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Abstract

Reinforcement learning for de novo molecular design often suffers from mode collapse,
where the policy rapidly concentrates on narrow regions of chemical space at the
expense of structural diversity. This thesis presents a modular approach for
combining experience replay and clustering approaches to enhance diversity within
REINVENT. Across three targets, an implementation based on BitBIRCH clustering
generally improved fingerprint-based diversity and produced more diverse high-
scoring molecules than baseline and scaffold-based methods. The results also reveal a
trade-off between diversity and score optimization. Experience replay accelerates
early learning but may restrict exploration, while combining it with BitBIRCH
partially mitigates this effect and can improve diversity further. Overall, the proposed
method is effective but target dependent, emphasizing the need to evaluate molecular
quality and multiple forms of diversity together.
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1

Introduction

Drug discovery is the process of finding and designing new potential medicines that
can safely and effectively prevent, treat, or cure diseases. It focuses on identifying
promising candidate molecules that later move into full drug development and clinical
testing. Despite its importance, bringing a novel drug from concept to market is a
notoriously time- and capital-intensive often exceeding $2 billion and requiring 10-15
years to complete [7]. A significant bottleneck lies in the early stages, where
identifying novel chemical structures with specific, desirable biological and chemical
properties and the right balance of efficacy and safety is similar to finding a needle in
a haystack.

To address these inefficiencies, the pharmaceutical industry is increasingly turning to
computational methods. The process of de-novo drug design is a computational
approach that aims to generate novel molecular structures from scratch, rather than
identifying them through the screening of finite databases of existing compounds and
modifying molecules to observe if a desired effect is achieved [8]. Given that the
theoretical chemical space of drug-like molecules is estimated to exceed 1059
compounds [7], exhaustive enumeration is impossible. De-novo design seeks to
intelligently navigate this vast combinatorial space to identify novel chemical entities

with specific, desirable biological and physicochemical properties.

Recent advancements in deep learning, particularly the application of Reinforcement
Learning (RL) in frameworks like REINVENT [9], have shown promise in automating
the entire generation pipeline. REINVENT treats the molecule generation as a
sequential task, where an agent sequentially selects tokens to construct a molecule in
a string formulation. The objective is to fine-tune a general pre-trained prior model to
maximize the expected return given by a predefined scoring function that rates the
desirability of the completed sequence to not only generate syntactically feasible, but
also novel molecules than inhibit some predefined properties. This learning is carried
out in a closed-loop manner, where the agent generates molecules, evaluates them
using the scoring function, and uses the feedback to update its policy to generate
better molecules in subsequent iterations, as illustrated in Figure 1.
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Figure 1 : High level architectural difference between traditional drug discovery
starting from a finite library and consequent screening and de novo design using goal-
oriented Reinforcement Learning to explore a vast space.

However, current RL-based generative models often suffer from slow convergence to
target property regions and a lack of structural diversity, frequently getting stuck in
local maxima and leading to the generation of chemically similar, non-novel
compounds, which is widely known as “mode collapse”. [3] This project proposes to
use a novel robust and scalable clustering-based mechanism using BitBIRCH [10]
clustering for enhanced exploration combined with experience replay mechanisms for
incorporating past high-scoring solutions to stabilize learning and facilitate
exploitation.

1.1  Aim

The thesis builds upon existing methods in RL-based molecular design with the
REINVENT framework serving as the foundational platform. Previous studies by
Svensson et al. have already systematically explored diversity-enhancing methods [11]
and memory concepts, such as memory-based diversity penalties and experience
replay [5]. However these concepts have been mostly investigated in isolation missing
a unified memory approach that balances exploitation and exploration. Furthermore,
previous work often did not place a high focus on computational efficiency and
runtime performance during the generation process, which is a big factor as this can
limit the number of generated molecules in a set time frame.

The central aim of this thesis is the integration of a diversity penalty method in
combination with a dynamic experience replay memory based on BitBIRCH
clustering [10] to enforce structural diversity. The goal is a comprehensive scientific
benchmark of different diversity methods, including the new approach using
BitBIRCH clustering and methods previously investigated, both in terms of
performance metrics (such as quality, convergence rates, number of hits) but also
measuring the diversity.
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1.2 Risks & Ethical considerations

While using machine learning for drug discovery does not pose a direct risk or ethical
concerns in the same way as working with clinical data directly, significant ethical
considerations arise upstream that can influence downstream outcomes if
unaddressed. These risks are not evident in the scope of this thesis since we are
working with hypothetical cases, but are important to consider in the broader context
of drug discovery and development if excessive trust in the technology would bypass
necessary safeguards.

During optimization, models may hit property targets but suggest molecules that are
not realistically synthesizable or optimize for rewards that underrepresent safety,
inadvertently prioritizing candidates with hidden toxicity and increasing downstream
animal or human exposure. But this is mainly influenced by the target scoring
function being used and their shortcomings. We treat these as black boxes and only
focus on the RL learning, which is not a big risk but could in theory amplify and
strengthen dataset biases and exacerbating health inequality.

However, within the scope of this work, the generative agent functions strictly as a
hypothetical computational generation tool with toy targets, having no direct
consequences in the drug discovery process. In downstream applied drug discovery
these risks are significantly mitigated by a human-in-the-loop governance structure.
Although the model accelerates the design process, the final prioritization of
compounds is performed by human scientists, ensuring rigorous synthetic feasibility
and safety filters are applied. Additionally, comprehensive toxicological assessments
are conducted separately and remain outside the theory and computational scope of
this project.
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Background

2.1 Molecular Representations

For computational tasks, molecules need to be represented in a way that captures
their structure and properties while being efficient for storage and computations. In
order to represent molecular structures computationally, a few standards have
emerged.

2.1.1 Graph Representations

The most intuitive representation is an annotated graph. Each atom is a labeled node
linked by edges representing the bonds. This closely resembles the way molecules are
usually presented in a 2D visualization in many text books and learning material. In
practice, there exist libraries and tools such as RDKit, which store the molecular
graph as connected atom and bond objects and allow for high-level computations [12].
Each atom object carries properties such as atomic number and formal charge and
each bond object stores bond order/type (single, double, aromatic, etc.), ring
membership, and stereo information.

This allows to define primitive operations for predicting, calculating and storing
associated properties, modify the molecule or join molecules.

While easy and intuitive to work with, this representation is quite memory intensive
and algorithms often have to traverse the whole graph to calculate molecular-wide
properties. That’s why people have also strode to represent molecules in a simpler
string based format that can also easily be stored and retrieved in databases at
massive scales.

2.1.2 SMILES

The Simplified Molecular Input Line Entry System (SMILES) introduced by
Weninger in 1987 takes such a string based approach [13]. Each molecule is
represented as plain text or a sequence of tokens. The molecular graph is traversed,
each atom is assigned one token (for example C for carbon, N for nitrogen, see
Table 1), hydrogen bonds and simple bonds are implicit. With parentheses and a
numbering system branches and cyclic structures can be encoded. This allows for a
highly efficient storing and processing molecules and enables us to use generative

4



2. Background

language models to generate molecules. However, a single molecule can be represented

in many different ways using the SMILES syntax. When using canonical SMILES; it

is guaranteed that the graph is always traversed in the same way giving a unique

representation for every molecule. Figure 2 shows a few examples.

Table 1 : Overview of SMILES tokens, their syntactic purpose, and representative

usage.

Token

Purpose

Use

B,C,N,0,P,S, F, I

Organic subset atoms (implicit
H)

C = carbon, N = nitrogen

Cl, Br Two-letter element symbols Cl = chlorine, Br = bromine
[...] Bracket atom (explicit H, [NH3+], [13C], [Fe+2]
charge, isotope, chirality)
c,n,o0,s Aromatic atoms (lowercase) clcccecl = benzene
- Single bond (usually implicit) | Explicit when needed for
clarity
= Double bond C=0 = formaldehyde
# Triple bond C#N = hydrogen cyanide

Aromatic bond (usually
implicit)

Rarely used explicitly

Start a branch

C(=0)0 = carboxyl group

End a branch

Returns to the main chain

Ring-closure digits

C1CCCCC1 = cyclohexane

<GO> Start-of-sequence token Signals the model to begin
(generation) generating
<E0S> End-of-sequence token Signals termination of
(generation) generation
2.1.3 Fingerprints

Fingerprints are a lossy vector representation of a fixed length representing global

properties of a molecule. Like embeddings for media and text they give a numerical

representation of the underlying data and thus are highly beneficial for computational

tasks and efficient comparison of molecules. However, since fingerprints only store

certain properties and not the entire structural information, one can usually not

reconstruct the original molecule from a fingerprint. Thus the same fingerprint could

be assigned to different molecules, they are not a unique representation, but allow us

to embed properties of molecules in a numeric space and usage in computational
tasks. In this thesis we will use the ECFP4/Morgan fingerprint of size 2048 and
radius 2, which is a circular fingerprint that captures the local environment of each

atom in a molecule up to a certain radius and encodes this information into a binary
vector [14]. In benchmarks this has shown to be a good default choice for various

molecular property prediction tasks [15].
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. Wl WY N

Decanal
SMILES: O=CCCCCCCCCC

HO\/\ O&
o]

2:propear Lol Butyrolactone
SIMILESS SLo=t. SMILES: 0=C(OCCI)CI

OH/\')\/\/K

Citronellol
SMILES: OCCC(CCC=C(C)C)C

Figure 2 : SMILES representations of several simple and more complex molecular
structures illustrating how circles are represented using a numbering systems and side
chains with parentheses (adapted from Blay et al. [1])

2.2 Molecular Generation using a Language Model

For the task of generating a molecule, the text-based SMILES representation has
shown particularly attractive as it allows us to use autoregressive language models to
generate molecules token by token. Multiple studies have shown that this approach is
as effective or more effective as graph-based approaches while being more
computationally efficient and easier to implement [2], [9].

Since SMILES can be represented as a sequence of tokens, where each token
corresponds to an atom, bond, or special character in the SMILES syntax, we can
divide the generation in multiple successive steps. An autoregressive language model
is trained to predict the next token in the sequence given the previously generated
tokens. This allows to sample from a complex probability distribution over the
vocabulary of tokens in steps given the previous context s_,, enabling the generation
of novel molecules that are not present in the training data step by step. Crucially,
the joint probability of a sequence of tokens can be factorized into a product of
conditional probabilities, allowing us to model the generation process as an isolated
decision-making problem for each token:

Fy(S) = By(s') By(s® | s')-Fy(s” | 877,81

The generation is started with a special start token <G0> and terminated when a stop
token is reached i.e s = <E0S>. The parameters § can be learned from data using
maximum likelihood estimation. More details about the training will be discusses in
Section 2.2.2.
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2.2.1 Recurrent Neural Networks

A common architecture for auto-regressive language models is a recurrent neural
network (RNN) which is designed to process sequences of data by maintaining a
hidden state h, that captures the context of a sequence over time in a compressed
form. RNNs can capture dependencies in variable length data, making them suitable
for modeling complex sequences like SMILES strings.

The neural network has two inputs, the embedding of the previous token z, ; and
the hidden state h,_; from the previous time step encoding the previous context. It
produces an output y, = f(x,_1,h,_;) which is a probability distribution over the
next token in the vocabulary and an updated hidden state h, = g(x,_;, h,_;) that is
passed to the next time step.

% 9 0

) 5 2[5 ]
Unfold
®

Figure 3 : Schematic representation of a Recurrent Neural Network (RNN). The key

functionality and distinction to neural networks is in the hidden state that gets passes
as an additional input in the network in order to generate predictions for the next
token. The transformation W for the hidden state are learned and the state of the
previous token is passed to the next token.

REINVENT uses a Long-Short-Term-Memory (LSTM) architecture, designed to
mitigate the vanishing gradient problem and capture long-term dependencies more
effectively [8], [9]. LSTMs use gating mechanisms to control the flow of information
and maintain a memory cell that can store information over long periods of time.
These architecture decisions are outside the scope of this work and depend on the
pretraining setup. We will treat the RNN as a black box that can be trained to
predict the entire sequence given the previous context and not focus on the internal
workings more.

2.2.2 Pretraining a Prior model

Olivecrona et al. [2] first used the ChEMBL [16] database to pretrain a prior model
on the general rules and structures of valid molecules. For each token in a training
sequence, the embedding of the previous token z, ; or start token <G0> if ¢t =1 is
provided as input to the model, which then produces a hidden state h, and a
probability distribution over the next token in the vocabulary F,(s® | s®71, ..., s!).

The objective is to maximize the likelihood of the training data, which corresponds to
minimizing the negative log-likelihood of the observed sequences given the models
parameters 6:
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T
L() = —ZlogP@(st | st sh)
=1

The parameters 0 are iteratively optimized using stochastic gradient descent allowing
the model to learn the underlying structure and syntax of valid SMILES strings,
which is crucial for generating chemically valid molecules. [2]

2.2.3 Post-training using Reinforcement Learning

While the prior model can generate valid molecules after pretraining, it does not
necessarily generate molecules with desired properties. To address this, reinforcement
learning (RL) is used to explore a chemical space that is favorable in terms of
bioactivity of specific targets and synthesizability.

The problem can be formulated as a Markov decision process (MDP) where the state
is given by the generated sequence until step t: s_, = ag.,_;. In this state an agent
picks an action from the SMILES vocabulary a, € V' and transitions to a new state
S.4+1 by sampling the action/token according to parameterized policy my(a; | s.),
which corresponds to the “next-token” probability distribution that the RNN
predicts. Once the terminal state is visited (by sampling a stop action <E0S>) a
scoring function scores the generated molecule and provides a reward r(sy) € [0, 1]
which measures the desired chemical properties [2].

In practice this scoring function usually consists out of a geometric mean of different
criteria like drug likeliness, activity against a target, toxicity, etc. The task to develop
reliable models for these predictions is a complex topic on its own and left to other
work to explore. In the context of this thesis, the scoring is treated as a black box
oracle providing no prior knowledge. This oracle call is usually an expensive
operation, so we would like to avoid it if possible. So a core measure of computational
cost will be the number of oracle calls and learning steps the agent has to make to
sufficiently explore and exploit in the chemical space. We will come back to this topic
in Section 2.4.

The aim of RL is to adjust the parameters 6 of the agent’s policy my(a, | s;) to
maximize the expected return E, . [r(sr)] over possible sequences A ~ .

This quantity is hard to optimize directly, so Olivecrona et al. [2] proposed to
optimize according to the “augmented likelihood”, which combines the reward with
the fixed frozen prior likelihood E 4, [r(s7)] of the generated sequences A ~ 7y for
regularization. This ensures that the generated molecules remain valid and similar to
the training data while optimizing for the desired properties and incorporating the
rewards. One can mathematically show that this is equivalent to maximizing the
expected return[2].

T—2
logmy"™(4) = 3 _logmy, (| 3,) + 0 (sr)
t=1



2. Background

The entire RL flow is detailed in Figure 4. The parameters are adjusted in batches B
with a policy gradient approach according to the following loss function which
corresponds to maximizing the average reward.

T2 2
LRY (6 |B| Z (logvraug A) — Zlogwe(at | st)>
t=1

AeB

The parameters are iteratively optimized using stochastic gradient descent, allowing
the model to learn to generate molecules that not only are valid but also have
desirable properties as defined by the scoring function.

SMILES from ChEMBLJ

Prior network Scoring function

~
Augmented Likelihood ¢

T2
log s 5 A) ° logma . (a: | 5¢) + o R(A)
Update Agent ' rl.‘ A

Likelihood
l Generate sequences f
Initialize Agent —){ Agent network L SMILES strings J

Figure 4 : Schematic representation of the RL flow. The prior network is trained on
a large SMILES database like ChEMBL, the network is frozen and copied to an
Agent network. This network generates new SMILES sequences in batches. We score
the molecules using the scoring function and combine the scores for the entire batch
with the likelihood predicted by the prior network for regularization, which
Olivecrona et al. named “Augmented Likelihood” [2]. Then we update the agent by
using mean square error between the agent likelihood and the augmented likelihood
and stochastic gradient descent.

2.2.4 Mode Collapse and Lack of Diversity

In RL there is a fundamental trade-off between exploration and exploitation. In the
context of drug design, the model needs to explore the chemical space to discover new
molecules with desirable properties, but it also needs to exploit the knowledge it has
gained to find high-rewarding molecules. If the model focuses too much on
exploitation, it may get stuck in local reward maxima and fails to explore other
regions of the chemical space, leading to little space coverage and a lack of diversity

in the generated molecules.
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predicted normal memory-assisted
activity surface reinforcement learning reinforcement learning

—

Figure 5 : Differences between regular and memory assisted RL as proposed by
Blaschke et al. [3]. Without a memory, the RL may get stuck on local maxima, doing
too much exploitation, leading to mode collapse. With a memory we can adapt the
loss landscape dynamically and reduce mode collapse once we find too many
molecules in a similar high scoring area. RL can then explore and find other high
scoring areas.

While this RL approach often generates novel compounds with desired properties, the
generated molecules are often very similar to each other. This is a common problem
in generative models known as mode collapse, where the model generates a limited
variety of outputs, often converging to a few high-rewarding solutions and failing to
explore the broader chemical space [11], [17]. This lack of diversity can be
problematic in drug design, as it may only lead to the generation of compounds that
are structurally similar and may have similar biological activities to known molecules,
limiting the potential for discovering novel drug candidates with a better property
profile that are not yet patented.

Blaschke et al. [3] and Svensson et al. [11] propose several methods to enhance
diversity in the generation process, such as penalizing the extrinsic reward with a
weight h(A) € [0,1]'4] when encountering too many structurally similar molecules or
providing an additional intrinsic reward R;(A) encouraging diversity based on
information entropy and random network distillation (see Section 3.2.2 and

Section 3.2.1):

R(A) = h(A) - R(A) + R;(A)
Essentially these modifications have the effect of another scoring function and modify
the reward landscape dynamically during the learning process to enforce spread when
stuck in local maxima as shown in Figure 5.

To be able to effectively design these diversity-enhancing strategies, it is crucial to
reliably measure and efficiently compute the diversity of a set of generated molecules,
which is a non-trivial task given the complexity and size of the chemical space.

2.3 Measuring Diversity

During a generation task we can easily work with thousands or millions of complex
molecules and what counts as “diverse” changes based on the application and goal. So
in literature there is no one definition of what “diversity” means in the context of
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molecules as there are many ways to describe molecules and measure their differences.
In general when talking about a diverse set of molecules, one wants to cover as much
of the chemical space as possible and find molecules that are not “too similar” to the
previously seen molecules. Many ways have been proposed to quantify this similarity.
While all of them have their advantages and disadvantages, a widely used measure for
binary molecular fingerprints is the Jaccard Index or Tanimoto Similarity [18].

2.3.1 Tanimoto Similarity

Tanimoto Similarity is based on binary fingerprints as introduced in Section 2.1.3. In
simplified terms we count the number of equal on bits of two fingerprint vectors
relative to the number of mismatching bits. It can be calculated as follows, where a is
the number of coincidences of two on bits between fingerprints and b 4 ¢ the number
of mismatches, where one bit is on and the corresponding other one is off
respectively.

a
a+b+ec

In a sense to reach a high similarity, one wants to maximize the number of on-on
coincidences, while minimizing the number of on-off mismatches. In order to reach
the maximum similarity of 1, all bits of the fingerprints have to be equal. On the
contrary, we get a similarity of 0 if all bits are pairwise different. This makes sense as
fingerprints should encode the same properties at every bit and two molecules with
overlapping properties are likely very similar.

Since this yields a value between 0 and 1, one can also derive a distance metric:
D=1-T

In practice it has been shown that the Tanimoto similarity is a reliable and efficient
measure for comparing molecular fingerprints, especially with ECFP4 fingerprints
[19]. While Tanimoto similarity is a good measure for a pair of molecules or small
sets, it quickly becomes intractable to evaluate all possible pairs in big libraries. One
needs more efficient approximations.

2.3.2 iSIM: average similarity

The iSIM metric provides efficient approximations of the average similarity of a set of
molecules. Instead of comparing all molecules with each other which needs @ €
O(n - n) computations, iSim allows calculating average similarities without pairwise

comparisons in O(n) [20]

It relies on the fingerprints being a fixed-length binary vector and counts the number
of on bits k, in each position ¢ across all fingerprints.

The crucial observation is that these aggregated counts are enough to calculate the

average Tanimoto similarity of the set, since the number of on-on coincidences in

k ) kq(k,—1)

q = 4 9
2

5 and the number of on-off

position ¢ can be calculated as a, = (

11
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mismatches as b, + ¢, =k, (n — kq). Thus the average similarity can be approximated
in linear time by summing over all positions gq:

kq(kq_l)
iT = 2y

> [w + kq(N o kq)]

q

iSim does also define other similarity metrics, but we will only use the Tanimoto
similarity in this work.

2.3.3 Unique Hits / Richness

A very simple measure of diversity is the number of unique molecules that an agent
generates. A higher number of unique molecules indicates a more diverse set, as it
suggests that the molecules are not simply variations of a few core structures but
rather represent a wider variety of chemical entities. However, it is important to note
that richness alone may not fully capture the diversity of a set, as it does not account
for the structural similarity between molecules.

Table 2 : Thresholds for hit classification for the used scoring components QED,
DRD2, GSK3B, JNK3

Metric | Threshold
QED >0.6
DRD2 >0.6
GSK3B >0.5
JNK3 >0.4

In this work we will only count high scoring molecules as so-called “hits”. Since
certain scoring functions cover different ranges and uncertainties, we adjusted the
thresholds individually to each oracle as seen in Table 2. This prediction is purely
based on external QED and TDC oracles as detailed later in Section 3.6, so it might
contain false predictions depending on the implementation of the oracle, which is out
of scope of this work. If we use QED+tdc_gsk3b for example, a hit must have a QED
score of at least 0.6 and a tdc_gsk3b score of 0.5. Richness is then a simple count of
the number of unique hits.

2.3.4 #Circles

The #Circles metric is a more complex approximation of the average similarity of a
set of molecules. It is based on the idea of counting the number of circles that can be
drawn around the molecules in the fingerprint space, such that all points are included
within at least one circle. The more circles that can be drawn without overlapping
centers, the more diverse the set of molecules is [4]. Formally, the #Circles metric can
be defined as follows:

#Circles(S; d, t) = max|C| : Va,y € C,d(z,y) > t

12
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Figure 6 : Example of the #Circles metric in 2D. The circles are aligned in a
maximal way around the molecules in the fingerprint space, such that all points are
included within at least one circle, but no two circles have overlapping centers. This
does capture the diversity of the set, as a higher number of circles (shown in blue)
indicates that the molecules are more spread out in the space and less similar
(opposed to the green circles) to each other [4].

This metric provides a way to quantify diversity while avoiding the computational
complexity of evaluating all pairwise similarities, making it more practical for large
datasets. Every unique hit that classifies as center of such a circle is called “Diverse
Hit” [21]. In this work, we will also take the “diversity ratio” into account, defined as:

# diverse hits
# unique hits

diversity ratio =

A high ratio might indicate that even though few unique hits are found, many of
them are diverse and maybe more valuable than many hits in a tight cluster.

2.3.5 Unique Scaffolds

Bemis et al. [22] introduced the concept of scaffolds as a way to capture the core
structure of a molecule, which can be used as a diversity measure. A scaffold is a
substructure of a molecule that remains after removing all side chains and
substituents as illustrated in Figure 7. The number of unique scaffolds of a set of
molecules counts the number of distinct core structures present in the set. Two
structurally similar molecules may share the same scaffold, so a higher number of
unique scaffolds indicates a more diverse set of molecules, since it suggests that the
molecules are based on a wider variety of core structures. This metric is particularly
useful in drug discovery, because it can help identify novel structural chemical entities
that may have common desirable properties.

Topological scaffolds go a step further and remove the bond types and replace all
atoms with carbon, thus only keeping the connectivity of the atoms as an unlabeled
graph. Thus the number of topological scaffolds will always be less or equal than
unique scaffolds.
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Figure 7 : The scaffold and topological scaffold of an example molecule. The scaffold
is the core ring structure with side chains removed and the topological scaffold is an
unlabled version without atom or bond descriptors (Adapted from Svensson et al [5])

2.3.6 BitBIRCH Clustering

BitBIRCH is a clustering algorithm that is particularly well-suited for large datasets
of molecules. It is built upon the core concepts from the BIRCH (Balanced Iterative
Reducing and Clustering using Hierarchies) algorithm [23], which is designed to
efficiently cluster large datasets by building a hierarchical tree structure using
continuous values. But instead of continuous values in a Euclidean space, BitBIRCH
operates on binary fingerprint vectors and Tanimoto Similarity, thus being applicable
to our fingerprint space [10].

Table 3 : Bit-Feature attributes for each entry j in the BitBIRCH tree including the
number of molecules N, the linear sum of the fingerprints s, the centroid ¢;, and
the indices of the molecules in the cluster mols;.

BF; (Nj,lsj,cj,molsj)
N, Number of molecules
NN, ik N, K]
lsj k=171 "“’lzk=1 Tq
id 2541
¢; Centroid N 13
mols, | [indices of molecules]

Under the hood it uses the iSIM metric to build a hierarchical clustering based on the
average similarity in the form of a balanced tree structure where each node stores a
fixed set of binary features (BF). Every BF maintains only summary information of
the cluster, including the number of molecules N, the linear sum of the fingerprints
ls;, the centroid c¢;, and the indices of the molecules in the cluster mols,r as detailed
in Table 3 [10]. The leaf BF represent clusters of molecules, and the internal nodes
represent hierarchical clusters of their children clusters.
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Figure 8 : Schematic representation of the BitBIRCH tree structure. Each node
includes a fixed set of binary features (BF) that summarize the included molecules.
The leaf BF represent clusters of molecules shown in purple.

When inserting a new molecule in the tree, one just has to update the count, sum,
centroid and indices in the BFs from the root to the leaf according to:

1se%

N =N;+1 Is7% =1s; + x c;V = W + 3 mols}°" = mols; + [index]
J

—_

For every node j in the tree, the centroid c; is used to determine the closest child
node to insert the new molecule into. When reaching a leaf, the average similarity of
the cluster is calculated using the iSIM metric as follows, since the linear sum Is of
binary fingerprints calculates the numer of on bits in each position ¢:

lsq(lsq—l)
iT = 2y
ls,(ls,—1
3, [ s, (V= 15,

BitBIRCH accepts the new molecule into the cluster if the new diameter D = 1 —iT
does not exceed a user-defined threshold t. If no existing cluster can accept the new
molecule, a new cluster is created in the leaf node. Once a leaf node exceeds a user-
defined maximum number of clusters, the leaf is split into two new leaves and the tree
is rebalanced.

This allows for memory efficient clustering of extremely large chemical libraries while
maintaining computational efficiency, making it an attractive choice for assessing
structural diversity in drug discovery applications. Compared to conventional
clustering algorithms like Taylor-Butina which scale with O(N?), BitBIRCH
significantly reduces the number of comparisons with a O(N) scaling [10], [18]. With
the optimized BitBIRCH Lean implementation [24], it is possible to cluster millions
of molecules in a matter of minutes on a single CPU, providing more than a 1000z
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speedup for 1500000 molecules compared to Taylor-Butina. This allows us to cluster
the generated molecules in real-time during the generation process and assess the
diversity of the generated molecules based on current cluster occupancy. The more
clusters are created, the more diverse the set of molecules should be.

2.4 Experience Replay

Another core problem in reinforcement learning is the sample efficiency of the
learning process. Usually every sample is only used once to update the agent and is
then discarded. But a sample might contain valuable information that can be reused
to improve the learning process past its initial signal. Usually the expensive part is
the oracle call, so one strives to be sample-efficient and reuse sampled molecules in
the learning loop. While the agent may generate a sample multiple times, it is often a
good idea to additionally store the best scoring molecules and artificially reuse them
in the learning loop to save resources and accelerate learning. Reusing old samples is
a common technique in reinforcement learning and is known as experience replay [25].

Within REINVENT, it is implemented as a replay buffer that stores the best scoring
molecules and reinserts them into the learning loop [26]. As shown in Figure 9, this
mechanism stores highly scoring compounds in a sorted buffer and with each batch
samples from it to reinsert these samples along with the current batch in the
reinforcement learning loop. This does not only stabilize the learning and greatly
improves the sample efficiency, but can also significantly improve convergence speed
to favorable chemical spaces [6].

Store High

Reward SMILES

| %\ Reward
(0.76)

Replay —

Buffer

T i Reward
Prior (0.29)

Objective Function

{x;} = argmax ;. S(x)
5@ Reward

Q 0.76)

xex

Score

oo Q

SMILES Scor q
Cl=CC=001
€1=CC=CO1 076 545 | ocercnecicaccenc Creccac
Cl:CC:CNl 0?2 2434 O=ClelcinHlec el emeee CI=CC=NC=N1
Mu Sample
C1=CC=NC=N1 0.705 1.54 Agent SMILES
Updates
\ )

Figure 9 : Adapted learning loop with added Replay Buffer. The agent keeps a fixed
memory of molecules and their negative log likelihood (NLL) sorted by score and
periodically samples a few to use alongside the current batch to update the agent
(adapted from Guo et al. [6]).
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However it also introduces the flaw that if too many structurally similar molecules fill
the replay buffer, the agent is strongly discouraged from additional exploration [26].
So the challenge is to keep a selection of high scoring, but at the same time diverse
compounds.

Furthermore, a more fundamental algorithmic challenge persists regarding the
distributional consistency of this data. Because we inject and learn from old
experiences generated under a historical parameter set 0,,;, these kind of RL
techniques are referred to as “off-policy”, because it involves data different from our
target policy. Over time there might be drift between both policies and we might
keep samples in memory that are unlikely under the new policy, which can bias
updates toward the historical sampling distribution.

Accordingly, a core objective of this work is to implement alignment and diversity
mechanisms. To estimate the expected return of the current policy using data from
an old policy, importance sampling can correct for the difference between the two
policy distributions [27, Chapter 5.5], [28]. Prioritized experience replay can instead
bias sampling toward selected experiences, typically using importance-sampling
corrections to account for the resulting sampling bias [29].

To the best of our knowledge, these techniques have not been employed in the context
of generative drug design and is systematically explored in this work. Section 2.4
documents the implementation and evaluation of these techniques.

2.5 Importance Sampling

Importance sampling is a general statistical technique to estimate the expected value
of a function under one distribution p while only having access to samples drawn
from a different distribution ¢ [27, Chapter 5.5], [28]. The key idea is to reweight each
sample by the ratio of the two densities, the so-called importance weight, so that the
estimate remains unbiased:

x

B (0] = Buy | 53 1(0)
In the context of reinforcement learning, this allows us to estimate the expected
return of a target policy 7, using trajectories that were generated under a different
behavior policy 7y _ . This situation arises naturally in off-policy methods such as
experience replay. The samples stored in the replay buffer were generated by an
earlier version of the agent m, , whereas we want to update the current agent .
Without correction, learning from these outdated samples introduces a bias, since
their distribution no longer matches the one induced by the current policy.

By weighting each action a, with the importance ratio between the current and the
old policy, we can obtain an unbiased estimate of the current policy’s objective:

mlay | s_4)

w(a,) =
‘ 7Teold(% | s<t)
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Intuitively, sequences that are more likely under the current policy than under the old
one receive a larger weight, while sequences that the current policy would rarely
generate are down-weighted. This keeps the replayed data mathematically consistent
with the agent’s present distribution and enables robust, unbiased updates even when

reusing historical samples.
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Methods

To address the problems of mode collapse and off-policy alignment, this thesis builds
on top of existing work. Mainly implementations of the REINFORCE algorithm as
part of REINVENT [9], [26] including prior RNN based models by Olivecrona et. al
[2] and the BitBIRCH Lean implementation [10].

Prior work has mostly focused on using an approach based on scaffolds. [3]. This
relatively simple structural method has shown both reasonably efficient and effective
at generating a diverse set of molecules. More advanced methods based on the
fingerprint representation have only been studied to some extend mostly in
combination with scaffolds [11], [17]. This work introduces new novel diversity
techniques based on clustering in the fingerprint space and expands existing scaffold-
based diversity penalties into a comprehensive modular system.

3.1 Diversity Penalties

Several techniques have been developed to enforce diversity in reinforcement learning
for molecular generation. One promising approach is to introduce a diversity penalty
for the rewards of newly generated molecules, which discourages the agent from
generating similar molecules repeatedly. Formally this penalty is defined as a function
w(A) € [0, 1] which modifies the rewards/scores R(A) of an active molecule A
exceeding a set threshold h as follows:

. _ Jw(A)-R(A)if R(A)>h
Bpe, (4) = { R(A) otherwise

Effectively, certain scores can be made artificially low so they take less importance in
the update if they are seen as too similar to previously seen molecules, encouraging it
to explore new areas of the chemical space. Thus the implementation usually involves
keeping a memory M of all unique molecules seen so far and evaluate diversity
metrics on-the-fly.
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3.1.1 The Role of Clustering

Defining this dynamic penalty function w(A) is the core of this work. One has to be
aware both of the entire history of seen molecules to promote diversity and at the
same time consider computational efficiency, so it can be reasonably integrated into
each batch update.

The memory M itself can be implemented efficiently as a Hash Set, given that the
molecules are represented as canonized SMILES. So checking if a molecule appeared
in the past is an efficient O(1) lookup using the string representation as hash key. If a
molecule appears a second time, the score is set to 0 and more complex diversity
calculations are skipped.

The ideal weight function would then optimize for low pairwise Tanimoto similarity
and a high number of unique scaffolds, which are the main diversity indicators used
in practice as introduced in Section 2.3. But when considering a growing memory of
size |M|, one quickly realizes that this approach is not computationally feasible for
large memories. For each active batch A, we need to make O(|A| - |M|) comparisons
to measure pairwise similarity. The memory also grows by |A| molecules on each step,
so the total computation over steps n grows with O(nQ).

A more promising approach is to keep a separate memory storing summary
information about certain clusters of molecules. The specific assignment of a new
molecule to a cluster can be extracted from its properties or graph structure and
efficiently compared. Clustering is often used to efficiently find nearby points and
groups within high dimensional data. At the same time the underlying data structure
can often be updated incrementallywith new entries on the fly without reindexing.
This makes it highly viable for enhancing diversity within the REINVENT framework
for de-novo drug design.

Most common clustering algorithms like K-Means are reliant on the euclidean space.
But molecules can mathematically just be represented as annotated graphs or be
reduced to a string notation like SMILES, as discussed in Section 2.1, so traditional
euclidean clustering algorithms are not really feasible. However, using Bemis-Murcko
scaffolds, one can formulate simple structural clustering, which we will discuss in
Section 3.1.2.

There are a small number of specialized clustering approaches like Taylor-Butina for
binary fingerprints and Tanimoto Similarity, but with similarly unfavorable scaling of
O(|M|?) [18]. The BitBIRCH algorithm from Section 2.3.6 was specifically introduced
to fill this gap and cluster binary fingerprint vectors and very large molecule
databases with an advantageous scaling of O(|M]) [10]. We will investigate how to
integrate this novel BitBIRCH approach as a diversity penality in the RL setting in
Section 3.1.3.
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3.1.2 Scaffold-Based Penalties

By grouping molecules based on their Bemis-Murcko scaffolds as introduced in
Section 2.3.5, one can identify clusters of structually similar molecules very easily
[22]. A penalty factor can be applied to the reward of molecules that belong to
already well-represented scaffolds, encouraging the agent to explore new scaffolds and
thus increasing the diversity of the generated molecules.

One keeps track of the scaffolds of previously generated molecules and how often each
scaffold has been generated in a dictionary. When a new high scoring molecule with a
score above a certain threshold A is generated, we calculate and check its scaffold

against the memory and apply a penalty if it belongs to a scaffold that has been seen

frequently. This lookup is usually very computationally efficient with an amortized
time of O(1).

This idea was first introduced by Blaschke et al. to enforce diversity and closely
resembles traditional drug design workflows where different kind of core structures are
investigated. In practice, it showed to be successful at improving the number of
unique predicted hits and number of scaffolds drastically [3].

3.1.3 BitBIRCH Penalty

Since the BitBIRCH algorithm introduced in Section 2.3.6 can iteratively cluster
molecules based on their fingerprints and Tanimoto similarity, it provides a more
flexible and potentially more effective way to enforce diversity compared to scaffold-
based methods. The proposed novel method acts as a drop-in replacement for the
scaffold-based penalty, where instead of checking the scaffold of a generated molecule,
we check which BitBIRCH cluster it belongs to and apply a penalty based on the
occupancy of that cluster. Like the scaffold-based penalty, once a cluster reaches a
certain occupancy, it will decrease the reward for molecules assigned to that cluster,
see Section 3.3. The number of clusters can increase dynamically as new molecules
are generated, allowing for a memory-efficient adaptive approach to enforcing
diversity. Since the algorithm clusters molecules based on the average Tanimoto
similarity fingerprints, it can encourage structural diversity beyond exact scaffold
identity [14]. Since we only keep summary information in memory and not the full
fingerprints, this approach should also be very memory efficient and has been proven
to scale with the number of molecules in computation time of O(N) [10].

3.2 Intrinsic Rewards

Additionally, Svensson et.al [11] have proposed a method to encourage diversity by
adding an intrinsic reward based on the novelty of generated molecules. This
approach can be implemented by calculating a novelty score for generated molecules
that surpass a scoring threshold of h. The intrinsic reward is then added to the
extrinsic reward from the scoring function, encouraging the agent to explore new
areas of the chemical space while still optimizing for desired properties.

21



3. Methods

- _ [R(A)+ R;(A;H,) if R(A)>h
i (4) = {R(A) ! otherwise

3.2.1 Random Network Distillation (RND)

Random Network Distillation (RND) is a method for generating intrinsic rewards
based on the novelty of states in reinforcement learning. It works by training a
network for few epochs to predict the output of a fixed, randomly initialized network
[30]. In the context of molecular generation, RND can be applied by treating each
generated molecule as a state and using the prediction error as a measure of novelty.
For molecules that the agent has seen frequently, the prediction network will likely
able to predict the output of the random network accurately, resulting in a low
intrinsic reward. Conversely, for novel molecules that the agent has not seen before,
the prediction error will be higher, providing a stronger intrinsic reward and
encouraging the agent to explore those novel molecules further.

Svensson et.al [11] based both the target and prediction networks on the same
architecture as the prior RNN model and initialized the target network 7, randomly,
while the prediction network , is initialized with the pre-trained weights of the prior
and trained for one epoch per batch to predict the output of the target network for
high scoring generated molecules. The log likelihood of the generated molecule under
both the target and prediction networks are given by testing.

T-2 T—2
f(4) = ZIOgﬂ'f(at | 8¢) fd)(A) = ZIOgﬂ'qs(at | s¢)
t=1 t=1

The novelty can be measured as the squared error between the log likelihood of the
target f(A) and prediction network f¢ (A) for a generated molecule.

Aj(4;8) = | f5(A) = F(A) P

For a batch of generated molecules H,, the intrinsic reward is normalized to the range
[0, 1] and added to the extrinsic reward from the scoring function, allowing for a
balanced optimization of both novelty and desired properties.

Ap(4;9) —mingcy Az(A;9)
max i g Aj (1‘1; ¢) —ming g Ay (A; ¢)

RiND(A; H,) =

3.2.2 Information Entropy

Svensson et.al [11] also propose a method by adding an intrinsic reward based on the
information entropy of the generated molecules. The idea is to calculate how
unexpected a molecule is based on its assigned bucket, where less common molecules
have higher information content. These novel structures are more valuable for
exploration and thus given a higher reward. The intrinsic reward can be defined as
the negative logarithm of the frequency of the bucket in the memory with N[S] being
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the number of active molecules with bucket S in memory, and S the set of unique
molecular scaffolds in memory.

Iscaffold(A) = — log (%)

This intrinsic reward encourages the agent to generate molecules that belong to less
represented buckets, thus promoting diversity in the generated molecules.

For a batch of molecules H;, the information values are normalized to the range [0, 1]
and added to the extrinsic reward from the scoring function, allowing for a balanced
optimization of both novelty and desired properties.

Iscaffold(A) _ minAeHi Iscaffold (A>

max ze . Lscaiold (A) —min g Leagrold (A)

R4 H) =

Compared to other methods this approach generated substantially more scaffolds and
topological scaffolds on both GSK3f3 and JNK3 tasks in prior work [11].

3.3 Modular Architecture

This work proposes a modular architecture as in Figure 10 where different diversity
penalties, penalty functions and intrinsic rewards can be combined and configured to
suit specific tasks and objectives.

Diversity Filter el s

Intrinsic Reward
‘ IdenticalMurckoScaffold |

(optional)

‘ IdenticalTopologicalScaffold | Step

‘ ScaffoldSimilarity | Linear

PenalizeSameSmiles RND

BitBirchDiversityFilter Tanh

Sigmoid

TanimotoKCentroids Information

Erf

‘ TanimotoKMeans |

TaylorButina

Figure 10 : Modular architecture for diversity penalties and intrinsic rewards. The
diversity penalty can be based on different clustering methods and combined with a
penalty function and optionally an intrinsic reward.

For every molecule in the active batch, a bucket utilization u = % is calculated based
on n, the number of molecules in the memory that belong to the same cluster or
scaffold, and a configurable maximum occupancy B. The choice of the penalty
function p(u) determines how the occupancy score is translated into a penalty factor,
which is then applied to the score of the molecule. A sharp penalty function like a

step function will result in a hard penalty, while a smooth penalty function like a
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sigmoid or tanh will result in a stricter soft penalty that increases gradually as the
occupancy score increases. Figure 11 shows the curves of the penalty functions

depending on the bucket utilization u.

Diversity-filter penalty functions (B = 100)

1.0 P
Pstep(u) = 1[u<1]
Psigmoid(U) = T amze=T70Ts)
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-
e
506
=
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0.2 A

(u; B) =1 + erf(VINE) — erf(vVTu)
PTanh(U; B) =1 = tanh(3(u — 1/B))
0.0
T T T T
0% 20% 40% 60% 80% 100%

Bucket utilization u=n/B

Figure 11 : Selection of penalty functions for score penalties. The step function is a
hard penalty, while the sigmoid, linear, tanh and erf functions are soft penalties that
increase smoothly as the occupancy of a cluster increases until a set maximum is

reached and the score is set to 0.

3.4 Sample Reweighing within Experience Replay

This work extends the concept of experience replay as introduced in Section 2.4 by
reweighing the samples in the replay buffer according the current likelihood of the
agent inspired by importance sampling and prioritized replay. Therefore one needs to
reevaluate the likelihoods of the samples under the current policy P, ent(4;)-

Crucially because we only store the negative log-likelihoods of the generated
molecules in the replay buffer, we calculate the importance weights for the entire
sample A, in the replay buffer based on the difference between the current and stored
log-likelihoods instead of the probability of each token.

_F.

A.
wi — current ( 'L)
Pstored (Az)

In practice we compute these differences in parallel for all samples in the replay buffer
and apply a softmax function to normalize the weights to the range [0, 1] and ensure
they sum to 1, which makes the implementation trivial and only based on the

= eXp( (log Rzurrent (Az ) — lOg ‘Pstored (Az ) ) )

negative log-likelihoods.

w = softmax(NLL NLL

stored current)

When sampling from the replay buffer, we use these weights to bias the sampling
towards more likely samples under the current policy using weighted sampling, which
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should help the agent to focus on more relevant experiences and improve learning
efficiency. The downside of this method is a slight overhead in computing the current
log-likelihoods for all samples in the replay buffer, for which we need to reevaluate
the model’s probability for each sample. This grows with the size of the replay buffer,
which is a fixed user-defined parameter.

3.5 Combining Diversity Penalties and Experience
Replay

Experience Replay as explained in Section 2.4 exhibits the flaw that it somewhat
works against the goal of maintaining diversity, as it tends to favor frequently
encountered high-scoring samples and can lead to a concentration on a narrow subset
of the chemical space. One idea is to force diversity within the replay buffer itself by
incorporating diversity-enhancing techniques discussed in Section 3.1 when inserting
new samples into the buffer. Concretely when inserting new entries into the replay
buffer, we calculate a diversity penalty w(A4;) € [0, 1] for all samples A, previously in
the buffer. The stored score s, is then adjusted according to a tunable parameter \ as
follows, such that A = 1 applies the full diversity penalty and A = 0 ignores it:

Only the top-k entries according to the adjusted scores are retained in the replay
buffer, keeping a fixed size. Over time the diversity penalty downscores less diverse
samples and may eject them from the buffer once new higher-scoring samples are
inserted, promoting a more diverse set of experiences within the buffer.

3.6 Experimental Setup

In order to assess the effectiveness of the proposed methods, they are implemented
within the REINVENT framework and evaluated on a set of standard molecular
generation tasks.

For the prior network we use the pre-trained RNN model by Olivecrona et. al [2],
which has been trained on the ChEMBL database and is capable of generating valid
SMILES strings in a vast chemical space.

To assess performance in a realistic drug discovery context, we use scoring functions,
which are based on the Therapeutics Data Commons (TDC) benchmarks for
molecular generation [31]. The targets include the Dopamine Type 2 Receptor
(DRD2), c-Jun N-terminal Kinases-3 (JNK3) and Glycogen Synthase Kinase 3 Beta
(GSK3p) oracles provided by TDC in equal combination with an estimate of drug
likeliness (QED) as used in prior work [5], [11], [32].

Molecules are generated in batches of 128 and the agent is trained for a maximum of
3000 steps, which allows for sufficient training while keeping the runtime and cost
manageable.
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The performance of the proposed methods is compared against a baseline
REINVENT agent without any diversity enhancement, as well as against existing
diversity techniques such as scaffold-based penalties with and without intrinsic
rewards. All diversity penalties use a threshold of A = 0.5, meaning the final reported
score of the weighted scoring function (% QED + % TDC) has to exceed this threshold
to count active and viable for the diversity penalties. Each method is evaluated across
20 independent runs to ensure robustness and reliability of the results, with
consistent trends observed across runs being considered significant.

We use the number of unique molecules, which are predicted to be active by the
scoring functions (Hits), as a primary metric for quality, as it captures both the
ability of the agent to generate desirable molecules and the diversity of those
molecules.

But since this metric alone does not fully capture the distance between molecules, we
also use the diverse hits metric, defined as the number of circles that can be drawn
around the unique hits in the chemical space, where each circle represents a certain
similarity threshold, as introduced in Section 2.3.4 and proposed by Renz et. al. [21].
This has shown to be a more nuanced metric for diversity compared to others, as it
captures not only the number of unique hit molecules but also how spread out they
are in the chemical space, providing a better understanding of the diversity of the
generated molecules. This metric captures the ability of the agent to generate novel
hit molecules that are not just minor variations of previously generated ones.
Additionally to estimate the quality and speed of convergence of the agent, we track
the evolution of the average and top-k scores over the course of the learning process.
This mirrors the normal use case in drug design where typically a reduced set of top
candidates are selected for further experimental validation.

We also employ the number of unique Bemis-Murcko scaffolds and topological
scaffolds as a metric for diversity, as it captures the structural diversity of the
generated molecules and has been employed in prior work [3], [11].
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Results

In general, the effectiveness of the newly proposed methods seems to be highly
dependent on the scoring functions used for training. So in the following we are going
to investigate the results isolated for each target and summarize the findings in the
discussions in Section 5.

We are comparing the baseline to the raw bitbirch with hard penalty as well as
tanh__RND __bitbirch with soft tanh penalty and RND intrinsic reward. The scaffold
based tan_ RND__ scaffld and tanh__Information__scaffold with soft penalty and
intrinsic rewards act as state-of-the-art comparisons as proposed by Svensson et al [5].

4.1 Dopamine Type 2 Receptor (DRDZ2)

For DRD2, Figure 12 shows that the baseline agent can usually find a high scoring
region fairly fast, but Figure 14 shows that this happens at the expense of diversity
and exploration when measured by hits and diverse hits. While the agent explores the
chemical space quickly, it seems to get stuck in local optima, which is reflected in the
plateau in diverse hits and scaffolds after 200-400 steps.

QED (Mean =+ Std, smoothed over 20 Training Steps) tdc_drd2 (Mean = Std, smoothed over 20 Training Steps)
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Figure 12 : QED and DRD2 scoring components averaged per batch with a rolling
window of 20 steps across 20 independent runs.
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tdc_drd2 distribution by step range
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Figure 13 : Violin and box plots showing the distribution of the DRD2 scores across
20 independent runs for each method for different step ranges. Higher step ranges
usually have a higher average score and less variance, which indicates a convergence
of the agent to a local maximum.
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Figure 14 : Average cumulative unique hits and diverse hits smoothed over 10
training steps across 20 independent runs for DRD2. The tinted area shows the
standard deviation across runs. Higher is better as it indicates more exploration.

All diversity methods on the other hand seem to lead the agent to explore the
chemical space more effectively, which is reflected in the growing number of unique
hits and diverse hits, as seen in Figure 14. The proposed BitBIRCH method with a
soft tanh penalty and Random Network Distillation shows to be very promising when
looking at diverse hits, the diversity ratio % and BitBIRCH clusters, exceeding
all other methods with very little variance across the twenty runs in Figure 15. The
fraction of duplicate SMILES is reduced substantially with all diversity penalties at
the expense of more memory usage of around 2GB for all diversity methods. At the
same time Figure 13 shows it consistently has the lowest average oracle score, which
suggests that there might be a trade-off between optimizing for the scoring function
and maintaining diversity. Also, when looking at unique scaffolds and unique
topological scaffolds in Figure 16, the tanh Information Entropy and RND methods
which actively optimize for scaffolds still seem to have an edge over BitBIRCH, but
show less diverse hits and BitBIRCH clusters. Overall using a soft penalty like tanh
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and intrinsic rewards seem to be more effective than a hard penalty,

with prior work by Svensson et al. [5].
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Figure 15 : Diversity metrics for 20 independent runs using DRD2. The bars show
the 25th and 75th percentiles, while the error bars show the min/max value. The line

in the middle shows the mean and the triangle the median.
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scaffolds smoothed over 10 training steps across 20 independent runs for DRD2. The
tinted area shows the standard deviation across runs. Higher is better.
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4.2 gsk3p

For gsk3(, the results are mostly in line with what we have seen with DRD2, as can
be seen in the hits and diverse hits in Figure 18. Figure 19 shows that baseline agent
without diversity methods again behaves as expected, quickly finding a high scoring
region, but the hits and scaffolds in Figure 21 reach a plateau quickly indicating very
low diversity and little exploration, not making any meaningful new discoveries after
a few hundred steps.

All the diversity methods again improve on exploration and diversity metrics, but the
picture is not as clear as with drd2. When it comes to diverse hits scaffold-based
methods actually perform only slightly better or similar to the baseline while
generating significantly more hits overall. At the same time, the BitBIRCH method
using a soft tanh penalty shows by far the best results in terms of diverse hits and
BitBIRCH clusters as demonstrated in Figure 17. Important to note is that adding
the RND intrisic reward seems to have the biggest effect on diverse hits. Any other
methods slowly reach a plateau, which can be seen in Figure 18.
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Figure 17 : Diversity metrics for 20 independent runs using GSK3@. The bars show
the 25th and 75th percentiles, while the error bars show the min/max value. The
black line shows the mean and the triangle the median.
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Cumulative Unique Hits for gsk3b - mean =+ std - Smoothed over 10 Training Ste Cumulative Diverse Hits for gsk3b - mean + std - Smoothed over 10 Training Ste
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Cumulative Unique Scaffolds for gsk3b - mean =+ std - Smoothed over 10 Training Ste Cumulative Topological Scaffolds for gsk3b - mean =+ std - Smoothed over 10 Training Ste
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Figure 22 : Top 128 GSK3p scores over the initial 300 steps and the area under the
curve averaged per batch with a rolling window of 20 steps across 20 independent
runs.

However, when looking at the oracle score trajectories in Figure 19, it seems that the
BitBIRCH methods are worse at optimizing the scoring function. This trade-off is
particular evident for gsk3/, where the tanh BitBIRCH method has a much lower
average oracle score than all other methods, while maintaining the high number of
diverse hits and BitBIRCH clusters. Figure 20 also shows that while eventually a
similar final score can be reached, it happens slower than other methods, often only
after 1000-2000 learning steps. But interestingly the QED score stays relatively stable
across all methods, which suggests that the methods are able to maintain a certain
level of drug-likeness while optimizing for diversity and deprioitising the gsk3( score.
And when only looking at the top 128 scores in Figure 22, the tanh BitBIRCH
method is still able to achieve competitive top scores and convergence, which is more
relevant practically than the average score across all generated molecules as it
indicates that we can still find high quality hits.
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When in comes to scaffolds in Figure 21, the tanh penalized scaffold method with
Information Entropy based intrinsic reward seems to be really effective. Despite
finding the least amounts of diverse hits, it manages to maintain a high number of
unique scaffolds and is among the top methods regarding unique hits. This suggests
that this method is able to find a high number of high scoring hits that are
structurally different from each other, but maybe still fairly similar when measured in
the fingerprint space.

4.3 Jnk3

For Jnk3, the results tell a somewhat different story than the other targets. As seen
in Figure 25, apart from the RND and Information Entropy methods, all methods
struggle to find a high number of hits and scaffolds. The number of diverse hits and
BitBIRCH clusters are extremely low for all methods, which suggests that none of the
methods are able to find a diverse high scoring set of molecules. However, the score
distribution in Figure 23 and the oracle score trajectories in Figure 24 show that the
scaffold methods with added intrinsic reward methods are able to achieve very high
Jnk3 scores at times, with QED remaining relatively stable across all runs. The
variance on these methods is high, so their performance is inconsistent and not be
reliable across different runs.

tdc_jnk3 distribution by step range
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Figure 23 : Violin and box plots showing the distribution of the Jnk3 scores across
20 independent runs for each method for different step ranges.
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Figure 24 : QED and Jnk3 scoring components averaged per batch with a rolling
window of 20 steps across 20 independent runs.
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Figure 25 : Diversity metrics for 20 independent runs using Jnk3. The bars show the
25th and 75th percentiles, while the error bars show the min/max value. The middle

line shows the mean and the triangle the median.
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Figure 26 : 2D PCA and t-SNE projections of the fingerprints of hits for Jnk3,
coloured by method. The baseline clusters tightly in a small region of the chemical
space, while the diversity methods spread their hits more broadly. Both intrinsic

reward methods form seperated clusters.
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t-SNE Density for jnk3
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Figure 27 : Density of hits in 2D t-SNE projections for Jnk3 per method. The
scaffold methods cluster in specific regions, while BitBIRCH spreads more broadly

across the chemical space.

When looking at PCA and t-SNE projection of the fingerprint space of the hits in
Figure 26 and Figure 27, one notices that both methods form distinct clusters
separate from all other methods and the baseline cluster. This indicates that these
methods due to the additional random exploration can explore the space to find high
scoring regions unknown to other methods. But the fact that these clusters are very
tight, suggests that they are not able to find a diverse set of hits in these regions,
which is also reflected in the low number of diverse hits and BitBIRCH clusters.

So taking scaffolds as a measure alone might be misleading, as the methods might

find a high number of unique scaffolds as seen in Figure 29, but if they are all very
similar to each other, they might not be very useful for drug discovery and actual

diverse exploration.

These results also show that the effectiveness of these diversity methods depend a lot
on the oracle, how it was trained, what its domain is and how much of that is
encoded in the prior. Very likely these high scoring predictions are outside the scope
of the jnk3 training domain and thus very unreliable. This coincides with other work
by Medina et al. with the Jnk3 oracle, where it was found to be hard to optimize for
using the REINVENT prior [33]. Overall these results are very noisy, so more runs
have to be performed to draw more solid conclusions.
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Figure 28 : Average cumulative unique hits and diverse hits across 20 independent
runs smoothed over 10 training steps for Jnk3. The tinted area shows the standard
deviation across runs. Higher is better as it indicates more exploration.
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Figure 29 : Average number of cumulative unique scaffolds and unique topological
scaffolds across 20 independent runs for Jnk3. .

4.4 Diversity within Experience Replay

We benchmarked the performance of the proposed diversity within experience replay
method as introduced in Section 3.5 with A = 0.2, A = 0.5, A = 1.0 (marked with
dp02, dp05, and dpl0 in the plots) against the baseline REINVENT agent and
diversity penalties that were not integrated in the experience replay, but experience
replay being turned on (“inception”) and off.

Figure 30 shows that using experience replay speeds up the early stages of learning
up to around 300 steps compared to the baseline, but the average score also plateaus
earlier with more variance. Combining this with any diversity method except for
tanh__Information__scaffold increases the plateau effect further. Still experience replay
accelerates the process of finding top 128 high scoring molecules as measured by the
area under the curve (AUC) under the top 128 scores. While the baseline with
experience replay (baseline _inception) is the fastest to reach the initial high scores,
the scaffold method with Information intrinsic reward actually shows the highest
average reward among the diversity methods.
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Figure 30 : Average GSK3p score, top 128 GSK3[ scores and the corresponding area
under the curve averaged per batch with a rolling window of 20 steps across 20
independent runs.

36



4. Results

The combined diversity approach (dp02, dp05, dp10) significantly lowers the speed of
early learning and top score found, a lower A weight results in a less pronounced
slowdown, while a higher A weight further reduces the early learning speed. But the
differences are not significant as the exact convergence statistics in Table 4 show.

The convergence step is the absolute step at which the cumulative top-128 average
score first reaches 90% of its final value, with a lower value indicating faster
convergence. The final score is the cumulative top-128 average score at the last
training step, where a higher value indicates better final quality. Score per step
measures the average improvement up to convergence, calculated as Stt“j, a higher
value therefore indicates a faster learning rate. The dp02 variant with A = 0.2 shows
the best numbers among the combined methods but only with a small margin. All
combined diversity approaches show significantly worse values compared to
baseline__inception, although there is sill an advantage when comparing against no
experience replay. More detailed observations and comparisons regarding
computational aspects can be found in Appendix B.2.

Table 4 : Convergence statistics for the top 128 GSK30 scores across 20 runs (mean

+ standard deviation). The best mean and lowest standard deviation in each column
are bold.

Method Convergence step Final score Score per step AUC
baseline 182 4+ 15.1 0.938 + 0.014 0.00439 4+ 0.00034 0.734 4+ 0.011
baseline_ inception 95.7 + 7.4 0.984 + 0.015 0.00879 + 0.00076 0.841 + 0.013
tanh_ Information_ scaffold_ inception 109.7 + 14 0.971 + 0.012 0.00762 4+ 0.00097 0.825 4+ 0.013
tanh_ RND_ bitbirch 137.4 4+ 9.3 0.873 4+ 0.011 0.00536 + 0.00036 0.72 £+ 0.012
tanh_ RND_ bitbirch_ inception 114.1 4+ 10.8 0.952 £ 0.023 0.0071 £ 0.00057 0.803 4+ 0.015
tanh RND_ bitbirch_inception_ dp02 107 + 6.9 0.881 4 0.015 0.00695 + 0.00044 0.755 4+ 0.011
tanh_RND_ bitbirch_inception_ dp05 113.6 + 7.2 0.875 + 0.01 0.00649 4 0.00042 0.744 £+ 0.009
tanh_ RND_ bitbirch_ inception_ dpl0 1159 4+ 6.4 0.868 + 0.011 0.00631 4+ 0.00038 0.736 + 0.01
tanh_ RND _ scaffold inception_isamp 109.8 + 19.4 0.958 + 0.026 0.00757 £ 0.00115 0.813 £ 0.018

As expected the combined methods show improvements in diversity though, as the

diverse hits in Figure 31 demonstrate. While the scaffold Information approach gives
by far the most unique hits, all BitBIRCH methods have a leap in diverse hits. The

combined methods even surpass the tanh RND bitbirch approach without experience
replay and improve diversity overall compared to all other methods with conventional
experience replay.
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Figure 31 : Average cumulative unique hits and diverse hits across 20 independent

runs smoothed over 10 training steps for GSK33 with and without experience replay.
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4.5 Sample Reweighing and Experience Replay

When introducing the sample reweighting from Section 3.4, we do not notice
sigificant differences. Figure 33 shows, for the baseline the average and top-128 scores
are nearly identical. When combining sample reweighting with the BitBIRCH
penalty, there is even a slight worsening in the average scores after 200 steps, while
the top-128 scores remain relatively similar.

Figure 32 shows that diversity metrics are also comparable across the board.
Disabling sample reweighing even gives a few more unique and diverse hits. While
sample reweighting does not impact the memory consumption, the computational
overhead is increased significantly from a few milliseconds to 1 — 1.6 seconds per
batch due to the additional evaluations of the agent for all memory entries. This
effort also scales with the size of the memory and prior model size, making it
potentially costly for large memory buffers. Especially the sampling size also plays a
crucial role in the stability and efficiency of the learning process. Appendix B.1
includes an ablation study on the impact of experience memory and sampling size.

Summary Statistics for gsk3b
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Figure 32 : Learning metrics for 20 independent runs using GSK3p with sample
reweighting and experience replay. The bars show the 25th and 75th percentiles,
while the error bars show the min/max value. The black line shows the mean and the
triangle the median.
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tdc_gsk3b (Mean =+ Std, smoothed over 20 Training Steps) Cumulative Top-128 tdc_gsk3b (Mean * Std)
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independent runs.
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Discussion

Overall, it shows that using highly efficient clustering methods specialized for
molecules like BitBIRCH to measure and maintain diversity in reinforcement learning
for generative molecular design is a promising approach. The method seems to be
highly effective at finding a high number of unique and diverse hits while maintaining
a certain level of drug-likeness, scaffold diversity, and target score comparable to
already deployed methods based on scaffolds.

Meanwhile, all three examined targets show different patterns in terms of how the
diversity methods perform, which suggests that the effectiveness of the methods
might be very target dependent. Especially for Jnk3, it seems almost impossible to
find any high scoring molecules, let alone diverse ones, which might be a sign that the
scoring function is not very effective for this target, or that the chemical space of high
scoring molecules shares little overlap with the prior chemical space. The other two
targets are more in line, with the BitBIRCH method showing a clear improvement in
terms of diversity metrics such as diverse hits and BitBIRCH clusters.

But the results also show that there is a trade-off between optimizing for the oracle
score and maintaining diversity, which is especially evident for gsk33, where the
BitBIRCH methods have a much lower average oracle score than all other methods,
while achieving a very high number of diverse hits and BitBIRCH clusters compared
to other methods. While the convergence speed is slowed by the emphasis on
maintaining diversity, the top scoring molecules still achieve competitive oracle scores
measured by the top 128 scores, which is more relevant practically. This indicates
that it is possible to balance diversity and performance to some extent.

Using experience replay universally improves the early learning speed allowing it to
achieve higher top oracle scores more consistently. This usually comes at the cost of
decreased diversity and more instability. With a combined approach which integrates
the proposed penalty framework into the experience replay mechanism, it is possible
to achieve a better balance between maintaining diversity and optimizing for the
oracle score, leveraging the strengths of both strategies and make the experience
buffer less static. Still this approach shows weaknesses, particularly after the initial
learning phase where the agent plateaus at a much lower average score and the
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benefits of experience replay diminish, making it challenging to maintain both high
diversity and high oracle scores simultaneously in the long term.

The results also show possible problems with measuring diversity. For example, the
tanh penalized scaffold method with Information Entropy based intrinsic reward
seems to be really effective at finding a high number of unique scaffolds, but it finds
very few diverse hits, which might be a sign that measuring diversity with scaffolds
alone might be misleading, as a high number of unique scaffolds might still be similar
to each other in the fingerprint space. If the scaffolds themselves are all very similar
to each other with minor modifications, they might not reflect actual diverse
exploration

So one needs to look at a variety of similarity and diversity metrics to get a more
complete picture of the diversity.

As a conclusion, the effectiveness of the proposed BitBIRCH method for maintaining
diversity in generative molecular design is likely highly dependent on the goals of the
drug discovery project and the specific target being optimized for, and there is no
one-size-fits-all solution for maintaining diversity in generative molecular design.

5.1 Conclusion

This thesis implemented a modular and composable system for employing diversity
penalties and experience replay within the REINVENT framework and investigated
whether incremental clustering can support structural diversity in reinforcement-
learning-based molecular design while considering practical computational
constraints. Across the evaluated targets, BitBIRCH-based penalties generally
encouraged broader exploration and produced more diverse hits and occupied
BitBIRCH clusters than the baseline and scaffold-based alternatives. While the
results showed to be dependent on the choosen targets, the effect was clearest for two
of the three evaluated targets, DRD2 and GSK3p, demonstrating that efficient
molecular clustering can provide a useful basis for diversity control.

However, increased diversity did not consistently translate into better optimization
performance. For GSK3{ in particular, the BitBIRCH methods achieved high
diversity while obtaining lower average oracle scores, revealing a trade-off between
exploration and exploitation. The competitive top-128 scores nevertheless indicate
that the methods can still identify high-quality candidates even when the average
generated population scores lower. For JNK3, all methods found few diverse, high-
scoring molecules, suggesting that performance also depends strongly on the target,
scoring function, and overlap between the prior and the relevant chemical space.

Experience replay accelerated early optimization and improved the consistency of top
scores, but generally reduced diversity and provided diminishing benefits later in
training. Integrating the BitBIRCH penalty with experience replay produced a more
favorable balance, although it did not fully eliminate this conflict. Sample reweighting
provided no clear improvement and introduced substantial computational overhead.
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Overall, BitBIRCH is a promising and computationally practical mechanism for
diversity-aware molecular generation, but it is not universally superior across targets
or objectives. The results demonstrate that diversity methods must be evaluated
jointly in terms of molecular quality, exploration, computational efficiency, and
multiple complementary definitions of diversity.

As part of this work, a modular composable system for employing diversity penalties
and experience replay within the REINVENT framework and a benchmarking
platform for evaluating diversity methods in generative molecular design has emerged,
both of which are open-source and can be used by other researchers to evaluate their
own targets and methods to compare them to existing ones and see the effectiveness
of different approaches.

5.2 Future Work

This work led to an ongoing publication effort highlighting the strengths and
limitations of the integrated BitBIRCH method in particular. As part of the thesis
the hyperparameter space was mostly kept fixed to reduce the complexity of the
experiments and focus on evaluating the effectiveness of the proposed method. A
more thorough exploration of the hyperparameter space could provide deeper insights
into the robustness and generalizability, potentially revealing optimal configurations
that balance diversity and oracle score more effectively.

Second, it would be interesting to further investigate the trade-off between optimizing
for the oracle score and maintaining diversity, and see if there are ways to mitigate
this trade-off, for example by using staged training approaches where the agent first
focuses on optimizing for the oracle score and then gradually increases the
importance of diversity. Especially for gsk3(, it would be interesting to see if the
same pattern of a trade-off between oracle score and diversity emerges when the
agent is already in a high scoring region and a BitBIRCH filter is gradually applied.

Finally, it would be interesting to further evaluate the proposed method on more
targets and different prior backbones like transformers, which recent work has shown
to be very effective for generative molecular design, to see if the results generalize
across different settings and to further understand the strengths and weaknesses of
the method [9].
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A

Alternative Methods and
Approaches

In addition to the BitBIRCH approach, more conventional clustering methods were
briefly explored to improve diversity in reinforcement learning for generative
molecular design. Two such methods are Kmeans and Kcentroids clustering, which
can be adapted to work with molecular fingerprints and Tanimoto similarity. A third
conventional clustering method specifically for molecules, Taylor-Butina clustering,
was also considered. But all three methods scale quadratically with the number of
molecules in memory, which makes them less suitable for reinforcement learning,
where the number of molecules in memory can be very high. Also, all three methods
require a predefined number of clusters, which can be a limitation compared to the
dynamic nature of BitBIRCH and the scaffold approach and makes them hard to
compare. The verdict is that BitBIRCH gets a similar or better diversity performance
than the other methods, while being much more efficient in terms of runtime and
memory usage, which makes it more suitable for reinforcement learning for generative
molecular design and led to discontinuing exploration of the alternatives.

A.1 Kmeans

Kmeans stores the arithmetic mean p; = L Zie o X, of all fingerprints for each
j i

cluster. Upon insertion of a new fingerprint x,,,, into cluster Cj, the cluster which
maximizes the tanimoto similarity to the cluster mean is chosen and the mean is
updated accordingly.

Similar to the BitBIRCH approach, a penalty can be applied based on the occupancy
of each Kmeans cluster in the memory. However, Kmeans requires a predefined
number of clusters, which is a clear limitation compared to the dynamic nature of
BitBIRCH. This adds another hyperparameter to the method, which can be hard to
tune and makes it hard to compare to other methods since a small number of clusters
might not capture the space adequately. BitBirch scales itself dynamically based on
the data and the threshold, which makes it more flexible and easier to use in practice.



A. Alternative Methods and Approaches

A.2 KCentroids

Kcentroids is similar to Kmeans but uses the median instead of mean value for each
cluster, which is more intuitive for binary fingerprints, can be more robust to outliers
and may provide better clustering for binary fingerprints. Like Kmeans, it also
requires a predefined number of clusters and can be adapted to use Tanimoto
similarity by comparing. But it also suffers from the same limitations as Kmeans in
terms of scaling and hyperparameter tuning.

A.3 Taylor-Butina

Taylor-Butina clustering is a method specifically designed for molecules and uses
Tanimoto similarity to cluster molecules based on their fingerprints. It is a greedy
algorithm that iteratively selects the molecule with the heighest number of neighbors
within a cutoff 6 as the cluster center and assigns all molecules within a certain
Tanimoto similarity threshold to that cluster [18]. While it is specifically designed for
molecules and uses Tanimoto similarity, we have to store all pairs of similarities
essentially which gives a scaling of @ € O(n?). This makes it impractical in
iterative resource-constrained reinforcement learning settings, where the number of

molecules in memory can be very high.

A.4 Extended Experiments

In the scope of this thesis it was not possible to conclude definitive results regarding
the comparative performance of the different clustering methods due to
computational and time constraints. Early experiments shown in Figure 34 were not
successful in a sense that the alternative methods decreased the average score
massively and increased the runtime significantly such that the computational budget
of 3 hours was quickly exhausted. Taylor-Butina, in particular, was very slow with
more than 12 seconds per step. While these methods show potential when looking at
diverse hits, their limitation with fixed number of clusters makes them hard to
compare and were deliberately not pursued further in this thesis.

II



A. Alternative Methods and Approaches

Summary Statistics for drd2
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Figure 34 : Learning metrics for 20 independent runs using DRD2 and alterntive
clustering approaches. The bars show the 25th and 75th percentiles, while the error
bars show the min/max value. The black line shows the mean and the triangle the
median.
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Extended Results

B.1 Impact of Experience Memory and Sampling Size

An ablation study was conducted to evaluate the impact of experience memory and
sampling size on the performance. Figure 35 shows that especially the sample size has
a significant effect on the learning outcomes. In general, the larger the sample size,
the faster the initial learning, but at the expense of more instability and earlier
plateauing of the average score. This is also reflected in the convergence statistics
shown in Table 5. The higher sample sizes like 64 or 128 tend to reach convergence
faster but also exhibit more variability in the final scores. This makes sense as the
batch size was set to 128, so sampling more molecules from the experience replay
should pronounce the effect more. For further experiments, a memory size of 128 and
a sample size of 64 has been chosen to see the effects of experience replay clearly. In
practice a lower sample size might be preferred to gain more stability and reduce
computational overhead.

tdc_gsk3b (Mean * Std, smoothed over 20 Training Steps) Cumulative Top-128 tdc_gsk3b (Mean * Std)

8
05| Zor
A A0 o cunatis o120 g
J
2
8 206 _
- "
Bos $ J———
d g
§ Sos _
s & / [EO—
gt / —
g
am———
0.2+ 03 4
/ [ odos
024 e oot

0 100 200 300 400 500 600 700 800 900 1,000

0 20 40 60 80 100 120 140 160 180

[ PSR

Training Steps Training Steps
baseline baseline_inception_mem128_samp128  baseline_inception_mem128_samp16 baseline baseline_inception_mem64_samp32  baseline_inception_mem128_samp16
baseline_inception_mem128_samp32  baseline_inception_mem128_samp64 baseline_inception_mem32_samp16 baseline_inception_mem128_samp64  baseline_inception_memo4_samp64  baseline_inception_mem128_samp32
baseline_inception_mem32_samp32 baseline_inception_mem32_samp8 baseline_inception_mem64_samp32 baseline_inception_mem32_samp16 baseline_inception_mem32_samp8 baseline_inception_mem128_samp128

baseline_inception_mem64_samp64 baseline_inception_mem32_samp32

Figure 35 : Average GSK30 score, top 128 GSK30 scores and the corresponding area
under the curve averaged per batch with a rolling window of 5 steps across 20
independent runs.
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Table 5 : Convergence statistics for the top 128 GSK30 scores across 20 runs (mean
+ standard deviation). The best mean and lowest standard deviation in each column

are bold.

Method Convergence step Final score Score per step AUC
baseline 182 4+ 15.1 0.938 £+ 0.014 0.00439 + 0.00034 0.734 £+ 0.011
baseline__inception_ isamp 105.6 + 10.1 0.989 + 0.02 0.00803 + 0.0008 0.839 £ 0.019
baseline__inception_mem128_ sampl28 88.6 + 11.5 0.983 + 0.026 0.00956 4+ 0.00119 0.85 4+ 0.021
baseline__inception__mem128 samp64 95.7 + 7.4 0.984 + 0.015 0.00879 + 0.00076 0.841 + 0.013
baseline__inception_mem128 sampl6 124.3 + 8.6 0.967 + 0.011 0.00663 4 0.0005 0.801 + 0.013
baseline_ inception_mem128_ samp32 109.5 + 8.9 0.983 + 0.012 0.00767 + 0.00066 0.825 + 0.012
baseline_inception_mem32_sampl6 112.5 + 16.4 0.984 + 0.017 0.00758 + 0.00108 0.826 £ 0.016
baseline__inception_mem32_samp32 97.9 + 13.8 0.989 + 0.017 0.00877 £ 0.00145 0.848 + 0.021
baseline_inception_mem32_samp8 129.1 4+ 16.1 0.972 + 0.023 0.00647 + 0.00074 0.8 +£ 0.017
baseline_inception_ mem64 samp32 101.6 + 11.8 0.982 + 0.014 0.0083 + 0.00095 0.833 + 0.013
baseline_ inception_ mem64 samp64 92 4+ 11.8 0.996 + 0.01 0.00935 + 0.00116 0.859 + 0.013
tanh_ RND_ bitbirch 137.4 + 9.3 0.873 + 0.011 0.00536 + 0.00036 0.72 + 0.012
tanh_ RND_ bitbirch_ inception 114.1 + 10.8 0.952 4+ 0.023 0.0071 4 0.00057 0.803 £ 0.015
tanh_ RND_ bitbirch_ inception_ isamp 110.4 + 18.6 0.946 4+ 0.03 0.00742 4+ 0.00117 0.804 4 0.023
tanh_ RND_ scaffold 133.6 £ 7.5 0.871 £ 0.011 0.00547 4+ 0.00031 0.722 £+ 0.008
tanh_ RND_ scaffold_ inception_ isamp 109.8 + 19.4 0.958 + 0.026 0.00757 + 0.00115 0.813 £ 0.018
tanh_ bitbirch_ inception_ isamp 128.1 4+ 14.4 0.969 + 0.011 0.00649 + 0.00071 0.809 + 0.013

B.2

Diversity in Experience Replay

Figure 36 shows further diversity and learning metrics for the various experience

replay strategies with and without combined diversity penalty discussed in

Section 4.4. Particularly interesting is that the combined diversity penalty seems to

improve the diversity of tanhBitBirch compared to without experience replay further

according to diverse hits, hamiltonian diversity, and BitBIRCH cluster diversity

metrics. On Scaffolds and Unique Hits, the scaffold Information seems to excel.

When looking at the inception/replay memory during the learning process, the effects

of the diversity penalties become apparent, with a significantly higher turnover of

molecules in the replay buffer and lower mean, bottom and top scores compared to

the baseline without diversity penalties. Especially the actual samples that get

injected into the learning loop have a significantly lower score which might explain

the slower early learning and plateaus observed for the combined diversity

approaches. These also take slightly more memory and runtime. Although with 0.2

seconds per step, the overhead is relatively minor compared to importance sampling

methods which can take up to 1.2 seconds per step.
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Figure 36 : Learning metrics for 20 independent runs using
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