the chemical space of molecules generated aims to show how the

molecules are distributed over the space and whether there are clusters otoeteformed.
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Visualisation of the generated chemicapace

To visualise the chemical space that has been generated, a similar process to that used to visualise
the reaction transformation space Figure7-8 was employed. The process of visualising the

chemical space that is generated is showfigure7-10 below. First, the moleculegere converted

to their Morganfingerprint representatios. Tteserepresentatiors werethen reduced to 256
dimensions using a PCA.eTeduced representatioswerethen passed into the UMAP method,

where the number of dimensionsasthen further reduced into two components. Téetwo

componentswere then plotted on a 2[B3catter.

Molecul
olecules _Morgah Plot 2D
generated - Fingerprints | PCA(256 | UMAP @ »| Scatter with
during the | (2048 bits, radius Dimensions) ~ | Dimensions) ca| S
search =2) coormap

Figure7-10 The process of building a 2D representation of the chemical space that is generated during the search.

Tree visualisation

In contrast to cherital space visualisation, direct visualisation of the tree generated during the
search is more challenging. This is because the tree will contain many thousands of molecules each
of which may participate in one or more reactions. This leads to the nunfledges exceeding the
number of nodes. Therefore, to cope with the large amount of data to visualise, the hierarchical
layout used has variable edge thickness. The more times a node has been visited, the thicker the
edge between the node and its parent.i§heduces the visual clutter of the diagrams. Furthermore,
the nodes are sorted based on their score at a given level of the Tremworkflow for the

generation of the tree visualisations is shown below.

Extract Compute
Molecules _ | Hierachial N Compute _ | Node colours _ Visualise
generated | Reaction tree o Layout | and edge o
representation thickness

Figure7-11 The tree visualisation process, first the hierarchical reaction tree representation is extracted, the layout is then
computed using the hierarchical layout witttoN The node colours are computed along with the edge thgskhased on

the similarity and the node visit count, respectively. Finti/tree is visualised and exported for viewing.
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Experimental workflow

The workflow for the ablation studies was first to establish a baseline performance for each target
molecue based on the RVMCTS with all components and then to systematically remove each

component to observe the change of the RVMCTS compared to the baseline or control.

A visual description of the experimental setup is outlined below.

()
\_/
O

Q

Discussion

Figure7-12 How chart showing how the experimental process of the ablation studies was carriddrstly,a series of
controls was created in experimemnie, and then in each proceeding experiment, a single part of the RVM&STéblated.

2- Ablated selection,-3Ablated expansion,-Ablated simulation, B\blated backpropagation.

The ablation studies consisted of remowékelection only, the expansion only, simulation only, and
finally backpropagation onlyllthe experimens were run for all three validated rediscovery

problems in the RVMCTS benchmark.

Experinent one: - Construction of controls

The parameters used for the control experiments are giveFainle7-5 and are based on the default

values described imable6-4.

Parameters Value or Setting

Total lterations 50

Exploration Constant 0.001

Simulation type Depthonefull enumeration
Backpropagation type Continuous

Table7-5 RVMCT®&arameters and their corresponding base valug=d during the search
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The reasoning for the above parameters is the following. The total iterafi@ns set to 50, which is

a low value compared to other domains, but this is due to the typically high computational cost of an
iteration. A single iterabn consists of selection, expansion, simulation, and backpropagation, with
expansion and simulation being the stages that generate molecules. The expansion step involves a
full enumeration of all applicabl@\s on the molecule represented by the selectemtle (Ghiandoni

et al., 2020pnd thesimulation step then involves a full enumé&om of all childmoleculesThe
exploration constant was set at 0.00&s highlighted previous)yhe purpose of these parameter

valueswasto provide a baseline. Was not expected that they would be "optimal”.

Variance in the RVMCTS searches ariseiebreak occurs during the selection process, that is, if

two or more nodes at the same level have the same value of the UCT. This is because a tie break is
broken at random. If the RVMCTS has many tie breaks during the search, then it would be expected
that the searches would have a wide amount of variation in their final scores and the path taken
through the chemical space. In contrast, if the searches have few tie breaks occurring, then the
opposite would occur. To understand the effect of variatiaming the search, ten searches were

run with the baseline parameter values, and the performance over the search was averaged, and the

variation noted.

The progress of the RVMCTS was observed by recording the maximum similarity to the goal with
increasinghumber of iterations. It was predicted that due to the RVMCTS being a fragrasat
approach, increases in maximum similarity would occur in a stepwise manner, where each step is

the application of a singlRVwhich progresses the search closer to thelgoa

Experimenttwo: Ablation of Selection

Selection experiments

The selection step involves selecting the next node to expand thereby generating a subtree. The
node that is selected is determined by the UCT equation. The ablation study consisted of omitting

the UCT scoring and selecting the node to expand at random.

Experimentthree: Ablation of Expansion

Expansion experiments

Expansion is the generation of new nodes within the tree. drbeess, as defined ithapter®6, is a
full enumeration. That is, all applicali®s are applied to a given node. Full enumeration generates
all possible products which are stored in separate nodes. Removal of the expansion step would

result in a search that does not generate any nodence, for the ablation studies, different
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amounts of expansion were investigated with 25%, 50%, and 75% of total products removed at

random, respectively.

Experimentfour: Ablation of simulation

Simulation is the process of ascertaining a node's valt@itih a lookahead search. New states
generated in the simulation are scored, and a value is backpropagated up the tree. Simulation is the
most computationally demanding part of the RVMCTS. It is therefore imperative that the usage of a
simulation is jusfied, as it will ultimately add a large amount of computing time to the overall

search. To ascertain the value of the simulation component of the RVMCTS, it was removed from the

search, and scoring was based on the expanded node only.

Experimentfive: Ablation of backpropagation

Backpropagation is the process by which information is passed back up the tree. Backpropagation
reinforces paths in the tree from the root node down to the newly expanded node. The information
that is reinforced in the tree will dier increase or decrease the chance of nodes in the path being
selected on the next iteration. The ablation study removed the backpropagation step so that there is

no updating of the paths in the tree.

As the searches are expected to have a small amaolustibchasticity present in the search due to

ties, ten replicates of each search configuration were carried out.
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7.2.2 Analysis
Analysis of the MCTS was broken down into four categories: algorithm performance, resources used,

robustness, andualitative assessment of the tréBarr et al., 1995)Algorithm performance

considered performance on th@roblem andincluded: the maximum score found; the average

score; and properties of the score distribution, such as kurtosis and skewness. Resources used was
measured by the number of molecules generated during the search and the time that the search
took. Finally, robustness attempted to understand how generalisable the results from the search

are; for example, are the results that are generated going to be stmdiacross repeat runs.

7.2.2.1 Algorithm performance
Algorithm performance was represented by eight measures:

1) Maximum similarity score found during the search

2) The average score of the whole tree found during the search
3) The skewness of the scores generated igithe search

4) Kurtosis of the scores generated during the search

5) Number of iterations required to reach the maximum score
6) Depth of the tree reached during the search

7) Diversity of molecules generated during the search

8) Branching Factor

7.2.2.2 Resources used
Resoures used was represented by two measures:

1) Total time taken for the search to complete
2) The number of molecules generated during the search.

7.2.2.3 Robustness
Robustness was represented by two measures:

1) The standard deviation of maximum scores acrossehauns.

2) Percentage oR\6 used from the validated database
7.2.2.4 Qualitative assessment

1) Visualisation of Search Trees

2) Chemical space maps

3) Molecule inspection
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7.3 Results and discussion

Results are presented below for the baseline and ablation experimoemisidering the different

performance measures in turn.

7.3.1 Algorithm performance

7.3.1.1 Maximum score
The maximum scores found in the tree across the replicate runs are shdviguire7-13 for the

three goal molecules. The baseline search performed well in the cabdegtiptin, with the mean
maximum similarity of 0.737, but worse in the casearifiprazole andambrisentan with mean
maximum similarities of 0.468 and 0.333 respectively. The decrease in the performance is due to the

differences in the search space that is being explored.

In the RVMCTS algorithm, the search space influences success dudaottws:1) Accessle high
scoring local minima close to the starting poi2t,Plateausn the search space. Considering factor
one, molecules that have high scores at the shallower depths of the tree will be favoured over
molecues with high scores that are deeper in tinee. This is aell-knownlimitation of the basic
MCTS algorithnBrowne et al., 2012Plateaus in the search space influence the baseline
performance due to the added computational time to determine which molecule on the plateau
would lead to the best region of the se&lrspace. Plateaus lead to nodes having similar UCT scores,
and the RVMCTS spending many iterations trying to determine which node is the best path. For
example, there might be two nodes in the tree with one the result of a chlorination and the other
the product of a bromination. The difference in the scores of these two nodes will be minimal. The
RVMCTS has no understanding that these nodes come from the same reaction class, and a large
amount of computational expense will be used to deduce whether therittadtion or the

bromination is better. The success in the casalogliptinis due to the high scoring intermediates

and the lack of scoring plateaus in the search space.

Examination of the ablation of selection, expansion, and backpropagation experiments yielded
surprising results. Ablation of selection removed the UCT equatidhat selection was replaced by

a random choice amongst the child nodes of the selected parent node. For the aripiprazole problem,
removing the UCT equation gave improved performance relative to the baseline. The poorer
performance seen when the UCT adjon was used for selection suggests that the search is getting
stuck in a local optimum. Trapping into a local optimum does not occur when the selection is

ablated, and a higher maximum score is reached.

The ablation of expansion comprised three sepatmtperiments, 75% retained, 50% retained, and

25% retained. The three separate configurations yielded similar performance which, although
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showing a slight degradation as larger percentages were removed, was within the standard
deviations of the replicatesf the baseline. Thus, random removal of hodes during the search does

not significantly affect the best score achieved.

Ablation of simulation outperformed the baseline substantially ondlaogliptin and aripiprazole
problems and performed the same astbhaseline on theambrisentanproblem. On thealogliptin

problem, the target molecule was found when the simulation was ablated. The improved
performance suggests that the simulation component of the search has not aided the growth of the
tree. The improvment can be ascribed to two reasons: considerable variation in scores of the nodes
and a greedier search. When simulation is ablated the node scores are based on the molecule
represented by the node, in contrast to when simulation is used, when the nadessare based on

the average score obtained in child nodes during simulation. The latter is not likely to vary much, as
discussed above. A large variation in scores of the nodes leads to greater variation in the UCT scores
across each level which meanstltselection over successive iterations is directed strongly

compared to the baseline. This means that the tree will grow deeper and is likely to lead to higher
scoring molecules. In addition, the greater variation in the scores seen when simulaticatésiabl

leads to a greedier search.

Ablation of backpropagation performed the same as the ablation of selection due to the search
being random in both cases. As backpropagation updates nodes, removal of backpropagation
prevented any node updates from occuginThus, the observed performance of the ablation of

backpropagation search is equivalent to ablation of selection.
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Figure7-13 Maximum similarity found in the tree. The height of the bar is the mearhldek bars aret 1 standard

deviation of the data. Some bars have an SD of zero, and therefore no black bar is present.

In the RVMCTS, molecules are generated in both the tree and the simulation phase. In terms of
algorithmic performance, it is helpful #xplore the maximum similarity score generated during the
simulations. It was expected that the similarity scores obtained from the simulation would be higher
than those found only in the tree with the increase due to the increase in the depth of nodes. Th
maximum similarity scores found considering both the trees and the simulations for the different

ablation experiments are shown kigure7-14.

Focusig first on the baseline, in all three cases, the maximum similarity score was higher for
molecules generated during simulation than those in the tree. The baseline successfully solved the
alogliptin problem and performed better across the aripiprazole antbrisentanproblems and the
performance was equivalent to the ablated simulation search. However, although molecules with
relatively high scores were observed during simulation, the simulation process does not direct the

search into promising regions dfé search space.

In ablation of selection, removing the UCT equation led to increased performance in the
ambrisentanproblem. The improved performance suggests that the search reached a local minimum

during theambrisentanproblem and was trapped. As deded above, when selection was random,

114



there was a reduction in trapping due to local minima, which, when coupled with the increased
depth seen by the simulation step, gave rise to the improved performance. It is interesting to note
that this suggests thahe ambrisentanand the aripiprazole problems are deceptive. Deception is
when a search algorithm is tricked by the sogrfunction.Further evidence for the deceptive nature
of the ambrisentanproblem is the reduced performance of the ablation of siatioin tree compared

to the random searches of ablation of selection.

When examining the molecules generated in both the tree and the simulation for the ablation of
expansion experiments, greater variation was seen across the replicates. Graa#tion is not
surprising as random removal of nodes leads to removing intermediates which can lead to high
scoring regions of the search space. Ablation of backpropagation performed similarly to the ablation

of selection and demonstrated that random sel led to competitive performance compared to the

baseline.
1.0 Max similarity found (Tree+Sim)
0.8 1
0.6 Experiment
= [ Baseline
5 Ablation of Selection
I Ablation of Expansion (75% retained)
o Ablation of Expansion (50% retained)
0.4 - [ Ablation of Expansion (25% retained)
mmm Ablation of Simulation
[ Ablation of Backpropagation
0.2 1

Alogliptin Aripiprazole Ambrisentan

Figure7-14 Maximum similarity found (Tree+Sinthe height of the bar is the mean, and the black barsdrstandard

deviation.
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7.3.1.2 Average scar
The average score is a measure of the average quality of the molecules generated during the search.

Figure7-15 shows the average score of all the molecules found within the trees. The average score
helps understand how the distribution of scores is shifted for the different experiments, although it
does not capture the shape of the distribution. It is important to note that the UCT equation is
constructed to ensure that a degree of exploration occurs, and, therefore, it would not be expected

that the entire distribution of the tree would shift to the gbmolecule.

The baseline average scores were similar across all three problems. The results for the ablated
selection, expansion and backpropagation experiments were all similar to the baselines. In contrast,
ablation of simulation led to improved perfmance overall and outperformed the baseline on all
problems. The increased performance by removing the simulation component led the search to be
greedier and focused on deeper regions of the search space with higher scoring molecules. Ablation
of simulation again highlights that although good molecules are generated during simulation, the

simulation component does not direct the search towards high scoring regions of the search space.

Average similarity found (Tree)
0.5 .
1
0.4
Experiment
> 0.3 1 Baseline
E Ablation of Selection
E Ablation of Expansion (75% retained)
] Ablation of Expansion (50% retained)
& Ablation of Expansion (25% retained)
0.2+ Ablation of Simulation
L ! N Ablation of Backpropagation
ol | | I
0.14 I |
0.0

Alogliptin Aripiprazole Ambrisentan

Figure7-15 Average inean) similarity of the tree. The height of the bar is the mean, the black batsstardard

deviation
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7.3.1.3 The skewness of the distribution
Skewness is a measure of the direction of the tail of the distribution. Here, positive skewness

suggests the tail@nts towards a value of one (maximum similarity), whereas negative skewness
implies the tail points to 0. If a distribution shifts from low values to high values, the skewness of the
distribution will first start with positive skewness (a tail point todsua value of one) with few

molecules close to the goal then, over time, the skewness will decrease until the distribution shifts
towards having a tail with a negative skew, that is, a few molecules with low scores. A method that
generates a distribution ith a negative skew suggests that the tree has moved through the search
space to a region of interest. A positive skew suggests the search has not moved through the search

space towards the region of interest.

First, the baseline searches have decreaseaavsfrom highly positive to slightly negative across
alogliptin aripiprazole an@mbrisentan respectively. As the skewness of the baseline decreased, the
skewness shifts towards being more negative, suggesting that overall molecules are generated that
are higher scoring than th&M The skewness is consistent with the baseline forabgliptinand
aripiprazole problems for ablation of selection. However, skewness is slightly more negative for the
ambrisentanproblem which can be attributed to the roughsearch space ambrisentan As

discussed above, when selection is ablated the search is random, however the skewness is more
negative for ablation of selection than the baseline for gnebrisentanproblem. This would suggest
that the ablated selection search has moved to a deeper dépéimce, removal of the UCT equation

in rough search spaces can lead to an overall increase performance. However, the standard
deviation observed across the probleissnuch higher. The high standard deviation is due to the
sensitivity of the skewness metric to sample size.A similar pattern is observed for ablation of
expansion. Ablation of simulation outperformed the baseline and had a negative skewness
throughout allthree problems. Ablation of simulation shifted the distributions closer to the overall
goals suggesting removal of simulation led to greedier searches and deeper trees and thus high
scoring molecules. Ablation of backpropagation yielded the same perfarenas ablation of

selection.
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Figure7-16 Skewness of the distribution of similarities generated during the search. The height of the bar is the mean; the

black bars are: 1 standard deviation.
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7.3.1.4 Kurtosis of the distribution
Kurtosis is a relative measure of the data distribution compared to a normal distribution. In

particular, kurtosis measures whether the data is present in the tails of the distribution. For

example, a normal distribution obkitions would have a kurtosis of 0; if the data distribution is
contained in the tails, then kurtosis is greater than 0, if the data distribution is contained in a
prominent central peak with little data present in the tails, the kurtosis would be less @ The

kurtosis of the distribution reveals whether the search has focussed strongly on one region of the
search space or is more spread and diverse. The resitgune7-17 show a progressive shift in

kurtosis across problems. The decrease in kurtosis suggests that the searches are exploring more in
the alogliptin problem, which has data present in the tails of the distribution (high scoring
compounds), and that the search is not focussing on one region of the space (regardless of average
score). Interestingly, the standard deviation in kurtosis decreases as well across the problems which
can be related to problem difficulty. However, observatiorkaitosis does not reveal whether the

solution quality is being affected directly.

Kurtosis of similarities in the tree
20 4
15 4
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Figure7-17 Kurtosis of the solutions found during the seafdie height of the bar is the mean, the black barslis +

standard deviation
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7.3.1.5 Number of iterations required to reach the maximum value
The iteration when the maximum score is found reveals whether the search has navigated the

chemical space efficiently. The fewer the iterations required to converge the seaochitsp

maximum score, the betteFigure7-18 shows the iteration when the maximum value of the search
was found, and no consistent trend is seen dugh®large standard deviations acrossgatbblems.
However for ablationof simulation for thealogliptinand aripiprazole problems the searches show a
sharp reduction in number of iterations required to find the maximum score. The opposite is seen
for ambrisentan this would suggest that in the algoliptin and aripiprazole problems the search finds
the best solution early due to high scoring intermediates existing along the path. Whereas in the
ambrisentanexample the tree explored more due to lower scgrintermediates and no clear path
being available and thus used more iterations to find the maximum s€amelly for ablation of

selection forambrisentandid not improve the maximum score from the first expansion from the

root node.
Iteration when the maximum value was found
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Figure7-18 Iteration when the maximum value of the search is found. The black bars reptelkstandard deviation
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7.3.1.6 Depth
The maximum depth reached by the tree is an essential property to solve rediscovery problems

consising of multiple synthetic steps. For example, to solvedimbrisentanproblem, the maximum
depth reached must be greater than or equal to four synthetic stBjggire7-19 shows that in

almost all cases, the maximum depth reached is three; therefore, none @htheisentan

experiments can find the goal compound dudnsufficientdepth. The ablation of simuli&n did

grow trees of greater depth. This would suggest that the ablation of simulation is greedier and is
forced down the same path multiple times. Interestingly, in the case of ablation of expansion (with
25% retained), the trees are equivalent in depthablation of simulation. However, this increased

depth does not yield better performance due to the removal of key intermediates.

Maximum depth achieved (Reaction Steps)
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Figure7-19 Maximum depth achieved by the tree during the search. Ttghhef the bar is the mean, the black bars ik

standard deviation.
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7.3.1.7 Diversity
The pairwise Tanimoto similarity was calculated for every pair of valid molecules generated and is a

measure of the diversity in the set. High values of average pairwise similarities would suggest that
many of the molecules are structurally similar, andrééfore the search has focused on regions of
the search space with structurally similar motifs. In contrast, lower average pairwise similarities
would suggest more exhaustive exploratidiigure7-20 shows the pairwise similarities for the

entire trees for the three problems.

All methods, except for ablation of simulation, performed the same as the baseline. The average
pairwise similarities of around Or2flect the lack of focus in one region of the search space.
However, across all problems, ablation of the simulation produced average pairwise similarities
higher than the baseline; this suggests that ablation of simulataarsedthe search to move torme

region of the search space and consistently generated molecules with similar structural motifs. This

further suggests that the ablation of simulation yielded a greedy search that exploited more than it

explored.
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Figure7-20 Average pairwise similarity for the tree. Black bars represdrgtandard deviation
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7.3.1.8 Tree size
An essential aspect of the computational efficiency required to run the MCTS is the size of the

generated trees. Larger trees consisting of more molecules lead to more simulations, and therefore
more time is needed to complete the search, and more memoreduired.Figure7-21 shows the
number of molecules generated in the tree. The figure shows thaahierisentanproblem

generated more molecules thahe other two problems, and this was consistent across all
experiments. Arguably falogliptin and aripiprazole, the majority of experiments yielded similar

sized trees. Comparing the generated trees, the number of molecules generated for ablated
selecton, ablated simulation and ablated backpropagation were equivalent and significantly larger
than the baseline. The explanation for this can be that when the node to expand next is random, as
is the case for ablation of selection and backpropagation, fétgeations are wasted on molecules

that cannot be expanded. The same result can be inferred for the ablation of simulation, which also

avoids the dead ends by directing the search to a different region compared to the baseline.

When comparing the total maber of molecules generated, including both the tree and the
simulation, the outcome was different. As seerfrigure7-22, the number of molecules gersted
increased fronmalogliptinto aripiprazole and then tambrisentan and this is consistent with the
timings inFigure7-24. For ablation of both set#ion and backpropagation, the searches generated a
huge number of molecules with the total above 3 million. Interestingly the standard deviation of the
total number of molecules generated is the highest for ablation of selection and backpropagation.
Thisincrease in standard deviation is most likely due to the random nature of the search. Finally,
ablation of simulation yielded a comparatively tiny number of molecules, as in this case, only the
tree is generated. Thus, while the total number of moleculesegated by ablated simulation is less
than the baseline, the performance is equivalent to that of the baseline and frequently better than

methods that generate more molecules.
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Figure7-21 Total moleculesenerated in the tree. The height of the bar is the mean, the black bafdsstgandard

deviation.
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Figure7-22 The total molecules generated during the search. The height of the bar is the mean, the black bars is

standard deviation.
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7.3.1.9 Branching factor
The branching factor is a measure of the number of child nodes per parent node. idies of

the branching factor will generally lead to slower searches and poorer performance for the RVMCTS
due to the large number of decisions to choose from. A branching factor is also a valuable tool for
understanding the complexity of search spadégure7-23 shows the branching factor for each
experiment. Considering first the baseline, the branching factors for aripiprazolanalmdsentan

were significantly larger than f@ogliptinand are likely due to the larger molecules being

generated in the search tree. Larger molecules will contain more reaction centres, and thus more
R\s will apply to each molecule generated, thus leading todbserved higher branching factor. This
would suggest that the difficulty of boimbrisentanand aripiprazole are roughly equivalent.

Ablation of selection and ablation of backpropagation yielded equivalent high branching factors for
all searches. Both tlse ablation experiments resulted in random searches, and the high branching
factors suggest that the trees grew wide but not deep. Ablation of expansion resulted in a
progressive decrease in the branching factor as the number of nodes retained was reahiis
expected. Finally, the ablation of simulation is interesting as the branching factor generated during
the search was high and is likely due to the larger molecules occurring at deeper depths in the
search tree leading to an increase in the numbgkreaction centres and thus the higher branching
factor. Moreover, for the aripiprazole problem, ablation of simulation yielded a similar branching
factor to the baseline, and therefore it is possible that in the aripiprazole experiment, ablation of

simuation reached dea@nd unexpandable molecules.
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Figure7-23 Branching factor of the tree. The height of the bars represents the arithmetic mean of the replicates. The black

bars represent 1 standard devition of the data.
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7.3.2 Resources used

7.3.2.1 Computational cost (Time)
Computational cost is an important resource to consider when investigating the efficiency of an

algorithm. It is important to note that the computational cost will differ depending on what device
the algorithm is running on. Therefore, the computationadtomust be measured relative to the

baseline run on the same machine and approximately the same computational load (algorithm only).

The time taken for the searches to complete is showRigure7-24. The times for the baseline
experimentsncrease across each problem wialogliptintaking the least amount of time and
ambrisentanthe most. The increase in time taken can be attributed to the increase in the number of
generated molecules. Generating molecules is the most computational expensive process in the
entire search. The molecule generation process is computationally ineedsi/ to the database
transactions and the structural transformations required when applyiRy.dn contrast, other parts

of the MCTS algorithm, such as selection and backpropagation, are fast due to them being updating

values in memory.

Ablation of sedction led to a dramatic increase in the overall time taken for the searches to
complete, which was surprising. As highlighted previously, the only significant increase in time can
be attributed to the increase in the number of generated compounds. If monmepounds are

generated, then the time for completion will increase substantially due to each newly expanded
node also having to be simulated. This is likely due to the removal of the UCT equation successfully
avoiding poor scoring dead ends and unexpdneanolecules, leading to more nodes needing to be
simulated. Ablation of expansion led to a consistent decrease in the total time taken as more nodes
were removed. The decrease in time was entirely due to fewer expanded nodes having to be
simulated. Ablabn of simulation led to the largest decrease in time take overall. This is due to the
expensive computational step of simulation having been removed entirely. Ablation of
backpropagation led to an increase in time taken for the same reason as the alnfgielection. As

all nodes in ablation of backpropagation have the same UCT score (0), the choice amongst them is
random. Random choice led to no deadds, and thus more molecules being generated. This leads

to an increase in time taken.
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Figure7-24 Total time taken for each replicat&@he height of the bar is the mean. The black barsdrstandard deviation.
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7.3.3 Robustness
Investigating the robustness of an algorithm helps understand how an algorithm will perform on

new problem types and new problem instances. In this investigation, three problems have been
explored in the benchmark, and therefore it is hard to draw univiecksams of performance.
Therefore, in this analysis, two metrics will be explored, standard deviation over the maximum

scores generated and the percentageRdk used from the validated benchmark.

7.3.3.1 The standard deviation of maximum scores
Thestandard deviation of maximum scores helps understand whether the algorithm consistently

finds the same molecule over different replicates. For example, a low standard deviation would
suggest that the search has consistently found the same maximum scorimgpound each time.
Conversely, a high standard deviation would suggest that the search is unstable and cannot

consistently find the same higgcoring state.

Figure7-25 shows that the baseline search had zero standard deviation ialtugiptin and
ambrisentanproblems and an increased standard deviation in the aripiprazole problem. This would
suggest that the amount of search instability is low for bizse implementation of the algorithm. In
contrast, ablation of selection and ablation of backpropagation yielded high standard deviations due
to them being random searches and therefore can be interpreted as having high degrees of search
instability. Furhermore, ablation of expansion showed that as the amount of material removed

from the tree randomly increases, the amount of search instability also increases. Finally, the

ablation of simulation yielded no search instability due to it being a deterngrgséiedy search.
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Figure7-25 Sandard deviation of maximum scores. The height of the bar is the arithmetic mean of the replicates.
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7.3.3.2 Percentage of reaction vectors used from the validated datab
When considering different types of trees that are being grown and whether a random search has

occurred, one way to explore this is to examine the numbdR\&f applied as a percentage of the

entire database. As the number of iterations is fixed, an increase in the percentage of Rvgue

that are applicable suggests an increase in unique reaction centres, and thus more diverse molecules
being generated. The peentage ofR\é that were applied is shown Figure7-26 below, where

ablation of selection and ablation of backpropagation, being random searchikd/i@ar more

uniqueR\& applied compared to the baseline. Furthermore, an increase in depth yielded from

ablation of simulation also meant that more unigR&s are applied.

Unigue reaction vectors

16
14 A
12 A
Experiment
10 A [ Baseline
§ Ablation of Selection
© Ablation of Expansion (75% retained)

8 1 Ablation of Expansion (50% retained)

[ Ablation of Expansion (25% retained)
I Ablation of Simulation

61 [ Ablation of Backpropagation

4 1

0 .

Alogliptin Aripiprazole Ambrisentan

Figure7-26 Percentage of uniquB\5 that have been applied during the expansion phase. The height of the bar is the

mean, the black bars i#s1 standard deviation.
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7.3.4 Qualitative assessment of Algorithm performance
When investigating an algorithm, there are often qualitatigpects of the algorithmic performance

that can provide additional insights into the approach's effectiveness. The qualitative assessment
focuses on aspects of the search which cannot be described effectively via numeric values. In this
gualitative assessent of algorithm performance, three distinct aspects are explored; visualisation
of the trees, maps of the explored chemical space, and example molecules that have been
generated. The maps of the chemical space explore how different searches exploreshtliffe

regions of the space. Finally, example molecules are drawn from the pool of generated molecules

and include both high scoring and poor scoring molecules.

As 210 searches (10 replicates, three problems, seven different configurations) were run, it is
impractical to visualise all possible searches. Hence, 21 (1 from each problem and configuration) are
selected at random. The tree visualisations are shown only for the aripiprazole problem.
Furthermore, only one example of ablation of expansion (retair¥@is depicted. The remaining

tree visualisations from the 21 randomly selected searches are shoagpendix D

7.3.4.1 Tree visualisation
Each tree is ordered in the following manner. The nodes on each level are sorted by their

corresponding number of visit¥he thickness of each line from the parent node to the child node is
determined by the number of visits to the corresponding child ndde tree layout is computed

using the EoNEpidemics On Networks) pack@igiller & Ting, 2019)The nodes are coloured by

their similarity score to the target molecule with a valueoat being yellow and value of O being

dark purple. The baseline search depicted below shows four levels of the tree; in total, the number
of expansions that occurred is low (5, including the root node). The low number of expansions
suggests that the search is being trapped local optimum, which means that most iterations are
being wasted on returning to the same deadd node. Ablation of selection shows a substantially
larger number of expansions compared to the baseline. Ablation of selection resulted in a random
seart, as highlighted from the quantitative analysis of the tree. However, as there are a large
number of molecules at the first level of the tree the depth reached by the ablated selection tree is
limited. Ablation of expansion shows a tree with more expanehedecules than the baseline. This
suggests that ablated expansion has removed sde@end molecules leading to more

compounds being expanded. However, the ablation of expansion is a random removal of nodes and
key intermediate molecules were also remayand thus the overall performance of the search was
not improved. Ablation of expansion (25% retained) still suffered from many nodes being present in
the first layer of the tree and the tree did not grow deeper. This search was randomly chosen from

the replicates in which the mean depth of ablation of expansion (25% retained) was filenth
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therefore, this example is an outlier. Ablation of simulation generated a tree substantially more
asymmetrical with a deep path down the righénd side of the treeompared to the baseline. The
depth of the tree is greater than that of the corresponding baseline and has higher scores that are
observed at the bottom of the tree as well. Finally, the line thickness is the same throughout all
edges in the ablation of lekpropagation search as no visit count information was recorded. The
shape and overall structure of the ablation of backpropagation tree are the same as the ablation of

selection tree as they are both random searches.

7.3.4.2 Tree search (baseline)

Aripiprazole - Baseline

1.0

o
Auejwis ©

2
IS

0.0

Figure7-27 Tree visualisation of aripiprazole baseline search.
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7.3.4.3 Tree search (ablation of selection)

Aripiprazole - Ablation of Selection

Figure7-28 Tree visualisation of tharipiprazoleablation of selectio

7.3.4.4 Tree search (ablation of expansion)
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Figure7-29 Tree visualisation of tharipiprazoleablation of expansion (25% retained)

135



7.3.4.5 Tree search (ablation of simulation)

Aripiprazole - Ablation of Simulation

L ITRRE N

Figure7-30 Tree visualisation of the aripiprazole ablation of simulation
7.3.4.6 Tree search (ablation of backpropagation)

Aripiprazole - Ablation of Backpropagation
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Figure7-31 Tree visualisation of tharipiprazole ablation of backpropagation
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7.3.4.7 Maps of generated chemical space
Figure7-32, Figure7-33, Figure7-34 below are maps of the chemical space generated for each of the

tree searchesEach figure shows only the molecules generated for that particular problem. The
chemical space maps are generated relative to themselves and therefore only represent the space
that the tree search visits, not the whole chemical space. It is importanote, the distance

between the points does not infer how far away a given point is from another, just that the cosine
distance of the feature vector of a point is greater than 0.15 away. Finally, points can exist beneath
other points; however, this effeds mitigated mainly due to the stochastic nature of how the

PCA/UMAP dimensionality reduction occurs.

First, the map of chemical space for t@egliptin problem shows that the ablation of selection

(ochre), ablation of simulation (purple) and ablatiorbatkpropagation(pink) experiments

generated unique regions of chemical space. The unique regions of chemical space can be identified
by the large clusters of points in a single coldrlationof backpropagation has spread across

almost the entirety of tle generated search space. This would further confirm that the ablation of
backpropagation is a random search due to widespread coverage (exploration) and lack of focus on a
single region. In contrast, ablation of simulation has largely focussed on twmsegfi chemical

space. The two clusters align with the most visited paths in the tree which splits into two deep
subtrees at depth one as shown in the tree visualisatiappendix DThe ablation of expansion
experiments generated some singletons (diskinto all other molecules), which are visible as single
points on the periphery of the visualisatiohhe baseline is not directly visible as other searches

have generated the same molecules.

Second, the map of generated chemical space for the aripipedmas a different structure than the
alogliptin problem.Againthe ablation of backpropagation and ablation of selectiesultsin

molecules spread over the generated space. In contrast, the ablation of simulation generated many
unique singletons. Theargyletons can be seen around the periphery of the visualisation. Many
singletons are due to the deeper search tree having generated molecules that are larger and more
structurally diverse than the molecules generated at the shallower depths of the othertss.

Finally, ablation of expansion generated some unique singletons, which can be seen on the edge of
the visualisation; the baseline is again not visible due to the other searches having generated the

same molecules.

Finally, the generated map ambrisentanshows the ablation of backpropagation spreading out
over the entire search space. This would suggest that all experiments performed poorly as no

clusters are observed except the large central mass. On the other hand, the large number of
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singletonsvisible would suggest that substantial exploration did occur, however, this was

unsuccessful in finding a good solution.

Label
] - @ Baseline
. Ablation of Selection
» Ablation of Expansion (75% retained)
» Ablation of Expansion (50% retained)
¢ - ® Ablation of Expansion (25% retained)
@ Ablation of Simulation
@ Ablation of Backpropagation

Figure7-32 Chemical space of the generated compounds foatbgliptin problem. The searches chosen have been chosen

at random.
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chosen at random.
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7.3.4.8 Molecule examples
In theanalysis of a de novo design algorithm, compounds must be visually inspected. For some of

the ablation experiments carried out in this chapter, the total number of molecules generated was
greater than three million and so it is unfeasible to visualisecatipounds. Therefore, a few
compounds were selected from each of the ablation studies. These are: best compound generated,;
worst compound generated (excluding invalid molecules); and worst compound generated with the
most number of visits (excluding imdlnolecules)Again,only the compounds generated for the
aripiprazole problem are shown rable7-6. Ablation of backpropagation does not have the

minimum most visited compound due to no visit counts being updated in the tree. The rest of the

compounds are shown iappendix E

The compounds generated show several interesting trends. First, all the compounds with maximum
scores for aripiprazole contaieeral fragment substructures present in aripiprazole. This is
promising as it suggests high scoring compounds can be generated; however, they are being lost
amongst poorer scoring compounds. Second, the minimum scoring compounds ar@dbgts

from RVs. These byproducts are generated during the application dRewhich yields a pair of
compounds. These compounds should be removed from the tree as they are not helpful and are not
the intended product from a giveRV. Third, the minimum most visited compounds are compounds
that score poorly yet have been visited nyaimes; these compounds are deadd compounds.

These compounds generally do not yield paths to high scoring regions of chemical space, yet the
search has spent many visits exploring them. An example of ael&hds the acetic acid (example:
baseline mimum most visited). Acetic acid was visited several times during the search yet provided
no benefit to the overall search. Moreover, any compounds generated from acetic acid would have
been synthetically intractable. Interestingly, in the case of the aotedf simulation, the worst

scoring but most visited compound was an intermediate that was chosen, which led to the highest

scoring compound during the search.

Experiment Maximum Minimum Minimum most

visited
Baseline O O
e
\
O

@
QL0 o
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Table7-6 Example molecules found during the replicate search of aripiprazole. The examples are the maximum scoring

molecule, minimum scoring molecule, and the minimum scoring molectrigalised by visit count.
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7.4  Conclusions

In this chapter, several ablation exjiaents were carried out and the results were compared to a

fully operational RVMCTS. The problem type was the rediscovery problem, based on the syntheses
of three known drugs. These were hand encoded from the literature with the req&¥éddded to

a daabase oR\s. The insilico reactions were validated using tR&engine. The ablated

experiments were analysed using three separate criteria: algorithmic performance, computational

resources, and robustness.

Several trends were observed in algorithmicfpemance. First, the baseline RVMCTS had promising
performance acrosalogliptinand aripiprazole. Second, the ablation of selection and ablation of
backpropagation yielded comparable algorithmic performance due to the search reducing to a
random search. ffe greater degree of stochasticity in these random searches led to, in some cases,
better performance than the baseline. Third, ablation of expansion led to an increase in search
instability but also an increase in depth. Finally, the ablation of simulatigperformed the

baseline search due to the ablation of simulation being greedier and growing into deeper regions of
the search spacé\nalysis of computational resources used demonstrated that the full enumeration
at expansion and the simulation wereetlmost computationally expensive steps in terms of both

time and the number of molecules generated. Finally, investigations into the robustness of the
RVMCTS revealed that the removal of nodes during the expansion phase led to the highest increase

in seart instability.

Overallthis leads to several key conclusions. First, a rational method of node selection needs to be
used to prioritise nodes in the tree, as without this, the search degrades to random. Second, the
pruning of nodes from the tree speedp the search. However, there is the risk of removing nodes
that are required to reach the end goal state, which can therefore lead to degraded performance.
Third, removal of the simulation stage does not reduce maximum search performance and
decreased theverall computational expense of the searétawever removal of simulation, made

the search easier to deceive. Finally, ablation of backpropagation yielded the performance of a
random search, and therefore should be maintain€de next chapter further gatores the

simulation module and its influences on the search.

143



Chapter 8Investigations into Simulation

8.1 Introduction

Chapter7 demonstrated that the RVMCTS was a promising algorithm for de novo design. An
essential aspect of the basic MCTS is that scoring occurs via a stochastifirdeptarch to

terminal criteria. This lookahead score is vital as it allows the node to stdogal optima. A key
feature highlighted during the ablatiostudies in Chaptef was the overall computational cost of
simulation. The computational cost of simulation in the search of the RVMCTS is due to it being
implemented as an exhaustive enumenati Therefore, the computational cost of simulation scales
poorly with a large number of nodes in the tree. Hence, in this chapter, the focus will be on exploring
simulation further and understanding how the computational cost of simulation can be reduced.
First, this chapter introduces the basic simulation algorithm and the motivation for using the
simulation stage during the search. Next, the chapter explores different implementations of a depth
first stochastic simulation in the RVMCTS. The final sefdimrses on the experimental exploration

of a machine learninhased simulation in contrast to a stochastic search.

8.2  Simulationthe basic algorithm

As discussed iGhapter6 and summarised here, the basic implementation of the MCTS requires the
use of a radom lookahead. The random lookahead is where the search continues until a terminal
end criterion is reached is the end of a sequence of actions. For example, in chess, it would be the
end of the game (win, loss, draw) whereas in reacbased de novo dégn, it is the molecule at the
end of a reaction sequence. The end state is then converted to a number using an objective score
which is backpropagated up the tree. In the basic MCTS algorithm, three criteria are needed to
perform a simulation: an objec#vfunction; the ability to choose an action; and the terminal

criterion. Ashighlighted inChapter 6 the basic algorithm uses random (Monte Carlo) action

selection during simulation to choose actions.

In the implementation oftte RVMCTS describedGhapger 6, the simulation definitions are the
following: the objective function is the similarity to a goal molecule; the terminal criterion is the
depth one full enumeration from the expanded node; and the ability to choose a random action is
not implementedas a full enumeration is performed. This implementation leads to several issues for
the RVMCTS. First, a full enumeration for a given molecule is expensive to compute because it
requires a scan of all applicalis, then for each applicabR\, a full sca of the reagent pool is
required, and finally, all applicabR\é and corresponding reagents are applied. As all nodes

generated during expansion need to be simulated using an enumeration to depth one, this leads to a
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massive computational expense. Secptik terminal criterion of the simulation should represent
when the search ends, for example, in chess, checkmate is the end of the game. In the RVMCTS,
however, a complete enumeration to deptine does not represent the endpoint of the search.

Third, byusing a depth one full enumeration, the ability of the search to avoid being trapped in a
local minimum is substantially reduced since this requires the horizon of the search to be extended

beyond a single action.

In this chapter, different options formulation are explored in the RVMCTS. The objective function
is constant for all the searches and is predefined before the search begins, however, different

implementations of the terminal criterion and the action generation process are explored.

8.3 Methods

This section describes the implementation of the terminal criterion and random action selection.

8.3.1 Terminal criteria
The terminal criterion dictates when the search will end anbdased on the current state or node

properties For example, in the RVMC@aSerminal criterion is defined based on the molecule and
node properties. An important consideration is that the terminal criterion for simulation should
reflect the final state in the searctvhich inreactionbasedde novo desigis the end product of a
reaction sequence. Thus, if the terminal criterion for tree growth is depth three, i.e., a reaction
sequence with threeteps, this would ideally be true for both the simulation and the tree ithiht

is, states in the search ahld not be generated beyond depthree.

In de novo design, however, terminal criteria are hard to define since the definition of when a
reaction sequence is complete is often not explicitly defined. Furthermore, scoring in de novo design
suffers from twoproblems:incomplete information and is unbounded. That is scoring functions do

not capture perfectly what théinal designed compounds should contafditionally,scoring

functions are often unbounded such that scores can always be impravethany caes, this can

leave further optimisation possible even though the compounds might be-ffirskass". Finally, a
terminal criterion does not need to be a single objective or property and could be more complex

such as a combination of depth, physicocherhizaperties,and score.

In this investigation, the maximum number of reaction steps or maximum depth was used to explore
simulation. For example, for aripiprazole, the maximum depth was three, arairforisentan it

was four.

As stated above, the santerminal criterion was used for tree growth and simulation. This allows

the score from the simulation to reflect the distance from the root to the goal molecule. For
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example, if the terminal criterion is depth three, any molecules generated at depth #reeftagged
to not expand further. Furthermore, if they are selected during the selection phase, then an empty

value is backpropagated, discouraging the node from being revisited in the future.

8.3.2 Choosing a reaction vector and reagent
For a simulation, theezond requirement is choosing a random action from a list of applicable

actions. In the RVMCTS, selecting a random action is nontrivial due to interaction WRN the
databaseand corresponding reagent pool. As highlighted in the literature review and suiseal

here, theR\$ are stored in a database and therefore, to select a ranBahall applicabldR\s must

be found first. Following the database transaction, a sifjfean then be chosen from the list. The
selection of a random applicable reagent iglsly more complex. Reagents are chosen during the
application of theR\, and a random reagent cannot be chosen before application. Instead, all
possible reagents were applied, and a random product molecule was selected. This achieves the
random choice oboth RVand reagent, however, some of the computational benefits of pruning of

the R\ is lost as all applicable reagents still need to be applied.
The routine for the random simulation is shown below:

1) For a given molecule, identify all applicaBles

2) Chase one at random

3) Apply theRVwith all applicable reagents and generate products
4) Choose a product at random.

5) Repeat Steps-4 until the terminal criterion has been reached.

This routine can be called multiple times depending on the numbdesired terminal states.

Finally, if the simulation did not achieve a terminal state due to stedo four failing due to no
molecules being generated, the simulation was reset and restarted from the newly expanded node.
This process was attempted 10énes until the appropriate depth was reached. If this failed, then

the molecule returned a score of zero.

8.3.3 Miscellaneous RVMCTS improvements
From the ablation studies trewide duplicate detection was implemented. Tregde duplicate

detection keeps track of all molecules generated in the tree. If a molecule has been generated
earlier in the search, the duplicate compound will not be addedctliyeo the tree. This
improvement was not tested independently and are seen as improvements for which all searches,

regardless of modifications, will benefit.
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8.3.4 Experimental
Asmall, focussedet of experiments was carried out to test the effectivenesthefsimulation step.

Table8-1 Terminal depth criteria and theumber of simulations. The number of simulations

corresponds to the number of molecul&sble8-1 below outlines the parameters that were tested:

Terminal Criteria Number of Simulations
Depth 3 (Aripiprazole) 1

Depth 3(Aripiprazole) 50

Depth 3 (Aripiprazole) 100

Depth 4 Ambrisentar) 1

Depth 4 Ambrisentar) 50

Depth 4 Ambrisentar) 100

Table8-1 Terminal depth criteria and theumber of simulations. The number of simulations corresponds to the number of

molecules.

Five replicates were run in this experiment, and only aripiprazoleaarigtisentanproblems will be

explored.

8.3.4.1 Number of simulations
The number of simulations was defined based upon the number of molecules achieved at the

specified depth. The number of molecules or endpoints achieved will significantly influence the
accuracy of the average score that the simulation phase will genekataverage score is chosen
due to the simulation being a random process such that it is unlikely that a high maximum score will

be found. Therefore, the following number of simulations/endpoints were explored: 1, 50 and 100.

8.3.4.2 RVMCTS parameters
The same pameters as spefied in Chaptei7 were used to allow for comparison to the baseline.

These parameters are shownTiable8-2 below. The main differenceehne is that the simulation

type, instead of being a depth one full enumeration, is a variable that can be changed.

Parameters Value or Setting

Total Iterations 50

Exploration Constant 0.001

Simulation type Random (predefined terminariterion)
Backpropagation type Continuous

Table8-2 RVMCTS parameters
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Finally, a failsafe mechanism was implemented to prevent overly long searches. A time out of 96
hours (maximum time on the Sheffield HPC facility) was used, at which point the search was
recorded as dailure, and no tree was returned.

An alternative apprachto terminating the searclwould be to limit the total number of molecules
Rather than terminating based on time, the searches could be terminated based on the total
number of generated moleculesokever, this would lead to an unfasomparison as t& number of
iterations would no longer be constant, and thus the number of function calls (in both the expansion

and simulation steps) across experiments would also not be constant

8.3.4.3 Analysis
In Chapter7, a complete analysis was performedunderstand the effect of each component of the

MCTS. In this setting, five measures were explored: solution quality through the maximum score;
solution quality through the mean score; time taken for the search to complete; solution quality of
the exploitaion term of each node; and robustness measured by the standard deviation of

maximum scores. Finally, a general, qualitative assessment is provided by visualising the trees.
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8.4 Results

8.4.1 The maximum score found in the tree

The maximum score is the most important metric for determining if a rediscovery prdidsrbeen
solved.Figure8-1 below shows the maximum score fouidthe tree for each ofhe searches
averaged across five replicates, with the black bar showing the corresponding one standard
deviation of the maximum scores of the searcHasaddition, he baseline and ablation of
simulation results from the ten replate searches carried out in the ablation studie€hapter7 are

shown alongside the results.

The maximum similarity found across the aripiprazole problem was higher than the corresponding
baseline in all casesd the random actiosimulation performe similaty to the ablation of
simulationin Chapter 7 However, thee was nadiscernible difference in performanaeross the
different number of simulationdn the ambrisentanproblem,all results were similar to the baseline;

that is, there was no impvement in themaximum scordor any if the random action simulations

There are twgossible reasons for the invariance of tlesults to thenumber of simulations. The
firstis that due to the large width of the search tree, it is unlikely that sefiiciterations are being
carried out to see the benefits of more gmaints during simulationHowever, aslescribed below
simulation carries a consideraldemputational expensthat would be even greater if the number
of simulations wancreased and would likely inctive 96-hour cut-off. The second aspect is the
limited coverage of thesearch treeln ambrisentan the meanbranching factor for the baseline
search was approximately 175upposea node is currently at deptbne and needgo be expanded
to depthfour. This means that the possible search space beneath the nod&%israpproximately
4.9M endpointsFor 100 simulationshe coverage of the endpoints 190/4.9M or 0.002% of the
total search space. Hence, with such low cagey the possibility of backpropagating a score that
accurately reflects the mean score of all endpoistow. The presence of duplicates further

worsens the poor scoring

The smilar performanceof the random simulations search&sthe ablation of shulation would
suggest that the search is being directed towards the same local optimboth casesEven by
looking several steps past the local optima during simulation, the search still directs itself towards
the local optima. This suggests that thegess of simulation is not mitigating the effects of

optimum trapping entirely. The focus on a single high scoring local optima suggests that the search is
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still selecting greedily and is not exploring enough to visit other paths in the tree. Thisis due
to the lack of differentiation in scores found during the simulation phase but also the low value of

the exploration parameter in the UCT equati@n £0.001).

1.0 Max similarity found (Tree)
0.8 1
0.6
2 Experiment
5 Il Baseline
I [ Ablation of Simulation
) s Simulations 1
0.4 - B Simulations 50
. Simulations 100
0.2
0.0 -

Aripiprazole Ambrisentan

Figure8-1 Maximum score found irhe tree The height of the bar is the mean, the black barslistandard deviation
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8.4.2 Maximum score found in the tree and the simulation
Molecules are generated in both the tree and the simulation phasdFigure8-2 shows the

maximum score foundonsidering bothhe tree andthe simulatiors. However, mcluding the
molecules generated during simulation didt improve the overall maximum scorehis suggests
that random simulations are unlikely to find high scoring compounds due to the large number of

possible compounds that could be generated at the endpoints of the sequences generated in the

simulations.
1.0 7 Max similarity found (Tree+Sim)
0.8 1
0.6
P Experiment
5 I Baseline
= = Ablation of Simulation
0 B Simulations 1
0.4 1 B Simulations 50
mmm Simulations 100
0.2 1
0.0 -

Aripiprazole Ambrisentan

Figure8-2 Maximum similarity found in the tree and simulatidine height of the bar is the mean, the black bars is £ 1

standard deviation
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8.4.3 Average score found in the tree
The average score found in the tree helps understand how the tree has moved through the search

space. For example, high average scores suggest the search has focussed on regions in the search
space with high structural similarity to the goal molecHgure8-3 shows that the average score

with random simulations is improved over the baseliaearipiprazole but not foambrisentan This
would suggest tht in some cases, the average quality of the tree can be improved by using an
average returned from the simulation. Howeviris not possible ta@raw universal conclusiorfisom

these two example problems.

Average similarity found (Tree)
0.5 1
0.4 4
P 0.3 1 Experiment
5 B Baseline
E [ Ablation of Simulation
n B Simulations 1
B Simulations 50
0.2 1 mmm Simulations 100
0.1+
0.0 -

Aripiprazole Ambrisentan

Figure8-3 Average score of the tre@he height of the bar is the mean, the black bars is + 1 standard deviation
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8.4.4 Skewness
Skewness is a measure of the direction of the tail of the distribution. If the skewness is ngbative

tail pointstowards ero. If the skew is positive, the distribution points towamdee. Figure8-4 shows
the skewness of the searché&e simulations returned a positive skewness in all Saseggesting

that the trees have not grown into regions of the search space with high scoring nitdec

Skewness
1.0 A
0.5 A
0.0 1 Experiment
2z Baseline
5 Ablation of Simulation
Simulations 1
-0.5 - Simulations 50
Simulations 100
-1.01
—-1.51

Aripiprazole Ambrisentan

Figure8-4 Skewness of the scores of the tr8éne height of the bar is the mean, the black bars is + 1 standard deviation
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8.4.5 Depth
Depth is a measure of the maximum number of reaction steps reached during the search. Deeper

treesgenerallylead to higher scoring moleculésie to the increased mass as more reactions are
performed Figure8-5 shows the maximum depth reached by the tree. In the aripiprazole problem

the inclusion of the random simulation led to an increase in the overall diepthe specified

maximum of threeA signifiant issue irambrisentan however, is that the maximum number of

reaction steps prevents the tree from finding the goal. This issue is due to three reasons 1) There are
too many molecules at each level of the tree, 2) the scoring is not discrimiresituggh, 3 there

are not enaugh iterations. First, too many molecules mean the tree will naturally grow wide but not
deep. Second, scoring is not allowing enough separation to force the selection to go down the same
path over repeat iterations. Finally, with a wide tree and lackepbsation in the scores, it could

well be that the number of iterations simply limits the tree in its growth. It is important to note that

in the case of the ablation of simulation, the depth that the tree can grow is not limited. In the

simulation experirents, the depth is limited toaipiprazole = 3 andmbrisentan= 4).

Depth

Experiment
Baseline
Ablation of Simulation
Simulations 1
Simulations 50
Simulations 100

Reaction Steps

Aripiprazole Ambrisentan

Figure8-5 Depth of the search tree in reaction stefiie height of the bar is the mean, the black bars is + 1 standard

deviation
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8.4.6 Brarching factor
The branching factor is a measure of the approximate number of child nodes per parent. High

branching factors will lead tmore unsatisfactorgearch performance due to the increase in the
number of decisions to make at each level and the ava&rcomputational expense due to more
molecules needing to be simulate@igure8-6 shows the branching factors for each of the
experiments. For the griprazole problemthere is an increase in the branching facéeross the
problems whereas iambrisentanthe trend of increasing branching factor is not observed. This
increase in the branching factor is likely due to the restricted depth of the setble. search

reaches depthihree in the aripiprazole case, then a zero value is backpropagated, and the visit count
is increased bgne. This encourages the search to explore more nodes at depth two, thus leading to

a more significant branching factor.

Branching factor (# mols)
300 A
250 A
E 200 4
E Experiment
o I Baseline
'E [ Ablation of Simulation
U . .
S 150 B Simulations 1
5 mmm Simulations 50
. Simulations 100
100 A
50 A
0 .

Aripiprazole Ambrisentan

Figure8-6 Branching factor of the tre@he height of the bar is the mean, the black bars is + 1 standard deviation
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8.4.7 Time taken for the search to complete
Time taken is an essential metric famderstanding search performandeigure8-7 shows that the

total time with the simulationss dramatically increased from less than 60 minutes for thediine

for aripiprazole to just under 500 minutes for the simulation with 100 endpoints. The increase in
time for the ambrisentanproblemis even more significant, witthe simulationwith 100 endpoins

case taking upwards of 2500 minutes (41.6 hourgaimplete. The increase in the total time taken
isdue tothe increase in database transactions dhd total number of molecules generated. The
substantially largeincrease in time foambrisentanis becausef the increased depth required (four
comparedto three), which means that more molecules and more database transactions are needed
In addition, he computational cost of simulation for juS0 iterations prevents longer searchiegsm

running,effectively locking the treto its shallow growth

Total Time (Mins)
2500 +
2000
a2 Experiment
< 4
= 1500 B Baseline
g [ Ablation of Simulation
[ B Simulations 1
mmm Simulations 50
1000 A e Simulations 100
500 A
0 .

Aripiprazole Ambrisentan

Figure8-7 Total time The height of the bar is the mean, the black bars is + 1 standard deviation
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8.4.8 Tree size
Tree size is the total number of molecules generated during the search. Tree size will infheence

amount of computational resources used and the total memory that will be alloc&igdre8-8
shows the total tree size for the searches. Bherisentanproblem showed a slight increase in the
overall tree size compared to the baseline. Interestingly the simulation with a single endpoint
yielded a large tree comparable in size to the ablation of simulation. This suggests that the tree

being growns expanding by being directed away from deatl unexpandable molecules.

14000 - Tree size
12000 A
10000
w
< 8000 1 Experiment
3 B Baseline
g [ Ablation of Simulation
S B Simulations 1
s}
6000 A
# B Simulations 50
mmm Simulations 100
4000 A
2000 A
0 .

Aripiprazole Ambrisentan

Figure8-8 Tree sizeThe height of the bar is the mean, the black bars is + 1 standard deviation
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8.4.9 Treevisualisation of the searches
Visualisation of the tree searcheshislpful to interrogate the search performancpialitatively. The

search tree is visualisagingthe same procesas describedh Chapter 7 Just oneeplicateis

shownfor each configurabn and each problem.

8.4.9.1 Visualisation of the aripiprazole searches
The trees show slight variation overall. The main difference is that the total number of expanded

molecules in the single endpoint tree is higher than that of the other two trees. This wogtgest

that overall,the single endpoint is causing more exploration to be carried out. However, a deep
subtree present in all trees can be seen beneath the high scoring intermediate shown on the far
right of levelone. This would suggest that in all sehes, there is some greedy selection of

molecules with high scores; however, as this is only a single replicate on one problem example, it is
hard to generalise from one replicate. Interestingly for the 50 and 100 endpoint trees, there is no
discernible dference in overall tree shape and only a slight decrease in the number of molecules
being expanded from levene. Therefore, it is likely, that the search is getting trapped in a dead

end unexpandable molecule.

Aripiprazole - Simulationl
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Figure8-9 Tree visualisation of aripiprazole simulatibrsearch
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Aripiprazole - Simulation50

Figure8-10 Tree visualisation of aripiprazole simulatib@ search

Aripiprazole - Simulation100

Figure8-11 Tree visualisation of aripiprazole simulatit®0 search
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8.4.9.2 Visualisation of thambrisentarsearches

There are no discernible differences between the searches.
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Figure8-12 Tree visualisation cfmbrisentansimulation1 search
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Figure8-13 Tree visualisation of ambrisentan simulatib@search
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Figure8-14 Tree visualisation of ambrisentan simulatib®0 search

8.5 Conclusions

The random simulation experiments demonstrated that for the RVMCTS, a random simulation does
not provide performance improvements over the baseline (depth one full enumeration). Although a
performance benefit was seen in the molecules generated in thépagipole tree, there was no
improvement when considering molecules generated during the simulation. Moreover, the
performance benefit was not present for tleenbrisentanproblem. The tree visualisations indicate

that the simulations lead to greedier seaes likely due to the additive nature B\ maintaining

high scoring intermediate substructures. A significant issue with simulation is the enormous increase
in the total time taken. This is due to many database transactions and the number of attempts
required to reach the desired number of endpoints (x100). Finally, due to this extreme increase in
the amount of time required to run a random but deeper search,bmberof iterations possible is

effectively capped at 50 iterations reducing the amount efé&fit from reinforcement learning.

In the next section, a machine learning approach to simulation is explored. The machine learning

approach is explored to overcome the computational expense of the simulation step of the RVMCTS.
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8.6 ML-based simulation

Theproblem of computational expense of simulation in the MCTS is not uncommon and in the alpha
zero algorithmgSchrittwieser et al., 202@ilver et al., 2018 regression function was introduced

as a replacement for simulation. Essentially, the simulation score of a node is replaced by a
regression function from a complex deep neural netwdwk highlighted previously, a simulation is
simply a heuristic built "on the fly" through learned experiences. For example, a simulation in the
RVMCTS is designed to estimate the distance of a given molecule to a final goal molecule. From the
experiments in the first part of this chapter, the comptitdal expense of building the classical

random look ahead was considerable. Therefore, either the random look ahestbe replaced

with a computationally less demanding simulation approach, or the number of states to simulate at
each stage needs to beduced. In this section, the use of a machine leariaged heuristic is

explored.

Building an Mibased heuristic function requires large amounts of data. Two approaches have
become popular, offlinMaddison et al., 2015; Nasu, 20E8)d online(Silver et al., 2018; Wang et

al., 2020) When a large corpus of examples is available, offline learning can be used to learn a
heuristic function. Online learning is where an experience buffer is created, and results are added to
the buffer aghe search is run, and a heuristic function is learnt from the buffer. This process is
iterative, with the heuristic function being updated as more data is added to the buffer. Therefore,
the main difference between offline and online learning is thathiearistic function in the offline
approach is learnt once and is not updated. In online learning, the scoring function is learnt over
successive cycles of the algorithm. The replacement of simulation by the machine learning approach

is shownFigure8-15the updated schema of the tree search below.
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Selection Expansion Simulation Backpropagation
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Model

Figure8-15Here is an updated figure of the tree searchther than a random lookahead to set depth. Instead, the node is

passed into the model, and a value is returned. This value is then backpropagated up the tree.

In this work, offline learning is explored and is described in the following section.

8.7 Methods

Bulding a machine learning model to replace the simulation component of the tree search requires
training data. Training data comprises input features and corresponding output variables. The goal is
to learn a function that returns a continuous value regmeting the expected output from a single

depth one full enumerationDepth one full enumeration was chosen for several reasons: 1) It allows
for a comparison with previous approaches 2) The computational expense of traversing a deeper
tree is computationdy expensive. 3) if a large enough sample of molecules is expanded with various
complexity (fragment, lead, drug), then a robust heuristic function can be leafegtefore, an
appropriate output variable needs to be selected. The output variable shautmbtinuous and

bounded between zero and one. Furthermore, when considering the random look ahead approach
explored earlier in the chapter, the value returned from simulation to bardpagate was the mean
subtree that existed beneath the node. Here, sal@ifferent approaches to building a

corresponding output variable are explored, such as Mean, Geometric Mean and Max.
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8.7.1 Building the training data

The following approach is taken to build the training data:
1) Take sSMand apply all possible transformations.
2) The generated molecules are then scored.

3) A group by peEMmolecule is performed computing a given value &t

A visual representation of the above training process is giv&igires-16:

Scoring |——

Scoring g Groupby _’O -------- " @ : O

Scoring }——

@

P9 ¢

Figure8-16 TheSMis expanded. Each product generated is scored. The scored values are then merged using a group by

function. The training data is formed such that therged score is the out variable and ®klis the input features.

8.7.2 Training data generation
300,000 moleales were drawn from ZINC20-stock and expanded to depth one using the

JMedChem 4.5 K seeded database. $kk were 100,000 fragments, 100,000 leads, 100,000 drugs
sampled randomly from ZINC20stock. The expansion was carried out on the Sheffield-high
performance computing cluster (SHARC), the computation was spread out over 200 compute nodes
at once. In total, this generated 32.43M compounds; 427k invalid molecules were removed due to
not being read by RDK&Bkor structure). In addition, 4.25M duphkte SMand product pairs were
removed. This left 27.7M readable products (showFigure8-17).
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“?g'tzft‘:r']es Duplicate SMILES
g (Starting material and
material or Product)
Product)
1 A
Generated Unique Readable
Products > Products »| Products
(32.43M) (32M) (27.7M)

Figure8-17 Workflow to clean generated molecules, 427k invalid molecules removed and dufiicate SMILESMand

product pairs, returning 27.7M products

The 27.7M compounds were then scored using once using the corresponding similarity objective
score. Fdbwing scoring, the data is then grouped ®yland summarised per product scores into
three separate groups (Mean, Geometric Mean and Max). In total, thipqmeessing led to 253k
SMs from the starting dataset of 300k compounds. This process is repfatbdth aripiprazole and

ambrisentanobjective functions.

8.7.3 Model training
Linear regression was used to build the models using the Vowpal Wahkgjtmachine learning

packaggVowpal Wabbit 2021) The linear regression uses stochastic gradient descent to fit the
model. VW is attractive for this problem feeveralreasons: sparse repsentation ancbnline

learning. Sparse representation allows the dataset to be converted into a representation that stores
only the nonzero featuresThis is dondy keeping track of negero values in the input data at each
training stepso that,in the case of large sparse inputs, most of the valaesignored as they are

zera Onlinelearning in this context allows the data to be remut used as training examples

without the need to store the entire dataset in memar@nlinelearning is vital as #llows for larger
feature set sizes to be uselth contrastmore complex models such as decision trees are not
trainable on the large amount of data required to effectively learn the mapping of state to
simulation outcomeas they require operations to beuried out on the total datasetrinally, whilét

is obvioughat there are shortcomings associated with linear models, due to the size of the dataset
and the requirement of training on large dimensional sparse fingerptinésshortcomings are

acceptedandthere are few alternatives without the overhead of more computation.
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The default parameters for the VW linear regression are used and sholiabie8-3 below:

Parameter Value

Training method Stochastic gradient descent with adagrad

Initial learning rate 0.5

Loss function Squared

Table8-3 Linear regression model training parameters

The next step of the model building process is to convert3htnolecules into a machine learnable
representation MorganRDK:it fingerprints were used with lengths 1024, 2048, 48982 and

16384 bits, and with radii two and thre®lorganfingerprints were used as they have demonstrated
competitive performance in a wide range of machine learning téRkbinson et al., 2017Jo

identify the best performindingerprint length and radius, the dataset wslit atrandom into a
training set and a testing set with ratio 90:10, respectively. For the training dafa)d @ross
validation was performed for each fingerprint. The crgatidation results for aripimzole and
ambrisentanmodels are shown iffable8-4 and Table8-5. The values correspond to the meah R
score of the crossalidation along with a corresponding standard deviation with the best values
shown in boldEach fold, tookwo minutes to train utilising atandard consumer laptofintel(R)
Core(TM) i6500U CPU @ 2.50GHz 2.59,BRID GB. Each Rtook approximately 20 minutes to

compute.

Aripiprazole Mean Aripiprazole GMean Aripiprazole Max

1024 bits 2 radius 0.730 + 0.004 0.640 + 0.027 0.640 +0.003

1024 bits 3 radius 0.675 + 0.004 0.572 £ 0.016 0.570 £ 0.005
2048 bits 2 radius 0.769 + 0.005 0.687 + 0.007 0.715 + 0.002
2048 bits 3 radius 0.713 + 0.003 0.622 + 0.009 0.631 + 0.002
4096 bits 2 radius 0.776 £ 0.003 0.739 £ 0.005 0.762 +0.002

4096 bits 3 radius 0.737 + 0.003 0.672 + 0.007 0.693 + 0.005
8192 bits 2 radius 0.787 £ 0.004 0.771 £ 0.004 0.777 £0.002
8192 bits 3 radius 0.746 + 0.004 0.696 + 0.005 0.707 £ 0.006
16384 bits 2 radius 0.795 + 0.003 0.796 + 0.004 0.798 +0.003

16384 bits 3 radius 0.764 = 0.004 0.743 £ 0.006 0.757 £0.003

Table8-4 Mean R values for the 14old crossvalidation with a corresponding standard deviation of the mean

(Aripiprazole).
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AmbrisentanMean AmbrisentanGMean AmbrisentanMax
1024 bits 2 radius 0.643 +0.012 0.581 +0.028 0.493 +0.009
1024 bits 3 radius 0.597 +0.009 0.538 +0.022 0.400 +0.009
2048 bits 2 radius 0.673 +0.007 0.600 +0.017 0.572 +0.011
2048bits 3 radius 0.630 +0.007 0.561 +0.011 0.454 +0.013
4096 bits 2 radius 0.681 +0.011 0.617 +0.013 0.617 +0.014
4096 bits 3 radius 0.623 +0.011 0.536 +0.008 0.532 +0.012
8192 bits 2 radius 0.689 +0.009 0.628 +0.011 0.641 +0.008
8192 bits 3 radius 0.623 +0.007 0.549 +0.005 0.568 +0.009
16384 bits 2 radius 0.700 +0.007 0.645 +0.008 0.689 +0.007
16384 bits 3 radius 0.658 +0.006 0.600 +0.005 0.620 +0.009

Table8-5 Mean R values for the 1dold crossvalidation with a corresponding standard deviation of the mean

(ambrisentar).

After identifying the best Rscore (length=16384, radius 2), the models were then retrained using
the entire training data and then tested on the holdout test set. The performance on the holdout set

is shown in thel'able8-6 below:

Mean GMean Max
Aripiprazole (L6384 Bits,r=2) 0.7%4 0.7% 0.801
Ambrisentan(16384 Bits,r=2) 0.702 0.651 0.680

Table8-6 Fnal trained model Ron test data

Overallthe performance of each validated model is promising. One important consideration when
replacing the simulation is the overall time required to run the search replacement. Using the

holdout test set, an inference time for using the model is measuredsaslddwn inrable8-7 below.

Max(ms) Mean(ms) GMean(ms)
Aripiprazole (16384 1.3+0.5 1.4+0.5 14+14
Bits,r=2)
Ambrisentan(16384 1.3+0.5 14+0.5 1.4+0.7
Bits,r=2)

Table8-7 Mean inference times with a corresponding standard deviation of error.

Considering the validatec?Bnd the corresponding time performance, this replacement for the

simulation can now be integrated into the search.
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8.7.4 Implementation of ML Simulation
¢KS a[ Y2RSt Aa OFfft SR A yiguieRani a vaMalmtumédag v ¢

simulation time, rather than generating molecules via either the full enumeration described in the
previous chapter or the random simulation described earlier in this chapter. This value is then

backpropagated.

8.7.5 Experiments
Three diferent ML models (Mean, GMean, and max) were investigated for &rgpiprazole and

ambrisentanwith five repeats for each run.

8.7.5.1 Search parameters
The same search parameters were used as the lookahead simulation experiments earlier in this

chapter, includig a fixed depthdfipiprazole = 3, andmbrisentan= 4).
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8.8 Results

The results of the searches are compared to the baseline performance of the depth one full

enumeration and the ablation of simulation described in the previchepter.

8.8.1 Maximum score
The maximum score found during the search reveals the overall performance of the tree during the

search Figure8-18 below shows the maximum saofound in the tree. Across th@nbrisentan

problems, there was no significant improvement in maximum score over the baseline or the ablation
of the simulation experiment. In the aripiprazole problem, there was an improvement in the
maximum score seen ovére baseline and comparable performance to the ablation of simulation
experiment. The highest score amongst the ML methods, however, was produced by-tleanilL
simulation. MEMean is where the mean of the child scores are aggregated, and the modehéedtra

to predict the mean score of the parent's children. The highNl#an score is the same as the

ablation of simulation. In practice, the mean of the subtree beneath a given node for the ablation of
simulation (objective function Tanimoto similarity) Mike equivalent to the Mimean predicted

score. Therefore, it is unsurprising that the same maximum scores are observed.

1.0 - Max similarity found (Tree)

0.8 1

0.6 -
> Experiment
5 B Baseline
E [ Ablation of Simulation
7 B ML Simulation GMean
0.4 B ML Simulation Max
B ML Simulation Mean
0.2 -
0.0 -

Aripiprazole Ambrisentan

Figure8-18 Maximum Similarity found during the search. The black bars represksiandard deviation present in the

data. No black bar represents a standard deviation of zero.
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8.8.2 Averagescore found
The average score found during the search helps understand thelbgesadity of the molecules

generated during the searckigure8-19 shows the average similarities of the trees. In the
ambrisentanexample, all ML meitds outperformed the baseline. In contrast, for the aripiprazole
problem, the average score of all Mased simulations is lower than the ablation of simulation. In

the ML Max model, the performance was substantially lower than the ablation of simulaten a

was equivalent to the baseline approach. Suggests that thenlstt. model moves into regions of the
chemical space, which, on average, do not score highly but could give higher maximum scores. The
same trend is also seen to some extent in éngbrisentanproblem; however, the observed

decrease is not substantial.

Average similarity found (Tree)
0.5 1
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Figure8-19 Average score of the tre€he black bars represestl standard deviation present in the data. No black bar

representsa standard deiation of zero
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8.8.3 Skewness of the scores in the tree
The skewness of the scores in the tree demonstrates whether the tree has moved into better regions

of chemical space. A negative value will suggest the distribution has a tail point towards zero, which
is desirable for de novo design as the negative skeplieés higheiperforming compounds have

been generatedFigure8-20 shows the skewness of the distributions of the scores of the searches.

In the aripipazole problem, both the geometric and mean models led to a more negative skew of
the distribution of the scores. In contrast, the Miax model had a more positive skew compared to
the baseline. The MMax model having a more positive skew is not surpgisia the Mimodel is

trained to return the maximum score of the compounds, not improve the average. In the
ambrisentanproblem, the GMean and Mean ML models outperformed the ablated simulation
slightly. This would suggest that more compounds are beingrgéegtwith higher scores. However,
when comparing withrigure8-19, the increase in skew has not yielded a higher mean score for the

ambrisentanML models, just a change in the shape of the distribution.

Skewness
1.0 A
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0.0 A
Experiment
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5 _o5- - Ablation of Simulation
B Simulations GMean
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—1.0 A
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—2.0 A

Aripiprazole Ambrisentan

Figure8-20 Skewness of the scores found in the tfigee black bars presentt 1 standard deviation present in the data.

No black bar represents a standard deviation of zero

171



8.8.4 Totaltime taken for the search to complete
The total time taken for the search to complete is showFRigure8-21 below. As expected, the ML

model performs substantially better than the corresponding baseline. However, there is some
variation across experiments, with the Nlax model taking the longésmount of time. An
increase in time taken can only be due to the increase in the number of molecules generated.
Therefore, the results suggest that the diax model has generated a different tree with more

leaves than the mean and GMean models.

Total Time (Mins)
175 4
150 A
125 A
w 100 1 Experiment
= EmE Baseline
g Ablation of Simulation
= B ML Simulation GMean
751 B ML Simulation Max
. ML Simulation Mean
50 A
25 A
0 - : .

Aripiprazole Ambrisentan

Figure8-21 Total time taken for the search to complete in minufse black bars represestl standard deviation present

in the data. No black bar represents a standard deviation of. zero
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8.8.5 Branching factor
The branching factor is a measure of how many molecules are generat&Mpaolecule. In the

aripiprazole example, the Minax model had the highest branching factor. Compared to the other

two experiments, the high branching factor would suggest that themddx model has yielded a

search that has explored different regions of the chemical space compared to the GMean and Mean
models. This higher branching factor is possible if the higbesting compound is different for Max
compared to Mean and GMean. Imésstingly, this is also true for the MEMean example, which

also generated a different branching factor. In the case of thexdhn model, the branching factor

was low. The Mimax model still had a high branching factor in #mebrisentanproblem compared

to the other search configurations. However, in timabrisentanexample, Mkmean had a slightly

higher branching factor than the MEMean search. Again, this would suggest that different trees

are being grown and that changing the heuristic scoring fonatiill change the type of tree being

grown.
Branching factor {# mols)
600 -
500 A
400 4
" Experiment
© Il Baseline
:E 300 4 [ Ablation of Simulation
I ML Simulation GMean
s ML Simulation Max
. ML Simulation Mean
200 A
100 A
0 .

Aripiprazole Ambrisentan

Figure8-22 Branching factor for the searcffhe black bars represestl standard deviation present in the data. No black

bar represents a standard deviatiohzera
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8.8.6 Depth
Depth is a measure of how many reaction steps are being generated during the $égtech8-23

below shows the corresponding depth whieach of the searches reached. The maximum search
depth in the MEmodel search experiments is restricted for both the aripiprazole (depth=3) and
ambrisentan(depth =4). The search depth in the aripiprazole problems all reached the required
maximum depthHowever, in theembrisentanproblem example, only the MMean model reached

the required depth, the first time this has occurred so far in this work suggesting that the ML model
is providing benefit to the search. The lack of depth means that the otheclsescould not have
solved theambrisentanproblem. The lack of depth has been a consistent theme throughout all

searches carried out in this work and will be addezsmore thoroughly ihapter 9

Depth

Experiment
Baseline
Ablation of Simulation
ML Simulation GMean
ML Simulation Max
ML Simulation Mean

Reaction Steps

Aripiprazole Ambrisentan

Figure8-23 Depth of the searchiThe black bars represesitl standard deviation present in the data. No black bar

represents a standard deviation of zero
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8.8.7 Example trees
Visualisation of the tree searches allows for qualitative intgation of the tree search performance.

Again for this work, one replicate was randomly sampled for each of the six experimental
configurations. First, in the aripiprazole example, the trees show different amounts of exploration. In
the ML-Mean, only one ampound was expanded from deptme, and the rest were expanded at
depthtwo. This suggests that the compound identified at level one was a strong performing
intermediate which led the search to prefer that path greedily. In the@Mean problem, there was
slightly more exploration, with more compounds being expanded on level one of the tree. However,
in the ML:Max problem, a substantial amount of exploration occurred at level one of the tree with

several nodes being expanded.

Interestingly in the MiMax example, the score of the most selected node at level one (thickest line)
was not high scoring in terms of similarity to the goal. The promotion of this node is promising as it
suggests that the Mimax model predictions are nais strongly correlated with th8Ms similarity

compared to the other models.

In theambrisentanproblem, all of the models led to several molecules being expanded atdegel
with ML-Mean model showing the most significant amount of exploitation as #aech descended

into depthfour.

8.8.7.1 Aripiprazole ML Trees
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Figure8-24 Aripiprazole MtMean tree
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Figure8-25 Aripiprazole MEGMean Tree
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Figure8-26 Aripiprazole MtMax Tree
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8.8.7.2 AmbrisentarML Trees

Ambrisentan - Mean

Figure8-27 AmbrisentarML-Mean Tree
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Figure8-28 AmbrisentarML-Gmean tree
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Figure8-29 AmbrisentarML-Max Tree

8.9 Conclusions

In the first part of this chapter, a series of experiments investigated the performance of a random
simulation as part of the simulation component. The searches showed that the random simulation
requireda large computational expense with little overall benefit. In the second part of this chapter,
a machine learnindpased simulation was developed and &dtacross two benchmark problems
(aripiprazole andambrisentar). Overall,the performance of the Mibased approaches produced

faster searchefor all casesvhich were comparable to the performance of the ablated simulation
approach explored during the altlan studies. Importantly the results here demonstrate that it is
possible to learn a heuristic scoring function from generated data. Furthermore, the approach
described here can be further extended to any scoring function (for example, docking) while
mairtaining an adequate constant time per simulation. This is crucial during applications where a
computationally expensive scoring function might be udeédally, significant performance
improvements are not seen for modbhsed methods due to the limited mber of iterations and

the large number of generated molecules. A limitation, of the simulation model approach is that the
selection of the modelsvasbased solely on the?Rnetric which can be limited in some
circumstancesMAE and RMSEere not calculated as it is expected that the de novo design
algorithm will ultimately traverse to regions of the search spacewdtlt the training dataThis was

an oversighthowever,the onlypracticableapproach to assessing the simulation model
performancewould beto select the model based on its combined ability with thee search
methodology. This would be possible by first shufflingttlaéning data, training the model, and then

using it within the search itself. After completing the search, testiperforming moleculewould
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then beused to assess whether the model has performed well. This process would be repeated N
times on a set of training data to assess the model's overall performance. Finally, the model which
yielded the highest performinmolecule when combined with the search would be selectdds
approach would be computationally demanding to perform as for esaciffle of the data, a model
needs to be trained, and then a seareimr Hence, the Rmetric was employed her@nd, althoughit

is limited, itwas shown tgrovideenough assessment of model performance to drive the search to

regions of interest.

The next chapter will explore further modifications of the tree search approach to minimise the

number of compounds generated.

179



Chapter 9 Modifications

9.1 Introduction

The performance of the RVMETvas explored in botGhapter 7and ChapteB. The results suggest

that the RVMCTS can rediscover seeded routes, or generate molecules close to the target molecule,
for some target moleules. However, the RVMCTS had some limitations which can be summarised in
the following two key points: the number of molecules generated was too high; and the selection
component of the RVMCTS was not tuned to force depth in the tree and the generatiore

complex molecules. This chapter consists of three parts. First, an introduction to a series of MCTS
modifications is given along with their implementations. Second, the modifications for the RVMCTS
are tested against two of the validated benchmagkliscovery set described in Chapterinally,

the modifications are combined to form REACTS (REACtion Tree Search) and solve both rediscovery

problems.

Some "universal" modifications were introduced in Cha@esuch as duplicate removal atichited

depth. For this work, those additional universal modifications are maintained.

9.1.1 RWICTS modifications
Modifications to the RVMCTS aimensure that the limitations identified iGBhapter 7 and Chapter

8 aremitigated The MCTS algorithm is a flexibd@dular algorithm separated into four

components: selection, expansion, simulation, and backpropagation, and various modifications are
applicable to each component. Broadly, MCTS modifications are split into two categories: domain
independent modification; and domairdependent maodifications. Domaimdependent

modifications are methods designed to improve the quality of the tree search regardless of the
problem type under investigation. Domailependent modifications seek to improve the quality of

the tree search for on@roblemtype. In both cases, a testing methodology needs to be outlined. As
modifications to the tree search are generally raafditive, it is crucial that testing is carried out
systematically. In this chapter, the modifications showiiafle9-1 will be introduced,

implemented,and tested. The modifications are categorised based on the part of the tree search

which is modified:
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Selection Expansion Simulation Backpropagation

Max-SAUCTLinear ProbabilistidRV None Max Score
cooling) pruning backpropagation (Only
with Max-SAUC)

Max-SAUCT Physchem property
(Geometric cooling) pruning

PUCT (Predictor Local Chemical

UCT) Subspac@runing

Table9-1 Investigated mdifications to the RVMCT&tegorised based on their function

9.2 Methods

9.2.1 Modified selection

Many different approaches can be utilised for selection in the MCTS. Some key considerations need
to be taken into account whemodifyingselection in the RVMCTS implementation. First,

information is backpropagated and, therefore, modification to selectilso leads to modifications

of backpropagation. Second, selection must allow for local optima to be gradually weakened as
better routes in the tree are observed. Hence, the weakening of routes leads to previously
reasonable solutions becoming less favalirebetter solutions are discovered in other paths of the
tree. Third and finally, the selection function needs to be fast to calculate so that the modified

selection approach must not rely strongly upon updating expensive models.

TheRVMCTS investigat@u Chapter7 used the UCT equation derived from the UCB for rauttied
bandit problems. The UCT equation was designed initially for scores of either zero or one (win/loss).

The UCT equation is shown below:
The exploitation term is the average score of subtree that grows beneath the node.
Y6 YOON A€ QODOMEET OO QE ¢

YEYDO U QI VD OO 1 @ & £ 1 AIDIWE &

g - "Yé O"WaE § TBME £ QQ . cl 18 0 & &QD Qi OCEp @i Qe O
0 — e e o]
soorwsﬂﬂQlofmmssQé € 040w QI Qo i
Where:
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0 is the exploration term that is used tane the amount of exploration that occurs during the

search.

Asoutlined previously in Chapté&and summarised here, selection needs to balance exploration

and exploitation of the search space.wihver, it was clear in Chapt@ithat selection failed to work
effectively across the three benchmark problems. Furthermtre ablation study in Chaptér

showed that when the selection component was removed, the algorithm performed better than

with the UCT equation for two of the three problems. The UCT fails to solve rediscovery problems in
reactionbased de novo design for two reasons: the exploitatenm leads the search towards the

node with the highest average score in its subtree rather than the maximum score; and the

exploration term grows faster than the exploitation term.

Considering the first problem, using the average of the subtree forcedésy problemsassumes

that a high average score will lead to the maximum of the search space being found. This assumption
may not be valid whehigh-scoring nodegare hiddenamongst siblings that are poor scoring. This

issue of high average scoring paths surrounded by poor scoring paths iskaeeti limitation of

the MCTS algorithrfBjornsson & Finnss, 2009) An alternative way of framing the problem is that

the RVMCTS will prefer conservative, safe routes in high average regions of the search space rather

than highrisk highreward regions of the search space.

The second issue arises due to thmge number of molecules being generated during the search,
such that the ratio of parent visits to child visits (a crucial part of the exploration term) increases
faster than the average score of the subtree. This imbalance is because many child redeeule
generated during expansion, which leads to the visit count for the parent molecule being large and
that of the child molecule being low. This leads to a bias towards molecules that generate many
children. However, even though was set low to trand maintain a balance of exploration
exploitation in the ablation studies, the parameter is difficult to tune and requires several runs to

identify an optimal value.

Overall, it is challenging to build robust selection functions that balance explor@nd exploitation
across several different problem types. In this work, rediscovery problems are explored; however,
further uses cases need to be considered when designing the selection function. The didfiseky
because de novo design has manglgem types with very little correspondence between them.
Furthermore, de novo design has an infinite supply of problem examples per problem type, and

therefore this further exacerbates the difficulty of building a robust@lind selection modification.
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Three modifications to selection that airevestigatedare described belowMax-SAUCTLinear

cooling);MaxSAUCTGeometric cooling); and Predictor UCT.

9.2.1.1 Max-Simulated annealing UCT (M&AJCT)
Max-Simulated annealing U@Max-SAUC]Tis a new selection fiction derived in this work explicitly

to find the maximum of the subtree while simultaneously reducing the amount of exploration

performed during selectioMax-SAUCTS inspired by SAUCT shown in equafitb)

. SAUCT was derived initially to improve balancing the exploration and exploitation of MCTS in a
domainindependent contex{Ruijl et al., 2014)SAUCincludes an additiondlyterm which allows
dynamic control of the amount of exploration. SAUCT allows for more exploration at the beginning
of the search with the balance shifting to exploitation as the search progresses. This allows greater
depth andhigher overall scores to be achieved in the problem of mathematical expression creation
(Ruijl et al., 2014Max-SAUCTEhown in equatior{ 16) is a further extension of the SAUCT selection
function to include the maximum of the subtree rather than the average of the subtree. The number
of visits is also removed from the first term of tMaxSAUCTo force the search towards the

maximum of the subtree. Furthermore, the second term has been simplified to reduce the impact of

the number of children per parent.

YE OWE § OME £ QQ C o cl ik 6adanQi dpoi o8 ()
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Where"Yis:
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0 is the exploration term set as a constant at the beginning of the search.

Max-SAUCTS then given as:

(16)

Max-SAUCT 0 O 0 o i YQ

One issue with this approach is the rate at which cooling occurs during the search. Originally the
authors of the SAUCT equati¢Ruijl et al., 2014proposed the linear cooling rate. However,
different cooling schedules can be defined and have been extensively explored in the simulated
annealing literaturgd Abramson et aJ.1999) The linear and geometric cooling schedules that are

used here are shown ihable9-2.
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Cooling Schedule Formula

Linear "y YE OGNQI OOEIEITITREDI Do QE ¢
“Yé O@GOQI 00 Q¢ € i
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Table9-2 Different ®olingschedulesnvestigated in MaxSAUCT

9.2.1.2 Predictor UCTPUCT)
A different approach to selection is the Predictd€T (PUCTRosin, 2011)RUCT has found

popularity in the Monte Carlo tree sear®iCTSliterature (Silver et al., 2016s the primary

approach for selection across many domains. PUCT uses the probability output from a model as an
estimate of the strength of a given action. The probability is generated during expansion when a
node iscreated and is based on tt&MandRVcombination used to generate the node. The

probability is annotated to the node. When selection is performed, the annotated probability is then

used as part of 17)

. The probability is not updated after its initial annotation to the node.:

g ey YEOIGDES BAMR ¢ QO o E6 GG OISR B Qe o (1)
506aoni0qsmm ¢ d V'™ 50 a0 Ql End Q
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0 is the exploration constant (set EMG:),E) i FKd is the probability from the model when provided a

given state M) and actionR\j.

0 is chosen as this value as it has been demonstrated to be a theoretical optimum vatue for
(Kocsis et al., 2008jJoreover, the value issed during several other implementations using
PUCTSegler et al., 2018; Silver et al., 2018)

The probability used by the PUCT is generated using a CB model described inds2@&i8helow.

9.2.2 Modified Expansiog Pruning
Pruning is the process of removing nodes or edges from the tree. Pruning is essential as it speeds up

the overall search by reducing the number of nodes pnégethe search tre¢Birmingham & Kent,
1988) Two strategies can besed to reduce the number of nodes in the tree: reduce the number of
actions that can be applied to a node (greuning); reduce the number of states after application of
the actions (post pruning). Furthermore, pruning can be hard or soft. A hard prurevesna node

from the tree, and the pruned node will never be added back to the tree during the search. A soft
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prune removes the node, but the removal is temporary, and the node can-lmrogluced to the

tree at a later stagéBrowne et al., 2012Hard pruning is used this work.

The rationale for focusing on hard pruning is tfadd. First,the combinatorial explosion generated

by the search is huge, as demonstratedhia ablation studiesn Chapter7. Secondsoft pruning

leads to further complexity in how nodes shddide reintroducedo the tree. In the first case, the
ablation studies oEhapter7 demonstrated that ablation of expansion (random pruning) improved

the overall computational time. Therefore, while reintroducing nodes at a later stage may be helpful,
it would prevent deeper trees from being grown due to nodes having to be reintroduced. In the
second case, soft pruning requires both a criterion for removing nodes in the tree and a criterion for
adding nodes back to the tree; hence, although soft prunirgisxciting avenue to possibly

improve the performance of the MCTS, the exceptionally high branching factor found in the RV

search space and the additional algorithmic complexity led to the decision to focus on hard pruning.

Moreover, pruning is sometimeseparated into safe and unsafe pruning. Unsafe pruning is where
nodes are removed from the search tree without guaranteeing that they do not lead to good
solutions. In contrast, safe pruning is when nodes are removed from the tree where it can be proved

that they will not lead to good solutions. In most cases, pruning is unsafe.
The section below describes post pruning andpnening methodologies.

9.2.2.1 Post pruning
The simplest approach to pruning is post pruning, which removes nodes or edges from the tree that

have already been generated. Post pruning allows for a lot of flexibility as it allows for domain
knowledge to be introduced to the search. Similar criteea be used for pogpruning in de novo
design as are used in virtual screening (VS). In VS, the goal is to screen an extensive catalogue of
compounds to identify promising compounds based upon a predefined objective. One of the most
common examples of liga-based VS is negative desigfang et al., 2020yhich attempts to

prioritise compounds based on removing compounds with undesired properties. Lipingki's anl
example of negative design, where compounds are removed that are unlikely to be orally soluble
and bioavailabléLignski et al., 1997)A further example of negative design is the use of
substructural alertgSenger et al., 2016)vhere substructures that are thought to cause unwanted

toxic effects are removed.

In this work, twadifferent postpruning strategies are explored: PhysChem pruning and local

chemical subspace pruning.
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First, PhysChem pruning is based on a fusion of negative desigiifateset al., 2020The basic
principle of constructing this set of rules is to remove molecules that are unlikely to be promising
drug candidates, for example, excessively hetigyible,or polar molecules. The fusion rule is based
on mamum and minimum values of descriptors. The minimum bound of the compounds'
descriptors generated during the search is based on fragment rules anBRelb & Holloway, 2010;
Kelder et al.1999; Lipinski et al., 1997and the upper bound is based on the Beyond rulivef

rulesets(Doak et al., 2015)The physicochemical values selected are showraiie9-3 below.

Descriptor Minimum Maximum
Mass weight 150 1000

cLogP -5 10

HBA 1 15

HBD 0 6

Rotatable bonds 0 20

Number of rings 1 No maximum
TPSA 60 250
Permitted Atom types C,H,O,N,P,S,F,ClBr,l

Table9-3 PhysChemruningmaximum and minimum descriptor values

Second, local chemical subspace pruning (LCS) is based on locally pruning regions of chemical space.
LCS approaches have been used in abased de novo design algorithrgs. Nigam et al., 2021;
Verhellen & Van Den Abeele, 2020hese methodologies remove molecules from the pool of
candidate compounds if they are not best in their local region of chemical space. To do this, an
archive is formed, whiclsibased on a subdivision of descriptor space. Each cell contains the score of
the best compound in that local region of descriptor space. When a molecule is generated, if its
score is greater than the best seen so far for that particular cell in the géscspace, it is retained,
otherwise, it is discarded. This simple local chemical subspace pruning rule has been shown to
improve significantly the overall scores of generated compounds in genetic algorithm based de novo
design and to improve the divergiof the generated populatiofA. Nigam et al., 2021; Verhellen &

Van Den Abeele, 20203 visual description of the process of using chemical subspaces to prune

generated molecules is showin Figure9-1 below.
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Figure9-1 a) A region of descriptor space partitioned into 25 cells. The enagdllis filled with a red dot. The red dot
signifies the highest scoring compound discovered so far in the search. b) a new compound has been generated (blue dot),
and its score is gher than the red dot. Therefore, the blue dot will replace the red:ftite blue dot has replaced the red

dot as the best in the cell.
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Integrating this process into the search is relatively straightforward. At each expansion, each
molecule generated is checked against their corresponding cells. If the generated maldbele i
best in that cell, it will be retained in the tree, otherwise it is discarded. Pruning only occurs during

each expansion phase so that molecules generated in previous iterations are not removed.

The partitioning for the LCS pruning approach is shiovirable9-4 below.

Descriptor Minimum Value Maximum Value Number of partitions
Molecular weight 140 520 20
LogP -0.6 5.6 20

Table9-4 Partitions used during the local chemical subspace pruning

9.2.2.2 Prepruning
Reactionbased de novo design aims to design molecules with predefined properties while proposing

possible synthetic routes. Therefore, in reactiossed de novo design, pgruning can be based on
both synthetic feasibility and the possibility of whetttae compound will lead to high scoring

molecules.

In the RVMCTS implementation, greuning based on reaction feasibility occurs currently viaRhe
selection procesgHristozowet al., 2011; Patel et al., 2009; Wallace, 20E8pmChapter 7, it was

seen that while the selection procedure used in R¥engine is a promising start, the number of
applicableR\s is still too high to search through. Previous work has soughgagamultilabel
classification (MLC) based 8M- reaction class combinations seen in the literature to propose
preferred reaction classd&hiandoni et al., 2020 he retrieval oR\5 is then limited to the

proposed reaction classes only. A practical limitation of this approach, however, is that If the model
does not suggest a reactialass, then aR\s would have to be applied. In the RVMCTS, itis a
certainty that during the search, there will be molecules generated that are outside the domain of

applicability of the model, which will lead to the tree not being pruned as desired.

Figure9-2 below shows a higlevel overview of how th&®Vselection operates. Here tHeMis first
passed into thdRVselect code, which returns the list of applicaB®&s. Then, for each applicabiR
appropriate reagents are found. There are two important points here: 1) the appliablenust
always be determined before the reagents; and 2) the number of applicaatents will likely be

greater than the total number of applicablR\é.
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