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Abstract

We propose a novel machine learning architecture and technique for de novo drug discov-
ery of anti-cancer drugs by using discrete representations of drugs’ chemical compositions
and the transcriptomics of targets. In particular, we generate novel compounds optimized
for high efficacy against specific types of cancerous cells.

First, we train a variational autoencoder (VAE) to convert discrete representations
(SELFIES) of drug-like molecules to and from a multidimensional latent space. By
utilizing the advanced scheduling technique cyclical annealing proposed by Fu et al.,
we avoid VAE posterior collapse. This advancement allows the extraction of highly
meaningful latent features from discrete representations. As proof of the latent space’s
meaningfulness, we discover the distribution of molecules in the latent space follows
a gradient of desirable chemical properties (Quantitative Estimate of Drug-Likeness
and Synthetic Accessibility); i.e. molecules with high values cluster in one region of
the latent space, and molecules with low values cluster in another. These properties
are important criterion for pre-clinical drug discovery and discovering this gradient
allows for efficient optimization.

Second, we train a separate Transformer decoder to map pretrained latent embeddings
of molecules back to their chemical representations. We show that this separate and more
powerful decoder can more effectively and easily map diverse sets of latent representations
back into compounds than the original decoder in the VAE. This essentially turns our
VAE into a highly efficient feature extractor and allows for more exploration of the
chemical space created by the VAE.

Last, having created a highly information-dense latent space model and an efficient
decoder, we jointly train the same VAE model with a separate auxiliary network designed
to predict drug-like molecules’ efficacy IC50) against a particular subset of cancer cell
targets from their latent representations and the transcriptomic profiles of cancer cells.
This joint training causes the latent space to develop gradients for a particular drug-like
molecules’ efficacy (IC50) against these particular targets. We discover that by utilizing
this approach, we can accurately predict IC50 efficacy from VAE latent representations
and transcriptomic data with an overall Pearson correlation of 86.78 on a test set. Using
this approach, we show that by using Bayesian optimization and genetic algorithms,
we can optimize drug-like molecules’ efficacy against a particular cancer target. We
illustrate the usefulness of this approach by generating hundreds of novel potent drug



candidates, optimized for efficacy against a group of sarcoma cells. We verify these novel
candidate drugs by comparing them to existing compounds with known efficacy against
corresponding cancer type. We give an example an optimized drug:

CCC1=C2C=C(C=NC2=NC3=C1ON4C3=CC5=C(C4=O)COC(=O) C5(CC)O)C

We wish for our approach, which leverages the latest improvements in text generation
from natural language processing, to be a step toward improving success rates of targeted
and personalized drug discovery against cancers.
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1
Introduction

1.1 Motivation

Every nine years since the 1950s, the United States Food and Drug Administration (FDA)

has approved half as many drugs per billion USD invested, than in the previous nine

years. In the last few years, fewer than 0.01% of proposed candidate drugs have obtained

market approval (with often a 10-15 year market release cycle) [56]. Discovering and

screening new drugs has thus become extremely dif�cult. Compounding the dif�culty

of obtaining regulatory approval, the chemical space of bioactive drug-like compounds

contains approximately1030 � 1060 different molecules [48]; �nding and screening new

drugs by enumeration is computationally impossible. Finding new compounds with

high ef�cacy and low toxicity has thus become a key bottleneck in drug research and

development [67]. One of most expensive and time-consuming processes, in particular,

is the discovery of new anticancer drugs. Over 34% of drug companies' investment

funds go toward the development of anticancer compounds [38]. Thus, being able to

design and create anticancer drugs more effectively could both speed up research, save

billions of dollars, and save lives.

At the same times as this slowdown in drug research ef�ciency, the �eld of machine

learning has blossomed over the past ten years. New approaches have enabled signi�cant

advances into how to better design compounds tailored to speci�c diseases. Geeleher

1



1. Introduction 2

et al. [21] showed that by taking transcriptomic data (DNA expression), researchers

could accurately predict cells' sensitivity to particular drugs. Gómez-Bombarelliet

al. further demonstrated that compounds could be represented continuously in a latent

space and optimized for speci�c properties using machine learning approaches [24].

Manciaet al. [41] further illustrated that machine learning could be utilized to predict

a drug's ef�cacy against speci�c genomic pro�les by using a subset of genes. Finally,

Pu et al. [49] showed the public datasets of available drugs can be used to estimate

a drug's probability of being toxic. These approaches have bolstered the promise of

personalized drug therapy [41], faster drug discovery, and more ef�cient drug screening.

They have illustrated that by combining information about the molecular structure of

compounds, the genetic information and data about drug responses, novel compounds and

even optimized drugs can be automatically designed and screened for toxicity, reducing

one of the major bottlenecks to drug development.

Given these novel approaches to drug discovery, this work focuses on developing a

novel approach to designing new anticancer compounds, optimized for high ef�cacy and

low toxicity, and targeted at speci�c genomics pro�les. By utilizing the latest develop-

ments in machine learning, we show how a variety of these methodologies can automate

discovery of drugs, personalized medicine, and speed up the drug discovery pipeline.

1.2 Related Work

The closest analogue of our work isAutomatic Chemical Design Using a Data-Driven

Continuous Representation of Moleculesby Gómez-Bombarelliet al. [24]. Gómez-

Bombarelliet al. utilized a variational autoencoder to convert discrete representations of

compounds to and from a continuous latent space. By training an auxiliary network to

predict desirable properties like aqueous solubility during training, they managed to shape

the continuous representation of molecules effectively to have gradients in directions of

desirable properties (i.e. drugs with a given property were all in one part of the latent

space, while those without it were in another). Gómez-Bombarelliet al. then optimized

speci�c desirable drug-like properties in order to generate promising drug candidates.

Grechishnikovaet al. [25] used an alternative approach based on machine translation.
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They attempted to decode speci�c drug compounds by performing translation from the

amino acids of target proteins to speci�c drugs. (Amino acids are the building blocks of

proteins, which together with peptides, DNA, RNA, lipids, sugars, metabolites, and other

molecules make up the cell [45].) Aumentado-Armstrong [3] optimized the latent space of

a variational autoencoder to generate molecules with high binding af�nity to target speci�c

protein sites. Mendez-Lucioet al. [43] used a generative adversarial network (GAN) to

design novel compounds against desired targets, represented by their gene expression

signatures. We note here (because their approach is similar to ours) as does Bornet al.[10],

there exists a major issue with this approach. Over 97% of anticancer drugs fail in clinical

trials. Often the mechanism suspected for providing a drug's ef�cacy is incorrectly

identi�ed. Lin et al. [36] further showed that in ten drugs in ongoing trials, all of the

proposed modes of action were inaccurate. This undermines the approach of using target

identi�cation for the discovery of potential drug candidates. Finally, Bornet al. [10] used

reinforcement learning and transcriptomic data to optimize and bias compound generation

from a variational autoencoder to be effective against individual cell lines.

1.3 Contribution

In this work we seek to generate novel anti-cancer drug candidates,in silico, aimed at

speci�c cancer cell targets and then optimize them for high ef�cacy and screen them for

low toxicity, alsoin silico. To do this, we utilize a variational autoencoder to create highly

meaningful representations of chemical compounds in a continuous low-dimensional

space. From these representations we predict several desirable properties including

QED (quantitative estimate of drug-likeness); solubility in water (logP, or the base-ten

logarithm of the water-octanol partition coef�cient); and solvent accessible surface area

(SAS). In addition to calculating these important drug properties, we then seek to shape

the latent space of our variational autoencoders to be responsive to the transcriptomic

pro�le of given cell lines (i.e. compounds with low ef�cacy are in one area of the latent

space, while those with high ef�cacy are in another). Using this shaped and highly

information-dense latent representation, we seek to predict compounds' toxicity and

ef�cacy (asIC50) on an individual cell line conditioned on its transcriptomic pro�les.
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Finally, we seek to optimize compounds' ef�cacy against individual cancer cell lines

and against particular types of cancer using a genetic algorithm. This work is sectioned

then into �ve main algorithmic components.

First, we train a variational autoencoder to take discrete chemical representations of

drug compounds to and from a latent space. Our variational autoencoder further uses

several techniques to ensure the high information density of the latent space. We utilize

specialized annealing schedules and implicit latent codes. Recent works have shown these

techniques to vastly improve the information density of latent spaces. We furthermore

seek to shape the latent space of our variational autoencoder to create a gradient for the

ef�cacy of chemical compounds against particular cell lines. This allows us to predict

ef�cacy values more effectively downstream from the latent space and to optimize our

proposed novel chemical compounds more ef�ciently. As far as we know, we are the

�rst to shape the latent space of a variational autoencoder speci�cally to have a gradient

for the ef�cacy of chemical compounds against particular cell-lines.

Second, we train a specialized transformer decoder to take pre-trained embeddings

of compounds from the latent space back to their corresponding discrete chemical

representations. This approach enables more locations of the continuous latent space

to be accurately decoded back to discrete representations. As far as we are aware, we

are the �rst to do this within this context.

Third, we develop a novel architecture to predict the ef�cacy of proposed compounds

against particular cell lines. We take a compound's latent space representation, which is

informationally dense and the transcriptomic data of cell lines, outputting the ef�cacy

of the proposed drug.

Fourth, we develop a means of predicting the toxicity of compounds from their latent

space representation using an ensemble of different machine learning algorithms including

random forests, extra-trees, and quadratic discriminant analysis.

Fifth, we use both Bayesian optimization and a genetic algorithm to optimize proposed

anticancer compounds. We show that by using our predictor of a candidate compound's

ef�cacy against a particular cell line, we can move within the latent space to make

it more potent. Utilizing our more powerful decoder, which is able to decode more



1. Introduction 5

places within the latent space, we can �nally obtain highly potent and specialized novel

compounds. We then apply this same approach to �nd new compounds that are designed

to be effective against particular types of cancer/histologies and cancer sites (i.e. lung,

breast etc). We �nally rank our novel compounds using their ef�cacy against particular

cell lines and against speci�c histologies.

We show in this work the high probability of personalized medicine and how machine

learning and novel statistical techniques can be used ef�ciently to discover and screen new

drug candidates. Our work can be used for a variety of purposes most notably specialized

medicine. Because we utilize the genetic information of particular patient's cells, novel

proposed drugs can be developed speci�cally for given patients. Most importantly our

approach can be used to generate a plethora of novel drug candidates by aggregating

large batches of patient genetic data. New drugs can be designed to target speci�c types

of cancer and screened ef�ciently and easily using our method.



2
Background

2.1 Introduction

First, we give background on drug discovery. We further discuss several recent develop-

ments in the �eld ofin silico (by use of computer) drug discovery. We then showcase

machine learning frameworks that have been developed to assistin silico drug discovery.

Second, we give an overview of the main machine learning technique that we utilized

in this work: variational autoencoders. We elaborate on the details on how we solved

a major issue for variational autoencoders:posterior collapse.

Last, we give a brief overview of several machine learning algorithms that we used

to predict various quantities and characteristics of chemical compounds.

2.2 Drug Discovery

Eroom's Law states that, since the 1950s, the productivity of the drug discovery pipeline

(measured by the number of FDA approved drugs per invested USD) halves every nine

years [57]. Less than0:01% of synthesized drug candidates obtain market approval

and these compounds often have a market release schedule of 10-15 years. Costs have

risen in tandem with this productivity slowdown, ranging from one to three billion

USD per drug [56].

6



2. Background 7

Decision Point Criteria for Decision Evidence Used
Choice of Disease Patient Need; Commercial AspectsStatistics on disease dis-

tribution
Target Selection "Validated target" (.i.e. druggable) Biological studies
Screen library assemblyChemistry with no liabilities, ease

of synthesis
Cheminformatics analy-
sis of chemical space

Assay development Predictivity; reproducibility; price Experience of biologists
Screen/hit list triaging Data quality; certainty of TPR and

FPR
Experience of screeners

Lead Optimization On-target and Off-target activities;
pharmacological properties

Gene-expression arrays;
more complex assay sys-
tems

Pre-clinical studies Ef�cacy and side-effects Animal experiments
Clinical studies Ef�cacy and side-effects Large human testing
Approval Ef�cacy and side-effects Results from pre-

clinical and clinical
studies

Table 2.1: Some of the typical decision points in a drug discovery project. This chart illustrates
the many points of failure in drug discovery [65]. This work focuses on thelead optimization
stage.
As seen in Table 2.1, there are a many stages at which a promising drug candidate can fail.

The lower ef�ciency of drug discovery though has been attributed to the high dropout

rate of candidate compounds in some of the early stages of the pipeline. Drug candidates

must be properly screened in earlier phases; therefore ADMET (absorption, distribution,

metabolism, excretion, toxicity) assessments and high-throughput screenings are essential.

Already 97% of anticancer candidate drugs fail in clinical trials in the USA and never

receive approval, which further emphasizes the need for more intensive screening. The

costs of the latter clinical phases are simply overwhelmingly prohibitive and any tougher

pre-screening approach that reduces these failures' number is imperative.

A major issue in pre-screening is the exploration of chemical space which is estimated

to contain� 1030� 1060 drug-like molecules with bio-active properties. Finding a method

of effectively exploring this chemical space and pre-screening the molecules has thus

occupied a great deal of research.

2.2.1 Desirable Drug Properties

We present background on four different criteria used to determine the promise of a

drug: logP, QED, SA score, andIC50.
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Water-octanol partition coef�cient: logP

People often prefer to take a pill rather than have an injection. The partition coef�cient

(P) gives the propensity of a 'neutral compound to dissolve in an immiscible biophasic

system of lipid (fats, oils, organic solvents) and water [7]. Accordingly, it measures

how much of the compound dissolves in the water portion versus the organic portion of

the solution. A negative value means that a compound is hydrophilic (dissolves more in

water). A positive value indicates that the compound is lipophilic (dissolves more in the

lipids). Using log of this value (logP) as a shorthand, researchers can determine whether

a substance can be absorbed by humans or other types of living tissue.

Drug candidates are often screened by their computed logP value. In general, a

compound intended for oral administration should have a logP less than 5 [9].

Quantitative Estimation of Drug-likeness: QED

The Quantitative Estimation of Drug-likeness or QED is a score used to evaluate a

drug-like compound's favourability. Before the advent of this score, drug-likeness was

normally assessed using Lipinski's Rule of Five [9]. Lipinski's Rule of Five states that

a compound is unlikely to exhibit desirable absorption or permeation when two of or

more of the following are ful�lled:

1. the molecular weight is greater than 500 Da (Daltons).

2. the calculated logP is greater than 5.

3. there are more than 5 hydrogen-bond donors or the number of hydrogen-bond

acceptors (N and O atoms) is greater than 10.

However, in the past, Lipinski's rule caused researchers to �lter out promising candidates

and sometimes future treatments. In response QED was proposed as a quantitative

measure of several multidimensional criteria to assess a compound's drug-likeness. QED

values range from 0 (all properties unfavourable) to 1 (all properties favourable) [9]. For

more information on its exact calculation see [9].
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Synthetic Accessibility Score: SA Scores

Synthetic Accessibility Score measures the ease of synthesizing a particular compound.

Developed by Ertl and Schuffenhauer, SAS combines information about the chemical

fragments within individual compounds and experimental data of synthesized com-

pounds [16].

In order to build the criteria for SA scores, a subset of 1 million compound structures

from the online database PubChem [32] were fragmented into their components. These

fragments were then scored according to their frequency of occurrences, with the most

frequently occurring receiving the highest scores. In addition to these fragment counts,

other factors such as ring complexity are considered in formulation of the score [16].

SA scores are on a scale of 1 to 10, with 1 being readily synthesized and 10 being

nearly unsynthesizable [16].

Half-Maximal Inhibitory Concentration: IC 50

The half-maximal inhibitory concentration orIC50 is a measure of a drug's ef�cacy. It

measures how much of a drug is needed to inhibit a biological process by 50%.IC50 is

thus an excellent measurement of a biological process's sensitivity to a given compound.

For cancer research especially,IC50 values provide a valuable way of examining a drug's

potency [4].IC50 are given in molars (M). Potent inhibitors are those withIC50 values

on the order of10� 9 M (i.e. nM), OftenIC50 values are converted to the negativelog10

scale: (pIC50) for simplicity. However, in this work we uselog10 IC50 in order to be

consistent with previous works that predictIC50 [41, 13].

Tanimoto Similarities

Separate from the above four drug properties, chemists often want to know the similarity

between two compounds. Chemists and researchers often use a similarity measure

called the Tanimoto similarity between the chemical �ngerprints of two molecules [5].

Fingerprints are an abstract way of representing certain chemical structural features of

molecules [14, 55]. Researchers generally consider two structures to be similar if their

Tanimoto similarity is greater than 0.85 [14]. Tanimoto similarities generally use Daylight
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�ngerprints (�ngerprinting techniques developed by Daylight Chemical Information

Systems Inc. [14]) to calculate Tanimoto similarities.

In addition to the above four characteristics and Tanimoto similarities, researchers

also must understand biological environments into which drugs are placed. One of the

most important aspects of these environments in humans is gene expression. A measure

of this expression is given by transcriptomics.

2.2.2 Transcriptomics

The human genome is made up of deoxyribonucleic acid (DNA), long double-helical

molecules that contain information about how to create and maintain the functionality

and structure of cells [63]. Speci�cally, the instructions within DNA consist of four

different chemicals: cytosine (C), guanine (G), adenine (A), and thymine (T). These

four chemicals are repeated in different orders and lengths creating 20,000 to 25,000

different genes in humans.

However, DNA must be read and transcribed into ribonucleic acid (RNA) for its

instructions to be carried out. The transcribed gene readouts or RNA are called transcripts

and the transcriptome is the collection of all the RNA in a cell [63]. A particularly

important type of RNA is messenger RNA (mRNA). mRNA transcripts are delivered

to ribosomes (molecular structures in a cell) that then translate the mRNA in order to

assemble building blocks called amino acids into structures called proteins.

The transcriptome mirrors the sequences of DNA from which it was transcribed.

The level or amount of the RNA transcripted indicates a particular gene's activity- also

known as its gene expression [63]. By analyzing the transcriptome of a cell, researchers

can thus determine whether a particular gene is turned off or on and the particulars

of the cellular environment.

Transcript pro�ling or transcriptomics is a technique that obtains information on the

frequencies of particular mRNA transcripts in cells [23]. The two main techniques used

in transcriptomics aremicroarrays, which quantify a set of predetermined sequences, and

RNA-sequencing, which useshigh throughput sequencesto capture all sequences [39].
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See [39] for more details about transcript pro�ling techniques. Our work focuses on

transcriptomic data collected through RNA-sequencing.

Increasingly researchers have used transcriptomic data for characterizing the biologi-

cal effects of small molecule drug candidates. De Wolfet al.[15] in particular successfully

showed that the transcriptomic pro�le, acting as a metabolic signature, can be used forde

novodrug identi�cation. Bornet al. [10] showed that through reinforcement learning,

drug generation in the disease context represented by a transcriptomic pro�le can produce

higher ef�cacy drug candidates. Transcriptomics have thus been used extensively to

screen drug candidates. Like Bornet al. [10], we will propose a framework to generate

novel drug candidates based solely on a tumour's metabolic signature (as opposed to

targeting or incorporating information about potential targets into the design process),

represented by the transcriptome of a cell.

In order to represent and generate drug candidates, we required a means of dig-

itally specifying their chemical structure. We turned to SMILES (and its variants

for this purpose).

2.2.3 Simpli�ed Molecular Input Entry System (SMILES)

SMILES [58] is a line notation for representing molecules and reactions. For example,

"CC" represents the compound ethane.

Chemical SMILES DeepSMILES SELFIES
Ethane CC CC [C][C]
Carbon Dioxide O=C=O O=C=O [O][=C][=O]
Benzene c1ccccc1 cccccc6 [c][c][c][c][c][c][Ring1][ Branch11]
Acetic Acid CC(=O)O CC=O)O [C][C][Branch13][epsilon][=O][O]

SMILES are fairly compact compared to other ways of representing a compound's

structure. Despite their relative ease of use, generative machine learning models often

have dif�culty with them. The generated SMILES strings can often be syntactically

invalid. As a result of these issues, two additional methods of representing chemicals

for the purpose of machine learning were developed.
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2.2.4 DeepSMILES

DeepSMILES [46] are an alternative line notation for representing molecules built for

machine learning. DeepSMILES speci�cally address two issues that SMILES strings

encounter in generative models. First, DeepSMILES syntax avoids the problem of

unbalanced parentheses by only using close parentheses. Secondly, DeepSMILES

avoids the issue of pairing ring closure symbols by only using a single symbol for

ring closures. DeepSMILES strings can be directly translated back and forth to their

corresponding SMILES strings.

2.2.5 Self-Referencing Embedded Strings (SELFIES)

SELFIES [34] are alternative string-based representations of molecular graphs that are

100% robust. Namely, each SELFIES string corresponds to a valid molecule. (We note

that while all SELFIES correspond to avalid molecule, many of thesevalid molecules

are not chemically viable [34]. SELFIES encode branch length as well as ring size in

correspondingBranchandRingidenti�ers, allowing for 100% robust representation.

2.2.6 SPVec

Although we do not use it within our work, SPVec [70] is a Word2Vec [44] inspired

manner of representing SMILES in a continuous space. Based on a Skip-gram model

implemented with negative-sampling [70], SPVec manages to project compounds to a low

dimensional space where biophysical and biochemical properties can be easily predicted.

We leave incorporating SPVec into this project as future work.

After representing drug-like candidates using SMILES and its variants, we needed

a means of representing molecules in a continuous space in order to optimize them for

drug discovery. Variational autoencoders, a machine learning technique, are a known

algorithm of reducing the dimensionality of data to a smaller continuous space.
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2.3 Variational Autoencoders

Neural Networks can de�ne a probabilistic model for nonlinear dimensionality reduction.

One of the most popular and useful examples of thesedeep generative modelsis the

variational autoencoder (VAE).

A variational autoencoder model encodes points,X, with dimensionalityp into latent

variables,Z, with dimensionalityk < p, with Z having a given priorp(z). This joint

probability can be written asp(X;Z) = p(XjZ)p(Z). With this formulation, new points,

Xi, can be generated in the following way:

1. Draw a latent variableZi � p(Z).

2. Draw a datapointXi � p(XjZ).

The goal then of the variational autoencoder is perform posterior inference over the

latent variables given observed data to recover good approximations of points simulated

as latent variables:

p(ZjX) =
p(ZjX)p(Z)

p(X)
(2.1)

Unfortunately, performing this calculation is intractable. As a result, variational autoen-

coders approximate the posteriorp(ZjX) using a neural network. This work is done by

anencoderneural network. The encoder, a neural network parameterized by weights

q takes input points datapoint,Xi, outputting their latent representation,Zi. Each latent

variableZi has a standard Gaussian prior:

Zi � N(0; Ik)

The encoder is thus denoted asqq (ZjX). Using theq-parameterized encoder's vari-

ational distributionqq (ZjX), the variational autoencoder thus approximatesp(ZjX) µ

p(XjZ)p(Z).

Thedecoder, another neural net, performs the second half of calculations for a VAE.

Parameterized by a different set of weightsf , the decoder takes in a latent variable,Zi,



2. Background 14

outputting a reconstruction,̃Xi, of Xi. The decoder is thus denoted aspf (X̃jZ). The key

insight is that the generative decoder can be nonlinear and non-Gaussian.

X̃i jZi � pf (�jZi)

The decoder thus tries to maximize the marginal data log-likelihood,EX� D[logpf (X)],

minimizing the reconstruction error.

The VAE thus must learn to encode and decode points to and from a latent space.

However, while training the VAE, its training algorithm must ensure that the encoder

properly approximates the true posterior,p(zjx). To do so, the VAE algorithm utilizes

the Kullback-Leibler divergenceKL(qq (ZjX)jj p(ZjX)) , which measures the information

loss when usingq to approximatep. As noted before, this is intractable, so this value

is approximated using the evidence lower bound/variational free energy (ELBO). The

ELBO in a latent variable modelp(X;Zjq) is de�ned as:

Ex� Dlogp(x) � L 1 = L 2 (2.2)

with:

L 1 = Ex� D[Ez� qq (zjx) logp(x)]+ Ex� D[� KL(qq (zjx)jj p(z))] (2.3)

and:

L 2 = Ex� Dlogp(x) � Ex� DKL(qq (zjx)jj p(zjx)) (2.4)

L 1 consists of the reconstruction error term and a KL divergence regularization term.

The �rst term is the expectation of reconstruction loss (log-likelihood) over the encoder's

distribution of latent representations Z. The Kullback-Leibler (KL) divergence regular-

ization term is between the encoder output,qq (ZjX), and the prior,p(Z). As noted, the

prior, p(Z), is ordinarily chosen as a standard Gaussian. This term penalizes the encoder

output if the latent representation,Z, is signi�cantly different from the standard Gaussian

distributions. This KL term causes similar inputs,X, to have similar representations,Z,

in the latent space. This effectively balanced the goals of the encoder and decoder.

The alternativeL 2 formulation indicates that the variational autoencoder requires a

�exible encoding distribution family to minimize the approximation divergence between

the true posterior and the best encoding distribution.

To train the VAE, a stochastic algorithm thus optimizes this ELBO.
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2.3.1 Posterior Collapse

With theL 1 formulation, the VAE objective consists of two terms (1) reconstruction and

(2) KL regularization. These terms are often balanced by a weighting hyper-parameter,

b . However, during training, the KL-term often tends to vanish as the latent space

comes to match its prior.

Posterior collapse occurs when the latent space variational distribution nearly matches

its prior [40]. As a result of this phenomenon, the variational autoencoder generative

model learns to disregard a subset of the latent variables. The model essentially learns

to predict and "know" what the other latent dimensions are from one or two dimensions

of the latent representation. The latent variables thus become uninformative. Posterior

collapse reduces the capacity of the generative model, in effect making it impossible

for the decoder to utilize the content of the latent dimensions. Posterior collapse is

caused by the KL-divergence term in the ELBO objective because it actively encourages

the variational term to move towards zero, making the latent codes match the prior.

Furthermore, powerful decoders can often disregard sections of the latent space in order

to decode the variables, further encouraging the latent variables to match the prior. In

our work, this causes latent codes to match a Gaussian prior:

9is:t:8x qq (Zi jXi) � N(0; Ik)

Using the true posteriorp(ZjX), this can be written as:

9is:t:8x p(Zi jXi) � N(0; Ik)

2.3.2 Cyclical KL Annealing

Posterior collapse can prevent the VAE from learning informative latent codes. For this

reason, slowly increasing theb hyper-parameter during training is often used. This

approach is known asannealing. However, if trained for multiple epochs, the KL-

term can often still disappear.

In 2019, Fuet al. [20] proposed a cyclical annealing schedule, which repeats the

process of increasingb multiple times. "This process encourages the progressive learning
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of more meaningful latent codes, by leveraging the informative representations of previous

cycles" [20]. This approach was validated on a broad range of natural language processing

(NLP) tasks, illustrating its usefulness.

Figure 2.1: KL Regularization term in Cyclical Annealing. Figure from [40].

2.3.3 Implicit Latent Codes

The implicit deep latent variable model is another approach to posterior collapse advocated

by Fanget al.[17]. This approach seeks to create smooth latent structures to guide

generation and to discard the limitation of utilizing a Gaussian distribution for the

prior of the latent space. This approach speci�cally uses a sample-based representation

of variational distributions to createimplicit latent features, which provide �exible

representations compared to Gaussian-based posteriors.

Implicit Representations

Instead of assuming an explicit prior over the latent distribution,qq (ZjX), a sampling

mechanism represents a set of samples,f ZX;igM
i= 1, through the encoder as:

Zx;i = Gf (x;ei);ei � q(e) (2.5)

where thei-th sample is drawn from a separate neural network,Gf ,that takes(x;e) as

input; ei is a sample fromq(e), andq(e) is a simple standard Gaussian. To combine

the noise with the input sequence,x, ei is appended with a hidden representation of the

sequence,x, generated by the encoder. Fig. 2.2 illustrates this.
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Figure 2.2: Diagram illustrating the network structure of the implicit latent model VAE. Figure
from [17]. Xi are time-series inputs at timei, hi are hidden states computed by the model for
time stepi. For details on multi-layer perceptrons (MLP), Long short-term memory (LSTM) see
Section 2.4.

Dual form of KL-Divergence for Implicit Representations

The implicit representations de�ned by Equation 2.5 cause issues during training as the

KL term is no longer tractable. However, by optimizing the KL divergence dual form

based on the Fenchel duality theorem [54], this issue can be circumvented:

KL(qq (zjx)jj p(z)) = maxnEZ� qtheta(ZjX)ny (X;Z) � EZ� p(Z)exp(ny (X;Z)) (2.6)

whereny (X;Z) is an auxiliary dual function parameterized by a neural network with

weights y .

After replacing the KL term with the dual form, the implicit variational autoencoder

has the following objective:

EX� D[Esimqq (ZjX) logp(X)] � EX� D[EZ� qq (ZjX)ny (X;Z)]+ EX� D[EZ� qq (ZjX)ny (X;Z)]

(2.7)

As noted in Section 2.3.1, the main issue with VAEs is posterior collapse. To better

regularize the space, Fanget al. further proposed replacing the KL-divergence term,

EX� D � KL(qq (ZjX)jj p(Z))] with:

� KL(qq (Z)jj p(Z)) (2.8)

whereqq (Z) =
R

q(X)qq (ZjX) is the aggregated posterior andq(X) is the empirical data

distribution of the training dataset. The integral can be estimated by �rst samplingx and

then samplingZi � qq (Zi jXi). By using Equation 2.8, the variational autoencoder works

to represent each point,Xi, as a local point in the latent space such that the aggregated

latent points,Z, match the prior.
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This approach coincides with Zhaoet al.'s [71] approach where mutual information

is introduced into the optimization process. We do not present the proof of their result

here, showing only the useful (relative to our work) aspects of their work. Based on

their decomposition result we see:

KL(qq (z)jj p(z)) = I(x;z) � EXKL(qq (zjx)jj p(z)) (2.9)

whereI(x;z) is the mutual information betweenZ andX under the joint distribution

qq (X;Z) = q(X)qq (ZjX). The objective in Equation 2.7 thus also maximizes the mutual

information between data pointsXi and their latent featuresZi.

2.4 Additional Machine Learning Algorithms

We use a host of other machine learning methods within this work to predict toxic-

ity, to better control the latent space, and to optimize the properties of newly found

chemical compounds.

2.4.1 Machine Learning for Manipulating the VAE Latent Space

We �rst present several machine learning algorithms that we used to map discrete

representations of chemical compounds back and forth from a continuous latent space.

Neural Networks: Multi-layer Perceptrons

Multi-layer perceptrons (MLP) are a class of feed-forward neural networks composed

of variously connected layers of arti�cial neurons that are activated upon reaching a

threshold. Each hidden layer within an MLP is composed of multiple nodes that consist

of a linear function composed with a nonlinear activation function [66].

f (x) = s (W � x+ b)

wheres (x) is a nonlinear activation function (.i.e. ReLU(x)= max(0;x) or tanh(x)), W is

a matrix of weights, andb is an added bias. The �nal layer of MLPs used for classi�cation

often output a set of probabilities for each class by using aSoftmaxlayer:

Softmax(xi) =
exp(xi)

å j exp(x j )
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Figure 2.3: Sigmoid, Tanh, and ReLU. Figure from [59]

Convolutional Neural Networks

Convolutional neural networks (CNNs) are a type of neural network particularly adept

at extracting 'strong signals' from data [8]. CNNs utilize layers with convolving �lters

that are applied to local features and thus extract more complicated features from these

local features. Convolutional layers accomplish this by making use of an input translation

invariance (.i.e. features appearing in multiple places). This allows locally connected

features to convolve over the entire feature map.

Pooling layers are often used after convolving layers within CNNs. Pooling layers

combine adjacent outputs from feature maps and output the maximum. In this way,

pooling layers down-sample convolutional layers in order to extract the strongest signals.

Finally, fully-connected layers at the end of networks are dense layers that have every

output neuron of the penultimate layer as input to each neuron in the last layer.

Long-Short Term Memory (LSTM) Recurrent Neural Networks

LSTMs are a recurrent neural network (RNN) that make use of feedback connections [42].

Each sequential element an LSTM consists of a cell. Each of these cells can erase, write,

and read information. LSTMs can thus learn the context of a given character or word

in a sequential/time-based input by learning long-term information.
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Figure 2.4: LSTM Cell. Figure from [42].

ft = s (Wf � [ht� 1;xt ] + bf )

it = s (Wi � [ht� 1;xt ] + bi)

C̃t = tanh(Wc � [ht� 1;xt + bC)

ot = s (Wo � [ht� 1;xt + bo)

ht = ot � tanh(Ct)

where thes s represents sigmoid operations,Ws are matrix of weights,bs are added

biases,ht is the hidden state computed at each time stept., Ct is the cell state computed

at each time-stept., andxi is the series input at time-stept [42].

We used LSTMs in order to learn features of the chemical compounds in our model

from their discrete representations.

Transformer

Powerful decoders are rarely used in variational autoencoders in order to prevent posterior

collapse (see Section 2.3.1). For this reason, after training various VAES and obtaining

information-dense embeddings, we trained a more powerful transformer to more �exibly

decode the pre-trained latent space autoregressively as in [30]. We give a brief overview

of transformers here.

Proposed by Vaswaniet al. [64], the transformer is a sequence-to-sequence machine

learning architecture that does not rely on RNNs. Transformers most importantly make

use of self-attention.

Self-Attention: Language often relies heavily on context. Self-attention attempts to

understand the relevant associated words/characters when processing a given word/character.



2. Background 21

For example, in the sentence "Statistics is one of the most important subjects in the world!",

a transformer would attempt to utilize the word "Statistics" when trying to understand the

context of "subjects". Self-attention speci�cally works by processing each word vector

in a given segment by making use of three novel components:

1. Query: The query is a representation of the current word/character that is scored

against all other words/characters.

2. Key: Key vectors are labels for all the words/characters being considered.

3. Value: Value vectors are character/word representations. Values are sums of each

word/character's relevancy score.

An attention function maps queries and key-value pairs to an output. A scaled dot-

product then calculates the correlation between the queryQ and the keyK, multiplying

by V [64], giving:

Attention(Q;K;V) = Softmax(
Q� KT
p

dk
)V (2.10)

wheredk is the dimension of the key space.

Figure 2.5: Multi-headed Attention.
Figure from [64].

Transformers also use multi-head attention.

Multi-headed attention allows the model to attend

to information ath positions of the sentence simul-

taneously.

Multi(Q;K;V) = Concat(head1; ::::headh)Wo

whereheadi = Attention(QWQ
i ;KWK

i ;VWK
i )

and the matricesWo, WQ
i , WK

i , andWK
i correspond

to linear projections.

Transformers normally consist of an encoder-

decoder structure. We only make use of the decoder

aspect in our transformer. For this reason, we do

not discuss the encoder architecture. See [64] for more details. Like in Radfordet al.'s

GPT-2 Transformer [50], we jettison the encoder-decoder attention layers in our decoder.

The remaining architecture consists of several decoding layers, each consisting of a

multi-headed attention layer, and a feed forward layer.
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Figure 2.6: Decoder-Layer and resulting full Decoder. Figure from [1].

2.4.2 Machine Learning Algorithms for Predicting Chemical Toxic-
ity

We now present background for several machine learning methods we utilized to estimate

the toxicity of various proposed chemical compounds.

Random-Forests

Random forests are an ensemble of decision trees [11]. Speci�cally, each tree predictor

performs a series of decisions that are used to conduct �ner and �ner grained analysis

(.e.g. "Is this object a fruit?”, “Is this fruit round?", "Is this bigger than an orange"?).

Each tree is initialized from an independently sampled randomized vector [11]. Random

trees, importantly, make use of bootstrap samples of the training dataset, further allowing

individual trees to learn different information. When performing splits on individual trees,

random forests utilize a greedy algorithm to decide which feature to split.

Random forests themselves consist of many individual decision trees that collectively

make a decision. Random forests can be used for both regression and classi�cation. For

classi�cation for example, each decision tree could report a class prediction with the

winning class having the plurality of votes. For regression, the output could be a weighted

average of the decision trees. Each of these trees, both in regression and classi�cation,

are initialized differently and thus act independently.
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Extremely Randomized Trees/Extra-Trees

Extremely Randomized Trees or Extra-trees are a similar ensemble algorithm to random

trees. Extra-trees however train on the entire training set (no bootstrapping) when

constructing individual trees. In addition, unlike random trees, extra-trees do not perform

tree-splits on randomized features at each level [22].

Dropouts Meet Multiple Additive Regression Trees (DART)

DART is a gradient boosting tree ensemble algorithm [51]. This algorithm uses dropout [60]

on boosted regression trees to make accurate yet generalizable tree models.

DART, at each training iteration, computes the derivative of the loss function and

adds a tree that �ts the inverse of this derivative to the ensemble. DART also during

training performs dropout of previously trained trees in its ensemble when �tting new

trees. In this way DART attempts to prevent over�tting [51].

Support Vector Machines

Support vector machines (SVM) are a machine learning algorithm used for classi�ca-

tion [61]. SVMs map input points to a hyperspace in order to separate input classes as

far as possible. SVMs then �nd the hyperplane that maximizes the margin, (twice the

smallest distance from each class to the separating hyperplane).

Figure 2.7: SVM with dividing hyperplane H and margin M for a two-dimensional dataset
(x1,x2). Figure from [33]. The left shows a completely separable dataset while the right shows an
inseparable set.
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SVMs are an inordinately useful machine learning algorithm and are able to provide

the probability of classi�cation of each point by using the distance of the point to

the separating hyperplane [61].

2.4.3 Optimization Algorithms

In order to optimize compounds within the latent spaces for certain desirable properties,

various approaches have been proposed including unconstrained and constrained Bayesian

optimization [24, 27]. We now present the algorithms that we used to optimize several

different desirable properties of proposed anticancer chemicals compounds.

Genetic Algorithms

We propose utilizing a genetic algorithm for discovering new compounds with desirable

properties. Genetic algorithms are an evolutionary computational approach. In this

approach, a randomly generated population of individuals is used to generate a new

population through variation operations. Variations often include operations like mutation

and crossover. By then selecting thebest individuals according to a �tness function,

the genetic algorithm optimizes said �tness function. In our case, we plan to apply this

approach by using the latent space's dimensions as "genes" that de�ne each "individual"

chemical compound.

Algorithm 1 Genetic Algorithm [18]

1: procedure GENETICALGORITHM(GENERATIONS, POPSIZE, PROBLEMARGS)
2: population = RandomPopulation(popsize)
3: for i=0 togenerationsdo
4: population = VariationOperations(popsize, problemargs)
5: population = problemargs.FitnessFunc(population)
6: population = problemargs.sort(objective)
7: population = BEST(population, popsize)
8: end for
9: return BEST(population)

10: end procedure

Arithmetic Crossover: Arithmetic crossover occurs when two individuals from the

populations are combined using some arithmetic operation. In our work, arithmetic



2. Background 25

crossover takes two points in the latent space and combines them using a weighted

sum [47].

2.4.4 Bayesian Optimization

Bayesian optimization (BO) is a formalized way to estimate the global optimum of an

objective function,f (�), over a bounded domain [19]. Given that evaluations off (�) are

considered expensive, the aim of BO is to keep the number of evaluations small. By

making use of non-parametric probabilistic auxiliary models to act as an approximation

of the function,f (�) , BO can ef�ciently determine using a differentacquisition function

the next candidate to evaluate with the function,f (�) :

f (x) : f (x� ) = maxx f (x) (2.11)

wherex� is the optimum point andx are the evaluated points.

The auxiliary function is often modelled using a Gaussian process (GP):f (x) �

GP(m(x);k(xi ;x j )) , as this function is fairly �exible.k(�; �) encodes the similarity between

the two points based on a user-selected metric, and the functionm(�) give the mean values.

Theacquisition functionis a function utilized to balance betweenexploringother areas

of the domain andexploitingthe current explored areas of the domain. Commonly used

acquisition functions include probability of improvement and expected improvement [19].



3
Experimental Setup

3.1 Introduction

We describe the tools and datasets that we used in this chapter. We make use of two

datasets to train and evaluate our VAE models: ChEMBL [6] and ZINC [29]. We

utilize the GDSC [28] for predictingIC50 data. Lastly to train our models we utilize

Python and Google Colab.

3.2 Datasets

The three datasets ChEMBL, ZINC, and GDSC are staples of previous works in chemical

compound generation [24, 41, 43, 25, 10]. We utilized these datasets to allow direct

comparisons with prior work.

3.2.1 ChEMBL

To model bioactive small molecules for our variational autoencoder, we utilized ChEMBL [6].

ChEMBL is a database with over 1.9 million bioactive molecules with drug-like properties

and their associated bioactivities [6]. We constrain our dataset to only contain molecules

with fewer than 50 heavy atoms (i.e. non-hydrogen) and only composed of H, B,

C, N, O, F, Si, P, S, Cl, Br, and I. Our resulting ChEMBL dataset had 1.6 million

bioactive compounds.

26
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3.2.2 ZINC

ZINC is another database with bioactive molecules [29]. We used a subset of 250,000

drug-like commercially available compounds from this dataset as in Gómez-Bombarelli

et al. [24]. We further constrained this dataset in the same way as ChEMBL. We used

ZINC to estimate how effectively our model could represent and decode molecules from

outside its training dataset distribution.

3.2.3 IC50 Sensitivity: GDSC

We utilized drug sensitivity data from the public database Genomics of Drug Sensitivity

in Cancer (GDSC) [28]. "GDSC contains the screening results of over 1000 genetically

pro�led human pan-cancer cell lines with a wide range of anticancer compounds" [41].

The transcriptomic pro�les are all those of cancer cellsuntreated. Drug sensitivity values

in this dataset are represented byIC50 values on thelog-scale. We focus on 202 of the

265 drugs in the dataset that met our criteria of only containing the atoms H, B, C, N,

O, F, Si, P, S, Cl, Br, and I. Similarly, we focus on the transcriptomic pro�les of the

available 985 cell lines. Because the GDSC database lacks certain values, and because

of our own criteria, pairing of the 985 cell lines with the anticancer compounds resulted

in approximately 151,444 pairs. In training using this dataset, we used randomized

SMILES augmentation [2] (different representations of the same SMILES), resulting

in more than 4.9 million data points. We used 20% of the cell line pairs for testing

and the rest for training.

17,737 genes initially represented each of the 985 cell lines. Manicaet al. [41]

showed this transcriptome could be reduced to a subset of 2128 genes by utilizing

network propagation over the STRING protein-protein interaction network [62]. By using

STRING, Manicaet al.'s approach incorporated intracellular interactions by adopting

a network propagation scheme for each drug. In the propagation scheme, weights

associated with the reported targets were diffused over the STRING network, giving

back an importance distribution over the genes. We utilize the 2128 most important

genes following Manicaet al. [41].
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3.2.4 Toxicity: DrugBank, KEGG, TOXNET, T3DB

For toxicity prediction, we consider approved drugs as having an appropriate bene�t risk

ratio and hence to be non-toxic. Though they may still pose a risk, we consider them as

non-toxic due to their corresponding clinically approved status and therapeutic properties.

For non-toxic compounds we utilized two datasets: the FDA-approved and the

Kyoto Encyclopaedia of Genes and Genomes (KEGG) Drug [31] datasets. The FDA

drugs were obtained from the DrugBank database [69]. Removing redundant chemicals

gave 1515 FDA-approved and 3682 KEGG-Drug chemical compounds[49]. For our

purposes we used the KEGG-Drug compounds to train our model and the FDA-approved

compounds to test.

For toxic compounds, we also utilized two datasets: TOXNET [68] and the Toxin

Target Database (T3DB) [35]. TOXNET, maintained by the National Library of Medicine,

provides toxicological datasets; speci�cally, we used of the Hazardous Substances Data

Bank. T3DB consists of the chemical properties, molecular and cellular interactions, and

medical information of several drugs and toxins. Removing redundant chemicals gave

3035 TOXNET and 1283 T3DB unique toxic compounds. For our purposes we used the

TOXNET compounds to train our model and the T3DB compounds to test.

3.3 Machine Learning Setup

We utilized TensorFlow r2.3 and Keras 2.3. We made use of Google Colab GPUs for

training our models. We lastly used the Python library SciPy for performing statistical

analysis. We used the most up to date version of DeepSMILES while using SELFIES

v0.2.4 (the version of SELFIES was updated midway through working on this project).

We used RDKit v2020.03.01 [53] to evaluate and depict molecules. RDKit is a collec-

tion of cheminformatics and machine-learning software written in C++ and Python [53].

We used GuacaMol to evaluate molecules as well. GuacaMol is an open source Python

package for benchmarking model that performde novomolecular design [12].



4
Experiments

4.1 Introduction

In this work, we use variational autoencoders (VAE) to create highly meaningful represen-

tations of chemical compounds. From these representations we predict several desirable

properties including drug-likeness (QED), solubility (logP), and synthesizability (SAS).

In addition to predicting these important drug qualities, we shape the latent space of

our variational autoencoders to be responsive to the transcriptomic pro�le of given cell

lines (such that compounds with low ef�cacy are clustered together in one area of the

latent space, while those with high ef�cacy are in another). Using these shaped and

highly information-dense latent representations, we then predict compounds' toxicity

andlog10IC50 ef�cacy on individual cell lines. We use transcriptomic pro�les in order to

represent the cell lines. The transcriptomic pro�les we use are of cellsuntreatedwith

given anti-cancer compounds from the GDSC dataset [28]. Finally, we seek to optimize

compounds' ef�cacy against individual cancer cell lines and against particular types of

cancer using Bayesian optimization (BO) and genetic algorithms (GA).

To do this, we complete �ve main parts: (1) the design and optimization of VAEs to

capture chemical information about chemical compounds represented as SMILES [58],

DeepSMILES [46], or SELFIES [34]; (2) the design of a powerful decoder to map latent

variables to the space of SMILES, DeepSMILES or SELFIES; (3) the prediction of a

29
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compound's ef�cacy in a disease context represented through the transcriptomic pro�le

of cancer cells; (4) the prediction of a particular compound's toxicity from its latent

representation; and �nally, (5) optimization using BO and GA in a continuous latent

space to discover new potential compounds with higher ef�cacy in particular disease

contexts represented by transcriptomic pro�les.

4.2 Modelling Compounds: Variational Autoencoders and
Transformers

Due to the regular presence of repetitive, translation-invariant substrings (corresponding

to chemical substructures like cycles and functional groups) that occur in compound

representations ( such as SMILES, etc.), we utilized a convolutional neural network to

encode chemicals in our VAE. We mapped our SMILES/DeepSMILES/SELFIES strings

to a latent space of 64 dimensions. For our VAE decoder we utilized an LSTM.

Figure 4.1: Variational autoencoder and training process.x is the discrete input vector,mare
the mean values calculated for the latent dimensions,s are the standard deviations for the latent
dimensions andz is the sampled latent representation. Encoder and Decoder are neural networks.
Shows an example for the cancer drug Doxorubicin.

We trained the VAE to minimize the error in re-mapping the latent space to the

original SMILES strings as seen in Fig. 4.1. Theinformation bottleneckof the latent

space �xed-length continuous vectors forced the VAE to learn compressed representations

that captured the most salient information about the SMILES/DeepSMILES/SELFIES.

For later optimization in the latent space to succeed, most points must decode into

valid SMILES chemical representations. Latent spaces often are sparse, and as a result



4. Experiments 31

Hyperparameters
Convolutional Neural Network LSTM Decoder

Dropout: 0.2 Dropout: 0.2
Convolution Activation: Tanh LSTM Activation: Tanh

Embedding Size : 192 LSTM Hidden Size: 256
Filter Depth Growth Rate: 1.16 Dense Layer Size: 256

Table 4.1: Hyperparameters in CNN Encoder and LSTM Decoder. For full details of the
implementation see our github: https://github.com/hanshanley/GENerationZ.

powerful decoders often create less meaningful latent codes; thus, the latent space often

contains large "dead areas" which decode into gibberish or invalid SMILES. While VAEs

encourage the development of meaningful features (see Section 2.3), posterior collapse

can preclude their creation. For this reason, we adopted four different approaches to

ensure that we achieved a high rate of SMILES decoding.

We �rstly made use of SELFIES and DEEPSmiles. SELFIES in particular are made

up of individual tokens that can be combined in seemingly arbitrary fashions to obtain

syntactically valid chemical compounds. This does not mean that these compounds are

chemically reasonable or readily synthesizable, however. Despite this, by exploring the

use of DeepSMILES and SELFIES and we hoped to eliminate syntax as an issue.

We secondly used cyclical annealing. Cyclical annealing [20] has been reported to en-

able the progressive learning of more meaningful latent codes over the epochs of training.

We thirdly used the implicit representation and training of latent codes proposed by

Fanget al. [17]. This approach utilizes sampling to ensure that the aggregated latent

points match the used prior (as discussed in Section 2.3).

We lastly used a powerful transformer decoder to decode the pre-trained latent codes.

This decoder works as follows: after training our VAE to discover the latent codes, all the

SMILES in our datasets are mapped to their latent representations. We then trained this

transformer decoder to map these latent representations back to their SMILES strings.

The decoder uses the architecture designed by Radfordet al. [50] without positional

embeddings, with six decoding layers, and an embedding size of 192. In addition to

these transformer layers, as in Liuet al. [37], we appended an LSTM to the transformer

output before decoding to original discrete SMILES representations. The transformer
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approach essentially utilizes the VAE to learn feature representations of compounds, and

then the transformer takes responsibility for mapping compounds back to their original

representation. Instead of a VAE approach, this is essentially afeature learningapproach.

Separately, we also attempt to shape the latent space of our models to create a gradient

alongIC50 values. We utilize Gómez-Bombarelliet al.'s [24] approach by jointly training

our VAEs with a multi-layer perceptron neural network to predictIC50 values from the

transcriptomic pro�les of differentuntreatedcells and the latent representations of the

anticancer compounds. By training for this type of property prediction (.i.e. ef�cacy

against a givenuntreatedcell line's transcriptomic pro�le) the distribution of molecules

in the latent space can then be organized by this property.

We now present some initial results for modelling compounds: First, we checked if

our models' latent representations could be effectively and correctly mapped back into

discrete chemical representations. We display decoding rates for all our trained models.

Baseline models were trained with cyclical annealing and for 40 epochs. Implicit models

were trained with linear annealing for 40 epochs as well. We trained all models using the

ChEMBL dataset with 16,000 compounds held out for testing. In addition, in order to

ascertain whether our VAE managed to effectively generate meaningful latent vectors,

we checked if their latent representation were suf�ciently information-dense.

4.2.1 Decoding Rates

We make a distinction between syntactically correct SMILES, DeepSMILES, and SELF-

IES strings and chemically reasonable SMILES, DeepSMILES, and SELFIES strings.

Even though a SMILES, DeepSMILES, and SELFIES string could be syntactically correct,

it may not be chemically reasonable (.i.e. it cannot be kekulized, sanitized, or converted

to a valid molecule by RDKit). As such, the "chemically reasonable decoding rate"

properly gives how well models decode latent representations back to correct SMILES,

DeepSMILES, or SELFIES strings. In addition to the ability of our model to decode latent

representations from the ChEMBL test set, we also utilize random chemicals selected

from the ZINC dataset as a further validation set.
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Model ChEMBL:
Syntactic
Decoding
Rate

ChEMBL:
Reasonable
Decoding
Rate

ZINC:
Syntactic
Decoding
Rate

ZINC:
Reasonable
Decoding
Rate

Cyc VAE SMILES 0.849 0.814 0.692 0.634
Cyc VAE SMILES
Transformer

0.944 0.937 0.804 0.749

Cyc VAE
DeepSMILES

0.958 0.775 0.893 0.705

Cyc VAE
DeepSMILES
Transformer

0.985 0.932 0.925 0.842

Cyc VAE SELF-
IES

1.0 0.819 1.0 0.827

Cyc VAE SELF-
IES Transformer

1.0 0.942 1.0 0.941

Imp VAE-SMILES 0.753 0.699 0.681 0.634
Imp VAE SMILES
Transformer

0.831 0.814 0.737 0.707

Imp VAE
DeepSMILES

0.976 0.801 0.829 0.684

Imp VAE
DeepSMILES
Transformer

0.950 0.828 0.913 0.819

Imp VAE SELF-
IES

1.0 0.851 1.0 0.822

Imp VAE SELF-
IES Transformer

1.0 0.939 1.0 0.927

Table 4.2: Decoding rate for 1000 random points in ChEMBL test set and the ZINC dataset. We
make a distinction between syntactically correct SMILES and chemically reasonable SMILES.
RDKit was used to check the chemical syntactic and chemically reasonableness scores. "Cyc"
models denotes VAE models that were trained with cyclical annealing. "Imp" denotes models
trained with implicit latent encodings. "Transformer" denotes decodings done with the transformer
decoder.



4. Experiments 34

As seen in Table 4.2, the decoding rates for all the models on the ChEMBL datasets are

higher than on the ZINC dataset. However, by utilizing DeepSMILES and SELFIES

and/or using the Transformer decoding, we see that the rate of decoding increases from

the baseline VAE-SMILES model. SELFIES which offer perfect syntactic decoding

further give us the best results on both the ChEMBL and ZINC datasets. All these models

illustrate that our VAE model is able to effectively map unseen latent representations

of chemicals from the latent space back to their corresponding discrete representations.

These results also illustrate the effectiveness of the additional transformer decoder in

aiding decoding from the latent space. We lastly see that we attain better results by

utilizing cyclical annealing rather than implicit latent codes. Overall, the best method to

generate reasonable molecules used the SELFIES representation and cyclical annealing.

4.2.2 Tanimoto Similarities

We utilize RDKit to calculate �ngerprints and similarity scores. Speci�cally, the default

RDKit Daylight �ngerprint identi�es all the chemical subgraphs within each molecule

(where each node is an atom and each edge is a bond), hashing them to generate a

"raw bit ID" [53]. The default scheme for hashing subgraphs is to hash the individual

bonds based on the following:

1. the types of the two atoms in the bond;

2. the degrees of the two atoms in the path;

3. the bond type (or including aromatic bonds).

The default daylight �ngerprint size is 2048 bits with a minimum path size of 1 bond

and maximum path size of 7 bonds.

We �rst mapped 4000 random ChEMBL SMILES from our test set (.i.e. not trained

upon) to the latent space of our cyclically annealed SMILES VAE. We then reduced the

dimensionality using linear PCA. As seen in Fig. 4.2, as the compounds get closer to the

compound "COc3ccc(NC(=O)[C@H](C)NC (=O)C2CCN(S(=O)(=O)c1ccc(C)cc1)CC2)cc3",

their Tanimoto similarity values increase. This indicates that the latent space corresponds
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Figure 4.2: Hexbin plots and distribution histograms of the Tanimoto similarities of 4000 random
chemical compounds from the ChEMBL SMILES test set against a single compound after
projecting their latent representations using linear PCA. Identical pairs of molecules have a
Tanimoto similarity of 1 and are coloured yellow, while less similar molecules are green, and
completely dissimilar molecules are dark blue.

to the chemical composition of the test compounds, evidencing that the latent space

is meaningful. We achieved similar results for the other models, see Appendix A

(Figs A.1-A.5) for these graphs.

4.2.3 Compounds Near Ibuprofen in Latent Space

Figure 4.3: Chemical compounds in the vicinity of the Ibuprofen with their Euclidean distance
(ED) in the latent space and Tanimoto Similarity (TS).



4. Experiments 36

We secondly took the drug Ibuprofen and embedded it within the cyclically annealed

SMILES VAE latent space. We now see from the SMILES 2-D representations in Fig 4.3

that as we move farther away from Ibuprofen's latent space representation, the corre-

sponding SMILES move further away in similarity further validating the usefulness of the

latent space representations. We achieved similar results with the other trained models.

4.2.4 QED, logP, and SA Scores in the Latent Space

(a) SMILES QED (b) SMILES logP (c) SMILES SA Score

(d) DeepSMILES QED (e)DeepSMILES logP (f) DeepSMILES SA Score

(g) SELFIES QED (h) SELFIES logP (i) SELFIES SA Score

Figure 4.4: Hexbin plots of mean QED, logP, and SA scores of 4000 random chemicals
compounds from the ChEMBL test set after projecting using linear PCA the latent representations
of the cyclically annealed VAEs.

In order to further understand the information-density of the latent space of our models,

we plotted the drug-likeness (QED) scores of the same compounds using linear PCA on the

latent space representations. We �rst show the results for the cyclically annealed models.
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As seen in Fig. 4.4, there is a clear gradient for the QED, and SA Scores, while the

logP values have a less identi�able gradient. The latent space automatically captured

important qualities about the chemical compounds. This indicates that latent space

is indeed meaningful. We see this behaviour across the SMILES, DeepSMILES, and

SELFIES latent representations.

(a) SMILES QED (b) SMILES logP (c) SMILES SA Score

(d) DeepSMILES QED (e)DeepSMILES logP (f) DeepSMILES SA Score

(g) SELFIES QED (h) SELFIES logP (i) SELFIES SA Score

Figure 4.5: Hexbin plots of mean QED, logP, and SA scores of 4000 random chemicals
compounds from the ChEMBL test set after projecting using linear PCA the latent representations
from implicit VAE models.

We now present the results for implicit code VAE models. As seen in Fig. 4.5, the

models were unable to capture the same information that the cyclically annealed models

did. For this reason, we did not further investigate their use in the rest of this work. We

leave trying to optimize these models so that they can automatically learn the key features
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of the chemical compounds to future work. In order to further investigate the information-

(a) SMILES QED (b) SMILES logP (c) SMILES SA Score

(d) DeepSMILES QED (e)DeepSMILES logP (f) DeepSMILES SA Score

(g) SELFIES QED (h) SELFIES logP (i) SELFIES SA Score

Figure 4.6: Hexpolot of mean QED, logP, and SA scores of 4000 random chemicals compounds
from the ZINC SMILES testing test after projecting latent representations using linear PCA.

density of the cyclically annealed latent space, we tested this approach on the ZINC

database in order to ensure that our approach worked for compounds outside of ChEMBL.

Taking another 4000 random compounds from the ZINC dataset, we again see similar

trends in property gradients in Fig. 4.6 for QED and SA scores for SMILES, DeepSMILES,

and for SELFIES. This indicates we can elicit information-dense latent representation

from all three types of input molecular representations.
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4.3 Predicting log10IC50: Attention Based Neural Net-
works

Although predicting and optimizing QED, logP, and SA Scores are important in their own

right, we focused on optimizingIC50 ef�cacy values for compounds against a particular

cancer cell target pro�le. We thus developed an attention-based neural network to predict

log10IC50 values from the latent space projection of compounds and the transcriptomes

of cancer cell targets. We aim to predictlog10IC50 values from solely their latent

representations and without their corresponding complete SMILES. This allows for

later optimization in the latent space according to theIC50 values. We note again that we

used a subset of the transcriptome, namely 2128 genes, following the approach of Manica

et al. [41]. See Manicaet al. [41] for details on the approach of selecting 2128 genes. We

utilized IC50 and SMILES drug data from the GDSC dataset for these predictions. We

used 20% of the cell line pairs for testing and the rest for training and validation.

Figure 4.7: Model work�ow to predict IC50 .



4. Experiments 40

Gene Attention and Contextual-Attention

We build our model based on the approach utilized by Manicaet al [41]. Speci�cally,

our modi�ed Manicaet al. [41] model utilized their de�nitions of gene attention and

contextual-attention. Contextual attention allows embedding SMILES and gene expres-

sions to interact yielding information about how individual fragments interact with genes.

Figure 4.8: Calculation of gene em-
beddings. Figure from [41]. Gene
subset is concatenated with itself after
one version is with put through linear
layer and a Softmax layer to compute
an attention distribution (a i).

We calculated gene attention using a self-attention

encoder on the 2128 gene subset. This gene at-

tention is calculated in the same manner as self-

attention [41]. In contrast, the contextual attention

layer takes in the SMILES embedding of a com-

pound and genes from a cell to compute an attention

distribution over the SMILES embedding within

the context of the genes [41]. In our context, we do

not utilize the SMILES tokens. Thus, to calculate

contextual attention, we project our latent space

back to an appropriately sized vector by repeating

it, passing it through an LSTM and then through a dense layer (as in a standard decoder)

and then perform contextual attention. Contextual attention is calculated as:

ui = VT tanh(Wesi + WgG) whereWg 2 RA�j Gj:

a i =
exp(ui)

ST
j exp(u j )

(4.1)

The matricesWg (project genes) andWe (project chemical embeddings) project

both the genes,G, and SMILES/DeepSMILES/SELFIES embedding,si, to a com-

mon attention space,A. The a vector then supplies the attention vector over

the partially decoded SMILES, given the gene context,G. Once the gene encod-

ings and the contextual embeddings are computed, we utilize several dense layers

before outputting the predictedlog10IC50 value. For full details see our github

https://github.com/hanshanley/GENerationZ.
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Figure 4.9: Calculation of contextual
embeddings [41]. Gene attention out-
put and encoded smiles are put through
A contextual attention (CA) layer. The
CA layer then outputs an attention
distribution(a i) over the SMILES en-
coding, in the context of transcriptomic
pro�le.

We note here that most importantly, unlike

Manica et al. [41], by making use of our VAE

embeddings instead of SMILES strings, we are

able to borrow predictive and information power

from the ChEMBL dataset. We have shown that

our embeddings are fairly information-dense. By

utilizing them, we now show that we can achieve

high performance predictinglog10IC50 values from

transcriptomics data of cancer cells and SMILES.

We further show that we can achieve good results

without resorting to using ensembles as in Manicaet

al. [41]. We now show thelog10IC50 prediction uti-

lizing the embeddings of each cyclically annealed

VAE model:

Figure 4.10: Prediction oflog10IC50 using transcriptomic data and SMILES latent embeddings.
The model was �tted in log space. RMSE was calculated after normalizinglog10IC50 on a [0,1]
scale.
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