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Abstract
De novo molecular generation examines how computational methods can propose
novel drug candidates by scoring generated molecules against desired properties and
updating generation toward higher scoring regions. One approach trains a SMILES-
based language model and fine tunes it toward such regions. Fine tuning is commonly
performed with policy gradient reinforcement learning (RL), as in AstraZenecas
highly optimized REINVENT platform. An alternative is evolutionary strategies
(ES), where a population of models is created and their parameters are updated
to bias generation toward higher scores. This thesis investigates how distribution-
based ES compares with RL when implemented in REINVENT and evaluated on the
Practical Molecular Optimization benchmark. OpenAI-ES shows near competitive
performance on scoring and diversity metrics, whereas variance estimating Natural
ES methods perform poorly. Variations of fixed variance ES are explored, and a novel
sampling technique that biases generation toward high diversity shows promising
performance across multiple metrics.

Keywords: Evolution Strategies, Reinforcement Learning, De Novo Molecular Gen-
eration, Molecular AI, Drug Development, Fine-Tuning
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Nomenclature

Functions

F(ψ) Fisher information matrix

O(m) Scoring function

AUCf (t) Area under the curve f

topk(t) Mean score of the k best molecules

ϕ(x) Activation function

simx(mi,mj) Tanimoto similarity using fingerprint x

DKL(P || Q) Kullback-Leibler divergence

J(θ) / J(ψ) Expected reward (RL) / Expected score (ES)

Operators

⊙ Element-wise multiplication

∇̃ Natural gradient

Parameters

α Learning rate

αlog σ Learning rate for variance updates

β1 Decay rate of first moment for Adam

β2 Decay rate of second moment for Adam

λ Similarity penalty on oversampling

σes Strength of sampling noise = Variance of distribution in ES

σrl Weight of scoring function in REINVENT

Nos Molecules initially sampled on oversampling

Nb Batch size

Np Population size

T Sampling temperature
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Nomenclature

Sets

M Space or set of molecules

Variables

ψ Parameters of distribution on θ

θ Trainable model parameters

ε Added sampling noise

m Molecule (element of M)
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1
Introduction

Developing new drugs is expensive, with estimates from 1.611 × 108 to 4.54 × 109

US dollars in 2019 [1], and time consuming, with discovery to approval taking 12
years on average in the US [2]. Drugs must be sufficiently easy to synthesize, exhibit
suitable pharmacokinetics, be safe at therapeutic doses, and show potent, selective
target engagement, while meeting practical constraints like stability and solubility.
The number of drug like molecules is estimated to be 1024 to 1060 [3], [4] which makes
searching the full space impossible. Consequently, early discovery increasingly relies
on generative models and sample efficient optimization to navigate the vast chemical
space under realistic evaluation budgets [5].

1.1 Drug Discovery
Drug discovery is a long process which usually begins by identifying a condition
with nonexistent or inadequate treatment [6]. The next step is to identify a target,
such as a protein, gene, or RNA fragments. This can be done by studying protein
or mRNA levels, studying genetic polymorphism, phenotypic screening and a wide
range of other approaches. The targets activity is then validated, which can be done
in vitro, in animal models, or on patients.

The next step is to find hits: molecules that show the desired activity against the
target [6]. Approaches include high-throughput screening, where large collections
of existing compounds are tested in automated assays; fragment screening, where
very small chemical pieces that bind weakly are identified and then combined into
larger and more potent molecules; and structure aided drug design, where the three-
dimensional structure of the binding pocket guides the design and testing of more
suitable compounds. Computer-based approaches are also used, such as virtual
screening where an existing library of molecules are tested to find molecules with
desired properties, or this thesis’ focus: de novo generation where novel molecules
are created who satisfy the the desired properties.

Promising hits are then iteratively improved and studied in increasing detail [6].
The goal is to increase potency at the target, reduce off-target effects, and improve
basic developability (solubility, permeability, and metabolic stability). These leads
are refied until sufficient performance in all relevant metrics are reach or it is deemed
they can not reach it. Out of potentially hundreds of molecules, only a handful end
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1. Introduction

as preclinical candidates. Only a small fraction of projects reach this point, with
roughly one in ten advancing to a nominated preclinical candidate.

Preclinical candidates advance into formal preclinical and clinical development, a
long and costly path [7]. Preclinical work establishes detailed pharmacology and
safety profiles, including mandated animal studies (acute and repeat-dose toxicity,
safety pharmacology, later carcinogenicity and reproductive toxicology), alongside
formulation and manufacturing readiness. If the risk-benefit is deemed acceptable,
clinical trials begin. In phase I, healthy volunteers are studied to assess safety, toler-
ability and human pharmacokinetics; in phase II, patients are enrolled to establish
initial efficacy and refine dose-response; in phase III, large trials confirm efficacy
and safety across broader, more diverse populations. Only about one in ten candi-
dates that enter the clinical testing reaches approval, with success rates varying by
therapeutic area.

1.2 De Novo Design
De novo molecular generation is a computational method to identify hits in early
stage drug development. Instead of starting from an existing library of molecules,
novel molecules are generated and then their desired properties are estimated com-
putationally. Information about the performance of previously generated molecules
informs the creation of new ones, guiding the search toward progressively higher
scoring molecules. Compared to virtual screening, it allows targeted exploration of
relevant regions and is not limited to what is present in a predefined library.

All de novo approaches require both a system to represent molecules and a molecule
generator capable of iteratively proposing improved candidates. Molecular represen-
tations can be text based, leveraging advances in natural language processing, or
graph based, which more naturally encode molecular topology [8]. Representations
may operate at the atom level, at the fragment level, or via synthetic routes (e.g.,
reaction based encodings). A variety of generators have been explored, including
genetic algorithms [9], variational autoencoders [10], generative adversarial networks
[11], normalizing flows [12], diffusion models [13], and reinforcement learning driven
policies [14].

This thesis builds on REINVENT [14], which uses a neural network to generate
text based molecules in the SMILES format. The network is updated via policy
based reinforcement learning to bias generation toward high performing regions of
chemical space.

1.3 Evolution Strategies
Generative neural networks are commonly fine tuned with gradient based methods
like policy based reinforcement learning. These use the likelihoods (probabilities) of
generated strings, in this context text based representations of molecules, to estimate
the direction in which the model will perform better.

2



1. Introduction

Evolution Strategies (ES) offer a complementary, likelihood free alternative that
treats the model as a black box, which has seen some applications on neural networks
[15], [16], [17], [18]. They maintain a population of parameter settings, either as an
explicit set of models or implicitly as a distribution over the parameter space, and
iteratively update this population based on observed scores so that it shifts toward
higher performing models over successive rounds. ES thus act on the parameter
space in contrast to gradient based methods which act on action space of adding
new tokens to a string.

Applied to neural generators, ES avoid backpropagation through decoding and exter-
nal evaluators, tolerates discontinuous and sparse rewards, and promotes exploration
through population diversity. While ES can require larger evaluation budgets and
careful variance control, it provides a robust and practical option when gradients
are noisy, likelihoods are unavailable, or policy gradient fine tuning is unstable.

1.4 Research Questions
Evolution Strategies offer a likelihood-free alternative for fine tuning generators in
de novo molecular design. Unlike policy-gradient RL, which uses gradients of the
log-likelihood of generated token sequences with respect to model parameters, ES
estimate search directions from score differences across populations of perturbed
parameter vectors. ES have been applied to train neural networks in other domains,
but remain underexplored for de novo language-model-based generators

This motivate the following research questions:

• Can ES achieve comparable performance to RL as implemented on REIN-
VENT4 on the PMO benchmark?

• Can ES produce more diverse molecules than RL as implemented on REIN-
VENT4?

• Are variance estimating ES useful in the context of fine tuning language models
for de novo molecular generation?

1.5 Risk Analysis and Ethical Considerations
This project focuses on foundational methodology development for molecular gener-
ation with practical applications being far removed. Nevertheless, risks arise from
dual use potential and downstream clinical impact.

• Dual use: The generality of REINVENT makes it possible to use it for gener-
ation of molecules for chemical warfare and chemical terrorism.

• Patient safety: If model changes bias generation toward compounds with prop-
erties that reduce the probability of reaching market or increase the risk of
adverse effects, downstream users are harmed.

3



1. Introduction

Since these questions are general for the REINVENT platform, care will be taken
to follow AstraZenecas existing policies.

4



2
Theory

In early drug discovery one often wants to find one or a set of molecules with
some desired properties such as activity at a relevant site, low human toxicity, high
synthesizability, and high stability. These properties are often approximated by an
scoring function which for a given molecule m returns a real number, which in this
context is constrained to [0, 1].

The central problem of finding a good candidate molecule m∗, part of the space of
valid molecules M, is then defined by:

m∗ ≈ arg max
m∈M

O(m). (2.1)

for a real valued scoring function O(·). This function is often an arithmetic or
geometric mean of several scoring functions [19]:

O(m) =
N∑
i=1

ωiOi(m),
N∑
i=1

ωi = 1 (2.2)

or O(m) =
N∏
i=1
Oi(m)ωi ,

N∑
i=1

ωi = 1, ωi ≥ 0. (2.3)

In order to algorithmically solve Eq. 2.1 one needs a computer readable representa-
tion to describe molecules, a model to generate candidate molecules, and an update
rule to improve the model so it more likely generates good molecules.

2.1 Molecular Representations
The Simplified Molecular Input Line Entry System (SMILES) is a line notation to en-
code molecular structures in a computer and human readable format [20]. Molecules
are represented as single line strings using a compact alphabet and a small set of
grammar rules. A SMILES is obtained by linearizing the molecular graph, where
atoms are nodes and bonds are edges, via a depth-first traversal.

Elements are described by their atomic letters in square brackets with charge in-
cluded. For some common organic atoms (B, C, N, O, P, S, F, Cl, Br, I) brackets
may be omitted if they have their default valence. Hydrogen atoms are in standard
situations not shown. Bonded atoms are normally displayed next to each other, but

5



2. Theory

can be broken up by branches which are separated by parentheses. Single bonds use
no symbol or -. Double and triple bond are shown by = and # respectively. Ring
closures are indicated by matching digits placed at two bonded atoms, effectively
linearizing the ring. Atoms in an aromatic ring may be written with lower case
letters or using : for bonds, but aromaticity can in most cases be inferred. Most

Table 2.1: Some example SMILES

Molecule SMILES
Carbon dioxide O=C=O
Isobutyric acid CC(C)C(=O)O
Cyclohexane C1CCCCC1
Caffeine Cn1c(=O)c2c(ncn2C)n(C)c1=OC
Chemically invalid [Na]=C
Grammatically invalid C=O=

molecules have multiple grammatically valid SMILES owing to how the molecular
graph is traversed, including choices of starting atom, ring closure positions, and
branch designation. To address this, SMILES can be canonicalized to a standard
form using a defined scheme that imposes a deterministic atom ordering and traver-
sal, so that all valid SMILES for the same molecule map to a single canonical string
[21].

The validity of a SMILES can be considered on two levels: grammatical validity,
whether the string conforms to the SMILES syntax, and chemical validity, whether
the encoded structure is chemically reasonable. Chemical validity is often checked
by rules based approaches which enforce valence, aromaticity, and stereochemistry
heuristics tuned to standard organic chemistry. Rules based approaches therefore
mark nonstandard chemistries (e.g., hypervalent maingroup species, organometal-
lic/coordination complexes) as invalid [22].

2.1.1 SMARTS
SMARTS is a system for describing molecular substructures, useful for identifying
if a molecule contains a specified motif [23]. SMARTS is based on SMILES but
extends it with syntax for wildcard bonds, property qualifiers, and logical operators,
enabling a SMARTS to work as a flexible search query.

Table 2.2: Example SMARTS evaluated against 4-chlorophenol (Oc1ccc(Cl)cc1)

Substructure SMARTS Match (T/F)
Phenol substructure Oc1ccccc1 T
Any halogen [F,Cl,Br,I] T
Aliphatic carbon with two H [CH2] F
Aromatic nitrogen with one H [nH] F
Any bond between any atoms [*]∼[*] T

6



2. Theory

2.2 Generative Models
Sequences of discrete tokens, such as SMILES or natural written language, can be
generated with an autoregressive generative model. With a model that provides a
conditional distribution Pr(tt|t1:t−1) for each token tt given the sequence of previous
tokens t1:t−1, one can generate a sequence by iteratively sampling the next token
from this distribution and appending it to the prefix. Note that the first token is
generated from the unconditional distribution Pr(t1)

The total probability of a sequence t1:ℓ can then be written as:

Pr(T ) = Pr(t1|∅)
ℓ∏
t=2

Pr(tt|t1:t−1). (2.4)

2.2.1 Tokenization, Vocabulary and Embedding
For a type of data to be generated by an autoregressive generative model the data
needs to be tokenized to a finitely sized set of tokens called a vocabulary [24]. For
written natural language a vocabulary can be made out of words, parts of words or
single letters [25].

Models used to build modern language processing systems use vectors as input. For
a sequence of tokens, it is common to use a one-hot encoding, where each token is
represented as a binary vector of the same length as the vocabulary. If a token has
index k, its one-hot vector has a 1 in position k and 0 elsewhere. See Fig. 2.1 for
an example.

x1 =



C
C 1
O 0
Cl 0
1 0
( 0
) 0


, x2 =



C
1
0
0
0
0
0


, x3 =



(
0
0
0
0
1
0


, x4 =



C
1
0
0
0
0
0


, x5 =



)
0
0
0
0
0
1


, x6 =



Cl
0
0
1
0
0
0



Figure 2.1: One-hot encoding of 2-chloropropane (CC(C)Cl) on the vocabulary C, O,
Cl, 1, (, ), Cl

The one-hot encoding is then in many cases embedded in a higher dimensional
space by a linear transformation [26]. The combination of one-hot encoding and
embedding can be viewed as mapping each token to a specific learned vector.

2.2.2 Neural Networks
A neural network is a model which transfer information through a set of neurons. A
neuron typically takes an input vector x, applies a linear transformation and a non

7
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linear activation function and outputs the resulting scalar value [27]

y = ϕ(Wx+ b). (2.5)

The non linear activation function enables neural networks to approximate non linear
functions. Neural networks are generally connected in layers so that the outputs of
neurons from one layers is the input for all the neurons in the next layer.

Some common activation functions are sigmoid functions (typically the logistic func-
tion), the hyperbolic tangent and the Rectified linear unit, see Fig. 2.2, and are all
applied element-wise.

Figure 2.2: Graph of the activation functions ReLU(x) = max(0, x), standard logis-
tic function σ(x) = 1/(1 + e−x) and tanh

x

Figure 2.3: A 3 layer (feed-forward) network with 3 neurons in each layer

2.2.2.1 Recurrent Neural Networks

A recurrent neural network (RNN) are built to handle a sequence of vectors x1, x2, . . .,
where earlier vectors contain relevant information for later ones [27]. This is done
be feeding the vectors one by one to the network. Information about earlier vectors
are kept in the network by hidden states h according the following equation.

ht = ϕ(Wxhxt +Whhht−1 + bh),
yt = Whoht + bo

(2.6)

This means the network needs an initial hidden state h0 which is commonly set to
a zero vector.

8
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ht−1

xt

yt

+ ht

Figure 2.4: Structure of a vanilla RNN layer with input xt and output yt as defined
by Eq. 2.6

2.2.2.2 Long Short-Term Memory

Vanilla RNNs suffer from vanishing gradients which limits information transfer over
long time frames and interferes with model training using gradient based approaches
[27]. Long short-term memory (LSTM) networks address this by introducing a dedi-
cated memory cell, ct, and gating mechanisms that regulate information flow. These
gates enable the network to retain or discard information over extended horizons,
mitigating vanishing gradients and facilitating stable learning [28].

The memory-cell update is a linear combination of the previous cell state, filtered
by a forget gate ft to keep relevant information, and a candidate cell state c̃t, scaled
by an input gate it. The hidden state ht is then computed via the output gate and
used as the layers output.

In the LSTM equations below, σ denotes the logistic sigmoid 1/(1 + e−x) applied
element wise and ⊙ denotes element wise multiplication.

it = σ(Wtxt + Utht−1 + bt) (2.7)
ft = σ(Wfxt + Ufht−1 + bf ) (2.8)
c̃t = tanh(Wcxt + Ucht−1 + bc) (2.9)
ot = σ(Woxt + Uoht−1 + bo) (2.10)
ct = ft ⊙ ct−1 + it ⊙ c̃t (2.11)
ht = ot ⊙ tanh(ct) (2.12)

LSTMs require initial states h0 and c0 which are commonly set to zero vectors [29].

2.2.2.3 Sampling and decoding

The output from one last layer of a neural network consist of a vector y = (y1, y2, . . . , yN).
The output can then be transformed to a distribution over the vocabulary using the
softmax function [27]:

pn = softmaxT (yn) = exp(yn/T )∑N
k=1 exp(yk/T )

for n ∈ 1, . . . , N (2.13)

where T is a parameter called temperature. A low temperature increase the proba-
bility assigned to the highest output and in the limit T → 0+ assigns all probability
to the highest output.

9
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ct−1

ht−1

xt

ft

it
c̃t

ot ht

ct

+

+

⊙
⊙

⊙

yt

Figure 2.5: Structure of a LSTM layer where the hidden layer is used as output
ht = yt

2.2.2.4 Pretraining

In autoregressive modeling, a network is trained on a large corpus to approximate
the data distribution [24]. Ofthen the model maximizes the conditional likelihood
of each next token given the observed prefix which is called teacher forcing. For
a model with parameters θ and a data set D, the best performing parameter set
follows:

θ∗ ∈ arg max
θ

Et1:ℓ∼D

[
Pr(t1|∅)

ℓ∏
t=2

Pr(tt|t1:t−1)
]
. (2.14)

In practice this is done with stochastic gradient ascent. The resulting model from
pretraining is called a prior and will with fine tuning be biased, as to more likely
generate sequences with desired properties.

2.3 Fine Tuning Methods
This section discusses how to update the parameters θ of a generative model so that
the sequences it generate score high against a specified scoring function. It starts
with introducing how to optimize a general function J(θ) using gradients. Then
two different frameworks (reinforcement learning and evolution strategies) are intro-
duced to formulate the wanted problem as maximizing a function J(θ). Expressions
for approximating the gradient ∇θJ(θ) meaning the optimization methods can be
applied.

2.3.1 Gradient Ascent
Consider the unconstrained problem:

max
θ∈Rn

J(θ), (2.15)

where J is continuous and its gradient is available. Gradient ascent iteratively seeks
highervalue points by moving in the direction of steepest ascent of J [30]. Starting
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from a initial iterate θ0, the updates are:

θi+1 ← θi + α∇J(θi) (2.16)

where α ∈ R+ is the step size.

When exact gradients are unavailable, one can use a gradient estimator with the
correct mean [31]. This is called stochastic gradient ascent and follows the same
update step as standard gradient ascent. While the added noise can encourage
broader exploration by helping iterates escape shallow maxima and saddle neigh-
borhoods, it also introduces variance that can slow convergence and make stepsize
tuning delicate.

2.3.1.1 Adaptive Moment Estimation (Adam)

Adam can be viewed as a development of standard stochastic gradient ascent that
leverages historical gradient information to stabilize and accelerate learning[32].
When J is sufficiently smooth and or estimated ∇J(θ) is sufficiently noisy, earlier
estimated gradients contain useful information about the ascent direction. Adam
incorporates this information by storing first and second moments of the gradient
and updating them at each step using weight decay . Alg. 1 illustrate the complete
algorithm. The moments are initialized with zeros which introduce a bias by 1− βt1
and 1− βt2 respectively which are corrected in the algorithm.

Algorithm 1 Adam
Require: gradient estimate ∇θJ(θ), initial parameters θ0, step size α, decay rates

β1, β2 ∈ [0, 1), stabilizer ϵ
1: m0 ← 0, v0 ← 0
2: while Not terminated do
3: gt ← ∇θJ(θ)(θt−1)
4: mt ← β1mt−1 + (1− β1)gt
5: vt ← β2vt−1 + (1− β2) (gt ⊙ gt)
6: m̂t ← mt/(1− βt1)
7: v̂t ← vt/(1− βt2)
8: θt ← θt−1 + α m̂t ⊘

(√
v̂t + ϵ

)
9: end while

2.3.1.2 Natural Gradient

In optimization over probability distributions, the same family can be written with
very different parameterizations. A step that looks small in one set of parameters can
correspond to a large change in the actual distribution, and vice versa. As a result,
plain Euclidean gradient ascent can behave erratically: it may zigzag along narrow
ridges, take tiny steps on flat plateaus, or depend heavily on how the parameters are
encoded rather than on how the distribution itself changes. To solve these problems
this section introduces a update step which is independent of the distribution’s
parametrization and show that it can be implemented by only chaining the standard
gradient to the natural gradient [33].

11
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Steepest ascent with the standard (Euclidean) gradient can be viewed as finding
the point on the sphere of radius α in parameter space that maximizes a first order
approximation of J(ψ):

max
δψ

J(ψ + δψ) ≈ J(ψ) + δψ⊤∇ψJ(ψ), s.t. ∥δψ∥2 = α. (2.17)

This reveals the implicit use of the Euclidean distance and raises the question of
whether a different metric might be more suitable. When ψ parametrizes a proba-
bility distribution pψ over x, a commonly used statistical distance is the Kullback-
Leibler (KL) divergence:

DKL(P∥Q) =
∫
P (x) ln

(
P (x)
Q(x)

)
dx, (2.18)

where P and Q are distributions on the same support [34]. Intuitively, DKL(P ||Q)
measures the information lost when using P to approximate Q. Using a constraint
on the change in KL divergence, we consider:

max
δψ

J(ψ + δψ) ≈ J(ψ) + δψ⊤∇ψJ(ψ), s.t. DKL(pψ+δψ∥pψ) = α. (2.19)

A key advantage is that the resulting steps are invariant to smooth reparameteriza-
tions of ψ [33].

For small steps (δψ → 0) and under regularity conditions:

DKL(pψ+δψ∥pψ) = 1
2 δψ

⊤F(ψ) δψ + o(∥δψ∥2
2), (2.20)

where the Fisher information matrix is:

F(ψ) := Ex∼pψ

[
∇ψ ln pψ(x)∇ψ ln pψ(x)⊤

]
. (2.21)

Using Lagrange multipliers, the first order optimality condition is [35]:

F(ψ) δψ = β∇ψJ(ψ), (2.22)

for some scalar β > 0 set by the KL constraint. If F(ψ) is invertible, the natural
gradient is:

∇̃ψJ(ψ) = F(ψ)−1∇ψJ(ψ), (2.23)

and steepest ascent with direction ∇̃ψJ(ψ) solves the KL constrained problem above
instead of the Euclidean distance constrained one.

2.3.2 Reinforcement Learning
Reinforcement learning (RL) is a training paradigm where an agent learns by inter-
acting with an environment. The problems it tries to solve can often be modeled as
a Markov decision process (MDP) [36]. This section first defines the MDP and then
uses it to formulate the specific fine tuning method REINVENT.
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2.3.2.1 Markov Decision Process

A discrete Markov decision process (MDP) is a tuple ⟨S,A,P ,R, γ⟩ where [36], [37]:

• S is a finite set of states called the state space.

• A is a finite set of actions called the action space.

• P is the transition kernel between states such that for current state s, next
state s′, and action a: P(s′ | s, a) = Pr[St+1 = s′ | St = s, At = a].

• R is a reward kernel that for each (s, s′, a) specifies a distribution Rt+1 ∼ R(· |
s, s′, a).

• γ ∈ [0, 1] is a discount factor, which for terminating tasks can also take the
value 1.

s a
a

s

a a

a

s
a

a S

Figure 2.6: State-action graph for a finite MDP with states S (of which one is
terminal), actions a, decisions (white arrows) and transition probabilities (black
arrows).

An agent, acting on the MDP, is described by a policy π which is a distribution over
actions given states:

π(a | s) = Pr[At = a | St = s]. (2.24)

At each time step i the agent observes the current environment state St ∈ S and
selects an action At ∈ A by sampling from π(· | St). The choice of action changes
the environment to St+1 by sampling from the transition kernel P(· | St, At).

An optimal policy maximizes the expected discounted reward starting from the
system’s initial state s0:

J(π) := E
[ ∞∑
t=0

γtRt|S0 = s0
]

while following π (2.25)

2.3.2.2 Policy Gradients

Finding a good policy π can be done in many ways. Policy gradients use a pa-
rameterized stochastic policy πθ with parameters θ and improve the policy using
gradients of the expected reward J(θ) [38].
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A trajectory T = (s0, a0, s1, a1, . . .) is a possible path through the MDP, with prob-
ability pθ(T ) under θ. The expected reward can then precisely be defined, with
starting position s0 implied, as:

J(θ) = E
[ ∞∑
t=0

γtRt

]
=
∫ ( ∞∑

t=0
γtRt(Tt)

)
pθ(T ) dT . (2.26)

where Rt(T ) is the reward at step t of following the trajectory T . Using some
regularity conditions [39] the gradient is expressed as:

∇θJ(θ) =
∫ ( ∞∑

t=0
γtRt(Tt)

)
∇θpθ(T ) dT (2.27)

=
∫ ( ∞∑

t=0
γtRt(Tt)

)
pθ(T )∇θ ln pθ(T ) dT . (2.28)

The trajectory density can be factorized as pθ(T ) = p(s0)
∏∞
t=0 πθ(at|st)P(st+1|st, at).

Since the environment and initial state is independent of θ one can simplify∇θ ln pθ(T ) =∑∞
t=0∇θ ln πθ(at|st) and thus:

∇θJ(θ) =
∫ ( ∞∑

t=0
γtRt(Tt)

)
pθ(T )

( ∞∑
t=0
∇θ ln πθ(at|st)

)
dT (2.29)

= E
[( ∞∑

t=0
γtRt

)( ∞∑
t=0
∇θ ln πθ(at|st)

)]
. (2.30)

By using Monte Carlo simulation the gradient can be estimated by a batch of Nb

trajectories as:

∇θJ(θ) ≈ 1
Nb

Nb∑
i=1

( ∞∑
t=0

γtR
(i)
t

)( ∞∑
t=0
∇θ ln πθ(a(i)

t |s
(i)
t )
)
. (2.31)

With this, gradients methods such as steepest ascent can be used to optimize θ as
to maximize J(θ).

2.3.2.3 REINVENT

The likelihood of a sequence t1:ℓ of tokens (t1, t2, . . . , tℓ) from a auto regressive gen-
erative model is:

Pr(T ) = Pr(t1|∅)
ℓ∏
t=2

Pr(tt|t1:t−1). (2.32)

The setup can be modeled as a MDP. The state space comprises all partial and
complete sequences that the model can generate. The action space is the set of
available tokens. The transition dynamics are deterministic, as the selected token is
appended to the current sequence at each step.

Upon termination, a completed sequence t1:ℓ is evaluated by a scoring function O(T )
that maps to the interval [0, 1]. A reward function can be defined arbitrarily, but
a natural choice is to assign zero reward at non-terminal steps and use O(T ) as
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the terminal reward. This structure justifies setting the discount factor = 1, since
rewards only occur at termination.

Reinvent replaces the terminal reward Rℓ = O(T ) with:

Rℓ =

(
σrlO(T ) + ln PrP (T )− ln PrA(T )

)2

ln PrA(T )
(2.33)

where σrl ∈ R+ is a scaling constant, PrA(T ) is the likelihood under the agent, and
PrP (T ) is the likelihood under the untrained prior[14]. Since the prior is pretrained
on a realistic data set its inclusion in the numerator rewards "realistic" sequences.
Other similar rewards with a stronger theoretical motivation such as Rℓ = (O(T ) +
σrl ln Pr(T )P )2 have been proposed and show similar performance in practice [40].

Using the reward from (2.33) the gradient of episodic reward using γ = 1 can be
formulated as:

∇J(θ) ≈ 1
Nb

Nb∑
i=1

(
σrlO(Ti) + ln PrP (Ti)− ln PrA(Ti)

)2

ln PrA(Ti)
∇ ln PrA(Ti) (2.34)

. (2.35)

ln PrA(Ti) is computed using back-propagation on the generator.

2.3.3 Evolution Strategies
Evolution Strategies (ES) maximize a real-valued objective R(x) by maintaining
a population over the search variables x and iteratively shifting that population
toward higher scoring regions of the search space [41].

A population can be represented either explicitly, by a set of individuals that repro-
duce and vary, or implicitly [41], by a parameterized distribution whose parameters
are updated over time [33]. Many ES algorithms can be formulated from both
perspectives. In this thesis, we adopt the distributional view.

For a set of continuous variable x a population on it is distributed according to
pψ(x) where ψ are the parameters of the distribution [16]. With a specified reward
function R(x) the goal is the maximize the expected score:

J(ψ) = Ex∼pψ [R(x)]. (2.36)

The gradient of can be expressed as:

∇ψJ(ψ) = ∇ψ

∫
R(x)pψ(x) dx (2.37)

=
∫
R(x)∇ψpψ(x) dx (2.38)

=
∫
R(x)pψ(x)∇ψ ln pψ(x) dx (2.39)

= Ex∼pψ [R(x)∇ψ ln pψ(x)]. (2.40)
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Figure 2.7: Illustration of an Evolution Strategy (CMA-ES) on a simple 2D objective.
Contours show equal objective values; points show the population. The distribution
tightens and moves toward the global optimum over a few generations. Taken from
[42]

where some regularity conditions are needed [39].

∇ψJ(ψ) = Ex∼ψ[R(x)∇ψ ln pψ(x)] (2.41)

An evolution strategy can be applied to a generative model by taking the models
parameters θ as the search variables. The objective function R(θ) should measure
how well a parameter setting performs under the scoring, i.e., it should approximate
the scorings expected score over samples drawn from the model parameterized by θ:

R(θ) = ET∼pθ [O(T )] , (2.42)

where pθ denotes the generative distribution and t1:ℓ are samples produced by the
model with parameters θ [16]. In practice, this expectation can be approximated by
Monte Carlo:

R(θ) ≈ 1
Nb

N∑
i=1
O(Ti) , with Ti ∼ pθ i.i.d. (2.43)

To apply a evolution strategy one needs to decide which distribution to use. The
following sections introduce three different Gaussian versions and derive the needed
expressions for it.

2.3.3.1 Isotropic Gaussian ES with fixed variance (F-ES)

The simplest reasonable distribution for pψ is a isotropic multivariate Gaussian
pµ(x) ∼ N (µ, σ2

esI) with mean µ and fixed covariance σ2
esI and is a commonly used

approach on neural networks [15], [16].
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The log gradient is:
∇µ ln pµ(x) = (x− µ)/σ2

es = ε/σes, (2.44)

where ε = (x− µ)/σes ∼ N (0, 1). The update rule then become:

∇µJ(µ) = 1
σes

Eε∼N (0,I)[R(µ+ σesε)⊙ ε]. (2.45)

Note the Fisher information matrix has entries:

Fµi,µj = E
[
εi
σes,i

εj
σes,j

]
= δi,j

1
σes,iσes,j

= δi,j
1
σ2

es,i
, (2.46)

and thus its inverse is:
F−1(µ) = σesI. (2.47)

A natural gradient in this setting reduces to a component-wise linear rescaling of
the Euclidean gradient by the fixed covariance. Because step size in steepest ascent
is a user chosen scalar, this rescaling can be absorbed into the step size, so switching
to the natural gradient yields the same update direction and an equivalent method
under an appropriate learning rate choice.

2.3.3.2 Diagonal Gaussian ES (D-ES)

Using a diagonal multivariate Gaussian pµ,ρ(x) ∼ N (µ, diag(e2ρ)) where µ, ρ ∈ Rd,
information about spread can be learned. Using eρ = σes can help with stability.

The partial log derivatives can be calculated as:

∂

∂µi
ln pµ,ρ(x) = xi − µi

e2ρi
= εi
eρi

(2.48)

∂

∂ρi
ln pµ,ρ(x) = (µi − xi)2

e2ρi
− 1 = ε2 − 1. (2.49)

where εi = (xi − µi)/e2ρi ∼ N (0, 1). The update rule then become:

∇µJ(µ, ρ) = Eε∼N (0,I)[R(µ+ eρ ⊙ ε)⊙ ε]⊙ diag(e−ρ) (2.50)
∇ρJ(µ, ρ) = Eε∼N (0,I)[R(µ+ eρ ⊙ ε)(ε2 − 1)]. (2.51)

Since the problem is about optimizing the parameters of a distribution the framework
of natural gradients is useful, see Section 2.3.1.2. This method is closely related to
the Separable Natural Evolution Strategy [33]. To derive the natural gradients one
needs the Fisher information matrix, which has entries:

Fµi,µj = E
[
εi
eρi

εj
eρj

]
= δi,je

−ρiρj = δi,je
−2ρi (2.52)

Fρi,ρj = E
[
(ε2
i − 1)(ε2

j − 1)
]

= δi,j2 (2.53)

Fµi,ρj = E
[
εi
eρi

(ε2
j − 1)

]
= 0. (2.54)
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And thus the inverse is:

F−1(µ, ρ) =
(

diag(e2ρ) 0
0 1

2I

)
. (2.55)

The natural gradient then become:

∇̃µiJ(µ, ρ) = diag(e2ρ)⊙∇µJ(µ, ρ) (2.56)
∇̃ρJ(µ, ρ) = 2∇ρJ(µ, ρ). (2.57)

2.3.3.3 Isotropic Gaussian ES with varying variance (S-ES)

From the diagonal Gaussian ES versions with simpler variance structures can be
derived. When using a single variance for all parameters, pµ,ρ(x) ∼ N (µ, eρI) where
µ ∈ R and ρ ∈ R, the update rule can be expressed as:

∇µJ(µ, ρ) = e−ρEε∼N (0,I)[R(µ+ eρ ⊙ ε)] (2.58)
∇ρJ(µ, ρ) = Eε∼N (0,I)[R(µ+ eρ ⊙ ε)(ε2 − 1)]. (2.59)

The natural gradient become:

∇̃µiJ(µ, ρ) = e2ρ∇µJ(µ, ρ) (2.60)
∇̃ρJ(µ, ρ) = 2∇ρJ(µ, ρ). (2.61)

2.4 Evaluation Metrics
This section derives metrics to evaluate the performance of a fine tuning on a scoring
function.

2.4.1 Metrics against Oracle
Finding molecules which score high against the scoring function is desirable. This
can be quantified with topk(t) which is the average score of the k highest scoring
molecules found at or before time point t.

It is also desirable that high scoring molecules can be found early which can be
quantified by AUCtopk(t) where the area under the curve for a function f(x) is
defined by:

AUCf = 1
t

∫ τ

0
f(τ) dτ (2.62)

2.4.2 Diversity
A good set of high scoring molecules is diverse, as they are likely less correlated in
properties not captured by the scoring function (such as synthesizability, manufac-
turability & human toxicity). There is a great number of ways to measure chemical
diversity of which this thesis use a few simple ones.
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2.4.2.1 Internal Diversity

Internal diversity characterizes how varied a set of molecules is with respect to
a chosen similarity metric. For a pairwise similarity metric sim(·, ·) and a set of
molecules M the internal diversity is defined as:

Internal diversity(M) = 1
|M|

∑
1≤i<j≤M

1− sim(mi,mj). (2.63)

The pairwise similarity between m1,m2, each with a set of features F1, F2, can be
described by the Jaccard index (in computational chemistry often called Tanimoto
similarity) [43]:

J(F1, F2) := |F1 ∩ F2|
|F1 ∪ F2|

. (2.64)

Features represent substructures of the molecule in some way [43]. For example the
features of Extended-Connectivity Fingerprints (ECFP) are atoms, atoms including
its neighbors and continuing up to a specified radius [44], see Fig 2.8. Commonly
used are ECF4 and ECF6 which use radii 2 and 3 respectively (diameter 4 and 6).

In practice each feature is converted into a integer using hashing and the integers
are placed into a binary vector called a fingerprints. By storing fingerprints internal
diversity can be quickly computed.
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Radius 2 (also includes all radius 1)

Figure 2.8: Radius 1 and 2 features of Alanine used by ECFP to produce fingerprints

2.4.2.2 Scaffold Diversity

Scaffold diversity counts the number of unique scaffolds in a set of molecules. Scaf-
folds are the main structure of a molecule that remain after pruning away peripheral
substituents, providing a consistent core for grouping related compounds. One com-
mon scaffold type is the Murcko (Bemis-Murcko) scaffold, where the molecule is
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reduced to its ring systems and the linkers connecting them, with side chains re-
moved while preserving atom identities and bond orders in the core [45]. Under this
definition, molecules that share the same heteroatom pattern, ring fusion, and linker
chemistry map to the same scaffold.

Figure 2.9: Murcko and topological Scaffolds of Estrogen

A topological scaffold can be based on a Murcko scaffold where all information about
atom and bond type is removed.

2.4.3 Similarity to Prior
A prior is typical trained on a real set of molecules so for a fined tuned model to be
similar to its prior is desirable. This can be measured by the Kullback-Leibler (KL)
divergence, see Section 2.3.1.2 for definition, on a set of sampled molecules.
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This section presents the setup of the system, specifics of fine tuning methods and
how they where tested.

3.1 Model Setup and Structure

3.1.1 Vocabulary
In this project, SMILES are split into tokens according to Tab. 3.1 where only the
relevant subset of available SMILES symbols are included [46]. The specific tokens
are a consequence of the used prior. The tokens are the common symbols found in
the training data.

Table 3.1: Vocabulary used for SMILES tokens

Category Tokens
Start/Stop ^, $
Bonds =, -, #
Ring closures 1, 2, 3, 4, 5, 6, 7, 8, 9, %10
Elements (aliphatic) C, N, O, S, F, Cl, Br
Aromatics c, n, o, s
Bracketed ions/atoms [N+], [N-], [O-], [S+], [n+], [nH]
Parentheses (, )

3.1.2 Structure of Generative Model
The generative model used in this project follows the structure of Fig. 3.1 [46]. A 34
dimensional one-hot encoding of the this far generated SMILES string is expanded to
256 dimension by a linear projection, which is then sent through three LSTM layers.
The resulting vector is linearly down-projected back to 34 dimensions and then
transformed to probabilities by a softmax function. The probability distribution
is sampled once and the corresponding token is added to the end of the generated
SMILES string. The process is repeated until a stop token is sampled. The model
has thus in total 5 805 602 trainable parameters.
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Embedding

LSTM layer

LSTM layer

LSTM layer

Linear projection

Softmax

256

512

512

512

34

34

34

Figure 3.1: Structure of a complete generative model with the dimensionality of
vectors between each layer shown. Input is a one-hot-encoded token and output is
a probability distribution for the next token. The LSTM layers maintain context
from earlier tokens, enabling long-range information retention.

3.1.3 Pretraining
The pre-trained model from REINVENT2 was used in this thesis [46].

3.2 Reinforcement Learning
The existing REINENT4 codebase was used for reinforcement learning. The core of
the algorithm is shown in Alg. 2. The only significant modification to the code was
temperature regulation and the ability to do over-sampling.

Algorithm 2 REINVENT
Require: Policy model with parameters θ0, scoring function O(·), total iterations

T , batch size Nb, learning rate α, stabilizer ϵ
1: for t = 1 to T do
2: Sample SMILES {Ti}Nbi ∼ p(·|θt−1) (gets prior and model likelihoods)
3: Compute scores Oi ← O(T(i))

4: Estimate gradient ∇θJ ← 1
Nb

∑Nb
i=1

(
σrlO(Ti)+ln PrP (Ti)−ln PrA(Ti)

)2

ln PrA(Ti) ∇ ln PrA(Ti)
5: end for

The algorithm always use Adam with standard PyTorch settings β1 = 0.9, β2 = 0.999
[47].

The REINVENT4 codebase have multiple variations which are often beneficial,
mainly diversity filters which lessen the reward for new SMILES similar to already
sampled ones and replay memory which add highly scoring SMILES to the scoring
set as a cheap off-policy modification [14]. These where not tested in this project.
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3.3 Evolution Strategy
The three evolution strategies introduced in Sec. 2.3.3 were implemented on the
REINVENT4 codebase. Their structures are shown in Alg. 3, 4 and 5 respectively.
All three normalize the scores by setting mean to 0 and standard deviation to 1,
following the F-ES algorithm from [15].

Some variations which can be applied to any of the three algorithms are introduced
in the following subsections.

Algorithm 3 F-ES Algorithm with Score Normalization
Require: Prior model with parameters θ0, scoring function O(·), total iterations T ,

population size Np, batch size Nb, noise scale σes, learning rate α, stabilizer ϵ
1: for t = 1 to T do
2: for n = 1 to Np do
3: Sample noise εn ∼ N (0, I)
4: Sample SMILES {Ti}Nbi ∼ p(·|θt−1 + σesε)
5: Compute score Rn ← 1

Nb

∑Nb
i=1O(Ti)

6: end for
7: Normalize scores Rn ←

Rn −mean(R)
std(R) + ϵ

∀n

8: Estimate gradient ∇θJ ← 1
Npσes

∑N
n=1 Sn εn

9: Update model parameters θt ← θt−1 + α∇θJ
10: end for

Algorithm 4 Natural S-ES Algorithm with Score Normalization
Require: Prior model with parameters θ0, scoring function O(·), total iterations T ,

population size Np, batch size Nb, initial noise scale σes, learning rate α, variance
learning rate αlog σ stabilizer ϵ

1: σ ← σes
2: for t = 1 to T do
3: for n = 1 to Np do
4: Sample noise εn ∼ N (0, 1)
5: Sample SMILES {Ti}Nbi ∼ p(·|θt−1 + σε)
6: Compute score Rn ← 1

Nb

∑Nb
i=1O(Ti)

7: end for
8: Normalize scores Rn ←

Rn −mean(R)
std(R) + ϵ

∀n

9: Estimate gradient

∇̃θJ ← σ
Np

∑N
n=1 Sn εn

∇̃ρJ ← 2
Np

∑N
n=1 Sn (ε2

n − 1)

10: Update model parameters

θt ← θt−1 + α∇̃θJ

σ ← σ exp(αlog σ∇̃ρJ)
11: end for
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Algorithm 5 Natural D-ES Algorithm with Score Normalization
Require: Prior model with parameters θ0, scoring function O(·), total iterations T ,

population size Np, batch size Nb, initial noise scale σes, learning rate α, variance
learning rate αlog σ stabilizer ϵ

1: σi ← σes ∀i ∈ model parameters
2: for t = 1 to T do
3: for n = 1 to Np do
4: Sample noise εn ∼ N (0, I)
5: Sample SMILES {Ti}Nbi ∼ p(·|θt−1 + diag(σ)⊙ ε)
6: Compute score Rn ← 1

Nb

∑Nb
i=1O(Ti)

7: end for
8: Normalize scores Rn ←

Rn −mean(R)
std(R) + ϵ

∀n

9: Estimate gradient

∇̃θJ ← 1
Np

diag(σ)⊙∑N
n=1 Sn εn

∇̃ρJ ← 2
Np

∑N
n=1 Sn (ε2

n − 1)

10: Update model parameters

θt ← θt−1 + α∇̃θJ

σ ← σ exp(αlog σ∇̃ρJ)
11: end for

3.3.1 Antithetic Sampling
Antithetic sampling may be applied to model perturbation in a evolution strategy
so that for noise ε both θ + ε and θ − ε is tested. The intent is to reduce variance
of the Monte Carlo estimation.

3.3.2 Rank Transformation
Instead of oracle score results {R1, R2, . . . , RNp} one may use their ranks instead.
The intent is the reduce the effect outliers and a skewed distribution have on the
gradient estimate.

3.3.3 Adam
The Adam optimizer may be used instead of a standard stochastic gradient ascent.
For S-ES and D-ES ρ a independet Adam otptimizer may be used.

3.3.4 Oversampling
A novel approach to encourage diversity of selected SMILES was developed and
implemented. At each sampling step Nos SMILES were sampled at standard tem-
perature T = 1. From this candidate set, one sample at a time was selected using
reweight probabilities defined by:

preweight(m) = softmaxT
(
p(m)(1−M(m)λ

)
, (3.1)
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where M(·) is a similarity metric defined by:

M(mi) = max
mj∈Mselected

simECF4(mi,mj) (3.2)

on the set of already selected molecules Mselected, and λ is a penalty parameter for
similarity. The selection is repeated until the wanted batch size Nb is selected. Alg.
6 defines the complete algorithm.

Algorithm 6 Batch selection with NLL prioritization under Tanimoto similarity
control
Require: Set of candidates C = {c1, . . . , cN} with attributes SMILES(c) and nll(c);

threshold thr ∈ [0, 1], batch size Nb ∈ N+, temperature T ∈ R+, similarity
penalty λ ∈ R+

Ensure: |C| ≥ Nb
1: S ← ∅ ▷ selected candidates
2: for all c ∈ C do
3: M(c)← 0.0 ▷ max seen Tanimoto similarity for c
4: end for
5: while |S| < Nb and C ̸= ∅ do
6: for all c ∈ C do
7: p(c)← exp(−nll(c)/T )(1−M(c)λ∑

c∈C exp(−nll(c)/T )(1−M(c)λ ▷ reweight probabilities
8: end for
9: s ∼ Categorical(p(·)) over C ▷ draw one candidate

10: S ← S ∪ {s}
11: C ← C \ {s}
12: for all c ∈ C do
13: M(c)← max(M(c), simECF4 (SMILES(s), SMILES(c)))
14: end for
15: end while
16: return S

3.4 Evaluation of Fine Tuning
The PMO benchmark was used to compare performance which measures area under
the curve of top10 scoring molecules over 10000 unique oracle calls for a specified
set of oracles [19]. Most oracles are from Guacamol [8] of which nearly all measure
similarity to a specific molecule. Outside of Guacamol DRD2 [48], GSk3β [49] and
JNK3 [49] which estimate binding to a specific site are also included in PMO. The
definitions of all oracle function are found in Appendix A.
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4
Results

4.1 Complementary Study of Parameters and Model
Assumptions for Evolution Strategies

The equal variance gaussian distributed assumption on a isotropic gaussian ES was
investigated on the prior. Fig. 4.1 illustrates how the weights from each layer is
distributed. The standard deviation is in the range 1.26 to 0.37 and the shapes are
close to a Gaussian distribution, except for the embedding weights.

Figure 4.1: Weight distributions of the prior per layer. Each facet shows a histogram
of weights, an overlaid kernel density estimate (green), and a dashed Normal(0, σ)
curve using the layers empirically estimated σ.
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The effect of perturbing the prior with N (0, σ2
es) distributed noise was tested for

varying σes and sampling temperatures. 104 SMILES were independently generated
for each setup condition. Fig. 4.2 show a clear change in kl divergence at σes ≈ 0.1
independent of temperature. The overlap of SMILES found against a set of molecules
generated from a unperturbed model depend greatly on temperature with 0.001 <
σes < 0.03 being range of large change. These results motivate the hyperparameter
tuning range σes = [0.001, 0.01, 0.1].

Figure 4.2: Test of how perturbing the prior with σes changes the distribution by
measuring kl divergence against the prior (left) and sample weighted proportion of
SMILES generated by prior and perturbed model (right). Each SMILES is sampled
from an independently perturbed model

4.2 Hyperparameter Tuning
The limited application of ES on de novo molecular generation with neural net-
works means suitable ranges for hyperparameters and their importance are largely
unknown. This section performs hyperparameter tuning and investigate how differ-
ent hyperparameters affect performance.

The PMO benchmark does hyperparameter tuning on the scoring functions Perindo-
pril and Zaleplon using three runs each and then selects the hyperparameter set
which performs best on average on the two [19]. Both Perindopril and Zaleplon
are similarity based scoring function. To check if performance changes when tuning
against a non-similarity based oracle hyperparameter tuning was also done against
JNK3.

4.2.1 Reinforcement Learning
Hyperparameter tuning was done on hyperparameters batch size Nb, sampling tem-
perature T , learning rate α and weight of scoring function σrl. The results are
summarized in Fig. 4.3.

The ideal temperature is around REINVENTS default value 1.0 for all three oracles.
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The other hyperparameters seem less impactful except on JNK3 where high α and
low σes is beneficial.

The highest performing hyperparameter sets are shown in Fig. 4.1 and are similar
on the three oracles.

Figure 4.3: RL average performance over three runs for hyperparameters batch size
Nb, sampling temperature T , learning rate α and weight of scoring function σrl on
the scoring functions Perindopril, Zaleplon and Jnk3.

Table 4.1: Best hyperparameters for RL

Setup Nb T α σrl AUCtop10

Perindopril 32 1 1× 10−3 600 0.510
Zaleplon 32 1 5× 10−4 600 0.496
Avg Per. Zal. 32 1 1× 10−3 800
Jnk3 64 1 1× 10−3 200 0.691

4.2.2 Evolution Strategy
F-ES was tested with hyperparameters batch size Nb, sampling temperature T , pop-
ulation size Np, sampling noise σes and learning rate α. It was also tested if doing
antithetic sampling and or rank transformation were beneficial. The results are
summarized in Fig. 4.4.

Most hyperparameters have small impact on on performance. Jnk3 seem most sen-
sitive to hyperparameter settings. A small batch size seem slightly beneficial on all
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three scoring functions. The middle values for temperature, population size sam-
pling noise and step length was best on Jnk3. Not doing antithetic sampling or rank
transformation is good on Jnk3 and not important on Perindopril and Zaleplon.

The highest performing hyperparameter sets are shown in Fig. 4.2.

Table 4.2: Best hyperparameters for F-ES

Setup Nb T Np σes α Anithetic Rank trans. AUCtop10

Perindopril 4 0.1 30 0.01 5× 10−4 FALSE TRUE 0.501
Zaleplon 4 0.3 30 0.01 5× 10−4 TRUE TRUE 0.449
Avg Per. Zal. 4 0.1 30 0.01 5× 10−4 FALSE TRUE
JNK3 4 0.3 30 0.01 5× 10−4 FALSE FALSE 0.510

Figure 4.4: F-ES average performance over three runs for hyperparameters batch
size Nb, sampling temperature T , learning rate α and weight of scoring function σrl
on the scoring functions Perindopril, Zaleplon and JNK3 .

4.2.2.1 F-ES with Adam

Adam introduces two new parameters when used on F-ES. The decay rate of first
moment β1 which was set to the commonly used value 0.9 [47] and decay rate of
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second moment β2 where a hyperparameter sweep was done. Batch size Nb, tem-
perature T and testing rank transformations were also added to the hyperparmeter
sweep. Population size and sampling noise were fixed to the best values from F-Es
without Adam beeing 30 and 0.01 respectively. Antithetic sampling was turned off.
The results are summarized in Fig. 4.5.

The values of β2, in the tested range 0.9 to 0.999, were unimportant. The best values
for learning rate increased by a magnitude compared to F-ES over all oracles and
higher temperatures seem overall beneficial. The best performing models achieved
0.520, 0.447 and 0.418

The highest performing hyperparameter sets are shown in Fig. 4.3.

Figure 4.5: F-ES using Adam average performance over three runs for hyperparame-
ters batch size Nb, sampling temperature T , learning rate α and decay rate of second
moment for Adam β2 on the scoring functions Perindopril, Zaleplon and JNK3.

Table 4.3: Best hyperparameters for F-ES with Adam

Setup Nb T α β2 Rank trans. AUCtop10

Perindopril 4 0.1 0.005 0.99 TRUE 0.520
Zaleplon 4 0.5 0.005 0.99 TRUE 0.447
Avg Per. Zal. 4 0.1 0.005 0.99 TRUE
JNK3 4 0.5 0.005 0.999 FALSE 0.418
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4.2.2.2 F-ES with Over-sampling

Over-sampling introduces the hyperparameter over-sampling count Nos and similar-
ity penalty λ which were tested in a hyperparameter sweep together with batch
size Nb and sampling temperature T . Similar to F-ES with Adam, population size
and sampling noise were fixed to 30 and 0.01 respectively. Antithetic sampling was
turned off and rank transformation were on. The results are summarized in Fig.
4.6.

Perindopril and Zaleplon had the highest performance with no over-sampling and
got worse AUCtop10 with higher over-sampling. Jnk3 got better with a larger over-
sampling count and larger batch size. A second hyperparameter sweep was done
on only over-sampling count and batch size on Jnk3 which showed larger batch size
then 32 was not beneficial and larger over-sampling count was beneficial. These
results are shown in Fig. 4.6.

Figure 4.6: F-ES using over-sampling average performance over three runs for hy-
perparameters batch size Nb, sampling temperature T , over-sampling count Nos and
similarity penalty λ on the scoring functions Perindopril, Zaleplon and JNK3.

Table 4.4: Best hyperparameters for F-ES with oversampling

Setup Nb T Nos λ AUCtop10

Perindopril 4 0.1 0 2.5 0.498
Zaleplon 4 0.5 0 1.5 0.456
JNK3 32 0.5 1000 2.5 0.513
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Figure 4.7: F-ES using over-sampling average performance over three runs for hy-
perparamters batch size Nb and over-sampling count Nos on the scoring functions
Jnk3.

Figure 4.8: RL using over-sampling average performance over three runs for hyper-
parameters batch size Nb, sampling temperature T , over-sampling count Nos and
similarity penalty λ on the scoring function JNK3.

4.2.2.3 F-ES with Adam and Over-sampling

F-ES with Adam and over-sampling was tested on a hyperparameter sweep with
their respective unique hyperparameters, batch size Nb and temperature T . Other
parameter were fixed to the best ones found for F-ES (Np = 30, σes = 001, α = 0.005,
no antithetic sampling, with rank transformations) and β1 was fixed to the standard
value 0.9 [47].

Perindopril and Zaleplon were still most performant without over-sampling and got
worse with a larger Nos. Jnk3 got better with larger Nos but not with larger batch
size, unlike for F-ES with Adam. The best performing settings are shown in Tab.
4.5.

Table 4.5: Best hyperparameters for F-ES with Adam and oversampling

Setup Nb T Nos λ β2 AUCtop10

Perindopril 16 0.5 0 1.5 0.999 0.476
Zaleplon 64 0.5 100 1.5 0.9 0.445
JNK3 4 0.3 1000 1.0 0.9 0.544
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Figure 4.9: F-ES using Adam and over-sampling average performance over three
runs for hyperparameters batch size Nb, sampling temperature T , over-sampling
count Nos and similarity penalty λ and decay rate of second moment for Adam β2
on the scoring functions Perindopril, Zaleplon and JNK3.

4.2.2.4 S-ES and D-ES

S-ES and D-ES was tested on JNK3 using the best hyperparameters for F-ES (Nb =
16, T = 0.5, Np = 30, σes = 0.001, no antithetic sampling, using rank transformation)
with varying learning rate α and learning rate for log standard deviation αlog σ. The
avg AUCtop10 for the best hyperparmeter setups were 0.199 for S-ES and 0.366 for
D-ES, which can be compared to 0.501 for F-ES and 0.510 for RL. Their poor
performance meant no more testing was done on them.

4.3 Performance on the Benchmark Suite PMO
The PMO benchmark selected the hyperparameters set whose average performance
was best on Zaleplon and Perindopril combined. To check if other oracles might be
better we also tested the best hyperparmeters from Jnk3. Since Adam had a negativ
effect on Jnk3 only the Perindopril and Zaleplon variant was tested for Adam. The
reverse was true from oversampling motivating only testing the Jnk3 version.

The scoring function scaffold_hop crashed when running it and thus was excluded
from all results.
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Performance between the main metrics top10 (Fig. 4.10) and AUCtop10 (Fig. 4.11)
were similar. Near perfect top10 were achieved on DRD2, isomers_c9h10n2o2pf2cl,
Mestranol_similarity and Albuterol_similarity. The most difficult scoring function
was valsartan_smarts, on which all models struggled greatly. It computes the geo-
metric mean of three physicochemical property terms, but sets the score to zero if
a specific SMARTS substructure is not present.

Figure 4.10: Max top10 on the PMO benchmark

Figure 4.11: AUCtop10 on the PMO benchmark

Over the complete benchmark both RL versions are the most strongly performant
with average AUCtop10 of 0.66 with hyperparameters from Zaleplon and Perindopril
and 0.69 with hyperparameters from JNK3. ES with hyperparameters from Jnk3
often perform better then from Zaleplon and Perindopril, especially on GSK3β and
Jnk3. Their respective average AUCtop10 were 0.60 and 0.54 respectively.

The benefit for oversampling on ES varied a lot, with a positive effect on the non-
similarity based scoring function GSK3β, isomers_c7h8n2o2 and isomers_c9h10n2o2pf2cl
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where other ES versions struggle, and a negative effect on Perindopril, Fexofenadine
and especially Randolazine which are similarity based scoring functions with some
additional parts, and on which all other methods perform well. It had a average
AUCtop10 of 0.59.

ES with Adam had a weak performance except on valsartan_smarts were it out-
performs all other models. Its average AUCtop10 was 0.55. ES with Adam and
oversampling performed similar but slightly worse then ES with only oversampling
on all metrics.

The summarized results in more metrics are shown in Fig 4.12, with non-summarized
in Appendix B. ES with oversampling stands out a lot with consistent high internal
diversity, consistent low proportion of of samples belonging to the five most common
scaffolds for both Murcko and topological scaffolds and somewhat high and consis-
tent number of unique scaffolds, and highly correlated proportion of unique scaffolds,
for both Murcko and topological scaffolds. ES with oversampling has consistent high
diversity on all metrics. It does also have a consistently have a high mean QED with
a mean of 0.67. For comparison, the mean QED sampled from 10 000 SMILES from
the prior was 0.53 at T = 0.5, 0.45 at T = 0.3 and 0.37 at T = 0.38.

ES without Adam or oversampling outperforms RL on internal diversity, and under
performs on number of unique scaffolds and proportion unique scaffolds on both
Murcko and topological scaffolds. ES with hyperparameters from Jnk3 perform
better then RL on proportion taken up by five most common Murcko scaffolds but
not topological scaffolds.

Figure 4.12: Distribution of performance on all scoring functions on PMO bench-
mark for varying metrics on tested methods. White dots show the mean.

The number of unique high scores count the number of unique SMILES which score
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≥ 0.6. RL strongly outperform ES on this metric with ES with hyperparameters
from JNK3 being the least weak ES variant. The full results on this is shown in Fig.
4.13. On five scoring functions (median1, median2, perindopril and sitagliptin_mpo)
no method generated any SMILES which scored 0.6 or higher. The high threshold
of high scoring SMILES mean the internal diversity and mean QED metrics on the
high scoring subsets are hard to analyze.

Figure 4.13: Number of unique SMILES scoring ≥ 0.6 on the PMO benchmark on
a log scale.

The number of unique calls to the scoring function (Fig. 4.14) varied between
methods. The experiment was stopped if: the top10 was not increased in a span
of 200 epochs, where a epoch contain one parameter update, the allocated 30 hours
ran out or the complete budget of 10 000 calls were used. The allocated time
was sufficient for most scoring functions and methods, except Deco_hop and ES
with Adam and oversampling. Deco_hop stopped 5 times for ES_ZalPer, 4 times
for ES_Jnk3, 3 for ES_Adam, 0 for ES_oversampling, 0 for ES_Adam_os, 2 for
RL_ZalPer and 1 for RL_Jnk3. ES_Adam_os ran out of times on 43 of the total
110 runs. RL_Jnk3 crashed once on DRD2 during a run. Not using the full number
of calls to the scoring function can thus be attributed to methods plateauing.

RL generally ran for longer then ES versions except against ES with over-sampling
which always used all calls.

The allocated time was sufficient for most scoring functions and methods, except
Deco_hop and ES with Adam and oversampling. Deco_hop evaluates the presence
of three SMARTS patterns and awards one third of the score for each pattern de-
tected. Under this scoring function, early stopping occurred 5 times for ES_ZalPer,
4 times for ES_Jnk3, 3 for ES_Adam, 0 for ES_oversampling, 0 for ES_Adam_os,
2 for RL_ZalPer and 1 for RL_Jnk3. ES_Adam_os exceeded the time limit in 43
of the 110 total runs. Additionally, RL_Jnk3 crashed once on DRD2 during a run.
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Figure 4.14: Number of unique calls to the oracle function used on the PMO bench-
mark
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RL performed on average better in both the top-10 score and AUCtop10 metrics
and yeilded on average more high scoring (score ≥ 0.6) molecules than tested F-
ES variants. F-ES with the novel over-sampling procedure was the most diverse,
and stably so, in all metrics. It achieved the highest average AUCtop10 and second
highest average top-10 score of all F-ES variants but produced the lowest number of
high-scoring molecules. Excluding oversampling, diversity was similar for all other
methods, with ES outperforming on internal diversity and RL outperforming on
the number of unique scaffolds. It should be noted that REINVENT offers several
mechanisms to adjust and improve performance, most notably diversity filters and
replay memory that stores high-performing SMILES for off-policy use, which often
enhance both optimization and diversity; these were not enabled in our tests.

Not all runs used the full budget of 10 000 unique calls to the scoring function.
This was primarily due to early stopping, triggered when the top-10 score failed
to improve for 200 epochs. In practice, early stopping indicates the method has
reached a local maximum it cannot escape. ES typically consumes fewer scoring
calls and achieves lower final scores, which suggests it is less effective at escaping
local maxima than RL in this context.

To improve escapes from local maxima, two complementary strategies can be consid-
ered. First, introduce more sampling noise to increase the probability of stochastic
jumps out of local maxima. Second, broaden SMILES sampling to cover a wider re-
gion of chemical space, increasing the likelihood of discovering higher scoring points
outside the current basin. For this second strategy to be effective, the algorithm
must leverage off-basin discoveries in its update step (i.e., ensure those points signif-
icantly influence parameter updates). If such points are not efficiently incorporated,
broader sampling may merely prolong the run without enabling genuine escape from
the local maximum.

A possible approach for the first strategy is to adaptively increase how noisy gradient
estimates are when the top-10 score has not improved for an extended period using
for example a smaller population size.

Over-sampling consistently uses the full scoring budget and explicitly encourages
more diverse sampling, aligning with the second strategy above. Its slightly better
performance than other ES variants suggests it is might be improving exploration
and the chance of locating superior optima.

39



5. Discussion

5.1 The Role of Noise
Noise in gradient estimates can be both positive and negative. Noisy gradients mean
that traversal in the true gradients direction is slower as gradient estimates point
less in the true gradients direction. They can also aid in stochastically escaping
local maxima or travel over valleys.

Most parameters for ES have a clear effect on how noisy gradient estimates are.
Larger population and batch size increase the accuracy of their respective Monte
Carlo estimations, defined by Eq. (2.40) and Eq. (2.43), at the cost of more calls
to the scoring function. Reducing the step size similarly mitigates the impact of
noisy estimates by taking more incremental updates, again at the cost of additional
scoring calls. Antithetic sampling aims to reduce the variance of the outer Monte
Carlo estimation, defined by Eq. (2.40), at the cost of less parameter space explored.
Theoretically determining these trade-offs is difficult and has thus, in this thesis,
been done with extensive hyperparameter tuning.

Adam is designed to reduce the impact of noisy gradient estimates by using momen-
tum and adaptive learning rates, effectively smoothing updates based on information
from previous steps. In this study, when applied to F-ES, Adam negatively affected
performance. A possible hypothesis is that Adams smoothing may dampen the
stochastic perturbations that help F-ES escape local maxima, particularly when
noise levels are moderate.

It would be informative to evaluate F-ES with Adam under deliberately noisier
settings (smaller population sizes, smaller batch sizes, and smaller step sizes) where
Adams variance reduction might be more beneficial. In the hyperparameter tuning
conducted here, the population size for Adam was fixed, and batch size was evaluated
at only two values which yielded similar performance, limiting our ability to draw
conclusions about Adams behavior in noisy environments.

5.2 Variance Estimating ES
Prior work on distribution based ES for large neural networks has predominantly
employed fixed variance and isotropic search distributions [15], [16]. This thesis
evaluates that assumption by testing a diagonal variance ES (D-ES) and a single
common variance ES (S-ES) on Jnk3. Both variants underperformed relative to all
other methods. A possible factor is parameter burden: D-ES requires estimating
a separate variance per dimension, effectively doubling the number of parameters
compared with the fixed variance ES (F-ES), which can be difficult to estimate reli-
ably and may explain its weaker results. Even more notably, S-ES, which introduces
only a single additional variance parameter, performed worst overall. Because S-ES
was initialized with the best performing σes from F-ES, its subsequent adaptation
appears to have pushed σes in a counterproductive direction.

The implemented D-ES is closely related to the separable Natural Evolution Strategy
(SNES), differing only in how it transforms scores before computing updates [33]. In
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SNES, scores are mapped to rank based utilities that make the worst performing
runs equally bad, down-weigh the influence of very good scores, and enforce a mean-
zero normalization. Wierstra argues that the choice is not important as long as it
is monotonic and based on ranks[33]. Nevertheless, evaluating the impact of this
score-shaping choice across all ES variants in our setting would be informative.

5.3 Over-sampling
One of the more surprising results concerns the novel over-sampling procedure. It
originated as a pragmatic alternative to beam search, a deterministic sampling
method that expands the k most probable tokens at each step and returns the
most likely completed sequence. Beam search would eliminate sampling stochastic-
ity (each model parameter set allways produce the same SMILES) and effectively
set the batch size to one, reducing oracle calls to implement, but has a high memory
requirement. Instead of implementing beam search, a precursor of over-sampling
was built where a larger number of SMILES than needed where sampled and those
with highest likelihood was selected. The initial prototype produced highly similar
SMILES and performed poorly. Batch size one was not tested. The low diversity of
this version motivated the current implementation.

F-ES with oversampling has high ECF4 internal diversity, which is expected since
that is exactly what it encourages in the sampling. It performs well in all other
tested diversity metrics, but more interestingly, it has extremely low variance. No
good explanation has been found for this. F-ES with oversampling also had a very
high and very stable QED, for which no explanation has been found.

The current implementation encourages diversity using the maximum ECF4 similar-
ity against all already selected SMILES, for each candidate. Other diversity metrics
should be tested here to see which encourage exploration and diversity the best.

Over-sampling, as implemented in this thesis, uses the likelihood of generated SMILES
on the current model, which ES otherwise does not need and is one of its benefits.
This reliance is not intrinsic: if the initial sampling is performed at the desired tem-
perature, all sampled SMILES can be treated as equally likely during the selection
step. By doing initial sampling at a high temperature, generating the same SMILES
is less likely. This reduces the amount of initial sampling needed to achieve the same
number of unique SMILES, making the algorithm faster, given likelihoods are avail-
able. So, over-sampling can be applied to generators that do not provide likelihoods,
particularly when sample generation is relatively inexpensive.

5.4 Future Work
This project has multiple directions in which to continue the work, some of which
are presented below.

• Evaluate alternative rank based score transformations for variance estimating
ES (e.g., NES utilities) to assess whether score shaping improves stability and
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performance.

• Introduce an adaptive sampling noise schedule in F-ES that increases how
noisy gradient estimates are only when the top-10 score stagnates, to aid
escapes from local maxima without degrading normal progress.

• Assess beam search or other deterministic sampling for F-ES to remove one
Monte Carlo component and potentially reduce gradient variance, comparing
compute/memory trade-offs.

• Extend over-sampling by testing additional diversity metrics beyond ECF4 to
identify which best promote exploration and robust performance.

5.5 Conclusions
The evolutionary strategies tested in this thesis could not achieve the same perfor-
mance as the baseline from REINVENT4. These results are consistent with the
limited use of ES for fine-tuning large language models in the broader literature and
suggest that, under the tested settings, RL remains the stronger choice for direct
performance optimization.

At the same time, the study surfaced areas where ES may offer distinctive value.
First, ES methods that do not rely on model likelihoods can be advantageous for
generators where likelihoods are unavailable or impractical to computes. Second,
the novel over-sampling procedure, conceptually aligned with widening exploration
in chemical space, showed encouraging signs. It reliably used the evaluation budget,
improved exploration, and delivered slightly better outcomes than other ES variants
with notably high and stable diversity on tested metrics as well as high and stable
QED.
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A
Oracle functions in the Practical

Molecular Benchmark

The oracle functions from the Practical molecular benchmark are found in Tab. A.1.
The table use simx(m1,m2) to notate the Tanimoto using the fingerprint x. The
function bertz is a measure of molecular complexity [50].

Transformations in the table are defined by:

Gσ,µ(x) = exp
(
−(x− µ)2

2σ2

)
(A.1)

MaxGσ,µ(x) =

exp
(
− (x−µ)2

2σ2

)
, if x > µ

1, if x ≤ µ
(A.2)

MinGσ,µ(x) =

1, if x ≥ µ

exp
(
− (x−µ)2

2σ2

)
, if x < µ

(A.3)

Tτ (x) =

x if x ≥ τ

0 if x < τ
(A.4)

SMILES and SMARTS used in the table are defined by:

m1 = CCCOc1cc2ncnc(Nc3ccc4ncsc4c3)c2cc1S(=O)(=O)C(C)(C)C,
s1 = [#7]-c1n[c;h1]nc2[c;h1]c(-[#8])[c;h0][c;h1]-c12,
s2 = [#7]-c1ccc2ncsc2c1,
s3 = CS([#6])(=O)=O,
s4 = [#6]-[#6]-[#6]-[#8]-[#6]~[#6]~[#6]~[#6]~[#6]-[#7]-c1ccc2ncsc2c1.
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A. Oracle functions in the Practical Molecular Benchmark

Table A.1: Oracle functions found in the Practical molecular benchmark [19]

Benchmark Scoring Function

QED Quantitative estimate of drug-likeness [51]
DRD2 Predicted activity against Dopamine D2 receptor [48]
GSK3β Predicted activity against GSK3β kinase [49]
JNK3 Predicted activity against JNK3 kinase [49]
isomers_c7h8n2o2 1[m is isomer to C7H8N2O2]
isomers_c9h10n2o2pf2cl 1[m is isomer to C9H10N2O2PF2Cl]
celecoxib_rediscovery simECFC4(m, celecoxib)
thiothixene_rediscovery simECFC4(m, thiothixene)
troglitazone_rediscovery simECFC4(m, troglitazone)
mestranol_similarity T0.75(simAP(m, mestranol))
albuterol_similarity T0.75(simFCFC4(m, albuterol))
median1

(
simECFC4(m, camphor)× simECFC4(m, menthol)

)1/2

median2
(
simECFC6(m, tadalafil)× simECFC6(m, sildenafil)

)1/2

zaleplon_mpo
(
simECFC4(m, zaleplon)× 1[m is isomer to C19H17N3O2]

)1/2

amlodipine_mpo
(
simECFC4(m, amlodipine)×G3,0.5(number of rings(m))

)1/2

perindopril_mpo
(
simECFC4(m, perindopril)
×G3,0.5(number of aromatic rings(m))

)1/2

fexofenadine_mpo

(
T0.8(simAP(m, fexofenadine))
×MaxG90,2(TPSA(m))
×MinG4,2(logP (m))

)1/3

osimertinib_mpo

(
T0.8(simFCFC4(m, osimertinib))
×MinG0.85,2(simECFC6(m, osimertinib))
×G100,2(TPSA(m))
×MinG1,2(logP (m))

)1/4

ranolazine_mpo

(
T0.7(simAP(m, ranolazine))
×MaxG7,1(logP (m))
×MaxG95,20(TPSA(m))
×G1,1(number of fluorine atoms(m))

)1/4

sitagliptin_mpo

(
G0,0.1(simECFC4(m, sitagliptin))
×G2.0165,0.2(logP (m))
×G77.04,5(TPSA(m))
×1[m is isomer to C16H15F6N5O]

)1/4

valsartan_smarts

(
1[s1 ⊆ m]
×G2.0165,0.2(logP (m))
×G77.04,5(TPSA(m))
×G896.38,30(Bertz(m))

)1/4

deco_hop T0.85(simPHCO(m, m1)) + 1[s1 ⊆ m] + 1[s2 ̸⊆ m] + 1[s3 ̸⊆ m]
scaffold_hop T0.75(simPHCO(m, m1)) + 1[s1 ̸⊆ m] + 1[s4 ⊆ m]
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B
Additional figures from the PMO

Benchmark

Figure B.1: Internal (ECF4) diversity on the PMO benchmark

Figure B.2: Internal (ECF4) diversity on subset with score ≥ 0.6 on the PMO
benchmark
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B. Additional figures from the PMO Benchmark

Figure B.3: Number of unique murcko scaffolds on the PMO benchmark

Figure B.4: Proportion of SMILES belonging to the five most common murcko
scaffolds on the PMO benchmark
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B. Additional figures from the PMO Benchmark

Figure B.5: Mean QED on the PMO benchmark

Figure B.6: Mean QED with score ≥ 0.5 on the PMO benchmark
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