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Abstract 
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Orion Walker Dollar 

Chair of the Supervisory Committee: Associate Professor Jim Pfaendtner Department of Chemical 
Engineering 

Accelerating the discovery of novel materials and molecules with desired functionalities is crucial for 
continuing our progression towards technical solutions to some of the world’s most pressing issues 
including disease and climate change. The unique structural and atomic makeup of a molecule dictates 
its functional behavior, yet we still lack a fundamental understanding of the relationship between 
structure and function that would allow us to quickly predict the effect of structural modifications on 
a downstream chemical behavior. Learning this mapping would vastly expedite molecular discovery 
and is at the heart of the field of de novo molecular design. In this work, we explore a variety of 
generative statistical machine learning methods for approximating the joint probability manifold of 
molecular structure and function (JPM-SF). There are several key choices that impact a models’ ability 
to accurately learn this manifold, navigate it, and exploit the regions which it predicts to have optimal 
properties. The choice of molecular representation both fed to and generated by the model determines 
the amount of structural information embedded within the model. Many properties are dependent on 
the distances and angles between atoms and thus 3D representations are often necessary to accurately 
approximate the JPM-SF. However, the complexity of modeling and generating 3D structures elicits 
an increased computational burden and empirical results suggest that models which approximate the 
distribution of 1D sequence-based molecular representations are better at replicating the 
physicochemical property distributions of the training set from which they are drawn. The choice of 
model architecture determines the inductive priors given to the model. These can include both 
structural priors such as the rotational and translational invariance of molecular structures with respect 
to their intrinsic properties, as well as statistical priors such as the dimensionality and type of 
distribution from which latent variables are sampled. The choice of sampling and optimization 
methods, in part, determine the efficiency of the model at achieving a particular goal during inference. 
This can include adopting design criteria beyond those that the model was explicitly trained to predict 
and leveraging the mathematical structure of latent variables to aid in exploration and decision making. 
Each of these choices affects the others and thus we must take a holistic approach when designing a 
de novo design algorithm to tackle a new problem. Herein, we present a detailed look at the 
characteristics and performance of three generative de novo molecular design methods with respect 
to these design decisions. These will serve as case studies to compare the effect that the choices 
enumerated above have on the ultimate utility of such methods in real-world molecular design 
scenarios.
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1. Introduction 

The deep learning paradigm shift of the 21st century has brought with it an accompanying shift in the 
field of chemistry.1 Generative machine learning (ML) algorithms such as variational autoencoders 
(VAEs),2 generative adversarial networks (GANs),3 and denoising diffusion models4 have unlocked 
“inverse” design methods in which hundreds of thousands of novel structures can be generated based 
on their likelihood of exhibiting a desired behavior.5 These methods allow us to probe chemical space 
globally rather than locally and provide experimental researchers with a targeted set of candidate 
molecules that can be further validated in lab-scale or industrial settings. They also allow us to model 
the complex relationship between a molecules structure and its function and infer how structural 
modifications will affect its downstream behavior. Thus, inverse design promises to significantly speed 
up the life cycle of molecular design, discovery, and optimization.6 

The design of a novel discoidin domain receptor 1 (DDR1) inhibitor drug can serve as an illustrative 
example. DDR1 is a tyrosine kinase receptor that has been identified as a key target for treating 
fibrosis. However, designing a small-molecule drug that has both a high binding affinity and high 
selectivity for DDR1 has proven challenging with traditional methods. This is largely due to the limited 
structural diversity of known kinase inhibitors and the high structural homology between the 
druggable ATP binding site of DDR1 and those of other protein kinases.7 Attempting to exploit this 
region of known chemical phase space to target DDR1 has primarily lead to highly promiscuous 
ligands which also inhibit healthy kinase proteins uninvolved in disease.8 

Alternatively, if we expand our search space to include all drug-like small molecules we allow for the 
possibility of discovering novel pharmacophores9 that are more selective towards the DDR1 binding 
pocket. However, the total number of potential drug-like molecules is innumerably large and searching 
this space with brute-force methods is completely infeasible.10 This problem is thus perfectly suited 
for generative machine learning methods, with which we can perform a global search of chemical 
phase space that is biased towards regions that are rich in our desired property. The discovery of 
chemical structures which are dissimilar to the set of known kinases has been observed to play a critical 
role in this process,7 demonstrating the potential utility of inverse design methods which facilitate an 
increased exploration of chemical phase space. 

However, the selectivity of a small-molecule inhibitor towards DDR1 is a necessary but insufficient 
condition for its efficacy and approval as a drug by the FDA. To reach its target, a drug must travel 
through a set of complex pathways within the human body, avoiding degradation and competitive 
inhibition prior to arriving at its final destination.11 It must also be uninvolved in or otherwise avoid 
the many potential off-target pathways that result in toxic endpoints and exhibit no toxic 
physicochemical properties.12,13 If the target is intracellular, the drug must be able to permeate the cell 
membrane.14 Finally, the body must be able to metabolize and excrete the drug to avoid toxic buildup.15 
Satisfying each of these conditions depends on the simultaneous co-optimization of a large number 
of transport and toxicological properties in addition to optimizing for the drugs specific mechanism 
of action. Unsuccessful optimization of these ADME/T properties represents a significant proportion 
of preclinical and clinical failures16 and can cost billions of dollars in wasted research and 
development.17 
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It can be difficult for chemists to intuit the effect that small modifications to a molecular structure will 
have on a single physicochemical property, let alone predict the cascading effects that will occur once 
that molecule is introduced to the immense complexity of the biological systems within the human 
body. Yet without the ability to accurately predict this behavior, much of the modern drug discovery 
process amounts to what is essentially high-stakes trial and error. Generative ML again provides a 
potential solution to this problem.  

Data-driven approximation of the joint probability manifold of structure and function (JPM-SF) 
allows us not only to explore regions of chemical phase space that are far from the region of known 
drugs, but also predict and optimize the structures of novel molecules with respect to the most 
important biochemical properties. Methods for approximating the JPM-SF given only partial 
observation of properties allow us to learn from sparse experimental data18,19 and reinforcement 
learning can be used to bias exploration within the JPM-SF based on properties that are not explicitly 
modeled.20 In fact, despite their relative novelty, generative de novo design methods have already been 
used to discover novel DDR1 inhibitors with optimal ADME/T properties that have been 
experimentally verified in both in vitro cell assays and in vivo rodent models.19  

Clearly, generative machine learning models are already powerful tools capable of performing the 
inverse design, discovery, and optimization of molecular structures. However, there is still much to 
learn and improve upon. The incorporation of 3D structural information into generative models has 
only recently been achieved,21–23 and there are many open questions pertaining to the expressive 
power24 and generalizability25,26 of these networks. Equivariant generative models have become 
extremely proficient at predicting and designing the structures of large biomolecules,27–29 yet similar 
models are still incapable of outperforming traditional methods at low energy conformer 
generation30,31 or molecular docking.32,33 Some methods have been proposed for increasing the 
transparency and interpretability of molecular candidates proposed by generative models,34,35 yet the 
absence of clear causal mechanisms for predictions made by these models may limit their acceptance 
given how intricately the accuracy of their predictions are tied to human health. 

While the research presented herein provides but a small glimpse into the solutions to these problems, 
I hope that any reader who happens to stumble upon this document may perhaps find some spark of 
inspiration in the questions that are posed and the results that follow. We first begin with a brief 
overview of the most important computational chemistry and machine learning methods used for 
inverse design in Chapter 2. Chapter 3 introduces the transformer VAE and provides a justification 
for using Shannon’s information entropy as a model ensemble property that determines downstream 
sampling performance. Chapter 4 explores the use of multimodal conditioning in large-scale language 
models (LLMs) to provide an accessible text-based interface for de novo molecular design to chemists 
with little-to-no background in machine learning. Chapter 5 builds upon the ideas introduced in 
Chapter 3 by incorporating an E(3) invariant encoder used to design and optimize 3D molecular 
structures with respect to their quantum chemical properties, and by demonstrating conditional 
sampling along disentangled latent variables. Finally, the major insights from Chapters 3-5 are 
summarized and potential directions of future work suggested in Chapter 6.  
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2. Framework & Methods 
 
The umbrella of inverse design covers many different types of models, algorithms, and computational 
tools. However, there are three components to inverse design that are consistent across almost all use 
cases. 
 

I. Machine-readable representations of molecular structure 
II. Generative machine learning architectures 

III. Optimization and sampling methods 
 
Developing a proper understanding of each of these components is key to choosing the methods that 
will be best suited for a particular drug design or materials discovery task.  These choices, while varied, 
are not independent from one another. For instance, the use of three-dimensional molecular structures 
necessitates a generative architecture that can ingest and interpret 3D information. 
 
In addition to the choice of methodology, the success or failure of an inverse design model is highly 
dependent on the availability of high-quality data and the selection of evaluation metrics that 
adequately describe the functional behavior the model is intended to approximate. This last point is 
particularly relevant in relation to Goodhart’s law – “when a measure becomes a target, it ceases to be 
a good measure.”36 In molecular design, the direct optimization of a model towards the metric by 
which the model is evaluated can often result in many false positives due to errors or noise in the 
predictions that lead to over-optimization towards spurious correlations in the training data.37 Thus, 
the practitioner must be careful to avoid optimizing on the same metric that they use to evaluate. 
 
We will now explore each of these components of the generative inverse design pipeline – data 
collection, data creation, molecular representations, generative machine learning architectures, and 
optimization methods – in more detail. 
 

2.1 Data Collection 
 
There are a number of existing datasets that are often used to train generative de novo design models 
without the need to create any data from scratch. PubChem,38 ZINC,39 and GDB-1740 each contain 
on the order of hundreds of millions to hundreds of billions unique small molecule structures. Due to 
their size, they are well-suited for pretraining data hungry large-scale generative models that can then 
be fine-tuned for a particular task. However, the quality of the structures in these datasets can be quite 
low41 and its often necessary to apply copious amounts of preprocessing to filter these molecules prior 
to training a model. 
 
Additionally, none of the aforementioned datasets contain any property labels, thus they are only 
suitable for unsupervised pretraining. ChEMBL, on the other hand, includes the results of millions of 
experimental biological assays that measure the affinity of small molecules to many different disease-
related protein targets.42 It has become a staple of models used for drug discovery, however the 
amount of measured data per small molecule and per target is highly variable so it tends to reinforce 
study of protein targets which have already been widely explored.  
 
There are a growing number of datasets being published that precompute the low energy 3D 
conformers for a large number of drug-like small molecules. QM9 served as the gold standard for 
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many years, containing quantum chemical property calculations for ~134K small molecules with no 
more than nine heavy atoms.43 As available compute has grown and interest in scaling 3D generative 
models to larger molecules has increased, larger 3D conformer datasets have been released. QMugs 
repeats the procedure from QM9 on the ChEMBL dataset.44 GEOM-Drugs also generates many 
conformers of structures from ChEMBL, however they compute fewer properties for fewer molecules 
than QMugs while generating many more unique conformers per structure.45 Other examples of small 
molecule conformer datasets include PubChemQC46 and ANI-1.47 Each of these datasets contain 
subtle differences in construction that determine their suitability for a given task, and we refer the 
reader to the literature for further details on these distinctions. 
 
The geometric relationship between small molecule binders and a protein binding pocket plays a vital 
role in determining the protein-ligand affinity. DUD-E48 and PDBBind49 are both datasets that contain 
the static bound structures of crystal ligands within a protein pocket. These datasets help link the 
experimentally measured bioassays to specific pharmacophore-based hypotheses of binding and allow 
for models to be trained to conditionally generate 3D ligand structures based on the shape of a known 
binding pocket.50,51 Similar to the limitations of ChEMBL, datasets derived from experimentally 
determined crystal structures of protein-ligand complexes underrepresent certain ligands or pockets 
with sparse amounts of experimental measurements. The CrossDocked dataset attempts to alleviate 
this by combinatorically expanding on PDBBind by performing automated docking simulations of 
every ligand in every pocket that passes a structural homology threshold compared to its known 
pocket.52 
 

2.2 Data Creation 
 
Oftentimes the publicly available data will not be sufficient to train a model to address the specific 
problem that a researcher wishes to tackle. In this case, it may be necessary to look towards tools for 
efficiently and accurately measuring molecular properties in a high-throughput manner. This data can 
be used to both supplement the model during training and validate the predictions made by the model 
during inference.  
 
Computational chemistry tools in particular are extremely useful for this purpose, as they provide a 
low-cost method for generating reliable data very quickly. In general, the quality of the measured data 
is a function of the cost and time invested to acquire that data, so it is important to evaluate the quality 
of data needed for a specific application and plan accordingly. It’s common to pretrain a general model 
on large amounts of lower quality or noisy data to first learn an approximation of the JPM-SF prior 
to fine-tuning on lower amounts of higher quality data. A few methods for data creation at varying 
levels of quality and cost are detailed below. 
 

Molecular Descriptors 
 
Molecular descriptors have played a large role in the development of generative molecular design 
models and other computational or information-based approaches to understanding chemistry. They 
are derived from a wide variety of fields including quantum chemistry, information theory, organic 
chemistry, and graph theory,53 and can be used as input features or targets for machine learning 
algorithms. They range from very simple descriptors like molecular weight to complex topological 
indices such as the E-state index which gives a numerical description of the electrotopological state, 
𝑆𝑖, of each atom within a molecule 
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𝑆𝑖 = 𝐼𝑖 + ∑
𝐼𝑖 − 𝐼𝑗

(𝑑𝑖𝑗 + 1)𝑘

𝐴

𝑗=1

   (2.1) 

 
where 𝐼𝑖 is the intrinsic state of the ith atom and 𝑑𝑖𝑗 is the topological distance between the ith and jth 

atom.54 Because of their abstract and varied nature, you must often sacrifice interpretability when using 
them however algorithms such as LASSO can trim the number of descriptors considered to only those 
most important for the prediction task thereby improving the interpretability.55 Cheminformatics 
packages such as RDKit56 or Mordred57 allow for the quick calculation of hundreds to thousands of 
descriptors for millions of individual molecular structures making them an extremely useful tool for 
inverse design. 
 

Molecular Dynamics Simulations and Quantum Chemistry 
 
Molecular dynamics (MD) simulations provide a higher level of detail and accuracy than molecular 
descriptor calculations at the cost of increased computational overhead. Highly accurate forcefields 
have been developed for both atomistic-58 and quantum-level59 simulations that allow us to retrieve 
bulk thermodynamic and electronic data for a variety of organic and inorganic molecular structures. 
An automated high-throughput framework for building, running, and analyzing MD systems can be a 
viable alternative to molecular descriptor calculations when the set of available descriptors are not 
sufficient in capturing the desired behavior. Such a framework can also be used to generate an 
ensemble of 3D conformers if a labeled dataset does already exist but lacks the molecular structural 
information needed to accurately model the JPM-SF. 
 

 
Figure 2-1. A framework for integrating high-throughput molecular dynamics simulations with Google Cloud 
(adapted from figure created by Melanie Huynh). Login and controller nodes allow for many virtual compute 
engines to be spun up in parallel to generate massive amounts of data that can be stored in the cloud. 

Previous studies have demonstrated the utility of building a large database from high-throughput 
simulation data, including the previously mentioned 3D conformer datasets as well as the Harvard 
Clean Energy Project60 which provided first-principles calculations for over 2.3 million organic 
photovoltaics. Figure 2-1 shows a high-throughput framework for generating MD data on Google 
Cloud Platform (GCP). Due to the large number of virtual machines (VMs) that can be created in 
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parallel, cloud computing has the potential to greatly reduce the total wall time required for a campaign 
of simulations compared to traditional supercomputing clusters which have a hard cap on the number 
of nodes that can be used simultaneously. We are already witnessing an increase in the availability of 
this type of data as cloud computing hardware has become further integrated with scientific computing 
software. 
 

Literature Mining 
 
A potentially massive source of untapped data exists in the form of unstructured scientific text 
available in journal articles, conference proceedings, and other scientific ventures that have been 
published online but not parsed into any structured format. The rate of publication is growing at an 
exponential rate,61 yet a significant amount of this information will never see the light of day (Fig. 2-
2). Even considering only those studies which have reached a wider audience, it takes an extraordinary 
amount of manual effort to extract and compile the observations contained within unstructured text, 
graphs, figures, and tables into a self-consistent database. 
 

 
Figure 2-2. Papers are being published at an increasing frequency yet over a fifth of all publications have less 
than or equal to five total citations. Even those that are highly cited must be parsed and structured to be able 
to make use of them with external ML models. 

Natural language processing (NLP) methods are a natural choice for learning structure from text in 
an automated manner. Named entity recognition models are able to identify and predict the entity 
types within a body of literature.62 Other models have been improved to not only predict the location 
and identity of entities, but also the relationship between those entities.63 The entity and relationship 
categories are inductive biases built into these models and must be chosen ahead of time. There are 
many examples of models that have been explicitly trained to identify entities and relationships in 
scientific text,64,65 including ChemDataExtractor which uses a linear chain conditional random field 
(CRF) model to extract named chemical entities from unstructured text.66 
 
A major drawback of these methods is that large amounts of labor-intensive labels must be generated 
to train entity recognition models in a supervised manner. For chemistry in particular, labels often 
require a high degree of domain expertise making them difficult to collect in bulk across a variety of 
different fields. The incredible maturation of LLMs in the last year also threaten to make supervised 
entity recognition models obsolete in the near future. While LLMs still tend to hallucinate information 
at an unacceptable rate when they are queried directly,67 strategies for mitigating this such as chain-of-
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thought reasoning68 and embedding-based information retrieval69,70 have already begun to improve the 
reliability of these models. 
 

Experimentation 
 
In most design cases, while the model may be improved by incorporating computational results, it will 
ultimately be necessary to fine-tune and/or validate on real experimental data. A similar tradeoff 
between cost and quality exists for this type of data. For instance, in vitro cell assays are typically used 
to screen and eliminate drug candidates prior to in vivo testing in animal models. Only after the drug 
passes both of these stages can its expected behavior be validated in human clinical trials. The cost of 
clinical trials far exceeds that of bench-scale experimentation so drug candidates must pass a series of 
tests before making it to this stage. 
 
There already exists a number of high-throughput experimental workflows71 that can be used to 
supplement computational data creation, and methods that use machine learning to guide 
experimentation are being developed to minimize the number of required experiments necessary to 
reach a design goal. For instance, robotics and microfluidic platforms have already been tested for 
their suitability in AI-assisted nanoparticle synthesis.72 These devices can be integrated with 
reinforcement learning or Bayesian optimization for online guidance on the selection of additional 
experimental conditions to test.73,74 If high-throughput data collection or automated experimentation 
are simply not possible, there are methods that have demonstrated experimental success when fine-
tuning on very small amounts of experimental data (less than 100 samples).75,76 
 

2.3 Molecular Representations 
 
The choice of molecular representation largely depends on the structural priors that are most 
important for a given task. 1D sequence representations can capture some characteristics of the 
molecular graph like ring openings/closures, branches, and atomic valency,77,78 but due to their 
sequential nature this information is often stored far in sequence space and requires long-range 
syntactic parsing to generative valid molecules (see Fig. 2-3b). 
 

 
Figure 2-3. Machine-readable molecular representations. a) As the dimensionality of the molecular 
representation is increased, the complexity and computational cost of working with these representations 
increases as well. b) The 2D graph structure and 1D SMILES string of DEHP. The sequential nature of 
SMILES strings causes the atoms that comprise the phenyl group (orange) to be separated far from one another 
in sequence space by the long, branching ester chains (green, purple). 
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2D graph representations explicitly represent the atomic connectivity with a set of nodes, edges, and 
their adjacency matrix.79 Information is typically passed between connected nodes with message 
passing neural networks that compute messages between nodes based on their atomic and bonded 
features and update the node embeddings based on an aggregate of all the incoming messages to a 
particular node.80 3D geometric information can be integrated into these graphs as scalar distances 
between nodes,81 vectors which encode the angles between nodes,82 or tensors that capture higher 
order geometric features.23 
 
There is a compromise that must be made between expressivity and complexity when choosing 
between 1D, 2D, and 3D molecular representations (Fig. 2-3a). Three-dimensional graph 
representations are more memory and compute intensive83 and are more difficult to generate with 
high fidelity.84 There is also growing evidence that models which generate higher order representations 
are less adept at recreating the physicochemical property distributions of the training set85 (see Section 
5.6). However, the importance of the role that molecular geometry plays in its function cannot be 
understated and it remains a continued challenge to mitigate the problems of working in 3D while still 
leveraging the increased structural detail provided within these representations. Additional literature 
on the most relevant molecular representations used today is available in Section 5.3. 
 

2.4 Generative de novo Molecular Design Architectures 
 
As the ultimate goal of inverse design is to model the conditional likelihood that a molecular structure 
exhibits some property measure, the model must be able to generate novel molecular candidates that 
have not been included in its training data. While there is a rich body of literature on metaheuristic 
optimization methods like the genetic algorithm86 or Markov decision processes,87 we focus on deep 
generative models which learn to numerically approximate the JPM-SF and sample from it based on 
some design criteria. These methods include GANs, diffusion models, VAEs, and transformers, 
although we focus exclusively on the VAE and transformer in the work that follows. 
 

Variational Autoencoder 
 

 
Figure 2-4. Architecture of the variational autoencoder. The joint probability manifold of structure and 
function (JPM-SF) is modeled as a set of latent variables, z. Each latent variable is stochastically sampled from 
a Gaussian distribution with mean, , and standard deviation, , that are learned during training. During inference, 
latent variables are sampled as independent Gaussians which allows for the generation of novel structures.  

The variational autoencoder is a compression algorithm that returns a numerical representation of the 

input data that is both maximally expressive and contains minimal noise.2 The input, 𝑥, is first sent 
through an encoder where it is compressed to an intermediate latent representation, 𝒛, such that 
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𝑑𝑙𝑎𝑡𝑒𝑛𝑡 ≪ 𝑑𝑖𝑛𝑝𝑢𝑡 where 𝑑 is the dimensionality of a given layer. The latent representation is then sent 

to a decoder that attempts to reconstruct the original input as accurately as possible (Fig. 2-4). 
 
A key feature of the VAE is the use of a set of Gaussians to represent the prior distribution of the 

latent variable, 𝑝(𝒛), so that knowledge of the marginal likelihood of 𝑥 allows us to sample directly 
from the latent space to generate new samples. In practice, we enforce this by minimizing the 
Kullbach-Leibler divergence (KLD)88 between 𝒛 and the standard normal distribution 𝒩(𝟎, 𝑰) along 
with the cross-entropy loss between the output and the ground truth molecular structure. As the latent 
space is a well-defined continuous numerical space, we can use numerical optimization methods like 
particle swarm optimization (PSO),89 gradient descent,90 or Gaussian process regression (GPR)91 to 
search for latent variables that correspond to molecular structures with optimal properties. 
 
The VAE is agnostic to the types of neural network layers used to parameterize the encoder and 
decoder networks. Thus, it can learn from 1D, 2D, or 3D input molecular representations and even 
translate from one representation to another.92 It’s also common to append a feed forward property 
prediction layer that takes the latent variable as an input such that the property is directly embedded 
within the latent space. This has the effect of smoothing the latent space with respect to the property 
making it easier for numerical optimization methods to find global minima.93 
 

Transformer 
 
The transformer is a natural choice for working with 1D sequence representations of molecules, as 
the attention mechanisms within a transformer layer can capture the long-range sequence 
dependencies described in Section 2.3. Transformers are trained such that they learn to predict the 
next token in a sequence given the prior sequence up to that point. To generate novel sequences 
during inference, the transformer autoregressively predicts one token at a time until a stop token or 
the maximum sequence length is reached. If a transformer layer is being used as the decoder network 
of a VAE, the autoregressive prediction process can be conditioned on the learned latent 
representations of molecular structures predicted by the encoder.  
 
Scaled dot-product attention computes the value of each hidden layer as a matrix multiplication 
between a set of queries (Q), keys (K), and values (V). The query and key matrices are used to calculate 
attention weights that weigh the importance of the sequence embedding information contained within 
V 
 

ℎ𝑜𝑢𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘

)𝑉   (2.2) 

 

where 𝑑𝑘 is a scaling factor that controls the size of the gradients within each layer.94 Q, K, and V 
contain information pertaining to the entire sequence and thus multiplying these matrices allows 
tokens very far from each other in sequence space to pass information between one another. The 
learned embedding, ℎ𝑜𝑢𝑡, can either be used as the input to the next transformer layer or as the learned 
molecular embedding for property prediction tasks or generative conditioning. 
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Message Passing Graph Neural Networks 
 
Message passing neural networks (MPNNs) are used to learn how chemical features in molecular 
graphs are distributed along covalent edges. Graphs can be used to encode both 2D and 3D 
representations of molecular structure (Section 2.3) thus MPNNs are a natural choice for working 
with higher order molecular representations. MPNNs typically follow the same format where 
messages between nodes connected by covalent bonds are first computed according to a message 
function 
 

𝒎𝑖𝑗 = 𝑀𝑒𝑠𝑠𝑎𝑔𝑒(𝒉𝑖 , 𝒉𝑗 , 𝜺𝑖𝑗)   (2.3) 
 
where 𝒉 is the embedding of nodes i and j, and 𝜺𝑖𝑗 is the edge feature between those nodes. Node 
embeddings are then updated based on an aggregate of all messages into that node according to 
 

𝒉𝑖 ′ = 𝑈𝑝𝑑𝑎𝑡𝑒(𝒉𝑖 , ∑ 𝒎𝑖𝑗

𝑗∈𝒩

)   (2.4) 

 
where 𝒩 is the list of all neighbors of node i. The parameterization of the message and update 
functions is dependent on the presence or absence of geometric information and the structure of that 
information. In the simplest example, node/edge embeddings are concatenated and passed through 
feed-forward layers to learn messages and update nodes.79 Alternative layers that maintain the 
rotational, translational, and permutational equivariance of messages and node embeddings are 
becoming increasingly more common and are an active area of research.21,95–98 
 

2.5 Optimization Methods 
 
One of the primary benefits of the VAE architecture is it projects discrete molecular structures into a 
continuous numerical latent space. While optimization of this space is challenging due to the high 
dimensionality and rugged nature of the JMP-SF, there is a large existing body of literature and active 
research community working on improving methods for numerical optimization within a high-
dimensional latent space.99–103 Many of these methods are designed as black-box optimizers and can 
easily be integrated into a generative VAE model for molecular design without the need to modify the 
existing architecture or retrain a model from scratch. 
 
In addition to numerical optimizers, there are numerous ways to incorporate optimization directly into 
the network architecture. Conditional generation is a common method in Bayesian inference models, 
where the desired molecular properties can be defined by the user and used to condition the generative 
process based on the likelihood that a molecule exhibits those properties.104,105 This method depends 
on the model being given plentiful training data across all possible conditions the user might be 
interested in exploring. Models that learn disentangled molecular representations can also be used to 
control generation in an unsupervised manner.106,107 Disentangled latent variables are independent 
from one another and are often correlated with independent features of the training set, such as 
molecular weight or radius of gyration. Finding these disentangled variables and their corresponding 
features allows for controlling these features by interpolating along a single variable.  
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3. Attention-based Generative Models for de novo Molecular Design1 
 

3.1 Abstract 
 
Attention mechanisms have led to many breakthroughs in sequential data modeling but have yet to 
be incorporated into any generative algorithms for molecular design. Here we explore the impact of 
adding self-attention layers to generative β-VAE models and show that those with attention are able 
to learn a complex “molecular grammar” while improving performance on downstream tasks such as 
accurately sampling from the latent space (“model memory”) or exploring novel chemistries not 
present in the training data. There is a notable relationship between a model's architecture, the 
structure of its latent memory and its performance during inference. We demonstrate that there is an 
unavoidable tradeoff between model exploration and validity that is a function of the complexity of 
the latent memory. However, novel sampling schemes may be used that optimize this tradeoff. We 
anticipate that attention will play an important role in future molecular design algorithms that can 
make efficient use of the detailed molecular substructures learned by the transformer. 
 

3.2 Introduction 
 
The design and optimization of molecular structures for a desired functional property has the potential 
to be greatly accelerated by the integration of deep learning paradigms within existing scientific 
frameworks for molecular discovery. Traditional “direct” design approaches, in which a set of 
molecules are selected based on expert intuition and tested for a given property, are often time-
consuming and require extensive resources to explore a small, local region of chemical phase space.6 
By contrast, “inverse” approaches, in which structures are derived based on their likelihood to exhibit 
a given property value, are desirable as they are far less limited in scope and allow for high-throughput 
screening of thousands to hundreds of thousands of structures.5 Given the size and complexity of 
chemical phase space,10 successful implementation of an inverse design algorithm would allow 
researchers to reach global structural optima more rapidly thereby increasing the speed of discovery. 
 
A variety of deep generative model architectures have been explored for this purpose,109 with a 
particular focus given to the variational autoencoder (VAE).41,92,110–113 A VAE is capable of 
broadcasting a machine-interpretable representation of molecular structure (e.g. a SMILES string,77 
SELFIES string78 or molecular graph114) to a dense, continuous latent space or “model memory”. This 
memory has several unique features that make VAEs promising for inverse design: (i) It can be 
embedded with a property and thus serve as an approximation of the joint probability distribution of 
molecular structure and chemical property. (ii) During training, it will organize itself meaningfully so 
that similar molecules are near each other in phase space. (iii) Due to its mapping from discrete to 
continuous data, it can be navigated with gradient-based optimization methods.93 
 
Despite these benefits, generative VAE models suffer from a set of complicating issues that have been 
the focus of much recent work. Although more robust than their adversarial counterparts, VAEs are 
still subject to experiencing posterior collapse in which the decoder learns to ignore the latent memory 
altogether and reconstruct a fuzzy approximation of the input distribution.115 On the other hand, even 

 
1 Reproduced in part with permission from O. Dollar, N. Joshi, D. Beck, and J. Pfaendtner. Attention-based generative 
models for de novo molecular design. Chemical Science, 12(24), 8362-8372 (2021)108 © The Royal Society of Chemistry 
2021  
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with a meaningful posterior there are often pockets of phase space within the latent memory that do 
not map to any valid chemical structures. Many recent innovations in architecture, featurization and 
hyperparameter selection have centered around these problems and have proven quite successful at 
improving reconstruction accuracy and sampling validity.114,116,117 
 
However, we lack a holistic view of the effect of these improvements on the practical utility of a 
model’s latent memory. For instance, metrics to examine the diversity and novelty of sampled 
molecules are not well-defined.118 These traits are arguably as important as validity, if not more so. 
Generating samples is orders of magnitude faster than training and a model that can generalize to 
regions of chemical phase space far outside the training set is valuable for exploration. Although fewer 
studies have evaluated generative VAE models in this way, the results reported in the Moses 
Benchmarking Platform indicate that there is still significant room for improvement.119 
 
The rapid technological progression within the field of natural language processing (NLP) may offer 
some hints towards a future where AI-designed molecules are the norm rather than the exception. 
Despite the overwhelming number of similarities between model architectures used for molecular 
generation and those used for NLP, the state-of-the-art in the former lags notably behind that of the 
latter. While attention mechanisms have been used in the field of chemistry for tasks like graph-based 
analyses of chemical structure,120 atom-mapping,121 and organic reaction predictions,122 they have not 
yet been incorporated into any context-independent generative algorithms. Yet the long-range 
syntactical dependencies learned by attention models have been shown to be greatly beneficial for 
generative tasks in other domains including the generation of natural language123 and composition of 
original pieces of music.124 Such models have also shown a surprising aptitude for style with their 
ability to combine wit, poetic prose, and the tenets of philosophy into cogent metaphysical self-
reflections on the meaning of virtual existence125,126. Although perhaps not as amusing, we anticipate 
they may exhibit a similar sense of coherence when tasked with exploring novel chemistries. 
 
An examination of the performance of standard recurrent neural networks (RNN), RNN + attention 
and transformer VAE architectures for the purpose of molecular generation follows. We show the 
effect of attention on reconstruction accuracy for both the ZINC and PubChem datasets. Novel 
metrics are proposed that define the models’ ability to explore new regions of chemical phase space 
and compare the relative information density of the latent memory. We show that for all model types 
there exists a relationship between sample validity and exploration that mimics closely the tradeoff 
between complexity and generalization within an information bottleneck. Finally, we suggest a simple 
sampling scheme that offers a compromise between the two and look towards a future where we may 
optimize this directly during training with more precise control during the nascent development of 
the latent memory. 
 

3.3 Results and Discussion 

Variational Autoencoder and the Information Bottleneck 
 
A VAE consists of an encoder that takes a sequence as input, i.e., a SMILES string, and a decoder 
that attempts to reconstruct the input as accurately as possible.2 Prior to decoding, the encoder 
transforms the input, x, into an intermediate latent representation, z, that serves as the “model 
memory.” Information is bottlenecked between the encoder and decoder such that 𝑑𝑙𝑎𝑡𝑒𝑛𝑡 ≪  𝑑𝑖𝑛𝑝𝑢𝑡 

where 𝑑 is the dimensionality of a given layer. In this sense a VAE can be thought of as a compression 
algorithm that produces compact, information dense representations of molecular structures. The 
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encoder learns how to compress the input data and the decoder learns how to reconstruct the full 
sequence from the compressed representation (Fig. 3-1). 
 

 
Figure 3-1. Major structural components of the VAE architecture. A machine-interpretable representation of 
a molecular structure is sent to an encoder where it is compressed to a dense latent representation within the 
bottleneck. Each of the compressed molecular embeddings represent one point within a larger probability 
manifold aka “model memory”. During training, the model learns to fit this manifold to the true probability 
distribution of the input data. To ensure the compressed embeddings contain structurally meaningful 
information, they are sent to a decoder which learns to reconstruct the original molecular structure. 

The training objective seeks to minimize the reconstruction loss between the input and output while 
simultaneously learning the ground truth probability distribution of the training data. The latter half 
of this objective is especially important to the generative capacity of the model. Knowledge of the 

marginal likelihood, 𝑝(𝒙|𝒛), allows us to directly sample new data points by first querying from the 
model’s memory, z, and then decoding. To achieve this, we assume the true posterior can be 
adequately approximated by a set of Gaussians. The Kullbach-Leibler divergence (KLD)88 between z 
and the standard normal distribution 𝒩(0,1) is minimized alongside the reconstruction loss and thus 
the full objective function can be formalized according to the variational lower bound as 
 

𝑙𝑜𝑔𝑝𝜃(𝒙|𝒛) ≥  ℒ(𝜃, 𝜙; 𝒙, 𝒛) =  𝔼𝑞𝜙(𝒛|𝒙)[𝑙𝑜𝑔𝑝𝜃(𝒙|𝒛)] −  𝛽𝐷𝐾𝐿(𝑞𝜙(𝒛|𝒙)||𝑝(𝒛))     (3.1) 

 
where the term on the left is the reconstruction loss of the decoder, 𝑝𝜃(𝒙|𝒛), and the term on the right 
is the KLD loss between the encoder output, 𝑞𝜙(𝒛|𝒙), and the standard normal distribution, 𝑝(𝒛). 

The KLD loss is scaled by a Lagrange multiplier, β, that controls the relative magnitude of the two 
terms. This architecture is known as a β-VAE and is a more general form of VAE (β=1).127 
 
Intuitively, the addition of gaussian noise can be thought of as a way to increase the “spread” of 
samples within the latent memory. Rather than encoding individual molecular structures as a single 
point in phase space, it encodes them as a probability distribution. This allows the model to smoothly 
interpolate between the continuous representations of known molecular structures and make 
informed inferences outside of the set of training samples. 
 
The latent memory can also be analyzed within the framework of information bottleneck (IB) 
theory.128 During compression, there is an unavoidable tradeoff between the amount of useful 
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information stored in the model’s memory and the amount of low information complexity stored in 
the model’s memory (here and throughout we allude to Tishby et al.’s definition of complexity that is 
analogous to the information density of the bottleneck; see Appendix A for more details).129 The IB 
objective can be written as106 
 

max
𝜃,𝜙

[𝐼 (𝑞𝜙(𝒛|𝒙); 𝑝𝜃(𝒙|𝒛)) −  𝛽𝐼 (𝒙; 𝑞𝜙(𝒛|𝒙))]
32

   (3.2) 

 

where 𝐼 is the mutual information between two variables. We seek a solution that is both maximally 
expressive and compressed. Since there is rarely a unique solution to the reconstruction objective, the 
β parameter discourages the model from finding a needlessly complex (but still valid) local minimum. 
Thus, in addition to controlling the “spread” of information, the KLD term can be interpreted as a 
filter of irrelevant information with pore size 1/β. It will be useful to keep this framework in mind as 
we observe the development of the latent memory during training. 
 

Adding Attention to the VAE 
 

 
Figure 3-2. Model diagrams. a-c) Schematic illustrations of the sequential layers for each model type – RNN 
(a), RNNAttn (b) and Transformer (c). Each model consists of six sequential layers – three in the encoder and 
three in the decoder. The output contextual embeddings of each layer are used as the inputs for subsequent 
layers within the model. d) Full schematics for each model type. The RNN model consists of three recurrent 
GRU layers in both the encoder and decoder. The RNNAttn model has the same architecture as the RNN with 
the addition of a single attention head after the final recurrent GRU layer in the encoder. The transformer is 
modeled after the original implementation as reported by Vaswani et al.33 However, rather than passing the 
output of the encoder directly into the source attention layer, the encoder output is first stochastically 
compressed and then fed into the decoder. 
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In standard RNNs, the first recurrent cell takes the first element of the sequence and outputs a hidden 
state. That hidden state is then propagated down the sequence with each subsequent recurrent cell 
taking the previous cell’s hidden output and the next sequence element as inputs until the entire 
sequence has been traversed. The final hidden state is the “contextual embedding” of the sequence 
(Fig. 3-2a). In some architectures the contextual embedding and the latent memory may be the same 
size. However, oftentimes there will be an additional set of linear bottleneck layers that further 
compress the output of the encoder GRU layers (𝑑𝑒𝑛𝑐𝑜𝑑𝑒𝑟 →  𝑑𝑙𝑎𝑡𝑒𝑛𝑡). 
 
In attention-based recurrent models (RNNAttn), the flow of information proceeds similarly to a 
standard RNN. However rather than only using the final hidden output state, a weighted combination 
of all the hidden states along the sequence is used as the contextual embedding (Fig. 3-2b). The 
attention weights are learned during training by letting the input sequence “attend” to its own hidden 
state matrix. This allows the model to eschew the linearity imposed by the RNN architecture and learn 
long-range dependencies between sequence elements. 
 
Transformer (Trans) models remove recurrence altogether and exclusively use attention head layers.94 
The inputs are a set of keys, values and queries transformed from the initial input sequence that are 
sent through a series of matrix multiplications to calculate the attention weights and the contextual 
embedding (Fig. 3-2c). The set of values are analogous to the hidden state matrix output of an RNN 
and the attention weights are determined by matrix multiplication of the keys and queries. 
Transformers have the advantage of reducing the path length of information traveling through the 
model and are highly parallelizable. 
 
The concepts of attention and the variational bottleneck have rarely been used in tandem. Of those 
studies that have surveyed this type of model, all have used natural language tasks as the basis of their 
evaluations. A variational attention-mechanism was used for sequence-to-sequence models130 and a 
few novel variational transformer architectures have recently been proposed.131–133 We opt for 
simplicity, adapting the architecture from Vaswani et al.94 with as few modifications as possible. This 
allows us to easily compare the bottlenecks of different model types and is sufficient for the task given 
the much smaller vocabulary size of SMILES strings compared to NLP vocabularies.134 Full 
schematics for each model type are shown in Fig. 3-2d and model dimensions listed in Table 3-1. In 
addition to the model types listed above, we also trained the Moses implementation of a SMILES-

based -VAE with the hyperparameters suggested by Polykovskiy et al.119 Trained model checkpoint 
files and code for training models and generating samples is available at 
https://github.com/oriondollar/TransVAE. 
 
Table 3-1. Model Architectures. The dimensionality of the model (dmodel) is defined as the size of the sequential 
layers. Recurrent model names are written as ModelType-{dmodel}. Transformer model names are written as 
Trans{dfeedforward / dmodel}x-{dmodel}. All models used in this study have a latent dimensionality of size 128. 

Model Type dmodel dlatent dfeedforward 

RNN-128 128 128 n/a 
RNN-256 256 128 n/a 

RNNAttn-128 128 128 n/a 
RNNAttn-256 256 128 n/a 
Trans1x-128 128 128 128 
Trans4x-128 128 128 512 
Trans1x-256 256 128 256 

https://github.com/oriondollar/TransVAE
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Trans4x-256 256 128 1024 

Impact of Attention 
 
We first analyze the models’ ability to reconstruct molecules from the ZINC and PubChem datasets 
to determine the role attention plays in learning molecular structure. One of the original motivations 
for the use of attention was to increase the length of sentences that could be accurately translated by 
machine translation models.135 Thus, we expect a similar increase in accuracy when encoding and 
decoding longer SMILES strings. 
 

 
Figure 3-3. Assessing model reconstruction performance on the PubChem dataset (trained for 60 epochs). 
Input data molecular size distributions (a) and reconstruction accuracies for all model types as a function of the 
token position (b). Zoomed comparison of attention-based models (inset) 

Fig. 3-3a shows the distribution of SMILES string lengths for both datasets where length is determined 
by the number of tokens (excluding padding, start and stop tokens). The length of a SMILES string 
is highly correlated with its molecular weight (Fig. A-5) and can be used as a proxy for molecular size. 
It is clear that by this metric the PubChem dataset has a broader distribution of sizes than ZINC. Both 
have approximately equal mean lengths (35.4 tokens for ZINC vs. 39.8 tokens for PubChem) however 
the PubChem data is significantly right skewed with a maximum token length over 50 tokens longer 
than the maximum within the ZINC dataset. 
 
We can see the downstream effect that widening the molecular size distribution has on reconstruction 
accuracy in Fig. 3-3b where we show the average reconstruction accuracy for all tokens at a given 
position within the sequence. With the exception of the Moses architecture, all of the models exhibit 
high fidelity reconstruction on the ZINC dataset, regardless of model type or model size (Fig. A-
6/Table A-2). However, accuracy decreases when larger molecules are embedded into the latent 
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memory. The model types with attention mechanisms maintain high reconstruction accuracy at longer 
sequence lengths than the simple recurrent models with the Trans4x-128 architecture maintaining > 
99% accuracy on SMILES up to 82 tokens long (~700 Da). This validates our hypothesis that attention 
will expand the number of potential applications for which these models can be used by increasing 
the maximum molecule size that can be reliably embedded within the latent memory. 
 
A comparison of the two attention-based architectures (Fig. 3-3b inset) shows that transformers and 
recurrent attention models perform approximately the same until they approach the data-sparse 
regime of SMILES longer than ~90 tokens. At this point there is an abrupt drop in performance for 
the transformer models vs. a gradual decline for the recurrent attention models. The transformer 
appears to be more sensitive to the choice of model size as increasing the dimensionality of either its 
attention layers or feedforward layers improves accuracy whereas there is little performance boost 
when increasing the dimensionality of the recurrent attention model. Even with these improvements, 
the best performing transformer still exhibits a steeper decline than the worst performing recurrent 
attention model suggesting that a simpler attention scheme is beneficial to the model’s ability to 
generalize on data that is outside the distribution of the training set. 
 

 
Figure 3-4. Analysis of the attention weights of the Trans4x-256 and RNNAttn-256 models when attending 
to the molecular structure of diproxadol. The full nxn set of weights are plotted for each attention head within 
the first layer of the encoder (a).  The lines show how each atom/structural feature within the SMILES string 
is attending to all other features within the same SMILES string (self-attention). The different patterns that 
emerge from each head represent a unique set of grammatical rules that the model has learned. We also show 
the attention of a single N atom within diproxadol (b). This molecule was chosen because it is a representative 
example of the emergent aggregate grammatical trends. From the perspective of the nitrogen, the transformer 
model has identified the importance of a nearby aromatic ring (head 1), an aliphatic carbon chain of which the 
nitrogen is a part of (head 2) and a set of structural features including a carbon branch point and nearby double 
bond (head 3). The attention of the nitrogen in the RNNAttn-256 model is less focused. 
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There are benefits to the added complexity of the transformer, however. Analysis of the transformer 
attention weights reveals the model has learned a distinct set of human interpretable structural features 
that are much more detailed than those learned by the recurrent model with only a single attention 
head. We use a drug-like molecule from the ZINC dataset, diproxadol, as an illustrative example of 
the differences between the two (Fig. 3-4). The four transformer attention heads exhibit unique 
syntactical patterns that demonstrate the model’s ability to develop its own “molecular grammar,” i.e., 
rules that define the relationships between atoms and other structural features within a molecule 
including branches, double bonds, etc. Conversely, the grammar of the recurrent attention model 
appears to be less well-defined. 
 
The lone nitrogen atom in diproxadol shows us how the heads of the transformer have learned to 
attend to the immediate molecular environment of a single, centralized atom (Fig. 3-4b). With no 
supervision, the model extracts its own set of substructures that it has identified as important in 
relation to the nitrogen atom. Not only does it recognize defining features like the aromatic ring, it 
can also find non-contiguous features that depend on the structural context around a given atom (see 
Transformer Head 3 in Fig. 3-4). In this way, the machine-learned substructures are more powerful 
than graph-based methods that rely on a set of pre-defined substructures because they can extract 
contextual patterns that are difficult to pre-define but still relevant and interpretable. Others have 
shown that the transformer is not just restricted to learning intra-molecular features but may also 
extract an inter-molecular set of grammar rules as well, for instance between products and reactants 
of organic synthesis reactions.121 
 
When analyzing the attention weights across a set of 5000 randomly selected molecules, we find that 
each attention head corresponds to a different set of higher-level relationships between atomic or 
structural groups such as aromatic carbons, heteroatoms, branches, and rings. We assess this 
quantitatively by averaging the attention weights between these groups for each head (Fig. A-8). As 
an example, the average attention weights between heteroatoms and aromatic carbons are 0.15 and 
0.07 for heads 1 and 2. Conversely, the average attention weights between heteroatoms and non-
aromatic carbons are ~0.00 and 0.14 for heads 1 and 2, thus the model has partitioned information 
on the higher-level relationship between heteroatoms and carbon substructures based on their 
aromaticity. We see this directly reflected in the substructures that were extracted from the diproxadol 
example and show the learned weights for a variety of structures in Fig. A-9. Attention plays a 
significant role in the machine-learned “understanding” of molecular structure and as complexity is 
scaled up, the extracted features become more refined and meaningful. The question then becomes 
how we can balance the richness of the structural features learned by the transformer with the 
increased complexity that is required to obtain them. 
 

Information Entropy of Latent Space 
 
The concept of model complexity has been alluded to, previously, as it relates to the model 
architecture, but we must also define it quantitatively. The most intuitive way to do so is to return to 
the framework of the information bottleneck. The latent memory provides us a uniform comparison 
between model types as every molecular embedding within a model’s memory is the same size. By 
evaluating the loss function as written in equation 3.2, we have instructed the model to store as much 
structurally relevant information within the memory as possible while also minimizing the amount of 
low information complexity. Therefore, we can use the total information content of the latent memory 
as a proxy for the complexity of the learned representation as defined by Tishby et al.129 We calculate 
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the average Shannon information entropy136 across all molecular embeddings to compare the 
information density of latent memories between model types 
 

𝑆𝑗 = − ∑ 𝑝𝑖(𝜇𝑗)log (

𝑁

𝑖=1

𝑝𝑖(𝜇𝑗))   (3.3) 

 

where 𝑆 is the information density of latent dimension 𝑗, and 𝑝𝑖 is the probability of finding a given 
value of 𝜇 based on the distribution of latent vectors calculated across all training samples. Note that 
we use the latent mean vector rather than the reparameterized z vector because z is always broadcast 
to the standard normal distribution even if there is no information stored in a given dimension. We 
define the total entropy of a model as the sum of 𝑆𝑗 across all latent dimensions. This gives us a 

quantitative metric where a higher entropy indicates a less compressed (and thus more complex) latent 
representation. Others have drawn similar analogies between Shannon’s entropy and system 
complexity,137 but to our knowledge this is the first time this metric has been introduced in the context 
of de novo molecular design. 
 

 
Figure 3-5. Evaluating the effects of model complexity on downstream performance metrics. a) Visualizing a 
sample of 50 randomly selected molecular embeddings for three commonly observed memory structures (rows 
are a single molecular embedding and columns are the 128 latent dimensions). The information density 
(entropy) of each structure increases from left to right. b) Entropy of model memories during training (ZINC). 
Most models maintain the selective structure throughout training however the MosesVAE model undergoes a 
transition from selective to smeared at epoch 60. c) Exploration-validity tradeoff as a function of entropy when 
samples are drawn randomly from all latent dimensions. Cross diversity is evaluated only on valid molecules. 
The diversity of real molecular structures is shown to increase alongside model complexity as sampling validity 
decreases. 

To illustrate model entropy visually, we show three archetypal memory structures that we have 
observed in Fig. 3-5a. From left to right the average entropy of these memories increases from 0 nats 
to 127.4 nats to 393.4 nats respectively. The entropy of posterior collapse is zero because it has learned 
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the same embedding regardless of the input molecule thus the decoder does not receive new 
information from the memory. The selective structure is the most commonly observed (Fig. A-10) 
and occurs when the dimensionality of the true probability manifold is smaller than the number of 
latent dimensions given to the model.107 In this case the model learns to ignore superfluous 
dimensions, assigning them a mean of zero and standard deviation of one to satisfy the KLD loss 
requirement. We consider the other dimensions meaningful because they contribute to the total 
information entropy of the memory. The smeared structure is an interesting case in which the burden 
of information is shared across all dimensions but with each contributing less entropy than the 
meaningful dimensions from the selective structure. The smeared structure appears as a sudden phase 
change during training when the number of meaningful dimensions approaches zero (Fig. 3-5b). This 
effect was only observed for the MosesVAE model. 
 
The progression of entropy during training is shown for each model type. We observe increases in the 
order MosesVAE < RNNAttn < RNN < Transformer. The high entropy of the transformer models 
is expected and confirms that the molecular grammar they have learned is both complex and 
structurally meaningful. It is somewhat unexpected that the RNNAttn models have learned a less 
complex representation than even the simple recurrent models. Rather than learning grammatical 
rules, they have learned the most efficient way to distribute information through the bottleneck. The 
MosesVAE model has the most compressed representation, however it also has the worst 
reconstruction accuracy which can be attributed to the low information density and the selective to 
smeared transition at epoch 60. We can now explore the relationship between complexity and the 
generative capabilities of the models, namely the validity of molecules sampled from the memory and 
their novelty when compared against the training set. 
 

Strategies for Exploring Chemical Phase Space 
 
A generative model is only as useful as its ability to generate interesting samples. Early molecular 
design VAEs struggled with generating valid molecules and research has placed a premium on 
improving the percent validity when a random sampling scheme is employed. However, we believe 
that exploration is undervalued in the current narrative and that a slightly more error-prone model 
that prioritizes exploration may actually be more successful at discovering novel functional 
compounds. Novelty has previously been defined as the percentage of generated samples that are not 
present in the training set.119 We introduce another metric, cross diversity, which is defined as follows: 
 

𝐶𝑟𝑜𝑠𝑠𝐷𝑖𝑣(𝐺𝑒𝑛, 𝑇𝑟𝑎𝑖𝑛) = 1 −
1

|𝐺𝑒𝑛|
∑ max

𝑚𝑡𝑟𝑎𝑖𝑛∈𝑇𝑟𝑎𝑖𝑛
𝐽(𝑚𝑔𝑒𝑛, 𝑚𝑡𝑟𝑎𝑖𝑛)    (3.4)

𝑚𝑔𝑒𝑛∈𝐺𝑒𝑛

 

 

where 𝐺𝑒𝑛 and 𝑇𝑟𝑎𝑖𝑛 are the sample set and training set respectively, 𝑚 is a molecular fingerprint and 
𝐽(𝑚1, 𝑚2) is the Jaccard similarity138 between two molecules. This metric will be close to zero when all 
of the generated samples are very similar to molecules from the training set and close to one when 
they are all far from the training set. Therefore, it can be considered a measure of a model’s tendency 
to explore new regions of phase space. 
 
The structure of a model’s memory heavily influences its performance on these metrics. Random 
sampling favors the lowest entropy memories when the goal is to generate the highest proportion of 
valid molecules. However, there exists an entropy threshold under which models perform much worse 
on exploratory metrics (Table 3-2). In fact, although there is some variation between model 
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architectures, the tradeoff between validity and exploration is generally a function of model entropy 
that is unavoidable (Fig. 3-5c). 
 
Table 3-2. Comparison of generative metrics for all models with a random sampling scheme. Reconstruction 
accuracy is calculated based on the models’ ability to predict every token within a single SMILES string with 
100% accuracy. 

Model Type 
Entropy 

(nats) 
% Reconstruction 
Accuracy (ZINC) 

% Validity % Novelty 
Cross 

Diversity 

MosesVAE 127.4 0.000 0.976 0.696 0.213 
RNN-128 453.9 0.996 0.475 0.996 0.516 
RNN-256 458.7 0.996 0.846 0.988 0.459 

RNNAttn-128 393.4 0.996 0.672 0.999 0.548 
RNNAttn-256 383.2 0.995 0.851 0.995 0.492 
Trans1x-128 576.3 0.998 0.227 0.998 0.538 
Trans4x-128 546.4 0.998 0.365 0.998 0.530 
Trans1x-256 556.6 0.998 0.424 0.995 0.502 
Trans4x-256 529.5 0.998 0.567 0.996 0.503 

 
The difficulty in sampling from high entropy models is a result of the curse of dimensionality139 that 
appears within selective memory structures. High entropy dimensions contain all of the meaningful 
structural information within a model’s memory (Fig. 3-6). When the memory is selectively structured, 
a high entropy means there are a greater number of meaningful dimensions, and it becomes more 
difficult to avoid leaving “holes” where there is no mapping to a valid structure. This is not a problem 
for low entropy models as most of the dimensions are either meaningless or contain just a small 
amount of structural information. While we can easily sample from low entropy models, we miss out 
on the benefits of an information dense memory which is better at exploring chemical phase space. 
 

 
Figure 3-6. The result of exclusively sampling from low entropy dimensions (avg. entropy < 5 nats) vs. high 
entropy dimensions. Sampling the low entropy dimensions has no effect on the decoded structure confirming 
that these dimensions are not used by the model. Sampling high entropy dimensions results in a diverse array 
of structures. 

Fig. A-11 shows validity and exploration for five different sampling schemes. By restricting the 
number of high entropy dimensions that are queried, we avoid the problems inherent to high-
dimensional sampling and are able to increase the validity of generated molecules for all model types. 
This demonstrates the potential of exploiting novel sampling schemes that allow us to maintain the 
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benefits of a complex, rich latent memory. For instance, we were able to achieve a 32.6% increase in 
the number of valid molecules generated by the Trans4x-256 model, from 56.7 to 75.2% validity, while 
only reducing the cross diversity by 15.9%, from 0.503 to 0.423. Moreover, this range is still about 
two-times higher than the cross diversity of the MosesVAE. We also maintain the allure of the 
analytical and developmental possibilities that the highly interpretable transformer attention heads 
afford us by increasing the practical viability of these models in the short-term. 
 
The choice of model type ultimately depends on the individual needs of the researcher, however we 
can submit a few broad recommendations. Smaller models tend to perform better on exploratory 
metrics whereas bigger models stick closer to the training set and generate a higher proportion of valid 
molecules. The addition of attention improves performance in both regards. Therefore, the 
RNNAttn-128 and RNNAttn-256 models are the most immediately practical. Transformers are the 
most interpretable and, in our view, have the highest potential for optimization and should be the 
focus of further development. Additionally, novel input representations such as SELFIES that 
guarantee 100% sampling validity are a promising alternative to SMILES that may allow us to bypass 
the complexity vs. validity tradeoff entirely and thus optimize the exploratory capacity of the models 
directly with sampling schemes that make use of all information-rich latent dimensions. 
 

3.4 Conclusions 
 
We have introduced the concept of attention to the field of molecular design, compared two novel 
architectures, RNNAttn and TransVAE, to the current state of the art and explored the downstream 
effect that the structure of the model memory has on a variety of sampling metrics. We find that 
transformers live up to their reputation based on their ability to learn complex substructural 
representations of molecular features, and we expect that there is an opportunity to expand our own 
chemical intuition as we continue to explore the relationships they have learned in more detail. The 
recurrent attention models, on the other hand, stand out for their superb practical performance 
exhibiting the best balance between reconstruction accuracy, sampling validity and cross diversity. 
Despite their promise, there is still much work to be done to improve these models. While the 
structural features learned by transformers are interesting to analyze, it is not immediately obvious 
how they might be directly incorporated into future generative algorithms. We also must acknowledge 
that deep learning-based inverse design remains mainly theoretical, and we will likely need to see many 
more examples of successful lab-scale design stories before these algorithms see general widespread 
adoption. 
 
We anticipate there will be two primary directions in which further research may proceed. The first is 
the direct application of attention based β-VAEs to real-world inverse design problems. There is a 
growing demand for biodegradable organic alternatives to toxic, high-value commodity chemicals in 
a number of different industries.140–142 Many of these involve molecules that are much larger than the 
average drug-like molecule and we are excited at the prospect of applying attention β-VAEs to these 
untapped areas. Generative algorithms have the potential to pair nicely with computational reaction 
networks such as NetGen143 and we can envision, as an example, a framework in which generated 
samples are used as the library for a high-throughput search of retrosynthetic pathways for the 
discovery of bioprivileged molecules.144 
 
The second direction is the continued exploration and optimization of attention β-VAE architectures 
and their hyperparameters, particularly with regards to the formation of the latent memory during 
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training. There is a definite potential for the implementation of more complex sampling schemes, for 
instance the two-stage VAE107 introduces a second model that takes the latent memory as an input 
and is better able to learn the true probability manifold of the input data. There is evidence that the 
use of a Gaussian prior restricts the model’s ability to directly learn the true probability manifold and 
so it may be worth exploring alternatives like VampPrior145 which has already been shown to be able 
to adequately describe the metastable state dynamics in other physics-based AI models.146 
 
Perhaps the most worthwhile pursuit is to continue to develop our knowledge of how the model 
intuits and compresses structural information, as this could give us insight into novel objective 
functions that help us encourage the model to better shape its memory and relate it to other pieces of 
chemical information outside of the current scope. Although the field is advancing rapidly, we are still 
just at the threshold of the AI-dominated era that Marvin Minsky announced over a half century ago.147 
There may be no aim more practical than furthering our own understanding of the nature of synthetic 
intelligence to push us further past that threshold. The latent conception of molecular structure is just 
one component within the broader field of organic chemistry and if coupled with a natural language 
model-based interpretation of scientific literature, high-throughput classical and quantum calculations, 
robotics driven lab-scale experimentation and an interactive environment in which our models can 
communicate and act upon their learning, we may finally begin to approach an intelligence that can 
solve problems at the pace we introduce them. 
 

3.5 Experimental 

Neural Network Hyperparameters 
 
We tested three different model types – RNN, RNNAttn and Trans – for their ability to generate 
novel molecules. For each model type we also tested multiple architectures as summarized in Table 1-
1. The Trans models also include a set of linear layers used to predict the SMILES length directly from 
the latent memory. This allows us to decode directly from the latent vectors while also masking our 
source embedding into the decoder and is explained further in Appendix A. The Adam148 optimizer 
was used with an initial learning rate of 3e-4 and an annealer was used to linearly increase β during 
training. We employed a scaling function that weighed the loss for each token based on its frequency 
of occurrence. All models were trained for 100 epochs unless stated otherwise. 
 

Neural Network Architecture 
 
As the size of the contextual embedding is significantly larger for the two attention-based architectures 
vs. the simple recurrent architecture (𝑛𝑠𝑒𝑞𝑥𝑑𝑒𝑛𝑐𝑜𝑑𝑒𝑟  𝑣𝑠.  𝑑𝑒𝑛𝑐𝑜𝑑𝑒𝑟), we employ a convolutional bottleneck 
similar to those used in generative image nets107 rather than a linear bottleneck. More details 
concerning the convolutional bottleneck can be found in Appendix A. 
 
There are a couple of key differences between the MosesVAE and our own RNN implementation 
including the size and number of encoder/decoder layers, the use of bidirectionality for the encoder 
and the absence of batch normalization. For more details on the implementation of the MosesVAE 
please refer to Fig. A-6/A-7, Table 1-2 and the original paper by Polykovskiy et al.119 Further details 
about model construction and training can be found in Appendix A. 
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Dataset Construction 
 
Two datasets were used to examine how the models perform on different training set distributions. 
The first is a modified version of the ZINC Clean Leads database39 with charged atoms removed and 
a molecular weight range of 250-350 Da. It contains a total of 1,936,963 molecules with an 80/10/10 
train/test/dev split. The ZINC data was used to evaluate the models on a traditional AI-driven 
molecular design task – pharmaceutical discovery. The other is a filtered subset of the PubChem 
compounds database.38 It contains molecules with a mean molecular weight of 348 Da, a max of 
2693.6 Da and includes some charged compounds with N+ or O- containing moieties. Due to the size 
of the dataset after filtering, a subset of 5,000,000 molecules were randomly selected and used for 
training with an 80/10/10 train/test/dev split. The PubChem data was used to evaluate the models’ 
performance on reconstructing molecules larger than those typically found in drug-like compound 
databases. The RDKit56 Python package was used for downstream analyses of generated molecules 
including SMILES validity, fingerprints, and physical property calculations. 
 

High Entropy Sampling 
 
When sampling only from high entropy dimensions, we first calculated the entropy of each dimension 
using equation 3.3. An entropic threshold was selected that determines which dimensions were 
considered high entropy. This threshold could be calculated analytically, for example using some 
percentile-based cutoff. We found that in practice a constant threshold of 5 nats / dimension worked 
well for all model types. Once the meaningful dimensions were selected, we generated molecules by 
sampling from i) all high entropy dimensions, ii) 5 random high entropy dimensions, iii) 10 random 
high entropy dimensions and iv) 15 random high entropy dimensions. For k-random high entropy 
sampling, we randomly picked k dimensions from the N total high entropy dimensions for each new 
sample. After dimensions were chosen to sample from, new molecules were generated by randomly 
sampling from the k standard normal distributions corresponding to those dimensions and setting all 
other dimensions equal to zero. 
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4. Multimodal Joint Embedding Transformer for Conditional de 
novo Molecular Design and Multi-Property Optimization2 

 

4.1 Abstract 
 
Multi-property constrained optimization of molecules using generative de novo design models is vital 
for the successful application of Artificial Intelligence (AI) towards materials and drug discovery. Yet 
there remains a gap between the reported performance of such models in the literature and their 
practical utility in real world design scenarios. Furthermore, existing models are largely inaccessible to 
chemists without an extensive background in computer science. To address these challenges, we 
propose a generative foundation model, the Multimodal Joint Embedding Transformer (MolJET), 
which performs conditional generation of desired molecular distributions based on human-
interpretable chemistry prompts in a zero-shot manner. We assess MolJET on the standard 
benchmarks available in the GuacaMol and MIMOSA evaluation frameworks. These include 
structure-based sampling tasks as well as a range of multi-property optimization tasks that probe a 
models’ ability to design drug-like molecules given realistic property constraints. We demonstrate that 
with self-supervised pretraining, MolJET outperforms 80% of task-optimized models while using 
zero-shot inferences and beats all baselines after minimal supervision. Moreover, the performance of 
MolJET on text-only conditioning tasks improves with the inclusion of property modalities during 
training, highlighting the importance of a multimodal approach to molecular design. MolJET is the 
first example of text-based de novo molecular design using large-scale multimodal foundation models 
and should serve as a building block towards further improvements to accessible AI for chemists. 
 

4.2 Introduction 

 
Emerging crises in climate, disease and human health threaten to permanently disrupt global stability 
and must be actively met with creative solutions. Many such solutions are dependent on the rapid 
discovery of innovative functional materials or novel drug-like molecules with optimal properties. For 
instance, the viability of using redox-flow batteries (RFBs) for long-term and large-scale energy storage 
is contingent on finding stable redox species with fast electrochemical kinetics, a feasible redox 
potential and high solubility.149 Due to the immense size and complexity of chemical phase space,10 
the search for suitable materials is far from trivial and traditional “direct” design approaches based on 
iterative modifications to existing chemical structures are often far too slow.6 
 
To address this issue, researchers have increasingly begun to look towards generative de novo design 
models to efficiently navigate the vast molecular phase space.150 These models are evaluated on their 
ability to generate a diverse array of novel molecular structures while simultaneously biasing them 
towards a desired property distribution.119 Due to the ubiquity of string-based molecular 
representations,77,78 recent innovations in natural language modeling have been successfully applied to 
de novo molecular design. For instance, transformer architectures have achieved state-of-the-art 
results on property prediction tasks that require quantum-level accuracy151 and have also been shown 
to increase the diversity of candidates sampled from machine-learned molecular distributions.108 

 
2 Reproduced in part with permission from O. Dollar, S. Horawalavithana, S. Vasquez, S. Volkova and J. Pfaendtner. 
MolJET: Multimodal joint embedding transformer for conditional de novo molecular design and multi-property 
optimization, in preparation, 2023 
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Aside from string-based representations of molecular structures, there are other textual modalities 
which could provide additional context to generative models and thus improve their performance. 
Such modalities include IUPAC names, molecular formulas, descriptions of important chemical 
moieties or functional groups and natural language descriptions of chemical behavior. Yet despite the 
large overlap between architectures used for natural language modeling and molecular sequence 
modeling, there have only been a few attempts to incorporate more than a single modality within a 
model152–154 and none have included the capacity for property-driven molecular design. Massive scaling 
has also been primarily limited to property prediction tasks155,156 despite growing evidence of the 
performance benefits derived from increasing model sizes, dataset sizes and compute across all 
downstream tasks.157,158 
 

 
Figure 4-1. MolJET Framework. Prompts are (i) stochastically sampled from the available modalities in the 
dataset and (ii) used to condition autoregressive reconstruction of SELFIES strings. Conditions are then chosen 
during inference to (iii) shift the generated molecular distribution towards the desired structural or 
physicochemical properties. 

In this work we introduce MolJET, a large-scale multimodal joint embedding transformer for 
conditional molecular generation and multi-property optimization. Within this framework, molecular 
generation is conditioned by text-based prompts that control the structural and physicochemical 
characteristics of the desired molecular distributions as depicted in Fig. 4-1. We demonstrate 
conditional generation on three modalities - textual descriptions of molecular structural features, 
physicochemical properties and 1D atomistic molecular graphs - and provide a general framework for 
the inclusion of additional modalities during pretraining. 
 
To prove the efficacy of our models in realistic design scenarios, we evaluate MolJET on a diverse set 
of tasks including molecular rediscovery, similarity and substructure-based sampling, isomer 
generation, and multi-property optimization.87,159 With only self-supervised pretraining, MolJET 
outperforms all task-optimized baseline models on five out of the eight task categories and 
outperforms the baselines on all eight task categories after minimal task-specific supervised 
optimization. Furthermore, the prompts are designed to be easily interpretable by chemists without 
any prior knowledge of deep learning and thus accessible to a wider audience. 
 

I. Sample From Training Set II.        Train Model to 

Reconstruct Molecule

<text_type> IUPAC </text_type> <text>
…

<mol>

[O] = [N] [Branch2]

…

[Ring1]

III. Conditional Generation

“ pyrazol”

[(4-phenylpiperazin…indole]-2'-one

“ C7H8N2O2”

“ 90th percentile LogP”
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4.3 Related Work 

Multi-Property Optimization 
 
Several strategies for multi-property optimization of molecular structures have been explored to date. 
Some works propose to condition the generation of molecular structures with a learnable embedding 
corresponding to the values of one or more desired properties.104,111,160 These models jointly learn the 
conditional distributions during training and then allow for the selection of specific conditions during 
inference. Others treat optimization as a translation task, in which an improved version of the input 
molecule is reconstructed during training.114,161 These models learn the desired molecular distribution 
directly, however they also require the construction of translation pairs which can be time-consuming 
and without careful control can introduce biases into the model or result in posterior collapse.162 
Another popular strategy for optimization is by making stepwise modifications to an existing 
molecular structure through an efficient sampling method like Markov Chain Monte Carlo or a 
reinforcement-learning driven policy network.87,163,164 A reward function determines the success of the 
model and guides further modifications. These models are flexible as they can modify their actions 
based on any reward, however they often shift the generated distribution too far from the original and 
can struggle to generate realistic samples.159,165 
 

Foundation Models for Chemistry 
 
Given that the vast majority of de novo molecular design models operate on a single molecular 
representation, there are only a few examples of multimodal learning in the field of chemistry. KV-
PLM and CHEMET both combine structural representations of molecules with natural language, the 
former by embedding SMILES strings directly into a biomedical corpus and the latter by performing 
cross-modal attention between embeddings of a molecular graph and a description of the 
molecule.152,154 However, these models are better suited for classification tasks than generation tasks 
as it is challenging to build a corpus annotated with molecular structures that is large enough to train 
a generative model. Other examples of multimodal chemistry models include GeomGCL166 which 
performs contrastive learning on 2D and 3D molecular graphs for property prediction and VJTNN162 
which combines junction tree and atomic graph representations during the encoding and decoding of 
the latent vector in a VAE. 
 

4.4 Model Framework and Prompt Designing 
 
Herein, we describe the Multimodal Joint Embedding Transformer (MolJET), a large-scale generative 
foundation model for conditional molecular design and multi-property optimization. The aim of 
MolJET is to efficiently navigate the molecular phase space while simultaneously reaching a desired 
property distribution. This task is non-trivial as the molecular landscape is high dimensional and 
rugged making optimization within this space difficult.167 We hypothesize that jointly learning across 
text, molecular structure and properties will enhance the model's ability to learn structure-property 
relationships and thus improve its performance at designing optimized molecules. We first introduce 
the multimodal fusion with our prompt design framework, and then present the model architecture 
and conditional sampling scheme. 
 



 28 

 

Multimodal Fusion with Prompt Designing 
 
Our goal is to learn inter-modal and cross-modal information with an expressive prompt design that 
can facilitate both the self-supervised pretraining and zero-shot evaluation. We propose an early-
fusion strategy to jointly reason over the text, molecular structure, and property modalities with a 
shared multifaceted representation. We represent the textual description and associated 
physicochemical properties of a molecule in the prompt sequence 𝑥 = (𝑠1, 𝑠2, … , 𝑠𝑛) of the form 
(𝑠𝑡𝑒𝑥𝑡 , 𝑠𝑝𝑟𝑜𝑝 , 𝑠𝑚𝑜𝑙), 

<text_type>...</text_type> <text>..</text> <property>..</property> <val>..</val> <mol>..</mol> 

We include <text_type> and <property> tags to differentiate across molecule descriptions (𝑠𝑡𝑒𝑥𝑡) and 
properties (𝑠𝑝𝑟𝑜𝑝). The <text> and <val> tags designate the search space on the respective data 

modalities. The <mol> tag designates the SELFIES string describing the molecular structure (𝑠𝑚𝑜𝑙). 
The proposed prompt design is flexible so that other textual representations of molecules or associated 
properties may be easily substituted. We also allow each modality to contain multiple sub-prompts. 
For example, we can represent multiple physicochemical properties separately as sub-prompts in 
𝑠𝑝𝑟𝑜𝑝. We introduce a strict ordering of the prompt sequence with the corresponding text, property 

and molecular structure representations to enable the model to conditionally generate molecular 
distributions given the other modalities. 
 

Model Architecture 
 
Our objective is to pretrain a large-scale foundation model with the ability to generalize to unseen 
tasks without requiring any labeled data. This is especially relevant in molecular design scenarios where 
we need to generate new molecules that have not been previously seen (out-of-distribution 
generalization). However, it is intractable to enumerate across all possibilities due to the unbounded 
molecular search space. We present the unsupervised distribution estimation 𝑝(𝑥) from a set of 
prompts (𝑥1, 𝑥2, … , 𝑥𝑛) as the product of conditional multimodal token probabilities, 
 

𝑝(𝑥) = ∏ 𝑝(𝑠𝑛|𝑠1, … , 𝑠𝑛−1)

𝑛

𝑖=1

   (4.1) 

 
Our model design is inspired by the recent success of applying the transformer encoder architecture 
on shared multimodal multifaceted representations (e.g., UTF-8 bytes in Perceiver-IO168, vision-
language decoding169). In this work, we investigate whether transformer architectures are capable of 
learning over multimodal molecular information and translating it into a rich knowledge of the 
relationship between a molecule's structure and its properties. We seek to analyze whether transformer 
architectures are suitable to distill and accumulate both inter- and cross-modal information from the 
molecular descriptions, and test whether the pretrained models generalize to novel contexts during de 
novo molecular design. 
 
To this end, we adopt the autoregressive transformer decoder model architecture similar to GPT-3123 
and apply it on conditional multimodal prompt based molecule generation tasks. We translate the 
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general left-to-right language modeling objective to a joint modeling objective that predicts the next 
modality token. We minimize the joint loss defined as 
 

ℒ(𝜃) =
1

|𝐷𝑡𝑟𝑎𝑖𝑛|
∑ −𝑙𝑜𝑔𝑝𝜃(𝑠𝑖|𝑠≤𝑖)

𝑥∈𝐷𝑡𝑟𝑎𝑖𝑛

   (4.2) 

 

The model learns the conditional multimodal token distribution jointly given the in-context references 
to other modality tokens. We do not use modality-specific encoders in this setup since we translate all 
modalities into the discrete language space. It remains as a future work to explore how other modalities 
such as vision (continuous), graph (2D) or atomic coordinates (3D) could be used in our framework 
to further enrich the learned multimodal molecular representations. 
 

Conditional Molecule Generation 
 
Given the molecular structure represented as a sequence of tokens describing the atoms, their 
connectivity and their valence states ($m_1,..m_n)$, the conditional multimodal prompt-based 
molecule generation is as follows: 
 

𝑚̂ ≈ argmax
𝑚

𝑙𝑜𝑔𝑝𝜃(𝑚𝑡|𝑠𝑡𝑒𝑥𝑡 , 𝑠𝑝𝑟𝑜𝑝, 𝑚<𝑡)   (4.3) 

 

We use 𝑞 temperature sampling to autoregressively sample the SELFIES tokens 𝑚𝑡 conditioned on 
the multimodal prompt. The sampling takes the molecule textual description 𝑠𝑡𝑒𝑥𝑡, physicochemical 
properties 𝑠𝑝𝑟𝑜𝑝 and <mol> ∈ 𝑚<𝑡 ⊂ 𝑠𝑚𝑜𝑙 as the initial inputs in the joint multimodal embedding space. 

In addition, the molecule generation is conditional to the property values in 𝑠𝑝𝑟𝑜𝑝. 

 
𝑚𝑡 = 𝑞(∙ |𝑠𝑡𝑒𝑥𝑡 , 𝑠𝑝𝑟𝑜𝑝 , 𝑚<𝑡)   (4.4) 

𝑠𝑚𝑜𝑙(𝑡) =∪𝑚<𝑡∈𝑠𝑚𝑜𝑙(𝑡−1)
{(𝑚≤𝑡 ∘ 𝑚𝑡

𝑛|𝑚𝑡
𝑛)}𝑛=1

𝑁    (4.5) 

 

We sample N molecule tokens until we reach a </mol> tag. The sampled tokens are concatenated ∘ 
with other top scoring molecule tokens to generate the molecule structure 𝑠𝑚𝑜𝑙(𝑡). 

 

4.5 Experimental Setup 

Implementation and Training Details 

 
Dataset Creation. We gathered over 100M unique molecular structures from the PubChem 
compound records database38 to use for pretraining. Each structure includes a valid SMILES 
representation, an IUPAC3 name, and a molecular formula. Functional groups are extracted from the 
full IUPAC name and SMILES are encoded as SELFIES strings. In accordance with the method 
outlined in GuacaMol,159 we calculate the ECFP4 fingerprints170 for every molecule in our dataset and 
a holdout set of drug-like molecules used in the benchmarks. Any molecule in the training set with a 
tanimoto fingerprint similarity of ≥ 0.343 to any molecule in the holdout set is removed. This ensures 

 
3 IUPAC (International Union of Pure and Applied Chemistry) nomenclature provides an international standard of 
naming compounds which can be used to create unambiguous structural formula. 
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the model has not simply memorized solutions to the benchmark tasks during pretraining. Similarly, 
all isomers corresponding to the two isomer generation tasks were also removed from the training set. 
 
Conditional prompts for each molecule are generated stochastically so the model may only see a 
portion of the available modalities for any given sample. This allows the user to ignore some modalities 
during inference while still allowing the model to jointly learn over all possible modalities. The rules 
for prompt sampling are outlined in Appendix B. 
 
Available Modalities. We provide three modalities on which the models are conditioned - textual 
molecule descriptions, properties and 1D atomistic molecular graphs. Table 4-1 shows the sub-
modalities available for the text and property modality types. Each text type provides a different level 
of detail regarding the molecular structure and are all commonly used by chemists when describing 
molecules. The properties are selected to cover a wide range of chemical behavior important to drug 
design. Each property is calculated using the cheminformatics package RDKit56 aside from DRD2 
which is predicted by the model published in Olivecrona et al., (2017).171 We use SELFIES as our 1D 
atomistic molecular graph to guarantee the validity of all molecules generated during inference.78 
 
Table 4-1. Details of the multimodal inputs used in the pretraining and zero-shot evaluation. 

Textual 
Molecule 
Descriptions 

IUPAC, text that fully 
specifies the atomic 
connectivity of the entire 
molecule 

FuncGroups, text that 
specifies only the atomic 
connectivity of local 
environments within the 
molecule 

MolFormula, text that does 
not specify any connectivity 
information but does specify 
the overall atomic makeup of 
the molecule 

 
Physicochemical 
properties 

Topological polar 
surface area (TPSA), a 
measure of the overall 
surface polarity of the 
molecule172 

LogP/Penalized LogP 
(PLogP), a method for 
estimating the solubility of a 
molecule.173 PLogP includes 
penalties for molecules with 
low synthesizability 

BertzCT, a topological index 
meant to quantify the 
“complexity” of a molecule174 

 

QED, a quantitative 
measure of the “drug-
likeness” of a molecule175 

Number of fluorine atoms, 
Number of aromatic rings, 
Total number of rings 

DRD2, the biological activity 
of a molecule towards the 
dopamine receptor D2 

 
Tokenization. We develop a custom vocabulary that consists of the tokens representing the molecule 
textual description 𝑠𝑡𝑒𝑥𝑡, physicochemical properties 𝑠𝑝𝑟𝑜𝑝 , and molecular structure 𝑠𝑚𝑜𝑙. IUPAC and 

FuncGroups share a vocabulary learned from a byte-pair encoding of the IUPAC names in the training 
set. The MolFormulas and SELFIES are tokenized on a per-atom basis. Property values are 
represented as either scalars or decile ranges labeled 1-10 with each digit tokenized separately. Finally, 
all tags (<…>,<…/>) and property names are encoded as special tokens. 
 

Task Descriptions 
 
We evaluate MolJET on 22 tasks split across 8 different categories: molecular rediscovery, similarity 
sampling, substructure sampling, isomer generation, median molecules, multi-property optimization, 
drug-likeness and biological activity. Each task is taken from either the GuacaMol evaluation 
framework159 or the MIMOSA multi-property optimization framework.87 Table 4-2 provides examples 
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of tasks from a few of the optimization categories and their corresponding prompts. Detailed 
descriptions of each task category are provided below. 
 
Table 4-2. Example of the downstream tasks and prompt designs used in the zero-shot evaluation. We color 
each prompt with the modality(s) that they are associated with. For the prompts for all 22 tasks, please refer to 
Tables B-6 and B-7. 

 
 

Molecular Rediscovery. The model must generate an exact match to the target. This task tests the 
model’s ability to explore regions of molecular phase space which it has not encountered during 
training. 
 
Similarity Sampling. The model must generate many samples that are structurally similar to the target 
but not an exact match. This task tests the model’s ability to make small structural modifications to a 
target without diverting too far from the original molecule. This is analogous to how a chemist might 
approach the design of a new drug by modifying small chemical motifs of a starting structure to 
improve a specific desired behavior while maintaining other drug-like qualities from the original 
molecule. 
 
Substructure Sampling. The model must generate many samples that contain a specific structural 
motif or set of motifs. In some tasks, the model may also be penalized for generating molecules with 
non-desired motifs or for diverging too far from the pharmacological properties of the molecule from 
which the desired motif is drawn. This task tests the model’s ability to generate functional moieties 
off a scaffold or “fill in” the scaffold given a set of functional moieties. 
 
Isomer Generation. The model must generate as many structural isomers as it can from a given 
molecular formula. This task tests the model’s ability to map coarse-grained chemical information to 
a fully connected atomic graph. It also tests if the model can enumerate all possible structures from a 
local region of chemical phase space. 
 
Median Molecules. The model must generate samples that are maximally similar to two different 
target molecules. This task tests the model’s ability to interpolate between two valid chemical 
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structures, a common goal when trying to discover a molecule that maximizes the desired properties 
of two separate existing molecules. 
 
Multi-Property Optimization (MPO). The model must simultaneously match both structural and 
property requirements as dictated by the task. For instance, the model might be tasked with finding a 
structural analogue to the antihistamine fexofenadine that is “less greasy” by reducing the LogP and 
increasing the TPSA while maintaining a high structural similarity to the target. These tasks put the 
model in realistic drug design scenarios and demonstrate its ability to perform structural sampling 
while also constraining the generated molecules to the desired property ranges. 
 
To demonstrate the versatility of the MolJET framework, we also evaluate the model on the multi-
property optimization tasks outlined in Fu et al., (2021). These require the model to maintain high 
structural similarity to an input drug-like molecule while simultaneously maximizing PLogP and either 
QED (Drug-Likeness) or DRD2 (Biological Activity). We report performance on these two tasks 
as success rate which is defined as the proportion of input molecules that the model is able to improve 
beyond a pre-defined threshold for each property while maintaining high similarity. Further details on 
the definition of success rate are provided in Jin et al., (2019). Each GuacaMol task is evaluated based 
on a weighted average of the top 100 scoring molecules for that task. Further details on the definitions 
of each GuacaMol metric are provided in Brown et al., (2019) and Appendix B. 
 
Conditional Language Model Pretraining. We train two independent versions of MolJET, 
MolJET-Guac and MolJET-Bio. MolJET-Guac is trained and evaluated with the three text types and 
TPSA, LogP, BertzCT, number of fluorine atoms and ring counts (total and aromatic). MolJET-Bio 
is trained and evaluated with the three text types and PLogP, QED and DRD2. We train two additional 
model variants - one to study the difference between scalar and decile property value representations 
(MolJET-GuacScalar/Decile) and one without property conditioning to study the cumulative effect that 
additional modalities have on text-only inference tasks (MolJET-GuacText-Only/Text+Prop). The models are 
pretrained from scratch on the filtered PubChem training set. Further details on the training 
procedure, hyperparameters, baseline models and sampling scheme can be found in Appendix B. 
 

4.6 Experimental Results 
 
The performances of MolJET-Bio and MolJET-Guac on the MIMOSA and GuacaMol evaluation 
frameworks are displayed in Tables 4-3 and 4-4. Both models are very competitive during zero-shot 
inference with MolJET-Guac outperforming ~78% of all baselines on the GuacaMol benchmarks and 
MolJET-Bio improving the success rate on the Drug-Likeness and Biological Activity tasks by 18.75% 
and 13.5% respectively. It should be noted that the baselines are fine-tuned on each task in a 
supervised manner, whereas MolJET has only undergone self-supervised pretraining and is seeing the 
task-specific optimization prompts for the first time during inference. Thus, the performance on these 
benchmarks demonstrates the efficacy of our multimodal framework in generalizing to previously 
unseen molecular distributions.  
 

Multi-Property Optimization 

 
We first show that MolJET is able to leverage information from multiple modalities to simultaneously 
control the structure and properties of generated molecules during zero-shot inference. By 
conditioning the model on the modalities that are optimal for a given task, it can generate molecular 
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distributions that outperform previously state-of-the-art baselines on a variety of multi-property 
optimization benchmarks. It accomplishes this by inferring how the desired structural features must 
be modified to satisfy the additional property constraints. We use the conditional generation sampling 
method to efficiently explore the local region of molecular phase space dictated by the multimodal 
prompt. 
 
Table 4-3. Benchmark results on the MIMOSA MPO evaluation framework. PLogP, QED and DRD2 
columns refer to the absolute improvement in property values from successful samples. 

 Drug-Likeness Biological Activity 

Method Similarity PLogP QED Success Similarity PLogP DRD2 Success 

VJTNN 0.17 0.46 0.02 1.0% 0.18 0.55 0.27 3.4% 

DeepGA 0.35 0.93 0.09 24.9% 0.38 0.68 0.20 29.3% 

MIMOSA 0.42 0.93 0.10 32.0% 0.54 0.75 0.35 43.7% 

MolJET-Bio 
(Zero-shot) 

0.37 1.19 0.14 38.0% 0.35 3.38 0.48 49.6% 

 
For example, MolJET-Bio outperforms the previous state-of-the-art, MIMOSA, in both absolute 
property improvement and success rate on the Drug-Likeness and Biological Activity MPO tasks. It 
does so by exploring the local region of molecular phase space surrounding the target molecule more 
efficiently by directly sampling from the conditional distribution. Because MIMOSA makes iterative 
modifications to the target molecule, it does not venture as far from the original structure during 
optimization. While this leads to a higher similarity score on both tasks, it fails to find as many 
molecules that satisfy the property optimization constraints and thus has a lower success rate. 
 
Table 4-4. Benchmark results on GuacaMol which contains both MPO and molecular structure generation 
tasks. Bold values indicate the best performing model and underlined values indicate the second best 
performing model measured against the baselines. 

Benchmark 
Category 

Best of Data 
Set 

SMILES 
LSTM 

SMILES 
GA 

Graph 
GA 

MolJET-Guac 
(Zero-shot) 

MolJET-Guac 
+ Graph GA 

MPOs 0.698 0.778 0.717 0.868 0.838 0.878 
Rediscovery 0.613 1.000 0.523 0.945 1.000 1.000 
Similarity 0.546 1.000 0.771 0.977 1.000 1.000 
Substructure 0.643 0.973 0.769 0.985 0.817 0.985 
Isomers 0.716 0.912 0.745 0.954 1.000 1.000 
Median 0.371 0.403 0.362 0.417 0.409 0.447 

Total 0.623 0.850 0.671 0.877 0.857 0.900 
 
We observe a similar trend from zero-shot MolJET-Guac on the GuacaMol MPOs. When breaking 
the tasks down individually, it outperforms all three baselines on the ranolazine, perindopril, and 
amlodipine MPOs and is within 1% and 2.5% of the best performing model on the fexofenadine and 
osimertinib MPOs, respectively (Appendix B). These tasks also require the model to meet one or more 
property specifications while maintaining high similarity to a target molecule (see Fexofenadine and 
Perindopril MPOs, Fig. 4-2). In total, MolJET outperforms or is competitive with the leading baseline 
on seven out of nine MPOs across both evaluation frameworks demonstrating the versatility and 
efficacy of our multimodal framework. 
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Conditional Molecular Structure Generation 
 
MolJET-Guac also performs well at the zero-shot molecular structure generation tasks, achieving a 
perfect score on rediscovery, similarity sampling and isomer generation (Table 4-4). This indicates that 
the model is able to accurately estimate the molecular structural probability manifold of the training 
set and navigate it based on the conditional multimodal prompts. Each of the three text modalities 
provide a different degree of structural specificity with which the model can be conditioned. For 
instance, tasks with stringent similarity requirements are better suited for IUPAC conditioning, 
whereas FuncGroup conditioning yields a more diverse set of generated molecules (see Drug-Likeness 
vs. Fexofenadine MPO in Fig. 4-2). FuncGroup conditioning is also the most flexible as it can be used 
to combine the structural characteristics of multiple input molecules (see Median Molecules, Fig. 4-2). 
 

 
Figure 4-2. Prompts, inputs, and high-scoring samples for four of the de novo design tasks. 

We confirm these observations quantitatively by measuring the performance of each text modality 
individually on the similarity sampling tasks. We choose similarity as it is the most common structural 
objective for the MPOs and thus highlights important differences in sampling performance for 
realistic drug design scenarios. The results of this experiment are shown in Fig. 4-3. As expected, we 
explore the largest subset of relevant phase space when conditioning on FuncGroups. However, there 
are some circumstances where IUPAC conditioning is just as effective, namely when the molecule is 
complex such as the stereoisomer mestranol. 
 

 
Figure 4-3. Similarity sampling from each text modality. 
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To estimate how amenable MolJET is to further optimization, we re-run the Graph GA method but 
replace the starting population with the top 100 molecules generated by MolJET. On average, the 
Graph GA seeded with molecules generated by MolJET improves upon the zero-shot MolJET by 
~5% and the baseline Graph GA by ~2.6% (Table 4-4). This demonstrates the capacity of MolJET 
to be further improved by task-specific fine-tuning strategies and we leave further work in this 
direction as future research. 
 

Evaluating Prompt Design 
 
We also run ablations to study a) the effect of the choice of numerical property representation on the 
GuacaMol tasks with property conditioning and b) the impact of the inclusion of property modalities 
during training on GuacaMol tasks with text-only conditioning. On the GuacaMol tasks with property 
conditioning, MolJET-GuacScalar performs slightly better than MolJET-GuacDecile (0.881 vs 0.872). This 
suggests that the property prediction capacity of the scalar model is only slightly greater than the 
average distance between decile bins. For most properties, this distance is fairly large so this result 
indicates a potential area in which MolJET could be improved. 
 
Finally, we evaluate MolJET-GuacText-Only and MolJET-GuacText+Prop on the text-only inference tasks 
from GuacaMol (Table 4-5). These tasks do not require any property conditioning during inference 
and thus the performance of the two models should be expected to be comparable if cross-modal 
learning does not occur during training. However, we find that MolJET-GuacText+Prop performs better 
on the text-only inference tasks, supporting our hypothesis that our multimodal prompt design 
framework supports both inter- and cross-modal learning. The property information that is jointly 
embedded during training enhances the models understanding of molecular structure even when that 
information is not provided during inference. 
 
 

Table 4-5. Multimodal model ablations. 

Modality GuacaMol 
Reconstruction 

IUPAC FuncGroup 

Text 0.827 62.1% 60.2% 

Text + Property 0.843 68.7% 63.4% 

 
 
To confirm this behavior, we construct two additional text-only inference tasks, IUPAC 
Reconstruction and FuncGroup Reconstruction. IUPAC Reconstruction tests the models’ ability 
to accurately reconstruct a SELFIES string given its IUPAC from a holdout set of IUPAC-SELFIES 
pairs that were not seen during training. FuncGroup Reconstruction tests the models’ ability to 
generate molecules that contain the requested functional group from a list of 102 functional groups 
developed by the authors to include a wide range of atom types and complexities. Additional 
implementation details for each task are outlined in Appendix B. Again, we find that MolJET-
GuacText+Prop outperforms MolJET-GuacText-Only, providing additional evidence that both inter- and 
cross-modal learning occur during training and that multimodal joint embeddings are capable of 
enhancing the performance of de novo molecular design models. 
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4.7 Conclusions 
 
We introduce MolJET, a multimodal foundational chemistry model for conditional de novo design of 
organic molecules. MolJET demonstrates state-of-the-art performance on realistic drug design tasks 
in a zero-shot manner. Our framework is adaptable and easy to interpret, making it well-suited for the 
inclusion of other modalities such as scientific text. We make our code, models, and data publicly 
available and provide API access to our pretrained models to allow chemistry researchers of all 
backgrounds to participate in the future development of AI-driven de novo molecular design. 
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5. Efficient 3D Molecular Design with an E(3) Invariant Transformer 
VAE4 

 

5.1 Abstract 
 
This work introduces a 3D equivariant graph-to-string transformer VAE (Vagrant) for generating 
molecules with accurate DFT-level properties. Vagrant learns to model the joint probability 
distribution of 3D molecular structure and property by encoding molecular structures into a 3D-aware 
latent space. Directed navigation through this latent space implicitly optimizes the 3D structure of a 
molecule, and the latent embedding can be used to condition a generative transformer to predict the 
candidate structure as a 1D sequence. Additionally, we introduce two novel sampling methods that 
exploit the latent characteristics of a VAE to improve performance. We show that our method 
outperforms comparable 3D autoregressive and diffusion methods for predicting quantum chemical 
property values of novel molecules in terms of both sample quality and computational efficiency. 
 

5.2 Introduction 
 
Generative models for de novo molecular design provide an efficient solution to the inverse design 
problem6 by facilitating the rapid exploration of chemical phase space.176 They have been successfully 
applied to many real-world design tasks including the discovery of novel drug inhibitors,177 protein 
therapeutics,28 and metal-organic frameworks.178 Despite these success stories, continued 
advancements in generative architectures and molecular representations suggest there is still room for 
further improvement. 
 
For instance, the development of equivariant neural networks179 allows for the direct optimization of 
molecular atomic coordinates in 3D. The 3D structure of a molecule dictates much of its functional 
behavior including properties governed by its electronic structure180 and geometric constraints such as 
the affect of steric hindrance on its binding affinity to a protein target.181 Thus a model with the 
capacity to embed 3D information will be better able to learn the relationship between a molecule’s 
structure and its properties than models which are restricted to learning on 1D/2D representations 
only. This has been demonstrated on a variety of tasks including DFT-level property prediction23 and 
shape-based ligand design.105 
 
Although many studies have proposed de novo generation in 3D,81,160,182 the choice to generate 3D 
coordinates adds considerable complexity to the decoding process and model architectures designed 
for this purpose have some notable drawbacks. Flow models and autoregressive models are difficult 
to scale due to their long training times and slow sampling.83 Diffusion models are also slow during 
inference and have low log-likelihoods compared to other comparable generative methods.183–185 These 
problems are compounded by the general inefficiency and instability of 3D generation.84 
 
Conversely, one-dimensional sequence generation has been shown to be both efficient94 and capable 
of producing high-quality novel samples during inference.123 Many de novo molecular design models 
generate sequence-based representations of molecules and it has been shown that such models are 

 
4 Reproduced in part with permission from O. Dollar, N. Joshi, D. Beck, and J. Pfaendtner. Efficient 3D Molecular 
Design with an E(3) Invariant Transformer VAE, in preparation, 2023 
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better at capturing molecular property distributions than models trained on 2D graphs.85 Given these 
observations, we hypothesize that a model which: 
 

• learns embeddings of 3D molecular structure, and 

• optimizes those embeddings to condition the generation of 1D sequences with desired 
properties 

 
will be more efficient and propose higher quality candidates than models which generate 3D 
coordinates directly. 
 

 
Figure 5-1. Vagrant learns a 3D-aware latent space that contains information about the relationship between a 
molecule’s 3D coordinates and its properties. Navigation within this space implicitly adjusts the molecular 
coordinates which can then be easily decoded into a 1D sequence. 

To explore this idea, we propose Vagrant, a Variational Autoencoding Graph-to-string Transformer 
model. Our method maps a set of 3D molecular structures to an optimizable 3D-aware latent space 
that is used to condition the generation of SELFIES strings.78 By separating the networks which act 
on 3D and 1D representations across the bottleneck of a VAE, we decouple the generative process 
from the model’s ability to optimize 3D geometries (Fig. 5-1). We show that the predicted DFT-level 
property values of the novel candidates designed by our method are more accurate than candidates 
designed by comparable 3D autoregressive160 and diffusion models.182 We also introduce a novel 
sampling scheme and confidence metric that allow us to further improve performance without any 
retraining and at little additional computational overhead. 
 

5.3 Related Works 

1D/3D Molecular Representations 
 
One-dimensional sequence representations of molecular structure are lightweight and capture many 
of the salient structural features of molecules such as branches, rings, and bond types. The SMILES 
string77 has previously been the most ubiquitous 1D molecular representation. However, the syntax 
of SMILES requires models to recognize long-range dependencies and failure to do so often results 
in invalid molecules.186 To mitigate this problem, the SELFIES string78 was introduced which 
guarantees the syntactic validity of any combination of tokens within the SELFIES vocabulary. 

Conditional 

Transformer

CC1OCC( C2CO2) C1
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Three-dimensional molecular representations, while more memory-intensive than 1D sequences, can 
capture the spatial relationship between atoms as well as higher-order node- and edge-level features.22 
Recent work in this direction has focused on guaranteeing that they maintain permutational, 
translational, and rotational equivariance. Many studies have used the spherical harmonics to 
accomplish this, by computing a basis that transforms molecular coordinates to a higher-order space 
that preserves SE(3) equivariance.21,95,96 However, the computation of the basis set is expensive and 
cannot be generalized beyond 3D. Representations that preserve E(n) equivariance without relying on 
spherical harmonics have been shown to be more computationally efficient while maintaining 
comparable accuracy.81 
 

3D Molecule Generation 
 
Many architectures have recently been proposed for generating 3D molecular structures. 3D 
autoregressive models that sequentially place atoms and bonds in 3D space have been a popular 
method for shape-based ligand design51,187,188 and have also been used to simultaneously optimize 
multiple structural and quantum chemical properties.160 Diffusion models, which sample entire 
molecular structures by iteratively removing 3D gaussian noise, have been applied to both these tasks 
as well.182,189 Due to the difficulty of reconstructing 3D coordinates from a compressed latent space, 
VAEs have been mostly restricted to 1D/2D generation.93,190 However, Huang et al., (2022)191 showed 
they could be enhanced with E(3) equivariant layers and used to autoregressively generate the linker 
between two molecular fragments for PROTAC drug design. 
 

Molecular Translation Models 
 
The translation of one molecular representation to another has been studied for learning robust 
molecular embeddings,92 and for quickly translating between disparate representations such as 
IUPAC strings and SMILES.192 Particularly relevant to this work is the distillation of representations 
from high dimension to low. Several studies have used this method of distillation, for instance to 
caption 3D binding pockets with SMILES strings193,194 or to autoregressively generate 2D graphs to 
connect fragments based on their 3D distances and relative orientations.195 
 

5.4 Background 

Variational Autoencoder 
 
Vagrant uses the VAE framework described by Kingma et al., (2013)2 to learn a 3D-aware molecular 
embedding that is both optimizable and easy to sample. A VAE encodes the latent probability 

manifold, z, of the training set, 𝑿 = {𝒙(𝑖)}𝑖=1
𝑁 , by approximating the true posterior of the data, 𝑝(𝒛|𝒙), 

and the marginal likelihood, 𝑝(𝒙|𝒛), given a point along the manifold. As the true posterior is often 
intractable to compute, we use parameterized neural networks 𝑞∅(𝒛|𝒙) and 𝑝𝜃(𝒙|𝒛) to encode and 
decode the training data. The prior is represented by the standard normal distribution, 𝒩(𝟎, 𝑰), and 
during training z is sampled using the reparameterization trick. The objective function is then 
formalized according to the evidence lower bound (ELBO) as 
 

𝑙𝑜𝑔𝑝𝜃(𝒙|𝒛) ≥ ℒ(𝜃, ∅; 𝒙, 𝒛) = 𝔼𝑞∅(𝒛|𝒙)[𝑙𝑜𝑔𝑝𝜃(𝒙|𝒛)] − 𝛽𝐷𝐾𝐿(𝑞∅(𝒛|𝒙)||𝑝(𝒛))   (5.1) 
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where the term on the left maximizes the log-likelihood of reconstructing the input given the sampled 
latent variable, z, and the term on the right minimizes the Kullbach-Liebler divergence88 between the 
approximate posterior and the standard normal distribution. We scale the KLD linearly during training 
with a Lagrange multipler, β, to control the relative magnitude of each loss term and prevent posterior 
collapse.127 
 

E(n) Invariance and Equivariance 
 
The properties of a molecule depend on the relative positions and orientations of its atoms with 
respect to each other, but do not change with arbitrary rotations or translations of the full molecular 
structure. Thus, a model which learns from 3D molecular data must construct representations that are 
invariant to these actions. 
 

Take a molecule with coordinates 𝒙 = (𝒙1, … , 𝒙𝑘) ∈ ℝ𝑘𝑥3 and node features 𝒉 = (𝒉1, … , 𝒉𝑘) ∈ ℝ𝑘𝑥𝑛𝑓. 
A function acting on that molecule is said to maintain equivariance if 
 

𝑓(ℛ[𝒙], 𝒉) = (ℛ[𝒙′], 𝒉′), ∀ℛ   (5.2) 
 

where ℛ is any given operator in 3D space, 𝒙′ is the updated set of molecular coordinates (i.e. 𝒙𝒕+∆𝒕 
in a molecular simulation) and 𝒉′ is the updated set of node labels. Similarly, if the function returns 
updated features but does not update the molecular coordinates, it is said to maintain invariance if 
 

𝑓(ℛ[𝒙], 𝒉) = 𝒉′, ∀ℛ   (5.3) 
 

The group of all rotations, translations and reflections is known as E(n) and when applied to 3D 
Euclidean space is known as E(3). E(n) invariance/equivariance is maintained when these equations 
hold true for the E(n) group. Note that in either case, the node features remain invariant and that a 
3D molecular embedding constructed from these features will be independent of the coordinate 
system in which the molecule is embedded. 
 

Deep Probabilistic Language Models 
 
The design of Vagrant is, in part, inspired by work published in the field of machine translation and 
image captioning.196–198 These models autoregressively reconstruct labeled sequences, 𝒀 =
{𝒚1, … , 𝒚𝑚}, by conditioning on deep machine-learned embeddings of the input data, X. The 
architecture of the encoder depends on the type of input data being fed to the model while the 
decoder is often a left-to-right deep probabilistic transformer. Conditioning is applied using cross-
attention as defined by Vaswani et al. (2017) 
 

𝑄 = 𝑊𝑞 ∙ 𝐸𝑛𝑐(𝑿), 𝑉 = 𝑊𝑣 ∙ 𝐸𝑛𝑐(𝑿), 𝐾 = 𝑊𝑘𝒀   (5.4) 

𝑎𝑡𝑡𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉   (5.5) 

 
where the keys, K, are a linear transformation of the labeled sequence, the queries, Q, and values, V, 

are linear transformations of deep learned embeddings of the encoded input data, and 𝑑𝑘 is a scaling 
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value. In the case of Vagrant, we use cross-attention to condition the generation of SELFIES on 3D 
information learned by the equivariant encoder network. 
 

5.5 Vagrant: Graph-to-String Translation 
 
We now describe the model framework of Vagrant, a graph-to-string translation VAE for generating 
candidate molecules with optimal 3D properties. Vagrant takes a 3D molecular graph, 𝑋, as input and 
constructs a latent embedding, z, using a set of E(3) equivariant graph neural network (EGNN) 
layers.81 This embedding is then used to condition the reconstruction of a SELFIES string using a set 
of transformer layers with cross-attention (Fig. 5-2a). We additionally embed a quantum chemical 
property in the latent space by using z as the input to a property prediction network.93 
 
During inference, a latent embedding is sampled, and its corresponding property and SELFIES are 
predicted by the property prediction and decoder networks (Fig. 5-2b). Because the latent space is 
conditioned on 3D structural information during training, the sampled embedding contains 
knowledge of the relationship between the 3D structure of the predicted candidate and the predicted 
property. We can then navigate the latent space with previously described numerical techniques (see 
Appendix C for examples) to implicitly adjust the 3D coordinates of candidate structures without the 
need to generate the coordinates explicitly. 
 

 
Figure 5-2. Overview of the Vagrant graph-to-string translation framework during a) training and b) inference. 
a) The invariant encoder (orange) takes the node level features and atomic coordinates as inputs and constructs 
a 3D-aware latent embedding, z, that is used to condition the transformer decoder (blue). b) A 3D embedding 
is sampled and used to condition generation of a novel sequence and predict the DFT-level property. External 
validation tools are used to evaluate the accuracy of the model predictions. 

Model Objective. We represent each input molecule, ℳ = (𝑋, 𝒀) as a tuple with 3D molecular graph, 
𝑋, and SELFIES string, 𝒀 = {𝒚1, … , 𝒚𝑚}. The 3D graph is used to condition the latent embeddings 
through the encoder, ∅𝑒𝑛𝑐(𝒛|𝑋), and the SELFIES string is reconstructed by conditioning the decoder 
on the resampled latent embedding, ∅𝑑𝑒𝑐(𝒀|𝒛). We build our graph with nodes 𝑣𝑖 ∈ 𝒱 containing the 

coordinates, 𝒙𝑖 ∈ ℝ3, and features, 𝒉𝑖 ∈ ℝ𝑛𝑓, of a single atom within the molecular graph. The 

SELFIES string is a sequence of 𝑚 tokens where each token, 𝒚𝑖, is chosen from the SELFIES 
vocabulary. 
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ℒ = ℒ𝑟𝑒𝑐𝑜𝑛 + ℒ𝐾𝐿𝐷 + ℒ𝑝𝑟𝑒𝑑   (5.6) 

 

The training objective seeks to maximize the log likelihood of the reconstructed SELFIES string while 

minimizing the KLD between 𝑝(𝒛) and the standard normal distribution, and the mean squared 
difference between the predicted property and the true property value. Additional details on the 
training objective can be found in Appendix C. 
 

E(n) Invariant Graph Encoder 
 

We model the encoder , ∅𝑒𝑛𝑐(𝒛|𝑋), using the equivariant graph convolutional layers (EGCL) defined 
by Satorras et al. (2021). Each EGCL layer takes the atomic coordinates and node features as input 
and returns the updated node features for each atom according to 
 

𝒉𝑖
𝑙+1 = 𝐸𝐺𝐶𝐿[𝒙0, 𝒉𝑙]   (5.7) 

 

where 𝑙 is the index of the current layer. Our atomic coordinates are static throughout the encoder 
thus the EGCL layer is E(n) invariant to the input structure. 
 
Each encoder layer consists of an edge network, ∅𝑒, that calculates the message passed between nodes 
𝑖 and 𝑗, and a node network, ∅ℎ, that updates the features on each node based on the aggregated 
messages. The messages and updated node features are calculated as 
 

𝒎𝑖𝑗 = ∅𝑒(𝒉𝑖
𝑙 , 𝒉𝑗

𝑙 , 𝑑𝑖𝑗
2 )   (5.8) 

𝒉𝑖
𝑙+1 = ∅ℎ(𝒉𝑖

𝑙 , ∑ 𝑒̃𝑖𝑗𝒎𝑖𝑗

𝑗≠𝑖

)   (5.9) 

 

where 𝑑𝑖𝑗 is the euclidian distance between atoms 𝑖 and 𝑗, and 𝑒̃𝑖𝑗 is a learned attention mask that 

weights the importance of each message. Both ∅𝑒 and ∅ℎ are modeled by fully connected neural 
networks. 
 

Readout. The output of the final EGCL layer is 𝒉𝑓, a matrix containing 𝑘 vectors representing each 
atomic node. We condense this matrix into a single molecular representation of size dmodel with the 
readout function 
 

𝒉𝑚𝑜𝑙 =
1

𝑘
∑ 𝒉𝑘

𝑓

𝑘

   (5.10) 

 

The mean of a set of vectors is invariant to any permutation of those vectors thus our condensed 
molecular representation is still E(n) invariant. We then project 𝒉𝑚𝑜𝑙 through two fully connected 
layers to obtain the mean and variance vectors and sample from them using the reparameterization 
trick to obtain the final 3D latent representation, z. 
 

𝝁 = ∅𝜇(𝒉𝑚𝑜𝑙), 𝝈 = ∅𝜎(𝒉𝑚𝑜𝑙), 𝜀 = 𝒩(𝟎, 𝑰), 𝒛 = 𝝁 + 𝝈 ∙ 𝜀  (5.11) 

 

 
Property Predictor. The property prediction network, ∅𝑝𝑟𝑒𝑑, consists of a stack of fully connected 

networks separated by an activation function. To increase property prediction performance during 
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sampling, we use z as the input to ∅𝑝𝑟𝑒𝑑 so that the prediction network is robust to small variations 

within local regions of molecular phase space. 
 

Probabilistic Transformer Decoder 

 
We model the decoder, ∅𝑑𝑒𝑐(𝒀|𝒛), using a deep transformer with cross-attention. Each transformer 
layer contains a self-attention head, a cross-attention head, and a fully connected layer with residual 
connections and batch normalization. The SELFIES string is encoded as a one-hot vector and then 

expanded through an embedding layer to create the initial sequence representation, 𝒚0. This 
representation is transformed through each transformer module according to 
 

𝒚𝑠𝑒𝑙𝑓
𝑙 = 𝑎𝑡𝑡𝑛𝑠𝑒𝑙𝑓[𝑄(𝒚𝑙−1), 𝐾(𝒚𝑙−1), 𝑉(𝒚𝑙−1)]   (5.12) 

𝒚𝑐𝑟𝑜𝑠𝑠
𝑙 = 𝑎𝑡𝑡𝑛𝑐𝑟𝑜𝑠𝑠[𝑄(𝒚𝑠𝑒𝑙𝑓

𝑙 ), 𝐾(𝒛), 𝑉(𝒛)]   (5.13) 

𝒚𝑙 = ∅𝑓𝑓(𝒚𝑐𝑟𝑜𝑠𝑠
𝑙 )   (5.14) 

 

where Q, K and V are linear transformations of the input and ∅𝑓𝑓 is a fully connected layer. The 

attention modules use ℎ heads with unique learnable weight matrices, 𝑊𝑖
𝑄𝐾𝑉 , … , 𝑊ℎ

𝑄𝐾𝑉. The self-
attention module acts on the sequence representation and learns the long-range dependencies between 
tokens in the SELFIES string. The cross-attention module then embeds the sequence representation 
with 3D information from the upsampled latent feature map (Fig. 5-3). The feature map is used to 
bias the generative process towards molecules with specific quantum chemical property values (see 
Appendix C for examples). 
 

 
Figure 5-3. Flow of information through a single transformer layer conditioned on the 3D embedding, z, from 
the encoder. 
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Upsampling Z. The 3D embedding from the encoder is compressed so that only the most important 
features for connecting the predicted property to the reconstructed SELFIES are kept. However, due 
to the small size of the compressed embedding, we must expand it before applying cross-attention. 
 
To accomplish this, we upsample z with a set of deconvolutional layers. Deconvolution is used to 
extract mid- to high-level image features from a low-dimensional latent representation.199 In Vagrant, 
this operation can be thought of as reconstructing the mid- to high-level features of our 3D molecular 
structure. Empirically, we find deconvolution to be more effective than decompression with a simple 
fully connected layer (Appendix C). 
 
Each deconvolution layer takes the latent embedding, z, as input and applies a deconvolutional filter, 
𝑓, to perform a transposed convolution 
 

𝒛𝑙+1 = 𝑑𝑒𝑐𝑜𝑛𝑣[𝒛𝑙 , 𝑓𝑘,𝑐,𝑠,𝑝
𝑙 ]   (5.15) 

 

where 𝑘 is the filter size, 𝑐 is the number of output channels, 𝑠 is the stride, and 𝑝 is the padding. The 
channels are used to expand z along the model dimension and the filter size and stride are used to 
expand z along the sequence dimension. 
 

Generator. The final transformed sequence representation, 𝒚𝑓, is passed through a generation 

network, ∅𝑔𝑒𝑛, that compresses the size of the last dimension from dmodel to dvocab. The output of ∅𝑔𝑒𝑛 

is used to calculate the probabilities of each token in the sequence. 
 

Sampling 
 

Novel molecules are generated from Vagrant by sampling a latent embedding, 𝒛~𝒩(𝟎, 𝑰), and using 
it to condition autoregressive SELFIES generation. We test two sampling methods – direct and robust. 
In direct sampling, we only generate one SELFIES and predicted property for each sampled latent 
variable. In robust sampling, we generate 𝑛 SELFIES and predicted properties per latent variable by 
perturbing the latent variable 𝑛 times within a radius, ∆ (Algorithm 1). Robust sampling reduces the 
variance in local regions of the latent space by finding the most frequently occurring SELFIES within 
that region and averaging the predicted properties across each of those instances. 
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Coherence. Additionally, we introduce a new metric to evaluate the quality of novel samples 
generated from the latent space. We first define a translation function, 𝑓𝑡𝑟𝑎𝑛𝑠, that transforms one 
molecular representation to another. The translation function does not need to be differentiable, for 
instance we use the MMFF94 force field200 as the translation function that maps an output SELFIES 
to its 3D molecular graph, 𝑋 = 𝑓𝑡𝑟𝑎𝑛𝑠(𝒀). 
 
We use 𝑓𝑡𝑟𝑎𝑛𝑠 to compare the similarity between a newly generated molecule and the reconstructed 
version of that molecule when it is translated back into its input representation and fed through the 
model again. The coherence of that sample is defined as 
 

𝒛~𝒩(𝟎, 𝑰), 𝒀 = ∅𝑑𝑒𝑐(𝒛)   (5.16) 

𝒛′ = ∅𝑒𝑛𝑐(𝑓𝑡𝑟𝑎𝑛𝑠(𝒀)), 𝒀′ = ∅𝑑𝑒𝑐(𝒛′)   (5.17) 

𝑐𝑜ℎ𝑒𝑟𝑒𝑛𝑐𝑒 = 𝑠𝑖𝑚(𝒀, 𝒀′)   (5.18) 
 

where sim is the Tanimoto similarity201 between the originally sampled molecule and the reconstructed 
molecule. 
 
Coherence measures the internal consistency of a VAE and can be thought of as a reconstruction 
accuracy for novel samples. In local regions of the latent space where coherence is low, the model is 
unsure of its structural predictions and unable to reproduce them. Alternatively, when coherence is 
high, the model consistently maps the same local region of the latent space to the same molecular 
structure. 
 

5.6 Experiments 

Experimental Setup 
 
Datasets. We test the property prediction accuracy of our models on newly generated molecules by 
pretraining on the QM9 dataset.43 QM9 contains ~134K 3D structures of small organic molecules and 
their associated quantum chemical properties calculated at the B3LYP/6-31G(2df,p) level of theory. 
We also use GEOM-Drugs45 to test how our model scales to larger molecules. GEOM-Drugs contains 
the 3D structures of over 317K unique drug-like molecules with multiple structural conformers per 
species. 
 
Baselines 
 

• Vagrant-1D108 – a Vagrant variant that operates only on 1D molecular sequences by replacing 
the equivariant encoder with a transformer 

• cG-SchNet160 – a conditional autoregressive 3D generative model for molecules 

• EDM182 – a conditional equivariant diffusion model for molecules 
 
Evaluation. Models are evaluated on their ability to match the molecular distribution of the training 
set, successfully generate candidates with valid 3D structures and predict the quantum chemical 
properties of novel candidates. We use the Guacamol benchmarking platform159 to report the percent 
of valid, unique, and novel (VUN) molecules generated by the models during sampling as well as the 
average KLD of several physicochemical properties between the generated set and a held-out test set. 
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For the property prediction task, we report the prediction accuracy for novel candidates as the mean 
absolute error (MAE) between the true and predicted value. We chose to predict the isotropic 
polarizability as it’s been shown to be a key property in determining molecular and materials 
functionality202,203 and is commonly used as a target in other studies. 
 
DFT simulations have several failure modes (Appendix C) so we report the simulation success rate, 
SSR, which measures the ability of models to generate starting structures that converge to a stable 
energy minimum. We also calculate the joint probability of generating a valid, unique, and novel 

molecule that is successfully simulated as the true success rate, TSR = SSR ∙ VUN. The definition of 

SSR can be expanded to include a prediction accuracy threshold and we report this as TSR(MAE ≤
𝜁) where 𝜁 is the desired accuracy per sample. This metric approximates the hit rate in a real-world 
materials design scenario. 
 
DFT Validation. Novel molecules and their predicted properties are evaluated with DFT simulations 
at the same level of theory used to calculate the properties in the QM9 dataset (see Appendix C for 
details). For models which generate 3D coordinates (cG-SchNet/EDM), we use the predicted 
coordinates as the starting structure for simulations. For models which generate 1D sequences 
(Vagrant/Vagrant-1D), we predict the coordinates using the MMFF94 force field and use the lowest 
energy conformer as the starting structure. More details on the procedure for generating and evaluating 
candidate molecules can be found in Appendix C. 
 

Results 
 
The generative performance of Vagrant on QM9 compared to the baselines is shown in Table 5-1. 
Vagrant achieves the lowest MAE between the predicted and true values of polarizability for novel 
candidate molecules. This supports our claim that Vagrant can learn and optimize the relationship 
between 3D geometries and properties without generating 3D coordinates directly. The poor 
predictive performance of Vagrant-1D illustrates the necessity of learning 3D embeddings for this 
task. However, Vagrant also outperforms both the 3D autoregressive and 3D diffusion models 
suggesting that generating molecular structures in 1D increases the model’s capacity to learn the 
relationship between structure and function by reducing the complexity of generation. 
 
Table 5-1. Performance of Vagrant and model baselines trained on the QM9 dataset. EGNN is a property 
prediction model that uses the same EGCL layers as Vagrant but is not generative. We report MAE results for 
this model on a held-out test set. The property prediction accuracy of EGNN can be seen as a lower bound 
for Vagrant as it uses the same encoder layers. 

Model Sampling Method α MAE KLD VUN SSR 
TSR 

𝜁=1.0 𝜁=5.0 𝜁=10.0 

Vagrant-1D Direct 24.648 0.936 0.434 0.896 0.010 0.057 0.111 

cG-SchNet Conditional 5.304 0.869 0.520 0.854 0.054 0.251 0.379 

EDM Conditional 2.135 0.896 0.373 0.862 0.098 0.298 0.320 

Vagrant Direct 1.904 0.940 0.361 0.933 0.137 0.319 0.331 

EGNN 
(lower bound) 

--- 0.140 --- --- --- --- --- --- 
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EDM and cG-SchNet generate a higher proportion of valid, unique, and novel molecules than 
Vagrant. However, this comes at the cost of not representing the property distributions of the 
generated set as accurately. In addition to the improved property prediction performance, molecules 
generated by Vagrant have a higher KLD and SSR. A high KLD indicates that the physicochemical 
property distributions of the generated and test sets are closely matched. This corroborates the 
observation from Flam-Shepherd et al., (2022) that 1D generative models are better at matching 
property distributions than their 2D counterparts. The relatively lower SSR of the 3D generative 
models is primarily due to their inability to generate valid molecular coordinates for many samples 
(Appendix C). Together, these results demonstrate that Vagrant has learned to model and navigate 
the joint probability manifold of molecular structure and property better than the other baselines. 
 
To evaluate this claim in a real-world design scenario, we calculate the TSR of each model at accuracy 
thresholds of 1, 5, and 10. TSR combines VUN, SSR, and MAE into a single metric that estimates the 
percentage of generated samples that match the specified design criteria. The accuracy thresholds are 
chosen to evaluate the models in design scenarios with high, mid, and low levels of desired accuracy. 
Despite its lower VUN, Vagrant excels at the design scenarios that require high and mid levels of 
accuracy, demonstrating 40% and 7% higher success rates than the next best models when evaluated 
on the thresholds of 1 and 5, respectively. As the accuracy threshold is increased, VUN is weighted 
more heavily in the TSR and cG-SchNet becomes the best performing model, however Vagrant is still 
competitive in these design scenarios as well. 
 

 
Figure 5-4. Robust sampling. Each color represents a unique SELFIES. Small changes in the latent embedding 
lead to structural differences upon decoding. Choosing the most frequently occurring SELFIES improves the 
property prediction performance of the model. 
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Sampling Methods. Next we evaluate the impact of sampling method and coherence filters on the 
MAE of molecules generated by Vagrant. We implement a strict coherence filter that requires the 
reconstructed sample to exactly match the original sample by removing any molecules with a 
coherence less than 1. We found that the coherence threshold positively correlates with property 
prediction accuracy and negatively correlates with VUN (we define an incoherent molecule as invalid, 
see Appendix C) and chose the threshold that maximizes the prediction accuracy. For robust sampling 
we use 100 perturbations per sample at a radius of 0.1 to ensure adequate exploration of local latent 
space. 
 
We find that robust sampling increases the property prediction accuracy of Vagrant (Table 5-2). This 
is due to the high amount of structural variance in small local regions of molecular latent space. When 
sampling directly, the local variance will cause the model to occasionally choose less probable 
structures which have higher prediction errors (see Fig. 5-4, Orange). Robust sampling allows the 
model to reduce this variance by sampling the same local region many times and choosing the most 
probable structure (see Fig. 5-4, Blue). In aggregate, the structures with the highest local frequencies 
have lower prediction errors. 
 

Table 5-2. Effect of sampling method on property prediction performance (α MAE) 

Sampling Method Vagrant MAE 

Direct 1.904 

Direct + Coherent 1.464 

Robust 1.478 

Robust + Coherent 1.243 

 
We also find that our strict coherence filter improves the property prediction performance of Vagrant 
for both direct and robust sampling (Table 5-2). Direct + coherent sampling improves the property 
prediction accuracy of Vagrant by a similar amount as robust sampling alone. However, we observe a 
cumulative effect when pairing robust + coherent sampling indicating that the structural variance and 
coherence at a particular point in the latent space are at least somewhat independent of one another. 
These results support our assumption that the coherence of a sampled molecule can be used as an 
unsupervised indicator of the confidence the model has in that prediction. To our knowledge, this is 
the first mention of coherence in the literature, but we anticipate this concept to be universally 
applicable to autoencoders regardless of the data type. 
 
We find that incoherent regions are distributed evenly throughout the latent space (Appendix C) 
driving our decision to implement coherence as a post-hoc filter. However, if 𝑓𝑡𝑟𝑎𝑛𝑠 were to be 
implemented as a differentiable function, a model could be directly biased to generate high coherence 
samples. For now, we leave this idea for future work. 
 
Computational Efficiency. We compare the training and inference times of Vagrant to each of the 
baselines in Fig. 5-5. The efficiency benchmarks are conducted on an RTX 2080ti GPU and batch size 
is tuned to optimize GPU memory usage. Vagrant, Vagrant-1D, and EDM all exhibit similar training 
times. cG-SchNet is significantly less efficient due to the slow nature of autoregressively learning on 
partially decomposed graphs. As expected, sampling directly from either VAE model is orders of 
magnitude faster than sampling from the 3D generative models. The fast inference time of Vagrant is 
a major benefit of the architecture as it allows for the much quicker exploration of 3D molecular phase 
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space. The efficiency gap between Vagrant and the 3D generative baselines is thus widened when 
taking both TSR and inference time into account. It also makes more computationally intensive 
methods such as robust sampling or coherence filtering viable. For instance, we generate 2 orders of 
magnitude more molecules during robust sampling than either EDM or cG-SchNet but achieve an 
inference time on the same order of magnitude. 
 

 
Figure 5-5. Computational efficiency of Vagrant compared to baselines. 

GEOM-Drugs. We expect that the increased efficiency of Vagrant’s decoding process will allow it to 
scale easily to larger molecules. We briefly explore this idea by comparing the generative performance 
of Vagrant and EDM on GEOM-Drugs. We use the training and evaluation protocol outlined in 
Appendix C. The larger molecules and increased atom diversity in GEOM-Drugs make it much easier 
for Vagrant to generate novel molecules compared to QM9, and the transformer decoder can easily 
scale to longer sequence lengths without a drop in validity. EDM, however, struggles to generate valid 
molecules of that size. Vagrant is also still much better at reproducing the property distributions of 
the test set (Table 5-3). The 3D structures of a few drug-like molecules generated by Vagrant are 
shown in Appendix C. 
 

Table 5-3. Generative performance of models pretrained on GEOM-Drugs. 

Model VUN KLD 

EDM 0.359 0.332 

Vagrant 0.997 0.688 

 
This result and the recent success of DiffSBDD, an equivariant diffusion model applied to drug 
design,189 suggests our model framework could be successfully scaled up to similar tasks. For instance, 
the Vagrant decoder could be conditioned on a joint 3D feature map of ligand and binding pocket for 
shape-based ligand design. Vagrant could also be applied to electrochemical design tasks that require 
quantum chemical property optimizations, like the discovery of new stable organic redox species for 
use in flow batteries. We save research on these potential applications of Vagrant for the future. 
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5.7 Conclusions 
 
We introduce Vagrant, an E(3) invariant graph-to-string transformer model that learns to optimize 
molecular coordinates implicitly within a 3D-aware latent space. We show that Vagrant can predict 
the DFT-level properties of newly generated molecules at a higher accuracy and more efficiently than 
other comparable 3D generative models. Finally, we introduce two novel sampling methods that 
exploit characteristics of the VAE latent space to further improve generative performance. 
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6. Conclusions and Prospective Future Work 
 
Herein, we have presented a partial overview of the field of de novo molecular design through close 
examination of the most salient architectural features of three generative models. In chapters 3 and 5, 
we analyzed the statistical and generative features of the transformer VAE architecture applied to the 
problems of drug discovery and quantum chemical property optimization. We found that a statistical 
understanding of the latent molecular embeddings learned by each model was critical to both 
evaluating and controlling their generative and optimization processes. The disentanglement between 
latent embedding variables allowed us to predict the generative performance based on information 
theoretic ensemble properties and independently control various structural and functional features 
with simple numerical interpolations.  
 
In chapter 4, we took a different approach that uses prompt-based conditioning to bias the generation 
of molecular structures towards a user defined joint structural-functional distribution based on 
multimodal text. We hope that this text-based conditioning approach can expand the reach of de novo 
molecular design algorithms to chemistry researchers who are not well-versed in data science and 
machine learning. We also found evidence that positive knowledge transfer occurs when incorporating 
additional modalities, which points to the potential of foundational multimodal chemistry models to 
further improve upon the molecular design performance of the current state-of-the-art. 
 
There are myriad ways in which this research could be iterated and expanded upon. While we 
examined the performance of these models in relation to a variety of organic molecule structural 
distributions, the properties we modeled are closer to toy systems than real-world design scenarios. 
While this allowed us to study and compare the features of model architectures, we have not yet 
applied these architectures to a specific multi-objective molecular design scenario. Published results 
from similar models suggest that we would find success in this realm, and this is an exciting avenue of 
future work. 
 
While the statistical observations we made of the latent space allowed us to understand and improve 
the sampling performance of each model in a post-hoc manner, building these features directly into 
the model as mathematical priors could also help further improve model performance without relying 
on complex analytical postprocessing and sampling algorithms. For instance, controlling the mutual 
information between latent variables, predicted properties, and decoded molecular structures could 
allow us to balance the JPM-SF such that it is maximally approximative of the features that are most 
important to the design task. Defining a robust mathematical definition to measure these phenomena 
could also provide us with an analytical tool for comparing models that perform the same task with 
disparate architectures, based on the statistical relationship between embedding features and model 
predictions. 
 
The field of inverse design is at a point where it’s simultaneously ripe for further exploration and rapid 
maturation. The technologies that exist today are already being employed for drug discovery at 
industry scale, yet we have not even come close to reaching the future potential of AI-driven materials 
discovery. Continued improvements in model architectures and efficiency, development of large 
biological and chemistry datasets for massive scaling, and reductions in the cost of compute signal the 
imminent arrival of a paradigm shift in the way we research and discover novel chemistries. I hope 
that the reader who has made it this far has found some value in the research and ideas presented 
herein, and that we may continue to cross paths in these uncharted waters.
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Appendix A 
 
Additional Details on Model Construction 
 
All models were constructed using the PyTorch python package and trained on NVIDIA GeForce 
RTX 2080 Ti GPUs. A batch size of 500 was used for all model types besides Moses. SMILES strings 
are tokenized during training and embeddings the same size as the model dimension are used as inputs. 
The maximum length of SMILES token for all model types is 127 including <start>, <stop> and 
padding tokens. All recurrent layers are unidirectional and masking for the transformer is done 
sequentially such that for a sequence of length 𝑡, the model attempts to predict the token at position 
𝑡 + 1. The same model architectures are used for both the ZINC and PubChem datasets. For the 
recurrent models, teacher forcing is partially used during training by concatenating the input 
embeddings with the unbottlenecked model memory prior to being sent to the decoder GRU layers. 
 

 
Figure A-1. Size comparison of all model types. 

 

 
Figure A-2. Runtime of all model types on ZINC training set. The increased efficiency of the Moses model is 
due to the number of padding tokens. This is variable for the Moses construction based on the input data but 
fixed for the other models based on the longest SMILES string within the PubChem dataset. Fixing the 
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maximum sequence length simplified the construction of the convolutional bottleneck for different model 
dimensions. 

Token Weights and KL Annealing 
 
SMILES strings have an unbalanced token distribution so it is necessary to weigh loss by the frequency 
with which the token appears so that the model does not just learn to repeat the most frequent token. 
Characters are weighed by their proportional log frequency and then scaled to values between 0.5 and 
1.0 (so the most frequent characters can represent no less than 50% of their calculated loss). The 
padding character is manually set to a weight of 0.1. A KL Annealer is used to linearly increase β to 
avoid posterior collapse. For all trials except the MosesVAE, β is increased from 0 to 0.083 over 100 
epochs. For MosesVAE, β is linearly increased from 0 to 0.05 over 100 epochs. 
 

Convolutional Bottleneck Layers 
 
A convolutional bottleneck was used for the two attention-based architectures based on the size of 
the contextual embedding exiting the encoder and entering the decoder. Conceptually, the embedding 
matrix of these models is closer in shape to the learned image representation in a CNN than the 
contextual embedding vector of the RNN so our intuition was to try bottlenecking with convolutional 
layers. Empirically, we found our intuition to be correct as the reconstruction performance of the 
models is much better when using the convolutional bottleneck (Fig. A-3). 

 
Figure A-3. Comparison of reconstruction loss for the attention-based architectures with a linear bottleneck 
and convolutional bottleneck. With the exception of the RNNAttn-128 model, the convolutional bottleneck 
outperforms the linear bottleneck. 

We illustrate the compression of data through the convolutional bottleneck in Fig. A-4. The 
architecture consists of three 1D convolutional layers that compress the contextual embedding to a 
size 576 vector for model dimensions of 128, 256 or 512. The final 576 size vector is then compressed 
with a linear layer to the mean and logvar vectors before reparameterization. Each 1D conv layer is 
attached with a 1D MaxPool layer of size 2. After compression, three 1D deconvolutional layers are 
used to upsample the bottleneck back to the original size of the contextual embedding. The parameters 
for the convolutional layers depend on the size of the model and are listed in full in Table A-1. 
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Figure A-4. The shape of the contextual embedding within the model as it travels through the convolutional 
bottleneck. A similar set of deconvolutional layers are used to upsample back to the original shape from the 
latent memory before being sent into the decoder. 

Table A-1. Convolutional bottleneck parameters. 

 Conv 1 Conv 2 Conv 3 

Model Dim Channel Size Kernel Size Channel Size Kernel Size Channel Size Kernel Size 

128 96 9 80 9 64 8 

256 160 9 112 9 64 8 

512 288 9 176 9 64 8 

 

 Deconv 1 Deconv 2 Deconv 3 

Model Dim 
Channel 

Size 

Kernel 

Size 
Stride 

Channel 

Size 

Kernel 

Size 
Stride 

Channel 

Size 

Kernel 

Size 
Stride 

128 80 11 4 92 11 3 128 11 1 

256 112 11 4 148 11 3 256 11 1 

512 176 11 4 260 11 3 512 11 1 

 

Predicting SMILES Length During Inference 
 
There are two inputs to the transformer decoder, the model memory and the input mask which 
consists of 0s for all padding tokens and 1s for every other token. The mask explicitly tells the model 
the length of the SMILE string so during inference it must also have this information or else it will 
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decode molecules from memory that are much longer than they should be. To account for this, we 
attached two linear layers of size dmodel*2 to the latent memory and instructed the model to predict the 
correct length of the molecule during training and included this in our transformer loss function. Then 
during inference, we first predict the length of the SMILE string using our randomly sampled latent 
vector as an input and use this to create the correct length mask to send to the decoder (so we do not 
need to know the length of the SMILE string before we decode it). 
 

Model Complexity 
 
The definition of complexity we use throughout this work stems from the definition introduced by 
Tishby et al.129 in which the bottleneck of a model can be analyzed in two ways – predictive ability and 
compressibility. There is a “generalization gap” which bounds the amount of salient information the 
model could have captured but didn’t and a “complexity gap” which bounds the amount of 
“unnecessary complexity” that exists within the bottleneck. The concept of complexity in this case is 
tied to the compressibility of the bottleneck (i.e. it is not an algorithmic complexity but merely a 
synonym for low information content noise). The use of the phrase “unnecessary complexity” implies 
a corresponding “necessary complexity” and so we have drawn a link between the total information 
content contained within the bottleneck and the “complexity” of the model. Thus, mentions of model 
complexity are referring to the models’ ability to efficiently compress all of the salient information 
needed for reconstruction within the bottleneck. Others have made similar observations about the 

relationship between the loss function of the -VAE and the compression of the latent memory,127 
although explicit use of the term complexity to describe this phenomenon has been limited to Tishby 
et al. and the descriptions herein as far as we are aware. 
 

Additional Figures 
 
 

 
Figure A-5. The relationship between SMILES length and molecular weight (PubChem dataset). 
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Figure A-6. The reduced reconstruction performance of the Moses model may be the result of a number of 
architectural and hyperparameter decisions. In addition to the differences mentioned in the procedure, we also 
used a more concise tokenization scheme (for instance `Br` was treated as a single token rather than tokenizing 
as ̀ B` and ̀ r` separately), we updated model weights more aggressively for tokens that appeared less frequently, 
and we used larger token embeddings. The exact degree to which these factors played a role in the model’s 
performance is still unknown. Because we were able to replicate all of the reported metrics from the original 
Moses paper (Fig. A-7) we believe this is an accurate portrayal of the Moses model and include it to highlight 
an example of ‘smeared’ latent memory formation. 

 
Table A-2. Reconstruction performance of all model types on ZINC dataset (MosesVAE was not saved at 
epoch 100 so accuracy at epoch 90 is reported instead). 

Model Type Token Accuracy SMILES Accuracy 

MosesVAE (Epoch 90) 0.1416 0.000 

RNN-128 0.9988 0.9955 

RNN-256 0.9986 0.9957 

RNNAttn-128 0.9990 0.9963 

RNNAttn-256 0.9986 0.9948 

Trans1x-128 0.9996 0.9978 

Trans4x-128 0.9996 0.9979 

Trans1x-256 0.9997 0.9983 

Trans4x-256 0.9996 0.9980 
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Figure A-7. Evaluating the MosesVAE on the suite of metrics presented in the MOSES paper. After 100 
epochs, the model converges to all reported values from the paper validating the use of our trained Moses 
model as an example of the state-of-the-art as presented by Polykovskiy et al.119 

 
Figure A-8. Analysis of attention weights between structural and atomic groups. The four attention heads of 
the transformer learn unique molecular grammar rules, even for higher-level relationships such as the 
relationship between all heteroatoms and all explicitly enumerated bonds present within the structure. The 
RNNAttn head has given the most weight to the relationship between non-aromatic carbons and all other 
atomic/structural groups which is more useful for compressing long-range information efficiently than learning 
specific relationships that are important to molecular structure. 
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Figure A-9. Visualization of attention weights within the Trans4x-256 model of S and N heteroatoms for a 
variety of molecular structures. The learned patterns depend on the type of heteroatom. For instance, attention 
head 1 shows the relationship between N and aromatic carbons however a similar relationship between S and 
aromatic carbons is stored within head 4. The patterns are usually consistent for the same atom type across 
different molecular structures, however different patterns may also emerge depending on the molecular context 
around the atom (i.e. the aromatic S atom vs. the sulfonyl group). These relationships are heavily influenced by 
the input representation and may potentially be tuned by altering the type of information the model has access 
to. 
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Figure A-10. Memory structures for all model types at epochs 30, 60, and 90 
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Figure A-11. Five different sampling schemes are tested for their effect on generative performance metrics – 
sampling all 128 latent dimensions, sampling only those dimensions with a high entropy (> 5 nats) and sampling 
k-random high entropy dimensions (k=5,10,15). 30,000 molecules were generated for each scheme. There is 
essentially no difference between sampling all dimensions and randomly sampling just the high entropy 
dimensions, however there is an improvement in validity when sampling from a small number of randomly 
selected high entropy dimensions. Sampling 15 random high entropy dims significantly increases % validity for 
all model types while maintaining high uniqueness, novelty, and exploration. 
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Appendix B 
 

Prompt Design 
 
Table B-1. Example of the multi-property optimization tasks and prompt designs used in the zero-shot 
evaluation. We color each prompt with the modality(s) that they are associated with. 
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Table B-2. Example of the conditional molecular structure generation tasks and prompt designs used in the 
zero-shot evaluation. We color each prompt with the modality(s) that they are associated with. 
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Prompt Sampling Strategy 
 
Prompts are stochastically generated from the available modalities by the following set of rules: 

• The text modality is sampled uniformly from the list (IUPAC, FuncGroups, MolFormula, 

None). If None is selected then no text conditioning is included for that sample. This allows 
the user to perform property-only conditioning by leaving out the text conditioning during 
inference. 

• If FuncGroups is chosen, then the number of functional groups, N, used for conditioning 
is sampled uniformly from 1-M where M is the total number of functional groups for the 
given molecule. Then N functional groups are selected from the list and concatenated with 
commas.  

• Next, the number of property conditions, K, is sampled uniformly from 0-L where L is 
the total number of property modalities available for training. Then K properties are 
chosen from the list and their property names and values are added to the prompt after 
the text type and text. The ordering of property sub-modalities is also stochastic.  

 

Training & Sampling Implementation Details 
 
We use the GPT-NeoX Python library204 developed with Megatron205 and DeepSpeed.206 We optimize 
the autoregressive log-likelihood (i.e. cross-entropy loss) averaged over a 256-token context. We set 
the global batch size as 2048, and the learning rate to 2 x 10-4, and rely on the cosine decay. We use an 
Adam optimizer with β1 = 0.9, β2 = 0.99, and σ = 10-8 and clip the gradient norm at 1.0. We use the 
Rotary positional embeddings,207 parallel attention and feed-forward (FF),204 and all dense layers in 
comparison to the original transformer decoder model architecture.208 
 

We use a 𝑞 temperature value of 1.0 for sampling for evaluating all 22 tasks. We found that this value 
gives us the best tradeoff between the validity and diversity of the generated molecules. For each 
GuacaMol task, we generate 128K samples to use for evaluation. This is on the order of the number 
of samples that are generated and evaluated during fine-tuning of the GuacaMol baselines. For the 
Drug-Likeness and Biological Activity tasks, we evaluate on 250 molecules randomly sampled from a 
subset of the ZINC dataset provided in Jin et al., (2019) in accordance with the methods outlined in 
Fu et al., (2021). For each molecule, we generate 1K samples which is on the order of the number of 
samples that are generated and evaluated during fine-tuning of the MIMOSA baselines. 
 

Baseline Models 
 
We compare MolJET to two sets of baselines – one for the GuacaMol tasks and another for the Drug-
Likeness/Biological Activity tasks. The GuacaMol baselines include: 

• Best of Data Set, the metrics evaluated on the top molecules from the ChEMBL dataset42 

• SMILES LSTM, an LSTM model which is fine-tuned with the hill-climbing method159 

• SMILES GA, a genetic algorithm that makes mutations to a SMILES string209 

• Graph GA, a genetic algorithm that makes mutations directly to a molecular graph210 
 
The Drug-Likeness/Biological Activity baselines include: 

• VJTNN, a graph-to-graph translation VAE that utilizes adversarial regularization162 
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• DeepGA, a genetic algorithm enhanced with a discriminator neural network to improve 
molecular diversity163 

• MIMOSA, a Markov chain Monte Carlo sampling strategy augmented by pretrained graph 
neural networks87 

 

Model Performance on Individual GuacaMol Tasks 
 
Table B-3 shows the detailed performance view on the GuacaMol benchmark. Aside from the 
rediscovery tasks, the final score for each metric is evaluated as a weighted average of the top 100 
scoring molecules that were generated during sampling. The scores for individual molecules are based 
on their ECFP4170 fingerprint similarities to the targets, calculated property values and structural 
features. These values are passed through a set of modifiers and thresholds to scale them between 0 
and 1. The score is then calculated as the geometric mean of each scaled task-specific value. For further 
details on the metric definition of each benchmark, please refer to Brown et al., (2019). 
 
Table B-3. Benchmark results on GuacaMol which contains both MPO and molecular structure generation 
tasks. Bold values indicate the best performing model and underlined values indicate the second best 
performing model. 
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Reconstruction Tasks 
 
To validate the ablation on the Text + Property vs. the Text-Only models, we construct two additional 
tasks that evaluate the model's performance on text-only conditioning - IUPAC Reconstruction and 
FuncGroup Reconstruction. An IUPAC reconstruction is counted as successful if the generated 
SELFIES string exactly matches the canonical SMILES from the holdout set after being decoded back 
into a SMILES and canonicalized. IUPAC Reconstruction is evaluated on 10000 randomly sampled 
IUPAC/SMILES pairs from the holdout validation set. A FuncGroup reconstruction is counted as 
successful when the SMILES string decoded from the generated SELFIES string matches the 
substructure pattern matching the requested functional group (we use SMARTS substructures for 
matching). We hand select 102 functional groups to test the model on its ability to recognize simple 
functional groups, basic nitrogen heterocycles, basic oxygen heterocycles, basic mixed heterocycles, 
double ring nitrogen heterocycles, double ring oxygen heterocycles, polycyclic aromatic hydrocarbons, 
fused rings, and phenyls among others. The full dataset will be made available upon request. 
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Appendix C 
 

Additional Architectural Details 
 

Node and Edge Features. We featurize nodes with one-hot vectors encoding atom type and scale 
the features by their relative atomic charges. The scaled one-hot vectors are then passed through an 

embedding layer to increase the node feature dimensionality from ℝ𝑘𝑥𝑛𝑓 to ℝ𝑘𝑥𝑑𝑚𝑜𝑑𝑒𝑙  where nf is the 
number of scaled one-hot features and dmodel is the dimensionality of the model. We find that including 
explicit hydrogens as an atom type improves the generative performance of our models (Table C-1). 
However, this doesn’t scale well to larger molecules so we only include explicit hydrogens when 
working with the QM9 dataset. 
 

Table C-1. Node and edge feature ablations. 

Include 
H 

Include 
Bonds 

Reconstruction 
Accuracy 

VUN KLD 

  0.7442 0.5517 0.9238 

√  0.7706 0.5823 0.9289 

 √ 0.6966 0.5658 0.9244 

√ √ 0.8119 0.5798 0.9256 

 
We also test two edge feature variants, one where no edge features are provided and one where we 
explicitly pass the bond types (single, double, triple, aromatic) as a four-dimensional one-hot vector. 
These features are expanded through an embedding layer to increase the dimensionality to dmodel and 
used to update messages according to modified versions of Equations 5.7 and 5.8 
 

𝒉𝑖
𝑙+1 = 𝐸𝐺𝐶𝐿[𝒙0, 𝒉𝑙 , ℇ]   (5.19) 

𝒎𝑖𝑗 = ∅𝑒(𝒉𝑖
𝑙 , 𝒉𝑗

𝑙 , 𝑑𝑖𝑗
2 , 𝑎𝑖𝑗)   (5.20) 

 

where ℇ is the set of labeled bonds for molecular graph, 𝑋, and 𝑎𝑖𝑗 is the edge feature between nodes 

𝑖 and 𝑗. Including bonds increases the reconstruction accuracy on the held-out test set but decreases 
VUN and KLD (Table C-1). This suggests that passing explicit bond information to Vagrant causes 
it to overfit to the distribution of graph structures included in the QM9 dataset. When no bond 
information is included, the model is forced to infer the relationship between atoms with the learned 
attention map that weights the importance of messages. Removing the hard-coded relationship 
between atoms not only increases exploration of novel structures but improves property prediction 
accuracy as well (Table C-2). 
 

Table C-2. Effect of bond type on property prediction accuracy. 

Bond Type α MAE 

Explicit 1.652 

Inferred 1.478 
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Sequence Features. SELFIES are featurized as a matrix of one hot vectors where each row is a 
specific token in the sequence. The vocabulary is determined by tokenizing every SELFIES string in 
the dataset using regex, keeping every unique token, and appending start, stop and pad tokens to 
control generation and allow for variable length sequences. Individual tokens may represent atoms, 
structural features such as branches and rings, or chemical constraints such as the maximal valency of 
a given atom.78 There are 33 and 87 unique tokens in the vocabularies of the QM9 dataset and GEOM-
Drugs dataset, respectively, and we use a maximum sequence length of 125 for both Vagrant and 
Vagrant-1D. 
 
Left-to-Right Masking. We make predictions of the next token for every position in a sequence by 
using a dseqxdseq triangular mask filled with ones below the diagonal and zeros above. The mask 
obscures tokens to the right of the target such that the probability of each token, 𝑡, can be written as 
a Markov chain, 𝑃(𝒚𝑡|𝒚1, … , 𝒚𝑡−1). This is in contrast to bi-directional sequence models which mask 
portions of a sequence and have the model attend to the masked positions from both directions.211 

During training, we use teacher forcing to condition predictions of each token, 𝒚𝑡, on the ground 
truth prior sequence, {𝒚1, … , 𝒚𝑡−1}. During inference, next token prediction is conditioned on the 
predicted sequence up to that point, {𝒚̂1, … , 𝒚̂𝑡−1}. The loss of each token prediction is inversely scaled 
by its frequency in the training set. 
 
Latent Space Decompression. We describe expanding the latent embeddings from size dlatent to size 
dseqxdmodel using a set of deconvolutional layers in the main text. Intuitively, the deconvolutional 
process corresponds to recovering mid- to high-level 3D features of the molecular structures from 
the compressed latent embeddings. We also present an empirical justification for decompressing with 
deconvolutional layers in Fig. C-1. The deconvolutional upsampling method achieves a much lower 
log-likelihood when reconstructing SELFIES from the test set than the linear upsampling method. 
 

 
Figure C-1. Loss curve for linear vs. deconvolutional decompression of the latent space. 

We also observe marked differences in the upsampled latent feature space when averaging across 
distinct groups of molecules (Fig. C-2) giving us some insight into the 3D conditioning that is applied 
to the decoder. Some properties, such as molecular weight, are a direct function of the SELFIES 
sequence (the molecular weight has a high correlation with the length of a SELFIES string). 
Differences in the feature maps for the low and high molecular weight groups could thus be learned 
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from either SELFIES or 3D molecular structures and are not evidence of a 3D-aware latent feature 
space. However, we also observe differences in the feature maps of molecules grouped by their 
measured polarizability. The difference between the feature maps of molecules with high polarizability 
and high molecular weight suggest that the model is not just learning a trivial correlation between an 
extensive property of the SELFIES string and the 3D property of interest, but is embedding 3D 
information learned by the encoder directly into the feature map and conditioning the generation of 
novel SELFIES with these 3D-aware features. 
 

 
Figure C-2. Upsampled latent feature maps for four distinct groups of molecules – those with low/high 
polarizability and those with low/high molecular weight. 

The differences between feature maps could provide insight into specific features that give 
independent control over each property (for instance, the 3 bright bands which are only observed on 
the right side of the high polarizability map). They not only provide intuitive insight into the 
mechanism by which the model transfers 3D information into it's predicted 1D sequence, but could 
also potentially be exploited to find a hyperplane within the latent space along which a property of 
interest could be effectively tuned. We leave additional work on such numerical optimization strategies 
for the future. 
 

Additional Experimental Details 
 
QM9 Training and Evaluation Procedure. We train Vagrant and all baselines except cG-SchNet 
for 3000 epochs on the QM9 dataset with an 80/10/10 train/test/validation split. Due to its slow 
training time, we only train cG-SchNet for 1000 epochs. To assess convergence, each model is 
evaluated at multiple epochs and the epoch with the lowest value of MAE is chosen as converged. A 
convergence plot for EDM, cG-SchNet, Vagrant-1D, and Vagrant with robust + coherent sampling 
is shown in Fig. C-3. 
 
The evaluation procedure for each model is as follows. First, 10K molecules are sampled. Samples 
from EDM and cG-SchNet are drawn by conditioning on values of isotropic polarizability chosen 
from the distribution of property values in the training set. Samples from Vagrant and Vagrant-1D 
are drawn from the standard normal distribution using one of the four sampling combinations defined 
in the main text (direct, direct+coherent, robust, robust+coherent). Next, we measure the VUN and 
KLD of the generated sample set. 500 molecules are then drawn at random from the subset of valid, 
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unique, and novel molecules and simulated with DFT. The SSR, α MAE, and TSR are calculated from 
the results of the DFT simulations. 
 

 
Figure C-3. Convergence of each model. cG-SchNet converges and begins to overfit within the first 100 
epochs. EDM also converges faster than Vagrant, however Vagrant demonstrates a a better or equal property 
prediction performance than EDM throughout the entire training regime. Both Vagrant and Vagrant-1D have 
yet to converge after 3000 epochs suggesting they may achieve even better prediction performance with further 
training. 

GEOM-Drugs Training and Evaluation Procedure. We train Vagrant for 100 epochs on the 
GEOM-Drugs dataset with an 80/10/10 train/test/validation split. We evaluate our pretrained model 
at 10 epochs to provide a fair comparison to the publicly available version of EDM, which was trained 
on GEOM-Drugs for 13 epochs.182 We found that additional training past 10 epochs further improved 
performance on KLD and we present a few molecular structures generated by the 100 epoch model 
in the Drug-Like Molecule Gallery. The training set contains 233,397 unique SMILES and, after 
filtering to include only the 30 lowest energy conformers for each SMILES, over 25M unique 
structural conformers. During training, we predict the electronic energy of each conformer in units of 
Hartee to embed energetic information into the latent space, however we do not condition on this 
information during generation. Both EDM and Vagrant are evaluated by generating 10K 
unconditional samples, followed by measuring the VUN and KLD as described previously. 
 
Inferring the Molecular Graph from 3D Coordinates. Molecules generated by cG-SchNet and 
EDM are represented as a set of atomic coordinates labeled with an atom type. To evaluate them with 
VUN and KLD, we must first infer each molecule's graph structure including its atomic connectivity 
matrix and its bond types. The inferred graph structure determines both the uniqueness and novelty 
of each molecule compared to the training set and allows us to calculate the physicochemical 
properties used to evaluate KLD using RDKit.56 We use the atomic bond distances provided in 
Hoogeboom et al., (2022) to infer the graph structure of a molecule from its 3D coordinates and atom 
labels. 
 
Training Hyperparameters. Both Vagrant models trained on QM9 and GEOM-Drugs are built 
with four EGCL encoder layers and 4 Trans decoder layers. Each have a hidden dimension of 256, 
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latent dimension of 128, 4 attention heads per attention module, a property prediction depth of 3 and 
a property prediction width of 256. They are optimized with the Adam optimizer148 with an initial 
learning rate of 1e-4 and a weight decay of 1e-16. The Lagrange multiplier, β, is annealed linearly during 
training from an initial value of 1e-8 at epoch zero to a final value of 0.5. When possible, 
hyperparameters were kept consistent between Vagrant and all baselines to provide the fairest possible 
comparison. 
 

Additional Simulation Details 

 
Generating 3D Coordinates from SMILES. To generate reasonable starting coordinates for the 
candidate molecules proposed by Vagrant and Vagrant-1D, the MMFF94 force field200 is used to 
propose a set of structural conformers and the lowest energy conformer is selected as the starting 
coordinates for DFT validation. The MMFF94 force field calculates the total molecular energy as the 
sum of bond stretching, angle bending, stretch-bend, out-of-plane bending, torsional, van der Waals 
and electrostatic terms. Atom types are determined automatically based on their local atomic 
environments along with their bonded and non-bonded interaction parameters. The partial charges of 
each atom are calculated as a function of the formal charge on each atom and the atom type. 
 
Initial coordinates are generated by randomly sampling atomic pairwise distances within the possible 
upper and lower bounds of each atom-atom pair212 and the coordinates are optimized using gradient 
descent until the total energy is converged or a maximum number of iterations has been reached. We 
use a maximum iteration number of 200 and generate 𝑛 conformers based on the number of rotatable 
bonds in the candidate molecule according to Table C-3. 
 
Table C-3. Number of conformers to generate determined by the number of rotatable bonds in the sampled 
molecule. 

# Rotatable Bonds # Conformers 

Less than 8 50 

8 to 12 200 

Greater than 12 300 

 
DFT Simulations. Density functional theory simulations are run using the Guassian software 
package.213 Starting coordinates are either generated directly from a model or from the MMFF94 force 
field. Simulations are run at the B3LYP/6-31G(2df,p) level of theory with maxcycles of 200 for both 
initial geometry optimization and SCF convergence. Geometry optimization on the initial coordinates 
is followed by a standard frequency calculation to verify the final structure is at a stationary point on 
the potential energy surface. 
 
Simulation Failure Modes. There are several failure modes that can prevent a generated candidate 
molecule from being successfully validated with DFT. The most common failure modes are described 
below. We present the rates of each mode of failure for all the models in Table C-4. 
 

• Failure to Generate Coordinates - The MMFF94 force field may be unable to successfully 
converge the predicted starting conformer structures before the maximum iteration is reached. 
This failure mode is exclusive to models that do not explicitly generate 3D coordinates 
(Vagrant/Vagrant-1D). 
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• Imaginary Frequencies - A system with one or more imaginary vibrational frequencies is 
not at a stationary point on the potential energy surface. 

• Oscillating Convergence - A system may not converge to an energy minimum but rather 
infinitely oscillate around a final energy value. We check for oscillating SCF convergence by 
evaluating the sign changes of the difference between the last 10 energies calculated during the 
simulation. 

• Invalid Starting Structure - Some starting coordinates may not be valid molecules based on 
atomic valency constraints and pairwise atomic distances. 

 
Table C-4. Simulation failure rates by mode. 

Model 
Failed 

Coordinates 
Imaginary 

Frequencies 
Oscillating 

Convergence 
Invalid 

Molecules 
Total 

Failure Rate 

Vagrant-1D 6.39% 2.49% 0.00% 1.25% 10.44% 

cG-SchNet 0.00% 0.20% 0.40% 14.00% 14.80% 

EDM 0.00% 1.80% 0.00% 12.00% 13.80% 

Vagrant 3.76% 2.50% 0.14% 0.14% 6.68% 

 

 
Analysis on Coherence 
 
Filter Thresholds. Coherence filters are applied by treating any generated molecule with a coherence 
less than the filter threshold as invalid. Since coherence is a similarity-based metric, the filter threshold 
can take any value between 0 and 1. As the threshold is increased, more molecules are filtered and 
treated as invalid. This decreases the VUN of the model, however because coherence is related to the 
sample quality, the property prediction accuracy has a corresponding increase (Fig. C-4). The filter 
threshold can be tuned based on the desired tradeoff between the exploration of novel phase space 
and the property prediction accuracy of novel candidates. 
 

 
Figure C-4. VUN and MAE as a function of the coherence filter threshold. The values of both metrics 
converge after a threshold value of 0.6. The value at which these metrics converge will depend on the similarity 
metric being used and the molecules in the training set. 

Latent Coherence. We visualize the coherence of the latent space by sampling 10K latent 
embeddings, reducing their dimensionality with PCA and coloring each point by its measured 
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coherence. Regions of high coherence are colored light blue and regions of high incoherence are 
colored light orange (Fig. C-5). We don't observe any pattern in the distribution of incoherent regions 
within the latent space, however we do see coherence increase during training. This suggests that 
coherence is a fundamental property of the latent space that can only be reduced by learning a better 
approximation of the true probability manifold of the training set. The relationship between molecular 
structure and property is better approximated in coherent regions of the latent space. 
 

 
Figure C-5. Heat maps of the latent coherence of Vagrant models measured at epoch 100 and 1000. 

 

Navigating the Latent Space Numerically 

 
Interpolation. We test two numerical methods for navigating the latent space of Vagrant. First, we 
try interpolating between the latent embeddings of two distinct molecular structures - one with low 
polarizability and one with high polarizability (Fig. C-6). As many others have observed with similar 
methods, we see a smooth interpolation between the start and end molecules that corresponds to a 
gradient in the isotropic polarizability from low to high. 
 

 
Figure C-6. Interpolating from low to high polarizability. Vagrant’s latent space is smooth with respect to both 
molecular structure and polarizability. 

 

Latent Coherence –Epoch 100 Latent Coherence –Epoch 1000
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Exploitation. We also try exploiting local regions of phase space that are near molecules in the 
training set with high values of polarizability. We take the molecule with the highest value of 
polarizability in the training set, 143.53 Bohr3, and calculate its latent embedding by passing it 
through the encoder. We then sample in the vicinity of this embedding to find other molecules with 
high polarizabilities (Fig. C-7). We can sample from this region of phase space within a medium-
length radius (between 1.0 and 2.5) to simultaneously exploit the high value region of polarizability 
while also exploring novel structures. 
 

 
Figure C-7. Sampling at increasing distances from a high polarizability seed sample from the training set. 
Sampling farther from the center provides good exploration of novel structures while still remaining in a high 
value region of phase space. The first three structures sampled are shown in red, blue, and orange. Each has an 
isotropic polarizability in the 99.8th percentile of the training data or higher. 

  

143.53 � � ℎ� 119.10 � � ℎ�119.23 � � ℎ� 99.21 � � ℎ�
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Drug-Like Molecule Gallery 

 
Figure C-8. Examples of drug-like molecules generated by Vagrant after being trained on GEOM-Drugs for 
100 epochs. 
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